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The extent to which parasites are locally adapted to their hosts has important implications for human health and agriculture.

A recently developed conceptual framework—the geographic mosaic theory of coevolution—predicts that local maladaptation

should be common and largely determined by the interplay between gene flow and spatially variable reciprocal selection. Previous

investigation of this theory has predominately focused on genetic systems of infection and resistance characterized by few genes of

major effect and particular forms of epistasis. Here we extend existing theory by analyzing mathematical models of host-parasite

interactions in which host resistance to parasites is mediated by quantitative traits with an additive polygenic basis. In contrast to

previous theoretical studies predicated upon major gene mechanisms, we find that parasite local maladaptation is quite uncommon

and restricted to one specific functional form of host resistance. Furthermore, our results show that local maladaptation should

be rare or absent in studies that measure local adaptation using reciprocal transplant designs conducted in natural environments.

Our results thus narrow the scope over which the predictions of the geographic mosaic theory are likely to hold and provide novel

and readily testable predictions about when and where local maladaptation is expected.
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Coevolution generates biological diversity, molds the ecological
structure of communities, and drives tight coadaptation between
species (e.g., Thompson 2005). However, an increasing number of
empirical and theoretical studies suggests coevolution may lead to
local maladaptation as well (Morand et al. 1996; Kaltz and Shykoff
1998; Kaltz et al. 1999; Thompson et al. 2002; Forde et al. 2004;
Morgan et al. 2005). These observations have been incorporated
as a key component of the geographic mosaic theory of coevolu-
tion, which predicts that moderate levels of local maladaptation
should be a common consequence of the interplay between se-
lection mosaics, coevolutionary hotspots, and gene flow, which
characterizes interspecific interactions (Thompson 1994, 2005).
Theoretical studies have provided general support for the
predictions of the geographic mosaic theory by demonstrating
how gene flow and/or selection mosaics can interact to gener-
ate parasite local maladaptation (Gandon et al. 1996; Hochberg
and van Baalen 1998; Nuismer et al. 1999; Thrall and Burdon
1999; Gandon 2002; Nuismer 2006). These results have, how-
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ever, been derived by assuming host resistance to parasites is con-
trolled by one or several loci of major effect and a particular form
of epistasis—such as the epistasis present in inverse matching-
alleles (Frank 1992), matching-alleles (Frank 1992), and gene-
for-gene (Flor 1956; Parker 1994) models—rather than by quan-
titative traits with an additive polygenic basis. Nevertheless,
quantitative traits mediate many naturally occurring antagonistic
interactions, including host—parasite interactions (Berenbaum and
Zangerl 1992; Bergelson et al. 2001; Zhong et al. 2003), and the
majority of interactions between predators and prey (Brodie and
Ridenhour 2002; Benkman et al. 2003; Dorner and Wagner 2003).
However, no theoretical basis currently exists for evaluating the
geographic mosaic theory in these biologically diverse and im-
portant cases. In addition to these genetic assumptions, previous
studies have generally assumed that local adaptation is measured
in a homogenous laboratory environment (Nuismer 2006) rather
than in the field, and thus capture only one or a few components
of local adaptation.
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To fill this gap, we use two complementary approaches to
understanding the evolutionary dynamics of local adaptation in
antagonistic interactions controlled by polygenic traits: (1) Ana-
Iytical quantitative genetic models are used to find solutions un-
der conditions of weak selection and fixed genetic variance, and
(2) deterministic numerical simulations explore situations with
strong selection and evolving genetic variances. We analyze cases
in which phenotype matching or phenotype escalation mediates
resistance to infection. Finally, the effect of experimental design
on measures of local adaptation is considered.

