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Introduction
With the development of technologies capable of generating high data volumes at a 
rapid pace, a global effort has been made to develop solutions for better storage, process-
ing and analysis of big data. Big data is considered to be a vital element in the economic 
and social development of businesses and societies [1]. With the machine subordina-
tion and growing use of social media, consumers are increasingly generating data about 
their behaviors and attitudes that could be purchased and recirculated like a commodity 
within the debt economy and may be used for marketing and other business strategies 
[2]. Many organizations are shifting towards re-modeling into data-driven enterprises as 
companies that distinguish themselves as data-driven function appropriately on “objec-
tive measures of financial and operational results” [3]. More than 80% of technology 
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information is patented [4]. This information may be used for a variety of purposes, such 
as discovering market trends or predicting future technological development.

I It is estimated that worldwide revenues from the big data market for software and 
service sectors alone will increase from $42B in 2018 to $103B in 2027 [5]; verifying the 
emergence of new market opportunities for big data industry. In 2014, the UK govern-
ment identified big data as one of the “eight great technologies” that will lead the UK 
into economic prosperity [6]. Big data is a technology with a very broad landscape, and 
as Matt Truck Company reports, it encompasses a range of innovations on infrastruc-
ture, analytics, applications, data resources, data sources, APIs, and open sources. The 
growing impact of big data on global development and its large landscape has led to the 
introduction of a large number of big data innovations worldwide. It is therefore impor-
tant for both academia and industry to recognize the emerging patterns of big data tech-
nologies, which are of primary importance in the growth of data-driven enterprises. In 
this context, while very few studies have evaluated big data innovations in different juris-
dictions, to our knowledge, there is a lack of academic effort to provide a comprehensive 
picture of the innovative big data activities of companies and countries over time. The 
goal of this paper is to provide a comprehensive overview of the evolution of big data 
technology in order to track and characterize its trends over time and across jurisdic-
tions, as well as to characterize its linkage and interaction with the scientific world.

Patent data is a valuable resource for understanding the dynamics and activities of the 
invention ecosystem. Patent data are considered to be result-based indicators of innova-
tion and the reflection of technological and scientific changes and inventive processes 
[7]; and are capable of “appropriately” describing the diffusion of a technology [8] or 
assessing technology management [9, 10].

Nonetheless, some studies emphasize that patent data cannot represent the entire 
invention ecosystem; thus, there is a need to incorporate other sources of information, 
such as scientific literature [7, 11]. Interactions between universities and industries are 
vital in the development of innovation systems [12]; as recommended, inventors should 
cite scientific papers in order to file patent documents [13]. Many jurisdictions require 
applicants to provide a complete and clear description of their invention, including 
prior art; that is, any invention disclosed or made available to the public anywhere in 
the world by any person and by any means prior to filing (priority data). It is therefore 
assumed that the patent documents describe both the technical features of the invention 
and the recent scientific and academic developments in the relevant field of industry, so 
that patent data can also represent scientific advances of a technology.

In order to extract predictive insights about the development of a technology out of 
patent data, quantitative methods, such as bibliometric and social network analysis 
examine patents as primary sources of information to uncover technological trends, 
its linkage with scientific data and to discover hidden patterns of innovation ecosystem 
[14]. Previous studies argue that social network analysis as a data mining visualization 
method [15] is a superior method compared to other conventional techniques [16]. In 
particular, the analysis of the social network identifies connections and relationships 
(edges) between actors (nodes). In a patent analysis, nodes represent individuals, such 
as applicants and inventors or entities, such as patent documents or fields of study. The 
edges between the nodes can also be their cooperative activities, such as their citation 
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links [17]. Social network analysis enables multi-dimensional analysis of similarities or 
dissimilarities between actors in low-dimensional spaces. In this method, actors who are 
closer and more similar to each other in input data are closer in space; and actors who 
are less similar or closer to each other are further apart in space [18].

In this study, patent applications were analyzed using techniques for bibliometric and 
social network visualization. Bibliometric analysis is incorporated to analyze scientific 
trends in a variety of topics [19, 20]. Using descriptive bibliometric analysis techniques, 
we aim to (1) explore the temporal evolution of patent productivity on big data; (2) 
measure the productivity of the big data industry on the basis of the most productive 
inventors, applicants, authors, jurisdictions, institutions, companies, patent classifica-
tions and scientific fields of study; and (3) to measure the interaction of patents with sci-
entific scholarly works. Using social network analysis techniques, we aim at (4) analyzing 
and visualizing interactions and connections within the networks of co-applicants, 
co-inventors, co-authors, co-appearances of scientific keywords and scientific fields of 
study; and (5) uncovering hidden patterns and trends within the scientific and inventive 
communities of big data.

In order to track the trends in big data technologies, we analyzed 13,112 patents and 
642 scientific journals cited in the patents. We used the techniques of bibliometric and 
social network analysis to provide (1) a descriptive bibliometric analysis of patents and 
of the cited scholarly works; (2) a citation linkage analysis of patents to scholarly works; 
(3) a social network analysis of big data invention activities; and (4) a social network 
analysis of scientific journals cited by big data patents.

Preceding patent analysis studies have proposed a variety of analysis and visualization 
techniques, such as natural language processing [21], semantic analysis [22, 23] or neu-
ral networks analysis [24–26]. Some of the past research also combined patent citation 
data with external data [11, 27–29]. Previous studies on the patent analysis of big data 
technology explored the patent abstract analysis of Chinese big data [30]; hot classified 
fields of big data technology [31]; technology valuation methods using quantitative pat-
ent analysis for technology transfer in big data marketing in Europe [32]; or business 
interests and activities around big data [33].

This paper consists of the following sections: first, a review of previous studies that 
carried out a bibliometric analysis of patents. This is followed by a detailed description 
of our research method, the data collection procedure and analytical methods, and the 
tools we used. The findings and results of our analysis are described in the next section. 
We conclude the paper by discussing the results, the theoretical and practical contribu-
tion of the paper, the limitations of our research and some possible future works.

