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Background



Evolution of Eukaryotic Endosymbioses

peu. E par deux fois j'ay veu dans cette mefime eau un animal diy
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(Maguire, 2016)



Antimicrobial Resistance
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(Matthews et al.
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Epidemiology

Contraception Preferences in Refugee Women

Contraception
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(Stairs et al., 2019)



Sociology?

Distribution of Beta-Diversity
Self-ID Users Autism Submission
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Sociology?

Congratulations, your application to the SSHRC Explore Grants competition has been awarded.

Project Title: NEETs, Incels, and Wizards: The Experiences of Socially Isclated Men



Why do we care about AMR?



AMR is currently a problem
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2015 EU/EEA: 33,110 deaths, Data from (Cassini et al., 2019).



AMR is growing
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WHO Global Health Observatory Data Repository.



What can we do about it?



Improve surveillance

e Locally: information would help improve patient health.
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Improve surveillance

Locally: information would help improve patient health.

Nationally: health policies and responses to emergencies.

Globally: emerging threats and long—term trends.

Scientifically: better understanding of underlying biology.



Improve diagnostics
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How do we do this?



Phenotypically?

M. tuberculosis
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(Bradley et al., 2015)
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DNA sequencing

e DNA is relatively tractable and stable
e Sequencing technology is mature

e Represents the substrate of evolution

11



Downside of DNA: capacity not expression

E. coli gene regulatory networks are

inconsistent with gene expression data @
Simon J Larsen &, Richard Rottger, Harald H H W Schmidt, Jan Baumbach

Nucleic Acids Research, Volume 47, Issue 1, 10 January 2019, Pages 85-92,
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Downside of DNA: capacity not expressi

Random sequences rapidly evolve into de novo
promoters

Avihu H. Yona £, Eric J. Alm & Jeff Gore

Mature Communications 9, Article number: 1530 (2018) | Cite this article

e 10% of random sequences can serve as active promoters

e 60% of random sequences can modulate expression with only one
mutation

12



Which DNA sequencing method?



Choosing a method

[Biological Sample]—»‘ Sequencing }—»{ Analysis AMR Genes

Additional factors:

e Does method provide other information?

e Cost/experimental considerations

13
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Choosing a method
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Targeted sequencing




Targeted sequencing

[Biological Sample]

[Oligonucleotide Probes]

[Enriched DNA Fragment]

‘ Gel/Cloning/Sequencing ‘

e Cheap/simple infrastructure
e Multiple sample types

e Low input requirements

14



Choosing and evaluating primers



Testing primers computationally

Primers Database Alignments
Fwd Rev P —— : -
I E— —— - L
- L]
L}

%

github.com/mwhall/VAware: Mike Hall

Needleman-Wunsch alignments:

e Perfect: no mismatches, insert < 1500
e Intermediate: (1-2 minor mismatches)
e Low: (2-4 minor; 0-1 major - terminal, gaps)

e Missed: (> 4 minor; > 1 major)
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github.com/mwhall/VAware

Which primers?

European Committee on Antimicrobial Susceptibility Testing: 78 PCR Primer
Sets

16



Which AMR genes?

CARD-prevalence: 85 pathogens, 116,914 resistomes (chromosome, ,
and WGS assembly). Brian Alcock/McArthur Lab 17



How well do these primers work?



Surprisingly poorly

) Perfect Match No Alignment
Q
N30 @ 30
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=20 0
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% of Alleles % of Alleles

e Many aminoglycosides and tetracycline resistance genes totally
missed

e Caveat: needs experimental validation
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Lots of serious mismatches

tet(D) primers

Mismatches ‘ ‘

3' Mismatches 0_'
Primer

— O ™
Gaps > N RP

0O 2 4 6 8 10
Count

Alignment

No primer alignment in 27.58% of tetD alleles
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Stagnation of primers

EUCAST SHV Primers

100

80
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20 I I s Missed

o H_mill

Canonical Prevalence
CARD Sequence Type

off-target hits (1 mismatch in RP) to LEN-3, LEN-4
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Can we improve on this?



Designing probes with up-to-date AMR allele diversity

AMERICAN Antimicrobial Agents
L e amees | and Chemotherapy

Capturing the Resistome: A targeted
capture method to reveal antibiotic
resistance determinants in
metagenomes

Allison K. Guitor, Amegelang R. Raphenya, Jennifer Klunk, Melanie Kuch, Brian Alcock,
Michael G. Surette, Andrew G. McArthur, Hendrik N. Poinar, Gerard D. Wright

DOI: 10.1128/AAC.01324-19

(Guitor et al., 2019)
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Downsides of targeted-approaches

e a priori target decisions

Need constantly updated

No easy genomic context

e No easy source-genome attribution

22



Why do we care about context?