Methods

ANALYTICAL MODEL

We develop a mathematical model of spatially structured host—
parasite coevolution mediated by quantitative traits. We assume
both host and parasite are distributed across two discrete habi-
tat patches connected by host (my) and parasite (mp) gene flow
and assume that population sizes are large enough for the effects
of genetic drift to be negligible. Species encounters occur ran-
domly within patches, with the probability of successful parasite
infection determined by quantitative traits in the host (zy;) and the
parasite (zp).

Our model incorporates two common functional forms of
resistance: phenotype matching and phenotype escalation. The
phenotype-matching model assumes that host resistance increases
as the phenotypes of the interacting individuals become increas-
ingly dissimilar (Dieckmann et al. 1995; Gavrilets 1997; Abrams
2000; Soler et al. 2001) (Fig. 1A). In contrast, the phenotype
escalation model assumes that host resistance increases with host
phenotype (Berenbaum and Zangerl 1992; Gavrilets 1997; Brodie
et al. 2002) (Fig. 1B). In both cases, we assume that infection re-
duces host fitness by an amount (sy) and that resistance reduces
parasite fitness by an amount (sp) within the native environment;
we use Ty and T'p to denote fitness consequences in the environ-
ment in which local maladaptation is measured (e.g., laboratory,
common garden, field). Finally, our model incorporates spatially
homogenous Gaussian stabilizing selection.

Our general model can be used to predict the level of local
adaptation for either functional form of host resistance if selection
is assumed to be weak. Because some studies of local adaptation
employ reciprocal cross-infection designs (RCI) whereas others
use reciprocal transplant (RT) designs, we calculate local adapta-
tion for each. RCI studies generally measure local adaptation in
the laboratory as the difference in average infection frequency of
parasites challenged with sympatric and allopatric hosts and hosts
challenged with sympatric and allopatric parasites (Altizer 2001;
Jokela et al. 2003; Lively et al. 2004). In contrast, RT designs
generally measure local adaptation in the field as the difference
in average fitness between individuals raised in their native envi-
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Figure 1. Probability of infection surfaces based on phenotype
matching or phenotype escalation. Each surface depicts how the
probability of successful infection by a parasite shifts with changes
in host and parasite phenotypes. Panel A shows the relationship
between parasite (zp) and host (z4) phenotypes and the probabil-
ity of infection for the phenotype matching model; Panel B shows
the same relationship for the phenotype escalation model.

ronment and individuals raised in a foreign environment (Angert
and Schemske 2005; Griffith and Watson 2005).

We calculate the local adaptation for either species (A ;) based
upon the fitness functions for phenotype matching and phenotype
escalation. Following standard conventions, local adaptation is
defined as

ANi=Wiig—Wiio+ Wino— Win1)/2 (D

where the bar notation indicates the expectation of a variable
(population mean fitness in this case) and the subscripts indi-
cate species, population of origin for the host or parasite, and
test environment, respectively. The test environment typically is
the population of parasite or host, respectively, to be tested in or
against. This mathematical definition of local adaptation is con-
sistent with both the home versus away and local versus foreign
concepts of local adaptation for the case of two patches consid-
ered here (cf. Kawecki and Ebert 2004 for a discussion of these
measures).

For either phenotype matching or escalation, we define fitness
as

Wi = e M@0 5 [1 — sy P(zp, 2p)] (2a)
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for the host and
Wp = e @9 5 [1 — sp (1 — P(zu, 2p))] (2b)

for the parasite. In equation (2), the parameter y; controls the
strength of stabilizing selection in species i toward an optimum
phenotypic value (6;). As mentioned before, we assume y; and 6;
are spatially homogenous, as would be the case if resistance and
infectivity impose a fitness cost that is constant across environ-
ments.

