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1 Confidence assessment of ohnolog pairs: combining -scores

1.1 OHNOLOGS vl database: a simple average of log q-scores over vertebrate species

The confidence assessment of individual ohnolog pairs in the original OHNOLOGS v1 database (/) relied
on the definition of quantitative outgroup and self-synteny scores (q-scores) for each vertebrate species,
ie. Q’gutgroup and Qfelf, where k£ =human, mouse, rat, pig, dog and chicken. See Singh et al. PLoS
Comput Biol 2015 paper (/) for a detailed computation of g-scores from synteny comparison.

Then, to circumvent the difficulty to identify ohnolog pairs in each vertebrate genome due to lineage
specific rearrangement, gene loss and small scale duplication events, geometric averages of outgroup and
self-synteny q-scores were taken over the six amniote species included in the OHNOLOGS v1 database:
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Using such averaged g-scores was shown to improve the statistical significance of the inferred
ohnologs by allowing to identify ohnolog pairs that are no longer in significant synteny in a particular
vertebrate genome, if their respective orthologs form a high confidence ohnolog pair in other vertebrates.

However, simple g-score averages fall short of (i) assessing the gain in statistical power expected
from the integration of multiple vertebrate species (as the weights 1/6 in Eqgs. S1 and S2 sum to 1),
as well as, (ii) taking into account the phylogenetically biased sampling of vertebrate species by using
equal weights (1/6), while the more recently diverged mouse and rat genomes are expected to bring rather
redundant information on ohnolog retention as compared to phylogenetically more distant species such
as chicken.

1.2 OHNOLOGS v2 database: a weighted sum of log q-scores over vertebrate species

The expanded OHNOLOGS v2 database addresses the shortcomings on the statistical confidence of
ohnolog pairs from the original OHNOLOGS v1 database.

To this end, we modified the definitions of outgroup and self-synteny g-scores, from Eqs. S1 and S2,
as weighted sums of log g-scores over all N = 27 vertebrate species included in the OHNOLOGS v2
database for 2R-ohnologs and all NV = 4 included teleost fish species for 3R-ohnologs (see Table S1),
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where the weights (wy) are meant to (i) capture the gain in statistical power expected from the integra-
tion of 27 vertebrates including 4 teleost fish species (i.e. >, wy > 1) and (ii) take into account the
strong phylogenetically biased sampling of included species by using different weights for each verte-
brate genome depending on its shared homology with other included genomes.



The computation of the individual weights, w,%R for 2R-ohnologs and w,?;R for 3R-ohnologs, are
detailed in the following section. It is based on the times of divergence between each pairof vertebrate
genomes included in the study (Table S2) and the values of w,%R and ng are listed in Table S3.

The overall gain of statistical power is estimated as ) _,. w,%R ~ 4.52 for 2R-ohnologs and ) ;. w,?;R o~
2.41 for 3R-ohnologs. This corresponds to an effective number of “independent species” of about 4.5 out
of the 27 included vertebrates for assessing the confidence of 2R-ohnologs and to an effective number
of “independent species” of about 2.4 out of the 4 included teleost fish for assessing the confidence of
3R-ohnologs.

In addition, as anticipated, recently diverged species of overrepresented vertebrate subgroups are
assigned very small weights, which only amount to a very small fraction of the total weight. In particular,
each of the 8 included primates has an individual weight around 0.01-0.02, while the sole representatives
of long diverged subgroups have proportionally very large weights, such as Spotted Gar (w ~ 0.72) or
Anole Lizard (w ~ 0.57).

A consequence of the gain of statistical power between OHNOLOGS v1 and v2 databases is that we
could define more stringent confidence criteria for ohnolog pairs and generated ohnolog families as,

e strict Qoutgroup < 0.001 AND Qe < 0.001
e intermediate Qoutgroup < 0.01 AND Qgerr < 0.01
o relax Qoutgroup < 0.05 AND Qserr < 0.3

2  Weighting scheme for phylogenetically related sequences

As discussed above, the effective number N’ of “independent species” is smaller than the actual number
N of phylogenetically related species included in the analysis.

One way to estimate N’ and the corresponding weights wy, for each phylogenetically related species
(with E,]CV wy, = N') is through the apparent increase of variance of an ordinal character = (such as
the number of genome rearrangements) across /N non-independent species. The result is quite general
and the increase of variance can be used to infer consistent weights for a generic dataset of N non-
independent samples, as discussed in the next section.

