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Abstract
[Purpose/Significance] Core technology theme identification based on ex-
tensive patent literature data facilitates the recognition of key technologies
within a technical domain and the analysis of their development trajectories,
constituting foundational intelligence work for technological innovation that
holds significance for researchers, enterprises, and national-level stakeholders.
[Method/Process] This study proposes a core technology theme identification
methodology based on Chunk-LDAvis. Initially, topic identification is con-
ducted using the classical LDA model. Subsequently, noun chunks are employed
to annotate the initial LDA topic identification results, thereby constructing
Chunk-LDA topic identification outputs and enhancing their interpretability.
A topic network is then constructed through social network analysis methods
to identify core technology themes. Finally, the LDAvis package in R is utilized
to generate an interactive Chunk-LDAvis core technology theme correlation
analysis visualization, revealing implicit connections among core technology
themes to assist in their identification. [Results/Conclusion] An empirical
study in the domain of nano-agriculture validates the accuracy and feasibility
of the proposed methodology.
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Abstract
[Purpose/Significance] Core technology topic identification based on large-
scale patent literature data helps identify key technologies in a technical field
and analyze their development directions. This fundamental intelligence work
for technological innovation holds significance for researchers, enterprises, and
national-level decision-making. [Method/Process] This paper proposes a core
technology topic identification method based on Chunk-LDAvis. First, topics
are identified using the classic LDA model. Then, noun chunks are used to
annotate the initial LDA topic identification results, constructing Chunk-LDA
topic identification results to improve interpretability. Next, a topic network
is constructed based on social network analysis methods to identify core tech-
nology topics. Finally, the LDAvis toolkit in R is used to draw interactive
Chunk-LDAvis core technology topic association analysis maps, revealing hid-
den connections among core technology topics to assist in identification. [Re-
sult/Conclusion] An empirical study in the nano-agriculture field verifies the
accuracy and feasibility of the proposed method.

Classification Number: G251.2
Keywords: Chunk-LDAvis; Patent Analysis; Topic Recognition; Core Technol-
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Introduction
With the rapid evolution of a new round of global technological revolution and
industrial transformation, technological innovations continue to emerge, pro-
moting the generation of new products, demands, and business formats. These
innovations have become key drivers for sustained socio-economic development,
influencing adjustments to economic patterns and industrial structures, and
representing critical factors for development and national competitiveness. Cur-
rently, countries worldwide attach great importance to scientific and technolog-
ical innovation, increasing investment in high-tech fields to seize opportunities
in this new round of scientific and technological revolution. In recent years,
China has consistently emphasized an innovation-driven development strategy,
recognizing that technological innovation is the strategic support for improving
social productivity and comprehensive national power, and must be placed at
the core of national development.

In the era of big data, the volume of scientific and technological literature such
as patents and papers is growing exponentially, making global, forward-looking,
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and strategic scientific and technological intelligence services particularly impor-
tant for supporting scientific and technological decision-making and innovation.
The World Intellectual Property Organization notes that over 90% of scientific
and technological information is reflected through patent information, making
patent literature an important and reliable data source for analyzing technology
development trends. Although global patent output is growing rapidly, schol-
ars have found through evaluation of patent values in European countries after
the 1950s that the value distribution of patent literature is uneven, with ap-
proximately 5%-10% of patents accounting for half of the total value. How to
accurately and effectively capture core technologies from massive patent liter-
ature and predict their development trends has become an urgent problem in
current scientific and technological intelligence work.

Therefore, numerous scholars have conducted technology identification and pre-
diction research based on patent literature data, achieving many results. For
example, core technology identification and prediction analysis methods based
on patent citation analysis, patent keyword analysis, and visual analysis have
provided certain assistance for scientific and technological innovation in various
countries. However, as intelligence needs continue to deepen, corresponding
core technology identification and prediction methods need further improve-
ment. Building on current research, this paper proposes a core technology topic
identification method based on Chunk-LDAvis to address deepening scientific
and technological innovation intelligence needs, providing references for scien-
tific and technological intelligence work at different levels including researchers,
enterprises, and nations.

1 Related Research
1.1 Core Technology Topic Identification Based on Citation Features

With the rapid evolution of global technological revolution and industrial trans-
formation, research on core technology identification based on scientific and
technological literature has received significant attention from scholars, enter-
prises, and governments worldwide. Scholars have conducted extensive research
on how to efficiently and accurately identify core technologies, hot technologies,
and their development trends using scientific and technological literature data.
These efforts can be broadly divided into two directions: analyzing citation fea-
tures such as co-citation, bibliographic coupling, and direct citation of patent
literature; and analyzing text content features such as titles and abstracts.

