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ABSTRACT Mutualisms are known to be genetically variable, where the genotypes differ in the ﬁtness
beneﬁts they gain from the interaction. To date, little is known about the loci that underlie such genetic
variation in ﬁtness or whether the loci inﬂuencing ﬁtness are partner speciﬁc, and depend on the genotype
of the interaction partner. In the legume-rhizobium mutualism, one set of potential candidate genes that
may inﬂuence the ﬁtness beneﬁts of the symbiosis are the plant genes involved in the initiation of the
signaling pathway between the two partners. Here we performed quantitative trait loci (QTL) mapping in
Medicago truncatula in two different rhizobium strain treatments to locate regions of the genome inﬂuencing plant traits, assess whether such regions are dependent on the genotype of the rhizobial mutualist (QTL ·
rhizobium strain), and evaluate the contribution of sequence variation at known symbiosis signaling genes. Two
of the symbiotic signaling genes, NFP and DMI3, colocalized with two QTL affecting average fruit weight and
leaf number, suggesting that natural variation in nodulation genes may potentially inﬂuence plant ﬁtness. In
both rhizobium strain treatments, there were QTL that inﬂuenced multiple traits, indicative of either tight
linkage between loci or pleiotropy, including one QTL with opposing effects on growth and reproduction.
There was no evidence for QTL · rhizobium strain or genotype · genotype interactions, suggesting either that
such interactions are due to small-effect loci or that more genotype-genotype combinations need to be tested
in future mapping studies.

Mutualisms, or interspeciﬁc cooperation, are reciprocally beneﬁcial
interactions between species (Bronstein 2001) that affect many ecological and evolutionary processes. Organisms from every kingdom
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participate in mutualisms, from mitochondria within cells, to mycorrhizal fungi and plants, to cleaner ﬁsh and their clients (Boucher 1985;
Smith and Douglas 1987; Bronstein 1994). These mutualistic interactions are known to be genetically variable, where different genotypes
confer different ﬁtness beneﬁts to their interacting partners [e.g.
Hoeksema and Thompson (2007) and Heath (2010)]. A number of
important unresolved questions remain, however, including the mechanistic basis of such genetic variation in ﬁtness and whether the loci
responsible for such ﬁtness variation are dependent on the genotype
of the interacting partner. The prevalence, distribution, and effect size
of loci for ﬁtness beneﬁts, and their potential for partner-speciﬁcity,
have important implications for the genetic basis of ongoing coevolution (Parker 1995; Gomulkiewicz et al. 2007) and how genetic architecture inﬂuences the maintenance of mutualisms (Bever 1999;
Heath and Tifﬁn 2007; Heath 2010). Here we used quantitative trait
locus mapping to investigate genomic regions that inﬂuence plant per-

Volume 2 |

November 2012

|

1291

formance and ﬁtness of the legume Medicago truncatula, whether those
regions depend on the genotype of its associated rhizobial mutualist,
and the contribution of variation in known mutualism signaling genes.
At the quantitative genetic level, genotype · genotype interactions
(G · G) for ﬁtness appear to be widespread in coevolutionary interactions (Moran 1981; Service 1984; Salvaudon et al. 2005; Hoeksema
and Thompson 2007; Heath 2010). These data have two important
implications. First, they suggest widespread genetic variation in ﬁtness
components of interacting species, indicating abundant raw material
for evolutionary change in interspeciﬁc interactions, as the loci underlying ﬁtness differences represent the genetic variation upon which
coevolutionary selection acts (Parker 1995; Gomulkiewicz et al. 2007).
Second, the presence of G · G interactions suggests that the loci
responsible for ﬁtness variation may be partner speciﬁc. These G ·
G interactions, also referred to as intergenomic epistasis (Wade 2007),
occur when the effects of a gene in one partner vary depending on the
genetic background of the other partner. Applied to mutualisms, they
indicate that the phenotype of an individual can change depending on
the genome of its interacting partner: a poor mutualist partner with
one individual may be beneﬁcial with another, potentially stabilizing
mutualisms (Heath and Tifﬁn 2007; Heath 2010).
In legume-rhizobium symbioses, rhizobia ﬁx atmospheric nitrogen
into a plant-usable form in exchange for shelter inside specialized
plant root nodules and plant photosynthates. Using numerous
rhizobium strain · plant line combinations from natural populations
of the model legume Medicago truncatula and its nitrogen-ﬁxing rhizobium Sinorhizobium meliloti, Heath and colleagues detected G · G
interactions for plant ﬁtness components [N = 20 line · rhizobium
strain combinations (Heath and Tifﬁn 2007); N = 108 line · rhizobium strain combinations (Heath 2010)] and further showed that
some rhizobium strains were highly beneﬁcial mutualists with certain
plant genotypes but provided little or no beneﬁt when paired with
other plant genotypes. Given these past results, it is expected that
signiﬁcant rhizobium strain · quantitative trait loci interactions may
exist. However, despite the variety of genetic and genomic resources
available in M. truncatula [e.g. genome sequenced and assembled,
euchromatin draft sequence available (Young et al. 2011), haplotype
maps (Branca et al. 2011), gene expression atlas, available RIL mapping
populations, and genetic maps], the causative loci or regions underlying quantitative genetic variation in plant ﬁtness and their potential
partner-speciﬁc effects remain unknown.
Signaling interactions between rhizobia and legumes are essential
to the formation of the symbiosis and, as a result, are promising
candidates to investigate whether sequence-level variation affects the
outcome or ﬁtness beneﬁts of symbiotic interactions. Several genes
involved in the signaling pathway between rhizobia and legumes have
already been identiﬁed (Schauser et al. 1999; Catoira et al. 2000; Endre
et al. 2002; Ané et al. 2004; Lévy et al. 2004; Arrighi et al. 2006).
Brieﬂy, nodule formation and host speciﬁcity are controlled by mutual
signaling between the two partners. Legumes release ﬂavonoids into
the soil, and these molecules trigger rhizobia to produce Nod factors.
Nod factors are lipochito-oligosaccharide compounds, which in turn
induce multiple downstream responses in the host, ultimately leading
to the formation of root nodules [see Jones et al. (2007) for a review].
In the last decade, ﬁve genes involved in the earliest stages of the Nod
factor recognition and signaling pathway have been characterized in
M. truncatula: DMI1, DMI2, DMI3, NFP, and NIN [see Figure 1 in De
Mita et al. (2007) and Figure 2 in Jones et al. (2007) for diagrams of
the signaling pathway]. DMI1 encodes an ion channel located on
the nuclear membrane (Ané et al. 2004); DMI3 encodes a calciumcalmodulin–dependent kinase (Lévy et al. 2004); NFP is a lysine motif
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(LysM)-receptor-like kinase and is the candidate for the Nod factor receptor gene (Arrighi et al. 2006); DMI2 encodes a receptor
kinase and is involved in rhizobial Nod factor perception (Endre et al.
2002); and NIN is required for the formation of the plant infection
threads and has homologies to transcription factors (Schauser et al.
1999). Mutants with nonfunctional copies of any of these genes cannot
be infected by rhizobia and therefore produce no nodules (Schauser
et al. 1999; Catoira et al. 2000; Amor et al. 2003).
Quantitative trait loci (QTL) mapping is an excellent method for
locating regions of the genome affecting ecologically and evolutionarily important traits. Using a recombinant inbred line (RIL) mapping
population of M. truncatula, we examined the QTL architecture of
a range of plant ﬁtness traits when grown with two genotypically
distinct S. meliloti strains. Speciﬁcally, we addressed the following
questions: (1) Which regions of the M. truncatula genome contribute
to variation in plant ﬁtness? (2) Do the number and effect size of
additive and epistatic QTL differ in two rhizobium genotype treatments (i.e. are QTL differentially detected depending on the rhizobium strain)? and (3) Does sequence level variation in known
symbiosis genes have an effect on the ecological outcome of the
symbiosis?
MATERIALS AND METHODS
Study species and mapping population
Medicago truncatula (Fabaceae), commonly known as the barrel medic,
is a small annual legume native to the Mediterranean region. Medicago
truncatula has trifoliate leaves and small inﬂorescences with one to ﬁve
yellow ﬂowers; it is found mainly in open areas (Bataillon and Ronfort
2006). It has been developed as the model legume for studying the
genetics of plant-mycorrhizal and plant-rhizobium symbioses due to
its short generation time, high selﬁng rate [97.5% (Bonnin et al.
1996)], and small diploid genome [2n = 16; 550 Mb (Cook 1999; Ané
et al. 2008; Young et al. 2005)]. Medicago truncatula is found in
symbiosis with the nitrogen-ﬁxing bacteria S. medicae and S. meliloti
(Rhizobiaceae) (Bailly et al. 2006). In our experiment, we used S. meliloti.
Seeds from the M. truncatula LR03 RIL mapping population were
provided by INRA in Montpellier, France. The lines were created
by manually crossing two M. truncatula inbred line accessions,
F803005.5 (female parent, origin: France) and DZA045.5 (male parent, origin: Algeria) to produce an F1 generation, which was later
selfed. The RILs (n = 177) were derived from the F2 generation by
self-fertilization and single-seed descent for ﬁve generations, creating
the F6 RIL mapping population that we used.
Both S. meliloti strains used in this experiment (Naut a and Sals b,
hereafter referred to as Naut and Sals) are from the native range in
France and were previously isolated and genotyped from soil samples
[full details in Heath (2010)]. Naut and Sals were selected based on
preliminary results indicating evidence of G · G interactions with the
parental lines of the LR03 RIL population (ANOVA for leaf number,
rhizobium strain · parental line, P = 0.02, supporting information,
Figure S1). The presence of G · G interactions suggested that Naut
and Sals would be suitable strains to investigate possible rhizobium
strain · QTL interactions in our experiment.
Greenhouse experiment
Planting design: We grew 8 replicates of each RIL with each of two
rhizobium strain treatments. To minimize contamination, rhizobium
treatments were applied at the level of whole groups of plants (i.e.
on a bin-by-bin basis). Speciﬁcally, one seedling per line was planted
into Ray-Leach SC10 UV-stabilized cone-tainers (Stuewe and Sons,

