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Abstract. By exploiting three-dimensional structure
comparison, which is more sensitive than conven-
tional sequence-based methods for detecting remote
homology, we have identified a set of 140 ancestral
protein domains using very restrictive criteria to
minimize the potential error introduced by horizontal
gene transfer. These domains are highly likely to have
been present in the Last Universal Common Ancestor
(LUCA) based on their universality in almost all of
114 completed prokaryotic (Bacteria and Archaea)
and eukaryotic genomes. Functional analysis of these
ancestral domains reveals a genetically complex
LUCA with practically all the essential functional
systems present in extant organisms, supporting the
theory that life achieved its modern cellular status
much before the main kingdom separation (Doolittle
2000). In addition, we have calculated different esti-
mations of the genetic and functional versatility of all
the superfamilies and functional groups in the pro-
karyote subsample. These estimations reveal that
some ancestral superfamilies have been more versatile
than others during evolution allowing more genetic
and functional variation. Furthermore, the differ-
ences in genetic versatility between protein families
are more attributable to their functional nature rather
than the time that they have been evolving. These
differences in tolerance to mutation suggest that some
protein families have eroded their phylogenetic signal
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faster than others, hiding in many cases, their
ancestral origin and suggesting that the calculation of
140 ancestral domains is probably an underestimate.
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Introduction

Woese (1998, 2002) proposed that the Last Universal
Common Ancestor (LUCA) was actually a commu-
nity of organisms sharing genes. He also defined
evolutionary temperature as the number of changes
accepted by a given genetic subsystem and the num-
ber of variants that result. Originally, organisms were
very simple and the evolutionary temperature was
high. Subsystems progressively increased their com-
plexity, reducing evolutionary temperature, as they
became crystallized in a process described as genetic
annealing by similarity to physical annealing.

It seems reasonable that as subsystems become
more complex they would be less tolerant to change
and thus, through time, stabilize at different stages of
cooling. If sequence similarity between relatives is
significant enough to validate the genes’ homology
among many distant species, it is possible to ensure
their ancestral origin. Based on protein sequence
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conservation and ubiquity through the tree of life,
Woese concluded that the translation apparatus was
probably the most primitive developed cellular sys-
tem, crystallizing first, followed by transcription and
then replication.

Also based on sequence conservation, previous
comparative genome analyses of ~100 species to de-
fine the minimal gene set of the LUCA identified
about 60 ubiquitous genes that could confidently be
assigned to the LUCA (Koonin 2003). Most of these
genes are translation-system components, and a few
are basal components of the transcription system.
However, it is difficult to imagine a primitive organ-
ism like the LUCA with a sophisticated translation
apparatus but relatively few additional genes to per-
form metabolism, cellular processes, or generation of
membrane envelopes. Ford Doolittle (2000) suggests
that life achieved its modern cellular status much
earlier than anything we can trace back and that
complex metabolic and translational systems coex-
isted in primitive cells much as observed in modern
organisms. So the fact that some ancestral protein
families appear to have a modern origin might be due
to the fact that they were more versatile, allowing
more variation, and eroding the phylogenetic signal
faster than other families (Doolittle 2000).

Therefore, evidence of sequence conservation may
not be the most appropriate measure for exploring
the theory of genetic annealing. Unfortunately with-
out accurately knowing the complete set of remote
homologues or the true frequencies of mutations in
each gene family, parsimonious reconstruction of the
LUCA’s genetic pool is affected by error and subject
to speculation and controversy (Koonin 2003; Mirkin
et al. 2003; Whitfield 2004).

However, although it is difficult to truly know
which genes were absent in the LUCA, we can be
confident that a gene family with representatives in all
species and kingdoms was highly likely to be present
in the LUCA (Doolittle 2000). Since our ability to
identify the genetic content of LUCA depends on
tracing the deepest phylogenetic relationships and
since protein structures are more conserved through
evolution than sequences, we have exploited protein
three-dimensional (3D) data to detect these very
remote homologies. The application of this more
sensitive methodology has allowed us to clarify the
genetic and functional complexity in the LUCA, so as
to analyze some parameters associated with the evo-
lutionary temperature of its functional components.

The increase in structural annotations for genomes
sequences over the last few years (Lee et al. 2003;
McGuffin et al. 2004) makes it possible to perform a
sound statistical analysis and trace back a significant
set of protein families with very weak or undetectable
sequence homology. We have used the Gene3D
database (Buchan et al. 2003; Lee et al. 2003) pro-

duced by assigning sequences from 114 completed
genomes from all kingdoms of life to CATH domain
superfamilies. CATH is a hierarchical classification of
protein structural domains (Orengo et al. 1997).
Superfamilies in CATH group together protein se-
quences with a high probability of sharing the same
ancestor, based on structural similarity, sequence
similarity, and/or functional similarity. This ap-
proach has successfully detected remote homologies
between highly divergent sequences (Sillitoe et al.
2005).

To estimate the tolerance to genetic diversity, or
what in this work is called the evolutionary temper-
ature, of both the superfamilies and the different
cellular functional groups that they represent, we
have analyzed the number of homologous genes for
each domain superfamily in each species (here defined
as a domain’s occurrence profile; see Supplementary
Fig. 1). We have also identified a set of ancestral
superfamilies with a broad distribution throughout
species in all kingdoms of life and, therefore, with a
high probability of being present in the LUCA.

