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Abstract

Whole genome duplications (WGDs) followed by massive gene loss occurred in the evolutionary history of many groups.
WGDs are usually inferred from the age distribution of paralogs (K;-based methods) or from gene collinearity data
(synteny). However, K.-based methods are restricted to detect the recent WGDs due to saturation effects and the
difficulty to date old duplicates, and synteny is difficult to reconstruct for distantly related species. Recently, Jiao
et al. (Jiao Y, Wickett N, Ayyampalayam S, Chanderbali AS, Landherr L, Ralph PE, Tomsho LP, Hu Y, Liang H, Soltis
PS, et al. 2011. Ancestral polyploidy in seed plants and angiosperms. Nature 473:97-100) introduced an empirical
method that aims to detect a peak in duplication ages among nodes selected from a previous phylogenetic analysis.
In this context, we present here two rigorous methods based on data from multiple gene families and on a new
probabilistic model. Our model assumes that all gene lineages are instantaneously duplicated at the WGD event with
a possible almost-immediate loss of some extra copies. Our reconciliation method relies on aligned molecular sequences,
whereas our gene count method relies only on gene count data across species. We show, using extensive simulations, that
both methods have a good detection power. Surprisingly, the gene count method enjoys no loss of power compared with
the reconciliation method, despite the fact that sequence information is not used. We finally illustrate the performance of
our methods on a benchmark yeast data set. Both methods are able to detect the well-known WGD in the Saccharomyces

cerevisiae clade and agree on a small retention rate at the WGD, as established by synteny-based methods.
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Introduction

The duplication of whole genomes is now recognized as a
powerful evolutionary force that has occurred multiple times
in the history of eukaryotes. Complete genome sequences
have permitted the identification of whole genome duplica-
tions (WGDs) during early vertebrate evolution (e.g, Dehal
and Boore 2005; Panopoulou and Poustka 2005; Putnam et al.
2008) in the teleost fish lineage (e.g, Amores et al. 1998; Taylor
et al. 2003; Van de Peer et al. 2003; Opazo et al. 2013), in yeasts
(e.g, Wolfe and Shields 1997; Dietrich et al. 2004; Kellis et al.
2004), and particularly in plants (e.g, Vision et al. 2000; Bowers
et al. 2003; Jaillon et al. 2007; Lyons et al. 2008; D’Hont et al.
2012; Tomato Genome Consortium 2012). Three types of
methods are typically used to detect WGDs: synteny-based
methods, methods based on K; rates of synonymous substi-
tutions, and more recently, phylogenetic methods. Synteny-
based methods and K,-based methods can be used from the
genome sequence of a single species to detect moderately
recent WGD events. WGD events leave a specific signature
with matching pairs of synteny blocks and cause an excess of
paralogous genes with an older-than typical age since dupli-
cation. For this, duplication ages are commonly estimated
through the average number of synonymous substitutions
per synonymous site (K;). Synteny-based methods are pow-
erful (Ku et al. 2000; Grant et al. 2000; Mayer et al. 2001; Kellis

et al. 2004; Tang et al. 2008) but require full genomes with
synteny information and are limited by high levels of genome
rearrangements or by the loss of gene duplicates, which can
be quite rapid and extensive (Song et al. 1995; Paterson et al.
2000; Leitch and Bennett 2004; Freeling 2009). K,-based meth-
ods do not require synteny information and have been ap-
plied widely (Lynch and Conery 2000; Blanc and Wolfe 2004;
Schlueter et al. 2004; Cui et al. 2006; Barker et al. 2008, 2009).
However, K,-based methods are affected by the precision with
which K; values can be inferred due to saturation effects
(Vanneste et al. 2013), making them most appropriate to
detect recent WGDs. Moreover, both synteny and K;-based
methods do not directly estimate the timing of WGDs.
Recently, Jiao et al. (2011) introduced a phylogenetic
method to detect and locate WGD events on a calibrated
phylogenetic tree (see also Jiao et al. 2012; McKain et al. 2012).
Their method uses multiple gene families across several
species. From a subset of gene families, duplication nodes
are selected from those estimated to occur on a certain
branch of species phylogeny. The age distribution of these
duplications is then analyzed similarly to K; values, to detect
an excess of ages from a background distribution. This
method has the potential to detect much older WGDs
than synteny or K,-based methods and has the advantage
of estimating the time and phylogenetic placement of
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WGDs. However, it is unclear how the selection of particular
nodes from particular gene families influences the result,
because all selected duplication nodes necessarily lie within
a given time period. It is unclear what background distribu-
tion of duplication ages should be used within this time
period, or how this distribution is affected by branch length
estimation error.

The goal of this work is to provide a direct and rigorous
phylogenetic method for the detection and placement of
WGDs, avoiding the selection of particular gene families or
duplication events within these families, and avoiding mixture
models to distinguish an excess of ages against a background
distribution.

New Approaches

We propose a simple probability model for the evolution of
gene families along a phylogeny, with one of more WGD
events on this phylogeny. We use a birth—death process
(Kendall 1949; Feller 1968) to model the background rate of
small-scale gene duplications and gene losses. This process has
been used by Arvestad et al. (2003, 2009) and Rasmussen and
Kellis (2011) to improve phylogenetic tree estimation for in-
dividual gene families. It was also used by Hahn et al. (2005,
2007) to detect species lineages and gene families with an
unusual rate of small-scale duplications (SSDs) or losses. For
each WGD (or triplication) event, our model assumes that all
gene lineages entering the event are instantaneously dupli-
cated (or triplicated) and that the extra copy (or copies) may
be lost immediately with some probability distribution. This
immediate loss of extra gene copies can model very large-
scale but partial duplication (Jackson 2007; Freeling 2009).
Most importantly, these losses are meant to account for frag-
mentation, the mechanism that tends to return the “gene
number” back to preduplication state (Langham et al. 2004;
Freeling 2009) as well as for an increased rate of small-scale
gene losses following the WGD event (Scannell et al. 2006;
Konrad et al. 2011), for a short period of time relative to the
time scale of branches in the species tree. Using this probabil-
istic model to combine WGD events and small-scale gene
duplications and losses, we propose two methods to test
the presence and location of WGDs on a known species
phylogeny. Both methods require a set of gene families, ran-
domly sampled from all gene families. The first method relies
on the aligned molecular sequences, using standard substitu-
tion models for the probability of the aligned sequences from
gene trees and our probabilistic model of duplications/losses
for the distribution of gene trees. This first approach builds on
Rasmussen and Kellis (2011) but incorporates WGD events.
Our second approach ignores the molecular sequence infor-
mation and does not attempt to use the information in gene
trees. In that sense, this second method is not fully phyloge-
netic, although it uses a known species phylogeny. It uses gene
count data across species, that is, the number of gene copies
in each species for each gene family, as in Hahn et al. (2005,
2007). Because it uses less information, this gene count
method was expected to be less powerful than the first
reconciliation method. However, the gene count method is
much simpler computationally and much easier to use, so we

