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Articles

The 2021 WHO catalogue of Mycobacterium tuberculosis 
complex mutations associated with drug resistance: 
a genotypic analysis
Timothy M Walker*‡, Paolo Miotto*‡, Claudio U Köser*§, Philip W Fowler‡, Jeff Knaggs‡, Zamin Iqbal‡, Martin Hunt‡, Leonid Chindelevitch§, 
Maha R Farhat§, Daniela Maria Cirillo‡, Iñaki Comas§, James Posey‡, Shaheed V Omar‡, Timothy EA Peto‡, Anita Suresh§, Swapna Uplekar§, 
Sacha Laurent§, Rebecca E Colman§, Carl-Michael Nathanson§, Matteo Zignol‡§, Ann Sarah Walker‡, Derrick W Crook†‡, Nazir Ismail†‡§, 
Timothy C Rodwell†§, the CRyPTIC Consortium, the Seq&Treat Consortium

Summary
Background Molecular diagnostics are considered the most promising route to achievement of rapid, universal drug 
susceptibility testing for Mycobacterium tuberculosis complex (MTBC). We aimed to generate a WHO-endorsed catalogue 
of mutations to serve as a global standard for interpreting molecular information for drug resistance prediction.

Methods In this systematic analysis, we used a candidate gene approach to identify mutations associated with 
resistance or consistent with susceptibility for 13 WHO-endorsed antituberculosis drugs. We collected existing 
worldwide MTBC whole-genome sequencing data and phenotypic data from academic groups and consortia, 
reference laboratories, public health organisations, and published literature. We categorised phenotypes as follows: 
methods and critical concentrations currently endorsed by WHO (category 1); critical concentrations previously 
endorsed by WHO for those methods (category 2); methods or critical concentrations not currently endorsed by 
WHO (category 3). For each mutation, we used a contingency table of binary phenotypes and presence or absence of 
the mutation to compute positive predictive value, and we used Fisher’s exact tests to generate odds ratios and 
Benjamini-Hochberg corrected p values. Mutations were graded as associated with resistance if present in at least five 
isolates, if the odds ratio was more than 1 with a statistically significant corrected p value, and if the lower bound of 
the 95% CI on the positive predictive value for phenotypic resistance was greater than 25%. A series of expert rules 
were applied for final confidence grading of each mutation.

Findings We analysed 41 137 MTBC isolates with phenotypic and whole-genome sequencing data from 45 countries. 
38 215 MTBC isolates passed quality control steps and were included in the final analysis. 15 667 associations were 
computed for 13 211 unique mutations linked to one or more drugs. 1149 (7·3%) of 15 667 mutations were classified 
as associated with phenotypic resistance and 107 (0·7%) were deemed consistent with susceptibility. For rifampicin, 
isoniazid, ethambutol, fluoroquinolones, and streptomycin, the mutations’ pooled sensitivity was more than 80%. 
Specificity was over 95% for all drugs except ethionamide (91·4%), moxifloxacin (91·6%) and ethambutol (93·3%). 
Only two resistance mutations were identified for bedaquiline, delamanid, clofazimine, and linezolid as prevalence of 
phenotypic resistance was low for these drugs.

Interpretation We present the first WHO-endorsed catalogue of molecular targets for MTBC drug susceptibility 
testing, which is intended to provide a global standard for resistance interpretation. The existence of this catalogue 
should encourage the implementation of molecular diagnostics by national tuberculosis programmes.
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Introduction
In 2020, an estimated 1·4 million fewer people than 
in 2019 received treatment for tuberculosis because of 
disruptions related to the COVID-19 pandemic.1 The 
estimated 1·9 million deaths from tuberculosis in 2020, 
500 000 more than in the previous year, will set the world 
back to levels of mortality not seen since 2010.1,2 The 
diagnosis and appropriate treatment of patients with 
rifampicin resistance was already a challenge before the 
pandemic, with less than half of patients benefiting from 
access.2 The availability of several new treatment options 

and strategies is progress, but getting the right drugs to 
the right patients in time to influence outcomes positively 
is essential and requires access to rapid and accurate 
diagnostics that meet the emerging needs.3,4

