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Abstract 

Quantit ative met agenomic methods are maturing but continue to lack clearly-defined analytical limits. Here, w e de v eloped a computational tool, 
QuantMeta, to determine the absolute abundance of targets in metagenomes spiked with synthetic DNA standards. The tool establishes (i) 
entrop y -based detection thresholds to confidently determine the presence of targets, and (ii) an approach to identify and correct read mapping or 
assembly errors and thus impro v e the quantification accuracy. Together this allo ws f or an approach to confidently quantify absolute abundance 
of targets, be they microbial populations, genes, contigs, or metagenome-assembled genomes. We applied the approach to quantify single- and 
double-stranded DNA viruses in w aste w ater viral metagenomes, including pathogens and bacteriophages. Concentrations of total DNA viruses 
in w aste w ater influent and effluent were > 10 8 copies / ml using QuantMeta. Human-associated DNA viruses were detected and quantifiable 
with QuantMeta thresholds, including poly oma virus, papilloma virus, and crAss-lik e phages, at concentrations similar to pre vious reports that 
utiliz ed quantitativ e polymerase chain reaction (PCR)-based assa y s. Our results highlight the higher detection thresholds of quantitativ e metage- 
nomics (approximately 500 copies / μl) as compared to PCR-based quantification (approximately 10 copies / μl) despite a sequencing depth of 200 
million reads per sample. The QuantMeta approach, applicable to both viral and cellular metagenomes, advances quantitative metagenomics by 
improving the accuracy of measured target absolute abundances. 
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etagenomics has provided unprecedented insights into the
iversity, structure, and function of microbial communities
cross various environments, from natural and engineered
ystems to the human body [ 1 ]. However, metagenomic
ata is inherently relative, which complicates direct compar-
sons of population and gene abundances across samples—
articularly in systems with fluctuating biomass concentra-
ions, such as wastewater treatment plants, or when com-
aring healthy and disease states. Developing a quantitative
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metagenomics approach that yields accurate absolute abun-
dances for numerous targets simultaneously would greatly ex-
pand the scope of conclusions that can be drawn from these
studies. 

One approach to making metagenomic data quantitative is
to convert relative abundances to absolute abundances using
total cell estimates derived from flow cytometry or concen-
trations of 16S ribosomal RNA or housekeeping genes mea-
sured by quantitative polymerase chain reaction (PCR) [ 2–5 ].
However, these methods rely on time- and resource-intensive
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ancillary measurements that can be prone to errors. Addi-
tionally, the latter approach is unsuitable for virus quantifi-
cation, as viruses lack conserved genes and are challenging
to quantify using cytometry. An alternative approach involves
adding DNA standards at known concentrations to samples,
enabling absolute abundance measurements in metagenomes
[ 6–15 ]. Here, target gene or genome counts in the metagenome
are quantified by comparing the number of reads mapping to
these standards against the known standard concentrations
[ 6 , 8 , 11–13 , 15 ]. 

Various spike-in standards can aid metagenomic quantifi-
cation, including foreign genomes [ 12 , 13 ], mock microbial
communities [ 15 ], and synthetic DNA sequences [ 6 , 8 , 11 ].
Synthetic DNA standards offer unique advantages that make
them increasingly popular: they avoid nonspecific mapping
with unique nonsense sequences [ 6 , 8 ], can be tailored to
match expected microbiome characteristics (e.g. DNA lengths,
GC content, and concentrations), and are readily available in
premade mixtures [ 16 ]. These standards have been used to
examine temporal and spatial microbial variability in health-
care environments [ 9 ], track antibiotic resistance genes and
pathogens in wastewater [ 10 ] and manure [ 11 ], and analyze
microbial community structure in saltmarshes [ 7 ]. Addition-
ally, they serve as positive controls in metagenomics, helping
to establish false positive thresholds [ 17 ]. As with any quan-
titative method, the next step is to define limits of detection
and quantification to meet quality targets for bias, precision,
and total error [ 18 , 19 ]. 

Despite the growing application of spike-in standards for
quantification of targets in metagenomes, the approach lacks
well-defined and standardized limits of detection and quan-
tification [ 20 ], as is typical of other analytical methods [ 18 ].
Ideally, detection limits would be established dynamically for
a given dataset and target. Beyond detection, accurate tar-
get quantification relies on accurate read mapping to se-
quences of interest. Previous studies that implemented quan-
titative metagenomics determined target concentrations by
mapping reads onto targets from databases (i.e. reference-
based quantification) [ 7 , 9–11 ]. Targets can also be quanti-
fied in metagenomes by mapping reads onto contigs assem-
bled from the same sample (i.e. contig-based quantification).
Ultimately, the average number of reads mapped to a se-
quence (read depth) is used to quantify a target; consequently,
read mapping errors caused by nonspecific mapping (i.e. reads
mapping to a target other than its true origin [ 21 ]) or assembly
errors [ 22 ] may reduce quantification accuracy. An approach
to detect and, when possible, correct read mapping errors is
needed to improve the accuracy of quantitative metagenomics.

In this study, we developed a computational tool, Quant-
Meta, to determine the absolute abundance of targets in
metagenomes that have been spiked with synthetic DNA stan-
dards. Similar to the two-step process in quantitative PCR
(qPCR), where researchers first establish limits of detection
and quantification before reliably applying them in a new sys-
tem, our approach uses an analogous process to establish lim-
its of detection and whether a target is quantifiable in metage-
nomics. QuantMeta incorporates (i) detection thresholds (act-
ing similarly to limit of detection) to determine presence or
absence of targets, (ii) identification and correction of read
mapping errors that affect accuracy of quantification, and (iii)
determination of absolute abundance of targets (Fig. 1 ). We
demonstrated the application of QuantMeta by quantifying
single-stranded DNA (ssDNA) and double-stranded DNA (ds-
DNA) viruses in municipal wastewater samples. We anticipate 
that this approach will be useful in future quantitative metage- 
nomics studies for both viral (virome) and entire microbial 
community metagenomes. By using QuantMeta, researchers 
can quantify a wider range of genes or populations simultane- 
ously, as compared to conventional qPCR-based approaches. 

Materials and methods 

Several terms used consistently throughout our work are de- 
fined in Supplementary Information Section 2 . 

Sample collection and processing 

Two grab samples of secondary effluent (20 l) or raw in- 
fluent (10 l) were collected in autoclaved carboys from au- 
tomatic samplers at the Ann Arbor Wastewater Treatment 
Plant (Ann Arbor, MI, USA) daily from 19 to 24 Decem- 
ber 2020. Samples were transported to the lab on ice within 

2 h of collection. They immediately underwent concentra- 
tion and purification steps based on a previously described 

ultrafiltration method [ 23 ]. Briefly, secondary effluent and 

raw influent were pre-filtered through 100- μm sized pores 
(Long-Life polyester felt filter bag, McMaster-Carr, Cat. No.
6835K58) then 0.45- μm sized pores (Express PLUS PES filters,
MilliporeSigma TM , Cat. No. HPWP14250) and concentrated 

with tangential ultrafiltration (approximately 50-fold and 25- 
fold, respectively, using 30 kDa MWCO dialysis filters, Asahi 
Kosei Medical Co., Ltd, Cat. No. 6292966). The concentrated 

samples were treated with 1 ml chloroform to lyse any re- 
maining cells, filtered through 0.45- μm filters, further concen- 
trated with dead-end ultrafiltration (approximately 20-fold,
using 100 kDa MWCO Amicon 

TM Ultra Centrifugal filter 
units, MilliporeSigma TM , Cat. No. UFC510096). The extra- 
viral nucleic acids were then degraded with 100 U / ml DNase 
(Roche, Cat. No. 10104159001) for 1 h on the bench top.
The DNase enzymatic reaction was ended by adding 100 mM 

ethylenediaminetetraacetic acid and 100 mM ethyleneglycol- 
bis( β-aminoethyl)-N,N,N,N-tetraacetic acid. DNA was then 

extracted immediately with QIAamp UltraSens Virus Kit (QI- 
AGEN, Cat. No. 53706). The manufacturer’s instructions 
were followed, except the first six steps were replaced by com- 
bining 140 μl of sample with 5.6 μl of carrier RNA and briefly 
vortexing. DNA extracts were stored at –20 

◦C. On 26 Decem- 
ber 2020, a 20 l deionized water sample was processed with 

the same viral enrichment process to account for contamina- 
tion during sample processing. 