compared the performance and power of both methods. In
what follows, we present the performance of both methods
on simulated data, and the results of both methods on a
benchmark yeast data set for which the presence and place-
ment of a WGD was well established by synteny-based meth-
ods (Kellis et al. 2004). The details of the probability model
and calculations are in the Materials and Methods section.
Software is available at www.statwisc.edu/~rabier/doc/
SPIMAPWGD.html (last accessed January 1, 2014). The gene
count method is distributed as an R package.

Results

Importance of Conditioning

Conditioning on the data collection process using conditional
likelihoods was found to have a profound effect on the accu-
racy of the estimated duplication and loss rates. First, the data
can only include gene families that did not go extinct in the
clade of interest. Second, a filtering step is typically applied to
the set of gene families. For instance, many authors filter out
gene families that arose de novo within the species phylogeny
by only retaining families having at least one gene in each of
the two clades descending from the root of the species tree.
We show here that the data filtering process needs to be
accounted for in the likelihood calculations to avoid biases.
Note that this conditioning is a new aspect of our model not
present in previous work (Hahn et al. 2005, 2007; Rasmussen
and Kellis 2011; but see Gernhard 2008, in a different context).
Figure 1 shows the maximum likelihood estimates (MLE) of
the duplication (4) and loss (1) rates on 25 data sets of 1,000
families each, simulated along a 16-species yeast tree (Butler
et al. 2009) and filtered as described above. The rates esti-
mated with the gene count method used the raw likelihoods
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Fic. 1. Estimated duplication (1) and loss (1) rates using the gene
count method, under no conditioning (“none”), conditioning on non-
extinction (“observed”), or on the filtering step (“filtered”). Each point
represents one set of 1,000 gene families evolved along a 16-taxon
species tree, with at least one gene in each of the two clades descending
from the root. The SPIMAP simulation tool (Rasmussen and Kellis 2011)
was used under no WGD and one ancestral gene at the root. The true
rates are indicated by dashed lines.
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(no conditioning), or likelihoods conditional on gene families
being observed, or on the actual filtering step. The estimated
loss rate /1 was highly inaccurate under no or inappropriate
conditioning, whereas the estimated duplication rate A was
somewhat unaffected. In particular, the mean-squared error
of (1 was 242 (respectively, 21.8) times greater under no
conditioning (respectively, if we condition on nonextinction)
than if the filtering step is accounted for. Therefore, condi-
tioning on the data collection process is always performed as
follows.

Performance on Simulated Data

Figure 2 shows the performance of the reconciliation method
and the gene count method on simulated data on a four-
taxon tree (fig. 9). Note that assumptions used for estimation
were intentionally different than the model used to simulate
the data, in terms of the number of gene lineages at the root
in particular. The gene count method showed a very good
estimation of the retention rate g, defined as the probability
that the gene copy created at the WGD is not immediately
lost (see Materials and Methods). A high precision on g is
observed even for the smallest data sets considered here (500
gene families). A small upward bias was present at g = 0.9,
but this bias disappeared when the data were analyzed as-
suming a single gene at the root rather than 2 on average
(data not shown). The reconciliation method showed good
performance in the absence of WGD (g =0) or in the pres-
ence of a WGD with a moderate retention rate (g = 0.5). At
other retention rates, however, a bias was observed. The rec-
onciliation method thus appears to provide less accurate
estimates, despite using more information than the gene
count method. The reconciliation method uses a rough grid
optimization of an approximate likelihood to reduce compu-
tational burden, whereas the gene count method accurately
optimizes an exact likelihood.

Figure 3 shows the birth and death rates estimated by the
gene count method. When one single ancestral gene is cor-
rectly assumed at the root, the estimated birth and death
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rates are both accurate and precise. If a geometric prior with
mean two genes at the root is used instead, the death rate is
overestimated and the birth rate is underestimated, although
with little impact on the estimated retention rate g (fig. 2).
The presence of the WGD was detected with high power
for moderate-to-high retention rates (g > 0.5) or from many
families (n = 20,000) when using the likelihood ratio test
(LRT) based on the reconciliation method (fig. 4). For this
method, the empirical threshold was 0 for all n values. The
achieved type | error rate under no WGD was 0.0031 for
n=>500 and O for larger data sets. The LRT based on the
gene count method achieved an even greater power: the
WGD was detected in 100% of all replicates using the theo-
retical threshold of 2.706 at level @ = 0.05. Under no WGD,
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Fic. 3. Birth (gray) and death (black) rates estimated from gene counts
on n =500 families, simulated on a four-taxon tree with one ancestral
gene at the root. Rates were estimated assuming either a single gene
at the root (triangles) or a geometric prior distribution with mean
2 (circles). The symbols and error bars indicate the medians and first
and third quartiles over 100 replicates. Lines indicate the true rates
A =10.02 and ;. = 0.03.
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Fic. 2. Estimated retention rate g on a four-taxon species tree from n gene families. Symbols and bars refer to the median, first, and third quartiles across

multiple replicates.
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the type | error rate was not significantly different from 0.05
(0.07, 0.05, 0.02, and 0.1 for n = 500-20,000).

