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Cross-social network user alignment is divided into user alignment and group alignment. In
the user alignment mode, it is diûcult to obtain user features fully due to social network
privacy protection. In contrast, in the group alignment mode, the alignment accuracy is
low due to the existence of many edge users. In order to solve this problem, this research
proposes a multi-grained alignment method (MGA). In MGA, First, stable topics are
obtained from user-generated content based on topic time jitter and embedded, and the
weight of user edges is updated using vector distances. An improved Louvain algorithm
ST-L (Stable Topic-Louvain) is designed to complete multi-level community detection
without predetermined tags, obtain fuzzy community topic features, and complete cross-
social network community alignment. Iterative alignment is executed from coarse-grained
communities to ûne-grained sub-communities until user-level alignment. The process can
be stopped at any layer to achieve multi-granularity alignment, which solves the problem
of low accuracy of edge user alignment at a single granularity and improves the accuracy
of user alignment. Experiments on real datasets show the eûectiveness of our method.
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9 Abstract: Cross-social network user alignment is divided into user alignment and group 

10 alignment. In the user alignment mode, it is difficult to obtain user features fully due to 

11 social network privacy protection. In contrast, in the group alignment mode, the 

12 alignment accuracy is low due to the existence of many edge users. In order to solve this 

13 problem, this research proposes a multi-grained alignment method (MGA). In MGA, 

14 First, stable topics are obtained from user-generated content based on topic time jitter 

15 and embedded, and the weight of user edges is updated using vector distances. An 

16 improved Louvain algorithm ST-L (Stable Topic-Louvain) is designed to complete 

17 multi-level community detection without predetermined tags, obtain fuzzy community 

18 topic features, and complete cross-social network community alignment. Iterative 

19 alignment is executed from coarse-grained communities to fine-grained sub-

20 communities until user-level alignment. The process can be stopped at any layer to 

21 achieve multi-granularity alignment, which solves the problem of low accuracy of edge 

22 user alignment at a single granularity and improves the accuracy of user alignment. 

23 Experiments on real datasets show the effectiveness of our method.

24 Keywords: social network; stable topic; community detection; multi-grained user 

25 alignment; fuzzy characteristic
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26 0 Introduction

27 Social networks play an important role in daily life, such as music sharing, game services, 

28 dynamic sharing, etc[1]. Identifying the same users in different social networks can improve social 

29 experience, increase social efficiency, and make advertising and business recommendations more 

30 accurate. People finding services can be provided by aggregating publicly visible user information 

31 from multiple online social networks by linking users' accounts in different social networks and 

32 analyzing their behavior on multiple online social networks to detect and find illegal users who 

33 are trying to steal users' private[2]At present, cross-social network alignment can be divided into 

34 two modes: user alignment and group alignment.

35 User alignment is based on user attributes, behaviors, and topology information. The 

36 literature[3] is matched based on the user's profile (user name, age, profile, educational 

37 background), user-generated content, and location attributes by plugging them into the fusion 

38 classifier of machine learning. The literature[4] uses the BP neural network to calculate the 

39 similarity of the user name by vector mapping. The alignment method based on user attributes 

40 faces the problems of limited data acquisition and high data processing difficulty. A joint 

41 framework of behavior analysis and social network alignment is proposed in the literature[5]. The 

42 principle is to obtain comprehensive user behavior information through a user behavior 

43 (forwarding, comment, location punching) information fusion algorithm based on earth-moving 

44 distance (EMD), verify user behavior prediction, and complete user alignment based on behavior 

45 characteristics. However, user behavior information is complex and highly sparse, making it 

46 difficult to find potential consistent patterns from it. The literature[6] uses anchor users to walk 

47 outward to obtain local topological maps around anchor users. It performs common maximum 

48 subgraph similarity calculation or probabilistic generating graph calculation to complete 

49 alignment[7]However, this kind of matching method for pure topology structure relies too much on 

50 the influence of anchor users, and the location of anchor points in the network is particularly 

51 important. If it is too dense, the local matching calculation will converge quickly, fall into local 
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52 optimal, and cannot be spread to distant locations; if it is too sparse, the connection between local 

53 and local areas will be weakened, the matching calculation amount will be larger, and the accuracy 

54 will be reduced.

55 Group alignment is usually combined with user interest. The literature[8] analyzes the topics 

56 of users' published content through the Dirichlet model. It combines the method of hypertext topic 

57 search (HITS)[9]The literature[10] proposes that the interest should be divided into temporary 

58 interest and core interest, reduce the interference of temporary interest and effectively improve the 

59 alignment accuracy; the literature[11]The literature[12] uses user interest labels for weight scoring 

60 and stratified community classification. Still, the label classification is fixed, and the same user is 

61 assigned to multiple label classes, resulting in redundancy. The deep learning model (ReinCom) 

62 was successfully used in the literature[13] for the first time to map nodes and communities to the 

63 hyperbolic space to learn the degree of coupling between nodes and communities. However, 

64 because the input and output parameters of a hierarchical community tree are difficult to define as 

65 integers and one-hot vectors, the updating and optimization parameters of a community tree are 

66 variable, and the effect is not good when facing larger communities.

67 To sum up, most scholars focus on one of the two matching modes of groups or users, and 

68 data acquisition is often limited in the user alignment mode. In contrast, in the group alignment 

69 mode with determined granularity, there are too many edge users and only reflect the overall 

70 characteristics of a group, and accurate user alignment cannot be completed by using this result. 

71 At the same time, the single-layer community detection cannot accurately reflect the user interest 

72 relationship, and the fixed-label hierarchical detection will cause the same user to assign multiple 

73 communities, resulting in redundancy and low efficiency.

