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ABSTRACT Business method (BM) has been recognized as a key factor for business innovation. BM patents
are widely used to analyze and understand BM domains. However, previous studies have not considered the
significant characteristics of the BM domain and patents, such as relative weight for knowledge flows and
various knowledge interrelations among sub-domains. This study employed a hierarchical main path analysis
that considered the relative difference in knowledge inheritances and identified the knowledge structure in
the BM domain. In addition, the knowledge unconventionality metric was adopted to optimize knowledge
diffusion in the last layer for forecasting further developmental directions. The empirical analysis showed that
the BM domain consists of eight sub-domains, and each sub-domain has a high interrelationship with other
sub-domains. Most dominant knowledge was invented based on different types of knowledge in different
sub-domains. In particular, the overall trajectories and future directions were analyzed according to the
changes in relative importance of sub-domains. The dominant patents, trajectories, and future directions
for each sub-domain were analyzed based on the high knowledge persistence and end-node information of
the main paths.

INDEX TERMS Business method, business model, hierarchical main path, knowledge inheritance, knowl-
edge structure, knowledge trajectories, patent citation network.

I. INTRODUCTION
Information and communication technology (ICT) is one of
the most significant drivers for change and evolution in the
business environment [1], [2], [3], [4], [5]. The emergence of
ICT-based business methods (BMs) has enabled new types of
businesses and business models [6], [7], for example, Airbnb.
Airbnb, one of the largest companies in the hotel and hospi-
tality sector, offers accommodations to travelers. However,
this company does not own any lodging properties but only
operates an online rental platform. Airbnb’s business model is
completely different from traditional business models in the
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hotel sector, and ICT, as an enabler for business communi-
cation, processing, and transactions, makes this possible [4],
[8], [9], [10], [11].As ICT has become an essential compo-
nent for BMs, BMs have been considered patentable subject
matter since 1998 [12], [13], [14], [15], [16] and widely
applied to various industries, including service sectors such as
finance, retailing, and entertainment [17]. In fact, many sig-
nificant Internet business operations, such as online auctions
(e.g., Priceline.com), online one-click ordering (e.g., Ama-
zon.com), and online shopping carts (e.g., Open Market), are
also covered by specific BMs.

BM patents - software-based commercial techniques
for conducting business using computers, the Internet,
mobile devices, and so on [18] - have been used as useful
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data to analyze and understand business model innova-
tions and evolutions [19], [20]. Unlike other technology
domains (TDs), BM patents have different characteristics
that need to be carefully considered. First, BM patents
generally inherit a great volume of knowledge for later
development [8], [16], [21], [22]. Therefore, equal weighting
for every knowledge flow can cause inappropriate iden-
tification of major knowledge streams, necessitating the
need to calculate the relative inheritance weight of knowl-
edge flows. Second, the knowledge interrelationships among
the sub-domains within the BM domain are much higher
than those of other TDs [23]. Each BM patent concerns a
software-based method or process for a specific function.
Even a single business or service operation requires mul-
tiple sub-functions. Software-based methods can easily be
applied to other applications for various purposes. Therefore,
sub-domains within the BM domain are highly interrelated,
and considerable knowledge is transferred across the sub-
domains [23], [24]. Because knowledge recombination is the
fundamental mechanism for new knowledge creation [25],
[26], [27], [28], [29], [30], [31], [32], knowledge flows among
different sub-domains are often key clues to understand-
ing further developments and should be carefully analyzed.
In particular, the BM domain has various complex knowl-
edge flows across sub-domains; thus, hierarchical knowledge
structuring (or knowledge decomposition) is essential for
investigating BM patents.

Some studies have analyzed knowledge flows, diffu-
sions, or trends in the BM domain using BM patents.
Chang et al. [33] analyzed BM patents to identify basic
patents and explain knowledge diffusion situations in the BM
domain. No et al. [16] suggested a framework for investigat-
ing knowledge flows in BM patents using patent citations
and textual information. Lee and Sohn [3] analyzed emerging
trends in financial BM patents using a topic-modeling tech-
nique. However, most studies did not consider the knowledge
structure under the BM domain to understand knowledge
combinations/diffusions among sub-domains and the rel-
ative difference in knowledge inheritance. Therefore, this
study employed the hierarchical main path approach [24]
to objectively understand the underlying knowledge struc-
ture, dynamic developmental flows, and future directions
in the BM domain. The hierarchical main path approach
automatically decomposes a TD into an optimized number
of sub-domains and generates technological trajectories from
the overall TD perspective and each sub-domain perspec-
tive simultaneously. In addition, the hierarchical main path
analysis is based on the concept of knowledge persistence –
the metric to measure how much knowledge of a patent is
retained and its technological contributions to recent devel-
opment and inventions – and forward-backward path analysis
for minimizing searching paths [34]. Thus, the method can
consider different weights for each knowledge flow and show
the knowledge interrelations among sub-domains with mini-
mized network complexity [24]. In particular, this study used

the knowledge unconventionality (KU) metric [35] to mini-
mize knowledge diffusions usually occurring in the last layer
of the generated hierarchical main paths and to characterize
future developmental directions.

