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Abstract
[Purpose/Significance] Co-word analysis, as an important method for topic
identification, has certain limitations and deficiencies. Integrating Word2Vec
weighted vectors with co-word analysis facilitates clarifying the topic affiliation
of specific documents and enables better analysis of the development and evolu-
tion of topics. [Method/Process] Building upon topic clustering using co-word
analysis, document vectors and cluster topic vectors are calculated separately
via Word2Vec weighted vectors, and semantic matching between documents
and topics is performed based on cosine similarity. [Results/Conclusion] Em-
pirical analysis in the domestic and international knowledge sharing domain
demonstrates that this method can effectively match relevant documents to
their corresponding topics and enables dynamic analysis of topic characteristics
and development evolution at the document level.
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Abstract:
[Purpose/Significance] As an important method for topic identification, co-word
analysis has certain limitations. Combining Word2Vec weighted vectors with
co-word analysis helps clarify the topic attribution of specific documents and
enables better analysis of topic evolution. [Method/Process] Based on topic
clustering using co-word analysis, this study calculates document vectors and
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cluster topic vectors through Word2Vec weighted vectors, and performs seman-
tic matching between documents and topics based on cosine similarity. [Re-
sult/Conclusion] Empirical analysis in the field of knowledge sharing at home
and abroad shows that this method can effectively match relevant documents
to corresponding topics and dynamically analyze topic characteristics and evo-
lution from the document level.

Keywords: Word2Vec; co-word analysis; semantic matching; knowledge shar-
ing; topic evolution
Classification Number: G203
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Scientific literature serves as an important knowledge carrier, containing rich
semantic content and topic information. Mining and analyzing the content
topics of massive scientific literature not only facilitates the transformation of
library and information work from document services and information services
to knowledge services, but also helps governments, research institutions, and
relevant personnel understand domain topics, trace topic evolution, grasp devel-
opment trends, and discover potential research topics.

However, co-word analysis, commonly used in literature topic identification re-
search, has limitations such as treating word pair co-occurrence strength equally
[?] and being unable to detect the topic distribution contained in specific docu-
ments [?]. Therefore, based on Word2Vec’s ability to represent text semantics,
this study combines co-word analysis and Word2Vec to construct a document-
topic semantic matching analysis method based on co-word and Word2Vec
weighted vectors. This enables measurement and analysis of document-level
features such as publication trends, timelines, and topic content evolution for
clustering topics based on co-word networks.

2 Related Research Review
2.1 Co-word Analysis

Co-word analysis was proposed by M. Callon et al. in the 1980s [?]. It utilizes
the co-occurrence of professional terms or noun phrases in literature collections,
extracts these word co-occurrence relationships on a large scale, and uses clus-
tering methods to simplify the complex co-word network relationships between
terms into relationships among a relatively small number of clusters [?]. This ap-
proach thereby intuitively expresses topics in literature collections with unclear
relationships.

Since its inception, scholars have discussed problems around the principles and
application processes of co-word clustering analysis, such as ignoring inter-word
relationships, ignoring the importance of words in documents, and results being
independent of specific documents [?, ?]. In response, researchers have proposed
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corresponding improvements, such as co-word analysis methods based on multi-
attribute weighting of documents [?] and improving co-word analysis clustering
results using edge community detection algorithms [?].

2.2 Topic Identification Methods Combining Word2Vec

Word2Vec is an open-source word vector training tool developed by Google in
2013 that can transform text information from unstructured form into vector-
ized form [?]. The generated word vectors are semantically relevant and pay
more attention to contextual logic [?], making related or similar words closer in
distance.

Introducing Word2Vec and other semantic models into topic identification
mainly involves two combination approaches. The first is model-level fusion
of topic identification models with Word2Vec word vectors to improve topic
identification effectiveness. For example, Yan Duanwu et al. found that
combining Word2Vec word vectors with LDA document-topic distribution can
more comprehensively and accurately describe the semantic information of
microblog texts [?]. Wang Yingze et al. used the Word2Vec model to transform
text collections into vocabulary relationship matrices as input data for LDA
models for topic identification, analyzing the topic characteristics of disruptive
technology policy texts in the EU, UK, and US [?]. C. E. Moody embedded
LDA into the Word2Vec learning process, learning not only word embeddings
but also topic representations and document representations simultaneously,
improving the semantic conciseness of LDA-generated topics [?]. Wang
Weijun et al. used Word2Vec to map keyword co-occurrence relationships
into low-dimensional vector space, finding that this method can not only
evaluate keyword importance in co-occurrence networks but also quantify the
co-occurrence strength between disciplinary keywords [?].

