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BaCkg rOund [Igbal, Caccamo, Turner, Flicek, McVean, 2012]
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Sequence search

>query k-mer matching
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SBT [Solomon, Kingsford, 2016]
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Mantis [Pandey et al., 2018]
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@ m * [Lee, Grasso, Sharlow, 2002]

e deBGA [Liu, Guo, Brudno, Wang, 2016]
e SPAligner [Dvorkina et al., 2020]

e AStarix [lvanov et al., 2020]
 VARI [Muggli et al., 2017] « [Schulz et al., 2021]

e SBT [Solomon, Kingsford, 2016]

e Mantis [Pandey et al., 2018] e MetaGraph-MLA [Mustafa et al., 2022]
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Representing annotated De Bruijn graphs

Annotated de Bruijn graph
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RowFlat (employed in VARI [Muggli et al., 2017])
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Representing graph annotations

L=

9

Annotated de Bruijn graph
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Challenge:
Represent huge-scale annotations

Typical properties
high sparsity
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Annotated de Bruijn graph
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eofelcackJocal-fcad| frct Represent huge-scale annotations
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i GCG :| CGA —>‘ GAA

Compressed representation Typlcal properties
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similarity of columns

k-mer dictionary
Q> QP AT QF 0
Annotation matrix
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Representing graph annotations

Annotated de Bruijn graph

CCTEIGIEETAC iaca Challenge:
= *lGCJ {CAC(;]ACT Represent huge-scale annotations
Compressed representation Typical properties

high sparsity

similarity of columns

similarity of rows

k-mer dictionary
Q> QP AT QF 0
Annotation matrix




Annotation representations

1. Column-major sparse representation
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Annotation representations

1. Column-major sparse representation

L1 L2 L3
1 1
1
1
~ 1011
L1l L2 L3 L1 L2 L3
1 1 1 1
1 1 1
1 1
1 —_— |1 ~ 10°
1(1 1 1
1 (111 1 1 1

Columns are stored as compressed bitmaps
(e.g. sd_vector [Okanohara et al., 2007])
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Annotation representations

1. Column-major sparse representation

2. RowFlat (employed in VARI [Muggli et al., 2017])

L1 L2 L3
1| |1
1
1
1 —> (1| (1| [2] [1]2] |2 BEEAREE

Concatenate all rows and compress in a bitmap
(e.g. sd_vector [Okanohara et al., 2007])
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3. BRWT [Barbay et al., 2013], [Karasikov et al., 2019]
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Annotation representations

1. Column-major sparse representation
2. RowFlat (employed in VARI [Muggli et al., 2017])

3. BRWT [Barbay et al., 2013], [Karasikov et al., 2019]
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Annotation representations

> W o~

Column-major sparse representation
RowFlat (employed in VARI [Muggli et al., 2017])
BRWT [Barbay et al., 2013], [Karasikov et al., 2019]

Multi-BRWT [Karasikov et al., 2019]

Optimize column arrangement

Use multi-ary trees
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Sparse Binary Relation Representations for Genome
Graph Annotation
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Sparse Binary Relation Representations for Genome
Graph Annotation
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Conference paper | First Online: 02 April 2019
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4. Multi-BRWT [Karasikov et al., 2019
Optimize column arrangement IR Z ; b ; X ; E
Use multi-ary trees : 8 : : L ) : X
)i | b) cl / match 'b | d) d Mul 6 0| © 0| © 0| 6 1
a) input columns clustering / matching c) base Multi-BRWT pruned Multi-BRWT v 0 v 0 7 0 - ’
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Representing graph annotations

Annotated de Bruijn graph

L=
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Compressed representation

k-mer dictionary
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Annotation matrix

Challenge:
Represent huge-scale annotations

Typical properties
high sparsity
similarity of columns = Multi-BRWT
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Representing graph annotations

Annotated de Bruijn graph
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Compressed representation Typlcal properties
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Topology-based sparsification of graph annotations

