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genotype-based diagnostics for antimicrobial resistance 

 

Abstract 

 

Rapid diagnostics for antimicrobial resistance (AMR) offer one of the most 

promising methods for reducing inappropriate and ineffective antibiotic use, quelling the 

selective pressures for resistance, and ultimately reducing the public health burden 

imposed by AMR. With the increasing speed and decreasing cost of sequencing, 

genotype-based assays for AMR prediction are more practical in the diagnostic setting 

than the relatively slow and sometimes labor intensive phenotypic AMR tests. While there 

has been considerable emphasis on the development on machine learning (ML)-based 

AMR diagnostics, there has previously been little focus on biological and technical factors 

that might influence the performance and, perhaps more importantly, the reliability of 

these predictive models. Further, even for single-locus, highly accurate genetic markers 

of resistance, it can be expected that sensitivity of genotype-based diagnostics will wane 

with the emergence of novel resistance mechanisms, but there has previously been no 

quantification of the sampling rates necessary to ensure timely detection of such novel 

variants. It has also not been assessed how such surveillance strategies may be 

optimized in order to increase detection efficiency of novel variants over random 
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sampling, minimizing the number of treatment failures that may be attributed to them, as 

well as the cost associated with surveillance. Here, we present an evaluation of factors 

that may influence the performance and reliability of ML-based AMR testing from whole 

genome sequencing data. We further present a model quantifying the surveillance 

required to maintain the sensitivity of genotype-based AMR diagnostics, along with 

evaluations of targeted surveillance strategies that may increase the detection efficiency 

of novel AMR variants. 
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Chapter 0: Introduction 
 

Antimicrobial resistance (AMR), or resistance of pathogenic bacteria, fungi, 

viruses, and parasites to therapeutic agents, is an urgent public health issue, accounting 

for at least 700,000 deaths each year [1]. Increasing AMR prevalence, resulting from 

factors such as extensive and inappropriate antibiotic use, as well as the dearth of novel 

antimicrobials, has rendered many infections virtually untreatable and has translated to, 

in the absence of significant interventions, a projection of 10 million annual AMR-

associated deaths by 2050 [1]. 

 The burden of AMR is exacerbated by multiple factors, and strategies for reducing 

this burden are complicated and hindered by the requisite cooperation among industry, 

government, academia, and the public across a range of different and potentially 

competing interests [2, 3] (Figure 0.1). In particular, the lack of novel antimicrobial 

production may be attributed to diminished economic motivation, resulting from the often 

rapid emergence of resistance and thus shortened lifespan of antimicrobials, as well as 

a number of other factors, including high research and development costs and an 

inappropriate incentives system (e.g., value of drugs being tied to use and short windows 

of patent coverage after drugs have reached the market) [3, 4]. Further, even with 

increased antibiotic stewardship among healthcare professionals, the time-to-result 

associated with traditional culture-based assays for determination of pathogen species 

and/or drug resistance phenotype is too long to influence treatment decisions, and thus 

most infections are still diagnosed and treated empirically, without confirmation of the 

causal agent and/or its antimicrobial susceptibility profile, inevitably resulting in 

inappropriate and ineffective antimicrobial use [5-8]. Similarly, even when confirmation of 
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the pathogen is possible prior to treatment, without the capacity to determine resistance 

phenotypes at the point-of-care (POC),  first-line treatments are commonly discarded after 

population-wide prevalence of resistance has reached a certain threshold, even as such 

treatments may still be effective in the majority of cases [9-13]. 

 

Figure 0.1. Accurate and sustainable point-of-care (POC) diagnostics for 
antimicrobial resistance (AMR) may substantially reduce the burden of AMR by 
ameliorating multiple contributing factors. 
	

 One approach for addressing these interrelated issues (i.e., the discarding of 

potentially effective antimicrobials and the lack of economic incentives to produce novel 

antimicrobials, as well as the increased prevalence and impact of AMR due inappropriate 

antimicrobial use) is the development and implementation of rapid POC diagnostics 

(Figure 0.1). The potential direct impacts of rapid POC diagnostics in enabling more 

informed and tailored treatment strategies, and thus reducing overall and inappropriate 

antimicrobial use, are widely appreciated and have motivated substantial research efforts 

geared toward the development of such tools [7, 8]. In addition to directly contributing to 

extended lifespans of antimicrobials and potentially allowing for the repurposing of 

AMR burden

Lack of economic
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develop novel drugs
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previously discarded treatment options [11, 14-18], POC diagnostics may be a crucial 

component of alternative economic models that can be used to re-incentivize the 

development of novel antimicrobials. For example, it has been suggested that such 

models will require partnering between the public and private sectors to develop a system 

where innovation rather than drug use is rewarded and that, in order to justify public 

investments in drug innovation, sustainable use policies, including POC diagnostics, must 

be implemented [4, 19]. POC diagnostics may also play an integral role in lowering the 

antibiotic development costs and risks by allowing for more targeted clinical trials and 

increasing the likelihood of regulatory success [20]. 

In order for these POC AMR diagnostics to effectively contribute to antibiotic 

stewardship, they must perform reliably across their intended clinical populations and be 

sustainable. With sequencing technologies getting faster and cheaper, strategies for the 

development of rapid diagnostics have moved away from the often time- and resource-

intensive culture-based approaches in favor of molecular marker-based assays [6, 7].  

While genetic marker-based AMR diagnostics currently in use are based on single, highly 

sensitive and specific, experimentally-validated resistance loci, there has been 

considerable emphasis on the development on machine learning (ML)-based AMR 

diagnostics, particularly for more complex, diverse, and/or under-characterized 

resistance mechanisms [21-32]. However, there are a variety of factors that might 

influence the performance and reliability of ML-based AMR diagnostics across different 

clinical populations, and these should be taken into account when designing and 

evaluating the diagnostics. Further, rapid diagnostics based on genetic markers for 

resistance will always be susceptible to drops in sensitivity corresponding to the 
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emergence of novel resistance variants or increased prevalence of previously rare 

resistance variants, as has been observed for nucleic acid amplification (NAAT) tests for 

diagnosis of Neisseria gonorrhoeae, Chlamydia trachomatis, and Plasmodium falciparum 

[33-35], as well as for the genotype-based assay for detection of rifampicin resistance in 

Mycobacterium tuberculosis [36]. Moreover, implementation of these diagnostics may in 

fact introduce a selective pressure for novel variants [37]. Therefore, surveillance systems 

will be necessary to ensure timely detection of novel resistance variants so that 

diagnostics can be updated before extensive diagnostic failures have occurred. However, 

it is unclear how such surveillance programs should be structured in order to increase 

cost-efficiency and ultimately contribute to an economically-viable model of antibiotic 

development and stewardship. 

In Chapter 1, we present a meta-analysis of seven N. gonorrhoeae datasets, as 

well as Klebsiella pneumoniae and Acinetobacter baumannii using set covering machine 

and random forest classifiers, as well as random forest regression, to predict ciprofloxacin 

and, for N. gonorrhoeae, azithromycin resistance phenotypes from whole genome 

sequencing data. Our results demonstrate how model performance can vary significantly 

across different drugs, clinical populations, resistance metrics, and bacterial species and 

highlight important caveats and prerequisites for future work on ML-based prediction of 

AMR phenotypes. In Chapter 2, we quantify the surveillance efforts that will be required 

to ensure timely detection of novel AMR variants and thus sustain genotype-based AMR 

diagnostics. Specifically, we present a simple model that defines the sampling fraction 

(i.e., the proportion of incident cases predicted to have a drug susceptible phenotype by 

the genotype-based AMR diagnostic that receive confirmatory phenotyping) as a function 
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of the total number of cases in which the novel variant can be expected to appear before 

detection and further provide a framework for calculating the optimal phenotyping rate 

that minimizes the total cost associated with both phenotyping and treatment failures. 

Finally, in Chapter 3, we define and evaluate targeted surveillance approaches, based on 

patient and/or pathogen features, that may serve to increase the detection efficiency 

novel AMR variants over random sampling and thus reduce the cost associated with 

surveillance.  
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Chapter 1: Evaluation of parameters affecting performance and 

reliability of machine learning-based antibiotic susceptibility testing 

from whole genome sequencing data 

 

Chapter 1 is published in PLOS Computational Biology: 

Hicks AL, Wheeler N, Sanchez-Buso L, Rakeman JL, Harris SR, Grad YH. Evaluation of 

parameters affecting performance and reliability of machine learning-based antibiotic 

susceptibility testing from whole genome sequencing data. PLoS Comput Biol. 

2019;15(9):e1007349. 

 

Abstract: 

Prediction of antibiotic resistance phenotypes from whole genome sequencing data by 

machine learning methods has been proposed as a promising platform for the 

development of sequence-based diagnostics. However, there has been no systematic 

evaluation of factors that may influence performance of such models, how they might 

apply to and vary across clinical populations, and what the implications might be in the 

clinical setting. Here, we performed a meta-analysis of seven large Neisseria 

gonorrhoeae datasets, as well as Klebsiella pneumoniae and Acinetobacter baumannii 

datasets, with whole genome sequence data and antibiotic susceptibility phenotypes 

using set covering machine classification, random forest classification, and random forest 

regression models to predict resistance phenotypes from genotype. We demonstrate how 

model performance varies by drug, dataset, resistance metric, and species, reflecting the 

complexities of generating clinically relevant conclusions from machine learning-derived 
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models. Our findings underscore the importance of incorporating relevant biological and 

epidemiological knowledge into model design and assessment and suggest that doing so 

can inform tailored modeling for individual drugs, pathogens, and clinical populations. We 

further suggest that continued comprehensive sampling and incorporation of up-to-date 

whole genome sequence data, resistance phenotypes, and treatment outcome data into 

model training will be crucial to the clinical utility and sustainability of machine learning-

based molecular diagnostics. 
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Introduction: 

At least 700,000 deaths annually can be attributed to antimicrobial resistant (AMR) 

infections, and, without intervention, the annual AMR-associated mortality is estimated to 

climb to 10 million in the next 35 years [1]. As most patients are still treated based on 

empirical diagnosis rather than confirmation of the causal agent or its drug susceptibility 

profile, development of improved, rapid diagnostics enabling tailored therapy represents 

a clear actionable intervention [1]. The Cepheid GeneXpert MTB/RIF assay, for example, 

has been widely adopted for rapid point-of-care detection of Mycobacterium tuberculosis 

(TB) and rifampicin (RIF) resistance [7], and the SpeeDx ResistancePlus GC assay used 

to detect both Neisseria gonorrhoeae and ciprofloxacin (CIP) susceptibility was recently 

approved for marketing as an in vitro diagnostic in Europe.  

 Molecular assays offer improved speed compared to gold-standard phenotypic 

tests and are of particular interest because of their promise of high accuracy for the 

prediction of AMR phenotype based on genotype [6, 7]. Approaches for predicting 

resistance phenotypes from genetic features include direct association (i.e., using the 

presence or absence of genetic variants known to be associated with resistance to infer 

a resistance phenotype) and the application of predictive models derived from machine 

learning (ML) algorithms. Direct association approaches can offer simple, inexpensive, 

and often highly accurate resistance assays for some drugs/species [7] and may even 

provide more reliable predictions of resistance phenotype than phenotypic testing [38-

40]. However, these approaches are limited by the availability of well-curated and up-to-

date panels of resistance variants, as well as the diversity and complexity of resistance 

mechanisms. ML strategies can facilitate modeling of more complex, diverse, and/or 
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under-characterized resistance mechanisms, thus outperforming direct association for 

many drugs/species [21-23]. With the increasing speed and decreasing cost of 

sequencing and computation, ML approaches can be applied to genome-wide feature 

sets [22, 24-32], ideally obviating the need for comprehensive a priori knowledge of 

resistance loci. 

 While prediction of antibiotic resistance phenotypes from ML-derived models 

based on genomic features has become increasingly prominent as a promising diagnostic 

tool [22, 25-29], there has been no systematic evaluation of factors that may influence 

performance of such models and their implications in the clinical setting. The extent to 

which ML model accuracy varies by antibiotic is unclear, as is the impact of sampling bias 

on model performance. It is further unclear what the most relevant resistance metric (i.e., 

minimum inhibitory concentration [MIC] or categorical report of susceptibility) for such a 

diagnostic might be and how amenable different species might be to genotype-to-

phenotype modeling of antibiotic resistance. 

 We used set covering machine (SCM) [41] and random forest (RF) [42] 

classification as well as RF regression algorithms to build and test predictive models with 

seven gonococcal datasets for which whole genome sequences (WGS) and ciprofloxacin 

(CIP) and azithromycin (AZM) MICs were available. AZM is currently part of the 

recommended treatment regimen for gonococcal infections, and with the development of 

resistance diagnostics, CIP may represent a viable treatment option [11, 17, 18]. While 

the majority of CIP resistance in gonococci can be attributed to gyrA mutations, AZM 

resistance is associated with more diverse and complex resistance mechanisms [17, 43], 

offering an opportunity to evaluate ML methods across drugs with distinct pathways to 
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resistance. The range of datasets and sampling frames enables assessment of sampling 

bias on model reliability. Further, the availability of MICs, as well as distinct European 

Committee on Antibiotic Susceptibility Testing (EUCAST) and Clinical and Laboratory 

Standards Institute (CLSI) breakpoints, for these drugs allows for evaluation of predictive 

models based on different resistance metrics. Finally, extension of these analyses to 

Klebsiella pneumoniae and Acinetobacter baumannii datasets for which WGS and CIP 

MICs were available allows for assessment of model performance for the same drug in 

species with open pangenomes [44, 45], which may be more difficult to model given the 

increased genomic diversity and potential resistance mechanism diversity and complexity 

[46]. 

 Our results demonstrate that using ML to predict antibiotic resistance phenotypes 

from WGS data yields variable results across drugs, datasets, resistance metrics, and 

species. While more comprehensive assessment of different methods will be required to 

build the most accurate and reliable models, we suggest that tailored modeling for 

individual drugs, species, and clinical populations may be necessary to successfully 

leverage these ML-based approaches as diagnostic tools. We further suggest that 

continuing surveillance, isolate collection, and reporting of WGS, MIC phenotypes, and 

treatment outcomes will be crucial to the sustainability of any such molecular diagnostics. 

 

Results: 

Accuracy of ML-based prediction of resistance phenotypes varies by antibiotic. 

Given the distinct MIC distributions and distinct pathways to resistance for CIP and AZM 

in gonococci, these two drugs enable evaluation of drug-specific performance of ML-
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based resistance prediction models. CIP MICs in surveys of clinical gonococcal isolates 

are bimodally distributed, with the majority of isolates having MICs well above or below 

the non-susceptibility (NS) breakpoints, while the majority of reported AZM MICs in 

gonococci are closer to the NS breakpoints (https://mic.eucast.org/Eucast2). These 

trends were recapitulated in the gonococcal isolates assessed here (Figure 1.1a-b). 

Further, the vast majority of CIP resistance in gonococci observed to date is explained by 

mutations in gyrA and parC and has spread predominantly through clonal expansion, 

generally resulting in MICs ≥ 1 µg/mL [17, 47]. In contrast, AZM resistance in gonococci 

has arisen many times de novo through multiple pathways, many of which remain under-

characterized and are associated with lower-level resistance [17, 47, 48]. As expected, 

the GyrA S91F mutation alone predicts NS to CIP by both EUCAST and CLSI breakpoints 

in the aggregate gonococcal dataset assessed here with ³98% sensitivity and ³99% 

specificity (Table A1.1). AZM NS showed lower values for these metrics, indicating it was 

not as well explained by known resistance variants, with extensive contributions from 

uncharacterized mechanisms and/or multifactorial interactions (Table A1.2).  
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Figure 1.1. Differential performance of machine learning-based prediction models 
for ciprofloxacin and azithromycin resistance in gonococci. Histograms showing 
the distributions of (a) ciprofloxacin (CIP) and (b) azithromycin (AZM) minimum 

inhibitory concentrations (MICs) in the gonococcal isolates assessed here. Bar color 
indicates the study or studies associated with the isolates. Dashed lines indicate the (a) 
EUCAST and CLSI breakpoints for non-susceptibility (NS, >0.03 µg/mL and >0.06 
µg/mL, respectively) for CIP and the (b) EUCAST and CLSI breakpoints for non-

susceptibility (>0.25 µg/mL and >1 µg/mL, respectively) for AZM. Note that there was 
some overlap in strains from the US between datasets 2 and 3 and in strains from 
Canada between datasets 3 and 4; such strains are indicated in (a) and (b) as 

belonging to datasets 2 and 3 and 3 and 4, respectively. Mean balanced accuracy 
(bACC) with 95% confidence intervals of predictive models for (c) CIP NS and (d) AZM 
NS trained and tested on the aggregate gonococcal dataset. Symbol colors in (a-b) 
indicate the datasets from which the training and testing sets were derived. Symbol 

shapes in (c-d) indicate the NS breakpoint. SCM, set covering machine; RF-C, random 
forest classification; RF-mC, random forest multi-class classification; RF-R, random 

forest regression. 
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We next trained and evaluated ML-based predictive models for CIP and AZM 

resistance in gonococci (Table A1.3). By all ML methods and breakpoints, CIP NS was 

predicted with significantly higher balanced accuracy (bACC) than AZM NS in the 

aggregate gonococcal dataset (P < 0.0001, Figure 1.1c-d, Tables A1.4-A1.5): CIP NS 

was predicted with mean bACC ³93% across all methods, breakpoints, and datasets, 

whereas mean bACC for AZM NS classification ranged from 57% to 94% (Tables A1.4-

A1.5). Variation in model performance across antibiotics has been attributed to different 

proportions of susceptible (S) and NS isolates [21, 28, 29]; however, by the EUCAST 

breakpoints, the aggregate gonococcal dataset as well as some of the individual datasets 

had nearly identical proportions of CIP and AZM susceptible and non-susceptible isolates, 

demonstrating that variable representation of S and NS isolates alone cannot explain 

reduced performance of AZM models compared to CIP.  

