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Abstract

Metagenomics is essential for exploring the vast diversity and intricate interactions
of microbes that impact health, agriculture, and environmental sciences. Despite
the surge of machine learning-based metagenomic models addressing these ques-
tions, evaluating their respective benefits is challenging due to the use of distinct,
experimental datasets, partly contrived, and varying model performance across
different tasks. To this end, we introduce OpenMeta, the first comprehensive
benchmark tailored for metagenomic function prediction, which integrates diverse
datasets ranging from 1,000 to 213,000 sequences and incorporates hierarchical
data. We highlight the inadequacies of current genomic models and the superior
performance of metagenomic pre-trained models for handling complex metage-
nomic data. Furthermore, we identify a critical research gap: the lack of unified
models that process both sequence and hierarchical data. Addressing this could
significantly advance metagenomic analyses. OpenMeta sets a new standard for
metagenomic analysis, offering insights that could enhance the understanding and
application of microbial ecology in biotechnology and environmental science.

1 Introduction

Metagenomics is a discipline that studies the genetic composition and functional dynamics of all
microorganisms in environmental samples [41} 44]. By directly extracting the entire DNA from these
microorganisms, metagenomics captures a broad spectrum of life forms, including viruses, viroids,
and free DNA present in diverse habitats such as soil, seawater, and human microbiomes [53} 40].
Unlike traditional genomics, which focuses on sequencing DNA from single species in isolation [57,
74]), metagenomics eliminates the need for isolating each organism, allowing research of uncultivable
microorganisms [[83) 48l 23]. Consequently, metagenomics unveils the vast diversity of microbial
communities, enabling the interpretation of gene interactions and essential biological processes within
ecosystems [3, 137, 139].

Deep learning techniques have significantly advanced metagenomics research, enabling more pre-
cise function prediction and complex relationship elucidation in metagenomics [, 160} 435, [77, 22,
38l](Sec. . However, the field lacks standardized benchmarks, making it difficult to evaluate the
efficacy of various metagenomic models that often rely on distinct, artificially constructed datasets.
Existing genomic benchmarks primarily focus on single-species genomic analysis. The GUE bench-
mark [84], built upon DNABERT?2, encompasses multiple datasets ranging from humans to viruses
and includes 7 binary classification tasks like promoter detection and transcription factor prediction.
GenomicBenchmarks [49] address gene regulation and chromatin accessibility tasks. Nucleotide
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Figure 1: Framework of OpenMeta, including dataset preprocessing, data encoding, general and
specialized models pre-trained or not, and target tasks.

Transformer (NT) [9]], pre-trained on multi-species genomic data, concentrates on transcription factor
binding and enhancer-promoter interactions within the human genome [32] (Sec. [3.1).

However, these methods often fail to address the unique challenges in metagenomics. Firstly,
metagenomic data is distinct as it comprises genomic collections from multiple organisms sequenced
simultaneously from numerous individuals, unlike genomic studies that focus on single organisms.
Secondly, metagenomic tasks are unique, involving the prediction of complex interactions among
various microorganisms, including bacteria and viruses, influenced by dynamic environments —
a complexity that surpasses single-species genomic analysis. Lastly, existing genomic models
often perform poorly on metagenomic tasks, as models trained on genomic data cannot be directly
transferred to metagenomic data. Hence, there is an urgent need to develop a metagenomic reference
to deepen our understanding of microbial ecology and provide a powerful tool for biotechnology and
environmental science research (Sec. [3.2).

To this end, we develop OpenMeta, the first comprehensive benchmark specifically designed for
metagenomics based on the FGBERT model [13]]. OpenMeta integrates a wide range of tasks across
genetic, functional, bacterial, and environmental levels and can handle datasets with sequences
ranging from 1,000 to 213,000, as well as richer hierarchical data of phylogenetic tree structures,
reflecting the diversity and complexity of metagenomic data. We compare metagenomic pre-trained
models with genomic pre-trained models (Sec.[5.2)), and although the latter provided new insights,
their performance on metagenome data tended to decrease, highlighting the need for the development
of metagenome pre-trained models. Our main contributions are as follows:

i. We establish OpenMeta, the first comprehensive benchmark for metagenomic research en-
compassing 23 representative models. OpenMeta sets a new standard in the evaluation of
metagenomic models using various collected standardized datasets and metrics across three di-
mensions: pre-trained vs. not pre-trained models, general vs. specialized models, and sequence
data-based vs. hierarchical data-based models.

ii. We conduct extensive experiments on various tasks ranging from metagenomic sequences to
hierarchical data, covering small-scale, large-scale, and fine-grained scopes.

iii. Our findings lead us to reconsider the potential of metagenomic pre-trained models, advocat-
ing for architectures like FGBERT that better accommodate the diversity and complexity of
metagenomic data.

iv. We identify a significant research gap: the lack of a unified model capable of simultaneously
processing sequence and hierarchical data. Addressing this could significantly advance compre-
hensive metagenomic analyses and represent a promising direction for future research.

2 Related Work

Gene Representation Learning. For sequence metagenomic data, while the K-mer method [[17]]
efficiently captures characteristics of short sequences, it struggles with longer sequences due to
its inherent limitations. Alternatively, one-hot encoding, despite its high-dimensional and sparse
nature, restricts its utility for large-scale applications. In contrast, deep learning-based embeddings,
such as those from Transformer models, enhance sequence representation by capturing contextual
and global features, offering biologically meaningful insights. For hierarchical metagenomic
data, constructing phylogenetic trees provides an effective framework for delineating hierarchical
and evolutionary relationships among microbial taxa [2|[79]. This process begins with analyzing
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microbial genomes through multiple sequence alignment, organizing them into a phylogenetic
structure. Microbial taxa abundances are then mapped to corresponding nodes on the tree. By
aggregating abundance values from child nodes to their respective parent nodes and transforming this
phylogenetic tree into a matrix format [[18}, 58], the structure is adapted for input into CNN models
for disease phenotype prediction.

Metagenomic Methods. Traditional alignment-based methods like MetaPhlAn5 [66] aim to match
similarities between query sequences and known reference genomes and are common for taxonomic
profiling. Advancements in deep learning have led to new methods like DeepVirFinder [61], which
use CNNss for viral classifications with one-hot encoding. K-mer tokenization [17]], employed in
approaches like MDL4Microbiome [33]], is a standard for DNA sequence characterization. Addi-
tionally, Virtifier [45] maps a nucleotide sequence using a codon dictionary combined with LSTM
to predict viral genes. DeepMicrobes [35] employs a self-attention mechanism, while DeepTE [81]]
uses K-mer inputs with CNNs for element classification, and Genomic-nlp [46] applies word2vec
for gene function analysis. MetaTransformer [77] uses K-mer embedding for species classification
with Transformer. For pre-training models, LookingGlass [24] uses a three-layer LSTM model for
functional prediction in short DNA reads. ViBE [22] employs a K-mer token-based BERT model
pre-trained with Masked Language Modeling for virus identification.

Genomic Benchmark. To our knowledge, there is no benchmark in the field of metagenomics.
Due to the scarcity of specialized benchmarks in metagenomics and the inherent similarities in data
structure and content between genomic and metagenomic datasets, comparing the two allows us
to leverage advancements in genomics to address metagenomics’ unique needs. Existing genomic
benchmarks, such as GUE, GenomicBenchmarks, and Nucleotide Transformer [9], each have their
distinct focus but primarily address single-species genome analysis. GUE, as part of DNABERT?2 [9],
addresses challenges in genome tokenization and pre-training, covering multi-species datasets from
humans to viruses and involving tasks like promoter detection and transcription factor prediction.
GenomicBenchmarks, through HyenaDNA [49]], focuses on improving long-sequence genome
modeling and handling ultra-long sequences, including gene regulation and chromatin accessibility
analysis. NT is pre-trained on multi-species genomic data, emphasizing transcription factor binding
and enhancer-promoter interaction in the human genome.

3 Background

3.1 Difference Between Genomics and Metagenomics

The Main distinction between genomics  Table 1: Differences in Metagenomics and Genomics.
and metagenomics lies in the Number of Comparison Factor Metagenomics Genomics

organisms evaluated in a sample in Tab.[Il ~ Main difference:

G ics f th f . Organisms number Many One
€nomics Tocuses on the genome of a sin- Genomes from Tndividual
gle organism, whereas metagenomlcs eXx- Sample type many individuals organism’s

. h lecti £ diff within an environment genetic makeup
amines the collective genomes o 1rer- Large, mixed data Relatively small,
ent organisms within a Sample [31,163}152]. Data complexity from multiple organisms ~ well-structured data

. . mixed together from single organism
Sample type: Genomics targets the COM-  ~Sgquencing depth ~— 3-100M Reads 3-6M Reads
plete genetic information of a Single or- Sample types Stool, Skin, Soil, Water  Cell Culture
Cost Higher Lower

ganism, typically from individual cells or
species, while metagenomics analyzes mixed DNA from multiple organisms in an environmental sam-
ple, allowing scientists to study unculturable microorganisms 48}, 23]]. Data complexity: Genomic
data involves well-structured genetic information from a single organism, making it relatively simple.
Metagenomic data includes genomes from various organisms, leading to large, mixed, and complex
data. Sequencing depth: Metagenomic samples require significantly greater sequencing depth
than single-genome sequencing. Common sample types: Metagenomic samples are derived from
environments containing multiple genomes, such as soil, water, and human microbiomes, and are
inherently more complex than genomic samples, which typically come from single-cell cultures [15].
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Cost of sequencing: The extensive sequencing depth required for metagenomics generally results in
higher costs than genomic sequencing.

3.2 Necessity of Developing Metagenomic Benchmarks

Tab. [2] provides a detailed comparison of downstream tasks for genomic and metagenomic pre-
trained models. DNABERT?2 [84] primarily engages in binary classification tasks such as promoter
detection in human, mouse, and yeast species. Notably, Transcription Factor Prediction task recurs
identically for both human and mouse, indicating consistent yet singular difficulty, which may reduce
the overall challenge. HyenaDNA [49] is limited to regulatory elements classification tasks, reflecting
a narrow scope. Additionally, Demo and Dummy Datasets are typically used for initial testing,
lacking authenticity and practical value, reflecting the simplicity and limitations of its datasets. NT [9]
covers 18 downstream tasks centered on splice site prediction and chromatin accessibility analysis.

