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Abstract
Main path analysis (MPA) is a method for efficiently analyzing technological trends, which 
change rapidly in competitive environments. In general, MPA is based on citation net-
works, and it is used to derive the most key path in a complex network. However, the exist-
ing studies using MPA do not use important textual information of patents, except for cita-
tion data. In this paper, we suggest a new MPA based on patent documents to identify the 
main path of technological evolution. For this purpose, first, we used the subject-action-
object structure to derive core keywords based on causal relationships in patent claims. 
Second, the DEcision-MAking Trial and Evaluation Laboratory (DEMATEL) technique 
was applied to draw link weights between patents where causal relationships of keywords 
were reflected. Finally, a main path in a patent network was identified using the global main 
path and key-route main path analysis methods. In this paper, we collected and analyzed 
patent data related to self-driving car technologies, and we verified the technical changes 
in the main path obtained based on the proposed approach. We found that the generic tech-
nologies of the self-driving operation had the strongest influence on the other self-driving 
car technologies in the sensing-planning-acting steps.

Keywords  Main path analysis · Subject-action-object (SAO) · Causality · Link weight · 
DEMATEL

 *	 Byungun Yoon 
	 postman3@dongguk.edu

	 Myeongji Oh 
	 myunggifo@gmail.com

	 Hyejin Jang 
	 jhj_9055@naver.com

	 Sunhye Kim 
	 sunhyekim15@gmail.com

1	 Dongguk University, Seoul, Republic of Korea

http://orcid.org/0000-0002-1110-4011
http://crossmark.crossref.org/dialog/?doi=10.1007/s11192-023-04652-2&domain=pdf


2080	 Scientometrics (2023) 128:2079–2104

1 3

Introduction

In recent years, systematic technology trend analysis has emerged as an essential technique 
to identify the core topics in the technology development field and predict the direction of 
future developments (Joung & Kim, 2017, Yang et al., 2018). Main path analysis (MPA), 
one of the most widely used methods to analyze technology trends, can help us to observe 
technological progress over time and extract core information from epic-scale data (Hen-
rique et al., 2018). The MPA method is based on the citation network, which explores net-
works based on link weights, unlike the existing network analysis methods that focus on 
node centrality (Hummon & Dereian, 1989). In the existing studies, links are interpreted as 
technological development flows between network nodes and are used for analysis. Kumar 
et al. (2020) used MPA to identify the path of technology innovation and evolution, and 
Lai et al. (2020) used MPA to explore technological core competence, knowledge flow, and 
technology development. Chen et al. (2022) conducted an MPA analysis to identify mul-
tiple technology development trajectories, and Liao et  al. (2022) used the MPA analysis 
method to revisit these development trajectories.

The main analysis process, which constitutes the MPA, involves establishing a cita-
tion network, calculating link weights, and exploring the main path. The existing MPA 
method has a few limitations in the phases of link-weight calculation and main path explo-
ration. First, the existing MPA process, which is based on the citation network of patent 
bibliographic information, determines link weights by calculating the number of citations 
received by patents. Various methods are available for calculating link weights, but in all 
cases, the information related to research results or technologies in the relevant academic 
papers or patents has not been considered when deriving the path analysis results (Hum-
mon & Dereian, 1989, Kumar et al., 2020, Lai et al., 2020, Yu & Sheng, 2021, Chen et al., 
2022, Liao et al., 2022). Second, in several studies, keyword analysis has been used to over-
come the aforementioned first limitation, but these studies are based on the simple similar-
ity or appearance frequency of keywords. With the concept of similarity, it is possible to 
analyze the technological similarity between documents in cases where it is impossible to 
obtain analysis results related to the actual influence of the said documents or determine 
their technical impacts on the entire network. In addition, in most existing MPA studies, 
link weight calculation has been based on the number of patent citations, and text-based 
technical contents have not been considered. Third, a considerable amount of information 
is lost. Moreover, in the existing studies, link weights have been computed on the basis of 
citation frequency, and they do not include important content information; consequently, 
they do not represent an analysis of the network from various perspectives. Yu and Sheng 
(2021) attempted to propose a more intelligent patent node weight calculation method by 
applying an algorithm called PageRank. Even though a few methods for exploring the main 
path have been suggested, the literature on methods for exploring the main path of the 
desired characteristics depending on the analyst’s purpose is scarce (Hummon & Dereian, 
1989).

