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(2024) Crowdsourcing User Community Di-  Under the crowdsourcing environment, dividing the user community is not only
tht'ﬁguigdHEfeprggmﬁ ﬁgjéfc'zsﬁff?oﬁﬂ beneficial for understanding the platform's user structure and managing resources
puter and Communication, 5(2), 152-157. within the platform but also enhances user group recommendations. In this paper,
DOI: 10.26855/acc.2024.04.010 a comprehensive similarity calculation method based on heterogeneous attributes
o is proposed, building on existing research and considering the heterogeneity of user
iigg;{:’teeﬂ': '\A"‘g;ﬁhﬁéﬁgﬁ“ attributes and inter-user structure. Based on the similarity between nodes, a specific
Published: May 24, 2024 threshold is selected for community division using a systematic clustering ap-
proach. The community structure evaluation function is designed to assess the qual-
“Corresponding author: Tingting Zhang,  jty of community division, and the algorithm's accuracy is demonstrated through
af:sg:s?tfycﬁgﬂ:g ﬁgﬁggﬁ gﬁm'a”g Audit oy perimental analysis. The research results show that the method in this paper can
' ' ’ not only effectively mine the actual structure within the user community and
achieve the rational subgrouping of crowdsourcing users but also help enhance the
accuracy of the platform's task recommendations, thereby improving the platform's

operational efficiency and visibility.
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1. Introduction

In a crowdsourcing environment, dividing user communities is advantageous for understanding the platform's user
structure, managing internal resources, and recommending user groups [1]. For instance, segmenting users on the
website based on similar interests and preferences enables the recommendation of relevant user groups for large-scale
complex tasks, thereby enhancing the quality of crowdsourced task completion. In current research on community
segmentation, most are based on users' structural characteristics and attribute features [2]. These features can include
information such as users' interests, behavior patterns, geographical location, age, gender, educational background,
and more. Utilizing these features for community segmentation helps in understanding the similarities and differences
between user groups, thus aiding in better management and provision of relevant services [3].

Users' attribute characteristics are usually heterogeneous due to the fact that they may have multiple belonging
categories [4, 5]. In a crowdsourcing environment, during the process of task searching and selection, users may
consider their own professional knowledge background to choose tasks that match their capabilities. Therefore, they
typically possess domain-specific characteristics related to their affiliations. Furthermore, due to the dynamic and
diverse nature of user interests, individuals may possess other interest preferences in addition to their professional
expertise. For instance, an IT professional might have a certain level of interest in painting. Consequently, users
typically exhibit corresponding preference characteristics apart from their domain background. Indeed, a user may
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have multiple affiliations, leading to heterogeneous distribution characteristics in their attributes.

This paper conducts community segmentation based on the heterogeneous attribute characteristics possessed by
users, differing from traditional studies that assume independence between user structure and attributes. We suggest
that the relationships among user attributes can create a network structure among users, and user structure network
simultaneously contains the relationships among user attributes. The research considers both the attribute character-
istics of users in crowdsourcing environments and the structural relationships among users. It constructs correspond-
ing structural relationship networks based on users' domain-specific characteristics and preference features separately.
Building upon this, the research calculates the similarity between users and proposes a community partitioning algo-
rithm based on the heterogeneity of attribute features. The study validates the effectiveness of the algorithm through
experimental analysis.

2. User network relationship description

This paper conducts community division based on the heterogeneous characteristics of user attributes. The resulting
crowdsourced user community network is a community structure composed of nodes and edges. The nodes contain
rich heterogeneous information, encompassing both the domain-specific characteristics and preference features of
the user nodes [6]. Edges represent the weight between two user nodes, describing the closeness of their connectivity
relationship. Due to the heterogeneous nature of attributes, two users might have different partitioning results based
on distinct partitioning criteria. That is to say, while being in the same domain, users might have different interest
preferences; and although they have similar interest preferences, they might belong to different domain scopes. There-
fore, based on the diversity of relationships among users, this article analyzes two types of network structures. It
constructs networks of user-domain relationships and user-preference relationships respectively.

