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ABSTRACT: Metagenomics holds promise as a comprehensive, nontargeted tool for environmental monitoring. However, one key
limitation is that the quantitative capacity of metagenomics is not well-defined. Here, we demonstrated a quantitative metagenomic
technique and benchmarked the approach for wastewater-based surveillance of antibiotic resistance genes. To assess the variability of
low-abundance oligonucleotide detection across sample matrices, we spiked DNA reference standards (meta sequins) into replicate
wastewater DNA extracts at logarithmically decreasing mass-to-mass percentages (m/m%). Meta sequin ladders exhibited strong
linearity at input concentrations as low as 2 × 10−3 m/m% (R2 > 0.95), with little to no reference length or GC bias. At a mean
sequencing depth of 94 Gb, the limits of quantification (LoQ) and detection were calculated to be 1.3 × 103 and 1 gene copy per μL
DNA extract, respectively. In wastewater influent, activated sludge, and secondary effluent samples, 27.3, 47.7, and 44.3% of detected
genes were ≤LoQ, respectively. Volumetric gene concentrations and log removal values were statistically equivalent between
quantitative metagenomics and ddPCR for 16S rRNA, intI1, sul1, CTX-M-1, and vanA. The quantitative metagenomics benchmark
here is a key step toward establishing metagenomics for high-throughput, nontargeted, and quantitative environmental monitoring.
KEYWORDS: environmental monitoring, antibiotic resistance, quantitative metagenomics, internal standards, limit of quantification,
limit of detection

■ INTRODUCTION
The need for environmental monitoring approaches that
broadly capture public health threats was exemplified by the
COVID-19 pandemic. In response to the pandemic, waste-
water-based surveillance (WBS) infrastructure expanded
exponentially across the globe, presenting the opportunity to
expand such assets to capture a multitude of agents of
concern.1−3 High-throughput, quantitative, nontargeted meth-
ods that can capture multiple targets would present a
transformative advancement to the field of environmental
monitoring. Such an approach would be particularly useful for
monitoring antimicrobial resistance (AMR), e.g., wherein
thousands of known, functionally verified antibiotic resistance
genes (ARGs) in public databases4 can be simultaneously
screened. Droplet digital polymerase chain reaction (ddPCR)
and quantitative PCR (qPCR) were quickly established as the
gold standard for monitoring of SARS-CoV-2 and polio virus5,6

and have also been widely applied for sensitive quantification
of specific ARGs in surface water,7,8 recycled water,9 and
wastewater systems.10 ddPCR is proving to be a superior

means of quantifying specific genes of interest in a given
sample, with high sensitivity, reduced vulnerability to
inhibitors, and a broad dynamic range of quantification.11

Realistically, however, ddPCR is only capable of detecting a
handful of genes at a time.
Recent advances in microfluidic-based high-throughput

qPCR (HT-qPCR) have enabled the simultaneous detection
of hundreds of genes and have seen particular application to
ARG monitoring. However, such approaches widely lack
quality control and validation metrics (e.g., standard and melt
curves). This results in uncertainty in individual target
detection and quantification.12 Additionally, a priori identi-
fication of gene targets requires the design and validation of
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suitable primers, significantly hindering the capacity to detect
emerging gene variants in real-time. Shotgun metagenomic
sequencing represents a distinct advantage in this regard, as it
provides high-throughput nontargeted profiling of the multi-
tude of genomes comprising a microbial community.13 Recent
studies have demonstrated metagenomics as a promising
nontargeted means for ARG monitoring in wastewater14−16

and there is currently momentum in the application of
metagenomics for comprehensive WBS of ARGs at global
scales.17,18 However, the quantitative capacity of metagenomic
data has remained in question due to its inherently
compositional nature.19 This has limited the overall com-
parability of metagenomic data across studies as well as its
value for environmental and epidemiological applications,
including statistical analysis and risk assessment.20,21

Evaluating metagenomic data in terms of relative abundan-
ces, i.e., normalization to a common denominator, such as a
housekeeping gene or the total reads yielded from a
sequencing run, is a common means of facilitating comparison
of metagenomes across studies.22,23 However, absolute
concentrations that normalize metagenomic gene counts per
sample volume basis would be of broader value, e.g., for
calculation of removal rates and exposure doses. Due to the
random sequencing of all genomic DNA across complex
microbiomes, there is uncertainty with regards to the detection
limits for various genes of interest. Statistical thresholds are
needed to define the limits of quantification (LoQ) and
detection (LoD) in environmental matrices. Through system-
atic analysis of publicly available literature and associated data,
we recently estimated that a sequencing depth approaching
100 giga base pairs (Gb) would be necessary to consistently
achieve a theoretical metagenomic coverage ≥0.90 in most
wastewater matrices.22 We expect that a sequencing depth
∼100 Gb per wastewater DNA extract should maximize the
probability of detecting extremely low abundance oligonucleo-
tides in these compositional data sets.
The goal of this study was to demonstrate and evaluate a

