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ABSTRACT Organizations strive to achieve technological competence in the current era of inevitable
technological progress. One way to measure the adaptability of firms to huge technological shifts is
through various parameters, including patenting activities. This study presents a method for identifying the
significance of firms in an innovation network using patent citation analysis and centrality measures. Specif-
ically, the study employs k-means clustering to classify firms into similar clusters based on network-based
centrality measures such as betweenness, closeness, and eigenvector centrality. The study then develops a
cluster relational network by establishing a cluster adjacency network and identifying firm positions within
and between clusters. By examining the relationship between clusters, the cluster network identifies the
significance of firms. The study identifies four positions, namely, leader, follower, knowledge inertia, and
significantly emerging, that align with the status of firms in patenting innovation capability. The method is
implemented using blockchain technology as a case study. The novelty of the study lies in the structured
approach to identifying firm significance by adding another layer of adjacency network to existing patent
citation analysis techniques.

INDEX TERMS Patent analysis, innovation assessment, k-means clustering, patent centrality analysis, social
network analysis.

I. INTRODUCTION
Innovation and technological competence are indispensable
for a firm to obtain market dominance and operational
excellence. Firms invest more in technological innovation,
research, and development to develop novel consumer solu-
tions and services [1]. A firm’s innovation capability can
be measured through patenting activity. A direct correla-
tion exists [2] between patenting activity and a firm’s per-
formance. Firms can secure and assess their research and
development outcomes through their patent activity. Patent
analysis not only aids organizations in assessing their tech-
nological strategies but also monitors the competitor’s tech-
nological endeavors. Patents represent technological novelty,

The associate editor coordinating the review of this manuscript and

approving it for publication was Wentao Fan .

firm innovation capability, and countries’ innovation devel-
opment index.

Patent data can be analyzed to identify multiple dimen-
sions of an innovation landscape. By utilizing patent analysis,
previous studies have identified trends and trajectories of
evolving and established technologies [3], [4], technology
convergence and divergence, and firm innovation capabili-
ties. Patent citation analysis is employed to assess the knowl-
edge flow [5], [6] and knowledge providers and absorbers
[7] across the technology trajectory. Patent citation analysis
allows for a multi-dimensional examination of the innovation
landscape. The network relationships can be obtained based
on the citation analysis. Citation relationships can be obtained
for the patent documents and associated organizations, tech-
nology domains, and patent families. It is possible to identify
the central nodes, i.e., the actors with a significant place in
the network, through citation relationships.
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Distinctive characteristics of a node’s importance can be
identified by employing different centrality measures defin-
ing distance or inflow-outflow-based dimensions. Centrality
analysis can also identify the correlations across subnetworks
in a network community. Various centrality measures include
degree centrality, betweenness centrality, closeness central-
ity, eigenvector centrality, and PageRank centrality. Previous
studies have employed centrality measures to identify signif-
icant patents in the technology domain, identifying conver-
gence patterns [8], knowledge flow [9], the core-periphery
structure of the network [10], knowledge positions in the
market domain, and so on. The network analysis for patent
positions is often restrictive in identifying firms’ core compe-
tence or position in the market. On the other hand, the tech-
nological network developed via the examination of patents
is not adequate for firms to acquire knowledge regarding
their competitive strategy. Previous researchers have studied
the roles and positions perspective using patent analysis,
specifically, main path analysis. However, limited research
has focused on identifying the prominence of firms in the
technology innovation landscape. Moreover, it is feasible to
identify firms with similar characteristics concerning patent
innovations and their citation relationships. The study conse-
quently tries to address the following research questions:
RQ1: Do firms that belong to a particular innovation cluster

have unique features that influence the whole patent innova-
tion landscape of a technology domain?
RQ2: What relationship do firms have among and across

the innovation clusters in the different positions?
This study addresses the research questions by proposing a

method for identifying the significance of firms’ innovations
and their respective positions in the citation network. The
method extends from previous research by utilizing clus-
ter analysis based on centrality measures of firm citations.
In addition, the study adds another dimension to the citation
network analysis by proposing a cluster adjacency network
for firms’ innovation and developing significance indicators
for firms’ innovation based on cluster citations.

The paper is further classified into five sections. The
following section discusses the background studies for the
method adopted, followed by the research methodology in
section three. Results are described in section four, and the
study is concluded in section five.

