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Abstract 

Background  Antibiotics are essential for medical procedures, food security, and public health. However, ill-advised 
usage leads to increased pathogen resistance to antimicrobial substances, posing a threat of fatal infections and limit-
ing the benefits of antibiotics. Therefore, early detection of antimicrobial resistance genes (ARGs), especially in patho-
gens, is crucial for human health. Most computational methods for ARG detection rely on homology to a predefined 
gene database and therefore are limited in their ability to discover novel genes.

Results  We introduce DRAMMA, a machine learning method for predicting new ARGs with no sequence similar-
ity to known ARGs or any annotated gene. DRAMMA utilizes various features, including protein properties, genomic 
context, and evolutionary patterns. The model demonstrated robust predictive performance both in cross-validation 
and an external validation set annotated by an empirical ARG database. Analyses of the high-ranking model-gener-
ated candidates revealed a significant enrichment of candidates within the Bacteroidetes/Chlorobi and Betaproteobac-
teria taxonomic groups.

Conclusions  DRAMMA enables rapid ARG identification for global-scale genomic and metagenomic samples, thus 
holding promise for the discovery of novel ARGs that lack sequence similarity to any known resistance genes. Further, 
our model has the potential to facilitate early detection of specific ARGs, potentially influencing the selection of anti-
biotics administered to patients.

Introduction
Antibiotic substances, drugs targeting bacterial spe-
cies, have drastically reduced the threat of infections and 
have become essential for many medical procedures such 
as surgeries, organ transplants, and cancer treatment 
[1–3]. These drugs are invaluable thanks to their ability 
to kill or inhibit the bacteria causing the infection while 
not causing any harm to the host’s cells [1]. Neverthe-
less, prolonged overuse of antibiotics has resulted in the 

emergence and worldwide spread of antibiotic-resistant 
pathogens, which threatens the continued benefits of 
antibiotics [4]. The pathogens’ resistance, also known as 
antimicrobial resistance (AMR), allows these strains to 
grow and spread due to the strong selective pressure of 
antibiotics, becoming dominant in their environment [5].

It is estimated that globally in 2019, 4.95 million deaths 
were associated with drug-resistant infections, with 
approximately 1.27 million of these deaths directly attrib-
utable to antibiotic-resistant bacteria [6]. This number is 
projected to reach ten million by 2050 if no solutions are 
devised to slow down the emergence of antibiotic-resist-
ant bacteria [5]. This value is probably an underestima-
tion, as key medical procedures, such as surgeries and 
chemotherapy, may become too dangerous to perform 
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if antibiotics lose their effectiveness. Additionally, drug 
resistance has already made an economic impact. Resist-
ance to first-line antibiotic treatments costs the US health 
system 20 billion USD per year [7], and the global cost 
of antibiotic resistance is predicted to exceed 100 trillion 
USD throughout the next few decades [5].

Most of the antibiotics used today are either com-
pounds discovered during the “golden era” of antibiotic 
discovery between the 1940s and the 1960s, or their 
derivatives [8]. Since the 1980s, the rate of antibiotic 
discovery has fallen drastically, and only a few antibiot-
ics have reached the market in the last two decades [5]. 
Further, since the 1960s, no new class of broad-spectrum 
compounds has been discovered [8]. Hence, we are cur-
rently lacking new drugs to battle antibiotic-resistant 
bacteria [5]. Therefore, other approaches are required in 
order to combat antimicrobial resistance, one of which 
is reliable surveillance of antimicrobial resistance. Sur-
veillance data can help improve patient treatment and 
health, inform health policies, shape responses to health 
emergencies, provide early warnings of emerging threats, 
and help identify long-term trends [5]. The foresight of 
drug-resistant bacteria emergence should enable a proac-
tive development of next-generation treatment strategies 
before the dissemination of resistance threats [1].

Metagenomic data is essential for the characteriza-
tion of the global antibiotic resistome, as many relevant 
AMR genes evolved in environmental microorganisms 
[1]. Metagenomic research focusing on environmental 
samples from soil, sewage, and other sources in urban 
and rural areas worldwide has highlighted differences 
in the diversity, abundance, and distribution of ARGs, 
their class, and their resistance mechanisms across vari-
ous regions [9–12]. These studies also reveal correlations 
between ARG abundance and socio-economic, health, 
and environmental factors, as well as associations with 
mobile genetic elements. Compared to human-derived 
samples, environmental samples offer significant advan-
tages: they are readily accessible, enable real-time analy-
sis, and are cost-effective, with no ethical constraints [9]. 
It was revealed that resistance genes in human pathogens 
share, in some cases, more than 99% nucleotide identity 
with resistance genes from soil bacteria [13]. Moreover, 
the synteny of resistance genes with mobility elements 
suggests these genes have likely undergone horizontal 
gene transfer [1]. Therefore, inferring the mobility of a 
gene across a wide variety of taxonomic groups can help 
detect antibiotic resistance genes and assess the threat 
they might impose.

Numerous bioinformatic tools have been developed 
for ARG annotation in metagenomic datasets, most of 
which are based on sequence similarity to a predefined 

gene database [14–25]. The gene repertoire that these 
methods can discover is thus limited to the current, 
incomplete, ARG knowledge base, and they lack the 
ability to generalize and identify novel ARGs. Recently, 
a few machine learning models were developed for 
ARG detection without the need for a predefined 
database. For example, HMD-ARG [26], a hierarchi-
cal deep-learning framework, utilizes the protein’s raw 
amino acid sequence to predict multiple ARG proper-
ties. These properties include gene classification to ARG 
or non-ARG, the antibiotic family to which it confers 
resistance, the gene’s resistance mechanism, whether 
the ARG is intrinsic or acquired, and the specific sub-
class of the beta-lactamase. Another recently developed 
algorithm is PLM-ARG [27], which utilizes the publicly 
available pre-trained protein language model ESM-1b 
[28] with two consecutive XGBoost [29] models for 
ARG identification task and resistance category predic-
tion. An additional deep-learning model, ARGNet [30], 
processes either short reads or complete genes as input 
and applies an autoencoder model to identify ARGs and 
a convolutional neural network (CNN) multiclass clas-
sifier to predict ARG categories. However, since these 
models only utilize the sequence of the ARG or its prod-
uct, they cannot take into account biological knowledge 
beyond the sequence, which can be crucial for ARG 
detection.

Here, we trained DRAMMA, a Random Forest model 
on global-scale metagenomic data. The model was 
trained on a wide variety of tailored features based on 
biological knowledge and understanding of ARG char-
acteristics. These features take into account protein 
biochemical, physical, and structural properties, as well 
as genomic and evolutionary context. This approach 
allows us to predict new ARGs that are genuinely 
unknown and thus present no detectable sequence 
similarity to any known resistance gene. The model 
demonstrated strong performance on both the train-
ing set and an independent validation set annotated 
using an external ARG database based on functional 
metagenomics experiments. This led to the identifica-
tion of novel ARG candidates, which were subsequently 
subjected to rigorous analysis. We anticipate that fur-
ther investigation of the top candidates identified by 
DRAMMA, along with the application of our model on 
newly generated metagenomic datasets, will facilitate 
the early detection of previously unknown antimicro-
bial resistance genes. This, in turn, has the potential to 
significantly advance our understanding of antibiotic 
resistance and inform strategies to combat this growing 
global health threat.
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Results
Dataset compilation
An extensive dataset was compiled of genes from 
genomic and metagenomic sources [31]. This data was 
acquired from various ecosystems, including human and 
animal microbiomes, groundwater, sewage, marine, and 
soil (Table  2). Only protein-coding genes in large con-
tigs (≥ 10 kbp) were used. Overall, 492.1 million proteins 
were retrieved from assemblies of 22,241 metagenomes 
(Table 2).

The known ARGs in the dataset were annotated 
using DRAMMA-HMM-DB, a database of profile Hid-
den Markov Models (HMMs, Supplementary Datasets 
1–3) that we compiled based on several AMR databases 
(Resfams [22], CARD [23], and HMD-arg-DB [26]). 
Positive examples (ARGs) for our classification scheme 
were genes with high similarity to known ARG families. 
Negative examples (non-AMR proteins) were randomly 
sampled from the gene pool to establish a ratio of 1:10 
resistance to non-resistance genes, and duplicate (highly 
similar) proteins were then removed.