The probability of successful infection (P(zy,zp)) is defined
differently for the phenotype matching and the phenotype esca-
lation models. For phenotype matching the probability of a suc-
cessful infection is defined as

P(zu, zp) = e~ @), (3a)

whereas the same probability under the phenotype escalation
model is

P(zy, 2p) = 1/(1 + ea(z;r@)). (3b)

The parameter o determines the sensitivity of the probability of
successful infection to changes in host and parasite phenotypes.
In all cases, we assume that « is spatially homogenous. We use a
Taylor series (see Supporting Information) of our fitness functions
to approximate the population mean fitness values in (1). Taylor
series approximation was necessitated by the fact that population
mean fitness cannot be calculated exactly for our fitness functions.
To model the evolution of polygenic traits, we use the quan-
titative genetic framework developed by Lande (1979) and Lande
and Arnold (1983). Thus, we calculate the evolutionary change in
the mean phenotype (AZ;) due to selection as
az =G, M, @)
97
where G; is the genetic variance of the trait. The average phenotype
after selection (Z;) is

L =AZ;+ 7 (5a)

which, with migration (m;) between populations j and k taken into
account, becomes

Z;fj =1 —-m)(AZi; +7Z; ;) +mi(AZix +Zix).  (5b)

The variable Z; j is the mean phenotype in population j after a bout
of selection and migration.

DETERMINISTIC NUMERICAL SIMULATIONS

We used deterministic numerical simulations to extend our anal-
ysis to cases in which selection is strong and genetic vari-
ances evolve. These simulations assume that host and parasite
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phenotypes are determined by the additive action of between one
and five haploid, diallelic loci. Specifically, an individual’s phe-
notype (z;) was calculated as

= Xj/n (6)
j=I1

where X takes a value of 1 if the individual carries a “1” allele at
locus j, but a value of 0 if an individual carries a “0” allele at locus
J; n is the number of loci. Consequently, z; was bounded on the
interval [0,1]. In addition, we assumed that all loci recombined
freely and underwent mutation between allelic states at a rate of
1 x 107 per locus.

Simulations used the same functions as the analytical models
for selection due to species interactions and the abiotic environ-
ment (eq. 2); gene flow, too, was incorporated into simulations in
the same way as in the analytical models (eq. Sb). For both match-
ing and escalation models, we ran extensive simulations spanning
a wide range of fitness consequences and rates of gene flow. In
each case, we calculated the average local maladaptation for host
and parasite using both RT and RCI designs.

Each simulation run began with allele frequencies selected
at random from a uniform distribution. Parameter values were
randomly drawn from uniform distributions over the following
intervals: a€[l1,4], 5; € [0.05, 05], &, ,;€[—25;,25;], m;€[0,0.1],
0;€[0,1], and y; €[0,2.5] where 5; = (s;,1 + 5;2)/2 and &;; =
si.1 — §;2. By necessity, the parameter ranges are somewhat arbi-
trary, and were chosen based upon the following considerations.
The range of strengths of stabilizing selection (y ;) was constrained
so as not to overwhelm coevolutionary selection. Rates of gene
flow (m;) were kept relatively small to prevent the genetic homoge-
nization of the populations and the inevitable loss of all local adap-
tation or maladaptation. The average strength of coevolutionary
selection ranged from weak (5; = 0.05) to very strong (5; = 0.5),
and the range of §; ; was chosen to allow levels of spatial variation
to vary from completely homogenous to strongly heterogeneous
(in which case one population was a coevolutionary hotspot and
the other was a coevolutionary coldspot). Values of o were con-
strained to lie between one and four, representing cases ranging
from a probability of infection that varied only weakly with the
phenotypes of the interacting species (o« = 1) to cases in which
slight changes in host and parasite phenotype had large conse-
quences for the probability of infection (a = 4).

