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Abstract
[Purpose/Significance] This study proposes a mapping model for patent liter-
ature and industry categories based on cosine similarity. The model exhibits
advantages in accuracy, efficiency, and extensibility, thereby providing a valu-
able reference for subsequent research. [Method/Process] Existing methods for
mapping patents to industry categories are systematically reviewed. Using the
2015 invention patents from Chinese Academy of Sciences institutes and the
“Strategic Emerging Industry Classification” as case studies, a mapping model
for patent literature and industry categories is designed, mapping experiments
are conducted, and the model is evaluated based on the experimental results.
[Results/Conclusion] The mapping model for patent literature and industry cat-
egories automatically generates mapping combinations between patent litera-
ture and industry categories through natural language processing technology,
enabling bidirectional mapping from patents to industries and from industries to
patents. The model significantly reduces labor costs and facilitates convenient
fine-grained adjustments of mapping categories, making it applicable to most
patent-to-industry category mapping scenarios. Finally, the limitations of the
model are identified, and potential directions for future application expansion
are discussed.
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Abstract
[Purpose/significance] This paper proposes a mapping model based on cosine
similarity for mapping between patent documents and industrial classification.
This model is accurate, efficient and scalable, which provides references for fur-
ther research. [Method/process] After reviewing existing methods for mapping
between patents and industrial classification, we designed a model for mapping
between patent documents and industrial classification and completed the map-
ping between the 2015 annual patents of Chinese Academy of Sciences and the
Classification of Strategic Emerging Industries. Then we evaluated this model
according to the mapping results. [Result/conclusion] This model obtains map-
ping results between patent documents and industrial classification automati-
cally through natural language processing technology and enables bidirectional
mapping between patents and industries. The method saves substantial labor
costs, facilitates convenient adjustment of mapping granularity at the category
level, and is applicable to most patent-industry category mapping scenarios.
Finally, we describe improvements needed for the model and briefly discuss
potential future application areas.

Keywords: patent document; industry classification; classification mapping;
mapping methods
Classification Number: G254.11

Introduction
As a product of technological innovation, patents are closely related to industrial
innovation levels. Simultaneously, as an important tool for market competition,
they are intimately connected with industrial economic activities. Effectively
mapping patents to industrial classification systems is an indispensable step in
technology transfer and patent intelligence research.

Based on a review of existing methods for mapping patents to industrial cate-
gories, this study establishes guiding principles for an accurate, efficient, and
scalable model. Using 2015 invention patents from Chinese Academy of Sciences
(hereinafter referred to as “CAS”) institutes and the Classification of Strate-
gic Emerging Industries as a case study, we propose a cosine similarity-based
mapping model for patent documents and industrial categories, conduct map-
ping experiments, and comprehensively evaluate the model based on the results.
The model automatically generates mapping combinations between patent docu-
ments and industrial categories through natural language processing technology,
enabling bidirectional mapping from patents to industries and from industries
to patents. It can save substantial labor costs and facilitate convenient adjust-
ment of mapping granularity at the category level, making it applicable to most
patent-industry category mapping scenarios. Finally, we identify areas for im-
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provement and discuss potential application areas after refinement, providing
references for future research.

1 Existing Methods for Patent-Industry Category Mapping
Currently, there are three primary methods for mapping patents to industries:
expert judgment-based mapping, cross-retrieval-based mapping, and probability
calculation-based mapping [1].

The expert judgment-based mapping method primarily relies on subjective ex-
pert evaluation to establish correspondences between categories. While this
approach achieves relatively high accuracy, it is time-consuming and labor-
intensive, excessively dependent on manual judgment, and unsuitable for large-
scale datasets.

The cross-retrieval-based mapping method involves using one classification sys-
tem to retrieve documents organized by another classification system in a cor-
pus. By analyzing and statistically examining the categories identified in the
retrieval results, it establishes mappings between the two classification systems
[2-3]. This method has several limitations: first, it requires a substantial data
volume, as insufficient data leads to low coverage; second, cross-retrieval yields
one-to-many mappings that require further statistical analysis or manual inter-
vention to determine final mapping relationships.

