Estimating read-genome distances
with homologous k-mer matches

(and genome-wide phylogenetic placement)
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|ldentifying metagenomic sequences and comparing samples

search relevant references
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Reference Genomes

High-level goals:

® Analyze & monitor present
microbial communities

e Compare microbial
composition of samples

® |\leasure diversity and
detect novel sequences
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compare profile vectors
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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?
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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?



What alternatives do we have?

 Sample-wide containment analysis (using MinHash)?



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 (-)



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?



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 (-)



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?
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Aligning sequences of unknown origins

align reads to
reference genomes

=N — —— —

Rl:—RZ:— " on o Rn:

(+) quantifying similarity — as detailed as it gets (in fact redundant)

(+) placing sequences on a phylogeny — not new but limited

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

(-) not good for higher distances & novel sequences (>15%)
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Our goal: the best of both worlds

Given a query seguence:

e estimate accurate distances for references

» scale to modern references (>100K microbial genomes)

» akin to alignment — but without solving the difficult problem

* place it on a large reference phylogeny (>100,000)

» always relies on marker genes — with one exception
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Given:
e query sequence ¢
» set of references £ = {Ry, ..., R}

n

» a backbone phylogeny 1

reference genomes distance estimates

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

R, TGGCAG... R, = 0.1
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R : CCCCAAACAA.. d(g,R) = 0.244
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Given:
e query sequence g

. set of references £ = {R;, ..., R, }
» a backbone phylogeny 1’

reference genomes

R,: TCCCTGCTCA..
R,: TCCCTGCTAA..
CCTGCTA —® Ry CCCCTGGLAG..

R,: ATTATCTGAT..

>q

R_: CCCCAAACAA..

n

n

distance estimates

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

d(g,R) = 0.244

Problem statement

Phylogenetic placement:

R 1
R
2 R3 R

Interpretation of the distances:

# of mismatches
length of ¢

CCTGCTA..
~AGTTATCCCTGCTCA...

i) d(q,R) =

i) Eld(g,R)] ~ 1 —ANI(Q,R)

where () is the source genome of g
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Outline of the method & sub-tasks we need to solve

krepp: k-mer-hased read phylogenetic placement

l.  Going beyond exact k-mer search & finding homologous k-mers

Il.  An efficient mapping between k-mers and reference genomes

@ . Modeling Hamming distances of k-mer matches to estimate distances

V. Finding a placement on a reference tree that best explains distances



Computing Hamming distances w/ locality sensitive hashing




Computing Hamming distances w/ locality sensitive hashing

IGACCTCTCGA|
TCGTGCTCTG
TCCTGCTGGG
TCTAAAGTGG
ACTGGCTGGG
GAGCTCTCCA

————

A

—

4

TCGTGCTCAG
ITCTAATGTCG|

reference k-mers




Computing Hamming distances w/ locality sensitive hashing

Select h random but fixed
positions (default h: 14, k: 29)

+d 1 3

IGACCTCTCGA)
TCGTGCTCTG
TCCTGCTGGG
TCTAAAGTGG
ACTGGCTGGG
GAGCTCTCCA

————

A

—

4

TCGTGCTCAG
ITCTAATGTCG|

reference k-mers
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Computing Hamming distances w/ locality sensitive hashing

Select h random but fixed
positions (default h: 14, k: 29)

Given a query k-mer
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Computing Hamming distances w/ locality sensitive hashing

positions (default A: 14, k: 29) ACCTGCTGEE
@ GACCTCTCGA w
+d 1 3 ®GAGCTCTCCA
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well studied colored k-mer problem
often represented as a sparse matrix

color: a subset of references

(including singletons)
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Mapping indexed k-mers to reference genomes
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(including singletons)
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i. reduce the size by adding nodes for
frequently shared subsets (meta-colors)

Mapping indexed k-mers to reference genomes
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i. explain larger color w/ smaller colors A directed bipartite graph
ii. use this DAG to reconstruct colors of
matching k-mers during query time [VI+1E]l=17

We use a heuristic guided by the
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eny to build an efficient DAG.

