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Outline

* Burden and introduction of AMR
* From genotype to phenotype
* Application of machine learning



Potential routes of transmission of AMR bacteria




Death attribute
to AMR

Tetanus

60,000

Road traffic
accidents

1.2 million

Measles
130,000

Diarrhoeal
disease

1.4 million

AMR now

700,000
(low estimate)

AMR in 2050

10 million

Cancer

8.2 million

Cholera

100,000—
120,000

Diabetes

1.5 million



Research & Development in antibiotics

A PERFECT STORM

As bacterial infections grow more resistant to antibiotics, companies are pulling
out of antibiotics research and fewer new antibiotics are being approved.
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*Proportion of clinical isolates that are resistant to antibiotic. MRSA, methicillin-resistant
Staphylococcus aureus. VRE, vancomycin-resistant Enterococcus. FQRP, fluoroquinolone-resistant
Pseudomonas aeruginosa.

O’Neill 2016, Cooper 2011



Rapid diagnostics to
optimise treatment

Machine learning application in dermatology,

" : histopathology images

Empirical Tr.adltlon.al : Rapid :

diagnosis diagnostic diagnostic
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treatment may
never be achieved

O’Neill 2016, Andre Esteva 2017, Dmitrii Bychkov 2017



Antimicrobial Susceptibility Test: Methods

1. Broth Dilution
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Minimum Inhibitory concentration (MIC)

2. Antimicrobial gradient diffusion, disk diffusion test

3. Automated instrument systems

Sensititre ARIS 2X



Antimicrobial Susceptibility Test: Criteria

CLINICAL AND E U CA S T EURDPEAN COMMITTEE
ON ANTIMICROBIAL
/ LABORATORY SUSCEPTIBILITY TESTING
STANDARDS

INSTITUTE

Interpretive criteria by CLSI/EUCAST based on:

(1) microbiologic data

(2) pharmacokinetic and pharmacodynamic data (PK/PD)
(3) Clinical study results

Sensitive(S) Intermediate(l) Resistant(R)



Class Il Special Controls Guidance
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Cost per Raw Megabase of DNA Sequence
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Number of genomes sequenced

Number of bacterial and archaeal genomes
sequenced each year and submitted to NCBI.
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Susceptible or Resistant based on presence and
absence of AMR genes
| Year | Bacteria | Model | Antibiotics |EA _|ME | VME _

74 E. coli

- 0, (o) 0,
2013 69 Kpne 7 96% 2.1% 1.2%

m Antibiotics (ME) Phenotype m Antibiotics (VME) Phenotype

E. coli Ceftazidime blaTEM, Kpne Ciprofloxacin (6%) -
(15%) blaCTX-M
Kpne Amoxicillin blaSHV S
49
(4%) EA: essential agreement >90%
ME: major error S->R < 3%
VME: very major error R->S < 3%

Others: S. aureus, MTB, Nontyphoidal Salmonella...

Stoesser 2013, Bradley 2015, Gordon 2014, McDermott 2016



Minimum Inhibitory concentration (MIC)
0.12 0.25 0.5 1 2 4 8 16 32 64

How to predict exact value?



Supervised leaning in Machine Learning




Minimum Inhibitory concentration (MIC) Prediction by
machine learning methods

Year Ispeces |Model |Taet |Towl |EA |WE_|vME

2017

2017

pneumococcu
S

Neisseria
gonorrhoeae

Random forest

Multivariate
linear regression
models

3 PBP 4309 97% 1.2% 1.4%
types
~10 681 93% 1.3% 1.7%
AMR
genes

EA: essential agreement
ME: major error S->R
VME: very major error R->S

>90%
<3%
< 3%

Li 2017, Eyre 2017



Can We Use Whole Genome Data Without
A Priori Information ?



K-mer based modelling

sequence

imers

MATRIX AAAATTTTCC | AAAATTTTCG |..
4 20 30

samplel

sample2 8
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ATGGAAG

20

l

XGBoost (Extreme Gradient Boosting) model




Chen, 2016

Ensemble Learning

Z |\

Bagging Boosting Stacking

% !