Theoretical framework
Patents as an indicator to measure innovation

Output-based indicators are one of the categories for measuring innovation [34, 35]. 
These indicators are made up of the results of innovation activities, such as patents. 
Patent data is a valuable resource for understanding the dynamics and activities of 
the invention ecosystem. Patent data presents insightful windows for inventors, engi-
neers, companies and decision makers [36–38]; and can be adopted as a tool to model 
and explain the growth of inventions across countries [39]. Patent data are indicators 
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of representing the techno-scientific shifts and inventive processes [7]; and are capable 
of “appropriately” describing the diffusion of a technology [8] or assessing technology 
management [9, 10]. A patent is an intellectual property right that should be novel, ade-
quately described and claimed as an inventive activity; and refers to the prior art, such 
as scientific works. A patent shall be granted for an inventive activity to an individual, a 
company, a university or any public or private enterprise [40].

One of the essential requirements for the protection of an invention is its novelty. 
Under the TRIPS Agreement, members are required to submit applications that they are 
novel, involve an inventive step and are capable of industrial application [41]. The agree-
ment does not, however, define the term novelty. The definition of novelty has therefore 
been delegated to the Member Governments. In the Iranian legal system, for example, 
novelty means that the invention is not predicted in the prior art. The term “prior art” 
is also defined as anything that has been disclosed in any part of the world by means 
of written or verbal communication, or by practical use, or in any other way, prior to 
the date of application or priority date (Clause 4 of the Patent, Industrial Designs, and 
Trademarks Act of Iran, 2008). Thus, in this general sense, the prior art concerns both 
patent applications and scholarly works. Publishing the information on the invention 
in scientific articles would eliminate the novelty of the invention and, consequently, the 
invention is not patentable [42]. For this reason, certain legal systems oblige the appli-
cant to describe the invention, which is one of the documents annexed to the application.

However, the use of patents to portray the whole picture of innovation is being chal-
lenged [43]. Some studies believe that some innovations are not patentable [7]; or pat-
ented inventions do not end up in an innovation or does not indicate whether their new 
technical knowledge has a positive economic value [44]. Moreover, countries and organ-
izations may value patenting activities differently [45]. For example, in China, Article 22 
of the patent law, as amended in 2008, stipulates that “novelty means that the invention 
or utility model concerned is not an existing technology”; so “existing technologies mean 
the technologies known to the public both domestically and abroad before the date of 
application”. Article 36 of the law provides that, where the applicant requests a substan-
tive examination, he/she shall submit the reference material relating to the invention. 
In China, however, the non-disclosure of information has no legal effect; and, to date, 
the Chinese Patent Office has not declared any application void or invalid or with-
drawn as a result of the non-disclosure of information [46]. On the other hand, the US 
Chapter 2000 Manual of Patent Examining Procedure (MPEP) dealt in detail with the 
obligation of disclosure, since failure to disclose the patent may ultimately render the 
patent unenforceable. I In the European Patent Office, which has the highest reference 
rate for scientific works, Article 42 of the European Patent Convention provides that the 
description should indicate the background art; otherwise the application will be refused 
(Art 97) or the patent will be revoked (Art 101). In the jurisdiction of the WIPO referred 
to in Article 5 of the Patent Cooperation Treaty, all descriptions of patents should refer 
to prior art information.

In view of the limitations of patent data, previous studies argue that there is a need to 
integrate other sources of information, such as scientific literature, and citations linkage 
of patents to scholarly works [7, 11]. These studies argue that patent citations may act 
as an indicator of the value of innovation [47]. The patent data and the cited scholarly 
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works are still a commonly used tool for studying innovation trends and technological 
developments [48].

Patent as a measure of big data technologies’ evolution

Big data patent analysis has been performed in very few studies as outlined in Table 1. 
In one study [31]; the authors explore trends in hot classified big data technology fields 
from 2004 to 2012. Their network analysis shows a weak collaborative publishing net-
work; also, as their study shows, the acquisition of big data is at a relatively higher level 
of research than other fields. In another study, the authors studied big data patents in 
China from 1980 to 2016. Their analysis shows that the development of big data patents 
in China increased after 2005; and patent applicants are mainly universities and com-
panies [30]. Another study focused on the analysis of big data patents in Europe from 
1989 to 2013. This study shows that patents are strongly linked to big data sub-tech-
nologies; and are dependent on each of them. This study shows that the top-level key-
words are image, layout, and object [32]. Studies by [33] reveals that there is a limited 
co-occurrence among leading big data institutions; and the main topics in big data fields 
are business intelligence, cloud-based services, customer experience, social media, and 
healthcare and web services.

Materials and methods
In this study, we have integrated bibliometric and social network analysis techniques to 
uncover the key dynamics that define the development patterns of big data innovations 
concealed through unstructured patent and scientific literature texts; to measure the 
performance of big data invention activities; and to measure the interaction strength of 
different agents inside social networks. We used the methods of social network visuali-
zation to identify and visualize the communities and clusters within the Big Data Inven-
tiveness Network and the cited scholarly works; the nodes and actors, and the links and 
edges (the strength of interaction) between and between the nodes.

Data collection

We have collected data from the Lens Open Source Platform. As described in the Lens 
website, the Lens database is an “open global cyber infrastructure” for cartography inno-
vation. The Lens database contains 95% of the global patent documents and links to the 
majority of scholarly literature. The patent data sources incorporated into the Lens are 
DocDB bibliographic records of the European Patent Office from 1907, USPTO Appli-
cations from 2001, USPTO Grants from 1976, USPTO Assignments, European Patent 
Office (EP) Grants from 1980, WIPO PCT Applications from 1978, and Australian Pat-
ent Full Text from IP Australia. Scholarly datasets are also integrated with PubMed, 
CrossRef and Microsoft Academic.

