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Introduction

Variation in GC content

placental mammals. The mean and standard error of the distri-
bution varied substantially among species. The GC3 distribution
in the ancestral placental appeared to be quite similar to that of
humans, and much more heterogeneous than in mice, thus con-
firming previous study findings. Table 1, however, reveals that the
newly sampled placental groups had distinctive patterns. The tenrec
and shrew genomes, for instance, appeared to be substantially more
GC-rich than the ancestral one, and more heterogeneous. The
non-placental platypus (Monotremata) and opossum (Marsupialia)
were the GC-richest (57.89%) and GC-poorest (43.89%) (on aver-
age), respectively, of all the analyzed genomes. The pattern diversity
is illustrated in Figure 2, which displays the observed distribution of
GC3 in three representative species (human, mouse, tenrec) com-
pared to the estimated ancestral distribution.

It is noteworthy that the strength of the isochore structure,
as measured by the standard deviation of GC3 across genes, was
positively correlated with the species average GC3 (Fig. 3; r = 0.42,
P-value < 0.05). With the exception of mouse and rat, which be-
haved very differently from other placentals in this respect, GC-
rich species tended to show high variance in genomic GC3. Con-
sistent with previous findings, in humans and apes there was a
moderate decline in the standard deviation of GC3 across genes
(9.7%), whereas this decline was substantial in mouse (7.8%) and
rat (7.5%) as compared to the estimated ancestral value (10.6).

The various levels of GC3 divergence since the placental an-
cestor are represented in Figure 1. Colors in this figure reflect cur-
rent or estimated average GC3, and branch lengths quantify the
amount of GC3 divergence—the length of the branch connecting
nodes i and j is proportional to Di,j (see Methods, Equation 2).
Figure 1 shows the existence of lineages inwhich the transcriptome-
wide GC3 had evolved slowly (e.g., apes, horse, armadillo) since

the placental ancestor, and of lineages
showing elevated amounts of GC3 di-
vergence. Among the latter, muroid ro-
dents (mouse, rat), as well as kangaroo rat,
guinea pig, and hedgehog, showed a lim-
ited change in average GC3. In these
species, gene-specific GC3 tended to di-
verge quickly, but the average was mod-
erately affected, with the decrease in some
genes somehow compensating for the in-
crease in some others. Several species, fi-
nally, showed both a gene-by-gene (Di,j)
and collective increase in GC3—this pat-
tern has yet to be documented. This was
observed in shrew, microbat, tenrec, and
lagomorphs, i.e., four phylogenetically
distant lineages of placental mammals.
Notably, no marked decrease in average
GC3 was noted among the 31 placental
species examined.

The contrasted dynamics across spe-
cies are represented in Figure 4. In this
figure, genes were divided into five bins
according to their ancestral GC3. For each
placental species i and each category of
genes, the average GC3 was calculated
and plotted againstDi,anc, i.e., the amount
of gene GC3 divergence since the ances-
tor. The average ancestral GC3 of each bin
is represented as a vertical dotted line.
Figure 4 shows that an increase in GC3

was the most common evolutionary trend in placentals. This is
especially true of ancestrally GC3-poorest genes, but also involved
the GC3-medium and, in some species, GC3-rich categories. The
previously documented erosion of GC-rich isochores was only
detected from the 20% GC3-richest genes (rightmost graph), and
this erosive process, which we confirmed in hominid primates

Figure 1. Genomic third-codon position GC-content (GC3) evolution in placental mammals. Colors
reflect current or estimated average GC3 on 1138 orthologous genes (green, low GC; yellow, medium
GC; red, high GC). current or estimated average GC3 on 1138 orthologous genes. Branch lengths
quantify the amount of GC3 divergence: the branch connecting nodes i and j has a length proportional
to Di,j (Equation 2). The estimated ancestral GC content of the placental ancestor is 46.2%.

Figure 2. Gene GC-content distribution in three representative pla-
cental species. (A) Third-codon position GC content (GC3); (B) 59- and
39-flanking GC content. (Curved line) Estimated GC distribution of the
common placental ancestor. (Gray histogram) Observed distributions of
extant species. As compared to the estimated ancestral state, humans
show a conservative pattern, tenrecs (Echinops telfairi) a global enrichment
in GC, and mice (Mus musculus) a decreased variance in GC across genes.

Contrasting GC-content dynamics in 33 mammals

Genome Research 1003
www.genome.org

variation in GC content
Romiguier et al, 2010, Genome Res 20:1001

Nicolas Lartillot (LBBE - Lyon 1) Rates, dates, and traits June 19, 2014 3 / 54



Introduction

rRNA and proteome composition vs. temperature

sets (3), suggesting that relevant information
about former base compositions can be extract-
ed from real data.

We estimated the G!C content in SSU and
LSU rRNA of the MRCA by comparing se-
quences from 40 eukaryotic, bacterial, and ar-
chaebacterial species. For both molecules, a
phylogenetic tree was reconstructed according
to the distance-based neighbor-joining method
(9) and rooted on the bacterial branch, as sug-
gested by analyses of paralogous genes (10).
The resulting tree topology was used to esti-
mate the parameters of the above-described
substitution model, including the ancestral
G!C content. The estimated G!C content of
the MRCA was 54.0% [95% confidence inter-
val (c.i.) " (51.4, 56.5)] for LSU sequences and
56.1% [95% c.i. " (50.5, 60.4)] for SSU se-
quences. Confidence intervals were computed
by parametric bootstrapping (11). These values
are moderate: GC content varied from 47.2% to
65.4% (LSU) and from 43.7% to 70.4% (SSU)
in the analyzed portion of compared sequences.

Additional analyses were performed on
LSU data to assess the reliability of these esti-
mates. First, sensitivity to the assumed topology
was checked by reconducting the estimation
procedure after modifying the model tree (Fig.
1). The ancestral LSU G!C content estimated
from modified trees varied from 53.5% to
54.3%. Second, the ancestral LSU G!C con-
tent estimate was found to be robust to species
sampling; it varied from 51.9% to 54.3%, de-
pending on the set of species used (12). Third,

a moderate (52.0%) ancestral LSU G!C con-
tent was still obtained after moving the root
from the bacterial to the eukaryotic branch.

The rRNA ancestral G!C contents as es-
timated above are close to the average G!C
contents in the compared sequences (LSU,
53.2%; SSU, 55.3%). We conducted an ad-
ditional analysis by restricting the sampling
to G!C-rich rRNA sequences. The G!C-
richest two sequences of four domains
(namely Eucarya, Bacteria, Crenarchaea, and
Euryarchaea) were picked up, averaging to
60.2% G!C (LSU) and 66.1% (SSU). The
ancestral G!C contents estimated from these
extreme data sets were 55.5% [LSU, 95% c.i.
" (53.4, 58.3)] and 57.3% [SSU, 95% c.i. "
(51.9, 62.6)]—that is, less than the lowest
G!C content in the compared eight sequenc-
es (57.4% and 62.4%, respectively). These
striking results could hardly occur by chance.
They strongly support the notion that the
moderate ancestral G!C contents estimated
from large data sets are not artifacts, but
reflect actual information extracted from the
data by the maximum likelihood method.

Prokaryotic rRNAs, together with tRNAs,
are unique among nucleic acid sequences in
that their G!C content is correlated with opti-
mal growth temperature (Topt): G-C pairs are
more stable than A-U pairs at high temperatures
because of an additional hydrogen bond (13). In
contrast, the genomic G!C content of pro-
karyotes is not correlated to Topt: The closed,
double-stranded bacterial genome is not sensi-
tive to high temperature. The correlation be-
tween rRNA G!C content and Topt was re-
examined by restricting the sequences to those
sites used in the present analysis. The rRNA
G!C content is significantly higher in hyper-
thermophilic prokaryotic species (Topt # 70)
than in mesophilic species (Fig. 2). The esti-
mates of ancestral G!C contents (vertical
lines) appear incompatible with a thermophilic
life-style of the MRCA.

Thermophily is a widespread character
found in many bacterial and archaeal phyla.
Furthermore, the most deeply branching pro-
karyotes are thermophilic, and the branches
leading to extant thermophilic species are
generally short (Fig. 1). Woese (1) concluded
from these observations that life had probably
originated in a warm environment, consistent
with what was commonly conjectured about
the former temperature on Earth. This scenar-
io was later endorsed by numerous authors
(14) and reached the status of a working
hypothesis for the early evolution of life.
Forterre, however, has repeatedly criticized
this view (15), arguing that present-day hy-
perthermophily may be a derived state.

Our maximum likelihood method yielded
moderate estimates of the ancestral rRNA
G!C contents, even from G!C-rich present-
day sequences, although high G!C content in
RNA is a necessary condition for survival in hot

conditions. Following Forterre, we favor the
notion that extant hyperthermophilic species
evolved from mesophilic organisms via adap-
tation to high temperature. We argue that the
short branches leading to thermophilic lin-
eages do not reflect any affinity with the
ancestor, but are the consequence of increased
selective pressure acting on rRNA molecules of
thermophilic species. The hypothesis of a hot
origin of life cannot be ruled out (it may have
preceded the MRCA), but no support from
rRNA sequences can be claimed for it. Our
results may be useful for dating the divergence
between extant life forms if reliable knowledge
about former temperatures on Earth becomes
available.

References and Notes
1. C. R. Woese, Microbiol. Rev. 51, 221 (1987).
2. In recent investigations of the age of the MRCA from
protein data sets, estimates varied from 2000 to 6000
million years, exclusively depending on the assumed
amino acid substitution model [R. F. Doolittle, D. F.
Feng, S. Tsang, G. Cho, E. Little, Science 271, 470 (1996);
M. Hasegawa and W. M. Fitch, ibid. 274, 1750 (1996);
J. P. Gogarten, L. Olendzenski, E. Hilario, C. Simon, K. E.
Holzinger, ibid., p. 1750; X. Gu, Mol. Biol. Evol. 14, 861
(1997)].

3. N. Galtier and M. Gouy, Mol. Biol. Evol. 15, 871
(1998).

4. K. Tamura, ibid. 9, 678 (1992).
5. Z. Yang and D. Roberts, ibid. 12, 451 (1995).
6. A. Rzhetsky, Genetics 141, 771 (1996).
7. N. Tourasse and M. Gouy, Mol. Biol. Evol. 14, 287
(1997).

