Yurtseven et al. BMC Microbiology (2023) 23:404 BMC M inObiO'Ogy
https://doi.org/10.1186/512866-023-03147-7

: : : .. ®
Machine learning and phylogenetic analysis @

allow for predicting antibiotic resistance in M.
tuberculosis

Alper Yurtseven'?', Sofia Buyanova®, Amay Ajaykumar Agrawal'?, Olga O. Bochkareva®* and Olga V. Kalinina'*°

Abstract

Background Antimicrobial resistance (AMR) poses a significant global health threat, and an accurate prediction

of bacterial resistance patterns is critical for effective treatment and control strategies. In recent years, machine
learning (ML) approaches have emerged as powerful tools for analyzing large-scale bacterial AMR data. However,

ML methods often ignore evolutionary relationships among bacterial strains, which can greatly impact performance
of the ML methods, especially if resistance-associated features are attempted to be detected. Genome-wide associa-
tion studies (GWAS) methods like linear mixed models accounts for the evolutionary relationships in bacteria, but they
uncover only highly significant variants which have already been reported in literature.

Results In this work, we introduce a novel phylogeny-related parallelism score (PRPS), which measures

whether a certain feature is correlated with the population structure of a set of samples. We demonstrate that PRPS
can be used, in combination with SYM- and random forest-based models, to reduce the number of features

in the analysis, while simultaneously increasing models’ performance. We applied our pipeline to publicly available
AMR data from PATRIC database for Mycobacterium tuberculosis against six common antibiotics.

Conclusions Using our pipeline, we re-discovered known resistance-associated mutations as well as new candidate
mutations which can be related to resistance and not previously reported in the literature. We demonstrated that tak-
ing into account phylogenetic relationships not only improves the model performance, but also yields more biologi-
cally relevant predicted most contributing resistance markers.
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of TB and reducing its effect on public health. Given
long cultivation time and complex phenotypic resist-
ance testing of Mtb, screening for genetic markers of
resistance presents an attractive alternative [2].

Known TB drugs act on Mtb via three mechanisms:
first, by preventing the synthesis of the enzymes that
makes up the cell wall; second, by interfering with ribo-
somes that affects protein production; and third, by
inhibiting several DNA-level activities, including RNA/
DNA synthesis [3]. Despite much research conducted on
the subject, the drug resistance of Mtb is not fully under-
stood, yet it is known that single nucleotide polymor-
phisms (SNPs) and other polymorphisms like insertions
and deletions (INDELS) play a crucial role in that [4].

The increasing utilization of whole genome sequenc-
ing (WGS) for Mtb strains opens up new possibilities in
identifying antimicrobial resistance. First, the phylogeny
based methods such as phylogenetic convergence test and
identification of genes under positive selection specific
to resistant genomes were successfully applied for hun-
dreds of genomes revealing genes and intergenic regions
putatively responsible for resistance [5, 6]. Another com-
monly employed method for detecting significant resist-
ance associated mutations in the data is genome-wide
association study (GWAS). For bacteria, information
about their population variations is primarily derived
from sequences of their genomes. This, in combination
with the fact that bacteria have very long genomic seg-
ments with strong linkage disequilibrium, creates a very
specific setup for bacterial GWAS. This is aggravated by
the presence of loci with multiple allelic variants and a
large accessory genome (genes that are present only in
some strains of a bacterial species, but not in others) [7].
Indeed, in Mtb recombination rates are particularly low
[8], and thus virtually all loci of the genome are in linkage
disequilibrium. On the other hand, the accessory genome
of Mtb is very small, in contrast to other bacterial spe-
cies, in which genes conferring resistance to particular
antibiotics are often transferred via plasmids [9, 10].

Strong linkage disequilibrium between loci in bacteria
implies that the population structure plays a major role
and should be accounted for in GWAS studies. Indeed,
many passenger mutations may be associated with a phe-
notype-relevant variant and will be called together with
it, because they all step from a branch of closely related
strains on the species’ phylogenetic tree. Such effects
have been accounted for by using linear mixed models .
In these models, the effect of each locus on the pheno-
type is modeled in the context of all other loci that are
considered to contribute random effects. In this way, the
effect of each locus that is strongly correlated with the
background is systematically decreased. Linear mixed
models showed promising results in bacterial GWAS for
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resistance phenotypes in many species including E. coli,
S. aureus, K. pneumoniae, and Mtb [11]. Combination of
GWAS approach with a phylogenetic convergence test in
Mtb significantly improved the approach and allowed to
identify epistatic interactions between drug-resistance-
associated genes [12]. This approach is based on the idea
that the true resistance-conferring mutations often origi-
nate at multiple branches of the phylogenetic tree of Mtb
strains, while non-relevant passenger mutations occur in
single (but maybe very populated) branches. Such effects
are not visible when the strains are considered to be inde-
pendent as in classical GWAS, but may be accounted for
when population structure is taken into account.

Apart from population structure and epistasis, other
factors like recombination rate, within-host diversity,
polygenicity and multi-allelic SNPs also need to be taken
into account while performing the GWAS in bacteria.
Various computational tools and methods have been
developed to account for these factors [13]. For example,
CCTSWEEP [14], VENN [14] and GWAMAR [15], use
phylogenetic trees to account for population structure,
but do not take other factors into account. Other phylo-
genetic tree based methods like treeWAS [16] takes all
factors into account except within-host diversity, while
Scoary [17] does not consider within-host diversity as
well as recombination rate. Among all the available bac-
terial GWAS tools, SEER [18] and pyseer (python imple-
mentation of SEER) [19] are the only two that considers
most of the pitfalls one can stumble upon in bacterial
GWAS. Both the tools use linear models with fixed or
mixed effects to perform the GWAS studies. Although
the linear mixed models are the best performing models
in GWAS studies, they are not well suited for detecting
interactive and non-linear effects. In such cases, previous
studies have used various machine learning approaches
like random forests, gradient boosting, neural networks
etc. as they can perform significant attribute selection,
can identify complex interactions between attributes and
can also capture non-linear interaction of SNPs [20-22]

Over the last few years, certain rule-based approaches
like TB-Profiler [23] have been developed to detect
the phenotype of newly sequenced Mtb strains. These
approaches work by calling out the variants and com-
paring them against curated databases. Thus, these
approaches can only detect resistance caused by known
markers. To overcome this, prediction approaches based
on machine learning (ML) have been recently explored
for the identification of resistance associated mutations
in bacteria. Similar to GWAS, the resulting popula-
tion structure can be a significant confounder in the ML
models as well. To account for population structure, 414
strains of P. aeruginosa have been investigated with a host
of classical machine-learning techniques by employing
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a training strategy based on blocks of phylogenetically
related sequence [24]. In another study which used 1681
E.coli strains for predicting AMR, they generated the
population structure matrix based on core genome align-
ment of strains and showed that the performance of their
ML models improved when accounted for population
structure [25]

In recent years, various studies have been published
studying drug resistance specifically in Mtb. Zhang et. al
used dN/dS ratio (the ratio of non-synonymous to syn-
onymous SNPs) to identify important genes and SNPs
related to Mtb resistance. They showed that apart from
SNPs in coding regions, SNPs in intergenic regions are
also strongly correlated to resistance in Mtb [5]. Other
approaches for detecting resistance in Mtb employed dif-
ferent ML models and achieved area under ROC curve
values up to 0.95 in a classification task for resistance
towards selected drugs using features from 23 selected
target genes known to be implicated in resistance devel-
opment [26, 27]. A recent computational framework,
TB-ML, provides implementations for different ML
methods such are random forest, direct association and
convolutional neural networks [28]. Treesist-TB, a cus-
tomized decision tree-based machine learning algo-
rithm for predicting resistance in Mtb, aims to extract
genomic variants which might have been missed because
of overfitting problems of the standard machine learn-
ing algorithms [29]. Furthermore, since resistance to
multiple drugs (multidrug resistance) is possible in bac-
teria, multi-label ML methods have been utilized to
predict resistance and to detect novel resistance asso-
ciated mutations [30, 31]. Besides traditional machine
learning, different deep learning approaches have also
been applied to predict the resistance in bacteria. Deep-
AMR is one such method that integrates deep denoising
auto-encoder and multi-label classification into an end-
to-end model with added explainability to models [32].
AMR-Diag is another example of a deep learning based
method that uses assembly-free neural network for pre-
dicting phenotypic resistance of E.coli and K. pneumoniae
towards 3rd generation cephalosporins and carbapenems
[33]. Training datasets for these methods can be found in
public resources, such as, for example, the PATRIC data-
base [34].