To model situations when the location of the WGD was
uncertain, we hypothesized the WGD to be either at its true
location in the species tree or along the parental edge. The
location of the WGD was then estimated by maximum like-
lihood. In the presence of a WGD, the gene count method
always recovered a higher likelihood for the correct location,
therefore, leading to a correct estimation of the WGD loca-
tion and to the same estimated rates (X,/t,q) as when the
true WGD location was known. The type | error rate was
unchanged, and when present, the WGD was still detected
with 100% power. In contrast, the reconciliation method lost
precision in its estimated retention rate (fig. 5) but its power
to detect the WGD was mostly unchanged (supplementary
fig. S1, Supplementary Material online). The WGD location
was correctly estimated in 100% cases when the WGD was
detected, except for n =500 and g = 0.2 when 0.3% of the
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Fic. 4. Power of the reconciliation method on a four-taxon tree from n
gene families. The WGD was detected with 100% power from the gene
count method.
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detected WGDs were placed on the wrong edge. To further
assess the robustness of the gene count method to an inac-
curate location of the WGD event, we changed its simulated
location to either the beginning of the edge or to the end of
the edge, but analyzed the data with the hypothesized WGD
at the middle of the edge. Using sets of n = 1,000 families,
the retention rate had almost no bias when g = 0.1 or
g = 0.5 and tended to be underestimated when g = 0.9.
However, the presence of WGD was still detected with
100% power in all cases.

Performance on Yeast Data

We considered real data from a well-studied system on yeast,
for which the presence of a WGD was established based on
synteny (Goffeau et al. 1996; Cliften et al. 2003; Kellis et al.
2003; Dietrich et al. 2004; Jones et al. 2004; Kellis et al. 2004;
Braun et al. 2005; Byrne and Wolfe 2005; Van Het Hoog et al.
2007; Butler et al. 2009). Kellis et al. (2004) showed evidence of
a WGD from synteny data by matching each syntenic region
of Kluyveromyces wailtii to two regions of Saccharomyces cer-
evisiae (i.e, 1:2 mapping) and inferred that “12% of the para-
logous gene pairs were retained in each doubly conserved
synteny block, and the remaining 88% of paralogous genes
were lost” (Kellis et al. 2004, p. 621). We propose to check
whether we also recover a retention rate around 12%, using
our methods on a different set of data.

We used over 3,900 gene clusters identified by Butler et al.
(2009) across 16 yeast species. To reflect their gene clustering
method, we used a prior average of 1.05 genes at the root.
Figure 6 shows the negative log-likelihood, profiled as a func-
tion of g. The reconciliation method, evaluated on a coarse
grid of g values, infers a retention rate around 10% (0.1). The
gene count method estimates it with more precision at 6.81%
(0.0681) and within [0.058, 0.079] with 95% confidence. The
observed LRT statistics was 9159.5 from the reconciliation
method and 348.1 from the gene count method. Contrary
to simulated data, empirical thresholds were not calculated
due to the large size of the species tree. However, even if we
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Fic. 5. Estimated retention rate g from n gene families when two possible locations for the WGD are considered. Symbols and bars refer to median, first,

and third quartiles.
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Fic. 6. Profile of the negative log-likelihood from more than 3,900 gene families across 16 yeast species.

conservatively choose the chi-square distribution with one
degree of freedom to assess statistical significance, the thresh-
old value is 7.88 at significance level 0.005, and both methods
would return a P value well below 1072, Therefore, our
methods provide extremely strong evidence for the presence
of WGD in yeast, despite a low retention rate. The retention
rate estimates were in general agreement between the two
methods and with results from prior synteny-based research.

To assess the robustness of results to the prior at the root,
we reestimated all parameters from gene counts using an
average of two genes at the root a priori. Evidence for the
WGD was still overwhelming (LRT statistic 309.4, P < 0.005)
and the retention rate was not affected (0.0638).

Gene counts were used further to investigate the timing of
the WGD. The likelihood was highest when the WGD was
placed at time 0 from the most recent speciation on the
branch, that is, just before the divergence between S. castellii
and its sister clade. The log-likelihood profile led to a 95%
confidence interval between 0 and 5.04 My prior to this di-
vergence. These results are in agreement with prior work from
Scannell et al. (2006, 2007), who found support for rapid
diversification following the WGD. Placing the WGD just
before the speciation did not affect the estimated retention
rate (0.0690) or its 95% confidence interval [0.059, 0.080].

The reconciliation method was used to assess orthology,
based on its estimation of each family’s reconciled gene tree.
Figure 7 shows the estimated reconciled tree for family 1306,
as an illustrative example. This reconciliation identifies two
duplications and no loss at the WGD, and one duplication
and ten losses at other locations in the species tree.

Discussion

We propose here two new methods to test the presence and
estimate the location of WGDs on a known species phylog-
eny. These methods use a set of gene families across multiple
species, data now commonly built through clustering meth-
ods like orthoMCL (Li et al. 2003) from whole genomes or
next-generation sequencing data. Contrary to synteny-based
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CLUG_04829, C. lusitaniae
DEHAOE166549, D. hansenii
CGUG_03196, C. guillermodii

LELG 04163, L. elongisporus
CPAG_00095, C. parapsilosis
CTRG_00502, C. tropicalis
orf19.2727, C. albicans

kwal 23506, K. waltii
KLLAOC17842g, K. lactis
scas_g636.18, S, castellii
shay_4340, S. bayanus
spar_4099, S. paradoxus
YDRO98C, 8. cerevisiae
sbay 7108, S. bayanus
smik_6152, S. mikatae
spar_6784, S. paradoxus
YER174C, S, cerevisiae
AGR111W, A. gossypii
CAGLOG08151g, C. glabrata

X% scas_g681.14, S, castellii
CAGLOL11990g, C. glabrata

Fic. 7. Estimated reconciled gene tree for family 1306, showing two
duplications (filled circles) and no loss at the WGD, and one duplication
(empty circle) and ten losses (crosses) elsewhere in the species tree.

methods, our methods do not require positional information
on the paralogs, are not sensitive to genome rearrangements,
and can accommodate massive gene losses. Also, our gene
count method is not affected by K; saturation effects like K-
based methods might be. Because our methods are based on
an explicit WGD model, we can directly test the presence of
WGDs. In contrast, methods relying on a mixture distribution
of duplication times can be sensitive to the assumed ad hoc
density of each component. For example, a mixture of several
symmetric normal distributions might be needed to explain a
single component from a skewed gamma distribution, there-
fore, making the estimated number of components rather
uncertain. Our proposed methods thus appear complemen-
tary to other existing methods, which are based on different
data types and different assumptions.