WHO set an important but challenging target on 
universal drug susceptibility testing (DST), which 
includes testing for the new and repurposed drugs in the 
WHO revised definition of extensively drug-resistant 
tuberculosis.5 Phenotypic DST for Mycobacterium 
tuberculosis complex (MTBC), although still the reference 
standard for most drugs, can take over a month to 
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complete and requires expensive, complex laboratory 
capacity. For many countries these challenges remain 
prohibitive. Genotypic approaches to susceptibility testing 
can be rapid, accurate, automated, and cost-effective.6 
However, no WHO-endorsed catalogue of mutations for 
the interpretation of genotypic DST results is available.

The combination of rapid and accurate diagnostic tools 
and supportive WHO policies can have significant global 
impact.2 WHO previously published a guide to MTBC 
next-generation sequencing data interpretation, adopting 
the findings from a previous systematic review of the 
literature.7,8 However, that review did not cover new or 
repurposed drugs and relied on Sanger sequencing results, 
which meant that the genomic regions interrogated were 
inconsistent, increasing the chance of false associations. 
Gaps in knowledge thus remain. We did a systematic 
analysis of a large, globally diverse set of isolates using 
whole-genome sequencing (WGS) data and accompanying 
DST to generate more knowledge and create the first WHO-
endorsed catalogue of mutations for 13 antituberculosis 
drugs.9

Methods
Data sources
In this systematic analysis, we collected existing 
worldwide MTBC WGS data and associated phenotypic 
DST data from academic groups and consortia, 
reference laboratories, public health organisations, and 
published literature (appendix 2 table S1). Data were 

accepted whether locally representative or enriched 
for resistance. Samples clustered by genome were 
not excluded, provided these had been assayed 
independently.

Ethics statement
Approval for the CRyPTIC study was obtained from the 
Taiwan Centers for Disease Control IRB 106209; 
University of KwaZulu Natal Biomedical Research 
Ethics Committee (BE022/13); University of Liverpool 
Central University Research Ethics Committees (2286); 
Institutional Research Ethics Committee of The Foundation 
for Medical Research, Mumbai (FMR/IEC/TB/01a/2015 
and FMR/IEC/TB/01b/2015); Institutional Review Board 
of PD Hinduja Hospital and Medical Research Centre, 
Mumbai (915-15-CR); scientific committee of the Adolfo 
Lutz Institute (CTC-IAL 47-J/2017); the Ethics Committee 
(81452517.1.0000.0059) and Ethics Committee review of 
Universidad Peruana Cayetano Heredia (Lima, Peru); 
and London School of Hygiene & Tropical Medicine 
(London, UK).

Phenotypic data
We collected both categorical (resistant or susceptible) 
and quantitative (minimum inhibitory concentrations 
[MICs]) phenotypic data. Different DST methods 
and resistance-defining critical concentrations were 
accepted. To ensure comparability and optimise quality, 
we categorised phenotypes as follows: methods and 

Research in context

Evidence before this study
We searched PubMed using the search terms “tuberculosis”, 
“mutation” and “catalogue” (interchanged with “database”) 
for primary research articles in English from database inception 
to Feb 19, 2022. We identified publications that used catalogues 
for drug resistance prediction tools, as well as a catalogue of 
phylogenetic mutations that was used to inform our work. 
Among the databases we identified were ones that focused on 
as few as seven genes, and others that were now outdated. We 
identified the systematic review of the literature by ReSeqTB, an 
early precursor of our work, and a second systematic review 
covering only new and repurposed drugs. There has to date been 
no WHO endorsed standard of Mycobacterium tuberculosis 
complex (MTBC) mutation and interpretation for national 
tuberculosis programmes or industry to refer to in the design of 
their services or products.

Added value of this study
The diverse nature of the data accumulated over the past 
decades using different technologies and different platforms has 
made comparability challenging. Our study leveraged established 
knowledge to define a set of candidate genes for each drug and 
sought to assemble as large a dataset as possible, from as many 
countries as possible, to do a new analysis of all the available 
whole-genome sequencing data and associated phenotypes. 

