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Abstract
[Purpose/Significance] Online communities contain multiple knowledge units
with complex and intricate relationships among them. It is essential to perform
mining of multi-type knowledge associations in a unified and compact manner
while retaining the global information of knowledge units. [Method/Process]
This paper proposes an implementation scheme for multi-type knowledge associ-
ation mining in online communities. First, three typical types of knowledge units
(users, texts, and words) in online communities and their multiple relationships
in knowledge communication are extracted and modeled as a hypernetwork. Sec-
ond, network representation learning algorithms are utilized to represent nodes
in the hypernetwork as low-dimensional dense vectors within a unified feature
space. Finally, multi-type knowledge association calculations are performed
based on the node vectors. [Results/Conclusion] Taking the DXY Cardiology
Forum as a case study, experiments are conducted to validate the effective-
ness of the scheme. The scheme preserves complete information of knowledge
units, conducts knowledge association mining within a unified low-dimensional
feature space, and the resulting knowledge associations meet the demands of
diverse knowledge organization scenarios in online communities.

Full Text
Holistic Perspective Multi-knowledge Relations Mining in
Network Community
Xiao Lu1, Zhao Zhihui1, Chen Guo2 1School of Journalism, Nanjing Uni-
versity of Finance & Economics, Nanjing 210023 2School of Economics & Man-
agement, Nanjing University of Science and Technology, Nanjing 210094

Abstract: [Purpose/Significance] Network communities contain multiple
knowledge units with intricate relationships among them. It is necessary

chinarxiv.org/items/chinaxiv-202304.00298 Machine Translation

https://chinarxiv.org/items/chinaxiv-202304.00298
https://chinarxiv.org/items/chinaxiv-202304.00298


to conduct unified and concise multi-knowledge relations mining while pre-
serving the global information of knowledge units. [Method/Process] This
paper proposes a solution for multi-knowledge relations mining in network
communities. First, three typical knowledge units (users, texts, and words)
and their multiple relations in knowledge communication are extracted to
construct a supernetwork. Second, network representation learning algorithms
are employed to represent nodes in the supernetwork as low-dimensional
dense vectors in a unified feature space. Finally, multi-knowledge relations
are calculated based on these node vectors. [Result/Conclusion] Experiments
conducted on the DXY cardiovascular forum demonstrate the effectiveness of
the proposed solution. This approach not only retains complete information
of knowledge units but also enables knowledge relations mining under unified
low-dimensional features, with the resulting knowledge relations satisfying
the diverse requirements of knowledge organization scenarios in network
communities.
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Network communities have rapidly accumulated vast numbers of users and re-
sources, becoming important venues for knowledge exchange and utilization.
However, these communities generally suffer from resource fragmentation and
coarse-grained knowledge organization, causing valuable knowledge to be sub-
merged in massive datasets and making it difficult for users to effectively acquire
and utilize information. A key challenge in network community knowledge orga-
nization lies in the complex forms and significant granularity differences among
knowledge units—users, posts, comments, and topics are all knowledge units
that must be addressed, while both intra-granularity and cross-granularity units
exhibit intricate multiple relationships. It is necessary to systematically orga-
nize these relationships from a global perspective and conduct multi-relations
mining and revelation to promote deeper and finer knowledge organization in
network communities.

Current research on knowledge relations discovery in network communities pri-
marily focuses on unary relations, with multi-relations mining mainly employ-
ing supernetwork technology to provide multi-descriptions of multiple unary
relations. These relation types remain independent, essentially representing a
multi-presentation of unary relations. True multi-relations mining from a holis-
tic perspective has not been achieved, and network heterogeneity in nodes and
relations also complicates the utilization of cross-granularity multi-relations.

How can we concisely and effectively reveal multi-knowledge relations in net-
work communities while maintaining a global perspective and shielding interfer-
ence from cross-granularity knowledge units and heterogeneous relations? We
propose a solution: constructing a knowledge supernetwork for network com-
munities to ensure globality, then using network representation learning to rep-
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resent knowledge units as uniform low-dimensional dense vectors, enabling all
inter-unit relations to be computed based on these vectors. This scheme can
rapidly generate a multi-knowledge relations system for network communities
to guide knowledge organization, with feasibility and effectiveness verified using
the medical network community DXY cardiovascular forum as a case study.

