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Biological Data vs. Moore’s Law
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eqguencing Cores == Accessibllity

UF ICBR ABOUT US SERVICES & RESOURCES CORES TO<(

your pursuit is what drives us.

lllumina NovaSeq: S4

lllumina NovaSeq: S4

UF | ICBR NextGen DNA Sequencing // ICBR-NextGenSeq@ad.ufl.edu /// 352.273.8050

Format Lanes | UF Pricing| Non-Profit Commercial Max Output** UF Cost/Gb
2x150 FullFC | $16687.50 | $19190.63  $20859.38 3000 $5.56
2x150 1 $4218.47  $485124  $5273.09 2.5 Billion 750 $5.62
2x100 Full FC  $15052.57 $1731045  $1881571 10 Billion 2000 $7.53
2x100 1 $3809.73  $438119  $476217 2.5 Billion 500 $7.62
1x35 Full FC  $12364.62 $1421931  $1545577 10 Billion 350 $35.33
1x35 1 $3137.75  $3608.41  $392218 2.5 Billion 88 $35.66

* - Number of SE reads per FC run or lane
** - Max output PE per FC run (Gb)

Illumina NovaSeq, Sp

PacBio Library Construction Services

PacRio IsoSea libraries



Sample Preparation
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Sample Preparation

Fragments

Next Generation Sequencing (NGS)

ACGTAGAATCGACCATG \\\N
\/ ACGTAGAATACGTAGAA

GGGACGTAGAATACGAC

Reads



Sample Preparation

Fragments

Readsl 1
ACGTAGAATACGTAGAA
Assembly / Alignment ACGTAGAATACGTAGAA
ACGTAGAATCGACCATG ACGTAGAATACGTAGAA
GGGACGTAGAATACGAC ACGTAGAATACGTAGAA
ACGTAGAATACGTAGAA

tttttt

ACGTAGAATACGTAGAA
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Reads l

Assembly / Alignment

Analysis
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Burrows Wheeler Transform

The FM-index which is BWT in combination with the sa. It allows for
compression of the text but still enables fast substring queries.

TIE Bowtie

Bow An ultrafast memory-efficient short read aligner

Introduction BWA:

SF project page
SF download page
Mailing list

BWA is a software package for mapping low-divergent sequences against a large
reference genome, such as the human genome. It consists of three algorithms:
BWA-backtrack, BWA-SW and BWA-MEM. The first algorithm is designed for
Illumina sequence reads up to 100bp, while the rest two for longer sequences
ranged from 70bp to 1Mbp. BWA-MEM and BWA-SW share similar features such as
long-read support and split alignment, but BWA-MEM, which is the latest, is

generally recommended for high-quality queries as it is faster and more accurate. ) FAST
BWA-MEM also has better performance than BWA-backtrack for 70-100bp Illumina D m r
reads.

Micro Read Fast Alignment Search Tool

SOAP: short oligonucleotide alignment program @

Ruigiang Li, Yingrui Li, Karsten Kristiansen, Jun Wang ™«  Author Notes
12



F M - | ﬂ d eX Ferragina and Manzini [FOCS 2000]

Text index which allows fast substring queries

, T = ACAACACS
in compressed space.

SA M BWT
SACAACAC]
AACACSA
ACSACAA
ACAACAC
ACACSAC
CSACAAC
CAACACS
CACSACA

» Burrows-Wheeler transform (BWT).

« Suffix Array (SA) samples at constant
distance intervals.

(> m o0 wo u N )
(> PP ®naaa



o
F M = I n d ex Ferragina and Manzini [FOCS 2000]

Text index which allows fast substring queries

, T = ACAACACS
in compressed space.

