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Abstract. Many animal species have developed specific evolutionary adaptations to
survive prolonged periods of low energy availability that characterize seasonal environments.
The seasonal course of primary production, a major aspect of ecosystem functioning, should
therefore be an important factor determining the habitat quality of such species. We tested this
hypothesis by analyzing the relationship between habitat quality and ecosystem functioning
for brown bears (Ursus arctos), a species showing hyperphagia and hibernation as
evolutionary adaptation to seasonal peaks and bottlenecks in ecosystem productivity,
respectively. Our unique long-term data set comprised data from two brown bear populations
in northern Spain on historical presence, current presence, and reproduction. The data were
classified on a grid of 5 3 5 km pixels into five classes: frequent reproduction, sporadic
reproduction, frequent presence, sporadic presence, and recent extinction. We used the long-
term average of the seasonal course of NDVI (normalized difference vegetation index) as a
proxy for ecosystem functioning and investigated the relationship between habitat quality and
ecosystem functioning with methods borrowed from statistical point-pattern analysis.

We found that brown bears indeed selected habitat with specific ecosystem functioning (i.e.,
the variance in all habitat classes was smaller than in the landscape overall) and the
relationship between habitat quality and ecosystem functioning was ordered. First, the average
distance in ecosystem functioning between two habitat classes was larger if the difference in
habitat quality was larger. Second, habitat for which there was the greatest need (i.e., breeding
habitat) occupied the narrowest niche regarding ecosystem functioning and showed the most
pronounced seasonality. Progressively poorer classes occupied wider niches that partly
overlapped those of better classes. This indicated that nonbreeding animals are less selective.

Our methodology provided new insight into the relationship between ecosystem
functioning and habitat quality and could be widely applied to animal species living in
seasonal environments. Because NDVI data are continuously collected, our methodology
allows for continuous monitoring of changes in habitat quality due to global change.

Key words: brown bear; ecosystem functioning; endangered species; extinction; habitat quality; NDVI;
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INTRODUCTION

A basic question in ecology is to understand the

factors and processes determining the distribution and

abundance of species in space and time (Brown et al.

1995, Greenwood et al. 1996). On biogeographic or

continental scales, it is well established that seasonality

and energetic constraints are important factors deter-

mining animal distribution and abundance, or life

history traits of populations (e.g., Boyce 1979, Koenig

1984, Lindstedt and Boyce 1985, Alerstam and Heden-

ström 1998, McLoughlin et al. 2000, Ferguson 2002,

Humphries et al. 2002, Nilsen et al. 2005). A range of

species have developed very specific evolutionary adap-

tations to track an annual productive pulse of specific

amplitude, duration, and seasonality (Weiner 1992,

Humphries et al. 2002). In extreme cases the animal

needs to survive prolonged periods with almost zero

energy available to harvest (i.e., bottlenecks; Humphries

et al. 2004). Animal responses to seasonal energetic

constrains include, for example, dormancy, migratory

behavior, and hibernation (MacArthur 1959, Herrera

1978, Hellgren 1998, Pérez-Tris and Tellerı́a 2002,

Hurlbert and Haskell 2003). However, pulses in primary

production not only influence animal behavior during

the season of low energy availability but also may

control the habitat quality for reproduction. For
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example, in mammals, such as the brown bear, adapted

to low resource availability during winter and spring

(Hellgren 1998), pregnant females do not feed for a long

period of the year; thus breeding success depends

critically on a pulse in energy availability for fat storage

during the hyperphagia period in summer and fall

(Mattson et al. 1991, Craighead et al. 1995, Hissa 1997,

Inman and Pelton 2002).

Therefore, patterns in seasonal energy availability

may influence not only species habitat at the distribution

level, but also habitat quality at the local scales of home

range selection and, ultimately, the population abun-

dance. One common approach for the analysis of local

species–environment relationships is the use of statistical

models relating the distribution of species or communi-

ties to ‘‘static’’ environmental variables such as land

cover (Mladenoff et al. 1995, Schadt et al. 2002), or

topography (Hirzel et al. 2002, Nielsen et al. 2003).

However, these approaches neglect the effect of tempo-

ral (seasonal) variability in the environment on the

species’ habitats. Some of these approaches have also

included satellite-derived spectral indices, such as the

normalized difference vegetation index (NDVI), which

are used as a surrogate to describe vegetation structure

or overall annual productivity and biomass (e.g., Mace

et al. 1999, Osborne et al. 2001, Nielsen et al. 2002, 2003,

Zinner et al. 2002).

Despite the wide use of NDVI data for classifying the

vegetation structure in species habitat assessment (Kerr

and Ostrovsky 2003), few studies have explored its

potential for habitat evaluation in relation to functional

attributes of the ecosystem. However, information

derived from remotely sensed data can accurately

represent functional attributes of the ecosystem (Paruelo

et al. 2001). For example, NDVI correlates with

aboveground net primary production, ANPP (Goward

et al. 1994, Hobbs 1995, Paruelo et al. 1997, 2001,

Pettorelli et al. 2005) and can be used to describe the

dynamics of primary production (Lloyd 1990, Paruelo et

al. 2001), one of the essential and most integrative

functional attributes of ecosystems. In this article we

follow Lloyd (1990) and use phenology, derived from

the seasonal course of NDVI, to describe ecosystem

functioning. In general, the relationship between the

NDVI and vegetation productivity is well established

(Pettorelli et al. 2005) and it is often assumed that NDVI

correlates with seasonal average energy availability, for

example, in elephants (Wittemyer et al. 2007), birds

(Hurlbert and Haskell 2003), monkeys (Zinner et al.

2002), herbivores (Andersen et al. 2004, Garel et al.

2006), and carnivores (Herfindal et al. 2005, Nilsen et al.

2005). NDVI also has been used as direct measure of

plant phenology to investigate the impact of seasonality

and predictability in plant phenology for breeding

synchrony of red deer (Loe et al. 2005) and to detect

key periods of plant productivity determining animal

performance (Pettorelli et al. 2006).

The seasonal course of NDVI pattern may provide

additional information because ecosystem functioning is

not necessarily correlated with vegetation structure.

Structurally different vegetation units may have similar

functioning, or structurally similar units may differ in

functioning (Paruelo et al. 2001, Falge et al. 2002,

Alcaraz et al. 2006).

Ecosystem functioning may be an important factor

for habitat quality if the life cycle of the species requires,

in addition to a total amount of energy, a specific

temporal distribution of energy not captured by average

values. We tested this hypothesis by analyzing the

relationship between habitat quality and the seasonal

dynamics of primary production for brown bears, a

species evolutionarily adapted to seasonal fluctuations in

ecosystem productivity. To this end, we formulated

three working hypotheses to specify the type of habitat

selection. The first hypothesis (H1) tests if the species

indeed selects habitats with a specific ecosystem func-

tioning. Next, we expected an ordered relationship

between habitat quality and ecosystem functioning. We

hypothesized that the average difference in ecosystem

functioning between two habitat classes should be larger

if the difference in habitat quality is larger (H2). If the

first and second hypotheses were confirmed, we further

specified the type of habitat selection by qualitatively

distinguishing between two extreme cases of habitat

selection with respect to habitat quality: nested similar-

ity and segregation. Under nested similarity (hypothesis

H3i), we expected that habitat with the most excessive

needs (i.e., breeding habitat) would require the most

specific ecosystem functioning (i.e., the narrowest niche),

whereas habitat selection of progressively poorer classes

would become weaker (i.e., wider niches, overlapping

those of better classes). In contrast, under the segrega-

tion (hypothesis H3ii), each habitat class would be

related to a different, but specific, pattern of ecosystem

functioning (i.e., nonoverlapping niches for each habitat

class).

Here, we tested these hypotheses by using unique data

on the contemporary and historic distribution and

habitat use of brown bears (Ursus arctos) in two

apparently isolated subpopulations in northern Spain

(Wiegand et al. 1998, Naves et al. 2003). We classified

our data on habitat use for each subpopulation into

sequentially nested habitat classes ranging from breed-

ing habitat, to habitat with observations but no

breeding, to local extinction. To compare the seasonal

NDVI patterns of the different classes, we used

statistical methods of point-pattern analysis operating

in a 12-dimensional NDVI space, where each month of

the seasonal NDVI patterns contributes one dimension.

We also investigated the relative contribution of the

seasonal course of NDVI (i.e., temporal variability in

productivity) and mean NDVI (mean productivity) to

our results, and tested for possible type I error

introduced by spatial autocorrelation. In addition, we

used ordinal logistic regression models to find out which
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properties of the seasonal NDVI pattern explain

differences among habitat classes.

METHODS

Study area and populations

The area where the two brown bear subpopulations

are located comprises a large part of the Cantabrian

Mountains in the northwestern Iberian Peninsula

(rectangle in Fig. 1) located between 48 and 78 W

longitude, and 428 and 438 N latitude. Brown bears have

been protected in Spain since 1973 and are listed in the

National List of Threatened Species as being in serious

danger of extinction (Servheen 1990). The two appar-

ently isolated subpopulations occupy similar areas of

;3700 km2 (Naves et al. 1999) and are remnants of a

distribution that, during the 18th–19th centuries, still

extended over the whole range of the Cantabrian

Mountains (Nores 1988, Nores and Naves 1993; see

Fig. 1).

High elevations and humidity facilitate abundant

snow during winter. The north-facing slopes are under

the influence of the Euro-siberian phytoclimatic, in

which a cold-temperate ocean climate dominates, with

high rainfall during the entire year, moderate sun

radiation, and high cloudiness (Rivas-Martı́nez 1984).

However, the south-facing slopes are under the influence

of the mediterranean phytoclimatic region and the

climate is characterized by hotter and drier summers,

winter rainfall, and generally high sun radiation (Rivas-

Martı́nez 1984).

Forest cover is more varied on north-facing slopes,

with oak (Quercus petraea, Q. pyrenaica, and Q.

rotundifolia), beech (Fagus sylvatica), and chestnut

(Castanea sativa) trees, whereas on the south-facing

slopes forest is dominated by deciduous durmast oak (Q.

petraea, Q. pyrenaica) and beech. Past human activities

have resulted in conversion of former forest into pasture

and brushwood (Genista, Cytisus, Erica, and Calluna)

and the current cover in areas with bear observations is

16.1% 6 14.1% forest cover (mean 6 SD) and 15.3% 6

14.5% forest cover for the western and eastern popula-

tion, respectively (Naves et al. 2003). Human density in

areas with contemporaneous bear observations is

relatively high: about 13.3 inhabitants/km2 in the

western population and 6.3 inhabitants/km2 in the

eastern population.

Bear observation data

Three different types of bear observation data were

used, including (1) observations of females with cubs, (2)

other observations of single or independent bears

(tracks, scats, hair, and direct sightings), and (3)

historical data.

Reproduction data.—Data on females with cubs were

based on annual official counts performed between 1982

and 1993, with the exception of 1985, and were available

from our data for 1994 and 1995. All official counts were

exhaustively revised and documented in Naves et al.

(1999). The observation data were mainly tracks and

direct observations and were collected systematically,

following the same procedure every year. In total, 417

valid observations of family groups were collected for

the western population and 174 for the eastern

population. On average, every family group was

observed about five times. Note that family groups are

usually well detectable in the Cantabrian Mountains

because of low forest cover and high human density.

More details on the data are provided in Appendix A.

Observation data.—The data set on bear observations,

excluding observations of females with cubs, was based

FIG. 1. Habitat classes based on data on reproduction, contemporary brown bear (Ursus arctos) observations, and historic
presences. The two rectangles enclose the area of the western and the eastern population, and solid lines show the borders between
provinces.
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on systematic investigations on the distribution of

brown bears in northern Spain (Naves et al. 1999) and

was compiled between 1982 and 1991. The observations,

mainly tracks, scats, hair, and direct sightings, were

made by the research teams and by rangers, and were

completed through interviews of local people (for more

detail, see Appendix A). The total number of observa-

tions was 982 in the western population and 705 in the

eastern population. Note that only one bear species is

present in the Cordillera Cantabria (grizzly and black

bears occur in many sites in North America together).