quantitative metagenomics technique for deriving volumetric
concentrations of genes of interest from metagenomic data and
explore the limitations of second-generation short-read
sequencing for detecting low-abundance genes. As proposed
by Hardwick et al. 2018,24 synthetic nucleic acid reference
standards, i.e., “sequins,” were spiked into replicate DNA
extracts as internal standards. Sequins are designed to
represent a range of features and complexity encountered in
natural microbial communities, while sharing no homology to
RefSeq sequences.25 The sequins employed in this study, meta
sequins, were designed specifically for metagenomic applica-
tion and consist of a mixture of 86 unique DNA
oligonucleotides of varying lengths (987−9120 bp) and GC
content (24−71%) that are present at 16 discrete input
proportions, thus forming a ladder.25 Meta sequins were
originally benchmarked for intersample normalization as well
as for measuring fold changes between microbial communities.
Previous studies have attempted to advance quantitative
metagenomics through spiking exogenous whole genomes for
ARG quantification,26 but genetic homology between naturally
derived spike-ins and environmental DNA cross-detection adds
uncertainty to quantification. To overcome this bias, synthetic
DNA oligonucleotides with embedded xenobiotic insertions
(consecutive stop codons) were recently benchmarked,27 but
their small insertion sizes (103−430 bp) significantly reduce

the probability of detecting these references at extremely low
abundance (e.g., <100 gc/μL).
The specific objectives of this study were to (1) evaluate the

behavior of meta sequin ladders at decreasing spike-in mass-to-
mass percentages (m/m%), (2) establish the technical
limitations of Illumina sequencing for detecting low abundance
oligonucleotides by defining the LoQ and LoD, and (3)
compare the efficacy of sequin standards for quantifying ARGs
in different wastewater sample types through direct compar-
ison to ddPCR. Meta sequins were spiked at logarithmically
decreasing m/m% into replicate DNA extracts of influent,
activated sludge, and secondary effluent. These reflect three
wastewater matrices that represent distinct levels of microbial
community complexity and expected ARG composition and
concentration. Our overall approach establishes the quantita-
tive capacity of metagenomic sequencing for environmental
monitoring of genes of interest, including consideration of
sample matrix, internal standard concentration, and sequencing
depth. The resulting protocol is expected to be of value to
ongoing efforts to establish shotgun metagenomics as a
quantitative monitoring tool.

■ MATERIALS AND METHODS
Sample Collection, DNA Extraction, and Purification.

Grab samples were collected in November 2021 from a local 5
MGD conventional WWTP in Blacksburg, Virginia. Ten
Influent, 10 activated sludge, and 10 secondary effluent
samples were collected in individual 50 mL, 50 mL, and 500
mL autoclaved polypropylene bottles, respectively and trans-
ported on ice to the laboratory for processing within 2 h.
Briefly, samples were vacuum filtered onto 0.45-μm mixed
cellulose-ester filters, with 50, 10, and 500 mL filtered for each
sample type, respectively, to create biological replicates. One
hundred milliliters of deionized water were vacuumed through
an additional filter to serve as the filter blank and negative
control. Filters were placed in 2 mL centrifuge tubes, fixed with
1 mL 100% ethanol, and stored at −20 °C before DNA
extraction. Ethanol fixed filters were fragmented with flame-
sterilized tweezers and placed into lysing matrix E tubes of the
FastDNA Spin Kit for Soil (MPBio, Solon, OH). Samples were
then homogenized via bead-beating (40 s at 6 m/s) with the
FastPrep-24 5G (MPBio), further extracted according to
manufacturer’s instructions, and eluted in 100 μL of elution
buffer. DNA extracts were first quantified using a dsDNA high
sensitivity assay kit on a Qubit Fluorometer (Invitrogen,
Carlsbad, CA), and 260/280 UV−vis ratios were checked on a
NanoPhotometer Pearl (Implen). Each DNA extract was
purified using a ZymoBIOMICS DNA Clean & Concentrator
kit, eluted with 50 μL elution buffer, and requantified and
quality checked.
ddPCR of Gene Targets. All ddPCR analysis were

conducted using a BioRad QX200Droplet Digital PCR system
(Bio-Rad, Hercules, CA, USA). ddPCR was performed on all
cleaned DNA extracts to quantify the abundance of total
bacteria (16S rRNA genes),28 sul1,29 intI1,30 CTX-M-1,31 and
vanA.32 Each assay was optimized for ddPCR by performing a
thermal gradient on gBlock (IDT) standards. Optimized
thermocycle conditions used are presented in Table S1.
Initially, subsampled DNA from the first replicates of each
wastewater matrix were aliquoted to identify dilution factors
(1:100, 1:250, 1:500, 1:1000, and 1:1500) for which target
concentrations were within the upper and lower detection
limits and PCR inhibition was minimized. The 1:1500 and
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1:100 dilutions were found to maximize output concentrations
of 16S rRNA and target ARGs for all three wastewater
matrices, respectively. The minimum number of accepted
droplets was set following the manufacturer’s recommendation
(>10,000 per well) and positive droplets were thresholded one
standard deviation above the negative droplet cloud. Using
diluted aliquots, each ddPCR target was quantified in analytical
triplicate with deionized water as the no template control
(NTC).
Internal Reference Standard Spiking and Sequenc-

