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Originality-Significance Statement

This work is applicable to a wide range of research because it helps to define conditions under which
hybridization capture is useful and how to assess the ongoing utility of existing bait sets. We address
these general issues with an antimicrobial resistance bait set - giving generalizable objective criteria for
when and by what strategies baits should be updated. We also provide a method for quantifying and
comparing antimicrobial resistance genes (ARGs) similar to what is used for RNAseq experiments. This
approach improves comparisons of ARGs across environments. Thus, the work provides an improved
foundation for future studies of ARGs, while cutting across and extending beyond traditional areas of
microbiology.

Summary

Finding, characterizing, and monitoring reservoirs for antimicrobial resistance (AMR) is vital to
protecting public health. Hybridization capture baits are an accurate, sensitive, and cost-effective
technique used to enrich and characterize DNA sequences of interest, including antimicrobial resistance
genes (ARGs), in complex environmental samples. We demonstrate the continued utility of a set of
19,933 hybridization capture baits designed from the Comprehensive Antibiotic Resistance Database
(CARD)v1.1.2 and Pathogenicity Island Database (PAIDB)v2.0, targeting 3,565 unique nucleotide
sequences that confer resistance. We demonstrate the efficiency of our bait set on a custom-made
resistance mock community and complex environmental samples to increase the proportion of on-target
reads as much as >200-fold. However, keeping pace with newly discovered ARGs poses a challenge
when studying AMR, because novel ARGs are continually being identified and would not be included in
bait sets designed prior to discovery. We provide imperative information on how our bait set performs
against CARDv3.3.1, as well as a generalizable approach for deciding when and how to update
hybridization capture bait sets. This research encapsulates the full life cycle of baits for hybridization
capture of the resistome from design and validation (both in silico and in vitro) to utilization and
forecasting updates and retirement.

Introduction

The World Health Organization (WHO) has cautioned of a “post-antimicrobial era”, in which
worldwide deaths from antimicrobial resistance (AMR) could exceed 10 million each year by 2050
(Alsan et al., 2018). However, the U.S. Centers for Disease Control and Prevention (CDC) states that the
post-antimicrobial era is already here, with 2.8 million AMR infections annually at a cost of $2 billion
USD per year (O’Neil, 2014; CDC, 2019). These infections occur because microbes have developed the
capacity to overcome microbicidal and microbiostatic activities of drugs. Resistance in bacterial
populations is contingent on the characteristics of microbes (i.e., transmission mode, colonization, and
pathogenicity) and the genetic basis for resistance.

For bacteria, resistance may be intrinsic, acquired, or may be due to point mutations conferring target
modification (Sommer et al., 2010). Furthermore, plasmids, commonly found in Gram-negative bacteria,
enable resistance genes to spread readily between bacteria and this spread poses a critical threat to human
health (Buckner et al., 2018). Many drug-resistant bacteria have pathogenicity islands, which play a
fundamental role in their virulence in humans (Schmidt and Hensel, 2004; Pendleton et al., 2013).
Accurately identifying the resistome in a microbial community (i.e., the collection of AMR genes in a
community) of environmental settings is vital for public health, as the spread of resistance and rise of new
resistance elements are key public health concerns. AMR elements have been detected in a wide variety
of reservoirs, including aquatic, terrestrial, food- and host-associated microbial communities (Oladeinde
et al., 2018; Guitor et al., 2019; Mahnert et al., 2019; Oladeinde et al., 2019; Thomas et al., 2020).
Increasing concerns over the AMR crisis have produced the need for AMR surveillance programs (e.g., at
the United States Centers for Disease Control and Prevention). However, there is a lack of AMR
surveillance programs for environmental reservoirs (Noyes et al., 2017; Arango-Argoty et al., 2018).
Furthermore, existing methods to determine the resistome of complex environmental samples are not
sufficient, and rely on laborious culture-based techniques, biased molecular-based methods, or extensive
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deep sequencing (Koser et al., 2014; Paterson et al., 2014; Van Camp et al., 2020). Furthermore, it is
estimated that 99% or more of environmental bacteria cannot be readily cultured, leading to large bias in
culture-based techniques (Luby et al., 2016).

Hybridization sequence capture (also known as capture enrichment sequencing, sequence capture,
solution hybrid selection, target capture, or targeted sequence capture) is an enrichment technique that
increases the proportion of DNA fragments of interest within DNA libraries (Mamanova et al., 2010; Teer
et al., 2010). This method uses a set of DNA or RNA baits that are complementary to DNA sequences of
interest to increase the proportion of target DNA fragments, and then characterize the DNA by massively
parallel sequencing (MPS) (Lasa et al., 2019). Hybridization sequence capture can be used to study AMR
by designing baits to target the resistome. Hybridization sequence capture has several advantages, as
limited a priori knowledge is required, there is no culture-bias, and it does not require extensive deep
sequencing that is necessary to identify resistance elements in shotgun metagenomic libraries. In addition,
the baits used to capture genes of interest can be designed to tolerate substantial sequence divergence (i.e.,
to detect new variants and overcome some level of genetic bias) while being highly sensitive.
Hybridization sequence capture bait sets have been designed and used in microbial diversity studies by
designing baits to the 16S rRNA (Gasc and Peyret, 2018; Beaudry et al., 2021), to study a defined set of
pathogens or genes (e.g., virulence genes in Vibrio spp., human infecting viruses (Lasa et al., 2019;
Metsky et al., 2019)), and to study antibiotic resistance (Noyes et al., 2017; Lanza et al., 2018; Guitor et
al., 2019).

Prior to large-scale use of a novel bait set, effectiveness of the baits should be determined both in
silico and in vitro. Of the previously designed bait sets for antimicrobial resistance, none have provided
an in silico analysis (Noyes et al., 2017; Lanza et al., 2018; Guitor et al., 2019). In silico analyses are
important because they characterize the efficiency of the bait set under ideal conditions and allow for
easier comparison between published bait sets if similar bioinformatic methods are used. Moreover, in
vitro validation of bait sets has been limited. Mock communities are often used to establish ground truth
in microbial diversity studies; however, at the time of this writing no commercially available mock
resistance community exists (i.e., community of known content with several resistance isolates from
multiple bacteria) (Costea et al., 2017; Rausch et al., 2019). As such, several previous studies have limited
their validation to host-associated samples (i.e., gut or stool samples) (Noyes et al., 2017; Lanza et al.,
2018; Guitor et al., 2019) or phenotypic data, with only one study making a simple mock metagenome
(Guitor et al., 2019).

The use of hybridization bait capture for antimicrobial resistance or other rapidly evolving genes of
interest poses difficult challenges. Antimicrobial resistance genes are constantly evolving and being
identified; for example between CARDvV1.0.0 and CARDv3.1.1 a total of 676 resistance genes have been
added (Alcock et al., 2020). If genes are not present in the reference database when baits are designed,
then it is difficult to know if the bait set can capture new genes that are subsequently added to the
database. This problem is similar to that of the Greek god Sisyphus, as soon as bait set design is complete
then new ARGs will soon be added to the reference database(s) and design must start again. Similar to
Sisyphus’s boulder rolling down the hill again, bait redesign is a never-ending chore. Thus, we examine
how and when hybridization capture baits for the resistome should be updated, providing a guide to how
researchers using hybridization capture can escape the fate of Sisyphus.

Here, we develop, validate, and examine a targeted ARG sequence capture method (i.e., AMR-cap) to
enrich metagenomic shotgun libraries for antibiotic resistance genes. Our bait set was developed from all
genes in the CARD v1.1.2 and PAIDB v2.0 (Yoon et al., 2015; Alcock et al., 2020), which are reference
databases for bacterial resistance genes and pathogenicity islands. We validate our bait set in vitro on
mock communities and diverse environmental samples to show the ability of our AMR-cap bait set to
work efficiently across a range of sample types, many of which have not been tested in other studies.
Furthermore, we provide in silico comparisons to previously designed hybridization capture bait sets for
antimicrobial resistance (Guitor et al., 2019). Lastly, we provide evaluation methods for when to update
hybridization capture bait sets, as the rapid identification of new ARGs poses a significant challenge to
resistome bait sets.
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Results:

Design of Resistance Baits

Sequence entries in the Pathogenicity Island Database (PAIDB) v2.0 (Supplemental Table 1) and CARD
v1.1.2 homolog model were combined into a master reference source comprising roughly 19.6 Mbp of
sequence space across 3,565 unique sequences (Yoon et al., 2015; Alcock et al., 2020). We first tiled
120nt baits approximately end-to-end across all these sequences (166,325 bait candidates), and then
compressed these using USEARCH (Edgar, 2010) by eliminating any baits that were at least 90%
identical with a minimum of 108 bp overlap with another bait (111,546 remaining). To select a subset of
these baits that could serve to broadly sample the reference sequence space, we used MegaBLAST
(Morgulis et al., 2008) to measure how many target reference intervals each bait might match. Starting
with the bait with the highest number of interval hits (i.e., the most relaxed stringency) from the 111,325
survivors, we removed from consideration any other baits that also covered any of the same sequence
space as that bait and retained the next most least stringent bait among the survivors. This process was
repeated until reaching roughly 10,000 bait candidates (part 1), which is anticipated to cover roughly 9.4
Mbp of the initial target space. Among the remaining candidates, another ~8,400 baits that only matched
one location in the remaining target reference space were retained, keeping up to 10 baits per reference
entry (part 2). We repeated the procedure used to generate part 1, but for the reference sequence intervals
still un-baited to reach ~20,000 baits (part 3). This combination of two 'general-purpose' sets (parts 1 and
3) and one 'specific' set (part 2) comprises 19,933 total bait sequences, which is anticipated to cover
roughly 11.0 Mbp of the original 19.6 Mbp target space. The iterative reduction process resulted in all but
2 out of the original 3,726 total (3,565 unique) target entries being fully or partially represented in the
final set of 19,933 baits (Supplemental Table 2).

Table 1: Summary of total lllumina HiSeq PE150 sequences available for each sample type using de-
novo assembly with the AMRFinder database.

Percentage of Average of Aggregate
Aggregate Total ~ Aggregate Total Reads Processed Reads per

Sample Type Library Type N Samples Read Pairs Processed Reads  Retained Sample
Resistance Mock
Community Unenriched 7 4,773,192 1,504,839 32% 214,977
Resistance Mock
Community Enriched 7 3,419,493 1,343,634 39% 191,947
Built Environment Unenriched 17 31,191,762 4,095,542 13% 240,914
Built Environment Enriched 17 20,656,654 7,389,789 36% 434,693
Wastewater Unenriched 6 37,789,368 22,584,550 60% 3,764,092
Wastewater Enriched 6 2,847,948 1,805,634 63% 300,939
Poultry Litter ~ Unenriched 6 5,842,892 4,146,149 71% 691,025
Poultry Litter Enriched 6 3,064,798 2,498,453 82% 416,409

Sequencing Summary Statistics

For the unenriched metagenomic data, the aggregate number of total raw read pairs ranged from
4,773,192 in the resistance mock community (i.e., known content community with several resistance
isolates from multiple bacteria) to 37,789,368 wastewater treatment plant samples (Table 1). The highest
percentage of reads retained after processing in the de novo assembly approach (see Data Processing and
Analysis) was 82% in AMR-cap enriched poultry litter samples, and the lowest was 13% in unenriched
built environment samples (Table 1). The percentage of reads retained after processing was greater than
30% in all other sample and library types.
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For the reference-based assembly, the aggregate number of high-quality reads by sample type in
unenriched libraries ranged from 759,615 in mock community samples to 10,868,785 in wastewater
samples (Table 2). The percent reads mapping to our combined target file in unenriched libraries ranged
from 0.23% in the built environment samples to 4.72% in the resistance mock community samples (Table
2). In the reference-based assembly for AMR-cap enriched libraries, the number of high-quality reads by
sample type ranged from 685,531 in wastewater samples to 1,926,747 in built environment samples
(Table 2). Processed reads were mapped to our combined target file and ranged from 31.93% mapping in
built environment samples to 84.80% mapping in the resistance mock community samples (Table 2).

Hybridization capture enrichment efficiency was estimated by calculating the fold-change (increase)
for each sample and library type, and an average was obtained for each sample type (Table 2). The lowest
fold change was observed in the resistance mock community samples at 17. It should be noted, however,
that if the sample had been enriched to 90% on target reads (i.e., about the maximum achievable in
hybridization capture (Samorodnitsky et al., 2015)) the fold change would be 19 (Table 2). The
environmental samples fold change ranged from 57 in the wastewater samples to 248 in the poultry litter
samples, with fold change >100 being achievable in all environmental sample types when 90% of reads
are on target (Table 2). A negative control was used through library preparation, enrichment, and
sequencing.
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Table 2: Summary of total sequences, percent mapping, fold change, and maximum empirically achievable fold change (90% on target) for

reference-based assembly approach with averages for each sample type.
Enriched-

Unenriched  Unenriched Unenriched Enriched No. ~p-) 50 Enriched [ d Empirical
No. of High PE150 Total  Percent of High o] Percent Cth . Max Fold
Quality Reads  Mapped Mapped Quality Reads M d Mapped £¢ Change
Sample Type appe
Resistance
Mock
Community 759,615 35,970 4.72% 858,344 729,721 84.80% 17 19
Built
Environment 1,244,146 3,856 0.23% 1,926,747 645,221 31.93% 136 387
Wastewater 10,868,785 87,361 0.79% 685,531 315,396 45.80% 57 114
Poultry Litter 1,692,429 4,438 0.27% 853,560 586,455 67.80% 248 331
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In silico Simulation

We created two simulated data sets for in silico capture experiments of our baits and those of Guitor et al.

(2019), all of which achieved >99.99% mapping of the expected number of sequences (Table 3). We
observed a higher percentage of total mapped reads in our in silico resistance mock community than our
in vitro resistance mock community (cf. Tables 2, 3). For example, the average total mapping of the
simulated data is 100% in the resistance mock community (Table 3) whereas it was 84.80% in the
empirical data (Table 2).
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Table 3: Summary of simulated Illumina PE150 data for a human saliva metagenome and the mock resistance community developed in our study.

No. of

Simulated

No. of Percent of
Filtered Matched Matched Matched Total Avg. Total

Sample ID Bait Set reads Reads Pairs Forward Reverse Mapped Mapped
Human Saliva
Metagenome - NCBI
-ASM1547316vl  This study 24,280 23,568 11,774 11,784 11,783 23,567 99.99%
Human Saliva .
Metagenome - NCBI Guitor et al.,
- ASM1547316v1 2019 57,310 55,606 27,789 27,803 27,803 55,606 100%
Resistance Mock
Community diluted
by half into Bovine
DNA This study 191,480 186,026 92,949 93,013 93,013 186,026 100%

Resistance Mock
Community diluted .
by half into Bovine Guitor et al.,
DNA 2019

427,740

415,632 207,628 207,816 207,816 415,632 100%
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Validation in Resistance Mock Community using a De Novo Assembly Approach

We initially prepared unenriched metagenomic libraries and enriched AMR-cap libraries on a resistance
mock community containing 203 different ARGs (Supplemental Table 3). Overall, using de novo
analysis, we detected 145 different ARGs in our AMR-cap enriched library representing every resistance
class present in the original mock community (Supplemental Figure 3). In our enriched libraries (Figure
1, panel A, column 2), we were able to detect all expected ARGs within five resistance classes, (blocks
indicated with 100% and bright green), more than 66-88% of expected ARGs in four more resistance
classes, and only two resistance classes performed poorly (beta-lactam - 20%; colistin — 14%). In contrast,
in our unenriched library (Figure 1, panel A, column 3), most resistance classes performed poorly; we
were unable to detect any ARGs in two classes of resistance: colistin and phenicol/quinolone. A
Wilcoxon rank sum test revealed a significant difference in the number of ARGs identified in AMR-cap
enriched libraries compared to unenriched metagenomic libraries (p-value = 0.0033) (Supplemental
Figure 2).