De Ita CO m p re S S i O n Daniel Danciu'*, Mikhail Karasikov'**", Harun Mustafa’ %, André Kahles'*+ and
L1 L2 L3 L1 L2 L3 a
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RowDiff effectively transforms the matrix:

* makes it sparser, and thus, more compressible
* any representation scheme can then be applied on top
* the overhead is very small (<1 bit per node)
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f

reconstruct recursively

RowDiff effectively transforms the matrix:

* makes it sparser, and thus, more compressible
* any representation scheme can then be applied on top
* the overhead is very small (<1 bit per node)
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RowDiff

Anchor nodes

1. Each sink node (with no outgoing edges) must be anchored
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RowDiff

Anchor nodes

1. Each sink node (with no outgoing edges) must be anchored
2. Each row-diff cycle must have at least one anchor node In it

3. Each row-diff path is bounded (to keep a constant query time)
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RowDiff: results

Indexing 10,000 (25 TB) human RNA-seq experiments from ENA [Almodaresi et al., 2019]
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Indexing 10,000 (25 TB) human RNA-seq experiments from ENA [Almodaresi et al., 2019]
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Multi-BRWT exploits similarity of columns

RowDiff exploits similarity of rows

effectively transforms the matrix
can be combined with any representation scheme
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RowDiff: results

Indexing 10,000 (25 TB) human RNA-seq experiments from ENA [Almodaresi et al., 2019]

150 1 —e— ColumnCompressed
—&— MultiBRWT

—&— RowDiff

—®— Rainbow-MST
—®— RowDiff-MultiBRWT

125

100 A

75 7

50 -

Annotation size, GB

25 1

.4.—0-—"
—e———o0—

+

2000 4000 6000 8000 10000
Read sets

Multi-BRWT exploits similarity of columns

RowDiff exploits similarity of rows

effectively transforms the matrix
can be combined with any representation scheme

When combined together, outperform the state-of-the-art
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Representing graph annotations

Annotated de Bruijn graph

L=

)

CGT |—>| GTA |—>| TAC

ACG:r>! CGC

—>‘ ACA

N

—>| GCA —>| CAC l—>| ACT

N

GCG[~{CGA

—>| GAA

Compressed representation

k-mer dictionary

> H QPO AEQE QPO

O 00O
1

|_\
|_\
|_\

1
1
1

|_\
|_\
|_\

1

Annotation matrix

|_\

=
=
=
=

ON©)

1
1

1
11

1

o

¢

ek

-
o

N 1011

Challenge:
Represent huge-scale annotations

Typical properties
high sparsity
similarity of columns = Multi-BRWT
similarity of rows = RowDiff
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Scalability of MetaGraph

Indexing microbial samples (BIGSI [Bradley et al., 2019] subsets)
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Indexing microbial samples (BIGSI [Bradley et al., 2019] subsets)
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Scalability of MetaGraph

Indexing microbial samples (BIGSI [Bradley et al., 2019] subsets) Querying DRR067889
175 et B|GS| 100 ms E_ . o 2 @ s @ ——
150 COBS ; ./’/ =—=o==B|GSI
Bifrost /’/ ==o== COBS _
125 MetaGraph kS o Bifrost
% o 10 Ms E / =—o==_|\etaGraph -
5 100 = e :
N - — 1
"N —— 0
(>,<) 75 qQ)_ ././.
'8 L .-—'./
= E 1ms: = :
50 — o
e ) E— O
20 ) / ./0’.___. * ’
././
0 100 ps = ® =
0 5000 10000 15000 20000 25000 0 5000 10000 15000 20000 25000

Read sets in index Read sets in index
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Scalability of MetaGraph

Indexing microbial samples (BIGSI [Bradley et al., 2019] subsets) Querying DRR067889
175 mG— BIGSI ]_OO ms E_ R ./._.—-—-. _
150 COBS i ././ === B|GS] )
Bifrost ] /'/ ==0== COBS i
" 195 T o MetaGraph _8_ o Bifrost
O - 10 ms = / =—eo==MetaGraph :
s 100 = e :
N o
"B CIL) 0————'—-—
X 75 o ./’/
'8 = Q-—"/
< £ 1ms: = :
50 — o
] .’.—. ]
25 / ] / /0/.’. ° _
o/.
0 W 100 ps 3 O :
0 5000 10000 15000 20000 25000 0 5000 10000 15000 20000 25000
Read sets in index Read sets in index