An advantage of our explicit model is that our methods
can be extended to whole genome triplications, or more gen-
erally to k-fold instantaneous expansions followed by almost
immediate loss of some replicate copies. Other explicit WGD
models have been proposed by Hallinan and Lindberg (2011),
who studied the distribution of chromosome counts in
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Mollusca, and by Maere et al. (2005) and Vanneste et al.
(2013), who used an explicit model for the age of SSDs and
duplications resulting from WGDs along a single lineage.
Hallinan and Lindberg (2011) assume a background birth
and death process for the evolution of the chromosome
number along a known species tree, with the addition of a
strict doubling at each WGD. Their probability model inte-
grates over all possible number and placements of WGD
events according to a Poisson distribution with constant
rate § (although restricted to no more than one WGD
event on each branch). The absence of WGDs can then be
tested by comparing the models with § = 0 versus & > 0.
Because chromosome count data provide a single observation
per lineage, WGDs are modeled with a random process and
the method benefits from data across many species on a large
tree. In contrast, our gene count method uses data from
multiple independent gene families so that we can model
each WGD specifically. Although our retention rate g ac-
counts for some genes being almost immediately lost after
a WGD, Hallinan and Lindberg (2011) can reasonably assume
a strict doubling of the chromosome number (excluding par-
tial genome duplications Freeling 2009).

Maere et al. (2005) and Vanneste et al. (2013) also pro-
posed an explicit model for the number of gene paralogs with
a certain age, to combine the effect of SSDs and that of large-
scale duplications (WGD). Their model focuses on a single
lineage and is mostly deterministic. The K; distribution is
modeled with an ad hoc Poisson smoothing to add random-
ness around the average ages of duplicates predicted from a
population dynamics model. Their model considers separate
SSD and WGD modes, with each duplicate evolving according
to its own mode throughout the entire lineage. Gene losses
are assumed to follow a power law decay with a different
constant for each mode. Each gene copy thus “remembers”
its initial duplication mode and disappears with the associ-
ated rate. This model allows for an elevated loss rate applying
specifically to the genes created by the WGD. In contrast, our
approach applies the same loss rate 1t to all genes regardless
of their origin, and a retention rate g < 1 is used instead to
explain any elevated loss rate for a short period of time after
a WGD.

Our model allows for incompletely sequenced genomes
leading to incomplete gene families. This extension should
be useful to include more species for analysis, to use data
from expressed sequence tags (ESTs) or transcriptomes (as
in Barker et al. 2008; Jiao et al. 2012; McKain et al. 2012). To
account for incomplete genomes, our model assumes that
genes from species u are sampled with frequency f,. These
sampling frequencies are not estimated by our method but
need to be determined separately, such as from transcrip-
tome-sequencing depths. For instance, Lai et al. (2012, table
3) provide f, values for their data on compositae weeds, es-
timated from the percentage of ultraconserved orthologs
(UCOs) recovered by their data assembly, among a bench-
mark database of 357 UCOs (Kozik et al. 2008). In their very
recent work, Han et al. (2013) use a similar but richer model
for incompletely sampled genomes and genomes with

annotation error. Their error model could be used in con-
junction with our WGD model.

We did not constrain the background duplication and loss
rates (A,ut) to be equal, as is done by Hallinan and Lindberg
(2011, p.1153-1154, “static’ and WGD models) or in
computational analysis of gene family evolution (CAFE)
(Hahn et al. 2005). We found that the constraint 4 =
was necessary to stabilize estimation when the number of
genes (or chromosomes) at the root is estimated or treated
as a nuisance parameter (as was done in Hahn et al. [2005,
2007] and Hallinan and Lindberg [2011]). For instance,
Hallinan and Lindberg (2011, fig. 3) showed a much wider
confidence interval for the root count when A and u are
allowed to differ, than when a single value A = p is estimated.
They also showed a positive estimate of & — i from small
root counts and a negative estimate of A — u for large root
counts (Hallinan and Lindberg 2011, table 1), pointing to a
negative correlation between the estimate of the root count
and the estimate of the net rate A — . Indeed, the same
expected number of gene counts can be explained by a large
count at the root and a large loss rate or by a small count at
the root and a large duplication rate. Instead of attempting to
estimate the number of genes at the root, our approach in-
stead treats this count as a random variable with a geometric
prior distribution. This strategy is showed to be successful at
estimating both / and i separately in our simulation studies.
Additionally, we found that calculating the likelihood condi-
tional of the filtering procedure, including the fact that only
nonextinct families can be observed, was very important to
avoid biased estimates of 4 and . The lack of conditioning
strongly affected the estimated loss rate, which was under-
estimated to accommodate the unseen gene losses in the
families that were filtered out. Proper conditioning restored
unbiased estimates of 4 and .