[Insert Figure 1]

Figure 1: (A)Aggregate equalized data heat plot of the known content of the mock community broken
down by resistance class on the y-axis. Library type and known content are labeled on the x-axis.
Percentage of class present ranges from 0% (red) to 100% (green). (B) Aggregate equalized data for
total resistance genes (y-axis) found in the AMR-cap enriched and unenriched libraries (x-axis) broken
down by resistance class. Stars represent a significant difference (p-value < 0.05) between AMR-cap
enriched and unenriched libraries.

Validation in Environmental Samples using a De Novo Assembly Approach
In this series of analyses, it was critical to down-sample sequences so that all samples had identical
numbers of sequences (See Data Processing and Analysis) (cf. Supplemental Figures 4 & 5).

Wilcoxon rank sum test was used to compare total ARGs identified in unenriched and AMR-cap
enriched libraries by sample type (i.e., wastewater, poultry, and built environment) in our data analyzed
with a de novo assembly approach (Supplemental Figure 2). Our analysis revealed that there were
significant differences (p-value < 0.05) between the unenriched and AMR-cap enriched libraries for all
sample types (Figure 2, Supplemental Figure 2).

In the unenriched built environment samples, a total of 10 resistance genes were identified, of which
eight were unique (i.e., only found once) and belonged to five classes of resistance (Figure 2,
Supplemental Figure 1 & 3). In comparison, AMR-cap enriched libraries were able to identify 70 total
resistance genes of which 36 were unique resistance genes corresponding to 10 different classes of
resistance (Figure 2, Supplemental Figures 1 & 3). On average, we detected 8.57 resistance genes per
AMR-cap enriched built environment samples and 1.67 resistance genes for unenriched built environment
samples (p-value = 0.0058) (Supplemental Figure 2).

In samples obtained from wastewater treatment plants, AMR-cap was able to identify 12 classes of
resistance and 146 total resistance genes, with 54 being unique resistance genes. In comparison, in the
unenriched libraries, we were able to identify 11 classes of resistance and 64 total resistance genes, of
which 27 were unique (Figure 2, Supplemental Figures 1 & 3). Furthermore, on average, in wastewater
treatment plant samples, we were able to identify 28.8 resistance genes per enriched sample and 9.83
resistance genes per unenriched sample (p-value = 0.0078) (Supplemental Figure 2).

Analysis on poultry litter samples revealed that AMR-cap identified 18 classes of resistance and 318
total resistance genes, of which 78 are unique. For the unenriched libraries, 6 different classes of
resistance and 33 total resistance genes were identified, of which 16 are unique (p-value = 0.0079)
(Figure 2, Supplemental Figures 1 & 3).

[Insert Figure 2]
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Figure 2: Aggregate equalized data for stacked bar plot of total resistance genes (yv-axis) by sample top
(top) found in AMR-cap enriched and unenriched libraries (x-axis) broken down by resistance class.
Stars represent a significant difference between AMR-cap enriched and unenriched library types.

Reads Per Kilobase per Million mapped reads (RPKM) Analysis

In this series of analyses, it is possible to use all available sequencing reads (see Data Processing and
Analysis) (Beaudry et al., 2021). An RPKM analysis of our resistance mock community revealed that
resistance genes in enriched libraries are sequenced at a much higher sequencing depth than those in
unenriched libraries, in all but one resistance class. The exception is fosfomycin, which only had one
resistance gene (i.e., FosA) (Figure 3). The RPKM analysis in the resistance mock community highlights
the ability of enrichment to sequence classes of genes that are missed in the unenriched libraries (i.e.,
colistin). Furthermore, across enriched replicates of the resistance mock community, we observed
particular resistance genes being sequenced deeply (i.e., red lines in Figure 3).

[Insert Figure 3]

Figure 3: RPKM analysis of the non-equalized resistance mock community. Sample replicates are
indicated on the x-axis with enriched samples on the left and unenriched samples on the right. RPKM
Values are log transformed, a key is located on the right. Prominent classes are labeled on the left side.

The RPKM analysis of our three environmental sample types (i.c., poultry litter, wastewater, and built
environment) shows the entire spectrum of results that AMR-cap enrichment can achieve (Figure 4). In
built environment samples, we observe an increased sequencing depth across all resistance genes in
AMR-cap enriched libraries compared to unenriched libraries. Furthermore, the RPKM analysis of built
environment samples reflects the inability of unenriched metagenomic libraries to identify a broad range
of resistance genes in the majority of these samples. In the poultry litter samples, enrichment increases the
depth of sequencing for most, but not all resistance genes. Likewise, enrichment is shown to be highly
effective on some samples (e.g., poultry litter sample 5). Thus, the poultry litter samples demonstrate that
enrichment is valuable, but obtaining data from unenriched libraries also adds value for samples with
relatively high numbers of ARGs. In the wastewater, however, the RPKM results demonstrate that deep
sequencing of unenriched samples can recover more depth from a broad array of resistance genes versus
more limited sequencing of enriched samples. Even in the wastewater samples, however, there are still a
few ARGs detected in the enriched but not unenriched libraries.

[Insert Figure 4]

Figure 4: RPKM analysis of non-equalized environmental samples broken down by sample type: A) Built
Environment, B) Poultry, and C) Wastewater Treatment Plant. Sample replicate is on the x-axis with
enriched samples on the left and unenriched samples on the right. RPKM values are log transformed, a
key is located on the right for each figure.

In silico Bait Set and CARD Comparisons

A comparison between our bait set, the Guitor et al. (2019) bait set, CARDv1.0. and CARDv3.1.1
was performed as previously described (see Data Analysis). These comparisons were chosen for several
key reasons: 1) at the time of analysis CARDv3.1.1 was the newest version of CARD, 2) genomic islands
are included in CARDV3 prevalence data and genes encoded on such islands are included in CARDv3
canonical data, and 3) PAIDB is no longer available. Both bait sets were compared to two versions of
CARD (CARDv1.0 and CARDv3.1.1). We found that our bait set, AMR-cap, was able to capture 2092
(99.1%) of 2110 ARGs in CARDv1.0, and the Guitor et al. (2019) bait set was able to capture 2083
(98.7%) of 2110 ARGs in CARDv1.0. Additionally, a comparison to CARDv3.1.1 was made, which is
comprised of 2786 unique ARGs. Our bait set was able to capture 2503 (89.8%) ARGs, whereas the

85UB017 SUOWILLOD BAIERID 3|qedtjdde auy Aq peusenob ake sl VO ‘s Jo seini 10} ArIqITaUIIUO AB]IAA UO (SUORIPUOD-PUB-SWR)AL0 A8 1M A RIq 1 [BUIUO//Sd1Y) SUONIPUOD PUe SWLB | 34} 88S *[£20Z/0T/0T] U ARIqIT8uljuO A3]1M ‘UOIULIOU| [eIIUYIS | PUY DHIBIOS JO 8010 Aq 29/GT'0262-29vT/TTTT OT/I0P/W00" A3 1M Ate.d 1 pul|uo'S fpuno [-1urey/sciy wouy pepeojumoq ‘2T ‘T20e ‘026229%T



Guitor et al. (2019) bait set was able to capture 2351 (84.3%) ARGs (Figure 5). ARGs the bait sets did
not capture are in the supplemental materials (Supplemental Tables 4 & 5).

[Insert Figure 5]

Figure 5: Venn diagram of the results of AMR-cap baits (red) and Guitor baits (blue) capturing genes in
CARDvI (top) and CARDv3 (bottom).

Discussion

Given the limitations of currently available culture-dependent and culture-independent methods to
study antimicrobial resistance in environmental samples, we sought to provide an alternative method to
identify resistance genes in environmental samples by creating an antibiotic resistance hybridization
capture assay (i.e., AMR-cap). Our study revealed several important findings: (1) AMR-cap achieves a
higher percentage of on-target reads than unenriched libraries regardless of sample type, (2) AMR-cap is
an efficient and cost-effective way to obtain ARG sequences, (3) AMR-cap is able to capture novel ARGs
in CARDvV3.1.1 that were unknown when our bait set was designed and (4) AMR-cap is a valuable tool to
characterize antimicrobial resistance in a wide range of environmental sample types. Our study was not
the first to apply hybridization bait capture to antibiotic resistance. However, our meticulous bait design
combined with in silico and in vivo experiments using a custom-built resistance mock community and
wide variety of environmental sample types (i.e., agriculture, water, and built environment) reflects the
capability of our bait set for studying complex environmental samples. Furthermore, this is the first study
to provide a published framework for updating resistome hybridization capture bait sets (see below).

Enriching for genes of interest is an important technique to study AMR. A multitude of past studies
have relied on PCR-based assays which are sensitive but require significant a priori knowledge of ARGs
of interest and do not provide the depth of information that can be acquired from unenriched
metagenomic shotgun libraries. Other previous studies have used hybridization capture to enrich for
ARGs (Noyes et al., 2017; Lanza et al., 2018; Guitor et al., 2019). Guitor et al. (2019) tested their
hybridization capture bait set for antibacterial resistance on a mock community and found that ~70-80%
of their enriched reads map to bait-targeted regions. Our bait set had similar results, with 85% of reads in
our AMR-cap mock community enriched library mapping to bait-targeted regions, in comparison to the
unenriched metagenomic library which had 4.2% of reads mapping to bait-targeted regions (Table 2).
Using a de novo analysis approach, we find on average 99 ARGs per sample in enriched libraries from
mock communities comparted to 38 ARGs per sample from unenriched metagenomic libraries
(Supplemental Figure 2). More specifically, in our mock resistance community, we find that two classes
of resistance (i.e., beta-lactam and colisitin) did not perform as well as other classes. This may be in part
due to the design of the mock resistance community, which included 125 ARGs for beta-lactam (i.e., an
overabundance that would not be expected “real world” samples), which is more than all other resistance
classes combined (i.e., 78 ARGs) (Supplemental Table 3). Additionally, with the methods employed in
this study we cannot differentiate all of the 125 beta-lactam sequences, even though they are likely
present among the reads, as when you have gene families not every sequence fragment is sufficiently
informative to identify which member of a gene family. Therefore, our AMR-cap assay achieves a very
high percentage of on-target reads and increases the number of ARGs identified regardless of
bioinformatic analysis method, but further work on analyses to differentiate similar sequences is needed.

Environmental samples are particularly challenging to work with due to their complex nature.
Validation of AMR hybridization capture bait sets in previous studies has been limited to host-associated
samples, with only one study testing wastewater samples (Noyes et al., 2017). In our study we tested a
variety of environmental samples including poultry litter, built environment samples, and wastewater
treatment plant influent and effluent. When the number of reads was normalized between AMR-cap
enriched and unenriched libraries for each sample type, we found that our AMR-cap assay identifies
significantly more resistance genes and classes of resistance in all environmental sample types (Figure 2).
Many of these ARGs come from clinically important groups including beta-lactam resistance, tetracycline
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resistance, and aminoglycoside resistance. More specifically, built environment and poultry litter AMR-
cap enriched samples identified several clinically important genes that were not identified in unenriched
libraries. This included blaOXA, which confers carbapenem resistance (i.e., an antibiotic of last resort)
and are widespread in Acinetobacter baumannii, and mecA, which encodes an extra penicillin-binding
protein and is one of the most impactful antimicrobial resistance genes to human health worldwide (Rolo
et al., 2017). In addition, we detected blaTEM genes in AMR-cap enriched samples from built
environments, but not in unenriched metagenomic libraries, thus highlighting the ability of our method to
identify beta-lactam ARGs in environmental samples. Noyes et al., 2017 detected TEM beta-lactamases
in 29 of 32 enriched fecal samples, but not in any unenriched samples. This indicates that these ARGs are
low abundance within each sample and could not be detected without hybridization capture. A similar
trend is observed in the non-normalized data (Supplementary Materials Figure 5). However, more metal
resistance genes and classes of resistance were identified in unenriched wastewater treatment plant
samples due to the high levels of metal resistance genes in wastewater (Supplemental Figure 5).

An additional benefit of our AMR-cap assay is that it increases the number of high-quality reads
obtained from enriched libraries compared to unenriched libraries. This phenomenon is apparent in the
built environment samples, where only 13% of reads from unenriched libraries were retained after quality
filtering and 36% of reads were retained from the AMR-cap libraries (Table 1). The number of reads
obtained in our unenriched libraries for low biomass (i.e., samples with fewer microbes and high
contamination/background noise) samples from built environments is similar to other studies (Gibbons et
al., 2015; Brooks et al., 2017; Chen et al., 2017).

Our RPKM analysis revealed several important findings. Foremost, we find that AMR-cap
enrichment leads to varying degrees of success in different types of environmental samples (Figure 3,
Figure 4). In the resistance mock community and built environment samples, AMR-cap enrichment is
highly effective for sequencing more resistance genes at a greater depth. Noteworthily, without AMR-cap
enrichment few resistance genes, if any, are sequenced in the unenriched libraries from built
environments. Those that are identified had a much lower sequencing depth than those in AMR-enriched
libraries. As previously mentioned, samples obtained from built environments are often of low microbial
load, and without enrichment resistance genes are below detection levels (Gibbons et al., 2015; Brooks et
al., 2017; Chen et al., 2017). Conversely, we found that AMR-cap enrichment has the opposite effect on
samples obtained from wastewater treatment plants. Wastewater samples are notorious for having a high
microbial load and, in comparison, to other sample types have higher levels of ARGs (Amalfitano et al.,
2018). The poultry litter samples represent a middle ground between the built environment and
wastewater samples, as some samples and resistance genes are sequenced at deeper levels with AMR-cap
enrichment. Thus, our AMR-cap enrichment may be best suited for samples with a low- to average
microbial load where AMR-cap enrichment identifies ARGs with a greater sequencing depth and
coverage than before.

During the 6 years between CARDv1.0.0 and CARDvV3.1.1, 676 resistance genes were added to the
database (Alcock et al., 2020). We tested our bait set and the bait set of Guitor et al. (2019) against
CARDvl.1 and CARDv3.1.1, finding that our bait set was able to capture 152 more resistance genes than
the Guitor bait set. This indicates that our AMR-cap bait set has a somewhat better ability to identify
novel ARGs than the Guitor bait set. Our bait set was designed to maximize the probability of obtaining
sequences similar to the baits (i.e., by using 120-mer baits), in comparison to the Guitor baits which focus
more on specificity, thus using 80-mer baits. Previous studies have shown that hybridization capture baits
of a similar length will tolerate ~20% sequence divergence (Faircloth et al., 2012; McCormack et al.,
2012). In our analyses, we assume that both bait sets will tolerate 15% nucleotide divergence from the
reference sequence (i.e., a conservative estimate), but longer baits allow for more divergence which is key
as many newly characterized ARGs only differ from other ARGs by a few nucleotides (Li et al., 2013;
Guitor et al., 2019).

