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PUBLIC SUMMARY

ONN4ARG is an ontology-aware neural network model for antibiotic resistance gene (ARG) prediction.

ONNA4ARG detects remotely homologous ARGs and generates a comprehensive set of ARGs with high fidelity.

ONN4ARG enables comprehensive enrichment analysis of ARGs among diverse hosts and environments.

Computational work and wet-lab experimental validation together validated a novel streptomycin ARG.
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Antibiotic resistance genes (ARGs) have emerged in pathogens and are
arousing worldwide concern, and accurately identifying unknown ARGs is a
formidable challenge in studying the generation and spread of antibiotic
resistance in diverse environments. Current methods can identify known
ARGs but have limited utility for the discovery of novel ARGs, thus render-
ing the profiling of ARGs incomprehensive. Here, we developed ONN4ARG,
an ontology-aware deep learning approach for comprehensive ARG discov-
ery. Systematic evaluation revealed that ONN4ARG outperforms previous
methods in terms of efficiency, accuracy, and comprehensiveness. Experi-
ments using 200 million microbial genes collected from 815 metagenomic
samples from diverse environments or hosts have resulted in 120,726
candidate ARGs, of which more than 20% are not yet present in public
databases. The comprehensive set of ARGs revealed environment-specific
and host-specific patterns. The wet-lab functional validation together with
structural investigation have validated a novel streptomycin resistance
gene from oral microbiome samples, confirming ONN4ARG's ability to
discover novel functions. In summary, ONN4ARG enables comprehensive
ARG discovery toward a grand view of ARGs worldwide.

INTRODUCTION

With the development of metagenomics and next-generation sequencing,
many new microbial genes have been discovered, but different kinds of
“unknowns" remain." The functional diversity of microbiomes has not been
fully explored, and approximately 40% of microbial gene functions have yet to
be discovered.” A typical example is the antibiotic resistance gene (ARG),
which is an urgent and growing threat to public health.” In the past few
decades, problems caused by antibiotic resistance have drawn the public's
attention.” Antibiotic resistance data are an ever-expanding data source, with
many new ARG families being discovered in recent years.”” The discovery of
resistance genes in diverse environments offers possibilities for early surveil-
lance, action to reduce transmission, gene-based diagnostics, and improved
treatment.’

Existing annotated ARGs have been curated manually or automatically for
decades. Presently, there are 4,661 annotated ARGs in the CARD** (v3.2.5,
released in September 2022), 3,131 in the ResFinder” (as of December 2022),
and 2,476 in the SwissProt database’ (as of December 2022). Current ARG
databases are far from complete: although no ARG database contains more
than 4,000 well-annotated ARGs, NCBI non-redundant database searches
yielded more than 9,000 putative genes annotated with “antibiotic resistance”
as of December 2022. Therefore, we deemed that there is a large gap
between the genes annotated in ARG databases and the possible ARGs that
already exist in general databases, not to mention ARGs that are not yet
annotated.

Many ARG prediction tools have been proposed in the past few years ®'**
These tools can generally be divided into two approaches. One approach is
sequence-alignment, such as BLAST,”' USEARCH,” and Diamond,” which
use homologous genes to annotate unclassified genes. The other approach
includes deep learning methods, such as DeepARG'? and HMD-ARG,'® which
use neural network models to predict and annotate ARGs. Several limitations
still preclude comprehensive profiling of ARGs. A more comprehensive set of
ARGs could be roughly defined as having more ARGs in type and number
with fewer false-positive entries, regardless of the homology with known

ARGs, and many of these ARGs could be experimentally validated. Based on
this definition, existing tools fall short in comprehensive profiling of ARGs.
First, existing tools are limited to a few types of ARGs because the datasets
used for building models are specialized. For example, HMD-ARG'® identifies
only 15 types of resistance genes, and PATRIC'? is limited to identifying ARGs
encoding resistance to carbapenem, methicillin, and beta-lactam antibiotics.
Second, existing tools fail to discover novel ARGs, which usually lack homol-
ogy to known sequences in reference databases. For instance, the VraR gene,
which confers resistance to vancomycin, has a sequence identity of only 24%
with the homolog from the CARD.'* Therefore, there is an urgent need for a
new approach to address these limitations.

Here, we propose an ontology-aware deep learning approach, ONN4ARG,
which allows comprehensive identification of ARGs. Systematic evaluation of
reference datasets revealed that the ONN4ARG model outperforms state-of-
the-art models such as DeepARG, especially for the detection of remotely
homologous ARGs. Experiments based on more than 200 million candidate
microbial genes collected from 815 samples in various environments have
resulted in 120,726 candidate ARGs, of which more than 20% are not yet
present in public databases. Our experiments confirmed that ARGs are both
environment-specific and host-specific, as exemplified by the enrichment of
rifamycin resistance genes in Actinobacteria and in the soil environment. A
case study of tens of experimentally validated ARGs also verified the ability of
ONN4ARG to discover novel ARGs. We also validated a novel streptomycin
ARG from oral microbiome samples via wet-lab experiments. In summary,
ONN4ARG enables comprehensive ARG discovery, which provides a rela-
tively complete picture of the prevalence of ARGs and leads to a comprehen-
sive view of ARGs worldwide.

