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Abstract: Patent keyword analysis involves extracting and examining keywords from
patent documents. Since patents contain detailed information about technologies, analyzing
them can provide valuable insights for efficient technology management. This paper
proposes a novel method for patent keyword analysis that integrates Bayesian factor
analysis and social network visualization. Using Bayesian factor analysis, we extract factors
representing key technologies within a domain. These factors are used as nodes in a social
network analysis to explore their interrelationships. The resulting visualization aids in
constructing a technology diagram, enhancing understanding of the technological structure.
To evaluate the method, we analyze patents related to digital therapeutic technologies.
Experimental results demonstrate the approach’s effectiveness and its applicability to
practical technology analysis tasks. Our results indicate that data analysis serves as a
core technology in the field of digital therapy, while technologies such as remote patient
monitoring, device systems, and signal processing function as supporting technologies
for data analysis. The findings contribute to technology management practices, including
strategy development, by analyzing target technologies and deriving actionable insights
across various domains, including digital therapeutics.

Keywords: Bayesian factor analysis; keyword analysis; patent data; social network visual-
ization; technology analysis

1. Introduction
To understand technology, patent data analysis is usually performed. Patent docu-

ments provide various and detailed information about developed technologies, including
the title, abstract, citations, claims, technology codes, application and registration dates,
inventors, and drawings [1,2]. Among them, we focus on keywords extracted from patent
documents and analyzing them. To facilitate data analysis using statistical and machine
learning methods, it is necessary to transform the patent keyword data into a structured
format [3–5]. Through preprocessing with text mining techniques, we construct a patent-
keyword matrix as structured data. In this study, patent keyword analysis is conducted to
analyze the technology keywords extracted from patent documents related to the target
technology. This approach enables a comprehensive understanding of the target technology
through the analysis results. Previous research on patent keyword analysis has primarily
modeled correlations or associations between the patent keywords [6–9]. Most of these
studies have relied on statistical methods such as regression and classification or visualiza-
tion based on social and Bayesian networks. However, for a more precise understanding of
technology, it is essential to uncover not only the relationships between keywords but also
the latent structures among them.
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Therefore, we propose a patent keyword analysis method utilizing Bayesian factor
analysis (BFA) to identify the latent associative structure of patent keywords. BFA is a
method that applies Bayesian inference to traditional factor analysis (FA) [10]. In order to
identify the latent structure between patent keywords, we derive analysis results based
on the posterior distribution that cannot be confirmed through existing FA by considering
uncertainty and prior information. In our study, we use the covariance structure of patent
keywords to identify latent variables, called factors, that explain the unobserved but hidden
technological association structure of the entire patent data. Traditional FA extracts factors
based on a linear combination of observed variables (keywords), but BFA defines factors
based on a prior distribution and a likelihood function based on observed data [10,11].
That is, we model the technological uncertainty between patent keywords that describe the
target technology using BFA to understand the nonexposed association structure between
detailed technologies. In BFA, the prior distribution of factor loadings is reflected in the
observed data and is ultimately estimated as the posterior distribution for factor loadings.
In this process, the Markov Chain Monte Carlo (MCMC) sampling method is used. The
BFA results allow us to extract factors that represent detailed technological components,
which are subsequently visualized through social network analysis. Finally, our technology
diagram for target technology is constructed by visualization of the results, closeness, and
betweenness measures of social network analysis (SNA) [12,13]. To demonstrate how our
proposed approach can be modeled and implemented in practice, we collect and analyze
patent documents related to digital therapy technology. Using our method, we estimate the
posterior distributions of factor loadings and factors representing various sub-technologies
for digital therapy, and carry out SNA visualization. Consequently, the technology diagram
of digital therapy is built to understand this technology.

This paper is structured in the following sections. In Section 2, we deal with our
research background, such as FA, social network visualization, literature review, and patent
text mining. We show the proposed method in Section 3. In Section 4, we carry out
experiments using practical patent documents related to digital therapy to show how this
paper can be applied to practical areas. Then, in Section 5, we discuss the results and several
implications of our study. Lastly, we illustrate the conclusions, contributions, limitations,
and future works in the Section 6.

2. Related Works
2.1. Factor Analysis

FA is conducted to represent the correlated variables as the latent variables called
factors [14–16]. The idea of FA is to describe the p variables

(
X1, X2, . . . , Xp

)
by m factors

( f1, f2, . . . , fm), where m is much smaller than p. Using the results of FA, we can achieve
a better understanding of the related p variables. The general FA model is defined as
follows [11]:

Xi = µi + ai1 f1 + ai2 f2 + · · ·+ aim fm + ei, i = 1, 2, . . . , p (1)

In Equation (1), ai is the factor loading of the ith variable on the jth factor, and ei is the
error representing the variation of Xi not explained by the factors. The observable random
vector X has the mean µ. In this paper, X is the frequency value of the patent keywords
and f is a technology defined by the patent keywords. We also use Bayesian inference to
improve the performance of FA.

