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Motivation



Computational pan-genomics

Genome as a single string

TATAT

T AcTETCTG

TCTATTATATTACAACTCTCTG

(a) Unaligned sequences

TTATAT
TC--------onn- - TATTATATTRCAAGTCTCTG
TC---------onon - TATTATATTECAACTCTCTG

(b) Multiple sequence alignment

(from The Computational Pan-Genomics Consortium, 2016)
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Genome as a single string
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TC--------onn- - TATTATATTRCAAGTCTCTG
TC---------onon - TATTATATTECAACTCTCTG

(b) Multiple sequence alignment

(from The Computational Pan-Genomics Consortium, 2016)

lll-suited approximation for current sequencing data:

e Discarding accessolry genes, rearrangements and repeated
regions.

e Problem for: microbes, viruses, metagenomes, human
diseases, anything hard to assemble.

e Was really always a problem, even for simpler situations.
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Existing GWAS methods



Method overview in human

GWAS hits Gene Drug
i :¢\(‘_':’1> 6 )
; ," | ’ C
Trait Gene with GWAS hits Known or candidate drug
Type 2 Diabetes SLC30A8/KCNJ11 2ZnT-8 antagonists/Glyburide
Rheumatoid Arthritis PADI4/IL6R BB-Cl-amidine/Tocilizumab
Ankylosing TNF-
Spondylitis(AS) TNFRI/PTGER4/TYK2 inhibitors/NSAIDs/fostamatinib
Psoriasis(Ps) IL23A Risankizumab
Osteoporosis RANKL/ESR1 Denosumab/Raloxifene and HRT
Schizophrenia DRD2 Anti-psychotics
LDL cholesterol HMGCR Pravastatin
AS, Ps, Psoriatic Arthritis IL12B Ustekinumab

Figure 1: [Visscher et al., 2017]
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In bacterial genomes and metagenomes

TTCGCTCGTA

TTCGATCGTAT
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k-mers are easy to analyse but hard to interpret

TTCGCTCGTA
TTCG
TCGC
CGCT
GCTC
CTCG
TCGT
CGTA
GTAT

TTCGATCGTAT
& 8 TTCG
TCGA
CGAT
GATC
ATCG
TCGT
CGTA
GTAT
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Mapping to a reference is too dependent on its quality

TTCGCTCGTA

e Easy to interpret

e Good for validation

e Dependent on

good reference genomes
TTCGATCGTAT

e Hard to analyze SNPs,
genes, species at once.
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DBGWAS




Constructing a De Bruijn Graph

A) Fork pattern

|
TCGC __~TCGC
C> TTCG
=8 T=TCG
[

B) Bubble pattern

TTCGCTAGTA _~ TCGC — CGCT —~ GCTA —~ CTAG

C> TTCG TAGT — AGTA
TTCGATAGTA = TCGA — CGAT— GATA— ATAG —

C) Compacted graph

__~ TCGC — CGCT — GCTA — CTAG ~ __~ TCGCTAG

TTCG TAGT —~AGTA [ TTCG TAGTA
T TCGA — CGAT— GATA — ATAG— T~ TCGATAG —

e Widely used in assembly and variant calling methods.

e A node is called an unitig
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De Bruijn Graphs eliminates redundancy

o TCGC —* CGCT—* GCTC— CTCG

TTCG

/‘l TCGCTCG \
&

TCGT —* CGTA

TTCG TCGTA
TCGA—» CGAT—» GATC— ATCG ~N e —
Fixed-length kmers DBG unitigs
TTCG | TCGC | TCGA
cecT
TCGT CeAT TTCG
GCTC | gaTc TCGCTCG | TCGATCG
ceta | cTce | arce TCGTA
<y STy
%% 1 1 0 “ﬂ‘% 1 1 0
P) PP
ey < ddey
10 |1 W1 o 1
¢ s

e No change in information: set of unique presence/absence
profiles is the same.

e Easier to interpret: Compaction eliminates local redundancy:
fewer, longer sequences. of each unitig.
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Full workflow

input

|I| et
Genome draft assembies Btatets
Phenotype data /_—W

r1_contigl
gtcg|
gtaget

DBG construction

_ ) AN N— Graph compaction
S
Step 1 ~O7; Strain mapping
Tool: GATB (Drezen, 2014)
Variant matrix building @

T
i HEH =X

Step 2 Linear model with mixed
- effect to account for the
: ot VE Xiﬁ +Wra+gi opulation structure
Variant association G=3
iinl...p Tool: bugwas (Earle, 2016)
: N-neighbor subgraph around
Step 3 significant unitigs
: Annotation
F{ostproce55|r]g of — -2 Visualisation on web browser
significantvariants

Tools: boost (Siek, 2001)
blast (Altschul, 1990)

k_# cytoscape.js (Franz, 2016)
output -

Phenotype-associated genetic events

3

AGPL3 software, Jaillard et al., PLoS Genetics 2018 10/17



Example: whole plasmid inclusion for P. aeruginosa amikacin

resistance

e Linear subgraph

with mostly red nodes:
presence of the entire sequence
is associated with resistance.

e Neighborhoods
connect top kmers separated
by less significant ones.

e Maps to pHS87b
plasmid recently described
as being involved in resistance.
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Improvements to DBGWAS




Current limitations

e Need to select a parameter to define the neighborhood (a).

e Low power to detect complex structures, as in (b).

