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Abstract 

Recent advancements in single-cell multi-omics technologies have significantly 

improved our ability to explore cellular heterogeneity at an unprecedented resolution. 

These innovations enable the simultaneous profiling of genomic, transcriptomic, pro-

teomic, and epigenetic data at the single-cell level, providing comprehensive insights 

into cellular states and their regulatory mechanisms. However, integrating multi-omics 

data remains challenging due to its high dimensionality, technical noise, and bio-

logical complexity. To address these challenges, we introduce scWDAC (single-cell 

weighted distance adaptive clustering), a novel clustering method for  

single-cell multi-omics data. scWDAC utilizes a weighted distance penalty and adap-

tive graph regularization to effectively integrate multiple omics layers. Key innovations 

of scWDAC include using a weighted distance penalty to capture cell-to-cell similari-

ties across different omics modalities, and applying adaptive graph regularization on 

a consensus matrix to enforce cross-modal consistency. The framework optimizes 

both global consistency and local accuracy, ensuring a robust exploration of cellular 

structures across all omics layers. The effectiveness of scWDAC is evaluated through 

extensive experiments on ten paired single-cell multi-omics datasets. The results 

demonstrate that scWDAC outperforms existing clustering methods in terms of clus-

tering accuracy, robustness to noise, and biological interpretability.

Author summary

Recent advancements in single-cell high-throughput technology have transformed 
single-cell multi-omics, enabling researchers to study cellular heterogeneity with 
high resolution. This progress has significantly improved our understanding of 
complex biological systems and diseases. Single-cell multi-omics data, including 
genomics, transcriptomics, proteomics, and epigenetics, provides a  
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comprehensive view of cellular states and gene regulatory mechanisms. How-
ever, its analysis remains challenging due to high dimensionality, noise, and 
complexity. To address these challenges, we present scWDAC, a novel cluster-
ing algorithm for single-cell multi-omics data. scWDAC integrates omics layers 
by employing weighted distance penalties and adaptive graph regularization. It 
captures cell-to-cell similarities across layers, minimizes low-rank approximations, 
and enforces cross-modal consistency through consensus matrix regularization. 
By optimizing both global consistency and local accuracy, scWDAC uncovers 
robust cellular structures.

Introduction

Single-cell sequencing technology has revolutionized the study of biological pro-
cesses and disease mechanisms at individual cell resolution [1]. This advancement 
has profoundly enhanced our understanding of complex biological systems and dis-
eases, including cancer, immune disorders, and chronic conditions [2,3]. In particular, 
techniques such as scRNA-seq [4], scATAC-seq [5], scDNA-seq [6], and sci-CAR-seq 
[7] now enable the profiling of multiple molecular layers within the same cell, opening 
new avenues for deciphering cellular heterogeneity. A central task in single-cell data 
analysis is clustering—grouping cells based on their multidimensional characteristics 
to reveal underlying cellular subtypes [8]. Clustering is crucial for revealing heteroge-
neity within cell populations and lays the foundation for subsequent analyses, includ-
ing the identification of novel cell types, inference of cellular trajectories, and mapping 
of complex cellular landscapes [9,10].

Traditionally, clustering methods for single-cell data [11–19] have primarily focused 
on scRNA-seq data, leading to significant progress in identifying cellular heterogene-
ity. For instance, Wang et al. [12] introduced SIMLR, a multi-kernel learning frame-
work for clustering scRNA-seq data. Similarly, Zhang et al. [14] proposed SCCLRR, 
a method that captures both global and local features of scRNA-seq data to accu-
rately detect cell types by learning a robust similarity matrix. Wu et al. [15] developed 
DRjCC, which combines dimensionality reduction with non-negative matrix factoriza-
tion for cell type identification. However, these methods are limited by their reliance 
on scRNA-seq, which captures only the transcriptional layer of cellular activity. Con-
sequently, they are highly sensitive to technical artifacts in scRNA-seq data—such as 
dropout events, amplification biases, and temporal expression fluctuations. This may 
lead to misclassification of functionally similar or transitional cell states that possess 
distinct epigenetic or genomic profiles.

The emergence of single-cell multi-omics technologies now enables the simul-
taneous analysis of multiple molecular layers–such as genomics, transcriptomics, 
proteomics, and epigenomics–at single-cell resolution. Notably, sci-CAR-seq comple-
ments scRNA-seq by incorporating chromatin accessibility data, thereby offering a 
more comprehensive understanding of gene regulation at both the transcriptomic and 
epigenomic levels. Integrating these diverse data types enables researchers to gain 
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a more comprehensive understanding of cellular behavior, which may lead to the discovery of novel biomarkers, biolog-
ical mechanisms, and therapeutic targets [20,21]. However, although these multi-omics datasets offer deeper biological 
insights, they also pose significant challenges related to data integration, noise reduction, and computational scalability. 
For example, data from scRNA-seq, scATAC-seq, and scDNA-seq provide complementary but incomplete insights into 
cellular function. Therefore, there is a pressing need for advanced methods to effectively integrate and analyze single-cell 
multi-omics data. These methods should preserve the inherent relationships between different omics layers while account-
ing for biological variability in computational systems biology.

