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Summary
Background Reliance on complex, custom-built bioinformatics pipelines is a barrier to the implementation of whole- 
genome sequencing (WGS) of Mycobacterium tuberculosis in high-burden settings in some low-income and middle- 
income countries (LMICs). Automated analysis pipelines could address this inequity in access to WGS-based 
diagnostics and surveillance. This study aimed to systematically evaluate the performance and usability of publicly 
available WGS pipelines for M tuberculosis.

Methods We identified automated M tuberculosis WGS analysis pipelines through searches of PubMed and GitHub 
from database inception up to Aug 31, 2024. Accuracy, cost, accessibility, and scalability were assessed for each 
pipeline. We evaluated the accuracy of genotypic drug susceptibility testing (gDST) using publicly available 
sequences with phenotypic susceptibility data for 12 antituberculosis drugs. We estimated pooled sensitivity and 
specificity for each pipeline, across all drugs, by conducting a bivariate meta-analysis, with random effects 
representing between-drug variability. Lineage classifications were compared, and a previously epidemiologically 
well-characterised dataset was used to compare measures of genomic relatedness.

Findings Among 28 candidate pipelines, 16 were excluded as they were unmaintained and inexecutable. 12 pipelines 
(11 compatible with Illumina and four compatible with Nanopore), all free to use, were included for evaluation. 
Six pipelines processed and stored data remotely, but for five of these six, scalability was limited by the need to upload 
sequences through web portals. For local processing pipelines, scalability was dependent on substantial local com
putational resources, data storage capacity, and command-line interfaces that limited user-friendliness. Only one of 
six remote-processing pipelines removed human DNA sequences before server upload. gDST was similarly accurate 
across ten of 11 Illumina-compatible pipelines and three of four Nanopore-compatible pipelines. All pipelines 
classified the main lineages consistently, although there were differences at sublineage resolution. Outputs from 
three of four pipelines reporting genomic relatedness were compatible with commonly cited single nucleotide 
polymorphism difference thresholds.

Interpretation Numerous automated analysis pipelines capable of enhancing equity in M tuberculosis WGS are 
available. Given the overall similarities between the pipelines evaluated in this study in terms of gDST performance, 
lineage classification, and genomic relatedness inference, non-functional attributes such as availability, accessibility, 
scalability, and privacy could represent the point of difference for prospective users in LMICs with a high burden of 
tuberculosis.
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Introduction
The first routine whole-genome sequencing (WGS) service 
for Mycobacterium tuberculosis was established in the UK in 
2017.1 Similar services in other high-income countries 
followed as the potential of WGS for tuberculosis control 
became clear.2 However, each service has had to build its 
own infrastructure to process clinical samples through the 
laboratory and return reports to clinicians in a timely 
manner. In each case, this process has involved building 
complex, in-house bioinformatics pipelines de novo. 
However, most patients with tuberculosis do not live in 

countries with this capacity, further exacerbating global 
inequity in access to diagnostic and surveillance tools.3

One response to the COVID-19 pandemic was to increase 
sequencing capacity in a number of low-income and 
middle-income countries (LMICs).4 There is potential to 
harness this legacy by repurposing technology towards the 
older but more intransigent tuberculosis pandemic, but 
hurdles such as data processing and interpretation need to 
be overcome by administrations seeking to build WGS 
services.5,6 Off-the-shelf options now exist because different 
academic groups have generated automated M tuberculosis 
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analysis pipelines. However, for potential implementers to 
make informed decisions around the optimal tool for 
their setting, a thorough evaluation of available options is 
required.

Here, we present a systematic evaluation and validation of 
12 automated M tuberculosis bioinformatics pipelines, with 
a focus on drug susceptibility test predictions, species and 
lineage identification, identification of genomically related 
samples, availability, accessibility, scalability, and privacy 
considerations.

Methods
Pipeline eligibility and search and selection process
We defined automated M tuberculosis WGS analysis pipe
lines as those that could be deployed without the manual 
execution of multiple workflow stages. At a minimum, 
eligible pipelines were required to accept raw sequencing 
reads (FASTQ files) as inputs and to conduct genotypic 
drug susceptibility testing (gDST). To identify existing 
pipelines, RS searched PubMed and GitHub from database 
inception to Aug 31, 2024, using the search terms shown in 
appendix 1 (p 4). The study also included two pipelines 
that were not identified through the search but were 
already known to the authors. Pipeline developers were 

contacted when troubleshooting was required, with non- 
response resulting in exclusion of the pipeline from the 
study. Preliminary insights from this study might 
have contributed to updates to some pipelines. The final 
evaluations presented here represent the publicly avail
able, referenced versions of the included pipelines 
(appendix 1 p 7). This study used publicly available data 
and did not require ethics approval.

