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Species-resolved profiling of antibiotic
resistance genes in complex metagenomes
through long-read overlapping with Argo

Xi Chen 1, Xiaole Yin1, Xiaoqing Xu1 & Tong Zhang 1,2,3,4,5

Environmental surveillance of antibiotic resistance genes (ARGs) is critical for
understanding and mitigating the spread of antimicrobial resistance. Current
short-read-based ARG profiling methods are limited in their ability to provide
detailed host information, which is indispensable for tracking the transmission
and assessing the risk of ARGs. Here, we present Argo, a novel approach that
leverages long-read overlapping to rapidly identify and quantify ARGs in
complex environmental metagenomes at the species level. Argo significantly
enhances the resolution of ARG detection by assigning taxonomic labels col-
lectively to clusters of reads, rather than to individual reads. By benchmarking
the performance in host identification using simulation, we confirm the
advantage of long-read overlapping over existing metagenomic profiling
strategies in terms of accuracy. Using sequenced mock communities with
varying quality scores and read lengths, along with a global fecal dataset
comprising 329 human and non-human primate samples, we demonstrate
Argo’s capability to deliver comprehensive and species-resolved ARG profiles
in real settings.

Over the past few decades, antimicrobial resistance (AMR), specifically
bacterial AMR, has emerged as one of the greatest global concerns
because of the growth of infections by drug-resistant pathogens and
the lack of novel drug discoveries1. In 2021 alone, AMRwas reported to
be directly responsible for an estimated 1.14million deaths worldwide,
and this number is forecast to rise to 1.91 million by 2050 if no con-
certed and collaborative global action is taken2. This high AMR-
associated death toll imposes a substantial burden on human public
health and highlights the urgency of surveillance to monitor the
emergence and spread of AMR, both spatially and temporally3.

Traditionally, AMR surveillance has predominantly focused on
pathogenic isolates of antibiotic-resistant bacteria (ARB) cultured
from clinical samples4. While these methods provide comprehensive
information about resistance phenotypes through antimicrobial sus-
ceptibility testing (AST), they are time-consuming, costly, and often

overlook non-pathogenic species, which are equally capable of
developing antibiotic resistance genes (ARGs) under certain selective
pressures and transmitting them via horizontal gene transfer (HGT)5.
Cultivation-independentmethods, specificallymetagenomics, directly
extract genetic material from all microorganisms as a whole, thus cir-
cumventing the issue of culture bias and are increasingly being applied
for AMR surveillance6. A typical workflow of this kind involves quan-
tifying ARGs by mapping sequenced reads to a known ARG reference
database, such as CARD (Comprehensive Antibiotic Resistance
Database)7, NDARO (National Database of Antibiotic Resistant
Organisms)8, or SARG (Structured Antibiotic Resistance Gene
database)9, and subsequently normalizing the estimated number of
ARG copies with respect to a constant to account for varied sequen-
cing depths10. With this approach, surveillance efforts have been
expanded to include a range of environmental compartments in
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addition to clinical isolates, such as oceans11, soil12, cities13,
wastewater14, and feces15.

Despite these advances, current surveillance methods utilizing
second-generation short reads are known to be limited in linking ARGs
to their specific microbial hosts6. To overcome this, short reads are
often assembled into contiguous sequences (contigs) to improve the
maximally achievable taxonomic resolution, at the cost of reduced
sensitivity in ARG detection15. However, assigning species-level tax-
onomy to ARG-containing contigs assembled from short reads may
still not be trivial, given that they tend to be fragmented due to the
high frequency of repetitive regions surrounding ARGs, especially in
complex environmental metagenomes16. Third-generation long-read
sequencing, with its ability to generate reads tens of thousands of
bases in length, holds potential for addressing this issue17. Due to their
length advantage, long reads can span not only ARGs at full-length but
also include their contextual information, therebymarkedly increasing
the likelihoodof correct taxonomic classification18. Recently, the useof
long-read sequencing for AMR surveillance has become prevalent. Dai
et al. adopted the Antimicrobial Resistance Mapping Application
(ARMA) workflow developed by Oxford Nanopore Technologies
(ONT), which first identifies ARGs by aligning long reads to CARD and
then performs taxonomic classification of these ARG-carrying reads
with Centrifuge19,20, to track the hosts and fates of ARGs during was-
tewater treatment processes. Similarly, Yang et al. employed Kraken2
to assign GTDB taxonomy to ARG-carrying reads and incorporated
these assignments into a framework for quantitative microbial risk
assessment of beach water21,22. Although these approaches show great
promise, their performance—particularly in using taxonomic classifiers
for ARG-carrying reads—has rarely been justified. Furthermore, as
ARGs are prone to horizontal gene transfer, they may appear in mul-
tiple genetic locations (e.g., plasmids or chromosomes) across differ-
ent species, making it even more challenging to classify ARG-
containing reads accurately on a per-read basis16.

Here, we introduce Argo, a novel ARG profiler designed to
enhance the accuracy of host-tracking in long-read metagenomics.
Unlike existingmethods such as Kraken2 and Centrifuge, which assign
taxonomic labels to each individual read, Argo operates on read
clusters—identified through graph clustering of read overlaps. Taxo-
nomic labels of reads are determined on a per-cluster basis with base-
level alignment to GTDB and refined via greedy set covering. Using
simulated data, we demonstrate this read-overlapping approach sub-
stantially reduces the number of misclassifications in host identifica-
tion compared to traditional taxonomic assignment strategies, while
maintaining high sensitivity and speed by avoiding the computation-
ally intensive assembly step.

We further validate Argo’s high accuracy in profiling ARGs using
four real metagenomic mock samples, each exhibiting unique read
characteristics. By leveraging a dataset comprising 329 human and
non-human primate fecal samples, we illustrate Argo’s effectiveness in
surveilling ARGs within complex environments. Our analysis reveals
that human-specific co-diversification of the gut microbiota sig-
nificantly increases ARG abundance, and this increase is primarily
driven by non-pathogenic commensal lineages rather than pathogenic
ones. Moreover, using Escherichia coli (E. coli) as a global indicator, we
observe distinct geographical patterns in its ARG types and potential
horizontal ARG transfers between it and other non-pathogenic species
in the gut.

Results
Overview of Argo and its database
Argo is a read-based ARG profiler that takes long reads as input and
generates ARG profiles for each detected species. Given a reference
ARG database, Argo first identifies reads carrying at least one ARG
using DIAMOND’s frameshift-aware DNA-to-protein alignment (Fig. 1a,
“Methods”)23. This step serves as a preliminary filter that substantially

reduces the number of reads requiring further processing. ARGs, along
with their detailed coordinates on reads, are recorded for subsequent
computation. Since long reads exhibit highly diverse quality scores,
which consequently affect the accuracy of alignments, Argo adaptively
sets an identity cutoff by default to ensure profiles are comparable
across samples generated by different sequencing platforms. This
identity cutoff is initially estimated based on the per-base sequence
divergence derived from the overlaps of the first 10,000 reads,
obtained using minimap2’s approximate mapping24, and is later
recalculated once the overlaps of ARG-containing reads become
available (Supplementary Fig. S1, “Methods”).