8. Z. Yang, J. Mol. Evol. 39, 306 (1994). Eight equally
probable classes of rates were used to approach the
gamma distribution. All parameters were numerically
estimated using the Newton-Raphson method. First
and second derivatives of the likelihood function with
respect to each parameter were analytically derived,
excepting the shape parameter of the gamma distribu-
tion, whose derivatives were computed numerically.

9. N. Saitou and M. Nei, Mol. Biol. Evol. 4, 406 (1987);
N. Galtier and M. Gouy, Proc. Natl. Acad. Sci. U.S.A.
92, 11317 (1995). The evolutionary distance used
was a modified version of Galtier and Gouy’s (1995)
distance where among-site rate variation was taken
into account assuming a truncated negative binomial
distribution (7).

10. J. R. Brown and W. F. Doolittle, Microbiol. Mol. Biol.
Rev. 61, 456 (1997); S. L. Baldauf, J. D. Palmer, W. F.
Doolittle, Proc. Natl. Acad. Sci. U.S.A. 93, 7749
(1996).

11. Eighty data sets were generated by simulating the
evolution of a randomly drawn DNA sequence along
the tree of Fig. 1 using the maximally likely values of
the parameters of the model. Ancestral G!C content
was estimated for each data set. The highest two and
lowest two values were removed. The remaining 76
ancestral G!C content values define a 95% confi-
dence interval.

12. Two hundred data sets, each with 36 species, were
built by randomly drawing representatives of the
main eukaryotic, bacterial, and archaeal phyla among
167 available LSU rRNA sequences (16). For each
data set, a neighbor-joining tree was reconstructed
and ancestral G!C content estimated.

13. N. Galtier and J. R. Lobry, J. Mol. Evol. 44, 632 (1997).
14. N. R. Pace, Cell 65, 531 (1991); S. M. Barns, C. F.
Delwiche, J. D. Palmer, N. R. Pace, Proc. Natl. Acad.
Sci. U.S.A. 93, 9188 (1996).

15. P. Forterre, Cell 85, 789 (1996); Curr. Opin. Genet.
Dev. 7, 764 (1997).

16. P. De Rijk, Y. Van de Peer, R. De Wachter, Nucleic
Acids Res. 24, 92 (1996).

17. Data sets are available at http://pbil.univ-lyon1.fr/
datasets/gcanc/.

23 July 1998; accepted 13 November 1998

Fig. 2. Correlation between optimal growth tem-
perature and rRNA G!C content in prokaryotes.
Optimal growth temperatures (Topt) were collect-
ed by Galtier and Lobry (13). G!C content was
computed from those sites used in the present
analysis. Top, LSU rRNA (41 species); bottom, SSU
rRNA (177 species). Solid line, ancestral G!C
content estimated from 40 sequences; dashed
line, ancestral G!C content estimated from eight
G!C-rich species. The shape parameter of the
assumed gamma distribution (SSU, 0.60; LSU,
0.66) and the transition/transversion ratio (SSU,
3.25; LSU, 2.83) were estimated from the 40-
species data sets and kept for the analysis of the
eight-species subsets.
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Introduction

Ancestral growth temperatures inferred using rRNA

sequences were then computed. For each ancestral node,
the mean of the distribution of G!C content values was
determined and projected in the previously established
correlation. Concerning proteins, the amino acid composi-
tion of each ancestral sequence was added to the corre-
spondence analysis to get its projection on the second
factor. Finally, the mean of the distribution of second factor
values was used to infer OGT.

Figures 2 and 3 show that there is a parallel adaptation
to high temperatures from a common ancestor of Archaea
and Bacteria to a common ancestor of each domain. The
last archaeal common ancestor is predicted to be hyper-
thermophilic and will be named below the HACA (Hot Ar-
chaeal Common Ancestor). From the HACA, whose OGT is
estimated around 82 !C by proteins (90 !C by rRNAs), there
is a slight increase of OGT until ancestors of Euryarchaea on
one side (83 !C) and of Crenarchaea, Thaumarchaea, and
Korarchaea on the other side (85 !C), but this increase is
not statistically significant if confidence intervals are taken
into account. Among Crenarchaea, OGT seems to increase

along the tree until extant species such as Aeropyrum
pernix (95 !C).

A progressive adaptation to lower temperatures is
observed along the Euryarchaeal clade, similarly to what
Boussau et al. (2008) observed within the bacterial domain.
The euryarchaeal ancestor is predicted to be hyperthermo-
philic (83 !C and 92 !C for proteins and rRNAs, respec-
tively) and deep-branching species are also adapted to
these high temperatures. An adaptation of Euryarchaea
to lower temperatures can then be observed with the ex-
ception of Archaeoglobus fulgidus andMethanocaldococcus
jannaschii which may have readaptated to higher temper-
atures. The OGTs inferred for HACA are markedly higher in
the present study (74–89 !C) than in the Boussau et al.
(2008) study (59–73 !C). We investigated the reason(s)
why the credibility intervals were not overlapping between
the two studies. Three hypotheses were tested: the influ-
ence of the taxon sampling, the model of sequence evolu-
tion, and the gene sampling. We ruled out the taxon
sampling and the model of sequence evolution hypotheses.

FIG. 2. Evolution of OGT from a hyperthermophilic ancestral state over the rRNA archaeal tree. Branch lengths have been colored
according to temperature estimates at nodes. A linear gradient of color has been drawn between nodes. No evolution of OGT is
represented in the vertical tree lines. As OGTs for uncultured Thaumarchaea are not available, their branches are black colored.
The branch length scale is in substitution per site. The color scale is in degree Celsius. Mean estimates of temperature at key nodes
are given between square brackets. Confidence intervals (95%) for estimates of ancestral OGTs are given between round brackets.
Bootstrap values higher than 85% are represented. The concatenation of small and large rRNA subunits provided an alignment of 3,719
positions.

Determination of Archaeal Evolutionary Rates · doi:10.1093/molbev/msr098 MBE
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HKY85 homogeneous model does not fit the data because
the simulated distribution significantly underestimates the
heterogeneity of sequences (supplementary fig. 2, Supple-
mentary Material online). However, the HKY85hpb model
produced simulated sequences with heterogeneity values
that are representative of the intrinsic heterogeneity of
the original rRNA data set (P value 5 0.188)
(supplementary fig. 2, Supplementary Material online).

Inference of Ancestral OGTs
Previous studies proved that rRNA G!C content and OGT
were strongly correlated in Bacteria and Archaea (Galtier
and Lobry 1997) and used this correlation as a molecular
thermometer to infer ancestral OGTs. To establish this
relationship with our rRNA data set, we retained only
double-stranded regions because it has been shown that
equilibrium frequency estimations were biased toward
frequencies at slowly evolving sites (single-stranded regions
in rRNAs) when heterogeneous models of evolution are
used (Gowri-Shankar and Rattray 2006). We obtained
a double-stranded regions data set of 1,801 sites. The
G!C content of these regions is highly correlated to
OGT (fig. 1A, r 5 0.95, P value , 0.001). Concerning
our protein data set, a correspondence analysis has been
performed on the amino acid compositions of our align-
ment. This procedure, introduced by Boussau et al.
(2008), produced another molecular thermometer. The
results (fig. 1B) show that OGT and amino acid composi-
tions are strongly linked together. Two major independent
factors explain most of the variance in amino acid compo-
sitions in archaeal proteins. The first factor (41.5% of the
total variance) highly correlates with genomic G!C con-
tent (r 5 0.81, P value , 0.001) and the second factor
(26.7% of the total variance) with OGT (r 5 0.84, P value
, 0.001).

However, the regressions of figure 1A and B are made
with data points that are not statistically independent.
Indeed, each data point being one species, the nonindepen-
dence arises from the fact that all species share a common
ancestry and are not independently drawn from the same
distribution. Thus, if a strong phylogenetic inertia exists in
the traits under study, closely related species will tend to
have similar values for the two traits and, consequently, will
tend to cluster together in a regression diagram, increasing
the correlation coefficient (Felsenstein 1985; Harvey and
Pagel 1991). This problem has been noticed before, and
several methods have been proposed to take the noninde-
pendence of taxa into account (Lanfear et al. 2010). One of
these methods, the PICs, proposed early on by Felsenstein
(1985), has been employed here. The PIC approach uses the
original values of each trait for all species and transforms
them to produce new values, called contrasts, that are sta-
tistically independent and identically distributed and that
can be compared by a correlation test. New correlation co-
efficients were calculated from the contrasts in OGT and in
G!C content on one side (r5 0.85, P value, 0.001) and in
second factor values (r5 0.7, P value, 0.001) on the other,

confirming that the strong relationship between OGT and
molecular compositions in rRNAs and proteins initially
observed was not solely due to the nonindependence of
data points.

Evolutionary model parameters initially estimated by
BppML (e.g., branch lengths, substitution model parame-
ters, gamma law parameter) were used by BppAncestor
(Dutheil and Boussau 2008) to reconstruct rRNA and pro-
tein ancestral sequences, using the same topology. One
hundred putative ancestral sequences were estimated
for both data sets at each node of the tree. The G!C
contents and amino acid compositions of these ancestral

FIG. 1. Correlations between nucleotide or amino acid compo-
sitions and OGT. (A) rRNA thermometer. (B) Protein thermom-
eter. In each plot, black dots indicate the positions of extant
archaea and bacteria. For rRNAs, the linear correlation co-
efficient between OGT and rRNA stem G!C content is 0.95 (P
value , 0.001). For proteins, the second factor values of the
correspondence analysis are strongly correlated with OGT (r 5
0.84, P value , 0.001). Vertical lines represent the inferred
compositions for the ancestor of Thaumarchaea (blue) and for
the HACA (red) with their 95% confidence interval. Dashed lines
represent the projection of ancestral compositions on the OGT
axis. The HACA is predicted to be hyperthermophile, by both
rRNAs and proteins.
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Introduction

The problem of phylogenetic inertia

A univariate Brownian process is a continuous time random walk (a 
Markov process). Infi nitesimal steps are i.i.d. normally distributed, of 
mean 0 and variance s. Thus, the process has only one parameter s.

