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Phylogenetic placement (PP)




Phylogenetic placement (PP)
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Phylogenetic placement (PP)

r; AAICTGTITA - r; ACTGTITA
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Benefits of Placement Shortcoming

» Scalability:
e The backbone tree is fixed

e Queries are independent e Queries cannot refine

. . . packbone relationships
* |Linearly scales with more queries

o Embarrassing\y paraHe\ o Re‘atiOﬂShipS between

gueries are not inferred
* Error tolerance: high-quality

backbone seqguences help situate
short low-quality queries

[Janssen et al, 2018, msystems] i




PP Methods

* Traditionally, for greedy de novo inference
[Felsenstein, JME, 1981; Desper and Gascuel, JCB, 2002]

* Designed explicitly for PP:

e Maximum likelihood — PPlacer [Matsen, et al., BMC Bioinformatics, 2010]
— EPA(—ng) [Berger, et al., Sys Bio, 2011][Barbera, et al., Sys Bio, 2019]

° Divide—and-conquer —SEPP [Mirarab, et al., PBC, 2013]
— (B)SCAMPP [Wedell, et al., TCBB, 2023]

 Parsimony — UShER [turaknia, 2021]

* Distance-based — APPLES(-1I) [Balaban & Mirarab, Sys Bio, 2020]
(least squares error) [Balaban, et al, 2022]



Application: molecular epidemic tracking

* Tracking progression of pandemics

Genomic epidemiology of SARS-CoV-2 with subsampling focused globally over the past 6 months
& ilt with nex Maintained by N Enabled by data from (c]L1:\[»).

RN
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Ultrafast Sample placement on Existing tRees (UShER)
enables real-time phylogenetics for the SARS-CoV-2
pandemic
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Comparing metagenomic samples using
phylogenetic placement

-\ A == / Place
y gg@@‘ >\
it
Sample 1 R
5 I L >\

o %4% Sequencing Reads
Mgy O %

Sample S <+ Phylogenetic Placements (PP)
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Comparing metagenomic samples using
phylogenetic placement

di,j
NERY
o 5oy

o Place st %?%3%@
oot A — Sample i Sample j
%§§ distance matrix
SBelils (1]2]..S
Sample 1 dg
d2,1 0 ... d
By 4, ... 0
ge = —
%%2;%% Sequencing Reads wUniFrac ( = EMD, Wasserstein dist. on
00

tree metric space): the shared branch
=Sample 5 -+ Phylogenetic Placements (PP) lengths weighted Dy the proportions
(Matsen and Evens, 2013)
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How well does phylogenetic placement of all reads from a sample on a
(species) tree labelled with reference genomes work”
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How well does phylogenetic placement of all reads from a sample on a
(species) tree labelled with reference genomes work”

No (scalable) existing method was designed for this

e \ i e ve (SRR .
| reference MSA R2' N M ML placement with
: - : AGAGTAAGATCTTGGGTC
alternative: — P U : pendant branches
focus only on R — g— - Y
marker genes Map to marker genes R :AGACTTTGATCCTGGCTC
R, : AGACTAAGATCGTGGGTC
TIPP-(II Il] (@.g., BLAST) N
-(11, 111 R : AGAGTAAGATCTTGGGTC

(Nguyen et al., 2013, Shah et al, 2021, Shen et al, 2025) 3




How well does phylogenetic placement of all reads from a sample on a
(species) tree labelled with reference genomes work”

No (scalable) existing method was designed for this

align reads to assign reads ﬁo |
reference genomes closely matching tips

/_’RI:

R,: R, : —
— — Operational Genomic Units =
— | (Zhu, et al., mSystems, 2022)
sample \ align against the Ilgl AGACTTTGATCCTGGCTC
| reference MSA 2+ AGARTRGATCRTGGGIC g olacement with
focus only on = — — By
marker genes Map to marker genes R :AGACTTTGATCCTGGCTC
© BLAST) R, : AGACTAAGATCGTGGGTC
TIPe-(L 1) 9 R, : AGAGTAAGATCTTGGGTC
(Nguyen et al., 2013, Shah et al, 2021, Shen et al, 2025)
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Characterization of metagenomic samples on a phylogeny
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Characterization of metagenomic samples on a phylogeny

assoclate some

dl,]
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oroportion with ﬁ i,
~A — — related eagestips S%% aaf . 4 %%gm%r@

M —— - B ample ample j
‘%% %%§ Ri R, R, distance matrix
Sample 1 -

%5%* ’ ~B N
Sequencing Reads

‘%émg&
sample S

== (perational Genomic Units

9



Characterization of metagenomic samples on a phylogeny
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Analyzing human microbiome with larger references
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Phylogeny-Aware Analysis of Metagenome Community Ecology Based on Matched
Reference Genomes while Bypassing Taxonomy

@ This article has been corrected. VIEW CORRECTION

Authors: Qiyun Zhu , Shi Huang &', Antonio Gonzalez, Imran McGrath 57, Daniel McDonald %57, Niina Haiminen &', George Armstrong
, Yoshiki Vazquez-Baeza "5, Julian Yu, Justin Kuczynski, Gregory D. Sepich-Poore ©&', Austin D. Swafford &', Promi Das "5, Justin P. Shaffer
, Franck Lejzerowicz “&F, Pedro Belda-Ferre ©5, AkKi S. Havulinna %57, Guillaume Méric &7, Teemu Niiranen %5, Leo Lahti %57, Veikko Salomaa

, Ho-Cheol Kim &7, Mohit Jain ©&7, Michael Inouye =7, Jack A. Gilbert %57, Rob Knight SHOW FEWER AUTHORS INFO & AFFILIATIONS

10

Evaluation:

- samples often have categorical labels
- pseudo F statistic: compare within-
group versus across-group distances



Analyzing human microbiome with larger references

% g e , Reference: Web of Life (v2)
* % o | 16,000 microbial genomes
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| | | |
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Perhaps the OGU approach
(alignment + assigning to all mapped tree tips)
'S good enough?