Genomics




Case-st on strengths of genomics
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0.056 substitutions per site

(Maguire et al., 2019)
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Phenotype prediction modelli

AMR Genes

Genomes ) —|RGIHCARD—~ E E E E EH B i Tallying

Logistic Regression Phenotype

K-mers

Set-Covering Machines

(Maguire et al., 2019)
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Genomes allow gene-free models

A Logistic Regression Weights > 1 Per Model B Set-Covering Machine Rule 31-mer Mapping Location
25
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(Maguire et al., 2019)

25



Generate co-selection hypotheses

Appl Environ Microbiol. 2011 Jul,77(13):4486-93. doi: 10, 1128/AEM.02788-10. Epub 2011 May 20.

Selection pressure required for long-term persistence of blaCMY-
2-positive IncAIC plasmids.

Subbiah W?, Top EM, Shah DH, Call DR.

(Maguire et al., 2019)
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Generate co-selection hypotheses

°
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Generate co-selection hypotheses

ISEcpl CMY-2 Blc

sugE

(Maguire et al., 2019)
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Downsides of genomics

We need genomes to identify previously unknown factors, but:

e Culturing is expensive, time-consuming, and difficult
e Single cell methods are noisy and analytically complex

e Only profile ‘one’ genome per sample

27



Metagenomics




Read-based AMR Metagenomics

Genomes

lSequencing

Reads === Sl TR e — === SIs
lAMR detection
AMR Genes £ E

28



Difficulties of metagenomics




AMR genes are rare genomically

AMR Reads in Metagenome (0.643%)
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All (~324M) AMR (~2.1M)

2184 CARD-prevalence genomes at 1-10X abundance



AMR genes have wildly different abundances

PATRIC Label Cardinalities
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AMR sequence space overlaps
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Choosing an analysis approach




Simulate data and compare tools

ESKAPE Genomes

!
. Resistance Gene Identifier
( ART Read Simulator )—C + CARD )
Labeled Simulated
Metagenome
( ORFM )
\
Predicted ORF
Protein Sequences
!
NT Query & NT CARD NT Query & AA CARD AA Query & AA CARD
Database Methods Database Methods Database Methods
- BLASTN - BLASTX - BLASTP
- bowtie2 - DIAMOND BLASTX - DIAMOND BLASTP
- BWA-MEM - PALADIN - HMMSearch
- biobloom*
- groot
- HMMSearch
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Terminology refresher

relevant elements

How many selected
false negatives true negatives items are relevant?
® o ° (o] o

Precision =

true positives false positives
How many relevant
items are selected?

Recall =

selected elements

bit.1ly/2pZzxJU

33
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How well do different methods
do?




We can find reads from AMR genes

1.00
Tool
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0.98 e bwa
» ©® diamond_blastx
® Dblastn o
_E 0.96 0 o paladin oo
8 ® Dblastp °®
g 0.94 diamond_blastp °.
® [ ]
0.92 »
[ ]
[ ]
0.90 [ ) [
0.90 0.92 0.94 0.96 0.98 1.00

Recall
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We can mostly identify which family

Correct Family

groot lﬂ]—l“
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Proportion of reads per family correct
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We cannot identify which specific gene

AMR Gene Accuracy

T
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Highly similar families to blame

AMR Gene Accuracy Excluding Beta-Lactamases

groot I—DOO
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Proportion of reads per ARO correct
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Is there any way to improve this?




Statistical/Machine-Learning Correction

/ DIAMOND-BLASTX Output /
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Statistical/Machine-Learning Correction

/ DIAMOND-BLASTX Output /
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Statistical/Machine-Learning Correction

/ DIAMOND-BLASTX Output /

[AMR Gene Predictions]
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Statistical/Machine-Learning Correction

/ DIAMOND-BLASTX Output /

[AMR Gene Predictions]
Average Precision: 0.63
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Statistical/Machine-Learning Correction

/ DIAMOND-BLASTX Output /

[AMR Gene Predictions]
Average Precision: 0.63 %
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Revised classifier structure: exploiting the ARO

[ DIAMOND-BLASTX Output j
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Revised classifier structure: exploiting the ARO

[ DIAMOND-BLASTX Output j

| AMR Family Classifier |
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Revised classifier structure: exploiting the ARO

[ DIAMOND-BLASTX Output j

| AMR Family Classifier |

AMR Families
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Revised classifier structure: exploiting the ARO

[ DIAMOND-BLASTX Output j

| AMR Family Classifier |

AMR Families
[ Family 1 Reads / /Family Reads] /Family N Readsj
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Revised classifier structure: exploiting the ARO

