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Abstract 

Background  The WHO recently released a second edition of the mutation catalog for predicting drug resistance 
in Mycobacterium tuberculosis (MTB). This study evaluated its effectiveness compared to existing whole-genome 
sequencing (WGS)-based prediction methods and proposes a novel approach for its optimization.

Methods  We tested the accuracy of five tools—the WHO catalog, TB Profiler, SAM-TB, GenTB, and MD-CNN—for pre-
dicting drug susceptibility on a global dataset of 36,385 MTB isolates with high-quality phenotypic drug susceptibility 
testing (DST) and WGS data. By integrating the genotypic DST predictions of these five tools in an ensemble machine 
learning framework, we developed an improved computational model for MTB drug susceptibility prediction. We 
then validated the ensemble model on 860 MTB isolates with phenotypic and WGS data collected in Shenzhen, China 
(2013–2019) and Valencia, Spain (2014–2016).

Results  Among the five genotypic DST tools for predicting susceptibility to ten drugs, MD-CNN exhibited the high-
est overall performance (AUC 92.1%; 95% CI 89.8–94.4%). The WHO catalog demonstrated the highest specificity 
of 97.3% (95% CI 95.8–98.4%), while TB Profiler had the best sensitivity at 79.5% (95% CI 71.8–86.2%). The ensemble 
machine learning model (AUC 93.4%; 95% CI 91.4–95.4%) outperformed all of the five individual tools, with a speci-
ficity of 95.4% (95% CI 93.0–97.6%) and a sensitivity of 84.1% (95% CI 78.8–88.8%), principally due to considerable 
improvements in second-line drug resistance predictions (AUC 91.8%; 95% CI 89.6–94.0%).

Conclusions  The second edition of the WHO MTB mutation catalog does not, by itself, perform better than existing 
tools for predicting MTB drug resistance. An integrative approach combining the WHO catalog with other genotypic 
DST methods significantly enhances prediction accuracy.
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Background
Drug-resistant tuberculosis (DR-TB) represents a chal-
lenge to global tuberculosis (TB) treatment and control. 
The Global TB Report estimated that in 2023 at least 
410,000 individuals developed multidrug-resistant or 
rifampicin-resistant TB (MDR/RR-TB) [1]. However, 
only 149,511 cases were diagnosed and reported [1], 
highlighting the considerable deficiencies in DR-TB 
diagnostic capabilities. Although the global treatment 
success rate for MDR/RR-TB has recently improved, 
globally it remains alarmingly low at 63% [1]. MDR/
RR-TB generally evolves due to inappropriate TB treat-
ment, but recent molecular epidemiological studies 
have shown that person-to-person transmission is now 
the primary contributor to the global DR-TB burden [2, 
3]. Delays in drug susceptibility testing (DST) to detect 
drug-resistant Mycobacterium tuberculosis (MTB) 
strains will prolong their transmission and exacerbate 
the epidemic [4, 5].

Phenotypic DST methods remain the gold standard 
for detecting DR-TB, though WHO endorses a compos-
ite reference standard for rifampicin resistance [6]. These 
methods are labor-intensive and require biosafe labora-
tory infrastructure [7]. Molecular methods, such as Xpert 
MTB/RIF and GenoType MTBDRplus, offer quicker 
results than phenotypic DST but will only detect a sub-
set of all drug-resistant mutations (DRMs) for only a few 
anti-TB medications [8]. The advantage of whole-genome 
sequencing (WGS) is that it can detect all putative DRMs 
across the entire MTB genome and can be quicker than 
phenotypic methods requiring MTB cultures. The cur-
rent WGS-based tools to predict MTB drug resistance 
fall into two categories: (1) tools that search WGS data 
for variants from a list of known DRMs, such as TB 
Profiler [9], PhyResSE [10], and SAM-TB [11], and (2) 
machine learning-based tools that use phenotypic DST 
data and WGS data to establish a prediction model for 
drug resistance, such as GenTB [12], HANN [13], and 
MD-CNN [14]. Despite significant advances in the WGS-
based methods for detecting drug resistance in MTB, 
there are, at present, no universally accepted global 
standards for genotypic DST.

In 2021, the WHO released its inaugural catalog of 
MTB mutations associated with drug resistance, derived 
from the analysis of WGS data and phenotypic DST 
results of 38,215 global isolates [15]. This catalog serves 
as a reference standard for interpreting genotypic DST 
results. To incorporate the findings from the vast number 
of data sets now available, the WHO mutation catalog 
was updated in 2023 [16]. In this study, we compared the 
performance of the updated WHO catalog against exist-
ing WGS-based tools for predicting drug resistance in 
MTB. We then integrated the WHO catalog with existing 

WGS-based tools to develop a more accurate method for 
predicting drug resistance in MTB.