Related Research
2.1 Network Community Multi-granularity Knowledge Unit Relations
Mining

Network communities mainly contain three granularities of knowledge units:
users, texts, and words. Multiple relationships exist among both same-
granularity and cross-granularity units. Unary relations mining includes: (1)
User-user relations, divided into direct and indirect relations. Direct relations
are obtained by analyzing following and replying behaviors, while indirect
relations are derived through analyzing direct associations. (2) Text-text
relations, measured using text similarity with common expansion sources
including domain ontologies and search engines. (3) Word-word relations,
where tags are important objects for mining semantic relations, with relation
strength primarily derived from co-occurrence frequency using methods like
social network analysis and LSA. (4) User-text relations, subdivided into direct
and indirect relations. Direct relations are obtained from publishing and
sharing behaviors, with relation strengths manually thresholded by behavior
type. Indirect relations are derived through text-text or user-user relations,
essentially representing collaborative recommendations based on texts or users.
(5) Text-word relations, established when extracting tags or feature words
from texts, with strength calculation either binary (presence/absence) or using
feature weights like TF-IDF and information gain. (6) User-word relations,
obtained through transitive user-text and text-word relations.

Additionally, scholars have attempted to fuse multi-relations using supernetwork
technology. For instance, Xiao Lu constructed a knowledge supernetwork for
multi-granularity knowledge aggregation in network communities, incorporating
words, sentences, and texts with co-occurrence, grammatical, inclusion, and
affiliation relations. Wang Chuanqing et al. built a digital resource supernetwork
for deep aggregation, containing literature knowledge, copyright holders, and
material carriers with citation, co-occurrence, and coupling relations.

2.2 Network Representation Learning Applications in Knowledge Or-
ganization

Research on network representation learning for knowledge organization focuses
on three aspects: (1) Scholar collaboration and paper impact prediction. Zhang
Jinzhu et al. used network representation learning on co-authorship networks to
predict academic collaboration through vector similarity. Lin Yuan et al. applied
representation learning to multiple co-occurrence networks (authors, keywords,
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institutions), overcoming traditional methods’ focus on highly productive schol-
ars when analyzing potential collaborations. Fan Wei et al. mapped papers, au-
thors, and venues into low-dimensional dense vectors to construct heterogeneous
academic network representation models that better predict paper impact. (2)
Knowledge representation learning. Zhang Xiaokun et al. incorporated exter-
nal word vectors into text information network representation learning to fuse
semantic and structural features. Zhu Guojin et al. built network text repre-
sentation models integrating named entities and word vectors. Zhu Jingwen
et al. applied network representation learning to HowNet for cross-lingual and
semantic unit vector representation. (3) Social network user relation analysis.
Han Zhongming et al. fused user attributes and network structure through net-
work representation learning for multi-angle user relation mining. Yang Yizhuo
et al. fused username and topological information for cross-network user identity
matching.

Design of Multi-knowledge Relations Mining Scheme Based
on Network Representation Learning
3.1 Basic Idea of Multi-knowledge Relations Mining Based on Net-
work Representation Learning

A multi-knowledge relations system forms the foundation for refined knowledge
organization and enhanced knowledge services in network communities. Cur-
rent mining primarily focuses on unary relations, with multi-relations research
mainly describing multi-associations through heterogeneous networks without
achieving true holistic multi-relations mining. Network representation learn-
ing is a technique that represents network nodes as low-dimensional dense vec-
tors with reasoning capabilities based on the initial network, simultaneously
preserving network information and enabling network reconstruction. Our pro-
posed mining approach is: first, use supernetworks to describe multi-granularity
knowledge units and their multi-relations in a unified network, which serves as
the basis for holistic knowledge relations mining using network representation
learning. Then, employ network representation learning to represent knowledge
units as uniform vector sets, where one vector represents one knowledge unit
and relations are characterized by vector similarity. We term this collection
of knowledge units and their relations the network community multi-relations
system, which can be rapidly processed and analyzed by computers to support
multi-dimensional knowledge organization as domain background knowledge.
The specific concept is illustrated in Figure 1 [Figure 1: see original paper].

