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Abstract. Researchers have generally attributed ostensibly large differences in family size to the
effects of natural selection in promoting either the expansion or contraction of families along specific
lineages, without a strong statistical basis. Here we use a model of stochastic birth and death for
mapping gene family evolution onto a phylogeny, and show that it can be efficiently applied to multi-
species comparisons. The model offers the opportunity for researchers to make stronger inferences
regarding the role of natural selection and changing duplication and deletion rates in gene family
expansion or contraction. The work is performed as a part of the first author’s MS thesis under the
second author’s supervision.

Tém tat. Thong thuong cdc nhi nghién citu gin su khic nhau lém theo vé bé ngoai cia kich c&
gia dinh vé&i sw dnh hwdng cla viéc Ira chon tu nhién trong qué trinh thic ddy sy mé rong hay thu
hep cda gia dinh trong nhitng thé hé sau ma khoéng dwa trén mot co s& théng ké chic chin. Trong
bai bdo nay, chiing t6i sit dung mot moé hinh thong ké sinh-tir d€ 4nh xa su tién hod cia céc ho gien
t&i mot cAy phan loai, va chi ra rdng mé hinh nay c6 thé dwoc 4p dung mot céch cé hiéu qua cho s
so sanh da loai. Mo hinh dwa ra mot co hoi cho cdc nha nghién ctru thire hién nhirng suy dién chinh
x4c hon lién quan t&i vai tro cla su lira chon ty nhién va t6c do nhan doi hay loai bd trong su mé
rong va thu hep ho gien. Két qua nghién citu nay 14 mdt phan trong ludn van thac sy cia tc gid
thit nhat dudi sy hwéng dan cia tic gid thit hai.

1. INTRODUCTION

One of the major goals of evolutionary biology has been to identify the genetic changes
underlying phenotypic differences between organisms, and to distinguish the evolutionary
forces responsible for these changes. Past studies have necessarily focused on small numbers
of nucleotide differences between orthologous genes, largely because of technical limitations
on DNA sequence collection. The recent sequencing of many whole genomes, however, has
erased this limitation. Researchers may now focus on large-scale genomic differences between
organisms that play an important role in adaptive evolution, including large changes in the
size of gene families (e.g. Tatusov et al. 1997; Lander et al. 2001; Snel et al. 2002).

While the newfound ability to observe gene family expansions and contractions has stim-
ulated many new hypotheses, we still lack a statistical framework that would allow for strong
inferences regarding gene family evolution. Especially interesting to evolutionary studies are
the causes of changes in gene family size. Unlike the analysis of nucleotide sequence evolu-
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tion—where there are well-accepted methods for testing for the action of natural selection
(e.g.Yang and Bielawski 2000)—there are no such methods in the analysis of gene family
evolution. Generally, researchers have ascribed large differences in gene family size between
genomes to natural selection, without any consideration of the expected difference in size due
to random gene gain or loss over long periods of time (e.g. Copley et al. 2003; Lander et al.
2001; Lespinet et al. 2002; Oakeshott et al. 1999). While many of these comparisons may
certainly be due to natural selection promoting the expansion or contraction of gene family
size, most are simple comparisons in which one species is found to have a larger or smaller
number of genes.

We believe that the inability to make statistical inferences about the role of natural selec-
tion in the evolution of gene family size is due to the lack of a null model. With no expectation
for how similar or different in size families are likely to be, researchers are unable to make
probabilistic statements about observed disparities. While simple statements about the equiv-
alence of two numbers can be made with tests of homogeneity, these tests do not take into
account the time since divergence of two taxa. Observing a gene family with 100 members in
one taxa and 50 in another is certainly striking if they have diverged for 5 million years, but
if they have not shared a common ancestor for 250 million years the biological significance
of the difference is less obvious. In addition, when data are available on gene family size
in more than two taxa, it would be informative to use phylogenetic relationships among the
species to identify lineage- or branch-specific expansions and contractions (e.g. Lespinet et
al. 2002). A statistical model of gene family evolution that allows for both hypothesis testing
and phylogenetic inference, therefore, would be very useful.

