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Abstract
[Purpose/Significance] Current research on knowledge aggregation patterns fo-
cuses on “what kinds of knowledge associations are used to conduct knowledge
aggregation.” This paper supplementarily explores the subsequent question of
“what forms knowledge units are aggregated into using knowledge associations,”
aiming to improve knowledge aggregation pattern research and guide in-depth
practice.

[Method/Process] Drawing on the classification method of two major types of
polymerization reactions in chemistry, this paper proposes to categorize knowl-
edge aggregation into knowledge homopolymerization and knowledge copolymer-
ization based on “whether to preserve the differences among knowledge units
and their associations,” and explores the basic implementation forms of knowl-
edge copolymerization.

[Results/Conclusion] Domain knowledge is the foundation for implementing
knowledge copolymerization; with documents and terms as the basic granu-
larities of knowledge units, and user demand entry points and aggregation tar-
get resources as dimensions, knowledge copolymerization can be implemented
through four basic forms: facet-based navigation, multi-dimensional concept as-
sociation recommendation, knowledge element linking, and discovery of latent
associations among resources.
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Abstract:

[Purpose/Significance] Current research on knowledge aggregation modes fo-
cuses on “what types of knowledge associations should be used for knowledge
aggregation.” This paper complementarily explores the subsequent question of
“what forms knowledge units can be aggregated into using these associations,”
aiming to improve knowledge aggregation mode research and guide practical
implementation. [Method/Process] Drawing on the classification of polymer-
ization reaction types in chemistry, we propose dividing knowledge aggregation
into knowledge homopolymerization and knowledge copolymerization based on
“whether the differences between knowledge units and their associations are
preserved,” and explore the basic implementation forms of knowledge copoly-
merization. [Result/Conclusion] Domain knowledge serves as the foundation
for knowledge copolymerization. Taking documents and words as the basic gran-
ularities of knowledge units, and using user demand portals and aggregation tar-
get resources as dimensions, knowledge copolymerization can be implemented
through four basic forms: faceted navigation, multidimensional conceptual asso-
ciation recommendation, knowledge element linking, and discovery of potential
resource associations.
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Knowledge aggregation has become a research hotspot in the field of library and
information science. The term “aggregation” corresponds to the English word
“Aggregation,” referring to a combination of heterogeneous components or a
whole formed by combining multiple small units [1]. At the application level,
a typical example is “polymerization reaction” in chemistry, where monomer
molecules connect with each other to form new polymer materials [2]. In infor-
mation science and related fields, concepts such as “aggregation,” “fusion,” and
“integration” have emerged with knowledge, data, information, and resources
as objects. Li Yating distinguished and defined these concepts: aggregation
focuses on discovering multiple associations among objects and establishing cor-
responding systems; fusion emphasizes new changes produced after processing
objects; integration focuses on comprehensively managing objects based on their
common rules [3]. Knowledge aggregation addresses the problem that valuable
knowledge resources are highly dispersed and disorderly distributed due to the
rapid growth of information resources. Compared with data integration and in-
formation integration, knowledge aggregation represents a qualitative improve-
ment in aggregation intensity and granularity. Knowledge aggregation is the
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prerequisite for achieving diversified, deep-level, and open knowledge organiza-
tion and utilization based on user needs.

In recent years, numerous studies on “aggregation” have emerged in China’s
library and information science field, with most projects and research results
focusing on academic resources (with library collections as typical representa-
tives) as objects [5-6]. Research on knowledge aggregation modes mostly distin-
guishes modes based on the knowledge associations used for aggregation. For
example, He Defang et al. summarized semantic-based deep aggregation meth-
ods for library collections into three types: concept association-based, citation
relationship-based, and research ontology-based [5]. Zhao Rongying et al. cate-
gorized collection resource aggregation modes into traditional and deep aggrega-
tion modes, with the former including catalog-based and metadata-based modes,
and the latter including ontology-based, linked data-based, topic model-based,
and bibliometric analysis-based knowledge aggregation modes [7]. Subsequent
research on knowledge aggregation can mostly be classified into these types. No-
tably, after reviewing the concepts and components of information aggregation,
Cao Shujin et al. proposed that information aggregation modes include not only
relation-based and granularity-based aggregation but also context-based aggre-
gation [8].

