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Abstract. Recent studies have suggested that plant–pollinator interactions may be less
specialized than previously thought. We contrasted patterns of specialization observed in
five plant–pollinator interaction webs with predictions based on null models. In the five
data sets, the observed number of extreme specialists and extreme generalists was signif-
icantly higher than the null expectation. This pattern was mostly due to a positive correlation
between species frequency of interaction (f ) and their estimated degree of generalization
(s). After accounting for this association, the expected frequency distribution of degree of
specialization generated by the null model closely matched the observed frequency distri-
bution in the five data sets. A second null model, which explicitly incorporated the cor-
relation between f and s, also generated expected frequency distributions of specialization
that closely resemble those observed in the data sets. To make progress in understanding
the distribution of degree of specialization in pollination systems it will be necessary not
only to improve the quality of the data and to refine methods used to quantify specialization,
but also to answer the question of why more frequently interacting species appear to be
more generalized.

Key words: frequency of interaction; generalization; mutualism; null models; plant–pollinator
interactions; pollination; sampling bias; specialization.

INTRODUCTION

Biologists have long been aware of the importance
of interspecific interactions in shaping evolutionary
processes. Interacting species can have tremendous re-
ciprocal influences on their ecological and evolutionary
dynamics. However, not all interactions have the same
potential to drive reciprocal evolutionary change.
Highly specialized interactions are more likely to lead
to coevolution than generalized ones (Thompson 1994,
Waser et al. 1996; but see Gómez 2002). Plant–polli-
nator interactions have often been regarded as highly
coevolved and specialized, and some evolutionary bi-
ologists have suggested a general evolutionary trend
from generalization to specialization, with increasingly
tight coevolution of interacting partners (Schluter
2000).

Traditionally, most research in the field of pollination
biology involved detailed studies of small groups of
species. However, biologists are increasingly empha-
sizing a broader community-level perspective, in which
patterns of interaction among all the plants and polli-
nators in a given area, or substantial subsets, are studied
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simultaneously (Jordano 1987, Waser et al. 1996). In
many cases, this approach is revealing a greater degree
of generalization in interactions than previously
thought (Herrera 1988, Ollerton 1996, Waser et al.
1996, Gómez and Zamora 1999; but see Johnson and
Steiner 2000). For example, Waser et al. (1996) have
analyzed several community-wide data sets to show
that, contrary to the traditional view, pollination sys-
tems contain many generalist species of plants and pol-
linators, and that relatively few species are specialized
with one or a few interacting partners.

We propose that any statement about an observed
pattern should be considered in light of a null expec-
tation. Many of our current questions about speciali-
zation in plant–pollinator interactions cannot be an-
swered without such consideration. For example, is the
number of specialists or generalists in a given com-
munity high or low compared to what would be ex-
pected in an assemblage where interactions are as-
signed randomly among species? Null models (e.g., the
generation of randomized data sets in the absence of a
hypothesized mechanism) represent a useful tool to ad-
dress the above questions. Null models have played an
important role in many areas of community ecology
and biogeography (Gotelli and Graves 1996, Gotelli
2001). However, to our knowledge, there have been no
previous attempts to use null models to test patterns of
specialization in pollination systems. Here we report
the results of a comparison between observed patterns
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TABLE 1. Data sets included in the study.

Data set Habitat type Location f data† m‡ n§

Clements and Long
(1923)

montane forest and
grassland

Pikes Peak, Colorado, USA. none 96 276

Inouye and Pyke
(1988)

montane forest Kosciusko National Park, New
South Wales, Australia

no. individuals
caught

42 91

Memmott (1999) meadow England visit frequency 25 79
Motten (1982) deciduous forest Durham and Orange counties,

North Carolina, USA
visit frequency 13 44

Vázquez (2002) evergreen montane
forest

Nahuel Huapi National Park,
Argentina

visit frequency 14 93

† Type of data on frequency of interactions included in the data set.
‡ Number of plant species.
§ Number of pollinator species.

in five published data sets against those generated by
null models.

