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Abstract: Patents contain detailed information of researched and developed technologies. We
analyzed patent documents to understand the technology in a given domain. For the patent data
analysis, we extracted the keywords from the patent documents using text mining techniques. Next,
we built a patent document-keyword matrix using the patent keywords and analyzed the matrix
data using statistical methods. Each element of the matrix represents the frequency of a keyword
that occurs in a patent document. In general, most of the elements were zero because the keyword
becomes a column of the matrix even if it occurs in only one document. Due to this zero-inflated
problem, we experienced difficulty in analyzing patent keywords using existing statistical methods
such as linear regression analysis. The purpose of this paper is to build a statistical model to solve the
zero-inflated problem. In this paper, we propose a regression model based on quantile cumulative
distribution function to solve this problem that occurs in patent keyword analysis. We perform
experiments to show the performance of our proposed method using patent documents related to
blockchain technology. We compare regression modeling based on a quantile cumulative distribution
function with convenient models such as linear regression modeling. We expect that this paper will
contribute to overcoming the zero-inflated problem in patent keyword analysis performed in various
technology fields.

Keywords: patent keyword analysis; quantile cumulative distribution function; regression; patent
document; patent-keyword matrix

1. Introduction

Patent keyword analysis (PKA) is important to technology management because a
patent contains extensive and detailed information about the developed technology. Using
the PKA results, we can build research and development (R&D) plans and strategies for
the target technology. In general, for PKA, we extract technology keywords from patent
documents using text mining techniques [1,2]. Using the extracted keywords, we construct
a patent-keyword matrix for PKA based on statistics and machine learning algorithms.
The matrix consists of elements representing the frequency values of keywords that occur
in patents [1,3-5]. In most cases, this matrix has a sparse data structure that suffers from
the zero-inflated problem [3-5]. This is because a keyword that is included in even just
one patent document becomes one column in the matrix [3-5]. The sparse zero-inflated
problem reduces the performance of PKA models [4,6]. As such, we have to solve the
zero-inflated problem for PKA. Many existing studies rely on statistical models such as
the zero-inflated Poisson and negative binomial models to solve the problem [5,7-11].
Recently, studies based on machine learning methods such as generative models have
been conducted to solve the zero-inflated problem [4,5]. However, existing models have
limitations in that model performance deteriorates as the proportion of zeros included
in the data increases [3-5,7,8]. To solve this problem, we consider a regression model
based on a quantile Cumulative Distribution Function (CDF) [12-14]. We call this model
CDF-based Quantile Regression Model (QRM) in this paper. To verify the performance
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of the CDF-based QRM, we perform experiments using patent documents related to
blockchain technology.

The motivation for this research is to appropriately deal with the zero-inflated problem
that occurs in patent keyword data analysis. In particular, we study a method to over-
come the extreme zero-inflated problem, where the proportion of zeros in the given data
exceeds half. Since the extreme zero-inflated problem is difficult to solve even with existing
statistical zero-inflated models, we need to find new methods to solve it.

The remainder of this paper is organized as follows. We survey works related to our
research such as regression and zero-inflated models in Section 2. In Section 3, we present
the theoretical explanation of our proposed method and the analysis process step by step.
In addition, we present the performance evaluation indexes of comparative models in this
section. Next, we show the improved performance and validity of our proposed method
from the experimental results using patent documents related to blockchain technology
in Section 4. In this section, we compare the model performance of the CDF-based QRM
with traditional linear regression and statistical zero-inflated models. In the Section 5, we
illustrate how the proposed method can be applied to practical tasks in various domains.
Lastly, we provide the conclusions and future works related to our research in Section 6.

2. Related Works

Patent analysis has been performed in various technology domains such as photo-
voltaic, medicine, mountain logistics, climate change, artificial intelligence (Al), surgery,
and energy [15-21]. This is because when developers register a technology they have
developed as a patent, they are guaranteed exclusive rights to use their technology for a
certain period of time. Therefore, we analyze patents to understand these technologies.
Also, we use the results of patent analysis for technology management such as Research
and Development strategy development. PKA, which we propose in this paper, is also a
field of patent analysis. PKA mainly extracts technology keywords from the abstracts and
claims contained in collected patent documents and analyzes them. In this process, we use
text mining and various data analysis methods based on statistics and machine learning.

