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Abstract 

Research objective:  Triadic patent (TP) families and Patent Cooperation Treaty (PCT) 
applications are often used as datasets to measure innovation capability or R&D inter-
nationalization, but their concordance is unclear, which is the main issue in this study.

Methods:  We collect the global TP and PCT data from the Derwent Innovations Index 
(DII), and a total of 1,589,172 TP families and 4,067,389 PCT applications are retrieved. 
Based on International Patent Classification (IPC) codes, we compare these two big 
datasets in three parts: IPC distribution, IPC co-occurrence network, and nation-IPC 
co-occurrence network. In order to understand the overall similarities and differ-
ences between TP and PCT, we make the basic statistics of the global data and w-core 
defined based on the w-index. Furthermore, the w-cores are visualized and the global 
similarities are calculated for the detailed concordance and differences.

Findings:  The result shows that the w-core is suitable to select the core part of big 
data and TP and PCT get high concordance. Meanwhile, in technological convergence, 
some specific technical fields (e.g. chemistry, medicine, electronic communication, and 
lighting technology) and countries/regions (e.g. Germany, Japan, China, and Korea), 
there are a few differences.

Practical implications:  TP families are very similar to PCT applications in terms of 
reflecting innovation capability or R&D internationalization at a macro level, but when 
it comes to technological convergence, specific research topics, and countries/regions, 
the choice may depend on the purpose of the research.

Keywords:  Triadic patent families, PCT applications, IPC, Patent statistics, 
Patentometrics

JEL Classification:  O32, O33, O34

Introduction
Patents, which contain 90–95% of the global technical information, represent valuable 
technical inventions and provide academia and industry with a reliable basis. Com-
pared with other technical documents, patents are more authoritative and up-to-date. A 
large number of researchers have already used patent data to analyze current and future 
technological trends. However, with the explosive growth of patents and the massive 
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influx of low-quality patents, the number of patents is no longer an effective measure to 
investigate the state of innovation and trends in technologies or industries, so research-
ers have begun to look for some appropriate indicators that represent high-quality pat-
ents, where the number of triadic patent (TP) families or the Patent Cooperation Treaty 
(PCT) applications is frequently used.

The triadic patent (TP) families refer to a set of patents filed at three major patent 
offices, namely the European Patent Office (EPO), the Japan Patent Office (JPO), and the 
United States Patent and Trademark Office (USPTO) [1].

Meanwhile, the Patent Cooperation Treaty (PCT) is an international treaty with more 
than 150 Contracting States. It is possible for an invention to seek patent protection in 
plenty of countries at the same time by submitting a single “international” patent appli-
cation via the PCT rather than several separate national or regional patent applications. 
The granting of patents remains under the control of the national or regional patent 
offices in what is called the “national phase” [2].

As cross-border patent applications, TP families and PCT applications are important 
datasets to investigate national or regional innovation capabilities, evaluate industrial 
development status, and measure cross-border knowledge flow, whether in working 
papers and reports [3–7] or journal papers [8–10]. On the one hand, although there are 
some studies to choose TP families or PCT applications as datasets, these studies only 
focused on a part of PCT and TP applications, such as some patents related to a specific 
topic or applied for at a certain period. Therefore, in this study, we intend to collect and 
investigate the global TP families and PCT applications with a million-level volume. On 
the other hand, there does not exist paper to compare TP families and PCT applications, 
so it is worth knowing if the TP families and PCT applications get concordance. In a 
word, we propose to quantitatively explore the TP families and PCT applications based 
on the global data and understand their concordance from a global perspective in this 
study.

Literature review
In this section, we review some studies about three aspects, namely TP families and PCT 
applications, IPC co-occurrence network and nation-IPC co-occurrence network, where 
the nation refers to the earliest priority country or region, and the h-index and w-index, 
to understand the current research situation and research gap.

TP families and PCT applications

Patent applications were considered to have the inclination that applicants tend to file pat-
ents in their home country’s patent office, which is called “home advantage bias” [11]. As 
multinational applications, TP families were able to balance the home advantage of domes-
tic applicants/inventors in the 1990s [12], so as to more objectively show the innovation 
strength of a country or a region. After examining the extent of the ‘home advantage’ effect 
in the USPTO and the EPO patent data and the TP families, there was a conclusion that TP 
families could be used as a satisfactory alternative to the USPTO and the EPO for measur-
ing R&D internationalization [13]. On this basis, many papers have conducted empirical 
studies on TP as an innovation dataset [14–20]. Tahmooresnejad and Beaudry studied the 
relationship between the structure and characteristics of TP families and patent value, and 
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believed that the structure and characteristics of the patent families played an important 
role in explaining the high value of patents [21].