ing. Sequins (https://sequins.bio/) were received from the
Garvan Institute of Medical Research (Sydney 2010 NSW,
Australia) as lyophilized nucleic acids. Meta sequin “Mixture
A” was resuspended according to the manufacturer’s
instructions to a concentration of 2 ng/μL using molecular
grade water and quantified using a Qubit Fluorometer
(Thermo Fisher, USA). Mixture A contains 86 individual
sequins at 16 discrete input proportions with at least five
unique sequins at each proportion level, forming a reference
ladder. The details for the meta sequins can be found in Table
S2. To generate a logarithmically decreasing spike-in gradient,
sample DNA extracts were first normalized to ∼1000 ng in 500
μL microcentrifuge tubes (Table S3). Meta sequins were
serially diluted nine times, starting at 2 ng/μL, and 10 μL of
each dilution were added to corresponding replicate samples.
This achieved ratios of 2, 0.2, 0.02%, etc. m/m (meta sequin
mass to sample mass) of sequins per DNA extract for
sequencing. Manufacturer instructions recommend adding
sequins at a 2% m/m ratio and was defined here as a dilution
factor of 1. Library preparation (KAPA HyperPrep PCR-free
workflow targeting 500 bp insert sizes) and sequencing was
carried out at the Duke Center for Genomic and Computa-
tional Biology. Libraries were sequenced across all four lanes
on a single NovaSeq 6000 S4 flow cell with 150 bp chemistry
targeting 100 Gb per sample. The undiluted filter blank extract
was below the LoQ for 16S rRNA in all analytical triplicates
and was not submitted for sequencing. Metagenomic libraries
have been deposited into the Sequence Read Archive under
accession PRJNA1095031.
Bioinformatic Analysis. R1 and R2 files from each of the

four flow cell lanes were concatenated. Adapters were removed
and reads were quality filtered, trimmed, and merged using
fastp with default parameters.33 Metagenomic coverage was
estimated using Nonpareil3.34 To align reads to the sequin
reference standards, the Anaquin software, a dedicated package
designed to analyze sequin reference standards, was run using
the “meta” option.35 Calibration settings for each Anaquin
command were kept at 0.01 as calibration files were not used in
downstream analysis. The resulting count tables for meta
sequin Mixture A were used to generate standard curves. NTC
sequins were screened with the Anaquin software to estimate
the rate of erroneous read mapping. For each meta sequin
ladder, the mean reads per kilobase (RPK; eq 1) sequin count
was taken per input proportion, resulting in 16-point reference
curves.

Reads per kilobase (RPK)
Reads aligned to reference

Length of reference (nt)/1000
=

#
(1)

The meta sequin features (e.g., sequin length, GC content,
input proportions), found in the source files of the Anaquin
software, were used to calculate the input concentrations of

each sequin (Tables S2 and S4). Merged clean reads devoid of
sequin reads were then queried against the Comprehensive
Antibiotic Resistance Database (CARD, v. 3.0.3, protein
homologue model) using DIAMOND BLASTx (max-target-
seqs = 1, query coverage = 80%, id = 80%).4 16S rRNA counts
were determined by mapping reads to the Greengenes
database36 using minimap237 and the resulting bam files
were summarized with SAMtools.38 To achieve a sliding-scale
for gene quantitation specificity, the resulting annotation files
were subset to id thresholds of 90 and 99%. To test the effect
of sequencing depth on meta sequin ladder fidelity and the
LoQs and LoDs, each sample was proportionally sub set to 1,
0.75, 0.5, 0.25, 0.1, 0.05, 0.01, 0.001× the original sample sizes
using SeqKit39 and reanalyzed. All read counts were converted
to RPK to account for reference sequence length biases.
Quantification of Reference Genes. To quantify ARGs

in each wastewater DNA extract, log−log models were first fit
to meta sequin reference ladders using eq 2:

Clog (RPK ) (log ( ))i i10 sequin 1 10 sequin 0= + (2)

where (RPKsequin‑i) is the RPK normalized read count of
sequin-i, β1 is the slope, (Csequin‑i, gc/μL) is the gene copy
concentration of sequin-i spiked into the DNA extract, and β0
is the intercept. Solving eq 2, we can directly quantify target
genes in each wastewater DNA extract by applying eq 3:

( )C 10
igene

gc
L

log (RPK ) /i10 gene 0 1=
i
k
jjjjj

y
{
zzzzz (3)

where (Cgene‑i, gc/μL) is the concentration of gene-i per μL of
DNA extract, (RPKgene‑i) is the RPK normalized read count of
gene-i, and the β0 and β1 parameters are derived from the fitted
models in eq 2. To convert (Cgene‑i, gc/μL) into a per-volume-
of-sample basis, the total DNA extraction volume (EVtotal, μL),
the DNA extraction used (EVused, μL) (i.e., submitted for
library prep and sequencing), and the sample volume filtered
(FV, mL) were applied as in eq 4:

( )
( )
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x
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used (uL)

gc
L=

(4)

The sequencing yield for each individual sequin (Yseq‑i; eq 4)
was used to evaluate recovery of entire meta sequin ladders at
each dilution factor. Yseq‑i is a unitless parameter that relates the

mass ratio of spiked-in oligonucleotides ( )M

M
iseequin

Total
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recovered base pairs
bp
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zzz as described by27
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where the total sequencing yield (Yseq) is the sum of all Yseq‑i
values for each meta sequin ladder in each sample.
Statistical Analyses. Before any statistical analyses were

performed, ddPCR and quantitative metagenomic data were
(log10 + 1) transformed and tested for normality using the
Shapiro-Wilk test. Data were found to be non-normal,
warranting nonparametric testing. A Kruskal−Wallis test was
used to assess differences in ladder viability as a function of
dilution factor and sequencing depth. Quantitative metage-
nomic and ddPCR gc/mL values were tested for equivalence
using Wilcoxon Two One-Sided Tests (TOST) with stand-
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ardized effect sizes (Cohen’s d) for each target in each matrix
used to set equivalence bounds.40 All statistical analyses
including linear regression and figure generation were
performed in R 4.4141 using the packages tidyverse, ggplot2,
and pheatmap. Figures were paneled and annotated in
Inkscape.

■ RESULTS
Meta Sequin Detection Patterns across Spike-In

Concentrations. After read quality filtering and trimming,
an average of 6.3 × 108 reads (94 Gb) were generated per
sample, resulting in a total library size of 2.8 Tb. Total per
sample reads derived from meta sequins ranged from a single
read to 7.5 × 106 reads (Table S3). Metagenomic coverage
approximations were consistent across replicates and ap-
proached saturation for influent (mean ± standard deviation;
0.807 ± 0.016), activated sludge (0.862 ± 0.001), and
secondary effluent samples (0.850 ± 0.013) (Table S3).
Strong linearity (R2 > 0.99) between input sequin copies/μL
DNA extract and mean RPK values were observed across
ladder m/m% and sample matrices (Figures 1A and S1). All 86
sequins were detected at the first two dilutions across the three
sample matrices, and at least a single sequin was detected in
27/30 samples (Figure S2). At 2% m/m, the recommended
manufacturer spike-in concentration, input copies ranged from
5.1 × 103 copies/μL to 1.65 × 108 copies/μL, a 4.5-log range.
Log−log models across the three sample matrices at 2% m/m
were nearly identical and displayed an R2 of 0.993 ± 0.001 and
slope of 1.08 ± 0.006 (Figure 1A and Table S4). Other
metagenomic studies utilizing exogenous DNA standards have
reported similarly strong linear relationships between predicted
and expected concentrations of spiked oligonucleoti-
des.25−27,42,43 Further, to test the effect of sequencing depth

on the ladder linearity, we subset the influent samples to eight
discrete depths and found consistent R2 values and slopes at
2% m/m and depths at or above 5 Gb (Figure 1B and Table
S5). At spike-in percentages ≤2 × 10−3% m/m, ladder
recovery became unreliable at sequencing depths <25 Gb and
can be considered a lower limit. No viable ladders could be
recovered below 2 × 10−4% m/m at any sequencing depth
(Figure S3 and Table S4).
For ladder spike-in percentage ≥2 × 10−4% m/m, we found

the 16-point reference curve RPK values between influent,
activated sludge, and secondary effluent samples to be
statistically indistinguishable (Kruskal−Wallis, p > 0.05),
indicating that changes in the inherent nucleic acid complexity
of the DNA extracts did not influence detection of the
reference sequences (Figure S4). We also observed little to no
reference length (R2 = 0.00154, p = 0.2434) or GC (R2 =
0.00039, p = 0.2558) bias in the sequencing yield of individual
oligonucleotides across the entire experiment (Figure S5).
Sequencing recovery of the ladders, measured as total detected
base pairs over total input base pairs, was also remarkably
stable across sequencing depths and sample matrices (Figure
S6). Therefore, these observations allowed us to treat influent,
activated sludge, and secondary effluent meta sequin ladders at
each dilution factor as technical replicates, thus increasing
statistical power in downstream analyses.
Yseq values, measured as the mass ratio of spiked-in

oligonucleotides to the total recovered base pairs (ideal value
of 1), reached saturation at the highest input m/m% and were
stable across matrices (1.02 ± 0.009). This stability was not
maintained at subsequent dilution factors, and values steadily
declined to a minimum at 2 × 10−4 m/m% (0.193 ± 0.097) as
the detection of individual sequins became sporadic. A
recovery in Yseq was then observed as read counts began to

Figure 1. Performance of sequin ladders across sample matrices, sequencing depths, and spike-in percentages. (A) Linearity of meta sequin
“Mixture A” spiked at 2% m/m, the manufacturer recommended spike-in concentration, in different wastewater matrices. Each point represents the
mean log-transformed RPK sequin count per input proportion (see Table S1), resulting in 16-point reference curves. Error bars represent ±
standard deviations of log-transformed data. (B) Ladder linearity at 2% m/m in an influent sample subsampled to discrete sequencing depths in Gb.
Error bars are not shown for simplicity. Log−log models for each subset can be found in Table S5. (C) Total sequencing yield as a function of
decreasing input m/m% and sample matrix.

