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Abstract
DNA contigs binning is necessary to reconstruct metagenome-assembled genomes. Current metagenomic DNA contigs binning methods

often leverage coverage profiles across multiple related metagenomes and have demonstrated strong performance on co-assembled

contigs. However, in single-sample scenarios where coverage information is rare, their performance drops significantly, limiting the in-

depth development of metagenomics at the individual sample level. To address this issue, we propose DCVBin, a novel single-sample

metagenomic contigs binning method that incorporates semantic features extracted from a DNA language model. Specifically, our

approach continues pretraining on a DNA language model to capture more domain-specific semantic representations, which are then

integrated with 4-mer frequencies using a variational autoencoder. Clustering is subsequently performed using the k-means algorithm,

in which t he number of clusters is determined by single copy genes. Experimental results on six publicly available datasets demonstrate

that DCVBin achieves high-accuracy single-sample metagenomic binning and outperforms other state-of-the-art methods. Furthermore,

DCVBin is included into a disease diagnostic framework that is evaluated on a cohort of gut metagenomes from people with colorectal

cancer and healthy people. The framework is shown to be accurate in predicting colorectal cancer using gut metagenomes and has

identified a list of potential microbial biomarkers.

Keywords metagenomic binning, single-sample binning, DNA language model, semantic features, v ariational autoencoder, clustering
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Introduction

Microorganisms are the most diverse, abundant, and widely dis-
tributed organisms on Earth, pla ying a crucial role in many ecosys-
tems [1]. For example, human gut microbes have been discovered to 
be closely associated with several human diseases, such as colorec-
tal cancer (CRC) [2], showing potential value for d isease diagnosis
and treatment [3]. Metagenomic techniques can acquire the genetic 
material of all microorganisms from environmental samples with-
out laboratory cultivation, making them widely used in the study 
of microbial communities. However, due to factors preventing t he
assembly of complete genomes from metagenomic raw reads, binning
contigs into draft genomes becomes a necessary step for downstream
metagenomic analysis.

Current mainstream metagenomic binning methods mainly 
depend on two key features: the compositional characteristics of DNA
contigs and coverage profiles across multiple related metagenomes
[4]. While these methods have demonstrated effectiveness on both 
simulated and real datasets, their performance is heavily contingent 

upon the availability of multiple related samples—a requirement 
that presents significant practical challenges. The dependence on 
multi-sample cover age manifests three critical limitations: first, the
dimensionality of coverage features increases with the number of
metagenomes, creating computational burdens for large datasets
[5]. Second, empirical studies indicate that at least five related 
metagenomes are required for meaningful binning results [6]. 
Most importantly, matched multi-sample datasets are frequently 
unavailable in key research scenarios, including clinical investiga-
tions, retrospective studies, and longitudinal monitoring. In these 
constrained contexts, single-sample analysis has emerged as both 
a necessary alternative and a valuable methodological approach. 
Its efficacy i s particularly evident in CRC research, where single-
sample strategies have enabled (i) identification of Escherichia coli

as the dominant antibiotic resistance reservoir through individual
patient profiling [7]; (ii) detection of tumor progression-associated 
microbiome shifts, including oral bacterial translocation [8]; and (iii) 
derivation of microbial signatures predictive of adenoma–carcinoma
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transition from solitary biopsies [9]. These accomplishments collec-
tively demonstrate that single-sample metagenomics represents not 
merely a fallback option when multi-sample analysis is impossible, 
but r ather an essential paradigm for microbiome research when
sample matching is clinically impractical or biologically unfeasible.

To overcome the limitations of multi-sample dependency, we 
propose DCVBin, a method that incorporates semantic features of 
contigs into the binning process. First, DCVBin extracts compositional 
and semantic features of DNA contigs. The semantic features are 
obtained by a DNA language model, DNABERT_S, which is fine-
tuned on the DNA contigs to be binned in an unsupervised manner. 
Then, the two sets of features are pooled into a feature learning 
module based on a variational autoencoder (VAE). Finally, a k-means
clustering algorithm is performed on the latent embeddings of the
VAE to produce draft genomes. Experiments on several single-sample
metagenomes demonstrate that DCVBin reconstructs more high-
quality draft genomes than other tools. DCVBin is also integrated into
a diagnostic framework for CRC and is shown to outperform existing
prediction models in terms of accuracy.

The main contributions of this paper are summarized as follows. 
First, it leverages a DNA language model to extract semantic features 
from DNA contigs, overcoming the limitations of traditional methods 
that rely on coverage features. By further pretraining the language
model, deeper and more specific semantic features are extracted,
allowing for a more precise representation of DNA contigs in single-
sample metagenomes. Secondly, a joint feature fusion strategy using
VAE [10] and k-means clustering combines semantic features with tra-
ditional k-mer frequencies. By combining VAE with a target-adaptive 
continued pretraining (CPT) strategy, the model is able to capture 
domain-specific semantic representations, thereby effectively com-
pensating for the lack of abundance information. Simultaneously,
it eliminates the reliance on multi-sample coverage profiles, which
grants it unique advantages in single-sample scenarios where such
data are unavailable.