Methods
Datasets
To evaluate the performance of the 2023 WHO catalog 
and other WGS-based genotypic DST methods for pre-
dicting drug resistance, as well as the development of 
ensemble machine learning models, we used a globally 
sourced dataset comprised of high-quality WGS data 
and phenotypic DST results from 36,385 MTB isolates 
collected from 45 countries across six continents [5]. To 
assess the performance of the ensemble models, we used 
an external testing cohort that included 860 MTB isolates 
from two retrospectively collected sources: 154 MDR-
TB isolates with phenotypic DST results collected from 
2013 to 2019 in the Shenzhen Center for Chronic Disease 
Control, China [17], and 706 MTB isolates with pheno-
typic DST results collected from 2014 to 2016, in the 25 
clinical laboratories in Valencia, Spain [18]. All isolates 
had undergone WGS previously and their WGS data 
(Additional files 1, 2) were downloaded from the NCBI-
SRA database (https://​www.​ncbi.​nlm.​nih.​gov/​sra) [19].

Analysis of WGS data
We employed a previously established pipeline for iden-
tifying single nucleotide polymorphisms (SNPs) [20]. Ini-
tially, the Sickle tool [21] trimmed WGS data to preserve 
reads with a Phred base quality above 20 and lengths 
exceeding 30 nucleotides. The reads were then aligned to 
the MTB H37Rv reference genome (GenBank AL123456) 
using bowtie2 (v2.2.9) [22]. SNP-calling was conducted 
with SAMtools (v1.3.1) [23], requiring a mapping quality 
above 30. Varscan (v2.3.9) [24] identified fixed SNPs (fre-
quency ≥ 75%) supported by at least five reads, applying 
a strand bias filter. We excluded SNPs located in noisy or 
repetitive genomic regions, such as PPE/PE-PGRS fam-
ily genes, phage sequences, and mobile genetic elements 
[25]. MTB lineages were classified using lineage-specific 
SNPs [26].

Baseline methods
The updated WHO mutation catalog, two lists from 
known DRMs-based tools (TB Profiler and SAM-TB), 
and two machine learning-based tools (GenTB and 
MD-CNN) were considered as the baseline methods in 
this study. All baseline methods were used as is, with-
out modification or retraining. The newly updated 2023 
WHO mutation catalog served as a reference standard 
for interpreting MTB DRMs [16]. Only variants classified 
as “Category 1: Associated with resistance” or “Category 
2: Associated with resistance-interim” were considered as 
known DRMs. TB Profiler (v5.0.0) [9] and SAM-TB (v1) 
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[11], both widely used tools, predict MTB resistance by 
incorporating known DRMs into their frameworks. All 
three catalog-based methods relied on the same system-
atic WGS data analysis pipeline described in the Analysis 
of WGS data section, but each predicted resistance based 
on their respective DRM catalogs. GenTB (v1) employs 
a conventional random forest (RF) classifier, which has 
frequently been used as a comparator in earlier TB drug 
resistance prediction studies [12, 13]. MD-CNN (v1.0) 
[14] is a multi-drug convolutional neural network that 
significantly enhances the interpretability of predictions 
over traditional machine learning-based approaches. 
Evaluations were conducted using ten-fold cross-valida-
tion, with results including the mean area under receiver 
operator curves (AUC), sensitivity, specificity, and the 
corresponding 95% confidence intervals (95% CI) for 
each baseline method.

Identification of potential explanatory mutations 
for phenotypically resistant but genotypically susceptible 
strains
To identify potential mutations explaining phenotypi-
cally resistant but genotypically susceptible strains, we 
applied two criteria. First, the mutations must be present 
in phenotypically resistant but genotypically susceptible 
strains and absent in phenotypically susceptible strains. 
Second, these mutations were required to appear at least 
five times among the phenotypically resistant but geno-
typically susceptible strains.

