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Letter

Reconstructing large regions of an ancestral
mammalian genome in silico
Mathieu Blanchette,1,4,5 Eric D. Green,2 Webb Miller,3 and David Haussler1,5
1

Howard Hughes Medical Institute, University of California, Santa Cruz, California 95064, USA; 2National Human Genome
Research Institute, National Institutes of Health, Bethesda, Maryland 20892, USA; 3Department of Biology,
Pennsylvania State University, University Park, Pennsylvania 16802, USA

It is believed that most modern mammalian lineages arose from a series of rapid speciation events near the
Cretaceous-Tertiary boundary. It is shown that such a phylogeny makes the common ancestral genome sequence an
ideal target for reconstruction. Simulations suggest that with methods currently available, we can expect to get 98%
of the bases correct in reconstructing megabase-scale euchromatic regions of an eutherian ancestral genome from the
genomes of ∼20 optimally chosen modern mammals. Using actual genomic sequences from 19 extant mammals, we
reconstruct 1.1 Mb of ancient genome sequence around the CFTR locus. Detailed examination suggests the
reconstruction is accurate and that it allows us to identify features in modern species, such as remnants of ancient
transposon insertions, that were not identified by direct analysis. Tracing the predicted evolutionary history of the
bases in the reconstructed region, estimates are made of the amount of DNA turnover due to insertion, deletion,
and substitution in the different placental mammalian lineages since the common eutherian ancestor, showing
considerable variation between lineages. In coming years, such reconstructions may help in identifying and
understanding the genetic features common to eutherian mammals and may shed light on the evolution of human or
primate-specific traits.
[Supplemental material is available online at www.genome.org and http://genome.ucsc.edu/ancestors.]

Following completion of the human genome sequence, there is
now considerable interest in obtaining a more comprehensive
understanding of its evolution (International Human Genome
Sequencing Consortium [IHGSC] 2001; International Mouse Genome Sequencing Consortium [IMGSC] 2002; Rat Genome Sequencing Project Consortium [RGSPC] 2004). Patterns of evolutionary conservation are used to screen human DNA mutations
to predict those that will be deleterious to protein function (Sunyaev et al. 2001; Ng and Henikoff 2002) and to identify noncoding sequences that are under negative selection, and hence,
may perform regulatory or structural functions (Hardison 2000;
Boffelli et al. 2003; Cooper et al. 2003; Margulies et al. 2003;
Bejerano et al. 2004). Long periods of conservation followed by
sudden change may provide clues to the evolution of new human traits (Goodman et al. 1971; Challem 1997; Enard et al.
2002). All of these efforts depend, directly or indirectly, on reconstructing the evolutionary history of the bases in the human
genome, and hence, on reconstructing the genomes of our distant ancestors.
The hope of learning about long extinct species by recovering and cloning their DNA has engaged the popular as well as the
scientific imagination, but the reality of such endeavors falls
short of expectations on two grounds. The first is lack of information; there is not enough intact DNA in the modern remains
of species that have been extinct for many millions of years to
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infer ancestral genome sequences (Austin et al. 1997; Marota and
Rollo 2002). The second is lack of the necessary biotechnology to
synthesize large genomic regions from many small pieces. While
there is recent progress in overcoming the second obstacle (Smith
et al. 2003), the problem of loss of information appears to be
insurmountable for species from, say, the Jurassic or Cretaceous
periods that have left behind few modern descendants. However,
for ancient species with many different modern descendants,
there is still the possibility that large regions of their genomes can
be approximately inferred from the genomes of modern species
using a model of molecular evolution. On a smaller scale, such
ancestral reconstructions have been performed for protein families including rhodopsin (Chang et al. 2002), ultraviolet vision
gene SWS1 (Shi and Yokoyama 2003), ribonucleases (Jermann et
al. 1995; Zhang and Rosenberg 2002), Tu elongation factors
(Gaucher et al. 2003), steroid receptors (Thornton et al. 2003) (for
review, see Chang and Donoghue 2000; Thornton 2004), for
transposons (Adey et al. 1994; Smit and Riggs 1996; Ivics et al.
1997; Jurka 2000), and for small genomes like HIV (Hillis et al.
1994), in which case the predicted ancestral sequences were compared with the known ones. However, studies of large-scale computational genome reconstruction, an undertaking that might be
termed computational “paleogenomics” (Birnbaum et al. 2000),
have been limited to higher-level genome properties such as gene
order (Blanchette et al. 1999; El-Mabrouk and Sankoff 1999;
Pevzner and Tesler 2003; Bourque et al. 2004) or karyotype
(Graphodatsky et al. 2002; Yang et al. 2003).
Maximum likelihood algorithms for the reconstruction of
ancestral amino acids or DNA bases have been developed and
used by several groups (Yang et al. 1995; Koshi and Goldstein
1996; Cunningham et al. 1998; Schultz et al. 1996; Pupko et al.
2000, 2002). The maximal likelihood approach appears to work
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Ancestral genome reconstruction
better than parsimony methods (Zhang and Nei 1997). Bayesian
methods that take into account uncertainties in the tree, branch
lengths, and model parameters have also been explored (Schultz
and Churchill 1999; Huelsenbeck and Bollback 2001), although
these involve more computationally expensive Markov Chain
Monte Carlo sampling methods. With few exceptions (Hein
1989; Fredslund et al. 2003), algorithms have been limited to
pure substitution models, and have not considered reconstruction in the presence of insertions and deletions.
We argue that a good target species for a genomic reconstruction is one that has generated a large number of independent, successful descendant lineages through a rapid series of
ancestral speciation events. In this case, the problem can be
viewed as attempting to reconstruct an original from many independent noisy copies. In the limit of an instantaneous radiation, the accuracy of the reconstruction approaches 100% exponentially fast as the number of copies increases (see Discussion).
From the Cretaceous period, a good choice for reconstruction
would be the genome of the eutherian ancestor, as this species is
believed to have spawned the relatively rapid radiation of the
different lineages of modern placental mammals (see Eizirik et al.
2001 for the radiation model used in this study, and Springer et
al. 2003 for alternate hypotheses about the pace of the mammalian radiation). This ancient species also has the added advantage
of being a human ancestor, so its reconstruction, however speculative, may shed additional light on our own evolution, perhaps
helping to explain features of the human and other modern
mammalian genomes. This study uses computational simulations to show that large parts of the euchromatic genome of that
early eutherian, including many of its noncoding regions, could
be accurately reconstructed if sufficiently many well-chosen extant mammalian genomes were available.