Pipeline software attributes
We proposed a core set of attributes to be considered by 
national tuberculosis programmes in LMICs. First, pipe
lines should be accurate for the most relevant applications 
of tuberculosis WGS: resistance prediction, species and 
lineage classification, and genomic relatedness inference. 
Second, practical considerations were taken into account; 
these included the cost of the pipeline, how the pipeline is 
accessed (through a graphical user interface [GUI] and/or a 
less user-friendly command-line interface [CLI]), where 
data are stored, how the software is licensed, how human 
genetic material is handled, when the software was last 
updated, and whether the pipeline has received any formal 
accreditation. We assessed each pipeline against these cri
teria if the data or relevant documentation allowed. Data 

Research in context

Evidence before this study
We searched MEDLINE and Google Scholar for any publications 
evaluating automated Mycobacterium tuberculosis complex 
whole-genome sequencing (WGS) analysis tools. We searched for 
articles published between Jan 1, 2013, and Aug 31, 2024, with no 
language restrictions. We identified five studies that 
quantitatively compared resistance prediction between pipelines 
and two studies that were narrative reviews of bioinformatics 
tools applicable to M tuberculosis WGS. Previous studies generally 
had small sample sizes, only included a few established pipelines, 
and only included Illumina-sequenced isolates. Indeed, among six 
novel pipelines released since 2022, only one (SAM-TB) was 
evaluated, by a single study. Studies have generally demonstrated 
excellent accuracy across pipelines in WGS-based resistance 
prediction for rifampicin and isoniazid, with lower accuracy and 
more variability observed for pyrazinamide, ethambutol, second- 
line injectable drugs, and fluoroquinolones. No previous studies 
have evaluated WGS-based resistance prediction for new and 
repurposed drugs such as bedaquiline and linezolid. Only one 
study evaluated lineage classification in addition to resistance 
prediction, observing differences between pipelines and 
attributing the differences to the resolution to which lineage was 
classified. A single study compared genomic relatedness inferred 
between five in-house pipelines, but none of these were publicly 
available, automated pipelines.

Added value of this study
We applied a systematic search strategy using PubMed and 
GitHub to identify published and unpublished pipelines, and 

coauthors with subject expertise proposed additional pipelines 
not identified by the initial search. As a result, we included and 
evaluated twelve pipelines—more than double the number 
evaluated by previous studies. The scope of our evaluation 
exceeded previous studies, as we not only assessed pipelines 
according to how well they predicted resistance to different 
antituberculosis drugs but also evaluated their accuracy when 
assigning lineage and identifying genomically related samples 
that could be part of the same epidemiological cluster. To our 
knowledge, this is the first study to have identified and evaluated 
long read-compatible (Oxford Nanopore Technologies) pipelines. 
In addition to this quantitative measure of accuracy, we describe 
and evaluate other important pipeline attributes such as 
availability, accessibility, scalability, and privacy considerations.

Implications of all the available evidence
Numerous free-to-use, automated analysis pipelines that might 
improve equity in access to M tuberculosis WGS are currently 
available. Although the accuracy of WGS-based drug resistance 
prediction, lineage classification, and genomic relatedness is 
broadly similar for most pipelines, there is greater variation in 
user-friendliness, scalability, and other non-functional 
requirements between pipelines. Availability, accessibility, 
scalability, privacy, security, and sustainability, therefore, are key 
considerations that could determine which option the 
tuberculosis programmes in high-burden settings in some low- 
income and middle-income countries might wish to consider 
when selecting a free-to-use automated M tuberculosis analysis 
pipeline.

See Online for appendix 1
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security was not considered, as the technical requirements 
for this aspect vary considerably by application.

Accuracy and functionality
We curated a test dataset comprising 1000 Illumina- 
sequenced M tuberculosis isolates to evaluate resistance 
prediction for the Illumina-compatible pipelines that per
mitted bulk sequence processing; the number of isolates 
was selected as a trade-off between scale and practicality in 
executing multiple computationally intensive processes. 
These pipelines were the CLI versions of the Global 
Pathogen Analysis Service (GPAS), MAGMA, MTBseq, 
Mykrobe, TBProfiler, TBSeqPipe, and tbtAMR. Metadata 
were obtained from the CRyPTIC public database,7 in 
which all phenotypic drug susceptibility test (pDST) results 
for 13 antituberculosis drugs were available for all samples, 
and FASTQ files were downloaded from the European 
Nucleotide Archive. The dataset was restricted to isolates 
with high confidence minimum inhibitory concentration 
(MIC) measurements and enriched for drug-resistant 
isolates (appendix 1 p 4).

