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1.0 Introduction

Various online social networks have been created for peo-
ple to communicate and share information with each other
around the wotld. There is also increasing growth in the
numbers of social media users. For example, at the end of
September 2017, Twitter had 330 million active monthly
users  (https://www.statista.com/statistics /282087 /num
bet-of-monthly-active-twitter-users/), while Sina Weibo
(https:/ /weibo.com), one of the biggest Chinese mictro-
blog platforms, had 376 million active monthly users
(http:/ /www.useit.com.cn/thtead-17562-1-1.html). Simul-
taneously, vast quantities of user-generated contents
(UGCs), referring to images, videos, text, audio, and any
other form of content, are being posted by users in online
platforms (https://en.wikipedia.org/wiki/Uset-generated
_content). Due to their huge volume, uneven quality, and
dynamic changes, UGCs pose new challenges for mining
and organizing content (Zhu et al. 2013, 233).

To provide organized information for users, most of
the current social networks methodically present UGCs.
For instance, Sina Weibo displays posts in chronological
order, whereas users may prefer contents to be sorted by
topics of their interests. There are a large number of re-
dundant communities and inactive groups in social net-
works, since most cannot organize information efficiently
to meet users’ needs (Treem and Leonardi 2012, 143). Re-
searchers are secking ways to group and streamline large
amounts of UGCs (Kietzmann et al. 2011; Van Damme et
al. 2007). Traditional knowledge organization tools employ
conventional relations between concepts, subjects, and in-
formation units, whereas current studies focus motre on
users, aiming to organize and integrate information in a
user-centered way (Hjorland 2003; 2014).

There are three indispensable elements of a social net-
work platform: UGCs, users, and user communities. Since
most related research is focused on one element in at-
tempting to organize information (Ming et al. 2014; Zhu
et al. 2014), we aim to develop a multi-dimensional infor-
mation organization system by linking the three elements.
To represent UGCs, we employ a topic model to construct
a topic hierarchy, which has been widely used in many
studies (Zhang 2017; Zhu et al. 2013; Zhu et al. 2014). We
then generate profiles of users’ interests through user
modeling and detect community structure to reveal net-
work organization of users. Finally, to support user-cen-
tered information organization, we perform similarity cal-
culations to associate UGCs, users, and user communities
with one another.

2.0 Related works

Of the rich set of studies on the organization of online
information organization, in this section we discuss mainly
research into UGCs and user information behavior.

2.1 Information organization based on UGCs

With the popularization of web 2.0, UGCs have received
much attention from researchers. Social tags and folkson-
omies are becoming popular among different types of
UGCs (Kim 2008). Researchers have made particular pro-
gress on information organization (Munk and Merk 2007).
Noruzi and Alireza (2006) explored the folksonomy tag-
ging phenomenon and discussed relevant problems.
Mathes (2004) provided the first review and survey of so-
cial tagging systems. Potnis (2011, 32-35) allowed users to
participate in information organization by using folkson-
omy. Finally, Van Damme et al. (2007) proposed an inte-
grated approach for turning folksonomies into ontologies
and using networked knowledge organization systems for
information organization.

While mass UGCs provide rich information resources,
they also present new challenges, like the integration of
heterogeneous contents. Although classifying UGCs in
pre-customized categories is simple, classification accuracy
depends on the manual maintenance of a category system
(Gao 2012, 761). Chen et al. (2011) organized UGCs
through a topic model, which does not require mainte-
nance of a classification system. However, the topics ob-
tained from their model were somewhat difficult to under-
stand, and its classification accuracy needs to be improved.
Gupta et al. (2010) used social labels for information or-
ganization, which greatly reduces manual costs, but their
method has problems of data sparseness due to label scar-
city. Zhu et al. (2013) proposed topic hierarchy construc-
tion for UGCs, while Li (2013) constructed the hierar-
chical architecture in an entity-based formalism. These
studies are very relevant but do not distinguish between
different types of UGCs, and few studies have attempted
multi-dimensional information organization.