We propose to use the well-studied stochastic birth and death (BD) process as a model for
gene family evolution. Birth and death models have been widely studied in statistics (Bailey
1964; Darwin 1956; Karlin and Taylor 1975), and have also found use in population genetics
and phylogenetics (e.g. Sims and McConway 2003). The observation in multiple genomes that
both gene family sizes and gene duplicate ages are approximately Poisson-Dirichlet distributed
suggested that they could be explained by a random gain and loss process (Huynen et al 1998;
Lynch and Conery 2000, 2003; Qian et al. 2001). Indeed, the first use of stochastic birth and
death models for studying gene domain duplication and deletion was by Karev et al. (2002),
and for studying gene duplication and deletion was by Reed and Hughes (2004). Karev et
al. (2002) showed that a random BD model explained the distribution of gene family sizes
within a genome very well. Here we attempt to extend this approach to study divergence in
gene families between many species. It should be noted that stochastic BD processes are quite
different than the conceptual model of gene birth and death used by Nei and colleagues to
explain sequence similarity among closely linked gene duplicates (Nei et al. 1997).

In this paper we associate the evolution of a gene family over a phylogeny with a probabilis-
tic graphical model (PGM). The use of such a PGM allows for probabilistic inferences on the
rate and direction of change in gene family size. Furthermore, we show how this methodology
can be used to identify those families and those branches that are evolving non-randomly. We
demonstrate the usefulness of our approach on the whole genomes of five closely related yeast
species: S. cerevisiae, S. paradoxus, S. mikatae, S. kudriavzevii, and S. bayanus.
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2. BIRTH AND DEATH MODEL OF GENE FAMILY EVOLUTION

Suppose that we have a gene family of individual genes whose total size (number of genes)
at time ¢t is given by the discrete random variable X (t), where the probability that X ()
takes the value n is p,(t) (Bailey 1964). (BD processes are generally described in terms of
a population of individuals, but we have merely changed the terminology to be consistent
with the biological process under consideration.) Let us assume that every gene in the family
is equally capable of either being duplicated (birth) or lost via deletion or pseudogenization
(death); here we include both the processes of origination and fixation due to genetic drift
within the terms “birth” and “death”. The probability of any gene being duplicated (and
fixed) in time At is AA; or being lost (and fixed) is pA;. It follows that in a family of size
X (t) at time ¢ the possible transitions are:

Chance of one gain = AX (¢)At + o(Ay).

Chance of one loss = puX (t)At + o(At).

Chance of more than one of these events = o(At).

Chance of no change = 1 — (A + p) X (¢t) At + o(At).

We assume that the probability of two such events occurring, o(At), is negligible. As the
size of a gene family grows, the probability of there being a gain or loss also grows. If the gene
family contains zero members in a particular lineage, then there is no chance of birth or death
and this is considered an absorbing state; we are therefore only concerned with situations in
which the initial number of genes in a family, a, is non-zero (X (0) = a).

If we consider the case where a > 1 with equal gain and loss rates per gene (A = p), then
the transition probabilities are:

min(a,n) .
Prjalt) = Cv<“+"_3_1>w”"%u—2®j

= 7 a—1

where « is given by:
At

I

The stochastic mean and variance for this case are (Bailey 1964): m(t) = a and o?(t) =
2a\t

Here we find that the expected size of the gene family is simply equal to the initial number,
a. This is because with equal birth and death rates the gene family is neither consistently ex-
panding nor contracting, so that the probability of either increasing or decreasing is equivalent
on every branch of a tree.

3. LIKELIHOOD CALCULATION OF GENE FAMILY SIZE OVER
A PHYLOGENY BY USING PROBABILISTIC GRAPHICAL MODELS

In order to draw statistically motivated conclusions from gene family size data in several
related species, we use a probabilistic graphical model (Jordan, in preparation) that represents
the probability distribution over the observed gene family data. The graphical models ma-
chinery allows us to efficiently compute the likelihood of the given observed data, conditioned
on the family size of their common ancestor. In addition, the computation of this conditional
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likelihood allows us to calculate the most likely value of ancestral states and eventually a
p-value associated with the observed data (see next section).

We now discuss a method to identify gene families that are evolving under selective pres-
sure, the first main algorithmic result of this paper. We assume that for a given set of species
we are given the phylogeny along with the branch lengths and the evolution rate parameter A.
The given species correspond to the leaf nodes in the phylogenetic tree; the common ancestors
are represented by the internal nodes. Furthermore, the size of a large number of gene families
is known in each of the given species. This section will describe how to compute the likelihood
of that assignment efficiently, given the BD model and the phylogeny.

