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Summary

1. Ecological specialization is a unifying concept in the biological sciences. While there are reliable

ways to characterize specificity at individual and community levels, the evaluation of population

and species-level measures is lacking. There is a need for such assessments given that populations

and species are the relevant scales for most ecological and evolutionary processes.

2. Using examples of simulated and empirical data sets of bipartite networks representing a contin-

uum of biological interactions, we evaluate six indices of specificity in terms of their robustness to

incomplete sampling and information they extract from data.

3. Robustness differed between the measures and in their ability to differentiate specialists and

generalists along a full continuum. On the empirical data sets, indices were less separated by their

informativity than on the simulated data sets, whichmay be due to the heterogeneity of the former.

4. Based on these different evaluations for species-level (or population-level) specificity, we recom-

mend the use of Resource range when no quantitative data are available and Paired Difference

Index otherwise. These results will assist both applied and fundamental researchers in the character-

ization and interpretation of species specificity.
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Introduction

Ecological specialization is the process by which an organism

adapts to an increasingly narrow subset of its possible environ-

ments and persists in an increasingly narrow range of habitats

(Futuyma & Moreno 1988; Devictor et al. 2010; Poisot et al.

2011a). The outcome of this process is that specialized

organisms will have higher performances in a small subset of

the range of their environmental conditions, both biotic

(e.g. prey, hosts, mutualists) and abiotic (e.g. habitats, physical

or chemical conditions). Specialization is influenced by

numerous evolutionary and ecological processes (Kassen 2002;

Poisot, Thrall &Hochberg 2012; Poisot et al. 2011b), and con-

siderable research has shown how specificity is important in

understanding species biology, behaviour, dynamics (Wilson

& Hassell 1997), distributions and diversity (Levins 1968;

Hudson, Dobson & Lafferty 2006; Lafferty et al. 2008). For

example, specialists are more prone to extinction than general-

ists, and more negatively affected by environmental change

(McKinney & Lockwood 1999; Colles, Liow & Prinzing 2009;

Clavel, Julliard & Devictor 2010; Barnagaud et al. 2011).

Other research has suggested that generalist pathogens,

because of their greater ecological, phenotypic and genetic var-

iability (Kaci-Chaouch, Verneau&Desdevises 2008), are more

likely to acquire new hosts, thus facilitating disease emergence

(Woolhouse & Gowtage-Sequeria 2005). In the context of glo-

bal change, the design of appropriate conservation strategies

and disease control policies requires efficient ways of estimat-

ing specificity with the highest possible accuracy.

While there is considerable literature on specialization and

its ecological and evolutionary consequences, practical

information about how it is best measured at the species level is

scarce and not integrated across fields [see Bolnick (2002), and

Devictor et al. (2010) or Dormann (2011) for, respectively,

individual and community level measurement issues]. One

reason is that different fields have contrasted conceptual and

lexical approaches to the same problem, resulting in a multi-

plicity of terms to describe specificity. Moreover, empirical

studies have emphasized that specificity can be defined in

different ways, includingmeasures of potential specificity, such

as preference for and performance on different resources (Van

Nouhuys, Singer & Nieminen 2003; Singer et al. 2004), and

measures of realized specificity such as observed resource use

(Matich,Heithaus &Layman 2011).

Recently, considerable attention has been given to methods

for estimating specificity, and in particular, the robustness of
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measures to under-sampling, because exhaustive data sets are

rarely obtained from the field (Blüthgen, Menzel & Blüthgen

2006). A number of other issues might affect the accuracy of

specificity measurements. For instance, the interpretation of

specificity will depend on whether it is a continuous or a dis-

crete variable, and if the former, the resolution of its measure-

ment (discrete or continuous data). In the simple case where

two consumers both exploit the same two resources, if one

performs equally on both, while the other performs better on

one, then the latter exploiter is evidently more specific than the

former. This information would be lost, however, if the ability

to exploit a resource wasmeasured as an ‘all or nothing’ binary

variable, leading some authors to separate ‘specificity of

associations’ (i.e. as measured using the adjacency matrix, cor-

responding to a binary view of specialization) and ‘specificity

of impacts’ (i.e. as measured by various proxies for interaction

strength; Bever 2003). Poulin, Krasnov & Mouillot (2011)

