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Abstract
【Purpose】Through analyzing user behavior on social networking platforms, this
study aims to identify core users within social niche groups, providing references
for social resource recommendation services. 【Method】We collected 1,208 tags
from Douban Reading users, constructed a tag co-occurrence matrix for the top
100 ranked tags, analyzed the K-core network structure of users, and investi-
gated the fluctuation patterns of users’K-core collapse sequences. 【Results】
Compared with methods such as degree centrality and minimum K-core depth
values, the K-core collapse sequence-based method discovered new core users
within social niche groups. 【Limitations】The sample data scale is relatively
small and confined to a specific domain; the ranking problem cannot be effec-
tively resolved, necessitating further improvement of the K-core analysis method.
【Conclusion】This study assists managers of social networking platforms in formu-
lating or improving new resource recommendation strategies, thereby promoting
the better development of social networking platforms.
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Abstract

[Objective] This study aims to identify core users within social minority groups
by analyzing user behavior on social networking platforms, thereby providing
insights for social resource recommendation services. [Methods] We collected
1,208 tags from Douban Reading users and constructed a tag co-occurrence ma-
trix for the top 100 tags. We then analyzed the K-shell network structure of
users and examined the fluctuation patterns of their K-shell collapse sequences.
[Results] Compared with methods such as degree centrality and minimum
K-shell depth values, our approach based on K-shell collapse sequences success-
fully identified new core users within social minority groups. [Limitations]
The sample size was relatively small and limited to a single domain. Addition-
ally, the ranking problem could not be adequately resolved, requiring further
improvements to the K-shell analysis method. [Conclusions] This research can
help social networking platform administrators formulate or improve resource
recommendation strategies, thereby promoting better development of social net-
working platforms.

Keywords: Core user; Social resource recommendation; Social network analy-
sis; K-shell collapse sequences
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Introduction

The problem of big data on the Internet is becoming increasingly severe, with
daily data generation equivalent to filling approximately 168 million DVDs. This
data contains rich information about user behaviors, particularly in the form of
“tags,”which together with users and resources constitute the primary objects of
study in social recommendation research. How to deeply mine user relationship
networks established through tags to provide users with precise resources that
match their interest preferences represents a key research focus in both infor-
mation science and management fields, and will remain a crucial direction for
information services over the next decade.

In social networking services, user preferences for resources exhibit a long-tail
distribution compared to mainstream information needs, tending toward minor-
ity interests. Users require personalized information, yet traditional filtering-
based social resource recommendations primarily focus on popular mainstream
content, making it difficult to identify needs within niche communities. On one
hand, users need access to deep-level personalized information; on the other
hand, as members of preference communities, users share similar needs with
others in their community. Consequently, the relationship structure between
users and resources forms and exhibits minority structural characteristics, cre-
ating what we term “niche communities.”In virtual social communities with
multi-dimensional semantic relationships (such as browsing, commenting, and
forwarding), every user has the potential to become a niche core user within
a specific domain. Therefore, a critical challenge in this field is how to lever-
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age social platform resources and employ social network and complex network
analysis methods to hierarchically identify these niche core users.

Literature Review

Related research on core users both domestically and internationally primar-
ily focuses on “opinion leaders”and “niche experts.”For instance, Momtaz et
al. utilized social network analysis to identify opinion leaders by comprehensively
considering centrality, structural holes, and indegree. Zhang et al. designed a
clustering algorithm based on time series for community extraction and opin-
ion leader mining, demonstrating its feasibility through empirical analysis of
the Tianya community. Gnambs et al. established a moderation model for the
knowledge and characteristics of opinion leaders. Wang et al. and Gu et al. an-
alyzed opinion leader identification in the context of emergency events. Li et
al. used MetaFilter as a data source to refine niche experts from the perspectives
of betweenness centrality and clustering coefficients, identifying user character-
istics and roles of niche experts across different periods. Chen et al. studied
the influence mechanisms of opinion leaders in public opinion events from the
perspective of their guiding role.

Overall, when using social network analysis methods for social resource recom-
mendation, the key challenge lies in identifying core users within relationship
networks. Many scholars have analyzed this problem from traditional perspec-
tives such as degree centrality, betweenness centrality, and closeness centrality,
while some have approached it from the K-shell value perspective. For example,
He et al. studied personalized information recommendation in microblogs by
leveraging the characteristic that higher K-values indicate stronger propagation
capabilities. Kitsak et al. argued that users with high propagation efficiency in
communities generally exist in K-shell decompositions. Zhou et al. proposed an
importance evaluation matrix to identify the most important users in networks
and analyzed the propagation capabilities of users with small K-shell values. Ren
et al. analyzed the propagation capabilities of users with small K-shell values
using neighbor user K-shell information. However, few scholars have analyzed
core users from the perspective of K-shell collapse sequences. This paper pri-
marily utilizes K-shell collapse sequences to identify the overall fragmentation
of user relationship networks, discover core users and their niche communities,
and recommend the resources they master to other users.