11




0GU: Challenges of aligning reads

align reads to reference genomes

=

bowtie2
--high-sensitivity /

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

(-) not suitable for higher distances & novel sequences (>10%)
— Increasing the sensitivity by relaxing the alignment is costly

Mean alignment distance

0.00 0.05 0.10 0.15 0.20 0.25
Genome-wide distance



Closest match is not enough

* Closest match may mislead

* Assigning to multiple tips may not be sufficient.

g closest

15 [Balaban, et al, 2022]



Closest match is not enough

* Closest match may mislead

* Assigning to multiple tips may not be sufficient.

g closest

15 [Balaban, et al, 2022]
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Closest match is not enough

Closest match may mislead

* Assigning to multiple tips may not be sufficient.

Closest length # Closest clade for non-ultrametric trees (e.g., uneven rates of evolution)

CLOSEST
A
the most similar
————— '.
4
query o
l"
'l
4
. . . . . . . C ','
Q O Q O Q O O ’
Q° O Q° O Q° L° O
S, S & S oS ¥ S A d closest
N Q@

evolutionarily

Reference tree size
. closest

Denser taxon sampling
(RNASIm simulated dataset) 13 [Balaban, et al, 2022]



Phylogenetic placement can do better!

1.0 CLOSEST === EPA-NG
== PPLACER
& 0-9 - ML placement
@
S //
8 0.81 "
CB ._‘/——‘
T
GEJ 0.7
D
(@)
@
n 0.6
0.51
O O O O O O O
& > P FF FF S
N QD" ;\Q“ QDQ" \QQ" Q/QQ\

Reference tree size

Denser taxon sampling
(RNASIm simulated dataset)

14

the most similar

evolutionarily
closest

closest



— e ———————
— — —

Perhaps the OGU approach is good enough?
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Perhaps the OGU approach is good enough?
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s full placement of all reads on a species tree better? W
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s full placement of all reads on a species tree better? W

|
|

a Krepp: k-mer-based read phylogenetic placement

Place reads from anywhere on a genome onto an ultra-large
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Analyzing human microbiome with larger references
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Analyzing human microbiome with larger references

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

Body site
P Aa v 80 -
73.62 74.5
’ Anterior nares
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0. ® ° Ste roaumict S -42.3'?‘ B Taxonomy + Bray—Curtis
ool S 40 -
® Supragingival plaque 8
o Tongue dorsum Q. ® Bracken
® krepp
. 20 ® Woltka [+Bowtie2]
S o ., 0w 0- WoL-v2 (16K)

Méthod &'referen'ce dataéet
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Analyzing human microbiome with larger references

_ Reference: RefSeq subset
Scaling to large references further 50,000 microbial genomes

Improves separation of body sites.

Body site
83.8
2 2 Py L 30 83.38’ i
X Sl ' 73.62 745
JoaE 7241 A a
o Anterior nares
® Buccal mucosa 60 - ® OGU + wuUniFrac
‘ Posterior. fornix LL A PP + wUniFrac
PC3 & - M ® Retroauricular crease _8 -42_36“ — Taxonomy N Bray—Curtis
Stool 3 40 -
f ® Supragingival plaque 8
o Tongue dorsum O : Bracken
Krepp
4 20 ® Woltka [+Bowtie?2]
| i RefSeq (50K)
o 01 ., O v 0- WolL-v2 (16K)

Méthod &'referenée dataéet
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Better characterization of less-studied microbiome of earth

Free-living: 382
Saline: 108 ||
N=746
Host-associated: 364 | | Animal: 286 I
Fungus: 12 =
Plant: 66 []
EMPO 1 EMPO 2 EMPO 3

Hierarchical categorization
of earth microbiome samples

Non-saline: 274 I

[] Sediment (non-saline): 47

I Soil (non-saline): 208

= Subsurface (non-saline): 10

== \Nater (non-saline): 9
|| Sediment (saline): 66
= Surface (saline): 4
B Water (saline): 38

B Animal corpus: 58

I Animal distal gut: 182

m 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
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Reference: Web of Life (v1)
10,500 microbial genomes
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Better characterization of less-studied microbiome of earth

Hierarchical categorization
of earth microbiome samples

Reference: Web of Life (v1)
10,500 microbial genomes

[l Sediment (non-saline): 47 300 -
. . ® Woltka
Non-saline: 274 I I Soil (non-saline): 208
l = Subsurface (non-saline): 10 n
Free-living: 389 == \Nater (non-saline): 9 200 -
Saline: 108 [ [] Sediment (saline): 66 _8
_ = Surface (saline): 4 >
Nn=746 _ B Water (saline): 38 3
. B Animal corpus: 58 O
Host-associated: 364 | | Animal: 286 I 100 -
L L I Animal distal gut: 182 ®
.
Fungus: 12 = = Animal proximal gut: 26 O
= Animal secretion: 20 ®
Plant: 66 [ = Fungus corpus: 12 0 -
= Plant corpus: 28 — cl\l C:O <Il'
[E Plant surface: 38 O @) @) O
al al al al
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LLI LLI LL LLI
Level
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Better characterization of less-studied microbiome of earth