recently termed these same notions as ‘basic’ and ‘structural’

specificity (see Glossary). Most importantly, and although

never tested, measures can differ in their ability to quantify

specificity based on the strength of the interaction, which we

will call ‘link strength’ (Berlow et al. 2004). As a consequence,

different measures may not have the same ability to distinguish

specialists from generalists: while some measures are able to

differentiate specificity between species (i.e. in a rank-based

approach e.g. Devictor, Julliard & Jiguet 2008), they are not

necessarily able to accurately estimate their positions on the

specialist–generalist continuum.

The aim of the present study is to evaluate the perfor-

mances of a range of different specificity indices in terms of

their (i) ability to represent the absolute degree of specific-

ity, (ii) robustness to incomplete sampling (as commonly

encountered in field studies) and (iii) information content.

We used both simulated and empirical data sets, the former

enabling the assessment of possible scenarios not repre-

sented by the latter.

Methods

Hereafter, we refer to ‘species’ as the entities under consideration in

measuring specificity, and ‘resources’ as the environments (habitats,

food, interaction partners, etc.) employed by the species (see

Glossary). This terminology, although being a coarse simplification of

a range of ecological scenarios (e.g. mutualistic networks do not

involve sensu stricto consumers and resources), allows us to evaluate

different specificity measures in bipartite species interactions. We

focus on specificity indices calculated from observed link strength

measurements (seeGlossary).Ourmethod, althoughapplied toobser-

vational data, should apply more generally to other types of specific-

ity, for example as inferred from the quantification of genotype-by-

genotype interactions (Vale et al. 2008), gene frequency studies (Weh-

ling & Thompson 1997) or any other proxy for link strength (Berlow

et al. 1999). For clarity, we will briefly describe how such data should

be organized so that themeasures studied can be applied.

The measures studied use consumer performances on several

resources to infer specificity (available in the ESM package for R

(https://r-forge.r-project.org/projects/esm/). The vector of link

strengths of the species under consideration is called P (with length

R, and r non-zero elements). T is the sum of all elements of P.

Because previous study emphasized the need for index normalization

in cross-study comparisons (Poulin 2007), we standardized our

measures so that they return values between 0 and 1, 0 correspond-

ing to absolute generality and 1 to absolute specificity; thus, the

formulas presented in Table 1 sometimes differ from their original

derivations.

RESOURCE RANGE: RR

The RR index estimates specificity based on the fraction of resources

exploited with a non-zero performance, regardless of the link strength

with each resource (Schoener 1989):

RR ¼ R� r

R� 1
: eqn 1

Resource range is a normalization of the total number of links

established from a given trophic level to the immediately lower one

(or in the broader context of unipartite networks, howmany links are

established by a focal species, that is, its degree). Despite not using

quantitative link strength information, we included this measure here

because of its simplicity and frequent use (Novotny et al. 2002).

COEFFIC IENT OF VARIAT ION (COV)

Julliard et al. (2006) described the ‘Species Specificity Index’, which is

the coefficient of variation in the distribution of performances:

Table 1. Families of the different indices used in this study and their performances for different criteria. ‘Low robustness’ measures may include

ranges that are robust, but not for connectance values observed in nature. A description of each index with its associated formula is given in the

Methods. ‘Community context’ refers to the fact that some measures use the link strength distribution of surrounding species to evaluate the

specificity of a focal species

Index properties Results

Data Approach Community context Robustness Informativity Absolute values

RR Binary Richness No High Low +

CoV Continuous Variance No Low Medium )
HS Continuous Distance No Low Low )
PDI Continuous Variance No High High +

d’ Discrete Distance Yes High Low )
SDI Discrete Richness No Low Very low )

CoV, coefficient of variation; PDI, Paired Difference Index; RR, Resource Range; SDI, species diversity index.
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CoV ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
i

Pi � lð Þ2
r

lR
ffiffiffiffiffiffiffi
R�1
R

q ; eqn 2

where l is the mean performance (the multiplier is a normaliza-

tion of the index so that it yields values between 0 and 1).