All pipelines were executed using default settings, and the 
time taken to process all 1000 sequences was recorded 
(appendix 1 p 5). Rates of false negatives and false positives 
were calculated for the gDST predictions of each pipeline 
for rifampicin, isoniazid, ethambutol, moxifloxacin, levo
floxacin, amikacin, kanamycin, ethionamide, bedaquiline, 
linezolid, clofazimine, and delamanid, where these were 
reported (appendix 1 p 9). The CRyPTIC dataset lacked 
pDST results for pyrazinamide.7 The CRyPTIC binary 
phenotype, inferred from measured MICs, was used as the 
reference standard, and 95% CIs were calculated using 
Wilson score intervals with the binom package in R.8 We 
estimated pooled sensitivity and specificity for each pipe
line, across all drugs, by conducting a bivariate meta- 
analysis with random effects representing between-drug 
variability, implemented with the mada package.9 The 
meta-analysis excluded bedaquiline and clofazimine, as 
Mykrobe does not report these drugs.

As not all pipelines fulfilling the study inclusion criteria 
were compatible with bulk sequence processing, we cura
ted another dataset consisting of 100 sequences from 
CRyPTIC (appendix 1 p 4).7 These sequences were processed 
with all Illumina-compatible pipelines, which additionally 
included web applications for Gen-TB, GenoMycAnalyzer, 
PhyResSE, and SAM-TB.

We were unable to identify any publicly available data
bases as large or as rigorously phenotyped as CRyPTIC for 
Nanopore-sequenced M tuberculosis isolates. Our test 
dataset for the Nanopore-compatible pipelines was, there
fore, limited to 90 isolates. These isolates were sequenced 
with both Illumina and Nanopore technologies and had 
pDST results for rifampicin, isoniazid, ethambutol, and 
streptomycin. The sequence accession numbers and pDST 
results were obtained from a dataset previously compiled by 
Hall and colleagues (appendix 1 p 5).10

pDST and gDST discordance analyses were done for each 
dataset. Failures were defined as instances when no gDST 
prediction was made by a pipeline. False positives were 
defined as instances when the gDST reported resistance 
but the pDST reported susceptibility. False negatives were 
defined as instances when the gDST reported susceptibility 
and the pDST reported resistance. In cases where pipelines 
reported an uncertain or unknown result due to an 
uncharacterised or unclassified mutation in a relevant 
gene, the prediction was classified as susceptible, to allow 
comparability across all pipelines. We examined output 
variant call format files and resistance mutation catalogues 
to adjudicate the sources of false positive and false negative 
predictions for pipelines included in the 1000 Illumina 
sequences evaluation (appendix 1 pp 5–6).

Species identification and lineage classification
We screened the specificity of species identification for 
M tuberculosis among all Illumina-compatible pipelines by 
uploading paired FASTQ files for ten non-tuberculous 
mycobacteria as inputs (appendix 1 p 6). Given the 
absence of a standardised reference for lineage classifica
tion, we assessed agreement between pipelines by com
paring the classification of isolates into main lineages and 
sublineages with the same datasets as used for resistance 
prediction. Agreement between pipelines was quantified 
with the irr package through the calculation of Fleiss’ 
kappa, which measures the consistency of categorical 
assignments across multiple raters (appendix 1 p 7).11

Genomic relatedness
To evaluate genomic relatedness inference, we used out
puts from four Illumina-compatible pipelines to recon
struct genomic distances for a previously published dataset 
that established what have since become conventional 
cluster-defining single nucleotide polymorphism (SNP) 
difference thresholds.12 This dataset consisted of 30 pairs of 
longitudinally sampled patient isolates and 38 pairs of 
household-derived or family-derived isolates, all from a 
low-prevalence setting in the UK.12

MTBseq, SAM-TB, and TBSeqPipe produced multiple 
sequence alignments of variant sites, whereas GPAS pro
duced FASTA files for individual isolates aligned to the 
H37Rv (NC_000962.3) reference genome. We con
catenated the FASTA files of individual isolates produced 
by GPAS into a multiple sequence alignment consisting 
solely of variant sites. We derived pairwise SNP distances 
from each pipeline’s multiple sequence alignment 
(appendix 1 p 7). Although MAGMA reports on genomic 
relatedness, producing multiple sequence alignments of 
variant sites, at the time of writing this pipeline was 
incompatible with the specific sequences used in this analysis 
and was excluded.

