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ABSTRACT 22 

 23 

Neisseria gonorrhoeae is an urgent public health threat due to the emergence of antibiotic 24 

resistance. As most isolates in the US are susceptible to at least one antibiotic, rapid molecular 25 

antimicrobial susceptibility tests (ASTs) would offer the opportunity to tailor antibiotic therapy, 26 

thereby expanding treatment options. With genome sequence and antibiotic resistance 27 

phenotype data for nearly 20,000 clinical N. gonorrhoeae isolates now available, there is an 28 

opportunity to use statistical methods to develop sequence-based diagnostics that predict 29 

antibiotic susceptibility from genotype. N. gonorrhoeae therefore provides a useful example 30 

illustrating how to apply machine learning models to aid in the design of sequence-based ASTs. 31 

We present an overview of this framework, which begins with establishing the assay technology, 32 

the performance criteria, the population in which the diagnostic will be used, and the clinical 33 

goals, and extends to the choices that must be made to arrive at a set of features with the 34 

desired properties for predicting susceptibility phenotype from genotype. While we focus on the 35 

example of N. gonorrhoeae, the framework generalizes to other organisms for which large-scale 36 

genotype and antibiotic resistance data can be combined to aid in diagnostics development.  37 

 38 

 39 

MAIN TEXT 40 

 41 

The need for new strategies to control antibiotic resistant Neisseria gonorrhoeae 42 

Antimicrobial resistance (AMR) is a formidable and persistent challenge requiring continuing 43 

innovation in health care and public health systems, with one estimate attributing 1.27 million 44 

deaths globally in 2019 to infection with AMR pathogens1. Without interventions, the trajectory of 45 

AMR points to a worsening crisis that threatens the foundations of modern medical practice. 46 

There is a pressing need for new tools to aid in clinical and public health efforts to curb the 47 

spread of resistance. 48 

 49 

One of the most urgent AMR pathogens is Neisseria gonorrhoeae, the cause of the sexually 50 

transmitted infection gonorrhea2. N. gonorrhoeae can infect and transmit among mucosal 51 

tissues, including the urethra, cervix, rectum, and pharynx, and can cause invasive disease, 52 

including pelvic inflammatory disease and disseminated gonococcal infection with septic 53 

arthritis, tenosynovitis, and endocarditis 3. Severe sequelae from pelvic inflammatory disease 54 

include ectopic pregnancy and infertility, and infection of the conjunctiva can lead to blindness3. 55 
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Incidence has nearly doubled in the US since a historic low in 2009, and rates are similarly 56 

increasing globally, with the UK seeing a rise of 26% from 2018 to 2019 and Australia seeing a 57 

rise of 63% from 2012 to 2016 4–6.  58 

 59 

Infection with N. gonorrhoeae is most commonly diagnosed by nucleic acid amplification test 60 

(NAAT), with culture and antibiotic susceptibility testing now relegated to only a small fraction of 61 

clinical microbiology laboratories7. NAATs are faster, only requiring several hours, and less 62 

labor intensive than culture. However, while highly sensitive and specific for gonorrhea 63 

diagnosis, the genetic loci queried by NAATs do not provide information on antibiotic 64 

susceptibilities8. Consequently, almost all antibiotic treatment of gonorrhea is empiric, informed 65 

by surveillance data, and health care providers are encouraged to remain ‘vigilant’ for treatment 66 

failure7.  67 

 68 

N. gonorrhoeae has developed resistance to each of the first line antibiotics used to treat 69 

gonorrhea9,10. Only a single antibiotic, the third-generation cephalosporin ceftriaxone, remains 70 

as the recommended treatment for gonococcal infections in the US7. The carbapenem class 71 

antibiotic ertapenem has been used to treat cases of ceftriaxone failure11 but, given the 72 

prevalence of gonorrhea, the widespread use of an antibiotic of last resort for many types of 73 

infection would be expected to result in bystander selection12 and have consequences for AMR 74 

across multiple pathogens13. Two drugs, zoliflodacin and gepotidacin, are in phase 3 trials for 75 

treatment of uncomplicated urogenital gonorrhea; however, in phase 2 trials they showed limited 76 

success in treating pharyngeal gonorrhea14,15, raising questions about how they will best be 77 

used if approved. 78 

 79 

The increase in incidence and appearance of strains resistant to all approved antibiotics, 80 

however, belie substantial geographic and demographic variation in N. gonorrhoeae antibiotic 81 

susceptibility16–22. Both surveillance data from clinical microbiology laboratories and genomic 82 

epidemiology have demonstrated that resistance spreads locally and internationally17,23–25, 83 

leading to complex population dynamics that are a function of patterns of antibiotic use and 84 

contact networks, among other factors26–28.  85 

 86 

Given this overall context, N. gonorrhoeae is paradigmatic of the AMR challenges posed by 87 

other bacterial pathogens. The increasing levels of resistance, the critical need for new 88 

treatment options, and varying patterns of resistance by location capture characteristics seen for 89 
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other sexually transmitted pathogens (e.g., Shigella29), for enteric pathogens (e.g., Salmonella 90 