SHANNON’S EVENNESS: HS

Schug et al. (2005) recommend the use of Shannon’s H index to esti-

mate tissue-promoter specificity, a type of interaction typically with

few null interactions. Shannon’sH can be applied to ecological speci-

ficity by assuming local population size as a proxy for the strength of

each link, and total population as the sum of link strengths over all

resources.We normalizeH to yield values between 0 and 1:

HS ¼

PR
i¼1

Pi

T
ln

Pi

T

� �� �

lnðRÞ þ 1: eqn 3

Since when Pi = 0 this measure is not defined, we set all null inter-

actions to very small values e (e = 1Æ10)12). This correctionmaintains

the total number of resources (R) constant across all species in the

network.

d ¢

Blüthgen, Menzel & Blüthgen (2006) proposed a species-level mea-

sure of specificity, d¢, which is calculated first by finding di

di ¼
Xc
j¼1

p0ijln
p0ij
qj

� �
; eqn 4

with c the number of resources, p¢ij the proportion of interactions

divided by the sum of performances of species i, and qj the sum

of interactions of resource j divided by the total number of

interactions in the matrix (Blüthgen, Menzel & Blüthgen 2006).

The value of d¢ is then obtained by normalizing di, such that

d¢ = (di ) dmin) ⁄ (dmax ) dmin).

Note that because q integrates the sum of total interactions across

the network, the value of d¢ returned for any given species is not inde-

pendent from the performances of co-occuring species.

PAIRED DIFFERENCE INDEX: PDI

The ‘Paired Difference Index’ (PDI) takes into account that perfor-

mancesmay have a variety of statistical distributions, and thus no sin-

gle variability measure will apply equally to all data sets (Poisot et al.

2011b,c). PDI contrasts a species’ strongest link on a resource with

those over all remaining resources.

PairedDifference Index is calculated as follows:

PDI ¼
PR

i¼2 P1 � Pið Þ
R� 1

; eqn 5

where P1 is the highest link strength, Pi is link strength with the ith

resource, and R is the number of resources in the data set. PDI can

employ binary, categorical or continuous data. For example when

data are ‘all or nothing’, the PDI is calculated measuring the number

of interactions of strength 1 and comparing them to the total number

of interactions (in which case PDI = RR).

SPECIES DIVERSITY INDEX (S IMPSON’S SDI )

Based on the property that specificity can be viewed as lack of even-

ness in the distribution of link strengths of a focal species, we included

SDI (Simpson 1949) as a measure of specificity. Note that previous

studies used HS for the same purpose (Tylianakis, Tscharntke &

Lewis 2007).

SDI ¼ R½P=ðP� 1Þ�=½RP � ðRP� 1Þ�: eqn 6

Owing to the fact that this measure only accommodates discrete data,

the samemethod of transformation as for d¢ was applied.

ABIL ITY TO DIFFERENTIATE SPECIAL ISTS AND

GENERALISTS

One of the most important criteria for choosing a particular specific-

ity measure is its ability to discriminate between specialists and gener-

alists. Levins (1962) proposed that the shape of the performance

trade-off reflects the potential for ecological specialization across

multiple environments. Frank (1994) showed that bymodifying a sin-

gle parameter (q, that we call ‘expected specialization’, see legend of

Fig. 1a), we can generate a continuum of trade-off shapes ranging

from decelerating (indicating generalization, values of q < 1) to accel-

erating (indicating specialization, values of q > 1). We use this

approach to simulate the distribution of link strengths within a vector

P (Fig. 1a). We consider one species exploiting 100 resources ranging

from ‘generalist’ situations (q < 1) to ‘specialist’ situations (q > 1).