Role of the funding source
The Ellison Institute of Technology ([EIT] Oxford, UK), the 
sponsor of the GPAS pipeline, provided access to GPAS for 
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evaluation in this study, before its public release. EIT, 
through its relationship with Oracle, also facilitated access 
to the computational infrastructure used to conduct the 
analyses free of charge. The funders of the study had no 
role in study design, data collection, data analysis, data 
interpretation, or writing of the report.

Results
We identified 28 automated M tuberculosis analysis pipe
lines, of which 16 were excluded (for reasons including 
being unmaintained or inexecutable at the time of writing; 
figure 1; appendix 1 p 10). Eleven of the included 12 pipe
lines were compatible with Illumina, four with Nanopore, 
two with Ion Torrent, and one with PacBio sequence data.

The characteristics of the included pipelines are sum
marised in the table.13–23 Eleven pipelines were available free 
of charge to all users, whereas GPAS was only free for users 
in LMICs and was available to users in other countries for a 
trial limited to 100 samples. Three pipelines were accessible 
through both GUIs and CLIs, four through GUIs only, and 

another five were accessible through CLIs only. Among the 
six remote-processing pipelines, only GPAS removed 
identifiable human reads before server upload. Licences, 
where specified, were MIT, GPL or AGPL, all of which are 
open source licences. The MIT licence is the most per
missive, whereas GPL requires derivative works to carry the 
same licence. GPL software can generally be used in the 
Software as a Service (SaaS) platform without restriction, 
whereas AGPL denies this option, making SaaS operators 
share their source code when using AGPL software. Ten 
pipelines were produced by academic groups. Exceptions 
were GPAS, a UK academic–private collaboration; 
tbtAMR, which was co-produced by a national public 
health laboratory in Australia; and TBSeqPipe, which 
had unclear origins. Only tbtAMR reported any formal 
accreditation.23

Pipeline functionalities are summarised in appendix 1 
(pp 11–12). Although there was variation in the lineage 
classification schemas and resistance prediction catalogues 
used, the Coll lineage classification schema24 was used 
by seven pipelines, either directly or by those applying 
TBProfiler for lineage classification. Moreover, versions 
of WHO resistance mutation catalogues25,26 were used by 
ten pipelines, with most applying additional custom 
interpretations. Seven pipelines reported genomic 
relatedness, and four generated phylogenetic trees. Add
itional features of the included pipelines are summarised in 
appendix 1 (p 13).

gDST accuracies with the 1000 Illumina sequences 
dataset were similar for the seven CLI-based, Illumina- 
compatible pipelines (GPAS, MAGMA, MTBseq, Mykrobe, 
TBProfiler, TBSeqPipe, and tbtAMR) except for MTBseq, 
which had higher false negative rates for rifampicin, 
isoniazid, moxifloxacin, levofloxacin, and ethionamide 
(figure 2; appendix 1 p 14). All pipelines had high false 
negative rates for the new and repurposed drugs bedaqui
line, clofazimine, delamanid, and linezolid, ranging from 
42⋅9% (95% CI 21⋅4–67⋅4) for delamanid (MAGMA) to 
100% for bedaquiline and clofazimine (TBSeqPipe; 100% 
[67⋅6–100⋅0] for bedaquiline and 100% [90⋅6–100⋅0] for 
clofazimine; appendix 1 p 14). False positive rates for 
bedaquiline, clofazimine, delamanid, and linezolid were 
1% or less for all pipelines. pDST results are presented in 
appendix 1 (p 15). Pooled sensitivity for all drugs, exclud
ing bedaquiline and clofazimine, ranged from 82⋅9% 
(95% CI 67⋅2–91⋅9) for MTBseq to 91⋅0% (83⋅0–95⋅5) for 
MAGMA, with pooled specificity no lower than 96⋅8% for 
all pipelines (appendix 1 p 15).

