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traditional hierarchy (morphology, genetic) evolutinary relations & branch lengths

higher resolution

better evolutionary signal
E—— methods are limited

aa:si
+ Phylogenetic Placement

Taxonomic identification (PP)

K-mer based methods 4

simpler: better scalablility
utilizing larger ref. sets

CTTGGGT |@
ATGGGAT
lecTTCGT
|CAACACC

lcracarT ¥ |1
_

| TATAGGC
| CNGTCGT
ACCCAGT =

0



We will use k-mers

for sequence distance estimation &
phylogenetic placement

Two methods: CONSULT and krepp

for taxonomic classification,
not too techincal: warm-up




Core problem: searching similar sequences

> Query sequence (J
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Core problem: searching similar sequences

> Query sequence (

ATGGGATTATAGGCATAGCCATTAGTGGC Alignment is not scalable when N ~ 100,000

H(AGGCATAGGC) — 0xc95f5e06b6f9IF52f R,: TCCCTGCTCA..

1
R,: TCCCTGCTCA..
R;: CAATGTGCGG...

___ R,: CCCCAAACGA..

Rs: GCGCGGGTTC...
R.: AGTTGCACTA..

. TACCACTGTG..

R,

Ry: CAATTAAGAA..

Idea: extract all subseqguences of a
fixed length k (k-mers) from £ and QO

Compute hash values for each k-mer

00K for presence/absence of k-mers R ATTATCTCAT
Using hash tables in constant time

reference genomes X




Taxonomic classification using k-mer presence/absence

K-rmers e Use hashing to test presence/absence
of query k-mers in w.r.t. an index
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Taxonomic classification using k-mer presence/absence

K-rmers e Use hashing to test presence/absence
of query k-mers in w.r.t. an index

| map k-mers to .
taxonomic lowest e Map reference k-mers to taxonomic
common ancestors groups (e.g., lowest common ancestor)

choose
one with ‘

most hits e se heuristics to summarize k-mer
‘ ‘ ' matches Iinto taxonomic labels

Q ‘ ‘ @ ‘ o Kraken, CLARK, KrakenZ2

VWood and Salzberg 2014

. . Ounit et al. 2019]

Wood et al. 2019

Taxonomy tree



Novel queries & incomplete references challenge popular tools

® Novel sequences: segquences which lack
a close representation in the database

[Rachtman et al. 2019]

® Reference databases remain incomplete 100%-

compared to the biodiversity of earth... @Kraken-II

75% -

Eukaryotes

Catalogued - . 1,000,000 |

50% -

Recall

Assembled - ‘ (10,000] 25% -

Novelty increases >

0% -

A NN P BN &N DD D S &> ©
@/ (\/(1/ \(l// (b/ @/’\ '\Q/'\ '\63 /(1/ Q /(1/ 7(1’
O

Distance to the closest match (M)

~% distance in substituions
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Identity:

Better utilization of the evolutionary signal for distant queries

® Diversity within taxon: need for quantifying similarities

100% 97% 95% _ -
~1bp 116Kbp ~193Kbp Only 12% of Earth’s microbiome
# of distinctive SNVs | can be identified at this level
Genome N [Zhang et al. 2020]
Strain » Remaining 88%: novel sequences?
Subspecies Ocean, soil, novel environments...
Prokaryotes

SPECIES

[Van Rossum et al. 2020]
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CONSULT-II:

Can we the evolutionary aspect and keep using k-mers?
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Computing Hamming distances between homologous k-mers using LSH

GACCTCTCGA
TCGTGCTCTG
TCCTGCTGGG
TCTAAAGTGG
ACTGGCTGGG
GAGCTCTCCA

Goal: allow mismatches in k-mers,

measure the Hamming distance

TCGTGCTCAG
TCTAATGTCG

reference k-mer set
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Computing Hamming distances between homologous k-mers using LSH

Given a query k-mer

Select i random but fixed ACCTGCTGGE
positions (default i: 14, k: 29)
e GACCTCTCGA
$4 4 3 hash GAGCTCTCCA
GACCTCTCGA \©® TCGTGCTCTE HD
. - - TCGTGCTCTG
Goal: aIIOV\;]mll_Ismatc_hesd[n f—mers, XMl : _—+® TCCTGCTGGE jl
measure the Hamming distance TCTAAAGTGE ) TCGTGCTCAG y
CONSULT-Ill: accurate taxonomic identification and ACTG G CTG G G ‘
profiling using locality-sensitive hashing GAGCTCTCCA ‘ |
Ali Osman Berk Sapci (© ', Eleonora Rachtman (© *, Siavash Mirarab ® "% \\. ‘ ACTGGCTGGG LT;SE;’[
TCGTGCTCAG |1©®
TCTAATGTCG TCTAATGTCG
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reference k-mer set )
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CONSULT-II goes beyond exact k-mers
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CONSULT-II goes beyond exact k-mers

» Fast: imited number of HD computations

» More sensitive than exact k-mer search

100% -

75% -

50% -

Reads with >=1 match

25%

& o o B O B D B P
QQ’ qu.)‘» Q?)‘* ,\9‘ ,\Q/@‘ ,\69 »\’\6\ (L\Q Qf.)"

Distance to the closest

14

29—-mer

HD=0

HD<=1
HD<=2
HD<=3
HD<=4



Lowest common ancestor Is sensitive to outliers

reference errors, contamination, complex evolutionary processes (e.g., HGT)
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Lowest common ancestor Is sensitive to outliers

reference errors, contamination, complex evolutionary processes (e.g., HGT)

RefSeq database growth influences the
accuracy of k-mer-based lowest common
ancestor species identification

Daniel J. Nasko', Sergey Koren?, Adam M. Phillippy” and Todd J. Treangen®

1.0

Fraction of reads
o o o
H (@)) (0]

O
no

O
o

15

Species

|

1 10 20 30 40 50 60 70 80

RefSeq release

Unclassified
at any level

Unclassified
at that level

Misclassified
at that level

Correct
classification
at that level

More data;
worse accuracy



Lowest common ancestor Is sensitive to outliers

reference errors, contamination, complex evolutionary processes (e.g., HGT)

» Correct genus: 20 genomes ,
) Ermneoﬁ's phy|um?1 genome RefSeq database growth influences the

e Kraken would push the LCA to the kingdom accuracy of k'.mer‘bas?q |0YV95t common
ancestor species identification