2.2. Social Network Analysis

SNA (social network analysis) is a process to find the social structures of nodes
(variables) using graph theory [12,13]. A graph data structure represents the data nodes by
the directed and undirected connections between the nodes [17,18]. The graph is defined



Computers 2025, 14, 78 3 of 19

as G(V, E), where V is the node (vertex), and E is the edge. That is, V and E are the
data objects and the connections between the data objects in the graph data structure,
respectively [12,17]. Therefore, the SNA is conducted to analyze the relational data and
find the social connections included in the observed data using the graph structure. To date,
SNA has been studied and utilized in a wide variety of fields, such as biology, economics,
geography, social psychology, technology management, etc. [12]. In the field of technology
management, SNA has been used as an efficient analysis method to identify the relationship
structure between technologies [12]. In this paper, we apply FA based on Bayesian inference
to SNA for visualizing the patent keywords. From the social network visualization, we
build a technology diagram to understand the target technology.

2.3. Research Background and Literature Review

Patent analysis has been performed in various ways for technology management
purposes. Feng et al. (2020) studied patent analysis using morphology analysis and
unified structured inventive thinking to discover technology opportunities [19]. They
used text-mining techniques and Word2Vec clustering to find the intrinsic connections
between innovation elements in the management of technology. In addition, Hu et al.
(2025) carried out a patent analysis related to the technology of CO2 reduction [20]. The
authors applied bibliometric analysis to their technology analysis. Using the results of
their research, they found that the advanced manufacturing, research, and technology of
catalytic materials are continuously needed for CO2 reduction. Yang et al. (2025) used social
network analysis to construct a patent network for studying technology communities and
dominant technology lock-in in the Internet of Things field [21]. This research constructed
a directed citation network using 9464 IoT patent families as nodes and 23,604 inter-patent
citation relationships as directed links.

2.4. Patent Text Mining

The goal of text mining is to transform unstructured document data into a structured
document-term matrix. Figure 1 shows the collected documents and the document-term
matrix constructed by text mining.
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Figure 1. From collected documents to document-term matrix.

A document-term matrix is a structured representation of text data where rows repre-
sent documents and columns represent unique terms across all the documents. The cells
of the matrix contain the frequency of each term in each document. In this paper, the
patent keywords are selected from the terms. Thus, the keyword text mining procedure is
performed as follows [22–26]:

Step 1: Document collection

(1-1) Searching documents related to the target domain;
(1-1) Filtering valid documents.

Step 2: Text preprocessing

(2-1) Converting texts to lowercase;
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(2-2) Deleting punctuation and stop words;
(2-3) Stemming;
(2-4) Removing special characters.

Step 3: Tokenization

(3-1) Selecting the type of tokenization as a word;
(3-2) Splitting texts into tokens (terms).

Step 4: Definition of text databases

(4-1) Creating a list of all terms;
(4-2) Counting the frequency values of each term occurring in each document.

Step 5: Construction of document-term matrix

(5-1) Initializing the matrix with (number of documents × number of terms);
(5-2) Building the matrix using text databases;
(5-3) Extracting keywords from the terms.

In general, the collected documents are transformed into the document-term matrix
through the procedures given in Step 1 to Step 5.

3. Proposed Method
Patents contain detailed results of the developed technology and the scope of rights to

the technology. Thus, we can understand the technology of the target domain by analyzing
the patents related to the target technology. In particular, the analysis of technology
keywords extracted from patent documents is a good way for us to effectively examine
the target technology. In this paper, we propose a method of patent keyword analysis for
technology management. Our method consists of two steps. The first step is a preprocessing
process to build a structured patent keyword database, and the second step is an analysis
process to analyze the structured database using our proposed method.

3.1. Preprocessing for Patent Keyword Data

The patents include not only the title and abstract, but also comprehensive details
about the developed technology, such as the inventors, registration date, claims, drawings,
citation information, and technology classification codes [1,2]. Among them, we use the
title and abstract for patent keyword analysis. We search the patent documents related to
the target field from patent databases across the world [1]. The collected patent documents
have to be transformed into a structured database for patent analysis [3,5,7]. In this step,
we build a structured keyword database using text-mining techniques. Figure 2 shows the
preprocessing of patent documents using text mining.
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We construct a patent text corpus using the searched patent documents. This is a
collection of patent documents. Using the preprocessing of grammatical parsing, the text
corpus is transformed into a semi-structured patent database called a text database. Lastly,
we construct a patent-keyword matrix as a structured database by extracting technology
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keywords from the patent text database. This matrix consists of patent documents and
technology keywords for its rows and columns respectively. Each element of the matrix
represents the frequency of a keyword contained in a patent document. We analyze this
matrix data using the proposed method explained in the following sections.