SA M BWT

» Burrows-Wheeler transform (BWT). 7 SACAACAC
« Suffix Array (SA) samples at constant 2| ARCACSAC
distance intervals. 5/ ACSACAAC
0| ACAACACS

3| ACACSACA

Seed exact short 6| CSACAACA
matches 1| CAACACSA
4| CACSACAA




Maximal Exact Matches (MEMs)

Given a text S[1..n] and a pattern P[1.m]. The substring P[i..i + £ —
1] of length ¢ is a maximal exact match (MEM) of P in S if:

SSTAGTTTAGTCCCAATATATTTT
—
P.GGGCGAATATG

ﬁ

1. P[i..i+ € —1] occurs in S;
2. P[i—1..i+¢-1]and PJ[i ..i + £] does not occur in S.

A

15



o
F M = I n d ex Ferragina and Manzini [FOCS 2000]

Text index which allows fast substring queries

, T = ACAACACS
in compressed space.

SA M BWT

» Burrows-Wheeler transform (BWT). g SACAACAC
« Suffix Array (SA) samples at constant 2| ARCACSAC
distance intervals. 5/ ACSACAAC
0| ACAACACS

3| ACACSACA

500 GB 6| CSACAACA

500 GB 1| CAACACSA

4| CACSACAA




o
F M = I n d ex Ferragina and Manzini [FOCS 2000]

Text index which allows fast substring queries

, T = ACAACACS
in compressed space.

SA M BWT

 Burrows-Wheeler transform (BWT). 7] sACAACAC
« Suffix Array (SA) samples at constant 2| ARCACSAC
distance intervals. 5/ ACSACAAC
0| ACAACACS

3| ACACSACA

5TB 6| CSACAACA

5TB 1| CAACACSA

4| CACSACAA




Our Godal

The 100,000 Genomes Project

Genomics England & Partners

Build a pangenomics index in sub-linear memory a manner
that it can efficiently support read alighment.

18



R L B W T Mdkinen and Navarro [TCS 2007]

Text index which allows fast substring queries

, T = ACAACACS
in compressed space.

SA M BWT

» Burrows-Wheeler transform (BWT). ] SACAACAC
« Suffix Array (SA) samples at constant 2| ARCACSAC
distance intervals. 5| ACSACAAC||
0| ACAACACS|] Rgf
3| ACACSACA
RLBWT 6/ CSACAACA
1| CAACACSA
4| CACSACAA|




RLBWT

Text index which allows fast substring queries

, T = ACAACACS
in compressed space.

SA M BWT
sacAACAC|T
AACACSA
ACSACAA
ACAACAC
ACACSAC
CSACAAC
CAACACS
CACSACA

» Burrows-Wheeler transform (BWT).

« Suffix Array (SA) samples at constant
distance intervals.

(el oo jw]o|lu v ][]

(b > » 000
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[ ]
r = I n d ex Gagie, Navarro, Prezza [JACM 2020]

Gagie et al. defined a new SA sample that can be _
stored in O(r)-space, where r is the number of I' = ACAACACS
runs of a character in the BWT. SA M BWT

* Burrows-Wheeler transform (BWT). 7] SACARCAC
2 AACACSAC
« Suffix Array (SA) samples at run boundaries. |5]ACSACAAC |
0| ACAACACS | RgT
 Additional (small) data structure to 3| AcAacsAca ]|
reconstruct SA. 6 CSACAACA
1 CAACACSA
4| CACSACAA |

21



[ ]
r = I n d ex Gagie, Navarro, Prezza [JACM 2020]

Gagie et al. defined a new SA sample that can be

stored in O(r)-space, where r is the number of I' = ACAACACS

runs of a character in the BWT. SA M BWT
» Burrows-Wheeler transform (BWT). 7] SACARCAC
2 AACACSAC

o Suffix Arra 1
$ I Runs
 Additional |

reconstrug Problem:

How to build the r-index?

22



P re ﬁX-fre e p O rSi N 9 Boucher et al. [WABI 2018]

The prefix-free parsing P of S with dictionary D is computed
by choosing a set E of strings of length w (trigger strings), and
dividing S into overlapping phrases that start and end with a
trigger string and does not contain any trigger string.

23



Prefix-free parsing

The prefix-free parsing P of S with dictionary D is computed
by choosing a set E of strings of length w (trigger strings), and
dividing S into overlapping phrases that start and end with a
trigger string ang ot contain any trigger string.

The r-index (SA + RLBWT) is

constructed from P and D.