Here, the referenceARGdatabase, whichwe refer to as SARG+, is a
manually curated compendium of protein sequences collected from
CARD, NDARO, and SARG (“Methods”). We do not use any pre-existing
databases since they are either not comprehensive enough or not
designed primarily for read-based environmental surveillance at
species-level resolution. Thesedatabases typically containonly a single
or just a few representative sequences per ARG. For example, eptA is a
phosphoethanolamine transferase present in both Escherichia coli and
Salmonella enterica25, yet only the sequence of Escherichia coli is
included in CARD. This may lead to an underestimation of ARG
abundance if any identity-based filter is applied, given that the protein
sequences of eptA in Salmonella enterica and Escherichia coli share
only 82.4% identity. By contrast, SARG+ augments these databases by
including all RefSeq protein sequences annotated through the same
evidence (BlastRules or Hidden Markov Models provided by the NCBI
Prokaryotic Genome Annotation Pipeline, PGAP) as those for experi-
mentally validated ARGs26, thereby covering not only the eptA gene of
Escherichia coli but also the ones from a variety of other species,
including Salmonella enterica. This database expansion allows Argo to
employmore stringent thresholdswhilemaintaining high sensitivity in
ARG identification. Furthermore, we discard all regulators (e.g., acti-
vators and repressors of ARGs), housekeeping genes, and ARGs that
arise from point mutations, since the presence of these genes is not
necessarily indicative of direct antibiotic resistance15. We also group
highly similar ARGs—such as blaOXA-1 and blaOXA-1042, which differ by
only a single amino acid (R101G, 99.6% identical)—to avoid potential
ambiguities. After deduplication via clustering, SARG+ currently
encompasses 104,529 protein sequences organized in a consistent
hierarchy of type (class/family), subtype (subclass/gene), and
sequence (“Methods”).

ARG-containing reads then undergo two major steps for taxo-
nomic classification. First, these reads are mapped to a reference tax-
onomy database using minimap2’s base-level alignment to generate a
list of candidate species labels for each read. These labels are subse-
quently aggregated into candidate species sets, where each set con-
tains at least one read, and each readbelongs to at least one set (Fig. 1b,
“Methods”). The reference taxonomydatabase is derived by extracting
ARG-containing genomic regions, each with at most 10,000 bp, from
596,663 assemblies (113,104 species, excluding 196 assemblies depre-
cated by NCBI) of GTDB release 09-RS220 (Supplementary Fig. S2,
“Methods”). We use GTDB by default since it is more comprehensive,
better quality controlled, and has fewer issues with confused taxo-
nomic annotations compared to NCBI RefSeq27. Note that the database
is constructed with the entire collection of GTDB rather than just the
species representatives. This redundancy is important, given that a
single representative genome may not cover all possible ARGs of a
species, especially those acquired through HGT in complex environ-
mental samples28. To account for ARGs carried by plasmids, ARG-
containing reads are marked as “plasmid-borne” if they additionally
map to a decontaminated subset of RefSeq plasmid29, which currently
includes 39,598 sequences (“Methods”). We omit ARGs carried by
phages since phage-associated ARGs are highly rare, and even if
detected with permissive thresholds, these genes are unlikely to be
bona fide ARGs that confer antibiotic resistance30,31.
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Second, reads containing ARGs are overlapped with each other to
build an overlap graph. This graph—a large sparsematrix representing
the pairwise identities between reads—is then segmented into com-
ponents (i.e., read clusters) using the Markov Cluster (MCL) algorithm
(Fig. 1c, Supplementary Table S1, “Methods”)32. Reads originating from
the same genomic region tend to have higher overlap identity and are
therefore more likely to be clustered together. Ideally, each read
cluster should represent a singleARG froma specific species.However,
some clusters may spanmultiple closely located ARGs or ARGs shared
across species. In these cases, taxonomic assignments are determined
by solving aweighted set coverproblemusing agreedy algorithm,with
species sets defined previously and weights given by alignment scores
(Fig. 1c, “Methods”). Within each cluster, reads with the same taxo-
nomic assignments are deemed plasmid if over 50% of them are
labeled as “plasmid-borne”. The motivation behind using read clusters
is that some ARGs can be lengthy, making individual fragmented reads
(e.g., 1000 bp) insufficient to cover entire genes, thus leading to
inaccurate per-read taxonomic classification. With read-overlapping,
Argo properly handlesmulti-mapped, ambiguous reads by reassigning
them to the most likely lineages based on local information collected
from their neighbors.

For a given ARG, its abundance within a specific species is calcu-
lated by first summing up the coverage of all its associated reference
sequences, and then normalizing this sum with respect to the

estimated genome copies of the species, as determined by Melon33.
This results in ARG abundance estimates expressed as “ARGcopies per
genome” (cpg), which is equivalent to “ARG copies per cell” (cpc) if
each cell is assumed to contain a single genome10. The final output of
Argo is an ARG abundance table, with different ARGs as rows and
species as columns (Fig. 1c).

Benchmarking read-overlapping with other taxonomic assign-
ment strategies
To benchmark the host identification performance of read-
overlapping in relation to several existing methods, we simulated
two samples with distinct read characteristics—onewith highermean
quality score q but shorter mean read length l (HQ, q = 19.04,
l = 5028), and onewith lower accuracy but longer reads (LQ, q = 13.19,
l = 10,365)—using themetagenomicmode of NanoSim34. Each sample
comprised 1,000,000 reads from 25 widespread primary or oppor-
tunistic pathogens with even taxonomic abundance (Supplementary
Table S2, “Methods”). We specifically extracted reads carrying ARGs
and used them to assess whether various taxonomic assignment
strategies could correctly identify their taxonomy. For evaluation, we
focused on the percentage of misclassified reads. The types of mis-
classification include (1) true-positive (the misclassified species is
within the 25 species), (2) false-positive (the misclassified species is
not among the 25 species), and (3) unclassified (the read is either not

Fig. 1 | Overview of Argo. a Screening of ARG reads. Given input long reads, those
that carry at least one ARG are extracted using DIAMOND’s frameshift-aware DNA-
to-protein alignment with an adaptive identity cutoff. b Collection of host infor-
mation. ARG-containing reads are mapped to an ARG-tailored reference taxonomy
database (GTDB) to obtain candidate species sets and alignment scores using
minimap2’s base-level alignment. c Assignment of taxonomic labels. ARG-
containing reads are overlapped with each other to form an overlap graph using

minimap2’s approximate mapping (without base-level details). The graph (each
vertex represents a read, and each edge the identity between reads) is segmented
into components (read clusters) using the MCL algorithm. Taxonomic labels of
reads within each cluster are determined by solving a weighted set cover problem
with a greedy approximation. The final output of Argo is a tab-delimited table
listing ARG abundances by species. a–c Semi-transparent gray dots stand for ARGs.
Colors indicate different species.
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utilized by the classifier or its classification does not reach species-
level taxonomy).

As the performance of taxonomic classifiers hinges on their
underlying databases35, we rebuilt the databases for Kraken222,
Centrifuger36, MetaMaps37, MEGAN-LR38, and minimap224 exclusively
using RefSeq complete genomes as ofMay 10, 2024, to ensure fairness
(“Methods”). Regarding these methods, minimap2 refers to the native
base-level alignment of ONT reads (preset ‘map-ont’). minimap2+BH
retains a single best-hit (BH) for each read based on the alignment
score and adopts its taxonomy. minimap2+EM reassigns the taxo-
nomic labels of multi-mapped reads using the expectation-
maximization (EM) algorithm. minimap2+RO is the taxonomic
assignment strategy of Argo, where taxonomic labels are determined
through read-overlapping (RO) and subsequent set covering. MEGAN-
LR aggregates the alignments of minimap2 using a lowest common
ancestor (LCA) algorithm called interval-union LCA. MetaMaps
employs minimizer-based approximate mapping and EM for post-

correction. Centrifuger and Kraken2 are both alignment-freemethods.
Centrifuger is a successor of Centrifuge20, designed to scale with large
and growing databases. Kraken2 represents the most widely used
taxonomic classifier in the field.