Materials and Methods

Three-Dimensional Structure Comparison

Structural similarity between domains has been identified by using
a structure comparison algorithm that exploits double dynamic
programming approaches to improve the detection of remote
homologues (SSAP; Taylor & Orengo 1989). To validate for
homology, domains are also scanned against 3D templates specific
to each superfamily (CORA; Orengo 1999) and domain similarities
are manually inspected. In addition, profile-based approaches are
used to detect sequence patterns between relatives and functional
information is extracted from public resources (e.g., COGs, GO,
KEGG) and the literature. The probability of homology, based on
sequence, structural, and functional similarity, is then assessed by
expert curators.

Genome Structural Annotation and Occurrence
Profiles

Open reading frames (ORFs) from 114 complete genomes, made up
of 100 prokaryotic species (85 Bacteria and 15 Archeobacteria
species) and 14 complete eukaryotic genomes (Supplementary
Table 1), were structurally annotated by scanning the protein se-
quences against representative 1D sequence profiles (HMM) from
the CATH domain structure database (Lee et al. 2003). The
structural annotation data are available from release 3 of the
Gene3D database (Buchan et al. 2003).

Superfamily domain occurrence profiles (Supplementary Fig. 1)
were constructed for the prokaryotic sample. Of the 1278 CATH
superfamilies used for genome annotation, 940 were found to be
present in at least 1 of the 100 prokaryotic species. The annotation
coverage was, on average, about 50% (=+5%) of the genes. A
superfamily occurrence profile was derived, for each superfamily,
from the number of domains observed in each of the 100 prok-
aryotes (Supplementary Fig. 1). These profiles report the number of
relatives from a particular domain superfamily occurring in each of
the 100 prokaryote genomes.



Ancestral Superfamily Set Selection

A protein superfamily domain was considered ancestral if it was
present in at least 90% of species from all the kingdoms and, addi-
tionally, if it was also present in at least 70% of archaeal species and
70% of eukaryotic species. This additional requirement avoids
selection of superfamilies overrepresented in Bacteria but poorly
represented in the smaller groups of Archaea and Eukaryotes. These
thresholds were chosen because (i) they give the necessary flexibility
for considering the false-negative prediction error since the sequence-
based methods used to structurally annotate the genomes are only
able to recognize up to 70% of very remote homologues (Lee et al.
2003; Ranea et al. 2004, 2005; Sillitoe et al. 2005); (ii) they guarantee
the selection of superfamilies with ancestral origin in the LUCA since
any gene present in organisms of both sides of the deepest branching,
Bacteria in one branch and Archaea and Eukaryotes in the other, is
very likely to have been present in the universal ancestor (Doolittle
2000); and (iii) they are high enough to eliminate, for all practical
purposes, the potential error introduced by horizontal gene transfer
(HGT) (see Supplementary Fig. 3).

Functional Annotation

Automatic functional annotation was performed on the 940
structural superfamilies annotated in the sample of 100 prokaryotic
species, using the COG database (as of May 2003) (Tatusov et al.
2001). Each superfamily was functionally classified according to its
statistically most represented functional COG subcategory. From
the 940 superfamilies found to be present in prokaryotes, 726 su-
perfamilies were functionally annotated in COG. The minimal
criterion to functionally annotate a superfamily domain was that
the superfamily was represented in 5% or more of the species and
comprised at least five genes functionally annotated in COG. In
addition, for the ancestral superfamily set, more detailed functional
annotation was performed using the Pfam domain database (ver-
sion 9.0; May 2003) (Bateman et al. 2002) and the literature.

Universal Distribution Percentage of Superfamilies

Universal distribution percentages were calculated using the
superfamily occurrence profiles derived from the prokaryotic
sample (Archaea and Bacteria). When this distribution percentage
is equal to 100% the superfamily is present (universal) in all the
species. In contrast, when this parameter is close to 0% the
superfamily has a highly specific distribution in just a few species.

Genome Size Correlation and the Coefficient of
Interspecies Gene Variation (CIGV ) of Superfamilies

To calculate these parameters, we used the domain occurrence
profiles derived from the 100 prokaryotic sample. Correlation
coefficients between superfamily occurrence profiles and genome
size were obtained by Pearson’s method. In order to assess the
statistical trends away from random of different functional groups,
the random distribution of genome size correlations was calculated
for all the superfamilies. The occurrence profiles for each of the 726
functionally annotated superfamilies found in prokaryotes were
randomly shuffled amongst the 100 prokaryotic species, and the
correlation with genome size of the random occurrence profiles was
recalculated (Supplementary Fig. 2¢).

CIGV was calculated by dividing the standard deviation over
all the values in the occurrence profile for a given superfamily by
the mean of the same superfamily (Wayne 1995). To avoid statis-
tical bias in the parameter calculation, null values were not con-
sidered, nor were superfamilies present in less than 5% prokaryotic
species (Supplementary Fig. 2d).
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Definition of the Superfamily Functional Groups

The 726 functionally annotated superfamilies are classified into six
functional groups in this work. Each one of these functional groups
contains the superfamilies, annotated with the following COG
functional subcategories (Tatusov et al. 2001) indicated in paren-
theses: translation (translation, ribosomal structure, and biogen-
esis), replication (replication, recombination and repair),
metabolism (energy production and conversion; carbohydrate
transport and metabolism; amino acid transport and metabolism;
nucleotide transport and metabolism; coenzyme transport and
metabolism; lipid transport and metabolism; inorganic ion trans-
port and metabolism; secondary metabolites biosynthesis, trans-
port, and catabolism), cellular process (cell cycle control, cell
division, chromosome partitioning; nuclear structure; defence
mechanisms; signal transduction mechanisms; cell wall/membrane/
envelope biogenesis; cell motility; cytoskeleton; extracellular
structures; intracellular trafficking, secretion, and vesicular trans-
port; posttranslational modification, protein turnover, chaper-
ones), poorly characterized (general function prediction only;
function unknown), and transcription (transcription). The two
remaining COG’s functional subcategories were not considered
because they represent specific functions only present in eukary-
otes, such as RNA processing and modification as well as chro-
matin structure and dynamics.