---- leads to other groups in that rank. . . | e
Jretp Daniel J. Nasko', Sergey Koren®, Adam M. Phillippy” and Todd J. Treangen"
Domain _
Species
LCA : 1.0
"ﬁ" Q Klngdom
~~~~~~ N
'! A Phvlium 0.8 Unclassified
y at any level
2]
i/ 3 Unclassified
! @
! g‘ﬁ) /\ Class L 0.6 at that level
, 1 Genome S
: Order S Misclassified
l © at that level
I © 0.4
: L
' Correct
1 n
Q i % Family D classification
1 0.2 at that level
Cjﬁ*??ii‘tD Genus
More data;

. 0.0- ?
%m Species 1 10 20 30 40 5 e 70 s WOFSe accuracy

15 RefSeq release




CONSULT-II:

Can we make LCA less sensitive to outliers?




Soft-LCA of CONSULT-II is less sensitive to outliers

® |dea: ignore each genome with some probability

® [ntuition: a k-mer has to appear in sufficiently many
genomes under a taxon to have an effect
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® [ntuition: a k-mer has to appear in sufficiently many
genomes under a taxon to have an effect

e p(n): success prob. for a k-mer appearing in © genomes
- frequent k-mers = many times

- rare k-mers — a few would suffice
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Soft-LCA of CONSULT-II is less sensitive to outliers

P(at least 1 out of 20 is not ignored)P(1 is ignored) =~ .85
1 —(1—p21)% 1 - p(21)

----- leads to other groups in that rank.

® |dea: ignore each genome with some probability

Domain

® [ntuition: a k-mer has to appear in sufficiently many Q Q Kingdom

genomes under a taxon to have an effect |
% : Phylum

e p(n): success prob. for a k-mer appearing in © genomes Class

- frequent k-mers = many times m: Order

- rare k-mers — a few would suffice

Family

Genus

Species
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k-mers vote for matching taxa according to HDs

query sequence

K-mers

Taxonomy tree .
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k-mers vote for matching taxa according to HDs

query sequence —ach match votes to taxa

and their parents weighted

HD=2 HD=4 HD=1 HD=0
B0 1D=2 D=0 D=3 D=1 rers | disproportionately by HDs
L] T o s 1.08
HD=0 HD=4 HD=1 i
| 0.8r
| map k-mers to 5 6:-
taxonomic soft-LCAS v(x) |
with matches 0.4¢ o
0.2}
[ O °
A I .. AN . . . .o .
Ot 1 2 3 4 5

min HD(x, y)

Q Q yEZ (1)

Taxonomy tree .



k-mers vote for matching taxa according to HDs

query sequence —ach match votes to taxa

— s and their parents weighted
"0-0 -2 00 D=3 H0-1 rers | disproportionately by HDs
—3 HD= = e HD=3 HD=0 -
T HT)::) HTJ:() = H(I,)=1 HD=2 1 O.
HD=0 HD=4 HD=1 .
0.8}
| map k-mers to 061
taxonomic soft-LCAs vx) 2O
with matches 0.4¢ o
0.2}
I | o
e @e. . ... .
o 1 2 3 4 5

min HD(x, y)
O O e
» Classification: require a majority vote
(half of the vote at the root)

» Profiling: normalize votes at each rank

Taxonomy tree .



CONSULT-II can classify reads from distant genomes

® Query genomes spanning different novelty levels using Mash [Ondov et al., 2010]
® Short reads simulated from 120 bacterial & 100 archaeal genomes with errors

® \WoL reference dataset: 10,595 microbial genomes

class genus species
1.00 1
0.75 - Tool
1] 0.50 - -= CLARK
— CONSULT-II

0.25 - - Kraken—”

* N
0.00 - * R

00 01 02 03 00 01 02 0.3 00 01 02 03 00 01 02 03

Distance to the closest reference genome

19



CONSULT-II can classify reads from distant genomes

® Query genomes spanning different novelty levels using Mash [Ondov et al., 20106]

® Short reads simulated from 120 bacterial & 100 archaeal genomes with errors

® \WoL reference dataset: 10,595 microbial genomes

1.00 1%,

0.75 -
L 0.50 -

0.25 -

0.00 -

0.0

0.2

Distance to the closest reference genome

19

class species
*“
_ | j'ﬁ i-;. um‘i’ Sene &
03 00 01 02 03 00 01 02 03 00 01 02 03

Tool
-= GCLARK

- CONSULT-II
- Kraken-l|



CONSULT-II can classify reads from distant genomes

® Query genomes spanning different novelty levels using Mash [Ondov et al., 20106]

® Short reads simulated from 120 bacterial & 100 archaeal genomes with errors

® \WoL reference dataset: 10,595 microbial genomes

1.00 1%,

0.75 -
L 0.50 -

0.25 -

0.00 -

Better recall with no expense of precision!

0.0

0.2

Distance to the closest reference genome

19

class genus species
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03 00 01 02 03 00 01 02 03 00 01 02 03
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A practical aspect: comparing samples downstream

faxonomic
apundance
R orofiling
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B s
Sample 1
Ge = ——
%%%g‘% Sequencing Reads
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A practical aspect: comparing samples downstream

taxonomic
abundance h t
P—— profiling compare profile vectors
a5l
4Bl
Sample 1
Bray-Curtis
dissimilarity
o ot :
3 % = b

#8258  Sequencing Reads
odahay

sample S

20



A practical aspect: comparing samples downstream

faxonomic
abundance
- A == orofiling
5 -
S
Sample 1
%@g@% A __Z— —h
%%%g% Sequencing Reads

sample S

y

compare profile vectors

Bray-Curtis

dissimilarity |

\

20

distance matrix

dl,]
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Comparing microbiomes from different body sites

Visualizing the distance matrix with PCoA

0 / body sites
02 | ol ® 210 samples
0 —_—
Anterior nares

PC3 -0.2 ot ® Buccal mucosa
~0.4 Posterior fornix
_0.6 \ | @ Retroauricular crease

| Stool
-0.8 ® Supragingival plaque
0 ~0.5 Tongue dorsum
PC2 05



Comparing microbiomes from different body sites

Visualizing the distance matrix with PCoA

0.4 7 body sites
0.2 K ol 210 samples
0 - e
9 Anterior nares
PC3 -0. ® ® Buccal mucosa
~0.4 Posterior fornix
0.6 | ® Retroauricular crease
o \ | Stool
~0.8 @ Supragingival plaque
0 ; | ~0.5 Tongue dorsum
PC2 0 0
\ .5 PC1

Reference: Web of Life (v2)
16,000 microbial genomes




What if we also have a reference phylogeny?

guantity the shared di,j
pranch lengths weighted &% ¥~ D i

N o 5SS
Gaieds Sk

assoclate some
oroportion with

. A — — relatededges . by the proportions - e
2 e — ~ ample i ample j
oy %%‘ R, R distance matrix
oy > R
TR R [ 1]2]..]S
ample " d
’ wUniFrac dl’S
Distance | ° ’ N
/‘ 0
gt =— — % *
# 8% Sequencing Reads
Mg A
sample S

-+ Phylogenetic Placements (PP)
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What if we also have a reference phylogeny?

guantity the shared

| d.
assoclate some L
branch lengths weighted  #% ¥~ a i

oroportion with p 54 G4
~A — — related eagestips oy the proportions oty g

%g% — ——— Sample i Sample j
% §§ Ri R, R, \ distance matrix
YR =!

]

R

n

Sample 1 g
wUniFrac J
: " n 29S
Distance
0

% A= —
%%%%i% Sequencing Reads "
sample S

== Alignment to reference leaves
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Unique Fraction (UniFrac) metric

ldentical communities.
D=0

Related communities.
D~0.5

Unrelated communities.
D=1

[Lozupone et al. 2005]
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Evaluating distances:

pseudo F statistic: compare within
group Vversus across group distances

/ body sites
210 samples

Anterior nares
Buccal mucosa
Posterior fornix

Retroauricular crease

Stool

Supragingival plagque

Tongue dorsum
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Better resolution with alighment and UniFrac

Reference: Web of Life (v2)
16,000 microbial genomes




Better resolution with alighment and UniFrac

16,000 microbial genomes

N .
0.4 "”.L. / body sites Body site
‘> o 210 samples
0.2 @ .
N \ - .. — 8L ‘__. - Anterior nares 80 72 .41
0 -~ '. 28 ‘\ | @ Buccal mucosa
PC3 -0.2 e | ® Posterior fornix
0.4 | ® Retroauricular crease . 60 - ® [ caves + WUnNiFrac
-\ Stool
~-0.6 } . ° S“pragizg“’a' plaque 9 f2.36 B Taxonomy + Bray—Curtis
,0.8 Tongue dorsum q:) 40 -
9 , ~0.5 3 ® Bracken
PC2 0 0 PC1
1 S 20 - ® Woltka [+Bowtie2]
Evaluating distances: 0 WolL—v2 (16K)
pseudo F statistic: compare within . | | | |
group versus across group distances Method & reference dataset
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OGU: challenges of aligning reads

align reads to
reference genomes

=N = —— —

Rl:—RZ:— LI I RN:

(+) quantifying similarity — as detailed as it gets
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(+) quantifying similarity — as detailed as it gets

(-) not scalable for large N, even with efficient indexes
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OGU: challenges of aligning reads

align reads to
reference genomes

—N — - ——

:__ R R;: Ry
o bowtie2
-—high-sensitivity
0-25 Mapped
100%
0.20 80%
(+) quantifying similarity — as detailed as it gets I 60%
40%
0.15

(-) not scalable for large N, even with efficient indexes

(-) not suitable for higher distances & novel sequences (>10%)

Estimated distances (mean)

000 005 010 0.15 0.20 0.25

6 1 — ANI between query/reference pair



