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Abstract: In recent times, with the development of science and technology, new technologies have
been rapidly emerging, and innovators are making efforts to acquire intellectual property rights
to preserve their competitive advantage as well as to enhance innovative competitiveness. As a
result, the number of patents being acquired increases exponentially every year, and the social and
economic ripple effects of developed technologies are also increasing. Now, innovators are focusing
on evaluating existing technologies to develop more valuable ones. However, existing patent analysis
studies mainly focus on discovering core technologies amongst the technologies derived from patents
or analyzing trend changes for specific techniques; the analysis of innovators who develop such core
technologies is insufficient. In this paper, we propose a model for analyzing the technical inventions of
applicants based on patent classification systems such as international patent classification (IPC) and
cooperative patent classification (CPC). Through the proposed model, the common invention patterns
of applicants are extracted and used to analyze their technical inventions. The proposed model
shows that patent classification systems can be used to extract the trends in applicants’ technological
inventions and to track changes in their innovative patterns.

Keywords: analysis of applicant; technical invention pattern; trend analysis; patent classification
system

1. Introduction

In the era of the Fourth Industrial Revolution, new technologies are rapidly being invented, and
inventors are making significant efforts to claim rights to sources and core technologies [1,2]. Among
the various forms of intellectual property rights, patent literature typically includes the rights of the
applicant’s core or base techniques to allow a company or inventor to claim rights to the technologies.
Therefore, studies are being conducted to extract key technologies through mining and analysis of the
terms specified in the patent documents [3–5]. These studies focused on the extraction of patented
technical terms using natural language processing and text mining techniques, but because patents
guarantee novelty and inventiveness to the rights of the technology, the vocabulary used in these
documents generally consists of newly defined terms or similar alternative terms. Thus, the recall rate
is low when searching for technology terms from patents.

As the number of patent applications gradually increased, the international patent classification
(IPC) was developed in 1968 due to the necessity of classifying patents by various domains [6]. The IPC
is composed of five levels—sections, classes, subclasses, main groups, and subgroups—and classifies
domains of technologies included in each patent. Therefore, a patent containing various technologies
may include multiple classification system codes corresponding to each technology. This classification
system can be used to search for prior patents for the evaluation of patent novelty and progress,
improve the accessibility of technology and rights information, or contribute to producing basic
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statistical data. However, with the recent increase in the speed of technology development, new
technologies or more detailed element technologies are actively developed, and the effectiveness of
the search results using the classification system is decreasing. In addition, it was difficult to extract
statistical information reflecting the trend of technological development. Therefore, the EU and the
US Patent Office have proposed a new classification system, cooperative patent classification (CPC),
to improve the retrieval performance and classification accuracy of patent documents. Although the
international patent classification (IPC) system has already been defined for patent classification, it has
limitations in terms of the classification of novel technologies as well as detailed classifications. CPC, on
the other hand, includes a new domain (Y-section), which allows a broader, more comprehensive range
of technology classifications than the IPC, including over 260,000 detailed taxonomies. Additionally,
since 2013, CPC codes have been given to patents granted in the EU, the United States, and the Republic
of Korea. Therefore, the CPC system plays a vital role in global patent analysis and many studies have
been conducted to analyze the trend of technology invention by applying the CPC classification system,
not IPC. However, the CPC-based studies replaced the IPC classification scheme and are conducted
for similar purposes as the existing IPC-based studies. As a result, based on the CPC classification
system, researches such as extracting representative technologies from patents or analyzing trends
have been conducted, and these existing studies mainly focus on analyzing the impact of technology
from a technology perspective. However, the patent is one of the intellectual property rights invented
by an applicant, and its rights are maintained, and it is possible to perform various analyses on the
applicant based on the patents invented by the applicant.

Therefore, in this study, we proposes a method of analyzing the applicant’s invention trend using
IPC and CPC classification systems for analyzing the applicant’s technical invention trend based on
common technology-invention patterns derived from each applicant. Also, the proposed model can
help to analyze whether the new technology has been expanded and propagated by comparing the
applicant’s technical inventions with the existing applicant’s technologies and conducting a case study
on changes in the invention patterns of applicants based on the representative technologies. Since
the proposed method can analyze the applicants using codes representing the classification systems,
the text preprocessing necessary in the existing text mining method can be omitted, and it is also
applicable to the analysis of the multinational applicants. The composition of this paper is as follows.
Section 2 discusses the limitations of previous research and the necessity of the proposed approach.
In Section 3, a method to extract patented invention trends based on the proposed model is described.
The results of a case analysis of an applicant based on the proposed model are presented in Section 4,
and conclusions and future work are discussed in Section 5.