In recent years, numerous computational methods have been developed to address the challenges of analyzing single- 
cell multi-omics data [22–31,32,33]. These methods can be broadly categorized into paired (multi-omics data from the 
same cell) or unpaired data (multi-omics data from different cells). Methods designed for unpaired data aim to project mul-
tiple modalities into a common latent space or leverage transfer learning to fill in missing modalities. For example, Seurat 
V3 [34] integrates scATAC-seq with scRNA-seq by transforming datasets into a shared space via “anchors.” UnionCom 
[22] uses a topology-preserving algorithm to align multi-omics data, preserving both global and local relationships between 
cells. However, this approach may struggle to scale with large datasets. uniPort [35] embeds different omics datasets into a 
shared latent space and integrates multi-omics via coupled variational autoencoders and unbalanced optimal transport.

For paired data, where different modalities are profiled from the same set of cells, methods such as MOFA+ [25] 
combine single-cell RNA-seq, ATAC-seq, and DNA methylation to identify latent factors based on non-negative matrix 
factorization (NMF), effectively capturing cellular heterogeneity. Its primary strength lies in handling diverse omics data 
in an unsupervised manner, although it only considers the linear relationships between the omics layers and requires 
careful hyperparameter tuning to avoid overfitting. Additionally, scHoML [31] applies a multimodal high-order neighbor-
hood Laplacian matrix optimization framework to enhance clustering performance and provide insights into cellular states. 
GRMEC-SC [33] incorporates graph-based regularization to preserve the data’s intrinsic structure, ensuring more accu-
rate and robust clustering results. Both JSNMF [28] and CCNMF [36] are based on NMF. JSNMF assumes that latent 
variables for different omic types are distinct and integrates the corresponding latent factorized matrices through con-
sensus graph fusion. It is specifically designed for dual-omics data. In contrast, CCNMF models the shared underlying 
clonal structure and the general concordance between cellular expression levels and copy number states by maximizing 
global concordance across different omic layers. sLMIC [37] utilizes low-rank and exclusivity constraints to decompose the 
self-representation of cells into shared and specific features, offering an effective approach to integrating different omic 
layers. Although graph-based methods have shown promising performance in single-cell multi-omics integration, most 
approaches rely on intuitive assumptions about shared features or consensus terms across omics layers. Crucially, they 
often overlook structural consistency and the complex relationships between features from different omics modalities.

To address these limitations, we propose scWDAC, an innovative computational framework that effectively captures 
both global structures and nonlinear local relationships in single-cell multi-omics data. scWDAC employs adaptive 
graph regularization to enhance clustering accuracy while ensuring cross-omics consistency, thereby preserving the 
intrinsic biological features across different molecular layers. A schematic overview of the scWDAC framework is pre-
sented in Fig 1.

In summary, the primary innovations and contributions of scWDAC are:

•	 scWDAC integrates Gaussian kernel-based weighted distance penalties to capture local nonlinear relationships, com-
bined with low-rank representation (LRR) to preserve global structural patterns. This approach effectively addresses 
both fine-scale cellular variations and broader system-level consistency in multi-omics data.

•	 The method introduces an innovative three-factor decomposition with adaptive graph regularization that maintains 
omics-specific information while enforcing biologically meaningful consistency across different molecular layers, over-
coming key limitations in current multi-omics integration approaches.
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•	 Extensive validation across ten benchmark datasets demonstrates that scWDAC consistently outperforms current meth-
ods in clustering accuracy and robustness.

Results

Comparison of clustering results

In this section, we evaluate the clustering performance of scWDAC by comparing it with advanced clustering methods 
using three metrics: Accuracy (ACC) [38], Normalized Mutual Information (NMI) [39], and K-Nearest Neighbors Accuracy 
(KNA). Detailed descriptions of these metrics are provided in Section 2 of the S1 File. As shown in Figs 2 and 3, scWDAC 
attains perfect scores in both ACC and NMI for the Simu1, Simu2, and Sai datasets. For the BRCA, Inhouse, and Spleen 
datasets, scWDAC outperforms all other compared methods. On the remaining four datasets, scWDAC demonstrates 
strong competitiveness; for example, on the PBMC dataset, it ranks second only to Seurat. Althrough the JSNMF per-
forms well in terms of ACC and NMI metrics under servel datasets, this method is designed for dual-omics data and in 
cases when the number of omics excedds two, we select the best dual-omics result as the final output. Comprehensive 
numerical results of ACC and NMI are provided in S1 and S2 Tables.

Analysis of the clustering results revealed the complementary nature of ACC and NMI. ACC is sensitive to correct 
assignment of samples in large clusters, as misclassifications in populous groups heavily penalize overall accuracy. In 
contrast, NMI, which is based on information theory, provides a more balanced assessment by considering mutual infor-
mation between cluster distributions, thereby remaining relatively equitable toward clusters of all sizes.