The second approach uses word vectors for more detailed topic analysis through
matching text-to-text and word-to-word correlations. Examples include Yan
Shengfeng using Word2Vec to identify similar topic words under the DTM topic
model, achieving synonym merging in topic words [?]. Zhou Yunze et al. selected
the 10 topic words with the highest membership probability in LDA-identified
topics and combined them with Word2Vec word vectors to represent topic vec-
tors for similar topic matching [?]. C. Li et al. also proved that combining
Word2Vec with LDA models using weighted vectors can effectively represent
technical topic features as low-dimensional dense vectors and achieve semantic
matching between documents and topics using cosine similarity [?], enabling
more refined semantic modeling.

In summary, the organic combination of Word2Vec with topic words and text
vocabulary can effectively represent the semantic features of topics or texts, en-
abling finer-grained semantic association and analysis. Current research mainly
focuses on combining LDA with Word2Vec, but the LDA topic model is more
suitable for long texts and has poor topic identification effects for short texts.
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Additionally, the number of topics in the model needs to be manually deter-
mined based on perplexity curves. Although there are some improvements for
these problems [?], relatively mature solutions have not yet been formed. More-
over, research combining co-word analysis with Word2Vec is relatively scarce,
mainly using Word2Vec to learn or replace co-occurrence relationships [?, ?],
with less utilization of Word2Vec’s advantages in text matching. Consider-
ing that topics obtained through co-word analysis only manifest as clusters of
different keywords and the results are independent of documents, to overcome
the limitation that the topic distribution contained in any document cannot
be detected [?], this study attempts to combine co-word analysis with weighted
Word2Vec. This approach leverages Word2Vec’s ability to represent text seman-
tics to construct a topic-document semantic matching analysis method based
on co-word analysis and Word2Vec weighted word vectors for document-level
feature measurement and evolutionary analysis of topics.

3 Method Construction and Topic Measurement
3.1 Method Construction

To solve the problem that co-word analysis cannot perform measurement at the
document level, this study applies the Word2Vec model to co-word analysis to
achieve topic-document similarity matching under co-word networks, thereby
assigning different documents to corresponding topics. First, use keyword infor-
mation from bibliographic data to build a domain dictionary required for word
segmentation, perform word segmentation and part-of-speech filtering after data
cleaning, select high-frequency words to build a keyword co-occurrence network
and conduct topic clustering. Second, use titles, abstracts, and keywords as text
data to train Word2Vec word vectors, and construct topic vectors and document
vectors based on word vectors. Finally, implement document-topic matching ac-
cording to established rules and select topic measurement indicators for result
measurement and analysis.

3.1.1 Constructing the Co-word Matrix Using Python’s jieba segmen-
tation package, extract keywords from bibliographic data to establish a domain
dictionary required for segmentation, perform segmentation and part-of-speech
screening, and build a co-word matrix in three steps: (1) Synonym merging; (2)
High-frequency keyword selection; (3) Matrix construction.

For synonym merging, calculate the character overlap between keywords using
(𝑤𝑜𝑟𝑑𝑖 ∩ 𝑤𝑜𝑟𝑑𝑗)/(𝑤𝑜𝑟𝑑𝑖 ∪ 𝑤𝑜𝑟𝑑𝑗), where 𝑤𝑜𝑟𝑑𝑖 represents the character set in
keyword 𝑖. For example, the character set for the keyword “structural equa-
tion model”is {结, 构, 方, 程, 模, 型}. For words with high character overlap,
supplement with manual screening to obtain synonyms.

For high-frequency keyword selection, this study uses Price’s formula 𝑀 =
0.749 × √𝑁𝑚𝑎𝑥, where 𝑁𝑚𝑎𝑥 is the occurrence frequency of the most frequent
keyword. Cluster the co-word matrix to extract different research topics, where
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the keywords under each topic constitute the topic words for that topic.