To overcome these limitations, in this study, we propose an MPA method based on key-
word causality. The research questions that we attempt to answer in this study are as fol-
lows. First, how can one develop an MPA that considers the content of the technology? 
Given that previous studies have performed MPA on the basis of simple citation informa-
tion or keywords, it is impossible to consider the content of technology when using the 
existing methods. Therefore, in this study, we propose an MPA methodology that reflects 
the content of technology by constructing a network based on the subject-action-object 
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(SAO) structure, which well expresses the function of technology. Second, how can one 
reflect information pertaining to technological causality? Thus far, previous studies have 
mainly used citation-frequency-based weighting to analyze the strength of the connec-
tion between two techniques or patents. However, in fact, information about the manner 
in which the technical contents or elements of two documents are connected is more use-
ful than the number of citations between the two technologies. To reflect this information, 
herein, we propose the MPA methodology on the basis of the DEcision-MAking Trial and 
Evaluation Laboratory (DEMATEL) method. The remainder of the paper is organized as 
follows. In Section  "Background", we discuss the theoretical backgrounds of MPA, the 
SAO structure, and the DEMATEL method, which are used in the proposed method. In 
Section "Research Framework", we propose a method for calculating link weights based 
on keyword causality, which is the core of this study. In Section "Illustration", we apply the 
proposed method to analyze documents related to self-driving car technologies and present 
the analysis results. In Section "Discussion", we interpret and discuss the analysis results. 
In Section "Conclusion", we summarize and organize the general research content and con-
clude this paper by mentioning the limitations of the proposed method.

Background

Main path analysis

MPA is a link-based network analysis method proposed by Hummon and Dereian (1989). 
The traditional MPA process consists of (1) building a cited network, (2) calculating link 
weights between nodes on the basis of citation frequency, and (3) searching for a main 
path. (1) In most studies, a node is defined as a patent or a set of patents, and an arc is 
defined as a patent citation. We utilize a patent database (DB) because it is a representative 
DB for technology R&D and MPA sources. Because patent database is a representative 
DB for technology R&D and MPA sources. (2) Hummon and Dereian (1989) proposed 
three link-weight calculation methods: Node pair projection count (NPPC), search path 
link count (SPLC), and search path node pair (SPNP). (3) The main path search method 
uses priority-first search. Subsequently, many researchers have proposed novel methods for 
link-weight calculation and main path search. The Table 1 summarizes the methodologies 
used in each step in various studies.

In brief, a comparison between the traditional MPA and the MPA process proposed 
herein is as follows. In this study, we propose a link-weight calculation method that can be 
used to derive the main path from various perspectives and text information. We propose a 
novel method for calculating the weight of a main path by considering the content-oriented 
importance of a cited link, thus going beyond the number of times the link is cited, which 
is the second step in the traditional MPA process. The calculated link weights reflect the 
technical influences of the cited patents on subsequent patents by acting as technology trig-
gers. That is, the proposed approach can analyze the importance of cited links by reflecting 
the underlying technical causal information.

SAO structure

Subject-Action-Object (SAO) represents a keyword bundle with the structure “Subject 
(S)—Verb (A)—Object (O),” and it has been derived from the grammar rules for sentence 
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formation in the English language (Hu et al., 2015). This grammatical structure was sug-
gested based on a functional analysis of the Theory of Inventive Problem Solving (Teoriya 
Resheniya Izobretatelskikh Zadatch, TRIZ), which can be used to derive problems arising 
from the interactions between the components of a technical system (Altshuller & Altov, 
1996). In many studies, the Verb (V) has been interpreted as functions and actions, for 
example, actions that occur between the Subject (S) and the Object (O), because structured 
technical information can be derived from atypical text data by using this concept (Guo 
et al., 2016; Kim et al., 2020; Wang et al., 2017a). The relationship between S and O, as 
defined by V, can represent means & objectives and problems & solutions (Hu et al., 2015; 
Kim et al., 2020; Wang et al., 2017a, b).