To quantitatively assess a method’s ability to simultaneously achieve high clustering accuracy and balanced cluster 
distributions across diverse datasets, we introduced the Breakthrough Score (BS) (details provided in Section 2 of the 

Fig 1.  Framework of scWDAC. First, scWDAC employs a weighted distance penalty strategy combined with LRR to capture both local and global 
structures across multiple omics, thereby enhancing the representation of data. It then aligns the representation matrices via a three-factor decompo-
sition, preserving the critical information through the core matrices Cv for each omic. Additionally, adaptive consistent graph regularization is applied 
to enforce cross-modal consistency. Next, an adaptive information simplification strategy is applied to Z∗ to reduce redundant information and noise. 
Finally, downstream analyses, including t-SNE visualization, gene marker identification, functional analysis, and survival analysis, are performed based 
on the predicted results.

https://doi.org/10.1371/journal.pcbi.1014110.g001
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S1 File). The scatter plot of ACC versus NMI and the bar plot of BS values for each method are shown in Fig 4. scWDAC 
achieved the highest BS score (0.764), outperforming all baseline methods. This result confirms scWDAC’s unique capa-
bility to overcome the ACC-NMI trade-off.

Due to the fact that ACC and NMI primarily focus on evaluating global clustering agreements, they do not fully capture 
the preservation of local structures. Here, we introduce a new metric KNA designed to characterize the effectiveness 
of local structure preservation. S3-S5 Tables show the KNA metric results for scWDAC at various values of k. scWDAC 
consistently achieves the best performance on the Simu1, Sai, BRCA, and Inhouse datasets. On the Simu2 and Mononu-
clear datasets, scWDAC ranks just below JSNMF and scAI, respectively. scWDAC performs slightly inferior to MALS and 
MOSL on SNARE and PBMC datasets, it achieves the best average KNA score across all datasets compared to the other 
methods. Notably, JSNMF also exhibits a strong ability to preserve local structural information. This advantage arises 

Fig 2.  Comparison of clustering performance across ten datasets. Bars represent the average ACC over 10 independent runs. Missing bars indi-
cate methods that exceeded the 60-hour runtime limit or available memory.

https://doi.org/10.1371/journal.pcbi.1014110.g002

Fig 3.  Comparison of clustering performance across ten datasets. Bars represent the average NMI over 10 independent runs. Missing bars indicate 
methods that exceeded the 60-hour runtime limit or available memory.

https://doi.org/10.1371/journal.pcbi.1014110.g003
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from the use of a graph Laplacian regularization term, which enables the model to capture and retain the intrinsic local 
geometric structure of high-dimensional data. All experiments are conducted with the number of clusters set to match the 
true number of classes in the datasets. The results are obtained on a Windows 10 system with an Intel Xeon E5-2686 V4 
(2.3GHz) [Dual CPU] and 256GB RAM, using MATLAB 2022b and R 4.5.1.

Overall, our proposed method achieves the best overall clustering performance across all datasets. This is evidenced 
by its highest average scores in ACC and NMI metrics (S1 and S2 Tables) and superior average scores on local KNA 
metric (S3–S5 Tables), which collectively demonstrate its stability and robustness. These results suggest that integrating 
both linear and nonlinear information significantly enhances clustering performance. Additionally, the adaptive consis-
tency graph regularization strategy, which enforces cross-modal consistency, effectively improves the model’s robustness 
across diverse datasets.

We present a visualization of the clustering results in Section 4 of the S1 File and S1 Fig on page 5 to provide an 
intuitive evaluation of the new method’s performance. Further assessment is conducted by comparing the heatmap of the 
similarity matrix generated by our method with those produced by other methods. S2 Fig depicts the block diagonal struc-
ture of the similarity matrices for both our method and the compared methods, based on the Sai and SNARE datasets. 
Additionally, we analyze the sensitivity of the parameters in Section 5 of the S1 File. The results in S3 and S4 Figs demon-
strate that scWDAC is relatively stable and insensitive to parameter variations across most test datasets.

Marker gene identification and functional enrichment analysis

Marker genes play a crucial role in understanding cellular heterogeneity and transcriptional regulation. Identifying marker 
genes is a key step in cell type annotation. In this section, we used the cosine similarity-based marker gene identifica-
tion method (COSG) [40] to identify significant marker genes. This method evaluates gene importance by integrating the 
gene expression matrix with predicted cell labels, ranking the genes in descending order of significance. The top-ranked 
genes are considered important marker genes, as their potential roles in cellular processes are often reflected in their high 
expression levels and unique expression patterns.

