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changes are generally favored. This extrinsic selective force
gives a plausible explanation for the excess of shorter,
frame-preserving cassette exons in present mammalian
genomes, among other possible mechanisms. Our obser-
vations are consistent with the work of Wen et al., who
suggested that AS events that introduce a short variable
region might have a larger functional impact than expected
[24]. Finally, our results support the notion that NMD is
generally more a mechanism for quality control [17,25]
rather than one for the regulation of gene expression [18].
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Large changes in regulome size herald the main
prokaryotic lineages
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Using a large-scale reconstruction of ancestral gene
content, we show that radical changes in regulome size
occur at the origins of major prokaryotic lineages. Sub-
sequently, the duplication and deletion of regulators
slows down in most lineages, except proteobacteria,
significantly reducing the scaling of regulators and keep-
ing their average proportion lineage-specific. Our results
also suggest that major transitions in prokaryote evol-
ution are related to changes in regulatory capacity rather
than proteome innovations.
Genome size and the regulome
It remains a great challenge in biology to understand the
evolution of gene regulatory networks in relationship to
the gene repertoire and ecology of an organism. How does
gene regulation scale with genomic complexity and how
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does it respond to new environmental challenges? [1]
Larger genomes seem to harbor a greater ratio of tran-
scription factors (TFs) and signal transduction genes than
smaller ones [2–4], suggesting a priori that under complex
lifestyle conditions, gene regulation and signal integration
are strongly selected. Moreover, the number of genes per
functional category scales as a power law, from which we
can infer a constant scaling factor of �2 for transcription
regulation and signal transduction, unlike the case for
most other categories [3]. This means that, on average,
if the number of genes doubles, the number of regulators
and signal transduction genes quadruples. The expla-
nation proposed by van Nimwegen [3,5] is that the
observed quadratic scaling results from average dupli-
cation rates that are twice as great as for the rest of the
genome.

This has important implications in our understanding
of the fundamental principles of genome evolution. If
more complex organisms, for example with greater meta-
bolic diversity, require a larger control machinery, there
should be a theoretical maximum for the expansion of
genomes [6]. If the regulome actually expands faster,
we need to determine how new regulators couple with
the existing machinery and whether certain kinds
of regulation mechanisms are favored or not by these
expansions.

Ancestral gene content reconstruction
To compare the evolution of a group of gene families (e.g.
regulators, against changes in genome size), we performed
a maximum parsimony reconstruction [7,8] of ancestral
gene content along the prokaryotic tree of life, establishing
the number of duplications, deletions and ‘gains’ – i.e.
horizontal gene transfers (HGT) [9] – and de novo gene
inventions (see section S1 in the supplementary material
Figure 1. Distribution of scalings along the species tree. (a) Distribution of scaling expo

RA)/log(GD/GA), where RD and RA correspond to the number of regulators in the des

corresponding genome sizes. This shows that a = 1 occurs more often than expected in

by reconstruction bias alone. Error bars indicate standard deviation. (b) b along the evolu

than regulation. The figure illustrates that large changes in proportion of regulators an

�80% of all branches on the tree.
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online). We used the COG (Cluster of Orthologous Groups)
database [10] to determine putative numbers of regulators
and total gene content for each of the 163 prokaryotic
genomes present in the STRING v6.2 database [11]. The
ancestor reconstruction was performed, per COG, on a
recently published tree of life [12], rooted between eubac-
teria and archaea and pruned down to our 163 prokaryotic
species.

Whole-genome sizes were reconstructed based on 4873
COGs (containing �90% of the genes) and 15 460 NOGs
(Nonsupervised Orthologous Groups). Our analysis is
based on duplication cost l = 2 and gain cost g = 3 and
validated with l = 1, g = 2, l = 2, g = 4 and l = 3, g = 4. We
consider patterns that are consistent among reconstruc-
tions ranging from �2% to �12% of all events in COGs
being HGT and the size of the last universal common
ancestor (LUCA) ranging from 725 up to 1740 genes.

