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2. Abstract

Antimicrobial resistance (AMR) presents a pressing need to ensure that the right antimicrobials are
used to target the right microbes at the right time. Ideally, the appropriate antimicrobial is selected
after patient samples have been cultured and assessed with antimicrobial sensitivity testing (AST).
However, the time needed for culture-based diagnosis leads to immediate empirical treatment, often
with broad-spectrum and/or high-tier antimicrobials. Direct nanopore metagenomic whole genome
sequencing to identify pathogens and predict their antimicrobial resistance is a rapid and patient-side
alternative. A limitation of this approach is potential inconsistencies in in silico predicted AMR
phenotypes. Here, we benchmarked the current performance of in silico AMR prediction strategies
for nanopore-generated long read data. Using nanopore data paired with AST phenotyping for 201
samples, we assessed the impact of basecalling mode, data volume, and assembly strategy, and
compared the performance of eight in silico AMR prediction tools with seven AMR databases. We
found that basecalling accuracy mode does not affect the overall accuracy of in silico AMR predictions,
but assembly strategy and data volume both do. Prediction tools using the ResFinder database scored
best for balanced accuracy (0.80 = 0.02 for both ResFinder and ABRicate), whilst DeepARG scored best
for sensitivity (0.65 + 0.03). However, even the best performing in silico AMR prediction strategy
missed some resistance identified by lab-based AST. In silico AMR prediction can therefore
supplement lab-based AST, but cannot yet replace it.

3. Impact statement

Antimicrobial resistance (AMR) is threatening modern standards of human and veterinary healthcare.
Rapid and patient-side diagnostic tests are needed to diagnose bacterial infections and allow clinicians
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to select effective antibiotics. Current tests based on bacterial cultures take several days, which may
delay diagnosis and treatment, or lead to inappropriate “just in case” treatment while waiting for the
results. In contrast, nanopore metagenomic whole genome sequencing can identify bacterial
infections and predict which antibiotics will be effective in minutes to hours. However, the accuracy
of these tests is uncertain. We therefore compared the performance of eight AMR prediction tools
and seven databases of AMR determinants, using 201 bacterial samples with known antibiotic
susceptibility and resistance. We found that the sensitivity (i.e. false negative rate), specificity (i.e.
false positive rare) and overall accuracy of the tools and databases varied. In particular, even the best
performing AMR prediction methods missed some AMR. Therefore, while these tools are useful for
rapid and patient-side diagnosis and treatment decisions, they still have limitations and should be
used alongside bacterial cultures and antibiotic sensitivity testing.

4. Data summary

Sequencing data for the samples sequenced for this study are available at the NCBI under BioProject
ID PRINA1292816 (SRA accessions for all datasets used here are available in Supplementary Table S1).

All commands and code used can be found at:
https://github.com/nataliering/nanopore AMR tools/

The authors confirm all supporting data, code and protocols have been provided within the article
or through supplementary data files.

5. Introduction

Antimicrobial resistance (AMR) is an immediate and ongoing global threat that will impact health, food
security and economic development (1, 2). Over eight million annual AMR-associated deaths are
forecasted by the year 2050 (3). The selection pressure from inappropriate and indiscriminate
antimicrobial use exerts a selection pressure favouring the development and dissemination of
bacterial AMR (4). To avoid this, we need to use the right antimicrobial, for the right infection, at the
right time. This is a one health challenge that encompasses human, production animal and companion
animal healthcare.

Faster diagnosis to confirm a bacterial infection and determine its antimicrobial susceptibility will
improve antimicrobial stewardship. The current gold-standard methods involve culturing samples to
identify the bacteria, followed by antibiotic sensitivity tests (ASTs). Commonly used ASTs include disk
diffusion, minimum inhibitory concentration (MIC) test strips and broth microdilution assays (5, 6).
These tests require a minimum of 16 hours, but it often takes significantly longer to obtain the results.
Immediate empirical antimicrobial treatment may be unnecessary (where there is no bacterial
infection) and/or may employ unnecessarily broad-spectrum or high-tier antimicrobials through fear
of compromising patient outcomes. Excessive and inappropriate antimicrobial use is a major driver of
AMR (4). In addition, culture-based ASTs are effectively “a sample of a sample” (i.e. patient sample —
culture — culture sample — AST) and favour less fastidious bacteria. AST results may not therefore
reflect the whole bacterial population and antimicrobial susceptibility patterns in the patient’s
infection.

Metagenomic whole genome sequencing (mWGS) using Oxford Nanopore Technologies’ (ONT) long-
read sequencers is a rapid culture-free technique that involves extraction and sequencing of all
genomic DNA (gDNA) in a sample. The unbiased DNA sequencing data can be used to identify
pathogens and to detect genes and mutations associated with AMR in a little as 10 minutes (7, 8) .
Progress on developing mWGS-based rapid diagnostics pipelines has accelerated in recent years, and

2
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82  ONT'’s platforms have been used to pilot rapid diagnostic methods for mWGS from clinical samples
83 such as sputum, respiratory fluid, blood, urine, and skin swabs (9-24).