A limitation of our model is the assumption of constant
rates A and p throughout the whole species tree. In contrast,
Hahn et al. (2007) allow A = 1 to take different values on
various branches of the species tree, to test hypotheses of
heterogeneous rates among different lineages. Extra parame-
ters could be considered in our model to allow for heteroge-
neity. For instance, a different loss rate i could be allowed
along a lineage following a WGD to test whether more ex-
tensive gene loss occurred following the WGD event. We
expect our retention rate g to capture most of these extra
gene losses, although not those occurring after the next spe-
ciation. This is a limitation if speciation follows rapidly after a
WGD (Scannell et al. 2006, 2007) with the excess of losses
extending after the speciation. Another limitation of our
model is that all families are assumed to share the same
rates /4, i, and g. This is clearly an oversimplification. Hahn
et al. (2005) showed that some gene families have undergone
unusual expansions or contractions, for instance. Blanc and
Wolfe (2004) showed that Arabidopsis gene families with reg-
ulatory functions have a higher retention rate at the most
recent WGD event (o) than other functional categories.
Independently, Seoighe and Gehring (2004) observed that
genes involved in transcription regulation and signal trans-
duction are more likely to be retained, and Maere et al. (2005)
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showed that genes involved in DNA metabolism, nuclease
activity, and RNA binding are less likely to be retained. Our
assumption that all gene lineages are retained independently
at the WGD is another simplification. In particular, genes
coding for subunits of the same protein complex would be
expected to be lost together or retained together (gene bal-
ance hypothesis, e.g, Freeling 2009), and Konrad et al. (2011)
showed evidence for loss rate variation depending on the
gene age and functionalization.

Surprisingly, the gene count method provided more accu-
rate rate estimates and more power to detect WGDs than the
reconciliation method, despite its use of less information. We
believe that this is due to the gene tree estimation and like-
lihood approximation used in the reconciliation method.
Indeed, the exact likelihood of the gene count data is com-
putationally tractable. The likelihood of the sequence data is
much more challenging to obtain, however. Our reconcilia-
tion method computes an approximation by optimizing the
gene tree for each family, with the assumption that the most
important contributor to the likelihood is the most parsimo-
nious reconciliation overall (as in Rasmussen and Kellis 2011),
with its most parsimonious reconciliation at the WGD. In
addition, optimization of the retention rate was based on a
coarse grid due to the computational burden, which also
prevented the estimation of A and u within the reconciliation
method. We thus recommend the gene count method for
the goal of estimating rates and testing the presence of
WGDs. The reconciliation method is complementary for
the purpose of estimating reconciled gene trees, where each
duplication and loss is mapped to an edge in the species tree,
and possibly to a WGD event. We leave it to future work to
improve the reconciliation method and use an exact likeli-
hood with a reduced computational burden, as this might
provide more power to estimate the precise timing of WGD
events.

Materials and Methods

Probabilistic Model

Model for WGDs and SSDs and Losses

We assume that each gene family evolves according to a birth
and death process (see Kendall 1949; Feller 1968) with birth
rate A for duplications and death rate 1 for losses. Under this
model, the probability that a family has j genes at time ty + t
given that it had i genes at time t, only depends on the
elapsed time t (Bailey 1964) and is given by

L minGD PN i —k—1
=5 () ()
Xyé_k ‘Mﬁk (1_Vt—¢t)k

where y; is the probability that a single lineage goes extinct
within time t:

_ M(e(/\fu)t —1) and ¥y — & _ )L(e(kfu)t —1)
Ve = A=t uw t= % ve = rer—wt %

if A # w, and y; = ¥, = At/(1+ At) if L = . The recon-
ciliation method will only use the case i = 1, whereas the gene
count method will need all P,(j | i) values. We next consider
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Fic. 8. Each WGD is represented by two extra nodes. The WGD model
applies between these extra nodes (“at WGD”). The birth—death process
applies to all other branches.

a WGD at a fixed location in the species tree. At this WGD,
each gene lineage is instantaneously duplicated, and the
second copy is retained with probability g, or lost with prob-
ability 1 —g. We assume independence between these
events, that is, no interference between genes, both between
and within families. Alternatively, our retention model can be
described with a symmetric role for both gene copies, each
being lost immediately with probability (1 — g)/2, but nonin-
dependently to exclude the simultaneous loss of both copies.
Before and after the WGD event (cf. fig. 8), gene lineages
evolve according to the usual birth and death process. Each
WGD event on the species tree is allowed to have its own
retention rate g. The model and theory for whole genome
triplications can be found in the supplementary material ST,
Supplementary Material online.

Number of Lineages at the Root

We introduce the use of a prior distribution to account for
uncertainty in the ancestral gene number at the root of the
species tree. Note that Hahn et al. (2005) treat the number of
ancestral genes as a nuisance parameter, and Arvestad et al.
(2009) and Rasmussen and Kellis (2011) assume one single
gene at the root. We chose here a geometric prior distribution
for the following reasons. First, there is no trivial stationary
distribution for the birth and death process (other than 0
ancestral genes with probability 1). Then, a uniform prior
might seem uninformative but it is not proper and contra-
dicts our prior belief of only a few genes at the root. Using a
geometric distribution with mean 1/7, the prior probability
for a ancestral genes at the root is (1 — )* ' fora > 1. The
choice n = 1 — A/u corresponds to a mean of /(u — A)
lineages at the root a priori. This is expected in the long run
from the birth and death process under the condition that a
unique lineage cannot be lost, and if A < . This last condi-
tion is restrictive, however, so we leave the choice of 1 uncon-
strained. All a lineages present at the root might not be
observed in the gene tree as some may go extinct. The geo-
metric distribution enables a closed-form probability of s sur-
viving lineages observed at the root of the reconciled tree
(Cstiros and Miklos 2009, Corollary 9):

ﬂroot(s) = (1 - n/d(uroot))n/(1 - 77/)5_1 if s> 1;

1
n/d(urom) If s=0 ( )


,
a
Small-Scale Duplication
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-
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wheren’ = n/(1 — (1 — n)d(Uroor)) and d(uyoe; ) is the prob-
ability that a lineage starting at the root of the species tree is
“doomed” with no descendants in any of the species (see next
section). The reconciliation method will further need the
probability that s lineages survive and give rise to subtrees
T1, ..., Ts with reconciliations R, . . . ,R;, which is given by

IX k+s g
> ( ) )d<um)kn<1 — )T [P(TR)
k=0 i=1

n(1—ny" :
= P(T.,R;
0= =yt LIPTR)

where [P(T,R;) is the probability of observing the reconciled
subtree (T;,R;) given a single gene at the root (see below).

Conditioning on the Data Collection Process

The likelihood of an observed gene family i is the conditional
probability of the data D; for that family, conditional on the
family being actually observed and not filtered out of the data
set. If no specific filtering is applied, this is

[P{D; | family i is observed} =
P{D;i}/(1 — P{family i is extinct}).

