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Abstract

Accurate identification of microbial species is important for clinical
diagnosis, environmental monitoring, and evaluations in agriculture and
biotechnology. = Conventional culture- and alignment-based
metagenomic methods have several drawbacks, including inadequate
reference databases, the cost of digital compilations, and poor
resolution of closely related taxa and strains. This review explores how
Deep Learning is integrated into metagenomics to overcome these
limitations. The four architecture families, namely convolutional neural
networks, recurrent/LSTM networks, transformer-based genomic
language models, and graph neural networks, can be applied to resolve
taxonomic classification, genome-resolved binning, gene prediction and
functional annotation, and microbiome-phenotype association. The
review also discusses data preprocessing strategies as critical
determinants of model performance. Despite notable gains over
traditional methods, persistent challenges include reference
dependency, limited interpretability, data leakage, domain shift across
platforms and environments, and the absence of standardized
benchmarks. The review shows that future progress depends on
multimodal, reference-free foundation models validated on
taxonomically independent datasets to achieve generalizable,
interpretable, and biologically robust species differentiation.

Keywords: ldentification; Microbial species; Metagenomics; Deep
learning; Transformers.
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1. Introduction

Accurate microbial species differentiation is fundamental
to clinical diagnostics, environmental monitoring, food
safety, agriculture, and biotechnology. Laboratory
culturing of microorganisms, although basic, captures
only a small fraction of the microbial diversity in most
natural and host-associated communities, known as the
“great plate count anomaly” Metagenomics enables
culture-independent characterization of the collective
genetic material recovered from microbial communities,
providing access to taxonomic, functional, and ecological
information that conventional culture-based approaches
cannot readily provide.l Metagenomics directly
sequences genetic material recovered from the
environment or host-associated microbial communities.
It has transformed the understanding of microbial
ecology, human health, and biotechnology. The falling
cost of high-throughput sequencing has produced an
explosion of data, and DL complements conventional
methods by reducing limitations associated with
reference dependency, feature engineering, and complex
nonlinear relationships.l2 Because metagenomic data are
distinct, conventional techniques face obstacles. Deep
learning (DL), a popular area of artificial intelligence, can
address these challenges. Deep learning is increasingly
applied to metagenomic data because its representation-
learning capacity can capture complex sequence,
abundance and relational patterns relevant to taxonomic
classification, genome reconstruction, functional
prediction and host-phenotype association. This review
examines how deep learning approaches are being
integrated into metagenomic workflows to improve
microbial taxonomic resolution, species and strain
differentiation, genome reconstruction, and
interpretation of complex microbial communities, while
critically evaluating their limitations and prospects for
broader application.

2. Metagenomic foundations for microbial species
differentiation

The branch of metagenomics is built on some
fundamental and important principles, which include
culture independence, in which DNA (or RNA, in meta
transcriptomics) is extracted directly from a sample,
bypassing the bias introduced by selective cultivation
media and growth conditions; community-level
sampling, where metagenomics captures the collective
genomic content of all organisms present, including
bacteria, archaea, viruses, fungi, and other
microeukaryotes. Others are sequence-based inference:
Taxonomic and functional identity is inferred
computationally by comparing recovered sequences
(reads, contigs, or assembled genomes) against reference
databases or by de novo classification using sequence
composition; depth versus breadth trade-off: Because
community DNA is a mixture from many organisms at
vastly different abundances, sequencing depth
determines whether rare community members are
detected, while breadth of coverage determines how
completely each genome is represented; and
bioinformatic reconstruction: Raw sequence data must
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pass through quality control, assembly or mapping,
binning, and annotation steps before biologically
meaningful taxonomic or functional conclusions can be
drawn. Microbial species differentiation in metagenomes
is achieved by sequencing-based recovery and
classification of DNA from environmental, clinical, or
host-associated samples, where amplicon and shotgun
metagenomics  offer complementary  taxonomic
resolution. Amplicon sequencing, typically targeting
conserved marker genes like the 16S rRNA gene, offers an
economical way to recover sequences for microbiome
taxonomic profiling, but its utility for species- or strain-
level resolution is generally limited because many closely
related species or strains share similar marker
sequences. In contrast, shotgun metagenomics recovers
the entire DNA content of microbial communities and
thus provides more information for species-level
identification, strain-level differentiation, functional
analysis, and genome reconstruction.i34 Read length can
also affect taxonomic resolution. Short-read sequencing
yields high accuracy and depth but may fail to resolve
repetitive genomic regions and closely related genomes,
while long-read sequencing can resolve complex genomic
regions, structural variation, and genome assembly,
though it has historically had higher error rates and
greater computational requirements.is After sequencing,
reads are assembled into contigs and binned into
metagenome-assembled genomes (MAGs) using features
such as sequence composition and coverage to obtain
genome-level characterization of organisms, including
those that cannot be cultured.l67] After assembly and
binning, reads, contigs, or MAGs can be assigned to
specific microbial taxa using taxonomic classifiers that
rely on marker-gene similarity, k-mer composition,
whole-genome similarity, or reference databases.
However, accurate species- and strain-level assignment
still faces challenges due to incomplete reference
genomes, horizontal gene transfer, closely related taxa,
strain heterogeneity, uneven sample abundance,
sequencing errors, and chimeric or fragmented
assemblies.i®l These limitations provide an important
rationale for integrating deep learning with
metagenomics, as learned sequence representations may
capture complex discriminatory patterns beyond
conventional similarity- and reference-based
approaches.

a) Sequencing approaches in metagenomics

There are several complementary sequencing strategies
which are used depending on the resolution and scope

required:
- Amplicon metagenomics (marker-gene
sequencing): Targeted PCR amplification and

sequencing of conserved phylogenetic markers, most
commonly the 16S rRNA gene for bacteria/archaea,
and the 18S rRNA gene or ITS region for fungi. This
approach is cost-effective and well suited to broad
community profiling.