As is a key indicator of technological and innovative strength, the number of TP families 
per country was a function of technological specialization and (national) patenting strate-
gies [22]. Based on TP families, the potential future convergences among technologies can 
be predicted by using Adamic/Adar similarity between IPC codes [23]. It was also proved 
that international filings, especially TP, were important to capture variations in research 
productivity [24]. Recently, the number of TP has continued to be an important indicator 
for measuring innovation. The registration of TP families was used as an innovation output 
variable along with the number of research article citations and patent citations to measure 
knowledge spillover efficiency [25]. Sun et al. used the TP database for 24 innovating coun-
tries between the years 1994 and 2013 to investigate the effects of technological innovation 
within certain countries on the energy efficiency performance of neighboring countries 
[26]. The number of TP families was selected as the output variable to analyze the rela-
tionship between regulation and R&D efficiency [8]. Higham et al. linked citation network 
layers through TP families and observed that these layers contain complementary, rather 
than redundant, information about technological relationships [27]. Wei et  al. combined 
TP families and technology life cycle theory to define the grey-rhino model [10].

Similar to TP families, PCT applications were often used to measure innovation output 
[28–30], innovation capability [31, 32] and international knowledge diffusion [33]. As early 
as 2008, based on the 138,751 patents filed in 2006 under the PCT, Leydesdorff used IPC 
codes to analyze the relations among technologies at different levels of aggregation [34]. As 
a representative of patent activities, PCT applications were also used to study the techno-
logical growth of countries [35] or the development of the industry [36, 37], etc. By combin-
ing patent data from PCT and EPO, Kers studied trends in genetic patent applications in 
order to identify the trends in the commercialization of research findings in genetics [38]. 
The participation of PCT applications in patent portfolios and a country’s degree of con-
centration of PCT application filings were used to evaluate the commercial potential of uni-
versity patenting [39]. Schmoch analyzed China’s technological performance based on the 
transfer of China’s PCT applications [9]. Roszko-Wojtowicz et al. adopted PCT applications 
per billion GDP as one of the variables to describe the effects of innovative activity [40]. 
Based on the case of Siemens’ PCT applications, Ervits utilized the revealed technological 
advantage (RTA) index to measure the extent of the technological diversification of patent 
output [41].

In general, there have been many studies based on TP families or PCT applications in 
recent years, but there is no paper to compare these two datasets from the global perspec-
tive. Hence, we focus on the issue of shaping the relations between the global TP families 
and PCT applications to know how to profile the TP families and PCT applications and 
whether they get concordance or non-concordance.

IPC co‑occurrence network and nation‑IPC co‑occurrence network

Compared with simple quantitative statistical analysis, patent network analysis can pro-
vide more comprehensive, objective and accurate technical intelligence for the manage-
ment of research and development activities [42].
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Patent network analysis can not only show the technical relationship between research 
subjects such as patents, enterprises, technical fields, countries or regions [43, 44], but 
also present the knowledge exchange [45], technical cooperation [46, 47], the knowledge 
maps [48] and technology development trends [49, 50]. In addition, the patent network 
provided clear data insights for comparative studies of different patent databases [51].

Furthermore, patent networks can be shown as one-mode, two-mode or even higher-
mode. One-mode patent networks only include similar entities, such as IPC co-occur-
rence networks. When applying for a patent, the IPC codes [2] of the technical field 
corresponding to the patent are given. The structure of the IPC is divided into eight sec-
tions, and each section is subdivided into class, subclass, group, and subgroup [52]. A 
single patent can be granted multiple IPC codes. IPC co-occurrences network analysis 
was used to identify the convergence of technologies [53, 54], or to predict the pattern of 
technological convergence [23]. Two- and higher-mode patent networks include differ-
ent sets of entities, and due to such unique feature, the two-mode network was essential 
to analyze the links among two disjoint node sets [45, 55, 56, 57]. The nation-IPC two-
mode network that combines IPC information with the source country/region infor-
mation of the patent was effective to identify the technological advantages of different 
countries/regions [58, 59].

In addition to visualization, network analysis provides rich quantitative indicators for 
patent comparative analysis, including measures of nodes and links within a network 
and inter-network similarity such as cosine similarity [60].