24



Prefix-free parsing

S:GATTACAT#GATACAT#GATTAGATA

We consider S to be circular and we append w copies of #

S:GATTACAT#GATACAT#GATTAGATA##
E={AC,AG, T#,##}

S:GATTACAT#GATACAT#GATTAGATA##

P= D[1] D[2] D[4] D[2] DI[5] D[3]

D={##GATTAC , ACAT# , AGATA## , T#GATAC, T#GATTAG}

25



Prefix-free parsing

We

S:GATTACAT#GATACAT#GATTAGATA

consider S to be circular and we append w copies of #

S:GATTACAT#GATACAT#GATTAGATA##
E={AC,AG, T#,##}

S:GATTACAT#GATACAT#GATTAGATA##

-

\_

P= D[1] D[2] D[4] D[2] DI[5] D[3]

D={##GATTAC , ACAT# , AGATA## , T#GATAC, T#GATTAG}

J

26



Prefix-free parsing

T: {##GATTAC , #GATTAC, GATTAC,ATTAC, TTAC, TAC,

ACAT#,CAT#,AT#,

AGATA## , GATA## , ATA## , TA## , D##

T#GATAC , #GATAC,GATAC,ATAC, TAC,
T#GATTAG, #GATTAG, GATTAG, ATTAG, TTAG, TAG}

-

\_

P= D[1] D[2] D[4] D[2] D[5] D[3]
D={##GATTAC, ACAT# , AGATA## , T#GATAC, T#GATTAG}

J

27



Prefix-free parsing

s #GATTAC, If a sequence in T is a

prefix of another
sequence in T

#GATTAC
#GATTACTTA

-

\_

P= D[1] D[2] D[4] D[2] DI[5] D[3]

D={##GATTAC, ACAT# , AGATA## , T#GATAC, T#GATTAG}

J

28



Prefix-free parsing

 #GATTAC, If a sequence in T is a

prefix of another
sequence in T

E={AC,AG, T#, ##}

#GATTAC
#GATTACTTA

p
P= D[1] D[2] D[4] D[2] DI[5] D[3]

D={##GATTAC, ACAT# , AGATA## , T#GATAC, T#GATTAG}
\_ Y,

29



Prefix-free parsing

’ r GATTAC If a sequence in T is only
a suffix of one sequence

in D then we need only
to consider D.

4 )
P= D[1] /P{E] ?44] D[2] 5{5] ‘\3{3]

D={##GATTAC, ACAT# , AGATA## , T#GATAC, T#GATTAG}
\_ Y,

30



Prefix-free parsing

’ r GATTAC If a sequence in T is only
a suffix of one sequence

in D then we need only
to consider D.

4 )
P= D[1] /P{E] D[4] D[2] D[5] D[3]

D={##GATTAC, ACAT# , AGATA## , T#GATAC, T#GATTAG}
\_ Y,

31



Prefix-free parsing

TAC
If a sequence in T is a

suffix of more than one
sequence in D then we
consider D and P.

N
D[4] D[2] D[S]// D[3]

v
D={##GATTAC, ACAT# , AGATA## , T#GATAC, T#GATTAG}
\_ Y,

32



Indexing Peak Mem. (MB)

Toward a sub-linear solutioN w et a. gecous 20197

We gave an algorithm for indexing repetitive text in
sub-linear time [RECOMB 2019].

A No. Segs in Collection B No. Segs in Collection C No. Segs in Collection D No. Segs in Collection
Y O S S
vy S S PSSE vy S eSPSSE - na S SOSASSS no S SOSENSES
10° 4 o 10°7 = 10%1 _ 10*4
10°1 © 10°- @ O
p 1S i 8 10°4 o 10
10° 1 = 1077 3 E
10° 4 (=] 3 @ = 10%1
0 c 10 £ > [0}
x 2L 1071 T
1024 3 10%1 a S 10"
10' 1 = 10’ & o =+
T T T T T T T T -o 10 7 10 7
10 102 10°  10*  10° 100 100 10°  10°  10° = ot 402 100 10*  10° il 6@ q@  H6¢ qE
Total Length of Collection (MB) Total Length of Collection (MB) Total Length of Collection (MB) Total Length of Collection (MB)
—- Bowtie CHIC_10p_100b -7/ CHIC_10p_250b
aner miun
’ —@— r-index CHIC_30p_100b 7~ CHIC_30p_250b

JHU 33



Toward a sub-linear solutioN w et a. gecous 20197

We gave an algorithm for indexing repetitive text in
sub-linear time [RECOMB 2019].