We then examined the value returned by each specificity measure (with

the exception of RR, which cannot accommodate quantitative data) to

gauge their abilities to discriminate between specialists and generalists.

ROBUSTNESS AND INFORMATIV ITY ANALYSES

We also evaluated the robustness of the different measures to missing

data. Missing data in empirical networks reduce the number of

resources and can bias the signal towards generalism, since all else

being equal, we are more likely to omit specialists with each missing

resource (in cases of consumer–resource interactions, missing con-

sumers will not affect the estimation of species-level specificity). In

addition, an index may be robust but not informative, introducing

the need to analyse the quantity of information they yield (Bushberg

et al. 2003). In both cases, we used both simulated and empirical

bipartite networks to assess the behaviour of each specificity estima-

tor. We describe data sources, and robustness and informativity anal-

yses in detail below.

Empirical and simulated networks

We employed both empirical and simulated bipartite networks to

evaluate specificity measures. We used all of the empirical bipartite

networks listed in the NCEAS InteractionWeb data base (http://

www.nceas.ucsb.edu/interactionweb/) as of January 2011. Unipartite

data sets (i.e. food webs with multiple trophic levels) were trans-

formed in a square matrix, with matrix rows being the organisms for

which specificities are estimated. Because of differences in the types of

systems, data quality and samplingmethodology, the results obtained

on empirical networks are comparatively less meaningful than those

obtained from simulated data.

Simulated bipartite networks were also employed as empirical data

are prone to two main types of bias. First, empirical webs may be

incompletely sampled, and as such robustness to partial sampling
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cannot be assessed. The actual degree of incomplete sampling cannot

be known and is likely to differ between empirical webs. Second, the

small set of empirical webs that could be assessed does not cover the

full range of topologies found in nature, and consequently we

increased the spectrum by employing numerically generatedwebs.

We used the procedure described by Blüthgen et al. (2008) to simu-

late bipartite networks, each containing 50 species and 40 resources.

Preliminary studies showed our results to be insensitive to this choice;

the 40 · 50 size of the networks is a compromise between sufficient

resolution and computation time.

We employed connectance (i.e. the number of established links

expressed as a proportion of the size of the network) to classify simu-

lated and empirical networks on a continuum (see Discussion). Our

simulated data set had 260 networks covering a larger range of

connectance values than what is observed in nature. Note that the

simulated networks we used have the same relationships between

nestedness and connectance as the available empirical data.

Analysis

We conducted two analyses to evaluate the relative merits of the dif-

ferent specificity measures. First, we evaluated index robustness to

missing data, using a method originally applied to extinctions in

networks (Memmott, Waser & Price 2004). We randomly removed

columns (resources) from the data set (100 replicates for each level of

removal), with a minimum of five resources remaining after the remo-

vals. This procedure simulates a randomly sampled community, thus

approximating unbiased field sampling. The specificity of each species

in the resulting community is compared to its values in the original

community, and the absolute error is calculated (averaged by the

number of species). Higher absolute errors indicate that the measure

is not robust to sampling errors.

Second, we investigated the informativity (f) of each measure,

using the ‘signal-to-noise’ ratio. Let S be a vector containing the spec-

ificities of all species in a network i, as measured using a given index

(e.g. RR, PDI, or d¢). This ratio is measured by dividing the mean of

the specificity values for all the species in the network by their stan-

dard deviation (fi = lS ⁄ rS). A high value indicates that the index is

highly informative (i.e. will quantitatively contrast different interac-

tion strength distributions). A low value indicates that even though

the link strengths distributions of two species are different, specificity

estimates are similar, which would make the index less useful as a

measure of specificity. Note that f is defined for each measure and for

each network. To allow a meaningful comparison of the informativi-

ties of the different indices over the whole range of networks, we

employ a summary statistic (‘total informativity’, TI), defined as the

sum of informativity levels multiplied by their densities. The latter

was estimated using a Gaussian cluster on 500 points (Silverman

1986).