The remainder of this paper is organized as follows: Section 2 
discusses related work, Section 3 presents the details of the proposed
model, Section 4 covers the experimental results, and Section 5 con-
cludes the paper.

Related work 
Existing metagenomic binning methods can be divided into three 
categories based on the features used: composition feature-based 
methods, fusion of composition and coverage feature-based methods, 
and graph feature-based methods. 

(i) Composition feature-based methods 
The early binning methods primarily rely on composition fea-
tures of DNA sequences. TETRA [11] calculates tetra-nucleotide 
frequency differences and uses Pearson correlation [12]  for  
clustering. CompostBin [13] utilizes k-mer frequencies and 
phylogenetic information for clustering, while MetaCluster [14] 
applies unsupervised learning based on k-mer distributions. 
However, these methods struggle to distinguish sequences
from closely related genomes.

(ii) Fusion of composition and cover age feature-based meth-
ods
These methods assume that sequences from the same genome 
have similar abundance distributions across multiple

metagenomes. MetaBAT2 [15] combines composition and 
coverage features to compute distance matrices for clustering
using graph algorithms. VAMB [16] employs a VAE to map 
concatenated inputs of TNF and multi-sample coverage profiles 
into low-dimensional embeddings for k-medoids clustering.
MetaDecoder [17] uses a two-layer model: an improved 
Dirichlet Process Gaussian Mixture Model (DPGMM) [18] 
and a probabilistic model based on k-mer frequencies and 
single-copy marker genes. These methods are sensitive to 
sequencing depth and sample size, often suffering from
reduced performance when metagenomic data are sparse.

(iii) Graph feature-based methods
Graph-based methods like GraphBin [19] and HiCBin [20]  have  
improved metagenomic binning. GraphBin uses graph theory 
to partition contigs based on overlap, while HiCBin utilizes H i-
C data to build contact maps and applies HiCZin normalization
along with the Leiden algorithm [21]. Though effective, these 
methods are sensitive to assembly errors and heavily rely on
high-quality Hi-C data for accurate binning.
In summary, metagenomic contig binning methods have made 
significant progress but still face some limitations. For exam-
ple, in the case of single-sample metagenomes, most binning 
methods perform poorly due to the lack of effective cover-
age features.In contrast, our proposed DCVBin is expressly 
designed for single-sample scenarios b y substituting coverage
information with semantic features extracted from a DNA lan-
guage model. DCVBin tackles the computational challenge of
fusing compositional features with high-dimensional semantic
vectors, effectively managing the sparsity and complexity of
these embeddings within a unified VAE framework.

Materials and methods

The structure of the DCVBin model is shown in Fig. 1, consisting of 
three core stages. First, DCVBin extracts 4-mer frequencies and seman-
tic features from DNA contigs. The semantic features are obtained 
from a DNA language model, DNABERT_S, through a two-stage pro-
cess. First, DNABERT_S is continuously pretrained using DNA contigs 
to be binned, followed by a feature extraction stage where the trained 
model is used to generate the final semantic features. Next, the VAE
network is constructed to fuse and jointly learn the semantic and k-
mer features. Finally, the latent embeddings of the VAE are clustered
using k-means algorithm whose initial clusters number is determined
by single-copy genes (SCGs).

Preprocessing and features e xtraction
Compositional feature extraction

We utilize 4-mer frequency distributions to characterize sequence
composition, limiting k to 4 to balance phylogenetic signal retention 
against computational complexity. Our approach adheres to the de 
facto standards set by widely adopted binning tools such as MetaBAT2
[15]. 

Following the analytical framework established by the VAMB
method [16], we employ a constraint-based dimensionality reduction
strategy to process k-mer frequencies. Instead of empirical reduction, 
we explicitly construct a linear constraint system based on biological 
invariants, where each constraint constitutes a specific row in the
coefficient matrix A. The theoretical space of tetranucleotides is
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Figure 1 The structure of the DCVBin model.

governed by three fundamental dependency constraints that define
the structure of A. 

The first is the (i) Sum constraint: the sum of all k-mer frequencies 
must equal 1, i.e. 

PAAAA + PAATT + · · · +  PCCGC = 1 (  1)  

This global summation invariant forms the first row of our linear 
system. The second is the (ii) Complementarity constraint:  the  
frequency of a k-mer should be equal to the frequency of its reverse 
complement sequence, i.e. 

PAAAA = PTTTT , PCCCC = PGGGG (2) 

Incorporating these equality constraints allows us to group reverse 
complements, effectively reducing the initial parameter space to 136
canonical components. The third is the (iii) Edge constraint: The
marginal probabilities at different k-mer boundaries should remain
consistent, i.e.