Using our geometric prior distribution at the root, the prob-
ability that a gene family goes completely extinct (and thus
unobserved) is:

P{family i is extinct} = Z n(1 = )" d(Uroo)”
a=1

_ r’ d(uroot)

1— (1 - 7’]) d(“root) '
where Uoo is the root of the species tree, and d(v) is the
probability that a single lineage starting at node v is doomed
with no descendants in any species below v. These probabil-
ities can be computed with a postorder traversal of the
species tree (e.g, Csuros and Miklos 2006, Rasmussen and
Kellis 2011). Indeed, if v has children v at distances t, with
the birth—death process applying along the edges between v
and vy, then

dv)=[]D_PGI0dwy =¥, B
k j=0 k

where V;k = Yo + (1= )0 — Y )d(vi) /(1 — Yy d(vic))-
For each WGD, two nodes are added in the species tree:
UwGDbefore just before the WGD and uwgpafter just after the
WGD, each with a single child (fig. 8). The birth and death
process applies along each edge in the species tree, except
between uUwcpbefore aNAd Uwcpafrer Where the WGD model
applies instead. Therefore, d(uwgpafer) Can be computed
from equation (3). To determine d(Uwgpbefore) We note
that a lineage entering the WGD at uwgpbefore i doomed
either if both copies from the WGD are retained and later
doomed, or if the second copy is lost and the first copy is
doomed. Therefore

)

d(uWGDbefore) - qd(uWGDafter)z + (1 - Q)d(uWGDafter)'

If the filtering process consists of keeping families with at
least one gene in each of the left and the right subclades
descending from the root, then the correct likelihood
of data D; for family i is P{D;|family i is retained} =
P{D;}/PETE" with

pLIEt — 1 plefe _ pE™ 4 P{family is extinct}, (4)

where P{fft and P(r)ight are the probabilities that a family leaves
no descendants in the right (or left) subclade. They can be
calculated using the doom probabilities within each specific
subclade, that is, using (2) with d(uye) replaced by

() = ¥, or d(ul®hy = ¥,,» the two factors of (3) at

root
V = Uyoot-

Incompletely Sampled Genomes

To relax the assumption of completely sequenced genomes,
we allow for some genes to be unsampled in some species. To
do so, we assume that each gene in species u has probability f,,
to be sampled, independently of other genes. For a species u
with a complete genome sequence, f,, is just 1. For species
whose data originate from ESTs or transcriptomes, f, < 1,
and could be rather low at low sequencing depths. This sam-
pling step is accommodated by an extra node along each
external edge of the species tree, located at distance 0 of
each tip (species). Between this node and species u, each
gene lineage is either retained with probability f, or lost
with probability 1 — f,. Instead of applying the birth—death
transition probabilities P;(j | i) along these new branches, we
apply the following binomial probabilities of sampling j genes
from species u given that i genes are truly present:

Psampling(j | I) = <J’ )fé(-l _fu)i_j.

In the context of speciation models, the same sampling was
used by FitzJohn et al. (2009), where this step is equivalent to
a mass extinction event.

Statistical Test for the Presence of a WGD

Let D; denote the data for family i, for i < n families total. The
reconciliation method will use the sequence alignment as
data D;, while the gene count method will use gene counts
only. Recall first that likelihoods are calculated as conditional
probabilities. More specifically, the likelihood of family i
given a particular species tree (with potential WGDs)
is L(D;) = [P{D;}/P{family i is retained}, where [P{D;} is
described below and [P{family i is retained} does not
depend on i but depends on the particular filtering step (as
described earlier).

Let L(D|A,u.e,q) be the likelihood of the full data
D =(Dy,...,D,) given a species tree with a WGD
placed on edge e with retention rate g. Assuming that gene
families are independent, this is simply the product
[T, L(D; | A,p.e,q), where each term is the likelihood of a
single family. These likelihoods are calculated at fixed, sup-
posedly known values of A and p for the reconciliation
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method, given the computational burden. In contrast, we can
use the profile likelihood when using gene counts, to optimize
A and u at each retention rate:

L(D |e.a) = maxL(D | 2.ja.e.9).
S

To test the presence of a WGD on edge e, the LRT uses

A, =2 max logL(D|e,q) — 2logL(D]e,0)
g€[0.1]

because the absence of WGD corresponds to g = 0. When the
WGD is hypothesized to be placed on either of several
branches in the species tree, one A, is calculated for each
edge e where the WGD might occur. The placement of
the WGD is then estimated to be the edge e that maximizes
A.. To test the presence of a WGD along any of these edges,
the LRT uses the maximum A, value over all hypothesized
edges e.

Because the absence of WGD corresponds to the boundary
g =0 of the parameter space g € [0,1], we do not expect A,
to have a chi-square distribution under the null hypothesis.
Under regularity assumptions (Self and Liang 1987), the as-
ymptotic distribution of such a LRT statistic is a 50:50 mixture
of a point mass at g =0 and a chi-square distribution with 1
degree of freedom. This distribution was used to determine
P values for the gene count method. Accordingly, the thresh-
old to reject the absence of WGD is A, > 2.706 at signifi-
cance level a = 0.05, or A, > 5.412 for o = 0.01, or
Ag > 9.550 at level o = 0.001. The profile likelihood
L(D|e,q) from gene counts was used to determine a 95%
confidence interval for g, obtained as the set of all values such
that logL(D|e,q) > maxgefo,1)logL(D|e,q) —2 (Venzon
and Moolgavkar 1988).

The reconciliation method was too slow to allow a thor-
ough optimization of g in [0,1]. The likelihood was instead
maximized over the grid {0,0.1,0.2, . ..,1}, and the estimate
of g was the value on this grid that maximized the likelihood.
Because of this discretization and of the likelihood approxi-
mation for the reconciliation method, we used an empirical
threshold for detecting the presence of a WGD with the
reconciliation method. This threshold was the value ¢ such
that no more than 5% of data sets simulated under no WGD
had A, > c.