The result is the first WHO endorsed catalogue of mutations 
associated with drug resistance and consistent with drug 
susceptibility (published by WHO in 2021) that constitutes 
an international reference point for national tuberculosis 
programmes and assay manufacturers. This analysis reflects the 
data that generated the catalogue, providing a summary of the 
findings and an overview of what has been achieved so far, and 
where future efforts should be invested to improve molecular 
diagnostics, and thereby also patient care.

Implications of all the available evidence
The WHO catalogue is a deliberately conservative effort and is 
not exhaustive. The weight of evidence supporting each 
mutation in the catalogue should, however, provide confidence 
to the tuberculosis community. Great accuracy has been 
achieved when predicting drug resistance in the past, but not 
every mutation in previous catalogues has been as well 
supported as is the case here. Having a WHO endorsed 
mutation list should support the field of molecular drug 
susceptibility testing in MTBC by providing all countries a 
template for the interpretation of their data, and thereby 
encouraging adoption of these technologies. WHO plans to 
update the catalogue on a regular basis and, as more data are 
generated as a consequence, these will feed into future analyses 
and hopefully initiate a virtuous circle.

See Online for appendix 2
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critical concentrations currently endorsed by WHO 
(category 1); critical concentrations previously endorsed 
by WHO for those methods (category 2); methods and 
critical concentrations not currently or previously 
endorsed by WHO (category 3). Results in downstream 
analyses were weighted accordingly (appendix 2 table S2).

Category 1 methods included Löwenstein-Jensen, 
Middlebrook 7H10, Middlebrook 7H11, and BACTEC 
Mycobacterial Growth Indicator Tube (MGIT) by Becton 
Dickinson, using critical concentrations from WHO DST 
guidelines.10–14 Phenotypes derived from these media 
were classified as category 2 if critical concentrations 
used were outdated, or reported to rely on WHO guidance 
without providing the concentration tested.15–17 If 
critical concentrations were unknown, phenotypes were 
classified as category 3, along with MIC data obtained 
from Thermo Fisher Scientific broth microdilution plates 
developed for, and validated by, CRyPTIC, which were 
converted into categorical results using plate-specific 
epidemiological cutoffs.18 Phenotypic results that did not 
fit categories 1–3 were excluded.

Where data from more than one phenotypic method 
were available for an isolate, phenotypes from category 1 
were selected over category 2, and these in turn over 
category 3. Within each category, solid media were 
ranked above liquid media, which in turn had its own 
hierarchy, ranking MGIT over microscopic observation 
drug susceptibility over CRyPTIC plates based on 
historical WHO endorsements.

Genotypic data
We only considered WGS data derived from Illumina 
sequencers. Raw WGS data were processed by Clockwork, 
a variant calling pipeline developed by CRyPTIC.19 As a 
sanity check and means of measuring quality of the 
variant calls thereby obtained, 17 well characterised 
MTBC isolates with high quality polished single-contig 
hybrid PacBio and Illumina assemblies were used as 
controls.19 These were added to the cohort at the start, 
and then their variant calls were compared with the truth 
assemblies following the methods previously described.20 
Across these 17 samples, mean precision was 99·8% and 
mean recall was 94·7% (after filters, and excluding the 
untrustworthy masked part of the genome).

Identification of variants
For each drug, a set of candidate genes and corres
ponding promoter sequences with a high probability of 
being associated with resistance were identified by 
an expert panel based on the published literature 
(appendix 2 table S3). The number of sequence positions 
not passing a pipeline filter was quantified for each 
gene and each isolate as a measure of probable local 
sequencing noise. Assuming a Poisson distribution, 
where the probability of a given number of calls failing a 
filter in a gene was less than 1%, the phenotype 
associated with that gene was excluded from further 

consideration. Isolates with katG S315T variants and 
phenotype susceptible to isoniazid (n=128) and isolates 
with rpoB S450L variants and phenotype susceptible to 
rifampicin (n=118) were also excluded on the assumption 
that these discrepancies were probably due to sample 
mislabelling.21

An algorithm was then used to categorise the candidate 
sequences using methods like those previously described 
(appendix 1 p 8).22 Our approach reflects the definite 
defectives method from the field of group testing;23 it 
identifies bacterial isolates containing just a single 
genetic mutation in candidate genes and associates this 
with the phenotype.