More correctly, we will not compute the likelihood of the gene family sizes of the leaf node
species, but their likelihood conditioned on gene family size in the root species. The reason is
that no probability density for the root species’ size is known, nor do we want to impose one
artificially: we do not want to assess the likelihood of gene families based on their average size
(which is largely determined by the oldest ancestor), but rather on the divergence of this size
over the phylogenetic tree. Thus, instead of computing one likelihood, for each family we can
compute a conditional likelihood, conditioned on some given root node family size.

We will later use this conditional likelihood to perform a hypothesis test where we estimate
the p-value, the probability that an equally (or less) likely gene family evolution arises by
chance. Gene families whose size distribution across the taxa cannot be explained by the null
model will have a low p-value, and can be assumed to be under some kind of selective pressure.

A graphical model based on the phylogenetic tree

Assuming the BD model as the null model for evolution, the size of a gene family in a given
species depends only on the size of the same gene family in the node directly above it in the
phylogenetic tree: it is specified fully by the conditional probability pn|a(t) to observe a family
size of n given the ancestor has size a. Therefore, given the gene family size of the common
ancestor of all taxa (i.e. the root node species), it is possible to compute the probability of
the evolution below it as the multiplication of the conditional probabilities of the family size
of each of the descendants of the root, given the family size of their direct parent.

However, we are generally not interested in the likelihood of a complete phylogenetic tree
given the root species’ size. We rather want to know the likelihood to observe the gene family
sizes for the given taxa corresponding to the leaf nodes only, conditioned on the root species’
size. This can be computed by averaging over all possible assignments of internal nodes (except
for the root node), a process called marginalization in the graphical models literature.

While the marginalization step involves averaging over a very large set of internal node
assignments, namely exponential in the size of the tree, it is a nontrivial result of the theory of
Probabilistic Graphical Models that these computations can be performed in a very efficient
way, by resorting to algorithms referred to as message passing or sum-product [Jordan, 2004].
The complexity of these algorithms is only linear in the size of the phylogenetic tree.

For a practical implementation of the algorithm, we need to make the assumption that
the maximal gene family size is limited. However, since the conditional probability distribu-
tion associated with the BD model drops of quickly for large values, this assumption is very
reasonable for a large enough upper limit. Apart from an efficient method to perform mar-
ginalizations, PGMs make it possible to compute the most likely assignment of the unspecified



COMPUTATIONAL DETECTION OF NATURAL SELECTION IN GENE FAMILY EXPANSION )

internal nodes.The algorithm is a variant of the one used to compute the conditional likelihood
and is known in the graphical models literature as the max-product algorithm. We do not
go into the details here but refer the reader to the relevant literature (see e.g. Jordan, in
preparation). We can thus use this method to efficiently compute the most likely gene family
sizes at all internal nodes of our tree.

4. INFERRING A

Thus far we assumed that the evolution parameter A and the family sizes of the root node
species were given. Alternatively we can learn it from the data using Expectation Maximaza-
tion (EM). Specifically, we equate A to that value that maximizes the conditional log likelihood
of the complete set of gene families, which is the sum of the conditional log likelihoods of the
individual gene families. For each gene families, the conditional log likelihood is conditioned
on the root species family size that yields the largest value. As can be seen in Figure 1, the
optimal value for A is 0.002.
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Figure 1. The log likelihood of all gene families as a function of the parameter
5. TESTING HYPOTHESES ABOUT GENE FAMILY EVOLUTIONS

In the previous section we described how, given the family size in the common ancestor,
the likelihood for the family sizes of the given species can be computed. Of course in practice
we do not know the actual value of the root gene family size. However, we could make the
conservative choice to assign that value to it that leads to the largest conditional likelihood.