[ DIAMOND-BLASTX Output j

| AMR Family Classifier |

AMR Families

Family 1 Reads /Family Reads] /Family N Readsj

| Family 1 Classifier | | Family ... Classifier | | Family N Classifier |
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Revised classifier structure: exploiting the ARO

[ DIAMOND-BLASTX Output j

| AMR Family Classifier |

AMR Families

Family 1 Reads /Family Reads] /Family N Readsj

| Family 1 Classifier | | Family ... Classifier | | Family N Classifier |

{ AMR Gene Predictions /
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Slightly improved family performance

Normalised Bitscore Random Forest

Proportion
o o =
()] ~ o
o (9] (@)

o
N
Ul

0.00
Precision Recall
Family Test Peformance

Mean Precision: 0.995, Mean Recall: 0.985
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Greatly improved gene performance

AMR Gene Accuracy

H

groot
diamond_blastp

diamond_blastx

blastp
o) paladin
'2 blastx
bowtie2 )—' | I
blastn )—' | |
0.0 0.2 0.4 0.6 0.8 1.0

Proportion of reads per gene correct

41



Gains not evenly distributed

Median Precision-Recall Within Families

=
o
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—— Precision
—— Recall

Proportion
© o o
N ul ~
u o u
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o
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o n O un
N N~

225

O 1n O 1n o
S N in ~ O
= = =~ =
M

Ordered AMR Family Index

e Not enough signal in read so output compatible set

e Some fixed bugs
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Great, but...

Known AMR genes

e Is one organism resistant to everything?

Are many organisms each resistant to one thing?

Have AMR genes been laterally transferred?

44



Can we get the best of
metagenomics and genomics?




Metagenomic-Assembled
Genomes




MAG binning

Genomes

Sequencing

Reads P B e Rl Tl
Assembly

Contigs — —_— -
Binning

Metagenome- = = B Tt

Assembled Genomes “Trr =Lt L. e L.
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MAGs are popular

01 Bacteroidetes (1,513) FCB
Aminicenantes (10)
Acidobacteria (35)
Nitrospinae (5) "
Viodulibacteria Chlorobi
C10 Ignavibacteriae (29)
Rokubacteria Calditrichaeota (5)
n | itrospirae (23) Marinimicrobia (46), UBP11 (1)
rysio. (1) Fibrobacteres (17), Gemmatimonadetes (39)
Nitrospirae_1(19)
UBPI0 (2 Latescibacteria (4)
Dadabacteria (2) MBNTIS )

Zixibacteria, UBP14 (1), TAO6, UBP1 (3), UBP2 (6,
Deltaproteo. (1-3) (226)

Cloacimonetes (31), Hyd24-12 (5), WOR-3) (10)
~ Verrucomicrobia (178) PVC
Lentisphaerae (12), Chlamydiae, UBP17 (1)
Planctomycetes (61)
ydrogenedentes (2)

lusimicrobia (23)
Aerophobetes, UBP5 (2

=3 Omnitrophica (14), UBP3 (4), UBP4 (2)
Poribacteria

Proteobacteria (2,101)

Patescibacteria (245)
‘Candidate phyla radiation’

UBP7 () _
UBPS8 (5)
Dependentiae (1)

Spirochaetes (135)

UBP6 (4)
Fusobacteria (8)
Calescamantes
Aquificae (1)

Deferribacteres (5) /gp15 (1)

Epsilonproteobacteria (52) /' UBP16 (1)

ESECHR Atribacteria (5)

UBP13 (1)
Armatimonadetes (24)

Firmicutes (1,666)
Synergistetes (47) UBP12 (1) Actinobacteria (336)
Dictyoglomi UBP9/SHA-109 (8)
Coprothermo. Chloroflexi (182)
Caldiserica (5) Deinococcus-thermus (6)
Acetothermia (10) , .
Thermotogae (11) Cyanobacteria (48) VEELEE S

Figure from (Parks et al., 2017)
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What about plasmids?

I chromosome [l plasmid

# of contigs
=

0
®? \,Q’ PN N N O a4

coverage (bin size = 3)

Figure from (Antipov et al., 2016)

e Circular or linear extrachromosomal self-replicating DNA.

e Dissemination of AMR genes.
e Repetitive, variable copy number, different sequence composition.

47



Or genomic islands

coLl O157:H7 sTR. TW14359, COMPLETE

GENOME.

Take a tour

Legend (Help)

Prediction Methods

v\

N b
Pl JUMINE
& gﬁﬁ

R

www.pathogenomics.sfu.ca/islandviewer

[ XX ITE

e Clusters of genes acquired through LGT

e Integrons, transposons, integrative and conjugative elements (ICEs)
and prophages

e Variable copy number and composition (used by SIGI-HMM,
IslandPath-DIMOB)

48
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How well do MAGs recover these
sequences?