DAG-based color map
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Finding homologous k-mers of indexed references
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Finding homologous k-mers of indexed references

TCCC].. sparse table
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Finding homologous k-mers of indexed references

Given a query sequence;

>ID XYZ
ATACCTAGGAGTACGGGAC
- search k-mer
%1 A“::(C:C matches up 1o a
3. ACCT HD threshold o
4: CCTA - N
5: CTAG
| -k+1: GGAC

TCCC|..
AAAC |...| AAAT

sparse table

TACC|...]AACC

CTCT]|...| CACT <eep closest

D match as
Nomologous

S

AAAT |...| AAAC

| SH index w/ colored k-mers

reference

genomes: Il I3 summarize as

DAG-based color map a histogram for
each reference
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Hamming distance histograms
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Likelihood of k-mer matches & Hamming distances

Hamming distance histograms Goal: compute the probability of g having distance D to R.
R e V.. match count for each HD up to 0
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Likelihood of k-mer matches & Hamming distances

Hamming distance histograms Goal: compute the probability of g having distance D to R.

R e V.. match count for each HD up to 0
I I v, = [6,4,0,0] e U: number of mismatches (L —k + 1) — Z V;

count

The Statistics of k-mers from a Sequence Undergoing a Simple Mutation Process
Without Spurious Matches

Authors: Antonio Blanca, Robert S. Harris, David Koslicki, and Paul Medvedev AUTHORS INFO & AFFILIATIONS

Publication: Journal of Computational Biology * https:/doi.org/10.1089/cmb.2021.0431
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Hamming distance histograms Goal: compute the probability of g having distance D to R.
R e V.. match count for each HD up to 0
I I v, = [6,4,0,0] e U: number of mismatches (L —k + 1) — Z V.
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Independence assumption: treat g as a bag of L — k + 1 k-mers
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Likelihood of k-mer matches & Hamming distances

Hamming distance histograms Goal: compute the probability of g having distance D to R.
R e V.. match count for each HD up to 0
I I v, = [6,4,0,0] e U: number of mismatches (L —k + 1) — Z V.

l

count

Independence assumption: treat g as a bag of L — k + 1 k-mers
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Likelihood of k-mer matches & Hamming distances

Hamming distance histograms Goal: compute the probability of g having distance D to R.

R e V.. match count for each HD up to 0
I I v, = [6,4,0,0] e U: number of mismatches (L —k + 1) — Z V;

count

Independence assumption: treat g as a bag of L — k + 1 k-mers

§ I I I I v, = [2,5,5,2] |ikelihood of distance
D to reference R,
01 2 3

i

R, Z (D k, b, 8,1, V;) = Py (Dik, 1, 6)" | | Prien(D: d ke, )i
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Pi
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# of distinct

precomputed for R;

— not all k-mers have
to be indexedq:
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Multiple events could lead to a mismatch might

A mismatch occurs for two homologous k-mers (query x and reference Y)
o if yisnotindexed: I — p
 if yisindexed (with probability p), but either:
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Scalability:
Avoiding the more difficult problem & effective parallelization

Mapping 10M reads (16 threads): Indexing microbial genomes (32 threads):
— 120,000 genomes
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Scalabhility:
krepp can be distributed and has flexible memory requirements

Indexing microbial genomes (32 threads):
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What about longer sequences?
Taxonomic binning of contigs in CAMI-II

- CAMI-II: Binning contigs to
taxonomic groups

- Simulated data mimicking
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_ D* :0.041
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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  for internal nodes place on top of the
argest clade that is
zcé% () V. indistinguishaple

KARNTETSY
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® . indistinguishable w.r.t.
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Existing Pipelines
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Analyzing human microbiome with larger references
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Hierarchical categorization
of earth microbiome samples:
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Reference: Web of Life (v1)
11,000 microbial genomes

Hierarchical categorization
of earth microbiome samples:
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Conclusion

krepp
* estimates read to genome distances >10x faster than alignment
e extends to more distant references and maps novel reads

* |s the only method that can accurately place genome-wide reads

» One exception: App-SpaM; cannot scale beyond 50-100 microbial genomes

o offers significantly better characterization of metagenomic samples
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Scalabhility:
krepp can be distributed and has flexible memory requirements

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

reducing memory use
w/ further subsampling...

Jo
200 // 250
—~ n
o }{ O 200
2 / Method cE> 150
GE) / ® bowtie2 GEJ
g 100 / ® krepp ~ 100
% B 3
0 o
O 50 g 50
L7
_ 0/ 0
5 & —©

WolLv1 WolLv1 WolLv1 Wolv2 RefSeq RefSeq
2000 8000 32000 128000 (2000) (5000) (10575) (15953) (50752) (123853)

Reference size Reference



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

i i d(A,B) =
are the t.axa proportlolns descending from. the (A, B) ST h(pA & pB)
branch 1 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.



