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Abstract

Cancer’s heterogeneity necessitates precise subtype identification for effective diag-

nosis and treatment, which can be achieved by integrating multi-omics data to reveal

distinct molecular characteristics and enable personalized therapies. Recently, sig-

nificant efforts have been made through contrastive clustering methods to efficiently

identify cancer subtypes. However, existing approaches remain limited in effec-

tively capturing inter- and intra-view relationships in multi-omics data. Additionally,

most cancer subtyping methods often rely on random sampling to construct nega-

tive pairs, which may inadvertently engender false negatives. To overcome these

challenges, we propose a novel end-to-end self-supervised learning model named

Decoupled Contrastive Multi-view Clustering with adaptive false negative elimination

(DCMC). Specifically, DCMC adopts a multi-view clustering architecture that facil-

itates intra- and inter-view contrastive learning across distinct embedding spaces,

allowing view-specific information to be preserved while maintaining cross-view con-

sistency. We further introduce an adaptive false negative elimination framework to

progressively screen potential false negatives. Finally, pseudo-label rectification

is applied to enhance the quality of the learned representations and further refine

the clustering process. DCMC is evaluated on 10 commonly used cancer datasets

against 19 state-of-the-art methods, with experimental results validating its superior

performance. In the Liver Hepatocellular Carcinoma case study, differential expres-

sion analysis is performed to identify potential biomarkers, while the cancer subtypes

identified by DCMC are validated for their responses to specific therapeutic drugs.

The datasets and source code for DCMC are available online at https://github.com/

LinMengX/DCMC.
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Author summary

Cancer is a heterogeneous disease characterized by diverse etiologies and clini-
cal features. Different cancer subtypes exhibit substantial variations in prognostic
responses and treatment outcomes. Therefore, accurate subtype identification is
crucial for effective diagnosis and personalized therapeutic interventions. How-
ever, existing methods for cancer subtyping struggle to capture the inter- and
intra-view relationships in multi-omics data and often overlook the issue of false
negatives in contrastive learning. To address these issues, we introduce DCMC,
an end-to-end self-supervised learning model that employs a decoupled multi-
view clustering architecture to preserve view-specific information while ensuring
consistency across different omics. DCMC further enhances clustering quality by
integrating an adaptive false negative elimination framework to progressively filter
out misleading negative pairs, along with pseudo-label rectification to refine the
learned representations. Through tests on 10 widely adopted cancer datasets, the
experimental results consistently demonstrate that DCMC outperforms 19 state-of-
the-art methods in terms of − log10 P-values and the number of enriched clinical
labels. A case study on Liver Hepatocellular Carcinoma confirms the clinical
relevance and therapeutic drug sensitivity of DCMC-identified subtypes.

Introduction

Cancer is a complex disease involving abnormal cell growth characterized by uncon-
trolled proliferation, invasion of surrounding tissues, and potential metastasis to other
regions of the body [1]. Traditional diagnostic approaches relied heavily on the mor-
phological examination of tumors, although tumors with similar histopathological
features often display significant differences in clinical progression and treatment
responses [2]. Modern advances have revealed that each cancer type can consist
of multiple subtypes, each with distinct molecular characteristics and clinical signif-
icance [3]. The identification of these cancer subtypes has become pivotal in preci-
sion medicine, enabling targeted therapies and improving treatment outcomes for
patients [4]. By stratifying patients into biologically distinct subgroups, accurate can-
cer subtyping contributes to a more personalized approach to cancer diagnosis,
prognosis, and therapy [5].

Rapid advancements in high-throughput sequencing technologies and biotech-
nological innovations have made the acquisition of diverse omics data, such as
genomics, transcriptomics, proteomics, and epigenomics, increasingly accessible [6].
Comprehensive integration of these multi-omics datasets allows researchers to gain
a holistic understanding of the molecular mechanisms underlying cancer. Unlike
single-omics analysis, which only provides a limited view of molecular changes,
multi-omics integration can capture the interplay among various molecular layers [7],
thereby bridging the gap between genotype and phenotype. These advancements
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have driven the development of new computational methods aimed at more effectively identifying cancer subtypes,
enhancing our understanding of tumor heterogeneity and facilitating personalized medicine. Large-scale international ini-
tiatives, such as The Cancer Genome Atlas (TCGA) [8] and the International Cancer Genome Consortium (ICGC) [9],
have provided unprecedented opportunities to explore the complexities of cancer through multi-omics data, creating new
possibilities and challenges for cancer research.

In recent years, researchers have increasingly focused their attention on the integration, analysis, and interpretation
of large-scale multi-omics data [10]. Despite the valuable insights that comprehensive analysis of multi-omics data can
offer across different levels, the effective integration of consistent information from multiple omics remains a significant
challenge. According to the sequence of integration and clustering, existing methods can be classified into three main
categories [11]: early integration, late integration, and intermediate integration.

Early integration methods combine multi-omics data into a single matrix, applying clustering algorithms like K-
means [12] or Spectral clustering [13]. For example, LRAcluster [14] employs a low-rank approximation-based probabilis-
tic model to integrate multi-omics data, yet it struggles with increased dimensionality and fails to account for differences
in data distributions across omics. Late integration methods address some shortcomings of early integration by clustering
each omics dataset independently and subsequently merging the clustering results. This approach, exemplified by meth-
ods such as CC [15] and PINSPLUS [16], provides greater robustness against noise and bias. Specifically, each omics
dataset is clustered using the most suitable algorithm, and the resulting clusters are merged into a final consensus. How-
ever, both early and late integration methods fail to explicitly model interactions between omics layers, leading to the loss
of crucial information from each independent omics clustering.

Intermediate integration methods jointly reduce dimensionality and cluster data by constructing a unified representation
of multi-omics data without simple concatenation or independent clustering. Consequently, these methods have gradu-
ally become mainstream and can be further categorized into statistical, similarity-based, and deep learning-based meth-
ods [32]. MCCA [18] and MultiNMF [19] aim to maximize the correlation among multiple omics by projecting them into
a lower-dimensional space. Meanwhile, iClusterBayes [20] employs Bayesian variable selection to model multi-omics
data as latent variables, which helps in capturing the inherent structure of the data. Despite these advancements, tradi-
tional statistical methods continue to encounter challenges in accurately modeling complex and high-dimensional multi-
omics data. Instead, similarity-based methods, such as SNF [21] and NEMO [24], introduce strategies to construct simi-
larity matrices for each omics type and fuse them to capture inter-omics correlations. Specifically, SNF constructs a sim-
ilarity network for each omics type and uses message passing to integrate these networks into a unified representation.
SNFCC [22] combines SNF with CC to enhance clustering robustness, while NEMO applies radial basis function kernels
for similarity calculation. Moreover, MSNE [23] leverages a random walk algorithm across multiple networks to integrate
sample similarity, subsequently projecting the samples into a low-dimensional space. Although these methods improve
inter-omics integration, they often rely on predefined similarity measures that may not always capture the intricate relation-
ships among different data types.

More recently, deep learning-based methods have gained momentum for multi-omics cancer subtyping, leveraging the
powerful feature extraction capabilities of neural networks. Subtype-GAN [25] is a deep adversarial learning model that
extracts robust latent representations via adversarial training to tackle the heterogeneity of multi-omics data and employs
consensus clustering with a Gaussian mixture model to identify distinct cancer subtypes. DSIR [26] and DLSF [27] both
utilize deep subspace learning to derive a self-representation coefficient matrix, with the former integrating sparse sub-
space and manifold learning to capture global and local structures, and the latter employing a cycle autoencoder with a
self-expressive layer to adaptively fuse nonlinear features. MRGCN [28] encodes omics-specific expression and recon-
structs their similarity relationships through graph convolutional networks, consolidating full and partial multi-omics data
into a unified latent embedding space. Harnessing a suite of independent variational autoencoders, DILCR [30] disentan-
gles noise from omics data while capturing consistent latent representations.
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Additionally, contrastive multi-view clustering (MvC) methods have emerged as another promising avenue for can-
cer subtype identification. In general, most existing MvC methods for cancer subtype identification usually use the off-
the-shelf instances as positive pairs and construct negative pairs using random sampling [31]. For instance, Subtype-
DCC [32] employs pseudo-labels generated by data augmentations, treating augmented samples from the same sam-
ple as positive pairs and other samples as negative pairs. Similarly, DMCL [33] leverages the multi-view settings, con-
sidering the same sample across different views as positive pairs and different instances, regardless of the view, as neg-
ative pairs. However, a common limitation of these approaches is their reliance on random sampling to construct neg-
ative pairs, which can inadvertently introduce false negatives (FNs) due to the misclassification of similar instances as
negatives [34], thus misleading model optimization and degrading performance.