Scaling of regulators along evolutionary paths
Based on the ancestral genome reconstruction, we studied
the evolutionary process leading to the observed quadratic
scaling of regulators. To do this, we studied the scaling on
the branches of the tree. For each branch on the tree going
from an ancestor with RA regulators and genome size GA,
to a descendant withRD regulators and genome sizeGD, we
calculated the scaling exponent a = log(RD/RA)/log(GD/GA)
and the change in proportion of regulators b = (RD/RA)/
(GD/GA) (see section S4 in the supplementary material
online). We could then compare the obtained distribution
of a values with the expected distribution obtained from a
process where a = 2 has been enforced. The expected
distribution was calculated from a simulation of genome
evolution that replayed the reconstructed history of
events stochastically (see section S2 in the supplementary
material online). Figure 1a shows the comparison between
nents on the tree. The scaling exponents a are calculated per branch as a = log(RD/

cendant and ancestor of the branch, respectively, and GD and GA represent the

a simulation with quadratic scaling, and that such a deviation cannot be explained

tionary path of two species. Here b is also calculated for functional categories other

d signal transduction genes are localized on few branches. The gray bars contain
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the observed and expected distributions. Surprisingly, we
see that a � 1 occurs in the data more often than expected
for a constant quadratic scaling, or for the reconstruction of
it. Looking at the changes in proportion along an evol-
utionary path reveals an interesting pattern that is con-
sistent with the a distribution: large changes in the
proportion of regulators and signal transduction genes
(categories with quadratic scaling) are localized at a few
transitions, whereas the rest of the evolutionary history is
comparable to those for other functional categories.
Figure 2. Localization of large changes in proportion of regulators within the species

proportion measured as the 10% tails of the b and b�1 distributions (see section S5 in s

described in Table S1. Projected on the tree of life as published in Ref. [12].
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In the case of regulation, when we plot the extreme
values of b on the species phylogeny (Figure 2), we see that
many of the branches that precede the last common ances-
tor (LCA) of a major lineage show a large change in the
proportion of regulators. Table S1 in the supplementary
material online shows that this is an exclusive property of
regulation, where the statistical significance of the co-
occurrence is at least in the order of 10�3 for all studied
l and g combinations. By contrast, for signal transduction
the significance is never below�10%. The P value of the co-
tree. Branches marked with + and � correspond to the 20% largest changes in

upplementary material online). Points in red correspond to major lineage LCAs as
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occurrence of major lineage LCAs with large changes in
genome size and large number of gains is 0.47 and 0.1,
respectively. Thus large changes in the proportion of reg-
ulators are better correlatedwithmajor lineage LCAs. This
leads to the surprising conclusion that at the origin of
major lineages a large expansion or contraction of the
regulatory machinery occurs.

Scaling of regulators ‘slows down’ within most phyla
Figure 3a shows that for most major lineages the fitted
power law relationship R = lGu plotted in log-log scale
results in lines with a slope that deviates significantly
from the quadratic trend. In fact, the chance of finding
an equal or smaller slope for each group is no greater than
5% for all groups except proteobacteria, for which the
chance is 57% (see section S8 in the supplementary
material online). This is consistent with our previous
observation of many a = 1 cases and extreme b values
localized mostly at the root of the lineage subtrees. More-
over, the fact that the lines occur at different heights also
supports our observations and shows that the average ratio
of regulators to genome size is lineage specific. In contrast
to regulation, for signal transduction (Figure 3b), where
the localization of nonlinearities on major lineage LCAs
does not hold, we see that the intralineage scalings keep
elevated values and that their lines overlap.

A prototype example of the ‘slow-down’ in the scalings is
found in the group of Bacilli, which after a large regulome
expansion in their LCA keeps a fixed, large ratio of reg-
ulators relative to genome size during their further evol-
ution, in which their genome sizes change considerably. In
accordance with this, the fitted scaling factor u for Bacilli
species is 1.06, that is, effectively linear. The major excep-
tion to the decrease in scaling exponent within lineages is
the proteobacteria group, which has an exponent u = 2.18,
Figure 3. Scaling of regulation and signal transduction for different lineages. Cyanobac

data points for a meaningful regression. (a) Scaling of regulators. The slopes are: Spiro