The h‑index and w‑index

The h-index is an index proposed by Hirsch [61] to evaluate the academic influence of 
scholars [61], which is defined as: A scientist has index h of his or her Np papers have at 
least h citation each and the other 

(

Np − h
)

 papers have ≤ h citations each. The core part 
intercepted according to the h-index is called h-core [62], and each paper in h-core has 
at least h citations [63]. There are two main reasons why the h-index is popular. On the 
one hand, the h-index has the advantages of simplicity and stability. On the other hand, 
it can accurately grasp the common power-law phenomenon in informatics [64], natu-
rally intercept the top data, and comprehensively balance quantity and influence [65, 66]. 
Now, the h-index has fully entered the research and application of academic evaluation, 
information measurement and other fields [14, 15, 66, 68, 69, 70]. The h-index was also 
introduced into the network node measure [71], and soon gained wide application [72, 
73]. As links began to be recognized as playing a key role in the network [74], research-
ers found that the h-index, as the most characteristic method for extracting top informa-
tion, was very suitable for measuring high-strength important links in the network, and 
h-strength ( hs ) came into being. Its definition is as follows: the h-strength of a network 
is equal to hs , if hs is the largest natural number such that there are hs links each with 
strength at least equal to hs in the network [75]. The h-strength can significantly simplify 
complex networks and effectively select the main link structures. However, the h-index 
and hs are powerless when extracting core information within very large-scale data and 
networks, and then the w-index and the generalized w-index were proposed.

The w-index is an improvement on the h-index [76], which focuses more on the evalu-
ation of researchers’ high-impact papers than the h-index. It can be defined as follows: If 



Page 5 of 17Zhu et al. Journal of Big Data           (2023) 10:85 	

w of a research’s papers have at least 10w citations each and the other papers have fewer 
than 10(w + 1) citations, his/her w-index is w . On this basis, Egghe expanded 10 in the 
w-index to any natural number greater than or equal to 1 and proposed the generalized 
w-index ( wa ) in 2011 [77]. When a = 1,wa = h . For the same data set, the larger a is, 
the smaller wa is, and the corresponding value of the wa th source is larger. That is to say, 
the generalized w-index pays more attention to the top data than the h-index, and it can 
extract an appropriate level of core especially when faced with huge data. Then, if we 
combine the generalized w-index with h-strength, we can select a suitable core network 
from the network of large-scale data.

Methodology
Methods and data applied in this paper are displayed as follows.

Method

We compare TP and PCT in the following three parts: IPC distribution, IPC co-occur-
rence network and nation-IPC co-occurrence network, where the nation refers to the 
earliest priority country or region. We propose to use the generalized w-index to extract 
the core part of datasets. There are three main reasons why we choose the generalized 
w-index. Firstly, given that the TP and PCT datasets are very large, we deem that it is 
necessary to focus on the core part. Secondly, although the h-index is very famous and 
popular, the w-index is more suitable for big datasets because the constant a  can be 
adjusted. Finally, the generalized w-index considers two important aspects of datasets, 
namely the number of sources (including IPC categories, IPC-IPC links, and Nation-IPC 
links) and the number of items for each source (see below for detailed representations).

Specifically, we define the w-core based on the generalized w-index.
The generalized w-index, denoted wa , for a ≥ 1 is the largest rank r = wa , such that all 

sources on rank 1, …, r all have at least awa items. Following the concept of the general-
ized w-index, we introduce a new definition of w-core.

Definition  (w-core) A set of sources is divided into two groups by the generalized 
w-index. The first group with w sources each having at least awa items is w-core, and 
the rest of the sources, each having less than awa items, is w-tail. If there exists w-core as 
a subnetwork, we directly call it a w-core network. When the networks change among 
citation network, co-citation network, co-occurrence network and so on, the w-core can 
be extended to various w-cores.

In this paper, the w-index is applied to IPC distribution and co-occurrence networks 
to extract the w-cores. In the part of IPC distribution, an IPC category is a source and 
patents corresponding to this IPC category are items of this IPC category. In the part of 
IPC co-occurrence network, an IPC-IPC link is a source, and patents in which these two 
IPC categories co-occur are items of this IPC-IPC link. The sources and items of nation-
IPC co-occurrence network are similar to IPC co-occurrence network. The detailed 
operation is as follows: first, for the IPC distribution, all IPC categories are sorted in 
descending order by the number of items in each IPC category. Similarly, for the IPC 
co-occurrence network and nation-IPC co-occurrence network, all links are sorted in 
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descending order by the number of items in each link which is called the strength of 
links. Second, the maximum rank r is decided based on r = wa , where the top r IPC cat-
egories or links have at least awa items. The w-core consists of the top r IPC categories or 
links. The constant a depends on the volume of the dataset, and we can adjust the value 
of a to extract the w-core of IPC distribution or co-occurrence networks effectively.