However, to date most models trained with ML algo-
rithms do not account for specifics of the bacteria
data, such as population structure and linkage disequi-
librium, and thus can be prone to misinterpretation.
Therefore, just as for GWAS studies, ranking genetic
variants is a crucial part that should be conducted
before applying algorithms for model training to filter
out non-significant features from training dataset. One
of suggested ways to rank such variants is to predict
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their potential impact on protein function [35]. An
indirect way to take population structure into account
is to design the training process specifically for each set
of bacterial genomes by splitting the isolates into train-
ing, test, and validation sets based on genomic distance
between them [36].

Quantification of the phylogenetic signal of genotypic
traits also might be used for variants ranking based on
the population structure. Originally phylogenetic sig-
nal indices, such as Pagel’s 4, Blomberg’s K, Moran’s I,
Aboubheif’s Cy o4, were developed for molecular ecology
questions, where non-independence of traits was used to
seek evidence for adaptation in the patterns of correlated
trait evolution (such as size, shape, life history and behav-
ior) across contemporary species [37, 38]. If the phyloge-
netic signal index of a particular trait is calculated, it can
be compared with values expected under random traits
distribution which can be generated analytically or be
numerically simulated by random permutations to test
the null hypothesis of no phylogenetic signal. Analytically
random traits distribution for continuous characters is
traditionally generated under a Brownian motion (BM)
model, which assumes random walk along the branches
of the phylogenetic tree, with the variance in the distribu-
tion of trait values being directly proportional to branch
length [39]. Note that these indices respond differently to
inaccuracies in phylogenetic tree construction, absence
of branch length information and low sample size [40].

As many variables analyzed in comparative genomics
are binary, several approaches for estimation of phylo-
genetic signal in a binary trait were later also developed
[41-43]. In particular, Fritz et al. suggested D-score, a
measure based on the sum of sister-clade differences in a
given phylogeny [43]. While developed to predict extinc-
tion risk for species or clades of unknown risk status, it is
still widely used to answer different ecological questions
[44, 45]. Note that this statistic is sensitive to inaccura-
cies in tree topology and requires tree rooting, thus it is
not suitable for short-scale bacterial phylogenetic trees
which are often affected by homologous recombination
and horizontal gene transfer [46]. Recently we developed
an alternative approach to estimate the discordance of
genomic features with phylogeny in a bacterial popula-
tion [47]. To rank the binary traits based on their inde-
pendence from population structure, we first performed
the ancestral reconstruction of trait states across the phy-
logenetic tree and then estimated the inconsistency based
on the number of state changes and the phylogenetic
distances between nodes where it happened. This meas-
ure, called parallelism score, is less sensitive to tree root-
ing and inconsistencies in clades with short branches,
which is often the case while reconstructing phylogeny of
closely-related bacterial species.
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In this study, we present a novel phylogeny-based
method for ranking genetic variants followed by training
ML models for predicting antibiotic resistance in Mtb.
We demonstrate that this filtering is crucial and improves
performance of the ML models. Using bacterial GWAS
methods as a baseline, we identified known resistance-
associated variants in a set of Mtb strains with known
resistance profiles from the PATRIC database, as well as
detect novel potential resistance-associated variants.

Results

First, we established a baseline with GWAS analysis. The
pyseer software identified key known resistance mecha-
nisms for the corresponding antibiotics (Fig. 1, Supp.
Table S2): mutations in 16S ribosomal RNA gene for ami-
noglycosides, mutations in 30S ribosomal protein S12,
catalase peroxidase katG, and 3-oxoacyl-ACP reductase
fabG genes for streptomycin, SNPs upstream of the ami-
noglycoside acetyltransferase eis gene for kanamycin, and
mutations in DNA gyrase subunit A for ofloxacin. We
did not observe any mutations known to confer resist-
ance to ethionamide; instead for this drug, which is a
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second-line therapyone, we observed a mutation in the
16S ribosomal RNA gene, which may be an indication of
multi-resistance against first-line streptomycin or other
aminoglycosides. In addition, we observed several unre-
ported mutations in and upstream of genes which encode
hypothetical proteins and a transcription regulator from
the AraX/XylS family that have less significant p-values.

In the ML analysis, first we calculate phylogeny-related
parallelism score (PRPS), a measure of inconsistency
between SNPs phylogenetic pattern and the species tree
topology, to exclude mutations that are strongly linked with
the population structure from the training dataset (see Meth-
ods). According to our procedure, SNPs whose distribution
is consistent with phylogenetic tree structure have low PRPS.
In contrast, high PRPS indicate independent acquisition
of SNPs by different lineages. PRPS reflects whether a SNP
is monophyletic or polyphyletic, where high PRPS scores
correspond to highly polyphyletic features (Fig. 2, top). For
comparison, a known resistance-associated mutation A90V
in GyrA that confers a strong resistance to fluoroquinolones
[48], has a PRPS score of 2.824321 and is in the top 11% of
the PRPS-ranked feature list (Fig. 2, bottom).
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Fig. 1 Associations between SNP and antibiotic resistance found using GWAS (see Methods). Horizontal line shows selected threshold

for significance
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PRPS =997.940011 (polyphyletic)

Ofloxacin resistance

Fig. 2 Top: High- and low-PRPS SNPs. Branches corresponding to the strains containing the SNP are colored red. Bottom: Mutation A90V in GyrA
associated with resistance to fluoroquinolones (left) and ofloxacin-resistant strains (right). Branches corresponding to strains with the mutation
A90V in GyrA are colored magenta and indicated with arrows. Branches corresponding to ofloxacin-resistant strains are colored green,

and the corresponding clades are marked with green arrows

Top 30% of features with highest PRPS were used for
training our ML models. In all cases, even though a sig-
nificant number of mutations (70%) were not considered
in the models, both MCC and ROCAUC values increase
in almost all cases when high-PRPS mutations are used
as features (the only exception being the RF models for
amikacin, where the performance is almost perfect any-
way). To test the significance of this observation, we
randomly deleted 70% of the mutations from our data
and re-trained the models. In this case, all performance
measures dropped drastically, which proved that SNPs
selected by the phylogeny analysis were not random and
were enriched in predictive features, while containing
less noise (Table 1). Moreover, using high-PRPS features
increased the training speed and reduced the amount of
resources used for model training in terms of memory
and CPU time. Additionally, we checked for presence
of known antibiotics resistance markers among the pre-
dictive features using features importance analysis, and
in all cases these markers are retained in the high-PRPS
models and disappear in random-30% models (data not

shown). Thus, we used top 30% high-PRPS features for all
further analysis.