Although the above methods have made significant advances in cancer subtyping, several unresolved challenges per-
sist. Firstly, many approaches typically generate a unified latent representation by aggregating separately learned view-
specific embeddings, which results in an inability to fully capture the genuine shared information across both inter- and
intra-view relationships. Secondly, most existing contrastive methods rely on randomly selecting samples to construct
negative pairs, which often leads to intra-cluster samples being incorrectly treated as negative pairs with a high probabil-
ity. To address the above problems, we propose a method called Decoupled Contrastive Multi-view Clustering with adap-
tive false negative elimination (DCMC), as illustrated in Fig 1. Specifically, DCMC leverages a decoupled multi-view con-
trastive learning architecture that performs intra-view and inter-view contrastive learning in distinct feature spaces with the
aid of a cross-view decoder, thereby preserving view-specific information while ensuring cross-view consistency. In addi-
tion, an adaptive false negative elimination framework is employed to screen and rectify potential false negatives, effec-
tively reducing negative sampling bias and enhancing clustering performance. Comparative evaluations of DCMC and
19 alternative methods are performed on ten different multi-omics datasets, with experimental results consistently con-
firming that DCMC exhibits superior performance relative to other approaches. We further analyze the LIHC dataset to
demonstrate the clinical relevance and the therapeutic drug sensitivity of the identified subtypes.

Materials and methods
Method overview

In this section, we provide a detailed description of the proposed method, namely Decoupled Contrastive Multi-view Clus-
tering with adaptive false negative elimination for cancer subtyping (DCMC). As illustrated in Fig 1, the model comprises
two primary modules: Decoupled Contrastive Learning Framework and Adaptive False Negative Elimination Framework.
Specifically, we first utilize a decoupled contrastive learning framework to simultaneously capture cross-view consistency
and preserve intra-view information. Moreover, we propose an adaptive framework to address potential false negatives by
incorporating adaptive weights based on the similarity between the anchor and potential false negative samples. Finally,
the multi-omics data undergo feature extraction through DCMC, followed by clustering to predict cancer subtypes, the
identification of which is validated through comprehensive result analysis integrating clinical features and survival data.
The implementation details of DCMC are elaborated upon in the following sections.

Benchmark datasets

In this study, all methods are evaluated using ten cancer datasets from The Cancer Genome Atlas (TCGA), compris-
ing multi-omics data for Acute Myeloid Leukemia (AML), Breast Invasive Carcinoma (BRCA), Colon Adenocarcinoma
(COAD), Glioblastoma Multiforme (GBM), Kidney Renal Clear Cell Carcinoma (KIRC), Liver Hepatocellular Carcinoma
(LIHC), Lung Squamous Cell Carcinoma (LUSC), Ovarian Serous Cystadenocarcinoma (OV), Sarcoma (SARC), and Skin
Cutaneous Melanoma (SKCM). For each cancer type, integrative analyses are performed on three types of omics data,
including DNA methylation, mRNA expression, and miRNA expression. Both multi-omics data and corresponding clinical
information are directly obtained from reference [11]. A brief summary of these datasets is provided in S1 Table.
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Fig 1. The overview of the DCMC model. A DCMC is an end-to-end self-supervised learning model for cancer subtyping using decoupled contrastive
learning with adaptive false negative elimination. The multi-omics data are utilized as input features for the model. Once the embeddings are learned, K-
means clustering is applied to identify cancer subtype clusters. Finally, the subtyping results undergo model evaluation and downstream analyses, which

incorporate clinical features and survival data. B(b1) For each type of omics data, the dual embeddings f (v)a and f (v)b are generated by the view-specific
Siamese encoder. The target encoder is updated via Exponential Moving Average (EMA), and sg denotes the stop-gradient operation. Subsequently,

the cross-view decoder projects the embedding f (v)a onto a latent representation space. B(b2) The similarity scores are calculated from each batch of

embeddings f (v)b and a relative-similarity strategy is applied to screen potential false negatives. To separate potential false negative samples, threshold-
ing and top-k matching are utilized for negative selection. After that, DCMC leverages these selected negatives to rectify the targets of the overall loss
function, thus effectively alleviating the adverse effects caused by false negatives.

https://doi.org/10.1371/journal.pcbi.1013780.g001
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Generic multi-view datasets. To validate the effectiveness of the proposed DCMC method, we conduct comprehen-
sive experiments on four publicly available multi-view datasets. We begin with the COIL-20 dataset [35], a widely-used
benchmark containing 1,440 object images categorized into 20 classes, where each image is represented through three
heterogeneous feature types. The Fashion dataset [36] consists of 10,000 grayscale images of apparel from 10 cate-
gories, where three distinct feature sets are extracted from each image to form the views. Furthermore, the MSRC-v1
dataset [37] contains 210 images distributed across 7 distinct scene categories. For our experiments, we utilize three fea-
ture representations as separate views: CENT, CMT, and GIST. Finally, the Scene-15 dataset [38] includes 4,485 images
from 15 scene classes, for which we adopt a three-view representation based on PHOG, GIST, and LBP features.

Data processing. In the context of cancer datasets, features derived from RNA-seq and miRNA-seq data undergo
logarithmic transformation, with subsequent exclusion of miRNA features exhibiting zero variance. Furthermore, the top
2,000 features exhibiting the highest variance are selected from both gene expression and DNA methylation data. All
selected features are normalized to achieve a mean of zero and a standard deviation of one. Detailed descriptions of
the processed cancer datasets are presented in Table 1, while the original datasets are provided in S2 Table. Addition-
ally, to evaluate the model’s performance on a large and heterogeneous cohort, we construct a pan-cancer dataset [33]
by integrating eight cancer datasets, in which the cancer type of origin serves as the ground-truth label for each sample.
Comprehensive descriptions of the pan-cancer dataset are summarized in S1 Text.

View-specific siamese encoders

Let X = {X1,X2, … ,XV} denote a multi-omics dataset, where V represents the number of views. For the v-th omics mea-
surement (v = 1,2, … ,V), X (v) = {xv1, x

v
2, … , x

v
N}T ∈ ℝDv×N represents a collection of N data samples, each with a dimension-

ality of Dv. For each omics data type, the Siamese encoder [39] comprises an online encoder g (v)
a and a target encoder

g (v)
b , both sharing the same architecture but maintaining separate sets of weights. More specifically, the target encoder

g (v)
b serves as a momentum encoder [40], with its weights 𝜃b updated as an Exponential Moving Average (EMA) of the

online encoder’s parameters 𝜃a:

𝜃b ← 𝜉𝜃b + (1 − 𝜉)𝜃a (1)

where 𝜃b and 𝜃a denote the parameters of the target encoder g (v)
b and the online encoder g (v)

a , respectively. Here, 𝜉 ∈
[0,1) is a momentum coefficient that controls the update rate of the target encoder. Only the parameters 𝜃a are updated
through back-propagation, while the momentum update in Eq 1 ensures that 𝜃b evolves more smoothly than 𝜃a, stabilizing
the learning process.

Table 1. Comprehensive details for each cancer dataset employed in this study are provided. The datasets are characterized by the feature
dimensions of mRNA expression, miRNA expression, and DNA methylation, respectively.

Datasets Samples mRNA expression miRNA expression DNA methylation
AML 170 2000 558 2000
BRCA 621 2000 891 2000
COAD 220 2000 613 2000
GBM 274 2000 534 2000
KIRC 183 2000 796 2000
LIHC 367 2000 852 2000
LUSC 341 2000 878 2000
OV 287 2000 616 2000
SARC 257 2000 838 2000
SKCM 448 2000 901 2000

https://doi.org/10.1371/journal.pcbi.1013780.t001
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For a given mini-batch of instances, the inputs are processed through g (v)
a and g (v)

b to generate the corresponding view-
specific embeddings for each omics data type, defined as:

f (v)a,i = g (v)
a (xvi ) (2)

f (v)b,i = g (v)
b (xvi ) (3)

where f (v)a,i represents the i-th output embedding of the sample xvi processed by the online encoder g (v)
a , while f (v)b,i repre-

sents the i-th output embedding of the same sample xvi processed by the target encoder g (v)
b in the v-th omics data type.