Still, this is not sufficient to return an interpretable result: a larger root family size will
undesirably yield consistently lower likelihoods, since the conditional probability distribution
of a child node’s family size is more spread out for a larger parent family size (remember
that the square of the variance is proportional to the parent family size: o2(t) = 2a\t). For
example, for the phylogeny described in the experiments below, the assignment of the family
sizes of the leaf node species equal to (2(2(2(22)))) (in the Newick notation) has a maximal
conditional likelihood of 0.384 (when the root’s family size is equal to the value 2), while
the maximal conditional likelihood for the leaf node gene family sizes (20(20(20(2020)))) is
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0.002 (when the root’s family size is equal to the value 20) , even though both represent a
most likely assignment under the BD model, respectively starting from a root family size of
2 and 20. Therefore, in order to obtain an interpretable result, we need to compute p-values
corresponding to these the likelihoods. These p-values indicate what the probability is to
observe this particular likelihood, given the size of the root species family size.

6. P-VALUES AND CONDITIONAL P-VALUES
FOR GENE FAMILY EVOLUTIONS

Assume for now that the size of the gene family at the root species is given. Then, we
can compute the likelihood of the given family sizes of the leaf nodes as explained above.
Subsequently, as we will show shortly below, it is possible to estimate the probability to
observe the same or a smaller likelihood, given this root family size. If the root family size is
given indeed, this is the p-value we are looking for. When this p-value is small this indicates
that, given the root family size, it is very improbably to observe taxa with gene family sizes
as unlikely as the assignment we are assessing, thus providing evidence that the evolution can
not be explained by the chance from the null model.

In practice the root gene family size is not given. Therefore, we compute a so-called
conditional p-value for all possible root family sizes, one of which, corresponding to the true
root value, is the true p-value for the gene family evolution. Since there is no way to find
out which root family size is the true one, we make the conservative choice to pick that value
that leads to the largest conditional p-value. As such, an upper bound on the true p-value is
obtained. A fortiori, if this value is small, the assignment of the leaf node taxa is unlikely to
be a explainable by the null model.

Unfortunately, the conditional p-value can not be computed analytically in a reasonable
computation time. Therefore, we use the graphical model defined by the BD model and the
phylogenetic tree structure to randomly sample gene family evolutions starting from the given
root family size. This can be done efficiently thanks to the tree structure of this graphical
model. Subsequently, for each of these random samples, the likelihood given the root family
size can be computed. Based on the likelihoods of a large number of random samples (1000
for each root family size, in this paper), the conditional p-value can be reliably and efficiently
estimated by counting the proportion of these random samples that have a likelihood lower
than or equal to the one for the given gene family.

To assess the tightness of this upper bound, we can use the general fact that the p-values
of random samples sampled from the null model are uniformly distributed [Link]. Indeed, the
probability to observe a random sample with p-value lower than a given p-value is equal to the
probability to observe a sample that is less likely than the given sample, which is the p-value
again.

7. IDENTIFYING THE UNLIKELY BRANCH

For the improbable gene family evolutions (i.e. the ones with a low upper bound on the
p-value) we further want to identify the branch in the phylogenetic tree that is responsible for
the low p-value. There are two ways of doing this.
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The first way is by computing an upper bound for the p-value corresponding to the like-
lihood of the pair of subtrees as obtained by removing a branch in the phylogenetic tree, and
this once for each branch. If after any of these branch removals the upper bound on the p-value
is larger than a threshold level, this branch may be held responsible for the low p-value of the
complete phylogenetic model. Again, the upper bound on the p-value can be computed as
the maximal conditional p-value, now conditioned on two root values - one for each subtree -
instead of on one. As above, the conditional p-values can be estimated by random sampling.
Note that, since one branch is removed at a time, an implicit assumption of this approach is
that only one branch in the phylogenetic tree violates the BD model. The second approach
makes use of the most likely assignment of the gene family sizes for the species associated
with the internal nodes of the phylogenetic tree. This most likely assignment can be com-
puted efficiently with a technique from the probabilistic graphical models literature known as
the max-product algorithm, related to the Viterbi algorithm. After the most likely assignment
for the internal nodes is computed, one can compute a p-value for the transitions on each of
the branches. A low p-value for a certain branch indicates that the BD model is likely to be
violated at that branch.

Whereas the first approach is more rigorous when at most one branch violates the BD
model (a hypothesis test is carried out for every partial model as obtained by removing one
and only one branch), the second approach is computationally faster, and more suitable when
several branches do not follow the BD model. In principle, the first approach could be extended
however, by removing more than one branch at a time. However, for an increasing number of
branch removals this quickly becomes computationally intractable.