To maximise the number of isolates in which a 
mutation can be isolated as the only mutation in 
candidate genes, we used a series of pre-processing steps 
to identify mutations consistent with phenotypic 
susceptibility and masked these before analysis. These 
steps were based on the upper bound of the 95% CI 
on the positive predictive value (PPV) for phenotypic 
resistance being less than 10% for any given mutation. 
Synonymous mutations, loci at otherwise invariant sites 
for which no base could be called, and variants previously 
reported as phenotypically neutral were also masked.24 
Genes were also divided into two tiers for hierarchical 
analysis, in which tier 1 sequences were deemed by an 
expert panel to have a higher probability of association 
with resistance, and these were analysed first 
(appendix 2 table S4).9 For isolates with no tier 1 genomic 
explanation for resistance, tier 2 sequences were 
analysed.

The algorithmic approach characterised mutations in two 
passes: resistant if a mutation was identified as the only 
mutation (a solo mutation) across candidate genes in at 
least one drug-resistant isolate; susceptible if the variant 
was only ever seen in susceptible isolates, or only ever in 
susceptible isolates when solo; or unknown when the 
variant was never seen solo and not exclusively found in 
susceptible isolates. Variants characterised as susceptible 
were then masked and the algorithm run a second time 
(pass 2) to identify additional mutations now exposed as 
solo and characterising these. Two-by-two tables were 
generated from the number of susceptible and resistant 
phenotypes with and without each characterised variant as 
solo, and odds ratios (ORs) and corresponding p values 
generated using Fisher’s exact test. Benjamini-Hochberg 
corrections were used to assess statistical significance 
using a false discovery rate (FDR) of 5%. PPV and binomial 
exact 95% CIs were computed from the contingency tables.

The algorithm was run once for category 1 phenotypes, 
again for category 1 and 2 phenotypes combined, and a 
third time for all phenotypes together. To avoid perfect 
prediction for the katG S315T or rpoB S450L variants (for 
which any susceptible isolates were excluded assuming 
sample mislabelling), phenotypes from excluded isolates 
were added back in only to compute the OR and PPV for 
these variants for each iteration.
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Confidence grading
The ORs, PPVs, FDR-corrected p values, and CIs formed 
the basis for the confidence grading approach in which 
variants were assigned to one of five groups: 1) associated 
with resistance; 2) associated with resistance—
interim; 3) uncertain significance; 4) not associated with 
resistance—interim; 5) not associated with resistance 
(ie, consistent with susceptibility).25 Mutations were 
defined as associated with resistance if they were 
identified as solo with a category 1 or 2 phenotype (ie, a 

WHO-endorsed method) on at least five occasions, had a 
95% CI lower bound of at least 0·25 for the PPV, had an 
OR of at least 1, and a significant FDR-corrected p value. 
A mutation was graded as associated with resistance—
interim if fewer than 5 of the solos were associated with a 
category 1 or 2 phenotype, or if the mutation was only 
identified as solo on the second pass of the algorithm.

Mutations were graded as not associated with resistance 
if solos met the pre-processing criteria (95% CI upper 
bound on the PPV for phenotypic resistance <10%). All 
other mutations were graded as having uncertain 
significance.

Unlike many drugs that have hotspots in which 
resistance mutations cluster in a relevant gene, resistance 
to pyrazinamide can be conferred by many individually 
infrequent mutations dispersed across pncA.25 Confi
dence grading criteria established for other drugs 
excluded most of these mutations and were therefore 
relaxed for pyrazinamide. Mutations present as solo in 
pncA in at least two resistant isolates and with at least 
50% PPV were classified as associated with resistance—
interim, whereas those with a PPV less than 40% (and 
upper bound 95% CI <75%) were classified as not 
associated with resistance—interim.

