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ABSTRACT Companies and research institutes are acquiring monopolized technologies through patents to
survive in a rapidly changingmarket. The applicant is guaranteed by law the exclusive right to the technology
for a certain period. A prior art search is an essential task for this purpose. Therefore, the need for a successful
prior art search is increasing. Previous studies have disadvantages because relevant fields are limited,
requiring an in-depth understanding of specific technologies. This paper proposes a method to overcome
these limitations using patent text and citation information. The proposed method searches for prior art
using a citation network based on the shortest path derived from a breadth-first search.We examined based on
experiments whether the proposedmethod could be applied to the industry. Based on the results, the proposed
algorithm can efficiently search for prior art. Furthermore, it was possible to construct a counterstrategy based
on the characteristics of the applicant. The code will be made available at github.com/lee-ju/k_step_PIC.

INDEX TERMS Prior art search, graph traversal, citation network, document similarity, patent analysis.

I. INTRODUCTION
Patents give the inventor the right to exclude others frommak-
ing, using, or selling technology [1]. Furthermore, patents
are open to the public to promote industrial development.
As diverse industries grow, patents create value for intelli-
gent, autonomous, and interconnected technologies [2], [3].
Companies and researchers conduct research and develop-
ment (R&D) of new technologies and register them as patents
to keep pace with the rapidly changing technology market.

Recently, as technology has rapidly developed, the need
to improve the patent registration process has increased [4].
A patent is registered through a complex procedure—from
a specification prepared by an attorney to examination by
an examiner. Examiners search for prior art to evaluate the
novelty, right, and inventive steps of the technology. Prior
art is a document related to the novelty and inventive steps
claimed by the applicant. They cite prior art to improve the
quality and patentability of the technology [5].

Applicants, attorneys, and examiners should enhance the
completeness of patents using a prior art search (PAS) [6], [7].
When applicants conceal prior art, it prevents examiners from
rejecting applications, but the patent tends to be invalidated
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by the courts [8]. Furthermore, examiners may represent
true knowledge spillovers by citing the prior art omitted by
applicants [9]. Accordingly, PAS is a crucial task in the patent
registration process.

Nevertheless, examiners have spent significant time pro-
cessing one patent, which causes many problems [10]–[12].
Efficient PAS simplifies the registration process and pro-
motes industrial innovation by increasing patent quality [13].
The difficulties of PAS are as follows:

• PAS is a complex, cumbersome task even for a well-
trained examiner, and different results may be obtained
for the same patent [14], [15]. Therefore, the new PAS
method must produce efficient and consistent results.

• As new technologies proliferate, examiners have an
increasing amount of literature and knowledge to con-
sider, delaying reviews [16]. The improved PAS should
be a general-purpose method not limited to a specific
technology.

An inadequate PAS leads to unnecessary patent
litigation [17]. Therefore, a novel method that considers the
factors behind legal disputes should be designed. A success-
ful PAS affects applicants in several ways. First, applicants
can increase technology competitiveness through PAS [18].
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Applicants and attorneys examine prior art to determine the
superiority of their technology.

Second, the examiner decides whether to register the patent
accordingly and search for the existence of prior art. If no
prior art is similar to a new patent, the technology satisfies
novelty. Furthermore, the examiner requests an advanced
patent by notifying the applicant of the prior art. The appli-
cant then modifies the patent to satisfy the inventive step.
PAS helps to increase the quality, registration possibility, and
competitiveness of patents.

Second, PAS can enhance the market competitiveness
of applicants [19]. In business management, a company’s
decision-making on ‘‘maintenance or sale’’ and ‘‘manu-
facture or purchase’’ of R&D resources is crucial [20].
Companies must develop sustainable technologies to increase
their competitiveness. Furthermore, patents function as cat-
alysts for innovation. Companies can sustain their business
through patents. Consequently, PAS was the first of these
processes.

Third, PAS can lower the risk of patent litigation [21]–[25].
Companies need to recognize the importance of the PAS
because they can be protected from external threats from
technological competition [26]. As contention intensifies,
patent litigation is widely used as a strategic weapon [27].
Under United States patent law, if defendants are found to
infringe on plaintiffs’ rights, courts can issue orders to compel
them to stop manufacturing and selling products [28], [29].
Because these consequences can be fatal to companies
and cause huge losses, it is imperative to prepare for
them [30]–[32].

