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ABSTRACT: The notable progress in single-cell RNA sequencing
(ScRNA-seq) technology is beneficial to accurately discover the
heterogeneity and diversity of cells. Clustering is an extremely
important step during the ScRNA-seq data analysis. However, it
cannot achieve satisfactory performances by directly clustering
ScRNA-seq data due to its high dimensionality and noise. To
address these issues, we propose a novel ScRNA-seq data
representation model, termed Robust Graph regularized Non-
Negative Matrix Factorization with Dissimilarity and Similarity
constraints (RGNMF-DS), for ScRNA-seq data clustering. To
accurately characterize the structure information of the labeled
samples and the unlabeled samples, respectively, the proposed RGNMF-DS model adopts a couple of complementary regularizers
(i.e., similarity and dissimilar regularizers) to guide matrix decomposition. In addition, we construct a graph regularizer to discover
the local geometric structure hidden in ScRNA-seq data. Moreover, we adopt the l2,1-norm to measure the reconstruction error and
thereby effectively improve the robustness of the proposed RGNMF-DS model to the noises. Experimental results on several
ScRNA-seq datasets have demonstrated that our proposed RGNMF-DS model outperforms other state-of-the-art competitors in
clustering.

■ INTRODUCTION
ScRNA-Seq is the high-throughput sequencing of the genome,
transcriptome, and epigenomics at the level of a single cell and
can analyze the biological process of heterogeneous immune
cell subsets and cell-to-cell variation. Compared with tradi-
tional RNA sequencing, ScRNA-seq not only shows the
advantages of high-throughput and high-depth sequencing but
also accurately measures the state of the single cell.
Consequently, this can effectively reduce the correlation
between cells. Therefore, it can clearly show the heterogeneity
between cells in an organism and accurately reflect the
molecular biological processes within a specific cell population.
Recently, the ScRNA-seq technology has attracted extensive
attention in the field of bioinformatics.1 Clustering plays an
important role in ScRNA-seq data analysis, which is closely
related to cell heterogeneity analysis, cell differentiation, and
other related studies. In the past few years, it is still a hot issue
how to accurately cluster the ScRNA-seq data. Single-cell
clustering analysis aims at assigning the cells to different
clusters one by one according to certain similarities between
cells and cells in the gene expression matrix. Thus, the
relationship between cells can reveal cell subtypes and infer cell
lineage.2

Over the past years, several data representation methods,
such as initial dimension reduction (e.g., principal component
analysis (PCA)),3 visualization (e.g., T-distributed stochastic
neighbor embedding (T-SNE), uniform manifold approxima-

tion and projection (UMAP)),4 similarity quantification (e.g.,
single-cell interpretation via multikernel learning),5 spectral
clustering (SC),6 and sparse spectral clustering (SSC),7 have
been widely applied to the representation of ScRNA-seq data.
PCA is a classic dimensionality reduction method in pattern
recognition. It uses the orthogonal transformation to reduce
linear dependencies among samples, resulting in a new set of
nonlinear correlation representations, which can capture the
characteristics of the cells. T-SNE is the commonly used
nonlinear dimensionality reduction method and can reveal the
relationship between the cells. It converts the similarity of cells
into probabilities and then minimizes the Kullebeck−Leibler
divergence by gradient descent algorithm.8 The SC method6

finds low-dimensional representation embedded in the data by
computing the eigenvectors of the constructed Laplacian
matrix. Lu et al.7 further proposed the SSC algorithm by
imposing the sparse regularization constraint on the affinity
matrix. Wang et al.5 developed a novel SIMLR method, which
constructs similarity matrices by fusing multiple Gaussian
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kernel functions and then clusters individual cells by
performing the spectral clustering algorithm on the similarity
matrices. According to the low-rank representation (LRR)
theory,9 Zheng et al.10 proposed a ScRNA-seq data detection
algorithm based on similarity learning to identify cell types.

NMF11 is a well-known data representation owing to its
effectiveness and efficiency. It aims at decomposing a high-
dimensional data matrix into the product of two or more low-
dimensional non-negative matrices. In the past few decades, a
series of variants of NMF have been proposed based on
different goals.12−14 Kong et al.13 developed a robust NMF
approach using the l2,1-norm to measure the reconstruction
error. Cai et al.12 put forward to preserve the manifold
structure of data in low-dimensional representation by
constructing a graph regularizer. In practical applications, to
take full advantage of limited label information among data,
Wang et al.14 employed label information to construct a pair of
similar and dissimilar constraints, in which the label
information can effectively guide matrix decomposition. In
the field of single-cell clustering, the NMF methods have also
been widely used in recent years. Chen et al.15 proposed a
regularized NMF method based on a deep double random
graph for ScRNA-seq data clustering. Xiao et al.16 proposed a
graph regularized NMF method (GRNMF) to discover
potential associations between miRNAs and diseases in
heterogeneous omics data. To alleviate the influence of noises,
Yu et al.17 developed a robust hypergraph regularized NMF for
feature selection and sample clustering in gene expression data.