METHODS

Data sets

We used five data sets from published community-
wide studies of plant–pollinator interactions (Table 1).
Each data set consisted of a binary interaction matrix,
in which rows represented pollinator species and col-
umns represented plant species (i.e., a plant–pollinator
interaction web; see Plate 1). In these matrices, a cell
ij containing a ‘‘1’’ represents an interaction between
pollinator species i and plant species j, while a cell
with ‘‘0’’ represents no interaction. In addition, four
data sets contained information on the frequency of
interaction between pairs of species (either visitation
frequency of each pollinator species to each plant spe-
cies, or number of individuals of each pollinator species
caught while visiting flowers of each plant species;
Table 1). Thus, if ones in the binary matrix are replaced
by integer, positive numbers representing the number
of times a pair of species was observed interacting, we
obtain the so-called ‘‘interaction frequency matrix.’’

Quantification of degree of specialization and
interaction frequency

Because of limited information available in the data
sets, we used a simple measure of specialization: the
total number of species with which a given species was
observed interacting (s), obtained from the binary in-
teraction matrix as the sum of the columns or rows for
plants and pollinators, respectively. Frequency of in-
teraction ( f ) for plants and pollinators was calculated
from the sum of columns and rows, respectively, in the
interaction frequency matrix, for the four communities
for which this information was available.

Null models

We used simple computer algorithms written in
MATLAB (MathWorks, Natick, Massachusetts, USA)
to randomize plant–pollinator interactions in the five
data sets (see Appendix A). Randomizations were per-
formed by randomly distributing the observed total

number of interactions among species of plants and
pollinators, with the only restriction that each species
had at least one interaction (as was the case for all
plant and pollinator species included in the data sets).
Because our randomization routine conserved the total
number of observed interactions, connectance (i.e., the
number of observed interactions divided by the max-
imum number of potential interactions; Jordano 1987)
in the randomized data sets was the same as in the
original data sets.

We used two basic models. In null model 1, every
species was assigned an interaction by randomly se-
lecting a species from the pool of possible interaction
partners. Once every species had been assigned one
(and only one) interaction, the remaining interactions
were assigned by randomly selecting pairs of plant and
pollinator species. Thus, in this model all plant or an-
imal species had a priori the same probability to in-
teract, independent of their interaction frequency. The
expected value of s for plants will be E{s} 5 nC 5 L/
m, where C is the connectance of the interaction matrix
(proportion of cells with ones), L is the number of links,
and m and n are the numbers of plants and pollinators,
respectively. Similarly, for pollinators the expected
value of s will be E{s} 5 mC 5 L/n.

In null model 2, every species was assigned an in-
teraction by randomly selecting a species from the pool
of possible interaction partners. Once every species had
been assigned one (and only one) interaction, the re-
maining interactions were assigned proportionally to a
species’ observed interaction frequency, so that fre-
quently interacting species had a higher probability of
being assigned an interaction than rarely interacting
species. The expected value of s for plant species i will
be E{si} 5 wiL, where wi is the proportional frequency
of interaction of plant species i (i.e., wi 5 fi / fk);

mSk51

thus frequently interacting plant species had a higher
expected number of interactions than rarely interacting
species. Similarly, the expected value of s for pollinator
species j is E{sj} 5 wjL.

The algorithm then compared the observed frequen-
cy distribution of degree of specialization (s) with the
expected frequency distribution under each null model,
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PLATE 1. Bumble bee Bombus dahlbomii visiting Vicia
nigricans in Nahuel Huapi National Park, Argentina. Bombus
dahlbomii is the most generalized pollinator species recorded
in the Vázquez (2002) dataset; V. nigricans is a specialist,
interacting almost exclusively with B. dahlbomii. Photo by
Diego P. Vázquez.

calculated as the mean frequency over 1000 iterations.
We used a difference statistic, D, to compare the ob-
served and expected distributions (see Manly 1997,
Veech 2000). The statistic computes the difference be-
tween the frequency distribution of s in the original
data or in each of the 1000 randomized data sets and
the expected frequency distribution of s (i.e., the mean
frequency distribution of the 1000 randomized data
sets). Thus, D 5 zdiz, where zdiz is the absolute valuekSi51

of the difference between the expected and the ob-
served (or randomized) frequency for category i of the
frequency histogram, and k is the total number of cat-
egories (the total number of pollinator species for
plants, and the total number of plant species for pol-
linators). We then compared the D statistic calculated
for the original data with the 1000 D statistics calcu-
lated for the randomized data. The significance of the
D statistic for the original data is assessed by means
of a one-tailed P value, calculated as the proportion of
randomized D values greater than the observed D.