Finally, a set of expert rules were applied to mutations 
of uncertain significance whereby any non-synonymous 
mutation in the rifampicin-resistance determining 
region of rpoB and any premature stop codon, insertion, 

Total 
isolates (n)

Total 
resistant (n)

Percentage with 
resistant 
phenotype (95% CI)

Rifampicin

WHO current* 4107 1387 33·8% (32·3–35·2)

WHO current and past† 27 063 6736 24·9% (24·4–25·4)

All‡ 34 375 9868 28·7% (28·2–29·2)

Isoniazid

WHO current 14 252 3657 25·7% (24·9–26·4)

WHO current and past 26 727 8440 31·6% (31·0–32·1)

All 34 437 12 199 35·.4% (34·9–35·9)

Ethambutol

WHO current 11 028 1307 11·9% (11·3–12·5)

WHO current and past 23 706 3615 15·2% (14·8–15·7)

All 30 708 4900 16·0% (15·5–16·4)

Pyrazinamide

WHO current 8416 851 10·1% (9·5–10·8)

WHO current and past 15 903 2329 14·6% (14·1–15·2)

All§ 15 902 2329 14·6% (14·1–15·2)

Levofloxacin

WHO current 2407 194 8·1% (7·0–9·2)

WHO current and past 10 305 2019 19·6% (18·8–20·4)

All 18 277 3108 17·0% (16·5–17·6)

Moxifloxacin

WHO current 164 12 7·3% (3·8–12·4)

WHO current and past 6904 1094 15·8% (15·0–16·7)

All 13 351 1869 14·0% (13·4–14·6)

Bedaquiline

WHO current 0 0 NA

WHO current and past 88 3 3·4% (0·7–9·6)

All 8321 73 0·9% (0·7–1·1)

Linezolid

WHO current 72 0 0·0% (0·0–5·0)

WHO current and past 1131 9 0·8% (0·4–1·5)

All 11 018 123 1·1% (0·9–1·3)

Clofazimine

WHO current 0 0 NA

WHO current and past 3635 23 0·6% (0·4–0·9)

All 10 179 125 1·2% (1·0–1·5)

Delamanid

WHO current 0 0 NA

WHO current and past 89 2 2·2% (0·3–7·9)

All 7778 82 1·1% (0·8–1·3)

(Table 1 continues in next column)

Total 
isolates (n)

Total 
resistant (n)

Percentage with 
resistant 
phenotype (95% CI)

(Continued from previous column)

Amikacin

WHO current 1015 60 5·9% (4·5–7·5)

WHO current and past 8040 664 8·3% (7·7–8·9)

All 16 978 1288 7·6% (7·2–8·0)

Streptomycin

WHO current 1577 144 9·1% (7·8–10·7)

WHO current and past 9043 2562 28·3% (27·4–29·3)

All 13 984 4635 33·1% (32·4–33·9)

Ethionamide

WHO current 45 17 37·8% (23·8–53·5)

WHO current and past 2184 884 40·5% (38·4–42·6)

All 13 918 2965 21·3% (20·6–22·0)

NA=not available. *Methods and critical concentrations currently endorsed by 
WHO (category 1). †Category 1 plus critical concentrations previously endorsed by 
WHO for those methods (category 2). ‡Category 1 plus category 2 plus methods 
or critical concentrations not currently endorsed by WHO (category 3). §The all 
dataset has one phenotype fewer than the WHO current and past dataset because 
a whole strain was removed at the stage when category 3 phenotypes were 
added. One strain had a category 3 isoniazid phenotype, with a susceptible 
isoniazid phenotype and a katG S315T mutation, but a phenotype from a higher 
category for pyrazinamide. The pyrazinamide phenotype was therefore included 
as part of the WHO current and past dataset. When the isoniazid phenotype was 
added, the whole strain was removed, including the pyrazinamide phenotype.