Simulations

Figure 1. Estimated reconstructability of ancestral mammalian sequences. Average base-by-base error rate in the reconstruction of each
simulated ancestral sequence. The error rate shown is the sum of the
percentages of bases that are missing, added, or mismatched as a result
of errors in the reconstruction, averaged over 100 simulations of sets of
orthologous sequences of length ∼50 kb. Error rates are given first for all
regions, and in parentheses for nonrepetitive regions only. The Boreoeutherian ancestor, which is the ancestor that can best be reconstructed, is
indicated by the arrow. Branches completely located inside the box are
called “early branches” (see text). The species names at the leaves only
indicate what organisms we simulated; no actual biological sequences
were used here. The tree topology and branch lengths are derived directly from Eizirik et al. (2001).

To assess the reconstructability of ancestral mammalian genomic
sequences, we performed a series of computational simulations
of the neutral evolution of a hypothetical ∼50 Kb ancestral genomic region into orthologous regions in 20 modern mammals
(Fig. 1). Simulation parameters for substitution, deletion, and
insertion were based on the analysis of ∼1.8 Mb of data from nine
mammals in the regions orthologous to the human CFTR locus
(Margulies et al. 2003; Thomas et al. 2003), as well as on a genome-wide comparison of the human and mouse genomes (Kent
et al. 2003), and on a recently derived phylogenetic tree (Eizirik
et al. 2001). The simulations included insertion of lineagespecific transposons and increased rates of substitution in CpG
dinucleotides. For each pair of orthologous sequences generated,
we verified that the average number of substitutions, insertions,
and deletions are close to those observed in the neutrally evolving regions of the greater CFTR region. We also verified that the
distribution of the sizes of insertions and deletions, as well as the
frequency and age distribution of each type of repetitive element
are close to those previously reported (IHGSC 2001; IMGSC
2002). Further details of the simulation process and its validation
are given in Methods and in Blanchette et al. (2004).
A crucial first step toward reconstructing ancestral sequences is to build an accurate multiple alignment of the extant
sequences, thus establishing orthology relationships among the
nucleotides of each sequence. To this end, we used a multiple-

sequence alignment tool called TBA (Blanchette et al. 2004)
based on the well-established pair-wise alignment program
BLASTZ (Schwartz et al. 2003). Given TBA’s multiple sequence
alignment of the soft-repeat-masked extant sequences and a phylogenetic tree relating these sequences, whose topology is assumed to be known, but whose branch lengths are inferred using
the HKY model (Hasegawa et al. 1985) and the PHYML program
(Guindon and Gascuel 2003), we predicted which positions of
the alignment correspond to ancestral bases and which correspond to nucleotides inserted after the ancestor. Here, we used a
greedy algorithm that seeks to explain the observed alignment
using a set of insertions and deletions of maximum likelihood
(see Methods). The identity of the nucleotide at each ancestral
position was then predicted using a context-dependent maximum-likelihood estimation. The only data available to the alignment and reconstruction procedure were the sequences of extant
species. No information about the simulation process (neither its
parameters nor its realization) was used to inform or set the parameters of the reconstruction process apart from the assumed
common knowledge of the phylogenetic tree topology, the parameters of the HKY substitution model, and the known classes
of transposons.
We compared the actual ancestral sequence used in our
simulations with the predicted ancestral sequence by aligning
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them and counting the number of missing bases (those present
in the actual ancestor, but not in the reconstruction), added
bases (present in the reconstruction, but not in the actual ancestor), and mismatch errors (positions in the reconstruction assigned the incorrect nucleotide). The sum of the rates of all three
types of errors was calculated separately at each ancestral node in
the phylogenetic tree (Fig. 1). The results showed that under this
phylogenetic tree with a relatively rapid placental mammalian
radiation, the neutral nonrepetitive regions of the Boreoeutherian ancestral genome that have evolved like those in our simulations can be reconstructed with about 99% base-by-base accuracy from the genomes of 20 present-day mammals. Repetitive
regions are not reconstructed as accurately, because they are
more often involved in misalignments, which can result in incorrect predictions. Nonetheless, even counting errors in repetitive regions, the total accuracy is >98%. If a reconstructed base is
chosen at random, chances are it lies at least within a 343-bp
error-free sequence, showing that reconstruction errors are often
clustered together, leaving large error-free regions. The simulated
and reconstructed sequences, as well as statistics validating the
simulation process, are available at http://genome.ucsc.edu/
ancestors. The simulations suggest that even in the nonrepetitive
regions, much of the difficulty of the reconstruction problem lies
in the computation of the multiple alignment, as a reconstruction based on the correct multiple alignment derived from the
simulation itself (and thus unavailable for actual sequences) had
less than half the number of reconstruction errors.
Looking at the reconstructability in other ancestral species
in the tree, a strong “local tree topology effect” is seen, whereby
ancestral sequences at the center of rapid radiations are much
more reconstructable than those with longer incident branches.
This effect is so strong that sequences of early eutherians living in
times of rapid radiation can be reconstructed more accurately
than those of most of the more recent ancestors.
Examining reconstructions made using smaller subsets of
this set of 20 species, it was found that, including repetitive regions, an accuracy of about 97% can be achieved using only 10
species chosen to sample most major mammalian lineages (Fig.
2). Sampling only five of the most slowly evolving lineages yields
an accuracy of about 94%. Little is gained with our current reconstruction procedures by adding more than 10 species, because