Among them, methods based on patent citation features for core technology
topic identification have attracted early scholarly attention. For example, O.
Kwon et al. identified core technologies by constructing patent citation coupling
networks and co-citation networks and comprehensively analyzing patent distri-
bution, verifying the method’s effectiveness through empirical studies in three
fields. C. Choi et al. proposed a core technology identification method based on
main path analysis algorithms: first constructing a patent citation network, then

chinarxiv.org/items/chinaxiv-202307.00645 Machine Translation

https://chinarxiv.org/items/chinaxiv-202307.00645


using main path discovery algorithms to extract the main path of patent technol-
ogy development, and finally analyzing technology evolution 脉络 to identify key
technologies and their development trends. C. W. Hsu et al. used patent cluster-
ing methods to establish mutual citation matrices between related technologies
in the biohydrogen production field, mapping technology development and iden-
tifying representative technology fields. Zhang Xin et al. improved the original
PageRank algorithm by combining citation counts and patent age, applying it
to the OLED field to identify core patents. Kang Chuanbo et al. constructed
citation networks of patent literature based on mutual citation relationships,
then identified core patent topics based on individual value and network value
indicators.

Core technology identification methods based on citation features can effectively
identify core technologies. However, due to citation time lag (the time required
for a document to be cited after publication, and for citing documents to be pub-
lished), many scholars question the timeliness and accuracy of citation-based
core technology identification. They attempt to delve deeper into patent liter-
ature content, conducting co-occurrence and clustering analysis based on text
content features (patent titles, abstracts, etc.) to identify more interpretable
and accurate core technology topics.

1.2 Core Technology Topic Identification Based on Content Features

With the development of natural language processing technologies (text cluster-
ing, LDA topic models, and community detection, etc.), methods for identifying
core technology topics based on patent title, abstract, and other content features
have gradually gained scholarly attention. For example, Y. G. Lee et al. pro-
posed a“technology cluster analysis”method for selecting core strategic research
areas and applied it to national R&D projects in the nanotechnology field. The
specific approach involved keyword extraction, patent document clustering, and
analyzing the hierarchical distribution relationship of keywords in patent docu-
ment clusters to identify core technologies, using this method to predict three
major core technology clusters in South Korea’s nanotechnology field. Luan
Chunjuan et al. used the Derwent Innovation Index as a data source, extracted
“Derwent Manual Codes”(DMC), and drew co-occurrence networks for visual
analysis to identify core technology fields, conducting an empirical study in the
aerospace field. Fan Yu et al. proposed a topic model and clustering algorithm
suitable for patent information clustering, combining the Latent Dirichlet Al-
location (LDA) topic model with the OPTICS algorithm for core patent topic
analysis. Li Jiajia et al. used social network analysis methods to compare and
analyze patent classification code co-occurrence networks of different countries
including China, the United States, and Europe, identifying core patent fields.
Yi Huifang et al. combined the LDA model with strategic coordinate mapping
for patent technology topic analysis, identifying core technology topics and their
structural characteristics, which is of great significance for objectively and rea-
sonably tracking technology frontiers and improving R&D efficiency.
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Although co-occurrence and clustering analysis based on patent literature
text content (keywords, classification codes, etc.) has certain advantages over
citation-based methods (no citation time lag), it also has limitations. For
instance, keywords lack semantic relationships, cannot reflect associations
between words, and cannot effectively reveal relationships between technology
topics.

1.3 Improvement and Application of LDA Model

The LDA model was first proposed by D. M. Blei et al. in 2003 and can express
semantic hierarchical relationships between words at the statistical probability
level. In 2006, D. M. Blei et al. proposed the dynamic topic model, enabling LDA
to process document datasets with timestamps for dynamic topic identification
and tracking. However, the classic LDA model has certain limitations: for
example, each topic in LDA identification results is a set of words that is not
easy to interpret; after topic identification, the associations between topic-topic
and topic-word are difficult to measure.

Addressing these two limitations, relevant scholars have conducted improvement
research and achieved numerous results, such as the TNG (Topical N-Grams)
model, PhraseLDA model, and LDAvis model. Among them, the TNG and
PhraseLDA models use phrases to represent topics, offering better semantic ex-
pressiveness; the LDAvis model can map LDA topic identification results into
two-dimensional space based on multidimensional scaling algorithms, thereby
revealing associations between topic-topic and topic-word. In recent years, schol-
ars in library and information science have used LDA models and their improved
algorithms for scientific research topic identification, applying them to scien-
tific and technological intelligence analysis based on text data. For example,
Fan Yunman et al. used the TNG model for emerging topic detection research.
Zhang Qin et al. used the PhraseLDA model for topic phrase mining method
research, with results showing high-quality topic phrases mined from multiple
datasets.