In practice, the cell type labeling methods (manual labeling
plus annotation library, immunofluorescence imaging, and
cross-species comparison) can be used to label a small amount
of data. In addition, there are some types of cells in clinical
data, which can be used as labeled samples. To utilize the
known label information, Liu et al. proposed a novel data
representation method, called joint-L2,1-norm-constraint-based
semisupervised feature extraction (L21SFE), to analyze RNA-
seq data.18

In recent years, the data representation algorithms of
ScRNA-seq have received extensive attention. However, there
still exist some limitations in analyzing ScRNA-seq data:19 (1)
High dimensionality of the ScRNA-seq data.20 A single cell
usually contains thousands of expressed genes, and thus the
genetic information contained in the cell grows exponentially
with the growth of the number of cells. Moreover, the gene
sequence contains a large amount of redundant information,
which seriously affects the performance of the ScRNA-seq data
clustering. (2) Reverse transcription and amplification are
required in ScRNA-Seq technology.21 During this process,
RNA transcripts may be lost, resulting in them being set to
zero if they cannot be recognized in sequencing. This
phenomenon is known as the dropout event. However, only
a subset of genes are expressed in each cell, and other genes
that cannot be expressed are also set to zero. Therefore, it is
necessary to accurately identify the true zero values in the
ScRNA-seq data and the zero values generated by the dropout
event.

To alleviate the aforementioned issues, this work put
forward a novel method, called RGNMF-DS, to represent
the ScRNA-seq data. To discover the manifold structure
embedded into the ScRNA-seq data, we construct a graph
regularizer using the p-nearest-neighbor graph and then
integrate it into the model. In addition, we employ the l2,1-
norm to measure the reconstruction error. Therefore, it

effectively improves the robustness of the model in dealing
with the ScRNA-seq data with noises. Furthermore, we
construct a pair of complementary regularizers to guide matrix
decomposition by fully utilizing the label information. In
addition, we develop an efficient alternating updating
algorithm to optimize our proposed model. Experimental
results on different ScRNA-seq datasets show the effectiveness
of our proposed RGNMF-DS approach.

■ RELATED WORK
In this section, some ScRNA-seq data representation
approaches are introduced in detail.
NMF. NMF11 is a popular analysis approach to gene

expression data. Given a non-negative matrix ×X m n

consisting of n cell samples with m-dimensional gene features,
NMF aims at finding two non-negative matrices U and V to
approximate the ScRNA-seq data matrix X

X UV U Vmin , s. t., 0, 0
U V

F
,

2

(1)

where ∥·∥F represents the Frobenius norm of a matrix,
×U m k denotes the basis matrix, and ×V k n stands for

the new gene expression matrix. Let Vi
T = [vi1,···, vik]T denote

the i-th line of V, where Vi is considered as the new
representation of the i-th data point relative to the new basis
matrix U. The nonnegativity constraints of U and V ensure that
the factorization allows only additive combinations. Therefore,
NMF is considered a part-based learning representation and
shows strong interpretability in the psychological and
physiological.

Using the multiplicative updating algorithm proposed by
Lee11 to optimize eq 1, we can derive its updating rules as
follows

+U U
XV

UVV

( )

( )ij
t

ij
t

T
ij

T
ij

1

(2)

+V V
U X

U UV

( )

( )ij
t

ij
t

T
ij

T
ij

1

(3)

In bioinformatics, NMF is widely used to extract useful
features belonging to different cell types from microarrays and
scRNA-seq.22,23 Recently, some variants of NMF, such as
discriminant NMF (DNMF)24 and sparse NMF(SNMF),25 are
developed in the field of biology. Specifically, SNMF
introduces a regularization term on U or V, which can control
the sparseness and generate a more sparse representation.
DNMF applies the Fisher criterion to the coefficient matrix.
This can maximize the distance between samples in different
categories while minimizing the distance between pairs of
samples in the same category. The above two methods are all
optimized for data dimensionality reduction. However, due to
the dropout problem, the ScRNA-seq data usually contains a
large amount of noise, so the robustness of the model needs to
be further improved.
Robust NMF. The original NMF and its variants usually

use the Euclidean distance to measure the error of the
approximation.26 Many studies have shown that it is optimal
for zero-mean Gaussian noise. However, it cannot effectively
deal with the gene data with sparse noises or outliers.
Therefore, Kong13 proposed a robust NMF (rNMF) approach
to handle the outliers and noises, which employs the l2,1-norm
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instead of Frobenius norm to measure the approximation error.
Therefore, the objective function of l2,1-NMF can be given as
follows

=
=

X UV U V x Uvmin , s. t. 0, 0
U V j

n

j j
,

2,1
1

(4)

where ∥·∥2,1 represents the l2,1-norm of a matrix. Similarly,
using the multiplicative updating algorithm proposed by
Kong,13 we can get the updating rules of eq 4 as follows

+U U
XHV

UVHV

( )

( )ij
t

ij
t

T
ij

T
ij

1

(5)

+V V
U XH

U UVH

( )

( )ij
t

ij
t

T
ij

T
ij

1

(6)

where H is a diagonal matrix and its diagonal elements are
represented by

= =
=

H
X UV x Uv
1

( )

1
jj

i
m

ij j j1
2

(7)

Wu et al.27 proposed a robust semisupervised NMF
(rssNMF) model for single-cell clustering. Its new variable is
introduced to absorb the noise of the data, and the marker
gene is incorporated into the graph regularization term as prior
knowledge. However, in single-cell clustering analysis, the label
information of some samples can also be easily obtained. To
fully consider the known information, a semisupervised
method is proposed in this work.

