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Abstract

With the advancement of biological gene sequencing technologies, single-cell RNA sequencing
(scRNA-seq) has played a significant role in studying cell heterogeneity. The transcriptomic analysis
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of mononuclear cells provides rich gene expression data. To analyze the underlying patterns of
these high-dimensional data, this study applies multiple dimensionality reduction algorithms, includ-
ing Principal Component Analysis (PCA), Uniform Manifold Approximation and Projection (UMAP),
and t-Distributed Stochastic Neighbor Embedding (t-SNE), to reveal the structural features of single-
cell gene expression. These dimensionality reduction methods map high-dimensional data to lower-
dimensional spaces, helping to uncover the distribution of subpopulations, dynamic changes, and
clustering features of differentially expressed genes. Through visualization, this study explores the
inherent patterns of gene expression and provides new insights into the applications of single-cell
data in disease diagnosis, treatment, and precision medicine. This paper emphasizes the central
role of statistical methods in biological data analysis, particularly in the integration of dimension-
ality reduction and visualization techniques, offering strong support for future research.
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LAk, BEAE AR R P BRI s Ak Je,  BER A 25 R S A S N T — AN A AR,
JEHR AN RNA WU (SCRNA-seq)H AR IR, 545 3RATTRENE 75 SR 20 M 48 FE T IR NIR 2R 40 i 7 o 1k
BERMFPREAR[L] LA T =AEEN B B —RIFHEA. 8 @27 H AR NGS) 2 =%
STFMFHEA, B —REARRBE RS T R HEREDE R ENRE. REWE M AR
BRI ZH 25 A RN Th e 5 TV UAS T 2 2 B, (R ZE B A BAN 23 A AT THI I i 22 BhAR, L FLR A MOl
e L R B R U B AR R

NIRRT IR LBk, Giit o i TR B 4 R SO B AE R A RO T BRERR
TR v 2 R WS B 4 0], T SN R R I T A AT £ R R E , M TT 8 s 5000 1 P 7E LR
TE S0 5% S 2B o AT S FH I B 4 S0 B0 38 2 B2 70 M (PCA) [2] Gt — i E L 5352 (UMAP) [3]
-2 A BEHLAT IR (t-SNE) [4]55 . X B8 VEAMT 7 RS M e fE R SE0Esin, @il
MRS SR S AR (A 5 B A A T ALY, AT 335 B8 7~ 4 L A 1) S5 o A D 22 S M R DR 3RO

B FLAH L RNA W75 AR B R, B DRk s B pL R SRR T 3 T E B E R, A
T IX L 8 5 B e AR I 450, 38 75 B I G vh 7 v B AT R B e R AT Ak, DU
BB A MME R EYI 4518 . ACIET PCAL UMAP Fil t-SNE Ze[4E 505, X gl 5t [ s B it AT
RGN, B IRR I G VETEA R s B 5 P TS5 M (5] BhA A0 AN 2 e M R SR A U T
IR o I X e B 45 AT AL, AN SCHE— DR T SR RIA M N TEREE,  JE B2 Wi ROk e
I7 A RV AE S FH SR 1R B G A

2. MEFHNRFEEKIERE
2.1. ERO SR

= 5343 #r (Principal Component Analysis, PCA) & —#f T R4 1 T IS B 5k, IZEEA TR E R E
S, BT DVE TR AISEI, Tz T 4500 1 o A A AT A4 . PCA 1A% O AR 32 B2 @ i 4 1 A 46t
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(1) R EdEs TR X=X =X

(2) THEAREACEE P T ZE AR
_ 1
-1

(3) XF¥h A ZEHIE C HMTHHEE ik, RBVRHIEEAFHE R R, FRAEE A FURRE A & v, 6 2 77 2
Cv, =4V, -

(4) PRI K ANRFAEARS R R AE 5 vy, vy, > 4 A REAE ) S b v A I 2L RS 17 5 A
FE W

(5) W aahrR AL BHR B B AT K ANRRAE ) BRI R W15 3 B4 J5 1 B AR RE X, = XW .

