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We can diagnose at two scales

e At the individual organism level

* RvsS
* Where it is difficult
* Where it is straight-forward
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Exemplars to be presented

* Resistance prediction from difficult to more straight-forward
* Escherichia coli
* Mycobacterium tuberculosis
e Staphylococcus aureus
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Concept for ideal whole genome sequencing solution
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Resistance prediction from WGS

Iterative method of development

* A derivation set: compare genotypic prediction vs a gold-standard phenotypic
susceptibility test

* Refine the catalogue and software

* Areplication set: re-evaluate resistance prediction vs phenotype recording
very major and major errors

* Analyse discrepant and improve the software, knowledge base and (if
necessary) phenotypic methodology

* Test the revised algorithm with a fresh set of samples
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E. coli
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Sensitivity and specificity of genotypic resistance predictions versus gold standard
“reference” phenotype results for 74 Escherichia coli bloodstream isolates

Table 3. Sensitivity and specificity of genotypic resistance predictions versus comparison with standard phenotype results for 74 E. coli bloodstream
isolates.

Susceptible by comparison standard
phenotype Resistant by comparison standard phenotype

resistant by

susceptible by resistant by genotype  susceptible by genotype genotype Sensitivity Specificity

Antibiotic genotype (row %) (row %; majorerror)  (row %; very major error) (row %) (95% CI) (95% CI)

Amoxicillin 23 (31) 1(1) 0(0) 50 (68) 1.00(0.91-1.00) 0.96 (0.77-1.00)
Co-amoxiclav 46 (62) 0 (0) 0(0) 28 (38) 1.00(0.85-1.00) 1.00 (0.90-1.00)
Gentamicin 60 (81) 0 (0) 0(0) 14 (19) 1.00(0.73-1.00) 1.00 (0.93-1.00)
Ciprofloxacin 48 (65) 0 (0) 0(0) 26 (35) 1.00(0.84-1.00) 1.00 (0.91-1.00)
Ceftriaxone 43 (58) 1(1) 1(2) 29 (39) 0.97(0.81-1.00) 0.98 (0.87-1.00)
Ceftazidime 43 (58) 11 (15) 1(1) 19 (26) 0.95(0.73-1.00) 0.80 (0.66-0.89)
Meropenem 74 (100) 0 (0) 0(0) 0(0) — 1.00 (0.94-1.00)
Total 337 (65) 13 (3) 2(0.3) 166 (32) 0.99(0.95-1.00) 0.96 (0.94-0.98)

J. Antimicrob. Chemother. (2013)
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Co-amoxiclav reproducibility 261 isolates UKAS vs CLSI

e Significant within
sample variation,
worse using EUCAST
guidelines

* Potential call changes

* Worst Case Scenario
e 76 EUCAST
« 48 CLSI S:NS (I or R)
e 6 CLSIS:R
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Disparity in Coamoxiclav phenotype UKAS vs CLSI

261 isolates by agar incorporation MIC in triplicate
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The catalogue (knowledge base) of variation
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Depiction of categorical results vs geno-prediction
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Multivariate model investigating independent
effects of each mechanism
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Conclusion

 We don’t have a reference standard for genotypic prediction

* There is large uncertainty about the truth
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Mycobacterium tuberculosis




Anti-tuberculosis drug resistance prediction

* Arguably 15 drugs are available for treating TB with more new drugs
in development

* |Is genomic variation which confers resistance limited to somewhere
between 20 to 30 genes?

* Current knowledge indicates molecular prediction of INH, rifampicin
resistant or pan-susceptible isolates is ~ 95% accurate

* The knowledge base of variation conferring resistance to ‘all drugs’ is

incomplete

Public Health
England



Can we discover explanatory variation in TB?