typhi30 and Enterococcus31,32), and for respiratory pathogens (e.g., Mycobacterium 91 

tuberculosis33), among others.  92 

 93 

Genetic basis of AMR in N. gonorrhoeae 94 

Much work has been done to determine the genetic modulators of AMR in N. gonorrhoeae 34–48, 95 

with a focus on the antibiotics for which AST phenotypes are available—thus, most data are for 96 

antibiotics in recent use (ceftriaxone, cefixime, azithromycin, ciprofloxacin) as well as others for 97 

which surveillance programs often collect data (penicillin, tetracycline) 16,17,23,25,49–51,51–71. Most of 98 

the loci that account for a large extent of resistance in circulating populations in areas of high 99 

surveillance have been well characterized66,72, with several recent additions to the list of genetic 100 

modulators being described18,73–76 including some of increasing prevalence, such as the mosaic 101 

mtr 77,78 (where mosaicism refers to interspecies recombination between N. gonorrhoeae and 102 

another Neisseria species).  103 

 104 

How much of observed resistance in N. gonorrhoeae can be explained by known resistance 105 

determinants? Linear models offer one approach to answer this question18,52,79. However, the 106 

implementation of these models does not include interaction terms, and thus assumes that each 107 

of the determinants acts independently. As new resistance modulators are discovered, 108 

characterized, and incorporated into these models18,73–75,77,78 the correlation between predicted 109 

minimum inhibitory concentration (MIC) and observed MIC has steadily improved. For 110 

ciprofloxacin, the correlation as represented by R2 is very high; in the rare cases of mismatch 111 

between predicted and observed MIC, the mismatch is likely due to error in phenotyping or 112 

specimen labeling. For other drugs, like azithromycin and ceftriaxone, R2 is lower, reflecting that 113 

our understanding of the genetic basis of resistance is incomplete, either implicating 114 

unappreciated interactions among determinants or undescribed resistance determinants74. 115 

Moreover, the introduction of the blaTEM and tetM plasmids into N. gonorrhoeae in the 1970s and 116 

1980s40,80 are reminders that new mechanisms of resistance can emerge, and that our 117 

assessment of our ability to explain observed resistance is necessarily restricted to a static and 118 

retrospective collection of isolates.  119 

 120 

Rapid diagnostics that predict antimicrobial susceptibility 121 

A strategy for managing AMR that is garnering much attention is the development and use of 122 

rapid diagnostics that can predict drug susceptibilities and help clinicians select optimal therapy. 123 
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By broadening choices beyond empiric therapy, mathematical models suggest that 124 

diversification of selective pressures may slow the emergence and spread of resistance and 125 

prolong the clinically useful lifespan of antibiotics 81–83.  126 

 127 

While numerous strategies have been proposed for new AMR diagnostics, a longstanding effort 128 

has been to translate understanding of the genetic basis of resistance into sequence-based 129 

diagnostics84. These strategies leverage DNA amplification technologies that offer high 130 

specificity and sensitivity for pathogen presence and for resistance markers and that have 131 

substantially shorter turn-around times than culture-based methods. Such diagnostics have 132 

been developed and deployed for a number of pathogens, including detection of rifampin 133 

resistance-conferring mutations in rpoB in M. tuberculosis85, detection of mecA to identify 134 

methicillin-resistant Staphylococcus aureus 86, and, recently, the development of a test for N. 135 

gonorrhoeae that reports on ciprofloxacin susceptibility by examining gyrA codon 9187.  136 

 137 

The vast amount of pathogen genome sequencing being performed and the links to phenotypic 138 

antibiotic susceptibility testing has prompted a surge of interest in using statistical methods to 139 

predict AST from nucleotide sequencing 52,79,88–91 (Table 1). While the applications of machine 140 

learning tools are being explored in many bacterial pathogens92–94, this strategy has urgency 141 

and relevance in N. gonorrhoeae given the potential clinical and public health benefits of rapid 142 

AST diagnostics. 143 

  144 

How can machine learning help move from the large number of genome sequences and 145 

associated antibiotic resistance phenotypes to diagnostics? In the case of genome sequencing 146 

as a diagnostic, how much of the 2.2 Mb genome of N. gonorrhoeae needs to be evaluated to 147 

inform clinical decisions? And for diagnostics that evaluate only some of the genome, which loci 148 

should be included in a diagnostic to achieve optimal performance?   149 

 150 

Below, we highlight the decisions and considerations that are part of developing and interpreting 151 

machine learning approaches for predicting AMR phenotype from pathogen genotype, with an 152 

emphasis on applications to N. gonorrhoeae and the development of sequence-based assays 153 

and to inform clinical decisions in a dynamic and evolving pathogen population (Figure 1).  154 

 155 

 156 
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Framework for Machine Learning Models for Antimicrobial Susceptibility Diagnostics 157 

 158 

I. Setting the foundation for machine learning models for AMR diagnostics 159 

I.a. Assay technology. 160 

A diagnostic combines an assay and framework for interpretation to inform treatment decisions. 161 

In the absence of point-of-care pathogen genome sequencing, three existing and developing 162 

methods offer near-term promise for point-of-care sequence-based diagnostics: multiplexed 163 

polymerase chain reaction (PCR), loop mediated isothermal amplification (LAMP) and 164 