3.2. Patent Keyword Data Analysis Method Combining Bayesian Factor Analysis and Social
Network Visualization

BFA is a multivariate statistical analysis method that extends traditional FA to the
Bayesian statistical approach [11,27]. BFA uses prior distribution, likelihood function,
and posterior distribution in the process of estimating latent variables to explain the
correlation structure between the observed variables representing the keywords. Through
this, we can estimate factors hidden in related data better than general FA models and deal
with uncertainty better. That is, conventional FA, which estimates parameters using the
principal component and maximum likelihood methods, has difficulty clearly explaining
the probabilistic uncertainty hidden in the data [11]. The uncertainty about latent factors
is updated each time through the prior distribution and the likelihood function for the
observed data. In the BFA, the roles of the prior, likelihood, and posterior distributions are
shown in Table 1.

Table 1. Role descriptions of prior, likelihood, and posterior distributions on BFA.

Distribution Role Description

Prior Setting initial beliefs about parameters by reflecting prior
knowledge about the distribution of variables and factors

Likelihood Model explanation using observed data

Posterior Update parameter values by combining prior distribution and
likelihood function

By Bayes’ rule, the posterior probability P(θ|X) is expressed as the following
Equation (2) [10,28,29]:

P(θ|X) =
P(θ)P(X|θ)

P(X)
(2)

where θ is the parameter and P(X) is calculated as following Equation (3).

P(X) =
∫

P(θ, X)dθ =
∫

P(θ)P(X|θ)dθ (3)

Since P(X) is independent of the model parameter θ and is generally difficult to
calculate, the posterior distribution is obtained as follows:

P(θ|X) ∝ P(θ)P(X|θ) (4)

In Equation (4), we obtain the posterior distribution by multiplying the prior distribu-
tion P(θ) and the likelihood function P(X|θ). To analyze the patent keyword data, we use
the BFA, which applies Bayesian inference to FA, in this paper. Based on the existing FA
model described in Equation (1), we represent the BFA model as follows [11,27]:

X(p×1) = µ(p×1) + A(p×m)F(m×1) + ε(p×1) (5)

In Equation (5), A ∼ N(0, ΣA), F ∼ N(0, Im), and ε ∼ N
(
0, σ2 Ip

)
. The observed

variable X consists of mean vector µ, factor loading A, factor F, and error vector ε. The
factor loading matrix A follows a normal distribution with mean 0 and variance–covariance
matrix ΣA. The latent vector F follows a normal distribution, with mean 0 and a unit vector
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variance of size m. Finally, the mean and variance of the error vector ε, which follows a
normal distribution, are 0 and σ2, respectively. Also, in this paper, we choose the inverse
gamma distribution with shape parameter α and scale parameter β as the distribution
of σ2. To estimate the parameters, the samples are drawn from the posterior probability
distribution. Since accurately obtaining the posterior distribution is generally challenging,
the MCMC method is employed. In this study, the Metropolis–Hastings algorithm is
adopted as the MCMC technique. This algorithm constructs a Markov chain that explores
the search space to generate samples from the target posterior distribution. It achieves this
by repeatedly proposing new candidate samples and determining their acceptance based
on the acceptance probability [10,11,27]. From the results of the BFA, we find the factors
and their keyword lists with factor loading values.

We use factor loadings to select keywords corresponding to each factor. In Table 2, m
and pi represent the number of factors and the number of keywords included in factor i.
The keywords are used to define the technology that each factor represents. For example,
the technology represented by Factor 1 is defined by p1 keywords (Keyword 1, Keyword
2, . . ., Keyword p1). As with general FA, BFA requires determining the optimal number
of factors before starting the regular analysis. In general, there are several methods to
determine the optimal number of factors in FA [14,15]. Among them, we use the criterion
of eigenvalues to determine the optimal number of factors. The number is determined by
the number of factors with eigenvalues greater than 1. Therefore, in our study, we perform
social network visualization using factors greater than 1.

Table 2. Keyword list with factor loadings.

Factor Keyword List

Factor 1 Keyword 1, Keyword 2, . . ., Keyword p1

Factor 2 Keyword 1, Keyword 2, . . ., Keyword p2

...
...