MATERIALS AND METHODS
Datasets

The ARGs used in this study for model training and testing were obtained
from the Comprehensive Antibiotic Resistance Database (CARD) v3.0.3.”° We
also used protein sequences from the UniProt (SwissProt and TrEMBL)
database, which contains an ARG dataset (ONN4ARG-DB) and a non-ARG
dataset, to expand our training dataset. First, genes with ARG annotations
were collected from the CARD (2,587 ARGs) and SwissProt (2,261 ARGS)
databases. Notably, to remove redundancy, the genes collected from the
CARD and SwissProt were clustered with a sequence identity threshold of
90% using the MMseqs?2 tool (version 10), and representative genes were
retained. Then, their close homologs (sequence identity > 30% and coverage >
98%) were collected from TrEMBL (23,728 homologous genes). These anno-
tated and homologous ARGs made up our ARG dataset. Finally, redundant
genes with identical sequences were filtered out. As a result, our ARG dataset,
namely, ONN4ARG-DB, contained 28,396 ARGs. The non-ARG dataset was
constructed from non-ARGs that had relatively low sequence similarity to
ARGs (sequence identity <90% and bit-scores <alignment lengths) without
resistance annotation (by text mining and manual curation) in SwissProt.
Notably, to remove redundancy, the non-ARGs collected from SwissProt were
subjected to clustering with a sequence identity threshold of 90% using the
MMseqs2 tool (version 10), and 17,937 representative non-ARGs were
retained.

The gene clustering of the 681 newly added ARGs in CARD v3.1.3 was
performed using the MMsegs2 tool (version 10), with an identity of 90% and
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Figure 1. The ONN4ARG model employs an ontology-aware neural network and shows potential for novel ARG discovery in metagenomic data (A) The antibiotic resistance
gene ontology term contains four levels. The root (first level) is a single node, namely, “arg". There are 1, 2, 34, and 277 nodes from the first level to the fourth level, respectively.
(B) The feature encoding procedure of the ONN4ARG model. The sequence alignment features and profile HMM features are encoded by calling Diamond and HHblits. (C) The
architecture of the ontology-aware neural network can be described in four functional modules, namely, the feature embedding module, residual module, compress module and
ontology-aware module. The ontology-aware module is a partially connected layer that encourages annotation predictions satisfying the ontology rules. Specifically, weights
between nodes with relationships (e.g., parent and child) satisfying the ontology rules are saved in the partially connected layer, and weights between irrelevant nodes are
masked. (D) Building the dataset for training and testing and applying the ONN4ARG model to metagenomic samples to discover candidate novel ARGs.

coverage of 98%. The ResFinder dataset was obtained in June 2022 from
https://bitbucket.org/genomicepidemiology/resfinder_db/src/master/.

Antibiotic resistance ontology

The ARG ontology contains a list of types of antibiotic resistance (drug
class) and was organized into a four-level tree structure (a graph containing
no cycles), in which higher-level resistance types cover lower-level resis-
tance types (Figure TA). There are 1, 2, 34, and 277 nodes (terms) from the
first level to the fourth level, respectively. For instance, the root (first level) is a
single node; namely, “arg", there are "beta-lactam” and "non-beta-lactam” in
the second level, "acridine dye" and "aminocoumarin” in the third level, and
“acriflavine” and “clorobiocin" in the fourth level.

ONN4ARG framework

ONN4ARG model. Considering a query gene g represented by its protein
sequence, as well as its potential resistance categories represented by the
antibiotic resistance ontology O, to predict resistance categories y, of the
query gene g, we employed an ontology-aware neural network to learn a
mapping M from a set of genes beS to their resistance categories
Vo = (yL,y2,y2,y). Here, S is the set of genes (i.e, ONN4ARG-DB), and y; is
the resistance category for gene b in the first level of the antibiotic resistance
ontology. Then, we applied M to g to determine the potential resistance cate-
gories of the query gene.
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Figure 2. ONN4ARG outperformed DeepARG in terms of precision and recall The
precision and recall of DeepARG and ONN4ARG for ARG classification for each resis-
tance type at the second ARG ontology level. The masking threshold of the testing set
was 0.4 (details of the masking threshold are provided in the Methods).

Feature encoding. The task of feature encoding is to abstract the homolo-
gous signal of a query gene. ONN4ARG takes homologous signals (e.g., iden-
tity, e-value, bit-score) between the protein sequence of the query gene and
protein sequences and profiles (i.e., position-specific scoring matrix) of genes
in ONN4ARG-DB (referred to as source genes) as features. The homologous
signal abstraction procedure is as follows. First, a protein sequence library of
the base genes was constructed by using the "makedb"” function of Diamond
software. The protein sequences of the query genes and base genes were
subsequently aligned by using the "BLASTP" function of the Diamond
program, version 0.9.10 (Figure 1B). Second, profile hidden Markov models
(HMMs) of the source genes were generated by using the "HHblits" function
of HH-suite3 software (version 3.2.0). The protein sequences of the query
genes and profile HMMSs of the source genes were subsequently aligned by
using the "HHblits" function of HH-suite3 software (Figure 1B). Third, these
homologous signals were normalized (i.e., divided by alignment length) and
saved as numeric vectors for the input of the ONN4ARG model. The length of
the numeric vector input to the ONN4ARG model is determined based on the
number of sequences and profile HMMs in the ONN4ARG-DB. Specifically,
the lengths of the numeric vectors of the sequence features are 25,868 and
9,564 for the profile HMM features.