PAAAA + PAAAT + PAAAC + P AAAG = PAAA (3)

This constraint represents the flux conservation law on the de Bruijn
graph, ensuring that the frequency influx into any trimer node equals
its efflux.

Collectively, these constraints define a linear system Ap = b,  whe  re
p represents the vector of the 136 canonical components. A rank
analysis of the coefficient matrix A reveals a rank of 33, indicating 
33 linearly independent constraints (comprising the 1 sum constraint 
and 32 independent edge constraints derived from canonical trimers).
To resolve the intrinsic feature space, we compute the null space
of A using Singular Value Decomposition, yielding an orthonormal
basis matrix B ∈ R136× 103. We then project the canonical frequencies
onto B, resulting in a compact 103D representation (136 − 33 =
103) that preserves all independent compositional information while
eliminating redundancy.

Semantic feature extraction
To capture high-level semantic information tailored to the specific 
microbial community structure, we utilize the DNABERT_S model [22] 
with a target-adaptive continued pretraining strategy. Unlike standard 
approaches that rely solely on static pretrained weights, our method 
dynamically adapts the model to the target metagenomic dataset prior
to feature extraction.

We generate a domain-specific pretraining dataset directly from the 
input contigs. Contigs longer than 20 kbp are retained and segmented 
into nonoverlapping 10 kbp fragments. To construct positive pairs for 
contrastive learning, we exhaustively combine segments derived from 
the same contig, enforcing a ”same-genome” constraint. The resulting
pair dataset is randomly partitioned into training and validation sets
with a 90:10 ratio to monitor convergence.

The model undergoes continued pretraining for three epochs using 
a curriculum learning framework designed to progressively enhance 
feature robustness. Stage I (Epoch 0): the model is optimized using 
a standard Hard Contrastive Loss, focusing on fundamental instance
discrimination without feature mixing. Stage II (Epochs 1–2): we intro-
duce Manifold Instance Mixup (MI-Mix) with a mixing coefficient
α = 1.0. This stage interpolates hidden states between samples, 
regularizing the model to learn smoother decision boundaries in the
semantic space.

Hyperparameters are configured to balance computational effi-
ciency with adaptation performance. The model is trained with a 
batch size of 8 and a maximum sequence length of 2000 tokens. We
employ the AdamW optimizer with a base learning rate of 1×10−6 and 
a scaling factor of 100. The contrastive temperature (τ ) is set to 0.05. 
A projection head maps the transformer embeddings to a 128D space 
for loss calculation. Following tr aining, the checkpoint with the lowest
validation loss is selected as the optimal encoder for the subsequent
extraction phase.

For the final representation, input contigs are tokenized into n k-
mers, denoted as I = (I1, I2, .  .  . , In). We extract the hidden states from 
the last transformer la yer, yielding a 768D vector for each token:

OIi ∈ R768, i = 1, 2, . . . , n (4)
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A global semantic vector is obtained via mean pooling across the
sequence dimension:

CPF = 
1 
n 

n∑
i=1 

O Ii
(5)

This 768D vector CPF serves as the semantic input for the downstream 
VAE fusion module.

Features fusion and learning
Encoder: hierarchical feature encoding and data

preprocessing
To effectively integrate the heterogeneous modalities of sequence 
composition and semantic information, we employ an early fusion 
strategy via feature concatenation. Specifically, the dimensionality-
reduced compositional feature and the semantic feature are con-
catenated to form a unified input vector. Here, we denote the 103D
compositional feature vector as KMF103 

in ) and the 768D semantic fea-
ture vector as CPF768 

in . We opt for a concatenation-based multilayer 
perceptron architecture. Our input consists of two fixed-length global 
feature vectors. The subsequent fully connected layers enable the 
model to automatically learn complex nonlinear interactions between
the compositional and semantic domains through backpropagation,
providing a computationally efficient and robust fusion capability.

The encoder is implemented as a three-layer fully connected neural 
network. The input layer processes the 871D concatenated vector, 
followed by two successive hidden layers with 256 neurons each. The
architecture culminates in two parallel output branches that generate
32D mean (μ) and standard deviation (σ ) vectors, respectively, param-
eterizing the latent space distribution.

Prior to feature encoding, input data undergo z-score normalization 
to ensure feature scale uniformity:

xz = 
x − μx 

σ x
, (6)

where μx and σx denote the feature-wise mean and standard devia-
tion.

Each layer of the encoder applies Leaky ReLU activation, which is
defined as

fL(c) = 

⎧⎨ 

⎩ 
c, c > 0 

αc , c ≤ 0
, (7)

where c is the input value and α is a small constant (typically 0.01) used 
to control the slope of the negative part. When c is less than or equal 
to 0, the output of the Leaky ReLU is αc, where the negative part is 
not completely discarded, ensuring that the neuron remains updated
during training.