2. Related Work

Data mining techniques have seen a tremendous increase in the past few years. Patent mining is
one of the domains that utilize data mining techniques. Patent mining consists of various tasks such
as retrieval of patent, classification, patent valuation, and patent visualization. Among these, patent
valuation has an essential role in the analysis of patents. Existing research related to patent analysis
can be roughly classified into analysis methods considering the structural characteristics of patent
documents or methods of analyzing technical terms specified in patent documents. Reference [7]
proposes a patent technology analysis method based on text mining techniques. The proposed
method analyzed detailed technology development trends of the top five companies in a specific
technology field in order to identify the development technology of competitors and to select the
direction of future technology development. Reference [7] used the text mining technique and K-means
clustering technique based on the application number, title, summary, and claim data to define the
technologies that companies are most focused on and to identify the flow of technology. Reference [8]
proposes a technique for predicting technology in a specific field through text mining techniques and
ARIMA (Auto-Regressive Integrated Moving Average) time-series analysis. Reference [8] extracted
key technical terms based on natural language processing methods from the title, summary, and
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representative claims of the invention and predicted future emerging technologies in a specific technical
field through time-series analysis. Reference [9] proposes a methodology for extracting core technology
and patents by IP (Intellectual Property) mining. It extracts core technologies in specific technology
fields based on the frequency of IPC emergence and social network analysis. Reference [10] proposes a
method to analyze the trend of patent inventions using technology propagation relationships between
patents in order to identify technology trends for corporate competitiveness. The proposed method
extracts keywords from the title of patent documents and analyzes technology trends of patents of
R&D research and development organizations by analyzing the technology propagation network.
However there is a common bottleneck in this task which has been related to the text processing
of patents with better accuracy. A patent analysis method based on patent classification systems
has been studied to systematically carry out the technical classification considering the features of
these patents to supplement the problem of text processing. Reference [11] analyze technology trends
and technical relationships through analysis of related rules (ARM) and social network (ANP) based
on IPCs of patents transferred to technology. Reference [12,13] propose IPC automatic classification
system has focused on applying various existing machine learning methods to the patent documents
rather than considering the characteristics of the data or the structure of the patent documents.
Reference [14–16] use data mining techniques for automatic classification of patents into various
categories. It helps in better management, maintenance, and convenient searching of patent documents.
Recently, as deep learning techniques have been applied to various research fields, methods have been
proposed in the patent field to improve the automatic classification and retrieval performance of patent
documents. Reference [17,18] propose deep learning techniques to be used for Chinese patent literature
classification, and automatic classification accuracy rates of one existing model and six deep learning
models are compared. Reference [19] analyses technological development in various industries by
defining patents trend over the years and investigating the different areas of applications according
to the cooperative patent classification using machine learning techniques. Reference [20] provide
a means of accelerating searches for relevant documents based on the CPC classification system.
However, most of the existing studies focus on the technologies included in the patent documents
and focus on improving technology search accuracy and analyzing technology trends. Therefore,
there is also a need for an analysis of applicants leading the technical invention. It is because the
patent applicant can invent new technologies to solve the problems of the present inventions or invent
new and more valuable technologies by applying and extending some existing element technologies.
Analyzing the patent applicant’s technical invention pattern plays a vital role in the field of patent
analysis research. Therefore, this study proposes a method of analyzing the applicant’s technical
invention trend based on the patent classification system to compensate for the problems caused by
the existing text mining methods.

3. Proposed Model

The proposed model for analyzing trends in the invention of applicants consists of four steps,
as shown in Figure 1. The first is to collect patent data and extract the desired information from it.
We acquire raw data using OpenAPI from the Korea Intellectual Property Rights Information Service
(KIPRIS), which provides information on patents invented in the Republic of Korea. Patent metadata
and specific information such as the title, claim, abstract, invention date, and publication date are
extracted from patent documents. In the second step, patent data are clustered based on time-series
information (date of invention, year of publication) for the applicant’s invention trend analysis. In the
third step, a representative tree of each patent is created using the tree structure of patent classification
systems as shown in Table 1. In the fourth step, common patterns are extracted from the experimental
data using the IPC and CPC systems as shown in Table 2. Finally, the representative technology
classification codes are extracted based on the common patterns of the applicants. After that, the
trends of patent inventions are analyzed and compared for various applicants, including universities,
companies, and research institutes.
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Figure 1. Overall process for analyzing patterns of inventors.