■ PROPOSED MODEL
Motivation. One significant characteristic of the ScRNA-

seq data is the high-dimensional property. Therefore, we need
to reduce its dimensionality before clustering analysis.
However, traditional ScRNA-seq data representation methods

cannot take full advantage of the prior knowledge and
simultaneously ignore the influence of noise or outliers during
this procedure. To alleviate these issues, we propose a novel
semisupervised learning method, called RGNMF-DS, to
represent the high-dimensional ScRNA-seq data from real
cells. Figure 1 plots the framework of our proposed RGNMF-
DS approach. Specifically, to improve the robustness of the
model, we replace the Frobenius norm with the l2,1-norm to
calculate the loss function. To fully utilize the limited label
information of labeled ScRNA-seq samples, we impose
dissimilarity and similarity constraints on the coefficient
matrix. Furthermore, our proposed model preserves the
manifold structure of the ScRNA-seq data by constructing a
graph regularizer. Therefore, we can get a low-dimensional
representation of the ScRNA-seq data using our RGNMF-DS
model, and then adopt the K-means algorithm to get the final
clustering results.
Dissimilarity Constraint. Assume that the input matrix

×X m n denotes the ScRNA-seq data with m genes
measured in n single cells, which are composed of two subsets,
i.e., X = [Xl, Xu], where ×Xl

m l denotes the l labeled
ScRNA-seq samples and ×Xu

m n l( ) denotes the n − l
unlabeled ScRNA-seq samples. To utilize the limited label
information, we construct the dissimilarity matrix B as follows

=
l
moo
noo

B
x x X x x1 if , and , different classes

0 otherwise
i j

i j l i j
,

(8)

We employ the inner product ×V VT n n of the low-
dimensional representation to describe the similarity between
the labeled samples. Therefore, we can construct the
dissimilarity constraint as follows

B V V( )T
1 (9)

where ∥·∥1 represents the 1 norm of a matrix. Clearly, the
inner product of the new representations of the ScRNA-seq
data from different categories becomes smaller when we

Figure 1. Framework of our RGNMF-DS algorithm.
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minimize eq 9. Therefore, this constraint makes the low-
dimensional representations of ScRNA-seq data from different
categories more separate from each other.
Similarity Constraint. From eq 8, we can see that the

elements of B are assigned to zero when the ScRNA-seq data
samples are from the same category. Therefore, there is no
concern about the similarities between such samples. To solve
this issue, the following similar constraint is constructed from
label information

S V 1 (10)

where Ṽ is the pairwise Euclidean distance matrix, and its
elements are expressed as follows

= { ··· }V v v i j n, 1, 2, 3, ,i j i j,
2

(11)

And the similarity matrix S̅ is given based on the known label
information as follows

=
l
moo
noo

S
x x X x x1 if , and , same classes

0 otherwise
i j

i j l i j
,

(12)

We can see that the Euclidean distance of the low-dimensional
representation of the labeled samples in the same class will
shrink as eq 10 decreases, making the heterogeneity of the low-
dimensional representation of the same class decrease.

For unlabeled samples, if two samples are highly similar, it
can be reasonably assumed that their low-dimensional
representations are similar. Therefore, we construct a similarity
matrix to preserve the structure information of unlabeled
samples, whose elements can be defined as follows

=

l
m
ooooooo

n
ooooooo

S

x x
x x x x

X
exp( ) if ( ) ( ) and ( and )

0 otherwise

i j

i j
i p j i j

u
,

2

2

(13)

where x x( )i p j represents that the i-th sample belongs to
the p-nearest neighbors of the j-th sample and denotes
the parameter. Then, we can obtain the total similarity matrix
as follows

= +S S S (14)

Consequently, we employ the similarity matrix to model the
structure information of the ScRNA-seq data and then can give
the similarity constraint as follows

S V 1 (15)

Graph Regularizer. A natural assumption is that if two
points xi and xj are close to each other in high-dimensional
space, then their low representation vi and vj are also close to
each other. To consider the local geometric structure of data in
matrix decomposition, GNMF12 is proposed to model the
structure of data by constructing a nearest neighbor graph.

We employ the Heat kernel weighting method to construct
the weight matrix W of the graph. If nodes i and j are
connected, the elements of the matrix are given as follows

=W eij
x x /i j

2

(16)

Using the Euclidean distance as the measure metric, we have

=d v v v v( , )i j i j
2

(17)

Then, we can measure the smoothness of the low-dimensional
representation as follows

=

=

= =

=

= =

v v W

v v D v v D

VDV VWV VLV

1
2

Tr( ) Tr( ) Tr( )

i j

n

i j ij

i

n

i
T

i ii
i j

n

i
T

j ij

T T T

, 1

2

1 , 1

(18)

where Tr(·) denotes the trace of a matrix and the
regularization parameter λ ≥ 0 controls the smoothness of
the new representation. D is a diagonal matrix whose entries
are column sums of W, Djj = ∑jWij. L = D − W is the graph
Laplacian matrix.
Objective Function. To fully consider the prior knowl-

edge of the ScRNA-seq data, our proposed RGNMF-DS
method integrates the aforementioned constraints into matrix
factorization using the regularization technology. To effectively
handle the ScRNA-seq data with noises or outliers, l2,1-norm is
used to measure the reconstruction error in our proposed
model. Therefore, the objective function of our proposed
RGNMF-DS method is given as follows

+ +

+

X UV B V V S V

VLV U V

min ( )

Tr( ) s.t., 0, 0

U V

T

T

,
2,1 1 1

(19)

where λ, μ, and α are three regularization parameters that
balance the contributions of different constraints.

