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abstract: Interspecific interactions are an inescapable reality in
nature. The evolution of a species is largely determined by the en-
vironment, abiotic or biotic, in which selection occurs. Quantifying
the magnitude of selection is crucial to understanding which aspects
of the environment are important to the evolution of a species. Such
knowledge is particularly important to fields such as conservation
biology, which attempts to maintain a suitable environment for the
prosperity of a species, or coevolution, where dynamics are deter-
mined by the strength of reciprocal selection between species. I pre-
sent a general method by which selection due to interspecific inter-
actions may be quantified. This technique is based on past
quantitative genetic models of selection and can be used with other
methodologies that build on these standard models. The approach
may be expanded to account for n-species interactions (e.g., a plant
with two pollinators). Simulation studies conducted using this
method indicate that the magnitude of selection between two species
is strongly correlated with the presence of nonrandom interactions.

Keywords: selection, interspecific interactions, coevolution, quanti-
tative genetics, nonrandom interactions, genotype by environment.

The study of coevolution revolves around the premise that
selection occurs in a reciprocal pairwise manner (Ehrlich
and Raven 1964; Thompson 1994). For two interacting
species, A and B, researchers must demonstrate that species
A causes natural selection on species B and that species B
causes natural selection on species A to definitively show
that reciprocal selection is occurring (Janzen 1980; Fox
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1988). The geographic mosaic theory of coevolution
(Thompson 1994, 1999a, 1999b) has garnered much at-
tention in the past decade. This theory predicts that re-
ciprocal selection pressure will vary across geographically
structured populations. Coevolutionary hot spots are de-
fined as areas where reciprocal selection is strong; in cold
spots, reciprocal selection is weak or absent. Intermediate
areas are predicted by the geographic mosaic theory as
well. These intermediate areas are of particular interest
because maladaptation within a coevolutionary system is
expected in them (Nuismer et al. 1999, 2000; Gomulkiew-
icz et al. 2000).

Empirically studying the coevolutionary dynamics that
can lead to maladaptation hinges on being able to quantify
reciprocal selection. For example, in intermediate areas,
selection on species B due to species A could be strong,
and the selection on species A due to species B could be
weak; species A therefore causes evolutionary change in
such a population while B does not. We can neither com-
pare the strength of reciprocal selection within a popu-
lation (i.e., between coevolutionary partners) or among
geographically separated populations (i.e., between puta-
tive hot spots and cold spots) nor compare coevolutionary
systems without quantifying selection due to a particular
source. Reciprocal selection in geographically distinct pop-
ulations must be quantified in order to evaluate the pre-
dictions of the geographic mosaic theory of coevolution;
simply knowing whether coevolution is occurring does not
lend insight to how traits will change in the future or how
they have changed in the past.

Some studies use traditional selection measures to test
for reciprocal evolution (e.g., Lyon and Eadie 2004; Sie-
pielski and Benkman 2004; Zangerl and Berenbaum 2004),
but many studies rely on correlative data to illustrate re-
ciprocal selection (e.g., Pellmyr et al. 1996; Brodie et al.
2002; Quek et al. 2004). For example, the resistance to
tetrodotoxin (TTX) of the garter snake Thamnophis sirtalis
in Benton County, Oregon, was estimated to be high in
comparison with other study populations (Brodie et al.
2002). The TTX toxicity of the rough-skinned newt Taricha
granulosa from a nearby population was also estimated to
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be above average (Hanifin et al. 1999). Low TTX resistance
and toxicity were measured in populations from the north-
ern Olympic Peninsula. The correlation between resistance
and toxicity points to coevolution with a hot spot in central
Oregon. Although such evidence is compelling, high levels
of toxicity are not necessarily the result of selection caused
by highly resistant garter snakes; high levels of resistance
and toxicity could be due to a third unmeasured factor.
Reciprocal selection must be quantified to verify that cen-
tral Oregon is a coevolutionary hot spot. If reciprocal se-
lection can be quantified, then coevolution across gener-
ations can be predicted using established methods (cf.
Lande and Arnold 1983).

Traditional selection analysis for quantitative traits
(Lande 1979; Lande and Arnold 1983) can identify the
strength of natural selection on any given trait. These
methods require the measurement of fitnesses and phe-
notypes for individuals within species. The results of these
analyses are in the form of either selection differentials or
gradients; differentials describe the total change in phe-
notype from indirect and direct sources within a gener-
ation, whereas gradients describe the direct force of natural
selection on a phenotype within a generation (Phillips and
Arnold 1989; Brodie et al. 1995). Linear measures describe
the change in the mean phenotype, and quadratic mea-
sures describe changes in the phenotypic (co)variance. Se-
lection estimates may be used to predict corresponding
changes in the mean and variance of traits being studied
if the heritability is known.

Individual selection surfaces may be created using linear
and quadratic selection gradients to visualize fitness peaks
and troughs for individuals. The linear selection gradients
describe the direction of the steepest uphill slope for the
population mean on the selection surface; the quadratic
selection gradients describe the curvature and orientation
of the surface (Phillips and Arnold 1989). Adaptive land-
scapes (Wright 1977), which are plots of average absolute
population fitness against the average phenotype, can be
created using selection gradients (Phillips and Arnold
1989). Peaks (if they exist) on the adaptive landscape rep-
resent optima for the average value of a phenotype and
can be used to determine the predicted average equilib-
rium value of a trait. Adaptation or maladaptation in a
coevolutionary interaction may be assessed if selection is
quantified for the purpose of creating adaptive landscapes.

