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What we have learned from the last chapter
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What we will learn from this chapter
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Degree Correlation and Assortative Structure




SR 2K PN

AR REARR GRS ROMETRER & TR OER RITH

4o A 4-1
O
=
® ©

(a)
E4-1 E-4-REHEE MNP R S




3L
ML I — & 1 69 P on R 6 LRl A jRek e R (B &)
), k
P k) = MUK

A o m(, k) REA j T el BEA k8T R 6E DL, o
' k) =2 p

TR
> P(, k)= P(k.j), Vi k

Kmax :
> Jyk=kmin P(‘I7 k) =1

b R Py(K) = ijf}f P(j, k), BP W% % FALZL A6 —

A R MALE IR G — AR B R R A KB .




P.(k)5 P(k)# % %
— MR, EMBTELERLT R, AERTARR G, £RZFH
HWHT, XL Py(0)=0< P(0)- FRABCH="F 5.
> P(O)z% P(1) =
> Pa(1) = 3. Pa(0)

||| N

s e M VN T A

Pn(k):n(l;)l\;k:NxZE\lﬂ()xk




BAMENSA2. AEME R RME
“FERARE” 87 3L

ek = q;qk, Vi, k

M EAEAR RN or WAL T MBFMALEFG—F
) B A5 A AR A AL

AKX M K. EAXE fidax
> Fl A (Assortative): K& F affie THEZIKL KRG T
» & (Disassortative) : & N6 affiw T &L 6 F

(a) []AC P& (b) RS (OF L

H4-2 AHARRFINTAREMALNS MRS




Fl B W) 4 69 4L 2P Ao 3 BL W 2869 B XM

MEASPFHRRMEZE O RFfeH R FRMW %

> FORREIMB. (E) WER% . T4HRA

> AHARSEM%L . HHERMNESE (AREER. Ris
fE. RTHR . Bl —48k . F 48, BR)

7B AL T 6 3t AL T W 4% B BL b 6 7o

300 000, 041

250 000) 03+
200 000| 0.2F
2
& 150 000| [ A
IS =
= 100 000 0.0

- N(T) ;
50 000| —e- E(D 01l
0 -02f
e S S f oy o, SR\
0 5 10 15 20 25 30 0 5 10 15 20 25 30
BHEI(A) BEI(A)
(a) (b)

M4-6 —MEZHSMBHRL(RAXR[S])

ME D FE: RARLT-SLEART (RiE. 2A%F)




FETREZ R LA P A

Fl & or B2 &9 & 3L
A A R A, W %84 Fl Be 5, R fie 3t W) 4 45 4 Ao 47 2 4o & MR e Am

ERFT A L EGHA .
Yo AT F| BT % Ty AR &
> JE AR AT SL

> °

1B AR £ 1 69 % 5

FIWT AR K PE6 58 59 A 4L (W 2818 °T i)




FIMT R T AR A

PTG —ANEA k6T R —ANAREG A jmE

PU, k) _ ek

Pn(k) ak

BB PR HEL HE = g EERX. BP( | k) EkEX.
R%GAFH, o REKE %, MAKEAE.

PC(J|k):




FIWTEAR EBRG R . ATFHE

XA RGBT (kpn),; « BT REFHE
BT &8k MET ROEA ki j=1,2,.. k> MNEF

B8 RFHEA - (knp); = kl j(IZ]- ki

(knn), = 4434341 __ 11 a4 FEHERFER
nn/y 7 4




k- FHE . BAKGETA T &6 R-FHE QT
BIZ M 28 & 751 k 89% B&A vi,va,... v, k®FHEA .