Among the CLI-based Illumina-compatible pipelines, 
TBProfiler had the lowest overall proportion of predictions 
that were errors (failures, false negatives, or false positives), 
at 3⋅6% (438 errors per 12 000 predictions), and MAGMA 
had the highest overall proportion, at 6⋅4% (770 per 
12 000 predictions), driven largely by its marginally higher 
failure rate of 2⋅6% (312 failures per 12 000 predictions; 
failure rates for these seven pipelines ranged from 0% for 
TBProfiler and Mykrobe to 2⋅6% for MAGMA; appendix 1 p 20). 

 26 reports assessed for eligibility 
   9 from PubMed  
   17 from GitHub

175 records excluded for not being relevant 

 15 reports excluded
   7 unable to execute pipeline from
    repository instructions and query
    not addressed by owner
   3 without resistance prediction
   2 with non-functional website
   1 without website or public repository
   1 still under development with no
    installation instruction
   1 limited to single-sample upload

2 pipelines identified from expert
  consultation*

13 Mycobacterium tuberculosis
  whole-genome sequencing analysis
  pipelines executed

12 Mycobacterium tuberculosis
  whole-genome sequencing analysis
  pipelines included for evaluation

1 excluded due to spurious
  results caused by a bug† 

201 records identified from
  database searches
   51 from PubMed
   150 from GitHub

Figure 1: Pipeline selection 
*Consultation with experts in Mycobacterium tuberculosis whole-genome sequencing. †Bug not resolved at the time 
of writing.
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For most pipelines, both variant calling errors and cata
logue errors contributed to false negative predictions 
(appendix 1 p 21 and appendix 2 tabs 23–24). The number 
of variant calling errors per pipelines ranged from two 
(GPAS) to 98 (MTBseq), and the number of catalogue 
errors ranged from zero (TBSeqPipe) to 65 (MTBseq). 
For MTBseq, 63 (64%) of 98 variant calling errors were 
associated with heteroresistant isolates, which is unsur
prising, given that, on default settings, the pipeline does 
not report minority alleles (although reporting of 
minority alleles can be enabled with custom settings). 
The number of false positive predictions ranged from 46 
(MTBseq) to 130 (TBProfiler). A large proportion of false 
positive predictions for MTBseq, Mykrobe, TBProfiler, 
and TBSeqPipe were due to their classification of var
iants of uncertain significance (as specified in the WHO 
catalogue26) as resistant (appendix 1 p 22). MAGMA had 
the highest number of heteroresistant false positive 
predictions (n=33), resulting from the reporting of 
resistance for mutations detected at very low allele fre
quencies (<10%). Processing speed varied substantially 

between pipelines. TBProfiler was fastest at processing 
the 1000 sequences (16⋅9 h), whereas MTBseq took the 
longest, at 114⋅9 h (appendix 1 p 26).

gDST accuracies for rifampicin, isoniazid, ethambutol, 
moxifloxacin, levofloxacin, amikacin, and kanamycin were 
similar across all 11 Illumina-compatible pipelines for the 
dataset of 100 Illumina sequences (figure 3; appendix 1 
pp 16–17). GenoMycAnalyzer was an outlier, with high 
false positive rates for several drugs. We identified the 
reporting of resistance-associated variants at very low allele 
frequencies (<10%) as the source of these false positive 
predictions. All 11 pipelines had high false negative rates for 
bedaquiline, clofazimine, delamanid, and linezolid, with 
values ranging from 38⋅5% (95% CI 17⋅7–64⋅5) for delam
anid (MAGMA) to 100% for bedaquiline and clofazimine 
(GenoMycAnalyzer and TBSeqPipe; 100⋅0% [51⋅0–100⋅0] 
for bedaquiline and 100⋅0% (80⋅6–100⋅0) for clofazimine 
[GenoMycAnalyzer]; 100⋅0% [43⋅9–100⋅0] for bedaquiline 
and 100⋅0% [79⋅6–100⋅0] for clofazimine [TBSeqPipe]; 
appendix 1 p 17). False positive rates for the new and 
repurposed drugs were ≤10% for all pipelines.