Tangent, OR); we then placed four racks of cone-tainers into Flow
Trays (large plastic “bins” that provide subirrigation), each of which
received its own rhizobium strain inoculation. Within each bin, there
were 177 genotyped RILs, 4 replicates of each of the parental lines, and
an additional 10 RILs that lacked genetic markers, which were included to maintain an even plant density across bins (N = 195 plants
per bin). We used 8 replicate bins per rhizobium treatment for a total
of 16 bins, arranged in the greenhouse in a checkerboard array of 8
blocks (one bin of each strain per block) to eliminate any potential
confounding relationships between rhizobium treatment and spatial
position (195 plants · 8 replicates · 2 treatments = 3120 experimental
plants). Bins were approximately ten inches apart on the greenhouse
bench. To assess the potential for cross-contamination in our experiment, a tray of 50 uninoculated control plants was placed adjacent to
inoculated trays (with between-tray spacing and watering regime identical to the rest of the experiment). Plant mortality, growth, and nodule
data for these controls suggest that cross-contamination was minimal
(see Results).
All seeds were scariﬁed with a razor blade, then surface sterilized
for 30 sec in 95% ethanol, followed by 7 min in full bleach. Following
sterilization, seeds were imbibed in ddH20 for 20 min, plated on 0.08%
agar plates, and stratiﬁed in the dark at 4 for 2 weeks. After 2 weeks,
the seedlings were transplanted into 164 mL cone-tainers containing
a mixture of 1:1 Sunshine Mix 2 (Sun Gro Horticulture, Bellevue,
WA) and Turface (Proﬁle Products, Buffalo Grove, IL). We used
Sunshine Mix 2 because it contains no added fertilizer, as it has been
shown previously that nitrogen can affect the outcome of the symbiosis (Heath and Tifﬁn 2007; Heath et al. 2010). Prior to transplanting,
the soil mixture was steam sterilized at 121 for 30 min in small bags.
We planted one seed per line in a randomized design within each bin,
and cone-tainers were placed in every other space in each 98-cell rack.
Planting was completed on a bin-by-bin basis from Jan. 1 through Jan.
6, 2010. Seeds that failed to establish were replaced with a second set
of seedlings a month later using the same methods described above. We
fertilized all plants once with N-free Fahreus solution (Somasegaran
and Hoben 1994) and grew the plants under 16-hr days at an average
greenhouse temperature of 22.
Rhizobium strain inoculation: One week after planting, we inoculated all plants with the rhizobium cultures. To prepare rhizobium
inocula, each strain was ﬁrst grown in liquid culture [TY media;
Beringer (1974)] for three days at 30 and mixed continuously at a rate
of 200 rpm. Prior to inoculation, we diluted each culture to a density
of 0.1 OD600. We then inoculated each plant with 1 mL of the appropriate rhizobium strain (Sals or Naut). The following day, we poured
25 mL of sterile water on the soil of each cone-tainer to help distribute
the rhizobium cells throughout the soil.
Trait measurement: For each plant, we recorded seven measures of
plant growth, size, or ﬁtness: leaf number at six weeks, date of ﬁrst
ﬂower, number of fruits, fruit weight, dry shoot weight, dry root
weight, and number of primary branches. We used fruit weight and
fruit number as estimates of reproductive ﬁtness, and both are
positively correlated with seed number [fruit weight and seed
number: r = 0.75, P , 0.0001 (A. J. Gorton, unpublished data); fruit
number and seed number: r = 0.86, P , 0.0001 (Heath and Tifﬁn
2007)]. For leaf number, we counted the number of true leaves
present on each plant at six weeks after planting as a measure of
plant growth. We checked all plants daily for signs of ﬂowering.
Once the plants began to set fruit, we collected mature fruit daily.
The plants were harvested in sequential order based on planting
date approximately 15 weeks after the ﬁrst day of planting. Prior to