2.2 Information organization based on user
information behavior

The research related to user information behavior can be
divided into theoretical and empirical works. Theoretical
research has explored, for instance, the behavior of infor-
mation query (Bawden 20006), information interaction
(Chen et al. 1998; Keenan et al. 2013), information crea-
tion (Maria et al. 2008), information utilization (Kaplan et
al. 2010), and information sharing (Stutzman 2006). Em-
pirical research has mainly focused on information behav-
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Figure 1. Framework of the study’s multi-dimensional information organization.

ior (Benevenuto et al. 2009), user influence (Agichtein et
al. 2008), and user social relationships (Kwak et al. 2010).
Overall, few studies have explored user behavior with re-
spect to organizing information. Bar-Ilan and Belous
(2007) studied the theory and practice of information or-
ganization and its relationship with human perception,
proposing an intuitive information organization system.
Bu etal. (2010) emphasized the importance of considering
user behavior, patticipation, and expetience when design-
ing an information organization interface. There is clearly
a need for more in-depth research of user behavior, espe-
cially with respect to organizing information on social net-
works.

Traditional methods of information organization rely on
semantic or topical relations between textual contents to or-
ganize UGCs, without considering the users who generate
contents and the user communities in which similar users
gather. Despite the increasing shift toward user-centered in-
formation integration (Zhou 2010, 36-40), focusing espe-
cially on relationships between information and users, only
a few studies have considered a multi-dimensional approach
to organizing information, combining UGCs with users and
user communities. By fully considering the features of
UGGC:s, this study endeavors to associate these three ele-
ments to generate a new pattern of knowledge organization
in social networks.

3.0 Methodology
3.1 Framework

To connect UGCs, userts, and user communities, we at-
tempt to map them in a topic space. Our framework com-
prises four main steps: 1) hierarchical topic construction
for UGCs; 2) user modeling to represent user interests; 3)
community detection; and, 4) multi-dimensional infor-
mation association to link UGCs, users, and user commu-
nities. Our experimental process is depicted in Figure 1.

We begin by collecting UGCs from verified users’ mi-
croblogs and the relationships between users in five do-
mains (football, internet, literature, medicine, law) on Sina
Weibo. We then use these UGCs (taken from posts that
users create, like, and repost) to generate the topic hierar-
chy. To obtain a fusion model of users, we merge features
learned from users’ interests and relations (follower, fol-
lowing) using an author-topic model. To detect user com-
munities, we employ a label propagation algorithm. Finally,
a multi-dimensional information organization system is
constructed by calculating topic similarities among the
UGC topic hierarchy, the user fusion model, and detected
user communities.

In the next section, we will discuss the key techniques
employed in UGC topic hierarchy construction, user mod-
eling, community detection, and multi-dimensional infor-
mation association.
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3.2 Key techniques
3.2.1 UGC topic hierarchy construction
3.2.1.1 Latent Dirichlet Allocation (LDA)

LDA is a three-level hierarchical Bayesian model (Blei et al.
2003). It assumes that each item in a collection is generated
by the finite mixture of topics, each of which is modeled
as a multinomial mixture of vocabulary. It also assumes that
each document is modeled as a finite mixture over an un-
detlying set of topics. The topic mixture is then drawn from
a conjugate Dirichlet prior that remains the same for all
documents. The LDA model contains the following param-
eters: g, the Dirichlet priori parameter of document-topic
distribution; g, the Dirichlet prior parameter of topic-word
distribution; K, the topic number; 4, the document; and g,
the topic. This paper uses the LDA model to derive topical
representations for verified users in the five domains of law,
medicine, literature, football, and internet.

3.2.1.2 Document topic extraction

After topic modeling, each document is projected into the
topic space with different probability distributions, as
shown in equation 1 below. We then set a threshold to as-
sign a specific topic to each document; if the topic proba-
bility of a document in the topic space exceeds the prede-
fined threshold, the document is assigned to this topic.

doc; = {topic;:w; 1, topicy: Wiy, ...,

topic;:wij, ..., topicy:wiy,} (equation 1)

Where topic; represents topic /, doc; represents document
i, w;; represents the weight of topic ; in document i.
Wip+Wipt+ ot wp i+t wig =1, p=1/nif wy; >
p, we assign this document to topic;, thereby collecting the
documents for each topic.

3.2.2 User modeling
3.2.2.1 Author-topic model

The author-topic model uses a topic-based representation
to model both document contents and author interests.
This model supposes that each author has a topic proba-
bility distribution 0, and each topic has a term probability
distribution ¢, as shown in Figure 2. The model generation
process (Steyyers et al. 2004, 307-310) is as follows:

1) Extract the polynomial probability distribution 6 for
each author;

2) Extract the polynomial probability distribution ¢ for
each topic;
3) For each item in document 4:
a) extract an author x;
b) extract a subject g;
C) extracta term
4) Repeat extraction N, times to generate document d.

Figure 2. Author-topic model.