We further investigated our SVM and RF models with
permutation-based feature importance analysis [49] to
identify features that are most contributing to predic-
tion outcome and thus should be investigated for being
causative variants for resistance mechanisms (Supple-
ment 3 Tables 1 & 2). First, with our ML approach we
identified a list of common known resistance-associ-
ated mutations. For example, missense variants in the
DNA gyrase gene gyrA are known to cause ofloxacin
resistance, and mutations in the 16S ribosomal RNA
gene rrs and small ribosomal subunit protein gene rpsL
are causative for aminoglycosides resistance. Futher-
more, mutations in the catalase-peroxidase gene katG
that are known to cause resistance to isoniazid and pro-
thionamide, and in the arabinosyltransferase A gene
embA cause resistance to ethambutol. In several cases
we observed SNPs upstream of known resistance-asso-
ciated genes, which may signify the importance of regu-
lation of gene expression in resistance, also reported in
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Table 1 Comparison of different feature sets
Support Vector Machine (SVM) Random Forest
All features 30% PRPS 30% Random All features 30% PRPS 30% Random
MCC
AMK 0.720 0.752 0.302 0.881 0.883 0481
CAP 0.539 0.620 0334 0.779 0.780 0.569
ETH 0.325 0.370 0.269 0.550 0.605 0488
KAN 0.766 0.685 0415 0.812 0.856 0.546
OFL 0.508 0.549 0.294 0.778 0.778 0452
STR 0.602 0613 0477 0.782 0.801 0.650
ROCAUC
AMK 0.842 0.872 0.663 0927 0918 0.765
CAP 0.779 0.816 0.683 0.858 0.863 0.718
ETH 0.665 0.686 0.640 0.780 0.807 0.746
KAN 0.873 0.844 0.718 0.880 0916 0.741
OFL 0.757 0.781 0.649 0.870 0.870 0.723
STR 0.798 0.816 0.747 0.865 0.890 0.785
Sensitivity
AMK 0.721 0.786 0485 0.868 0.843 0671
CAP 0.650 0.720 0517 0.733 0.760 0453
ETH 0.603 0.603 0676 0.689 0.779 0.691
KAN 0.787 0.755 0.585 0.777 0.681 0532
OFL 0.719 0.771 0573 0.771 0.771 0.625
STR 0.687 0.741 0.642 0.752 0.815 0.601
Specificity
AMK 0.965 0.958 0.840 0.987 0.994 0.858
CAP 0910 0912 0.849 0.983 0.979 0.982
ETH 0.727 0.769 0.603 0.810 0.835 0.802
KAN 0.961 0933 0.851 0.983 0.992 0.949
OFL 0.796 0.790 0.725 0.970 0.970 0.820
STR 0910 0.891 0.853 0.977 0.965 0.969

literature [50-52]. In particular, we identified -15C>T
(15 bases upstream of the start codon) mutation in
the fabGI gene that is known to be associated with
ethionamide resistance and -165T>C mutation in rpsL
gene that is associated with aminoglycoside resistance.
Moreover, we observed new connections of known
resistance markers with other antibiotics. For example,
katG is known to be associated with resistance to iso-
niazid and prothionamide [53, 54], which are a first and
second-line drugs respectively, but we see a Argd63Leu
mutation in katG to be predictive of resistance to strep-
tomycin. In addition to known resistance-associated
variants, we identified previously undescribed variant
resulting in non-synonymous mutation: Ile145Met in a
probable amino acid aminotransferase PabC.

To investigate the robustness of our models, we also
have trained models with different seeds for random split
(see Methods). 10 randomly selected seeds have been
used, and they all yielded similar results both for model’s

MCC (Matthews correlation coefficient) and AUROC
(Area under the receiver operating characteristic) val-
ues, as well as permutation importance feature analysis.
We have observed higher MCC and AUROC values for
random forest as compared to SVM for every antibiotic
(Table 2).

To predict the impact of non-synonymous coding vari-
ants on the proteins’ function we analyzed their location
in the protein three-dimensional structure with Struct-
MAn [55]. This tool predicts location of mutated posi-
tion with respect to potential binding interfaces as well
as protein core based on analysis of all experimentally
resolved structures of complexes of homologous pro-
teins. Thus, even if a certain binding event has never been
detected for a particular bacterium, we can hypothesize
about them by transferring information from related spe-
cies. Most known resistance-associated mutations as well
as previously undescribed variants can be mapped onto
a structure where they lie on an interaction interface or
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Table 2 Performance of trained ML models with random seeds
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Support Vector Machine (SVM)

Random Forest

Hold-out Cross Validation Hold-out Cross Validation
MEAN STDEV MEAN STDEV MEAN STDEV MEAN STDEV
MCC
AMK 0.775 0.034 0.771 0.057 0.859 0.026 0.853 0.059
CAP 0.671 0.061 0.661 0.060 0.766 0.035 0.799 0.040
ETH 0.367 0.072 0.353 0.068 0519 0.054 0.566 0.074
KAN 0.688 0.031 0.686 0.047 0.820 0.044 0.866 0.025
OFL 0.555 0.037 0.571 0.068 0.801 0.035 0.809 0.024
STR 0.626 0.026 0.611 0.030 0.799 0.013 0.816 0.018
ROCAUC
AMK 0.873 0.021 0.874 0.031 0.904 0.027 0.895 0.042
CAP 0.843 0.028 0.849 0.034 0.865 0.012 0.885 0.023
ETH 0.685 0.039 0677 0.036 0.760 0.027 0.777 0.031
KAN 0.850 0.021 0.853 0.033 0.889 0.023 0919 0.019
OFL 0.780 0.018 0.786 0.032 0.887 0.015 0.891 0.014
STR 0.821 0.013 0.815 0.013 0.892 0.007 0.898 0.013
in the protein core. For some new variants, there are nei- Discussion

ther any experimentally resolved structures of the cor-
responding protein, nor of its homologs. In this case we
relied on structures predicted with AlphaFold and four
out of six of these variants are classified as surface. No
complexes of these proteins have been resolved, so it is
possible that these surface mutations in fact take part in
some biologically important interactions (Table 3).

For example, mutation Ilel45Met in the putative
amino acid aminotransferase PabC (corresponds to SNP
906857A>Q) is located on a protein-protein interaction
interface of the protein (Fig. 3). Although the role of this
protein in ethionamide resistance is not clear, this muta-
tion may change affinity of interaction between the subu-
nits, and thus impact protein function.

Large collections of M. tuberculosis genomes provide
a basis to study genomic features that cause antibiotic
resistance in their populations. Understanding of molec-
ular mechanisms, how both classical and new antituber-
cular drugs work and identifying specific mutations that
allow Mtb to escape the effects of these drugs are impor-
tant for development of new extended diagnostic panels
as well as new efficient methods of treatments.
Traditional pipelines for Mtb drug resistance are based
on calling known resistance-associated mutations in the
newly sequenced genomic data (direct association), and
work quite well with nearly perfect specificity. Mean-
while, ML approaches can improve this performance fur-
ther [26]. However, this study focussed only on 23 genes

Table 3 Structural classification of known resistance-associated and novel predictive variants

Variant ID Gene Mutation Uniprot ID RIN-based simple Observed Reported resistance to
classification resistance to
Known resistance-associated mutations
(7570, 'CT, 'snp’) gyrA A90V POWG47 Ligand interaction OFL, ETH FQ[53, 54]
(7362,'G,C, 'snp) gyrA E21Q POWG47 Protein interaction OFL FQ[53, 54]
(781687, AG, 'snp) rpsL K43R POWH63 RNA interaction STR STR[53, 54]
(2154724, 'CA; 'snp) katG R463L POWIES Surface STR INH, PTO [53, 54]
Previously unreported variants
(781395, 'T.C, 'snp) rpsL T-164C POWH63 - STR -
(906857, AG, 'snp’) pabC [145M Q79FW0 Protein interaction ETH -
Previously unreported variants with no structural templates (AlphaFold [56] models used)
(1670814, 'C,T, 'snp’) DUF58 G134G AOA7U4G1E6 Core ETH -
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Fig. 3 Structural analysis of the novel potential resistance marker.
Corresponding mutation is shown as violet sticks, different chains
in multimeric protein complex is shown with ribbons in different
colors. Figure was created with PyMOL [57]. Mutation lle145Met
in the putative amino acid aminotransferase PabC, mapped on 3D
structure, PDB id 6Q1S

known to be associated with drug resistance, considering
only on a small number of arguably most relevant fea-
tures, and thus missing the possibility to discover novel
resistance mechanisms. ML methods show promise not
only for Mtb drug resistance, but for work on other path-
ogens as well [24], slowly making their way into personal-
ized clinical guidelines [58].