- Use of succinct data structures and efficient representation schemes

- Choice of efficient algorithms (e.g., batch operations)



From qualitative to quantitative

0. Representing presence/absence

L1 L2, L3

L1, L2 L1, L2 L1, L2, L3 @

GCT TTA

Annotated 111213

TAA e
TAT Graph 1 Constructed

st L1 from sequences
AGC 1

SIS 1 L1: GGCTTAT
CTT 111

TTA e 12: AGCTTAA

K-mer dictionary graph annotation L3: TIAA



From qualitative to quantitative

1. Representing k-mer abundances

L1: 11
GGC | L1: 11

TAA
TAT
GCT
AGC
GGC
CTT
TTA

K-mer dictionary

Graph
annotated
with counts

L1

L2 L3

L1: 11
L 2: 18

18

15

10

11

17

16

11

11

18

10

18

15

graph annotation

L 2: 18

L3: 15
L1: 10

L 2: 18

K-mers with
multiplicities
L1: GGC: 11,
L2: AGC: 10,
13: TTA: 15,
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Exploiting regularities

k-mer abundances

L1: 17 L1: 18

L1: 16

Observe regularities:
Abundances of adjacent k-mers are often similar

L1: 18
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Exploiting regularities

k-mer abundances

Observe regularities:
Abundances of adjacent k-mers are often similar
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Exploiting regularities

k-mer abundances

Observe regularities:
Abundances of adjacent k-mers are often similar

ldea:
Generalize the RowDiff scheme

Lossless Indexing with Counting de Bruijn Graphs

Mikhail Karasikov, Harun Mustafa, Gunnar Ratsch, André Kahles
Genome Res. 2022; doi: https://doi.org/10.1101/gr.276607.122
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RowDiff for k-mer abundances

L2: 11

Invertible sparsification of abundances

L(S(v) = L(v) — L(Vsucc)

L1:18
L3: 15
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RowDiff for k-mer abundances

L1 L2 L3 : L1l L2 L3
L2: 1 L2: 10 L1:18

B il I Py L1: -1 L3: -15 11 L3 15 il I
TAT 10 : : Z
GCT 1711 : : _q
AGC 16 16
GGC 11 11
CTT 1811 1 |15
TTA 181015 Invertible sparsification of abundances 10

Original counts Diff-transformed

L(S(v) = L(v) — L(Vsucc)
L(v) € N™ L°(v) € Z™



Lossless Indexing with Counting de Bruijn Graphs

[ |
I n deXI n g k- m er CO u nts Mikhail Karasikov, Harun Mustafa, Gunnar Ratsch, André Kahles

Genome Res. 2022; doi: https://doi.org/10.1101/gr.276607.122

Indexing 2,586 human RNA-Seq read sets [Solomon, Kingsford, 2016].
Querying 100 random human transcripts (= 90 kbp).

Method Index size Peak RAM Query time

REINDEER 59 GB 91GB 56.5 sec
MetaGraph 11GB 11GB 17.6 sec
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Lossless Indexing with Counting de Bruijn Graphs

[ |
I n deXI n g k- m er CO u nts Mikhail Karasikov, Harun Mustafa, Gunnar Ratsch, André Kahles

Genome Res. 2022; doi: https://doi.org/10.1101/gr.276607.122

Indexing 2,586 human RNA-Seq read sets [Solomon, Kingsford, 2016].
Querying 100 random human transcripts (= 90 kbp).