Cross-view decoders

Although the aforementioned online and target encoders effectively capture intrinsic information from individual omics
data types, their capacity to extract the beneficial shared information across different views is not guaranteed. Therefore,
we introduce a cross-view decoder within the decoupled contrastive learning framework, which preserves view-specific
information while simultaneously capturing cross-view consistency. Given the extracted embeddings from different omics
data types, we aim to transfer cross-view information while preserving view-specific details to highlight the unique charac-
teristics of each omics layer. Specifically, for a sample x (v)i , the online view embedding f (v)a,i is projected into the embedding

space corresponding to another view k via the cross-view decoder p(v→k), resulting in the target embedding Q(v→k)
i , i.e.,

Q(v→k)
i = p(v→k)f (v)a,i (4)

The proposed cross-view decoders provide our framework with two significant advantages. Firstly, instead of rely-
ing on a single common space like existing methods, consistency learning is carried out in two separate view-specific
spaces. This approach integrates the internal features of each view to highlight cross-view representations while pre-
serving structural and complementary information unique to each view, which significantly enhances the diversity across
different views and improves the performance of multi-view clustering (MvC) as verified in Table 4. Secondly, the cross-
view decoders reconstruct samples from different perspectives [41], promoting feature integration and enhancing the
interpretability of the learned representations. As a result, the model maintains robust cross-view consistency even with
incomplete data, as demonstrated by the stable clustering performance at a 50% missing rate (Fig 4D–4G).

Adaptive false negative elimination

A feasible approach to alleviate the impact of FNs is to identify potential false negatives within the set of negative
pairs and then update the pseudo-target accordingly. With this in mind, several state-of-the-art contrastive MvC meth-
ods [42] seek to expand the set of positive samples in order to reduce the likelihood of introducing FNs. In particular,
such approaches often employ 𝜖-neighborhoods or k-nearest neighbors to refine the definition of positive relationships
among instances [43]. However, relying solely on a basic neighborhood-based paradigm may result in under- and over-
rectification. Specifically, samples belonging to the same cluster yet lying outside the neighborhood may still be misclas-
sified as negatives, whereas inter-cluster samples within the neighborhood may be mistakenly labeled as positives [44].

To tackle the challenge of FNs in contrastive representation learning, we propose a robust framework designed to
counteract negative sampling bias. More concretely, a relative-similarity strategy is first employed to identify potential FNs
within the set of negative samples. Subsequently, we propose an Adaptive False Negative Elimination (AFNE) method
to mitigate the impact of false negative samples detected during training. Furthermore, adaptive weights are computed
based on similarity metrics to counteract performance degradation that arises from mistakenly assigning pseudo labels to
certain identified false negatives. Fig 1 depicts the overall structural framework of AFNE.
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False negative identification. However, identifying FNs from the set of negative samples remains inherently chal-
lenging. To address this, a screening method known as the relative-similarity strategy is proposed. The approach desig-
nates a negative sample as a potential false negative based on the criterion that its similarity to the anchor closely approx-
imates the similarity between the anchor and its corresponding positive sample.

We utilize two common screening criteria to separate potential FNs from the set of negative samples: thresholding
and top-k matching. The top-k strategy is preferred when the approximate number of FNs is required, while threshold-
ing is more suitable when dynamic adjustment is expected. During initial training iterations, representations generated
by the online and target encoders often lead to many samples satisfying the thresholding criterion. To this end, we inte-
grate thresholding for dynamic adjustments with top-k matching, which limits the number of FNs to a predefined maximum
k, thereby improving the reliability of false negative identification. The detailed steps for applying the relative-similarity
strategy to identify potential FNs are outlined below:

1. For each anchor i (i = 1,2, … ,N), extract its embedding representation f (v)b,i from the Target Encoder, and generate

the positive sample’s representation ̂f (v)b,i . Subsequently, retrieve the representations f (v)b,j (j ≠ i, j = 1,2, … ,N) of nega-
tive samples j (j ≠ i, j = 1,2, … ,N).

2. Obtain the similarity scores between the anchor and each negative sample, S (v)
i,j = sim(fb,i, fb,j), along with the sim-

ilarity score between the anchor and its corresponding positive sample, S (v)
i,i+ = sim(fb,i, ̂fb,i), where i+ denotes the

positive counterpart to anchor i.
3. Compute the relative similarity scores between the anchor-positive similarity and each anchor-negative similarity

R (v)
i,j = ||S

(v)
i,i+ − S (v)

i,j
||, (j ≠ i, j = 1,2, … ,N). Negative samples with small relative similarity scores (R (v)

i,j ) are likely to be
false negatives.

4. Define the set of potential false negatives ℕi as the negative samples that exhibit the highest similarity to the
anchor, satisfying the condition ℕi = {j ∣ 0 < R (v)

i,j < t and R (v)
i,j ∈ top(R (v)

i,j , k)}, where t represents the threshold value,
k denotes the number of assigned potential false negatives, and top(⋅, ⋅) denotes the set of k negative samples with
the smallest relative similarity scores.

Adaptive weighting for false negative elimination. Actually, AFNE builds upon the traditional false negative elimina-
tion (FNE) [45] by incorporating adaptive weights. False negative elimination [45] is a widely used approach for address-
ing identified false negative samples in contrastive learning. While the conventional practice involves removing identified
false negatives from the set of negative samples, AFNE adopts an alternative strategy by retaining these samples and
assigning them adaptive weights. Our false negative detection strategy employs the target encoder for representation
extraction. Due to the target encoder potentially being undertrained during the initial training iterations, the resulting repre-
sentations may lack reliability. Consequently, the initially selected false negatives from the screening process could com-
prise true negative samples. As demonstrated in Table 5, directly applying FNE to handle the identified FNs can give rise
to performance degradation.

To mitigate this problem, we introduce an adaptive weighting mechanism that dynamically adjusts the weights between
the identified FNs and the anchor. The matrix Λ ∈ ℝN×N serves as the adaptive weight matrix, with its elements 𝛼i,m
defined as follows:

𝛼i,m =

⎧⎪⎪
⎨⎪⎪
⎩

1 −
exp(sim(f (v)b,i , ̂f

(v)
b,m))

N

∑
j=1,j≠i

exp(sim(f (v)b,i , f
(v)
b,j ))

if m ∈ ℕi

1 if m ∉ ℕi

(5)
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where sim(·,·) denotes cosine similarity, ̂f (v)b,m denotes the representation of the detected false negative, and ℕi represents
the set of identified FNs.

The adaptive weight functions as a confidence measure, quantifying the likelihood that a putative false negative is truly
a positive sample. Samples showing low cosine similarity to the anchor receive higher weights, as they are more likely to
be true negatives rather than false negatives. Conversely, high-similarity samples are likely genuine false negatives and
thus assigned lower weights. All remaining negative samples outside of ℕi are assigned a full weight of 1 to retain their
contribution. After obtaining the adaptive weights, the pseudo target matrix T (v) ∈ ℝN×N is finally computed as follows:

T (v) = Λ⊙ S (v) (6)

where Λ is the adaptive weight matrix that adjusts the contribution of each similarity score based on the likelihood of being
a false negative, and S (v) is the similarity matrix containing pairwise similarities between the anchor and each negative
sample.