As shown in Fig. 2a–b, minimap2+RO clearly outperformed all
other methods, achieving overall misclassification rates of 0.19% and
0.09% for HQ and LQ, respectively. Kraken2 performed poorly, with its
misclassification rates varying strongly across species and reaching up
to 16.63% for Mycobacterium tuberculosis in HQ. Unlike Kraken2, Cen-
trifuger displayed reasonable performance, maintaining below 1.32%
overall misclassification rates for both samples, despite also being
alignment-free.MetaMapswas theonly tool exhibitinghigher accuracy
for HQ (0.79% misclassified) than for LQ (1.64% misclassified), sug-
gesting that its approximatemapping algorithmmaybemore sensitive
to read accuracy than to read length and/or sequencing depth.
MEGAN-LR also employsminimap2, but its LCA algorithm resulted in a
large proportion of reads being unclassified at the species level,

Fig. 2 | Benchmark of host identification performance. a Species-specific mis-
classification rate in percentage (mis. %). The 25 species represent the top 25 pri-
mary or opportunistic pathogens given by NCBI. All species have at least one ARG.
bOverall misclassification rate in percentage. Colors indicate three different types
of classification, including true-positive, false-positive, and unclassified. c Sequence
cover (reference ARG sequence) in percentage. The lower and upper hinges of the
boxplot correspond to the first quartile (Q1) and third quartile (Q3), respectively,
while the center line represents the median. The whiskers extend to the smallest
and largest values within Q1− 1.5 × IQR (lower whisker) and Q3+ 1.5 × IQR (upper
whisker), where IQR (interquartile range) is the difference betweenQ3 andQ1. Data

outside this range are considered outliers and are displayed individually. The
number of high-scoring segment pairs (HSPs) within length groups for HQ (LQ):
0–1k, n = 10,600 (19,935); 1–2k, n = 24,250 (43,566); 2–3k, n = 1177 (2103); >3k,
n = 5725 (9521). Colors denote read types: raw reads (individual cover) and clus-
tered reads (collective cover). Dashed gray lines represent 90% subject-cover cut-
offs. d Cluster size distribution. Clusters with a single read were omitted. Sample
statistics, including no. clusters (clu.), mean coverage (cov.), and mean size of
clusters, are shown in tables. Dashedgray lines represent samples’mean coverages.
a–d Samples with high quality (HQ, q = 19.04, l = 5028) and low quality (LQ,
q = 13.19, l = 10,365).
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especially for Bacillus cereus (up to 46.09% unclassified and 46.78%
misclassified). minimap2+BH demonstrated the second-lowest overall
misclassification rates, with 0.55% for HQ and 0.27% for LQ, high-
lighting the advantages of base-level alignment over approximate and
alignment-free methods. minimap2+EM did not perform as well as
minimap2+BH for certain species. Although the additional EM step
greatly reduced the number of false-positive misclassifications (HQ:
0.39% to 0.01%, LQ: 0.25% to 0.05%), it also inadvertently skewed the
relative abundance estimates by introducing true-positive mis-
classifications (HQ: 0.16% to 0.79%, LQ: 0.02% to 0.43%) due to the
presence of highly similar species, leading to overall misclassification
rates above 0.47% for both HQ and LQ.

Notably, some species were considerably harder to classify. For
instance, while all methods accurately identified Vibrio para-
haemolyticus, most failed to classify Enterobacter cloacae without
errors (Fig. 2a). This difficulty in classifying Enterobacter cloacae likely
originated from the presence of a plasmid sequence (NZ_OW968330.1)
in its genome that is shared by a wide range of species, including
Klebsiella pneumoniae, Escherichia coli, Citrobacter freundii, and
Enterobacter hormaechei. Resolving this ambiguity solely with meta-
genomics is unlikely to be feasible.

To better understand the roles of read-overlapping in facilitating
host identification, we analyzed the alignment patterns and taxonomic
compositions of reads within the derived clusters. For each cluster,
reference ARG sequences—regardless of their lengths—could be ade-
quately covered by reads collectively (Fig. 2c). This property aided in
the elimination of spurious ARGs by applying a subject-cover cutoff
(typically 90%), without compromising fragmented long reads that
could not sufficiently cover reference sequences on their own. Addi-
tionally, the majority of read clusters containing at least two reads
tended to match the sample’s mean coverage in size (Fig. 2d). This
trend suggests a preference for clusters with unique ARG-species
combinations, which is expected given that reads from the same
genomic region generally exhibit lower sequence divergence and are
more likely to be grouped together. Furthermore, 99.48% and 97.73%
of these clusters achieved perfect species-level purity for HQ and LQ,
respectively, confirming that read clusters successfully segregated
reads into species-specific bins, thereby simplifying taxonomic
classification.

Comparison between read-based, assembly-based and binning-
based methods for ARG profiling
Assembly can enhance the effective length and accuracy of sequences
by combining overlapping reads to construct longer contigs, and is a
must when studying ARGs in the context of mobility39. However, it is
well-established that assembly can lead to reduced sensitivity in ARG
detection due to the requirement of a minimum coverage (average
sequencing depth), typically 3×15. On the other hand, assembled con-
tigs can be binned to form metagenome-assembled genomes (MAGs)
for more consolidated taxonomic classification, but this may result in
further information loss as contigs not selected for binning will be
discarded. To compare read-based, assembly-based, and binning-
based ARG profiling methods, we downsampled the two simulated
samples (HQ and LQ) to achieve a range of coverages at 1×, 2×, 4×, 8×,
16×, and 32×. Reads were assembled into contigs using metaFlye40.
Contigs were binned into MAGs using SemiBin241. Taxonomic labels
for contigs and MAGs were obtained with Kraken222 and GTDB-Tk42,
respectively (“Methods”).

Overall, the performance of all profiling methods improved with
higher coverage, as evidenced by increased F1-scores and correlation
coefficients, as well as decreased L1/L2 distances (Fig. 3a–d). Binning-
based profiling (SemiBin2 + GTDB-Tk) consistently underperformed
assembly-based profiling (metaFlye + Kraken2), which was expected
given that the genomes of the 25 species were all present in Kraken2’s
database, making the advantages of genome-centric taxonomic

classification less apparent. Additionally, since the assemblies couldbe
highly fragmented, with N50 values ranging from 15,689 bp (HQ, 1×) to
3,972,440 bp (LQ, 32×) and numbers of contigs from 2089 (HQ, 4×) to
72 (LQ, 32×), a large proportion of contigs were not properly binned
due to their short lengths, resulting in considerably lower recall and,
consequently, inaccurate ARG abundance estimates. We also note that
binning these contigs might be particularly difficult because modern
binning algorithms typically leverage differential abundance, in addi-
tion to sequence composition, to distinguish species, yet here, all
species were simulated with equal taxonomic abundance (Supple-
mentary Fig. S3).

Read-based profiling (Argo) featured much lower detection
thresholds compared to assembly- and binning-based profiling, as
reflected by its relatively high F1-scores (types: 0.811–0.935, subtypes:
0.692–0.892) at 1–2× (Fig. 3a). In contrast, assembly- and binning-
based profiling hardly reached F1-scores above 0.5 at such low cover-
age, primarily due to their low recall. For coverage at 4× and above,
read-based profiling maintained F1-scores exceeding 0.9 for both ARG
types and subtypes, whereas assembly-basedprofiling required at least
8× and binning-based profiling more than 32× to achieve similar
scores. This disparity likely stems from the inherent challenges in
assembling and binning ARGs, which are frequently embedded in
repetitive regions across diverse genomic contexts16. Moreover,
although read-based profiling is known to be prone to false-positive
predictions due to spurious alignments39, Argo’s precision remained
high even at coverage down to 1× (types: 0.977–0.992, subtypes:
0.982–0.988). This reinforced the robustness of using read clusters for
ARG profiling.