■ OPTIMIZATION ALGORITHM
Since eq 19 is a nonconvex problem for both U and V together,
its global optimal solution cannot be achieved theoretically.
However, an alternating updating algorithm can be used to
solve eq 19. Therefore, we can achieve a local minimization of
eq 19 by updating one variable while fixing other variables. The
Lagrange function of eq 19 is expressed as follows

= + +

+

X UV B V V S V

VLV U VTr( ) Tr( ) Tr( )

T

T

2,1 1 1

(20)

where Φ and Ψ are the Lagrange multiplier matrices associated
with U ≥ 0 and V ≥ 0, respectively.
Updating Rule of U. By calculating the partial derivatives

of eq 20 with respect to U, we have

= +
U

XQV UVQV( )T T
(21)

where Q is a diagonal matrix with the diagonal elements given
by

= =
=

Q
X UV x Uv
1

( )

1
jj

i
m

ij j j1
2

(22)

Using the KKT conditions Φijuij = 0, we get the following
equations for uij

+ =XQV u UVQV u( ) ( ) 0T
ij ij

T
ij ij (23)

Therefore, the updating rule of the basis matrix U can be
obtained as follows
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+u u
XQV

UVQV

( )

( )ij
t

ij
t

T
ij

T
ij

1

(24)

Updating Rule of V. By taking the partial derivatives of
w.r.t. V, we can get

= + + +

+ +
V

U XQ U UVQ VB V A S

VL

2 4 ( )

2

T T

(25)

where ×A n n is a diagonal matrix with its diagonal
element Aii = ∑j=1

n Sij. L = D − W is the graph Laplacian matrix.
Using the KKT conditions ψijvij = 0, we get the following
equation for vij

+ +

+ + + +

=

U XQ VS VW v

U UVQ VB VA VD v

( 4 2 )

( 2 4 2 )

0

T
ij ij

T
ij ij

(26)

Therefore, the updating rule of V in elementwise can be
written as follows

+ +
+ + +

+v v
U XQ VS VW

U UVQ VB VA VD

( 4 2 )

( 2 4 2 )ij
t

ij
t

T
ij

T
ij

1

(27)

In summary, the proposed RGNMF-DS algorithm is given in
Algorithm 1.

Computational Complexity Analysis. In this subsection,
the computational cost of our RGNMF-DS approach is briefly
discussed. First, we need to construct four symmetric matrices
B, S̅, S, and W. Obviously, the values of matrix B (or S̅) is not
zero only when its row and column are less than l. Therefore,
the computational complexity of constructing the matrix B (or
S̅) is l( )2 . To derive the matrices S and W, we need to
construct two p-nearest neighbor graphs. Each row of S or W
contains p nonzero elements on average. Therefore, the
computational complexity of both S and W is Np( ).

Since the proposed model is optimized by the multiplicative
updating algorithm, the main computational cost is mainly
caused by updating the matrices Q, U, and V. The
computational complexity of updating Q in eq 22 is nmk( ).
Similarly, the computational complexities of the updating rules
24 and 27 are n m( )2 and n k( )2 , respectively. Consequently,
the overall complexity of the RGNMF-DS approach is n m( )2 .

■ CONVERGENCE ANALYSIS
For the updating rules for U and V, we have the following
theorem:

Theorem 1: The model in eq 19 is nonincreasing under the
updating rules 24 and 27.

The lower bound of our proposed model in eq 19 is greater
than zero. Since the last three terms in eq 19 are only related to
V, the updating rule of U in RGNMF-DS is the same as that of
the original l2,1-NMF. Therefore, it is clear to know that eq 19
is nonincreasing under the updating rule 24 according to ref
28.

Therefore, we only need to prove that eq 19 is nonincreasing
using rule 27. Therefore, we need to make use of an auxiliary
function similar to that used in the Expectation−Maximization
algorithm.29

Definition: G(v, v′) is an auxiliary function for F(v) if the
conditions

=G v v F v G v v F v( , ) ( ), ( , ) ( ) (28)

are satisfied.
The auxiliary function is very important due to the following

lemma.
Lemma1: If G is an auxiliary function of F, then F is

nonincreasing under the updating rule

=+v G v varg min ( , )t

v

t1
(29)

Proof:

=+ +F v G v v G v v F v( ) ( , ) ( , ) ( )t t t t t t1 1 (30)

The objective function eq 19 w.r.t. V is written as

= + +

+

X UV B V V S V

VLV

( )

Tr( )

V
T

T

2,1 1 1

(31)

The first-order derivate of eq 31 w.r.t Vab is given as follows

=

= + + + +

F
V

UTXQ U UVQ VB V A S VL( 2 4 ( ) 2 )

ab
V

ab
T

ab

(32)

The second-order derivate of eq 31 w.r.t Vab is expressed as
follows

=

= + +

+

F
V V

U U Q B A S

D W

( ) 2 4 ( )

2 ( )

ab
V

ab ab
T

aa bb bb bb

bb

2

(33)

And the high-order derivate of V regarding Vab is given as
follows

= = ··· =F F 0ab ab (34)