In the author-topic model: ¢ represents the author-topic
probability distribution; ¢ represents the topic-term prob-
ability distribution; a is the Dirichlet prior parameter of
document-topic probability distribution; £ is the Dirichlet
prior parameter of the topic-term probability distribution;
ag represents the uniform distribution of the author’s set;
x represents the author; g represents the topic; w is the
term; D represents the document set; N, represents the
number of repeated samples; K represents the number of
authors; and T represents the number of topics.

3.2.2.2 User fusion model

After first using author-topic data to model user interests
using posts in five domains, we then used relational data
collected on followers and followings to generate follower
collection model and following collection model by the au-
thor-topic model. Finally, the fusion model is obtained by
fusing the three models (user model, follower collection
model, and following collection model).

User model of each user is denoted as equation 2:

w= {topicl: Wy, ..., topic;:wy, ,}

topic,: w, (equation 2)

Where, wy + -+ w; + -+ w, =1, # represents the
user model, topic; represents topic 4 and w; represents
the weight of topic Z

With reference to Hannon (2010, 201), the follower col-
lection and following collection model are obtained by
merging the follower model and the following model sep-
arately, which are complemented to the user model by the
following equation:
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Uself: Wself» Ufollowers: Wrollowers»

Uy = { }(equation 3)

Ufollowings: Wfollowings

Whete, Wself + Weollowers T Wrollowings = 1, Ugerr tCP-
resents the user model; Usortowers represents the follow-
ers collection model; Urotiowings represents the follow-
ings collection model; Wy tepresents the weight of the
user model; Wroyowers represents the weight of the fol-
lowers collection model; Wrollowings tepresents the
weight of the following collection model; and Uy, repre-
sents the final user model, also called the user fusion
model. Urottowers and  Uroltowings is computed by the
following formula:
U=3YN u (formula 1)
Where u; represents user s own model, and U represents
the model results of user collection {uyq, ..., Uj, ..., Uy }.

3.2.3 User community detection
3.2.3.1 Label propagation algorithm

The label propagation algorithm (Raghavan et al. 2007) is
the classical algorithm for finding communities and is
widely used in large-scale networks. The algorithm as-
sumes that a node’s label is the one carried by the largest
number of its neighbors. Nodes with the same label are
grouped into the same community. The steps of the label
propagation algorithm are as follows:

1) Initialize the labels of all nodes in the network, and
give each node a unique label;

2) Set t=1, with t representing the number of iterations;

3) Randomly arrange nodes in the network, and gener-
ate sequence X;

4) According to the order in sequence X, let each

NI
set of neighbors with label v;

5) Update labels until each node changes its label to the
one carried by the largest number of its neighbors;

set t=t+1, and return to the third step.

node’s label be arg where N'(v) represents the

Through this repeated process, nodes with the same label
are grouped into the same community.

3.2.3.2 Community detection
Modularity is a benefit function that measures the quality

of a network’s division into groups or communities (New-
man et al. 2004). The formula is:

Q= iZij(Aij = P)8(Ci. ) (formula 2)

Where A;; represents the adjacency matrix of the network
graph; » represents the number of edges of the network
graph; and P;; represents expectations of the edge be-
tween node 7and node /in an empty model. Networks with
high modularity have dense connections between the
nodes within modules but sparse connections between
nodes in different modules. If nodes 7and jare in the same

community, 5(Ci, Cj) = 1; otherwise, 5(Ci, Cj) =0.
3.2.4 Multi-dimensional information association

We use the Jensen—Shannon (JS) divergence distance to cal-
culate the similarity of topics, based on the “topic-term”
mattix obtained from the user model and topic model. The
formula of the JS divergence distance is as follows:

D;s(PllQ) = 1/2(2 In <%>P(t) +

Ziin (%3) 0@

(formula 3)
Where P (i) represents the probability of wotd i in topic
P, and Q(i) represents the probability of word i in topic

Q.

We can then calculate the similarity among hierarchy top-
ics, users, and user communities to build a multi-dimen-
sional information organization system.

4.0 Experiment
4.1 Dataset

For this study, we collected 4,966 verified users from Sina
Weibo. Microblogs were sourced from Tu et al. (2015). The
maximum number of microblogs was set to 500 for each
specific user. In total, there are 1,887,633 user post profiles
across the five domains, as elaborated in Table 1.

In addition, 152,976 follower and following relation-
ships were crawled. As Table 2 shows, we obtain 106,388
pairs of followers and 110,367 pairs of following, and
there are fewer follower—following pairs than the sum of
follower and following pairs, which indicates that existing
user pairs follow each other.