Regarding correlation coefficients and L1/L2 distances, read-
based profiling proved less advantageous than assembly- and binning-
based profiling owing to its susceptibility to intra-genomic sequencing
depth variation (Fig. 3b–d). This variation (approximately Poisson
assuming uniform read distribution) prevents read-based profiling
from achieving perfect correlations and zero distances by introducing
noise to estimates of both ARG copies (numerator of cpg) and genome
copies (denominator of cpg). In real metagenomics where species can
actively grow, this issue is expected to be further exacerbated due to
the uneven sequencing depth caused by bidirectional DNA replication
from the origin to the terminus43. Assembly- and binning-based
methods, by contrast, are less affected by this variation and can
directly yield ARG abundances in terms of cpg (assuming repeats can
be resolved) without normalization. Here, while read-based profiling
generally demonstrated the best performance at low coverage (1–2×),
assembly-based profiling tended to overtake at 4–8× for both corre-
lation coefficients and L1/L2 distances. Nevertheless, the differences
between these two at high coverage (16–32×) were minimal, as indi-
cated by their similar type-level correlation coefficients (assembly-
based: 0.959–0.999, read-based: 0.986–0.993) and L2 distances
(assembly-based: 20.833–2.646, read-based: 12.332–9.011). Subtypes
exhibited slightly different performance patterns compared to types,
but the trend of improvement with increased coverage held true.

Finally, we observed in this simulation experiment that more
accurate reads did not necessarily guarantee improved performance
for either assembly- or binning-based profiling (Fig. 3a–d). Both
methods appeared to be more sensitive to read length than to read
accuracy, especially at higher coverage, as suggested by their peak F1-
scores (HQ: 0.959, LQ: 0.997). Conversely, while read-based profiling
did show some improvementwith increased read accuracy (HQ: 0.993,
LQ: 0.978), this effect was likely marginal.

Performance evaluation using sequenced mock communities
We next investigated whether Argo works with real metagenomic
samples. We applied Argo to four sequenced mock communities
possessing different mean read lengths l (4771–10,365) and mean
quality scores q (10.77–38.77), including ZymoD6300 (8bacteria and2
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Fig. 3 | Comparison between ARG profiling methods. a Expected and estimated
ARG abundances (cpg). F1-scores at the type level (typ.) and subtype level (sub.) are
summarized in tables. ARGs with unclassified taxonomy were not used in F1-score
calculations. Dashed gray lines indicate 1:1 ratio lines. b Pearson correlation coef-
ficient measuring the linear relationship between estimated and expected ARG

abundances. c, d L1 (c) or L2 (d) distances measuring the deviation between esti-
mated and expected ARG abundances. a–d Colors represent samples: HQ
(q = 19.04, l = 5028) and LQ (q = 13.19, l = 10,365). Shapes of points and line types
denote ARG profiling methods: read-based (Argo), assembly-based (metaFlye +
Kraken2), and binning-based (SemiBin2 + GTDB-Tk).
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yeasts, ONT), Zymo D6331 (15 bacteria and 2 yeasts, ONT), ATCC
MSA2006 (12 bacteria, ONT), and ATCC MSA1003 (20 bacteria, Pac-
Bio). Expected ARG abundances were obtained by aligning the refer-
ence genomes of these mocks (provided by the respective suppliers)
to SARG+ and counting ARG occurrences, while estimated ARG
abundances were directly output by Argo (Supplementary Table S3).

Argo performed reasonably well at the type level for all mock
communities except D6331, with Pearson correlation coefficients of
0.672 for D6331, but 0.976, 0.981, and 0.990 for MSA2006, MSA1003,
and D6300, respectively (Fig. 4, Supplementary Fig. S4). D6331 had a
staggered distribution of species and a relatively low total number of
genomes. Consequently, most species in this mock were of low cov-
erage (less than 1×). ARGs of these rare species could hardly be
detected, leading to a substantially low type-level recall of only 0.652.
However, this issue is likely to improve with increased sequencing
depth. For example, MSA1003, despite also having a staggered dis-
tribution, achieved a recall of 0.930 for ARG types. To verify whether
increasing sequencing volume enhances recall, we deeply sequenced
D6331 using a single PromethION flow cell (R10.4.1) with the latest
chemistry (Kit 14, Q20+), yielding a total of 23.43 million reads (base-
called with Dorado v7.2.13) and 128.4 Gbp. As expected, recall
improved to 0.761, 0.826, and 0.913 at sequencing volumes of 4 Gbp,
64 Gbp, and 128 Gbp, respectively (Supplementary Fig. S5).

Additionally, Argo’s precision remained above 0.9 for all these
mocks at both the type and subtype levels, irrespective of the identity
cutoff chosen for each sample, which ranged from 67.47 (median
sequence divergence 0.0901, MSA2006) to 89.58 (median sequence
divergence 0.0017, MSA1003). However, we did observe some

increase in precisionwith respect to q. This improvement is reasonable
given that the primary goal of using adaptive cutoffs is tominimize the
deviation between estimated and expected ARG abundances. With a
default cutoff of 90 − 2.5 ×median sequence divergence in percentage,
we aim to ensure that even reads of the lowest quality can be retained.
As a result, it is inevitable to have false positives when reads exhibit a
wide range of qualities, as indicated by an interdecile range (IDR) in
sequence divergence of 0.046 for MSA2006 (q = 10.77) and 0.007 for
MSA1003 (q = 38.77). On the other hand, completely eliminating false
positives can also be challenging due to the presence of cross-species
chimeric reads, as Argo assumes each read has a single taxonomy.

It is worth noting that Argo properly discerned all plasmid-
associated ARGs, including ant(4’)-I, qacG, and tet(L) for D6300; sul2,
erm(C),mupA, tet(K), and blaZ forMSA1003; aph(2”)-I, erm(B), and qacH
for MSA2006, although the assigned taxonomic labels might not be
fully correct due to the presence of shared plasmids across different
species. Furthermore, some plasmid-borne ARGs, such as aph(2”)-I
(4.256 cpg), erm(B) (2.524 cpg), and qacH (2.586 cpg) of Enterococcus
faecalis (MSA2006), exhibited higher abundances compared toothers.
This confirms the multicopy nature of plasmids, which serves as a
catalyst for the evolution of ARGs44.

Application to human and non-human primate fecal samples
Non-human primates are close evolutionary relatives of humans,
sharing genetics, physiology, behavior, and social structures akin to
those of humans45. These similaritiesmake them excellentmodels for
studying gut microbial communities and their roles in human health
and disease46. Furthermore, the minimal exposure of these primates

Fig. 4 | Performance evaluation with sequenced mock communities. Expected
and estimatedARG abundances (cpg). Sample statistics, including the total number
of genomes (no. gen.), mean quality scores (q), and mean read lengths (l), are
shown in the upper left tables. Precision (pr.) and recall (re.) for ARG types (typ.)
and subtypes (sub.) are displayed in the lower right tables. Dashed gray lines
indicate 1:1 ratio lines. Species names were manually adjusted to reflect updates in

taxonomy and resolve inconsistencies between NCBI and GTDB. Schaalia odonto-
lytica was renamed to Pauljensenia odontolytica (MSA1003), Lactobacillus fermen-
tum to Limosilactobacillus fermentum (D6300 and D6331), Bacillus subtilis to
Bacillus spizizenii (D6300), Fusobacterium nucleatum to Fusobacterium animalis
(D6331), and Clostridium perfringens to Sarcina perfringens (D6331). MLS:
macrolide-lincosamide-streptogramin.
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to antibiotics renders them ideal baselines for comparisonswith their
human counterparts. To examine thedistribution patterns of ARGs in
human and non-human (NH) primates, we downloaded fecal long-
read metagenomic samples of 317 healthy humans from five coun-
tries spanning three continents: China (CN, n = 170)47,48, South Korea
(KR, n = 5)49,50, Singapore (SG, n = 109)51, Germany (DE, n = 11)52, and
the United States (US, n = 22)53,54, along with 12 NH primates (chim-
panzees and bonobos) residing in the wild of equatorial Africa46.
Using Argo, we generated ARG profiles for these samples (Supple-
mentary Fig. S6).