In this work we propose a set of ML models for predict-
ing antibiotics resistance in Mtb trained on public data.
Despite the fact that our models are agnostic of prior
biological knowledge on resistance markers and mecha-
nisms, they were able to re-discover many of these known
resistance markers. In addition to that, we have observed
previously unreported resistance-associated mutations:
For instance, we detected markers known to be associ-
ated with resistance to other antibiotics than those that
were used in the phenotypic screens under consideration:
for example, in the data for streptomycin (first-line drug)
we detected a mutation in katG that is associated with
resistance to a first and second-line drugs isoniazid and
prothionamide [53, 54], which may hint at multi-resist-
ance. This emphasizes the importance of using whole-
genome sequences in such models as they are a mine of
additional information.

Using whole-genome sequences, however, is connected
with a danger of discovering many false-positive associa-
tions, due to low recombination rates and strong popula-
tion structure in bacteria [11]. Different approaches have
been suggested to account for this: using linear mixed
models [11], adding a feature that reflects predicted
functional impact of the genetic variant [35], or training
while accounting for population structure in the sam-
ple [24]. We proposed a simple procedure and measure
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(parallelism-related phylogenetic score, PRPS) to rank
genetic variants by their propensity to occur at multiple
locations within the species’ phylogenetic tree and show
that using only top-PRPS features improves performance
of the models and minimizes the number of potential
false positives. Combinations of multiple such scores are
thinkable: for example, with predicted functional impact
of corresponding mutations [59—-61] or with their poten-
tial impact on protein structure and interactions [55].

We have demonstrated the potential of ML meth-
ods and compared them to the state-of-the-art GWAS
approaches. In a certain sense, the way an ML algo-
rithm combines the effects of different features is simi-
lar to how polygenic risk scores (which are also used in
GWAS, but primarily in connection with human dis-
ease [62]) combine the effect of different mutations.
Whereas classical PRS combine the effects linearly, ML
approaches are finding their way in more advanced ver-
sions of PRS to capture non-linear (epistatic) effects
[62-64].

ML methods are not restricted to SNPs. Whereas
SNPs play a major role for resistance development in
Mtb, other mechanisms are prevalent in other patho-
gens, such as horizontal gene transfer of resistance-
associated genes via plasmids. Accordingly, features
related to gene presence can be easily incorporated into
models. Thanks to advances and increasing accessibility
of long-read sequencing technologies, other potential
mechanisms can be included and their impact on resist-
ance can be explored: gene copy number, chromosomal
rearrangements etc. [65-67]. Whereas sequencing
becomes cheaper, phenotypic screens that are required
to train ML models are still laborious and costly, hence
algorithmic developments to make most out of limited
data are essential, too.

Conclusion

We present ML models for the discovery of antibiotic
resistance markers in Mtb. The models are trained using
whole-genome sequences with accompanying resistance
screens, and the resistance markers are extracted with
feature importance analysis. We emphasize the impor-
tance of accounting for population structure within a
bacterial species by introducing PRPS, phylogeny-related
parallelism score. We show that ML models that employ
PRPS-aware features demonstrate superior performance,
as well as discover more biologically meaningful markers.
Additionally, we show that it is possible to uncover mark-
ers related to first-line drugs when analyzing screens
for second-line drugs, as multi-resistance occurs quite
frequently. We report several new potential resistance
markers and discuss the corresponding possible molecu-
lar mechanisms.
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Methods

Genomic and phenotypic data and variant calling

Genome sequences and the resistant phenotype data
of the Mtb strains for six antibiotics (amikacin, capreo-
mycin, ethionamide, kanamycin, ofloxacin and strepto-
mycin) were downloaded from PATRIC database [34]
(retrieved on November 26, 2021). First, the strains were
filtered out because the corresponding fasta files were
corrupted in the database. Next, the duplicate genomes
and the cases when identical genomes were annotated
with conflicting phenotypes were further removed.
Additionally, genomes with more than 5 consecutive ‘N’
nucleotides, L90 > 100 and those comprising more than
999 contigs were excluded from our study. To get rid of
contamination, all genomes with maximum pairwise
Mash genetic distance exceeding 0.2 to any other genome
were removed. Finally, genomes with the length deviating
by more than two standard deviations from the average
Mtb genome length and those with more than 5% con-
tamination were excluded from our study. After applying
these filters, our final dataset consisted of 4869 genomes
(Supplement 4 Table 2) which were used in our study
(Table 4).

Whole genome sequences of all the 4869 strains were
mapped to the H37Rv reference genome (NCBI acces-
sion: NC_000962) and variant calling was performed
using the Snippy [68]. Variants present in less than 0.2%
strains were filtered out to account for sequencing errors.
Among the variants, we removed INDELS and only
retained single-nucleotide polymorphism (SNPs). Finally,
we were left with 24,425 SNPs which were then used as a
features for further downstream studies.

Genome wide association studies (GWAS)

As a baseline, genome wide association analysis was car-
ried out using pyseer [19], since this tool accounts for
most of the pitfalls that one can come across in bacte-
rial GWAS [13]. To account for strong population struc-
ture, a similarity kinship matrix was generated using
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“similarity_pyseer” command of pyseer and was used as
input for GWAS analysis. Further, the linear mixed mod-
els (LMM) which models other SNPs as random effects
to control for population structure was used to perform
the GWAS analysis. Finally, to control for multiple test-
ing, the Bonferroni correction was used, and a p-value
threshold of 0.05 divided by number of variants was
adopted for all antibiotics to select the significant vari-
ants associated with resistance phenotype.

Phylogenetic reconstruction and phylogeny-related
parallelism score

To build the phylogeny of the Mtb strains, we used the
PanACoTA pipeline [69]. Orthologous groups were con-
structed with 80% threshold for protein identity, concat-
enated codon alignment of 161 single-copies common
genes was used to construct the maximum-likelihood
phylogenetic tree using fasttree [70] with 1000 bootstrap
replicates. The phylogenetic tree with resistance profiles
was visualized using the iTOL online tool [71]. To calcu-
late the phylogeny-related parallelism score (PRPS) for
each SNP we perform the following procedure (adopted
from [72]). First we generate a matrix of the pairwise
distances between all the nodes in the tree. Then we col-
lapse the clades where all leaves have a SNP and assign
this SNP to the corresponding ancestral node. Finally we
calculate the PRPS as a logarithm of a sum of pairwise
distances between the nodes with SNP:

PRPSsnp = log <Znem# D(Ni’]\[j)>

where N are nodes which the SNP is assigned to, D is the
phylogenetic distance between them. Thus, PRPS reflects
the number of occurrences of a SNP across the tree and
distances between the nodes where it occurred.

Machine learning for predicting antimicrobial resistance
Resistance profiles from the PATRIC database were used
as the target variable for machine learning methods. To

Table 4 Datasets used in this study. For the number of strains and SNPs, the final numbers after all filtering are provided

Drug name Line of therapy Pharmacological group Number of Number (fraction) of Number
strains resistant strains of SNPs
(features)
STR First line Aminoglycosides 4,726 1158 (24,5%) 24,425
AMK Second line Aminoglycosides 1,149 208 (18,1%) 18,864
CAP Second line Aminoglycosides 1,086 205 (18,9%) 17,045
KAN Second line Aminoglycosides 1,362 297 (21,8%) 17,335
OFL Second line Fluoroquinolones 795 307 (38,6%) 14,185
ETH Second line Nicotinamide derivative 571 210 (36,8%) 12,974
Total 4,869 24,425
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this end, the minimal inhibitory concentration (MIC)
values were converted into a binary variable represent-
ing ‘resistant” and ‘susceptible’ phenotypes. We used two
supervised learning models; support vector machine
(SVM) with linear kernels and random forest (RF) algo-
rithms. For SVM, data were divided into training and test
sets randomly with 67% and 33% going into the training
and test sets, respectively. Models were trained on the
training set with the hold-out validation technique with
different C values and tested on the test set. Best mod-
els were selected by choosing the ones with the highest
MCC (Matthews correlation coefficient) score. To vali-
date robustness of the models, we have trained additional
20 models with different randomization seeds with 30%
top PRPS score features. We used the hold-out strategy
with 67% training and 33% test split (10 models), and
4-fold cross validation with 80% going to training/vali-
dation and 20% to the test set (10 models). Training and
validation sets were used to optimize for different C val-
ues. For RF, the whole training procedure was analogous
to SVMs. Hyperparameters were optimized with Auto-
sklearn 2.0 [73] using the hold-out resampling strategy.
Again, we trained additional ML models with different
randomization seeds and applied hold-out and cross-val-
idation strategies. All ML models were implemented with
scikit-learn [74] and auto-sklearn [73] in Python.