Fitness is described as a function of the phenotype of the
individual in typical selection analyses. The fact that fitness
is greatly affected by the environment in which the indi-
vidual lives is ignored by describing fitness as merely a func-
tion of the individual’s phenotype. Studies of genotype-by-
environment interactions show the degree to which
environment affects the final phenotype of an individual
(Greene 1989; Via et al. 1995; Wade et al. 1999; Svensson

et al. 2001). The effect of either temporally or spatially
variable environments on the evolution of the underlying
genes could be profound because it alters the phenotype
on which natural selection acts. The “environment” could
be anything from abiotic conditions to encounters or com-
petition with other species (Wolf et al. 2004); intraspecific
environment could be used as well, although analysis be-
comes more difficult when the genome is shared. The
abundance of potential genotype-by-environment inter-
actions that may occur makes it reasonable to consider
the fitness of an individual as made up of two components:
its endogenous phenotype and the nongenetic exogenous
environments. Selection pressure can be attributed to a
specific source by partitioning fitness in the appropriate
manner (Arnold and Wade 1984; Brodie and Ridenhour
2003).

Several previous methods have been developed to quan-
tify or partition selection that could be used for measuring
selection due to interactions with other species. Table 1
gives a summary of four of these past methods and how
they compare with each other and with the method pre-
sented in this article.

Huelsenbeck et al. (1997) outlined a maximum likeli-
hood technique by which phylogenetic information from
two species could be used to measure coevolution (see
Ronquist 1997 for a similar parsimony-based approach),
but phylogenetic approaches merely examine the corre-
lation between paired phylogenies. These measurements
reflect cospeciation, not coevolution, and because they are
a presence/absence type of analysis, they cannot be used
to predict future patterns (cf. Hafner and Page 1995; Clay-
ton et al. 2003). Such methods are not suitable when quan-
titative estimates are needed to predict the future
(co)evolution of traits or for understanding the dynamics
of a system.

Another method was developed by Iwao and Rausher
(1997) to detect diffuse coevolution (i.e., coevolution
where more than two species are involved). This method
does not actually measure selection due to an interaction
but rather looks for changes in selection coefficients
through partitioning that arise from changes in environ-
ments. The use of this method requires that selection be
measured in two environments. Differences in the strength
of selection are then attributed to the differences in the
two environments. Use of this method requires experi-
mental manipulation of environments to test the effect of
a specific environmental variable (e.g., removal of a species
from an ecosystem). The need to measure selection in two
environments makes this method susceptible to error
caused by uncontrolled environmental variation; the
method of Iwao and Rausher (1997) actually measures
selection from an environment and not a specific source.

A very similar method of detecting diffuse coevolution
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Table 1: Other methods that can be applied to measuring selection in interspecific interactions

Study Method Basis Techniques used Unit of observation Results

This article Selective source
analysis

Partitions selection
gradients/differen-
tials according to
specific sources

Linear regression Fitness of individual in-
teractions within one
environment

Measures selection gradi-
ents/differentials di-
rectly attributable to a
specific source (e.g., a
coevolving species)

Gomulkiewicz and
Kirkpatrick 1992 Reaction norm

evolution
Considers traits to be

infinite-dimensional
based on interac-
tions

Linear regression
and ANOVA

Fitness of individual in-
teractions within one
environment and the
covariance with fit-
ness across all inter-
action types

Predicts how interactions
should evolve and
whether current inter-
actions are optimal

Scheiner and Callahan
1999 Selection on pheno-

typic plasticity
Partitions selection

gradients/differen-
tials by comparing
environments

Path analysis Fitness from two or
more environments

Selection is partitioned
by environment and
total selection coeffi-
cients are calculated
using paths

Iwao and Rausher 1997 Quantifying diffuse
coevolution

Partitions selection
gradients/differen-
tials by comparing
environments

ANOVAa Fitness from two or
more environments

Selection is partitioned
by environment to es-
timate the effect of dif-
fuse coevolution (i.e.,
more than two species)

Huelsenbeck et al. 1997 Testing cospeciation Compares the topol-
ogy of phylogenies
to look for shared
patterns

Maximum likeli-
hood/Bayesian
analysis

Phylogenies of coevolv-
ing species

Presence/absence of co-
speciation or similar
phylogeographic
history

a Suggested by authors; regression might be used as well.

is to use path analysis to partition selection coefficients
(Scheiner and Callahan 1999; Scheiner et al. 2000). Path-
analysis based approaches were originally developed to
quantify selection on phenotypically plastic traits but could
be extended to interspecific interactions. Using path anal-
ysis allows partitioning selection according to certain en-
vironments as well as calculating the total contribution of
a path to selection. Scheiner and Callahan’s (1999) method
requires that selection be measured in multiple environ-
ments as well. Path analysis therefore suffers from the same
problems as measurements of diffuse coevolution.

The evolution of reaction norms (Gomulkiewicz and
Kirkpatrick 1992) could potentially be applied to mea-
suring selection in interspecific interactions (with the sec-
ond species representing the continuous environment).
Reaction norms (Schmalhausen 1949) describe the change
in the expression of a trait across continuous environ-
ments. Gomulkiewicz and Kirkpatrick (1992) define re-
action norms as infinite-dimensional traits that evolve, and
they use a continuous formulation for calculating evolu-
tionary change in reaction norms. This analysis is designed
to test the optimality of reaction norms and requires the
measurement of the covariance of fitness and phenotype
for all interactions (i.e., a vector of covariances with each
element measured in a different interaction type). Co-

variances can then be weighted by interaction frequencies
to yield a selection estimate for a trait.

Brodie and Ridenhour (2003) describe a method of par-
titioning a fitness function in interspecific interactions.
The method of Brodie and Ridenhour (2003) provides an
intuitive manner of understanding the relationship be-
tween species. However, these techniques do not provide
a method for predicting evolutionary change. The method
of partitioning the fitness function described by Brodie
and Ridenhour (2003) serves as a basis for the method of
estimating selection differentials described in the following
sections.