A No. Segs in Collection B No. Segs in Collection C No. Segs in Collection D No. Segs in Collection
- S SODS S SO S SOSS SOSS
5 Ny S SESEES S SHPESIS Ny P SESEHSS vy P SSSESSE
g_/ 10°4 3 2 _10% -
e A A »
g 10 o 10°1
2 o' E
— |: 2
S . 102 1
O 1071 [0]
o -—
(@)] 102 - 8 101 -
£ o
& 104 = 10°4
-o ) N L] 1 ] [ ] [ ] 1 ]

1 2 3 4

a= 10 10 10 10 1 10' 102 10° 10 10°

Total Length of Collection ( Total Length of Collection (MB)

| Taher Mun —#- Bowtie g CHIC_10p_100b -7~ CHIC_10p_250b
’ ~@- r-index CHIC_30p_100b CHIC_30p_250b
JHU 34




Matching statistics

The matching statistics of P with respect to S is the array M[1..m]
such that M[i] is the length of the longest prefix of P[i..m] that
occurs in S.

SIGATE&CAT$QATACAE$GATTAGA1A$

P: TATACAGAT
= — !

M: 254324321

35



Matching statistics using the LCP Array

S:GATTACATSGATACATSGATTAGATA#
BWT(S):ATTTTTTCCGGGGAAAS#SAAATATAA

N - N N
U oo o P

P. TATACAGAT
M:

0

0 T

4 T $GAT
0

8

= N = = =N e N
VOOV NWU®ORFROWBONKFEND

v Hn
v Hn

= N N =
OWN O R WRE U
©
0

36



Matching statistics using the LCP Array

S:GATTACATSGATACATSGATTAGATA#
BWT(S):ATTTTTTCCGGGGAAAS#SAAATATAA

N - N N
U oo o P

P. TATACAGAT
M:

0

0 T

4 T $GAT
0

8

= N = = =N e N
VOOV NWU®ORFROWBONKFEND

v Hn
v Hn

= N N =
OWN O R WRE U
©
0
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Matching statistics using the LCP Array

S:GATTACATSGATACATSGATTAGATA#
BWT(S):ATTTTTTCCGGGGAAAS#SAAATATAA

N - N N
U oo o P

P. TATACAGAT
M: 1

0

0 T

4 T $GAT
0

8

= N = = =N e N
VOOV NWU®ORFROWBONKFEND

v Hn
v Hn

= N N
OWNORFWR U
o
H
P
Q
>
H
v
@

i
H

38



Matching statistics using the LCP Array

S:GATTACATSGATACATSGATTAGATA#
BWT(S):ATTTTTTCCGGGGAAAS#SAAATATAA

N - N N
U oo o P

P. TATACAGAT
M: 1

0

0 T

4 T $GAT
0

8

= N = = =N e N
VOOV NWU®ORFROWBONKFEND

v Hn
v Hn

= N N
OWNORFWR U
o
H
P
Q
>
H
v
@

i
H
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Matching statistics using the LCP Array

S:GATTACATSGATACATSGATTAGATA#
BWT(S):ATTTTTTCCGGGGAAAS#SAAATATAA

N - N N
U oo o P

P. TATACAGAT
M: 21

0

0 T

4 T $GAT
0

8

= N = = =N e N
VOOV NWU®ORFROWBONKFEND

v Hn
v Hn

= N N =
OWN O R WRE U
©
0
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Matching statistics using the LCP Array

S:GATTACATSGATACATSGATTAGATA#
BWT(S):ATTTTTTCCGGGGAAAS#SAAATATAA

N - N N
U oo o P

P. TATACAGAT
M: 4321

0

0 T

4 T $GAT
0

8

= N = = =N e N
VOOV NWU®ORFROWBONKFEND

v Hn
v Hn

= N N =
OWN O R WRE U
©
0
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Matching statistics using the LCP Array