PAS is critical for increasing the competitiveness of appli-
cants in the technology and market and lowering the risk
of patent litigation. Thus, the PAS algorithm has several
objectives:
• We propose an algorithm to search for prior art that is
similar but has no citation relationship.

• The proposed method minimizes the parameters that
the examiner is involved in to derive consistent results
quickly.

• Because the algorithm uses natural language processing
(NLP), it can be universally applied to new technologies.

• The novel method may also explore prior art
that the applicant, attorney, and examiner were
unaware of.

• The algorithm’s output is not limited to the patent
level but can be extended to the applicant level, allow-
ing researchers to use the analysis results for diverse
purposes.

We propose an algorithm to overcome the shortcomings of
the existing method and increase its utility. The remainder
of this paper is organized as follows. Section 2 provides
related work on PAS. In Section 3, we describe the proposed
PAS method. Section 4 describes an experiment to verify the
applicability of the proposedmethod. Finally, conclusions are
presented in Section 5. The code of our algorithm is available
on the GitHub page: github.com/lee-ju/k_step_PIC.

II. RELATED WORK
Shalaby and Zadrozny [33] proposed a taxonomy of three
patent retrieval methods. The first is a keyword-based
method. Prior art can be searched using queries in a patent
database. Studies based on this method attempt to increase
the efficiency of the PAS by expanding or reducing the query.

The second method exploits the unique features of patents.
When a patent is filed, an international patent classifica-
tion (IPC) code is assigned by an examiner. Furthermore,
the patent cites prior art and is cited by other patents. The
metadata-based method uses an IPC code or F-term, which
morphologically divides patents for an efficient search.

The last method uses the semantic information of patents
through text mining or NLP. This method searches for prior
art based on document similarity.

A. KEYWORD-BASED APPROACHES
A query is a combination of keywords used when searching a
patent database. Researchers select relevant keywords based
on their knowledge and combine them to create a query.
A query using too few keywords searches for an extensive
range of patents. The results of the analysis based on this
search may contain errors. Conversely, a query that uses too
many keywords searches for a very narrow range of patents.
Thus, the analysis of these results may be biased.

PAS requires an appropriate range of queries. Jones [34]
argued that visualizing query aids with an efficient search.
This method formats the query by structuring the data to
be retrieved in a Venn diagram. Anick et al. [35] and
Ressell-Rose et al. [36] proposed a query-based tool for accu-
rate, repeatable, and transparent PAS. Furthermore, Tiwana
and Horowitz [37] conducted a study using keywords used in
queries to search for similar patents in a database.

Although the keyword-based approach is a traditional
method from previous studies, it has two limitations. First,
it relies on queries. This method may have different prior art
collected depending on the examiner. Second, it is essential to
understand the target technology for selecting the keywords
constituting the query. Therefore, work efficiencymay be low
because the examiner has to spend significant time investigat-
ing the prior art of the new technology.

B. METADATA-BASED APPROACHES
Patents are classified into chemical, mechanical, electri-
cal, and other categories according to the technology field.
PAS can also be used as a code for patent classification.
Harris et al. [38] proposed a method for investigating prior
art using the hierarchical structure of IPC. PAS using a
patent classification code such as IPC has the advantage that
consistent results can be derived. However, this method has
a disadvantage because it is challenging to investigate new
technical fields. Another limitation is that when two or more
technologies are combined, the meaning of the patent clas-
sification code may become ambiguous. In this case, it was
difficult to determine the scope of the prior art.
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Citations are among the relevant metadata for patents.
Citations related to legal rights can be used for the PAS
because they reflect the quality of a patent [39]. Furthermore,
forward citations, although often classified as innovative or
discontinuous concerning prior art, include the history of
technical prior art [40]. Couteau [41] argued that prior art
could be found by combining forward-searching and citation
analysis. Furthermore, Von Wartburg et al. [42] proposed a
citation network using family patents as weights to search
for similar patents. They emphasized that this method could
measure the cumulative inventive progress of technology.

Co-citation refers to different prior art being cited simul-
taneously by a later registered patent [43]. Previous studies
have scored the relationship between co-citations to exam-
ine prior art [44], [45]. Other studies have followed the
knowledge transfer of technology by co-citation [46], [47].
However, these methods are difficult to apply to new tech-
nical fields and have limitations in not reflecting the flow
of citations—because they include the development trend of
technology. Previous studies used only forward or backward
patents. Therefore, improved PASmethods need to reflect the
flow of citations.