Sample characterization 

Each raw influent and secondary effluent sample was ana- 
lyzed for pH, turbidity, solids content, fold concentration,
and viral recovery ( Supplementary Table S1 ). Sample vol- 
umes were determined by weighing samples and assuming a 
density of 1 g / ml. To determine virus recovery through en- 
richment, a replicate grab sample was always collected and 

processed in parallel with the grab samples intended for se- 
quencing. The sample-specific viral recovery was determined 

by adding Enterobacteria phage T3 (GenBank accession no.
NC_003 298, ATCC 

® BAA-1025-B1 

TM ) at a concentration of 
10 

5 copies / μl. The concentration of phage T3 remaining af- 
ter the enrichment steps was determined using a digital droplet 
PCR (ddPCR) probe assay [ 23 ] ( Supplementary Table S2 ). The 
sample-specific viral recoveries ranged 22%–45%. 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
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Figure 1. Conceptual o v ervie w describing the three main steps of the QuantMeta computational pipeline: detection, mapping error assessment, and 
quantification. ( A ) In detection, short reads mapped to standard sequences are used to establish detection thresholds. ( B ) In mapping error assessment, 
read depth variability thresholds are set for assessing read mapping errors. ( C ) A standard curve is created by relating relative to absolute abundances. 
Short reads mapped to target sequences from assemblies or databases are assessed for meeting the defined detection thresholds Read mapping 
errors are detected and corrected. The absolute abundances are then quantified. 
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equencing standards and ssDNA standard 

evelopment 

e used both Sequins dsDNA standards obtained from [ 6 ]
nd ssDNA standards prepared in our laboratories. A total of
1 synthetic DNA standards were selected to capture the ex-
ected viral genome diversity, including GC content, sequence
ength, concentration, and DNA structure (double-stranded or
ingle-stranded). Sequins metagenome mix A consisted of ds-
NA standards with lengths varying 981–9120 bp and GC

ontent ranging from 20% to 71% [ 6 ]. The dsDNA concen-
ration of the Sequin metagenome mix A was measured with
he Qubit TM dsDNA HS Assay (ThermoFisher Scientific, Cat.
o. Q32851) with 2 μl of DNA template added to the 200 μl

ssay. 
To capture DNA structural diversity, this set was ex-

anded with our addition of five ssDNA standards. To de-
ign these, we applied a similar approach as was used for
he sequin metagenome mix development. We inverted ss-
NA viral genomes in the RefSeq virus database (downloaded
n 19 March 2019) and fragmented the genomes into 1-
b long segments. The fragments were mapped to the NCBI
r database (downloaded on 15 August 2019) with Bowtie2
v2.3.5). Inverted genome fragments with no alignments to
he NCBI nr database were selected as candidate ssDNA stan-
ards. A random selection of five sequences from the po-
ential candidates were selected with varying GC contents
31.7%, 40%, 45%, 50%, and 60%; Supplementary Table S3 )
nd made into Megamer ® ssDNA fragments without the
omplementary strand (IDT, Coralville, IA; Supplementary 
able S3 ). ssDNA standards were limited to five sequences
nd a length of 1000 bp due to cost and synthesis
onstraints. 

The ssDNA fragments were resuspended in molecular bi-
logy grade ddH 2 O (Fisher Scientific, Cat. No. BP28191) to
n approximate concentration of 7.5 ng / μl, aliquoted into 10
l increments, and stored at –20 

◦C. Standards underwent a
aximum of one freeze-thaw cycle. Immediately before use,

sDNA concentrations were measured with the Qubit TM ss-
NA Assay (ThermoFisher Scientific, Cat. No. Q10212). A
ix of the ssDNA standards was prepared to match the con-

entration ranges in the Sequins metagenome mix A, from 10 

4 

o 10 

8 copies / μl. The final concentrations of the ssDNA stan-

 

dards in the mix were 10 

7 , 10 

4 , 10 

6 , 10 

8 , 10 

5 copies / μl for
the ssDNA standards with GC content of 31.7%, 40%, 45%,
50%, and 60%, respectively. 

Spike addition of standards and foreign marine 

phage HM1 genome 

We spiked the standard mixtures and marine phage HM1
genomes into nucleic acid extracts from the three influent and
three effluent samples. To assess the variability in quantifica-
tion resulting from the spike-addition and sequencing steps,
we created three technical replicates for one influent sample
(21 December 2021) and one effluent sample (22 December
2021) spiking each technical replicates separately with the
standards and HM1 genomes. 

The Sequins dsDNA metagenome mix A and the ssDNA
standard mix were spiked into each sample nucleic acid ex-
tract to achieve 10 copies / ng sample extract DNA for the
standards at the lowest abundance in the mixes. We predicted
that the standards spiked at 10 copies / ng DNA extract would
be near the detection threshold at our sequencing depth (ap-
proximately 200 million reads per sample) based on a pre-
vious observation that a single read was approximately 50
copies / ng DNA extract with a sequencing depth of 50 million
reads [ 12 ]. The spike-in absolute abundances were confirmed
with ddPCR assays (details provided below). 

To further examine quantification accuracy of low abun-
dance viruses at our sequencing depth, we spiked in marine
phage HM1 genomes (Genbank accession no. KF302034.1)
into the sample extracts. This virus is foreign to our wastewa-
ter samples and the dsDNA HM1 genome (129 401 bps) has
an average GC content of 35.7%. HM1 DNA was extracted
using the QIAamp UltraSens Virus Kit with the modified pro-
tocol described above. Then, 15 μl of DNA extract with 1 μl
of loading dye was run on a 0.3% agarose gel with 1 μl of
10,000x SYBR 

TM Gold nucleic acid gel stain (Invitrogen 

TM ,
Cat. No. S11494) per 10 ml of gel at 3 V cm 

−1 for 90 min.
GeneRuler High Range DNA ladder (Thermo Scientific TM ,
Cat. No. FERSM1351) was run according to the manufac-
turer instructions. HM1 genomes were extracted from the gel
with the QIAEX II Gel Extraction Kit (QIAGEN, Cat. No.
20021). The concentration of the purified HM1 genomes were

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
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measured with the Qubit dsDNA HS Assay. HM1 genomes
were spiked into all sample nucleic acid extracts at an abun-
dance of approximately 50 copies / ng DNA to reflect viruses
in wastewater at lower concentrations. The HM1 genome ab-
solute abundance in the nucleic acid extract was checked with
ddPCR (details provided below). 