Factor m Keyword 1, Keyword 2, . . ., Keyword pm

Next, we carry out social network visualization using the factors representing tech-
nologies. SNA is an analysis method that models the social relationships and interactions
between nodes in a network. In this paper, the nodes correspond to factors representing
technologies. SNA is based on graph theory, which consists of nodes and edges. Using the
visualization results of the SNA graph, we construct a technology diagram that describes
the relationship structure between technologies. In this paper, we use the correlation coeffi-
cients between nodes (keywords) to visualize the social networks [12,13]. First, a correlation
coefficient matrix between each keyword is constructed from the patent-keyword matrix.
Next, a new matrix is created in which each correlation coefficient value of this matrix
becomes 1 if it is greater than or equal to a given threshold value, and 0 if it is less than
the threshold value. The results of social network visualization vary depending on how
this value is determined. As this value increases, the social network structure becomes
more complex. Conversely, beyond a certain point, a higher value simplifies the network
structure, making it more challenging to interpret the associations between keywords. In
this study, we analyzed the relative network structure between keywords by adjusting
the threshold value and ultimately selected an appropriate threshold. Finally, this matrix
consisting of 0 or 1 values is used as an adjacency matrix for social network visualization.
Figure 3 shows the process of social network visualization.
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We build the correlation matrix from the patent-keyword matrix and make the adja-
cency matrix from the correlation matrix. In social network visualization, if the value of
the adjacency matrix is 1, the two corresponding keywords are connected, and if it is 0,
they are not connected. In this process, we use three measures of SNA: degree, closeness,
and betweenness. In SNA, degree represents the number of edges a node has. This metric
measures the connectivity of nodes within a network. The degree of node i (di) is defined
as in Equation (6) [13]:

di = ∑j Aij (6)

where Aij has the value 1 if nodes i and j are connected, and 0 otherwise. The larger the
degree value of a node, the greater its influence in the network. The closeness in SNA is a
measure of how close a node is to all the other nodes in the network. The closeness of a
node i (C(i)) is defined as follows [13]:

C(i) =
1

∑i ̸=j s(i, j)
(7)

In Equation (7), s(i, j) represents the shortest path between nodes i and j. The higher
the closeness value of a node, the faster the node can transmit information to other nodes
in the network. Finally, the betweenness in SNA is a metric that measures how many
shortest paths a node has between pairs of nodes in the network. The betweenness of node
i is defined as the sum of the number of shortest paths passing through i divided by the
number of all shortest paths in the network, as shown in the following Equation (8) [13]:

B(i) = ∑h ̸=i ̸=j

Nhj(i)
Nhj

(8)

where, Nhj is the total number of shortest paths between nodes h and j, and Nhj(i) is the
number of shortest paths between nodes h and j that pass through node i. We use degree,
closeness, and betweenness to find the technology structure for the target domain based on
the social relationships between each factor from the SNA visualization results. We call this
a technology diagram. Figure 4 shows the entire process of our proposed method.



Computers 2025, 14, 78 8 of 19
Computers 2025, 14, x FOR PEER REVIEW 8 of 19 
 

 

Figure 4. Process of the proposed method. 

Once the target technology is determined, we search for patent documents related to 
the target technology from patent databases around the world. The collected patent doc-
uments are converted into patent keyword data that can be analyzed through the prepro-
cessing process based on text mining. Using the keyword data, we perform the BFA and 
find factors representing each sub-technology of the target technology domain. In our 
study, each technological factor is used as an analysis node in the social network analysis. 
From the results of the social network visualization, we build the technology diagram 
using degree, closeness, and betweenness. Ultimately, this diagram can be used for vari-
ous tasks of technology management, such as establishing strategies for technology de-
velopment, technology forecasting, and new product development. 

3.3. Software and Computing Language 

The R Project is free software for statistical computing and visualization [30]. It runs 
on diverse operating systems such as Linux, MacOS, and Windows. In this study, we uti-
lized the R software (version 4.4.0) on a Windows operating system with 16 GB of RAM 
and an Intel Core i7 processor. Also, we used R data language for statistical computing. R 
consists of a base module and packages. The base module is included by default when 
installing R and provides various functions for data analysis and graphics. In contrast, 
packages are modules that are additionally installed to perform extended functions not 
provided in the R base. In this paper, we installed and used the ‘tm’, ‘BayesFM’, and ‘sna’ 
packages for text mining, BFA, and social network visualization, respectively [13,27,31]. 
To perform the MCMC sampling from the posterior distribution of factor loading, we also 
used the R base module and packages such as ‘BayesFM’ [27]. 

4. Experiments and Results 
4.1. Simulation to Compare the Performance of FA and BFA 

We employed BFA instead of traditional FA to identify latent technologies in the pa-
tent keyword data. Unlike FA, which estimates factor loadings using single-point esti-
mates, BFA utilizes probability distributions, providing additional statistical measures 
such as confidence intervals to account for parameter uncertainty. Specifically, while FA 
does not incorporate prior information about parameters, BFA introduces a prior distri-
bution, enabling the identification of latent structures even with a small dataset. For this 

Figure 4. Process of the proposed method.