Hierarchical categorization
of earth microbiome samples

Reference: Web of Life (v1)
10,500 microbial genomes

@
[l Sediment (non-saline): 47 300 -
@® krepp
Non-saline: 274 I I Soil (non-saline): 208 ® Woltka
l = Subsurface (non-saline): 10 n
Free-living: 389 = \Water (non-saline): 9 200 -
Saline: 108 [ [] Sediment (saline): 66 _8
_ = Surface (saline): 4 >
Nn=746 _ B Water (saline): 38 3
_ B Animal corpus: 58 O W
Host-associated: 364 | | Animal: 286 I 100 -
L L I Animal distal gut: 182 ® ®
@ @
Fungus: 12 = = Animal proximal gut: 26 @™
= Animal secretion: 20 ¢
Plant: 66 [ = Fungus corpus: 12 O-
B Plant corpus: 28 1'_ cl\l C:O <Il'
[E Plant surface: 38 O @) @) O
al ol al al
EMPO 1 EMPO 2 EMPO 3 EMPO 4 = = = =
LLI LLI LL LLI
Level
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Problem statement for krepp

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

> reference genomes
CCTGCTA..

R,: TCCCTGCTCA..
R,: TCCCTGCTAA..
R,: CCCCTGGCAG..
R,: ATTATCTGAT..

R);: CCCCAAACAA..

18



Given:

Problem statement for krepp

e query seqguence ¢
» set of references X = {R,, ..., Ry}

* a backbone phylogeny 1’

>q
CCTGCTA..

reference genomes

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

R;: CCCCTGGCAG... h
R,: ATTATCTGAT..
- R, Ry

R);: CCCCAAACAA..

18



Problem statement for krepp

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 1 i)

>q reference genomes distance estimates

CCTGLTA.. R,: TCCCTGCTCA.. d(g,R,) = 0.141 T
R,: TCCCTGCTAA.. d(g, R,) = 0.001

C

C

Ry: CCCCTGGCAG.. p (R =0.195
(Q9 R4) = NA
R, R,

R,: ATTATCTGAT..
Ry: CCCCAAACAA.. d(g, Ry) = 0.244

18



Problem statement for krepp

Given: Interpretation of the distances:
: # of mismatches CCTGCTA..
* query sequence ¢ i) dig.R) = — o —  AGTTATCCCTGCT

» set of references £ = (R, ..., Ry}

ii) Eyld(g,R)] ~1—ANI(Q,R)

where () is the source genome of ¢

* a backbone phylogeny 1T°

>( reference genomes distance estimates phylogenetic placement:

CCTGLTA.. R,: TCCCTGCTCA.. d(g,R,) = 0.141
R,: TCCCTGCTAA.. d(g, R,) = 0.001
C
C

R,: CCCCTGGCAG.. >

(g, Ry) = 0.195 >
R4 . ATTATCTGAT..

(Q9 R4) = NA

Ry: CCCCAAACAA.. d(g, Ry) = 0.244

18



Four computational (sub)problems



Four computational (sub)problems

I) Inexact k-mer mapping
H

P Hb
TCGTAA|@® " TSTCGTAA 1 query
TCTAAA | @ TCTAAA O K-mer:

|GAGCTC CAGCTC TCTAAA

™ GAGCTG

GAGCTG| ot
TCTAAT
L =TAAT]® S TCTAAT

references
k-mers

19



Four computational (sub)problems

I) Inexact k-mer mapping 1) Mapping indexed k-mers to genomes
H

TCGTAA /\‘ TCGTAA 1 query | | TCCC .|

TCTAAA TCTAAA O K-mer: — | AAAC | ...| AAAT
|GAGCTC locality-sensitive _, GAGCTC TCTAAA — TACC|...| AACC
hashing (LSH) E/lECTRE CTCT|..|CACT

EAGCTGH

TCTAAT |@ ;
L J AAAT | ...| AAAC

references reference genomes .
k-mers LSH index

19



Four computational (sub)problems

I) Inexact k-mer mapping 1) Mapping indexed k-mers to genomes

) HD .
TCGTAA /\TCGTAA 1 query Tcec.. |

uTCTAAA TCTAAA O K-mer: . AAAC | ... | AAAT
GAGCTC TCTAAA <‘(//,/”———_—__-\\

> GAGCTC /_\ TACC[...| AACC
> GAGCTG \/ |
GAGCTGH

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

AAAT |...| AAAC
relf(erences reference genomes .
-mers LSH index

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

Likelihood model

111 R—

01 2 3 .
Hamming distances Read distance




Four computational (sub)problems

I) Inexact k-mer mapping
H

|
TCGTAA "~ TTCGTAA 1 query
TCTAAA TCTAAA O K-mer:

|GAGCTC CAGCTC TCTAAA

cee —P
GAGCTG | GAGLTG

TCTAAT -
L e ~___» TCTAAT
references
k-mers

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

Likelihood model

JdIl

01 2 3 .
Hamming distances Read distance

1) Mapping indexed k-mers to genomes

i

reference genomes

TCCC]...|

AAAC |...| AAAT

TACC|...| AACC

CTCT|..|CACT

AAAT |..| AAAC

LSH index

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

NNED:

Read distances to genome hits




Problem 1: Find similar (long) k-mers

 Represent each reference genome as a set of k-mers: R; = {xl(i). : .xg)}

» Createatableofall # =R, U ... URy

* For each k-mer y of a query read:

. Find all xj@ cER:

Hamming distance (y, xl.(j)) <0

for a fixed O

(e.g., 0 = 4 for k = 31)

20



Locality-Sensitive Hashing (LSH)

(Rachtman, et al., 2021)

Select h random but fixed Given a query k-mer
positions (default h: 14, k: 29) ACCTGCTGGG
@GACCTCTCGA -
r__'."_i; '_LL {, @ GAGCTCTCCA H / collides for HD=x ( X )
TCGTGCTCTG k
@ TCCTGCTGGE T
TCCTGCTGGG A X
TCTAAAGTGG @ TCGTGCTCAG PILSH(X)-=LSH(y)
IACTGGCTGGG , 1.0f
GAGCTCTCCA ~—_, @ACTGGCTGGG mgszat 0.8
q = |
0.6} °
TCGTGCTCAG! \ TCTAATGTCG oal
JCTAATGTCGJ TCTAAAGTGG O o
— 0.2 °
reference k-mers 4" | SH buckets SR C . Hpy)

21



Problem 2: Mapping indexed k-mers to reference genomes

..| TCCA

.. | AAAT

N O
||| .| CACT

AAAT | ...| AAAC

| SH index




Problem 2: Mapping indexed k-mers to reference genomes

Sy TCCC...| TCCA ’ .
RZ
bucket 2 i N NN .

