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BYRE ATAC E4E 53 H o B LR 38 R 8 IE E R R BTN

WE

[H Y Bl = 5 7 BOR S A M BRI AR, FEbF ok PR 2 3 0k 425 1 2% 1)
AR, BANMG @ TT ZtErAr (Single cell ATAC-seq) $ AT A BF 58 5 K 41
PR 2 TR T Bz —, BAERZEL Single cell ATAC A f, HAZLHETZ
— BT B AN [7] SE B S B0 S 22 0 i AN TG B, (Batceh Effect) |, A
ELCB PUANER IEHEOSON Y595 MNN, - Harmony, BBKNN, scVIFEALBEFA~A
Al LA ATAC-seq Bdla 0 AR 55 1R B, DATRAR B AT TR AR M) RRAE Y DR BE AN RO,
MERRCR . RHAATH R EMENGL.  [NA] AU E e GEO il b R 8k
RIEW B 7 H ARG A0 ATAC-seq £ 1) fastqe X i@ &8 Trimgalore, BWA-
MEM, SAMTOOL S (A X 4t AT i #, 545301 Anndata BARTEAEAE A HEIR
RN P EIRER o DU Ah 383 23 0 B eh T TR AR AR B R RO A T
(7] ) A 5 RO AR 7 S B LR R, i JH DU e FE s PP AS [ B9 1 8 B0 DA S 0k
APIFAER PR B ROCR, WEERRBRR IS (4518 ] TEAL PR N K R — 1Y
RN Harmony il 7E T A Febrn TR RILH €,  ALFEREIROY R I5 5 A= £ da 4
I, BBKNN RILEA:, FFpET Zetim AR5 PR 557% Harmony F1 MNN 5957
AFEPBAEE PRI R, BBKNN TEIR GHEA 5 ] 25 T HA LML, o,
REE2 B seVIMBIL TREM RN, WX R RGIEAEM T, ABFE R4
P 1 2 T o P D 2 S5 T R S A A ke RS Ak R 4 R A B SRR AN G R
fRP 5, ARHEAH PR A SRR, R Bt gE— 2P R T IR B 2 > J B B
AT P Y RS

KERIF]: AU ATAC-seq 3R HURAMUNERIE: FANEIEA T EEmR
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Abstract
[Purpose] With the development of high-throughput sequencing technology and single-cell

techniques, single-cell chromatin accessibility analysis (Single cell ATAC-seq) has gradually
become one of the main means to study the regulatory networks of genome expression.
However, in most Single cell ATAC analyses, one of the core issues is how to eliminate
unnecessary batch effects caused by different experimental batches. This study aims to
compare four batch effect correction algorithms (MNN, Harmony, BBKNN, scVI) in handling
two different single-cell ATAC-seq data analysis tasks, to evaluate their performance in
preserving biological features and removing batch effects, and to conduct preliminary

benchmark testing. [ Content] This study first downloads fastqc files of 7 sets of brain

single-cell ATAC-seq data published online from the GEO database, and preprocesses the
data using software such as Trimgalore, BWA-MEM, SAMTOOL, etc. The obtained Anndata
data is then divided into two datasets based on existing batch effects, and four algorithms are
used to respectively eliminate batch effects caused by different donors and those caused by
different donors and sampling sites. Finally, four metrics are used to evaluate the performance
of different algorithms and their preservation effects on biological features, providing

references for algorithm selection. [ Conclusion] When dealing with datasets with a single

source of batch effects, Harmony usually performs excellently in all metrics. When handling
datasets with complex batch effects sources, BBKNN performs better. The Harmony and
MNN algorithms based on the linear embedding model principle perform outstandingly in
different datasets. BBKNN is notably inferior to other algorithms in handling mixed samples.
Additionally, the deep learning algorithm scVI also shows stable performance. Through such
systematic evaluation and analysis, this study provides a deeper understanding and effective
solutions for handling batch effects in single-cell chromatin accessibility data in the field of
biomedicine, promoting the development and application of related research, and further

revealing the application prospects of deep learning principles in single-cell dataset analysis.
Key words: Single cell ATAC-seq; Batch effect remval; Benchmark; Single cell data

analysis
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1 #4518
1.1 EBZHf ATAC-seq