Architecture of the ontology-aware neural network. PyTorch version
1.7.1 was used for generating the ONN model. The architecture of the ontol-
ogy-aware neural network can be described by four functional modules,
namely, the feature embedding module, residual module, compression

module and ontology-aware module (Figure S1).

First, the feature embedding module comprises two fully connected layers
with group normalization® and GELU activation.”" This module accepts the
flattened features (e.g., sequence alignment features) and outputs a highly
informative embedding vector of size 1024. Second, the residual module is
used to improve the generalization ability and avoid degradation of the neural
network model. It comprises four self-defined residual layers similar to the
ResNet proposed by He et al.*” Third, the compression module is a simple
fully connected layer with group normalization and GELU activation, which is
used to change the size of the embedding vector. For example, the output
embedding vector of the residual layer is 1,024, and it is compressed to the
size of 193 (the number of terms in the ARG ontology). Finally, the ontology-
aware module is a partially connected layer that encourages annotation
predictions satisfying the hierarchical structure of the ARG ontology. Specifi-
cally, weights between terms with relationships (e.g., parent and child) are
preserved in the partially connected layer, and weights between irrelevant
terms are masked to zero. The ontology-aware layer accepts an embedding
vector V... Then, the “Layer Norm" and "GELU" functions are applied to the
vector V... Finally, the partially connected layer is applied to generate a vector
V.- The output of the ontology-aware layer is V, . 4 V.

Training and testing. \We performed 4-fold cross-validation in the system-
atic evaluation of the ONN4ARG model. For each fold, we divided the
ONN4ARG-DB into a training set and a testing set. The training set included
75% of the genes randomly selected from the ONN4ARG-DB, whereas the
remaining 256% of the genes were selected as the testing set. We created a
binary label vector for each protein sequence. If a protein sequence is anno-
tated with a resistance type from the ontology, then we assign 1 to the type's
position in the binary label vector. Otherwise, we assign 0.

Masking threshold. To simulate remotely homologous ARGs in our exper-
iments, homologous signals between the query protein and its close
homologs with sequence identities greater than a certain threshold were
masked as zeros (i.e., no signals). For instance, when the masking threshold
of the testing set was 0.4, homologous signals between the query protein (in
the testing set) and its close homologs (in the training set) with sequence
identities greater than 40% were masked as zeros. Occasionally, all homologs
were masked for a query protein, and such query proteins were removed
during testing. For example, if query X had two homologs, M and N, and
assuming that the identity of M is 0.45 and the identity of Nis 0.95, when the
masking threshold of the testing set equaled 0.9, homologous signals
between query X and homolog N were masked as zeros. When the masking
threshold of the testing set equaled 0.4, query X was removed during testing.
In the cross-validation experiment, 2,444, 103, and 17 homolog queries were
removed from the testing datasets at masking thresholds of 0.4, 0.7, and 0.9,
respectively.

Other methods

We used Diamond (version 0.9.0)” as the sequence-alignment tool for
comparison. We used the same training and testing sets as in the ONN4ARG
model to evaluate the sequence-alignment method. We searched for queries
in the testing set against the training set. The target with the highest identity
was defined as the closest homologous gene for each query. Then, we
compared whether the actual annotation of the query was consistent with the
annotation of its closest homologous gene to evaluate the performance.
DeepARG '“ is a newly developed tool that applies a plain neural network (e.g.,
five fully connected layers) to predict ARGs. Here, we reconstructed the
DeepARG model with PyTorch v1.7.1 by using the same architecture as the
original DeepARG model and used the same training and testing sets as in
the ONN4ARG model to train and test the DeepARG model. For queries in the
testing set, we used the reconstructed DeepARG model to predict ARG anno-
tations and compared whether the actual annotations were consistent with
the predicted annotations to evaluate the performance.

23

Performance measures
To assess the performance of the ONN4ARG model and other methods,
we used an accuracy metric with the following formula:
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Table 1. Accuracy comparison of sequence-alignment, DeepARG and ONN4ARG based on different masking thresholds in the testing set.