This makes identification of tracks, scats, hair, and

direct observations much easier.

Historical data.—Historical data on bear presence

were compiled from various historic sources (Alfonso XI

1348, Madoz 1846–1850) and from recent authors

(Nores 1988, Nores and Naves 1993, Torrente 1999).

From the historic data, we used the more recent data

from Madoz (1846–1850), which were completed with

some anecdotal data from other sources (Appendix A:

Figs. A1 and A2). Madoz (1846–1850) is a geographical-

statistical-historical dictionary that contains systematic

information about villages and locations in Spain

including, e.g., location, agricultural production, and

prey species present in the area. Data on bear presence–

absence could be extracted from this source for a high

number of villages in our study area (Appendix A: Fig.

A2).

Spatial scale and grain of analysis.—We used a grid

with a 53 5 km pixel size to summarize all data on bear

observations, sightings of females with cubs, NDVI, and

landscape variables. This is an appropriate spatial grain

that balances between a large-scale regional analysis, on

the one hand, and differentiating NDVI data and

environmental variables inside individual home ranges

(which might be below 100 km2), on the other hand (see

Appendix A).

We also selected the relatively coarse 25-km2 grain to

assure that pixels with non-observations were indeed

areas with non-presence and that our observations were

representative. It is important to note that the bear

ranges in the Cantabrian Mountains are, in contrast to

bear ranges in North America and Scandinavia, non-

wilderness areas with high human densities and low

forest cover. We therefore expect that the presence of

bears, and especially of family groups, would be

recognized in a 25-km2 area within a decade, by the

research team, by park rangers, or by local people. For

the same reason, we expect that ranking of pixels into

two coarse classes (low vs. high number of observations;

low vs. high number of years where family groups were

observed; see Classification of habitat use) reflects

differences in habitat quality, circumventing potential

problems due to unequal search effort in the different

pixels.

With this 25-km2 spatial grain, the total number of

pixels with contemporary bear observations was 155 in

the western population and 147 in the eastern popula-

tion (Fig. 1) and the total number of pixels with

reproduction (i.e., family groups) was 76 in the western

and 55 in the eastern population (Fig. 1). In total, there

were 573 pixels with historic bear presence recorded

between the 14th and 19th century, of which 297 differed

from the present distribution. We defined pixels with

observations in the 18th century, but no contemporary

observations, as ‘‘recent extinctions.’’ We counted 79

pixels with recent extinction in the area of the western

population (i.e., the left-hand rectangle in Fig. 1) and

100 pixels in the area of the eastern population (i.e., the

right-hand rectangle in Fig. 1).

Classification of habitat use.—For the purpose of our

analysis, we classified the pixels with evidence for brown

bear presence into five classes (Fig. 1): (1) family groups

were observed in a given pixel during three or more

years, out of 13 study years (frequent reproduction); (2)

family groups were observed in a given pixel during one

or two years (sporadic reproduction); (3) no reproduc-

tion was observed, but there were more than two

observations (frequent observations); (4) no reproduc-

tion was observed, but there were one or two

observations (i.e., sporadic observations); and (5) bears

were present in the 19th century but extinct in the 20th

century (recent extinction). We selected this classifica-

tion scheme to obtain a rough qualitative ranking (see

Spatial scale and grain. . .) in habitat use with equilibrat-

ed sample sizes for the different classes. Because the

maximum number of events in classes 1 and 3 was 31, we

limited the sample size of the other classes to a

maximum of 31 pixels (see Appendix A: Table A3).

We removed pixels of classes 2, 4, and 5 to minimize the

number of direct neighbors, which reduced the spatial

autocorrelation to some extent.

NDVI data

We used AVHRR-NDVI data (Advanced Very High

Resolution Radiometer-Normalized Difference Vegeta-

tion Index) from the period from January 1987 to

December 2001 (data were not available between

October 1994 and September 1995).The NDVI is a

spectral index calculated from reflectance of vegetation

in the near infrared and red portions of the electromag-

netic spectrum that is linearly correlated with the

fraction of the photosynthetically active radiation

(PAR) intercepted by the vegetation (Asrar et al. 1984,

Box et al. 1989, Sellers et al. 1994). Raw data at a 10-day

temporal resolution and 1-km spatial resolution were

provided by the Laboratorio de Teledetección-Universi-

dad de Valladolid (LATUV), Spain (for details on

processing, see Appendix B). Raw NDVI values range

from�1 to 1, but LATUV rescaled the index from 0 to

200, with values of 100–200 representing increasing

greenness and values ,100 indicating non-vegetated

areas such as snow, water, or bare soil. We transformed

the original data to monthly composites with the 5 3 5

km resolution required for our analysis by averaging all

of the pixels inside the 5 3 5 km grid containing valid
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data for each of the three composites of each month.

Next we calculated for each month (1, . . . 12) and each
25-km2 pixel i of our study area the long-term average

NDVIi(month), in the following called ‘‘seasonal pat-
tern.’’ By averaging over 25 pixels and 15 years, we

considerably reduced the amount of missing data due to
clouds and other error sources. The 15-year long-term
averages were stationary (see Appendix B) and provided

a good approximation of ecosystem functioning.
The 12 variables of the seasonal NDVI pattern

represent only local properties (25 km2) of the land-
scape. However, larger-scale properties of the variables

may be important because brown bear home ranges
typically comprise several 25-km2 pixels and also

because our data measure population-level phenomena
such as extinction, which operate at larger scales. To

consider multiple scales, we calculated, from the 25-km2

raster data, the average value of each variable in

neighborhoods with radius r¼ 1, . . . 4 pixels (for details,
see Schadt et al. 2002, Naves et al. 2003).

Seasonal NDVI patterns of best brown bear habitat
and of dominant vegetation types

Before embarking on statistical analyses, we described

the typical type of ecosystem functioning that bear
family groups prefer by showing the seasonal NDVI
patterns taken from the 11 pixels with the highest

number of years with recorded reproduction and its
averages. We also showed the seasonal NDVI patterns

taken from the 11 pixels with the highest proportion of
forest cover, cover of mediterranean scrubland (mator-

ral), cover of reforestation, cover of agricultural land,
and livestock units (grassland).

STATISTICAL ANALYSES

Distance metric to describe the difference
between seasonal NDVI patterns

We used concepts of the theory of point patterns to

test hypotheses H1, H2, and H3. Classical point-pattern
analysis (Stoyan and Stoyan 1994, Diggle 2003) can be
used to investigate, e.g., whether the mapped locations

of two types of events are independent (as opposed to
attraction or segregation), or whether one type of points

is a random sample of the joined point pattern (as
opposed to showing additional clustering or regularity).

This is usually done by comparing spatial statistics,
which are based on the distance between all pairs of

points, to confidence limits determined through Monte
Carlo simulation of realizations of an appropriate null

model (Wiegand and Moloney 2004).
The seasonal NDVI pattern NDVIk(month) of a given

pixel k and month ¼ 1, . . . 12 defines a point in a 12-
dimensional space (the ‘‘NDVI hyperspace’’), and all

seasonal NDVI patterns belonging to a given habitat
class (or to the study area) define a point pattern in the

NDVI hyperspace. Note that we have to switch here
between two parallel spaces: the location of a pixel in the

two-dimensional geographical space and the seasonal

NDVI pattern of the pixel, which represents a point in

the 12-dimensional NDVI space.

To measure the distance between two points k and l in
the NDVI hyperspace, we generalized Euclidean dis-

tance:

dðk; lÞ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1

12

X

12

month¼1

½NDVIkðmonthÞ � NDVIlðmonthÞ�2
v

u

u

t :

ð1Þ

Because the seasonal NDVI pattern of a given pixel

characterizes average ecosystem functioning within this

pixel, the distance d(k, l ) is a measure of the distance in
ecosystem functioning between the two pixels k and l.

We based our analyses on the univariate distribution

hi,i(d ) of interpoint distances d between all pairs of
points of a given habitat class i and the bivariate

distribution hi, j(d ) of distances between all pairs of

points of classes i and j.

Separating the component of ‘‘pure’’ seasonality
from total distance in ecosystem functioning

Our distance metric d(l, k) (Eq. 1) describes the total

distance in the seasonal NDVI patterns between two

pixels l and k, but it is unable to discern between pixels
that are different because of mean value or because of

seasonal variability. In Appendix C, we show that the

distance component dm associated with mean NDVI is
given by the difference of the mean NDVI of the two

pixels k and l, i.e., dm(k, l )¼ NDVIk � NDVI l, and that

the distance component ds associated with ‘‘pure’’

seasonality is given by

dsðk; lÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

dðk; lÞ2 � dmðk; lÞ2
q

: ð2Þ

This enables us to calculate the importance of season-
ality relative to mean NDVI as ds/dm.

Accounting for spatial autocorrelation

Looking at the spatial arrangement of habitat quality

(Fig. 1), it seems obvious that the best quality pixels are

just spatially nested within poorer habitat pixels and a
nested similarity would be expected by the spatial

arrangement of pixels and spatial autocorrelation in

the seasonal NDVI pattern. To rule this out, we
weighted the distance d(k, l ) obtained from Eq. 1 with

a factor that accounted for correlation between the

distance d(k, l ) in NDVI hyperspace and the Euclidean
distance, determined by linear regression using the data

of all pairs of points between the two classes investigated

(see Appendix D).

Hypothesis testing

The seasonal NDVI pattern of one pixel represents

one point in the 12-dimensional NDVI hyperspace, and
the seasonal NDVI patterns of all pixels of a given class

represent a point pattern in the NDVI hyperspace. We

can therefore use techniques of point-pattern analysis to
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test our hypotheses. In Appendix C (Fig. C1), they are

schematically visualized in a two-dimensional projection

of the 12-dimensional NDVI hyperspace.

Hypothesis 1: habitat selection.—To test that the

species indeed selects habitat with specific patterns of

ecosystem functioning, we used the null hypothesis that

the species used the landscape at random with respect to

the seasonal NDVI patterns. Translated into the

terminology of point-pattern analysis, this means that

the ni points of class i were a random sample of the

points of the study area, as opposed by ‘‘clustering,’’

which would indicate that bears selected specific

seasonal NDVI patterns that aggregate in the NDVI

hyperspace, conditionally on the points of the study area

(Appendix C: Fig. C1A).

The appropriate null model for this situation is

univariate random labeling (Wiegand and Moloney

2004). The test is devised by randomly resampling sets

of ni points from the points of the study areas to

generate the confidence limits. However, because the

habitat classes were in the geometrical space not

necessarily random samples of the study region, but

autocorrelated to some extent (Fig. 1), we included an

additional rule to preserve the spatial structures of the

habitat classes in their observed form (otherwise spatial

autocorrelation might bias the estimation of the

confidence limits; Clifford et al. [1989]). A practical

method to construct a randomization iR of class i is a

random displacement of all pixels of class j with the

same random distance and direction in the geographical

space that creates a random subset of ni points in the

NDVI hyperspace. We accepted a random displacement

of class i if all pixels were within the area of the two

populations (i.e., inside the two rectangles in Fig. 1) and

outside the Atlantic Ocean.

We assessed significance of a possible departure from

the null model by using the mean (NDVI) distance h̄i,i
between points of class i as test statistic. We then

compared h̄i,i with the mean (NDVI) distance h̄i,iR
between the points of class i and the points of a

randomization iR of class i. The theoretical expectation

for the null model is h̄i,i ¼ h̄i,iR, and for clustering we

expect h̄i,i , h̄i,iR because smaller distances d would be

more frequent. To construct confidence limits of the null

model, we performed 999 Monte Carlo simulations and

used the fifth and 50th smallest values of h̄i,iR as 0.5%

and 5% confidence limits, respectively (Diggle 2003).