TEANREERHTT RIS, wid a0y ORI T R A Rery B, B s i i
Wy B AR SR Y, BT R 2 A 0k SRR R 28 00 0 M, B T A PR 2 2 e
WFFTRY T I, Yo o] Kool 35k R 2 A SR 0 DA B 3R ik s ol A 22 o i)
HAHE 24 KRERSCEIEM T 1 (TFs) MAEBBM (HMs) DAKAES Y
RNA TEY 0 57 o] S X h i s sy M a4, Rt BT Y 8 B n] R PER IS
REAE M I R AL 7K 143 BT AS [RLARZS T A0 4 0 19 5 PR 21 2 sl il A b 22 5. — S8
1140 DNase-seq, MNase-seq 4 #8757 HF 50 % (050 ] S emd) 2 2 B0, BIREL
AR KT Bofk, RE M T s s Wy . g 5T R R4 A (Assay for
Transposase Accessible Chromatin with high-throughput, ATAC) X—¥%T 2016 4E 1K
AR, Z AT S TG TR Tos R AN rY = B A b T b B, 456 T 96
S FEIBC IR TS %% FE R 5 1Y 423k e 1) 4 A B 2807 ey, 380 v 28 A D P 1)
TR TS e PR AR B0 7 0 BEATI Y, AT 4675 5 PR )l BRI DXt oh 1 g
{2 388 ok R 5 5 B o P Uy A ) A DR ) e e 0 ] B B, ELAE R T AT
DNase-seq, MNase-seq %57k, ATAC-seq i BHIREAR /N, Kty oA S &
i, EEMEEGT, 245K N I ATAC-seq FIARTE MR T HIFFEEE H 2425 545 0 4%
1 E BT Bz — B,

KDL, FEARA B A7 A ) S BT I DA S A T 2 TR AAAE ) 22 ¢ R E B, BN
ATAC-seq fEARKITAE, FAHL ATAC-seq $ AR (Single-cell ATAC-seq) ZHIHAL T Z
BRI (bulk) 0 40 M0 % 60 5T et TR E R O EDY, TR R 4 2 17)
FAAEE AN R s R 2 B A, X S 52 Wi R 3R WT A & S BI04 [] 4 1 e s
75 DNA Jy B gl & & e84, AT i 28 s A e B R i Rk . s At iy
ATAC-seq SR I, A EB48 78 A [ 41 3 S Pt Ll 5 Jo S 2 R A = AL,

1.2 BBZAfE ATAC-seq REIRIEIRLEHZKEY

AN ATAC-seq AL HR 5152 %P5 18 5 DA Anndata (Annotated data) )54
AfEAF, Anndata 2 BRI AT D LR BOE 454, AT DORAELE, BRAERVE P40 i
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BRIt — M ERER L 530, Anndata &2 —Fh R XA EIRLEH, 5 DataFrame 24(U,
{Hi2 Anndata S35 )0 P 4R A 2 BT A 1.1 R, anndata 28R R EIE 45
8 EBAFEPY AR, BN (X)) - R FEMEEEE R, KA
WA (FERAHM ATAC i, B —A7%h AN [l e 0 S50 DI s 88 ) B —510%)
W— AR E (TERRAIE ATAC Bl b, S—3RER—14ii) . WIMERER
(obs, obsm, obsp) : iX4&iE SWLM(EA X RTERE, TERRAHM ATAC )7 d b,
A RIE) ATEEA SN TR, R R . AR ERE (var, varm,
varp) - XS 5ASEACHVERE. G, BN BEA SN s, R
F5 . AEEACTERE (uns) W DARTAEREAE MM ARZ5 L TC s . AnnData X4 A]
PAMZ DataFrame —#EEATY) Fr, X (A€ IR RIEFIE THER 217

Uns
unstructured
annotations

var
LERIAXRAGER

pandas dataframe

FERIEERE .obs
X MR RO

numpy array
TRERLIE
SR

pandas
dataframe

Kl 1.1 Anndata Z{3E&5H4

Figurel.1 The Structure of Anndata

SVRUL, Anndata 2 —FR K R IGEAREH, FE R EEE A eIz i,
AT, FATFEEXSEH TAFEMEAL Anndata $ELX R IEAT THIRZUVFFIE,
B A G5 RAEAT T AT 53 B A SR B = i w4