The remainder of this paper is organized as follows.
Section II reviews the background knowledge for this
research. Section III describes the method, Section IV
describes the results and implications of the empirical analy-
sis, and finally, Section V concludes the paper.

II. THEORETICAL BACKGROUND
A. BUSINESS METHOD PATENTS
The business model is the design of the organizational struc-
ture and rationale for generating a firm’s profits. It explains
how companies create, deliver, and capture value in the con-
text of market economies and society [2], [4], [13], [15].
Because a substantial number of business models have been
implemented by ICT in the recent digital era, BM patents
have been considered significant data for analyzing and
understanding business models and innovation.

BM patents can be defined as methods of administering,
managing, or operating an organization, and techniques used
in conducting business [2]. Although a business model cannot
be protected by a patent, specific BMs for the business model
are patentable. BM patents have a long history with the patent
system (Table 1), but it has not been long since BM patents
were considered common and regular patentable inventions.
The actual root of BM patents lies in the State Street Bank
and Trust Company vs. Signature Financial Group, Inc.
case in 1998. The Federal Circuit decided that a software
patent for valuing mutual funds was valid; BMs have been
patentable since then [36]. Unlike other technology domains,
BM patents are directly linked with business and service
fields; thus, BM patents are a valuable data source for identi-
fying opportunities for technology-based services [9].

TABLE 1. Early business method related patents (www.uspto.gov,
Business methods white paper).

In patent classification systems, BM patents are classified
into relatively clear classes and sub-classes. International
patent classification (IPC) or Cooperative patent classifica-
tion (CPC) G06Q and United States patent classification
(USPC) 705 are the classifications for BMs; IPC/CPC
G06Q is defined as ‘‘Data processing systems or methods,
specially adapted for administrative, commercial, financial,
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TABLE 2. Patent classification for business methods.

managerial, supervisory or forecasting purposes; systems or
methods specially adapted for administrative, commercial,
financial, managerial, supervisory or forecasting purposes’’
with 11 sub-classes, or main groups in the CPC sys-
tem (Table 2). USPC 705 is defined as ‘‘Data processing:

financial, business practice, management, or cost/price deter-
mination’’ with six subclasses (Table 3). Although both patent
classification systems for BMs seem to have clear structures,
almost all BM patents are generally classified into multiple
subclasses under CPC G06Q or USPC 705; thus, each sub-
class, or even lower-level class, cannot be a specific group
representing a homogeneous service or operational function.
The defined classes, or lower-level classes, are difficult to use
directly, and a clustering method for effectively isolating the
sub-domains is required to identify meaningful knowledge
flows within the BM domain.

In addition, BM patents have a much larger volume of
knowledge flow than other technological domains. Patent
citations are widely considered to be knowledge flow or
inheritance from citing to the cited patent [34], [37], [38]. The
number of backward citations of BM patents is far greater
than that of other TDs. The simple statistics of the average
number of backward citations clearly show that the average
number of backward citations of BM patents is 31.05, while
that of other patents, except software- and healthcare-related
patents, is 13.95 (tested by authors using the entire U.S.
patents from 1976 to 2020). Thus, knowledge flows can be
critical information for analyzing the BM domain; however,
careful consideration of the peculiar characteristics derived
from complex and vast knowledge flows is essential. There-
fore, this study adopts the hierarchical main path approach to
consider the characteristics of BM patents.

B. HIERARCHICAL MAIN PATH ANALYSIS
Hierarchical main path analysis is a method for identify-
ing the overall and specific knowledge trajectories within a
TD by structural decomposition. Main path analysis, which
reduces network complexity and identifies the major knowl-
edge streams, has been widely used in various studies on
technological innovation.

Hummon and Doreian [39] first suggested search path-
based metrics, such as search path link count (SPLC), search
path node pair (SPNP), and node pair projection count
(NPPC), to identify the main path in a large citation net-
work. Although a search path-based main path approach has
been applied to many innovation studies [39], [40], [41],
[42], [43], it has some critical limitations for analyzing
‘‘technological’’ domains: singular trajectory, high network
complexity, and omission of key knowledge. In order to solve
these limitations, Park and Magee [34] suggested a knowl-
edge persistence-based main path approach. This approach is
based on knowledge recombination theory and the character-
istics of knowledge inheritance. Novel knowledge is created
by a recombination of existing knowledge; thus, a proportion
of knowledge in the cited patent is incorporated in the citing
patent. Based on this concept, knowledge persistence (KP)
quantifies how much of a patent has been retained in recent
developments based on the structural and topological position
of the patent in a citation network [34]. KP-based main paths
first identify high KP patents as key nodes for main paths,
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and then the backward-forward path analysis [34] chooses
the nodes with the highest KP among nodes directly linked
to the key nodes. The KP-based main-path approach gener-
ates multiple main paths and significantly reduces network
complexity without omitting any key patents. However, this
approach cannot consider the hierarchical structure under a
TD; therefore, manual work is required to determine and
define the knowledge structure of sub-domains.