While these genomic benchmarks perform  Table 2: Comparison of pre-trained models for genome
well in single-species analyses, they of- and metagenome.

ten fail to capture the inherent complexi- Model Category Task #Class
ties of multi-species interactions present Hums gra“““l’];“’“ L LA ;
. . . . . DNABERT?2 uman romote}' etecllqn
in metagenomics. Specifically, the limita- Splice Site Detection 3
. . . . . I Mouse Transcription Factor Pred. 2
tions include (1) reliance on single-species £ Virus Covid Variant Class. 9
1 1 1 5 Human Regulatory 2
fiata, overlookl.ng the complex 1nteract.10ns S s T e >
in metagenomics; (2) lack of data diver- Dummy Dataset  Classification 2
itv. i ffici . 1di . Yeast Epigenetic marks Pred. 10
sity, insufficient environmental diversity re- NT . Splice site Pred. 2
quired for metagenomics; (3) limited func- - Ty T R
. . ene Structure rred. 3
tional prediction, focusing on sequence- § peor  Mixed ARG Pred. on Gene Family ~ 269
b d dicti ithout int i = Multi-Species Virulence Factor Pred. 15
ased predictions without integrating cru- Pt Cares Bl 110

cial functional annotations; and (4) inade-
quate model adaptability, as models trained on single-species genomic data struggle to adapt to
multi-species metagenomic data. In contrast, FGBERT [13]], a metagenomic pre-trained model, aims
to address interactions within different microbial communities. Its downstream tasks span multiple
species, with a large number of classification categories, reflecting the diversity and complexity of
metagenomic data. Therefore, incorporating FGBERT’s multi-species metagenomic datasets into
OpenMeta can enhance its ability to decipher complex microbial functions. For detailed analysis,
please refer to Appendix

4 OpenMeta

4.1 Supported Methods

OpenMeta supports 23 methods for comprehensive analysis and performance evaluation across
various tasks and data types, detailed in Tab. [3| with their respective publication years. To present
them systematically, we categorize them along three dimensions: General vs. Specialized Models,
Pre-trained vs. Not Pre-Trained Models, and Sequence data-based vs. Hierarchical data-based
Models, acknowledging that some methods may span multiple categories.

General vs. Specialized Models: General models include widely used machine learning and
deep learning models, such as SVM [69], Random Forest (RF) [64], CNN, LSTM [25]], and Trans-
former [76]], providing robust foundations for various tasks. Moreover, models like DNABERT?2 [84]
will be discussed in detail as pre-trained models in the next part. Conversely, specialized models
are designed for specific metagenomic tasks such as functional gene prediction (PLM-ARG [78]],
DeepARG [5]], RGI [4], ViBE [22]], CLEAN [82])), and prototype prediction (PopPhy-CNN [59])).

Pre-trained vs. Not Pre-trained Models: OpenMeta includes DNABERT? [84], HyenaDNA [49],
and NT [9] genomic pre-trained models, alongside FGBERT [13] metagenomic pre-trained model.
Although ViBE [22]] and PLM-ARG [78]] are not pre-trained from scratch, they use BERT model [[11]
and protein language model [36], respectively, to enhance their functional prediction capabilities.
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Table 3: Categorizations of all supported metagenomic methods in our OpenMeta. RF denotes
Random Forest, and VT represents Vanilla Transformer.

s £ g 8 B = = ®
Model - E § E § ] -=E & 'm:j:) Year Description
£EE ZE 2 % 52 53 2% £%
&S Ze © B FE B3 & 2%
I8 20 &0
RF v v v v Machine Learning
SVM v v v v Machine Learning
AdaBoost v v v v Machine Learning
LSTM 4 v v v Deep Learning
BIiLSTM v v v v Deep Learning
VT [76! v v v v Deep Learning
FGBERT [13 v v v v 2024 Metagenomic pre-trained model for functional prediction.
HyenaDNA [49 v v v v 2023  Genomic pre-trained model trained on multi-species genomes.
NT [9 v v v v 2023  Genomic pre-trained model trained over human reference genome.
DNABERT?2 (84 v v v v 2023  Genomic pre-trained model trained on diverse human genomes.
CNN-MGP [1 4 v / v 2019  Gene prediction using CNN network.
PlasGUN [16 v v / v 2020  Gene prediction tool using multiple CNN network.
PLM-ARG (78 v v / v 2023 ARG identification framework using a pretrained protein language model.
DeepARG [ v v 7/ v 2018 ARG prediction software by alignment and metagenomic sequences.
RGI [4] v v 7/ v 2023 ARG prediction tools for annotating genes from scratch.
DeepVirFinder [61] v v / v 2020 Viral sequences prediction with reference and alignment-free CNNs.
ViBE [22] v / v 2022 Eukaryotic viruses identification with hierarchical BERT model.
ViraMiner [71 v v / v 2019  Viral genomes identification in human samples.
DeepVF [80 v v 7/ v 2021 Viral factor identification with hybrid framework using stacking strategy.
HyperVR [27 v v / v 2023  Viral factors and mixing of ARG simultaneous prediction.
CLEAN [82 v v v v 2023  Enzyme function prediction using contrastive learning.
DeepMicrobes [35] v v / v 2020 Taxonomic classification for metagenomics with self-attention model.
PopPhy-CNN [59 v v v v 2020 Host Phenotypes prediction by systematic tree embedded CNN network.

Sequence Data-based vs. Hierarchical Data-based Models: This work further integrates mod-
els trained on hierarchical data, such as PopPhy-CNN [59], which leverages the phylogenetic tree
structures of microbial communities to enhance the understanding of microbial interactions, con-
trasting with sequence-based models essential for raw genetic data analysis without considering the
hierarchical relational structure among microbial taxa.

4.2 Supported Tasks

Table 4: Detailed information of metagenomic sequence datasets in OpenMeta.

Type Dataset Category #Seq. #Cate. (Sl\?ifl/-(l:\z‘;i)R ange Avg. Len. Description

E-K12 [65 Gene-pair Cls. 4,315 1,379 1-106 510.96 Tasks involving
Small-Scale CARD-A [28J 1,966 269 1-229 1088.1 smallf:r datasqts
Classification CARD-D [28] Gene-wise Cls 1,966 37 1-513 1088.1 focusing on high

CARD-R [28] T 1,966 7 1-1263 1088.1 accuracy in

PATRIC [19] 5,000 110 1-1081 307.82 narrow contexts.
Large-Scale ENZYME [6] 5,761 7 288-2055 426.76 Tasks requiring handling
Classification VFDB [7] Gene-wise Cls. 8,945 15 5-1683 415.47 of large data volumes,

NCycDB [75] 219,089 69 1-20548 347.03 broad pattern extraction.

NCRD-N [42] 104,363 1912 1-18370 407.44 Focused on detailed
Fine-Grained NCRD-F [42] Gene-wise Cls 104,363 420 2-35364 407.44 differentiation within
Classification NCRD-C [42] T 104,363 29 1-14159 407.44 closely related

NCRD-R [42] 104,363 10 166-38073 409.79 categories.

Table 5: Detailed information of metagenomic hierarchical datasets in OpenMeta.

Taxonomic Levels
K P C O F G S

Type Dataset Category #Seq. Description

Detailed profiling of microbial
diversity linked to cirrhosis.
Detailed analysis for Type 2
Diabetes-associated microbiota.

Hierarchical Cirrhosis [56] Metagenome 542 3 15 27 40 76 186 531
Classification -wise Cls.
T2D [30] 606 3 17 29 48 94 216 587

We conduct extensive experiments across various multi-classification tasks, including gene structure
analysis, functional gene prediction, pathogenicity assessment, nitrogen cycle prediction, and disease
phenotype prediction, utilizing diverse datasets that range from metagenomic sequences to hierar-
chical data We provide detailed descriptions of the following 14 datasets in Tab.[dand [5] covering
small-scale, large-scale, and fine-grained scopes. Seqs/Cate Range provides the range of sequences
in each category, from minimum to maximum. Details can be found in Appendix [C|

(1) Small-Scale Classification: Gene Operon Prediction Task. This task aims to identify transcrip-
tion factor binding sites with the strongest correlation with operon regulation in the gene regulatory
network [8} 114, 151]] This gene-pair classification utilizes E-K12 dataset [[65]], consisting of 4,315 oper-
ons, each detailed with operon names, descriptions, and gene components. Antibiotic Resistance
Genes (ARGs) Prediction Task. Accurate identification of ARGs is essential for understand-
ing the relationship between the microbiome and disease, as pathogenic microorganisms threaten
public health by exacerbating ARGs to invade the host [S0]. This gene-wise classification uses
CARD dataset [28]], categorizing genes by 269 AMR Gene Families (CARD-A), 37 Drug Classes
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Table 7: Enzyme function Pre- Table 8: Virus factor Prediction p,pje 9- N Cycling Prediction

diction on ENZYME. on VFDB. on NcycDB.

Method ENZYME Method VFDB Method NCycDB
RF (3-mer) 33.6 RF (3-mer) 22.4
SVM (3-mer) 313 SVM (3-mer) 28 1;51\(/? '(r;_‘i;)er) gg 0
AdaBoost (3-mer) 314 AdaBoost (3-mer) 273 AdaBoost (3-mer) 68-8
LSTM (w2v) 128 LSTM (w2v) 36.7 e (mv) s
LSTM (one-hot) 34.1 LSTM (one-hot) 329 LSTM (one-hot) 65'
BiLSTM (w2v) 38.7 BiLSTM (w2v) 46.1 BILSTM (w2v) 66.9
BiLSTM (one-hot) 31.6 BiLSTM (one-hot) 31.3 BiLSTM (one-hot) 82-
BiLSTM-Att. (w2v) 36.9 BiLSTM-Att. (w2v) 37.7 BIiLSTM-AL, (w2v) 69
BiLSTM-Att. (one-hot) 43.6 BiLSTM-Att. (one-hot) 36.7 . .

