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Abstract: Patent keyword analysis is used to analyze the technology keywords extracted from
collected patent documents for specific technological fields. Thus, various methods related to
this type of analysis have been researched in the industrial engineering fields, such as technology
management and new product development. To analyze the patent document data, we have to search
for patents related to the target technology and preprocess them to construct the patent-keyword
matrix for statistical and machine learning algorithms. In general, a patent-keyword matrix has
an extreme zero-inflated problem. This is because each keyword occupies one column even if it is
included in only one document among all patent documents. General zero-inflated models have
a limit at which the performance of the model deteriorates when the proportion of zeros becomes
extremely large. To solve this problem, we applied a Bayesian inference to a general zero-inflated
model. In this paper, we propose a patent keyword analysis using a Bayesian zero-inflated model to
overcome the extreme zero-inflated problem in the patent-keyword matrix. In our experiments, we
collected practical patents related to digital therapeutics technology and used the patent-keyword
matrix preprocessed from them. We compared the performance of our proposed method with other
comparative methods. Finally, we showed the validity and improved performance of our patent
keyword analysis. We expect that our research can contribute to solving the extreme zero-inflated
problem that occurs not only in patent keyword analysis, but also in various text big data analyses.

Keywords: patent keyword data; zero inflation; zero-inflated Poisson regression model; Bayesian
inference; text mining

1. Introduction

Patent analysis is a very popular approach for the management of technology (MOT),
such as new product development, technology innovation, and research and development
(R&D) planning. Many researchers have attempted to derive the insights necessary from
the results of patent analyses for MOT [1-3]. Most patent analysis studies focus on the
analysis of the relationships between the keywords included in patents [1,4,5]. This method
analyzes the patent keywords extracted from the searched patent documents related to
the target technology. Generally, patent keyword data are analyzed using statistical and
machine learning algorithms. For analyses based on statistics and machine learning, the
patent documents must be transformed into structured data, such as a patent-keyword
matrix [1,5]. In this matrix, the patent document and keywords are assigned to the row
and column, respectively. Each element of the matrix is the frequency value of a keyword
that has occurred in a patent document. In general, most elements of the matrix are zero.
This is because a keyword included in only one document among all patent documents
requires an entire column. Thus, in patent keyword analysis, we encounter the extreme
zero-inflated problem. This problem is a major cause of the deteriorating performance of
prediction models for patent keyword analysis.

Until now, various data analysis methods have been studied to solve the zero-inflated
problem [6-18]. These have mainly been probability models based on mixture distributions
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using Bernoulli, Poisson, and negative binomial distributions. Zero-inflated probability
models are built by dividing them into a part where many zero values occur and a part
where non-zero observed values occur. Therefore, they have a structure that is a mixture
of two different models. One is the zero-inflated binomial part, and the other is the count
Poisson part. Bayesian modeling is another approach to zero-inflated data analysis. Many
researchers have studied Bayesian models to solve the zero-inflated problem in various fields.
Oganisian et al. (2021) proposed a Bayesian nonparametric model for zero-inflated data
analysis [10]. They applied their proposed Bayesian model to pathological data for prediction,
clustering, and causal estimation. Lee et al. (2020) studied Bayesian variable selection for
multivariate zero-inflated models, and they also focused on biology in terms of microbiome
count data [11]. Hwang (2022) applied a Bayesian joint model to analyze zero-inflated count
data in developmental toxicity studies [12]. He also considered the zero-inflated model with
Poisson distribution and Monte Carlo simulation. In addition, various studies using Bayesian
inference have been conducted to solve the zero-inflated problem [13-17].

However, when the proportion of zeros becomes extremely large, exceeding half of
the total data, there are limits to analyzing it with a general zero-inflated model [4,5].
Therefore, we need another approach to solve the extreme zero-inflated problem that
occurs in patent keyword analysis. We conducted a patent keyword analysis that applies
Bayesian inference to a general zero-inflated model to overcome the extreme zero-inflated
problem. In this paper, we propose a method of patent keyword analysis using a Bayesian
zero-inflated model and text mining. Using text mining techniques, we constructed a
patent-keyword matrix as the structured data. Also, we analyzed the matrix using a
Bayesian zero-inflated model.

In the next section, we discuss the research background, such as text mining for patent
data and zero-inflated count modeling. The proposed method for the patent keyword
analysis is shown in Section 3. Our experimental results are presented in Section 4. In that
section, we explain the theoretical and practical issues related to our proposed method and
experimental results. Following that is a discussion section that explains the effectiveness
of the proposed model and how it is used in real applications. The conclusions of our
research and possible future works are described in the last section.

2. Research Background
2.1. Text Mining for Patent Data

To analyze patent keywords, we built structural data from patent documents using text
mining [1,19]. We searched the patents related to the target technology from patent databases
around the world. Patent documents contain a variety of information on a developed technol-
ogy, such as the patent title, abstract, inventors, claims, technological codes, citations, issued
date, drawings, etc. [5]. Thus, using the patent analysis, we can find valuable results for the
MOT. The process of text mining for patent data is represented as follows.