We can make extrapolations of expected future performance of AMR-cap based on previous updates
to CARD. On average, the CARD database added ~110 resistance genes per year (Supplemental Table 5).
Our bait set had an ~60% success rate at identifying new resistance genes added to CARDv3.1.1 vs.
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CARDv1.0, thus for every seven new resistance genes added to CARD our baits are expected to identify
approximately four. Based on these calculations and assuming a similar pace of discovery in the future,
we estimate that over a 10-year period (i.e., from CARDvI1 to CARDvS5) ~1100 new resistance genes will
be added. If our bait set performs similarly in future iterations of CARD, then our bait set will be able to
capture 85% of resistance genes in the CARDvVS5 database (Supplemental Table 6). A similar trend is
observed after a 16-year period (i.e., to CARDVS), where our bait set can capture 80% of resistance genes
in the database (Supplemental Table 6). When 15-20% of genes are not identified, it is likely best to
extend the capability of AMR-cap through a supplemental set of baits that capture new clusters of genes
(i.e., a patch). In contrast, over a 20-year period (i.e., from CARD vl to CARDv10) ~2200 novel
resistance genes are predicted to be added to CARD, and our bait set will only be able to capture ~67% of
them (Supplemental Table 5). As multiple patches are increasingly difficult to design and each patch adds
cost to the bait set, by the time CARDv10 is released, it is likely to be worthwhile to redesign the entire
bait set. Thus, based on the current pace of CARD updates, we expect AMR-cap to require a major patch
about once per decade and a redesign once per 20 years. However, this expected timeline is dependent
upon most periodic additions to the database consisting of sequence variations including insertions or
recombinations of previous ARGs; discovery and addition of a major new class of ARGs with major
clinical public health impact would be cause for earlier additions or redesigns. Likewise, major global
increases in sequencing capacity and thus identification of new ARGs may alter this timeframe.
Nevertheless, minor patches of critical new ARGs, using traditionally synthesized individual biotinylated
oligonucleotides can be added at any time by researchers or the authors of this manuscript.

We find that the AMR-cap assay requires far fewer reads than unenriched metagenomic libraries,
consequently, allowing AMR-cap libraries to be characterized on long read sequencers (e.g., Oxford
Nanopore) or [llumina MiSeq instruments at a reasonable cost. MiSeqs are widely available in public
health laboratories across the world. Thus, this approach opens opportunities for many more labs to
initiate such work. Our bait set provides a valuable tool for assessing antibacterial resistance in a variety
of settings that require public health surveillance (e.g., water, clinical built environments, etc.) (Beaudry
et al., 2021). Our ready-to-use publicly available bait set is a cost-effective way to monitor AMR (i.e.,
baits can be purchased from Daicel Arbor Biosciences as Design ID# D10091Rsst; or the baits can be
synthesized by researchers using the bait sequences (supplemental File 1)). Costs for these baits are
similar to other studies which have shown the cost of enrichment with purchased kits can be as low as
$11.72 per sample (Glenn and Faircloth, 2016; Beaudry et al., 2021). However, further research is needed
to fully utilize this tool for AMR surveillance including understanding risk in the context of genomic
signal and defining the criteria for genomic data on AMR needed for a public health response (Port et al.,
2014; Costea et al., 2017; Noyes et al., 2017). Lastly, comparing traditional surveillance approaches to the
genomic method outlined in this paper is warranted.

This study had several limitations. Similar to other experimental procedures (e.g., DNA extraction,
amplicon sequencing, metagenomic sequencing), the AMR-cap assay has biases associated making the
use of this assay to yield semi-quantitative results not as preferable as other methods. The bioinformatic
pipelines used for de novo, reference-based, and RPKM analysis produced differing results as each
answers a different question (i.e., de novo and reference-based are qualitative and RPKM is quantitative).
For gene detection, de novo genome assembly is the least biased and considered the gold standard,
however, use of a reference-based assembly can allow assembly of more complex regions. By using both
methods, we are able to gain more information. Thus, future work should systematically investigate the
effects of different analysis methods to provide easily repeatable pipelines for qualitative AMR-cap
analyses, so results from different studies are readily comparable. Furthermore, future work could test
varying hybridization times, sequencing depths, and sequencing read length to have a greater
understanding of how this may affect the detection of different resistance classes (e.g., beta-lactams). In
addition, we do not provide a direct in vitro comparison of other resistance bait sets to our AMR-cap
assay, test methods to prevent the enrichment of non-function ARGs (e.g., those found in catalytic
residues), or determine the ideal hybridization temperature for each probe/gene (i.e., which may be the
reason fosA was not captured). Future research may benefit from such a comparison.
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In conclusion, our data demonstrate that our AMR-cap assay targeting >3500 sequences in CARD
efficiently enriches for ARGs in resistance mock communities and a variety of complex environmental
samples. Specifically, in complex environmental samples we achieved >200-fold enrichment, thus
reducing the need for extensive deep sequencing to identify ARGs allowing for increased flexibility on
sequencer choice. We believe that our bait set is a valuable and cost-effective tool for public health
surveillance of AMR in key areas of concern (i.e., water, agriculture, hospitals). Furthermore, we provide
an in silico comparison of our bait set to a previously designed resistome bait set and demonstrate the
adaptability of our bait set to capture novel ARGs.

Experimental Procedures
Resistance Mock Community Design and Testing

A mock resistance community was created by extracting DNA from AMR isolates provided by the
CDC & FDA Antibiotic Resistance Isolate Bank (AR Bank)
(https://www.cdc.gov/drugresistance/resistance-bank/index.html). A mock community containing 49
isolates (Supplemental Table 1 and Supplemental Table 6) was produced. These isolates belong to
different AR Bank resistance panels (i.e., Enterobacteriaceae Carbapenem Breakpoint Panel, Gram
Negative Carbapenemase Detection Panel, Isolates with New or Novel Antibiotic Resistance, and
Ceftolozane/tazobactam Panel), and in total include eleven bacterial species (i.e., Enterobacter cloacae,
Acinetobacter baumannii, Klebsiella pneumoniae, K. ozaenae, K. oxytoca, Pseudomonas aeruginosa,
Morganella morganii, Proteus mirabilis, Enterobacter aerogenes, Escherichia coli, and Serratia
marcescens). Each isolate was added in equal proportion based on concentration to our mock community.

Samples and DNA Extraction

Samples included in the study were collected from a variety of environmental sources, and were not
biological replicates (for N values see Table 1). Built environment samples were collected using sponges
and swabs from healthcare facilities, offices, and gyms throughout the United States. Following
collection, DNA samples were extracted with the PowerSoil DNA Isolation kit (Qiagen, Hilden,
Germany). Wastewater treatment plant (WWTP) influent and effluent were collected by grab sampling,
and DNA was extracted using previously described methods (Teachey et al., 2019). Poultry samples were
collected from poultry litter, DNA was extracted and purified using previously described methods
(Oladeinde et al., 2019). Mock community isolates were extracted using the PowerSoil DNA Isolation kit,
and serially diluted 3-fold in molecular grade water in duplicate for the final three dilutions (Qiagen,
Hilden, Germany).

Metagenomic Libraries

One library was prepared for each environmental sample (i.e., no technical replicates), and for the
mock community seven separate libraries were prepared (i.e., technical replicates in duplicate of the three
dilutions). Metagenomic shotgun libraries were prepared using New England BioLabs Ultra FS II library
kit (New England BioLabs, Ipswich, MA) and cleaned with a 1:1 ratio of Sera-Mag speedbeads after
ligation (Rohland and Reich, 2012). Following ligation, samples were tagged with iTru primers (Glenn et
al., 2019) and quantified with a Qubit 2.0 Fluorometer DNA high sensitivity assay kit (Thermofisher,
Waltham, MA). Samples were then cleaned with a 1:1 ratio of speedbeads and pooled into groups of 8-12
for enrichment or set aside for sequencing. A positive control of 2.5 ng/uL of E. coli and a negative
control of molecular grade water were included.

Resistome Capture Enrichments

Pooled libraries were then used to perform hybridization capture with biotinylated baits using a custom
Daicel Arbor Biosciences myBaits kit (Daicel Arbor Biosciences, Ann Arbor, MI). The kit was used
following manufacturer's protocol (v3-5.01) with 16-18-hour hybridization at 65°C for all samples.
Following hybridization, Dynabeads M-280 Streptavidin magnetic beads (Life Technologies, Carlsbad,
CA) were used for enrichment. A post-enrichment amplification was performed using Illumina P5/P7
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primers and KAPA HiFi HotStart reagents. The cycling conditions were as follows: 98°C for 45s, followed
by 16-28 cycles of 98°C for 20s, 60°C for 30s, and 72°C for 60s, and then a final extension of 72°C for five
minutes. P5/P7 PCR consisted of 25 cycles for the resistance mock resistance community, 25 cycles for the
built environmental samples, 18 for the poultry litter samples, and 18 cycles for the WWTP samples. PCR
product was cleaned with Sera-Mag beads, quantified on a Qubit 2.0 fluorometer DNA high sensitivity
assay kit (Thermofisher, Waltham, MA) and pooled in equimolar ratio for sequencing.

Sequencing

Resistome enriched libraries and unenriched metagenomic libraries were sequenced on an [llumina
HiSeq X Ten using a HiSeq X Ten Reagent Kit v2.5 (300 cycles) (Illumina, San Diego, CA) to obtain
PE150 reads. Seqeuences were demultiplexed using bcl2fastq2 v.20 (Illumina, San Diego, CA).

Simulating Resistome Target Enrichment Data

To test the efficiency of our bait set and Guitor et al., 2019 bait set under ideal conditions, we did an
in silico analysis to determine how well our bait sets work during an error- and bias-free hybridization
process (Alcock et al., 2020). Two metagenomes were used, one a human saliva metagenome obtained
from NCBI (ASM1547316v1) and one custom-built metagenome to match our mock resistance
community previously described. Bovine DNA was included in two of the simulations to act as a complex
background community. Fasta files containing sequences for each of the bait sets were mapped to each of
the metagenome fasta files using the Burrows-Wheeler Aligner (bwa) v0.7.17 using multi-mapping,
simulating an error-free and bias-free hybridization process (Li and Durbin, 2009). The SAM files created
by the mapping process were converted into BAM files using SAMtools v0.1.19 (Li et al., 2009). Then
the mapping coordinates obtained from each of the bait sets on the reference metagenomes were used to
extract the sequences +/- 350bp upstream and downstream of the coordinate’s position, wherever
possible. This was done to simulate the hybridization of the bait to the core of an ~800 bp fragment while
also acquiring the flanking regions typically captured when using biotinylated baits. Paired-end 150
bp fastq reads were simulated at 10X coverage using the software ART 2016.06.05 and the reference
sequences from each metagenome that were created with each bait set (Huang et al., 2012).

The de novo and reference-based assembly were performed as described below (see Data Processing
and Analysis — de novo assembly). The number of ARGs present in each metagenome with each bait
set was recorded. Additionally, for the reference-based assembly the human saliva metagenome and the
resistance mock community were used as a reference for the reads simulated with each bait set. The
number of reads that mapped to the reference metagenomes were recorded (Table 3).

Data Processing and Analysis

For de novo assembly, Illumina adapters were removed using Trimmomatic v0.39 using a lead and
trailing quality of three Phred-33 (Bolger et al., 2014). To equalize the number of reads found across
sample types, 500,000 reads were randomly selected (i.e., subset of the data) from mock community,
wastewater, and poultry samples. One million reads were randomly selected from built environment
samples. Random selection was done using Seqtk (Shen et al., 2016). Samples not equalized by the
number of reads are included in the supplemental materials (Supplemental Figures 4-5). Samples were
quality filtered with a sliding window of 4:15 and minimum length of 100. SPAdes v3.14.1was used to
assemble reads into contigs using the options -meta and -plasmid (Nurk et al., 2017). To query contigs,
AMRFinderv3.9.8 with the option nucleotide, threshold of 0.5 (see Supplemental Figure 6 for information
on thresholds), and plus were used to determine the number of hits for each gene in each resistance
category (i.e., --nucleotide --c 0.5 --plus). The number of hits for each resistance category and
antimicrobial resistance gene were recorded.

For reference-based assembly, total read data of all sequences were downloaded into Geneious Prime
v2020.2 or v2021.1 in order to visualize results and paired. BBDuk was used to trim Illumina TruSeq
adaptors, with a kmer length of 21 and trim partial adapters from ends with a kmer length of 8.
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Additionally, reads smaller than 50 bp were discarded and a minimum quality score of 25 was used. Our
targets file (i.e., CARDv1.1.2 and PAIDBv2.0) was uploaded into Geneious and used as a reference to
map sequence reads using BBMap version 38.84 with default settings.

To query bait sets (i.e., Guitor et al., 2019 and our bait set) and databases (i.e., CARDv1.0.0 and
CARDv3.1.1 canonical data) against each other, BWA v0.7.17 with the option mem and default settings
was run (Li and Durbin, 2009). The baits were used as a reference to align genes against the baits.

To determine the abundance of ARGS as expressed in RPKMs (reads per kilo base per million
mapped reads), total read data were trimmed and trimmed paired reads were mapped to CARDv3.1.1
using BWA mem 0.7.17 with the best match option (Li and Durbin, 2009). A custom bash script was used
to subset mapped reads from the SAM alignment file and calculate the length of each gene from
CARDvV3.1.1 database. RPKM values were calculated using the following formula: RPKM =
numReads/(geneLength/1000 *totalNumberReads/1,000,000). Genes with less than 10 mapped reads
were discarded. Classes and subclasses were matched to genes from using CARDv3.1.1 and
AMRfinderv3.9.8.

R statistical software (R Development Core Team, 2010) was used to make plots and run statistical
analyses. The Shapiro-Wilk normality test was used and indicated that de-novo data were not normally
distributed. Wilcoxon Rank-Sum tests were used to compare the median number of ARGs identified in
the enriched and unenriched libraries between each sample source. Data processing, summarization, and
analysis was completed using base R and the ‘tidyverse’ program library (Wickham et al., 2019). Data
visualizations were created using the ‘ggplot2’ library.

Data Availability Statement
The data is publicly available through the NCBI Sequence Read Archive (SRA) BioProject ID
PRINA746311.
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Table and Figure Legends

Table 1: Summary of total lllumina HiSeq PE150 sequences available for each sample type using de-
novo assembly with the AMRFinder database for each environmental sample.

Table 2: Summary of total sequences, percent mapping to the target file (i.e., CARD and PAIDB), fold
change, and empirically achievable enrichment targets for reference-based assembly approach with
averages for each sample type.

Table 3: Summary of simulated lllumina PE150 data for a human saliva metagenome and the mock
resistance community developed in our study.