Overall, the estimated total ARG abundances in terms of cpg dif-
fered significantly between these datasets (Kruskal–Wallis, χ2= 98.4,
adjusted p < 2e−16), showing a decreasing trend from CN to NH
(Fig. 5a). This trend, excluding NH, roughly mirrored the Human
Development Index (HDI) rankings, corroborating a global-scale study
observing an inverse proportionality between ARG abundances and
HDI values (i.e., higher development resulting in lower ARG abun-
dances) using sewage55. NH had distinctly lower cpg values than all
countries, with adjusted p-values (Mann–Whitney) below 0.05 for all
pairwise comparisons. Moreover, this difference was more pro-
nounced for abundant and functional gut genera such as Blautia and
Faecalibacterium than for Escherichia and Streptococcus, suggesting

that the co-diversification of humans and their gut microbes may pri-
marily contribute to increased ARGs in commensal rather than
pathogenic lineages. Nonetheless, noting that NH primates are much
less studied than humans, we cannot rule out the possibility that they
harbor unique ARGs currently not covered by RefSeq and conse-
quently not represented in SARG+. As such, the observed large dif-
ferences may be exaggerated.

We then attempted to identify potential causes of this difference
between humans and NH primates. Exploratory analysis revealed that
total ARG abundances within the gut were positively correlated with
the mean genome size of prokaryotes (generalized additive model,
R2= 0.187, F = 8.1, p < 2e−16) and negatively correlated with the Shan-
non diversity index (R2= 0.593, F = 51.5, p < 2e−16) (Fig. 5b–c). NH
possessed a relatively low average genome size but markedly high
diversity. The former impliesNHprimates harbormore specialists than
generalists in terms of gut microbiota56, as larger genome sizes are
typically associated with a broader range of functional traits, possibly
including antibiotic resistance57. The latter reflects the loss of ancestral
microbial taxa and core microbial biodiversity in humans58,59, a phe-
nomenon that likely contributes to the development of antibiotic
resistance, as species diversity is known to function as an ecological
barrier to ARGs60.

Fig. 5 | Application of Argo to human and non-human primate fecal samples.
a EstimatedARGabundance (cpg). Pairwise comparisons (Mann–Whitney) between
humans and NH primates are shown at the top. Overall group comparisons
(Kruskal–Wallis) are shown at the bottom. The number of asterisks indicates the
significance levels of p-values returned by these tests (after Bonferroni correction):
*p < 0.05, **p < 0.01, ***p < 0.001. The lower and upper hinges of the boxplot
correspond to the first quartile (Q1) and third quartile (Q3), respectively, while the
center line represents the median. The whiskers extend to the smallest and largest
values within Q1 − 1.5 × IQR (lower whisker) and Q3+ 1.5 × IQR (upper whisker),
where IQR (interquartile range) is the difference between Q3 and Q1. Data outside
this range are considered outliers and are displayed individually. b, c Relationship
between ARG abundance and the mean genome size of prokaryotes (b), or the
Shannon diversity index (c). Black lines depict regression lines, while gray ribbons

represent 95% confidence intervals. Model fits of GAMs (generalized additive
models), including R2 and p-values, are shown as text. d, e PCoA (principal coor-
dinate analysis) of the estimated total ARG abundances with respect to genera (d),
or ARG types (e). The fivemost abundant generaorARG types and their projections
are shown by arrows. R2 and p-values of PERMANOVA (permutational multivariate
analysis of variance) are shown as text. f Abundances of different ARG types for E.
coli across countries and NH primates. Colors indicate the number of unique sub-
types within ARG types. e, f MLS: macrolide-lincosamide-streptogramin.
g Abundances of sul and mcr for E. coli across countries and NH primates.
h Network analysis with sul and mcr. Edge widths represent Spearman’s rank cor-
relation coefficients. Coefficients below 0.1 are not displayed. Pathogens include
Enterobacter kobei, Enterobacter roggenkampii, Klebsiella pneumoniae, and Kleb-
siella quasipneumoniae.
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To further test whether the difference is primarily associated with
the carriers of ARGs or ARGs themselves, we decomposed the esti-
mated total ARG abundances with respect to genera and ARG types
using principal coordinate analysis. Interestingly, ARG types (permu-
tational multivariate analysis of variance, R2= 0.373, F = 38.5, p = 1e−4)
explained much more variance compared to genera (R2= 0.169,
F = 13.2, p = 1e−4) (Fig. 5d–e). This suggests that the widespread use of
antibiotics in modern medicine and agriculture, which developed in
the post-industrial era, may lead to selective pressures within genera,
favoring antibiotic-resistant species despite their similar functional
roles compared to other species of the same genus. This evolutionary
process in the gut microbiota over the long term may also provide
evidence that human-associated species tend to have larger genome
sizes, as discussed above. Furthermore, ARG types that contain a high
proportion of antibiotic inactivators (which are known for their high
mobility) were found to be enriched in humans61. Examples included
aminoglycoside (humans: 0.224 cpg, NH primates: 0.007 cpg) and
beta-lactam (humans: 0.412 cpg, NH primates: 0.005 cpg).

In addition to the difference in overall ARG abundances, it is also
of interest to investigate whether the same species carry identical
ARGs in both humans andNHprimates. To verify this, we used E. coli as
an indicator and computed its type-level ARG abundances across dif-
ferent datasets. Strikingly, we observed strong geographical variations
among countries, aswell as clear distinctions between humans andNH
primates (Fig. 5f). CN exhibited the most diverse ARG types, with all
but streptothricin detected. Some ARG types were highly country-
specific. For example, rifamycin, quinolone, fosfomycin, and bleomy-
cin were only identified in CN and SG, whereas streptothricin was
exclusive to KR and US. The number of subtypes within each ARG type
also varied across countries. For instance, aminoglycoside in CN had
the largest number of subtypes detected (n = 12), whereas US the
smallest (n = 1). Although this pattern could be influenced by the
uneven sequencing efforts among countries, it implies CNmay harbor
more variants of ARGs within the samples collected. Notably, NH
covered the fewest ARG types. ARGs against most man-made anti-
biotics, including quinolone, phenicol, and sulfonamide, were absent
from NH.

Using two common acquired ARGs of E. coli, sul and mcr, as
examples, we observed a widespread distribution of sul2 across
countries, with the highest abundances (0.705 cpg) in CN and the
lowest (0.063 cpg) in KR (Fig. 5g). In contrast,mcr-6was detected only
in SG but not in CN, despite CN having the largest sample size. All sul
and mcr were absent from NH primates. We then conducted a simple
network analysis using sul andmcr. Interestingly, we observed positive
correlations between pathogens (including E. coli) and non-pathogens,
indicating the potential for HGT between these species in the gut
(Fig. 5h). This finding aligns with existing evidence that commensals
can serve as reservoirs for ARG dissemination, underscoring the
importance of studying the gut microbiota as a whole62.