- Shotgun metagenomics: Random fragmentation and
sequencing of all DNA in a sample, generating short
reads (typically Illumina platforms) that are mapped
to reference genomes or assembled de novo. Shotgun
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sequencing provides both taxonomic and functional
(gene-level) information and achieves finer taxonomic
resolution than amplicon approaches, at greater cost
and computational burden. It provides the sequence
diversity needed for species-level classification, strain
resolution and genome-resolved analysis.

+ Long-read metagenomics: This uses third-
generation platforms to generate reads, spanning
kilobases to megabases. Long reads improve genome
assembly, resolve repetitive regions, and can span
entire operons, supporting strain- and species-level
differentiation. However, long-read platforms have
historically exhibited higher per-base error rates than
short-read platforms, although newer technologies
have substantially reduced these errors.

« Single-cell metagenomics (ScM): This process
involves the physical isolation of individual microbial
cells through microfluidics or flow sorting. This
approach directly links genomic content to individual
organisms, helping to avoid the assembly ambiguity of
bulk community sequencing, but it suffers from
amplification bias and low throughput (a major
limiting factor).

b) Traditional approaches for microbial species

identification

Beyond metagenomic sequencing, researchers have

developed numerous computational and molecular

approaches for species-level microbial identification.

Traditional alignment-based methods, such as BLAST,

Bowtie2, and BWA, are commonly used for metagenomic

sequence classification and taxonomic assignment

because they generate easily interpretable matches
against curated reference databases. However, these
methods are inherently limited by the availability, quality,
and taxonomic breadth of the reference genomes
included in the database. Reliance on reference databases
limits accurate classification of reads from poorly
represented or highly divergent species and contributes
to uncultured microbial “dark matter” Additionally,
alignment-based searches may be computationally
expensive for large metagenomic datasets when
searching against extensive reference databases. These
limitations are especially relevant for closely related
microbial taxa, where high genomic similarity hinders
species- and strain-level differentiation. Therefore, while
alignment-based methods provide valuable reference-
guided taxonomic evidence, their dependence on existing
databases and computationally intensive searches
necessitates complementary alignment-free and deep
learning approaches that can learn discriminative
sequence representations and potentially improve
classification of novel or poorly characterized microbes.

Alignment-based methods: Sequence reads or contigs

are aligned against curated reference databases (e.g.,

BLAST, Bowtie2, BWA) for taxonomic assignment based

on best-match identity. While accurate when close

references are available, these methods struggle with
novel or underrepresented taxa.

Marker gene-based methods: Beyond 16S rRNA, single-

copy universal marker genes enable faster, less

computationally intensive taxonomic assignment with
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higher resolution than rRNA alone, but still rely on
reference databases for classification.

Phylogenetic methods: Building phylogenetic trees
from resolved gene sets or whole-genome alignments can
place unknown sequences in an evolutionary framework.
This can improve confidence in species boundaries, but it
still requires significant computational time and high-
quality assemblies.

K-mer-based methods: Methods like Kraken2,
Centrifuge, and CLARK break sequences into small k-
mers and align them against pre-computed k-mer
databases. These methods are highly efficient and can
handle large volumes of data, but their performance
depends on choosing an appropriate k-mer length and
avoiding reference database biases.

3. Deep learning approaches for microbial species
differentiation

Deep learning (DL) is a family of machine learning
methods built on artificial neural networks with multiple
stacked layers, each learning increasingly abstract
representations of the input data (Table 1). DL models
learn feature extraction and classification jointly, end-to-
end, guided only by a loss function and gradient-based
optimization.29 Four architecture families dominate
current applications; they include:

3.1. Convolutional Neural Networks (CNNs)

In metagenomics, Convolutional Neural Networks
(CNNs) apply deep learning to raw DNA sequences, gene
prediction, and microbial classification. CNNs apply
learnable filters (kernels) that slide across an input,
detecting local patterns regardless of their position. This
property suits DNA and protein sequences, where short
motifs (transcription-factor binding sites, protein
domains, k-mer signatures) carry biological meaning
regardless of their exact location. In metagenomics, CNNs
have been applied to gene prediction; for example, CNN-
MGP numerically encodes candidate open reading frames
and passes them through stacked convolutional and max-
pooling layers to distinguish coding from non-coding
regions.l9 It is also applicable to identifying phage-
specific proteins directly from metagenomic sequencing
reads, as in DeephageTP. DeephageTP is an alignment-
free CNN classifier for tail proteins that traditional
homology searches often miss because of high phage
sequence diversity.[11l CNNs were also among the earliest
DL architectures tested for 16S rRNA gene fragment
classification and remain a standard baseline against
which more elaborate architectures are benchmarked.12]

3.2 Recurrent Neural Networks (RNNs)

Recurrent neural networks (RNNs) and their variants,
particularly long short-term memory (LSTM) networks,
model sequential dependencies by processing input
elements in order. In metagenomics, this property makes
them suitable for analyzing nucleotide sequences,
temporal abundance profiles and other ordered
representations in which relationships between
observations may extend across multiple positions or
time points. Unlike conventional machine-learning
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Table 1: Comparison of deep learning architectures applied to metagenomics

Architecture Mechanism Strengths Limitation Applications Taxonomic Tools

resolution

CNN Learnable filters slide across =~ Computationally efficient; detects Limited capacity to model long- Gene/ORF prediction (CNN- Coarse, typically CNN-MGP;
one-hot or embedded position-invariant local motifs (k- range dependencies; one-hot- MGP); phage protein read- or fragment- DeephageTP
sequence to detect local mer/domain signatures). encoded CNNs underperformed on identification (DeephageTP); level detection
motifs; pooling reduces short-read taxonomic early 16S fragment classification. rather than fine
dimensionality. classification.[13] taxonomic

assignment.