SHERLOCK, a CRISPR based lateral flow diagnostic84,100,101. The performance of a diagnostic 165 

relies on the assay’s accuracy to detect its targets as well as the ability of the algorithm to 166 

predict susceptibility. The choice of assay impacts which and how many markers can be 167 

detected and the clinical resources required. These parameters are key factors in overall 168 

feasibility of the diagnostic and present tradeoffs between accessibility across resource setting 169 

and accuracy.  170 

 171 

I.b. Performance criteria. 172 

Regulatory standards for antimicrobial susceptibility diagnostics depend on the country and 173 

regulatory body. In the United States, the Food and Drug Administration has criteria for short 174 

term incubation cycle AST systems, but not specifically for sequence-based molecular 175 

diagnostics102. They consider three error types: very major, major, and minor. For approval, the 176 

rate of major error in susceptible isolates must be lower than 3%, the 95%-confidence interval 177 

upper bound of very major error must be lower than 7.5%, and the essential/categorical 178 

agreement must be above 90%.  179 

 180 

I.c. Population selection.  181 

Resistance mechanisms for a given antibiotic can vary regionally. In some areas, resistance 182 

may be mediated by a single gene, whereas other regions may have more diverse genotypes of 183 

resistance. For example, azithromycin resistance can be through A2058G, A2059G, and 184 

C2611T mutations in the 23S rRNA35,41,76, variants in the mtr operon75,77,78, and mutations in 185 

rplD95. Resistance prevalence can vary, too, with ciprofloxacin resistance at or near 100% in 186 

most of Asia, compared to less than 30% in the US and less than 70% in Europe103. Similarly, 187 

resistance prevalence can vary by sexual behavior16,69.  188 

 189 
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Given this variation across populations, it might be tempting to reduce assay complexity by 190 

tailoring it to strains in a specific population instead of incorporating all genotypes circulating 191 

globally. However, tailoring to a single population might make the diagnostic less resilient to 192 

imported resistance or de novo acquisitions of resistance mechanisms that appear in other 193 

regions. Another challenge of local tailoring is that surveillance data for N. gonorrhoeae has 194 

been primarily collected in a small subset of countries66, so our ability to tailor a diagnostic to 195 

other endemic settings is limited in the absence of additional surveillance.  196 

 197 

I.d. Clinical goals. 198 

The design of a diagnostic is informed by its intended influence on clinical treatment algorithms. 199 

If the assumption is that an infection will be susceptible to the empiric therapy, then the 200 

diagnostic should report on the presence of resistance markers that are highly sensitive for 201 

resistance. Conversely, if the provider assumes that the infection will be resistant to a specific 202 

antibiotic, then the goal is to identify markers that are highly sensitive for susceptibility. These 203 

two goals do not require accurate prediction of MIC across the full range of MICs; instead, their 204 

performance depends on the ability to predict categorical non-susceptibility or susceptibility, 205 

respectively. 206 

 207 

A diagnostic may not be feasible in a clinical setting, due to lack of computational, laboratory 208 

and/or monetary resources. Therefore, the design of a diagnostic should weigh the tradeoff 209 

between performance gained via assay or model complexity and feasibility across clinical 210 

settings. 211 

 212 

While many sequence-based resistance diagnostics have focused on a single antibiotic, 213 

diagnostics can in principle report on multiple antibiotics. Balancing which antibiotics, given the 214 

extent of overlapping genetic modulators of resistance, and the multiplex capacity of the 215 

diagnostics, is another goal for machine learning strategies.  216 

 217 

II. Preprocessing: Adjusting for Biases in Genotypic and Phenotypic Data 218 

Machine learning models that predict resistance phenotype from genotype rely on datasets that 219 

provide both. Regional gonococcal surveillance programs (such as GISP, Euro GASP, WHO-220 

GASP, ASGAP) and smaller epidemiological studies have reported genome sequences and 221 

AMR profiles from over 18,000 clinical isolates of N. gonorrhoeae16,17,23,49,52–55,57–70,104,105. But the 222 
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sampling strategies differ among surveillance programs, as can the quality of the sequencing or 223 

phenotypic data.  224 

 225 

In an ideal machine learning setting, the training data would be a representative sample of the 226 

population in which we are trying to implement the model. The population level bias in this data 227 

lies in which isolates are sampled. Clinical isolates may be collected, sequenced, and undergo 228 

resistance phenotyping in the context of surveillance, investigation of a specific outbreak, clone 229 

or lineage, or clinical care.  230 

 231 

Surveillance programs collect isolates to understand resistance prevalence and inform 232 

treatment guidelines. However, these programs have their own sampling biases: the limited set 233 

of sentinel surveillance clinics, the patient population using those clinics, the anatomical sites 234 

sampled, and the type of susceptibility testing and sequencing. For example, the CDC’s GISP 235 

program is designed to sample men with urethritis; recent expansions of the sampling strategy, 236 

including SURRGE and enhanced GISP aim to broaden the sampling to include women and 237 