In the patent search, the keyword “big data” ~ 0 was searched in Title OR Abstract 
OR Claims. We did not exclude any dates, jurisdiction, and type of document. However, 
we founded the classification on the basis of the IPC classification. Of the options for 
full text, one doc per family, and stemming, we chose stemming. The query language 
was English as well. We did the query on January 5th, 2019. The search showed that 642 
scholarly works were cited by patents; the number of patents cited was 291.
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Table 1  A summary of previous studies on big data patenting activities

Study Method 
of analysis

Technology Scope Patent + literature Some of findings

The current 
study

Bibliometric; 
social network 
analysis

Big data Global Patent and literature Please check the 
result section of 
this paper

[31] Bibliometric, 
patent metrics, 
statistical 
analysis and 
other methods 
of related laws

Technical clas-
sification fields 
system of big 
data (9 clas-
sifications)

Global Patents Data mining, clas-
sification, big 
data, clustering, 
large data sets, 
machine learn-
ing, cluster anal-
ysis, algorithm, 
execution, 
and biological 
information are 
the ten big data 
fields with high 
occur frequency

[30] Word segmenta-
tion models on 
the basis of TF-
IDF principle 
(text mining)

Chinese big data China Abstracts of patents Development of 
big data patents 
in china after 
2005; Patent 
applicants 
are mainly 
universities and 
enterprises with 
Huawei having 
the most quali-
ties of patent 
applications; 
an unbalance 
situation in the 
development 
of big data 
technologies in 
China

[32] Text mining
Social network 

analysis

European big 
data marketing

Europe Patents Patents are 
strongly con-
nected so the 
sub- technolo-
gies of big data 
are depended 
to each other

The top-ranked 
keywords are 
also image, lay-
out, and object

[33] Tech mining To measure 
“hot topics” in 
industry with 
regard to big 
data

Unspecified Patents and publica-
tion

There is little 
co-occurrence 
among leading 
big data institu-
tions

The main topics 
in big data fields 
are business 
intelligence, 
cloud-based 
services, 
customer expe-
rience, social 
media, and 
healthcare and 
web services



Page 7 of 26Saheb and Saheb ﻿J Big Data            (2020) 7:12 	

We used the following software to analyze and visualize data: Gephi 0.9 software, 
PatCite, Patent and Scholarly works on the Lens platform. As an open global cyber 
infrastructure, Lens acts as a public resource for global patents and scientific knowl-
edge and is a platform for innovation cartography. Its aim is to make the problem 
solving more accessible, secure and inclusive. We used the Lens platform for our 
descriptive bibliometric analysis and the Gephi software to analyze and visualize the 
social networks. This approach is novel. As far as our knowledge is concerned, we 
have not found any study that integrates the following platforms for the analysis of 
patents and the works cited by scholars.

After importing the CSV file extracted from the Lens platform, we checked the 
items of “creating links between applicants”, “removing duplicates”, and “remov-
ing self-loops in cases when an agent is connected to itself ”. The graph type for 
the network of co-applicants was undirected with 7830 nodes and 2383 edges. We 
used the average weighted degree as our statistical method. Calculation of the aver-
age weighted degree indicates how many times the edge is passed between a pair of 
nodes. The higher the weight of the node, the higher the connection is compared to 
the low weight of the node [49]. The average degree will calculate the average num-
ber of edges connected to the node; whereas the average weighted degree will be the 
average sum of the weights of the edges connected to the node. We ran the average 
degree formula under the network overview. The average degree score was 0.609 and 
the average weighted degree was 0.743. The closer this score is to 1, the more the net-
work is connected [50]. We then filtered the network based on their weighted range of 
degrees and set the number between 3.122 and 446.0. On the size of the nodes menu, 
we chose the weighted degree and set the minimum size to 20 and the maximum size 
to 200. We chose the Circular Layout as the third step (Fig. 1). The final version of the 
map is described in more detail in the results section of this paper.

We followed the same procedure to analyze and visualize the co-inventor network. 
The network consists of 23,977 nodes and 77,170 edges, and the graph type is undi-
rected. The average weighted degree  was 7.703 and the average degree  was 6.437, 
showing a highly connected network compared to the network of co-applicants. 

Fig. 1  From left to right: the first network is the initial visualization of the network of co-applicants with no 
filtering; the second one is the network after applying the steps 1 and 2; and the third network is after the 
applying the circular layout
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Because of the high density of the network, the filtering range is set to 57.94 and 347 
in order to have a clear representation of the network (Fig. 2).

As a next step, we included only the following jurisdictions: Japan, the United States, 
the EP, the Republic of Korea, the WIPO, France, Germany, the United Kingdom and 
Canada to showcase their network of co-applicants and co-inventors. We excluded 
China in order to present a clearer version of the activities of the other active jurisdic-
tions. We also excluded jurisdictions with very few big data patenting activities. We fol-
lowed the same procedure for the analysis and visualization of the networks.

We also analyzed and visualized the social networks of scientific works cited in the 
patents. We used modularity to detect communities for the network of co-occurrence of 
keywords. We set a resolution to 1.0. Modularity was 0.213; the number of communities 
was 8. Modularity looks for nodes that are more densely connected together than the 
rest of the network [51]. We followed the same procedure for the network of co-authors 
and the network of fields of study.

Results
Descriptive bibliometric analysis

We analyzed 13,112 patents and 642 scientific scholarly works cited in the patents. These 
documents have been collected from the Lens Platform.

As regards the temporal evolution of scientific and invention productivity, as shown in 
Fig. 3, the productivity of big data inventions increased sharply in 2014 with 491 appli-
cations, followed by a constant increase until 2018. The number of patent applicants 
increased to 1266 in 2015 and increased sharply in 2016 with 24 29 applications. The 
same growth continued with 4184 applications in 2017. The number of patents in 2018, 
however, did not increase significantly, as only 4546 applications were indexed in 2018. 
Of the total number of patent applicants, 1158 patents were granted, and 1247 patent 
applications were limited.