C. SEMANTIC-BASED APPROACHES
A patent is a document composed of titles, abstracts,
and claims. The similarity between patents can be mea-
sured using a computer using NLP. Recently, as algorithms
for NLP have advanced, many studies have investigated
prior art using semantic information. No et al. [48] and
Nakamura et al. [49] proposed a matrix-based method that
merges co-citation information and co-word frequency. They
pointed out the problem of using either metadata or semantic
information when judging the similarity of a patent. Never-
theless, their methods are difficult to apply to co-words used
in new technologies.

Sanguri et al. [50] proposed a latent semantic analy-
sis method to address the problems of dictionary-based
semantic approaches. They extracted the latent information
from the text and calculated the similarity of the docu-
ment along with the co-citation relationship. Furthermore,
Cammarano et al. [51] suggested a correlation between
the citation relationship and a document’s latent semantics.
Korobkin et al. [52] developed multiple pre-trained latent
semantic models and obtained topic distribution of patents
for PAS. Their method made it possible to apply deep syntac-
tic relations and to calculate semantic similarities from large
amounts of text data.

A methodology for scientifically verifying the use of a
patent was recently proposed to measure the similarity and
novelty of a patent. Arts et al. [53] introduced a novel similar-
ity measure based on the United States Patent Classification
System. They demonstrated through large-scale experiments
in the entire patent population that text-matched patents were
more likely to be cited alongside each other in the same
document. Korobkin et al. [54] argued that a patent is relevant
if the key feature set extracted from the patent contains all

keywords based on chemical effect descriptions. They also
introduced a coefficient of relevance to rank sets of related
patents and developed amethod for extracting chemical effect
descriptions and technical features from patent databases.

PAS is also related to the specialization of examiners.
Righi and Simcoe [55] focused on results that depended
on examiner specialization when examining prior art. They
found a positive correlation between examiner specialization
and a more rigorous screening process. Furthermore, they
measured the similarity of the technology and examiners
based on the co-words of the patents and found that a patent
can be delegated to an examiner of the prior art. It can then
be registered quickly through professional review.

Arts et al. [56] proposed an NLP technique that can iden-
tify, based on the content of patent documents, the develop-
ment and impact of new and subsequent technologies. Their
method has been verified to replace the existing matrix by
experimenting with patents with different examination results
depending on the country. They argued that such a patent
lacks novelty due to its high similarity with the prior art.
Borodin et al. [57] introduced a process for identifying the
similarity of a solution to the problem a patent is trying
to solve. They assigned similarity coefficients for context
synonyms using structural parsing and an embedding model
based on neural network.

In previous studies, algorithms developed for PAS used
keywords, metadata, and semantic information. As the use
of NLP increases, the need for a semantic-based approach,
rather than keywords, increases. Semantic-based approaches
can mitigate the limitations of algorithms using keywords.
Therefore, the improved PAS algorithm should use seman-
tic information and metadata together. Thus, the improved
method is more efficient than before. Accordingly, this paper
proposes a PAS algorithm that can use both sources of infor-
mation.

III. PRIOR ART SEARCH
Let DATEi be the registration date of pi, which is the
i-th patent among n registered patents, and FC (pi) be the set
of patents citing pi. When the cited network is Gc = (Vc, Ec),
Vc is a patent, and Ec is a citation relationship. For example,
in this study, pj ∈ FC (pi) for two patents pi, pj ∈ Vc with
i 6= j, pj cites pi, expressed as e(pi, pj) ∈ Ec. Furthermore,
when the network representing the similarity of patents is
Gs = (Vs, Es), es(pi, pj) ∈ Es indicates that pi and pj
satisfy (1).