Figure 1: (A)Aggregate equalized data heat plot of the known content of the mock community broken
down by resistance class on the y-axis. Library type and known content are labeled on the x-axis.
Percentage of class present ranges from 0% (red) to 100% (green). (B) Aggregate equalized data for
total resistance genes (y-axis) found in the AMR-cap enriched and unenriched libraries (x-axis) broken

85UB017 SUOWILLOD BAIERID 3|qedtjdde auy Aq peusenob ake sl VO ‘s Jo seini 10} ArIqITaUIIUO AB]IAA UO (SUORIPUOD-PUB-SWR)AL0 A8 1M A RIq 1 [BUIUO//Sd1Y) SUONIPUOD PUe SWLB | 34} 88S *[£20Z/0T/0T] U ARIqIT8uljuO A3]1M ‘UOIULIOU| [eIIUYIS | PUY DHIBIOS JO 8010 Aq 29/GT'0262-29vT/TTTT OT/I0P/W00" A3 1M Ate.d 1 pul|uo'S fpuno [-1urey/sciy wouy pepeojumoq ‘2T ‘T20e ‘026229%T



down by resistance class. Stars represent a significant difference (p-value < 0.05) between AMR-cap
enriched and unenriched libraries.

Figure 2: Aggregate equalized data for stacked bar plot of total resistance genes (y-axis) by sample type
(top) found in AMR-cap enriched and unenriched libraries (x-axis) broken down by resistance class.
Stars represent a significant difference between AMR-cap enriched and unenriched library types.

Figure 3: RPKM analysis of the non-equalized resistance mock community. Sample replicates are
indicated on the x-axis with enriched samples on the left and unenriched samples on the right. RPKM
Values are log transformed, a key is located on the right. Prominent classes are labeled on the left side.

Figure 4: RPKM analysis of non-equalized environmental samples broken down by sample type: A) Built
Environment, B) Poultry, and C) Wastewater Treatment Plant. Sample replicate is on the x-axis with
enriched samples on the left and unenriched samples on the right. RPKM values are log transformed, a
key is located on the right for each figure.

Figure 5: Venn diagram of the results of AMR-cap baits (red) and Guitor baits (blue) capturing genes in
CARDvI (top) and CARDv3 (bottom).
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Originality-Significance Statement

This work is applicable to a wide range of research because it helps to define conditions under which
hybridization capture is useful and how to assess the ongoing utility of existing bait sets. We address
these general issues with an antimicrobial resistance bait set - giving generalizable objective criteria for
when and by what strategies baits should be updated. We also provide a method for quantifying and
comparing antimicrobial resistance genes (ARGs) similar to what is used for RNAseq experiments. This
approach improves comparisons of ARGs across environments. Thus, the work provides an improved
foundation for future studies of ARGs, while cutting across and extending beyond traditional areas of
microbiology.

Summary

Finding, characterizing, and monitoring reservoirs for antimicrobial resistance (AMR) is vital to
protecting public health. Hybridization capture baits are an accurate, sensitive, and cost-effective
technique used to enrich and characterize DNA sequences of interest, including antimicrobial resistance
genes (ARGs), in complex environmental samples. We demonstrate the continued utility of a set of
19,933 hybridization capture baits designed from the Comprehensive Antibiotic Resistance Database
(CARD)v1.1.2 and Pathogenicity Island Database (PAIDB)v2.0, targeting 3,565 unique nucleotide
sequences that confer resistance. We demonstrate the efficiency of our bait set on a custom-made
resistance mock community and complex environmental samples to increase the proportion of on-target
reads as much as >200-fold. However, keeping pace with newly discovered ARGs poses a challenge
when studying AMR, because novel ARGs are continually being identified and would not be included in
bait sets designed prior to discovery. We provide imperative information on how our bait set performs
against CARDv3.3.1, as well as a generalizable approach for deciding when and how to update
hybridization capture bait sets. This research encapsulates the full life cycle of baits for hybridization
capture of the resistome from design and validation (both in silico and in vitro) to utilization and
forecasting updates and retirement.

Introduction

The World Health Organization (WHO) has cautioned of a “post-antimicrobial era”, in which
worldwide deaths from antimicrobial resistance (AMR) could exceed 10 million each year by 2050
(Alsan et al., 2018). However, the U.S. Centers for Disease Control and Prevention (CDC) states that the
post-antimicrobial era is already here, with 2.8 million AMR infections annually at a cost of $2 billion
USD per year (O’Neil, 2014; CDC, 2019). These infections occur because microbes have developed the
capacity to overcome microbicidal and microbiostatic activities of drugs. Resistance in bacterial
populations is contingent on the characteristics of microbes (i.e., transmission mode, colonization, and
pathogenicity) and the genetic basis for resistance.

For bacteria, resistance may be intrinsic, acquired, or may be due to point mutations conferring target
modification (Sommer et al., 2010). Furthermore, plasmids, commonly found in Gram-negative bacteria,
enable resistance genes to spread readily between bacteria and this spread poses a critical threat to human
health (Buckner et al., 2018)(Buckner et al., 2018). Many drug-resistant bacteria have pathogenicity
islands, which play a fundamental role in their virulence in humans (Schmidt and Hensel, 2004;
Pendleton et al., 2013). Accurately identifying the resistome in a microbial community (i.e., the collection
of AMR genes in a community) within environmental settings is vital for public health, as the spread of
resistance and rise of new resistance elements are key public health concerns. AMR elements have been
detected in a wide variety of reservoirs, including aquatic, terrestrial, food- and host-associated microbial
communities (Oladeinde et al., 2018; Guitor et al., 2019; Mahnert et al., 2019; Oladeinde et al., 2019;
Thomas et al., 2020). Increasing concerns over the AMR crisis have produced the need for AMR
surveillance programs (e.g., at the United States Centers for Disease Control and Prevention). However,
there is a lack of AMR surveillance programs for environmental reservoirs (Noyes et al., 2017; Arango-
Argoty et al., 2018). Furthermore, existing methods to determine the resistome of complex environmental
samples are not sufficient, and rely on laborious culture-based techniques, biased molecular-based
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methods, or extensive deep sequencing (Koser et al., 2014; Paterson et al., 2014; Van Camp et al., 2020).
Furthermore, it is estimated that 99% or more of environmental bacteria cannot be readily cultured,
leading to large bias in culture-based techniques (Luby et al., 2016).

Hybridization sequence capture (also known as capture enrichment sequencing, sequence capture,
solution hybrid selection, target capture, or targeted sequence capture) is an enrichment technique that
increases the proportion of DNA fragments of interest within DNA libraries (Mamanova et al., 2010; Teer
et al., 2010). This method uses a set of DNA or RNA baits that are complementary to DNA sequences of
interest to increase the proportion of target DNA fragments, and then characterize the DNA by massively
parallel sequencing (MPS) (Lasa et al., 2019). Hybridization sequence capture can be used to study AMR
by designing baits to target the resistome. Hybridization sequence capture has several advantages, as
limited a priori knowledge is required, there is no culture-bias, and it does not require extensive deep
sequencing that is necessary to identify resistance elements in shotgun metagenomic libraries. In addition,
the baits used to capture genes of interest can be designed to tolerate substantial sequence divergence (i.e.,
to detect new variants and overcome some level of genetic bias) while being highly sensitive.
Hybridization sequence capture bait sets have been designed and used in microbial diversity studies by
designing baits to the 16S rRNA (Gasc and Peyret, 2018; Beaudry et al., 2021), to study a defined set of
pathogens or genes (e.g., virulence genes in Vibrio spp., human infecting viruses (Lasa et al., 2019;
Metsky et al., 2019)), and to study antibiotic resistance (Noyes et al., 2017; Lanza et al., 2018; Guitor et
al., 2019).

Prior to large-scale use of a novel bait set, effectiveness of the baits should be determined both in
silico and in vitro. Of the previously designed bait sets for antimicrobial resistance, none have provided
an in silico analysis (Noyes et al., 2017; Lanza et al., 2018; Guitor et al., 2019). In silico analyses are
important because they characterize the efficiency of the bait set under ideal conditions and allow for
easier comparison between published bait sets if similar bioinformatic methods are used. Moreover, in
vitro validation of bait sets has been limited. Mock communities are often used to establish ground truth
in microbial diversity studies; however, at the time of this writing no commercially available mock
resistance community exists (i.e., community of known content with several resistance isolates from
multiple bacteria) (Costea et al., 2017; Rausch et al., 2019). As such, several previous studies have limited
their validation to host-associated samples (i.e., gut or stool samples) (Noyes et al., 2017; Lanza et al.,
2018; Guitor et al., 2019) or phenotypic data, with only one study making a simple mock metagenome
(Guitor et al., 2019).

The use of hybridization bait capture for antimicrobial resistance or other rapidly evolving genes of
interest poses difficult challenges. Antimicrobial resistance genes are constantly evolving and being
identified; for example between CARDvV1.0.0 and CARDv3.1.1 a total of 676 resistance genes have been
added (Alcock et al., 2020). If genes are not present in the reference database when baits are designed,
then it is difficult to know if the bait set can capture new genes that are subsequently added to the
database. This problem is similar to that of the Greek god Sisyphus, as soon as bait set design is complete
then new ARGs will soon be added to the reference database(s) and design must start again. Similar to
Sisyphus’s boulder rolling down the hill again, bait redesign is a never-ending chore. Thus, we examine
how and when hybridization capture baits for the resistome should be updated, providing a guide to how
researchers using hybridization capture can escape the fate of Sisyphus.

Here, we develop, validate, and examine a targeted ARG sequence capture method (i.e., AMR-cap) to
enrich metagenomic shotgun libraries for antibiotic resistance genes. Our bait set was developed from all
genes in the CARD v1.1.2 and PAIDB v2.0 (Yoon et al., 2015; Alcock et al., 2020), which are reference
databases for bacterial resistance genes and pathogenicity islands. We validate our bait set in vitro on
mock communities and diverse environmental samples, to show the ability of our AMR-cap bait set to
work efficiently across a range of sample types, many of which have not been tested in other studies.
Furthermore, we provide in silico comparisons to previously designed hybridization capture bait sets for
antimicrobial resistance (Guitor et al., 2019). Lastly, we provide evaluation methods for when to update
hybridization capture bait sets, as the rapid identification of new ARGs poses a significant challenge to
resistome bait sets.
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Results:

Design of Resistance Baits

Sequence entries in the Pathogenicity Island Database (PAIDB) v2.0 (Supplemental Table 1) and CARD
v1.1.2 homolog model were combined into a master reference source comprising roughly 19.6 Mbp of
sequence space across 3,565 unique sequences (Yoon et al., 2015; Alcock et al., 2020). We first tiled
120nt baits approximately end-to-end across all these sequences (166,325 bait candidates), and then
compressed these using USEARCH (Edgar, 2010) by eliminating any baits that were at least 90%
identical with a minimum of 108 bp overlap with another bait (111,546 remaining). To select a subset of
these baits that could serve to broadly sample the reference sequence space, we used MegaBLAST
(Morgulis et al., 2008) to measure how many target reference intervals each bait might match. Starting
with the bait with the highest number of interval hits (i.e., the most relaxed stringency) from the 111,325
survivors, we removed from consideration any other baits that also covered any of the same sequence
space as that bait and retained the next most least stringent bait among the survivors. This process was
repeated until reaching roughly 10,000 bait candidates (part 1), which is anticipated to cover roughly 9.4
Mbp of the initial target space. Among the remaining candidates, another ~8,400 baits that only matched
one location in the remaining target reference space were retained, keeping up to 10 baits per reference
entry (part 2). We repeated the procedure used to generate part 1, but for the reference sequence intervals
still un-baited to reach ~20,000 baits (part 3). This combination of two 'general-purpose' sets (parts 1 and
3) and one 'specific' set (part 2) comprises 19,933 total bait sequences, which is anticipated to cover
roughly 11.0 Mbp of the original 19.6 Mbp target space. The iterative reduction process resulted in all but
2 out of the original 3,726 total (3,565 unique) target entries being fully or partially represented in the
final set of 19,933 baits (Supplemental Table 2).

Table 1: Summary of total lllumina HiSeq PE150 sequences available for each sample type using de-
novo assembly with the AMRFinder database.

Percentage of Average of Aggregate
Aggregate Total ~ Aggregate Total Reads Processed Reads per

Sample Type Library Type N Samples Read Pairs Processed Reads  Retained Sample
Resistance Mock
Community Unenriched 7 4,773,192 1,504,839 32% 214,977
Resistance Mock
Community Enriched 7 3,419,493 1,343,634 39% 191,947
Built Environment Unenriched 17 31,191,762 4,095,542 13% 240,914
Built Environment Enriched 17 20,656,654 7,389,789 36% 434,693
Wastewater Unenriched 6 37,789,368 22,584,550 60% 3,764,092
Wastewater Enriched 6 2,847,948 1,805,634 63% 300,939
Poultry Litter ~ Unenriched 6 5,842,892 4,146,149 71% 691,025
Poultry Litter Enriched 6 3,064,798 2,498,453 82% 416,409

Sequencing Summary Statistics

For the unenriched metagenomic data, the aggregate number of total raw read pairs ranged from
4,773,192 in the resistance mock community (i.e., known content community with several resistance
isolates from multiple bacteria) to 37,789,368 wastewater treatment plant samples (Table 1). The highest
percentage of reads retained after processing in the de novo assembly approach (see Data Processing and
Analysis) was 82% in AMR-cap enriched poultry litter samples, and the lowest was 13% in unenriched
built environment samples (Table 1). The percentage of reads retained after processing was greater than
30% in all other sample and library types.
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For the reference-based assembly, the aggregate number of high-quality reads by sample type in
unenriched libraries ranged from 759,615 in mock community samples to 10,868,785 in wastewater
samples (Table 2). The percent reads mapping to our combined target file in unenriched libraries ranged
from 0.23% in the built environment samples to 4.72% in the resistance mock community samples (Table
2). In the reference-based assembly for AMR-cap enriched libraries, the number of high-quality reads by
sample type ranged from 685,531 in wastewater samples to 1,926,747 in built environment samples
(Table 2). Processed reads were mapped to our combined target file and ranged from 31.93% mapping in
built environment samples to 84.80% mapping in the resistance mock community samples (Table 2).

Hybridization capture enrichment efficiency was estimated by calculating the fold-change (increase)
for each sample and library type, and an average was obtained for each sample type (Table 2). The lowest
fold change was observed in the resistance mock community samples at 17. It should be noted, however,
that if the sample had been enriched to 90% on target reads (i.e., about the maximum achievable in
hybridization capture (Samorodnitsky et al., 2015)) the fold change would be 19 (Table 2). The
environmental samples fold change ranged from 57 in the wastewater samples to 248 in the poultry litter
samples, with fold change >100 being achievable in all environmental sample types when 90% of reads
are on target (Table 2). A negative control was used through library preparation, enrichment, and
sequencing.
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Table 2: Summary of total sequences, percent mapping, fold change, and maximum empirically achievable fold change (90% on target) for
reference-based assembly approach with averages for each sample type.

Enriched-

Unenriched Unenriched Unenriched Enriched No. PE150 Enriched Fold Empirical
No. of High PE150 Total  Percent of High ota] | Dercent Ch;)n . Max Fold
Quality Reads  Mapped Mapped Quality Reads M d Mapped &€ Change
Sample Type appe
Resistance
Mock
Community 759,615 35,970 4.72% 858,344 729,721 84.80% 17 19
Built
Environment 1,244,146 3,856 0.23% 1,926,747 645,221 31.93% 136 387
Wastewater 10,868,785 87,361 0.79% 685,531 315,396 45.80% 57 114

Poultry Litter 1,692,429 4,438 0.27% 853,560 586,455 67.80% 248 331
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In silico Simulation

We created two simulated data sets for in silico capture experiments of our baits and those of Guitor et al.