Hypothesis 2: ordered relation between ecosystem

functioning and habitat quality.—Our hypothesis was

that the average distance h̄i, j in ecosystem functioning

between pixels of two habitat classes i and j should

increase if the differences in habitat quality between

class i and j increase (Appendix C: Fig. C1B). To test if

there was a significant difference in ecosystem function-

ing between classes i and j, we contrasted our data with

the null hypothesis that we cannot distinguish between

the seasonal NDVI patterns of pixels of the two classes

(Appendix C: Fig. C1B). Translated into the terminol-

ogy of point-pattern analysis, this means that the points

of ‘‘class i’’ and ‘‘class j’’ were randomly labeled.

The appropriate null model for this situation is

random labeling (Wiegand and Moloney 2004). The

test is devised by randomly resampling sets of ni points

from the niþ nj points of the joined pattern to generate

the confidence limits.

In accordance with the hypothesis, we used the

average distance h̄i, j between points of class i and points

of class j as test statistic and compared h̄i, j with the

average distance h̄iR, jR between the resampled classes iR

and jR. The theoretical expectation under random

labeling is h̄i, j ¼ h̄iR, jR. We used the fifth largest h̄iR, jR

as 0.5% confidence limits around the null model, and the

50th largest as 5% confidence limits.

Hypothesis 3: segregation vs. nested similarity.—To

distinguish segregation and nested similarity (Appendix

C: Fig. C1B, C), we used the data generated for testing

the first and second hypotheses. Under nested similarity,

we expected a systematic increase in the mean distance

h̄i,i between points of class i with decreasing habitat

quality. The best class should show the strongest (and

significant) habitat selection in the NDVI hyperspace,

and habitat selection of the poorest class may be only

weakly or not significant. Under segregation, we

expected for all classes a significant habitat selection in

the NDVI hyperspace, and that the point patterns of

two classes would not overlap (for an illustration, see

Appendix C: Fig. C1C). Thus, small distances d should

be rare in the bivariate distribution hi, j(d ), but frequent

(i.e., similar to hi,i(d )) under nested similarity.

Marginality and specialization

Hypothesis 1 compares the seasonal NDVI patterns

that are available at the study area with those actually

selected by brown bears. The concepts of marginality

and specialization, borrowed from ecological niche-

factor analysis (Hirzel et al. 2002), may thus provide

additional insight into our data. To this end, we

compared the NDVI distance distribution hi,i(d ) be-

tween all points of the selected class i (i.e., the species

distribution) with the NDVI distance distribution

hi,iR(d ), which represent the availability (i.e., global

distribution). Following Hirzel et al. (2002), the focal

species may show some marginality (expressed by the

fact that the species mean differs from the global mean)

and some specialization (expressed by the fact that the

species variance is lower than the global variance). We

defined marginality (M ) and specialization (S ) in

analogy to Hirzel et al. (2002) as M¼ jmG� mSj/1.96rG

and S ¼ rG/rS, where mG and rG are the mean and

standard deviation of the global distribution, respec-

tively, and mS and rS are the mean and standard

deviation of the species distribution. Weighting margin-

ality by 1.96rG ensures that it most often will be

between 0 and 1. If the global distribution is normal, the

marginality of a randomly chosen cell has only a 5%
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chance of exceeding unity (Hirzel et al. 2002). A large

value ofM (close to 1) thus means that the class is a very
particular habitat relative to the reference set. A

randomly chosen set of pixels is expected to have a
marginality of 0 and a specialization of 1. Any value of S

exceeding unity indicates some form of specialization
(Hirzel et al. 2002).

Ordinal logistic regression

To determine the properties of the seasonal NDVI

pattern that determined differences among sequentially
nested habitat classes, we performed three ordinal

logistic regression analyses (McCullagh and Nelder
1983), one for the data of each subpopulation, and one

for the data of the entire population. Our variables were
the 12 temporal averages NDVIi(month) of the NDVI

composites between 1987 and 2001 at month 1, . . . 12,
and pixel i and their corresponding larger-scale variable

for the spatial scales r ¼ 1, . . . 4. Habitat types were
ordered from 1 (best habitat with frequent reproduction)

to 5 (extinct). To evaluate which months and scales
explained this ordination best, we performed a variable-

reduction approach combining stepwise ordinal logistic
regression and best subset selection based on a second-
order Akaike’s Information Criterion index (AICc)

(Burnham and Anderson 1998, Shtatland et al. 2001).
We first constructed a full stepwise sequence for each

of the spatial scales (0 to 4) at each population (western,
eastern, and both together). Preliminary analyses

showed that the inclusion of scales higher than 4 did
not significantly improve the fit to the data. Addition-

ally, because the inclusion of more than three variables
decreased AICc only in fewer than seven units in 10 of

the 12 stepwise sequences (a small improvement,
according to Burnham and Anderson [1998]), we limited

the maximum number of variables to three kept in the
final stepwise procedures. This benefited the interpreta-

tion of simple exploratory equations with a minimal loss
of information. Finally, we compared alternative models

with the lowest AICc at the different spatial scales. For
each population, we selected the scale and model that

produced a better fit to the data in terms of AICc. If the
difference among scales was DAICc , 7, we provided
information about alternative models.

RESULTS

Seasonal NDVI patterns of best brown bear habitat
and of dominant vegetation types

Fig. 2A shows the type of ecosystem functioning

where brown bears of the western population repro-
duced regularly and its variability for the 11 best pixels.

Ecosystem functioning was characterized by relatively
low NDVI values during the winter (December–April

when females are denning and give birth), and showed a
steep increase in spring (May/June) and a pronounced
maximum in summer and early autumn (July–Septem-

ber). Note that the main hyperphagia period of brown
bears is September–October. The main food resources of

brown bears during the hyperphagia period are berries

(Vaccinium myrtillus), other pulpy fruits (Rhamnus

alpinus), acorns (Quercus spp.), beechnut (Fagus sylva-

tica), and chestnut (Castanea sativa) (Naves et al. 2006).

The seasonal NDVI patterns of the best 25-km2 pixels of

the western population were very similar to those of

pixels with the highest percentage of deciduous forest

(Fig. 2C), but differed starkly from those of pixels with a

high percentage of matorral (Fig. 2E), reforestations

(Fig. 2G), and pastures (Fig. 2I), which have higher

values in winter and early summer.

For the eastern population, the type of ecosystem

functioning where brown bears reproduced regularly

(Fig. 2B) was similar to that for the western population,

but more variable (cf. Fig. 2A, B). It was similar to some

pixels of deciduous forest (Fig. 2D) and matorral (Fig.

2F). Note that the typical matorral for the area of the

eastern population is not heathlike, but rather scrubland

similar to young forest. Differences in ecosystem

functioning between the best pixels of the eastern and

western populations reflect the overall poorer habitat

conditions of the eastern population (Naves et al. 2003,

2006) and differences in climate (see Methods: Study

area and populations).

Hypothesis H1: brown bears select habitat

with a particular ecosystem functioning

Western population.—Comparison of the NDVI dis-

tance distributions h1,1 and h1,1R shows that the NDVI

distances between pixels of class 1 were particularly low

compared to the NDVI distances between pixels of class i

and pixels of the entire study region (Fig. 3A). Our

statistical test revealed that the pixels selected for all

classes were significantly clustered in the NDVI hyper-

space (Table 1: H1), thus confirming hypothesis H1.

Eastern population.—Pixels of the classes with repro-

duction were significantly clustered in the NDVI

hyperspace (Table 1: H1), supporting hypothesis H1.

The finding that classes 3 and 4 (observations only) did

not show a significant selection with respect to

ecosystem functioning is consistent with earlier work

showing that the eastern population is situated in areas

of suboptimal habitat (Naves et al. 2003). A notable

exception from the overall trend shown at the western

population is that pixels of the class with recent

extinctions (e5) were significantly clustered in the NDVI

hyperspace (Table 1: H1).

Total population.—Analysis of the entire population

showed that habitat selection was highly significant for

classes with reproduction and extinction, and significant

for the classes with observations only (Table 1, Fig. 3).

These result clearly confirmed hypothesis H1.

Hypothesis H2: larger average difference in ecosystem

functioning between two classes imply larger differences

in habitat quality

Western population.—The mean NDVI distance h̄i, j
between different classes i and j showed the hypothesized
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tendency: h̄i, j increased with increasing j (Table 1: H2).

Our statistical test revealed that these tendencies were

not always significant, but the class with frequent

reproduction was significantly different from classes

with observations and recent extinction, and the class

with sporadic reproduction was significantly different

from classes with sporadic observations and recent

extinctions.

Eastern population.—Results obtained for the eastern

population (Table 1:H2) supported the tendencies found

for the western population. The general findings hold

equal (except for the extinct class), but the overall

differences between classes with current bear presence

were not significant. However, the mean NDVI distanc-

es h̄i,5 between extinction (class 5) and classes with

current bear presence (i ¼ 1–4) were significant.

Western vs. eastern population.—Seasonal NDVI

patterns of classes of the western population were

significantly different from those of the eastern popula-

tion (except the pairs e5–w5, w3–e3, and w3–e5; Table 1:

H2), including most pairs of the same class. This is not

surprising, because a previous study showed that the two

populations exist under different conditions: the eastern

population mainly occupies areas of suboptimal habitat,

whereas the western population is located mainly in

areas with good habitat quality (Naves et al. 2003). The

area occupied by the eastern population (mainly located

in the southern slope of the Cantabrian Mountain) is

under the influence of the mediterranean phytoclimatic

region, whereas the western population (mainly located

in the northern slope) is under the influence of the

FIG. 2. The seasonal NDVI (normalized difference vegetation index) pattern for best habitat cells and for different vegetation
types, separately for the western population (w) and the eastern population (e) of brown bears, taken over the 11 pixels with (A, B)
the highest number of years with reproduction (i.e., best habitat cells), and (C–G) the highest percentage of the vegetation type in
the pixel. Additionally, we show the average seasonal NDVI pattern (black circles) and the average NDVI patterns of the best
habitat cells (open squares). Month 1 is January. The NDVI is a unitless satellite-derived spectral index calculated from reflectance
of vegetation in the near infrared and red spectrum that is linearly correlated with the fraction of photosynthetically active radiation
(PAR) intercepted by vegetation. Values ,100 indicate non-vegetated surfaces. Livestock units, used as a surrogate for grassland,
are the number of livestock within 25-km2 pixels, weighted by a feed requirement coefficient (e.g., 1 for dairy cows, 0.1 for sheep).
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FIG. 3. Univariate analyses for hypothesis H1. Shown are the frequency distributions hi,i(d ) of NDVI distances d(k, l ) between
all pairs of points k and l of a given habitat class i (histogram bars, species distribution) and the accumulated distribution hi,iR of all
999 simulations of the null model for hypothesis H1 (solid black line, global distribution). Distributions are shown, by row, for the
western, eastern, and total populations of the brown bear. We used hi,i (species distribution, based on points selected by the species)
and hi,iR (global distribution, based on points available to the species) to define marginality (M ) and specialization (S ) of the
ecosystem functioning of selected pixels relative to the ecosystem functioning of the available pixels. Here, hi,iR is the bivariate
distribution of NDVI distances between all pairs of the classes i and iR, where iR is a random subset of points in the NDVI
hyperspace with the same number of points as class i. Habitat suitability classes (i ) are: class 1, frequent reproduction; class 2,
sporadic reproduction; class 3, no reproduction but frequent observations; class 4, no reproduction but sporadic observations; and
class 5, recent extinction.

TABLE 1. Test of hypotheses H1 and H2 for classes 1–5 of the western (w), eastern (e), and total (t) population of the brown bear
(Ursus arctos) in northern Spain.