Feature extraction
We extracted 512 features for each protein. The fea-
tures can be divided into four main categories: (1) amino 
acid properties, such as gene and contig length, physi-
cal and chemical attributes of the protein, the propor-
tion of each amino acid in the protein, the proportion 
of groups of amino acids sharing similar attributes, and 
averages of amino acid indices that represent differ-
ent physicochemical and biochemical characteristics for 
each amino acid [32]; (2) amino acid patterns, including 
8-mers of hydrophilic/hydrophobic residues, Helix Turn 
Helix (HTH) domain, DNA binding domains, and trans-
membrane domains; (3) HGT signals, e.g., GC content 
differences between the gene and the contig it is coded 
on, the distance between DNA k-mer distribution vectors 
of the gene and its contig, and the distribution of each 
gene across diverse taxonomic groups; (4) genomic con-
text, including the presence of known ARGs and genes 
of mobile genetic elements in the genomic region of the 
analyzed gene (Fig. 7B, Supplementary Table 1).

Model and feature selection
Following a comparison of several machine learning 
models (see Hyperparameter optimization in Methods), 
Random Forest was chosen due to its favorable trade-
off between predictive accuracy and computational effi-
ciency. To choose the optimal subset of features for the 
classification model, we utilized Random Forest’s feature 
importance, known as impurity-based importance or 
Gini importance, and selected the best features accord-
ing to these scores. These scores reflect the reduction in 

node impurity, weighted by the proportion of samples 
reaching the node, and averaged across all trees in the 
ensemble [33]. To choose the optimal number of selected 
features, we examined how varying the number of fea-
tures impacted the mean performance (measured as the 
area under the precision-recall curve, PR-AUC) of the 
model across a five-fold cross-validation on the develop-
ment set. The optimal number of features was approxi-
mately 30 (Fig. 8).

The model’s features were selected based on the feature 
importance values of the Random Forest model trained 
on the entire training set. Prominent features included 
information about the presence of the proteins in dif-
ferent taxonomic groups, amino acid composition and 
patterns (percentage of different amino acids or groups 
of amino acids, presence of HTH domains, and fre-
quency of hydrophilic-hydrophobic signatures), features 
regarding the proteins’ physical and biochemical prop-
erties (gene product size, grand average of hydropathy 
(GRAVY) value, where negative values indicate hydro-
philicity and positive values indicate hydrophobicity, 
and molar extinction coefficient), and features regarding 
the presence of ARGs within the gene’s genomic region 
(see Supplementary Fig. 1A, Supplementary Table 1). We 
observed a distinct difference between the distribution 
of these feature values within the AMR and non-AMR 
populations (Supplementary Fig. 2). Specifically, this dis-
tinction becomes evident when examining the most sig-
nificant feature, gene product size. ARGs were typically 
comprised of 500–1500 amino acids, making them, on 
average, larger than non-ARGs. This observation is sup-
ported by the SHAP values associated with this feature 
(Supplementary Fig. 1B), which tended to be negative for 
smaller values and thus contributed to negative classifica-
tion. A similar pattern was observed for the taxonomic 
distribution features.

Model performance evaluation
The trained model, which we named DRAMMA 
for Detection of Resistance to AntiMicrobials using 
Machine-learning Approaches, was evaluated using the 
mean ROC-AUC and mean PR-AUC in a five-fold cross-
validation process. The results indicate highly accurate 
classification (Fig.  1A), with a mean ROC-AUC of 0.98, 
and a mean PR-AUC of 0.857.

In order to ensure that the high performance is not 
the result of data leakage from genes of the same taxo-
nomic groups that share multiple genomic properties, we 
decided to re-evaluate DRAMMA’s performance using an 
NCBI WGS genomes dataset, which we divided into five 
folds according to major taxonomic groups: Actinobacte-
ria, Gammaproteobacteria, Firmicutes, Alphaproteobac-
teria, and Bacteroidetes. The model’s performances were 
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expected to be lower since in this evaluation the model 
was tested on genomes from taxa that were evolution-
arily distant from any species in the training set. Indeed 
the model had lower performances but was still accurate 
with a mean ROC-AUC of 0.938, and a mean PR-AUC of 
0.668 (Fig. 1B).

We further tested DRAMMA’s performance on an 
external validation set taken from the Global Sewage 

Surveillance Project [9], which is comprised of sewage 
metagenomic samples collected worldwide (see Dataset 
compilation in the Methods section). The microbial com-
munities in these samples are expected to include both 
environmental microbes as well as microorganisms prev-
alent in human microbiomes. This dataset was assembled 
from read data and annotated using two ARG databases, 
our DRAMMA-HMM-DB database and ResfinderFG 

Fig. 1  Classification performances of DRAMMA over five-fold cross-validation measured as ROC-AUC and PR-AUC. A Performance on a genomic 
and metagenomic dataset split to folds by contigs. The dataset is comprised of 30.9M proteins, containing 5% AMR genes annotated using HMMs 
from the DRAMMA-HMM-DB database. B Performance on a genomic dataset split into folds by taxonomic groups. The frequency of positive 
proteins in each fold is noted in brackets
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v2.0. The latter is an external experimental database of 
ARGs obtained by functional metagenomics. The model 
was evaluated on each annotation scheme. The mod-
el’s performance on this dataset was high as well, with 
a mean ROC-AUC of 0.99 and a mean PR-AUC of 0.91 
when tested on the annotation according to DRAMMA-
HMM-DB. It achieved a mean ROC-AUC of 0.91 and a 
mean PR-AUC of 0.59 when tested on the experimen-
tal ResfinderFG annotation (Fig.  2). It was observed 
that, reassuringly, DRAMMA’s score tends to be low for 

proteins with negative annotation (non-ARGs) according 
to ResfinderFG (Supplementary Fig. 3).

In addition, we assessed the runtime for feature extrac-
tion and model prediction on a 64-CPU machine, using 
the E. coli K-12 MG1655 genome and a random selection 
of approximately 100,000 metagenomic proteins from the 
Global Sewage Surveillance Project [9]. This process took 
11.1 min for the 4329 proteins in the E. coli genome and 
21.23 min for the 100,532 proteins in the sewage dataset.

Fig. 2  Classification performances of DRAMMA over a validation set of sewage samples measured as ROC-AUC and PR-AUC. A The model’s 
performance on the dataset annotated by our ARG HMM database, DRAMMA-HMM-DB. B The model’s performance on the dataset annotated 
by the experimental ResfinderFG v.2.0 database
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Impact of sequence disruption on DRAMMA predictions
Given that DRAMMA utilizes a range of biological fea-
tures rather than relying on sequence homology to 
predefined ARG sequences, we sought to evaluate the 
impact of the protein sequence on model predictions. 
To investigate this, we scrambled the protein sequences 
from the E. coli genome and the ~ 100,000 proteins 
selected from the Global Sewage Surveillance Project [9], 
used for the runtime evaluation. As expected, following 
scrambling, none of the proteins in these datasets were 
labeled as ARGs by our DRAMMA-HMM-DB database 
(in contrast to 149 and 2780 of the original proteins in 
the E. coli genome and sewage samples, respectively). 
Despite DRAMMA’s strong reliance on contextual and 
content features, its misclassification rate was low: only 
0.02% (one of 4329) of the E. coli proteins and less than 
0.1% (96 of 100,532) of the scrambled sewage proteins 
were classified as ARGs. An analysis of the SHAP values 
of the scrambled sequences’ features has shown that the 
features contributing to positive classifications are indeed 
those unaffected by the sequence order. These included 
features capturing amino acid composition irrespective 
of their order and context-dependent features (see Sup-
plementary Fig. 4).