SIM
(
f (pi) , f

(
pj
))
≥ SIMmin (1)

Let f : pi → Rd be a function that maps the natural
language to an embedding vector that reflects the frequency
or context. SIM is a function that calculates the degree of
similarity of documents mapped to vectors. If the similarity
between the two documents is greater than the threshold
SIMmin, they are linked to Gs. For example, if SIM is a cosine
similarity, it is calculated as in (2), and the range of values
is−1 to 1. The closer the cosine similarity is to 1, the stronger
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FIGURE 1. The process of exploring k-step PIC in the proposed method. (a) An example of a patent citation network (Gc) with 10 nodes. (b) The result of
merging Gc and similarity networks (Gs). In the figure, p1 is similar to p2 but not to p3. (c) The process of finding the SP between two nodes in Gc. (d) p1
is similar to p5, but has no direct citation. (e) p1 is similar to p6, but without direct citation. (f) p1 is similar to p9, but without direct citation. The length
of SP found as BFS for p1 and p9 is 4. (g) With the graph for (d), the shortest path can be found with BFS. The length of the SP is 2. Therefore, p1 and p5
are one-step PICs. (h) The SP for (e). (i) The SP for (f).

the positive correlation [58]–[60].

SIM
(
f (pi) , f

(
pj
))
=

∑d f (pi)× f
(
pj
)√∑d f (pi)2

√∑d f
(
pj
)2 (2)

Fig. 1(a) illustrates an example of Gc, where n is 10.
In this case, p2 ∈ FC (p1) is established because p2 cites p1.
Fig. 1(b) illustrates a network that combines Gc and Gs. p1 is
similar to p3, p5, p6, p9, and p10. SIM (f(p1), f(p3)) is greater
than SIMmin, and SIM (f(p1), f(p7)) is not. Thus, p1 is more
similar to p3 than p7. This study measures the similarity
between a patent and its prior art based on this logic.

A. PIC-EXPLORER
The inventor searches for prior art to register the developed
technology as a patent. When they find prior art, they cite

a document. These activities can increase patentability by
inventing a technology that is more advanced than the prior
art. Therefore, it is essential for inventors to quickly and
accurately find similar patents. Furthermore, the attorney and
examiner should be able to find prior art to increase the
completeness of a patent.

An algorithm to solve this problemwas proposed [61]. The
researchers defined patents with indirect connections (PIC)
as a pair of similar patents with no direct citation rela-
tionship. Furthermore, they proposed PIC-Explorer (PIC-E)
to find PICs. PIC-E explores the relationship between
p1 and p5, as depicted in Fig. 1(d). p1 and p3 have
no direct citation relationship but are similar to each
other. p1 and p3 have the same technological development
flow as p1 → p2 → p3. PIC-E detects this by search-
ing for patents citing p1 and FC (p1). Next, it confirms
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whether p3 cites any patents among those belonging
to FC (p1).
PIC-E has several limitations:
• PIC-E can only find PICs, such as p1 and p3, that share
only one patent (=p2). This algorithm cannot search
for PICs, such as p1 and p6.

• This method finds a patent that connects the two patents.
Because of this mechanism, PIC-E has a very slow
search speed.

• The PIC-E approach produced ambiguous results.
In Fig. 1(b), p1 and p5 are PIC. If PIC-E is used, the two
patents are PIC with flow p1→ p4→ p5. However, the
two patents can also be connected in the flow of p1 →
p2 → p3 → p4 → p5. Therefore, different conclusions
may be drawn depending on which of the two paths are
used for PIC-E.

B. K-STEP PIC-EXPLORER
Several improvements have been proposed to solve the lim-
itations of PIC-E mentioned in the previous section: (i) it
should be possible to explore prior art that takes a longer path,
(ii) the search time is fast, and it should have broader scala-
bility, and (iii) the PIC derivation process should be clarified.
In this paper, we propose an algorithm that addresses the
problems with PIC-E. We define the k-step PIC as a relation-
ship in which two similar patents without direct citations are
connected through k patents. PIC-E, which was proposed in
previous studies, can only find a one-step PIC. However, the
proposed method can find a k-step PIC. We referred to this as
the ‘‘k-step PIC-Explorer (k-step PIC-E).’’

The following is a more detailed description of the pro-
posed algorithm. First, our method determines whether the
two patents are similar. If pi and pj are similar, es(pi, pj) ∈ Es
hold. Furthermore, ec(pi, pj) /∈Ec is satisfied if the two patents
are not cited. The input of the k-step PIC-E is a patent pair
that is similar but has no citation relationship. The k-step PIC
calculates the difference in registration dates to determine
which of the two patents was registered earlier. The time
difference (TD) calculated in (3) is the interval between the
registration dates of the two patents.