Cosine similarity, which is a measure of similarity between two individuals using the 
cosine value of the angle between two vectors in vector space, is adopted to investigate 
the global situation. The value range of cosine similarity is [− 1, 1]. The higher the cosine 
similarity, the more similar the two vectors become. When the value is 1, the angle 
between these two vectors is 0, which means these two vectors exactly coincide. The 
value of cosine similarity is independent of the length of the vector, and only related to 
the direction of the vector, so the disparity in the amount of TP families and PCT appli-
cations can be ignored.

Thus, for two n-dimensional vectors A and B, the cosine similarity between them is:

In this study, we use cosine similarity to measure the global similarity of TP families 
and PCT applications in IPC distribution, IPC co-occurrence network and nation-IPC 
co-occurrence network. The TP and PCT are two vectors with the same dimensions. 
For three different parts, the dimensions of vectors are IPC categories, IPC-IPC links or 
nation-IPC links, and the values of dimensions are the number of patents in each IPC 
category or the strength of links. Then, the cosine similarity of TP and PCT can be cal-
culated based on Eq. (1).

Data

All patent data in this study are retrieved from the Derwent Innovations Index (DII). 
This database is currently one of the most comprehensive databases of international 
patent information in the world, published by Thomson Derwent Publishing Company. 
Every week, 25,000 patent documents published by more than 40 countries, regions and 
patent organizations and 45,000 patent citations are included in the database. Derwent, 
a world-class large patent database, provides a standardized and reliable data source for 
large-scale patentometric research.

The search strategy of TP families is “PN = (US*) AND PN = (JP*) AND PN = (EP*)” 
and the search strategy of PCT applications is “PN = (WO*)”. It should be noted that 
the PCT came into effect in 1978, so the earliest PCT application appeared in 1978, and 
there were not many TP families before 1978. Therefore, we limit the search time range 
to after 1978, and the retrieval date is October 1, 2021. A total of 1,589,172 TP families 
and 4,067,389 PCT families are retrieved, and the data volume of PCT applications is as 
high as 2.56 times that of TP families. Figure 1 shows the basic situation of the data.

In Fig. 1, the left part is the number of families of TP and PCT in every priority year. 
We can see that the number of PCT rises rapidly, while the number of TP rises relatively 
slowly and even shows a downward trend in recent years, which may be because the 
application process for TP is more complicated than that for PCT. The right part is the 

(1)s(A,B) = cos(θ) =
A · B

�A� · �B�
=

∑n
i=1Ai × Bi

√

∑n
i=1(Ai)

2

√

∑n
i=1(Bi)

2
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Venn diagram of TP and PCT, and they share 1,030,579 patent families which account 
for 64.85% of TP, 25.34% of PCT, and 22.28% of their union. It can be seen that the 
degree of overlap between TP and PCT is relatively high.

Furthermore, the broad flowchart of research is shown in Fig. 2. In the next section, we 
present the basic statistics of the global data and w-core, visualize the w-core and calcu-
late the global similarity.

Results and discussion
The results are also divided into three parts, namely the IPC distribution, IPC co-occur-
rence networks, and nation-IPC co-occurrence networks. In the three parts, we will dis-
cuss the w-cores and global situations respectively.

As the quantities of both TP and PCT exceed one million, after repeated testing, it is 
found that the appropriate w-cores can be selected when a = 100 . In order to under-
stand overall similarities and differences between PCT and TP, the basic statistics of 
global data and w-cores are shown in Table 1, which includes the average, standard devi-
ation, minimum, median, maximum, quartile and the Spearman Correlation between 
PCT and TP. In Table 1, IPC means IPC distribution, Co-IPC is IPC co-occurrence net-
work, and Nation-IPC is nation-IPC co-occurrence network. In addition, N indicates the 
sample size, and the value of N in w-cores also means the value of w100.