Once the target technology is determined, we search for patent documents related
to the target technology from patent databases around the world. The collected patent
documents are converted into patent keyword data that can be analyzed through the
preprocessing process based on text mining. Using the keyword data, we perform the BFA
and find factors representing each sub-technology of the target technology domain. In our
study, each technological factor is used as an analysis node in the social network analysis.
From the results of the social network visualization, we build the technology diagram using
degree, closeness, and betweenness. Ultimately, this diagram can be used for various tasks
of technology management, such as establishing strategies for technology development,
technology forecasting, and new product development.

3.3. Software and Computing Language

The R Project is free software for statistical computing and visualization [30]. It runs
on diverse operating systems such as Linux, MacOS, and Windows. In this study, we
utilized the R software (version 4.4.0) on a Windows operating system with 16 GB of RAM
and an Intel Core i7 processor. Also, we used R data language for statistical computing.
R consists of a base module and packages. The base module is included by default when
installing R and provides various functions for data analysis and graphics. In contrast,
packages are modules that are additionally installed to perform extended functions not
provided in the R base. In this paper, we installed and used the ‘tm’, ‘BayesFM’, and ‘sna’
packages for text mining, BFA, and social network visualization, respectively [13,27,31]. To
perform the MCMC sampling from the posterior distribution of factor loading, we also
used the R base module and packages such as ‘BayesFM’ [27].

4. Experiments and Results
4.1. Simulation to Compare the Performance of FA and BFA

We employed BFA instead of traditional FA to identify latent technologies in the patent
keyword data. Unlike FA, which estimates factor loadings using single-point estimates,
BFA utilizes probability distributions, providing additional statistical measures such as
confidence intervals to account for parameter uncertainty. Specifically, while FA does
not incorporate prior information about parameters, BFA introduces a prior distribution,
enabling the identification of latent structures even with a small dataset. For this reason,
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BFA was used in this study to analyze patent keyword data. In this section, we perform
a simulation to compare the performance of FA and BFA. The number of variables and
factors for the simulation were set to 6 and 2, respectively. We generated the sample data
from the true factor loadings shown in Table 3.

Table 3. True factor loadings.

Variable Factor 1 Factor 2

X1 0.85 0.05

X2 0.65 0.15

X3 0.75 0.25

X4 0.15 0.75

X5 0.25 0.85

X6 0.05 0.65

To compare the performance differences between FA and BFA, we performed two
experiments according to sample size. Figure 5 shows the comparison results of performing
FA and BFA using the generated data, with sample size = 500.
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Figure 5. Comparison of FA and BFA with respect to factor loadings; sample size = 500.

The X-axis of the graph represents the true factor loadings, while the Y-axis represents
the factor loadings estimated by FA (left) and BFA (right). A greater deviation of the
factor loading points from the diagonal indicates poorer model performance, as it fails
to accurately reflect the true factor loadings [11,32,33]. The results show that the factor
loadings estimated by FA deviated slightly more from the diagonal compared to those
estimated by BFA. Subsequently, we increased the sample size to 2000 and compared the
FA and BFA performance.

Consistent with the results, Figures 5 and 6 show that the factor loadings estimated by
FA deviated further from the diagonal compared to those estimated by BFA. Additionally,
we observed that the performance gap between FA and BFA increased as the sample
size grew, indicating the superior performance of BFA. Therefore, we found that the
performance of the BFA was better than that of the FA. Through the simulation results, we
were able to confirm the excellent performance of BFA, once again.
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4.2. Experimental Data for Digital Therapy Technology

In this paper, we used the patent documents related to digital remedy and therapeutics.
Digital therapy is a method of treating a patient’s illness using digital technologies such
as software and data [34,35]. We searched the patents from patent databases across the
world [36,37]. Using the text mining and valid patent selection processes, we obtained
2685 patent documents and 675 terms. In this experiment, we chose 30 patent keywords
highly related to digital therapy from the terms that appeared more than 100 times in
all the patent documents. The chosen keywords used in our experiment are as follows:
device, data, patient, user, control, information, monitoring, measurement, sensor, therapy,
computing, remote, image, interface, signal, display, agent, analysis, network, predict,
diagnostics, program, healthcare, brain, electron, machine, database, learn, software, and
wireless. Thus, we constructed a matrix consisting of 2685 documents and 30 patent
keywords. Each element of this matrix represents the frequency value of a keyword
occurring in each patent document. The keywords were considered as variables in our
model. Next, we showed the analysis results and their applications in a practical domain.

4.3. Analyzing Patent Keywords of Digital Therapy Technology

Using the 30 patent keywords, we carried out the BFA to understand the technology
of digital therapy. First, to determine the optimal number of factors, we calculated the
eigenvalues for each factor. Figure 7 shows the eigenvalues for all the factors.
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We can see that among the total 30 factors, the top 2 (F1 and F2) are very large compared
to the others. Since the larger the eigenvalue of a factor, the greater the explanatory power
of that factor, we present the eigenvalue value and percentile of each factor in Table 4.

Table 4. Eigen value and percentile corresponding to each factor.