In a bivariate Brownian process, the steps are i.i.d. from a bivariate 
normal distribution of mean 0 and covariance matrix S. The process has 
3 parameters: the two variances, and the covariance between them.

s 

L(t) : longevity

w(t) : purifying selection

covariance
matrix
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Short summary of the results

Discussion

  The set of genes that we chose [5] are involved in aging. Among the 5 proteins with 
the best posterior probability of a negative covariance, 3 are involved in fatty acid 
biosynthesis (FAS). Fatty acid saturation equilibrium of the membrane is away of prevent 
oxydative damage. The 2 others are subunits of polymerase gamma, a replication and 
reparation complex for mitochondrial DNA. Somatic mutations in mitochondrial DNA 
are known to provoque ageing [2].
  Perspectives are to build a hierarchical model with a larger set of genes, in order to 
have a better precision on divergence times and to compute the covariance average 
wich is positive because of population size in mammals.

Estimating Phylogenetic Correlation Between Molecular Data And Longevity
Centre Robert-Cedergren, Département de biochimie, Université de Montréal

Raphaël Poujol and Nicolas Lartillot

Abstract

      Studies on aging suggest that it is due to the accumulation of biochemical damage in DNA, proteins 
and lipids. Many genes have been proposed to play a role in prevention of cell degeneration, oxidative 
stress and premature aging. Assuming that these genes are subject to stronger selective presure in 
long-lived species, our laboratory use Bayesian modeling to reconstruct the history of longevity and the 
selective pressure throughout the lineages.
      The main idea of this study is to reconstruct the correlated history of longevity and selective pressure 
along the lineages of a phylogenetic tree, using a bivariate Brownian process along the phylogeny. The 
covariance and all the parameters of the model are estimated in a Bayesian MCMC (Markov Chain Monte 
Carlo) framework using comparative data.
  The model is applied to multiple alignments of candidate genes over 25 mammalians species, alowing 
the estimation of the posterior probability of a negative correlation between longevity and history of 
selective pressure. It can be extended to more than two characters so as to address further questions about 
the interdependence between molecular evolution and life traits (mass, metabolism) or environmental 
factors (temperature, oxygen).

Mitochondrial DNA polymerase catalytic subunit (POLG)

Model Overview 

Bayes Theorem

Bayes theorem (1764) give the posterior probability 
of the model parameters (i.e. given the data):

The ratio w of non-synonymous (dN) to synonymous 
(dS) substitution rates over time is a good estimation 
of the selective pressure[4]. e.g. Selection is neutral 
when w 1 and purifying < 1.

In order to compute the the substitution rate between 
each pair of codons in R a 61 by 61 matrix, we use 
the nucleotidic mutation rates specifi ed by Q, a 4 by 4 
matrixs weighted byw in the case of non synonymous 
change (amino acid replacement).

CGC  ( Arg )

CCG  ( Pro )

CCC  ( Pro )

Why Using Phylogeny ?

The example above shows a particular case where 
two independent characters continuously evolving 
along a phylogeny can display apparent correlations, 
which are only due to the phylogenetic inertia (freely 
adapted from Felsenstein...[1])

ch
a
ra

ct
e
r 

2

character 1

Markov Chain Monte Carlo 
Method

The MCMC method allows one to construct a Markov 
chain in parameter space (i.e    for n>0 ) whose 
stationary distribution is the posterior probability. 
Here we use the Metropolis-Hastingss algorithm:

The covariance parameter values sampled during the 
MCMC converge to the posterior distribution after 
a suffi cient number of steps (a). The histogram of 
the values sampled after convergence (b), mean, 
posterior probability, and confi dence interval can be 
computed.

Histogram of w[20000:25000, 1]
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Brownian process

xt ∼ Normal(x0, σ
2t)

or, for a bivariate or multivariate process:
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The comparative method

& Conery dataset with a phylogenetic perspective, taking
advantage of new phylogenetic data and analysis tools.

Results

Model fitting
A phylogenetic topology and reconstruction of genome sizes is

presented in Figure 2, illustrating that close relatives have similar
genome sizes. Initial simple linear regressions of genome size on
Neu explored four branch length models and found that the
phylogenetic generalized least squares (PGLS) model with all
branches = 1.0 provided a better fit than the nonphylogenetic
ordinary least squares (OLS) model (Table 1). Subsequent analyses
therefore used branch lengths of 1.0. For all variables except
intron number, phylogenetic models (PGLS) exhibited better fit
than nonphylogenetic (OLS) models (Table 1). For genome size
and gene number, estimation of the Ornstein-Uhlenbeck trans-
formation parameter d indicated substantial phylogenetic signal
(d = 1.31 and 1.16, respectively), and the resulting RegOU models
fit significantly better than the OLS models (ln likelihood ratio tests
(LRTs), x2 = 5.88, P = 0.015 and x2 = 7.90, P = 0.005, respective-
ly). In comparing the two phylogenetic models, the RegOU model
did not produce significantly better fit vs. PGLS (LRTs, x2 = 1.84,
P = 0.175 and x2 = 0.46, P = 0.498 for genome size and gene
number, respectively).

Phylogenetic regressions do not detect relationships
between Neu and genomic attributes

Although there were strong negative relationships between Neu
and six of the seven genomic attributes in nonphylogenetic
regressions, the patterns disappeared when phylogenetic models
were applied (Table 1). For example, the strong negative
relationship between Neu and genome size (OLS, P,0.001,
Figure 3A) was replaced with a nonsignificant relationship under
better-fitting phylogenetic models (PGLS, P = 0.137, Figure 3B;
RegOU, P = 0.328). Similar patterns were evident for gene
number, the half-life of gene duplicates, intron size, intron
number, transposon number, and transposon fraction (Table 1).

Author Summary

Genome size (the amount of nuclear DNA) varies
tremendously across organisms but is not necessarily
correlated with organismal complexity. For example,
genome sizes just within the grasses vary nearly 20-fold,
but large-genomed grass species are not obviously more
complex in terms of morphology or physiology than are
the small-genomed species. Recent explanations for
genome size variation have instead been dominated by
the idea that population size determines genome size:
mutations that increase genome size are expected to drift
to fixation in species with small populations, but such
mutations would be eliminated in species with large
populations where natural selection operates at higher
efficiency. However, inferences from previous analyses are
limited because they fail to recognize that species share
evolutionary histories and thus are not necessarily
statistically independent. Our analysis takes a phylogenetic
perspective and, contrary to previous studies, finds no
evidence that genome size or any of its components (e.g.,
transposon number, intron number) are related to
population size. We suggest that genome size evolution
is unlikely to be neatly explained by a single factor such as
population size.

Figure 1. Ignoring phylogenetic history can lead to incorrect
conclusions about the nature of evolutionary associations
between traits. In this hypothetical example, eight species have been
measured for two traits, x and y, as indicated by pairs of values at the
tips of the phylogenetic tree (A). Ordinary least-squares linear regression
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Algorithm

take two sister species i and j , with traits Xi and Xj

T : time since their last common ancestor

∆X = Xj − Xi ∼ Normal(0,2T Σ).

define normalized contrast ∆Y = ∆X/
√

2T : ∆Y ∼ Normal(0,Σ).

do it for all tips and then recursively up to the root
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& Conery dataset with a phylogenetic perspective, taking
advantage of new phylogenetic data and analysis tools.

Results

Model fitting
A phylogenetic topology and reconstruction of genome sizes is

presented in Figure 2, illustrating that close relatives have similar
genome sizes. Initial simple linear regressions of genome size on
Neu explored four branch length models and found that the
phylogenetic generalized least squares (PGLS) model with all
branches = 1.0 provided a better fit than the nonphylogenetic
ordinary least squares (OLS) model (Table 1). Subsequent analyses
therefore used branch lengths of 1.0. For all variables except
intron number, phylogenetic models (PGLS) exhibited better fit
than nonphylogenetic (OLS) models (Table 1). For genome size
and gene number, estimation of the Ornstein-Uhlenbeck trans-
formation parameter d indicated substantial phylogenetic signal
(d = 1.31 and 1.16, respectively), and the resulting RegOU models
fit significantly better than the OLS models (ln likelihood ratio tests
(LRTs), x2 = 5.88, P = 0.015 and x2 = 7.90, P = 0.005, respective-
ly). In comparing the two phylogenetic models, the RegOU model
did not produce significantly better fit vs. PGLS (LRTs, x2 = 1.84,
P = 0.175 and x2 = 0.46, P = 0.498 for genome size and gene
number, respectively).

Phylogenetic regressions do not detect relationships
between Neu and genomic attributes

Although there were strong negative relationships between Neu
and six of the seven genomic attributes in nonphylogenetic
regressions, the patterns disappeared when phylogenetic models
were applied (Table 1). For example, the strong negative
relationship between Neu and genome size (OLS, P,0.001,
Figure 3A) was replaced with a nonsignificant relationship under
better-fitting phylogenetic models (PGLS, P = 0.137, Figure 3B;
RegOU, P = 0.328). Similar patterns were evident for gene
number, the half-life of gene duplicates, intron size, intron
number, transposon number, and transposon fraction (Table 1).

Author Summary

Genome size (the amount of nuclear DNA) varies
tremendously across organisms but is not necessarily
correlated with organismal complexity. For example,
genome sizes just within the grasses vary nearly 20-fold,
but large-genomed grass species are not obviously more
complex in terms of morphology or physiology than are
the small-genomed species. Recent explanations for
genome size variation have instead been dominated by
the idea that population size determines genome size:
mutations that increase genome size are expected to drift
to fixation in species with small populations, but such
mutations would be eliminated in species with large
populations where natural selection operates at higher
efficiency. However, inferences from previous analyses are
limited because they fail to recognize that species share
evolutionary histories and thus are not necessarily
statistically independent. Our analysis takes a phylogenetic
perspective and, contrary to previous studies, finds no
evidence that genome size or any of its components (e.g.,
transposon number, intron number) are related to
population size. We suggest that genome size evolution
is unlikely to be neatly explained by a single factor such as
population size.