In Figure 1, the first step was to search the patent documents related to the target
technology in the patent databases. The collected patent data were unstructured. Thus, we
preprocessed the patent documents to be transformed into structured data. In this step,
we used various text mining techniques such as data import, text cleanup, tokenization,
corpus, filtering, stemming, etc. [19]. Next, we created a patent-keyword matrix using
the keywords extracted from the structured data. This matrix comprised the frequency
with which a keyword occurred in each patent document. In this case, a zero-inflated
problem occurs because a significant portion of the matrix elements have the value of
zero. This problem causes the performance of the analysis model to deteriorate. To solve
this problem, many studies have been conducted in the fields of statistics and machine
learning [4,6-8,18,20,21]. Lastly, we construct a patent analysis model analyzing the patent—
keyword matrix using statistics and machine learning algorithms. Therefore, we need a
more advanced model to analyze the zero-inflated data from the patent documents. In the
next section, we illustrate the zero-inflated count models for analyzing the patent-keyword
matrix with zero inflation.
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Figure 1. Process of text mining for patent keyword data.

2.2. Zero-Inflated Count Model

To analyze the count data, such as the frequency of patent keywords, we use the
generalized linear model (GLM) with Poisson and binomial distributions [22-24]. For
example, the Poisson linear regression model is represented as follows.

log(A) = Bo + P1x1 + Paxa + -+ + Bpxp 1)

In Equation (1), the link function of Poisson regression is log function. A is the Poisson
parameter representing the average number (rate) of occurrences. In addition, the negative
binomial regression is a widely used model for analyzing count data [25,26]. In count data,
we use the Poisson distribution if the mean and variance of the random variable are similar;
otherwise, we use the negative binomial distribution [27]. The count data models make it
difficult to properly analyze the data if the given data contain excessive zeros [4,21]. The
problem of zero-inflated data was introduced by Lambert (1992) [28]. As the proportion of
zeros in the given data increases, the influence of zeros in the process of building an analysis
model increases. In other words, when zero-inflated data are analyzed using a general
statistical model, the performance of the constructed model deteriorates. For example, the
coefficient of determination (R?) of a regression model for zero-inflated data becomes very
small and the AIC value becomes very large, making the constructed model unusable [4,21].
Consequently, we need research on ways to solve the zero-inflated problem.

In general, the zero-inflated model is a statistical model analyzing the count data
with zero inflation [4,8,20,21,25-28]. We assume that zero occurs for two reasons in the
zero-inflated model [27]. The first is a structural zero generated from the binomial distri-
bution and the second is a random zero generated from the Poisson distribution. So, the
zero-inflated model consists of two components [26,27]. The first one is the zero-inflated
component. This component models the excess zeros in the data. The second one is the
count component. This deals with the non-zero counts in the data, and follows a count
distribution such as Poisson or negative binomial. The zero-inflated models are commonly
used in various fields, including epidemiology, ecology, medicine, health care, and toxicity,
where count data with excess zeros are frequently encountered [8,9,14,15,20]. They allow
the modeling of both the probability of observing a zero count and the distribution of
non-zero counts simultaneously. The zero-inflated model is defined as Equation (2) [27].

fwt(1-w)f(0) ,y=0
P(Y”{wa—wﬁ(y) >0 @

where f(-) is a probability distribution function. In the zero-inflated Poisson (ZIP) model,
the function is the probability mass function of the Poisson random variable, as follows [28].

e MY
f(y)ZT,yZO,l,z,... 3)
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In Equation (3), A is the parameter of Poisson distribution and represents the mean
value of occurred events. Also, we use the negative binomial distribution for f(-) in
the zero-inflated negative binomial (ZINB) model [26]. To date, the research addressing
the issue of zero inflation has been conducted across a spectrum of disciplines, including
statistics and machine learning [4,6,7,21,22]. Park and Jun employed the compound Poisson
model as a methodological approach to mitigate the zero-inflated challenge encountered
in the analysis of patent data [5]. They partitioned the provided dataset into zero and
non-zero areas, subsequently employing compound Poisson and gamma distributions.
Hilbe (2011) explained the ZIP and ZINB to overcome the sparsity of zero inflation in
count data analysis [26,27]. Jun (2024) tried to deal with the zero-inflated problem using
the generative adversarial network (GAN) as a deep learning [22]. In addition, several
studies that introduced Bayesian statistics to handle the zero-inflated problem have been
conducted [6,7,9,29]. Neelon and Chung (2017) used Bayesian inference and the latent
factor model to analyze zero-inflated count data using Markov Chain Monte Carlo (MCMC)
and data augmentation [7]. In the next section, we explain our proposed method for patent
keyword analysis.