Environmental Science & Technology pubs.acs.org/est Article

https://doi.org/10.1021/acs.est.4c08284
Environ. Sci. Technol. 2025, 59, 6192−6202

6195

https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_002.xlsx
https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_002.xlsx
https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_002.xlsx
https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_002.xlsx
https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_002.xlsx
https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_002.xlsx
https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_001.pdf
https://pubs.acs.org/doi/10.1021/acs.est.4c08284?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.4c08284?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.4c08284?fig=fig1&ref=pdf
https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_002.xlsx
https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_002.xlsx
https://pubs.acs.org/doi/10.1021/acs.est.4c08284?fig=fig1&ref=pdf
pubs.acs.org/est?ref=pdf
https://doi.org/10.1021/acs.est.4c08284?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


surpass calculated input sequin concentrations due to random
detection of sequins at extremely low concentrations (Figure
1C).
Defining and Establishing the LoQ and LoD. LoQ and

LoD were established by analyzing the coefficients of variation
(CV%) of Yseq for individual sequins as a function of calculated
input copies, with samples across the three wastewater matrices
at each m/m% treated as technical replicates (Figure 2A).

Following general guidelines for qPCR,44 we stringently
defined the LoQ as the lowest input sequin concentration
that was detected across all three technical replicates with a
Yseq CV ≤ 35%, and the LoD as the lowest individual sequin
concentration detected across all three technical replicates.
Based on these criteria, the overall LoQ of the experiment at
∼100 Gb was found to be 1350 gene copies (gc)/ μL in the
0.02% m/m replicates (Figure 2A). The LoD was found to be
1 gc/μL, which occurred in the 2 × 10−8% m/m replicates.
There was never an instance of a sequin being detected at a
calculated input copy number <1 gc/μL, thus indicating strong
agreement between derived concentrations and the physical
spike-in of individual sequins. After screening for internal
sequin NTCs for Mix A, a singular reference (ID:
S1067_MR_008_A, input proportion = NA) was found to
be erroneously aligned to across all sample matrices (0−981
reads/sample) (Figure S7).
We further explored the LoQ and LoD as a function of

sequencing depth on each of the spike-in ladder concen-
trations. We observed steadily decreasing LoQs and LoDs with
increasing sequencing depth (Figure 2B,C). Only for samples
with ladder spike-in percentages ≥2 × 10−5% could an LoQ be
established due to sporadic detection of oligonucleotides at
concentrations less than ∼104 gc/μL across replicates (Figure
2A and Table S4). For the three highest dilution factors, the
LoQ was proportionally reduced an order of magnitude
between the 10 Gb subsample and at 100 Gb (mean 1.7 × 104
versus 3.1 × 103 gc/μL) (Figure 2B). At ∼100 Gb, the LoQ of
the 2, 0.2, and 0.02% m/m concentrations were 6203, 1875,
and 1350 gc/μL, respectively. The corresponding LoDs for
these m/m concentrations were 6203, 476, and 169 gc/μL.
The LoDs at each spike-in percentage were approximately an
order of magnitude less than their corresponding LoQs and
were largely thresholded by the minimum oligonucleotide
concentration for a given dilution factor (Figure 2C and Table
S4).
High Throughput Quantification of ARGs via Quanti-

tative Metagenomics. The absolute gene copies of ARGs
across all 30 samples were estimated using the mean slope

Figure 2. The LoQ and LoD of quantitative metagenomics. (A)
Coefficient of variation (CV%) of the sequencing yield of all 86
sequins across ladder spike-in m/m%. Influent, activated sludge, and
secondary effluent samples at each m/m% were treated as technical
replicates. The black dashed line marks the generally recommended
threshold CV = 35% for determining the LoQ of qPCR experiments.
(B) The calculated LoQ and (C) LoD of quantitative metagenomics
as a function of sequencing depth and ladder spike-in m/m%.

Figure 3. Variable detection of unique ARGs across concentration range. ARGs across all 30 samples were quantified using the mean slope (1.08)
and intercept (−3.39) of the log−log models with 2% m/m ladders at ∼100 Gb (CARD v3.0.3, ID = 80%, coverage = 80%). Each point represents
a unique ARG detected across matrix replicates (n = 10) color coded by antibiotic class. Singletons are omitted.