align reads 1o
reference genomes

/_’Rlz

sample

27

assign reads to
closely matching tips

Mapping to the leaves
[Zhu, et al. 2022]

Hill~



Phylogenetic placement has been (mostly) limited
to marker genes or small phylogenies.

align reads to
reference genomes

/_’Rlz

sample ° align against the

reference MSA
alternative:

focus only on
marker genes

Map to marker genes
TIPP-(IL, I ©.g., BLAST)

[Nguyen et al. 2013, Shah et al. 2021, Shen et al. 2025]

R, : AGACTTTGATCCTGGCTC
R, : AGACTAAGATCGTGGGTC

R : AGAGTAAGATCTTGGGTC

R, : AGACTTTGATCCTGGCTC
R, : AGACTAAGATCGTGGGTC

R_: AGAGTAAGATCTTGGGTC

27

assign reads to
closely matching tips

Hill~

Mapping to the leaves
[Zhu, et al. 2022]

ML placement with
oendant branches
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Phylogenetic placement has been (mostly) limited
to marker genes or small phylogenies.

align reads tc
reference ge

genome distances without alignment?

align against the
reference MSA

sample

alternative:

focus only on
marker genes

Map to marker genes
TIPP-(IL, I ©.g., BLAST)

[Nguyen et al. 2013, Shah et al. 2021, Shen et al. 2025]

Can we estimate accurate read to

R, : AGACTTTGATCCTGGCTC
R, : AGACTAAGATCGTGGGTC
R, : AGAGTAAGATCTTGGGTC

R, : AGACTTTGATCCTGGCTC
R, : AGACTAAGATCGTGGGTC

R_: AGAGTAAGATCTTGGGTC

27

>

Ll

Mapping to the leaves
[Zhu, et al. 2022]

ML placement with
oendant branches
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Phylogenetic placement has been (mostly) limited
to marker genes or small phylogenies.

align reads tc
reference ge

genome distances without alignment?

Can we estimate accurate read to >\
R

Mapping to the leaves
[Zhu, et al. 2022]

sample

Can we place genome-wide reads
on an ultra-large phylogeny? >>\

alternative:

focus only on
marker genes

No (scalable) existing method was designed for this!

TIPP-(I111)
[Nguyen et al. 2013, Sha

27
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Problem statement and our goals

Given:
e Query sequence ¢
» set of references X = {R,, ..., Ry}
* a backbone phylogeny 1’

reference genomes

R,: TCCCTGCTCA..
R,: TCCCTGCTAA..

>q R;: CCCCTGGCAG..
CCTGCTA.. =P R,: ATTATCTGAT..

Ry: CCCCAAACAA..

28



Given:

Problem statement and our goals

* query sequence ¢

Interpretation of the distances:
: # of mismatches CC
) d(g.R) =

length of ¢

» set of references £ = (R, ..., Ry}

* a backbone phylogeny 1T°

>
CCTGCTA..

reference genomes

R;: TCCCT
R,: TCCCT
. CCCC

. ATTA]

R;:
.I‘RS
4

Ry: CCCCAAACAA..

[GCTCA..
[GCTAA..
[GGCAG...
[CTGAT..

ii) Eyld(g,R)] ~1—ANI(Q,R)

where () is the source genome of ¢

distance estimates

C
C
C
C

(g,R;) =0.141
(g, R,) = 0.001
(g, R;) = 0.195
(¢, Ry) = NA

d(g, Ry) = 0.244

» from each read to all
sufficiently similar genomes

28

LAGTTATCCCT

TGC
GCT




Problem statement and our goals

Given: Interpretation of the distances:
: # of mismatches CCTGCTA...
* query sequence ¢ i) d(q,R) = p— ~AGTTATCCCTGCTCA...

» set of references £ = (R, ..., Ry}

- ld(g, R)] = 1 — ANI(Q, R)

where () is the source genome of ¢

 a backbone phylogeny T’ i)

reference genomes distance estimates phylogenetic placement:
R;: TCCCTGCTCA.. d(g,R;) =0.141
R,: TCCCTGCTAA.. d(g, R,) = 0.001 ,
>(q R,: CCCCTGGCAG > d(g, R:) = 0.195
3 | q, 3) :
CCTGCTA... o R,: ATTATCTGAT.. d(g, R,) = NA
L . R, R, R,
Ry: CCCCAAACAA.. d(g, Ry) = 0.244 R; Ry
» from each read to al » go beyond markers

sufficiently similar genomes » Ultra-large phylogenies

28



Problem statement and our goals

Given:
e Query sequence ¢

krepp solves both of these

» set of references £ = (R, ..., Ry} problems for genome-wide

e 3 backbone phyk)geny T reads (dlStanCeS & PP)
reference genomes distance estimates phylogenetic placement:
R,: TCCCTGCTCA.. d(g,R;) =0.141
R,: TCCCTGCTAA.. d(g,R,) = 0.001 .
>q Ry: CCCCTGGCAG. gy d(g,Rs) =0.195 A
CCTGCTA.. —#® R,: ATTATCTGAT.. d(g, R;) = NA \
. . R R,
I R,
Ry: CCCCAAACAA.. d(g, Ry) = 0.244 R; Ry
» from each read to all » 9o beyond markers

sufficiently similar genomes » Ultra-large phylogenies

28



krepp can estimate distances & phylogenetically place reads

PC3 0.2

~-0.6

‘ 0.6

Anterior nares
® Buccal mucosa
Posterior fornix
P\ o | ' ® Retroauricular crease
Stool
" ® Supragingival plaque
o Tongue dorsum

0. 2
PC2 0.2 0 PC1
0 =0.2
,_0.’2 \0,4

/ body sites, 210 samples

29

80 1

-42.3'?i

Reference: \Web of Life (v2)
16,000 microbial genomes

83.8%
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73.62 745
7241 A a

® Leaves+ wUniFrac

A PP + wUniFrac

B Taxonomy + Bray—Curtis
® Bracken

® krepp

O

Woltka [+Bowtie2]

RefSeq (50K)
WolL-v2 (16K)

Méthod &'referen'ce dataéet



krepp can estimate distances & phylogenetically place reads

Scaling to large references further Reference: RefSeq subset
improves separation of body sites. 20,000 microbial genomes
) Body site
g A *° 83.38 8354
*e° o 80 - 74.5 ?
shete 7241 7362 7453
0.2 . ® d Anterior nares d benefits
® Buccal mucosa
0 | Posterior fornix 60 - l @® Leaves+ wUniFrac from larg.e
PC3 & o ) ‘ ® Retroauricular crease LL does not A PP + wUniFrac phylogenles
el Stool 8 4236 scale B Taxonomy + Bray-Curtis
_0.4 " ® Supragingival plaque E—)D 40 -
06 f fongue dorsum 3 l ® Bracken
) § @® krepp
w O 2041 poor ® Woltka [+Bowtie2]
ea t downstream
b2 02 b, O P performance RetSeq (50K)
0 0 - WolL-v2 (16K)
7 Ioody sites. 210 samp\es Method & reference dataset
)
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Better characterization of less-studied microbiome of earth

Hierarchical categorization

of earth microbiome samples

Nn=746

EMPO 1

Non-saline: 274 I

Free-living: 382

Host-associated: 364

Saline: 108 [|

Animal: 286 I

Fungus: 12 =

Plant: 66 []

EMPO 2

EMPO 3

[] Sediment (non-saline): 47

I Soil (non-saline): 208

== Subsurface (non-saline): 1
== \Water (non-saline): 9

| | Sediment (saline): 66
= Surface (saline): 4
B Water (saline): 38

B Animal corpus: 58

I Animal distal gut: 182

= Animal proximal gut: 26
= Animal secretion: 20

= Fungus corpus: 12

B Plant corpus: 28

B Plant surface: 38

EMPO 4

2.5

1.5
PC3

0.5

-0.5

30

=0.5

PC1

g0

Reference: Web of Life (v1)
11,000 microbial genomes
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Animal secretion
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Plant corpus

Plant surface
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Soil (non-saline)
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Water (saline)



Better characterization of less-studied microbiome of earth

Hierarchical categorization Higher novelty Reference: Web of Life (v1)
- - | 11,000 microbial genomes
of earth microbiome samples & uncertainty ’ 9
1.00 -
[l Sediment (non-saline): 47
7))
Non-saline: 274 I I Soil (non-saline): 208 -8
] = Subsurface (non-saline): 10 9 075 }

Free-living: 382 = \Water (non-saline): 9 O
Saline: 108 D || Sediment (saline): 66 8
= Surface (saline): 4 C_ﬁ

n=746 m B Water (saline): 38 O 0.50
Host-associated: 364 | | Animal: 286 I 8l Animal corpus: 58 D
|| L I Animal distal gut: 182 8
O)

Fungus: 12 = = Animal proximal gut: 26 O 0.25 |

= Animal secretion: 20 E
Plant: 66 [ = Fungus corpus: 12 S
B Plant corpus: 28 -

[ Plant surface: 38 - OOO

EMPO 1 EMPO 2 EMPO 3 EMPO 4

EMP
HMP -
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Better characterization of less-studied microbiome of earth

Hierarchical categorization

of earth microbiome samples

Nn=746

EMPO 1

Free-living: 382 I

Host-associated: 364

Non-saline: 274 I

Saline: 108 []

Animal: 286 I

Fungus: 12 =

Plant: 66 []

EMPO 2

EMPO 3

[l Sediment (non-saline): 47

I Soil (non-saline): 208

= Subsurface (non-saline): 10
== \Water (non-saline): 9

| | Sediment (saline): 66
= Surface (saline): 4
B Water (saline): 38

B Animal corpus: 58

I Animal distal gut: 182

= Animal proximal gut: 26
= Animal secretion: 20

= Fungus corpus: 12

B Plant corpus: 28

B Plant surface: 38

EMPO 4

Higher novelty
& uncertainty

1.00 -

0.75 -

O
o)
o

O
N
&

Unambigously placed reads

O
o
S

EMP
HMP -

30
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Reference: Web of Life (v1)
11,000 microbial genomes
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Four different computational (sub)problems

krepp: k-mer-based read phylogenetic placement

31



Four different computational (sub)problems

krepp: k-mer-based read phylogenetic placement

) Hamming distances of homologous k-mers

] HD
TCGTAA 7 T TCGTAA 1 query
TCTAAA TCTAAA O K-mer:

|GAGCTC CAGCTC TCTAAA

- ™ GAGCTG

EAGCTGH
TCTAAT -
L e ~___» TCTAAT

references
k-mers
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Four different computational (sub)problems

krepp: k-mer-based read phylogenetic placement