harvesting, all remaining fruit was removed to estimate total fruit
number and fruit weight. At harvest, we separated aboveground and
belowground biomass, which were then dried at 55 for three days
prior to weighing. Average fruit weight was calculated as the weight of
all fruits for each plant divided by the total number of fruits. After
harvesting, dried shoots were counted to assess the number of primary
branches on each plant [See Moreau et al. (2006) for a description of
branching; for complete phenotypic data, see File S1.]
During harvesting, we observed nodules on the roots of all
experimental plants; however, the roots were very dense and contained
numerous nodules, making it difﬁcult to collect data on nodule traits
on all experimental plants in a timely manner (i.e. before roots began
to degrade). Accordingly, we subsampled nodules in the following
manner: all nodules on every parental genotype were counted, and
a subset of 15–20 nodules was randomly selected from each parental
genotype for weighing. An analysis of the parental lines indicated that
there was no effect of rhizobium strain on nodule number (Naut =
129.9; Sals = 111.9; P = 0.54) or dry weight (Naut = 0.027; Sals = 0.019;
P = 0.65), nor was there a strain · line interaction for either trait (P =
0.32, P = 0.34).
Candidate gene sequencing
To test for sequence variation at particular genes involved in the Nod
factor signaling pathway (DMI1, DMI2, DMI3, NIN, and NFP), the
parental lines and RILs were initially sequenced using DNA derived
from a separate planting set. DNA was extracted from leaf tissue
according to DNAeasy Plant Mini Kits protocol (Qiagen). DMI1 primers were taken from De Mita et al. (2007). The remaining primer
pairs were designed using Integrated DNA Technologies (IDT) PrimerQuest (www.idtdna.com/Scitools/Applications/Primerquest), and
BLASTn was used to ensure they matched only the gene of interest
in the M. truncatula genome (see Table S1 for primer sequences).
Puriﬁed PCR products were sequenced with the forward primers
using Big Dye Terminator cycle sequencing kit (v.3.1, Applied
Biosystems), which were then run on an ABI 3730 DNA Analyzer
by the Centre for the Analysis of Genome Evolution and Function
(University of Toronto). The parental lines and RILs were sequenced
twice, and we aligned the sequences for each gene using ClustalW in
BioEdit (Hall 1999).
Only DMI1, DMI3, and NFP differed between the parents; therefore, they were fully sequenced in the RILs to develop markers for
QTL mapping. In DMI1 (5815 bp), a ﬁfth of the gene was successfully
sequenced, and the fragment contained three polymorphisms: one was
a nonsynonymous change resulting in the substitution of isoleucine
for threonine, and two were in introns. The nonsynonymous SNP
found in the DMI1 fragment was used to genotype the RILs (position
in gene = 388 bp). The entire NFP gene (1788 bp) was sequenced, and
three polymorphisms were found, two of which were synonymous
changes and one of which was a nonsynonymous change, resulting
in the substitution of tryptophan for serine in the protein sequence.
One of the synonymous changes in NFP was used to genotype the
RILs (position in gene = 792 bp). In DMI3 (6700 bp), a ﬁfth of the
gene was successfully sequenced, and this segment contained ﬁve
polymorphisms within introns; the SNP at position 1921 bp in
DMI3 was used to genotype the RILs (see Table S2 for details on
SNPs used for genotyping; see File S1 for genotype scores).
Statistical analyses
Quantitative genetic analysis: We tested for genetic variation in
plant traits in separate analyses for each rhizobium strain treatment by
using a mixed-model ANOVA with restricted maximum likelihood
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(PROC MIXED, SAS v.9.2). For each trait as a response variable, we
included block and planting set as ﬁxed effects and line as a random
effect. The signiﬁcance of the line effect was tested by running the
models with and without the line effect; the difference in the 22 log
likelihoods of the models was compared to chi-square distribution
with 1 degree of freedom, using a one-tailed test. To formally test
for line · rhizobium genotype interactions, we also used mixed-model
ANOVA. For each trait as a response variable, we included block,
planting set, and rhizobium genotype as ﬁxed effects, and line and
line · rhizobium genotype as random effects. Signiﬁcance tests were
performed as described above. We report broad sense heritability (H2)
estimates as the genetic variance (Vg) divided by the phenotypic variance (Vp, where Vp = Vg + Ve), so that our estimates would be
comparable with many past reports [e.g. Hansen et al. (2011)]; these
REML estimates are robust to lack of balance among RILs (Lynch and
Walsh 1998). Correlations between phenotypic traits were calculated
using least-square RIL means (PROC CORR, SAS v.9.2).
As a point of comparison, we also estimated heritability on the
line-mean basis, using Vg / [Vg + (Ve / n-reps)], which is often used in
the breeding literature when the phenotype of interest is the mean of
a line [e.g. Holland et al. (2003), Long et al. (2006), Piepho and
Mohring (2007), and Emrich et al. (2008)]. The equation for the
line-mean heritability only provides an accurate predictor on the response to selection of line means under conditions of equal balance
(Piepho and Mohring 2007), which was not met in the current experiment. Because of the lack of balance, for the number of replicates
per line we used the n0, an estimate of the weighted RIL sample size,
calculated with expressions from Lynch and Walsh (1998). Thus,
while the heritability on the line-mean basis we report should not
be used for predicting response to selection of line-mean phenotypes,
it provides a measure of the degree of variability among RIL means,
which were used for QTL mapping.
Linkage map construction: The RILs were genotyped at 204 markers,
of which most are simple sequence repeats (SSR) and ampliﬁed
fragment length polymorphisms (AFLP). AFLP assays were conducted
using EcoRI and MseI restriction enzymes, and SSR ampliﬁcations
were carried out using the procedure described on pea by Loridon
et al. (2005), with ﬂuorescently labeled (IRD 700 or IRD 800) forward
primers (see File S2, Table S6, and Table S7 for more details on AFLP
and SSR ampliﬁcation methods). The remaining three markers
(DMI1441, NFP1697, and DMI3427) are single nucleotide polymorphisms which were designed from sequence data from the symbiotic
signaling pathway genes DMI1, NFP, and DMI3 using the method described above. The markers that are anchored to the integrated geneticphysical M. truncatula map (http://www.medicago.org/genome/map.
php) are indicated in bold on the linkage map (Mun et al. 2006; Hamon
et al. 2010; this study).
We used JoinMap 4.0 (Van Ooijen 2006) to determine the linkage
map of the population (N= 204 markers). We determined the linkage
groups using a LOD score between 4 and 8, and the marker order and
distances between were calculated using maximum-likelihood mapping. For some of the linkage groups, multiple marker orders were
generated. In these cases, we investigated the raw genotype data for
evidence of improbable double recombinants or transcript reading
errors. We excluded a small number of markers from the analysis
for these reasons, if they were located in regions of reasonable marker
density (i.e. 8–10 cM between markers).
QTL analysis: We performed QTL mapping separately for each strain
treatment. The explanation for this approach is that strain-speciﬁc
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QTL may exhibit conditional neutrality [sensu (Mackay 2001], in
which they affect phenotypes in one strain treatment but have no
effect in the other. If the QTL that display conditional neutrality differ
between the two rhizobium treatments, it is possible for different QTL
to affect traits in the different strain treatments, even in the absence of
a signiﬁcant line · rhizobium strain treatment interaction.
For the QTL mapping, we estimated the least-squares means of
each plant trait using a mixed-model ANOVA (PROC MIXED, SAS
v.9.2), which included block, plant set, and line as ﬁxed effects. We did
these estimations and all QTL mapping analyses described below
separately for each rhizobium strain treatment. We did not estimate
best linear unbiased predictors (BLUP) or the random effects solutions
of the models described above, because BLUPs can have poor
properties when used as data in regression-based analyses (Hadﬁeld
et al. 2010).
QTL were initially detected using the composite interval mapping
(CIM) procedure (Jansen 1993; Zeng 1993, 1994) in QTL Cartographer v.2.5 (Wang et al. 2011). The cofactors used in each CIM were
selected using forward-backward stepwise regression (P-values = 0.05)
under the standard model (Model 6). All QTL analyses were performed on the calculated least-squares means of each RIL, and tests
were performed at 2 cM intervals with a window size of 10 cM. For
each trait, the genome-wide threshold values [likelihood ratio test
statistic (LRT); P = 0.05] for declaring a signiﬁcant QTL were determined through 1000 permutations of the data set (Churchill and
Doerge 1994). For signiﬁcant QTL, we calculated 2-LOD support
intervals as the nearest markers on either side of the QTL peak where
the LRT dropped by 9.22 (Van Ooijen 1992).
Many of the traits had QTL that colocalized within each strain
treatment. To formally test for pleiotropy at the QTL level, we
implemented multiple trait CIM (MCIM) in QTL Cartographer v.2.5
(Wang et al. 2011). Multiple trait CIM takes into account the correlated structure of phenotypic traits to map QTL affecting multiple
traits (Jiang and Zeng 1995). The analysis was performed only on
those QTL identiﬁed under single-trait CIM that had overlapping 2LOD intervals. The LRT values for declaring a signiﬁcant QTL (using
a 0.05 type I error rate) were determined through 1000 permutations
of the data set, maintaining the correlations between traits (Churchill
and Doerge 1994). For each position where MCIM detected a significant QTL, we examined the individual MCIM LRT values for each
trait to determine whether the detected QTL had pleiotropic effects on
the traits in each analysis. QTL are referred to as “pleiotropic” and
share the same QTL identiﬁcation (see Results) when more than one
trait had a LRT value greater than the signiﬁcance threshold of 5.99
[x0.05, 2; Jiang and Zeng (1995)] at the detected joint QTL position.
QTL are referred to as “closely linked” and were given unique identiﬁcations when only one trait in the MCIM analyses was signiﬁcant
for the detected QTL.
We performed the ﬁnal model ﬁt using multiple interval mapping
[MIM; Kao et al. (1999)] in QTL Cartographer v.2.5 (Wang et al.
2011). MIM uses multiple marker intervals concurrently to ﬁt several
potential QTL in the model, thereby increasing power and precision
(Kao et al. 1999). For each trait, we used our CIM QTL peaks as the
initial positions in MIM, tested to determine whether all remained in
the model simultaneously, and omitted any that did not. We used
BIC–M2 = 2ln(n) as our criteria for keeping QTL in the model. QTL
effects and percentage variance explained were estimated with a ﬁnal
model ﬁt in MIM, as CIM does not account for correlations among
genotypes due to sampling in the RIL population and therefore can
overestimate these values. All signiﬁcant QTL were drawn on the
linkage map using MapChart (Voorrips 2002).