(2019), all of which achieved >99.99% mapping of the expected number of sequences (Table 3). We
observed a higher percentage of total mapped reads in our in silico resistance mock community than our
in vitro resistance mock community (cf. Tables 2, 3). For example, the average total mapping of the
simulated data is 100% in the resistance mock community (Table 3) whereas it was 84.80% in the
empirical data (Table 2).
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Table 3: Summary of simulated Illumina PE150 data for a human saliva metagenome and the mock resistance community developed in our study.

No. of

Simulated

No. of Percent of
Filtered Matched Matched Matched Total Avg. Total

Sample ID Bait Set reads Reads Pairs Forward Reverse Mapped Mapped
Human Saliva
Metagenome - NCBI
-ASM1547316vl  This study 24,280 23,568 11,774 11,784 11,783 23,567 99.99%
Human Saliva .
Metagenome - NCBI Guitor et al.,
- ASM1547316v1 2019 57,310 55,606 27,789 27,803 27,803 55,606 100%
Resistance Mock
Community diluted
by half into Bovine
DNA This study 191,480 186,026 92,949 93,013 93,013 186,026 100%

Resistance Mock
Community diluted .
by half into Bovine Guitor et al.,
DNA 2019

427,740

415,632 207,628 207,816 207,816 415,632 100%
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Validation in Resistance Mock Community using a De Novo Assembly Approach

We initially prepared unenriched metagenomic libraries and enriched AMR-cap libraries on a resistance
mock community containing 203 different ARGs (Supplemental Table 3). Overall, using de novo
analysis, we detected 145 different ARGs in our AMR-cap enriched library representing every resistance
class present in the original mock community (Supplemental Figure 3). In our enriched libraries (Figure
1, panel A, column 2), we were able to detect all expected ARGs within five resistance classes, (blocks
indicated with 100% and bright green), more than 66-88% of expected ARGs in four more resistance
classes, and only two resistance classes performed poorly (beta-lactam - 20%; colistin — 14%). In contrast,
in our unenriched library (Figure 1, panel A, column 3), most resistance classes performed poorly; we
were unable to detect any ARGs in two classes of resistance: colistin and phenicol/quinolone. A
Wilcoxon rank sum test revealed a significant difference in the number of ARGs identified in AMR-cap
enriched libraries compared to unenriched metagenomic libraries (p-value = 0.0033) (Supplemental
Figure 2).

[Insert Figure 1]

Figure 1: (A)Aggregate equalized data heat plot of the known content of the mock community broken
down by resistance class on the y-axis. Library type and known content are labeled on the x-axis.
Percentage of class present ranges from 0% (red) to 100% (green). (B) Aggregate equalized data for
total resistance genes (y-axis) found in the AMR-cap enriched and unenriched libraries (x-axis) broken
down by resistance class. Stars represent a significant difference (p-value < 0.05) between AMR-cap
enriched and unenriched libraries.

Validation in Environmental Samples using a De Novo Assembly Approach
In this series of analyses, it was critical to down-sample sequences so that all samples had identical
numbers of sequences (See Data Processing and Analysis) (cf. Supplemental Figures 4 & 5).

Wilcoxon rank sum test was used to compare total ARGs identified in unenriched and AMR-cap
enriched libraries by sample type (i.e., wastewater, poultry, and built environment) in our data analyzed
with a de novo assembly approach (Supplemental Figure 2). Our analysis revealed that there were
significant differences (p-value < 0.05) between the unenriched and AMR-cap enriched libraries for all
sample types (Figure 2, Supplemental Figure 2).

In the unenriched built environment samples, a total of 10 resistance genes were identified, of which
eight were unique (i.e., only found once) and belonged to five classes of resistance (Figure 2,
Supplemental Figure 1 & 3). In comparison, AMR-cap enriched libraries were able to identify 70 total
resistance genes of which 36 were unique resistance genes corresponding to 10 different classes of
resistance (Figure 2, Supplemental Figures 1 & 3). On average, we detected 8.57 resistance genes per
AMR-cap enriched built environment samples and 1.67 resistance genes for unenriched built environment
samples (p-value = 0.0058) (Supplemental Figure 2).

In samples obtained from wastewater treatment plants, AMR-cap was able to identify 12 classes of
resistance and 146 total resistance genes, with 54 being unique resistance genes. In comparison, in the
unenriched libraries, we were able to identify 11 classes of resistance and 64 total resistance genes, of
which 27 were unique (Figure 2, Supplemental Figures 1 & 3). Furthermore, on average, in wastewater
treatment plant samples, we were able to identify 28.8 resistance genes per enriched sample and 9.83
resistance genes per unenriched sample (p-value = 0.0078) (Supplemental Figure 2).

Analysis on poultry litter samples revealed that AMR-cap identified 18 classes of resistance and 318
total resistance genes, of which 78 are unique. For the unenriched libraries, 6 different classes of
resistance and 33 total resistance genes were identified, of which 16 are unique (p-value = 0.0079)
(Figure 2, Supplemental Figures 1 & 3).

[Insert Figure 2]
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Figure 2: Aggregate equalized data for stacked bar plot of total resistance genes (yv-axis) by sample top
(top) found in AMR-cap enriched and unenriched libraries (x-axis) broken down by resistance class.
Stars represent a significant difference between AMR-cap enriched and unenriched library types.

Reads Per Kilobase per Million mapped reads (RPKM) Analysis

In this series of analyses, it is possible to use all available sequencing reads (see Data Processing and
Analysis) (Beaudry et al., 2021). An RPKM analysis of our resistance mock community revealed that
resistance genes in enriched libraries are sequenced at a much higher sequencing depth than those in
unenriched libraries, in all but one resistance class. The exception is fosfomycin, which only had one
resistance gene (i.e., FosA) (Figure 3). The RPKM analysis in the resistance mock community highlights
the ability of enrichment to sequence classes of genes that are missed in the unenriched libraries (i.e.,
colistin). Furthermore, across enriched replicates of the resistance mock community, we observed
particular resistance genes being sequenced deeply (i.e., red lines in Figure 3).

[Insert Figure 3]

Figure 3: RPKM analysis of the non-equalized resistance mock community. Sample replicates are
indicated on the x-axis with enriched samples on the left and unenriched samples on the right. RPKM
Values are log transformed, a key is located on the right. Prominent classes are labeled on the left side.

The RPKM analysis of our three environmental sample types (i.c., poultry litter, wastewater, and built
environment) shows the entire spectrum of results that AMR-cap enrichment can achieve (Figure 4). In
built environment samples, we observe an increased sequencing depth across all resistance genes in
AMR-cap enriched libraries compared to unenriched libraries. Furthermore, the RPKM analysis of built
environment samples reflects the inability of unenriched metagenomic libraries to identify a broad range
of resistance genes in the majority of these samples. In the poultry litter samples, enrichment increases the
depth of sequencing for most, but not all resistance genes. Likewise, enrichment is shown to be highly
effective on some samples (e.g., poultry litter sample 5). Thus, the poultry litter samples demonstrate that
enrichment is valuable, but obtaining data from unenriched libraries also adds value for samples with
relatively high numbers of ARGs. In the wastewater, however, the RPKM results demonstrate that deep
sequencing of unenriched samples can recover more depth from a broad array of resistance genes versus
more limited sequencing of enriched samples. Even in the wastewater samples, however, there are still a
few ARGs detected in the enriched but not unenriched libraries.

[Insert Figure 4]

Figure 4: RPKM analysis of non-equalized environmental samples broken down by sample type: A) Built
Environment, B) Poultry, and C) Wastewater Treatment Plant. Sample replicate is on the x-axis with
enriched samples on the left and unenriched samples on the right. RPKM values are log transformed, a
key is located on the right for each figure.

In silico Bait Set and CARD Comparisons

A comparison between our bait set, the Guitor et al. (2019) bait set, CARDv1.0. and CARDv3.1.1
was performed as previously described (see Data Analysis). These comparisons were chosen for several
key reasons: 1) at the time of analysis CARDv3.1.1 was the newest version of CARD, 2) genomic islands
are included in CARDV3 prevalence data and genes encoded on such islands are included in CARDvV3
canonical data, and 3) PAIDB is no longer available. Both bait sets were compared to two versions of
CARD (CARDv1.0 and CARDv3.1.1). We found that our bait set, AMR-cap, was able to capture 2092
(99.1%) of 2110 ARGs in CARDv1.0, and the Guitor et al. (2019) bait set was able to capture 2083
(98.7%) of 2110 ARGs in CARDv1.0. Additionally, a comparison to CARDv3.1.1 was made, which is
comprised of 2786 unique ARGs. Our bait set was able to capture 2503 (89.8%) ARGs, whereas the
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Guitor et al. (2019) bait set was able to capture 2351 (84.3%) ARGs (Figure 5). ARGs the bait sets did
not capture are in the supplemental materials (Supplemental Tables 4 & 5).

[Insert Figure 5]

Figure 5: Venn diagram of the results of AMR-cap baits (red) and Guitor baits (blue) capturing genes in
CARDvI (top) and CARDv3 (bottom).

Discussion

Given the limitations of currently available culture-dependent and culture-independent methods to
study antimicrobial resistance in environmental samples, we sought to provide an alternative method to
identify resistance genes in environmental samples by creating an antibiotic resistance hybridization
capture assay (i.e., AMR-cap). Our study revealed several important findings: (1) AMR-cap achieves a
higher percentage of on-target reads than unenriched libraires regardless of sample type, (2) AMR-cap is
an efficient and cost-effective way to obtain ARG sequences, (3) AMR-cap is able to capture novel ARGs
in CARDvV3.1.1 that were unknown when our bait set was designed and (4) AMR-cap is a valuable tool to
characterize antimicrobial resistance in a wide range of environmental sample types. Our study was not
the first to apply hybridization bait capture to antibiotic resistance. However, our meticulous bait design
combined with in silico and in vivo experiments using a custom-built resistance mock community and
wide variety of environmental sample types (i.e., agriculture, water, and built environment) reflects the
capability of our bait set for studying complex environmental samples. Furthermore, this is the first study
to provide a published framework for updating resistome hybridization capture bait sets (see below).

Enriching for genes of interest is an important technique to study AMR. A multitude of past studies
have relied on PCR-based assays which are sensitive but require significant a priori knowledge of ARGs
of interest and do not provide the depth of information that can be acquired from unenriched
metagenomic shotgun libraries. Other previous studies have used hybridization capture to enrich for
ARGs (Noyes et al., 2017; Lanza et al., 2018; Guitor et al., 2019). Guitor et al. (2019) tested their
hybridization capture bait set for antibacterial resistance on a mock community and found that ~70-80%
of their enriched reads map to bait-targeted regions. Our bait set had similar results, with 85% of reads in
our AMR-cap mock community enriched library mapping to bait-targeted regions, in comparison to the
unenriched metagenomic library which had 4.2% of reads mapping to bait-targeted regions (Table 2).
Using a de novo analysis approach, we find on average 99 ARGs per sample in enriched libraries from
mock communities comparted to 38 ARGs per sample from unenriched metagenomic libraries
(Supplemental Figure 2). More specifically, in our mock resistance community, we find that two classes
of resistance (i.e., beta-lactam and colisitin) did not perform as well as other classes. This may be in part
due to the design of the mock resistance community, which included 125 ARGs for beta-lactam (i.e., an
overabundance that would not be expected “real world” samples), which is more than all other resistance
classes combined (i.e., 78 ARGs) (Supplemental Table 3). Additionally, with the methods employed in
this study we cannot differentiate all of the 125 beta-lactam sequences, even though they are likely
present among the reads, as when you have gene families not every sequence fragment is sufficiently
informative to identify which member of a gene family you have. Our AMR-cap assay achieves a very
high percentage of on-target reads and increases the number of ARGs identified regardless of
bioinformatic analysis method, but further work on analyses to differentiate similar sequences is needed.

Environmental samples are particularly challenging to work with due to their complex nature.
Validation of AMR hybridization capture bait sets in previous studies has been limited to host-associated
samples, with only one study testing wastewater samples (Noyes et al., 2017). In our study we tested a
variety of environmental samples including poultry litter, built environment samples, and wastewater
treatment plant influent and effluent. When the number of reads was normalized between AMR-cap
enriched and unenriched libraries for each sample type, we found that our AMR-cap assay identifies
significantly more resistance genes and classes of resistance in all environmental sample types (Figure 2).
Many of these ARGs come from clinically important groups including beta-lactam resistance, tetracycline
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resistance, and aminoglycoside resistance. More specifically, built environment and poultry litter AMR-
cap enriched samples identified several clinically important genes that were not identified in unenriched
libraries. This included blaOXA, which confers carbapenem resistance (i.e., an antibiotic of last resort)
and are widespread in Acinetobacter baumannii, and mecA, which encodes an extra penicillin-binding
protein and is one of the most impactful antimicrobial resistance genes to human health worldwide (Rolo
et al., 2017). In addition, we detected blaTEM genes in AMR-cap enriched samples from built
environments, but not in unenriched metagenomic libraries, thus highlighting the ability of our method to
identify beta-lactam ARGs in environmental samples. Noyes et al., 2017 detected TEM beta-lactamases
in 29 of 32 enriched fecal samples, but not in any unenriched samples. This indicates that these ARGs are
low abundance within each sample and could not be detected without hybridization capture. A similar
trend is observed in the non-normalized data (Supplementary Materials Figure 5). However, more metal
resistance genes and classes of resistance were identified in unenriched wastewater treatment plant
samples due to the high levels of metal resistance genes in wastewater (Supplemental Figure 5).

An additional benefit of our AMR-cap assay is that it increases the number of high-quality reads
obtained from enriched libraries compared to unenriched libraries. This phenomenon is apparent in the
built environment samples, where only 13% of reads from unenriched libraries were retained after quality
filtering and 36% of reads were retained from the AMR-cap libraries (Table 1). The number of reads
obtained in our unenriched libraries for low biomass (i.e., samples with fewer microbes and high
contamination/background noise) samples from built environments is similar to other studies (Gibbons et
al., 2015; Brooks et al., 2017; Chen et al., 2017).

Our RPKM analysis revealed several important findings. Foremost, we find that AMR-cap
enrichment leads to varying degrees of success in different types of environmental samples (Figure 3,
Figure 4). In the resistance mock community and built environment samples, AMR-cap enrichment is
highly effective for sequencing more resistance genes at a greater depth. Noteworthily, without AMR-cap
enrichment few resistance genes, if any, are sequenced in the unenriched libraries from built
environments. Those that are identified had a much lower sequencing depth than those in AMR-enriched
libraries. As previously mentioned, samples obtained from built environments are often of low microbial
load, and without enrichment resistance genes are below detection levels (Gibbons et al., 2015; Brooks et
al., 2017; Chen et al., 2017). Conversely, we found that AMR-cap enrichment has the opposite effect on
samples obtained from wastewater treatment plants. Wastewater samples are notorious for having a high
microbial load and, in comparison, to other sample types have higher levels of ARGs (Amalfitano et al.,
2018). The poultry litter samples represent a middle ground between the built environment and
wastewater samples, as some samples and resistance genes are sequenced at deeper levels with AMR-cap
enrichment. Thus, our AMR-cap enrichment may be best suited for samples with a low- to average
microbial load where AMR-cap enrichment identifies ARGs with a greater sequencing depth and
coverage than before.

