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Recent advancements in single-cell RNA sequencing (scRNA-seq) technology have unlocked 
novel opportunities for deep exploration of gene expression patterns. However, the inherent high 
dimensionality, sparsity, and noise in scRNA-seq data pose significant challenges for existing clustering 
methods, especially in accurately identifying and classifying diverse cell types. To address these 
challenges, we introduce a new method, single-cell Multi-Scale Clustering Framework (scMSCF), which 
combines multi-dimensional PCA for dimensionality reduction, K-means clustering, and a weighted 
ensemble meta-clustering approach, enhanced by a self-attention-driven Transformer model to 
optimize clustering performance. scMSCF constructs an initial clustering framework using a multi-layer 
dimensionality reduction strategy to establish a robust consensus on clustering structure. A voting 
mechanism within the meta-clustering process selects high-confidence cells from the initial clustering 
results to provide precise training labels for the Transformer model. This approach enables the model 
to capture complex dependencies in gene expression data, thereby enhancing clustering accuracy. 
Comprehensive testing across eight single-cell RNA sequencing datasets demonstrates that scMSCF 
surpasses existing methods, achieving on average 10-15% higher ARI, NMI, and ACC scores. For 
example, on the PBMC5k dataset, scMSCF improves ARI from 0.72 to 0.86, demonstrating its ability 
to accurately identify diverse cell populations. The source code for our algorithm is publicly available at 
https://github.com/DEREKJ24/scMSCF.

Keywords  scRNA-seq, Multi-dimensional PCA, Weighted ensemble meta-clustering, Transformer model, 
High-confidence cells

Single-cell RNA sequencing (scRNA-seq) technology offers unprecedented opportunities for modern biological 
research by capturing subtle variations in gene expression at the single-cell level1. This technology has played a 
crucial role in uncovering cellular heterogeneity, studying disease mechanisms, and exploring cell development 
processes2,3. However, the high sparsity, noise, and dimensionality of scRNA-seq data pose significant challenges 
for data processing and analysis. Clustering analysis has become an essential tool for interpreting and revealing 
cell types and functional states within these complex datasets. Through clustering analysis, scientists can identify 
groups of cells with similar expression patterns from gene expression data, thus gaining deeper insights into the 
cellular composition of tissues and their dynamic changes in biological processes and disease states4.

In the analysis of scRNA-seq data, early clustering methods, such as K-means and hierarchical clustering, 
performed well on low-dimensional datasets but often struggled with high-dimensional, sparse, and noisy 
data5. K-means relies on Euclidean distances, making it sensitive to noise and uneven data distributions, while 
hierarchical clustering, although capable of revealing data structure, tends to be unstable in high-dimensional 
spaces6. Model-based clustering methods, such as the Gaussian Mixture Model (GMM), attempt to handle 
complex clustering tasks by assuming data distributions, yet these methods are sensitive to parameter choices 
and computationally expensive7. Spectral clustering8 improves clustering performance by leveraging the spectral 
properties of data but lacks efficiency in handling large-scale datasets. Common issues with these methods 
include assumptions of uniform low-dimensional data distribution, neglect of data sparsity and noise, and 
limitations in high-dimensional space, which restrict their utility in scRNA-seq data analysis, especially in 
distinguishing biologically distinct yet similar cell groups9.

To more effectively address these challenges, some emerging methods have become popular. Seurat10 
integrates normalization, scaling, and PCA to preprocess data, constructs a cell similarity graph via k-nearest 
neighbors, and applies Louvain or Leiden algorithms for community detection. Phenograph11 constructs cell 
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relationships using k-nearest neighbors and applies community detection algorithms to discover cell groups, 
making it particularly suitable for biologically related cell types with subtle expression pattern differences. 
Additionally, the combined use of classical algorithms has become a popular approach for effective clustering, 
such as combining T-SNE12 and DBSCAN13, leveraging their strengths to improve clustering accuracy. T-SNE 
maps high-dimensional data to lower-dimensional space while preserving point similarities, enabling DBSCAN 
to detect clusters based on connectivity of core and boundary points, which is effective for datasets with well-
defined cluster boundaries.

Despite the effectiveness of these methods in improving clustering performance, a single clustering scheme 
often faces limitations due to algorithmic assumptions, parameter choices, and sensitivity to data characteristics. 
Since individual algorithms struggle to fully capture data diversity and complexity, relying solely on one 
approach may overlook crucial biological features. To address this issue, methods such as SIMLR14 create data 
similarity metrics using multi-kernel learning, SC315 utilizes multiple clustering results to enhance clustering 
decisions, and SHARP16 uses ensemble strategies based on random projections to improve clustering speed and 
accuracy, especially for large and noisy datasets. These approaches aim to leverage the advantages of various 
clustering results to reduce biases and errors from individual methods. However, integrating clustering results 
frequently requires running multiple algorithms or configurations, increasing computational costs, particularly 
with large datasets. Additionally, choosing and weighting clustering results are critical; improper handling may 
degrade clustering quality, suggesting that while integration strategies can enhance stability and robustness, 
careful application is needed to ensure clustering accuracy and practicality.