Although current research has thoroughly explored “what associations should
be used for aggregation,” this only addresses the first half of the knowledge
aggregation mode question. After obtaining rich and deep-level knowledge asso-
ciations (such as semantic associations), the question of “what forms knowledge
units can be aggregated into using these associations” should also be answered
by knowledge aggregation mode research, yet this aspect has received relatively
little attention. In quite a few knowledge aggregation studies, substantial effort
is spent obtaining deep-level knowledge associations, but they are ultimately
used only for clustering knowledge units—for example, optimizing similarity
calculation to divide clusters or constructing relationship networks to identify
subgroups. In fact, clustering is only a primary method of knowledge aggre-
gation. With full utilization of the fine-grained and diverse characteristics of
knowledge associations, multiple knowledge aggregation methods can be imple-
mented according to user needs and knowledge resource features.

2. Knowledge Homopolymerization and Knowledge
Copolymerization
In chemistry, polymerization reactions can be divided into two modes based
on whether the monomer types are consistent (i.e., whether the polymerization
forces are singular): homopolymerization, where similar monomer molecules
form polymers through the same force, and copolymerization, where multiple
types of monomer molecules form polymers through different forces [2]. Simi-
larly, knowledge aggregation also has analogous mode differences: if the type
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differences of knowledge units are not considered and their associations are sim-
plified into a single “relevance relationship” (typically similarity), the resulting
aggregation is called knowledge homopolymerization; if the type differences of
knowledge units are considered and aggregation is performed based on fine-
grained knowledge associations formed from the perspective of knowledge unit
differences, it is called knowledge copolymerization.

2.1 Knowledge Homopolymerization

Knowledge homopolymerization is the most primitive, direct, and widely ap-
plied knowledge aggregation mode. Since type differences of knowledge units
are not considered in aggregation, the quantitative calculation of “relevance re-
lationships” is the core. Common relevance relationships include co-occurrence
relationships and similarity relationships. Co-occurrence relationships refer to
knowledge units appearing in the same time, space, or knowledge scenario, with
quantification methods including proximity index, equivalence coefficient, and
improved TF-IDF algorithms. Similarity relationship quantification mainly in-
cludes three categories: similarity calculation based on individual co-occurrence
relationships; similarity transformation based on semantic knowledge bases; and
semantic similarity calculation that fuses the first two results [9].

The implementation forms of knowledge homopolymerization mainly include
two types: one places knowledge units in a corresponding feature space and
divides clusters based on distance, typical examples being clustering and clas-
sification of words or texts; the other represents knowledge units and their
relationships as networks and divides clusters based on specific network indica-
tors and network subgroup discovery techniques, typical examples being word
cluster division in co-word networks. Thus, clustering is only one implementa-
tion form of knowledge homopolymerization. Homopolymerization results map
multi-dimensional knowledge associations onto a single dimension of relevance
relationships, which is not conducive to achieving multi-dimensional combina-
tion of knowledge resources and therefore has obvious defects in practical appli-
cations. The typical problem is “knowing what is but not knowing why”—that
is, knowing that associations exist between clustering results but not knowing
what associations they are, which is not conducive to the expansion, refinement,
and guidance of user needs.

2.2 Knowledge Copolymerization

Knowledge copolymerization mode does not emerge from nowhere. The main
task of current knowledge organization has shifted from sorting and attribution
to knowledge association and linking construction [11]. In knowledge organiza-
tion systems, ontologies and concept maps are more advanced than classifica-
tion systems and thesauri because they preserve the semantic type differences of
knowledge units and knowledge associations [10]. Similarly, knowledge copoly-
merization focuses on aggregating knowledge units into knowledge copolymer
bodies that can solve specific problems or tasks through diverse associations as
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forces in specific knowledge scenarios, making it a deeper knowledge aggregation
method.