Based on the above analysis, this study draws on the TNG and PhraseLDA
models, using noun chunks (Chunk) to represent topics (which contain higher
semantic information content than phrases), and then uses the LDAvis model
to reveal associations between topic-topic and topic-word, thereby constructing
the Chunk-LDAvis model and applying it to core technology topic identifica-
tion research. Using Chunk-LDAvis for core technology topic identification can
represent each core technology topic as a set of noun chunks on one hand, im-
proving interpretability, and on the other hand reveal interconnections between
core technology topics and topic words.
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2 Core Technology Topic Identification Based on Chunk-
LDAvis
Through summarizing related research, core technology topic identification re-
search has two interconnected improvement directions: (1) enhancing semantic
information of technology topics to increase the information content of content
features; (2) identifying content-dimensional associations between technology
topics and using these relationships to identify core technology topics. The for-
mer is the foundation, using topic models, semantic analysis, and other methods
to more effectively (compared to keywords and citation links) summarize and
generalize content features of patent texts. The latter is the deepening, adding
semantic-dimensional associations between core technology topics rather than
simple co-occurrence associations, and identifying core technology topics based
on these semantic-dimensional relationships.

Based on the above analysis, this paper proposes a core technology topic iden-
tification framework based on Chunk-LDAvis, mainly including four systematic
processes: data collection and processing, semantically enhanced topic identifica-
tion, core technology topic determination, and association visualization analysis.
The main idea is shown in Figure 1 [Figure 1: see original paper]:

Step 1: Data Collection and Processing. Determine the database accord-
ing to the target, construct search queries to obtain patent literature in the
corresponding technical field. Then perform data processing, including patent
literature format conversion. Since the research purpose is core patent topic
analysis, key information such as titles, abstracts, and time needs to be ex-
tracted and saved locally for subsequent research.

Step 2: Semantically Enhanced LDA Topic Identification. First, topic
identification is performed based on the classic LDA model. Then, using part-
of-speech tagging, syntactic analysis, and grammatical analysis, subject noun
chunks (Subject Noun Trunk, i.e., noun phrases representing the subject) and
object noun chunks (Object Noun Trunk, i.e., noun phrases representing the ob-
ject) are extracted from the supporting documents of each topic. These chunks
are used to annotate the initial LDA topic identification results, constructing
Chunk-LDA topic identification results to enhance the semantic function and
improve interpretability.

Step 3: Core Technology Topic Determination. Time windows are di-
vided, topic networks are constructed, and core patent topics are identified
based on social network analysis methods.

Step 4: Core Technology Topic Visualization Analysis Based on
Chunk-LDAvis. Using Web front-end technology, interactive Chunk-LDAvis
core technology topic association analysis maps are drawn. Then a Web
database is built for online testing, improving from two aspects: semantic
enhancement and interpretability of core technology topic identification results,
thereby effectively identifying and analyzing core technology topics.
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The main steps are detailed below.

2.1 Semantically Enhanced LDA Topic Identification

(1) Initial LDA Topic Identification. In recent years, numerous topic mod-
els have been proposed, such as Latent Semantic Analysis (LSA), Probabilis-
tic Latent Semantic Analysis (pLSA), and LDA models. Compared with LSA
and pLSA models, the LDA model can not only predict topic distributions of
documents in the training set but also effectively predict topic distributions
of documents and words not in the training set. Therefore, the LDA model
has gradually become one of the most effective tools for analyzing large-scale
unstructured document collections.

Specifically, LDA is a three-layer (word, topic, and document) Bayesian prob-
ability model (see Figure 2 [Figure 2: see original paper]). The LDA model
assumes that documents are composed of several latent topics, and topics are
composed of all words in the vocabulary. The joint distribution probability of
the LDA topic model is shown in formula (1):

𝑃(𝜃, 𝑧, 𝑤) = 𝑃(𝜃|𝑤) ∏ 𝑃(𝑧𝑛|𝜃)𝑃 (𝑤𝑛|𝑧𝑛, 𝛽) formula (1)

Where M is the number of documents, K is the number of topics, N represents
the number of words in the m-th document, � is sampled from a Dirichlet dis-
tribution with parameter 𝛼, z represents topics, w represents topic words, and
𝜙 is a Dirichlet distribution with parameter 𝛽.
The LDA model generation process can be summarized as follows: 1) Sample
topic-word distribution 𝜙k for each topic from a Dirichlet distribution with
parameter 𝛽, i.e., 𝜙k ~ Dir(𝛽), k � [1, K]. 2) Sample document-topic distribution
�_m for each document from a Dirichlet distribution with parameter 𝛼, i.e., �_m
~ Dir(𝛼), m � [1, M]. 3) For the n-th word (n � [1, N_m]) in document m: Sample
a topic z_m,n from a multinomial distribution with parameter �_m, i.e., z_m,n
~ Mult(�_m). 4) Sample a specific word w_m,n from a multinomial distribution
with parameter 𝜙{z_m},n, i.e., w_m,n ~ Mult(𝜙{z_m},n).