The probability calculation-based method decomposes the overall concept of a
classification category into several sufficiently small unit concepts. The similar-
ity between overall concepts can then be built upon the similarities of these unit
concepts, with the probability between entire categories derived by calculating
similarities between sub-categories, where the sum of sub-category probabilities
should equal the overall probability. Unit concepts are typically represented
by keywords, transforming category similarity into the sum of similarities of
words expressing these unit concepts [4-5]. This method uses computers to re-
place manual semantic matching based on specific rules, saving time and effort,
though mapping results still require some manual adjustment.

2 Guiding Principles for the Mapping Model
Existing domestic patent-industry mapping approaches rely excessively on man-
ual judgment [6-7], lack universality, and require improvement in both methods
and results. An ideal mapping method should satisfy accuracy requirements
while ensuring efficiency and scalability. Based on this direction, we establish
the following guiding principles:

2.1 Accuracy

We use title and abstract information from patent documents as patent features
and official annotations from industrial categories as category features. After
initial word segmentation, we extract verbs and nouns that more precisely reflect
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the characteristics of patents and industries, and remove stop words without
distinctive features to ensure mapping accuracy.

2.2 Efficiency

The 2012 edition of the Classification of Strategic Emerging Industries contains
100 categories at the third level [8]. Manually mapping each patent document
to industrial categories would be extremely time-consuming. Therefore, we
should maximize automation of the mapping process through computer technol-
ogy to reduce manual involvement. Our model uses computer programming to
rapidly extract features from both patent documents and industrial categories
and calculate their similarity. It can be continuously updated as new patents
and industrial classifications emerge, and allows efficient, flexible adjustment of
the part-of-speech and quantity of extracted category feature words based on
mapping results, relying on objective algorithms rather than subjective human
judgment.

2.3 Scalability

In addition to exploring the mapping between patent documents and industrial
categories, this mapping model focuses on constructing a comprehensive and
rigorous mapping workflow to facilitate future expansion to other industrial
classification systems and adjustment of category granularity.

2.3.1 Expansion to Other Industrial Classifications In addition to the
Classification of Strategic Emerging Industries, China currently employs several
other industrial classifications, including the National Economic Industry Clas-
sification, High-tech Industry Classification, Ten Key Industries Classification,
Statistical Product Classification Catalog, and Industrial Structure Adjustment
Catalog. Existing mapping achievements are primarily based on expert judg-
ment and only cover partial industrial classifications [9-10]. When new versions
of industrial classifications are released, re-mapping typically requires substan-
tial human and material resources. To avoid redundant work, our model empha-
sizes designing a comprehensive mapping workflow that automatically extracts
feature words from official category annotations through computer technology,
enhancing scalability while maintaining accuracy and facilitating mapping to
other industrial classifications.

2.3.2 Facilitating Category Granularity Adjustment The Classification
of Strategic Emerging Industries comprises three hierarchical levels: 7 categories
at the first level, 30 at the second level, and 100 at the third level. By effectively
utilizing annotation information from each category, the hierarchical level of
category mapping can be conveniently adjusted.
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3 Cosine Similarity-Based Mapping Model
Based on the guiding principles of accuracy, efficiency, and scalability estab-
lished for the mapping model, this section designs a mapping workflow for
patent documents and industrial categories. Following this workflow, we ini-
tially implement mapping between 8,309 invention patents from CAS institutes
in 2015 and the 100 categories at the third level of the Classification of Strategic
Emerging Industries. Section 4 comprehensively evaluates the model based on
the mapping results. The mapping workflow is illustrated in Figure 1 [Figure
1: see original paper].

3.1 Data Acquisition

Considering the volume of patent data and the operability of mapping result
evaluation, the experiment selected 8,309 invention patents from various CAS
institutes in 2015 for testing, with industrial categories mapped at the third
level (100 categories). The experiment requires two major types of data:

3.1.1 Patent Document Data The “CAS Patent Online Analysis System”
developed and maintained by the National Science Library, Chinese Academy
of Sciences, collects all Chinese patent information published by the State In-
tellectual Property Office since 1985. The patent data is standardized and com-
prehensive, meeting the requirements of this experiment. The following search
criteria were established: (1) filing country is China; (2) application date is
between January 1, 2015 and December 31, 2015; (3) applicant includes CAS;
(4) patent type is invention patent and invention authorization. This yielded
8,309 Chinese invention patents with CAS-related units as applicants in 2015.
We downloaded the main classification number, applicant, title, and abstract
information for all patents.