Discussion
Argo provides a fast and robust framework for quantifying ARGs and
tracking their hosts in complex metagenomes. By combining the
merits of both read-based and assembly-based profiling methods
through long-read overlapping (the first step of overlap-layout-
consensus assembly), Argo enables accurate ARG abundance estima-
tion andhost identificationwithout the computational overhead of full
genome assembly. This integration not only reduces the chance of
false-positive ARGpredictions due to spurious alignments arising from
local sequence homology, but also aids in correct species labelingwith
aggregated evidence collected from local read clusters. Using simu-
lated, synthetic, and real samples, we demonstrate Argo’s superior
performance in various settings.

Argo uses base-level alignment to determine the hosts of ARG-
containing reads. Though accurate, base-level alignment is known to

be computationally intensive compared to alignment-free methods.
To resolve this, we implement Argo following a two-stage taxonomic
classification scheme. First, since most reads do not carry ARGs, fil-
tering these ARG-free reads out effectively bypasses unnecessary
alignments. Second, considering that the median read length from
current sequencing platforms (e.g., ONT or PacBio) for metagenomic
samples is frequently below 10,000 bp, using reference sequences of
this maximum length allows an over 100-fold compression of GTDB
(from more than 1.5 Tbp to less than 15 Gbp). This combination over-
comes the computational bottleneck associated with base-level
alignment, making detailed ARG profiling feasible on a standard lap-
top computer.

Here, we specifically opt for the full collection of GTDB due to its
comprehensiveness, despite its inherent redundancy. This redundancy
is crucial since many ARGs, especially the acquired ones, are not cov-
ered by species-level representative genomes. Within species, types
and copies of ARGs can vary substantially, and these variations typi-
cally lead to different AMR phenotypes. Additionally, Argo’s frame-
work is not exclusive to ARGs in metagenomics. For other relevant
genes, such as the β-subunit of RNA polymerase rpoB63, the origin of
replication oriC64, or other universal single-copy marker genes65, the
framework does apply. The only requirement is to construct a custo-
mized database for taxonomic classification.

In our simulation experiment, we compared Argo with two com-
monly used ARG profiling approaches: assembly-based (metaFlye +
Kraken2) and binning-based (SemiBin2 + GTDB-Tk). Argo demon-
strated consistently good performance across a range of coverages,
from low (1×) to high (32×). However, assembly-based and binning-
based methods may offer advantages in real-world settings where
species can exhibit differential abundance and remain uncharacter-
ized. Thesemethodsmay be better suited for de novo identification of
ARGs’ genomic contexts and hosts, particularly in new, understudied
environments. In contrast, Argo is inherently reference-based andmay
face classification issues with unseen species or novel plasmid synte-
nies. Nevertheless, the simple structure of Argo’s reference databases
(plain sequences) allows for straightforward expansion by incorpor-
ating user-specific reference sequences (derived from MAGs), in
addition to those from GTDB and RefSeq. This flexibility enhances
Argo’s utility, supporting effective ARG profiling even in complex
metagenomes with many unknowns.

Argo is a read-based profiler, which implies challenges in distin-
guishing single nucleotide polymorphisms (SNPs) from sequencing
errors. As a consequence, ARGs originating from point mutations are
consistently excluded from its database. Likewise, highly similar ARGs
are clustered to avoid potential ambiguities. For instance, blaOXA-1 and
blaOXA-1042, which differ by only one amino acid, are grouped into a
single ARG subtype, blaOXA. This clustering lowers the resolution of
ARGs and could be a drawback for applications requiring open reading
frame (ORF)-based annotation or detailed sequence typing.

Another potential limitation of Argo lies in its detection threshold.
By default, Argo considers ARGs of species with less than one genome
copy (1×) as “unclassified”. This masking is reasonable, given that
insufficient coverage can not only lead to unstable normalization but
also hinder accurate taxonomic classification due to inadequate read
overlaps and less effective read clustering. Such a high detection
thresholdmakes Argo less suitable for profilingARGs of extremely rare
species, similar to other tools for metagenomic analysis. Nevertheless,
with ongoing advancements in long-read sequencing technologies,
including both increased sequencing depth and decreased sequencing
cost, this limitation is expected to diminish in the near future.

In conclusion, as the integration of long-read sequencing into
environmental surveillance of ARGs continues to grow,we believe that
Argo will help standardize ARG quantification and enhance our ability
to trace their origins and dissemination pathways, ultimately con-
tributing to tackling the global health threat posed by AMR.
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Methods
Database construction
SARG+. SARG+ was constructed by combining protein reference
sequences from CARD (ver. 3.2.9), NDARO (ver. 2024-05-02.2), and
SARG (ver. 3.2.1). Sequences were manually curated to ensure they
follow a consistent hierarchy: type (class/family), subtype (subclass/
gene), and sequence. Sequences that potentially belong to more than
one subtype were labeled with an asterisk. For example, cml* repre-
sents sequences of either cmlA or cmlB. Regulators (e.g., activators and
repressors of ARGs), housekeeping genes, and ARGs that arise from
point mutations were removed from the list. This resulted in a refer-
ence database containing 39 types, 1039 subtypes, and 7041 sequen-
ces. The database was subsequently augmented by including all
RefSeq protein sequences annotated with the same evidence, specifi-
cally BlastRules or Hidden Markov Models from the NCBI Prokaryotic
Genome Annotation Pipeline (PGAP), as those for experimentally
validated ARGs26, leading to an extension database containing
476,546 sequences. After deduplication via clustering with MMseqs2
v15.6f45266 (reference: ‘easy-cluster -s 7.5 -c 0.995 --min-seq-id 0.995
--cov-mode 0 --cluster-reassign’, extension: ‘easy-cluster -s 7.5 -c 0.95
--min-seq-id 0.95 --cov-mode 0 --cluster-reassign’), the final database
contained 104,529 sequences, constituting 39 types and 1053 sub-
types, with 81 of these subtypes classified as Risk Rank I.67.

ARG-tailored GTDB. We downloaded 596,663 assemblies (GTDB R09-
RS220, including 107,235 bacterial and 5869 archaeal species) from
NCBI genomes (https://ftp.ncbi.nlm.nih.gov/genomes/). At the time of
download, 196 assemblies had been deprecated by NCBI and were
therefore excluded. Assemblies were aligned to SARG+ using the fra-
meshift alignment mode of DIAMOND v2.1.823 with an e-value cutoff of
10−15, an identity cutoff of 90%, anda subject-cover cutoff of 90% (‘blastx
--evalue 1e-15 --id 90 --subject-cover 90 --range-culling --frameshift 15
--range-cover 25 --max-target-seqs 25 --max-hsps 0’). The resulting high-
scoring segment pairs (HSPs) were filtered using in-house scripts. Spe-
cifically, for each query sequence (contig), we sorted its HSPs by e-value
in ascending order, and then iteratively added HSPs to a collection if
and only if they exhibited less than 25% pairwise query range overlaps
(computed as percentages of the shorter ranges involved) with any
HSPs already in the collection. It is important to note that we allowed
multiple copies of a specific reference sequence to be detected by
setting ‘--max-hsp 0’. For each of the filtered HSPs, a sequence of length
10,000 bp (left and right 5000 bp flanking regions of the HSP’s center)
was extracted using SeqKit v2.8.268 (‘subseq’), wherever possible,
yielding a total of 6,990,421 ARG-containing sequences. To further
reduce redundancy, these ARG-containing sequenceswere clusteredby
ARG subtypes and species at an identity cutoff of 0.9995 and a cover
cutoff of 0.9995 with MMseqs2 (‘easy-cluster -s 7.5 -c 0.9995 --min-seq-
id 0.9995 --cov-mode 1 --cluster-reassign’), resulting in a reference tax-
onomy database comprising 1,394,827 unique sequences.