The key to using LDA for modeling document data is to infer the hyperparam-
eters 𝛼 and 𝛽, i.e., to calculate the implicit parameters of each document-topic
distribution �_m and topic-word distribution 𝜙{z_m},n. Current parameter es-
timation methods for LDA models include Maximum A Posteriori (MAP), Varia-
tional Bayes (VB), Collapsed Variational Bayesian Inference (CVB), and Gibbs
Sampling (GS). This study uses the LDA{Gibbs} model from the topicmodels
package in R to estimate LDA model parameters.

In R, there are mainly two packages providing LDA models: LDA and
topicmodels. The former provides classic LDA based on Gibbs sampling,
MMSB (the Mixed Membership Stochastic Block Model), RTM (Relational
Topic Model), and sLDA (supervised LDA), RTM based on VEM (Variational
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Expectation-Maximization). The latter provides LDA_{VEM}, LDA_{Gibbs},
and CTM_{VEM} (correlated topics model).

(2) Semantic Chunk Annotation. After initial LDA topic identification,
for the supporting documents of each topic, Python is used with part-of-speech
tagging, syntactic analysis, and grammatical analysis to extract noun chunks
representing subjects and objects in the supporting documents of a certain topic.
This can be divided into three steps: TAG, CHUNK, and ROLE.

First, TAG: According to the role of each word in the sentence, part-of-speech
tags are assigned, mainly including verbs (VB), nouns (NN), pronouns (PR +
DT), adjectives (JJ), adverbs (RB), prepositions (IN), conjunctions (CC), and
interjections (UH).

CHUNK: Chunk labels are assigned to groups of words that belong together
(i.e., phrases), such as noun phrases (NP, e.g.,“the red coat”) and verb phrases
(VP, e.g., “is doing”), as shown in Table 1 :

Table 1 Chunk Labels and Their Meanings

Chunk Label Pattern Example
NP DT + RB + JJ + NN + PR the strange bird
PP TO + IN in between
VP RB + MD + VB was looking
ADJP CC + RB + JJ warm and cozy
SBAR - whether or not
INTJ - hello

ROLE: Semantic role labels describe relationships between different chunks, clar-
ifying the function of chunks in sentences. The most common roles in sentences
are SBV (subject noun phrase) and OBJ (object noun phrase). The subject of
a sentence is the person, thing, place, or idea that does something. The object
of a sentence is the person/thing affected by the action, as shown in Table 2 :

Table 2 Chunk Semantic Role Labels and Their Meanings

Semantic Role Label Pattern Example
SBV NP the boys sat on the Chair
OBJ NP + SBAR the boys sat on the Chair

To intuitively explain the above process, take the sentence “Phrase-LDAvis
model is helpful to detect the core technology topic”as an example for semantic
chunk extraction testing. The results are shown in Figure 3 [Figure 3: see
original paper], which can annotate the part-of-speech, chunk, and semantic
role of each word, ultimately obtaining the noun chunk “Phrase-LDA model”
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representing the subject component and the noun chunk “the core technology
topic”representing the object component.

(3) Chunk-LDA Annotation. Based on the semantic chunk extraction re-
sults from step (2), the topic words (single topic words) from the initial LDA
topic identification results in step (1) are annotated with chunks to achieve
chunk annotation of LDA topic identification results. For example, annotating
the topic word“technology”in the sentence“Phrase-LDAvis model is helpful to
detect the core technology topic”with chunks: technology → the core technol-
ogy topic, resulting in semantically enhanced Chunk-LDA and improving the
readability (semantic function) of topic identification results.

Since a topic word may correspond to several subject and object noun chunks,
the key problem in this step is how to determine the chunk corresponding to
the topic word. The solution adopted in this paper is: first, determine the
corresponding generated documents based on the topic corresponding to the
topic word (topic word-topic-topic document), then extract the semantic chunks
of these corresponding documents and sort them by frequency, and finally select
the chunk with the highest frequency corresponding to the topic word as a clue
to complete Chunk-LDA construction.