Website Cost GUI CLI Data 
processing 
and storage

Software 
licence

Version and 
date accessed

Accreditation

GPAS13 https://app.gpas.global Free for users in 
LMICs; 100-sample 
free trial for other 
users

Yes, web portal Yes Remote GPL 3.0 (CLI) 
and end-user 
licence 
agreement

Version 2.0.0; 
September, 2024

None specified

Gen-TB14 https://gentb.hms.harvard. 
edu/

Free Yes, web portal No Remote APGL 3⋅0 Not specified; August, 
2024

None specified

GenoMycAnalyzer15 https://mycochase.org/ Free Yes, web portal No Remote GPL 3.0 April, 2024 None specified
MAGMA16 https://github.com/ 

TORCH-Consortium/ 
MAGMA

Free No Yes Local GPL 3.0 Version 2.0.0-alpha; 
November, 2024

None specified

MTBseq17 https://github.com/ngs- 
fzb/MTBseq_source

Free No Yes Local GPL 3.0 Version 1.10; August, 
2024

None specified

Mykrobe18 https://github.com/ 
mykrobe-tools/mykrobe

Free Yes, offline application; 
single-sample 
processing only (no 
batch upload)

Yes Local MIT Version 0.13; August, 
2024

None specified

PhyResSE19 https://bioinf.fz-borstel.de/ 
mchips/phyresse/

Free Yes, web portal No Remote files 
and results 
deleted after 
1 month

None specified Version 1.0; August, 
2024

None specified

SAM-TB20 https://samtb.uni-medica. 
com/

Free (users initially 
limited to 
100 analyses but can 
request more)

Yes, web portal No Remote None specified Unspecified; August, 
2024

None specified

tbpore21 https://github.com/ 
mbhall88/tbpore

Free No Yes Local MIT Version 0.7.1; August, 
2024

None specified

TBProfiler22 https://github.com/ 
jodyphelan/TBProfiler

Free Yes, web portal Yes Remote (web 
portal) or local 
(CLI)

GPL 3.0 Version 6.4.1; 
November, 2024

None specified

TBSeqPipe https://github.com/ 
KevinLYW366/TBSeqPipe

Free No Yes Local GPL 3.0 Unspecified; August, 
2024

None specified

tbtAMR23 https://github.com/MDU- 
PHL/tbtamr

Free No Yes Local GPL 3.0 Version 1.0.2; 
November, 2024

ISO15189 standard 
(Australian National 
Association of Testing 
Authorities)

CLI=command-line interface. GUI=graphical user interface. LMICs=low-income and middle-income countries.

Table: Characteristics of 12 automated Mycobacterium tuberculosis whole-genome sequencing analysis pipelines

See Online for appendix 2
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Mykrobe had the lowest overall error rate, at 6⋅4% 
(64 errors per 1000 predictions), whereas Gen-TB had the 
highest error rate at 17⋅7% (124 per 700 predictions), largely 
driven by the high proportion of predictions that were 
failures (84 [12%] per 700 predictions; appendix 1 p 23).

gDST accuracies were similar across Nanopore- 
compatible pipelines (GPAS, Mykrobe, TBProfiler, and 
tbpore) and compared well with data on the same samples 
generated through Illumina platforms (appendix 1 pp 18, 
24) but were lower overall than observed with the 
Illumina-only datasets. As the dataset for the Nanopore- 
compatible pipelines was limited to just 90 isolates with 
non-standardised phenotyping, these results should be 
considered exploratory rather than definitive. Detailed 
results are provided in appendix 1 (pp 8, 18, 24–25).

None of the Illumina-compatible pipelines incorrectly 
reported any of the ten non-tuberculous mycobacteria iso
lates as M tuberculosis. For lineage classification, all datasets 
included isolates from M tuberculosis lineages 1–4, with a 
bias towards lineages 2 and 4 (appendix 1 p 19). Main lin
eage classification—ie, whether an isolate was assigned as 
lineage 1, 2, 3, or 4—was concordant across pipelines, with 
kappa values of 1⋅00 for the 100 Illumina sequences, 
0⋅99 for the 1000 Illumina sequences, and 1⋅00 for the 
90 Nanopore sequences. Interpipeline disagreement was, 
however, evident at sublineage resolution, with kappa val
ues of 0⋅68, 0⋅66, and 0⋅84, respectively, for the three data
sets. Most pipelines used TBProfiler or Mykrobe for lineage 
classification, and differences in their typing schemas 
were the primary source of discrepancy in sublineage 
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Figure 2: False negative rates (A) and false positives rates (B) of genotypic drug susceptibility testing for rifampicin, isoniazid, ethambutol, moxifloxacin, levofloxacin, amikacin, kanamycin, and 
ethionamide for seven Illumina-compatible Mycobacterium tuberculosis whole-genome sequencing analysis pipelines—1000 Illumina sequences dataset 
Values above bars denote absolute numbers of false negative (A) and false positive (B) predictions.
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classification. These differences appeared to be driven by 
nomenclature rather than by resolution or SNP calling 
(appendix 2 tabs 19–21).