Spike-in ddPCR assays 

The absolute abundances of one dsDNA standard, one ss-
DNA standard, and the HM1 genome in the spiked sample
nucleic acid extracts were checked with singlet ddPCR re-
actions performed with the QX200 AutoDG Droplet Digi-
tal PCR System (Bio-Rad Laboratories, Inc., Hercules, CA).
For each plate, at least two ddH 2 O negative controls and
two positive controls from spike-in stocks were included. Spe-
cific primers and probes were developed for HM1, dsDNA
standard S1106_MG_020_A, and the ssDNA standard with
45% GC content ( Supplementary Table S2 ). The 22 μl reac-
tions were prepared with 11 μl of 2 × ddPCR 

TM Supermix
for Probes (No dUTP; Bio-Rad Laboratories, Inc., Cat. No.
1863023), 0.4 μM of all probes and primers, and 3 μl of tem-
plate. Droplets were generated using the automated droplet
generation oil for probes (Bio-Rad Laboratories, Inc., Cat. No.
1864110) to a 20 μl volume, then PCR was performed on the
C1000 Touch™ Thermal Cycler (Bio-Rad Laboratories, Inc.,
Hercules, CA) immediately after droplet generation. The ss-
DNA assays consisted of 40 cycles of denaturation for 30 s
at 95 

◦C, annealing for 1 min at 56 

◦C, and extension for 2
min at 72 

◦C, then enzyme deactivation for 5 min at 4 

◦C and
5 min at 95 

◦C, and a final hold at 4 

◦C. The same PCR re-
action for dsDNA assays was performed with an initial de-
naturation step at 95 

◦C for 10 min. Plates were run on the
droplet reader within 1 hour of PCR completion. For each
ddPCR reaction, thresholds were set using a previously de-
fined method that uses kernel density to categorize droplets
as positive, negative, or rain [ 24 ]. We reran any sample that
exhibited > 2 droplet clusters, > 2.5% of droplets classified as
rain, or < 30% compartmentalization. Inhibition was checked
for the ssDNA and dsDNA assays by running 10- and 100-
fold dilutions on one influent and one effluent sample and
was not found to significantly alter the determined concen-
tration; therefore, 10-fold dilutions were used. Due to the low
abundance of the HM1 genomes, we could not test for in-
hibition of this assay with the samples and one- or two-fold
dilutions were used. ddH 2 O negative controls infrequently re-
sulted in positive droplets, and the corresponding concentra-
tions were always much lower than the concentrations in the
samples. 

Illumina NovaSeq sequencing 

Libraries were prepared with the Accel-NGS ® 1S Plus DNA
Library Kit (Swift Biosciences, Cat. No. 10024) using 50 ng
DNA measured with an Agilent TapeStation. Samples were
sequenced on the Illumina NovaSeq 600 with five samples se-
quenced per paired-end 500 cycle SP flow cell yielding 251-
bp long reads. Library preparations and sequencing were con-
ducted by the Advanced Genomics Core at the University of
Michigan. Quality control was performed by trimming Illu-
mina adaptors and an additional 15 bp from the rightmost
and leftmost of each read to remove adaptors from the Accel-
NGS ® 1S Plus DNA Library Kit, and reads were decontami-
nated of PhiX174 with BBDuk (BBTools, v37.64). Bases with
quality scores < 10 were trimmed from reads, then trimmed 

reads with quality scores < 10 or lengths < 100 bp were re- 
moved with BBDuk ( Supplementary Table S4 ). 

Oxford nanopore sequencing 

We conducted long read sequencing to improve viral assem- 
blies because viral genomes commonly have repetitive regions,
high mutation rates, and contain host genome fragments [ 25–
28 ]. DNA extracts from each influent and effluent sample 
( n = 6) without added standards or phage HM1 genomes were 
cleaned prior to library preparations with the Zymo Genomic 
DNA Clean and Concentrate-10 kit (Cat. No. D4011, Zymo 

Research Corporation). Long read libraries were prepared 

with the Ligation Sequencing Kit (Cat. No. SQK-LSK109, Ox- 
ford Nanopore Technologies) and barcoded with the Native 
Barcoding Expansion 1–12 (Cat. No. EXP-NBD104, Oxford 

Nanopore Technologies). The six samples were sequenced 

on two flow cells (R9.4.1, Cat. No. FLO-MIN106, Oxford 

Nanopore Technologies) ( Supplementary Table S4 ). Basecall- 
ing was performed using Guppy (v4.2.3) and called reads were 
classified as either pass or fail depending on their mean quality 
score ( ≥7). Library preparations, sequencing, and basecalling 
were conducted by the Advanced Genomics Core at the Uni- 
versity of Michigan. 

Assemblies and viral sorting 

We used two assembly methods and pooled the results 
with the technical replicates processed separately. Hybrid co- 
assemblies were performed with long reads and short reads 
from each sample separately with metaSPAdes (v3.15.2) us- 
ing kmer sizes of 21, 33, 55, 77, 89, and 127. Long read-only 
assemblies were performed with Flye (v2.8.3) for each sample 
separately followed by several polishing steps including four 
rounds of Racon (v1.4.10), one round of medaka (v1.3.2), and 

short-read error correction with pilon (v1.24) [ 25 ]. Follow- 
ing both assemblies, the contigs for each sample were pooled 

and contigs < 1000-bp were removed with length and count 
statistics provided in Supplementary Table S7 . The remain- 
ing contigs were assessed for likelihood of viral or proviral 
origin. Five viral detection methods were run on the con- 
tigs. VirSorter (v1.0.6) [ 29 ] with the virome flag, VirSorter2 

(v2.2.2) [ 30 ], VIBRANT (v1.2.1) [ 31 ] with the virome flag,
DeepVirFinder (v1.0) [ 32 ], Kaiju (v1.8.0) [ 33 ], and CheckV 

(v1.0.1) [ 34 ] end-to-end were run to assess likelihood of each 

contig being viral or proviral. Potential viral and proviral con- 
tigs were identified using the results of the five viral detec- 
tion methods with previously established rules [ 35 ]. The vi- 
ral contigs were binned using vRhyme (v1.1.0) [ 36 ] with a 
minimum contig length of 3000 bp with the resulting bins 
were referred to as viral populations. Of the contigs > 3000 

bp, 76.2%–83.3% of contigs were classified as viral. The to- 
tal viral population counts ranged from 3950 to 5770 in our 
viromes ( Supplementary Table S7 ). 

Downsampling and creation of false positive 

dataset 

To create reliable detection thresholds using a binary logis- 
tic regression model, we downsampled the reads to produce 
standards that spanned the method’s detection limits. Down- 
sampling was performed by randomly sampling 1% and 20% 

of reads with seqtk (v1.3). To engineer a false positive dataset,
we first created a set of mutated standard sequences by simu- 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
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ating single nucleotide polymorphisms with Mutation Simu-
ator [ 37 ]. This involved five sequential rounds of mutations,
ith a 0.1 probability for single nucleotide polymorphisms

nd a 0.02 probability for 5 bp-length insertions, deletions,
uplications, inversions, and translocations. To identify stan-
ards that would result in false positives, we selected mutated
equences with a coverage < 10% or expected read distribu-
ion < 0.3. These were used in the logistic regression model
ataset to capture the variability in mapping to targets that
hould not be detected. 