The average value of local adaptation was calculated for each
species over the final 2000 simulation generations (i.e., genera-
tions 2000—4000) using the same formulae as the analytical model
(eq. 1). Local adaptation values were averaged across the final
2000 generations to represent the expected level of local adap-
tation even in those cases in which cyclical dynamics occurred
(Gandon 2002). Our simulations resulted in a preponderance of
zero values for local adaptation (Fig. 2); this large number of
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A. Reciprocal Transplant Simulation Results
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B. Reciprocal Cross-Infection Simulation Results
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Figure 2. Average values of local (mal)adaptation based on simu-
lations broken down by loci. Panel A shows local adaptation as
would be measured in reciprocal transplant experiments. Local
maladaptation results are not given because only 7 and 5 of 20,000
simulations resulted in local maladaptation for the host and par-
asite, respectively. Panel B shows both local maladaptation and
local adaptation results for parasites if experiments were done as
reciprocal cross-infections. For each locus there are four bars that
respectively (left to right) correspond to: mean parasite local mal-
adaptation in the escalation model, mean parasite local adaptation
in the escalation model, mean parasite local maladaptation in the
matching model, and mean parasite local adaptation in the match-
ing model. Host results are not shown because they are equal in
magnitude but opposite in sign to the parasite results. Percentages
along the x-axis in both A and B indicate how often a particular
result was observed (e.g., for a trait controlled by four loci, 1.7% of
cases resulted in parasite local maladaptation when using an RCI
experiment). The error bars indicate the 95% confidence interval
for the mean.

zeroes essentially guarantees nonsignificant effects of all param-
eters on the magnitude of local adaptation if standard linear re-
gression analysis was used. However, by using ordinal logistic
regression on a discrete version of local adaptation, we can test
whether a parameter affects the probability of being either locally
maladapted, zero, or locally adapted. Thus, for our ordinal logistic
analysis, local adaptation was used as our response variable and
was coded as (0) if the value was negative indicating local mal-
adaptation, (1) if the value was approximately zero (within +1 x
107%), indicating an absence of both local adaptation and local
maladaptation, or (2) if the value was positive indicating local
adaptation. All model parameters as well as number of loci were
included in the analysis as explanatory variables. In addition to
estimating the effects of linear combinations of parameters, we in-
cluded the product 8, iy x 3, p as an explanatory variable because
of its importance in previous models of local adaptation (Nuismer
2006) and because analytical results reported below suggested
a role for the interaction between these parameters. We used R
(R. Development Core Team 2006) to perform all statistical ana-
lyses.

Results

ANALYTICAL MODEL RESULTS

Our analysis reveals that the magnitude and sign of local adapta-
tion depends heavily on both the functional form of host resistance
and on the experimental design used to measure local adapta-
tion. Specifically, we find that when host resistance follows the
escalation model, local adaptation (AF) measured for a species
(i) is

1
A?zgan

—Ti2)(Zi1 — Zi2) (7
where T;; is the fitness consequence of interactions in species i
and test environment j. Equation (7) shows that the measured level
of local adaptation depends upon the sensitivity of host resistance
to host and parasite phenotypes (c, see Fig. 1), the fitness conse-
quences of the interaction within the test environment(s), and the
trait means in the two populations. In an RCI experiment, local
adaptation is estimated based upon studies conducted in ahomoge-
nous laboratory environment, and thus the fitness consequences
of interactions are also homogenous (7'; ; = T'; »). Thus, equation
(7) shows that for RCI studies, local adaptation will be zero for
systems mediated by phenotype escalation. In contrast, for RT ex-
periments the test environments are the native environments. The
fitness consequences of interacting are therefore those of the na-
tive environment (7'; ; = s; ;). In contrast to RCI experiments, RT
experiments generally lead to nonzero levels of local adaptation
(as long as s; 1 #s;2) for the model of phenotype escalation.

EVOLUTION FEBRUARY 2007 371



B. J. RIDENHOUR AND S. L. NUISMER

Unlike phenotype escalation, local adaptation is possible in
the matching model for both RCI and RT designs. Specifically,
local adaptation (A?’I) for phenotype matching is

A =z — Zi)[GEn — Ze)(Tiy — Ti2)
o . (®)
+ ?(Zi/,l —Zi )T + Tip)l,

where wp = 1 and wy = — 1. Equation (8) differs from equation (7)
in several respects, the most critical being an additional term not
multiplied by zero if T; ; = T, ». The important consequence of
this additional term is that local adaptation need not be zero in an
RCI experiment. Equation (8) also differs from (7) by depending
on the trait means of the opposing species (Z;,, ;) and the phenotypic
average across both patches (Z;).

