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Abstract

[B8/EX]To review and evaluate research on knowledge fusion in recent years,
aiming to provide reference for future related research.[73%/id#g|First, the con-
cept of knowledge fusion is analyzed. Then, the framework, process, and meth-
ods of knowledge fusion are reviewed. Subsequently, research trends in knowl-
edge fusion are summarized. Finally, research prospects are presented.[#%8 /4
it]Knowledge fusion research presents new characteristics in the big data envi-
ronment, but still fails to meet the requirements of the big data environment.
Future research should focus on four aspects: constructing a hierarchical, multi-
dimensional, and three-dimensional big data knowledge fusion framework; im-
proving the efficiency of knowledge fusion; constructing real-time dynamic fusion
mechanisms; and conducting big data empirical application research.
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Abstract

[Purpose/Significance] This paper reviews and evaluates recent research on
knowledge fusion to provide references for future studies. [Method/Process]
We first analyze the concept of knowledge fusion, then systematically review
its frameworks, processes, and methods, summarize research trends, and finally
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propose future research directions. [Result/Conclusion] Knowledge fusion
research has exhibited new characteristics in the big data environment, yet still
fails to meet the demands of this environment. Future research should focus on
four aspects: constructing a hierarchical, multi-dimensional, and comprehensive
big data knowledge fusion framework; improving knowledge fusion efficiency;
building real-time dynamic fusion mechanisms; and conducting empirical big
data application studies.

Keywords: knowledge fusion; big data; review
Classification Number: G250
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With the advent of the big data era, data sources have become more extensive
and data structures more complex and diverse. Multi-source heterogeneity rep-
resents the most significant challenge for “full data” analysis in the big data era,
and knowledge fusion offers an effective solution to this problem. It enables deep
semantic-level processing of data, generates new knowledge, and provides novel
services. Knowledge fusion has become increasingly important and has emerged
as a new focus in information science research. However, knowledge fusion re-
search remains in its infancy with few mature studies. Therefore, it is necessary
to systematically review and evaluate current knowledge fusion research and
propose future directions to guide subsequent studies.

Using “knowledge fusion” and “#liRfe&” as search terms, we conducted topic
searches in Web of Science Core Collection and CNKI from January 2012 to
September 2018 to retrieve relevant literature published since the beginning of
the big data era. After screening, we obtained 55 closely related papers. Fur-
ther backward tracing yielded 13 additional relevant papers, totaling 68 papers
that form the basis of this study. Following a conceptual analysis of knowl-
edge fusion, we systematically reviewed three key aspects—f{ramework, process,
and method—according to the logical sequence of “framework-process-method,”
then summarized research trends and proposed future research directions ori-
ented toward the big data environment.

1 Conceptual Analysis of Knowledge Fusion

Knowledge fusion (KF) evolved from data fusion and information fusion. Data
fusion (DF) originated in the 1970s in the military domain, primarily integrat-
ing data from multiple sensors to form comprehensive judgments about targets
[1]. In the 1990s, the concept of information fusion (IF) emerged, extending
processing objects from data to multi-source information. It involves compre-
hensive processing of multi-source information to obtain more accurate and reli-
able reasoning decisions than single information sources [2]. By the late 1990s,
knowledge fusion began to attract attention. From the perspective of knowledge
science in library and information science, management, and computer science,
knowledge fusion objects are no longer limited to sensor information but in-
clude existing knowledge bases, knowledge extracted from databases, networks,
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and business systems, and even various methods and expert experiences. Some
scholars argue that the three concepts intersect significantly in research objects,
processing units, fusion processes, and results [3], while others believe knowl-
edge fusion encompasses data fusion and information fusion [4]. Since data and
information are both processing objects and products of knowledge fusion in the
big data environment, and the three have transformational relationships, this
paper considers knowledge fusion to include data fusion and information fusion.

In the development of knowledge fusion, two definitional perspectives exist: the
first emphasizes that knowledge fusion is the process of converting multi-source
knowledge into a unified knowledge schema, while the second emphasizes fu-
sion results, indicating that knowledge fusion is not simple integration of multi-
source heterogeneous data sources but is characterized by the generation of new
knowledge—a view widely accepted in recent big data environments. Synthe-
sizing definitions proposed by researchers [5-8|, this paper defines knowledge
fusion in the big data environment as: a process oriented toward knowledge ser-
vices and decision support, based on massive multi-source heterogeneous data,
information, and knowledge, utilizing fusion algorithms and rules to combine,
reason, and create new knowledge at the semantic level.