4.2 Experimental results analysis

4.2.1 UGC topic hierarchy construction

LDA is used to derive the first topic layer using the open
source Gibbs sampling tool. The parameters are set as fol-

lows (see Section 3.2.1 for parameter definitions): K= 5, a
=50 / K, and § = 0.01. Document collections for each
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domain football internet law literature medicine Total
posts 409,389 393,187 201,477 655,816 227,764 1,887,633
Table 1. Microblogs distribution across different domains.
Relationship type Follower Following Follower + following
pairs 106,388 110,367 152,976

Table 2. Relational data distribution.

User model Following model Follower model Fusion model
TopicO 0.3527 TopicO 0.3391 TopicO 0.2526 TopicO 0.3300
Topic19 0.1875 Topicl9 0.1339 Topic19 0.1378 Topic19 0.1669
Topic47 0.1070 Topic3 0.0560 Topic36 0.0752 Topic47 0.0864
Topic26 0.0970 Topic47 0.0551 Topic47 0.0558 Topic26 0.0772
Topic3 0.0664 Topicl0 0.0481 Topic3 0.0527 Topic3 0.0616
Topic18 0.0382 Topic26 0.0480 Topic26 0.0471 Topic18 0.0318
Topicl3 0.0259 Topic36 0.0463 Topicl0 0.0440 Topic36 0.0201

Table 3. Model results based on user and relationship data

topic atre extracted by document extraction method. We set
the topic probability threshold to 1 / K (0.2) and get five
new document collections. Subsequently, we use LDA to
derive the second topic layer based on these five new col-
lections of documents. By tepeating the last steps, we de-
rive the third topic layer, thus completing the UGC topic
hierarchy structure, in which the first, second, and third
hierarchical layers comprise five, twenty-five, and 125 top-
ics, respectively. The Appendix presents the ten most-
common terms for each topic, together with their proba-
bilities.

As shown in the Appendix, the first-layer topics are

2

“literature,” “law,” “medicine,” “football,” and “internet”;

the second-layer topic terms for the first-layer topic “med-

FEINTS

icine” are “experts,” “daily recuperation,” “surgical,” “fe-

male medical treatment,” and “diet”; the third-layer topic
terms for the second-layer topic of “female medical treat-

LEINTS

ment” are “pregnancy,” “diseases of affluence,” “treat-

EEINT3

ment,
layer is the fine-grained description of the first topic layer,

nursery,” and “pregnancy test.” The third topic

showing the hierarchical relationship and distribution of
topics in each level.

4.2.2 User modeling

Each user is modeled based on microblogs and relation-
ships. We applied author-topic modeling (ATM) to formu-
late the user model using microblogs. The ATM parame-
ters are set as follows (see Section 3.2.2 for parameter def-
initions): K= 50, = 50 / K, and g = 0.01. We also generate
the follower collection model and following collection
model for each user by merging uset’s each followet’s posts
and following’s posts respectively. Note that the follower
model and following model are normalized in this study.
Finally, the user fusion model is formed by integrating the
user, follower, and following models, respectively weighted
0.6, 0.2, and 0.2.

To demonstrate the process, we choose user
“178**+*763” on Sina Weibo, who has a large number of
followers. As Table 3 shows, the high-frequency topics of
the user model, follower collection model, and following
collection model for this individual are “Topic0,”
“Topic19,” “Topic47,” “Topic26,” and “Topic3.” The only
difference between the follower model and following
model is found in the topics’ weights. Compared to the
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Y%k (Training)

Topic0:

fini (Fighting) 0.0257

EL.3E (competition) 0.0241

JLER (Football) 0.0142

.5 (brother) 0.0126

YL ( training) 0.0112

JEERFEFE (Football game)
Topicl9:

JEEK (football) 0.0368

Lt %€ (competition) 0.0205

1B IR (club) 0.0089

3% (league) 0.0059

5 ZE (champion) 0.0053

[E% (Guoan) 0.0049

NAEJEAE (Life thoughts)

Topic47:

N (life) 0.0219

A3 (living) 0.0207

5 (world) 0.0133

L4 (live) 0.0085

A48 (dream) 0.0067

ZBE (Family)

Topic26:

#%F (child) 0.0090

1545 (mother) 0.0061

[A1ZX (go home) 0.0047

JLF (son) 0.0046

HEE (father) 0.0044

% (go home) 0.0049

L (mood) 0.0040

¥ (go to work) 0.0037

IZ (eat) 0.0036

0> (love) 0.0120

A B} (parent) 0.0096

HUAE (blessing) 0.0089

4 (live) 0.0074

JEJHE (constellation) 0.0121

B (rest) 0.0113

fiEA (panda) 0.0061

JiniH (fighting) 0.0095

ERi% (soccer fans) 0.0108 PYL» (heart) 0.0058 % )L, (daughter) 0.0034
HEER (goal) 0.0048

TAE (work) /32 (charity) HEIEESE (life record) TZ# (religion)

Topic3: Topicl8: Topic36: Topicl3:

[ (classmate) 0.0064 %1 (child) 0.0351 el (glutton) 0.0140 5%} (Buddhism) 0.0108

3§ (buddha) 0.0092

fEAT (discipline) 0.0078

M (beings) 0.0070

V5T (master) 0.0070

/A7) (company) 0.0029 f£3% (delivery) 0.0074

M5 (sleep) 0.0074 B E (wisdom) 0.0065

Table 4. The terms and probabilities of topics presented in Table 3.

user model, the fusion model substitutes “Topic36” for
“Topic13.” Table 4 details the probability of the terms for
each topic in Table 3.

High-frequency topics of the three models are “train-
“life thought,” “family,” and
“work”; in the fusion model, “religion” was replaced by

2

ing” “football game,”
“life record.” The high weight of the topics “training” and
“football game” indicates that this user likes football or
does work related to football; they are also interested in

EEINT

other topics, like “life thoughts,” “family,” “work,” “char-

ity,” and “life record,”
4.2.3 Community detection
We detected four communities based on the relationship

dataset. Figure 3 shows the population distribution of the
communities’ members.

As Figure 3 shows, Community 3 has the largest num-
ber of members (almost 40% of the total); the other three
communities have similarly sized populations, each being
around 20%.

As Figure 4 shows, users in the Community 4 are mainly
related with the football domain and a few users ate related
with the other four domains. It indicates that users from
different domains are linked. There are significantly more
men than women in the “football” community, indicating
that male users are more interested in football. Finally, the
registration date findings indicate that Weibo’s popularity
increased significantly in 2010 and 2011, with a high pro-
portion of registrations in both years.

As Figure 5 shows, members of the “football” commu-
nity come from different provinces. Besides Beijing, Shang-
hai and Guangzhou, there are many users from other re-
gions like Liaoning, Guangdong, Shandong, Tianjin, Hubei,
etc.
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Community 4
17.96%

Community 1
22.91%

Community 2

Community 3 19.96%

39.17%
Figure 3. Community population distribution.
Domain distribution
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90,00%
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Figure 4. Domain, Gender, and Registration Date Distribution of Community 4.
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Figure 5. Province Map of Community 4.

4.2.4 Multi-dimensional association

In this section, we will show the relationship between com-
munity topics and hierarchical topic for the “football”
community. Figure 6 shows the associations among uset,
community, and topic hierarchy.

User “178***763” in Sina Weibo is assigned to the
“football” community from the experiment results, so we
can recommend the “football” community and other
members to them. Community topic0 is closely related to
first-layer topic3, which is itself closely related to second-
layer topic4, which is, in turn, closely related to third-layer
topicl.

Topic hierarchy structure

Table 5 shows the term distribution of topicO (“foot-
ball”), topic4 (“football game”), and topicl (“domestic
match”). These topics are closely related to topicO (“foot-
ball training”).

For fine-grained detail on the community's interest topics,
we present the third-layer topic distribution of second-
layer topic 4 in Table 6.

As Table 6 shows, the third-layer topics of second-layer
topic4 are “international match,” “domestic match,” “player
training,” “football show;” and “person.” We can thus rec-
ommend topics in a more refined and accurate way based
on the associated community and topic hierarchy. Here, we
can recommend these third-layer topics for the “football”

second layer topics third layer topics

topic 0 (0.4682) topic 0 (0.5192)

1

1

1
user ' first layer topics

1

1
| topico (0.4780)

|

1

“football” !
v || topicl (0.4319)

1

l‘ :

1

Community topics !

topic 2 (0.4130)

Community to-

topic3 (0.6625)

topic 1 (0.5589) topicl (0.7676)

topic 2 (0.5016) topic 2 (0.5578)

picO

topic 3 (0.4439) topic 3 (0.5136)

community

topic 4 (0.4396)

topicd4 (0.7328) topic 4 (0.6551)