3.1.2 Official Annotations of Industrial Categories The Classification
of Strategic Emerging Industries covers seven national strategic emerging indus-
tries: new generation information technology, biotechnology, high-end equip-
ment manufacturing, new energy, new materials, and new energy vehicles. The
version used in this experiment is the “2012 edition,” which contains 100 cat-
egories at the third level. We compiled the complete classification annotation
information.

3.2 Keyword Extraction

The experiment uses Python and natural language processing technology to
extract keywords from raw data. The process consists of the following three
steps:

3.2.1 Word Segmentation We used the open-source Chinese word segmen-
tation component “Jieba Chinese Word Segmentation” [11] for tokenization.
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This tool implements efficient word graph scanning based on a prefix dictio-
nary, generating all possible word formations for Chinese characters in a sen-
tence and composing them into a directed acyclic graph. It employs dynamic
programming to find the maximum probability path, identifying the optimal
segmentation combination based on word frequency. For words not included
in the segmentation lexicon, it uses an HMM model based on Chinese charac-
ter word-formation capability with the Viterbi algorithm, demonstrating strong
segmentation performance.

3.2.2 Part-of-Speech Tagging The “Jieba Chinese Word Segmentation”
tool adopts the part-of-speech tagging system from the Institute of Computing
Technology, Chinese Academy of Sciences, which includes 22 major categories
such as nouns, temporal words, locational words, and verbs. In practice, we
found that nouns and verbs more accurately reflect the characteristics of patents
and industries. Therefore, after segmentation, we apply conditional filtering to
extract only nouns and verbs from the segmentation results.

3.2.3 Stop Word Removal Stop words refer to neutral words in annotations
without strong categorical characteristics, such as common high-frequency terms
like “similar,” “for,” “provide,” and “can.” These words lack distinctive features,
and words that appear frequently in a corpus are generally considered noise
words [12]. To ensure the accuracy of keyword extraction, we remove these
noise words. The stop word list used in this experiment was determined based
on word frequency statistics from the corpus and the Baidu stop word list [13].

After the above processing, we can batch-extract relatively accurate keywords.
To illustrate the effectiveness, we list the keyword extraction results for the first
and last categories in the Classification of Strategic Emerging Industries, as
shown in Table 1 .

Table 1 Keyword Extraction Results from the Classification of Strategic Emerg-
ing Industries (Examples)
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Category Code Category Name Extracted Keywords
1.1.1 High-Efficiency

Energy-Saving
General Equipment
Manufacturing

boiler, manufacturing,
energy-saving, power
station, boiler,
energy-saving, industrial
boiler, energy-saving,
marine, steam boiler,
economizer, fluidized bed,
oil shale, boiler, straw,
boiler, coal slime, fluidized
bed, boiler, heat storage,
blast furnace, gas, boiler,
boiler, device, coal powder,
industrial boiler, pump,
vacuum equipment,
manufacturing,
energy-saving,
energy-saving, vacuum,
drying equipment,
energy-saving, vacuum
furnace, energy-saving,
vacuum, gas, compression,
energy-saving,
refrigeration, compressor,
energy-saving,
refrigeration, compressor,
hydraulic, pneumatic,
power machinery,
component, manufacturing,
energy-saving, hydraulic,
component, manufacturing,
energy-saving, pneumatic,
component, manufacturing,
furnace, melting furnace,
electric furnace,
manufacturing,
energy-saving, furnace,
burner, energy-saving,
mechanical, feeding, device,
energy-saving, industrial
electric furnace,
energy-saving, electric
heating, metal, furnace,
energy-saving, roller, kiln,
energy-saving, tunnel kiln,
energy-saving, shuttle, kiln,
energy-saving, push plate,
kiln, energy-saving,
protective, atmosphere,
kiln, energy-saving,
nitriding, kiln,
energy-saving, firing, kiln,
energy-saving, baking, steel
billet, stepping, heat
storage, heating furnace,
energy-saving, kiln, melting
furnace, fan,
manufacturing,
energy-saving, fan,
energy-saving, industrial,
fan, energy-saving,
industrial, ventilation,
hood, hood, refrigeration,
air conditioning equipment,
manufacturing,
energy-saving, commercial,
refrigeration,
energy-saving, commercial,
refrigeration, freezer,
energy-saving, central air
conditioning, cold water,
heat pump, unit,
energy-saving, commercial,
air conditioning equipment,
general equipment,
manufacturing,
energy-saving, engineering,
technology
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Category Code Category Name Extracted Keywords
7.3.3 New Energy Vehicles new energy, vehicle,