Statistical Analysis of Superfamily Distributions

The Kolmogorov-Smirnov two-sample test in the two-tailed ver-
sion for large samples was used to compare all pairs of distribution
samples between different functional groups (Supplementary Table
2 and Fig. 2). The null hypothesis (that the samples have come
from the same distribution) was rejected at the level of significance
p = 0.01 (Siegel and Castellan 1988).

Results and Discussion

In this work, we first analyze the current set of
completed genomes from all kingdoms of life in order
to identify a set of ancestral domains, in both
eukaryotes and prokaryotes. This has necessitated
very detailed functional analyses based on annota-
tions from Pfam and the literature as well as COG
(Clusters of Orthologous Genes database) functional
annotations (Tatusov et al. 2001).

We subsequently consider various approaches for
estimating the evolutionary temperature, or genetic
and functional diversity, of domain superfamilies and
functional groups. These calculations were restricted
to the prokaryotic sample to ensure maximum accu-
racy in gene identification. This is discussed in more
detail below.

Superfamily Functional Distribution in the Ancestral
Domain Set

Since nobody knows the average Horizontal Gene
Transfer (HGT) rate, we have tried to avoid specu-
lation on HGT estimations for superfamilies recon-
struction in the LUCA by using a very conservative
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selection protocol (see Materials and Methods). Even
though this choice risks underestimating the com-
plexity of the LUCA by rejecting many ancestral
superfamilies with species distribution percentages
below the threshold.

One hundred forty superfamilies were found in
practically all organisms of the three main kingdoms
(Bacteria, Archaea, and Eukaryotes), and therefore
considered to be ancestral (the ‘“Ancestral super-
families” row in Table 1). This ancestral set repre-
sents 15% of all superfamilies, 55% of all domains
found in bacterial genes (last row in Table 1), and
18% of all domains in eukaryotes (data not shown),
indicating that an important proportion of the cur-
rently annotated genes in Gene3D come from a rel-
atively few phylogenetic lineages that originated
before the separation of the major kingdoms.

The ancestral domains have representatives in all
six functional groups from the COGs database. The
translation and the metabolic functional groups
comprise the majority of ancestral domains, with very
similar numbers of ancestral superfamilies (48 and 46,
respectively; Table 1). Metabolism has undergone a
higher expansion than translation, with more new
variants appearing during evolution (385 versus 90
superfamilies and 106,294 versus 14,748 domains;
Table 1).

Analysis of the Cellular Functions of Ancestral CATH
Superfamilies in the LUCA

We have assumed that when a domain superfamily is
ubiquitous in the majority of species, it is highly
probable that this structural domain was present in the
LUCA, since the alternative evolutionary scenario,
based on independent HGT events, is very unlikely.
Additionally, domains that share the same genetic
lineage are also highly likely to share similar molecular
mechanisms and function. However, even though
there may be conservation of very general functional or
molecular mechanisms (see Todd et al. 2001), some
ancestral superfamily domains show such high func-
tional diversification that it is difficult to define a con-
crete function for them. For example, the ATP-loop
superfamily has representatives in 230 different or-
thologue clusters divided into 19 different COG func-
tional subcategories. Although the ATP-loop domain
is mainly represented in metabolic pathways, this do-
main is also involved in disparate functional roles.
Another example is the NADH binding domain,
which, broadly speaking, provides reducing energy
when combined with other gene domains involved in
practically all cellular functions. Knowing that these
two ancestral domains are involved in ATP hydro-
lysis or NADH binding is not saying much about
their putative functional roles in the LUCA. There-
fore, although it is clear that these two domains were

Superfamily functional annotation statistics

Table 1.

Not

Functionally

Poorly

Cellular

annotated in

COG

annotated in

COG

characterized

®)
55

Transcription

X)
33

processes

©

Metabolism

M)

Replication

@
56
12

Translation

)
90
48

Total

Functional group

214 940

726

107
21

385
46

All superfamilies

140

140

Ancestral Superfamiles

Percentages

15%

0%

19%

13%

21% 12% 20% 18%

9,392

53%

190,627
104,087
55%

2,089

188,538
104,087
55%

12,244
7,819
64%

16,563
8,131
49%

29,297
12,863

44%

106,294
59,195
56%

14,748
11,695
79%

All domains

4,384
47%

Ancestral domains
Percentages

0%

Note. Number and percentages of superfamilies and gene domains (rows) distributed in different functional groups (columns). Column heads give the six functional groups (see Materials and Methods),
with the one-letter code in parentheses. “All superfamilies™ is the distribution in functional classes of the 940 superfamilies found in bacteria. ““Ancestral superfamilies” is the distribution of the 140-

ancestral superfamily set. “Percentages” (third row) are the percentage ratios of ancestral superfamilies with respect to all superfamilies in each vertical subdivision. ““All domains” is the number of

domains in each column subdivision. “Ancestral domains” is the number of domains in the ancestral set. “Percentages” (sixth row) are the percentage ratios of ancestral domains with respect to all

domains in each column subdivision.
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Fig. 1. Schematic representation
of cellular functions represented by
the ancestral set of superfamilies.
The cellular and/or functional
locations of the superfamilies’
domains are represented by
numbers. CATH identifications
and functional description of all

ancestral superfamilies are given in

present in the LUCA, their specific roles are more
difficult to define. Thus, there are two issues to con-
sider in defining ancestry: the first refers to the
analysis of the domains ubiquity through all species;
the second refers to the probable functions that such
domains could have performed in the LUCA.