This article describes selective source analysis (SSA), a
generalized method for measuring selection due to envi-
ronmental components. SSA offers several advantages over
these past methods but may be more difficult to perform
in some circumstances. SSA provides quantitative selection
estimates without the need for conducting experiments in
multiple environments, thus reducing the necessary work.
Furthermore, SSA attributes selection to a specific source,
not to an environment as a whole. SSA does not need
covariances to be measured across interaction types, as is
necessary for reaction norm evolution, and thus has less
stringent data collection requirements than this technique
as well. SSA also advantageously partitions selection from
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a source into two forms: selection due to nonrandom in-
teractions and selection due to the interaction itself.

Selective source analysis partitions the individual fitness
function into separate components that represent envi-
ronmental factors (such as other species) and intrinsic
phenotypic components. The approach is not limited by
the form of the fitness being used; statistics that more
closely approximate the true fitness surface may yield bet-
ter results, however. This method uses standard quanti-
tative selection techniques (Lande and Arnold 1983) as a
basis and expands on the methods of Brodie and Riden-
hour (2003) to determine the form and strength of selec-
tion resulting from a specific source. Two example analyses
are performed using the technique; these analyses elucidate
how interactions with a second species can potentially
shape evolution.

Selective Source Analysis

Selective source analysis aims to partition selection to a
specific environmental source and not merely the envi-
ronment as a whole. The analysis works like traditional
selection analyses (Lande 1979; Lande and Arnold 1983)
but relies on a previous statistical partitioning of fitness.
The fitness function is partitioned as in Brodie and Ri-
denhour (2003), but SSA utilizes a different method to
calculate selection gradients and yields different final es-
timates. Linear regression can be used to calculate linear
and nonlinear gradients (nonlinear or spline fitting may
be used as well). Using SSA, traits at the interspecific phe-
notypic interface need only be measured with a fitness
correlate in one environment. The related models of sexual
selection in Lande (1981) and coevolution in plants and
pollinators in Kiester et al. (1984) could potentially be
viewed as a subset of what is presented in this article, but
these two models are specialized to the systems and fitness
functions used in those articles.

All of the traits being considered for this form of analysis
should follow the assumptions of Lande and Arnold
(1983). The most significant of these assumptions is that
traits involved in the analysis are normally distributed and
that selection is weak. While some research has indicated
that nonnormality and strong selection could result in
significant error in the predicted response to selection
(Turelli and Barton 1990), later research seemed to indicate
that predictions made about polygenic evolution are rel-
atively robust to assumptions about normality and the
strength of selection (Turelli and Barton 1994).

All functions and variables are italicized throughout this
article. Though functions are not written using vector-
matrix notation, all of the functions can easily be converted
to this type of notation for use in multivariate settings
(i.e., all the analyses can be performed in univariate and

multivariate settings). Functions are subscripted with their
dependent variables (i.e., ). All variables, pa-h(x, y) { hx, y

rameters, or constants are indexed using numbers if there
are more than one. Finally, the variable x always represents
a trait in the focal species, and y represents a trait from
the interacting environment/species.

Partitioning Fitness

The fitness of an individual is determined by the success
of its phenotype in its environment relative to other in-
dividuals within the population. Thus, fitness is deter-
mined not only by the genetic and environmental factors
that create the phenotype but also by the environment the
individual then interacts with (i.e., genotype by environ-
ment interactions). The environment that affects the fit-
ness of an organism can then be considered part of its
phenotype.

The simplest way to partition fitness is to separate those
portions that interact additively. Consider a situation
where the focal species has a trait of interest (x); this focal
species then interacts with an environment that has a phe-
notype of interest as well (y). The environment can be any
biotic factor (e.g., interspecific interaction) with a separate
genome from the focal species or abiotic factor (e.g., tem-
perature); intraspecific selection gradients may be mea-
sured as well, but the translation to evolutionary change
is made more difficult due to shared genes (cf. Wolf et al.
1999 for intraspecific analysis). For example, the fitness of
a gape-limited predator may depend on two things: the
size of its gape (x) and the size of the prey item (y). The
relative fitness of a focal individual (w) can then be broken
down into three additive components such that

w p f � g � h . (1)x, y x y x, y

The functions in equation (1) (fx, gy, and hx, y) represent
fitness components that are strictly dependent on the phe-
notype of the individual (fx), fitness dependent on the
phenotype of the individuals that are interacted with (gy),
and the fitness gained or lost by nonadditive interactions
(hx, y). As long as the function is integrable over all real
numbers (�), there are no restrictions on the type of
functions that may be used (e.g., linear or nonlinear).

The SSA selection coefficients are found by defining
relative fitness to reflect the effect of interacting with the
environment (see eq. [1]). SSA selection coefficients can
be used to predict evolutionary change if the genetic co-
variance matrix is known. Directional change in pheno-
types across a generation due to selection is calculated as
the covariance of relative fitness and phenotype (Pearson
1903; Price 1970; Lande and Arnold 1983). It is important
to note that, in practice, fitness is a measured quantity,
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and thus the total selection measured is the same quantity;
selective source analysis simply repartitions the sources of
fitness between those that are endogenous and those that
are exogenous. Inserting the partitioned fitness function
from equation (1) (wx, y) yields:

s p Cov (w , x)t x, y

p Cov (f � g � h , x) (2)x y x, y

p Cov (f , x) � Cov (g , x) � Cov (h , x),x y x, y

s p s � s � s . (3)t x i d

Equation (2) is the traditional representation of the di-
rectional selection differential, which on substitution yields
the three new directional selection differentials in equation
(3). The first of these covariances (sx) is selection that is
imposed on individuals without regard to the interaction
being investigated. The second covariance (si) represents
selection generated by interactions with a second species
independent of the phenotype of the focal species. The
final covariance yielded by partitioning fitness (sd) rep-
resents selection caused by interspecific interactions that
is dependent on both the trait in the focal species and the
phenotype of the interacting species. It is useful to consider
the sum of the final two right-hand terms of equation (3):

s { s � s .c i d

The source selection differential (sc) indicates the net di-
rectional effect from a selective source using this definition.
For most analyses, the source selection differential is the
main result of interest because it indicates whether or not
an interaction could potentially result in shifts of the mean
phenotype of the focal species.