Factor Eigen Percentile Factor Eigen Percentile Factor Eigen Percentile

1 5.2330 0.1744 11 0.9626 0.0321 21 0.5705 0.0190
2 3.2453 0.1082 12 0.9327 0.0311 22 0.4886 0.0163
3 1.7921 0.0597 13 0.9246 0.0308 23 0.4668 0.0156
4 1.5821 0.0527 14 0.8847 0.0295 24 0.4051 0.0135
5 1.3059 0.0435 15 0.8567 0.0286 25 0.3273 0.0109
6 1.2475 0.0416 16 0.8248 0.0275 26 0.2921 0.0097
7 1.1341 0.0378 17 0.7790 0.0260 27 0.2417 0.0081
8 1.0941 0.0365 18 0.6904 0.0230 28 0.1868 0.0062
9 1.0291 0.0343 19 0.6381 0.0213 29 0.1599 0.0053

10 1.0193 0.0340 20 0.5843 0.0195 30 0.1006 0.0034

As illustrated in Figure 3, the eigenvalues of Factors 1 and 2 were confirmed to be
5.2330 and 3.2453, respectively, which is substantially higher than those of the remaining
factors. In accordance with the standard criterion for FA, where factors with eigenvalues
equal to or greater than 1 are typically retained, only factors meeting this threshold were
included in the analysis. Consequently, the top 10 factors with eigenvalues exceeding 1
were selected for this study. From the results in Table 4, we know that the sum of the
explanatory powers of the 10 selected factors is 62.28%. To define each factor as a latent
variable, we illustrate the keywords included in each factor and the loading values of the
corresponding keywords in Table 5.

Table 5. Keyword list corresponding to each factor.

Factor Keyword (Factor Loading)

1 device (1.322)

2 data (2.081), database (0.097), analysis (0.088), healthcare (0.088),
diagnostics (0.053)

3 patient (1.984), remote (1.079), monitoring (0.811), network (0.527),
wireless (0.161)

4 user (1.105), machine (0.156), predict (0.082)

5 control (0.441), electron (0.147)

6 measurement (1.983), computing (0.947), information (0.902), brain
(0.767), software (0.710), image (0.261), learn (0.121), agent (0.059)

7 sensor (0.788)

8 interface (0.308), therapy (0.158), program (0.115)

9 signal (0.489)

10 display (0.356)

We confirmed that Factor 1 is a latent variable represented by the keyword device.
Next, Factor 2 is represented by five keywords—data, database, analysis, healthcare, and
diagnostics—and among these, the keyword ‘data’ has the largest loading value, so we
defined Factor 2 centered on the keyword ‘data’. We also defined latent variables for the
remaining factors using keywords and loadings, similar to Factors 1 and 2. Therefore, we
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performed latent variable definition for all the selected factors and the results are shown in
Table 6.

Table 6. Definition of the latent variable corresponding to each factor.

Factor Technology Definition of Factor

Factor 1 Device system

Factor 2 Data analysis system for healthcare and diagnostics

Factor 3 Remote patient monitoring system using a wireless network

Factor 4 Predictive machine for user state

Factor 5 Electronic control system

Factor 6 Software agent to learn and compute measurement information
such as image and brainwave

Factor 7 Sensing system

Factor 8 Patient interface for therapy programs

Factor 9 Signal processing system

Factor 10 Display system

In our experiment, since each keyword corresponds to a detailed technology, the 10 fac-
tors defined in Table 6 become representative technologies required for the development of
digital remedy and therapeutics technology. Using the results of the BFA, we carried out
social network visualizations. First, we show the results of the social network visualization
using all the 30 patent keywords, without performing BFA, in Figure 8.
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Figure 8. Social network visualization using 30 patent keywords.

In the social network shown in Figure 8, the threshold value of the correlation co-
efficient for the connections between the keywords was set to 0.15. Various network
structures were analyzed by adjusting the threshold, and the final value was selected to
construct a social network that best explains digital therapeutics. We found that seven
keywords—program, healthcare, agent, analysis, diagnostics, therapy, and predict—despite
being patent keywords required for digital therapeutic technology, were isolated and not
connected to the entire network group. To gain a more detailed understanding of social
network visualization, we performed the visualization again after excluding these seven
keywords, and the results are presented in Figure 9.
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Figure 9 is a part of Figure 8. That is, Figure 9 is the result of deleting the seven
keywords—analysis, predict, agent, therapy, diagnostics, program, and healthcare—that are
isolated and not connected to the network in Figure 8. Therefore, we can better understand
the structure of the keyword nodes connected to the network through Figure 9, although,
from Figure 8, we can still understand the entire network, including the isolated keyword
nodes. It was observed that 12 keywords—device, data, patient, information, monitoring,
computing, remote, interface, signal, network, software, and wireless—are positioned at the
center of the keyword network, describing digital therapeutic technologies. Additionally,
we observed that five keywords—data, computing, signal, learn, and software—function
as intermediaries facilitating connections between the other keywords. To confirm the
importance and relevance of each keyword, we calculated three performance evaluation
measures commonly used in social network analysis (degree, closeness centrality, and
betweenness centrality) and show them in Table 7.