Latent space representation: r eparameterization and
sampling

The encoder outputs mean vector μ = (μ1, μ2, .  .  . , μl) and standard 
vector σ = (σ1, σ2, .  .  . , σl) for the l-dimensional latent space. Each 
latent dimension zi is independently sampled from its corresponding
Gaussian distribution N (μi, σ 2 

i ) using the reparameterization trick:

zi = μi + σi · εi, εi ∼ N (0, 1) (8)

This per-dimension formulation ensures that the complete latent
vector z = (z1, z2, .  .  . , zl) follows a multivariate Gaussian distribution, 
with each dimension sampled independently from N (μi, σ 2 

i ). The 
reparameterization separates the stochastic component (εi)  from  the  
deterministic network outputs (μi, σ i), allowing gradient backpropaga-
tion through the sampling operation. After model convergence, these
latent representations z are clustered using K-means for downstream
analysis.

Decoder: feature reconstruction and output generation
The decoder is responsible for reconstructing the original input fea-
tures from the latent representation Z. This is achieved by using fully 
connected layers symmetric to the encoder but in reverse order. The
output is a vector X′ with dimensions 103+768, which is then split into 
two vectors: KMF103 

out (103 dimensions) and CPF768 
out (768 dimensions). 

The decoder’s goal is to generate outputs as close as possible to the
input features KMF103 

in and CPF768 
in , with the reconstruction error being 

minimized during the training process.

Loss function: optimization and regularization
To train the VAE model, a loss function is designed that optimizes 
both the reconstruction of the input features and the validity of the 
latent representation. The objective is to maximize the log-likelihood
of the data, ensuring that the encoded data’s probability distribution
matches the original data. The loss function is composed of three main
components:

Loss =α
∑

(KMF103 
out − KMF103 

in )2 

+ β
∑

(CPF768 
out − CPF768 

in )2 

+ γ
∑ 1 

2

(
σ 2 

i + μ2
i − log σ 2

i − 1
)

, (9)

where the first two terms are reconstruction errors of the two vectors,
using �2 loss as the reconstruction error metric. α and β are weighting 
coefficients controlling the influence of the reconstruction errors of 
the two feature types in the overall loss function. The last term is
the KL divergence, which is a measure of the difference between
two probability distributions. Here, γ is the weight coefficient for the 
KL divergence term, c ontrolling the influence of the regularization
term, and μ and σ are the mean and standard deviation of the latent
distribution, respectively.

To introduce nonlinearity and improve the stability of the training 
process, Batch Normalization (BatchNorm) is applied. Additionally,
Dropout is employed to mitigate overfitting during training.

Clustering 
We apply k-means clustering to obtain final draft genomes, randomly 
selecting k points from the VAE latent embeddings as initial centroids. 
Since k-means requires predefining the number of clusters, single-
copy marker genes are typically used to determine this number. These 
genes appear once per genome, so the ideal cluster count matches the
number of bins containing the same gene. However, due to assembly
errors and sequencing depth, some genomes may lack SCGs, meaning
using their number to define clusters could discard genomes, impact-
ing binning performance.

The method proposed in this paper determines the optimal clus-
ter number through a two-stage process. First, we identify SCGs by
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Table 1 MAGs quality criteria. 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
Quality grade Completeness Contamination 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

High quality ≥ 90% < 5% 
Medium quality ≥ 50% < 10% 
Low quality < 50% < 10% 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

predicting ORFs with Fr agGeneScan [23] and verifying them against 
reference databases. Note that FragGeneScan identifies gene regions 
but does not directly determine SCGs; SCGs are estimated by compar-
ing gene copy frequencies and validating against genomic databases.
Then, we use the third quartile (Q3) of marker gene counts as the
lower bound (k1) and the maximum count as the upper bound (k2). 
Subsequently, we perform k-means clustering for each integer k ∈ 
[k1, k 2] and select the value maximizing the silhouette score:

S = 
1 
N 

N∑
i=1 

b(i) − a(i) 
max(a(i) , b(i))

, (10)

where a(i) is the average intra-cluster distance for bin i, b(i) is its 
average distance to the nearest neighboring cluster, and N is the total 
bin count. This data-driven approach ensures robust cluster number
determination while minimizing outlier effects through the use of Q3 
for initial estimation.

Results 
Evaluation indicators 

In metagenomics, reliable species analysis based on metagenome bins 
requires accurate assessment of genome completeness and contam-
ination. To achieve this, we employ CheckM2 [24], a metagenome 
quality assessment tool, to evaluate the quality of genomes assem-
bled through clustering. According to the quality standards set by 
CheckM2, we quantify the number of draft genomes with contam-
ination levels below 5% and categorize them based on complete-
ness thresholds (≥ 50%, ≥ 60%, ≥ 70%, ≥ 80%, ≥ 90%), which 
serve as key metrics for evaluating clustering performance on real 
datasets. Furthermore, using the metagenome-assembled genomes
(MAGs) criteria [25], we categorize draft genomes into high-quality 
and medium-quality groups. The specific MAGs criteria are outlined in
Table 1. 