Decoupled contrastive loss

As described above, our framework employs distinct contrastive objectives to enhance both intra-view discrimination
and inter-view consistency, achieved by an encoder–decoder architecture that transforms data from a shared space into
separate view-specific representations. After obtaining the pseudo-target matrices T (v), the intra-view contrastive loss is
defined as:

ℒintra =
V

∑
v=1

W(T (v), 𝜌(f (v)a , f (v)b )) (7)

where W(⋅, ⋅) denotes the cross entropy, and the function 𝜌(⋅, ⋅) is the pairwise similarity with the row-wise normalization
operation:

[𝜌(𝛾, 𝛿)]ij =
exp(s(𝛾i, 𝛿j)/𝜏)

∑n
l=1 exp(s(𝛾i, 𝛿l)/𝜏)

(8)

where 𝜏 denotes the temperature, which is fixed at 0.5 across all experimental configurations, and s(⋅, ⋅) represents the
similarity function. For intra-view contrastive learning, T (v) is employed to improve the discrimination of embeddings within
the same view by dynamically adjusting the contribution of false negatives. Conversely, to enhance cross-view consis-
tency, a cross-view target T(k) is constructed based on the similarity structure derived from the latent representations
of the predicted view, boosting cross-view interactions and achieving better cross-view consistency. Therefore, we can
formalize the inter-view contrastive loss as:

ℒinter =
V

∑
v≠k

W(T(k), 𝜌(Q(v→k), f(k)b )) (9)

Finally, the overall decoupled contrastive loss is then given by:

ℒ = ℒintra + ℒinter (10)

In summary, ℒintra enhances intra-view discrimination by dynamically adjusting the contribution of false negatives based
on view-specific representations, while ℒinter promotes cross-view consistency by aligning representations across different
views. The complete approach is outlined in Algorithm 1.
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Algorithm 1 DCMC

Input: Multi-omics datasets: X = {X1,X2, … ,XV}; Target encoder parameters: 𝜃b
Output: Final cluster labels: c
1: For each omics data type X(v), pass the input through both the online encoder to obtain the

embedding f(v)a,i and the target encoder to generate the embedding f(v)b,i according to Eq 2 and Eq 3;

2: The cross-view decoder projects the embedding f(v)a,i into latent representation space corresponding
to another view k, resulting in the target embedding by (Eq 4);

3: Apply the relative-similarity strategy to screen out candidate false negatives;
4: Calculate the adaptive weights by (Eq 5);
5: Update pseudo target matrix T(v) via (Eq 6);
6: Compute the intra-view contrastive loss ℒintra and the inter-view contrastive loss ℒinter using

Eq 7 and Eq 9, respectively;
7: Backpropagate loss and update target encoder parameters 𝜃b based on (Eq 1);
8: Extract the final features for each omics data type using both target encoders and cross-view

decoders;
9: Perform K-means clustering to obtain the final cluster labels c.

Complexity analysis

Let N, V, D, B, and E denote the number of samples, omics views, embedding dimensionality, batch size, and the number
of training epochs, respectively. The complexities of the view-specific Siamese encoders and the cross-view decoders are
both 𝒪(NVD2) per epoch, assuming fully connected layers where input and output dimensions are on the order of D. The
adaptive false negative elimination (AFNE) framework and the inter-view contrastive loss, which are dominated by pair-
wise similarity computations quadratic in the batch size, both contribute a complexity of 𝒪(NB) per epoch. The exponen-
tial moving average (EMA) update of target encoder parameters is comparatively negligible. Therefore, the overall time
complexity per epoch is 𝒪(NVD2 + NB), and the complexity for the entire training process becomes 𝒪(E(NVD2 + NB)).

Results
Experimental settings

Our framework is developed in Python 3.9.16 using PyTorch 1.13.0 and runs on a Windows 11 system with NVIDIA
GeForce RTX 3080 GPUs. The model is trained for 5 independent runs (200 epochs per run) with a fixed batch size of
256, enabling efficient optimization across runs while maintaining consistent performance across epochs. During the train-
ing process, a warmup strategy is implemented over the initial 20 epochs to progressively increase the learning rate prior
to its stabilization. The view-specific encoder employs a four-layer fully connected network (FCN) with batch normaliza-
tion and ReLU activation, while the cross-view decoder utilizes a two-layer MLP containing an expanded hidden layer fol-
lowed by ReLU non-linearity. For the remaining hyperparameters, the contrastive temperature 𝜏 is maintained at 0.5, the
threshold is fixed at 0.7, and the top-k parameter is determined to be 3 throughout the experiments.

Performance evaluation

Comparison approaches and evaluation metrics. We conduct comprehensive experiments on ten benchmark
datasets to evaluate DCMC’s clustering performance in cancer subtyping, comparing it with 19 state-of-the-art methods
for multi-omics integration. These approaches comprise early integration methods, consisting of K-means [12], Spec-
tral [13], and LRAcluster [14]; late integration methods, involving CC [15] and PINSPlus [16]; and 14 intermediate inte-
gration methods. For the intermediate integration methods, one kernel learning method, three statistical methods, three
similarity-based methods, and seven deep learning-based methods are employed: rMKL-LPP [17], MCCA [18], Mult-
iNMF [19], iClusterBayes [20], SNF [21], SNFCC [22], MSNE [23], NEMO [24], DLSF [27], DSIR [26], MRGCN [28],
MOCSS [29], DMCL [33], and DILCR [30]. Among them, DMCL and DILCR utilize contrastive learning approaches to

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1013780 December 4, 2025 10/ 28

https://doi.org/10.1371/journal.pcbi.1013780


i
i

“pcbi.1013780” — 2025/12/15 — 16:10 — page 11 — #11 i
i

i
i

i
i

enhance cancer subtype identification. All competing methods are implemented using the default configurations provided
by their respective authors.

Due to the absence of well-defined cancer subtypes in the ten multi-omics datasets [54], we assess the performance
of each cancer subtyping method using two widely adopted evaluation metrics. First, the log-rank test [47] is employed
to calculate the − log10 P-values from survival analysis, which determines whether significant differences exist among
cancer subtypes identified by DCMC. Second, we evaluate the clinical relevance of the identified clusters through clini-
cal label enrichment analysis. Specifically, six clinical parameters are selected for enrichment testing: age at diagnosis,
gender, pathologic T, pathologic M, pathologic N, and pathologic stage. Among these, the latter four serve as discrete
pathological metrics that quantify tumor progression (T), metastases (M), lymph node involvement (N), and overall can-
cer progression (pathologic stage). For statistical evaluation, the Chi-square test is applied to the discrete clinical labels,
while the Kruskal–Wallis test is utilized for continuous clinical labels. In addition, not all cancer datasets include all six
aforementioned clinical labels, and the specific clinical labels employed in each dataset are provided in S3 Table.

Performance evaluation by DCMC on cancer datasets. The performance comparison in Table 2 demonstrates
DCMC’s superiority relative to 19 integration methods across 10 cancer datasets, with evaluations based on survival anal-
ysis − log10 P-values and clinical label enrichment counts. It is clearly evident from the results that the clusters identified
by DCMC demonstrate significant survival differences across all 10 cancer datasets. To be more specific, our proposed
method outperforms the other 19 methods by achieving higher − log10 P-values in survival analysis on all datasets, indi-
cating that the cancer subtypes identified by DCMC exhibit more pronounced differences. While DCMC has fewer sig-
nificant clinical parameters than SNF and MSNE on the COAD dataset, and shows comparable performance to several
methods on LIHC, it consistently achieves higher − log10 P-values than all competing approaches across datasets.

As shown in Fig 2A, DCMC achieves higher average − log10 P-values across the 10 datasets compared to all alterna-
tive methods, and the average number of significant clinical labels is the same as that of MOCSS. As illustrated in Fig 2B,
for the enrichment analysis of clinical labels, DCMC exhibits performance that either surpasses or is comparable to that

Table 2. Performance comparison of DCMC against 19 integration methods across all datasets. Each cell presents the results in the format
A/B(C), where A represents enriched clinical labels detected, B denotes the − log10 P-values obtained from survival analysis, and C indicates the
number of clusters. Statistical significance is defined as P-values < 0.05, with significant outcomes highlighted in bold. Means represent the algorithm’s
average value, while Sig denotes the number of datasets that yield significant results.