With regard to scholarly works on big data, as shown in Fig. 3; the interaction of pat-
ents with scholarly works increased sharply in 2012 with 74 patents, followed by a steady 
decrease; the number of cited works reached to 66 in 2013; to 45 in 2014; and to 28 in 
2015. The number of patents in 2018, however, did not increase significantly, as only 

Fig. 2  From left to right: the first network is the initial visualization of network of co-inventors with no 
filtering; the second one is the network after applying steps 1 and 2; and the third network is after the 
applying the circular layout
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Fig. 3  Temporal evolution of scientific and invention productivity about big data: patent applicants per year 
(left), and timeline of cited works based on publication year (left)

Inventor IPC Classifications Inventor IPC Classification

Ma Yan Muddu 
Sudhukar

Wang Wei Tryfonas 
Christos 

Zhang Wei Nixon Mark J

Fig. 4  The IPC classification of the inventions of the most productive applicants
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4546 applications were indexed in 2018. Of the total number of patent applicants, 1158 
patents were granted, and 1247 patent applications were limited. The patent search 
showed that the patent with the earliest priority data had been submitted in 1989. It was 
filed in 1989 and was published in 1991. The applicant is Prochazka Miroslav Ing. The 
oldest big data patent was a limited patent under the IPC classification G06F13/16; G 
refers to physics, G06 to computing, and G064 refers to digital electrical data process-
ing. The title of the patent was “Automatic Analyzer of Image”. This invention offered a 
design for collecting and processing of big data files.

With regard to inventors with the largest number of inventions, as shown in Figs. 4 
and 5, Ma Yan has the largest number of patents with 90 inventions. This analysis helps 
us to identify not only the largest inventors, but also their topic of invention. Based on 
the IPC classification, most of his works fall under the G06F17/30 classification, which 
refers to information retrieval and database structures. He was the applicant for most of 
his inventions (36 inventions). Out of the other applicants of his works, the major ones 
are Shenzhen Boxinnuoda Economic Relations & Trade Consultants Co Ltd, Shenzhen 
Boxinnuoda Economic and Trade Consulting Co Ltd, and State Grid Corp China. All of 
his applicants are Chinese companies.

Wang Wei is the second inventor with the highest number of patents. His inventions 
are half of the inventions of the first inventor (58 inventions). Most of his patents are cat-
egorized under the IPC classification of G06F17/30, which applies to the processing of 
information and the structure of the database. Out of the 10 applicants for his work are 
State Grid Shandong Electric Power Co, Ztesoft Tech Co Ltd and State Grid Corp China. 
He is not the applicant of any of his inventions.

Two inventors have 57 inventions. Most of the works of Muddu Sudhakar as the 
third inventor with the highest number of inventions fall within the category IPC of 
H04L29/06; which involves interconnecting or transferring information or other signals 
between memories, input/output devices or central processing units. Most of the works 
of Tryfonas Christos, also as the third inventor with the highest number of inventions 
(57 inventions) are classified under the electricity and transmission of digital informa-
tion. Splunk Inc is the significant patent applicant for Christos and Sudhakar.

90 

58 55 55 54 
48 45 45 

38 38 35 34 

Fig. 5  The first 12 inventors with the largest number of patents
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Zhang Wei is the fourth inventor. Major patents are listed under the IPC classification 
of G06F17/30, which refers to the retrieval of information and the structure of the data-
base. Out of the tenth applicants listed on his portfolio, companies like Wuhu Yueruisi 
Information Consulting Co Ltd, Guangxi Power Grid Corp Electric Power Res Inst, State 
Grid Corp China and Oracle Int Corp are listed.

The fifth inventor with the highest number of patents is Nixon Mark J. His major 
works are listed under the IPC classification of G05B19/418, which applies to computer 
integrated manufacturing and integrated manufacturing systems. The only applicant for 
Nixon Mark J is the Fisher Rosemount Systems Inc.

We also traced each applicant’s patent counts, revealing that China has filed more big 
data patent applications than the US; with companies like the State Grid Corp China; 
securing the first rank. This Chinese company has filed 289 patents; followed by IBM 
with 121 patents, Inspur Group Co LTD with 85 patents, Huawei Tech Co Ltd with 78 
patents, ZTE Corp with 73 patents, Alibaba Group Holding with 63, Splunk Inc with 59 
patents, University South China Tech with 55 patents, University Southeast with 50 pat-
ents, and Zhengzhou Yunhai Information Tech Co with 50 inventions. Except the State 
Grid Corp China, most of the companies, such as IBM are leading players in the infor-
mation communication technologies industry. Inspur Group Co is a leader in the cloud 
computing and big data services; while ZTE Corp or Huawei are leading in the telecom-
munication industry.

Of the patent applications of the State Grid Corp China, 7% fall are limited patents 
and 93% are at the pending state. The major applications of the company are under the 
IPC classification of G06Q50/06; which refers to data processing systems and methods. 
The company submitted its first application in 2012 under the title “Realizing Method of 
Supervisory Control and Data Acquisition (scada) History Data Distribution-type Stor-
age Facing Power Grid”.

Fig. 6  Map of patent applications filed in various jurisdictions
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The major US big data patent applicants are IBM, Splunk Inc, Fisher-rosemount Sys-
tems Inc, Electronics and Telecommunications Research Institute, American Express 
Travel Related Services Company Inc, Microsoft Technology Licensing Llc, and Sap Se.

In the European jurisdiction, the major applicants are respectively Huawei, Tata Con-
sultancy Services, Honeywell, Alibaba, STE, and GEOTAB Inc. The number of patents 
also increased from 2 patents in 2013 to 8 in 2014, and then to 14 in 2016; and the num-
ber of patents increased to 51 in 2018.

Shenzhen Boxinnuoda Economic Relations & Trade Consultants Co Ltd, Huawei and 
ZTE Corp are the key applicants in the jurisdiction of the WIPO. The IPC classification 
of major patents of the company is G06F17/30.