Method Index size Peak RAM Query time
REINDEER 59GB 91GB 56.5 sec
MetaGraph 11GB 11GB 17.6 sec

- B5x smaller representations, uses 8x less RAM

- 3x faster to query

24



From qualitative to quantitative

2. Representing k-mer coordinates

ACTAGCTAGCTAG

—~——
1:ACT 8:AGC
2:CTA 9:GCT
3: TAG 10:CTA
4:AGC 11: TAG
k-mers ¢ ~o
6: CTA (\@/@
7:TAG

De Bruijn graph



From qualitative to quantitative

2. Representing k-mer coordinates

ACTAGCTAGCTAG

—~——

1:ACT 8: AGC
2:CTA 9:GCT
3:TAG 10:CTA }
4:AGC 11:TAG ACT
K-mers 5. GOT

6:CTA
7:TAG

Not invertible De Bruijn graph
representation

25



From qualitative to quantitative

2. Representing k-mer coordinates

ACTAGCTAGCTAG
—~—— {3,7,11}

1:ACT 8: AGC
2:CTA 9:GCT } (1) (2.6,10}

14,8}
3: TAG 10:CTA
4:AGC 11: TAG
K-mers 5. GOT

{9,9}
6:CTA
7:-TAG

Invertible - De Bruijn graph

with k-mer coordinates

25



From qualitative to quantitative

2. Representing k-mer coordinates

ACTAGCTAGCTAG
—~—— {3,7,11}

1:ACT 8: AGC
2:CTA 9:GCT
3: TAG 10:CTA
4:AGC 11: TAG
-mers  5.cCT

6:CTA
7:TAG

Encoding k-mer coordinates allows

- reconstructing original sequences De BrUijn graph

(hence, lossless sequence representation)

with k-mer coordinates
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From qualitative to quantitative

2. Representing k-mer coordinates

ACTAGCTAGCTAG

—~——

1:ACT 8:AGC
2:CTA 9:GCT
3: TAG 10:CTA
4:AGC 11: TAG

{4,8}
Lossless Indexing with Counting de Bruijn Graphs

k-mers . e Mikhail Karasikov, Harun Mustafa, Gunnar Ratsch, André Kahles

6:CTA Genome Res. 2022: doi: https://doi.org/10.1101/gr.276607.122
7:-TAG

Encoding k-mer coordinates allows

- reconstructing original sequences De BrUijn graph

(hence, lossless sequence representation)

- performing exact sequence alignment

with k-mer coordinates

25



Indexing large sequence archives



MetaGraph: Indexing and Analysing Nucleotide Archives at Petabase-scale

o
Mikhail Karasikov, 2 Harun Mustafa, Daniel Danciu, Marc Zimmermann, Christopher Barber,
XI L Gunnar Ratsch, (2 André Kahles
doi: https://doi.org/10.1101/2020.10.01.3221 64
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Datasets: UHGG (Almeida er al., 2020), Tara Oceans (Paoli, 2022), GTEx (Lonsdale er al., 2013), TCGA (Kaiser, 2005), MetaSUB (Danko ez al., 2019), SRA-Microbe (Bradley ef al., 2019) 27
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Indexing petabase-scale inputs

Type Data set Tbp # labels Index size Compression | Redund. Efficiency
(bp/byte) | (bp/rel.) (rel./byte)

o  UHGG (catalog) 0.01 4,644 3.2GB 3.5 1.0 3.5
,qg UHGG (all) 0.71 286,997 27.3GB 26.0 1.0 25.9
% Tara Oceans (scaffolds) 0.36 318,205,057 110.2GB 3.2 1.0 3.1
g Tara Oceans with coord.” 0.06 34,815 14.6 GB 4.2 1.0 4.2
< RefSeq with coordinates’ 1.70 85375  508.9GB 3.3 1.0 3.3

Datasets: UHGG (Almeida er al., 2020), Tara Oceans (Paoli, 2022), GTEx (Lonsdale ef al., 2013), TCGA (Kaiser, 2005), MetaSUB (Danko er al., 2019), SRA-Microbe (Bradley er al.,2019)
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Type Data set Tbp # labels Index size Compression | Redund. Efficiency
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< RefSeq with coordinates’ 1.70 85375  508.9GB 3.3 1.0 3.3
-  GIEx 71.2 9,759 9.6 GB 7,416 241.2 30.7
c%l) GTEx with counts? 71.2 9,759 76.3 GB 934 241.2 3.9
<ZC TCGA 81.2 11,095 11.1GB 7,288 334.4 21.8
~ TCGA with counts? 81.2 11,095 81.2GB 1,001 320.4 3.1