3. Proposed Method for Patent Keyword Analysis

Patent keyword analysis is used to analyze the relations between the patent keywords
using statistics and machine learning algorithms. The main purpose of patent keyword
analysis is to identify relationships between detailed technologies in a specific technological
field and generate the knowledge necessary for MOT. For example, we use the analysis
results to identify core technologies, survey technological development trends in the
market, establish R&D strategies, perform intellectual property management, develop new
products, achieve technological innovation, and forecast future technology. To generate
patent keyword data for the target technology, we extract the title and abstract from each
collected patent document. Using the text mining techniques, we preprocess the title and
abstract data to construct the patent-keyword matrix, as follows [20].

(Step 1) Data import: cleaning up and structuring the input text for further works
(Step 2) Stemming: removing word suffixes to the root form

(Step 3) Whitespace elimination: erasing white space

(Step 4) Lowe case conversion: converting the words to lower case

(Step 5) Stopwords removal: removing common words used in most patents

In Step 1, we import the patent documents collected from various patent databases.
Next, through Steps 2 to 5, the suffix of each word is erased, white spaces are removed,
all words are changed to lowercase, and stopwords that are not necessary for keyword
analysis are removed. Using the preprocessing results from Steps 1 to 5, we perform the
following five class buildings to construct the patent-keyword matrix for patent keyword
analysis [20].

(Class 1) Corpus: patent document collection, a database for patent documents
(Class 2) Patent text document: each patent managed by patent document collection
(Class 3) Patent text repository: a repository used for tracking patent collections
(Class 4) Patent-keyword matrix: a bag of words for further patent keyword analysis

Starting with creating a corpus class, classes for patent text documents and patent
text repositories are built, and finally a patent—keyword matrix class is constructed. We
analyze this matrix in the patent keyword analysis. In this paper, we propose a statistical
method to analyze the patent keyword data with zero inflation. To analyze the zero-inflated
keyword data, we use the Bayesian ZIP regression model combining Bayesian inference
and ZIP modeling.

The existing ZIP regression model estimates parameters using the maximum likelihood
estimation (MLE) method. If the sample size is large enough and the percentage of zero
inflation is not large, the parameters estimated by MLE are efficient estimators. However,
if the sample size is small or the percentage of zero inflation is large, especially when the
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percentage of zero inflation becomes greater than 50%, the parameters estimated by MLE
are no longer efficient. This is because the likelihood function defined as follows depends
on the size n of the observed data [29].

Loly) =TT, f(vil6) @)

where 6 is the parameter and y represents the observed data. In general, we estimate 0,
which maximizes the likelihood function in Equation (4). In addition, because the likelihood
function depends 100% on the observed data, if y contains too many zeros, the estimation
process for 6 is also overly influenced by zeros, so it is difficult to efficiently estimate 6. For
example, the MLE of the parameter of the Poisson distribution is the mean of the observed
data. This is dependent on the zero values in the observed data. To solve this problem,
we study a method able to analyze patent keywords by applying Bayesian inference to
ZIP. In the Bayesian ZIP model, because we use the prior distribution for §, the parameter
estimation process does not completely depend on the observed data.

The proposed method consists of a text mining step to preprocess the collected patent
documents and a Bayesian zero-inflated modeling step to analyze the preprocessed patent
keyword data. First, using the search equation for target technology, we retrieve the
patent documents related to target technology from patent databases such as the United
States Patent and Trademark Office (USPTO) and the Korea Intellectual Property Rights
Information Service (KIPRIS) [30,31]. We chose digital therapeutics as our target technology.
Recently, various research and developments in digital therapeutics are actively underway
in the healthcare field. To analyze the patent documents, we preprocess the document data
using text mining. Using text mining techniques such as corpus and parsing, we extract
technology keywords from the retrieved patent documents. In addition, we construct
the patent-keyword matrix from the extracted keywords. The patent-keyword matrix
constructed by our patent keywords is shown in Figure 2.

accept access accord accur achiev acid acoust across action activ actuat acut

0 0 0 0 0 0 0 0 2 3 0 0
0 0 0 0 0 0 0 0 0 6 0 0
0 0 0 0 0 0 0 1 0 0 0 0
adapt addit address adhes adjust administ administr advers affect affix agent
0 | 0 0 0 0 0 0 0 0 0
0 0 0 1 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0
alarm alert algorithm allevi allow alon also alter altern alzheim amelior amino
0 0 0 0 0 0 0 0 1 0 0 0
0 0 0 0 0 0 4 0 4 0 0 0
0 0 0 0 0 0 0 0 1 0 0 0
among amount analog analysi analyt analyz anatom andor anim anoth antagonist
0 0 0 2 0 0 0 0 0 0 0
0 0 0 0 0 0 0 - 0 0 0
0 0 0 0 0 0 0 0 0 0 0
antenna antibodi antigen apparatus appli applic appropri area arrang array
0 0 0 1 2 0 0 0 0 0
0 0 0 0 1 0 0 0 0 0
0 0 0 0 1 1 1 0 0 0
arthriti articl artifici aspect assay assembl assess assign assist associ
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0

Figure 2. Patent-keyword matrix of digital therapeutics technology.