Benchmarking
The performance of the DRAMMA model was com-
pared with that of previous algorithms for ARG predic-
tion: (1) Resfams [22], (2) DeepARG [21], (3) ARGNet 
[30], (4) PLM-ARG [27], (5) CARD October 2020 release 
[23], and (6) CARD October 2023 release [34]. The two 
CARD releases were selected since our DRAMMA-
HMM-DB database was comprised of ARGs in the 2020 
release, while the October 2023 release was the latest 

available at the time of the benchmarking. The perfor-
mance evaluation was conducted on the sewage test 
set annotated based on the ResFinderFG database, an 
external ARG database collecting information from 
functional metagenomic experiments. In our pipeline, 
regulatory genes, efflux pumps, and resistance con-
ferred via point mutations are not considered positive 
cases of ARGs. Some of the approaches to which we 
compared DRAMMA do consider these genes as posi-
tive. This might bias the results toward DRAMMA and 
unjustifyingly increase the false positive rates of the other 
algorithms. To ensure a fair and unbiased comparison, 
proteins that our approach labeled as non-ARGs but were 
considered ARGs by other approaches were excluded 
from the test set. The performance of each algorithm was 
assessed by MCC, true positive rate (TPR), false positive 
rate (FPR), macro precision, recall, and F1, with com-
parisons to our classification model at two different score 
thresholds (0.75 and 0.95), corresponding to expected 
precision scores. Results revealed that DRAMMA 
achieved the best recall (75.1%) and CARD strict reached 
the highest precision (94.4%), which can be expected as 
it is based on strict sequence comparisons and thus is 
not expected to yield numerous false positives. Notably, 
CARD strict also received a low recall rate (50.6%). Our 
approach, on the other hand, achieved the best balance 
between precision and recall, as indicated by F1 and 
MCC scores (0.78 and 0.567, accordingly, see Table  1). 
Although CARD loose achieved the highest TPR scores 
(0.975 and 0.95 for the 2020 and 2023 releases, respec-
tively), it also had a high FPR (0.903 and 0.807 for 2020 
and 2023, respectively). This indicates that while it cor-
rectly classifies many ARGs, it also frequently misclassi-
fies non-ARGs as ARGs, as reflected in its relatively low 

Table 1  Benchmarking on a test set comprising sewage metagenomic samples, with ARGs annotated using ResFinderFG v2.0. 
The number in brackets corresponds to the expected precision determined by the chosen DRAMMA model score. The high score 
threshold for DeepARG was selected based on their recommended setting. “Strict” and “Loose” refer to CARD’s rgi search parameters. 
TPR true positive rate, FPR false positive rate

In bold are the best score for each performance measure

Algorithm TPR FPR Precision Recall F1 MCC

DRAMMA (0.75) 0.527 0.024 0.82 0.751 0.78 0.567
DRAMMA (0.95) 0.408 0.013 0.853 0.698 0.748 0.529

Resfams 0.418 0.021 0.804 0.698 0.737 0.491

DeepARG High Score (> = 0.8) 0.027 0.0002 0.913 0.513 0.502 0.147

DeepARG All Scores 0.039 0.0003 0.923 0.519 0.514 0.18

ARGNet 0.056 0.077 0.488 0.49 0.488 -0.023

PLM-ARG​ 0.335 0.012 0.837 0.662 0.711 0.467

CARD 2020 Strict 0.013 0.00003 0.944 0.506 0.489 0.106

CARD 2020 Loose 0.975 0.903 0.537 0.536 0.177 0.073

CARD 2023 Strict 0.028 0.0002 0.915 0.514 0.503 0.151

CARD 2023 Loose 0.95 0.807 0.54 0.571 0.256 0.107
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precision scores (0.537 and 0.54 for the 2020 and 2023 
releases, respectively). Conversely, CARD strict achieved 
the lowest FPR (0.00003) but exhibited low TPR (0.013) 
and recall (0.506) scores.

Candidate analysis
To identify genuinely novel ARGs, we first used the 
DRAMMA model trained on the entire metagenomic 
training set to classify approximately 650 million proteins 
from genomic and metagenomic data. We focused on the 
top-ranking 18.1 million proteins that received a score 
equivalent to precision of > 95% on the training set. Sub-
sequently, we categorized the candidates based on their 
source, differentiating between those originating from 
genomic and metagenomic samples. We then assessed 
the distribution of novel candidates (high-scoring genes 
annotated as non-ARG) with regard to taxonomic groups 
and environments (Fig.  3). Our analysis revealed that 
the most prevalent taxonomic groups among predicted 
ARGs were Gammaproteobacteria (20.66%), Firmicutes 
(18.46%), Bacteroidetes/Chlorobi group (14.45%), Alp-
haproteobacteria (13.35%), and Actinobacteria (12.14%). 
Among the metagenomes, predicted ARGs were detected 
primarily in samples originating from the human micro-
biome, accounting for a significant portion of the 
metagenomic ARG candidates (73.02%).

The genomic databases are highly biased toward spe-
cific bacteria (mostly pathogens and model organisms) 
and ecosystems (human-associated bacteria). Therefore, 

to properly assess enrichment, we normalized the num-
ber of novel candidates in the different groups according 
to the total number of non-ARG proteins within the 
same taxonomic groups and environments: 
enrichment g = log2

percentage of novel candidates from group g
percentage of non−ARGs from group g

 
(Fig.  4 and Supplementary Fig.  5). Our observations 
revealed that only the Bacteroidetes/Chlorobi and 
Betaproteobacteria groups displayed a notable enrich-
ment of ARG candidates (with enrichment scores of 
0.947 and 0.535, respectively), whereas the Firmicutes, 
Alphaproteobacteria, and Bacteria Candidate Phyla 
groups exhibited a more modest enrichment (with 
enrichment scores of 0.221, 0.199, and 0.121, respec-
tively). In contrast, Stenosarchaea and Euryarchaeota 
exhibited notable depletions (with enrichment score 
of − 1.237 for both groups). In addition, within metagen-
omic samples, it was evident that ARG candidates were 
highly enriched in human and animal microbiomes, and, 
to a lesser extent, in plant-associated bacteria.

We also investigated the distribution of the drugs they 
confer resistance to and predicted mechanisms by which 
the candidates confer resistance across the various taxo-
nomic groups and environments (Fig.  5, Supplementary 
Fig.  6). These findings revealed that beta-lactam antibi-
otics were the most common drugs the candidates pro-
vided resistance to and that the most frequent resistance 
mechanisms among our predictions were target altera-
tion and antibiotic inactivation. Notably, a similar dis-
tribution of resistance mechanisms and antibiotic drugs 

Fig. 3  Distribution of novel ARG candidates. A Distribution of novel candidates from genomic samples across different taxonomic groups. B 
Distribution of novel candidates from metagenomic samples across different ecosystems
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was predicted for the ARGs across the different taxon-
omy groups and environments. Betaproteobacteria is the 
only taxonomy group to exhibit a significant percentage 
of the “reduced permeability to antibiotics” mechanism. 
Finally, we examined the novel candidates for the enrich-
ment of known domains from Pfam [35]; however, the 
vast majority of these proteins (99.6%) did not contain a 
well-characterized domain. Furthermore, none of the few 

domains found exhibited a prevailing presence among 
the novel candidates (Supplementary Dataset 4).

Candidate selection
We aimed to highlight ARG candidates of most interest 
among the analyzed genes, focusing on genes that could 
not have been identified using traditional sequence-based 
approaches. We thus identified predictions with no anno-
tation across several databases, as well as top-ranking 

Fig. 4  Enrichment analysis of novel candidates across different groups. The enrichment of high-ranking candidates for each group g is calculated 
as enrichment(g) = log2

percentage of novel candidates from group g
percentage of non−ARGs from group g

. A Enrichment of novel candidates from genomic samples in different taxonomic 
groups. B Enrichment of novel candidates from metagenomic samples from the ecosystem analyzed



Page 9 of 21Rannon et al. Microbiome           (2025) 13:67 	

predictions with partial annotations or annotations not 
indicative of resistance. To that end, we first removed 
all the known ARGs from the list of model candidates, 
resulting in 1.28 million proteins. We then performed 
several other annotation steps, in which the ARG 

candidates were compared to different databases, namely 
the Kyoto Encyclopedia of Genes and Genomes (KEGG) 
[36], NCBI’s non-redundant protein database [31], PDB 
[37], and Pfam [35] (Fig. 6).

Fig. 5  The distributions of antibiotic drugs the high-ranking ARG candidates confer resistance to. The distribution of antibiotic drugs to which 
high-ranking ARG candidates confer resistance, across different taxonomic groups (A), and ecosystems (B). The number at the top of each 
bar indicates the total count of ARG candidates in the respective group
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In each step, the candidates were assigned to one of 
the following categories: (1) Known ARGs, (2) ARG-
related, (3) A possible target of antibiotics, (4) Anno-
tated, but not known to be associated with AMR, (5) 
Unknown function (Supplementary Fig.  7). Following 
each step, only the proteins of unknown function were 
used as input for the annotation next step to character-
ize them as much as possible. Since increasingly sensi-
tive searches were applied, the number of proteins with 
unknown functions decreased with each step of the 
pipeline. However, the percentage of unknown proteins 
increased in each step of the pipeline, reaching 55.9% 
representing 213 unannotated proteins in the final step 
(HH-suite remote homology search [38]).

Our candidates of interest thus included the 213 pre-
dicted ARGs that remained completely unannotated, 
without even remote homology to characterized pro-
teins. In addition to these, we also included in our pool 
of potential ARGs of interest candidates with some 
annotations: (1) proteins that have annotation only 
based on HH-suite remote homology search, but with 
no annotation in a BLAST search against NCBI NR and 
HMM search of KEGG; (2) the 100 top-scoring predic-
tions that had an annotation according to BLAST and 
no KEGG annotation; and (3) the top 200 candidates 
that had a KEGG annotation. This resulted in a total of 
681 novel ARG candidates.