In addition, our algorithm estimated the 95% and
99% confidence limits of the expected frequency dis-
tribution. Confidence intervals were used to test wheth-
er the frequency observed for a particular category of
s was statistically different from the expected frequen-
cy generated by the null model.

Removing the correlation between f and s

To account for the positive correlation between fre-
quency of interaction (f) and estimated specialization
(s) (see Results), we used the residuals of the linear
regression between the natural logarithms of s and f as
an adjusted measure of specialization. This procedure
factors out much of the correlated effect of f on s. We
then added a constant (positive integer) to the residuals,
back transforming and rounding the resulting values to
avoid fractional numbers of interactions. The resulting
mathematical relationship between the uncorrected (s)
and corrected (sc) estimates of specialization is sc 5
[er 1 c], where r represents the residuals of the regression
between ln s and ln f (i.e., r 5 ln s 2 ln ŝ, where ŝ are
the predicted values of s), c is a constant, e is the base
of the natural logarithm, and the brackets indicate
rounding to the nearest integer. The constant c was
added so that the total number of interactions added
up to the original number of interactions, and was found
using an iterative process. Parameter estimates and sig-
nificance testing of regressions are in Appendix B.

When incorporating the correction for the relation-
ship between f and s we excluded plant and pollinator
species for which we detected less than eight interac-
tions. The reason for such exclusion was to avoid forc-
ing the regression through the origin (if a species is
observed only once, its sc value will be necessarily 1).
However, to make sure that excluding rare species did
not affect our results, we also performed the correction
and ran null model 1 including rare species; results

were not affected. We therefore report only results ex-
cluding rare species.

RESULTS

The observed frequency distribution of s signifi-
cantly differs from the expected frequency distribution
under null model 1 for all data sets (Fig. 1). The ob-
served number of extreme specialists (i.e., species with
extremely low s values) was in 8 of 10 cases higher
than the upper confidence limit of the null model ex-
pectation. The two exceptions to this pattern are (1)
plants in the Motten (1982) data set, where the ob-
served frequency of s overlapped with the upper con-
fidence limit for the lowest two categories of s; and (2)
plants in the Vázquez (2002) data set, where the ob-
served frequency for the lowest category of s over-
lapped with the upper confidence limit (Fig. 1). In the
two cases, however, the observed frequency for the
second lowest category (i.e., s 5 3, 4) was above the
95% confidence limit of the expected frequency. The
observed frequency of extreme generalists (i.e., species
with extremely high s values) was higher than the upper
99% confidence limit of the expected frequency for
plants and pollinators in the five data sets. Thus, in
most cases for extreme specialists, and in all cases for
extreme generalists, the observed frequency of s is sig-
nificantly higher than expected under null model 1.
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FIG. 1. Results of null model 1 simulations and comparison with five data sets, using original (uncorrected) data. Figures
represent observed (dashed line) and expected (continuous line) frequency of number of interacting partners per species
(number of pollinator species for plants, or number of plants species visited for pollinators). Expected frequency is the mean
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FIG. 2. Relationship between estimated degree of spe-
cialization (s) and total frequency of interaction (f) for plants
and pollinators for the four data sets that included information
on frequency of interaction (see Table 1). Notice logarithmic
scale in abscissa and ordinates.

←

of 1000 randomizations, and error bars represent the 95% (inner) and 99% (outer) confidence limits of expected frequency.
(Because frequencies are discrete, confidence intervals for the two significance levels overlap in many cases.) Numbers at
upper right corner of plots are the P values of the difference test.

Results presented in Fig. 1 suggest that extreme spe-
cialization and extreme generalization are unusually
common in the data sets. However, a closer look at the
data reveals a disturbing fact about our estimate of
specialization: in the four data sets that provided an
estimate of frequency of interaction (see Table 1), there
is a positive correlation between the estimated degree
of specialization (s) and the observed frequency of in-
teraction (f) (Fig. 2). In other words, more frequently
interacting species appear more generalized than less
frequently interacting species.