We tested whether the poorer performance for AZM may be attributable to the 

large fraction of isolates with MICs around the breakpoint. Removing strains with AZM 

MICs that were £2 doubling dilutions of the NS breakpoints from the aggregate 

gonococcal dataset (Table A1.6) yielded AZM MIC distributions similar to those of CIP 

(Figure A1.1a-b). Analysis of this restricted dataset resulted in higher performance of 

SCM and RF AZM NS classifiers compared to those trained and tested on the full 

aggregate gonococcal dataset (Figure A1.1c). However, bACC of AZM classifiers trained 

and tested on the restricted datasets was still significantly lower than bACC of the CIP 

NS classifiers (P < 0.0001 and P < 0.003 for classifiers based on the EUCAST and CLSI 

breakpoints, respectively), suggesting that both MIC distribution and additional drug-

specific factors can influence performance of resistance classifiers.   
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Sampling bias in training and testing data skews resistance model performance.   

The diversity of resistance mechanisms for AZM in gonococci offers an opportunity to 

evaluate the effects of sampling bias on model performance. The sampling frames for the 

seven gonococcal datasets ranged geographically from citywide to international and 

temporally from a single year to >20 years, and several datasets were enriched for AZM 

resistance [25, 49] (Table 1.1). The distributions of both AZM MICs and known resistance 

mechanisms across datasets (Figure 1.1b, Table A1.2) and the variable performance of 

AZM resistance models across datasets (Table A1.5) suggest that AZM resistance 

mechanisms are differentially distributed across the sampled clinical populations. Further, 

the higher performance of many SCM and RF-based AZM classifiers on training data 

compared to test sets (Table A1.5) suggests that potentially due to a lack of signal, AZM 

models are incorporating substantial noise or confounding factors, which may be 

population-specific. To assess the impact of sampling on model reliability, the 

performance of RF classifiers in prediction of AZM NS phenotypes were compared across 

multiple training and testing sets. These include classifiers trained on subsamples of 

isolates from a single dataset, classifiers trained on the aggregate gonococcal dataset, 

and classifiers trained on the aggregate gonococcal dataset excluding isolates from the 

same dataset as the testing set (Table A1.6). Given the low representation of AZM NS 

strains by the CLSI breakpoint in many datasets, these analyses were only performed 

using the EUCAST breakpoint. 
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Table 1.1. Summary of datasets used in Chapter 1. 
Species Dataset SRA Study ID/Reference Nsamples 

Temporal 
range 

Geographic 
range Sampling approach 

N. 
gonorrhoeae 

1 ERP011192 886 2011-
2015 

New York, 
NY (US) 

Survey from citywide 
clinics 

2 

ERP008891, 
ERP001405, 
ERP000144  
[17] 

1102 2000-
2013 National (US) 

Survey from 
nationwide clinics; 
male patients only; 
enriched for ESC and 
AZM resistance 

3 

SRP065041, 
ERP000144, 
ERP001405, 
ERP008891, 
SRP072971  
[49] 

671 2004-
2014 

International 
(UK, 
Canada, US) 

Surveys from 
Brighton, UK [50] and 
nationwide sites in 
Canada [51, 52] and 
the US [17, 53]; 
Canadian samples 
enriched for CRO and 
AZM resistance; US 
samples enriched for 
ESC and AZM 
resistance; US 
samples from male 
patients only 

4 
SRP050190,  
SRP065041  
[51, 52] 

383 1989-
2014 

National 
(Canada) 

Surveys from 
nationwide sites in 
Canada; enriched for 
CRO and AZM 
resistance 

5 ERP010312  
[47] 714 2013 International 

(Europe) 

Survey from clinics 
and hospitals across 
21 European countries 

6 DRP004052  
[48] 204 2015 National 

(Japan) 

Survey from clinics in 
Kyoto and Osaka; 
male patients only 

7 SRP111927  
[54] 398 2014-

2015 

National 
(New 
Zealand) 

Survey from 
nationwide diagnostic 
labs 

K. 
pneumoniae 8 SRP102664  

[28] 1560 2011-
2017 

Houston, TX 
(US) 

Survey from citywide 
hospital system; 
enriched for β-lactam 
resistance 

A. 
baumannii 9  SRP065910  

[55] 702 2000-
2012 National (US) 

Survey from clinics 
and hospitals within 
the US military 
healthcare system 

ESC, extended spectrum cephalosporin; AZM, azithromycin; CRO, ceftriaxone 
 

While it may be assumed that increased availability of paired genomic and 

phenotypic resistance data from a broader range of clinical populations will facilitate more 

accurate and reliable modeling [27], our results demonstrate that in predicting AZM 
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resistance phenotypes for isolates from most datasets (with the exception of datasets 2 

and 5), performance of classifiers trained on the aggregate dataset was not significantly 

better than performance of classifiers trained only on isolates from the dataset from which 

the test isolates were derived (P < 0.0001 and P = 0.002 for datasets 2 and 5, 

respectively, P = 0.008 for dataset 3, where the classifiers trained on the aggregate 

dataset had lower bACC than classifiers trained only on isolates from dataset 3, and P > 

0.234 for all other datasets, Figure 1.2a). Further, there was substantial variation in 

performance of models trained on the aggregate dataset across testing sets, with models 

achieving significantly higher bACC for strains from datasets 3 and 4 than for strains from 

dataset 2 (P < 0.0009, Figure 1.2a), perhaps reflecting enrichment for AZM NS in these 

former datasets (Table 1.1). Additionally, with the exception of dataset 5, performance of 

AZM resistance classifiers trained only on isolates from the dataset from which the test 

isolates were derived was significantly higher than performance of classifiers trained on 

the aggregate dataset excluding isolates from the test dataset (P = 0.537 for dataset 5, P 

< 0.0005 for all other datasets, Figure 1.2a).  
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Figure 1.2. Differential performance of random forest classifiers across different 
datasets. (a) Mean balanced accuracy (bACC) with 95% confidence intervals of RF-C 
predictive models for gonococci (GC) azithromycin (AZM) non-susceptibility based on the 
EUCAST breakpoint. (b) Mean sensitivity and specificity with 95% confidence intervals of 
RF-C predictive models for GC AZM non-susceptibility in datasets 2 and 5. Histograms 
showing the distributions of AZM minimum inhibitory concentrations (MICs) in (c) dataset 
2 and (d) dataset 5. Symbol colors in (a) and (b) indicate the dataset from which the 
testing set was derived, while symbol shape in (a) and (b) indicates the dataset from 
which the training set was derived. Hatching in (c) and (d) indicates MICs within one 
doubling dilution of the EUCAST breakpoint (designated by dashed lines). 
 

Performance of RF classifiers trained and tested on dataset 2 was limited by low 

specificity, which was improved in models trained on the aggregate dataset (Figure 1.2b). 

The low specificity achieved by RF classifiers trained and tested on this dataset is likely 

due to the low representation of S strains, most of which were within one doubling dilution 

of the NS breakpoint (Figure 1.2c), and thus the more comprehensive representation of 

negative (S) data in the aggregate training set was associated with improved specificity. 

Conversely, performance of RF classifiers trained and tested on dataset 5 was more 

limited by low sensitivity, which was improved in models trained on the aggregate dataset 
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(Figure 1.2b). This dataset had a low representation of strains with high AZM MICs 

(Figure 1.2d), and thus the more comprehensive representation of positive (NS) data in 

the aggregate training set was associated with improved sensitivity in predicting AZM NS 

for these strains. For both SCM and RF-C AZM resistance models across all datasets, 

there was a significant positive correlation between the ratio of model sensitivity to model 

specificity and the ratio of NS to S strains in the dataset (Pearson r > 0.98, P < 0.0001 

[Pearson correlation] for both SCM and RF-C, Figure A1.2a). 

On the other hand, while representation of strains with higher AZM MICs was also 

observed in other datasets (i.e., datasets 1, 6, and 7) and was similarly reflected in the 

sensitivity-limited performance of RF classifiers trained and tested on these datasets 

(Table A1.5), AZM NS prediction accuracy for strains from these datasets was not 

improved by training classifiers on the aggregate dataset. Further, even after down-

sampling two of the datasets with the most disparate MIC distributions, sample sizes, and 

model performance (datasets 2 and 4) such that the number of strains and AZM MIC 

distributions were identical between the two datasets (Figure A1.2b), there was still a 

significant difference in AZM NS prediction accuracy of models trained and tested on 

these different datasets (Figure A1.2c, P < 0.004). Together, these results demonstrate 

that resistance model performance may be strongly associated with the distributions of 

both resistance phenotypes and genetic features and thus can be highly population-

specific. 

 

ML prediction models of antibiotic susceptibility / non-susceptibility outperform 

MIC models 
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Gonococcal CIP and AZM MICs were dichotomized by both EUCAST and CLSI 

breakpoints to assess the impact of variation in MIC breakpoints on model performance. 

As the EUCAST and CLSI breakpoints for CIP in gonococci are within a single doubling 

dilution and the vast majority of isolates have much lower or higher CIP MICs (Figure 

1.1a), >99% of isolates in the aggregate dataset were consistently S or NS by both 

breakpoints. Of the 23 isolates with MICs between the two breakpoints, 18 had MICs 

derived from Etests of 0.032 µg/mL or 0.047 µg/mL, making their classification relative to 

the EUCAST breakpoint of 0.03 µg/mL ambiguous. In contrast, the EUCAST and CLSI 

breakpoints for AZM in gonococci are separated by two doubling dilutions, and for many 

isolates, the AZM MIC was within this range (Figure 1.1b). As such, only 67% of isolates 

in the aggregate dataset were consistently S or NS by both breakpoints. CIP NS classifier 

performance was either identical or nearly identical for both breakpoints in the aggregate 

and most individual gonococcal datasets (Figure 1.3a). In contrast, the bACC of AZM NS 

prediction by both SCM and RF classifiers based on the CLSI breakpoint was significantly 

higher than for those based on the EUCAST breakpoint across all gonococcal datasets 

assessed by both breakpoints (P < 0.0001, Figure 1.3b).
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Figure 1.3. Differential performance of machine learning-based prediction models 
based on different resistance metrics in gonococci. Mean balanced accuracy 
(bACC) with 95% confidence intervals of predictive models for (a) ciprofloxacin non-
susceptibility (CIP NS) across all datasets and (b) azithromycin (AZM) NS for all 

datasets for which both NS breakpoints were evaluated. Scatter plots comparing the 
mean 1-tier accuracy to the mean bACC for each gonococcal dataset derived from (c-d) 
CIP and (e-f) AZM minimum inhibitory concentration (MIC) prediction models by (c,e) 
random forest multi-class classification and (d,f) random forest regression. Symbol 
colors in (a-f) indicate the datasets from which the training and testing sets were 

derived. Symbol shapes in (a-f) indicate the NS breakpoint. The line of best fit for each 
of the breakpoints is indicated in (c-f). SCM, set covering machine; RF-C, random forest 
binary classification; RF-mC, random forest multi-class classification; RF-R, random 

forest regression.
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Figure 1.3 (continued) 
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To assess the performance of MIC prediction models relative to binary S/NS 

resistance phenotype classifiers, RF-mC and RF-R models were trained and evaluated 

for CIP and AZM MIC prediction in gonococci. Average exact match rates between 

predicted and phenotypic MICs ranged from 64-86% and 54-78% by RF-mC and RF-R, 

respectively, for CIP, and from 24-60% and 45-65%, respectively, for AZM (Tables A1.4-

A1.5). Average 1-tier accuracies (the percentage of isolates with predicted MICs within 

one doubling dilution of phenotypic MICs) were substantially higher but also varied widely 

across datasets and between the two MIC prediction methods (ranging from 82%-96% 

and 76-87% by RF-mC and RF-R, respectively, for CIP, and from 73-94% and 73-83%, 

respectively, for AZM; Tables A1.4-A1.5). There was no consistent or significant 

relationship across the different datasets between MIC prediction accuracy (exact match 

or 1-tier accuracy) and bACC for either drug by either MIC prediction method (Figure 

1.3c-f). Further, for both drugs by both breakpoints in the aggregate gonococcal dataset, 

binary RF-C models had equivalent or significantly higher bACC than RF-mC and RF-R 

MIC prediction models (P > 0.175 for AZM NS by the CLSI breakpoint by RF-C compared 

to RF-mC or RF-R, P < 0.017 for all others, Tables A1.4-A1.5).  

 

Species with high genomic diversity pose challenges to ML-based antibiotic 

resistance prediction 

Increasing genomic diversity, or an increasing ratio of genomic features (e.g., k-mers) to 

observations (e.g., genomes), may present an additional challenge for ML-based 

prediction of antibiotic resistance [26]. To investigate ML-based antibiotic resistance 

prediction across species with different levels of genomic diversity, SCM and RF-C were 



 23 

used to model CIP NS in K. pneumoniae and A. baumannii, two species with genomic 

diversity (i.e., ratio of unique 31-mers to number of genomes) several times that of 

gonococci (Figure 1.4a-b). SCM classifiers trained on and used to predict CIP NS for K. 

pneumoniae achieved significantly lower accuracy than all of the gonococcal datasets (P 

< 0.0001, Figure 1.4c), while SCM classifiers trained on and used to predict CIP NS for 

A. baumannii achieved significantly lower accuracy than gonococcal datasets 3-5 and 7 

(P < 0.033) and roughly equivalent accuracy to gonococcal datasets 1-2 and 6, as well 

as the aggregate gonococcal dataset (P > 0.059, Figure 1.4c). The performance of RF-

C models was significantly lower for both K. pneumoniae and A. baumannii compared to 

all gonococcal datasets (P < 0.0001, Figure 1.4d).  
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Figure 1.4. K. pneumoniae and A. baumannii datasets are associated with higher 
genetic diversity and lower performance of resistance prediction models. Number 
of (a) strains and (b) unique 31-mers present in the genomes of at least two strains in 
each dataset. Mean balanced accuracy (bACC) with 95% confidence intervals achieved 
by (c) set covering machine and (d) random forest classification models for ciprofloxacin 
(CIP) NS by the CLSI breakpoints across gonococcal, K. pneumoniae, and A. baumannii 
datasets. 
 

While the SCM classifiers for CIP NS in K. pneumoniae performed significantly 

better on the training sets than the testing sets (Table A1.4, P < 0.0001), indicating that 

these models may be overfitted, there was no significant difference between RF-C model 
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performance on training and testing sets for either K. pneumoniae or A. baumannii (P > 

0.194), suggesting that overfitting alone cannot explain the variable classifier 

performance across different species. Down-sampling K. pneumoniae and A. baumannii 

to match the CIP MIC distributions of the gonococcal datasets was infeasible due to the 

narrow range of MICs tested for the former two species (Table A1.7). However, even 

after down-sampling to equalize the number of S and NS strains within each dataset 

(Table A1.6, Figure A1.3a-b), performance of K. pneumoniae and A. baumannii CIP NS 

classifiers was still significantly lower than that of gonococcal CIP NS classifiers, with the 

exception of SCM classifiers based on the down-sampled K. pneumoniae dataset, which 

performed roughly equivalently to SCM classifiers based on gonococcal datasets 2 and 

6  (P > 0.07 for the SCM classifiers based on the down-sampled K. pneumoniae dataset 

compared to SCM classifiers based on gonococcal datasets 2 and 6; P < 0.0004 for all 

other comparisons, Figure A1.3c).  

Direct association based on GyrA codon 83 mutations (equivalent to codon 91 in 

gonococci) alone predicted CIP NS in K. pneumoniae with 86% sensitivity and 99% 

specificity, and thus had a marginally higher bACC (92.5%) than for the SCM classifiers 

and a substantially higher bACC than the RF classifiers. Similarly, for A. baumannii, GyrA 

codon 81 mutations (equivalent to codon 91 in gonococci) alone predicted CIP NS in with 

97% sensitivity and 98% specificity, and thus with a roughly equivalent bACC (97.5%) to 

the SCM classifiers and a substantially higher bACC than the RF classifiers.  

 

Discussion: 
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ML offers an opportunity to leverage WGS data to aid in development of rapid molecular 

diagnostics. While more comprehensive sampling of methods and parameters will be 

necessary to optimize model performance, we demonstrate that multiple factors beyond 

ML methods and parameters can affect model performance, reliability, and 

interpretability. Our results affirmed that drugs associated with complex and/or diverse 

resistance mechanisms present challenges to ML-based prediction of resistance 

phenotypes and that sampling frame (i.e., temporal range, geographic range, and/or 

sampling approach) can substantially affect performance of such predictive models. We 

demonstrated significant variability in performance and potential clinical utility of 

predictive models based on different resistance metrics and further showed that the 

capacity to model antibiotic resistance may be highly variable across different species. 

 

Variable performance of ML-based resistance prediction models by antibiotic 

Genotype-based resistance diagnostics have largely focused more on evaluating 

the presence of resistance determinants and less on predicting the susceptibility profile 

of a given isolate [22]. However, in clinical settings where the empirical presumption is of 

resistance, prediction that an isolate is susceptible to an antibiotic may be more important 

in guiding treatment decisions. As such, the clinical utility of a genotype-based resistance 

diagnostic may be determined by its capacity to accurately predict susceptibility 

phenotype for multiple drugs.  

While variable performance of ML-based predictive models has been observed 

across different drugs [21, 22, 24, 25, 28, 29], it has often been attributed to dataset size 

and/or imbalance [21, 28, 29]. Further, while it is more difficult to predict resistance 
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phenotypes from genotypes for drugs that are associated with unknown, multifactorial, 

and/or diverse resistance mechanisms than for drugs for which resistance can largely be 

attributed to a single variant [28, 49], this caveat has been presented specifically as a 

limitation of models based on known resistance loci in comparison to unbiased machine 

learning-based MIC prediction using genome-wide feature sets [28]. However, by 

comparing performance of predictive models based on genome-wide feature sets 

between CIP and AZM across multiple gonococcal datasets, we showed that even with 

relatively large and phenotypically balanced datasets, ML algorithms cannot necessarily 

be expected to successfully model complex and/or diverse resistance mechanisms, 

particularly given that the representation of these resistance mechanisms in training 

datasets is a priori unknown.  

