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Opinion dynamics model considering echo chamber effect in
small-world scale-free networks

Zhou Qinyue, Wu Zhibin, Xu Jiuping
(Business School, Sichuan University, Chengdu 610065, China)

Abstract: This paper proposes an echo chamber measure for opinion formation based on social network anal-
ysis and confirmation bias. Then the measure is used to build the opinion dynamics model considering the echo
chamber effect. The proposed growing network model introduces the node fitness into the network with local-
world preferential attachment and tunable clustering. Experimental results show that the proposed growing
network model can generate scale-free networks with small-world characteristics. The simulations of the pro-
posed opinion dynamics model and the Hegselmann-Krause model are both conducted in the proposed network
model and real network. The results indicate that detecting the tendency of agents to fall into echo chambers
can eliminate the opinion polarization. Besides, the networks with higher clustering coefficients produce lighter
echo chamber effect.
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effect
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k|uJÑ#�nØ,�Ï*	Ún)*:üzL§¥�÷*y�,�J±l�*�¡�«K�(J�S

ÜÏf,�Ã{é*:üzL§?1þzíü[2]. �dÓ�,*:üz�Úå
êÆ!ÔnÆÚO�Å�+

��'5,Æö�ÏL�ïêÆ�.5�[*:üzL§,¿�÷Ù5ÆA:,*:üzïÄÅÚuÐ�z

�ÄåÆ(opinion dynamics).

3*:üzL§¥,�¬pÄ�±^5DÂÚ��&E,Ï
´�'­��[3]. z�ÄåÆò�¬pÄ

Ä��êÆL�ª,�@�ï�ó��±J�� 20­V 50c�, French[4]3k�ã¥ïá
Äu Agent�

�.,T�.C½
z�ÄåÆ�Ä:. ��, DeGroot[5]Äuê��ÅL§,&?
 DeGroot(DG)�.¥+

N�¤�£�^�,ù�¤�
�Y DGa�.��£ïÄ�Ø%g�.�
Jp�.éy¢�)º5,K

\�¬%nÆ!DÂÆ����z�ÄåÆ�.m©?\Æö�À�. Hegselmann�[6]ÚWeisbuch�[7]Ø

�
Ó/b��N�&?�gC¿��C�*l,©OJÑ
 Hegselmann-Krause(HK)�.±9 Deffuant-

Weisbuch(DW)�.,�ö�«O3u,cöæ^�ÛÓÚ�6Å�,
�öæ^ÛÜÉÚ�6Å�.k.�

&�.ò�N�%n¹Ä��K�z�üzL§�Ï�,®¤��61�z�üz�.��.Cc5,Î®

u�[8]@�,�N��¬K�åÚ�a´K�z�üz�ü�­�Ï�,Ïd3 HK�.�Ä:þ,JÑ


Äu�N�¬K�å!�a9�5�z��#�{. Vasca�[9]KJÑ
Äu HK�.��N�&Ýg·A

üÑ,y²
�.U
3k��mSÂñ�ýÏ��êþ�¿�q. Parasnis�[10]b��ä¥�3{�,


!:?1�Ï�	3Ï�,3d�¹e¦)ØÓ¿��&��éA��.Âñ�Ý.�õk'z�ÄåÆ

�SN��©z[2,11].

± HK�.��L�k.�&�.��£ã
/¤£Ñ¿(echo chamber)��¬ÆÅ�.DÂÆ¥,£

Ñ¿�"y&E�õ�5,=�N3���ä¥�E�>Ó���{[12]. ù��£Ñ¿¤���µ4�@

�XÚ,(3Ù¥��No´Øä/rz£Ñ¿p�*:. p²��[13]�ïÄL²�Æ�ä¥(¢�3£

Ñ¿,�ÙêþÚ���¤?Ø{K�K�åk'. £Ñ¿��3r?
�ó½�Ø&E�DÂ,�é*:

4zkXp��^. Dubois�[14]ÏL¢yïÄuy,e�NU
�>´Lõ��xN²�,£Ñ¿�K¡�

^¬�~�.
�, Dubois�[15]©Û
�¬�ä¥�NéxN�&?Ý,uy²~�¦<©�*:��N�

ØN´�\£Ñ¿�¥.