Datasets: UHGG (Almeida er al., 2020), Tara Oceans (Paoli, 2022), GTEx (Lonsdale ef al., 2013), TCGA (Kaiser, 2005), MetaSUB (Danko er al., 2019), SRA-Microbe (Bradley er al.,2019)



Indexing petabase-scale inputs

Type Data set Tbp # labels Index size Compression | Redund. Efficiency
(bp/byte) | (bp/rel.) (rel./byte)

- UHGG (catalog) 0.01 4,644 3.2GB 3.5 1.0 3.5
;U% UHGG (all) 0.71 286,997 27.3GB 26.0 1.0 259
% Tara Oceans (scaffolds) 0.36 318,205,057 110.2GB 3.2 1.0 3.1
g Tara Oceans with coord.’ 0.06 34,815 14.6 GB 4.2 1.0 4.2
< RefSeq with coordinates’ 1.70 85375  508.9GB 3.3 1.0 3.3
- GTEx 71.2 9,759 9.6 GB 7,416 241.2 30.7
c%l) GTEx with counts? 71.2 9,759 76.3 GB 934 241.2 3.9
<ZC TCGA 81.2 11,095 11.1GB 7,288 334.4 21.8
~ TCGA with counts? 81.2 11,095 81.2GB 1,001 320.4 3.1
5 MetaSUB 7.2 4,220 46.7 GB 155 40.5 3.8
= SRA-MetaGut 155.8 241,384 1,111.3GB 140 22.2 6.3

Datasets: UHGG (Almeida er al., 2020), Tara Oceans (Paoli, 2022), GTEx (Lonsdale ef al., 2013), TCGA (Kaiser, 2005), MetaSUB (Danko er al., 2019), SRA-Microbe (Bradley er al.,2019)
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Indexing petabase-scale inputs

Type Data set Tbp # labels Index size Compression | Redund. Efficiency
(bp/byte) | (bp/rel.) (rel./byte)

o UHGG (catalog) 0.01 4,644 3.2GB 3.5 1.0 3.5
,qg UHGG (all) 0.71 286,997 27.3GB 26.0 1.0 25.9
% Tara Oceans (scaffolds) 0.36 318,205,057 110.2GB 3.2 1.0 3.1
g Tara Oceans with coord.’ 0.06 34,815 14.6 GB 4.2 1.0 4.2
< RefSeq with coordinates’ 1.70 85375  508.9GB 3.3 1.0 3.3
- GTEx 71.2 9,759 9.6 GB 7,416 241.2 30.7
c%,) GTEx with counts? 71.2 9,759 76.3 GB 934 241.2 3.9
<ZC TCGA 81.2 11,095 11.1GB 7,288 334.4 21.8
~ TCGA with counts? 81.2 11,095 81.2GB 1,001 320.4 3.1
6 MetaSUB 7.2 4,220 46.7 GB 155 40.5 3.8
= SRA-MetaGut 155.8 241,384 1,111.3GB 140 22.2 6.3
SRA-Microbe 221.1 446,506 65.5 GB 3,376 157.6 21.4

. SRA-Fungi 162.1 121,900 98.3 GB 1,649 113.9 14.5
,qé SRA-Plants 1,109.2 531,714  1,844.1GB 602 61.5 9.8
2 SRA-Human 725.4 436,494  3,402.1GB 213 15.7 13.5
é SRA-Metazoa (Mouse) 146.6 57,938 291.6 GB 503 26.6 18.9
" SRA-Metazoa (1k studies) 118.8 67,391 302.7 GB 393 33.5 11.7
SRA-Metazoa 1,999.5 805,239 5.1TB* 390* 33.3 11.7%