As a high proportion of reported AZM MICs in gonococci are within 1-2 doubling 

dilutions of the NS breakpoints, it is possible that the inferior performance of AZM 

classifiers is partly attributable to errors and/or variations in MIC testing. However, given 

the noise of phenotypic MIC testing even with standardized protocols [56], this may be an 

inherent limitation of NS classifiers when low-level resistance is common. Further, while 

we show that removing strains with MICs £2 doubling dilutions from the breakpoints 

improved AZM classifier performance compared to AZM models trained and tested on 

the full dataset, performance of AZM classifiers trained and tested on this restricted 

dataset was still significantly lower than that of CIP classifiers, suggesting that additional 

drug-specific factors, such resistance mechanism diversity and/or complexity, can 

constrain classifier performance. 
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Impact of demographic, geographic, and timeframe sampling bias on ML model 

predictions of antibiotic resistance 

Sampling bias presents a substantial challenge in any predictive modeling, and 

sampling from limited patient demographics or during limited time periods may have 

considerable effects on the distributions of resistance phenotypes and resistance 

mechanisms [57, 58]. For example, in TB, the RpoB I491F mutation that has been 

associated with failure of commercial RIF resistance diagnostic assays, including the 

GeneXpert MTB/RIF assay, reportedly accounted for <5% of TB RIF resistance in most 

countries, but, in Swaziland was found to be present in up to 30% of MDR-TB [36]. 

Further, as the focus with statistical classifiers is building models from feature sets that 

can accurately predict an outcome, rather than understanding the association between 

each of the features and the outcome, potential confounding effects from factors such as 

population structure [59-61] or correlations among resistance profiles of different drugs 

[27] are rarely considered.  

By comparing performance of AZM NS classifiers across multiple training and 

testing sets, we showed significant variation in performance of classifiers trained on a 

large and diverse global collection across testing sets from different sampling frames. In 

some cases of imbalanced datasets, models trained on datasets with a more 

comprehensive representation of resistance phenotypes improve prediction accuracy. 

Our results further demonstrate that the direction of dataset imbalance (i.e., the ratio of 

NS to S strains) is significantly correlated with the direction of model performance (i.e., 

the ratio of sensitivity to specificity), suggesting that, for example, optimizing sensitivity of 

predictive models for drugs with low prevalence of NS strains may require substantial 
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enrichment of NS strains and/or down-sampling of S strains. However, while differential 

classifier performance among different datasets may be partially attributable to differential 

MIC distributions, our results also show variable classifier performance between datasets 

even in the case of identical MIC distributions (and sample size) and further suggest that 

heavier sampling across more geographic regions cannot necessarily be expected to 

significantly improve model performance, as models trained on the aggregate global 

gonococcal dataset did not improve prediction accuracy for most datasets.  

 This, together with decreased performance when excluding isolates from the 

dataset from which the isolates being tested were derived, suggests that factors such as 

population-specific resistance mechanisms, genetic divergence at resistance loci, and/or 

confounding effects may constrain model reliability across populations, particularly in the 

case of drugs like AZM with complex and/or diverse resistance mechanisms, where a 

substantial portion of the model may be overfit, or based on confounding factors or noise, 

rather than biologically-meaningful resistance variants. Further, it should be noted that 

MIC testing methods varied between some datasets (and between strains within dataset 

5), and such variations may represent an additional confounding factor influencing 

classifier performance. Thus, both incorporation of methods to correct for potentially 

confounding factors, such as population structure, as have been introduced for genome-

wide associate studies [59-61], and increased availability of paired WGS and antibiotic 

susceptibility data produced by consistent standardized protocols may improve reliability 

of machine learning-based prediction of antibiotic resistance across different populations.  
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ML resistance prediction model performance varies by NS breakpoints and by 

categorical vs MIC-based resistance metrics 

While measurement of MICs is vital for surveillance and investigation of resistance 

mechanisms, resistance breakpoints that relate in vitro MIC measurements to expected 

treatment outcomes inform clinical decision-making. However, standard breakpoints for 

NS to a given drug in a given species are often informed less by treatment outcome data, 

but rather factors such as pharmacokinetics and MIC distributions that can fail to account 

for a variety of intra-host conditions that could influence drug efficacy [62-65]. Recent 

studies have shown that isolates that are classified as susceptible by standard 

breakpoints but have higher MICs are associated with a greater risk of treatment failure 

than isolates with lower MICs [66]. Further, resistance breakpoints and testing protocols 

can vary across different organizations, and thus incongruence across phenotypic 

information included in the training data may introduce additional sources of error in 

predictive modeling. By comparing performance of predictive models of CIP and AZM NS 

based on EUCAST and CLSI breakpoints, we demonstrated breakpoint-specific 

performance of models. For CIP, such breakpoint-specific performance is likely largely 

attributable to variations in MIC testing protocols and thus ambiguous classification of 

some strains by the EUCAST breakpoint. On the other hand, the substantially lower 

performance of all AZM models based on the EUCAST breakpoint compared to those 

based on the CLSI breakpoint suggests that many isolates with AZM MICs between the 

two breakpoints lack genetic signatures that contribute to high model performance. While 

the clinical relevance of AZM MICs between these two breakpoints in gonococci is 

unclear, these isolates may be more likely to be associated with AZM treatment failure 
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than isolates with lower MICs, and thus evaluation of classifiers using only higher 

breakpoints may misrepresent their diagnostic value, particularly in the absence of 

sufficient treatment outcome data. 

Models that predict MICs provide more refined output than a binary classifier but 

generally achieve low rates of exact matches between phenotypic and predicted MICs 

and even fairly variable 1-tier accuracies [28, 29, 49]. Given the noise in phenotypic MIC 

testing [56] and the potential lack of discriminating genetic features between isolates with 

MICs separated by 1-2 doubling dilutions [28], MIC prediction models may be unlikely to 

provide much better resolution than binary S/NS classifiers. Even if MIC predictions could 

provide additional resolution, the most important criterion of such a diagnostic would likely 

still be its ability to correctly predict resistance phenotypes relative to a clinically relevant 

breakpoint. Thus, performance of MIC prediction models with respect to breakpoints may 

be the biggest determinant of their diagnostic utility. By building MIC prediction models 

for CIP and AZM in gonococci, we observed low rates of exact matches between 

phenotypic and predicted MICs and variable 1-tier accuracies, with no relationship 

between 1-tier accuracy and categorical agreement (i.e., prediction accuracy relative to 

NS breakpoints). Further, binary classifiers performed equivalently or better than MIC 

prediction models. 

 

ML antibiotic resistance prediction model success varies across species 

Bacterial species with high genomic diversity (e.g., open pangenomes) present 

additional challenges to ML-based prediction of antibiotic resistance. Increased 

resistance mechanism complexity and greater inter-isolate variation in resistance 
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mechanisms require more intensive sampling to capture a significant portion of the 

resistome [46]. On the technical side, even for heavily sampled species, when using 

whole genome feature sets, the number of genetic features (e.g., k-mers or SNPs) will 

always be much larger than the number of observations (isolates), increasing the risk of 

overfitting (a situation that arises with so-called ‘fat data’, [26]). This raises concern in 

species with open pangenomes, as the ratio of genetic features to the number of genomes 

is larger and the number of unique genetic features per number of genomes does not 

plateau. By comparing classifier performance in predicting CIP NS across gonococci, K. 

pneumoniae, and A. baumannii, we show that classifiers generally did not perform as well 

for species with open genomes (K. pneumoniae or A. baumannii) as for gonococci. 

Further, while a single GyrA mutation could explain the majority of CIP NS across all 

species evaluated here, unlike in gonococci and A. baumannii where this mutation 

explained ≥97% of CIP NS, 14% of CIP NS in K. pneumoniae could not be explained by 

this mutation, suggesting increased CIP resistance mechanism diversity and/or 

complexity in this species. Increased sampling, different methods, and/or finer tuning of 

hyperparameters may yield increased prediction accuracy for drug resistance in species 

with open genomes. For example, Nguyen et al., 2018 reported a mean bACC of 98.5% 

(average VME and ME rates of 0.5% and 2.5%, respectively) using a decision tree-based 

extreme gradient boosting regression model to predict CIP MICs for the K. pneumoniae 

strains assessed here [28], and adjusting for confounding factors such as population 

structure or variation in MIC testing method may yield more consistent prediction 

accuracies across species.  However, our results demonstrate clear variation in potential 

limitations of genotype-to-resistance-phenotype models across different species. 
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Given the biological and epidemiological disparities associated with resistance to 

different drugs in different clinical populations and bacterial species, and their evident 

impact on performance of predictive models, successful implementation of genotype-

based resistance diagnostics will likely require sustained comprehensive sampling to 

ensure representation of complex, diverse, and/or novel resistance mechanisms, 

customized modeling, and incorporation of feedback mechanisms based on treatment 

outcome data. Further evaluation of additional ML methods and datasets may reveal 

more quantitative requirements and limitations associated with the application of 

genotype-to-resistance-phenotype predictive modeling in the clinical setting. 

 

Materials and Methods: 

Isolate selection and dataset preparation 

See Table 1.1 for details of the datasets assessed and Table A1.7 for per-strain 

information. All gonococcal datasets contained a minimum of 200 isolates with WGS 

(Illumina MiSeq, HiSeq, or NextSeq) and MICs available for both CIP and AZM (by agar 

dilution and/or Etest). Isolates lacking CIP and AZM MIC data were excluded. MIC testing 

methods are indicated in Table A1.7.  

K. pneumoniae and A. baumannii datasets were selected based on the availability 

of isolates collected during a single survey that were tested for CIP susceptibility and 

whole genome sequenced using consistent platforms (in both cases, the BD-Phoenix 

system and either Illumina MiSeq or NextSeq). 
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MIC data were obtained from the associated publications, except in the cases of 

dataset 1 (NCBI Bioproject PRJEB10016; see Table A1.7) and dataset 9, which were 

obtained from the NCBI BioSample database (https://www.ncbi.nlm.nih.gov/biosample). 

Raw sequence data were downloaded from the NCBI Sequence Read Archive 

(https://www.ncbi.nlm.nih.gov/sra). Genomes were assembled using SPAdes [67] with 

default parameters, and assembly quality was assessed using QUAST [68]. Contigs <200 

bp in length and/or with <10x coverage were removed. Isolates with assembly N50s below 

two standard deviations of the dataset mean were removed. 	

 

Evaluation of known resistance variants 

Previously identified genetic loci associated with reduced susceptibility to CIP or AZM in 

gonococci are indicated in Tables A1.1-A1.2, respectively. The sequences of these loci 

were extracted from the gonococcus genome assemblies using BLAST [69] followed by 

MUSCLE alignment [70] to assess the presence or absence of known resistance variants. 

The presence or absence of quinolone resistance determining mutations in gyrA was 

similarly assessed in K. pneumoniae and A. baumannii assemblies. Presence or absence 

of gonococcal AZM resistance mutations in the multi-copy 23S rRNA gene was assessed 

using BWA-MEM [71] to map raw reads to a single 23S rRNA allele from the NCCP11945 

reference isolate (NGK_rrna23s4), the Picard toolkit 

(http://broadinstitute.github.io/picard) to identify duplicate reads, and Pilon [72] to 

determine the mapping quality-weighted percentage of each nucleotide at the sites of 

interest. 	

 

ML-based prediction of resistance phenotypes 



 35 

Predictive modeling was carried out using SCM and RF algorithms, implemented in the 

Kover [25, 26] and ranger [73] packages, respectively. K-mer profiles (abundance profiles 

of all unique words of length k in each genome) were generated from the assembled 

contigs using the DSK k-mer counting software [74] with k=31, a length commonly used 

in bacterial genomic analysis [25, 26, 59, 75]. For each dataset, 31-mer profiles for all 

strains were combined using the combinekmers tool implemented in SEER [59], removing 

31-mers that were not present in more than one genome in the dataset. Final matrices 

used for model training and prediction were generated by converting the combined 31-

mer counts for each dataset into presence/absence matrices. For each SCM binary 

classification analysis (using S/NS phenotypes based on the two different breakpoints for 

each drug), the best conjunctive and/or disjunctive model using a maximum of five rules 

was selected using five-fold cross-validation, testing the suggested broad range of values 

for the trade-off hyperparameter of 0.1, 0.178, 0.316, 0.562, 1.0, 1.778, 3.162, 5.623, 

10.0, and 999999.0 to determine the optimal rule scoring function 

(http://aldro61.github.io/kover/doc_learning.html). In order to assess binary classification 

across multiple methods, RF was also used to build binary classifiers (RF-C) using S/NS 

phenotypes. Further, to compare performance of binary classifiers to MIC prediction 

models, RF was used to build multi-class classification (RF-mC) and regression (RF-R) 

models based on log2(MIC) data. For all RF analyses, forests were grown to 1000 trees 

using node impurity to assess variable importance and five-fold cross-validation to 

determine the most appropriate hyperparameters (yielding the highest bACC or 1-tier 

accuracy for NS- or MIC-based models, respectively), testing maximum tree depths of 5, 

10, 100, and unlimited and mtry (number of features to split at each node) values of 1000, 
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10000, and either Öp or p/3, for classification and regression models, respectively, where 

p is the total number of features (31-mers) in the dataset. While a grid search would 

enable assessment of more combinations of different hyperparameter values and thus 

finer tuning of hyperparameters, such an approach is computationally prohibitive on 

datasets of this size. To standardize reported MIC ranges across datasets, CIP MICs 

£0.008 µg/mL or ³32 µg/mL were coded as 0.008 µg/mL or 32 µg/mL, respectively, and 

AZM MICs £0.008 µg/mL or ³32 µg/mL were coded as 0.03 µg/mL or 32 µg/mL, 

respectively. 

The set of SCM and RF analyses performed are indicated in Tables A1.3 and 

A1.6. For each of the seven individual gonococcal datasets, as well as the aggregate 

gonococcal dataset (all gonococcal datasets combined, removing duplicate strains) and 

the K. pneumoniae and A. baumannii datasets, training sets consisted of random sub-

samples of two-thirds of isolates from the dataset indicated (maintaining proportions of 

each resistance phenotype from the original dataset), while the remaining isolates were 

used to test performance of the model. Each set of analyses (for each combination of 

dataset/drug/resistance metric/ML algorithm) was performed on 10 replicates, each with 

a unique randomly partitioned training and testing set. For all gonococcal datasets, 

separate models were trained and tested using the EUCAST [76] and CLSI [77] 

breakpoints for NS to CIP. Four of the N. gonorrhoeae datasets had insufficient (<15) NS 

isolates by the CLSI breakpoint for AZM non-susceptibility and thus were only assessed 

at the EUCAST AZM breakpoint. CIP MICs for the K. pneumoniae isolates were not 

available in the range of the EUCAST breakpoint (0.25 µg/mL), and thus only the CLSI 

breakpoint for NS (>1 µg/mL) was assessed. For A. baumannii, the EUCAST and CLSI 
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breakpoints for ciprofloxacin NS are the same (>1 µg/mL). Due to the very limited range 

of MICs within the BD-Phoenix testing thresholds and thus the CIP MICs available for K. 

pneumoniae and A. baumannii, predictive models based on MICs were not generated for 

these species. For analyses in Table A1.6 where datasets were down-sampled to 

equalize MIC distributions between datasets or the number of S and NS strains within 

datasets, the required number of strains from the over-represented class(es) were 

selected at random for removal. 

Model performance was assessed by sensitivity (1 – VME rate), specificity (1 – ME 

rate), and aggregate bACC (the average of the sensitivity and specificity [78]). bACC was 

used as an aggregate measure of model performance as, unlike metrics such as raw 

accuracy, error rate, and F1 score, it provides a balanced representation of false positive 

and false negative rates, even in the case of dataset imbalance. For MIC prediction 

models, the percentage of isolates with predicted MICs exactly matching the phenotypic 

MICs (rounding to the nearest doubling dilution, in the case of regression models), as well 

as the percentage of isolates with predicted MICs within one doubling dilution of 

phenotypic MICs (1-tier accuracy), were also assessed. In order to account for variations 

in MIC testing methods and thus in the dilutions assessed, criteria for exact match rates 

and 1-tier accuracies were relaxed to include predictions within 0.5 doubling dilutions or 

1.5 doubling dilutions, respectively, of the phenotypic MIC. Mean and 95% confidence 

intervals for all metrics were calculated across the 10 replicates for each analysis. 

Differential model performance between datasets or methods was evaluated by 

comparing mean bACC between sets of replicates by two-tailed unpaired t-tests with 

Welch’s correction for unequal variance (a=0.05). Unless otherwise noted, all P-values 



 38 

are derived from these unpaired t-tests. Relationships between MIC prediction accuracy 

and bACC and between dataset imbalance and model performance were assessed by 

Pearson correlation (a=0.05).  
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Chapter 2: Surveillance to maintain the sensitivity of genotype-based 

antibiotic resistance diagnostics 

 

Chapter 2 is published in PLOS Biology: 

Hicks AL, Kissler SM, Lipsitch M, Grad YH. Surveillance to maintain the sensitivity of 

genotype-based antibiotic resistance diagnostics. PLoS Biol. 2019;17(11):e3000547. 

  

Abstract: 

The sensitivity of genotype-based diagnostics that predict antimicrobial susceptibility is 

limited by the extent to which they detect genes and alleles that lead to resistance. As 

novel resistance variants are expected to emerge, such sensitivity is expected to 

decline unless the new variants are detected and incorporated into the diagnostic. Here, 

we present a mathematical framework to define how many diagnostic failures may be 

expected under varying surveillance regimes and thus quantify the surveillance needed 

to maintain the sensitivity of genotype-based diagnostics. 
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Introduction: 

Antimicrobial resistance (AMR) poses a grave threat to global public health, underscoring 

the need for strategies to slow and control the spread of resistance. One direction is to 

develop fast and reliable diagnostics that minimize the delay between diagnosis and 

selection of an appropriate treatment regimen based on the target pathogen’s antibiotic 

susceptibility profile [14, 79]. A promising approach, use of pathogen genotype to predict 

AMR phenotype, has been facilitated by advances in rapid and cost-efficient amplification 

and sequencing. For example, the Cepheid GeneXpert MTB/RIF assay for rifampicin 

resistance in Mycobacterium tuberculosis and the SpeeDx ResistancePlus GC assay for 

ciprofloxacin resistance in Neisseria gonorrhoeae are already in clinical use, and many 

others are in the pipeline [7, 29, 80]. 