TD = DATEi − DATEj (3)

For example, when DATEi is January 1, 2021, and DATEj
is July 30, 2021, TD is −210, so it is negative. Therefore,
the algorithm determines that pi is a patent registered earlier
than pj through the TD. We define a patent with an earlier
registration date as PE and a later date as PL. In the proposed
method, if TD is 0, then pi is PE, to consider the case of the
same registration date.

Next, the k-step PIC-E limits the maximum value of TD
to TDmax (day) because when a researcher explores prior
art, it is necessary to adjust the search scope according to
the characteristics of the technology. When the user sets the
time range for researching the prior art to the last five years,
TDmax is 1,825. If they search for the k-step PIC over all

Algorithm 1 k-Step PIC-Explorer Algorithm
Input: Gc = (Vc, Ec), Gs = (Vs, Es)
Output: list of k-step PIC

Set: k, TDmax
1: es(pi, pj) ∈ Es and ec (pi, pj) /∈ Ec, i < j

LOOP Process
2: for i, j = 1 to n do
3: TD = DATEi - DATEj
4: if |TD| ≤ TDmax then
5: if TD ≤ 0 then
6: PE← pi, PL← pj
7: else
8: PE← pj, PL← pi
9: end if
10: SP = BFSGc(PE→ PL)
11: if Length of SP = k + 1 then
12: PE and PL are k-step PIC
13: end if
14: end if
15: end for

TABLE 1. Results of searching for k-step PIC from Fig. 1(d)–(f).

ranges, TDmax is set to 7,300. A total of 7,300 (20 years) is
the maximum time the patent rights are guaranteed.

When PE and PL are determined, the k-step PIC-E finds
the shortest path (SP) from PE to PL in Gc that connects
two nodes in the graph. This study finds SP in Gc using
breadth-first search (BFS), a representative graph traver-
sal method [62]–[64]. The characteristics of the BFS are
as follows:

• BFS is a search algorithm that uses a queue and first
visits all adjacent nodes from the start node.

• BFS searches all nodes of the current level before mov-
ing from the starting node to the next depth.

• BFS guarantees SP from the starting node to the target
node.

The searched SP was BFSGc (PE → PL). For example,
in Fig. 1(d), p1 and p5 are one-step PICs. In Fig. 1(a), the paths
from p1 to p5 are p1 → p2 → p3 → p4 → p5 and p1 → p4
→ p5. Furthermore, the path lengths are 4 and 2, respectively.
However, as depicted in Fig. 1(g), the BFS returns the SP of
the two patents as p1→ p4→ p5. The k-step PIC-E measures
the length of the SP of PE and PL. If the two patents are k-step
PICs, the length of SP is k + 1 (Fig. 1(g)–(i)). Therefore, p1
and p5 are one-step PICs, not three-step PICs.
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Table 1 illustrates the results of searching for the k-step
PIC in Fig. 1(d)–(f). For example, in Fig. 1(e), p1 and p9 are
three-step PICs. The implication is that there is no citation
even though the two patents are similar to each other. Conse-
quently, the k-step PIC-E determines the SP of p1 and p9 in
Gc. As depicted in Fig. 1(i), the SP is p1→ p2→ p7→ p8→
p9, and the length is 4 (=k + 1). Therefore, the two patents
have a three-step PIC relationship.

IV. EXPERIMENTS
We collected the actual patents to verify the proposed algo-
rithm. The first experiment measured the sensitivity and scal-
ability of the parameters of the k-step PIC-E. The second
proceeds for the industrial applicability of the proposed algo-
rithm. Finally, we propose a method for extending the k-step
PIC-E to the applicant level. All experiments were conducted
using Python 3.7.3 on a systemwith an Intel Core i5 processor
and 16 GB of memory.

A. DATASET AND EXPERIMENTAL SETUP
The experiment used two datasets: D1 and D2. D1 includes
data from 253 examiner citations (EC) registered in the
United States. The examiner finds prior art similar to
the patent to be filed. Moreover, the applicant cites prior
art. The patent cited here is EC. EC is prior art that is not
recognized by the applicant and the attorney. Accordingly,
the applicant’s technology is highly likely to infringe on the
scope of the EC’s rights. Therefore, the applicant increases
patentability by citing the technology searched by the
examiner.

We measure the sensitivity and scalability of the parame-
ters of the k-step PIC-E by assuming that the patent cited by
the examiner is the k-step PIC. Thus, a patent and its EC are
k-step PICs. The sensitivity and scalability of k-step PIC-E
are measured while finding a patent and its EC because EC is
prior art that the applicant and attorney are unaware of.