Three feature sets were used for our ML models: (1) all
SNPs selected as described above; (2) 30% features with
highest PRPS; (3) 30% features chosen randomly from all
features. The 30% threshold was chosen, since it consist-
ently delivered best performance for the PRPS-ranked
features (data not shown). Further, feature importance
analysis was performed to extract predictive resistance
genetic markers. For RF models, we used permutation-
based feature importance analysis [74] with significance
threshold of 7> > 0.03. For SVMs we used both permuta-
tion-based feature importance analysis with significance
threshold of 72 > 0.03 and coefficients. For additional
models, important features for each model are calculated
by using permutation-based feature importance analysis
[74]. For each model, important features were collected
with 72 > 0.03. For each antibiotic and model tech-
nique, a feature is deemed important if it was observed
as important in at least 8 out of 10 corresponding rand-
omized models.

Abbreviations

AMK Amikacin

AMR Antimicrobial resistance

CAP Capreomycin

EMB Ethambutol

ETH Ethionamide

FQ Fluoroquinolone

GWAS  Genome-Wide Association Study
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KAN Kanamycin

ML Machine Learning

OFL Ofloxacin

PTO Prothionamide

RF Random Forest

STR Streptomycin
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Supplementary Information

The online version contains supplementary material available at https://doi.
org/10.1186/512866-023-03147-7.

[ Additional file 1. }

Acknowledgements
We thank the editor and the anonymous reviewers for their comments and
suggestions.

Authors’ contributions

AY.and AAA. created the machine-leaning model, wrote the code, and ran
the analysis. S.B. and O.0.B. devised the phylogeny-related parallelism score.
S.B. wrote the code and ran the analysis. O.V.K. conceived the study. O.0.B. and
O.VK. analyzed the results. All authors wrote the manuscript.

Funding

Open Access funding enabled and organized by Projekt DEAL. A.Y. and O.V.K.
acknowledge financial support from the Klaus Faber Foundation. A A.A. was
funded by the HelmholtzAl project AMR-XAI. The work of O.0.B. is funded

by Fonds zur Forderung der Wissenschaftlichen Forschung (FWF), Grant ESP
253-B.

Availability of data and materials
Implementation of the models, trained models and data tables can be found
on GitHub: https://github.com/AlperYurtseven/ML-PRPS-MTB.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 12 September 2023 Accepted: 7 December 2023
Published online: 20 December 2023

References

1. WHO. Global tuberculosis report 2022. 2022. https://www.who.int/publi
cations/i/item/9789240061729. Accessed 19 Aug 2023.

2. Yusoof KA, Garcia JI, Schami A, Garcia-Vilanova A, Kelley HV, Wang SH,
et al. Tuberculosis Phenotypic and Genotypic Drug Susceptibility Testing
and Immunodiagnostics: A Review. Front Immunol. 2022;13. https://doi.
0rg/10.3389/fimmu.2022.870768. https://www.ncbi.nlm.nih.gov/pmc/
articles/PMC9301132/pdf/fimmu-13-870768.pdf.

3. Nasiri MJ, Haeili M, Ghazi M, Goudarzi H, Pormohammad A, Imani Fooladi
AA, et al. New Insights in to the Intrinsic and Acquired Drug Resistance
Mechanisms in Mycobacteria. Front Microbiol. 2017;8. https://doi.org/10.
3389/fmicb.2017.00681.


https://doi.org/10.1186/s12866-023-03147-7
https://doi.org/10.1186/s12866-023-03147-7
https://github.com/AlperYurtseven/ML-PRPS-MTB
https://www.who.int/publications/i/item/9789240061729
https://www.who.int/publications/i/item/9789240061729
https://doi.org/10.3389/fimmu.2022.870768
https://doi.org/10.3389/fimmu.2022.870768
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9301132/pdf/fimmu-13-870768.pdf
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9301132/pdf/fimmu-13-870768.pdf
https://doi.org/10.3389/fmicb.2017.00681
https://doi.org/10.3389/fmicb.2017.00681

Yurtseven et al. BMC Microbiology

20.

21.

22.

(2023) 23:404

Gygli SM, Borrell S, Trauner A, Gagneux S. Antimicrobial resistance in
Mycobacterium tuberculosis: mechanistic and evolutionary perspectives.
FEMS Microbiol Rev. 2017;41(3):354-73. https://doi.org/10.1093/femsre/
fux011.

Zhang H, Li D, Zhao L, Fleming J, Lin N, Wang T, et al. Genome sequenc-
ing of 161 Mycobacterium tuberculosis isolates from China identifies
genes and intergenic regions associated with drug resistance. Nat Genet.
2013;45(10):1255-60. https://doi.org/10.1038/ng.2735.

Farhat MR, Shapiro BJ, Kieser KJ, Sultana R, Jacobson KR, Victor TC, et al.
Genomic analysis identifies targets of convergent positive selection in
drug-resistant Mycobacterium tuberculosis. Nat Genet. 2013;45(10):1183-
9. https://doi.org/10.1038/ng.2747.

Power RA, Parkhill J, de Oliveira T. Microbial genome-wide association
studies: lessons from human GWAS. Nat Rev Genet. 2016;18(1):41-50.
https://doi.org/10.1038/nrg.2016.132.

Liu X, Gutacker MM, Musser JM, Fu YX. Evidence for Recombination in
Mycobacterium tuberculosis. J Bacteriol. 2006;188(23):8169-77. https://
doi.org/10.1128/jb.01062-06. https://www.ncbi.nlm.nih.gov/pmc/artic
les/PMC1698211/pdf/1062-06.pdf

Yang T, Zhong J, Zhang J, Li C, Yu X, Xiao J, et al. Pan-Genomic Study of
Mycobacterium tuberculosis Reflecting the Primary/Secondary Genes,
Generality/Individuality, and the Interconversion Through Copy Number
Variations. Front Microbiol. 2018;9. https://doi.org/10.3389/fmicb.2018.
01886.

Bennett PM. Plasmid encoded antibiotic resistance: acquisition and
transfer of antibiotic resistance genes in bacteria. Br J Pharmacol.
2009;153(51):5347-57. https://doi.org/10.1038/s}.bjp.0707607. https://
www.ncbi.nlm.nih.gov/pmc/articles/PMC2268074/.

. Earle SG, Wu CH, Charlesworth J, Stoesser N, Gordon NC, Walker TM, et al.

Identifying lineage effects when controlling for population structure
improves power in bacterial association studies. Nat Microbiol. 2016;1(5).
https://doi.org/10.1038/nmicrobiol.2016.41.

. Coll F, Phelan J, Hill-Cawthorne GA, Nair MB, Mallard K, Ali S, et al.

Genome-wide analysis of multi- and extensively drug-resistant Myco-
bacterium tuberculosis. Nat Genet. 2018;50(2):307-16. https://doi.org/10.
1038/541588-017-0029-0.

San JE, Baichoo S, Kanzi A, Moosa Y, Lessells R, Fonseca V, et al. Current
Affairs of Microbial Genome-Wide Association Studies: Approaches, Bot-
tlenecks and Analytical Pitfalls. Front Microbiol. 2020;10. https://doi.org/
10.3389/fmich.2019.03119.