Recently, Yoon et al. [24] suggested a hierarchical main
path approach to solve the drawbacks of KP-based main
paths. The hierarchical main path approach automatically
analyzes the hierarchical structure under a TD and identifies
the optimal number of sub-domains. This approach generates
the main paths for the entire TD and each sub-domain, and
then integrates them into hierarchical main paths. The advan-
tages of this approach are that significant knowledge at each
sub-domain level can be identified, the relative importance
or popularity of sub-domains over time can be analyzed, and
complex knowledge flows among sub-domains can be explic-
itly evaluated. However, hierarchicalmain paths, including all
KP-based main paths, may produce many divergent paths in
the last layer [24]. Because each path in the last layer can be
potential main paths, knowledge divergence patterns should
be minimized to characterize future directions. Therefore,
this study adopts the KU metric [35] to concentrate and
identify the most possible knowledge streams in the last layer.

III. METHOD
We applied hierarchical main path analysis to discover
knowledge flows in the BM domain. First, we collected
a patent dataset using a patent classification system-based
method. Second, we divided the collected patent dataset into
sub-domains based on technological similarity. To define a
classified sub-domain, domain-specific terms were extracted.
Third, a KP-based main path analysis was applied to identify
the knowledge flow for sub-domains and the entire domain.
Fourth, each generated knowledge flow was integrated based
on the entire domain knowledge flow. Finally, the KU metric
was used to optimize and minimize the technology corre-
sponding to the endpoint in the knowledge flow.

FIGURE 1. Process for hierarchical main path analysis.

A. DATA SET CONSTRUCTION
Dataset construction is an important step in a data-driven
analysis. In previous studies, a keyword-based patent search

was performed to construct a patent dataset; however, there
were many limitations. First, specific keywords related to
TDs were also used for unrelated TDs. Therefore, it contains
many noisy patents (noise patents in Fig 2). In particular,
it includes many patents for applications based on the TD.
Second, if a patent is related to a TD but does not include
a keyword, it is omitted from the dataset. The newly cre-
ated TD corresponds to this case. Based on the innovation
theory of knowledge generation [25], [26], [27], [28], [29],
[30], [31], [32], a new TD was developed based on previous
technological knowledge. Therefore, it is necessary to include
technology that incorporates prior knowledge of the patent
or technology analysis of TD. To solve these problems, this
study constructs a patent dataset using the classification over-
lap method (COM) [44], [45], which is based on the structure
of the patent classification system.

FIGURE 2. Patent collection by keyword searching vs. COM [46]. Notes:
(a) patents only identified through keyword searching but indirectly
related to the focal TD; (b) patents identified through overlap between
keyword searching and USPC and related to applications using the
focal TD; (c) patents identified through overlap between keyword
searching and CPC and related to applications using the focal TD;
(d) patents identified through overlap among keyword searching. USPC
and CPC and directly related to the focal TD; (e) patents identified
through overlap between USPC and CPC and directly related to the
focal TD, but they do not include relevant keyword; (f) patents identified
only through USPC but not directly related to the focal TD; and (g) patents
identified only through CPC but not directly related to the focal TD.

In this study, the COM for patent data collection generates
a combination of other patent classification systems to obtain
a patent dataset. Benson and Magee suggested COM to find
specific TDs. The method’s result of data relevance was an
average of 86% from 28 TDs [22]. The procedure for COM is
as follows. First, the method collects an initial patent dataset
with several TD-related keywords. Second, key CPC and
UPCwere selected from the initial patent dataset, and a patent
search was performed with the selected codes. The results
of the patent search were used to evaluate mean precision-
recall (MPR) as follows:

MPR =
(precision+ recall)

2
,

where precision, which is identified as the proportion of
relevant patents within the pool of searched patents, is cal-
culated as the quotient of the number of patents from the
first patent dataset that fall under the patent classification
code divided by the total count of patents that belong to
the patent classification code. Recall, described as the frac-
tion of the aggregate number of relevant patents that were
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actually explored, is determined by dividing the number of
patents from the first patent dataset that align with the patent
classification code by the sum of all patents gathered in
the first patent dataset. Third, we chose CPCs and UPCs
combinations which showed the most elevated MPR value to
establish a TD search query.