Based on the Taylor expansion, we can rewrite the Taylor
expansion formula of eq 31 at point Vab

t as follows
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=

= + +

= +
+ + +
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F v

F V F V v V
F V

v V

F V F V v V

U U Q B A S

D W v V
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( ) ( )( )
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2
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1
2
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V ab

ab ab
t

ab ab
t

ab
t ab ab

t

ab
t

ab ab
t

ab ab
t

ab
t

T
aa bb bb bb
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Then, we give the upper bound auxiliary function for V as
G(v, Vab

t ).
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It is obvious that Fab(v) = G(v, Vab
t ) when Vab

t = v. Therefore,
we only need to prove Fab(v) ≤ G(v, Vab

t ), which is equivalent
to the following form
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It is easy to obtain
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Therefore, the inequality can hold since ∀(k, b)Vkb is non-
negative. Similarly, we can obtain three inequalities as follows
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and
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and
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Therefore, eq 37 can hold and Fab(v) ≤ G(v, Vab
t ). The

convergence proof of Theorem 1 can be given as follows:
Proof:
Replacing G(v, Vab

t ) in eqs 29 by 36 results in the updating
rule

=
+ + +

=
+ +

+ + +

+V V
F V

U UVQ VB VA VD

V
U XQ VS WV

U UVQ VB VA DV

( )
( 2 4 2 )

( 4 2 )
( 2 4 2 )

ab
t

ab
t ab ab

t

T
ab

ab
t

T
ab

T
ab

1

(42)

Since eq 36 is an auxiliary function, Fab is nonincreasing under
this updating rule.

■ EXPERIMENTAL RESULTS
In this section, we conducted extensive experiments to verify
the effectiveness of our RGNMF-DS algorithm. First, the

RGNMF-DS algorithm is used to reduce the dimension of cell
gene expression matrix, and then the low-dimensional
expression of the gene expression matrix is used to perform
K-means clustering. To make a fair comparison, our RGNMF-
DS algorithm is compared with several classical single-cell data
representation methods on different ScRNA-seq datasets.
Datasets. We conducted clustering experiments on eight

constructed ScRNA-seq datasets collected from NCBI and
other public databases. The main statistics of these datasets are
shown in Table 1. Here, “cells” and “genes”, respectively,
indicate the number of cells and genes. “cell type” is the
number of cell types. All datasets adopt normalized expression
levels (FPKM, RPM, or CPM).

Ramskold.30 The Ramskold dataset includes 33 cell samples
with 7 different types. They were human embryonic stem cells,
LNCap cells, PC 3 cells, melanoma cell line CTC, melanoma
cell line SKMEL 5, UACC 257 cells, and T24 cells from the
bladder cancer cell line. Each cell in this dataset sequenced
3575 genes, which were obtained by sequencing a variety of
mice using smart-seq techniques.

Human.31 It consists of 8 kinds of human cells, with a total
of 124 cells. The ScRNA-seq data were obtained from human
preimplantation embryos and human embryonic stem cells
using the ScRNA sequencing technology proposed by Tang et
al.32

Pomeroy.33 This dataset collected the gene expression data
of DNA microarray from 42 patient samples with 5 different
types. It includes malignant gliomas (Mglio), atypical teratoid/
rhabdoid tumors (Rhab), primitive neuroectodermal tumors
(PNETs), medulloblastoma (MD), and cancerous normal
tissues (Ncer).

Ning.34 This dataset includes 247 H1-Fucci cells and 213
H1 cells, and there are 19084 genes in each cell. This dataset is
used to verify the ability of the Oscope method to distinguish
oscillating genes in ScRNA-seq data of unsynchronized cell
population.

Table 1. Details of the Real Single-Cell Datasets

dataset cells genes cell types species GSE/ID

Ramskold 33 3575 7 mouse GSE38495
Human 124 3840 8 human GSE36552
Pomeroy 42 1379 5 human
Ning 460 19084 4 human GSE64016
Gray 890 19020 8 human GSE81252
Chung 559 57915 4 mouse GSE75688
Yeo 214 34608 4 human GSE85908
Limb 3909 1248 6 mouse GSE109774
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Gray.35 This dataset contains 890 cells from 8 types, and

each cell is composed of 1920 genes. It was obtained by

performing ScRNA-seq on cells during hepatocyte-like differ-

entiation in two-dimensional (2D) culture and three-dimen-
sional (3D) LBs.

Chung.36 In the dataset, the samples were collected from
several patients with primary breast cancer and several patients

Table 2. Clustering ACC of Different Algorithms

Algorithm Ramskold Human Pomeroy Ning Gray Chung Yeo Limb

K-means 0.7020 0.5618 0.4609 0.4935 0.0848 0.1216 0.0569 0.1129
NMF 0.3939 0.2419 0.5476 0.2826 0.1820 0.3506 0.3925 0.3914
SC 0.7727 0.6035 0.3609 0.4370 0.0429 0.1202 0.0569 0.1241
GNMF 0.8485 0.7581 0.7381 0.4717 0.5944 0.5206 0.7523 0.8596
l2,1-NMF 0.8788 0.7016 0.5714 0.3935 0.1764 0.5367 0.5140 0.6475
SSC 0.8182 0.6022 0.3109 0.4543 0.0483 0.0561 0.1215 0.0614
SIMLR 0.6162 0.5645 0.3565 0.4739 0.1041 0.0787 0.1433 0.1624
t-SNE 0.6566 0.6586 0.4087 0.5250 0.1519 0.0465 0.1020 0.1613
SinNLRR 0.5253 0.5161 0.4652 0.4348 0.1309 0.0650 0.1332 0.7991
rssNMF 0.9091 0.7500 0.7381 0.4717 0.6360 0.3685 0.7523 0.6933
SC3 0.7879 0.7984 0.6667 0.5391 0.8483 0.3953 0.7617 0.8808
S3NMF 0.6061 0.5887 0.5952 0.2870 0.4899 0.2934 0.7243 0.4612
DENMF 0.8182 0.6129 0.8095 0.3848 0.3712 0.6530 0.7654 0.7586
DSINMF 0.7879 0.6855 0.8571 0.5522 0.5843 0.4812 0.8692 0.7994
CASSL 0.4815 0.4194 0.4865 0.4703 0.3288 0.6877 0.4065 0.3836
RGNMF-DS 0.9697 0.7500 0.8810 0.7891 0.8202 0.7245 0.9252 0.9854