2 Knowledge Fusion Frameworks

Knowledge fusion frameworks provide the foundation for implementing knowl-
edge fusion. Framework research has always been a key focus, generally in-
tegrating the latest theoretical methods and guiding method and application
research. This section reviews knowledge fusion frameworks from macro and mi-
cro perspectives: macroscopically, they can be divided into method-oriented and
service-oriented frameworks; microscopically, they can be viewed from horizon-
tal (multi-dimensional) and vertical (layered) perspectives. Finally, we review
frameworks specifically proposed for the big data environment.

2.1 Macro-Level Framework Research

International knowledge fusion framework research began early, with the most
notable being the KRAFT project completed in 2001 [9]. The key to the KRAFT
framework lies in converting multi-source heterogeneous resources into a unified
knowledge model, influencing subsequent research. Macro-level frameworks can
be categorized into two types: method-oriented frameworks (e.g., ontology and
rule-based frameworks) and service-oriented frameworks (e.g., decision support
systems for intelligent assistance and early warning), as shown in Table 1 .

Table 1 Orientations of Knowledge Fusion Frameworks
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Orientation Examples

Method-oriented Ontology and rule-based
frameworks [10]; multi-clue
fusion with background
knowledge [11]; classification
rule-enhanced systems [12];
context-based frameworks [13];
linked data-based frameworks
[14]; probability theory-based
frameworks [15]

Service-oriented Decision support systems for
intelligent assistance/early
warning [16]; digital reference
consultation frameworks [17];
cloud manufacturing efficiency
frameworks [18]; precision
agriculture frameworks [19];
health assessment management
frameworks [20]; edge domain
knowledge verification
frameworks [21]

2.2 Micro-Level Framework Research

Almost all knowledge fusion frameworks exhibit hierarchical divisions. Verti-
cally, frameworks are divided into different layers; horizontally, fusion is divided
into different dimensions, as shown in Table 2 .

Table 2 Layers and Dimensions of Knowledge Fusion Frameworks

Perspective Examples

Layered fusion (vertical) Pre-fusion, during fusion,
post-fusion [22]; base library,
association-level, feature-level,
requirement-level fusion [23];
data layer, model layer,
application layer [24];
knowledge resource layer,
knowledge organization layer,
knowledge service layer [25]
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Perspective Examples

Multi-dimensional fusion (horizontal) Knowledge layer, method layer,
thought layer fusion [26];
attribute, instance, and concept
fusion [27]; data layer, model
layer, parameter layer fusion
[12]; simple, extended, instance,
parameter, adaptive, faceted,
and historical fusion [13];
content, structure, application
dimensions [28]; instance,
domain set, relation, attribute,
and concept fusion [29]

Layered fusion represents a vertical perspective showing different stages of the
fusion process. Although layer names vary, they share essential similarities and
can be summarized into three layers: data layer, fusion layer, and application
layer. The data layer aims to associate data or information resources using
methods like ontology and knowledge elements to form unified knowledge rep-
resentation. The fusion layer identifies conceptual relationships, forms effective
organization systems, and creates new knowledge through reasoning and fusion
algorithms. The application layer matches fusion results with user needs to
achieve effective knowledge services.

If layered fusion is vertical, multi-dimensional fusion is horizontal. Knowledge
includes instances, attributes, concepts, relations, etc. Multi-dimensional fusion
reflects different knowledge aspects, constituting fusion across different dimen-
sions.

2.3 Big Data-Oriented Framework Research

Current big data-oriented knowledge fusion framework research is primarily do-
mestic. Wang Yuefen et al. [30] designed framework structures and compo-
nents for big data environments, including functional/application systems, op-
eration/guarantee systems, and evaluation/optimization systems. Tang Xiaobo
et al. [31] proposed a big data knowledge fusion framework consisting of data
acquisition/knowledge representation, unified schema construction, fusion pro-
cessing, and derived knowledge processing. Zhang Xinyuan et al. [32] designed
a framework aimed at providing more precise knowledge services, including pre-
fusion, fusion process, and fusion service components.