During the 6 years between CARDv1.0.0 and CARDV3.1.1, 676 resistance genes were added to the
database (Alcock et al., 2020). We tested our bait set and the bait set of Guitor et al. (2019) against
CARDvl.1 and CARDv3.1.1, finding that our bait set was able to capture 152 more resistance genes than
the Guitor bait set. This indicates that our AMR-cap bait set has a somewhat better ability to identify
novel ARGs than the Guitor bait set. Our bait set was designed to maximize the probability of obtaining
sequences similar to the baits (i.e., by using 120-mer baits), in comparison to the Guitor baits which focus
more on specificity, thus using 80-mer baits. Previous studies have shown that hybridization capture baits
of a similar length will tolerate ~20% sequence divergence (Faircloth et al., 2012; McCormack et al.,
2012). In our analyses, we assume that both bait sets will tolerate 15% nucleotide divergence from the
reference sequence (i.e., a conservative estimate), but longer baits allow for more divergence which is key
as many newly characterized ARGs only differ from other ARGs by a few nucleotides (Li et al., 2013;
Guitor et al., 2019).

We can make extrapolations of expected future performance of AMR-cap based on previous updates
to CARD. On average, the CARD database added ~110 resistance genes per year (Supplemental Table 5).
Our bait set had an ~60% success rate at identifying new resistance genes added to CARDv3.1.1 vs.
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CARDvV1.0, thus for every seven new resistance genes added to CARD our baits are expected to identify
approximately four. Based on these calculations and assuming a similar pace of discovery in the future,
we estimate that over a 10-year period (i.e., from CARDv1 to CARDvS5) ~1100 new resistance genes will
be added. If our bait set performs similarly in future iterations of CARD, then our bait set will be able to
capture 85% of resistance genes in the CARDVS database (Supplemental Table 6). A similar trend is
observed after a 16-year period (i.e., to CARDVS), where our bait set can capture 80% of resistance genes
in the database (Supplemental Table 6). When 15-20% of genes are not identified, it is likely best to
extend the capability of AMR-cap through a supplemental set of baits that capture new clusters of genes
(i.e., a patch). In contrast, over a 20-year period (i.e., from CARD vl to CARDv10) ~2200 novel
resistance genes are predicted to be added to CARD, and our bait set will only be able to capture ~67% of
them (Supplemental Table 5). As multiple patches are increasingly difficult to design and each patch adds
cost to the bait set, by the time CARDv10 is released, it is likely to be worthwhile to redesign the entire
bait set. Thus, based on the current pace of CARD updates, we expect AMR-cap to require a major patch
about once per decade and a redesign once per 20 years. However, this expected timeline is dependent
upon most periodic additions to the database consisting of sequence variations including insertions or
recombinations of previous ARGs; discovery and addition of a major new class of ARGs with major
clinical public health impact would be cause for earlier additions or redesigns. Likewise, major global
increases in sequencing capacity and thus identification of new ARGs may alter this timeframe.
Nevertheless, minor patches of critical new ARGs, using traditionally synthesized individual biotinylated
oligonucleotides can be added at any time by researchers or the authors of this manuscript.

We find that the AMR-cap assay requires far fewer reads than unenriched metagenomic libraries,
consequently, allowing AMR-cap libraries to be characterized on long read sequencers (e.g., Oxford
Nanopore) or [llumina MiSeq instruments at a reasonable cost. MiSeqs are widely available in public
health laboratories across the world. Thus, this approach opens opportunities for many more labs to
initiate such work. Our bait set provides a valuable tool for assessing antibacterial resistance in a variety
of settings that require public health surveillance (e.g., water, clinical built environments, etc.) (Beaudry
et al., 2021). Our ready-to-use publicly available bait set is a cost-effective way to monitor AMR (i.e.,
baits can be purchased from Daicel Arbor Biosciences as Design ID# D10091Rsst; or the baits can be
synthesized by researchers using the bait sequences (Supplemental File 1)). Costs for these baits are
similar to other studies which have shown the cost of enrichment with purchased kits can be as low as
$11.72 per sample (Glenn and Faircloth, 2016; Beaudry et al., 2021). However, further research is needed
to fully utilize this tool for AMR surveillance including understanding risk in the context of genomic
signal and defining the criteria for genomic data on AMR needed for a public health response (Port et al.,
2014; Costea et al., 2017; Noyes et al., 2017). Lastly, comparing traditional surveillance approaches to the
genomic method outlined in this paper is warranted.

This study had several limitations. Similar to other experimental procedures (e.g., DNA extraction,
amplicon sequencing, metagenomic sequencing), the AMR-cap assay has biases associated making the
use of this assay to yield semi-quantitative results not as preferable as other methods. The bioinformatic
pipelines used for de novo, reference-based, and RPKM analysis produced differing results as each
answers a different question (i.e., de novo and reference-based are qualitative and RPKM is quantitative).
For gene detection, de novo genome assembly is the least biased and considered the gold standard,
however, use of a reference-based assembly can allow assembly of more complex regions. By using both
methods, we are able to gain more information. Thus, future work should systematically investigate the
effects of different analysis methods to provide easily repeatable pipelines for qualitative AMR-cap
analyses, so results from different studies are readily comparable. Furthermore, future work could test
varying hybridization times, sequencing depths, and sequencing read length to have a greater
understanding of how this may affect the detection of different resistance classes (e.g., beta-lactams). In
addition, we do not provide a direct in vitro comparison of other resistance bait sets to our AMR-cap
assay, test methods to prevent the enrichment of non-function ARGs (e.g., those found in catalytic
residues), or determine the ideal hybridization temperature for each probe/gene (i.e., which may be the
reason fosA was not captured). Future research may benefit from such a comparison.
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In conclusion, our data demonstrate that our AMR-cap assay targeting >3500 sequences in CARD
efficiently enriches for ARGs in resistance mock communities and a variety of complex environmental
samples. Specifically, in complex environmental samples we achieved >200-fold enrichment, thus
reducing the need for extensive deep sequencing to identify ARGs allowing for increased flexibility on
sequencer choice. We believe that our bait set is a valuable and cost-effective tool for public health
surveillance of AMR in key areas of concern (i.e., water, agriculture, hospitals). Furthermore, we provide
an in silico comparison of our bait set to a previously designed resistome bait set and demonstrate the
adaptability of our bait set to capture novel ARGs.

Experimental Procedures
Resistance Mock Community Design and Testing

A mock resistance community was created by extracting DNA from AMR isolates provided by the
CDC & FDA Antibiotic Resistance Isolate Bank (AR Bank)
(https://www.cdc.gov/drugresistance/resistance-bank/index.html). A mock community containing 49
isolates (Supplemental Table 1 and Supplemental Table 6) was produced. These isolates belong to
different AR Bank resistance panels (i.e., Enterobacteriaceae Carbapenem Breakpoint Panel, Gram
Negative Carbapenemase Detection Panel, Isolates with New or Novel Antibiotic Resistance, and
Ceftolozane/tazobactam Panel), and in total include eleven bacterial species (i.e., Enterobacter cloacae,
Acinetobacter baumannii, Klebsiella pneumoniae, K. ozaenae, K. oxytoca, Pseudomonas aeruginosa,
Morganella morganii, Proteus mirabilis, Enterobacter aerogenes, Escherichia coli, and Serratia
marcescens). Each isolate was added in equal proportion based on concentration to our mock community.

Samples and DNA Extraction

Samples included in the study were collected from a variety of environmental sources, and were not
biological replicates (for N values see Table 1). Built environment samples were collected using sponges
and swabs from healthcare facilities, offices, and gyms throughout the United States. Following
collection, DNA samples were extracted with the PowerSoil DNA Isolation kit (Qiagen, Hilden,
Germany). Wastewater treatment plant (WWTP) influent and effluent were collected by grab sampling,
and DNA was extracted using previously described methods (Teachey et al., 2019). Poultry samples were
collected from poultry litter, DNA was extracted and purified using previously described methods
(Oladeinde et al., 2019). Mock community isolates were extracted using the PowerSoil DNA Isolation kit,
and serially diluted 3-fold in molecular grade water in duplicate for the final three dilutions (Qiagen,
Hilden, Germany).

Metagenomic Libraries

One library was prepared for each environmental sample (i.e., no technical replicates), and for the
mock community seven separate libraries were prepared (i.e., technical replicates in duplicate of the three
dilutions). Metagenomic shotgun libraries were prepared using New England BioLabs Ultra FS I library
kit (New England BioLabs, Ipswich, MA) and cleaned with a 1:1 ratio of Sera-Mag speedbeads after
ligation (Rohland and Reich, 2012). Following ligation, samples were tagged with iTru primers (Glenn et
al., 2019) and quantified with a Qubit 2.0 Fluorometer DNA high sensitivity assay kit (Thermofisher,
Waltham, MA). Samples were then cleaned with a 1:1 ratio of speedbeads and pooled into groups of 8-12
for enrichment or set aside for sequencing. A positive control of 2.5 ng/uL of E. coli and a negative
control of molecular grade water were included.

Resistome Capture Enrichments

Pooled libraries were then used to perform hybridization capture with biotinylated baits using a custom
Daicel Arbor Biosciences myBaits kit (Daicel Arbor Biosciences, Ann Arbor, MI). The kit was used
following manufacturer's protocol (v3-5.01) with 16-18-hour hybridization at 65°C for all samples.
Following hybridization, Dynabeads M-280 Streptavidin magnetic beads (Life Technologies, Carlsbad,
CA) were used for enrichment. A post-enrichment amplification was performed using Illumina P5/P7
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primers and KAPA HiFi HotStart reagents. The cycling conditions were as follows: 98°C for 45s, followed
by 16-28 cycles of 98°C for 20s, 60°C for 30s, and 72°C for 60s, and then a final extension of 72°C for five
minutes. P5/P7 PCR consisted of 25 cycles for the resistance mock resistance community, 25 cycles for the
built environmental samples, 18 for the poultry litter samples, and 18 cycles for the WWTP samples. PCR
product was cleaned with Sera-Mag beads, quantified on a Qubit 2.0 fluorometer DNA high sensitivity
assay kit (Thermofisher, Waltham, MA) and pooled in equimolar ratio for sequencing.

Sequencing

Resistome enriched libraries and unenriched metagenomic libraries were sequenced on an Illumina
HiSeq X Ten using a HiSeq X Ten Reagent Kit v2.5 (300 cycles) (Illumina, San Diego, CA) to obtain
PE150 reads. Seqeuences were demultiplexed using bcl2fastq2 v.20 (Illumina, San Diego, CA).

Simulating Resistome Target Enrichment Data

To test the efficiency of our bait set and Guitor et al., 2019 bait set under ideal conditions, we did an
in silico analysis to determine how well our bait sets work during an error- and bias-free hybridization
process (Alcock et al., 2020). Two metagenomes were used, one a human saliva metagenome obtained
from NCBI (ASM1547316v1) and one custom-built metagenome to match our mock resistance
community previously described. Bovine DNA was included in two of the simulations to act as a complex
background community. Fasta files containing sequences for each of the bait sets were mapped to each of
the metagenome fasta files using the Burrows-Wheeler Aligner (bwa) v0.7.17 using multi-mapping,
simulating an error-free and bias-free hybridization process (Li and Durbin, 2009). The SAM files created
by the mapping process were converted into BAM files using SAMtools v0.1.19 (Li et al., 2009). Then
the mapping coordinates obtained from each of the bait sets on the reference metagenomes were used to
extract the sequences +/- 350bp upstream and downstream of the coordinate’s position, wherever
possible. This was done to simulate the hybridization of the bait to the core of an ~800 bp fragment while
also acquiring the flanking regions typically captured when using biotinylated baits. Paired-end 150
bp fastq reads were simulated at 10X coverage using the software ART 2016.06.05 and the reference
sequences from each metagenome that were created with each bait set (Huang et al., 2012).

The de novo and reference-based assembly were performed as described below (see Data Processing
and Analysis — de novo assembly). The number of ARGs present in each metagenome with each bait
set was recorded. Additionally, for the reference-based assembly the human saliva metagenome and the
resistance mock community were used as a reference for the reads simulated with each bait set. The
number of reads that mapped to the reference metagenomes were recorded (Table 3).

Data Processing and Analysis

For de novo assembly, Illumina adapters were removed using Trimmomatic v0.39 using a lead and
trailing quality of three Phred-33 (Bolger et al., 2014). To equalize the number of reads found across
sample types, 500,000 reads were randomly selected (i.e., subset of the data) from mock community,
wastewater, and poultry samples. One million reads were randomly selected from built environment
samples. Random selection was done using Seqtk (Shen et al., 2016). Samples not equalized by the
number of reads are included in the supplemental materials (Supplemental Figures 4-5). Samples were
quality filtered with a sliding window of 4:15 and minimum length of 100. SPAdes v3.14.1was used to
assemble reads into contigs using the options -meta and -plasmid (Nurk et al., 2017). To query contigs,
AMRFinderv3.9.8 with the option nucleotide, threshold of 0.5 (see Supplemental Figure 6 for information
on thresholds), and plus were used to determine the number of hits for each gene in each resistance
category (i.e., --nucleotide --c 0.5 --plus). The number of hits for each resistance category and
antimicrobial resistance gene were recorded.

For reference-based assembly, total read data of all sequences were downloaded into Geneious Prime
v2020.2 or v2021.1 in order to visualize results and paired. BBDuk was used to trim Illumina TruSeq
adaptors, with a kmer length of 21 and trim partial adapters from ends with a kmer length of 8.
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Additionally, reads smaller than 50 bp were discarded and a minimum quality score of 25 was used. Our
targets file (i.e., CARDv1.1.2 and PAIDBv2.0) was uploaded into Geneious and used as a reference to
map sequence reads using BBMap version 38.84 with default settings.

To query bait sets (i.e., Guitor et al., 2019 and our bait set) and databases (i.e., CARDv1.0.0 and
CARDv3.1.1 canonical data) against each other, BWA v0.7.17 with the option mem and default settings
was run (Li and Durbin, 2009). The baits were used as a reference to align genes against the baits.

To determine the abundance of ARGS as expressed in RPKMs (reads per kilo base per million
mapped reads), total read data were trimmed and trimmed paired reads were mapped to CARDv3.1.1
using BWA mem 0.7.17 with the best match option (Li and Durbin, 2009). A custom bash script was used
to subset mapped reads from the SAM alignment file and calculate the length of each gene from
CARDvV3.1.1 database. RPKM values were calculated using the following formula: RPKM =
numReads/(geneLength/1000 *totalNumberReads/1,000,000). Genes with less than 10 mapped reads
were discarded. Classes and subclasses were matched to genes from using CARDv3.1.1 and
AMRfinderv3.9.8.