Finally, we wished to pinpoint top candidates that 
would be the most straightforward to test experimen-
tally. First, we removed candidates with Helix-Turn-Helix 
(HTH) domains, which are indicative of regulatory func-
tion. We then assigned taxonomy to the remaining candi-
dates by comparing all the genes on the relevant contigs 
to organisms with known taxonomy using MMseqs2 
taxonomy search against UniRef100 [39] or by extract-
ing the taxonomy of the DIAMOND hit with the lowest 
e-value against UniRef100 [39]. To focus on genes that 
are likely to be relevant for screening in E. coli, we filtered 
out genes originating from Gram-positive bacteria. We 
wished to pinpoint “standalone” ARGs, i.e., genes that 
confer resistance by themselves to facilitate experimental 

Fig. 6  Description of the annotation and filtration pipeline. The 
number of proteins that had no annotation in each step and were 
thus passed to downstream annotation is indicated below each step

Table 2  Metagenomic assemblies from various ecosystems 
were downloaded from NCBI and EBI. The protein and base-pair 
count for informative contigs (≥ 10 kbp) were retrieved from 
assemblies of 22,241 metagenomes from different environments

Assemble sample type Proteins in assemblies Base-
pairs in 
assemblies

Human microbiome 316,897,729 311.25 Gbp

Unclassified / Other 45,293,055 40.56 Gbp

Plants 420,898 0.39 Gbp

Sediment 6,811,745 6.25 Gbp

Fermentation 3,160,683 2.98 Gbp

Animal microbiome 10,420,960 10.12 Gbp

Marine 47,648,243 45.02 Gbp

Bioreactor 13,704,124 13.06 Gbp

Wastewater 6,527,929 5.74 Gbp

Sludge 13,847,044 13.64 Gbp

Compost 2,510,130 2.32 Gbp

Human/animal microbiome 6,193,314 6.17 Gbp

Soil 12,492,613 11.18 Gbp

Groundwater 2,950,435 2.73 Gbp

Freshwater 3,253,136 2.97 Gbp

Total 492,132,038 474.38 Gbp
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testing of top-ranking candidates. The neighboring genes 
of each candidate were thus examined to filter out can-
didates that consistently appeared with the same neigh-
boring genes, assuming each of them may not function 
properly without the others. Using an additional machine 
learning classifier, we developed (see Supplementary 
Fig. 8), we also predicted the most likely resistance mech-
anisms of the potential ARGs. Subsequently, we utilized 
AlphaFold3 [40] to predict the structure of the candidate 
proteins and conducted searches against AlphaFold’s 
protein structure database [41, 42] to obtain potential 
functional annotations. As a last step, we tested for simi-
larity within the prediction to avoid testing two relatively 
similar proteins. The top candidates after filtering and 
adding the structural, syntenic, and taxonomic informa-
tion are detailed in Supplementary Table 2. We anticipate 
that this rich source of information on potential ARGs 
will contribute to a better understanding of antimicrobial 
resistance mechanisms and their dissemination.

Discussion
The emergence and worldwide spread of antibiotic-resist-
ant pathogens is a rising threat to public health [4]. The 
detection of ARGs has a pivotal role in enhancing patient 
well-being, issuing early alerts about emerging threats 
and informing administration policies [5]. This study 
introduced a novel machine learning approach designed 
to identify previously unknown antibiotic resistance 
genes (ARGs) within genomic and metagenomic data 
using a wide array of biological features. Most of the 
existing bioinformatical tools for ARG prediction rely 
solely on sequence similarity to a predefined ARG data-
base [14–25, 43–48], which severely limits the detection 
of resistance genes that can be detected to genes that 
are similar enough to those in the database. By utilizing 
prior knowledge and biological properties characterizing 
ARGs, our method demonstrates the potential of discov-
ering genuinely novel ARGs exhibiting no sequence simi-
larity to any known resistance gene.

DRAMMA has been trained using an extensive data-
set encompassing a wide array of genes originating from 

Fig. 7  Dataset compilation pipeline. A Gene annotation and selection. ARGs are collected from different public AMR databases and are then 
filtered and merged for the creation of DRAMMA-HMM-Db, an HMM ARG database that is used for ARG annotation of the metagenomics data. B 
Feature extraction. Illustration of the four main feature categories used by our model and examples of the features from each category
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diverse environments and organisms. The ARG data-
base compiled in this research encompasses a diverse 
spectrum of ARG gene families. Combined, these allow 
DRAMMA to exhibit robust generalization capabilities, 
effectively detecting ARGs in different environments, 
including genes conferring resistance to a variety of anti-
biotics through different resistance mechanisms. Our 
analysis of the ARG candidates identified by the model 
underscores this capability, revealing a consistent distri-
bution of resistance mechanisms and antibiotics to which 
these genes confer resistance across diverse taxonomic 
groups and ecosystems (Fig. 3), implying that the model 
identifies ARGs in well-studied as well as in less-explored 
environments and taxonomic groups. The analysis also 
highlighted beta-lactam antibiotics as the most common 
antibiotic to which the candidates demonstrated resist-
ance, aligning with the fact that they are indeed one of 
the most prescribed antibiotic classes [49].

The machine learning algorithm presented in this 
work demonstrated promising performance both in 
cross-validation and on an independent dataset. On 
the training set, the DRAMMA model received mean 
ROC-AUC scores of 0.98 and 0.938, along with mean 
PR-AUC scores of 0.857 and 0.668 for the metagenomic 
five-fold cross-validation and taxonomic five-fold cross-
validation, respectively. The consistency in performance 
across the different folds of the metagenomic dataset 

can be attributed to the large size of the training data. 
The decreased performance quality on the taxonomic 
folds can be attributed to the inherent difficulty of this 
task. Unlike metagenomic datasets where organisms 
are expected to be similar to those encountered dur-
ing training, taxonomic folds involve testing the model 
on organisms that are evolutionarily distant from those 
modeled in the training process. Despite this challenge, 
it is noteworthy that the model’s performance on this 
task remains relatively high, especially when compar-
ing PR-AUC results to those anticipated from a random 
classifier (approximately 0.06, the fraction of positive 
samples). Additionally, variations in the model’s perfor-
mance across different folds are noteworthy, with the 
Actinobacteria and Firmicutes folds exhibiting the lowest 
performance. This is probably because these two taxo-
nomic groups predominantly comprise Gram-positive 
bacteria, making them highly dissimilar from the organ-
isms in the other folds. DRAMMA demonstrated high 
performance on the external validation sewage samples 
as well. When assessed with the labels retrieved from 
DRAMMA-HMM-DB, which was the database used to 
label the training set, the model achieved a ROC-AUC 
score of 0.99 and a PR-AUC score of 0.91. Labeling the 
same data using ResFinderFG, a dataset of ARGs identi-
fied by functional metagenomic experiment, achieved a 
ROC-AUC score of 0.91 and PR-AUC score of 0.59. The 

Fig. 8  Seeking the optimal number of features to select. Measurement of five-fold cross-validation classification performance (measured 
as ROC-AUC and PR-AUC) of a Random Forest algorithm trained on different numbers of features. Dark blue is the mean score across folds, light 
blue is the standard deviation. There is a decrease in the classifier’s performance with models utilizing more than ~ 30 features



Page 13 of 21Rannon et al. Microbiome           (2025) 13:67 	

latter PR-AUC score, although lower than the former, 
remains significantly higher than what would be expected 
from a random classifier, as the frequency of positive 
genes in this case is only 0.0083. Furthermore, non-ARG 
proteins received considerably lower scores compared to 
ARGs (Supplementary Fig. 3). Among the metagenomic 
samples, only the human, animal, and plant microbiomes 
were enriched in ARG candidates (Fig. 4B). The enrich-
ment within the plant microbiome environment was 
modest and could be attributed to the fact that plants 
may be exposed to antibiotics through waste disposal in 
soil and groundwater, thereby creating selective pressure 
for the emergence of ARGs. The considerable enrichment 
observed in the human and animal microbiomes can be 
explained by their continuous exposure to antimicrobial 
substances, which exerts significant selective pressure, 
driving the emergence of resistance genes that remain 
undiscovered, despite those environments being well 
studied. Within the groups, the Bacteroidetes\Chlorobi, 
Betaproteobacteria, Firmicutes, Alphaproteobacteria, and 
Bacteria Candidate Phyla groups exhibited an enrich-
ment of ARG candidates (Fig. 4A). This enrichment can 
be attributed to the prevalence of Bacteroidetes/Chlo-
robi, Proteobacteria, and Firmicutes in human and ani-
mal intestinal microbiomes [50, 51]. These groups are 
thus exposed to antimicrobial substances, which could 
result in selective pressure for the emergence of ARGs. 
The enrichment observed in Bacteria Candidate Phyla, 
which is comprised of uncultured bacteria [52], suggests 
its potential role as a reservoir for undiscovered ARGs. 
In contrast, Stenosarchaea and Euryarchaeota exhibited 
notably negative enrichment values. This observation 
may suggest that the model is less adept at predicting 
ARGs originating from Archaea. Archaea have a natu-
ral resistance to particular classes of antibiotics, includ-
ing those that target the synthesis or cross-linkage of the 
peptide subunit of murein, while exhibiting sensitivity to 
other types of antibiotics [53–55]. The depletion could 
be attributed to the limited investigation of ARGs in 
Archaea, to variation in their biophysical properties, or 
to their evolutionary distance from most well-character-
ized ARGs.