The big data environment features real-time changes, making dynamic knowl-
edge fusion a new research hotspot. Su Xinning et al. [33] improved fusion algo-
rithms to establish dynamic knowledge link databases corresponding to knowl-
edge base entries, enabling rapid generation of dynamic knowledge points. L.
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Tan et al. [34] proposed dynamic functional model tools and knowledge fusion
methods to achieve effective and efficient online consumer participation.

3 Knowledge Fusion Process

Due to knowledge complexity, direct fusion is difficult. Unified formal knowledge
representation is a prerequisite, so the basic approach involves first representing
knowledge uniformly. Current representation forms mainly include knowledge
elements and knowledge networks. Accordingly, we categorize knowledge fusion
into knowledge element fusion and knowledge network fusion.

3.1 Knowledge Element Fusion

Most knowledge fusion research in information science uses knowledge elements
(KE) for unified representation. The main idea is to convert various data sources
into knowledge elements as the fusion data foundation, then fuse them using
algorithms and rules supported by ontologies to obtain usable new knowledge.
The basic process is shown in Figure 1 [Figure 1: see original paper].

While many scholars have studied knowledge elements, no unified definition or
formal representation exists. Typically, a knowledge element is the indivisible
minimal unit that can semantically express knowledge completely [37]. Knowl-
edge elements are “knowledge about knowledge” that can describe structural
knowledge features [38]. Assuming knowledge element A:

A= {(PlaRl)v (P27R2>7 Tt (Pj7Rj>7 Tt (vaRn)}

where P represents knowledge element attribute features and R represents at-
tribute values.

Based on fusion objects, knowledge fusion can be divided into three levels:
decision-level, feature-level, and data-level [35]. Decision-level and feature-level
are advanced fusion, while data-level is basic fusion. As levels decrease, data
volume and difficulty increase. Early research focused on advanced fusion due to
computational limitations, but recent big data developments have shifted focus
toward basic fusion, reflecting full-data rather than small-sample analysis. In
network big data fusion frameworks, Zhou Liqin et al. [29] collected, extracted,
and represented network big data, while Zhu Juan et al. [36] fused multi-source
information in a three-layer knowledge model for personalized product recom-
mendations.

3.2 Knowledge Network Fusion

In big data multi-source heterogeneous knowledge, complex relationships ex-
ist between different knowledge entities. Knowledge networks can structurally
display these relationships, making network fusion a new research hotspot.
A knowledge network (KN) is a network structure composed of knowledge
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nodes/elements and associations, with knowledge bases as primary carriers. As
shown in Figure 2 [Figure 2: see original paper], the main idea is to fuse acquired
knowledge elements/networks from knowledge bases or networks with existing
ones to form new knowledge networks for knowledge discovery.

Microsoft’s Probase [44] and Google’s Knowledge Vault [45] have proposed mod-
els for acquiring and fusing knowledge from network big data to form knowledge
networks. Lin Hailun et al. [46] summarized methods for fusing new knowledge
into existing networks from three aspects: entity expansion, relation expansion,
and classification expansion. Zhou Liqin et al. [29] extracted knowledge ele-
ments from unstructured data sources and fused them into the hypertension
ontology in DiseaseOntology to build domain problem-solving knowledge bases.
Tian Pengwei et al. [47] categorized heterogeneous information network fusion
methods into five types: meta-path extraction, multi-relational networks, and
hypergraph /hypernetwork modeling.

4 Knowledge Fusion Methods

Knowledge fusion methods are key to implementation. Current methods fall
into three categories: semantic-based, information fusion algorithm-based, and
graph model-based methods.

4.1 Semantic-Based Methods

A key difference between knowledge and information is knowledge’s reasoning ca-
pability, with semanticization being the main approach. Semantic-based meth-
ods can be subdivided into semantic rule-based and ontology-based methods.

4.1.1 Semantic Rule-Based Methods

These methods rely on defined logical operation rules to constrain fusion condi-
tions. J. Gou et al. [48] described comparison rules to clarify fusion conditions
and filter knowledge objects through result formats and semantic rules, guiding
the fusion process to avoid illogical results. Z. Feng et al. [49] used seman-
tic similarity for semantic disambiguation to achieve knowledge fusion between
primary lexical chains. G. Wang et al. [50] proposed a multi-source process in-
novation knowledge fusion algorithm based on semantic element reconstruction
with corresponding semantic conflict resolution rules.