84  Robust, reliable and reproducible bioinformatic tools and pipelines will be vital to implement rapid
85 mWGS-based diagnostics in clinical settings (25). A multi-laboratory study found wide discordance
86  between the AMR phenotypes predicted by different laboratories using the same genomic datasets
87 (26). This discordance occurred as a direct result of differences in how each laboratory chose to
88  process the data, and the bioinformatic tools and databases used for the AMR predictions. Similarly,
89  a comparison of tools to identify AMR from Illumina short-read datasets showed wide variability in
90 their sensitivity, specificity and balanced accuracy (27). No single tool performed equally well across
91 every antibiotic class; some performed very well in terms of sensitivity but relatively poorly in terms
92  of specificity.

93 Here, we analysed the performance of eight different AMR detection tools: ABRicate (28), StarAMR
94  (29), ResFinder (30), AMRFinderPlus (31), c-SSTAR (32), RGI (33), DeepARG (34) and AMR++ (35) on
95 datasets produced using the ONT sequencers that would be used for mWGS-based rapid diagnostics.
96  We sourced a collection of 201 ONT datasets with matched lab-based AST phenotypic AMR profiles.
97 We included tools which require the assembly and annotation of sequencing reads into consensus
98 contigs as well as read-based tools. The tools use different methods to detect AMR determinants,
99  including k-mer-based alignment, Hidden Markov Models (HMM), and deep machine learning. Some
100 tools offer a choice of AMR databases (e.g. ABRicate) whilst others are based around their own
101  database (e.g. ResFinder, DeepARG). We tested all possible combinations and options for the tools as
102  well as addressing issues such as volume of data required, the downstream effects of different
103 basecalling accuracy options, and the optimal assembly strategy. We also compared the performance
104  of tools at the level of antibiotic class and individual antibiotics.

105 6. Methods

106 Data collection and curation

107  An NCBI PubMed database search was conducted in May 2025, using various combinations of the
108  terms “nanopore”, “AMR”, “MinlON” and “AST”. The resulting literature hits were manually reviewed
109 to determine if 1) their raw sequencing data was publicly available and 2) their datasets included vitro
110  antimicrobial sensitivity testing (AST) results. If a paper fulfilled both of the above criteria, the relevant
111  datasets were downloaded, and the following metadata was recorded for each sample (full data in
112 Supplementary Table S1): sample accession, sample type, MinlON flow cell version, library
113 preparation kit, basecaller used (and, where available, version and accuracy mode), species identified
114  in original publication, AST results, and original publication reference.

115  Read preparation

116 Data were downloaded in fastq format from the NCBI sequence read archive (SRA) using fasterg-dump
117  v2.11.3 (36). NanoStat v1.6.0 (37) was used to determine mean read length, number of reads, and
118 overall number of bases. Datasets were excluded if their mean read length was less than the standard
119  nanopore quality cut-off of 1,000 bp (38-41) or their overall number of bases was less than 25 Mb
120  (around 5X coverage of the “average” bacterial genome (42-45)). A set of 64 additional isolates
121 (Supplementary Table S7) were sequenced specifically for this study, representing species not
122  otherwise found in the above literature search. See Supplementary Materials SM1 for full DNA
123 extraction, library preparation and sequencing methods, and Supplementary Table S1 for sample
124 accessions.
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Porechop v0.2.4 (46) was used to trim adapters from the fastq read sets which passed quality control
(QC), and Filtlong v0.2.0 (38) was used to filter longer read sets down to 0.5 Gb of the longest and
highest quality fastq reads. Where an AMR tool based its predictions on raw fastq reads alone, the
output Filtlong reads were used.

Genome assembly and draft annotation

The trimmed reads were assembled with two different long-read assembly tools, Minimap2 v2.24-
r1122/Miniasm v0.3-r179 (47, 48) and Flye v2.9 (49). The Flye assembly was polished using Medaka
v2.0.1 (50), and the Flye, Miniasm and Medaka assemblies were all annotated with Prokka v1.14.6
(51). All three assemblies (Miniasm, Flye and Medaka), along with the raw reads and annotations
where applicable, were used to assess the performance of the tested AMR tools to determine the
optimal assembly strategy. More details about each assembly tool can be found in the Supplementary
Materials (SM2).

AMR tools and databases tested

We tested a variety of assembly- and read-based tools, with every relevant database available to each
tool. The tools and databases are summarised in Table 1 and more details are in the Supplementary
Materials (SM3).

For tools which used assembled contigs for AMR prediction, the Miniasm, Flye and Medaka assemblies
were all tested with each tool/database combination. See Supplementary Table S2 for a full list of the
42 tool/database combinations.

Some of the tools tested here, such as ResFinder, offer species-specific AMR prediction for a limited
number of species, facilitating the detection of AMR caused by species-specific point mutations.
Where a sample was known to contain one of these species, all possible combinations were also
trialled with this mode. Supplementary Table S3 shows which tools were used with which species.
Samples containing multiple species were not included in the species-specific tests.

HAMRonization v1.1.9 (54) was used to convert the results of all tools into a consistent tabular form.
See Supplementary Methods SM4 for details of the additional steps which were taken to ensure
standardisation of the way results were reported across different tools.