Figure 1. Ignoring phylogenetic history can lead to incorrect
conclusions about the nature of evolutionary associations
between traits. In this hypothetical example, eight species have been
measured for two traits, x and y, as indicated by pairs of values at the
tips of the phylogenetic tree (A). Ordinary least-squares linear regression
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P taxa→ P − 1 normalized contrasts ∆Yj , for j = 1..P − 1

normalized contrasts are iid: ∆Yj ∼ Normal(0,Σ)

or equivalently, likelihood reduces to

p(X | Σ) ∝
P−1∏
j=1

Normal(∆Yj ; 0,Σ)
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Independent Contrasts

& Conery dataset with a phylogenetic perspective, taking
advantage of new phylogenetic data and analysis tools.

Results

Model fitting
A phylogenetic topology and reconstruction of genome sizes is

presented in Figure 2, illustrating that close relatives have similar
genome sizes. Initial simple linear regressions of genome size on
Neu explored four branch length models and found that the
phylogenetic generalized least squares (PGLS) model with all
branches = 1.0 provided a better fit than the nonphylogenetic
ordinary least squares (OLS) model (Table 1). Subsequent analyses
therefore used branch lengths of 1.0. For all variables except
intron number, phylogenetic models (PGLS) exhibited better fit
than nonphylogenetic (OLS) models (Table 1). For genome size
and gene number, estimation of the Ornstein-Uhlenbeck trans-
formation parameter d indicated substantial phylogenetic signal
(d = 1.31 and 1.16, respectively), and the resulting RegOU models
fit significantly better than the OLS models (ln likelihood ratio tests
(LRTs), x2 = 5.88, P = 0.015 and x2 = 7.90, P = 0.005, respective-
ly). In comparing the two phylogenetic models, the RegOU model
did not produce significantly better fit vs. PGLS (LRTs, x2 = 1.84,
P = 0.175 and x2 = 0.46, P = 0.498 for genome size and gene
number, respectively).

Phylogenetic regressions do not detect relationships
between Neu and genomic attributes

Although there were strong negative relationships between Neu
and six of the seven genomic attributes in nonphylogenetic
regressions, the patterns disappeared when phylogenetic models
were applied (Table 1). For example, the strong negative
relationship between Neu and genome size (OLS, P,0.001,
Figure 3A) was replaced with a nonsignificant relationship under
better-fitting phylogenetic models (PGLS, P = 0.137, Figure 3B;
RegOU, P = 0.328). Similar patterns were evident for gene
number, the half-life of gene duplicates, intron size, intron
number, transposon number, and transposon fraction (Table 1).

Author Summary

Genome size (the amount of nuclear DNA) varies
tremendously across organisms but is not necessarily
correlated with organismal complexity. For example,
genome sizes just within the grasses vary nearly 20-fold,
but large-genomed grass species are not obviously more
complex in terms of morphology or physiology than are
the small-genomed species. Recent explanations for
genome size variation have instead been dominated by
the idea that population size determines genome size:
mutations that increase genome size are expected to drift
to fixation in species with small populations, but such
mutations would be eliminated in species with large
populations where natural selection operates at higher
efficiency. However, inferences from previous analyses are
limited because they fail to recognize that species share
evolutionary histories and thus are not necessarily
statistically independent. Our analysis takes a phylogenetic
perspective and, contrary to previous studies, finds no
evidence that genome size or any of its components (e.g.,
transposon number, intron number) are related to
population size. We suggest that genome size evolution
is unlikely to be neatly explained by a single factor such as
population size.

Figure 1. Ignoring phylogenetic history can lead to incorrect
conclusions about the nature of evolutionary associations
between traits. In this hypothetical example, eight species have been
measured for two traits, x and y, as indicated by pairs of values at the
tips of the phylogenetic tree (A). Ordinary least-squares linear regression
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& Conery dataset with a phylogenetic perspective, taking
advantage of new phylogenetic data and analysis tools.

Results

Model fitting
A phylogenetic topology and reconstruction of genome sizes is

presented in Figure 2, illustrating that close relatives have similar
genome sizes. Initial simple linear regressions of genome size on
Neu explored four branch length models and found that the
phylogenetic generalized least squares (PGLS) model with all
branches = 1.0 provided a better fit than the nonphylogenetic
ordinary least squares (OLS) model (Table 1). Subsequent analyses
therefore used branch lengths of 1.0. For all variables except
intron number, phylogenetic models (PGLS) exhibited better fit
than nonphylogenetic (OLS) models (Table 1). For genome size
and gene number, estimation of the Ornstein-Uhlenbeck trans-
formation parameter d indicated substantial phylogenetic signal
(d = 1.31 and 1.16, respectively), and the resulting RegOU models
fit significantly better than the OLS models (ln likelihood ratio tests
(LRTs), x2 = 5.88, P = 0.015 and x2 = 7.90, P = 0.005, respective-
ly). In comparing the two phylogenetic models, the RegOU model
did not produce significantly better fit vs. PGLS (LRTs, x2 = 1.84,
P = 0.175 and x2 = 0.46, P = 0.498 for genome size and gene
number, respectively).

Phylogenetic regressions do not detect relationships
between Neu and genomic attributes

Although there were strong negative relationships between Neu
and six of the seven genomic attributes in nonphylogenetic
regressions, the patterns disappeared when phylogenetic models
were applied (Table 1). For example, the strong negative
relationship between Neu and genome size (OLS, P,0.001,
Figure 3A) was replaced with a nonsignificant relationship under
better-fitting phylogenetic models (PGLS, P = 0.137, Figure 3B;
RegOU, P = 0.328). Similar patterns were evident for gene
number, the half-life of gene duplicates, intron size, intron
number, transposon number, and transposon fraction (Table 1).

Author Summary

Genome size (the amount of nuclear DNA) varies
tremendously across organisms but is not necessarily
correlated with organismal complexity. For example,
genome sizes just within the grasses vary nearly 20-fold,
but large-genomed grass species are not obviously more
complex in terms of morphology or physiology than are
the small-genomed species. Recent explanations for
genome size variation have instead been dominated by
the idea that population size determines genome size:
mutations that increase genome size are expected to drift
to fixation in species with small populations, but such
mutations would be eliminated in species with large
populations where natural selection operates at higher
efficiency. However, inferences from previous analyses are
limited because they fail to recognize that species share
evolutionary histories and thus are not necessarily
statistically independent. Our analysis takes a phylogenetic
perspective and, contrary to previous studies, finds no
evidence that genome size or any of its components (e.g.,
transposon number, intron number) are related to
population size. We suggest that genome size evolution
is unlikely to be neatly explained by a single factor such as
population size.

Figure 1. Ignoring phylogenetic history can lead to incorrect
conclusions about the nature of evolutionary associations
between traits. In this hypothetical example, eight species have been
measured for two traits, x and y, as indicated by pairs of values at the
tips of the phylogenetic tree (A). Ordinary least-squares linear regression
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& Conery dataset with a phylogenetic perspective, taking
advantage of new phylogenetic data and analysis tools.

Results

Model fitting
A phylogenetic topology and reconstruction of genome sizes is

presented in Figure 2, illustrating that close relatives have similar
genome sizes. Initial simple linear regressions of genome size on
Neu explored four branch length models and found that the
phylogenetic generalized least squares (PGLS) model with all
branches = 1.0 provided a better fit than the nonphylogenetic
ordinary least squares (OLS) model (Table 1). Subsequent analyses
therefore used branch lengths of 1.0. For all variables except
intron number, phylogenetic models (PGLS) exhibited better fit
than nonphylogenetic (OLS) models (Table 1). For genome size
and gene number, estimation of the Ornstein-Uhlenbeck trans-
formation parameter d indicated substantial phylogenetic signal
(d = 1.31 and 1.16, respectively), and the resulting RegOU models
fit significantly better than the OLS models (ln likelihood ratio tests
(LRTs), x2 = 5.88, P = 0.015 and x2 = 7.90, P = 0.005, respective-
ly). In comparing the two phylogenetic models, the RegOU model
did not produce significantly better fit vs. PGLS (LRTs, x2 = 1.84,
P = 0.175 and x2 = 0.46, P = 0.498 for genome size and gene
number, respectively).

Phylogenetic regressions do not detect relationships
between Neu and genomic attributes

Although there were strong negative relationships between Neu
and six of the seven genomic attributes in nonphylogenetic
regressions, the patterns disappeared when phylogenetic models
were applied (Table 1). For example, the strong negative
relationship between Neu and genome size (OLS, P,0.001,
Figure 3A) was replaced with a nonsignificant relationship under
better-fitting phylogenetic models (PGLS, P = 0.137, Figure 3B;
RegOU, P = 0.328). Similar patterns were evident for gene
number, the half-life of gene duplicates, intron size, intron
number, transposon number, and transposon fraction (Table 1).

Author Summary

Genome size (the amount of nuclear DNA) varies
tremendously across organisms but is not necessarily
correlated with organismal complexity. For example,
genome sizes just within the grasses vary nearly 20-fold,
but large-genomed grass species are not obviously more
complex in terms of morphology or physiology than are
the small-genomed species. Recent explanations for
genome size variation have instead been dominated by
the idea that population size determines genome size:
mutations that increase genome size are expected to drift
to fixation in species with small populations, but such
mutations would be eliminated in species with large
populations where natural selection operates at higher
efficiency. However, inferences from previous analyses are
limited because they fail to recognize that species share
evolutionary histories and thus are not necessarily
statistically independent. Our analysis takes a phylogenetic
perspective and, contrary to previous studies, finds no
evidence that genome size or any of its components (e.g.,
transposon number, intron number) are related to
population size. We suggest that genome size evolution
is unlikely to be neatly explained by a single factor such as
population size.

Figure 1. Ignoring phylogenetic history can lead to incorrect
conclusions about the nature of evolutionary associations
between traits. In this hypothetical example, eight species have been
measured for two traits, x and y, as indicated by pairs of values at the
tips of the phylogenetic tree (A). Ordinary least-squares linear regression
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contrasts are statistically independent
equivalent to asking whether traits show correlated variations
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Genome size and effective population size revisited

Discussion

Accounting for phylogenetic history substantially altered the
perceived strength of the relationship between Neu and genomic
attributes. In phylogenetic analyses, there were no consistent

evolutionary associations between Neu and gene number, intron
size, intron number, the half-life of gene duplicates, transposon
number, transposons as a fraction of the genome, or overall
genome size. Thus, a phylogenetically controlled reanalysis of the
Lynch & Conery dataset [7] does not support the conclusion that
Ne drives genome size patterns across the tree of life.