) Hamming distances of homologous k-mers 1) Mapping indexed k-mers to genomes

— HD
TCGTAA 7 TTCGTAA 1 query —
TCTAAA TCTAAA O K-mer:; . AAAC | ...| AAAT

|GAGCTC locality-sensitive Bl e \cloiie TCTAAA * TACC|...| AACC

TCCCJ...|

' g —>
GAGCTG H hashing (LSH) GA_G_C_TG CTCT]...| CACT

TCTAAT
|[CTAAT @

relf(erences reference genomes .
-mers LSH index

AAAT |..| AAAC
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Four different computational (sub)problems

krepp: k-mer-based read phylogenetic placement

I) Hamming distances of homologous k-mers 1) Mapping indexed k-mers to genomes

E——— HD
TCGTAA " TSTCGTAA 1 query

uTCTAAA TCTAAA O K-mer: ARAC| .| AAAT
GAGCTC TCTAAA /_\

GAGCTC TACC|...| AACC
' ~ GAGCTG N A/_R
GAGCTG |

* CTCT|..|CACT
TCTAAT
il ___w TCTAAT I 2 3

f AAAT|...| AAAC
rekerences reference genomes -
-mers LSH index

TCCCJ...|

1) Estimating read distances hased
on likelihood of k-mer matches

Hamming distances Read distance




Four different computational (sub)problems

krepp: k-mer-based read phylogenetic placement

) Hamming distances of homologous k-mers

P no
TCGTAA 7 T TCGTAA 1 query
TCTAAA TCTAAA O K-mer:

|GAGCTC TCTAAA
> GAGCTC
— GAGCTG |

EAGCTGH
TCTAAT -
L e ~___» TCTAAT

references
k-mers

1) Estimating read distances hased
on likelihood of k-mer matches

Hamming distances Read distance

1) Mapping indexed k-mers to genomes

TCCC]...]|

] f AAAC | ...| AAAT
“//__\\ TACC|...] AACC
* A CTCT]..|CACT

AAAT |..| AAAC
reference genomes :
LSH index

Iy) Placement on the reference phylogeny
V)
by modeling uncertainties of distances

NNED:

Read distances to genome hits




Four different computational (sub)problems

krepp: k-mer-based read phylogenetic placement

I) Hamming distances of homologous k-mers ) Mapping indexed k-mers to genomes

E——— HD
TCGTAA " TSTCGTAA 1 query

uTCTAAA TCTAAA O K-mer: i T
GAGCTC TCTAAA <‘(//,/”———_—__-\\

> GAGCTC TACC|...| AACC
> GAGCTG \/ /_R
GAGCTG H

* CTCT]..|CACT
TCTAAT |
L e _#/TCTAAT miss at HD=1 1 ~ >

AAAT |...| AAAC
references . reference genomes
k-mers known false negative rates LSH index

TCCC]...]|

1) Estimating read distances hased V) Placement on the reference phylogeny
on likelihood of k-mer matches by modeling uncertainties of distances

Al

Hamming distances Read distance Read distances to genome hits




Problem |: computing false negative rates of LSH

Given a query k-mer

Select i random but fixed ACCTGCTGGG
positions (default i: 14, k: 29)
o GACCTCTCGA

Ji I 1 GAGCTCTCCA
GACCTCTCGA \@ o &
TCGTGCTCTG @ TCGTGLTCTG -
TCCTGCTGGG | @ _—® TCCTGCTGGE |
TCTAAAGTGG > TCGTGCTCAG 4
ACTGGCTGGG /@

GAGCTCTCCA| ® |
\\+0 ACTGGCTGGG pp>o =t
TCGTGCTCAG @

TCTAATGTCG TCTAATGTCG

TCTAAAGTGG
reference k-mer

set 4" | SH buckets

32



Problem |: computing false negative rates of LSH

Given a query k-mer

Select 1 random but fixed ACCTGCTGGG
positions (default i: 14, k: 29)

GACCTCTCGA Fal n ive r .
11 14 ® caccTCTCCA alse negative rate: =~
GACCTCTCGA \@ up X collides at HD=x .
TCGTGCTCTG |@ TCGTGCTCTG - with probability
TCCTGCTGGG [ @ _—® TCCTGCTGGE (k)
TCTAAAGTGG TCGTGCTCAG 4 PILSH(x)=LSH(y)] X
ACTGGCTGGG )@ * .08
GAGCTCTCCA| @ | 0.8
\\+Q ACTGGCTGGG oo o0s
TCGTGCTCAG |@ ) 0.41
TCTAATGTCG TCTAATGTCG o .

TCTAAAGTGG 2| ¢
reference k-mer — 2 HD(x.y)

set 4" | SH buckets
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Problem lI: mapping indexed k-mers to reference genomes

bbbbbb 1 | TCCA

bbbbbb A...]...]1...| AAAT

bbbbbb S | I I O I
bbbbbb 3|..[..[..|]CACT

bbbbbb BHAAAT | ...| AAAC

| SH index
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Problem lI: mapping indexed k-mers to reference genomes

TCCC|...| TCCA ’
o | oo | . | AAAT
|| o] /,". R3
>
N\

]| .. | CACT

IS | AAAT | ... | AAAC

Rs

| SH index

well studied colored k-mer problem

color: a subset of references
(including singletons)
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Problem lI: mapping indexed k-mers to reference genomes

AAAT | ...| AAAC

| SH index

well studied colored k-mer problem

color: a subset of references
(including singletons)

33



Problem lI: mapping indexed k-mers to reference genomes

| V| + |E| =18
(Ry, Ry, Ry, Ry, Rs) (Ry, Ry, Ry, Rs, R, represent each
non-singleton as
a union of others

bucket 2

! Y

A directed bipartite graph

bucket 4

AAAT | ...| AAAC

| SH index

well studied colored k-mer problem

color: a subset of references
(including singletons)

33



Problem lI: mapping indexed k-mers to reference genomes

| V| + |E| =18
(Ry, Ry, Ry, Ry, Rs) (Ry, Ry, Ry, Rs, R, represent each
non-singleton as
a union of others

bucket 2

! Y

A directed bipartite graph

bucket 4

Minimize |V |+ |E|?

AAAT | ...| AAAC

| SH index

well studied colored k-mer problem

color: a subset of references
(including singletons)

33



bucket 2

bucket 4

AAAT | ...| AAAC

| SH index

well studied colored k-mer problem

color: a subset of references
(including singletons)

Problem lI: mapping indexed k-mers to reference genomes

[VI+|E| =18 V| + |E| =17
(Ri, Ry, R, R Rs) (Ry, Ro, Ry Rs, R, ) represent each
non-singleton as
a union of others

FROANA o L

A directed bipartite graph DAG-based color map

Minimize |V |+ |E|?

. add nodes for frequently shared sub-colors
(similar to meta-colors from Campanelli et al., 2024)

i. explain larger color w/ smaller existing colors
iii. follow edges to reconstruct colors

33



bucket 2

bucket 4

AAAT | ...| AAAC

| SH index

well studied colored k-mer problem

color: a subset of references
(including singletons)

Problem lI: mapping indexed k-mers to reference genomes

[VI+|E| =18 V| + |E| =17
(Ry, Ry, Ry, Ray Bs) (Ry, Rs, Ry, Rs, Ry} represent each
non-singleton as
a union of others
g o T 7
A directed bipartite graph DAG-based color map

Minimize |V |+ |E|?

. add nodes for frequently shared sub-colors
(similar to meta-colors from Campanelli et al., 2024)

i. explain larger color w/ smaller existing colors

iii. follow edges to reconstruct colors
We use a phylogeny-guided heuristic to bulld a multi-tree.
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Finding homologous k-mers of reference genomes

Given a query seqguence:

>q
ATACCTAGGAGTACGGGAC
1: ATAC
2:  TACC
3: ACCT
4: CCTA
5: CTAG

-k+1: GGAC

34



Finding homologous k-mers of reference genomes

TCCC| ...
AAAC | ...

AAAT

Given a guery seguence; TACC|...] AACC

> CTCT]..|CACT
ATACCTAGGAGTACGGGAC oo o o
1: ATAC
S matenes up to a AAAT | ... | AAAC
2: ACC
- HD threshold o
3: ACC
4 CCTA =0 | SH index w/ colored k-mers
5 CTAG J
| -k+1: GGAC

reference
genomes. R, R, R,

DAG-based color map

34



Finding homologous k-mers of reference genomes

TCCC|..| TCCA
AAAC | ...| AAAT
AACC

TACC..

Given a query sequence;

< CTCT]..|CACT
ATACCTAGGAGTACGGGAC  ornreh k-mmer

1: ATAC .

o matcnes up to a AAAT | ... | AAAC

2:  TACC

3 ACCT HD threshold o

; CCTA —=p | SH index w/ colored k-mers

s CTAG J

L -k+1: GGAC

DAG-based color map

34

keep the
closest match
as homologous
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Estimating a distance from the homologous k-mers
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Estimating a distance from the homologous k-mers

Summarize as a histogram:

=

count

O 1 2 3
HD

matches: v = [vy, v, ..., vg]

INo

I~ W

U

0
-
-
0
-

= ™ . ° ° 5
L-k+1 misses: u = (j — i) Zd=ovd

Independence assumption:
treat J;.; as a bag of j — 1 k-mers



Estimating a distance from the homologous k-mers

Summarize as a histogram:

"l
B °|inni
i- 01 2 3
4- HD Likelihood of distance
- a product over all k-mers
) n matches: v = [v,, v, ..., V] D to reference R

= ™ . ° ° 5
L-k+1 misses: u = (j — i) Zd:()vd

)
L (D k1, 8,u,V) = P (Dik,1,8)" | | Proien(D: d. k. b
d=0

Independence assumption:
treat J;.; as a bag of j — 1 k-mers Probability of having  Probability of having v,
1 Missses In total matches at HD = d



Estimating a distance from the homologous k-mers

Compute the likelihood of O having distance D to R
Summarize as a histogram:

I ~150 1 | | | | |
ln 8 I I ED _2000_0 0.1 0.2 0.3 4 0.5
A0 |HniE w D
i- 01 2 3
4- HD Likelihood of distance
- a product over all k-mers
) n matches: v = [v,, v, ..., V] D to reference R

= ™ . ° ° 5
L-k+1 misses: u = (j — i) ZdZOvd

)
L (D k1, 8,u,V) = P (Dik,1,8)" | | Proien(D: d. k. b
d=0

Independence assumption:
treat J;.; as a bag of j — 1 k-mers Probability of having  Probability of having v,
1 Missses In total matches at HD = d



Observing k-mers matches with varying HDs

Pmatch(D; As k? h) —



Observing k-mers matches with varying HDs

Pmatch(D;x9 k? h) — mutate(D As k)
D1 — D)*= (k>
X

PAD(x,y)=d]
0.5¢

oal |
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0.2}

l | l | |