4.1.2 Ontology-Based Methods

Ontology has good conceptual hierarchical structures, supports logical reason-
ing, and can describe knowledge at the semantic level through conceptual mod-
els, making it suitable for knowledge expression. Many knowledge fusion frame-
works are ontology-based, often belonging to the data layer along with knowl-
edge elements. Ontology mapping and fusion achieve knowledge fusion using
knowledge organization theory. The German Ontobroker project [51] first in-
troduced ontology into knowledge fusion frameworks. N. Xie et al. [52] im-
plemented multi-source agricultural information fusion based on agricultural
domain ontologies. J. Liu et al. [53] proposed a dynamic ontology construction
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method for more effective knowledge fusion. A. Smirnov et al. [54] built RDF
ontologies for robots and used ontology matching for semantic interoperability.
H. Fan et al. [55] studied knowledge fusion implementation patterns based on
ontology knowledge representation.

4.2 Information Fusion Algorithm-Based Methods

Knowledge fusion inherits from information fusion, so its algorithms have been
adapted for knowledge fusion, mainly Bayesian networks and D-S evidence the-
ory.

4.2.1 Bayesian Networks

Bayesian networks are graphical networks for probabilistic reasoning that can
discover potential relationships between data. They are widely used for uncer-
tainty and incompleteness problems with simple, direct calculations. E. Santos
et al. [56] represented probabilistic models as Bayesian knowledge bases and
proposed Bayesian knowledge fusion algorithms. K. Coussement et al. [57] pro-
posed a Bayesian decision support framework formally fusing subjective expert
opinions with objective organizational information. L. Zhang et al. [58] designed
knowledge category preference contexts using Bayesian methods. W.C. Yue et
al. [59] proposed a fuzzy Bayesian network method for multi-source knowledge
fusion reasoning.

4.2.2 D-S Evidence Theory

D-S evidence theory [60] addresses evidence and possibility reasoning to elim-
inate uncertainty, representing a development beyond Bayesian theory with
weaker conditions. R. Yan et al. [61] applied D-S theory to software fault diagno-
sis. G. Peng et al. [62] developed a D-S-based method for product development.
L. Sun [63] extended D-S theory for multi-attribute fusion. L.Q. Sun et al. [64]
applied D-S-based knowledge fusion to study H5N1 avian influenza spatial dis-
tribution.

4.3 Graph Model Methods

Graph models [65] have become popular, including probabilistic graphs, topic
graphs, or relation graphs. By obtaining prior knowledge from other data types,
they assign probabilities to knowledge as link prediction problems on graphs.
Y.J. Wu et al. [66] created a large topic graph for the Gulf oil spill incident, val-
idating topic graphs for knowledge fusion. G. Levchuk et al. [67] proposed prob-
abilistic graph fusion algorithms for multi-source text media. G. Koumoutsos
et al. [68] proposed a scalable framework for graphically presenting structured
and unstructured resource knowledge to achieve fusion.

5 Knowledge Fusion Research Trends

Based on the above review, current knowledge fusion research exhibits these
characteristics: (1) With big data development and technological advances, in-

chinarxiv.org/items/chinaxiv-202307.00414 Machine Translation


https://chinarxiv.org/items/chinaxiv-202307.00414

ChinaRxiv [$X]

terdisciplinary tools like ontology, semantic web, multi-Agent, linked open data,
XML, RDF, Hadoop, and MapReduce have been applied. Most frameworks can
process multi-source heterogeneous data and depend on adaptable knowledge
extraction and unified representation. (2) Knowledge elements and knowledge
networks, as structured representation methods, have become mainstream, with
knowledge network fusion becoming a new trend. (3) Semantic-based methods
dominate, with ontology methods gaining prominence. Knowledge fusion has
also inherited information fusion algorithms and recently developed graph model
methods.