3.2 Process Flow of Multi-knowledge Relations Mining Based on Net-
work Representation Learning

The network community multi-relations system is obtained by applying network
representation learning to the knowledge supernetwork, while multi-granularity
knowledge unit identification and multi-relations mining form the foundation
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for supernetwork construction. Our proposed process comprises three main
components, as shown in Figure 2 [Figure 2: see original paper]. Notably,
the first part enumerates multi-relations mining methods for multi-granularity
knowledge units, with specific approaches determined according to network com-
munity characteristics in practice.

(1) Network Community Knowledge Unit Base Construction. This
includes multi-granularity knowledge unit identification, multi-relations mining
among knowledge units, and structured representation and storage.

Multi-granularity knowledge unit identification. Network community knowledge
units mainly include three types: users, texts, and words. Texts can be further
divided into full texts and sentences. Considering that most network community
texts are short, traditional topic sentence extraction methods have limited effect,
so sentence texts are not considered here. All subsequent references to texts
denote full texts.

Knowledge unit multi-relations mining. User-user relations are divided into
direct and indirect relations. Our multi-relations system only considers direct
relations established through replying and following behaviors; indirect relations
can be obtained through user-word and user-text relations. Word-word relations
include two categories: those containing user tags obtained through statistical
co-occurrence frequency, and those lacking user tags where topic extraction tech-
niques (e.g., LDA) or domain dictionary-based methods automatically extract
terms from texts. User-text relations are obtained by analyzing user opera-
tions on texts, with relation type thresholds manually determined and strength
comprehensively decided by type thresholds and behavior intensity. Text-word
relations are obtained by analyzing word presence in texts or tags, with strength
calculation either binary (presence/absence) or using text feature weights (e.g.,
information gain, mutual information). User-word relations are derived through
transitive user-text and text-word relations.

Structured representation and storage. Knowledge units are stored as: knowl-
edge_{unit} = <entity, type, description>, where entity represents the knowl-
edge unit, type indicates the unit type (text, user, or word), and description
provides the unit description. Knowledge unit relations are stored as: knowl-
edge_{relationship} = <entity1, entity2, relation_{type}, weight>, where en-
tity1 and entity2 represent related knowledge units, relation_{type} indicates
the relation type, and weight represents relation strength.

(2) Network Community Knowledge Supernetwork Extraction. Mul-
tiple relation types and strength calculation methods exist among users, texts,
and words in network communities. Representing them with a single network
can cause node confusion and unclear network structure. We therefore divide
them into two single-node-type but heterogeneous-relation networks: a user rela-
tion network and a word relation network, then connect them through user-text
and text-word relations to form a heterogeneous connected network. Consid-
ering that traditional heterogeneous network technology has limited capability
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in multi-network connection representation, we adopt supernetwork technology
for network community heterogeneous knowledge relation network construction.
American scholar A. Nagurney defines supernetworks as networks that are above
and beyond existing networks, typically composed of multiple networks where
nodes can be viewed as sets of networks and edges represent preferences for
network combinations, enabling network structure adjustment through edge ad-
dition or deletion. The mathematical model of the network community knowl-
edge supernetwork is similar to that in reference [11], with sentence knowledge
subnetworks replaced by user knowledge subnetworks. The graphical model is
shown in Figure 3 [Figure 3: see original paper].

(3) Network Community Multi-relations System Generation. Network
representation forms the foundation of network analysis. Traditional methods
include adjacency matrix-based and network graph-based representations. The
former represents network nodes through row vectors, easily leading to high di-
mensionality, while the latter contains numerous associated edges, making anal-
ysis processes tend toward iterative or combinatorial approaches that greatly
increase algorithmic time complexity and affect analysis effectiveness. Net-
work representation learning maps network nodes to low-dimensional vectors,
using vector distance or similarity to represent node relations. This method
largely preserves the overall network structure while achieving network recon-
struction, bridging the gap between real-world networks and network analy-
sis, and demonstrating advantages in heterogeneous network analysis. We use
network representation learning to represent knowledge units in the network
community knowledge supernetwork as low-dimensional dense vectors, enabling
holistic knowledge unit relation discovery while reducing adverse effects from
relation heterogeneity on knowledge organization.