Probabilities for the Reconciliation Method

The reconciliation method uses the likelihood of sequence
alignments. To ease notations, D will denote here the
sequence alignment of a single gene family. Its probability is
obtained by integrating out the unobserved gene tree topol-
ogy T, its reconciliation R with the species tree, and the gene
tree branch lengths |-

P(D) = ; / P(D,I,T,R)

(5)
=> / P(D|1,T) P(I|T,R) P(T,R).
TR VI
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The Hasegawa—Kishino—Yano model (HKY, Hasegawa et al.
1985) is used for the probability of the sequence alignment
given the gene tree, P(D | ,T). To relax the clock assumption
on gene trees, we follow Rasmussen and Kellis (2011) to
model branch lengths in gene trees and to get P(/| T,R)
(setting branch lengths to 0 along any WGD edge). Each
family has its own rate (so-called gene-specific rate) and
each branch of the species tree also has its own specific
rate (Rasmussen and Kellis 2007, p.277 for full details).
Finally, the probability [P(T,R) of a gene tree and its recon-
ciliation given the species tree is calculated according to our
birth—death and WGD model, and described in more detail
below.

Dealing with all possible reconciliations is very challenging
(Arvestad et al. 2009), so here we approximate (5) by the
maximum quantity inside the sum, that is by [°(D,/,T,R)
where |, T, and R are the maximum a posteriori estimators
of |, T, and R given the data. Moreover, for each gene topology
T, we only consider its most parsimonious reconciliation R as
in Rasmussen and Kellis (2011). In the presence of WGDs, we
further restrict our search to the most parsimonious recon-
ciliation of the gene subtree along each branch with a WGD,
to maximize the number of duplications at the WGD and
then minimize the number of losses at the WGD. We provide
a fast algorithm to compute this most parsimonious recon-
ciliation along a branch with a WGD (supplementary material
S1, Supplementary Material online). This approximation is
expected to perform well when 4 and p are small and
when q is large (for branches with WGDs).

To calculate the reconciled topology prior probability
[P(T,R) given a species tree with potential WGDs, we use
the fast algorithm in Arvestad et al. (2003, 2009) and
Rasmussen and Kellis (2011). This algorithm uses a postorder
tree traversal because [P(T,R) can be factorized into the prob-
ability of gene subtrees within each branch in the species tree,
as explained in Rasmussen and Kellis (2011). In their equation
(13), the only terms that need to be adapted for the presence
of WGDs are the probabilities g(v,u,T’), for a node u in the
species tree, a speciation node v in the gene tree reconciled to
the parent of u, and the gene subtree T’ rooted at v with its
descendant nodes reconciled at u. If the birth—death process
applies to the parent edge of u, of length t, then g(v,u,T") =
f(T,T",R) h(u,k) where k is the number of leaves in subtree
T, h(u,k) = v*= P, (1] 1)/(1 — Yrd(u)** " and fis a factor
depending on the topology and labels of T’ (Rasmussen and
Kellis 2011, eg. 13c). Within WGD edges, that is, when
U = Uwcpafter fOr some WGD, the WGD model applies in-
stead of the birth—death process. In this case, the reconciled
subtree T’ starts with a single lineage v entering node
UwGbbefore- The only options are T' = T, or T' = T,, where
T, has a single tip (k=1 gene copy survives after the WGD)
and T, has k=2 tips (both gene copies are retained and
survive after the WGD). The probability g(v,uwcpafcer-T') is
then still given by f(T,T’,R) h(uwcpafter,k), where f(T,T',R) is
unchanged. The new term h(uwgpafter,k) is simply g for k=2
and 1 — g + 2qd(uwgpafter) for k =1, to account for the pos-
sibility that both copies are retained at the WGD but one is
doomed.
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Probabilities for the Gene Count Method

In this section, D denotes the gene count data for a single
family. Its probability can be obtained using a postorder tree
traversal as in CAFE (De Bie et al. 2006), also called probabil-
istic graphical model in Hahn et al. (2005). From the tips to
the root, we calculate at each node v in the species tree the
probabilities of observing the data D, in the descendants of v
conditional on i surviving gene lineages at v, with the algo-
rithm by Cstt ros and Miklds (2009). In this algorithm, the key
component that needs to be extended to WGDs is the
survival transition probability

w;, (j| i) = [P(j surviving genes at v, and the i
genes from v survive | i genes at v).

Along an edge with the birth—death process, Csuros and
Miklos (2009) showed how to efficiently calculate all the
necessary w* values recursively using

wy (11 = (1 =y )0 =Y, w, (= 1]i=1)
Y, Wi G —110)

and initial conditions wj (0]0) = 1, w; (j| 0) = wj (0]i) =0
for ij > 1, where y, is as in equatlon (3) and v, =
Vi (1= d(v))/(1 — Wtkd(vk)) Along an edge with a
WGD, the birth—death transition probability P (j|i) is
replaced by the probability that i genes before the WGD
give rise to j genes immediately after the WGD. This is derived
from a binomial distribution:

PWGD(}|I)—< )q’ (1= ifi<j<2i

The survival transition probabilities along the WGD
edge iNto U = Uwcpafer are obtained by wj(0]1) =0,

wi(111) = (1 = g)(1 — d(u)) +2qd(u)(1 — d(u)), w;(2| 1)
= q(1 — d(u))* and the recursion formula

wiGl)=w,(Dwi(G—1]i—1)+w(2]1)
Xwi(j—2]i—1).

The probabilities (D, | i surviving genes at v) are initial-
ized at each tip v as 1 if species v has i genes and as 0 for
other values of i (or 1 for all i if v has missing data). Once
these probabilities are calculated at the root v = Uy, the
probability of the full data is obtained using the shifted
geometric prior for the ancestral surviving count: P(D) =
D o1 Trooc()P(D | i surviving genes at Uroor)  With  TTroor
from equation (1).