As shown in Table  1, firstly, the values of these statistics indicators of PCT are all 
higher than those of TP, excluding the minimum and Q1 in global data, because the data 
volume of PCT is bigger than that of TP and PCT is more discrete than TP. Secondly, 
the values of minimum, Q1, median, and Q3 of three parts in global data are very small, 
which indicates that most IPC categories have a few patents and most links have weak 
strength. However, the values of those indicators in w-cores are much higher than those 
in the global data, which to some extent means the w-index and w-core can extract the 
core part of the global data. Thirdly, the three values of w100 of PCT are greater than that 
of TP, because PCT applications are much more than TP families. Finally, according to 
the Spearman Correlation, we find that PCT and TP have a strong positive correlation 
for either global data or w-cores.

Fig. 1  The basic situation of data
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Fig. 2  The flowchart of the research
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The basic statistics present the overall situation, while detailed information of PCT 
and TP needs to be further shown. Hence, in the following sections, we visualize the 
w-cores of PCT and TP and calculate the global similarity of the three parts to make 
sense of the specific similarities and differences.

IPC distribution

The w-cores of TP and PCT have 111 and 155 IPC categories respectively, and 107 
IPC categories in the w-core of TP are included in the w-core of PCT. The 107 IPC 
categories shared by the w-cores of TP and PCT mainly distribute in the front of the 
w-core of PCT. 48 IPC categories only appear in the w-core of PCT because the data 
volume of PCT is larger and there are more patents belonging to each IPC category. 
Meanwhile, 4 IPC categories only appear in the w-core of TP. Actually, they also dis-
tribute in PCT, but they have not entered the w-core because of their relatively small 
numbers.

The overlap of w-cores of IPC distribution of TP and PCT is shown in Fig. 3. The 
vertical axis is the number of patents in each IPC category and the horizontal axis is 
the descending order of IPC categories of PCT. The green column is the IPC distribu-
tion of PCT, the red column is the IPC distribution of TP and the green line is the 
distribution of PCT* (see below).

According to Fig. 3, we know that the w-cores of IPC distribution of TP and PCT 
get high concordance. First, TP and PCT keep similar w-cores as shown in Fig. 3. Sec-
ond, several IPC categories have a wealth of patents, such as G06F and A61K, while 

Table 1  The basic statistics of global data and w-cores

The Correl. is the correlation coefficient between PCT and TP, derived from a two-sided Spearman test

*p < 0.05; **p < 0.01. The correlation between the w-cores of PCT and TP is calculated based on the overlap of two w-cores

Type N Min. Q1 Med. Q3 Max. Avg. Std. Correl.

Global

 IPC

  PCT 2374 0 1 2 341.5 420,059 4382.39 20,831.09 0.838**

  TP 2374 0 1 2 158 208,380 2172.52 10,131.21

 Co-IPC

  PCT 137,286 0 1 4 19 247,641 96.82 1298.37 0.860**

  TP 137,286 0 1 2 11 135,449 61.57 769.09

 Nation-IPC

  PCT 36,610 0 1 6 46 203,726 284.08 2697.79 0.791**

  TP 36,610 0 0 1 12 98,021 140.87 1342.38

W-core

 IPC

  PCT 155 15,508 20,999 30,136 59,299 420,059 53,570.61 63,128.09 0.891**

  TP 111 11,317 14,096 21,421 41,334 208,380 34,522.39 32,397.93

 Co-IPC

  PCT 125 12,533 15,886 20,315 32,214 247,641 30,234.93 27,866.84 0.852**

  TP 101 10,182 12,547.5 15,603 23,955 135,449 21,012.50 15,939.64

 Nation-IPC

  PCT 123 12,415 14,912 20,212 35,365 203,726 32,188.28 31,223.67 0.813**

  TP 91 9321 12,189 15,525 24,403 98,021 20,717.88 14,454.40
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the number of patents in most IPC categories is low relatively. Third, TP and PCT 
maintain similar distribution trends. In a lot of IPC categories, if the percentage of TP 
is high, that of PCT tends to be high. In addition, based on Eq. (1), we calculate the 
cosine similarity of the global IPC distribution of TP and PCT and the similarity is 
0.968, which further indicates TP and PCT are alike.

