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TB & Resistance Diagnosis with Genomic Big Data

Drug
Resistance:

Minutes

g D)  Rifampicin=R
Isoniazid=R
Pyrazinamide=S
Streptomycin=S
Ethambutol=R Treatment started
Whole Genome Amikacin=S

Sequencing Capreomycin=S
Kanamycin=S
Ofloxacin=R
Moxifloxacin=S
Ethionamide=R
Bedaquiline=S
Linezolid=S
Cycloserine=S

Sputum collection



Genetic basis of drug resistance
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Clinical resistance is more complex

2 pg/ml
katG 234 ahpC -9 I I

A A A A A A A A A A

PO1 PO2 PO3 P04 PO5 PO6 PO7 PO8 P09 P10

First step

Second step

210 strain
Wild type
(2 ug/ml)
l4 ug/ml
Clinical lab testing concentration
] 4C31
. 1 embB Thr506Asn
E WildType  +SNP1; SNP 1+ SNP2 oD NaZBTBat
7] 1 (4 png/ml)
= -
o | 16 pug/ml
= v
4C31-16C1
embB Thr506Asn
nuoD Ala287Ser
Rv3792 Leu198Leu
(8 ng/mi)

Drug Minimium Inhibitory concentration (mg/L)
24 ug/mil 40 pg/ml

'

4C31-16C2
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24 pg/mi Third step

4C31-16C1-24C1  4C31-16C1-40C1 4C31-16C2-24C1  4C31-16C2-24C2
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(64 ug/ml) embC Pro398Ser embC GIn491Arg embC Leu502Pro
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Meacci F et al. J Clin Micro 2005, Safi H et al. Antimicro Agents Chemother, 2008, Safi H et al. Nat Gen 2013
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Evidence for epistasis/ gene-gene interaction
MIC change with

allelic exchange
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The molecular diagnostic gap:
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Geographic source and diversity of the TB isolates
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Farhat et al. American Journal of Respiratory and Critical Care 2016



Random Forest Classifier
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Validated Predictive performance for drug resistance diagnosis

Diagnostic Performance of the Genotype for DR Prediction
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Predict Upload your genetic data to make drug resistance prediction.

To examine the frequency of individual mutations by drug resistance you can consult the Map function for country specific data, and the
Explore function to examine their frequency in all of the data.

FastQ New FastQ Pair-Ended Prediction

Create a prediction from a set of pair-ended FastQ genetic sequences. This option involves the largest files
and takes more time to process that the vcf or manual options.

ATTTGGGGTTC
NVVCCCCVVC

FastQ New FastQ Single-Ended Prediction

Create a prediction from a single-ended FastQ genetic sequence file. This option involves a large file and
ATTTGGGGTTC takes more time to process that the vcf or manual options.

New Variant Call Format Prediction

Minimal genotypic information for accurate resistance predictions are below. Genetic regions are listed in
order of decreasing importance. For more detailed list of genetic variants see reference Farhat MR, Sultana
R et al. Genetic Determinants of Drug Resistance in Mycobacterium tuberculosis and Their Diagnostic Value.
AJRCCM 2016 and get More information about the vcf format.

New Manually Entered Prediction

Create a prediction from a set of pair-ended FastQ genetic sequences. This option involves the largest files
and takes more time to process that the vcf or manual options.
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RF Validation using Reseq public dataset
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Home

My Datasets

ltalian

ltalian

Serial Strains from the same patient

Processing

0o

[talian1

[talian2

[talian3

[talian4

Italian5

[talian8

[talian9

[talian10

Qutput Files

Resistance Prediction

Strain Italian8
Drug INH
DR Probability 0.719
FP Rate 8.76
FN Rate 495




Neural network model
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Pyrazinamide (PZA): Predictive Model Performance

ROC-AUC Sensitity [1] Specificity [2] [1] +[2] Optimal Threshold
Original Random Forest 0.640 (0.030) 0.920 (0.030) 1.560
Random Forest (1) 0.791(0.019)  0.622 (0.029) 0.929 (0.019) 1.550 0.506 (0.061)
Neural Network (1) 0.856 (0.017)  0.718 (0.027) 0.946 (0.022) 1.664 0.573 (0.050)
Random Forest (2) 0.813(0.018)  0.649 (0.029) 0.925 (0.020) 1.573 0.505 (0.056)
Neural Network (2) 0.883(0.016)  0.752 (0.028) 0.943 (0.024) 1.695 0.577 (0.050)
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