Results

ABIL ITY TO DIFFERENTIATE SPECIAL ISTS AND

GENERALISTS

Figure 1 presents the values of the six specificity indices based

on simulated distributions of link strengths. Qualitatively, as

expected, all indices yield higher specificity as the trade-off in

the distribution of link strengths becomes more accelerating.

Quantitatively, the indices show two different behaviours.

With the exception of PDI, all indices increase beyond 0 with

increasing expected specialization, but only do so once the crit-

ical threshold of q = 1 (linear trade-off, i.e., neither specialist

nor generalist) is reached. In contrast, PDI increases below this

threshold and reaches a value of 0Æ5 at q = 1 (Fig. 1), meaning

that the absolute value of PDI is the position on a specialist–

generalist continuum.

ROBUSTNESS TO SAMPLING ERROR

Figure 2 presents the robustness of each of the indices to

situations where resources are not completely sampled (on
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Fig. 1. (a) Illustration of different distributions of resource utilization for a particular species, ranging from complete generalism to complete spe-

cialism. The value next to each line is the dimensionless parameter q, giving the rate at which the link strength on resource 1 (y) decays with

increases in link strength with resource 2 (x), based on y = (1 ) x)q. Specifically, when R resources are available (we used R = 100), the link

strength of the species with the resource of rank r is Pr ¼ ð1� r
RÞ

q. Note that this formula is normalized, with values of 0 and 1 corresponding to

the lowest and highest link strengths, respectively. Only the rate at which link strength decays on successive resources (i.e. specialization) varies

with the value of the exponent. (b) Values returned by each specificity index as a function of q (expected specialization). In (a) and (b), the grey

area indicates the separation between specialist and generalist strategies, with the white area indicating specialist strategies. While all evaluated

indices function in a consistent way (i.e. higher values of q yield increased specificity), there are quantitative differences with respect to generalism

(as discussed in themain text).
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simulated webs). Robustness to missing resources differed par-

ticularly at low connectance values (Fig. 2). Two broad pat-

terns emerged. SDI, CoV and HS are robust on highly

connected networks, but less robust to the range of connec-

tance values observed in natural systems (left of the vertical line

in Fig. 1). Conversely, d¢, PDI and RR are robust over the

whole range of connectance values examined, and maintain

this property even though sampling is incomplete.

INFORMATIV ITY

Figure 3 shows informativity levels of the six indices on the

simulated (Fig. 3a) and empirical (Fig. 3b) data. TI calcula-

tions are presented in Table 2. High TI indicates the accurate

tracking of small differences in species-interaction strength dis-

tributions. For the simulated networks (Fig. 3a), PDI is the

most informative measure (TI = 502), and SDI is the least

informative (TI = 142). All other indices are of similar total
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Table 2. Total informativity (TI) of the six indices evaluated in this

study. Higher values indicate higher TI. See main text for details

Simulated webs Empirical webs

RR 252Æ07 254Æ50
CoV 277Æ45 225Æ27
HS 255Æ30 268Æ22
PDI 501Æ95 253Æ96
d ¢ 253Æ05 175Æ01
SDI 142Æ74 131Æ32

CoV, coefficient of variation; PDI, Paired Difference Index; RR,

Resource range; SDI, species diversity index.
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informativity (TI = 255). A similar pattern is observed for the

empirical networks (Fig. 3b), although differences in TI are

reduced. Four of the six indices have similar total informativi-

ties (TI = 250–270) with HS having the highest value, and

two indices being distinctively lower, with SDI (TI = 131)

being the lowest.