Figure 2 shows a part of the entire patent-keyword matrix. Each column and row
represent a keyword and a document, respectively, and the elements of this matrix are the
number of keywords included in the patent document. As can be seen in Figure 2, most
elements in the patent-keyword matrix generally have the value of zero. This is due to the
characteristics of the patent-keyword matrix, where the size of columns is larger than the
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rows. In other words, even if a keyword is included in only one patent document among
all patent documents, it occupies one column in the matrix. This zero-inflated problem is a
major cause of the deterioration of the performance of prediction models based on statistics
and machine learning. In order to solve the zero-inflated problem of patent keyword data,
in this paper, we propose patent keyword analysis using a Bayesian ZIP regression model.
Next, we explain our proposed model based on Bayesian ZIP for patent keyword analysis.

The ZIP distribution is used when more zeros are observed than occur under the
assumption of the Poisson distribution. If the data that follow the ZIP distribution are mod-
eled using the general Poisson distribution, a biased estimation occurs for the zero-inflated
portion, degrading the performance of the prediction model. The ZIP model assumes
that zero occurs for two reasons. The first is a structural zero that occurs from a binomial
distribution and the second is a random zero that occurs from a Poisson distribution. The
probability mass function (pmf) of the response variable Y in the ZIP regression model
consisting of P explanatory variables is shown in Equation (5) [28,29].

ey = "G A

where w is the probability of zero occurrence and A represents the Poisson parameter along
with x. The Poisson probability function in Equation (5) is defined as follows [32]:

e MY
p(ylr) = Y =012 ©)

In Equation (6), the Poisson parameter is defined as the predictor, eXf. The ZIP model
builds a regression model consisting of two parts, binomial zero inflation (w) and the
Poisson count (A). First, the regression model for w is defined as follows [33]:

w
10g<1_w> =TX0+T1iXx1 + X2+ -+ Xy = XwT (7)

In Equation (7), q is the number of explanatory variables (covariates) used to predict w
of the binomial model in ZIP and xp is 1 in (7). Next, the ZIP regression model for A is as
follows [33]:

log(/\) = Boxo + B1x1 + Paxa + -+ Bpxp = X,B (8)

In Equation (8), p is the number of explanatory variables used to predict A of the
Poisson model in ZIP. g4 and p may be the same or different. In other words, the list of
explanatory variables used in the binomial model and Poisson model included in ZIP
may be the same or different. Therefore, in the ZIP regression model, w and A appear as
Equation (9).

1
w = oy A =eXaP 9)

The final regression model can be expressed as Equation (10) [12,28]:

1 1 —eXAP
—Xwa + 1- —Xwa e ’y = 0
P(Y =ylap) =4 ' ( e w) y (10)
1— 1 e NP >0
]J,-g*xwl’f ]/' 4 y

In the ZIP regression model, the regression coefficient is estimated using the MLE
method, but if the zero ratio becomes extremely large, the performance of the model
deteriorates [4,9,19,22]. To solve this problem, we use a Bayesian ZIP regression model
that applies Bayesian inference to the ZIP regression model. The likelihood function in the
Bayesian ZIP model is as follows [12,28].
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In Equation (11), n is the data size and S; is the indicator function in Equation (12).
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Therefore, the likelihood function is divided into zero states and non-zero states
based on S;. Next, we use the normal distribution as the prior distribution for « and g in
Equation (13) [12,28]. This is because the coefficients of a regression model can take on a
whole range of real numbers.
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Using the previous likelihood function and prior distribution, we obtain the posterior

distribution, as follows [12,28]:
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We estimate the model parameters using the posterior distribution obtained in
Equation (14). In fact, when the model is complex or the number of parameters is large, pa-
rameter estimation becomes difficult and we perform posterior inference using the MCMC
method. Therefore, we carry out the patent keyword analysis using the Bayesian ZIP
regression model to overcome the limitations of the Poisson and ZIP models related to the
zero inflation problem. Figure 3 shows the entire process of our proposed patent keyword
analysis, from collecting patent documents to the patent keyword analysis.

KIPRIS
USPTO

Extracted
Keywords

Retrieved

patents

ﬁ —

Text mining
(corpus, parsing)

Searching equation Text mining

(text database)

Bayesian ZIP

Zero-inflated Eatentheyword

. [ < matrix with zero
regression Poisson regression inflation
MCMC Bayesian inference Modeling zero-inflated count data
Bayesian Patent keyword Relationships
— —
predictive model analysis between keywords

Bayesian ZIP model Overcoming zero-inflated problems

Figure 3. Process of our proposed patent keyword analysis.
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For the patent keyword analysis, we transform the searched patent documents into a
patent-keyword matrix using text mining techniques. In this way, an extreme zero-inflated
problem occurs in the preprocessed patent keyword data. This is a major cause of the
deterioration of the performance of prediction models in patent keyword analysis. This
problem cannot be solved even with a general zero inflation model such as ZIP. To solve this
extreme zero inflation problem, we propose the performance of patent keyword analysis
using the Bayesian ZIP model, which applies Bayesian inference to the ZIP model.

