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This month’s Genome Watch examines 
how novel machine learning- enabled 
molecular diagnostic approaches can 
predict antibiotic resistance when genetic 
variation falls short.

Antimicrobial resistance (AMR) is a major 
public health threat, and we need advanced 
diagnostics to better inform the course of 
treatment and ensure that the right anti biotics 
are prescribed. Culture- based antimicro-
bial susceptibility testing (AST) usually 
takes between 24–48 hours for fast- growing 
microorganisms and up to months for 
Mycobacterium tuberculosis, leaving a time 
window during which the patient could be 
given harmful antibiotics unnecessarily or 
face a delay in receiving effective treatment. 
Whole- genome sequencing could provide 
information within hours of clinical sample 
collection, including insights into antibiotic 
resistance and virulence traits of the patho-
gen as well as patient- to- patient trans mission 
patterns. For some pathogens, known genetic 
mechanisms explain most of the observed 
resistance with accuracy in line with labora-
tory testing1; however, for other pathogen–
antibiotic combinations, the effect of rare 
mutations or mutations that alter gene expres-
sion makes the prediction of the resistance 
phenotype difficult. Recent machine learning 
approaches might overcome these barriers.

In M. tuberculosis, rare variants make a 
substantial contribution to some resistance 
pheno types, but the small sample sizes cur-
rently available lack the power to assess the 
individual effects of the mutations. 
Chen et al.2 modelled resistance 
to 11 drugs in 3,601 M. tubercu-
losis isolates. They found that 
including pooled rare variants 
across genes in 28 targeted 
genomic regions substantially  
improved predictions com-
pared with including common  
mutations only. Previously  

Both studies also considered the impact of 
population structure on their models: Chen 
et al.2 examined the reliance of their models 
on known lineage markers and found that 
they were more predictive of sensitivity than 
resistance; and Khaledi et al.5 identified dif-
ferences in the reliance of different model 
types on genetic background by testing their 
models on withheld sequence types. The 
type of data required, and the right method 
for modelling the data, differs depending on 
the resistance mechanism. In both studies the 
simplest model tested, a logistic regression, 
performed best for some drugs, but more 
complex methods were superior for some 
hard- to- predict phenotypes. Algorithms for 
predicting AMR when there is a straightfor-
ward link between genotype and phenotype 
currently report high accuracy, but more bio-
logically informed approaches are needed for 
cases for which standard predictive methods 
still struggle. These studies illustrate progress 
in bridging these gaps.
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uncharacterized mutations in the embA 
gene were important predictors of ethambu-
tol resistance, pointing to the potential for 
machine learning to identify novel candidate 
resistance mechanisms for further investiga-
tion. Accuracy also improved slightly when 
the authors built models to predict resistance 
to all drugs simultaneously, which enables the 
sharing of information across phenotypes.

In Pseudomonas aeruginosa, differences 
in the expression of resistance genes account 
for some resistance phenotypes that currently 
cannot be explained by genetic variation 
alone3. Using 414 P. aeruginosa clinical iso-
lates, Khaledi et al.4 examined the ability of 
machine learning methods to predict resist-
ance to four common anti- pseudomonal 
antimicrobials using data on gene presence 
or absence (GPA), genetic variation and gene 
expression under standard culture conditions. 
The relative importance of the three data types 
differed markedly for the different antibiotics, 
reflecting the different mechanisms of resist-
ance. Whereas ciprofloxacin resistance could 
be accurately predicted using genetic variation 
alone, including gene expression data sub-
stantially improved prediction of ceftazidime, 
tobramycin and meropenem resistance over 
GPA alone. The importance of expression of 
the multidrug efflux pump oprAB–oprM was 
detected for mero penem, but not ciproflox-
acin and ceftazidime, which could poten-
tially have been remedied by a multi- drug 
modelling approach or the inclusion of more 
samples. The authors built equally accurate 

models using <100 features (out of 
>80,000), potentially enabling the 
development of simpler molecular 
tests. However, the requirement of 
expression data limits the prac-
ticality of this approach as a rapid 

point- of- care test without further 
experimental work to dis-
sect expression regulation  
and link genetic variation  

to gene expression5.
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