The regression model is very popular in machine learning as well as in statistics [12,22-24].
This model consists of independent and dependent variables called X and Y, respec-
tively [22]. Regression analysis is statistical modeling that explores relationships between
variables [24]. We can predict Y for a given X using regression analysis [19]. Figure 1 shows
a process of regression modeling [23].
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Figure 1. Regression modeling process.

We assume that the response variable Y adds the error e to the explanatory variables
X Using X and Y, we create the linear regression model (LRM) as follows.

Y = f(X) +e (1)
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In Equation (1), fg(X) is Bo + B1X1 + B2X2 + - - - + Bp X, and we estimate the model
parameters, B = (Bo, B1,2, - - Bp) that minimize the error using the least squared loss
function [12,24]. The error represents a random noise included in observed data and follows
a normal distribution with a mean (1) = 0 and variance = ¢2. This model has provided
good performance in exploring the relationship between X and Y in most data, including
errors with a mean of 0 and equal variance [24]. However, we have difficulty in using the
LRM when the given data does not satisfy the model assumptions [9-11]. In particular,
if the given data has many extreme values, we cannot use the LRM [4-6]. To solve the
problems of LRM, we can consider the QRM [13,25]. Quantile regression aims to model
the impact of explanatory variables on the quantile of the response variable. The QRM
finds the conditional quantile of Y just as the regression based on the least square method
estimates the conditional mean of Y [9]. We can apply both continuous and count data to
QRM. QRM is a model that can be used when the given data do not satisfy the normality
assumption and are asymmetric or contain many outliers. In the PKA, we found that the
patent-keyword matrix contains zero-inflated data that is sparse and asymmetric. As such,
we propose a method to analyze the patent keywords using QRM. In addition, we consider
the CDF for our PKA model based on QRM because we aim to predict the specific quantile
of each patent keyword.

In statistics, the zero-inflated model is typically used to analyze data that contain a
lot of zeros [8,10,11]. This model has been used to solve the zero-inflated problem that
occurs in various domains [26-29]. The zero-inflated model based on statistics is defined
as follows [9]:

()

T+ (A -mf(x),x=0
P(X_x)_{ (1—7)f(x), x>0

In Equation (2), f(x) is a density of random variable X = x. In the statistical zero-inflated
model, the probability model of X is separated into two parts of zero and non-zero [9-11].
The 7 represents the probability of zero occurrence. Although the statistical zero-inflated
models have been used to overcome the problem that arises in various data analysis
processes, they have shown a problem in that model performance deteriorates as the
proportion of zeros in the data increases [3-5]. Therefore, in this paper, we propose a PKA
method using QRM for analyzing patent keyword data with a high zero ratio.

3. Proposed Method
3.1. Patent—Keyword Matrix

The reason we analyze patent keywords is because patent keywords represent tech-
nologies. Many governments and companies around the world are working hard to
establish R&D strategies for new and promising technology development in order to sur-
vive in the fierce technological competition. For this purpose, understanding of technology
is essential, and one of the effective methods for understanding technology is patent key-
word analysis. In order to analyze patent keywords, we construct a patent-keyword matrix
from patent documents. However, since a significant portion of the elements in this matrix
are zero, existing data analysis methods have limitations. For example, if the given data
contains too many zeros, the explanatory and predictive power of models built using this
data will be reduced. To solve this problem, in this paper, we propose an analytical method
for patent keyword data. The patent keyword data are generated from the title and abstract
parts of patent documents. In general, we search the patent documents related to the target
technology from various patent databases in the world using a keyword search equation.
For our PKA, we preprocess the searched patent documents using text mining techniques
as follows [1,2].

(TM.1) Searching patent documents related to target technology.
(1-1) Using keyword searching equation, we collect the patent documents related to the
target technology.
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(1-2) By examining all the retrieved patents, we select valid patents that can be used
for analysis.

(TM.2) Building structured patent data by text mining.

(2-1) Using tokenization and normalization, we preprocess the patent documents to create
the corpus.

(2-2) By extracting keywords from the corpus, we construct a patent-keyword matrix.

In the first text mining (TM.1) step, we determine the target technology for PKA. In
this step, we collect the patent documents related to the target technology from various
patent databases. In addition, we select the valid patents from the collected patent docu-
ments. Using tokenization and normalization methods such as stemming, lemmatization,
lowercasing, and removing stopwords, we preprocess the valid patent documents and
make a corpus of them in the second text mining (TM.2) step. Finally, we extract the
patent keywords from the corpus and construct the patent-keyword matrix. The rows and
columns are patent documents and keywords from the vocabulary, respectively. Also, the
matrix values are the frequency values of each keyword in a document. Therefore, through
the text mining process of making text corpus, parsing, and constructing text database, we
build a patent-keyword matrix [1,3,4]. We define this matrix M using Equation (3).