In practice, a typical application of knowledge copolymerization is faceted nav-
igation. When users search for or click on a topic, faceted navigation systems
display multi-dimensional associations between relevant results and search ob-
jects, a mode that has obvious advantages in web information organization [12].
Taking “mobile phone” as an example, Baidu’s related search term guidance and
JD.com’s product navigation correspond to knowledge homopolymerization and
knowledge copolymerization modes respectively, with the latter containing mul-
tiple facets related to mobile phone attributes. In addition, besides knowledge
copolymerization at the word (concept) granularity, knowledge aggregation at
the sentence, document, and user granularity can also be deepened from knowl-
edge homopolymerization to knowledge copolymerization. For example, Tang
Xiaobo et al. proposed aggregating Weibo posts about an event according to
sentence logical relationships, from “cause” to “event” and then to “result” [13].

Thus, the result of knowledge copolymerization is a three-dimensional struc-
ture containing multiple facets (determined by the type differences of knowl-
edge units and their associations), from which different knowledge unit clusters
can be obtained through interpretation from different facets. After obtaining
knowledge copolymerization results, users can select and utilize corresponding
facets according to their specific needs. Although the results of knowledge ho-
mopolymerization can also be regarded as a three-dimensional space, they lack
facets supported by knowledge unit differences and can only be divided into
clusters by distance. Therefore, the knowledge copolymerization mode ensures
the integrity and application flexibility of aggregation results, better meeting
users’ needs for knowledge exploration and utilization compared to knowledge
homopolymerization.

3. Foundation of Knowledge Copolymerization: Domain
Conceptual Relations
3.1 Domain Analysis Perspective in Knowledge Organization

In knowledge production, communication, and utilization, both user needs and
knowledge content typically have domain characteristics, making domain knowl-
edge essential for knowledge organization. Domain knowledge corresponds to
general knowledge (such as common sense, logical rules, and mathematical oper-
ation knowledge) and refers to important concepts in specific domains and their
associations [14]. In information services and intelligence work, merely pursuing
optimization of information organization methods while ignoring the domain
characteristics of knowledge leads to the problem of “emphasizing form over
content” [15]. Therefore, the classic “domain analysis paradigm” has emerged
in intelligence research methods, with its core idea being to examine human
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information activities from the perspective of specific knowledge domains [16].

In existing resource systems, the organizational structure of knowledge content
is inconsistent with user demand structures. User knowledge needs often arise
around the solution of specific tasks, determining that target knowledge has
certain domain characteristics—that is, the required knowledge is constrained
by the knowledge structure (such as concepts and conceptual associations) of
the domain corresponding to the task. Due to the unknown nature of target
knowledge, user needs are also latent and vague, making their knowledge-seeking
behavior an iterative process of continuous learning, optimization, and feedback.
However, in current resource systems, knowledge content is dispersed across
different documents represented by “words.” Without domain knowledge as
a reference, knowledge associations must be established based on “relevance”
to infer the direction of user need transformation, but this approach cannot
effectively guide user needs or match them with knowledge resources. Research
shows that mining conceptual associations without domain knowledge guidance
produces many meaningless results that cannot meet users’ specific needs [21].

Essentially, regardless of how vague user needs are or how distributed knowledge
resources are, there is consistency between the two against the background of do-
main knowledge. In domain knowledge scenarios, knowledge units in knowledge
resources collectively constitute knowledge copolymer bodies for solving spe-
cific problems through various forms of associations. The explicit and rich con-
cept types and fine-grained conceptual associations contained in domain concep-
tual association systems serve as effective bases for revealing multi-dimensional
knowledge associations between knowledge units such as words and documents.
Through multi-dimensional, fine-grained aggregation of knowledge units based
on these associations, users can be guided interactively and progressively to ex-
pand and refine their knowledge needs horizontally and vertically within the
domain knowledge space, thereby effectively acquiring and utilizing knowledge.

