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Figure S1. Pearson correlation between resistance phenotypes across 14 drugs. 

Pearson correlation coefficients were calculated between MIC values for 14 drugs. Correlation 
scores are coloured on the heatmap to indicate strong resistance co-occurrence between 
drugs. 

  



 

Figure S2. Feature importance and feature coverage for isoniazid (INH) 

Representation of feature importance values across Information Gain, Feature Coverage 
(average number of instances affected by the feature), and Feature Weight (number of times 
the feature appears across all trees) in models (GBT-F1+ counts) for INH. Values labelled if in 
the 20th-percent-tile across both Information Gain and Feature Weight.  

  



 

Figure S3. Feature importance and feature coverage for rifampicin (RIF) 

Representation of feature importance values across Information Gain, Feature Coverage 
(average number of instances affected by the feature), and Feature Weight (number of times 
the feature appears across all trees) in models (GBT-F1+ counts) for RIF. Values labelled if in 
the 20th-percent-tile across both Information Gain and Feature Weight. 

  



Figure S4. Feature importance and feature coverage for ethambutol (EMB) 

Representation of feature importance values across Information Gain, Feature Coverage 
(average number of instances affected by the feature), and Feature Weight (number of times 
the feature appears across all trees) in models (GBT-F1+ counts) for EMB. Values labelled if 
in the 20th-percent-tile across both Information Gain and Feature Weight. 

  



Figure S5. Feature importance and feature coverage for pyrazinamide (PZA) 

Representation of feature importance values across Information Gain, Feature Coverage 
(average number of instances affected by the feature), and Feature Weight (number of times 
the feature appears across all trees) in models (GBT-F1+ counts) for PZA. Values labelled if 
in the 20th-percent-tile across both Information Gain and Feature Weight. 

  



Figure S6. Feature importance and feature coverage for ethionamide (ETH) 

Representation of feature importance values across Information Gain, Feature Coverage 
(average number of instances affected by the feature), and Feature Weight (number of times 
the feature appears across all trees) in models (GBT-F1+ counts) for ETH. Values labelled if 
in the 20th-percent-tile across both Information Gain and Feature Weight. 

 

 

 

 

 

  



 

Figure S7. Distribution of inhA -c.779/fabG1 -17G>T across isoniazid (INH) minimum 
inhibitory concentration (MIC) phenotypes. 

Allele frequencies (left) and genotype distribution (right) of variant across ordinal MIC 
phenotypes for INH. 

  



 

Figure S8. Distribution of inhA -c.770/fabG1 -8T>C/G across isoniazid (INH) minimum 

inhibitory concentration (MIC) phenotypes 

Allele frequencies (left) and genotype distribution (right) of variant across ordinal MIC 
phenotypes for INH. 

 

 

 

 

 

 

 



Figure S9. Distribution of inhA c.62T>C across ethionamide (ETH) minimum inhibitory 

concentration (MIC) phenotypes 

Allele frequencies (left) and genotype distribution (right) of variant across ordinal MIC 
phenotypes for ETH. 

  



 

Figure S10. Distribution of Rv1313c c.-3471T>C across amikacin (AMK) minimum 

inhibitory concentration (MIC) phenotypes 

Allele frequencies (left) and genotype distribution (right) of variants across ordinal MIC 
phenotypes for AMK. 

 

 

 

Figure S11. Allele frequency histogram of variants in drug-resistance genes 

Allele frequencies of variants in drug-resistance genes with non-major allele frequency (MAF 
<0.005) are shown to highlight how the MAF threshold of 0.1% was determined. The dashed 
line indicates a threshold of 0.0001. 

 