Fig 5A presents a bubble plot of the top 10 marker genes identified in each cell cluster from the SNARE dataset. For 
example, PRAME has been identified as a key inhibitor of the retinoic acid receptor (RAR) signaling pathway. In leukemia 
cell line models, PRAME expression interferes with the normal regulation of cell proliferation and differentiation by retinoic 

Fig 4.  Evaluation of clustering performance trade-offs. (left) Scatter plot showing the relationship between ACC and NMI for each method across 
datasets. (right) Bar plot comparing BS values for each method, which quantifies the ability to balance both metrics.

https://doi.org/10.1371/journal.pcbi.1014110.g004
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Fig 5.  Downstream analyses of the SNARE dataset. (A) Bubble plot of marker genes across cell types. (B) UMAP plot ofvisualizing the distinct 
clusters of cells. (C) Pairwise correlation of averaged gene expression values for each cluster. (D) Correlations between marker genes and biological 
processes. (E) Top 20 enriched BP categories, ranked by p-value.

https://doi.org/10.1371/journal.pcbi.1014110.g005



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014110  April 3, 2026 8 / 20

acid. Specifically, PRAME inhibits cell differentiation and promotes cell proliferation by blocking RAR signal transduction 
[41]. Therefore, antibodies targeting PRAME may serve as potential therapeutic targets for leukemia. Long non-coding 
RNAs (lncRNAs) are essential for the self-renewal and maintenance of pluripotency in human embryonic stem cells 
(hESCs). The lncRNA ESRG is highly expressed in undifferentiated hESCs, where it binds and stabilizes the HNRNPA1 
protein, regulating the alternative splicing of TCF3 and influencying CDH1 expression, thus maintaining hESC self- 
renewal and pluripotency [42]. The marker genes identified by the scWDAC method exhibit differential expression across 
their respective cell clusters, with most matching entries in the CellMarker database [43]. Although some identified marker 
genes are not recorded in CellMarker, the experimental results indicate their elevated expression levels in different clus-
ters, suggests that they may represent novel merker candidates. To further assess the performance of scWDAC in marker 
gene identification, we performed comparative experiments in Section 6 of the S1 File.

Fig 5B shows a UMAP visualization of the SNARE dataset containing K562 cells (C1), H1 cells (C2), GM12878 cells 
(C3), and BJ cells (C4). To further validate the reliability and relationships among the identified marker genes, we select 
the top 5 marker genes from each cluster in the SNARE dataset. We then analyze the pairwise similarities between the 
average gene expression values within each cluster and construct a dendrogram based on these similarity scores using 
hierarchical clustering to identify new clusters. The results shown in Fig 5C demonstrate that marker genes from the same 
cell type are perfectly reclassified in the SNARE dataset. These results indicate that the marker gene predictions identi-
fied by combining scWDAC and COSG provide valuable insights for downstream analysis and investigations into cellular 
regulatory mechanisms.

To investigate the inherent relationships between genes and biological processes, we analyze the enrichment of marker 
genes within five typical biological processes (BP). As shown in Fig 5D, this analysis reveals a close association between 
marker genes and their respective biological processes. For example, the marker gene G0S2 in K562 cells is associated 
with the extrinsic apoptotic signaling pathway. Leukemia cells often exhibit excessive proliferation. In K562 cells, the 
marker gene G0S2 indirectly promotes cell apoptosis by influencing the cell cycle and inhibiting excessive proliferation. 
Similarly, lymphocyte cells play a crucial role in the immune system, particularly in antigen processing and presentation. 
The enrichment results show that the marker genes HLA-DRA, CD74, and HLA-DRB1 in GM12878 cells are closely asso-
ciated with antigen processing and presentation. These enrichment results further validate the functional significance of 
the marker genes identified by scWDAC, reflecting the inherent relationships between marker genes in different cell types 
and their corresponding biological processes.

Enrichment analysis is crucial for elucidating the biological characteristics and functions of transcriptomic data. From 
the SNARE dataset, the top 20 highest-scoring marker genes are selected for each cell cluster, and gene ontology (GO) 
annotation analysis is performed using the clusterProfiler tool [44] in R. Fig 5E presents the results of the BP enrichment 
analysis, highlighting the top 20 biological process (BP) categories sorted by p-value. The most significantly enriched pro-
cesses include dendritic cell antigen processing and presentation, extrinsic apoptotic signaling pathway, humoral immune 
response, and negative regulation of cytokine production. Furthermore, several processes show moderate enrichment 
levels, involving regulation of cell growth, ERK1 and ERK2 cascades, positive regulation of the insulin-like growth factor 
receptor signaling pathway, positive regulation of T-cell activation, and positive regulation of cell-cell adhesion.

Overall, the enrichment analysis indicates that the marker genes identified by scWDAC are closely associated with 
immune-related biological processes, further validating their functional significance. This further validates the functional 
significance of these marker genes.

Ablation analysis

Previous studies have demonstrated that integrating linear and nonlinear information can significantly improve the per-
formance of clustering methods [45,46]. To further validate the effectiveness of this strategy on clustering performance, 
we conducted an ablation analysis within the scWDAC framework by removing the respective terms, evaluating the 
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contribution of each key component to the overall performance. The impact of component removal on clustering perfor-
mance is evident from the changes in ACC and NMI, as shown in Fig 6. Specifically, λ1 = 0 denotes the removal of the 
weighted distance penalty term, while λ2 = 0 represents the removal of the noise term.