Figure 2. Estimated reconstructability of the Boreoeutherian ancestor.
Fraction of the simulated Boreoeutherian ancestral sequence reconstructed incorrectly as a function of the number of extant species used for
the reconstruction. For each number of species used, results are given
counting all bases (left columns) and only nonrepetitive bases (right columns). Species are added in the following order: human, cat, chipmunk,
sloth, manatee, rousette bat, mole, pig, beaver, tree shrew, horse, pangolin, mouse, armadillo, aardvark, okapi, dog, mole-rat, rabbit, and lemur.
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the risk of misalignment increases, while the unavoidable loss of
information in the early branches persists (dashed box, Fig. 1;
also see Discussion). However, further improvements to the multiple alignment methodology might change this.
The accuracy of the reconstruction depends crucially on the
length of the early branches. Additional simulations (Supplemental Fig. S1) revealed that if the major placental lineages had
diverged instantaneously (early branches of length zero, see Fig.
1), we would be able to reconstruct the simulated Boreoeutherian
ancestral sequence, including repetitive regions, with <1% error.
In contrast, if the early branch lengths inferred by Eizirik et al.
(2001) turned out to underestimate the actual lengths by a factor
of two, the error rate would jump to 3%, and to 6% if they were
underestimated by a factor of four.
The accuracy of the reconstruction is less dependent on the
overall branch length, within reasonable limits. If the neutral
substitution and indel rates used in the model are increased by
25%, which is considerably more than the typical 10% regional
neutral rate fluctuations observed in different genomic regions in
human–mouse genome comparisons (Hardison et al. 2003), the
accuracy of reconstruction only decreases to 97.5%. On the other
hand, if the rates are uniformly half of the neutral rate, which
corresponds roughly to the rates observed for coding regions (Eizirik et al. 2001), the reconstructed bases are >99.8% correct, with
most errors due to incorrect alignment in the vicinity of repetitive elements. If the true evolutionary rates vary from site to site
between these extremes, we would thus expect the overall average reconstruction accuracy of a region to be >97.5%, with significantly higher local accuracy for the more evolutionarily constrained subregions.
An important assumption in our reconstruction procedure
is that the topology of the phylogenetic tree is known in advance. Since the early branches of the eutherian tree are very
short, there remains some uncertainty about the precise branching order of the main mammalian phyla. Moreover, in situations
of rapid speciation, different regions of the genome may actually
have different phylogenetic trees because of incomplete lineage
sorting due to different recombination histories (Shedlock et al.
2000). To assess the consequences of using an incorrect tree as
input to the reconstruction procedure, we repeated our simulation using the original tree to generate the sequences, but using
the incorrect tree (Xenartha, Laurasiatheria, Primates), (Rodents,
Afrotheria) for the reconstruction of the ancestor. We found that
the pseudo-“Xenartha-Laurasiatheria-Primates” ancestor inferred
was an approximation of the true Boreoeutherian ancestor that
was still 98.4% accurate. The robustness of the reconstruction
with respect to changes in early branching order may be due to
the relatively small number of mutational events on these short
branches of the tree. However, similar robustness of ancestral
reconstruction to minor tree-topology changes has also been observed in simulations of amino acid evolution for more general
kinds of trees (Zhang and Nei 1997).
Finally, in addition to estimates of the overall accuracy of
the reconstruction, the simulations also suggest how we may
estimate the confidence in the reconstruction of the ancestral
base at a given site based on properties of the local alignment
containing that site. In a situation where the phylogenetic tree
and sequence alignment are known to be correct and there are no
insertions or deletions, the posterior probabilities of each of the
four possible ancestral nucleotides can be explicitly computed
using standard substitution models (Yang et al. 1995), which
readily provides the probability of reconstruction error. However,
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in the presence of indels or with an uncertain alignment, the analogous error calculation becomes problematic, even for a fixed
tree (Hein et al. 2000; Huelsenbeck 2001;
Lunter et al. 2003).
Here, we take a heuristic approach to
estimating the confidence of the reconstructed base at a given site. The probability
that an individual reconstructed base is a
mismatch error or an added base is empiri- Figure 3. (A) Estimates of the expected number of substitutions per site between a repeat
cally estimated based on local properties of consensus C, it human descendent H, and the reconstructed ancestor A*, based on a Kimura
2-parameter model and averaged over all human ancestral repeats of the region considered. The
the alignment at and around that position true ancestor A cannot be observed, but a distance of 0.026 substitutions per site between it and
(see Methods). Testing this approach in our A* is estimated from the three other distances. (B) Star phylogeny with n independent descendants.
simulations, we find that about 98.5% of (C) A tree with bifurcating root. Irrevocable information loss occurs between R and its descendants
the nucleotides of our simulated Boreoeu- A and B.
therian ancestral sequence can be reconBoreoeutherian sequence for this transposon relic and let A* be
structed with at least 90% confidence that they are not misthe reconstructed sequence. Since A stands on the evolutionary
matches or added bases, and about 95%, with at least 99%, conpath between C and H, we would expect to have d(C, H) ≈ d(C,
fidence. An additional 1% of the bases of the ancestral sequence
A) + d(A, H), where d(C, A) and d(A, H) are the expected substiare missing from the reconstructed sequence, but the locations of
tutions per site between C and A, and between A and H, respecthese omissions cannot be accurately predicted.
tively. Reconstruction errors in A* would be expected to take this
sequence away from the true evolutionary path, resulting in d(C,
Reconstruction of an ancestral region in the CFTR locus
H) < d(C, A*) + d(A*, H). Figure 3A shows the average distances
observed for ancestral repeats of the CFTR region. It indicates
Following our simulations, we applied the reconstruction
that d(C,A*) + d(A*,H) exceeds d(C,H) by 0.04 substitutions per
method to actual high-quality sequence data from a 1.87-Mb
site, which can be verified to correspond to a mismatch error rate
region containing the human CFTR locus, using 18 additional
in the reconstructed sequence A* of about 2.6%. This roughly
orthologous mammalian genomic regions (Table 2, below) genconfirms our estimate of 96% overall accuracy, since mismatch
erated by the NISC Comparative Sequencing Program (Thomas et
errors are expected to account for about half of the base-by-base