Methods AML BRCA COAD GBM KIRC LIHC LUSC OV SARC SKCM Means Sig
K-means 1/3.2(5) 1/0.6(2) 1/0.1(2) 2/2.6(5) 4/1.4(4) 2/0.2(2) 1/0.2(2) 1/0.1(2) 2/1.3(2) 3/2.4(5) 1.8/1.2 10/5
Spectral 1/1.8(9) 2/1.8(3) 1/0.2(2) 2/2.5(5) 5/1.9(4) 2/0.4(2) 2/0.3(2) 1/0.8(4) 2/1.3(2) 2/1.7(5) 2.0/1.3 10/6
LRAcluster 1/2.9(7) 4/1.6(7) 1/0.1(5) 2/2.4(11) 2/0.6(3) 2/4.0(12) 1/0.2(5) 1/0.2(9) 2/2.5(5) 3/1.2(15) 1.9/1.6 10/5
CC 1/3.8(3) 3/2.8(5) 1/0.3(2) 2/2.8(7) 4/1.4(7) 3/3.0(3) 1/0.4(4) 1/0.2(4) 2/2.7(4) 1/3.0(5) 1.9/2.0 10/7
PINSPLUS 1/1.6(4) 2/1.4(5) 1/0.1(4) 1/3.0(2) 3/1.7(6) 2/0.5(5) 2/0.4(2) 1/0.1(2) 2/1.1(3) 1/1.7(3) 1.6/1.2 10/5
SNF 1/3.1(4) 2/1.0(2) 3/0.3(2) 1/4.1(2) 5/2.7(3) 2/0.1(2) 1/0.6(3) 1/0.1(2) 2/1.8(3) 2/1.0(3) 2.0/1.5 10/4
SNFCC 1/2.8(4) 2/1.5(5) 2/0.1(10) 2/3.8(9) 5/3.6(2) 2/1.2(10) 1/0.5(2) 1/0.4(3) 2/1.8(3) 2/4.4(5) 2.0/2.0 10/6
rMKL-LPP 1/2.8(6) 4/0.6(7) 2/0.5(6) 2/3.4(6) 4/1.3(11) 4/1.0(6) 1/0.3(6) 1/0.1(6) 2/2.5(6) 2/2.6(7) 2.3/1.5 10/5
MCCA 2/1.8(11) 2/4.8(14) 2/0.3(2) 2/2.1(11) 2/1.8(15) 2/1.3(15) 2/0.2(12) 1/0.8(9) 2/0.8(15) 2/4.4(2) 1.9/1.8 10/6
MultiNMF 1/1.3(2) 1/1.3(2) 1/0.4(2) 1/2.2(3) 4/2.0(2) 3/3.0(3) 2/0.3(2) 1/0.3(2) 2/1.1(2) 2/5.1(2) 1.8/1.7 10/6
iClusterBayes 1/2.2(5) 2/2.2(5) 1/0.9(5) 2/2.5(5) 4/1.5(5) 2/2.4(5) 1/0.1(5) 1/0.1(5) 2/4.0(5) 4/5.6(5) 2.0/2.2 10/7
NEMO 1/3.5(5) 3/2.0(4) 1/0.6(2) 2/3.0(10) 5/2.7(3) 4/4.2(5) 1/0.5(3) 1/0.4(3) 2/1.9(3) 2/4.8(10) 2.2/2.4 10/7
DLSF 1/2.5(5) 2/1.9(3) 1/0.1(4) 2/4.5(5) 3/2.8(4) 3/3.3(3) 1/0.1(3) 1/0.3(4) 2/2.4(10) 3/3.9(5) 1.9/2.2 10/7
MSNE 1/1.8(5) 1/2.5(5) 3/1.7(5) 1/3.0(2) 2/1.5(4) 3/1.2(5) 1/0.2(2) 1/0.6(3) 1/3.0(5) 2/2.0(4) 1.6/1.8 10/7
DSIR 1/2.7(7) 3/6.8(12) 1/1.1(5) 2/3.0(9) 4/1.4(4) 2/2.0(10) 2/1.8(3) 1/1.0(3) 2/2.6(3) 3/3.7(8) 2.1/2.6 10/8
MRGCN 1/3.0(10) 4/6.7(4) 1/0.6(7) 2/3.8(8) 4/2.4(9) 2/1.7(10) 1/1.5(13) 1/0.8(5) 2/3.3(8) 3/4.5(5) 2.1/2.9 10/8
MOCSS 1/3.5(4) 3/2.8(5) 2/0.8(5) 2/5.2(3) 4/4.0(4) 2/0.7(3) 3/0.4(5) 1/0.6(3) 2/2.2(4) 3/5.0(5) 2.3/2.5 10/6
DMCL 1/2.1(9) 4/2.1(3) 1/0.1(2) 2/0.1(4) 5/1.7(6) 2/2.6(4) 1/0.2(4) 1/0.7(5) 2/3.2(6) 2/2.3(5) 2.1/1.5 10/6
DILCR 1/5.5(5) 3/3.1(5) 1/0.8(3) 2/2.5(5) 5/1.6(4) 2/2.9(4) 1/0.6(3) 1/0.6(2) 2/2.1(5) 1/1.1(5) 1.9/2.1 10/6
DCMC(ours) 1/7.0(3) 4/8.1(5) 2/2.9(4) 2/7.1(5) 5/7.2(4) 3/9.4(5) 1/3.3(3) 1/3.2(5) 2/9.2(5) 3/9.8(5) 2.4/6.7 10/10

https://doi.org/10.1371/journal.pcbi.1013780.t002

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1013780 December 4, 2025 11/ 28

https://doi.org/10.1371/journal.pcbi.1013780.t002
https://doi.org/10.1371/journal.pcbi.1013780


i
i

“pcbi.1013780” — 2025/12/15 — 16:10 — page 12 — #12 i
i

i
i

i
i

Fig 2. Evaluation of DCMC against alternative approaches on 10 cancer datasets. A The mean performance of the various integration methods.
The X-axis represents the average number of enriched clinical parameters in the clusters and the Y-axis represents the average −log10 P-values. The
red dotted line indicates the best performance achieved among all methods. B Comparative assessment of the significant clinical parameters identified
by DCMC and alternative approaches. The X-axis lists the clustering methods evaluated, while the Y-axis represents the number of significant clinical
parameters.

https://doi.org/10.1371/journal.pcbi.1013780.g002

of the other comparison approaches. To determine the subtypes in each cancer, we follow configurations reported in pre-
vious studies and consider 3, 4, and 5 as candidate cluster numbers. The detailed comparison results for all three clus-
tering configurations are provided in S4 Table. As can be seen from Table 2, the determined number of subtypes for each
cancer dataset is indicated in parentheses. Furthermore, the enriched clinical parameters for all comparison methods are
summarized in S5 Table.

The Kaplan-Meier survival analysis in Fig 3 demonstrates DCMC’s ability to effectively stratify patients into distinct
prognostic groups across all 10 cancer datasets, with clearly separated survival curves for each identified subtype.
For instance, in the KIRC dataset, the identified cancer subtypes exhibit markedly different survival curves. Notably,
subtype_3 demonstrates a higher survival rate compared to the other subtypes around 3000 days. This distinct separation
underscores the clinical relevance of the identified subtypes and supports the potential of DCMC in guiding personalized
treatment strategies.

To further evaluate the robustness and scalability of DCMC on large-scale and heterogeneous multi-omics data, we
conduct a comprehensive assessment on an integrated pan-cancer dataset, where the cancer type of origin serves as the
ground-truth label. We compare DCMC against competitive methods representing early integration (Spectral, K-means),
similarity-based (SNF, SNFCC), and deep learning-based (DMCL, MOCSS, DILCR) approaches. As shown in Fig 4A,
clustering performance is evaluated using four standard metrics: Accuracy (ACC) [48], Normalized Mutual Information
(NMI) [49], Adjusted Rand Index (ARI) [50], and purity [51]. For these metrics, a larger value indicates better clustering
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Fig 3. Kaplan-Meier survival curves of DCMC across all multi-omics datasets. Different cancer subtypes are depicted by uniquely colored curves,
while the median survival time is indicated by a dashed line. The extent to which the curves diverge illustrates the significance of survival differences
among patients belonging to various subtypes. The black dashed line typically represents the baseline survival curve for the overall patient cohort,
serving as a reference point against which the survival outcomes of the identified subtypes are compared.

https://doi.org/10.1371/journal.pcbi.1013780.g003

performance. Our proposed DCMC method consistently achieves superior performance, outperforming all baseline meth-
ods across all four metrics. For example, compared to the second-best method, DCMC achieves performance improve-
ments of approximately 5.84%, 5.43%, 5.25%, and 4.76% in terms of the ACC, NMI, ARI, and purity metrics, respectively.
These results highlight DCMC’s strong ability to identify meaningful clusters within complex and large-scale multi-omics
datasets.