RNN /LSTM Processes the sequence step  Captures sequential/contextual Sequential computation limits Read-level species and genus Species/genus- DeepMicrobes

(+ by step via recurrent hidden  dependencies; embedding + attention parallelization; slower classification (DeepMicrobes). level.

attention) states; gated LSTM units design outperformed one-hot CNN and  training/inference and larger
retain long-range signal; self- hybrid baselines. [13] memory footprint than
attention weighs informative transformers.[14]
positions.

Transformer Self-attention relates every Efficient parallel training; strong long- Substantial GPU/compute cost for  Read classification Read- to species- MetaTransformer;
sequence position to every range dependency modelling; pre-training; general multi-species (MetaTransformer); level, depending MetagenBERT;
other position in parallel; transferable pre-trained embeddings models may need continued pre- metagenome-level embeddings on fine-tuning. DNABERT-2
pre-trained genomic reusable across tasks. training for microbiome for disease prediction
language models use masked specificity.[15.16] (MetagenBERT); foundational
or byte-pair-encoding genomic language modelling
objectives. (DNABERT-2).[17]

GNN Message passing propagates  Exploits assembly-graph or knowledge- Requires a well-constructed graph; Genome binning (GraphBin and Contig/genome- GraphBin;
and aggregates information graph connectivity that performance depends on graph related GNN binners); bin level rather MetagenomicKG
between connected nodes composition/abundance-only methods  quality and completeness. knowledge-graph-based than individual
(contigs, microbes, diseases)  discard; improves binning and disease- pathogen/disease prediction read level.
across an explicit graph association prediction. (MetagenomicKG).[17.18]
structure.

Hybrid Combine two or more Hybrid models can improve Added architectural and training Genome binning (VAMB, AAMB, Varies by VAMB; AAMB;

models architectures or feature performance by integrating complexity; more TaxVAMB); metagenome-level component TaxVAMB;
modalities — e.g., variational complementary sequence, abundance, hyperparameters to tune. phenotype prediction combining  architecture — MetagenBERT

autoencoders fusing
composition and abundance,
or recurrent/attention layers
atop k-mer embeddings.

taxonomic or graph-derived
information, although the magnitude of
improvement depends on the dataset
and task.

read embeddings with clustering
(MetagenBERT).

spans read-level to
genome-bin level.
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approaches that require predefined features, RNNs can
learn representations directly from sequential input data.
RNN and LSTM models have been used to classify
metagenomic sequences and identify microbes, with
nucleotide sequences or encoded k-mers provided as
ordered inputs. The ability to maintain information from
previous positions can help learn dependencies beyond
single-sequence motifs. LSTMs avoid the vanishing
gradient problem of standard RNNs by using a gating
mechanism to preserve information over longer
sequences. This makes them potentially useful for
classifying microbial taxa and recognizing sequence
patterns associated with specific organisms or genomic
functions. Despite these benefits, RNN/LSTMs have some
significant drawbacks. Because RNNs process data
sequentially, they can be less computationally efficient to
train than parallelized transformer architectures,
especially on large datasets. They might also struggle to
learn very long-range dependencies and could be
sensitive to sequence length and training data properties.
CNNs tend to perform better for learning local sequence
motifs and shorter-range patterns, while RNNs/LSTMs
are better suited for learning ordered or temporal
dependencies. While RNNs/LSTMs are useful for
sequential representations, transformers have largely
replaced them for Ilarge-scale genomic sequence
modelling because they are more parallelizable and
better at modelling long-range dependencies.

3.3 Transformer and genomic language models

A major advantage of transformers is their ability to
capture long-range contextual relationships while
allowing substantial parallelization during model
training. This contrasts with CNNs, which are particularly
effective at identifying local sequence motifs, and
RNN/LSTM  models, which capture sequential
dependencies but process information recurrently. Graph
neural networks (GNNs), in contrast, are particularly
appropriate when the biological information is naturally
represented as relationships among entities, such as
contigs, genomes or nodes in a microbial interaction
network. Thus, the choice of architecture should be
determined by the structure of the biological information
being modelled rather than by the assumption that one
architecture is universally superior. The increasing use of
transformer-based genomic language models also
introduces new possibilities for transfer learning and
foundation-model approaches in metagenomics. Instead
of training a model independently for every downstream
task, pretrained models can provide sequence
representations that can be fine-tuned for taxonomic
classification, functional prediction or microbial
identification. This approach may be particularly
valuable for metagenomic datasets with limited labelled
examples. However, the effectiveness of transfer learning
depends on the similarity between pretraining and target
datasets, the diversity of organisms represented during

pretraining, sequence length and computational
resources. Transformer models can also require
substantial memory and computational capacity,

particularly when processing long genomic sequences.

Journal of Biomedical Systems and Engineering

Transformer architectures have progressed from task-
specific sequence classifiers to pretrained genomic
foundation models. These models are trained on large
collections of largely unlabeled DNA sequences and can
subsequently be adapted to different downstream tasks,
reducing dependence on task-specific labelled datasets.
DNABERT demonstrated the potential of transformer-
based language modelling for genomic sequences by
learning contextual DNA representations using k-mer
tokens and masked-language modelling. These
representations could be transferred to several
downstream genomic prediction tasks.i1) DNABERT-2
subsequently improved tokenization and computational
efficiency using Byte Pair Encoding and was evaluated
across multiple species, supporting the potential for
more generalizable genomic representations.201 Similarly,
the Nucleotide Transformer family extended this
approach through large-scale pretraining on diverse
genomic sequences, demonstrating transferability across
multiple genomic prediction tasks.i3 For metagenomics,
these developments matter because pretrained sequence
representations may facilitate taxonomic classification,
species differentiation, and functional prediction,
particularly where labelled datasets are limited. However,
foundation models should not be assumed to eliminate
reference or database bias, since their performance
depends strongly on the diversity of organisms and
sequences represented during pretraining. Future
metagenomic applications will therefore require models
that are taxonomically diverse, computationally efficient
and transferable across microbial communities and
environments.