apping 

e performed both reference-based and contig-based quan-
ification. Quality controlled short reads from deinterleaved
astq formatted files were mapped using Bowtie2 (v2.4.2) with
he default parameters. The resulting Bowtie2 sam files were
onverted to a tabular format showing the number of reads
apping to each basepair of a target using samtools depth

v1.11). 
For reference-based quantification, we mapped reads to

iruses from multiple sources: the NCBI viral database, Vir-
orter curated database, marine phage HM1 genomes, crAss-
ike viruses genomes, and DNA virus pathogen genomes.
owtie2 indexes were built with default parameters for each
eference database: NCBI viral database (downloaded on 6
eptember 2021), VirSorter curated database (downloaded on
 May 2021), dsDNA and ssDNA standard sequences, mu-
ated standard sequences, HM1 sequence, and RefSeq crAss-
ike phage database (downloaded on 4 October 2021). For
he NCBI viral database, indexes were constructed using en-
ire viral genomes and then divided into individual genes. For
NA virus pathogens, complete genomes were compiled from
iPR (herpesviruses, n = 1099; poxviruses, n = 395; down-

oaded on 22 July 2022 [ 38 ]) and from RefSeq (adenoviruses
r mastadenoviruses, n = 15; papillomaviruses, n = 64; poly-
maviruses, n = 6; parvoviruses, n = 2; Torque Teno Viruses,
 = 18; bocaviruses, n = 3; downloaded on 22 July 2022).
enomes with at least 90% ANI similarity and at least 70%

overage were then clustered with CheckV (v1.0.1) [ 34 ], re-
ulting in 118 virus pathogen clusters ( Supplementary Table 
6 ). One virus per cluster was selected as a representative to
uild Bowtie2 indexes with default parameters. 
For contig-based quantification, we mapped reads onto

ontigs from our generated viral populations, dsDNA and ss-
NA standard sequences, marine phage HM1 genomes, and

rAss-like virus genomes. Viral populations from each sample
ere indexed using the “large-index” parameter. Minimap2

v2.17) was used to map contigs onto standard sequences,
M1 genomes, and crAss-like virus genomes from databases.
inimap2 had a maximum sequence divergence of 5% with

he “asm5” preset option. To assess the effectiveness of our
ead depth variability thresholds in detecting assembly er-
ors (as described below), we used Blastn (v2.9.0) with de-
ault settings to compare the sequence similarity of contigs
erived from standards against a custom database of standard
equences. 

uantifying targets within metagenomes 

ext, the relative abundances measured in the metagenomes
ere converted to absolute abundances. We applied an ap-
roach similar to [ 6 ] to relate the observed measured relative
bundance of the spike-in standards and their known abso-
lute abundances ( Supplementary Table S8 ) with a log linear
regression model (Fig. 1 C, Equation 1 ). 

log 
(
absolute x , extract 

) = slope · log 
(
observed x 

) + intercept 

(1)

Here, absolute x,extract (copies / μl) is the known absolute
abundance in the DNA extract and observed x (copies / μl) is
the observed average read depths of a spike-in standard nor-
malized to library inputs (Equation 2 ). Notably, observed x of
the ssDNA standards were doubled to account for having half
as many sequences per copy of dsDNA. 

observed x = 

∑ n 
i 

(
read depth i 

)
n 

· C DNA 

M library 
(2)

Here, read depth i (copies) is the number of reads map-
ping to the i-th basepair along a target sequence with n base-
pairs, C DNA 

(ng / μl) is the DNA concentration of the DNA
extract, and M library (ng) is the DNA mass used for library
preparations. 

A linear regression was created using the observed and ab-
solute abundance of standards from all wastewater samples
(Fig. 2 ). The resulting regression was then applied to unknown
targets in the same samples. The concentration of an unknown
target in each sample (concentration x,sample , copies / ml) was
then estimated by scaling the measured absolute abundance
to the fold-change in volume that occurred during virus en-
richment (Equation 3 ). 

concentration x , sample = absolute x , extract · 1 

CF 

(3)

CF is the fold reduction of volume of the wastewater sam-
ple resulting from the viral enrichment steps. This approach
assumes a 100% recovery of each target through the preana-
lytical virus enrichment steps (i.e. ultrafiltration, chloroform,
and DNase treatment) and the nucleic acid extraction steps.
However, recoveries of our targets are likely < 100%, as indi-
cated by our phage T3 recovery controls. Currently, there is no
comprehensive method to adjust target concentration of each
target for preanalytical recoveries. Thus, it is standard practice
to report concentrations assuming 100% recovery and pro-
vide measured recoveries for a control organism [ 39 ]. 

Establishing detection thresholds 

We next sought to establish thresholds for the detection of tar-
gets in a sample by developing a mapping entropy (i.e. mea-
sure of randomness) approach that summarizes read distribu-
tion and coverage (Fig. 1 A). The mapping entropy is similar to
Shannon entropy, a metric used for diversity in ecology [ 40 ]
that considers both species distributions and abundances. In
our application, Shannon entropy is adopted as a strategy to
relate read distribution and coverage in a single term (Equa-
tions 4 –6 , adapted from [ 41 ]). 

I = −
L ∑ 

i =1 

b i 

B 

ln 

(
b i 

B 

)
(4)

I max = ln ( L ) (5)

E rel = 

I 
I max 

(6)

Here, I refers to the entropy of a target, while I max represents
the maximum possible entropy, indicating complete coverage

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
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Figure 2. Application of the entrop y -based detection threshold. The relationships between expected absolute abundances and observed relative 
abundances of the standards ( A ) before and ( B ) after the detection threshold was applied and standards that failed to meet the detection threshold were 
remo v ed. T he observ ed relativ e abundances per μl of DNA e xtract w ere determined with Equation 2 f or all the standards across all samples, including 
the 20% and 1% downsampled results (mean relative abundance across all samples are reported as single values with standard deviations). The black 
line represents the linear regressions; green and orange points represent values of the dsDNA and ssDNA standards, respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

and even read distribution for a target. The minimum value
of I is 0, which represents when a single basepair from a read
aligns to a target sequence. b i is the read depth at basepair
i along a target sequence. B is the total number of basepairs
from reads mapping to the target. L is the length of a tar-
get sequence. Relative entropy, E rel , represents the evenness
of read distribution, with 1 indicating complete coverage and
perfectly even distribution of reads across the target sequence.

To assess how accurately relative entropy (E rel ) reflects
coverage and read distribution, we developed a binary lo-
gistic regression model. This model used reads mapped to
both standard sequences and false positive sequences across
all samples, including 20% and 1% downsampling. Detec-
tion was classified as pass or fail based on the cut-offs pro-
posed by FastViromeExplorer [ 42 ], which require at least
10% coverage and an observed-to-expected read distribution
ratio of 0.3 or higher. Unlike the FastViromeExplorer pipeline,
we did not set a minimum allowable number of reads or
basepairs from reads, due to the observed target length bias
( Supplementary Fig. S3 ). The logistic regression model pro-
duced coefficients of ß1 = 320 and ß0 = −230 (Equation 7 ). 

P 
(
detection = 1 

) = 

1 

1 + exp ( − ( β1 · E rel + β0 ) ) 
(7)

To determine the optimal entropy-based detection thresh-
old, we first mapped reads to genomes in the VirSorter cu-
rated database, as well as genomes and genes from the NCBI
DNA viral database. The combined mapping results from all
databases yielded an area under the receiver operating char-
acteristic (ROC) curve of 0.992, indicating that the model
has high sensitivity and specificity. The optimal entropy-based
detection threshold (E detect ) was determined using bootstrap-
ping to maximize the combined values of sensitivity and speci-
ficity. The results suggested that the optimal E detect thresh-
old varied with target length. Targets were therefore binned 

by length and the optimal E detect was calculated for each bin 

( Supplementary Table S5 ). 