Bacilli: 1.06 � 0.11; Proteobacteria: 2.18 � 0.08. (b) Scaling of signal transduction genes. W

regulators. The slopes are: Spirochetes + Bacteroides: 1.4 � 0.22; Archaea: 2.08 � 0.5

sections S7–S10 in supplementary material online for further analysis and a full list of
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in fact similar to what we found when grouping all bacteria
together. This is not only because of the nonlinear tran-
sitions near the LCA of the major proteobacterial subdivi-
sions (which are grouped together in Figure 3); superlinear
scaling is also seen within these major sublineages. More-
over, their lines occur at the same height, falling on top of
the line of the whole group (see section S7 in the supple-
mentary material online). Indeed, as seen in Figure 2,
proteobacterial subdivisions contain many internal non-
linear transitions [e.g. split of Pasteurellaceae (containing
Pasteurella multocida, Haemophilus influenzae and Hae-
mophilus ducreyi) in the g subdivision, or Rickettsiales
(containingRickettsia prowazekii andRickettsia conorii) in
the a subdivision]. Accordingly, the scaling for the major
proteobacterial subdivisions is superlinear (�2). In sum-
mary, the results shown in Figure 3 are consistent with the
reconstruction results and with our hypothesis that large
changes in proportions of regulators occur at the onset of
major lineages.

Finally, by simulating genome evolution (see section S2
in supplementary material online) we can test to what
extent the different hypotheses predict the observed data.
Figure 4 shows that a model where the quadratic scaling
has been enforced on the evolutionary process leads to
underestimates of the number of regulators and does not
show the observed lineage scalings. By contrast, a model of
inflationary evolution, with an explosion of regulators at
the last common ancestors of major lineages, followed by a
scaling of �2 for proteobacteria and �1 for all other
lineages (an oversimplification of the observation so far
reported), corrects the intercepts of the lines in double
logarithmic scale without changing the quadratic scaling,
leading to results that approximate closer to the data, at
the level of the whole dataset, at the level of the lineages
and at the level of the a distribution.
teria, mollicutes and chlamydiae were omitted because of insufficient independent

chetes + Bacteroides: 1.13 � 0.21; Archaea: 0.96 � 0.24; Actinobacteria: 1.34 � 0.11;

e see larger scaling factors and lines at similar heights, in contrast with the case of

; Actinobacteria: 1.38 � 0.10; Bacilli: 1.31 � 0.11; Proteobacteria: 1.81 � 0.07. See

the species abbreviations used.



Figure 4. The constant scaling model versus the inflation model. In (a) the data are compared against 100 simulations of an inflation model (a = 7 at major lineage LCA

followed by a = 1 everywhere except in proteobacteria), whereas in (b) the data are compared against 100 simulations with a constant a = 2 scaling. In both panels the red

line corresponds to the fitted power law relationship for the simulation and the black line corresponds to the fitted power law relationship for the data. The blue background

indicates a smoothed 2D histogram of the simulated species data. We see that the inflation model (log10 error �0.008) reflects the trend observed on the whole dataset

much better than the a = 2 model (log10 error 0.3, P value of such a large error in dataset<0.01), which in fact underestimates the number of regulators. (c) The a distribution

of the inflation model matches the distribution seen in the data. Expected a distributions are measured directly from the simulation of the inflation model (black shaded

curve) and the parsimony reconstruction of it (blue line). (d) Example of how the models correspond to data of Bacilli. The graph shows examples of simulated lineage

species getting closer to real data for different ‘inflation’ sizes. Inflation sizes are changed by imposing a large a only on the major lineage LCAs. Here, inflations of size a = 5,

7 and 10 are shown.
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Concluding remarks
Using comparative genome analysis, Madan Babu et al.
[13] showed that TFs in prokaryotes change faster in
evolution than their target genes, and suggested that
organisms might evolve new TFs to sense new signals in
the environment. Given our results, this suggests that the
evolution of regulators operates in large initial explosions
followed by fast sequence divergence.

We have shown that large changes in the ratio of
regulators and genome size occurred at the origins of the
major prokaryotic lineages. Except in the case of proteobac-
teria, once established, this ratio is conserved within the
lineages despite large changes in genome size. Our results
suggest that major transitions in the evolution of prokar-
yotes are related to changes in regulatory capacity rather
than to innovations in the proteome.
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