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Indexing: Motivation
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Indexing: Motivation
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K-mer indexing

Sample 0 Sample 1 Sample n Query:

@ @ @ ACACTCGCAGAGGGATTATTTTTAAA

Index creation
The talk focuses on
(parts of) that step

sample 0 | False

For each k-mer
(e.g. ACTCGCAGAG) | sample 1 | True

T

sample n | True




k-mer indexing & bloom filters

Methods: '

BFT (Holley et al., 2016)*

Sequence Bloom Tree*:

SBT (Solomon & Kingsford, 2016) * .
AllSomeSBT (Sun et al., 2017) Based on Bloom filters

SSBT (Solomon & Kingsford, 2018)
HowDeSBT (Harris & Medvedev, 2019)

- Mantis (Pandey et al., 2018)

- SeqOthello (Yu et al., 2018)

- BIGSI (Bradley et al., 2019)*

- COBS (Bingmann et al., 2019)*



Bloom filters

Usual Bloom filters construction from k-mers. For each sample:
1/2 Count k-mers with efficient k-mer counting tool as Jellyfish
(Marcgais et al.) or KMC (Kokot et al.).
2/2 Remove low-abundant k-mers, add others in a Bloom filter

Inefficient + loss of information (low-abundant k-mer removal)
Plan (kmtricks):

- Count hash, not k-mers

- Rescue low-abundant k-mers



kmtricks IOs overview
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row-major Bloom filters
(k-mer aggregative)
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vectors (color-aggregative)



D1.fq.gz

D2.fq.gz

Em{j kmtricks

>readl

CCAAAG

>readl10eM

Cccccccce
i

b pipeline
p
(1) Counting
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& Intermediate outputs processable using kmtricks library



D1.fq.gz D2.fq.gz

croset ) (oo kmtricks
>read100M | |>read10em . -
cceeceee ) \TTCccs p 1 p e 1 inhe
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(1) Counting
Minimizer partitioning » P, P,
Based on an estimation of the AAA,AAC  CCC,CCG
number of kmers per minimizer. AAT, ... CGA,...
\_ J

& Intermediate outputs processable using kmtricks library



D1.fq.gz D2.fq.gz

>readl
CCAAAG
>readl10eM
Cccccccce

>readl
CCAAAT
>readl10eM
TTCCCG

kmtricks
pipeline

N
(1) Counting
Minimizer partitioning » P, P,
Based on an estimation of the AAA,AAC  CCC,CCG
number of kmers per minimizer. AAT, ... CGA,...
Super-k-mers # D:Py DiP2
] CCAAAG  ccceeece
For each dataset: write super-k- D.P D.P
mers into disk partitions. Lt "2
CCAAAT  TTCCCG
\_ J

& Intermediate outputs processable using kmtricks library
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D1.fq.gz D2.fq.gz

>readl >readl
CCAAAG CCAAAT
>readl10eM >readl10eM
Cccccccce TTCCCG

i i

kmtricks
pipeline

-

Minimizer partitioning »

Based on an estimation of the
number of kmers per minimizer.

Super-k-mers »

For each dataset: write super-k-
mers into disk partitions.

Counting »

For each dataset and each
partition: count k-mers/hashes
and output on disk. In hash
mode: hash values are directly
represented as bit-vectors.*

.

(1) Counting

P, P,
AAA,AAC  CCC,CCG
AAT,... CGA,...

D,P, D,P;
CCAAAG  ccceeece
D,Py D;P;

CCAAAT TTCCCG

D,P, D,P;
CAAAG 3  cceccC 9
CCAAA 8

D2Py D;P;

CAAAT 1 TTCCC 7
CCAAA 5 TCCCG 4

Counted hashes
D,P, D,P,

0002 3 0004 9
0003 8

D:P, D;P;

0000 1 0005 7
0003 5 0007 4

& Intermediate outputs processable using kmtricks library

\_

/ kmtricks specific

Partitioned Bloom filters
P P

o1ee11|o11eoe

D210 61 D2 0161

~

P1: 0-3
P2: 4-7
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D1.fq.gz D2.fq.gz
Creads ) (read: kmtricks
CCAAAG CCAAAT
>read100M >read100M - -
cceeeece TTCCCG plpe llne
( -
(1) Counting
Minimizer partitioning » Py P,
Based on an estimation of the AAA,AAC  CCC, CCG
number of kmers per minimizer. AAT,... CGA,...
Super-k-mers » DiPy D:P:
] CCAAAG  cccecece
For each dataset: write super-k- D.P D.P
mers into disk partitions. Lt "2
CCAAAT  TTCCCG
Counting » op - op
1M 172
For each dataset and each CAAAG 3 CCCCC 9
partition: count k-mers/hashes CCAAA 8
and output on disk. In hash D.P D.P
mode: hash values are directly CARAT 3 TTECC 7
represented as bit-vectors.* CCAAA 5 TCCCG 4

.