Table 3. Clustering NMI of Different Algorithms

Algorithm Ramskold Human Pomeroy Ning Gray Chung Yeo Limb

K-means 0.8228 0.6674 0.0298 0.1541 0.0978 0.0058 0.0088 0.0991
NMF 0.3337 0.1074 0.3728 0.0052 0.0177 0.0641 0.0496 0.2288
SC 0.8613 0.6804 0.0594 0.1204 0.0085 0.0016 0.0113 0.1129
GNMF 0.8858 0.7798 0.6572 0.0692 0.5878 0.1148 0.6616 0.8292
l2,1-NMF 0.892 0.7016 0.4105 0.0718 0.0203 0.1694 0.1755 0.7057
SSC 0.9282 0.7019 0.0272 0.1018 0.0271 0.0048 0.0836 0.0209
SIMLR 0.7325 0.6891 0.0567 0.2449 0.1119 0.0241 0.1136 0.1542
t-SNE 0.7250 0.7342 0.1525 0.2508 0.1467 0.0014 0.0968 0.1521
SinNLRR 0.5548 0.6745 0.2008 0.1108 0.1422 0.0239 0.1096 0.6575
rssNMF 0.8898 0.7773 0.6654 0.0692 0.6610 0.0958 0.6477 0.7493
SC3 0.8484 0.8325 0.6701 0.4838 0.8177 0.1515 0.7203 0.8802
S3NMF 0.6582 0.6875 0.5796 0.0092 0.5858 0.0190 0.6717 0.6371
DENMF 0.8373 0.6534 0.6339 0.1367 0.3428 0.1254 0.5342 0.6381
DSINMF 0.9100 0.7325 0.7519 0.2926 0.6994 0.0986 0.7082 0.7888
CASSL 0.4188 0.2420 0.2749 0.0616 0.0787 0.0781 0.0547 0.0479
RGNMF-DS 0.9619 0.8340 0.8232 0.5278 0.8337 0.3009 0.7914 0.9480

Table 4. Clustering ARI of Different Algorithms

Algorithm Ramskold Human Pomeroy Ning Gray Chung Yeo Limb

K-means 0.6125 0.4489 -0.0020 0.1349 0.0498 0.0002 -0.0011 0.0998
NMF 0.0365 -0.0019 0.2231 -0.0020 0.0050 0.0166 0.0451 0.1873
SC 0.6986 0.5274 0.0309 0.1012 -0.0003 -0.0023 -0.0015 0.1125
GNMF 0.8302 0.6569 0.5497 0.0292 0.4163 0.0413 0.6519 0.8350
l2,1-NMF 0.7816 0.5564 0.2479 0.0413 0.0045 0.0948 0.1912 0.5565
SSC 0.8302 0.4949 0.0105 0.1074 0.0147 −0.0008 0.0806 0.0178
SIMLR 0.5238 0.4455 0.0177 0.1716 0.0694 0.0127 0.1109 0.1605
t-SNE 0.4688 0.5658 0.0683 0.2004 0.1382 −0.0003 0.0733 0.1588
SinNLRR 0.2064 0.4381 0.1367 0.1070 0.1257 0.0048 0.1019 0.6116
rssNMF 0.8445 0.6496 0.5571 0.0292 0.5201 0.0015 0.6401 0.6639
SC3 0.6706 0.7745 0.5225 0.2751 0.6858 −0.0377 0.6636 0.8858
S3NMF 0.4279 0.4791 0.4077 -0.0020 0.3630 0.0019 0.6477 0.3971
DENMF 0.6470 0.5723 0.5644 0.0896 0.2050 0.2334 0.5549 0.6555
DSINMF 0.8028 0.5668 0.7038 0.2069 0.4915 0.0759 0.7231 0.7707
CASSL 0.1270 0.0819 0.0953 0.1016 0.0486 0.1403 0.0418 0.056
RGNMF-DS 0.9427 0.7392 0.7624 0.5952 0.7745 0.4147 0.8195 0.9722
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with lymph node metastasis. A total of 559 single cells are
involved, such as four breast cancer subtypes: Lumina A,
Lumina B, HER 2, and triple-negative breast cancer (TNBC).
57915 genes in each cell have been sequenced.

Yeo.37 This dataset includes 214 cells from 4 subtypes, in
which each cell contains 222 genes. It is used to analyze the
changes in alternative splicing during the differentiation of
motor neurons.