1.3 BAY RN P 454 2 B FF FERIHER 3L (Batch Effect)

TERZEL Single cell ATAC 43,  HAZ L2 — B ALY, (Batch Effect)
(41 SRR A2 HR AN ] A PR YR S 2EL 31 v Ak L S 5P A5 e 0 0 P R 25 5, fail
PSS ] S 5 3 QR AR — DR HhOR R AEAS, (HX BEREA Y 43 B 1 UK ], &
FERERARIY, — Rk, R RG22 R AR, RMERRE . — Sty W]
REAZ T RO TR R F 200, Bl r R 2R, AR TBRIAR, &
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LI EMRIE] LR an R, B RN R, BCE R BN B R
[Fi] B 45 SR 1) 22 L3 5 B AR R I R 0,

ST BRIV AE Single cell ATAC-seq ) 2 M itk T 5216 ZE A BE TR
FE AT, JEBRARSOVAERR 0T (Joint Analysis) 2 REE, HA TR
A B FATHERE A 43 B Hh 4R B (R 7 2 R i g5 00, o HGFE T ROy, 2
Ja A REH BT B T HE U [ 1Y 25 e d i M A AR . a4, T BRI U fi
RIRATREETEA M E IR 2 (R AT A0, AT RENE fif e B B HR 4 0 3 A U 1y T 7t
TR AR R P B i, T R A R T B 0,

g5 b RTiA, B A T AEE R RO AE ATAC-seq Bl 0 i A& 14>
HERE, U AR T AR R HE R A I BRI 2, X ALY AT g
P IREE; 3 SEI A VABCE AL BIAEA R vk, AT e T-HURER ] . BUREERA .
SGERRIE N, TEHEA 2T A R R SETR I, T SRt SN X R0k 20 B 4 R P e o
1R A,

1.4 BYH AR AL R SR H FREY B 2

T I B L ) VR BN, 2 R A A TAT S5, Rl & (Data integration) il
“HLIRELV IR (Batch Correction) 173X #6145 78 35 B R BRI HLIR BN 5 2
FEAE2E 5 UV T R R 2 B0 DL A B[] — S5 56 T RS 2 [ LR vy, Hrp
MM H A OE— 20, HERBVET SRR, ML, meRdn G
K B T BE A AS R S50 AR B B 4R 2 1) 1 2 2% HLAE ML U0, 40 9 B 3 7T A
R BT B AR 2 TR A L2081,

O TE) R R8I 1 I A A o B e S 3 I R S B ik i, R R AT B 7
L RN FBARR 22 5, FAT TR %A — e R B OR B R R] B AR S R B AR
WOV, [EFER, AIRATREZERHE AN [ A SO0 s a g ma iy, IRFATTREY % R B
THARGEZEFER IS, A FR AN IR H 2 o 1R e A ) B & A
BEAEH,  ATTAE UM P S AIG, 5o o v 5 DAEA T R IR S 2R B o A, (ER AR
P ZAC IR IO Y SR, WA T4 A (Data integration) B2 “fit
RAUVIHER” (Batch Correction) ,  F- 148 i I AT 1AL R AL I B e S ) e ME A e PRAE Y 7
2, RHIE B RO b T B R R LY
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ASLIG A BB T AP REUGE BRATE S5, 2 ATEER B T A R A SEIHER RN, (3
Samples Task) FlH T AR . R FBOEF AL S BOXHEIR Y. (4 Samples Task)
TEALFE 3 Samples Task B, FRATIIEBEWSTELR B A B AE W FHME R RTHE N I KARFE R
EERR AR A 2 ) S8 =S, VB EE &S, MAELHE 4 Samples
Task i,  HFAS R BOREERA 7T RE L & AR RO A BB 2B oA )30 22 RE A KA ) BiURE
RO PR AR 22 AR B ROk, I B it T AN R AR S B IR R

1.5 AN [E AL 3 M IE AR RY

TH B SR B T A OO R R B AP R 1) BRdEabsE; 2) &
BT RN 3) Bm B mYEasin), X =St mEE I BER
BRI A2 25 SR AR SS IAZ DR Y, IS v R Bl B B e a5 1) (5 —
) RIEFAEMELL, RN T BEATHIK AR IE  (Batch Correction) A I 75 1) B8 4F
AL T R BOR . AR = AP BRI, B SR I 2 PRI IS, X
BEIP VAT BB A ARV B T AR LB 4 v, S Mk AR S HE IR R AL, g AN ]
A HE VT IE 5l