2.2 Core Technology Topic Identification Based on SNA

There are explicit or implicit connections between technology topics contained
in patent literature, and these connections can reveal the importance and core
value of a certain technology topic. For example, the more connections technol-
ogy topic T has with other topics, the higher the centrality of topic T. Current
LDA topic identification methods can identify topics in large amounts of text
but cannot analyze which topics are core topics. Therefore, this study attempts
to further process LDA topic identification results using Social Network Analysis
(SNA) methods: on the basis of LDA topic identification results, construct an
LDA topic social network graph, and determine core technology topics through
centrality indicators. The centrality calculation method is shown in formula
(2):

𝐶𝑖(𝑇 ) = ∑ 𝐴𝑖𝑗𝐶𝑗 formula (2)

Where 𝐶𝑖(𝑇 ) is the centrality of topic 𝑇𝑖, calculated using Bonacich’s Centrality,
i.e., eigenvector centrality; 𝐴𝑖𝑗 is the adjacency matrix of the network, 𝜆 is a
constant, and 𝐶𝑗 is the neighbor of node 𝐶𝑖.

For example, several technology topic sets identified based on the LDA model
are marked as 𝑇 = {𝑡𝑜𝑝𝑖𝑐1, 𝑡𝑜𝑝𝑖𝑐2, 𝑡𝑜𝑝𝑖𝑐3, ..., 𝑡𝑜𝑝𝑖𝑐𝑛}. Then, based on the igraph
package in R, the topic network G is constructed, and the centrality values 𝐶𝑖(𝑇 )
of each node are calculated. The size of the centrality values is represented by
the size of topic nodes, as shown in Figure 4 [Figure 4: see original paper].
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The specific processing tool is the igraph package in R for constructing topic
network G, with visualization layout settings code shown in Figure 5 [Figure 5:
see original paper].

2.3 Core Technology Topic Visualization Analysis Based on Chunk-
LDAvis

Scientific and technological intelligence analysis should be user-oriented, but cur-
rent core technology topic identification research results are mainly displayed as
local static graphs, making it difficult to analyze core technology topic content
at multiple levels and granularities. Users can often only view content provided
by intelligence analysts. With the development of information technology, inter-
active visualization technology can compensate for this deficiency to a certain
extent, i.e., through interactive visualization results, scientific and technological
intelligence results can be displayed at multiple levels to meet users’personalized
needs.

Moreover, although the previous step identified core technology topics, the spe-
cific relationships and content (subordinate words of topics) between core tech-
nology topics and other topics cannot be clearly obtained. Therefore, further
analysis is needed. This study uses Multidimensional Scaling (MDS) to con-
struct a low-dimensional space using Euclidean distances between topics, making
the distances between LDA topics in this space as consistent as possible with
those in high-dimensional space. The distance between topics indicates their
correlation, which can be used for further analysis of core technology topics.

Based on the above analysis, this study explores using the LDAvis toolkit in
R to draw interactive core technology topic visualization maps. The basic vi-
sualization layout and meaning are shown in Figure 6 [Figure 6: see original
paper].

Figure 6 can be mainly divided into left and right parts. The left side visualizes
LDA topics in two-dimensional space based on the MDS algorithm, where dots
represent topics (the numbers in the dots are the LDA topic identification result
numbers), and the size of the dots is determined by the number of documents
corresponding to the topic. The right side shows the terms corresponding to
the topic, sorted by generation probability. This figure is generated using Web
front-end tools and has good interactive visualization effects. Taking topic1 as
an example, clicking the topic1 dot interactively displays the subordinate terms
of topic1 on the right. Clicking a term or chunk on the right can correspondingly
display the corresponding topic. Based on the above processing steps, more
comprehensive and intuitive core technology topic analysis can be conducted.

In addition, the parameter 𝜆 (0 ≤ 𝜆 ≤ 1) can be adjusted to control the topic-
term relevance 𝑟(𝑡𝑒𝑟𝑚𝑤|𝑡𝑜𝑝𝑖𝑐𝑡), i.e., to control the display of different subordi-
nate terms of a topic. The parameter 𝜆 calculation method is shown in formula
(3):
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𝑟(𝑤, 𝑘|𝜆) = 𝜆𝑙𝑜𝑔(𝜙𝑘𝑤) + (1 − 𝜆)𝑙𝑜𝑔 (𝜙𝑘𝑤
𝑝𝑤

) formula (3)

Where w represents topic words, w � {1, 2, 3, ⋯, V}; k represents topics, k
� {1, 2, 3, ⋯, K}; 𝜙𝑘𝑤 represents Gibbs sampling parameters; 𝑝𝑤 represents
the distribution probability of topic word w. When 𝜆 = 0, it displays unique
and relatively independent subordinate terms under the topic, i.e., these terms
often appear only in that topic. When 𝜆 = 1, it displays subordinate terms
with higher distribution probability, but these high-probability terms often do
not belong exclusively to that topic and may also belong to other topics.