Limb.38 The Limb dataset contains 3909 cells with 6
subtypes, and each cell includes 1248 genes. It was obtained by
single-cell RNA sequencing of cells in 20 tissues from 3-
month-old mice. These data reveal gene expression in cell
populations with unclear characteristics. It is widely used to
compare gene expression of common cell types among tissues.
Evaluation Metrics. Four widely used metrics were used

to evaluate the performance of our RGNMF-DS algorithm.
The first metric is the accuracy (ACC),39,40 which calculates
the percentage of correctly predicted class labels among the
obtained P from the algorithm and the true class labels T.
Therefore, the ACC can be calculated by the following
formulation

= = t p

n
ACC

( , map( ))i
n

i i1

(43)

where ti and pi denote the true and predicted class labels of i-th
cell, respectively; δ(m, n) represents the indicator function;
and n is the number of single cells. If m is different from n, this
function is set to 0. Otherwise, it is set to 1. map(pi) is an
optimal permutation function that maps clustering labels to
true labels, which is obtained by applying the Hungarian
algorithm.41

The second metric is normalized mutual information
(NMI),42 which is often used to evaluate clustering results in
information retrieval and feature selection. X is the prediction
set obtained by each algorithm, and T is the truth set of the
dataset. NMI is calculated as follows
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where MP(ti, xj) is the joint probability that an arbitrarily
chosen sample belongs to both sample types ti and xj. MP(ti)

and MP(xj) refer to the probability that randomly selected
samples belong to sample types ti and xj, respectively.

The third metric is the adjusted rand index (ARI),43 which is
a common index to measure the similarity between the
clustering results and the labels provided by the dataset. Rand
index (RI) is calculated as follows:

= +a b
C

RI
n
2 (45)

where a is defined as the number of instance pairs that are
divided into the same category in the actual category and the
same cluster in the clustering result, b is defined as the number
of instance pairs that are divided into different categories in
actual categories and different clusters in clustering results, and
n represents the total number of instances. Cn

2 represents how
many combinations of any two samples belong to one class.
The value range of the RI is [0, 1], and RI cannot guarantee
that its values randomly divided by clustering results are close
to 0. Therefore, the adjusted rand index (ARI) can be
calculated as

= [ ]
[ ]

E
E
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RI RI
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It is clear to see that the value range of ARI is [−1, 1], and the
larger the value, the better the clustering effect.

The fourth metric is purity, which measures the degree of
existence of data points of major true type in each type. It is
obtained by the weighted sum of purity values of individual
clusters. Purity is given as follows
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where Ki is the specific cluster size of ni, nij is the number of the
i-th input class that are assigned to the j-th cluster, c is the
number of the clusters, and n is the total number of the data
points. Generally speaking, higher purity value means better
clustering performance.

In the experiment, we used the above metrics to evaluate the
performances of all methods from different aspects. The larger

Table 5. Clustering Purity of Different Algorithms

Algorithm Ramskold Human Pomeroy Ning Gray Chung Yeo Limb

K-means 0.7727 0.7124 0.4652 0.4957 0.0856 0.1225 0.0592 0.1256
NMF 0.4242 0.3468 0.5476 0.4630 0.2742 0.7335 0.4159 0.5692

SC 0.8283 0.7379 0.4630 0.4830 0.0446 0.1222 0.0600 0.1364
GNMF 0.8485 0.8306 0.7619 0.4870 0.6045 0.7335 0.7804 0.8972

l2,1-NMF 0.8788 0.7903 0.5714 0.4848 0.2764 0.7746 0.5607 0.8043
SSC 0.9091 0.7890 0.4630 0.5127 0.0627 0.1222 0.1215 0.0786

SIMLR 0.7020 0.7339 0.4630 0.5804 0.1227 0.1222 0.1433 0.1624
t-SNE 0.7121 0.7567 0.5217 0.5804 0.1519 0.1222 0.1207 0.1613

SinNLRR 0.5758 0.6935 0.5674 0.4848 0.1408 0.1222 0.1332 0.7991
rssNMF 0.9091 0.8306 0.7619 0.4870 0.6427 0.7335 0.7710 0.8273

SC3 0.8788 0.8790 0.6667 0.6913 0.8483 0.7335 0.7757 0.8961
S3NMF 0.6364 0.7177 0.6905 0.4630 0.6449 0.7335 0.7804 0.7409
DENMF 0.8182 0.7500 0.8095 0.5152 0.4685 0.7496 0.7654 0.7899
DSINMF 0.6667 0.7339 0.8571 0.6065 0.7506 0.4848 0.8692 0.8798

CASSL 0.5556 0.4274 0.5135 0.4813 0.3356 0.7292 0.4252 0.3905
RGNMF-DS 0.9697 0.8790 0.8810 0.7891 0.8629 0.8157 0.9252 0.9854
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Figure 2. continued
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their values, the better the performance of the corresponding
method. It indicates that a larger proportion of cells are
assigned to the correct type.
Comparison Algorithms. We compared the proposed

method with some classical ScRNA-seq clustering methods
and summarized them as follows:
(1) K-means44 is the most basic and commonly used

clustering algorithm.
(2) NMF11 is the original NMF model.
(3) SC6 is a clustering method based on graph theory.
(4) GNMF12 incorporates the manifold structure into the

matrix decomposition.
(5) l2,1-NMF13 is a robust NMF approach by adopting l2,1-

norm loss function.
(6) SSC7 clusters the ScRNA-seq data samples derived from

the union of subspaces by employing sparse representa-
tion techniques.

(7) SIMLR5 is a spectral clustering method. It learns that
reliability distance metrics through multiple kernels are
most suitable for the data structure.

(8) t-SNE45 is a nonlinear dimensionality reduction
algorithm, allowing us to display clustering results in a
two-dimensional or three-dimensional space.

(9) SinNLRR10 is a ScRNA-seq data representation method
based on non-negative low-rank representations.

(10) rssNMF27 is a robust and semisupervised NMF model.
(11) SC346 is a highly parallel and quantitative method for

measuring gene expression in single cells.
(12) S3NMF47 is a semisupervised symmetric non-negative

matrix factorization clustering model.
(13) DENMF48 is a semisupervised dual embedding model

that unifies dimensionality reduction and clustering
processes.