However, a few differences exist. In all IPC categories in Fig.  3, PCT is higher than 
TP, because the data volume of PCT is much higher than that of TP, which is about 
2.56 times the number of TP. Therefore, in order to make the comparison more intui-
tive, we divide the number of PCT applications in each IPC category by 2.56 to obtain 
PCT*, which can ignore the disparity in the number of TP and PCT. However, from 
Fig. 3 we can see that TP is always slightly higher than PCT*. The reason is the broader 
technical convergence of TP: each TP family has 3.24 IPC categories on average, while 
the average number of IPC categories in PCT is only 2.56, which is 0.79 times that of 
the former. When focusing on specific IPC categories, we find that there are still some 
differences between TP and PCT*. On the one hand, some categories of TP are much 
higher than PCT*, such as A61K (preparations for medical, dental, or toilet purposes), 
A61P (specific therapeutic activity of chemical compounds or medicinal preparations), 
C07D (heterocyclic compounds), C08L (compositions of macromolecular compounds), 
and C07C (acyclic or carbocyclic compounds), C07B (general methods of organic chem-
istry; apparatus therefor), B01J (chemical or physical processes, e.g. catalysis or colloid 
chemistry), C08F (macromolecular compounds obtained by reactions only involving 
carbon-to-carbon unsaturated bonds), which are related to chemistry and medicine. On 
the other hand, four categories of TP, which belong to electronic communication, are 
lower than PCT*. They are G06F (electric digital data processing), H04L (transmission of 
digital information), H04W (wireless communication networks) and G06K (recognition 
of data; presentation of data; record carriers; handling record carriers) respectively. In 
recent years, with the rapid development of electronic communication [77, 79, 80], the 
patents corresponding to these IPC categories seem to be more inclined to PCT, perhaps 
because PCT makes international patent applications faster and more convenient. All 
these differences are at the micro level, while the IPC distributions of TP and PCT are 
similar on the whole.

Fig. 3  The overlap of w-cores of IPC distribution of TP and PCT
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IPC co‑occurrence network

The basic data of the global network and the w-core of the IPC co-occurrence network 
are shown in Table 2.

In order to focus on the most important part of networks, Fig. 4 shows the w-cores of 
the IPC co-occurrence network of TP and PCT, where the rectangular box is the IPC 
category and different colors represent different clusters. The larger the rectangle box, 
the more times it co-occurs with other boxes. Similarly, if the link between two IPC cat-
egories is thick, they co-occur many times.

In Fig. 4, we can see that TP has five clusters and PCT has six clusters, but their clus-
ters are very similar. For TP and PCT, the largest cluster is the red group represented by 
A61K, which is the field of medicine. The second largest cluster, colored blue, mainly 
includes H04W and H04L, which is communication technology. In addition, the purple 
group is chemical technology, electrical technology is represented by yellow and medical 
treatment and diagnosis technology is the green cluster which is closely linked to the red 
cluster. Furthermore, the cosine similarity of the global IPC co-occurrence networks of 
TP and PCT is 0.975, so they are highly similar in terms of IPC co-occurrence.

Nevertheless, there are also some differences. PCT has more nodes and its w-core 
network is more intensive than TP, which may be related to numerous PCT applica-
tions. The light blue cluster only appears on the right side of the PCT w-core network, 
including three IPC categories, namely F21Y (relating to the form or the kind of the light 
sources or the color of the light emitted), F21S (non-portable lighting devices; systems 
thereof; vehicle lighting devices specially adapted for vehicle exteriors) and F21V (func-
tional features or details of lighting devices or systems thereof; structural combinations 

Table 2  The basic data of the IPC co-occurrence network

Co-IPC Global W-core

Nodes Links Frequency Nodes Links Frequency

TP 2004 115,037 8,453,047 51 (2.54%) 101 (0.09%) 2,122,263 (25.11%)

PCT 2085 127,535 13,291,821 65 (3.12%) 125 (0.10%) 3,779,366 (28.43%)

Fig. 4  The w-cores of IPC co-occurrence networks of TP and PCT
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of lighting devices with other articles). These IPC categories point to lighting technology, 
indicating that this technology is more inclined to PCT.

Nation‑IPC co‑occurrence network

The basic data of the global network and the w-core of the Nation-IPC co-occurrence 
network are shown in Table 3.

In the same way, Fig. 5 also displays the w-cores of the nation-IPC co-occurrence 
network of TP and PCT. The green boxes are countries or regions and the red boxes 
are IPC categories.