3.2 Domain Conceptual Relations and Their Role in Knowledge
Copolymerization

Relationships between knowledge units include equivalence relationships, hier-
archical relationships, and associative relationships. General knowledge orga-
nization systems are built based on these relationships—for example, the “use,
replace, broader term, narrower term, related term” relationships in the Chinese
Thesaurus correspond to equivalence, hierarchical, and associative relationships.
However, domain-specific knowledge organization pays more attention to con-
crete and differentiated “associative relationships” because different domains
emphasize different features of the same concept. For instance, the concept of
“water” has significantly different essential features emphasized in chemistry,
physics, biology, and environmental science [20]. Correspondingly, after intro-
ducing domain background knowledge, the general “associative relationship”
can be distinguished into rich and diverse fine-grained conceptual associations,
such as method-application relationships and disease-symptom relationships.
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Domain conceptual relations have two obvious characteristics compared to gen-
eral conceptual associations: concepts have clearly defined connotations, and
the types of conceptual associations are concrete, refined, and diversified [19].

As the essential level of knowledge associations, domain conceptual relations are
the foundation for achieving fine-grained, multi-dimensional knowledge copoly-
merization. In knowledge copolymerization mode, the role of domain concep-
tual relations can be summarized as ensuring consistency between knowledge
resource organizational structures and user knowledge demand structures—that
is, the identification and utilization of knowledge units and their associations
in existing resources should refer to domain conceptual association systems,
and the transformation, expansion, and refinement of user needs should also
be guided within the space corresponding to domain conceptual association sys-
tems.

4. Four Basic Implementation Forms of Knowledge Copoly-
merization
The manifestation of knowledge aggregation is closely related to its elements.
Cao Shujin et al. summarized information aggregation elements as “aggregation
object granularity, context, and relationship,” and based on context analysis,
explained aggregation mechanisms and introduced aggregation applications to
sort out information aggregation modes and corresponding manifestations [8].
Based on this theoretical foundation, the basic implementation forms of knowl-
edge copolymerization are as follows:

• Aggregation object granularity: Using words (such as keywords, tags,
subject terms, concept terms, knowledge elements, etc.) and documents
(such as web pages, short texts, academic literature, etc.) as the two most
basic knowledge units in knowledge resource systems.

• Aggregation context: Using the switching paths between two types
of knowledge units during users’ knowledge exploration and utilization as
the aggregation context—for example, obtaining articles through keywords
and exploring knowledge related to terms of interest after reading articles.
Overall, this includes four basic contexts: from word to word, from word
to document, from document to word, and from document to document.

• Aggregation relationship: Using domain conceptual relations and the
“document-word” inclusion relationship as aggregation bases. Domain
conceptual relations are mainly used to build multi-dimensional associ-
ation systems between words, while the “document-word” inclusion re-
lationship maps the coarse-grained relationships of document resources
to fine-grained conceptual associations at the word level, achieving multi-
dimensional, multi-granularity aggregation of knowledge resources and tar-
geted guidance for users.

Correspondingly, using words and documents as basic granularities, the switch-
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ing paths between words and documents in users’ knowledge exploration and
utilization as contexts, and domain conceptual relations and “document-word”
inclusion relationships as aggregation bases, several basic implementation forms
of knowledge copolymerization can be summarized as shown in Figure 1 [Figure
1: see original paper]. The four quadrants in this figure indicate that when
users explore corresponding aggregation targets (vertical axis) from correspond-
ing demand portals (horizontal axis), they can utilize four basic implementation
forms of knowledge copolymerization.

4.1 From Word to Document: Knowledge Aggregation Based on
Faceted Navigation

Searching for corresponding document resources based on specific words is the
most common knowledge exploration path for users. Both searching documents
by keywords and browsing documents by navigation terms belong to this form,
which can be collectively referred to as “navigation” for guiding from words to
resources (mainly documents). Therefore, navigation is an important implemen-
tation form that must be considered in knowledge resource aggregation.

Traditional knowledge service platforms generally have problems such as flat nav-
igation structures and lack of semantic associations between navigation terms,
making it difficult to meet users’ continuous and progressive knowledge explo-
ration needs [22]. Therefore, many researchers have explored navigation opti-
mization from the perspective of knowledge aggregation. Li Yating argued that
navigation services based on knowledge aggregation should not rely solely on
strict hierarchical structures but should focus on extracting aggregation cate-
gories from content [3]. Hu Yuan et al. proposed a framework for digital library
community knowledge navigation systems based on knowledge aggregation [23].
Zhang Yunzhong et al., based on the complementary fusion of expert classifica-
tion and folksonomy, proposed a tax-folk hybrid navigation model that achieves
resource aggregation with a tree structure of “strong trunk, flourishing branches,
and lush leaves” [24]. On the premise of fully utilizing knowledge association
structures and resource attribute features, faceted navigation systems can be
constructed [25].