The functional analysis for all ancestral super-
families is shown online (Supplementary Table 3) and
their functions are mapped onto a scheme of the
cellular processes and components in Fig. 1, with the
following correlation between them. In each case, the
superfamily domains are grouped by functional
groups and then given consecutive numbers from 1 to
140 in Supplementary Table 3. These numbers are
used to illustrate the location of the domain in Fig. 1
and are shown in brackets below. A relationship be-
tween ancestral structural domains and specific
ancestral functions could not be established for all the
superfamilies, therefore some superfamilies from
Supplementary Table 3 are not indicated in Fig. 1. In
analyzing the functions identified in the LUCA, a
number of sources were consulted (Nelson & Cox
2000; Metzler 2002; Voet & Voet 2004).

There are universal CATH domains related to
interconversion of sugars and synthesis of polysac-
charides (18, 31, 36, 39, 44, and 128). The glycolytic
or Embden-Meyerhof pathway (glucose — pyru-
vate) is very well represented in practically all of its
steps (12, 15, 20, 32, 33, 121, 17, 8, 11). Two enzymes
in this pathway (glyceraldehyde 3-phosphate dehy-
drogenate [20] and glycerol 3-phosphate kinase [32
and 33]) are particularly important. They catalyze the
following two reversible reactions, respectively.

Supplementary Table 3 following
the same numbering code.

Glyceraldehyde 3-phosphate + P; + NAD" «
1, 3-bisphosphoglycerate + NADH + H*

1, 3-Bisphosphoglycerate + ADP «+

2
3 phosphoglycerate + ATP )

These reactions could be particularly important in the
LUCA, as, through them, inorganic phosphate is
incorporated into a high-energy bond, the adequate
equilibrium NAD/NADH is partially maintained,
and the net synthesis of ATP at substrate-level
phosphorylation is produced. These two enzymes
greatly endow the LUCA with the ability of devel-
oping in an anaerobic environment, as oxygen was
not required for the synthesis of ATP (through the
Krebs cycle) and NAD ™ could be recovered by some
fermentative process.

The occurrence of transaldolase (12) and transke-
tolase (29) also deserves a special mention, as these
enzymes catalyze two reversible steps in the Calvin
cycle and in the pentose-phosphate pathway (Sillero
et al. 2006). The Calvin cycle would allow the LUCA
to assimilate CO, and generate hexoses according to
the equation:

6CO, + 18ATP + 12NADPH + 12H" —

3
hexose + 1SADP + 18P + 12NADP* (3)

Related to this cycle, an additional system to capture
light energy and to produce NADPH and ATP would
be needed.

The pentose phosphate pathway has strong meta-
bolic similarities to the Calvin cycle. Although the
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argument in favor of both pathways relates to the
occurrence of these two enzymes (transketolase and
transaldolase), we may suggest that a cycle with these
characteristics would be very convenient for the
LUCA as a way of producing sugars of different
chain lengths (with three, four, five, six, or seven
carbons atoms) and of allowing an alternative route
for glucose use and to get reducing power, essential
for biosynthetic processes (Sillero et al. 2006).
Acetyl-CoA seems to be the center of a metabolic
crossroads involved in the synthesis of cholesterol
and/or steroids (3, 12, 15) and synthesis and degra-
dation of fatty acids (10, 21, 132). The Krebs cycle is
only represented by domains corresponding to o-
ketoglutarate dehydrogenate (17) and fumarase (1).
Concerning nucleotide metabolism, it is worth
noting the occurrence of a nucleoside phosphorylase
domain (34). This is a key enzyme in the purine and
pyrimidine salvage pathway. It catalyzes the phos-
phorolysis of a nucleoside, according to the reaction

B-ribose + Pi — B + ribose 1-P 4)

where B is a nitrogenous purine or pyrimidine base.

Two more enzymes are needed to complete the
salvage nucleotide cycles: nucleotidases and B-phos-
phorybosyl transferases (35). The latter family of
enzymes catalyzes the reactions

B + Phosphoryhosyl Pyrophosphate — s
B-ribose-p + ppi )
On the other hand, the cleavage of a mononucleotide
to a nucleoside could be carried out by a specific
nucleotidase or by nonspecific phosphatases. The
latter topic brings us to the point of whether LUCA
benefited from a de novo purine synthesis pathway, a
complex metabolic route composed of 11 enzymes
and yielding IMP as the final product. It seems as if
only a dihydrofolate reductase activity (38) could be
indirectly related to this pathway, through its par-
ticipation in one-carbon transfer reactions. Here we
are faced with two alternatives: either the LUCA
synthesized nucleotides by the de novo pathways or it
took them from the surrounding soup in the form of
bases or, most probably, nucleosides, as some of the
bases are rather insoluble in aqueous media.
Enzymes catalyzing interconversion of nucleoside
monophosphates are also present as exemplified by
adenylosuccinate lyase (1, 2, 5), an enzyme that cat-
alyzes the formation of AMP from adenylosuccinate.
If LUCA was able to capture the main bases or nu-
cleosides from its surroundings, interconversion of
the nucleotide pathway would not be strictly needed.
The presence of a ribonucleotide reductase (46)
points to the possibility of the LUCA transforming
ribonucleotides into the corresponding deoxyribo-
nucleotides; the occurrence of both RNA and DNA

could then be suggested from the sole existence of this
enzyme.

