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Identifying covariations through conservation scores

U A U A
G G A
U A G A
U A U C
G C G C
G C U C
6 compatible pairs 2 compatible pairs

The conservation score of a pair of columns
depends on the number of compatible pairs

See RNAalifold (Bernhart et al, 2008)

With n columns of size s, this could be computed in ©(sn?)



Lots of data to identify covariations in SARS-CoV-2

3,079,138

genomes

On NCBI Virus, as of 26 Nov 2024 =

Awesome! But that's quite a MSA...

Assuming we can build it...


https://www.ncbi.nlm.nih.gov/labs/virus/vssi/#/virus?SeqType_s=Nucleotide&VirusLineage_ss=Severe%20acute%20respiratory%20syndrome%20coronavirus%202,%20taxid:2697049&Completeness_s=complete
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Computing conservations scores on millions of genomes

Let's assume we have a MSA of 1M SARS-CoV-2

» That's 30k columns of 1Mbp

> We need to consider every pair of columns
— 450 M pairs of columns

» 104 pairs of nucleotides must be considered

More generally, getting any kind of infor-
mation from a 1Mbp column is inefficient



A self-index for multiple sequence alignement (MSA)
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A self-index for multiple sequence alignement (MSA)

r;: number of runs of an identical letter in column i of the MSA

ri: number of 1s in the bit vector of column i
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A self-index for multiple sequence alignement (MSA)

r;: number of runs of an identical letter in column i of the MSA

ri: number of 1s in the bit vector of column i

{The fewer runs, the more we compress}

+ * * Bit vectors
1 1 are stored
1 column-
1 1 wise
1
GGUgUAUACCUUC%CAGGUAACAéACC
U G A

G C C
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rank and select for querying our self-index for MSA
rank/select are fundamental operations on bit vectors

rank(B, i): nbof 1sin B[O. . . ]
select(B, i): position of the -th 1in B
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rank and select for querying our self-index for MSA
rank/select are fundamental operations on bit vectors

rank(B, i): nbof 1sin B[O. . . ]
select(B, i): position of the -th 1in B

Compressed bit-vectors can support
constant-time rank/select operations

See eg. Gog et al, 2014@


http://dx.doi.org/10.1007/978-3-319-07959-2_28
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Order of the sequences in the MSA matters

Fewer/longer runs lead to a lighter and quicker index

111111111111111111111111111

1
1 1
1
GGUgUAUACCUUC%CAGGUAACA%ACC
G

But finding the optimal order is NP-complete

Using known lineages offer good results in practice
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CREMSA on 1M SARS-CoV-2 sequences

1,031,437 genomes

Downloaded in Dec 2023, deduplicated, re-
moved those with > 20 uncertain nucleotides

Multiple sequence alignment

Using HAlign3, with 1.5h CPU and
600 GB of RAM. 36,000 columns

CREMSA gzip xz CoMSA
Time 10 min 90min 70min 16 min
RAM 245 MB 2MB 97 MB 63,266 MB
Size on disk 53 MB 1,873 MB 33 MB 9 MB
Access 0.1 us Compressors
Count 30 us

Cons. score — ~ 6h for all the pairs of columns
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What conservation scores on TM genomes tell us?

Not much (yet)

Only 251 pairs have a good conservation score
Computing conservation scores on 1M genomes is great but...

More data — more signal? or More data — more noise?



A few sequences introduce gaps in a column

Nb of sequences introducing a gap in the MSA
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CREMSA : Compressed indexing of (ultra) large viral alignments

https://gitlab.univ-1ille.fr/mikael.salson/cremsaa

CREMSA is fast and lightweight
Reordering sequences save time and space
Finding the optimal order is NP-hard
Conservation scores can be computed for 1M SARS-CoV-2
But we identified little interesting candidates

Perspectives: Identify with CREMSA the sequences messing up the MSA

Side note: anyone interested to design a lightweight method
for multiple sequence aligments of highly similar sequences?


https://gitlab.univ-lille.fr/mikael.salson/cremsa

Announcement: Open Maitre de conférences position in Lille

Maitre de conférences position open in Bonsai (CRIStAL), Lille

Research themes in Bonsai

data structures, sequence algorithms, hash functions
oncohematology
non-ribosomal peptides
paleoproteomics

Contact me if interested: mikael .salson@univ-1lille.fr



The 1M genomes are highly conserved

Percentage identity among the columns of the MSA
1,031,437 genomes
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In practice ris tiny
ramong the columns of the MSA
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