Discussion

Characterizing specificity is challenging, because there are

many possible quantitative descriptions, and a given index

may not perform equally well based on different criteria. Yet,

given the relevance of this concept to ecological and evolution-

ary processes (Devictor et al. 2010; Poisot et al. 2011a), it is

important to evaluate a range of alternatives. In particular, the

question of how specificity indices perform to incomplete

sampling and observational error is essential if we are to inte-

grate experimental or field data (which is often incomplete)

with theoretical work and simulations (where all data are

available). In addition, given the importance of specialization

in evolutionary biology (Futuyma & Moreno 1988; Futuyma

2010), there is a need to assess how indices relate to classical

estimators of the tendency for specialization, such as can be

inferred from fitness sets and adaptive functions (Levins 1968;

Frank 1993; Egas, Dieckmann & Sabelis 2004; Débarre &

Gandon 2010).

We suggest that a general index of specificity should satisfy

each of the following three criteria: (i) meaningful numerical

values associated with the full range of possibilities, going from

pronounced skew (i.e. specificity) to even distributions of link

strengths (i.e. generality), (ii) robustness to under-sampling

and (iii) informativity (i.e. strong signal-to-noise ratio).

Whereas several studies have investigated robustness to

sampling (Blüthgen, Menzel & Blüthgen 2006; Vázquez et al.

2007; Dormann et al. 2009), the other properties considered in

the present study have been generally overlooked. Our results

show that no single index performs best on all data sets and for

all criteria considered. The different indices investigated yield

contrasting values of specificity on an identical data set,

because most of them are unable to differentiate true general-

ists (equal link strength onmost of the resources) frommargin-

ally specialized organisms (a small fraction of relatively

stronger links). Although our study focuses on bipartite spe-

cies-interaction networks, our results are relevant to other

types of ecological network, and more broadly to all domains

in which the notion of specificity is relevant. This illustrates the

need for careful application and interpretation of specificity

indices, given that as discussed below, only a few of the indices

emerged as choices for different scenarios.

We found that the six indices yielded different specificity

distributions for the same reference network. This can be

explained by the fact that these indices exhibit different behav-

iours on a continuum ranging from extreme generalism to

extreme specialism (Fig. 1). With the notable exception of

PDI, none of the indices were able to correctly distinguish

generalism from very low degrees of specialism, which would

be necessary for example to assess underlying cost structures

(Egas, Dieckmann& Sabelis 2004). As an illustration, using an

expected specialization value of 50 (the leftmost line in

Fig. 1a), for which we expect the index to indicate high

specificity, most of the indices yielded relatively low values,

while PDI yielded a value >0Æ9 (i.e. high specificity, Fig. 1b).

The fact that other measures only return information for very

high values expected specialization (q > 10) could be an

advantage, in that they can be employed to detect fine-scale

variations in specificity among extremely specialized organ-

isms. Accurate characterization of specificity is important

because some authors work on ranks to circumvent the

problem of interpreting absolute values (Devictor, Julliard &

Jiguet 2008), and as such there is the risk of misinterpreting

low specificity values as reflecting some level of generalism. An

additional limitation of the rank-based approach is that it

lumps specialists and generalists together and thus cannot

inform on the underlying ecological and evolutionary

processes that may favour the emergence of maintenance of

specialists or generalists (Greenman & Hoyle 2008; Johnson,

Malenke & Clayton 2009; Wiklund & Friberg 2009). Absolute

values of PDI are straightforward to interpret, since any value

below 0Æ5 indicates generalism, and any value above 0Æ5
indicates specialism. While all of the indices are able to

quantify the degree of specialism (i.e. they return higher values

with increased specialization), based on our analysis PDI yields

more information on the degree of absolute generalism, and as

such will be informative across a wider range of ecological

scenarios.

We found that network structure (measured here as connec-

tance) influenced the robustness of several specificity indices.

Although it is unknown how the ecological effect of specialists

and generalists may change in different network topologies, we

believe that to assess this, it is important that we estimate speci-

ficity using indices consistent in their behaviour across a range

of network structures. In this respect, we suggest that the use of

RR and PDI allows the reliable estimation of specificity for

different kinds of networks, because they display higher

robustness over the range of connectances found in nature and

are highly informative. Given that RR does not account for

differences in link strength, it will best employed as a measure

of interaction (basic) specificity, whereas PDI can be used as a

measure of structural specificity (Poulin, Krasnov & Mouillot

2011). Note also that RR and PDI yield the same specificity

estimates for binary data, meaning that these two measures

could be used indiscriminately on this kind of information

(and can easily be compared inmeta-analyses).