M:(Freqi]-),i:1,2,...,pj:1,2,...,n 3)

where p and 7 are the numbers of keywords and patent documents, respectively. Also,
Freq;; is frequency value of the jth keyword occurring in the ith patent. The observed data
of F req;; is distributed to Poisson probability distribution with parameter A as follows.

X = Freqi]-, X ~ Poisson(A), A>0,x=0,1,2,... 4)

In Equation (4), X has values greater than or equal to zero, but most X values are zeros.
This is one cause of the deteriorating performance of statistical analysis models in PKA.
This is the problem we aim to solve in this paper. Next, we normalize the frequency values
of the patent-keyword matrix as follows.

Freq;; — Min

Freqi]-_mr ~ "Max — Min ©)

Max and Min represent the maximum and minimum among all values of F req;; in
Equation (5). According to Equation (5), the range of values that Freq;; ,,. can have changes
the values of Freg;; from an integer greater than 0 to a real number between 0 and 1. In
most cases, the patent-keyword matrix has the zero-inflated problem. That is, most of the
frequency values are zeros. This becomes a factor that seriously reduces the performance of
the analysis model. Therefore, we have to deal with this problem for PKA. We try to solve
this problem using the CDF-based QRM in our study.

3.2. Quantile Regression Modeling Based on Cumulative Distribution Function for PKA

The patent-keyword matrix is asymmetric and sparse because of the zero-inflated
problem of matrix elements. Most of the elements in the matrix have the value zero.
Therefore, the matrix has a very imbalanced data structure. Because of the characteristics
of the patent-keyword matrix with such an asymmetric structure, we have difficulty in
analyzing patent keywords using statistical techniques. This problem reduces the analytical
performance of statistical methods and machine learning algorithms. To solve the problem,
we propose a method of PKA using CDF-based QRM. The CDF is defined as follows [9,12].

F(y) =P(Y <y) (6)

In Equation (6), F(y) is the value of CDF of Y = y and is computed by the probability
of Y <y. Also, the g-th quantile of Y is a value of between 0 and 1. Therefore, we have to
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change the value of Y to a (0,1) interval. In our study, we normalized the frequency value of
response keywords to a real value between 0 and 1. This approach is similar to PKA using
beta regression modeling. The probability distribution corresponding to a random variable
Y with support between 0 and 1 is the beta distribution [9,24]. Though the regression
analysis model based on the beta distribution can be used for PKA, as the zero-inflated
problem becomes more severe, the beta regression model also shows limitations in model
performance like existing regression models [4-6]. Therefore, we use CDF-based QRM to
analyze the patent-keyword matrix data. This models the CDF of the response variable
(keyword) Y and makes predictions for specific quantiles of Y. In other words, we can use
the model to estimate the probability that the response variable is below a certain value.
Because the CDF-based QRM has robust characteristics that are not significantly affected by
extreme values such as outliers, we use this model for analyzing patent keywords with the
sparsity problem of zero inflation. The CDF with a location parameter y and a dispersion
parameter ¢ is defined with the following equation [13,25].

G(X =x,1,0) = F[U(H*l(x),y,a)], 0<x<1 —w<p<oo,0<0 7)

In Equation (7), the random variable X has the support (0,1) and two parameters, u
and ¢. F and H are a CDF and an invertible CDF with supports D; and D5, respectively. U
is a suitable transformation from D;(—00,0) to D5(0, o) for applying u and ¢. In addition,
H~!(x) is a corresponding quantile function from D; to D,. Using this CDF quantile
family in Equation (7), we carry out the CDF-based QRM for our PKA. To estimate the
parameters, we carry out maximum likelihood estimation (MLE) for all parameters based
on a gradient [12,13,23,25]. For the CDF in Equation (7), the probability density function
(PDF) is defined as in Equation (8) [24,25].

g f ()

o

G(X=uxpu,0)= ,0<x <1, —o<u<oo,0<0o (8)
where f(x) and q(x) are the PDF corresponding to F and the quantile density function
corresponding to H~!. We differentiate the log of G with respect to # and ¢ and dropping
g. As such, the regression model has two sub models as follows [13]:

Lu(p) =x"B 9)

Ly(6) =276 (10)

where Equations (9) and (10) are the models for location (i) and dispersion (), respectively.
x and z are the vectors of predictors. Also, § and J are the vectors of coefficients. In this
paper, we use the link functions of identity and log for L, and L. In the next section, we
conduct experiments using patents related to blockchain technology to evaluate the model
performance. We illustrate our PKA process of CDF-based QRM as follows.