du�N�i\��¬�ä¥¿�Ï�pK�,�¬�ä�(�ég�Ú�Ý�DÂÚüzkX­�

�K�.�¬�ä�¡����ä,Ì�ïÄNoé'X?1þzL�,l
�«'X�(�±)º�¬y

�[16]. ®k��¬�ä©Û¥,�­���ä(��.k Erdös�[17]JÑ� ER�Å�ä, Watts�[18]JÑ

�WS�­.�ä�.,±9 Barabási�[19]JÑ� BAÃIÝ�ä�.. WS�.)¤8àXêp�²þ�

áålá��­.�ä, BA�.)¤8àXê$�ÃIÝ�ä,�ö�ØUÓ�÷vy¢�ä��­.Ú

ÃIÝA5. Holme�[20]3 BA�.�Ä:þÚ\
n�ë�(triad formation)Å�,¡��C8àXê�ä

�.,Ó�, Klemm�[21]b�!:�U3k���S¼�#ë�,�ölØÓ��Ý�Ñ
)¤äkÃI

ÝA5Úp8àXê��ä)¤�{. oÊÊ�[22]3�C8àXê�ä¥&¢
�¬K�?é�A�.,

uyp8àXê�ä¥��¬rz�^Or. ,	,�kÙ§�9ë�¤�[23],�N1�[24],±9�¬À

J[25]��¡��ä)¤�.. ±þïÄlØÓ��Ý�O
�ä)¤�{,�Äu�ä�A^ïÄ[26,27]J

ø
è1,éïá#�äkE,5���5��þ�äkX­�¿Â.

3�ïÄ+��'<
��!¥±9l©z¥uy,3d±�5zí��{��L�pé�Eâr¤

�,wq“gd”�3��¬�ä¥,�N�*:�3²{J±	ú�“UE”.z�üzL§¥,�NmkÀJ

5��EpÄTÐ�/¤£Ñ¿Jø
^�.,
,8c�z�ÄåÆïÄE�3�e¯K:

1)Ì�à�uXÛlêÆO���Ý¼�Ú��£½4z*:,da�.ïÄé8ìÂ¯¬½�"ì

��5�+Näk�Ð�)ºUå,�Ø·^upé���.E,�ä,"yéÉ��N%n�&¢,�5

¿�dk.�&Å��5�£Ñ¿�A.

2)£Ñ¿��'ïÄõ��5ïÄ,mkêÆ�.éÙ?1�x,Ïdïá�Ä£Ñ¿�A�z�ü
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z�.äk­��nØ¿Â.�, Zhu�[28]Äu Ising�.uÿ¿�[
£Ñ¿�A,?Ø
£Ñ¿�K�

å��z¯K,� Ising�.�*:����lÑ�,��9k.�&�.�£Ñ¿¯K,���ÑAé£

Ñ¿�A�k���.

3)�Ü©z�üz�.��ý�[Ñ3 ER�Å�ä!WS�­.�ä½ BAÃIÝ�ä¥?1,�ù

�ä3�xy¢�äþk�g�"�.e�Ñy¢�¬�ä�E,5,Kò�ÌÝü$ïÄ(J���
5,�I��OÎÜy¢��ä)¤�{,?
*	z�üz�.�)�(J.

8c�z�ÄåÆÏ~I�(Ü5g%nÆ!+nÆ��¬�Æ+��nØ,;���¬y¢ø!. �
é,«�¬y�,ïáÜ·��.,�«ÙS	ÜK�ÄÏ,¿�Ñz�+nïÆ,®¤�z�ÄåÆ�Ì
�8�. Äu±þ©Û,�©(Ü�¬%nÆÚ�¬�ä©Û,JÑ
Ýþ�N�\£Ñ¿����I,?

ïá�Ä£Ñ¿�A�z�üz�.. �
3�\bCy¢­.��ä�¸¥éJÑ��.?1�[¢
�,�O
Ó��Ä!:·A5!Û�`kë�±9�C8àXê��ä)¤�.. �ý�[¢�(J`²,
JÑ��ä)¤�.U
��ÎÜy¢�äA���ä. 3)¤�äÚ¢S�ä¥?1z�üz�[,?
Ø
´Ä�Ä�N£Ñ¿��é�¬­½¿�©Ù�K�,Ó�ïÄ
�ä(�é£Ñ¿��^. ��,�
â¢�(J,�zØ+nöÚ�¬�ä�OöJø�
ïÆ.

2 ���äää)))¤¤¤���...

�
)¤�­.ÃIÝk��ä,l±e�¡é BA�.?1U?.

1) BA �.��Ä�¬K�é#!:��^, =#!:��uë�®Pk�þë>�Î!:, ù�
� BA�ä�8àXê�$,�y¢�ä  äk�p�8àXê. Ú\
n�ë�Å���C8àXê�
ä�.[20]¿b�#!:±�½VÇ�#�Ø�*l�)éX,O\
�¬n�|êþ. ÄuÃ���C8
àXê�ä�.,b�e vi, vj Ú vk n:m®�3> eij Ú ejk,KòV\> eik �1�¡�k��ä¥�

n�/¤.