Table 1. AMR detection tools and databases tested here

Tool Version AMR database(s) AMR database Input file(s)
version
ABRicate (28) 1.0.1 NCBI(31), CARD(33), 14 Jan 2025 Assembly

ResFinder(30),
ARG-ANNOT(52),
MEGARes 2.0(53)

AMRFinderPlus (31) 4.0.23 NCBI 2025-03-25.1 Assembly and Annotations
ResFinder (30) 4.7.2 ResFinder & 26.0&4.1.1 Reads or Assembly
PointFinder

c-SSTAR (32) 2.1.0 ResGANNOT NA Assembly

RGI (33) 6.0.4 CARD 4.0.1 Assembly, or Assembly and
Annotations

StarAMR (29) 0.11.0 ResFinder 2024-08-06 Assembly

DeepARG (34) 1.0.2 DeepARG DB NA Reads, or Assembly and
Annotations

AMR++ (35) 3.0.6 MEGARes NA Reads
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152  Calculating performance metrics

153 For each sample, the original AST results were collated to create a per-antibiotic “phenotypic AMR”
154  table. In addition, the Comprehensive Antibiotic Resistance Database (CARD) ontology (33) was used
155  to assign antibiotics in our phenotypic AMR table to their drug class: aminoglycosides, beta-lactams,
156  fluoroquinolones, glycopeptides, macrolides-lincosamides-streptogramins (MLS), phenicols,
157 sulfonamides, tetracyclines, trimethoprim (diaminopyrimidines), and polypeptides. Rarer antibiotic
158  classes were excluded from analysis, due to insufficient numbers of resistant samples in our dataset.
159  Supplementary Table S5 shows which antibiotics were included in each class and which
160 classes/antibiotics were excluded. A second table was then produced, which listed each sample’s
161 phenotypic AST results in terms of drug class (Supplementary Table $6). For each sample in our
162 phenotypic AMR tables, each antibiotic or class was assigned “R” (resistant), “S” (susceptible) or “NA”
163 (not tested) based on the AST results from the original publications. Where a result in the phenotypic
164  AMR table was “I” (Intermediate), it was considered to be resistant.

165 Each set of results was then analysed at the level of specific antibiotic and antibiotic class. The tool
166 results were then compared with our phenotypic AMR table, and each antibiotic/class was scored as
167  True Positive (TP), False Positive (FP), True Negative (TN) or False Negative (FN) for each sample. A TP
168  occurred when both the phenotypic AMR result and the in silico tool prediction were “R” for an
169 antibiotic/class for that sample. A FP occurred when the phenotypic result was “S” but the tool
170  predicted “R”. A TN occurred when both the ground truth result and the tool prediction were “S”. A
171 FN occurred when the phenotypic result was “R” but the tool predicted “S”. Where an antibiotic or
172 class was not AST tested for a sample (“NA”), that antibiotic or class was excluded from the results
173 comparison.

174  Performance metrics were then calculated for each tool according to the equations shown in Table 2.
175  Calculating statistical differences

176 Each set of results were tested for normality and variance using Shapiro-Wilk (55) and Levene’s Tests
177  (56). Non-parametric Kruskal-Wallis tests (57) were used to test for significance across all variables
178  with Dunn’s tests (58) used to determine pairwise differences between the variables.

179  Comparing super accuracy, high accuracy and fast basecalling mode

180  Asubset of 64 monoculture samples (all those for which raw data was available, Supplementary Table
181  S7) were used to conduct a comparison of the accuracy of AMR prediction when using different
182 basecalling accuracy modes. Where necessary, the unbasecalled fast5 files were converted into pod5
183 format using pod5 v0.2.15 (59). The Dorado standalone basecaller (versions 0.9.6 and 1.0.2 for data
184  from SQK-RBK004 and SQK-RBK114.24 respectively) was then used to basecall the reads with each of
185  the three accuracy modes: fast, high accuracy (HAC) and super accuracy (SUP), creating three
186  basecalled read sets per sample. Each read set was processed through the data preparation, AMR

Table 2. Equations used to calculate our performance metrics

Metric Equation

Sensitivity TP
TP+ FN

Specificity TN
TN + FP

Balanced Accuracy Sensitivity + Specificity

2
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187  prediction, and analysis pipeline as described above (although performance metrics were calculated
188 per sample instead of per tool). The metrics were statically analysed between the three levels of
189 accuracy.

190 Assessing the effect of data volume on AMR prediction accuracy

191 A subset of 61 samples (all those with at least 500 Mb of starting data, Supplementary Table S8) were
192 used to assess the effect of initial data volume on the eventual accuracy of AMR prediction. Each read
193 set was processed through the data preparation, AMR prediction, and statistical analysis pipeline as
194  above, except that instead of filtering to 500 Mb with Filtlong the read sets were filtered to 250 Mb,
195 100 Mb, 50 Mb and 25 Mb. Including the read set originally filtered to 500 Mb, this produced five
196 different sets of AMR predictions, representing 100X, 50X, 20X, 10X and 5X coverage of the “average”
197  length bacterial genome (42). The performance metrics for each level of filtering were compared in
198 the same way as the basecalling modes, as described above.

