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Abstract
Drug resistance in tuberculosis is on the serious threat list of world health organization with a critical
focus on addressing the genomic variations in Mycobacterium tuberculosis. This provides an opportunity
for better understanding of evolutionary progression leading to anti-microbial resistance. This impacts on
the economic stability of the global healthcare sector. A timeline genomic analysis from 2003 to 2021 of
578 mycobacterium genomes have been performed to understand the pattern underlying the genomic
variations. A total of 4,76,053 mutations with Ts/Tv ratio of 0.448 was observed. In this regard, a
recurrent neural network approach of Long short term memory model was optimized to predict the
genome-wide mutations in the ratio of 80:20 test to training set respectively.

The genomic sequences were split into batches and the error rate is averaged to 5.14% in 4 out of 5
batches and 38.99% in last batch with accurate position speci�c predictions. This has an impact on
countering the anti-microbial resistance by identifying regions with high and low genomic variability
providing insights on novel drug prospective targets. The further scope lies in improvising the model by
enriching the datasets.

1 Introduction
According to a WHO estimate, one third of the world’s population are infected with the bacterium that
causes tuberculosis (TB), Mycobacterium tuberculosis (MTb) [1, 2]. Although this disease is generally
curable and preventable, it has been observed in the recent past that a number of the �rst-line drugs are
becoming ineffective due to mutations in the organism across its generations [3–5]. One of the main
reasons for the widespread nature of this disease is that it is airborne, and hence can be easily passed on
from one person to another. The treatment of the a�iction is severely complicated by the fact that the
genetic sequence of this organism has mutated over time, rendering a number of drugs ineffective [6–8].
Any form of tuberculosis that does not respond to the drugs designed for its treatment are referred to as
drug resistant TB [9, 10].

Drug resistance occurs either due to improper administration of the TB drugs, or due to genetic mutations
across generations. As per a WHO study conducted in 2018, treatments had a 54% chance of treating
multidrug resistant TB, and only a 30% chance of treating an extreme drug resistant type of TB [11].

Typical factors of virulence like those displayed by other bacterial pathogens, like the toxins secreted by
Escherichia coli O157:H7, Corynebacterium diphtheriae, Shigella dysenteriae and others are not observed
in Mycobacterium tuberculosis. Little is known about the mode of action of M. tuberculosis however, its
virulence can be quantitatively measured. These insights are then used to establish the effects of
modi�cation in the bacterium on its ability to cause disease [12]. To describe its virulence, terms like
“mortality” and “morbidity” are used. Mortality can be de�ned as the percentage of individuals that die
from infection and can also be de�ned as the time lag between infection and death. The second very
pertinent parameter that describes virulence is bacterial load, or the count of bacteria found in the
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individual after the initial infection. This helps us to identify the way bacteria responds in the host system
and its ability to survive (�tness level) [14].

Understanding the pathogenesis of TB will help to better understand and measure morbidity and
mortality and thus measure virulence. Uncontrolled growth of the bacteria at the site of infection results
in widespread lung damage that �nally brings about death by asphyxiation. This lack of oxygen brings
about the destruction of lung parenchymal cells which are responsible for oxygen uptake and the
blockage of the bronchiolar passages by granulomatous growths as well as the rupture of the lique�ed
granulomas and the resultant blood produced in adjacent lung tissue. Other types of tuberculosis like
tubercular meningitis that affects meningial membranes of the brain, result in death due to brain tissue
in�ammation [15–18]

In the current work we provide a holistic view of the mutational patterns in M. tuberculosis via an
evolutionary time series analysis. This involves capturing the SNP’s from 2003 to 2021 and using a long
short term memory model (LSTM) which is a part of recurrent neural network (RNN) to predict the
mutations.

2 Machine Learning

2.1 Arti�cial Neural Networks
A Neural Network (NN) is a network of connected processing units that each perform computations and
act as universal function approximators. The processing units are known as perceptrons which form the
basic building blocks of an arti�cial neural network[19]. Figure 1a shows an example of an ANN which
takes inputs, processes them using weights and biases and gives a prediction as an output.

Shallow neural network has lesser number of networks compared to deep neural networks, which can
contain hundreds or even thousands of perceptrons arranged in several hidden layers. The weights and
biases are updated after every iteration of training using the process of backpropagation.