(14) DSINMF15 is a new deep matrix factorization method
for clustering single cell.

(15) CASSL49 is a semisupervised learning ScRNA-seq
clustering method.

Experimental Results and Analysis. Comparison of Cell
Type Identification. In this section, we compared RGNMF-DS

with other state-of-the-art methods for ScRNA-seq data
clustering. Tables 2−5 recorded the clustering performances
of all methods in different real datasets. According to these
clustering results, we can give the following observations:
(a) It is clear to see that the l2,1-NMF method outperforms

NMF in single-cell clustering on all datasets. This is
because l2,1-NMF fully considers the ScRNA-seq mixed
with noises by adopting the l2,1-norm to measure the
reconstruction error. Therefore, the experimental results
show that l2,1-NMF is more robust than NMF in
ScRNA-seq clustering. In addition, we can see that
GNMF can achieve superior performances than NMF
on all ScRNA-seq datasets. The main reason is that the
former takes full advantage of the manifold structure of
the ScRNA-seq data by constructing a graph regularizer.
Therefore, GNMF can effectively capture the semantic
information of the ScRNA-seq data compared with
NMF.

(b) It can be found that the RGNMF-DS algorithm achieves
the best clustering performance on all datasets in
comparison with NMF, l2,1-NMF, and GNMF. The
main reason is that our proposed RGNMF-DS algorithm
fully considers more prior knowledge than other
competitors. Especially, our proposed RGNMF-DS
method not only explores the manifold structure of
the ScRNA-seq data using the regularization technology
but also adopts l2,1-norm to improve its robustness in
handling the noise problems.

(c) It is worth noting that our proposed RGNMF-DS
algorithm outperforms the rssNMF on all ScRNA-seq
datasets. Note that both RGNMF-DS and rssNMF
belong to semisupervised learning methods. Specifically,
rssNMF incorporates marker genes as prior information
into the graph regularization term. Our proposed
RGNMF-DS algorithm fully utilizes the limited label
information by constructing a couple of complementary
regularizers (i.e., similarity and dissimilar regularizers) to
guide the matrix decomposition. Experimental results
demonstrate the superiority of the proposed RGNMF-
DS method in ScRNA-seq data clustering.

Figure 2. Visualization results of different algorithms on the Ning dataset.
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Figure 3. continued

Journal of Chemical Information and Modeling pubs.acs.org/jcim Article

https://doi.org/10.1021/acs.jcim.2c01305
J. Chem. Inf. Model. 2022, 62, 6271−6286

6281

https://pubs.acs.org/doi/10.1021/acs.jcim.2c01305?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.2c01305?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.2c01305?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.2c01305?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.2c01305?fig=fig3&ref=pdf
pubs.acs.org/jcim?ref=pdf
https://doi.org/10.1021/acs.jcim.2c01305?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


Visualization. To more intuitively observe the clustering
results of different algorithms, we projected their low

representation into two-dimensional space using t-SNE
technology. In this paper, we only drew a scatter diagram of

Figure 3. Visualization results of different algorithms on the Yeo dataset.

Figure 4. Clustering performance of all algorithms varied the parameter λ on all ScRNA-seq datasets.
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the clustering results on Ning and Yeo datasets due to the
space limited. Figures 2 and 3 show the clustering perform-
ances of different algorithms on the Ning and Yeo datasets.
From Figures 2 and 3, we can intuitively observe that the
proposed RGNMF-DS algorithm achieves the best clustering
performances among these algorithms.
Parameter Setting. In this subsection, we carried out

some experiments to assess the sensitivity of these parameters.
Our proposed RGNMF-DS method includes three parameters
λ, μ, and α. In each ScRNA-seq dataset, we randomly selected
20% of ScRNA-seq data samples as labeled datasets and the
remaining as unlabeled samples. The values of these
parameters in the proposed algorithm and other comparison
algorithms were set to [0, 0.001, 0.01, 0.1, 1, 10, 100, 1000],
respectively. For a fair comparison, the number of nearest
neighbors for all relevant models was empirically set to p = 5.

Specially, we varied one parameter by fixing other
parameters on the ScRNA-seq datasets. Figure 4 shows the
performance of the proposed model with different values of the
parameter λ on all eight datasets. We can find that the
clustering performances of our proposed RGNMF-DS method
are relatively stable within a certain range of the parameter λ.
Figure 5 shows the performances of the proposed model under
different settings of parameter μ on all eight datasets. It can be

observed that our proposed model achieves better performance
when the parameter value range is between [200, 800]. Figure
6 plots the performances of the proposed RGNMF-DS model
varied with the parameter α. It is clear to see that the proposed
model maintains relatively stable performance within a large
range of parameter α.

■ CONCLUSIONS

In this work, we propose a novel ScRNA-seq data
representation algorithm, named RGNMF-DS, for clustering.
In RGNMF-DS, both the limited label information and the
intrinsic manifold structure of the ScRNA-seq data are fully
utilized using the regularization technology. In addition, the
reconstruction error is measured by adopting the l2,1 norm in
RGNMF-DS. The proposed model is optimized by developing
an iterative updating algorithm. Meanwhile, we provide the
convergence proof of the proposed RGNMF-DS algorithm.
Experimental results on several ScRNA-seq datasets show that
our RGNMF-DS algorithm outperforms other competitors in
clustering.

Figure 5. Clustering performances of all algorithms varied the parameter μ on all ScRNA-seq datasets.
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