1

[

/

& Intermediate outputs processable using kmtricks library

H k-mers hash )
(2) Merg'“Q mode mode

Partition aggregation # D1 D2 D1 D2
For each partition: aggregate counted CAAAG* 3 0 868 1 g 3
k-mers/hashes between datasets. CAAAT" 0 1 éééz 1 0
CCAAA® 8 5 0003 1 1
y 0005 0 1
TCCCG . 0 4 0Oe6 O 0

J/
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D1.fq.gz D2.fq.gz

>readl >readl k 1 k
CCAAAG CCAAAT mtricks
>read100M | |>read10em . -
cceeceee ) \TTCCcs p 1 p e 1 inhe

(1) Counting

Minimizer partitioning » Py P,

Based on an estimation of the AAA,AAC  CCC, CCG

number of kmers per minimizer. AAT, ... CGA,...
D,P, D;P;

Super-k-mers »
CCAAAG  ccccccce

For each dataset: write super-k- D,P, D,P,

mers into disk partitions.
CCAAAT TTCCCG

Counting »

D,P, D,P;
For each dataset and each CAAAG 3 CCCCC 9
partition: count k-mers/hashes CCAAA 8
and output on disk. In hash D.P D.P
mode: hash values are directly CAMT 1 TTCCC 7
represented as bit-vectors.* CCAAA 5 TCCCG 4

.

>

J

& Intermediate outputs processable using kmtricks library

(- H k-mers hash A
(2) Merglng mode mode
Partition aggregation # p1p2  Db1D2
For each partition: aggregate counted CAAAG* 3 0 868 1 g 3)
k-mers/hashes between datasets. CAAAT" 0 1 0002 1 ©
CCAAA® 8 5 0003 1 1
k-mers/hashes rescue
Save low abundance k-mers/hashes CCCCC' 9 © gggg é (i)
seen in many datasets. TcccG' © 4 0006 © ©
TTCCC® © 7 o070 1
. y
Hash rescue example:
DO D1 D2 D3 D4
H 1 0 4 5 3 — 10111
H2 0 1 0 0 1 — 00000
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D1.fq.gz

D2.fq.gz

>readl >readl k 1 k
CCAAAG CCAAAT mtricks
>read100M | |>read10em . -
cceeceee ) \TTCCcs p 1 p e 1 inhe

(1) Counting

Minimizer partitioning »

Based on an estimation of the
number of kmers per minimizer.

Super-k-mers »

For each dataset: write super-k-
mers into disk partitions.

Counting »

For each dataset and each
partition: count k-mers/hashes
and output on disk. In hash
mode: hash values are directly
represented as bit-vectors.*

.

Py P,
AAA,AAC  CCC,CCG
AAT,... CGA,...

D,Py D;P;
CCAAAG  ccceecee
D2P, D:2P;
CCAAAT  TTCCCG

D,Py D,P;
CAAAG 3  ccccC 9
CCAAA 8

D2Py D;P;
CAAAT 1  TTCCC 7
CCAAA 5  TCCCG 4

1

s

/

& Intermediate outputs processable using kmtricks library

~N
M k-mers hash
(2) Merg'“Q mode mode
Partition aggregation # D1 D2 D1 D2
For each partition: aggregate counted CAAAG* 3 0 868 1 g 3)
k-mers/hashes between datasets. CAAAT" 0 1 0002 1 ©
CCAAA® 8 5 0003 1 1
k-mers/hashes rescue
Save low abundance k-mers/hashes CCCCC' 9 © 883‘; é (i)
seen in many datasets. TCCCG' 0 4 0006 © 0
TTCCC® © 7 o007 0 1
Transpose sub-matrices # P, P,
In hash mode, transpose sub- npeil nieee
matrices to obtain dataset-specific 21661 'p210101
o J/
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D1.fq.gz D2.fq.gz

>readl >readl k 1 k
CCAAAG CCAAAT mtricks
>read100M | |>read10em . -
cceeceee ) \TTCCcs p 1 p e 1 inhe

(1) Counting

Minimizer partitioning » Py P,
Based on an estimation of the AAA,AAC  CCC, CCG
number of kmers per minimizer. AAT, ... CGA,...

Super-k-mers # D:Py DiP2
CCAAAG ccccccce

For each dataset: write super-k- D,P, D,P,

mers into disk partitions.
CCAAAT TTCCCG

Counting »

D,P, D,P;
For each dataset and each CAAAG 3 CCCCC 9
partition: count k-mers/hashes CCAAA 8
and output on disk. In hash D.P D.P
mode: hash values are directly CAMT 1 TTCCC 7
represented as bit-vectors.* CCAAA 5 TCCCG 4

.