As a final note, we stress that the indices presented here

focus solely on the association matrix (and as such were evalu-

ated in a ‘common garden’ situation in which all resources are

at equal frequencies), and neglect any systematic bias in the

interaction matrices. The two most common biases are phylo-

genetic relationships involving consumer species or resources,

and variation in resource availability. Several studies have inte-

grated phylogenetic information in specificity analyses (Poulin

& Mouillot 2003, 2005), and recent theoretical developments

suggest the importance of including phylogenetic information

in explaining community structure (Cavender-Bares et al.
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2009; Nieberding, Jousselin &Desdevises 2010). In most cases,

this is performed by correcting specificity values for non-inde-

pendence because of evolutionary relatedness (Simková et al.

2006). Sufficiently species-rich data sets could be corrected for

phylogenetic effects by partitioning variance (Desdevises et al.

2003), and methods exist to remove the impact of the relative

frequencies of resources on the interaction data (Vázquez et al.

2007). For example, Julliard et al. (2006) proposed evaluating

specificity at finer spatial resolutions, and to weigh specificity

distributions using habitat frequencies. More recent advances

suggest that information about both phylogenetic relatedness

and relative resource abundance can be used to correct the

observed interactionmatrix (Nieberding, Jousselin&Desdevis-

es 2010). We cautiously suggest that our conclusions may hold

even when data are corrected for the aforementioned biases,

although we did not apply these corrections, we tested the

indices over a wide range of link strength distributions. Cor-

recting data for non-independencewould affect the distribution

of link strength, but not change the behaviour of themeasure.

In conclusion, based on our evaluations, we encourage

researchers to make use of RR to estimate the specificity of

associations (i.e. Schoener’s generality) and PDI to estimate

the specificity of impacts (i.e. the skewness of the link strength

distribution), with the possibility to use other measures to

detect fine-scale variation in specificity among highly special-

ized species. Previous literature has established that quantita-

tive information on link strength is not necessary for some

problems (Briand 1983; Briand & Cohen 1987), and in these

cases, PDI andRR are equivalent.We believe that these results

will be of use beyond ecological and evolutionary scenarios

involving populations and species. In recent years, quantifying

specificity has proven to be important for the analysis of social

networks (Onnela et al. 2007; Palla, Barabási & Vicsek 2007),

gene expression in tissues (Liu et al. 2008), and residual inter-

actions in proteins or protein ⁄protein interactions (Csermely

2008; Palotai & Csermely 2009). We argue that our results will

be broadly applicable to estimating specificity in these and

other fields.
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Glossary

Link strength Interaction intensity established between two species. Link strength can be, for example, a

measure of performance, frequency of encounter or impact or fitness consequences of the

interaction, depending on which methodology applies to the system under consideration

Consumer & resource Denote, respectively, the focal organism for which the interaction range is being assessed

(e.g. a predator species) and the set of organisms with which the focal organism interacts

(e.g. prey species)

Specialization Adaptive and ecological process leading an organism to become more markedly adapted to a

subset of its possible resources, leading to an increase in the link strengths with these

resources

Specificity The state of an organism defining a restricted number of interactions, or the skew in link

strengths or performances over a subset of interactions

Specificity of associations vs.

of impacts

Specificity of association is inferred by counting the number of links established by a con-

sumer with different resources (corresponding to the ‘generality’ sensu Schoener 1989), and

specificity of impacts accounts for the link strength of each of the established interactions

Generalist Consumer having similar link strengths over most of its possible resources

Specialist Consumer having stronger link strengths in association with a limited subset of its possible

resources. The strengths of a specialist’s links decrease as it moves away from its optimal

resource
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