To determine whether QTL were differentially detected depending
on the rhizobium genotype (i.e. QTL · strain treatment or QTL · E),
we performed a multiway ANOVA for each trait (PROC GLM, SAS
v.9.2). We selected the markers closest to the peak of each signiﬁcant
QTL in the two strain treatments, and we included all of these
markers, as well as two-way marker · rhizobium strain interactions,
as main effects in the model. A formal statistical test is needed because
it is possible for a QTL to have a signiﬁcant phenotypic effect in one
environment but have little or no effect in the other environment and
thus remain undetected due to low statistical power.
We also tested for epistatic interactions between markers (epistatic
QTL) for each trait in both strain treatments using the program
Epistacy (Holland 1998). Epistacy tests for the effect of all possible
pairwise combinations of the markers on each trait using SAS (PROC
GLM), regardless of whether a signiﬁcant additive QTL was detected.
To account for the problem of multiple testing and determine which
results were truly signiﬁcant, we implemented a false discovery rate
(FDR) approach using QVALUE (Storey and Tibshirani 2003) with
FDR set at 0.05. For each test of signiﬁcance, QVALUE assigns a q-value
to each P-value, indicating the probability that the result in question is
a false discovery, given that it is interpreted as statistically signiﬁcant.
Only those P-values that survived FDR are reported. For signiﬁcant
epistatic interactions that were unlikely to be false-positives (i.e. P ,
0.05, q , 0.05), we also tested for QTL · QTL · E by including the two
signiﬁcant markers, the two-way marker · marker interaction, and the
three-way marker · marker · rhizobium strain interaction.
In addition to the strain-speciﬁc QTL mapping, we mapped QTL
using phenotypes estimated as the line mean squares across both strain
treatments. We estimated line means using a model that included
block, strain, plant set, and line as ﬁxed effects, and line · strain,
strain · block, and line · strain · block as the random effects. The last
two random effects were included because the rhizobium treatments
were applied to half a block at a time, rather than to individual plants.
Candidate gene and QTL colocalization analysis: We evaluated the
chance that our Nod factor signaling candidate genes could underlie
QTL in two ways. First, we used a randomization test to evaluate the
possibility that any QTL would overlap a candidate gene. To do so, we
randomly selected markers as positions in the genome and randomly
assigned QTL 2-LOD intervals in cM to them, centered on the
marker; the number of markers selected corresponded to the number
of QTL detected in that experimental treatment, and the 2-LOD
intervals used corresponded to the cM 2-LOD intervals of all QTL
detected in that experimental treatment. We repeated this analysis
10,000 times and calculated the number of cases where a randomly
assigned QTL interval overlapped one of our candidate genes. The
probability that a QTL will have a 2-LOD interval overlapping
a candidate increases with the number of traits measured, QTL
detected, and candidate genes placed on the map. Second, we tested
trait and gene-speciﬁc hypotheses, repeating the analysis above, but
using only the number of QTL and the marker intervals for the actual
traits that mapped to candidate genes. These analyses test the
hypothesis that a QTL for fruit weight, for example, will overlap the
detected candidate gene by chance alone, given the number of fruit
weight QTL detected and their associated conﬁdence intervals.
RESULTS
Survival and control plants
In total, 2078 plants survived, with a mean and median of 5 plants per
line in each strain treatment, which has been shown to be sufﬁcient for