II. RELATED WORK
Patents, in general, are the primary source of invention and
technology evidence. However, when patents cite each other,
the citations form a hierarchy across that invention path.
Patents and their citations become a significant factor in the
technology innovation network and their relevance in the
ecosystem as a whole [11]. When a patent cites a previous
patent(s), it is called a backward citation, andwhen that patent
is cited by future patent(s), those citations are called forward
citations.More backward citations indicate the dependence of
an invention on previous technologies/knowledge, and more
forward citations indicate the impact of the invention on

TABLE 1. Research gap and novelty.

its successors [12]. Inventors typically file patent applica-
tions, often associated with assignees such as firms, orga-
nizations, and institutions. Previous studies have examined
various aspects of knowledge flow in research and develop-
ment, including technology knowledge flow across different
organizations, innovation parameters across organizations,
highly central organizations in the innovation landscape, and
more [13], [14], [15], [16], [17], [18] by analyzing the patent
data and citations. Organizations are investing more in their
research and development [19], and the output is seen through
their patenting activities and the commercial product or ser-
vice thus produced. Organizations aim to identify promising
technologies and their future to create technological strate-
gies [20]. Building successful technological capabilities to
have a niche in the market has been gripped by incumbents
and startups [21]. Previous research [22], [23] has shown
that most citations flow between a few firms in the network,
and these significant firms are likely to drive activity in the
market. The previous research formulated the multivariate
analysis model to develop the organization innovation rela-
tionship, briefed in Table 1.

Previous studies have used all centrality measures to iden-
tify their effect on each other. Furthermore, the centrality
measures are either degree-based or path based. Degree-based
centrality measures focus on node significance in the whole
network; however, path-based centrality measures signify the
influence of associated nodes and the sub-network. This study
focused on path-based centrality measures to identify the firm
network significance. Additionally, previous studies utilized
the patent affiliation and firm citation relationships to obtain
the technology knowledge status and redundancy across the
network. The affiliation matrix is created with additional val-
ues of firm relationships. Therefore, this study leverages the
patent affiliation to create the firm adjacency matrix, which
is further utilized to obtain the firm clusters and innovation
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FIGURE 1. Research process.

significance analysis. There has been a lack of research uti-
lizing the method employed in this study. Previous research
has focused on patent or firm citations and has progressed
to perform trajectory analysis for technology evolution. Cen-
trality measures have been employed to obtain important
patents or significant firms in the trajectory. However, this
study performs clustering based on centrality measures and
identifies groups of firms with similar characteristics and
their influence across the innovation network.

III. RESEARCH PROCESS
The research process is apportioned into three phases; the
first phase includes data collection from the Webpat database
usingMTrends software. The data is extracted for US patents,
followed by a simple family merge to avoid duplicity of the
data. The second phase involves data pre-processing, where
this study develops a firm citation dataset, also known as
firm adjacency matrix. Furthermore, centrality measures are
obtained for the extracted citation dataset. Finally, innovation
analysis is performed in phase 3, where k-means clustering is
applied to classify firms into similar clusters. A cluster adja-
cency matrix is created to find firm innovation significance.
The research process is shown in Fig. 1, and the process is
detailed further in this section.

A. DATA COLLECTION
1) PATENT DATA RETRIEVAL
The data is retrieved from the Webpat database using
MTrends patent analysis software based on keywords and
the selected technology’s International Patent Classification
(IPC) codes. The keywords and IPC codes are extracted
based on previous studies [26], [27], [28], [29] and patent
reports. Previous studies have used single keywords, such as
Blockchain [26], for identifying the trends; however, if we
must look past and find the technology’s path dependency,
we must also understand the underlying technology terms.
The description of retrieved data is shown in Table 2. The data
retrieved includes details such as Patent number, application
date, publication date, assignee, citations, assignee country.

2) SIMPLE PATENT FAMILY MERGE
This study, after receiving the entire patent dataset, uses
simple patent family merge to eliminate duplicate entries
under different filings for the same innovation. Simple patent
families are groups of patent documents that typically refer
to the same invention [30], [31]. The technical content of
such patents is generally identical because same inventors

TABLE 2. Data description.

FIGURE 2. A simple patent family structure.

file multiple region/office applications for patents worldwide
to secure their invention. The patent documents in a patent
family usually have the same priority patent. In these appli-
cations, the original application is typically referred to as the
priority application in the patent family. The simple patent
family structure, depicted in Fig. 2, indicates that a priority
patent A is followed by subsequent descendant patents B, C,
and D.

Patents obtained after the simple family merge are used for
the further analysis.