BNEZ, AT AR AR IR B s, 4l & /A (Global
Model) , ZiM:H#i BRI (Linear embedding Model) , T EI% 1% (Graph-based
methods) PAKIRIZEZ~>JJ7{A (Deep Learning approach) [, #1k#]| 2020 4-1—H,
Z/DA 49 i T R0 I 4 T R BRI R, X S P R AR
HHOWIRHEREL S, HARTEIA WG O RS EUS L BT HETOSON T IEBOR, X
BORER  {03% Harmony, scVI, BBKNN JLRP AR {75 I Bl 149 255 v 00 4 o ko B 4 P
PRI TR B IR RN R g R 1614200,

1.5.1 £F1EE! (Global Model)

SRR AR TR (bulk) Festdlss, X MEALRIR D EARREE 256 DU 7&
R 3 5 4 R A A R S8 R 3 A A 2R 3 o Atk OO A A R A AE B — BV, DA
Combat HIEH -

FAZ U SEAE R A AU B R 2 R 803l e 7 A — S R S P A SR 1 25k
R, B ST N T R A R R A R IE R — R E . Combat T DA AR XA
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AR
Yl.jg =a, +Xﬁg *Vig +61.ga

Hordr, Y RSO KR R IO BB g 92RikM8, a SR BE RGP A1,
XBREAR SPGB, Bt BT X WA R Re R, 25 0e, AN 0
R 2RO IESHAN (0, 0), pi M6, 43 BIZRHOK R g oA T
FLRRLY

AR EI N =2

1) brEfeidn: AR, BE A AR R RA R, AR5 5R AHAE
A REA T RYARIEZE

2) AEITE SR (A5 DU PR AT TR R i 24, AR U
HAb W] BERY PSRN

3) JAEER: AT R SEOT B TR

VE R e B4R H BRSOV T R R, Combat S 3E RN HAB SRR A T R, A
RIS Z W SCERYRIE, Combat BIALETH B/ MR R H MBI, K5IARE,
BB T B g R A BAEDSL P, FEARSCH, FRATA TS A& R By S B & 45
R, FEGHEHAL =P AE R A F5 E A HE R RN B AE

ijg

1.5.2 ZHHEMRE! (Linear embedding Model)

AR AR — P 7] B 00 P 0 A T R R O AR, X A 20 2
WAL LANETTIR N SAE 2 (SVD) BiE Fuir 7t (PCA) K BN H R -F5 Bt
AFMRGEZS A, SRR AEAR 4R 25 [R] O B A SRR sk, A8 Ja i R R 4 A
PEARZE 2 18] v () (o7 B A I AL RO X P 2R ) 3 3 S B W] AR5 8 DA LA
IE(14],

) @ SMERIE, WS AESE (SVD) |, BEE MG (PCA) 07
WAnle e kg =S )

2) RS, ARAREARAY e BIT(E (Nearest Neighbor)  Ftt YA A (A4
PR SIS 58 R 5 208 o ] R S AR AT 2 ) P ) o7 B R R IR A U0,

3) ), PRI SRR R AR R Y, 2 Ja R e 45 o] g 4 s ] o
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7 E MR AL EE Harmony Al MNN, Sl TENL T, XA E AR R
MEMTTER LA PR AE S ), R A HE O  IEA E R RIRCR

1.5.3 EFERHI A% (Graph-based methods)

BT BB RE WA A SR A as T, XA IR e BT K (Nearest
Neighbor Graph) 75 ¥R R, X257 IR fe SR AR R B IR Y B,
TEZEY, BN — A, R IR Z RS e, R R 40,
MR IEAE RO, eSS, QSRR AR ARIL, XA IR 2 B o
LS ] 110k Fe PR S AR 2557 . BBKNN Si2 0% 2605 5 i) — A S 234 5] 71220,

1.5.4 i ®REFES A (Deep Learning approach)

AR, Pldvas ) hRYEREE A e M 25 Uk e i 7 BRI RE . MK SR R, it
FEN BT Ui REAi 22 190 265 B2 FH - S UCRSONE T B s, KT A 1 RS Bt U A A5
R, Xl A R R MERR T, (H S AT IR 2 AT BT E R i
RFHABTIE, DR 5 iR Rr I ROV A% D B2 M B sh gt k45, X Ld
J7IR AT LA L 25 1F 70 B B A B e R N 25 ) OO 4 BE R AT A e A . AR UE, TR
2 2 ORI I 2 I B R S R RHIE RN, P A G ARG B EURE M I, wAA
R R BRI, AT B R 5t S M A B PR ) S