We find that the w-core of the nation-IPC co-occurrence network of TP is similar to 
that of PCT. In two subgraphs of Fig. 5, the applications of PCT and TP in the United 
States include the most IPC categories, which means patents from the United States 
involve wide fields at present. The second country is Japan, so its technical fields are 
broad too. In addition, two w-cores have some same countries or regions, namely 
Germany, Europe, France and Great Britain.

To compare the similarity of global nation-IPC co-occurrence networks of TP and 
PCT, we count the number of dimensions in the vector of some representative coun-
tries/regions in global networks, and calculate their cosine similarity. The results are 
presented in Table 4.

Generally speaking, whether these countries/regions or the whole network, their 
similarities in the TP and PCT are very high. Combined with Fig.  5 and Table  4, 
Japan and Germany deserve attention. Although Japan has high similarity (0.970) 
in the global networks of TP and PCT, Japan in the two w-core networks has some 

Table 3  The basic data Nation-IPC co-occurrence network

IPC-Nation Global W-core

Nodes Links Frequency Nodes Links Frequency

TP 2110 23,837 5,157,334 58 (2.75%) 91 (0.38%) 1,885,327 (36.56%)

PCT 2228 54,550 10,400,329 53 (2.38%) 109 (0.20%) 2,941,705 (28.28%)

Fig. 5  The w-cores of nation-IPC co-occurrence networks of TP and PCT
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differences. Japan has more IPC categories in the w-core of TP than that in the w-core 
of PCT. Contrarily, Germany has similar structures in two w-core networks, but its 
similarity of the global network is lower than that of other countries/regions.

However, like Fig. 4, the nodes of PCT are more and the w-core network is denser than 
that of TP. The reason should also be related to the large number of PCT applications. 
China and Korea only appear in the core network of PCT, so they tend to submit PCT 
applications.

In this section, we present the similarities and differences between TP families and 
PCT applications in terms of IPC distribution, IPC co-occurrence networks, and nation-
IPC networks, based on three methods: statistical analysis, network visualization, and 
cosine similarity. We find that the w-core is suitable to select the core part of big data. 
The datasets of TP families and PCT applications are very similar in these three parts 
for either global data or w-cores, but there are some micro differences as said before. 
Thus, at a macro level, TP families and PCT applications get high concordance concern-
ing their ability to reflect innovation capability or R&D internationalization, but when it 
comes to technological convergence, specific research topics and countries/regions, the 
choice may depend on the purpose of the research.

Conclusion and limitation
According to the above analysis, we have three main contributions. First, the w-core 
is a useful concept to characterize the core of important patents and patent networks. 
Second, we profile the w-cores and global situations of the TP families and PCT appli-
cations, and characterize their concordance from three parts, IPC distribution, IPC co-
occurrence network and nation-IPC co-occurrence network respectively. Although the 
data volume of TP and PCT varies greatly, the results show that TP and PCT are very 
similar as a whole. Hence, if we want to observe the innovation capability, R&D interna-
tionalization, technical structure or development trend of a country/region or an indus-
try, the analysis result based on TP is similar to PCT, which means TP and PCT can 
replace each other to a certain extent. Third, the TP and PCT are different in technologi-
cal convergence, some specific fields (e.g. chemical, medicine, electronic communication 
and lighting technology) or countries/regions (e.g. Germany, Japan, China, and Korea), 
so that it is necessary to choose TP or PCT based on different research purposes.

The comparison between TP and PCT is still a relatively primary study, and there are 
certainly some limitations. Firstly, we simply use basic statistics and network visualiza-
tion, but there are many different statistical methods and network indicators, such as 
regression, clustering and centrality, which can be used to further portray the TP fami-
lies and PCT applications. Secondly, we characterize PCT and TP from three parts, the 
IPC distribution, IPC co-occurrence networks, and nation-IPC co-occurrence networks, 

Table 4  The similarity of five representative countries/regions in TP and PCT

Indicators Global US JP DE EP CN

The number of 
dimensions

36,610 1823 1235 1089 765 657

Similarity 0.935 0.972 0.970 0.892 0.987 0.978
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which only involve IPC and countries/regions of TP families and PCT applications. 
However, citations and contents of patents both play important roles in patent analysis, 
so we need to focus on diverse information about patents to answer if they are similar. 
Finally, because of delays in patent applications and publications [81], it is difficult to 
cover all TP families and PCT applications, especially in recent years. Generally speak-
ing, we hope to be able to extend our study to patent citations and contents based on 
various statistical methods and network indicators to explore whether TP and PCT get 
concordance from different perspectives.
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