The calculated selection differentials may then be trans-
lated into evolutionary change. In order to do this, the
genetic covariance matrix (G) must be estimated as well
as the phenotypic covariance matrix (P). However, the
genetic and phenotypic covariance matrices need not in-
clude any information about the interacting species. Ge-
netic and phenotypic covariances within the interacting
species are unimportant to selection and evolution in the
focal species; only the phenotypic covariances between x
and y are important and are reflected in the selection
differentials. Assuming that y is fixed provides a simple
example to demonstrate this point. For si, the covariance
of gy (now a fixed number) and x results in a selection
differential of 0. Following Lande (1979) and Lande and
Arnold (1983), the formulation for evolutionary change
( ) is¯Dxt

�1¯Dx p GP st t

�1p GP (s � s � s )x i d

�1 �1 �1p G(P s � P s � P s ) (4)x i d

p G(b � b � b ).x i d

From equation (4), the corresponding selection gradient
(b) values are obtained by multiplying the selection dif-
ferentials by the inverse of the phenotypic covariance ma-
trix. By partitioning the fitness function, equation (4) can
be used to calculate the change in mean phenotype across
generations from specific sources (e.g., ).¯Dx p Gbd d

Specific changes in the variance of a trait may also be
attributed to selective sources using this analysis. Finding
the stabilizing selection differentials (C) can be done in
an analogous manner to the calculations of the directional
selection differentials. Doing so yields

l¯ ¯C p Cov [f � g � h , (x � x)(x � x) ]t x y x, y

l¯ ¯p Cov [f , (x � x)(x � x) ]x

l¯ ¯� Cov [g , (x � x)(x � x) ] (5)y

l¯ ¯� Cov [h , (x � x)(x � x) ],x, y

C p C � C � C . (6)t x i d

Equation (5) uses the definition of the stabilizing selection
differential given in Lande and Arnold (1983), with equa-
tion (1) substituted for w. Stabilizing selection differentials,
which are analogous to the directional selection differ-
entials in equation (3), are given in equation (6). The
stabilizing selection gradient (g) can be calculated by mul-
tiplying the inverted phenotypic covariance matrix, such
that (Lande and Arnold 1983). The changes�1 �1g p P CP
in the genetic covariance matrix across generations ( )DGt

may be calculated using the stabilizing selection gradients
(cf. Lande and Arnold 1983). Decomposition of changes
in G may be done in the same manner as demonstrated
above for (i.e., , , and may be calculated).¯Dx DG DG DGt x i d

Nonrandom Interactions among Individuals

Interspecific interactions among individuals may occur ei-
ther randomly or nonrandomly. Calculation of the co-
variances in equations (3) and (6) depends on whether
interactions among individuals occur at random. Either
of these situations may hold true depending on the system
under consideration. For example, predators (particularly
generalists) probably encounter particular prey items at
random. On the other hand, pollinators may actively
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choose what type of plant to visit, producing nonrandom
interactions (Husband 2000).

The most notable effect of random interactions occurs
in the x-independent selection differentials si and Ci. If the
effects of y are truly independent of x, then x should not
evolve (i.e., si and Ci equal 0). Assuming that interactions
occur at random is equivalent to assuming the probability
distribution function of any x, y pair is , where pp # px y

is the Gaussian normal distribution of either x or y. Thus,
the calculation of issi

Cov (g , x) p g xp p dydx � g p dy xp dxy � � y y x � y y � x� � �

p g p dy xp dx � g p dy xp dx (7)� y y � x � y y � x� � � �

p 0.

The same principle of random interactions can be shown
for the stabilizing selection differential Ci. It should be
noted that the x-dependent selection differentials sd and
Cd will not equal 0, even if interactions are occurring at
random, because the partial fitness function hx, y is depen-
dent on x and y. The fact that si is 0 when interactions
are random is biologically intuitive: if every phenotype
interacts with a second species at random, then the fitness
consequences of that interaction are random as well, and
no covariance exists.

Interactions among individuals are perhaps more likely
to exhibit nonrandom patterns. It is adaptively advanta-
geous for individuals to interact with environments and
other individuals that increase their relative fitness and to
avoid environments that pose the greatest threat, as has
been hypothesized by niche construction theory (Laland
et al. 1999). For example, flammability in some ecosystems
has been hypothesized to have evolved through the mech-
anism of niche construction (Schwilk and Kerr 2002). As-
suming that both x and y are normally distributed, the
probability that x interacts with y may be described using
the multivariate normal distribution p(x, y). In the simple
case of one x variable and one y variable, the bivariate
probability distribution function is given by

1
p px,y 2�2pj j 1 � rx y

2 21 (x � m ) (y � m ) 2r(x � m )(y � m )x y x y#exp � � � .
2 2 2{ [ ]}2(1 � r ) j j j jx y x y

(8)

From equation (8), m and j are the mean and standard
deviation of the subscripted variable, and r is the Pearson
correlation coefficient of x and y. The random case de-

scribed in equation (7) results when , makingr p 0
. Now examining si under nonrandom condi-p p p px, y x y

tions, we can see that

px,yCov (g , x) p g xp dydx � g dy xp dx ( 0.y � � y x,y � y � x� � �px

(9)

The clear difference between equations (7) and (9) is the
potential for the latter to be nonzero. Thus, when per-
forming SSA, it is important to distinguish whether in-
teractions occur at random. The simplest way to do this
is to check for significant correlations among traits in the
species being investigated. If significant correlations be-
tween species exist, the analysis should proceed in a man-
ner similar to that illustrated in equation (9) rather than
that in equation (7). Performing the analysis as if corre-
lations exist provides a conservative estimate of selection
differentials, should it be unclear whether correlations ex-
ist. Doing so may underestimate the strength of selection
due to an interaction. Biologically, nonrandom interac-
tions cause each phenotype x to predictably interact with
a subset of y, and thus each x has a corresponding subset
of the potential fitness outcomes; the covariance between
phenotype and the average of the fitness subset causes si

to be nonzero.