Table: Number and percentage of isolates reported with resistant 
phenotypes by drug and level of support for critical concentrations



Articles

www.thelancet.com/microbe   Vol 3   April 2022	 e269

or deletion in ethA, gid, katG, or pncA was interpreted 
as associated with resistance—interim.8,25 Mutations 
not already graded, but for which there was previous 
guidance from WHO, were graded according to that 
external evidence, with an interim caveat unless these 
were so-called borderline mutations in the rifampicin-
resistance determining region, or unless there was more 
recent evidence in the literature to suggest previous 
WHO guidance should be revised (appendix 1 p 8 and 
detailed methods in WHO document).9

Role of the funding source
The funders of the study had no role in the study design, 
data collection, data analysis, data interpretation, or 
writing of the report.

Results
We analysed 41 137 MTBC isolates with phenotypic and 
WGS data from 45 countries across six continents. 
30 countries contributed data on more than 100 isolates 
and ten countries contributed more than 1000 isolates. 
38 215 isolates (mean depth of 120×) passed quality 
control steps and were included in the final analysis.

Not all isolates had phenotypic DST results for all 
drugs. Data on first-line drugs (isoniazid, rifampicin, 
ethambutol, and pyrazinamide) were most common. 
Phenotypic data on new and repurposed drugs 
(bedaquiline, delamanid, clofazimine, and linezolid) 
were least common and almost exclusively derived from 
CRyPTIC plates (table).18 The prevalence of resistance to 
first-line drugs ranged from 14% (pyrazinamide) to 
35% (isoniazid). The prevalence of resistance to new 
(bedaquiline and delamanid) and repurposed (linezolid 
and clofazimine) drugs was lower than for other drugs 
(≤1·2%).

15 667 associations were computed for 13 211 unique 
mutations relevant to one or more of 13 drugs. 1149 (7·3%) 
of 15 667 mutations were graded as group 1 or 2, and 
107 (0·7%) were graded as group 4 or 5. Most were 
graded as of uncertain significance (group 3; figure 1, 
appendix 2 table S4). All group 1 and 2 mutations were 
derived from tier 1 sequences (appendix 2 table S4), 
and for most drugs from only one or two genes 
(appendix 2 table S5). Except for inhA promoter mutations, 
all upstream group 1 and 2 mutations were within 12 bp 
of a start codon. Although there were many group 3 
mutations, individually these were seen far less frequently 
than the small number of group 1 or 2, or group 4 or 5 
mutations (figure 2). For pyrazinamide, only 7% of isolates 
contained a mutation of uncertain significance, climbing 
to 42% for bedaquiline (appendix 2 table S6).

As no independent dataset was available to test the 
catalogue, sensitivity and specificity were assessed by 
predicting phenotypic resistance for the same data 
from which the catalogue was derived. For rifampicin, 
isoniazid, ethambutol, fluoroquinolones, and strepto
mycin, the mutations’ pooled sensitivity was more 

than 80%. Specificity was over 95% for all drugs 
except ethionamide (91·4%), moxifloxacin (91·6%) and 
ethambutol (93·3%; figure 3). In most cases, the 
contribution of expert rules to sensitivity was small. For 
isoniazid, 10 978 (90%) of 12 199 resistant isolates contained 
one of five data-derived resistance mutations, with an 
additional 148 (1·2%) isolates subject to an expert rule. For 
rifampicin, 9047 (91·7%) of 9868 resistant isolates 
contained one of the 23 data-derived resistance mutations, 
with 207 (2·1%) additional isolates subject to expert rules 
(figure 3; appendix 2 table S4). For drugs where resistance 
can be caused by loss of function mutations in non-
essential genes, the expert rules played a greater role. For 
pyrazinamide, 284 (12·2%) of 2329 resistant isolates were 
subject to an expert rule, and 530 (17·9%) of 2965 for 
ethionamide (appendix 2 table S7).