3.4 Graph neural networks

GNNs operate on data with an explicit relational or
topological structure, propagating and aggregating
information between connected nodes through message
passing. Metagenomic assembly naturally produces such
a structure: the assembly graph (e.g., a de Bruijn graph)
encodes overlap and connectivity relationships between
contigs that classical binning tools, which rely only on
per-contig composition and abundance, discard. Several
recent tools exploit this structure directly; for example,
GraphBin, which refines existing bin assignments by
propagating labels across the assembly graph.k1u A
variational-autoencoder-plus-GNN approach refines
contig embeddings using neighborhood information
from the assembly graph.[22l Lately, recent frameworks
formulate = metagenomic  binning explicitly as
representation learning over the assembly graph using
message-passing GNN layers.1 Beyond binning,
knowledge-graph-based approaches apply GNNs to a
curated graph linking microbes, genes, functions,
diseases, and drugs. This is to generate sample-level
embeddings that improve pathogen identification and
body-site classification relative to taxonomic profiling
alone.4 GNNs can also be applied to determine
relationships between genes, proteins, taxa, and
biological functions can be combined for functional
prediction and biological reasoning. A further use case is
pathogen and phenotype prediction, where genomic
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attributes can be modelled as connected nodes and edges.
By pooling information from adjacent nodes, GNNs can
discover patterns that may not be visible when
considering each sequence individually. = GNN
effectiveness depends on the graph's accuracy and
biological relevance, and building informative graphs
from diverse metagenomic data remains a significant
hurdle. Therefore, while CNNs are best for learning local
sequence motifs, RNN/LSTMs for sequential/temporal
patterns, and transformers for long-range contextual
patterns, GNNs are most useful when the metagenomic
problem is fundamentally relational/topological.

4. Data preprocessing and representation

The performance of deep learning models depends
strongly on the quality, representation and normalization
of metagenomic input data. Shotgun sequencing
produces millions of short reads containing sequencing
errors, adapter contamination, duplicates, host-derived
sequences and sequences from organisms poorly
represented in reference databases. Data preprocessing
and feature representation in metagenomics involve
cleaning raw sequencing reads, converting nucleotide
strings into numerical formats, and applying deep
learning architectures like convolutional networks
(CNNs), autoencoders, and attention-based models to
manage high-dimensional microbial profiles. The
performance of any deep learning model in
metagenomics depends heavily on how raw sequencing
output is transformed into a numerical representation
the network can consume. Unlike images or natural-
language text, DNA sequences are compositional, strand-
ambiguous, and high-dimensional at the read level, and
derived from mixtures of unknown and often previously
uncharacterized organisms. Researchers have developed
several complementary encoding strategies to address
these properties.

4.1. From raw reads to clean input

Shotgun metagenomic sequencing produces reads that
carry several kinds of noise before any biological
question is even asked. Sequencing errors accumulate
toward the ends of reads on most platforms; adapter
sequences left over from library preparation can appear
as spurious nucleotides. In host-associated samples,
host-derived DNA can add contamination and may
constitute a substantial fraction of sequencing reads. A
non-trivial share of reads will map back to the host
genome rather than to any microbe. None of this is
specific to deep learning; however, classical alignment-
based pipelines have always had to deal with it too.
Hence, quality trimming, host-read removal, and de-
duplication remain standard upstream steps regardless
of the downstream model. These steps interact with later
representation choices in ways that are easy to overlook.
Preprocessing choices propagate into downstream
feature representations and may therefore influence
model performance, particularly when fixed-length k-
mers or embeddings are used.

4.2 Sequence-level coding
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These methods have the significant benefit of being "end-
to-end," avoiding the computational expense of binning
techniques, whether alignment-free or not, or using
binning as a supplementary information source. The
simplest approach, one-hot encoding, represents each
nucleotide as a sparse binary vector (e.g., A =[1,0,0,0], C
=[0,1,0,0],G=10,0,1,0], T=10,0,0,1]), preserving the raw
sequence but producing an information-sparse
representation that treats each base independently and
represents the complementary (reverse) strand as an
entirely unrelated matrix.i131 This scheme underlies many
CNN-based genomic models, including CNN-MGP and
DeephageTP, which feed fixed-length one-hot matrices
directly into convolutional layers. 11011 However,
benchmarking on taxonomic classification of short
metagenomic reads found that one-hot-encoded CNN and
hybrid architectures achieved comparatively low
accuracy and confidence, motivating alternative
representations.3l The alternative that has become
dominant in taxonomic and phenotype-prediction
models is k-mer-based encoding. Sequences are
decomposed into overlapping substrings of length Kk,
which are then either counted to produce fixed-length
compositional frequency vectors (a natural extension of
classical tetranucleotide-frequency features), or treated
as discrete tokens, analogous to words in natural
language processing, and mapped to dense, learned
embedding vectors. DeepMicrobes popularized the k-mer
embedding approach for metagenomic reads, drawing a
direct analogy between k-mers and words in NLP;
replacing one-hot encoding with a learned k-mer
embedding layer was shown to substantially improve
classification  performance, reportedly because
embeddings can encode taxonomic similarity between k-
mers that one-hot vectors cannot capture.'sl Genomic
language models extend this idea further by pre-training
transformer-based tokenizers and encoders (e.g., byte-
pair-encoding tokenization in DNABERT-2) on very large
multi-species  corpora, yielding general-purpose
sequence embeddings that can be reused across many
downstream metagenomic tasks without retraining from
scratch.[152025]