In recent years, deep learning17 has been widely applied to scRNA-seq clustering due to its exceptional 
ability to handle nonlinear and high-dimensional data18. Unsupervised learning19 excels in discovering cellular 
structures and classifications from unlabeled data, making it indispensable for scRNA-seq clustering. For example, 
scDSC20 employs an autoencoder architecture to extract high-dimensional features from gene expression data 
and combines spectral clustering to enhance the identification of cell groups with diverse expression patterns, 
enabling precise separation and classification of cell subpopulations. scMAE21 uses a masking strategy22 for 
feature learning, successfully capturing complex features in cell expression to improve clustering performance. 
CellVGAE23 combines graph neural networks24 and variational autoencoders25 to model cell relationships, 
providing more accurate clustering for single-cell data. DESC26 optimizes clustering objectives iteratively, 
gradually removing batch effects in data with minimal technical differences. Semi-supervised27 learning 
leverages a small amount of labeled data to guide model training, effectively supporting cell type identification 
and classification without relying solely on labeled data. This approach has gained significant attention from 
researchers, as it introduces limited label information to enhance model performance and address challenges in 
scenarios with insufficient annotations. scSemiAAE28 integrates an autoencoder with ZINB29 loss, adversarial 
training30, and a semi-supervised module to achieve better latent representations, enhancing clustering accuracy 
and scalability. scTPC31 combines a ZINB-based denoising autoencoder with label information, using deep 
clustering and weighted cross-entropy32 to improve clustering accuracy for scRNA-seq data. scSSA33 integrates 
semi-supervised autoencoders with FastICA34 for dimensionality reduction, employing Gaussian mixture 
models35 with the BIC index36 to cluster rare cell subtypes and similar cell types. LFSC37 combines reference 
samples to generate a dictionary matrix38 and anchor graphs39 to maintain clustering structures, significantly 
improving clustering efficiency and effectiveness. Although deep learning models perform well in scRNA-seq 
clustering, the proper division of training and validation sets is critical for model generalization and clustering 
precision. Deep models rely heavily on high-quality training data to distinguish subtle differences in complex 
biological data. Improper division can lead to model overfitting, reducing adaptability to new data and hindering 
the capture of true biological features. Thus, a well-structured and information-rich training and validation set 
not only ensures model stability and accuracy but also serves as the foundation for generalization, enabling 
efficient and precise clustering across diverse scRNA-seq datasets. As summarized in Table 1, existing methods 
for scRNA-seq clustering exhibit methodological diversity but share limitations such as dependency on preset 
parameters, computational inefficiency, or limited generalizability. Extended feature and applicability contrasts 
of other approaches are provided in Supplementary Document ST1.

Therefore, we present scMSCF, a novel algorithm based on three core steps to enhance clustering accuracy 
and stability in single-cell RNA sequencing data. First, scMSCF applies a multi-dimensional PCA strategy for 
dimensionality reduction, performing K-means clustering across each dimension, and integrates these results 
through a weighted meta-clustering method to effectively manage data sparsity and noise. Next, a voting 
mechanism selects high-confidence cells with consistent clustering results to form a stable and reliable training 
set, providing precise labels for deep learning. Finally, scMSCF incorporates a Transformer model40 with self-
attention to capture complex dependencies in gene expression data, thereby achieving more nuanced cell type 

Method Technical strategy Advantages Use cases

scDSC Autoencoder + Spectral Clustering Robust feature extraction; handles non-linear structures Clear-cluster-boundary data

scMAE Masked Autoencoder Robust to dropout noise via random masking Sparse large-scale data

CellVGAE GNN + Variational Autoencoder Captures local cell relationships; good for microenvironments Small-scale fine-grained data

scSemiAAE Semi-supervised AE + Adversarial Training Leverages limited labeled data; stable training Partially labeled data

LFSC Anchor Graph + Dictionary Learning Efficient integration across batches or species Cross-dataset analysis with references

scMSCF Multi-PCA + Transformer Confidence-based training; High clustering accuracy High-noise, heterogeneous data

Table 1.  Comparative analysis of technical strategies, advantages, and use cases in scRNA-seq clustering.
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classification and relationship modeling. Overall, by integrating multi-dimensional reduction, weighted meta-
clustering, and the Transformer model, scMSCF overcomes challenges in high dimensionality, heterogeneity, 
and sparsity, providing a robust framework for scRNA-seq analysis. Subsequent sections will detail scMSCF’s 
implementation, key steps, and performance across various datasets, showcasing its potential in single-cell RNA 
sequencing data analysis.

Materials and methods
Overview of scMSCF
The scMSCF framework is a multi-module clustering algorithm specifically designed for scRNA-seq data to 
enhance clustering accuracy and stability. The workflow of scMSCF incorporates critical modules, such as 
data preprocessing, dimensionality reduction, clustering, meta-clustering integration, and deep learning 
optimization, as depicted in Fig. 1. The algorithm takes a single-cell RNA count matrix as input, where each row 
represents a unique cell and each column represents a gene. The preprocessing module includes quality control, 
normalization, and batch effect correction to ensure data consistency.

Data preprocessing (Moudle 1)
To enhance dimensionality reduction and clustering efficiency, we applied SCTransform normalization in Seurat 
v4.3.0, followed by the selection of the top 2000 highly variable genes (HVGs). SCTransform utilizes regularized 
negative binomial regression to normalize the count data while mitigating sequencing depth and technical noise. 
This method provides improved variance stabilization compared to traditional log-normalization. The selected 
HVGs were then used for principal component analysis (PCA), forming the basis for downstream clustering 
analysis.