2.4 Characteristics and Advantages

Compared with the core technology topic identification framework based on
citation features and text content features, the framework constructed in this
study has the following characteristics and advantages:

From the perspective of result accuracy, it improves upon core technology topic
identification methods based on the classic LDA model (which judges core tech-
nology topics by the number of topic-related documents, assuming that topics
with more related documents are more likely to be core technology topics) by
adding a topic association perspective for core technology topic determination.

From the perspective of result content, each core technology topic is composed
of a set of noun chunks, which have stronger semantic expression capabilities
than a set of words or patent numbers, making it easier for users to interpret.

From the perspective of result presentation, compared with static core technol-
ogy knowledge graphs, the dynamic and interactive visualization graph form is
more user-friendly and facilitates intelligence analysis.

3 Empirical Study
3.1 Data Source

This study uses patent data in the nano-agriculture field from January 1, 2010 to
December 31, 2017, collected in the Derwent Innovations Index (DII) database
as the data source. The DII database is a Web-based patent information
database that includes more than 10 million basic invention patents from over
40 patent agencies (covering more than 100 countries) and more than 20 million
patent information records, making it feasible and effective for studying global
patent R&D status and technical breakthrough information in a technical topic.
Therefore, using DII database nano-agriculture patent data as the data source
for identifying core technology topics in the nano-agriculture field is feasible and
effective.

In the DII database, the search query “Keyword = ’Nano agriculture*’”was
used, with the search time span from January 1, 2010 to December 31, 2017,
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yielding 4,937 results. The annual patent numbers are shown in Figure 7 [Figure
7: see original paper].

3.2 Semantically Enhanced LDA Topic Identification

The first step in LDA topic identification is to estimate the number of topics
(K) in the input document collection. Current research mainly uses perplexity
and log-likelihood value changes for estimation. The former decreases with in-
creasing topic numbers, while the latter increases with increasing topic numbers.
Generally, the topic number when both changes tend to flatten can be used as
the estimated topic number. This study uses log-likelihood values to determine
the optimal topic number.

Currently, before determining the optimal topic number, a priori estimation
of the number of topics contained in the dataset is needed. This study esti-
mates that the number of topics in the downloaded patent dataset is within 100.
Therefore, iterative experiments were conducted to determine the optimal topic
number, with K ranging from 1-100 in steps of 25, running 1,000 iterations for
each topic number to obtain each K and its corresponding log-likelihood value,
as shown in Figure 8 [Figure 8: see original paper].

As can be seen from Figure 8, when the topic number is 90, the log-likelihood
value of the LDA model tends to stabilize, and reaches its maximum at 97.
Therefore, this experiment selects K = 97 topics. After determining the LDA
topic number, the topicmodels package in R is used for LDA topic identification,
and the topic identification results are saved locally for chunk annotation. After
obtaining the initial LDA topic identification results, Python is used for chunk
extraction as described above. Partial chunk extraction results are shown in
Figure 9 [Figure 9: see original paper]. Then, based on the chunk extraction
results, the initial LDA topic identification results are annotated with chunks to
obtain semantically enhanced LDA topics (Chunk-LDA topics), which are saved
locally in the form of a Chunk-LDA topic-document matrix. Partial results are
shown in Figure 10 [Figure 10: see original paper].

3.3 Core Technology Topic Identification Based on SNA

Based on the previous step’s data processing results (semantically enhanced LDA
topic identification), Social Network Analysis (SNA) methods are used to further
process LDA topic identification results: on the basis of LDA topic identification
results, an LDA topic social network graph is constructed, and core technology
topics are determined through centrality indicators. Social network analysis was
conducted on the identified 97 topics, and an LDA topic visualization network
was constructed, with results shown in Figure 11 [Figure 11: see original paper],
where node size is determined by centrality.

Through calculation and sorting, the ranking of core technology topics and their
𝐶𝑖(𝑇 ) values are obtained, as shown in Table 4 . Combined with visualization
results, core topics in the nano-agriculture field can be intuitively discovered
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through centrality analysis, such as Topic1, Topic40, Topic60, etc., which are
located at the core positions of the nano-agriculture field topic network, thus
can be judged as core technology topics.

Although the SNA-based method can identify core technology topics in the nano-
agriculture field, its interpretation and analysis still have certain difficulties and
cannot meet actual intelligence analysis needs. Therefore, this study further
processes the results using Web front-end technology for interactive visualization
processing to enhance result readability and analysis dimensions. Finally, based
on the core technology topic visualization map, core technology topics in the
nano-agriculture field are analyzed.