4.3. Compositional and abundance features

Tetranucleotide-frequency profiles have long been used
as informative compositional signatures in microbial
genome binning, although their discriminatory
performance depends on genome characteristics and
task context. Later tools extended this fusion strategy
with adversarial autoencoders, contrastive and metric-
learning approaches, and semi-supervised bimodal
variational autoencoders that additionally incorporate
predicted or refined taxonomic labels.[2126271 Sequencing
depth varies from sample to sample, so raw counts are
not directly comparable across samples; because counts
within a sample are constrained to sum to a fixed total,
standard statistical assumptions of independence do not
hold, a problem generally referred to as compositionality.
The conventional recommendation has long been to
apply a log-ratio transformation, most commonly the
centered log-ratio (CLR), which normalizes each feature
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relative to the geometric mean of all features within a
sample and is intended to move compositional data into
a space where ordinary statistical and machine learning
methods behave more reasonably. It is worth noting,
though, that this recommendation is not as settled as it
might appear: in a systematic comparison across several
normalization schemes, Yerke et al. (2024) found that
simpler proportion-based normalizations (essentially
relative abundances, without the log-ratio machinery
matched or outperformed CLR and related
compositionally aware transformations when the
downstream task was a random forest classifier, which
complicates the assumption that more mathematically
principled normalization automatically translates into
better machine learning performance.i2si

4.4 Abundance-based approaches

Deep Learning approaches, through the autoencoding
hypothesis, offer an intriguing basis for task-adapted
dimensionality reduction.i8] Autoencoders can provide
task-adapted dimensionality reduction, although their
effectiveness depends strongly on sample size, model
complexity, regularization, and the quality of the
underlying abundance representation. The optimal type
of autoencoder to employ, however, remains poorly
understood and is still debated and under active research.
For instance, DeepMicro trains various autoencoder
types to determine which one extracts the most
important information for illness prediction from

metagenomic data.?9 Convolutional autoencoders
(CAEs), variational autoencoders (VAEs), sparse
autoencoders (SAEs), and denoising autoencoders

(DAEs) were all tested and produced good results;
however, none of them surpassed the other in terms of
performance, and the optimal approach varied
depending on the six different diseases it was tested on.
Ensdeepdp used ensemble learning to obtain the optimal
representation  while  accounting  for  these
particularities.3031 An illness score is derived from the
distance vector between the original input metagenome
and the rebuilt output. The experiment can be replicated
using numerous autoencoders, VAEs, and CAEs with
different designs and parameters, then select the top k
models. When analyzing a new metagenome, add the
most informative representations to the original feature
space by computing a matrix from the input data and the
k best models' representations of that data.

4.5. Handling sparsity, compositionality, and class
imbalance

Beyond the choice of encoding, metagenomic data
preprocessing must address several domain-specific
statistical challenges. Read- and taxon-abundance tables
are highly sparse (most taxa are absent or undetected in
most samples) and compositional (relative rather than
absolute abundances, which sum to a constant and
induce spurious correlations if analyzed with methods
that assume independence).l2l Quality control steps,
including adapter and low-quality base trimming, host-
read removal, and de-duplication, are typically
performed upstream of any DL model to reduce noise.

Journal of Biomedical Systems and Engineering

Class imbalance is also common, since a handful of
dominant taxa or a small set of characterized reference
genomes can dwarf rare or novel lineages in training
data; this can bias models toward already well-studied
organisms unless addressed through resampling, class
weighting, or self-supervised pre-training on unlabeled
sequence, which does not require balanced labelled
examples at all. Dimensionality reduction and
normalization are frequently used both to make
downstream models tractable and to mitigate
compositional artefacts.J Data leakage is a critical
concern in machine-learning benchmarking, particularly
when closely related genomes, contigs, or reads from the
same microbial species or strain occur in both training
and test datasets. This can produce overly optimistic
performance metrics, potentially obscuring the model's
ability to generalize to novel taxa, strains, or new
metagenomes.

5. Integration of deep learning with metagenomic
workflows

To support metagenome coherence, users can input data
beyond abundance tables, since raw metagenomic data
are not always suitable for DL. They vary and may
originate from external knowledge or the data itself.
Rather than replacing the metagenomic pipeline
wholesale, deep learning models are increasingly
integrated as specialized modules that plug into,
augment, or in some cases replace individual steps in the
conventional analysis workflow: quality control,
assembly, taxonomic profiling, binning, functional
annotation, and downstream statistical or phenotype
association analysis. Fig. 1 illustrates this integration
end-to-end for microbial species differentiation, from
raw sequencing reads through preprocessing, sequence
representation, and model inference to species-level
prediction and downstream application.

5.1 Taxonomic classification and profiling

Taxonomic classification is one of the most established
deep learning applications in metagenomics. When
training NNs for classification tasks, this data can be
directly combined with abundance data and displayed as
a taxonomy tree. Several methods for integrating
taxonomy data have been tested: MDeep groups.[3233i
Before employing dense layers, the authors created a
three-layer CNN meant to replicate the various levels of
phylogeny and their interconnections. TaxoNN uses a
similar but distinct method: it groups each abundance
unit by phylum and trains a CNN for each phylum to learn
characteristics unique to that phylum.34 Afterwards, the
network combines the feature vectors and uses them for
the final classification. After that, the issue shifts from the
species level to the phylum level, and each phylum is
examined independently before the dense layers. Ph-CNN
extends this concept by considering taxon proximity
using distance metrics from the taxonomic tree. The k-
nearest neighbors’ abundances are convolved via a
bespoke layer. The chosen distance metric significantly
affects this procedure. The disadvantage is that, despite
considering nearby taxa, it concentrates on local patterns
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Fig 1: Framework for integrating metagenomics and deep learning in microbial species differentiation

rather than processing the data's global structure.
Classical taxonomic classifiers rely on alignment or exact
k-mer matching against reference databases, which
struggle with reads from organisms poorly represented
in those databases. Alignment-free DL classifiers address
this by learning sequence-to-taxon mappings directly
from labelled training reads. DeepMicrobes established
the embedding-plus-recurrent-attention design for read-
level species and genus classification, and Meta
Transformer subsequently showed that a purely
attention-based (transformer) encoder could match or
exceed this performance with better training
efficiency.3141 These models are typically deployed as a
drop-in replacement for, or a complement to,
conventional k-mer-matching classifiers within a
standard shotgun-metagenomics pipeline, taking quality-
controlled reads as input and outputting per-read or per-
sample taxonomic assignments.[3s]