L6 FREMREX

PN TR MR AW Z W H L= . W I BRIy, AR AE
YETiF M PR 1R EE B [ 4 I ) A 2R il . AE R BRI I v, FeAT Tt m] DATE 3 7
TR FF R B A 2 — . AHTIT 51 FB P R I it AN A SR AL B AN ]
L5 HREL,  DAVAS B AT R MRk A D8 B AL OO AR R ACR . XM 5573 41
FT AN ) (R4 5 LS 8 AR AR )t U SRR DA B ey AN T (R AR AL BBURE B3 55 S A LR . AT
REAE DU RSO R R A ) R AR dE AT HE A, DAPPAG IX Le B8R 0 i A A A )
FAE PR B AL UV IR BRACR . 0 T REF SR PR R AT E B, FRATE R A
BVEAEAN AL 55 T g IR BRI, ARSI FR IS H I E R

Zi BRIk, AHFIEREES G SRR S BR & o i e, 0T EO DU et R B
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SEEAEA W AR DR BRI UOSOY BRTT TAG O0 95, 0t — 2 Rt ] B Ay e o SRS Al
ARARWFFTT ). XA RGPS A AT, FRAT T A Wy B ek LA R e (5
o] B PRI F A IO A B L S TR AR BRARALAT S T 26, AR HEAH RIS

H 2 AR
2 HiE. IR KR

2.1 EREHRRIR

AR SR B 1A THHE GEO Ktk 12 H iy ok 18 A [7] 52 56 5 1 i 2 21 50 40 g
ATAC P 8cdl, AR 3R 2.1 Firow, X 26 e 5l e 18 AN [R] 63 BURE Aoz s 25 A ]
itk ffiF Sratoolkit ZXLFHFHIEXT B () sra U FE BS54 1, 2GR fasqe

TR A fastq A% = 30

£ 2.1 FELRHE
Table 2.1 Main data

Dataset GSM Accession Sample name Donor Source

4-Samples task GSM4441827 Substantia Nigra donor1 P24
GSM4441821 Caudate donor 2
GSM4441824 Hippocampus donor 3
GSM4441825 Frontal Gyrus donor 4

3-Smaples task GSM7156226 primary motor cortex donor5 I
GSM7156218 primary motor cortex donor 6
GSM7156228 primary motor cortex donor 7

ARHFGE R T WEFEAS [EIHH U, T8 B A 20 6 S (] 5 R B ) U S5 Ak R B 3R R
TR Bk 7 AR NP RS BLAG(T 55 4-Sampless task 55 3-Samples task, K4y
PG AE AL BRAS [R] 52 2% FE LR RO Rt AR H ] A AR A YR B8O Vi [ RE Ty

2.2 HHETIALIE

Fepm b H AR BT Nextflow 48 51 pipeline 52 . H - EALFE barcode HY)
Brib, #keiy), A, R CHEHEE, &3 BAM XU, AR fragment XC


https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSM4441821
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSM4441825
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi

N5 i REEARRH RIS SC (1) Page 10

AR FE A B R HFE TrimGalore, BWA-MEM, Samtools Az Snapatac2,
WA R RE 2.2 Bk

R 2.2 WIRFAIER M4

Table 2.2 Softwares for preprocessing

AT AR hi A Source
NextFlow 21.04.3 26]
TrimGalore 0.6.10 [27]
BWA-MEM 2.2.1 28]
Samtools 1.18 [29]
SnapATAC2 253 [30]
Scib 1.14 [16]
Scanpy 1.10.0 (31]
Anndata 0.10.6 [32]

2.2.1 MArHkiEsT

TrimGalore & —™ H 3l-fbEe LB @A A2 I A, AT DA T3 200 e SO0 42
SKPSIA— ek P81, i Felix Krueger HIBAJT %, 3 T BT 4 vyl 2 0 > 04
EHR LB, AR AP BNy (WGBS) |, aS[HEFHY:, Gt fin]
LT (ATAC-seq) SR BTt Bd B i . A 0 TAR R B £ A E DA T
=APER 1) R AEBOHESLZ AT, oM read HY 37 B ST R A BRAL 7 415
2) $EKBT: Cutadapt 2 EHIFMER read FPAIH 3 i3 kP o; 3) BEREFS:
TrimGalore 1J AR read (K B il i AHHY readsi®™],