al. 2003) (see www.nisc.nih.gov). We reconstructed an approxierrors made by our method in this case and errors are concenmation to all ancestral sequences of the CFTR locus for which
trated in repetitive regions.
orthologous sequence was available in at least 16 of the 19 speFigure 4 illustrates the reconstruction in a noncoding region
cies listed in Table 2, below. In human, this corresponds to sevof the CFTR locus that exhibits a typical level of sequence coneral discontinuous segments covering a total of 1.274 Mb. Simuservation. This region is located in a 32-Kb intron of the CAV1
lations on synthetic data like those described above indicate that
gene, about 13 Kb from the 5⬘ exon. The bases in this region are
for the topology and set of branch lengths for these 19 species,
relics left over from the insertion of a MER20 transposon somethe ancestral sequence that can be most accurately reconstructed
time prior to the mammalian radiation, and are thus unlikely to
based on the sequences available is the Boreoeutherian ancestor,
be under selective pressure.
and that neutrally evolving regions of this ancestral genome can
Notice that despite the fact that the alignment of certain
be reconstructed with an accuracy of about 96%. Notice that
species (in particular, mouse, rat, and hedgehog) appears somealthough we are using sequences from 19 mammals, the prewhat unreliable, the inference of the presence or absence of a
dicted accuracies obtained are lower than those reported in FigBoreoeutherian ancestral base at a given position is quite
ure 2, because not as many major lineages or outgroups are
straightforward given the alignment, and to a lesser extent, so is
sampled. On a site-specific basis, simulations suggest that >90%
the prediction of the actual ancestral base itself. The MER20 conof the bases of the predicted ancestor can be assigned confidence
sensus is shown for comparison. Most positions where the reconvalues >99%. The reconstructed ancestor and site-specific confistructed Boreoeutherian ancestral base disagrees with the MER20
dence estimates are available at http://genome.ucsc.edu/
consensus are likely due to substitutions in this MER20 relic that
ancestors.
predated the Boreoeutherian ancestor, since the support of the
We confirmed that the 96% accuracy estimate is reasonable
reconstructed base is very strong in the extant species. If the
by analysis of transposable elements whose insertion predated
MER20 consensus sequence is used as an outgroup in the reconthe Boreoeutherian ancestor (“ancestral repeats”) (Fig. 3A). For
struction procedure, only two bases (indicated by a longer arrow)
each family of ancestral repeats, a consensus sequence is availare reconstructed differently, indicating that the reconstructed
able, obtained from the many copies of these elements scattered
ancestral sequence is very stable and most of it is likely to be
in the genome. The consensus sequence is thought to represent
correct.
the transposon sequence at the time of its insertion into this and
Because the reconstructed Boreoeutherian ancestral seother regions of the ancestral genome (Jurka 2000). We aligned
quence is evolutionarily closer to the older mammalian ancestral
the extant sequence H of each transposon relic identified in the
genomes that existed at the time of the insertions of ancestral
human CFTR region by RepeatMasker (Smit and Green 1999) to
transposons, it is superior to the human genome sequence for the
the consensus sequence C for its ancestral repeat family, and
recognition of these elements. In essence, it acts as an observaestimated the expected number of substitutions per site between
tory that allows us to see even farther back in time. When Reconsensus and human relic, d(C,H), using a Kimura 2-parameter
peatMasker is run on the inferred Boreoeutherian ancestor, anmodel (Kimura 1980). Let A be the true (unknown) ancestral
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Figure 4. Example of reconstruction of an ancestral Boreoeutherian sequence based on actual orthologous sequences derived from a MER20 retrotransposon. Arrows indicate positions where the
reconstructed ancestor differs from the MER20 consensus. Longer arrows indicate the positions where the knowledge of the MER20 consensus sequence would have changed the ancestral base
prediction. The position of the human sequence displayed is chr7:115,739,755-115,739,899 (NCBI build 34). The alignment of the flanking nonrepetitive DNA (data not shown) verifies that the
sequences from the different species are, in fact, orthologous. The tree and branches are derived directly from Eizirik et al. (2001).
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cient repeat families such as L2 LINES and MIRs are detected in
significantly larger fraction than when RepeatMasker is run on
the human sequence, because they are much less decayed [Table
1, column (b)]. This improved ability to detect very old repeats
results in an increase of 2.7% in the estimated total fraction of
the human CFTR region that derives from a transposon insertion
(from 37.7% to 40.4%).
More importantly, reconstructed ancestral genome sequences allow us to make inferences about the specific evolutionary path of functional elements such as protein-coding regions
(Jermann et al. 1995; Sunyaev et al. 2001; Chang et al. 2002; Ng
and Henikoff 2002; Zhang and Rosenberg 2002; Gaucher et al.
2003; Shi and Yokoyama 2003; Thornton et al. 2003; Thornton
2004). About 5995 of the 6026 codons from the known human
genes in the region used for this reconstruction are also clearly
coding in the other extant species. All of these 5995 codons were
reconstructed without introducing an in-frame stop codon or
frame shift, despite the fact that the reconstruction algorithm
used neither prior knowledge about exon positions nor model of
codon evolution. This indirectly suggests that the accuracy of the
reconstruction is quite high for elements of the genome that
have been under purifying selection.
The accuracy of the inferred ancestral CFTR protein sequence was verified by comparing it to outgroups like chicken
and the marsupial Didelphis virginiana (opposum). Of the 1481
amino acids of the ancestral CFTR protein, 1276 are most likely
correct by virtue of a quasi-unanimity within eutherian mammals. Of the remaining 205 amino acids where the reconstruction is not completely obvious, 137 amino acids are strongly
confirmed by a match in either chicken or opposum, and 29
others could only be weakly confirmed by a match in either frog
or Fugu. On the other hand, 15 amino acids could be incorrectly
reconstructed as indicated by the failure of the two tests above
and by a match between one of the eutherian amino acids and
either Didelphis or chicken. Overall, this gives an estimated accuracy of ∼99% at the amino acid level for the reconstruction of
the ancestral CFTR protein. This corresponds to an ∼99.5% accuracy at the base level, because roughly 2/3 of random base
changes are nonsynonymous, and there is a 3:1 ratio of bases to
amino acids. This is not as good as the 99.8% accuracy expected,
based on simulations of regions evolving at half the neutral rate
Table 1. Detected repetitive content of the reconstructed
Boreoeutherian ancestor and of human
PreBoreoeutherian ancestral repeats