Habib F, Johnson AD, Bundschuh R, Janies D. Large scale genotype phe-
notype correlation analysis based on phylogenetic trees. Bioinformatics.
2007;23(7):785-8. https://doi.org/10.1093/bioinformatics/btm003.
Wozniak M, Tiuryn J, Wong L. GWAMAR: Genome-wide assessment of
mutations associated with drug resistance in bacteria. BMC Genomics.
2014;15(510). https://doi.org/10.1186/1471-2164-15-510-510.

Collins C, Didelot X. A phylogenetic method to perform genome-wide
association studies in microbes that accounts for population structure
and recombination. PLoS Comput Biol. 2018;14(2):e1005958. https://doi.
0rg/10.1371/journalpcbi.1005958.

Brynildsrud O, Bohlin J, Scheffer L, Eldholm V. Rapid scoring of genes in
microbial pan-genome-wide association studies with Scoary. Genome
Biol. 2016;17(1). https://doi.org/10.1186/513059-016-1108-8.

Lees JA, Vehkala M, Valimaki N, Harris SR, Chewapreecha C, Croucher NJ,
et al. Sequence element enrichment analysis to determine the genetic
basis of bacterial phenotypes. Nat Commun. 2016;7(1):12797. https://doi.
0rg/10.1038/ncomms12797. https://www.nature.com/articles/ncomm
s12797.

Lees JA, Galardini M, Bentley SD, Weiser JN, Corander J. pyseer: a comprehen-
sive tool for microbial pangenome-wide association studies. Bioinformatics.
2018;34(24):4310-2. https.//doi.org/10.1093/bioinformatics/bty539.

Dorani F, Hu T. Feature selection for detecting gene-gene interactions

in genome-wide association studies. Appl Evol Comput. 2018;33-46.
https://doi.org/10.1007/978-3-319-77538-8_3.

LiuY, Wang D, He F, Wang J, Joshi T, Xu D. Phenotype prediction and
genome-wide association study using deep convolutional neural
network of soybean. Front Genet. 2019;10. https://doi.org/10.3389/fgene.
2019.01091.

Enoma DO, Bishung J, Abiodun T, Ogunlana O, Osamor VC. Machine
learning approaches to genome-wide association studies. J King Saud
Univ Sci. 2022;34(4):101847. https://doi.org/10.1016/j.jksus.2022.101847.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33

34.

35.

36.

37.

38.

39.

40.

41.

42.

Page 11 of 12

Coll F, McNerney R, Preston MD, Guerra-Assuncao JA, Warry A, Hill-Caw-
thorne G, et al. Rapid determination of anti-tuberculosis drug resistance
from whole-genome sequences. Genome Med. 2015;7(1). https://doi.
0rg/10.1186/513073-015-0164-0.

Khaledi A, Weimann A, Schniederjans M, Asgari E, Kuo T, Oliver A, et al.
Predicting antimicrobial resistance in Pseudomonas aeruginosa with
machine learning-enabled molecular diagnostics. EMBO Mol Med.
2020;12(3). https://doi.org/10.15252/emmm.201910264.
Moradigaravand D, Palm M, Farewell A, Mustonen V, Warringer J, Parts L.
Prediction of antibiotic resistance in escherichia coli from large-scale pan-
genome Data. PLoS Comput Biol. 2018;14(12). https://doi.org/10.1371/
journal.pchi.1006258.

Yang Y, Niehaus KE, Walker TM, Igbal Z, Walker AS, Wilson DJ, et al.
Machine learning for classifying tuberculosis drug-resistance from DNA
sequencing data. Bioinformatics. 2017;34(10):1666-71. https://doi.org/10.
1093/bioinformatics/btx801.

Deelder W, Christakoudi S, Phelan J, Benavente ED, Campino S, McNerney
R, et al. Machine learning predicts accurately mycobacterium tuberculo-
sis drug resistance from whole genome sequencing data. Front Genet.
2019;10. https://doi.org/10.3389/fgene.2019.00922.

Libiseller-Egger J, Wang L, Deelder W, Campino S, Clark TG, Phelan JE.
TB-ML - a framework for comparing machine learning approaches to
predict drug resistance of Mycobacterium tuberculosis. 2023. https://doi.
0rg/10.1093/bioadv/vbad040.

Deelder W, Napier G, Campino S, Palla L, Phelan J, Clark TG. A modified
decision tree approach to improve the prediction and mutation discov-
ery for drug resistance in mycobacterium tuberculosis. BMC Genomics.
2022;23(1). https://doi.org/10.1186/512864-022-08291-4.

Kouchaki S, Yang Y, Lachapelle A, Walker TM, Walker AS, Peto TE, et al.
Multi-label random forest model for tuberculosis drug resistance clas-
sification and mutation ranking. Front Microbiol. 2020;11. https://doi.org/
10.3389/fmich.2020.00667.

Ren'Y, Chakraborty T, Doijad S, Falgenhauer L, Falgenhauer J, Goesmann
A, et al. Multi-label classification for multi-drug resistance prediction of
escherichia coli. Comput Struct Biotechnol J. 2022,20:1264-70. https://
doi.org/10.1016/).csbj.2022.03.007.

Yang Y, Walker TM, Walker AS, Wilson DJ, Peto TE, Crook DW, et al. DeepAMR for
predicting co-occurrent resistance of mycobacterium tuberculosis. Bioinfor-
matics. 2019;35(18):3240-9. https://doi.org/10.1093/bicinformatics/btz067.
Avershina E, Sharma P, Taxt AM, Singh H, Frye SA, Paul K, et al. Amr-Diag:
Neural network based genotype-to-phenotype prediction of resistance
towards B-lactams in escherichia coli and Klebsiella pneumoniae. Com-
put Struct Biotechnol J. 2021;19:1896-906. https://doi.org/10.1016/j.csbj.
2021.03.027.

Wattam AR, Davis JJ, Assaf R, Boisvert S, Brettin T, Bun C, et al. Improve-
ments to PATRIC, the all-bacterial Bioinformatics Database and Analysis
Resource Center. Nucleic Acids Res. 2016;45(D1):D535-42. https://doi.
0rg/10.1093/nar/gkw1017.

Majek P, Luftinger L, Beisken S, Rattei T, Materna A. Genome-Wide
Mutation Scoring for Machine-Learning-Based Antimicrobial Resist-
ance Prediction. Int J Mol Sci. 2021;22(23):13049. https://doi.org/10.
3390/ijms222313049.

Luftinger L, Majek P, Beisken S, Rattei T, Posch AE. Learning From Lim-
ited Data: Towards Best Practice Techniques for Antimicrobial Resist-
ance Prediction From Whole Genome Sequencing Data. Front Cell
Infect Microbiol. 2021;11. https://doi.org/10.3389/fcimb.2021.610348.
Pagel M. Seeking the evolutionary regression coefficient: An analysis
of what comparative methods measure. J Theor Biol. 1993;164(2):191-
205. https://doi.org/10.1006/jtbi.1993.1148.

Pagel M. Inferring the historical patterns of Biological Evolution. Nature.
1999;401(6756):877-84. https://doi.org/10.1038/44766.