BiLSTM-Att. (one-hot) 67.3
VT 68.2 VT 58 VT 845
HyenaDNA 79.6 HyenaDNA 61.1 )

HyenaDNA 92.4
NT 74.1 NT 58.3 NT 751
DNABert2 85.4 DNABert2 58.2 DNABert2 88'6
FGBERT 99.1 FGBERT 75.7 FGBERT 99'5
CLEAN 92.3 ViBE 50.9 .

(CARD-D), and 7 Resistance Mechanisms (CARD-R). Pathogens Prediction Task. This task
assesses the pathogenic potential of pathogens to cope with the public health risks [29]. We use
PATRIC core dataset [19], which has 5000 pathogenic bacterial sequences across 110 classes.

(2) Large-Scale Classification: Enzymes Prediction Task. Enzymes are important catalysts in living
cells that produce essential molecules needed by living organisms through chemical reactions [[73]].
ENZYME dataset [6] contains 5,761 enzyme sequences, which are grouped into 7 classes according
to their corresponding EC numbers. Virulence Factors (VFs) Prediction Task. Viruses are common
in both humans and different habitats, and they are always changing. Therefore, accurately identifying
VFs is extremely important for understanding the relationship between the microbiome and disease.
VEDB dataset [[7] for virulence factors prediction contains 8,945 VF sequences across 15 categories,
detailing structural features, functions, and mechanisms of major bacterial pathogens. Nitrogen (N)
Cycling Process Prediction Task. The N cycle is a collection of important biogeochemical pathways
in the Earth’s ecosystems, and quantitatively studying the functional genes related to the N cycle [20].
NCycDB dataset [[75] contains 68 genes (sub)families and covers 8 N cycle processes with 219,089
representative sequences, each involving a specific gene family.

(3) Fine-Grained Classification: ARG Prediction. Targets a more precise and detailed prediction of
antibiotic resistance properties, which helps in exploring ARG characteristics comprehensively and
detecting potential resistant mechanisms [34]]. NCRD dataset [42] is dedicated to the fine-grained
categorization of microbial resistance genes, differentiating in detail between 420 Gene Families,
1,912 specific Gene Names, 30 major Resistance, and 10 different Mechanisms.

(4) Hierarchical-Data Classification: Disease Prediction Task. Predicting host phenotypes and
identifying relevant markers are pivotal for unraveling the complexities of host-microbiome interac-
tions [[72}155]], and the impact of such interactions on disease [26, 43} 47|] can be explored using the
phylogenetic structure and relative abundance of microbial taxa [21]. Cirrhosis dataset [[56] comprises
232 data cases on microbiome liver disease. Type 2 Diabetes (T2D) dataset [30] comprises 440 data
cases on glucose metabolism disorders.

Table 6: Comparison of ARG prediction meth-
ods on CARD. (— means inability to predict
specific category).

. . ARG Prediction
4.3 Evaluation Metrics Method CARD-A CARD-D CARD-R
RF (3-mer) 22.4 36.1 478
. . . SVM (3-mer) 27.6 33.6 433
For multi-classification tasks, we use the Macro F1-  AdaBoost (3-mer) 36.9 36.4 36.2
score (M.F1) as the primary metric to accommodate "o (W2¥) 471 373 47.5
. p ry LSTM (one-hot) 462 39.1 415
the inherent class imbalance present within datasets.  BiLSTM (w2v) 433 355 36.3
. . . BiLSTM (one-hot) 47.4 38.9 58.9
For the Fine-grained Benchmark, Accuracy, Preci-  BiLSTM-Att. (w2v) 31.9 43.5 35.1
sion, Recall, and False Negative Rate (FNR) are in- ~ SILSTM-A (onehon 467 o s
corporated. FNR is particularly critical for ARG~ HyenaDNA 50.9 53.6 66.2
. . NT 585 56.2 68
prediction scenarios where the consequences of over-  pNaBErT? 652 515 61.2
looking true positives are severe, necessitating nu-  FGBERT 78.6 57.4 69.4
s . . . DeepARG - 52.2 65.3
anced assessments of the model’s ability to identify  pLM-ARG - - 68.1
them reliably. RGI z Z
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5 Results and Insights

5.1 Results

Small-Scale Benchmarks. Appendix Tab.[A3|and [A6]show M.F1 for gene operon and pathogen
prediction on two small-scale datasets, E-K12 and PATRIC (sequence length less than 5000). General
models (RF to VT) test K-mer (K=3), one-hot, and w2v data encoding methods, and BiLSTM
(one-hot) and LSTM (w2v) performed best. FGBERT achieves superior results, far exceeding
other methods, highlighting the necessity of metagenomic pre-training. Models like CNN-MGP [l1]],
PlasGUN [[16], and DeepMicrobes [35]], designed for binary classification, are unsuitable for our
multi-classification benchmark. Tab.[6|evaluates various models on three ARG prediction datasets:
CARD-A, CARD-D, and CARD-R. In General models, the word2vec data encoding method performs
better. FGBERT outperforms HyenaDNA, NT, and DNABERT?2. This suggests that genomic models
may not be sufficient to cope with the complexity of metagenomic data, which involves multiple
microbial interactions and environments. In Specialized models, DeepARG [J5] performs well on
CARD-D and CARD-R but unable to predict CARD-A. Since RGI [4] itself is based on CARD
dataset, it is not included.

Large-Scale Benchmarks. Tab. @nd E Operon Dataset . CARD-A Dataset . PATRIC Dataset
summarize M.F1 across three large-scale
datasets (sequence length more than 5000): EN-
ZYME, VFDB, and NCycDB, the analysis re- &4, n
flects a similar trend. FGBERT demonstrates 20% 20%
exceptional efficacy across all datasets, signifi-
cantly outperforming specialized models such ENZYME Dataset VFDB Dataset NCycDB Dataset
as VIiBE [22] and CLEAN [82]. Conversely, _ " " s o
models designed for binary classification, such
as ViraMiner [71]], deepVF [80]], HyperVR [27]
and Deep VirFinder [61] do not align well with —~ #0%
our benchmark’s requirements. However, Hy-
perVR’s innovative approach to predicting VF S
and ENZYME concurrently has inspired poten- Figure 2: Comparison
tial developments in OpenMeta for simultaneous  Methods across tasks.
multi-task predictions. Fig. 2]compares different data encoding methods. Details can be found in
Appendix [E] From K-mer to language model representation, model performance gradually improves,
indicating that capturing contextual information in the sequence is important.
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Fine-Grained Benchmarks. The fine-grained
NCRD dataset provides a more rigorous test for ARG

aminoglycoside
antibacterial free fatty acids
beta-lact:

prediction tasks. As depicted in Fig. 3} FGBERT e oramahanico
. . N . . diaminopyrimid

performs well in all resistance categories, identify-  dsifecting agents and aniseptics

ing 30 antibiotic classes. In comparison, DeepARG givcopeide

lincosamide

identified 17, and RGI identified 22, with the unde- macrolide

macrolide-lincosamide-streptogramin

tected classes shown in light gray. Moreover, the 4 mupiocin ke
methods have high accuracy in beta-lactam, amino- pho:ph“?'gc"ic% :
glycoside, and multidrug categories. Furthermore, e -
Tab.[[Tlshows that FGBERT and RGI cover all NCRD :
classes, while DeepARG is limited to specific classes, streptogramin

tetracycline -]
trimethoprim — ]

=

likely due to limitations in its training data. PLM-
ARG has a high false negative rate, as shown in
Tab. [T0] indicating its limitations in application.

RGI - II

FGBER
DeepARG

PLMARG -

PLMARG -

Figure 3: Comparison of different methods

on each ARG category.
Hierarchical-Data Benchmark. In the host phe-

notype prediction task, we use microbial taxa’s relative abundance values as input. Since abundance
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Table 10: Comparison of M.F1 for ARG Prediction on different categories of NCRD Datasets. (—
indicates inability to predict specific categories. FNR is the false negative rate, lower is better).

Method | NCRD-Gene Family (420) | NCRD-Gene Name (1900) | NCRD-Resistance (30) | NCRD-Mechanisms (11)
[Acc.” Pre. Re. FI FNR | Acc. Pre. Re. FI FNR [ Acc. Pre. Re. FI FNR [ Acc. Pre. Re. FI FNR
DeepARG | - - - - - 063 100 043 0.60 057 | 097 099 051 0.65 042 - - - -
RGI 0.56 097 036 050 061 | 050 1.00 026 042 074 | 056 1.00 036 0.52 0.64 0.61 0.62 059 0.57 0.51
PLM-ARG | - - - 096 0.87 074 0.88 1238 | -

FGBERT 094 096 094 093 0.03 | 093 093 092 093 005|099 099 099 099 031 099 099 098 0.99 0.01

Table 14: Comparative Analysis of Pre-training Strategies in Genomic and Metagenomic Models.

Model Pre-training Dataset Token Network Architecture  Application Tasks Benchmark
Human and Promoter detection
3 4 Advanced BERT Bt > 28 datasets
DNABERT2  multi-species BPE with MLM+ ALiBi "liranxnppon fac‘tor', on GUE benchmark
genome binding site prediction
Human 5 Gene regulation prediction Sldatasets q
Simple stack of Hyena A e > on GenomicBenchmarks
HyenaDNA reference 6-mer - chromatin accessibility BBy fome s
operators with NTP R +18 prediction tasks
genome analysis on NT
Human Encoder-only Transcription factor binding,
NT reference 6-mer Transformer enhancer-promoter 18 prediction tasks
genome + RoPE interaction prediction
Multi-species Protem:based Advanced BERT with ~ Metagenomic sequences 115 alitts .
FGBERT genomic q 5 q 5 on Metagenomic
metagenome q contrastive learning and functions analysis
representation benchmark

data alone cannot reveal the hierarchical structure among species and introduces data redundancy, we
adopt a phylogenetic tree-based modeling approach to process abundance data [12], effectively reduc-
ing redundancy and retaining species information. After constructing a phylogenetic tree through
multiple sequence alignment, abundance values are filtered and assigned to the tree’s nodes, and the
values of child nodes are summed to their parent nodes. Finally, the phylogenetic tree is converted
into a matrix format for analysis. Tab.[T2]shows that the specialized model PopPhy outperforms the
general models on Cirrhosis dataset. LSTM and Transformer models are not tested because they
are mainly applicable to sequence data and have difficulty capturing the hierarchical structure and
phylogenetic relationships between species. At present, no model can process both metagenomic
sequence and hierarchical phylogenetic tree data, indicating a key direction for future research.