2) BA�ä¥!:�Ý�Ù\\�ä��m���',�@\\�ä�!:Pk�>�õ. ,
3y¢
¥,Ø
\\�ä�k�^S,�N�S3¬��´K�Ù¼�ë>�­�Ï�.·A5�.[29]ò�N�S

3¬�¡�“·A5”,!:¼�ë>�VÇÓ��ÙÝÚ·A5k',ù�Å�¦�·A5p�#!:�k
�U¼��þë>. ·A5�.�Ñ
 BA�.ØU£ã“�5Øþ”ù«�/�":,�ÎÜy¢,Ïd,�
©3)¤�ä�L§¥�òD�!:ØÓ�·A5.

3) BA�.æ^�Û`kë�Å�,�¦#!:GÑ�þ¤��(½��Î!:�ë�VÇ.�X�ä
5��O�,�Û`kë�w,´Ø²L�Øy¢�. ®kïÄL²I[n´�ä¥u)�´Û�`kë
�[30],\��ä¥��3Û�S`kë�[31]. Ïd,3(Ün�ë>Å�ÚÛ�`kë�[32]�Ä:þ,�©
òUY&?�Ä!:·A5��ä)¤�..

Äu±þ©Û, ò t ���k��äP� G(t)(V (t), E(t)). b�Ð©�ä G(0)(V (0), E(0))��

¹ m0 �:Ú m0(m0 − 1)^>���k��ä. z��mÚ t(t = 1, 2, . . .)Ñk��#!:\\�ä,T
!:äkm(1 6 m 6 m0)^\>Úm^Ñ>. Ïd, |V (t)| = m0 + t� |E(t)| = m0(m0 − 1) + 2mt,Ù
¥ |·|L«8Ü�Äê. !: vi�·A5P� ηi,�!:·A5Ñþ!©Ù3«m(0, 1)þ.

b�ýO��5�� N ��ä,K t = 1, 2, . . . , N −m0. éu3 t��\\�ä�#!: vt,Äkl
®�3�ä¥�ÅÀJM (m 6 M 6 m0 + t− 1)�:�¤ÙÛ�­. VL(t). �X3Û�­.S?1`
kÀJë>,®�3!: vi�Û�`kÀJ�VÇXe.

1)V\l vt � vi �>�,Û�­.¥�: vi ∈ VL(t)�ÀJ�VÇ�Ù·A5 ηi Ú�Û\Ý d+i (t−
1) = |{eji|eji ∈ E(t− 1), vj ∈ V (t− 1)}|k',O��ªXe

Π+
i =

ηid
+
i (t− 1)∑

vk∈VL(t)

ηkd
+
k (t− 1)

. (1)
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2)V\l vi � vt �>�,Û�­.¥�: vi ∈ VL(t)�ÀJ�VÇ�Ù·A5 ηi Ú�ÛÑÝ d−i (t−
1) = |{eij|eij ∈ E(t− 1), vj ∈ V (t− 1)}|k',O��ªXe

Π−i =
ηid
−
i (t− 1)∑

vk∈VL(t)

ηkd
−
k (t− 1)

. (2)

é vt�e�m− 1^Ñ>(½\>),­E?1Xeö��� vtë>�.. b� vtþ��ÀJ�:� vi,
±VÇ p (0 < p < 1), vtl vi��ÛÑ>(½\>)�Ø¥�ÅÀJ��!: vj ?1n�ë�,e vivkÑ

>(½\>)�Ø,½ vi�Ñ>(½\>)�ØÑ®²� vtÀJ,K vt?1Û�`kë�;±VÇ 1− p, vt?1
Û�`kë�.

ã 1(a)Úã 1(b)©OÐ«
 vtV\Ñ>Ú\>��n�ë�,J�L«n�ë>Ú½.

vi vj

vt

vi vj

vt

(a) (b)
 

ã 1 #: vt �Î: vi, vj �m�n�ë�

Fig. 1 The triad formation between the new node vt and the existing nodes vi and vj

nþ¤ã,�©JÑ��ä)¤�.Xã 2¤«,Ù¥ rL««m(0, 1)S��Åê.

G(0) t = t+1 t > N-m0 vt

M

VL(t)

(1) (2)
vtr < p ?

G(N-m0)

1

 

ã 2 �ä)¤L§

Fig. 2 The flowchart of the growing network model

3 zzz���üüüzzz���...ïïïááá

�!ÄkÚ\²;�z�üz�.,�XJÑ
Ýþ�¬�äe�N�\£Ñ¿�����{,��ï
á�Ä£Ñ¿�A�z�üz�..