more anatomical sites106. Because of the population structure of N. gonorrhoeae and differences 238 

in lineage prevalence by geography and demography, these differences in the structure and 239 

approach of surveillance programs need to be considered when deciding which data is 240 

appropriate for training a model for a given clinical population. Similarly, samples derived from 241 

analyses of an outbreak, clone, or lineage or as part of clinical care may be biased in over-242 

representing specimens with a particular pattern of antibiotic resistance.  243 

 244 

As with any effort to make inferences from the genomes of collections of bacteria, each 245 

individual isolate cannot be considered independent and must be considered within the context 246 

of the underlying genetic relatedness among them. A robust model relies on a diversity of data 247 

across the phylogeny, but models can also be targeted to specific patient populations and their 248 

associated bacterial lineages, depending on the goals.  249 

 250 

Aggregation of data across sources requires confidence that the data from each source 251 

surpasses quality standards and that the reported data are comparable, despite any differences 252 

in how they were generated. From a sequencing perspective, the method, i.e., long read vs. 253 

short read, may change the resolution of the genomic data. The threshold of quality to include in 254 

the model needs to be selected. Alternatively, one could limit the data to a single study or set of 255 
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studies 52,79; however, this reduces the amount of data and might reinforce errors arising from 256 

the impact of the local population structure.  257 

 258 

A similar set of considerations pertains to antibiotic resistance phenotypic data, where these 259 

data may be acquired by agar dilution, Etest, or disk diffusion. These tests have different 260 

outputs and error profiles that must be reconciled if combined. Agar dilution tests resistance via 261 

a 2-fold dilution series, and with measurement error of one doubling dilution; results of 0.5 262 

µg/mL and 4 µg/mL have vastly different expected error, [-0.25,0.5] and [-2,16], respectively. In 263 

contrast, Etests offer a finer scale assessment of MIC and have a distinct error profile. The non-264 

uniformity of error may be resolved by transforming the MICs (e.g., log transformation), but 265 

doing so itself has implications for the machine learning algorithms and interpretation of the 266 

results. 267 

 268 

In some cases, only censored intervals of MICs may be reported (for example, reporting that an 269 

MIC is >8µg/mL or < 0.06µg/mL). This labor and cost savings approach may be used when 270 

clinical or surveillance purposes do not require an exact MIC but only whether the level of 271 

resistance for a given isolate is above or below a threshold. These breakpoints can vary 272 

regionally. For instance, in the Australian gonococcal surveillance program the epidemiologically 273 

relevant breakpoint MICs for tetracycline are 8 µg/mL and 16 µg/mL, which differ from the CLSI 274 

clinical breakpoints of 0.25 µg/mL and 2 µg/mL 69,107. Depending on the level of resolution of 275 

phenotype, whether that be point MIC via Etest, censored MIC via agar dilutions, or phenotype 276 

as determined by breakpoints, isolates will need to be discarded to have a uniform dependent 277 

variable. 278 

 279 

From a machine learning perspective, the combination of sampling methods, underlying 280 

resistance prevalence, and interpretive breakpoints result in class imbalance. An 281 

overrepresentation of resistant isolates might lead to overfitting of a regression model on high 282 

MICs, resulting in prediction of all isolates as resistant, in an extreme case, or to poorer 283 

prediction for low MIC isolates. One strategy to address class imbalance is by resampling the 284 

data or synthetically generating data to equalize the classes. Resampling can be done by either 285 

oversampling the minority class or under-sampling the majority class (resulting in lost data). 286 

Resampling should be done after splitting the data into training and testing sets, so that training 287 

isolates are not included in the test data. Synthetic methods rely on the generation of new 288 

samples via interpolation of the data in the minority class. However, this may reinforce 289 
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underlying biases in the data. Generating and testing the synthetic samples experimentally may 290 

help address concerns about their validity. 291 

 292 

III. Genotype Encoding 293 

Once the dataset is chosen and cleaned, the next step is to determine how to encode genome 294 

sequences into features. Different scales of genetic data can be fed into a machine learning 295 

prediction model, including the whole genome sequence (WGS) 90,91, sequences of regions 296 

known to modulate resistance88, and specific variants17,52,79,89,98. Each approach has potential 297 

drawbacks: whereas using WGS data could result in overfitting to non-causal mutations that 298 

appear in resistant lineages, using a restricted set of genes and variants known to contribute to 299 

resistance could exclude uncharacterized resistance modulators and reduce assay 300 

performance.  301 

 302 

A second consideration for models that use unfiltered genotypic data is bacterial population 303 

structure: each clinical isolate used in the model is not genetically independent of the others, 304 

thus requiring a decision on how to adjust weighting based on genetic relatedness. The field has 305 

seen it as an opportunity, creating ‘neighbor typing’ approaches using WGS 90, and as a 306 

problem to be solved, designing methods that control for population structure to tease out 307 

causal links between genetic variation and resistance 74,108,109. With an eye towards assay 308 

complexity, ‘neighbor typing’ would require sequencing at point-of-care, an up-to-date database 309 

of circulating strains, and, given that N. gonorrhoeae is highly recombinogenic110,111 an 310 

approach to characterizing novel combinations of genotypes that arose via recombination.  311 