B. TECHNOLOGY STRUCTURING BY TECHNOLOGICAL
SPACE DECOMPOSITION
We created a minimum overlap classification (MOC) [46] to
divide the BMdomain into sub-domains.MOC consists of the
deepest class combinations of different patent classification
systems. Thus, MOC is the most specific technological space
created by the classification overlaps. Hierarchical clustering
was applied to find groups of meaningful size and indepen-
dence as sub-domains. Hierarchical clustering is performed
based on knowledge distance, and the knowledge distance is
calculated using the patent overlap-based distance (PODist)
and class hierarchy-based distance (CHDist) [46]. Because
a patent includes multiple classification codes rather than a
single classification code, MOCs that include the same patent
can be determined as a similar technology space. The PODist
converts MOCs into vectors and calculates the distances
between the MOCs:

CostDist
(
MOC i,MOC j

)
= 1−

MOCi·MOCj
∥ MOC i ∥ ∥ MOCj ∥

,

where MOCi is a vector of MOC, MOCi·MOCj is an inner
product, ∥ MOCi∥ is the Euclidean distance of MOCi, and
the distance ranges from 0 to 1. However, high skewness
similarity does not produce distinguishable values, and the
value needs to be reduced. Therefore, we applied a logistic
function to reduce the difference in the MOC distances. The
PODist is expressed as follows:

PODist
(
MOC i,MOC j

)
=

1

1 + e−10(CostDist(MOC i,MOC j)−0.5)
.

The CHDist is calculated using the hierarchical structure
of the patent classification system. We transformed the
patent classification system into a hierarchical tree network.
Nodes are composed of classification codes and edges are
the relationships of hierarchical structures based on patent
classification systems. The similarity between classes is cal-
culated using a class hierarchy-based distance, such as link
length-based semantic distance(LLDist) approach [46]:

LLDist
(
Classi,Classj

)
= 1−

2 · d
(
LCS

(
Classi,Classj

))
d (Classi) + d(Classj)

,

where Classi is the specific patent class in CPC, UPC,
or IPC, d (Classi) is the number of edge from the section
in the focal classification to Classi, and LCS

(
Classi,Classj

)
is the least common subsumer of Classi, and ,Classj under
the patent classification system’ hierarchical structure. The
LLDist ranges from 0 to 1. The two deepest level of classes of
two different patent classifications generate theMOC, and the

CHDist is calculated according to the patent classification
system constituting the MOC. The CHDIS formula is as
follows:

CHDist
(
MOCi,MOC j

)
=
LLDist

(
CPCi,CPC j

)
+ LLDist

(
USPCi,USPC j

)
2

.

Finally, knowledge distance is calculated as the PODist and
CHDist. The formula used is as follows:

MOCDist = PODist × CHDist

Next, we perform hierarchical agglomerative clustering based
on the technological similarity among MOCs [46]. In hierar-
chical agglomerative clustering,MOCs are clustered from the
highest value of technological similarity. The final clustering
denotes the entire domain. Thus, sub-domains with lower
technological similarity are composed of sub-domains with
higher technological similarity. The cutoff can be further
subdivided according to the purpose of the analysis. We eval-
uated the cut-off that sets the sub-domains in each clustering
process. The cutoff criterion can be the independence of the
sub-domain and the number of patents in the sub-domain.
In this study, the cutoff level is set when the cutoff satisfies
both the size and independence at the same time.

C. DEFINITION OF SUB-DOMAINS USING DOMAIN
SPECIFC TERMS
We extracted domain-specific terms (DSTs) for each
sub-domain to define the name of each sub-domain. DSTs
can be a single word or noun phrase and should have relative
importance only in a specific sub-domain. In particular, most
meaningful terms are noun phrases rather than single words.
Therefore, it is important to extract noun phrases as DSTs.
This study adopted a stopword-based tokenizing approach to
consider noun phrases [47] and identified DSTs by compar-
ing the term frequency distribution between each sub-domain
and the entire domain. The extraction process is as follows.
First, the entire patent text is tokenized by stop words, and the
weights of the tokenized words are scored by word frequency
and degree. The DST candidates are extracted by the ratio of
word degree to word frequency, and the cutoff is usually set
as a third of the total text. Second, DSTs are quantitatively
identified based on the relative essentiality of the terms at
different boundaries [46]. The formulation for calculating the
domain-specific score (DSS) is as follows.