Figure 6. Associations among user, community, and topic hierarchy in the “football” community.
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First-layer topic-Topic3 | Second-layer topic-Topic4 | Third-layer topic-Topicl
«LERY « L B g <[] py FE >
(football) (football game) (domestic match)
TN (fighting) JEEK (football) 3% (competition)
0.0053 0.0196 0.0369
JEEK (football) 648 (competition) BRIE (football fan)
0.0051 0.0191 0.0211
[L3’ (competition) T3 (fighting) JEEK (football)
0.0050 0.0161 0.0191
[B 5 (go home) BRIE (football fan) ERBA (football team)
0.0031 0.0088 0.0102
104 (mother) {HIRER (football club) ] M (Guangzhou)
0.0027 0.0054 0.0073
UL (sleep) ERBA (football team) %% (league)
0.0025 0.0054 0.0069
#%F (child) W5 (train) JE3 (Beijing)
0.0025 0.0053 0.0060
BRI (football fan) BRI (footballer) H & (Qingdao)
0.0023 0.0048 0.0054
FZil (love) Y26 (brother) F (home court)
0.0019 0.0047 0.0049
b 2B (brother) RE (sports) 1§ (Shanghai)
0.0019 0.0042 0.0048

Table 5. Relevant topics of community topicO.

Topic0 Topicl Topic2 Topic3 Topic4
“fit FF “E P EHE “BR A “CRERTH” “Rz= \p»
(international match) (domestic match) (player training) (football show) (person)
Lt 2% (competition) Lt 2§ (competition) JEEK (football) AF (sports) JNvH (fighting)
0.0167 0.0369 0.0288 0.0108 0.0122
BRI (footballer) BRI (football fan) &k (coach) JEEK (football) % (Guoan)
0.0085 0.0211 0.0060 0.0080 0.0059
HEEK (goal) JEER (football) % (child) 648 (competition) JEER (football)
0.0076 0.0191 0.0058 0.0059 0.0032
ERBA (football team) ERBA (football team) YL (train) g (Shanghai) LR (women’s soccer)
0.0075 0.0102 0.0048 0.0046 0.0025
UL (span) J7 M (Guangzhou) 13 (sport) BRIE (football fan) 5 (Qingdao)
0.0061 0.0073 0.0039 0.0045 0.0023
&% (champion) XZE (league) BRI (footballer) B (broadcasting) T 7K ¥ (Wang Yongbo)
0.0055 0.0069 0.0038 0.0041 0.0022
£ (Real Madrid) JE5T Beijing) {BER# (football club) 2N (participate) Z5 il (Li Shuai) 818
0.0054 0.0060 0.0036 0.0038 0.0017
BB (Bass) & (Qingdao) L 2§ (competition) BRI (football club) FWE (Wang Xiaolong)
0.0049 0.0054 0.0035 0.0037 0.0016
BRI (Ttaly) FE3 (home court) 123 51 (athlete) I3F (scene) HBA%E—(Shao Jiayi)
0.0048 0.0049 0.0032 0.0031 0.0016
3R (final) ¥ (Shanghai) &F (sports) 1 H (show) 2z (Xu Yunlong)
0.0047 0.0048 0.0032 0.0028 0.0015

Table 6. The third-layer topic distribution of second-layer Topic4.



https://doi.org/10.5771/0943-7444-2019-2-90
https://www.inlibra.com/de/agb
https://creativecommons.org/licenses/by/4.0/

100

Knowl. Org. 46(2019)No.2

Chengzhi Zhang, Hua Zhao, Xuchua Chi and Shuitian Ma. Information Organization Patterns from Online Users in a Social Network

community. In addition, other second-layer topics can be
recommended to the community to help usets access mote
relevant information. In short, users can easily obtain a com-
prehensive, in-depth pictute of their topics of interest.

4.2.5 Comparisons between different organization
patterns

There are three basic elements for information organiza-
tion in this paper: topic hierarchy, user, and community. As
Table 7 shows, we analyze different combinations of the

main elements with respect to their information organiza-
tion methods and associated advantages and disad-
vantages. The table also provides examples of relevant so-
cial media platforms.

As described in Table 7, for those organization models
using only one element (all elements are user, hierarchical
topic, and community), it is more costly for users to access
information from another two sources. For those models
using two elements, shortages might exist when infor-
mation organization is trying to build on the missing ele-
ment. For instance, user interaction is not sufficiently

Basic Elements

Organization Model

Advantages

Disadvantages

Social Media Cases

Users in a friend

Information is usually

Obtained information

Communication software

common interest or goal,
who are also highly likely
to be friends.

relationship on social shared through a one-to- | resources are limited to e.g, Tencent QQ,
User media can send all types one connection and with | the range of friends. Messenger

of messages and be fully | known friends, which

connected. guarantees privacy.