8. EXPERIMENTAL RESULTS

We used the machinery described above to study the evolution of gene family size in
five whole fungal genomes. To our knowledge, the five sequenced Saccharomyces genomes
are the best example of a closely-related group of eukaryotes where multiple whole genomes
have been sequenced and where there is also a well-supported phylogenetic tree with branch
lengths. The consensus phylogenetic tree of the five Saccharomyces species comes from the
study of Rokas et al. (2003) that used 106 orthologous genes from each of the species, singly
and by concatenation. The tree had 100 % bootstrap support at every node. In Newick
notation, the tree in Figure 1 is written (S. bayanus (S. kudriavzevii(S. mikatae(S. paradoxus
S. cerevisiae)))). Branch lengths were inferred from the data in Rokas et al. (2003) and Kellis
et al. (2003). They are indicated in Figure 1 as time, t, in million years. We estimated the
evolutionary rate parameter A as 0:002 per million years .

In the 32 million years since the most recent common ancestor of the five species, 1254
of the 3517 gene families shared among them has changed in size; the remaining set are
monomorphic across the tree (of course, equal numbers of losses and gains in any single
gene family will be unobservable). Using our PGM we were able to infer the most likely
ancestral gene family sizes for all of these gene families. This makes it possible to count
changes in gene family size on all eight branches of the tree, and enables us to infer their
direction by a comparison of the species at the top and bottom of each branch in the tree. As
expected from the birth and death process, there was a high correlation between the length
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of each branch in millions of years and the number of changes occurring along that branch
(Spearman’s 1/2=0.82). Expansions outnumbered contractions on four of the eight branches,
and contractions outnumbered expansions on the remaining four. Table 1 shows the number
of families that expanded, contracted, or stayed the same on each branch of the tree.

We can see that along branches 2 and 3, leading to S. kudriavzevii and S.mikatae, many
more families have expanded than contracted. Concomitant with this, these two genomes
have more genes (7144 and 7236) than any of the other three (6265, 6128, and 6700 for S.
bayanus, S. paradoxus, and S. cerevisiae;). This correlation is likely due to the expanding
gene families and not to some other aspect of genome evolution: the average gene family size
is larger in S. kudriavzevii and S. mikatae than in the other three species (1.56 and 1.61 vs.
1.41, 1.43, and 1.43). We can also examine the average change in gene family size along each
branch (Table 1). Again we see that branches 2 and 3 have the largest positive changes of any
branch, supporting the role of gene family expansion in genome expansion in these species.
Though branch 5 (leading to S. cerevisiae) has slightly more contractions than expansions,
the net change in family size is positive on average (0.021). Examining the data reveals the
reason for this apparent contradiction: the RNaseH and helicase gene families have had huge
expansions along this lineage (see Discussion). If we remove these two families, the average
net change along this branch becomes negative (-0.002). In general, however, most changes
in gene family size are quite small and the resulting average change is correlated with the
number of expansions and contractions.

Identification of unusually evolving gene families in Saccharomyces

As explained above, the PGM also allows us to compute p-values to identify gene families
that are highly unlikely under the random BD process. Of the 1254 gene families that differed
in number between genomes, 58 had p-values less than 0.01 (35 are expected). The unlikely
families are summarized in Table 2, along with the specific branch that is responsible for the
violation (when such a branch could be identified). The two methods that we used to identify
the offending branch agreed in most cases (see Table 2).

For the first four families identified in Table 2 the observed gene family sizes are so unlikely
that it is hard to determine where any one unlikely event occurred. Two of these gene families
are of unknown function, and the other two are transposable elements (TEs). While it is
interesting to see these large changes, transposable elements violate the assumptions of the
BD model in a number of ways and it can therefore be seen as a validation of our approach
that they are identified as unlikely (see Discussion).

9. DISCUSSION

In this paper we have presented and evaluated a method for studying the evolution of
gene families over a phylogeny. Based on data from multiple whole genomes, the method can
be used to examine the rates and direction of change in gene family size among taxa. Our
method also allows for hypothesis testing: we have shown how we can identify gene families
that have had unlikely histories given a model of random gene birth and death. Importantly,
the PGM methodology used here scales linearly with the number of new genomes added;the
most challenging aspect of future analyses may simply be getting reliable phylogenetic trees for
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the species considered. This PGM approach is conceptually similar to the maximum-likelihood
approach taken by others to study the evolution of phenotypic quantitative characters (e.g.
Pagel 1999).