O O © ©O ©
1 I | N VI | A |
oo B~ WO N =

0.1}

------------ D(X,Y)
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Observing k-mers matches with varying HDs

Pmatch(D; As k’ h) —

mutate(D As k) P olllde(x k h)

N

~

D1 — D)* <k>
X

P[HD(x,y)=d]

0.5¢

0.4}

0.3

A
/\
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0.1}

L T I I 1
O O O O O

I I I I I
o B~ W DD =

0.05 0.10 0.15 0.20 0.25 0.30

36
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1-FNR of locality-sensitive
hashing for HD = x
PILSH(X)=LSH(y)]
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0.8F ( X )
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Observing k-mers matches with varying HDs

# of supbsampled

match(D As k h)

Pi =

# of distinct

precomputed for R;

— Not
to be |

d

NGO

| K-mers have
exed:

- miniMmizers
- FracMinHash

0.1}

DY(1 — D)("‘X)< )
X

P[HD(x,y)=d]
05:
ot |
oa [\
o2}

L T I I 1
O O O O O

I I I I I
o B~ W DD =

0.05 0.10 0.15 0.20 0.25 0.30

36

D(X,Y)

mutate(D As k) P olllde(x k h)

— 7

N

1-FNR of locality-sensitive
hashing for HD = x
PILSH(X)=LSH(y)]
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Multiple events could lead to a mismatch

A mismatch occurs for two k-mers (query a and reference b), if
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Multiple events could lead to a mismatch

A mismatch occurs for two k-mers (query a and reference b), if
* bisnotindexed: 1 — p or

» b isindexed: p, but either:

k
i) HD(a, b) > o: 2 P,

x=0+1

(D; x, k) or

utate

o)
i) HD(a, b) < 8 and LSH(a) # LSH®B): )" P,0ie(D; X, (1 = Pyyyige(x, k, 1)
x=0
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Multiple events could lead to a mismatch

A mismatch occurs for two k-mers (query a and reference b), if
* bisnotindexed: 1 — p or

» b isindexed: p, but either:

k
) HD(a,b) > 5: ) P,

x=0+1

(D; x, k) or

utate

o)
i) HD(a, b) < 8 and LSH(a) # LSH®B): )" P,0ie(D; X, (1 = Pyyyige(x, k, 1)
x=0

k %)
Pmiss(D;x9 k’ h9 5) — (1 - :0) T % ( Z Pmutate(D;x’ k) T Z Pmutate(D;x’ k)(l — Pcollide(x’ k? h)))
x=0

x=0+1
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count

count

count

Maximum likelihood estimation of distances

Hamming distance histograms

‘ Rl
V] — [6949090]

o1 2 3

K,

%)
i I I g2 =253 argmax, P (Dikh 5>”"’11Pmamh<z>; Xk, )i

o1 2 G

O

1
|_|

2
D

RN
vy = [0,0,0,1]
‘ |
3

Optimize —log &£; w.rt. D
for each hitting reference R::

(Single variable & convex with a
sensible choice of parameters
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Maximum likelihood estimation of distances

Hamming distance histograms 0.041

Are maximum

likelihood distances
accurate?

count
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| | | | | !
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krepp estimates distances accurately at the read-level

~150 bp short reads

defaL .t: 29-mer (Hamming distance) / (seq. length)

mMiNiMIzers of 35-mers

HH |
e Simulation experiments 0-20- T
(true read distances) 2 il
. G 0.15
* Highly accurate 2
(despite some noise) 3
+= 0.10 -
e Slight overestimation =
bias for high distances W5 05
0.00 A

000 005 010 015  0.20
True distance
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Simu
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krepp estimates distances accurately at the read-level

t: 29-mer

Highly accurate
(despite some Nnoise)
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for novel reads >1
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N mapping rate even
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krepp matches nucleotide identity on average for real genomes

Index: Web of Life (v2) ~1580 bp lllumina short reads
16,000 microbial genomes krepp ~ bowtie2
0.25 Mapped -—high-sensitivity

100%
80%
60%
40%

e Real query/reference genomes
(pairs with >20% mapping rate)

O
)
o

o
—_
(@)

* Krepp extends to distant (>10%)

reference genomes accurately 0.10

* |ncreasing the sensitivity by
relaxing the alignment is costly

Estimated distances (mean)
S
@)

0.00

0.00 0.05 0.10 0.15 0.20 0.25 0.00 0.05 0.10 0.15 0.20 0.25
1 — ANI between query/reference pair
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Scalability:
Avoiding alignment & effective parallelization

~150 bp lllumina short reads
Mapping 10M reads (16 threads):

@ 30

=
o Krepp Is already >10x faster, f= Mothod

£ etho

scales well w/ large references 0 20 o bowtied

e >3x faster indexing compared bowtie? o 4 krepp

-

< 10

-

-

in

1 A

2000 8000 32000 128000
Number of references
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Problem IV: distance-hased placement

Given d(g, R;) for many R;s, find the “best” placement of g on T

Challenge:

® Short reads — low signal

» Small differences in distances may not be
meaningful (statistical distinguishability)

42



Defining a notion of distance for clades

use the same likelihood model

recursively compute
average HD histograms -
for internal nodes

2ecwp Ve
B ()]

G (p): set of children of p, {cy, ¢, }
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Statistical distinguishability tests — placement

e Small differences may not be
statistically meaningful

> test distinguishability



Statistical distinguishability tests — placement

e Small differences may not be
statistically meaningful

> test distinguishability

likelihood-ratio test
W.r.t. the closest reference:

F’D: alternative distance

gl*(D’ k, h, 5, ui*, Vi*) ALR _ )(2

ALR =
ZLw(D*;k, h, O, U, V) » select a significance level
~ (default: a=90%)

Ly 1% closest reference
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Statistical distinguishability tests — placement

e Small differences may not be
statistically meaningful

> test distinguishability

place on the largest clade
/’ that is indistinguishable with
the minimum distance

likelihood-ratio test
W.r.t. the closest reference:

F’D: alternative distance

LoDk .8, up Vi) 3

A =
LR L
ZLw(D*;k, h, O, U, V) » select a significance level ndistinguishable w.r.
* (default: a=90%) the closest reference

Ly 1% closest reference

44



Comparing krepp and marker-based ML placement

genome-wide reads

CONSULT-II Woltka Krepp
Kraken(2) (OGU)

taxonomy phylogeny

mOTU Dlacer

meta PA-ng

from markers

45



Comparing krepp and marker-based ML placement

CONSU

genome-wide reads

-]

Kraken(2)

taxonomy

MOTU

metaPhlAn

Woltka
(OGU)

from markers

krepp

poplacer

EPA-Nng

phylogeny

45

PA-Ng: needs a MSA; only markers

several orders
of magnitude
- more reads
analyzed



Comparing krepp and marker-based ML placement

|
genome-wide reads

CONSULT-II Woltka krepp
Kraken(2) (OGU)

several orders
of magnitude

PA-Ng: needs a MSA; only markers

9
©
taxonomy phylogeny 5
more reads =
analyzed ©
al
MOTU poplacer
metaPhlAn EPA-ng

from markers

45

® Krepp places 86% of all reads

~2K ~1M

100% -

/5%

50% -

25% -

0% -

EPA-ng -
Krepp -



krepp places genome-wide reads more accurately than
ML-based 16S placement

—h
Ol
|

® | cave all out —100 queries from
11,000 taxa (WolLv1)

—h
o
|

o 2.4vs. 5.6 edge error (average)

Edge error

Ol
1

16S marker genome-wide
reads reads
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Summary and a few takeaways

Metagenomics faces many challenges:

 Novel sequences, low quality or absent references, scalibility

Good practices and established protocols but new concepts can emerge
Phylogenies & better algorithms can alleviate some of these problems:
We have good tools — but these problems are not solved yet.

 Ever growing databases!

e Novel and extreme enviroments!

47



Organisms
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HOT-SPRINGS,

SEA ICE, PERMAFROST COLD SEEPS AND SHALLOW-WATER HYPERACIDIC LAKES DESERTS AND ACID MINE
AND POLAR REGIONS MUD VOLCANOES H YDR\%RIHTESRMAL A":,‘LJ,’,‘;’A\%?_’E;\S,V"C‘)’Z% AND VOLCANOES ARID ENVIRONMENTS DRAINAGE

N
: ’f;-'.

DEEP-SEA MARINE AND SODA LAKES NUCLEAR OPHIOLITES AND
SEDIMENTS CONTINENTAL AND HYPERSALINE CONTAMINATED CONTINENTAL
VENTS AND TRENCHES SUBSURFACE LAKES SITES SERPENTINIZATION

DY i *

DEEP-SEA ANOXIC DEEP-SEA SERPETINIZING
LAKES AND BRINES HYDROTHERMAL ENVIRONMENTS
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® Keeping a list of genomes per k-mer: infeasible!

o CONSULT already uses 120G

o Keep only the lowest common taxonomic ancestor (LCA)!

B for 8

85 k-mers

an idea used by other tools too

e 2 bytes for LCA taxon ID: 16GB in total for 8B k-mers

memory-wise, manageable

leads to other groups in that rank.

Adding taxonomic information for each k-mer

Domain
Q Q Kingdom
m 1 Phylum
m Class
a % Order
CP J’?, Family
Genus

eeeeee

Species




Soft-LCA approach of CONSULT-II