D2 includes 11,408 Information and Communication Tech-
nology (ICT) patents registered in the United States. These
data were used to confirm the practical applicability of the
k-step PIC-E. Furthermore, the applicant-level experiment
was conducted using k-step PICs derived from the ICT field.

The last subsection describes the case of extending the
proposed algorithm to the applicant level. The PAS is a
patent-level approach. Accordingly, previous studies can only
determine the relationship between individual technologies.
Therefore, this paper presents a method for transforming the
PAS to the applicant level to illustrate the scalability of the
proposed algorithm.

B. PARAMETER SENSITIVITY AND SCALABILITY
The experiment uses D1 to examine the variability of SIMmin
and TDmax, the parameters of the k-step PIC-E. We found
PIC by increasing k from 1 to 5; one-step PIC had the most
with 238, two-step PIC had 10, and the rest had 5 each.

Fig. 2 illustrates the sensitivity of the SIMmin and TDmax.
The sensitivity of the parameter was expressed by accumu-

FIGURE 2. Cumulative number of k-step PICs searched according to the
threshold.

lating the number of k-step PICs searched according to the
threshold. Approximately 60% of the 253 k-step PICs had
a similarity of ≥0.5 and a difference of 1,000 days or more
on registration dates. As the value of TDmax increases, the
number of searched k-step PICs decreases.

TABLE 2. Comparison of search time (s) between the proposed method
and PIC-Explorer [61]. The method proposed in the previous study can
only explore k-step PICs, where k is 1.

Table 2 presents the results of comparing the search speeds
of the algorithms. PIC-E required 29.08 s to find 238 one-
step PICs from 253 patents. In contrast, k-step PIC-E requires
0.35 s, which is approximately 83 times faster than before.
Furthermore, k-step PIC-E searches for two-step or higher
PICs are very fast.

We statistically test whether the difference in search times
of the two algorithms is greater than zero. 1time calculated
by (4) is the difference between the time required for PIC-E
and the k-step PIC-E to find one-step PICs.

1time = timePIC−E − timek−step PIC−E (4)

For statistical testing, the paired t-test and Wilcoxon test
were used to determine the difference in time required to find
the same EC. The paired t-test tests the difference between a
sample before and after a specific treatment. The Wilcoxon
test is a non-parametric approach to the paired t-test.
If k-step PIC-E finds the same EC faster than PIC-E, 1time
is expected to be greater than zero. Therefore, the hypotheses
for the statistical tests are as follows:
• H0: Mean of 1time ≤ 0
• H1: Mean of 1time > 0
When the null hypothesis cannot be rejected at the sig-

nificance level, the mean of 1time is expected to be less
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than or equal to zero—implying that k-step PIC-E searches
the same EC more slowly than PIC-E. Conversely, if the
null hypothesis is rejected, the k-step PIC-E searches faster
than PIC-E.

TABLE 3. Results of statistical test for 1time.

Table 3 presents the results of the statistical tests for the
mean of 1time. Because the average is 0.12, PIC-E requires
more time to search than the k-step PIC-E. The p-values
for both tests were less than 0.001. Thus, when using a
significance level of 0.05, the null hypothesis was rejected.
Therefore, the search speed of the k-step PIC-E is faster than
before, with statistical significance.

C. EXPERIMENTAL STUDY
ICT is a technology that partially or entirely replaces existing
industrial structures and business models. Furthermore, it is a
representative technology in which companies, research insti-
tutes, and even the nationmust continuously conduct research
to enhance future competitiveness [65]. Thus, we collected
11,408 ICT patents to experiment with the k-step PIC-E.

Modern search systems do not rely solely on match-
ing keywords; therefore, we should use semantic informa-
tion [66], [67]. The similarity between patents was calculated
using the title of the invention, abstract, and representative
claims. We preserve the context in the document using sen-
tence bidirectional encoder representations from transform-
ers (SBERT) [68] as function f . Thus, our implementation
uses a pre-trained model (paraphrase-MiniLM-L6-v2).1 The
text of the patent is embedded in R384 using a pre-trained
SBERT. SIM uses cosine similarity to calculate the distance
of a patent.

