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Abstract

Community structure, as a fundamental concept in the analysis of complex networks, refers to
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subgraph structures composed of nodes with similar characteristics and functions. The division of
community structure not only aids in the in-depth exploration of intrinsic information and fea-
tures within networks but also helps uncover the evolutionary mechanisms of complex network
systems. This study introduces an innovative algorithm for community structure detection, pri-
marily focusing on the topological attributes of nodes within the network. In this algorithm, we in-
itially construct a two-dimensional decision matrix using node closeness centrality and between-
ness centrality. Specifically, closeness centrality reveals the intimacy of nodes with respect to oth-
er nodes in the network, while betweenness centrality considers the bridging role of nodes within
the network. The construction of the two-dimensional decision matrix aims to examine the im-
portance and functionality of nodes from both breadth and depth perspectives of the network.
Subsequently, an iterative strategy based on K-means is employed to identify the optimal cluster-
ing centers. Finally, the remaining nodes are allocated to clusters based on their proximity to the
designated clustering centers using a weighted Dijkstra algorithm, thus completing the communi-
ty partition. To validate the effectiveness of the proposed algorithm, experiments were conducted
on multiple real-world social networks, and comprehensive comparisons were made with existing
algorithms. The experimental results have validated the performance of the proposed algorithm,
particularly in identifying the community relationships within the Karate dataset, which is cha-
racterized by strong social ties. The proposed algorithm achieved 81.56%, 83.34% and 100.00%
respectively in the three evaluation indexes of NMI, ARI and Purity. These metrics indicate an en-
hancement in the accuracy of the community detection results
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(1] [2] [3]e HpnR A+ P 5 sl AR, AN AR L T 22 R R IR RGEHT LLE 1 2
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FET BB I EMEET SECH BRI A BAT S DA S ARATTLE P 28 v 1) O B2 SR 1R AT 41 A 25 8 B K1 47
Newman ) 5 R i BEAIBC B B2 0 0 85, 3l 100 & 9597 fl s AT 4+ I 73, $2H T Fast
Newman (FN)&%[1]. H Raghavan 55 A [9]42 H (AR104% #6552 (Label Propagation Community Detection
Algorithm, LPC), & LT RO AT o ZE Al i 4k A I 025 0 107 V%0 JEARLHE T4 oA AR B 1
BT U T AR A BOARES, I BR 2 1E WX 28 T IR A% R RSB R AR A 4549 o LT R S N LR A T —FE 7y
T H, DIEE 4 b H AR R0 2% i 4k Bl 4L U 5CHk . Zhang Z5[ 10142 H T —FhFE T B S Bt & 1 S S 4L [
R J7vE, el TRAL B R G I 2545 31 “ LI B, IR SR SRR AN W& I AR UL RE w4 T
AT R S AL 450 . FE T 1EE S (modularity) i 7572 PL— R0 A [ 5E 1 25 (R A E 2 5y H FR R 3
22 ORI 2% 73 il 2 AR X, H e R AN XCER AT v A I R MR AE X%, Blondel Z5[11]42H [
Louvain H%. ZEVEH A mUE P BB A, AN ML B . Zhe SE[12]88H 7B T 200
WS I B R AR B R0, R I 28 0 A R0 R 1A B I I 48 B AT XI55, DISRAS 48 At (Al 4h i . 15
VR B R A B RS 4 I 28 B8  Zha S5 N [13]5] N T — PP Q3 14 B 4L TR 754, SR A 7 56T k-plex
RISRIG o 27O B I AR k-plex, R HAE AR, SRJ518 B LA ok 8 g
SrBCR R A, TR A G . T BENLIEAE A4 (A1 I 7 925 A2 R A BE LU0 A B AU LE X %m0 T ) A
HIT 55 1, 3 X 2% 25 R 3047 0 Ay AR AR RAG I 4L [ « Perozzi 58 N\ [14)7E A Fe P T DeepWalk &%,
PZSREAS FH 2 T BT 7Y R AE SRR A S RUFP 1, B S N Skip-gram AR ALK X B8 77 55 7 31 e
P RGE [ R IR . X — VR IR AR TE T8 BRI I 2 A 1 AU A e ) s s ) AR IR s, AT
T R TR P ARACL I R DGR PSR A T B T . Grover SR A[15]3 ¢ Node2Vec 5k, it X
node-to-node #FEME A 73 A K SIS 24715 55 I = i AR AR 7R . 5 DeepWalk 25481, Node2Vec tHAFIH
BEATLUE A ) SR AR 5 X 28 SRR 4t i), AELIR] NS SR R VR BEAL et RAN T B S48 Zok P 7 41 B SCRIER 5
B8, BILH T, BT F L2 1T Ra ARk

ASCHEH T PR TRERB T, TR SRR TR RN BT O R AR IR AR R,
KA EET K-means [FIEARBERILE T A0, FFET AL Dijkstra B2 H R AT /AL, H
A A SERAEAR . TR LA ESE NS b SIS a5 SRR T TR SR A s
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BRI, BTN E ={epen e, }s A R MBI, 21E A= (a,)  Fob, 2450,