Methodology

3.1 Basic Approach In the social resource recommendation process, we con-
structed a social resource recommendation model as shown in [Figure 1: see orig-
inal paper]. The approach involves first building a user relationship network and
performing K-shell decomposition to construct users’K-shell collapse sequences.
By analyzing the overall fragmentation of the network, we can identify core
users if fragmentation exists. Next, we screen for high-density subgroups to
discover niche communities. Finally, we recommend information mastered by
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core users to other members of these niche communities, completing the social
resource recommendation process.

3.2 Constructing K-Shell Network Structure K-shell is a highly effective
method for studying the hierarchical structure of complex networks, capable of
revealing cohesive subgroups. It represents a measurement standard based on
degree. Seidman argued that minimum degree criteria could be applied to study
component structures to distinguish between high and low cohesion domains.
Analysis of a graph’s “K-shell”structure serves as an important supplement
to density measurement. A K-shell is a maximal subgraph where each user
connects to at least K other users, meaning each user has a degree of at least K.
A simple component constitutes a “1-shell”where all users are connected with
a degree of at least 1. A “2-shell”is formed by removing all users with degree
1 and examining the relational structure among remaining users, consisting of
remaining associated users with degree 2, with subsequent shells following this
pattern.

For an undirected graph G=(V, E), where V represents users and E represents
the tag co-occurrence set between users, the largest subgraph Hk=(W, E�W) in
the set W � V is the K-shell. That is, for any V�C, degree PH(v)≥K, indicating
that a K-shell exists in the network. The K-shell decomposition process ana-
lyzes network structure layer by layer, extending from outer to inner layers. It
recursively removes all users with degree values less than or equal to K, reveal-
ing structural characteristics and hierarchical properties of the network. The
minimum K-shell users represent the outermost layer of the network. [Figure 2:
see original paper] illustrates the K-shell decomposition of a user relationship
network.

In [Figure 2: see original paper], n users can be partitioned into four groups with
degrees of 2, 3, 5, and 6 respectively, where the 6-shell is the largest connected
subgraph. Users in the 6-shell occupy the core area of the core-periphery struc-
ture, with each user connected to at least six other users in the graph. From the
largest 6-shell to the 5-shell, 3-shell, and finally the smallest 2-shell, larger shells
are subgraphs of smaller shells, meaning all users contained in larger shells can
be found completely within smaller shells. During the clustering process from
smaller to larger shells, residual users may emerge at each level.

3.3 Analyzing K-Shell Collapse Sequences While K-shell represents a
relatively cohesive region within an entire graph, it is not necessarily the most
cohesive subgraph, as some regions may be loosely connected yet highly cohe-
sive, indicating overall network fragmentation. Seidman employed core collapse
sequences to estimate a network’s overall fragmentation. The core collapse se-
quence focuses on residual users generated during each level of clustering. Points
in a K-shell can be divided into two sets: those in K+1 and those not in that
shell. Seidman termed the latter group the K-residual set. The proportion of
points disappearing from the shell each time K increases by one unit can be
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arranged as a vector (a simple row of values) that describes the local density
structure within components. If values in the vector continue increasing to rel-
atively high K values, the network structure demonstrates consistency. If the
vector shows zero values persistently appearing after lower K values, the network
contains multiple high-density regions.

illustrates the K-shell collapse process. As the K-shell gradually collapses with
K values increasing from 0 to 6, many residual users are generated, producing a
core collapse sequence of: (0.05, 0.10, 0.15, 0.00, 0.10, 0.15, 0.45). The specific
sequence changes are shown in [Figure 3: see original paper].

In [Figure 3: see original paper], when K ranges from [0, 2], vector values in-
crease from 0.05 to 0.15. Then, when K equals 3, the vector value becomes 0,
causing minor fluctuations in the collapse sequence. As vector values generally
increase gradually, high-density subgroups emerge when K equals 4 and 5, cen-
tered around users (U4, U15, U1, Un-1) respectively, forming subgroups (U4,
U15, U6, U13) and (U1, U10, U12, U13, U17, Un-1). These represent niche
communities discovered beyond the common 6-shell subgroup (U12, U13, U9,
U10, U6, U7, U8, U16, U17).

For the first subgroup, resource preferences of U4 and U15 can be recommended
to other users in the niche community. Similarly, for the second subgroup,
resource preferences of U1 and Un-1 can be recommended.