Data Collection for Selective Source Analysis

The data necessary for performing SSA are slightly dif-
ferent from those collected for traditional selection anal-
yses. The primary unit of observation is the interaction.
Observing more interactions between species or a species
and a microenvironment increases the power with which
the selection differentials may be determined. For species
where interactions may be particularly hard to observe,
investigators must carefully choose the appropriate inter-
acting phenotype (y) variable for analysis.

Three pieces of essential data must be collected from
each interaction. First, the phenotypic data from the in-
teracting individual of the focal species (x) must be mea-
sured. Phenotypes selected for analysis should be those
suspected to be important to the interaction, including
traits that may be undergoing correlated evolution due to
linkage or pleiotropy (i.e., a suite of traits). Second, using
the same guidelines just mentioned, phenotypic data from
the interacting species or environment (y) must be col-
lected. Finally, the fitness (W) resulting from a specific
interaction must be measured for the focal species. If in-
vestigators wish to measure reciprocal selection, as is nec-
essary in the case of coevolution, then the fitness resulting



18 The American Naturalist

Figure 1: Relative fitness surface for the absolute fitness function . By looking at the surface, local adaptive peaks are found2W p (x � y) � x � cx,y

in the corners that represent high values of x and low values of y and vice versa; this shape illustrates selection favoring a negative correlation
between interacting pairs. Both directional selection and diversifying selection act on x, while y is subject to only diversifying selection.

from an interaction with regard to the second species must
be measured as well.

One potentially confounding factor is the occurrence of
multiple interactions within a selective bout. In some cases,
an individual may participate in several interactions, all
of which may produce an effect on fitness. For example,
pollinators typically visit multiple flowers. The pollinator
may experience differential fitness gains depending on the
phenotype of the flower visited. The appropriate method
of incorporating multiple interactions will vary on the
system in question. Ideally, if interactions occur multiple
times, researchers should attempt to manipulate the system
so that only one interaction occurs or so that multiple
interactions are done in a controlled manner. Sometimes
the number of interactions may be crucial in determining
the fitness of a particular phenotype. For a resistant pred-
ator that eats toxic prey items, the more toxic prey eaten,
the more likely it is that the predator consumes a highly
toxic individual. Thus, the probability of high fitness costs
(i.e., death) increases as well. In this scenario, the only
prey phenotype that matters for the analysis is the one
resulting in mortality. In general, fitness effects must be
attributable to a given interaction to get a clear picture of
selection. Arnold and Wade (1984) discuss a method of
measuring fitness and selection in multiple selective bouts,
which may be appropriate in some situations.

Selective Source Analysis Examples

Two sample analyses that used SSA were performed: one
that was univariate for the focal species (x) and a second
that involved two traits for the focal species ([x1, x2]); in
both examples, only one trait (y) was used in the second
species . Because I know of no data set that actually has
the necessary information (discussed above), data were
randomly generated. All analyses were performed using
Mathematica, version 4.1 (Wolfram, Champaign, IL). Fig-
ures were generated using Matlab 6.0 (MathWorks, Natick,
MA).

A total of 1,000 data points were generated for each
type of analysis unless mentioned otherwise. Data points
were generated using multivariate normal distributions for
x and y variables. The distributions were all assumed to
have a mean of 0 and a variance of 1 (i.e., N[0, 1]), except
the error variance, which was assumed to have a variance
of five (i.e., N[0, 5]). The covariance between variables
was manipulated between analyses.

I tested SSA using biologically relevant forms of selec-
tion in a univariate and multivariate setting (see eqq. [10],
[11], respectively). Evidence of linear selection can be
found throughout the biological literature. A recent study
on the Galapagos lava lizard Urosaurus ornatus showed
positive directional selection for initial sprint velocity and
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Figure 2: Graphic representations of the multivariate fitness function . The shaded bar on the right shows how2W p 4x � 2(x � y) � x x � cx,y 1 2 1 2

fitness corresponds to shading. A, Fitness as three contour plots joined on a cube. For example, looking at the side where x1 is fixed (at )x p �41

shows the contour plot for y versus x2. Lowest fitnesses are obtained when x1 is small and the x2, y interaction is unmatched (i.e., selection for a
negative interaction correlation). B, Same cube as in A, except a surface connecting all points where has been added (i.e., an isosurface). Inw p 1
the interior of the isosurface are phenotypic interaction combinations that produce ; the points falling outside of the volume have .w 1 1 w ! 1

stride length (Miles 2004). Increased initial sprint velocity
and longer stride length should always be favored by nat-
ural selection acting on U. ornatus. I therefore included
linear selection in the test functions. Diversifying selection
may occur between species; such situations are commonly
described in host-parasite interactions where a mismatch
between the genes for defense in the host and the gene
for resistance in the parasite occurs (i.e., a matching alleles
model). One such example is in the trematode Micro-
phallus spp., which is more infective to sympatric host
snails than allopatric snails of the species Potamopyrgus
antipodarum (Osnas and Lively 2004). Conversely, stabi-
lizing selection would affect parasite resistance in P. an-
tipodarum; hosts that match alleles of their sympatric par-
asites have higher fitness. Diversifying and stabilizing
interspecific selection are represented in the examples. Fi-
nally, correlational selection was included. Brodie (1992)
found a selection for a negative correlation between stri-

pedness and color pattern in the garter snake Thamnophis
ordinoides; this combination was hypothesized to help gar-
ter snakes create an optical illusion to escape predators.