DRAMMAs’ prediction was primarily driven by pat-
terns within the taxonomic distribution of genes. In 
general, ARGs tended to have highly similar homologs 
across a wide range of taxonomic groups and even dem-
onstrated more significant hits within specific taxonomic 
groups such as the Firmicutes and Bacteroidetes\Chlo-
robi groups (Supplementary Fig. 2). These findings align 
with the notion that ARGs confer an adaptive advantage 
and thus tend to disseminate to other organisms through 
HGT.

This study is subject to several limitations. First, inher-
ent biases within the training data can affect the model’s 
ability to generalize to new examples of resistance gene 
families, especially if resistance genes in less-represented 
taxa or ecosystems have unique patterns in terms of the 
features we measured. Second, the ARGs were labeled 
using HMM profiles of resistance genes, i.e., statistical 
models, as opposed to a manual curation process. Despite 
the stringent e-value we used to label ARGs, these pro-
files have the potential to generate false positives, which, 
when integrated into the model training, may impact its 
overall accuracy. Notably, the application of the HMM 
profiles used in this study for labeling ARGs led to the 
discovery of a novel ARG in Nocardia, which was experi-
mentally validated [56]. Consequently, this approach not 
only facilitates model training on established ARGs but 
also provides an avenue for the identification and training 
based on potentially new ARGs.

By design DRAMMA is not trained to identify ARG-
related genes: efflux pumps and genes that confer resist-
ance through point mutation are not detected by our 
approach, as our focus is on discovering novel resist-
ance genes. Given the critical role of these mechanisms 
in resistance, future work could benefit from integrating 
DRAMMA with models that specifically address these 
types of resistance genes. Additionally, this study only 
included contigs longer than 10 kbp, due to the model’s 
reliance on genomic context features derived from neigh-
boring genes. Shorter contigs would result in incomplete 
or inaccurate values for the encoded proteins and obscure 
potential signals. Consequently, while shorter contigs 
can also encode ARGs, our methodology is less suited 
for their analysis. Current features designed to detect 
HGT signals rely on profile HMM searches of neighbor-
ing genes against mobility-related genes, such as plas-
mid and phage genes, from the Pfam database. However, 
alternative databases or genome-based MGE detection 
tools, such as VIBRANT [57] and geNomad [58], could 
be employed in future studies to improve the detection of 
HGT signals. Finally, a range of bioinformatics tools was 
employed in this study, each with inherent limitations 
that could influence downstream analyses. Sequence 
similarity tools such as DIAMOND and MMseqs2 rely 
on local alignment, which might lead to local matches 
based on irrelevant regions of the proteins. While these 
tools are significantly faster than BLAST, they are slightly 
less sensitive, which could impact the accuracy of the 
phylogenetic distribution features and potentially result 
in missed homology or erroneous signals. This limitation 
may also affect the candidate filtration process, which 
depends on sequence similarity to previously annotated 
proteins. Additionally, CD-HIT, a clustering tool used 
for de-duplication of the training data, employs a greedy 
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incremental clustering algorithm that may generate sub-
optimal clusters. The clustering results can also be influ-
enced by the order of input sequences, potentially leading 
to a partially redundant training set. Such issues could 
affect both model training and evaluation.

As part of DRAMMA, we developed a pipeline to com-
pute novel biological-based features. Beyond their contri-
bution to predicting novel antimicrobial resistance genes, 
they can be computed across diverse metagenomic sam-
ples and utilized for training machine learning models for 
a variety of biological questions, thereby providing new 
insights and characterizations of various genes.

In conclusion, DRAMMA offers the capability to sup-
ply rapid identification of both known and novel ARGs in 
large-scale genomic and metagenomic samples. By detect-
ing sequences with low or no similarity to known ARGs, 
DRAMMA extends beyond the limitations of traditional 
sequence-based approaches. The model has the potential 
to expand the current ARG knowledge with genes with 
lower sequence similarity to those in the existing data-
bases. Additionally, DRAMMA can potentially enable 
early detection of novel ARGs or genes associated with 
distinct resistance mechanisms before their widespread 
emergence in clinical settings. This could provide a cru-
cial window for preventive intervention, allowing health-
care systems to implement modified treatment protocols 
before these resistance genes become widely distributed 
in bacterial populations. In the long term, our approach 
could contribute to the better use and effectiveness of 
existing and newly developed antimicrobial treatments.

Methods
Dataset compilation
The datasets used in this study included all assembled 
metagenomic contigs from various environments from 
both NCBI WGS [31] and EBI’s Mgnify [59] (downloaded 
on March 14, 2020, Table  2). These were supplemented 
with all assembled genomes from NCBI GenBank Whole 
Genome Sequencing (WGS) database [31], downloaded 
on March 14, 2020, after filtering out Fungi, Metazoan, 
and Viridiplantae. In addition, as an external database, 
we assembled de novo all 235 metagenomic sewage 
samples from BioProject PRJEB27054. These samples 
were taken from 79 sites covering 60 different countries 
in seven different geographical regions as part of the 
Global Sewage Surveillance Project [9]. The assembly of 
the reads from the Global Sewage Surveillance Project 
was performed with MEGAHIT v1.2.2 [60], after using 
BBduk [61] for clipping adaptors and removing poten-
tial sequence contaminants (Illumina PhiX spike-ins, and 
other sequencing artifacts provided as part of BBTools 

[61]. Gene calling and initial gene annotation were per-
formed using prodigal v.3.0[62]. (without restricting par-
tial genes) and prokka v.1.12 [63], under the assumption 
that the vast majority of the contigs are from prokaryotic 
origin. Only coding sequences from contigs of length 
greater than 10 kbp were considered, since the genomic 
context (i.e., gene neighborhood) of ARGs is required for 
the model’s features. 

The training dataset was comprised of 34,311,250 
proteins collected from NCBI’s WGS metagenomes 
dataset [31] and EMBL-EBI Mgnify dataset [59]. It 
was divided into two: (a) a development set, com-
prised of ~ 10% of the training set (3,431,126 genes, 
npos = 164,168, nneg = 3,266,958 ), which were used 
for the hyperparameter optimization and feature 
selection steps, (b) training set, comprised of the 
other ~ 90% of the proteins from the same dataset 
(  30,880, 124 genes, npos = 1,477,507, nneg = 29,402,617 ) , 
which were used to train the final DRAMMA model.

For the classification task, ARGs were considered 
positive examples (see Data annotation below), and 
all other genes as negative examples. However, dur-
ing the model development process, we noted that 
ARGs encoding efflux pumps were easily identified by 
the model. Therefore, two separate training sets were 
assembled: one for classifying efflux pumps that con-
fer antibiotic resistance, and one for classifying AMRs 
that confer resistance through other mechanisms. We 
focused on the latter in order to detect genuinely novel 
ARGs.

To assess the performance of our methods 
on genes from species that were not part of the 
model’s training, we compiled a genomic train-
ing dataset comprising 21,430,186 proteins 
( npos = 1,308,921, nneg = 20,121,265 ) from NCBI’s WGS 
genome dataset [31]. This dataset was divided into five 
major taxonomic groups: Actinobacteria (5,712,659 
genes, npos = 360,731, nneg = 5,351,928 ), Gammaproteobacteria 
(4,398,829 genes, npos = 243,028, nneg = 4,155,801 ), Firmicutes 
(4,527,163 genes, npos = 268,725, nneg = 4,258,438 ), Alphaproteo-
bacteria (3,768,419 genes, npos = 231,028, nneg = 3,537,391 ), and 
Bacteroidetes (3,023,116 genes, npos = 205,409, nneg = 2,817,707).