The results showed that the removal of both the weighted distance penalty term and the noise term significantly 
impacted the model’s performance. For small-scale datasets such as the Sai, BRCA, SNARE, Inhouse, and Mononu-
clear datasets, the primary challenge here often stems from technical noise and sparsity. Removing the noise term had a 
more significant impact on the clustering results, with the ACC values decreasing by 5.34%, 10.95%, 1.40%, 5.81%, and 
3.19%, respectively. This observation further confirms that effective noise suppression is a prerequisite for robust integra-
tion in such scenarios. In contrast, for large-scale datasets with nonlinear features, such as the PBMC and BMNC data-
sets, these datasets typically contain more complex cellular subpopulations and exhibit stronger nonlinear relationships. 
Removing the weighted distance penalty term, which is designed to capture such nonlinear and local structures, led to 
greater performance degradation, with ACC values decreasing by 6.62% and 7.87%, respectively. Overall, the joint adop-
tion of these two components significantly improved the clustering performance of scWDAC across most datasets.

To further examine scWDAC’s ability to integrate multi-omics data, we systematically tested all possible combinations 
of omics layers. As shown in Fig 7, the best performance was consistently achieved only when all omics layers are used 
simultaneously. In the BRCA dataset, the performance of any pairwise omics layers combination consistently exceeded 

Fig 6.  The ablation analysis experiments of scWDAC.

https://doi.org/10.1371/journal.pcbi.1014110.g006

Fig 7.  Performance of various combinations of omics on eight test datasets.

https://doi.org/10.1371/journal.pcbi.1014110.g007
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the weaker omics layer, corroborating the value of cross-omics complementary information. Additionally, the results from 
the BRCA dataset confirmed that scWDAC can effectively scale to three omics layers.

Survival analysis on real cancer datasets

We further evaluated scWDAC using two real cancer multi-omics datasets from The Cancer Genome Atlas (TCGA), 
a comprehensive resource that aggregates molecular profiling and clinical data across multiple cancer types [47]. We 
selected acute myeloid leukemia (AML) and glioblastoma multiforme (GBM) datasets, which include mRNA expression, 
DNA methylation, miRNA expression, and clinical annotations. Only samples with all three omics types available were 
retained. We applied scWDAC to perform sample clustering on these paired multi-omics datasets. Since the number 
of sample clusters was unknown a priori, we determined the optimal number using the eigengap method based on the 
learned similarity matrix and obtain the final sample groupings by using spectral algorithm. We then identified the top 
10 marker genes for each resulting cluster using the COSG R package. Finally, survival analysis is conducted on sam-
ples with available clinical information. Only genes achieving statistical significance (p < 0.05) are retained as prognostic 
markers. The identified marker genes are integrated with the clinical data to further assess the relationship between these 
marker genes and patient survival time.

Fig 8 summarizes marker gene identification and survival analysis for the AML and GBM datasets. Dot plots illustrating 
marker gene identification for AML and GBM are shown in Fig 8A and 8B, respectively. Marker genes in the AML data-
set exhibited more distinct expression patterns and stronger cluster specificity compared to those in GBM. For survival 
analysis, samples were stratified into “High” and “Low” expression groups based on whether the expression level of 
each marker gene was above or below the median across samples. In the AML dataset (Fig 8C), high expression of the 
UGT3A2 was significantly associated with improved survival outcomes (p = 0.022). One patient in the high-expression 
group survived beyond 2,000 days, whereas all patients in the low-expression group experienced the endpoint event. In 
contrast, for the GBM dataset (Fig 8D and 8E), low expression of NROB1 and DCX was associated with better survival. 
Two patients in the low-expression groups survived up to 2,000 days, while none in the corresponding high-expression 
groups reached this time point. These findings highlight the ability of scWDAC to identify marker genes with potential 
prognostic relevance in cancer, supporting its utility for precision medicine–oriented bioinformatic analyses.

Computational complexity and convergence analysis

The optimization algorithm involves iterative steps, with its computational complexity dominated by several key matrix 
operations. Below we detail the most computationally demanding steps among the ten main steps listed in Algo-
rithm 1 (see Section 1 of the S1 File). First, updating the consensus matrix C∗ is dominated by the SVD operation of 
an n-order square matrix, with computational complexity of O(n3). Similarly, updating the matrices L and R  across 
all views each requires O(Vn3) operations. The update of E can be computed via a closed-form solution, with a com-
plexity of O(kvn2 + kvn) for each view, where kv represents the number of eigenvectors for the v-th view. For datasets 
with dv > n, the Woodbury formula [48] is not required. Consequently, the updates for Z  and C  across all views, which 
involve matrix inversion, also scale as O(Vn3). The final step involves performing SVD on Z∗ and applying spectral 
clustering to W , with complexity of O(n3 + n2). Therefore, the per-iteration computational complexity of scWDAC is 
O((4V + 2)n3 + (Vkmax + 1)n2 + Vkmaxn), where kmax = max {k1, . . . kV}. Given t iterations, the overall computational complex-
ity becomes O((t(4V + 1) + 1)n3 + (tVkmax + 1)n2 + tVkmaxn).