Data Collection

4.1 Data Acquisition We randomly crawled user data from Douban’s“Read-
ing”page, selecting samples from the list of users each person followed, and ex-
panded our sample using a snowball sampling approach. We collected data from
35 users, assigning each a unique identifier for statistical convenience. Each user’
s tags were counted after removing duplicate annotations, resulting in a total
of 1,208 tags across all 35 users.

We sorted all tags from the 35 users by frequency in descending order and
selected the top 100 tags, with partial data shown in . The tag “literature”
appeared most frequently, indicating that many of the 35 users favored literary
works.

We constructed a tag co-occurrence matrix for the 35 users according to their
assigned identifiers. First, we sorted the tag collection by usage frequency and
selected the top 37 tags as sample data. We then analyzed how these 35 users
utilized these 37 tags, calculating the number of times each pair of users used the
same tags. If two users used the same tag three times, their tag co-occurrence
value was set to 3. The diagonal of the matrix was set to a specific value (e.g.,
0) to represent the relationship between a user and themselves, resulting in the
final tag co-occurrence matrix.
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Results Analysis

4.2 Results Analysis The K-shell analysis results for Douban data in Ucinet
are shown in [Figure 4: see original paper]. The figure reveals that the 35 users
can be partitioned into seven groups with degrees of 3, 4, 5, 7, 8, 9, and 10.
The 10-shell is the largest connected subgraph, with its users occupying the
core area of the core-periphery structure, where each user connects to at least
ten other users. From the largest 10-shell to the 9-shell, 8-shell, 7-shell, 5-shell,
4-shell, and finally the smallest 3-shell, larger shells are subgraphs of smaller
shells, meaning all users in larger shells can be found within smaller shells.

During the clustering process from smaller to larger shells, residual users may
emerge at each level. shows the K-shell collapse for Douban data. As K values
increase from 0 to 10, many residual users are generated, producing a core
collapse sequence of: (0.06, 0.09, 0.00, 0.11, 0.11, 0.14, 0.00, 0.03, 0.03, 0.03,
0.40). The sequence changes are illustrated in [Figure 5: see original paper].

In [Figure 5: see original paper], when K ranges from [0, 5], vector values
first decrease from 0.06 to 0, then increase to 0.14. Despite minor fluctuations,
the vector values generally increase gradually with relatively small magnitude,
making collapse sequence variations in this interval negligible. However, when
K ranges from [5, 10], vector values first decrease from 0.14 to 0, then increase
to 0.03, causing noticeable fluctuations. Finally, when K equals 10, the vector
value suddenly increases to 0.40, representing a significant change in the collapse
sequence. Consequently, when K equals 7, 8, and 9, the network generates three
high-density subgroups. The first two represent niche communities: the first
niche community (U30, U1, U26, U27, U2, U10) centers on U30 and U1, while
the second niche community (U25, U26, U34, U12, U16) centers on U25. The
third high-density subgroup (U6, U7, U8, U9, U10, U12, U13, U16, U17, U19,
U22, U26, U28) centers on U26 and U28. Core users can recommend resources
they master to other users in their respective niche communities.

(1) Comparison with Degree Centrality

In social network analysis, higher user centrality indicates a more central net-
work position. Some users with relatively high degree centrality are shown in .
The table reveals that U26 has the highest degree centrality, indicating it is a
core user in the network, followed by U28, U10, U13, etc. However, this table
does not identify the core status of U1 and U30. From the perspective of K-shell
collapse sequences, however, we discovered that U1, U25, and U30 are all core
users in niche communities.

(2) Comparison with Minimum K-Shell Depth

In social network analysis, numerous users have small K-shell values and are
generally considered peripheral users. By examining the maximum K-shell value
(depth) from the neighbor set of such nodes, core users can be identified. shows
the depth of minimum K-shell values (generally 0 or 1) for Douban data. Since
U21 has a depth of 28, meaning the maximum K-shell value in its neighbor set
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is 28, we can identify neighbor U26 as a core user when combined with [Figure
4: see original paper]. However, this method fails to identify the core status of
U1, U25, U28, and U30.

Therefore, compared with degree-based and minimum K-shell depth methods,
the K-shell collapse sequence approach demonstrates certain advantages in iden-
tifying core users using social network analysis.

Conclusion

This paper proposes utilizing K-shell collapse sequences to identify core users in
social network groups and provide niche recommendations to their communities.
Using sample data extracted from Douban’s reading social platform, our em-
pirical analysis demonstrates that the K-shell collapse sequence method is both
feasible and superior compared to degree centrality, betweenness centrality, and
minimum K-shell depth approaches. However, this study has limitations. First,
the research only examined Douban reading users, resulting in a relatively small
sample size. Second, when K-shell values are identical, we cannot effectively
rank other users within the niche community containing the core user. Future
work will expand the sample size and further improve the K-shell collapse se-
quence ranking algorithm to provide better social niche information resources
for users.
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