Alu
LINE L1
LINE L2
LINE L3
DNA
MIR
LTR
Others
Total

Detectable in human
and ancestor (kb)a

Detectable in ancestor
only (kb)b

0
83.5
61.5
2.4
23.7
40.3
38.3
5.0

0
9.1
15.3
0.7
2.3
5.6
1.8
0.4

254.7

35.2

a
Number of human kilobases labeled by RepeatMasker as belonging to
the given family and present in the Boreoeutherian ancestor.
b
Number of human kilobases that are not detected as repetitive in human, but that are detected as such in the corresponding ancestral region.
All numbers were calculated using the sensitive mode of RepeatMasker.

on the more optimally chosen set of 20 species, but is consistent
with what we would expect from the suboptimal set of 19 species
used in this reconstruction. Interestingly, at two of the positions
where the reconstructed ancestral CFTR protein differs from human CFTR, the reconstructed ancestral amino acid is associated
with cystic fibrosis when it occurs as a human mutation (http://
www.genet.sickkids.on.ca/cftr/): Phe → Leu at amino acid position 87 (Bienvenu et al. 1994) and Met → Ile at position 1028
(Onay et al 1998). These disease-causing human variants are the
wild-type amino acids in several other species, as has been observed for other human disease proteins as well (Schaner et al.
2001). That the disease-causing amino acid variant was wild type
in our eutherian ancestor is very likely in the former case, but the
reconstruction is less clear in the latter case, because so many
different substitutions occured in different lineages.
Sensible reconstruction of hypothesized structural RNAs was
also obtained. Two regions of the CFTR locus in introns of the
ST7 gene that appear to form stable RNA secondary structures
(Margulies et al. 2003) are predicted to fold in a nearly identical
fashion in the reconstructed ancestor.
The reconstructed ancestral sequence can also be used to
gather statistics on the rates of gain and loss of DNA in different
eutherian lineages, and the shifts in substitution spectra. After
reconstruction of the Boreoeutherian ancestral sequence from
the 19 present-day genomic sequences, we compared it with
those sequences to derive these statistics (Table 2). The reconstructed ancestral sequence had a size (1124 Kb) about 10%
smaller than those of extant old-world monkeys (1260 Kb on
average, with most of the difference due to Alu insertions) and
also smaller than those of most other species, with the exception
of the two lemurs. The number of inserted and deleted bases in
primates is low compared with many other mammals (Thomas et
al. 2003), while those of rodents (but not rabbit) are high. Substitution rates follow a similar pattern (Cooper et al. 2003). Overall, the ancestral sequence is most closely related to that of primates, and perhaps, surprisingly, to that of horse.
It is predicted that the human sequence differs from that of
the Boreoeutherian ancestor in 30.3% of its bases, 21.7% resulting from insertions, and thus not present in the ancestor, and
8.6% resulting from substitutions. In addition, the human sequence has lost about 11.3% of the ancestral bases. Most differences between the human and ancestral sequences derive from
primate lineage insertions of transposons, in agreement with
other recent studies (IMGSC 2002). In contrast, rodents differ in
about 55%–60% of their bases and have lost about 39% of the
ancestral bases, while hedgehog differs from the ancestor in 58%
of its bases and has lost 50%. Though this high mutation rate
makes these species very useful for detecting functional regions
through comparative genomics (Margulies et al. 2003), it makes
them of less use for reconstructing ancestral sequences. Because
of the difficulty of aligning such rapidly evolving sequences, the
accuracy of these estimates for rodents and hedgehog remains
uncertain.
The set of 19 species we used is not a uniform sampling of
the eutherian phylogenetic tree, but rather is biased toward close
human relatives, containing seven old-world monkeys. To ensure that the number of closely related species does not unduly
affect the reconstructed ancestor by biasing it toward the human
sequence, we repeated the reconstruction procedure, removing
all primates but human and lemur. The new reconstructed ancestor was not significantly farther from the human sequence,
with 0.113 expected substitutions per site (compared with 0.111
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Table 2. Comparison of modern sequences to predicted ancestor

Species

Deletions

Insertions

Substitutions

Size of region
(kb) (a)

Nonrepetitive
%GC-content (b)

% of
ancestor
lost (c)

% of extant species’ bases
acquired (nonrepetitive
only) (d)

% of extant species’ bases
changed (expected #
substitutions per site) (e)

1124
1274
1278
1247
1260
1268
1229
1255
1071
1085
1110
1239
1348
1206
1122
1324
1158
1102
1379
1339

37.0
37.1
37.1
37.1
37.3
37.1
37.2
36.4
37.7
37.5
39.2
39.5
42.7
37.2
39.4
37.1
36.8
38.5
39.7
39.4

N/A
11.3
11.5
12.9
12.6
11.7
13.5
12.2
19.1
18.0
39.1
38.8
29.4
24.5
26.4
30.9
33.7
20.2
50.0
28.9

N/A
21.7 (2.0)
21.8 (1.8)
21.6 (1.9)
21.2 (2.1)
21.2 (1.8)
20.7 (2.0)
21.0 (2.0)
11.6 (2.8)
14.5 (3.8)
38.3 (12.0)
44.4 (10.1)
37.9 (28.9)
29.6 (6.9)
22.5 (6.4)
41.5 (7.7)
29.6 (7.5)
17.5 (8.0)
48.9 (38.6)
34.2 (18.1)

N/A
8.6 (11.1)
8.7 (11.1)
8.7 (11.1)
9.1 (10.7)
8.6 (11.2)
9.1 (11.8)
9.1 (11.7)
9.0 (10.9)
9.3 (11.6)
17.5 (34.3)
15.9 (35.1)
10.5 (21.3)
11.3 (16.5)
13.5 (19.2)
11.1 (20.9)
10.9 (19.7)
12.1 (13.3)
8.9 (28.5)
9.9 (20.2)

Reconstructed Boreoeutherian
ancestor
Human
Chimpanzee
Gorilla
Baboon
Orangutan
Vervet
Macaque
Lemur
Mouse-lemur
Mouse
Rat
Rabbit
Cat
Dog
Cow
Pig
Horse
Hedgehog
Armadillo

Listed are some properties of sequences of the extant species in the greater-CFTR locus and the predicted changes they incurred during evolution from
the Boreoeutherian ancestral sequence. (a) Length of sequence. (b) Fraction of nonrepetitive bases that are G or C. (c) Deletions: percentage of the
ancestral sequence lost in each species. (d) Insertions: percentage of extant species’ sequence that was inserted since the reconstructed ancestor (in
parentheses, percentage of extant species’ sequence that resulted from insertions of nonrepetitive sequences, using RepeatMasker to identify repetitive
sequences.) The high fraction of nonrepetitive inserted bases in rabbit and hedgehog is most likely due to lack of complete RepeatMasker libraries for
the transposons specific to these species. (e) Substitutions: percentage of extant species’ bases that were derived from an ancestral base but differ from
that base (this is different from the standard percentage identity measure, where only aligned bases are considered). In parentheses, the expected
number of substitutions per site under a Kimura 2-parameter model (Kimura 1980) is given, here using only the aligned bases.

previously), 10.8% deletions (compared with 11.3% previously),
and 23.4% insertions (compared with 21.7% previously).
The availability of predicted ancestral sequences at every
internal node of the tree offers a unique perspective on the deletion and insertion processes at work along each branch of the
tree. Focusing on a 280-kb region where sequences from all 19
mammals were available, the number of microdeletions and microinsertions (of length at most 10 bp) along each branch of the
tree was estimated (Fig. 5). We did not attempt to estimate the
indel rates along the four deepest branches of the tree because (1)
for the two deepest branches of the tree, deletions cannot be
distinguished from insertions, and (2) for the two branches incident upon the Boreoeutherian ancestor, deletions and insertions
are crucially determined by the presence or absence of aligned
bases in armadillo, which is often unreliably aligned. Among the
branches where indels can be accurately counted, the rate of
deletions is consistently two to three times higher than the rate
of insertions, with the lowest deletion/insertion ratios found in
the dog and the prosimian lineages, and the highest ones found
in the pre-mouse–rat-split rodents, horse, and cow lineages. Deletion and insertion rates are definitely not following a molecular
clock, with rates in primates ∼2.5 times lower than those in rodents and 1.3–1.5 times lower than those in artiodactyls and
carnivores. The results for human versus rodents are in relatively
close agreement with those obtained from a study of the whole
human, mouse, and rat genomes (RGSPC 2004). Deletion and
insertion rates are closely correlated with substitution rates, with
the expected number of substitutions per site between 15 and 20
times higher than the deletion rate (Supplemental Fig. S3), with
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outliers hedgehog (28 times higher) and pre-mouse–rat-split rodents (26 times higher).