Blomberg SP, Garland T, Ives AR. Testing for phylogenetic signal

in comparative data: Behavioral traits are more labile. Evolution.
2003;57(4):717-45. https://doi.org/10.1111/].0014-3820.2003.tb00285 x.
Minkemller T, Lavergne S, Bzeznik B, Dray S, Jombart T, Schiffers K,

et al. How to measure and test phylogenetic signal. Methods Ecol Evol.
2012;3(4):743-56. https://doi.org/10.1111/j.2041-210x.2012.00196.X.
Ives AR, Garland T. Phylogenetic logistic regression for binary dependent
variables. Syst Biol. 2009;59(1):9-26. https://doi.org/10.1093/sysbio/syp074.
Borges R, Machado JP, Gomes C, Rocha AP, Antunes A. Measuring
phylogenetic signal between categorical traits and Phylogenies.


https://doi.org/10.1093/femsre/fux011
https://doi.org/10.1093/femsre/fux011
https://doi.org/10.1038/ng.2735
https://doi.org/10.1038/ng.2747
https://doi.org/10.1038/nrg.2016.132
https://doi.org/10.1128/jb.01062-06
https://doi.org/10.1128/jb.01062-06
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1698211/pdf/1062-06.pdf
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1698211/pdf/1062-06.pdf
https://doi.org/10.3389/fmicb.2018.01886
https://doi.org/10.3389/fmicb.2018.01886
https://doi.org/10.1038/sj.bjp.0707607
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2268074/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2268074/
https://doi.org/10.1038/nmicrobiol.2016.41
https://doi.org/10.1038/s41588-017-0029-0
https://doi.org/10.1038/s41588-017-0029-0
https://doi.org/10.3389/fmicb.2019.03119
https://doi.org/10.3389/fmicb.2019.03119
https://doi.org/10.1093/bioinformatics/btm003
https://doi.org/10.1186/1471-2164-15-s10-s10
https://doi.org/10.1371/journal.pcbi.1005958
https://doi.org/10.1371/journal.pcbi.1005958
https://doi.org/10.1186/s13059-016-1108-8
https://doi.org/10.1038/ncomms12797
https://doi.org/10.1038/ncomms12797
https://www.nature.com/articles/ncomms12797
https://www.nature.com/articles/ncomms12797
https://doi.org/10.1093/bioinformatics/bty539
https://doi.org/10.1007/978-3-319-77538-8_3
https://doi.org/10.3389/fgene.2019.01091
https://doi.org/10.3389/fgene.2019.01091
https://doi.org/10.1016/j.jksus.2022.101847
https://doi.org/10.1186/s13073-015-0164-0
https://doi.org/10.1186/s13073-015-0164-0
https://doi.org/10.15252/emmm.201910264
https://doi.org/10.1371/journal.pcbi.1006258
https://doi.org/10.1371/journal.pcbi.1006258
https://doi.org/10.1093/bioinformatics/btx801
https://doi.org/10.1093/bioinformatics/btx801
https://doi.org/10.3389/fgene.2019.00922
https://doi.org/10.1093/bioadv/vbad040
https://doi.org/10.1093/bioadv/vbad040
https://doi.org/10.1186/s12864-022-08291-4
https://doi.org/10.3389/fmicb.2020.00667
https://doi.org/10.3389/fmicb.2020.00667
https://doi.org/10.1016/j.csbj.2022.03.007
https://doi.org/10.1016/j.csbj.2022.03.007
https://doi.org/10.1093/bioinformatics/btz067
https://doi.org/10.1016/j.csbj.2021.03.027
https://doi.org/10.1016/j.csbj.2021.03.027
https://doi.org/10.1093/nar/gkw1017
https://doi.org/10.1093/nar/gkw1017
https://doi.org/10.3390/ijms222313049
https://doi.org/10.3390/ijms222313049
https://doi.org/10.3389/fcimb.2021.610348
https://doi.org/10.1006/jtbi.1993.1148
https://doi.org/10.1038/44766
https://doi.org/10.1111/j.0014-3820.2003.tb00285.x
https://doi.org/10.1111/j.2041-210x.2012.00196.x
https://doi.org/10.1093/sysbio/syp074

Yurtseven et al. BMC Microbiology

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

56.

57.

58.

59.

60.

(2023) 23:404

Bioinformatics. 2018;35(11):1862-9. https://doi.org/10.1093/bioinforma
tics/bty800.

Fritz SA, Purvis A. Selectivity in mammalian extinction risk and threat
types: A new measure of phylogenetic signal strength in binary traits.
Conserv Biol. 2010;24(4):1042-51. https://doi.org/10.1111/j.1523-1739.
2010.01455.x.

Cano-Barbacil C, Radinger J, Grenouillet G, Garcia-Berthou E. Phylo-
genetic signal and evolutionary relationships among traits of inland
fishes along elevational and longitudinal gradients. Freshw Biol.
2022,67(5):912-25. https://doi.org/10.1111/fwb.13890.

Arbetman MP, Gleiser G, Morales CL, Williams P, Aizen MA. Global
decline of bumblebees is phylogenetically structured and inversely
related to species range size and pathogen incidence. Proc R Soc B Biol
Sci. 1859;2017(284):20170204. https://doi.org/10.1098/rspb.2017.0204.
Didelot X, Maiden MCJ. Impact of recombination on bacterial evolu-
tion. Trends Microbiol. 2010;18(7):315-22. https://doi.org/10.1016/j.tim.
2010.04.002.

Zabelkin A, Yakovleva Y, Bochkareva O, Alexeev N. Parebrick: Paral-

lel rearrangements and Breaks Identification Toolkit. Bioinformatics.
2021,38(2):357-63. https://doi.org/10.1093/bioinformatics/btab691.
Aubry A, Veziris N, Cambau E, Truffot-Pernot C, Jarlier V, Fisher LM.
Novel Gyrase Mutations in Quinolone-Resistant and -Hypersusceptible
Clinical Isolates of Mycobacterium tuberculosis : Functional Analysis of
Mutant Enzymes. Antimicrob Agents Chemother. 2006;50(1):104-12.
https://doi.org/10.1128/aac.50.1.104-112.2006.

Breiman L. Random Forests. Mach Learn. 2001;45(1):5-32. https://doi.
0rg/10.1023/a:1010933404324. https://link.springer.com/article/10.
1023/a:1010933404324

Schrader SM, Botella H, Jansen R, Ehrt S, Rhee K, Nathan C, et al.
Multiform antimicrobial resistance from a metabolic mutation. Sci Adv.
2021,7(35). https://doi.org/10.1126/sciadv.abh2037.

Grandgirard D, Furi L, Ciusa ML, Baldassarri L, Knight DR, Morrissey |,

et al. Mutations upstream of fabl in triclosan resistant Staphylococcus
aureus strains are associated with elevated fabl gene expression. BMC
Genomics. 2015;16(1). https://doi.org/10.1186/512864-015-1544-y.
Sreevatsan S, Pan X, Zhang Y, Kreiswirth BN, Musser JM. Mutations
associated with pyrazinamide resistance in pncA of Mycobacterium
tuberculosis complex organisms. Antimicrob Agents Chemother.
1997;41(3):636-40. https://doi.org/10.1128/aac.41.3.636.

Cohen KA, Manson AL, Desjardins CA, Abeel T, Earl AM. Deciphering
drug resistance in Mycobacterium tuberculosis using whole-genome
sequencing: progress, promise, and challenges. Genome Med. 2019;11.
https://doi.org/10.1186/513073-019-0660-8. https://www.ncbi.nlm.nih.
gov/pmc/articles/PMC6657377/.

Walker TM, Kohl TA, Omar SV, Hedge J, Del Ojo Elias C, Bradley P, et al.
Whole-genome sequencing for prediction of Mycobacterium tuber-
culosis drug susceptibility and resistance: a retrospective cohort study.
Lancet Infect Dis. 2015;15(10):1193-202. https://doi.org/10.1016/
$1473-3099(15)00062-6.

Gress A, Ramensky V, Buch J, Keller A, Kalinina OV. StructMAn: annota-
tion of single-nucleotide polymorphisms in the structural context.
Nucleic Acids Res. 2016;44(W1):W463-8. https://doi.org/10.1093/nar/
gkw364.

Jumper J, Evans R, Pritzel A, Green T, Figurnov M, Ronneberger O, et al.
Highly accurate protein structure prediction with AlphaFold. Nature.
2021;596(7873):583-9.

Schrodinger L, DeLano W. PyMOL. http://www.pymol.org/pymol.
Accessed 10 Aug 2023.

Moran E, Robinson E, Green C, Keeling M, Collyer B. Towards personal-
ized guidelines: using machine-learning algorithms to guide antimi-
crobial selection. J Antimicrob Chemother. 2020. https://doi.org/10.
1093/jac/dkaa222.