R statistical software (R Development Core Team, 2010) was used to make plots and run statistical
analyses. The Shapiro-Wilk normality test was used and indicated that de-novo data were not normally
distributed. Wilcoxon Rank-Sum tests were used to compare the median number of ARGs identified in
the enriched and unenriched libraries between each sample source. Data processing, summarization, and
analysis was completed using base R and the ‘tidyverse’ program library (Wickham et al., 2019). Data
visualizations were created using the ‘ggplot2’ library.
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The data is publicly available through the NCBI Sequence Read Archive (SRA) BioProject ID
PRINA746311.
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Table and Figure Legends

Table 1: Summary of total lllumina HiSeq PE150 sequences available for each sample type using de-
novo assembly with the AMRFinder database for each environmental sample.

Table 2: Summary of total sequences, percent mapping to the target file (i.e., CARD and PAIDB), fold
change, and empirically achievable enrichment targets for reference-based assembly approach with
averages for each sample type.

Table 3: Summary of simulated Illumina PE150 data for a human saliva metagenome and the mock
resistance community developed in our study.

Figure 1: (A)Aggregate equalized data heat plot of the known content of the mock community broken
down by resistance class on the y-axis. Library type and known content are labeled on the x-axis.
Percentage of class present ranges from 0% (red) to 100% (green). (B) Aggregate equalized data for
total resistance genes (y-axis) found in the AMR-cap enriched and unenriched libraries (x-axis) broken
down by resistance class. Stars represent a significant difference (p-value < 0.05) between AMR-cap
enriched and unenriched libraries.

Figure 2: Aggregate equalized data for stacked bar plot of total resistance genes (yv-axis) by sample type
(top) found in AMR-cap enriched and unenriched libraries (x-axis) broken down by resistance class.
Stars represent a significant difference between AMR-cap enriched and unenriched library types.

Figure 3: RPKM analysis of the non-equalized resistance mock community. Sample replicates are
indicated on the x-axis with enriched samples on the left and unenriched samples on the right. RPKM
Values are log transformed, a key is located on the right. Prominent classes are labeled on the left side.

Figure 4: RPKM analysis of non-equalized environmental samples broken down by sample type: A) Built
Environment, B) Poultry, and C) Wastewater Treatment Plant. Sample replicate is on the x-axis with
enriched samples on the left and unenriched samples on the right. RPKM values are log transformed, a
key is located on the right for each figure.

Figure 5: Venn diagram of the results of AMR-cap baits (red) and Guitor baits (blue) capturing genes in
CARDvI (top) and CARDv3 (bottom).
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Dr. Juan Ramos September 1%,
2021

Editor

Environmental Microbiology

Thank you and the reviewers for the opportunity to revise our manuscript: “Escaping the
Fate of Sisyphus: Assessing Resistome Hybridization Baits for Antimicrobial Resistance Gene
Capture”. In the manuscript we describe the design and validation of a hybridization bait capture
set (i.e., AMR-cap) on diverse environmental samples and a mock resistance community. In
addition, we provide essential information on how to update antimicrobial resistance baits for
hybridization capture. We appreciate your thorough review and constructive feedback. We have
made a number of changes to the manuscript by incorporating the reviewers’ suggestions, and
believe it has significantly improved the quality of our manuscript.

We have appended the editor and reviewer comments, along with our responses, which
are in red, and include how and where the manuscript was modified. Changes made in the
manuscript are marked in red in "original with marked changes" version of the document. In
addition, we have provided a clean version. All coauthors are in agreement of the revised
manuscript, and therefore the agreement form signed by each author is valid.

Thank you for your consideration,

Megan Beaudry

PhD Candidate

Department of Environmental Health Science
University of Georgia
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Reviewer(s)' Comments to Author:
Reviewer: 1

Comments to the Author

In this work, authors designed a bait set for hybridation antibiotic resistance genes capture which
could be very useful for many resistome focused environmental metagenomic studies . Authors
also provide a pipeline to update this bait set. Albeit some parts look very technical, the paper is
very well written and comprehensive, discussion and conclusions supported by data and I
recommand this manuscript for publication in EMI.

Thank you for your feedback, we have addressed your comments below.

Few comments:

- L 134 : At this stage, the choice of using (i) CARD rather other databases and (ii) PAIDB for
mobility genes rather than databases for plasmids (it is argued in 170, introduction, that plasmids
are the one elements disseminating ARG) or other mobiles elements.

Thank you for your comment. We believe the explanation in the introduction is sufficient.

- Were every sequence from CARD used or were they previously filtered using a given cutoff?
Every sequence from CARD was used as an input in the original 19.6 Mbp space, which is
reflected in the results section.

- L 142: Maybe “lowest stringency” or “lowest specificity” or “most relaxed stringency” would
fit nicely here.
We have altered the sentence as suggested (i.e., “most relaxed stringency”)

- Did authors consider a way to prevent enrichment of ARG mutated in their catalytic residues
and therefore likely to be not functional?

Thank you for your comment. We did not consider this specifically, but we have now addressed
this in the discussion. See lines 459-461.

- A moderate weakness is authors focused on Gram-negative bacteria, mostly enterobacteria,
while b-proteobacteria and Gram positive alsoare (though less explored) ARG reservoirs .
Thank you for your feedback. We focused on genetic elements as represented in the databases
used and knowledge about the taxa in which these elements are known. We recognize that this
information is biased toward gram-negative.
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Reviewer: 2

Comments to the Author
General comments:

The authors have developed a unique set of hybridization baits to capture nucleotide sequences
that confer antibiotic resistance in bacteria. They use the CARD v1.1.2 and Pathogenicity Island
Database (PAIDB) v 2.0 to design 19,933 baits to target 3,565 nucleotide sequences. They show
the efficacy of their bait set with a mock community and various environmental samples. They
also provide a framework for when bait sets targeting antimicrobial resistance (AMR) should be
updated, which is a feature that has not been previously explored in other reports of AMR bait
sets. Although the concept of designing probes to target AMR and the analysis techniques they
employ are not completely novel, their comparison to another AMR bait set, application in
unique environments, and framework for updating bait sets is new.

A few advantages of this work are apparent, including the use of a mock community to validate
the bait set and the relevance of the environmental samples tested for antibiotic resistance genes.
Antibiotic resistance is a global health issue that requires a one health approach, therefore a cost-
effective method to survey and detect resistance genes in various environments would be
beneficial for many. A few questions about their experimental design and analysis remain:

Thank you for your feedback on our manuscript. We have addressed the questions below, and
made adjustments to the manuscript.

1. Clarity on the probe design:

a. CARD contains various models. Can the authors please confirm in their methods which
nucleotide model (homolog, variant, overexpression, etc.) they used to generate their bait set?
Thank you for your comment. The homolog model was used to generate the bait set, this was
clarified in line 141.

b. It is unclear what genes are targeted by their bait set in addition to antibiotic resistance genes.
The PAIDB v 2.0 includes both pathogenicity islands (PAls) and Resistance Islands (REIs).
Were both included in the bait set? If so, what percentage of targeted genes are associated with
virulence or other accessory genes not related to antibiotic resistance. It is important to point out
if features other than AMR are being targeted.

Thank you for your feedback. We have added a supplemental table (Supplemental Table 6), with
this information.

c. In their summary, the authors mention the bait set can target 3,565 nucleotide sequences. In
line 150, they mention their reference source of 19.6 Mbp contains 3,565 unique sequences, but
that their final bait set covers 11.0 Mbp. Does the final bait set still target all 3,565 sequences?
Presumably this would mean that not every gene is 100% covered by a bait; can the authors
expand further on this?

To maximize the target sequence breadth represented in not more than 20,000 unique bait
sequences (the scale at which baits are synthesized at Daicel Arbor Biosciences), an iterative bait
design process was employed as described in the manuscript. The goals of this approach were to
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eliminate redundancy and prioritize baits that could retrieve the maximum amount of unique
target sequences. This iterative reduction process resulted in all but 2 out of the original 3,726
total (3,565 unique) target entries being fully or partially represented in the final set of 19,933
baits. "Represented" here is defined as the bait's original location as well as any additional
locations of sequence similarity detected by MEGABLASTN. On average, 82% of each original
entry is represented in the baitset.

A short summary of the above statement has been added in lines 157-159, and the table below
has been added as Supplemental Table 2.

target set 4 entries # e.ntries % entry baited % fentry baited % entry baited
baited (avg) (min) (max)

CARD 2,184 2,184 89.0% 26.3% 100.0%

PAID genomes 268 268 54.8% 2.2% 100.0%

PAID 1,274 1,272 75.8% 0.0% 100.0%

total 3,726 3,724 82.0%

d. In line 271 the authors mention “pathogenicity islands are included in CARD v3”. Is there a
reference to confirm this? At card.mcmaster.ca/download it appears that genomic islands are
included in CARD prevalence data, not canonical CARD. Can the authors please clarify what
reference is used, either canonical CARD or the prevalence reference database from CARD, for
their comparisons of the two bait sets, and if it indeed includes pathogenicity islands?

Thank you for your feedback. We have updated this section to state the following: “genomic
islands are included in CARDvV3 prevalence data and genes encoded on such islands are included
in CARDV3 canonical data” in lines 303-304. This was also clarified in the data analysis section.
Furthermore, we searched for a subset of genes that are encoded on genomic islands and verified
their presence in canonical CARD.

e. Figures 1, 2 and Supp Figs 4, 5 mention virulence genes and metal resistance genes. This is
along the same lines as my comment in 1b to confirm that indeed the bait set is targeting
virulence genes from the inclusion of PAIDB v 2.0? Alternatively, are these hits a result of oft-
target reads in the enriched samples and the use of the AMRFinderPlus tool for analysis? Can the
authors justify or comment further on their choice of AMRFinderPlus for this analysis given that
this database includes additional sequences that might not be targeted by their bait set?

Part 1 of your question is answered above. AMRFinderPlus was used for analysis as the plus
feature allows researchers to capture classes of genes like virulence factors, biocide, heat, acid,
and metal resistance. This was included in the supplemental materials so readers who were
interested in these specific classes of genes could gain a greater understanding of how our AMR-
cap enrichment biases results towards this additional information.

2. Clarity on the mock metagenome construction:

a. The authors created a mock metagenome that they sequence in 8 replicates (Table 1). In Figure
3 and in the deposited SRA data, there appears to be only 7 replicates. Can the authors please
correct this if needed?
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Thank you for your comment. This was an error and has been corrected in Table 1.

b. Was one pool separated into 8 replicates during the enrichment step or were 8 separate pools
created? Can this be noted in the methods?

Seven (see above) separate libraries were prepared. This was clarified in the methods in lines
496-498.

c. Were the isolates combined in equal proportions based on DNA concentration or did the
authors consider another factor such as genome size, copy number of ARGs, number of ARGs?
This could be clarified further in the methods.

Thank you for your comment. This was clarified in the methods see line 482 - “based on
concentration”

d. Table 3 mentions Bovine DNA, which does not appear in the methods section. Further
explanation is needed on how the mock metagenome was created or why the bovine DNA was
included.

Bovine DNA was included to provide a more complex background community. This has been
added to the methods lines 529-530.

e. Are all the ARGs present in this mock community targeted by the bait set (Lines 190-191)? In
supplementary Table 1, can the authors identify which species these genes are expected in and if
they are present in multiple strains in the mock community? A list of the 49 strains included in
the mock should be added to the supplementary materials.

Thank you for your feedback. All ARGs present in the mock community are targeted by the bait
set, which is reflected in the results of the in-silico simulation. We have added an additional
supplemental table (Supplemental Table 6) which includes the information for the 49 strains
provided by the Center for Disease Control isolate bank. The main text and supplemental
materials have been edited to reflect this addition.

f. In Figure 1A — does “Known” reflect that the ARGs are targeted by the bait set? This might be
clearer if changed to reflect the total number of genes targeted by baits under each resistance
mechanism.

Thank you for your comment. Known reflects the “known content” of the mock community,
which is stated in the figure legend.

g. Do the authors have an explanation for the trend in RPKM seen in Figure 3 with replicates 5 —
8 versus replicates 2 — 4 (in general there appears to be fewer reads in reps 5-8 versus 2-4)?
Thank you for your feedback. This has been made clear in the materials and methods section, see
lines 492-493.

3. Data on negative and positive controls

a. Lines 452 — 453: The authors mention they included a positive control of E. coli. Can the
authors briefly explain how this was used as a positive control, what resistance genes it encodes,
and how many of those genes are targeted by the bait set?

Thank you for your comment. The positive control was used side-by-side in wet lab experiments
to ensure successful library preparation (as assessed via quantity and size distribution), but was
not sequenced.

b. They also included a negative control for their library preparations but do not expand further
on whether the positive or negative control were included throughout enrichment or into
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sequencing and what the results were. Can the authors please include this data if available?
Furthermore, were any negative controls introduced during DNA extraction?

Thank you for your feedback. Extraction controls were not carried through sequencing. As
mentioned in the previous comment, a positive control was included in metagenomic library
prep. A negative control was carried through metagenomic library prep, enrichment, and
sequencing. This control has been uploaded to the SRA for this project.

c. Line 327 — 331 — The authors note detecting blaTEM genes with enrichment. These genes are
common contaminants in reagents (https://doi.org/10.1038/s41598-019-38733-1). Can the
authors discuss whether some of their results may be due to enrichment of laboratory
contaminants and whether their controls can refute this?

In the result section the following statement has been added (in lines 187-188): “A negative
control was carried through library preparation, enrichment, and sequencing. This control has
been uploaded to the SRA for this project.

4. Analysis approaches:

a. Lines 404 - 409 — The authors mention that it is a limitation that they used different databases
and analysis pipelines. Apart from commenting on the use of AMRFinderPlus (see 1e above) can
they justify the use of different references and tools for their analysis rather than one streamlined
approach?

Thank you for your comment. Each pipeline had a different objective. We have updated in lines
446-455 in the manuscript to reflect the reasoning and provide further justification. The de novo
and reference-based methods are qualitative, and the RPKM analysis is quantitative. We used de
novo because it avoids the most bias and thus is the gold standard method for analyzing data
AMR (and many other types of sequence) data. However, reference assembly allows us to get
more contiguous data. RPKM analysis requires mapping to a reference. Thus, all three methods
have specific advantages and shortfalls. By using all three of these approaches researchers can
gain a more complete understanding of environmental samples.

b. Lines 473 - 475: The authors mention that they create general-purpose (Line 149) (ie. multi-
mapping) baits that can target multiple ARGs. Can they clarify if a multi-mapping approach was
used with BWA (ie. allow reads to map to all locations) or if only the best possible mapping of a
bait was reported in their in silico analysis? Again, in lines 514-518, did the authors consider if
bwa mem reports the best alignment or all alignments and how that will impact the results?
Thank you for your comment, we have updated the experimental design section in lines 530-531
and lines 571 to reflect the methods that were used.

5. Results and Discussion:

a. Line 173 — Is there a reference or evidence showing that the maximum achievable on-target

enrichment is 90%? Do the authors have any comments on how to improve their enrichment to
achieve the desirable 90% on-target? Furthermore, in Lines 182 — 186, they note that there is a
difference in the expected enrichment versus observed enrichment. Can the authors expand on
why they think this is the case and how it can be improved?