SRS | ... | ...| ... /,’4 R3
B
A\

bucket 4

IS | AAAT | ... | AAAC

LSM

colored k-mer problem

color: a subset of references
(including singletons)



Problem 2: Mapping indexed k-mers to reference genomes

=W TCCC|...| TCCA ,

bucket 2 | . -

pucket 3 | TS /,’1 R
4=

|V|+ |E| =18

{R]aRQa R37 R4a RS} {R2a R39 R4a Rja Rn}

! Y

A directed bipartite graph

bucket 4

IS | AAAT | ... | AAAC

LSM

colored k-mer problem

color: a subset of references
(including singletons)



Problem 2: Mapping indexed k-mers to reference genomes

=W TCCC|...| TCCA ,

bucket 2 | . -

pucket 3 | TS /,’1 R
4=

|V|+ |E| =18

{R]aRQa R37 R4a RS} {R2a R39 R4a Rja Rn}

! Y

A directed bipartite graph

bucket 4

SEEEN AAAT | ... | AAAC Minimize ‘ V‘ -+ ‘E‘ ?

LSM

colored k-mer problem

color: a subset of references
(including singletons)



Problem 2: Mapping indexed k-mers to reference genomes

Sl TCCC ... | TCCA ’ .
RZ
bucket 2 i N NN .

[VI+|E| =18 V| +|E| =17

{R]aRQa R37 R4a RS} {R2a R39 R4a RSa Rn}

bucket 1 Add extra colors
bucket 2
’. » x ¢
' .
\> A directed bipartite graph DAG-based color map

@D [AAAT | .. | AAAC ‘ . Minimize | V| + |E|?

| SH index ' . add nodes for frequently shared sub-colors

(similar to meta-colors from Campanelli et al., 2024)
colored k-mer problem i. explain larger color w/ smaller existing colors
color: a subset of references iii. follow edges to reconstruct colors

(including singletons)



Problem 2: Mapping indexed k-mers to reference genomes

bucket 1

bucket 2

bucket 3

bucket 4

bucket H

TCCC|...| TCCA ’
Rz

e
N
A

AAAT | ...| AAAC

LSM

colored k-mer problem

color: a subset of references

(including singletons)

|V|+ |E| =18

{R]aRQa R37 R4a RS} {R2a R39 R4a RSa Rn}

! Y

A directed bipartite graph

Minimize | V| + | E|?

. add nodes for frequent

|V|+|E| =17

Add extra colors

DAG-based color map

y shared sub-colors

(similar to meta-colors -

rom 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 build a multi-tree.

0
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Problem 3: Estimate distances from k-mer matches

>q Tecel- sparse table
A:ACCTAGGAGTACGGGAC search k-mer AAAC |...| AAAT cop he -m
A"QEC matches up 1o a TACET-TAACE closest match 1 n!-
ACCT HD threshold o CTCT|..|CACT as orthologous ;!
CCTA - b — R
“1AG J AAAT | ...| AAAC i--!-
o , HONE
L. SH index w/ colored k-mers 5 n-!

|—
L
+
— |
H'

3

X
reference
genomes: Ll B RS Ry

DAG-based color map



Problem 3: Estimate distances from k-mer matches

>q

ATACCTAGGAGTACGGGAC
- ATAC search kK-mer
i TACC matches up to a
3: ACCT HD threshold o
4: CCTA e
5: CTAG

| -k+1: GGAC

——— —_— — =

Independence assumption: treat g
- as a bag of independent k-mers

(ignore overlap)

)
?

bucket 1

TCCC|...]
AAAC ..

bucket 2

AAAT
TACC|...| AACC
CTCT]..|CACT

bucket 4

bucket H

AAAT | ...| AAAC

| SH index w/ colored k-mers

reference

keep the
closest match
as orthologous

R .

sparse table

=

(W

Ry - Ry
B

>

A o L

|
el

3

—
X
+
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Likelihood of k-mer matches & Hamming distances

Hamming distance histograms °
Goal: compute the likelihood of g having distance D to R, '

V] — [6949090]

count

count
log &,

v, = [2,5,5,2]
by

olo 01 02 053 4 05
~200 -
O 1 2 3 _250 -

. i :lZ: /‘\
vy = [0,0,0,1] N I
. . R

count




Hamming distance histograms

count

count

count

V] — [6949090]

v, = [2,5,5,2]
by

o1 2 G

Ry

VN — [0,0,0, 1]

Goal: compute the likelihood of g having distance D to R,

Likelihood of distance
D to reference R;

gi (D, ka ha 59 uia Vi) —

- a product over all k-mers

Likelihood of k-mer matches & Hamming distances




Likelihood of k-mer matches & Hamming distances

Hamming distance histograms

count

count

count

Ry

V] — [6949090]

v, = [2,5,5,2]
by

o1 2 G

VN — [0,0,0, 1]

gi (D, ka ha 59 uia Vi) —

Goal: compute the likelihood of g having distance D to R,

e V. match count for each HD up to 0

Likelihood of distance

- a product over all k-mers
D to reference R, P

)
H Pmatch(D X, kK, h)vz’,x
x=0

Propability of having v;
matches at HD = x




Hamming distance histograms

count

count

count

V] — [6949090]

v, = [2,5,5,2]
by

o1 2 G

Ry

VN — [090909 1 ]

Goal: compute the likelihood of g having distance D to R,

e V. match count for each HD up to 0

5
e U: number of mismatches (L —k + 1) — Z V.