Masking threshold No. ARG genes No. non-ARG genes Sequence-alignment * DeepARG ONN4ARG-RO® ONN4ARG
0.4 4916 2240 37.16% 89.85% 80.98% 94.26%
0.7 6401 3096 71.56% 97.29% 81.18% 98.50%
0.9 6487 3096 77.95% 99.22% 81.39% 99.10%
1.0 6504 3096 89.78% 99.20% 81.25% 98.95%
Overall - - 69.11% 96.39% 81.20% 97.70%

Note: The first column indicates different masking threshold of testing set; 2, Sequence-alignment is based on Diamond; ®, ONN4ARG model with random
ontologies, the random ontologies are generated by randomly shuffling the terms on the lowest level of antibiotic resistance ontology; "-", not reported.

corp

Accuracy =
pred
where N, is the number of correct predictions and andN,., is the total
number of predictions. Notably, a prediction was defined as correct if and
only if all ARG annotations (including ancestor annotations from ARG ontol-
ogy) were correctly predicted.
Furthermore, we used precision, recall, F1, AUROC, and AUPRC measures
to assess the performance of the ONN4ARG model and other methods for
each antibiotic resistance type:

Precision (f) = %
TP(f)
Recall () = TPHTENG

_ 2x Precision (f) x Recall (f)

= Precision (f) + Recall (f)
TP(f)
TPR( = 756+ FP (7
___ FP(
FPR( = B5i 3 TN

where f represents one resistance type, TP(f) is the number of true positive
predictions of resistance type f, FP(f) is the number of false positive predic-
tions of resistance type f, TN (f) is the number of true negative predictions of
resistance type f, and FN(f) is the number of false negative predictions of
resistance type f. The AUROC is the area under the TPR-FPR curve, and the
AUPRC is the area under the Precision-Recall curve.

Taxonomic annotation

The Kraken?2 (version 2.1.2)* program with default parameters was used to
identify the hosts of the gene contigs. Then, each ARG predicted by
ONN4ARG was annotated according to the host of its gene contigs. The
length range of the contigs containing ARGs was between 928 and 152,372
bases.

Acquired and intrinsic ARG annotation

Mobile genetic elements (MGEs) were explored to distinguish acquired and
intrinsic ARGs. Specifically, contigs of predicted ARGs from the metage-
nomic samples were searched against the ACLAME* (http://aclame.ulb.
ac.be/) database for plasmid annotation. The contigs containing predicted
ARGs were searched for plasmid-like sequences against the ACLAME
database using Diamond blastx with an identity of > 90%. The predicted
ARGs in contigs that aligned to the plasmids in the ACLAME database were
classified as acquired ARGs, and ARGs in contigs not aligned to the plasmids
in the ACLAME database were classified as intrinsic ARGs.

Phylogenetic tree
The protein sequences most closely related to Candi_60363_1 were

collected via "BLASTP" with default parameters from the NCBI non-redun-
dant protein database. The retrieved proteins, Candi_60363_1 and all amino-
glycoside resistance proteins from ResFinder” (https://bitbucket.org/genomi-
cepidemiology/resfinder_db/src/master, last update Jun 2022), were aligned
with ClustalW. The phylogenetic tree was constructed with MEGA™ (v10)
using the maximum likelihood algorithm with default parameters. The Inter-
active Tree of Life (iTOL v6) online tool™ was used to construct the phyloge-
netic tree for display.

Protein model and docking

The Rosetta®™ was used to predict the protein structure via ab initio protein
folding (http://robetta.bakerlab.org/). The top five protein pockets were
generated for docking calculations with Surface Topography of proteins®
(CASTp). We used the Cambridge Structure Database™ to generate strepto-
mycin conformers. The 3D protein—ligand complexes were obtained from
AutoDock Vina.”

ARG candidate gene expression plasmid construction and expression
verification

The candidate resistance gene Candi_60363_1 and the positive control
resistance gene AHE40557.1 were synthesized and subcloned into pUC19
vector, replacing the /acZ’ gene. The recombinant plasmids were subse-
quently transformed into E. coli BL21 (DE3). The expression of resistance
genes was induced by Isopropyl B-D-1-thiogalactopyranoside (IPTG) and
verified by quantitive Real-time PCR (qRT-PCR) assay. Briefly, bacteria were
grown in LB supplemented with ampicillin (100 pg/ml) to an OD600 of 0.5-0.6
by incubation at 37°C with 220 rpm agitation, and the bacterial cultures
continued to grow until the OD600 reached 1.0 by the addition or absence of
1 mM IPTG. The cells were harvested, and total RNA was extracted using a
Bacterial RNA Extraction Kit (Vazyme Biotech). RNA reverse transcription was
performed by using a HiScript® Il Q Select RT SuperMix for gPCR kit (Vazyme
Biotech). gRT-PCR was performed by using SYBR Green Master Mix-High
ROX Premixed (Vazyme Biotech) in a Stepone Plus system (Applied Biosys-
tems). The /dh gene was used as an internal control in all reactions. The rela-
tive fold changes were determined using the 2°4% method, in which /dh was
used for normalization.

MIC determination

The minimal inhibitory concentrations (MICs) of the antibiotics for the
strains containing resistance genes were determined using E-tests (three
replicates). Single colonies of the strains were incubated in 3 ml Mueller-
Hinton (MH) medium with the addition of 100 pug/ml ampicillin at 35 °C for 4
hours, and the cells equal to 1.5x108 cells/ml were spread on MH agar plates
with the addition of 100 ug/ml ampicillin and T mM IPTG, and streptomycin
MIC Test Strips (Liofilchem®) were put in the middle of the plates. The plates
were incubated at 35°C for 18-24 hours, after which the MICs were deter-
mined. The strain containing the empty vector was used as a negative
control.