1 &

k-RFHEEA-IME . HEMFBMEGXA
FHME . MA—ANEAK 6T K6 — ARG 6 L) R

Kmmax Kmax
(knn) (k) = Z k'Pe k/ ‘ k Z K'exrk
k" =kmin —kmln




F 5] 0]
> FlE: (k) (k) & k 8938 %k
> FB: (ko) (k) & k89 F 2K

TEA AR 2 RFHE
W 4 T A AR R AR A (ko) (K) B—A5 k X% %

kmax

, qujqk_ o (k%)
LS o= DA s s

_kmln

EAFBRARGEL, WEASRAMS (37 —R%4E KR
o) AT




%k B Facebook® % ¥ . A 1815 % (Friendship paradox)

> MRARAR 69 I KA 4 B AR ET00, F WIARE A A 69 PR A P AR 6 A

A%
> T EMHMESA, BkILRKRE, WEEAEH, FAFLRL
7 F] Ao
1000 7
sl 0.015
sw i 7
g 600} P = 0010
% oo} P
P 0.005
w0 -
oke” . . 0.00012

{ L L L
0 200 4003600 800 1000

M 4-5 Facebook fd %k iy & F 15 BEFI K AR 4 4 (A XRR[5])




[ Bt & 2%

iR Yl
FEAR KO RT . Aejx — qjq # 0 for some j and k> T AL

W%%MMZE)H%—%%)
J,k
WH—Eifekdn 9 E, BARXARKK DG MBQAIEA % .
Flfe 74k . a— Gt EH % &%

1 .
r=— > jk (e — qiqw)
q j7k

ﬁ?aﬁ%?ﬁ&%ﬁik@i#ﬂ%%ﬁ, B 2 %4 F) BT ejk:qk5jk
ﬁzihﬂﬁ—ih@ﬁorEPLHo%%r>Q%ZW%\W
& [ B4y . Cels)




R Bo i & 89 — A AL

& 8 ] BL VA R AL SR &A1 P 69 By PE-Fl it £ Chomophily)
> Fl& . %&ﬁ 6% R e T A4k

— 20%

10 —-- ggg |
E j—11
_gls -—} |

: / \ /\

0, e —

20 40 80 100
lﬂ&’?l?

B4-7 —NPFEPRARFS
B 44 53 : http .//www-personal. umich. edu/ ~ mejn/networks/ M4-8 Facebook L F§ AKX SH M 26 M% R (REXKIS])

> AL MBRIRE . #F (AREE) VS, #h (LkEH)
> N TRIELENEE . THR+OUHERSREETHRAMA

PR A B R Bt E 6+




Outline

Modularity and the Community Structure
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Community Detection Algorithms based on Modularity




A Naive Greedy Algorithm: Newman (Phys. Rev. E, 2004)

Agglomerative hierarchical clustering methods
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Idea of Newman's Algorithm

> Initially set every node as a community

> lteratively join a pair of communities with the biggest AQ



The Newman's Algorithm

Since the joining of a pair of communities between
which there are no edges at all can never result in an
increase in @, we need only consider those pairs between
which there are edges, of which there will at any time
be at most m, where m is again the number of edges in
the graph. The change in @ upon joining two communi-
ties is given by AQ = e;; + ;i — 2a;a; = 2(e;; — a;a;),
which can clearly be calculated in constant time. Fol-
lowing a join, some of the matrix elements e;; must be
updated by adding together the rows and columns corre-
sponding to the joined communities, which takes worst-
case time O(n). Thus each step of the algorithm takes
worst-case time O(m + n). There are a maximum of
n—1 join operations necessary to construct the complete
dendrogram and hence the entire algorithm runs in time
O((m+n)n), or O(n?) on a sparse graph. The algorithm
has the added advantage of calculating the value of Q@
as it goes along, making it especially simple to find the
optimal community structure.

It is worth noting that our algorithm can be general-
ized trivially to weighted networks in which each edge
has a numeric strength associated with it, by making the
initial values of the matrix elements e;; equal to those
strengths, rather than just zero or one; otherwise the
algorithm is as above and has the same running time.
The networks studied in this paper however are all un-
weighted.




The Newman's Algorithm
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Complexity of the Newman's Algorithm: O((m + n)n)
» m (number of edges) pairs to compare
» Following a join, some e; must be updated: O(n)

» At most n (number of nodes) iterations to stop the algorithm




CNM (Clauset, Newman, Moore) -i%: O(md log n)
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Other Community Detection Algorithms




k2 IEFH ECPM : clique perlocation method
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