1.X
x=0 7

Likelihood of distance
D to reference R;

- a product over all k-mers

)
3i (D’ k’ h’ 5’ U, Vi) — Pmiss(D; k’ h? 5)ul HPmatch(D; X, ka h)vi’x
x=0

Probability of having u;
mismatcnhes In total

Propability of having v;
matches at HD = x

Likelihood of k-mer matches & Hamming distances

0.4 0.5




Observing k-mers matches with varying HDs

Pmatch(D; As k’ h) —

10



Observing k-mers matches with varying HDs

Pmatch(D; A, k’ h) — mutate(D X, k)
k
DY(1 — D)(k‘x)( )
F’[l'(l)D5(X ,y)=d] A
: HD = 1
0.42- \ HD = 2
0.3 \ — HD=3
| — HD=4
0.2
: HD =5
0.1

------------ D(X,Y)
0.05 0.10 0.15 0.20 0.25 0.30
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Observing k-mers matches with varying HDs

Pmatch(D; As k’ h) —

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

~

D1 — D)* (k>
X

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

0.1}

L I I I 1
O ©O © O O

o B~ W NN =

0.05 0.10 0.15 0.20 0.25 0.30

10

D(X,Y)

N

1-FNR of LSH for HD = x
PILSH(X)=LSH(y)]

1.0¢ k—h
0.85- ( X )
0.65- ° k
(1)
02| -

' ®

1 2 3 4




Observing k-mers matches with varying HDs

P oD x,k,h)y = p. P, .. (D;x k)P .

e

D1 — D)* (k>
X

P[HD(X,y)=d]

# of Indexed
Fi = # of distinct
precomputed for R; 05
not all k-mers are 0.4
iIndexed: 03l
- Mminimizers 025_
- FracMinHash o

-\
\

0.1}

L I I I 1
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

10

D(X,Y)

ollide s Ky 1)

N

1-FNR of LSH for HD = x
PILSH(X)=LSH(y)]

1.0¢ k—h
0.85- ( X )
0.65- ° k
(1)
02| -

' ®

1 2 3 4




Multiple events could lead to a mismatch

A mismatch occurs for a query k-mer a and reference (with ortholog k-mer b), iff
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Multiple events could lead to a mismatch

A mismatch occurs for a query k-mer a and reference (with ortholog k-mer b), iff

» Reference is not indexed (1 — p) or
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Multiple events could lead to a mismatch

A mismatch occurs for a query k-mer a and reference (with ortholog k-mer b), iff
» Reference is not indexed (1 — p) or

» Reference is indexed (p), but either:

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

x=0+1

(D; x, k) or

utate

0
i) HD(a. b) < 5 and LSH(a) # LSH(b): Z P,
x=0

(Da X, k)(l o P(;Ollide(xa ka h))

utate
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Multiple events could lead to a mismatch

A mismatch occurs for a query k-mer a and reference (with ortholog k-mer b), iff
» Reference is not indexed (1 — p) or

» Reference is indexed (p), but either:

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

x=0+1

(D; x, k) or

utate

0
i) HD(a. b) < 5 and LSH(a) # LSH(b): Z P,
x=0

(Da X, k)(l o P(;Ollide(xa ka h))

utate

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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Maximum likelihood estimation of distances

Hamming distance histograms 0.041
R _501 @
1
— — -100 A
% Vl — [6,4,0,0] 8% . . . . .
O 20 O_O 0.1 0.2 0.3 0.4 0.5
@) | | o -150
|_ Optimize log &£; w.rt. D —
O 1 2 3 -200 7
R, for each (relevant) reference R; 0.073

count

o) ~100 -
3 I I gh- [2,5,5,2] argmax P, (D;k,h,5)" 11 P .(D;x,k, h)" i{ 150 (‘\
X= O - _

o1 2 G

(Single variable & convex with a o 0.202

R, sensible choice of parameters _10-
vy = [0,0,0,1] 5
o - T 02 03 04 o

O

count

12
HD
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Hamming distance histograms

Maximum likelihood estimation of distances

0.041

count

‘ Rl
V] — [6949090]

01 2 3 |

. ~ Are maximum

00000

count

0(0
—————

lla-> | Jikelihood distances

0123 T
“ accurate?
Ry L - >
§ VN — [0909091] 8%
8‘ _ E;
0 1 2 3
HD
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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)

13



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) % LU
, § 015
nghly accurate | 2
(despite some noise) 2
+= 0.10 -
Slight overestimation =
bias for high distances W5 05-
0.00 A

000 005 010 015  0.20
True distance

13



krepp estimates distances accurately at the read-level

t: 29-mer
7Ers of 35-mers

defau
mMiNiM

Simu
(true

ation experiments
read distances)

Highly accurate
(despite some Nnoise)

Slight overestimation
X

as for high distances
High mapping rate even
for novel reads >15%

0.20 -

O
—
o

Estimated distance

0.05 -

0.00 -

0.10 -

~150 bp short reads

(Hamming distance) / (seq. length)

HH l 100% -
Il ST (L 75% -
LT O
I
®))
£ 50%-
o
o
©
=
25% -
l
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