Datasets: UHGG (Almeida er al., 2020), Tara Oceans (Paoli, 2022), GTEx (Lonsdale ef al., 2013), TCGA (Kaiser, 2005), MetaSUB (Danko er al., 2019), SRA-Microbe (Bradley er al.,2019)
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Indexing petabase-scale inputs

Type Data set Tbp # labels Index size Compression | Redund. Efficiency
(bp/byte) | (bp/rel.) (rel./byte)
o UHGG (catalog) 0.01 4,644 3.2GB 3.5 1.0 3.5
,qg UHGG (all) 0.71 286,997 27.3GB 26.0 1.0 25.9
% Tara Oceans (scaffolds) 0.36 318,205,057 110.2GB 3.2 1.0 3.1
g Tara Oceans with coord.’ 0.06 34,815 14.6 GB 4.2 1.0 4.2
< RefSeq with coordinates’ 1.70 85375  508.9GB 3.3 1.0 3.3
- GTEx 71.2 9,759 9.6 GB 7,416 241.2 30.7
c%,) GTEx with counts? 71.2 9,759 76.3 GB 934 241.2 3.9
<ZC TCGA 81.2 11,095 11.1GB 7,288 334.4 21.8
~ TCGA with counts? 81.2 11,095 81.2GB 1,001 320.4 3.1
6 MetaSUB 7.2 4,220 46.7 GB 155 40.5 3.8
= SRA-MetaGut 155.8 241,384 1,111.3GB 140 22.2 6.3
SRA-Microbe 221.1 446,506 65.5 GB 3,376 157.6 21.4
. SRA-Fungi 162.1 121,900 98.3 GB 1,649 113.9 14.5
,qé SRA-Plants 1,109.2 531,714  1,844.1GB 602 61.5 9.8
2 SRA-Human 725.4 436,494  3,402.1GB 213 15.7 13.5
é SRA-Metazoa (Mouse) 146.6 57,938 291.6 GB 503 26.6 18.9
" SRA-Metazoa (1k studies) 118.8 67,391 302.7 GB 393 33.5 11.7
SRA-Metazoa 1,999.5 805,239 5.1TB* 390* 33.3 11.7%
N
N SRA-Public to 01.01.2023 38,949.9 23,010,648

Datasets: UHGG (Almeida er al., 2020), Tara Oceans (Paoli, 2022), GTEx (Lonsdale ef al., 2013), TCGA (Kaiser, 2005), MetaSUB (Danko er al., 2019), SRA-Microbe (Bradley er al.,2019)
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Indexing petabase-scale inputs

Type Data set Tbp # labels Index size Compression | Redund. Efficiency
(bp/byte) | (bp/rel.) (rel./byte)
o UHGG (catalog) 0.01 4,644 3.2GB 3.5 1.0 3.5
,qg UHGG (all) 0.71 286,997 27.3GB 26.0 1.0 25.9
% Tara Oceans (scaffolds) 0.36 318,205,057 110.2GB 3.2 1.0 3.1
g Tara Oceans with coord.’ 0.06 34,815 14.6 GB 4.2 1.0 4.2
< RefSeq with coordinates’ 1.70 85375  508.9GB 3.3 1.0 3.3
- GTEx 71.2 9,759 9.6 GB 7,416 241.2 30.7
c%,) GTEx with counts? 71.2 9,759 76.3 GB 934 241.2 3.9
<ZC TCGA 81.2 11,095 11.1GB 7,288 334.4 21.8
~ TCGA with counts? 81.2 11,095 81.2GB 1,001 320.4 3.1
6 MetaSUB 7.2 4,220 46.7 GB 155 40.5 3.8
= SRA-MetaGut 155.8 241,384 1,111.3GB 140 22.2 6.3
SRA-Microbe 221.1 446,506 65.5 GB 3,376 157.6 21.4
. SRA-Fungi 162.1 121,900 98.3 GB 1,649 113.9 14.5
,qé SRA-Plants 1,109.2 531,714  1,844.1GB 602 61.5 9.8
2 SRA-Human 725.4 436,494  3,402.1GB 213 15.7 13.5
é SRA-Metazoa (Mouse) 146.6 57,938 291.6 GB 503 26.6 18.9
" SRA-Metazoa (1k studies) 118.8 67,391 302.7 GB 393 33.5 11.7
SRA-Metazoa 1,999.5 805,239 5.1TB* 390* 33.3 11.7%
< SRA-Public (100 studies) 9.6 5,184 32.0GB 300 73.3 4.1
& SRA-Public to 01.01.2023 38,949.9 23,010,648