Simulation Study

We used the four-taxon species tree in figure 9 to evaluate the
performance of both methods. The depth of the species tree
was set to 18.03 My (from Butler et al. [2009]), with back-
ground rates of A = 0.02 and & = 0.03 events per million
year. Under no WGD, these values lead to 38% of families with
at most one gene in each species. A WGD was placed on the
middle of the branch ancestral to taxa A and B. The SPIMAP
simulation tool was adapted to include WGDs and used to

18.03

12.06

A/\B C D

Fic. 9. Species tree used for simulations with the true (black bar) and
alternative (gray bar) location of the WGD. Numbers indicate branch
lengths.

simulate gene trees either with or without a WGD, starting
from a single gene lineage at the root. The true retention rate
at the WGD varied from low to high: g = 0.2,0.5,0org = 0.9.
SPIMAP estimates gene trees for families of three or more
genes, so families with fewer genes were filtered out when
applying the reconciliation method. Families with only one
gene were filtered out for the gene count method. For each
retention rate, we generated 20,000 families for the reconcil-
iation method and 1 million families for the gene count
method (after filtering). To generate branch-specific rates
on the species tree, we used the gamma distribution with
parameters o = 2.1819 and B = 663. Gene-specific rates
were generated from the inverse gamma distribution with
parameters o = 6.9847 and f = 5.9847 (with a mean of
1). These values were estimated from real data in
Rasmussen and Kellis (2011) and correspond to an average
of 0.0765 substitutions per site from the root to tip D for
instance. Gene tree branch lengths were then calculated
under the model in Rasmussen and Kellis (2011), from
which 500 bp sequences were simulated under the Jukes—
Cantor model (Felsenstein 2004).

For analysis, both methods were used with a geometric
prior for the number of gene lineages at the root, with a mean
of 2 (n = 0.5). For the reconciliation method, instead of con-
ditioning on each family having at least three genes, we only
conditioned on observing some data (one or more genes).
Indeed, obtaining a theoretical formula for this actual filtering
step is quite challenging. The gene count method used a
conditional likelihood to reflect that retained families had
at least two genes. The data were first analyzed assuming
the correct location of the WGD, then analyzed again assum-
ing an uncertain placement of the putative WGD: either at its
true location or at the middle of the parental edge, ancestral
to species A, B, and C (fig. 9).

For the gene count method, for each retention rate, the
simulated gene families were grouped into 100 independent
sets of either n = 500, 1,000, or 5,000 families each, and into 50
independent sets of n = 20,000 families each. The duplica-
tion/loss and retention rates (A,/,q) were jointly estimated
from each set.
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The reconciliation method being much more computa-
tionally heavy, we used a resampling procedure to evaluate
its performance. For each targeted number of gene families
from n =500 to 5,000, we randomized the order of the 20,000
families, then combined consecutive families to form 20,000/n
sets of n families. This was repeated n/2 times to obtain a
total of 10,000 sets of n families. To obtain 10,000 sets of
n = 20,000 gene families each, we resampled the originally
simulated 20,000 families with replacement. The advantage of
this procedure is that it only required the initial analysis of
each of the 20,000 simulated families individually 11 times,
assuming g in {0,0.1,0.2,...,1}. Each analysis used 20,000
iterations in SPIMAP and the true values of A = 0.02 and
i = 0.03. These individual family results were later used for
the grid-based optimization of g from each set. A grid search
strategy allowed us to use parallel computing resources effi-
ciently to distribute jobs across many simulation replicates,
but more powerful algorithms (like the golden section search)
could be used in other situations.

Analysis of the Yeast Data

The sequence data for the 9,209 gene families identified by
Butler et al. (2009) were downloaded from http://compbio.
mitedu/candida (last accessed January 1, 2014). The 16-spe-
cies yeast tree was also taken from this recent study. The
hypothesized WGD was placed on its known location,
along the branch ancestral to the clade containing S. castellii
and S. cerevisiae, arbitrarily in the middle of that branch (see
fig. 10). From the 9,209 original gene families, only 3,932 fam-
ilies had at least one gene in each subclade stemming from
the root (the Candida subclade and the Saccharomyces sub-
clade). Because our WGD model does not allow for de novo
genes, the data set was reduced to these 3,932 families. All of
them were used for the gene count method. For the recon-
ciliation method, we could only include gene families with
three or more genes, which reduced the data set further to
3,909 families. For both methods, the likelihoods were condi-
tional of families having at least one gene in each of the two

major subclades.
C. lusitaniae
ED. hansenii
C. guillermodii
L. elongisporus
_:C. parapsilosis
_:C. tropicalis
C. albicans
K. walltii
K. lactis
A. gossypii
S. castellii
———  C. glabrata
WGD S. bayanus
S. mikatae

S. paradoxus

S. cerevisiae
I T T 1
180 101 78 0

Time (million years)

Fic. 10. Phylogeny of 16 yeast species from Butler et al. (2009).
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To model uncertainty at the root, we use n = 1/1.05 to
fix a low number of ancestral genes at the root a priori (1.05)
but still allow for some families to have more than one
gene lineage at the root. This was necessary because the
method used by Butler et al. (2009) to build gene clusters
used an iterative method to divide any large cluster with two
or more reconstructed genes at the root into separate gene
clusters.

The gene count method jointly estimated all rates (A, ,q)
by maximum likelihood. The profile log-likelihood of the gene
count data was also calculated by fixing g and maximizing
the likelihood over the other parameters (A, 1) only, and then
used to get a 95% confidence interval for g. For the reconcil-
iation method, SPIMAP (with WGD implementation)
used the duplication/loss rates obtained from the gene
count method based on the null hypothesis of no WGD
(A = 0.000647 and [i = 0.001044). To limit computation
time, SPIMAP was run for 20,000 iterations for small families
up to 40 genes, for 8,000 iterations for families with 41-56
genes, and for 5,000 iterations for larger families. For the spe-
cies-specific and gene-specific rate distributions, we used the
values estimated by Rasmussen and Kellis (2011), which were
based on 739 one-to-one orthologous families.

Gene counts were used for further analyses to investigate
the timing of the WGD, which was optimized along with 4, ,
and g using maximum likelihood.

Supplementary Material

Supplementary material S1 is available at Molecular Biology
and Evolution online (http://www.mbe.oxfordjournals.org/)
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