The model was further evaluated on an external 
dataset of 6,118,656 genes from our assemblies of the 
Global Sewage Surveillance Project samples [9] (see 
above). This dataset was annotated for ARGs using 
two databases: (1) DRAMMA-HMM-DB, an in-house 
ARG HMM database containing genes acquired from 
Resfams [22], CARD October 2020 release [23], and 
HMD-ARG-DB [26] (see Data annotation section 
and Supplementary Datasets 1–3), which resulted in 
npos = 187,700, nneg = 5,930,956 and (2) ResFinderFG 
v2.0 [47], a dataset of ARGs experimentally detected 
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using functional metagenomics, which resulted in 
npos = 49,796, nneg = 6,068,860 . To avoid high rates of 
“false positives” stemming from ARGs that are not rep-
resented in ResfinerFG, all proteins annotated as ARG 
by DRAMMA-HMM-DB database but not by Resfind-
erFG were excluded from the negative set. This process 
decreased the second dataset to nneg = 5,913,312.

Data annotation
Known resistance genes were labeled using DRAMMA-
HMM-DB, an ARG database of profile HMMs. HMMs 
are statistical models often used for homology search, as 
they allow rapid and sensitive detection of genes in large 
databases [64]. The database was comprised of profile 
HMMs from Resfams [22] as well as proteins from the 
CARD October 2020 release [23] and HMD-ARG-DB 
[26]. These databases were first curated to filter out genes 
that do not directly and specifically confer resistance. 
Hence, core genes that are targets of antibiotics were 
removed from the database, as were regulator genes and 
systems that are relevant to different types of substrates 
(e.g., ABC transporters that can transport antibiotics, 
as well as other compounds). Gene families that confer 
resistance by point mutations were removed as well, as 
we wished to focus on ARGs that are truly novel. This 
curation process reduced the number of Resfams HMM 
profiles from 173 to 90 (see Supplementary Dataset 1), 
the number of CARD proteins from 2734 to 2329, and 
the number of HMD-ARG-DB proteins from 17,282 to 
10,483. We first merged CARD and HMD-ARG-DB and 
removed duplicate sequences using CD-HIT [65] ver-
sion 4.6 (-g 1 -s 0.8 -c 0.9) which resulted in 2898 ARGs 
(see Supplementary Dataset 2). We then created a profile 
HMM for each sequence and united them with the pro-
file HMMs from Resfams, resulting in our ARG HMM 
database of 2988 profiles (Fig. 7A).

For the benchmarking and external validation of the 
model, an additional ARG HMM database was com-
piled. This database was comprised of proteins from 
ResFinderFG v2.0, a recently published database based 
on experimentally validated ARGs through functional 
metagenomics. ResFinderFG was selected for external 
validation due to the several reasons: (1) It exclusively 
contains experimentally validated ARGs, (2) the ARGs 
in this database were detected in metagenomic samples, 
and (3) its reliance on functional metagenomics, an unbi-
ased experimental approach that does not depend on a 
pre-defined set of known ARGs. The proteins from this 
database were also curated and de-duplicated in the same 
process described above, which resulted in 1067 ARGs. 
An HMM profile was then created for each of these 
proteins.

The genes were annotated using the HMMer suite 
[66] version 3.2.1 hmmsearch against our profile HMM 
databases described above. Proteins that passed the 
e-value threshold of 10−10 were considered positive 
examples (ARGs), and the negative examples were ran-
domly sampled from the training set, excluding those 
ARGs, to prevent biases against a specific group of pro-
teins. For each ARG in the positive set, we randomly 
included ten proteins in the negative set to provide an 
adequate representation of various non-ARG protein 
families and reduce false-positive rates. Duplicated 
sequences were then removed using CD-HIT with the 
same parameters as detailed above, resulting in a total 
of 34,311,250 proteins.

Feature extraction
To capture potentially relevant biological properties, 
hundreds of features corresponding to four main cat-
egories were extracted for each gene in our data: (1) 
amino acid properties, (2) amino acid patterns, (3) 
HGT signals, and (4) genomic context (Fig. 7B).

Amino acid properties
We measured the length of each gene, the length of the 
contig on which it resides, and the proportion of each 
amino acid in the gene’s protein product. Moreover, the 
amino acid residues were grouped based on three dif-
ferent characteristics:

(1) Polarity of the residues: polar (NQYST) and 
nonpolar (AGILVFWPCM).
(2) The charge of the residues: positive (KR), nega-
tive (DE), and neutral charge (HAGILVFWPCMN-
QYST).
(3) Classes of residues: aliphatic (AGILV), amide 
(NQ), aromatic (FWY), hydroxyl-containing (ST), 
and sulfur-containing (CM).

The proportion of each of these amino-acids sub-
groups was then calculated to provide data on signals 
of enrichment of certain groups among AMR proteins.

In addition, more than 560 amino acid properties 
were extracted using AA indices, a database of numeri-
cal indices representing various physicochemical and 
biochemical properties of each amino acid [32]. The 
average of their values was calculated for each gene 
product using the amino acid proportion calculated 
beforehand. We next filtered correlated features reduc-
ing the number of amino acid indices to 39.

The physical and chemical properties of each protein 
were collected using ProtParam, an analysis module 
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from BioPython version 1.74 [67]. The properties cal-
culated include molecular weight, aromaticity, grand 
average of hydropathy (GRAVY) value, instability index 
(i.e., an estimate of protein’s stability in a test tube), iso-
electric point (i.e., the pH at which the net electrical 
charge of the protein is zero), helix fraction, turn frac-
tion, sheet fraction, and the molar extinction coefficient 
(i.e., the amount of light absorbed by a protein at a par-
ticular wavelength).

Amino acid patterns
Hydrophilic-hydrophobic signatures were created by 
dividing the amino acids of each protein into overlapping 
8-mers that are converted into binary vectors according 
to whether each amino acid is hydrophilic (STNKYEQH-
DRZB) or hydrophobic (AGILMVPFWC). The frequency 
of each possible binary 8-mer signature was measured.

Information on helix-turn-helix (HTH) and transmem-
brane domains were also used as features. HTH domains 
were detected using HMMer suite [66] version 3.2.1 
hmmsearch against a profile HMM database of families 
of HTH domains obtained from Pfam [35] (Supplemen-
tary Dataset 5). We extracted only domains that passed a 
bit-score similarity threshold of above 50 and collected as 
features the score and number of repeats of the highest-
scoring domain. Transmembrane domains were detected 
using the tmhmm module [68] version 2.0c, which pre-
dicts transmembrane helices in proteins using HMMs. 
The predicted number of times the gene crosses the 
membrane was used as a feature.

HGT signals
GC content was retrieved, using BioPython [67] version 
1.74, by calculating the combined proportion of guanine 
and cytosine in each gene and the contig on which it was 
found. The difference between the gene GC content and 
the contig GC content was measured to detect potential 
signatures of recent HGT, which often display atypical 
GC content [69, 70]. This was achieved by calculating the 
difference between the GC content of the gene and that 
of the contig after excluding the gene sequence. If the 
gene length was > 20% of the contig length, the difference 
was considered unreliable, and a null value was recorded 
instead. We also calculated the GC content differences 
while accounting for the amino acid sequence encoded by 
the genes. To this end, we considered the frequency of G 
and C only in synonymous positions, i.e., in which substi-
tution between G/C and A/T does not change the amino 
acid in the product. For contigs encoding ≥ 5 genes, 
we calculated this feature as the difference between the 
gene GC content ratio and the mean ratio of all the other 
genes in the same contig. For each gene and contig, we 
further calculated the distribution of overlapping k-mers 

and their reverse complement for ks between 2 and 4. We 
calculated different distance measures (Euclidean dis-
tance, cosine distance, and correlation) between the vec-
tors representing the k-mer frequencies in the gene and 
the contig.

The phylogenetic distribution of each gene was cal-
culated using MMseqs2 [71]. Proteins from 12,643 
proteome files of organisms across the three domains 
of life—Archaea, Bacteria, and Eukaryota, as well as 
viruses—were downloaded from the Universal Protein 
Resource (UniProt) [72] on November 2019 and organ-
ized into 53 different groups based on their taxonomy 
(Supplementary Table 3). In order to decrease the num-
ber of small taxonomic groups, we united all the viruses 
into one group and united all groups that had five mem-
bers or fewer with other groups with shared taxonomy 
(on a higher level) unless the large group already had 24 
or more organisms. This resulted in larger groups con-
taining related organisms, while avoiding the creation of 
very large groups, thus providing manageable taxonomic 
clusters. We further assigned each group to a higher tax-
onomic level (“super-group”) and its domain of life.