Table 1. Structure of a patent classification code.

Classification Code Section Class Sub-Class Main Group Sub-Group Lower Sub-Group

A23K 20/184 A 23 K 20 18 4

As shown in Figure 2, a patent can contain different classification system codes, and based on
their hierarchical structure, these codes can be integrated and merged into a representative tree for the
patent, which can, in turn, be used to compare the classification system codes between the patents and
thus extract the applicant’s technical invention patterns. Table 2 shows common patterns that can be
extracted from the compared patents using the representative tree derived from each patent.

Figure 2. Tree structure of a patent that has two classification codes.

Table 2. Definitions of four common patterns (S, T, E, I).

Notations Descriptions

S(PT1, PT2) The classification codes of the two patents are the same from root node to Sub-group node
T(PT1, PT2) The classification codes of the two patents are the same from root node to Main-group node
E(PT1, PT2) The classification codes of the two patents are the same from root node to Sub-class
I(PT1, PT2) Only upper nodes of Sub-class are the same from the classification codes of the two patents

Based on the common patterns defined in Table 2, the patents of applicants were grouped by year,
and two compared patents were paired. After that, a patent invented in a specific T year was defined
as a prior patent (PP), and a subsequent patent invented in a T + n year was defined as the following
patent (FP). The proposed model determined whether the applicant had continued to build on specific
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techniques persistence or to invent novel techniques novelty. Persistence was divided into three
patterns: sameAS (S), transition (T) and expansion (E), and novelty was defined as the independent
(I) pattern. It implied that some technologies included in the prior patent appeared in the following
patent; essentially, the technology classification code representing the technology was continuously
included in the FP as well as the PP. First, the transition pattern showed that some technologies at the
sub-group level included in the PP reappeared in FP, indicating that some of the technologies in PP
had propagated and influenced the invention of FP. Second, the expansion pattern showed that some
technologies at the main-group level emerged with other domain disciplines in the FP; that is, the
existing element or common technologies integrated and converged with technologies from other fields.
Novelty represented FP with technologies in a completely different field than PP and was defined by
an independent pattern. Therefore, FP indicated a case in which the classification code was completely
different, or only some of the class level technologies were included from PP. Figure 3 shows a concrete
example for depicting common patterns. There were three patents invented in different years; PT1

contained one classification code, and PT2 and PT3 each contained two classification codes. In this
case, a total of eight comparison pairs were generated, and in order to compare patent documents,
a tree structure was created representing each patent based on its classification codes. In the first
comparison pair consisting of PT1 and PT3, PT1 may be expressed as PP, and PT3 may be expressed as
FP. Because FP contained the complete classification code of PP, the comparison pair was determined
to be the same pattern (S). In this manner, the classification codes of the comparison pairs composed
of PP and FP were compared to determine the second comparison pair as the transition pattern (T)
and the third as the expansion pattern (E), thereby extracting patterns related to the persistence of the
patent invention. For the last comparison pair, PP and FP did not have a common classification code,
and therefore, the pair was determined to be independent (I) and used as a novelty pattern.

Figure 3. Example pairs with common patterns (S, E, T, I) extracted from each patent.

4. Experiment

KIPRIS provided a database of information on domestic and foreign intellectual property rights,
providing open API or bulk files. In this study, the patent information (application number, publication
date, abstract, claims, IPC and CPC) of the applicant was collected by using the Open API to analyze
the trend in the applicant’s technical inventions based on the proposed model. The patent invention
trend selected three different domains (university, company, and research institute) based on the
assumption that the respective characteristics of the applicant type would be different and selected
three applicants from each domain, making a total of nine. Also, to analyze the applicants’ technical
invention trends over the last ten years (2007–2016), the relevant information on their inventions and
published patents were collected from KIPRIS. Table 3 shows tree structure information constructed
using collected applicant-specific patent data. To do this, we created an applicant-based taxonomy tree
using the hierarchical structure of each taxonomy (IPC and CPC) included in the patent and show the
average depth and width of the tree. It could be seen that based on the average depth, the difference
between the IPC and CPC was not significant, but based on the average width, the CPC was more
comprehensive than the IPC. Thus, it was shown that the CPC classification code could represent
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more types of technical fields than the IPC, which could be understood in the same context as the
reason for the development of the CPC despite the prior existence of the IPC. Based on the model
proposed in this paper, the collected data were refined for comparative analysis. In addition, through
the proposed method, only the patents with both IPC and CPC codes were constructed as experimental
data to compare the characteristics of IPC and CPC systems. Table 4 shows the number of collected
and purified data by the applicant. In order to analyze the applicant’s technical invention trend based
on the purified data, a comparison pair wes generated based on the publication year, and the common
patterns same (S), transition (T), expansion (E), and independent (I) were extracted.