Environmental Science & Technology pubs.acs.org/est Article

https://doi.org/10.1021/acs.est.4c08284
Environ. Sci. Technol. 2025, 59, 6192−6202

6196

https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_002.xlsx
https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_002.xlsx
https://pubs.acs.org/doi/suppl/10.1021/acs.est.4c08284/suppl_file/es4c08284_si_002.xlsx
https://pubs.acs.org/doi/10.1021/acs.est.4c08284?fig=fig2&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.4c08284?fig=fig2&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.4c08284?fig=fig2&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.4c08284?fig=fig2&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.4c08284?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.4c08284?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.4c08284?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.4c08284?fig=fig3&ref=pdf
pubs.acs.org/est?ref=pdf
https://doi.org/10.1021/acs.est.4c08284?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


(1.08) and intercept (−3.39) of the 2% m/m log−log models
(Figure 1A). For example, applying these parameters to eq 3, 1
RPK (e.g., a single read aligning to a 1 kb reference) equates to
1377 gc/uL in each extract. We then aligned all reads to the
CARD database and detected 901 ± 56, 493 ± 37, and 634 ±
32 unique ARGs across the influent, activated sludge, and
secondary effluent samples, resulting in total measured log10
concentrations of 7.5 ± 0.4, 7.1 ± 0.3, and 5.5 ± 0.2 gc/mL,
respectively. The most abundant ARG classes detected were

beta-lactams, macrolide-lincosamide-streptogramin (MLS),
multidrug, peptide, aminoglycosides, and tetracyclines (Figure
S8). Parallel to the sequin standards, when quantifying
individual ARGs between replicates, we observed a steady
increase in the CV% as gene concentrations decreased (Figure
3). Beta-lactam ARGs, specifically variants of the TEM
subtype, displayed the highest CV’s (mean = 111.1%),
followed by bicyclomycin (bcr-1, 53.6%), fluoroquinolone
(QnrB/D variants, 40.9%), and tetracyclines (36.9%). The

Figure 4. Comparison of ddPCR and quantitative metagenomic ARG quantification. Dot plot of quantitative metagenomic gene concentrations
were determined at 80, 90, and 99% amino acid identity (i.e., qMeta.80, qMeta.90, qMeta.99) and 80% query coverage. All ten biological replicates
were quantified for ddPCR and quantitative metagenomics for each matrix. Error bars represent ± standard deviations. Blue * = compared to
ddPCR, the data are statistically equivalent, but the effect size is greater than zero. Red * = compared to ddPCR, the data are not statistically
equivalent, and the effect size is greater than zero. See Table S6 for wilcox_TOST test results. The horizontal dashed lines represent the LoQs for
each sample matrix.

Figure 5. Correlations between ddPCR and quantitative metagenomics ARG concentrations. Quantitative metagenomic gene concentrations were
determined at 80, 90, and 99% amino acid identity (i.e., qMeta.80, qMeta.90, qMeta.99) and 80% query coverage. Solid black diagonal line
represents ideal slope of 1. Blue line represents results of linear regression with 95% confidence intervals.
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exacerbated variation in calculated gene concentrations for the
beta-lactamases, even between 10 biological replicates, high-
lights the inherent limitations of “best-hit” gene counting
strategies where a read can be mapped to multiple closely
related variants, but only one can be chosen and tallied.
After accounting for individual DNA extraction and filtration

volumes, the mean LoQ of the 2% m/m standards (6203 gc/
μL) spiked into influent, activated sludge, and secondary
effluent samples were found to be 1986, 3837, and 56 gc/mL,
respectively. We then applied these thresholds to each of the
ten replicates per matrix to determine the proportion of unique
ARGs that were <LoQ (Figure S9). For the detection of
individual ARGs, we found that on average 27.3, 47.7, and
44.3% of detected genes were ≤LoQ for influent, activated
sludge, and secondary effluent samples, respectively at ∼100
Gb. The complete list of detected ARGs and their estimated
concentrations can be found in Table S7.
Comparison of Quantitative Metagenomics and

ddPCR. The quantitative metagenomic approach was
benchmarked by comparing gene concentration estimates
(gc/mL) to ddPCR measurements of five target genes: 16S
rRNA, intI1, sul1, CTX-M-1, and vanA. Based on previous
observations of the studied treatment plant,15 these genes
represent a typical range of concentrations in wastewater, some
of which approach the LoQs and LoDs of each method. For
quantitative metagenomic gene calculations, all ten biological
replicates per matrix were analyzed using the average slope and
intercept of the 2% m/m log−log models and metagenomic
reads mapped to each gene’s corresponding reference in the
CARD database. We found that 37/39 (94.8%) comparisons
between quantitative metagenomics and ddPCR log10 trans-
formed gc/mL concentrations were statistically equivalent
(Wilcoxon TOST; TOST p < 0.05) in value, even at varying
degrees of alignment specificity (Figure 4 and Table S6).
However, for 12/39 (30.8%) comparisons the gene concen-
trations were statistically equivalent, but the effect size (i.e.,
measured difference) between them was statistically greater
than zero (TOST p < 0.05; NHST p < 0.05; blue * in Figure
4). In other words, the data provided strong evidence that the
effect size was not zero, yet this nonzero effect was still small
enough to be considered negligible. These statistical
equivalencies with negligible differences were largely observed
for sul1 measurements in activated sludge (log10 ddPCR: 5.85
± 0.16 vs log10 qMeta.80:5.78 ± 0.29) and secondary effluent
samples (4.12 ± 0.15 vs 3.83 ± 0.095), as well as CTX-M-1
and vanA concentrations at or below the LoQ. For two
quantitative metagenomic vanA measurements at 80% amino
acid identity, the measured values were both not equivalent to
ddPCR and the effect size was greater than zero (red * in
Figure 4). It is worth noting that intI1, sul1, and CTX-M-1
influent concentrations observed in this study are directly
comparable to those derived by qPCR from WWTPs
worldwide.45