Discussion
One of the nonintuitive results of this study is the observation
that more ancient ancestral genomes can often be reconstructed
more accurately than those of their more recent descendants.
Why exactly is this so? For simplicity, consider the case of reconstructing a single binary ancestral character state in the root species (e.g., purine vs. pyrimidine at a given site) under a simple
model in which the prior probability distribution on the ancestral character is uniform, substitution rates are known, symmetric, homogeneous, and not too high, and the total branch length
in the phylogenetic tree from the root ancestor to each of the
modern species is the same (i.e., assume a molecular clock). Here,
each of n modern species has a state that differs from the ancestral one with the same probability p <1/2. If the tree exhibits a
star topology (Fig. 3B), in which each of the modern species
derives directly from the ancestor on an independent branch,
then it is clear that the maximum likelihood and Bayesian maximum a posteriori reconstructions of the ancestral character
agree, and the reconstructed state is the one that is most often
observed in the n modern species. The probability of an error in
reconstruction is:

兺 冉nk冊 p 共1 − p兲
n

k

k=n Ⲑ 2

n−k
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Figure 5. Frequency of microdeletions (1–10 bp) (left) and microinsertions (right) during eutherian evolution. Indel rates for the branches
shown with dashed lines cannot be accurately estimated. Estimates are
based on a set of regions totaling about 280 kb, for which sequence data
is available for all 19 mammals.

which is at most [4p(1 ⳮ p)]n/2 (Hoeffding 1963; Le Cam [Lemma
5 p.479] 1986). This error approaches zero exponentially fast as n
increases. When n is too small, the ancestor is probably not reconstructable (Mossel 2003).
In contrast, a non-star topology (Fig. 3C) such as a binary
tree that has the same total root-to-leaf branch length and the
same number n of modern species at the leaves has two nonzero
length branches from the root ancestor R leading to intermediate
ancestors A and B, and information is irrevocably lost along these
two branches. No matter how large the number n of modern
descendant species derived from A and B, one can do no better at
reconstructing the state at R than if one knew for certain the state
in its immediate descendants A and B. Even with this knowledge,
the accuracy of reconstruction of R from A and B will be strictly
<100% for all reasonable models and nonzero branch lengths.
The reconstruction gets poorer the longer the branch lengths are
to A and B. This extends to the case where the ancestor R being
reconstructed has a bounded number of independent immediate
descendants and to the case where descendants of an earlier ancestor of R (outgroups) are also available. The long branches connecting them to the rest of the tree are why some more recent
ancestral sequences in the tree of Figure 1 are less reconstructable
than the Boreoeutherian ancestor, which acts almost like the root
of a star topology.
The above analysis shows that the star tree is always the best
topology for reconstruction in the limit as the number n of observed species becomes large, while the time to the common
ancestor remains fixed. A stronger claim is that for every n
and every time to the common ancestor, the star tree with n
leaves is always more favorable for ancestral reconstruction
than any branching tree that has internal “shared” nodes (but

the same time to the common ancestor), because the star topology maximizes the mutual information between the residues
at the leaves and at the root (Schultz et al. 1996; Schultz and
Churchill 1999). This has been rigorously proven for a symmetric substitution model in the case of binary characters (Evans
et al. 2000, Theorem 6.1). However, there are counterexamples
with many-valued characters, e.g., amino acids, where for sufficiently long branches, the star topology does not provide
the best ancestral reconstruction, i.e., the highest mutual information (B. Lucena and D. Haussler, in prep.). Thus, the precise relationship between tree topology and reconstructability
of the ancestral state appears to be rather subtle in the general
case.
While suggestive that reconstruction of a reasonable approximation to an eutherian ancestral euchromatic genome
may be within our reach, our simulation results have a number
of important limitations as follows: (1) The rates of substitutions,
deletions, and small insertions are assumed to be constant across
sequence position and homogeneous across branches, with
branch lengths proportional to those in a particular tree (Eizirik
et al. 2001), scaled to fit rates estimated from a particular region
(the CFTR region) (Thomas et al. 2003). If the substitution rates
were grossly underestimated, or there were very strong clustering
of mutations or “hotspots,” i.e., regions whose mutation rate
was, say, double the average nonfunctional parts of the CFTR
locus, there would be more genome positions where key information was irrevocably lost in the early branches, and the
accuracy of the reconstruction would be reduced. (2) Different
modes of selection are not modeled, including specific types
of purifying selection in codons and other functional regions,
and positive selection for new functions. The former is likely to
help reconstruction, but the latter may inhibit the ability to
accurately reconstruct the ancestor in certain critical sites. (3)
Some nucleotide-level mutational processes like DNA polymerase
slippage effects (Nishizawa and Nishizawa 2002) or gene conversion are not included in the simulation. These may change
patterns of molecular evolution in some areas and reduce our
ability to infer ancestral states. Nonallelic gene conversion in
particular could, in principle, make it difficult to apply the
reconstruction method we use to find ancestral versions of repetitive regions in some cases. However, we saw no evidence
that this is a serious problem in our analysis of the alignment
of ancestral repeats, such as the MER20 shown in Figure 4. (4)
Large-scale mutational processes like tandem and segmental
duplication, inversion, and translocation are not included in the
simulations. The alignment of the one multimegabase mammalian genome region where we have data from many species,
the CFTR region, shows a dearth of such changes. However, it
is estimated that perhaps 10% of the euchromatic human genome has been subject to recent duplications (Samonte and
Eichler 2002) and/or an excess of rearrangements (Kent et al.
2003; Pevzner and Tesler 2003), suggesting that at least a similar
proportion of the ancestral euchromatic genome would be difficult to reconstruct without additional data and better techniques.
Despite these shortcomings, our validation of the reconstruction by both simulation and ancestral repeat and codon
analysis on actual data suggests that for regions like CFTR, which
are likely to be typical, the above issues are not severe enough to
prevent a reasonably accurate reconstruction.
More significant technical challenges remain if we wish to
conduct in vivo functional tests of reconstructed ancestral ge-
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nomic regions, either in cell lines or in mouse models. Multikilobase sequences of transgenic DNA can be inserted into mouse
embryonic stem cells via homologous recombination (“knockin”) methods (Prosser and Rastan 2003; Robertson et al. 2003)
and BAC transgenics (Yang and Seed 2003). “Humanized” mice,
which have specific individual genes replaced by their human
versions, have been produced by these methods. Multimegabase
transgenic sequences have been introduced in mammalian artificial chromosomes, e.g., for the human CFTR locus (Auriche et
al. 2002). However, these methods of introducing foreign DNA
are expensive even when using available genomic sequences, and
new methods for synthesizing large segments of DNA de novo
would be needed to apply them to ancestral genomic reconstruction, e.g., to produce what might be called “retrovolved” mice
that harbor the ancestral versions of specific gene loci. Furthermore, multiple loci would have to be changed to explore coevolving sets of genes. However, if these obstacles can be overcome, it would be quite interesting to attempt in vivo tests of
reconstructed ancestral genomic regions in a mouse model, especially in cases where phenotypic differences between mice and
the placental ancestor are hypothesized.
Extant eutherian species are variations on a common “mammalian theme.” Accurate reconstruction of large genomic regions
of an eutherian ancestor may help us identify and understand
the common functional elements of that theme, as well as the
lineage-specific evolutionary innovations that led to the modern
variations on it. Because distances are reduced and direction of
change can be resolved, much can be learned by comparing
mammalian genomes to their common ancestor rather than pairwise among themselves. Because the number of substitutions per
site leading from the placental ancestral genome to the human
genome is only one third of that from the ancestor to mouse
(Cooper et al. 2003; Thomas et al. 2003; RGSPC 2004), the ancestral genome is much closer to our own genome than is the
mouse model. While the present work is only a small feasibility
study, in the long run, we expect that an accurate ancestral reconstruction of the euchromatic genomic regions of our placental ancestor will prove extremely valuable for studying the evolutionary processes and specific evolutionary events that shaped
our own genome, as well as the genomes of other modern mammalian species.