These genotype-based diagnostics must maintain high sensitivity to remain useful 

clinically. However, the emergence of novel resistance mechanisms will inevitably lead to 

a decline in sensitivity, perhaps exacerbated by variable prevalence of resistance 

determinants across populations [36]. Key to maintaining sensitivity is, therefore, 

sustained sampling and routine updating of the diagnostics with newly described 

resistance determinants. However, despite its importance for the structure of surveillance 

systems and, thus, for both public health agencies and diagnostics developers, the rate 

of sampling necessary for timely detection of novel resistance variants has been unclear. 

Here, we use datasets of clinical isolates of multiple pathogens collected over 7–

14 years to show that although the sensitivities of some genetic markers of resistance 

remain stably high, sensitivities of other markers rapidly decline because of the 

emergence of novel resistance variants. We present a simple mathematical framework 
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that defines the rates of sampling and phenotypic testing necessary for early detection of 

novel resistance variants. 

 

Results: 

Waning sensitivity of resistance markers 

 In the ideal scenario for a genotype-based antibiotic resistance diagnostic, 

phenotypic resistance is always encoded by a specific genotype—e.g., a single, 

stereotyped mutation or gene. To date, some combinations of bacteria and antibiotics 

approximately satisfy this criterion: target modification mutations in gyrA (DNA gyrase 

subunit A gene) maintain high sensitivity for predicting ciprofloxacin nonsusceptibility in 

N. gonorrhoeae and Acinetobacter baumannii (Figure 2.1a-d). For other bacteria–

antibiotic combinations, diagnostic genetic markers of resistance show decreased 

sensitivity over time, corresponding to increased incidence of previously rare or 

undetected resistance markers (Figure 2.1e-j). The gyrA target modification mutation in 

Klebsiella pneumoniae isolates [28], for example, becomes a less sensitive predictor of 

ciprofloxacin nonsusceptibility as the incidence of isolates with acquired qnr (Qnr family 

pentapeptide repeat protein gene) genes (which code for target protecting proteins) 

increases (Figure 2.1e-f). Similarly, the emergence of the mosaic penA (penicillin binding 

protein 2 gene) (XXXIV) allele in N. gonorrhoeae clinical isolates [17] corresponds to 

decreased sensitivity of other target modification mutations for predicting penicillin 

nonsusceptibility (Figure 2.1g-h). Furthermore, decreased sensitivity of blaOXA-58 

(carbapenem-hydrolyzing class D beta-lactamase-58 gene) for predicting imipenem 

nonsusceptibility in A. baumannii clinical isolates from the United States military 
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healthcare system is associated with increased incidence of other oxacillinases (Figure 

2.1i-j).
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Figure 2.1. Emergence of novel resistance variants and their impact on 
sensitivities of previous variants. Fractional incidence (a, c, e, g, and i) and 

sensitivity (b, d, f, h, and j) of genetic variants over time in predicting CIP NS in N. 
gonorrhoeae (a-b), CIP NS in A. baumannii (c-d), CIP NS in K. pneumoniae (e-f), PEN 
NS in N. gonorrhoeae (g-h), and IPM NS in A. baumannii (i-j). Fractional incidence is 
defined as the proportion of all strains from each year that have the genetic variant or 
the NS phenotype. Fractional incidence of different markers may not sum to 100% due 
to uncharacterized resistance markers or strains carrying multiple markers. Sensitivity is 
defined as the fraction of NS strains from each year that have the genetic variant. 

Specificity (true negative rate) of variants in predicting NS is not accounted for in these 
plots. CIP, ciprofloxacin; IPM, imipenem; NlS, nonsusceptibility; PEN, penicillin; GyrA, 
DNA gyrase subunit A; qnr, Qnr family pentapeptide repeat protein gene; PBP2, 

penicillin binding protein 2; penA, penicillin binding protein 2 gene; blaOXA, carbapenem-
hydrolyzing class D beta-lactamase gene; ISAba1, A. baumannii insertion sequence 1.
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Figure 2.1 (continued) 
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Defining required sampling rate as a function of diagnostic failure threshold 

 Given the possible emergence of novel resistance variants, maintenance of a 

genotype-based AMR diagnostic requires surveillance and phenotyping of clinical 

specimens predicted to be susceptible, characterization of novel resistance determinants, 

and subsequent updating of the diagnostic. Once a resistant strain not captured by the 

current diagnostic test appears in the population, there is a simple relationship between 

the cumulative number of such cases and the probability that at least one will be detected: 

if 𝑓 is the proportion of all genotypically susceptible cases that receive confirmatory 

phenotypic testing, and 𝑁 is the number of variant cases, then the probability 𝑥 that the 

new variant is detected in at least one of those cases is given by 𝑥 = 1 − (1 − 𝑓)). 

Therefore, to have a probability of at least 𝑥 that the new variant will be detected by the 

time 𝑁 cases of it have occurred, the proportion undergoing confirmatory testing must be 

𝑓 ≥ 1 − (1 − 𝑥)+/) 

Thus, to be 95% (𝑥 = 0.95) confident that a novel variant is detected by the time it 

has occurred in a total of 100 (𝑁) cases, a sampling fraction (𝑓) of approximately 0.03 is 

required (i.e., 3% of incident cases must be phenotypically tested) (Figure 2.2a). Given 

the 555,608 cases of gonorrhea in the US in 2017 [81], the required sampling rate for a 

95% probability of detection of a novel variant by the time it occurred in 100 cases would 

be 16,669 cases per year, or 1,390 cases per month (i.e., 𝑓 = 3%	of incident cases). For 

surveillance programs aimed at detecting novel resistance variants that undermine the 

sensitivity of a genotype-based diagnostic that has already been implemented in the 

population, cases with isolates predicted to be resistant by the diagnostic would be 

excluded from the sampling population, reducing the required sampling rate. 
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Figure 2.2. A framework for the detection of novel resistance variants. (a) 
Quantification of sampling fraction (the fraction of incident cases that are phenotyped, 𝑓) 
required for 95% probability (𝑥 = 0.95) of detection of novel variants as a function of the 
total number of novel resistance cases (𝑁) that occur prior to detection. Sampling 
fractions required for 95% probability of detection of a variant that has occurred in a 
total of 10, 100, or 1,000 cases are indicated in panel a. (b) Estimation of the total cost 
associated with the phenotyping required for 95% confidence in detection of a novel 
resistance variant by the time is has occurred in 𝑁 cases, assuming an annual case 

incidence (𝐼) of 500,000, a variant growth rate (𝑟) of 0.5 or 5 per year, and a 
phenotyping cost (𝐶7) of US$20 per isolate, and the total cost associated with the mean 
𝑁 expected treatment failures that may be attributed to that novel variant, assuming 
each individual treatment failure incurs a cost (𝐶89) of US$100,000 or US$10,000. (c) 
Estimation of the cumulative cost associated with the phenotyping required for 95% 
confidence in detection of a novel resistance variant by the time it has occurred in 𝑁 
cases and the total cost incurred by the 𝑁 treatment failures attributed to that novel 

variant, assuming an annual case incidence (𝐼) of 500,000, a variant growth rate (𝑟) of 
0.5 or 5 per year, a phenotyping cost (𝐶7) of US$20 per isolate, and a cost incurred by 
each individual treatment failure (𝐶89) of US$100,000 or US$10,000. Sampling fractions 

(𝑓) that minimize the cumulative cost are indicated in c. 
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By survival analysis in which the hazard function is defined as the incidence of the 

novel variant multiplied by the proportion of incident cases that are phenotyped (𝑓), if the 

variant has a growth rate of 𝑟 (i.e., is increasing in fractional incidence [or prevalence, 

assuming the overall case incidence remains constant] in a population at a rate 𝑟), then 

the time (beginning at 𝑡;, when the variant first emerged in a single case) at which there 

is a probability of 1 − 𝑥 of having detected the variant (or an 𝑥 probability of having failed 

to detect the variant) is 

𝑡 =
1
𝑟
ln 1 −

𝑟ln(𝑥)
𝑓𝑁;

 

where 𝑁; is the initial population-wide incidence of the variant in cases. 

Based on this model, we can estimate the cost effectiveness of surveillance for 

genotype–phenotype discordance. We assume surveillance phenotyping is performed on 

a fraction 𝑓 of all incident cases 𝐼 per unit time such that there is 𝑥 probability of detection 

of each novel variant by the time 𝑡 that 𝑁 cases of the novel variant have occurred. If the 

cost of phenotyping an individual isolate is 𝐶7, then the total cost from the phenotyping 

effort required to detect a novel resistance variant is 

𝐶7	>?>@A = 	𝑓	𝐼	𝑡	𝐶7 

If the cost of a treatment failure is 𝐶89, a composite of the costs from the individual clinical 

failure and secondary cases, the variant occurs in the mean number of expected cases, 

and assuming that every attempted treatment of infection caused by a pathogen with the 

variant results in failure, then the expected total cost of treatment failure due to a novel 

resistance variant is 

𝐶89	>?>@A =
𝐶89
𝑓
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For a pathogen with a given case incidence 𝐼 (e.g., 500,000 cases per year) and 

phenotyping cost 𝐶7 (e.g., US$20 per isolate), the total cost from the phenotyping effort 

required to detect a novel resistance variant and the total cost from the treatment failures 

that may be attributed to that novel variant can be determined for a range of assumptions 

about variant growth rate 𝑟 and cost of treatment failure 𝐶89 (Figure 2.2b). Similarly, the 

cumulative cost associated with phenotyping and treatment failure can be assessed as a 

function of sampling fraction in order to identify the most cost-effective sampling fraction, 

defined as that which minimizes the total cost of sampling and treatment failures (Figure 

2.2c). 

 

Discussion: 

Although this sampling model is based on few assumptions and should be 

generalizable to any resistance variant, the practical implementation of this model 

requires consideration of multiple additional factors. First, although this model assumes 

instantaneous testing of isolates, if the phenotyping of the collected clinical isolates is 

batched, then the intervals between testing could lead to delays in detection. However, 

the delay is bounded by the selected threshold of allowed failures, the testing interval, 

and the growth rate of the novel variant in the population. 

Second, changes in disease incidence impact the surveillance and sampling 

strategy. For example, gonorrhea incidence in the US increased 65% between 2008 and 

2017 and 18.6% between 2016 and 2017 alone (https://www.cdc.gov/std/stats17). To 

maintain the same level of confidence that the novel variant will be detected by the desired 

time or threshold number of cases, disease incidence would need to be closely monitored 
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and surveillance matched accordingly. Given the directly proportional relationship 

between case incidence and the number of isolates that must be sampled per unit time 

(sampling rate) to achieve a given objective, an 18.6% increase in incidence of 

genotypically susceptible strains must correspond to an 18.6% increase in sampling rate 

in order to maintain the same sampling fraction (𝑓) and, thus, the same confidence in 

detection of a novel variant by the time it has appeared in a given number of cases. 

Furthermore, the incidence of clinical isolates predicted to be susceptible 

(susceptible case incidence), rather than overall case incidence, is of primary relevance 

for detecting novel resistance determinants. Thus, a third issue to consider in sampling 

strategy is that the susceptible case incidence may be subject to more rapid changes 

than overall case incidence, depending on varying selective pressures for or against 

resistance introduced by a variety of factors, including antibiotic use and the diagnostic 

itself. Thus, in establishing a plan for a sampling strategy, a conservative approach would 

be to account for these fluctuations by calculating the necessary sampling rate as a 

fraction of all cases. 

Relatedly, demographic and geographic heterogeneity in selective pressures, and 

thus in the likelihood of emergence of novel resistance variants, introduces an additional 

complication in selecting the populations for surveillance and sampling. Behavioral and 

socioeconomic factors may contribute to differential emergence of antibiotic resistance 

across subpopulations [82], and certain resistance mechanisms and variants may be 

more likely to appear in specific subpopulations or transmission networks [36]. For 

example, for some pathogens, settings such as oncology and critical care units within 

hospitals, where antibiotic use is highest and where patients who have failed prior 
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antibiotic therapies are likely to concentrate, may provide ideal locations for surveillance. 

Thus, although a diverse sampling of the population may be optimal in the absence of 

epidemiological analysis of risk factors for emergence of resistance, the latter may 

facilitate more targeted sampling strategies that help to reduce delays in detection of 

novel variants. Similarly, although this model assumes random sampling across a 

population, it should be noted that this may be difficult to achieve. For example, the 

Centers for Disease Control and Prevention’s Gonococcal Isolate Surveillance Project 

currently only samples from male patients attending selected sexual health clinics, 

introducing demographic and geographic bias [83]. Assessment of the impact of 

demographic and geographic factors on detection efficiency of novel variants may help 

improve sampling strategies and yield a sampling scheme–tailored model with more 

estimates. 

Delays in updating genotype-based diagnostics may also influence the rates of 

emergence of new variants because these diagnostics introduce selective pressure 

against isolates with the diagnostic targets and increased fitness for those lacking the 

targets [33, 35, 84]. Thus, assay adaptability is likely to be an important determinant of 

diagnostic sustainability. For genotype-based diagnostics that rely on testing for specific 

alleles, once specimens with unknown pathways to resistance have been identified, it will 

be important to define the genetic basis of resistance and incorporate it into the diagnostic 

assay. Thus, long-term support of such diagnostics will require a system for rapidly 

determining the genetic basis of resistance in novel resistant variants, an activity that is 

currently challenging for some pathogen species with less tractable genetics and in cases 

of multifactorial resistance mechanisms. This requirement may create an advantage for 
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diagnostics that rely on phylogenetic similarity [85] and are agnostic to the resistance 

determinant, for which genetic experiments could be avoided but regularly updating the 

reference database will be critical for maintaining sensitivity. However, such approaches 

are not likely to perform well for drugs for which resistance is frequently gained and lost 

through de novo mutation and/or horizontal gene transfer and thus are associated with 

less phylogenetic signal (e.g., as with azithromycin in N. gonorrhoeae [17]). 

Estimating the costs of expected treatment failures and phenotypic testing as a 

function of sampling fraction may be useful for identifying the most cost-effective 

phenotyping rate. However, although published estimates of direct healthcare costs 

associated with each case of a given infectious disease may serve as a proxy for the cost 

of treatment failure, such estimates are likely highly variable and will need to be tailored 

based on factors such as the type of strain (e.g., multidrug-resistant versus extensively 

drug-resistant M. tuberculosis) and the progression of the disease (e.g., uncomplicated 

gonorrhea versus progression to pelvic inflammatory disease or epididymitis) [86, 87]. It 

will also be important to determine how to incorporate into this estimate indirect costs 

such as productivity loss, further transmission, or increased antibiotic resistance due to 

inappropriate use. Furthermore, assessing cost effectiveness requires estimating the rate 

at which a novel variant can be expected to spread in the population, which may be 

difficult to reliably predict for all novel variants. However, cost-efficient surveillance may 

be achieved by tailoring models based on relevant clinical and epidemiological 

parameters of the pathogen and evaluations of novel variant emergence patterns after 

implementation of the diagnostic. 
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 This model is based on the assumption that the most efficient and reliable method 

for detection of novel resistance variants is routine phenotypic testing of strains predicted 

to be susceptible. However, identification of treatment failures represents an additional 

and potentially more efficient route to detection [88]. Although the cost-effectiveness 

framework is based on the assumption that the vast majority of treatment failures will go 

undetected, depending on factors such as overall case incidence, health system factors, 

and severity of clinical failure associated with the pathogen, identification of treatment 

failures may be a more practical alternative to large-scale phenotypic sampling programs. 

However, identification of treatment failures may be encumbered by a number of factors, 

including long treatment regimens and/or partial abatement of symptoms and, thus, failure 

to follow up. Furthermore, infections might be cleared even in the case of undetected 

resistance, and multidrug therapy may similarly mask novel resistance to individual drugs. 

For example, one of the first identified cases of infection with the N. gonorrhoeae FC428 

clone (associated with ceftriaxone resistance and intermediate azithromycin resistance) 

in the United Kingdom was identified as negative by N. gonorrhoeae NAAT two weeks 

after treatment with ceftriaxone and azithromycin, and a second patient in this 

transmission network showed clinical response to treatment with ceftriaxone and 

azithromycin before relapse, potentially resulting in transmission to and asymptomatic 

carriage in her partner [89]. Thus, although continued collection of clinical outcome data 

is crucial to defining the relationship between phenotypic susceptibility test results and 

expected treatment outcome, surveillance programs designed to regularly sample a 

sufficient fraction of isolates in a given population, incorporating relevant epidemiological 
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information, may represent the most reliable strategy for comprehensive detection of 

novel resistance variants. 

 

Materials and Methods: 

See Table 2.1 for details of the datasets assessed. For all datasets, raw sequence data 

were downloaded from the NCBI Sequence Read Archive. Genomes were assembled 

using SPAdes v3.13 [67] with default parameters. Assembly quality was assessed using 

QUAST v4.3 [68], and contigs <500 bp in length and/or with <10× average coverage were 

excluded. Antibiotic resistance loci were identified in the assembled contigs using BLAST 

[69], extracted, and aligned using MUSCLE [70] to assess the fractional incidence (the 

proportion of all isolates from each year that have the variant) and sensitivity (the 

proportion of all non-susceptible isolates from each year that have the variant) of 

resistance variants. Survival analysis was used to relate sampling fractions (the 

proportion of incident strains receiving confirmatory phenotyping) to the cumulative 

number of cases of the novel variant prior to detection, the time to detection of the novel 

variant after emergence, and the cost of phenotyping and treatment failures. The hazard 

function, or the rate of identifying a strain with the novel variant given that it has not yet 

been detected, was defined as 

l 𝑡 = 𝑓𝑟𝑁;𝑒 CDµ > 

where 𝑓 is the fraction of incident cases phenotyped, 𝑟 is the growth rate of the novel 

variant (the rate at which the variant is increasing in fractional incidence [or prevalence, 

assuming the overall case incidence remains constant] in a population), 𝑁; is the number 

of cases with the novel variant at the time of emergence (assumed to be 1), µ is the rate 
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of recovery from infection with a strain with the novel variant (assumed to be ≪ 𝑟, such 

that [𝑟 − µ]	~	𝑟), and 𝑡 is the time since emergence of the novel variant. 