5.2 Observations and Insights

(A) Metagenomic Pre-trained Models vs. Genomic Table 11: Comparisons of different ARG pre-
Pre-trained Models: Tab. [14] compares genomic diction methods on NCRD.

and metagenomic pre-trained models, including pre- ;.04 —Categories of NCRD Dataset ‘

. . d tasets token embeddin methods network Gene Family ~Gene Name Resistance Mechanisms
traln'lng a s g ’ DeepARG v v v
architectures, application tasks, and benchmarks. In kel - 4 4 v 4
terms of Pre-Training Datasets, DNABERT?2 [84]  FGBERT v v v v

utilizes human and multi-species genomes for its Table 12: Performance of General vs. Spe-
foundational model pre-training, covering a vast cialized Models on Cirrhosis dataset.

dataset of 27.5 billion nucleotide bases from the Hu- Method M.F1 AUC MCC Pre. Re.
man reference genome [32] and 135 species genomes — RF 079 093 061 088 0.87
across seven .categorle.s. HyenaDNA [49.], on the /ngzll\]/;oost 8% 8?? gi; 85; 83‘1‘
other hand, is pre-trained solely on a single hu- —=xx 084 089 068 08I 080
man reference genome. NT [9] pre-trains on three  PopPhy 0.81 090 061 083 0.82
datasets: the human reference genome [32], 3,202 Table 13: Performance of General vs. Spe-
diverse human genomes, and 850 genomes from sev- jalized Models on T2d dataset.

eral species. In contrast, FGBERT [13] employs

Method M.F1 AUC MCC Pre. Re.

MGnify database [62], comprising 2,973,257,435 —Rg 066 072 033 067 067
metagenomic sequences from various microbial com- ~ SVM 061 063 023 0.61 0.61

.. . AdaBoost 0.70 0.70 042 0.70 0.70
munities. For Token Embedding, DNABERT?2 ap- NN 550 05 D10 0.0 059

pliCS Byte Pair Encoding (BPE) [67], while both Hye- PopPhy 0.58 0.64 0.18 059 058
naDNA and NT use 6-mer tokenization. FGBERT
utilizes a unique protein-based genomic representation tailored for metagenomic sequences. Re-
garding Network Architecture, both DNABERT?2 and FGBERT adopt BERT-like structures [[L1];
DNABERT?2 enhances its predecessor by replacing learned positional embeddings with Attention with
Linear Biases (ALiBi) [54] to eliminate input length limitations and incorporates Flash Attention [10]]
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to boost computational efficiency. FGBERT introduces contrastive learning to strengthen the intricate
relationships between metagenomic sequences and functions, proposing two pre-training tasks to
enhance co-representation learning of metagenomic gene sequences and functions. HyenaDNA
employs a simple stack of Hyena operators for next token prediction, while NT uses an encoder-only
Transformer architecture with Rotary Positional Embeddings (RoPE) [[70] to enable reasoning over
longer sequences during training.

(B) Sequence Data vs. Hierarchical Data: MATRIX
Why Use Hierarchical Data? Hierarchical Py — 000 000 0.00
. .. . . ( \ 67 0.00 0.00
data introduce an additional dimension by pro- - \3\5;7/‘};,,,‘ 897)
. g . . . . : 7\ - L—>»(35.74 1.1
viding interrelationships and evolutionary con- (114) 2.14)
: ) o 7 60.55 N NG 24.63 11.11 0.00 0.00
text among microbial communities, enriching (s99) N 0.00 000
metagenomic research. Unlike traditional abun- &) =
\\&69/ [@ OTU: abundance value evolutionary relation J

dance data, hierarchical data offer not only
quantitative information but also capture the Figure 4: Phylogenetic Tree Representation of Mi-
complex hierarchical relationships between mi- crobial Communities for Hierarchical Data.
crobes, which is crucial for exploring host-microbe interactions [68]].

Why Use Phylogenetic Tree Structures for Hierarchical Data? Tree structures naturally represent
the hierarchical and phylogenetic relationships among microbial taxa. Each node represents a
microbial taxon, and the connections between nodes reflect their evolutionary relationships. This
helps to reveal the evolutionary links between different microbial taxa, integrating complex biological
information (such as abundance and hierarchical data) into a unified data structure. By accumulating
the abundance values from child nodes to their parent nodes and converting the phylogenetic tree into
a matrix format, each row represents a level in the tree, and columns represent different microbes
or attributes. As shown in Fig. [4] this matrix-based representation effectively combines abundance
and hierarchical information. This approach is particularly useful in disease prediction tasks, such
as studies on Cirrhosis and T2D, demonstrating how understanding the hierarchical structure of
microbial communities can elucidate the complexity of host-microbe interactions. This hierarchical
method provides powerful tools for the precise identification and functional analysis of disease-related
microbial communities. Our benchmark framework underscores the importance and benefits of using
hierarchical data to enhance the accuracy and depth of metagenomic analysis.

6 Conclusion and Future Work

Conclusion. In this paper, we introduce OpenMeta, the first comprehensive benchmark tailored for
metagenomic function prediction. This benchmark standardizes the evaluation process across various
metagenomic tasks and facilitates the design of metagenomic models through a unified approach.
Our extensive analysis includes comparisons between pre-trained and not pre-trained models, general
versus specialized models, and sequence data-based versus hierarchical data-based models. Inspired
by OpenMeta, we emphasize the necessity of pre-trained metagenomic models in this field and
advocate for the community’s engagement with metagenomic models trained on hierarchical data
such as phylogenetic trees. This approach can profoundly enhance our understanding of the complex
relationships and interactions within microbial communities.

Limitations. It is crucial to note that OpenMeta primarily serves as an evaluative tool that aggregates
and assesses a wide array of multi-class datasets, including both sequence and hierarchical data.
While this benchmark significantly contributes to the field, it does not involve the development of
new models but focuses on the assessment of existing methodologies. This limitation underscores the
necessity for further research and development in creating comprehensive models that can process
both sequence and hierarchical inputs simultaneously.

Future Work. We identify a significant gap in the current landscape: the absence of a unified
metagenomic model capable of simultaneously processing sequence and hierarchical data from
phylogenetic trees. Addressing this gap represents a promising direction for future work and could
significantly advance our holistic understanding of metagenomics.



365

366
367

368
369
370

371
372

373
374
375
376

377
378
379

380

382

383
384
385

386
387
388
389

390
391
392

393
394

395
396

397
398
399

400
401

402
403
404

405
406

References

[1] A. Al-Ajlan and A. EI Allali. Cnn-mgp: convolutional neural networks for metagenomics gene
prediction. Interdisciplinary Sciences: Computational Life Sciences, 11:628-635, 2019.

[2] D. Albanese, C. De Filippo, D. Cavalieri, and C. Donati. Explaining diversity in metagenomic
datasets by phylogenetic-based feature weighting. PLoS computational biology, 11(3):e1004186,
2015.

[3] M. Albertsen. Long-read metagenomics paves the way toward a complete microbial tree of life.
Nature Methods, 20(1):30-31, 2023.

[4] B.P. Alcock, W. Huynh, R. Chalil, K. W. Smith, A. R. Raphenya, M. A. Wlodarski, A. Edalat-
mand, A. Petkau, S. A. Syed, K. K. Tsang, et al. Card 2023: expanded curation, support for
machine learning, and resistome prediction at the comprehensive antibiotic resistance database.
Nucleic acids research, 51(D1):D690-D699, 2023.

[5] G. Arango-Argoty, E. Garner, A. Pruden, L. S. Heath, P. Vikesland, and L. Zhang. Deeparg:
a deep learning approach for predicting antibiotic resistance genes from metagenomic data.
Microbiome, 6:1-15, 2018.

[6] A.Bairoch. The enzyme database in 2000. Nucleic acids research, 28(1):304-305, 2000.

[7] L. Chen, J. Yang, J. Yu, Z. Yao, L. Sun, Y. Shen, and Q. Jin. Vfdb: a reference database for
bacterial virulence factors. Nucleic acids research, 33(suppl_1):D325-D328, 2005.

[8] Q. Cui, Z. Yu, Y. Pan, E. O. Purisima, and E. Wang. Micrornas preferentially target the
genes with high transcriptional regulation complexity. Biochemical and biophysical research
communications, 352(3):733-738, 2007.

[9] H. Dalla-Torre, L. Gonzalez, J. Mendoza-Revilla, N. L. Carranza, A. H. Grzywaczewski,
F. Oteri, C. Dallago, E. Trop, B. P. de Almeida, H. Sirelkhatim, et al. The nucleotide transformer:
Building and evaluating robust foundation models for human genomics. bioRxiv, pages 2023-01,
2023.

[10] T. Dao, D. Fu, S. Ermon, A. Rudra, and C. Ré. Flashattention: Fast and memory-efficient exact

attention with io-awareness. Advances in Neural Information Processing Systems, 35:16344—
16359, 2022.

[11] J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova. Bert: Pre-training of deep bidirectional
transformers for language understanding. arXiv preprint arXiv:1810.04805, 2018.

[12] G. Ditzler, R. Polikar, and G. Rosen. Multi-layer and recursive neural networks for metagenomic
classification. IEEE transactions on nanobioscience, 14(6):608-616, 2015.

[13] C. Duan, Z. Zang, Y. Xu, H. He, Z. Liu, Z. Song, J.-S. Zheng, and S. Z. Li. Fgbert: Function-
driven pre-trained gene language model for metagenomics. arXiv preprint arXiv:2402.16901,
2024.

[14] M. D. Ermolaeva, O. White, and S. L. Salzberg. Prediction of operons in microbial genomes.
Nucleic acids research, 29(5):1216-1221, 2001.

[15] A. Escobar-Zepeda, A. Vera-Ponce de Ledn, and A. Sanchez-Flores. The road to metagenomics:
from microbiology to dna sequencing technologies and bioinformatics. Frontiers in genetics,
6:155161, 2015.