To compare the performance of models such as Poisson regression, ZIP and Bayesian
ZIP, we use the interval estimation of model parameters. We compare the range of estimated
intervals for the regression coefficients of each model. In order to obtain the interval range
for comparing model performance, we divide the interval range of the parameter into
Bayesian and non-Bayesian cases. First, in the case of non-Bayesian models such as Poisson
regression and ZIP, we estimate the 100(1 — «)% confidence interval of the regression
coefficient using Equation (15) [29].

O ty/5(u2)SE(9) (15)

where o is the significance level valued from 0 to 1 and SE (é) is a standard error of §. Next,
in the Bayesian ZIP, we use the highest posterior density (HPD) interval for the interval
range. The 100(1 — «)% HPD interval for 6 is defined as follows [33]:

PO, <6< 0yly) =1—a (16)

In Equation (16), 8;, and 0y are the lower and upper bounds of the HPD interval,
respectively. In addition, P(6;]y) is larger than P(6;|y) if 6; € (6;,0y) and 6; ¢ (01, 6y).
Although the confidence interval of the frequentist and HPD interval of the Bayesian
model are different, we used two intervals because we were comparing the range of the
95% interval for the mean of the estimated parameter. In Bayesian inference, the final
information about 6 is in the posterior distribution, so the interval estimate also depends
on the posterior distribution. If the interval has the same confidence level, we estimate the
interval containing many 6 values with a high posterior density function. In practice, it is
difficult to accurately obtain the posterior distribution of 6, so the Bayesian HPD interval is
obtained using Markov Chain Monte Carlo (MCMC) as follows [29,33].

(Step 1) Sampling 6* from Q(G’Q(t—1)>
(Step 2) Computing acceptance probability

perly) Q0)e)
(9(1‘—1) ‘y) Q (9* |9(t—1))

o« =min| 1,
P

(Step 3) Selecting ()

u ~U(0,1)
0* u<a
t) —
o = {Q(t_l) u>uw

In Step 1, we obtain a new sample §* from the density of Q (G’B(t’l)) at time (t — 1).

Next, we compute the acceptance probability of 6* in Step 2. Finally, we decide whether
to choose 0* by comparing the acceptance probability obtained in Step 2 with the value
randomly drawn from the uniform distribution, U(0,1). The generated samples must
be independent of each other. However, because MCMC generates new samples using
previous results, the samples are dependent on each other. Moreover, warm-up time
is required for the samples to converge to the posterior distribution. To deal with this
problem, we perform the task of burn in, discarding samples initially generated during the
sampling process using MCMC. We construct the HPD interval using the MCMC for model



Stats 2024, 7

835

W OJo G d WN -

comparison. In the next section, we perform the experiments using the practical patent
data to compare the performance of Bayesian ZIP with Poisson regression and ZIP models.

4. Experiments and Results

To compare the performance of the proposed method, we collected patent documents
related to digital therapeutics technology and used them in our experiments. We compared
the model performance of Bayesian ZIP regression with Poisson and ZIP regression. In
particular, we evaluated the performance of each model using the 95% confidence interval
(CI) for the regression coefficient of each model. The CI for the regression coefficient
refers to the set C that satisfies the following equation, given the observed value x of X [34].

PBeCX=x)=1—« (17)

In Equation (17), « is the significance level and has a value between 0 and 1. In this
paper, we set a as 0.05 (95% CI) to obtain the CI and used it to evaluate the performance of
comparative models. In particular, since most information about parameter j in Bayesian
inference is considered to be summarized in the posterior distribution, we also obtained the
interval estimation based on the posterior distribution. Also, we performed our experiments
using R data language and its packages [20,35,36].

4.1. Text Mining for Constructing Patent-Keyword Matrix

To perform the patent keyword analysis, we searched the patent documents related
to digital therapeutics technology from the USPTO and KIPRIS [30,31]. Through the valid
patent selection process, we finally selected 2,685 patent documents. Using the text mining
techniques, we extracted 675 patent keywords from the text database. Among them,
we selected 12 technology keywords as follows: ‘analysis’, ‘compute’, ‘digit’, ‘generate’,
‘intelligent’, ‘learn’, ‘machine’, ‘network’, ‘sensor’, ‘signal’, ‘smart’ and ‘therapeutics’.
Figure 4 shows the patent-keyword matrix for our patent keyword analysis using the
Bayesian ZIP regression model.

analysis compute digit generate intelligent learn machine network sensor signal smart therapeutics

2

OCOO0OUOULOOOOOODODOOOOOO

0

OQOOONONOOOOOOFHOOOOOO

. 0 0 0 0 0 0 0 0

OCOO DO OOWOOOOKFFKFEFEEF®
OQOOONONOOOWOOOOOOOKFO
[eNeoNoNoNeNoNoNeNoNeNoNolNo R gl St e N
[eNeoNoNoNeoNoNoNoNoll tloNoNeoNoNeNoNoNe Nl
COO0OO0OWOOOOOOOOOOOOOO
HFOOOOOOOOONNOOOOOOO
[eNeloNoNoloNolloNoNolololoNoNoloNoNo o)
OO O0OOKFHOOOUOOODOOOOOOO
Wb NOOOOOOOOOKFFKFEFFEFFEFOOW

Figure 4. Patent-keyword matrix for our patent keyword analysis.