Table 2.1. Summary of datasets used in Chapter 2. 
Species Dataset 

description 
NS phenotype(s) 
(associated figure and source) 

NCBI SRA 
Study ID(s) 

N. 
gonorrhoeae 

Survey from nationwide (US) clinics 
from 2000 to 2013; male patients 
only; enriched for ESC and AZM 
resistance 

CIP (Figure 2.1a-b), PEN 
(Figure 2.1g-h) [17] 

ERP008891, 
ERP001405, 
ERP000144 

A. baumannii 
Survey from clinics and hospitals 
within the US military healthcare 
system from 2000 to 2012 

CIP (Figure 2.1c-d), IPM 
(Figure 2.1i-j) (NCBI BioSample 
database, BioProject 
PRJNA300270) 

SRP065910 

K. 
pneumoniae 

Survey from the Houston Methodist 
hospital system from 2011 to 2017; 
enriched for β-lactam resistance 

CIP (Figure 2.1e-f) [28] 
SRP102664, 
SRP110988, 
SRP116139 

Abbreviations: AZM, azithromycin; CIP, ciprofloxacin; ESC, extended spectrum 
cephalosporin; ID, identifier; IPM, imipenem; NCBI SRA, National Center for 
Biotechnology Information Sequence Read Archive; NS, non-susceptible; PEN, 
penicillin 
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Chapter 3: Targeted surveillance strategies for efficient detection of 

novel antibiotic resistance variants 

 

Chapter 3 is available on bioRxiv and is currently under review at eLife: 

published in PLOS Biology: 

Hicks AL, Kissler SM, Mortimer TD, Ma KC, Taiaroa G, Ashcroft M, Williamson DA, 

Lipsitch M, Grad YH. Targeted surveillance strategies for efficient detection of novel 

antibiotic resistance variants. bioRxiv. 2020. https://doi.org/10.1101/2020.02.12.946533. 

 
 

Abstract: 

Genotype-based diagnostics for antibiotic resistance represent a promising alternative to 

empiric therapy, reducing inappropriate and ineffective antibiotic use. However, because 

such assays infer resistance phenotypes based on the presence or absence of known 

genetic markers, their utility will wane in response to the emergence of novel resistance. 

Maintenance of these diagnostics will therefore require surveillance designed to ensure 

early detection of novel resistance variants, but efficient strategies to do so remain to be 

defined. Here, we evaluate the efficiency of targeted sampling approaches informed by 

patient and pathogen characteristics in detecting genetic variants associated with 

antibiotic resistance or diagnostic escape in Neisseria gonorrhoeae, focusing on this 

pathogen because of its high burden of disease, the imminent threat of treatment 

resistance, and the use and ongoing development of genotype-based diagnostics. We 

show that incorporating patient characteristics, such as demographics, geographic 

regions, or anatomical sites of isolate collection, into sampling approaches is not a reliable 



 56 

strategy for increasing variant detection efficiency. In contrast, sampling approaches 

informed by pathogen characteristics, such as genomic diversity and genomic 

background, are significantly more efficient than random sampling in identifying genetic 

variants associated with antibiotic resistance and diagnostic escape. 

 

Introduction: 

Nucleic acid-based diagnostics that enable rapid pathogen identification and 

prediction of drug susceptibility profiles can improve clinical decision-making, reduce 

inappropriate antibiotic use, and help address the challenge of antibiotic resistance [14-

16]. However, the sensitivity of such diagnostics may be undermined by undetected 

genetic variants [33-36, 90-94]. Pathogen surveillance programs aimed at early detection 

of novel variants are crucial to ensuring the clinical utility and sustainability of these 

diagnostics. 

Use of traditional nucleic acid amplification tests (NAATs) for pathogen 

identification and genotype-based diagnostics for antibiotic resistance can select for 

genetic variants that escape detection [37]. Mutations and/or deletions at the NAAT target 

locus that cause an amplification failure have arisen in Neisseria gonorrhoeae, Chlamydia 

trachomatis, Staphylococcus aureus, and Plasmodium falciparum, resulting in false 

negative diagnostic errors only detected when using another diagnostic platform [33-35, 

93]. Diagnostic escape associated with genotype-based diagnostics for antibiotic 

resistance are the result of resistance-conferring variants (e.g., mutations or accessory 

genes) not accounted for in the diagnostic’s panel of resistance markers [36] and require 

phenotypic testing to be uncovered.  
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 We recently presented a framework to quantify the sampling rate for early 

detection of novel antibiotic resistance variants, defining the number of isolates that would 

need to undergo confirmatory phenotyping from those predicted by genotype to be 

susceptible [95]. Underlying this model are assumptions of unbiased sampling across a 

population and independence among all isolates. However, these assumptions may not 

hold in practice, as some subsets of the population (e.g., demographics and/or 

geographic regions) may be more likely to be sampled than others, and clonal 

transmission may result in repeated sampling of closely related isolates [96-99]. The real-

world application of this model may also be challenging for pathogens with high case 

incidence, such as N. gonorrhoeae, as the cost of phenotyping required by this model for 

timely detection of novel resistance variants is likely to be high [95]. 

 Implementing a practical surveillance system thus requires improving efficiency 

over unbiased testing by prioritizing samples in which novel diagnostic escape variants 

are most likely to be found. There are numerous hypotheses for how to focus sampling 

and most quickly identify these variants. Novel variants may be more likely to emerge or 

spread in certain anatomical niches, demographics, or geographic regions [82, 100-102], 

some of which may be systematically under-sampled [103] and thus may provide a basis 

for sampling priority. Data on such characteristics may be obtained from metadata 

recorded during clinical encounters. Alternatively, they may be inferred from pathogen 

genomic data. Isolates or clades that are genetically divergent from the majority of 

isolates in a population may reflect travelers, their contacts, or otherwise under-sampled 

lineages [104-107]. Some pathogen genomic backgrounds may be more conducive to the 

evolution of novel resistance mechanisms [108], and markers of these genomic 
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backgrounds (e.g., variants associated with a range of resistance mechanisms and/or 

resistance to other drugs) may help improve sampling efficiency. Similarly, given historical 

patterns of antibiotic use, novel resistance may emerge on a background of existing 

resistance [109]. Thus, genetic markers of resistance to certain drugs may facilitate 

identification of lineages more likely to have experienced selective pressures leading to 

emergence of novel resistance variants. 

Here, we test the performance of sampling strategies informed by these 

hypotheses using N. gonorrhoeae surveillance data. N. gonorrhoeae offers a useful 

model, given the increasing drug resistance and recent focus on developing sequence-

based resistance diagnostics [15, 110]. We present targeted sampling approaches 

informed by patient (i.e., demographics, anatomical site of isolate collection, geographical 

region, recent travel history, or sex worker status) and pathogen (i.e., phylogenetic or 

genomic background) information. We assess the efficiency of each of these strategies 

to detect rare (<10% prevalence) resistance variants associated with current or recent 

first-line recommended antibiotics (i.e., azithromycin [AZM] and extended spectrum 

cephalosporins [ESCs]), as well as rare genetic variants associated with diagnostic 

escape, across five genomic surveys with various demographic, geographic, and 

temporal ranges. We show that phylogeny- and genomic background-aware sampling 

approaches can increase the detection efficiency of known variants over random 

sampling, whereas patient feature-based sampling approaches do not. Our results 

suggest that implementation of such targeted sampling approaches into surveillance 

programs may reduce the number of cases of novel resistance that occur before it is 
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detected, as well as the resources required to undertake surveillance, compared to 

random sampling of a population. 

 

Results: 

Composition of the datasets. 

The datasets (Table 3.1) were biased across patient demographics and/or geographic 

regions (Tables A2.1 and A2.2). Isolates from men and men who have sex with men 

(MSM) were overrepresented in datasets 1 and 2 compared to overall gonorrhea 

incidence in men and MSM in the US and Australia, respectively, during the study periods 

(Table A2.2, P < 0.001 for both datasets by chi-squared test of men vs. women and MSM 

vs. non-MSM in dataset vs. reported incidence). Dataset 4 was comprised exclusively of 

isolates from men [48]. While it is difficult to estimate the prevalence of pharyngeal 

gonococcal infections, as they tend to be asymptomatic [111], pharyngeal isolates 

represented 4% and 18% of isolates with reported anatomical site of collection in datasets 

1 and 2, respectively. This suggests either sampling bias across anatomical sites in at 

least one of the datasets or substantial variation across the two study populations in 

prevalence of pharyngeal gonococcal infections. Similarly, the geographic distribution of 

isolates in dataset 3 was significantly different from the reported case incidence across 

countries (Table A2.2, P < 0.001 by chi-squared test of prevalence for each of the 

countries in dataset 3 vs. the reported overall incidence for each of the countries). 
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Table 3.1. Summary of datasets in Chapter 3. 
Dataset Temporal 

range Nisolates 
Geographic 
range Metadata available SRA study 

ID/Reference 

1 2011-2015 896 New York, NY, 
US 

Gender, sexual behavior, 
anatomical site of isolation  

ERP011192 
[Mortimer et al., 
in preparation] 

2 2016-2017 2186 Victoria, 
Australia 

Gender, sexual behavior, 
anatomical site of 
isolation, travel history, 
sex worker status 

SRP185594 
[112] 

3 2013 1054 Europe Country of sample 
collection ERP010312 [47] 

4 2015 244 Japan Prefecture of sample 
collection DRP004052 [48] 

5 2014-2015 398 New Zealand N/A SRP111927 [54] 

 
 

Targeted sampling based on patient characteristics. 

We investigated whether sampling evenly across demographic groups (demography-

aware sampling), anatomical sites of isolate collection (niche-aware sampling), and 

geographic regions (geography-aware sampling) increased detection efficiency of 

resistance variants by ameliorating some of the demographic, niche, or geographic 

sampling biases. We further investigated whether preferentially sampling patients with 

recent overseas sexual encounters or recent sex work, two characteristics hypothesized 

to be associated with the introduction and/or increased transmission of resistance [100-

102], increased the detection efficiency of resistance variants. To do so, we simulated 

and compared the detection efficiency of three genetic resistance variants (Table 3.2) 

using each of these targeted sampling strategies and random sampling.  
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Table 3.2. Summary by dataset of the prevalence and distribution of the genetic markers 
of resistance and resistance phenotypes tested in Chapter 3. 

Variant 
 Genetic Phenotypic 

 RplD G70D 
23S rRNA 
C2611T (2-4 
alleles) 

penA XXXIV CRO-RS 
(³0.12 µg/mL) 

CFX-R (>0.25 
µg/mL) 

Drug  AZM [17] AZM [113] ESCs [53] N/A N/A 

Prevalence 
of variant in 
dataset 

1 10.04%a 0.11% 5.25% 1.47% 0.11% 
2 1.14% 1.24% 1.69% 0% 0% 
3 2.47% 0.95% 15.68%a 1.04% 0.76% 
4 11.07%a 1.23% 0.41% 6.56% 8.20% 
5 0.75% 0.50% 2.26% 0.25% 0% 

Phylogenetic 
D statistic 
for variant in 
dataset 

1 -0.18 17.50 -0.29 N/A N/A 
2 -0.10 0.46 -0.24 N/A N/A 
3 0.05 0.30 -0.20 N/A N/A 
4 -0.16 1.83 1.81 N/A N/A 
5 0.83 1.12 -0.15 N/A N/A 

aGiven the >10% prevalence of RplD G70D in datasets 1 and 4 and penA XXXIV in 
dataset 3, these variants were excluded from sampling simulations. 
AZM, azithromycin; ESC, extended-spectrum cephalosporin; CRO-RS, ceftriaxone 
reduced susceptibility; CFX-R, cefixime resistance 
 
 

The detection efficiency was not improved by demography-, niche-, geography-

aware sampling compared to random sampling for any of the resistance variants (Table 

A2.3, Figure 3.1). In several cases, detection efficiency significantly decreased in 

demography- or geography-aware sampling compared to random sampling, reflecting 

enrichment of the resistance variant in the overrepresented demographic or geographic 

region. However, no significant association between a given resistance variant and 

demographic group was observed across both dataset 1 and dataset 2, and no 

demographics or geographic regions were significantly enriched for all variants (Table 

A2.1), suggesting that preferential sampling of any of these demographics or geographic 

regions would not be a reliable strategy for increasing novel variant detection efficiency. 

For example, while penA XXXIV was significantly enriched in MSM compared to men who 

have sex with women and women who have sex with men (MSW/WSM) patients in 

dataset 2 (P < 0.003, Fisher’s exact test), there was no significant difference in the 
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proportions of MSM and MSW/WSM with penA XXXIV in dataset 1 (P = 0.461, Fisher’s 

exact test). Similarly, while the AZM-R-associated RplD G70D mutation in dataset 3 was 

at highest prevalence in patients from Malta and Greece (10% and 6.25%, respectively) 

and absent from patients from Denmark, the AZM-R-associated 23S C2611T variant was 

at highest prevalence in patients from Denmark (5.45%) and absent from patients from 

Malta or Greece. 
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Figure 3.1. The impact of demography-, niche-, and geography-aware sampling on 

the detection efficiency of genetic resistance variants. Dot plots showing the 
detection efficiency (with lines indicating the mean and 95% confidence intervals from 
100 simulations) for resistance variants RplD G70D (a-b), 23S rRNA C2611T (c-d), and 
penA XXXIV (e-f) in datasets 1 and 2. In datasets 1 and 2, targeted sampling was 

informed by demographic (gender and sexual behavior) and anatomical site of isolate 
collection (niche) information (a, c, and e), and in datasets 3 and 4, targeted sampling 
was informed by country or prefecture of sample collection (b, d, and f). Dot colors 

indicate the sampling approach, and asterisks indicate a significant difference (P < 0.05 
by Mann-Whitney U test) in detection efficiency between the demography-, niche- or 
geography-aware approach compared to random sampling (*P < 0.05, **P < 0.01, ***P 
< 0.001; red asterisks indicate significantly lower detection efficiency of demography- or 
geography-aware approaches compared to random sampling).  Note that sampling 
simulations were not performed for RplD G70D in datasets 1 and 4 or for penA XXXIV 
in dataset 3 as prevalence of the variants in these datasets was >10%. n.s., not 

significant at a = 0.05; M, men; W, women; MSM, men who have sex with men; MSW, 
men who have sex with women; WSM; women who have sex with men.
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Isolates from patients with recent overseas sex were associated with significantly 

longer terminal branches compared to patients that had only engaged in sex locally 

(Figure A2.1), in support of the hypothesis that international travel may be associated 

with the importation of novel or divergent strains, or, more generally, that isolates from 

travelers may be more likely to be associated with under-sampled lineages. Preferentially 

sampling from patients with recent overseas sex significantly improved detection 

efficiency of the RplD G70D mutation and the penA XXXIV allele, as these were at 

marginally higher prevalence in isolates from patients with recent overseas sex compared 

to those from patients who had only engaged in sex locally (3.03% overseas vs. 0.98% 

local and 2.02% overseas vs. 1.67% local, respectively, P = 0.090 and 0.683, 

respectively, by Fisher’s exact test for both variants). In contrast, the 23S C2611T 

mutation was exclusively present in isolates from patients who had engaged in sex locally 

(Tables A2.1 and A2.4). Similarly, while the 23S C2611T mutation was marginally 

enriched in isolates from patients who had engaged in recent sex work compared to 

patients who had not (2.33% in sex workers vs. 1.31% in non-sex workers, P = 0.327 by 

Fisher’s exact test), and thus preferentially sampling from sex workers significantly 

improved detection efficiency of this variant compared to sampling from the full patient 

population, detection efficiencies for the RplD G70D mutation and the penA XXXIV allele 

were not significantly improved by preferentially sampling from sex workers (Tables A2.1 

and A2.4).  

Together, these results suggest that while targeted sampling based on patient 

characteristics may increase detection efficiency of some novel variants, it is difficult to 

predict which groups to target for all potential novel variants.  
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Targeted sampling based on genetic diversity. 

To assess whether preferential sampling of lineages that are divergent from those that 

have been previously sampled may increase detection efficiency of genetic resistance 

variants over random sampling, we simulated phylogeny-aware sampling using two 

methods: 1) maximization of the phylogenetic distance covered with each isolate sampled 

(distance maximization) and 2) even sampling across phylogenetic lineages (clonal 

group).  

While the distance maximization approach increased detection efficiency 

compared to random sampling for some variants, there were numerous instances in 

which this approach, which led to preferential sampling of isolates associated with long 

branches, substantially decreased detection efficiency (Figure 3.2, Table A2.5).  

The clonal group sampling approach prevents repeated sampling of very closely 

related isolates until all unique phylogenetic clusters have been sampled. Thus, for both 

rare variants that are clonally distributed and rare variants that are more randomly 

dispersed throughout the phylogeny (e.g., penA XXXIV and 23S rRNA C2611T mutations, 

respectively, Table 3.2), this approach increases detection efficiency in cases where 1) 

there is substantial clonality among isolates and 2) a substantial proportion of variant-

positive isolates do not occur in clonal lineages dominated by variant-negative isolates 

(Figure 3.2e). In such datasets, effectively collapsing large variant-negative lineages into 

a single representative increases the effective prevalence of the variants and thus the 

detection efficiency of the clonal group approach compared to random sampling. The 

clonal group sampling approach significantly decreased detection efficiency in only one 
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instance (i.e., the 23S rRNA C2611T variant in dataset 4, Table A2.5), where all isolates 

with the variant appeared in large clonal lineages of predominately variant-negative 

isolates (Figure 3.2d).  

In cases where the clonal group sampling approach did not perform better than 

random sampling, adjusting the threshold for clonal grouping and/or a marginal increase 

in the prevalence of variant-positive isolates could elevate the relative performance of this 

targeted approach. We chose 134 SNPs as an example threshold for clonal grouping, as 

it represents the lower 95% confidence interval of the mean of SNP distances between 

each CFX-R resistant and the closest susceptible isolate in datasets 1-5 (see Methods). 

