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a. K HT— UGB AR 2K prev_loss BT 21 i 46
2 curr_loss

b. FHIA K 16) BB M Q. #4771 —1k
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3.1 HiEE

ST USRS R 20 A BRI 4R R AT
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# 1 scRNA-seq ##E&E
Table 1 scRNA-seq datasets

JIEE S V- % 2 Jif K i H: D B T B / %6

Dataset Platform Number of classes Number of cells Number of genes Sparsity/ %
10X_PBMC 10X 8 4271 16 653 92.23
Adam Drop-seq 8 3 660 23 797 92.33
CITE_CBMC 10X 7 2 881 21 143 85.92
HumanLiver 10X 7 2 881 21 143 85.92
Macosko mouse Drop-seq 39 14 653 11 422 85.92
Muraro CEL-seq2 9 2122 19 046 73.02
Bladder 10X 4 2 500 23 341 86. 94
10X_Muscle 10X 6 3 909 23 341 93.57
Spleen 10X 5 9 552 23 341 94. 34
Diaphragm Smart-seq2 5 870 23 341 91.35
QS Muscle Smart-seq2 6 1090 23 341 89. 47
QS_Lung Smart-seq2 11 1676 23 341 89. 08
QS_Trachea Smart-seq2 4 1350 23 341 85.48
Romanov Fluidigm C1 7 2 881 21 143 85.92
Shekhar mouse 10X 7 2 881 21 143 85.92
Young 10X 11 5685 33 658 94.70
human_kidney 10X 11 5685 25 215 85. 92
mouse_ES Droplet 4 2 717 20 670 65.76
worm_neuron sci-RNA-seq 10 4 186 11 955 85.92
GSE75748 Fluidigm C1 6 758 19 189 54. 68

3.2 XX

AR SO X SR 4 E AT NMF 7 2k 0 356 o I3
Xof B 24 9 R IF #E 4T k-Means %25, 8 09 48 bR 2355
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Table 2 ARI and NMI of NMF methods across 20 datasets

g e PA A 22 AR A ART H—k A5 B NMI
Dataset NMF rNMF GNMF  rGNMF GPNMF  NMF rNMF GNMF  rGNMF  GPNMF
10X_PBMC 0.47 0.48 0.45 0.44 0.55 0.50 0.50 0.51 0.51 0.56
Adam 0.42 0.42 0.48 0.56 0.49 0.58 0.57 0.67 0.70 0.67
CITE_CBMC 0.47 0.48 0.45 0. 44 0.55 0.50 0.50 0.51 0.51 0.56
HumanLiver 0.47 0.48 0.45 0. 44 0.55 0. 50 0. 50 0.51 0.51 0.56
Macosko mouse 0. 47 0.48 0.45 0. 44 0.55 0.50 0.50 0.51 0.51 0.56
Muraro 0.88 0.90 0.87 0.87 0.87 0.83 0.84 0.83 0.83 0.83
Bladder 0.75 0.75 0.76 0.76 0.76 0.79 0.79 0.80 0.80 0. 80
10X_Muscle 0.79 0.79 0.95 0.95 0.96 0. 84 0.85 0.94 0. 94 0.95
Spleen 0.50 0.51 0.87 0. 60 0. 86 0.57 0.57 0.82 0.66 0.82
Diaphragm 0.97 0.97 0.96 0.96 0.96 0.95 0.95 0.92 0.92 0.93
QS_Muscle 0. 60 0. 60 0. 65 0. 66 0. 65 0.76 0.76 0.82 0.82 0.82
QS_Lung 0.61 0. 60 0.77 0.77 0.59 0.79 0.79 0.83 0.83 0. 80
QS_Trachea 0.88 0. 87 0. 87 0. 87 0.87 0.81 0.78 0.85 0.85 0.85
Romanov 0.47 0.48 0.45 0.44 0.55 0.50 0.50 0.51 0.51 0.56
Shekhar mouse 0. 47 0.48 0.45 0. 44 0.55 0.50 0.50 0.51 0.51 0.56
Young 0.32 0.35 0.54 0.53 0. 44 0.52 0.54 0.68 0.67 0.59
human_kidney 0.47 0.48 0.45 0.44 0.55 0.50 0.50 0.51 0.51 0.56
mouse_ES 0.57 0.76 0.95 0.95 0.95 0.70 0. 80 0.92 0.92 0.92
worm_neuron 0.47 0.48 0.45 0.44 0.55 0.50 0.50 0.51 0.51 0.56
GSE75748 0. 60 0. 60 0.58 0. 60 0.65 0.72 0.72 0.70 0.71 0.76

Note:data in bold represent the optimal results.