Fitness for a given interaction between individuals was
generated in the following manner. In all cases, the trait
y is in the nonfocal species, and all x traits come from the
focal species. For the univariate case, the fitness of an
individual with phenotype x interacting with an individual
of phenotype y was

2W p (x � y) � x � c � e. (10)x, y

The terms in this equation are the following: positive di-
rectional selection x; interspecific diversifying selection

; a constant, c, added to keep the absolute fitness2(x � y)
nonnegative; and random error, e, meant to account for
the variance in fitness measurement and the outcome of
an interaction. The relative fitness surface for this equation
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Figure 2 (Continued)

is a concave up parabola with highest fitness occurring at
high values of x and low values of y (fig. 1). Selection
should favor a negative correlation between x and y. In
the case of the multivariate analysis, two traits (x1 and x2)
were examined; the absolute fitness equation used was

2W p 4x � 2(x � y) � x x � c � e. (11)x, y 1 2 1 2

The terms in the multivariate equation are the following:
positive directional selection on the first trait, 4x1; inter-
specific stabilizing selection on the second trait, �2(x �2

; negative correlational selection on the traits in the focal2y)
species, �x1x2; the latter two terms in equation (11) have
the same meaning as those used in equation (10). Highest
relative fitness occurs when x1 is large, x2 is small, and y
matches x2 (fig. 2; a color version is available in the online
edition of the American Naturalist). The multivariate fit-
ness equation is similar to the one used in the univariate

test case. However, in this case, the trait x1 experiences
directional selection, and selection favors a negative co-
variance between x1 and x2. In addition, x2 experiences
stabilizing selection (not diversifying), and the interaction
with y is favored to positively co-vary.

Estimating fx, gy, and hx, y

The first step in identifying the source of selective pressure
via SSA is the estimation of the partitioned function. Per-
haps the easiest way to estimate fx, gy, and hx, y is by utilizing
the tools of linear regression. Using linear regression may
not provide the most accurate picture of interspecific se-
lection pressure if the selection surface cannot be explained
in terms of a simple polynomial (Schluter 1988; Schluter
and Nychka 1994).

The regression of relative fitness w should be performed
on all variables, x and y, that are of interest. For example,
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Table 2: Selection differentials estimated using univariate selective source analysis

W p (x � y)2 � x � c rx, y p 0 rx, y p .5 rx, y p .75

Type s C s C s C

x-dependent, sx or Cx .0654 .1080 .0272 .1287 .0747 .1995
x-independent, si or Ci �.0006 .0001 .0087 .0260 .0073 .0960
xy-dependent, sd or Cd .0004 �.0074 .0045 �.1145 �.0135 �.2491
Total, st or Ct .0652 .1007 .0404 .0402 .0685 .0464
Interaction (i.e., si � sd) �.0002 �.0073 .0132 �.0885 �.0062 �.1531
Interaction differential (%) 1.5 6.5 32.7 52.2 21.8 63.4

Note: Linear s and stabilizing C selection differentials for three different levels of interaction correlation

rx, y between the focal species x and a second species y are shown. Data were randomly generated using a

bivariate normal distribution. Fitness was calculated using W with a normally distributed error added. As the

correlation increases, the effect of y on the evolution of x increases. The percent of the linear differential made

up by the interaction with y was calculated as ; the same calculation was made(Fs F � Fs F)/(Fs F � Fs F � Fs F)i d x i d

for C by substituting the appropriate differentials.

if there are two traits of interest, one in each species, then
a possible regression model that could be used is w p

. The regression co-2 2a � f x � f y � f x � f xy � f y1 2 3 4 5

efficients here that are not related to x are the interaction
selection gradients (i.e., , , and ) described as by,f f f2 4 5

gxy, and gyy, respectively, by Brodie and Ridenhour (2003).
These estimated parameters have the same interpretation
as in a standard selection analysis (cf. Lande and Arnold
1983). The partitioned fitness functions may now be de-
termined: , , and2 2ˆ ˆ ˆ ˆf p f x � f x g p f y � f y h px 1 3 y 2 5 x, y

.f̂ xy4

After the partitioned fitness functions have been esti-
mated, the partitioned selection differentials must be cal-
culated. The differentials are simply calculated by evalu-
ating fx, gy, and hx, y for each x, y interaction and then
taking the appropriate covariance (see eqq. [2], [5]). As
an example of these steps, if we take hx, y directly from
equation (10), then (normally this would beh p �2xyx, y

determined by regression, but for the purposes of this
example, I will assume the function is known without
error). Let the x, y pairs (1, 2), (3, 4), and (5, 6) be a
hypothetical data set. Evaluating hx, y for each data point
yields �4, �24, and �60, respectively. Finally, the inter-
action-dependent selection coefficient ( )s p Cov (h , x)d x, y

is calculated using the x, hx, y pairs (1, �4), (3, �24), and
(5, �60), resulting in .s p �56d

The model used for the regression depends on what is
being determined using SSA. If only the total directional
selection gradient is being partitioned, then to accurately
estimate the partial directional selection gradients, the re-
gression model needs to include only the terms x, y, and
xy. If the stabilizing or diversifying selection differential is
being partitioned, then the quadratic terms x2 and y2 must
be used as well. It is important to note that in the linear
case, the cross product xy must be included to accurately
partition .st

For the two examples above, SSA successfully parti-

tioned both the total linear and stabilizing selection gra-
dients as expected, given the shape of the tested fitness
functions (tables 2, 3). The univariate analysis was per-
formed at three different levels of correlation between x
and y; as rx, y increases, the degree to which interactions
occur at random decreases. When interactions occur at
random, the differentials si and Ci are approximately 0, as
expected (�0.0006 and 0.0001, respectively; table 2); as
interactions become less random, these differentials grow
larger. The same pattern is exhibited by x-dependent dif-
ferentials sd and Cd. Thus, it follows that the net contri-
bution of interacting with a second species is also shown
to increase as the interaction becomes less random; this
is particularly evident in the stabilizing selection differ-
ential, which at , makes up only 6.5% of the se-r p 0x, y

lection pressure, but at , that amount increasesr p 0.75x, y

almost 10-fold to 63.4%.
The multivariate version of SSA successfully yielded the

expected results as well (table 3). This analysis was per-
formed with , , and . Ther p 0.0 r p 0.5 r p 0.3x , y x , y x , x1 2 1 2

variable x1 is subject to positive directional selection com-
ing mainly from sx, with only weak stabilizing selection.
Stabilizing selection is weak on x2 due to the counterbal-
ancing effects of Cx (�0.1875) and the interspecific dif-
ferential Cd (0.1722). Last, selection favors a negative cor-
relation between x1 and x2 (Ct for x1x2 is �0.0668). These
results demonstrate that interacting with a second species
can have a drastic effect on the evolutionary trajectory of
the focal species. By calculating only the total gradients
(i.e., st and Ct), investigators would miss that strong se-
lection pressures exist but that they are counterbalancing
each other.