The computational performance of the methods is evaluated by comparing their execution times across ten datasets 
(Table 1). The “/” symbol indicates instances where results could not be obtained within the specified time (60 hours) or 
due to memory limitations. The bold fonts indicate the fastest result for each dataset. Among these methods, BREMSC 
exhibits the longest computation times for most datasets. In contrast, LIGER demonstrates the shortest computation times 
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Fig 8.  Marker genes identified by scWDAC and their association with patient survival. (A-B) Bubble plots of marker genes identified by scWDAC 
in the (A) AML and (B) GBM datasets. (C-E) Kaplan–Meier survival curves comparing high-versus low-expression groups of selected marker genes in 
the (C) AML dataset (UGT3A2 gene), and the GBM dataset for (D) NROB1 and (E) DCX genes.

https://doi.org/10.1371/journal.pcbi.1014110.g008
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across most datasets, with a significant advantage for larger datasets. scWDAC performs efficiently on relatively small 
datasets but became progressively more time‑consuming as the data size increased.

Owing to the complexity of scWDAC, which involves multiple blocks, it is impractical to prove its theoretical conver-
gence. To numerically assess the convergence of scWDAC, we present the objective value and clustering metrics versus 
iteration number in S9 Fig on page 12.

Discussion

The advent of single-cell multi-omics technologies has revolutionized the field of cellular biology by enabling the simulta-
neous interrogation of genomic, transcriptomic, proteomic, and epigenetic layers within individual cells. These advance-
ments offer unparalleled opportunities to dissect cellular heterogeneity and regulatory networks but also pose significant 
computational challenges, including high-dimensional noise, modality-specific biases, and the need for effective integra-
tive analysis across disparate data types.

To address these challenges, we propose scWDAC, a novel clustering framework that integrates multi-omics data 
using weighted distance penalties and adaptive graph regularization. The weighted distance penalty is designed to cap-
ture cell-to-cell similarities across different omics modalities, aligning information from various layers in a biologically 
meaningful manner. This approach reduces the risks associated with low-rank approximations while ensuring cross-
modal consistency, thereby significantly improves the robustness of clustering results. A major strength of scWDAC 
lies in its ability to optimize both global consistency and local accuracy, which are critical for uncovering the complex 
structures that define cellular heterogeneity. This dual optimization guarantees that the resulting clusters are consis-
tent across the entire dataset while also accurately reflecting the fine-grained differences between individual cells. 
Extensive experimental validation across ten distinct single-cell multi-omics datasets has demonstrated the superiority 
of scWDAC compared to existing clustering methods. Notably, scWDAC excels in clustering accuracy, robustness to 
noise, and biological interpretability, characteristics that are especially important given the high variability and technical 
noise often found in single-cell multi-omics data. Furthermore, when applied to bulk multi-omics cancer datasets, scW-
DAC successfully identified marker genes with potential prognostic relevance, underscoring its potential for precision 
medicine biomarker discovery.

Despite these promising results, the scalability of scWDAC to larger and more complex datasets remains a critical chal-
lenge. As the size and complexity of single-cell multi-omics datasets continue to grow, scWDAC’s computational demands 
may increase. While the current implementation performs well on publicly available datasets, future research should focus 
on optimizing computational strategies, including exploring parallelization techniques and developing more efficient algo-
rithms. These improvements are essential to ensure that scWDAC can handle the increasing volume of data and maintain 
performance in large-scale single-cell analyses.

In conclusion, scWDAC offers a powerful tool for integrating multi-omics data to uncover cellular heterogeneity and 
functional mechanisms. Its application has broad potential in biomedical research, particularly in understanding complex 
biological processes and identifying cell types. However, its ability to scale to larger datasets and handle the growing 
demands of large-scale studies will be crucial for its continued success. Future research should focus on optimizing 
computational efficiency will be crucial for extending the capabilities of scWDAC to meet the challenges of increasingly 
complex datasets.

Methods and data

Model of scWDAC

LRR is a self-representation method that utilizes the data matrix as a dictionary, effectively capturing the global struc-
ture of the data [49]. It assumes that data points are sampled from independent subspaces, with points within the same 



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014110  April 3, 2026 14 / 20

subspace being linearly representable by one another. For a single-omics dataset X =
[
x1, x2, . . . , xn

]
∈ Rm×n, where m 

and n represent the number of features and single cells, respectively, the general LRR model is expressed as

	
min
Z,E

rank(Z) + λ ∥E∥2,1 s.t. X = XZ + E,
	 (1)

where E ∈ Rm×n is a sparse noise matrix that fit the noise, λ > 0 is a regularization parameter, and l
2,1

 norm encourages 
row sparsity in E. Z ∈ Rn×n is a low-rank representation matrix obtained in the latent subspace. Specifically, the true seg-
mentation of the data can be revealed by minimizing the rank of Z  [50]. However, due to the discrete nature of the rank 
function, obtaining a solution is challenging. Therefore, the nuclear norm is widely adopted as its convex relaxation, and 
the optimization problem (1) is reformulated as

	
min
Z,E

∥Z∥∗ + λ ∥E∥2,1 s.t. X = XZ + E.
	 (2)

Multi-omics profiles provide complementary information on the same set of cells, enabling a more comprehensive 
understanding of cellular behavior [20]. To leverage the complementary nature of multi-omics data, LRR-based meth-
ods have been extended to a multi-omics framework. Given a multi-omics data X = {X1,X2, . . .XV}, where Xv ∈ Rmv×n 
represents the feature matrix for the v-th omics, with mv and n denoting the number of features and the number of cells, 
respectively. The extended form of LRR in multi-omics is formulated as

	
min
Zv,Ev

V∑
v=1

(∥∥Zv∥∥∗ + λ
∥∥Ev∥∥

2,1

)
s.t. Xv = XvZv + Ev.