In the case of the 23S rRNA C2611T variant in dataset 4, the average prevalence of the 

variant across clonal groups (i.e., the total number of variant-positive isolates, counting 

each variant-positive isolate as [1 / [1 + the total number of additional isolates that are £ 

134 SNPs of the isolate]], divided by the number of clonal groups) is 0.005, lower than 

the actual prevalence of 0.012. However, if the threshold for clonal grouping was lower in 

this instance (e.g., 50 SNPs), the effective prevalence of the variants would be 0.020, 

greater than the actual prevalence of 0.012. Similarly, using the 134 SNP threshold, if 

one additional isolate that was > 134 SNPs from any other isolates in this dataset had the 

23S rRNA C2611T mutation, the average prevalence of the variant across clonal groups 

would be 0.036, greater than the actual prevalence of 0.016, and thus the clonal group 

approach would outperform random sampling. 

To further assess the performance of phylogeny-aware sampling in the context of 

rare genetic variants that may have emerged in response to diagnostic pressure, we 

simulated random and phylogeny-aware sampling to assess detection efficiency of an 
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additional set of variants. Specifically, we assessed a panel of N. gonorrhoeae diagnostic 

escape variants: the 16S rRNA C1209A mutation, the N. meningitidis-like porA, and the 

cppB deletion, all of which have been previously associated with diagnostic failure [34, 

90-92] and were present in one or more of datasets 1-5 at low prevalence (Table 3.3). 

The G168A mutation in the primer binding region of DR-9A, the target of the COBAS 4800 

CT/NG (Roche) diagnostic, has not previously been documented but was present in 0.1% 

of strains from dataset 2. All of the diagnostic-associated variants assessed appeared in 

divergent backgrounds and were thus detected more efficiently by phylogeny-aware 

sampling compared to random sampling (Figure 3.2f-i, Table A2.6). Like the results from 

the simulations based on resistance variants, the distance maximization approach 

maximized detection efficiency for some of the diagnostic-associated variants, but 

superiority of this approach to random sampling was not consistent across all variants. 

However, the clonal group approach performed significantly better than random sampling 

for all diagnostic-associated variants across all datasets.  

 
 
Table 3.3. Summary of the potential diagnostic escape variants assessed in Chapter 3. 

Variant Diagnostic 
assay 

Documented 
association with 
diagnostic failure 

Prevalence in dataset 
1 2 3 4 5 

16S rRNA 
C1209A (4 
alleles) 

Aptima GC 
Combo Yes [34] 0.11% 0.09% 0% 0% 0% 

N. meningitidis-
like porA 

In-house [114, 
115] Yes [90, 91] 0.11% 0.05% 0% 0% 0% 

cppB deletion  In-house [116, 
117] Yes [92] 1.12% 0.05% 0.47% 0% 7.29% 

DR-9A G168A  Roche COBAS 
4800 CT/NG No 0% 0.09% 0% 0% 0% 
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Figure 3.2. The impact of phylogeny-aware sampling on the detection efficiency 
of genetic resistance and diagnostic escape variants. Scatter dot plots showing the 
detection efficiency (with lines indicating the mean and 95% confidence intervals from 
100 simulations) for resistance variants RplD G70D (a), 23S rRNA C2611T (b), and 

penA XXXIV (c) in datasets 1-5. Note that sampling simulations were not performed for 
RplD G70D in datasets 1 and 4 or for penA XXXIV in dataset 3 as prevalence of the 
variants in these datasets was >10%. Maximum-likelihood phylogenies produced from 
pseudogenome alignments (with predicted regions of recombination removed) of 
isolates from dataset 4 (d) and dataset 2 (e). Presence or absence of the 23S rRNA 
C2611T mutation (in at least 2/4 alleles) and the mosaic penA XXXIV allele is indicated 
by colored rings. Scatter dot plots showing the detection efficiency (with lines indicating 
the mean and 95% confidence intervals from 100 simulations) for diagnostic-associated 
variants 16S rRNA C1209A (f), N. meningitidis-like porA (g), cppB deletion (h), and DR-
9A G168A (I) in all datasets in which the variant was present. Dot colors in a-c and f-i 
indicate the sampling approach, and asterisks indicate a significant difference (P < 0.05 
by Mann-Whitney U test) in detection efficiency between the phylogeny-aware approach 

compared to random sampling (*P < 0.05, **P < 0.01, ***P < 0.001; red asterisks 
indicate significantly lower detection efficiency of the phylogeny-aware approach 
compared to random sampling, and green asterisks indicate significantly higher 

detection efficiency of the phylogeny-aware approach compared to random sampling). 
n.s., not significant at a = 0.05. 
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Figure 3.2 (continued) 
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The relative performance of the clonal group sampling approach compared to 

random sampling was generally consistent across multiple thresholds based on 

pseudogenomes (i.e., £ 134 SNPs, £ 422 SNPs, and fastBAPS groups); relative 

performance of clonal group sampling using MLSTs, however, was less consistent and 

was significantly worse than random sampling for several variants (Figure A2.2, Tables 

A2.5-A2.6). Together, these results suggest that preferentially sampling isolates that, 

based on whole genome sequencing (WGS), are phylogenetically divergent from those 

that have previously been sampled may increase detection efficiency of novel resistance 

variants. 

 

Targeted sampling based on genetic markers. 

Multiple drug resistance is more common in pathogenic bacteria than one would expect 

from the product of frequencies of resistance to individual drugs [118, 119]. This suggests 

that novel resistance mechanisms might be more likely to arise and spread in bacterial 

strains that are already resistant to other drugs, a phenomenon that has been 

documented in N. gonorrhoeae [120]. It may therefore be fruitful to look for novel 

resistance variants for one drug in genetic backgrounds that are resistant to other drugs. 

It may be similarly effective to sample preferentially isolates with genetic markers that 

have been associated with a range of resistance mechanisms (e.g., through epistatic 

interactions with other genetic variants) within and/or across different antibiotics when 

screening for a novel resistance variant. For example, as ciprofloxacin was the 

recommended first-line therapy for uncomplicated gonorrhea through 2005 in the United 

Kingdom [9], 2007 in the United States [10], and more recent years in other countries [11-
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13], we investigated whether resistance to ESCs is significantly more likely to occur in the 

background of genotypic ciprofloxacin resistance (i.e., in strains with the GyrA S91F 

mutation). Similarly, as mutations at positions 120 and/or 121 in PorB, the major outer 

membrane protein in gonococci, have been associated with resistance to a range of drugs 

from multiple classes [121], we investigated whether resistance to ESCs is significantly 

more likely to occur in strains with PorB 120 and/or 121 mutations. Isolates with CRO-RS 

and CFX-R were significantly more likely to have the GyrA S91F mutation and the PorB 

G120 and/or A121 mutations than the wild-type GyrA S91 or wild-type PorB G120/A121 

(P < 0.001, Fisher’s exact test, Figure 3.3a-b). Further, both GyrA S91F and PorB G120 

and/or A121 mutations occurred across a range of ESC resistance locus haplotypes 

(Figure 3.3c-d). For all datasets with CRO-RS or CFX-R isolates, detection efficiency of 

both variants was significantly increased by only sampling isolates with the GyrA S91F 

mutation or the PorB G120 and/or A121 mutations (Figure 3.3e-f, Table A2.7). Together, 

these results suggest that preferential sampling of isolates with certain genetic markers, 

including markers of resistance to previous first-line antibiotics, may increase the 

detection efficiency of novel resistance variants.
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Figure 3.3. The impact of genomic background-aware sampling on the detection 
efficiency of phenotypic resistance variants. Bar charts showing the proportions of 
ceftriaxone reduced susceptibility (CRO-RS) isolates, ceftriaxone susceptible (CRO-S) 
isolates, cefixime resistant (CFX-R) isolates, and cefixime susceptible (CFX-S) isolates 
with GyrA S91F and GyrA S91 wild-type alleles (a) and with PorB G120 and/or A121 
mutations and PorB G120 and A121 wild-type alleles (b) across datasets 1-5. Bar 

charts showing the number of (d) CRO-RS and (d) CFX-R isolates with each haplotype, 
along with heatmaps showing the presence or absence of the GyrA S19F mutation, the 
PorB G120 and/or A121 mutations, and other alleles at loci previously associated with 
extended spectrum cephalosporin resistance. Bar colors in (c) and (d) indicate the 
dataset from which the isolates were derived. Scatter dot plots showing the detection 
efficiency (with lines indicating the mean and 95% confidence intervals from 100 
simulations) for CRO-RS (e) and CFX-R (f) in all datasets in which the variant was 
present. Dot colors in e-f indicate the sampling approach, and asterisks indicate a 

significant difference (P < 0.05 by Mann-Whitney U test) in detection efficiency between 
the phylogeny-aware approach compared to random sampling (*P < 0.05, **P < 0.01, 
***P < 0.001; green asterisks indicate significantly higher detection efficiency of the 

genomic background-aware approach compared to random sampling). 
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Figure 3.3 (continued) 
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Discussion 

 With sequencing becoming more integral to routine pathogen surveillance and 

diagnostics, it is important to ensure that models mapping genotypic information to 

expected pathogen phenotype and/or clinical outcome are comprehensive and current 

[122]. In the case of genotype-based diagnostics, sustained phenotypic surveillance is 

crucial for identifying resistance variants that have recently emerged and/or increased in 

prevalence from previously undetected levels. While effective incorporation of patient 

metadata into surveillance strategies may be challenging, availability and incorporation 

of information on pathogen characteristics (e.g., pathogen genomic data) into surveillance 

programs may ultimately decrease the cost of surveillance to maintain the sensitivity of 

these diagnostic tools. 

 Collection of patient metadata, including demographic and geographic information, 

is crucial to understanding the epidemiology of drug resistance. However, it may be 

difficult to obtain data on the relevant patient features, and the predictive power of such 

features may rapidly decay because of patient mobility and interactions [123]. While 

availability of patient metadata varied across the datasets assessed, our results suggest 

that while incorporation of patient metadata into sampling strategies may increase 

detection efficiency for some novel resistance variants, it may be difficult to generalize for 

all potential novel resistance variants. It is possible that targeted sampling based on 

patient characteristics may be more reliable in the context of pathogens, antibiotic, and/or 

patient characteristics not assessed here.  

Incorporation of WGS into routine pathogen surveillance by public health agencies 

[124, 125] may facilitate use of genomic information in phenotypic sampling strategies, 
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particularly with emerging metagenomic approaches that do not require bacterial culture 

[85]. Our results show that phylogeny-aware sampling, particularly the clonal group 

approach, which reduces the amount of repeated sampling of closely related isolates, 

significantly improved detection efficiency over random sampling for multiple resistance 

and diagnostic-associated variants. Further, identification of and preferential sampling of 

isolates with genetic markers that are consistently predictive of resistance across a range 

of mechanisms, including those associated with resistance to other drugs, may 

supplement phylogeny-aware sampling to further optimize detection efficiency of novel 

variants. However, the utility of sampling based on genetic markers of other resistance 

mechanisms will likely vary substantially across different drugs and be influenced by 

future treatment guidelines.  

While the clonal group sampling approach increased detection efficiency for the 

resistance and diagnostic escape variants assessed here, it may be difficult to determine 

the most effective and reliable metric or threshold for clonal grouping, especially as this 

is likely to vary across different clinical populations, antibiotics, and bacterial species. 

Detection efficiency was generally consistent across the two SNP thresholds and 

fastBAPS groupings based on WGS. However, performance of the clonal group approach 

using MLSTs was inconsistent and, in some instances, worse than random sampling, 

likely due to the shortcomings of MLST compared to WGS-based approaches in 

distinguishing between AMR variant-positive clades and more distantly-related variant-

negative clades in species such as N. gonorrhoeae [47]. This suggests that this approach 

is sensitive to similarity thresholds and that a low SNP threshold based on WGS 

assemblies may be the most appropriate approach, particularly in a population where 
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there is expected to be substantial clonality among isolates and thus, even with a low 

threshold, detection efficiency will be improved by the clonal group approach. More 

broadly, surveillance incorporating WGS rather than MLST loci alone may further promote 

NAAT sustainability by enabling screening for variants with previously undetected 

mutations in target loci, such as the N. gonorrhoeae DR-9A G168A variants, that may be 

associated with diagnostic escape. 

 We have assessed these targeted sampling approaches in detection of multiple 

resistance variants across a range of populations, but these represent only a fraction of 

resistance mechanisms in a single species. These findings may extend to other antibiotics 

and bacterial species. For example, given the high degree of clonality among M. 

tuberculosis isolates and the significant variation in prevalence of drug resistance and 

resistance-conferring genotypes across clonal groups [126, 127], the clonal group 

sampling approach may similarly improve detection efficiency of novel resistance variants 

in M. tuberculosis. For species in which drug resistance is primarily acquired through gene 

acquisition, it is unclear if phylogeny-aware sampling based on the core genome will 

improve detection efficiency of novel variants. K-mer distances [128, 129] may provide a 

more practical alternative generalizable to more resistance mechanisms associated with 

gene acquisition. Further, the requirement of confirmatory phenotyping to identify novel 

resistance may not extend to pathogens that are expected to be associated with reliably-

identifiable treatment failures, as for these pathogens, identification of treatment failure 

likely represents the most efficient method of novel resistance variant detection [88]. 

However, for other pathogens, such as N. gonorrhoeae [89], treatment failures may go 

undetected for reasons including partial abatement of symptoms or long treatment 
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regimens. Ultimately, as genotype-based diagnostics for antibiotic resistance become 

available for more species, it will be important to assess the efficiencies of these 

approaches across pathogens with different clinical, epidemiological, and evolutionary 

paradigms. 

Since we lack the datasets to assess targeted sampling of variants from the time 

they first emerged in a population, any associations we observed between the variants 

and patient or pathogen features do not necessarily reflect those around the time of 

emergence. Thus, more longitudinal epidemiological and genomic studies, particularly 

after the implementation of genotype-based diagnostics, are necessary to better 

characterize patterns of novel resistance emergence and inform targeted surveillance 

approaches. 

The phylogeny-aware sampling approaches presented here are based on the 

assumption that genomic data will be available for the pool of potential isolates from 

incident cases that may undergo confirmatory phenotyping. However, using information 

on isolate features to increase surveillance efficiency may be feasible even in the absence 

of mass prospective sequencing. For example, under the general assumption that novel 

resistance variants are more likely to appear in underrepresented lineages, phylogeny-

aware surveillance could be paired with a diagnostic approach such as genomic neighbor 

typing [85], where any isolates with either susceptible or low confidence calls that appear 

to be divergent from the genomes in the reference database would be prioritized for 

confirmatory phenotyping. Similarly, a diagnostic that predicts AMR phenotypes through 

a combination of transcriptomic and genomic typing [130] may facilitate targeted 

surveillance by identifying isolates with ambiguous predictions (e.g., isolates with 
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transcriptional signatures of resistance that lack known genomic markers of resistance) 

that could be prioritized for confirmatory phenotyping.  

Advances in diagnostics, extensive sequencing of clinical isolates, and large 

collections of clinical and pathogen data together provide new opportunities for integrating 

data streams and optimizing surveillance efforts. As marker-based point-of-care AMR 

diagnostics are developed and implemented, optimization of surveillance systems will 

require assessments like those modeled here of species-, drug-, and population-specific 

factors that may affect the emergence and distribution of diagnostic escape resistance 

variants, as well as how the diagnostic itself may complement surveillance efforts.  

 

Methods: 

Dataset preparation and phylogenetic reconstruction 

See Table 1 for details of the N. gonorrhoeae datasets and Tables 2 and 3 for the 

variants assessed. Raw sequencing data were downloaded from the NCBI Sequence 

Read Archive. Genomes were assembled using SPAdes v3.13 [67] with default 

parameters and the careful option to minimize the number of mismatches. Assembly 

quality was assessed using QUAST v4.3 [68], and contigs <500 bp in length and/or with 

<10x average coverage were removed. Isolate reference-based pseudogenomes were 

constructed by mapping raw reads to the NCCP11945 reference genome (RefSeq 

accession number NC_011035.1) using BWA-MEM v7.12 [71], the Picard toolkit v2.8 

(http://broadinstitute.github.io/picard) to identify duplicate reads, and Pilon v1.22 

[72] to determine the base call for each site, with a minimum depth of 10 and a minimum 

base quality of 20.  
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Loci in Tables 2 and 3 were extracted from the genome assemblies using blastn 

[69] followed by MUSCLE alignment using default parameters [70] to assess the 

presence or absence of the resistance variants. Presence or absence of mutations in 

the multi-copy 16S and 23S rRNA genes and the repetitive DR-9A and DR-9B regions 

[131] was assessed using BWA-MEM, the Picard toolkit, and Pilon, as above, to map 

raw reads to a single 16S rRNA allele, a single 23S rRNA allele, a single DR-9A region, 

and a single DR-9B region from the NCCP11945 reference isolate and determine the 

mapping quality-weighted percentage of each nucleotide at the site of interest. Isolate 

metadata and resistance variant profiles are given in Table S1. 

Gubbins v2.3.4 [132] was used with default parameters to identify and mask 

recombinant regions from the pseudogenomes and build maximum likelihood 

phylogenies from the non-recombinant pseudogenome alignments for each dataset 

through RAxML v8.2.12 [133]. Pairwise phylogenetic distances were calculated after 

removal of predicted recombinant regions using the ape package in R. Phylogenetic 

distributions of genetic resistance variants were assessed by estimating the phylogenetic 

D statistic [134] using the caper package in R. Bayesian analysis of population structure 

was performed on the pseudogenome alignments for each dataset using fastBAPS [135]. 

Multilocus sequence types (MLSTs) were assigned using the PubMLST database 

(https://pubmlst.org/neisseria/). 

 

Sampling approaches 

For each sampling approach/dataset/variant combination, 100 simulations were carried 

out with isolate sampling continuing until variant detection. We defined ‘detection 
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efficiency’ as 1 minus the fraction of isolates sampled prior to variant detection (excluding 

any samples for which the presence or absence of the variant could not be determined). 

Because the purpose of this study was to compare the rare variant detection efficiency 

between random sampling and targeted sampling approaches, we did not evaluate RplD 

G70D in datasets 1 and 4 or for the penA XXXIV allele in dataset 3, as the prevalence of 

these variants in these datasets was > 10%.	