13

True distance



krepp matches nucleotide identity on average for real genomes

Index: Web of Life (v2) ~150 bp lllumina short reads
16,000 microbial genomes
Krepp bowtie2
0.95 Mapped -—high-sensitivity

100%
80%
60%
40%

O
)
o

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

o
—_
(@)

0.10

0.05

Estimated distances (mean)

® »®

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

Genome-wide distance
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krepp matches nucleotide identity on average for real genomes

Index: Web of Life (v2) ~150 bp lllumina short reads
16,000 microbial genomes
Krepp bowtie2
0.95 Mapped -—high-sensitivity

100%
80%
60%
40%

O
)
o

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

o
—_
(@)

* krepp extends to distant (>10%) o1

reference genomes accurately

0.05

Estimated distances (mean)

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

Genome-wide distance
14



Scalabhility:
Avoiding alignment & effective parallelization

Mapping 10M reads (16 threads):

§ 30
-
c
£ Method
o 20
j= ® bowtie2
= A Krepp
c
c 10
-
-
oC
1 A

2000 8000 32000 128000
Number of references



Scalabhility:
Avoiding alignment & effective parallelization

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

120,000 genomes
6 N ~30 minutes!

e 30 @
= 3 distributed
£ Method Y partitions
o 20 - 4
& ©- bowtie2 = j
= A Krepp = }
= (=
c 10 c 2
S &
C

Y S 0 Q-

2000 8000 32000 128000 2000 4000 6000 8000 10000

Number of references Number of references



Outline of the method & subproblems we need to tackle

krepp: k-mer-based read phylogenetic placement

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

— HD ’ | TCCC]...]|

TCGTAA — — —
TCTAAA TCTAAA O k-mer G l...|

AGCT . o
WG GCTC g locality-sensitive e ce (o \I’iTAAA
GAGCTG | hashing (LSH) Rge.\de1c

TCTART @ | - : AAAT |...| AAAC

references reference genomes .
k-mers LSH index

TACC|...| AACC

CTCT|..|CACT

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

A
NNED:

Hamming distances Read distance Read distances to genome hits




Problem 4: distance-based placement

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

Challenges:

® Short reads — low signal

e Only have distances to leaves, not internal nodes

® Distances may be In a different unit than the
branch lengths of the reference tree 1

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

10



Defining a notion of a distance to a clade

use the same likelihood model

recursively compute
average HD histograms -
for internal nodes

2ecwp Ve
V,=———————
|6 (p) |

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




Statistical distinguishability tests — placement

e Small differences may not be statistically
meaningfu

> test distinguishability

10



Statistical distinguishability tests — placement

e Small differences may not be statistically
meaningfu

> test distinguishability

likelihood-ratio test
with the closest reference:

r’D alternative distance

l*(D k h 5, ul*, l*) A*LR N)(Z

/1LR —
ZLw(D*;k, h, O, U, V) » select a significance level
(default: a=90%)

Ly 1% closest reference

10



Statistical distinguishability tests — placement

e Small differences may not be statistically
meaningfu

> test distinguishability

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

likelihood-ratio test
with the closest reference:

r’D alternative distance

l*(D k h 5, ul*, l*) A*LR N)(Z

l |
LR —
ZL«(D* k, h, 0, ux, V) » select a significance level

indistinguishable w.r.t.
(default: a=90%) the closest reference

Ly 1% closest reference

10



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

® | eave all out —100 queries from 15 - Ed EPA-ng
10,500 taxa (Wolv1) Bl krepp
5
e EPA-ng: needs a MSA; only markers o
_87
I 5-
O_

genome-wide
reads

how many edges away Is the placement

from the correct edge”
17



krepp places genome-wide reads more accurately

® | cave all out —100 queries from
10,500 taxa (WolLv1)

® FPA-ng: needs a MSA,; only markers

o krepp places 86% of all reads

100% -

Placement rate

0% -

/5%

50% -

25% -

17

than ML-based of 16S placement

Edge error

15 -

—h
o
|

Ol
1

16S marker genome-wide
reads reads

how many edges away Is the placement
from the correct edge”



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

® | cave all out —100 queries from 100% - 15- B4 EPA-ng
10,500 taxa (Wol.v1) B krepp
2 75%- S
— t 10'
e EPA-ng: needs a MSA; only markers € v
& 50%- X
) &
® krepp places 86% of all reads © s
T 25%-
® 2.4 vs. 5.6 edge error (average) 0% - 0-

16S marker genome-wide
reads reads

how many edges away Is the placement

from the correct edge”
17



krepp’s heuristic improves closest-tip placement

1.00 -
0.75 - I_,_,_,_’__
® | eave one out: 100/16,000 (WolLv2) [
LL
0 0.50 [
. O e
e Qutperforms baselines: L
on the closest, on the LCA, etc. 0.5 -
® >80% of all reads within four edges 0.00-
0 2 4 6 8

Edge error

bowtie—closest — krepp kKrepp—closest



krepp’s heuristic improves closest-tip placement
/bLeveI of novelty

(0,2] (2,4]
1.00 -

l—'__‘_—_
0.75 - = =

0.50 - ._I—I_ =

e Leave one out: 100/16,000 Wolv2) 2

® Qutperforms baselines: Ll 1.00-

on the closest, on the LCA, etc. 0.75 - e ——
0.50 1 -
0.25 - —

0.00 -

® >80% of all reads within four edges

0 2 4 6 80 2 4 6 8
Error

bowtie—closest — krepp krepp-closest



Better characterization of less-studied microbiome of earth

Hierarchical categorization
of earth microbiome samples

Reference: Web of Life (v1)
11,000 microbial genomes

[l Sediment (non-saline): 47

. . 300 -
Non-saline: 274 I I Soil (non-saline): 208 ® krepp

® Woltka

= Subsurface (non-saline): 10

Free-living: 382 == \Nater (non-saline): 9
Saline: 108 D ] Sediment (saline): 66 n
= Surface (saline): 4 o
N=746 _ B Water (saline): 38 O
>
)
n
(©F