QTL mapping (Keurentjes et al. 2007). Our control tray suggested that
cross-contamination in the greenhouse was minimal. Only 1 control
plant (out of 50) formed nodules; moreover, that plant formed only
one large nodule, suggestive of a single contaminating cell, whereas
a sample of inoculated plants indicated that mean nodule number was
108.7 (n = 128, SE 6 6.96). Out of the remaining 49 control plants,
only 29 survived, and these plants were small, chlorotic, and did not
ﬂower or set seed. Although minimal, the single inoculated control
plants suggest that cross-contamination was possible in our experiment; nevertheless, any contamination would be unlikely to bias our
results for multiple reasons. First, the large populations (106) of rhizobium cells added to inoculated plants should swamp the effects of
contaminating strains. Moreover, because the placement of each plant
genotype was randomized within each bin, any among-bin contamination should be random with respect to plant genotype and thus
should not bias estimates of rhizobium strain effects in our analyses.
Finally the signiﬁcant differences in belowground biomass of plants
with Naut vs. Sals (P = 0.0076) suggests that rhizobium strain treatments were in fact distinct.
Quantitative genetics
We detected signiﬁcant genetic variation in all phenotypic traits in
both rhizobium strain treatments (Table 1). Contrary to our preliminary results, we did not ﬁnd any signiﬁcant line · rhizobium strain
interaction in either strain treatment (P = 0.5 for all traits), and
a comparison of the RIL trait least-squares means when grown with
Naut and Sals (Figure 1) indicated that the shape of their distributions
was very similar. All of the phenotypic traits displayed evidence of
transgressive segregation [i.e. the range of trait values of the RILs
exceeded that of the parental lines (Figure 1)].
Broad sense heritability was always higher when estimated from
RILs grown in the Sals treatment (mean H2 = 0.32, range = 0.19–0.59)
compared with RILs grown in the Naut treatment (mean H2 = 0.22,
range = 0.16–0.33) (Table 1), although both were well within the range
of heritabilities for ecologically important traits recently compiled by
Hansen et al. (2011). Correlations among traits estimated from
among-line means are presented in Table S2, Table S3, and Table
S4. For the majority of the phenotypic traits measured, the coefﬁcient
of genetic variation did not differ substantially between the two
rhizobium treatments (Table 1), suggesting that the differences in
heritability were due to differences in phenotypic variation or environmental effects. One exception was shoot weight: both heritability
and the coefﬁcient of genetic variation were substantially higher in the
Sals treatment (Table 1). The individual-level variance components
and H2, estimated by REML, are robust to lack of balance and indicate
that signiﬁcant genetic variance exists to explore with QTL mapping.
Heritability on the line-mean basis is also shown in Table 1. As
expected, the heritability of the line-mean basis is substantially higher,
reﬂecting the differences in RIL means.
QTL mapping
The ﬁnal linkage map used for the QTL mapping analyses consisted of
184 markers spanning over eight linkage groups and covering 1215
cM (average of 6.6 cM/marker; see Figure S2 for complete marker
orders with genetic distances). All the signiﬁcant QTL detected in
the Sals and Naut rhizobium treatments are listed in Tables 2 and
3, as well as whether the marker underlying the QTL peak is anchored to the M. truncatula genome. In total, we identiﬁed eight
separate QTL in the Naut rhizobium treatment, explaining between
6.9% and 19% of the total genetic variation, depending on the trait
examined (Table 2 and Figure 2A). Based on the MCIM results,
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n Table 1 Mixed-model ANOVA results partitioning variation among RILs into genetic (Vg) and phenotypic (Vp) variance
Vg
Trait

Naut

Vp
Sals

Leaf number
8.21
10.52
Days to ﬂowering
14.23
23.52
Fruit number
8.37
12.04
Average fruit weight
0.0003 0.0003
Shoot weight
0.041
0.10
Root weight
0.014
0.02
Primary branch number 0.081
0.09

Naut

Sals

51.31
55.43
91.44 118.42
31.63
41.38
0.001
0.0008
0.13
0.17
0.08
0.06
0.44
0.43

H2

H2line

Naut Sals

Naut Sals

Naut

Sals

Naut

Sals

0.16
0.16
0.26
0.33
0.31
0.17
0.18

0.50
0.48
0.65
0.69
0.70
0.52
0.54

15.82
9.69
22.36
19.01
39.44
22.23
20.77

17.84
12.15
26.76
19.25
58.39
25.78
23.11

,0.001
,0.001
,0.001
,0.001
,0.001
,0.001
,0.001

,0.001
,0.001
,0.001
,0.001
,0.001
,0.001
,0.001

0.19
0.20
0.29
0.47
0.59
0.30
0.21

0.55
0.55
0.68
0.75
0.88
0.71
0.57

CVg

Line Signiﬁcance

Included are broad sense heritability (H2 = Vg/Vp), heritability on a line-mean basis (H2line) and the coefﬁcient of genetic variation (CVg = [OVg / trait mean] · 100).

three of these QTL are potentially pleiotropic: NQTL1-2 had a signiﬁcant effect on leaf number, number of fruit, and shoot weight;
NQTL3-2 had a signiﬁcant effect on leaf number and number of
fruit; and NQTL8 had a signiﬁcant effect on leaf number and
average fruit weight. The direction of NQTL3-2 was opposite for
number of fruit and leaf number: the F83005.5 allele increased the
former but decreased the latter (Table 2). All the other QTL that
affected multiple traits in Naut had effects in the same direction. No
QTL were identiﬁed for days to ﬂowering or root weight in this
treatment.
In the Sals rhizobium treatment, ﬁve unique QTL were detected,
only 1 of which is putatively pleiotropic: SQTL1-1 inﬂuenced leaf
number, number of fruit, and root weight (Table 3 and Figure 2B).
SQTL1-2 and SQTL1-3 had overlapping 2-LOD intervals, but they

were not found to be a single joint QTL under MCIM and therefore
are assumed to be closely linked. These QTL were of small effect,
explaining between 3.7% and 16.6% of the total genetic variation. In
this treatment, no QTL were detected for days to ﬂowering or primary
branch number.
QTL by rhizobium strain interactions
An initial comparison of the QTL found in the two rhizobium strain
treatments indicated that four QTL inﬂuenced the same traits in both
treatments: NQTL1-1 and SQTL1-1 for leaf number, NQTL3-2 and
SQTL3 for number of fruit, NQTL5 and SQTL5 for average fruit
weight, and NQTL1-2 and SQTL1-3 for shoot weight (Tables 2 and
3). However, some of these common QTL differed in the number of
phenotypic traits they affected; for example, NQTL1-1 only affected

Figure 1 Back-to-back histograms of trait least-square means of the M. truncatula RILs grown with rhizobium strains Naut (gray bars) and Sals
(white bars). Parental trait means are indicated by arrows (P1 = female parent, line F83005.5; P2 = male parent, line DZA045.5).
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n Table 2 QTL identiﬁed for plant traits collected on M. truncatula grown with the Naut rhizobium strain
Trait
Leaf number

Number of fruits
Average fruit weight

Shoot weight
Primary branch number

QTL Namea

Chr

Position (cM)

Marker

Anchored

LOD

2-LOD Interval (cM)

R2

a0

NQTL1-1
NQTL1-2
NQTL3-2
NQTL8
NQTL1-2
NQTL3-2
NQTL3-1
NQTL5
NQTL8
NQTL1-2
NQTL4-1
NQTL4-2

1
1
3
8
1
3
3
5
8
1
4
4

30.4
113.7
151.8
52
94.3
158.3
130.2
28.1
84.9
100.2
42.6
122.3

MTIC448
MTIC064
MTB122
DMI3427
EM1252.333
MTIC044
MTB6
MTIC148
MTB333
MTIC146
GO3.350
MTIC186

N
Y
Y
Y
N
N
Y
Y
Y
N
N
N

3.1
4.9
3.4
3.7
3.3
4.1
5
4.3
2.8
2.9
2.9
4.8

19.9–43.8
91.5–119.7
141.4–159.8
39.9–74.9
75.3–103.6
141.8–159.8
124.6–134.8
12–43.4
74.5–109.9
87.5–111.7
30.6–54.1
112.1–133.4