To eliminate the correlation between s and f we ap-
plied the correction described above (see Methods: Re-
moving the correlation between f and s), and then re-ran
null model 1 using sc. The observed frequency distri-
bution of sc did not differ significantly from the ex-
pected frequency distribution generated by the null
model in any data set except Vázquez, plants (Fig. 3).
Furthermore, in most sc categories the observed fre-
quency fell within the confidence intervals generated
by the null model, with the sole exception of the highest
category in plants in the Vázquez data set, which was
above the 99% confidence limit (Fig. 3).

As another way of taking into account the correlation
between s and f, we used null model 2 (see Methods:
Removing the correlation between f and s). This ap-
proach allowed us to incorporate such correlation while
still using the untransformed (original) s values. The
results from this model were closer to the observed
patterns of the distribution of specialization than with
model 1 for the uncorrected data, although there were
significant differences between the observed and ex-
pected distributions in two cases (Inouye and Pyke,
plants, and Vázquez, plants; Fig. 4). The most impor-
tant result from this model is that, unlike model 1 (Fig.
1), in most cases it predicts a number of specialists as
high, or even higher, than observed (with the two ex-
ceptions just mentioned, where the number of plant
species with extreme specialization is higher than ex-
pected from the null model).

DISCUSSION

Results presented here have important implications
for our understanding of patterns of specialization in
pollination systems. Our analysis revealed that patterns
in the distribution of the degree of specialization in five
plant–pollinator interaction webs differ significantly
from the expected patterns generated by our simplest
null model (i.e., model 1). Recent studies (e.g., Waser
et al. 1996) have suggested that pollination systems are
not unusually specialized or generalized, and that mod-

erate generalization is more common than previously
thought. Our results show exactly the opposite: there
are an unusually high number of extreme specialists
and extreme generalists in these data sets. Therefore,
our first conclusion is a methodological one: it is dif-
ficult to answer questions about community-wide pat-
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FIG. 3. Results of null model 1 simulations and comparison for the four data sets that included information on frequency
of interaction (see Table 1) after applying the correction to account for correlation between f and s (see Methods: Removing
the correlation between f and s ). Conventions follow Fig. 1, except that scales differ.

terns of specialization in pollination systems without
contrasting observed patterns against some null ex-
pectation. The null models used in our analysis are a
way of providing such contrast.

The striking patterns found in the five data sets might
suggest that even though species are distributed along
a continuum, extreme specialization and generalization
may represent two highly adaptive alternative strate-
gies (Bronstein 1995). However, these patterns could
be mostly attributed to a correlation between species
interaction frequency ( f ) and their estimated degree of
specialization, (s). The effect of the correlation between
f and s is suggested both by the disappearance of the
nonrandom pattern after extracting this association
from the data (Fig. 3), and by the closer fit between
the observed and the expected frequencies after ex-

plicitly incorporating the correlation into the null mod-
el (model 2, Fig. 4). The crucial question then becomes
whether this correlation represents simply a sampling
artifact or whether there is a biological mechanism re-
sponsible for generating it.

A sampling artifact can occur because rare (or rarely
interacting) species are less likely to be observed than
abundant (or frequently interacting) species. For ex-
ample, a rarely interacting pollinator is unlikely to be
seen visiting flowers of many species of plants, even
if it does visit many species. A similar situation occurs
in many analyses of the relationship between local
abundance and geographic range, where the observed
positive relationship between these two variables may
be frequently attributed to a sampling artifact; for a
given sampling effort locally rare species are likely to
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FIG. 4. Results of null model 2 simulations and comparison for the four data sets that included information on frequency
of interaction (see Table 1), using original (uncorrected) data. Conventions follow Fig. 1, except that scales differ.

be detected in fewer sites than locally abundant species
(Gaston et al. 1997). Effects of sampling bias on com-
munity properties have also been identified in food web
studies. Goldwasser and Roughgarden (1997) specifi-
cally studied the effects of sampling bias in food web
properties; they concluded that ‘‘both the incomplete-
ness of the existing data and our focus on properties
that are sensitive to that incompleteness may be giving
us a misleading picture of the trophic structure of eco-
logical communities.’’ The situation in studies of
plant–pollinator interaction webs is strikingly similar.