S:GATTACATSGATACATSGATTAGATA#
BWT(S):ATTTTTTCCGGGGAAAS#SAAATATAA

P BWT F M
A

SA L
26
8

Q

11
20

TACATS$GAT
TA

T

TTA

2
19

0 A

0 T T

P. TATACAGAT e ¢4 mosoar "

M: 4 3 2 1 1; é $ 2CAT$GAT $

21 _1 IT nacar T

=) 6 Il C A C

14 6 C ATSGAT C

Find the longest prefix of o ¢ 2 T that is 222 e ¢
preceded by C in S. L2 ¢ oame ¢
It is the longest prefix of the suffix of S 13 7 a cavdear a
corresponding to either the preceding C or the h % cam :
following C in the BWT of S. S *: S *:
7 0 A A

We use the LCP array to find the length of the 15 5 A TSCAT >
longest prefix. 3 2 T oA T
9 A A

2 T T

1 A A

3 A A

42



Matching statistics using the LCP Array

S:GATTACATSGATACATSGATTAGATA#
BWT(S):ATTTTTTCCGGGGAAAS#SAAATATAA

P BWT F M
A

SA L
26
8

11
20

TACATS$GAT
TA

T

TTA

2
19

C L

0 A

0 T T

P. TATACAGAT e 41 soar "

M: 4321 12 8 |7 acascar r

21 1 T AGAT T

6 1 C A C

14 6 C ATSGAT C

Find the longest prefix of o ¢ 2 T that is 23 2 s A ¢
preceded by C in S. L 2 |g am ¢
It is the longest prefix of the suffix of S 13 7 a cavdear a
corresponding to either the preceding C or the h % cam :
following C in the BWT of S. S *: S *:
7 0 A A

We use the LCP array to find the length of the 15 5 A TSCAT >
longest prefix. 3 2 T oA T
9 A A

2 T T

1 A A

3 A A
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Matching statistics using the LCP Array

S:GATTACATSGATACATSGATTAGATA#
BWT(S):ATTTTTTCCGGGGAAAS#SAAATATAA

P BWT F M
A

SA L
26
8

11
20

TACATS$GAT
TA

T

TTA

2
19

C L

0 A

0 T T

P. TATACAGAT e 41 soar "

M: 4321 12 8 |7 acascar r

21 1 T AGAT T

6 1 c A C

14 6 C ATS$SGAT C

Find the longest prefix of o ¢ 2 T that is 23 2 s A ¢
preceded by C in S. 4 2| am ¢
It is the longest prefix of the suffix of S 13 7 a cavdear a
corresponding to either the preceding C or the h % cam :
following C in the BWT of S. S *: S *:
7 0 A A

We use the LCP array to find the length of the 15 5 A TSCAT >
longest prefix. 3 2 T oA T
9 A A

2 T T

1 A A

3 A A
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Matching statistics using the LCP Array

S:GATTACATSGATACATSGATTAGATA#
BWT(S):ATTTTTTCCGGGGAAAS#SAAATATAA

N - N N
U oo o P

P. TATACAGAT
M: 24321

0

0 T

4 T $GAT
0

8

= N = = =N e N
VOOV NWU®ORFROWBONKFEND

v Hn
v Hn

= N N =
OWN O R WRE U
©
0
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Matching statistics using the LCP Array

S:GATTACATSGATACATSGATTAGATA#
BWT(S):ATTTTTTCCGGGGAAAS#SAAATATAA

N - N N
U oo o P

P. TATACAGAT
M: 24321

0

0 T

4 T $GAT
0

8

= N = = =N e N
VOOV NWU®ORFROWBONKFEND

v Hn
v Hn

= N N =
OWN O R WRE U
©
0
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Matching statistics using the LCP Array