In addition to this feature selection-based approach, we also applied SCTransform normalization to the entire 
gene expression dataset without HVG selection. This ensures that all biological signals are retained, allowing the 
Transformer model to effectively capture intricate gene-gene relationships and uncover complex transcriptional 
patterns. Further details on this preprocessing strategy, including parameter settings and validation experiments, 
are provided in Supplementary Document SN1.

Initial consensus clustering framework (Moudle 2)
Step 1: Multi-dimensional PCA dimensionality reduction and K-means clustering After data preprocessing, 
although technical noise and batch effects have been effectively mitigated, the high dimensionality of gene 
expression data can still lead to issues such as the “curse of dimensionality,” data sparsity, and increased 
computational complexity. To address these challenges, we used principal component analysis (PCA) to reduce 
the dimensionality of the gene expression matrix. PCA is a commonly used linear dimensionality reduction 
technique that projects high-dimensional data into a lower-dimensional space while preserving as much 
variance as possible. This simplifies the data structure and reduces redundancy. Let X be the preprocessed gene 
expression matrix with selected highly variable genes, where n is the number of cells and p is the number of 
genes. First, we construct the covariance matrix of the gene expression data:

	

∑
= 1

n − 1(X−
−
X)T(X−

−
X)� (1)

where X −
−
X is the gene expression matrix after mean centering. Subsequently, the covariance matrix is eigen-

decomposed to extract the eigenvectors corresponding to the top k largest eigenvalues, and these are assembled 
into the matrix Vk. Ultimately, the gene expression matrix is mapped into a reduced k-dimensional space:

	 Xreduced = XVk � (2)

In this study, we adopt a multi-resolution dimensionality reduction strategy, referred to as multi-dimensional 
PCA. Specifically, this term denotes the application of PCA multiple times using different numbers of retained 
principal components: 30, 35, 40, 45, and 50. Unlike traditional approaches that perform clustering on a fixed-
dimensional PCA projection (e.g., 50 components), our approach explores the data structure from multiple 
abstraction levels. This strategy allows us to capture distinct aspects of the underlying cellular heterogeneity that 
may be emphasized at different projection depths.

After dimensionality reduction under each selected dimension, we applied the K-means algorithm to perform 
clustering. Given a predefined number of clusters K, the algorithm iteratively updates the cluster centers µ and 
assigns data points x to their corresponding clusters C to minimize the following objective function:

	
min

C1,...,Ck

k∑
i=1

∑
x∈Ci

∥x − µi∥2� (3)

where Ci represents the i-th cluster, and µ i is the mean of all points x in Ci. We applied the elbow method 
to determine the optimal number of clusters, selecting two adjacent K values at each dimension for clustering to 
ensure robustness. For details on the application of the elbow method and multi-dimensional PCA dimensionality 
reduction, please refer to Supplementary Document SN2.

Step 2: Weighted integration of multiple clustering results  To boost both the accuracy and stability of 
the clustering outcomes, our study employed a weighted meta-clustering approach that integrates multiple 
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Fig. 1.  The overall scMSCF workflow. scMSCF starts with preprocessing single-cell RNA sequencing data, 
where SCTransform normalizes the data, followed by the selection of highly variable genes. PCA is then 
applied for dimensionality reduction to target dimensions of 30, 35, 40, 45, and 50. At each dimension, 
K-means clustering is conducted by clustering two adjacent points (representing two k-values) on the elbow 
curve, generating multiple clustering results. These results are then integrated into an initial clustering 
framework using a weighted ensemble meta-clustering (wMetaC) approach. Additionally, high-confidence cells 
are selected as the training set through a voting mechanism within wMetaC based on confidence calculations, 
and a Transformer model is introduced for deep learning. The self-attention mechanism of the Transformer 
learns complex patterns in the data, enhancing the accuracy and stability of cell clustering.
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clustering results16. This method strengthens the final clustering performance by assigning weights based on the 
consistency of cell groupings across different clustering results. Specifically, we calculated a weight for each cell 
that reflects how consistently it appears in the same cluster across multiple results. Cells that frequently appear 
together in the same cluster receive a higher weight, whereas cells that are inconsistently grouped across clusters 
are assigned lower weights. The weight calculation is given by:

	 wij = sij × (1 − sij)� (4)

where sij denotes the similarity between cells i and j across different clustering results. To better illustrate this 
process, consider a simple example: suppose we have three clustering results for five cells (C1 to C5). If cells 
C1 and C2 appear together in the same cluster in two out of three clustering results, they are considered highly 
similar, resulting in a higher similarity score and thus a lower weight. Conversely, if cells C1 and C5 never appear 
in the same cluster, their similarity score is lower, resulting in a higher weight. These similarity-derived weights 
help emphasize inconsistently clustered cells and strengthen the consensus of stable cell relationships across 
multiple runs. Utilizing these weights, we computed a weighted pairwise similarity matrix, which provides a 
more accurate measure of relationships between clusters by incorporating cell-specific weights. The weighted 
similarity calculation is as follows:

	
SwMetaC =

∑
t∈Cu∩Cv

∑N
j=1Wt,j + δ∑

t∈Cu∪Cv

∑N
j=1Wt,j + δ

� (5)

where Cu and Cv denote two distinct clusters, each representing a separate group of single cells identified in 
the clustering results. The variable t indexes each individual cell within cluster C, iterating over all such cells; 
Wt,j represents the pairwise weight between cell t and cell j, reflecting their similarity. N is the total number 

of cells, used to iterate over all cells for summing pairwise weights, and δ  is a small positive constant added to 
prevent a zero denominator, ensuring formula stability. After constructing the weighted similarity matrix for 
the clusters, hierarchical clustering is applied to further consolidate the clusters. This involves calculating the 
distance between all clusters and merging the most similar ones to yield a more robust clustering structure. 
Finally, a voting mechanism determines each cell’s final cluster assignment: each cell ‘votes’ based on its cluster 
assignments across multiple clustering results, and the cluster with the highest votes is assigned as its final cluster.