The analysis of jurisdictions with the highest number of patent applications filed 
(Fig. 6) shows that China is in the first place and in the lead; that it has filed a total of 
10,247 big data patent applications (i.e. 78% of global patent applications). Applications 
from the USA came second with 1051 patent applications (i.e. 8% of global applications), 
followed by the Republic of Korea, with 875 applications representing 7% of global pat-
ent applications. The list suddenly falls to WIPO with 517, which (i.e. 4% of the global 
patent application) and the European patent with 107 filings (i.e. 1% of the global appli-
cation). The list continues with Taiwan with 69 applications; Japan with 65 applications; 
Australia with 35 applications; Singapore with 11 applications; and India with 3 appli-
cations. However, this analysis (Fig. 7) shows that 83% of China’s 10,274 patent appli-
cations are still pending, 12% are limited patents, and only 5% are granted. In the US 
jurisdiction, 72% of patent applications are pending and 28% of patents are granted. In 
the WIPO jurisdiction, 98% of patent applications are pending and 2% search reports 
have been issued.

As regards the classification of patents (Fig. 8), this analysis shows that most of the pat-
ent applications are filed under the IPC classification of G06F17/30. In this classification, 
G refers to physics, and G06F refers to the processing of electrical digital data. In this 
subclass, “handling” means processing or transporting data and “data processing equip-
ment” is also included. IPC defines this subclass as follows: “Electrical arrangements or 
processing means for the performance of any automated operation using empirical data 
in electronic form for classifying, analyzing, monitoring, or carrying out calculations 
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Fig. 7  Comparative analysis of granted patents in various jurisdictions
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on the data to produce a result or event”. G06F17 refers to digital computing or data 
processing equipment or methods, specially adapted for specific functions (information 
retrieval, database structures or file system structures); and G06F17/30 to information 
retrieval and database structures and file system structures; which refers to G 06F16/00. 
The main classifications of the patent family were G, H and Y. In this classification, G 
refers to physics, H to electricity, and Y to emerging cross-sectional technologies.

Citation linkage analysis of patents to scholarly works

First, in this section we present statistics on citations to scientific works on the basis of 
global patents. We then look at the jurisdictions of China, the United States, the Euro-
pean Patent Office and the WIPO, which have the highest rate of receiving big data pat-
ent applications.

This analysis shows that only 291 (2.2% of patent applications) of the 13,112 pat-
ent applications cited were scholarly works. The number of cited works is 642. The 
major cited institutions are respectively Microsoft, IBM, Stanford University, MIT, 

G06F17/30
44% 

G06F19/00
5% 

G06K9/62
4% 

G06Q10/06
9% 

G06Q30/02
7% 

G06Q50/06
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8% 

H04L29/08
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IPC CLASSIFICATION

Fig. 8  Distribution of patent applications by their IPC classification. As this figure shows, most of the patents 
are filed under the physics classification, and then the electricity category. An average number of patents 
are classified under the emerging cross-sectional technologies; and a limited number is filed under the 
operations and transport
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University of California, Berkeley, Chinese Academy of Sciences, Carnegie Mellon 
University, Hewlett-Packard, Nanyang Technological University and the University 
of British Columbia. Therefore, the major cited institutions are American companies 
and top-ranked American Universities.

The oldest paper cited in the patent applications was published by a Russian scholar 
in 1970. The title of the paper is “Heuristic self-organization in problems of engineer-
ing cybernetics” [52]; and was published in the field of engineering cybernetics and 
mathematical optimization and was cited by 6 patents.

The highly cited paper, with 2523 patent citations was published by some schol-
ars from Harvard University, MIT and Ohio State University in 1999; and was titled 
“Molecular classification of cancer: class discovery and class prediction by gene 
expression monitoring” [53]. Of the patents cited this work, 1818 patents are at the 
state of granted patent and the major applicant of these patents are Genetech Inc, 
Hoffmann La Roche and Squibb Bristol Myers Co. Genetech as a member of the 
Roche Group, is a biotechnology company for discovering, developing, manufactur-
ing, and commercializing medicines to treat patients with serious or life-threatening 
medical conditions. Roche Holding is also a Swiss multinational healthcare company 
which is active under two divisions of pharmaceutical and diagnostics.

As far as co-citation analysis of patent applications and scholarly work by jurisdiction 
is concerned, this analysis shows that only 82 applications (i.e. less than 1%) have been 
referred to scientific work in China as the top jurisdiction with the largest number of big 
data patent applications. The number of scientific articles cited is 103.

The United States is the second largest jurisdiction with the highest number of appli-
cations filed. In that jurisdiction, of the 1051 applications, only 146 statements (i.e. 
13.89%) referred to scientific work. Out of 517 applications, only 38 (i.e. 7.35%) of the 
jurisdiction of the WIPO referred to scientific articles. The number of articles referred 
to is 83. Of the 107 applications received by the European Patent Office, only 16 (i.e. 14, 
95%) refer to scientific works. The number of articles cited was 45.

With regard to the citation of patents and scholarly works by major applicants, of the 
289 applications filed by the State Grid Corp China, only 2 applications cited 2 schol-
arly works; showing a weak link between patents and scholarly works of the State Grid 
Corp China. Out of the 121 applications filed by the IBM, 29 of the applications cited 59 
scholarly works.

Table 2  The most productive big data applicants; and their linkage with scholarly works

Applicant Major applications 
under the IPC 
Classification

Number 
of applications

Granted 
patent %

% of patents citing 
the scholarly works

State Grid Corp (China) G06Q50/06 289 0 0.69

IBM (US) G06F17/30 121 31 23

Inspur Group (China) G06F17/30 85 0 1

Huawei (China) G06F17/30 78 1 6

ZTE (China) G06F17/30 73 3 0

Alibaba (China) G06F17/30 63 2 1

Splunk (US) H04L29/06 59 36 7
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Thus, as Table 2 shows, IBM, as an American company, has developed stronger links 
between patents and scholarly works, with 23% of patent applications citing scholarly 
works. Despite the fact that the State Grid Corp China have submitted the largest num-
ber of patent applications, it has a very weak link with scholarly works, with less than 1% 
of the patent applications citing scholarly works.

