Identification of antibiotic resistance in tuberculosis with whole
genome sequencing and neural networks
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Introduction

Results

• Tuberculosis (TB) is a global health threat with an
estimated 558,000 new cases of multidrug and
rifampicin resistant TB in 2017 (1).
• 29% of cases were detected and reported, indicating
the need for timely and accessible diagnostic tools
(1).
• Current molecular tests probe few genetic loci (2).
• Advances in whole genome sequencing show promise
as a conduit for quick antibiotic phenotyping.

• Our prior work demonstrated that the multitask
WDNN and regularized logistic regression classifiers
have the highest performance.
• On the expanded set of 10,198 isolates, the WDNN
demonstrates high performance: AUC of 0.959 for
first-line drugs and 0.911 for second-line drugs.
• The CNN shows promising but slightly lower
predictive performance than the WDNN for the four
drugs tested.
• A visualization of the important regions of the genes
with respect to the predictions of the CNN are shown
in a saliency map. We see well-defined regions for
resistance in all drugs but pyrazinamide.

Objectives
Building upon our prior work using a multitask wide and
deep neural network (WDNN) for predicting resistance
to 11 anti-tuberculosis drugs (3), we propose a new
convolutional model on a larger set of WGS isolates.

Methods
• Previously, we trained the WDNN on a public data set
of 3,601 MTB strains that underwent targeted or
whole genome sequencing and conventional drug
resistance phenotyping.
• We propose a convolutional neural network (CNN)
approach on a larger set of 10,198 isolates.
• The CNN directly analyzes the genetic input
sequences and aims to capture genetic motifs that
contribute to antibiotic resistance.
• We trained the CNN on 1-2 specific genes and
flanking regions previously known to be important to
resistance for each of four drugs (rifampicin,
isoniazid, pyrazinamide, and ethambutol).
• We used a gradient-based saliency map to visualize
the most important genetic regions for resistance.

Table 2. Tuberculosis drug resistance prediction AUROC performance of the
models examined using cross-validation on the set of 10,198 isolates. The cells are
colored by rank of the model for each drug.

Conclusions
• We show deep learning algorithms have high
predictive performance across 11 drugs.
• We believe that the high performance of the CNN in a
limited genomic scope indicates promise for future
performance gains with incorporation of more genomic
regions.

Figure 1. Relative importance of genomic coordinates to resistance phenotype within
each drug for the CNN.
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