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We can diagnose at two scales

AAt the individual organism level

ARvS S
A Where it is difficult
A Where it is straighforward
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Exemplars to be presented

AResistance prediction from difficult tmore straightforward
AEscherichia coli
AMycobacterium tuberculosis
A Staphylococcus aureus
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Concept for ideal whole genome sequencing solution
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Resistance prediction from WGS

lterative method ofdevelopment

AA derivation set: compare genotypic predictiosa goldstandard phenotypic
susceptibility test

ARefine the catalogue and software

AA replication set: reevaluate resistance predictiors phenotype recording
very majorand major errors

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

ATest the revised algorithm with a fresh set of samples
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E. coli
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SenS|t|V|ty and speC|f|C|ty of genotypic resistance predictions versus gold standard
GNBFSNBY OS¢ LIKS FherchidSdiiNdssirean isdlateF 2 NJ T

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 %; major error) (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(1) 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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Coamoxiclaveproducibility 261 isolates UKAS vs CLS

ASignificant within
sample variation,
worse using EUCAST

guidelines -
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Disparity ifCoamoxiclaphenotype UKAS vs CLS

261 isolates by agar incorporation MIC in triplicate
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The catalogue (knowledge base) of variation

Slide removed

T2
o F

mDo
Qo

3
QT
@



Depiction of categorical resultsgsnoprediction
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Multivariate model investigating independent
effects of each mechamrs
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Conclusion
A2 S R2y QU KIS | NBFSNBY

AThere is large uncertainty about the truth
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Mycobacterium tuberculosis
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AntHuberculosis drug resistance prediction

AArguably 15 drugs are available for treating TB with more new drugs
In development

Als genomic variatiowhich confersresistancdimited to somewhere
between 20 to 3@enes?

ACurrent knowledge indicates molecular prediction of INH, rifampicin
resistant or parsusceptible isolates is ~ 95% accurate
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Can we discover explanatoa@riation in TB?

Whole-
tubercu

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

o v

aretrospective cohort study

Alnvestigation of 3651 isolates : e
AUsing a heuristic method of predictingsistance

Adivided into
Aa 2099 derivation set
Aa 1552 validation set

AResistance is conferred by genomic variation:

ANon-synonymous mutations , deletions and insertions in relevant gerss
genes

A Arises mostly deovo in a norrecombining genome leading taomoplasy

Lancet Infect Dis 2015;

15: 11931 1202 @ )
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TB drug resistangaediction 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: 119371 1202
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Filling the resistance gap

Comprehensive Resistance Prediction for Tuberculosis: an InternaGonabrtium CRyPTIC
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