In demography-aware sampling (datasets 1 and 2), the first isolate was selected 

at random, and each successive isolate was randomly selected from alternating 

demographic groups (men vs. women and men who have sex with men [MSM] vs. men 

who have sex with women [MSW] or women who have sex with men [WSM]). For 

anatomical site (niche)-aware sampling (datasets 1 and 2), the first isolate was selected 

at random, and each successive isolate was randomly selected from alternating 

anatomical sites of isolate collection (i.e., cervix, urethra, rectum, and pharynx). For 

geography-aware sampling (datasets 3 and 4), the first isolate was selected at random, 

and each successive isolate was randomly selected from alternating geographic regions 

(countries or prefectures). For geography- and distance-aware sampling (datasets 3 and 

4), the first isolate was selected at random, and each successive isolate was selected 

randomly from the region (country or prefecture) with the largest product of geographic 

distances from previously sampled regions, only re-sampling from a given region after all 

regions had been sampled in that round. For travel history- and sex work-aware sampling 

(dataset 2), isolates were selected at random either limiting the pool to isolates from 

patients who had recently engaged in overseas sex or sex work, respectively [112]. 
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For phylogeny-aware sampling (datasets 1-5), the first isolate was selected at 

random, and each successive isolate was either selected to maximize the product of 

phylogenetic distances from each of the previously sampled isolates (“distance 

maximization”) or selected randomly with the exception of ensuring even sampling across 

phylogenetic groups (“clonal group”; i.e., isolates £ 𝑁 SNPs from a previously sampled 

isolate that were excluded from future sampling until all “clonal groups” had been 

sampled). SNP cutoffs tested for the clonal group approach included 1) 134 SNPs, the 

lower 95% confidence interval of the mean SNP distance across datasets 1-5 between 

each isolate with phenotypic cefixime resistance (CFX-R), azithromycin resistance (AZM-

R), and/or ceftriaxone reduced susceptibility (CRO-RS, >0.25 µg/mL, >1 µg/mL, and 

³0.12 µg/mL, respectively) and the closest susceptible isolate, and 2) 422 SNPs, the 

lower 95% confidence interval of the mean SNP distance  across datasets 1-5 between 

each isolate with the RplD G70D mutation, the 23S rRNA C2611T mutation, and/or the 

penA XXXIV allele and the closest isolate without the resistance variant. The clonal group 

sampling approach was further tested by alternating sampling across fastBAPS and 

MLST groups. 

For genomic background-aware sampling, isolates were selected at random either 

limiting the pool to isolates with genotypic ciprofloxacin resistance (i.e., the GyrA S91F 

mutation) or to isolates with a mutation at PorB G120 and/or PorB A121, which have been 

associated with a range of resistance pathways in multiple classes of antibiotics [121]. 

Genomic background-aware sampling was assessed in detection of CRO-RS (datasets 

1 and 3-5; dataset 2 had no CRO-RS isolates) and CFX-R (datasets 1 and 3-4; datasets 

2 and 5 had no CFX-RS isolates). 
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Chapter 4: Concluding remarks 
 
 
 Genotype-based AMR diagnostics represent one of the most promising tools for 

ameliorating the burden of AMR. However, the utility of such assays in reducing 

inappropriate and ineffective antibiotic use, enabling the repurposing of previously 

discarded first-line drugs, and incentivizing development of novel drugs through 

facilitation of more data-driven treatment decisions, is dependent on their accuracy across 

the intended clinical populations, their sustainability, and their cost-effectiveness. 

Optimization of these parameters is therefore a critical component of design and 

evaluation of the diagnostics themselves, as well as the surveillance systems necessary 

for maintenance of the diagnostics. 

 While machine learning is a powerful tool that can be used to efficiently identify 

patterns in high-dimensional data and make accurate predictions in a range of contexts, 

its utility as a standalone tool for prediction of AMR phenotypes in the clinical setting may 

be limited. Specifically, as illustrated by the disparate performance of azithromycin non-

susceptibility models and ciprofloxacin non-susceptibility models in Chapter 1, machine 

learning is unnecessary in predicting resistance phenotypes when the mechanism is 

understood, while machine learning-based modeling of resistance phenotypes resulting 

from complex mechanisms that remain poorly understood even after extensive 

experimentation and/or association studies is prone to yielding inaccurate and unreliable 

results, particularly given inevitable sampling bias. However, in the research setting, 

evaluation of machine learning-derived models of AMR phenotypes may be useful in 

identifying candidate variants that may be components of complex resistance 

mechanisms and thus warrant further investigation. Development and implementation of 
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refinements to current machine learning methods, including approaches to correct for 

bacterial population structure [136] and other potentially confounding variables, may 

make them better suited for such research purposes. Further, in the clinical setting, with 

empiric therapy as the only alternative, machine learning-derived models of AMR 

phenotypes based on patient metadata [137] and/or pathogen (e.g., genomic or 

transcriptomic) data [130] may represent a beneficial complement to prediction of 

resistance using validated genetic markers. Further analysis may be fruitful in identifying 

the most informative and reliable patient and/or pathogen features for such applications. 

 Although sustainability of marker-based diagnostics is contingent on the 

performance of surveillance programs that ensure timely detection of diagnostic escape 

variants, there remain significant gaps in knowledge about how these surveillance 

programs should be structured in order to minimize the number of diagnostic failures that 

occur before the variant is detected, as well as the resources required for sampling and 

thus the cost-efficiency of such programs. Our work in Chapter 2 has partially addressed 

this knowledge gap by defining sampling rates as a function of the number of expected 

cases of a novel variant before it is detected, presenting a framework for evaluating the 

total cost associated with sampling and treatment failures as a function of sampling rate, 

and, in Chapter 3, describing and evaluating targeted sampling approaches to increase 

the efficiency of the surveillance programs. Our results suggest that genomic sampling is 

well-suited for a range of surveillance purposes, including identification of diagnostic 

escape variants for standard NAATs, as well as features that may be indicators of 

previously undetected resistance that might undermine AMR diagnostics, such as novel 

alleles of known resistance loci, genomic backgrounds commonly associated with 
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resistance that lack known markers of resistance mechanisms, and divergent strains that 

may represent under-sampled lineages. With increasing availability of genomic datasets, 

as well as development and implementation of AMR diagnostics, systematic evaluations 

of the emergence and spread of novel resistance and their predictability using genomic 

data will provide invaluable insights for optimizing sampling strategies, efficiently 

integrating diagnostic tools into surveillance programs, and, ultimately, reducing the 

burden of AMR. 
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Appendix 1: Chapter 1 supplemental data 

 

Figure A1.1. MIC distribution influences classifier results but cannot explain all 
drug-specific classifier performance. Histograms showing azithromycin (AZM) 
minimum inhibitory concentration (MIC) distributions for the aggregate gonococcal 

dataset after down-sampling to remove all strains with MICs £2 doubling dilutions of the 
(a) EUCAST or (b) CLSI breakpoint. (c) Mean balanced accuracy (bACC) with 95% 
confidence intervals of SCM RF-C predictive models trained and tested on down-

sampled aggregate gonococcal datasets. 
 

 

 

Figure A1.2. Dataset imbalance influences classifier results but cannot explain all 
dataset-specific classifier performance. (a) Scatter plot showing the relationship 

between the ratio of azithromycin (AZM) non-susceptible (NS) strains to susceptible (S) 
strains (by the EUCAST breakpoint) in each dataset and the ratio of sensitivity to 
specificity achieved by set covering machine (SCM) and random forest binary 

classification (RF-C) methods. (b) Histogram showing the AZM minimum inhibitory 
concentration (MIC) distribution for both datasets 2 and 4 after down-sampling to 

equalize number of strains and MIC distributions between datasets. (c) Mean balanced 
accuracy (bACC) with 95% confidence intervals of RF-C predictive AZM NS models 
trained and tested on down-sampled datasets 2 and 4. Symbol colors in (a) indicated 
the machine learning (ML) method. Symbol colors (b) indicate the down-sampled 

dataset from which the training and testing sets were derived.
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Figure A1.3. Down-sampling to balance resistance phenotypes does not 
ameliorate cross-species variation in classifier performance. Number of (a) strains 
and (b) unique 31-mers present in the genomes of at least two strains in each dataset, 
after down-sampling the K. pneumoniae and A. baumannii datasets to equalize the 

number of S and NS strains within each dataset. Mean balanced accuracy (bACC) with 
95% confidence intervals achieved by (c) set covering machine and (d) random forest 

classification models for ciprofloxacin (CIP) NS by the CLSI breakpoints across 
gonococcal, down-sampled K. pneumoniae, and down-sampled A. baumannii datasets.
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Table A1.1. Genetic variants previously associated with ciprofloxacin resistance in N. 
gonorrhoeae. (Excel spreadsheet) 
 
Table A1.2. Genetic variants previously associated with azithromycin resistance in N. 
gonorrhoeae. (Excel spreadsheet) 
  
Table A1.3. Summary of approach in the primary set covering machine and random forest 
analyses. 
Species Dataset1 Drug Resistance metric ML algorithm 

N. gonorrhoeae 

1-7 
Aggregate GC dataset 

CIP 

NS (EUCAST, >0.03 µg/mL) SCM, RF-C 

NS (CLSI, >0.06 µg/mL) SCM, RF-C 

log2(MIC) RF-mC, RF-R 

AZM 
NS (EUCAST, >0.25 µg/mL) SCM, RF-C 

log2(MIC) RF-mC, RF-R 

2-4 
Aggregate GC dataset AZM NS (CLSI, >1 µg/mL) SCM, RF-C 

K. pneumoniae 8 CIP NS (CLSI, >1 µg/mL) SCM, RF-C 

A. baumannii 9 CIP NS (EUCAST/CLSI, >1 µg/mL) SCM, RF-C 

GC, gonococcal; CIP, ciprofloxacin; AZM, azithromycin; NS, non-susceptible; SCM, set 
covering machine; RF-C, random forest classification; RF-mC, random forest multi-class 
classification; RF-R, random forest regression 
1Indicates the dataset from which training and testing sets were derived.  
 
Table A1.4. Performance (mean with 95% confidence intervals) of predictive models for 
ciprofloxacin resistance from the primary set covering machine and random forest 
analyses. (Excel spreadsheet) 
 
Table A1.5. Performance (mean with 95% confidence intervals) of predictive models for 
azithromycin resistance from the primary set covering machine and random forest 
analyses. (Excel spreadsheet) 
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Table A1.6. Summary of approach in the additional classification analyses. 
Testing set  Training set AZM resistance 

metric 
Classification 
method Results 

Subsamples from 
aggregate GC dataset 
with strains with AZM 
MICs from 0.06-1 
µg/mL removed 

Subsamples from 
aggregate GC dataset with 
strains with AZM MICs 
from 0.06-1 µg/mL 
removed 

AZM NS (EUCAST,  
>0.25 µg/mL) SCM/RF-C Fig 

A1.1c 

Subsamples from 
aggregate GC dataset 
with strains with AZM 
MICs from 0.25-4 
µg/mL removed 

Subsamples from 
aggregate GC dataset with 
strains with AZM MICs 
from 0.06-1 µg/mL 
removed 

AZM NS (CLSI,  
>1 µg/mL) SCM/RF-C Fig 

A1.1c 

Subsamples from 
datasets 1-7 

Subsamples from 
aggregate GC dataset 

AZM NS (EUCAST,  
>0.25 µg/mL) RF-C Fig 

1.2a-b 
Subsamples from 
aggregate GC dataset 
excluding isolates from 
dataset of testing isolates 

Subsamples from 
dataset 2 after down-
sampling to match 
sample size and MIC 
distribution of dataset 
4 

Subsamples from dataset 
2 after down-sampling to 
match sample size and 
MIC distribution of dataset 
4 

AZM NS (EUCAST,  
>0.25 µg/mL) SCM/RF-C Fig 

A1.2c 

Subsamples from 
dataset 4 after down-
sampling to match 
sample size MIC 
distribution of dataset 
2 

Subsamples from dataset 
4 after down-sampling to 
match sample size MIC 
distribution of dataset 2 

AZM NS (EUCAST,  
>0.25 µg/mL) RF-C Fig 

A1.2c 

Subsamples from the 
K. pneumoniae 
dataset after down-
sampling to equalize 
the number of S and 
NS strains 

Subsamples from the K. 
pneumoniae dataset after 
down-sampling to equalize 
the number of S and NS 
strains 

CIP NS (CLSI, >1 
µg/mL) SCM/RF-C Fig 

A1.3c-d 

Subsamples from the 
A. baumannii dataset 
after down-sampling to 
equalize the number 
of S and NS strains 

Subsamples from the A. 
baumannii dataset after 
down-sampling to equalize 
the number of S and NS 
strains 

CIP NS 
(EUCAST/CLSI, >1 
µg/mL) 

SCM/RF-C Fig 
A1.3c-d 

GC, gonococcal; AZM, azithromycin; MICs, minimum inhibitory concentrations; NS, non-
susceptible; SCM, set covering machine; RF-C, random forest classification 
 
 
Table A1.7. Study ID, machine learning dataset(s), antibiotic susceptibility testing (AST) 
methods, azithromycin (AZM) and ciprofloxacin (CIP) minimum inhibitory concentrations 
(MICs) for all strains assessed in Chapter 1. (Excel spreadsheet) 
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Appendix 2: Chapter 3 supplemental data

 

Figure A2.1. Isolates from patients with travel-associated gonorrhea are 
associated with longer terminal branches compared to patients with locally-

acquired gonorrhea. Maximum-likelihood phylogeny produced from the 
pseudogenome alignment (with predicted regions of recombination removed) of isolates 
from dataset 2 (a). Patient travel history is indicated by the colored ring in a. Scatter dot 
plots showing the terminal branch lengths (with lines indicating the mean and 95% 
confidence intervals) associated with isolates from patients with travel-associated 
gonorrhea compared to patients with locally-acquired gonorrhea with asterisks 

indicating a significant difference (P < 0.001 by Mann-Whitney U test) in terminal branch 
lengths between the two groups (b). 
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Figure A2.2. Detection efficiency of clonal group sampling across different 
similarity thresholds. Scatter dot plots showing the detection efficiency (with lines 
indicating the mean and 95% confidence intervals from 100 simulations) for resistance 
variants RplD G70D (a), 23S rRNA C2611T (b), and penA XXXIV (c) in datasets 1-5 
and for diagnostic-associated variants 16S rRNA C1209A (d), N. meningitidis-like porA 
(e), cppB deletion (f), and DR-9A G168A (g) in all datasets in which the variant was 

present. Note that sampling simulations were not performed for RplD G70D in datasets 
1 and 4 or for penA XXXIV in dataset 3 as prevalence of the variants in these datasets 

was >10%. Dot colors indicate the sampling approach, and asterisks indicate a 
significant difference (P < 0.05 by Mann-Whitney U test) in detection efficiency between 
the phylogeny-aware approach compared to random sampling (*P < 0.05, **P < 0.01, 
***P < 0.001; red asterisks indicate significantly lower detection efficiency of the 

phylogeny-aware approach compared to random sampling, and green asterisks indicate 
significantly higher detection efficiency of the phylogeny-aware approach compared to 

random sampling). n.s., not significant at a = 0.05.
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Table A2.1. Metadata and resistance variant profiles for isolates assessed in Chapter 3. 
(Excel spreadsheet) 
 
Table A2.2. Demographic and geographic sampling biases in datasets 1-3. 
  Dataset 1 

[Mortimer et 
al., 2020, in 
preparation]a 

US  
(2011-2015) 
[138-142] 

Dataset 2 
[112]a 

Victoria, 
Australia 
(2017)  

Dataset 3 
[47] 

Euro-GASP 
countries 
(2013) [143] 

Pr
op
or
tio
n 
of
 to
ta
l g
on
or
rh
ea
 c
as
es
 th
at
 w
er
e 
fr
om

 men 0.958 0.603 0.872 0.81 N/A N/A 
MSM 0.737 0.295 0.733 0.567 N/A N/A 
Austria N/A N/A N/A N/A 0.051 0.023 
Belgium N/A N/A N/A N/A 0.052 0.021 
Cyprus N/A N/A N/A N/A 0.008 0.000 
Denmark N/A N/A N/A N/A 0.052 0.017 
France N/A N/A N/A N/A 0.054 0.028 
Germany N/A N/A N/A N/A 0.045 N/A 
Greece N/A N/A N/A N/A 0.046 0.004 
Hungary N/A N/A N/A N/A 0.046 0.031 
Iceland N/A N/A N/A N/A 0.005 0.000 
Italy N/A N/A N/A N/A 0.025 0.026 
Latvia N/A N/A N/A N/A 0.036 0.011 
Malta N/A N/A N/A N/A 0.019 0.001 
Netherlands N/A N/A N/A N/A 0.063 0.085 
Norway N/A N/A N/A N/A 0.052 0.010 
Portugal N/A N/A N/A N/A 0.102 0.002 
Slovakia N/A N/A N/A N/A 0.036 0.008 
Slovenia N/A N/A N/A N/A 0.051 0.001 
Spain N/A N/A N/A N/A 0.110 0.068 
Sweden N/A N/A N/A N/A 0.047 0.002 
UK N/A N/A N/A N/A 0.101 0.661 

MSM, men who have sex with men 
aProportion of patients with identified gender or sexual behavior that identified as men 
or MSM 
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Table A2.3. Detection efficiency of random, demography-, niche-, and geography-
aware sampling approaches for resistance variants. 

Dataset Variant 

Sampling approacha 

Randomb 
Demography-
aware (M vs. 