Ensemble model development and validation
A stacking ensemble strategy based on the five baseline 
methods was utilized to improve the performance of the 
individual methods. For each of the 10 drugs, a single-
drug ensemble model was developed using a standard-
ized procedure. The global dataset was randomly split 
into training and validation sets in a 3:1 ratio using the 
train_test_split function from Python (v3.9.2) [27] with 
the Scikit-learn library (v1.3.2) [28]. The stacking frame-
work consisted of two levels: base classifiers and a meta-
classifier. The base classifiers included models such as 
the updated WHO catalog, TB Profiler, and SAM-TB, 
which produced binary predictions (0 for susceptibil-
ity, 1 for resistance), as well as GenTB and MD-CNN, 
which generated graded numerical predictions (0 to 1, 
representing the probability of resistance). These outputs 
were combined to create a new dataset, which served 
as input for the meta-classifier. The meta-classifier, 
implemented as a decision tree (DT) using Scikit-learn, 
was optimized through grid search with tenfold cross-
validation, focusing on parameters such as “splitter,” 
“criterion,” “max_features,” and “max_depth.” Model per-
formance was evaluated using the mean area under the 

receiver operating characteristic curve (AUC), sensitivity, 
specificity, and their respective 95% confidence intervals 
(CIs). Furthermore, a merged dataset from the two addi-
tional cohorts was used for the external evaluation of the 
ensemble model.

Statistical analysis
Categorical variables are reported as count (%) and con-
tinuous variables as mean with standard deviations (SD) 
or median with interquartile ranges (IQR). To compare 
the AUC, sensitivity, and specificity between two meth-
ods, we used the Wilcoxon signed-rank test with p values 
adjusted according to the Benjamini–Hochberg proce-
dure. For comparisons among three or more methods, 
we applied the Friedman test to evaluate AUC, sensitiv-
ity, and specificity. All statistical analyses were conducted 
using R software (version 4.3.3) [29], with a significance 
threshold set at p < 0.05.

Results
Overview of the global dataset and baseline methods
The global dataset comprised 36,385 MTB isolates col-
lected from 45 countries across six continents (Fig. 1A). 
Ten lineages of the Mycobacterium tuberculosis complex 
(MTBC) were represented in the dataset: seven human-
associated (L1 to L7) and three animal-associated (M. 
bovis-La1, M. caprae-La2, and M. orygis-La3) lineages. 
The majority of isolates belonged to lineage L4 (17,134), 
followed by L2 (9695), L3 (5438), and L1 (3434). Lesser 
numbers of genomes belonged to La1 (426), La3 (121), L5 
(63), L6 (59), La2 (12), and L7 (3) (Fig. 1A). Not all iso-
lates had phenotypic DST results for all anti-TB drugs 
(Fig. 1A) but were most frequently available for isoniazid 
(91.3% [33,224 of 36,385]) and rifampicin (90.1% [32,785 
of 36,385]). There were fewer phenotypic DST results for 
new drugs such as delamanid (21.5% [7808 of 36,385]) 
and bedaquiline (22.9% [8335 of 36,385]; Fig.  1B). The 
prevalence of resistance across 15 drugs varied from 
a low of 0.08% for bedaquiline resistance to 34.3% for 
isoniazid resistance (Fig.  1B). Among the five baseline 
genotypic DST methods employed, the WHO catalog, 
TB Profiler, and SAM-TB could predict resistance for 15 
drugs. In contrast, GenTB and MD-CNN did not predict 
resistance for 5 and 4 drugs, respectively, as they had not 
been trained for these drugs. All methods enabled resist-
ance prediction for 10 drugs (Fig. 1B), which were used 
for subsequent analyses.

MD‑CNN outperformed the other baseline methods
When we evaluated performance of each baseline gen-
otypic DST method by comparing their predictions 
of drug resistance with the phenotypic DST results, 
the five methods exhibited varying AUCs (Fig.  2A). 
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All methods showed the highest prediction accuracy 
for rifampicin (RIF; mean AUC 96.4% [95% CI 95.6–
97.3%]) and the lowest for ethionamide (ETO; 77.1% 
[70.4–83.8%]; Fig.  2A). Diagnostic performance was 
higher for first-line drugs compared to second-line 
drugs (91.6% [88.6–94.5%] vs 86.4% [84.2–88.5%]; Wil-
coxon signed-rank test p < 0.05), with the exception of 
lower accuracy for first-line drug pyrazinamide (PZA; 
82.4% [75.9–88.9%]; Fig. 2A).