We further compared ddPCR to derived quantitative
metagenomics concentrations using simple linear regression
across all targets. We found strong correlations (R2 > 0.85)
between measurements that varied across wastewater matrix
and alignment specificity (Figure 5). Overall, the secondary
effluent samples displayed the greatest linearity, presumably
due to the lower biological variability of this matrix. Generally,
linearity strength decreased as specificity increased due to the
loss of detection of low abundance ARGs. Despite differences
in quantitation of individual gene occurrences, log reduction

values (influent vs secondary effluent) estimated via ddPCR
versus quantitative metagenomics at 80% ID (qMeta.80)
measurements were statistically equivalent, with negligible
effect sizes across all targets (Figure S10). Overall, the
coefficient of variation of measured gene concentrations across
all assays by ddPCR versus qMeta.80 were statistically
equivalent (2.14 ± 0.14 vs 2.17 ± 0.02; p = 0.00023).

■ DISCUSSION
This study demonstrated quantitative metagenomics as a viable
approach for high-throughput, nontargeted quantitation of
genes of interest in environmental samples, examining ARGs in
three different wastewater matrices (influent, activated sludge,
and effluent) as an exemplar. Addition of internal spike-in
DNA standards provided a means to calculate ARG
concentrations in units of gc/mL, which is much more
amenable to informing epidemiological and risk assessment
models as well as calculating removal rates achieved by unit
operations. Benchmarking to ddPCR provided comparison to
the most sensitive method currently available for quantifying
individual gene targets.46,47 While small discrepancies in
quantification of specific genes (e.g., sul1) were noted between
quantitative metagenomics and ddPCR, the overall technical
variation between the methods were statistically equivalent.
Further, the estimated log removal values derived from both
methods were comparable. Given that this study was
performed using multiple biological replicates of wastewater
samples, it is to be expected that the inherent diversity of the
samples themselves contribute to the observed variability in
measurements.
In general, calculated gene concentrations were most

comparable for targets ≥LoQ for quantitative metagenomics,
approximately 103 gc/μL for this experiment at ∼100 Gb.
These thresholds were also dependent upon ladder spike-in
concentrations. Similar quantitative thresholds have been
documented previously; for example, Li et al.27 observed an
LoQ of their quantitative metagenomics approach of
approximately 103.5 gc/μL at a sequencing depth of ∼6 Gb,
and Langenfeld et al.43 calculated the LoD for their own meta
sequin ladders to be approximately 500 gc/μL at ∼30 Gb.
These results indicate the possibility of diminishing returns
regarding efforts to decrease the LoQ/LoD of quantitative
metagenomics by increasing sequencing depth without
increasing replication. Although we demonstrated a log
reduction in the LoQ with a corresponding log increase in
sequencing depth (Figure 2B,C), even at ∼100 Gb, the LoQ of
quantitative metagenomics remained 2−3 logs above that of
ddPCR (∼10 gc/uL). At a more typical sequencing depth of
10 Gb, we estimate an LoQ of 2.5 × 104 gc/μL, or 2.7 × 103
gc/mL in influent wastewater. Practically speaking, these
results beget implications for many conventional shotgun
metagenomics studies tracking gene abundances in dynamic
systems where the absence of a gene may be interpreted as
being “removed” by the underlying biophysical processes but
may still be present and biologically relevant. This issue is
likely exacerbated in environmental AMR studies where the
majority of ARGs are present at low abundance, confounding
ecological observations and assessment of engineering controls,
among other issues.
While this study was designed using relatively exorbitant

experimental bounds, it was intended to shed light on possible
limitations of current environmental monitoring paradigms
using shotgun metagenomics. Utilizing a commercial lab, we
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estimate the total cost per sample for this experiment to be ∼
$1000. This is likely impractical both monetarily and
computationally for both routine WBS and environmental
monitoring efforts in general, where ddPCR and qPCR retain
their value when there is a well-characterized indicator gene
present at low concentrations.11 For routine environmental
monitoring, shotgun metagenomics may be especially useful as
a prescreening tool for empirically deriving the most
appropriate ARG targets globally48 or for specific environ-
ments,49 then designing primers for more sensitive, rapid, and
cost-effective quantification.50 A key objective of environ-
mental AMR monitoring is the curation of high-resolution
spatiotemporal data sets that establish baselines and allow the
assessment of interventions or ecological perturbations,18,51

which is likely more practically suited for PCR-based methods
at scale. It is noteworthy that the detection thresholds of
quantitative metagenomics illuminated here were within range
of those reported for HT-qPCR, where the LoQ has been
shown to range from 101−104 gc/μL depending on the primer
set and optimization.52 The limitations of HT-qPCR have been
discussed previously, but the approach is a viable option for
environmental monitoring of ARGs and other biomarkers
given proper advancements in method QA/QC,53 and has
already proven useful in WBS efforts of AMR.54