B. DATA PRE-PROCESSING
1) FIRM ADJACENCY NETWORK
A particular patent entry obtained has an assignee entity
associated with it. Assignee is the term given to firms or
institutions filing patents. The premise is that each patent is
assigned one assignee, whereas one assignee may have more
than one patent affiliated with it. Patent citation relationship
can be further leveraged to obtain firm citation relationship
since each firm has at least one patent affiliated to it in the
dataset. It is also possible to affiliate the firm citations from
patent citation data, i.e., when one patent cites another patent,
it also indicates the citation flow across the firms. If C denotes
the firm adjacency matrix and that each cell in the matrix at
the position, i-th row and j-th column, is denoted by fi,j, for
all 1 ≤ i, j ≤ m, then the notation of firm adjacency matrix is
denoted in Eq. 1.

C := (f i,j)m×m

{where

fi,j =

∑
Pi,j

Pi,j = 1, if patent(s)affiliatedwithfirmicite

patent(s)affiliatedwithfirmj,
else Pi,j = 0;
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i, j ≤ m,misthetotalnumberof distinctfirms

withcitationrelationship

} (1)

For example,

C =


f1,1 f1,2 . . . f1,m
f2,1 f2,2 . . . f2,m
. . . . . . . . . . . .

fm,1 fm,2 . . . fm,m

 .

The rows in the matrix indicate the firms citing the patents
from firms in the columns, i.e., f1,2 indicates the total number
of citations from patents affiliated with Firm 1 citing patent(s)
affiliated with Firm 2. for instance, if Firm 1 has one patent,
which cites two patents from Firm 2, then f1,2 = 2. the
citation relationship across the firms can establish the focal
firms based on the adjacency network.

2) CALCULATE CENTRALITY MEASURES
The effective evolution of any technology results from rad-
ical innovations cumulatively coming together one after
another [32], which becomes significant enough in establish-
ing a particular technology. Technological evolution can be
measured in the context of technological trajectories, which
may or may not be linear. Centrality analysis is considered
an essential method in social network analysis, representing
the significance of a node in a trajectory. Depending on the
application and viewpoint, what counts as central or signif-
icant may differ in context. Consequently, there are various
ways to identify centralities in different contexts. This study
considers three types of centralities: betweenness centrality,
closeness centrality, and eigenvector centrality. One or more
of these measures can be analyzed in network analysis to gain
a better perspective on the network.

3) BETWEENNESS CENTRALITY
The number of times a node is on the shortest path between
other nodes is measured by betweenness centrality. This
metric identifies which nodes in a network act as bridges
between other nodes. Betweenness can be used to examine
communication dynamics. A high betweenness count could
indicate that nodes in a network have authority over different
clusters [33] or are on both clusters’ peripheries. The like-
lihood that a node must mediate a link between two other
nodes that are not directly involved is referred as the degree of
betweenness. The formula to calculate betweenness centrality
for a node is shown in Eq. 2.

Cbw (x) = (
∑n

i̸=x ̸=j

σx (i, j)
σ (i, j)

)×
(n−1)(n−2)

2
(2)

where, σx (i, j) is the shortest path between nodes i and j that
pass-through node x, and σ (i, j) indicates all the shortest paths
between nodes i and j. Thus, betweenness centrality of node
x can be described as the ratio of the shortest paths that go
through node x by all the shortest paths between every two
nodes i and j. Further the value is normalized with number

of node pairs (excluding the current node). Betweenness cen-
trality indicates the probability of the passing of information
from node i to j will go through x. Entities or nodes having
high betweenness centrality are considered significant con-
trollers of power of information in the network. For instance,
if there were five shortest paths between a pair of nodes, and
three of them went through node k , then the fraction of the
node k would be 3

/
5 = 0.6. The process is repeated for every

pair of nodes in the network. The fractions are thus added up
to obtain the betweenness centrality for the node.

4) CLOSENESS CENTRALITY
Closeness centrality is the measure that scores each node
based on its closeness to all other nodes in the network.
It stands for the convenience and ease of connections between
the focused node and the rest of the nodes in the network [22].
Closeness centrality is determined by calculating the average
inverse distance (distance) between a node and every other
node in a network. Consequently, it has been commonly
operationalized as a measure of reachability and proximity
to other collaborators (nodes in a network) and attributed to
facilitating ease of access and interactions with others, imme-
diacy in acquiring information [34], degree of dependence of
the learner on others, the potential for control over sharing of
resources and communication in a network, and awareness of
opportunities. The formula to calculate closeness centrality
for a node is shown in Eq. 3.

Ccl (x) =
n∑n

j=1 ρ (x, j)
(3)

where, ρ (x, j) is the distance between nodes x and j, and n is
the total number of nodes in network. The closeness centrality
measure of x is the ratio of network size and the summation
of the distance of x with every other node.