DSSij (k) =
edf i(k)

2/ni · rdf i(k)
edf i(k)

2/ni · rdf i(k) , (i ̸= j)

where k is a specific keyword, rdf (k) is the referenced
document frequency of k and is defined as the number of
documents having k as the candidates, and edf (k) is the
extracted document frequency of k . i is a specific sub-domain
under the focal domain, and j is the upper set of i, that is,
the entire domain. i is a complementary set of i, and ni is the
number of documents in i.
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D. MAIN PATH IDENTIFICATION
We applied the concept of knowledge persistence (KP) to
represent technologies that contain significant knowledge.
KP quantitatively calculates the rate at which knowledge
is transferred between a patent citation relationship and
is an indicator that measures the amount of knowledge
duration or the impact on technological development. The
KP-based main path analysis identifies high-KP patents in
the knowledge network and shows their development. TheKP
calculation method is as follows: First, a patent citation net-
work was constructed. Second, the longest citation edge was
found by the start and endpoint of the patent citation network.
Third, the patent citation network was rearranged based on
the layer of the longest citation edge. Fourth, KP calculated
the ratio of the number of backward connections to the layer
immediately preceding the endpoint. Fig 3 illustrates how KP
is calculated. The formula for KP is as follows [34]:

KP(PA) =

n∑
i=1

mi∑
j=1

lj−1∏
k=1

1
BWDCit(Pijk )

,

When PA represents a patent associated with A, Pijk stands
for the k-th patent in the j-th backward path that begins
from Pi to ends at PA; BWDCit

(
Pijk

)
is used to indicate the

number of backward citations from Pijk , This is done while
disregarding the citations made by patents that fall between
layers t and t-1, specifically when PA is situated under layer t,
The lj is used to designate the totality of patents present along
the j-th backward path, starting from Pi to PA, The variable
mi is the entirety of viable backward paths from Pi to PA, i is
the count of patents in the final layer that hold indirect links
with PA.

We identified the important patents in a knowledge net-
work using KP normalization from the global or local
perspective. The global-perspective persistence (GP) was
evaluated by normalizing it using the highest KP value in the
knowledge network. The layer-perspective persistence (LP)
was evaluated by normalizing it using the highest KP value
for each layer. In general, citation-based metrics cannot
measure recent patents as important ones because of time
bias [34]. KP was also calculated as a citation-based metric
and is weighted on relatively old patents, but the LP met-
ric solves the time effect bias. Based on [34], this method
determines the high-KP patents with GP greater than or
equal to 0.3 or LP greater than or equal to than 0.8, as the
important patents. To find the main paths, we applied the
backward and forward search mechanism for the paths of
high-KP patents. This mechanism identifies the multiple
main paths well-connected from the starting points to the
endpoints [24], [48].

E. GENERATION OF HIERARCHICAL MAIN PATHS
We applied the KP-based main path analysis for the entire
domain and sub-domain. The generated KP-based main paths
for each sub-domain are located in their respective sections
on a main path network, and all main paths are linked by

FIGURE 3. Knowledge persistence calculation. Notes: Layer denotes
overall knowledge structure defined by knowledge flows and
inheritances in a TD; The size of layers is determined by the longest
citation flow; Each node on the network is assigned to its corresponding
layer; the ratio of knowledge inheritance is defined as 1/the number of
knowledge in-flows through citations.

integrating the main paths for the entire domain with the main
paths for all sub-domains; the overlapped patents between
the entire domain and sub-domains are used as integration
points. For better understanding of trajectories, all nodes are
rearranged by application year. This method uncovers the
role and development of sub-domain knowledge in the entire
domain knowledge development [24].

F. FUTURE DIRECTION ANALYSIS
This step minimizes the hierarchical main-path network on
the last layer using the KU metric. The KU metric is fun-
damentally based on knowledge recombination theory [25],
[26], [27], [28], [29], [30], [31], [32]. Innovative knowledge,
which has a high possibility of becoming a future knowledge
flow, is usually created by the recombination of atypical
knowledge. The KU metric is defined as follows [35].

KUp =

np∑
j

DCj
/
np;CPCpj ̸= CPCp,

where DCj represents the count of different classifications in
patent p, which cites patent j; DCj is counted when main class
of CPC (Cooperative Patent Classification) codes CPCpj of
patent j is not assigned to patent p. np is the number of patents
cited patent p on the main paths. Based on the KU scores
of patents at the endpoints, the patents with the highest KU
scores are being continued or prioritized for further analysis.

IV. CASE STUDY
A. DATA
We collected the BM patent set using classification over-
lap method (COM). The patent search queries are presented
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in Table 3. The patent classifications used in COM are listed
in Table 4.

TABLE 3. Data overview.

TABLE 4. Business method related patent classification for data
collection.

B. RESULT
First, we extracted the MOC from the collected BM patent
set and identified eight sub-domains using technological
similarity-based hierarchical clustering. To define each of
the identified sub-domains, keywords were extracted by
applying the domain-specific score (DSS) to the titles and
abstracts of patents in the sub-domains. The name for each
sub-domain (Table 5) is qualitatively defined mainly based
on the extracted domain-specific keywords and key-phrases
(Table 6).