The few existing comparative analyses of more phylogenet-
ically restricted datasets either do not support or provide only
equivocal support for the Lynch & Conery model. Whitney et al.
[19] conducted a phylogenetically controlled analysis of 205
species of seed plants and found no association between Ne and
genome size. Kuo et al. [20] analyzed 42 paired bacterial
genomes, using the efficacy of purifying selection in coding
regions to quantify genetic drift. Bacterial taxa experiencing
greater levels of genetic drift – implying a smaller evolutionary
Ne – had smaller genomes, a pattern opposite that predicted by
the Lynch & Conery model as articulated in [7]. Finally, in
putative support of the model, Yi & Streelman [21] reported a
significant negative relationship between Ne and genome size in
a phylogenetically corrected analysis of 33 species of ray-finned
fish. However, this analysis has been challenged as artifactual.
Gregory & Witt [22] argue that Pleistocene population
bottlenecks and polyploidy shaped both Ne and genome size of
fishes in such a way as to generate a non-causal correlation
between Ne and genome size in this particular dataset.

(OLS) indicates a statistically significant positive relationship (B; r2 = 0.62,
P = 0.02), potentially leading to an inference of a positive evolutionary
association between x and y. However, inspection of the scatterplot (B) in
relation to the phylogenetic relationships of the species (A) indicates that
the association between x and y is negative for the four species within
each of the two major lineages. Regression through the origin with
phylogenetically independent contrasts (computed using [34] and
setting all branches to length 1.0), which is equivalent to phylogenetic
generalized least squares (PGLS) analysis, accounts for the nonindepen-
dence of species and indicates no overall evolutionary relationship
between the traits (C, standardized contrasts, r2 = 0.01, P = 0.82; basal
contrast indicated in red). The apparent pattern across species was driven
by positively correlated trait change only at the basal split of the
phylogeny; throughout the rest of the phylogeny, the traits mostly
changed in opposite directions (A; basal contrast in red). Notes: In A, the
estimated nodal values for both traits are shown in parentheses. These
are intermediate steps in the independent contrasts algorithm and are
not to be taken as optimal estimates of the states at internal nodes;
rather, they are a type of ‘‘local parsimony’’ estimate (except the estimate
at the basal node, which is equivalent to the estimate under squared-
change parsimony). Contrasts are taken between sister nodes on a
phylogeny, not along each branch segment [15,16,18].
doi:10.1371/journal.pgen.1001080.g001

Figure 2. Phylogeny for the species in the Lynch & Conery dataset [7], with a reconstruction of genome sizes. (See Materials and
Methods).
doi:10.1371/journal.pgen.1001080.g002
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Phylogeny construction
A composite tree for the species was constructed in Mesquite v.

2.71 [25] based on phylogenetic trees reported in [26–28]. As a

visual heuristic, genome sizes were traced onto the phylogeny
using the Parsimony Ancestral States method [29] with an
assumption that all branch lengths equal 1.0.

Phylogenetic comparative analyses
All dependent variables were regressed on Neu using

REGRESSIONv2.m [30] running in MATLAB v. 7.9.0. Three
types of models were examined: ordinary least squares (OLS),
phylogenetic generalized least squares (PGLS), and phylogenetic
regression under an Ornstein-Uhlenbeck process (RegOU)
[30,31]. OLS is traditional ‘nonphylogenetic’ regression, which
in effect assumes a star phylogeny in which all species are
equally unrelated, and corresponds to the Neu vs. genome size
analysis reported in [7]. PGLS assumes that residual variation
among species is correlated, with the correlation given by a
Brownian-motion like process along the specified phylogenetic
tree (topology and branch lengths). PGLS is functionally
equivalent to Felsenstein’s [15] phylogenetically independent
contrast method [31]. Finally, the RegOU model estimates (via
restricted maximum likelihood) the strength of phylogenetic
signal in the residual variation simultaneously with the
regression coefficients; the former is given by d, the Ornstein-
Uhlenbeck transformation parameter. An OU evolutionary
model is typically used to model the effects of stabilizing
selection around an optimum [30]. When d = 0, there is no
phylogenetic signal in the residuals from the regression model;
when d is significantly greater than 0, significant phylogenetic
signal exists [30,32].

Following [33], starter branch lengths corresponding to all
branches = 1.0, Grafen’s arbitrary lengths, Pagel’s arbitrary
lengths, and Nee’s arbitrary lengths were compared in PGLS and
RegOU regressions of genome size on Neu. Based on their
likelihoods, the models with all branches = 1.0 achieved the best
fit, and thus these branch lengths were used in all subsequent
phylogenetic analyses. Model selection for each variable then
proceeded in two steps. First, we compared the likelihoods of the
PGLS model and the OLS model, with a higher likelihood taken
as evidence of a better-fitting model. Second, we used ln
likelihood ratio tests (LRTs) to compare the RegOU model with
the PGLS and OLS models with 1 d.f. [30]. Given the issue of
small sample sizes (see [32]) for most dependent variables and the
fact that RegOU models require estimation of an extra
parameter, RegOU models were examined only for genome size
and gene number.
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The comparative method

Phylogenetically-corrected regression in Archaea

HKY85 homogeneous model does not fit the data because
the simulated distribution significantly underestimates the
heterogeneity of sequences (supplementary fig. 2, Supple-
mentary Material online). However, the HKY85hpb model
produced simulated sequences with heterogeneity values
that are representative of the intrinsic heterogeneity of
the original rRNA data set (P value 5 0.188)
(supplementary fig. 2, Supplementary Material online).

Inference of Ancestral OGTs
Previous studies proved that rRNA G!C content and OGT
were strongly correlated in Bacteria and Archaea (Galtier
and Lobry 1997) and used this correlation as a molecular
thermometer to infer ancestral OGTs. To establish this
relationship with our rRNA data set, we retained only
double-stranded regions because it has been shown that
equilibrium frequency estimations were biased toward
frequencies at slowly evolving sites (single-stranded regions
in rRNAs) when heterogeneous models of evolution are
used (Gowri-Shankar and Rattray 2006). We obtained
a double-stranded regions data set of 1,801 sites. The
G!C content of these regions is highly correlated to
OGT (fig. 1A, r 5 0.95, P value , 0.001). Concerning
our protein data set, a correspondence analysis has been
performed on the amino acid compositions of our align-
ment. This procedure, introduced by Boussau et al.
(2008), produced another molecular thermometer. The
results (fig. 1B) show that OGT and amino acid composi-
tions are strongly linked together. Two major independent
factors explain most of the variance in amino acid compo-
sitions in archaeal proteins. The first factor (41.5% of the
total variance) highly correlates with genomic G!C con-
tent (r 5 0.81, P value , 0.001) and the second factor
(26.7% of the total variance) with OGT (r 5 0.84, P value
, 0.001).

However, the regressions of figure 1A and B are made
with data points that are not statistically independent.
Indeed, each data point being one species, the nonindepen-
dence arises from the fact that all species share a common
ancestry and are not independently drawn from the same
distribution. Thus, if a strong phylogenetic inertia exists in
the traits under study, closely related species will tend to
have similar values for the two traits and, consequently, will
tend to cluster together in a regression diagram, increasing
the correlation coefficient (Felsenstein 1985; Harvey and
Pagel 1991). This problem has been noticed before, and
several methods have been proposed to take the noninde-
pendence of taxa into account (Lanfear et al. 2010). One of
these methods, the PICs, proposed early on by Felsenstein
(1985), has been employed here. The PIC approach uses the
original values of each trait for all species and transforms
them to produce new values, called contrasts, that are sta-
tistically independent and identically distributed and that
can be compared by a correlation test. New correlation co-
efficients were calculated from the contrasts in OGT and in
G!C content on one side (r5 0.85, P value, 0.001) and in
second factor values (r5 0.7, P value, 0.001) on the other,

confirming that the strong relationship between OGT and
molecular compositions in rRNAs and proteins initially
observed was not solely due to the nonindependence of
data points.

Evolutionary model parameters initially estimated by
BppML (e.g., branch lengths, substitution model parame-
ters, gamma law parameter) were used by BppAncestor
(Dutheil and Boussau 2008) to reconstruct rRNA and pro-
tein ancestral sequences, using the same topology. One
hundred putative ancestral sequences were estimated
for both data sets at each node of the tree. The G!C
contents and amino acid compositions of these ancestral

FIG. 1. Correlations between nucleotide or amino acid compo-
sitions and OGT. (A) rRNA thermometer. (B) Protein thermom-
eter. In each plot, black dots indicate the positions of extant
archaea and bacteria. For rRNAs, the linear correlation co-
efficient between OGT and rRNA stem G!C content is 0.95 (P
value , 0.001). For proteins, the second factor values of the
correspondence analysis are strongly correlated with OGT (r 5
0.84, P value , 0.001). Vertical lines represent the inferred
compositions for the ancestor of Thaumarchaea (blue) and for
the HACA (red) with their 95% confidence interval. Dashed lines
represent the projection of ancestral compositions on the OGT
axis. The HACA is predicted to be hyperthermophile, by both
rRNAs and proteins.
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The comparative method

Ancestral growth temperatures inferred using rRNA

sequences were then computed. For each ancestral node,
the mean of the distribution of G!C content values was
determined and projected in the previously established
correlation. Concerning proteins, the amino acid composi-
tion of each ancestral sequence was added to the corre-
spondence analysis to get its projection on the second
factor. Finally, the mean of the distribution of second factor
values was used to infer OGT.

Figures 2 and 3 show that there is a parallel adaptation
to high temperatures from a common ancestor of Archaea
and Bacteria to a common ancestor of each domain. The
last archaeal common ancestor is predicted to be hyper-
thermophilic and will be named below the HACA (Hot Ar-
chaeal Common Ancestor). From the HACA, whose OGT is
estimated around 82 !C by proteins (90 !C by rRNAs), there
is a slight increase of OGT until ancestors of Euryarchaea on
one side (83 !C) and of Crenarchaea, Thaumarchaea, and
Korarchaea on the other side (85 !C), but this increase is
not statistically significant if confidence intervals are taken
into account. Among Crenarchaea, OGT seems to increase

along the tree until extant species such as Aeropyrum
pernix (95 !C).