Table 3. Average width and average depth of each applicant based on the tree hierarchy.

I1 I2 I3 C1 C2 C3 U1 U2 U3

IPC Average width 61.32 301.54 317.68 44.62 111.23 80.42 1222.93 1204.18 1095.06
Average depth 5.19 5.21 5.21 5.2 5.14 5.25 5.18 5.19 5.17

CPC Average width 124.25 459.06 448.52 81.81 198.09 164.01 2085.71 2082.89 1861.95
Average depth 5.73 5.49 5.44 5.71 5.63 5.73 5.61 5.63 5.61

Table 4 shows the results of the three applicants representing the company domain. They were
seen to have significantly higher (E) patterns than (T) patterns. Also, companies had more (S) patterns
than the research group. It means that companies focused on the expansion of existing technologies
and the development of related technologies more than research institutes.

Table 4. Number of refined international patent classification (IPC) and cooperative patent classification
(CPC) codes derived from patents of each applicants.

Fields Applicant # of Patents # of Refined IPC # of Refined CPC

Institute
I1 293 186 252
I2 628 879 1142
I3 1048 1079 1213

Company
C1 269 125 165
C2 366 327 436
C3 655 245 331

University
U1 3672 3836 4908
U2 3603 3782 4841
U3 4908 3437 4423

Tables 5–7 show the number of common patterns extracted for each field by IPC and CPC. In all the
applicant groups, the pattern I, representing the independence of the applicant’s invention, occupied
the most significant ratio compared to S, T, and E, which represented the persistence of the invention.
The reason is that patent inventions must be guaranteed novelty and progression fundamentally in
order to claim the rights of the patent. Although independent patterns were generated more frequently
than other common patterns, the persistence patterns occurred differently by each applicant type such
as research institute, company, and university.



Information 2019, 10, 364 7 of 12

Table 5. Frequency and rate of each pattern of research institute applicants.

A Group of Research Institute Applicants

Common Pattern
I1 I2 I3

Frequency Rate Frequency Rate Frequency Rate

IPC

SameAs (S) 6724 3.37 6635 0.31 33,379 0.5
Transition (T) 15,993 8.03 53,450 2.46 134,632 2.03
Expansion (E) 39,922 20.03 106,456 4.9 707,494 10.67

Independent (I) 136,633 68.57 2,005,354 92.33 5,756,471 86.8

CPC

SameAs (S) 20,422 5.31 11,949 0.28 73,619 0.66
Transition (T) 28,278 7.35 59,916 1.42 186,095 1.68
Expansion (E) 84,235 21.91 165,533 3.91 981,317 8.85

Independent (I) 251,559 65.43 3,974,732 94.36 9,847,974 88.81

Table 5 shows the number of common patterns for the group of research institute applicants
by IPC and CPC. The results show that E had a relatively higher occurrence than S and T; it can
thus be confirmed that inventions were carried out by applying and extending the existing invention
patents to different domains. Table 6 shows the experimental results of the group of companies. In the
case of company applicants, the E pattern appeared to have the highest frequency, as in the group
of research institutes, and of the remaining persistence patterns, S had a higher frequency than T.
It appears that the group of company applicants aims to invent new patents in the development and
commercialization of services based on the technologies as well as the patent inventions to claim the
technology held by the company. Mostly, the group of research institutes focuses on the expansion and
propagation of existing technologies in the invention of new technology, while the group of companies
invents to develop the core technologies of companies for specific service areas in response to changes
in the market trends. Table 7 shows the experimental results for the group of university applicants.
In particular, in the case of the group of university applicants, the average pattern of 97.1% of the
independent pattern (I) in the university applicants, which is about 30% larger than the research
institute applicants (67%) and the company applicants (65.8%). Also, the results show that the same
order of S, T, and E patterns shown for the research institute applicants, indicating that universities
also focus on R&D research like the research institute applicants, which is a remarkable difference
from the group of company applicants.