74 Contributions are as follows:

75 (a) A stable topic acquisition method is proposed. The original keywords of the content 

76 published by users are mined and the original theme sequence is formed by clustering. Calculate 

77 the jitter degree of each theme according to the time slice and sort it, eliminate the short-time 

78 theme, obtain the stable theme sequence, embed the user's theme sequence into the Word2Vec 
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79 model vector space, and calculate the user's theme similarity.

80 (b) Proposed multi-level community detection method ST-L. The topic similarity is used to 

81 update the user edge weights, and the Louvain algorithm is improved based on the weights to 

82 optimize the aggregation and re-optimize to the upper layer. The multi-level community detection 

83 without presetting fixed hierarchical labels is completed.

84 (c) An improved fuzzy center clustering method is proposed to obtain the community theme 

85 features. By updating and optimizing the correlation degree matrix between users and theme 

86 feature points, the theme features of communities and user groups are obtained. Starting from 

87 coarse-grained communities, the theme feature similarity across social networks of the same 

88 granularity is calculated to complete alignment. Vertical iteration is performed until user matching 

89 is performed. The alignment results of each layer can be output to achieve multi-granularity 

90 alignment.

91 (d) MGA's multi-granularity alignment method based on the combination of the two 

92 alignments on the real data set has better performance indicators.

93 1 Basic Definition

94 1.1 Symbol definition

95 Symbolic Definition 1 Social network. Define the social network as ø ù, ,G V E Pý
V for the 

96 collection of user nodes to be aligned ø ù1 2, , ,i RV u u u uý L L
, and i for the user number. E stands for 

97 powerless edge set
û ý| ,ij i jE e u u Vý þ

and stands for users  and edges; that is, there is a following ije
iu

98 or being followed relationship between users; that is, there is a connected edge. P stands for the ju

99 content published by the user, P=(user, published content, published time), indicating the content 

100 set published by the user. For the convenience of subsequent modeling and calculation, the iP iu

101 source social network and target social network are selected and denoted as and respectively.

102 ( , , )G V E Pý ø ù' ' ' ', ,G V E Pý

103 Define 2 Thematic hierarchical communities. Define a topic layered community as where 

104 i represents the community to which the user belongs, iu j represents the ø ù00 01 10

1 2 1, , , ,jh L

i RC c c c c cý L L L
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105 layer of the community, h represents the number of the community, and when j=0, then the 

106 community is called a user group.

107 Define 3 User topics. Define the user topic as and the topic weight as, where the topic weight 

108 subscript corresponds to the topic subscript. ø ù1 2, , Rtopic topic topic topicý L ø ù1 2, , RW w w wý L

109 Define 4 Anchor users. An anchor user is someone who has an account on both the source 

110 social network and the target social network and has the account aligned, authenticating high-

111 impact users by name, etc. G 'G

112 Define five thematic characteristics. The fusion topic feature of the user group and 

113 community is defined as representing the overall topic feature of the user group or the internal 

114 members of the community in layer j numbered h, where represents the feature point of the middle 

115 topic, z is the number of the feature point. The dimension of the feature point should be the same 

116 as the dimension of the user topic vector. jhc
V jhc

V

zCTopic jhc
V

117 1.2 Problem definition

118 For the source social network, find the target social network and use the stable theme to detect 

119 and find the user group and the high-level community and obtain the theme feature sum from the 

120 coarse-grained high-level community to the fine-grained community to the user-level alignment.

121 u Gþ ' 'u Gþ u 'u
jh

uc 'jh

uc jhc
V 'jhc

V u 'u

122 2 MGA: Stable topic multi-granularity alignment method

123 2.1 Method Framework

124 The process of the MGA method is shown in Figure 1:

125 Step 1: For source network and target network users, calculate the time jitter degree of the 

126 theme from the original topic, filter the unstable hot topic, obtain the stable topic, embed it in the 

127 same vector space, and calculate the similarity of the user topic.

128 Step 2: Update the user side weights according to the user theme similarity, improve the 

129 Louvain algorithm without weights, conduct community detection, iterate from low level to high 

130 level, and form a hierarchical community structure without preset fixed labels.

131 Step 3: Improve the fuzzy center clustering algorithm to extract the theme features of user 
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132 groups or communities by optimizing the correlation degree matrix and theme feature points. 

133 According to the similarity of theme features, cross-social network alignment is carried out from 

134 coarse-grained to fine-grained, iterative to user-level alignment, and the alignment results of each 

135 layer can be used as output.

136

137 Figure 1: Flow chart of MGA

138 2.2 Stable topic extraction

139 2.2.1 Original theme extraction

140 For the blog sets published by users, the TF-IDF model is adopted to extract the sequence of 

141 users' interest keywords, and K-means clustering[14]

1 1

2 2

i

i

i

i

u

u

u

u

k k

w topic

w topic
A

w topic

ö ö÷
÷ ÷

÷÷ ÷ý ÷ ÷
÷ ÷
÷ ÷÷ø ø

M
(1)

142 2.2.2 Filter short-time hot topics

143 Users are extremely vulnerable to the impact of hot events, and their attention to hot events 

144 is relatively concentrated[10]Therefore, this paper will find and filter short-time hot topics with 

145 large jitter degrees according to the time slice.

146 First of all, the weights of the medium are decomposed based on the total number of time 

147 slices T and the length of each slice t, and the weights of the user topic in each time slice iuA jtopic jw

148 are obtained. The time jitter St of the user topic is defined as follows:

2

, ,

1 1

1 1
i i i

j

T T
u u u

topic j t j t

t t

St w w
T Tý ý

ö ö
ý ô ý ô÷ ÷

ø ø
õ õ (2)

149 Where  represents the weight of the user's topic in the t time slice, T represents the total ,
iu

j tw
iu

150 number of time slices, and t represents the number of time slices.