6.9
10.7
10.7
7.8
7.7
7.2
14.1
10.2
6.9
6.4
5.6
19

1.099
1.400
21.486
1.217
1.100
1.123
20.009
20.007
0.006
0.067
20.064
0.173

The signiﬁcant QTL for each trait are listed along with the chromosome, position, marker directly below the QTL peak, whether this marker is anchored to the M.
truncatula genome (Y/N), LOD score, 2-LOD support interval, percentage variance explained by each QTL (R2), and additive effect (a0, positive values indicate that
F83005.5 alleles increase trait means). Both R2 and a0 are from the MIM analysis, as CIM can overestimate these values. QTL that share the same QTL number indicate
those that are putatively pleiotropic based on the MCIM results.
a
QTL were named as follows: rhizobium strain preﬁx (N = Naut) and the chromosome number as a sufﬁx, with an additional number depending whether there were
multiple QTL per chromosome.

leaf number in Naut, but the same QTL inﬂuenced leaf number, fruit
number, and root weight in Sals. Furthermore, QTL for basal branch
number were found only in Naut, and QTL for root weight were
found only in Sals. Despite these apparent differences in QTL between
the two strain treatments, no signiﬁcant QTL · rhizobium strain
interactions were detected for any of the measured phenotypic traits
(P = 0.23–0.97).
Epistatic interactions
Using traditional P-values and Holland’s (1998) suggested correction for multiple testing, we would have detected between 13 and
50 marker · marker interactions per trait, but the overwhelming
majority were deemed to be false discoveries. We detected only one
signiﬁcant marker · marker interaction that survived FDR, and it
inﬂuenced root weight in Naut (P = 0.0000036). It had a partial-r2
of 13% (Figure 4) and was found on chromosome 6 between
markers E14M60.407 and E12M49.265, which are 8.9 cM apart
(Figure S2). The percentage of lines in the four allelic classes were
as follows (where P1 = parental allele F83005.5 and P2 = parental
allele DZA045.4): E14M60.407-P1 · E12M49.265-P1 = 36%,
E14M60.407-P1 · E12M49.265-P2 = 6%, E14M60.407-P2 ·
E12M49.265-P2 = 53%, E14M60.407-P2 · E12M49.265-P1 = 5%,
suggesting the Beavis effect may have overestimated the effect size
of the interaction (Beavis 1998). Neither marker was found within

the support intervals of the detected additive QTL, nor was there
evidence of QTL · QTL · E (P = 0.38).
QTL mapping across strain treatments
In the QTL analyses performed using data averaged across the strain
treatments, we found 11 main-effect QTL, each explaining between
3.2% and 20.3% of the total genetic variation (Table 4 and Figure 3).
Four QTL are putatively pleiotropic. Six of the QTL found were previously detected in strain-speciﬁc analyses (results described above). In
addition, new QTL were found: QTL4-1 and QTL7 signiﬁcantly affected number of fruit, QTL3-1 affected average fruit weight, and
QTL5-2 affected shoot weight. The presence of new QTL in this
analysis may be due to more precise estimates of the RIL means
due to greater within-RIL sample sizes. No QTL were detected for
days to ﬂowering.
Mapping of symbiotic signaling genes
and colocalization analysis
Two of the symbiotic signaling genes, NFP and DMI3, colocalized
with two unique QTL (see Figures 2 and 3 and Figure S2 for positions). NFP1660 was found in the interval of a QTL that inﬂuenced
average fruit weight on chromosome 5 in all treatments (NQTL-5,
SQTL5, QTL5-1, Tables 2–4). The effect sizes of these QTL were
small; however, they were consistently detected across all analyses.

n Table 3 QTL identiﬁed for plant traits collected on M. truncatula grown with the Sals rhizobium strain
Trait
Leaf number
Number of fruits

Average fruit weight
Shoot weight
Root weight

QTL Namea

Chr

Position (cM)

Marker

Anchored

LOD

2-LOD Interval (cM)

R2

a0

SQTL1-1
SQTL1-1
SQTL1-2
SQTL3
SQTL5
SQTL1-3
SQTL1-1

1
1
1
3
5
1
1

30.4
26.3
110.1
155.9
12.2
111.7
24.3

MTIC448
MTB269
MTIC285
MTIC371
MTIC078
MTIC064
MTB269

N
N
N
N
N
Y
N

2.9
5.7
5
3.4
4
4.8
3.1

17-43.6
17.9-32.4
103.6-117.7
141.8-159.8
2-28.1
103.6-119.7
13-34.4

6.7
10.8
5.4
5.3
16.6
3.7
6.4

1.358
1.697
1.170
1.321
20.01
0.069
0.047

The signiﬁcant QTL for each trait are listed along with the chromosome, position, marker directly below the QTL peak, whether this marker is anchored to the M.
truncatula genome (Y/N), LOD score, 2-LOD support interval, percentage variance explained by each QTL (R2), and additive effect (a0, positive values indicate that
F83005.5 alleles increase trait means). Both R2 snd a0 are from the MIM analysis, as CIM can overestimate these values. QTL that share the same QTL number indicate
those that are putatively pleiotropic based on the MCIM results.
a
QTL were named as follows: rhizobium strain preﬁx (S = Sals) and the chromosome number as a sufﬁx, with an additional number depending whether there were
multiple QTL per chromosome.
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Figure 2 Genomic locations of
signiﬁcant QTL detected for the
phenotypic traits of M. truncatula when grown with rhizobium
strains (A) Naut and (B) Sals.
Chromosome number appears
across the top of the linkage
groups. The scale on the left
indicates the genetic distance
between markers in centimorgans (Haldane cM). Each horizontal line represents the position of
one genetic marker on the chromosome. Phenotypic trait names
appear beside the estimated
QTL positions, and the length of
the QTL represents the 2-LOD
support interval. The vertical line
in each QTL indicates where the
highest peak was located. The
location of the markers representative of the Nod factor signaling
genes are in bold.