Whole-
tubercu

(e}

enome sequencing for prediction of Mycobacterium 3 @™ ®
osis drug susceptibility and resistance:

aretrospective cohort study

* Investigation of 3651 isolates : e e e (@
* Using a heuristic method of predicting resistance S

e divided into
* 22099 derivation set
* a 1552 validation set

e Resistance is conferred by genomic variation:

* Non-synonymous mutations, deletions and insertions in relevant genes — 23
genes

* Arises mostly de-novo in a non-recombining genome leading to homoplasy

Lancet Infect Dis 2015; @
15: 1193-1202
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TB drug resistance prediction in a validation set

Phenotypically Resistant Phenotypically Sensitive All Excluding Unclassfied
Genotype Genotype
R S8, 8. U Total R S, = U Total Sensitivity Specificity Sensitivity Specificity % Unclassifed
Isoniazid 310 18 1| 35| 364 19 1,065 52 52 | 1188 85.2 98.4 94.2 983 56
Rifampicin 275 8 1| 16| 300 10 1,200 4 38 1252 91.7 99.2 96.8 99.2 3.5
Ethambutol 158 7 1| 26| 192 67 1003 79 | 210 |1359 82.3 951 95.2 94.2 15.2
Pyrazinamide 43 27 5 |104| 179 2 1,218 &7 83 |1370 24.0 99.9 57.3 99.8 121
Streptomycin 284 6 9 | 49| 348 11 970 34 | 189 | 1204 81.6 99.1 95.0 928.9 15.3
Ofloxacin 5 4 210 n 0 489 134 38 661 45.5 100.0 45.5 100.0 5.7
Amikacin 52 5 0| 2 59 3 427 38 | 140 | 608 88.1 99.5 91.2 994 21.3
Total 1127 75 19 232 1453 112 6372 408 750 7642 77.6 98.5 92.3 98.4 10.8

Table 1: Genotypic predictions in the validation-set based on: R (resistance-determinant); SO (zero non-
synonymous variants/SNPs present); Ss (only sensitive variants present); U (unclassified variants present).
Weighted mean sensitivity and specificity given for all phenotypes, and with the 10.8% of phenotypes associated
with previously unclassified variation (U) excluded.

Lancet Infect Dis 2015;
15: 1193-1202
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Filling the resistance gap

Comprehensive Resistance Prediction for Tuberculosis: an International Consortium (CRyPTIC)

g4
Rarefaction Curve for Variants /
g =
=
B g
H £z |
2 2. 2™
o g- %
g3 =
g% 2
cig 821
zar =1
o= =
Ea
58 8 S '
2 o
E
s .
= ‘sp‘?c
(=1 < e ¥
T T T T T Figure 1: The number of resistant and sensitive phenotypes associated with each ‘resistance-determinant’ in the
0 1000 2000 3000 4000 derivation- and validation sets: Black and red respectively for the derivation-set, and gray and orange respectively B vot appiicable
MNumber of strains for the validation set. Variants probed by a line-probe assay are highlighted with red labels. Variants that are only
seen once in the derivation-set and not in the validation-set (i.e. with no additional information) are not shown.
Phenotypin icch isati
yping Genotypic characterisation
BDQ 2 KAN 16 KAN KAN 4 KAN 2 KAN 1
. ledged
BDQ 1 AMI 8 EMB 8 INH 1.6 LEV8 MXF 4 DLM 1 LzZD 2 CFZ4 RIF 4 RFB 2 PAS 4 100,000 WGS TB p e ge
BDQ 0.5 AMI 4 EMB 4 INH 0.8 LEV 4 MXF 2 DLM 0.5 LZb1 CFZ2 RIF 2 RFB 1 PAS 2 . .
BDQ0.25 AMI2 EMB 2 INH 0.4 LEV2 MXF 1 DLM0.25 LZDO0.5 CFZ1 RIF 1 RFB 0.5 PAS 1 ° ~ O OOO h S
40, with extensive DST
BDQ 0.125 AMI1 EMB 1 INH 0.2 LEV1 MXF 0.5 DLM0.125 [ZD0.25 CFZ0.5 RIF 0.5 RFB 0.25 PAS 0.5
BDQ0.06 AMIO0.5 EMB0.50 INHO.1 LEV 0.5 MXF 0.25 DLM0.06 LZD0.125 CFZ0.25 RIF 0.25 RFB 0.125 PAS0.25 °