Statistical analysis 

All statistical analyses were performed in R (v4.0.3). The 
Wilkes–Shapiro test confirmed that neither relative nor 
absolute abundances followed a log-normal distribution 

(W > 0.95 and P -value < .01). Zero values were treated as 
missing values (NA), as the standards were designed to be 
evenly distributed across the concentration range used in the 
study. Linear and logistic regression analyses and Student’s t - 
tests were performed with the R stats package (v4.0.3). Paired 

and unpaired t -tests were performed with 0.95 confidence lev- 
els with P -values < .05 considered significant. ROC curves 
and optimal cutpoints for logistic regressions were calculated 

with the cutpointr package (v1.1.1). Shannon’s alpha diversity 
of viral populations in wastewater samples was determined 

based on viral concentrations in wastewater, with zero indicat- 
ing nondetectable or absent populations. Graphs were created 

with ggplot2 (v3.3.5). 

Results 

We developed QuantMeta to determine absolute abundances 
of unknown targets from metagenomes with standard ad- 
ditions. To improve the accuracy of quantification, we es- 
tablished and assessed detection thresholds (Fig. 1 A), estab- 
lished read depth variability thresholds to detect and correct 
read mapping errors (Fig. 1 B), and then determined absolute 
abundances of viral targets in municipal wastewater samples 
(Fig. 1 C). 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
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elationship between expected and observed 

bundances and spike-in reproducibility 

imilar to earlier reports using synthetic DNA standards
 6 , 8 , 11 ], we observed a strong linear relationship be-
ween observed relative abundances and expected absolute
bundances of the standards (Fig. 2 A). The residuals of
he ssDNA and dsDNA standards differed significantly (see
upplementary Information Section 3 and Supplementary Fig.
2 ), likely due to differences incurred during library prepara-
ion or sequencing that are influenced by strandedness [ 43 ].
owever, the differences were small; when standard concen-

rations were predicted with either ssDNA or dsDNA stan-
ard curves, the absolute abundances differed between 5.9%
nd 12.5%. Therefore, we combined the ssDNA and dsDNA
tandards into a single standard curve for the remainder of the
tudy. 

We assessed the reproducibility of spiked standards in sam-
les by sequencing technical replicates and conducting PER-
ANOVA tests. The relative abundances of each standard did

ot differ significantly among influent and effluent technical
eplicates (i.e. the standards added to replicate influent and
ffluent sample extracts; P -values = .18 and .36, respectively;
upplementary Fig. S1 ). In contrast, there were significant dif-
erences in the relative abundances of standards between dif-
erent wastewater samples spiked with the same amount of
tandard among the three influent and three effluent sam-
les ( P -values = .0092 and .037, respectively). Moreover,
he relative abundances of standards differed significantly be-
ween influent and effluent samples ( P -value = 2.37 × 10 

−9 ).
cross the six wastewater samples, the mean relative stan-
ard deviation for all standards was 21%, with higher relative
tandard deviations observed for standards spiked at lower
bundances. 

ne-metric detection threshold improves 

elative-to-absolute relationship 

e observed poorer correlations between expected absolute
bundances and observed relative abundances at the low
ange of standard concentrations (Fig. 2 A), suggesting the
eed for a detection threshold. Previous studies have set de-
ection thresholds by setting a minimum read count [ 6 , 11 ,
2 ] or incorporating read coverage and distributions thresh-
lds [ 42 , 44 ]. However, we found that implementing minimum
ead counts for detection thresholds resulted in target length
iases, as a single read covers a larger proportion of shorter
argets than longer targets ( Supplementary Fig. S3 ). To ad-
ress this, we developed a mapping entropy (i.e. measure of
andomness) approach that incorporates both read distribu-
ion and coverage into a single detection threshold parameter
E detect ; Fig. 1 A). This method is similar to how entropy is used
o summarize community diversity and richness in the Shan-
on’s Diversity Index [ 45 , 46 ]. We used standards and false
ositives to create a binary logistic regression model to gener-
te probabilities of relative entropy (E rel ) meeting read cover-
ge and distribution requirements (Equation 7 ). We tested this
ith sample virome reads mapped to gene or whole genome

argets from databases. A standard was confidently detected in
he binary logistic regression if it had over 10% coverage and
 ratio of expected Poisson read distribution to observed read
istribution > 0.3; as empirically determined previously [ 42 ].
ptimal entropy cutpoints were set to maximize the sum of

ensitivity and specificity and varied with target length in our
test dataset ( Supplementary Fig. S4 ). Together, this resulted in
a length-dependent entropy threshold, E detect (Equation 8 ): 

E detect = 0 . 546 + 0 . 0438 log ( L ) (8)

where E detect is the unitless entropy threshold and L is the se-
quence length in basepairs. With this threshold, a target with
a measured relative entropy (E rel ) that is less than E detect is not
considered detected, as it does not achieve the minimum cov-
erage and read distribution requirements. 

The standards allowed us to identify detection limits in our
wastewater viromes. Of 2730 standards across all samples
with 20% and 1% downsampling, 2340 were detected and
exceeded the length-specific detection threshold, resulting in
a detection limit of approximately 500 copies / μl of DNA ex-
tract (Fig. 2 B). Standards that were not detected had a median
expected absolute abundance of 96 copies / μl of DNA extract
(range = 24–680 copies / μl). Removing these standards below
the threshold substantially improved the relationship between
the expected absolute abundance and observed relative abun-
dances of standards. Ideally, the linear regression has a slope
of one, indicating even sequencing across the range of absolute
abundances. Without the threshold, the regression slope was
0.945 (R 

2 = 0.93); with the threshold applied, the slope im-
proved to 0.995 (R 

2 = 0.92). We adopted the regression with
the detection threshold to calculate absolute abundances of
viruses in the wastewater extracts and estimate concentrations
in the wastewater samples (see results below). The entropy de-
tection thresholds in Equation 8 are applicable to other types
of metagenomes, with or without standards added. 

Incorporating read mapping correction improves 

the accuracy of quantification 

With a strategy to set detection thresholds in place, we used
the standards to develop a method for detecting and correct-
ing errors due to nonspecific mapping and assembly errors
(Fig. 1 B). When we quantified targets using reads mapped
to contigs assembled from the sequenced standards, we ob-
served poorer correlations between the expected absolute
abundances and observed relative abundances (R 

2 = 0.67; Fig.
3 A) compared to mapping reads to known standard reference
sequences (R 

2 = 0.92; Fig. 2 B). We attributed this discrepancy
to assembly errors in the sequenced standards that interfered
with standard read mapping ( Supplementary Table S11 ). 