199 Comparing monocultured isolates with metagenomic samples

200 Of the 201 total datasets gathered here, 151 were from monocultured isolates and were used in the
201 main AMR tool comparison described above. The remaining 50 datasets were from samples with
202 potential host contamination or containing multiple species; these datasets were analysed separately
203 to assess AMR tool performance for “difficult” sample types.

204  Tool resource usage

205 To compare resource usage by each tool tested here, each tool was run on one sample (NR149)
206  basecalled with super accuracy Dorado v0.9.6, assembled with Flye and polished with Medaka,
207  originally 155 Mb of reads). As the AMR prediction tools were being run, the system was limited to 2
208 CPUs and a total of 8 GB RAM. Wall clock time and maximum RAM usage were recorded using
209 /usr/bin/time -v.

210 7. Results

211 A curated dataset of 201 samples to evaluate AMR prediction tools

212 A total of 201 samples met our selection criteria of having both ONT reads and AST phenotypes
213 available, as well as passing our QC process. Supplementary Table S1 gives the full metadata of all
214  analysed samples and Table 3 gives the references of the original papers. The samples were sequenced
215  on a variety of different flow cell types (R9.4.1, R9.5, R10.4.1), sequencing libraries were prepared
216  using a variety of kits (for example, SQK-RPB004), and basecalling was performed with a variety of
217  different basecallers (Albacore, Guppy, Dorado) and basecaller software versions. Starting volumes of
218 data ranged from 28 Mb to 16.5 Gb, with a mean of 662.51 Mb, median of 175.90 Mb and standard
219 deviation of 2031.42 Mb. Mean read length per dataset ranged from 1.01 to 11.12 kbp, with a mean
220 of 4.43 kbp, median of 4.00 kbp and standard deviation of 1.87 kbp. 151 samples were monocultured
221 isolates, while 50 contained multiple species or potential host contamination. The monocultured
222 isolates were used for the majority of the tests here; the remaining 50 were used to test how the tools
223 performed with more “difficult” samples.

224 27 species were included, with Escherichia coli the most common species (40 samples) and
225  Staphylococcus the most widely represented genus (40 samples across 7 species). On average, each
226 species was represented by 6.3 samples (range=1-40 samples). For the purposes of statistical power,
227 only antibiotic classes recorded as resistant in ASTs from at least 5 (~2%) of our samples were
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228  considered (Supplementary Table S5). Of these, beta-lactam resistance was most common (52.24%
229  of samples). The mean number of samples in our dataset resistant to each antibiotic class was 35.7
230  (SD=30.11). See Supplementary Material SF1 for full species and AST details.

231  Basecalling accuracy mode does not significantly affect overall AMR prediction accuracy

232 A subset of 64 monocultured samples were basecalled with Dorado in three different accuracy modes:
233 fast, high accuracy (HAC) and super accuracy (SUP). Each set of reads was then processed through the
234 rest of the assembly, analysis and statistics pipeline with the results stratified by basecalling accuracy.
235 Figure 1 shows that no significant differences were found between the accuracy modes across any of
236  the performance metrics. All samples in our dataset were therefore carried forward for further
237 analysis, regardless of original basecalling accuracy

238  Flye+Medaka produces the best balanced accuracy, whilst reads-only produce the best
239  sensitivity across all tools

240 Performance metrics were calculated for all 151 monocultured samples across all tool/database
241 combinations, then stratified by assembly strategy (“flye”, “medaka”, “miniasm” and “reads”). As
242  shown in Figure 2, although no tool performed significantly better across all metrics, the reads-only
243 strategy produced the best sensitivity, whilst the Flye assembly polished with Medaka produced
244  marginally better results than Miniasm and reads for balanced accuracy. The Medaka and reads-only

245  strategies were therefore taken forwards for more detailed analysis across all tools.
246  ResFinder-based tools produce the best performance metrics across all samples

247  The mean score for each performance metric across all monocultured samples was calculated and
248  stratified according to prediction strategy (tool, database, Medaka assembly vs reads) to determine
249  the best performing tool overall. Figure 3 shows the results for sensitivity, specificity and balanced
250 accuracy (the results for precision and F1-Score can be found in Supplementary Figures SF1 and SF2).
251 For balanced accuracy, which considers both sensitivity and specificity, the top five strategies are all
252 based on the ResFinder database, with the ResFinder tool itself and ABRicate with its own version of
253  the ResFinder database performing better (0.80 + 0.02 for ResFinder in read-based mode and both
254  tools in assembly mode) than StarAMR (0.75 + 0.02) with its own version of the ResFinder database.

Table 3. Original sources for our QC passed dataset samples

Sample reference Number of QC passed samples
Bialasiewicz et al. 2019 (60) 1
Charalampous et al. 2019 (12) 27
Cherdtrakulkiat et al. 2020 (61) 3
Chopijitt et al. 2020 (62) 4
Conzemius et al. 2022 (63) 1
Harris Patrick et al. 2024 (64) 39
Jahnen et al. 2025 (65) 8
Kostova et al. 2024 (66) 13
Leggett et al. 2020 (67) 4
Lim et al. 2019 (68) 2
Ring et al. 2023 (9) 17
Smith et al. 2020 (69) 10
Ring et al. 2026 (this study) 63
Udaondo et al. 2020 (70) 4

Unemo et al. 2016 (71) & Sanderson et al. 2020 (14) 5
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Figure 1. Performance metrics of our 64-sample subset which were basecalled with three different basecalling accuracy modes in
Dorado. Metrics were calculated across all tools and all samples, then stratified by basecalling accuracy; fast, high accuracy (“hac”)
and super accuracy (“sup”). No significant differences were observed, according to the Kruskal-Wallis test.