Statistical test
The normality of the data was verified by the Shapiro—Wilk test and Levene'
s test, and the ARG abundance data were distributed in a Gaussian manner
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Figure 3. The length, abundance and novelty of the predicted ARGs varied among the diverse environments (A) The proportion of predicted ARGs for different protein
sequence lengths. (B) The abundance ratio of predicted ARGs among diverse environments. The abundance ratio was defined as the number of ARGs divided by the number of
total genes. (C) The proportion of predicted ARGs for different sequence identities among diverse environments. (D) Number of genes in the ONN4ARG-DB (left), predicted
homologous ARGs (middle), and predicted novel ARGs (right) for various resistance types. The horizontal axis indicates the logarithmic number of genes, and the vertical axis
indicates different antibiotic resistance types. We collected metagenomic samples from several published studies; these samples were mainly from “marine,” “soil,” and "human”
environments. Human-associated samples consisted of two gut groups (one group from Madagascar, i.e., GutM; the other group from Denmark, i.e., GutD), one oral group, and

one skin group (both oral and skin groups were from the HMP project).

with unequal variance. Thus, a statistical test of the enrichment analysis was
performed utilizing Welch's t test (one-tailed) at a significance level of
0.005.% For all the tests, when the associated P value is lower than the signif-
icance level, one should reject the null hypothesis HO (ARGs are not enriched
in the environment or host) and accept the alternative hypothesis Ha (ARGs
are enriched in the environment or host).

RESULTS
The ONN4ARG model employs an ontology-aware neural network for
ARG identification and classification

To address the large gap between the genes annotated in ARG databases
and the possible ARGs that already exist in general databases, along with the
ARGs that have not yet been annotated, we propose ONN4ARG, an ontology-
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Figure 4. The predicted ARGs exhibited environment-specific and host-specific enrichment patterns (A) Relative abundance and enrichment of ARGs among diverse environ-
ments. The abundance ratio was defined as the number of ARGs divided by the number of total genes. (B) Proportion and enrichment of ARGs among diverse hosts. The colors
indicate the proportion of ARGs for each phylum and resistance type. The results for the five most abundant phyla that carry ARGs are shown. “+": P value < 0.005 (Welch's ttest,

one-tailed).

aware neural network model that predicts ARGs in a comprehensive manner
(Figure T). Here, we described the ARG ontology as a list of resistance types
(e.g., drug classes), which were organized into a four-level tree structure (i.e.,
a graph containing no cycles),” in which higher-level resistance types cover
lower-level resistance types (Methods, Figure S1).

ONN4ARG has innovative designs for unleashing its power in the ARG
prediction task. First, ONN4ARG employs a novel ontology-aware layer that
incorporates ancestor and descendent annotations to enhance annotation
accuracy (Figures TA-C, Figure ST). The ontology-aware layer is a partially
connected layer that encourages annotation predictions satisfying the ontol-
ogy rules (i.e., the hierarchical structure of the antibiotic resistance ontology).
Second, ONN4ARG uses both sequence and profile Hidden Markov Model
(pHMM) alignment similarities as features, which could help capture the
evolutionary signals among remotely homologous genes and identify

unknown ARGs.

ONN4ARG takes alignment similarities between the query gene and ARG
as inputs (Figure 1B). These sequence-alignment similarities and profile-
alignment similarities are preprocessed by calling Diamond and HHblits.”
ONN4ARG outputs hierarchical annotations that are compatible with the ARG
ontology (Figure TA & Figure 1C). To train and evaluate our ONN4ARG model
and for rapid deployment of ARG discovery in multiple contexts, we also
constructed an ARG database (Figure 1D), namely, ONN4ARG-DB (Methods).

Systematic evaluation and comparison

Systematic evaluation revealed that our model is highly efficient, accurate,
and comprehensive for ARG identification. ONN4ARG is fast since it can
complete ARG identification for all genes in the testing dataset within half an
hour, which is equivalent to the identification of ten genes per second using a

317 uolpAOUU| 3Y |

[I J—

The Innovation Life 2(1): 100054, March 18, 2024 7




www.the-innovation.org/life

(A

Candidate
ARGs

—

puC19

K

Figure 5. Functional validation of a candidate
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ttest, one-tailed, P value = 3.5e-3).