The only resistance mutations classified for new and 
repurposed drugs were for linezolid (one mutation 
classified as group 1) and for delamanid (one mutation 
classified as group 2). No resistance mutations were 
identified from the data for bedaquiline or clofazimine. 
Figure 4 shows how the correspondingly low sensitivity 
relates to the number of isolates analysed for each drug 
and to the prevalence of phenotypic resistance in those 
isolates. Not only were fewer isolates analysed for the 

Figure 1: Number of tier 1 mutations by mutation group and drug
Genes were divided into two tiers for analysis, in which tier 1 sequences were deemed to have a higher probability 
of association with resistance. For isolates with no tier 1 genomic explanation for resistance, tier 2 sequences were 
analysed. No tier 2 mutations were graded as group 1 or 2 so these are not shown for any groups. To reflect the 
minimum number of isolates a mutation must have been seen in for it to be graded as group 1 or 2, the mutations 
used here were seen in 5 or more isolates. Exceptions are mutations relevant to pyrazinamide (counted if seen in 
2 or more isolates) and mutations subject to an expert rule (counted if seen in any number of isolates). The actual 
number of tier 1 group 3 mutations, regardless of the frequency with which these were seen, is written within each 
green bar. Group 4 mutations graded as such by an expert rule are not shown separately here, but can be viewed in 
appendix 2 (table S4). All expert rule mutations were group 2, with the exception of rpoB borderline mutations. 
Group 1=associated with resistance. Group 2=associated with resistance—interim. Group 3=uncertain 
significance. Group 4=not associated with resistance—interim. Group 5=not associated with resistance.
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novel use drugs, but the prevalence of resistance was also 
markedly lower, between 0·9–1·2%, and even in isolates 
resistant to rifampicin and isoniazid, 2% or less. For 
legacy-use drugs, prevalence of resistance was 
between 7·6 and 35·4%. All genomic and associated 
phenotypic data are available in appendix 2 (table S1).

Discussion
In this genotypic analysis, we present a catalogue that 
represents the first WHO-endorsed list of genomic 
mutations associated with drug resistance, or consistent 
with susceptibility, in MTBC.9 The catalogue is derived 
from the largest, globally sourced dataset of MTBC 
genome sequences and associated phenotypes published 
to date. This catalogue provides a common starting point 
and serves as a public resource for a wide array of users, 
from tuberculosis reference laboratories, to molecular 
diagnostics developers, to surveillance programmes.

The approach adopted to classify mutations combined 
three previously published schemes that were refined 
during several rounds of consultation with an inter
national panel of clinicians and researchers.8,22,25 The 
analysis was designed to be stringent to minimise the 
chances of having to reverse the grading of any variants 
in the future. There will therefore be mutations described 
in the literature, including in known drug resistance 

genes for new and repurposed drugs, that are not in the 
catalogue (eg, rrl for linezolid).3,26 Indeed, the reported 
performance of existing catalogues is often higher than 
the sensitivity and specificity reported here.21 However, 
the WHO catalogue presents robust evidence 
for each mutation, whereas the sensitivity of other 
catalogues has benefited from including lower confidence 
mutations, such as mutations that might only ever 
have been seen once, or compensatory mutations.21 
Although compensatory mutations can accurately predict 
resistance (eg, ahpC promotor mutations interrogated by 
the WHO-endorsed Cepheid Xpert MTB/XDR assay),9 
this analysis was designed not to associate these with 
resistance. Nevertheless, collectively, lower confidence 
mutations are likely to be enriched for resistance, thereby 
improving the sensitivity of a catalogue more than 
negatively affecting its specificity. The WHO catalogue 
might therefore not be the best performing catalogue, 
but provides a common platform from which to build 
catalogues and diagnostic assay.

This work was not designed as a systematic review of 
the literature, although decisions by WHO were 
incorporated unless more recent literature contradicted 
these.9 Following these precedents, we used a series of 
expert rules intended to cover all possible mutations that 
share functional features such as premature stop codons, 

Figure 2: Number of isolates per mutation by mutation group and drug
Error bars indicate upper and lower quartiles. Box and whisker plots exclude outside values. Mutations graded by expert rules are not shown as the number of isolates 
was not relevant to their classification. Group 1=associated with resistance. Group 2=associated with resistance—interim. Group 3=uncertain significance. 
Group 4=not associated with resistance—interim. Group 5=not associated with resistance.
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insertions, or deletions resulting in the loss of function 
of non-essential genes such as katG or pncA.8 Although 
the rules are evidence-based, exceptions might exist. For 
example, not all nonsense mutations will necessarily 
result in a loss of function. Expert rules could also have 
been applied to other non-essential genes relevant to 
other drugs, but we chose a stringent approach. Rules 
might need to be updated as new data accumulate.