For the user-domain relationship networks, the edges between users indicate whether two users belong to the same
domain scope, while the attributes of user nodes represent some interest preferences that users possess in the real
world when completing tasks. For the user-preference relationship networks, the edges between users indicate
whether two users have similar interest preferences, while the attributes of user nodes represent whether users possess
corresponding domain-specific characteristics.

In the user-domain relationship networks, the weight of edges between users indicates the degree of connectivity
in the network, which is based on the domain relationships between users. Assuming users U; and Uj are connected
due to the domain relationship D, the value describing the relationship between U; and U; should be a non-zero value.

Based on the user-domain feature relationship, we construct a network of domain feature structural relationships
among users. Let Ga be an undirected network comprising m nodes, where Ui (1 <i < m) represents the i-th node in

Ga. The set of attribute features preference for its nodes is U™ = (U, ,U; ,..,U; ). DSij denotes the relationship

between the edges of node Ui and node Uj, which represents the domain relationship between two users. The struc-
tural network of the user-domain relationship Ga = (U, UF, DS) is illustrated in Fig. 1 as shown below.

Similarly, a structural relationship network based on user preference features among users can be constructed. The
weight of edges between users represents the closeness of connection based on preferences, such as users' interests
in network programming, English, music, photography, and more.

The structural network of user preference relationships is denoted as Gb = (U, UD, FS), illustrated in Fig. 2 below.
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Figure 1. User-Domain Feature Relationship Network Ga. Figure 2. User Preference Feature Relationship Network Gb.
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3. Community division based on heterogeneous characteristics
3.1 User Similarity Analysis Based on Domain Structure

Based on the domain features, the structural relationship among users represents whether two users possess similar
knowledge backgrounds for a particular issue. In this article, this structural relationship is delineated based on the
domains they both belong to. DS;j denotes the strength of the structural relationship between users U;and U;. A higher
value of DS;j indicates a greater similarity in domain structures between the two users, represented as:

N, Ny uy>1
DSij = Wiru;)
0, else

N represents the number of domains that both users U;j and Uj belong to. When the count of common domains is
greater than or equal to 1, then DS = N. otherwise, DS = 0. Similarly, user attribute relationships which are based on
the preferences represent the similarity in the ability features between two users. In this paper, the Jaccard similarity
is used to quantify the similarity between user attribute features. DNj; represents the similarity of preference features
between users U; and Uj. A higher value of DNj; indicates a greater similarity between the preference features of the
two users, expressed as:

_pfmuﬂ
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3.2 User Similarity Analysis Based on Preference Structure

Preference-based relationships between user structures indicate whether two users have the same interests for a par-
ticular problem. In this paper, the relationship between user preference structures is inscribed based on the preference
categories that users have in common. FS;jj denotes the degree of strength of the structural relationship between users
Uj and U;. The larger the value of FS;;, the greater the similarity between the two user preference structures, denoted
as:

N, Ny, u.y=1
FSij: Wind;)
0, else

N represents the number of preferences that both users Ui and Uj share. FS = N when the count of shared prefer-
ences is greater than or equal to 1; otherwise, FS = 0. Similarly, the attribute relationship network between user nodes
based on domains represents the similarity in knowledge backgrounds between two users. Let FNj; represent the
similarity of domain attribute features between users U; and U;. A higher value of FNj; indicates a greater similarity
between the domain attribute features of the two users.
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3.3 User Similarity Analysis

Based on the similarity analysis in this paper, the similarity between two users in the user-domain structural network
should be characterized by both the structural similarity DS;; among users and the node attribute similarity DNj;.
Similarly, in the user-preference structural network, the similarity between two users should also be delineated by
both the structural similarity FS;; among users and the node attribute similarity FNj;.
Considering the heterogeneous nature of user attributes, the comprehensive similarity Wjj between users based on
domain and preference structures is formulated as:
DS DN;

In |Dsij| [ON;
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DS;; represents the similarity in user domain structure, DNjj represents the similarity in user preference attribute
features, FS;jj represents the similarity in user preference structure, and FNj; represents the similarity in user domain
attribute features. o and B are tuning parameters.