Time to start simulating again

e Simulate some metagenomes (lognormal abundance distribution)
from difficult genomes

e 10 genomes: lots of plasmids
e 10 genomes: high % of genomic islands (compositional)
e 10 genomes: low % of genomic islands

e Assembly using 3 alternative methods: IDBA_UD, MetaSPAdes,
Megahit

e Bin contigs using 4 different tools: metabat2, maxbin2, concoct,
dastool
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Chromosomes fairly well binned

idba_ud
> binner
-g I concoct
g megahit [ maxbin2
g I dastool
I metabat2
metaspades "o

0 20 40 60 80 100
% Coverage of Top Hit Genome

26-94.3% median chromosomal coverage (Pre-print draft
github.com/fmaguire/mag_sim_paper)
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github.com/fmaguire/mag_sim_paper

Chromosomes fairly well binned

binner

1]
o 7 I concoct
@ B maxbin2
3 6 Il dastool
< N metabat2
g
n
A
= ] + "
=]
53
a
o 2 L
g
al
o

o

idba_ud megahit metaspades
Assembly

26-94.3% median chromosomal coverage (Pre-print draft
github.com/fmaguire/mag_sim_paper)
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github.com/fmaguire/mag_sim_paper

9% of Plasmids (>50% coverage)

assembly = idba_ud assembly = megahit

Category.

== Correctly Binned

concoct dastool maxbin2 metabat2 concoct dastool maxbin2 metabat2
binner

binner

1.5-29.2% plasmids binned

assembly = metaspades

concoct dastool maxbin2 metabat2
binner
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Genomic islands are better but bad

100 assembly = idba_ud assembly = megahit assembly = metaspades
_ 80 Category
& == pssembled
g mmm Binned
g
3 60 == Correctly Binned
8
y
2
Iy
w 40
o]
s
®

20

0

concoct astoo maxbmz metabat2 concoct aston\ maxbin2  metabat2 concoct uasmu\ maxbin2  metabat2

28-42% Gls binned
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What about AMR genes?

75

0

concoct dastool maxbin2metabat2  concoct dastool maxbin2metabat2  concoct dastool maxbin2metabat2
Binner

Category

. Assembled
. Binned

. Correctly Binned

)
o

Proportion of Reference AMR genes
@

24-43% AMR genes binned
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Which AMR genes are lost?

=)
S

~
o

Category

. Chromosome
50

. Genomic Island

concoct dastool maxbin2metabat2  concoct dastool maxbin2metabat2  concoct dastool maxbin2metabat2
Binner

Proportion of Reference AMR genes in Each Category
N
5

e 30-53% chromosomal AMR genes (n=120)
e 0-45% genomic island AMR genes (n=11)
e 0% of plasmid AMR genes (n=20)
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Be cautious with MAGs

e Regain some context but with biased data loss

e Disproportionate loss of AMR genes

Mobile Genetic Elements poorly recovered

Cautionary tale: more processing = more data loss

55



Conclusions
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Conclusions

Method Strengths Weaknesses
Targeted Cheap, easy analysis a priori, stagnation
Genomics Context, moderate analysis Isolation, throughput
Metagenomics Many genomes at once Fragmented, no context, difficult analysis
Metagenomic-Assembed Genomes | Context for many genomes Lose key data, complex analysis

e Simulation fundamental to evaluating approaches

e Characterisation necessary to mitigate weaknesses and promote
strengths

e Machine-Learning represents useful tools for this (e.g. AMRtime,
gene-free AST prediction models)
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10 million deaths?

AMR in 2050
10 million
Tetanus
60,000
Road traffic
accidents Cancer
1.2 million . 8.2 million
/ Y AMR now
i/ 700,000
(low estimate)
/
Measles _ Cholera
Ny T e
130,000 >~ - 100,000~
120,000
Diarrhoeal
disease Diabetes
1.4 million 1.5 million

(on Antimicrobial Resistance, 2016), (de Kraker et al., 2016)
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10 million deaths?
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Where does 10 million come from?

For 3rd-generation cephalosporin resistant E. coli, K. pneumoniae, and
MRSA:

e Estimate global BSls (multiply average incidence in tertiary
European hospitals by global population).

e Estimate AMR (proportion of resistant blood-cultures per country)

e Extrapolate to other infections sites (via relative incidence to BSI in
2 studies n=16 BSls)

e Estimate attributable mortality rates from adjusted odds-ratios in an
unspecified manner.

e Assume no change in mortality, 40% increase in resistance, and
doubled infection rates by 2050.
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