3.1.2 Document-Topic Matching The Word2Vec word vector model is es-
sentially a three-layer neural network model with “input layer - hidden layer -
output layer”[?], as shown in Figure 1 [Figure 1: see original paper]. 𝑤(𝑡) is the
target word, and its context words are 𝑤(𝑡 − 𝑟), ..., 𝑤(𝑡 − 1), 𝑤(𝑡 + 1), ..., 𝑤(𝑡 + 𝑟).
The model has two learning methods: CBOW (Continuous Bag of Words) and
Skip-gram. The Skip-gram model predicts the context of the target word based
on the target word itself.

This study adopts the Skip-gram learning method, using the combination of
title, abstract, and keywords (instead of a single document) as the training
dataset for the Word2Vec model. For 𝑡𝑜𝑝𝑖𝑐𝑡 obtained from co-word matrix
clustering, use the trained Word2Vec model to generate word vectors for each
topic word in 𝑡𝑜𝑝𝑖𝑐𝑡, and obtain the vector representation of 𝑡𝑜𝑝𝑖𝑐𝑡 through
weighted summation of word vectors based on word frequency relationships:

𝑊𝑡𝑜𝑝𝑖𝑐𝑖
(𝑡 = 1, 2, ..., 𝑇 ) = 𝑤1 × 𝑤2𝑣𝑘1 + 𝑤2 × 𝑤2𝑣𝑘2 + ... + 𝑤𝑘𝑡 + 𝑤2𝑣𝑘𝑘𝑡

where 𝑤2𝑣𝑘𝑖 represents the Word2Vec word vector of topic word 𝑘𝑖 in 𝑡𝑜𝑝𝑖𝑐𝑡,
𝑇 represents the number of topics, 𝑘𝑡 represents the number of topic words in
𝑡𝑜𝑝𝑖𝑐𝑡, and 𝑤𝑖 is the weight of topic word 𝑘𝑖, which is the ratio of the frequency
of topic word 𝑘𝑖 to the total frequency of all topic words in that topic.

For document vectorization, we still use the combination of title, abstract, and
keywords (instead of a single document) as the data source. However, the
abstract may contain some high-frequency irrelevant words. To better measure
the importance of vocabulary, we use TF-IDF to weight the word vectors of
each word in the data source to obtain the document vector 𝑤2𝑣𝑡𝑓𝑖𝑑𝑓_𝑑𝑖, which
reduces the influence of high-frequency words with low discriminative power [?]
and improves the feature representation effect of Word2Vec [?].

Finally, calculate the similarity between each document and various topics
through cosine similarity:

𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑡𝑜𝑝𝑖𝑐𝑡_𝑑𝑖 = 𝑐𝑜𝑠𝑖𝑛𝑒(𝑊𝑡𝑜𝑝𝑖𝑐𝑡
, 𝑤2𝑣𝑡𝑓𝑖𝑑𝑓_𝑑𝑖)

For 𝑇 topics and 𝐷 documents, a total of 𝑇 × 𝐷 calculations are required. The
document-topic matching rules are: (1) If a document 𝑑𝑖 has 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑡𝑜𝑝𝑖𝑐𝑡_𝑑𝑖 ≥
𝛽 for any topic 𝑡𝑜𝑝𝑖𝑐𝑡, then the document belongs to 𝑡𝑜𝑝𝑖𝑐𝑡; (2) If a document
𝑑𝑖 has 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑡𝑜𝑝𝑖𝑐𝑡_𝑑𝑖 < 𝛽 for all topics 𝑡𝑜𝑝𝑖𝑐𝑡, then the document only be-
longs to the topic with the maximum 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑡𝑜𝑝𝑖𝑐𝑡_𝑑𝑖. Through this method,
one document can be assigned to different topics, and each document may cor-
respond to more than one topic, which aligns with the actual situation since
many documents may be related to multiple topics.

chinarxiv.org/items/chinaxiv-202304.00757 Machine Translation

https://chinarxiv.org/items/chinaxiv-202304.00757


3.2 Topic Measurement and Evolution Analysis

3.2.1 Topic Feature Measurement Common indicators for topic feature
measurement include topic strength [?], novelty [?], influence [?], interdisci-
plinarity [?], and attention [?]. Overall, relevant measurement indicators typi-
cally incorporate the number of documents corresponding to the topic and their
publication dates. Therefore, this study uses three indicators—topic strength,
attention, and novelty—to examine the characteristics of each topic.