151 According to formula (2), the time jitter of all the user topic topics is obtained, which is 

152 arranged in ascending order. The higher the degree of the topic is, the lower it is, and it is the short-

153 term hot interest that needs to be cut. Select the top kt topics and cut the topics with a large jitter 
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154 degree. For the convenience of statistics, the weight of the reduced unstable topics is redistributed 

155 in proportion. Finally, the user topic matrix is obtained as shown in formula (3), and the filtering 

156 process is shown in algorithm 1:

1 1

2 2

'

'
'

'

i

i

i

i

u

u

u

u

k kt

w topic

w topic
A

w topic

ö ö÷
÷ ÷

÷÷ ÷ý ÷ ÷
÷ ÷
÷ ÷÷ø ø

M (3)

157 Algorithm 1 Filters the user's short-time topic algorithm

158 Enter: ,iuA
,
iu

j tw

159 Output: '
iuA

160 a) St(j)± ,topic[]±
i

j

u

topicSt
iuA

161 b) For topic[j] in topic[] do

162 c) For t in T do

163 d) St(j)±St(j)+()// Calculate jitter , ,( )i iu u

j t j tw avg wý

164 e) St(j)±St(j)/T

165 f) Order by St asc

166 g) For j in (kt,k] do

167 h) Then for q in [0,kt] do

168 i)  ±*(1+) // Assign cut edge weightqw qw q jw wú

169 j) Update ± 'qw qw

170 k) Return '
iuA

171 2.2.3 User topic similarity calculation

172 Extract the user  topic matrix and embed the Word2Vec[15]
iu '

iuA
iu

iuV

' '

' ' '

1 1 2 2
i i i

i

u u u

u k k
V w topic w topic w topicý ÷ û ÷ û ÷

uuuuuuur uuuuuuur uuuuuuur

L (4)

173 According to the theme vector sum of user and (,) obtained  from formula (4) , the iu ju

174 similarity of the theme vector is calculated to obtain the user theme similarity, as shown in formula 

175 (5) : iu ju Uþ
iuV

juV _ ( , )i jSim Topic u u

PeerJ Comput. Sci. reviewing PDF | (CS-2023:12:93969:0:1:NEW 11 Dec 2023)

Manuscript to be reviewedComputer Science



_ ( , )
i j

i j

u u

i j

u u

V V
Sim Topic u u

V V

÷
ý

÷ (5)

176 2.3 ST-L: User-stable topic hierarchical detection algorithm

177 2.3.1 Data preprocessing

178 For social network G, there is an edge between users and users in the original network 

179 diagram, which only means that there is a concerned relationship between two users and cannot 

180 reflect the degree of correlation between the two subjects. In order to better detect the iu ju

181 hierarchical community of user topics, this paper converts user edge E into weighted edge, takes 

182 the user topic similarity calculated by formula (5) as the edge weight of users and users, and then 

183 transforms social network G into a weighted undirected network graph of Eô _ ( , )i jSim Topic u u
iu ju

184 user topics.

185 2.3.2 User topic hierarchical community detection method

186 Louvain[16] algorithm is an excellent hierarchical community detection method, which has 

187 excellent performance in large-scale complex networks, but the user without rights affects its effect 

188 in special application scenarios. In order to better detect the hierarchical community of topics, this 

189 paper updates the user edge weights according to the similarity of users' topics. It proposes the 

190 Louvain algorithm ST-L based on stable topics. The algorithm is divided into two parts: 

191 community optimization and community aggregation. The algorithm judges which community is 

192 more suitable for the nodes in the network by the community modularity. The definition of 

193 community modularity Q is shown in formula (6) :

ø ù'

,

1
,

2 2
i j

i j

ij i j

u u U

d d
Q e · c c

m mþ

÷ù ù
ý ÷ ýú ú

û û
õ (6)

194 Where, otherwise, is the topic similarity between users and users, and represents the sum of 

195 the theme similarity of all users connected with and respectively, represents the user group and 

196 belongs to, m represents the sum of the similarity i jc cý ø ù, 1i j· c c ý ø ù, 0i j· c c ý '

ije
iu ju

id jd
iu ju ,i jc c

iu ju

197 between all users in the network, the value is in, the larger the value is, the better the structure.

198 û ý1,1ý

PeerJ Comput. Sci. reviewing PDF | (CS-2023:12:93969:0:1:NEW 11 Dec 2023)

Manuscript to be reviewedComputer Science



199 The core of the algorithm is to compare the modularity of a user before and after joining a 

200 community, and the modularity increment is derived from formula (6), as shown in formula (7) : iu

201 ic Qô

2

,

2 2

,

,

2 2

2 2 2

1

2

in i in ci i

in ci i

in i in

i in

d d d d
Q

m m

d d d

m m m

d d
      d

m m

ù ùû ûö öô ý ý ýú ú÷ ÷
ø øú úû û

ù ùö ö ö öý ýú ú÷ ÷ ÷ ÷
ø ø ø øú úû û

÷ö ö
ý ý÷ ÷

ø ø

(7)

202 Where is the sum of the similarity of users in the community, the sum of the similarity of 

203 users connected to other users in the community, and the sum of the similarity of all users 

204 connected to each? ind ic ,i ind
iu ic cid ic

205 After obtaining the modularity increment, community optimization can be carried out; that 

206 is, a different user group is initialized for each user of the network. Qô When initializing partitions, 

207 the number of user groups is as large as the number of users. Then, for each user and its neighbor 

208 users, the modularity increment is calculated by placing it in the user group that will be removed 

209 from its own user group and placed in the user group with the largest modularity increment. iu ju
iu

210 If so, stay in the original user group. 0Qô ü Repeat and apply this process sequentially for all ju
iu

211 users (the ordering of users has no significant effect[16] on the obtained modularity increments) 

212 until complete.