Similarly, DMI31441 was found in the interval of a QTL affecting leaf
number in Naut only (NTQL8, Table 2); despite its small additive
effect, DMI3427 was the marker directly underlying the QTL peak.
The chances that any QTL would colocalize with NFP, DMI1, or
DMI3 by chance alone were appreciable (NFP: P = 0.23 for Naut, 0.11
for Sals, 0.23 for Across-strain; DMI1: P = 0.22 for Naut, 0.06 for Sals, 0.14
for Across-strain; DMI3: P = 0.26 for Naut, 0.17 for Sals, 0.37 for Acrossstrain), likely due to the number of traits mapped, number of QTL
detected, and the wide conﬁdence intervals. For the speciﬁc traits that
actually mapped to the candidate genes, however, a slightly different pic-
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ture emerges. Given the number of QTL detected for average fruit weight
and their associated intervals, the odds that one would overlap NFP by
chance alone were much smaller (P = 0.089 for Naut, 0.0172 for Sals,
0.0459 for Across-strain). For leaf number in the Naut treatment, the odds
that a QTL would overlap DMI3 by chance alone were higher (P = 0.15).
DISCUSSION
Mutualisms are known to be genetically variable, where the ﬁtness of
one or both partners is dependent on the genotype of its interacting
partner, i.e. G · G interactions [e.g. Hoeksema and Thompson (2007)

n Table 4 QTL identiﬁed for plant traits collected on M. truncatula averaged over both rhizobium strains
Trait
Leaf number
Number of fruits

Average fruit weight

Shoot weight
Root weight
Primary branch number

QTL Namea

Chr

Position (cM)

Marker

Anchored

LOD

2-LOD Interval (cM)

R2

a0

QTL1-1
QTL1-2
QTL1-1
QTL1-2
QTL3-2
QTL4-1
QTL5-1
QTL7
QTL3-1
QTL3-2
QTL5-1
QTL1-2
QTL5-2
QTL1-1
QTL4-2

1
1
1
1
3
4
5
7
3
3
5
1
5
1
4

30.4
110.1
28.3
110.1
156.9
10.7
28.1
14.9
41.3
158.3
26.5
100.2
107.8
21.9
124.3

MTIC448
MTIC285
MTB269
MTIC285
MTIC237
MTIC033
MTIC148
MTIC147
MTIC124
MTIC044
NFP1660
MTIC146
MTB310
MTB46
MTIC186

N
N
N
N
N
N
Y
N
N
N
Y
N
Y
Y
N

3.9
4.2
4.9
4
3.4
2.8
2.8
2.9
3.4
3.1
5.1
5.6
3.6
3.4
6.4

24.3–41.6
100.2–119.7
17.9–34.4
103.6–119.7
143.8–159.7
0–18.7
20.5–43.4
0–70.3
29.5–52.2
147.8–159.7
12–36.8
98.3–103.6
93.4–129.8
11.5–30.3
110.1–139.4

9.2
10.5
11.5
8.6
7.5
6.5
7.1
3.2
8.4
18
14.4
5.9
8.1
7.8
20.3

1.237
1.248
1.344
1.200
1.071
21.042
0.853
0.931
20.005
20.009
20.008
0.074
20.089
0.046
0.162

The signiﬁcant QTL for each trait are listed along with the chromosome, position, marker directly below the QTL peak, whether this marker is anchored to the M.
truncatula genome (Y/N), LOD score, 2-LOD support interval, percentage variance explained by each QTL (R2), and additive effect (a0, positive values indicate that
F8305.5 alleles increase trait means). Both R2 and a0 are from the MIM analysis, as CIM can overestimate these values. QTL that share the same QTL number indicate
those that are putatively pleiotropic based on the MCIM results.
a
QTL were named as follows: chromosome number as a sufﬁx, with an additional number depending whether there were multiple QTL per chromosome.

and Heath (2010)]. These interactions have been found in the legumerhizobium mutualism (Mhadhbi et al. 2005; Laguerre et al. 2007;
Heath and Tifﬁn 2007; Rangin et al. 2008; Heath et al. 2010; Heath
2010); however, to date little is known about the genomic regions
responsible for such genetic variation in ﬁtness or whether the loci
inﬂuencing ﬁtness are partner speciﬁc and dependent on the genotype
of the interacting partner.
In this study, we performed QTL mapping in two genotypically
distinct rhizobium treatments to map additive or epistatic QTL for
plant ﬁtness traits and to determine whether they were differentially
detected depending on the rhizobium genotype. Three major results
emerged from the experiment: (1) QTL for plant ﬁtness and growth
traits colocalized with previously described signaling genes; (2) We
detected several QTL that appeared to affect multiple phenotypic

traits, suggestive of pleiotropy or tight linkage; and (3) We detected no
evidence for G · G interactions at the line · rhizobium strain or at the
QTL · rhizobium strain level. We discuss these results in turn.
Colocalization of symbiotic signaling genes
Legumes require rhizobia to survive and reproduce, and the formation
of root nodules is an essential component to the establishment of the
symbiosis. Among the genes involved in symbiotic signaling [see
Kouchi et al. (2010) for a review], NFP, DMI1, DMI2, DMI3, and NIN
are involved in the earliest stages of the Nod factor recognition and
signaling pathway in M. truncatula, and they are essential to the
initiation and subsequent formation of nodules between the plant
and rhizobia (Schauser et al. 1999; Catoira et al. 2000; Amor et al.
2003; Jones et al. 2007). The colocalization of NFP and DMI3 with

Figure 3 Genomic locations of signiﬁcant
QTL detected for the phenotypic traits of
M. truncatula averaged across rhizobium
strains. Chromosome number appears
across the top of the linkage groups. The
scale on the left indicates the genetic distance between markers in centimorgans
(Haldane cM). Each horizontal line represents the position of one genetic marker
on the chromosome. Phenotypic trait
names appear beside the estimated QTL
positions, and the length of the QTL represents the 2-LOD support interval. The
vertical line in each QTL indicates where
the highest peak was located. The location of the markers representative of the
Nod factor signaling genes are in bold.
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average fruit weight and leaf number indicates that naturally occurring
variation in nodulation signaling genes may potentially inﬂuence plant
performance and ﬁtness traits. NFP and DMI3 are both required for
the initiation of the nodulation pathway, and lab-induced mutations
in either of these genes prevents the formation of nodules altogether
(Catoira et al. 2000; Amor et al. 2003). Species-wide sampling in M.
truncatula has uncovered patterns of polymorphism at both NFP and
DMI3 that are consistent with historical purifying selection (De Mita
et al. 2007). De Mita et al. (2006, 2007) have hypothesized that such
purifying selection might have maintained high speciﬁcity of recognition and removed mutations deleterious to the establishment of symbiosis. Our results suggest that contemporary genetic variation at Nod
factor signaling genes may potentially inﬂuence plant ﬁtness in M.
truncatula. Although much is known about the genes critical for
legume-rhizobium signaling establishment (Riely et al. 2006; Stacey
et al. 2006), surprisingly little is known about the ﬁtness effects of
natural variation at these genes, particularly in the M. truncatulaSinorhizobium interaction.
The colocalization of NFP and, to a lesser extent, DMI3 with QTL
for plant performance traits supports the hypothesis that variation in
signaling genes can affect plant growth and ﬁtness. For NFP, the small
probability that a QTL for average fruit weight would colocalize with it
by chance alone and the observation that it was a QTL detected in all
three analyses (Naut, Sals, and Across-strain), suggest it is a promising
region and gene for further study. If the causal variant is in fact NFP,
the QTL suggest that one of the parental lines is better able to attract
and incorporate (at least these two) rhizobium partners in root nodules, which in turn translates to higher ﬁtness. The presence of the
QTL mapping to NFP suggests the hypothesis that variation in Nod
factor signaling efﬁciency can exist between genetically different individuals. Nevertheless, these results should be interpreted with caution
without further investigation of the loci underlying the QTL intervals.
Colocalization of the QTL with NFP does not imply causality: QTL
intervals contain many genes, and NFP may simply be in tight linkage
with the loci inﬂuencing the plant ﬁtness traits. Regardless of whether
NFP is the causal locus, these data suggest that the overall region is
a promising area for future investigation of loci inﬂuencing fruit weight.
QTL architecture of phenotypic traits
We detected several QTL in the two rhizobium strain treatments
(Tables 2 and 3). All of the phenotypic traits displayed evidence of
transgressive segregation (Figure 1), suggesting that these traits are
controlled by many genes of small effect. The most likely explanation
for the observed transgressive segregation is antagonistic QTL [i.e.
QTL with effects that are in the opposite direction to the parental
differences for that trait (Rieseberg et al. 2003)]. Between the two
strain treatments, half of the measured phenotypes had at least one
antagonistic QTL (Naut = leaf number, average fruit weight, shoot
weight; Sals = number of fruit, shoot weight; Tables 2 and 3). It is
probable that some QTL of small effect were not detected due to either
low power or low-to-moderate heritability, both of which may explain
the missing antagonistic QTL for the remaining traits displaying
transgressive segregation.
Pleiotropy or tight linkage can both be potential explanations for
QTL inﬂuencing multiple phenotypes. In this experiment, we used
MCIM to formally test for pleiotropy at the QTL level. We found
several putatively pleiotropic QTL, and all of their effects match the
patterns evident in the line means. For example, our results suggest
that in the Naut treatment, NQTL1-2 is a pleiotropic QTL increasing
the trait values of leaf number, number of fruit, and shoot number;
plant weight was positively correlated with fruit number and fruit
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Figure 4 Epistatic QTL detected between markers E12M49.265 and
E14M60.407 in Naut, where P1 = F83005.5 and P2 = DZA045.5. The
least-square means of each genotype combination are shown with 6 SE.