For exploring the k-step PIC of ICT, SIMmin and TDmax
were set to 0.5 and 7,300, respectively. Moreover, the range
of k was set from 1 to 5. Table 4 presents the number of PICs
searched for each step and the distribution of the TDs. When
k is 1 and 2, the median of the TD is less than five years.
When k is 3 or more, it is less than six years. Consequently,
the patents registered within six years of ICT are very similar
to each other, although there are no citations.

Table 5 presents a list of the searched prior art. Patents filed
by QUALCOMM and GHCOMM have a one-step PIC. The
patents of QUALCOMM and GHCOMM were registered on
August 23, 2016, and January 26, 2021, respectively.

Both patents are related to orthogonal frequency-division
multiplexing (OFDM). This method is used to trans-
mit high-speed data to wireless channels. Mathematical

1https://www.sbert.net/docs/pretrained_models

TABLE 4. Basic statistics of TD according to k.

transformations are performed to obtain and transmit a fre-
quency response to a processor device for generating wire-
less communications. Some of the representative claims of
QUALCOMM’s patent are as follows:
• The circuit is configured to perform a discrete Fourier
transform (DFT) on a discrete signal of complex data
symbols to obtain a first frequency response vector.

• The circuit is configured to generate a low peak-to-
average OFDM signal representing the vector of digital
signal samples for transmission.

GHCOMM’s patent describes how a radio transceiver
uses codes to produce symbols. This technique uses a
matrix-based mathematical transformation formula to create
a spreading code. Some representative claims of this technol-
ogy are as follows:
• Spread the plurality data symbols, where the set of
complex-valued orthogonal spreading codes comprises
rows or columns of a DFT matrix.

• The spread symbols are modeled onto the set of OFDM
subcarriers to generate a discrete-time OFDM transmis-
sion signal, where the spreading reduces the peak-to-
average power.

As a result of comparing the claims, the two patents were
similar in obtaining and converting data using mathematical
transformation and transmitting it again. The two companies
can use these results to build five counterstrategies.

First, because QUALCOMM’s patent is prior art,
GHCOMM’s technology is likely to infringe on the scope
of its rights. Accordingly, QUALCOMM can claim royalties
from them in litigation. Second, QUALCOMM can assert the
logic of invalidating GHCOMM’s patent if their technolog-
ical competitiveness is high. Third, the GHCOMM prepares
patent litigation using QUALCOMM. They may argue for
invalidation or non-infringement of QUALCOMM’s patents
if they believe they are more likely to win the dispute. Fourth,
GHCOMM can reduce damage by licensing with QUAL-
COMM when it is expected to lose. Finally, GHCOMM
can design avoidance to avoid infringing on the scope
of the QUALCOMM’s rights. Consequently, GHCOMM
will be able to reduce the risk of patent litigation. The
1,459 k-step PICs we found in our experiments, including
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TABLE 5. Results of searching for k-step PICs in ICT patents.
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FIGURE 3. Visualization of k-step PIC converted to applicant level. (a) Results when k is 1. (b) and (c) are the results when k is less than or
equal to 2 and 3, respectively. (d) Results of all k-step PICs.

those listed in Table 5, are in the github.com/lee-
ju/k_step_PIC/paper/appendix.

D. APPLICATIONS
The proposed algorithm is a patent-level method for identi-
fying similar technologies without citations. This subsection
extends our method to the applicant level. In Table 1, sup-
pose that the applicants of p1, p3, p5, and p6 are A, B, C,
and D, respectively, and that the applicant of p9 is the same as
p3. Then, the technologies can be organized by the applicant.
p1 and p3 are one-step PICs, indicating a relationship between
the patents registered byA andB in the prior art.Moreover, p9
is a patent of B. Therefore, applicants A and B have two cases
of k-step PICs. Accordingly, the result of the k-step PIC-E can
be extended to the applicant level.

Table 6 presents an extract from 1,459 k-step PICs searched
for in ICT patents only when the applicants differ. One one-
step PIC was searched for APPLE and QUALCOMM. This
result indicates that among the patents of the two applications,
there is one case that is similar but does not have a citation.
When converted to the applicant level, QUALCOMM has
a high frequency of appearance. This suggests that other
applicants’ patents are similar to those of QUALCOMM.

Because most QUALCOMM’s patents are PE, it is highly
likely that they possess ICT-related source technology.