213 As shown in Figure 2, suppose seven user groups c0x are obtained from the first part of the 

214 algorithm (x is the group serial number) c01: {1,3,9,10,15}, c02: {2, 6, 12}, c03: {4,5,11,13,17}, c04: 

215 {7,8,14,16}, each number represents a user, the edge indicates that there is a relationship between 

216 users to be followed or to be followed. The users in the same dotted box are considered to be 

217 divided into the same group, representing that the user theme is similar. The structure in groups 

218 c05, c06 and c07 and the connection relationship with other groups are omitted for the sake of 

219 simplification. 

220

221  Figure 2: Examples of single-layer community detection
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222 The next step is group aggregation; that is, the user group obtained in the first part is iterated 

223 upward, and the weight of the edge between them is the sum of the weight of the edge between the 

224 nodes in the corresponding two groups. Then, the algorithm of the first part is iterated on this new 

225 graph. After the algorithm of the first part is completed, the second part can be used to generate a 

226 higher-level structure graph. MGA adopts a three-layer structure, and the results of the three-layer 

227 top are sparseError! Reference source not found.

228 As shown in Figure 3, after the completion of the first part of the algorithm, the second part 

229 of the algorithm is iterated to the upper layer. The first iteration is as follows: user group c0201,c 

230 constitutes community c11; group c03,c,c04 constitutes community c05; group c12,c constitutes 

231 community c06; and group c07,c constitutes community C13. The second iteration of community 

232 c11, c12, c13 constitutes community c21.

233

234 Figure 3: Examples of multi-layer community detection

235 2.4 Multi-granular community alignment is aligned with users 

236 2.4.1 Topic Feature Extraction

237 For the communities in the source social network and the target social network, the two 

238 communities can be regarded as the anchor community [17]G 'G G 'G

239 After completing the first round of community detection, users form a user group and 
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240 continue to conduct community detection and aggregate into the upper community. In this process, 

241 each group will produce a group theme feature because it is close to the group member theme 

242 vector, the user theme vector is also very close to the community theme feature points, and there 

243 are a large number of edge points, which are in the middle of the two feature points. If it is directly 

244 forced to be classified into one class and the feature points are updated at this distance, the accuracy 

245 will be reduced. The fuzzy Center-Based Clustering (FCM) algorithm[18]Therefore, this paper jhc
V

246 introduces the correlation degree matrix between the user theme vector and the community feature 

247 points, as shown in formula (8) :

ø ù ø ù
ø ù ø ù

ø ù ø ù

1 1

1 1

2 2

2 1

1

1

1

, , ,

, , ,

, , ,

jh jh

jh jh

jh jh
a a

a a

V V

u u z

V V

³ u u z

V V

u u z

d V CTopic d V CTopic

d V CTopic d V CTopic
S

d V CTopic d V CTopic

ö ö
÷ ÷
÷ ÷
÷ ÷ý ÷ ÷
÷ ÷
÷ ÷
÷ ÷
ø ø

L

L

M

L

(8)

248 Optimize and update the correlation matrix by gradient descent algorithm to obtain the best 

249 features. It is a multi-dimensional topic vector, which can represent the theme features of a jhc
V

250 whole group or community to the greatest extent. The definition is shown in formula (9) :jhc
V

1

2

jh
i

jh
i

jh

jh
i

c

c

c

c

z

CTopic

CTopic
V

CTopic

ö ö
÷ ÷
÷ ÷

ý ÷ ÷
÷ ÷
÷ ÷÷ ÷
ø ø

M
(9)

251 In order to achieve the optimal, construct the objective function as shown in formula (10) :

252 jhc
V

2

1 1

1

( )

1

jh

a

N Z
³ c

ab u b

a b

Z
³
ab

b

S V CTopic

f ³
S

ý ý

ý

ü
ýÿ

ÿý ý
ÿ óÿþ

õõ

õ
(10)

253 Where is the weighted constant, user, is the topic vector of the user, is a topic feature point in 

254 the topic feature, 1

jh
ic

CTopic b is the number of the feature point, ³ ø ù1 jh

au a N có ó þ
uaV au jhc jhc

V

255 indicating the correlation degree between the user's topic vector and the feature point, the problem 

256 is transformed into a minimum problem. Adjust the sum of the correlation degree of each 
³
abS ( )f ³

257 user's theme vector to the condition that it is greater than or equal to 1, and arrange it to get the 
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258 formula (11) as shown: 1

jh
ic

CTopic
au uaV
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1 1

1 1
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259 Where  is any coefficient, and the partial derivative of formula (10) and respectively is equal b¿

260 to 0, and its iterative equation is obtained as shown in formula (12), formula (13) :
jhc

bCTopic³
abS

1

1

jh

jh

c
Z

ua b³
ab

c
k

ua k

V CTopic
S
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ý

ý
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261
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ý

ý
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ý
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262 Where k is the number of iterations. When iteration is stopped, it means that the iterative 

263 change of the user theme vector and the correlation degree of feature points is small, and no further 

264 optimization is required. The overall algorithm is shown in Algorithm 2:
³
abS ·ñ ü

265 Algorithm 2 topic feature generation algorithm

266 Input: (User ) uaV ø ù1 jh

au a N có ó þ

267 Output: jhc
V

268 a) Initialize V=[ jhc
V

] matrix ,V(0)

269 b) Calculate S=[
³
abS ] matrix,S(0) with uaV

270 c) k-step :calculate the vectors CTopic(k)=[] with S(k) by formula(13) // Update the topic point

271

jhc

bCTopic

272 d) Update S(k),S(k+1) by formula(12) // Update the correlation matrix

273 e) If 
( 1) ( )S k S k ·û ý ü

274 f) Then stop

275 g) Else return to step c

276 h) Return jhc
V
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277 2.4.2 Multi-granular community Alignment method

278 For the communities and groups in source social network G and target social network, the 

279 topic features are obtained in the same vector space based on the above algorithm, and pair-to-pair 

280 alignment is carried out at the same level, as shown in formula (14) : 'G

ø ù
1

1 1

'

_

'

jh jh

jh jh

z
c c

b b

b
c z z

c c

b b

b b

CTopic CTopic

Sim V

CTopic CTopic

ý

ý ý

ô
ý

ô

õ

õ õ
(14)

281 Because the actual calculation is the same dimensional matrix, the distance operation with ()

282 T can be performed to obtain a square matrix; the module of the square matrix is the jhc
V 'jhc

V jhc
V 'jhc

V

283 similarity of two communities or two user groups.