5.2 Genome-resolved metagenomics: binning

Genome-resolved metagenomics enables reconstruction
and analysis of metagenome-assembled genomes (MAGs)
from complex microbial communities. Metagenomic
assembly typically yields a highly fragmented set of
contigs that must be grouped (“binned”) into individual
putative genomes. Contigs from the same genome are
arranged into bins, each representing a distinct genome.
Metagenomic species identification is not only a matter of
accurately classifying reads, but also of de novo
reconstructing genomes from complex microbial
communities. Reads from multiple species may share
substantial sequence similarity, vary in abundance, and
contain repetitive or horizontally transferred regions,
making it hard to assign them to specific species. To
address these challenges, genome-resolved approaches
first assemble short or long reads into contigs, and then
use properties such as tetranucleotide frequencies,
coverage, sequence embeddings and assembly-graph
connectivity to group related contigs into metagenome-
assembled genomes (MAGs). This reconstruction enables
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analysis of the complete genomic context, which may
facilitate species identification, comparison of genomic
similarities, and more robust identification of closely
related species that may be difficult to differentiate at the
read level alone. Deep learning models are increasingly
valuable at this stage because they can integrate multiple
complementary signals, including sequence composition,
differential abundance, learned sequence embeddings,
and contig-contig relationships, to improve genome
binning and MAG reconstruction. Thus, accurate
microbial  species  differentiation in  complex
metagenomes should be viewed as a multistage problem
in which read-level classification and genome-level
reconstruction are complementary rather than
competing strategies. In this context, graph neural
networks are particularly relevant because assembly
graphs preserve relationships among connected contigs
and can provide structural information that treating each
sequence independently misses.

5.3 Gene prediction and functional annotation

Downstream of assembly and binning, genes and proteins
must be identified and functionally characterized. CNN-
based models such as CNN-MGP treat open-reading-
frame prediction as a sequence-classification problem
over numerically encoded candidate ORFs, while protein-
level CNN classifiers such as DeephageTP identify
functionally important but poorly conserved protein
families (e.g., phage tail proteins) directly from
metagenomic assemblies without relying on sequence
homology to characterized references. (10111 These tools
are typically inserted after assembly (and, where
applicable, binning) and before functional or taxonomic
interpretation. They provide alignment-free alternatives
or complements to homology-based annotation tools that
struggle with the substantial fraction of “dark matter”
genes lacking characterized homologs. Prodigal, the most
popular and effective tool in this field, has consistently
performed well across a variety of settings. Conventional
annotation pipelines remain important because most
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functional assignments still depend on homology, profile
models or curated databases. DL methods should
therefore be viewed primarily as complementary
approaches, particularly for poorly characterized
proteins and sequence “dark matter” Because they offer
extensive resources across numerous biological research
disciplines, these databases are widely utilized.I3¢!

5.4 Microbiome-associated phenotype prediction
While focusing on the functions of microorganisms in
humans, animals, plants, and ecological niches, recent
studies on microbial communities have actively
investigated metagenomics of environmental sample
diversity.371 A major downstream application of
metagenomics is linking microbiome composition or
function to host phenotypes such as disease status.
Historically, this has relied on species- or gene-
abundance tables derived from reference-based profiling,
fed into relatively shallow classifiers. Deep learning has
been integrated primarily by improving the front-end
representation: MetagenBERT builds phenotype-
prediction features directly from foundational read
embeddings rather than fixed abundance tables,
reporting competitive or superior performance across
several gut-microbiome disease benchmarks, including
cirrhosis and type 2 diabetes.ltsl Knowledge-graph-
informed GNN embeddings that incorporate known
relationships among microbes, functions, and diseases
have likewise been shown to improve pathogen and
disease-association prediction beyond what taxonomic
profiling alone provides. 24

5.5. Practical integration challenges

Nonetheless, several practical issues remain that affect
the adoption of deep learning in metagenomic pipelines.
Computational costs are high: transformer-based
genomic LMs require expensive GPUs for pretraining and,
in some cases, even inference when processing millions
of reads per sample.l1420 Interpretability is still a major
concern in medical and biotech settings.l2l However, this
dependency on references remains largely unresolved.
Most DL classifiers still rely on extensive reference-based
datasets, usually large, curated, and annotated training
datasets, which reduces their use for applications in
which the environment consists primarily of novel or
poorly defined taxa. However, reference-free methods
such as VAMB-style binning and self-supervised genomic
language models offer some remedy.l2381 Moreover,
extending a trained model to new taxa, samples, or
platforms typically requires retraining or transfer
learning, and performance gains have not always been
consistent across benchmarking datasets, highlighting
the need for common benchmarking standards.[2125]
Another concern when assessing deep learning-based
algorithms for metagenomic species differentiation is
data leakage and lack of external validation. If taxonomic
groups overlap between training and test datasets, the
model is likely to perform much better at distinguishing
between species because it has already encountered
similar samples during training. Specifically, training and
testing datasets may contain reads, contigs, genomes, or
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closely related strains from the same species or source,
leading to taxonomic overlap between the training and
testing datasets. In addition, benchmarks may be
contaminated if sequences used to train a model are
included in the test datasets or if the databases used for
pre-processing overlap with the test data. As a result, a
high accuracy score on a test dataset does not guarantee
the model's ability to discriminate between truly unseen
species or strains. Benchmarking should therefore use
taxonomically independent dataset splits, distinct
training and testing genomes, and external validation
datasets not used during model training or parameter
tuning. In addition, deep learning-based species
differentiation models may see a significant drop in
performance when applied to datasets from a different
sequencing platform because of variations in sequencing
technology, read length, error profiles, library
preparation, or bioinformatics preprocessing.
Furthermore, geographic and environmental biases may
arise if the training dataset comprises mostly
microorganisms from specific geographical areas, clinical
samples, hosts, or ecological niches, making the model
unable to generalize well to datasets comprising
microorganisms from other geographical areas or
ecosystems. Furthermore, a standard benchmark for
species-level differentiation that includes closely related
taxa, new or underrepresented organisms, multiple
sequencing platforms, and various environmental and
clinical scenarios is lacking. A standard benchmark that
incorporates these factors would be necessary to enable
meaningful comparisons of different deep learning
approaches and to determine whether model
improvements translate into real gains in microbial
species differentiation in practical metagenomics
applications.