Comprehensive comparison on multi-view datasets. To validate the effectiveness and robustness of our proposed
method, we conduct comprehensive experiments on four widely-used multi-view datasets. Our model is benchmarked
against several baseline methods under both complete and incomplete data conditions. The complete setting assumes all
views are present, while the more challenging incomplete setting involves a 50% rate of samples with missing views. The
performance is evaluated using three standard metrics: ACC, NMI, and ARI.

Under the complete setting, where all view information is available, our method consistently achieves superior and
highly competitive performance across all four datasets (Fig 4D–4G). For instance, on the COIL-20 (Fig 4D) and Fashion
(Fig 4E) datasets, our model surpasses all baseline methods across the three evaluation metrics. Furthermore, our model
demonstrates notable robustness under the more challenging incomplete setting. While the performance of most baseline
methods degrades significantly with a 50% view missing rate, our model demonstrates remarkable resilience and robust
clustering performance. We attribute this exceptional stability to the efficacy of our cross-view decoders. By reconstruct-
ing data from available views, the decoders ensure the model learns robust cross-view consistency, effectively mitigating
the negative impact of incomplete data. This is especially clear on the MSRC-v1 (Fig 4F) and Scene-15 (Fig 4G) datasets,
where our method shows only a minor decrease in performance compared to the substantial drop experienced by other
methods.

Scalability evaluation of DCMC. While the pan-cancer experiments demonstrate DCMC’s excellent performance
on large-sample datasets, we conduct a comprehensive evaluation on ten unprocessed cancer datasets to confirm its
effectiveness on high-dimensional data. These raw datasets contain significantly more features (e.g., up to 20,531 for
mRNA expression) and include missing omics data. In addition to survival analysis and clinical label enrichment, we intro-
duce two metrics to assess clustering stability: the silhouette coefficient [52] and the proportion of ambiguous clustering
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Fig 4. Comprehensive evaluation of DCMC on pan-cancer and multi-view datasets. A Clustering performance on the integrated pan-cancer
dataset measured by ACC, NMI, ARI, and purity metrics. B,C, Clustering quality assessment using the silhouette coefficient (higher is better) and PAC
score (lower is better) on both original and processed data. The red dot-dashed line represents the performance obtained by DCMC on preprocessed
datasets, while the gray dotted line indicates its performance on original high-dimensional datasets. D–G, Results on four benchmark multi-view datasets
under complete and incomplete view settings: COIL-20 (D), Fashion (E), MSRC-v1 (F), and Scene-15 (G).

https://doi.org/10.1371/journal.pcbi.1013780.g004

(PAC) [53]. The silhouette coefficient quantifies clustering validity by assessing for each sample whether it is more simi-
lar to members of its own cluster than to members of other clusters [54]. The PAC score assesses clustering stability by
measuring the proportion of ambiguously clustered sample pairs in a consensus matrix derived from subsampling, where
a lower value indicates a more consistent clustering structure [55].

As depicted in Fig 4B and 4C, our model achieves strong clustering quality on both raw and preprocessed data. While
the average silhouette coefficient and PAC scores are marginally better with preprocessed data, the competitive perfor-
mance on the original data demonstrates the model’s robustness. A similar conclusion can be drawn from the survival
and clinical enrichment outcomes (S1 Fig), where the model obtains robust − log10 P-values and enriched clinical labels
directly from the raw data, even though these metrics are further improved by preprocessing. As shown in the runtime
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analysis (S2 Fig), training on the original datasets is substantially more time-consuming than on their preprocessed coun-
terparts. This increased computational cost is a direct consequence of the high dimensionality of the original datasets.
Overall, the model’s ability to effectively handle such large-scale and high-dimensional multi-omics datasets underscores
its scalability.

The unprocessed datasets used in our evaluation contain inherent missing views, with detailed sample counts provided
in S6 Table. Our model architecture is designed to handle this challenge through its cross-view decoders. To process a
sample with a missing view k, we leverage an observed view v to recover its representation via the decoder p(v→k), formu-
lated as Q(v→k)

i = p(v→k)f (v)b,i , where f (v)b,i is the embedding from the observed view. The effectiveness of this mechanism is
demonstrated by DCMC’s strong performance on both general multi-view datasets with missing views (Fig 4D–4G) and
the multi-omics cancer datasets (Fig 4B–4C). Notably, the COAD dataset, which exhibits the highest average missing
rate, shows no significant performance degradation across all metrics, demonstrating the model’s robustness in handling
missing views.

Finally, we investigate the impact of our feature selection strategy, which retains the top 2,000 most variable features.
We compare this against three alternatives: selecting the top 3,000 most variable features, selecting 3,000 random fea-
tures, and using the original unprocessed high-dimensional data. The results in S7 Table show that selecting the top 2,000
features consistently provides the best performance in survival analysis. In contrast, using 3,000 randomly selected fea-
tures leads to a significant drop in performance. Although selecting the top 3,000 features occasionally achieves competi-
tive performance (e.g., on GBM with a − log10 P-values of 7.4 compared to 7.1), it generally underperforms the top 2,000
selection and shows less stable clustering quality as evidenced by lower silhouette scores and higher PAC scores on
most datasets. This confirms that selecting features based on high variance is an effective strategy that focuses the model
on biologically relevant signals and is superior to both random selection and the inclusion of less informative, potentially
noisy features.

Ablation studies

In this section, we conduct a series of ablation studies to demonstrate the validity and contribution of DCMC’s key compo-
nents, primarily using the GBM, KIRC, and LIHC datasets. To be more specific, we first examine the impact of individual
components and further explore various modifications of the decoupled contrastive learning paradigm. We then provide a
detailed justification for the cross-view decoder architecture by comparing view-specific versus shared decoders and ana-
lyzing its sensitivity to depth and capacity. Finally, we quantify the significant contribution of the Adaptive False Negative
Elimination (AFNE) module, demonstrating both its effectiveness within DCMC and its generalizability as a plug-and-play
component for other methods.

Ablation analysis of model components. As can be seen from Table 3, we sequentially isolate each component and
evaluate its performance based on − log10 P-values from survival analysis. In the absence of the cross-view decoder,
ℒinter is applied directly to the representations fa and fb. Additionally, it is noteworthy that in the ablation study of the false
negative rectification strategy, we directly remove both the pseudo-target matrix and the identity matrix. The experimen-
tal results demonstrate the varying contributions of individual components to the overall performance. Specifically, the
cross-view decoder achieves a 9% improvement. Moreover, retaining both ℒintra and ℒinter together improves the average
results by 14% compared to applying them separately. In brief, each component of DCMC is indispensable to its overall
effectiveness.

Ablation analysis of the decoupled contrastive learning framework. To better understand the design of the decou-
pled contrastive learning framework, we analyze the impact of two critical mechanisms: momentum-based encoder updat-
ing and the application of the stop-gradient operation. In this context, the “share” setting replaces the target encoder with
the online encoder, eliminating the momentum update. When the decoder is removed, we perform the same procedures
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Table 3. Ablation study of our method on GBM, KIRC, and LIHC, where ✓ denotes the components adopted and 7 denotes the components
removed.

ℒintra ℒinter Decoder Rectification GBM KIRC LIHC
-log10 P-values

✓ 7 7 7 6.0 4.5 5.1
7 ✓ 7 7 5.5 3.6 6.0
✓ ✓ 7 7 6.1 5.0 6.4
✓ ✓ ✓ 7 6.6 5.6 6.8
✓ ✓ 7 ✓ 6.9 6.0 7.2
✓ ✓ ✓ ✓ 7.1 7.2 9.4

https://doi.org/10.1371/journal.pcbi.1013780.t003

as described above. Additionally, the stop-gradient operation prevents gradient flow to the target encoder during back-
propagation, while its parameters are updated through the EMA of the online encoder weights. As presented in Table 4,
removing either mechanism leads to a marked decline in performance, underscoring its essential role in maintaining dis-
tinct view-specific representations.