284 In terms of running order, this paper adopts the alignment method of multi-granularity 

285 iteration from the upper large community with coarser granularity to the lower level. Figure 3 

286 above shows the community structure, as shown in Figure 4: C21 and C21� are the highest level 

287 communities and have completed the alignment, then iteration to 21the inside of C 21�and C, and 

288 align their internal sub-communities. In this round, C 1212�and C are aligned, and the iteration 

289 continues to its internal user group. User group C 05�05is aligned with C and continues iterating into 

290 two user groups for user matching.

291 2.4.3 User alignment

292 User groups aligned in the source social network G and target social network User members 

293 can match users based on user attribute data. For two groups of small users with highly similar 

294 themes, the attribute difference is an efficient way to distinguish. 'G Similar user names[4] and user 

295 profiles (profile, education, unit, etc.)[3]Therefore, based on the document similarity algorithm[19]

0

, 1

_ ( , ') min
n

P ij ij

i j

Sim A u u P Dó
ý

ý õ (15)

296 Where represents the best conversion matrix and represents the word shift distance. ijP ijD
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297 3 Experiment and Analysis

298 3.1 Data Sets

299 This paper uses a crawler to obtain the Weibo - Zhihu user data set from the real network for 

300 the experiment. In the process of acquisition, users with less than 20 posts per year are filtered in 

301 order to avoid the topic being inaccurate due to the rarity of user-generated content. By identifying 

302 Weibo accounts or high-impact real-name authentication anchor users in Zhihu accounts, 1468 

303 pairs of positive samples were obtained. In addition, 1468 pairs of non-aligned users were 

304 randomly captured in Zhihu and Weibo as negative samples so that the number of positive and 

305 negative samples was equal. In the end, a total of 5876 users were obtained, including 61002 user 

306 contacts and 138749 user posts. In the experiment, to extract the topic of the user, in order to avoid 

307 interference, the "Harbin Institute of Technology stop Word List"[20] assisted filtering.

308 In order to analyze the performance of the subsequent community detection, this paper also 

309 analyzed the external performance indicators of the community by using the open-labeled data set 

310 Aminer[13]Cora [21]Cora contains 2708 users, 5278 edges, and seven default categories.

311

312 Figure 4: Examples of Multi-grained community alignment

313 3.2 Evaluation Metrics

314 3.2.1 Evaluation index of the original and stable topic number of users

315 The contour coefficient is used to evaluate the clustering effect of user topics, i.e

( ) ( )
( )

max( ( ), ( ))

b i a i
s i

a i b i

ý
ý (16)

316 Where represents the average distance between ( )a i i and other samples of the same cluster 

317 and represents the minimum average distance between ( )b i i and other clusters.

318 Topic time jitter is used to evaluate the effect of stable topic selection, as shown in formula 

319 (2) above.
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320 3.2.2 Evaluation index of feature points

321 Feature density[18] is used to evaluate the effect of feature extraction on community themes, 

322 i.e

û ý
û ý û ý

( , ) | , ,( , )
( )

i i

i i

p q p q in p q in
dense avg

in out

þ þ
ô ý

û (17)

323 Where is the sample point, representing the edge collection of feature points within the link 

324 cluster and the edge collection of feature points outside the link cluster? ,p q iin iout

325 3.2.3 Evaluation index of community detection

326 normalized mutual information (NMI) index and modularity index are mainstream 

327 indicators[22]

2 ( , )

( ) ( )

I U V
NMI

H U H V

ú
ý

û (18)

328 U represents real classification, V represents algorithmic classification results, I represents 

329 interactive information, and H() represents cross-entropy. 

modularity

2

1

n
i i

i

L D

TL TLý

ù ùö öý ýú ú÷ ÷
ø øú úû û

õ (19)

330 Is the total number of edges in community i, is the sum of vertex degrees in community i, iL iD

331 TL is the total number of edges, NMI measures the similarity between the algorithm's running 

332 result and the preset label. Modularity measures the inner tightness of the community.

333 3.2.4 Alignment Performance Evaluation Indicators

334 The Accuracy index is used to detect the alignment accuracy[24]

ø ù
0 0

1
, '

j h jh jhAccuracy success c c
NC

ý õ õ (20)

335 Where NC represents the total number of communities and user groups, if the alignment of 

336 users exceeds 20% of the total number, one is returned. Otherwise, 0 is returned. , 'jh jhc c

337 ø ù, 'jh jhsuccess c c

338 The user alignment accuracy metric uses Precision, Recall, and F1 values.
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339 3.3 Experimental Results and Analysis

340 3.3.1 Analysis of user original topic number k and user stable topic number kt

341 In this paper, the TF-IDF model was used to analyze user interests, and then 50 keywords 

342 with the highest frequency and at least ten occurrences were selected after the stop words were 

343 removed. K-means clustering was performed on the keyword sequence to generate K original 

344 topics. Figure 5 shows the change of the average contour coefficient when the value of k number 

345 of topics [2,20] changed. As shown in FIG. 6, both Zhihu and Weibo users reach the local optimal 

346 average contour coefficient when k takes a value of 12. In subsequent experiments, users of the 

347 two networks are processed together to analyze parameter selection, and the original topic takes a 

348 value of 12 to carry out a short-time hot spot filtering discussion.