Using the patent-keyword matrix in Figure 4, we performed the patent keyword
data analysis. In our experiment, we used the keyword ‘therapeutics’ as a response
variable in the regression model. In addition, we used the keywords “analysis’, ‘compute’,
‘digit’, ‘generate’, ‘intelligent’, ‘learn’, ‘machine’, ‘network’, ‘sensor’, ‘signal” and ‘smart’
as explanatory variables to explain the response keyword. Figure 5 shows the frequency
distribution of the response keyword therapeutics.
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Figure 5. Frequency distribution of the keyword therapeutics.

In Figure 5, we can see that most frequency values were zeros. That is, these data
have a zero-inflated problem. The zero ratio of the response variable ‘therapeutics’ is
87.86%. In the next section, we use the Bayesian ZIP regression model to solve the extreme
zero-inflated problem that appeared in the patent keyword analysis.

4.2. Patent Keyword Data Analysis Using Bayesian ZIP Regression Model

For the performance comparison, we compared the Bayesian ZIP regression model
with the general Poisson and ZIP regression models. The response variable of the regression
model is the keyword ‘therapeutics’, and all other keywords are used as explanatory
variables. First, we built the general Poisson regression model. This regression model is
based on Poisson distribution, as follows [28].

—AaYi
e A
fy;1X) = —+, y,=0,1,2,.., 2685 (18)

Yi-

In Equation (18), y is the response keyword ‘therapeutics’” and X is the random vector
of explanatory keywords (analysis, compute, digit, generate, intelligent, learn, machine,
network, sensor, signal, smart). A; is the parameter of Poisson distribution and represents
the occurrence rate (mean) of an event. i is an index of the data size from 1 to n. The
regression equation derived from Poisson distribution is defined as follows [28].

log(A;) = X;B (19)

In Equation (19), B is the regression coefficient vector corresponding to X. This
is a generalized linear model (GLM) with Poisson distribution and a log link function.
Therefore, we construct the predictive model of y given X.

Ely,|Xi] = exp(X;B) (20)

We predict the expected frequency using the exponential function of the linear predictor
of X/B in Equation (20). Table 1 shows the analysis results of the Poisson regression model.

In Table 1, we show the p-values and regression coefficients of the explanatory key-
words. In addition, we can build the 95% confidence interval of the coefficient using the
value of 2.5% (lower) and 97.5% (upper). In the Poisson regression model, we found that
the variables of ‘keywords’, ‘intelligent’, ‘machine’, ‘sensor” and ‘signal’ statistically signifi-
cantly explain the response variable of the keyword ‘therapeutics’. To compare the model
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performance of the Poisson GLM with the ZIP regression model, we show the results of te
ZIP regression model in Table 2.

Table 1. Results of Poisson regression model.

Poisson
Keyword
p-Value Coefficient 2.5% 97.5%
analysis 0.0710 —0.2277 —0.4995 —0.0023
compute 0.3612 0.0396 —0.0525 0.1231
digit 0.6107 —0.0850 —0.4690 0.1871
generate 0.4939 —0.0469 —0.1852 0.0831
intelligent 0.0001 0.4070 0.1872 0.5993
learn 0.3789 —0.2505 —0.8578 0.2559
machine 0.0178 —1.6314 —3.4030 —0.5637
network 0.0976 —0.2186 —0.5096 —0.0135
sensor 0.0002 0.0994 0.0435 0.1468
signal 0.0051 0.1355 0.0412 0.2300
smart 0.2141 0.1821 —0.1684 0.4208
Table 2. Results of zero-inflated Poisson regression model.
Binomial Poisson
Keyword
p-Value Coefficient 2.5% 97.5% p-Value Coefficient 2.5% 97.5%
analysis 0.0468 —0.8504 —1.6886 —0.0121 0.0024 —0.7012 —1.1547 —0.2478
compute 0.0600 0.2429 —0.0100 0.4958 0.0001 0.3124 0.1615 0.4633
digit 0.6771 —0.2036 —1.1612 0.7541 0.4680 —0.2825 —1.0449 0.4800
generate 0.0461 —0.3884 —0.7701 —0.0067 0.0013 —0.3642 —0.5859 —0.1426
intelligent 0.1638 0.4683 —0.1905 1.1271 0.0001 0.7152 0.3635 1.0670
learn 0.9453 —19.9282  —4447.3093  4407.4530 0.0001 —2.3781 —3.4261 —1.3301
machine 0.9932 —12.5562 —833.8303 808.7180 0.0040 —1.9705 —3.3110 —0.6300
network 0.2798 —0.1420 —0.3993 0.1153 0.0136 —0.2302 —0.4130 —0.0473
sensor 0.6688 0.0279 —0.0999 0.1557 0.0001 0.2452 0.1191 0.3713
signal 0.3326 0.1328 —0.1357 0.4013 0.2739 0.1288 —0.1018 0.3595
smart 0.9804 0.0117 —0.9451 0.9686 0.5902 —0.1420 —0.6584 0.3744