Hypothesis w1 w2 w3 w4 w5 e1 e2 e3 e4 e5 t1 t2 t3 t4 t5

H1 9.9** 11.3** 11.1** 13.9* 15.8* 12.6** 14.8* 17.8 19.0 12.3** 13.5** 14.1** 17.0* 17.6* 14.5**

H2

w1 11.2 11.5* 14.0** 14.7** 18.0** 16.3** 18.4** 20.0** 11.9*
w2 12.2 13.9** 15.2** 16.1** 15.2** 17.0** 18.6** 12.8*
w3 12.3 14.5 18.3** 17.0** 18.2 19.5* 12.6
w4 15.6 17.8** 17.0** 17.8** 18.8** 14.5*
w5 19.8** 18.6** 19.6** 20.6** 15.0
e1 14.7 16.8 17.6 18.5**
e2 17.0 17.9 16.9**
e3 18.0 18.6**
e4 20.0**
t1 14.3 16.2 17.2* 15.1*
t2 16.0 16.8** 15.8**
t3 17.6 16.9**
t4 17.6**

Notes: Given are the values and the significance of the test statistics h̄i,i (mean NDVI distance between points of class i; e.g., w1–
w1) for H1, and h̄i, j (mean distance in ecosystem functioning between pixels of habitat classes i and j; e.g., w1–e2) for H2 (*P ,
0.05; **P , 0.01). Class i: class 1, frequent reproduction; class 2, sporadic reproduction; class 3, no reproduction but frequent
observations; class 4, no reproduction but sporadic observations; and class 5, recent extinction.
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Eurosiberian phytoclimatic region (Rivas-Martı́nez

1984).

Interestingly, the mean NDVI distances h̄5, j of the

extinct class of the eastern population and the highest

three classes of the western population were relatively

small (,13) and only marginally significant (P , 0.05)

or not significant, again confirming the special status of

class e5. The reason for this is that the best classes of the

western population, as well as the extinct class of the

eastern population, are situated at the northern slopes of

the Cordillera Cantabria (Fig. 1) and should therefore

show a similar ecosystem functioning. This result

confirmed an earlier finding that the extinct area of the

eastern population is situated in an area of high habitat

quality, but suffers a high human impact that probably

caused extinction (Naves et al. 2003).

Total population.—Mean NDVI distance h̄i, j between
different classes i and j showed the hypothesized

tendency: h̄i, j increased with increasing j, except for the

extinct class (Table 1: H2). Our statistical test revealed

that these tendencies were not always significant and

were somewhat weaker than for the western population.

However, the class with extinction was significantly

different from all classes with current bear presence.

Hypothesis H3i: nested similarity vs. segregation

Results from testing hypothesis H1 confirmed our

expectations for nested similarity (with the exception of

the extinct class of the eastern and total population). We

found for both subpopulations, as well as for the entire

population, a systematic increase in the mean distance

h̄i,i with decreasing habitat quality (Table 1). Addition-

ally, habitat selection for poorer classes became weaker

(Table 1): classes with reproduction were highly

significant, but classes w5, e3, and e4 were not

significant. Finally, looking at the distribution of NDVI

distances between pairs of pixels between the best class

(class 1, frequent reproduction) and classes 1, 2 . . . 5

showed that the frequency of small distances decreased

for both subpopulations gradually from class 1 to class 5

and was even more or less constant for the entire

population (Appendix E: Fig. E1). In the case of

segregation, we would expect a discontinuous decrease

of small distances from c1–c1 to c1–ci, i ¼ 2, . . . 5,

because c1–c1 represents the NDVI distances within the

best class (which are low, following hypothesis H1) and

c1–ci represents the NDVI distances between disjunctive

classes. The evidence for nested similarity was somewhat

weaker for the eastern than for the western population.

Marginality and specialization

Hypothesis 1, western population.—Breeding females

selected pixels with high specialization (S¼ 2.95 and S¼
2.31) and marginality (M¼ 0.88 and 0.76), which clearly

supported hypothesis 1. With decreasing habitat quality,

specification and marginality decreased monotonously

to values of S¼ 1.61 and M¼ 0.38 for the class of recent

extinction (Fig. 3A–E). However, these values were

larger than the values S ¼ 1 and M ¼ 0 expected for

random selection.

Hypothesis 1, eastern population.—Fig. 3F, G shows

that breeding females selected, in accordance with

hypothesis H1, a very particular habitat, with respect

to the seasonal NDVI pattern, having high specializa-

tion (S¼ 2.36 and S¼ 2.07) and high marginality (M¼
1.08 and M ¼ 0.92). A notable exception was the class

with recent extinctions (class 5), which showed values of

specification of S ¼ 3.12 and marginality of M ¼ 1.05

(Fig. 3J), similar to those of the classes with frequent

reproduction.

Hypothesis 1, total population.—Results for the entire

population (Fig. 3K–O) parallel the tendencies found

for the two subpopulations.

Hypothesis 3, nested similarity vs. segregation.—

Results of the niche analyses clearly supported our

hypothesis of nested similarity (H3i), because marginal-

ity and specialization decreased systematically with

degreasing habitat quality in most cases (Fig. 3;

Appendix E: Fig. E1). Under segregation, however, we

would expect high marginality and specialization for all

habitat classes.

Separating the component of ‘‘pure’’ seasonality

from total distance in ecosystem functioning

Table 1 shows the average distance in ecosystem

functioning [d(k, l )] between pixels of all pairs of habitat

classes k and l. For each of these pairs, we calculated the

seasonality component ds and the component dm
associated with mean NDVI, and the quotient ds/dm
that describes the relative importance of seasonality

compared to mean NDVI.

Fig. 4 shows that differences in seasonality and

mean NDVI, on average, contributed equally to total

distance in ecosystem functioning; however, seasonal-

ity was more important if the total distance was small,

and less important if it was larger. Differences in

seasonality were especially important among classes 1,

2, and 3 in the western population and the extinct class

e5 in the eastern population. This is an important

result that justifies our approach of analyzing the full

seasonal NDVI pattern instead of using only mean

NDVI to describe static properties such as average

annual energy.

Spatial autocorrelation

The autocorrelation between the geographical dis-

tance of two pixels and the NDVI distance remained

surprisingly low. The maximum R2 value of the linear

regressions was 0.27 for the pair e1–e1, yielding a

correlation coefficient of r ¼ 0.52 (Appendix D: Table

D1). Only the pairs e1–e1, t1–t1, w5–w5, w3–w3, and

w1–w1 showed a correlation coefficient r . 0.4 (w,

western population; e, eastern population; t, total

population). A complete listing of all correlation

coefficients is shown in Appendix D: Table D1. Spatial
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autocorrelation in ecosystem functioning thus cannot

explain our findings of nested similarity.

Ordinal logistic regression: which NDVI variables

determine differences among classes?

Ordinal logistic regression analyses found significant

models confirming that differences among habitat

classes were determined by differences in NDVI

variables, and that our habitat classes followed a

sequential order. In general, the neighborhood variables

(which capture effects at scales above the 25-km2 pixel

size) produced better models than variables that

considered only NDVI values at the local 25-km2 scale.

We found the highest correlations between habitat class

and NDVI variables at spatial scales¼ 3 for the eastern

population and spatial scales ¼ 4 for the western

population (Table 2). This result indicates that presence

and reproduction of brown bears was influenced by

factors operating at the spatial scale of their home range

and above. AICc estimates for scales �2 were very

similar and did not allow assessing which specific scale

was the best; however, results clearly showed that

habitat evaluation for this species, in terms of ecosystem

functioning, must include at least spatial scales � 2, i.e.,

neighbored areas � 325 km2.

The best model for the western population had a

negative coefficient for the NDVI in June and positive

coefficients for September and October (Table 2). This

indicates that a better habitat class was characterized by

seasonal NDVI patterns with lower values in June and

higher values in autumn. For the eastern population,

March replaces June as the month with a negative

coefficient and June and December replace September

and October as the months with a positive coefficient,

but the general findings are similar: high habitat quality

classes correspond to low relative NDVI values in late

winter and early spring and to higher values in late

summer and autumn.

FIG. 4. The relative importance of seasonality (ds) and
mean NDVI (dm). We decomposed the distance metric d
(measuring the total mean distance in ecosystem function
between pixels of two habitat classes k and l ) into the two
orthogonal components, the seasonality component (ds) and
mean NDVI component (dm). Where ds/dm . 1, differences in
seasonality were more important than differences in mean
NDVI; where ds/dm , 1, differences in mean NDVI were more
important. Shown are the values of ds/dm, for all pairs of classes
appearing in Table 1, plotted against the value of d. Labels
represent the pair of classes to which each point corresponds,
with numerals indicating class i; e.g., e5–w1 is the pair class 5
(recent extinction) of the eastern population and class 1
(frequent reproduction) of the western population.

TABLE 2. Summary of best equations relating habitat quality
to monthly NDVI in each population.

Model

Standardized
parameter
estimate

P
ChiSq AICc DAICc D2

Western population

Null model 470.3 69.8

West, r ¼ 4 400.5 16.6

Jun4 �1.59 ,0.001
Sep4 1.46 ,0.001
Oct4 0.69 0.019

Eastern population

Null model 447.8 81.0

East, r ¼ 3 366.8 20.0

Mar3 �2.541 ,0.001
Jun3 0.448 0.001
Dec3 1.607 ,0.001

East, r ¼ 4 368.1 1.3 19.8

Mar4 �2.667 ,0.001
Jun4 0.262 0.048
Dec4 1.786 ,0.001

Total population

Null model 916.3 81.3

Total, r ¼ 2 837.5 2.5 9.4

Mar2 �1.138 ,0.001
Sep2 0.313 ,0.001
Dec2 0.842 ,0.001

Total, r ¼ 3 835.0 9.7

Mar3 �1.399 ,0.001
Jul3 0.273 ,0.001
Dec3 1.115 ,0.001

Total, r ¼ 4 839.8 4.8 9.1

Mar4 �1.476 ,0.001
Sep4 0.228 0.001
Dec4 1.236 ,0.001

Total, r ¼ 2 837.5 2.5 9.4

Mar2 �1.138 ,0.001
Sep2 0.313 ,0.001

Notes: Variable names in column 1 refer to the month and
neighborhood size (radius of 2, 3, or 4 pixels). Neighborhood
values are the average value of the corresponding variable
NDVIi(month) taken within a circular neighborhood of radius r
[no. pixels] around pixel i. P ChiSq is the chi-square probability
that the parameter is significant. AICc is the second-order
Akaike information criterion. DAICc is the increase in the AICc

score with respect to the smallest score for the corresponding
population. D2 is the deviance explained by the fitted
regression.
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DISCUSSION

We found that brown bears in northern Spain did

indeed select habitat with a particular ecosystem

functioning, and they did this in a specific way that we

termed nested similarity. Although previous studies have

addressed analogous relationships at large biogeograph-

ical scales when looking at the distribution of the species

(Ferguson 2002, Nilsen et al. 2005), few have focused

before on local scales of habitat selection and quality.

The essence of our findings can be illustrated at a

lower dimensional representation of the 12-dimensional

NDVI hyperspace (Fig. 5). We used March NDVI and

September NDVI, calculated as the average from a 325-

km2 area surrounding the location of interest, as the two

axes of this representation. These two variables yielded

the most parsimonious ordinal logistic regression model

to separate the observed classes of habitat quality of the

entire population (Table 2). We interpreted the resulting

two-dimensional space spanned by these two variables

as a simplified representation of an ecosystem function-

ing hyperspace perceived by brown bears, because

March NDVI was related to winter mildness and

September NDVI was related to peak production (see

Discussion: Brown bear biology, seasonality, and nested

similarity). In accordance with this scheme, areas of high

seasonality (i.e., low productivity in March and high

productivity in September) were located in the upper left

corner of this hyperspace (above the one-to-one line);

the one-to-one line (i.e., the diagonal in Fig. 5) indicates

no seasonality.

The points of the classes with frequent reproduction

were clustered in the high-seasonality corner of the

ecosystem functioning hyperspace, whereas poorer

classes occurred, in an approximately nested way, within

a much broader range of ecosystem functioning (Fig. 5).

Habitat with the most excessive needs (i.e., breeding

habitat) occupied the narrowest niche with respect to

ecosystem functioning (strongest clustering in the NDVI

hyperspace), whereas habitat selection of progressively

poorer classes became weaker, occupying wider, but

partly overlapping, niches (progressively weaker cluster-

ing).