349

350 Figure 5: Effect of k value on contour coefficient

351 When short-term hot topics are filtered, the statistical change trend of user topics tends to be 

352 flat[25]According to formula (2), the jitter degree of 12 original topics of users is calculated and 

353 arranged in ascending order. Figure 6 shows the average jitter degree of users' original topics. It 

354 can be seen that the average jitter degree of the 9th topic is significantly higher than that of the 8th 

355 topic, and it can be concluded that kt=8 can achieve the optimal experimental state and the user 

356 topic is the most stable.

357

358 Figure 6: average dithering degree of topic

359 3.3.2 Z-analysis of community theme feature points

360 The number of feature points z of the theme feature is related to the accuracy of describing 

361 the community theme feature. If the z value is too small, the feature is too general and not accurate 

362 enough; if it is too large, it is too sparse. In this paper, weighted constant and termination constant

363
710· ýý [26]z is 6, the density of community theme features is 0.28 to achieve local optimization. 2³ ý

364 It means that when the number of community theme feature points reaches 6, the aggregation effect 

365 of user theme vectors in the community is the best. Therefore, in the subsequent experiment, the 
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366 number of feature points z takes the value of 6.

367

368 Figure 7: Effect of z value on density of characteristic

369 3.3.3 Performance analysis of topic-based hierarchical community detection

370 In order to evaluate the performance of the ST-L algorithm, the following community 

371 detection models are used in this paper for comparison:

372 GEMSEC[23]: Community single-layer self-clustering algorithm based on machine learning 

373 to regularize users' social attributes;

374 vGraph[21]: Based on the probability generation model, using user information to predict 

375 interaction probability, single-layer community detection;

376 UICD[8]: Based on user-generated content, obtain user interest through LDA algorithm and 

377 use interest for single-layer community detection;

378 HIOC[12]: Based on corpora fixed label classification, hierarchical community detection is 

379 carried out by user interest and label similarity;

380 ReinCom[13]: learning user characteristics based on deep learning model, optimizing 

381 community tree and hierarchical community detection algorithm.

382 Since Weibo and Zhihu data sets have no preset classification, they cannot obtain the NMI 

383 index, so the NMI index is only discussed in Aminer and Cora data sets. The detailed experimental 

384 data are shown in Table 1. It can be found that six algorithms have better effects on Aminer and 

385 Cora data sets than Weibo and Zhihu data sets. Because Aminer and Cora are public data sets with 

386 preset classification, users have high convergence according to classification. At the same time, 

387 for the four data sets, the NMI and modularity performance of the hierarchical community 

388 detection method is significantly superior to that of the single-layer community detection 

389 algorithm, indicating that the adoption of hierarchical community detection is effective. Among 

390 the hierarchical community detection algorithms, ST-L and ReinCom are superior to the HIOC 

391 algorithm, with fixed classification labels and multiple user detection in each data set. Compared 

392 with ReinCom in Aminer and cora, ST-L has increased the NMI index by 14.8% and 2.6%, while 
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393 the modularity index has increased by 1.8% and 2.1%. In Weibo and Zhihu, the modularity index 

394 improved slightly. In general, ST-L makes full use of subject features and adopts the non-fixed 

395 label layering mode to improve the performance of the data set.

396 Table 1 NMI index and modularity index of each algorithm

397 3.3.4 Community Alignment Performance Analysis

398 In order to better evaluate the MGA community alignment performance, this paper compares 

399 it with the following algorithm on the microbo-Zhihu dataset:

400 CAlign[24]: Based on user attributes, Dirichlet distributed clustering is used to build 

401 communities and cross-network community alignment is performed.

402 PERFECT[17]: Embed the cross-network user information into the hyperbolic space based on 

403 the Poincare sphere model, cluster the users within the hyperbolic distance threshold into 

404 communities, and align the communities by the hyperbolic distance of each user.

405 Detailed experimental data are shown in Table 2. It can be found that MGA improves the 

406 accuracy of community alignment by 6.1% and 2.5% compared with CAlign and PERFECT 

407 algorithms, which proves that MGA adopts multi-granularity fuzzy topic feature alignment 

408 effectively reduces the influence of edge users on community alignment accuracy compared with 

409 forced clustering method.

410 Table 2: Performance of community alignment

411

412 3.3.5 User Alignment Performance Analysis

413 In order to better evaluate the MGA user alignment performance, this paper will use the 

414 mainstream user alignment algorithm to compare the micro-blog Zhihu dataset:

415 BSNA[4]: Based on the BP neural network, the user name is uniformly mapped, the problem 

416 is transformed into a vector mapping problem, and the user alignment is performed;

417 PERFECT[17]: Embed cross-network user information into hyperbolic space based on the 

418 Poincare ball model and align users by hyperbolic distance between vectors;

419 UGCLink[27]: Model user-generated content based on a convolutional neural network and 

PeerJ Comput. Sci. reviewing PDF | (CS-2023:12:93969:0:1:NEW 11 Dec 2023)

Manuscript to be reviewedComputer Science



420 align users by the relationship between content and time;

421 MEgo2Vec[28]: Self-centered network based on graph neural network mining user attributes 

422 and structure for user alignment;

423 MUIUI[3]: Based on the three characteristics of user attributes, generated content and 

424 relationship, a fusion classifier carries out user alignment.

425 The Precision, Recall and F1 values of each comparison algorithm and MGA algorithm are 

426 shown in Table 3. It can be found that the performance of the BSNA algorithm for vector mapping 

427 alignment based only on user name is inferior to other algorithms, indicating that the accuracy of 

428 the alignment method based on a single feature is low. Similarly, the UGCLink algorithm, based 

429 on user-generated content combined with time features, and the PERFECT algorithm, based on 

430 user topology embeddings combined with a small number of attribute features, has improved 

431 performance, but MEgo2Vec and MUIUI algorithms are significantly superior to the previous two 

432 algorithms. Compared with MEgo2Vec and MUIUI, the MGA algorithm proposed in this paper 

433 has improved the accuracy rate by 4.5% and 3.4%, the recall rate by 2.7% and 2.1%, and the F1 

434 value by 3.4% and 2.5%. Because MGA makes full use of the topic features generated by user-

435 generated content, the community detection before user alignment reduces the interference of user 

436 pairs with similar attribute features to a certain extent. MGA has richer granularity choices than 

437 the two multi-granularity alignment algorithms.