In the context of WBS and broader utility from an
epidemiological standpoint, the higher detection thresholds
of quantitative metagenomics would likely relegate the
approach to high-abundance biomarkers, which may not be
suitable for transient diseases that only ever exist at low
concentrations in wastewater. The high detection limits and
sample processing times also undercut the technique as an
early warning system, where low-abundance biomarkers go
undetected, which may lead to underreporting or delayed
detection of emerging outbreaks. Considering the stochasticity
of low-abundance oligonucleotide detection observed in this
study (Figures 1C and 2A), the risk of false negatives may
outweigh the benefits of nontargeted sequencing for certain
etiological agents. For AMR, however, it is important to
recognize the utility of shotgun sequencing data for the
detection and prediction of novel or latent environmental ARG
reservoirs that may be recruited into pathogens.55−57 Addi-
tionally, it is important to also consider broader value to
environmental monitoring and assessment where quantitative
metagenomic data in time series could provide new insights
into ecological processes in natural and engineered systems
and the ability to model them. For example, the character-
ization of canonical metabolic pathways involved in nutrient
cycling where subject organisms are enriched and their genes
are in high abundance. Recently, culture-enriched phenotypic
metagenomic strategies have proven to be a feasible alternative
for in-depth and sensitive characterization of beta-lactam
resistomes in wastewaters and receiving waters.58 Similarly,
shotgun-sequenced culture enrichments have enhanced the
detection of critically important AMR determinants in surface
waters as a part of the U.S.’s National Antimicrobial Resistance
Monitoring System.59,60 However, a key limitation of any
enrichment technique is the foregoing of the quantitative
capacity of the sample, marking a distinct trade-off.
We observed high levels of variance in estimated gene

concentrations between replicates using quantitative meta-
genomics, particularly for beta-lactamase, fluoroquinolone, and
tetracycline ARG classes containing several subtypes with
arrays of closely related variants. Notwithstanding the

biological variability of the replicates, these results highlighted
the inherent limitations of short-read Illumina data for “gene
counting” where a singular read/read pair can align to multiple
variants within set alignment thresholds, but only a single
variant can be chosen and counted. For example, the TEM
beta-lactamases have 202 unique variants in CARD (v3.0.3)
with an average length of 286 amino acids. At 99% sequence
identity and 100% coverage, the set reduces to 83 gene
clusters, and then to only 27 at 80% (data not shown). Given
the limited coverage of a 150 bp (50 amino acids) read, it is an
intrinsic limitation of short-read metagenomics to reliably
quantify variants with read mapping where a 1:1 read
alignment to gene copy ratio is assumed. In general, we
found that increasing the specificity of the alignment either
converged or diverged on the “true value” that is the ddPCR
measurement and thus refer to quantitative metagenomic gene
concentrations as estimates. Still, the use of RPK normalized
read counts of reference standards to calibrate the “rate” at
which reads are mapped to genes was found directly
proportional to their absolute abundances, with high fidelity
for those at or above the LoQ.
For quantitative metagenomics to be widely and successfully

adopted, it will be necessary to establish common protocols for
sample processing.22,61 This includes the spiking of internal
reference standards, defining statistical and bioinformatic
thresholds for target detection, and benchmarking with PCR-
based methods. Here we demonstrated a portion of an ideal
quantitative metagenomics workflow, spiking in reference
standards to samples after DNA extraction to isolate bias to
library preparation and sequencing.22 We acknowledge that
DNA extraction represents one the greatest sources of bias in
any metagenomics study, but accounting for extraction
efficiency would not have contributed substantially to the
present experiment, as it would have only fractionally
accounted for lost gene quantities, a bias that was uniformly
applied across the data set. Because each extract represents a
discrete concentration of genes to be independently
challenged, the approach here allowed the direct comparison
of quantitative metagenomics to ddPCR measurements and
the benchmarking of detection limits. Future quantitative
metagenomic studies would benefit from exogenous whole-cell
spike-ins to characterize and calibrate individual samples for
extraction bias to increase representativeness and accuracy.
The quantitative metagenomics experiment demonstrated

here has the potential to broadly expand the capacity of
environmental monitoring, not only for ARGs, but also other
gene targets and pathogens. For example, marker-based
taxonomic annotators such as MetaPhlAn62 could be used in
conjunction with exogenous cell spike-ins (e.g., the Zymo
Spike-in controls) for absolute quantitation of individual
colonies (i.e., derivation of cfu/mL data). Great strides in
quantitative long-read sequencing using exogenous cell spike-
ins and cell viability assays have already been made for near-
realtime volumetric quantification of both ARGs and
pathogens in environmental systems.63−65 These methods, in
conjunction with meta sequin standards should provide the full
complement of reference material necessary for comprehensive
QA/QC and volumetric quantification of microbial commun-
ities for high-throughput sequencing applications, including
environmental surveillance, quantitative microbial risk assess-
ment, and microbial source tracking in the future.
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