Host-associated: 364 | | Animal: 286 I @ Animal corpus: 58
- I Animal distal gut: 182 0

Fungus: 12 = m Animal proximal gut: 26 ®

= Animal secretion: 20 . ‘ .
®

Plant: 66 [ = Fungus corpus: 12
B Plant corpus: 28 ®

M Plant surface: 38 0 A

EMPO1  EMPO2  EMPO3  EMPO4 EMPO1 ~ EMPO2  EMPO3  EMPO4
Level

20



Krepp: Phylogenetic placement (PP) of all reads

r1 XOO0OOOOOODOODDN]
12 XOOOOOOOOODODDN]
r3 XOOOOOOOOODODDN]
11 XOOOOOOOOODOODN]
15 XOOOOOOOOODODDN]
s XOOOOOOOOOOOODN]

References
(backbone)

o
H
7>
H
)
H
1 4
6
Query
(-/
»ﬁ
I

Lde novo | Placement

rs r, qz re L 3 Yy qz re

Y1 1o q3z rs Yy 1



Software

software: github.com/bo1929/krepp preprint: github.com/bo1929/krepp

Ali Osman Berk Sapc
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Many applications in ecology do not fit
the marker-based alignment-based model

| — —
|

- Place every read from anywhere on the genome
(not just a handful of marker genes) on a }
reference tree of reference genomes )

— — —

40



Many applications in ecology do not fit
the marker-based alignment-based model

| e ——
|

| P\aee every read from anyvvrere on the genome
(not just a handful of marker genes) on a }
~reference tree of referenee genomes )

— - S

" Place a genome skim (| e., a bag of random\y B
sampled low-coverage reads) on a reference tree of J
_reference genomes (or skims) )

- - - o
‘ Place a long read or assembled contig on a

referenee tree of reference genomes (or skrms) |
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Phylogenetic placement (PP) of genome skims

| . . " PDDDDD DD DL DD DY
A genome skim: a bag "2 XOCOOCOCODOOCON S < ,,B{MDMMMMM[
3 = C - ==
of randomly sampled o o= 02 1 =
r's = - @© o =
low-coverage reads e = T Q liﬁ 29 rs 6
Y7 = re = rir2 rs vz
rs = > g =
S q> =
O CI3 =

Lde novo L Placement

MOLECULAR ECOLOGY I |

Beyond DNA barcoding: The unrealized potential of genome
skim data in sample identification

Kristine Bohmann, Siavash Mirarab, Vineet Bafna, M. Thomas P. Gilbert ¥

rs q2 7te6 rs3
Yy 12 q1 rs Yz 43 1sg rr 12 d1 rs 4 q3 rs
41



Distance calculation from k-mers

 Problem 1: What is the distance between two bags of k-mers?



Distance calculation from k-mers

 Problem 1: What is the distance between two bags of k-mers?

» Skmer: from Jaccard to distance: D=2
(Sarmashghi et el., 2019) (Balaban, et al., 2022)

 DipSkmer: also modeling repeats:
(Charvel et el.,under preparation)

 ReSkmer: also modeling heterozygosity:
(Charvel et el., under review, 2025)
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Distance calculation from k-mers

 Problem 1: What is the distance between two bags of k-mers?

 Skmer: from Jaccard to distance: D=1_< 26 + L >”k 5
L+ L J
(Sarmashghi et el., 2019) (Balaban, et al., 2022) ol LA+ )

. . zm:’r‘gl) 1— (1 — 77(1))73 1— (1 — 77(2)(1 _ d)’“)i N 3kr§1) (1 . e—z’b}\(l)e(l)(l_e(l))k—l)
 DipSkmer: also modeling repeats: = ( )( )

A2 (@) (1_e()k-1 _ t
(Charvel et eI.,under preparaticn) (1— ((1—d)ke AT A= _pd(1 — d)F 1) 4 (1—(1—d)k)))

Q =1+ 11(J77t(27 2) o nt(07 2)7775(27 O))/

 ReSkmer: also modeling heterozygosity: (7(4mu(0, 1) + 4mu(1,0) + (1, 1) + 4 (1,2) + 4 2, 1) + m(0,2) + mi(2,0) — 117, (2,2))
(Charvel et el., under review, 2025) — d10(0, 1) (1 (1, 0) + m:(2,0)) + (0, 2)(11m:(2, 0) — 4me(1,0))
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 Problem 1: What is the distance between two bags of k-mers?

e Skmer: from Jaccard to distance:

(Sarmashghi et el., 2019) (Balaban, et al., 2022)

 DipSkmer: also modeling repeats
(Charvel et el.,under preparation)

 ReSkmer: also modeling heterozygosity:

(Charvel et el., under review, 2025)

42

Distance calculation from k-mers

Eduardo Charvel



 Problem 1: What is the distance between two bags of k-mers?

e Skmer: from Jaccard to distance:

(Sarmashghi et el., 2019) (Balaban, et al., 2022)

 DipSkmer: also modeling repeats:

(Charvel et el.,under preparation)

 ReSkmer: also modeling heterozygosity:

(Charvel et el., under review, 2025)

 Problem 2: Given distances, place a query on a tree.