Information content is Information organized in | Classification system is Internet encyclopedia

based on entries and is a hierarchical topic not clear enough; the projects
Hierarchical oFganlzgd ina structure can help users dat? ne‘ed to be e.g, Wikipedia, Baidu
Tovi hierarchical manner to quickly search for and | maintained and updated Encyclopedia

opic . . . . yclop

according to a certain find needed knowledge. in real time.

classification system or

topic.

Users with the same Users within the same Accessible information Online communities,

information needs are community can quickly resources are limited by e.g., Google Groups

integrated in the same share information. community themes.
Community virtual space and

communicate with one

another within this

community.

Users who seek specific Interaction between users | User interaction is not Socialized question and
User + information will consult and information sufficiently strong. answer platforms,
Hierarchical their friends or look for acquisition can be e.g, Zhihu, Stack
Topic relevant information efficient. Ovetflow

based on the topic.

Users make friends Convenient for users to Community construction | Business social platforms,

gradually and effectively achieve their is affected by users’ social e.g, LinkedIn, Dajie
User + communities are basically | social goals and maintain | activities over social Network

. groups of users with a personal connections. media.

Community

Community +

Users within each
community have highly
personalized interactions;

Users in the same
community can share
information in real time

Information sharing
within social media
communities is mainly in

Web forums
e.g, Tianya

social media.

sources.

Hierarchical different communities and find corresponding the form of text and
Topic have different topics that | sub-communities pictures.

can be organized in a according to their own

hierarchical structure. information needs.

Users can obtain Users can engage in There might be Social networking
User + information through social behaviors, access information security platforms,
Hierarchical friendships, communities | rich information sources, | risks. e.g,, Facebook, Douban
Topic + to which they belong, and | and obtain information
Community hierarchical topics on effectively from different

Table 7. Compatisons between different information organization patterns.
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strong when community information is not considered.
Therefore, the most efficient solution is to incorporate all
three elements in the information organization model, en-
abling users to obtain information via friends, communi-
ties to which they belong, and hierarchical topics on social
media.

5.0 Conclusion

We have described our investigation into how to organize
information on social networks in a user-centered way to
meet personalized needs. Our proposed method linked
UGC:s, users, and user communities in multi-dimensional
framework.

First, we constructed a three-layer topic hierarchy based
on UGCs. Second, we developed a user interests model us-
ing UGCs and relationship data, fusing the user, follower,
and following models. Third, inspired by previous work on
community detection, we proposed a new approach for de-
tecting the topics of each community. Finally, we derived a
multi-dimensional  information organization pattern
through similarities among three dimensions: the UGC
topic hierarchy, user interest model, and user communities.

Our results show that the topic hierarchy is effective in
providing supplementary and recommended information.
Problems of spare data in user modeling can be partly
solved by integrating it with the relational model. We can
also help users find communities of interest using commu-
nity detection. As the user modeling in this paper is not
evaluated, we propose to conduct a follow-up study, in
which the evaluation will involve both expert scoring and
user assessment, such as user satisfaction of information
recommended through platforms.
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Appendix: The sample of UGC topic hierarchy construction

