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Abstract According to the attributes of nodes and the linkages between them, most real-world complex networks
could be assortative and disassortative. Community structures are ubiquitous in both types of networks. The ability
to discovery meaningful community structures from both types of networks is fundamental for theoretical research and
practical applications. Since the types of exploratory networks to be processed are usually unknown beforehand, it is
difficult to determine what specific algorithms should be applied to them to obtain meaningful community structures.
To address this issue, a novel concept of generalized network community is proposed in order to unify two concepts
of assortative and disassortative communities. Based on a random network ensemble model, a generalized community
mining algorithm, called G- NCMA, is proposed. Experimental results demonstrate that the G- NCMA algorithm is able

to properly mine potential communities from explorative networks, as well as to determine their respective types.
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Fig.2 The experimental results obtained by the G-NCMA algorithm applied to three benchmark assortative networks



5 Y] P8 B T BEHL I 25 S AR A ) SO 238 ek DX A2 S 819

®2 4T G-NCMA X} 12 A~ 2 BRIk I 1) £
HERM A%, o, W 5 (TA independents) #
SYECBIAN RN T, A R AL X 3t R Ay, il
NI B ER A5 IR A ER A F) B33 22 T IRC R rh AR
HZIAIEEZE. B 10 #r AP AR, SR
PIAAEIX N ERBAAHELLE SR 22, % R N AL X

o EABRMA R AR

Table 2  The precision and recall of respective
associations
IRUEE TREY IRUEEA S A (%) C (%)
0 Atlantic Coast 100 100
1 Big East 80 100
2 Big 10 100 100
3 Big 12 100 100
4 Conference USA 100 90
5 IA Independents — —
6 Mid American 92.9 100
7 Mountain West 100 100
8 Pac 10 100 100
9 SEC 100 100
10 Sunbelt 66.7 57.1
11 Western Athletic 72.7 88.9
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Fig.3 The experimental results obtained by the
G-NCMA algorithm applied to a disassortative network

FRAE R AT G- NCMA 0] M 2% rp i
A AR (R (10) 2 ) Ffr 4R (i
(11) & X), Wk 3 Prox.

R 3 PR R AR A A AR

Table 3  The precision and recall of two types of words
A A (%) C (%)
JEA4% 1] 94.7 78.3
EAT| 82.76 96.0

B G-NCMA Sk oy i) sinl W 4E 1 >4
“Home” Fl 5 NMEZ I “Red”, “Black”, “Hard”,
“Kind” M “Low”. HrhyititsrmIar 4 4S84 i Bk
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Fig.4 The experimental results obtained by the
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RB (Rosvall-Bergstrom)' 2% 4 AN AL X 12
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Table 4  Accuracy comparison of different algorithms in

terms of benchmark (%)

Karate Dolphin Football Word

G-NCMA 100 96.77 90.43 87.50
GNH 97.06 98.39 90.43 52.08
FN® 97.06 96.77 63.48 58.33
GAPI 100 100 81.74 58.33
RB[ 100 98.39 86.96 52.08
MMH2 97.06 91.94 72.33 69.38
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Fig.5 Accuracy comparison of different community

mining algorithms in terms of random network
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