6. Applications of deep learning in microbial species
differentiation

6.1 Clinical settings

Deep learning tools can accelerate diagnosis through
automation and improved laboratory tests. They are
mainly used for the following purposes (Table 2):

a. Metagenomic sequence classification

Metagenomic Sequence Classification has the significant
advantage of capturing all biological material present,
rather than targeting a single pathogen or specific DNA
region, as in traditional culture or standard PCR methods.
DCiPatho integrates 3-to 7-k-mer frequency features into
deep cross-fusion networks combining cross, residual,
and deep neural network components, accurately
identifying both learned and unlearned pathogenic
bacteria from genomics and metagenomics datasets.[39.40]
TCINet is a clinical diagnostic tool that uses a Sparse
Neural Network and a Hierarchical Reasoning model to
process raw sequencing reads and determine the
taxonomic (evolutionary) relationships of clinical
samples.l41l The sparse neural network forces the
network to ignore noise and respect evolutionary tree
relationships, while the hierarchical reasoning model
passes evidence up and down the evolutionary tree to
refine its final assessment.[41]
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b. Environmental settings

Environmental = microbiology  presents different
computational challenges, and deep learning offers
better solutions than traditional tools. Many
environmental microorganisms remain uncultured or
difficult to cultivate under standard laboratory
conditions. They exhibit extreme diversity and class
imbalance, as environmental samples contain a few very
common germs alongside numerous rare and new
species. This problem is compounded because standard
tools miss rare species. Finally, DNA extracted from
environmental microorganisms is fragmented and low-
coverage.31421 Traditional alignment-based bioinformatic
software such as BLAST and Kraken2 compares
uncultivated organisms' sequence similarity to reference
databases. However, this approach often fails because of
incomplete databases and fragmented sequencing
reads.#344 In contrast, alignment-free CNNs and genomic
language models such as DeepTaxa, DeepMicroClass, and
ICCTax can process raw reads or contigs to assign
taxonomic labels across heterogeneous ecological
specimens.[404445]

c. Agricultural & plant breeding

In agriculture, deep learning models address the
challenge of differentiating beneficial soil or rhizosphere
microbes from destructive phytopathogenic species.
They support metagenomic and biomarker classification
of rhizosphere microbial communities by analyzing them
to distinguish between healthy and pathogen-
suppressive soils. Models like MDeep and MetaPheno
integrate multi-modal features by combining sequence
data, metabolic potential, and evolutionary relationships
with traditional taxonomy to determine the pathogenic
potential of target microbial communities.46471 This
approach captures functional redundancy among distinct

species, decodes unclassified DNA from unknown species
(i.e., "microbial dark matter"), and exploits evolutionary
relationships between related species.

d. Food & industrial environment

CNNs classify microbial contaminants with 95-100%
accuracy, identifying 12 species of Gram-positive
bacteria, Gram-negative bacteria, and fungi. Yield
predictions are made in minutes per sample, compared
with traditional culturing methods that take 1 to 21
days.471 Real-time predictive fermentation control is
achieved with the following tools: A 1D/2D CNN
processes multi-sensor data for Lactiplantibacillus
plantarum and classifies batches collected in the first 24
hours of fermentation into successful, semi-successful, or
failed outcomes with 97.87% accuracy, providing
actionable early warnings to prevent batch failures.4849
Computer vision titer monitoring uses 1D-CNN models to
continuously measure, predict, and optimize the titer of
target products like gentamicin Cla, achieving an R? of
0.9862.1501 Autoencoders and one-class SVMs are used for
unsupervised contaminant detection. They flag
contaminated batches, achieving up to 1.0 recall and 0.99
specificity without requiring labelled contamination
training samples.’51 Finally, in silico trait screening uses
genome-scale deep learning models to perform virtual
phenotypic screening across large microbial strain
libraries and identify starters with desired industrial
traits such as biosafety, pleasant flavor, and texture.

7. Challenges and limitations

Deep learning-based microbial species differentiation
remains highly dependent on the quality, diversity, and
representativeness of training data and reference
databases. Training datasets may be biased toward well-
studied organisms, geographic regions, environments,

Table 2: Representative studies applying deep learning to metagenomic microbial species differentiation