In the absence of nonspecific mapping and assembly errors,
the variability in the number of reads mapping across a target
sequence is related to the local GC content and the read depth
of the target sequence [ 47 , 48 ]. Because the synthetic stan-
dards do not share DNA sequence homology with any known
organism [ 6 ], we assumed there was no nonspecific mapping
to the standards. Thus, we used the relationship between local
GC content and local read depth of the standard sequences
( Supplementary Table S9 and Supplementary Fig. S5 ) to set
maximum read depth variability thresholds for targets, where
read depth variability is represented by root mean square er-
ror (RMSE) ( Supplementary Table S10 and Fig. 3 B). Targets
with read depth variability RMSE exceeding these maximum
thresholds were identified as having either nonspecific map-
ping or assembly errors. They then passed through an iter-
ative correction process ( Supplementary Fig. S6 ): (i) identify
outlier regions along the target (Fig. 3 C), (ii) correct outlier
regions (Fig. 3 C), (iii) recalculate the target’s read depth vari-
ability RMSE (Fig. 3 C), and (iv) iterate until the RMSE of

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
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A

B

C

D

Figure 3. Quantitative accuracy improves by applying read mapping error 
assessment and correction. ( A ) Comparison of expected and 
contig-based absolute abundances of standards-derived contigs; each 
point represents a single standard-derived contig in a sample. The 
dashed line indicates the ideal 1:1 relationship between expected and 
contig-based quantification; the solid line indicates the observed linear 
regression. ( B ) RMSE thresholds (solid lines) used to identify read 
mapping issues (e.g. nonspecific mapping or assembly errors) based on 
RMSE of the reads mapped to standard references divided into bins at 
log 10 intervals (dashed vertical lines; Supplementary Table S3 ). ( C ) An 
example of a contig with nonspecific mapping or assembly errors before 
(top) and after (bottom) correction. Regions in red indicate areas outside 
1.5 standard deviations from the mean read depth (gray shaded area). 
The corrected read depth is shown with the dashed line. ( D ) Comparison 
of expected and contig-based absolute abundances of standards-derived 
contigs after applying read mapping error assessment and correction. 

 

 

 

 

the whole target is below the threshold or after 20 iterations.
We stopped correcting after 20 iterations because most tar- 
gets were corrected in < 10 iterations, or did not achieve an 

RMSE below the threshold. If, after this process, targets had 

over 20% of 49-bp sliding windows altered or still had an 

RMSE above the threshold, they were deemed nonquantifi- 
able. Further details on the design of these cut-offs are pro- 
vided in Supplementary Fig. S7 . 

To assess our ability to identify assembly errors with this ap- 
proach, we evaluated the RMSE of reads mapping to the sub- 
set of contigs originating from the standards ( Supplementary 
Fig. S8 A). Of 910 standards in all samples, 827 were as- 
sembled into de novo contigs. Of these, 220 had read depth 

variability RMSE that was too high based on our thresh- 
olds and 21 of these were correctable. Correcting the stan- 
dard contigs and removing the nonquantifiable standard con- 
tigs significantly reduced the differences between observed 

relative abundances and expected absolute abundances ( P - 
value < 2.2 × 10 

−16 ). By evaluating the quality of the stan- 
dard assemblies, we confirmed that the targets that exceeded 

our established read depth variability threshold indeed had as- 
sembly errors and that correction improved the quantification 

of those targets ( Supplementary Information Section 5 ). 

Quantification errors were rare but significantly 

altered target concentrations 

We applied the read mapping error assessment and correc- 
tion approach to viruses that exceeded the detection thresh- 
old in the wastewater samples. Specifically, we identified read 

mapping errors amongst sequences from the NCBI RefSeq vi- 
ral genome database (whole genomes and individual genes) 
and the VirSorter curated database [ 29 ], as well as represen- 
tative sequences of viral populations assembled de novo from 

the viromes. In general, few targets exhibited read mapping 
errors. Specifically of the 162 139 genes and genomes from 

reference databases across all samples that exceeded detec- 
tion thresholds, high read depth variability RMSE was ob- 
served for 3.6% of targets ( n = 5757) with 0.21% of targets 
( n = 338) identified as not quantifiable (Fig. 4 A). When the 
QuantMeta approach was performed on de novo assembled 

viral populations, the mean percentage of contigs with high 

read depth variability RMSE was higher than with reference 
databases, namely 11.1% ( n = 14 849 / 133 322) across all 
samples (Fig. 4 B). On average across the samples, 4.2% of 
contigs underwent read mapping error correction with the re- 
maining 6.9% of contigs remaining nonquantifiable. 

Targets deemed nonquantifiable after undergoing read 

mapping error correction are false positives within our 
metagenomes. The false positive rates (i.e. percent of reads 
mapped to nonquantifiable targets within reads mapped to 

each database) were 8.4%, 12%, and 22% for the RefSeq viral 
genes, RefSeq viral genomes, and curated VirSorter genomes,
respectively. The false positive rate was 9.3% for viral contigs.
These observations were consistent with previous read map- 
ping to gene-centric databases that found false positive rates 
of 12%–24% [ 49 ] and highlight the issues with quantifica- 
tion in the absence of read depth variability thresholds and 

correction. 
Read mapping error correction impacted the observed ab- 

solute abundances of targets from database references (genes 
and genomes) and de novo assembled viral contigs differently.
For the 3.6% of database targets undergoing correction, read 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
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A B

Figure 4. Impact of read mapping error correction on target absolute abundances. Relationship between target absolute abundances without (x-axis) 
and with (y-axis) read mapping error correction for reads mapped to viral sequences from reference databases ( A ) and de novo assembled viral 
populations ( B ). The databases included genomes and genes from the RefSeq viral and VirSorter curated databases. Targets that did not require read 
mapping error correction fall on the dashed line. 
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apping error correction significantly reduced the observed
arget absolute abundances ( P -value < 2.2 × 10 

−16 ) by 65.2%
95% confidence interval (CI): 64.7%–65.6%]. The absolute
bundances of de novo assembled viral populations were also
ignificantly altered through the read mapping error correc-
ion process ( P -value < 2.2 × 10 

−16 ), increasing or decreas-
ng by 37.6% (95% CI: 37.5%–37.8%) on average across the
amples. For example, the concentration of Salmonella enter-
ca phage LSPA1 (NCBI accession NC_026017 [ 50 ]) changed
y an average of 2.8-fold following the correction process for
he three samples flagged as having read mapping errors to the
hage sequence. The targets that required read mapping error
orrection spanned all absolute abundances in our viromes. 

iral abundances through w astew ater treatment 

r acking reco v ery of spik ed-in phage HM1 genome 
o compare the QuantMeta approach with a standard molec-
lar quantification method, we quantified spiked-in ma-
ine phage genomes ( Pseudoalteromonas phage PSA-HM1)
ith both quantitative metagenomics and ddPCR. HM1

enomes were quantified by mapping reads to the HM1
eference genome (reference-based quantification) and by
apping reads to the de novo assembled HM1 contigs

contig-based quantification). The mean HM1 absolute abun-
ance in the DNA extracts, as measured by ddPCR, was
.1 × 10 

3 copies / μl (range: 7.2 × 10 

2 –1.6 × 10 

3 copies / μl;
upplementary Table S12 ). HM1 was consistently above de-
ection thresholds and quantifiable by reference-based detec-
ion in all samples. Absolute abundances obtained via the
uantMeta reference-based approach closely matched those

rom ddPCR, differing by only 5.7% and 3.2% in influent and
ffluent samples, respectively. Technical replicates of HM1
eference-based absolute abundances among replicate influ-
nt and effluent samples were not statistically different ( P -
alues = .011 and .019, respectively), suggesting that the
uantMeta approach is reproducible. De novo assembled
HM1 contigs were identified in half of the samples, with the
contig-based absolute abundances of HM1 generally exceed-
ing those from ddPCR and reference-based measurements.
Based on these HM1 contigs results and minimum absolute
abundances of standards’ contigs (Fig. 3 D), a minimum ab-
solute abundance of approximately 1000 copies / μl is needed
for successful assembly. Taken together, these results suggest
that the detection limit of our contig-based quantification was
approximately 1000 copies / μl. 