electric, integration,
technology, new energy,
vehicle, complete vehicle,
technology, new energy,
vehicle, complete vehicle,
matching, technology, new
energy, vehicle, complete
vehicle, lightweight,
technology, new energy,
vehicle, complete vehicle,
production process,
technology, new energy,
vehicle, complete vehicle,
technology, new energy,
vehicle, vehicle, complete
vehicle, product, quality
inspection, evaluation, new
energy, vehicle, battery,
management system,
integration, technology,
new energy, vehicle, large
capacity, power battery,
new energy, vehicle,
battery, management
system, new energy,
vehicle, motor, technology,
new energy, vehicle, motor,
manufacturing, technology,
new energy, vehicle, power,
motor, development
technology, new energy,
vehicle motor, controller,
development, technology,
new energy, vehicle, sensor,
development technology,
new energy, vehicle, power,
device, technology, new
energy, vehicle, welding,
process, development
technology, electric vehicle,
sensor, electronic
component, technology,
power, technology
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Category Code Category Name Extracted Keywords

3.3 TF-IDF Processing

To calculate similarity between categories more accurately, the extracted key-
words undergo TF-IDF processing. TF-IDF is a commonly used weighting tech-
nique where TF (term frequency) represents word frequency and IDF (inverse
document frequency) represents inverse document frequency, with TF-IDF be-
ing their product [14]. This method evaluates the importance of a word to a
specific document within a corpus. The importance of a word increases pro-
portionally with its frequency in the document but decreases inversely with its
frequency across the corpus [15]. High word frequency in a particular document
combined with low frequency of that word in the entire corpus produces high
TF-IDF weights. Consequently, TF-IDF tends to filter common words while
retaining words with strong category discrimination capability.

3.4 Cosine Similarity Calculation

In the previous step, each keyword has been assigned a TF-IDF value. This sec-
tion uses cosine similarity to calculate the similarity between patent documents
and industrial categories. The process involves:

3.4.1 Vectorization Each patent document’s keywords and each industrial
category’s query terms can be represented as vectors:

𝑃𝑎𝑡𝑒𝑛𝑡𝑖 = (𝑤1,𝑖, 𝑤2,𝑖, 𝑤3,𝑖, … , 𝑤𝑡,𝑖) (1)

𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝑞 = (𝑤1,𝑞, 𝑤2,𝑞, 𝑤3,𝑞, … , 𝑤𝑡,𝑞) (2)

Each dimension represents the TF-IDF value w of a word appearing in a patent
document or industrial category. The dimensionality of the vector equals the
number of distinct words appearing in a patent document or industrial category.

3.4.2 Cosine Similarity Calculation Each patent document or industrial
category is represented by a corresponding high-dimensional vector, with each
word assigned to a different dimension and each dimension’s value being its
TF-IDF value. In other words, each patent document or industrial category
has been transformed into a vector containing word importance information.
Cosine similarity measures the similarity between two vectors by calculating
the cosine of the angle between them. A cosine value closer to 1 indicates an
angle closer to 0 degrees, meaning the two vectors are more similar. Therefore,
cosine similarity can provide similarity measures between patent documents
and industrial categories, a method commonly used for similarity comparison in
text mining [16]. The formula for calculating cosine similarity between patent
documents and industrial categories is as follows:
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3.5 Category Similarity Matrix

After the above steps, we ultimately obtain a 100 × 8,309 similarity matrix
between patent documents and the Classification of Strategic Emerging Indus-
tries, with rows representing the 100 third-level categories of the Classification
and columns representing the 8,309 invention patents. Each patent document
corresponds to a similarity value with each industrial category. Positive values
indicate positive correlation, with larger positive values indicating stronger cor-
relation. This matrix can be used to determine the mapping between patent
documents and industrial categories. Additionally, the matrix can be trans-
posed to examine the patent documents corresponding to each industrial cate-
gory, thereby enabling statistical analysis of patent portfolios of various CAS
research institutes under each industrial category.