Brown bear biology, seasonality, and nested similarity

For many species, it has been shown that breeding

phenology (i.e., timing of conception and parturition) is

closely related to temporal variation in food availability

(e.g., Wittemyer et al. 2007). Ecosystem functioning of

breeding habitat (Fig. 2A, B) showed three main

characteristics that are tightly related to the breeding

phenology of brown bears. First, it shows a bottleneck

FIG. 5. Visualization of the seasonal NDVI patterns of the different classes within a two-dimensional space of ecosystem
functioning, spanned by March NDVI and September NDVI, both at scale 2 (i.e., a 325-km2 area surrounding the location of the
pixel). Open circles represent the eastern bear population; solid circles represent the western population. Polygon lines delineate the
area covered by the points of the eastern and western populations, the dark gray dots in the graph for class 1 show the 599 points of
pixels with contemporary and historic bear presence, and the light gray dots show the points of the entire study area (Fig. 1).
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with low values in the winter months, December to

March, when pregnant females are hibernating and

giving birth (see Discussion: The bottleneck). Second, it

shows a steep increase during the spring months, April

to June. This increase in productivity coincides with the

moment when females with newborn cubs usually leave

the den (Naves and Palomero 1993), and with the

mating season (Fernández-Gil et al. 2006). Third,

ecosystem functioning shows a pronounced maximum

in summer and early autumn (June–September). The

major food categories in summer are herbs, berries, and

other pulpy fruits (Naves et al. 2006), and extensive

consumption of dry fruits such as acorns, beechnuts,

and chestnuts in autumn is critical for pregnant females

that will hibernate during winter (Naves et al. 2006). In

the following, we discuss in more detail the implications

of each of these characteristics for brown bear biology.

Hyperphagia and denning.—Brown bear reproduction

relies, with hibernation and hyperphagia, on two specific

evolutionary adaptations to energy bottlenecks and

pulses, respectively. For example, Pearson (1975) found

that brown bears may gain up to 640 g body mass per

day, and they may spend up to 17–18 h/d foraging on

berries during the hyperphagia period (Welch et al.

1997). Food availability during the hyperphagia period

is critical for reproductive success. Bears experience

‘‘delayed implantation’’ so that the fertilized egg

(blastocyst) does not begin to develop before the female

bear enters the den. If the female cannot accumulate

enough fat reserves, the embryo will not implant (Hissa

1997). Denning is an essential procedure for female

brown bears and their reproductive success; adult

females will give birth to and suckle offspring while

denning. Fasting thus coincides with a period when they

must sustain the nutritional demands of gestation and

the first 2–3 months of lactation, as well as meeting their

own metabolic requirements. Not surprisingly, brown

bears can lose up to 43% of their fall body mass during

the denning period (reviewed in Schwartz et al. 2003).

Interestingly, the physiological condition of hibernation

is not readily, or is intermittently, attained in response to

fluctuating weather, but is probably due to involvement

of a neurocircumannual cycle (Folk et al. 1976). For

example, pregnant females in Sweden entered their dens

before snowfall, when berries were still available and

abundant (Friebe et al. 2001). With this background, it

is reasonable to assume that reproduction occurred in

the Cantabrian Mountains, when viewed on a regional

scale with grain of 25 km2, only in areas with very

specific ecosystem functioning that matched the ‘‘eccen-

tric’’ energy needs of breeding females, offering just the

right timing for the peak in productivity. On the other

hand, nonbreeding animals can afford to be somewhat

less selective, thereby producing the observed pattern of

nested similarity.

The bottleneck.—However, not only the peak in

productivity is important, but also the bottleneck. This

is illustrated by the ordinal logistic regression analysis,

which showed that inclusion of NDVI months with a

negative coefficient improved the models significantly.

The average NDVI composite of March appeared

consistently in all plausible models constructed for the

entire population. On the first view, this result seems

counterintuitive because increasing productivity should

increase food availability and thus habitat quality.

However, in the Cantabrian Mountains, March is the

last month of winter and breeding females and their

offspring do not terminate denning before mid-April.

Therefore, March NDVI does not measure food

availability for females with cubs in March, but is

rather an indicator of temperatures (higher temperatures

stimulate earlier vegetation growth, which results in

higher greenness) and thus of winter mildness. Higher

ambient temperatures (as indicated by higher greenness)

may increase the energy requirements during hiberna-

tion and cause additional stress for hibernating animals.

This was recently shown by Humphries et al. (2002),

based on a general bioenergetic model for mammalian

hibernation, and exemplified by well-quantified hiber-

nation energetics of the little brown bat (Myotis

lucifugus).

Looking from the perspective of ecosystem function-

ing, it is well established that species adapted to a certain

energy pulse during a specific time window also need a

‘‘negative’’ pulse at a second time window, and that both

pulses are complementary and linked by a feedback

mechanism. For example, leaf and flower bud meristems

of most temperate woody perennials are formed in the

summer and autumn (Saure 1985); to ensure that growth

and flowering do not occur until the next spring, plants

have developed specific adaptations (vernalization) to

detect, to measure, and to ‘‘remember’’ the duration of

the winter (Amasino 2004). Recent studies have shown

that interruption of this feedback, e.g., by global change,

has serious consequences for species and for ecosystem

functioning (Linkosalo et al. 2000, Bailey and Harring-

ton 2006). In this respect, it is important to note that the

brown bear populations in Spain are located close to the

meridional limit of their natural distributional range

and, even under ‘‘normal’’ conditions, already are

subject to stress.

Ecosystem functioning vs. vegetation structure

What are the improvements of the approach taken here

relative to approaches that use static habitat variables to

assess habitat quality (e.g., Mladenoff et al. 1995, Schadt

et al. 2002, Naves et al. 2003)? We argued that the

temporal distribution of resources (i.e., seasonality)

should be of special importance for brown bears, which

show along with hibernation, delayed implantation, and

hibernation, specific evolutionary adaptations to periods

of energy peaks and bottlenecks. Within our framework,

we can rephrase the initial question and ask if our finding

of nested similarity relies on the component of seasonality

or if it can be attributed solely to static habitat variables

such as deciduous forest cover, the most important
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vegetation type for brown bears, or average NDVI, which

describes average productivity.

We decomposed our measure of total difference in

ecosystem functioning into the two orthogonal compo-

nents representing ‘‘pure’’ seasonality and ‘‘pure’’

average NDVI. Interestingly, we found that both

components had approximately the same importance,

but seasonality was relatively more important if total

distance in ecosystem functioning was smaller. This

interesting result supports our hypothesis that the

temporal distribution of resources is an important

determinant of habitat quality for brown bears. Clearly,

we cannot expect that seasonality would solely explain

habitat selection, because brown bears need a minimum

amount of energy for reproduction (i.e., delayed

implantation) and the total NDVI during the hyperpha-

gia period will be correlated with total annual NDVI.

To show that our NDVI variables are at least as

successful in predicting brown bear presence as the

structural variables used in Naves et al. (2003: Table 2),

we repeated their regression analysis for the best model

(including the variables forest cover, landscape rugged-

ness, and number of villages), but we used the NDVI

composites for March and September instead of the

vegetation structure variables forest cover and landscape

ruggedness. Note that this analysis is not completely

comparable to our approach taken here because it used

all data on bear observations (i.e., classes 1–4) without

distinguishing between habitat for reproduction and for

presence. Also, pixels in the neighborhood of observa-

tions were used as ‘‘no observations’’ to assure that non-

observation areas were those that bears could have

visited. The model with the two NDVI variables

performed slightly better, as indicated by a difference

in AICc of 11.2, and at the 0.5 cut level, it classified

71.5% of all cases correctly as opposed to 69.5% reached

by the model in Naves et al. (2003). To find out to what

extent we can predict bears presence using only NDVI

signatures, we also constructed models that included

only NDVI variables. The best of those models, at the

0.5 cut level, classified 70.2% of all cases correctly and

included the September NDVI composite with positive

sign and mean NDVI with negative sign. Thus, NDVI

was able to provide at least the same information as the

structural variables. However, introducing both struc-

tural and functional variables did not further improve

the model.

We used several additional approaches to assess

potential correlations between structure and functioning

that are described in detail in Appendix F. First, we

constructed a variable ‘‘sim’’ that described the distance

in ecosystem functioning of a given pixel to ecosystem

functioning in the best habitat areas and correlated this

variable with several environmental variables (Appendix

F: Table F1). Next, we correlated environmental

variables with the monthly NDVI composites (Appendix

F: Table F1), and finally we repeated the analysis for

assessing spatial autocorrelation in ecosystem function-

ing, but instead of the distance between two pixels in

geographical space, we used the distance in an environ-

mental variable (Appendix D: Table D1). In summary,

we found surprisingly weak correlations between eco-

system functioning and vegetation structure variables,

and the correlation coefficient exceeded only in a few

cases values of 0.5. Thus, although there is evidently a

link between structure and functioning (because vegeta-

tion produces greenness that is measured by NDVI), this

link is surprisingly weak at our scale of observation and

insufficient to ‘‘explain’’ our main findings.

On the first view, however, a somewhat disturbing

deficiency of our analysis is that we are left to accept the

utility of NDVI for the study area without validation of

specific bear foods or other attributes of the habitats

reflected by NDVI. Indirect remotely sensed data have

been used, for example, for predicting landscapes

suitable for grizzly bear habitat (e.g., Mace et al. 1996,

1999, Nielsen et al. 2002, 2003). However, there is little

information on what remotely sensed indices actually

represent in terms of concrete food items. It therefore

would be desirable to investigate whether mechanistic

links exist between the seasonal NDVI pattern and bear

food items or fitness (Nielsen et al. 2003). However, the

correspondence between ecosystem functioning and

vegetation structure is, in general, an open question,

although it is often assumed (Paruelo et al. 2004).

NDVI, brown bear biology, and global change

Although the consequences of climatic change on

temperature and productivity are difficult to predict, a

further increase in winter temperatures is likely to occur

in the future (Vicente-Serrano and Heredia-Laclaustra

2004), together with a displacement of the fruit

productivity peak from the late summer and autumn

(typical for temperate forests) toward a late autumn and

winter (typical for mediterranean climate). Pregnant

brown bear females are subject to a tight schedule and

reproductive success depends basically on their ability to

accumulate fat before November. If the timing of peak

food supply and the predetermined and restricted

schedule of energy demand are mismatched, females

may not be able to benefit from a later productivity

peak. A similar case, in which climatic change may have

decreased the habitat quality of a species with an

inflexible phenology schedule, has been observed, for

example, for the Mediterranean Pied Flycatcher, a

migratory bird breeding in the Mediterranean region

(Sanz et al. 2003). They found that reduction of nestling

growth and survival of fledged young might be a result

of the mismatch between the timing of peak food supply

and the nestling demand caused by recent climate

change.

Additionally, the Cantabrian Mountains in north-

western Spain constitute one of the southernmost

(island-like) refuges of a boreal-like ecosystem (Garcı́a

et al. 2005) and many plant species that form an

important part of the brown bear diet (e.g., Vaccinium
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spp., Quercus petraea, Fagus sylvativa) also have their

meridional distribution limit in the Cantabrian Moun-

tains. Thus, the ecosystem that provides the best habitat

for brown bears can also be expected to be most
sensitive. Although our NDVI data, averaged over the

pixels of a given class, did not show a significant trend

over the 15-year period, the pixels of the different classes

showed a mainly decreasing trend in mean NDVI during
the hyperphagia period July–November. This negative

trend, however, was not significant for the best classes

w1 and e1 (P ¼ 0.11 and P ¼ 0.69, respectively) but

paralleled findings of Rodriguez et al. (2007) who

investigated 1974–2003 trends in occurrence of major
food items of the Cantabrian brown bears during the

hyperphagia period. They found that boreal and

temperate food items decreasingly contributed to brown

bear diet, replaced by increasing contributions of
southern foods. This suggests that warmer temperatures

might determine the occurrence of some food items in

the diet of Cantabrian brown bears through effects on

plant distribution and phenology, which may result in a

worsening of conditions for the principal food sources of
brown bears. Finally, although global warming may

disadvantage brown bears, it may favor (non-hibernat-

ing) food competitors such as wild and domestic

ungulates and may lead to an increase in their
populations due to reduced winter constraints. This

winter effect would decrease habitat quality for brown

bears for the rest of the year.