(Step.1) Patent data collection and preprocessing.

(1-1) Searching patent documents from patent databases.

(1-2) Extracting keywords from searched patents using text mining.

(1-3) Constructing the patent-keyword matrix from extracted keywords.

(Step.2) Data preparation and normalization.

(2-1) Determining response and explanatory variables (keywords).

(2-2) Normalizing response variable to a (0,1) interval.

(Step.3) Data analysis.

(3-1) Building the CDF-based QRM.

(3-2) Evaluating model performance using loglikelihood, AIC, and BIC.

Our proposed PKA method consists of three steps. In Step.1, we collect patent doc-
uments related to the target technology from patent databases such as the United States
Patent and Trademark Office (USPTO). We extract keywords from the collected patent



Electronics 2024, 13, 4247

6 of 13

documents using various text mining techniques. For patent analysis, we construct a matrix
consisting of patents and keywords for rows and columns, respectively. Also, each element
of the matrix is the frequency of occurrence of each keyword in the patent document.
Next, we select response and explanatory variables according to the target technology
and the aim of the patent analysis. For CDF-based QRM, we normalize the value of the
response variable to a (0,1) interval. In the final step, we use the CDF-based QRM to
analyze the patent-keyword matrix, which is sparse and has the zero-inflated problem. In
this paper, we compared the CDF-based QRM with the LRM. This is because the LRM is
widely used in the field of keyword data analysis. We used three indexes to evaluate the
performance between the comparative models. First, we use the loglikelihood, defined as in
Equation (11) [9,13,24].

L(6]x) = Y i, log(f(xi]6)) (11)

where 6 and 1 are the model parameter and data size. f(x;|€) is a joint probability density
(or mass) function of x; given 6. The larger the loglikelihood value of a model is, the
better the model fits the data. Next, we consider the Akaike information criterion (AIC) to
evaluate the performance of model fitting. This is represented in the following equation [23].

AIC = —2L(x|8) + 2k (12)

In Equation (12), f is the maximum likelihood estimate of § and L(x|0) is the maximum
loglikelihood function given x. Also, k is the number of explanatory variables. The smaller
the AIC value, the better the fitting performance of the model. Lastly, we apply the
Bayesian information criterion (BIC) index to evaluate the performance of comparative
models. The value of BIC is computed as follows [23]:

BIC = —2L(x|0) + k x log(n) (13)

The BIC is an index that adds consideration to data size n to the AIC in
Equation (13). As with the AIC, in the case of the BIC, the smaller this value is, the
better the model performance is. In this paper, we compared the proposed QRM with LRM
and a zero-inflated model in terms of explanatory and predictive power. Loglikelihood is
an index that measures the explanatory power of the model, and the AIC and BIC are
indexes that compare the predictive power between models.

4. Experiments and Results

The experiments were carried out using practical patent documents to illustrate how
the proposed method can be applied to real fields. We collected patent documents related
to blockchain technology from world patent databases [30,31]. Blockchain technology
has been developed by relying on the blockchain-related technologies such as bitcoin
and cryptocurrency. So, in this experiment, we provide the technological relations be-
tween blockchain technology and other related technologies based on the keywords of
blockchain, access, authentication, bitcoin, cryptocurrency, databank, distributor, encash,
ledger, network, and secretkey. In this paper, we determined blockchain technology as our
target domain. Blockchain is defined as a technology for securely managing data across
distributed systems [6]. We select the keyword blockchain as the response variable and
use the remaining ten extracted keywords (access, authentication, bitcoin, cryptocurrency,
databank, distributor, encash, ledger, network, and secretkey) for explanatory variables
(X1, X2, ..., X19). Figure 2 shows the process of our proposed modeling of PKA.
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Figure 2. Patent keyword analysis process.