S:GATTACATSGATACATSGATTAGATA#
BWT(S):ATTTTTTCCGGGGAAAS#SAAATATAA

N - N N
U oo o P

P. TATACAGAT
M: 324321

0

0 T

4 T $GAT
0

8

T A
1 T ACA
I T ACAT$GAT
T
C

= N = = =N e N
VOOV NWU®ORFROWBONKFEND

v Hn
v Hn

= N N =
OWN O R WRE U
©
0
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Matching statistics using the LCP Array

S:GATTACATSGATACATSGATTAGATA#
BWT(S):ATTTTTTCCGGGGAAAS#SAAATATAA

SA M
26 0
8 0 T
P:. TATACAGAT e ¢4 mosoar
4 1 A
M: 254324321 12 s ACATSGA
21 1 AGAT
6 1 A
14 6 ATSG
23 2 AT
10 3 ATA
1 2 AT
18 4 TTA
5 0
13 7 ATSG
22 0
9 4 S ATA S
0 3 # #
17 5 $ GAT S
7 0 A T
5 5 A TSGA
1 A TA:;
3 2 T Al
9 A TACATSGA
0 2 T TA!
1 A T
9 3 A TTA

48



Matching statistics using the LCP Array

S:GATTACATSGATACATSGATTAGATA#
BWT(S):ATTTTTTCCGGGGAAAS#SAAATATAA

SA LCP BWT F M
P: TATACAGAT scar
M: 254324321 15 5 1 acavsoar
6 2T$GAT

14
a AT
ATA
AT
ATTA

CATS$GAT

Problem: LCP requires linear

GATA

time to build!

GATTA

T

T$GAT

TA:

TA
TACATS$GAT
TA

T

TTA

20

—

PP HPHP PO HRRP IO OQEAAAAA P S
PP HPAMPPPFORHRLEPIPPOQAOAONNEAEAAA A8 p P

N
wrE =N

19
49



Thresholds

50

SA BWT LCP F M
67 G 7 ACACAG#
27 T 11 ACACAG#GACA
52 T 12 ACACAG#GACAG
. 91 T 11 ACACAG#GACA
P. TATTATACACG 83 C 4 Acace
77 C 3 ACA
69 C 5 ACAG#
29 C 9 ACAG#GACA
54 C 10 ACAG#GACAG
93 C 9 ACAG#GACA
35 G 4 ACAG
44 G 7 ACAGAT#
111 G 6 ACAGAT
60 G 4 ACAG
105 G 3 ACA
99 G 9 ACAT#GACA
4 T 7 ACAT#GA
12 T 8 ACAT#GAT
c 2

85 AC



Thresholds

Find the longest prefixof A C A C G
that is preceded by T in S.

It follows either the previous T or
the next T in the BWT of S.

For each pair of consecutive runs of the
same character, we can store a threshold
i such that:

» If the match is above i, we “jump up”.
* Otherwise, we “jump down”.

= e ) ) ) ) ) ) ) ) ) =)

SA BWT LCP F M
67 G 7 ACACAG#
27 T 11 ACACAG#GACA
52 T 12 ACACAG#GACAG
91 T 11 ACACAG#GACAT#GA. .. |
83 C 4 ACACG
77 C 3 ACA
69 C 5 ACAG#
29 C 9 ACAG#GACA
54 C 10 ACAG#GACAG
93 C 9 ACAG#GACA
35 G 4 ACAG
44 G 7 ACAGAT#
111 G 6 ACAGAT
60 G 4 ACAG
105 G 3 ACA
99 G 9 ACAT#GACA
(4 T 7 ACAT#GATACAT#GA...)
12 T 8 ACAT#GAT
c 2

85

AC

51



Th reS h O | d S Rossi et al. [RECOMB 2021]