With regard to the fields of study (Fig. 9), some of the fields of study widely cited by 
patents include computer science, data mining, database, artificial intelligence, and dis-
tributed computing. In computer science, the main subjects were also software, infor-
mation systems, general computer science, computer science applications, theoretical 
computer science, computer networks and communications, and hardware and archi-
tecture, computational theory and mathematics, computer vision and pattern recogni-
tion, and artificial intelligence.
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Fig. 9  The highly cited fields of studies by the big data patents

Fig. 10  Network of global co-applicants
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Social network analysis of invention activities on big data

In this part of the paper, we analyzed a network of global co-applicants and co-inventors. 
We have also visualized this network for major jurisdictions other than China. In the 
next step, we visualized the network of co-authors, the co-occurrence of the keywords of 
the cited scientific works, and the network of fields of study of the cited scientific works.

As mentioned in the Methodology section, the network of co-applicants is visualized 
based on the degree of weighted agent. Figure  10 is a co-applicant network with 398 
nodes and 1090 edges; after the filtering has been applied. The blue lines indicate agents 
with a low weighted degree and a weak connection; and the green lines indicate agents 
with a higher weighted degree and a stronger connection between the nodes. The analy-
sis shows that 6020 (78.88%) elements had a weighted degree of 0; indicating a weak con-
nection of the nodes within the network. One element, the State Grid Corp China, has 
a weighted degree of 446, indicating the strong link between the applicant and the other 
network applicants.

The network of co-applicants shows that IBM has a weighted rating of 10 as the second 
applicant with the highest number of patent applications, which is very low compared 
to the State Grid Corp China. The weighted degree of the other major applicants is as 
follows: Huawei (10), Alibaba (15); University South China Tech (5); University South 
East (13); and Microsoft (13). The analysis shows that the majority of applicants with the 
highest weighted degree are Chinese companies. Some major applicants within the juris-
diction of the United States have the weighted degree as follows: (1) American Express 
(1.0) and Sap Se (3); while Splunk and Fisher-Rosemount Systems have zero weighted 
degrees. The weighted degree of the major applicants in the jurisdiction of the European 
patent and the WIPO was also zero.

With regard to the co-inventor network (Fig. 11), this analysis shows that Wang Wei 
(347); Wang Jian (290); Wang Lei (271); Zhang Pen (250); Zhang Wei (213) are the first 

Fig. 11  Network of global co-inventors
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five inventors with the highest average weighted degree in the network. The weighted 
degree of Miroslav Prochazka, who filed the first big data invention in 1989, is 0.

As far as inventors with the highest number of patents are concerned, Wang Wei, Ma 
Yan, Muddu Sudhakar and Tryfonas Chritos have the largest number of inventions, 
as we mentioned earlier. Wang Wei, however, has a very large weighted degree of 374; 
showing the network’s strong connection. Ma Yan has a weighted degree of 64; which 
shows a relative average network connection. Both Muddu Sudhakar and Tryfonas 
Christos have a weighted degree of 19. Zhang Wei has a very large weighted degree of 

Fig. 12  Network of co-applicants of major jurisdictions except China. As the size of nodes and the line 
of edges show there is not a significant difference among the applicants in terms of their interaction. We 
highlighted IBM, Microsoft and Alibaba manually

Fig. 13  Another portray of the network of co-applicants, the right is all applicants from all jurisdictions, and 
the left one is composed only of Japan, US, Germany, European patents, Republic of Korea, WIPO, UK, France 
and Canada
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250 as the fifth inventor with the highest number of patents; which also shows his strong 
connection in the global network.

In this part of the paper, we excluded China as one of the jurisdictions. We have 
included the following jurisdictions with the highest number of patents: Japan, United 
States, Germany, European patents, Republic of Korea, WIPO, United Kingdom, France 
and Canada (Fig. 12).

This analysis shows that that the highest weighted degree belongs to Posco ICT Co 
with a degree of 19. Alibaba Group Holding has a degree of 15; Microsoft has a degree 
of 13; and IBM has a degree of 12. Posco ICT is a company established in 2010 in South 
Korea. Unlike the global network, the major applicants have relatively similar network 
connections and we have not seen a significant difference between the major applicants. 
Figure 13 is another portrait of the network. The blue lines and circles show weaker con-
nections; while green lines and circles indicate stronger connections. We highlighted 
Alibaba, Microsoft and IBM, which also have stronger connections in the network.

The right network in the Fig. 13 is the global network of co-applicants with the State 
Grid Corp China as a major applicant with higher degree of interaction inside the net-
work. There is also a sharp difference between the company and the other major appli-
cants in terms of their interaction within the network. Most of the nodes have formed 
small communities, most of which are disconnected from other communities. The left 
network in Fig. 13 represents a network of co-applicants in major jurisdictions with the 
exception of China. This network consisted of 1654 nodes and 848 edges; this shows 
a weak interaction within the network; however, there was no significant difference 
between the major applicants in terms of their interaction. Most of the nodes are discon-
nected from each other, and we observe a few small interconnected communities around 
applicants like IBM, Microsoft and Alibaba.

In our next step, we analyzed the network of co-inventors among Japan, US, Germany, 
European patents, Republic of Korea, WIPO, UK, France and Canada. T This network 
consists of 4073 nodes and 6669 edges (Fig. 14), which shows a relatively strong inter-
action within the network. The average weighted degree of the network is 3.955; and 
the average degree is 3.275. Figure 14 shows the visualization of the network based on 

Fig. 14  Two layouts of the network of co-inventors of the major jurisdictions except China
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two different layouts; which is filtered based on the weighted degree of 18 and 123. This 
analysis shows that Nixon Mark has the highest weighted degree of 123; then Wojszins 
Wilhelm with 76; and Velvins Terrence with 72.

Social network analysis of scientific works cited by patents

In order to conduct a social network analysis of the scholarly works cited by the patents; 
we first conducted an analysis of the co-occurrence of keywords. This network is com-
posed of 118 nodes and 1382 edges (Fig.  15). Our clustering layout was based on the 
modularity algorithm used to detect communities of keywords.