Datasets: UHGG (Almeida er al., 2020), Tara Oceans (Paoli, 2022), GTEx (Lonsdale ef al., 2013), TCGA (Kaiser, 2005), MetaSUB (Danko er al., 2019), SRA-Microbe (Bradley er al.,2019)
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Indexing petabase-scale inputs

Type Data set Tbp # labels Index size Compression | Redund. Efficiency
(bp/byte) | (bp/rel.) (rel./byte)

S UHGG (catalog) 0.01 4,644 3.2GB 3.5 1.0 3.5
,é) UHGG (all) 0.71 286,997 27.3GB 26.0 1.0 25.9
% Tara Oceans (scaffolds) 0.36 318,205,057 110.2GB 3.2 1.0 3.1
g Tara Oceans with coord.’ 0.06 34,815 14.6 GB 4.2 1.0 4.2
< RefSeq with coordinates’ 1.70 85375  508.9GB 3.3 1.0 3.3
- GTEx 71.2 9,759 9.6 GB 7,416 241.2 30.7
c%,) GTEx with counts? 71.2 9,759 76.3 GB 934 241.2 3.9
<ZC TCGA 81.2 11,095 11.1GB 7,288 334.4 21.8
~ TCGA with counts? 81.2 11,095 81.2GB 1,001 320.4 3.1
6 MetaSUB 7.2 4,220 46.7 GB 155 40.5 3.8
= SRA-MetaGut 155.8 241,384 1,111.3GB 140 22.2 6.3
SRA-Microbe 221.1 446,506 65.5 GB 3,376 157.6 21.4

. SRA-Fungi 162.1 121,900 98.3 GB 1,649 113.9 14.5
3 SRA-Plants 1,109.2 531,714  1,844.1GB 602 61.5 9.8
% SRA-Human 725.4 436,494  3,402.1GB 213 15.7 13.5
é SRA-Metazoa (Mouse) 146.6 57,938 291.6 GB 503 26.6 18.9
" SRA-Metazoa (1k studies) 118.8 67,391 302.7 GB 393 33.5 11.7
SRA-Metazoa 1,999.5 805,239 5.1TB* 390* 33.3 11.7%

< SRA-Public (100 studies) 9.6 5,184 32.0GB 300 73.3 4.1
& SRA-Public to 01.01.2023 38,949.9 23,010,648 130 TB* 300%* 73.3% 4.1%

Datasets: UHGG (Almeida er al., 2020), Tara Oceans (Paoli, 2022), GTEx (Lonsdale ef al., 2013), TCGA (Kaiser, 2005), MetaSUB (Danko er al., 2019), SRA-Microbe (Bradley er al.,2019)
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Search in the Sequence Read Archive

Search with Serratus [Edgar et al., 2022]

- (viral pangenome search of 82 Mbp against 4M samples at 0.62 cents per sample)
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Search in the Sequence Read Archive

Search with Serratus [Edgar et al., 2022]

- (viral pangenome search of 82 Mbp against 4M samples at 0.62 cents per sample)

- effective query cost for SRA-Public (23M samples): $1,700 per 1 Mbp of query

Search with MetaGraph
- (extrapolated from ‘SRA-Public (100 studies)’ with prices for Google Cloud)