MIC measurement

cially those with low homology to the existing
ARG database.
"""""""""" ARG mining of metagenomic data from
diverse environments

We collected contig data from metage-
nomic samples from several published stud-
ies,”* and these samples were from different
biomes (niches), including “marine”, “soil",
"human gut", "human oral”, and "human skin".
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single core. ONN4ARG achieved an overall precision of 75.59% and an overall
recall of 89.93%, which were higher than those of DeepARG (68.30% and
T77.84%), respectively (Figure 2). Furthermore, ONN4ARG was more accurate
at identifying ARGs (overall accuracy of 97.70%; Table 1) than sequence
alignment (overall accuracy of 69.11%), and ONN4ARG had only a slight
advantage over DeepARG (overall accuracy of 96.39%). Moreover, ONN4ARG
has advantages over other methods for identifying remotely homologous
ARGs whose sequences are not similar to existing ARG sequences. For
example, when tested with only remote homologs (i.e., the masking thresh-
old of the testing set was equal to 0.4; see Methods), ONN4ARG achieved an
accuracy of 94.26%, which was largely improved from the 89.85% accuracy
of DeepARG (Table 1, Table ST). To test how much the ontology contributes
to the performance of the neural network model, we evaluated the accuracy
of ONN4ARG using random ontologies. The results showed that ONN4ARG
had a large decrease in accuracy (16.50%) when using random ontologies
(Table 7). These results validate ONN4ARG's better generalization ability than
sequence-alignment and DeepARG, which makes ONN4ARG especially suit-
able for the identification of remotely homologous ARGs and indicates that
ONNA4ARG has the ability to identify novel ARGs.

ONN4ARG performed well in identifying known ARGs in existing ARG
databases, including CARD and ResFinder. We first tested ONN4ARG in a
validation dataset consisting of 681 newly added ARGs in the CARD database
version 3.1.3. The results showed that our model outperformed the other
methods in terms of accuracy and efficiency, given that the memory usage is
acceptable for a regular laptop (Table S2). We also evaluated ONN4ARG on
the ResFinder database version 4.1, which includes thousands of manually
curated ARGs.? The results showed that ONN4ARG achieved an accuracy
higher than 90% for most types of resistance, while DeepARG was less accu-
rate than ONN4ARG, except for fosfomycin (Table S3).

We further evaluated the ability of ONN4ARG to identify novel ARGs based
on 13 recently experimentally validated ARGs."**”" We searched for these 13
ARGs with both the DeepARG and ONN4ARG models. The results showed
that ONN4ARG recognized 12 of these 13 ARGs and correctly classified their
type of resistance (Table S4). For comparison, DeepARG identified only 8 of
these 13 ARGs. Notably, among the four ARGs identified by ONN4ARG only,
two had relatively low homology to known ARGs in the ONN4ARG-DB (NCBI
GenBank accession MW234453 and 0L806615, sequence identity <40%).
Taken together, the ONN4ARG is suitable for identifying novel ARGs, espe-

o ronment and investigated the distribution
& 07 patterns of ARGs in these different types of
o environments. Details of these samples are

provided in Table S5. Then, 240 million genes

were obtained from these samples by calling Prodigal™ with default parame-
ters. The ONN4ARG model was used to predict whether these unclassified
genes were ARGs and their corresponding resistance types.

We investigated the broad-spectrum profile of these predicted ARGs
among diverse environments. First, we investigated the proportion of
predicted ARGs for different sequence lengths and found that more than half
of the predicted ARGs had a length of 128—512 amino acid residues, which is
close to the protein sequence length distribution of ARGs in the CARD
database (Figure 3A & Figure S2). We also analyzed the protein domains of
these predicted ARGs by searching the conserved domain database (CDD,
last update Aug 2022) using the RPS-BLAST tool version 2.9.0. Most of these
predicted ARGs (over 97%) had protein domains that were consistent with
known catalytic activity and/or may bind to the antimicrobial agents they are
predicted to elicit resistance against (Table S6). Second, we found that the
ARG content of metagenomic samples from the human oral group was the
highest (1.4%), followed by that of soil (1.7%) and marine (0.2%) samples
(Figure 3B & Table S7). Previous studies have shown that the abundance of
ARGs differs across environments. For example, a metagenomic study by
Qian et al.”' revealed high ARG diversity (242 ARG subtypes) and abundance
(0.184-0.242 ARG copies per 16S rRNA gene copy) in the soil ecosystem. The
study by Ning et al.** demonstrated that the ARG content of metagenomic
samples from different niches varied, with the ARG content in sediment being
the highest (0.35%), followed by that in water (0.2%). We should emphasize
that although we have no exact knowledge of the ARG content for those
contigs from real metagenomic samples, these relative abundances are
meaningful and contribute to the knowledge of the results. Third, we tested
the novelty of these predicted ARGs. We found that approximately one-third
of the genes (42,848 out of all 120,726 ARGs) had a sequence identity of less
than 40% with their homologs in the ONN4ARG-DB (Figure 3C). We defined
these ARGs as candidate novel ARGs that had low sequence identities when
aligned to their homologs in the reference database (i.e., ONN4ARG-DB). In
total, 31 resistance types in the third level of ARG ontology were detected in
these various environments, most of which were acquired ARGs (Figure 3D &
Figure S3). The number of predicted ARGs for different resistance types
varied greatly, from a few (i.e., nitrofuran) to thousands (i.e., fluoroquinolone).
As expected, these abundant ARGs were usually associated with antibio-
tics used extensively in human activities, such as growth promoters in
animals.***
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Figure 6. Phylogenetic analysis and structural
investigation of Candi_60363_1 confirmed its close
evolutionary relationship with known aminoglyco-
side adenylyltransferases and showed great antibi-
otic resistance potential (A) Phylogenetic tree of the
aminoglycoside resistance enzyme Candi_60363_1
and its homologs from the NCBI non-redundant
protein database. ANT: O-nucleotidyltransferase,
AAC: N-acetyltransferase, APH: O-phosphotrans-
ferase, AADT: aminoglycoside adenylyltransferase.
(B) The optimal Candi_60363_1-streptomycin
complex structure (left) and the local interactions
o, between the ligand and neighboring residues (right).
The docking experiment revealed six neighboring
o residues whose distances were less than three
angstroms.