Ablation analysis of cross-view decoders. The design of the cross-view decoders is justified by two additional abla-
tion studies that address the use of view-specific versus shared decoders and the sensitivity of the model to decoder
architecture.

First, we evaluate whether using view-specific decoders offers an advantage over a single shared decoder. As can be
seen from S8 Table, the use of specific decoders consistently and substantially outperforms a shared decoder architec-
ture across all ten cancer datasets, evidenced by higher − log10 P-values and more enriched clinical labels. For instance,
on the BRCA and SARC datasets, the − log10 P-values improve from 4.4 and 6.3 to 8.1 and 9.2, respectively. Further-
more, higher silhouette scores and lower PAC scores on nearly all datasets demonstrate that the view-specific decoders
significantly improve cluster quality. This result confirms that modeling the unique relationships between different omics
modalities with specific decoders is crucial for performance.

Second, we investigate the sensitivity of DCMC to the decoder’s architectural depth and capacity using the AML and
LIHC datasets. The decoder depth is set to 3, 4, and 5 layers, while its hidden dimension is scaled by a width multiplier of
0.5 and 2.0 relative to the default setting to evaluate the impact of architectural complexity. As summarized in S9 Table,
the default configuration consistently outperforms the alternatives across all evaluation metrics. In addition, we observe
that both simplifying and increasing the complexity of the decoder relative to our default configuration lead to a notable
decline in performance, yet several second-best results are obtained when the depth is set to five layers. Notably, the
model proves to be more sensitive to changes in the decoder’s width than its depth.

Ablation analysis of AFNE. Adaptive False Negative Elimination (AFNE) is built upon the FNE method by introduc-
ing adaptive weights that improve its ability to discern potential false negatives from negative pairs. Several experiments
are conducted to demonstrate that adding adaptive weights helps enhance performance. In contrast to the ablation study

Table 4. Ablation study of momentum updating strategy, stop-gradient operation, and cross-view decoder.

Target Encoder Stop Gradient Decoder GBM KIRC LIHC
-log10 P-values

Share 7 7 5.5 4.1 6.2
Share ✓ 7 5.7 4.4 5.2
Momentum ✓ 7 5.9 5.1 7.3
Share 7 ✓ 5.8 4.7 7.0
Share ✓ ✓ 6.1 5.2 8.3
Momentum ✓ ✓ 7.1 7.2 9.4

https://doi.org/10.1371/journal.pcbi.1013780.t004
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of the false negative rectification strategy, here we use the identity matrix I as the pseudo-target matrix. Superior per-
formance of AFNE over both FNE and baseline implementations is demonstrated in Table 5. The standard FNE method
provides a consistent improvement over the baseline, enhancing performance by an average of 13% across the three
datasets. In comparison, our proposed AFNE method offers a far more substantial gain, outperforming the baseline by an
average of 44%. Collectively, the results from our ablation studies illustrate that among all tested components, the AFNE
method provides the most significant contribution to the model’s overall performance.

Furthermore, to demonstrate the generalizability and effectiveness of our proposed AFNE module, we integrate it into
several competitive baseline methods, including DLSF, MOCSS, DMCL, and DILCR. As summarized in S10 Table, incor-
porating AFNE consistently enhances performance across the ten TCGA datasets, as evidenced by higher survival anal-
ysis − log10 P-values and, in some cases, an increased number of enriched clinical labels. Specifically, the integration
of the AFNE module improves the mean − log10 P-values for DLSF, MOCSS, DMCL, and DILCR from 2.2, 2.5, 1.5, and
2.1 to 2.4, 3.0, 2.0, and 3.0, respectively. Taken together, these results demonstrate that AFNE serves as a versatile and
effective plug-and-play module, capable of boosting the performance of diverse multi-view clustering methods on complex
cancer datasets.

Single-view and multi-view data comparative evaluation

To verify that leveraging multi-view information effectively contributes to the model’s performance, experiments are carried
out across datasets under different view combinations. In particular, for datasets containing only a single view, data aug-
mentation is adopted to generate paired samples suitable for decoupled contrastive learning. We specifically employ com-
plex Gaussian noise as the augmentation strategy to generate varied representations [56]. The noise intensity is dynam-
ically adjusted based on the feature range of the data, with the base standard deviation set to 5% of the feature range.
Furthermore, non-uniform noise is applied, where the standard deviation varies across dimensions, ensuring diversity in
the augmented data. The performance comparison of our method across ten commonly utilized cancer datasets is pre-
sented in Fig 5, with more detailed results available in S11 Table. It is evident that clustering performance is enhanced as
additional views are integrated, and the proposed method consistently outperforms single-view approaches on multi-view
data.

Runtime and memory usage analysis

In this section, we analyze the computational performance of DCMC against baseline methods, with detailed results pre-
sented in S12 Table and S13 Table. To ensure a comprehensive comparison, the selected baselines represent three
major categories of multi-omics integration strategies: early, late, and intermediate integration. All experiments are con-
ducted under the same hardware and software environment. The reported runtime is the average of five independent
runs, and the memory usage reflects the maximum memory allocated during execution.

As shown in S12 Table, DCMC demonstrates a moderate and efficient memory footprint. Its memory consumption
is highly competitive with other deep learning-based (intermediate integration) methods. For example, on the BRCA
dataset, DCMC requires 325 MB of memory, a figure comparable to DMCL (378 MB) and notably lower than DILCR (402
MB). More significantly, DCMC exhibits a clear efficiency advantage over classical early-integration approaches such as

Table 5. Comparison of DCMC performance with and without AFNE and FNE across three datasets.

Strategy GBM KIRC LIHC
-log10 P-values

W/O AFNE 5.6 6.0 5.1
FNE 5.9 6.2 6.7
AFNE 7.1 7.2 9.4

https://doi.org/10.1371/journal.pcbi.1013780.t005
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Fig 5. Comparison of − log10 P-values across cancer types for different view combinations. Left: The X-axis indicates the ten cancer datasets
used for comparison and the Y-axis indicates − log10 P-values. Right: The bold lines indicate the view combinations for the current subfigure.

https://doi.org/10.1371/journal.pcbi.1013780.g005

LRAcluster (18,103 MB) and similarity-based intermediate-integration methods like SNFCC (37,320 MB), both of which
demand substantially higher memory usage.

In terms of runtime, the results in S13 Table indicate that DCMC is more computationally intensive than the baseline
methods. For instance, on the BRCA dataset, DCMC’s runtime is 23,840 seconds, which is considerably longer than other
deep learning models, including DMCL (170 seconds) and DILCR (214 seconds). This increased computational overhead
is primarily attributed to its decoupled learning architecture and the iterative nature of the Adaptive False Negative Elim-
ination (AFNE) module, which performs complex similarity screenings within each batch. The substantial gains in clus-
tering accuracy, survival analysis significance, and clinical relevance, as demonstrated in Table 2, justify the additional
computational investment.

Parameter sensitivity analysis

Our parameter sensitivity analysis focuses on three key parameters: temperature 𝜏, thresholding, and top-k. The tem-
perature parameter (𝜏) controls the sharpness of the similarity distribution. To reveal its impact, we vary 𝜏 from 0 to 1
and assess how it influences the − log10 P-values across ten cancer datasets. As demonstrated in S3 Fig, although this
parameter has certain impacts on model performance, setting 𝜏 = 0.5 generally yields comparable and reliable results.
Two other important parameters, thresholding and top-k, are used to balance the dynamic adjustment of false negative
criteria and ensure the number of false negatives remains within a predefined limit, respectively. Furthermore, we individ-
ually investigate the effect of these two hyperparameters on the performance of DCMC. The threshold is assigned values
from {0.5,0.6,0.7,0.8,0.9} and k is chosen from {1,2,3,4}. A grid search is employed to evaluate performance across var-
ious combinations of threshold and k. The experimental results for the ten cancer datasets are presented in Fig 6, while
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Fig 6. Comparison of the − log10 P-values across different parameter settings of threshold and top-k. The threshold values are defined as
{0.5,0.6,0.7,0.8,0.9}, while the top-k parameter is set to {1,2,3,4}. A grid search is utilized to assess the performance under varying combinations of
threshold and top-k. The X-axis indicates the threshold values, the Y-axis denotes the top-k parameter, and the Z-axis represents − log10 of the log-rank
test P-values.

https://doi.org/10.1371/journal.pcbi.1013780.g006

more detailed results are recorded in S14 Table. We observe that although the effects of the two parameters vary across
the ten cancer datasets, setting the threshold to 0.7 and top-k at 3 tends to achieve better results.