Fig. 15  Network of the co-occurrence of scientific keywords of the scholarly works cited by the patents

Table 3  Clusters of the co-occurrence of keywords of scientific works cited by the patents
Clusters Keywords of the cluster 

Cluster Purple with a 
weighted degree of 49 
(28.26%)

Major histro-compatability complex, induced regulatory T cells, anti- drug antibodies, T Cell 
receptor, antigen-presenting cells, immunogenicity, cell-mediated immunity, sport-forming 
cells, peripheral blood…, unmodified original epitopes, recombinant Fc Fusion protein,
immune epitope database analysis resource, thymus dependent, enzyme linked immunosorbent 
spot-forming, human leukocyte antigen, natural regulatory T cells, adaptive regulatory t cells, 
artificial lymph node, thymus, carboxyl fluorescein succinmidyl ester, quality by design, T cell, 
factor VIII

Cluster Orange with a 
weighted degree of 8 
(9.78%)

Physicochemical property, gene ontology, hydrophobic, sequence alignment, machine learning 
method, amino acid composition profile, protein to protein interaction, hydrophilic, protein 
complex

Cluster light purple 
with the weighted 
degree of 6 ( 7.61)

Quantum modeling, context, concept theory, entanglement, interference, emergence,

Cluster of dark yellow 
with the weighted 
degree of 5 ( 17.39)

Antibody, field-effect transistors, mass spectrometry, label free, cyanobacterium, shotgun 
proteomics, drug tolerance, nanowires, temperature, guanidine, arginine deprivation, 
ultrasensitive, data reduction, sensors, microRNA, surface Plasmon resonance

Cluster red with the 
weighted degree of 4 
(16.3%)

Fault detection, LASSO, scientific workflows, electronic health records, SVM, map reduce, 
prostate cancer, multiple sensors, dynamic contrast enhanced MRI, PCA, data fusion, planetary 
gearboxes, predictive modeling, sun gear, parallel computing

Cluster green with the 
weighted degree of 3 
(17.39%)

Histopathology, classifier, attitude judgment, genome privacy and confidentiality, 
classifications, national surveys, proteins, measurement effects, machine learning, record 
linkage, ethics, privacy law, image registration, quantum theory, family, prostate

Cluster dark green 
with the weighted 
degree of 1 (2.17%)

Microvesicle, circulating 

Cluster light yellow 
with the weighted 
degree of 0 (1.09%)

Non-programmatic 
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Some of the items in each cluster are shown in Table  3. Our clustering layout was 
based on a modularity algorithm used to detect keyword communities.

In this part of the paper, we also analyzed and visualized the network of co-authors 
(Fig. 16), consisting of 2298 nodes and 6363 edges. The average weighted degree of the 
network is 5.812; and average degree of 5.538. This analysis shows that the authors with 
the highest weighted degree are Baris Turkbey and Peter Choyke (42); Peter Pinto (38); 
and Charles Meyer, Brian Ross, Alnawas Rehemtulla, Thomas Chenevert (36). Ismail 
Baris Turkbey is associate research physician at the National Cancer Institute. Peter 
L Choyke is also the program director of the Molecular Imaging Program at the same 
center; Peter Pinto is also the head of the prostate cancer section at the same center. 
Charles R Meyer is a professor emeritus of radiology at the University of Michigan. 
Brian Ross is also from the University of Michigan and his field of study is radiology 
and molecular imaging. Alnawas Rehemtulla is the professor of radiation oncology and 

Fig. 16  Network of co-authors of scientific works cited by the patents

Fig. 17  Network of scientific fields of studies of the scholarly works cited by the patents
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director of molecular imaging division. Thomas Chenevert is also professor of radiology 
and his interest is quantitative MRI in the assessment of treatment response.

Network of field of studies also ended up in 2110 nodes and 20,802 edges (Fig. 17). The 
average weighted degree is 27.041; and the average degree is 19.718. This network shows 
that the various scientific fields of big data have strong connections within the network. 
In Table 4, we have listed some of the fields with the highest weighted degree. Most of 
these fields are linked with computer science and engineering; however, as the table and 
the network shows, scientific fields such as medicine, biology, radiology, pathology, bio-
informatics, physics, chemistry, cancer, chemistry, immunology and molecular biology 
have high interactions inside the network as well. The network of co-occurrence of key-
words also confirmed the influential role of medicine and health in the scientific and 
invention productivity of big data.

Discussion and conclusion
This study incorporated bibliometric and social network analysis methods in order to 
discover the development trends of patenting activity on big data and the linkage of 
patents with the cited scientific literature over time; and also the interaction of agents, 
such as inventors, applicants, and the cited authors inside the social networks. To the 
best of our knowledge, this study is the first scholarly work to present a comprehensive 
and global comparison of the evolution of big data innovation, the link between patents 

Table 4  Some of fields of studies with the highest weighted degree

Field 
of study

Average 
weighted 
degree

Field Average 
weighted 
degree

Field 
of study

Average 
weighted 
degree

Field 
of study

Average 
weighted 
degree

Field 
of study

Average 
weighted 
degree

Computer 
science

3773 Data min-
ing

1642 Database 1288 Artificial 
intelli-
gence

1177 Distrib-
uted 
comput-
ing

887

Real-time 
com-
puting

843 Machine 
learning

732 Math-
ematics

554 Pattern 
recogni-
tion

553 Scalability 526

Architec-
ture

509 Theoretical 
com-
puter 
science

664 Cloud 
comput-
ing

438 Big data 437 Parallel 
comput-
ing

398

Computer 
network

359 Data 
stream 
mining

345 Computer 
vision

310 Engineer-
ing

286 Analytics 283

Data mod-
eling

279 Query 
optimi-
zation

262 SQL 218 Data ware-
house

218 Server 217

Statistics 217 Medicine 215 Biology 212 Cluster 
analysis

209 Data set 201

… … Bioinfor-
matics

150 Pathology 131 Radiology 129 Physics 117

Econo-
metrics

100 Cancer 100 Prostate 
cancer

93 Internet 
privacy

89 Chemistry 81

Molecular 
biology

81 Immunol-
ogy

77 Analytical 
chem-
istry

75 Diffusion 
MRI

39 Biosensor 38
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and the scientific world, and the strength of the connectivity of agents within social 
networks.