 312 

This choice has both algorithmic and assay considerations. First, sequencing data has high 313 

dimensionality, such that the number of features may be larger than the number of isolates. 314 

Thus, the complexity of the sequence data must be reduced in some way before feeding it into a 315 

ML algorithm. Second, the features are the basis of the model output, and as such the features 316 

must align with the capabilities and limitations of the target assay chosen in section Ia and VI.  317 

 318 

IV. Phenotype Encoding 319 

As discussed in section I., susceptibility information can be measured and reported differently 320 

across laboratories. For use in a ML model this data must be standardized into either numerical 321 

or categorical phenotypes. We have focused on phenotypes from the clinical microbiology 322 

laboratory—MIC—and from clinical guidelines, with MIC breakpoints defining susceptibility and 323 
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resistance, such as those established by EUCAST and by CLSI, which aim to reflect the clinical 324 

outcomes of treatment success and failure107,112. Between susceptible and resistant breakpoints 325 

exists the non-susceptible or dose dependent susceptible category. N. gonorrhoeae has defined 326 

breakpoints for penicillin, tetracycline, and ciprofloxacin, but breakpoints for azithromycin, 327 

cefixime, and ceftriaxone are limited to alert values. Breakpoints can also change, as treatment 328 

failure data continues to be collected. For instance, cefixime treatment failures have been 329 

reported at 0.12 MIC, despite “reduced susceptibility” breakpoints of CLSI ≥ 0.25 and EUCAST 330 

≥ 0.125107,112. 331 

 332 

Treatment failure is subject to factors beyond the pathogen, such as infection site, patient 333 

characteristics, and medication dosing. Whereas for treatment of uncomplicated gonorrhea the 334 

CDC recommends ceftriaxone 500mg in a single dose, the British Association for Sexual Health 335 

and HIV recommends ceftriaxone 1g as a single dose, both recent dose increases in response 336 

to rising ceftriaxone MICs113. While training a classifier model on categorical phenotype can 337 

achieve better performance than training the model on MIC88, shifting and heterogenious 338 

treatment practices and circulating lineages point to the need for either regular updating the 339 

model with changing interpretive criteria or training models on MIC. 340 

 341 

Dichotomizing a continuous variable discards statistical power by making the model unaware of 342 

the magnitude of error, so it is considered bad practice114. Antibiotics with class imbalance may 343 

have few isolates that are resistant, but many isolates that have a broad range on MICs within 344 

the susceptible range. In this case, training on MIC may allow the model to leverage variation 345 

within the majority class to better predict the minority class. Even without a class imbalance, the 346 

model trained on MIC may better extrapolate phenotype for novel genotypes. For instance, a 347 

novel genotype containing molecular determinants that caused reduced susceptibility 348 

independently, within the training dataset, in combination may cause resistance. However, a 349 

classifier may predict this novel genotype as susceptible since all features are only seen in the 350 

susceptible class.  351 

 352 

V. Feature Selection  353 

How are the genetic features selected for inclusion in models to link genotype to resistance 354 

phenotype for sequence-based diagnostics that predict AMR? Feature selection can be manual, 355 

based on knowledge of causal variants, or automatic. If automatic, then there are several 356 

additional choices. First, within machine learning approaches, selection can be supervised or 357 
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unsupervised. Supervised selection incorporates the phenotype, as selected in section IV (the 358 

dependent variable) and is thus most appropriate for the task here; unsupervised selection is 359 

best used for tasks where the categories that distinguish isolates are unknown. The next choice 360 

is whether to treat the features as univariate (features treated individually) or multivariate 361 

(features treated in combination) in their prediction of resistance phenotype. Supervised 362 

multivariate selection is computationally expensive, leading many algorithms to rely on greedy 363 

approaches that do not guarantee a globally optimal set of features.  364 

 365 

Feature selection algorithms rely on stepwise removal (e.g., reverse feature elimination), 366 

addition (e.g., forward selection), or a combination of removal and addition of features to 367 

maximize the objective for the diagnostic. One limitation with these methods is that they assume 368 

that the optimal feature set is a subset (for elimination) or superset (for addition) of the current 369 

set of features, which might be false when features have synergistic predictive power. While all 370 

heuristics will lead to a local maximum, certain selection algorithms might lead to a more optimal 371 

solution. Stepwise approaches can be augmented to take a breadth-first approach, where 372 

multiple optimal paths are searched. 373 

 374 

The benefit of univariate approaches is that they are computationally cheap and can be run on 375 

large feature sets. A drawback is that they do not account for epistatic interactions. In contrast, 376 

multivariate approaches may become too computationally burdensome as the feature set grows 377 

and require greediness to run in a reasonable time. Machine learning pipelines can incorporate 378 

a combination of these approaches starting with filter-based univariate methods and then can 379 

move towards more complex methods, maximizing performance within a feasible runtime.  380 