4 Evaluation of Mapping Results
4.1 Evaluation of Patent-to-Industry Category Mapping

4.1.1 Macro-Level Analysis In the final similarity matrix, each patent doc-
ument corresponds to similarity values with industrial categories. The experi-
ment defines similarity values greater than 0 as positive correlation. Therefore,
for each patent document, we recommend all industrial categories with positive
similarity values, sorted in ascending order by similarity value. To observe the
overall distribution of recommended categories, we conducted statistical analy-
sis. Table 2 shows the average number of recommended industrial categories for
the 8,309 patent documents.

Table 2 Statistics on Recommended Industrial Categories for 8,309 Patent
Documents

Metric Value
Total Categories 100
Average Recommendations [value not provided in text]
Median [value not provided in text]
Lower Quartile 24
Upper Quartile [value not provided in text]
Minimum [value not provided in text]
Maximum [value not provided in text]

The frequency distribution histogram of patent document to industrial category
mapping is shown in Figure 2 [Figure 2: see original paper]. The histogram ex-
hibits a right-skewed distribution, with recommended mapping quantities con-
centrated between “10 to 60,” which satisfies certain mapping quantity require-
ments. Further analysis reveals that the mapping results ensure 99% of patent
documents receive recommendations for 5 or more industrial categories, and

chinarxiv.org/items/chinaxiv-202310.03149 Machine Translation

https://chinarxiv.org/items/chinaxiv-202310.03149


96% receive recommendations for 10 or more categories, providing sufficient op-
tions for expert judgment and selection. Table 3 shows the recommendation
satisfaction rates.

Table 3 Recommendation Satisfaction Rates for 8,309 Patent Documents

Recommendation Threshold Satisfaction Rate
At least 1 category 99.9%
At least 3 categories 99.6%
At least 5 categories 99.0%
At least 10 categories 95.8%

4.1.2 Micro-Level Analysis Section 4.1.1 evaluated the overall mapping
situation. This section delves deeper into the recommended mapping results
for specific patent documents. To ensure objectivity and reasonableness, we se-
lected the first patents that correspond to the lower quartile, median, and upper
quartile of recommended mapping quantities. For example, the lower quartile
of recommended mappings between patent documents and the Classification of
Strategic Emerging Industries is 24, with 143 patents meeting this number of
mappings. We selected the first patent among the 8,309 patents that satisfies
this number, analyzing a total of 3 patents. For each patent, we list the top 5
industrial categories by similarity value. Detailed results are shown in Table 4 .

Table 4 Micro-Level Analysis of Patent Document to Industrial Category Map-
ping Results

Patent (Quartile) Top 5 Categories by Similarity
Lower Quartile: Forward
Osmosis Separation
Method, Application and
Recovery Method of
Sodium Polystyrene
Sulfonate

6.1.2 New Membrane Materials
Manufacturing, 1.3.2 Industrial Solid Waste,
Waste Gas, and Waste Liquid Recovery and
Resource Utilization, 1.4.1 Energy
Conservation and Environmental Protection
Scientific Research, 6.3.1 High-Performance
Fiber Composite Materials Manufacturing,
6.4.3 Smart Materials Manufacturing

Median: A Preparation
Method for Vanadium
Dioxide/Zinc Oxide
Nanocomposite Powder

2.1.1 New Generation Mobile Communication
Network Services, [additional categories not
fully provided]

Upper Quartile:
Wireless-Controlled
Ultrathin Section
Automatic Collection
System