- effective query cost for SRA-Public (23M samples): $2.8 per 1 Mbp of query

- 600x cheaper than Serratus

- Indexing cost: only 2.2 cents per sample

30



MetaGraph Online

[I/(X Home Search Align Graphs D0 Y

MetaGraph: Search DNA Sequences

TTTCACTCTTTGATAGCAGCATGCTTAGTACTAAGCTAAGTCTCCAAGATTGTCGAGTCAGTCGCTTCATTTCTTCCTACCTGATACTAGTATGACTTGATCCTCCCG
CTGCACGTAAAACCACAAAAGATACACTACTTAATTACCAGTAGAAATATACAATCAATGCAGTCATAGAATCGGAGGACAATACTTTGCCAAGCAGGGTTT

Select graph:

SRA-Fungi v

Minimum k-mer matches: 100%

Search with alignment (?)

Search SRA-Fungi

Search results

Show 10 ' entries Search:
# - sample k-mer matches (?)
1 SRR3885701 180
2 SRR3885702 180
3 SRR3885703 180
4 SRPR3IRAETONA 120

metagraph.ethz.ch/search
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MetaGraph Online

[I/(X Home Search Align Graphs D0 Y

Show 10 ' entries Search:
#“ sample k-mer matches (?)
1 SRR3885701 180
2 SRR3885702 180
3 SRR3885703 180
4 SRRI”ACTNA 120

MetaGraph: Search DNA Sequences

TTTCACTCTTTGATAGCAGCATGCTTAGTACTAAGCTAAGTCTCCAAGATTGTCGAGTCAGTCGCTTCATTTCTTCCTACCTGATACTAGTATGACTTGATCCTCCCG
CTGCACGTAAAACCACAAAAGATACACTACTTAATTACCAGTAGAAATATACAATCAATGCAGTCATAGAATCGGAGGACAATACTTTGCCAAGCAGGGTTT

Select graph:

SRA-Fungi v

Minimum k-mer matches: 100%

Search with alignment (?)

Search results

metagraph.ethz.ch/search

Python Client API

In [1]:

In [2]:

Oout [2]:

from metagraph.client import GraphClient

SRV = “metagraph.ethz.ch”

PORT = 12345

gl = GraphClient(SRV, PORT, api path=“/metasub”)
g2 = GraphClient(SRV, PORT, api path="/refseq”)

query = “GGCTAACTACGTGCCAGCAGCCGCGGTAATAC"
gl.search(query, align=True)

sample sequence score
0 SRR2201245 GGCTAACTACGTGCCAGCAGCCGCGGTAATAC 64
1 ERR1732568 GGCTAACTACGTGCCAGCAGCCGCGGTAATAC 64

2 ERR847096 GGCTAACTACGTGCCAGCAGCCGCGGTAATAC 64
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Main results of the thesis

N

MetaGraph

Showed the feasibility of indexing all existing sequence archives

Developed efficient methods for scalable indexing and retrieval
- k-mer presence/absence
- k-mer abundances

- k-mer positions

Efficient and scalable tool MetaGraph
Community resource indexes of very large sequence data sets

MetaGraph Online https://metagraph.ethz.ch
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Outreach

Conferences Possible future applications

Talks: Detection/confirmation of
RECOMB 2019 (Washington, DC, USA) — presented by HM novel splice junctions
ISMB/ECCB 2021, HiTSeqg COSI (online) trans-splice junctions
RECOMB 2022 (La Jolla, California, USA) genomic variants (incl. structural variants)
IGGSyY 2022 (Ascona, Switzerland) novel sequence elements
JOBIM 2022 (Rennes, France) — invited talk gene fusions

Poster: phages in metagenomes

novel functional elements in metagenomes
Biological Data Science - CSHL Meeting 2022 (Cold Spring Harbor,

New York, USA) pathogen pervasiveness (e.g. SARS CoV-Il)
Other talks Differential assembly
MLSS 2020 (online) Joint variant calling

Zurich Seminars in Bioinformatics 2022 (Zurich, Switzerland) Large association studies on sequence elements

Collaborations

Tara Oceans (Sunagawa lab)
MetaSUB consortia (C. Mason)
Differential assembly (M. Huber)
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