[16] Z.Fang,J. Tan, S. Wu, M. Li, C. Wang, Y. Liu, and H. Zhu. Plasgun: gene prediction in plasmid
metagenomic short reads using deep learning. Bioinformatics, 36(10):3239-3241, 2020.

10



407
408
409

410
411
412

413
414
415

416
417

418
419
420

421
422

423
424

425
426
427

428
429

430
431
432
433

434
435
436

437

439

440
441

442
443
444

445
446
447

448
449
450
451

[17] A. Fiannaca, L. La Paglia, M. La Rosa, G. Lo Bosco, G. Renda, R. Rizzo, S. Gaglio, and
A. Urso. Deep learning models for bacteria taxonomic classification of metagenomic data. BMC
bioinformatics, 19:61-76, 2018.

[18] D. Fioravanti, Y. Giarratano, V. Maggio, C. Agostinelli, M. Chierici, G. Jurman, and
C. Furlanello. Phylogenetic convolutional neural networks in metagenomics. BMC bioin-
formatics, 19:1-13, 2018.

[19] J. J. Gillespie, A. R. Wattam, S. A. Cammer, J. L. Gabbard, M. P. Shukla, O. Dalay, T. Driscoll,
D. Hix, S. P. Mane, C. Mao, et al. Patric: the comprehensive bacterial bioinformatics resource
with a focus on human pathogenic species. Infection and immunity, 79(11):4286-4298, 2011.

[20] N. Gruber and J. N. Galloway. An earth-system perspective of the global nitrogen cycle. Nature,
451(7176):293-296, 2008.

[21] M. M. Gupta and A. Gupta. Survey of artificial intelligence approaches in the study of
anthropogenic impacts on symbiotic organisms—a holistic view. Symbiosis, 84(3):271-283,
2021.

[22] H.-J. Gwak and M. Rho. Vibe: a hierarchical bert model to identify eukaryotic viruses using
metagenome sequencing data. Briefings in Bioinformatics, 23(4):bbac204, 2022.

[23] J. Handelsman. Metagenomics: application of genomics to uncultured microorganisms. Micro-
biology and molecular biology reviews, 68(4):669—685, 2004.

[24] A. Hoarfrost, A. Aptekmann, G. Farfafiuk, and Y. Bromberg. Deep learning of a bacterial and
archaeal universal language of life enables transfer learning and illuminates microbial dark
matter. Nature communications, 13(1):2606, 2022.

[25] S. Hochreiter and J. Schmidhuber. Long short-term memory. Neural computation, 9(8):1735—
1780, 1997.

[26] M. A. Jackson, S. Verdi, M.-E. Maxan, C. M. Shin, J. Zierer, R. C. Bowyer, T. Martin, F. M.
Williams, C. Menni, J. T. Bell, et al. Gut microbiota associations with common diseases and
prescription medications in a population-based cohort. Nature communications, 9(1):2655,
2018.

[27] B. Ji, W. Pi, W. Liu, Y. Liu, Y. Cui, X. Zhang, and S. Peng. Hypervr: a hybrid deep ensemble
learning approach for simultaneously predicting virulence factors and antibiotic resistance genes.
NAR Genomics and Bioinformatics, 5(1):1qgad012, 2023.

[28] B. Jia, A. R. Raphenya, B. Alcock, N. Waglechner, P. Guo, K. K. Tsang, B. A. Lago, B. M.
Dave, S. Pereira, A. N. Sharma, et al. Card 2017: expansion and model-centric curation of the
comprehensive antibiotic resistance database. Nucleic acids research, page gkw1004, 2016.

[29] K. E. Jones, N. G. Patel, M. A. Levy, A. Storeygard, D. Balk, J. L. Gittleman, and P. Daszak.
Global trends in emerging infectious diseases. Nature, 451(7181):990-993, 2008.

[30] F. H. Karlsson, V. Tremaroli, I. Nookaew, G. Bergstrom, C. J. Behre, B. Fagerberg, J. Nielsen,
and F. Bickhed. Gut metagenome in european women with normal, impaired and diabetic
glucose control. Nature, 498(7452):99-103, 2013.

[31] K. Kurokawa, T. Itoh, T. Kuwahara, K. Oshima, H. Toh, A. Toyoda, H. Takami, H. Morita, V. K.
Sharma, T. P. Srivastava, et al. Comparative metagenomics revealed commonly enriched gene
sets in human gut microbiomes. Dna Research, 14(4):169-181, 2007.

[32] L. A. Lansdon, M. Cadieux-Dion, J. C. Herriges, J. Johnston, B. Yoo, J. T. Alaimo, I. Thiffault,
N. Miller, A. S. Cohen, E. A. Repnikova, et al. Clinical validation of genome reference
consortium human build 38 in a laboratory utilizing next-generation sequencing technologies.
Clinical chemistry, 68(9):1177-1183, 2022.

11



452
453

454
455
456

457

459
460
461

462
463
464

465
466
467

468
469
470

471
472
473

474
475

476
477

478
479
480
481

482
483
484

486

487
488

489
490
491

492
493
494

[33] S.J.Lee and M. Rho. Multimodal deep learning applied to classify healthy and disease states
of human microbiome. Scientific Reports, 12(1):824, 2022.

[34] S.Li, C.Zhang, F. Li, T. Hua, Q. Zhou, and S.-H. Ho. Technologies towards antibiotic resistance
genes (args) removal from aquatic environment: a critical review. Journal of Hazardous
Materials, 411:125148, 2021.

[35] Q. Liang, P. W. Bible, Y. Liu, B. Zou, and L. Wei. Deepmicrobes: taxonomic classification for
metagenomics with deep learning. NAR Genomics and Bioinformatics, 2(1):1qaa009, 2020.

[36] Z. Lin, H. Akin, R. Rao, B. Hie, Z. Zhu, W. Lu, N. Smetanin, A. dos Santos Costa, M. Fazel-
Zarandi, T. Sercu, S. Candido, et al. Language models of protein sequences at the scale of
evolution enable accurate structure prediction. bioRxiv, 2022.

[37] Z.Lin, H. Akin, R. Rao, B. Hie, Z. Zhu, W. Lu, N. Smetanin, R. Verkuil, O. Kabeli, Y. Shmueli,
et al. Evolutionary-scale prediction of atomic-level protein structure with a language model.
Science, 379(6637):1123-1130, 2023.

[38] J.Liu, S.-Y. Ye, X.-D. Xu, Q. Liu, F. Ma, X. Yu, Y.-H. Luo, L.-L. Chen, and X. Zeng. Multiomics
analysis reveals the genetic and metabolic characteristics associated with the low prevalence of
dental caries. Journal of Oral Microbiology, 15(1):2277271, 2023.

[39] S. Liu, C. D. Moon, N. Zheng, S. Huws, S. Zhao, and J. Wang. Opportunities and challenges of
using metagenomic data to bring uncultured microbes into cultivation. Microbiome, 10(1):76,
2022.

[40] H. Lu, D. J. Diaz, N. J. Czarnecki, C. Zhu, W. Kim, R. Shroff, D. J. Acosta, B. R. Alexan-
der, H. O. Cole, Y. Zhang, et al. Machine learning-aided engineering of hydrolases for pet
depolymerization. Nature, 604(7907):662—-667, 2022.

[41] S.S. Mande, M. H. Mohammed, and T. S. Ghosh. Classification of metagenomic sequences:
methods and challenges. Briefings in bioinformatics, 13(6):669-681, 2012.

[42] Y. Mao, X. Liu, N. Zhang, Z. Wang, and M. Han. Ncrd: A non-redundant comprehensive
database for detecting antibiotic resistance genes. Iscience, 26(11), 2023.

[43] L.J. Marcos-Zambrano, K. Karaduzovic-Hadziabdic, T. Loncar Turukalo, P. Przymus, V. Tra-
jkovik, O. Aasmets, M. Berland, A. Gruca, J. Hasic, K. Hron, et al. Applications of machine
learning in human microbiome studies: a review on feature selection, biomarker identification,
disease prediction and treatment. Frontiers in microbiology, 12:634511, 2021.

[44] A. Mathieu, M. Leclercq, M. Sanabria, O. Perin, and A. Droit. Machine learning and deep learn-
ing applications in metagenomic taxonomy and functional annotation. Frontiers in Microbiology,
13:811495, 2022.

[45] Y. Miao, F. Liu, T. Hou, and Y. Liu. Virtifier: a deep learning-based identifier for viral sequences
from metagenomes. Bioinformatics, 38(5):1216-1222, 2022.

[46] D. Miller, A. Stern, and D. Burstein. Deciphering microbial gene function using natural
language processing. Nature Communications, 13(1):5731, 2022.

[47] J. T. Morton, A. A. Aksenov, L. F. Nothias, J. R. Foulds, R. A. Quinn, M. H. Badri, T. L.
Swenson, M. W. Van Goethem, T. R. Northen, Y. Vazquez-Baeza, et al. Learning representations
of microbe-metabolite interactions. Nature methods, 16(12):1306—-1314, 2019.

[48] G. S. Navgire, N. Goel, G. Sawhney, M. Sharma, P. Kaushik, Y. K. Mohanta, T. K. Mohanta,
and A. Al-Harrasi. Analysis and interpretation of metagenomics data: An approach. Biological
Procedures Online, 24(1):18, 2022.

12



495
496
497

498

499
500
501

502
503

504
505
506

507
508

509

511

512
513

514
515

517
518

519
520
521

522
523
524

525
526
527

528
529
530

531
532

533

534
535
536
537

[49] E. Nguyen, M. Poli, M. Faizi, A. Thomas, C. Birch-Sykes, M. Wornow, A. Patel, C. Rabideau,
S. Massaroli, Y. Bengio, et al. Hyenadna: Long-range genomic sequence modeling at single
nucleotide resolution. arXiv preprint arXiv:2306.15794, 2023.

[50] J. O’Neill. Tackling drug-resistant infections globally: final report and recommendations. 2016.

[51] S. Park, Y. Koh, H. Jeon, H. Kim, Y. Yeo, and J. Kang. Enhancing the interpretability of
transcription factor binding site prediction using attention mechanism. Scientific reports,
10(1):13413, 2020.