A progressive adaptation to lower temperatures is
observed along the Euryarchaeal clade, similarly to what
Boussau et al. (2008) observed within the bacterial domain.
The euryarchaeal ancestor is predicted to be hyperthermo-
philic (83 !C and 92 !C for proteins and rRNAs, respec-
tively) and deep-branching species are also adapted to
these high temperatures. An adaptation of Euryarchaea
to lower temperatures can then be observed with the ex-
ception of Archaeoglobus fulgidus andMethanocaldococcus
jannaschii which may have readaptated to higher temper-
atures. The OGTs inferred for HACA are markedly higher in
the present study (74–89 !C) than in the Boussau et al.
(2008) study (59–73 !C). We investigated the reason(s)
why the credibility intervals were not overlapping between
the two studies. Three hypotheses were tested: the influ-
ence of the taxon sampling, the model of sequence evolu-
tion, and the gene sampling. We ruled out the taxon
sampling and the model of sequence evolution hypotheses.

FIG. 2. Evolution of OGT from a hyperthermophilic ancestral state over the rRNA archaeal tree. Branch lengths have been colored
according to temperature estimates at nodes. A linear gradient of color has been drawn between nodes. No evolution of OGT is
represented in the vertical tree lines. As OGTs for uncultured Thaumarchaea are not available, their branches are black colored.
The branch length scale is in substitution per site. The color scale is in degree Celsius. Mean estimates of temperature at key nodes
are given between square brackets. Confidence intervals (95%) for estimates of ancestral OGTs are given between round brackets.
Bootstrap values higher than 85% are represented. The concatenation of small and large rRNA subunits provided an alignment of 3,719
positions.
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HKY85 homogeneous model does not fit the data because
the simulated distribution significantly underestimates the
heterogeneity of sequences (supplementary fig. 2, Supple-
mentary Material online). However, the HKY85hpb model
produced simulated sequences with heterogeneity values
that are representative of the intrinsic heterogeneity of
the original rRNA data set (P value 5 0.188)
(supplementary fig. 2, Supplementary Material online).

Inference of Ancestral OGTs
Previous studies proved that rRNA G!C content and OGT
were strongly correlated in Bacteria and Archaea (Galtier
and Lobry 1997) and used this correlation as a molecular
thermometer to infer ancestral OGTs. To establish this
relationship with our rRNA data set, we retained only
double-stranded regions because it has been shown that
equilibrium frequency estimations were biased toward
frequencies at slowly evolving sites (single-stranded regions
in rRNAs) when heterogeneous models of evolution are
used (Gowri-Shankar and Rattray 2006). We obtained
a double-stranded regions data set of 1,801 sites. The
G!C content of these regions is highly correlated to
OGT (fig. 1A, r 5 0.95, P value , 0.001). Concerning
our protein data set, a correspondence analysis has been
performed on the amino acid compositions of our align-
ment. This procedure, introduced by Boussau et al.
(2008), produced another molecular thermometer. The
results (fig. 1B) show that OGT and amino acid composi-
tions are strongly linked together. Two major independent
factors explain most of the variance in amino acid compo-
sitions in archaeal proteins. The first factor (41.5% of the
total variance) highly correlates with genomic G!C con-
tent (r 5 0.81, P value , 0.001) and the second factor
(26.7% of the total variance) with OGT (r 5 0.84, P value
, 0.001).

However, the regressions of figure 1A and B are made
with data points that are not statistically independent.
Indeed, each data point being one species, the nonindepen-
dence arises from the fact that all species share a common
ancestry and are not independently drawn from the same
distribution. Thus, if a strong phylogenetic inertia exists in
the traits under study, closely related species will tend to
have similar values for the two traits and, consequently, will
tend to cluster together in a regression diagram, increasing
the correlation coefficient (Felsenstein 1985; Harvey and
Pagel 1991). This problem has been noticed before, and
several methods have been proposed to take the noninde-
pendence of taxa into account (Lanfear et al. 2010). One of
these methods, the PICs, proposed early on by Felsenstein
(1985), has been employed here. The PIC approach uses the
original values of each trait for all species and transforms
them to produce new values, called contrasts, that are sta-
tistically independent and identically distributed and that
can be compared by a correlation test. New correlation co-
efficients were calculated from the contrasts in OGT and in
G!C content on one side (r5 0.85, P value, 0.001) and in
second factor values (r5 0.7, P value, 0.001) on the other,

confirming that the strong relationship between OGT and
molecular compositions in rRNAs and proteins initially
observed was not solely due to the nonindependence of
data points.

Evolutionary model parameters initially estimated by
BppML (e.g., branch lengths, substitution model parame-
ters, gamma law parameter) were used by BppAncestor
(Dutheil and Boussau 2008) to reconstruct rRNA and pro-
tein ancestral sequences, using the same topology. One
hundred putative ancestral sequences were estimated
for both data sets at each node of the tree. The G!C
contents and amino acid compositions of these ancestral

FIG. 1. Correlations between nucleotide or amino acid compo-
sitions and OGT. (A) rRNA thermometer. (B) Protein thermom-
eter. In each plot, black dots indicate the positions of extant
archaea and bacteria. For rRNAs, the linear correlation co-
efficient between OGT and rRNA stem G!C content is 0.95 (P
value , 0.001). For proteins, the second factor values of the
correspondence analysis are strongly correlated with OGT (r 5
0.84, P value , 0.001). Vertical lines represent the inferred
compositions for the ancestor of Thaumarchaea (blue) and for
the HACA (red) with their 95% confidence interval. Dashed lines
represent the projection of ancestral compositions on the OGT
axis. The HACA is predicted to be hyperthermophile, by both
rRNAs and proteins.
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Brownian model
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A phylogenetic Kalman filter

tl

tr

Ll(xl)

node l

Lr (xr )

node r
Ln(xn)

node n

Regressing the trait against the predictor
trait x (e.g. temperature)
predictor y (e.g. GC content)
trait evolution along branch l : ∆xl = xl − xn ∼ N(0, η2tl)
predictor evolution: ∆yl = yl − yn = α∆xl + εl , with εl ∼ N(0, κ2tl)
∆x | ∆y , α, η, κ ∼ N(m, λ2)



A phylogenetic Kalman filter

tl

tr

Ll(xl)

node l

Lr (xr )

node r
Ln(xn)

node n

Conditional likelihoods
at node n, and for xn ∈ R, Ln(x) is Gaussian:

Ln(xn) = Kne
− 1

2σ2
n
(xn−µn)2

calculate Kn, σn, µn as functions of Kl , Kr , σl , σr , µl , µr . . .

backward: likelihood computation; forward: stochastic traceback
combined with conjugate sampling of covariance matrix
Lartillot, 2014. Bioinformatics, 30:486-496 (see also Ho and Ané, Syst Biol 2014)



A phylogenetic Kalman filter

tl

tr

Ll(xl)

node l

Lr (xr )

node r
Ln(xn)

node n

Ln(xn) =

[∫ ∞
−∞

p(xn → xl | tl)Ll(xl) dxl

] [∫ ∞
−∞

p(xn → xr | tr )Lr (xr ) dxr

]

analytical integrals: all factors are Gaussian, result is Gaussian



archaeal rRNA dataset

KG!PS), adding "2#C to the width of intervals that typically
encompass 20#C. Therefore, the uncertainty associated with the
ancestral reconstruction is primarily caused by the errors asso-
ciated with the regression, i.e. incompletely known correlation
between temperature and composition, as well as the residual
errors.
The confidence intervals reported in the original analysis of

these data (Groussin and Gouy, 2011, Table 3, LR!MLBP), as
well as in a previous similar work (Boussau et al., 2008; Galtier
et al., 1999), were obtained by bootstrapping the multiple se-
quence alignment. For each bootstrap replicate, ancestral com-
positions were reestimated, followed by a reestimation of the

ancestral temperatures. A conceptual problem with this boot-
strap method is that it results in theoretically vanishing confi-
dence intervals for large alignment, and this, even if the number
of taxa remains constant. Yet, although arbitrarily large align-
ment may result in asymptotically consistent estimates of ances-
tral compositions, if the number of taxa is constant and the
correlation is not perfect, uncertainty about ancestral traits
should normally remain finite, even asymptotically. The uncer-
tainty missed by the bootstrap method is that about the correl-
ation between the trait and the predictor (both the residual error
and the error on the parameters of the regression). This suggests
that, instead of pooling the point estimates obtained over the
bootstrap replicates, one could instead combine the prediction
intervals separately calculated using standard linear regression
methods on each replicate. However, this would result in fairly
large confidence intervals. The prediction intervals based on the
posterior mean ancestral reconstructions (Table 3, LR!ML),
thus not taking into account uncertainty about ancestral com-
positions, already encompass nearly 40#C. Combining these
intervals with the bootstrap contribution would amount to a
total uncertainty spanning an interval of "50–60#C. In contrast,
the Bayesian method yields intervals spanning "30#C.
The ancestral reconstruction of temperatures obtained with

the protein sequence data (Supplementary Fig. S2 and Table
310, KG!PM) is similar to the one obtained using rRNA stem
sequences (Fig. 1 and Table 3). In particular, the archaebacterial
ancestor is again inferred to be hyperthermophilic, although with
a larger uncertainty (between 86 and 121#C). The uncertainty
about ancestral compositions also appears to be larger in the
case of proteins, contributing for an additional 5#C of uncer-
tainty about the ancestral temperature (Table 3, KG!PS). The
overall congruence between the two molecular predictors (Fig. 1
and Supplementary Fig. S2), despite the different underlying
data and selective forces, is reassuring. There is a difference
here with the previously published analysis, which tended to
infer a lower ancestral growth temperature for the ancestor of
Archaea with protein data, compared with what was obtained
using the rRNA dataset (Groussin and Gouy, 2011, Table 3,
LR!ML). Reanalyzing the ancestral compositions inferred in
this previous study with the Kalman–Gibbs sampler also results
in an lower inferred ancestral growth temperature (Table 3,
KG!ML), thus suggesting that the observed difference is due
to the differing methods used here and in the previous study for
inferring ancestral compositions, and not to the differing
approaches for translating ancestral compositions into optimal
growth temperatures.