First, we collected the patent documents related to blockchain technology using
keyword search expression from patent databases across the world [30,31]. Next, we chose
the valid patents representing blockchain technology and preprocessed the valid patent
documents. In our experiments, we used the R project as a tool for statistical analysis. R is
a free, open-source piece of software that supports statistical analysis and visualization [32].
The current version of R has been upgraded to 4.4.2. Up until now, R has been widely used
for statistical analysis of data generated in various fields [33]. We also used the tm package
of R for text mining [1]. This package provides many functions for preprocessing of text
data using natural language processing [1,2]. Lastly, we used the cdfquantreg package of
R for QRM [14]. In addition, using the functions provided in the R base module and the
pscl package, we carried out performance evaluation between the proposed model and
the comparative models [32,34]. The elements of this matrix are the frequency values of
the keywords occurring in the patent documents. This is structured data that can be used
in CDF-based QRM. Also, we determined the keyword of blockchain for the dependent
variable and used the other keywords for independent variables in this experiment. To
select the patent keywords for blockchain technology, we considered the results of keyword
extraction from previous research related to blockchain technology analysis [32]. Therefore,
we determined one response variable (blockchain) and ten explanatory variables (access,
authentication, bitcoin, cryptocurrency, databank, distributor, encash, ledger, network, and
secretkey). We used the R project and package for our experiment [1,2,14,32-34]. Table 1
shows the summary statistics of the patent keywords.
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Table 1. Summary statistics of blockchain patent keywords.

Keyword Min Median Mean Max
blockchain 0 2 4.4140 38
access 0 0 0.2606 11
authentication 0 0 0.4763 16
bitcoin 0 0 0.1701 20
cryptocurrency 0 0 0.2115 11
databank 0 0 1.7800 24
distributor 0 0 0.5626 14
encash 0 0 0.1058 4
ledger 0 0 0.8892 26
network 0 0 0.9332 16
secretkey 0 0 0.5144 10

In the results in Table 1, we found that the patent-keyword matrix data is very sparse
and zero-inflated because most elements of the matrix are zeros. The median values of
most keywords were also zero. Therefore, we have difficulty analyzing the patent keyword
data using traditional data analysis methods. To overcome the problem, we proposed
patent keyword analysis using CDF-based QRM in this paper. In the CDF-based QRM, the
response variable must have real numbers between 0 and 1. So, we changed the values of
blockchain keyword by the following normalization.

Blockchain — Min(Blockchain)
Max(Blockchain) — Min(Blockchain)

Blockchain ormatization = (14)

Using the Equation (14), the values of the response variable are changed to numerical
values in the interval (0,1). The model of patent keyword analysis consists of one response
variable of the keyword blockchain and ten explanatory variables of all keywords except
blockchain as follows.

Y: blockchain
X1, X2, ..., Xq0: access, authentication, bitcoin, cryptocurrency, databank, distributor, en-
cash, ledger, network, secretkey

Using the indexes of (11), (12), and (13), we compared the performance between
CDF-based QRM and LRM. Table 2 shows the results of model performance between the
compared models according to loglikelihood, AIC, and BIC. In this paper, we compared
our proposed QRM with LRM and the zero-inflated model in terms of explanatory and
predictive power. Loglikelihood is an index that measures the explanatory power of the
model, and AIC and BIC are indexes that compare the predictive power between models.

Table 2. Results of performance evaluation between comparative models.