Our analyses have revealed a large number of changes in gene family size across the Sac-
charomyces tree: 1254 of 3517 families changed in size. Every branch of the phylogeny was
inferred to have changes along it, with longer branches having commensurately more changes
(Table 1). One concern we had prior to our analysis was that the uneven sequence coverage
of these five genomes would affect our results; this did not appear to be the case. S. cerevisiae
is in fact the only eukaryotic with a fully sequenced genome; all of the other yeast genomes
are covered to differing extents. S. paradoxus was sequenced to 7X coverage (i.e shotgun
sequencing was done equivalent to seven times the length of the genome), while S. bayanus,
S. kudriavzevii, and S. mikatae were sequenced to 2-3X (Cliften et al. 2003). Despite this
unevenness among taxa, our results do not seem to have been affected: S. kudriavzevii and S.
mikatae were predicted to have both the largest number of genes and the largest number of
gene family expansions. If the lack of sequence coverage had been a problem we would have
expected these genomes to show fewer genes and smaller gene family sizes on average.

As described above, the null BD model can be used to test whether gene families are on
average diffusing evenly along the tree. This model can be violated when processes such as
natural selection give a direction to the expected random walk, causing extreme expansions or
contractions to gene family size. We were able to detect such changes on almost every branch
of the tree, and on every external branch leading to an extant species. In cases where we
we did not reject the null hypothesis it does not mean that natural selection is not acting on
members of a gene family, only that we cannot detect its role in affecting the differences in
size of the family. Natural selection may have played a role in the taxation of a small number
of duplicates within a family, but, much like other statistical tests in molecular evolution, we
only have the power to detect the repeated occurrence of events.

One of the most extreme examples that we found was in the helicase family, where S.
cerevisiae has 34 members of this family while none of the other species have more than 3. We
were also able to identify a significant expansion of the flocculin gene family in S. cerevisiae,
a change that is unsurprising considering the fact that flocculation has been selected for in
the domestication of this brewer’s yeast (Jin and Speers 1998). Like other genes that have
undergone artificial selection during domestication (e.g. Wang et al. 1999), we detected the
signature of adaptive natural selection on the flocculins. This is the first example to our
knowledge, however, of selection on gene family size being implicated in domestication.

Any inference of natural selection with our method comes with a number of caveats that
must be mentioned. One caveat is that we have implicitly assumed that there is no relationship
between family size and duplication and deletion rates. It may be, for instance, that large
gene families are more likely to undergo non-homologous pairing, unequal crossing over, and
therefore more duplication and eventual taxation due to drift (Li 1997). A homogeneous birth
and death model may also not be absolutely correct for small gene families, as under the
BD model families will always eventually reach the absorbing state of zero genes. Because
many genes appear to be conserved over very long periods of time (e.g. Theissen et al. 2003),
there may be a decreased loss rate in small families in order to prevent extinction of required



10 CHI NGUYEN, NELLO CRISTIANINI

gene functions. The possibility of non-homogeneities in very large or very small gene families
suggests that models incorporating these processes be studied. Karev et al. (2002) found
that a random BD model with added parameters for birth and death rates for the largest and
smallest families fit the distribution of gene families in a single genome slightly better than a
completely homogeneous model. The improved fit to the data, however, was not shown to be
significantly better than models without the two extra parameters. The framework we have
provided here should allow for the testing of models that include heterogeneous gain and loss
rates across gene families. Although large families are expected to show greater change in
number between species simply because there are more chances for gain and loss—and the
opposite is true for small families—we will in the future be able to test whether the observed
changes are more or less than are expected.

The issue of gene families having intrinsically different birth and death rates extends
beyond the consideration of family size. For example, one family of genes that does not
follow this assumption is transposable elements (TEs): they can multiply in number in a non-
mendelian manner, and are often selected against by the organisms they inhabit. Because the
parameters for gain and loss of TEs can be quite difierent than those for other gene families
(see, e.g.Kidwell 2002; Li 1997), the disparity in TE number between genomes can be due to
processes unique to this family. So our finding that TEs are at the top of our list of unusual
gene families is not surprising. Results for transposable element families or other genomic
parasites using the BD model, therefore, should not be parameterized with gain and loss rates
inferred from the majority of protein coding genes.