Through this weighted meta-clustering strategy, we successfully integrate multiple clustering results. A 
detailed illustrative diagram of this process is provided in Supplementary Document SN3.

Training and validation set division based on voting confidence (Moudle 3)
To further enhance clustering accuracy, we implemented a deep learning model designed to capture complex 
data dependencies. Before model implementation, it was crucial to strategically divide the training and 
validation sets to enable key feature extraction from high-quality data. scMSCF leverages a voting mechanism 
from weighted meta-clustering to identify high-confidence cells, ensuring the training data is accurately labeled. 
Specifically, scMSCF calculates each cell’s confidence level in each cluster based on multiple clustering results. 
Each cell’s cluster assignments across ten different rounds of dimensionality reduction and K-means clustering 
are recorded, and the number of votes it receives in each cluster is counted. A higher vote count in a specific 
cluster reflects a higher confidence level, indicating that the cell is more likely to belong to that cluster. The 
formula for calculating confidence in a cell’s assigned cluster is as follows:

	
Confidencei = Votesi

Total Votes
� (6)

where Votesi denotes the number of times i cell was assigned to its final cluster, and Total Votes refers to the 
total number of clustering rounds (10 in this study). This voting-based confidence calculation ensures that each 
cell’s final cluster assignment is the one with the highest consistency across multiple clustering results, offering 
enhanced stability and reliability. Based on these confidence scores, cells with high confidence are allocated in 
the training set, and those with lower confidence to the validation set. High-confidence cells are selected for 
training because they show consistent clustering across multiple results, providing stable and reliable labels that 
enable the model to learn features more effectively.

Deep learning enhancement: incorporating the transformer model (Moudle 4)
Following the division of the training and validation sets, we constructed a Transformer model using the PyTorch 
framework and proceeded with in-depth training and prediction. Equipped with a self-attention mechanism, the 
Transformer model excels at capturing long-range dependencies and intricate patterns within gene expression 
data. In recent years, it has achieved remarkable success in natural language processing and is increasingly being 
applied in bioinformatics. Initially, the input data is projected into a specified dimension via a linear layer, which 
is immediately followed by layer normalization:

	 h0 = LayerNorm (Winputx + binput)� (7)

where Winput and binput denote the weight and bias parameters of the input layer, respectively, with x 
representing the input feature vector and h0 as the initial hidden state. The input data then passes through 
multiple layers of the Transformer encoder, each comprising a multi-head self-attention mechanism and a 
feedforward neural network. The self-attention mechanism is computed as follows:
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Atention (Q, K, V) = softmax

(
QKT

√
dk

)
V� (8)

 

where Q , K , V represent the input matrices derived from linear transformations, and dk denotes the 
dimensionality of the key vectors. The multi-head attention mechanism concatenates the outputs from multiple 
self-attention heads as follows:

	 MultiHead (Q , K, V) = Contact (head1, head2, ..., headh) WO� (9)

where headh denotes the output of the h-th self-attention head, and WO is the weight matrix of the output 
layer. The concatenated output is then further processed by a feedforward neural network:

	 FFN (h) = max (0, W1h + b1) W2 + b2� (10)

Where W1 and W2 denote the weight matrices, and b1 and b2 represent the bias vectors of the feedforward 
network, with hL as the hidden state. Finally, a linear classifier generates the clustering label for each cell:

	 ŷ = softmax (WouthL + bout)� (11)

Where Wout and bout represent the weight matrix and bias vector of the output layer, respectively, hL denotes 
the output from the final encoder layer, and ŷ corresponds to the model’s predicted outputs. During training, 
the model parameters are optimized using the cross-entropy loss function and the Adam optimizer. The cross-
entropy loss function is defined as follows:

	
L = −

N∑
i=1

yilog (pi)� (12)

Where N denotes the sample size, yi is the true label, and pi represents the model-predicted probability. 
Throughout the training phase, optimization of model parameters is performed using the cross-entropy loss 
function and the Adam optimizer.

To prevent overfitting and ensure robust performance on unseen data, we evaluated model performance on 
the validation set and employed an early stopping strategy. If validation loss fails to decrease over consecutive 
training epochs, training halts, and the best model to that point is preserved. This early stopping strategy further 
enhances the model’s generalization capability. By integrating accuracy metrics with early stopping, we achieve a 
more comprehensive evaluation of the model’s performance on new data. Once training is complete, the trained 
Transformer model is used to predict clustering labels for unlabeled gene expression data, which supports 
further biological analysis and applications. The detailed parameter settings and tuning specifications for the 
Transformer model are provided in supplementary document SN4.