Loglikelihood AIC BIC
Model
QORM LRM VAl QORM LRM VAl ORM LRM VAl

access 1370.29 549.57 —3621.28 —2734.59 —1093.14 7250.55 —2719.36 —1077.91 7270.85
authentication 1370.81 548.26 —3627.43 —2735.61 —1090.51 7262.86 —2720.39 —1075.29 7270.85
bitcoin 1397.82 553.43 —3610.05 —2789.63 —1100.85 7228.10 —2774.41 —1085.63 7248.40
cryptocurrency 1402.22 557.10 —3598.48 —2812.43 —1108.21 7204.97 —2797.20 —1092.98 7225.27
databank 1383.69 561.47 —3599.97 —2761.38 —1116.94 7207.93 —2746.16 —1101.71 7228.23
distributor 1370.23 548.67 —3625.33 —2734.45 —1091.35 7258.66 —2719.23 —1075.13 7278.96
encash 1370.55 549.89 —3623.16 —2735.11 —1093.77 7254.32 —2719.88 —1078.55 7274.62
ledger 1390.69 573.09 —3528.22 —2775.38 —1140.18 7064.44 —2760.16 —1124.95 7084.74
network 1374.97 555.71 —3612.41 —2743.93 —1105.43 7232.82 —2728.70 —1090.20 7253.12
secretkey 1382.74 551.14 —3622.10 —2759.47 —1096.27 7252.20 —2744.25 —1081.05 7272.50
All keywords 1486.48 610.57 —3429.08 —2948.96 —7797.14 6902.16 —2888.06 —1136.24 7013.81
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In Table 2, to compare the performance of CDF-based QRM and LRM, we built simple
models consisting of one keyword each and a full model using all keywords. First, the
loglikelihood result shows that the loglikelihoods of CDF-based QRM for all keywords are
larger than those of LRM. This shows that the results of patent keyword analysis using
CDF-based QRM are better than those of the LRM. Next, in the comparison results based
on AIC, the AIC values of CDF-based QRM are smaller than those of LRM for both the
model using all keywords as well as the model using each keyword. We illustrate that
CDF-based QRM is superior to LRM from the AIC perspective. Lastly, we compared the
BIC values between CDF-based QRM and LRM. In Table 2, we can see that the BIC values
of CDF-based QRM are larger than those of LRM. This means that the model performance
of CDF-based QRM is better than LRM. Therefore, we show the validity of our proposed
approach to patent keyword analysis from the comparison results by loglikelihood, AIC,
and BIC.

The last column of each index that evaluates the performance of the model presents
the results of the analysis using the statistical zero-inflated model. In this paper, we used
the zero-inflated Poisson (ZIP) model as a statistical zero-inflated model [10,11]. This model
uses the Poisson distribution as the probability function of the statistical zero-inflated
model. The following shows the ZIP model [10,11].

4+ (1—met,x=0
P(X = X) = ef)\/\x (15)
(1- n)T, x>0

Equation (15) uses the probability function of the Poisson distribution as f(x) in
Equation (3). In Equation (15), the A is the parameter of Poisson distribution. In all indexes
of loglikelihood, AIC, and BIC, we confirmed that model performance of ZIP is inferior
to that of QRM or LRM. This is because the proportion of zeros included in the patent—
keyword matrix data exceeds half, as we confirmed in Table 1. Therefore, we could confirm
that our QRM is superior to the LRM or ZIP models. Finally, we represent the estimated
parameter and p-value of each keyword in Table 3.

Table 3. Estimated parameter and p-value of each keyword.

Keyword Estimated Parameter p-Value
access 0.4714 0.3091
authentication —0.2966 0.3479
bitcoin —3.0515 <0.0001
cryptocurrency —3.7862 <0.0001
databank 0.4457 <0.0001
distributor —0.5016 0.1500
encash 0.9106 0.3098
ledger 0.6810 <0.0001
network 0.7086 0.0007
secretkey —2.6537 <0.0001

Depending on the keyword, we found that some keywords have a positive impact
on blockchain while others have a negative impact. Additionally, through the result of
p-value, we confirmed that the keywords bitcoin, cryptocurrency, databank, ledger, net-
work, and secretkey have a statistically significant impact on blockchain technology because
the p-values of these keywords are less than 0.05 at the 95% confidence level. We can apply
the results in Table 3 to various technology management areas such as R&D planning. From
the result of Table 3, we constructed a technology diagram of blockchain in Figure 3.
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Figure 3. Blockchain technology diagram.

Among the 10 keywords related to blockchain, we can see that the keywords of bitcoin,
cryptocurrency, databank, ledger, network, and secretkey have a statistically significant
effect on blockchain. Therefore, we can see that technologies based on these keywords
are primarily necessary for the development of blockchain technology. We expect that
these results will contribute to R&D planning for blockchain technology development in
countries and companies.

5. Discussion

From the result of Table 1, we found that the patent keyword data related to blockchain
technology exhibit the zero-inflated problem. So, we used the proposed method to solve
the problem. From the results in Table 2, we confirmed that the performance of QRM
is better than those of the LRM and ZIP. Therefore, we estimated the model parameters
and their p-values using the QRM in Table 3. Lastly, using the results in Table 3, we
constructed a technology diagram of blockchain in Figure 3. From the results in Figure 3,
we found that the sub-technologies based on the keywords of bitcoin, cryptocurrency,
databank, ledger, network, and secretkey have a significant influence on the development
of blockchain technology. In this paper, we applied the proposed method to analyze patent
keyword data related to blockchain technology. From our experimental results, we showed
how our method could be applied to real technology domains. Although the practical
technology domain we used is blockchain, we believe that our proposed method can be
extended to other technology fields. Once the target technology is determined, patent
keyword analysis can be performed according to each step of the method proposed in
this paper. Through this, we can conduct patent analysis necessary for R&D planning,
new product development, technology forecasting, and technology innovation required in
technology management.