[52] D. H. Parks and R. G. Beiko. Identifying biologically relevant differences between metagenomic
communities. Bioinformatics, 26(6):715-721, 2010.

[53] G. A. Pavlopoulos, F. A. Baltoumas, S. Liu, O. Selvitopi, A. P. Camargo, S. Nayfach, A. Azad,
S. Roux, L. Call, N. N. Ivanova, et al. Unraveling the functional dark matter through global
metagenomics. Nature, 622(7983):594-602, 2023.

[54] O. Press, N. A. Smith, and M. Lewis. Train short, test long: Attention with linear biases enables
input length extrapolation. arXiv preprint arXiv:2108.12409, 2021.

[55] J. Qin, Y. Li, Z. Cai, S. Li, J. Zhu, F. Zhang, S. Liang, W. Zhang, Y. Guan, D. Shen, et al. A
metagenome-wide association study of gut microbiota in type 2 diabetes. nature, 490(7418):55—
60, 2012.

[56] N. Qin, F. Yang, A. Li, E. Prifti, Y. Chen, L. Shao, J. Guo, E. Le Chatelier, J. Yao, L. Wu, et al.
Alterations of the human gut microbiome in liver cirrhosis. Nature, 513(7516):59-64, 2014.

[57] C. Quince, A. W. Walker, J. T. Simpson, N. J. Loman, and N. Segata. Shotgun metagenomics,
from sampling to analysis. Nature biotechnology, 35(9):833-844, 2017.

[58] D. Reiman, A. Metwally, and Y. Dai. Using convolutional neural networks to explore the
microbiome. In 2017 39th annual international conference of the IEEE engineering in medicine
and biology society (EMBC), pages 4269—4272. IEEE, 2017.

[59] D. Reiman, A. A. Metwally, J. Sun, and Y. Dai. Popphy-cnn: a phylogenetic tree embedded
architecture for convolutional neural networks to predict host phenotype from metagenomic
data. IEEE journal of biomedical and health informatics, 24(10):2993-3001, 2020.

[60] J. Ren, N. A. Ahlgren, Y. Y. Lu, J. A. Fuhrman, and F. Sun. Virfinder: a novel k-mer based
tool for identifying viral sequences from assembled metagenomic data. Microbiome, 5(1):1-20,
2017.

[61] J. Ren, K. Song, C. Deng, N. A. Ahlgren, J. A. Fuhrman, Y. Li, X. Xie, R. Poplin, and F. Sun.
Identifying viruses from metagenomic data using deep learning. Quantitative Biology, 8:64-77,
2020.

[62] L. Richardson, B. Allen, G. Baldi, M. Beracochea, M. L. Bileschi, T. Burdett, J. Burgin,
J. Caballero-Pérez, G. Cochrane, L. J. Colwell, et al. Mgnify: the microbiome sequence data
analysis resource in 2023. Nucleic Acids Research, 51(D1):D753-D759, 2023.

[63] C. S. Riesenfeld, P. D. Schloss, and J. Handelsman. Metagenomics: genomic analysis of
microbial communities. Annu. Rev. Genet., 38:525-552, 2004.

[64] S.]J. Rigatti. Random forest. Journal of Insurance Medicine, 47(1):31-39, 2017.

[65] H. Salgado, I. Martinez-Flores, V. H. Bustamante, K. Alquicira-Herndndez, J. S. Garcia-Sotelo,
D. Garcia-Alonso, and J. Collado-Vides. Using regulondb, the escherichia coli k-12 gene
regulatory transcriptional network database. Current protocols in bioinformatics, 61(1):1-32,
2018.

13



538
539
540

541
542

543
544

545
546

547
548

554
555

556
557

558
559
560

561

563

564
565
566

567
568
569

570
571
572

574
575

576
577

578
579

[66] N. Segata, L. Waldron, A. Ballarini, V. Narasimhan, O. Jousson, and C. Huttenhower. Metage-
nomic microbial community profiling using unique clade-specific marker genes. Nature methods,
9(8):811-814, 2012.

[67] R. Sennrich, B. Haddow, and A. Birch. Neural machine translation of rare words with subword
units. arXiv preprint arXiv:1508.07909, 2015.

[68] D. Sharma, A. D. Paterson, and W. Xu. Taxonn: ensemble of neural networks on stratified
microbiome data for disease prediction. Bioinformatics, 36(17):4544-4550, 2020.

[69] I. Steinwart and A. Christmann. Support vector machines. Springer Science & Business Media,
2008.

[70] J. Su, M. Ahmed, Y. Lu, S. Pan, W. Bo, and Y. Liu. Roformer: Enhanced transformer with
rotary position embedding. Neurocomputing, 568:127063, 2024.

[71] A. Tampuu, Z. Bzhalava, J. Dillner, and R. Vicente. Viraminer: Deep learning on raw dna
sequences for identifying viral genomes in human samples. PloS one, 14(9):¢0222271, 2019.

[72] C. A. Tataru and M. M. David. Decoding the language of microbiomes using word-embedding
techniques, and applications in inflammatory bowel disease. PLoS computational biology,
16(5):¢1007859, 2020.

[73] O. K. Tawfik and D. S. Enzyme promiscuity: a mechanistic and evolutionary perspective.
Annual review of biochemistry, 79:471-505, 2010.

[74] T. Thomas, J. Gilbert, and F. Meyer. Metagenomics-a guide from sampling to data analysis.
Microbial informatics and experimentation, 2:1-12, 2012.

[75] Q. Tu, L. Lin, L. Cheng, Y. Deng, and Z. He. Ncycdb: a curated integrative database for fast and
accurate metagenomic profiling of nitrogen cycling genes. Bioinformatics, 35(6):1040-1048,
2019.

[76] A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N. Gomez, L. Kaiser, and
I. Polosukhin. Attention is all you need. Advances in neural information processing systems,
30, 2017.

[77]1 A. Wichmann, E. Buschong, A. Miiller, D. Jiinger, A. Hildebrandt, T. Hankeln, and B. Schmidt.
Metatransformer: deep metagenomic sequencing read classification using self-attention models.
NAR Genomics and Bioinformatics, 5(3):1qad082, 2023.

[78] J. Wu, J. Ouyang, H. Qin, J. Zhou, R. Roberts, R. Siam, L. Wang, W. Tong, Z. Liu, and T. Shi.
Plm-arg: antibiotic resistance gene identification using a pretrained protein language model.
Bioinformatics, 39(11):btad690, 2023.

[79] J. Xiao, L. Chen, Y. Yu, X. Zhang, and J. Chen. A phylogeny-regularized sparse regression
model for predictive modeling of microbial community data. Frontiers in microbiology, 9:3112,
2018.

[80] R. Xie, J. Li, J. Wang, W. Dai, A. Leier, T. T. Marquez-Lago, T. Akutsu, T. Lithgow, J. Song,
and Y. Zhang. Deepvf: a deep learning-based hybrid framework for identifying virulence factors
using the stacking strategy. Briefings in bioinformatics, 22(3):bbaal25, 2021.

[81] H. Yan, A. Bombarely, and S. Li. Deepte: a computational method for de novo classification of
transposons with convolutional neural network. Bioinformatics, 36(15):4269-4275, 2020.

[82] T. Yu, H. Cui, J. C. Li, Y. Luo, G. Jiang, and H. Zhao. Enzyme function prediction using
contrastive learning. Science, 379(6639), 2023.

14



580
581
582

583
584

585

586
587
588
589

590

591
592

593

594
595
596

597

598

599

600

601

603
604

605

606

607

608

609

610

611
612

613
614

615

616

617

618

619
620

621

622
623

[83] L. Zhang, F. Chen, Z. Zeng, M. Xu, F. Sun, L. Yang, X. Bi, Y. Lin, Y. Gao, H. Hao, et al.
Advances in metagenomics and its application in environmental microorganisms. Frontiers in
microbiology, 12:766364, 2021.

[84] Z. Zhou, Y. Ji, W. Li, P. Dutta, R. Davuluri, and H. Liu. Dnabert-2: Efficient foundation model
and benchmark for multi-species genome. arXiv preprint arXiv:2306.15006, 2023.

ChecKklist

The checklist follows the references. Please read the checklist guidelines carefully for information on
how to answer these questions. For each question, change the default [TODO] to [Yes] , , Oor
[N/A] . You are strongly encouraged to include a justification to your answer, either by referencing
the appropriate section of your paper or providing a brief inline description. For example:

* Did you include the license to the code and datasets? [Yes] See Section E}
* Did you include the license to the code and datasets? The code and the data are
proprietary.

* Did you include the license to the code and datasets? [N/A]

Please do not modify the questions and only use the provided macros for your answers. Note that the
Checklist section does not count towards the page limit. In your paper, please delete this instructions
block and only keep the Checklist section heading above along with the questions/answers below.

1. For all authors...
(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope? [Yes]
(b) Did you describe the limitations of your work? [Yes] See section [6]

(c) Did you discuss any potential negative societal impacts of your work? [Yes] See
section[Al

(d) Have you read the ethics review guidelines and ensured that your paper conforms to
them? [Yes]
2. If you are including theoretical results...

(a) Did you state the full set of assumptions of all theoretical results? [N/A]
(b) Did you include complete proofs of all theoretical results? [N/A]
3. If you ran experiments (e.g. for benchmarks)...
(a) Did you include the code, data, and instructions needed to reproduce the main experi-
mental results (either in the supplemental material or as a URL)? [Yes]

(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they
were chosen)? [Yes]

(c) Did you report error bars (e.g., with respect to the random seed after running experi-
ments multiple times)? [Yes]

(d) Did you include the total amount of compute and the type of resources used (e.g., type
of GPUs, internal cluster, or cloud provider)? [Yes]
4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...

(a) If your work uses existing assets, did you cite the creators? [Yes]

(b) Did you mention the license of the assets? The used coda and datasets are all
open-source.