 381 

VI. Incorporating Clinical and Assay Constraints in Feature Selection 382 

The type of diagnostic assay constrains which genetic features can be detected individually and 383 

in combination. For instance, if the assay was WGS, we could query most or all genetic 384 

features, depending on whether the sequence is in draft or finished form. Genetic locus-based 385 

assays, in contrast, focus on one or more specific regions of the genome to detect sequence 386 

variation at those loci. The genetic variation within the targeted locus and the association of that 387 

variation with the phenotype of interest then inform the complexity needed for a sequence-388 

based assay.  389 

 390 
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When categorical resistance is associated with a single nucleotide polymorphism or an 391 

insertion/deletion, and there is limited other allelic variation, design of an assay to detect the 392 

variant is most straightforward. For example, to distinguish between ciprofloxacin susceptibility 393 

and resistance in N. gonorrhoeae, querying codon 91 in gyrA is sufficient. As allelic diversity 394 

increases and as the association between sequence variation and the phenotype of interest 395 

increases—such as with multiple mutations within a gene contributing additively to antibiotic 396 

resistance—the challenges associated with sequence-based diagnostics can also increase. For 397 

example, mosaicism in penA is associated with resistance to penicillin and reduced 398 

susceptibility to cephalosporins. But since there are multiple mosaic alleles in the N. 399 

gonorrhoeae population, such that one specific mutation does not reliably distinguish mosaic 400 

from non-mosaic alleles, multiple features would be needed to query this locus.  401 

 402 

Next the feature selection algorithm needs measurable heuristics to evaluate the ability of a 403 

marker or set of markers to robustly and reliably detect the target feature. For PCR, this could 404 

be minimizing the estimated primer free energy (dimerization) score and the range of annealing 405 

temperatures across all markers. These heuristics could then be converted to a metric of the 406 

successfully returning an interpretable result. If a marker were specific to resistance, but the 407 

assay had low accuracy of detection for this marker, it might not be a good marker to include in 408 

the feature set.  409 

 410 

VII. Choosing an Estimator 411 

Modeling the relationship between genotypic features and phenotype requires selection of the 412 

statistical method to relate the two. In the case of AMR, we expect the molecular determinants 413 

to contribute to resistance both individually and through interactions with each other. In this 414 

context we also need to think about interpretability of the model, for two reasons: first, so that 415 

the assumptions in the model can be evaluated experimentally, and second because employing 416 

a complex model in a diagnostic could require computational resources not available in all 417 

health care settings.  418 

 419 

Models can be differentiated by what they are trying to learn. Some models learn rules, such as 420 

how to cluster the data into phenotypically similar subpopulations, with examples including 421 

decision trees, set covering machines, and nearest neighbor algorithms. Others learn 422 

coefficients that quantify the contributions of each feature or sets of features onto the response 423 
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variable, with examples including regression methods (i.e., linear, logistic, polynomial), and 424 

neural networks.  425 

 426 

A well-fitting model minimizes the tradeoff between bias, the number of assumptions made by 427 

the model, and variance, the variability of the estimator given another training set. In the context 428 

of predicting AMR, a low bias model (for example, decision trees) can learn epistatic/non-linear 429 

interactions between genetic determinants of resistance but these models have high variance 430 

because they tend to overfit to population structure. While low variance models (for example, 431 

linear/logistic regression) rely on assumptions about how molecular determinants contribute to 432 

resistance, which may lack the complexity of molecularly mediated resistance.   433 

 434 

Decision trees are more commonly used in an ensemble format to make up for their high 435 

variance. Ensembles rely on multiple trees that are trained either in sequence or independently, 436 

referred to as boosting (with Adaboost as one example) and bagging (with Random Forest as 437 

an example), respectively, on subsets of the data. Both types of ensembles can result in 100+ 438 

trees, requiring a clinical setting to have the computational resources to run a prediction. Due to 439 

the method of training, bagging might miss rare lineages, while boosting tends to prioritize them. 440 

As a replacement for ensembles, set covering machines learn logical operators as opposed to 441 

hierarchal rules like decision trees and have performed similarly to random forest 442 

implementations88,91. Linear regression models tend to be highly interpretable but assume linear 443 

and independent contributions of features to phenotype. As the models become more complex, 444 

i.e., neural networks, more coefficients need to be trained, leading towards a high 445 

dimensionality problem requiring larger datasets. 446 

 447 

VIII. Performance Criteria 448 

Formal guidelines for the accuracy of molecular tests have not yet been established, but there 449 

do exist such standards for phenotypic tests and clinical treatment success. In the design of 450 

machine learning models, evaluation may need to be performed to judge performance at 451 

preprocessing, feature selection, and model choice steps. For instance, if feature selection 452 

methods may not achieve above zero specificity at two features, then a more holistic measure 453 

that is not bounded by a threshold should be used to differentiate the performance among sets 454 

of two features. 455 

 456 
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There are common metrics used to evaluate a model’s ability to classify or predict a certain 457 

outcome. Broadly these can be separated into classification and regression metrics. 458 