CONCLUSIONS

We proposed a new way of looking at habitat quality

from the angle of ecosystem functioning and provided

statistical techniques to quantify the relationship. We

argued that habitat selection of resident species adapted
to a peak and bottleneck in seasonal energy availability

should reflect properties in ecosystem functioning that

are related to the biology of the species. Our example of

brown bears in northern Spain illustrated that adopting

the perspective of ecosystem functioning can provide
new insights into the relationships between habitat

quality and the biology of the species. Our methodology

could be widely applied for animal species living in

seasonal environments. The importance of our findings,
however, is not so much grounded in having an

alternative way of characterizing habitat quality, but

our perspective opens doors to answer pressing ques-

tions, such as the impact of climatic change on habitat

quality, which a conventional analysis using static
variables of vegetation structure cannot offer. Changes

in ecosystem functioning can be tracked in a direct and

quick way by using NDVI data, which are continuously

collected with a fine temporal resolution, and can be

translated into changes in habitat quality.
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en España. Colección Técnica. Instituto Nacional para la
Conservación de la Naturaleza (ICONA). Madrid, Spain.

Naves, J., T. Wiegand, A. Fernández, and T. Stephan. 1999.
Riesgo de extinción del oso pardo cantábrico: la población
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APPENDIX A: OBSERVATION AND REPRODUCTION DATA AND CONSTRUCTION OF HABITAT 
CLASSES FROM DATA ON HABITAT USE 
 
Data on reproduction 

The distinction of family groups (Table A1) was based on characteristics of the family groups 

(number of cubs and morphologic characteristics), spatial distance between observations, the 

date of observations, and landscape features, such as large areas with human settlements or 

dams that have a barrier effect (Palomero et al. 1993). This method is similar to that used in 

Yellowstone National Park (Knight et al. 1995). At the western (eastern) population, 

observations allowed the confident identification of 78 (29) different females with cubs of the 

year and an identification of 20 (8) probable females with cubs of the year.  Data on type of 

observation and author of observations are provided in Table A2. Because of the low numbers 

of family groups per year (1–12; Table A1) and a relatively high number of observations 

(with a mean of 5.35 - 4.24 and 6.00 - 4.70 observations per family group in the western and 

eastern population, respectively), the real number of females with cubs should be close to the 

observed number.  

 

Data on bear observations 

The data set on the 1982-1992 bear observations, which comprised mainly tracks, scats, hair, 

and direct sightings, was compiled for a study on the distribution of brown bears in northern 

Spain (Campo et al. 1984; Marquínez et al. 1985 a, b) and later revised (Naves and Palomero 

1988, 1989, 1993; Purroy 1991; Naves et al. 1999). The data were provided by rangers, 

scientist and technicians in charge of the population monitoring and completed with 

interviews of local people. Unfortunately, during this time no systematic registration was 

done for the type of observation and the author of observation as available for the data of 

females with cubs. 
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Historical data  

Historical data on bear presence are principally based on Alfonso XI (1348), Madoz (1846–

1850), and a study of Torrente (1999). The medieval source (Alfonso XI 1348) describes all 

aspects of royal hunting, including a register of the occurrence of large hunting animals, 

within the kingdom of King Alfonso XI of Castilla (1311 - 1350). Torrente (1999) recompiled 

historic registers on location and sex of bears hunted which are available for some areas in 

Asturias over the 1751–1757 period. At this time a premium was paid for each hunted bear 

and wolf.  

 Madoz (1846–1850) is a geographic-statistical-historical dictionary which contains 

systematic information about all villages and exposed places such as mountain ranges in 

Spain including province, administrative district, diocese, municipal, number of households, 

population, geographic peculiarities, climate, agricultural products, and prey species (Fig. 

A1). This monumental work was compiled between 1836 and 1850 with help of more than 

1000 collaborators and appeared in 16 volumes. From this source, a map with 

presence/absence of brown bears could be constructed for many entries within our study area 

(Fig. A2). 

 

Home range sizes 

Data on home range sizes of bears in the Cantabrian Mountains are scarce. However, for two 

cases data from radiomarked bears exist. The seasonal home range size of a male bear in the 

eastern population varied between 39 km2 and 88 km2, excluding the reproductive period, 

when large excursions inflated the home range size to 145 km2 and 1272 km2  in 1987 and 

1988, respectively (Clevenger and Purroy 1991). A family group in the western population 

covered 21 km2 between November and April, and an independent young male covered 16 

km2 in 3.5 months (J. Naves and M. Delibes, unpublished analysis). Thus, the typical spatial 
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scale of annual individual brown bear home ranges in the Cantabrian Mountains could be 

below 100 km2. 
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Table A1. Number of females with cubs and number of observations. The number of family 

groups is given as range showing the number of confident and probable family groups.  

      
 Western population† Eastern population 
          

Year No. family 

groups 

total no. 

observations 

No. family 

groups 

total no. 

observations 
          
1982 8–10 31 3 18 

1983 8–11 34 3–4 16 

1984 8–12 33 2 9 

1985 5-7* 16* 2–3 4 

1986 6–7 55 2–3 11 

1987 6–7 35 2 11 

1988 3 26 2–3 12 

1989 4–6 24 3 28 

1990 7 50 1 4 

1991 6–7 30 4–5 29 

1992 5–6 25 0–1 1 

1993 4–5 19 4–5 26 

1994 2 8 0–1 2 

1995 6–8 31 1 3 
     
Total  78–98 417 29–37 174 
     

* Partial data 
† Data from Wiegand et al. 1998 
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Table A2. Observations of family groups. Author of observations and type of observation.       
 Western population Eastern population 

      
 1982-1995 1989-1995 1982-1995 1989-1995 

          
 n % n % n % n % 

                  
Autor of observation         

         
    research team  44 10.6 44 23.6 18 10.3 16 17.2

    rangers 65 15.6 56 29.9 91 52.3 43 46.2

    local people 86 20.6 82 43.8 51 29.3 30 32.3

    not recorded 222 53.2 5 2.7 14 8.1 4 4.3

    
Type of observation    
    
    tracks 96 23 53 28.3 91 52.3 63 67.7

    direct sightings 160 38.4 120 64.2 65 37.4 28 30.1

    not recorded 161 38.6 14 7.5 18 10.3 2 2.2
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Table A3. Data on habitat use for construction of classes with contemporary bear presence 

and reproduction. 

   
 

 

 

Number of pixels which had x 

bear observations during 

1982- 1991, but no 

reproduction events 

Number of pixels where 

reproduction was observed in 

x years during 1982 - 1995 

   
x East West East West 

1 42 48 31 27 

2 19 11 10 18 

3 6 8 6 10 

4 10 5 2 4 

5 7 3 5 6 

6 3 1 0 3 

7 1 1 1 6 

8 2 2 0 1 

9 0 0 0 1 

10 2 0 0 0 

11 0 0 0 0 

12 0 0 0 0 

13 0 0 0 0 

14 0 0 0 0 

15 0 0 0 0 

16 0 0 0 0 

17 0 0 0 0 

18 0 0 0 0 

19 0 0 0 0 

20 0 0 0 0 

21 0 0 0 0 

22 0 0 0 0 

cells with x = 1, 2 61 (31)* 59 (31)* 41 (31)* 45 (31)* 

cells with x > 2 31 20 14 31 
     

* We removed data points to obtain a sample size of 31 cells per class 
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A 

 

B 

 
 

Figure A1. Example for the historical data of Madoz (1846–1850). This geographic-

statistical-historical dictionary contains systematic information about villages and places 

such as mountain ranges in Spain, compiled between 1836 and 1850. Shown are as example 

the entries for the village Manzanedo and the mountain range Mamed where brown bears 

occurred. Translations are provided for the black marked parts. (A) Manzanedo, located in 

the province of Leon, administrative district of Ponferrada, diocese of Astorga (…), 

municipal of San Esteban de Valdueza. Located at the fold of a hill which prevents sun most 

of winter; cold but healthy climate. (…). Products: rye, potatoes and fruits, wool livestock, 

goats, and some cattle; hunting of roe deer, wild boar and some brown bears. Population: 25 

abutters, 90 souls. (B) Mamed (Mountains of San), the mountains with the highest elevation 

not only in the administrative district of Allariz, but of the entire province of Orense. (…) In 

this mountains are many roe deer, some deer, and sometimes appear a few brown bears; 

abundant small prey species. A digitalized version of the dictionary is freely available at 

http://www.juntadeandalucia.es/cultura/bibliotecavirtualandalucia 
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Figure A2. The data of Madoz (1846–1850) shown for our study area. Blue: villages with 

bear presence, red: places without bear presence. The underlying grid shows our 5km × 5km 

pixels. Note that the data did not allow assigning unambiguously presence/absence for all 

entries.  
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APPENDIX B: NDVI DATA  

Processing of NDVI data 

The NOAA AVHRR images are received by the Remote Sensing Laboratory of the 

University of Valladolid (LATUV) at full resolution (1 km2). The images used were obtained 

mostly from the NOAA-9, 11, 14 and 16 satellites (afternoon passes). The images are 

atmospherically corrected by means of a modification of the 5S code considering mid-latitude 

atmosphere standard parameters. This is a difference e.g., to GIMMS processing which are 

not atmospherically corrected (Pinzon et al. 2004). Finally, clouds are eliminated by visual 

inspection and by a digital algorithm ad-hoc and then the NDVI is calculated.  

 The NDVI images are geometrically corrected following Illera et al. (1996) who use a 

mixed model based on an orbital model and ground control points. Resampling is processed 

by the nearest neighbor in only one step. To avoid residual radiometric errors, and to 

compress the data volume, monthly NDVI composites are created using a maximum NDVI 

compositing algorithm (Holben 1986). Shadows can impact differently on the red and near-

infrared bands, and the NDVI could be impacted by this. Nevertheless, although the band 

ratio (NDVI calculation) does not totally eliminate the problems caused by topography and 

view-Sun geometry, in low spatial resolution images the problems are not very serious. 

Deeper description of the processing of AVHRR at LATUV and different applications of the 

same dataset can be find elsewhere (Illera et al. 1996b; Seoane et al. 2003; Vicente-Serrano et 

al. 2006, 2007). It is well known that the change from NOAA-11 to NOAA 14 between 1994 

and 1995 introduced a NDVI jump (Kogan and Zhu 2001). The jump had in the bear area a 

magnitude of about 20 units. We corrected the jump by adding -10 to the data from the 1987-

1994 period and +10 to the data of the 1995-2001 period. Figure B1 shows the residuals alter 

correcting the jump. Even that we know the technical problems derived from our NDVI 

database, there is no other available NDVI database with enough temporal and spatial 

resolution to make this kind of analysis. 
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 There are several NDVI products based on the AVHRR data: e.g. LAC (Local Area 

Coverage), PAL (Pathfinder AVHRR Land), GAC (Global Area Coverage), GIMMS (Global 

Inventory Modeling and Mapping Studies), FASIR (Fourier-Adjusted, Sensor and Solar 

zenith angle corrected, Interpolated, Reconstructed), LTDR (Land Long Term Data Record). 