	 (3)

where Zv ∈ Rn×n and Ev ∈ Rmv×n represent the view-specific representation matrix and the noise matrix for the v-th omics 
layer, respectively.

Although LRR recovers the global information of the cells, it ignores inherent local structure information in the data. 
To incorporate local geometry, the weighted regularization term 

∑
i,j ∥xi – xj∥

2
2 zij has been widely adopted [51]. This term, 

however, only characterizes linear relationships between cells, whereas gene-regulatory programs and cell–cell commu-
nication exhibit pronounced nonlinearities. To capture these nonlinear local dependencies, we introduce a weight matrix P 
that adaptively penalizes inter-cell distances.

	

pij =


e–

∥xi–xj∥22
2σ2 , xi ∈ KNN

(
xj
)

1, otherwise. 	 (4)

where KNN(xj) denotes the set of k-nearest neighbors (KNN) of cell j, with the number of neighbors k and σ set to 10 and 
1, respectively. Therefore, the weighted distance penalty regularization term is 

∑
i,j pij ∥xi – xj∥

2
2 zij. When cells i and j are 

mutual KNNs, both ∥xi – xj∥22 and the penalty weight pij (pij < 1) are small. As a result, the model tends to learn larger scores 
zij, which increases the likelihood of the two cells being assigned to the same cell cluster. Furthermore, the diagonal ele-
ments are set to zero to prevent cells from representing themselves, and each row is constrained to sum to one. With the 
introduction of the weighted distance penalty regularization term, the optimization problem (3) is reformulated as

	

min
Zv,Ev

V∑
v=1

(∥∥Zv∥∥∗ + λ1
∑
i,j

pvij
∥∥xvi – xvj

∥∥2
2
zvij + λ2

∥∥Ev∥∥
2,1

)

s.t. Xv = XvZv + Ev, diag(Zv) = 0, zvij ≥ 0,
∑
j

zvij = 1.
	 (5)
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The key to spectral clustering lies in constructing a high-quality representation matrix. Directly applying the representa-
tion matrix may capture noise and outliers, leading to inaccurate models or poor generalization. In addition to complemen-
tarity, consistency is equally crucial for enhancing clustering performance in multi-omics analysis. Consistency refers to the 
common features across different omics, specifically, the shared representation structure [52]. Inspired by the consistency 
strategy introduced in RC_MSC [53], the representation matrix Zv is decomposed into three matrices Lv, C , and RvT.  
The model in (5) is then optimized as follows:

	

min
Zv,Lv,C,Rv,Ev

∥C∥∗ +
V∑
v=1

(
λ1

∑
i,j

pvij
∥∥xvi – xvj

∥∥2
2
zvij + λ2

∥∥Ev∥∥
2,1

)

s.t. Xv = XvZv + Ev,Zv = LvCRvT,Lv
T
Lv = I,RvTRv = I,

diag(Zv) = 0, zvij ≥ 0,
∑
j

zvij = 1,
	 (6)

where C ∈ Rn×n is the consensus representation matrix of Zv across all omics, designed to preserve key features and pro-
mote consistency across omics. The left factor matrix Lv ∈ Rn×n and the right factor matrix Rv ∈ Rn×n represent the basis 
vectors of Zv along the two extended directions, respectively. Finally, the orthogonality constraint is imposed to prevent 
trivial solutions.

Owing to inherent noise and biases in single-cell sequencing technologies, the reliability of omics data varies. To 
mitigate the impact of noise and improve multi-omics integration, we adopt an adaptive consistency graph regularization 
strategy that assigns distinct weights to each omics layer. Taking these factors into account, the final optimization problem 
for scWDAC is formulated as follows:

	

min
Zv,C∗,Lv,Cv,Rv,Ev,wv

∥∥C∗∥∥
∗ +

V∑
v=1

(
λ1

∑
i,j

pvij
∥∥xvi – xvj

∥∥2
2
zvij

+wv
∥∥Cv – C∗∥∥2

F + λ2
∥∥Ev∥∥

2,1

)

s.t. Xv = XvZv + Ev,Zv = LvCvRvT,Lv
T
Lv = I,RvTRv = I,

diag(Zv) = 0, zvij ≥ 0,
∑
j

zvij = 1,
	 (7)

where C∗ ∈ Rn×n is the consensus representation matrix, and wv denotes the weight of the v-th omics in the adaptive 
graph regularization term. The term 

∑V
v=1 w

v
∥∥Cv – C∗∥∥2

F
 enforces cross-omics consistency while capturing underlying 

shared structure.
The detailed optimization process for each variable is provided in the Section 1 of S1 File. It should be noted that Cv 

serves as an intermediate representation that coordinates shared information, allowing the model to capture both consis-
tency and complementarity across modalities. The iterative optimization process refines both Cv and Zv, ensuring that the 
final outputs of Zv accurately capture the unique features of each modality while preserving the shared structure.