3.1 ²²²;;;zzz���üüüzzz���...

�½5�� N �k��¬�ä G(V,E),ò�N vi �Ñ>�ØP� Γi = {vj|eij ∈ E}. lÑ�me�
z�üz���´S�,�N vi ∈ V 3z���Â8ÙÑ>�Ø�¿�,¿âd�#gC�*:. ^ xi(t)

L«�N vi 3 t��*:,3 HK�.Ú DG�.�*:�ëY��.¥,��k xi(t) ∈ [0, 1]. �N vi D

� vj ��­P� wij(0 6 wij 6 1),é vi5`k
N∑
j=1

wij = 1.

DG�.�*:üz5K�

xi(t+ 1) =
∑
vj∈Ii

wijxj(t), (3)

Ù¥ Ii = Γi ∪ {vi}, wij = 1/ |Ii|.
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HK�.3 DG�.�Ä:þÚ\�N�¿��&�� ε,b��N3®±k,*:��¹e,��¿

�É�¤±*:�C�&E,�ÀJ5�Ñ�¤±*:Àâ�&E,ù«y��¡�“(@ �(confirmation

bias)”,áu@�þ�ý5,Ø|u�N�Ñn5�ûü.

HK�.�*:üz5KXe

xi(t+ 1) =
∑

vj∈Ĩi(t)

w̃ij(t)xj(t), (4)

Ù¥ Ĩi(t) = {vj|vj ∈ Γi, |xj(t)− xi(t)| 6 ε} ∪ {vi}, w̃ij(t) = 1/|Ĩi(t)|.
3.2 ���NNN���\\\£££ÑÑÑ¿¿¿���������

�^rèA��xN²��,�±�â�<I¦gd½����ä: '5a,��^r,�ÑÙ¦<.

=¦^rU
ÏLpé��>�°þ&E,�E¬kÀJ/©�Ú=uSN.(@ �Ú�¬Øå´/¤

£Ñ¿�'�°ÄÏ�,cö��NÌÄÏ¦U
y¢gC®k*:�&E,�ö��N��u¦gC�

1�ÎÜ¤?�¸��¦[33].

Äu±þ©Û,�©ÏLe��IÝþ�N�\£Ñ¿���.

1)*:É�Ý:ò�Ñ�N�&���*:¡�É�*:,�N vi �Ñ>�Ø¥É�*:¤Ó'~¡

� vi�*:É�Ý,P� αi,ÙO��ª�

αi = 1− |Ĩi| − 1

|Γi|
. (5)

dª(5)k αi ∈ [0, 1], αi = 0L« vi �Ñ>�Ø�¿��Ü3 vi ��&��S, αi = 1�KTÐ�

�.Ïd αi ��,L« vi �Ñ>�Ø¥,±kÉ�¿��<�õ,= vi �*:É�Ý�p. e |Γi| = 0,K

- αi = 0. ù�Ýþl½þ��ÝCqéA©z[14,15]¥½5�“Disagree”�I.

2)�«m¹�Ý:�¬�ä�±�y©�ØÓ��«(�,�«S!:�;�§Ý�pu�«m!:

�;�§Ý.b��ä G(V,E)�©�H ��«: G1(V1, E1), . . . , GH(VH , EH),z�:�äáu���«,

� vi áu�« Gh(Vh, Eh). vi �Ñ>�Ø¥Øáu�« Gh(Vh, Eh)¤Ó�'~,�N
 vi 3ØÓ�«m

�¹�§Ý,P� βi,O��ª�

βi =
|Γ ′

i |
|Γi|

, (6)

Ù¥ Γ
′

i = {vj|vj ∈ Γi, vj /∈ Vh}.
TÝþ�I�£ u«m[0, 1]S��, βi = 0L« vi �'5Ó�«�<, βi = 1�KTÐ��. βi �

�,`²�N vi �Ù¦�«�N��>�õ. e|Γi| = 0,K- βi = 0. ù�ÝþCql½þ��ÝéA©

z[14,15]¥½5�“Different”�I.

þãü�Ýþ©Ol(@ �Ú�¬K�ü��¡�x�N.*:É�Ýp`²�N�(@ �§Ý

$,ØÕYug�®k�*:,P�Àâ*:��U5��;�«m¹�Ýp`²�NØÛ�u��¤3�

�+,È4�>Ù¦�«�N,¼�&E.3�zïÄ¥[15], “Disagree”Ú“Different”�I3µ��N�\£

Ñ¿��U�kX�Ó�/ ,Ïd�©D� αi Ú βi �Ó��­. ò�N vi �\£Ñ¿���P� σi,

σi� αiÚ βi�'X�

σi = 1− αi + βi

2
, (7)

TÝþ�I�£ u«m[0, 1]S��. σi��,`² vi�N´�\£Ñ¿�¥.