Classification metrics include point-based values like sensitivity/recall, specificity, 459 

precision/positive predictive value, and negative predictive value. These metrics are calculated 460 

using interpretative thresholds or probability thresholds as reported by a classification model or 461 

tuning to error bounds. In the context of ASTs, a model might not be able to achieve FDA 462 

performance across all criteria, therefore understanding the tradeoff between the errors assists 463 

us in tuning the model to clinically relevant error. 464 

 465 

The choice of metric impacts the number and set of features required for the task. For instance, 466 

if the goal is predicting N. gonorrhoeae susceptibility to ciprofloxacin, then a single marker, gyrA 467 

codon 91, achieves >0.99 sensitivity and specificity (as in the SpeeDx diagnostic)87. However, if 468 

the goal is to predict the MIC within one doubling dilution in 90% of isolates, then eight genetic 469 

features are needed79. These differences underscore important questions about the goals of 470 

diagnostics: Should diagnostics only be measured on classification success? On treatment 471 

outcomes?  472 

 473 

Another consideration is whether the metrics represent a test characteristic or confidence in the 474 

test. Categorical measures, like sensitivity and specificity, measure accuracy of prediction for 475 

each class in isolation. Positive predictive value (PPV) and negative predictive value are 476 

measures in the confidence of a positive or negative diagnosis, respectively. For rare diseases 477 

the PPV might be low, even as the test has high sensitivity and specificity. Since PPV varies 478 

based on disease burden in the population, it might be better used retrospectively to evaluate 479 

the test data and potential clinical efficacy, because it might overfit class imbalances if used in 480 

the training process.  481 

 482 

The receiver operator characteristic curve (ROC) and the precision recall curve (PR) together 483 

can give us a more holistic understanding of the model’s ability to discriminate between the 484 

classes. The ROC curve quantifies the tradeoff between specificity and sensitivity. The PR 485 

curve represents the predicted clinical efficacy (positive predictive value) at varying sensitivities. 486 

Both curves can be summarized by the area under them, where an area of 0.5 indicates that 487 

classifier is no better than random chance and a maximum area of one meaning the classifier 488 

has perfect performance. 489 
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 490 
*FDA Criteria 491 

Box 1: Evaluation Metrics for Predicting Antibiotic Susceptibility 
Accuracy: The probability of a correct prediction of a class given a classification model.  
 
Balanced Accuracy: A measure of accuracy useful when one class in a classification model 
appears much more commonly than the other, such as when resistant isolates are much 
more common than susceptible isolates. 
  
Sensitivity/Recall: The proportion of susceptible isolates predicted susceptible.  
 
Major Error*: The portion of susceptible isolates that are predicted to be resistant. The FDA 
requires this to be below 3% for AST in vitro systems.  
  
Specificity: The proportion of non-susceptible isolates predicted to be non-susceptible. 
 
Very Major Error*: proportion of resistant isolates predicted susceptible. FDA requires the 
95-confidence interval of VME to be below 7.5% for AST in vitro systems.  
  
Minor Error*: proportion of the total isolates which are either intermediate but predicted 
susceptible/resistant or susceptible/resistant isolates predicted intermediate. FDA 
recommends this to be below 10% for AST in vitro systems but allows greater error if major 
and very major error meet required values.  
  
Positive Predictive Value: The probability that isolates predicted to be susceptible are truly 
susceptible. 
 
Negative Predictive Value: The probability that isolates predicted to be non-susceptible are 
truly non-susceptible.    
  
Treatment Efficacy: The proportion of cases given a treatment successfully treated. The 
World Health Organization recommends this to be above 95% for treatment of gonorrhea.  
  
Precision Recall Curve: The tradeoff between precision and recall with varying susceptibility 
breakpoints on predicted values. This measure is more telling of class imbalances, and 
therefore might not be adequate for training.   
 
Receiver Operator Characteristic: The tradeoff between capturing susceptible and non-
susceptible isolates.  
  
Root mean squared error: The transformed measure of absolute error. 
 
R2: The proportion of MIC variation captured by the model and features. 
 
Essential Agreement*: The proportion of the diagnostic’s reported MICs that are within one 
doubling dilution of the actual MIC. The FDA requires this to be above 90% for AST in vitro 
systems. 
  
Bayesian information criterion/Akaike information criterion: The log likelihood of the 
data, penalized by the number of features.  
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 492 
 493 

IX. Evaluating in silico Performance in the Context of Population Dynamics 494 

The goal of evaluation is to test the model’s ability to perform on unseen data, and more broadly 495 

to evaluate the diagnostic’s predicted clinical efficacy. Machine learning approaches start by 496 

reserving 10-20% of data for testing. The remainder of the data is split into train and validation 497 

sets. Various approaches to data splitting have been used for N. gonorrhoeae, including leave-498 

one-out cross-validation52, k-fold cross-validation 88, and/or split by dataset 79,88. Data can be 499 

split into these folds or into the test set at random or stratified to maintain a proportion of a given 500 

characteristic in each split, where characteristics can include year, study, and sexual behavior. 501 

Once parameters are chosen, the full validation/training dataset is used to train the model, 502 

which in turn uses the test data to assess the model’s predictions. Data can be non-randomly 503 

chosen to better understand the transferability of a diagnostic designed for one population on 504 

another clinical population88. 505 

 506 

The continued evolution of the target bacterial population after the development and 507 

implementation of a diagnostic will reflect selective pressures from the diagnostic itself115–117, 508 

antibiotic treatment9 and adaptation to other host and environment factors18. To evaluate an 509 