BDQ 0.03  AMI0.25 EMB 0.25  INH0.05 LEV 0.25 MXF0.125 DLM0.03  LZD 0.06 CFZ0.125  RIF 0.125 RFB 0.0625 PAS 0.125
BDQ 0.015 EMBO0.0625 EMB 0.125 INH0.025 LEV0.125 MXF0.0625 DLM0.015 LZD 0.03 CFZ 0.0625 RIF 0.0625

Pyrazinamide will be done by MGIT liquid culture

+ tho images, lease choase one o thefolowing options| - £

‘v
QUSRS People powered research
—_— zooniverse.org

Twitter: @bashthebug

NIVERSITY OF B[LL(/J-MELINDA
(GATES foundation

Analysis:

Heuristic approach

GWAS

Machine Learning

Thermodynamic modelling of proteins
Molecular genetic characterisation

wellcome!'ust %Fi%ic Health

England



How good can we get when we analyse
>10,000 isolates to the 4 first line drugs




Predicting susceptibility to four 15t line drugs
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Sequence based prediction for four first line
drugs is highly specific

* Error rates (i.e. falsely predicting susceptibility) are very low <2% with
very tight confidence intervals for the 4 first line drugs

* Now need to establish the status of the other drugs
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S. aureus
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S. aureus: Resistance prediction algorithm

e Derivation set of 501 samples
* Algorithm was refined after the derivation set.

* Many of the discrepant results were found to be
phenotypic errors in the routine laboratory.

e Other discrepants were resolved by improvements in
the bio-informatics software

* The improved algorithm was tested against a further
487 isolates (the ‘validation’ set).

Gordon et al J Clin Microbiol. 2014 Feb 5
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Blinded validation study of resistance prediction from WGS
Staphylococcus aureus (478)

Phenotype: resistant Phenotype: susceptible Error Rates

Genotype Genotype ME VME
Antimicrobial Susceptible Resistant Susceptible Resistant (%) (%)
Penicillin 2 398 84 3 3.4 0.5
Methicillin 0 55 432 0 0.0 0.0
Ciprofloxacin 2 64 421 0 0.0 3.0
Erythromycin 1 80 404 2 0.5 1.2
Clindamycin 1 76 2 0 0.0 1.3
Tetracycline 0 18 467 2 0.4 0.0
Vancomycin 0 0 491 0 0.0 n/a
Fusidic acid 1 39 445 0 0.0 2.6
Trimethoprim 0 2 200 1 0.5 0.0
Gentamicin 1 2 484 0 0.0 33.3
Mupirocin 0 2 485 0 0.0 0.0
Rifampicin 0 5 482 0 0.0 0.0

Total 8 741 4397 8 I 0.2 1.1 I
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Previous phenotyping studies

Categorical
. no of ME rate VME rate
Study Comparison ) agreement
isolates (%) (%)
(%)
Ligozzi 2002 Vitek 2 vs agar dilution 100 94-100 0 0

BD Phoenix vs broth dilution
Fahr 2003 116 97.6 1.2 1.7
plus mecA PCR

Nonhoff 2005 Vitek 2 vs agar dilution 273 - 1.5 0.7
Carroll 2006 BD Phoenix vs agar dilution 232 98.2 0.3 0.4
Giani 2012 BD Phoenix vs broth dilution 95 98 1.3 2.1
Bobenchik 2014 Vitek 2 vs broth dilution 134 98.9 0.1 1.4

This stud WGS vs combined disc 491 98.8 0.2 1.1
¥ diffusion / BD Phoenix ' ' '
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Resistance prediction is looking very promising

* Combination of B-lactam and B-lactamase inhibitor is a major
problem for phenotyping and resistance prediction

* For TB, further extensive work on discovering all the variation
conferring resistance needs to be done

* For S. aureus further validation is needed, but results appear very
good
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