(6) FE4EJE AR X, B8 7 EH 7 Z &KW kAN E, Rk ae i A ot s Bois i & BpE
fiE.
2.2. -3 4BIEHER A

t- 7341 42K 7\ (t-SNE, t-distributed Stochastic Neighbor Embedding) & —FhE £t pR4E 503, 55058 H
T dE BRI TR, IX M7 VE R BRI R 45K, B i Laurens van der Maaten HI Geoffrey
Hinton 7£ 2008 “EF2 1. t-SNE H A5 Kt v 4E 20 i SRR =R (] b, [ I AT e O B AH LB e 2 TRV
AR R, ARRUL, 5 4 = [A] AR AR B AR AL 7 B] PR SEAS 50T, A5 v 48 =[] Hh AR G AN AH
AChF B s PE AR A 2% 8] 43 A 45 I« t-SNE 75 BN B0 a5 B] AR AEALA R e e M2, T 4 2 [ FR) A
JFE R AR R OR, NE R AUE B “student-t 234 7 [6]37R, t 0Ai(HE HEA D)ED
A AR AR, DRI A5G A 7 8] PRz 9 s B 25 5 73 T« t-SNE JE I J5L 6 7% 8] AR N 2 1) (R IG5 1 5
1) Kullback-Leibler (KL)&EE[7]1RVPAL TR ISR, 2 Ul A 5% KL B I ek BV 0k ok
B, RJEEAEE T R MU R R A, ARSI R . HEE B Z R R Z R, B
BARFRYIAE R 2 OS84T K Ish T KL 8E R 5 s ME R, DECRE A 4R .
AT — MR RIEHFE X e R™, Ko fg—ATRF AN IRFE A, R FK A TERFHIE, t-SNE
T E I LU PR
(1) R A AL . T4 — Xl 5 x A X, SRR SRR RS 5E X I x; LY
MR, & SCh:
_J“NWJ
_2
@

%_Z“{" A}

k=i

C XTX
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Hrh, o2 x R TE R, T Ah A B DL R R RO AR S — AN EDE BRI s (I perplexity
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(2) HFFRACAE R SE %«
0. = P + Pji )

1 2n
Forpn 2 SE .
(3) THAEARLEZS R AIARLRE . AEARZEZS AP, t-SNE @it A N 1 M54 t A et B30 s e 1
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- -1
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ij
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XL C /22T Kullback-Leibler (KL)HUEE K HARER L, ARG FEEMLAL C, AWTHREEARYE RO E y,
2.3. MEAREBESHES

BIATR &I 52 (UMAP, Uniform Manifold Approximation and Projection) & — il LA i A £k 14 [
YeI590, T N T e O i PR 4 AT AL . UMAP ¢ 5.1 Leland Mclnnes 1 John Healy 7£ 2018 4
FEH, HIEF WL S (Manifold Learning) (EEE, ‘& 4k& T 81 B, HA LTSRS
(T t-SNE), 7EALFE R HUBL L I B T AF (T AL . UMAP RERE G 280 R BE 200 1) = i Fl 4 J=) &5
M, WA TEIE T R RS

UMAP (¥4 AR . (BB s T 7E I v 4 5 1A S B b — MR IR T I im 4R iRoON 30 20 =)
AT R T EATEARLE S MR R, FE4EN H bR 2R B — ARG 0], 845 2508 76 = 4 =5 [a) A1
R4 2% (8] ) R AR A5 AR AT R — B IR HE: JRErAr s MR AR RN 25 ) =
oy B R ERARI AL, SRR S, UMAP 1 Sl i 158 e 5 A K500 s A P B ke ) 2 R 40
B, GEE A K EAB(KNN) [9]5K E AR . H O A d AR EI[10], I I WK IGPE 25 . R XA [11]55
FEACLEE B B AL — A B o AR, ARER T A s57E e 4 2 [ PR AR AL R o S R AR AR N 23 1],
Pk A 2 A AR 2 1 N 2 [ (R 2T B2 5 2 R PT REOR B L U 250008 P 45 R RRAE

BB — A RIBHEPE X e R™, Hpfg—ATRE AL A, 5 E AL FFHE, UMAP
FEFEE AL IR

(1) Ha gt v 2 s ) o (RO ARACLRE F s READLSE 8 00 5 2 i T P R (A RR U B 20 ) B T A% % B A v 1)
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Py A oy A FATT_E 38 73 T3 SR AGH A4 e 4 2 1] AT 4 2 1] AR AR AL
(4) LS UMAP s B T FE SR [12R LA B 2R R . DA B A A A5 AR 4 22 8] O AT
ARE T A1 o AT REFEAT i 48 25 18] Th AR AURE 7041 o

2.4. WHEHKIR

M 10X Genomics 4 i il FF 12 A7 4 (https://www.10xgenomics.com/) R #7414 A4 JE I 54N 2% 40 i
Human Frozen PBMCs [ 5.4 i 1 15 3047