(c) Did you include any new assets either in the supplemental material or as a URL? [Yes]

(d) Did you discuss whether and how consent was obtained from people whose data you’re
using/curating? [Yes]
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(e) Did you discuss whether the data you are using/curating contains personally identifiable
information or offensive content? [N/A] The datasets are all undergone ethical review

5. If you used crowdsourcing or conducted research with human subjects...

(a) Did you include the full text of instructions given to participants and screenshots, if
applicable? [N/A]

(b) Did you describe any potential participant risks, with links to Institutional Review
Board (IRB) approvals, if applicable? [IN/A]

(c) Did you include the estimated hourly wage paid to participants and the total amount
spent on participant compensation? [N/A]
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Supplement Material

A Social Impacts

Metagenomics offers significant benefits in fields like medicine and environmental science, yet it also
poses dual-use concerns. For instance, technologies designed to minimize disease can theoretically
be repurposed for harmful uses, such as biological weapons. The advancement of metagenomic
benchmarks could inadvertently facilitate such misuse. Additionally, while these technologies can
accelerate experimental processes, the need for traditional wet lab experimentation remains crucial.
Thus, developing robust, clinically validated benchmarks is essential for integrating metagenomic
methods into medical practice responsibly. This approach will ensure technological advances support
health and environmental management without replacing foundational experimental techniques.

B Necessity of Developing Metagenomic Benchmarks

Table Al: Comparison of Downstream Tasks for Genomic and Metagenomic Pre-trained Models.
The repetition of Transcription Factor Prediction tasks in the human and mouse categories suggests
that it may not present significant challenges. Demo and Dummy datasets are usually artificially
generated.

Model Category  Dataset Task #Seq. #Class
Core Promoter Detection (3) 4,904 2
Human Transcription Factor Pred. (5) 32,378 2
Promoter Detection (3) 4,904 2
DNABERT?2 Splice Site Detection (1) 36,496 3
Mouse Transcription Factor Pred. (5) 6,478 2
Yeast Epigenetic Marks Pred. (10) 11,971 2
Virus Covid Variant Class. (1) 717,669 9
Enhancers Cohn 27,791 2
Enhancers Ensembl 154,842 2
Human Regulatory 289,061 3
HyenaDNA gg;{ag;féﬁlr&o ters Regulatory Elements Class. ?gig; g
Demo Coding vs Intergenomic 100,000 2
Human vs Worm 100,000 2
Dummy Mouse Enhancers 1,210 2
Yeast Epigenetic marks Pred. (10) 25,953 10
- Promoter sequence Pred. (3) 59,194 2
NT - Enhancer sequence Pred. (2) 14,968 3
- Splice site Pred. (3) 19,775 2
- Chromatin Profiles Prediction (1) - 919
- Enhancer Activity (1) 14,968 50
Mul. Spe. E. coil K12 Gene Structure Pred. 4,315 1379
Mul. Spe. CARD-A ARG Pred. on AMR Gene Family 1,966 269
Mul. Spe. CARD-D ARG Pred. on Drug Class 1,966 37
FGBERT Mul. Spe. CARD-R ARG Pred. on Resistance Mechanism 1,966 7
Mul. Spe. VFDB Virulence Factor Pred. 8,945 15
Mul. Spe. ENZYME Enzyme Function Pred. 5,761 7
Mul. Spe. PATRIC Pathogenic Genes Pred. 5,000 110
Mul. Spe. NCycDB N Cycling Genes Pred. 213,501 68

In our analysis of applications and benchmarks, Table[AT|provides a detailed comparison of down-
stream tasks for genomic and metagenomic pre-trained models, highlighting datasets, tasks, sequence
numbers, and class counts. DNABERT?2 [84]] primarily engages in binary classification tasks such as
promoter and splice site detection in human, mouse, and yeast datasets. The numbers in parentheses
indicate the number of independent sub-datasets for each task, and the sequence count reflects the
size of the first sub-dataset. Notably, the Transcription Factor Prediction task recurs identically
for both human and mouse species, suggesting a uniform difficulty level and potentially reducing
the challenge due to its repetition across similar species. HyenaDNA [49]’s downstream tasks are
divided into two parts: GenomicBenchmarks, which includes 8 regulatory element classification
datasets with sequence lengths ranging from 200 to 500, and NT’s 18 prediction tasks. Beyond human
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Table A2: The detailed information of supported datasets in OpenMeta with source link.

Sequence-based

Structure-based

3

£ _

£ £3 %

g 3E 8 ) -
Model a Z= O Year  Link Description
SVM 51 51 51 Machine Learning
RF 51 51 51 Machine Learning
AdaBoost 51 51 51 Machine Learning
CNN 51 51 51 Deep Learning
LSTM 51 51 51 Deep Learning
Vanilla Transformer 51 51 51 Deep Learning
FGBERT 51 51 51 2024 Metagenomic pre-trained model for functional prediction.
DNABERT2 51 51 51 2023 https://github.com/MAGICS-LAB/DNABERT 2 Genomic pre-trained model trained on multi-species genomes.
HyenaDNA 51 51 51 2023 https://github.com/HazyResearch/hyena-dna Genomic pre-trained model trained over human reference genome.
Nucleotide Transformer 51 51 51 2023 https://github.com/instadeepai/nucleotide-transformer ~ Genomic pre-trained model trained on diverse human genomes.
CNN-MGP 51 51 51 2019 https://github.com/rachidelfermi/cnn-mgp Gene prediction using CNN network.
PlasGUN 51 51 51 2020  https://github.com/zhenchengfang/PlasGUN Gene prediction tool using multiple CNN network.
PLM-ARG 51 51 51 2023 https://github.com/Junwu302/PLM-ARG ARG identification framework using a pretrained protein language model.
DeepARG 51 51 51 2018  https://github.com/gaarangoa/deeparg ARG prediction software by and
RGI 51 51 51 2023 https://github.com/arpcard/rgi ARG prediction tools for annotating genes from scratch.
DeepVirFinder 51 51 51 2020  https://github.com/jessieren/DeepVirFinder Viral sequences prediction with reference and alignment-free CNNs.
ViBE 51 51 51 2022 https://github.com/DMnBI/ViBE Eukaryotic viruses identification with hierarchical BERT model.
ViraMiner 51 51 51 2019  https://github.com/NeuroCSUT/ViraMiner Viral genomes identification in human samples.
DeepVF 51 5151 2021  hup://deepvf.erc.monash.edu/ Viral factor identification with hybrid framework using stacking strategy.
HyperVR 51 51 51 2023 https:/github.com/jiboyalab/HyperVR Viral factors and mixing of ARG simultaneous prediction.
CLEAN 51 51 51 2023 https://github.com/tttianhao/CLEAN Enzyme function prediction using contrastive learning.
DeepMicrobes 51 51 51 2020  https://github.com/MicrobeLab/DeepMi T ic classification for ics with self-attention model.
PopPhy-CNN 51 51 51 2020  https://github.com/YDaiLab/PopPhy-CNN Host Phenotypes ion by systematic tree CNN network.

datasets, HyenaDNA incorporates Demo and Dummy datasets, typically used for initial testing and
validation, though they may lack the data authenticity and application value of specifically collected
datasets. Furthermore, NT [9]] covers 18 downstream tasks, primarily centered on transcription factor
binding, promoter prediction, and chromatin accessibility analysis, emphasizing its close relationship
with gene regulation mechanisms. While these genomic benchmarks perform well in single-species
analyses, they often fail to capture the inherent complexities of multi-species interactions present in
metagenomics. Specifically, the limitations of genomic benchmarks include (1) reliance on single-
species data, which overlooks the complex interactions in metagenomics; (2) lack of data diversity,
as their datasets are typically structured and uniform, lacking the environmental diversity required for
metagenomic studies; (3) limited functional prediction, focusing on sequence-based predictions
without integrating crucial functional annotations; and (4) inadequate model adaptability, as models
trained on single-species genomic data struggle to adapt to multi-species metagenomic data.

In contrast, FGBERT [13]], as a metagenomic pre-trained model, aims to address interactions within
different microbial communities and predict functions across various environments, covering diverse
tasks such as gene structure analysis, functional gene prediction, pathogenicity assessment, and
nitrogen cycle prediction. These tasks span gene, functional, bacterial, and environmental levels,
with input sizes ranging from 1,000 to 213,000 sequences, reflecting the diversity and complexity
of metagenomic data. Therefore, incorporating FGBERT’s multi-species genomic datasets into our
OpenMeta benchmark not only substantiates its proficiency in deciphering complex microbial func-
tions but also provides a solid framework for comparing and evaluating different models’ performance
in practical applications. This approach enhances our understanding and utilization of metagenomic
pre-trained models in biotechnology and environmental science.

C Datasets

We provide CSV files containing the categories and quantities of each dataset in the .zip fils.
We provide detailed descriptions of the 12 open-source datasets as shown in Appendix Table[A2]

Appendix Table[A3]shows detailed statistics for all sequence datasets in OpenMeta. The ‘Num. Seqs.’
column indicates the total number of sequences in the data set, and the ‘Num. Cates’ column shows
the number of different categories in the data set. The ‘Seqs/Cate Range’ column provides the range
of sequence numbers in each category, from smallest to largest. The ‘Avg. Len.” column indicates the
average length of the sequences. The ‘Source’ column describes the source of the data. The ‘Task
Type’ column indicates the type of task for which the data set was used.

Appendix Table |A4|shows detailed statistics for all hierarchical datasets in OpenMeta. The ‘Hierar-
chical Taxonomic Levels’ column means the Taxonomic Distribution in Metagenomic Datasets for
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Table A3: Statistical analysis of all sequence datasets.

Dataset Num. Seqs. Num. Cates Seqs/Cate Range (Min-Max) Avg. Len. Source Task Type

E-K12 4312 1379 1-106 510.96 Public Database  Multi-Classification
CARD-A AMR Gene Family 1966 269 1-229 1088.1 Public Database  Multi-Classification
CARD-D Drug Class 1966 37 1-513 1088.1 Public Database  Multi-Classification
CARD-R Resistance Mechanism 1966 7 1-1263 1088.1 Public Database  Multi-Classification
PATRIC Pathogenic Genes? 5000 110 1-1081 307.82 Public Database ~ Multi-Classification
ENZYME 5761 7 288-2055 426.76 Public Database ~ Multi-Classification
VFDB 8945 15 5-1683 415.47 Public Database  Multi-Classification
NCycDB Nitrogen Cycling Genes 219089 69 1-20548 347.03 Public Database  Multi-Classification
NCRD-N Gene Name 104363 1912 1-18370 407.44 Public Database  Multi-Classification
NCRD-F Gene Family 104363 420 2-35364 407.44 Public Database ~ Multi-Classification
NCRD-C Categories 104363 29 1-14159 407.44 Public Database  Multi-Classification
NCRD-R Resistance Mechanism 104363 10 166-38073 409.79 Public Database  Multi-Classification

Table A4: Statistical analysis of all hierarchical datasets.