Methods
Simulation procedure
We built a simulation procedure, based on the Rose program
(Stoye et al. 1997), that mimics the evolution of mammalian
sequences under no selective pressure. The simulations are based
on the phylogenetic tree inferred by Eizirik et al. (2001) on a set
of genes for a large set of mammals. The branch lengths are
uniformly scaled by a factor of K = 2.1, chosen to fit as closely
as possible the substitution rates observed in neutral DNA of a
1.87-Mb region of human chromosome 7 with orthologous sequences in eight other mammals (Siepel and Haussler 2003; Thomas et al. 2003). Given this phylogenetic tree, we simulate sequence evolution by performing random substitutions, deletions, and insertions along each branch, in proportion to its
length. Substitutions follow a context-independent HKY model
(Hasegawa et al. 1985) with Ts/Tv = 2, p(a) = p(t) = 0.3, and
p(c) = p(g) = 0.2, except that substitution rates of CpG pairs are
10 times higher than other rates (Siepel and Haussler 2003). De-
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letions are initiated at a rate about 0.056 times the substitution
rate, their length is chosen according to a previously reported
empirical distribution (Kent et al. 2003) that ranges between one
and 5000 nucleotides, and their starting point is uniformly distributed. Insertions occur randomly according to a mixture
model. Small insertions (of size between 1 and 20 nt) occur at
half the rate of deletions, their size distribution is empirically
determined (Kent et al. 2003) and their content is a random
sequence where each nucleotide is chosen independently from
the background distribution. We also simulate the insertion of
retrotransposons. For this, we used a library of 15 different types
of transposable elements chosen to cover the large majority of
repetitive elements observed in well-studied mammals (Jurka
2000). Each insertion was accomplished by randomly selecting a
part of the consensus sequence for a given type of element and
inserting it at a random location in the sequence, i.e., we did not
model preferences for particular insertion locations (IHGSC
2001). The rate of insertion of each repeat varies from branch to
branch, so that certain retrotransposons (like ALUs, SINEs B2,
BOV) are lineage specific, while others (L1, LTR, DNA) are both
present in the sequence at the root of the tree (with a range of
decaying level) and can be inserted along any branch. Care was
taken to ensure that the rate of repeat insertion yields a set of
sequences whose repetitive content and repeat age distribution
resembles closely those previously reported for human (IHGSC
2001) and mouse (IMGSC 2002), and resembles those observed in
the greater CFTR region for other mammals. In cases where no
lineage-specific repeat information was available, we used repetitive element consensi of species not used in this study (monotremes and marsupials) and used an insertion rate equal to the
insertion rate of ALUs in the primate lineage.
We use the above methods to simulate evolution from an
ancestral mammalian sequence forward to modern versions of
that sequence, simulating speciation events at the branch points
of the tree, and substitutions, insertions, and deletions along
each branch. To initiate such a simulation, we first need to generate a hypothetical ancestral mammalian sequence to go at the
root of the tree. This is the sequence that we will later try to
reconstruct from the sequences at the leaves of the tree. This
hypothetical ancestral mammalian sequence is generated by another simulation, i.e., starting with a repeat-free 40% GC-rich
random sequence, we simulate its evolution for a time and at a
rate similar to those between human and mouse, using the same
set of mutational operations as previously described, but inserting transposons that are believed to predate the mammalian radiation. This simulated ancestral sequence thus has a repeat content and age distribution that should approximate that of the
actual ancestral mammalian genome.