Ancient CATH superfamilies involved in DNA
synthesis, repair, ligation, and modification are rep-
resented in LUCA (47-58) (Leipe 1999). Also, do-
mains related to the synthesis of RNA and DNA
transcription are also well represented (60—64). Par-
ticularly abundant are domains related to the ribo-
somal particle, to protein synthesis, and with
aminoacyl-tRNA synthetases (65-112). Also note-
worthy is the occurrence of proteins with character-
istic chaperones (114, 117, 130) or with peptidyl-
propyl isomerase activity (120).

There are also domains involved in the transfer of
methyl (23, 25, 38, 42) and NHj; groups (16, 131) and
in the interconversion of amino acids (40, 45, 116).

Finally, there are groups of activities related to
membranes and cell wall biogenesis (6, 19, 22, 121,
122, 129, 133), transduction of protein-protein signals
and gene regulation (37, 59, 118, 124, 134), protein
signal recognition for protein transport (113, 115),
cell division (127), electron transport (9, 17, 42, 43,
119, 126), and ATP synthase (4, 7).

From the metabolic and functional properties of
the universal ancient families described above, it can
be inferred that the hypothetical LUCA was endowed
with important functional properties such as synthe-
sis of DNA, RNA, or proteins probably similar to
those actually operating in bacteria.

Also relevant is the important role of glucose
metabolism represented by particular CATH do-
mains in each one of the metabolic steps corre-
sponding to sugar interchange, biosynthesis of
polysaccharides, and degradation of glucose to
pyruvate. Through the latter pathway, the LUCA
could get ATP in an anaerobic environment. In
contrast, the Krebs cycle is poorly represented in the
CATH superfamilies selected as universal. In our
view, the LUCA was faced with two important
challenges associated with the source of amino acids
and purine/pyrimidine bases or nucleosides. Most of
these compounds need complex pathways to be syn-
thesized and our analyses suggest that these are not
present in the LUCA. Based on that, we are more in
favor of amino acids and nitrogenous bases being
present in a possible primitive soup rather than being
synthesized by the LUCA. Another possibility is that
different parts of these synthesis pathways were split
among disparate organisms integrated in a hypo-
thetical ancestral ecosystem. In this regard, the
occurrence of two enzymes essential for the recovery
of purine and pyrimidine bases and nucleo-
sides—nucleoside phosphorylase and base-phospho-
rybosyl transferase—is highly relevant.

Our analysis also suggests that the LUCA may
have functions related to membrane and wall struc-
tures biogenesis and, associated with them, machin-



ery to carry out redox reactions coupled to electron
transfer and synthesis of ATP. Also interesting is the
presence of chaperones, domains involved in protein-
protein recognition, signal transduction, gene regu-
lation, cell division, protein signal recognition, and
transport.

Ancestry and Evolutionary Temperature

The degree of universality observed for superfamilies
in each functional group is shown in Fig. 2a. Super-
families in the highest universality range (90%—100%)
do not change significantly when eukaryotes are in-
cluded in the analysis (data not shown), suggesting
that ancestral and essential superfamilies in prok-
aryotes also tend to be ancestral and essential for all
three kingdoms. Metabolism shows the highest rep-
resentation in all the universal classes, emphasizing
the important role of metabolism in bacterial adap-
tation as a means of generating new functional vari-
ants (Fig. 2a).

If we consider the degree of universality exhibited
by different functional groups, it is clear that families
involved in translation show a significant bias toward
high universality compared to other functional
groups (see Fig. 2b and Supplementary Table 2b and
Fig. 2b), confirming the ancestral origin and essenti-
ality of this cellular system. Metabolism shows an
almost-homogeneous distribution throughout all
universality ranges, while the poorly characterized
group shows a significant bias toward lower univer-
sality ranges (Fig. 2b and Supplementary Table 2b
and Fig. 2b).

Woese introduced the term evolutionary tempera-
ture to denote the number of changes accepted by a
given system and the diversity of variants that result.
Although it is possible to infer from Fig. 1b that
translation is the most ancestral system, as proposed
by Woese (1998, 2002), followed by the rest of the
functional groups, differences in universality could
also be explained by the differences in evolutionary
temperatures or gene variation exhibited by these
functional groups, as suggested by Doolittle (2000).
Higher duplication rates and therefore genetic vari-
ation would make it harder to detect homologues
across species and result in some families having
artificially low universality values. This clearly makes
the dating of cellular systems based on sequence
conservation among distant species problematic.