(1) Topic Strength (Strength Index, SI). Topic strength is the most intu-
itive manifestation of whether a topic is popular. From a quantitative perspec-
tive, the more documents a topic accumulates, the greater the effort researchers
have invested in it, the more profound its influence in the academic field, and
the stronger the topic’s strength:

𝑆𝐼𝑡𝑜𝑝𝑖𝑐𝑡
= Σ(1) from 𝑖 = 1 to 𝐷, where document 𝑖 belongs to 𝑡𝑜𝑝𝑖𝑐𝑡

(2) Attention (Attention Index, AI). Attention is a dynamic process that
needs to be described from both temporal and quantitative dimensions. From
the temporal dimension, due to limited researcher attention and factors such as
the topic’s own development status and social changes, researchers’attention
to a topic fluctuates over time. From the quantitative dimension, attention is
equivalent to the annual topic strength, i.e., the number of documents under
the topic each year. Using the document-topic matching method to obtain
the number of documents produced each year under each topic can quantify
researchers’attention to the topic:

𝐴𝐼 = 𝑆𝐼𝑦𝑒𝑎𝑟_𝑡𝑜𝑝𝑖𝑐𝑡

where 𝑆𝐼𝑦𝑒𝑎𝑟_𝑡𝑜𝑝𝑖𝑐𝑡 represents the number of documents belonging to 𝑡𝑜𝑝𝑖𝑐𝑡 each
year.

(3) Novelty. As documents“age,”their content becomes increasingly outdated,
and their value as information sources continuously decreases. The influx of new
documents, accompanied by potentially new theories, methods, and perspec-
tives, also accelerates the depreciation of existing documents. Therefore, after
obtaining the corresponding documents for a topic through the document-topic
matching method, we can further measure the novelty of these documents as an
important indicator for judging the topic’s development potential. The year
of first publication is a common indicator for revealing the age of documents.
A topic’s novelty can be represented by the median publication year of docu-
ments belonging to that topic. A larger median indicates that most documents
in the topic were published more recently, representing higher potential for new
achievements.
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3.2.2 Topic Evolution Analysis Compared with traditional co-word anal-
ysis that studies topic evolution in stages, this research can directly analyze
the development trajectory of topics from the temporal dimension. The specific
method is: after obtaining the documents corresponding to each research topic
using the above method, divide the documents under the topic by year, and use
the keywords of documents each year as the corpus to calculate the TF-IDF val-
ues of keywords between different years. Sorting by TF-IDF values in descending
order yields the core keywords for each topic each year. Through keyword burst
analysis, we can gain a dynamic macro understanding of the topic’s research
trajectory, supplemented by content analysis of documents with corresponding
keywords under the topic to understand the topic’s development and evolution
in detail.

4 Empirical Analysis
With the advent of globalized knowledge economy, the production, processing,
innovation, and application of knowledge have increasingly become the driving
force for economic growth and social development. Knowledge is regarded as a
key strategic resource for both organizations and individuals [?], and knowledge
sharing, as a critical process for sharing, utilizing, and creating knowledge, has
attracted attention from enterprises and scholars. However, the growing volume
of literature makes it difficult to grasp core knowledge. To comprehensively un-
derstand the knowledge system and development frontiers of knowledge sharing
research, identify research entry points, and enhance enterprise competitiveness,
this study takes the “knowledge sharing”domain as an example to empirically
analyze the document-topic matching method and conduct topic feature mea-
surement and evolution analysis.

4.1 Data Sources and Processing

Chinese data were obtained from CNKI, searching with“knowledge sharing”as
the theme, limited to core journals, CSSCI, and CSCD sources, with a retrieval
date of April 20, 2021, yielding 5,481 journal papers. After removing irrelevant
data such as announcements and reports, 5,132 journal papers remained.