The proteins of each taxonomic group were used to 
create an MMseqs2 database. Each gene was searched 
against all these databases using mmseqs search 
(--search-type 1 -e 1e-6 --alignment-mode 1). The per-
centage of hits and the e-value exponent of the best hit in 
each group were extracted, as well as features taking into 
account the percentage of hits across the three taxonomic 
levels: the MMseqs2 database, the database’s taxonomic 
supergroup, and the domain of life). We also calculated 
the quantiles (0.5, 0.75, 0.9) of the e-value exponents 
across all the databases. In case a protein had no signifi-
cant hits against a specific database, the relevant features 
were filled with zero. In order to decrease the running 
time, taxonomic databases less relevant to this study were 
filtered out (Metazoa, Streptophyta, small sub-taxes of 
Opisthokonta, small sub-taxes of Rhodophyta). Further, 
highly similar proteins in each database were clustered 
using CD-HIT (-c 0.9 -s 0.8), and a representative protein 
of each cluster was mapped to all the taxonomic groups 
in which members of the cluster appeared. Finally, all the 
proteins were united into one database, while retaining 
an identifier of their original database.

Genomic context
For each gene, we searched for mobile element genes 
and ARGs in the same genomic region, which is defined 
either as a gene window of g genes ( g ∈ {5, 10} ) or as a 
nucleotide window of n nucleotides ( n ∈ {5000, 10,000}) . 
For each gene in question, the flanking genes within both 
windows, spanning upstream and downstream regions, 
were annotated using HMMer version 3.2.1 hmmsearch 
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against five in-house HMM profile databases, with an 
e-value threshold of 10−8 . The first profile includes AMR 
gene families, based on the same ARG HMM database 
we created for data annotation (see Supplementary Data-
sets 1–3). Other profiles include anti-defense genes such 
as anti-CRISPR genes, and anti-restriction genes, type VI 
secretion system (T6SS) immunity genes (Supplementary 
Dataset 6), and profile HMMs of mobility genes such as 
plasmid and phage genes from Pfam database [35] (Sup-
plementary Dataset 7). In addition, we also utilized exist-
ing HMM profiles of phage “hallmark” genes (i.e., genes 
of viral origin that are annotated as major capsid protein, 
portal, terminase large subunit, spike, tail, coat, or virion 
formation proteins) from VirSorter [73], and HMM pro-
files of transposon genes from TnpPred [74]. For each 
database, the distance to the closest annotated gene and 
the number of genes within the defined windows were 
measured. If no genes were found in the relevant window, 
the distance feature was imputed with the value of twice 
the window size.

Feature selection
First, we removed highly correlated features by creat-
ing a correlation matrix between all features and apply-
ing hierarchical clustering using a correlation threshold 
of 95%. From each cluster, a single representative was 
selected. The representative was the feature with the 
highest importance score according to scikit-learn’s [75] 
Random Forest, as calculated using a model trained on all 
the features.

Random Forest’s default feature importance was used 
for selecting the optimal subset of features. In order to 
choose the number of top features to select, we trained 
models on the development set using different numbers 
of features and compared their performance in terms of 
mean PR-AUC and ROC-AUC (Fig.  8). The final set of 
features was then selected based on the feature impor-
tance values obtained by the model trained on the entire 
development set.

Hyperparameter optimization
Several machine learning models were compared in order 
to choose the optimal algorithm: Random Forest [76], 
LightGBM [77], Xgboost [29], Logistic Regression [78], 
SVM [79], and Multi-layer Perceptron [80]. These models 
were evaluated on the development set across five-fold 
cross-validation using mean PR-AUC, training time, and 
prediction time (see Supplementary Table  4). Random 
Forest was ultimately chosen for its balanced predictive 
performance and speed.

We later utilized a random grid search of the scikit-
learn module [75] version 1.2.0 to assess the impact of 

various model hyperparameters on the model’s five-fold 
cross-validation results on a random subset of 10% of our 
development set. We defined the best-performing com-
bination of parameters as those that were present in all 
five folds and produced the best PR-AUC results (Supple-
mentary Table 5).

A prominent hyperparameter that was tuned in our 
models was class weights, which can tackle the issue of 
class imbalance. By adjusting the loss function of the 
model, class weights penalize the misclassification of the 
minority class more severely than those of the majority 
class, thus enhancing the model’s learning capabilities 
on the minority class. Therefore, we evaluated different 
strategies for assigning a high weight to the positive class 
(Supplementary Table 6).

Rather than searching all possible parameter combi-
nations, we divided the hyperparameter optimization 
process into steps to reduce runtime. In each step, only 
a subset of features were optimized, while the remain-
ing features were fixed with pre-determined values 
or the values chosen in previous steps. The first step 
was searching for the optimal max_depth and min_
weight_fraction_leaf values while setting other param-
eters to pre-determined values (n_estimators = 250, 
bootstrap = True, oob_score = True, max_samples = 0.8, 
max_features = 0.8). The second step was searching for 
the optimal max_samples and max_features values while 
setting the parameters to the same pre-determined values 
or the values retrieved in the previous step. In the third 
step, the optimal values for the class_weight, oob_score, 
criterion, min_samples_leaf, and min_impurity_decrease 
parameters were sought, and the final step was search-
ing for the best n_estimators value while setting the other 
parameters to values retrieved in the previous steps.

Model training and evaluation
The models’ performances were evaluated in terms of 
mean PR-AUC and ROC-AUC across five-fold cross-
validation and on external validation sets comprised of 
sewage metagenomic samples from the Global Sewage 
Surveillance Project [9]. To eliminate train-test leakage, 
we split the data into five folds while ensuring that genes 
encoded on the same contig appear in the same fold. We 
further mitigated leakage by employing Mmseqs2 linclust 
[71] to cluster the proteins based on their sequences, 
ensuring that highly similar proteins are not assigned 
to the different folds (see Supplementary Fig.  9). We 
also tried to eliminate leakage derived from evolution-
ary relatedness by training the model on genomic data 
and splitting it into folds according to five main taxo-
nomic groups: Actinobacteria, Gammaproteobacteria, 
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Firmicutes, Alphaproteobacteria, and Bacteroidetes 
(Fig. 1B).

Runtime evaluation
The runtime of the feature extraction and model predic-
tion processes was evaluated on the E. coli K-12 MG1655 
genome, comprising 4329 proteins, as well as metagen-
omic samples from the Global Sewage Surveillance 
Project [9], which were randomly selected to compile a 
dataset of about 100 thousand proteins. The sewage data-
set included four samples from various countries, total-
ing 4766 contigs and 100,532 proteins. The code was 
executed on a CentOS Linux 7 machine with two Intel(R) 
Xeon(R) Gold 6130 CPUs, utilizing all 64 available virtual 
CPUs.

Scrambled sequence analysis
DRAMMA’s performance was further assessed on a set 
of scrambled protein sequences from the dataset com-
piled for the runtime evaluation. Each protein sequence 
was randomly shuffled, and the model’s features were 
extracted using the scrambled sequences. In addition, 
features that rely on the sequences of neighboring genes 
were calculated using their unscrambled sequences. The 
model was then applied to the calculated features, with 
predictions made using the model score threshold that 
yielded a median precision score of 0.75 across the five-
fold cross-validation conducted during model evaluation.

Benchmarking
The benchmarking evaluation was conducted on the 
sewage test set, labeled using mmseqs search (--search-
type 1 -e 1e-4 --alignment-mode 1) against the filtered 
protein set from ResFinderFG v2.0 (see Data annotation 
section). A protein was considered positive (i.e., ARG) 
only if it received a hit with an e-value ≤ 10−10 . A black-
list HMM database was compiled for proteins excluded 
from the evaluation. This database comprised the 80 
profile HMMs representing efflux pumps, regulatory ele-
ments, and antibiotic targets from Resfams. Additionally, 
an HMM profile was generated for each protein filtered 
out of CARD 2020 and 2023 releases, HMD-ARG-DB, 
and ResFinderFG v2.0, and ARGNet-DB. Since ARGNet-
DB is comprised of proteins from CARD and HMD-
ARG-DB, an mmseqs search (--search-type 1 -e 1e-6 
--alignment-mode 1) was performed against the excluded 
proteins from CARD, HMD-ARG-DB, and ResFinderFG 
v2.0 to filter out similar sequences from ARGNet-DB. 
This process resulted in a blacklist database containing 
8508 profile HMMs (Supplementary Dataset 8). HMMer 
suite [66] version 3.2.1 hmmsearch was utilized to detect 

and filter out all proteins from the test set that have 
received a match with an e-value ≤ 10−6 . All proteins 
that obtained an mmseqs search result against ResFind-
erFG with an e-value of 10−10 < e − value ≤ 10−4 were 
considered ambiguous and excluded as well. In addition, 
protein sequences with codons identified as stop codons 
within their coding regions were removed as well. Nega-
tive examples were randomly sampled to achieve a ratio 
of 10 negatives per positive instance.