It must be considered, however, that part of the cor-
relation between f and s might be owing to true bio-
logical mechanisms. For instance, highly abundant
plants could interact with a high number of pollinators
simply because they are more likely to be encountered
than rare plants. Many of the pollinators interacting

with these super-abundant, super-generalist plants may
be themselves rare and specialized. Furthermore, a pos-
itive correlation between s and f can be accentuated by
a nonrandom distribution of species abundance in time
and/or space. For example, if abundant species had
longer phenologies than rare species, rare species
would tend to interact with fewer species than com-
moner species simply because their activity periods are
shorter. In the Vázquez (2002) data set, the most gen-
eralized pollinator is the bumblebee Bombus dahlbomii
(see Vázquez and Simberloff 2002). This species also
has the longest period of activity, being active from
the start of the flowering season in the early spring to
the end of the flowering season in the late summer. In
contrast, many infrequent flower visitors were recorded
only on the summer-flowering herb Alstroemeria au-
rea.
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A related idea was proposed by Thompson (1994),
who argued that species with wider geographical ranges
tend to interact with a broader set of species than range-
restricted species (see also Southwood 1961, Strong et
al. 1984, Leather 1991, Poulin 1999). Given the pos-
itive correlation between range size and local abun-
dance (Gaston et al. 1997), it is possible that the pattern
suggested by Thompson is also occurring at the local
scale at which most studies of plant–pollinator inter-
actions have been conducted so far.

Lastly, we cannot discard the possibility that low
interaction frequency and abundance are a direct con-
sequence of specialization and not the opposite. After
all, low abundance can result from specialization, as
this trait implies a more restricted use of available re-
sources. Although this idea has been dismissed on the-
oretical grounds (Gaston 1994:124), empirical testing
is lacking. In summary, we cannot discount that the
positive correlation between f and s is, at least in part,
due to one or more biological mechanisms.

Another caveat is that the rough estimate of spe-
cialization used in our study (as well as in all other
community-wide studies conducted to date) may not
be a true depiction of the degree of specialization
among plants and pollinators. First, mere interaction,
or even high frequency of interaction, does not nec-
essarily mean that the interaction is functionally im-
portant. For example, the most important pollinator
species is not necessarily the most frequent flower vis-
itor (e.g., Schemske and Horwitz 1984). Furthermore,
at least for predator–prey interactions, interaction
strength varies greatly among pairs of species in com-
munities, with most interactions weak and only a few
strong (Paine 1992, Berlow et al. 1999). A similar sit-
uation appears to occur in plant–pollinator interactions.
For example, several studies show that plants visited
by a broad assemblage of pollinators are effectively
pollinated only by a small subset of those visitors (e.g.,
Schemske and Horwitz 1984, Pettersson 1991, Fishbein
and Venable 1996, Olsen 1997, Aizen 2001).

Like Goldwasser and Roughgarden (1997), we feel
that the incompleteness of the data and our poor un-
derstanding of specialization among interacting species
may be giving us a misleading picture of the com-
munity structure of pollination systems. To make pro-
gress in understanding the distribution of degree of
specialization in pollination systems it will be neces-
sary to improve the quality of the data and to refine
methods used to quantify specialization. Furthermore,
the use of null models of increasing complexity may
assist in identifying potential factors generating ob-
served patters in plant–pollinator interactions (see also
Armbruster et al. 1994, Stone et al. 1998). We conclude
that an association between frequency of interaction
and degree of specialization is mostly responsible for
generating observed patterns in pollination webs. Fu-
ture studies should focus on the processes and mech-
anisms, whether truly biological or sampling artifacts,

that are behind this relationship. We hope the work
presented here will stimulate others to continue these
important steps towards a better understanding of spe-
cialization in plant–pollinator interactions.
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APPENDIX A

MATLAB code of null models is available in ESA’s Electronic Data Archive: Ecological Archives E084-062-A1.

APPENDIX B

Parameter estimates and fit statistics for the linear regression between the natural logarithm of the frequency of interactions
(ln f) and the natural logarithm of the observed degree of specialization (ln s) are available in ESA’s Electronic Data Archive:
Ecological Archives E084-062-A2.