Frazer J, Notin P, Dias M, Gomez A, Min JK, Brock K, et al. Disease variant
prediction with deep generative models of evolutionary data. Nature.
2021;599(7883):91-5. https://doi.org/10.1038/s41586-021-04043-8.
https://www.nature.com/articles/s41586-021-04043-8

Gray VE, Hause RJ, Luebeck J, Shendure J, Fowler DM. Quantitative

Missense Variant Effect Prediction Using Large-Scale Mutagenesis Data.

Cell Syst. 2018;6(1):116-124.e3. https://doi.org/10.1016/j.cels.2017.11.
003. https://pubmed.ncbi.nlm.nih.gov/29226803/.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

Page 12 of 12

. Katsonis P, Wilhelm K, Williams A, Lichtarge O. Genome interpre-

tation using in silico predictors of variant impact. Hum Genet.
2022;141(10):1549-77. https://doi.org/10.1007/500439-022-02457-6.
https://pubmed.ncbi.nim.nih.gov/35488922/.

Lewis CM, Vassos E. Polygenic risk scores: From research tools to clini-
cal instruments. Genome Med. 2020;12(1). https://doi.org/10.1186/
$13073-020-00742-5.

Albifana C, Zhu Z, Schork AJ, Ingason A, Aschard H, Brikell |, et al.
Multi-PGS enhances polygenic prediction by combining 937
polygenic scores. Nat Commun. 2023;14(1). https://doi.org/10.1038/
s41467-023-40330-w.

Klau JH, Maj C, Klinkhammer H, Krawitz PM, Mayr A, Hillmer AM, et al.
Al-based multi-PRS models outperform classical single-PRS models.
Front Genet. 2023;14. https://doi.org/10.3389/fgene.2023.1217860.
Kojic M, Jovcic B, Miljkovic M, Novovic K, Begovic J, Studholme DJ.
Large-scale chromosome flip-flop reversible inversion mediates phe-
notypic switching of expression of antibiotic resistance in lactococci.
Microbiol Res. 2020,241:126583. https://doi.org/10.1016/j.micres.2020.
126583. https://pubmed.ncbi.nim.nih.gov/32919223/.

Ziemyte M, Carda-Dieguez M, Rodriguez-Diaz JC, Ventero MP, Mira A,
Ferrer MD. Real-time monitoring of Pseudomonas aeruginosa biofilm
growth dynamics and persister cells'eradication. Emerg Microbes Infect.
2021;10(1):2062-75. https://doi.org/10.1080/22221751.2021.1994355.
Xanthopoulou K, Carattoli A, Wille J, Biehl LM, Rohde H, Farowski F,

et al. Antibiotic Resistance and Mobile Genetic Elements in Extensively
Drug-Resistant Klebsiella pneumoniae Sequence Type 147 Recovered
from Germany. Antibiotics. 2020;9(10):675. https://doi.org/10.3390/
antibiotics9100675.

Seemann T. Snippy: rapid haploid variant calling and core SNP phylog-
eny. GitHub. 2015. https://github.com/tseemann/snippy. Accessed 29
May 2023.

Perrin A, Eduardo. PanACoTA: a modular tool for massive microbial
comparative genomics. NAR Genomics Bioinforma. 2021;3(1). https://
doi.org/10.1093/nargab/lgaa106. https://academic.oup.com/nargab/
article/3/1/1qaa106/6090162?login=true.

Price MN, Dehal PS, Arkin AP. FastTree 2 - Approximately Maximum-
Likelihood Trees for Large Alignments. PLoS ONE. 2010;5(3):29490.
https://doi.org/10.1371/journal.pone.0009490.

Letunic |, Bork P. Interactive Tree Of Life (iTOL) v5: an online tool

for phylogenetic tree display and annotation. Nucleic Acids Res.
2021;49(W1):W293-6. https://doi.org/10.1093/nar/gkab301.

Zabelkin A, Yakovleva Y, Bochkareva OO, Alexeev N. PaReBrick: PArallel
REarrangements and BReaks identification toolkit. Bioinformatics.
2021;38(2):357-63. https://doi.org/10.1093/biocinformatics/btab691.
https://academic.oup.com/bioinformatics/article/38/2/357/6380551.
Feurer M, Eggensperger K, Falkner S, Lindauer M, Hutter F. Auto-sklearn
2.0: hands-free automl via meta-learning. 2022. https://arxiv.org/abs/
2007.04074. Accessed 29 July 2023.

Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O,

et al. Scikit-learn: Machine Learning in Python. J Mach Learn Res.
2011;12:2825-30.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions



https://doi.org/10.1093/bioinformatics/bty800
https://doi.org/10.1093/bioinformatics/bty800
https://doi.org/10.1111/j.1523-1739.2010.01455.x
https://doi.org/10.1111/j.1523-1739.2010.01455.x
https://doi.org/10.1111/fwb.13890
https://doi.org/10.1098/rspb.2017.0204
https://doi.org/10.1016/j.tim.2010.04.002
https://doi.org/10.1016/j.tim.2010.04.002
https://doi.org/10.1093/bioinformatics/btab691
https://doi.org/10.1128/aac.50.1.104-112.2006
https://doi.org/10.1023/a:1010933404324
https://doi.org/10.1023/a:1010933404324
https://link.springer.com/article/10.1023/a:1010933404324
https://link.springer.com/article/10.1023/a:1010933404324
https://doi.org/10.1126/sciadv.abh2037
https://doi.org/10.1186/s12864-015-1544-y
https://doi.org/10.1128/aac.41.3.636
https://doi.org/10.1186/s13073-019-0660-8
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6657377/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6657377/
https://doi.org/10.1016/s1473-3099(15)00062-6
https://doi.org/10.1016/s1473-3099(15)00062-6
https://doi.org/10.1093/nar/gkw364
https://doi.org/10.1093/nar/gkw364
http://www.pymol.org/pymol
https://doi.org/10.1093/jac/dkaa222
https://doi.org/10.1093/jac/dkaa222
https://doi.org/10.1038/s41586-021-04043-8
https://www.nature.com/articles/s41586-021-04043-8
https://doi.org/10.1016/j.cels.2017.11.003
https://doi.org/10.1016/j.cels.2017.11.003
https://pubmed.ncbi.nlm.nih.gov/29226803/
https://doi.org/10.1007/s00439-022-02457-6
https://pubmed.ncbi.nlm.nih.gov/35488922/
https://doi.org/10.1186/s13073-020-00742-5
https://doi.org/10.1186/s13073-020-00742-5
https://doi.org/10.1038/s41467-023-40330-w
https://doi.org/10.1038/s41467-023-40330-w
https://doi.org/10.3389/fgene.2023.1217860
https://doi.org/10.1016/j.micres.2020.126583
https://doi.org/10.1016/j.micres.2020.126583
https://pubmed.ncbi.nlm.nih.gov/32919223/
https://doi.org/10.1080/22221751.2021.1994355
https://doi.org/10.3390/antibiotics9100675
https://doi.org/10.3390/antibiotics9100675
https://github.com/tseemann/snippy
https://doi.org/10.1093/nargab/lqaa106
https://doi.org/10.1093/nargab/lqaa106
https://academic.oup.com/nargab/article/3/1/lqaa106/6090162?login=true
https://academic.oup.com/nargab/article/3/1/lqaa106/6090162?login=true
https://doi.org/10.1371/journal.pone.0009490
https://doi.org/10.1093/nar/gkab301
https://doi.org/10.1093/bioinformatics/btab691
https://academic.oup.com/bioinformatics/article/38/2/357/6380551
https://arxiv.org/abs/2007.04074
https://arxiv.org/abs/2007.04074

	Machine learning and phylogenetic analysis allow for predicting antibiotic resistance in M. tuberculosis
	Abstract 
	Background 
	Results 
	Conclusions 

	Introduction
	Results
	Discussion
	Conclusion
	Methods
	Genomic and phenotypic data and variant calling
	Genome wide association studies (GWAS)
	Phylogenetic reconstruction and phylogeny-related parallelism score
	Machine learning for predicting antimicrobial resistance

	Anchor 15
	Acknowledgements
	References