5) EIGENVECTOR CENTRALITY
Eigenvector centrality measures a node’s importance based
on the total centralities of its neighbors [6]. Eigenvector
centrality has been utilized to measure social capital, ego
network strength, and robust network connections. The fun-
damental premise is that links from important nodes are
valued more than unimportant ones [35] and will have higher
eigenvector scores. Initially, all nodes are treated equally, but
nodes with more edges acquire prominence as the calculation
advances. Their significance spreads to the nodes with which
they are connected. The equation for eigenvector centrality
is shown in Eq. 4, where λ is an eigenvalue of the adjacency
matrix.

Cegn (x) =

(
1
λ

)
×(

∑n

i̸=j
P (i, j) x) (4)

A simple example is illustrated for the three central-
ity measures in Table 3 for a network shown in Fig. 3.
to calculate betweenness centrality of each node (vertex)
of the network, based on Eq. 2, there is only one path
between any pair of nodes. for calculation we need to
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TABLE 3. Centrality measure example.

FIGURE 3. An example network to explain centrality measures.

consider all pairs of nodes from {2, 3, 4, 5}, which is 6
{(2, 3), (2, 4), (2, 5), (3, 4), (3, 5), (4, 5)}. furthermore, only
one path exists between each pair that passes through
node 1. Thus, the betweenness centrality for node 1 is
(
∑n

i̸=x ̸=j

∑
x (i,j)∑
(i,j) )×

(n−1)(n−2)
2 =

(
1
6

)
×

(5−1)(5−2)
2 = 1, and

for other nodes no paths pass through the nodes, therefore the
betweenness for other nodes is 0. to calculate the closeness
centrality, the distance of node 1 from every other node is 1,
therefore the closeness centrality for node 1 is 5

4= 1.25.
Further, for every other node, the distance of nodes from
every other node is 7, therefore the closeness centrality is
5
7 = 0.714. Eigenvector centrality considers more steps for
the calculation. First, each node’s centrality is proportional
to the centrality values of its neighbors. the centrality value
sum is the most elementary function. A scaling factor λ is
employed to permit more generalized solutions. Therefore,
if x is the vector for each node, and a is the adjacency network
for the graph, then x =

(
1
λ

)
(Ax). for the adjacency matrix of

the graph, the equation becomes: λx = Ax. therefore, for the
example, the Eq. 4 becomes, λ4 − 3λ2 = 0, and eigenvalues
become, −

√
3, 0, 0, and

√
3. therefore, computing the eigen-

vector centrality based on Eq. 4 is given in Table 3. centrality
for the source (beginning) and sink (end) nodes will be similar
since they won’t have incoming or outgoing links from the
nodes.

C. INNOVATION ANALYSIS
To identify the innovation significance and positions of the
firms in the patent dataset, this study first utilizes k-means
clustering method to classify the dataset into similar clusters
based on the centrality measures identified in the previous
step. Further cluster adjacency network is developed to cal-
culate the technology knowledge flow between the firms in
identified innovation clusters to finally obtain the innovation
significance and position of the firms.

1) K-MEANS CLUSTERING
K-means clustering is a data mining method employed to
identify a group of objects in a dataset with similar prop-
erties [36]. The clusters are identified after calculating the
similarities (the distance between objects in each cluster to
the centroid), where each centroid has an average cluster
value. Higher similarity indicates closer distance and vice
versa. The euclidean distance calculation is shown in Eq. 5.

µ
(
xj, cj

)
=

√∑n

j=1
(xj − cj)2 (5)

K-means clustering process first defines the cluster num-
bers, k , from the dataset. Secondly, k points are chosen from
the dataset as centroid and set the identified datapoints to the
nearest cluster centroid and then calculate the centroid again
for the new formed clusters. The steps are repeated unless the
centroid remains unchanged. The cluster validation process
to identify the number of appropriate clusters is applied on
the dataset [37]. The average distance to the centroid is
then plotted to determine the k , the method is called elbow
method, where the value of k is chosen after which the sum of
the squared distance, within cluster sum of squares (WCSS)
between each data point of the cluster and its centroid seems
to be decreasing.