e Idea: Ignore each genome with some probability Two parameters: s = Sand w = 2

while computing the LCA taxon.

\)
0 <
° A k-mer should appear sufficiently c 1.00
many times in a group to affect the LCA taxon. 2
>
- Frequent k-mers = many times. 5 0.75
"
- Rare k-mers — a few would be enough. — __ |
“5 0.50 N
> l
e [or each genome having the k-mer i, update % 0.25
the LCA taxon with probability p, (V) 8
x 000 €3

Ni=1,h 4 10° 10" 10° 10° 10° 10° Vi
p.N) = wlog,(2757) Number of genomes with that k-mer




o Example:
» 20 genomes in the green genus

» 1 genome in the erroneous red phylum

® 85% probability = LCA taxon is the correct genus

(1 = (1 = p, 211 = p,21)) ~ 0.85

(at least 1 out of 20 is not ignored)(1 is ignored)

Back to the example -

soft LCA of CONSULT-II

----- leads to other groups in that rank.
Domain
Q @ Kingdom
?/1% 1 Phylum
Class

%%\:ﬁ

Order
gj : Family

L CA (85% probability)

Genus

Species

20 genomes




A vote-based taxonomic identification approach

® ldea: each k-mer match will vote to the corresponding taxon, weighted by its distance

Heuristic: vote values decrease exponentially w.r.t. Hamming distance

k=32
1.0d @
o (1-9)
. 0.8-
x
: k > 0.6
min,c g, hd(x, y) g
v =11 5
k cT) 0.4 °
s
= 0.2-
®
0.0- ° ° o
| | | | | |
0 1 2 3 4 5

Hamming distance (d)



® \/ote of k-mer x for the taxon f:

v Vv VvV VvV VvV Vv

d=0—v (£)=1.0
d=1-v (1)=0.36
d=2—v (1)=0.12
d=3—-v (1)=0.04
d=4-v (1)=0.014
d=5—-v (1)=0.004

A vote-based taxonomic identification approach

----- leads to other groups in that rank.
Domain
Q Q Kingdom
Q Jﬁ Q 1 Phylum
qjﬁ 1 Class
01 Order
V:“‘Qj < O Family
\ yv=-36 ¢ v
‘v.:36l\\/ Q V.O45W>ZV,1QOZ6¢V% Genus
: :m: mézj Species




A vote-based taxonomic identification approach

----- leads to other groups in that rank.
v=8.47 Domain
v=8.47 Q Q v=0 Kingdom
v=6.978C) 1 =192 Phylum
1
® |ncorporate the hierarchical structure between taxa: v=6-9786§ ! Class
> use the tree: recursively sum in a bottom-up manner V—6-978QT§ Order
V=1.724 - |
Qj : szms Family
v=.36 _
=364 -
ﬁ QV 36_ W)vé&m Genus
v=.04
I telecHoolonn
O w ) Species
v=.004 v=1




® |ncorporate the hierarchical structure between taxa:

» use the tree: recursively sum in a bottom-up manner

® Balance specificity & sensitivity:
» require a majority vote (half of the vote at the root)

» choose the lowest taxon exceeding the threshold

A vote-based taxonomic identification approach

----- leads to other groups in that rank.

v=8.47 Domain
v=8.47 Q Q v=0 Kingdom
/ 1 1
v=6.978Q : Q v=1.492 ° Phylum
_ I
V=6-978Q§§ Class
\7=6.978gT£ Order

(P : QV=4.88 Family

v=.36 —
=364 n —
. _ = v=4.844 Genus
v=.04

f E% L

v=.004

_ v=2.48
A Species




Controlled novelty benchmarking

&JslinéiVXoLjr:ejeiengi dataset (Zhu et al., 2919)11 — Moderate size: ?,()Ogggfgzcrifrsn es

---. bins (at least 10 genome each)

—
=

o Comparison with popular k-mer-based tools:
Kraken 2 & CLARK

o 0.3
® Selected query genomes spanning a wide range of § ..............
novelty levels (using Mash [Ondov et al., 2016)) & | e
9 0.2
® Short reads simulated from 120 bacterial & 100 S
archaeal genomes with lllumina error profiles O
5
.‘DQ

____________________

.....
]
ﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂ

O
o

Genomes



CONSULT-Il can classify reads from distant genomes

o CONSULI-Il significantly outperforms especially for novel queries

® |mprovements are more palpable for upper levels (e.g., phylum, class)

o CONSULT-II has universally higher recall, precision levels are comparable

phylum

Better recall with no expense of precision!

class
= A
[ ] r
A A
N N
@ S
A
A

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

Precision

genus

A
H A
Tl
o

A
@

).00 0.25 0.50 0.75 1.00 C

Tool

e CLARK
A CONSULT-II (0.03)
m Kraken-lI

MinGND

[0,0.001]
® (0.001,0.02]
(0.02,0.05]
® (0.05,0.1]
(0.1,0.125]
(
(

® (0.125,0.2]

0.2,0.4]



e Abundance profiling: estimating the
taxonomic composition of a given sample

e Using >130k reference genomes (RefSeq)

® CONSULT-Il: best k-mer based tool, and
second-best overall

Trade-off: marker-based methods are less
flexible and cannot perform read classification

CAMI-II: benchmarking challenge for metagenomics

Strain-madness dataset [CAMI-I]

MetaPhlAn: marker-based, only profiling
B CONSULT-II: best k-mer-based tool
Centrifuge
Metalign
CCMetagen
MetaPhyler
DUDes
FOCUS
mOTUs
0 0.25 0.5 0.75 :

L1 norm error (at genus)
(using a RefSeq snapshot from 2019 with ~130k genomes)






Baseline: random selection

Minimizers: local sampling; select among
overlapping k-mers with a sliding window

—ven with minimizers, number of distinct k-mers
grows fast with the number of genomes

330 species (4346079 pairs)

[Rodriguez-R et al., 2023]

] —
0.6 0.7 0.8 0.9 1.0
Shared genome fraction

Idea: don’t treat each genome independent;
exploit the evolutionary dimension

@2

©Gs:

TCCC
CCCI
CCT

C-
TCGC
CGCT
GC

GC
GC
GC

Neles

C
CAA

A

e
AATG]
e
TG
GCGCGGG
CGCGGGTT

GCGGGTT
CGGGTT

CAG

GCGCAAACTGCG
CGCAAACTGCG
GCAAACTGCG
GCAAACTGCGCTA

[CACGTT
[CACGTT
CACGTT
CACGTT
ACGCGTT
ACGCGTT
ACGCGTT

"ACGCGTT
GCGGT

GCGGT
GCGGT

'GCGGAATAT..
TCAGTAT

AAT
AAT
AAT

CAT
CAT
CAT
CAT

CAGTAT..
CAGTAT

CT
CT
CT

> > > > T

Reducing the reference set by selecting k-mers
(2961 :

> > > >

R e e B
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AT..
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A..
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Baseline: random selection

Minimizers: local sampling; select among
overlapping k-mers with a sliding window

—ven with min
grows fast wit

Imizers, number of distinct k-mers

N the number of genomes

B2

©Gs:

TCCC
CCCI
CCT

C-
TCGC
CGCT
GC

GC
GC
GC

Neles

C
CAA

A

[CACGTT
[CACGTT
CACGTT
CACGTT
ACGCGTT
ACGCGTT
ACGCGTT
"ACGCGTT

CAT
CAT
CAT
CAT

GCGGT

GCGGT

AAT
AAT
AAT

Reducing the reference set by selecting k-mers
(2961 :

> > > >

R e e B

AT..
AT..
AT..

e
AATGTGCGGT
e

330 species (4346079 pairs) TGTGCGGAATAT..

G5: GCGCGGGTTCAGTAT..

CGCGGGTTCAGTAT..
GCGGGTTCAGTAT

CGGGTTCAGTAT..
G4: GCGCAAACTGCGCTA..

CGCAAACTGCGCTA...
GCAAACTGCGCTA
GCAAACTGCGCTA

[Rodriguez-R et al., 2023]

—_—

> > > > T

Shared genome fraction

0.6 0.7 0.8 O..9 1.0 ;
Idea: don’t treat each genome independent;
exploit the evolutionary dimension




KRANK selects a representative k-mer subset
N a memory-bound manner!

K

Challenge: explicitly computing k-mer
set Intersections across taxa IS expensive

Kingdom
Phylum
Order

Class > oo

Family o00

Core idea: hierarchical subsampling through Genus
a post order traversal of the taxonomic tree P/ v\ *oo

Species



Gradual filtering of k-mers at internal nodes

ATCAGTT]
TATTTCG,
TTCGAGT}
CCCGGAT!

® Recursively take the union of sibling taxa

CCCAGTT]|
TATTTCG'
ATGCAGT|
CCCGGAT]

ATCAGTT|
TAGTTCG;]
GGGGAAC|

ATCAGTT

CCCAGTT

TAGTTCG

CCCGGAT|

TATTTCG
TTCGAGT]|

CCCGGAT|
GGGGAAC]




Gradual filtering of k-mers at internal nodes

® Recursively take the union of sibling taxa

® [ilter some number of k-mers based on a ranking

00
000 00
ceoe CCCAGTT filter < °oeo
TAGTTCG . CCCAGTT
— L > CCCGGAT —P [rrcricg
ATCAGTTH  |CCCAGTT|  |ATCAGTTY ATCAGTT CCCGGAT!
TATTTCG TATTTCG TAGTTCG| TATTTCG IATCAGTT!
TTCGAGT| ™~ IATGCAGT | M |ATGLAGT] TTCGAGT} TATTTCG|
CCCGGAT CCCGGAT] GGGGAACH CCCGGAT]| CCCGGAT?

GGGGAAC]




Gradual filtering of k-mers at internal nodes

® Recursively take the union of sibling taxa

® [ilter some number of k-mers based on a ranking

e At the root, we obtain the final library with size budget M

o000 A 000
| o000 /\
oo CCCAGTT filter __< oo

TAGTTCG N CCCAGTT
—_— £ = CCCGGAT —P e
ATCAGTT|  [CCCAGTT|  (ATCAGTT] ATCAGTT] CCCeeAT)
TATTTCG L JITATTTCG| J|IAGTTCG TATTTCG IATCAGTT]
TTCGAGT;4 ATGCAGT| ATGCAGTw TTCGAGT| TATTTC64
CCCGGAT] CCCGGAT]] GGGGAACH ICCCGGAT| ICCCGGAT|

GGGGAAC]




Gradual filtering of k-mers at internal nodes

® Recursively take the union of sibling taxa

® [ilter some number of k-mers based on a ranking

e At the root, we obtain the final library with size budget M

ATCAGTT]
TATTTCG
TTCGAGT]

CCCAGTT]
TATTTCG'
ATGCAGT]

CCCGGAT]

CCCGGAT|

ATCAGTT]
TAGTTCG]
ATGCAGT]

GGGGAAC

TAGTTCG|
CCCGGAT|
ATCAGTT]
TATTTCG]
TTCGAGT]|

CCCGGAT|
GGGGAAC]

filiter

—p

CTeAGTT

IATCAGTT|

ICCCGGAT

A

CCCAGTT

TAGTTCG
CCCGGAT)

|

TATTTCG«

‘ﬂ

How many?

Which??






01: How many k-mers should we
remove from each node/taxon?

More from highly sa
_ess from underrep

10000 ~

1000 -

# of species

Mpled groups
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100 -
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1- IIIIIIIIIII =
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# of genomes sequenced