number is positively correlated with leaf number (Table S3 for correlations), i.e. larger plants make more fruit. This region may indicate
the location of a QTL controlling a trait common to those phenotypes
(e.g. growth rate or plant size or plant ﬁtness). Similarly, some pleiotropic QTL inﬂuenced multiple traits but in opposite directions (e.g.
NQTL3-2 in Naut). Such antagonistic QTL can result from true antagonistic pleiotropy [e.g. Todesco et al. (2010)] or from multiple,
tightly linked QTL that have opposite effects on two traits. Finemapping often shows that single QTL will break into multiple, closely
linked QTL, which in turn frequently act in opposite directions [e.g.
Steinmetz et al. (2002) and Kroymann and Mitchell-Olds (2005)]. It is
worth noting even MCIM does not necessarily distinguish between
one QTL having pleiotropic effects on both traits and two (or more)
closely linked QTL each having an effect on one trait only (Jiang and
Zeng 1995); however, it is a better estimate of pleiotropic QTL than
CIM alone.
Our across-strain analysis identiﬁed two additional QTL with
opposite effects: QTL3-2 and QTL5-1 increased number of fruit but
decreased average fruit weight (Table 4). These two traits are negatively correlated (r = 20.32, P , 0.0001, Table S5). The parental lines
might represent two different reproductive strategies: making fewer
heavier fruit (quality) or many smaller fruit (quantity). The trade-off
detected is consistent with well-known life history trade-offs in plants
[e.g. Harper et al. (1970), Werner and Platt (1976), and Jakobsson and
Eriksson (2000)].
To fully understand the genetic architecture of any trait, it is
necessary to understand epistasis, deﬁned as the nonadditive interactions
between alleles of different genes [see Phillips (2008) for a review]. Numerous recent studies have tested for the presence of epistatic QTL, i.e.
marker · marker interactions which have signiﬁcant effects on phenotypic traits [e.g. Leips and Mackay (2000), Weinig et al. (2003),
Malmberg et al. (2005), and Brock et al. (2009)]. Here, we tested all
pairwise combinations of markers and found only one marker · marker
interaction (for root weight in Naut, Figure 4). In general, the low frequency of epistatic QTL indicates that epistasis is relatively rare in this
mapping population, at least when plants are grown under greenhouse
conditions. Nevertheless, the QTL displayed an interesting crossing reaction norm between the two markers: RILs that have alleles from the
same parents for both markers have much lower root weight than those
that have alleles from alternate parents. Although this epistatic QTL
displayed no evidence for QTL · QTL · E, it would be interesting to
see if the effect of the interaction changed with other rhizobium genotypes, as root weight is likely to be correlated with rhizobium ﬁtness traits.
When testing for all possible marker · marker interactions in
Epistacy, multiple testing becomes a problem. Rather than controlling

for the number of linkage groups, as suggested by Holland (1998),
a more straightforward way is to use FDR to control for false positives
(Benjamini and Hochberg 1995). In future studies, we recommend
implementing the latter method for detecting epistatic QTL in
Epistacy.
Mapping G · G interactions
Despite preliminary data that suggested otherwise (Figure S1), we
found no evidence for G · G interactions for plant ﬁtness traits in
this population; nor did we ﬁnd any evidence of QTL · rhizobium
strain interaction or RIL · rhizobium strain interaction. One implication of this experiment is that it illustrates the difﬁculties associated
with trying to locate the genetic basis of context-dependent traits.
There are a few potential explanations for the lack of G · G
interactions detected in this experiment. Two possible hypotheses
are (1) the parental lines do not exhibit any form of G · G interactions
and thus neither do the RILs; and (2) G · G interactions are due to
small-effect loci that were undetected. Another explanation is that
only two plant · rhizobium genotype combinations were tested. Previous studies that have found evidence of G · G interactions in the
legume-rhizobia symbiosis investigated substantially more unique genotype · genotype combinations compared with the number used in
this experiment [e.g. Heath and Tifﬁn (2007), Laguerre et al. (2007),
Rangin et al. (2008), Heath (2010), and Heath et al. (2010)]. Although
we assayed many RILs, these lines represent the rearrangement of only
two parental genomes (Broman 2005). Therefore, from a simpliﬁed
view, this experiment was a 2 · 2 factorial design, represented by the
two parental lines and two rhizobium genotypes. Thus, we might
expect to ﬁnd that only large-effect loci underlying G · G interactions
will be found because there are only a few genotype-genotype combinations and there is less statistical power to detect G · G interactions.
If population-wide G · G interactions are due to multiple small-effect
loci that are distributed throughout the plant and rhizobium genomes,
the probability of detecting such G · G interactions in traditional QTL
mapping experiments using RILs will be very low.
An alternative approach to isolating the genomic regions inﬂuencing G · G interactions would be to perform nested association
mapping (NAM) (Yu et al. 2008). NAM combines the advantages of
using experimental crosses in traditional QTL mapping with the high
resolution of association mapping to resolve quantitative traits to their
causal loci. Compared with the design used in the present study, NAM
would allow signiﬁcantly more legume · rhizobium genotypes to be
tested and provide greater statistical power to detect potential smalleffect loci inﬂuencing G · G interactions. The time and cost of such
a mapping design are considerable; however; the potential outcomes
would be invaluable to the study of G · G interactions and thus to
understanding the molecular basis of mutualism coevolution.
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