2.1 Generic increase of variance due to non-independent samples

The generic increase of variance between the /N non-independent samples can be illustrated on the ex-
ample of a theoretical dataset with N’ independent samples, each repeated ny times (or not repeated if
ng = 1) to yield a larger dataset of N = Z]k\le ny non-independent samples.



The variance obtained for the larger non-independent dataset of size N reads:
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as (6xF)52x()y = &5y <5$(k,)2> for independent samples and using Z/ZX’ ni f(K') = ZkN f(k) with
ny = ny for each of the n; samples k that are duplicates of sample &'.
When all samples are independent, that is, if ny = 1 for all N samples, one recovers the well known

results (adopting the rescalin 5:c(k)2 =1 for all k),
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By contrast when the samples are not all independent, that is, if ny > 1 for some of the N samples
(E,]CV ng > N), one gets
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as if the apparent number of independent samples was smaller, N, < N.
This suggests to weight each non-independent sample k& with a probability weight, wy = 1/n; < 1
with Zg wy, = N’ and to define the corrected variance for effective sample size as,
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using win; = 1. Note that V- can also be expressed in the actual sample space with /N non-independent
samples, instead of the effective sample space with N’ independent samples (which are not typically
known), as,
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using 32 i f(K) = S F(k) and Yk, wyny, = Land (32)°) = 1.

2.2 Sample weighting scheme by inversion of the variance-covariance matrix

The above results show that the sample weights {wy,} are solutions of the following equation,
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While Eq. S10 with NV unknown weights is underdetermined, one can easily show that this equation
also applies to individual summand for each k as,
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using SN £(0) = Eé\f’ ne f(¢') and Vk, wgnyg = 1.

Eq S11 can be written in the following matrix form, after rescaling 6z(*) by its mean deviation as
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where ¥ = [%,] with 3, = <5w(k)5x(£)>/\/<5x(k)2>\/<5x(€)2> is the rescaled variance-covariance
matrix between samples, which leads to the following weight solution whenever the variance-covariance



matrix is invertible,
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While Eq. S13 seems to give the straightforward solution of the generic sample weighting problem,
in practice, the variance-covariance matrix Y is typically not invertible. In particular, straightforward
averages of variances and covariances over the available samples, which imply > é\f 6x*®) = 0, yields a
singular variance-covariance matrix (as all rows and columns sum to zero).

Yet, in some particular cases, the form of the variance-covariance matrix can be conjectured inde-
pendently from the specific data of interest and used to solve Eq. S13.

This is the case for time series of dynamical systems with exponential relaxation over time (2, 3) or
for phylogenetically related sequences (4, 5), as discussed in the next section.

2.3 Application to weighting phylogenetically related sequences

The form adopted for the variance-covariance matrix of phylogenetically related sequences is directly
inspired by the form proposed by Altschul et al in ref. (5) to estimate weights of sequence data related
by a tree.

Following these authors, we reason that as genome rearrangements and gene loss events accumulated
in ancestral vertebrate genomes after each WGD event, the distance of their alignment with the reference
paleoploid genome progressively shift. At first approximation, one expect a linear accumulation of
some finite number (X') of genome rearrangements and gene loss events over time, as these evolutionary
changes are essentially non-reversible (small scale duplication events might even lead to exponential
growth of gene families over time (6)). This is to be contrasted with an unbiased reversible random
walk in sequence space, which would lead to a purely diffusive dynamics with a sublinear (square root)
accumulations of changes over time.

Hence, due to this progressive shift in genome space, the variance of accumulated changes, X, of a
given vertebrate genome, Gy, is expected to increase quadratically with time ¢, since a WGD event, i.e.
(61:(k)2> ~ o2 ti, instead of linearly with time for a perfectly diffusive dynamics.

Similarly, the covariance of accumulated changes in two genomes, G and Gy, having diverged
after some time ¢y, after a WGD event is expected to increase quadratically as, <6x(k)53:(€)) ~ 0215%@,
assuming that subsequent changes after the two genomes have diverged were completely independent
and could not therefore further increase the covariance.

All in all, this leads to the following form for the rescaled variance-covariance matrix, ¥ = [Xg],

where X5y = <5x(k)6ac(€)>/\/<5:n(k)2>\/<5x(5)2> = t7,/tkts, that is independent for the prefactor o2.

In the application to compute the weight w;, of each species, the times of 2R-WGD and 3R-WGD
were estimated by averaging recent estimates as top = 535 MY (7-10) and t3r = 328 MY (/1-15),
respectively, and the times since divergence of each pairs of species, diy = tywap — tie, were taken from
the TimeTree database (/6) and listed in Table S2. The final values for 2R- and 3R-WGD weights are
listed in Table S3.
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