Datasets
To assess the performance of the scMSCF method, we conducted comparative experiments using eight publicly 
available single-cell RNA sequencing datasets. Table 2 presents detailed information on these datasets, including 
the number of cells, the number of genes, the number of cell subtypes, and the source organ/tissue type of each 
dataset. To ensure the broad applicability of the proposed method, we selected multiple datasets of varying 
scales and those with diverse dimensional characteristics of gene expression, with the aim of evaluating the 
effectiveness of scMSCF across different types of datasets.

Dataset Organ/Tissue Cells Genes Type Repositories Accession numbers

Mouse Kidney Nuclei Mouse kidney 1385 32,285 9 10X Genomics

PBMCs - v3 Peripheral blood 4352 33,694 9 10X Genomics

Hodgkin’s Lymphoma
Targeted-Compare Lymph node tumor 2913 1056 8 10X Genomics

5k Healthy Donor PBMCs Peripheral blood 5025 33,538 8 10X Genomics

PBMCs - Chromium
Connect Peripheral blood 3363 33,538 6 10X Genomics

BLA Fear Memory Basolateral amygdala 6361 44,272 7 Gene expression omnibus GSE246147

Lymphoma-TIMs Tumor-Infiltrating
myeloid cells 615 11,283 7 Gene expression omnibus GSE154763

iPSC Midbrain Neuron PD Midbrain DA Neurons 767 13,402 7 Gene expression omnibus GSE247600

Table 2.  Summary of the real single-cell RNA-seq datasets.
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Results
Clustering performance analysis and comparison with other clustering methods
To comprehensively evaluate the clustering performance of scMSCF in identifying cell types, we compared it 
against nine widely recognized clustering methods for single-cell RNA sequencing (scRNA-seq) data. These 
methods represent a diverse range of strategies, including consensus clustering, graph-based techniques, 
dimensionality reduction approaches, and deep learning models, each selected for its established significance 
and unique advantages in scRNA-seq analysis. The performance of each algorithm was assessed using five 
standard evaluation metrics: Adjusted Rand Index (ARI)41, Normalized Mutual Information (NMI)42, Clustering 
Accuracy (ACC)43, Variation of Information (VI)44, and Davies-Bouldin Index (DBI)45. Together, these metrics 
provide a robust framework for an objective and multidimensional analysis of clustering performance, capturing 
key aspects such as consistency, information retention, and structural integrity. This comprehensive comparison 
underscores scMSCF’s robustness, versatility, and effectiveness in managing the complexities of scRNA-seq data.

Figure 2 presents a detailed comparison of scMSCF with other leading clustering methods across various 
single-cell RNA sequencing datasets. Additional results for Variation of Information (VI) and Davies-Bouldin 
Index (DBI) are available in supplementary document SF1 and SF2. Overall, scMSCF demonstrates outstanding 
clustering performance across eight diverse datasets. It achieved the highest scores in the ARI, NMI, and 
ACC eight, six, and seven times, respectively, showcasing its stability and robustness with varied datasets. On 
average, scMSCF outperforms the second-best methods (such as Seurat or CellVGAE) by approximately 8–10%, 
indicating its strong capability to capture complex data structures and classifications. Notably, scMSCF also 
surpasses deep learning-based clustering algorithms like scSemiAAE, scMAE, scDSC, and scDeepCluster47. 
Across the eight tested datasets, scMSCF achieved ARI, NMI, and ACC scores that were 10–15% higher on 
average than these methods, underscoring its strengths in deep feature recognition and pattern classification. 
Overall, scMSCF leads in clustering performance across most datasets, particularly excelling in complex and 
highly heterogeneous datasets. Compared to traditional methods and other deep learning approaches, scMSCF 
showcases a superior ability to capture and classify single-cell data, further validating its potential and practicality 
in single-cell RNA sequencing data analysis.

Figure 3 displays t-SNE 2D visualizations of clustering results from various algorithms on the 5k Healthy 
Donor PBMCs dataset, clearly delineating performance differences between scMSCF and competing methods. 
In comparison to traditional methods such as scDeepCluster and SC3, scMSCF demonstrates significant 
advantages in terms of clustering precision and integrity. While methods like SHARP and scSemiAAE achieve 
relatively good separation in some clusters, they still encounter issues such as irregular cluster shapes, overlap 
between clusters, and limited separation. In contrast, scMSCF, leveraging the deep feature extraction and self-
attention mechanisms of the Transformer model, produces accurate and stable clusters in highly heterogeneous 
datasets, minimizing intra-cluster mixing and inter-cluster overlap. Furthermore, the Transformer model’s 
ability to adapt to varying confidence levels during training enhances its capability to balance the quality and 
diversity of the training set, which in turn improves clustering stability and generalization. Results on additional 
datasets are provided in Supplementary document SF3–SF9.