For simulated datasets with known labels, we evaluate clustering 
performance using three metrics: FMI (Fowlkes–Mallows Index), ARI 
(Adjusted Rand Index), and NMI (Normalized Mutual Information),
offering a comprehensive assessment for further optimization.

Dataset description 

To validate the effectiveness of the proposed method, this study uti-
lizes four real datasets (SRR17635647, SRR17635658, SRR17635503,
SRR17858159) and two simulated datasets (Sim5g, Sim10g). Table 2 
summarizes the detailed information of the datasets used in this study. 

The real datasets used in this study are sourced from the Human 
Vaginal Metagenome (HVM) project. Four single-sample metagenome 
datasets are randomly selected from this project for the experiments;
all datasets are publicly available on the NCBI website (https://www. 

Table 2 Detailed information of datasets used in experiments. 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
Data set Size (MB) Number of contigs N50 (bp) 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

SRR17858159 34.95 5822 1758 
SRR17635658 31.91 3542 2619 
SRR17635503 59.14 7830 2063 
SRR17635647 78.54 11 110 1532 
Sim5g 27.10 544 258 393 
Sim10g 43.80 981 315 263 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Table 3 Clustering metrics of four methods on two simulated datasets.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
Data set Indicator VAMB MetaBAT2 MetaDecoder DCVBin 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Sim5g ARI 0.529 0.571 0.862 0.887 
NMI 0.670 0.730 0.852 0.876 
FMI 0.651 0.665 0.894 0.915 

Sim10g ARI 0.688 0.687 0.772 0.876 
NMI 0.824 0.819 0.825 0.901 
FMI 0.728 0.727 0.802 0.892 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
Note: Bold values indicate the best performance for each metric.

ncbi.nlm.nih.gov/). Additionally, to further assess the performance of 
the method across different datasets, two simulated datasets, Sim-
5G and Sim-10G, are employed. These datasets are preconstructed
within the GraphBin [19] framework and contain 5 and 10 species, 
respectively. Both datasets are generated using the InSilicoSeq tool.

DCVBin outperforms other binning methods

In this study, the proposed method is compared with three main-
stream binning methods: VAMB, MetaBAT2, and MetaDecoder. To 
evaluate the clustering performance of each method across various 
datasets, two simulated datasets and four real datasets are used. 
All datasets are assembled using the MetaSpades assembler and
undergo identical preprocessing and normalization procedures. The
three compared clustering methods are executed with their default
parameters, as specified in their respective publications, to ensure
consistency in the evaluation.

(i) Simulated datasets
Table 3 presents the clustering results of the four methods on the 

Sim5g and Sim10g datasets, showing that DCVBin consistently outper-
forms the other three methods on both. On the simpler Sim5g dataset, 
DCVBin achieves the highest scores across all three metrics (ARI, 
NMI, and FMI), indicating superior clustering accuracy. Furthermore, 
on the more complex Sim10g dataset, DCVBin maintains the best 
performance across all evaluation metrics, confirming its robustness.
Notably, DCVBin’s advantage in NMI and FMI is significant; its FMI
score of 0.892 substantially surpasses MetaDecoder’s 0.802, represent-
ing a nearly 9% improvement in clustering consistency and accu-
racy. Overall, DCVBin demonstrates strong superiority and robustness
across datasets of varying complexity.

(ii) Real datasets
The number of genomes with different completeness thresholds

(≥ 50%, ≥ 60%, ≥ 70%, ≥ 80%, ≥ 90%) is separately counted 
when the contamination is below 5%. The CheckM2 evaluation results 
on the real datasets are shown in Fig. 2. For the SRR17635658 and 
SRR17858159 datasets, our method obtains the largest total number

https://www.ncbi.nlm.nih.gov/
https://www.ncbi.nlm.nih.gov/
https://www.ncbi.nlm.nih.gov/
https://www.ncbi.nlm.nih.gov/
https://www.ncbi.nlm.nih.gov/
https://www.ncbi.nlm.nih.gov/
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Figure 2 The number of bins with contamination below 5% and different completeness levels. (a) SRR17635658; (b) SRR17858159; (c) SRR17635647;
(d) SRR17635503.

of genomes, tied with MetaDecoder as the highest among the four 
methods. Moreover, our method recovers 10 and 6 genomes with
completeness ≥ 90% in these datasets, respectively, while MetaDe-
coder recoveres six and five genomes, respectively. This indicates that 
our method not only recovers more genomes but also produces the
greatest number of high-quality genomes on these two datasets.