255  Across the whole 151-sample monoculture dataset, sensitivity scores were generally low. The read-
256  based DeepARG mode scored the highest at 0.65 £ 0.03. The lowest sensitivity scores were for both
257 RGI strategies (assembly and annotations) at 0.09 + 0.01, meaning that most AMR genes were not
258  called.

259  Conversely, both RGI modes ranked the highest in specificity (0.93 £ 0.1 for assembly and annotation-
260  based). However, as specificity relates to the absence of false positive calls, RGI scoring highly does
261 not mean that it performed particularly well; rather, RGlI made the fewest calls simply because it made
262  so few positive calls (false or true) in general. Read-based DeepARG performed best in sensitivity, but
263  worst in specificity (0.52 + 0.02), indicating a high number of apparent false positives alongside the
264  total positives. In contrast, the two modes of the ResFinder tool score relatively well for specificity:
265  0.88 £ 0.02 for both read-based and assembly.

266  Overall, although read-based DeepARG scored best for sensitivity, the ResFinder tool with ResFinder
267  database in either assembly or read mode performed best across all metrics when taking the means
268  of the 151 monocultured samples analysed here.

1.0
0.8
006 Assembly_strategy
5 flye
8 medaka
%) 4 miniasm
0. reads
0.2
0.0

Sensitivity Specificity . Balanced_Accuracy
Performance Metric

Figure 2. Overall performance metrics across 151 monocultured samples and all tools, stratified by assembly strategy. “flye” is assembly
with Flye in nano-hg mode, “medaka” is assembly with Flye followed by polishing with Medaka, “miniasm” is rapid assembly with
Minimap2 and Miniasm, and “reads” is prediction from raw reads, with no assembly step (of the tools test here, only AMR++ and ResFinder
include a “read-only” mode). Statistical significance was calculated using the Kruskal-Wallis Test and Dunn’s Test.

*** indicates p<0.0005, ** indicates p<0.005, * indicates p<0.05
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Figure 3. Performance metrics for each AMR prediction strategy, calculated at the level of specific antibiotics per sample then stratified by prediction strategy. Prediction strategy names
follow the general structure assembly/reads.tool.(database).(ss), where (database) is only relevant for those tools with multiple database options and (SS) is only relevant for those tools

269 with a species-specific mode. A) shows the mean balanced accuracy per strategy across all 151 monocultured samples in our dataset, whilst B) shows the mean sensitivity and C) shows the
mean specificity. Error bars show Standard Error.
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270  Making predictions based on antibiotic classes improves sensitivity, but not specificity

271 We tested whether grouping antibiotics into their classes (Supplementary Table S4) produced better
272 predictions, as some of the tools tested reported AMR on the level of class only. Figure 4 shows the
273 per-class results for balanced accuracy, sensitivity and specificity, stratified by tool/database/reads vs
274  assembly. The strategies which performed best on the level of specific antibiotic also performed best
275 here: ResFinder-based tools were the top five scorers in balanced accuracy, whilst read-based
276 DeepARG performed best in sensitivity but worst in specificity. Compared to predictions for specific
277  antibiotics, read-based and assembly-based ResFinder scored worse for specificity: 0.88 per specific
278 antibiotic and 0.81 per antibiotic class. In contrast, sensitivity was significantly improved: 0.57 per
279  specific antibiotic and 0.73 per antibiotic class for ResFinder, and 0.65 per antibiotic and 0.80 per class
280  for DeepARG.

281  Some antibiotic classes are predicted more accurately than others

282  We also investigated whether AMR predictions for some classes were more robust than for others.
283 Figure 5 shows the mean balanced accuracy score across our 151 monocultured samples for all
284 prediction strategies, stratified by antibiotic class. This varied significantly according to antibiotic class,
285 ranging from 0.47 for fluoroquinolones to 0.80 for glycopeptides.

286 Figure 6 visualises the balanced accuracy of AMR predictions for each antibiotic class further stratified
287 by prediction strategy, to identify potential strengths and weaknesses. All tools have relatively strong
288  results for both glycopeptides and trimethoprim, but weaker results for fluoroquinolones. The
289 ResFinder-based tools scored highly across most classes. Tetracyclines showed the highest within-
290 class variability according to prediction strategy, with some (ResFinder-based) scoring well and others
291 (ABRicate with the MegaRES or CARD databases) scoring poorly.