438

439

440 Table 3: Performance of user alignment

441 The experimental results show that the MGA algorithm makes full use of the generated 

442 content and fully combines the time characteristics to obtain the user stability theme, performs 

443 hierarchical community detection and cross-network multi-granularity alignment, solves the 

444 problem of excessive users at the edge of the community, and effectively improves the user 

445 alignment accuracy, recall rate and F1 value by combining the user attribute characteristics.
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446 4 Conclusion

447 Based on user-generated content, this paper makes full use of time characteristics, filters 

448 short-time topics, obtains user-stable topics, improves the Louvain algorithm, conducts multi-level 

449 community detection for users without preset label classification, and proposes a multi-granularity 

450 alignment method for two alignment modes of groups and users. The improved fuzzy topic feature 

451 acquisition algorithm is adopted to solve the problem of the reduced accuracy of forced clustering 

452 of edge users effectively. In the real data set, it is verified that MGA has good performance in the 

453 multi-granularity alignment mode, both community alignment and user alignment. In future work, 

454 the edge weights based on stable topics can be integrated into the user structure features and 

455 attribute features to make the weights more diverse and further improve the performance of 

456 hierarchical community detection. In the multi-granularity alignment method it can also be 

457 improved into the alignment method integrating structure, attributes and content, reducing the 

458 impact of edge users on community alignment and further improving user alignment accuracy.

459 5 References

460 [1] Jiang Y, Jiang J C. Diffusion in social networks: A multiagent perspective[J]. IEEE 

461 Transactions on Systems, Man, and Cybernetics: Systems, 2014, 45(2): 198-213.

462 [2] Shi Wei, Wang Yuanyuan, Li Gang, Zhang Xing. Application Research of Computers,.2023-

463 06-26,1-7.(Shi wei,Wang yuanyuan,Li gang,Zhang xing (K, l) weighted anonymous 

464 algorithm for social networks based on KFCMSA, Application Research of Computers, 2023-

465 06-26,1-7) L) Weighted Anonymous Algorithm for Social networks based on KFCMSA, 

466 Application Research of Computers, 2023-06-26,1-7)

467 [3] Zeng W , Tang R , Wang H , et al. User Identification Based on Integrating Multiple User 

468 Information across Online Social Networks[J]. Security and Communication Networks, 

469 2021, 202:1-14.

470 [4] Yuan Z, Yan L, Xiaoyu G, et al. User Naming Conventions Mapping Learning for Social 

PeerJ Comput. Sci. reviewing PDF | (CS-2023:12:93969:0:1:NEW 11 Dec 2023)

Manuscript to be reviewedComputer Science



471 Network Alignment[C]//2021 13th International Conference on Computer and Automation 

472 Engineering (ICCAE). IEEE, 2021: 36-42.

473 [5] Ren F , Zhang Z , Zhang J , et al. BANANA: when Behavior ANAlysis meets social Network 

474 Alignment[C]// Twenty-Ninth International Joint Conference on Artificial Intelligence and 

475 Seventeenth Pacific Rim International Conference on Artificial Intelligence IJCAI-PRICAI-

476 20. 2020.

477 [6] Wang Qian, Shen derong, Feng Shuo, et al. Cross-social Network User Identification based 

478 on Full perspective feature combined with crowdsourcing [J]. Journal of Software, 2018, 

479 29(3):811-823.(Wang qian,Shen derong,Feng shuo,et al. Identifying Users Across Social 

480 Networks Based on Global View Features with Crowdsourcing[J].Journal of 

481 Software,2018,29(3):8112823.)

482 [7] Wang S , Li X , Ye Y , et al. Anchor Link Prediction across Attributed Networks via Network 

483 Embedding[J]. Entropy, 2019, 21(3):254.         

484 [8] Jiang L, Shi L, Liu L, et al. User interest community detection on social media using 

485 collaborative filtering[J]. Wireless networks, 2019: 1-7.

486 [9] Shi L , Yan W , Lu L , et al. Event detection and identification of influential spreaders in 

487 social media data streams[J]. Big Data Mining and Analytics, 2018, 1(01):34-46.

488 [10] Jia, Yan, Zhu, et al. Identifying users across social networks based on dynamic core 

489 interests[J]. Neurocomputing, 2016210:107-115.

490 [11] Chen X , Song X , Cui S , et al. User Identity Linkage across Social Media via Attentive 

491 Time-aware User Modeling[J]. IEEE Transactions on Multimedia, 2020, PP(99):1-1.

492 [12] Zheng J , Wang S , Li D , et al. Personalized recommendation based on hierarchical interest 

493 overlapping community[J]. Information Sciences,2019, 479:55-75.

494 [13] Ding D, Zhang M, Wang H, et al. A Deep Learning Framework for Self-evolving Hierarchical 

495 Community Detection[C]//Proceedings of the 30th ACM International Conference on 

496 Information & Knowledge Management. 2021: 372-381.

497 [14] Macqueen J. Some Methods for Classification and Analysis of MultiVariate Observations[C]. 

PeerJ Comput. Sci. reviewing PDF | (CS-2023:12:93969:0:1:NEW 11 Dec 2023)

Manuscript to be reviewedComputer Science



498 Proceedings of  Berkeley Symposium on Mathematical Statistics and Probability. 1967:281-

499 297.