Using tenfold cross-validation, the mean AUC of 
MD-CNN (92.1% [89.8–94.4%]) was significantly 
higher than that of the other four methods: TB Profiler 
(88.2% [84.4–92.0%]; Wilcoxon signed-rank test with 

Benjamini–Hochberg FDR p < 0.05); the WHO catalog 
(88.0% [84.4–91.6%]; p < 0.05); SAM-TB (87.1% [82.6–
91.7%]; p < 0.05); and GenTB (86.7% [81.8–91.7%]; 
p < 0.05; Fig.  2B). The WHO catalog demonstrated 
the highest specificity (97.3% [95.8–98.4%]), while 
TB Profiler had the highest sensitivity (79.5% [71.8–
86.2%]) among the five baseline methods (Fig.  2B). 
Subsequently, when we compared the prediction per-
formance of the baseline methods for both first-line 
(Fig.  2C) and second-line drugs (Fig.  2D), MD-CNN 
achieved a mean AUC of 95.1% [95% CI 92.3–97.9%] 
and 90.1% [87.9–92.4%], respectively. However, these 
differences between the five methods were not sta-
tistically significant (Friedman test first-line p = 0.14; 

Fig. 1  Overview of the global dataset and baseline methods. A Global distribution of Mycobacterium tuberculosis in the global dataset. For global 
lineage distribution, pie charts represent the proportion of each lineage among isolates available from each country. B Phenotypic drug 
susceptibility testing (DST) of strains in the global dataset and the range of resistance prediction by different genotypic DST methods. INH, isoniazid; 
RIF, rifampicin; EMB, ethambutol; LFX, levofloxacin; AMK, amikacin; KAN, kanamycin; PZA, pyrazinamide; ETO, ethionamide; MXF, moxifloxacin; STM, 
streptomycin; CAP, capreomycin; LZD, linezolid; CFZ, clofazimine; BDQ, bedaquiline; DLM, delamanid
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second-line p = 0.08), indicating only minor variability 
in the ability of the five baseline methods to detect drug 
resistance.

Discrepancies between phenotypic and genotypic DST
To identify specific challenges in genotypic DST meth-
ods, we detailed the discrepancies between genotypic 
and phenotypic DST results. The discrepant results 
were placed into two categories: (1) phenotypic DST 
detected drug resistance where genotypic DST indi-
cated susceptibility (Fig.  3A), or false negatives, and 
(2) genotypic DST predicted resistance whereas phe-
notypic DST indicated susceptibility, or false positives 
(Fig.  3B). The first type of discrepancy is attributable 
to an incomplete catalog of DRMs, especially for ETO 
(43.4% [95% CI 35.5–51.4%]). This suggests that addi-
tional, novel mutations that can confer ETO resistance 

are not present in the DRM catalogs employed by the 
five tools (Fig.  3C). To identify novel potential DRMs 
that may confer ETO resistance, we searched for unique 
mutations in phenotypically resistant but genotypically 
susceptible strains that were not present in phenotypi-
cally susceptible strains. We identified 7 novel muta-
tions that appeared repeatedly in these phenotypically 
ETO-resistant strains (Fig. 3D).

The second scenario of genotypically resistant 
strains that were phenotypically susceptible was most 
frequently observed for ethambutol (EMB; 32.2% 
[29.8–34.5%]), particularly when using machine learn-
ing-based genotypic DST methods (Fig. 3E). This phe-
nomenon was predominantly due to DRMs associated 
with resistance to EMB (Fig.  3F), and the phenotypic 
incongruency (40.8% [605 of 1483]) most commonly 
involved the embB M306I DRM (Fig. 3F).

Fig. 2  Diagnostic performance of the five prediction tools across antituberculosis drugs. A Radar plot of mean AUC of the baseline method 
for each drug. Data are presented as pooled mean AUC, sensitivity, specificity, and the corresponding 95% CI of each baseline method for all (B), 
first-line (C), and second-line (D) drugs. First-line drugs: INH, RIF, EMB, and PZA. Second-line drugs: STM, LFX, KAN, AMK, CAP, and ETO. AUC, area 
under the receiver operating characteristic curve; INH, isoniazid; RIF, rifampicin; EMB, ethambutol; PZA, pyrazinamide; STM, streptomycin; LFX, 
levofloxacin; KAN, kanamycin; AMK, amikacin; CAP, capreomycin; ETO, ethionamide
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Enhanced performance of drug resistance prediction 
by stacking ensemble model
To enhance the predictive accuracy of genotypic DST 
methods, we implemented an ensemble learning strategy 
(Fig.  4A). The stacking ensemble model showed robust 
predictive performance across all drugs, particularly 
improving accuracy for PZA (mean AUC 92.9% [95% CI: 
90.3–95.6%]) and ETO (88.2% [85.8–92.0%]; Fig. 4B). The 
average AUC for the stacking model was 93.4% [91.4–
95.4%], significantly surpassing the 92.2% [89.9–94.6%] 