6.3.2 Other High-Performance Composite
Materials Manufacturing, 6.2.2 High-Quality
Metal Materials Processing and
Manufacturing, [additional categories not
provided]
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The results demonstrate that the model can automatically recommend a certain
number of industrial categories for each patent, with most categories aligning
with professional judgment. For example, for the patent “Forward Osmosis
Separation Method, Application and Recovery Method of Sodium Polystyrene
Sulfonate,” the complete abstract states: “The present invention provides a for-
ward osmosis separation method, application and recovery method of sodium
polystyrene sulfonate. The application includes using sodium polystyrene sul-
fonate as a draw solute in the forward osmosis process. The invention solves
problems existing in current draw solutes, including low osmotic pressure, severe
reverse osmosis, difficult recovery, toxicity, and poor membrane compatibility.”
The recommended top 5 categories from the Classification of Strategic Emerging
Industries are “6.1.2 New Membrane Materials Manufacturing, 1.3.2 Industrial
Solid Waste, Waste Gas, and Waste Liquid Recovery and Resource Utilization,
1.4.1 Energy Conservation and Environmental Protection Scientific Research,
6.3.1 High-Performance Fiber Composite Materials Manufacturing, and 6.4.3
Smart Materials Manufacturing.” These recommended categories show certain
similarities with the patent, providing options for expert judgment and selection
while saving substantial preliminary labor costs.

4.2 Evaluation of Industry Category-to-Patent Mapping

4.2.1 Macro-Level Analysis By transposing the final similarity matrix, we
obtain a matrix with rows representing the 8,309 invention patents from CAS
institutes in 2015 and columns representing the 100 third-level categories of the
Classification of Strategic Emerging Industries. Each industrial category cor-
responds to similarity values with patent documents. This experiment defines
similarity values greater than 0 as positive correlation. Therefore, for each in-
dustrial category, we recommend all patent documents with positive similarity
values, sorted in ascending order by similarity value. To observe the overall dis-
tribution of recommended patent quantities, we conducted statistical analysis.
Table 5 shows the average number of 2015 CAS patents recommended for the
100 industrial categories.

Table 5 Statistics on Recommended 2015 CAS Patents for 100 Industrial Cat-
egories

Metric Value
Total Patents 8,309
Average Recommendations [value not provided in text]
Median [value not provided in text]
Lower Quartile [value not provided in text]
Upper Quartile [value not provided in text]
Minimum 8

The frequency distribution histogram of industry category to patent document
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mapping is shown in Figure 3 [Figure 3: see original paper]. The histogram
shows no obvious distribution characteristics, as the results are closely related
to the selected patent dataset. Different patent datasets will produce differ-
ent frequency distributions. In this experiment, the minimum recommended
number of patents is 8, ensuring that 99% of industrial categories receive recom-
mendations for 10 or more patent documents. This enables statistical analysis
of patent portfolios of various CAS research institutes under each industrial
category. Table 6 shows the recommendation satisfaction rates.

Table 6 Recommendation Satisfaction Rates for 100 Industrial Categories

Recommendation Threshold Satisfaction Rate
At least 1 patent [value not provided]
At least 3 patents [value not provided]
At least 5 patents [value not provided]
At least 10 patents 99%

4.2.2 Micro-Level Analysis Section 4.2.1 evaluated the overall situation.
This section selects the first two categories from the Classification of Strategic
Emerging Industries—“1.1.1 High-Efficiency Energy-Saving General Equipment
Manufacturing” and “1.1.2 High-Efficiency Energy-Saving Special Equipment
Manufacturing”—to statistically analyze patent portfolio information of vari-
ous CAS research institutes under these specific industrial categories from the
applicant perspective. The statistical data is shown in Table 7 .

Table 7 Patent Layout of CAS Institutes Under Selected Industrial Categories

Category Top Institutes (by Patent Count)
1.1.1
High-Efficiency
Energy-Saving
General
Equipment
Manufacturing

Changchun Institute of Optics, Fine Mechanics and
Physics, CAS; Hefei Institutes of Physical Science, CAS;
Shanghai Institute of Optics and Fine Mechanics, CAS;
Institute of Semiconductors, CAS; Ningbo Institute of
Materials Technology and Engineering, CAS; Technical
Institute of Physics and Chemistry, CAS; Guangzhou
Institute of Energy Conversion, CAS; Institute of
Engineering Thermophysics, CAS; Institute of Process
Engineering, CAS; Shanghai Institute of Technical
Physics, CAS
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Category Top Institutes (by Patent Count)
1.1.2
High-Efficiency
Energy-Saving
Special
Equipment
Manufacturing