Plasmid database. 47,163 complete genome or chromosome-level
assemblies were retrieved from NCBI RefSeq as of June 30, 2024.
Sequences were considered candidate plasmid sequences if their head-
ers contained keywords “plasmid” or “megaplasmid”. To reduce the
number of falsely labeled sequences, we used geNomad v1.8.069 to
reclassify these candidate sequences (‘end-to-end --disable-find-pro-
viruses’). Sequences classified as chromosomes were directly discarded,
while those as viruses were retained only if they carried at least one
plasmid hallmark and their plasmid scores were at least twice their
chromosome scores. 10,000 bp ARG-containing sequences were
obtained from the filtered plasmid sequences using the samemethod as
above (see section “ARG-tailored GTDB” for more details), with the
exception that sequences of circular topologywere concatenated before
extraction, as many plasmids were much shorter than 10,000 bp. We
reran geNomad on these extracted sequences using permissive cutoffs

(‘--min-virus-marker-enrichment -100 --min-plasmid-marker-enrichment
-100 --max-uscg 0 --min-score 0 --disable-find-proviruses’) since we
observed that some sequences were in fact chimeras of plasmids and
chromosomes and could not be properly discerned when considered as
a whole. 75,994 sequences with plasmid scores greater than two times
their chromosome scores were kept for further analysis. After clustering
with MMseqs2 (‘easy-cluster -s 7.5 -c 0.9995 --min-seq-id 0.9995 --cov-
mode 1 --cluster-reassign’), 39,598 plasmid sequences were obtained.

Argo implementation
Extraction of ARG-containing reads. Argo identifies ARG-containing
reads again using DIAMOND’s frameshift alignment mode and SARG+,
albeit without direct identity and subject-cover cutoffs, as reads may
be short and vary in accuracy (‘blastx --evalue 1e-15 --range-culling
--frameshift 15 --range-cover 25 --max-target-seqs 25 --max-hsps 0’).
These reads are subsequently overlapped using the approximate
mapping of minimap2 v2.2824 (‘-x ava-ont’). By default, Argo employs
an adaptive identity cutoff inferred from the ‘dv’ tag (approximate per-
base sequencedivergence) of overlaps. Assuming reads are indexedby
i, i 0 2 f1, . . . ,ng, dvi, i 0 represents the sequence divergence between
reads i and i 0 as returned by minimap2, where dvi, i 0 = 1 if reads i and i 0

do not overlap. We define dv = dvi, i 0 jdvi, i 0≠1
� �

and set the identity
cutoff as 100× 0:9� 2:5 ×median dvð Þð Þð Þ. Overlaps for which
dvi, i 0 > max 2:5 ×median dvð Þ, 0:05ð Þ arediscarded, since theymayarise
from alignments across similar species. The filtered overlaps are used
later for graph clustering (“Graph clustering”).

Collection of host information. Reads containing at least one ARG are
mapped to the ARG-tailored GTDB for taxonomic classification using
the base-level alignment ofminimap2 (‘-cxmap-ont -f 0 -N 2147483647
-p 0.9’). Alignments are sorted by the alignment score (AS) in des-
cending order. For each read-species combination, only the top
alignment is recorded. Assuming species are indexed by
j, j0 2 f1, . . . ,mg, an alignment between read i and species j is con-
sidered valid, i.e., ai,j = 1, if its alignment score ASi,j meets the criterion
of maxðASi, j � 0:995, ASi, j + 50Þ>maxj0ASi, j0 , and ai,j =0 otherwise.
With this setup, we define species sets sj as sj = {i∣ai,j = 1} ⊆ {1, …, n},
which are used later for set covering (“Set covering”).

Graph clustering. The overlap graph is clustered using the MCL
algorithm, which exploits random walks to simulate flow within the
graph and identifies clusters as regions of high flow density32. Briefly,
we construct an n × n matrix X = ðxi, i 0 Þ1≤ i, i 0 ≤n using the overlaps

obtained above, where xi, i 0 = 1� dvi, i 0 if i≠i
0, and xi, i 0 = 1 otherwise.X is

then converted into a stochastic matrix Z, which represents the tran-
sition probabilities for random walks on the graph, through column-
wise L1 normalization:

zi, i 0 =
xi, i 0P
ixi, i 0

: ð1Þ

Z undergoes two operations, expansion and inflation, until
convergence:
1. Expansion—raise Z to the power of e (default e = 2), which simu-

lates taking e steps in a random walk:

Z=Ze: ð2Þ

2. Inflation—raise each element of Z to the power of r (default r = 2)
and renormalize:

zi, i 0 =
ðzi, i 0 ÞrP
iðzi, i 0 Þr

: ð3Þ
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At the end of each iteration, values close to zero, i.e., zi, i 0 <
1
n, are

pruned for speed. After convergence, clusters are extracted from the
finalmatrix by identifying non-zero blocks. Theseblocks, wherematrix
entries remain unpruned, indicate high probabilities of reads staying
connected within the same cluster during random walks.

Set covering. With species sets and read clusters defined, we assign
taxonomic labels to reads on a per-cluster basis by solving a weighted
set cover problem using a greedy heuristic. Specifically, given a uni-
verse of reads U ⊆ {1, …, n}, a collection of species sets S = {s1, …, sm},
and a weight function w(sj) = − ∑iASi,j, we iterate:
1. Initialize C  ; and T ← U.
2. While T ≠ ; and there exists sj ∈ S⧹C such that sj \ T ≠ ;:

a. Select sj from S⧹C with the minimal weight, i.e.,
sj = argminsj0 2SnC �

P
i2sj0 \TASi, j0 .

b. Update C ← C ∪ {sj} and T ← T⧹sj.
C represents possible species of a cluster. If ∣C∣> 1, a post-refinement is
conducted by reassessing the alignment scores of species ASi,j, where
j∈ C. This gives the final taxonomic assignments of reads. Within each
cluster, reads with the same taxonomic assignments are considered
plasmid if over 50% of them map to the plasmid database. We also
removeHSPs if their reference sequences are covered by less than90%
by all reads jointly in that cluster. After this, redundant HSPs are fil-
tered on a per-read basis using the same scripts as before (see section
“ARG-tailored GTDB” for more details), yielding a final list of ARGs
carried by reads.

Simulation experiment
Taxonomic classifiers and their databases. To ensure fair compar-
isons, we rebuilt the databases for all taxonomic classifiers using RefSeq
complete genomes (collected on May 10, 2024), which contained 588
archaeal and 40,461 bacterial assemblies. Kraken2’s database (v2.1.322)
was built with ‘kraken2-build’ (note that we modified script ‘rsync_-
from_ncbi.pl’ to force it to download only complete genome assem-
blies). Centrifuger’s database (v1.0.136) was built with ‘centrifuger-
download’ and ‘centrifuger-build’. MetaMaps’s database (v0.137) was
built with script ‘buildDB.pl’. minimap2’s database (v2.2824) was con-
structed using ‘-x map-ont -d’ (the database of minimap2 was shared by
minimap2+BH, minimap2+EM, minimap2+RO, and MEGAN-LR
v6.25.938). All tools were run with default settings, except for Meta-
Maps, wherewe set ‘--maxmemory 20’ to reduce its peakmemory usage.