Random forest

Gradient Boosting

XGBoost (Extreme Gradient Boosting) model

Error

Optimum Model Complexity

Total Error

Variance

Model Complexity



K-mer based modelling (1)

Vear Ispeces |Model | Taret |Tol |EA |ME | VME

2017 Klebsiella XGBoost Whole 1668 92% 3.7% 3.1%
pneumoniae genome

Requires no a priori knowledge
EA is largely dependent on the number of resistant isolates that were sampled for each antibiotic

EA is similar (92%) of 3 models: Whole genome data & AMR genes & Non-AMR genes

Nguyen, 2017



K-mer based modelling (2)

Near |Speces |Model |Taget |Total |EA |ME UM

2018

Only trained
4500 genomes
due to memory
limit (1.5TB)

Nontyphoidal
Salmonella

0.96

0.95

0.94

0.93

Average Accuracy
°
o
N

0.87

Whole 2.7% 0.1%

genome

XGBoost 5278 95%

Model Accuracy vs. Genomes Used

500 1000 1500 2000 2500 3000 3500 4000 4500
Genomes

Nguyen, 2018



EA is stable by year, source, states

Collection Date | Accuracy
2002 0.97
2003 | 0.95
2004 ‘ 0.96
2005 0.95
2006 ‘ 0.95
2007 | 0.94
2008 0.95
2009 ‘ 0.95
2010 0.94
2011 4 0.95
2012 ‘ 0.96
2013 0.97
2014 ‘ 0.95
2015 0.95
2016 ‘ 0.96

Source Accuracy

Chicken ' 0.96

Cow/Beef 0.94

Pig/Pork { 0.95

Turkey 7 0.94

Training Test set

set years years Accuracy
2002-2008 | 2009-2016 0.88
2002-2009 | 2010-2016 0.88
2002-2010 | 2011-2016 0.88
2002-2011 | 2012-2016 0.88
2002-2012 | 2013-2016 0.88
2002-2013 | 2014-2016 0.86
2002-2014 | 2015-2016 0.92




XGBoost assigns important k-mers predict MIC change

Table 6. The highest-ranking AMR-related protein function (or genomic region) with a matching k-mer from the XGBoost models.

K- Distance
mer | between k-mer
Antibiotic | Rank | and AMR gene’ k-mer PATRIC Annotation(s)
AMP 1 Direct match CTTAATCAGTGAGGC | Class A beta-lactamase (EC 3.5.2.6) => TEM family
AUG 1 Direct match AAACGTCTTACTAAC | Class C beta-lactamase (EC 3.5.2.6) => CMY/CMY-2/CFE/LAT family
AXO? 1 566.0 £+ 39.7 | AAAGAGAAAGAAAGG | Class C beta-lactamase (EC 3.5.2.6) => CMY/CMY-2/CFE/LAT family
AZ| 8 Direct match CCCATTTCCGCCGCC | Macrolide 2'-phosphotransferase => Mph(A) family
Chloramphenicol/florfenicol resistance, MFS efflux pump => FloR
CHL? 1 611.8+5.1 AGACAAGTAAGCCGC | family
Pentapeptide repeat protein QnrB family => Quinolone resistance
cip 1 31354705 ACAGTCCATCCAGGA | protein QnrB10

Table 7. Important k-mers used by the individual antibiotic models for predicting susceptible MICs.

Frac | Frac Genomic

Antibiotic k-mer Sus® | Res! | Sus? | Res? region® | PATRIC annotation or genomic region
NAL ATTCCGCAGTGTATG | 5233 45 1.00 | 0.38 PEG DNA gyrase subunit A (EC 5.99.1.3)

AXO TGGTATTCGCATCAA 4508 769 | 0.78 | 0.48 PEG Phosphoethanolamine transferase EptA
KAN CTGGCTTTTTITITT 837 84 0.30 | 0.00 RNA RyhB RNA

Respiratory nitrate reductase delta chain (EC

R
> CCCTTATCCAACACG 872 1919 | 0.85 | 0.55 PEG 1.7.99.4)

Formate-dependent nitrite reductase complex
AXO subunit NrfF, and Cytochrome c-type heme lyase
CAGAACCAGAATTTG | 4508 769 | 0.74 | 0.46 PEGs subunit nrfE, nitrite reductase complex assembly




Conclusions

Whole genome sequencing offers the potential in predicting AMR

Machine learning algorithms demonstrate value in MIC prediction with acceptable accuracy in
clinical diagnosis

XGBoost is readily to be applied to other important human pathogens even without a priori AMR

information
Limitation

Training set: large, balanced database with metadata

Interpretation: Machine learning models exhibit a trade-off between accuracy and intelligibility
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