Although many isolates can help overcome the 
variability introduced by random error in measurements, 
big data remains susceptible to systematic error, such as 
from changes in recommended critical concentrations 
over time, as happened for the fluoroquinolones in 
2018.12 The phenotypic data were largely derived from 
WHO-endorsed methods, albeit from various media with 
varying critical concentrations. The broth microdilution 
plates used by the CRyPTIC consortium are not 
WHO-endorsed, but contributed phenotypes for 
over 20% of these isolates, including almost all 
data for the new and repurposed drugs.18 The hierarchical 
prioritisation of phenotypes was an attempt to manage 
the diversity in phenotypic methods.

Two tiers of candidate genes were analysed, with 
mainly canonical targets in tier 1 and more recently 
identified genes in tier 2.27,28 No mutations outside of 
tier 1 genes and their promoters were classified as 
associated with resistance in this analysis. It could be 
that tier 2 variants were either too rare or that the 
mutations in these genes result in smaller increases in 
the MIC, producing a more variable binary phenotype 
that failed to meet the established thresholds.

The specificity of graded mutations was low for some 
drugs (figure 3), which is probably due to a combination 
of four factors.29 First, inappropriately high critical 
concentrations between 2014 and 2018 will have had a 
major influence on results for moxifloxacin, despite our 
hierarchical approach prioritising phenotypic DST 
results.10 Second, some resistance mutations 
only confer modest MIC increases, which means that 
their MIC distributions overlap with that of genuinely 
susceptible isolates. Even using the correct critical 
concentration, phenotypic DST is not a reliable confir
matory method for these mechanisms, as recognised by 
WHO endorsement of a composite reference standard 
for rifampicin.11 Third, epistasis could have played a role 
for amikacin and potentially bedaquiline and 
clofazimine.30 Finally, the expert rules might have 
overcalled resistance in some cases. It should also be 
noted that both sensitivity and specificity might be 
overestimated since these were assessed on the same 
data from which mutations were graded.

Despite these limitations, progress is to be expected as 
more resistant isolates are collected. This is especially 
important for new and repurposed drugs. Diminishing 
returns are to be expected from analysing many more 
isolates resistant to legacy-use drugs, especially where 
the very major error rate (the gap between observed 

sensitivity and 100%) starts to overlap with the expected 
rate of phenotypic or sample labelling error.21

Some national tuberculosis programmes already use 
WGS in place of phenotypic testing to direct the use of 
first-line drugs,21 but further work is required to expand 

Figure 3: Sensitivity and specificity for all drugs
Sensitivity is represented by bars going upwards from zero, and specificity by bars going downwards from 100. 
The colour progression in each bar shows the incremental sensitivity gained, and corresponding specificity lost, by 
expanding the catalogue to include first group 1 and then group 2 mutations, in each case without the use of 
expert rules, and then adding in the expert rules. All mutations subject to an expert rule were graded as group 2 
except for borderline rpoB mutations. Error bars indicate 95% CIs for the total effect of all mutations shown. 
Group 1=associated with resistance. Group 2=associated with resistance—interim.
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the catalogue for all drugs and meet the desired target 
product profiles for molecular DST.7,29 This additional 
work should focus on collections with more phenotypic 
resistance to new and repurposed drugs, and could 
involve in vivo and in vitro selection experiments.3 Future 
analyses should also focus on the association between 
mutations, and combinations of mutations, with 
MICs.28,29 Such data would help facilitate the tailoring of 
individual drug doses based on molecular diagnostics. 
WHO plans to update the catalogue regularly and will 
endeavour to incorporate these advances and address 
existing gaps to strengthen the public health response. 
The effort will depend on future contributions from 
researchers, funding agencies, and data custodians to 
this global effort.
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