Relative to traditional navigation systems based on similarity or classifica-
tion/thesauri, faceted navigation systems fully preserve the diverse relationships
between result documents and navigation vocabulary, while also better conform-
ing to users’ resource navigation habits. This is also the resource navigation
implementation form under the knowledge copolymerization mode.

After introducing domain conceptual association systems, the original naviga-
tion systems in knowledge systems can be transformed into faceted navigation.
The specific approach is shown in Figure 2 [Figure 2: see original paper]: First,
domain concept terms are screened from the original navigation terms to ex-
clude navigation terms with poor resource positioning effects and streamline
navigation directions (as shown in Figure 2, terms b, f, and g are eliminated
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from the original navigation system); second, navigation facets are set based
on domain concept types and fine-grained associations (as shown in Figure 2,
three facets are established). Each navigation term represents a document col-
lection, thereby aggregating and organizing the existing large number of docu-
ment resources through faceted navigation. Based on this approach, the authors
constructed a faceted navigation system using the cardiovascular forum in the
DXY medical community as an example to achieve knowledge copolymerization
of UGC resources, with the system prototype shown in Figure 3 [Figure 3: see
original paper] [26].

4.2 From Word to Word: Knowledge Aggregation Based on Multidi-
mensional Conceptual Association Recommendation

When users search for or browse documents related to a certain word, other
words related to that word constitute part of their target knowledge. Users’
knowledge-seeking and utilization behaviors are continuous processes that usu-
ally require constant horizontal expansion and vertical deepening. Query rec-
ommendation on search result pages and tag recommendation on content pages
all belong to knowledge guidance “from word to word.” Therefore, effective
implementation of knowledge aggregation needs to fully consider this form.

Traditional word recommendation usually relies on corpora such as logs and
documents to calculate and rank word similarity [27], then lists recommenda-
tions linearly. The semantic ambiguity makes users know that terms are related
but not how they are related, which is not conducive to further expansion and
refinement of user needs. Therefore, it is necessary to add semantic informa-
tion to make it more consistent with users’ knowledge structures. Lu Wei et
al.’s experiments showed that topic analysis can significantly improve query rec-
ommendation accuracy [28]. Hong Jie et al. argued that in domain-specific
knowledge systems, relying on semantic resource bases to build query recom-
mendation systems is a good choice, and demonstrated through experiments
that using domain ontologies can achieve better results than Baidu and Google
query recommendations [29]. Jin Yan’an systematically discussed tag recom-
mendation technologies based on semantic granularity, topic sensitivity, and
user motivation [30]. In fact, the core goal of related word recommendation is
to construct a space for subsequent changes in users’ knowledge scenarios (such
as vertical deepening or horizontal expansion). The connotation of a word is
usually expressed through its conceptual relationships with other words, and
words related to the current word are highly likely to be the targets for users’
next need expansion or refinement. Therefore, multi-dimensionally aggregating
related words based on conceptual associations to carry out recommendations
is an important way to achieve knowledge copolymerization in the “from word
to word” scenario.

As shown in Figure 4 [Figure 4: see original paper], after introducing domain
conceptual association systems, concepts related to users’ entry words and their
fine-grained associations are introduced into word recommendation, forming
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multidimensional structured related word recommendations. On the one hand,
this can exclude interference words unrelated to domain knowledge; on the other
hand, by indicating the fine-grained association types between related words and
entry words (as shown on the right side of Figure 4, word a has related words
with different recommendation dimensions), users can selectively choose the di-
rection for their next knowledge search. This enables effective aggregation of
words in knowledge systems. Based on this approach, the authors constructed
a multidimensional recommendation system based on conceptual associations
using the cardiovascular forum in the DXY medical community as an exam-
ple to achieve knowledge copolymerization of UGC resources, with the system
prototype shown in Figure 5 [Figure 5: see original paper].