292  AMR prediction tools for samples with mixed populations or host contamination perform similarly
293 to more simple samples

294  To test how confounding factors such as host DNA contamination affected the prediction accuracy of
295  our AMR tools, we processed 50 metagenomic/mixed species samples through the same analysis
296  pipeline. This showed the same pattern as the monoculture results: ResFinder-based tools performed
297  best for overall balanced accuracy whilst DeepARG performed best for sensitivity but worst for
298  specificity. However, although the performance pattern remained the same the actual scores
299  observed for the “difficult” samples were lower than those of the monocultured samples. Read-based
300 ResFinder scored 0.75 + 0.02 for balanced accuracy compared to 0.80 + 0.02 for the monocultures,
301  whilst DeepARG scored 0.58 + 0.03 for sensitivity compared to 0.65 * 0.03 for monocultures.

302 Increasing starting data volume raises the overall accuracy of AMR predictions

303 The effect of data volume on the AMR prediction performance was assessed by analysing a subset of
304 our samples filtered to 500 Mb, 250 Mb, 100 Mb, 50 Mb and 25 Mb. Figure 7 shows that for each
305 sequential increase in starting data volume, a significant improvement is seen in the balanced accuracy
306 of the AMR predictions. However, this decreased with higher data volumes: the incremental
307 improvement in sensitivity between 25 Mb and 50 Mb is larger than that between 250 Mb and 500
308 Mb. Although not tested here, the trends in Figure 7 suggest that 1000 Mb of data would produce
309  better predictions still.

310
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Figure 4. Performance metrics for each AMR prediction strategy, calculated at the level of antibiotic class and stratified by prediction strategy. Prediction strategy names follow the
general structure assembly/reads.tool.(database).(ss), where (database) is only relevant for those tools with multiple database options and (SS) is only relevant for those tools with a species-
specific mode. A) shows the mean balanced accuracy per strategy across all 151 monocultured samples in our dataset, whilst B) shows the mean sensitivity and C) shows the mean specificity.
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proven resistance.

12


https://doi.org/10.64898/2026.04.06.716670
http://creativecommons.org/licenses/by-nc/4.0/

319

320
321
322
323
324
325
326
327
328

bioRxiv preprint doi: https://doi.org/10.64898/2026.04.06.716670; this version posted April 6, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under a CC-BY-NC 4.0 International license.

Data_Volume

500mb
250mb
100mb

[

Sensitivity Specificity Balanced_Accuracy
Performance Metric

Figure 7. Performance metrics of our 61-sample subset which were filtered to different volumes of raw data by Filtlong, from 500
mb down to 25 mb. Metrics were calculated across all tools and all samples, then stratified by starting volume of data. Statistical

significance was calculated using the Kruskal-Wallis Test and Dunn’s Test.

*** indicates p<0.0005, ** indicates p<0.005, * indicates p<0.05.
*** (KW) indicates p<0.0005 in the Kruskal-Wallis test, but no significant pairwise differences were observed in the Dunn’s Test.

Tool resource usage
The wall clock time and maximum RAM required were recorded for each tool/database combination
run for a single sample (NR149) with an initial volume of data of 155 Mb (Figure 8 and Supplementary
Table S10). All tool/database combinations ran quickly; run times ranged from 1 second (ABRicate
with any database) to 66 seconds (AMRFinderPlus) with a mean of 16.6 seconds (SD=15.12). Maximum
RAM usage was relatively low and easily within the resources of most machines (range 77 MB to 1.15
GB, mean=375 MB, SD=364 MB). Maximum RAM usage did not necessarily correlate with time;
although AMRFinderPlus took the most time of the eight tools, it required only the fourth highest
maximum RAM. Overall, c-SSTAR and ABRicate required the least resources in terms of both time and
maximum RAM usage, whilst AMR++ and DeepARG required the most.
A) B)

ABRicate i c-SSTAR I

StarAMR I ABRicate i

c-SSTAR I Resfinder -
__ DeepARG . AMRFinder
8
'_
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Figure 8. Resource usage per tool and database. A) shows the wall clock time taken to run each tool on a single sample (NR149,
starting data volume 155 Mb) in seconds. B) shows the maximum RAM required by each tool whilst processing the same sample.
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329 8. Discussion

330 Benchmarking AMR prediction tool performance with ONT data could facilitate future clinical
331 implementation

332 In this study, we set out to determine how well existing computational tools can detect AMR in
333  genomic DNA datasets derived from ONT sequencers, by comparing in silico AMR predictions with
334  paired in vitro AST results. Although there are many in silico AMR detection tools available, the
335 majority were originally designed with lllumina short reads in mind. Indeed, some commonly-used
336  tools(e.g. ARIBA (72), SRST2 (73), Groot (74)) could not be tested here, as they are for short read data
337  only. The new Amira tool is designed specifically for long reads; however, at the time of testing it was
338  only available for a limited number of species and thus we did not include it (75).