Changchun Institute of Optics, Fine Mechanics and
Physics, CAS; Hefei Institutes of Physical Science, CAS;
Ningbo Institute of Materials Technology and
Engineering, CAS; Shanghai Institute of Optics and Fine
Mechanics, CAS; Institute of Semiconductors, CAS;
Institute of Process Engineering, CAS; Technical
Institute of Physics and Chemistry, CAS; Shanghai
Institute of Ceramics, Chinese Academy of Sciences;
Shanghai Institute of Microsystem and Information
Technology, CAS; Changchun Institute of Applied
Chemistry, CAS

This model enables observation of applicant distribution under specific indus-
trial categories from a text similarity perspective. For example, in 2015, the
“Changchun Institute of Optics, Fine Mechanics and Physics, CAS” and “Hefei
Institutes of Physical Science, CAS” filed relatively large numbers of patents in
the “1.1.1 High-Efficiency Energy-Saving General Equipment Manufacturing”
and “1.1.2 High-Efficiency Energy-Saving Special Equipment Manufacturing”
domains, leading among CAS research institutes.

5 Conclusion and Future Improvements
5.1 Conclusion

As a strategic information resource integrating technical, legal, and economic
information, patent information serves as a crucial link between science and
technology and the economic domain. Effectively utilizing patent data and
transforming it into patent indicators to evaluate and monitor industrial de-
velopment status can significantly contribute to promoting rapid and healthy
industrial development. Using 2015 invention patents from Chinese Academy
of Sciences institutes and the Classification of Strategic Emerging Industries
as a case study, this paper proposes a cosine similarity-based mapping model
for patent documents and industrial categories, conducts mapping experiments,
and automatically generates mapping combinations between patent documents
and industrial categories through natural language processing technology. The
model enables bidirectional mapping between patents and industries, saves sub-
stantial labor costs, facilitates convenient adjustment of mapping granularity at
the category level, and is applicable to most patent-industry category mapping
scenarios.

5.2 Improvement Directions

Although the model can produce relatively reliable results, its accuracy can
be further improved. We propose two directions for improvement: (1) Enhance
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semantic understanding of words. The model currently calculates similarity only
at the word level without considering word semantics, such as synonyms and
antonyms. If semantic issues can be properly addressed by designing algorithms
that assign different weights to synonyms and antonyms, the model’s accuracy
will improve. (2) Incorporate official annotation features of corresponding patent
categories. When calculating similarity, the model does not consider category
features of the patent documents’ corresponding patent categories. The official
category annotations in the International Patent Classification contain relatively
accurate word information. If an algorithm can be designed to comprehensively
consider both patent document title/abstract information and features of the
patent’s classification category, the model’s accuracy can be further enhanced.

5.3 Expanded Applications

After properly addressing current accuracy issues, this mapping model can be
expanded to the following application areas due to its good scalability: (1)
Category granularity adjustment. This experiment selected the finest granular-
ity at the third level. With further refinement of the method, the hierarchical
level of category mapping can be conveniently adjusted to the first and second
levels. (2) Mapping to other industrial classifications. The feature words of
industrial categories in this experiment are derived from official category an-
notations. Different industrial classifications such as the National Economic
Industry Classification and High-tech Industry Classification also meet the data
requirements of this model and can be adapted for expansion. (3) Mapping of
other patent datasets. The patent data in this experiment consists of Chinese in-
vention patents filed in 2015 with CAS-related units as applicants. Since patent
information is standardized, any patent set can be selected for experimentation,
such as invention patents from a specific institute over the past 10 years, 2015
invention patents from a particular university, or invention patents in a specific
technical field.

In future work, we will continue to refine this model by attempting to inte-
grate features from International Patent Classification category annotations to
improve mapping accuracy. Establishing a comprehensive patent-industry map-
ping system can enable the connection between patents and industries, thereby
facilitating patent statistical analysis from an industrial perspective combined
with scientific, technological, and economic data. This will be of significant
importance for decision-making regarding innovation activities and economic
development policies in relevant industries.
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