3.4 Core Technology Topic Visualization Analysis Based on Chunk-
LDAvis

Based on the core technology topic identification results from the previ-
ous step, the top 15 core technology topics are selected, and the LDAvis
toolkit is used to draw interactive core technology topic visualization
maps for the nano-agriculture field. Figure 12 [Figure 12: see original
paper] shows the static results of core technology topic visualization in
the nano-agriculture field. The dynamic, interactive visualization results
have been uploaded to a self-built website and can be accessed online
(https://www.informationscience.top/coretechnologytopic/). In the webpage,
the dots representing topic numbers on the left can be clicked, and hovering
the mouse over a dot displays the Top-30 noun chunks constituting that topic.
The noun chunks on the right can also be clicked, and hovering over a noun
chunk displays the corresponding topic.

In Figure 12, it can be found that the positions of 7 core topics (Topic1, Topic40,
Topic59, Topic60, Topic73, Topic12, and Topic33) are basically consistent with
their positions in the LDA topic network graph. However, the node size in
Figure 12 is proportional to topic probability, thus differing from the topic node
size in the LDA topic network graph (which is proportional to topic centrality).

Based on the above results, comprehensive analysis of core technology topics in
the nano-agriculture field is conducted. The top 3 core technology topics are
selected for specific analysis:

(1) Topic1 - Nano-pesticides. Analysis of the subordinate phrases under
Topic1 reveals three main forms of nanotechnology applications in pesticides: �
Using nano-processing technology to nano-size pesticide active ingredients into
nano-dispersions, nano-emulsions, nano-particles, or nano-microspheres, increas-
ing the specific surface area of pesticide formulations, improving oil solubility or
water miscibility, enhancing dispersibility and stability in water, and promot-
ing absorption. Such nano-pesticides include thiacloprid nano-particles, pyra-
clostrobin pesticides, cyfluthrin nano-emulsion compositions, and nano-particles
of benzoxazole and phenyl compounds. � Using nano-carriers to load pesti-
cides, improving the stability of environmentally sensitive pesticides, enhancing
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drug adhesion and permeability on crop surfaces, reducing loss. � Incorporat-
ing metals or inorganic materials into pesticides to enhance bactericidal and
photocatalytic effects, promoting pesticide decomposition and reducing pesti-
cide residues, such as new photocatalyst insecticides and nano-titanium dioxide
composite pesticides. Additionally, some new nano-pesticides and pest con-
trol slow-release agents can increase plant pest resistance or fungal resistance,
inhibit microbial growth and reproduction, ensure plant robustness, and have
good weeding efficiency.

(2) Topic40 - Agricultural Equipment and Devices. Analysis of this
topic’s specific content reveals that nanotechnology applications in agricultural
equipment and devices mainly concentrate in three aspects: � Irrigation sys-
tems, water purification systems, and aquaculture systems. Nanotechnology
applications in water use, treatment, and multi-systems for irrigation, purifi-
cation, and aquaculture are mainly reflected in nano-purification aerators and
nano-bubble generators using nano-tubes for drainage and water purification,
nano-carbon cloth for insulation, and nano-support plates and nano-trays for
load-bearing and containment. � Greenhouse devices. Nanotechnology applica-
tions in greenhouse devices concentrate on using carbon nanotubes to collect
solar thermal energy, using nano-carbon cloth and nano-glass for insulation, us-
ing nano-coatings for power generation and sterilization, and using nano-power
generation glass and nano-grids for photosynthesis, etc. � Self-propelled combine
harvesters, seeders, and fertilizer applicators. Nanotechnology applications in
such agricultural machinery mainly concentrate on nano-frames and nano-baffles
for support, stress, and protection, nano-transport systems for transportation,
nano-tubes and nano-bags for collection, and nano-fibers for decontamination.