English data were obtained from the Web of Science Core Collection, searching
with “knowledge sharing”as the theme, limited to English language, with a
time span of 1996-2020 (limited by database access permissions, our institution’
s IP can only retrieve data from 1996 onwards. Knowledge sharing research
originated in 1990, but publications from 1990-1995 were minimal [?]), with a
retrieval date of April 20, 2021, yielding 5,813 journal papers. After removing
irrelevant literature, 5,625 journal papers remained. The annual distribution
of literature is shown in Figure 2 [Figure 2: see original paper]. The number
of domestic papers gradually declined after 2010, while the number of foreign
papers surged suddenly in 2015 and continued to rise each year thereafter.
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4.2 Co-word Clustering

In the process of constructing the keyword co-occurrence network, since“knowl-
edge sharing”is the theme word of this study and“knowledge management”has
overly broad meaning and excessively high frequency that is not conducive to
clustering, these two terms were removed in subsequent research. The remaining
keywords were cleaned, and after multiple experiments, keywords with overlap
above 0.6 were selected for manual screening to achieve synonym merging.

Price’s formula was then used to calculate the high-frequency keyword threshold.
Words appearing more than 14 times (domestic) and 11 times (foreign) were
selected as high-frequency keywords, with domestic papers containing 125 such
words and foreign papers containing 277. The keyword co-occurrence matrix
was clustered, and the strength distribution of clustering results is shown in
Figure 3 [Figure 3: see original paper].

4.3 Document-Topic Semantic Matching

Using Python’s jieba and nltk libraries for data processing,“jieba.load_{userdict}()”
loaded the custom domain dictionary, and pytorch was used to implement the
Word2Vec word vector training model. Then, the word frequency and TF-IDF
values of each keyword were calculated, and combined with trained word
vectors for weighted summation to obtain topic vectors and document vectors
respectively. Cosine similarity was used to match topic vectors with document
vectors. After multiple experiments, it was found that setting the matching
threshold to 0.62 for domestic literature and 0.24 for foreign literature yielded
good document-topic classification results.

Tables 1 through 4 list 10 documents with highest similarity and 10 with lowest
similarity under the domestic “tacit knowledge and explicit knowledge”topic
and the foreign“social media”topic. It was found that titles of documents with
high similarity to the topic vector often contain core keywords, while documents
with low similarity can mostly serve as extended research for the topic.

4.4 Topic Feature Analysis

4.4.1 Topic Strength and Attention The topic strength distribution for
domestic and foreign knowledge sharing research is shown in Figure 3. Domestic
research focuses on knowledge sharing influencing factors and knowledge sharing
models and performance, while foreign research emphasizes innovation value-
added from knowledge sharing and collaborative research between organizations
and individuals.

Comparing the attention changes for knowledge sharing topics (Figure 4 [Figure
4: see original paper]), for domestic research, except for the influencing factors
topic, attention to other topics began to decline around 2010. For example, be-
fore 2009, attention to knowledge sharing models and performance research was
higher than that for influencing factors, but related research attention declined
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year by year after 2009, while knowledge sharing influencing factors research
received more attention and maintained high and stable output each year, be-
coming the current mainstream research.

For foreign research, since foreign knowledge sharing is still in a growth pe-
riod with emerging results, the strength size and attention degree show similar
changes. Since 2007, research on innovation value-added based on knowledge
sharing has received increasing attention and developed into the current main-
stream, while collaborative research also surpassed social media in 2017 to be-
come the second most concerned topic for foreign researchers.

Overall, compared with domestic knowledge sharing research, foreign research
pays more attention to technological iteration, inter-organizational cooperation,
knowledge, product, and service innovation value-added from knowledge sharing,
and knowledge sharing based on social media, with stronger research progression
shown by a slow accumulation to rapid rise in attention. Domestic knowledge
sharing research content focuses more on influencing factors and various appli-
cations, showing greater fluctuation in attention, with research on knowledge
sharing technology and social media-based knowledge sharing being emphasized.

4.4.2 Topic Novelty The publication year distribution of documents corre-
sponding to each research topic is shown in Figure 6 [Figure 6: see original
paper]. The median line of foreign box plots is overall higher than that of do-
mestic box plots, indicating that foreign knowledge sharing research has higher
novelty overall.

Specifically, domestic knowledge sharing topic novelty is mainly distributed in
2010-2013, with influencing factors and knowledge transfer between organiza-
tions and teams having relatively new publication years. The lower novelty of
knowledge sharing models and performance research and intellectual property
research may be due to earlier starts, but with the introduction of new technolo-
gies and relevant laws and regulations, new research topics continue to emerge.