This analysis shows that China is at the forefront of filing global applications for pat-
ents on big data technology. US applications came a distant second; and only two US 
companies are on the list of top ten big data patent applicants; and Chinese firms and 
universities took the other eight top ten spots. A Chinese company is at the top of the 
ranking, the applications of which are more than twice the patent applications of IBM, 
which ranks second among the top ten. By January 2019, however, only 5% of patent 
applications in the jurisdiction of China are patented, while 28% of patents filed in the 
United States are patented.

This analysis also shows that the first, second and fifth inventors with the highest 
number of Big Data inventions (respectively 90, 58 and 55 inventions) are all Chinese; it 
shows that Chinese inventors have remained world leaders in the filing of Big Data pat-
ent applications. The inventor holding the third place is Indian with 57 inventions and 
the applicant for all of his inventions is the American Splunk Company. The company is 
ranked among the top ten major data applicants (i.e. the seventh rank). Consequently, 
this analysis shows the dominance of Chinese companies in the filing of patent applica-
tions and the dominance of the US in the granting of patents. This analysis also shows 
that the majority of inventors are not applicants for their inventions; they mainly work 
for large firms.

The analysis of jurisdictions with the highest number of patent applications filed 
also shows that China ranks first with 10,247 patent applications filed under that 
jurisdiction (i.e. 78% of global patent applications). Second, the United States has 
1051 patent applications (i.e. 8% of global applications).

As far as the classification of patents is concerned, this analysis shows that most 
of the patent applications are filed under the IPC classification of G06F17/30, which 
refers to the retrieval of information and the structure of the database. This study 
shows the patent with the earliest priority date was submitted in 1989, with a hike of 
491 patent applications in 2014; making this year as the most prolific year in the filing 
of patent applications on big data.

As far as the citation of scholarly works is concerned, this analysis shows a weak link 
between inventions and scientific works; as only 2.2% of global patent applications 
have cited scientific works. Patents that are filed in the US and Europe justifications 
have the highest linkage with the scholarly works compared to the other jurisdic-
tions (respectively US with 15% citation and Europe jurisdiction with 14% citation to 
scholarly works). With an immense difference in the number of cited scholarly works, 
China cited less than 1% of patent applications. In addition, the highest number of 
citations occurred in 2012. The number of scholarly works cited was halved in 2014, 
which is also the peak of big data patent applications. T As a result, there appears to 
be a strong association between inventions and scholarly works before 2014, which 
has decreased in 2015. Although there is a mandatory rule in all jurisdictions for 
referring to prior art, including scholarly works, in China due to lack of enforcement 
for non-disclosure of information and the practices of the patent office, the number of 
references to scholarly works is very limited.
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This analysis also shows that the State Grid China is very strongly linked to the 
other applicants in the network of co-applicants; whereas IBM, as the second appli-
cant with the highest number of patent applicants, has a weak connection in the 
global network; compared to the State Grid, which is ranked first in terms of pat-
ent applications. This analysis shows that most Chinese applicants and inventors have 
more connections within the network than the American applicants; whereas appli-
cants in the European and WIPO jurisdictions do not have connections within the 
network. In the network of Japan, US, Germany, European patents, Republic of Korea, 
WIPO, UK, France and Canada jurisdictions; however, most applicants have a same 
degree of connection with no huge difference among them. In this network, some 
applicants like Alibaba, Pepco ICT, IBM and Microsoft have formed small communi-
ties while most of the applicants have zero degrees and are disconnected from the 
network. Unlike the network of co-applicants in these specific jurisdictions, the net-
work of co-inventors has strong connection among its applicants. The co-occurrence 
of keywords also shows that the majority of keywords belong to the fields of medicine 
and computer science. Authors with stronger connections within the network of co-
authors are experts in areas such as cancer, radiology and molecular imaging. Scien-
tific fields with stronger connections within the network also fall within the fields of 
computer science and engineering and medicine. As this research shows, one of the 
most promising areas of big data inventions is cancer treatment; suggesting that com-
panies working on other complex diseases can also benefit from big data inventions; 
and shifting their R&D towards the creation of new big data technologies (Fig. 18).

There is a weak linkage between inven�ons and scien�fic works. 

only 2.2% of the global patent applica�ons have cited scien�fic 
works.

Patents that are filed in the US and Europe jus�fica�ons have the 
highest linkage with the scholarly works compared to the other 

jurisdic�ons.

The major cited ins�tu�ons by the global patents are American 
companies and top-ranked American universi�es. 

Scien�fic fields with stronger connec�ons inside the network of co-fields are computer science and medicine.

Most inventors are not applicants of their inven�ons, and Chinese and American companies are the major applicants.

The highest number of granted patents belong to the US jurisidc�on.

A limited number of patents in the China jurisidc�on are granted. 

American applicants are in a second distant place in terms of filing global patents on big data. 

With a rela�vely weak connec�on insidethe  global network of co-applicants and co-inventors 

Most applicants and inventors  of the filed patents are Chinese companies and individuals

With strong connec�on inside the global network of co-applicants and co-inventors 

Most of the filed big data patent aplica�ons are under the IPC category of informa�on retrieval, database structures and file system structures

Fig. 18  A summary of main findings of the research
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Limitations and future research directions

There are some limitations to this study that should be acknowledged. In the first place, 
the data for this research included only patents and scholarly works cited in the patents. 
We did not have access to scholarly works that cited patents. Data on the cited scholarly 
works were also available until 2015; therefore, the link between patents and the cited 
scholarly works could not be measured after 2015. Third, big data has a very complex 
and wide landscape. We measured its innovation evolution in the broad term and did 
not focus on a specific layer of big data, such as analytics, software or hardware. The 
fourth limitation was that we did not measure each jurisdiction’s patenting activities in 
detail; instead, we focused on a global comparison. In the light of the following limita-
tions, future research may reduce the scope of analysis to specific layers of the big data 
landscape or to a specific jurisdiction or company. One of the possible future research 
also could be why China is leading filing big data patent.
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