To directly demonstrate the clustering efficacy, Fig. 4. employs a Sankey diagram to illustrate the flow of data 
points between actual labels and the results generated by the clustering algorithms. The diagram clearly displays 
the correspondence between true cell type labels and the clustering labels generated by scMSCF. Despite some 
dispersion for cell types like Endo and Ependy across clusters, scMSCF accurately assigns most cells to the 
optimal clusters. This performance is driven by its multi-step dimensionality reduction strategy and confidence 
ratio filtering mechanism. scMSCF first leverages Transformer-based deep feature extraction, using the self-
attention mechanism to capture complex intercellular relationships, thus preserving crucial information on cell 
types during dimensionality reduction. Additionally, by selecting high-confidence cells as part of the training set, 
it achieves a balance between sample diversity and quality, allowing the model to learn the data’s true structure 
more robustly. The application of a weighted strategy further enhances the differentiation of various cell types, 
enabling the model to form distinct clusters even with heterogeneous data. Overall, Fig. 4. effectively emphasizes 
the strengths of scMSCF in the analysis of single-cell RNA sequencing data. It not only achieves high accuracy 
and consistency but also excels at handling complex cell populations, establishing scMSCF as a powerful tool for 
clustering single-cell data.

To complement the evaluations on real-world datasets, we also tested scMSCF on simulated datasets to 
assess its scalability and runtime efficiency. The detailed setup and results of these simulations are provided in 
Supplementary Document SN5.

Effectiveness of transformer in enhancing clustering performance
To assess the impact of the scMSCF model on clustering performance within single-cell RNA sequencing data, 
we performed a comprehensive analysis across various datasets, focusing on ARI changes before and after 
implementing scMSCF. Figure 5 illustrates the comparison between initial ARI values and those obtained after 
applying scMSCF, underscoring the model’s effectiveness in enhancing clustering outcomes. Overall, scMSCF 
demonstrates significant performance enhancements on most datasets. For instance, in the FearMem and 
PBMCChrome datasets, ARI values increased to 0.897 and 0.869 after scMSCF processing, up from initial values 
of 0.860 and 0.850, representing increases of approximately 4.3% and 2.2%. These results indicate that scMSCF, 
via its Transformer module, adeptly captures complex intercellular relationships, significantly improving 
clustering accuracy. While the extent of improvement varies across datasets, the overall trend is positive. Even 
in datasets with smaller gains, such as Lymphoma and MouseKidney, scMSCF raised ARI values from 0.759 to 
0.683 to 0.768 and 0.692, respectively, demonstrating incremental yet meaningful enhancements. In conclusion, 
scMSCF consistently improves clustering performance across most datasets, highlighting the significant benefits 
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Fig. 2.  Comparison of Clustering Performance between scMSCF and Nine Other Methods. This figure shows 
comparison plots for three metrics: ARI (A), NMI (B), and ACC (C). The remaining metrics, VI and DBI, 
are available in the supplementary materials. Note that CIDR46 produced outlier values below 0.1 on some 
datasets; to improve visualization, the corresponding cells in the table are set to white.
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Fig. 4.  The Sankey diagram comparing scMSCF and nine other methods on the fear memory in the basolateral 
amygdala dataset.

 

Fig. 3.  Visualization of clustering results for scMSCF and nine competing methods on the PBMC5k dataset.
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of integrating the Transformer model into single-cell RNA sequencing data analysis. Despite some variation in 
performance gains, scMSCF achieves significant overall progress in clustering accuracy and stability.

Differential expression analysis
Differential expression analysis is essential in single-cell RNA sequencing data clustering, as it reveals gene 
expression differences that help identify and distinguish cell types. This analysis offers critical insights into 
cellular heterogeneity and provides robust support for accurate cell classification. In this study, we evaluate the 
marker gene identification performance of scMSCF against Seurat, SHARP, and CellVAGE, all of which have 
demonstrated robust ARI scores in single-cell RNA sequencing data. Figure 6 illustrates the expression levels 
and distribution patterns of the top five significantly differentially expressed genes within each cell cluster. As 
shown, scMSCF more effectively identifies key marker genes linked to cell subtypes.

To further substantiate scMSCF’s efficacy in marker gene identification, Fig. 7 presents the average overlap 
rates between identified and true marker genes for scMSCF, Seurat, SHARP, and CellVAGE across three distinct 
datasets. Results show that scMSCF consistently achieves a higher overlap rate across all cell groups, indicating 
superior accuracy and consistency in cell type recognition. This performance highlights scMSCF’s strengths 
in accurately capturing differentially expressed genes and demonstrates its high stability and precision when 
handling complex multicellular data, affirming scMSCF’s potential as a powerful tool for analyzing complex 
single-cell data. Additionally, Supplementary File SF10 provides cluster-specific overlap rates across three 
datasets for the scMSCF algorithm.

Fig. 5.  ARI performance comparison between initial clustering and scMSCF clustering enhanced by the 
basolateral model.
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Fig. 7.  Average overlap rate of identified marker genes with true marker genes for scMSCF, Seurat, SHARP, 
and CellVAGE across mouse skin cells, mouse aorta myeloid, and human bone vascular cells datasets.

 

Fig. 6.  Heatmap illustrating differences in marker gene identification among scMSCF, Seurat, SHARP, and 
CellVAGE on the mouse skin cells dataset.
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To elucidate the dynamic evolution of cell states and further validate the scMSCF algorithm’s capabilities in 
analyzing complex biological processes, pseudotime trajectory analysis was conducted. This method captures 
dynamic transitions between cell states and their temporal progression, offering a comprehensive framework 
to assess the algorithm’s effectiveness in modeling cellular dynamics. Detailed methodologies and results are 
available in Supplementary Document SN6.