Total virus concentrations 
We next applied the QuantMeta approach to quantify dif-
ferent groups of DNA virus populations commonly found
in wastewater samples. Previous research has estimated to-
tal virus concentrations in wastewater based on epifluores-
cent microscopy and flow cytometry techniques. We mea-
sured total virus concentration by summing the concentra-
tions of the identified de novo assembled and binned viral
populations. Total virus concentrations were slightly higher
in wastewater effluent than influent samples ( P -value = .056),
with mean concentrations of 1.5 × 10 

9 copies / ml (stan-
dard deviation, s.d. = 3.7 × 10 

8 copies / ml) in effluent and
7.5 × 10 

8 copies / ml (s.d. = 1.8 × 10 

8 copies / ml) in influ-
ent ( Supplementary Fig. S9 ). The wastewater viral communi-
ties are diverse with mean Shannon alpha diversities of 7.9
(s.d. = 0.01) and 7.4 (s.d. = 0.05) in influent and effluent,
respectively. 

CrAss-like phage fecal biomarker quantification 

CrAss-like phage, which infects Bacteroides in the human gut,
is commonly measured in wastewater with PCR-based meth-
ods [ 51 ,52 ]. We detected crAss-like phage in every sample,
with higher concentrations in influent samples compared to
effluent samples (Table 1 ). The mean reference-based mea-
surements of crAss-like phage were 6.5 × 10 

6 copies / ml in
influent (3 / 3 samples) and 1.8 × 10 

5 copies / ml in effluent
(3 / 3 samples), with 1.7% of detected crAss-like phage se-

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
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Table 1. QuantMeta-derived concentrations of crAss-like phages (to- 
tal crAss-like phages and CPQ056 primer-specific crAss-like phages) were 
measured in each sample by mapping contigs and reads to genomes from 

RefSeq 

Sample 
crAss-like phage / CPQ056 Concentration 

(copies / ml w astew ater) 

Contig-based Reference-based 

12 / 19 / 20 Influent 5.2 × 10 7 / 2.0 × 10 7 7.1 × 10 6 / 1.3 × 10 6 

12 / 21 / 20 Influent 5.0 × 10 7 / 2.0 × 10 7 6.9 × 10 6 / 1.3 × 10 6 

12 / 23 / 20 Influent 5.1 × 10 7 / 2.1 × 10 7 5.6 × 10 6 / 1.0 × 10 6 

12 / 20 / 20 Effluent 1.8 × 10 6 / 1.5 × 10 6 2.3 × 10 5 / 4.1 × 10 4 

12 / 22 / 20 Effluent 1.3 × 10 6 / 1.0 × 10 6 1.8 × 10 5 / 3.5 × 10 4 

12 / 24 / 20 Effluent 8.6 × 10 5 / 6.0 × 10 5 1.2 × 10 5 / 2.5 × 10 4 

Concentrations are reported as copies / ml of wastewater. Concentrations 
did not account for viral recovery through sample processing; however, 
we observed 22%–43% recovery of phage T3 through sample processing 
( Supplementary Table S1 ). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

variation. 
quences requiring read mapping error correction across all
samples. The contig-based approach yielded higher concen-
trations, with crAss-like phage levels 154% higher than those
from reference-based quantification ( P -value = .067; Table
1 ). CrAss-like phage is commonly quantified in wastewater
by qPCR using the CPQ056 primer set [ 53 ]; however, this
approach may underestimate crAss-like phage concentrations
due to the specificity of the CPQ056 primers. When in sil-
ico quantification was limited to sequences targeted by the
CPQ056 primers, crAss-like phage concentrations were re-
duced by 80%–82% with reference-based quantification and
18%–61% with contig-based quantification (Table 1 ). 

Human pathogenic viruses 
Human pathogenic viruses are commonly measured in mu-
nicipal wastewater with targeted PCR-based methods. We
used QuantMeta to determine the concentrations of DNA
virus pathogens in each of the wastewater samples (Fig. 5 ).
Reads mapped onto the reference genomes of adenovirus,
herpesvirus, bocavirus, papillomavirus, and polyomavirus,
but most of these targets in the samples did not meet our
detection thresholds. Only polyomaviruses, papillomaviruses,
and bocavirus met the detection thresholds and this was only
in the influent samples except for one polyomavirus in one
effluent sample. None of these required read mapping er-
ror correction ( Supplementary Table S13 ). For example, JC
and BK polyomaviruses were quantified at 1.4 × 10 

4 and
1.4 × 10 

4 copies / ml, respectively, in influent samples. Most of
the viruses failing detection were far from the detection thresh-
old. Only 13 of 91 viruses below detection were within 10%
of their respective detection threshold. 

Discussion 

Spike-in standards facilitate the quantification of microbial
targets in metagenomes at accuracies similar to quantitative
PCR methods [ 6–8 , 11 , 12 ]. The major advantage of quanti-
tative metagenomics is the ability to simultaneously quantify
thousands of targets. Our research aims to enhance the relia-
bility of these methods by rigorously defining their detection
and quantification limits, thereby improving data trustwor-
thiness. Specifically, we applied spike-in standards to establish
detection thresholds and identify and correct read mapping
errors in metagenomes (Fig. 1 ). Incorporation of a new detec-
tion threshold and read mapping error correction improved
the relationships between the expected absolute abundances 
and observed relative abundances of spike-in standards (Figs 
2 and 3 ). 

We assessed two methods of quantifying targets: (i) 
reference-based, by mapping reads to database reference se- 
quences, and (ii) contig-based, by mapping reads to de novo 

assembled contigs. To assess the detection threshold (i.e.
minimum detectable absolute abundance) of these two ap- 
proaches, we quantified the spike-in standards and a bacte- 
riophage genome that was spiked into samples at low con- 
centrations. For reference-based quantification, the entropy- 
based detection threshold (Equation 1 ) corresponded to an 

absolute abundance of approximately 500 copies / μl for the 
different targets. With contig-based quantification, the abso- 
lute abundance necessary to assemble a target was higher than 

that needed to exceed the entropy detection thresholds. Re- 
sults from marine phage HM1 contigs and standards’ con- 
tigs suggest that the detection limit of our contig-based quan- 
tification was approximately 1000 copies / μl. The minimum 

absolute abundances detectable with our approach will dif- 
fer widely between studies and will depend on sequencing 
depth and sample complexity. Lower quantification thresh- 
olds are expected with lower community complexity and in- 
creased sequencing depth. Community complexity can be re- 
duced with target enrichment steps, such as the virus en- 
richment performed on our wastewater samples to increase 
the virus-to-cellular genome ratio [ 23 ]. The detection thresh- 
olds in our wastewater samples were approximately 100-fold 

lower than those previously reported in manure metagenomes 
[ 12 ], despite the previous study having less stringent thresh- 
olds (e.g. one read mapped required for detection). That study 
had four- to five-fold lower sequencing effort and more com- 
plex communities than our enriched wastewater viral com- 
munities. We note that our detection thresholds are higher 
than those of quantitative PCR methods, such as qPCR or 
ddPCR, which can be < 10 copies / μl [ 54 ]. Quantitative PCR 

therefore remains a more appropriate method for quantifying 
low abundance targets. As sequencing costs continue to de- 
cline, however, greater sequencing efforts and lower sequenc- 
ing error rates will result in lower detection thresholds for 
metagenomics. 