Alignment and reconstruction
After generating a set of simulated sequences, the sequences are
first soft-repeat-masked using RepeatMasker (Smit and Green
1999) and then aligned using the Threaded Block Aligner (TBA)
multiple-alignment program (Schwartz et al. 2003; Blanchette
et al. 2004). The TBA alignment of the CFTR region can be interactively explored on the human genome browser (Kent et
al. 2002) at http://genome.ucsc.edu (under the ENCODE tracks),
and is updated as new species become available. An archival
version of the alignment used in this study is available at http://
genome.ucsc.edu/ancestors. The ancestral sequence is predicted
based on this multiple alignment. To determine which positions in the multiple alignment correspond to bases that were
in the common ancestor and which represent lineage-specific
insertions we start by using RepeatMasker (Smit and Green
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1999) to soft-mask repetitive regions. Lineage-specific like ALUs
are excised as their insertion came after the Boreoeutherian
ancestor. The repeat-masked multiple alignment is then fed to
a greedy algorithm that attempts to explain the remaining indels
with the plausible scenario. For the most part, the algorithm
assumes that the alignment is phylogenetically correct, i.e., that
two bases are aligned if and only if they derive from a common ancestral base. See below for a departure from this assumption. Originally, all of the gaps in the alignment are marked as
unexplained. The algorithm iteratively selects the insertion
or deletion, performed along a specific edge of the tree and spanning one or more columns of the alignment, that yields the
largest number of alignment gaps explained per unit of cost. The
number of gaps explained by a deletion is the number of unexplained gaps in the subtree above which the deletion occurs.
The number of gaps explained by an insertion is the number
of unexplained gaps in the complement of the subtree above
which the insertion occurs. The costs are defined heuristically.
The cost of a deletion is given by 1 + 0.01 log(L) ⳮ0.01 b, where
L is the length of the deletion and b is the length of the branch
along which the event takes place. The cost of an insertion
is given by 1 + 0.01 log(L) ⳮ0.01 b ⳮr, where L and b are defined
as above and r is a term that takes value 0.5 if the repetitive content of the segment inserted is >90%. Once the best
insertion or deletion has been identified, its gaps are marked
as “explained.” This does not preclude them from being part
of other indels, but they will not count in their evaluation.
Finally, heuristics are used to reduce errors due to incorrect alignment, in particular to reduce the problems caused by two repetitive regions from two distantly related species mistakenly
aligned to each other, with other species having gaps in that
region. More precisely, a subtree containing at least six leaves,
<20% of which have bases at a given position, will never be
predicted to have an ancestral base at that position. See
Fredslund et al. (2003) for an alternative approach to the same
problem. After having established which positions of the multiple alignment correspond to bases in the ancestor, we predict
which nucleotide was present at each position in the ancestor
using the standard posterior probability approach (Yang et al.
1995) based on a simple dinucleotide substitution model where
substitutions at the two positions are independent except for
CpG, whose substitution rate to TpG is 10 times higher than
those of other transitions (Siepel and Haussler 2003). The branch
lengths are inferred from the data using PHYML (Guindon
and Gascuel 2003). The equilibrium frequencies are estimated
from the data. The only parameter given to the reconstruction algorithm is the transition/transversion ratio of the HKY
model, which is set at 2.
In experiments using actual sequence data from present day
mammals, the simulation steps are omitted, and the same alignment and reconstruction procedure is followed.

Base-by-base confidence estimates
The probability that a given ancestral base is incorrect due to a
mismatch or added base can be approximated empirically based
on two indicators of reconstruction errors. The first indicator is
the theoretical substitution-based reconstruction error probability pe calculated as the sum of the posterior probabilities of the
three least likely ancestral nucleotides at that position (Yang et
al. 1995). The second indicator nid is the number of insertion
and deletion events that span the site, as estimated by our reconstruction method. Each reconstruction error observed during
the simulation was recorded, together with pe (rounded to the
closest percentage point) and nid for the corresponding site. As

seen in Supplemental Figure S3, (a), pe turns out to be an excellent predictor of mismatch errors, but a poor predictor of
added bases. On the other hand, Figure S3, (b) shows that nid
is good at predicting added bases, but quite inefficient at predicting mismatch errors. The probability of error of each type can in
fact be estimated jointly for each pair (pe, ni) ), which provides a
reasonable confidence estimate for both types of errors at any
reconstructed base, making it possible to identify highconfidence or low-confidence bases in the reconstructed sequence.
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Erratum
Genome Research 14: 2412–2423 (2004)
Reconstructing large regions of an ancestral mammalian genome in silico
Mathieu Blanchette, Eric D. Green, Webb Miller, and David Haussler
The numbers reported in Table 2 mistakenly refer to the differences between the genomes of living species
and the reconstructed Euarchontoglires ancestor, not the reconstructed Boreoeutherian ancestor. The data
for the Boreoeutherian ancestor are listed in the corrected Table 2, which is printed below. The authors
apologize for any confusion this may have caused.
Table 2. Comparison of modern sequences to predicted ancestor

Species
Reconstructed Boreoeutherian
ancestor
Human
Chimpanzee
Gorilla
Baboon
Orangutan
Vervet
Macaque
Lemur
Mouse-lemur
Mouse
Rat
Rabbit
Cat
Dog
Cow
Pig
Horse
Hedgehog
Armadillo

Deletions

Insertions

Substitutions

Size of region
(kb) (a)

Nonrepetitive
%GC-content (b)

% of
ancestor
lost (c)

% of extant species’ bases
acquired (nonrepetitive
only) (d)

% of extant species’ bases
changed (expected #
substitutions per site) (e)

1105
1296
1278
1264
1267
1300
1243
1260
1043
1071
1147
1277
1379
1217
1125
1317
1209
1133
1545
1397

37.5
37.3
37.4
37.4
37.5
37.3
37.5
37.5
38.2
37.7
39.4
39.6
40.9
38.2
39.7
37.4
37.0
38.7
39.8
39.5

N/A
16.2
16.6
17.6
17.0
17.0
17.9
17.0
23.6
23.3
40.9
40.9
31.3
19.8
23.2
20.8
21.2
15.0
46.9
25.7

N/A
28.6 (9.1)
28.6 (9.0)
28.0 (9.1)
27.2 (9.5)
28.4 (8.9)
27.4 (9.5)
27.9 (9.9)
19.5 (11.3)
21.5 (12.3)
43.0 (24.1)
49.0 (25.3)
47.2 (31.1)
27.2 (11.6)
24.3 (12.6)
33.9 (12.2)
26.9 (12.2)
17.9 (9.7)
63.2 (57.9)
41.3 (37.0)

N/A
8.7 (13.4)
8.7 (13.4)
8.8 (13.5)
9.2 (14.0)
8.7 (13.5)
9.2 (14.1)
9.2 (14.1)
9.6 (13.1)
9.9 (13.9)
15.9 (35.6)
14.4 (36.3)
10.4 (23.2)
9.7 (14.8)
11.6 (17.4)
10.0 (17.1)
10.6 (16.3)
8.7 (11.5)
8.2 (27.1)
9.6 (18.7)

Listed are some properties of sequences of the extant species in the greater-CFTR locus and the predicted changes they incurred during evolution from
the Boreoeutherian ancestral sequence. (a) Length of sequence. (b) Fraction of nonrepetitive bases that are G or C. (c) Deletions: percentage of the
ancestral sequence lost in each species. (d) Insertions: percentage of extant species’ sequence that was inserted since the reconstructed ancestor (in
parentheses, percentage of extant species’ sequence that resulted from insertions of nonrepetitive sequences, using RepeatMasker to identify repetitive
sequences.) The high fraction of nonrepetitive inserted bases in rabbit and hedgehog is most likely due to lack of complete RepeatMasker libraries for
the transposons specific to these species. (e) Substitutions: percentage of extant species’ bases that were derived from an ancestral base but differ from
that base (this is different from the standard percentage identity measure, where only aligned bases are considered). In parentheses, the expected
number of substitutions per site under a Kimura 2-parameter model (Kimura 1980) is given, here using only the aligned bases.
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