Previous research [1] has used k-means clustering to group
similar data points, particularly in unsupervised datasets.
K-means is an appropriate choice when the study aims to
explore patterns in a dataset or identify groups of simi-
lar observations. Patent-based research has utilized k-means
clustering to identify similar groups of patents and patent
portfolios [2]. This study builds on previous research by
employing k-means clustering to identify similar firm innova-
tion characteristics in the patent landscape based on centrality
measures. Since centrality measures are path-based charac-
teristics of the network, grouping nodes or entities in the
network with similar characteristics is possible. A citation-
based analysis is limited to identifying the main technology
path, while clustering can indicate the significance and rela-
tionships among entities within the citation networks.

2) CLUSTER ADJACENCY MATRIX
The firm cluster adjacency matrix is developed based on
the clusters obtained after applying k-means algorithm in
the previous step. The cluster adjacency matrix indicates the
citation relationship between the corresponding firms. If total
clusters obtained after k-means isN , and Cadj indicatesN×N
square cluster adjacency matrix, then each element in the
matrix at the position, i-th row and j-th column, is denoted by
ci,j, which indicates the total number of citations from firms
in cluster i to firms in cluster j. The citations of firms are
obtained from firm adjacencymatrix formulated in Eq. 1. The
cluster adjacency matrix equation is shown mathematically
in Eq. 6, and Table 4, where the firm citation relationship
between each cluster is signified.

Cadj := (ci,j)N×N
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TABLE 4. Cluster adjacency network.

where, ci,j =

∑
i,j≤N

(f i,j)

N = total number of distinct clusters (6)

The cell value c1,2 in table 4 indicates the total number
of citations from firms belonging to cluster 1 to the firms
belonging to cluster 2.

3) FIRM INNOVATION SIGNIFICANCE NETWORK
Previous studies have utilized technology role and position
analysis using frequencies between and within innovation
clusters and analyzing technology knowledge status and tech-
nology knowledge redundancy based on the patent and firm
affiliation network [25], [26]. This study leverages the firm
citation relationship to identify the significant firm clusters
based on centrality measures. The resulting firm innovation
significance network is developed from the cluster adjacency
matrix. First, a knowledge flow network utilizing the cluster
adjacency matrix is developed. If, S indicates the knowledge
flow matrix, where each cell in i-th row and j-th column is
represented by ti,j, where diagonal values are represented by
knowledge flow within the same clusters, i.e., where i = j,
and knowledge flow between the different clusters is repre-
sented by the rest of the values, the matrix equation is shown
in Eq. 7, where N is the total number of clusters, and k
represents the total number of firms in each cluster.

S :=
(
ti,j

)
N×N =


N∑

i,j=1

Cadj(i,j)
ki×(ki−1) , if i = j

N∑
i,j=1

Cadj(i,j)
ki×kj

, if i ̸= j

 (7)

The knowledge flow within firm clusters, in Eq.7, for
example when i = j, is calculated by the ratio of the number
of citations between firms in the same cluster by the nor-
malized total number of firms in the corresponding cluster.
While the knowledge status between different firm clusters,
is calculated by the ratio of the total number of citations from
firms in cluster i to cluster j by the product of total number of
firms in cluster i and cluster j.

I :=

{
1, if S(i, j) ≥ τ,

0, if S(i, j) < τ.

where, τ = C and i, j ≤ N (8)

Once the knowledge flow network in Eq. 7 is obtained
from the cluster adjacency network, the knowledge flow

matrix, S, is converted into the innovation significance
matrix, I, by setting a threshold value, τ , equal to the
average of the total citation counts of the firms from the
firm adjacent matrix. The values in the knowledge flow
network less than the threshold are replaced with 0 and
those equal or greater than threshold are replaced with 1,
revealing the final firm innovation significance relationship
network.

IV. EMPIRICAL ANALYSIS: CASE OF BLOCKCHAIN
TECHNOLOGY
A. DATA COLLECTION
This research selected blockchain technology as the case
for empirical analysis of the proposed scheme. The main
reason to select blockchain technology for the case is that
this technology has been termed the most disruptive technol-
ogy of the decade. Incumbents and new-entrant firms have
recently started investing in the research and development of
products, services, and novel processes using this technology.
Therefore, the proposed method fits the assessment of this
technology to understand the significance and positions of
the firms investing and innovating in blockchain technol-
ogy. Few studies have focused on the patent-based analysis
of blockchain technology. The US patents for blockchain
technology are retrieved from the MTrends database. The
patents are searched based on the search strategy. Literature
and patent reports were consulted to formulate the appro-
priate terminology. Previous studies have used keywords
like Blockchain [26] to identify trends. The bibliometric
analysis literature [27], [28], [29] provides keyword networks
for the technology or domain that can be used best for the
proper search strategy. Furthermore, this study used the IPC
codes (IPCs) to limit the patents to a specific technology
domain. IPCs are an ordered representation of interconnected
technology categories. Previous research [39] identified key
IPC codes for blockchain technology, including H04L (trans-
mission of digital information), G06F (electric digital data
processing), G09C (ciphering or deciphering apparatus for
cryptographic or other purposes requiring secrecy), H04N
(pictorial communication), and G06Q. (data processing sys-
tems or methods specially adapted for administrative, com-
mercial, financial, managerial, supervisory, or forecasting
purposes). Table 7 shows the technical nomenclature for
the BLT, where the study divides the base technology, i.e.,
blockchain, into sub-technological fields, followed by IPC
codes.