339 Even those tools that can be used with ONT data were still originally optimised to detect AMR genes
340 and mutations based on the characteristics of lllumina reads. These are short (<500 bp) reads with
341 high (often >99.5%) raw accuracy, and any errors tending to occur as substitutions at the end of reads
342 (76). These tools therefore may not perform as well with reads from ONT sequencers, which are long
343 (typically >1,000 bp) and historically had a higher raw error (1-5%), with errors tending to be insertions
344  or deletions (indels) (77). Although raw accuracy is much higher using the latest ONT sequencing
345  chemistry and basecaller (R10.4.1 flow cells and Dorado commonly produce raw error <1% (78)), many
346 of the datasets analysed here (147/201) were generated using older ONT chemistry or basecallers
347  (R9.4.1 flow cells and Albacore or Guppy). Tools designed with an Illumina error profile in mind may
348 therefore have been too strict, resulting in missed AMR calls. For example, the default mode of RGI
349  only calls exact matches as hits, thus explaining its surprisingly poor performance here; even minimal
350 indels could cause frameshifts in the gene sequences, which would prevent their accurate translation
351 into protein sequences leading to false negative results (33). Applying RGI’s “--include_loose” flag
352  could allow for higher sensitivity with ONT data.

353  With metagenomic ONT sequencing likely to used diagnostically in clinical settings, it will be vital that
354  robust computational methods are used to identify species and detect AMR profiles. Accurately
355  classifying AMR in genomic DNA datasets is also useful in other contexts, such as monitoring the
356  environmental load of AMR-carrying bacteria within healthcare or One Health settings (79-82). Whilst
357  there are well-established and maintained guidelines for the interpretation of in vitro lab-based ASTs
358  (83), no such guidelines currently exist for interpreting in silico DNA-based tests. Understanding the
359 strengths and weaknesses of the possible strategies to detect AMR from genomic data will therefore
360 be important when determining which methods to implement in clinical settings. This has been done
361  for short reads (27) but, until now, not for ONT long read sequencing data.

362  Choice of basecalling mode does not significantly affect AMR prediction accuracy, but choice of
363 assembly strategy does

364 Before comparing the performance of the AMR prediction tools and databases, we optimised the
365 strategy for preparing sample data. The first step in analysing ONT data is basecalling, i.e translating
366  the raw electrical signal (the “squiggle”) into a DNA sequence. Early basecallers such as Albacore,
367  which was used to basecall 34 of the samples in our dataset, did not have different basecalling modes.
368 However, Guppy and Dorado have three accuracy modes: fast, high accuracy (HAC) and super accuracy
369  (SUP). SUP basecalling requires much higher computing resources and takes an order of magnitude
370 longer than fast basecalling, albeit with the benefit of significantly increased per-base accuracy in the
371 resulting fastq reads. HAC basecalling is middle-ground option between fast and SUP. ONT do not
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372  currently publish an expected read accuracy for fast basecalling, but quote a median raw read accuracy
373 of 99.4% and 99.7% respectively for HAC and SUP (84).

374  SUP basecalling within a rapid diagnostic timeframe would require a GPU-powered computer or
375 GridION, which may not be economically viable in all clinical settings. However, despite a slight trend
376  in our results towards more accurate AMR predictions from fast to HAC to SUP the differences were
377  not significant. Our results therefore indicate that even fast basecalling, which is feasible using a
378 standard laptop with 2-4 CPUs and 8-16 Gb RAM, may produce AMR predictions with comparable
379  accuracy to HAC or SUP basecalling. Further, our comparison of the computational resources required
380 for each AMR prediction tool showed that the RAM required is well within the realms of a standard
381 laptop (we tested each tool with 2 CPUs and 8 Gb RAM); using fast basecalling could thereby enable
382  all analysis to be carried out locally, on the same machine.

383  The next step in data preparation after basecalling is assembly into contigs. A previous comparison of
384  AMR prediction tools focussing on short read data included tools that analysed reads but not
385 assembled contigs (27). Although assembling reads into contigs requires additional processing steps
386  and therefore additional time, the processing of individual reads into a consensus sequence greatly
387 improves the per-base accuracy (85). For ONT data, which may be less accurate than lllumina data at
388 the read level, computing a consensus may therefore result in more accurate AMR predictions. Our
389  results show that Miniasm, which exchanges accuracy for speed, performed the worst overall, whilst
390 Flye and Flye+Medaka produced results that were not significantly different. This finding is
391 unsurprising, since newer sequencing chemistries and basecallers may not need post-assembly
392 polishing (86). However, since a relatively large number of our samples were not produced using the
393 latest chemistry and basecaller, we chose to use the Medaka assemblies instead of Flye when
394  analysing the performance of each AMR prediction tool separately.

395 ResFinder DB outperforms the other databases tested here in both per-antibiotic and per-class
396 strategies

397  We tested a variety of tools with a variety of databases, in both assembly and read-based modes.
398 Where a tool allowed either assembly or read mode to be used, we trialled both. Likewise, where a
399  tool allowed the selection of AMR databases (e.g. ABRicate), we trialled all available. ResFinder, CARD,
400 MEGARes and NCBI’'s AMRFinderPlus are among the most commonly used AMR gene databases (87),
401 and all were trialled with more than one tool. Our results show that, in terms of balanced accuracy,
402  the ResFinder database outperforms the others for AMR prediction from ONT data, independent of
403 the tool used to screen the database. Of the ResFinder-based tools, the standalone ResFinder tool
404  performed best.