of MD-CNN for all 10 drugs studied (Wilcoxon signed-
rank test with Benjamini–Hochberg FDR p < 0.05). It also 
exhibited a higher sensitivity (84.1% [78.8–88.8%]) than 
all baseline methods (Fig.  4C). For first-line drugs, the 
stacking model’s mean AUC of 95.8% [93.5–98.1%] was 
comparable to other methods (Friedman test p = 0.27). 
For second-line drugs, the ensemble model (91.8% [89.6–
94.0%]) outperformed MD-CNN (90.3% [87.9–92.7%]), 
although this result was only marginally significant (Wil-
coxon signed-rank test with Benjamini–Hochberg FDR 

Fig. 3  The discrepancies between genotypic and phenotypic DST approaches. A The number of phenotypically resistant MTB strains 
and the proportion of genotypically susceptible strains among them. B The number of genotypically resistant strains and proportion 
of phenotypically susceptible strains among them. C Comparison of false-negative ETO susceptibility predictions (phenotypically resistant 
but genotypically susceptible) with different baseline methods. D The number of mutations specific to ETO-resistant strains without a known 
resistance mutation. E Comparison of different baseline methods for false-positive EMB susceptibility predictions (genotypically resistant 
but phenotypically susceptible). F The proportion of strains phenotypically susceptible to EMB among genotypically resistant strains carrying 
different EMB DRMs. INH, isoniazid; RIF, rifampicin; EMB, ethambutol; PZA, pyrazinamide; STM, streptomycin; LFX, levofloxacin; KAN, kanamycin; AMK, 
amikacin; CAP, capreomycin; ETO, ethionamide
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p = 0.09). Validation using an external test dataset further 
confirmed that the stacking model overall performs bet-
ter than the other baseline models (Fig. 4D).

Discussion
This study conducted a systematic comparison of the 
WHO catalog and other genotypic DST methods using 
a large collection of MTB WGS and phenotypic DST 
data from around the world. Our findings reveal that 
MD-CNN, with a mean AUC of 92.1% [95% CI 89.7–
94.4%], surpasses the other four methods in prediction 

performance. Building on this, we used a stacking ensem-
ble strategy to develop a new machine learning model 
(93.4% [91.5–95.3%]) that outperformed the five existing 
methods, particularly for predicting resistance to second-
line drugs (91.8% [89.7–93.8%]).

Although we found minor variations in the accuracy of 
the five baseline genotypic DST methods for predicting 
drug resistance, the differences were not significant. In 
our initial evaluation of the five methods for predicting 
resistance to ten anti-TB drugs, MD-CNN surpassed the 
other four in overall prediction performance (Fig.  2B). 

Fig. 4  The stacking ensemble machine learning model development and validation. A Schematic diagram of the stacking ensemble model. 
B Radar plot of mean AUC of the stacking ensemble model for each drug. C Comparison of mean AUC, sensitivity, and specificity, obtained 
under the stacking ensemble model and other baseline genotypic DST methods. D AUCs of the stacking ensemble model for isoniazid, rifampicin, 
pyrazinamide, and ethambutol with the external validation datasets. AUC, area under the receiver operating characteristic curve; INH, isoniazid; 
RIF, rifampicin; EMB, ethambutol; PZA, pyrazinamide; STM, streptomycin; LFX, levofloxacin; KAN, kanamycin; AMK, amikacin; CAP, capreomycin; ETO, 
ethionamide
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In subsequent comparisons for first-line and second-
line drugs, however, MD-CNN did not show superior 
accuracy and the performance of the five methods was 
similar in predicting resistance across both drug catego-
ries (Fig.  2C, D). Aside from MD-CNN, only TB Pro-
filer showed a higher overall performance than SAM-TB 
(mean AUC 88.2% [84.4–92.0%] vs 87.1% [82.6–91.7%]; 
Wilcoxon signed-rank test with Benjamini–Hochberg 
FDR p = 0.04), and there were no significant perfor-
mance differences among the other tools. Most current 
genotypic DST methods, despite diverse principles, show 
similar accuracy and share similar challenges concerning 
false negatives and false positives. Our findings indicate 
that these methods still fall short of the WHO-defined 
standards for next-generation DST tools [30], with only 
a few achieving the minimal sensitivity and specific-
ity thresholds for a limited number of drugs (Additional 
file 3: Fig. S1). Future efforts should prioritize addressing 
these limitations by expanding knowledge about muta-
tions conferring resistance rather than developing com-
parable alternative methods to detect mutations, as only 
through such advancements can genotypic DST methods 
move closer to meeting WHO benchmarks and gaining 
broader clinical acceptance.