Although our results for local adaptation (eqs. 7 and 8)
are quite general, they depend upon the trait means of both
host and parasite. Therefore, we formulated approximate quasi-
equilibrium solutions for the host and parasite trait means and
evaluated our definitions at these points (see Supporting Informa-
tion). As previously stated, our approach uses a standard quanti-
tative genetics framework that assumes weak selection and fixed
genetic variance (G;) (Lande 1979; Lande and Arnold 1983). In
addition, to make our model analytically tractable, we assume that
stabilizing selection is weak relative to coevolutionary selection
and, in the matching model, that the rate of gene flow is large rel-
ative to spatial variability in selection (Nagylaki 1980; Whitlock
and Gomulkiewicz 2005).

The resulting expressions for the spatial difference in mean
phenotypes demonstrate important roles for gene flow and spatial
differences in fitness consequences of interactions (i.e., selection
mosaics; see Supporting Information). For phenotype escalation,
we find the difference in mean phenotypes between populations
is given by
aGi(1 —2m;)(si1 — si2)

1
— X . )
8 YiGi(1 —2m;) + m;

(Zi1 —Zip) =

When phenotype matching governs coevolution, the analo-
gous quantity is
, aG;i(1 —2m;)(Zu — Zp)(si1 — 5i2)

Zi1—Zip) = . (10
mi

Equations (9) and (10) yield two important insights: First, no
difference in mean phenotypes exists if there are no spatial differ-
ences in fitness consequences (i.e., no selection mosaics). Second,
gene flow acts strictly as a homogenizing force for both escalatory
and matching systems (9|(Z;,1 — Z;2)|/dm; < 0); as gene flow in-
creases, the difference in mean phenotypes decreases.

Equations (7-10) allow us to derive explicit expressions for
the sign and magnitude of local adaptation at any point in time
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(see Supporting Information). We find several important and un-
expected results. First, for RT studies, escalation always leads to
local adaptation in both host and parasite. Thus, phenotype es-
calation never produces local maladaptation irrespective of ex-
perimental design. Second, in matching systems local adapta-
tion should be much more common in RT than RCI studies (see
Supporting Information). Third, the product of the parasite and
host selection mosaics ((sp,; — Sp2) X (Sy,1 — Sg,2) Or equiva-
lently 8, p x &, ) may be used as as predictor for local adapta-
tion in systems mediated by phenotype matching (see Supporting
Information). Finally, increased rates of host gene flow reduce
the magnitude of host local adaptation (see Supporting Informa-
tion) regardless of the rate of gene flow in the parasite, and vice

versa.

SIMULATION RESULTS

Simulations conducted under conditions of strong selection and
evolving genetic variances provided broad support for our key
analytical predictions. The raw data from these simulations are

available in the form of Microsoft™

Excel files upon request.
The simulations demonstrate that parasite local maladaptation is
practically absent from RT experiments with 0% and 0.05% of
cases showing local maladaptation for phenotype escalation and
matching, respectively (Fig. 2A). In contrast, local maladaptation
occurred in approximately 9% and 11% of all cases for the para-
site and host, respectively in RCI experiments for the phenotype-
matching model (Fig. 2B). For the escalation model, local mal-
adaptation is very rare if an RCI design is used (~1% of all cases
for the host and parasite; Fig. 2B), and the average value of local
adaptation is approximately zero as predicted (Fig. 2B).