ERR AL B R, HRMEN T HCHRI AR E—215 21 fastq XA
barcode HEAT LM FFIE #4E . AR5 TrimGalore FEAT 11 AL BE I X #8 43 #F A 1Y
barcode HHATHIY], BYUISEAUE SAESRE H % Ml trimming report.txt, JHABUHT RIS
IJGH) fastq SCPFER e Z BTR S5 VDI P42 S /Y- fastq S0

2.2.2 FFAIELRS

BWA-MEM 72 Burrows-Wheeler Aligner 2R —#4), s&— 75 LR 84,



= B RSB ()
A DA ZE 7780 EE X 8] 225 B 20, BWA-MEM 535 AT DA ok Hex K JL AN T
70bp %] 1Mbp Z A read, 5HAl BWA FIAMLL, BWA-MEM HREE MR, Xt
EHETREY) 2N EEFEE 2 —, BWA-MEM .3 5T —Fh 53k /5 KRS 1 DT i
(maximal exact matches, MEM) K355, BWA-MEM 5.vE 84 F|F T LX) ] g8
B AR Sk H RN R B R AL R Rl 7 81 B RRAE . AR i T DA R
YER~—25 Samtools &7 iy A SCEERSI,

53| F—2/) TrimGalore By UJAb B J515 2] fastqe X2 J5, f# /] BWA-MEM
B H5 NESHERNA AT LR, R 51 DL EC R0 A B R E R 078, A2l
XM mapping_stats.tsv S, PAK bam SCHAE N T —RY%H

2.2.3 Bam X &5 3

BT B Z JLRP A, Samtools B f A A FRAN 43 A e 1 0 B v AR
W)z, Samtools J£—#1PA SAM (Sequence Alignment Mapping) , BAM il
CRAM M AT O R P60, |1 Heng Li 55 N°F 2009 4E 9%, W] AKE SCHHAE
SAM, BAM, CRAM etz [AldefTiese, by, &I, PALKERG]. I Hal Aok
F8r 2R A Y A e DS A T 5 B2,

e b — A58 bam AU )R, X — 2T samtools H1¥) fixmate iy 4 DA K
merge fiy 4L 78 FEXS SCHE A BCAT AR PR AE A5 S, FERT bam SCAEIEAT A IFALEE. 54
Fk Y bam SO,

2.2.3 &5 fragment XHFUREERTRE. &

SnapATAC2 J&— KT BE 3R K 1) B4 i 2H 2 450808 3 A DA S AL AR, PR Sk 48 AR
2023 4E %1, SnapATAC2 BEGFH LA T — L FEdE Ay, &—3nr i e+
SRR, RS AL I BT A I 2 Bl . (G Geny AR LB 2 VAl A
TEVSERCRAL . R 5 S R 8, T SnapATAC2 5@ 3/ Rust 4 A iE &5 $hATiT
SRR FRR)Y, IR Python #2170, SLEL T mMERER Z HIERISE RS &, RN,
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Figure3.3 Comparison of 4-Samples task dataset before and after standardization
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Figure3.4 Comparison of 3-Samples task dataset before and after standardization
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Figure 3.9 Visualization results of using different software to eliminate batch effects on the 3-Samples task
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Figure 3.10 Visualization results of various indicators using different software on the 4-Samples task

B 301 A ITER R R T RN RSR SR AL BRI RS U S iR e L. W AR
ti, Harmony FAAEALPE 3-Samples X5 4 )5 45 R AR LR 52 iy HLOL T HA L, 1M
BBKNN B 75408 4-Samples ZdldRif LA Y, Wi —Hifsts AW B,
{2 kBET HU{EME A%, IR BBKNN FRTERR A AR AR R A7 —&
F T RER . 3 ANA SRS, MNNAI seVI, i B9 m T AT AR, AR4E B &R
L%, Harmony 11 MNN FEARBE iy A [ A4 S SRR B AP A B AL, HO2
seVIHE L, RIFE; MAEX—ZdREET, BBKNN I AR 22 A HE 80U I B



Page 25

ARI NMI  Graph Connectivity kBET o i i
Metrics

Bl 3.11 3-Samples AT 55 B (o AN [l B 25 Bl b T IRAL 25 R

Figure 3.11 Visualization results of various indicators using different software on the 3-Samples task
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