For the SRR17635647 and SRR17635503 datasets, although MetaDe-
coder and MetaBAT2 recover a larger total number of genomes, most 
of these genomes have completeness below 90%, indicating limited 
ability to recover high-quality genomes. In contrast, our method recov-
ers more genomes with high completeness, demonstrating its superior
recovery capability for high-quality genomes.

To further validate the clustering performance of the model, we 
use the MAGs evaluation criteria to count and analyze the number
of high-quality and medium-quality genomes. The experimental
results are shown in Fig. 3. The results indicate that, on the 
SRR17858159 dataset, our method achieves the highest number 
of both high-quality and medium-quality genomes, demonstrat-
ing its superior ability to recover high-quality genomes from 
single metagenome samples in this dataset. Additionally, our 
method continues to perform outstandingly on the other three real 
datasets, achieving the greatest number of high-quality genomes. 
For instance, on the SRR17635658 dataset, our method success-
fully recovers 10 high-quality genomes, while the second-best
method, MetaDecoder, recovered only six. In terms of medium-
quality genomes, MetaBAT2 and MetaDecoder show relatively
better performance, suggesting that these methods may be more
suitable for recovering genomes with lower completeness in
certain scenarios. Nevertheless, the exceptional performance of

our method in recovering high-quality genomes underscores its
effectiveness in species identification and genome reconstruction
tasks.

Statistical significance analysis

To rigorously evaluate the clustering performance across multiple 
datasets, we apply a Friedman test followed by a Nemenyi post hoc 
analysis on six datasets, which include two simulated datasets and 
four real-world metagenomic datasets. The four methods are ranked
based on their primary evaluation metrics: ARI for the simulated
datasets and the number of high-quality bins for the real-world
datasets.

As shown i n Fig. 4a, DCVBin consistently performs the best across 
all six datasets, achieving an average rank of 1.00. MetaDecoder 
ranked second with an aver age rank of 2.00, followed by VAMB and
MetaBAT2, which displayed relatively weaker performance.

The Friedman test reveals statistically significant differences among 
the methods (χ2 = 16.53, P < 0.001), confirming that the observed per-
formance variations are unlikely to be attributed to random chance. 
The subsequent Nemenyi post hoc analysis, using a critical difference
(CD) of 1.91, confirmed that DCVBin significantly outperformed VAMB
(P = 0.007) and MetaBAT2 (P = 0.003). As illustrated in Fig. 4b,  the  
pairwise comparison P-values from the Nemenyi test further validate 
these significant differences between DCVBin and VAMB, as well as
between DCVBin and MetaBAT2.

Although the difference between DCVBin and MetaDecoder does 
not reach statistical significance under the Nemenyi test (P = 
0.536), DCVBin consistently ranked higher than MetaDecoder across
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Figure 3 The number of high- and medium-quality bins. (a) SRR17635658; (b) SRR17858159; (c) SRR17635647; (d) SRR17635503.

Figure 4 Statistical significance analysis. (a) Average rankings from the Friedman test across six datasets. (b) P-values from the Nemenyi post hoc test.

all datasets. This consistent ranking advantage demonstrates that 
DCVBin maintains a stable and robust performance across diverse
experimental conditions.

Ablation study 

We conduct ablation experiments on the Sim5g and Sim10g datasets 
to evaluate the contributions of CPT and VAE-based feature fusion.
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Table 4 Clustering metrics of four methods on two simulated datasets.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
Dataset Method ARI NMI FMI 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Sim5g K-mer 0.748 0.813 0.808 
DNABERT_2 0.445 0.588 0.563 
DNABERT_S 0.773 0.832 0.825 
DNABERT_S + CPT 0.854 0.869 0.889 
DNABERT_S + CPT + VA E 0.887 0.877 0.915 

Sim10g K-mer 0.749 0.831 0.785 
DNABERT_2 0.513 0.691 0.576 
DNABERT_S 0.811 0.872 0.835 
DNABERT_S + CPT 0.850 0.893 0.870 
DNABERT_S + CPT + VA E 0.876 0.902 0.892 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

As summarized in Table 4, we compare five configurations: (1) 
k-mer: a baseline using solely 4-mer compositional features; (2) 
DNABERT_2: a general-purpose comparison model; (3) DNABERT_S: 
the unadapted backbone model; (4) DNABERT_S + CPT: the backbone 
enhanced with domain-specific pretraining on target contigs; and 
(5) DNABERT_S + CPT + VAE: the full model that jointly encodes
and reconstructs compositional and semantic features via a VAE to
optimize latent embeddings.