£3 201 HIEE L NMF A5G EERR
Table 3 Purity and ACC of NMF methods across 20 datasets

ey 4l J& Purity HERF ACC
Dataset NMF rNMF GNMF  tGNMF  GPNMF NMF rNMF GNMF  tGNMF  GPNMF
10X_PBMC 0. 80 0. 80 0.81 0. 80 0.84 0.65 0.66 0.63 0.63 0.68
Adam 0.65 0.65 0.73 0.75 0.73 0.64 0. 64 0.68 0.67 0.69
CITE_CBMC 0. 80 0. 80 0.81 0. 80 0.84 0. 65 0. 66 0.63 0.63 0.68
HumanLiver 0. 80 0. 80 0.81 0. 80 0.84 0.65 0.66 0.63 0.63 0.68
Macosko mouse 0.80 0. 80 0.81 0. 80 0.84 0.65 0.66 0.63 0.63 0.68
Muraro 0.92 0.93 0.91 0.91 0.91 0.92 0.93 0.91 0.91 0.91
Bladder 0.97 0.97 0.97 0.97 0.97 0.74 0.74 0.79 0.79 0.79
10X_Muscle 0.90 0. 90 0.98 0.98 0.98 0.82 0.82 0.98 0.98 0.98
Spleen 0.93 0.93 0.98 0.96 0.98 0.72 0.72 0.95 0.82 0.95

Diaphragm 0.99 0.99 0.98 0.98 0.98 0.99 0.99 0.98 0.98 0.98
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g%
Continued table
e L 4l i Purity HEfi % ACC
Dataset NMF rNMF GNMF  tGNMF  GPNMF NMF rNMF GNMF  tGNMF  GPNMF
QS_Muscle 0.91 0.91 0.95 0.95 0.95 0.72 0.72 0.71 0.73 0.71
QS_Lung 0.91 0.89 0. 90 0. 90 0. 89 0.70 0.67 0.74 0.74 0.61
QS_Trachea 0. 94 0.92 0.95 0.95 0.95 0. 94 0.92 0.95 0.95 0.95
Romanov 0. 80 0. 80 0.81 0. 80 0.84 0.65 0.66 0.63 0.63 0.68
Shekhar mouse 0.80 0. 80 0.81 0. 80 0.84 0.65 0.66 0.63 0.63 0.68
Young 0.61 0.64 0.73 0.72 0.63 0. 48 0.52 0.63 0.61 0.58
human_kidney 0. 80 0. 80 0. 81 0. 80 0.84 0.65 0.66 0.63 0.63 0.68
mouse_ES 0.77 0.88 0.98 0.98 0.98 0.77 0. 80 0.98 0.98 0.98
worm_neuron 0. 80 0. 80 0. 81 0. 80 0.84 0. 65 0. 66 0.63 0.63 0.68
GSE75748 0.75 0.75 0.74 0.75 0.78 0. 69 0.69 0.73 0.73 0.76

Note:data in bold represent the optimal results.
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Fig. 3 Real trajectory inference of pancreas cell on day 15
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Single-cell Non-negative Matrix Factorization Algorithm Based
on Gamma-Poisson Distribution and Graph Regularization

LONG Fa'ning"**,PAN Weiquan"*"" " ,SU Xiuxiu®
(1. Center for Applied Mathematics of Guangxi, Yulin Normal University, Yulin, Guangxi,537000,China;2. Guangxi Colleges and

Universities Key Laboratory of Complex System Optimization and Big Data Processing, Yulin Normal University, Yulin, Guangxi,
537000, China; 3. School of Computer Science and Engineering, Yulin Normal University, Yulin, Guangxi, 537000, China;4. School

of Mathematics and Statistics, Yulin Normal University, Yulin, Guangxi, 537000, China)

Abstract: Single-cell RNA sequencing (scRNA-seq) enables the acquisition of gene expression profiles at the
single-cell level. However, many dimensionality reduction algorithms based on Non-negative Matrix Factori-
zation (NMF) often overlook the probabilistic data distribution and topological relationships between cells,
which result in a failure to adequately capture both the global and local structures of the data in cell type i-
dentification. To address the shortcomings of NMF methods in coping with sparsity,noise,and computational
complexity in single-cell data,a Graph Regularized NMF (GPNMF) algorithm is proposed in this paper. The
proposed method integrates the Gamma-Poisson distribution assumption with graph regularization. By itera-
tively updating the factorization matrices to minimize reconstruction errors, GPNMF effectively preserves
both the local and global structures of the data. Through the introduction of constrained optimization and
model stabilization, GPNMF yields more robust and reliable results in the decomposition of single-cell expres-
sion data. Finally,experiments conducted on real scRNA-seq datasets validate the effectiveness of GPNMF,
demonstrating its potential applications in the trajectory inference analysis of single-cell gene expression data.
Key words: scRNA-seq;dimensionality reduction;graph regularization; Gamma-Poisson distribution; Non-neg-

ative Matrix Factorization (NMF)
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