The base technology was categorized further into sub-
technological fields (Table 5 ), and the fields were used to
search subject terms across the database’s title, abstract, and
claims. The initial patents obtained were 10,919. However,
the results obtained were sorted using the simple patent
family merge function to avoid data duplication. The study
obtained the resulting 6,206 patents after merging the results
based on the simple patent family. Sample data is shown in
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TABLE 5. Search strategy & data collection.

TABLE 6. Sample data.

table 6. The firm name coding and details are provided in
APPENDIX A.

B. DATA PRE-PROCESSING
1) FIRM ADJACENCY NETWORK
The firm data is obtained for creating the firm citation matrix,
where the minimum total citation for a firm is limited to
2 to have at least a link of two nodes within a network. The
network is obtained after the patent affiliation and patent
adjacency network. The firm adjacency matrix for 47 firms

TABLE 7. Firm citation matrix sample for five firms.

FIGURE 4. Correlation matrix for centrality measures.

associated with the 6,206 patents is developed. The firm
citations obtained are 2,046 for 47 firms after eliminating
the citations of less than two from the preliminary network.
The resulting firm adjacency network is used to obtain the
centrality measures of the firms in the network. A sample
network of the top five firms is shown in Table 7.

2) CENTRALITY MEASURES
the centrality measures chosen in this study are between-
ness, closeness, and eigenvector centrality. the reason for
choosing these three centralities for the cluster analysis is
that these centrality measures are network-based (path based)
and highlight the node’s importance across the network
and sub-networks. The centrality measures of the 46 firms
used as input for the clustering algorithm are provided in
APPENDIX B. The centrality measures were obtained using
the python networkx package. The correlation between the
different centrality measures is consistent compared to other
centralities. the correlation between the centralities is shown
in Fig. 4. The correlation matrix shows the higher correla-
tion between eigenvector and closeness centrality, i.e., 0.98.
In contrast, betweenness has an equal correlation with both
eigenvector and closeness centrality, i.e., 0.68. This indicates
that the firms with higher closeness centrality have higher
eigenvector centrality as well.

C. INNOVATION ANALYSIS
1) K-MEANS CLUSTERING
The elbow method is applied to identify the optimal
number of clusters (k) for the classification. The study
employed a python scikit-learn package to perform the
k-means clustering algorithm. First, the study identifies the
within cluster sum of squares (WCSS) for the different num-
bers of clusters. From the relation between WCSS and the
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FIGURE 5. Choosing the number of k (elbow method).

FIGURE 6. K-means clustering result.

number of clusters, we can identify the optimal number of
clusters where the WCSS starts to drop, shown in Fig. 5.
Finally, the elbow method indicates the optimal number of
clusters to be four for this study. Finally, k-means clustering
is applied based on the two highly correlated components,
closeness, and eigenvector centrality. The visualization of
item points in the cluster is shown in Fig. 6.
The clusters are summarized in table 8. where cluster one

consists of 39% of the firms, cluster two consists of 35% of
the firms, cluster three consists of 7% and cluster four consists
of 20% of the total 46 firms. Once the clusters are obtained,
the study develops the cluster citation network. The cluster
adjacency network is shown in Table 9, where we can identify
the highly cited cluster and the least cited cluster, as well
as the highly citing and least citing clusters. Cluster two is
the highly cited as well as highly citing cluster, which means
the firms in cluster two have the highest citation correlation
across them. moreover, least cited cluster is cluster one and
least citing cluster is cluster four.

To obtain the final significance and position network rela-
tionship, we first identify the technology knowledge sta-

TABLE 8. Firm clusters.

TABLE 9. Cluster adjacency network.

tus within and between the clusters using the calculations
explained in Eq. 7.
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TABLE 10. Knowledge flow network.

TABLE 11. Firm innovation significance and positions network.

FIGURE 7. Firm innovation significance and positions.