Next, we generated KP-based hierarchical main paths
for the entire domain and sub-domain. By integrating the
generated main paths, the development trajectories and
interrelationships among sub-domains are well identified.
However, this method effectively reduces the complex net-
work and identifies each main path. Concerning network
size, the BM domain generally has a significant number of
knowledge flows, resulting in a large and complex knowledge
network. However, this method can effectively reduce the
network size and findmajor knowledge flows from a complex
citation network. The summary of the hierarchical main path
analysis results is presented in Table 7.

1) OVERALL TRAJCTORIES
As can be seen in Figs. 4, 5, and 6, the important develop-
ments in the BM domain in the 1990s began with Managerial
Computing Systems, Advertising Systems, E-commerce, and
Financial Data Processing. As the offline market transitioned

TABLE 5. Sub-domain definition.

to an online market due to digitalization, the correspond-
ing BM patents developed. Among them, knowledge in the
E-commerce sub-domainwas adopted byAdvertisement Sys-
tems and Financial Data Processing. In the Advertisement
System, methods (e.g., 1057 and 923) that converted offline
customer channels into initial online channels were mainly
invented.

From Period 3 (2001-2005) in Fig. 6, new sub-domains
emerged, and knowledge interactions actively occurred.
The significant implication in this period is the growth
of E-commerce and Payment Systems. User interfaces,
such as electronic shopping carts for customer convenience,
and various systemic methods for attracting customers
(e.g., 18534, 21162, and 31278), were mainly developed in
the E-commerce sub-domain. The emergence of new sub-
domains, Business Process Systems and Security Systems,
is also highly related to E-commerce and Payment Systems.
Key knowledge in Business Process Systems (e.g., 13752
and 25345) becamemore general BMs for business activities,
such as demand forecasting systems and product price opti-
mization, by using customer information from e-payment.
The BMs for Security Systems, such as transaction stability
(e.g., 11751 and 13216), were required and developed.

In Period 4 (2006-2010) in Fig. 6, various sub-domains
became important. The environment for customers and
users changed because of the emergence of smartphones.
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TABLE 6. Top 15 extracted domain-specific terms for each sub-domain.

Consequently, the previous sub-domains all changed. The
BM patent (e.g., 47491) of the Managerial Computing Sys-
tem is about a big data-based order processing method. The
Advertising System’s patents (e.g., 46295, 46621, and 46629)
developed methods of targeting advertisements by acquiring
information on customers’ real-time locations and channels.
The Security System’s BM patents (e.g., 46481 and 46502)
were mainly about methods to enhance security in the pay-
ment process.

TABLE 7. Summary of main paths.

In Period 5 (2011-2015) in Fig. 6, the Managerial Comput-
ing System, whose patents were not selected as major nodes
on the main paths and so the sub-domain disappeared for
Periods 3 and 4, was identified again. The potential reason
could be the change in the consumer payment environment
to a mobile environment (e.g., 37947, 38263, and 41136).
Based on this, knowledge in the Managerial Computing
System was actively adopted by Security System and Pay-
ment System. Security System’s BMs (e.g., 34521, 37931,
42553, and 42611) were mainly about stable information
transactions and cryptograms in a virtual environment. Pay-
ment System’s BMs (e.g., 42616, 35470, and 38863) focused
on mobile wallet-related technology. To enable efficient
payments, it was important to improve customer personal
information security and user convenience by separately stor-
ing user information and only opening the address for it.

From Period 6 (2016-2020) in Fig. 6, knowledge flows
were not as strong as before. The crucial reason is that the
timing for patent disclosure and the time from application
to registration takes approximately 990+ days (2.7 years).
Because the patent examination period for BM patents usu-
ally takes about 1300+ days (3.6 years), this period inevitably
has weak knowledge flows.

Similar to previous periods, Advertisement Systems will
continue to play a vital role in the BM domain in the future.
Key BM patents (e.g., 49136, 48669, and 48676) for this
sub-domain focused on customized advertisements using
real-time customer transaction information. Companies spe-
cializing in advertising will evolve BM patents in connection
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FIGURE 4. KP-based hierarchical main paths for BM domain.
(High-quality figure is attached in S1 file.)

FIGURE 5. Ration of high KP patents for each sub-domain in specific
periods.

with companies that have substantial financial and cus-
tomer information to acquire customer data. The BM patent
(e.g., 48673) for the Security System was developed with
multiple tokenization to strengthen authentication. Based
on this knowledge, the patents (e.g., 48672 and 49135) of
Managerial Computing Systems have developed as methods
that can be utilized in social media and platforms. As such,

FIGURE 6. Knowledge flow network for each sub-domain by moving
average period.

they will be developed according to changes in the security
system environment. The increase in financial and personal
data/information will lead to the development of enhanced
security systems.