01: How many k-mers should we
remove from each node/taxon?

More from highly sa
_ess from underrep

10000 ~

1000 -

# of species

Mpled groups

resented groups

E. Coli

|||||III||||..|..l.

100 -
10 -
1 4

1' 10

100 1000 10000

# of genomes sequenced

02: How do we rank k-mers to
assess which one(s) should be kept?

Make sure to cover all taxa
Try to find informative k-mers

& —PB

K | A | =M




e Baseline: no gradual filtering — wait & select M randomly at the root



e Baseline: no gradual filtering — wait & select M randomly at the root

Given total budget M,
- | # of selected k-mers for a taxon 7] is

b
set of kK-mers
| % ‘ under the taxon ¢
\7{ |

N set of all

reference k-mers



e Baseline: no gradual filtering — wait & select M randomly at the root

Given total budget M,

|

—  »
L%\
\%\

¥>

# of selected k-mers for a taxon ] is

set of k-mers
under the taxon f

set of all
reference k-mers

Proportional contribution —

» taxa with low sampling get little representation
» highly-sampled groups dominates

10000 -

1000 -

100

# of species

10

E. Co//

1 OO 1 OOO 1 OOOO

# of genomes sequenced



Gradual filtering is making some decisions earlier

Goal: remove k-mers from bloated taxa earlier & delay decisions for smaller taxa



Gradual filtering is making some decisions earlier

Goal: remove k-mers from bloated taxa earlier & delay decisions for smaller taxa

e Adaptive size constraint, r(#)M,
on Internal nodes

INncreases as we go up in the treel

r(root) = 1

Kingdom
Phylum
Class

Order

Family

r(t)

Genus
Species
ATCAGTT| |CCCAGTT}  |ATCAGTT]
TATTTCG{ |TATTTCG|  |TAGTTCG,
TTCGAGT|  JATGCAGT]  |ATGCAGT] O < () < 1
CCCGGAT| |CCCGGAT|  |GGGGAAC]



Gradual filtering is making some decisions earlier

Goal: remove k-mers from bloated taxa earlier & delay decisions for smaller taxa

e Adaptive size constraint, r(#)M,
on Internal nodes

INncreases as we go up in the treel

r(root) = 1

Kingdom

Phylum

e 7(?)is a heuristic:
sqguare root of ratio of k-mers under ¢

e Concavity of r(¢) favors taxa with fewer k-mers
(less diversity or sparsely sampled)

1.00 -

$<T

0.75 A

@ 0.50 - — |inear

— square root

0.25

Class
Order
/ Family
F(J[) Genus

Species

ATCAGTT| |CCCAGTT}  |ATCAGTT]
TATTTCG} |TATTTCG] TAGTTCG|
TTCGAGT ;ATGCAGT ;ATGCAGT
CCCGGAT CCCGGAT GGGGAAC

’ (A Methanobrevibacter ! fEscher/ch/a

0.00 0.25 0.50 075 1.00
Total k—=mer count ratio

0.00 -

0<r(® <1




Adaptive size constraint improves classification

O
064 A
0.5- ®

A Approach
L 0.4- : : e Sclect with constraint
® A select at root
0.3 - A ®
A (selecting randomly)
0.2-
2

0.1-

kingldom phyllum Cléss orcljer farﬁily geﬁus spelcies
Taxonomic rank

(empirical analysis using 3.2Gb, in WolL-v1 with 9k species, 10k genomes)



01: How many k-mers should we 02: How do we rank k-mers to assess
remove from each node/taxon? which one(s) should be kept?



Which k-mers would provide better representation?

Baseline: selecting randomly until the constraint is satisfied parent taxo”i :

v 4



Which k-mers would provide better representation?

Baseline: selecting randomly until the constraint is satisfied parent taxo”i :

| 2| =M

Alternatives:
SR
K — A @" discriminative k-mers
| (7
' O
A

— qg, shared k-mers

— @ -

N




Which k-mers would provide better representation?

Baseline: selecting randomly until the constraint is satisfied parent taxo”i :

| 2| =M

Alternatives: =
% ——p é " # of SPECies under t with k-mer x
% "" discriminative k-mers z
7
&»

X1 | X2 X3 - Xx
low scores g g ; g

t |4 7 0 . 3
shared k-mers | | | |
high scores

|0 0 2 . O




The case against discriminative k-mers

® Problem: considerably small portion of k-mers are shared within a group!

(it gets worse for upper ranks)

Given a qguery genome, what is the expected
poortion of shared k-mers In a reference set

with N genomes within 2d distance?
(1= (1= =1 -dY)

- i

k-mer from the ancestor ~ K-Mer from the ancestor
stays same changes in all N

Example: within d = 20% diversity (~genus)
» N = 5:0.7% of query 30-mers,

» N — 00: 4.2% of query 30-mers,

will be found In at least one reference.

= 10.00% -

Expected shared 30—-mers (portio

1.00% -

0.10% A

0.01% A

Within group
diversity

5%
10%
— 15%
— 20%
25%
— 33%

10 100 1000
Number of reference genomes



Neither discriminative nor shared k-mers improve the baseline

0.6 1

0.4 - 3 Approach
| A 4 discriminative k-mers
¢ random K-mers
shared k-mers

F1
®

0.2 1 A

»
A

kingdomphylum class order family genus species
Taxonomic rank

(empirical analysis using 3.2Gb, in WolL-v1 with 9k species, 10k genomes)



Incorporating taxon coverage in ranking

Intuition: keep shared k-mers but
ensure no group is left uncovered

parent taxon

t1

|

t

ti: Al
t2: Needs to be prioritized!

| K

(CTTAAGG]  |ATCAGTT} |AAAAGTT | (ATCAGTT|

TTATCGT|  |cTCGCCAR TTATCGT} TAGTTCG}
| ? GCGCTTA} ATGCAGT}

GGGGAAC | GGGGAAC] GGGGAAC]

AATTTGG AATTTGG *

CCGTATT) |GTCGAAT]

GGGCTAT]

jccTAaTTC)

[GTCATTA|

ts

‘ord to remove more!



Incorporating taxon coverage in ranking

Intuition: keep shared k-mers but Scalable heuristic: down-weight the impact of taxa
ensure No group Is left uncovered that are highly covered among surviving k-mers

parent taxon

weights of taxa

t1 b ts t4 ty [0.09
CTTAAGG]  |ATCAGTT} AAAAGTT] ATCAGTT]
TTATCGT|  JeTcaccal TTATCGT} TAGTTCG 0.33
GCGCTTA ATGCAGT | t2 -
GGGGAAC] b GGGGAAC] GGGGAAC]
AATTTGG) AATTTGG]
CCGTATT] lercennr]  [sTcoant] 0.17
GGGCTAT] t3
GCTATTC]|
|cTcATTA | 0.17
1 - t4 '
- t4: Afford to remove more!

t2: Needs to be prioritized!



Incorporating taxon coverage in ranking

Intuition: keep shared k-mers but Scalable heuristic: down-weight the impact of taxa
ensure No group Is left uncovered that are highly covered among surviving k-mers

parent taxon # of specieis undEer t wiith k-fner X

weights of taxa X1 X2 X3 chrcl

t1 t2 t3 t4 t1 0.09 t4 4 7 0 3

CTTAAGG]
TTATCGT

ATCAGTT|
TAGTTCGY
ATGCAGT]
GGGGAAC]

{AAAAGTT|
TTATCGT}
GCGCTTA}
GGGGAAC] e GGGGAAC
AATTTGG] AATTTGG]
CCGTATT] (GTCGAAT |

{ATCAGTT]
lcTcecenl

t, |0.33 |0 0 2 . o0

t5 [0-17 t |0 0 1 . 1

GGGCTAT
jccratTCy
|GTCATTA|

|

> 2 1 . 0
t40.17 ta

t1: Afford to remove morel

C Score: 0.7 097 1 044
to: Needs to be prioritized!



Neither discriminative nor shared k-mers improve the baseline

0.6 1

Approach

©® random
shared k-mers

% weighted sum

0.4 - ®

F1
o
*K

ok
0.2 -

oK

kingdom phylum class order family genus species
Taxonomic rank

(empirical analysis using 3.2Gb, in WolL-v1 with 9k species, 10k genomes)



® KRANK puts all these heuristics together:

» weighted-sum ranking + adaptive size constraint
» other minor tricks
» highly optimized and scalable implementation



Bonus: compact k-mer encodings

CONSULT-Il used 2 bits per letter: 64bit for 32-mers.

We only compute HD between k-mers that have the same hash value!

We do not need / positions used to compute LSH; they are already the same!

x JATCTTGATTCATGCCTGCGGCAAGATCGAGA| =~ |ATTTATTCTCGCGCAAGTCAA

Just drop LSH positions and store the rest: k = 32, h = 16 — 32bit



Improvements are pronounced at
higher ranks

o KRANK 13Gb competes with CONSULT-Il 144Gb.

® Novel gueries were accurately classified at higher ranks.

F1

o \\Vith little memory, KRANK+CONSULI-Il is highly sensitive.

high-sensitivity memory level

ightweight memory level

N
—_

CLARK v1.2.6.1 (149.6Gb)
- CONSULT-II v0.4.0 (140.7Gb)
= Kraken-Il v2.1.3 (46.5GDb)
-~ KRANK-hs v0.3.2 (51.2Gb)
KRANK-Iw v0.3.2 (12.8Gb)

1.00 1
0.75 -
0.50 -
0.25 -
0.00 -

1.0 -
0.8 -
0.6 -
0.4 -

1.0 -

0.8 -
0.7 -
0.6 -

SR classification in WoL-v1
high novelty  (0.1,0.25]

moderate novelty (0.01,0.1]

O

low novelty  [0,0.01]

class
order
family -
genus
species 1”

Kingdom -
phylum






Weighted UniFrac

Let b, be the length of the branch i and plA and piB S b | pt — pB|

i i d(A, B) =
are the t.axa propcrtlolns descending from. the (A, B) ST h(pA & pB)
branch i for community A and B, respectively. l



pseudo-F statistic

Sdtotal = Z Z Sowithin = Z Z d;5;

11]l+1 11]l+1

5Sacross = 99total ~ POwithin

(SSacross>
— 1
F=—t
Multiple permutations ( Wlthln)
to get a p-value! N=p

\b N is the number of groups, p is the

number of objects in each group.



Poor man’s solution: taxonomic profiling

compare profile vectors
(e.g., Bray-Curtis dissimilarity)

= Fast and scalable methods
based on k-mer search

- Limited: profiling

» has low resolution S —

» often ambiguous (e.g., HGT) -

‘axonomic
» omits within-group diversity \_ cassification

» No notion of distance, novelty?

We need a more detailed output...

CTTGGGT I@
|ATGGGAT
lceTTCeT |©
|caacacc h’” /
|CTACATT [k

| TATAGGC J

0, )
000

ACCCAGT |

e

ENGTCGT