3.3 ���ÄÄÄ£££ÑÑÑ¿¿¿���AAA���zzz���üüüzzz���...

ò¤k<�£Ñ¿��þ�P� σavg,|^ σavg «©�N3z�üz¥æ��1Ä.�©b�,e�N

�£Ñ¿��pu�N£Ñ¿���þ�,= σi > σavg,K�N¬3z�üz¥�\£Ñ¿,=æ�Äu(
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@ ��*:�#�ª;��,e�N�£Ñ¿��$u�N£Ñ¿���þ�,= σi 6 σavg,K�NØ¬

3z�üz¥�\£Ñ¿,
´±�N�%��É�Ø��«*:.

Ïd,�Ä£Ñ¿�A�z�üz�.¥�N�*:üz5KXe

xi(t+ 1) = γi
∑
vj∈Ii

wijxj(t) + (1− γi)
∑

vj∈Ĩi(t)

w̃ij(t)xj(t), (8)

Ù¥ Ii = Γi ∪ {vi}, wij = 1/ |Ii|, Ĩi(t) = {vj|vj ∈ Γi, |xj(t)− xi(t)| 6 ε} ∪ {vi}, w̃ij(t) = 1/|Ĩi(t)|, γi �
�«�,� σi 6 σavg � γi = 1,ÄK γi = 0.

4 ���ýýý���[[[¢¢¢���

�!Äké1 2!JÑ��ÄÛ�­.!!:·A59n�ë��k��ä)¤�.?1�[,¿ò

�[(J�ý¢�¬�ä?1é'. Ùg,ò)¤��äA^u1 3!�z�üz�.,ÏL�[Ð«�Ä

£Ñ¿�A�*:üz.

4.1 ���äää)))¤¤¤���[[[

��!Ð«
|^ã 2¤«��ä)¤�.����ä,Ó�äkÃIÝÚ�­.A5.

4.1.1 ÃIÝá5

ÃIÝ�ä�wÍA�´!:�ÝÑl�Æ©Ù.3m0 = 20, m = 5, M = 10, N = 2 000��¹e

?1�ý. -n�ë�VÇ p ∈ {0, 0.1, . . . , 1}, p = 0L«�ä3)¤L§¥��vkn�ë�, p = 1K

L«z�#\\�!:Ñ¬3^�#N��¹eÏLn�/¤Å��¤¤kë>.

ã 33Véê�IX¥±�
�ä�\Ý©ÙÚÑÝ©Ù,Ù¥�:´�[(J,¢�´é�[���

5[Ü,¢��Ç�ýé��LÝ�ê. lã 3�±wÑ,)¤��ääkÃIÝA5,ùÎÜ�õêy¢

�¬�ä�Ý©Ù5Æ.,	, p���,[Ü����Çýé���,`²�ä�Ý�ê� pO�
~�.

100 101 102 103
10-4

10-3

10-2

10-1

100

p=0
p=0.1
p=0.2
p=0.3
p=0.4
p=0.5
p=0.6
p=0.7
p=0.8
p=0.9
p=1

100 101 102 103
10-5

10-4

10-3

10-2

10-1

100

p=0
p=0.1
p=0.2
p=0.3
p=0.4
p=0.5
p=0.6
p=0.7
p=0.8
p=0.9
p=1

ã 3 )¤�ä�\Ý©Ù(�)ÚÑÝ©Ù(m)

Fig. 3 The in-degree (left) and out-degree (right) distribution under different triad formation probabilities

4.1.2 �­.á5

�­.�ääk²þ8àXêp�²þ�áål$�A:. �½�ä G(V,E),: vi ∈ V �ÛÜ8à
Xê ciÝþ
 vi��Ø�m�;�§Ý,O��ªXe

ci =
λi

di(di − 1)
, (9)

Ù¥ λiL«vi��Ø��m¢S�3�>�ê8,©1L« vi��Ø��m�U�3�>���ê8.
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�ä�²þ8àXê C ´¤k:�ÛÜ8àXê�²þ�
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Fig. 4 The average clustering coefficient (a), average shortest distance (b) and their growth rates (c) under different triad formation probabilities
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Fig. 6 The in-degree (left) and out-degree (right) distribution of the college messaging network
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Fig. 10 The opinion distribution (a), number of opinion clusters (b) and proportion of small opinion clusters (c) under the college messaging network
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