Thank you for your comment, we have added a citation. In addition, the difference between in

silico enrichment and observed in vitro enrichment may be due to many factors and biases
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including methods used for DNA extraction, metagenomic library preparation, and hybridization
temperature of the baits.

b. The authors make great points about when and how the baitset should be updated (lines 367 —
389). Can they comment on whether their probeset targets resistance that is conferred by
mutations in the target genes (ie. CARD’s nucleotide variant model) or whether that will be
included in future iterations of the probeset and how it will be incorporated in the analysis? This
is not clarified in the methods either (see above section of bait design). If these genes are targeted
by their bait set, does their AMRFinderPlus analysis identify these single nucleotide
polymorphisms that confer resistance?

Thank you for your comment. All hybridization capture bait sets of similar length will tolerate
~20% sequence divergence from the bait sequence. Thus, our bait set would be able to capture
resistance genes in the nucleotide variant model. AMRFinderPlus will identify the SNPs based
on the threshold that is set. We used a 0.5 threshold, which is commonly used. This threshold
covers the minimum proportion of reference gene for the BLAST-based hit. This information
and new citations have been in lines 402-405.

A few minor notes/changes:

1. In Line 91 the authors use MPS but do not define it prior to use. This acronym may not be
common knowledge for all audiences.

Thank you for your comment, this has been updated.

2. Information presented in lines 133-151 might be better suited for the methods section and may
benefit from a workflow diagram to better explain the bait design process, if the authors wish to
highlight this. In addition, can the authors comment on whether they performed any additional
filtering of their baits to prevent off-target hybridization including filtering against sequences
that are similar to the human genome or other non-bacterial sequences for example?

Thank you for feedback. We agree that this information could be part of the methods, but we
believe this information is best suited for the results section because, although the baits have
been used in a prior publication (and thus those publications provide information about how to
obtain the baits to replicate the enrichment results reported in those papers), the full information
about the design of these baits (thus allowing others to similarly design such baits) has not been
published. Thus, bait design remains a novel aspect of this paper. No off-target specificity
filtering was performed on this baitset.

3. Line 244-245 — Which fosfomycin resistance gene is this and how many probes target this
gene? Is the lack of enrichment explainable by lack of probe coverage or some other
phenomenon?

This gene is FosA (see line 267). Based on our in-silico results, the bait set should be able to
capture this gene. It may be due to the hybridization temperature used in the assay was not ideal
for the probe carrying the sequence to capture this gene. This has been added in lines 458-461.

4. In Figure 4 panel A, do the sample replicates correspond to any unique environments or
sample IDs? Is there any significance in the lettering relating to unique location of the samples?
If so, this information should be included in the methods or supplementary information.

The sample replicates respond to unique environmental conditions, however we are not including
that specific information because it is beyond the scope of this publication. That information will
be available, along with much more, in subsequent publications. The subsequent publications
will cite this work and thus interested readers will be able to see this information in the near
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future.

5. Lines 396-397 — Is Arbor Biosciences now referred to as Daicel Arbor Biosciences? And are
the bait sequences publicly available?

Yes, this has been updated. We have also included the bait set sequences as a supplemental file
for publication.

6. Lines 419-421 — The authors mention they compared their bait set to “bait sets” however, they
only compared to one previously designed baitset.

Thank you for your comment, this has been clarified.

7. Line 484 — 485 — Are these results included somewhere in the text or relevant for the
discussion?

Thank you for your comment, these are included in the materials and methods as they are each
sample specific parameters that determined during the wet lab experimental procedures.

8. The section pertaining to sequencing (lines 489-493) could be moved before the section on
simulating resistome target enrichment data to improve the flow of the text (Lines 468 -469)
We agree and have moved this upward.

9. Line 500 - 501 — Can the authors indicate if this trimming was done using Trimmomatic?
Again, in line 517 — was this trimming with Trimmomatic or BBDuk?

Thank you, we have clarified this.

10. Line 502 — 503 — This sentence is a little unclear. Can the authors clarify that the options
were “--nucleotide --coverage 0.5 --plus” ?

We appreciated your feedback. This has been added into the sentence in line 558 in the data
analysis section.

11. Lines 507 — 512 — Can the authors expand on why Geneious and BBmap were used along
with BBDuk rather than bwa as used in other analyses?

Thank you for your comment. Geneious, with the plugins for BBMap and BBduk, was used so
we could visualize the mapping of baits across the reads. We have updated the text in line 561 to
reflect this.

12. Lines 513 — 515 are perhaps better suited after line 522.

Thank you for your feedback, but we believe that the text is more clear by keeping these lines
where they are.
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Reviewer: 3

Comments to the Author

The authors sought to develop AMR-cap as a hybridization baiting approach that selectively
enriches antimicrobial resistance genes (ARGs) during metagenomic sequencing. The advantage
of the approach is that shot-gun sequencing can be more intentionally targeted towards the genes
of interest. This can help to overcome the costs associated with the fact that the vast majority of
metagenomic-sequenced data is non-target "noise" in the data. The team developed the baits
based on the latest version of CARD at that time, and perform an in silico validation as well as a
sequencing validation by sequencing a series of environmental samples (wastewater, poultry
litter, built environment, etc.) samples that are unenriched, or enriched by the AMR-cap

method. The report superior detection of ARGs in the enriched samples, and also the ability to
detect some ARGs that were curated in later versions of CARD, signalling the potential for ARG
discovery.

Unfortunately, there are several shortcomings of the paper.

A main shortcoming is that the paper is lacking in novelty. The baiting and sequencing approach
for enriching ARGs in metagenomic sequencing libraries was previously developed by Guitor et
al. 2019, as acknowledged by the authors. Therefore the authors claim novelty in the comparison
done with Guitor, as well as in silico validation and validation with a mock community and
environmental microbial communities in parallel. This seems a weak novelty for Environmental
Microbiology, but it could potentially be useful in the methodology literature.

A major oversight of the authors, though, is that they tend to emphasize the benefits of the
method (more detection of ARGs)- but do not address the biases (i.e., loss of semi-quantitative
value of the data). The enrichment inherently biases the sequencing, by design, but also, as the
authors noted, some ARGs are mysteriously missed.

The figures and tables are not well designed and are not easy to interpret and the overall write-up
is lacking in focus in terms of providing crisp objectives and research questions to guide the
write up. [ appreciate the authors' attempts to spice up the title with the reference to the Greek
god rolling the ball up the hill, that keeps rolling back down-- but it is a bit contrived and does
not speak to the core of the paper. This was meant to be in reference to what the authors view as
a key limitations- that the baits will have to be redesigned and updated every 10 years or so--
there is a paragraph devoted to that in the Discussion, but that is not what the study is fully
about.

Thank you for your feedback on the manuscript. We believe that although the example of
Sisyphus doesn’t require a large percentage of the text in the paper, having it in the title brings
attention to one of the most novel and important features of the manuscript, as well as
underappreciated general features of all long hybridization capture baits and well-designed baits
to conserved sequences (that they work well with divergent sequences and thus don’t need to be
constantly redesigned). In addition, our bait set has several differences in the design and
validation that were not done with the Guitor et al., 2019 bait set. We highlight these throughout
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the manuscript, doing a better job thanks to the comments below & from the other reviewers. We

have added additional information in the discussion to address the loss of semi-quantitative data.
Here are some additional specific comments:

Abstract requires a definition of hybridization capture bait for a more general audience.
Thank you for your comment. Unfortunately, due to the journal’s abstract limit of 200 words, we
are unable to expand on this in the summary.

line 54- imperative seems a strong word- instead, spell out what is imperative about the
approach.

Thank you for your comment. Again, due to the journal’s abstract limit of 200 words, we are
unable to expand on this in the summary.

line 74-- specify in a "microbial community"
Thank you for your feedback, this has been added.

line 91- define MPS
We have added the definition. Thank you for your comment.

line 108- "mock resistance community"-- I think I know what you mean, but this needs to be
rephrased to be more specific. What exactly is needed for a mock microbial community to be
suitable for antibiotic resistance studies? Why won't general mock communities on the market
work?

Thank you for your feedback. We have updated lines 76 and 112-113 to include a definition.

Lines 123-130-- given the format of this journal, with Results before methods- this last
paragraph of the Intro needs more information regarding the objectives and the structure of this
study--- especially the nature of the mock communities, in vitro, and the in silico

comparisons. It is not clear from the description here if sequencing data was generated
specifically for this study, or if this is purely an exercise of publicly-available data. What is the
rationale for the types of samples selected for this study?

Thank you for your comment. We have updated the final paragraph of the introduction for
additional clarity. See lines 127-135.

Line 157-- Should explain what the "resistance mock community" is and give it a more intuitive
name what do you mean by down sample, rarefy?
We have updated this section to provide a definition in lines 112-111.

Lines 268-278-- since there are redundancies in the entries of these databases, how are such
redundancies handled in the development of the bait sets- to avoid bias in the degree of
enrichment across ARGs?

Redundancy was removed at the full sequence level as well as at the individual bait level, to
eliminate baits that were functionally similar to a remaining bait. This could have the effect of
reducing the representation of target motifs that were over-represented in the original target set.
However, the effective representation of different ARGs was not considered during bait design.
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Instead, the goal was to maximize target sequence breadth/representation within 20,000 total bait
sequences. It is possible there are enrichment biases between ARGs due to bait representation.
However, there are many other factors that can skew enrichment coverage between targets, such
as GC% or sequence divergence that impacts hybridization capture efficiency.

line 282- some perspective in the Discussion regarding the questions sought to be answered by
AMR-cap-- not just a comparison with uninriched metagenomic sequencing, but other methods
regarding broader AMR-related questions in the environment would be helpful.

Thank you for your comment. We have updated lines 324-325 to reflect the suitability of AMR-
cap in environmental samples.

line 287- I am not convinced that the authors have provided a cost analysis.
While this manuscript does not outline a full cost analysis, nor claim to, we do provide
information on the cost savings associated with this approach in lines 430-444.

line 307-309- explain a bit more precisely how the over representation of beta lactamase genes
ended up biasing the analysis against beta lactamse genes? It's not clear.
Thank you for your feedback. We have expanded on this point in lines 340-341.

line 310-312- the authors could not diffentiate the different variants of the beta lactamase-
producing genes--- why? provide more explanation. The last sentence of this paragraph
(extolling the approach) does not flow well logically, from the previous sentences summarizing
the shortcomings of the approach.

Thank you for your comment. We have updated lines 348-349 with further information.

line 332-335- this is an interesting point- the baiting approach will be biased against other genes
of interest (e.g., metal resistance genes)- what is the recommendation? Split samples, so that a
portion is subject to the enrichment approach here and the remainder is sequenced

unenriched? Does that not undermine the cost savings that the authors tout?

Thank you for your comment. Our bait set was designed from databases that are focused on
antimicrobial resistance genes, not metal resistance. However, because of co-resistance, both
types are within the databases. If one was specifically interested in metal resistance specifically,
we would recommend they design a bait set for metal resistance, or if interested in metal
resistance and antimicrobial resistance we suggest they add a “patch” for additional metal
resistance sequences to our bait set.

Line 341-343-- This is concerning- that the enrichment patterns varied across sample types, this
kind of bias will make it difficult to compare across samples of different, and potentially even
same types.

Thank you for your feedback. We respectfully disagree, as with each individual sample (not
replicates) you would hypothesize that they would have different resistance genes. We have
added information in the materials and methods to make this clearer.

Lines 354-356- The authors recommend specifically that the approach is most logical for low to
average sequence depth samples---It is agreed- that for some low DNA samples, it is better to
detect what ARGs are there, and lose quantitative capacity that is not there anyway, rather than
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detect no ARGs. However, this needs to be explained more precisely, and some guidelines on
what a "low-to average" microbial load is would be helpful.

Thank you for your feedback. We have added additional information on low-biomass samples in
lines 377-378.

lines 367-389- there are a number of assumptions here- especially linear growth of the database--
- I assume that this is OK as a conservative estimate of the need to update-- will this have to be
done by the authors, or is this something that researchers can update independently each time
they sequence?

Thank you for your comment. We have added additional information regarding who will update
the bait set in the discussion in line 430.

Line 390-403-- this cost analysis is not fully developed for the purpose of this being a major
objective of the paper. If one has to sequence both enriched and unenriched libraries to answer
key questions, for example- that will increase cost-- Also, firm guidance is not provided with
respect to sequence depth.

We have adjusted the writing in the manuscript, and are happy to provide more cost details
however they can be accessed by the reference we cite in our manuscript (Beaudry et al., 2021).

MiSeq technology is mentioned- but it seems this approach would be even more useful for long-
read sequencing, which suffers from shallow- non-targeted sequencing depth. could AMR-cap
work for nanopore or PacBio sequencing?

Thank you for your feedback. First, we have altered the text in the discussion to include long
read sequencing instruments. Second, the objective is to only have to sequence AMR-cap
libraries for antimicrobial resistance and not unenriched libraries thus reducing sequencing costs
for those interested ARGs. If a researcher desires full information from their samples and wishes
to decrease cost, they should consider using our AMR-cap approach in conjunction with less
deep sequencing to gain non-AMR data, thus spending some of the money that would have been
spent on deep sequencing for ARGs on enrichment. This paper presents a unique perspective, as
it shows researchers may be best off using a combination of both approaches, but each to a
limited extent, rather than going all-in on one or the other approach (i.e., enriched and
unenriched).

Lines 404-413-- A key limitation not addressed by the authors is loss of semi-quantitative
capacity of metagenomic sequencing data- due to uneven baiting across the resistome-- recent
studies have demonstrated encouraging results in terms of the potential for metagenomics to
yield semi-quantitative results (i.e., relative normalized comparisons across samples).

Thank you for your comment. We have addressed this missing component in our discussion by
adding lines 446-448.

line 437-444-- what kind of replication was there in the environmental sampling? This is key for
statistical comparisons and assessing quantitative capacity of the method.

Thank you for your comment. No technical replicates of environmental samples were performed
in this study. This is a common approach in sequencing studies due to the cost of library
preparation and sequencing. We have added information to clarify this in the materials and
methods.
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line 490-493-- It is curious that the Discussion recommends MiSeq sequencing, but in this study
HiSeq sequencing was used.

Thank you for your comment. HiSeq sequencing was used in our study for a few reasons.
Foremost, the cost of sequencing on a Hiseq is less expensive than a Miseq. However, these
libraries could be sequenced on either Illumina instrument. We explore the cost-reduction for
MiSeqs because these are commonly available (e.g., in public health laboratories) and many
researchers feel obligated to use the instruments in their labs or home departments and
institutions, rather than sending samples out.

Table 1 should clarify if the N is basically the replicates of the same sample (e.g., one large grab
sample aliquoted 12 times for the wastewater- six being enriched, six not--- or 12 sequential grab
samples from same WWTP same location?)--- It's unclear...

What is the "Built Environment" sample exactly- and why so many compared to the other
sample types?

Thank you for your comment. We have clarified what types of samples these were in the
“Samples and DNA extraction section” and the figure legend of Table 1.

The columns in Table 2 are unevenly distributed. A footnote should explain- "mapped" to
what?
Thank you for your comment. The figure legend has been updated to make this clear.

The left column in Table 3 is difficult to read and align with the correct row of data.
Thank you for your comment. The left column font size and alignment has been adjusted to
make this easier to read.

The resolution on the figures is poor, making them difficult to read—
Thank you for your feedback. We have uploaded the figures as a higher resolution.
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