The number of loci controlling the host and parasite traits
also affected the frequency and magnitude of local adaptation.
The effect of loci on the probability of being locally adapted was
significant in all ordinal logistic regression models (Tables 1 and
2) except for the phenotype escalation-RCI model that was not sig-
nificant overall (Table 1). The phenotype escalation-RCI was not
significant because very few cases with either local maladaptation
or adaptation existed (~2%). Furthermore, in RT experimental de-
signs this effect was significantly nonlinear (Tables 1 and 2). In
addition to affecting the frequency of local adaptation, the number
of loci nonlinearly affected the magnitude of local (mal)adaptation
for both phenotype matching (RCI and RT; Fig. 2) and escalation
(RT only; Fig. 2).

Our ordinal logistic regression also yielded insight into the
impact of other model parameters. We see that, as predicted, the
product of the selection mosaic (8;p x &;y) has a significant
effect on the probability of local adaptation in phenotype match-
ing but not in phenotype escalation (Tables 1 and 2). The effect
of this product on the probability of being locally adapted dif-
fers between RCI and RT designs however. For RCI experiments,
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Table 1. Results of ordinal logistic regression analysis for the
model of phenotype escalation. Positive parameter estimates indi-
cate factors that increase the probability of being locally adapted
as the parameter value increases. Host RCl results are not shown
because they are exactly equal in magnitude to the parasite RCI
results but opposite in sign.

Table 2. Results of ordinal logistic regression analysis for the
model of phenotype matching. Positive parameter estimates indi-
cate factors that increase the probability of being locally adapted
as the parameter value increases. Host RCl results are not shown
because they are exactly equal in magnitude to the parasite RCI
results but opposite in sign.

Effect Parasite, RT Host, RT Parasite, RCI Effect Parasite, RT Host, RT Parasite, RCI
Loci 0.82754 0.9322¢  —0.0202 Loci 0.54964 0.41494 0.0683
Nonlinear NAd NAd NA Nonlinear NAd NA NA
Oy 0.3596° —1.8015¢  —0.0174 0y —0.0123 0.0096 —0.0991
YH —0.1116° —0.4506¢  —0.0148 YH —0.37484 —0.2434 0.0608
Op —1.96124 0.62034 0.3154 Op 0.17832 —0.0037 0.0247
Yp —0.56414 —0.1348¢  —0.0315 Yp —0.79504 —0.56919  —0.21404
a 0.30104 0.27294 0.0002 a 0.40064 0.25614 0.0187
Su 0.4779% 5.21124 0.0305 Su 2.41004 4.75094 0.99914
dy.n 0.0926 0.1134 —0.2728 S H 0.0637 0.1203*  —0.0365
Sp 5.41364 0.5906° 0.6279 Sp 5.09684 1.7940¢ 0.1422
ds.p 0.1206 —0.0155 0.1884 ds.p —0.0972 —0.1565>  —0.0017
ds.p X dym 0.0956 —0.1055 1.14882 dsp X dom 0.5549° 0.4589° 2.45314
my —0.7201 —20.6174¢  —2.5028 my 0.4256 —9.5725¢  —5.39124
mp —22.53434 0.7972 0.3966 mp —14.1586¢ —1.7920 2.14482
Model NAY NAY NA Model NAd NAY NAY

ap<0.05, PP<0.01, €P<0.001, 9P<0.0001.

as in Nuismer (2006), if 8;p X 8,y > 0 we expect the prob-
ability of the parasite being locally adapted to increase and the
probability of the host being locally maladapted to increase as
the magnitude of the product of the selection mosaic increases
(Table 2). In contrast, if 3;p X 8,y > 0, we increasingly ex-
pect both host and parasite to be locally adapted in RT ex-
periments as the magnitude of the product increases. We also
see that, with the exception of RCI experiments involving in-
teractions mediated by phenotype matching, the rate of gene
flow in the interacting species does not affect local adaptation
(Tables 1 and 2).