In Table 2, the results of the ZIP model consist of two parts: count and zero-inflation
models. The count model is based on the Poisson distribution with log link function, and
the zero-inflation model is also based on binomial distribution with the logit link function.
In the zero-inflated binomial part, we found that the keyword ‘generate’ is significant
because its p-value is less than 0.05. In addition, we knew that the keywords ‘analysis’,
‘compute’, ‘generate’, ‘intelligent’, ‘learn’, ‘machine’, ‘network’ and ‘sensor” have p-values
less than 0.05 in the count Poisson part. Therefore, we could see that these keywords were
statistically significant. We also confirmed that the keywords ‘intelligent’, ‘machine” and
‘sensor’ appear significantly in both the general Poisson model and the Poisson (count)
model of ZIP. Unlike the analysis results for the Poisson model, we found that the absolute
values of the coefficients of the keywords ‘learn” and ‘machine’ in the ZIP model were very
large compared to other keywords. Additionally, we found that the difference between their
2.5% and 97.5% percentiles for the regression coefficient was very large compared to other
keywords. Through this, we were able to see that the ZIP model also shows limitations
when the proportion of zero in the given data is very large. To overcome this limitation, we
used the Bayesian ZIP model to analyze patent keyword data. Next, we show the results of
the patent keyword analysis using the Bayesian ZIP regression model in Table 3.



Stats 2024, 7

838

Table 3. Results of the Bayesian zero-inflated Poisson regression model.

Binomial Poisson
Keyword

Mean Median 2.5% 97.5% Mean Median 2.5% 97.5%
analysis 0.2479 0.0000 0.2479 0.2479 —0.9965 0.1624 —1.2947 —0.7232
compute 0.3704 0.0000 0.3704 0.3704 —0.3730 0.1038 —0.5235 —0.2348

digit 0.6838 0.0000 0.6838 0.6838 —0.2641 0.1468 —0.5677 0.0140
generate 0.2783 0.0000 0.2783 0.2783 —0.2629 0.0575 —0.3688 —0.1047

intelligent —0.1029 0.1939 —0.4831 0.2830 0.1684 0.1324 —0.1180 0.4122
learn 0.0638 0.0000 0.0637 0.0638 —0.6540 0.3595 —1.4477 —0.0427
machine —0.3008 0.2998 —0.8881 0.1367 —2.2396 0.7230 —3.3298 —0.5564
network 0.8103 0.0000 0.8103 0.8103 —0.9770 0.1705 —1.2864 —0.6796

sensor 0.1947 0.0000 0.1947 0.1947 0.0345 0.0295 —0.0200 0.0799

signal 0.1127 0.0000 0.1127 0.1127 0.2777 0.0559 0.1596 0.3512
smart 0.4618 0.0000 0.4618 0.4618 —0.5229 0.2187 —0.9659 —0.1316

In this experiment, we specified the number of MCMC generations as 2000. We
illustrate the mean, median, 2.5% and 97.5% percentiles of the regression coefficients of
explanatory keywords. From Table 3, we can see that the difference between 97.5% and
2.5% in the binomial distribution part is very small. We also found that the width of the
95% confidence interval (CI) in the Poisson distribution part of Bayesian ZIP was calculated
to be smaller than that in the Poisson part of the ZIP model. Also, we selected 2,000 as the
burn-in times of the MCMC computing. Table 4 shows the results of comparing the width
of the 95% CI between the three models: Poisson, ZIP, and Bayesian ZIP.

Table 4. Comparison of 95% confidence interval width between Poisson, ZIP and Bayesian ZIP.

7Ir Bayesian ZIP
Keyword Poisson . . . .
Binomial Poisson Binomial Poisson

analysis 0.4972 1.6765 0.9069 0.0000 0.5715
compute 0.1756 0.5058 0.3018 0.0000 0.2887
digit 0.6561 1.9153 1.5249 0.0000 0.5817
generate 0.2683 0.7634 0.4433 0.0000 0.2641
intelligent 0.4121 1.3176 0.7035 0.7661 0.5302
learn 1.1137 8854.7623 2.0960 0.0001 1.4050
machine 2.8393 1642.5483 2.6810 1.0248 2.7734
network 0.4961 0.5146 0.3657 0.0000 0.6068
sensor 0.1033 0.2556 0.2522 0.0000 0.0999
signal 0.1888 0.5370 0.4613 0.0000 0.1916
smart 0.5892 1.9137 1.0328 0.0000 0.8343

We found that the 95% CI width of the Bayesian ZIP regression model is the small-
est among the compared models in Table 4. We compared the 95% CI results of the
three comparative models with the occurrence frequency of explanatory keywords in
patent documents. Table 5 represents the frequency with which each keyword occurred in
patent documents.