Foreign knowledge sharing topic novelty is mainly distributed in 2011-2014, with
influencing factors and collaboration receiving continuous attention from re-
searchers in recent years, while knowledge sharing technology has lower novelty,
possibly because related technologies are relatively mature and research results
are gradually being applied to other topics.

Through novelty measurement of domestic and foreign topics: (1) Foreign re-
search is overall more novel; (2) Researchers’research and application of knowl-
edge sharing influencing factors are continuously updated and improved, and
knowledge transfer and cooperation coordination between individuals and or-
ganizations still maintain high attention; (3) There is no direct relationship
between the starting time of topic research and topic novelty; (4) Domestic
research on influencing factors and foreign research on innovation value-added
and collaboration coordination all have high strength and novelty, making them
more likely to produce cutting-edge research directions or development trends.
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4.5 Topic Evolution Analysis

Figure 7 [Figure 7: see original paper] plots the attention of foreign researchers
under the“collaborative coordination”topic and lists TOP5 keywords for some
years. Foreign research on collaborative coordination mainly focuses on how in-
dividuals, organizations, and groups achieve coordination for efficient knowledge
sharing.

Over time, research objects have gradually diffused from enterprises to cities,
nations, and virtual communities, and research questions have become more
diversified. In the initial stage of topic development, system platforms were
used as media to study strategic cooperation between enterprises and problems
faced in knowledge sharing practice. “Multi-agent systems”based on ontology
methods became emergent topic words, and establishing complete agent systems
could achieve coordinated operation among various links within organizations,
with process optimization also helping knowledge sharing implementation [?].

In 2007, knowledge sharing theory and technology were introduced into higher
education and attracted researcher attention. In traditional classroom teaching,
information and communication technologies were used to enhance classroom
collaboration and group interaction [?], with “improved classroom teaching”
and“multidisciplinary design”becoming core vocabulary, while research on tra-
ditional organizations focused on enhancing knowledge sharing among “stake-
holders”for efficient operation.

Since 2011, research on using knowledge sharing to promote sustainable devel-
opment of cities [?] and public sectors began to emerge. On the other hand,
with increasingly severe climate issues, bringing knowledge sharing into climate
change adaptation research would promote decision-making execution and re-
sponse to emergencies, such as learning from successful climate governance cases
in different countries and sharing theoretical frameworks and data used [?]. Ad-
ditionally, enabling doctors, patients, and multiple parties to collaboratively
participate in treatment and care through knowledge sharing [?] became a novel
research direction in 2016.

In 2020, affected by the COVID-19 pandemic, organizational work patterns and
environments changed significantly, and how to improve knowledge sharing for
students, office workers, and medical personnel in online modes requires further
discussion and practice. Knowledge sharing related to pandemic information
and prevention in social media and virtual communities [?] received widespread
attention from researchers.

5 Conclusion
This study proposes a document-topic matching analysis method combining
Word2Vec weighted vectors and co-word analysis, and conducts empirical anal-
ysis using the knowledge sharing domain at home and abroad to compensate for
the limitations of co-word analysis in document-level measurement. First, nat-
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ural language processing and text mining techniques were used to clean the bib-
liographic data of knowledge sharing literature. Second, co-word analysis was
used to obtain relevant research topics in the knowledge sharing field. Then,
weighted Word2Vec word vectors were used to match documents with corre-
sponding research topics.

Empirical analysis results show that this method can obtain documents highly
related to research topics. Compared with traditional co-word analysis, this
method can not only detect topic evolution macroscopically but also evaluate
topic development status from the document perspective using existing topic
measurement indicators, combined with topic word burst analysis to deeply
analyze the development trajectory and dynamic evolution of topics.

The limitation of this study is that this is an unsupervised method where thresh-
olds need to be adjusted subjectively based on matching results. While higher
thresholds can improve the accuracy of topic-document matching, they may
also cause potential topics of some documents to be ignored. In the future,
ideas from supervised topic models such as Label-LDA and MedLDA can be
referenced, combining observable document external feature information such
as publication location and authors to annotate documents for automated gen-
eration of optimal thresholds.
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