Discussion

Our analytical and numerical results suggest that local
maladaptation—a key prediction of the geographic mosaic
theory—is less prevalent for species interactions mediated by
quantitative traits than those mediated by major gene mechanisms.
This difference is particularly striking for cases in which host re-
sistance is based on a model of phenotype escalation, as is likely
the case for many interactions between plants and their insect par-
asites and predators and prey (Ehrlich and Raven 1964; Chew and
Courtney 1991; Berenbaum and Zangerl 1992; Farrell and Mitter
1998). Moreover, our results demonstrate local maladaptation is
less likely to be inferred when reciprocal transplant (RT) designs

ap<0.05, PP<0.01, €P<0.001, 9P<0.0001.

are used than when reciprocal cross infection (RCI) designs are
used.

Specifically, in the phenotype escalation model, our simula-
tions show that only local adaptation is possible for RT experi-
ments and that RCI experiments yield almost entirely local adap-
tation values of zero (approximately 2% nonzero; Fig. 2B); both
results were predicted by our analytical model. For the phenotype
matching model, RT experiments again result in detecting local
adaptation almost all of the time (only 5 of 10,000 cases yielded
maladaptation), but RCI experiments do result in local maladap-
tation in approximately 10% of all cases (Fig. 2B). These results
are in keeping with our analytical predictions as well.

In addition to showing that local maladaptation is generally
less common for interactions mediated by polygenic traits, our
results demonstrate the effect of experimental design on detecting
local maladaptation (kingsolver and Gomulkiewicz 2003; Fuller et
al. 2005). Specifically, our results show RCI can potentially yield
local maladaptation whereas RTs do not (Fig. 2). Intuitively, our
results can be best understood by considering the difference in the
quantities local adaptation actually measures in reciprocal cross-
infection versus RT studies. In general, RCI studies remove an
organism from the natural fitness environment in which it evolved
and measure only particular fitness components (e.g., the proba-
bility of infection). In contrast, in an RT study, local adaptation
is measured in the environment in which the organism evolved
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and measures all fitness components. This difference in context is
the primary driver of the increased levels of local adaptation we
observe in RT versus RCI experiments. For local maladaptation
to occur, individuals must have a higher fitness score, on average,
in their nonnative environment than in their native environment.
In an RT experiment, this is unlikely, because the organism adapts
according to all the fitness components and trade-offs of its natu-
ral environment. Consequently, we expect organisms to be closer,
on average, to the fitness optimum of their native environment
than to the fitness optimum of their nonnative environment. In
contrast, in an RCI experiment, only a single component of fit-
ness is measured in the absence of natural trade-offs. Because
such trade-offs between fitness components play an integral part
in the true fitness, organisms may be closer, on average, to the
fitness optimum of their nonnative environment for traits mea-
sured in the laboratory. We hypothesize that this result arises be-
cause RCI designs measure only one component of fitness—the
probability of successful infection/resistance; constraints caused
by the abiotic environment or by spatial variation in fitness
consequences of interactions are generally ignored in these de-
signs.

In addition to confirming several of our analytical predic-
tions, our simulations revealed interesting effects of increasing
numbers of loci. As the number of loci increased, the frequency
of local adaptation increased, but the magnitude of local adap-
tation decreased (Tables 1 and 2; Fig. 2). There was significant
nonlinearity to this observation (Tables 1 and 2). Specifically, both
the frequency of local adaptation and magnitude of local adapta-
tion rapidly seemed to approach asymptotic values (Fig. 2). The
apparent asymptotic behavior of local adaptation as a function of
the number of loci suggests that our five locus simulations may
yield a reasonable approximation for even larger numbers of loci,
and thus may be a good approximation of our Gaussian analyt-
ical model. In contrast, when there are only very few loci, our
simulation results may perhaps be better compared with previ-
ous major gene theory. For instance, it can be shown that the one
locus version of the phenotype-matching model converges on a
matching-alleles model, and the one locus version of the pheno-
type escalation model is similar to, but not the same as, a gene-for-
gene model (see Supporting Information). Thus it is not entirely
surprising that our one-locus phenotype-matching simulations un-
der RCI conditions yield results similar to past major-gene models
(e.g., Nuismer 2006).