Table 6. Frequency and rate of each pattern of company applicants.

A Group of Company Applicants

Common Pattern C1 C2 C3

Frequency Rate Frequency Rate Frequency Rate

IPC

SameAs (S) 22,570 9.49 3647 0.93 72,210 6.03
Transition (T) 13,521 5.68 9466 2.41 71,132 5.94
Expansion (E) 47,985 20.17 39,943 10.18 195,615 16.33

Independent (I) 153,775 64.65 339,154 86.47 859,233 71.71

CPC

SameAs (S) 28,087 8.9 5237 0.78 103,333 5.96
Transition (T) 17,090 5.42 13,769 2.05 84,641 4.89
Expansion (E) 58,957 18.68 76,382 11.39 288,725 16.66

Independent (I) 211,449 67 575,425 75.78 1,255,913 72.49
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Table 7. Frequency and rate of each pattern of university applicants.

A Group of University Applicants

Common Pattern U1 U2 U3

Frequency Rate Frequency Rate Frequency Rate

IPC

SameAs (S) 94,442 0.14 87,541 0.14 82,965 0.14
Transition (T) 407,332 0.61 393,101 0.61 371,302 0.62
Expansion (E) 1,413,935 2.11 1,350,140 2.09 1,362,166 2.28

Independent (I) 65,010,443 97.14 62,686,138 97.16 57,969,659 96.96

CPC

SameAs (S) 123,491 0.11 115,615 0.11 113,321 0.12
Transition (T) 468,082 0.43 482,367 0.46 440,320 0.46
Expansion (E) 2,393,747 2.22 2,244,802 2.13 2,209,547 2.3

Independent (I) 105,011,001 97.24 102,777,524 97.31 93,156,171 97.12

Table 8 shows the representative technology classification codes extracted by the persistence
pattern (S, T, E) for tracking the change in invention trends for the representative technical fields of
the applicants. For this purpose, each representative technical classification code was selected as the
code that appears with the highest frequency in each pattern (S, T, E). As shown in the experimental
results in Table 3, because the IPC and CPC systems have the characteristics of different tree structures,
representative technical codes were extracted respectively to compare and analyze the characteristics
of each classification system. Trend analysis results based on the representative technology codes of
the applicants shown in Table 8, and the invention trends of all applicants are classified into three
different types as follows.

- A case in which the representative technology codes belong to the same field in both
classification systems and the representative technology codes are also the same (I1, C1,
C3).

- A case in which the representative technology codes belong to different fields of IPC
and CPC (U2, U2).

- A case in which the representative technology codes belong to the same field in both
IPC and CPC but more specific in CPC (I2, I3, C2, U1).

Table 8. Representative technology classification codes of all applicants for comparison between IPC
and CPC).

SameAs Transition Expansion

Application IPC CPC IPC CPC IPC CPC

I1 G06F 17/30 G06F 17/30 G06F 17/30 G06F 17/30 G06F 17/30 G06F 17/30
I2 H01L 29/78 C09K 11/77 A61K 31/41 A61K 31/41 H01L 29/78 H01L 33/50
I3 A23L 33/10 A23L 33/10 A61K 36/89 A23V 2200/32 A23L 33/10 A23L 33/10
C1 G06Q 30/02 G06Q 30/02 G06Q 50/10 G06Q 50/10 G06Q 30/02 G06Q 30/02
C2 G06Q 50/10 G06F 17/30 G06Q 50/10 G06Q 50/30 G06F 9/44 G06F 17/30
C3 G06Q 30/02 G06Q 30/02 G06Q 50/10 G06Q 50/10 G06Q 50/10 G06Q 50/10
U1 C12Q 1/68 C12Q 1/68 G01N 33/68 G01N 15/82 H01L 27/11 H01L 27/11
U2 C12Q 1/68 H01L 21/02 G01N 33/48 H01L 21/02 H01L 21/02 H01L 21/02
U3 C12Q 1/68 C12Q 1/68 G01N 33/53 H04L 9/32 H01L 21/02 H01L 51/00

The invention trends based on representative technology codes derived from common patterns of
each applicant are shown in Figures 4–7.