W) 

Demography-
aware (MSM 

vs. 
WSM/MSW) 

Niche-
aware 

Geography- 
and 

distance-
aware 

Geography-
aware 

1 

RplD 
G70D N/A N/A N/A N/A N/A N/A 

23S 
C2611T 
(2-4 
alleles) 

0.51 (0.46-
0.57) 

0.52 (0.46-
0.57), P = 
0.9335, -0.002 

0.45 (0.4-0.5), 
P = 0.0892,  
-0.13 

0.41 
(0.36-
0.47), P = 
0.0103, 
-0.1526 

N/A N/A 

penA 
XXXIV 

0.98 (0.97-
0.98) 

0.98 (0.98-
0.98), P = 
0.7405, 0.001 

0.98 (0.98-
0.99), P = 
0.2383, 0.003 

0.97 
(0.97-
0.98), P = 
0.2446,  
-0.006 

N/A N/A 

2 

RplD 
G70D 

0.96 (0.96-
0.97) 

0.96 (0.95-
0.97), P = 
0.4618, -0.007 

0.95 (0.94-
0.96), P = 
0.0.0202,  
-0.02 

0.96 
(0.95-
0.97), P = 
0.2933,  
-0.006 

N/A N/A 

23S 
C2611T 
(2-4 
alleles) 

0.97 (0.96-
0.97) 

0.97 (0.96-
0.97), P = 
0.3035, -0.004 

0.96 (0.95-
0.97), P = 
0.5820, 0.001 

0.96 
(0.95-
0.97), P = 
0.4383,  
-0.005 

N/A N/A 

penA 
XXXIV 

0.98 (0.97-
0.98) 

0.96 (0.96-
0.97), P = 
0.0013, -0.009 

0.96 (0.96-
0.97), P = 
0.0013, -0.01 

0.97 
(0.97-
0.98), P = 
0.1836,  
-0.004 

N/A N/A 

3 

RplD 
G70D 

0.96 (0.95-
0.97) N/A N/A N/A 

0.96 (0.96-
0.97), P = 
0.2535, 
0.004 

0.96 (0.95-
0.96), P = 
0.3835,  
-0.008 

23S 
C2611T 
(2-4 
alleles) 

0.93 (0.91-
0.94) N/A N/A N/A 

0.88 (0.86-
0.9), P = 
0.0017,  
-0.03 

0.88 (0.86-
0.9), P = 
0.0018,  
-0.04 

penA 
XXXIV N/A N/A N/A N/A N/A N/A 

4 

RplD 
G70D N/A N/A N/A N/A N/A N/A 
23S 
C2611T 
(2-4 
alleles) 

0.75 (0.71-
0.79) N/A N/A N/A 

0.67 (0.64-
0.71), P < 
0.0001,  
-0.17 

0.63 (0.6-
0.66), P = 
0.0007,  
-0.12 

penA 
XXXIV 

0.52 (0.46-
0.58) N/A N/A N/A 

0.42 (0.37-
0.47), P = 
0.0453,  
-0.11 

0.43 (0.39-
0.48), P = 
0.0172,  
-0.14 

aMean detection efficiency with 95% confidence intervals, P-value (by Mann Whitney U 
test of difference in mean ranks of detection efficiencies between random sampling and 
the targeted sampling approach based on 100 simulations of each sampling approach), 
and the difference between median detection efficiencies between the targeted 
sampling approach and random sampling. 
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Table A2.3 (cont.). 
bMean detection efficiency with 95% confidence intervals achieved by random sampling 
from all isolates for which the presence of absence of the variant could be determined. 
Note, however, that for targeted sampling approaches based on each different patient 
characteristic, isolates with missing information for that patient characteristic were 
removed, and random sampling was simulated on the reduced dataset for comparison 
to the targeted sampling approach. 
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Table A2.4. Detection efficiency of random sampling, as well as preferential sampling of 
patients that had recently engaged in overseas sex or in sex work, for resistance 
variants in dataset 2. 

Variant 
Sampling approacha 

Randomb Only patients with recent 
overseas sex Only sex workers 

23S C2611T (2-4 alleles) 0.96 (0.95-0.97) 0c N/A 

penA XXXIV 0.96 (0.96-0.97) 
0.98 (0.98-0.98), P = 
0.0008, 0.007 

N/A 

RplD G70D 0.96 (0.95-0.96) 
0.99 (0.98-0.99), P < 
0.0001, 0.02 

N/A 

23S C2611T (2-4 alleles) 0.96 (0.95-0.96) N/A 0.98 (0.98-0.98), P < 
0.0001, 0.01 

penA XXXIV 0.97 (0.96-0.97) N/A 0.98 (0.97-0.98), P = 
0.2681, 0.002 

RplD G70D 0.96 (0.95-0.97) N/A 0.97 (0.97-0.98), P = 
0.1668, 0.001 

aMean detection efficiency with 95% confidence intervals, P-value (by Mann Whitney U 
test of difference in mean ranks of detection efficiencies between random sampling and 
the targeted sampling approach based on 100 simulations of each sampling approach), 
and the difference between median detection efficiencies between the targeted 
sampling approach and random sampling. 
bMean detection efficiency with 95% confidence intervals achieved by random sampling 
from all isolates for which the presence of absence of the variant could be determined 
and the relevant patient metadata (i.e., overseas vs. local sex or sex worker status) was 
available. 
cNo isolates with 23S C2611T mutations were from patients with recent overseas sex. 
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Table A2.5. Detection efficiency of random and phylogeny-aware sampling approaches 
for resistance variants.  

Dataset Variant 

Sampling approacha  

Random 
Phylogeny-
aware 

(distance 
maximization) 

Phylogeny-
aware 
(clonal 

group, 134 
SNP 

threshold) 

Phylogeny-
aware 
(clonal 

group, 422 
SNP 

threshold) 

Phylogeny-
aware 

(fastbaps 
groups) 

Phylogeny-
aware 
(MLST) 

1 

RplD G70D N/A N/A N/A N/A N/A N/A 

23S 
C2611T (2-
4 alleles) 

0.51 
(0.46-
0.57) 

0.54 (0.54-
0.54), P = 
0.7950, -0.005 

0.71 (0.68-
0.74), P < 
0.0001, 0.17 

0.87 (0.86-
0.89), P < 
0.0001, 
0.30 

0.54 (0.5-
0.58), P = 
0.7132, -
0.07 

0.33 (0.29-
0.37), P < 
0.0001, -
0.29 

penA 
XXXIV 

0.98 
(0.97-
0.98) 

0.9 (0.89-0.9), 
P < 0.0001,  
-0.09 

0.99 (0.98-
0.99), P = 
0.0245, 
0.003 

0.99 (0.98-
0.99), P = 
0.0552, 
0.002 

0.97 (0.97-
0.98), P = 
0.1909, -
0.005 

0.97 (0.97-
0.98), P = 
0.0314,  
-0.01 

2 

RplD G70D 0.96 
(0.96-
0.97) 

0.99 (0.99-
0.99), P < 
0.0001,  
0.02 

0.99 (0.98-
0.99), P < 
0.0001,  
0.01 

0.99 (0.99-
0.99), P < 
0.0001,  
0.01 

0.99 (0.99-
0.99), P < 
0.0001,  
0.02 

0.99 (0.99-
0.99), P < 
0.0001,  
0.02 

23S 
C2611T (2-
4 alleles) 

0.97 
(0.96-
0.97) 

0.93 (0.93-
0.93), P < 
0.0001,  
-0.04 

0.98 (0.98-
0.99), P < 
0.0001,  
0.01 

0.99 (0.98-
0.99), P < 
0.0001,  
0.01 

0.97 (0.96-
0.97), P = 
0.6824,  
0.003 

0.97 (0.96-
0.97) 

penA 
XXXIV 

0.98 
(0.97-
0.98) 

0.98 (0.98-
0.98), P = 
0.0011,  
-0.006 

0.99 (0.99-
0.99), P < 
0.0001,  
0.008 

0.99 (0.99-
0.99), P < 
0.0001,  
0.009 

0.99 (0.99-
0.99), P < 
0.0001,  
0.006 

0.98 (0.97-
0.98), P = 
0.3017,  
-0.004 

3 

RplD G70D 0.96 
(0.95-
0.97) 

0.95 (0.95-
0.95), P < 
0.0001,  
-0.02 

0.97 (0.97-
0.97), P = 
0.1348,  
0.003 

0.97 (0.96-
0.97), P = 
0.0784,  
0.007 

0.98 (0.97-
0.98), P = 
0.0018,  
0.009 

0.93 (0.92-
0.94), P < 
0.0001,  
-0.03 

23S 
C2611T (2-
4 alleles) 

0.93 
(0.91-
0.94) 

0.71 (0.71-
0.71), P < 
0.0001,  
-0.23 

0.91 (0.9-
0.93), P = 
0.1000,  
-0.02 

0.92 (0.91-
0.93), P = 
0.0679,  
-0.03 

0.98 (0.98-
0.99), P < 
0.0001,  
0.04 

0.76 (0.74-
0.77), P < 
0.0001,  
-0.20 

penA 
XXXIV N/A N/A N/A N/A N/A N/A 

4 

RplD G70D N/A N/A N/A N/A N/A N/A 

23S 
C2611T (2-
4 alleles) 

0.75 
(0.71-
0.79) 

0.44 (0.42-
0.45), P < 
0.0001,  
-0.35 

0.64 (0.6-
0.69), P = 
0.0003,  
-0.11 

0.68 (0.64-
0.72), P = 
0.0155,  
-0.08 

0.67 (0.63-
0.71) P = 
0.003,  
-0.09 

0.69 (0.66-
0.73), P < 
0.0001,  
-0.08 

penA 
XXXIV 

0.52 
(0.46-
0.58) 

0.43 (0.42-
0.44), P = 
0.0497,  
-0.11 

0.48 (0.42-
0.53), P = 
0.4304,  
-0.17 

0.53 (0.48-
0.58), P = 
0.7141,  
-0.07 

0.49 (0.45-
0.53), P = 
0.5604,  
-0.10 

0.44 (0.39-
0.49), P = 
0.1170,  
-0.19 

5 

RplD G70D 0.76 
(0.73-
0.8) 

0.98 (0.98-
0.98), P < 
0.0001,  
0.16 

0.9 (0.89-
0.91), P < 
0.0001,  
0.08 

0.9 (0.89-
0.91), P < 
0.0001,  
0.08 

0.96 (0.96-
0.97), P < 
0.0001,  
0.14 

0.95 (0.95-
0.96), P < 
0.0001,  
0.13 

23S 
C2611T (2-
4 alleles) 0.65 

(0.6-0.7) 

0.93 (0.93-
0.93), P < 
0.0001,  
0.23 

0.9 (0.89-
0.91), P < 
0.0001,  
0.19 

0.91 (0.9-
0.92), P < 
0.0001,  
0.20 

0.98 (0.97-
0.98), P < 
0.0001,  
0.28 

0.96 (0.95-
0.96), P < 
0.0001,  
0.25 

penA 
XXXIV 

0.89 
(0.87-
0.91) 

0.95 (0.95-
0.95), P < 
0.0001,  
0.03 

0.95 (0.94-
0.95), P < 
0.0001,  
0.03 

0.9 (0.89-
0.91), P < 
0.0001,  
0.03 

0.96 (0.96-
0.97), P < 
0.0001,  
0.04 

0.86 (0.84-
0.88), P = 
0.0088,  
-0.06 
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Table A2.5 (cont.). 
aMean detection efficiency with 95% confidence intervals, P-value (by Mann Whitney U 
test of difference in mean ranks of detection efficiencies between random sampling and 
the targeted sampling approach based on 100 simulations of each sampling approach), 
and the difference between median detection efficiencies between the targeted 
sampling approach and random sampling. 
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Table A2.6. Detection efficiency of random and phylogeny-aware sampling approaches 
for variants associated with diagnostic escape.  

Dataset Variant 

Sampling approacha  

Random 
Phylogeny-
aware 

(distance 
maximization) 

Phylogeny-
aware 
(clonal 

group, 134 
SNP 

threshold) 

Phylogeny-
aware 
(clonal 

group, 422 
SNP 

threshold) 

Phylogeny-
aware 

(fastbaps 
groups) 

Phylogeny-
aware 
(MLST) 

1 

N. 
meningitidis-
like porA 

0.52 
(0.46-
0.58) 

0.52 (0.52-
0.52), P = 
0.1187, -0.04 

0.86 (0.85-
0.87), P < 
0.0001, 0.29 

0.7 (0.68-
0.73), P < 
0.0001, 0.12 

0.74 (0.72-
0.77), P < 
0.0001, 
0.16 

0.31 (0.26-
0.35), P < 
0.0001, -0.35 

cppB 
deletion 

0.91 
(0.9-
0.93) 

0.99 (0.99-
0.99), P < 
0.0001, 0.06 

0.96 (0.95-
0.96), P < 
0.0001, 0.04 

0.97 (0.96-
0.97), P < 
0.0001, 0.04 

0.98 (0.98-
0.99), P < 
0.0001, 
0.06 

0.98 (0.98-
0.98), P < 
0.0001, 0.06 

16S rRNA  

0.51 
(0.45-
0.56) 

0.42 (0.42-
0.42), P = 
0.0675, -0.11 

0.74 (0.71-
0.77), P < 
0.0001, 0.24 

0.71 (0.68-
0.73), P < 
0.0001, 0.15 

0.73 (0.71-
0.76), P < 
0.0001, 
0.19 

0.33 (0.29-
0.38), P < 
0.0001, -0.28 

DR-9A 
G168A N/A N/A N/A N/A N/A N/A 

2 

N. 
meningitidis-
like porA 

0.53 
(0.48-
0.59) 

0.87 (0.87-
0.87), P < 
0.0001, 0.32 

0.93 (0.93-
0.94), P < 
0.0001, 0.38 

0.96 (0.95-
0.96), P < 
0.0001, 0.41 

0.99 (0.99-
0.99), P < 
0.0001, 
0.45 

0.44 (0.40-
0.48), P = 
0.0097, -0.10 

cppB 
deletion 

0.51 
(0.45-
0.56) 

1 (1-1), P < 
0.0001, 0.46 

0.93 (0.93-
0.94), P < 
0.0001, 0.39 

0.96 (0.95-
0.96), P < 
0.0001, 0.42 

0.99 (0.99-
0.99), P < 
0.0001, 
0.45 

0.98 (0.98-
0.99), P < 
0.0001, 0.44 

16S rRNA  

0.69 
(0.64-
0.73) 

0.94 (0.94-
0.94), P < 
0.0001, 0.20 

0.85 (0.84-
0.87), P < 
0.0001, 0.10 

0.9 (0.89-
0.91), P < 
0.0001, 0.16 

0.93 (0.93-
0.94), P < 
0.0001, 
0.20 

0.93 (0.92-
0.94), P < 
0.0001, 0.19 

DR-9A 
G168A 

0.69 
(0.64-
0.73) 

0.93 (0.93-
0.93), P < 
0.0001, 0.20 

0.95 (0.95-
0.96), P < 
0.0001, 0.22 

0.97 (0.97-
0.97), P < 
0.0001, 0.24 

0.68 (0.64-
0.71), P = 
0.4449, -
0.05 

0.98 (0.98-
0.98), P < 
0.0001, 0.25 

3 

N. 
meningitidis-
like porA N/A N/A N/A N/A N/A N/A 

cppB 
deletion 

0.85 
(0.82-
0.87) 

0.99 (0.99-
0.99), P < 
0.0001, 0.11 

0.91 (0.9-
0.92), P = 
0.0025, 0.03 

0.94 (0.93-
0.94), P < 
0.0001, 0.06 

0.99 (0.98-
0.99), P < 
0.0001, 
0.10 

0.97 (0.96-
0.97), P < 
0.0001, 0.09 

16S rRNA  N/A N/A N/A N/A N/A N/A 
DR-9A 
G168A N/A N/A N/A N/A N/A N/A 

5 

N. 
meningitidis-
like porA N/A N/A N/A N/A N/A N/A 

cppB 
deletion 

0.96 
(0.96-
0.97) 

0.97 (0.97-
0.97), P = 
0.9799, -0.003 

0.98 (0.97-
0.98), P = 
0.0094, 
0.008 

0.98 (0.97-
0.98), P = 
0.0219, 
0.005 

0.96 (0.95-
0.96), P = 
0.0070,  
-0.006 

0.98 (0.97-
0.98), P = 
0.0005, 0.01 

16S rRNA  N/A N/A N/A N/A N/A N/A 
DR-9A 
G168A N/A N/A N/A N/A N/A N/A 
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Table A2.6 (cont.). 
aMean detection efficiency with 95% confidence intervals, P-value (by Mann Whitney U 
test of difference in mean ranks of detection efficiencies between random sampling and 
the targeted sampling approach based on 100 simulations of each sampling approach), 
and the difference between median detection efficiencies between the targeted 
sampling approach and random sampling. 
  



 99 

Table A2.7. Detection efficiency of random and genomic background-aware sampling 
approaches for resistance variants. 

Dataset Variant 

Sampling approacha 

Random 
Genomic background-
aware (only GyrA S91F 

isolates) 

Genomic background-
aware (only PorB 
G120/A121 mutation 

isolates) 

1 

CRO-RS (³0.12 
µg/mL) 0.91 (0.9-0.93), 

0.98 (0.97-0.98), P < 
0.0001, 0.05 

0.96 (0.95-0.97), P = 
0.0002, 0.03 

CFX-R (>0.25 
µg/mL) 0.51 (0.45-0.57) 

0.87 (0.85-0.88), P < 
0.0001, 0.37 

0.77 (0.74-0.8), P < 
0.0001, 0.28 

3 

CRO-RS (³0.12 
µg/mL) 0.91 (0.89-0.93) 

0.95 (0.94-0.96), P = 
0.0004, 0.02 

0.94 (0.93-0.95), P = 
0.0146, 0.02 

CFX-R (>0.25 
µg/mL) 0.88 (0.86-0.9) 

0.93 (0.92-0.94) P = 
0.0006, 0.04 

0.92 (0.9-0.93), P < 
0.0001, 0.02 

4 

CRO-RS (³0.12 
µg/mL) 0.93 (0.92-0.94) 

0.95 (0.94-0.96) P = 
0.0060, 0.02 

0.96 (0.95-0.97), P = 
0.0001, 0.03 

CFX-R (>0.25 
µg/mL) 0.96 (0.95-0.96) 

0.97 (0.96-0.97), P = 
0.0462, 0.004 

0.97 (0.97-0.98), P = 
0.0171, 0.008 

5 

CRO-RS (³0.12 
µg/mL) 0.5 (0.45-0.56) 

0.85 (0.83-0.87), P < 
0.0001, 0.36 

0.83 (0.81-0.85) P < 
0.0001, 0.31 

CFX-R (>0.25 
µg/mL) N/A N/A N/A 

aMean detection efficiency with 95% confidence intervals, P-value (by Mann Whitney U 
test of difference in mean ranks of detection efficiencies between random sampling and 
the targeted sampling approach based on 100 simulations of each sampling approach), 
and the difference between median detection efficiencies between the targeted 
sampling approach and random sampling. 
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