Fig. 3 illustrates the result of expressing the k-step PIC
converted to the applicant level as a network. For example,
Fig. 3(a) illustrates only applicants with only a one-step
PIC, as presented in Table 6. In Fig. 3(d), the number of
edges is highest in the order of QUALCOMM, INTEL, and
COMCAST. In QUALCOMM, 11 out of 14 edges extend
outward, suggesting that their patents are likely to be prior
art to other patents. In contrast to QUALCOMM and INTEL,
COMCAST has all three edges facing inward, suggesting
that the patent for COMCAST was registered without citing
similar prior art.

The advantages of converting the proposed algorithm to the
applicant level and expressing it as a network are as follows:

• Because graphs expressed as networks can be intuitively
interpreted, researchers (even if they are not experts) can
easily understand them.

• A company or research institute can devise a counter-
strategy by expanding to the applicant level.

• Researchers can derive technological insights through
subnetworks. Fig. 3(d) can be divided into subnetworks
that include AVAGO, CISCO, and SAICO, and those
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TABLE 6. Results of converting k-step PIC to applicant level.

that do not. Then, the researcher can analyze in-depth
the differences by subnetwork.

The proposed method can be applied at the patent and
applicant levels. The former can be used by researchers when
searching for prior art. Accordingly, researchers can improve
the quality of their patents and reduce the risk of unneces-
sary litigation. The latter can be used by applicants to track
technological developments. Then, applicants can derive the
relationship between companies through technology and plan
various management strategies accordingly.

V. CONCLUSION
Recently, the technology market has rapidly changed. Com-
panies and research institutes are developing various tech-
nologies to keep pace with them. Patents give inventors
exclusive rights instead of making the technologies publicly
available. Because of these advantages, many inventors want
to patent their technologies.

Patents are registered through a series of processes.
PAS is one of the most critical tasks required for appli-
cants, attorneys, and examiners. Prior art is historical data
related to patentability, which they investigated and used to
improve their technologies. However, as developed technolo-
gies expand, it is difficult for applicants, attorneys, and exam-
iners to search for prior art because PAS must determine the

level of understanding of the technology and the similarity of
patents and infringement of the scope of rights. Nevertheless,
a successful PAS increases an applicant’s competitiveness
and lowers the risk of patent litigation.

Previous studies have suggested methods using keywords,
semantics, and metadata for efficient PAS. Keyword-based
approaches expand or contract queries to search patent
databases. However, this method is highly dependent on the
query keywords.

Furthermore, metadata and semantic-based approaches
must be used together to compensate for their respective
limitations. Nevertheless, many previous studies have the dis-
advantage of using only one of the two types of information.
Therefore, this study attempted to mitigate these limitations
using a semantic-based approach with metadata.

We defined the concept of a k-step PIC for a successful
PAS. Moreover, this paper proposes a k-step PIC-E algorithm
to find k-step PICs. PIC is a relationship in which two patents
are similar but not cited, and the k-step is the number of
patents shared by two patents. Examiners can find PICs and
discover prior art that they are not aware of. These results
can be obtained by extending the scope of the search by
increasing k.

The experiment on the parameter measured the number of
k-step PICs found according to the TDmax, the maximum
value of the difference between the registration dates of
the two patents. TDmax was able to explore much prior art
when using a small value. We also conducted experiments on
11,408 ICT patents. The k-step PIC found in the ICT patent
is a technology that primarily uses OFDM. The patents of
QUALCOMM and GHCOMM are similar in terms of fre-
quency conversion through mathematical methods. We con-
firmed the practical applicability of the proposed algorithm
through experiments.

The limitations of our study are as follows:

• The proposed method uses forward citations of patents.
Our method does not refer to backward citations.
Because backward citation is cited when applying for
a patent, it is possible that information contained in the
prior art is included.

• This study includes the hyperparameter k but does not
provide a guideline for determining the optimal value.

• The proposed algorithm does not consider an applicant.
If two patents owned by the same applicant are k-step
PICs, it is unnecessary to prepare a counterstrategy.

Future research should reflect the metadata of various
patents (e.g., applicants and family patents) because patent
citations are increasingly criticized for being used to measure
knowledge spillover or relatedness [69]. Kuhn et al. [70]
emphasized that a small number of patents generate a major-
ity of patent citations, and the similarities between them are
diminishing considerably. Because the effects of the problem
are expected to grow gradually over time, a next-generation
PAS must be designed to measure knowledge similarity and
investigate prior art faster and more efficiently than before.
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