Wy, ZIEAEEERT, a,=1: RZ, Ma, =00 Whb, w, Fmille, MHLE,
2.2. gL

2.2.1. BRI

FEIT A0, 3B 7N Closeness Centrality (CC) [16], ¥FAY T — N1 £ 5 HAh ™Y i 2 (8] T 5
FEAREE R . X BRI RUE MR T AR B SR, R R AR R IR A R R, i
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K, d FoRTT A B RS GNP, NIRRT RS J, FORERT R IR
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2.2.2. frBERO
A, il H Betweenness Centrality (BC)ZR [ 17], FT-PEAS X 4% Hh 15 s AEAS [A) 15 r 6 2 ]
) B A B A% IR o IX — MRS BT FRATTR B A L 75 WX 2 HR o AN A 40« (kA S A 1T A,
AT B b PR AR DX % (1) 5 R AN g R . A B0 O PR T A O
2 g
BC = — . (3)
(N—l)(N—Z)S;t g,
Hrb, NFRRTANEE, g, RWHNA s BUAT A MATA BRI R, g, WFRIRTEW 2 g, 5%
PRITER IR, PEIFEARTT A 0 BRI TR O AT A gy, R AR Y 2 A B8 I
EH.

2.3. Dijkstra RFERRE %

Dijkstra 5iE[18], #¢) 2Ny —Rhdk T 5 i e DUE 5 SRS I i AL AR T R B0k IZ00E % 0 8
MR B PR RIF E R BNIE ST iR AR, DMEA ROt 2 Y51 w5 HAl S i I i . R
IREE A RATR -

F—ob: WA R, R s BUEEE dist[s]MEY 0, HEER s AP E TR SRR AT dist 2L
ME N MRRFBERRE N AE). e SEEG, FROALHE | BT,

b A REVARTRBT I BRI AT R v(RIFE dist U, A S s JFiliE
BHEHE v AR MR A s EEE, ERIPTA TUEBINE S Se &b Bk 43 1 Dijkstra AL HHE
IR -

SRE—HAUE ) Dijkstra 50 42 501
fN: A BE Graph; YR AL Source; HARTY &L Target

M. BHIETT A Source HAIAF H AR AL Target FIR /P&

01: d—{}

02: for each node v in Graph:

03: d[v] « infinity

04: d[source] < 0

05: p—{}

06: visited «— {}

07: while some nodes are unvisited:

08: u «—a node having the minimum value of d[u] among the ramian nodes that have not been visited.
09: if u == target:

10: break /1 IR HT SR HAR T A BT R RE
11: visited.add(u)
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Continued

12: for each neighbor v of u:

13: if v is in visited:

14: continue

15: alt « d[u] + length(u, v)

16: if alt <d[v]:

17: d[v] « alt

18: plv] < u

19: remove u from unvisited nodes

20: path « [target]
while path[0] != source:

21: path.insert(0, p[path[0]])
return path

3. ETVRmiMRENTFASERIS S
3.1. ETIAARRARAEPLIERE

AR 0 2% B SR s gL b o RIS R b CC 1 BC fE. X CC={CC,,CC,,-,CC,} Rl
BC={BC,,BC,,-+,BC,} 17 Max-Min H—{tAb 3, AARARA:

. CC, —min(CC)
o = .
max (CC)—min(CC)

“)

) BC, —min(BC)

BC, = max (BC)—min(BC) (%)

EMRERERE, B ot e M Fi Otk BC #RR/NITY RS A ML bk AL . Bk

Y, FAVELRE AT 80% 17 sl A FIIME, B IrA 5 mid% i CC F1 BC FHMEMKREN IR, LEHUHT 80% 7

REFIEAERBRIE . ¥ A CC 1 BC {HHN TZBIER T R EFE . R RHARMESILAY,, I
¥V 1 CC 5 BCHIRBILH p,» HAFN:

p,=CC;-BC/ (6)

WA p, (X AT k-means KK, Hopk=2, AR, WREE LR, EVIGHHERTRE
d, 4 p, B E T R E IR RIS T O (H-group),  p, BRI sl B ) 43 1) — AN & (L-group).
SRJE A — PR ERAE BT H-group H Y s A& T4 N IR O, i brifEIR TG 1 THE L-group H 5
KAEE H-group {5/ ME, SREHBOLFEE . X — BT B 7200 # B2 AL A A R 2 1]
FISRHRFRIE . LA
1

; Zp,-zu( min _p, + max p,-j @)

v, eV, v; €H-group v; eL-group

Sooft, || e Y I ECR, min, o, 5 Hegroup VN o, L, max, . p, B Logroup
PRI py g T B, HARSER B 0.5, WA, B L-group o 0 2% 4 T
2 (4T SRR 55 B Hogroup sHEAFIERIHL T, HIAERRL N, B0, M L-group ¥ p, HEK
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HI1 55 B 2E H-group T2 BGHT ) H-group’, 44423E4T k-means ZEAER TR . EEHITHEHERTIIFN
WCSOIRAS,  BIAS A T i) 53 2 H-group o ¥ 52 H H-group 7 B A LA M ZE R H L o
3.2. TREESE