Although all these products came from the same sensor on board of the same platforms, they 

were processed by different algorithms and groups. Since AVHRR is a long term database of 

more than 20 years, there were changes and improvements along time and different 

motivations of the research teams emphasized different parts of the processing. In spite of the 

different advantages and disadvantages of each dataset, our research required a fine scale 

dataset, and most of the AVHRR products are only available at a coarse spatial resolution 

(e.g. 8 km).  
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Figure B1. The residuals between the NDVI phenology and the seasonal NDVI pattern, 

averaged over all pixel of a given habitat class, together with envelopes of one standard 

deviation. Note that no data were available between October 1994 and September 1995 due 

to malfunction of the sensor and bad quality of the images due to volcano eruptions. The 

figures show the residuals after correcting the NDVI jump between 1994 and 1995 which 

occurred after the change from NOAA-11 to NOAA-14. 
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APPENDIX C: DETERMINATION OF THE SEASONAL COMPONENT IN THE TOTAL NDVI DISTANCE 

METRIC AND ILLUSTRATION OF THE THREE HYPOTHESES 

Two points x and y in a D dimensional space can be represented as vectors ),...,( 1 Dxx=x  and 

),...,( 1 Dyy=y  and the angle α between these vectors satisfies:  
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 Our goal is to separate from the total difference between two seasonal NDVI patterns 

x and y (= dt) the components dm and ds which are associated with differences in mean NDVI 

and seasonality, respectively. The total difference dt yields 
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and the component dm is defined as 
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Two points ar and b
r

 differ only in their component associated with mean NDVI (i.e., ds = 0 

and dt = dm) if ai = bi + dm, i = 1,.. D; thus the vector a - b describing their difference yields 
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)1,,1 ,1( Kmd=− ba . The angle α between the vectors a - b and (1, 1, …, 1) thus contains the 

information we need to calculate the unknown seasonality component ds. With equation C1 

we find: 
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where d is the our distance metric defined in equation (1). Thus, the component of total 

distance between two seasonal NDVI patterns associated with mean NDVI is given by dm = d 

cos(α). Consequently, the orthogonal component which represents the pure difference 

associated with seasonality yields ds = sin(α)d and 22
ms ddd −= . 
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Figure C1. Our three hypotheses schematically visualized in a two-dimensional projection of 

the twelve-dimensional NDVI-hyperspace. The seasonal NDVI pattern of one pixel is one 

point in the NDVI-hyperspace and the ellipses and circles represent the area in the NVDI 

hyperspace where the points of the different classes (c1, ... c5; closed lines) and points from 

the study area (dashed line) are located. The closer two points in the NDVI hyperspace, the 

more similar are their seasonal NDVI patterns. Within the NDVI-hyperspace, our three 

hypotheses can be reduced to comparisons between two point patterns. A) If the species does 

not use the landscape at random, but selects habitat with a particular ecosystem functioning, 

then the points corresponding to this habitat should cluster within the NDVI hyperspace, 

conditional on the points of the study area. B) The larger the average difference in ecosystem 

functioning between two classes (symbolized by the arrows) the larger the difference in 

habitat quality between two given classes. There are two extreme cases: nested similarity 

where the points of class c1 are clustered in the area occupied by a poorer class (e.g., c5) and 

segregation where point pattern of different classes do not overlap. C) Under nested similarity 

habitat selection of poorer classes becomes weaker (i.e., the area of the point pattern covered 

in the NDVI hyperspace increases) and the area covered by points of a better class overlaps 

with the area of poorer classes. Under segregation the areas covered by points of different 

classes do not overlap. 
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APPENDIX D: ACCOUNTING FOR SPATIAL AUTOCORRELATION 

One seasonal NDVI pattern defines a point in the twelve-dimensional NDVI hyperspace. 

Testing our hypotheses requires comparing the empirical distribution of inter-point distances 

between different point patterns in the NDVI hyperspace. However, the inter-point distances 

may not be independent, as required for our test, since points separated by a small distance in 

the geographical space may show similar ecosystem functioning. Spatial autocorrelation may 

thus cause a type I error by increasing, especially for hypothesis H1, the probability to reject 

the null hypothesis although it might be true. 

 To find out if spatial autocorrelation occurred when analyzing the relation between 

two point patterns i and j we first calculated for each pair of points the inter-point distances in 

the geographical space and the inter-point distance the NDVI hyperspace. Next we calculated 

for all pairs of points between the two patterns i and j the Pearson correlation coefficient and 

determined the average relation between both distances using linear regression (where the 

distance between two pixels in geographical space is the independent variable and the 

distance in NDVI hyperspace the dependent variable; Fig. D1). Serious autocorrelation 

occurred if the Spearman correlation coefficient r would be large, i.e., r > 0.6.  

 To remove potential spatial autocorrelation we weighted the inter-point distance d 

between two pixels in NDVI hyperspace in equation 1 with a weighting factor w. The factor w 

was the normalized inverse linear relationship, determined by linear regression with constant 

aij and slope bij:  

 

  wij(d) = meanij/(aij + bijd)  (D1) 

 

where d is the distance in geographical space, and meanij the mean distance in NDVI 

hyperspace for the given pair i and j of habitat classes. The weighting factor wij increased the 

NDVI distance if the geographical distance between the two pixels was small and decreases 
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the NDVI distance if the geographical distance between the two pixels was large, thus 

counteracting spatial autocorrelation. Figure D1 shows two examples before and after 

removing spatial autocorrelation. 

 In general, the spatial autocorrelation was surprisingly low, the maximal R2-value of 

the linear regression found was 0.27, yielding a correlation coefficient of r = 0.52 (Table D1). 

Only the pairs of classes e1-e1, p1-p1, w5-w5, w3-w3, and w1-w1 showed a correlation 

coefficient r > 0.4 (w: western population, e: eastern population, p: total population). A 

complete listing of all correlation coefficients is shown in Table D1.  
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Table D1. Relationships between distances in ecosystem functioning and corresponding distances in 

environmental variables. The symbols: NDVI: ecosystem functioning, bosq: percentage forest cover, 

rug: landscape ruggedness, dist = distance in geographical space, and alt: altitude, mv: mean distance 

of the variable v between all pairs of points of class 1 and class 2 (v = NDVI, bosq, rug, alt) and level 

of significance for testing hypothesis H1 and H2: **: p < 0.005 , *: p < 0.05, rdist-v: spatial 

autocorrelation between the distance in the variable v and the distance in the geographical space. rNDVI-

v: correlation between the distance in the variable v and the NDVI distance.  

                 
Class v = NDVI v = bosq v = rug v=dist v = alt                             
1 2 mv rdist-v mv rdist-v rNDVI-v mv rdist-v rNDVI-v mv mv rdist-v rNDVI-v                            
 A) Eastern population                  
e1 e1 12.6** 0.52 18.5 0.12 0.51 2.52* 0.27 0.54 2.07** 292 0.25 0.81 
e2 e2 14.8* 0.16 18.2 0.16 0.05 2.88* 0.00 0.11 3.08** 252 0.00 0.49 
e3 e3 17.8 0.19 20.0 0.05 0.11 4.92 0.37 0.36 3.20** 340** 0.38 0.57 
e4 e4 19.0 0.19 18.2 0.03 0.10 6.25 0.24 0.44 4.58** 386* 0.28 0.42 
e5 e5 12.3** 0.33 14.1* 0.04 0.17 4.09* 0.38 0.28 7.18** 314 0.05 0.14 
                
e1 e2 14.7 0.01 18.6 0.02 0.07 2.83 0.16 0.11 2.82 282 0.02 0.53 
e1 e3 16.7 0.10 20.2 0.03 0.04 3.98* 0.05 0.35 3.88** 340 0.11 0.52 
e1 e4 17.6 0.01 19.3 0.08 0.09 4.88** 0.09 0.36 4.12 392 0.08 0.41 
e1 e5 18.4** 0.10 16.9 0.01 0.14 3.57* 0.14 0.28 6.16 698** 0.03 0.62 
e2 e3 16.9 0.03 19.4 0.04 0.01 4.14 0.14 0.27 3.64** 308 0.11 0.53 
e2 e4 17.9 0.11 18.7 0.01 0.01 4.91 0.04 0.36 4.10 355* 0.09 0.41 
e2 e5 16.9** 0.21 17.3 0.03 0.03 3.62 0.02 0.04 6.31** 649** 0.03 0.51 
e3 e4 19.0 0.06 19.3 0.02 0.06 5.78 0.21 0.34 4.06 381 0.27 0.46 
e3 e5 18.6** 0.10 19.4* 0.03 0.03 4.72 0.08 0.08 6.82** 613** 0.02 0.48 
e4 e5 20.0** 0.18 18.6* 0.00 0.04 5.33 0.12 0.39 6.92** 532** 0.04 0.33 
                      
B) Western population           
w1 w1 9.9** 0.42 15.3 0.06 0.11 2.43** 0.10 0.27 2.59** 343 0.52 0.33 
w2 w2 11.3** 0.16 19.6 0.21 0.12 2.60** 0.20 0.21 3.15** 270** 0.13 0.34 
w3 w3 11.1** 0.43 15.5 0.09 0.04 2.48** 0.19 0.18 3.36** 317* 0.38 0.34 
w4 w4 13.9** 0.25 11.5 0.15 0.08 3.06* 0.08 0.08 4.40** 493 0.37 0.37 
w5 w5 15.8* 0.44 13.0 0.35 0.15 3.43* 0.20 0.19 7.06** 396 0.22 0.36 
                
w1 w2 11.2 0.20 17.7 0.10 0.07 2.62 0.04 0.14 3.03 318 0.20 0.28 
w1 w3 11.5* 0.18 16.3 0.05 0.06 2.64 0.10 0.09 3.62** 352 0.12 0.18 
w1 w4 13.9** 0.02 16.3** 0.00 0.02 4.07** 0.03 0.17 4.00** 441 0.03 0.20 
w1 w5 14.7** 0.31 15.7* 0.01 0.03 3.64** 0.07 0.07 6.61** 414 0.05 0.17 
w2 w3 12.2 0.23 18.7 0.03 0.02 2.61 0.08 0.05 3.87** 332* 0.10 0.28 
w2 w4 13.9** 0.11 18.9** 0.09 0.07 3.73** 0.10 0.21 4.02 428** 0.15 0.26 
w2 w5 15.2** 0.36 18.2* 0.08 0.11 3.39* 0.17 0.08 6.48** 414** 0.04 0.25 
w3 w4 13.3 0.18 14.5 0.01 0.00 3.43* 0.13 0.01 4.36 432 0.13 0.27 
w3 w5 14.5 0.24 14.4 0.05 0.01 3.23 0.04 0.13 6.38 375 0.07 0.21 
w4 w5 15.6 0.22 12.6 0.00 0.10 3.37 0.02 0.08 6.53 467 0.18 0.29        
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Table D1 continued 
                 
Class v = NDVI v = bosq v = rug v = d v = alt                             
1 2 mv rdist-v mv rdist-v rNDVI-v mv rdist-v rNDVI-v mv mv rdist-v rNDVI-v                            
C) Total population          
p1 p1 13.5** 0.46 16.5 0.10 0.04 3.31* 0.43 0.03 7.46** 372* 0.14 0.45 
p2 p2 14.1** 0.14 19.1 0.08 0.04 3.11* 0.11 0.05 7.99** 282** 0.11 0.46 
p3 p3 17.0* 0.15 18.4 0.01 0.09 4.48* 0.12 0.16 8.06** 383* 0.20 0.51 
p4 p4 17.6* 0.17 15.2 0.02 0.06 4.81 0.10 0.42 8.71** 459 0.11 0.33 
p5 p5 14.5** 0.20 15.2 0.16 0.16 3.83** 0.15 0.16 12.2** 370 0.04 0.28 
                
p1 p2 14.3 0.22 17.9 0.04 0.02 3.28 0.22 0.09 8.15 335 0.07 0.41 
p1 p3 16.2 0.22 18.3 0.04 0.01 4.12 0.21 0.05 8.45* 380 0.10 0.41 
p1 p4 17.2* 0.17 17.6* 0.02 0.02 4.49 0.05 0.29 8.55 425 0.02 0.29 
p1 p5 15.1* 0.09 16.0 0.03 0.00 3.80 0.23 0.07 10.77 500** 0.07 0.40 
p2 p3 16.0 0.11 19.3 0.00 0.01 3.90 0.05 0.10 8.21 344* 0.15 0.46 
p2 p4 16.8* 0.11 18.6* 0.03 0.01 4.22* 0.03 0.31 8.49 402** 0.11 0.32 
p2 p5 15.8** 0.17 17.3 0.00 0.03 3.56 0.12 0.02 10.7* 521** 0.05 0.40 
p3 p4 17.6 0.12 17.1 0.04 0.06 4.70 0.04 0.26 8.54 429 0.11 0.37 
p3 p5 16.9** 0.08 17.2 0.05 0.06 4.18 0.06 0.06 10.73 496** 0.01 0.43 
p4 p5 17.6** 0.08 16.3* 0.02 0.01 4.38 0.04 0.30 10.86 488** 0.01 0.30       
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Figure D1. Removal of spatial autocorrelation. Two examples for the relationship between 

geographical distance between a pair of pixels and their distance in the NDVI hyperspace, 

taken for all pairs of pixels between two habitat classes. (A) Weak spatial autocorrelation 

within class 1 (frequent reproduction) of the western population with a Pearson correlation 

coefficient r = 0.42. (B) The same relation as A, but with weighted NDVI distance (Eq. D1). 