To explore this further we devised some new ap-
proaches to measuring evolutionary temperature,
which we have applied to the large set of completed
prokaryote genomes (100 genomes). In contrast to
eukaryotic genes, accurate identification of ORFs is
possible in prokaryotes, because there is less noise
from domain rearrangements, less complicated gene
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Fig. 2. Universality percentage distribution analysis of the six
functional groups in bacteria, for the 726 functionally annotated
superfamilies. a Number of superfamilies for each of the six func-
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axis). b Percentage of superfamilies (y-axis) distributed by universal
distribution percentage classes (x-axis). Functional groups are also
indicated.

architectures, and an almost-complete absence of
noncoding regions. In prokaryotes, there is also a
strong correlation between the number of ORFs and
the genetic and functional complexity, with an al-
most-complete absence of nonfunctional genes or
pseudogenes (Mira et al. 2001; Moran 2002; Gio-
vannoni et al. 2005). Additionally, there is a higher
deletion pressure on functionally redundant genes,
compared to eukaryotes, resulting in a higher corre-
lation between the number of gene variants and
functional diversification (Morett et al. 2003). All
these features make prokaryotes an ideal sample for
calculating the evolutionary temperature of super-
families.

Traditionally, variation within a superfamily is
measured as the number of point changes detected in
protein or DNA multiple sequence alignments
(MSAs). Analysis of sequence variation gives an
estimate of the mutation acceptance in terms of en-
tropy or percentage conservation in the alignments
(Valdar 2002). By contrast, little has been done to
estimate the tolerance to genetic versatility of families
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axis) versus universality percentage (x-axis) for each superfamily.

or functional systems, and so we have sought to take
this into account in devising new measures of evolu-
tionary temperature. Here we assess four parameters
for measuring the evolutionary temperature of su-
perfamilies and functional groups. The relationship
between the evolutionary temperature and the
ancestry of the different groups is analyzed below.

Superfamily duplication rates and functional diver-
sification. The number of homologues within a
superfamily can be used as an estimate of the super-
family’s duplication rate during evolution. When the
numbers of homologous domains are plotted against
the number of different COG orthologue clusters
(Fig. 3a), for the 726 prokaryotic superfamilies
annotated in the COG database, we see a high cor-
relation between superfamily duplication rates and
their functional diversification, suggesting that gene
duplication is highly correlated with the provision of
new functional variants in prokaryotic cells and,
therefore, a superfamily’s evolutionary temperature.

The number of different COG subcategory func-
tions exhibited by domains within a superfamily, as
an estimation of the functional diversification of the
superfamily, is plotted against the number of
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homologous domains for each of the 726 superfami-
lies functionally annotated in prokaryotes (Fig. 3b).
Superfamilies with higher universal distribution per-
centages exhibit a wide range of functional diversifi-
cation values, while the less universal or more specific
superfamilies show lower levels of functional diver-
sification (see the x-axis in Fig. 3b). Figure 3b shows
that some ancestral superfamilies (with high univer-
sality) have remained in the same functional niche,
throughout evolution, while others have remained
highly creative, providing new functional variants.

To understand these different evolutionary
behaviors in the most universal protein families, we
compared the ancestral superfamilies involved in
translation and metabolism, as these two groups
represent almost 70% of all ancestral superfamilies,
and the number of superfamily domains (48 meta-
bolic and 46 translation; see Table 1) are quite similar
and large enough to allow significant statistical
comparison.

When the number of superfamily homologues
(equivalent to duplication rates) is compared between
the ancestral set of metabolic and translational su-
perfamilies, there is a clear difference between these
two functional groups (Fig. 3c). Ancestral metabolic



superfamilies show a significant bias (with a confident
p < 0.001, Kolmogorov-Smirnov test; see Materials
and Methods) toward duplication rates higher than
those associated with translation (Fig. 3c). The fre-
quency distributions in different COG classes, for
these two ancestral groups, also show significantly
different shapes (with a confident p < 0.001; Fig 3d).
Ancestral superfamilies in translation show low
functional diversification, with about 80% of the su-
perfamilies having only one COG functional subcat-
egory assigned to them (Tatusov 1997; Koonin 2003;
Ranea 2004). This contrasts with metabolism, where
73% of the ancestral superfamilies have functionally
expanded into two or more COG functional subcat-
egories. These results reveal disparate rates of genetic
duplication and functional diversification of these
two ancestral groups, throughout evolution.

Superfamily occurrence profiles and genome size
correlation. Although increasing prokaryotic gen-
ome size implies increasing genetic and functional
complexities, genome size is not related to species
lineage or ancestry in prokaryote (Ochman et al. 2000).
That is, prokaryotes with the most complex genomes
are not necessarily the most evolved. For example,
Buchnera is a species closely related to E. coli, but its
genome is four times smaller. Buchnera has recently
adapted its genome to efficiently exploit a symbiotic
relationship with aphids (Shigenobu et al. 2000), by a
process described as evolution by reduction (Dobrindt
and Hacker 2001; Moran 2002). Although Buchnera is
four times less complex than E. coli, this bacterium is
not four time more ancient. Rather, bacteria change
their genome size in response to different environments
or reproduction strategies (Dufresne et al. 2005; Gio-
vannoni et al. 2005; Ranea 2005).

However, genome size variation is the final con-
sequence of gene gains and losses at the superfamily
and functional group levels (Ranea et al. 2005).
Therefore analyzing the correlation of genetic varia-
tion with genome size can provide another estimation
of superfamily evolutionary temperature, since it
measures the tolerance to genetic variation of the
superfamilies and functional groups as a function of
the genome size adaptation in each organism.

To explore this, the correlation between super-
family occurrence profiles and bacterial genome sizes
was calculated using Pearson’s correlation coefficient.
The largest superfamilies, with high numbers of ho-
mologues, tend to have expansions highly correlated
with genome size (Fig. 4a), while superfamilies
varying independently of genome size (low size cor-
relation coefficients, e.g., <0.2) show low duplication
rates (Nimwegen 2003; Ranea 2004).