2) IDENTIFYING INNOVATION SIGNIFICANCE
To determine the relevance of the firm citation link strength
between innovation clusters, we calculate the average of firm
citation network, i.e., τ = 0.20. as shown in Table 10, firm
citation strength less than 0.20 implies that the citation link
between clusters is not significant.

Table 11 displays the resulting technological inter- and
intra-cluster connections that are used to construct a network
of innovation significance and positions. The four clusters are
therefore mapped based on the network, and their respective
significance and positions are determined. After evaluating
the significance and positions of firms in different groups,
the distinct categories are depicted in Fig. 7.

The firm description for each cluster related to the country,
patent count and citation count is provided in APPENDIX C.
the firm innovation significance and positions identified are
described further.

a: POSITION 1: KNOWLEDGE INERTIA
The firms in the position of knowledge inertia, can be con-
sidered as the firms that are innovating within their own

FIGURE 8. Patent and citation count for cluster 1.

FIGURE 9. Patent and citation count for cluster 2.

bubble, but also creating important enough knowledge to be
flowing to and from the firms in the role of leader itself. The
innovations from firms in this role are mostly incumbents
scaling up to innovate in the breakthrough technology and
in the process gaining the technological knowledge from the
leader firms.

The number of patents and their citations have an increas-
ing relationship in this cluster, as shown in Fig. 8. although
the frequency of patent innovation is not higher, but higher
citation count indicates the growing impact of the innovations
from the firms in this cluster.

b: POSITION 2: SIGNIFICANTLY EMERGING
The firms in the position of significantly emerging can be
considered as prolific innovators in the technology domain.
The firms not only follow the knowledge path of their inno-
vation output but are also emerging on the innovation output
of firms in other positions. The firms in this cluster are tech-
nological incumbents innovating significantly in the select
technology domain, and therefore significantly emerging on
the knowledge flow path.

The patent and citation count for the firms in cluster 2 is
shown in Fig. 9.

c: POSITION 3: LEADER
The firms in leader position have the highest technology
knowledge flow within and between the technological inno-
vation domains. The firms in this role, are themost exhaustive
innovators in the technology domain, where all other posi-
tions follow the innovation output from the firms in this role.
The firms in this role are the pioneer incumbents or the first
movers in the disruptive marketplace.
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FIGURE 10. Patent and citation count for cluster 3.

FIGURE 11. Patent and citation count for cluster 4.

The firms in this cluster have higher number of patents and
higher citation count as well, shown in Fig. 10

d: POSITION 4: FOLLOWER
The firms in the follower position are considered to fol-
low the technological flow of firms in the other positions,
however, they act as the absorbers of knowledge rather than
producers. This cluster also has the lowest cluster citation
and cited score in the cluster adjacency matrix, indicating
their lower contribution to the knowledge flow path of the
network.

Firms in this position have comparatively a lesser number
of patents and citations than the rest of the positions, as shown
in Fig. 11.

V. CONCLUSION, LIMITATIONS, AND FUTURE SCOPE
The study developed a structural method to identify firms’
technology knowledge significance and positions in a patent
innovation network. The study used the case of blockchain
technology to assess the effectiveness of the proposed
method. The proposed method employed patent and firm
affiliation relationships to obtain firm citation network and
calculate centrality measures for the firms in the network.
Furthermore, k-means clustering is used to categorize firms
based on centrality measures. The study utilized a cluster
adjacency matrix to develop the technology knowledge flow
network, which was then utilized to create the innovation
significance network. This approach builds upon previous
research, such as the method proposed by [23] for identifying
positions and roles in patent litigation networks using mul-
tivariate analysis of variances (manova), as well as the tech-
nology knowledge status and redundancy methods developed
by [25] for identifying firm roles and positions. However, this

TABLE 12. Firm Coding.
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TABLE 12. (Continued.) Firm Coding.

study extends the methodology by incorporating a k-means
unsupervised clustering algorithm and integrating the tech-
nology knowledge flowwith firm cluster networks to identify
firm significance and positions. The resulting analysis cate-
gorized firms into four clusters based on their position and
roles. By formulating clear research questions and leverag-
ing these methods and results, this study provides valuable
insights into the technological innovation landscape.
RQ1: Do firms that belong in a particular innovation

cluster have unique features that influence the whole patent
innovation landscape?