To provide deeper biological insight into the marker genes identified by scMSCF, we performed additional 
functional annotation and pathway enrichment analyses. The results indicate that these marker genes significantly 
participate in immune-related biological processes and signaling pathways, emphasizing their crucial roles in 
immune response regulation, inflammatory reactions, and intercellular communication. Detailed methodologies 
and comprehensive enrichment results for these analyses are provided in Supplementary Document SN7.

Ablation study
This ablation study accesses the impact of the confidence threshold on model performance. In particular, 
the scMSCF method selects subsets of high-confidence cells—determined by their proportion in the dataset, 
known as the confidence ratio—and utilizes these subsets as the entire training set for deep learning via the 
Transformer model. Choosing the right proportion of high-confidence cells is crucial for effective model 
training. Setting a high threshold, such as 80%, may result in a training set overly concentrated with high-
confidence cells, thereby reducing sample diversity and increasing the risk of overfitting. This can cause the 
model to miss valuable information from low-confidence samples, thereby diminishing its generalization ability. 
Conversely, a low confidence ratio, such as 20%, might incorporate too many low-confidence samples into the 
training set, introducing noise that undermines model stability and accuracy. Low-confidence samples are 
typically associated with higher uncertainty, making it harder for the model to learn meaningful features, which 
in turn affects clustering accuracy. Balancing the proportion of high-confidence cells is essential to optimize the 
training set’s quality and diversity, thus enhancing overall model performance. In this experiment, we evaluated 
datasets with varying sizes using confidence ratios ranging from 20 to 80%. Extreme values of 10% and 90% were 
excluded due to their impracticality for model training. A 10% threshold would yield a training set dominated by 
low-confidence samples, leading to unstable training, while a 90% threshold would excessively reduce training 
diversity, impairing model generalization.

By evaluating thresholds ranging from 20 to 80%, our goal was to identify the optimal confidence ratio 
that ensures a balance between training set quality and diversity. Based on the results in Fig. 8, the choice of 
confidence ratio has a significant impact on scMSCF’s clustering performance. We suggest the following ranges: 
for datasets with fewer than 3000 cells, a confidence ratio of 80–60%; for datasets with 3000 to 4500 cells, a range 
of 50–40%; and for datasets with more than 4500 cells, a range of 30–20%.

Fig. 8.  Trends in ARI across different dataset sizes for scMSCF as the confidence ratio varies from 20–80%. 
The x-axis represents the confidence ratio percentage, and the y-axis shows the ARI (Adjusted Rand Index), 
which evaluates clustering accuracy. The datasets included are: FearMem (6361 cells), LymphTIM (615 cells), 
iPSCMid (767 cells), PBMCv3 (4352 cells), MouseKidney (1385 cells), Lymphoma (2913 cells), PBMC5k (5025 
cells), and PBMCChrome (3363 cells). This figure highlights how different confidence ratios affect clustering 
performance across datasets of varying sizes, providing insights into the optimal confidence levels for different 
data scales.
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In addition to the confidence threshold analysis presented above, we further investigated the sensitivity 
of other key hyperparameters, including the number of Transformer layers, feature dimension (d_model), 
and learning rate. These experiments, detailed in Supplementary Document SN8, provide additional insights 
into how different parameter settings affect clustering performance and offer practical guidance for robust 
hyperparameter tuning.

Discussion
In this study, we proposed scMSCF, an innovative multi-step clustering framework designed to address the 
challenges of high-dimensionality, sparsity, and noise commonly associated with single-cell RNA sequencing 
(scRNA-seq) data analysis. By integrating multi-dimensional reduction strategies, weighted ensemble clustering 
methods, and Transformer-based deep learning techniques, scMSCF demonstrated exceptional clustering 
performance, robustness, and scalability. Evaluations on multiple real and simulated datasets showed that 
scMSCF significantly outperformed mainstream methods in key metrics such as Adjusted Rand Index (ARI) and 
Normalized Mutual Information (NMI). Notably, scMSCF introduced a confidence-based training set selection 
mechanism, which identifies high-confidence cells through a voting strategy within the weighted ensemble 
clustering process. This innovation greatly improved the reliability and diversity of the training data, providing a 
robust foundation for the Transformer model’s deep feature learning. Consequently, scMSCF achieved superior 
performance in identifying rare cell types and resolving heterogeneous cell populations, particularly in complex 
biological scenarios.

In addition to its clustering accuracy, scMSCF exhibited excellent computational efficiency and scalability. 
Across simulated datasets of varying sizes, scMSCF showed an approximately linear increase in runtime with 
data size, indicating its suitability for large-scale data analysis. Furthermore, scMSCF excelled in pseudotime 
trajectory analysis, further highlighting its ability to extract meaningful biological insights. For example, in 
Parkinson’s disease-related iPSC midbrain neuron datasets, scMSCF not only accurately revealed dynamic cell 
state transitions over time but also aligned pseudotime results closely with actual time points, offering a clear 
depiction of cell transitions from early developmental stages to maturity. These results underscore scMSCF’s 
potential as a powerful tool for analyzing complex single-cell datasets while supporting studies of cellular 
differentiation and disease progression.

To further substantiate the computational practicality of scMSCF, we conducted runtime and GPU memory 
profiling under two distinct high-performance computing platforms. As reported in Supplementary Document 
SN9, scMSCF was tested on both small- and medium-scale datasets (iPSC Midbrain and PBMC5k, respectively), 
and results showed that training and inference completed in under 10 min on typical modern GPUs, with 
memory usage staying well below 10 GB. These findings not only confirm scMSCF’s runtime scalability but also 
its deployability across diverse computing environments, reinforcing its suitability for real-world large-scale 
applications.