Except for translation, the superfamily frequency
distribution in genome size correlation bins shows a
clear bias away from the random distribution ex-
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pected for all the functional groups (Fig. 4b and
Supplementary Table 2c and Fig. 2c). Replication
shows a distribution intermediate between random
and remaining distributions, while metabolic distri-
bution is the most distant from random and most
closely correlated with genome size variation.

The separation between translation and metabo-
lism is even more pronounced when we consider only
the ancestral superfamilies (Fig. 4c), indicating that
the dynamics of superfamily expansion in translation
has been practically independent of genome size
variation since before the separation of the three
kingdoms, while in the ancestral metabolic set, ge-
netic variation has generally contributed to pro-
karyotic genome size adaptation (Ranea et al. 2004).

Superfamily coefficient of interspecies gene varia-
tion. Although two superfamilies can show similar
duplication rates, and therefore similar average
numbers of homologues, they can differ significantly
in the distributions of homologous genes throughout
different species (see examples of two real superfam-
ilies in Figs. 5a and b). The deviation from average in
the number of paralogues in each organism can be
estimated by dividing the standard deviation by the
mean. This statistical ratio is called the coefficient of
variation (CV) (Wayne 1995), and in the context of
this work it is referred to as the coefficient of inter-
species gene variation (CIGV) (see Materials and
Methods).

Superfamilies with high CIGV values seem to be
more adaptable (hotter evolutionary temperature),
changing the number of gene variants with the spe-
cific functional requirement of each species, expand-
ing the number of homologous gene domains in some
bacteria and reducing their representation in others
(Fig. 5a). On the contrary, superfamilies with an al-
most-constant number of homologues per species
(low CIGV values) exhibit low flexibility to accept or
reject genetic variants (colder superfamilies; Fig. 5b).
The different degrees of genetic versatility and,
therefore, adaptability, measured by the CIGV, also
therefore reflect evolutionary temperature.

The superfamily distribution of the functional
groups in seven different CIGV classes shows similar
shapes except for translation (Supplementary Table
2d and Fig. 2d) (Ranea 2004). In the translation
group the distribution is significantly biased toward
the lowest CIGV values. These disparate distribution
shapes are particularly pronounced when the ances-
tral sets of superfamilies in the translation and met-
abolic groups are compared (Fig. 5c).

The ancestral metabolic superfamily distribution
shows a significant bias toward higher CIGV values
compared to the ancestral translation set. Since both
ancestral subsets have apparently evolved throughout
a similar evolutionary time, these differences seem to
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be mainly due to the higher genetic adaptability of
the ancestral metabolic superfamilies to the specific
functional requirements of different organisms. On
the contrary, translation shows a frozen profile with

an extremely low deviation in the number of
homologous genes per species (Ranea 2004).

Rates of superfamily innovation in the functional
groups. Although the universal presence of a given
superfamily is proof of its ancestry, low representa-
tion is not proof to the contrary, as a superfamily
could be present in the ancestor but maintained in
only a few cellular lineages and lost by deletion in the
rest (Doolittle 2000). However, although percentage
universality is not a good measure of how old a
superfamily is, it could be a good indicator of the
degree of species specificity of a superfamily.

Figure 6 shows the cumulative proportion of su-
perfamilies within each functional group, in different
percentage universality bins. The distributions (re-
ferred to here as “innovation lines’) observed for each
functional set reflect the versatility of the functional
groups in adapting to speciation by creating new,
more species-specific protein families. Diagonals
would be expected if the superfamily innovation has
been directly proportional, during evolution, to the
different speciation processes, while large deviations
above this central diagonal suggest lower rates of
innovation than proportional (colder functional
groups), and deviations below the diagonal mean
higher rates of innovation than proportional (hotter
functional groups).

As reported by Woese, the majority of superfam-
ilies involved in translation (triangles in Fig. 6) seem
to have an ancestral origin and few new species-spe-
cific superfamilies seem to have appeared for a long
time. The innovation line for translation shows a
sharp fall, from 80% to 20% universality, reflecting
the bias between the number of eubacterial and the
number of archaeal species in the sample used, and
mirrors the differences in translation between these
two phyla. After translation, replication shows
slightly more flexibility in accepting superfamily
innovation. Metabolism, cellular processes, and
transcription show innovation rates closer to the
proportional-trend central diagonal line (Fig. 6).
However, the transcription set must be carefully
considered due to its low statistical weight (few
superfamily domains associated with this set; Ta-
ble 1) and its particular superfamily composition in
this work. The transcriptional group as defined here,
in addition to the RNA-polymerase enzymes and
related domains considered in former analyses (Wo-
ese 1998; Koonin 2003), also includes superfamilies
involved in gene regulation such as different tran-
scription factor domains (e.g., A-repressor, winged
helix repressor, and the homeodomain-like DNA
binding domain).