AST in the context of an evolving population, one approach is to split the training and test data 510 

by time, thereby giving a sense of how well the model would perform given the fluctuating 511 

pathways to resistance. But no matter the performance on historical collections of isolates, 512 

sequence-based diagnostics should be monitored for possible diagnostic escape, as has been 513 

seen in N. gonorrhoeae, Chlamydia trachomatis, Plasmodium falciparum, and methicillin-514 

resistant Staphylococcus aureus 86,115,118,119. Escape could be achieved through mutations 515 

around a probe’s target that reduce binding and thus the diagnostic’s sensitivity, through 516 

dropping the probe’s target altogether, or through developing novel resistance mutations. This 517 

continued evolution in the pathogen population means that routine surveillance will be a critical 518 

part of regularly assessing sequence-based diagnostics that predict resistance phenotype from 519 

genotype 88,120,121. 520 

 521 

 522 

CONCLUSION 523 

 524 
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The combination of large-scale genomic data and antimicrobial susceptibility phenotypes 525 

provides an opportunity for machine learning methods to design and develop sequence-based 526 

diagnostics that predict antimicrobial susceptibility and that can improve clinical outcomes by 527 

rapidly enabling tailored therapy. To achieve these goals successfully and sustainably, the 528 

application of machine learning models requires a rigorous framework that considers factors 529 

including the datasets employed in training the models and their relationship to the populations 530 

in which the models will be used, the targeted performance metrics, and the constraints of the 531 

diagnostic platform itself. These issues are particularly salient when considering the use of such 532 

diagnostics in low resource settings, where surveillance data and access to first-line therapies 533 

may be limited. For N. gonorrhoeae, these methods hold promise, though their application will 534 

require transparency and commitment to the continued surveillance that will be necessary to 535 

monitor and maintain their usefulness over time and across populations.  536 

 537 

  538 
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FIGURE LEGEND 539 

 540 

Figure 1. Framework for Designing Machine Learning Models for Antimicrobial 541 

Susceptibility Diagnostics. Rounded boxes represent sections in the text, diamond boxes are 542 

decisions within each section. Black lines represent the order of decisions. Colored lines 543 

represent AST considerations. ‘X’ is the encoding of the sequence data, and ‘y’ is the encoding 544 

of the phenotypic data.  545 

 546 

 547 
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Table 1: WGS AMR Prediction Models in N. gonorrhoeae.  
Year First Author/s Antibiotics # Isolates Preprocessing Genotype 

Encoding 
Phenotype 
Encoding 

Feature 
Selection 

Model Evaluation Schema 
Validation Test 

2016 Demzcuk54 AZI 246  known alleles MIC reverse feature 
elimination using 
R2 

linear regression Leave-one-out 
cross validation  

 

Grad95 CFX, CRO, 
ESC, AZI 

1,102   categorical manual presence/absence   

2017 Eyre52 AZI, CFX, 
CIP, TET, 
PEN 

681  known alleles MIC reverse forward 
feature 
elimination using 
AIC 

linear regression Leave-one-out 
cross validation 

 

2019 Drouin91  ~200  k-mer categorical built-in set covering 
machine 

 Ten-fold cross 
validation 

Hicks88 CIP & AZI 4358 down sampling 
minority class 

k-mer of 
known alleles 

categorical & 
MIC 

removal of 
unique k-mer 

set covering 
machine & 
random forest 

Five-fold cross 
validation 

stratified by 
categorical 
phenotype and 
dataset 

 Deng96 CFX 415  known alleles categorical manual 
multivariate 
supervised 
selection 

presence/absence   

2020 Břinda90 CRO, CFX, 
AZI, CIP 

1,102  reads categorical  nearest-neighbors   

Demczuk79 AZI, CRO, 
CFX, CIP, 
TET, PEN 

2,806  known alleles MIC reverse forward 
feature 
elimination using 
AIC 

linear regression  test dataset CA 
(n=1,095) and 
international 
(n=431) 

2021 Lin97 CRO 3,821  known alleles categorical manual 
multivariate 
supervised 
selection 

presence/absence   

Sánchez-
Busó66 

AZI, CRO, 
CFX, CIP, 
TET, PEN 

3,987  known alleles categorical  presence/absence  external test set 

Shaskolskiy98 CRO 5,631  known alleles MIC reverse feature 
elimination using 
AIC 

Poisson 
regression 

 external test 
set, Russian 
(n=448) and 
WHO (n=14) 

2022 Mortimer & 
Zhang89 

TET, PEN PEN 
(n=6935), 
TET 
(n=5727) 

 k-mer MIC conditional 
GWAS 

presence/absence  external test set 
CDC (n=1479) 

Yasir99 CFX, CIP, AZI 3,787  8290 
unitigs 

MIC univariate 
supervised 

35 ML models Ten-fold 
validation 

20/80 test train 
split 

AZI: Azithromycin, CXF: Cefixime, CRO: Ceftriaxone, CIP: Ciprofloxacin, TET: Tetracycline, PEN: Penicillin.