3.4 Community Partitioning Algorithm Based on User Similarity

Based on the above analysis, the goal is to partition the crowdsourced users into several communities, aiming to
create communities where the similarity between nodes within each community is maximized. A relatively good
community division results in a high similarity of nodes inside the community and a low similarity of nodes outside
the community. Modularity is defined as the ratio of the total number of edges inside the community to the total
number of edges in the network minus an expectation value. This expectation is the magnitude of the ratio of the total
number of edges within a community to the total number of edges in the network formed by the same community
assignment when the network is set as a randomized network. In this paper, based on Newman's idea of modularity
division, the algorithm for calculating user similarity is integrated into the calculation method of modularity, so the
modularity Q is:

o(Cy,,Cy))

i

1 kaky,
2m

Q=-— _ W(UivUj)

Where m represents the total number of edges in the network, W(Ui,uj) represents the similarity between two

nodes. k. represents the degree of node U;. The o function's value is defined as follows: if U; and U are in the

same community, it equals 1, otherwise it is 0.
4. Experimental Analysis

This paper analyzes the validity of the model based on the experimental data provided by the SQUARE website,
which provides a comparative benchmark dataset for crowdsourcing research. It contains 900 English documents,
149 participants, as well as information on participants' domain scope and preference characteristics.

Using the community division method in this paper, the modularity of the community division result is calculated
based on the crowdsourcing user domain characteristics and preference features dataset, and the values of the simi-
larity modularity function under different numbers of communities are given, as shown in Fig. 3. As can be seen from
Fig. 3, the similarity modularity function obtained from the calculation shows a trend of rising and then falling, and
reaches the maximum value (at the vertex) when the number of communities C=5, at which time the corresponding
community structure is the final output of the algorithm's community segmentation results, and its visualization re-
sults are shown in Fig. 4.
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Figure 3. Modularity changes based on the number of communities. Figure 4. User community division results.

The analysis of Figure 4 shows that of the five communities divided, community C1 (the lower left corner) consists
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of 21 users; community C2 (the upper left corner) consists of 23 users; community C3 (the upper right corner) consists
of 26 users, of which user 57 community C4 (the lower right corner) consists of 17 users, and community C5 (the
middle) is the largest community divided, and it consists of 62 users.

Analysis shows that in community C1, user 31, user 67, and user 115 are more remote from the community and
close to C5, indicating that these users may meet the characteristics of community C5 at the same time; in community
C2, user 148 and user 73 are more remote from the community, and these users may meet the characteristics of
community C5 at the same time; in community C3, user 109, user 57, and user 37 are more remote from the commu-
nity, these users may meet the characteristics of both C2 or C5 communities, while user 50 and user 25 may meet the
characteristics of both C4 or C5 communities; in community C4, user 22 and user 23 may meet the characteristics of
both C5 communities.

Analyzing the community as a whole, communities C1, C2, C3, and C4 are smaller in size, and the knowledge
background and interest preferences of users in these communities may be more concentrated, which is more suitable
for completing tasks with certain professional characteristics. Community C5 has a larger scale and a more dispersed
community density, and the knowledge background of users in these communities may be more extensive, which is
more suitable for completing popular tasks, and real-life users mostly have this kind of characteristic.
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Figure 5. Comparative analysis with the example.

In order to further verify the effectiveness of the method in this paper, we compare it with the community structure
obtained by the classical systematic clustering method. The Q function of modularity is used to measure the quality
of the community, and the experimental results show the effectiveness of the method.

5. Conclusion

This paper takes users in the crowdsourcing environment as the research object and proposes a community division
method based on attribute heterogeneity features by comprehensively considering users' heterogeneous attribute fea-
tures and structural features. In order to improve the accuracy of the analysis, firstly, the domain similarity between
users is determined based on their domain structure network and preference features, and the preference similarity
between users is determined based on their preference structure and domain features; then, the comprehensive simi-
larity between any two users in the network structure is calculated based on the domain similarity and preference
similarity between users; Finally, based on the comprehensive similarity between users, the evaluation function of
community structure is constructed, and the systematic clustering method is used for community division. This
method can effectively mine the real structure inside the user community and can obtain both decentralized large
communities and centralized small communities. In addition, the community division of crowdsourcing users can
realize reasonable grouping of users, which helps crowdsourcing platforms to design tasks according to the distribu-
tion characteristics of users, thus improving the accuracy of the platform's task recommendation.
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