The performance of other ARG prediction tools on 
the resulting test set was assessed by true positive rate, 
false positive rate, MCC and macro precision, recall, 
and F1. The default parameters were employed for each 
algorithm unless specified otherwise. The algorithms 
assessed were as follows: (1) Resfams [22] (HMMer suite 
[66] version 3.2.1 hmmsearch --cut_ga), (2) DeepARG 
[21] v2 (deeparg predict --model LS --type prot), (3) 
ARGNet [30] (argnet.py --type aa --model argnet-l), (4) 
PLM-ARG [27] (plm_arg.py predict), (5) CARD’s Resist-
ance Gene Identifier strict search against CARD October 
2020 release [23] and October 2023 release [34] (rgi -t 
protein), and (6) CARD’s Resistance Gene Identifier loose 
search against CARD October 2020 release and October 
2023 release (rgi -t protein --include_loose). The perfor-
mance of DeepARG was evaluated using both a 0.8 score 
threshold and considering all results with no threshold. 
Their performance was compared to the performance of 
DRAMMA with two score thresholds corresponding to 
expected precision rates of 0.95 (for high precision) and 
0.75 (for improved sensitivity).

Prediction of candidate ARGs using the trained model
The trained model was used to classify 649 million pro-
teins from genomic and metagenomic genes acquired 
from a variety of ecosystems (Table 2). In order to ana-
lyze the most relevant proteins, we calculated the model 
score that achieved a median precision of at least 95% 
in the five-fold cross-validation performed as part of 
the model evaluation. All proteins that attained a model 
score higher than this threshold were considered “ARG 
candidates” and were subject to further analysis.

Analysis and filtration of ARG candidates
The ARG candidates were divided into two distinct 
groups, those derived from genomic samples and those 
originating from metagenomic samples. Subsequently, 
we further subdivided these groups based on their 
respective taxonomic groups and environmental ori-
gins, while defining taxonomic groups with a frequency 
smaller than 0.5% as “Other taxonomic groups.” We next 
extracted information regarding the resistance mecha-
nism and the antibiotics to which each positive candi-
date conferred resistance, leveraging data from the ARG 
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product that yielded the most significant HMM hit for 
that candidate. Antibiotics that appeared in less than 
1% of the data were united into a single “Other antibiot-
ics” category. Originally negative candidates above the 
threshold were marked as “Newly predicted.” Since no 
specific information was available regarding the mecha-
nisms of the “Aminotransferase class I and II” (ResfamID 
RF0024) and “Aminotransferase class IV” (ResfamID 
RF0025) ARGs, positive candidates associated with these 
hits were excluded from the mechanism and antibiotic 
drug analyses. Subsequently, we examined the distribu-
tion of the resistance mechanisms and antibiotic drugs 
across the different taxonomic groups and environments.

We further assessed the distribution of candidate ARGs 
across various taxonomic groups and environments. Sub-
sequently, we determined the enrichment of these candi-
dates within the taxonomical and environmental groups 
by comparing their distribution with that of all negative 
proteins (non-ARGs). The enrichment for each taxo-
nomic group or environment g was calculated as follows: 
log2

(

Pc(g)
Pa(g)

)

 , where Pc
(

g
)

 is the percentage of the group g 
among the novel candidates, and Pa

(

g
)

 is the percentage 
of group g among all the non-ARG proteins in our 
dataset.

We also analyzed the domains found in all novel can-
didates using an HMM search against Pfam [81] (down-
loaded on February 9, 2019) using an e-value threshold of 
10−6 . The domains were determined by sorting the HMM 
hits by bit score, and removing hits that their alignment 
overlap with higher scoring domains. Next, a multi-step 
pipeline was developed and applied to detect candidates 
that are genuinely uncharacterized ARGs (see “Candidate 
selection,” Fig. 6, Supplementary Fig. 7). The first step in 
this procedure was the removal of proteins with ontol-
ogy annotation in the Kyoto Encyclopedia of Genes and 
Genomes (KEGG) [36]. The remaining proteins (unan-
notated by KEGG’s ontology) were clustered based on 
sequence similarity using mmseqs cluster (-s 7.5, -c 0.5), 
and the representative of each cluster was queried against 
NCBI’s non-redundant protein database (nr) using DIA-
MOND [82] version 2.0.11 sensitive search (blastp -e 1e-6 
--sensitive). The proteins with no result or no informa-
tive functional description were then searched for distant 
homologs to the remaining proteins using HH-suite [38] 
version 3 (hhblits -n -E e-10 -Z 500 -B 500) against both 
PDB [37] version 70 and Pfam [35] version 34.0. In all 
three steps, each protein was assigned the description of 
the top-scoring hit. The pipeline resulted in high-scoring 
proteins that have no functional annotation in close or 
remote homologs.

Automated processes were applied to gather as much 
information as possible on the resulting candidates. First, 
HMM search was used to detect proteins with sequence 

similarity to HTH or cross-membrane domains. We also 
utilized DIAMOND version 2.0.11 (blastp -e 1e-6) to 
search the candidates against each other to cluster similar 
proteins together. In the next step, we used MMseqs2’s 
taxonomy search (-s 4) and DIAMOND protein search 
(-e 1e-6 –sensitive) against Uniprot’s UniRef100 [39] in 
order to assign taxonomic classification of each protein 
and filter out Gram-positive bacteria, as the experimen-
tal testing at this stage was performed on E. coli, a Gram-
negative bacterium.

Furthermore, candidate proteins that appeared con-
sistently with common neighbors were filtered out since 
this could imply that the neighboring protein might 
be required for the candidate gene’s function. First, 
MMseqs2 search (--search-type 1 -e 1e-10 --alignment-
mode 1) was used in order to seek all occurrences of 
these proteins in our datasets and extract their neigh-
boring genes (three flanking genes upstream and down-
stream). All the protein’s neighbors were clustered using 
cd-hit version 4.6 (-s 0.5 -c 0.7) and proteins that shared 
similar neighbors in > 50% of the cases were filtered out.

AlphaFold3 [40] server was used for structure pre-
dictions of the candidate ARGs. These structures were 
subsequently searched against AlphaFold’s structure 
database [41, 42], containing over 214 Million protein 
structures, which was downloaded in December 2022, 
using Foldseek [83] (-e 1e-6). The description of the 
annotated hit with the highest bit score was retrieved. 
In addition, the resistance mechanism of each candidate 
protein was predicted using a multi-class classification 
model (see below).

Resistance mechanism prediction using a multi‑class 
model
A multi-class model for resistance mechanism classifica-
tion was trained on the positive proteins from the main 
model’s metagenomic training dataset using the hyper-
parameters and features selected for the main model. 
The ARGs were labeled one of five resistance mecha-
nisms: (1) antibiotic target alteration ( N = 637,707 ), 
(2) antibiotic inactivation ( N = 473,951 ), (3) antibiotic 
target replacement ( N = 59,884 ), (4) antibiotic tar-
get protection ( N = 133,519 ), and (5) reduced perme-
ability to antibiotic ( N = 11,089 ), while ARGs with no 
known resistance mechanism were removed from the 
dataset, resulting in 1,316,150 proteins. The mecha-
nism labels were created by mapping the results of the 
HMM search against DRAMMA-HMM-DB to the rel-
evant resistance mechanism (Supplementary Dataset 
1–2). The mechanism model was evaluated in terms of 
one-versus-all ROC-AUC and PR-AUC scores using 
both five-fold cross-validation on the training set and 
on the external sewage dataset used to evaluate the main 
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model ( Nalteration = 78,150,Ninactivation = 52,964,Nreplacement = 8,041,Nprotection

= 23,096,Nreduced_permeability = 2,059,Ntotal = 164,310 ). The training set was 
split to folds in a stratified manner that also ensured that 
proteins encoded on the same contig will appear in the 
same fold. This multi-class model was used to predict the 
resistance mechanism of each candidate protein, such 
that the class that received the highest score and its score 
were returned.
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