>

Build row-major Bloom filters from
partitioned bit-vectors from (1)* or fom
partition-specific  transposed sub-
matrices from (2).

J

4 H k-mers hash h
(2) Merglng mode mode
Partition aggregation # p1p2  Db1D2
For each partition: aggregate counted CAAAG* 3 0 868 1 g 3)
k-mers/hashes between datasets. CAAAT" 0 1 0002 1 ©
CCAAA® 8 5 0003 1 1
k-mers/hashes rescue
Save low abundance k-mers/hashes C€ccCC*' 9 © gggg é (i)
seen in many datasets. TcceG' 0 4 0006 © 0
TTCCC® © 7 o007 0 1
Transpose sub-matrices » P, P,
In hash mode, transpose sub- 1o o1 0111006
matrices to obtain dataset-specific D21 06 26161
o J
4 ' )
(3) Bloom filter outputs
Bloom filters P, P

D100 11106060
D210010601061]

With SDSL or HowDe-SBT compatibility

& Intermediate outputs processable using kmtricks library
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Applications

kmtricks (standalone)
- k-mer matrix construction
- Bloom filter construction
- With / wo rescue

Up next:
kmtricks + HowDeSBT

- kmtricks + compatible HowDeSBT
software available on kmtrick’s Github
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kmtricks performances on Tara Ocean
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Pesant et al.

241 bacterial metagenomic stations:
- 712 fastq.gz

- >65TB
- 266 billions distinct k-mers
- 174 millions occur twice or more




kmtricks performances on Tara Ocean
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.
“ O i

Memory (GB) | Disk (TB)

= o Ju = e Time (min)
fn 4\% L =
% }ﬁ \)%g kmtricks 2631 50.3 6.29

o A Tl Jellyfish ® + makebf | >10000° 80.6 ~ 1.1
B oo 5 T a2 KMC @ + makebf >8500° 213 ~ 1.1
;\:-::E %
o s
wor

Pesant et al.

241 bacterial metagenomic stations:
- 712 fastq.gz
- >6.5TB
- 266 billions distinct k-mers
- 174 millions occur twice or more




kmtricks + HowDeSBT performances on Tara Ocean

Pesant et al.

241 bacterial metagenomic stations:
- 712 fastq.gz
- >6.5TB
- 266 billions distinct k-mers
- 174 millions occur twice or more

Performances for bloom filter creation:

Time (min) | Memory (GB) | Disk (TB)
kmtricks 2631 50.3 6.29
Jellyfish @ + makebf | >10000° 80.6 ~ 1.1
KMC ¢ + makebf >8500° 213 ~ 1.1

kmtricks: hash rescue step - first conserving all kmers

Used with HowDeSBT
HowDeSBT tree construction from BFs: ~40h
Final index size: 612 GB

Query time: 19 minutes (for 1 or 1000 queries)
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Collection-aware k-mer filtering recovers large amounts of
weak signal
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Collection-aware k-mer filtering recovers large amounts of
weak signal

Ratio filtered k-mers / expected erroneous k-mers k-mers occu fing once

50 A
e Hard abundance threshold Expected number of erroneous k-mers

40
5. 30
g
g
= 204

10

04 Il o5 &= i | 5 1 _— .

0 5 015 20 > 1 : too many k-mers are discarded
ratio <1 : too many k-mers are kept
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Collection-aware k-mer filtering recovers large amounts of
weak signal

Ratio filtered k-mers / expected erroneous k-mers k-mers occu fing once

Il Rescue strategie
BE Hard abundance threshokd Expected number of erroneous k-mers

50 A

40

Unrescued k-mers

w
o
1

Expected number of erroneous k-mers

frequency

N
o
L

10 A

1: @
d I ss = ; | 'l ) .
o : o1 20 > 1 : too many k-mers are discarded
ratie <1 : too many k-mers are kept
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Conclusion & Future work

Improves bf construction time
- still very insufficient to hope to scale up on the very large databases

kmtricks + HowDe-SBT -> build an index for medium scale dataset:
- all bacterial metagenomics reads from Tara Ocean in a few days.

Low-abundant k-mer rescue procedure seems to recover an interesting signal
- Future steps: analyze the signal present in recovered k-mers

Take advantage of partitioned Bloom filters in indexes:

- Construction time: Parallel construction of HowDe-SBT tree
- Query time: query one tree per partition

O https://github.com/tlemane/kmtricks
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O https://github.com/tlemane/kmtricks

Thank you!
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