Complex Fitness Surfaces

Often the actual fitness surface may be more complex than
can be described using the typical quadratic surfaces es-



22 The American Naturalist

Table 3: Selection differentials estimated using multivariate selective source analysis

W p 4x1 � 2(x2 � y)2 � x1x2 � c x1 x2 x1x2

Type s C s C C

x-dependent, sx or Cx .1323 �.0384 .0452 �.1875 �.0836
x-independent, si or Ci �.0023 �.0017 �.0046 �.0374 �.0024
xy-dependent, sd or Cd .0063 �.0010 �.0022 .1722 .0192
Total, st or Ct .1363 �.0411 .0384 �.0527 �.0668
Interaction (i.e., si � sd) .0040 �.0027 �.0068 .1348 .0168

Note: Linear s and stabilizing C selection differentials from multivariate selective source analysis for the

focal species with phenotype [x1, x2] and a second species y are shown. Data were randomly generated

from a multivariate normal distribution with the following correlations: , , andr p 0.3 r p 0x ,x x1,y1 2

. For the phenotype x2, x-dependent stabilizing selection is strong ( ); this strongr p 0.5 C p �0.1875x ,y x2

selection is nearly cancelled out by the xy-dependent stabilizing differential ( ). In this case,C p 0.1722d

the total selection differential ( ) is misleading as to the actual forces shaping changes in theC p �0.0527t

variance of x2; for x1x2 shows that interacting with y selects for a positive correlation betweenC p 0.0192d

the two x traits.

timated using linear regression (Schluter 1988; Schluter
and Nychka 1994; Brodie et al. 1995). Quadratic estima-
tion of the fitness surface provides a smooth approxi-
mation, but the actual fitness surface may be rugged, with
many peaks or even with discontinuities. For example, if
a trait is subject to truncational selection, then estimating
the fitness surface using a quadratic function implies that
stabilizing selection occurs when in fact only directional
selection is acting (Schluter 1988).

Increased accuracy of the partitioned fitness function
estimates used by SSA can be attained by using other re-
gression techniques. Schluter (1988) and Schluter and
Nychka (1994) suggest the use of splines for rugged fitness
functions; nonlinear regression may be used as well. Tests
showed the use of nonlinear regression in conjunction with
SSA can improve the accuracy of selection estimates, but
large sample sizes are needed.

Discussion

Many questions in evolutionary biology rely on being able
to identify a particular agent causing the evolution of a
trait. Just a few examples are whether reciprocal selection
is occurring in coevolution, how competition affects re-
sponses in a competitor, and determining the potential
ramifications of removing a species (i.e., extinction) from
an ecosystem. All of these questions require an under-
standing of the effects induced by the environment in
which a organism lives. SSA is novel in that it clearly
identifies the source of selective pressure. SSA requires data
collection in only one environment; past methods are con-
founded by the use of multiple genetic and environmental
backgrounds. Traditional selection analysis measures the
total selective pressure regardless of the source, making it
unsuitable for studies of reciprocal selection—SSA is de-
signed for this type of application. SSA can lead to new

insights about how nonrandom interactions among in-
dividuals affect evolution and the relative selective im-
portance of an interaction within a population. Some po-
tential empirical uses of SSA include identifying hot spots
and cold spots in geographic mosaics, quantifying selection
due to ecological interactions (e.g., competition), detecting
selection generated by nonrandom interactions among in-
dividuals, studying the effect of niche construction on the
evolution of a species, and predicting evolutionary change
in systems based on interspecific interactions.

Perhaps the greatest strength of this approach is its flex-
ibility to fit most situations. Because this method relies on
simple statistical partitioning of the fitness function before
the determination of selection coefficients, SSA can be used
for any number of species. For example, if one were in-
terested in a predator-model-mimic system, then by prop-
erly setting up the partitioned fitness equation, we may
calculate selection differentials caused by each member of
the interaction. As an example of such a situation, equation
(1) would be , where z rep-w p f � g � h � i � jx, y, z x y x, y z x, z

resents the phenotype of the third species. Clearly the
framework set forward in equation (1) can be expanded
to as many species or environments as necessary (up to
and including entire ecosystems). The difficulty of ex-
panding the model is the collection of the appropriate data;
while it is hypothetically easy to do the calculation, getting
the proper data may be practically impossible.

Another strength of this particular approach is its basis
in the quantitative analysis of Lande and Arnold (1983).
A large body of research illustrating various applications
and variations on the original work already exists. One
example is that during ontogeny, selection pressure may
shift according to life stage and could potentially shift
direction and magnitude; Arnold and Wade (1984) illus-
trated how selection differentials may be partitioned ac-
cording to episodes of selection. This theoretical work can
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be applied to the partitioned fitness functions of SSA as
well, which would then indicate how pressure by a specific
environment shifts over time. The behavior, energy, and
fitness paradigm suggested by Arnold (1988) is another
potential area where SSA could be used to ask increasingly
specific questions.