Our ablation analysis highlights the contribution of each compo-
nent. As shown in Table 4,  the  k-mer baseline demonstrates rel-
atively robust performance across both datasets (ARI ≈ 0.75), sur-
prisingly outperforming the general-purpose DNABERT_2. Notably, 
DNABERT_2 struggles to capture the specific genomic patterns effec-
tively without adaptation, yielding the lowest scores on both Sim5g 
(ARI 0.445) and Sim10g (ARI 0.513). In contrast, DNABERT_S proves 
to be a superior foundation model, consistently surpassing both K-
mer and DNABERT_2. The introduction of the continued pretraining 
strategy (DNABERT_S + CPT) yields substantial gains, improving 
ARI from 0.773 to 0.854 on Sim5g, which confirms that domain-
adaptive pretraining effectively refines feature alignment to target
distributions. Crucially, the full model (DNABERT_S + CPT + VAE)
achieves optimal clustering results across all metrics and datasets. By
integrating adaptive semantic encoding with compositional features
through probabilistic fusion, the full model significantly enhances the
discriminative power of the latent embeddings.

We further assessed the generalization capability of CPT using 
cross-dataset transfer experiments on both simulated and real
datasets. The detailed results are provided in Supplementary Note 1 
and Supplementary Figs S1–S3. 

DCVBin assists analysis of potential 
disease-associated microbial biomarkers in colorectal

cancer

CRC is one of the most common malignant tumors in humans, primar-
ily driven b y genomic alterations that lead to abnormal cell prolifer-
ation [26–28]. Annually , ∼1 million new cases are diagnosed globally, 
with >600 000 deaths directly or indirectly attributed to the disease
[29, 30]. To address the challenge of low prediction accuracy for CRC 
based on human gut microbiome data, we apply our single-sample 
metagenomic contig binning model, DCVBin, to this field, demonstrat-
ing its research significance and practical value.

The prediction model framework is illustrated in Fig. 5a. First, the 
CRC metagenomic dataset CRC-AT (PRJEB7774) is obtained from the 

ENA database. This dataset includes 109 human samples, comprising 
46 healthy individuals and 63 CRC patients. After quality control, 
raw reads from these metagenomes are assembled into contigs. The 
dataset is then split into training and testing sets in an 8:2 ratio,
resulting in 87 samples for training and 22 samples for testing. Next,
the DCVBin model is employed to perform binning on the contigs
from the 87 training samples, generating 1891 draft genomes with
completeness ≥ 50% and contamination < 10%. These 1891 bins 
are further clustered into 596 species-level genome bins, which were
subsequently annotated using the GTDB-TK tool [31]. Finally, a binary 
classifier based on the random forest (RF) algorithm [32] is developed 
to predict disease status.

Using the constructed species database, species feature extraction is 
performed on both the training and testing sets, focusing on two main 
aspects: (1) the extraction of relative abundance features and (2) batch
effect correction (batch correction) for the extracted features.

The calculation formula for the relative abundance of species is as
follows:

Ab(i) = 
rci 

N∑
j=1 

rc j

, (11)

where Ab represents the relative abundance of species, which is 
calculated as the number of reads aligned to the species divided by
the species genome length, and N is the number of species.

Since the exact genome length of species is unknown, an alter-
native calculation method is employed [33], where the normalized 
read count for each contig is calculated by dividing the number of 
reads aligned to each contig by the length of that contig. The average 
value of all contigs assigned to a specific species is then used as
the relative abundance estimate for that species. Using this method,
relative abundance features are extracted for both the training and
testing sets, serving as the input features. The final feature dimensions
are 87×596 for the training set and 22×596 for the testing set, where 
87 and 22 represent the number of samples, respectively , and 596
denotes the number of species in the constructed database.

Batch effects can arise in multiple datasets due to factors such as
different experimental run batches and instrument variations [34, 
35]. These effects may introduce noise into the data, making it nec-
essary to remove the bias caused by batch differences to ensure the 
accuracy and reliability of the analysis results. The batch-corrected
feature vector matrix is then used as the input data for the subsequent
classification model.

We compare our method with two widely used disease prediction 
approaches based on metagenomic species composition: DeepMicro
[36] and GDmicro [37]. The model performance is evaluated using 
three metrics: accuracy (ACC), recall, and area under the curve (AUC). 
In the comparative experiments, both baseline methods are run using
their default parameter settings. Figure 5b summarizes the compari-
son results of the three methods across these metrics. Our proposed 
method outperforms the other two methods in terms of AUC, ACC, and 
recall values. The superior predictive performance of our method can 
be attributed to the use of the DCVBin model for constructing a species-
level genome database. This database supplements species informa-
tion lost in traditional feature extraction methods based on reference
sequences or binning methods. By providing more comprehensive
species information, it enhances the feature space and, consequently,
improves the accuracy of disease prediction.

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag241#supplementary-data
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Figure 5 Disease pr ediction flo wchart.

The contribution of each species feature is extr acted from the
trained RF model. Figure 5c displays the top 11 most important species 
in the disease prediction model. The species names are generated 
by the GTDB annotation tool, based on the current reference tree 
and classification standards. Some species names end with genus 
names and letter suffixes, indicating that these taxonomic units are not 
fully resolved and require further classification based on clustering 
rules and majority voting. Additionally, GTDB uses NCBI accession
numbers (e.g. sp9005339155) as placeholders for unnamed species.

