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Abstract

Single-cell RNA sequencing technology has been widely used in key biological problems such as
cell heterogeneity, and at the same time, the development of this technology also poses great chal-
lenges in gene data analysis. In this paper, based on two nonlinear dimensionality reduction me-
thods, t-SNE and UMAP, the dimensionality reduction and clustering of single-cell RNA data were
carried out and compared with the results of linear principal component dimensionality reduction
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clustering. The conclusion was drawn that the UMAP method was more ideal for the dimensional-
ity reduction clustering of single-cell RNA data. Finally, the results of UMAP nonlinear dimensio-
nality reduction clustering were taken as an example to screen out the significantly differentiated
genes in different cell categories.
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2.1. t-SNE p&4

2.1.1. BEHLERIEE:A (Stochastic Neighbor Embedding, SNE)
TEA4R t 34 - BEHLABIT #7 A (t-distributed Stochastic Neighbor Embedding, t-SNE) J732: 2 il » B 55 /44
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2.1.2. t-5r BB SR #R A (t-distributed Stochastic Neighbor Embedding, t-SNE)
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2.2. UMAP P4t
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Figure 1. Cell scatter plot based on linear principal component dimensionality reduction (PCA) clustering
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Figure 2. Cell scatter plot based on UMAP and t-SNE nonlinear dimensionality reduction clustering
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# 1 S FE R ) avg_log2FC E ¥ A IEAR, 1 IR SLIE R 75 255 0 HIgn B BER N PRIk T B 1
T HANSERI A0, H i Wilcoxon BRATEL IG5 H Y p_val {Eiz/NT a = 0.05 MG FHE, thRIHE 48 B A 7
P20 2 T SB35 2 S I RO . JEIRITE O 55040 Bt P 5 HoAD 218 790 41 Bt P 7 & 1= 25 (Difference) ¥4
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Table 1. Some significantly different genes with tag category 0

=1 BARELINAONEZERMER

gene p_val avg_log2FC pct.1 pct.2 Difference
CD3D 2.42E-53 1.435291 0.884 0.252 0.632
IL7R 1.41E-42 1.576791 0.687 0.185 0.502
LDHB 6.67E-78 1.941558 0.942 0.442 0.5

1L32 7.69E-30 0.974124 0.827 0.34 0.487
CD3E 2.14E-39 1.140736 0.784 0.299 0.485

VE: gene: FERIZFR; FC (fold change): ZHIA)JE Kk & 1 2 754K avg_logFC: i[RI 78 41 1A (1) P35 30 ik 2 3 log2,
IEER VAR IE ST PR T & pet.d: 78 20 S 504 M ok U B AL R R 8 4B b9l s pet.2: 7EH B0
A AR I 312 5 (R Ak (R e R L 41 ;. p_val: Wilcoxon BEFIKE LG Fif5 p {8 ; Difference: pct.l — pet.2 [9].

DRI, AT 53 ) ECeg 2H ik e vy L5 At 8 31 4 2 ) 5 2 P 2 A A R AT T A J DR O 2 2 22
PEILRIKSE R, EA114r%)/2 CD3D. IL7R. LDHB. IL32. CD3E (2%l 0); S100A8. LGALS2. FCN1.
S100A9. LST1 (2% 1); NKG7. CST7. GZMA. CCL5. CTSW (3% 2); CD79A. CD79B. MS4A1.
TCL1A. LINC00926 (3% 3); FCGR3A. IFITM3. CD68. CFD. CFP (&%l 4).
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M FRATTRT LIS M L E2 3], A3 A JE D5 2 40 i S 2R B I A AR B B, Bk TR R BB HE A
(AR T T 5 25 DX 3 2 1) 22 DR R AL S 2

M LL IL7R. S100A8. NKG7. CD79A. FCGR3A X i/ &%= T NF], M HILR /A K,
W 4 s, ALPREIRR AR N B3 22 R A FR, A AR, o S MR B 1%
Rl A b, R ERAR R P I RIE KT, i i P B b o A s BRI RN, AT AT LAY 28 b ) Wiy
R EERTE S B A F 4020 A B B R R K, HARIA R K T AR X P
BH T I0G H 1Y) 22 S Al B DR AE 4 i o R R e 31 T BB AR .
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Figure 3. Heat map of significantly different gene distribution in different groups
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Figure 4. Dot plot of the distribution of significantly different genes in dif-
ferent classes
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