proportion of 0.1%) and in Actinobacteria (with a
proportion of 4.7%) (Figure 4 & Figure S6).
Rifamycin is an important antibacterial agent
that is active against gram-positive bacteria and
has a wide range of applications.” These
enrichment results were not surprising because
Actinomycetes is a representative genus widely
distributed in various soil environments, and its
resistance to rifamycin is compatible with its
ability to produce rifamycin.**'

L

Functional verification of candidate novel
resistance genes

To identify promising putative novel resis-
tance genes, we used four criteria: had (i)
remote homologs to reference ARGs, (ii) predic-
tion with high confidence, (iii) prediction of
single-type resistance, and (iv) known host.
Despite the large number of candidate genes
identified by the ONN4ARG model, only 4,365
ARGs underwent all the abovementioned crite-
ria (Table S9). To showcase the actual function
of the predicted ARGs, we analyzed six ARGs
associated with streptomycin resistance (Table
S10), and all of these ARGs were highly confi-
dently predicted by the ONN4ARG model. The
experimental results showed that
Candi_60363_1 is one of the most promising
ARGs and had a high minimal inhibitory
concentration (MIC) of streptomycin compared

LYS-181

J

Enrichment patterns of predicted ARGs among diverse environments and
hosts

Rapid deciphering of potential antimicrobial-resistant pathogens is neces-
sary for effective public health monitoring, and host tracking of ARGs allows
accurate identification of pathogens. To track the hosts of these predicted
ARGs, we performed a taxonomy analysis and discovered 949 genera
harboring at least one type of ARG. (Table S8). The host distribution showed
that these ARGs were primarily affiliated with Proteobacteria (38.2%), the
most abundant of which were ARGs conferring drug resistance to fluoro-
quinolone, macrolide, peptide, penam, and tetracycline, accounting for
approximately half of the total ARGs (Figure S4). Network inference based on
strong (Spearman's p >0.8) and significant (Welch's t test, P value <0.01)
correlations revealed co-occurrence patterns among ARGs and microbial
taxa (Figure Sb). For example, ARGs associated with beta-lactam resistance
(e.g., cephamycin, penam, penem, and monobactam) were observed to occur
together in Proteobacteria.

Enrichment analyses revealed that the ARGs were both environment-
specific and host-specific (Figure 4). We found that the proportion of certain
types of ARGs was greater in certain environments than in others. For exam-
ple, rifamycin ARGs were found to be enriched in the soil environment (with a

to that of the negative control (Table S10).
However, the MICs of the other candidate ARGs were not significantly differ-
ent from that of the negative control (Table S10). Thus, we selected
Candi_60363_1 for further functional and structural validation (Table S11).
Candi_60363_1, detected in Streptococcus in the oral environment, was
predicted to confer resistance to streptomycin (a subtype of aminoglycoside).
One positive control (AHE40557.1, streptomycin resistant) from the CARD
database was used for verification of the experimental system. All of these
genes were heterologously expressed in the E. coli BL21 (DE3) host by the
induction of Isopropyl B-D-1-thiogalactopyranoside (IPTG), after which the
minimal inhibitory concentration (MIC) of streptomycin was tested
(Figure 5A). The results showed that the mRNA level of the genes increased
with the addition of T mM IPTG compared with that without IPTG (Figure 5B),
which verified the expression of the genes induced by IPTG. Furthermore, the
MIC for the strain containing the positive control gene AHE40557.1 was more
than 1,024 pg/ml (Figure S7), which is consistent with previous reports.***
This verified that our MIC measurement system works well. Our results
showed that the MIC for the strain containing Candi_60363_1 was signifi-
cantly greater than that for the negative control containing no insert (Welch's
t test, one-tailed, P value =3.5e-3), which demonstrated increased resistance
to streptomycin by the novel candidate gene Candi_60363_1 (Figure 5C &
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Figure S7).

There are remote similarities between Candi_60363_1 and all known ARGs
in the reference database, including aminoglycoside resistance genes. The
InterPro  search results showed that the protein family matching
Candi_60363_1 was IPR0O07530, which is also known as aminoglycoside 6-
adenylyltransferase and confers resistance to aminoglycoside antibiotics.
Then, we used BLAST to search for homologs of Candi_60363_1 from the
NCBI non-redundant protein database. BLAST results revealed 44 homologs
with sequence identities greater than 80%, and these homologs were from
various organisms (Table S12), such as Streptococcus oralis, Peptoniphilus
lacrimalis DNF00528, and Mycobacteroides abscessus subsp. Abscessus.
Considering that Candi_60363_1 is harbored by distantly related species and
that the contig containing Candi_60363_1 has hits in the ACLAME" plasmid
database, Candi_60363_1 is likely to have mobility. Notably, the most similar
protein, Candi_60363_1, from the NCBI non-redundant protein database
(87.5% identity, SHZ78752.1) was also annotated as an aminoglycoside
adenylyltransferase (Table S12). Taken together, these findings suggest that
Candi_60363_1 is highly likely to be an ARG that confers resistance to amino-
glycoside antibiotics.