Together, our results provide predictions that can be readily
tested empirically. For instance, our prediction that local mal-
adaptation should be significantly less common when measured
using an RT design provides a particularly straightforward op-
portunity for empirical testing. Unfortunately, RT studies are rel-
atively rare, particularly within the framework of host—parasite
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interactions, and thus meta-analysis comparing the results of these
two methods is not currently feasible. Future empirical studies that
measure parasite local adaptation using both RCI and RT designs
would prove very valuable for testing this prediction. Similarly,
our models predict that local maladaptation should not occur in
those interactions mediated by phenotype escalation. To evaluate
this prediction, studies of local adaptation need to be performed
once it has been established that a particular interaction follows a
model of phenotypic escalation. Logical candidates include inter-
actions between camellia and their weevils (Toju and Sota 2006),
parsnips and parsnip webworms (Berenbaum and Zangerl 1992),
and newts and garter snakes (Brodie et al. 2002).

Our results also have implications for the results of empirical
studies of parasite local adaptation that attribute observed levels
of local adaptation to differences in the gene flow rates of the
interacting species (Kaltz et al. 1999; Oppliger et al. 1999; McCoy
et al. 2005; Prugnolle et al. 2005). Although the theoretical basis
upon which the interpretation of these studies is quite robust when
interactions are mediated by major gene mechanisms of resistance
and local adaptation is measured using an RCI design (Gandon
etal. 1996; Gandon 2002), our results show that this is not the case
for polygenic traits or RT designs. We only observed relative gene
flow rates affecting local adaptation for cross-infection studies of
phenotype matching (Table 2). Consequently, it is important to
have at least a rudimentary understanding of the genetic basis of
the traits mediating an interaction, and the functional relationship
between these traits and resistance, prior to attributing observed
patterns of local adaptation to differences in the relative rates of
host and parasite gene flow.

Our results also demonstrated a significant effect of the prod-
uct of the selection mosaics on local adaptation in a phenotype-
matching model (Table 2). Nuismer (2006) also found that this
product was important to determining local adaptation in (inverse)
matching-alleles models and gene-for-gene models. Our results
indicate that this relationship is not universally true for polygenic
traits, but may apply if the model of fitness for the polygenic trait
converges on a major-gene model (as was the case for our phe-
notype matching model). Interestingly, we found that the effect
of the product of the selection mosaic was different for RCI and
RT experiments. Measuring local adaptation using RCI experi-
ments yielded the same results as Nuismer (2006) in which the
sign (£) of the selection mosaic determines whether the host or
parasite is locally adapted. In contrast, our RT simulation results
indicate that increases in the product of the selection mosaic favor
local adaptation for both host and parasite (Table 2). These con-
flicting results seem to suggest that the product of the selection
mosaics has different consequences for the probability of success-
ful infection (measured using RCI) and overall organismal fitness
(measured using RT).
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Though we frame our results within host—parasite sys-
tems, our results may apply more broadly to other antagonistic
interactions mediated by phenotype matching or escalation mech-
anisms. For instance, many interactions between predators and
prey are apparently mediated by quantitative traits (Brodie et al.
2002; Benkman et al. 2003; Cook 2003; Dietl 2003; Dorner and
Wagner 2003), and some of these appear to be matching (Cook
2003; Dorner and Wagner 2003) and others escalation (Brodie
et al. 2002; Benkman et al. 2003; Dietl 2003). Similarly, many in-
teractions between herbivorous insects and their food-plants may
be mediated by quantitative traits and escalation. At the same time,
however, the generality of our results may be constrained by our
genetic and demographic assumptions. Addressing the impact of
these assumptions issues should be an important focus of future
work.
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