Figure 4 shows that the research institute I1 has continued the invention of technology in the
‘information retrieval’ field in both S, T, and E patterns, with the same representative technology code
(‘G06F 17/30’) in IPC and CPC.
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Figure 4. Invention trends of research institute I1 based on the S, T, E patterns.

Figure 5. Invention trends of research institute I2 based on the S, T, and E patterns.

Figure 5 shows the second type of invention patterns, research institute I2, whose representative
technical code belongs to the same field (‘semiconductor’), but the CPC classification system represents
the more detailed technical codes (‘C09K 11/77’, ‘H01L 33/50’) than the IPC classification system.
That is, the CPC-based representative technology code (‘C09K 11/77’) indicates that the applicant of I2

had concentrated on the technical invention related to the rare earth metals, but it was not as specific
as the IPC-based code.

Figure 6 shows the technology invention trend for U3, one of the group of university applicants.
Figure 6a,b show the technical codes representing the IPC classification scheme, and Figure 6c,d
are the technical codes representing the CPC classification scheme. Figure 6d shows the technical
code for the solid-state drive (SSD), which specifies a more detailed technical field than the ‘H01L
21/02’ (semiconductor) code of the existing IPC classification scheme. In the case of the T pattern, the
representative technology seems to have changed from ‘G01N 33/53’ to ‘H04L 9/32’. This indicates
that the inventions that U3 focused on in the field of biology (immunoassay) are gradually shifting
to the field of network authorization in recent years. As a result, it is possible to confirm the state
of the art in detail of the technical invention not shown in the IPC classification system through the
representative technology code based on the CPC classification system.
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Figure 6. Invention trend of university U3 based on S, T, E patterns.

Figure 7. Invention trend of company C2 based on S, T, E patterns.

Figure 7 shows the representative technology codes of the company applicant C2 and the trend
of the invention shown in the experimental results of Table 8. From the IPC system, ‘G06Q 50/10’
(Pattern S) and ‘G06F 9/44’ (Pattern T) were derived as representative technical codes. ‘G06Q 50/10’
refers to the service technology field, and in the case of C2, the related technology invention showed
the highest point in 2009, but gradually decreased after that. On the other hand, the representative
technology based on CPC showed that the ‘G06F 17/30’ information technology field has been
increasing continuously since 2009. In other words, it can be seen that the technical invention of C2

primarily changed from service technology to information retrieval technology through S pattern-based
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representative technology codes extracted from the classification systems. In the service technology
field, more detailed technology inventions have been made in the transportation and tourism fields.

5. Conclusions

Patents play an essential role in ensuring the rights of the technology invented by the applicant
as one of the representative intellectual property rights. However, with the recent increase in the
speed of the invention, the number of patent inventions also increases rapidly. Therefore, when a
new patent is invented, many efforts are needed to compare and analyze differences with existing
technologies, disputes such as patent litigation among companies, and claim rights of the patented
technology. Existing studies have been conducted to improve the accuracy of patent technology
searches, evaluate technology value, and analyze technology development trends. Nevertheless,
there is a lack of analytical methods for applicants inventing technologies and possessing intellectual
property rights. An applicant is an organization or group to which one or more inventors belong,
and the applicants are the organizers who claim rights to their technology. Therefore, through the
analysis of the technical invention trends of applicants, it is possible to analyze what technologies
of the applicants have invented during a specific period. Applicants’ invention patterns help to
evaluate the value of existing technologies, as it is possible to identify whether a newly invented
patent is derived and extended from existing element technologies. Therefore, the results can play
a significant role in predicting future technology market trends, as well as the impact of current
technology value on diagnostics. Therefore, this study defines common invention patterns and extracts
the representative technical fields of applicants, and compares and analyzes the technical invention
trends by each group of applicants. As a result, it is confirmed that the applicant groups had common
features, and each applicant also extracted the unique characteristics of each applicant. Also, the
proposed model can analyze how the existing technologies contributed to the new patent invention.
In addition, the proposed method does not need to consider different linguistic features and shows
that text pre-processing can be reduced for extracting common patterns. Therefore, it is possible to
apply the same to the global patents to which the patent classification system is applied, so that not
only the trend of individual applicants but also the trend of an invention by specific domain and
country can be derived and compared.
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