Along with the benefit of being based on past methods,
SSA also inherits the weaknesses of those methods. As
mentioned before, several assumptions are made in the
original analyses. Despite assumptions about the distri-
bution of phenotypic data and the strength of selection,
the polygenic model of evolution remains robust (Turelli
and Barton 1994). Other questions remain with regard to
the ability to predict evolution over many generations
when the constancy of the genetic covariance matrix G is
unclear (Turelli 1988). When genes of major effect are part
of the architecture of a phenotype, assumptions about the
constancy of G may be particularly misleading (Agrawal
et al. 2001). Some forms of selection may be more likely
to reshape the G matrix (Jones et al. 2004), and little is
known about how coevolution affects genetic covariances,
so assumptions should be made carefully. For example,
selection from antagonistic coevolution may reshape ge-
netic covariances in pathogens to mimic those of hosts to
ensure a pathogen’s ability to track host genetic changes.
However, changes in G in the short term are unlikely to
be large enough to cause predictions to be significantly
erroneous.

Given that there are several alternatives to potentially
measuring interspecific selection (table 1), it is important
to choose the proper analysis. The simplest method of
detecting coevolution is to use a phylogenetic approach
(Huelsenbeck et al. 1997; Ronquist 1997). Such studies
provide presence/absence information that cannot be used
to predict evolutionary change. By the same token, if one
wants just to determine if selection is occurring on a trait,
then the simplest method is a traditional selection analysis
(Lande 1979; Lande and Arnold 1983). These are estimates
of total selection and cannot be directly related to the effect
of an interspecific interaction, however. It is necessary to
attribute selection to a partner species in studies of co-
evolutionary dynamics or the geographic mosaic; thus,
methods such as detecting diffuse coevolution, path anal-
ysis, reaction norm evolution, or SSA should be used for
such studies.

Selective source analysis can be used in most situations,
but under some circumstances, other analyses may be
more appropriate. When interactions are difficult to ob-
serve, analyses such as those presented in Iwao and
Rausher (1997) or Scheiner and Callahan (1999) might be
employed more successfully. These two methods measure
selection due to an environment as a whole and thus re-
quire no observation of interactions. However, because

they measure selection from an environment, experimental
manipulation is required to ensure that resulting differ-
ences in selection are due to a particular source. SSA can
be used in situations where interactions are unobserved,
but the y variable must be carefully chosen. For example,
individuals typically do not directly interact in competi-
tion. If one were to use SSA in this situation, the y variable
could be the average phenotype of individuals encountered
or perhaps the nearest neighbor’s phenotype; interpreta-
tion of estimates made by arbitrarily chosen y traits must
be done cautiously. Selection estimates resulting from
unobserved interactions could lead to conclusions that are
misleading in either direction: spurious covariances may
arise by chance alone or selection that is actually present
may be missed if the wrong variable is chosen. The un-
derlying biology of an interaction should therefore be well
known if unobserved interactions are used in SSA. Meth-
ods such as those by Iwao and Rausher (1997) are rec-
ommended when interactions are more distantly removed
and coevolution is more diffuse.

Path analysis (Scheiner and Callahan 1999; Scheiner et
al. 2000) is advantageous when total selection is to be
partitioned according to a causal path. One potential use
of path analysis would be if one wanted to know the se-
lection pressure resulting from a group of populations. For
example, if the portion of total selection resulting from a
group of hot spots was to be compared to the portion of
selection from cold spots, then path analysis should be
used. SSA cannot be used to perform such tasks.

Treating interspecific interactions as reaction norms or
infinite-dimensional traits is geared toward asking differ-
ent types of questions. The analysis developed by Go-
mulkiewicz and Kirkpatrick (1992) tests whether reaction
norms are optimal and how the reaction norms are ex-
pected to evolve. Using this methodology, empiricists can
gain a more detailed understanding about the way in which
a trait at the phenotypic interface of an interaction should
evolve than is possible using SSA. However, using this
technique requires the collection of much more data than
is necessary for performing SSA.

The use of SSA would be most beneficial to the study
of adaptation. By using certain sets of the partitioned se-
lection differentials, adaptation to a particular environ-
ment can be examined. For example, by plotting the qua-
dratic function given by si and Ci and then looking at which
environments (y) were involved, researchers can determine
if the focal species is interacting optimally with the en-
vironment. From the multivariate example presented ear-
lier (table 3), the function to examine would be w pyFx2

if we were interested in adaptation2�0.0046y � 0.0374y
to y along the x2 axis. The use of the plot described by
the x-dependent differentials has a slightly nonintuitive
interpretation. Plots of sx and Cx show the adaptive land-
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scape of x with the effect of environments examined re-
moved. Thus, the more environments examined, the
smaller sx and Cx are expected to be. The relative strength
of each interaction within a population (measured as the
percent of the total selection; see table 2) can be evaluated
using SSA. As an example, measuring relative strength of
interactions would be useful in determining which polli-
nators are most important in floral evolution.

The univariate example provided gives interesting and
novel insights into the process of adaptation to external
environments. The strength of selection potentially im-
posed by an environment is seemingly proportional to the
correlation between the trait x and the environment y
(table 2). This finding indicates that no matter how dire
or beneficial an interaction with a second species or a
particular environment, selection imposed by the exoge-
nous source will be weak if there is no correlation between
the interacting pairs. This may be one of the reasons why
examples of tight pairwise coevolution are rare in nature
(Futuyma and Slatkin 1983). Species that use niche con-
struction to create favorable environments around them-
selves (Laland et al. 1999; Schwilk and Kerr 2002) may be
particularly suited for coevolution. For particularly no-
madic species, coevolution may be highly unlikely unless
behavior mitigates interactions so that there is phenotypic
sorting (e.g., Husband 2000; Pearson and Rohwer 2000;
Benkman et al. 2003). The same may be true for generalist
predators that randomly consume prey items from their
environment. However, the common garter snake Tham-
nophis sirtalis is often considered a generalist, but it ex-
hibits pairwise coevolution with the rough-skinned newt
(Brodie et al. 2002). Given that a correlation between the
focal species and the environment is necessary, inbreeding
in both species should favor coevolution.
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