(C) Weak spatial autocorrelation between class 1 (frequent reproduction) of the eastern 

population (e1) and class 5 (extinction) of the western population (w5) with a Pearson 

correlation coefficient r = 0.36. (B) The same relation as A, but with weighted NDVI 

distance (Eq. D1).  
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APPENDIX E: NESTED SIMILARITY VS. SEGREGATION 
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Figure E1. Nested similarity vs. segregation. The accumulated bivariate distribution H1i(d) of 

NDVI distances d between all pairs of points of class 1 and class i for the western population, 

w, (A), the eastern population, e, (B), and for both populations together, p, (C). The 

distribution H1i(d) gives the proportion of inter-point pairs (between class 1 and class i) which 

have a NDVI distance smaller than d. In case of segregation we expect that the point patterns 

of class 1 and class i do not overlap, thus H1i(d) should drop discontinuously from i = 1 to i 

=2 [i.e., H12(d) << H11(d)]. In contrast, under nested similarity we expect that the point 

patterns of classes 1 and i overlap to some extend, thus H1i(d) should decrease for small 

distances d continuously with increasing i. In all cases there is clear evidence for nested 

similarity. 
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APPENDIX F: Vegetation structure vs. Functioning 

We used different approaches to assess potential correlations between variables of vegetation 

structure and ecosystem functioning. Evidently, there must be some relation since vegetation 

produces greenness; however, it is interesting to find out whether or not this relation would be 

strong at our scale of observation. Clearly, our sophisticated analysis would not be necessary 

if our finding of nested similarity would be imprinted in a straight-forward way by variables 

of vegetation structure. 

 Distance to ecosystem functioning in best habitat.⎯The first approach to assess the 

relation between ecosystem functioning and vegetation structure variables uses an index of 

similarity (sim) giving the NDVI distance between ecosystem functioning NDVIk of a given 

pixel k and ecosystem functioning NDVIbest in the “best” pixels. This index allows us to 

reduce the 12 dimensional variable “seasonal NDVI pattern”, which is used as surrogate for 

ecosystem functioning, to a conventional one dimensional variable which we can correlate 

with environmental variables. To describe averaged ecosystem functioning NDVIbest within 

the best habitat pixels we used the average of the seasonal NDVI patterns NDVIk of the 

eleven best pixels k of each subpopulation (i.e., pixels with the highest number of years with 

recorded reproduction; Figs. 2A, B). Next we calculated with equation 1, separately for each 

subpopulation, the NDVI distance of a given pixel to NDVIbest (sime and simw) and used the 

geometric mean of sime and simw (sim) as final measure of the NDVI distance of a given pixel 

to ecosystem functioning in the areas of highest habitat quality. Using the index sim has the 

advantage over using the 12 variables of the monthly NDVI composites that it incorporates 

the full temporal dimension of seasonality we are interested in. 

 Next, we calculated for the pixels with contemporary and historic bear presence (Fig. 

1) the rank correlation between vegetation structure variables used in the habitat model 

(Naves et al. 2003) and the index sim which describes the NDVI distance of a given pixel to 

ecosystem functioning in the areas of highest habitat quality (Table F1). Interestingly, the 
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indices of similarity in ecosystem functioning of a given pixel to ecosystem functioning 

NDVIbest in the “best” pixels showed only weak correlations with the environmental variables 

(Table F1). For the conjunct of both populations, the highest correlations occurred for forest 

cover (bosq; rSp = -0.4) and landscape ruggedness (rug; rSp = -0.3), which coincided with the 

two variables related with vegetation structure that entered the habitat model of Naves et al. 

(2003). For the eastern population, the index sime showed only week correlations to 

environmental variables which did not exceed a value of 0.34 which was reached for forest 

cover. At the western population, the correlations of simw to environmental variables are 

somewhat higher peaking with rSp = -0.48 for landscape ruggedness and rSp = -0.46 for forest 

cover, again being the two variables that entered the habitat model of Naves et al. (2003). The 

weaker correlation in the eastern population is explained by the finding of Naves et al. (2003) 

that the eastern population is situated in areas of suboptimal habitat, more “controlled” by 

absence of human disturbances than by vegetation. In contrast, the western population is 

situated in areas of optimal habitat.  

 Correlation between NDVI variables and variables of vegetation structure. ⎯The 

second approach investigates the correlation between monthly NDVI composites and the 

variables of vegetation structure used in the habitat model of Naves et al. (2003) and other 

environmental variables.  There were several pairs of NDVI composites - environmental 

variables which showed rank correlations rSp > 0.5 (Table F1), however, these correlations 

were expected by the nature of NDVI and the variables. For example, mean temperature and 

correlated positively with NDVI during late winter and early spring, and negatively with 

altitude. This is expected since higher temperatures will produce at this period of the year 

more vegetation growth and vegetation will grow less at higher altitudes.  

 Correlation between distance in ecosystem functioning and distance between 

environmental variables ⎯Analogously to the analysis of spatial autocorrelation between 

distance in ecosystem functioning, we calculated for each pair of habitat classes i and j (i, j = 
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1,…5) for each pair of pixels both, the distance in ecosystem functioning d and the distance 

dV in an environmental vegetation variable (i.e., forest cover, landscape ruggedness, altitude). 

Next, we calculated the rank correlation rSp between d and dV, taken for all pairs of pixels 

(Table D1). 

 The variable forest cover, the first candidate of causing the observed pattern of nested 

similarity in ecosystem functioning, showed only weak correlations with a maximum of rSp = 

0.51 for the pair e1-e1 but correlations yielded rSp < 0.2 in all other cases. Differences in 

landscape ruggedness correlated slightly more with differences in ecosystem functioning, 

again reaching the maximal correlation in the pair e1-e1 (rSp = 0.54) with somewhat higher 

values in the eastern population, but correlations with rSp < 0.3 in the western population. 

Differences in altitude yielded the strongest correlations with differences in ecosystem 

functioning, yielding correlation coefficients fluctuating around rSp = 0.5 for the eastern 

population, around rSp = 0.25 for the western population, and around rSp = 0.4 for the entire 

population (Table D1). 
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Table F1. Spearman rank correlation between variables of vegetation structure, ecosystem 

functioning, and the monthly NDVI composites taken over all pixels with bear current or 

historic bear presence of the western population (A), the eastern population (B), and total 

population(C). sim: NDVI distance of a given pixel to averaged ecosystem functioning 

NDVIbest within the best habitat pixels (simw in western population, sime in eastern population 

and sim in total population). Vegetation structure and environmental variables used in Naves 

et al. (2003): rug: landscape ruggedness index, bosq percentage forest cover, bosq2 forest 

connectivity at r = 2, mr: percentage shrub and replantation cover, mr1 connectivity of mr at r 

= 1, prec: annual precipitation in mm, temp: mean temperature, alt: maximal altitude in cell.  

          
 sim* bosq bosq2 prec rug mr mr1 temp alt                     
A) Western  population           
simw  -0.46 -0.34 -0.35 -0.48 0.16 0.25 0.19 -0.14                    
jan -0.01 -0.16 -0.07 0.37 -0.26 0.35 0.51 0.33 -0.44
feb 0.06 -0.09 0.01 0.31 -0.29 0.35 0.50 0.36 -0.61
mar 0.06 -0.04 0.05 0.21 -0.29 0.32 0.44 0.44 -0.72
apr -0.05 0.05 0.09 0.21 -0.23 0.19 0.25 0.39 -0.69
may -0.17 0.19 0.12 0.21 -0.09 0.04 0.04 0.26 -0.55
jun -0.37 0.31 0.11 0.30 0.04 -0.04 -0.05 0.12 -0.33
jul -0.59 0.45 0.22 0.46 0.27 -0.12 -0.15 -0.12 -0.06
aug -0.65 0.46 0.29 0.48 0.35 -0.12 -0.16 -0.14 0.01
sep -0.63 0.43 0.34 0.43 0.34 -0.10 -0.13 -0.10 -0.01
oct -0.55 0.33 0.26 0.38 0.31 -0.11 -0.18 -0.15 0.07
nov -0.31 0.03 0.10 0.51 0.03 0.13 0.19 0.04 -0.14
dic -0.09 -0.15 -0.06 0.41 -0.18 0.31 0.44 0.27 -0.33                    
B) Eastern population           
sime  -0.34 -0.23 -0.17 -0.21 0.13 0.16 0.31 -0.24                    
jan 0.38 -0.12 -0.13 -0.26 -0.41 0.44 0.41 0.54 -0.55
feb 0.37 -0.04 -0.07 -0.20 -0.39 0.44 0.39 0.56 -0.62
mar 0.34 0.03 0.03 -0.09 -0.33 0.37 0.33 0.54 -0.64
apr 0.29 0.12 0.13 0.00 -0.25 0.25 0.21 0.60 -0.66
may 0.14 0.26 0.26 0.14 -0.14 0.09 0.05 0.56 -0.64
jun -0.11 0.43 0.34 0.21 -0.10 0.04 -0.01 0.35 -0.48
jul -0.34 0.53 0.42 0.33 0.14 -0.04 -0.14 0.04 -0.16
aug -0.34 0.49 0.40 0.37 0.21 -0.03 -0.13 0.01 -0.11
sep -0.28 0.41 0.33 0.42 0.22 -0.06 -0.18 0.08 -0.14
oct -0.03 0.24 0.23 0.30 0.11 0.07 -0.05 0.21 -0.23
nov 0.21 -0.01 0.07 0.09 -0.06 0.15 0.05 0.32 -0.29
dic 0.34 -0.10 -0.09 -0.19 -0.32 0.37 0.33 0.49 -0.46          
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Table F1 continued 
           
 sim* bosq bosq2 prec rug mr mr1 temp altitud                     
C) Total population           
simp  -0.40 -0.26 -0.17 -0.31 0.12 0.24 0.17 -0.15                    
jan 0.15 -0.16 -0.17 0.10 -0.27 0.37 0.43 0.42 -0.50
feb 0.18 -0.09 -0.11 0.12 -0.26 0.36 0.41 0.44 -0.60
mar 0.16 -0.03 -0.03 0.14 -0.23 0.32 0.34 0.48 -0.66
apr 0.08 0.07 0.07 0.15 -0.20 0.21 0.21 0.50 -0.67
may -0.08 0.23 0.19 0.17 -0.13 0.07 0.04 0.43 -0.60
jun -0.28 0.38 0.24 0.23 -0.06 0.01 -0.04 0.25 -0.42
jul -0.49 0.49 0.32 0.37 0.19 -0.08 -0.15 -0.03 -0.11
aug -0.52 0.46 0.31 0.43 0.27 -0.08 -0.15 -0.06 -0.06
sep -0.49 0.42 0.33 0.39 0.25 -0.08 -0.16 0.01 -0.08
oct -0.37 0.26 0.21 0.34 0.19 -0.01 -0.11 0.05 -0.10
nov -0.09 -0.05 -0.02 0.36 0.04 0.12 0.10 0.19 -0.23
dic 0.08 -0.16 -0.15 0.16 -0.19 0.32 0.36 0.37 -0.40          

*simw in western population, sime in eastern population and simp in total population. 
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