APPLES(-II)

[Balaban & Mirarab, Sys Bio, 2020]
[Balaban, et al, 2022]

n 2
argmin,, argminxy 2 Wy (%‘ — d;(q, i))

42
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Distance calculation from k-mers

Ref 1

Ref 2



Phylogenetic placement (PP) of contigs/long read

1 X0000ODOOOVODDU r; Xo000OOOODVODDU

"2 XOOOOOODODDDDDN ? 2 | r2 X00000OOOOPODNAX

"3 XOOOOOODODODDDDN o S | 3 X000OOOODODDDDN

4 X0OOOOOOODOODD S 8 ) r: XoOOOOOOOODOOODN

s XOOOOOOOODOODD 3o ) 75 XOO00OOOODODDD0N

s XOOOOOOOODODODN] S © R D D D DD D DD DD DD DD

"7 X000000VOOOODDIN T2 | 7 xooooo00000000d sy, ’6

's MOOOOOOODDODD rs MDODOOOOOODOD0D ! 72 s r7 78
> | q:
S )42 —
T 9

\ l
Lde novo L Placement

7’3 qz re T3

2 Te

Y 4 q

ry 12 : Yz 43 ts ry 12 B vz q3 rs
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Phylogenetic Placement with k-mer frequency

* Representeach nput =mbeddings
genome, contig, or [ 5
e@[ua]u] - = ;
long read as 8-mer : 54 Model 5
f : ;o : Training A I Il I i Sz
requencies s @) FOVSN v o v s -
: : . Sy
: : S,
* Train a function LS50 S S80S, i il Rl

0. *
IIIIIIIIIIIIIIIIIIIIIIII

O (O,l)4k — R? N S

that emulates reference Loss minimization
tree distances T, e .
ij argcpminZZ%j(“d’(Si,.)—CP(Sj,.)”z_ﬁ) O D YAL

i=1 j=1

*
------------------------

e Use the model to
. True tree-based Inferred distance
compute distances and  gistance matrix matrix
place queries
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Distance calculation and phylogenetic
placement using k-mers

o Distance-based phylogenetics
e Can be very fast

e But not as accurate as ML methods m
[Nakhleh, et al., 2002] [Bruno, et al., 2010]

o Alignment-free (kmer-based) phylogenetic
e Can be very fast

e But not as accurate as alignment-based methods ™
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placement using k-mers

e R ——— e E—— _ ———— e — = ———

| Yes, but ...

o \ersatility: Short, clean, easy-to-use pipelines, without a need for
assemply or alignment

|+ Enables analyses that are impossible otherwise

- Scalabillity

- Phylogenetic placement is noisy by necessity.

45

Distance calculation and phylogenetic




Many applications in ecology do not fit
the marker-based alignment-based model

| e ——
|

| P\aee every read from anyvvrere on the genome
(not just a handful of marker genes) on a }
~reference tree of referenee genomes )

— - S

" Place a genome skim (| e., a bag of random\y B
sampled low-coverage reads) on a reference tree of J
_reference genomes (or skims) )

- - - o
‘ Place a long read or assembled contig on a

referenee tree of reference genomes (or skrms) |
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Thank you!

22



Extra Slides




Known limitations

 Placements are too widely distributed
* Distances ignhore k-mer dependencies, errors
* The placement algorithm does not enjoy any guarantees

 For example, note the lack of any CTMC correction
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Summary

An alignment-free framework for distance estimation
> pased on homologous k-mers matches
> many potential applications including metagenomics
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Summary

An alignment-free framework for distance estimation
> pased on homologous k-mers matches
> many potential applications including metagenomics

Krepp

e estimates read to genome distances >10x faster than alignment
e extends to more distant references and can map novel reads
» easily scales reference sets with >100,000 microbial genomes

e places genome-wide reads on ultra-large phylogenies (only method)
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Computing Hamming distances between homologous k-mers

Select h random but fixed Given a query k-mer
positions (default i: 14, k: 29) ACCTGCTGGG
@®GACCTCTCGA -
"' $ 1 sz @ GAGCTCTCCA HD / collides for HD=x ( X )
GACCTCTCGAH ®TCCTGCTCTG 4 with probability:
TCGTGCTCTG k
@ TCCTGCTGGG |
TCCTGCTGGG A X
TCTAAAGTGG @ TCGTGLTCAG PILSH(X)=LSH(y)
IACTGGCTGGG 1.0¢
GAGCTCTCCA ~—_, @ACTGGCTGGG g‘gszat 0.8}
H [
0.6
TCGTGCTCAG! \‘ TCTAATGTCG i
JCTAATGTCGJ TCTAAAGTGG O o
i B 0.2 ®
reference k-mers 4" | SH buckets f""i""é""é"":"';HD(X’V)



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




Mapping 10M reads (16 threads):

red
W/

200

-
o)
o

100

Peak memory (GB)

o)
-

5 O

2000

UCINg memory use

o

o
N

— 0

8000 32000
Reference size

/

further subsampling...

-

/

128000

Method

® bowtie2
® krepp

Scalabhility:
krepp can be distributed and has flexible memory requirements

Indexing microbial genomes (32 threads):

N
o)
-

N
-
-

150

100

Peak memory (GB)

o)
-

0

adJ usting partitioning based on the
mpbt Size & avallable memory...

uMhLMW

WolLv1 WolLv1 WolLv1 WolLv2 RefSeq RefSeq
(2000) (5000) (10575) (15953) (50752) (123853)

Reference




Querying

m 200

S

g’ 150 . bowtie?2

£ 100 B Kkrepp

-

¢ 90

: 1N ll

Dq_) 5 Elom .-

—~ Indexing

M 250

D

; 200 8 batches

CE) 150 6 batches 64 batches
GE) 100 8 batches 8 batches 32 batches
i
$ (N (i

WolLv1i WolLv1l WolLv1l WolLv2 RefSeq RefSeq
(2000) (5000) (10575) (15953) (50752)(123853)

Reference
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