4 DISCUSSION AND CONCLUSION

In this article, a computationally efficient method is introduced
for comparative regression analysis and reconstruction of quan-
titative traits along phylogenies using ancestral information pro-
vided by other traits or molecular sequences. The method fully
accounts for the comparative structure of the problem and inte-
grates the two dimensions over which correlations arise: first,
between molecular predictors and the predicted trait, and
second, among ancestors, owing to their shared phylogenetic
ancestry. These two orthogonal dependencies make the problem
equivalent to a hidden Markov model, and the method is thus

Table 3. The 95% confidence intervals associated with estimated growth
temperatures in the ancestors of major archaeal groups

Molecule Method Archaea Crena Th!Kb Euryc

rRNA KG!PMd (91, 110) (89, 107) (83, 104) (91, 108)
rRNA KG!PSe (91, 111) (89, 107) (82, 106) (90, 109)
rRNA LR!MLf (79, 118) (79, 117) (74, 112) (77, 116)
rRNA LR!MLBPg (84, 96) (86, 96) (79, 95) (85, 97)
None BMh (60, 96) (64, 98) (53, 93) (60, 95)
Proteins KG!PMd (86, 121) (78, 104) (71, 98) (86, 120)
Proteins KG!PSe (84, 124) (77, 111) (67, 106) (83, 123)
Proteins LR!MLf (74, 89) (74, 91) (75, 92) (75, 91)
Proteins KG!MLi (68, 106) (76, 104) (68, 102) (71, 108)

aCrenarchea.
bThaumarchaea!Korarchaea.
cEuryarchaea.
dKalman–Gibbs using posterior mean ancestral compositions.
eKalman–Gibbs using a posterior sample of ancestral compositions.
fLinear regression using maximum likelihood ancestral compositions.
gValues are reported from Groussin and Gouy (2011).
hUnivariate Brownian reconstruction (without molecular predictor).
iKalman–Gibbs using ancestral compositions obtained from Groussin and Gouy
(2011).

Fig. 2. Reconstructed evolution of the optimal growth temperature (as
estimated by the posterior mean) along the phylogeny of Archaea using
the Kalman–Gibbs algorithm applied to the rRNA dataset
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Inferred temperature for archaeal ancestor
95% credible interval: (91,110) Celsius.
without molecular information: (60,96) Celsius



The comparative method

The comparative method – Summary
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independent contrast ⇐⇒ traits follow bivariate Brownian motion
more generally: statistical models of the evolutionary processes
a large variety of questions: bursts, trends, jumps, correlations.
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Bayesian molecular dating

Variation of the substitution rate among lineages

Possible causes
generation-time effect

time 

metabolic rate effects
selection for longevity

(reviewed in Lanfear et al, 2010)
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Bayesian molecular dating

The relaxed molecular clock
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Divergence times and substitution rates
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Bayesian molecular dating

The Brownian relaxed molecular clock
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sequence alignment 
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substitutions occur at rate rt

rt modeled as Brownian motion along branches
Brownian model induces rate autocorrelation across branches
joint estimation of rates and times by Bayesian MCMC
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Estimating divergence times: the relaxed clock model
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Data and constraints
multiple alignment D (here, nuclear coding genes in mammals)
tree topology T , and fossil calibrations Φ

Principle of the method
build a hierarchical model, with a prior on its parameters
sample from the posterior distribution using MCMC algorithms



Diversification process

Nee et al, 1994

birth-death with subsampling
speciation rate λ, extinction rate µ, sampling fraction ρ
t : vector of divergence times
gives you a probability distribution on times: p(t | λ, µ, ρ)



Brownian process
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Model of sequence evolution by point substitutions

Substitution rate matrix Q (4 x 4)

Q =
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κ: transition-transversion ratio
γ: equilibrium GC (GC∗)



Bayesian molecular dating

Substitution process (rate matrix Q)
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branch length approximated as:

l = r̄∆t , where r̄ =
rj + rjup

2

length l : expected number of point substitutions along the branch
gives you a probability distribution on sequences: p(D | r , t ,Q)
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Complete model
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sequence alignment 

! 

rt

diversification process (e.g. birth-death, parameters λ, µ, ρ)
substitution rate: Brownian log-normal process (variance σ2)
substitution process (4x4 substitution matrix Q)
complete model configuration: θ = (λ, µ, ρ, σ, t , r)

posterior distribution proportional to joint probability:

p(λ)p(µ)p(ρ)p(σ2) p(t | λ, µ, ρ) p(r | t , σ2) p(D | r , t ,Q)



Bayesian molecular dating

Bayesian inference and Monte Carlo sampling
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Metropolis Hastings on rates

α =
p(D | r ′, t ,Q) p(r ′ | t , σ2)

p(D | r , t ,Q) p(r | t , σ2)

α > 1: accept move
α < 1: accept with prob. α
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Bayesian molecular dating

Bayesian inference and Monte Carlo sampling
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Metropolis Hastings on divergence times

α =
p(D | r , t ′,Q) p(r | t ′, σ2) p(t ′ | λ, µ, ρ)

p(D | r , t ,Q) p(r | t , σ2) p(t | λ, µ, ρ)

α > 1: accept move
α < 1: accept with prob. α
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Bayesian molecular dating

Bayesian inference and Monte Carlo sampling
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Posterior mean times and rates
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Correlating rates and traits
Rates and life-history traits 
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sequential method: error propagation problems
circularity in the way phylogenetic inertia is dealt with
suggests a more direct integrative approach



Coupling trait evolution and substitution process
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Lartillot and Poujol, 2011, Mol Biol Evol, 28:729

Hierarchial Bayesian model (parameter estimation by MCMC)

diversification process t (birth-death, parameters λ, µ, ρ)

Brownian multivariate process X (covariance matrix Σ)

time-dependent codon model Q



Coupling substitution process with life-history evolution
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(Lartillot and Poujol, 2011, Molecular Biology and Evolution)

posterior proportional to joint probability:

p(λ, µ, ρ) p(t | λ, µ, ρ) p(Σ) p(X | t ,Σ) p(D | X , t)



The molecular comparative method

Generalization

time-dependent substitution parameters
rate of synonymous substitution (r )
non-synonymous / synonymous ratio (ω)
equilibrium GC composition (γ)

time-dependent quantitative traits
sexual maturity (proxy of generation time)
adult body mass
maximum recorded lifespan (proxy of longevity)
metabolic rate
genome size
karyotypic number (number of chromosomes 2n)
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The molecular comparative method

Joint inference of rates, dates and traits

!"#

!$%!"#

!"#$%&#'(

)*+,-.&#'(

!"//(

!-#"0*)&1(%"#-(

!"# !$%!"#!"#2()*+,2(!"//(!-#2(

3*%%-)"#-4(-.*)$5*+(*6((
,-+*!-/("+4()&6-78&/#*%'(#%"&#/(

9.*)$5*+(*6(0*4'(/&:-(&+(!"!!")/(;<"%5))*#("+4(=*$>*)(?@A@B(

%-4C((((D*/&5.-(1*%%-)"5*+(
0)$-C((+-,"5.-(1*%%-)"5*+(

E)&,+!-+#(*6(AF(,-+-/(
GH@@(1*4&+,(D*/&5*+/(

Lartillot and Delsuc, 2012, Evolution 66:1773
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Equilibrium GC (GC∗) in nuclear genomes

Procavia
Loxodonta
Echinops
Dasypus
Choloepus
Tupaia
Otolemur
Microcebus
Tarsius
Callithrix
Macaca
Pongo
Pan
Homo
Gorilla
Oryctolagus
Ochotona
Spermophilus
Rattus
Mus
Dipodomys
Cavia
Sorex
Erinaceus
Pteropus
Myotis
Equus
Felis
Canis
Vicugna
Tursiops
Bos
Sus

0.3 0.5 0.8

dS 

dN/dS 

maturity 

longevity 

mass 

dS dN/dS mat. long. mass GC* 

GC* 

# chrom. 

# chromosomes 

red: positive

blue: negative

light shade: not significant

Lartillot, 2013, Molecular Biology and Evolution, 30:356

negative correlation between GC∗ and body size
positive correlation between GC∗ and number of chromosomes



GC biased gene conversion (gBGC) in placentals

Biased conversion during meiosis
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GC biased gene conversion (gBGC) in placentals

Biased conversion during meiosis
A

T
C

G

A
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paternal

maternal
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>50% <50%
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Biased gene conversion (BGC) during meiosis
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xGC =
1 + b

2

xAT =
1− b

2

GC overtransmission
meiotic distorsion bias b ⇐⇒ like positive selection for GC
b proportional to local recombination rate (b = b0r )

Duret and Galtier 2009, Annu Rev Genomics Hum Genet 2009, 10:285



Biased gene conversion explains variation in GC∗
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linkage maps are provisional, they are in good agreement with the
regression line.

Both the regression line for all species in Fig. 1a (NC !
0.85(NF/2) + 6.2; R2 ! 0.83; F < 2.91 ! 10"17, ! in Fig. 1a) and
the average NC per chromosome arm (1.06 and 1.16 in Dutrillaux
(1986) and Burt and Bell (1987), respectively) suggest that there is
a required minimum of one crossover per chromosome arm. If this
conclusion is true, then the minimum genetic size for chromosome
arms is expected to be 50 cM. This prediction is supported by the
distribution of the genetic size of 286 chromosome arms shown in
Fig. 2. Few of the chromosome arms appear to be less than 50 cM,
and this limit applies equally to arms from uni-armed and bi-armed
chromosomes. We suggest that those chromosome arms with an
apparent size of less than 50 cM result from failure to observe
recombination distal to the most telomeric marker employed in
map construction.

We conclude that genome-wide recombination is directly pro-
portional to the number of chromosome arms, as proposed by
Dutrillaux (1986). Our analysis indicates that there is a general
requirement for at least one crossover per chromosome arm, rather
than the classical expectation of one crossover per chromosome.
Chiasma (the cytological manifestation of crossovers at meiosis I)
are required to establish the physical attachment between ho-
mologs that, in turn, is required to ensure that one member of each
pair of homologs segregates to opposite poles of the meiotic
spindle. The proportionality between recombination and the num-
ber of chromosome arms and, most importantly, the observed dis-
tribution of arm size in bi-armed chromosomes (Fig. 2a) indicates
that the effect of crossovers on maintaining proper distributive
segregation is effectively suppressed at the centromere. Interest-

ingly, the centromere shows distinct patterns of repression of re-
combination and interference in Drosophila, Neurospora, yeast,
and human (Dobzhanky 1930; Hulten 1974; Davies et al. 1994;
Mathani and Willard 1998, Kaback et al. 1999). This requirement
establishes important constraints on the minimum number of
crossovers for any chromosome.