(3) Topic59 - Agricultural Environment Improvement. Analysis of this
topic’s specific content shows that due to their huge specific surface area and
modifiable functional groups, nanomaterials easily combine with organic com-
pounds and heavy metal particles and other pollutants in the environment, play-
ing an increasingly important role in agricultural environment improvement.
Current research focuses on using zinc oxide/diatomite nano-composite materi-
als for sewage treatment; nano-titanium dioxide as a biological adsorbent can
have excellent adsorption capacity, high heavy metal selectivity, and high degra-
dation ability to remove organic pollutants, pathogenic bacteria, and microor-
ganisms; how to use graphene oxide and iron oxide magnetic nano-particles to
prepare magnetic nano-bactericides is also an important content of this topic.
Using nanotechnology to nano-size silver, nano-silver sterilization has spectrum
antibacterial, strong bactericidal, strong permeability, and persistent antibac-
terial characteristics, and is widely used in agricultural environment improve-
ment, especially in sewage treatment and antibacterial sterilization. In sewage
treatment, this topic mainly studies titanium dioxide nano-composite hydrogel
softening reactors for sewage softening, using titanium dioxide photocatalysts
to remove algae, and using nano-silver composite materials to decompose and
degrade organic toxins and their bactericidal applications. In antibacterial ster-
ilization, it mainly studies using silver aqueous polyurethane for antibacterial,
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sterilization, and deodorization, using silver nano-particle stable suspensions,
adsorbing silver ions onto silica nano-particles as biocides, or preparing biocide
compositions by mixing hydroxypyridone compounds and silver compounds to
effectively inhibit and eliminate microorganisms in water.

3.5 Verification of Core Technology Topic Identification Results

The empirical results are compared with the results of specific nano-agriculture
field patent analysis practice work to verify the feasibility and effectiveness of the
core technology topic identification method proposed in this study. In specific
practice work (nano-agriculture field patent trend research analysis work, with
the same original data), Thomson Innovation (TI) under Clarivate Analytics was
used to draw a patent map of the nano-agriculture field (see Figure 13 [Figure
13: see original paper]). The altitude of peaks in the patent map represents
the density of literature on specific topics and shows the relative relationships
between different topics, which can be used for core technology topic analysis.

Analysis of Figure 13 reveals that core technology topics in the nano-agriculture
field mainly include seven topics: pesticides, fertilizers, agricultural equipment
and devices, agricultural product processing, agricultural planting and cultiva-
tion, agricultural environment improvement, and animal/plant genetic breed-
ing and nano-detection. Through comparison and verification with the core
technology topic identification results obtained in this study, it can be found
that the identified core technology topics Topic1 - Nano-pesticides, Topic40 -
Agricultural Equipment and Devices, and Topic59 - Agricultural Environment
Improvement correspond to results 1, 3, and 6 in the patent map, which can
verify the feasibility and effectiveness of the method proposed in this paper to
a certain extent.

3.6 Discussion

Compared with core technology topic identification methods based on the clas-
sic LDA model, the method proposed in this paper improves the insufficient
semantic information of single topic words in classic LDA results through se-
mantic chunk annotation. On the other hand, compared with simply relying on
topic distribution probability to judge core topics, it proposes a method based
on social network and multidimensional scaling analysis to identify associations
between topics and their visualization. Compared with current core patent topic
analysis methods based on keyword and classification code co-occurrence, the
core technology topic identification method based on Chunk-LDAvis proposed
in this paper is more targeted and readable (not single keywords or classifica-
tion codes, but basic knowledge units are noun chunks representing subjects or
objects), and can interactively visualize and analyze core technology topics in a
technical field, improving the readability of identification results.

However, this method also has certain limitations. For example, regarding the
problem of insufficient semantic information of core technology topics, this paper
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solves it by constructing Chunk-LDA topics, which are obtained through semi-
automatic methods, resulting in certain deficiencies in analysis efficiency. There-
fore, more effective machine learning methods need to be explored to achieve
automated construction of Chunk-LDA topics. In addition, patent topic rep-
resentation methods based on semantic TRIZ can also solve the problem of
insufficient semantic information in current core technology topic identification
research, i.e., representing basic patent knowledge units as SAO (Subject-Action-
Object) structures, and then dividing different dimensions to achieve multi-level
core technology topic analysis at macro, meso, and micro levels.

This paper proposes a core technology topic identification method based on
Chunk-LDAvis that can be used to analyze core technology topics in a patent
field. The main innovations are: (1) proposing a new LDA topic analysis method
based on semantic chunk annotation, and (2) using Web front-end technology
to achieve visualization analysis of the implicit relationships of core technology
topics. Finally, taking the nano-agriculture field as an example, 4,937 patent
documents from 2010 to 2017 were selected as the data source, and an empiri-
cal study was conducted using the proposed core technology topic identification
method, proving that the method is feasible and effective. However, the pro-
posed core technology topic identification method has two main deficiencies:
(1) Chunk-LDA topics are obtained through semi-automatic methods, resulting
in low analysis efficiency when the volume of patent data to be analyzed is
too large; (2) it cannot fully analyze the development trends of core technology
topics. Therefore, the next step is to conduct automated construction of Chunk-
LDA topics and identification research on core technology topic evolution paths
to achieve dynamic tracking of core technology topics.
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