Meanwhile, there have been no innovations in E-commerce
knowledge since 2016. The E-commerce development pro-
cess has evolved according to changes in customers’ acces-
sibility to digitalization, networks, and wireless communica-
tion devices. As there have been no environmental changes,
BMs of E-commerce have become common knowledge.
However, if the Metaverse becomes popular, companies will
focus on developing newE-commercemethods or systems for
the new customer environment. In addition, this paper has dis-
covered a new sub-domain, Healthcare, for the development
of the BM domain. Healthcare’s BM patent (e.g., 49106)
provides customized compensation based on customer infor-
mation in the insurance field. Considering social needs
and trends, Healthcare will grow more, and various BMs
(e.g., for insurance or remote healthcare) will be actively
developed.

Technologies have developed through the recombination
of knowledge from previous technologies. In particular, key
technologies were generally invented when knowledge from
several fields, rather than the knowledge of one field, was
combined. We found that the development process of the
BM domain also supports the innovation theory (Table 8).
The key node, for instance, 13752 (Business process system)
was invented based on node 1056 (Managerial computing
system), 3517 (Payment system), and 9472 (Financial data
processing). Node 1056 is about a system for managing
customer information utilization, purchase, and delivery in
the network. Node 3517 could facilitate the purchase activ-
ity by providing incentives to customers based on real-time
product purchase information. Node 9472 helps customers
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TABLE 8. Example patents related to cross-domain knowledge
combination.

easily access and use financial products. Based on these
BM patents, node 13752 acquires seller information using
customer purchase information data. This BM patent predicts
information about the current seller’s profit and market share
based on the information obtained.

2) TRAJECTORIES FOR SUB-DOMAINS
Next, we analyzed the trajectories for the sub-domains.

Initially, BM patents for Financial data processing were
methods and systems for transacting financial instruments
in a network. In the 2000s, the BM was advanced as an
automated system and method for financial product trans-
actions. In the 2010s, BMs for improving data security or
user convenience (e.g., 41133 and 38902) were actively
developed.

Payment system has been developed based on the growth of
E-commerce. BM patents (e.g., 3592 and 3360) for Payment
system in the 1990s were usually about methods for payment
in a network environment. Based on this, an online payment
system (e.g., 21501) was developed using a NFC-enabled
mobile communication device. In addition, a personal address
system (e.g., 35470) was developed to increase customer
convenience and security. Since 2010, the BMs for mobile
device-based payment systems changed with the introduction
of smartphone and wearable devices as a new customer’s
payment environment. The virtual payment account or sys-
tem for mobile or wearable devices (41144 and 48852)
were critical BMs. From this trajectory, it is predictable
that companies will continuously focus on developing a
new BM system for newly developed payment environments
or devices.

In the entire main paths, the Healthcare BM patents
were first identified in 2018. However, the Healthcare
sub-domain had previously had BM patents. In the 1990s,
BM patents were applied to systems for patient manage-
ment (e.g., 537 and 1159) and methods for insurance claims
(e.g., 2956 and 3222). Based on this, BM patents for prescrip-
tion benefit management for medical services (e.g., 12922)
and systems for drug management (e.g., 28564) were
developed.

In the 1990s, E-commerce BM patents started as a catalog
system for E-commerce (e.g., 923 and 820) and systems
for overall operation (e.g., 559 and 1901). In the 2000s,
based on the previously important operation systems, BMs
focused on a system method (e.g., 5029 and 7205) to
maximize the network processing speed and management
efficiency of E-commerce and product placement meth-
ods applying a statistical modeling method (e.g., 10469
and 14111). In the 2010s, web-based interfaces (e.g., 42597,
43648, and 46936) for customer convenience or methods
for proposing customized products by securing customer
data (e.g., 47373 and 48675) were significant. Recently,
BM systems (e.g., 49025) for cryptocurrency payments in
e-commerce have been developed.

BM patents (e.g., 1056 and 2712) in Managerial com-
puting systems started with the development of the com-
pany’s overall infrastructure in the network. With the growth
of E-commerce, BM patents (e.g., 16295 and 24691) of
the Managerial computing system have focused on opti-
mizing delivery and software management to increase
customer convenience and corporate efficiency. Since the
2010s, BM patents (e.g., 47491) have developed an
order management system (OMS) and methods of locat-
ing and selling items at attended delivery using big data
analysis methods.

In the 1990s, BM patents for Business process sys-
tems (e.g., 523 and 580) developed methods such as an
automatic manufacturing costing system and a workflow
management and elimination system to facilitate the oper-
ation of their companies. In the 2000s, based on the
previous trajectory, BMs (e.g.,12214, 10246, and 18543)
on demand forecasting for distribution management and
monitoring for outsourcing companies were significantly
invented. In 2010, BM patents (e.g., 39933, 38144, and 4391)
were developed using data-based statistical analysis
methods.