Hierarchical Taxonomic Levels

Dataset  #Seq. Kindom Phylum Class Order Family Genus Specialized Source Tasks Type
Cirrhosis 542 3 15 27 40 76 186 531 Public Database  Binary-Classification
T2D 606 3 17 29 48 94 216 587 Public Database  Binary-Classification

Cirrhosis and T2D. ‘Kingdom’, ‘Phylum’, ‘Class’, ‘Order’, ‘Family’, ‘Genus’, and ‘Specialized’ are
all different taxonomic levels in the classification of organisms. Together, these taxonomic levels form
the system of taxonomy, which is commonly used to describe and classify the planet’s biodiversity.
Each level represents a classification of organisms from broad to specific.

D Results

Appendix Table[A5]and [AGshow the M.F1 metrics for gene operon and pathogen prediction on two
small-scale datasets, E-K12 and PATRIC (sequence length less than 5000).

E Implementation Details

In OpenMeta, we compare several genomic pre-trained models, including FGBERT, DNABERT?2,
NT, and HyenaDNA. Official implementations of these models can be accessed at the follow-
ing URL links: HyenaDNA: https://huggingface.co/LongSafari/hyenadna-medium-450k-seqlen-hf,
DNABERT?2: https://huggingface.co/zhihan1996/DNABERT-2-117M, and Nucleotide Transformer:
https://github.com/instadeepai/nucleotide-transformer. We have followed the default hyperparameters
described in their respective publications and maintained consistent settings across all datasets,
evaluating models at the checkpoints where validation loss was minimized. For sequence datasets, we
investigate the impact of three encoding strategies on model performance: K-mer (K=3) frequency
features, one-hot encoding features, and mean pooling embeddings from genomic and metagenomic
models such as HyenaDNA, NT, DNABERT?2, and FGBERT. The Macro F1-score (M.F1) is used as

Table A5: Gene Operon prediction on E-K12.

Method E-K12
RF (3-mer) 20.2
SVM (3-mer) 38.6
AdaBoost (3-mer) 39.9
LSTM (w2v) 40.4
LSTM (one-hot) 38.1
BIiLSTM (w2v) 40
BiLSTM (one-hot) 40.1

BiLSTM-Att. (w2v) 38.2
BiLSTM-Att. (one-hot) 40.8

VT 433
HyenaDNA 424
NT 45.1
DNABert2 51.7
FGBERT 61.8
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Table A6: Pathegons prediction on PATRIC.

Method E-K12
RF (3-mer) 20.2
SVM (3-mer) 38.6
AdaBoost (3-mer) 399
LSTM (w2v) 40.4
LSTM (one-hot) 38.1
BiLSTM (w2v) 40
BiLSTM (one-hot) 40.1

BIiLSTM-Att. (W2v) 38.2
BiLSTM-Att. (one-hot) 40.8

VT 433
HyenaDNA 424
NT 45.1
DNABert2 51.7
FGBERT 61.8

the primary evaluation metric. In fine-grained sequence datasets, particularly the NCRD dataset for
ARG prediction tasks, we evaluate three domain-specific models: the template-matching-based RGi,
the deep learning-based DeepARG, and the pre-trained language model-based approaches PLM-ARG
and FGBERT. Metrics used for evaluation included Accuracy, Precision, Recall, Macro F1-score, and
False Negative Rate. For hierarchical datasets, due to the limited number of labels per hierarchical
gene, we employed a variety of supervised models specifically designed for disease prediction, such
as RF, SVM, Adaboost, and 1D-CNN, in addition to the specialized PopPhy model.

F Observations and Insights

Fine-Gl‘ail’led Benchmarks. Precision Accuracy F1_Score Recall
. . - -
Regarding ARG resistance

antibacterial free fatty acid.

category classification on the beta-lactam

bicyclomycin-lik
o

NCRD dataset, the metagenomic
pre-trained method FGBERT
outperforms the other three ARG _
prediction methods in all per-  macroideiincosamide-streptogrami

multidrus
mupirocin-lik

formance metrics and almost all nittoimidazol
resistance categories, as shown
in Figure [AT] The performance
results in Table show that
DeepARG, a combination of ermcrcine S
traditional template matching o
methods and deep learning,

performs well in the gene name - Fioure Al: Performance comparison of FGBERT, DeepARG,
and resistance categories but PLM-ARG, and RGI on each antibiotic-resistant category.
fails to identify the gene family and mechanism categories, which is since no relevant data are

included in the model training process or insufficient information is available in the matching
dataset.RGI, as a template matching method, has a more general performance in all categories.
PLM-ARG based on protein language modeling provided results and high false-negative rates only
in the resistance category. FGBERT, as a metagenomic pre-trained model, performs well in all
categories, demonstrating its comprehensiveness and high performance in dealing with fine-grained
ARG assays, further proving the necessity and advantages of metagenomic pre-trained models.

n

DeepARG -

RGI - II
e [N AN RN AN RNRREN

DeepARG -
RGI -

FGBER
DeepARG
PLMARG -
RGI-
FGBERT
PLMARG -
RGI-
FGBERT
PLMARG -
PLMARG -

F.1 Genomic and Metagenomic Benchmark

Relation between Genomic Benchmark and Metagenomic Benchmark. While these benchmarks
excel in single-species genome analysis, they often fail to capture the complex interactions among
multiple species inherent in metagenomics. In contrast, metagenomic benchmarks aim to address
interactions within diverse microbial communities and functional predictions in various environments,

20



741
742
743
744
745
746
747
748
749

750

751
752
753
754
755
756
757
758
759

760
761
762

763
764

766
767
768
769
770
771
772

773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791

covering tasks such as gene structure analysis, functional gene prediction, pathogenicity assessment,
and nitrogen cycle prediction. Specifically, the limitations of genomic benchmarks include (1) their
reliance on single-species data, which misses the complex interactions in metagenomics; (2) lack of
data diversity, as their datasets are typically structured and uniform, lacking the environmental diver-
sity needed for metagenomic studies; (3) limited functional prediction, focusing on sequence-based
predictions without integrating crucial functional annotations; and (4) insufficient model adaptabil-
ity, as models trained on single-species genomic data struggle with multi-species metagenomic data.
These deficiencies underscore the urgent need to develop metagenomic benchmarks that can integrate
multi-species interactions and complex environmental factors.

(A) Metagenomic Pre-trained Models vs. Genomic Pre-trained Models:

Table [14]compares genomic and metagenomic pre-trained models, including pre-training datasets,
token embedding methods, network architectures, application tasks, and benchmarks. In terms of Pre-
Training Datasets, DNABERT?2 [84] utilizes human and multi-species genomes for its foundational
model pre-training, covering a vast dataset of 27.5 billion nucleotide bases from the Human reference
genome [32]] and 135 species genomes across seven categories. HyenaDNA [49], on the other hand,
is pre-trained solely on a single human reference genome. Nucleotide Transformer (NT) [9] pre-trains
on three datasets: the human reference genome [32], 3,202 diverse human genomes, and 850 genomes
from several species. In contrast, FGBERT [13]] employs the MGnify database (updated February
2023) [62]], comprising 2,973,257,435 metagenomic sequences from various microbial communities.

For Token Embedding, DNABERT? applies Byte Pair Encoding (BPE) [67]], while both HyenaDNA
and NT use 6-mer tokenization. FGBERT utilizes a unique protein-based genomic representation
tailored for metagenomic sequences.

Regarding Network Architecture, both DNABERT?2 and FGBERT adopt BERT-like structures [11];
DNABERT?2 enhances its predecessor by replacing learned positional embeddings with Attention with
Linear Biases (ALiBi) [54] to eliminate input length limitations and incorporates Flash Attention [10]]
to boost computational efficiency. FGBERT introduces contrastive learning to strengthen the intricate
relationships between metagenomic sequences and functions, proposing two pre-training tasks:
Masked Gene Modeling (MGM) and Triplet Enhanced Metagenomic Contrastive Learning (TMC)
to enhance co-representation learning of metagenomic gene sequences and functions. HyenaDNA
employs a simple stack of Hyena operators for next token prediction, while NT uses an encoder-only
Transformer architecture with Rotary Positional Embeddings (RoPE) [70] to enable reasoning over
longer sequences during training.

For Application and Benchmark, Table 2] provides a detailed comparison of downstream tasks for
genomic and metagenomic pre-trained models, highlighting the datasets, tasks, sequence numbers,
and class counts. DNABERT?2 focuses primarily on binary classifications of promoters and splice
site detection tasks across human, mouse, yeast, and virus datasets, with the number in parentheses
indicating the number of independent sub-datasets for each task and the sequence count reflecting
the size of the first sub-dataset. Notably, Transcription Factor Prediction task recurs for both
human and mouse species with identical dataset numbers, class numbers, and sequence lengths,
suggesting a uniform level of difficulty that may not present significant challenges due to its repetitive
nature across similar species settings. HyenaDNA’s downstream tasks are divided into two parts:
GenomicBenchmarks, consisting of 8 regulatory element classification datasets with sequence lengths
ranging from 200 to 500, and NT’s 18 prediction tasks. In addition to the human datasets, HyenaDNA
includes Demo and Dummy datasets. The inclusion of Demo and Dummy datasets, which are
typically used for initial testing and validation purposes. Additionally, NT covers 18 downstream
tasks primarily centered around transcription factor binding, promoter prediction, and chromatin
accessibility analysis, underscoring its detailed engagement with gene regulation mechanisms. FG-
BERT engages with various downstream tasks that address multi-species metagenomic sequences
through multi-class classification challenges. These tasks span across gene, functional, bacterial,
and environmental levels, accommodating input sizes that range from 1,000 to 219,000 sequences,
reflecting the diversity and complexity of metagenomic data.
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