However, limitations exist: (1) No unified, general-purpose framework exists;
method-service integrated, hierarchical, multi-dimensional frameworks are lack-
ing. (2) Knowledge element creation still requires manual participation, affect-
ing efficiency. Knowledge network modeling and fusion for multi-source, hetero-
geneous, large-scale data remains difficult, constraining progress. For example,
hypergraph/hypernetwork methods mainly remodel rather than fuse large-scale
heterogeneous data. (3) Semantic rule-based methods require manual rule defini-
tion, limiting efficiency and applicability for big data, especially web data. Many
algorithms depend on ontology interoperability, whose complexity reduces effi-
ciency, and automatic ontology construction remains challenging. Information
fusion algorithms also struggle in the big data era—Bayesian networks become
too large-scale, causing storage and efficiency issues, while D-S theory is unsuit-
able for large-scale data fusion. Graph model methods based on external closed
knowledge sets lack scalability.

6 Research Prospects

Big data has brought abundant data sources, new technologies, and challenges
including diversity, dynamics, fragmentation, and uncertainty. Natural lan-
guage diversity causes synonymous and polysemous expressions. Real-time up-
dates in networks, business systems, and databases create conflicts between old
and new values. Knowledge fragmentation and complex relationships make sys-
tematic knowledge collection difficult. Randomness and uncertainty are more
pronounced in dynamic big data environments, making multi-source heteroge-
neous data processing more challenging than ever.

Future research should focus on four aspects:

6.1 Constructing Hierarchical, Multi-Dimensional, and Comprehen-
sive Big Data Knowledge Fusion Frameworks

Frameworks must adapt to big data environments, process large-scale multi-
source heterogeneous data, and meet fine-grained, precise, deep fusion needs.
As shown in Figure 3 [Figure 3: see original paper], big data technology and
demands continuously evolve. Layered fusion should be more refined, multi-
dimensional fusion more comprehensive, and fusion levels more basic and full-
data oriented. A “layered 4+ multi-dimensional + full-data” architecture will
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lead to deep fusion—comprehensive, multi-angle fusion that mines deep relation-
ships, makes implicit knowledge explicit, discovers new knowledge, and meets
users’ deep needs.

6.2 Improving Knowledge Fusion Efficiency

Future research should develop more automated, structured knowledge represen-
tation methods, including automated construction of knowledge elements and
networks, while reducing ontology dependency. A key challenge is leveraging on-
tology advantages while overcoming its inherent difficulties. More efficient and
accurate fusion algorithms are needed that can evaluate knowledge authenticity
and reliability and analyze knowledge structure deeply and clearly.

6.3 Building Real-Time Dynamic Fusion Mechanisms

In big data environments, especially web data, knowledge changes constantly
with inconsistent update frequencies across sources. This dynamicism reflects
temporal changes and variations caused by different people, environments, back-
grounds, and experiences. Current methods mainly target static knowledge;
dynamic knowledge fusion remains exploratory. Future research should incor-
porate temporal information, develop dynamic fusion methods, and build real-
time dynamic feedback adjustment mechanisms to address big data dynamic
challenges.

6.4 Conducting Big Data Empirical Application Research

Current research focuses more on frameworks and methods than empirical stud-
ies. Existing empirical studies use small-scale, less heterogeneous data, leaving
the effectiveness of fusion methods for real big data environments unproven.
Urgent need exists for genuine big data empirical research on knowledge fusion.
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Abstract: [Purpose/significance] Knowledge fusion, as an effective method to
deal with multi-source heterogeneous data and generate new knowledge semanti-
cally, has become a new research point of information science in the big data en-
vironment, but it is still in its infancy. The paper aims to sort out, evaluate the
current research on knowledge fusion, and provide reference for future research.
[Method/process] Firstly, the concept of knowledge fusion was analyzed. Then
the framework, process and method of knowledge fusion were combed. Then
the research trend of knowledge fusion was summarized. Finally, the research
prospect was made. [Result/conclusion] Knowledge fusion research presented
new research characteristics in the big data environment, but it can’t meet the
requirements of the big data environment. In the future, we should build a hier-
archical and multi-dimensional big data knowledge fusion framework, improve
the efficiency of knowledge fusion, build real-time dynamic fusion mechanism,
and carry out big data empirical research based on knowledge fusion.

Keywords: knowledge fusion; big data; review
Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv — Machine translation. Verify with original.
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