Perhaps the most extreme example of a requirement for one
crossover per arm is the pseudoautosomal region (PAR) of mam-
malian X and Y Chromosomes (Chrs). The PAR undergoes pairing
and recombination during male meiosis. Crossing-over within the
PAR is critical for the fidelity of chromosome segregation (Rouyer
et al. 1986; Soriano et al. 1987). This requirement exists despite
the limited physical size of this region and represents a striking
example of independence between physical and genetic distances.
In humans the location of the PARs is remarkable. The X Chr is
submetacentric with two PARs located in the terminal regions of
each arm, and both regions undergo pairing and recombination
during male meiosis.

Although we conclude that in mammals the majority of the
interspecific variation in mammalian recombination rate is owing
to changes in FN, this conclusion does not affect the significance
of the observed correlation between EC and age to maturity re-
ported by Burt and Bell (1987). We note, however, that their
analysis was based on two assumptions. First, that only one cross-
over in each bivalent is required to ensure distributive segregation.
Second, crossovers in excess of one per bivalent (EC) are not
required for fidelity of chromosome segregation but are a mecha-
nism to increase variability in the progeny. Under this model, EC
is expected to represent the amount of recombination in an organ-
ism that is unrelated to the fidelity of chromosome segregation. In

Fig. 1. Plot of mammalian recombination frequency as a function of hap-
loid number of chromosome arms (FN/2). a) Recombination estimated as
number of chiasma (NC). Each circle represents a species: 1, Dasyuroides
byrnei; 2, Dasyurus viverrinus; 3, Sarcophilus harrissi; 4, Smithopsis cras-
sicaudata; 5, Paremeles gunnii; 6, Isoodon macrourus; 7, Dasypus novem-
cinctus; 8, Oryctolagus cuniculus; 9, Cricetus cricetus; 10, Lagurus lagu-
rus; 11, Meriones ungiculatus; 12, Apodemus sylvaticus; 13, Rattus nor-
vegicus; 14, Mus musculus; 15, Cebuella pygmamaea; 16, Sanguinus
oedipus; 17, Macaca fuscata; 18, Macaca mulatta; 19, Macaca nemes-
trina; 20, Pan troglodytes; 21, Homo sapiens; 22, Homo sapiens; 23,
Mandrillux sphinx; 24, Cebus capucinus; 25, Lemur fulvus; 26, Lemur
fulvus collaris; 27, Lemur fulvus albocollaris; 28, Akodon arviculoides;
29; Akodon arviculoides; 30, Akodon sp; 31, Akodon nigris; 32, Zygodon-
tomys lasiurus; 33, Clyomys laticeps; 34; Nectomys squamipes; 35, Nec-
tomys squamypes; 36, Oxymicterus sp; 37, Euryzygomalomys guiara; 38,
Proechimys iheringi; 39, Mus musculus; 40, Mesocricetus auratus; 41,

Cricetulus griseus; 42, Gerbillus aureus; and 43, Taterillus gracillis. NC
data in species represented as black circles were calculated from the EC
data reported by Burt and Bell (1987) (NC ! EC + n, where n is the
number of haploid autosomes) and the regression line is denoted as ". NC
data in species represented as gray circles are from Dutrillaux (1986), and
the regression line is denoted as #. The regression line for the combined
data is denoted as !. b) Recombination estimated as the size of the linkage
map. Each filled circle represent a species used for the regression analysis:
1, cattle; 2, dog; 3, pig; 4, mouse; 5, rat; and 6, human. Open circles are
species not included in the regression analysis (see text): 7, goat; 8, sheep;
9, cat; 10, horse; and 11, baboon. The estimated size of the linkage map of
each species is as given in the references in the text, except for the baboon,
which we estimate to be 28.3 M instead of 23.7 M (Rogers et al. 2000) after
correcting for the fraction of the human genome covered by the markers
used in their study.

F. Pardo-Manuel de Villena, C. Sapienza: Recombination and chromosome arms 319

de Villena and Sapienza, 2001, Mamm Genome 12:318

Positive correlation GC∗ / chromosome number
∼ 1 recombination event per chromosome arm per meiosis
more fragmented karyotype = smaller chromosomes
= higher recombination rate = stronger gene conversion



Biased gene conversion explains variation in GC∗
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red: positive
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light shade: not significant

Negative correlation GC∗ / body mass
larger animals = smaller population = less efficient selection
also less efficient BGC (lower GC∗)

Romiguier and Galtier 2010, Genome Res 20:1001



GC biased gene conversion (gBGC) in placentals

GC-biased gene conversion interferes with selection
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Fixation probability in the presence of BGC

GC overtransmission
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xGC =
1 + b

2

xAT =
1− b

2

Relative fixation probability: 2Nep
mutation from AT to GC

2Nep =
B

1− e−B > 1

mutation from GC to AT

2Nep =
−B

1− eB < 1

Ne: effective population size
B = 4Neb: scaled conversion coefficient



A mechanistic phylogenetic covariance model

substitution rate = mutation rate x fixation probability


− µAC µAG µAT

µCA − µCG µCT
µGA µGC − µGT
µTA µTC µTG −

 + B =⇒



− µAC
B

1−e−B µAG
B

1−e−B µAT

µCA
−B

1−eB − µCG µCT
−B

1−eB

µGA
−B

1−eB µGC − µGT
−B

1−eB

µTA µTC
B

1−e−B µTG
B

1−e−B −



B = 4Ne b : scaled conversion coefficient
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Overall modeling strategy
only 4-fold degenerate third codon positions
modeling joint variation in B, body mass (M) and karyotype (2n)
modeling among-gene variation (recombination seascapes)



Data

Exon-rich dataset
180 exons from Orthomam, with at least 30 taxa
1000 exons (30 jacknife replicates of 100 exons)
only 4-fold degenerate positions
analysis replicated using non-CpG positions

Taxon-rich dataset
17 single-exon genes 73 mammals



Reconstructed history of B = 4Neb

Vicugna45 / 8 Sus
39 / 4 Bos41 / 3 Tursiops30 / 3

42 / 7
45 / 9

43 / 9

Myotis43 / 5 Pteropus28 / 3
36 / 5

Equus33 / - Canis
30 / 3 Felis34 / 3

31 / 4
36 / 4

39 / 6

35 / 3

Erinaceus29 / 1 Sorex
50 / 7

31 / 5

26 / 1

Tupaia33 / 2 Tarsius28 / - Callithrix
8 / - Macaca4 / - Pongo1 / - Gorilla

1 / - Homo1 / - Pan1 / -
1 / -

1 / -
3 / -

10 / -
20 / 1

29 / 3

Microcebus36 / 6 Otolemur
27 / -

24 / 1

26 / 2

23 / 1

Spermophilus24 / - Cavia
33 / 1 Dipodomys28 / 1 Mus41 / 1 Rattus37 / -

24 / -
22 / 1

22 / 1
19 / 1

Ochotona
47 / 1 Oryctolagus51 / 9

29 / 2

22 / 1

21 / 1

26 / 2

Echinops56 / 3 Loxodonta26 / 1 Procavia27 / -
29 / 2

28 / 1

Choloepus23 / 2 Dasypus27 / 4
28 / 3

29 / 2

0.1B = 2.8 5.5

Xenarthra!
Afrotheria!
Lagomorpha!

Rodentia!

Primates!

Eulipotyphla!

Chiroptera!
Perissodactyla!
Carnivora!

Scandentia!

Cetartiodactyla!

Lartillot, 2013, Molecular Biology and Evolution, 30:489



Phylogenetic history of population-genetic regimes
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elephants!

large mammals, small Ne: drift dominates (B < 1)



Phylogenetic history of population-genetic regimes
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tenrecs!
rabbits!

shrews!

microbats!

small mammals, large Ne: BGC dominates (B > 1)
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Allometry and covariance
(ln B, ln M, ln n) follow a trivariate Brownian motion
B ∼ M γ nα for some coefficients of allometry γ and α



Mechanistic modeling

Estimated allometric scaling of B = 4Neb

B ∼ M γ nα

M: body mass (prediction: γ < 0)
n: number of chromosomes (prediction: α = 1 > 0)

γ α

73 taxa 17 genes -0.11∗∗ (-0.19, -0.03) 1.28∗∗ ( 0.54, 2.03)
33 taxa 1000 exons -0.28∗ (-0.52, -0.01) 0.21 (-1.20, 1.56)
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Reconstructed history of B = 4Neb
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Cetartiodactyla!



Divergence times and body mass evolution
Xenarthra!

Afrotheria!

Lagomorpha!

Rodentia!

Primates!

Insectivores!

Cetartiodactyla!

Chiroptera!
Perissodactyla!
Carnivora!
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Reconstructing past population-genetic regimes

mutation rate per generation u (substitution rate)
effective population size Ne (dN/dS, GC)
scaled conversion coefficient B = 4Neb (GC)
evolutionary dynamics of recombination landscapes (GC)
useful for understanding mechanisms of genome evolution



Perspectives

Molecular dating and diversification studies

Diversification studies: current approach
likelihood (time-calibrated tree T , diversification parameters θ):

L(θ) = p(T | θ)

Diversification studies: integrative approach
use diversification model as your prior on divergence times:

p(D | r ,T ) p(r | T ) p(T | θ) p(θ)

compare models based on their marginal likelihoods
avoids circularity and overconfidence
dating and diversification: two sides of a same coin
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Perspectives

Integrative models for macroevolutionary studies

Toward a unified probabilistic framework for
reconstructing divergence times
fitting / testing diversification models
fitting / testing models of trait evolution
understanding driving forces of molecular evolution
correlating diversification / traits / substitution patterns
see also total evidence dating (Ronquist et al, Syst Biol 61:973)
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Perspectives
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