(D) MGE: gene in a cassette

o, Pl O, Panel  Phenotype #unitig #sign. u.
0, e /\ o, S. aureus methicillin 562 68
- Nugl) >
\

A N. - 7
~ g s T S~ - -
~- -- Z- _/_\
jp—— — -
- N ~
. s
U = Significant unitigs ’ Nyo \\
N = Neighbour node within ne=2 edges 7 N, Ny
5
0 =Other nodes | L u \ / \
2 N. 1
15
= Neighbourhood surrounding 1/ N\ | I 7
- each significant unitig A 7/
N <induced subgraphe defined s Os > Mo e 4
~- grapl So Nyg Sel. annotation #unitigs w/ annotation
-~ 0,
(Bla)MECA 57

the connected neighbourhoods

(a) (b)
[Jaillard et al., 2018]
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Approach

Instead of testing at the node level and trying to combine in a
heuristic manner, test all possible subgraphs.

1 feature > 1 tes

Sel. annotation _ #unitigs w/ annotation
(BlaMECA 57

Sel.annotation  #unitigs w/ annotation
(Bla)MECA 57
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Using Tarone’s trick

Testing all subgraphs in a naive manner is not possible. The
number of tests to run is much too large

1. to be computationally tractable.

2. to give reasonable power to any test.

Using Tarone's trick Tarone [1990], we can solve both issues
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Greg and Susie

Greg

is a recruiter. Greg throws away
half of the CVs without looking
at them. Greg is a bad recruiter.

Erm (k1113 5
It's a firtle chilly in here. Throw another
Buaseh of resurres we have on file in the

fire.”

15/17



Greg and Susie

Greg

is a recruiter. Greg throws away
half of the CVs without looking
at them. Greg is a bad recruiter.

Susie is a statistician.
Susie throws away half of
the hypotheses without looking at

them. Is Susie a bad statistician?

Erm (k1113 5
It's a firtle chilly in here. Throw another
Buaseh of resurres we have on file in the

fire.”

15/17



Greg and Susie

Greg

is a recruiter. Greg throws away
half of the CVs without looking
at them. Greg is a bad recruiter.

Susie is a statistician.
Susie throws away half of
the hypotheses without looking at

them. Is Susie a bad statistician?

Erm (k1113 5
It's a firtle chilly in here. Throw another
Buaseh of resurres we have on file in the

Pee” Not

if you consider FWER and FDR.
Of course, we do loose power.
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Tarone’s trick increases the rejection threshold

For discrete tests, the smallest possible p-value, or minimal p-value
is not zero. So you can discard some hypotheses without testing
them. This has been used for regular GWAS by Llinares-Lépez

et al. [2015], which proposed this FAIS algorithm.
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Conclusions

We build a common DBG from the k-mer decompositiom.

We define the features as the nodes of the graph.

We tests them using a mixed-effect model.

Improvements: define more complex features as subgraphs of
the DBG.
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Thank you for listening
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(A) Polymorphism: core gene

(B) Polymorphism: accessory gene

(C) Polymorphism: promoter

Panel  Phenotype H#unitig #sign.u.| Panel Phenotype H#unitig #sign.u. | Panel  Phenotype #unitig H#sign. u.
P.aeru  levofloxacin 27 5 P.aeru amikacin 21 1 L] ethionamide 27 5
3 = 0
.00
B 0® X
L XY *o
€ o}
. Qo

Hunitigs w/ annotation
27

Sel. annotation
(AGIy)AAC6-PRIME

Sel. annotation
(FIg)GYRA

#unitigs w/ annotation

Sel. annotation  #unitigs w/ annotation
fabG1 MTB 6

13

(D) MGE: gene in a cassette

Panel  Phenotype #unitig #sign. u.

S. aureus methicillin 562 68

Sel.annotation  #unitigs w/ annotation

(E) MGE: gene in a plasmid (circular structure)

Panel  Phenotype  Hunitig

510

#sign. u.

S. aureus  erythromycin 100

Sel. annotation #unitigs w/ annotation

(Bla)MECA 57 (MLS)ErmC 18
Node filling (phenotype status) Node size (frequency) Node border (selection)
Legend Transparency: o
Pheno0  Phenol Not tested No= significant node Allele
Yes= neighbor node | frequency:  high  low unselected  selected
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