2.2 Recurrent Neural Networks (RNNs)
The recurrent neural networks were developed for the �rst time in the 1980s. It consists of an input layer,
hidden layers and an output layer just like an Arti�cial Neural Network. Memory from previous steps is
stored in the RNN Architecture using the chain like structure of this neural network.[19] A sequence of
steps can be accepted by the RNN network to keep a track of processing that takes place in the past,
unlike the neural network which is not dependent on the processing that takes place in the past. This
means the output from step t − 1 is fed back into the network to in�uence the outcome of step t, and for
each subsequent step. Therefore, RNNs have been successful in learning sequences. The sequential
learning process is shown in Fig. 1b.

Figure 1b illustrates a simple RNN with one input unit, one output unit, and one recurrent hidden unit
expanded into a full network, where Xt is the input at time step t and htis the output at timestep t.
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Backpropagation through time (BPTT) is the process that RNNs use to update the weights and biases
while taking into account the modi�cation of the feedback process. Working-backward approach is used
layer by layer from the network’s �nal output where the weights are updated based on the total output
error. The information loops repeat resulting in huge updates to neural network model weights and lead to
an unstable network due to the accumulation of error gradients during the updating process. Therefore,
BPTT is not su�ciently e�cient to learn a pattern from long-term dependency because of the gradient
vanishing and the exploding gradient problems. This would be one of the crucial reasons leading to
di�culties in the training of recurrent neural networks which can be solved by Long Short-Term Memory
Networks (LSTMs).

2.3 Long Short-Term Memory Networks (LSTM)
Long Short-Term Memory, an evolution of RNN, was introduced by Hochreiter and Schmidhuber to
primarily tackle the problems posed by RNNs by adding additional interactions per module (or cell).
LSTM’s can be used as an advanced version of RNNs that can remember information for prolonged
periods of time. [21, 22]

A detailed architecture for construction of a LSTM model can be visualized in Fig. 1c.

3 Results And Discussion
3.1 Comprehensive overview of variations in M.tuberculosis

Genome analysis was performed for 578 assembled samples across 18 years (2003–2021). Distribution
of samples per every year is tabulated in (Fig. 1a). Details of 578 samples along with its submission
details which are assembly name, assembly biosample accession and strain details are provided in
(Supplementary �le 1)

The bam �les were annotated using iVar and the output was recorded in vcf format.

Across all the 578 samples a total of 476,053 variations were recorded. The variation occurrence was
found to be 1 in every 9 nucleotides. The total number of variations can be classi�ed into 430,660 single
nucleotide polymorphisms (SNP’s); 45,211 Multiple nucleotide polymorphisms (MNP’s); 147 Inserts; 4
Deletions and 31 in mixed variants category. Inversions and duplications were found to be zero. The Fig.
2a provides an overview representation of number of mutations occurring for every 100k base pairs of
Mtb genome.

3.2 LSTM model accurately predicts SNP’s for 2021

The LSTM models were successfully trained and the accuracies and the loss values of the models were
measured. For the speci�c year 2021, the SNP’s are already known and this can be the best scenario to
predict the and compare for accuracy. For batch 1, the number of SNPs predicted for the year 2021 is
2936 but the actual number is 2936, which gives an accuracy of 95.91% prediction. Based on similar
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calculations, the accuracies for all the batches of data are shown in Table 1. Mean Squared Error (MSE)
Loss function and the Adam optimizer with a learning rate of 0.001 was used to provide maximum
performance. The LSTM Architecture was trained in PyTorch and a model hidden cell with 2 hidden layers
were used apart from the LSTM layers. The model saturated at 420 epochs which were constantly being
used for all the �ve batches of SNP data.

For the 4th batch (3 million to 4 million base pairs), the loss from MSE was 0.03%, but it is observed that
the prediction loss comes out to be 38.99%. This can be attributed to the unpredictable variations in the
SNP data of the base pairs. On the other hand, the 5th batch shows an error of 3.5% from the MSE Loss,
but the predictions come out to be very close to the actual results with an error of 1.12%.

A line plot in Fig. 2b provides a visual comparison of the predicted versus the actual SNP’s for the 2021
M.tuberculosis data.