Despite its significant advantages, scMSCF has certain limitations. First, scMSCF is sensitive to hyperparameter 
settings, requiring careful tuning to achieve optimal performance, especially regarding confidence thresholds 
and Transformer model parameters. Second, its effectiveness relies on the consistency and quality of initial 
clustering results, as these directly influence the selection of training cells and subsequent model performance. 
These limitations suggest areas for future improvement, particularly in developing methods to enhance 
robustness to parameter variation and initial clustering quality, further broadening the applicability and ease-of-
use of scMSCF in diverse practical scenarios.

Data Availability
The six scRNA-seq datasets analyzed in this study are available in the Gene Expression Omnibus (GEO) repository 
under the accession numbers GSE246147(FearMem), GSE154763(LymphTIM), GSE247600(iPSCMid).The 
PBMCv3, MouseKidney, Lymphoma, PBMC5k, and PBMCChrome datasets analyzed in this study can be 
accessed from the 10X Genomics repository at the following links: ​h​t​t​p​s​:​​/​/​w​w​w​.​​1​0​x​g​e​n​​o​m​i​c​s​.​​c​o​m​/​d​​a​t​a​s​e​t​​s​/​p​
e​r​i​​p​h​e​r​a​l​​-​b​l​o​o​​d​-​m​o​n​o​​n​u​c​l​e​a​​r​-​c​e​l​l​​s​-​p​b​m​​-​c​s​-​f​r​​o​m​-​a​-​h​​e​a​l​t​h​y​​-​d​o​n​o​r​-​m​a​n​u​a​l​-​c​h​a​n​n​e​l​-​1​–​3​-​1​-​s​t​a​n​d​a​r​d​-​3​-​1​-​0​(​P​B​
M​C​v​3​), ​h​t​t​p​s​:​​/​/​w​w​w​.​​1​0​x​g​e​n​​o​m​i​c​s​.​​c​o​m​/​d​​a​t​a​s​e​t​​s​/​1​k​-​m​​o​u​s​e​-​k​​i​d​n​e​y​​-​n​u​c​l​e​​i​-​i​s​o​l​​a​t​e​d​-​w​​i​t​h​-​c​​h​r​o​m​i​u​​m​-​n​u​c​l​​e​i​-​i​s​o​​l​
a​t​i​o​n​-​k​i​t​-​3​-​1​-​s​t​a​n​d​a​r​d​(​M​o​u​s​e​K​i​d​n​e​y​), ​h​t​t​p​s​:​​/​/​w​w​w​.​​1​0​x​g​e​n​​o​m​i​c​s​.​​c​o​m​/​d​​a​t​a​s​e​t​​s​/​h​o​d​g​​k​i​n​s​-​l​​y​m​p​h​o​​m​a​-​d​i​s​​s​o​c​i​a​t​​
e​d​-​t​u​m​​o​r​-​t​a​​r​g​e​t​e​d​​-​c​o​m​p​a​​r​e​-​i​m​m​​u​n​o​l​o​g​y​-​p​a​n​e​l​-​3​-​1​-​s​t​a​n​d​a​r​d​-​4​-​0​-​0​(​L​y​m​p​h​o​m​a​), ​h​t​t​p​s​:​​/​/​w​w​w​.​​1​0​x​g​e​n​​o​m​i​c​s​.​​c​
o​m​/​d​​a​t​a​s​e​t​​s​/​5​-​k​-​​p​e​r​i​p​h​​e​r​a​l​-​​b​l​o​o​d​-​​m​o​n​o​n​u​​c​l​e​a​r​-​​c​e​l​l​s​​-​p​b​m​-​c​​s​-​f​r​o​m​​-​a​-​h​e​a​​l​t​h​y​-​​d​o​n​o​r​-​​v​-​3​-​c​h​​e​m​i​s​t​r​​y​-​3​-​1​-​s​t​a​n​d​
a​r​d​-​3​-​0​-​2​(​P​B​M​C​5​k​), and ​h​t​t​p​s​:​​​/​​/​w​w​​w​.​1​0​x​g​e​n​o​m​i​c​​s​​.​c​​o​m​/​​d​a​t​a​s​e​​​t​s​/​p​e​​r​i​p​h​e​​​r​a​l​-​b​l​​​o​o​d​-​m​​o​n​o​n​u​c​​​l​e​a​r​-​​c​​e​l​l​​s​​-​p​​b​m​-​​c​​
s​-​​f​r​​o​m​-​a​-​​​h​e​a​l​t​h​​​y​-​d​o​n​​o​r​-​​c​h​r​​o​m​i​u​m​​​-​c​o​n​n​e​c​​t​-​​c​​h​a​​n​n​e​l​-​5​-​3​​-​1​​-​​s​t​a​n​d​a​r​d​-​3​-​1​-​0​(​P​B​M​C​C​h​r​o​m​e​). The dataset used 
in the differential expression analysis of this study can be obtained from the Array Express repository with login 
number E-MTAB-7417(Mouse), E-MTAB-10,432(Human) and E-MTAB-10,746(Myeloid).
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