Estimating read-genome distances
using homologous kK-mers

(and genome-wide phylogenetic placement)

All Osman Berk Sapci & Siavash Mirarab
UC San Diego

UCSan Diego

Electrical and Computer Engineering
OOOOOOOOOOOOOOOOOOOOOOOOO




|ldentifying metagenomic sequences and comparing samples

Goal:
analyze the present taxa &
compare different samples

sample S



|ldentifying metagenomic sequences and comparing samples

search reads/contigs to
find similar references

% — |: TCCCTGCTCA..
%@ﬂ”g \ RZ: TCCCTGCTCA..
‘%% %%§ 3: CAATGTGCGG..
,: CCCCAAACGA..
S— R4: GCGCGGGTT
Rs: AGTTGCACT
— R7: TACCACTGT
o CAATTAAGAA..
A _/' Ry: ATTATCTGAT..
%§%§ =
# 8%  Sequencing Reads Reference Genomes
‘%é%

sample S

C...
A...
G...
G...

Existing methods:

® (G00d old taxonomic

orofi

— K

ing/binning
raken2, CONSULT-IL, ...

e Containment analysis using
MinHash/FracMinHash

— sourmash, mash-screen, ...

® [FOC

Using on marker genes

— E

PA-ng, mMOTU, MetaPhyler, ...



|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  Species 3 : e | | |
’ 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
e
Sample S Goal: compute reliable distances between

Existing methods:

® (G00d old taxonomic

every read and all related references...

2




Aligning sequences of unknown origins

align reads to
reference genomes

— N — - — — _

RI:—RZZ— " e RN:

(+) quantifying similarity — as detailed as it gets



Aligning sequences of unknown origins

align reads to
reference genomes

— N — - — — _

RI:—RZZ— " e RN:

(+) quantifying similarity — as detailed as it gets
(-) not scalable for large N, even with efficient indexes

(-) not suitable for higher distances & novel sequences (>15%)



Aligning sequences of unknown origins

align reads to
reference genomes
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(+) quantifying similarity — as detailed as it gets
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Because of these constraints, phylogenetic placement
Is limited to marker genes or small phylogenies.
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Aligning sequences of unknown origins

align reads to e
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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 distance estimates
R,: TCCCTGCTCA.. d(g,R;) = 0.141
R,: TCCCTGCTAA.. d(g,R,) = 0.001
>(q R.: CCCCTGGCAG d(g,R;) = 0.1
3 —> q,R;) = 0.195
CCTGCTA.. = R,: ATTATCTGAT.. d(g,R,) = NA

» accurate & scalable
with modern references
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Problem statement and our goals

Given: Interpretation of the distances:
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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}

ii) Eyld(g,R)] ~1—ANI(Q,R)

where () is the source genome of ¢
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. 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
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A directed bipartite graph

Minimize |V |+ |E|?

. add nodes for frequent

Mapping indexed k-mers to reference genomes

|V|+|E| =17

represent each
non-singleton as
a union of others

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.
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Outline of the method & subproblems we need to tackle

krepp: k-mer-based read phylogenetic placement
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Finding homologous k-mers of reference genomes
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Finding homologous k-mers of reference genomes
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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, '
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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
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Likelihood of k-mer matches & Hamming distances

Hamming distance histograms
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- a product over all k-mers
D to reference R, P
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matches at HD = x




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

e V. match count for each HD up to 0
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Likelihood of k-mer matches & Hamming distances

0.4 0.5




Observing k-mers matches with varying HDs

Pmatch(D; As k’ h) —
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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

10



Observing k-mers matches with varying HDs
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Observing k-mers matches with varying HDs
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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
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x=0+1

0
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Maximum likelihood estimation of distances

Hamming distance histograms 0.041

count
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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)
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krepp estimates distances accurately at the read-level

~150 bp short reads

defaL .t: 29-mer (Hamming distance) / (seq. length)
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HH |
Simulation experiments 0-20- T
(true read distances) % LU
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(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. \ \
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True 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
e Real query/reference genomes 2 Mapped

(pairs with >20% mapping rate) 80%
60%

40%

O
)
o

e krepp extends to distant (>10%)
reference genomes accurately

o
—_
(@)

0.10

0.05

Estimated distances (mean)

® »®

0.00

0.00 0.05 0.10 0.15 0.20 0.25
1 — ANI between query/reference pair
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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

* Real query/reference genomes 100%

(pairs with >20% mapping rate) 80%
60%

40%

O
)
o

e krepp extends to distant (>10%)
reference genomes accurately

o
—_
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* |ncreasing the sensitivity by o109

relaxing the alignment is costly

0.05 o=

Estimated distances (mean)
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krepp matches nucleotide identity on average for real genomes

Mapping 10M reads (16 threads):

e Real query/reference genomes

(pairs with >20% mapping rate)

@30
2
* krepp extends to distant (>10%) I= Method
reference genomes accurately © 20
& ® bowtie2
| - - A Krepp
* |ncreasing the sensitivity by [=
relaxing the alignment is costly = 10
0
* Kkrepp is already >10x faster, 1 A

scales well w/ large references
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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