These species may not yet be registered in the NCBI official database
but require confirmation through further research.

Statistical analysis is performed between the CRC group and the 
control group. The Mann–Whitney U test is applied, along with 
F alse Discovery Rate and Bonferroni corrections, to identify species
with significantly different abundances between the two groups. As
shown in Fig. 5d, the plot illustrates the statistical analysis of the 11
species from Fig. 5c between the CRC and control groups. Our analysis 
reveals that certain species, confirmed in previous studies, play
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significant roles in CRC diagnosis. Species such as Porphyromonas 
uenonis_A, Fusobacterium sp000235465, Lawsonibacter sp000177015, 
and Mediterraneibacter torques exhibit notable differences in 
abundance across the tests, highlighting their potential key roles 
in CRC diagnosis. Porphyr omonas uenonis_A is enriched in cancer
samples and belongs to the genus Porphyromonas, which is known for
its association with multiple diseases, including CRC [38]. In contrast, 
Lawsonibacter sp000177015 and Mediterraneibacter torques are more 
abundant in normal samples. Lawsonibacter sp000177015,  belon  ging
to the genus Lawsonibacter, is known for butyrate production [39], 
a key metabolite that fuels intestinal epithelial cells and is involved 
in carbohydrate metabolism and sodium absorption in the gut [40, 
41], making it essential for gut health. Mediterraneibacter torques is a 
dominant gut symbiont that helps maintain gut barrier function and
exhibits anti-inflammatory effects [42]. Notably, Peptostreptococcus 
sp900759325 and Prevotella sp002251385 are found to be more 
abundant in CRC samples than in control samples. These species, 
belonging to the genera Porphyromonas, Peptostreptococcus, and 
Pr evotella, are widely distributed in the oral cavity and gut and are
closely linked to respiratory infections, CRC, and other diseases [38]. 

In addition to these previously validated species, we also identify 
some strains not yet reported in the literature, which may hold sig-
nificant diagnostic potential for CRC. The marked differences in the 
abundance of these species suggest they could play crucial roles in the 
development or progression of CRC and may have potential as micro-
bial biomarkers for CRC diagnosis. For instance, an unknown species
N, within the class Alphaproteobacteria, shows increased abundance
in cancer samples, suggesting a possible association with disease
progression. The changes in this species’ abundance may affect the
gut microbial balance and it could serve as a potential biomarker for
early CRC diagnosis and mechanistic studies.

Conclusion 
Single-sample metagenomic binning is a pivotal technique in micro-
bial research. DCVBin distinguishes itself from standard binning meth-
ods by eliminating the reliance on multi-sample coverage profiles, 
making it uniquely effective for scenarios where such data are absent. 
By integrating high-dimensional semantic features from a DNA lan-
guage model (DNABERT-S) with k-mer frequencies, DCVBin demon-
strates that deep learning embeddings can effectively compensate for
the lack of abundance information inherent in single-sample data.
This study further underscores the power of continued pretraining,
which allows the VAE-based architecture to capture domain-specific
representations tailored to complex metagenomic landscapes.

Our generalization analysis reveals that while the model captures 
transferable semantic features—particularly when pretrained on 
large-scale datasets—this capability is scale-dependent. Ultimately, 
the consistent superiority of the Self-CPT strategy validates that 
target-specific refinement is indispensable for optimal precision in
single-sample binning. Crucially, the methodology underlying DCVBin
is versatile and holds significant potential for application across
diverse ecological contexts, from human microbiomes to varied
environmental samples.

While the proposed model establishes a robust baseline, certain 
challenges remain. The computational overhead and GPU dependency 
of Transformer-based architectures are higher than pure k-mer meth-
ods like MetaBAT2. To fully capture the inherent complexity of micro-
bial communities, future work will focus on optimizing inference 

efficiency and integrating broader feature types, such as structural
elements derived from assembly graphs. This multidimensional fea-
ture fusion strategy is expected to enhance model generalizability and
binning continuity, thereby making a significant contribution to com-
munity structure analysis, pathogen discovery, and environmental
biotechnology.

Key Points 

• DCVBin is a novel method for metagenomic genome reconstruc-

tion from a single sample, overcoming the need for multiple sam-

ples.

• The approach integrates DNA language model-derived semantic 
features with traditional sequence composition (4-mer frequen-

cies) using a variational autoencoder to improve contig represen-

tation.

• Extensive benchmarks across six datasets show that DCVBin out-

performs existing tools in single-sample binning accuracy.

• DCVBin is successfully integrated into a diagnostic framework for 
colorectal cancer prediction f rom gut microbiomes and for the 
identification of potential microbial biomarkers.
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