The zero ratio of each keyword is as follows: analysis (94.00%), compute (90.73%),
digit (98.03%), generate (87.41%), intelligent (97.58%), learn (96.24%), machine (96.69%),
network (94.86%), sensor (91.58%), signal (94.38%), smart (98.32%), therapeutics (87.86%).
Therefore, we can see that the given patent keyword data are very zero-inflated. In other
words, they are beyond the level of zero inflation that can be handled in a general ZIP
model. In this paper, we applied the Bayesian ZIP model to solve the severe zero-inflated
problem that occurs in patent keyword data. From the comparison results in Table 4, we
illustrated that the performance of Bayesian ZIP is better than other models such as Poisson
regression and ZIP.
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Table 5. Frequency of keywords appearing in each document.

Keyword Frequency

0 1 2 3 4 5 >5

analysis 2524 106 31 13 9 2 0
compute 2436 128 84 16 5 2 14
digit 2632 33 11 4 4 0 1
generate 2347 195 91 28 16 5 3
intelligent 2620 42 12 7 4 0 0
learn 2584 77 11 10 2 0 1
machine 2596 51 19 10 2 1 6
network 2547 89 28 14 3 3 1
sensor 2459 97 76 26 13 3 11
signal 2534 82 33 19 6 3 8
smart 2640 38 5 0 0 1 1
therapeutics 2359 204 63 28 17 4 10

5. Discussion

In this paper, we studied a patent keyword analysis method able to deal with the
zero-inflated problem. Zero inflation is a problem that must be solved because it seriously
reduces the performance of data analysis models. Existing zero-inflated models for ana-
lyzing zero-inflated data, such as ZIP and ZINB, have provided effective performance in
zero-inflated data analysis. However, the patent-keyword matrix data constructed by pre-
processing the patent documents we collected have an extreme zero-inflated data structure
that contains an excessively large number of zero values. Therefore, we applied Bayesian
inference to the ZIP for analyzing the patent-keyword matrix. From our experimental
results, we were able to confirm that the Bayesian ZIP performed better than the existing
ZIP in the extremely zero-inflated data.

The Bayesian ZIP is used to deal with the zero-inflated problem that occurs in patent-
keyword matrix data and to reduce the interval width of the regression coefficient. There-
fore, we made it possible to analyze patent keyword data that provide improved per-
formance for the data containing many zero values. We can use the proposed model in
various real applications. Our practical application in this paper was in the field of digital
therapeutics technology. When applying the proposed model to a real problem, we first
determined the target technology and searched for related patent documents. Next, we
constructed a patent-keyword matrix through preprocessing using text mining techniques.
Using the Bayesian ZIP, we analyzed the matrix and found the relationships between the
patent keywords. The results of the patent keyword analysis can be used for diverse MOT
areas. For example, we can construct technology diagrams or trees, develop R&D strategies,
develop new products, achieve technological innovation, etc., using the results of patent
keyword analysis.

6. Conclusions

We proposed a patent keyword analysis method using a Bayesian ZIP regression
model to solve the extreme zero-inflated problem in the patent-keyword matrix. Using text
mining techniques, we preprocessed the collected patent documents to build the patent—
keyword matrix. This matrix consists of patent documents and technology keywords in
its rows and columns, respectively. Each element of the matrix represents the frequency
with which a keyword occurred in a patent. Most of the elements are zero values. This is
because, even if a keyword is included in only one patent among all patent documents, it
will have one column. Therefore, we have to solve this zero-inflated problem for technology
keyword analysis using statistical models and machine learning algorithms.

In general, we used the ZIP regression model for zero-inflated data analysis. However,
when the proportion of zeros in the given patent keyword data became extremely large,
we found that the performance of the general ZIP model deteriorated in our experimental
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results. We analyzed the patent-keyword matrix with extreme zero inflation using the
Bayesian ZIP model, and showed that the performance of Bayesian ZIP is better than
Poisson and ZIP models.

In this paper, we applied Bayesian inference to a ZIP model for patent keyword analy-
sis. In particular, we tried to solve the extreme zero-inflated problem contained in patent
keyword data. Various models have been proposed to solve the zero-inflated problem, such
as zero-truncated Poisson (ZTP), zero-truncated negative binomial (ZTNB) and ZINB. They
all have their own advantages and disadvantages in zero inflation data analysis. Thus, we
will study diverse Bayesian inference models to improve the performance of traditional
zero-inflated models for extreme zero-inflated data analysis in our future works. We also
applied hybrid Monte Carlo computing to construct the Bayesian inference models for
zero-inflated patent data analysis.
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