Statistical distinguishability and distance-hased placement

® short reads — low signal

® high distances — many genome hits

e small differences may not be statistically meaningful
> test distinguishability
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Statistical distinguishability and distance-hased placement

® short reads — low signal

® high distances — many genome hits

e small differences may not be statistically meaningful
> test distinguishability

likelihood-ratio test
with the closest reference:

r’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%)

LQ 1% closest reference
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Statistical distinguishability and distance-hased placement

® short reads — low signal

® high distances — many genome hits

e small differences may not be statistically meaningful
> test distinguishability

place on the largest clade
that is indistinguishable with
ne minimum distance

likelihood-ratio test /-—b
with the closest reference: '

r’D alternative distance

<L +(Ds k, hy O, Uy, Vs Ar ~)(2

A =
LR - o |
L w(D*;k,h,0,u+, V<)  » select a significance level ® . indistinguishable w.r.t
the closest reference
(default: a=90%)

LQ 1% closest reference
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krepp places genome-wide reads more accurately
than ML-based of 16S placement

® | eave all out —100 queries from 15 - Ed EPA-ng
11,000 taxa (Wolv1) = krepp
5.0
® EPA-ng: needs a MSA; only markers g
_83
W 5-

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

® | cave all out —100 queries from 100% - 15-

11,000 taxa (Wol.v1)
75% -

—h
o
|

® FPA-ng: needs a MSA,; only markers
50% -

Edge error

Placement rate
(@]

® krepp places 86% of all reads 550, -

0% -

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

® | cave all out —100 queries from 100% - 15- B4 EPA-ng
11,000 taxa (Wol v1) B krepp
= 75%- S ..
e EPA-ng: needs a MSA; only markers € v
& 50%- X
) &
e krepp places 86% of all reads & 5
T 25%-
® 2.4 vs. 5.6 edge error (average) 0% - 0-

16S marker genome-wide
reads reads
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Characterization of metagenomic samples on a phylogeny

assoclate some
oroportion with

. A — — relatededges
- =
o
N N
ooy Rk >\
Sample 1 R
L5 = —

o %4% Seguencing Reads
Samayr 9

Sample S <+ Phylogenetic Placements (PP)
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Characterization of metagenomic samples on a phylogeny

associate some quantity the shared d;
proportion with - branch lengths weighted @5;&% N %g«%}%
~A — — related edges .. by the proportions Sty ShkY
»@@ = * Sample i Sample j
%% § Ki R, R, \ distance matrix
. R REIESD

n

Sample 1
wUniFrac -
Distance —>

Sample S -+ Phylogenetic Placements (PP)
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Characterization of metagenomic samples on a phylogeny

guantity the shared

proportion with branch lengths weighteo ﬁg A e
~A — — related eagestips on the proportions Bty Wy

»@@ T = —— Sample i Sample j
R\ R, p distance matrix
%% o —_ k& ---!-

assoclate some

di,j
Tﬁf‘; /\4 %s%

R
Sample 1 5
- wUniFrac -
Distance | =P
iy 7 A —— Y *
%g%ﬁ N
Sequencing Reads

‘%ém%@@ R
sample S

== (perational Genomic Units
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Characterization of metagenomic samples on a phylogeny

faxonomic di,j
apundance " e Y~  a <
S orofiling compare profile vectors  giie, S
= ~A e | % Sample i Sample j
%ﬁg%} ‘\ distance matrix
-~ C1]2]..[s
Sample 1 ... dis
Bray-Curtis J
dissimilarity —
0
= ~A ——
LY b

sample S
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Characterization of metagenomic samples on a phylogeny

taxonomic di,j
abundance " t e Y~  a i<
— Drofiling compare profile vectors  aie S0
o : = — | Sample i Sample j
%§§ ,\ distance matrix
VRl 12..ls
Sample —— . s
ray-Curtis | J J
dS,l dS,Z O
% gt - - P
% Food Evaluation:

- samples often have categorical labels
- pseudo F statistic: compare within
Sample S group versus across group distances
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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
® Buccal mucosa 60 - ® OGU +wUniFrac
- E(’ite”or_ f°|”"x L A PP + wUniFrac
oe3 - | icular crease .
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

19



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

Hierarchical categorization
of earth microbiome samples

Non-saline: 274 I

Free-living: 382

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

[] 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)
11,000 microbial genomes

-0.5

g0

PC1

Animal corpus
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Sediment (saline)

Soil (non-saline)
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Water (non-saline)
Water (saline)



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



Summary

An alignment-free framework for distance estimation
> pased on homologous k-mers matches
> many potential applications including metagenomics
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» estimates read to genome distances >10x faster than alignment

e extends to more distant references and can map novel reads
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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)

21



Thank you!

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

Siavash Mirarab
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Extra Slides




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
Lo 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



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




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 proportlclns descending from. the (A, B) ST h(pA & pB)
branch i for community A and B, respectively. l



1 N

S8, = — ZZ SSW::lZZdzé

11]l+1 =1 j=i+1

SS, =85, - SSy
(7=1)
— 1
F=—F
Multiple permutations ( Sy )
N-—p

to get a p-value!

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

number of objects in each group.