From their innovation rates, metabolism and cel-
lular processes, in particular, seem to have had an
important and constant role in speciation at all levels
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(CIGYV) analysis. a, b Examples of two real specific superfamilies, 4
and B, with similar numbers of domains (similar means) and dif-
ferent standard deviation values. (a) Superfamily A4: chaperone
(heat shock protein 90-like) superfamily domain (CATH code,
3.30.565.10; CATH-PDB code, 1ah600). (b) Superfamily B: nucleic
acid-binding protein  superfamily domain (CATH code,
2.40.50.140; CATH-PDB code, 1ckmA?2). (a, b) Plots: number of
domains (y-axis) in each of the different 100 prokaryote species (x-
axis). ¢ For the ancestral set of the 46 superfamilies in metabolism
(red line) and the 48 superfamilies in translation (blue line): per-
centage of ancestral superfamilies (y-axis) distributed by super-
families’ CIGV percentage classes (x-axis).

of the species tree in bacteria. Poorly characterized
superfamilies show an innovation line slope below the
constant rate, pointing to higher rates for superfamily
specificity than any other group. Again, ancestry is
related to colder evolutionary temperatures reflected
by low superfamily innovation rates, identified here,
particularly, in translation.
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Conclusions

The assignment of completed genome sequences to
CATH structural domain superfamilies has provided
a sensitive method to derive a more realistic distri-
bution of superfamilies in distant species. From this
annotation we know that the LUCA, or the primitive
community that constituted this entity, was func-
tionally and genetically complex (Table I, Fig. 1,
Supplementary Table 3), supporting the theory that
life achieved its modern cellular status long before the
separation of the three kingdoms (Doolittle 2000).
Contrary to analyses based purely on sequence con-
servation and universal ubiquity throughout all
species, which suggested a simple LUCA with trans-
lation and few other genes (Koonin 2003), with the
application of a more sensitive method to detect re-
mote homology, we can affirm that the LUCA held
representatives in practically all the essential func-
tional niches currently present in extant organisms,
with a metabolic complexity similar to translation in
terms of domain variety. The criteria applied to select
ancestral superfamilies are stringent in order to en-
sure a confident sample of ancestral representatives.
The selected 140 ancestral domains are analogous to
spots in a “‘connect-the-dots” picture, suggesting the
presence of other hidden partners in the LUCA’s
functional composition. Likewise, the true genetic
and functional content of the LUCA has, with all
probability, been underestimated. Even if the ances-
tral domain set in the LUCA was much larger than
the set considered here, the functional analysis of this
selected sample reveals that the LUCA comprised
functions for (i) replication, transcription, and
translation; (ii) the use of glucose and other sugars;
(iii) the assimilation of amino acids and nucleosides/
bases; (iv) the synthesis of ATP both by substrate-
level phosphorylation and through redox reactions
coupled to membranes; (v) signal transduction and
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gene regulation; (vi) protein modification; (vii) pro-
tein signal recognition, transport, and secretion; (Vviii)
protein folding assistance; and (ix) cell division.

The comparison of evolutionary temperature
among the ancestral functional groups in the LUCA,
particularly between translation and metabolism,
indicates that different functional systems in LUCA
have undergone disparate rates of functional diver-
sification and genetic expansion through the same
evolutionary period (Figs. 3c and d, 4c, and 5c). As a
result of these differences, some ancestral superfami-
lies have stayed in the same functional niche, while
others have remained highly creative, providing many
new functional variants throughout similar evolu-
tionary timescales.

As already discussed, these data call into question
the methodology applied for dating the emergence of
cellular systems based on Woese’s (1998, 2002)
annealing hypothesis, since these differences seem to
correspond more to the specific features and adap-
tabilities of the different functional systems than to
the time during which the systems have been evolving
since they emerged in evolution. For example, the use
of a complex interlinked machine for protein bio-
synthesis—the ribosome—compared with the more
modular metabolic pathways, is likely to have been a
restraint on protein variation in the translational
system. However, metabolism shows the highest
representation in all the universal classes, emphasiz-
ing the important role of metabolism in prokaryotic
adaptation as a means of generating new functional
variants (Figs. 2a and 6). In other words, prokaryotic
metabolism will probably never evolve toward any
highly integrated and complex single system univer-
sally distributed as has occurred in translation, but it
will always be at the core of prokaryote competition
and diversification. Furthermore, whatever was the
real order of appearance of the different cellular
systems in evolution, the progressive evolution and
subsequent annealing of the different functional sys-
tems may have occurred prior to a time point we can
reliably trace back to, at least with current genome
comparison analyses.

In summary, by combining analyses of multiple
features, including correlation of duplication rates
with functional diversity, flexibility of a superfamily’s
gains and losses in contributing to genome size and
species adaptation, and, finally, the ability of a
functional group to be innovative and contribute new
species-specific functional variants, we have revealed
a spectrum of superfamilies and functional groups
from the evolutionarily cooler ones involved in
translation through to the hotter metabolic and
poorly characterized ones which have enriched the
functional repertoire of bacteria in response to envi-
ronmental stimuli. However, this property, by giving
rise to greater genetic and functional diversity, is

associated with greater sequence divergence, making
it harder to trace evolutionary relationships in hotter
groups (e.g., metabolism) and suggesting that the
predicted absence of some of these superfamilies in
the LUCA may simply reflect their hotter evolu-
tionary temperature.

The metaphor arising from this analysis is of a
LUCA comprised of “soft”” and “hard” parts just as
human bodies are made of bones and tissues. When
anthropologists discovered ancient bones they did
not surmise our ancestors’ appearance as skeletons.
They imagined bones surrounded by muscles and
other tissues more susceptible to decomposition
during time. Even using very conservative selection
criteria to identify ancestral superfamilies, the LUCA
shows a similar number of metabolic and transla-
tional protein domains. Since metabolic superfamilies
generally have hotter evolutionary temperatures, it is
quite probable that an underestimation of true
ancestral superfamilies affects this group more sig-
nificantly. Conversely, it is highly probable that the
metabolic domains were thus more represented than
the translational ones in the genetic-based organisms
of the most primitive times (Castresana 2001).
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