We used a fourth dataset consisting of 68 epidemiologi
cally calibrated M tuberculosis sequence pairs to evaluate 
genomic relatedness. Outputs from GPAS, MTBseq, and 
SAM-TB closely approximated the original findings12 for 
this dataset (figure 4), with most distances fewer than five 
SNPs, and none greater than 12 SNPs, with the exception of 
two pairs understood to represent infections with distinct 
strains. TBSeqPipe reported a greater range in SNP dif
ferences between linked cases (ranging from one to 
65 SNPs) compared with other pipelines, suggesting an 
over-calling of variants in the genome.

Discussion
We systematically identified 26 automated WGS analysis 
pipelines for M tuberculosis and evaluated 12, some of which 

were compatible with both Illumina and Nanopore plat
forms. Our findings will help inform a broad range of users 
in selecting the most appropriate analysis tool for their needs.

gDST accuracy was similar across most Illumina- 
compatible pipelines but was substantially lower for the 
new and repurposed drugs (bedaquiline, clofazimine, 
delamanid, and linezolid) than it was for the first-line drugs 
(rifampicin, isoniazid, pyrazinamide, and ethambutol), 
fluoroquinolones (moxifloxacin and levofloxacin), and 
injectables (amikacin and kanamycin). Although this 
finding was unsurprising, given our present understanding 
of the genomic basis of antituberculosis drug resistance, 
this lower accuracy remains a concern.27,28 Particularly 
concerning is the rapid emergence of resistance to beda
quiline, which threatens recent advances in the develop
ment of effective drug regimens.28,29 A notable strength of 
gDST compared with standard assays is the capability for 
rapid updates to resistance mutation catalogues as new 
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genomic insights emerge,25,26 so results might well improve 
with time. Accuracy was more variable and generally lower 
across pipelines for ethionamide than it was for the other 
drugs, likely due to challenges in interpreting pDST. These 
challenges stem from the modest MIC increases associated 
with many ethionamide resistance mutations and the 
resulting overlap between wild-type and resistant MIC 
distributions.30

Our Illumina sequence test datasets contained few iso
lates resistant to the new and repurposed drugs and lacked 
pDST results for pyrazinamide. Moreover, the UKMYC5/6 
96-well broth microdilution plates used by the CRyPTIC 
study7 to generate the phenotypes are not endorsed by 
WHO. Nevertheless, the size, standardised sample- 
processing approach, and global diversity of the CRyPTIC 
dataset contributed to the strength of this study, and we 
selected only high confidence phenotypes as identified by 
CRyPTIC’s own rigorous analysis.7 We expect that this 
approach will have minimised phenotypic error and con
tributed to the generalisability of our findings. CRyPTIC 
did not have clinical outcome data, and data associating 
specific mutations and patient outcomes remain rare. 
Further work is required to link genotypic predictions to 
clinical outcomes, as the ultimate goal of gDST is to guide 
treatment decisions by accurately predicting drug effec
tiveness, rather than simply replicating pDST results. Our 
evaluation did not include direct-from-sample WGS data— 
an emerging application with clear potential to accelerate 
diagnosis and transmission inference—due to the absence 
of publicly available, high-quality datasets containing 
matched phenotypic results. This sample type poses dis
tinct challenges related to low M tuberculosis read depth and 

high contamination, and only MAGMA is explicitly optimised 
for this use case.20,31

Three of four candidate pipelines clustered sequenced 
isolates from epidemiologically linked tuberculosis cases 
within established thresholds, aligning with previous 
findings for five in-house pipelines.32 This finding suggests 
that the relatedness outputs generated from these pipelines 
might be directly compatible, at least for the SNP differ
ences most relevant to surveillance and outbreak investi
gation. However, we identified that one pipeline generated 
notably different results, highlighting the need to interpret 
results in the context of the specific pipeline used. Similarly, 
methodological context is paramount when interpreting 
lineage classification results, especially those at sublineage 
resolution—a resolution at which commonly used tools 
yield seemingly discordant results. This lack of consensus 
might compromise comparability between studies and 
should ideally be resolved by the tuberculosis research 
community.