Advertisement system has the highest number of KP
patents in the overall development of the BM. Initially, the
BM patents of the Advertisement system were developed
as systems (e.g., 1029, 1595, and 1996) for advertising to
customers on the Internet. Based on the previous develop-
ments, BMs related to a system that utilizes customer data
to increase the effectiveness of advertisements (e.g., 16436
and 13970) were developed. BM patents (e.g., 38351, 35843,
and 46444), which are systems for diversified advertis-
ing channels that customers can access, were developed.
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With the increasing volume of customer data and the
development of analytic methods, BM patents (e.g., 46701
and 48676) on more customized advertisements were
developed.

Because the BM domain operates in a network environ-
ment, the sub-domain of the Security system is especially
important. Initially, BM patents (e.g., 1445 and 2820) were
about methods for secure transactions in payment systems.
With the development of network and security technologies,
BM patents (e.g., 11751 and 13216) in the 2000s strength-
ened security with real-time authentication, such as mobiles.
Recently, according to BM patents (e.g., 48673, 48721, and
42553), credit card companies operate customer-customized
network configurations and account identifier systems for
safe security.

V. CONCLUSION
We applied the hierarchical main path analysis for under-
standing the knowledge structures, dynamic development
flows, and future directions of the BM domain. The hier-
archical main path analysis is a method that automatically
decomposes TDs into an optimal number of sub-domains
and simultaneously generates descriptive trajectories from
both the overall TD view and each sub-domain view.
This study found eight sub-domains under the BM domain
(Financial data processing, Payment system, Healthcare,
E-commerce, Managerial computing system, Business pro-
cess system, Advertisement system, and Security system),
identified BM patents of dominant knowledge, and con-
firmed the knowledge trajectories and development direction
between sub-domains in BM development. The empirical
results provide rich information to better understand the BM
domain.

Managerial computing systems, E-commerce, Advertise-
ment systems, and Financial data processing began in the
development of the BM domain. Over time, Payment system,
Healthcare, Business processing systems, and Security sys-
tems sub-domains were created and composed of knowledge
from various sub-domains. In the sub-domain, the Adver-
tisement system has the highest number of KP patents,
as company profit/sales are directly related. The E-commerce
sub-domain played an important role until 2015, but there has
been no significant development after that. E-commerce has
radically developed with changes in the Internet and smart-
phone environment. To date, innovative BMs of E-commerce
have not been developed due to the lack of system and
environment changes. However, with the current develop-
ment of VR and metaverse, the development of E-commerce
could be restarted. Security systems are growing continu-
ously owing to the importance of personal information and
security issues for companies. The Healthcare sub-domain
was not initially found in the main path of the BM domain
but was recently identified. However, given the mega-trends,
including COVID, well-being, aging society, and so on,

the Healthcare sector will become a key sub-domain in the
BM domain.

Although this study provides novel implications and is
helpful for the fundamental understanding of the BM domain,
there are some limitations to be addressed in further work.
First, since most knowledge flows, especially forward cita-
tions, occur within the BM domain, this paper focuses on
the knowledge flows within the domain. However, there are
many knowledge in-flows from outside the BMdomain.Most
of the knowledge in-flows are from software patents, and
BM patents are usually classified in the class for software
patents as well. So, there is no credibility problem in the
results. But, various knowledge in-flows can be signals for
better understanding the knowledge sources and originality
of inventive ideas. Further work will include all knowledge
in-flows and out-flows in the dataset. Second, there are many
companies in many TDs in the BM domain. This is because,
unlike other TDs, the BM domain is about ‘systemic methods
for doing any business’. Even though different TDs have
different BMs, all BM patents are classified into the same
patent classification. However, this fact contains the clue
that the BM domain can be used for cross-domain analysis.
Therefore, further works will consider this fact and focus
on analyzing knowledge relationships among different sec-
tors. Third, as mentioned in Theoretical background, the BM
domain has relatively many citations and produces a large
knowledge network. Therefore, the size of main paths, partic-
ularly KP-based hierarchical main paths, is inevitably large.
This network complexity is always a serious issue for a main
path analysis. The basic concept/purpose of a main path anal-
ysis is to reduce network complexity without the omission
of key knowledge flows. So, a complex main path network
should be revised or improved. One potential solution is to
redefine the knowledge inheritance mechanism for KP. The
current mechanism gives the same weight to each backward
citation of the target node. But the same weight clearly can-
not reflect the real world. This weight mechanism can be
improved by considering the similarity between the backward
citation and the focal node. In addition, the backward-forward
searching also has the possibility to identify many major
knowledge flows if the KP values around the high-KP
patents are the same. Therefore, the algorithmic improve-
ment of the backward-forward searching can be a possible
solution.

APPENDIX
FOOTNOTES
Number footnotes separately in superscripts numbers.1 Place
the actual footnote at the bottom of the column in which it
is cited; do not put footnotes in the reference list (endnotes).
Use letters for table footnotes (see Table 1).

1It is recommended that footnotes be avoided (except for the unnumbered
footnote with the receipt date on the first page). Instead, try to integrate the
footnote information into the text.
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