Network representation learning algorithms are mainly divided into structure-
based and external information-combined categories. The former includes ma-
trix eigenvector computation, matrix factorization, shallow neural networks, and
deep neural networks, while the latter incorporates text information and edge
labels. Based on analysis object characteristics, we select the LINE algorithm
(Large-scale Information Network Embedding) based on shallow neural networks
for network community knowledge unit representation. LINE addresses the
lack of optimized objective functions for network structures in DeepWalk and
node2vec algorithms while preserving both first-order and second-order similar-
ities, demonstrating high applicability for large-scale networks. The comple-
mentarity of first-order and second-order similarities enables the algorithm to
consider both local and global network structures.

Empirical Analysis
DXY is an important medical social media platform in China, with its forum
ranking high among academic network communities in user and post num-
bers. However, current resource organization relies primarily on traditional
publication time and pinning operations, lacking multi-dimensional organiza-

chinarxiv.org/items/chinaxiv-202304.00298 Machine Translation

https://chinarxiv.org/items/chinaxiv-202304.00298


tion oriented toward user and knowledge intrinsic relations. Taking data from
DXY’s cardiovascular specialty discussion board in the clinical medicine discus-
sion zone as the data source, we construct a cardiovascular domain-oriented
multi-relations system to verify feasibility and effectiveness.

4.1 Data Collection and Domain Dictionary Construction

We retrieved user post information from the DXY cardiovascular forum on
March 17, 2019, using a train browser to crawl post texts, obtaining 65,364
texts. Each text was saved as a TXT file containing user, post, and reply
information.

Since DXY cardiovascular forum lacks user tag functionality, we used a domain
dictionary to identify word-granularity knowledge units. After comprehensive
comparison, we selected the “Cardiovascular Internal Medicine” column from
“39 Disease Encyclopedia” as the data source for extracting cardiovascular do-
main terms. “39 Disease Encyclopedia” provides detailed structured annota-
tions for each disease in information boxes, serving as both important term sup-
plements and basis for term category classification. We collected 2,211 terms,
categorized into diseases (including conditions, aliases, complications), organs
(pathological sites), symptoms, and diagnostics (diagnostic methods), as shown
in Table 1 .

4.2 DXY Cardiovascular Forum Knowledge Unit Base and Knowledge
Supernetwork Construction

We extracted user and post text information from TXT files, statistically an-
alyzed co-occurrence frequencies to obtain user-user relations and strengths,
user-text relations and strengths. Then, using the constructed cardiovascular
domain term dictionary for text segmentation, we statistically obtained text-
word relations and strengths, word-word relations and strengths, and user-word
relations and strengths, as detailed in Table 2 .

4.3 DXY Cardiovascular Forum Multi-relations System Generation

Based on the constructed knowledge supernetwork, we applied the LINE algo-
rithm to represent knowledge units in the DXY cardiovascular forum as low-
dimensional dense vectors, with manually set vector dimensionality of 100, ob-
taining 168,086 knowledge unit vectors (partial results shown in Figure 4 [Figure
4: see original paper]). The first line in Figure 4 indicates 168,086 knowledge
units in the DXY cardiovascular forum multi-relations system, each represented
by a 100-dimensional vector. The first column (except the header) shows knowl-
edge unit IDs in the system, with other columns representing corresponding
vector values.

Knowledge unit relation strength calculation is key to constructing the multi-
relations system. After representing knowledge units as low-dimensional dense
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vectors using LINE, the relation calculation problem transforms into vector sim-
ilarity computation. Common methods include cosine similarity, correlation co-
efficients, Euclidean distance, and Mahalanobis distance. Since knowledge units
are represented as low-dimensional vectors, we selected Euclidean distance to
measure knowledge unit association strength, obtaining the DXY cardiovascular
forum multi-relations system. Using the disease “hypertension” as an example,
Table 3 shows the multi-relations set for word knowledge units. Notably, term
type labeling during dictionary construction enables the multi-relations system
to include both relation strength and type for word associations, providing the
foundation for advanced knowledge services.