500 [15] Mikolov T , Chen K , Corrado G , et al. Efficient Estimation of Word Representations in 

501 Vector Space[J]. Computer Science, 2013

502 [16] Blondel V D , Guillaume J L , Lambiotte R , et al. Fast unfolding of communities in large 

503 networks[J]. Journal of Statistical Mechanics Theory & Experiment, 2008, 2008(10): P10008.

504 [17] Sun L ,  Zhang Z ,  Zhang J , et al. Perfect: A Hyperbolic Embedding for Joint User and 

505 Community Alignment[C]// 2020 IEEE International Conference on Data Mining 

506 (ICDM).IEEE, 2020,501-510.

507 [18] Naderipour M, Fazel Zarandi M H, Bastani S. Fuzzy community detection on the basis of 

508 similarities in structural/attribute in large-scale social networks[J]. Artificial Intelligence 

509 Review, 2022: 1-35.

510 [19] KUSNER M J, Sun Y , KOLKIN N I, et al. From word embeddings to document 

511 distances[C]//International Conference on Machine Learning. JMLR.org, 2015, 37: 957-966.

512 [20] Guan Qin, Deng Sanhong, Wang Hao. Data Analysis and Knowledge 

513 Discovery,2017,1(03):72-80.(Guan qin,Deng sanhong,Wang hao. A Comparative Study on 

514 Common Discontinued Words in Chinese Text Clustering[J]. Data Analysis and Knowledge 

515 Discovery, 2017,1(03):72-80.) Discontinued words in Chinese text Clustering[J]. Data 

516 Analysis and Knowledge Discovery, 2017,1(03):72-80.

517 [21] Sun F Y , Qu M , Hoffmann J , et al. vGraph: A Generative Model for Joint Community 

518 Detection and Node Representation Learning[J]. Advances in Neural Information Processing 

519 Systems(S), 2019, 32.

520 [22] Wang xh, Hao cx , Guan xh . Hierarchical and overlapping social circle identification in ego 

521 networks based on link clustering - ScienceDirect[J]. Neurocomputing, 2020, 381:322-335.

522 [23] Rozemberczki B , Davies R , Sarkar R , et al. GEMSEC: Graph Embedding with Self 

523 Clustering[C]// 2019 IEEE/ACM International Conference on Advances in Social Networks 

524 Analysis and Mining (ASONAM). IEEE, 2019,65-72.

PeerJ Comput. Sci. reviewing PDF | (CS-2023:12:93969:0:1:NEW 11 Dec 2023)

Manuscript to be reviewedComputer Science



525 [24] Chen Z, Yu X, Song B, et al. Community-based network alignment for large attributed 

526 network[C]//Proceedings of the 2017 ACM on Conference on Information and Knowledge 

527 Management. 2017: 587-596.

528 [25] Ni H Y. Design and implementation of News recommendation system based on user interest 

529 drift and semantic features [D]. Beijing University of Posts and 

530 Telecommunications,2020.(Ni hanyu. Design and Implementation of a News 

531 Recommendation System Based on User Interest Drift and Semantic Features[D]. Beijing 

532 University Of Posts andTelecommunications,2020.)

533 [26] Chan, Keith, C, et al. Fuzzy Clustering in a Complex Network Based on Content Relevance 

534 and Link Structures[J]. IEEE Transactions on Fuzzy Systems A Publication of the IEEE 

535 Neural Networks Council, 2016, 24(2): 456-470.

536 [27] Gao H , Wang Y , Shao J , et al. UGCLink: User Identity Linkage by Modeling User 

537 Generated Contents with Knowledge Distillation[C]// 2021 IEEE International Conference 

538 on Big Data (Big Data). IEEE, 2021,607-613.

539 [28] Jing Z , Bo C , Wang X , et al. MEgo2Vec: Embedding Matched Ego Networks for User 

540 Alignment Across Social Networks[C]// the 27th ACM International Conference. ACM, 

541 2018,327-336.

542

PeerJ Comput. Sci. reviewing PDF | (CS-2023:12:93969:0:1:NEW 11 Dec 2023)

Manuscript to be reviewedComputer Science



543

PeerJ Comput. Sci. reviewing PDF | (CS-2023:12:93969:0:1:NEW 11 Dec 2023)

Manuscript to be reviewedComputer Science



Figure 1
Flow chart of MGA
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Figure 2
Examples of single-layer community detection
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Figure 3
Examples of multi-layer community detection
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Figure 4
Examples of Multi-grained community alignment
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Figure 5
Eûect of k value on contour coeûcient
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Figure 6
average dithering degree of topic
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Figure 7
Eûect of z value on density of characteristic
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Table 1(on next page)

NMI index and modularity index of each algorithm
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Weibo Zhihu Aminer cora

NMI modularity NMI modularity NMI modularity NMI modularity

GEMSE

C / 0.536 / 0.528 0.352 0.653 0.345 0.679

vGraph / 0.579 / 0.570 0.284 0.710 0.366 0.735

UICD / 0.498 / 0.503 0.298 0.689 0.315 0.702

HIOC / 0.617 / 0.611 0.314 0.709 0.442 0.731

ReinCom / 0.648 / 0.653 0.459 0.742 0.574 0.741

ST-L / 0.650 / 0.659 0.527 0.756 0.589 0.757
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Table 2(on next page)

Performance of community alignment

PeerJ Comput. Sci. reviewing PDF | (CS-2023:12:93969:0:1:NEW 11 Dec 2023)

Manuscript to be reviewedComputer Science



Accuracy

CAlign 0.672

PERFECT 0.695

MGA 0.713
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Table 3(on next page)

Performance of user alignment
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Weibo - Zhihu

Precision Recall F1

BSNA 0.572 0.495 0.530

PERFECT 0.646 0.534 0.581

UGCLink 0.652 0.541 0.587

MEgo2Vec 0.667 0.556 0.593

MUIUI 0.674 0.559 0.598

MGA 0.697 0.571 0.613
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