In addition to the assumptions of equivalent birth and death mechanisms among families,
one other very important aspect of any random point process is the assumption of indepen-
dence among individual genes. The BD model assumes that each gene in a family has an
independent probability of being duplicated or deleted: any large-scale chromosomal duplica-
tion, deletion, or polyploidization may act on multiple members of a family at once. This is
potentially a common violation of the model in light of the frequency of larger scale duplica-
tions and deletions that include gene duplicates (Friedman and Hughes 2001). As a result, we
cannot compare taxa that are separated by a whole genome duplication in the same manner as
has been presented here. This also means that any unusual gene family should be examined in
more detail to determine the nature of the changes in gene family size; obvious duplications of
large regions containing multiple members of a family, for example, may moderate conclusions
about natural selection.

Our hypothesis-testing framework requires an estimate of A, the birth and death parameter
determining the rate of evolution. In the above sections we show how we can estimate the
value of that makes the entire dataset maximally likely (using Expectation Maximization);
reassuringly, the resulting value we obtained (0.002 per million years) is very close to the
previous estimate of A found using data from only S. cerevisiae (0.004 per million years;
Lynch and Conery 2003). In the future we hope to extend the model by making it possible
to allow to vary along branches of a phylogenetic tree or by allowing the birth and death
rates to be unequal on any branch. We can also analyze the data under a range of values for
the branch lengths, ¢, as the analyses presented here assume that the estimates are accurate.
These refinements may then provide a clearer picture of the evolution of gene family size.
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Table 1. The number of gene families that showed an expansion, no change, or a contraction
along the 8 branches, according to the most likely assignments of the gene family sizes of the
ancestors. The first column contains the branch number, along with the length of the branch,
t, in millions of years. The last column shows the average gene family expansion among all
families along each branch, where a contraction is counted as a negative expansion.

Branch # Expansions No change Contractions Average expansion
1 (t=32) 97 3181 239 -0.050
2 (t=27) 383 3032 102 0.095
3 (t =22) 509 2922 86 0.147
4 (t=12) 96 3383 38 0.019
5 (t=12) 44 3426 47 0.021
6 (t=5) 3 3491 23 -0.005
7 (t =10) 10 3313 194 -0.052
8 (t=5) 2 3515 0 0.001

Table 2 shows the gene families identified as unlikely under the BD model. The first
column gives the gene family name; the second column describes the gene family size among
the five Saccharomyces species in Newick notation. The third column gives the branch that is
predicted to be responsible for the overall low p-value of the family; two numbers are provided,
the first one from the branch deletion method (method 1), the second one from the transition
probabilities along each branch (method 2). In most cases both methods give the same answer.
Newick numbers in bold indicate the branch identified by method 1. The fourth column gives
the resulting p-value after deleting the responsible branch as identified by method 1, and the
last column gives the p-value of the least likely branch transition as computed in method 2.
Note that for the first four gene families neither method was able to identify one single branch
that violates the BD model, and only method 2 was able to identify a branch for the fifth and
sixth families listed. The four gene families that were missed by the approximate sampling
method are marked with an asterix in the first column.