Study  Objective Target Deep Training Performance Key Conclusion
Organism(s) Learning Dataset Metrics
Model
[44] Species-level 16S  Prokaryotic Hybrid CNN-  Greengenes2 Accuracy, F1, DeepTaxa reached
taxonomic 16S rRNA BERT 2024.09; full- calibration 92.96% species accuracy
classification sequences length and V3-  error and F1 0.9212,
V4 checkpoints outperforming DADA2,
QIIME 2, SINTAX, and
Kraken 2
[s6] Classify >3000 CNN-based Training on Classification =~ DL-TODA achieved
metagenomic bacterial DL-TODA over 3000 rate, rank- species accuracy 0.97,
reads without a species; 639- bacterial level accuracy, above Kraken2 and
reference species test set species; test species Centrifuge on the same
database data from 2454  accuracy test set, but low-coverage
genomes in species had poorer
639 species precision
[25] Fast, accurate Fungal ITS MycoAI-CNN  >5 million Species-level MycoAI-CNN was the
fungal ITS barcode and MycoAl-  labelled UNITE accuracy, fastest and most accurate
classification sequences BERT sequences speed, model, classifying
independent-  >300,000 sequences in 5
test min, while BERT better
benchmarking clustered rare or

unidentified taxa
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sequencing platforms, and publicly available genomes,
causing models to perform poorly on underrepresented
or novel taxa. Likewise, incomplete or biased reference
databases can skew taxonomic classification and prevent
identification of organisms with no close references.[52531
Another challenge is differentiating closely related
species, especially when their genomes are highly similar.
HGT exacerbates the problem as genes can move across
taxonomic groups, which may lead to models that rely
heavily on gene content or sequence features to assign
incorrect taxa. These issues are especially relevant for
metagenomic datasets that contain novel, rare, or highly
diverse species.24l The second main issue concerns
model reliability and interpretability. Deep learning
models can be black boxes, and we often do not know
which genomic features lead the model to assign a
particular species, or whether those features reflect a
biologically relevant signal. Domain shift also poses a
challenge: models trained on data from one laboratory,
geographic area, sequencing platform, or community may
not perform as well on another. Finally, data leakage can
occur when closely related genomes or samples appear in
both training and testing, inflating performance
estimates. Therefore, external validation on independent
datasets that differ taxonomically and/or geographically
is important yet infrequently done. A recent review
showed that many studies applying deep learning to
metagenomics use relatively small datasets, simulations,
or closely related validation datasets, which limits our
understanding of generalizability.l254 Lastly, widespread
adoption requires addressing computational cost,
reproducibility, and standardization. Large deep learning
models can require significant computational power for
training and inference, while differences in sequencing
protocols, preprocessing steps, databases, model
architectures, hyperparameters, and performance
metrics can limit reproducibility and comparability
between studies. To ensure that models perform well and
can be compared across platforms and different
biological contexts, we need standardized datasets,
benchmarking methods, reporting guidelines, and
independent validation. Studies should provide full
details of preprocessing and model specifications, avoid
data leakage, and assess generalizability on truly
independent datasets, with additional attention to
explainability and uncertainty estimation. Ultimately, the
continued advancement of microbial species
differentiation requires not only the development of
more accurate models but also the creation of
standardized, diverse, reproducible, and biologically
representative benchmarking frameworks. 1255531 Qverall,
for species-level taxonomic profiling, Kraken2 and
MetaPhlAn remain highly competitive, while DL-based
genome binners SemiBin and COMEBin outperform
commonly used methods such as MetaBAT2. Therefore,
current results suggest that DL-based methods are not
always superior to standard methods for all metagenomic
applications. Another major challenge is strain-level
taxonomic profiling. Differentiating strains remains an
unsolved challenge not only for DL-based approaches but
also for standard methods, owing to the large number of
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shared sequences and similarities between strains. CAMI
results also reflect inconsistent improvements from
applying DL at the strain level. To understand if DL offers
any improvement for strain-level profiling rather than
just species-level profiling, extensive comparisons with
state-of-the-art tools using identical data with similar
evaluation measures such as precision, recall, F1-score,
and abundance estimation, which unfortunately are
lacking in the current studies, are necessary.[s7

Conclusion

Deep learning has moved from a niche method to a
mainstream tool for metagenomics and has entered
alignment-free architectures for taxonomic classification,
joint representation learning approaches for genome
binning, sequence-based approaches for predicting genes
and functions, and increasingly powerful representations
for associating microbiome data with host phenotypes.
We expect these applications to continue to benefit from
improved data representations (e.g, from one-hot
encoding to k-mer embeddings and pretrained genomic
language models), as well as improvements to model
architectures. As the field moves forward, we see
increasing interest in combining multiple model
architectures (e.g., graph-aware transformer, taxonomy-
informed autoencoder) and multiple types of features
(e.g., composition, abundance, assembly graph, and prior
biological knowledge) within a single model, while at the
same time placing greater emphasis on interpretability,
computational cost, and reference-free generalization to
the vast amounts of microbial diversity that have yet to be
characterized. Despite this progress, notable challenges
remain. Although deep learning models show impressive
results on benchmark datasets, it is unclear how well
these translate to biological generalization because of
data leakage, taxonomic overlap, benchmark
contamination, reliance on references, sequencing
platform differences, and geographic and environmental
biases. Additionally, functional and phenotype
predictions are not yet mature because the underlying
processes that drive these traits are governed by complex
biological and environmental factors that cannot always
be inferred accurately from sequence alone. No
consensus exists on the gold standard for species-level
classification, and most studies lack external validation,
making direct comparisons across models challenging.
Together,; these limitations make it difficult to apply these
tools in clinical or environmental scenarios, where
models must be robust to variation in laboratories,
sequencing platforms, populations, and environments
while also producing interpretable and reproducible
predictions. Other factors that limit the utility of current
approaches include the cost of training large models, lack
of interpretability, and the need for high-quality training
data. Moving forward, we believe the most promising
path for improving deep learning approaches in
microbial genomics is through the development of
multimodal foundation models that combine information
from multiple sources (e.g., genomic sequences, k-mer
embeddings, genome or assembly graphs, functional and
protein information, and relevant clinical or
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environmental metadata) in a single framework. To
advance the state of the art in species-level differentiation
and functional and phenotypic prediction, we encourage
future studies to use taxonomically independent
datasets, present external validation, adopt standardized
benchmarks, and report measures of uncertainty, all of
which should be experimentally confirmed wherever
possible. In short, we anticipate that the future of deep
learning in microbial genomics lies not in maximizing
accuracy on specific tasks but in building models that are
generalizable, interpretable, and biologically validated,
so they can predict accurately beyond the data on which
they were trained.
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