Each innovation cluster obtained after the analysis has
unique features, and the significance is based on those fea-
tures. Firms belonging to the leader innovation cluster have
the higher influence in the innovation network. Based on

TABLE 13. Firm centrality measures.
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TABLE 13. (Continued.) Firm centrality measures.

the technology knowledge flow within (1.65) and between
(0.61 for C1, 0.90 for C2, and 0.22 for C4) the firm clusters,
the higher technology status within clusters indicates higher
patent innovations across leader position. Firms in this cluster
were identified as ANT, IBM, and BOA. IBM has been at
the top in terms of patenting activities in advanced technolo-
gies. Furthermore, in the analyzed data IBM has the highest
number of patents, i.e., 370, ANT with 193 patents and BOA
with 85 patents. The leader firms also dominate the citation
count in the dataset. Furthermore, the firms in leader position
have citation links with all other firms in different positions
in the network, indicating the higher influence. Moreover, the
innovation clusters in significantly emerging and knowledge
inertia position highlight the adaptability of the incumbents
and traditional firms to respond to the disruptions in the
marketplace.
RQ2: What relationship do firms have among and across

the innovation clusters in the different positions?
Although different innovation clusters have different posi-

tions and influence across the network. However, the influ-
ence is developed based on the inter-connectedness across
the network. Looking at the firm innovation significance and
positions network in Table 10, innovation position two has
the higher interconnectedness among its own firms, i.e., the
significantly emerging firms have higher activity compared
to firms in other positions. Furthermore, the firms in position
three and position four are also more connected with firms
in cluster two in their knowledge flow path. The intercon-
nectedness of the innovation clusters allows researchers to
understand the knowledge flow of the technological innova-
tion further in the patent landscape. Firms in the position of
leader (C3), follower (C4) and significantly emerging (C2) are
more closely connected in the technology innovation path.
Firms in cluster two follow firms in leader position more
than the other positions since the knowledge flow between
these two positions is 0.63 (C2 to C3,) and 0.90 (C3 to C2).
This indicates that even though the network is influenced by
position three, leader, however, the firms in this position have
their knowledge dependency tiedwith position twofirms. The
firms in position one, i.e., knowledge inertia have high corre-

TABLE 14. Firm description.
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TABLE 14. (Continued.) Firm description.

lation with firms in leader position, i.e., the knowledge flow
from position one to position three is 0.61 and 0.31 for vice-
versa, which further indicates the dependency of innovation
from each cluster. This research established the method to
identify the significance across the positions in the knowledge
flow network.

Patent analysis provides valuable insights into technol-
ogy’s past, present, and future. By analyzing patent data,
decision-makers and researchers can better understand the
technological landscape. Firms tend to secure their inven-
tions through patents before publishing their outcomes in
the public domain. Timely analysis of patent outputs can
provide competitors with information to devise their techno-
logical and market strategies based on the results. Therefore,
by utilizing citation analysis to identify clusters of firms, the
study can identify the technology roles and firm positions,
distinguishing first movers from followers. For example, the
study’s results identify ANT, IBM, and BOA as leaders in
Blockchain technology, with high patent activity in general.
In contrast, firms such as alibaba, hp, and dell are identified as
followers, despite being incumbents. Understanding a firm’s
position in the innovation domain and their patent strategies
is crucial for forecasting competitor patent activities, as a
firmmay have various patents related to different components
when developing a product.

The study makes a significant contribution to the field of
patent analysis by proposing a novel method for identifying
the significance and positions of firms in the patent innova-
tion landscape. The uniqueness of this study lies in the struc-
tural model used to analyze firm significance.While previous
studies have explored various dimensions of the technology
innovation landscape, such as patent citations, patent and
firm affiliations, and firm citations, this study adds a new
dimension of cluster adjacency networks to identify similar
characteristics in the innovation landscape. This study iden-
tifies firm significance and positions by combining citation
analysis, centrality measure analysis, and k-means clustering.
In social network analysis, it is crucial to understand the status
of different entities and their relationships with other entities
in the network. The results of this method can be helpful to

decision-makers in identifying their technological strategies
by identifying the positions of firms innovating in the selected
domain. This can help evaluate the strategic position where an
organizationwants to prioritize technological innovation. The
positions are identified based on inter- and intra-relationship
across the firm clusters, providing additional insights into
firm innovation beyond solely utilizing a citation analysis net-
work. The study, however, has its limitations too, for example,
it utilizes centrality-based clustering followed by adjacency
relationships between the firms to identify positions. Further-
more, the choice of the dataset is limited to US patents for
the sake of data completeness. Future research can employ
different methods apart from centrality measures to identify
novel firm characteristics and relationships using different
country office patent datasets or technology.

APPENDIX A
See Table 12.

APPENDIX B
See Table 13.

APPENDIX C
See Table 14.
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