Table 2
Family name Family sizes Pred. | Method | Method
in Newick notation | branch 1 2
Transposon (2 (8 (15 (34 83)))) ?/? <0.01
Unknown (7 (16 (7 (20 17)))) ?/7 <0.01
Transposon (17 (14 (15 (1 5)))) ?/? <0.01
Unknown (5 (11 (14 (4 2)))) ?/? <0.01
Stress response (15 (33 (24 (3031)))) | 7/1 <0.01 0.000
Flocculation (10 (6 (8 (11 14)))) 7/2 <0.01 0.002
Amino acid biosynthesis (3(8(6(65)))) 1/1 0.137 0.001
*PGM,/PMM 133 2L) 1/3 | 0.045 | 0.007
*Ribosomal L1 14 (I(11) 2/2 | 0.661 | 0.000
Elongation factor (1(4(2(11)))) 2/2 0.197 0.003
Chaperone 142 @21) 2/2 | 0.112 | 0.003
Phosphatidylinositol 4-kinase (2(9(4(22))) 2/2 0.064 0.000
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Carbamoyl-phosphate synthase (2(6(5(33)))) 2/1 1 0.048 | 0.003
Alpha/beta hydrolase (2(2(6(22))) 3/3 1 0.777 | 0.000
Dihydrouridine synthase (1(1(6(11)))) 3/3 | 0.657 | 0.000
Type I phosphodiesterase (1(1(4(11)))) 3/3 | 0.657 | 0.000
Guanine nucleotide exchange factor (2(2(5(23)))) 3/3 | 0.243 | 0.006
DNA binding domain 226G (E) | 3/3]0.199 ] 0.000
Ankyrin repeat (1(2(7(11)))) 3/3 1 0.195 | 0.000
-Unknown -Unknown (1(2(4(11)))) 3/3 1 0.195 | 0.002
Acetate transporter (2(4(5(22))) 3/3 1 0.118 | 0.006
*TruD 1 (1(3(12)) |3/3]0.115 ] 0.000
*Unknown (1(1(3(21))) 3/3 | 0.115 | 0.000
Flavodoxin 23 (1) | 3/7]0.110 ] 0.000
Swi2/Snf2 ATPase (17 (20 (25 (18 15)))) | 3/3 | 0.061 | 0.000
GTPase-activating protein (2 (4 (6 (32)))) 3/1 1 0.047 | 0.004
Maltose transport (4 (7 (8 (54)))) 3/1 | 0.043 | 0.010
Trichothecene pump (5 (5 (7 (10 6)))) 4/4 1 0.331 | 0.000
RNA polymerase Rpbl (4 (3(5(74)))) 4/4 1 0.252 | 0.000
ATDase 1 (1(2(31) |4/4]0.122]0.000
MAL transcription factor (2 (5 (4 (74)))) 4/4 1 0.086 | 0.000
Hydroxymethylpyrimidine synthesis (3(5(2(74)))) 4/4 1 0.015 | 0.000
Ribosomal protein (603) 2@ (1 (13) |5/5]0.305] 0.000
elF4E-associated protein (1(2(1(13)))) 5/5 | 0.228 | 0.000
Hydrolase ® (L1 (12 (11 7)))) | 5/5 | 0.161 | 0.000
Metal-dependent phosphohydrolases (1(1(2(15)))) 5/5 | 0.122 | 0.000
Sortilin (5(4(7(48) | 5/5]0.045 | 0.000
Helicase (1 (3(3(234)) |5/5]0.03% ] 0.000
NAD kinase (B (1(24)) |5/5]0.038]0.001
Hydroxyisocaproate dehydrogenases (3(1(2(13))) 5/5 | 0.038 | 0.002
ABC transporter (15 (18 (17 (12 8)))) | 5/5 | 0.013 | 0.000
Thiol oxidase 1(1(423)) |6/3]0212]0.002
Leucine rich repeat (4(3(1(21)))) 6/1 | 0.076 | 0.027
HSP70 Chaperone (13 (17 (18 (12 13)))) | 7/7 | 0.141 | 0.006
-Transcription factor -Pollll transcription

factor-Cytoplasmic protein that binds (1(3(3(11)))) 7/3 1 0.124 | 0.007
Tor2p-Ribosomal SSU (40S) -Adenylate

cyclase activity, G-protein signaling -RRM1

Myosin GO0 (G5) | 7/7]0.068 | 0.001
Cation transport enzymes (8 (10 (13 (6 5)))) | 7/7 | 0.048 | 0.000
S-methyltransferase (2(5(5(11)))) 7/7 1 0.037 | 0.000
-PDRE transcription factor-Component

of peripheral vacuolar membrane (1(4(4(11)))) 7/3 1 0.024 | 0.002
protein complex

1,3-beta-D-glucan synthase (3(8(7(33)))) 7/7 1 0.015 | 0.000
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10. CONCLUSION

This paper has attempted to provide the model needed to study gene family evolution

among multiple whole genomes. The methodology can be used for parameter estimation,
inferences on the direction and magnitude of evolutionary change, and hypothesis-testing. As
more genome sequences become available, we hope that this framework makes it possible to
identify the genetic changes that are responsible for the phenotypic diversity found in nature.
Correlated changes between families or with environmental conditions can then tell us about
the mechanisms and modes of natural selection.
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