The better performance of the stacking ensemble 
model derives from its improved accuracy for predicting 
resistance to second-line drugs. There are strong correla-
tions of specific genetic mutations with resistance to first-
line drugs [5, 31], but the correlation is often ambiguous 
and complex for second-line drugs. Resistance to several 
second-line drugs is associated with mutations in several 
different genes, the functions and interactions of which 
are not fully understood [32]. This explains why there 
is less accuracy for predicting susceptibility to second-
line drugs [11, 12]. In this study, the stacking ensemble 
model markedly improved both prediction performance 
and sensitivity relative to the other methods, but with 
decreased specificity, highlighting the critical need for a 
better understanding of the mutations that confer resist-
ance to second-line drugs.

Errors in genotypic DST, such as false positives 
(phenotypically susceptible but genotypically resist-
ant) and false negatives (phenotypically resistant but 
genotypically susceptible), carry distinct implications 
for tuberculosis treatment. False negatives are particu-
larly dangerous because they can lead to inappropri-
ate treatment of resistant infections, thus prolonging 
transmission and increasing morbidity and mortality 
[33]. Reducing false negatives by increasing sensitivity 
is therefore often preferable, even if it increases false 
positives as a result of a reduced specificity [34]. False 
positives, however, can lead to inappropriate antibiotic 
use, potentially harming the patient and heightening 

the risk of developing resistance to critical last-line 
antibiotics [35].

False negatives highlight the need for a better under-
standing of resistance mechanisms. The lists of DRM 
include most mutations conferring resistance to both 
first- and second-line drugs, although there are less 
common variants, especially for second-line agents, 
which may not be included in the lists of DRM and thus 
will not be queried [36]. Classical single-variant-based 
association tests have low statistical power for detect-
ing rare variants unless the sample sizes or effect sizes 
are exceptionally large [37]. Therefore, improvements 
in prediction accuracy will require analyzing additional 
clinical MTB genomic and phenotypic data, especially 
strains from patients who were treated with second-
line agents. Our analysis of WGS data from strains that 
are phenotypically resistant but genotypically suscep-
tible to ETO identified several potential new DRMs. 
In addition to the Y235H mutation in the ethA gene, 
which is known to be associated ETO resistance gene, 
we identified six additional mutations associated with 
ETO resistance. These included variants in pyrG, which 
has shown epistatic interactions with ethA [38]. How-
ever, additional mutant library screening and in  vitro 
experimental studies are needed to confirm that these 
mutations truly influence MTB susceptibility to ETO.

Epistatic interactions may account for the false-posi-
tive predictions by genotypic DST, particularly in strain 
backgrounds not represented in DRM discovery sets. 
Previous research has demonstrated that the genetic 
background of MTB strains can influence the level of 
resistance conferred by DRMs in vitro [39], but the pre-
cise mechanisms behind these epistatic interactions are 
still unclear. Comprehensive empirical testing is neces-
sary to elucidate the variability of specific mutations on 
drug susceptibility in different strain backgrounds [40]. 
Innovative statistical methods, combined with large-
scale pathogen genomic datasets, could facilitate the 
identification of new epistatic interactions [41].

One of the main limitations of this study is the poten-
tial bias due to the overlap between our dataset and 
the WHO mutation catalog, which may favor the per-
formance of WHO catalog-based tools. Future evalu-
ations on independent datasets are crucial to validate 
the generalizability and robustness of these tools across 
diverse populations. Another limitation is that we did 
not perform genotypic DST for new and repurposed 
drugs such as bedaquiline, delamanid, and clofazimine 
because knowledge of the DRMs that confer resistance 
to these drugs is known to be incomplete. Finally, the 
external dataset was only used to validate the stack-
ing ensemble model’s prediction accuracy for first-line 
drugs, because we could not identify a suitable external 
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dataset to validate its performance for second-line 
drugs.

Conclusions
In conclusion, our study compared the accuracy of the 
WHO catalog and four other genotypic DST methods for 
predicting drug susceptibility in a large, globally repre-
sentative MTB dataset with high-quality WGS and phe-
notypic data. Based on this evaluation, we developed a 
new stacking ensemble model that further enhances the 
performance of genotypic DST methods. We showed 
that a stacking ensemble strategy is feasible and has the 
potential to optimize exiting genotypic DST methods.
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