Based on the obtained representation matrix Zv  for each omics data, and the similarity matrix Z∗ is given by 

Z∗ =
∑V

v=1 Z
v. However, the similarity matrix Z∗ obtained through this fusion strategy contains a significant amount of 

redundant information, which severely hampers the performance of spectral clustering. The values in the similarity 
matrix represent the importance of the corresponding intrinsic structural information. Specifically, for each column of 

Z∗, the elements are sorted in descending order, and the cumulative sum is computed until reaching τ% of the total 
sum. The selected elements are retained, while the others are discarded. In general, larger sample sizes correspond 
to more irrelevant information, so the information retention rate is inversely proportional to τ  and the sample size n, 
defined as
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τ = ε1 +

1
ε2n + ε3

,
	 (8)

where τ  is the information retention ratio, and ε1, ε2, and ε3 are invariant constants with consistent values across diverse 
datasets.

Consider the similarity matrix Z∗ based on low-rank representations, where the principal component information 
between any two vectors from the same subspace is greater than that between vectors derived from different subspaces 
[54]. Specifically, we perform the skinny singular value decomposition of Z∗: Z∗ = UΛVT . We then construct the angle 
information matrix M = U

√
Λ and define the similarity matrix as

	
wij =

(
mT

i mj

∥mi∥2∥mj∥2

)k

,
	 (9)

where mi  and mj  represent the i-th and j-th rows of M , respectively. Furthermore, the term k = 2 ensures that all values in 

W  for subspace clustering are positive [55]. Finally, the similarity matrix W  is employed for spectral clustering. Algorithm 1 
outlines the complete steps of scWDAC in Section 1 of the S1 File.

Data description

In this paper, we utilize ten paired single-cell multi-omics datasets with accurate cell type annotations, which have been pre-
viously employed in academic studies to assess model efficacy. The details of these datasets are summarized in Table 2.

Supporting information

S1 File. Supplementary notes for scWDAC. 1. Details of the optimization processes. 2. Evaluation metrics. 3. Numerical 
results of ACC and NMI. 4. Visualization of clustering results. 5. Parameter sensitivity analysis. 6. Comparison of marker 
gene identification. 7. Convergence analysis.
(PDF)

S1 Fig. Visualization of the clustering results. 
(TIF)

Table 2.  Details of the benchmark datasets.

Datasets Cells Type of features Number of features Clusters

Simu1 [24] 200 scRNA/scATAC 1,000/5,000 3

Simu2 [24] 200 scRNA/scATAC 1,000/5,000 3

Sai[37] 206 scRNA/scATAC 49,073/207,202 3

BRCA1 875 mRNA/DNA methylation/miRNA 1,000/1,000/503 5

SNARE [56] 1,047 scRNA/scATAC 500/7,136 4

Inhouse [33] 1,182 scRNA/ADT 1,000/10 6

Mononuclear [30] 2,714 scRNA/scATAC 2,000/5,000 9

PBMC [31] 6,661 scRNA/ADT 33,538/14 7

Spleen [57] 16,828 scRNA/ADT 13,553/112 35

BMNC [58] 30,672 scRNA/scATAC 1,000/25 27

1https://gdac.broadinstitute.org/.

https://doi.org/10.1371/journal.pcbi.1014110.t002

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014110.s001
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014110.s002
https://gdac.broadinstitute.org/
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S2 Fig. Comparison of heatmaps of similarity matrices from different methods. 
(TIF)

S3 Fig. Clustering ACC and NMI with respect to the parameters and across various datasets. 
(TIF)

S4 Fig. Exploring the impact of KNN neighborhood size on model performance. 
(TIF)

S5 Fig. Comparison of ACC and NMI across eight datasets under various kernel functions. 
(TIF)

S6 Fig. The UMAP Visualization based on four different label conditions: True (A), scWDAC (B), JSNMF (C), and 
scAI (D). 
(TIF)

S7 Fig. Bubble plots of marker genes identified by truth labels (A), scWDAC (B), JSNMF (C), and scAI (D). 
(TIF)

S8 Fig. Enrichment analysis of predicted marker genes: True markers (A), scWDAC (B), JSNMF (C), scAI (D). 
(TIF)

S9 Fig. (A). The convergence curves of scWDAC on all datasets. (B). ACC and NMI versus the iteration number on 
the corresponding datasets. 
(TIF)

S1 Table. The numerical comparison of ACC (mean% ± standard%). 
(XLSX)

S2 Table. The numerical comparison of NMI (mean% ± standard%). 
(XLSX)

S3 Table. Evaluation of KNN neighbors (k = 10) in embedding space. 
(XLSX)

S4 Table. Evaluation of KNN neighbors (k = 20) in embedding space. 
(XLSX)

S5 Table. Evaluation of KNN neighbors (k = 30) in embedding space. 
(XLSX)

S6 Table. Comparison of the overlap between predicted marker genes from three methods and true marker 
genes. 
(XLSX)
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