Investigating the results in Table 5 from the perspective of degree measure, we can see
that they are distributed very diversely, from the keywords ‘monitoring’ and ‘computing’,
with the highest degree of 28, to seven isolated keywords with a degree of 0. Also, we find
that the closeness centrality is very widely distributed, from the keyword computing, which
has the highest value of 0.6207, to seven keywords with values of 0. Finally, we can see
that the betweenness centrality is widely distributed, from the keyword ‘data’, with the
largest value of 62.7908, to 11 keywords with a value of 0. Next, Table 8 shows the top
10 keywords based on degree and centrality.

We found that the results for degree and closeness centrality are similar. That is, we
could identify that the top 10 keyword lists in terms of degree and closeness centrality are
identical. On the other hand, we confirmed that the results for betweenness centrality are
different from those for degree or closeness centrality. From the results in Tables 7 and 8,
we can see that the keywords data, information, computing, signal, device, and software are
important to developing digital therapy technology. Next, in Figure 10, we present a social
network visualization using the top 10 factors and BFA.

From the results in Figure 10, we found that Factors 1, 3, and 9 are important and
necessary technologies for digital therapy technology; this is because they are connected
to many other factors and are also centrally located in the network. That is, technologies
based on device systems, patient monitoring, and signal processing represent the core
technologies for digital therapy technology. The technologies of Factors 5 and 7, represent-
ing electronic control and sensing systems, respectively, are also central technologies for
developing digital therapy technology. We confirmed that data analysis, the most important
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technology in digital therapy, is directly connected to four technologies: device system,
patient monitoring, software agent, and display system. To investigate the technology
network consisting of 10 factors in more detail, we computed the degree and centrality of
the factors and show the results in Table 9.

Table 7. Degree and centralities of the 30 keywords.

Keyword Degree Closeness Betweenness

agent 0 0.0000 0.0000
analysis 0 0.0000 0.0000

brain 14 0.4828 1.9152
computing 28 0.6207 35.9638

control 14 0.4713 0.0000
data 26 0.5977 62.7908

database 2 0.3420 0.0000
device 24 0.5862 29.9565

diagnostics 0 0.0000 0.0000
display 6 0.4195 1.9800
electron 10 0.4397 2.0667

healthcare 0 0.0000 0.0000
image 12 0.4540 0.0000

information 24 0.5862 21.6287
interface 20 0.5402 25.0724

learn 16 0.4943 35.0467
machine 4 0.3391 0.0000

measurement 18 0.5287 17.8191
monitoring 28 0.6149 23.8256

network 22 0.5632 5.7263
patient 26 0.5977 14.8674
predict 0 0.0000 0.0000

program 0 0.0000 0.0000
remote 24 0.5805 7.4007
sensor 10 0.4368 1.1500
signal 24 0.5747 25.5908

software 24 0.5862 21.6287
therapy 0 0.0000 0.0000

user 8 0.4368 19.7153
wireless 24 0.5805 13.8555

Table 8. Top 10 keywords by degree and centrality.

Ranking Degree Closeness Betweenness

1 computing computing data
2 monitoring monitoring computing
3 data data learn
4 patient patient device
5 device device signal
6 signal information interface
7 information software monitoring
8 software wireless information
9 wireless remote software

10 remote signal user
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Table 9. Degree and centralities of 10 factors.

Factor Degree Closeness Betweenness

factor 1 12 0.8333 19.6667
factor 2 8 0.7222 9.3333
factor 3 14 0.8889 24.0000
factor 4 2 0.5000 0.0000
factor 5 8 0.7037 0.0000
factor 6 8 0.7037 6.6667
factor 7 8 0.7037 0.0000
factor 8 2 0.5185 0.0000
factor 9 10 0.7778 4.3333
factor 10 4 0.5370 0.0000

The degree measure results show that Factors 1, 3, and 9 have values larger than 10. In
addition, we found that the closeness centralities of Factors 1, 3, and 9 are ranked in the top
three. Thus, these three factors are major technologies in digital therapy technology. On
the other hand, we could confirm that the betweenness centrality result is slightly different
from those for degree and closeness centrality. From the betweenness centrality result, we
can see that Factor 2 is newly included in the top three factors. To compare the importance
of all the factors within the network, we rank the factors in terms of degree and centrality
in Table 10.

Table 10. Factor ranking by degree and centrality.