405 ResFinder performed almost exactly the same when used with assembled contigs or with raw reads,
406  suggesting that important AMR information from the reads is not lost during consensus building.
407 ResFinder performed best in species-specific mode, although the ResFinder command line tool only
408 includes species-specific screening for a very limited number of species. Of note, the ResFinder
409  webserver (88) offers species-specific screening with PointFinder for far more species than the
410 command line tool. In addition, the webserver is user-friendly and outputs an easily interpreted results
411 report. One accurate AMR prediction strategy for rapid diagnostics would therefore be to simply use
412 the ResFinder webserver with either assembled fasta or raw fastq reads, selecting any species known
413 to be in the sample. However, this relies on a shared public web service; analysis turnaround time may
414  therefore vary with server load and concurrent usage. In addition, the need to upload genetic data to
415 an online tool could raise ethical concerns, particularly when working with metagenomic samples
416  originally from humans, which may still contain human DNA sequences.
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417  Are all false positives really false positives?

418 Although DeepARG outperformed other strategies in sensitivity, its poor score for specificity suggests
419  ahigh likelihood of false positives compared to AST. If used clinically to support a choice of antibiotic,
420 DeepARG could therefore lead to more antibiotics being excluded than by AST. However, the term
421 “false positive” may be misleading. There are instances in which isolates with known resistance
422  determinants are deemed susceptible by ASTs. This suggests that the AMR gene is present but not
423 phenotypically expressed at levels detectable under standard laboratory conditions (89, 90). Such
424  “silent” or poorly expressed resistance genes still reflect a latent AMR potential that could be clinically
425 relevant, particularly if expression is induced in vivo or under antibiotic selection pressure. In addition,
426  ASTs are not 100% accurate, with reproducibility and other outcomes ranging from 90-99% (91).
427 Despite its seemingly worse performance than Resfinder, DeepARG may therefore represent a more
428  conservative option for complementing clinical decisions, and is a strong choice for surveillance of the
429  full resistance gene load in metagenomic samples.

430 Is in silico AMR prediction ready for use in a clinical setting with ONT data?

431 In this study, we identified an optimal strategy for preparing ONT data for AMR prediction, and
432  compared the performance of AMR prediction tools and databases. Tools using the ResFinder
433  database strike the best balance between sensitivity and specificity, while DeepARG performs the best
434 in terms of just sensitivity.

435 However, even the best performing tool missed some AMR reported by phenotypic AST. Although no
436  diagnostic test is perfect, in order for a test to be trusted for making clinical decisions, its accuracy
437  would ideally approach 100% (92). DeepARG, the best tool for sensitivity, detected only 65% of the
438  AMR in our AST results. A number of factors may have led to this. Our dataset represented a wide
439  variety of sequencing qualities, with some samples dating back to 2019 or earlier, sequenced on less
440  accurate flow cells and basecalled with less accurate algorithms. Some of our samples had minimal
441  data, and our data volume test shows that even 500 Mb might not capture all AMR present in a
442  sample. In addition, some samples contained species less well-represented in the AMR databases
443  and/or more difficult to detect (e.g. Mannheimia haemolytica, Capnocytophaga canismorsus and
444 Mpycobacterium tuberculosis). Nonetheless, we included these to ensure our testing was
445 representative of the spectrum of pathogens that could be present in clinical MWGS samples.

446 Predicting AMR based on antibiotic class instead of specific antibiotic may lead to better sensitivity
447  where there is predictable susceptibility or resistance to all drugs with a class; our results showed an
448  improvement from 65% to 80% for DeepARG. Using this strategy, if a gene was detected which was
449 related to AMR in a specific antibiotic, all other antibiotics from that same class would automatically
450 be excluded. For example, if a gene related to gentamicin resistance was detected, all macrolides
451 would be excluded and an entirely different antibiotic class would need to be used. However,
452 predictive antibiotic susceptibility is variable between classes, bacterial species and AMR genes. In our
453  study, performance for aminoglycosides, glycopeptides, tetracyclines and trimethoprim were
454  reasonably good, whilst that for beta-lactams was less impressive, and performance for
455 fluoroquinolones was very poor. In genomic terms, this may also reflect gaps in AMR databases as well
456  as point mutations rather than specific AMR genes (e.g. in fluoroquinolone resistance) (93). As most
457  tools do not offer a species-specific mode or the option to screen for point mutations, sensitivity to
458  AMR caused by point mutations will be low. Care should therefore be taken with any class-based
459  strategy to avoid excluding antibiotics that may be effective, or including those where resistance is
460 likely. This is particularly important in serious infections and/or multi-drug-resistant scenarios where
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461  clinical outcomes depend on a rapid and accurate choice of antibiotic, and fewer antibiotics are
462 available.

463 Conclusions

464  In conclusion, limitations remain for users considering the implementation of AMR prediction tools
465  and databases with nanopore long reads in clinical settings. This mirrors an earlier study with Illumina
466 short reads (27). Universal guidelines for how in silico predictions should be interpreted for each
467 antibiotic and antibiotic class are needed. In the meantime, the results of in silico predictions should
468  be used with caution, with clinical decisions being made on a case-by-case basis, taking into account
469  the case history, pathogen species, antibiotic class and available drugs. Based on our findings, in silico
470  AMR prediction using mWGS is ready to support and augment the results of in vitro AST, particularly
471 in rapid patient-side diagnosis and treatment decisions, but it is not yet ready to replace it.
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