—HfE TR A, 8 F RIS Dijkstra 5 BAR SRR M AR BT S 0 B e 1K
IR EFOITERNER Y. HATFEENS, X—RESHEESER—PRNTRN . X EWRE
EREHLE, WAMAREEENGEG®, AL 7 2UOERMTFEE, MmN R MG
G AE S m B AR 5 g I TR R S BT IR, 38 B Tl DI R BT R R R
4. LB SR

MBI 3 > RN AR R ) 3 SE I 28 £ 5 4R Karate [19] Football [20]41 Polbooks [11KBEATSENR:, 7 1
HIH T B2 e e gt R

Table 1. Statistical analysis of real network datasets

*® 1. EXMERIRENTIT S

FLS Y 2% eyt R puik anEik
Karate Il 34 78 2

Football Te 115 613 12

Polbooks TeA 105 441 3

AN FRifE HAZ B (Normalized Mutual Information, NMI) [21]. 2 $5%(Adjusted Rand Index, ARI)
[22) KN4l 53 £ (Purity) [23 13X =M, REASCHTHEH IRREA S E S LPC [9]. GN (Girvan-Newman
Algorithm) [24] 77 12347 #1 F K1) 53 45 5 LR SR8

1 N=ASESE 2 1) R, B RE A ASR 23 1 3 1T AT I 45 0 S B RO P (CC)
AT O PEBO) AR EAL G I BUE . thAh, BRI RR 1 RUE ORI T RE . 1 AU R
BLL s, WA TR R L. BRI T K-means AOIEACSHENE HEAT B AL 3R B BAR ) S 2K b
O R
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Figure 1. Two dimensional decision graphs of three real networks
& 1. =AM LERERE

%2 JER T A FISRERIARHE TLAS BT L, ARSI SR A SCREAE = A FOSE R 46 o (1 45 SRAR XA
R AE Karate FHLSEMI 2%, ASCHIRIARIVERE IR AE. 4% 3 A 4 735009 ARL A Purity 1A 48 F5 T AR
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BRI R, RIS RIAE R S5 5 . NI TT LLE A SCATHE 771 AE Karate IPERER LA AL, 75 NMI. ARI,
Purity =P TEFRT 2 HEER] T 81.56%. 83.34%. 100.00%, 7E Football #l Polbooks ##E&d, 1%
AR R LFIMERE, (HEIEARRZEN.

Table 2. Comparison of NMI among various algorithms

% 2. FTREXMFREEIEE NMI Xttt

Bk LPC &i% GN 5k KILEE
Karate 0.363599 0.732378 0.835574
Football 0.869727 0.359228 0.484394
Polbooks 0.534105 0.548914 0.382228

Table 3. Comparison of ARI among various algorithms

3. TNEEENZEIEH ARI Xt

A S LPC 3% GN 5k KILEE
Karate 0.383312 0.771725 0.813397
Football 0.750996 0.140016 0.196887
Polbooks 0.594237 0.630523 0.295418

Table 4. Comparison of Purity among various algorithms

® 4. TRIEEMLERE ¥ Purity JTEE

Bk LPC 5% GN Hi%k ARSI
Karate 0.852941 0.941176 1.000000
Football 0.869565 0.217391 0.486957
Polbooks 0.847619 0.838095 0.857143

ST HIER, % REEREZ MINARZER . Karate HERERE TN FEESE, RBZES
PR A IR AL A A AR R o IX AP (R I 5 AT AE R I BON W) OSSR A, P At A S5 44 1Y
TG A NI H SRS VIO . BRI, S 2 rh (A [ Rl 38 W O B, EL AL TAT A BRI BER R L
B . MLZT, Football M SR RN 12 STEERBANZ BT LLIR LS . TR 2% R34 8 % 2 T Lh
FERAMAEH WAL EE), FHA R0 AT ge A st TS B R A B 8. tesh, EERAZ 18]
(T LRI AN A 5 4 S W HH BT TRV AR 2o R AR B AR X R R, 1T A2 B 2 32 JR R R M LE SR 45 AL
M. Polbooks K (R IMW KBRS 2 B 3L 51 % &, WG B BAEBGAER i =k, &8 LT
IR, SRR SR A B G ST S5 R RFAE (4 X 2% I R AT B 75

BEAh, R T IRACRIE BRI Lk B0 B, BRATIEXTP 5 2 Hdt AT 1 VS AR 70 A SR o i
HESHUE, DRSS AR MERERISOR . K 2 o, BEARKRXT LB AN RIS p BOHUE, T AL R
JEIR T S AN FRAR I AR EUE, O 28R4 ARLL ARk ELAE B NMI DL 4 548 Purity. 1X—HU
P AT FBOLE T8 RAES U, IR OR IR RE A ER IE R . IS 2 T A, 2 = 0.5 1,
FEAR SR M 2% IR RE S Ak B iRtk .
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Figure 2. Sensitivity analysis for different 4 parameter values
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