Aminoglycoside-modifying enzymes are the most clinically important
resistance mechanism against aminoglycosides.”” These enzymes are
divided into three enzymatic classes, namely, aminoglycoside N-acetyltrans-
ferase (AAC), O-nucleotidyltransferase (ANT), and O-phosphotransferase
(APH). We investigated the phylogenetic relationship between Candi_60363_1
and known aminoglycoside-modifying enzymes. The phylogenetic tree of
Candi_60363_1 and related proteins (Figure 6A) revealed that Candi_60363_1
is clearly separated from known aminoglycoside-modifying enzymes and is
located among proteins mostly annotated as aminoglycoside adenylyltrans-
ferases. Phylogenetic analysis revealed the evolutionarily close relationships
of this gene with known aminoglycoside adenylyltransferases.

The protein structure prediction results confirmed the functionality of
Candi_60363_1. The optimal Candi_60363_1-streptomycin complex struc-
ture and the corresponding interaction details are described in Figure 6B. The
optimal binding affinity between Candi_60363_1 and streptomycin was -7.7
kecal/mol (Table S13), which was 1.6 kcal/mol lower than that of the negative
control. Wet-lab, phylogenetic, and protein structure docking analyses
revealed that Candi_60363_1, predicted by ONN4ARG, is highly likely a real
ARG.

DISCUSSION

In this study, we proposed an ontology-aware deep learning method,
ONN4ARG, for the detection and understanding of ARGs. ONN4ARG employs
a novel ontology-aware layer that incorporates ancestor and descendent
annotations to increase annotation accuracy, enabling ONN4ARG to outper-
form the state-of-the-art DeepARG model, especially in the discovery of novel
ARGs. To complement ONN4ARG for ARG mining applications, we also
created a custom ARG database, ONN4ARG-DB, that contains 28,396 well-
curated ARGs. ONN4ARG analysis revealed 120,726 ARGs in microbiome
samples, 42,848 of which were novel, substantially expanding the existing
ARG repositories.

The novelty of this work lies in three contexts. First, ONN4ARG has the
potential to detect remotely homologous ARGs and generate a more
comprehensive set of ARGs. The potential of ONN4ARG for detecting novel
ARGs has been shown through the evaluation of 13 recently experimentally
validated ARGs. ONN4ARG recognized 12 of these 13 ARGs and correctly
classified their resistance types (Table S4), while DeepARG identified only
eight. Notably, among the four ARGs identified by ONN4ARG only, two had
relatively low homology to known ARGs in the ONN4ARG-DB (NCBI GenBank
accession MW234453 and 0OL806615, sequence identity <40%). Furthermore,
the antibiotic resistance ontology used in the ONN4ARG model consists of
four levels and more than 100 resistance subtypes (i.e., terms at the most
informative level on the ontology), which substantially expands the classifica-
tion space of current tools.

Second, this approach enabled comprehensive enrichment analysis of
ARGs among diverse environments and hosts. The environment-specific and
host-specific enrichment of ARGs may be caused by specific bacteria evolv-
ing to possess specific types of ARGs in response to specific environments,

and horizontal gene transfer may be one of the mediating pathways of this
process. For example, one published study reported that Amycolatopsis in
the soil environment produces rifamycin and thus gains ecological advan-
tages over other bacteria.”

Third, our study demonstrated the importance and potential of comple-
menting computational work with wet-lab experimental validation of gene
function. Functional verification of a novel streptomycin resistance gene (i.e.,
Candi_60363_1) via wet-lab experiments demonstrated the ability of the
ONN4ARG model to discover novel ARGs. Moreover, phylogenetic analysis
and protein structure docking further confirmed that Candi_60363_1 is highly
likely to be an ARG that confers resistance to aminoglycoside antibiotics.

We propose an ontology-aware deep learning approach, ONN4ARG, which
is superior to existing methods such as DeepARG in terms of efficiency,
accuracy, and comprehensiveness. It has detected novel ARGs that are
remotely homologous to existing ARGs. Whereas Although ONN4ARG
provides one of the most comprehensive profiles of ARGs, it could be further
optimized. For more comprehensive ARG prediction, continuous improve-
ment of the curating ARG nomenclature and annotation databases is needed.
For novel ARG prediction, especially for those belonging to entirely new ARG
families, deep learning models might need to consider more information
other than sequence alone, such as protein structure. It has been shown that
protein structure information can complement protein sequence information
to predict protein function.”® Computational methods such as AlphaFold
generate high-quality protein structures but fail to predict protein families
with few homologous sequences,”*® which can be addressed by targeted
recruitment of homologous sequences from metagenomic data.*” We believe
these efforts could lead to a holistic view of ARGs in diverse environments
around the globe.
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