4.3 From Document to Word: Knowledge Aggregation Based on
Knowledge Element Linking

Conceptual units with semantic connotations in documents can be called knowl-
edge elements. The knowledge value of a document lies in organizing multiple
knowledge elements through several associations. When users browse a specific
document, they are usually interested in certain knowledge elements within it.
Using knowledge elements in documents as carriers for related content aggrega-
tion is an important way to solve the “fragmented” distribution of knowledge
in documents and achieve precise knowledge aggregation from massive text ag-
gregation.

The knowledge element linking system is an important form for implementing
knowledge copolymerization in the document browsing scenario. Zeng Jianxun
believes that building knowledge networks based on knowledge element linking
is an important direction for knowledge linking [31]. Sun Zhen et al. proposed
a new scientific measurement paradigm based on knowledge elements, with its
core being using professional problems and disciplinary knowledge points as
measurement 口径 and basic knowledge units [32]. Bi Chongwu et al. argued that
linking knowledge elements can aggregate the finest-grained knowledge elements
into knowledge sets of different granularities, and proposed a multi-granularity
knowledge set organization method based on knowledge elements [33]. Chen
Guo et al. proposed a scheme for constructing a knowledge element linking
system in online communities that integrates domain knowledge bases and co-
occurrence analysis, achieving deep connectivity of fragmented knowledge in
online communities through building knowledge element linking systems [34].

The implementation approach for knowledge copolymerization based on knowl-
edge element linking is shown in Figure 6 [Figure 6: see original paper]. First,
knowledge elements in documents are annotated with reference to concept terms
in domain conceptual association systems, directing them to corresponding
knowledge element content pages; second, knowledge element content pages
are constructed, generally including the basic connotation of the knowledge ele-
ment, other knowledge elements related to it, and document resources related to
it. By constructing an independent knowledge element linking system, content

chinarxiv.org/items/chinaxiv-202308.00325 Machine Translation

https://chinarxiv.org/items/chinaxiv-202308.00325


aggregation of related knowledge elements can be achieved within documents
without changing the original resource organizational architecture. Based on
this approach, the authors constructed a knowledge element linking system us-
ing the cardiovascular forum in the DXY medical community as an example to
achieve knowledge copolymerization [34], with examples of knowledge element
annotation results in documents shown in Figure 7 [Figure 7: see original paper]
and knowledge element content page examples shown in Figure 8 [Figure 8: see
original paper].

4.4 From Document to Document: Knowledge Aggregation Based on
Discovery of Potential Resource Associations

Documents are the ultimate carriers for users to acquire knowledge. From
document to document is the most direct aggregation form in knowledge sys-
tems. Common text aggregation forms calculate similarity based on external
attribute information or content annotations of documents, then perform text
clustering and classification. The main problem with this aggregation method
is excessively high result redundancy, while ignoring potential semantic associa-
tions between documents, thus having obvious defects in meeting task-oriented
knowledge needs. For example, after browsing a document introducing “hyper-
tension,” users may need to understand content related to certain symptoms
rather than more similar documents introducing “hypertension.”

To solve this problem, researchers have conducted studies on discovering doc-
ument resource associations from the semantic level. Chen Lanjie and Hou
Pengjuan divided methods for revealing associations among digital literature
resources into mining-based and construction-based methods, with the latter in-
cluding semantic and ontology methods, linked data methods, etc., and pointed
out their respective advantages and disadvantages [35]. Zhao Yiping and Bi
Qiang proposed using semantic analysis and vector space models to calculate
document content similarity, then merging semantic association information
and document metadata into linked data to achieve subsequent similar litera-
ture discovery; they also noted that literature association discovery based on
objective knowledge systems and knowledge structures should better reflect the
relevance of related literature [36]. Hong Yunjia and Xu Xin proposed a multi-
level text clustering method based on domain ontology suitable for tree struc-
tures in knowledge bases, achieving multi-level clustering from coarse to fine
granularity [37].