In addition, we derived the QRM based on CDF to analyze the patent keywords. The
patent-keyword matrix, which is usually used for patent keyword analysis, contains a
large number of zeros, making it difficult for us to use existing linear models. If there are
too many zero values, the zero values dominate the model building, which reduces the
model performance. To solve this problem of zero inflation, we studied and proposed the
CDF-based QRM in this paper.

In our study, we tried to identify the relationship structure between technologies
through the PKA. Figure 3 was the final result obtained from our study. The technol-
ogy diagram of Figure 3 provides a list of keywords that are statistically significant for
blockchain technology. Therefore, in order to effectively develop blockchain technology;,
we must pay attention to detailed technologies based on these keywords. However, the
results in Figure 3 do not provide any predictive information about the future technology
of blockchain. In order to continuously develop blockchain technology, we need to predict
the technology of blockchain. In addition, predicting the next technology related to the
target technology will also be very meaningful in understanding the technology. To this
end, it would also be meaningful to study how to use machine learning methods to predict
the next behavior of animals [35]. Just as past patterns of animal behavior can be analyzed
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to predict future behavior, past patterns of technological development can be modeled to
predict future technologies.

6. Conclusions

This paper presents a statistical model in order to solve the zero-inflated problem. We
collected patent documents related to blockchain technology and analyzed them using a
statistical data analysis method. Blockchain technology is a data management technology
with distributed secure applications in various domains such as the financial field of Bitcoin.
This technology is based on decentralization, immutability, transparency, and security. In
this process, we constructed a patent-keyword matrix using preprocessed data for statistical
analysis. Each element of this matrix is a frequency value of a keyword’s occurrence in a
patent document. Because most of the elements in this matrix are zero, we had difficulty
analyzing this matrix using statistical analysis methods including the zero-inflated model.
Therefore, we proposed a method of PKA to overcome the zero-inflated problem in the
preprocessed patent data. Compared to existing single models such as LRM, we considered
an analysis model consisting of two sub models representing location and dispersion. In
addition, we changed the value of the response variable to a (0,1) interval. This is the
concept of the CDF-based QRM.

In our experiment, we compared the model performance of the CDF-based QRM
with LRM and ZIP to show the improved performance of our model. We searched the
patents related to blockchain technology. The analytical results provided by the CDF-based
QRM, LRM, and ZIP were evaluated using loglikelihood, AIC, and BIC. We found that all
experimental results of the CDF-based QRM were better than those of the LRM and ZIP.
Therefore, we showed the validity of the CDF-based QRM for our PKA. In the CDF-based
QRM, we normalized the scale of the response variable y to solve the zero-inflated problem
and confirmed the improved performance of the proposed method.

In this paper, the proposed model was used to finally select technology keywords
that have a statistically significant impact on blockchain technology. We had difficulty
identifying technological relationships between patent keywords using our proposed model.
However, understanding the interrelationship structure between the sub-technologies
required for blockchain technology development is an important task in understanding this
technology. This part represents the limitations of our study. To overcome the limitation of
our proposed model, we considered social network analysis (SNA) and Bayesian learning.
In our future works, we apply SNA to our CDF-based QRM to make a technology diagram
representing the technological relations between the patent technology keywords. In
addition, we will apply Bayesian learning to the CDF-based QRM. We call this Bayesian
learning for QRM. In this model, we assume the prior distributions for the parameters of the
QRM model. This learning model updates the model parameters using the given data. That
is, we will be able to improve the QRM performance of explanatory and predictive power
using the Bayesian learning process whenever new data are added. The prior distribution of
the parameters is updated by combining it with the likelihood function of newly observed
data to form the posterior distribution of the parameters. That is, the parameters become
random variables with probability distribution functions rather than fixed values and can
be effectively used in the analysis of a zero-inflated patent-keyword matrix. Our research
is expected to contribute to various fields by improving understanding of technology and
finding relationships between detailed technologies through our PKA.
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