Ranking Degree Closeness Betweenness

1 factor 3 factor 3 factor 3
2 factor 1 factor 1 factor 1
3 factor 9 factor 9 factor 2
4 factor 2 factor 2 factor 6
5 factor 5 factor 5 factor 9
6 factor 6 factor 6 factor 5
7 factor 7 factor 7 factor 7
8 factor 10 factor 10 factor 10
9 factor 4 factor 8 factor 8

10 factor 8 factor 4 factor 4
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From the results in Table 7, we found that the ranking list of degree and closeness
centrality are the same. However, the ranking by betweenness centrality was slightly
different from that by degree and closeness centrality. We found that among the top three
factors by betweenness centrality, Factor 2 was included instead of Factor 9, which was
included in degree and closeness centrality. Using the results in Figure 10 and Tables 6–9,
we constructed a technology diagram for digital therapy in Figure 11.
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We built the technology diagram using the factor definitions described in Table 6
instead of the argument numbers. In Figure 11, the four sub-technologies within the
square box represent Factors 1, 2, 3, and 9, while the six sub-technologies outside the box
correspond to the remaining factors, excluding the four within the box. We can see that all
the sub-technologies required in the field of digital therapeutics are based on data analysis
technology. Also, we identified that the technologies related to remote patient monitoring,
device systems, and signal processing are central technologies in digital therapy.

5. Discussion
Compared to previous studies on patent keyword analysis, this paper has two major

advantages. First, we identified factors that are latent variables in order to find hidden
patterns among the detailed technologies of the target technology. To this end, this paper
proposes a patent keyword analysis method using BFA, a factor analysis based on Bayesian
inference. Second, we constructed a technology diagram for each factor representing
detailed technology using social network visualization and closeness and betweenness
measures. By obtaining technological factors related to our target technology, digital
therapy, and using these to construct a technology diagram, we were able to identify the
technological structure between detailed technologies in the digital therapy domain.

From the experimental results, we found that the data technology is most important in
digital therapy. Also, the technology of data analysis is influenced by the sub technologies
based on remote patient monitoring, device system, and signal processing. That is, it was
found that it is most important to process and digitize signals indicating the patient’s con-
dition using a device system that can monitor the patient remotely and accurately analyze
them to treat the patient. In addition, we were able to confirm that interfaces between
patients and computers, software agents, sensing, and predicting patient conditions are
also essential technologies in the field of digital therapy.

Our research can be extended from BFA analysis and social network visualization to
Bayesian causal inference and Bayesian visualization. We infer technological causal relation-
ships between keywords from a model that applies Bayesian causal inference and use these
results to build a Bayesian network [38–41]. Through this, new research will be conducted
for an advanced model to identify the causal structure between technology keywords.
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6. Conclusions
In this paper, we propose a novel patent keyword analysis method to enhance the

understanding of target technology. Traditional patent keyword analysis models have
struggled to identify latent technology structures within detailed technologies in a specific
domain. To overcome this limitation, we combined BFA with social network visualization
to analyze patent keywords. We performed our experiments using patent data related
to digital therapy. The patent documents were retrieved from patent databases across
the world and preprocessed to construct a patent-keyword matrix. Through BFA, we
extracted the factors representing detailed technologies in the digital therapy domain.
Subsequently, we employed social network analysis to visualize these factors. Based on
the visualization results, we developed a technology diagram to better understand the
technological structure of digital therapy.

Our results show that digital therapy technology data analysis is core in the digital
therapy domain, and the technologies of remote patient monitoring, device systems, and
signal processing are the supporting technologies for data analysis. We also found that tech-
nologies based on software agents, patient interfaces, predictive machines for user states,
sensing systems, display systems, and electronic controls are necessary for developing
digital therapy. This study can contribute to technology management, such as the estab-
lishment of technology strategies, analyzing target technologies, and deriving actionable
insights across various technological domains in digital therapy technology. This study can
be utilized for patent technology keyword analysis for technology management in various
domains, as well as in digital therapy technology. In particular, our proposed method is
expected to contribute to various technology analyses using patent keyword data.

Our proposed method is mainly based on a statistical approach that applies the
Bayesian inference to FA for patent keyword analysis. Using the posterior distribution
of Bayesian statistics, we can model uncertainty. In conventional FA, all the parameters,
including the factor loadings have fixed constant values; but in BFA, they all follow a
probability distribution. Uncertainty cannot be explained by a single constant value, but
modeling uncertainty becomes possible by using probability distributions. This is why we
propose a model that applies Bayesian posterior probability distribution to FA in this paper.
If Bayesian inference is applied to machine learning such as neural networks, we can expect
more diverse results and better performance. Thus, in our future work, we aim to apply
more advanced statistical approaches to uncover latent structures and further improve the
efficiency of understanding target technology. That is, we will study a new patent keyword
analysis method that applies Bayesian neural networks, which is Bayesian deep learning,
to latent variables obtained by BFA.
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