In the knowledge copolymerization mode, relying on domain conceptual asso-
ciations, the approach of knowledge discovery from non-related literature can
be referenced to establish resource associations [38]. That is, associations are
established between two relatively independent documents whose corresponding
concepts have associations, further achieving document aggregation. The basic
implementation method is shown in Figure 9 [Figure 9: see original paper]: If
domain concept a1 appears in document A and domain concept a2 appears in
document B, and there is a certain fine-grained relationship between a1 and
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a2 in the domain knowledge system, then this association can be preliminarily
annotated between A and B; the final association type between A and B can
be established through statistics of more preliminary associations. In practice,
the authors conducted document aggregation experiments based on association
discovery in the cardiovascular forum of the DXY medical community. Taking
“coronary angiography” as an example, only 61% of discussion posts were ag-
gregated with “coronary heart disease” discussions through direct associations,
while the remaining 39% required aggregation through the diagnostic relation-
ship between coronary angiography and coronary heart disease based on the
domain conceptual association system, demonstrating significant improvement
in effectiveness [19].

5. Conclusion
Research on knowledge aggregation modes should not only focus on what knowl-
edge associations to use for aggregation but also explore what forms knowledge
units can be aggregated into using these associations. Given the lack of re-
search on the latter, this paper refers to the two types of polymerization re-
actions in chemistry and divides knowledge aggregation modes into knowledge
homopolymerization and knowledge copolymerization, with the distinction be-
ing whether the diversity of knowledge units and their associations is preserved
in aggregation. From the perspective of domain knowledge analysis, the founda-
tion for implementing knowledge copolymerization is the effective utilization of
domain concepts and their fine-grained associations. In the “document-word”
knowledge resource system, using documents and words as basic knowledge unit
granularities and user demand portals and aggregation target resources as di-
mensions, knowledge copolymerization modes can be implemented through four
basic forms: faceted navigation-based knowledge aggregation, multidimensional
conceptual association recommendation-based knowledge aggregation, knowl-
edge element linking-based knowledge aggregation, and potential resource asso-
ciation discovery-based knowledge aggregation.

Knowledge aggregation is simultaneously influenced by resource organizational
structures and user demand structures. Domain knowledge composed of domain
concepts and their fine-grained associations is the key to ensuring consistency
between the two. Currently, research and practice on using specific domain
knowledge backgrounds to conduct knowledge aggregation are relatively lack-
ing, and knowledge aggregation for specific domains differs greatly in mode
from general knowledge aggregation. As research and practice on knowledge
aggregation gradually deepen, knowledge aggregation for specific domains will
face new challenges. The knowledge copolymerization mode and its implementa-
tion forms proposed in this paper provide a basic approach that will be further
improved in subsequent research and practice.
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Knowledge Copolymerization: A Knowledge Aggregation Mode Un-
der the Perspective of Domain Analytic Paradigm
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Abstract: [Purpose/significance] Current research on knowledge aggregation
mode focuses on “what types of knowledge connection that knowledge aggrega-
tion is based on.” As an indispensable complementary, this paper explores the
follow-up question of “what form knowledge elements can be aggregated based
on those connections,” it aims at perfect the research of knowledge aggregation
mode and guide related practice. [Method/process] Taking the classification
of polymerization in chemistry, this paper put forward to divide knowledge
aggregation mode into homopolymerization and copolymerization according to
“whether or not remain the differences between knowledge units and their cor-
relations,” and then explored the basic realization forms of knowledge copoly-
merization. [Result/conclusion] Domain knowledge is the basis of knowledge
copolymerization. Utilizing documents and words as two basic knowledge ele-
ments, and considering users’ demand portals and target knowledge elements
as two dimensions, knowledge copolymerization can be achieved through the
following four basic forms: based on faceted navigation, multidimensional rec-
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ommendation based on conceptual relation, based on knowledge element linking,
and knowledge discover based on the potential connection of resources.

Keywords: knowledge organization; knowledge aggregation mode; knowledge
copolymerization; domain analytic paradigm; domain conceptual relation

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv — Machine translation. Verify with original.
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