Simulation. We generated two error models, high-quality (HQ) and
low-quality (LQ), using script ‘read_analysis’ (‘metagenome’) from
NanoSim v3.1.034. These error models were specifically trained on
ZymoD6331 for HQ and ZymoD6300 for LQ, respectively (see section
“Performance evaluation using sequenced mock communities” for
more details). Reference genomes of the top 25 pathogens were
sourced from NCBI and all present in RefSeq complete genomes as of
May 10, 2024. Using the two error models and script ‘simulator’
(‘metagenome’) from NanoSim, we simulated samples HQ and LQ,
each containing the 25 species at even taxonomic abundance and
comprising 1,000,000 reads.

Assembly. HQ and LQ were downsampled to achieve expected cov-
erages at 1×, 2×, 4×, 8×, 16×, and 32×. Reads from each downsampled
set were assembled into contigs using metaFlye v2.9.340 (‘--nano-raw
--meta’). These assembled contigs were subsequently binned into
MAGs using Semibin2 v2.1.041 (‘single_easy_bin --sequencing-type=-
long_read’). Taxonomic labels for contigs and MAGs were predicted
with Kraken2 v2.1.322 and GTDB-Tk v2.4.042 (‘classify_wf’), respectively.
Since GTDB and NCBI can have inconsistencies in taxonomy, we
manually converted GTDB taxonomy into NCBI taxonomy for the
25 species to facilitate comparison.

Expected and estimated ARG abundances. Expected ARG abun-
dances were computed by (1) mapping the reference genomes of the
25 species to SARG+ using DIAMOND (‘blastx --evalue 1e-15 --id 90
--subject-cover 90 --range-culling --frameshift 15 --range-cover 25
--max-target-seqs 25 --max-hsps 0’), (2) filtering HSPs with previously
described scripts (see section “ARG-tailored GTDB” for more details),
and (3) counting ARG occurrences. Estimated ARG abundances were
provided by Argo v0.1.0, which normalizes ARG copies relative to
genome copies, resulting in ARG abundance estimates expressed as
“ARG copies per genome” (cpg). We set ‘--plasmid -z 0’ to ensure
plasmids and species with low coverage (less than 1×) were tax-
onomically classified.

Evaluation metrics. Misclassification rate, defined as the percentage
of reads where the assigned taxonomic labels differ from the ground
truths, was employed for comparing taxonomic assignment strategies.
Three types of misclassification were considered: (1) true-positive
(within-species misclassification, where the misclassified species is
within the 25 species), (2) false-positive (out-of-species misclassifica-
tion, where the misclassified species is not among the 25 species), and
(3) unclassified (the read is either not utilized by the classifier or its
classification fails to reach species-level taxonomy).

For evaluation of ARG profiling methods, we used precision,
recall, F1-score, L1/L2 distances, and Pearson correlation coefficient.
Thesemetrics were assessed at either the type or subtype level of ARG
abundances. Precision is defined as the ratio of true positives to the
sum of true positives and false positives, whereas recall is defined as
the ratio of true positives to the sum of true positives and false nega-
tives. F1-score is the harmonic mean of precision and recall. Note that
in this context, the definition of positive differs from the one men-
tioned above. Here, a true positive refers to the correct identification
of both a species and its specific ARG type/subtype, while a true
negative refers to the correct exclusion of both a species and its spe-
cific ARG type/subtype. L1/L2 distances and Pearson correlation coef-
ficient aremeasures that describe the deviations or linear relationships
between expected and estimated ARG profiles. Their definitions are
provided elsewhere35.

Metagenome experiment
Sample quality control and preprocessing. All samples were quality-
controlled using Porechop v0.2.470 (‘--discard_middle’) and nanoq
v0.10.071 (‘--min-qual 10 --min-len 1000’). For mock communities, we
mapped reads back to their reference genomes using minimap2 (‘-ax
map-ont --secondary=no’). Reads that mapped to yeasts or remained
unmappedwere discardedwith customized scripts. Sequencing depth
at all genomic locations were determined for each species using
samtools v1.1872 (‘sort’ and ‘depth -J -a’). To avoid the influence ofmulti-
copy plasmids, we considered the coverage (average sequencing
depth) of each species’ longest contig as its expected genome copy.
The total number of genomes of a sample was obtained by summing
up the expected genome copies of all its species. Plasmid sequences
within the reference genomes of these mock communities were
identified using geNomad (‘end-to-end --disable-find-proviruses’). ARG
profiles were computed and evaluated using the same methods as
before (see sections “Expected and estimated ARG abundances” and
“Evaluation metrics” for more details).

Genome copies, relative abundances, average genome sizes, and
Shannon diversity indices. Species-level, genus-level, and total gen-
ome copies of the fecal samples were estimated using Melon v0.2.033,
with Kraken2’s PlusPF database (ver. 2024-06-05) for pre-filtering non-
prokaryotic reads. Species- and genus-level relative abundances were
computed by normalizing their respective genome copies to the total
number of genome copies (sum-scaled to one). Mean genome sizes of
prokaryotes were calculated by dividing the total number of bases
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(excluding contributions from humans and other non-prokaryotes) by
the total number of genome copies. Shannon diversity indices were
computed using in-house scripts, with species-level relative abun-
dances as input73.

Statistical analyzes. All statistical analyzes were carried out in R
v4.3.174. Principal coordinate analysis (PCoA) and permutational mul-
tivariate analysis of variance (PERMANOVA) were performed using
functions ‘wcmdscale’ and ‘adonis2’ frompackage ‘vegan’ v2.6-475, with
Bray–Curtis dissimilarities of genus-level relative abundances or type-
level ARG abundances as input and 9999 permutations.
Mann–Whitney and Kruskal–Wallis tests were conducted using func-
tions ‘wilcox.test’ and ‘kruskal.test’, respectively. Generalized additive
models (GAMs) were fitted using ‘gam’ from package ‘mgcv’76 with
penalized cubic regression splines (‘cs’) as the smoothing basis. ARG
abundances were log10-transformed to reduce skewness and ensure
normality where necessary. All figures were generated with ‘ggplot2’
v3.4.377. Results were deemed statistically significant if p <0.05. No
multiple testing correction was applied unless otherwise stated.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Deep ONT Q20+ sequencing of Zymo D6331 is uploaded to NCBI
Sequence Read Achieve (SRA) under BioProject ID PRJNA1181840.
Other sequenced mock communities, including Zymo D6331 (ONT),
ATCC MSA1003 (PacBio), and ATCC MSA2006 (ONT) are available
under BioProject IDs PRJNA1028177, PRJNA546278, and PRJNA508395,
respectively. Zymo D6300 (ONT) can be downloaded from https://
lomanlab.github.io/mockcommunity/r10.html. Human and non-
human primate fecal samples can be found under BioProject IDs
PRJNA820119 (CN), PRJNA763692 (CN), PRJDB8879 (KR),
PRJNA798244 (KR), PRJEB49168 (SG), PRJNA929328 (DE),
PRJNA940499 (US), PRJNA508395 (US), and PRJNA842693 (NH).
Reference genomes of the top 25 pathogens and the two simulated
samples (HQ and LQ) are deposited at Zenodo (https://doi.org/10.
5281/zenodo.13283127).

Code availability
Argo is available under theMITLicenseonGitHub (https://github.com/
xinehc/argo) and can be installed via Bioconda (https://anaconda.org/
bioconda/argo). SARG+ is available at https://github.com/xinehc/sarg-
curation. Scripts (Jupyter notebooks) for reproducing the source data
of Figs. 2–5 can be found at https://github.com/xinehc/argo-
evaluation. Detailed instructions on building and extending the refer-
ence taxonomy & plasmid databases are available at https://github.
com/xinehc/argo-supplementary. Argo v0.1.0’s source code is depos-
ited at https://doi.org/10.5281/zenodo.1483730178.
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