Our reference-based quantification involved mapping reads 
to database sequences representing previously sampled and 

sequenced population variants archived in a public sequence 
database. To quantify crAss-like phages using this approach,
reads must closely match crAss-like phage genomes in Ref- 
Seq. In contrast, the contig-based quantification method maps 
reads to de novo contigs generated from population vari- 
ants present in a sample. This method captures population 

variants that may be absent from databases, which could 

otherwise be missed in the reference-based method. Future 
applications of QuantMeta can incorporate varying levels 
of population variation when selecting references—such as 
contigs, metagenome-assembled genomes, or sequences from 

databases like genomes or genes—to quantify targets. The 
choice of population variation depends on the specific goals 
of the study. For example, to quantify the concentration of a 
strain-level variant, reads would need to be mapped to a spe- 
cific reference genome or to populations defined with minimal 
genome variation. Alternatively, quantifying a broader target 
group, such as all crAss-like phages, would involve using a ref- 
erence population that accounts for greater population-level 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
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A

B

Figure 5. Reference-based concentrations of DNA virus pathogens were measured in influent ( A ) and effluent ( B ) samples by mapping reads onto 
representative genomes from clustering virus pathogen genomes in RefSeq and ViPR (see the ‘Materials and methods’ section for specifics). Each point 
represents the concentration of a virus cluster in a single sample with the status of passing or failing detection thresholds indicated in solid red and 
empty gray circles, respectively. Concentrations did not account for viral recovery through sample processing; however, we observed 22%–43% 

reco v ery of phage T3 through sample processing ( Supplementary Table S1 ). All concentrations are provided in Supplementary Table S13 . 
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One of the most powerful applications of this approach
n our samples was the ability to quantify total viruses in a
ample. This has not been possible with quantitative metage-
omic methods that rely on normalizing by viral counts or
PCR quantification. We addressed this challenge by incor-
orating single and double-stranded DNA spike-in synthetic
tandards in wastewater metagenomes that were highly puri-
ed for viruses. The measured total DNA virus concentrations
n wastewater influent and effluent samples ranged 5 × 10 

8 to
 × 10 

9 copies / ml, with effluent samples containing slightly
ore DNA viruses than influent samples. Previous studies us-

ng epifluorescent microscopy or flow cytometry to measure
irus-like particle (VLP) concentrations in influent and efflu-
nt have reported similar or slightly lower concentrations,
anging from 1.0 × 10 

8 –7.1 × 10 

8 VLP / ml and 1.0 × 10 

8 –
.0 × 10 

8 VLP / ml in influent and effluent, respectively [ 55–
7 ]. These similarities in total virus concentrations across a
ariety of methods lends confidence to the reliability of the
uantMeta approach. The slight differences in total virus

oncentrations may be due to the reliance of epifluorescent
icroscopy and flow cytometry on intercalating dyes, which
ay underestimate counts of viruses with smaller genomes, in-

luding ssDNA viruses [ 58 ]. Alternatively, the accuracy of the
uantitative metagenomics approach depends on our ability
o distinguish viral sequences from cellular genomes in silico.
herefore, the accuracy of this approach will continue to im-
rove as our ability to identify viral sequences in metagenomic
atasets improves [ 1 ]. 
The QuantMeta method allows for the simultaneous quan-

ification of numerous viruses without introducing biases
from PCR primers, which is particularly valuable for detect-
ing human viruses in environmental samples such as munic-
ipal wastewater. In our study, we measured mean crAss-like
phage concentrations of 6.5 × 10 

6 copies / ml in influent sam-
ples and 1.8 × 10 

5 copies / ml in effluent samples. By com-
parison, previous studies reported crAss-like phage marker
gene concentrations ranging from 6.9 × 10 

1 to 1.1 × 10 

9

copies / ml in influent samples and 5.6 × 10 

2 to 1.0 × 10 

6

copies / ml in effluent samples [ 59–65 ]. We hypothesized that
the higher concentrations in our study were due to the limi-
tations of the commonly used CPQ056 primer set, which was
designed in 2017 based on just one of the now 129 available
crAss-like phage genomes. This primer set may not capture
the full genomic diversity of the crAss-like phage population
in our samples. When we limited the in silico quantification
of crAss-like phage to those detected by the CPQ056 primer
set, the average crAss-like phage concentrations dropped by
81% for reference-based quantification and 42% for contig-
based quantification ( P -values = .012 and .072, respectively).
This highlights a key advantage of quantitative metagenomics
over qPCR or ddPCR: it avoids primer bias, which can miss
portions of the target population. These findings are consis-
tent with similar observations made when using quantitative
metagenomics to quantify antibiotic resistance genes in agri-
cultural systems [ 12 ]. 

When we measured DNA virus pathogen concentrations,
reads mapped onto adenoviruses, herpesviruses, bocaviruses,
papillomaviruses, and polyomaviruses (Fig. 5 ). However, only
a few pathogens achieved our detection thresholds: poly-
omaviruses, papillomaviruses, and bocavirus. Our quantita-

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf118#supplementary-data
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tive metagenomics-based measurements of JC and BK poly-
omavirus concentrations (6.8 × 10 

3 –2.1 × 10 

4 copies / ml)
align with previously reported ranges for influent samples
(8.9 × 10 

0 –2.0 × 10 

5 copies / ml) [ 59–62 , 66 ]. The wastew-
ater concentration corresponding to our detection threshold
(approximately 500 copies / μl of DNA extract) was relatively
high compared to the concentrations of many pathogens in
wastewater. Consequently, this quantitative metagenomics ap-
proach is not currently sensitive enough for wastewater-based
epidemiology efforts that rely on sensitive detection thresh-
olds ( < 100 copies / ml). Additional sequencing effort would
be necessary to confidently determine the presence and quan-
tify other virus pathogens in the wastewater samples de-
spite sequencing approximately 200 million reads per sam-
ple. The high detection thresholds of quantitative metage-
nomics relative to quantitative PCR methods impedes imple-
menting the method to monitor pathogens in environmental
matrices. 

The QuantMeta method enables confident detection and
precise quantification of populations in DNA extracts, offer-
ing significant utility for metagenomic studies. Our quantita-
tive metagenomic approach is freely available as QuantMeta
(github.com / klangenf / QuantMeta), with R notebooks that
allow users to customize detection thresholds, read depth vari-
ability regressions, and thresholds to suit their specific applica-
tions. Users can apply more or less stringent entropy detection
thresholds based on their own coverage and read distribution
requirements. For example, [ 44 ] provided parameters specif-
ically for bacterial population detection, while KrakenUniq
[ 67 ] offers an alternative k-mer based approach for reference-
based detection. Technical variability can be further assessed
with standards and replicates, as demonstrated in the DIVERS
approach [ 68 ]. 

This approach has some limitations, particularly concern-
ing sequencing depth, library preparation, and viral enrich-
ment methods. For instance, the observed minimum absolute
abundances, read depth variability regressions, and detection
thresholds reported here may be specific to our sequencing
setup—using Illumina NovaSeq SP flow cells with 251-bp
paired-end reads and no amplification during library prepa-
ration. QuantMeta was designed for shotgun sequencing ap-
plications and is not suitable for amplicon sequencing. Our re-
ported concentrations in the original wastewater samples are
based on fold-changes through viral enrichment and nucleic
acid extraction steps and do not account for the expected dif-
ferential recovery of populations during processing [ 23 ]. Prior
research has addressed differential recovery by adding whole
cells from various domains prior to sequencing [ 69 ]. Although
we included ssDNA standards, our linear regression model
(Fig. 2 B) did not incorporate DNA structure, which may in-
fluence abundances. Despite these limitations, QuantMeta of-
fers a robust and flexible tool for quantitative metagenomics,
enabling more accurate assessments of microbial populations
across diverse sample types. 
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