3. {REEN ST
3.1. BN EIETLE

3.1.1. ERAEEE

JE I DR AR AR AR R IR R A, TR AR A DA =R (1) AN AR R I 0 R R TR A
ANz R A D R, A DL RS R R A A, X PR R R ik . (2) B
L ) UMI 230 ASC W E (AR AE 9 I UMLK T 2500, 7T 200 B4 . (3) Sokifhdt KIZH 1) reads
Ebfoil. AR B B AT AN M 2 K 43 LI 2R Rk SE (R 21, (% PercentageFeatureSet b 50K 15 28 b 44 Jif 4%
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Figure 1. The percentage of mitochondrial read
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Figure 2. The correlation between features before filtering
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Figure 3. The correlation between features after filtering
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Figure 4. Visualizing genes with high variance
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Figure 5. Contribution of each gene to the principal components
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Figure 6. 2D embedding plot after PCA dimensionality reduction
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Figure 7. Heatmap after PCA dimensionality reduction
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Figure 8. JackStraw-based null distribution visualization for
PCA significance

[ 8. £-F JackStraw 7534 PCA 4EERZ TN E

3.4. {£H UMAP F1 t-SNE BE3E4mpa

ffiH UMAP 1 t-SNE FLyExT iR AbE#E 140 it 17 5 2K perplexity SEUERS T RBMR 2K EH
L, perplexity S &4 R 45 ) 1P, BN perplexity, BESGVERIERAEA, 5 SEUNERE

DOI: 10.12677/aam.2025.144147 150 I3RS


https://doi.org/10.12677/aam.2025.144147

Wi

B, BRI perplexity B OCVEA SR S5 K, AN [R] A 5N 2> B 8 4 e %/ T 1000 4> perplexity 2
ik FE 5 & 20, 1000 4~F] 5000 41 perplexity Z %%+ 20 2 50, KT 5000 M4 A perplexity 2 £k
£ 30 & 100, HFASCEE BT 7 5000 4, B perplexity Z%08 30 (LK 9, K 10).

10 @

® 000000 00
©ONO U A WN SO

-15

” N |
»

umap_1

Figure 9. UMAP dimensionality reduction visualization
9. UMAP B4R 1L [E]

25

e 0
o1
° 2
N

| ®3
@ ®5
o6
o7
-25 e 8

&y .

20 0 20 40
tSNE_1

Figure 10. t-SNE dimensionality reduction visualization
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Figure 11. Expression distribution of MS4A1 and CD79A
across different clusters

11. MS4A1 5 CD79A EARRBEFHNRIES

DOI: 10.12677/aam.2025.144147 151 I3RS


https://doi.org/10.12677/aam.2025.144147

[ZReLl

o MS4A1 I 3 GNLY I s o CD3E 3
a1 ? 2 o 107 a 101 2
g-ﬁ §-1§1 i 5 §-1§1%""’
1 1
3 5051015 3 -50 51015 1 3 -50 51015
umap_1 0 umap_1 0 umap_1 0
4
4
N, CD14 3w FCER1A NN FCGR3A ;
$ ] T B
Bl B2 gabl . B2 gabl = . 2
b 5051015 L -50 51015 13 5051015 1
umap_1 Y umap_1 Y umap_1 0
6
N, LYZ i N, PPBP & CD8A 3
% 1§ ) 3 % 1§ 4 % 1§ R . 2
e-1 1 3 2 g-1 1 = 2 E -1 1 1
S 5051015 1 3 -50 51015 s -50 51015
umap_1 0 umap_1 0 umap_1 0

Figure 12. Expression distribution of immune-related genes across different
cell populations
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Figure 13. RidgePlot expression distribution of MS4A1 and CD79A across
different cell populations
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Figure 14. DotPlot expression of MS4A1 and CD79A across different cell
populations
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Figure 15. UMAP dimensionality reduction of renamed cell populations
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Sof T BRIV, Pl 1R % B £ B (Silhouette Score) . % > 45 %7 (Adjusted Rand Index, ARI).
¥ 5R %% & (Within-cluster Sum of Squares, WCSS). Dunn #&%(Dunn Index) fl%2 %€ £ 45 % (Jaccard Index)# 1T
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Table 1. Clustering evaluation metrics

F 1 BTN G

RAEL 7 LS EE X e BB e Dunn #5%k T M
A 0.42 0.72 1200 2.1 0.83

He, REEREON 042, TWIREDFEALE S B RKD BABIFARLIE, RS HAARAE —E
M7 B AR AR AN 0.72, BWIRE RS HS OB — 2 REETEE(WCSS) N 1200, RHIHK
W R R R, RRRCRBOYEEAR; Dunn $88008 2.1, RIS RSEZ I8 1030 SR is R e R
PE 64 (Jaccard Index)/y 0.83, FWIFHKEE RAEAFIZAT Z ARG R MFEEN . REERRIRRPIAIRRE
RORBAT, REME A R 0 A R AR, R OR 1R e ) SR SRR S PR R
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H 15, AT LA F Naive CD4 T 4241447 CD4* T 4, MARPUREE, BE Lk,
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Table 2. Key biological pathways related to cells
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