The first layer
“3CE"(literature) “EE(1aw) “BE¥T"(medical) “R3R"(football) “EB M (internet)
Topic0 : 0.2707 Topicl : 0.1894 Topic2 : 0.1238 Topic3 : 0.2557 Topic4 : 0.1604
A (life) 0.0049 &P (lawyer)0.0203 £ F(child) 0.0118 Jnsd(fighting) 0.0053 F#l(phone) 0.0076
H5E (live)0.0048 SE2(law) 0.0049 B=B% (hospital) 0.0111 R BR(football) 0.0051 & (activity) 0.0053
YEZR (writer) 0.0041 & (society) 0.0049 SAYT (treat) 0.0110 28 (competition) 0.0050 /&) (company) 0.0052
= (story) 0.0038 E R(country) 0.0044 FE = (baby) 0.0080 [B1 5 (back home) 0.0031 R (release) 0.0044
/M (fiction)0.0034 ZE(America) 0.0040 B3 (sufferer) 0.0075 535 (mother) 0.0027 &5 (experience) 0.0041
£(film)0.0034 BRF(government) 0.0035 FR(operation) 0.0058 L3 (Shanghai) 0.0026 7= & (product) 0.0034
HE & (works) 0.0030 #7H (news) 0.0031 # & (examination) 0.0050 BEB (sleep) 0.0025 F R (upgrade) 0.0032
&3 (author) 0.0026 84K (media) 0.0026 L (female) 0.0038 B F(child) 0.0025 15 (wechat) 0.0032
tH AR (publish) 0.0020 SEBR (court) 0.0021 1712 (clinic) 0.0038 IR (football fans) 0.0023 BBk M(internet) 0.0031
3 (literature) 0.0019 SR E (judge) 0.0018 A (patient)0.0035 {21 (greedy) 0.0021 I #¢(function) 0.0030
The second layer ¢ L ¢ ¢
\4
“F & (expert) B AR SR Csurgeryd RS “RR(diet)
Topic0: 0.2269 (daily maintenance) Topic2: 0.1451 (women’s health care) Topic4: 0.1627
BB (hospital) 0.0219 Topic1:0.2759 SAF% (reat) 0.0180 Topic3: 0.1894 FF (baby) 0.0149
b3 (Beijing) 0.0082 R (baby) 0.0089 R (cffectment) 0.0058 BT (reat) 0.0213 A (food) 0.0126
B (sufferer) 0.0079 $58B(mother)0.0063 Sk (skin) 0.0055 H & (check) 0.0130 42 3 (vitamine) 0.0060
7 A(patient) 0.0070 T (sport) 0.0035 S i) 0.0083 B (suffer) 00124 R A(diet) 0.0060
BE57 (medical) 0.0061 £ (live) 0.0050 24 (sufferer) 0.0053 ERR(hospital) 0.0093 EF%(nutrition) 0.0054
H{&(body) 0.0049 Z £ (female) 0.0089
K % (doctor) 0.0050 BRER (eye) 0.0045 R (food) 0.0042
A (patriarch) 0.0040 FIA (disease) 0.0077
# R (professor) 0.0049 # % (acupuncture) 0.0038 AKR(fruit) 0.0039
R & (parents) 0.0039 E(womb) 0.0076
F R (expert) 0.0047 N 12 (chineseherb) 0.0033 ¥, (breast milk) 0.0038
B8 ( condole ) 0.0032 SEIR (symptom)0.0075
M (clnic) 00041 HE955(ill) 0.0030 & (alopecia) 0.0030 F R (operation) 0.0073 “F#B(nil 0.0032
H(Concord hospital) 0.0041 BB slecp) 0.0029 1R (massage) 0.0030 BT (child) 0.0072 B3R (vegetable) 0.0031
The third layer ¢ ¢ ¢ ¢
“% 2" (pregnancy) “M M TR (affluenza) “BiL"(vis.) “W B (infant-raising) “Zi"(pregnancy test)
Topic0: 0.1594 Topicl: 0.1974 Topic2: 0.2447 Topic3: 0.1993 Topic4: 0.1992
Lt (female) 0.0294 FER A (diabetes) 0.0116 SAYT (treat) 0.0311 JAYT (treat) 0.0225 B&L(fetus) 0.0218
E(womb) 0.0255 F A (disease) 0.0113 8 % (sufferer) 0.0284 FF(child) 0.0171 E X (baby) 0.0217
SAYT (treat) 0.0156 & I FE (hypertension)0.01 1732 (clinic) 0.0235 BiF(infect) 0.0152 T (child) 0.0178
BBz (hospital) 0.0151 2% (suffer) 0.0084 F 7R (operation) 0.0204 Z5¥)(medicine) 0.0120 23 (gravida) 0.0160
A2 (menstruation) 0.0134 SAYT (treat) 0.0079 # & (check) 0.0125 JEAR (symptom) 0.0117 £ 2 (pregnant) 0.0158
BEH(cervix) 0.0119 WA(diet) 0.0079 N5 (plus) 0.0121 BB (cold) 0.0110 B2 (check) 0.0156
A (myoma) 0.0118 R F(factor) 0.0073 R (apply) 0.0111 %8 (cough) 0.0098 & B (growth) 0.0137
& (check) 0.0115 2%l (control) 0.0072 BB (hospital) 0.0100 E = (baby) 0.0097 43 #(childbirth) 0.0095
FEIR (symptom) 0.0112 I (blood) 0.0067 9% A (patient) 0.0096 =B (hospital) 0.0089 FE IR (gestation) 0.0089
B (sterility) 0.0093 B (prevent) 0.0058 2 B (diagnose) 0.0076 & H(vaccine) 0.0080 Hi 4 (birth) 0.0059
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