SA BWT LCP F M
IB;/l';v;e.en.,twof cc;nsecutlvehruns BWTIi'..i] and i 67 G 7 ACACAGH
U..j’]o _t. e same character ¢, we store the 27 T 11 ACACAGHGACA
threshold position k such that: 52 T 12 ACACAG#GACAG
91 T 11 ACACAG#GACAT/GA. .. |
1. For all suffixes i < x < k, lep(SA[x], SA[i]) = I 83 c 4 Acacc
lep(SA[x],SA[j]) $( 77 c T 3 ACAGHCACACGG#TA...)
2. For all suffixes k < x < j, lep(SA[x], SA[i]) < % 69 C | 5 ACAGﬁ
- 29 C | 9 ACAG#GACA
lep(SA[x],5A01]) ! 54 C |10 ACAG#GACAG
% 93 C | 9 ACAG#GACA
35 G | 4 ACAG
A threshqld position k between two t 44 ¢ | 7 acacar#
consecutive runs BWTIi'..i] and BWT]Jj..j'] 111 ¢ | 6 AcCAGAT
of the same character c, is the position of I 60 ¢ | 4 acac
the minimum value of LCP[i + 1..j]. i[ 105 ¢l 3 Acar#cacacaralc...]
99 G 9 ACAT#GACA
(4 T 7 ACAT#GATACAT#GA...]
12 T 8 ACAT#GAT
c 2

65 Ac .



Th reS h O | d S Rossi et al. [RECOMB 2021]

SA BWT LCP F M
Between two consecutive runs BWT(i'..i] and 6:7 G 7 P:CACAG#
BWT]j..j'] of the same character ¢, we store the 27 T 11 ACACAGAGACA
threshold position k such that: 52 T 12 ACACAG#GACAG
91 T 11 ACACAG#GACAT/GA. .. |
1. For all suffixes i < x < k, lep(SA[x], SA[i]) = f 83 C 4 ACACG
lcp(SA[x],SA[3]) $1( 77 ¢ T 3 ACAG#CACACGG#TA...]
2. For all suffixes k < x < j, lep(SA[x], SA[i]) < % 69 C | 5 ACAG;
. 29 C | 9 ACAG#GACA
A
lep(SALx],5A[ID) I 54 C |10 ACAG#GACAG
% 93 C | 9 ACAG#GACA
35 G | 4 ACAG
A threshold posian k between two 1 22 ¢ 7 ACAGAT#
consecutive runs 5% e ] e ACAGAT

of the sam AG

WML Build Thresholds at the same  severm—"
time as BWT and SA Samples. syisrmme
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Moni: Pangenomics Indexing

The Finnish term “moni” matches the English term “a lot”

 Build an auxiliary data structure (called thresholds) that takes
O(r) space that lets us compute MEMs.

« We modify prefix free parsing so it is constructed at the same
time as the r-index.
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Experimental results — MEMs

Thresholds for a collection of Human genomes.

» ref: GRCh37 human reference genome

* ref.10: GRCh37 human reference genome + 9 variants

» ref.20: GRCh37 human reference genome + 19 variants

« ref.50: GRCh37 human reference genome + 49 variants

* ref.100: GRCh37 human reference genome + 99 variants
* ref.200: GRCh37 human reference genome + 199 variants

611 400 000 reads from “The Simons genome diversity project”

25 411,665,60 412,292,27 412,383,56 412,580,10 412,678,27 412,818,38
8 6(+0.15%)  2(+0.17%) 7(+0.22%) 7(+0.25%) 7(+0.28%)

50 309,876,12 311,825,33 311,986,53 312,172,01 312,298,46 312,460,49
8 3(+0.63%)  0(+0.68%) 2(+0.74%) 9(+0.78%) 9(+0.83%)

75 253,953,55 264,406,22 264,941,23 265,311,23 265,510,47 265,770,83
1 0(+4.12%)  5(+4.33%) 0(+4.47%) 5(+4.55%) 9(+4.65%)

Rossi, Oliva, Langmead, Gagie, Boucher - MONI: A Pangenomics Index for Finding MEMs 55



Experimental results — MEMs
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Building the BWT and SA
samples of Gagie et al.
using PFP

[Kuhnle et al., RECOMB 2018]

Computing MEMs from matching
statistics.

Computing matching Statistics from
Thresholds

[Bannai et al. 2020]

» Defining Thresholds as min
LCP
« Computing Thresholds via
PFP
[Rossi et al., in submission]

Boucher, Gagie, Oliva, Rossi - Finding MEMs with RLBWT 57



Conclusions and Future Work

Pangenomics
Alighment

We are here!

. g
e o
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Thank you
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