Although gDST accuracy was generally lower in the 
Nanopore sequence datasets than in the Illumina-only 
datasets, the consistency observed across pipelines and 
platforms suggests that differences might be due to 
phenotypic errors in the 90-isolate dataset, which was not 
from CRyPTIC, rather than Nanopore’s basecalling accur
acy. Unfortunately, the absence of publicly available 
Nanopore-sequenced isolates with corresponding pDST 
results constrained our ability to comprehensively evaluate 
gDST accuracy among Nanopore-compatible pipelines. We 
were also unable to evaluate outputs on genomic related
ness due to the unavailability of epidemiologically cali
brated Nanopore sequences. Long-read sequencing for 
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M tuberculosis still lacks large-scale validation, and efforts to 
achieve harmonisation between sequencing platforms 
remain a priority. Expanding the generation and sharing of 
Nanopore-sequenced M tuberculosis samples will be central 
to these efforts.

The similar accuracy and overlapping range of function
ality between most pipelines suggest that the additional 
non-functional attributes highlighted in this study could 
guide prospective implementers in their choice of pipeline. 
Encouragingly, all pipelines were available free of charge, 
and many offered user-friendly GUIs. However, there was a 
clear trade-off between user-friendliness and scalability, 
with CLIs required to process large numbers of sequences— 
emphasising the importance of training and support, which 
we did not evaluate in this study. Compared with single- 
interface pipelines, those providing both GUIs and CLIs 
might be useful to a wider range of users, as they can 
accommodate varying levels of user-friendliness and 
scalability. The data storage strategies used by pipelines 
also influence their scalability. Not all users in LMICs will 
have the server capacity to store outputs locally. Remote 
storage might address this problem but might not be 
acceptable to national programmes, regardless of the 
security measures in place. Rapid processing is essential if 
WGS results for tuberculosis are to inform clinical and 
public health decisions in a timely manner. Although our 
analyses were done in a high-performance computing 
environment that might not reflect conditions in all low- 
resource settings, the relative processing times of the 
different pipelines remain informative. In such settings, 
remote-processing pipelines, which rely on local compu
tational resources for data upload only, could be particularly 
useful.

Data privacy and security, although not comprehensively 
reviewed in this study, will become increasingly important 
considerations as third-party analysis pipelines are scaled 
up for clinical and public health use. Mycobacterial speci
mens might be contaminated with human DNA, introdu
cing personally identifiable information and raising 
regulatory and ethical concerns.33 Frameworks such as the 
EU’s General Data Protection Regulation and the inter
national ISO 27001 standard specify requirements for data 
protection and information security. Compliance with 
these standards will likely be necessary for future regulatory 
approval.

Ensuring compliance with data protection standards 
requires ongoing investment, not just in technical meas
ures such as encryption but also in maintaining sound 
organisational processes and information management 
systems. Although some pipelines have shown longevity, 
the numerous unmaintained pipelines excluded from this 
study and lack of recent updates in some included tools 
highlight the vulnerability of academic projects reliant on 
grant funding and the knowledge and expertise of indi
vidual contributors. Sustainable funding models are crucial 
to ensure the long-term viability of these tools.

Our study had several limitations. Resistance prediction 
and lineage classification outputs might differ according to 
how variants are identified or which catalogues are used to 
annotate them. Although we attempted to adjudicate these 
differences, either factor can be updated, and the per
formance characteristics we assess here, thus, only repre
sent a cross-section in time. Moreover, we executed 
pipelines with their default settings, representing the likely 
behaviour of non-expert users; differences in performance 
might have been observed with optimised parameters. Only 
four human-adapted M tuberculosis complex lineages were 
represented in our analyses. Although lineages 1–4 are 
responsible for most human disease globally, our findings 
might be less generalisable to settings where other lineages 
predominate. The core attributes we identified and evaluated 
beyond accuracy and functionality were restricted to what we 
could reasonably comment on, rather than being compre
hensive. Finally, bioinformatic analysis is only one compo
nent of a wider ecosystem required to enable implementation 
of WGS for M tuberculosis in LMICs, which additionally 
requires sustainable financing, capacity building, and 
investment in laboratory and computational infrastructure.34

We have evaluated numerous automated analysis pipe
lines that have the potential to increase equity in 
M tuberculosis WGS. As the performance of most pipelines 
was similar in terms of prediction of resistance, lineage, 
and relatedness, potential implementers in high-burden, 
low-resource settings, such as some LMICs, could con
sider additional features such as cost, user-friendliness, 
scalability, and privacy and security when deciding on 
adopting one of these solutions. Progressing these pipe
lines from research-only tools to fully validated clinical and 
public health services is a major challenge for the global 
tuberculosis community and should be considered a pri
ority if the full potential of WGS for tuberculosis control is 
to be harnessed.
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