Table 1
A comparison table of predicted SNP from LSTM model with

actual SNP from the genomic analysis along with the error rate.
Batch Predicted SNPs Actual SNP Values Error Rate

1 2936 3061 4.08%

2 3495 3270 6.88%

3 4072 3754 8.47%

4 5311 3821 38.99%

5 1082 1070 1.12%

This model can be further optimized and can be used as a template for predictions of mutations for other
organisms on priority list of WHO for anti-microbial resistance.

4 Methods

4.1 Retrieving the data from public datasets
For the current study, 578 assembled whole genome datasets from 2003 to 2021 were downloaded from
NCBI datasets for M.tuberculosis (https://www.ncbi.nlm.nih.gov/datasets/genomes/?taxon=1773).

The genomic sequence were downloaded in fasta format for analysis. The reference genome considered
in the study is Mycobacterium tuberculosis H37Rv bearing a NCBI reference number NC_000962 [23].

4.2 Mapping of samples with reference genomes
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BBMap [24] is a splice-aware global aligner for DNA and RNA sequencing reads. BBMap requires read
input to be fasta or fastq, compressed or raw. The tool has been used for long RNA-seq reads[25] along
with BB merge [26]. All the required information on compiling, installation and running of samples is
available at https://github.com/BioInfoTools/BBMap. The tools generate the coverage information using
pileup. This avoids the need of using mpileup prior to variant calling. The output �le is stored in bam
format for further processing.

4.3 Variants calling
iVar [27] is a computational package for detecting the variants of reference aligned genomic sequences
(in bam format). The detailed description on the dependencies, installing and running the package is
available in https://andersen-lab.github.io/ivar/html/index.html

The tool is also available at Galaxy Webserver (https://usegalaxy.org/) with a user friendly interface for
uploading the bam �les and running of iVar analysis pipeline. The output is stored in vcf format for
further processing.

4.4 Data pre-processing
A year-wise database starting from 2003 to 2021 was created for the 4.4 million base pairs (bp). The
dataset was then separated into 5 batches: 0 to 1 million bp’s, 1 to 2 million bp’s, 2 to 3 million bp’s, 3 to
4 million bp’s, and 4 to 4.4 million bp’s. Each batch was labelled from 1 to 5 for the base pairs range
mentioned above respectively. Figure 3 (a-e) shows the data visualized from batch 1 with x axis as the
year and the y axis indicating the number of SNPs that have taken place in a particular year.

The values of the SNPs are then normalized using a min/max scaler with minimum and maximum
values of -1 and 1 respectively. The normalization is applied only to the training data and not on test data
to avoid information leakage from training set to test set. The dataset is converted to tensors that
PyTorch [28] can act as input, and the �nal pre-processing step converts training data into sequences and
labels.

4.5 Model training with SNP data
The model was trained on the SNP data for each of the 5 SNP batches. For each of the above de�ned
batches, the data is divided into training and test sets in the approximate ratio of 80% training and 20%
testing.

5 Conclusion
Prediction of mutations from timeseries genomic data has always been looked upon as a viable solution
and have a presage towards drug discovery. In recent years, LSTM has been optimized and implemented
in SARS-nCoV-2 studies [29–31] which is focused on prediction of transversions. The current work carried
out is related to prediction of mutations. The advantages are on understanding the overall mutation
patterns of M.tuberculosis. The regions of high and low regions of variability can provide crucial insights.
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Proteins targets in low variability regions can be considered as prospective drug targets for research to be
carried out. With increase in number of datasets the model can be optimized to achieve better results.
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Figure 1

Representation of various neural network model A) A typical schematic representation of Arti�cial Neural
Network. B) A schematic representation of Recurrent Neural Network for sequential processing. C) The
neural network structure for Long short term memory (LSTM). This �gure was reproduced from [21]
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Figure 2

Visualization of mutations and prediction of variations. A) The mutations occurring for every 100k
basepairs in M.tuberculosis  have been provided as a barplot. Regions of high and low variability can be
visualized from the same. B) The SNP’s documented from the genomic analysis for the year 2021 versus
the predicted mutations are plotted as a line plot.

Figure 3
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Batch-wise SNP’s timeseries data. (A-E) The SNP’s were divided into 5 batches based on the genomic
locations of M.tuberculosis. The batch 1 to batch 5 have been labelled from A to E respectively
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