What alternatives do we have?

 Sample-wide containment analysis (using MinHash)?
> higher resolution compared to taxonomic profiles (+)
> no assignments for individual sequences (-)

> no distances btw. queries and references (-)

 Using marker genes?
> aligning to a MSA is possible & and distances (+)
> limited and potentially biased (-)
> inability to capture novel sequences and queries (-)

* Aligning reads to all references?



|ldentifying metagenomic sequences and comparing samples

search reads/contigs to
find similar references

= —::_ 11 TCCCTGCTCA... - ran
i = R2: TCCCTGCTCA. profiling/binning
sl R ChATGTGCGG. —> Kraken2, CONSULT-I ...
Sample 1  Species 3 ] : T , | |
’ Ry: GCGCGGGTTC... e Containment analysis using
R.: AGTTGCACTA.. . .
R . TACCACTCTC MinHash/FracMinHash
R7: TACCACTGTG... — sourmash, mash-screen, ...
g. CAATTAAGAA..
— ® - INg on marker genr
—— _/' RN ATTATCTCAT. OCcusIiNng O dlrKer genes
gg@@ﬁ — — EPA-ng, mOTU, MetaPhyler, ...
%é§% Sequencing Reads Reference Genomes
W
Sample S Goal: compute reliable distances between

Existing methods:

® (G00d old taxonomic

every read and all related references...




Existing Pipelines

align reads to
reference genomes

N\

R;:

Ry:

sample align against the

_ reference MSA

-::-____ ;¢”’_--_..-’l

alternatively

focus only on
marker genes

e.g., 165 reads

R :AGAGT

R :AGACTTTGATCCTGGCTC

R, : AGACTAAGATCGTGGGTC —

ATCTTGGGTC

compute HD of
K-mer matches

N

TCCC|...| TCCA

AAAC|...| AAAT

TACC]|...| AACC

.

color index

AAAT | ...| AAAC

K-mer index

sample t
R, : ATGTAACGAGGCAGTATCCG

L R,: CAATGGCGGTTTTTTACCCT

genomes: o
R%:GCGAGGATCCGAGAAGGCGC

ikelihood
model

assign reads 1o
closely matching tips

ikl =

Operational Genomic Units

N

Phylogenetic Placements R,

VIL placement with
oendant branches

R
R,

I) estimate distances of

reads to all references
S

KR, R,
oo
oo .. m
oo o
o oo
e .. 0
o o
o

R
thlogenetic Placements

i) place reads anywhere on
the backibone phylogeny



Constructing the color multi-tree

e Start with k-mer sets of all reference

® [nitialize the multi-tree as unconnected singletons

® | abel k-mers with singletons




Constructing the color multi-tree

e Start with k-mer sets of all reference

® [nitialize the multi-tree as unconnected singletons

® | abel k-mers with singletons

® During the t
K-mer exist

raversal, add a co

IN both children ar

or for the
d update

union if a ~ \

its label

ATCAGTT{x,y} CCCAGTT{a}
TATTTCG{x} TATTTCG{Db, c}

TTCGAGT{y, z) ATGCAGT {c}
CTCGGAT{a,c}



Constructing the color multi-tree

ATCAGTT{x,y}

e Start with k-mer sets of all reference TATTTCG{x.b,C)
TTCGAGT{y,z}
® [nitialize the multi-tree as unconnected singletons CCCAGTT{a)
ATGCAGT{c}
® Label k-mers with singletons CTCGGAT{a, ¢}
00
e During the traversal, add a color for the union if a 77 \

kK-mer exist in both children and update its label

ATCAGTT{x,y} CCCAGTT{a}

TATTTCG{x} TATTTCG{Db, c}

TTCGAGT{y,z} ATGCAGT{c}
CTCGGAT{a,c}



Constructing the color multi-tree

ATCAGTT{x,y}

e Start with k-mer sets of all reference TATTTCG{X.Db,C}
| | | TTCGAGT{y, z}
® [nitialize the multi-tree as unconnected singletons CCCAGTT{a)

ATGCAGT{c}
® | abel k-mers with singletons CTCGGAT{a, c}

00
e During the traversal, add a color for the union if a 77 \

kK-mer exist in both children and update its label

ATCAGTT{x,y} CCCAGTT{a}
TATTTCG{x} TATTTCG{Db, c}

. TTCGAGT{y,z} ATGCAGT{c}
Challenges CTCGGAT{a,c)

® How to intersections of large sets”? LSH partitions
® How to test if a color is already added?? Abelian group hashing
® How to represent set labels of k-mers”? Abelian group hashing



krepp estimates distances accurately at the read-level

~150 bp short reads
oefautt: 2= mer (Hamming distance) / (seq. length)
minimizers of 35-mers S q. leng

e Simulation experiments
(true read distances)




krepp estimates distances accurately at the read-level

~150 bp short reads

defaL .t: 29-mer (Hamming distance) / (seq. length)

mMiNiMIzers of 35-mers

HH |
Simulation experiments 0-20- T
(true read distances) 3 il
. @ 0.15
nghly accurate | 2
(despite some noise) 2
+= 0.10 1
Slight overestimation =
bias for high distances W5 05-
0.00 -

000 005 010 015  0.20
True distance



defau
mMiNiM

Simu
(true

krepp estimates distances accurately at the read-level

t: 29-mer
7Ers of 35-mers

ation experiments
ead distances)

Highly accurate
(despite some noise)

3|
o

ight overestimation

as for high distances

High mapping rate even
for novel reads >15%

0.20 -

o
—
)

Estimated distance

0.05 -

0.00 -

0.10 -

~150 bp short reads

(Hamming distance) / (seq. length)

HH l 100% -
T (el 1 75% -
LT O
LT ©
®))
£ 50%-
o
o
©
=
25% -
B
D & D & > &
\Q”Q 0’\9 & A0 6 ‘?/Q g‘fy
| | | | T Q‘ \9. \Q. \Q. \ \
0.00 0.05 0.10 0.15 0.20 &

True distance

True distance



Dealing with uncertainty: statistically distinguishability

D*: 0.041

_50 -

® short reads — low signal
® high distances — fewer matching k-mers

100 A

e small differences may not be statistically meaningful log CSZZ.*: _
> test distinguishability '

0
150 A

—-200 A

likelihood-ratio test

with the closest reference: N _150-
o0 0
o
~® D: alternative distance 2 —~ -200+
ALR ~ X .
gi*(p; k,h,o, U, Vi*) » select a significance level
(default: a=90%) o

1=

\ o'f oi1 oiz of3 of4 of5
Ly 1% closest reference ~401 D




Defining clade distances & hranch length agnostic placement

A notion of distance

for internal nodes: use the same likelihood model
and log-likelihood ratio test
. recursively compute \
= average HD histograms
r  forinternal nodes place on top of the
argest clade that is
zcé% () V. indistinguishaple

KARNTETSY

G (p): set of children of p, {cy, ¢, }

® . indistinguishable w.r.t.
the closest reference



krepp’s heuristic improves closest-tip placement

1.00 -
0.75 - I_,_’_,_'__

® | eave one out: 100/16,000 (Wolv2) |—

é 0.50 - [—
® Qutperforms baselines: T -
on the closest, on the LCA, etc. . how many edges
away Is the

e >80% of all reads within four edges placement from

000" . : . . . the correct edge”

Edge error A

bowtie—closest — krepp kKrepp-closest



Scalability:
Avoiding the more difficult problem & effective parallelization

Mapping 10M reads (16 threads): Indexing microbial genomes (32 threads):
— 120,000 genomes
g 30 O 6 . .
2 < N ~30 minutes!
= S distributec
£ Method by partitions
o 20 - 4
& ©- bowtie2 = j
= A Krepp = }
f= [=
c 10 c 2
S 2
A
R 0 Q-
2000 8000 32000 128000 2000 4000 6000 8000 10000

Number of references Number of references



Scalabhility:
krepp can be distributed and has flexible memory requirements

Mapping 10M reads (16 threads): Indexing microbial genomes (32 threads):

200 /

, 250
~ )
o ,‘{ O 200
< 150 ; g
g / Method E 150
= / ® bowtie2 :
e 199 / ® krepp ~ 100
% B 3
D al
O 50 g 50
y 4
7
. 9/ 0
5 & - 9@

WolLv1 WolLv1 WolLv1 WolLv2 RefSeq RefSeq
2000 8000 32000 128000 (2000) (5000) (10575) (15953) (50752) (123853)

Reference size Reference



Segmentation



a2

0.03 0.03 ... 0.09 ... 0.26 0.22

£ 004005 ... 001 .. 011012

8 o mmmm——— —

/. 006 006 .. 032 .. 0.030.04

quadripartition quartet support: x;

“"*Mu‘ WA A\Awd“ " Uy 'r‘ \,\‘/‘* ‘J ',Mw'fww ‘\.l" *\’ ,'&mh‘ﬁ‘ Y

(3 TCTCATTGGCGCCTCATTTCTGGATACCCCGACCTATTTTGACGG

Largne(;[h 4« _ [ TCTCAATCGCGCATCATCTCTGGATACCCAGACCTAGGTTGACGG
E TATGGGTCGCGCATCATTTATGGATACCCAGAGGAAGGTTGACGC
T- SPeCIES D TTTCATTCGCGCATCATATATGGACACGTTGAGGAAGTACGACGC
tree C TTTCATTCGCGCATCATATTTGGAAAAGCTGAGGAAGTACGACGC
| B TTTGGGTCGCGCATCATACCTGGACCCGCAGAGGAAGTACGAGGC
A TTTGGGTCGCGCATCATATTTGGACCGGCAGAGGAAGTACGTGGC
simulated l""C'h"""'l
romaosome
gene trees 1 L
1: target quadripartitions
ABC DE F 1907
iy — A — |§|
C DEF G w X Yy Z 0.75-
_ N
2: ~———a (quartets frequencies = __
>
L2 12 . n [
0.25 -
=F G X 0.66 0.66 ... 0.22
. ] V. < —»
. w. v | x, z 016 0.16 ... 0.39 ooo T TR
n: v Y ’ ' ' 000 025 050 075 1.00
w, z | v, x 0.16 0.16 ... 0.39 x| v.2
A B QQS distribution

C DEFG O(nmlog?m) per target branch



An HMM w/ standard initial and transition
distributions with Bayesian priors on parameters:

q P
N\ /N
l1-p
null: 4 — alternative:
coalescence w/ non-ILS
recombination —______—yp discordance
1 —gq

(qal - q) ~ Dil’(ﬂ+ K+,0,ﬂ)
(p,1 —p) ~Dir(f+ p,k+ )

e Initial distribution: Categorical dist. with an
uninformative Dirichlet conjugate prior

* Transition matrix: m = (1Zp 1;") reflects our

assumptions with flexible & robust priors

Transition matrix
hyperparameters

 Challenges:
—noisy observations, high sampling rate

—slightly off p(z; | T) (e.g., varying rates)

* stickiness (x) favors continuous segments,
reduces transitions btw. different states

* sparsity (p) boosts transitions to the null
state and makes states imbalanced