For better visualization of the multi-relations system, we applied PCA (Princi-
pal Component Analysis) for dimensionality reduction and used Python’s Mat-
plotlib for visualization. Figure 5 [Figure 5: see original paper] visualizes the
multi-relations set for the word knowledge unit “hypertension.”

To better compare the multi-relations system with supernetwork quality, we
measured knowledge unit relevance based on the previous supernetwork extrac-
tion. Current network node similarity calculation methods include topology-
based, attribute-based, and hybrid approaches. For simplified computation, we
adopted the attribute-based method by constructing knowledge unit attribute
vectors and using Pearson correlation coefficient to measure association, obtain-
ing the knowledge unit relevance based on supernetworks. For clear comparison,
Table 4 lists only the top 10 words highly associated with “hypertension.” Com-
parison between Tables 3 and 4 shows that representation learning-based mining
yields more comprehensive association term types (all four categories) and iden-
tifies potentially associated terms like “diabetes” and “coronary heart disease.”
Diabetes and hypertension are homologous diseases, and numerous studies have
addressed coronary heart disease combined with hypertension. However, “cer-
vical CT examination” in Table 4 was judged by domain experts as having low
association with hypertension, demonstrating our method’s effectiveness.

4.4 DXY Cardiovascular Forum Multi-dimensional Knowledge Ag-
gregation Prototype System Design

Currently, DXY cardiovascular forum resource organization relies primarily on
pinning operations without sub-forum-specific search functionality. Searching
“hypertension” across the entire community yields results shown in Figure 6
[Figure 6: see original paper]. This keyword-matching list-based retrieval model
cannot satisfy advanced knowledge service requirements. Therefore, we propose
mining resource internal associations based on the multi-relations system to
achieve multi-dimensional knowledge services through multi-dimensional aggre-
gation of hit resources.

Using “hypertension” search results as an example, Figure 7 [Figure 7: see
original paper] demonstrates multi-dimensional aggregation results manually
adjusted from the mined DXY cardiovascular forum multi-relations system.
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The left side shows first-level retrieval results, displaying high-relevance re-
sources from document, term, and user dimensions. The right side shows
second-level expansions: (1) document-dimensional expansion of “2010 Hyper-
tension Prevention and Treatment Guidelines”; (2) term-dimensional expansion
of “ECG” from the document “Hypertension ECG Question: Why Clockwise
Rotation Occurs”; (3) term-dimensional expansion of “coronary heart disease”
from term-level retrieval results; (4) document-dimensional expansion of user
“heaven197898” from first-level results. Through multi-dimensional knowledge
aggregation, users can obtain target documents while conducting related term
expansions and user identification, achieving advanced forum knowledge ser-
vices.

Our proposed supernetwork-based network representation learning scheme ad-
dresses challenges in network community multi-knowledge relations mining.
DXY cardiovascular forum experiments demonstrate advantages: (1) Knowl-
edge unit association mining comprehensively references relations with users,
domain terms, and texts rather than single relation types, yielding more reli-
able results from a holistic perspective; (2) Transforming different knowledge
unit types (users, domain terms, texts) into uniform low-dimensional dense vec-
tors shields subsequent calculations from unit type differences and relation het-
erogeneity, enabling concise and effective multi-relations mining; (3) Retain-
ing knowledge unit types allows resulting knowledge relations to maintain type
differences (e.g., “user-term,” “user-user”) for effective differentiation in subse-
quent knowledge organization according to application scenarios.

Limitations include not considering network node text content in supernetwork
construction and network representation learning. Current research explores op-
timizing network representation learning with external node information (e.g.,
text, tags). Future work will introduce external information-combined network
representation learning methods for network community multi-knowledge rela-
tions mining.
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