Case study

As depicted in Table 2, DCMC exhibits robust performance on the LIHC dataset, as evidenced by its high − log10
P-values in survival analysis and the significant number of enriched clinical labels. The Kaplan-Meier survival curves
(Fig 3) clearly separate the survival outcomes of the identified subtypes, underscoring DCMC’s capability to capture
meaningful clinical stratification. This separation further demonstrates the model’s effectiveness in delineating subtypes
with distinct prognostic implications and emphasizes its clinical relevance in subtype classification and survival prediction.

To further evaluate the clinical relevance of DCMC, we perform a systematic characterization of the five distinct can-
cer subtypes it identified in the LIHC dataset. To this end, we first conduct differential expression analysis (DEA) to identify
subtype-specific biomarkers by performing t-tests on each feature across different omics data and ranking them accord-
ingly [57]. Subsequently, Gene Ontology (GO) and KEGG enrichment analyses are performed to gain insights into the
molecular pathways and biological processes associated with these differentially expressed genes. Finally, we assess
differential drug sensitivity among molecularly defined liver cancer subtypes.

We first perform a t-test (P-adjust ≤ 0.05, FoldChange > 1) to identify genes with significant differential expression in
mRNA across LIHC subtypes, selecting the most significant genes based on the P-value. The t-SNE visualization of these
subtypes, presented in S4 Fig, illustrates distinct spatial distributions among them. Moreover, the visualization of subtype-
specific biomarkers for each subtype reveals that differentially expressed genes (DEGs) provide an intuitive separation
among the subtypes (S5 Fig). Specifically, the most prominent biomarkers show relatively high expression levels within
their respective clusters (highlighted in red) and comparatively low expression in other clusters (highlighted in blue). Taken
together, this emphasizes a robust association between the selected biomarkers and their corresponding molecular sub-
types.
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To elucidate the biological significance of identified biomarkers, we conduct GO enrichment analysis and KEGG path-
way enrichment analysis on DEGs using the ‘clusterProfiler‘ R package [60]. Fig 7 demonstrates significant enrichment
of DEGs in key GO terms, while Fig 8 displays their KEGG pathway enrichment. The KEGG pathway enrichment anal-
ysis results reveal the significant pathways enriched with differentially expressed genes (Fig 8A, 8B, 8C, 8D, 8E). Over-
all, these enriched pathways shed light on pivotal biological processes and metabolic adaptations that may contribute to
hepatocellular carcinoma progression, suggesting potential therapeutic or diagnostic targets for further investigation.

Notably, subtype-specific analyses further delineate metabolic divergence within these pathways, with distinct enrich-
ment patterns observed across molecular subgroups. For subtype_0, differentially expressed genes are predominantly
enriched in processes related to small molecule catabolism and carboxylic acid biosynthesis (Fig 7A). In subtype_1,
these genes are mainly involved in purine nucleotide metabolism (Fig 7B), while in subtype_2 they are chiefly associ-
ated with small molecule catabolic processes (Fig 7C). The gene set for subtype_3 is primarily enriched in primary alcohol
metabolism and hormone metabolism (Fig 7D), and for subtype_4, the differentially expressed genes are mainly linked
to cytoplasmic translation (Fig 7E). Collectively, these LIHC-associated biological processes strengthen the clinical rele-
vance of the biomarkers by anchoring them to disease-specific molecular mechanisms.

We further analyze the variations in therapeutic drug efficacy across different liver cancer subtypes [61]. Specifi-
cally, we apply the R package ‘oncoPredict‘ [62] to estimate the therapeutic sensitivity indices for two widely utilized liver
cancer treatments, Sorafenib and Gemcitabine. Sorafenib is a multikinase inhibitor that chiefly acts by inhibiting vari-
ous enzymes involved in promoting tumor growth and angiogenesis [63].AQ1 Gemcitabine is a deoxycytidine analog that

Fig 7. Top 5 significantly enriched GO terms for each of the following categories: molecular functions (MF), cellular components (CC),
and biological processes (BP). A–E display the enrichment analysis results of differentially expressed genes for subtype_0 through subtype_4,
respectively.

https://doi.org/10.1371/journal.pcbi.1013780.g007
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Fig 8. Top enriched KEGG pathways of each set of differentially expressed genes in LIHC and associated variations in therapeutic drug effi-
cacy across liver cancer subgroups. A Key KEGG pathway for LIHC subtype_0. B Key KEGG pathway for LIHC subtype_1. C Key KEGG pathway
for LIHC subtype_2. D Key KEGG pathway for LIHC subtype_3. E Key KEGG pathway for LIHC subtype_4. F The imputed drug sensitivity scores for (i)
Gemcitabine and (ii) Sorafenib.

https://doi.org/10.1371/journal.pcbi.1013780.g008
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interferes with the replication process of cancer cells by mimicking DNA components, thereby suppressing their pro-
liferation [64]. In particular, we train the prediction model using datasets from the Sanger Genomics of Drug Sensitiv-
ity in Cancer (GDSC) v2 database and subsequently calculate therapeutic sensitivity scores. The Kruskal–Wallis test is
applied to quantify the statistical differences in the imputed scores among the five subtypes. As depicted in Fig 8F, for
Sorafenib, subtype_0 exhibits greater sensitivity, whereas subtype_1 and subtype_4 show lower sensitivity compared to
the other subtypes. Conversely, Gemcitabine demonstrates generally lower estimated scores than Sorafenib, indicating
that patients are more likely to respond effectively to Gemcitabine. Taken together, the distinct biological characteristics of
each subtype dictate their sensitivity or resistance to specific therapeutic drugs, underscoring the importance of tailoring
chemotherapeutic treatments to each patient’s subtype.

Discussion

In this study, we propose a robust decoupled contrastive learning framework that incorporates adaptive false negative
elimination for application in the cancer subtyping task. Specifically, DCMC leverages decoupled contrastive learning to
effectively integrate multi-omics data, preserving view-specific information while maintaining cross-view consistency. Fur-
thermore, we incorporate an adaptive false negative elimination strategy that employs dynamic weighting based on rel-
ative similarity to mitigate the adverse effects of misclassified negatives in contrastive learning, ultimately enhancing the
robustness of clustering outcomes. As demonstrated by the experimental results, DCMC exhibits superior performance
compared to 19 current alternatives on 10 extensively utilized multi-omics datasets. More in-depth experiments on the
LIHC dataset underscore the promising potential of DCMC for clinical applications. The visualization of mRNA expression
levels for the most prominent biomarkers identified by DCMC clearly demonstrates that the cancer subtypes possess dis-
tinct biological significance. Enrichment analysis of signaling pathways based on the differentially expressed genes aligns
with findings from previous studies, thereby supporting the predictive and therapeutic value of the identified subtypes.
Additionally, we analyze therapeutic drug efficacy across liver cancer subtypes using drug sensitivity scores estimated
with the ’oncoPredict’ R package, revealing distinct drug responses among subtypes. Overall, we expect that identifying
distinct cancer subtypes with the proposed method contributes to improved clinical outcome predictions, provides valuable
insights into cancer development and treatment, and accelerates advancements in personalized therapy.

Although DCMC demonstrates superior performance on the majority of TCGA datasets, there undoubtedly remains
room for further refinement. For instance, one important direction for future work is to incorporate protein expression data
and integrate protein–protein interactions to enhance the interpretability of the integrative embedding. Additionally, while
false negative elimination mitigates the negative impact of comparing with false negatives, it also overlooks the valuable
information present in true positives. In future research, identified false negatives could be treated as true positives, and
the anchor points could be drawn toward the positive samples, thereby improving overall model performance. Resolving
these challenges in subsequent work will drive the continued expansion and refinement of DCMC.
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S1 Table. The detailed information of the ten benchmark TCGA datasets evaluated in this work.
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whereas × represents that the clinical labels are absent.
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