Because SAO can structurally derive the necessary information, many studies have used 
it for content analysis to establish technological development strategies or future corpo-
rate management strategies (Yang et  al., 2018). As aforementioned, many studies have 
extracted significant technical information by defining the relationships between keywords 
as means & purpose and problems & solutions for various actions. In these studies, the 
SAO itself was considered as a problem, a solution, a function, and an effect, and techno-
logical evolution was observed by mapping the SAO structure defined as a solution (Hu 
et al., 2015). In one such study, a keyword-based morphological matrix was established by 
interpreting the S and O information in the SAO structure as the relationship between prob-
lems and components and, subsequently, exploring technological opportunities by combin-
ing the component keywords (Wang et  al., 2017a). As such, there are many studies that 
have used the SAO structure to solve technology management problems such as identifying 
R&D partners, predicting technology, analyzing technology development trends, and dis-
covering promising patents (Wang et al., 2017b; Guo et al., 2016; Yang et al. 2016, 2018; 
Park et al., 2013).

In this paper, we derive keyword pairs coupled by causality by using these structural 
concepts of SAO. Specifically, we define the causalities between two keywords by inter-
preting the S as causes, O as results, and V as the action that links the causalities between 
the two keywords.

DEMATEL

DEcision-MAking Trial and Evaluation Laboratory (DEMATEL) is a technique suggested 
by the Battelle Geneva Institute in 1971 to solve complex planet-wide problems, such as 
race, environmental protection, and energy conservation. This method can be used to iden-
tify important factors that have a significant effect on a specific event or task or to sup-
port decision-making to solve problems (Tsai et al., 2017). DEMATEL analysis can largely 
be divided into four phases. First, all the factors to be analyzed are defined and listed in 
rows and columns. Second, the matrix is filled with values of 0–3 or 0–4 depending on the 
degree of effects of the factors in the rows on the factors in the columns. The higher the 
number, the stronger is the influence. The matrix completed up to this point is called the 
direct-relation matrix (DRM). Third, all the sums of the rows in the matrix are calculated; 
all matrix values are divided by the largest value among them, and the calculation formula 
can be expressed as following Eq. 1:

(1)Normalized DRM =
1

max (row sum value)
DRM
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Fourth, the total relation matrix (TRM) is established. When the normalized DRM is set 
as “M,” the formula can be expressed as following Eq. 2, where “I” is a unit matrix.

With the TRM acquired in this manner, the indexes of D, R, D + R, and D-R are 
obtained. The index D =

�

∑n

j=1
mij

�

nx1
 is calculated by summing the row values of the fac-

tors; index R =

�
∑n

i=1
mij

�

1xn
 by adding the column values of the factors; index D + R by 

summing the values of indexes D and R; and index D-R by calculating the difference 
between values of indexes D and R. D, R, and D + R are used as indexes to represent the 
influence of factors; D-R is mainly used as a type-discrimination index to distinguish the 
tendency of factors. Thus, the DEMATEL method may digitalize the influence of factors 
into four indexes, and it can be used to analyze the causal relationships between technolog-
ical elements (Shieh et al., 2010; Zhou et al., 2011; Yoon & Jeong, 2013; Namjoo & Ker-
amati, 2018; Kim & Kim, 2012; Dalvi-Esfahani, et al., 2019; Zhang & Deng, 2019).

In this paper, we describe how to calculate link weights from the D, R, and D + R per-
spectives by applying the DEMATEL technique to the keywords derived from the SAO 
structure. Starting from Section "Research Framework", the proposed method is described 
in detail.

Research framework

Overall process

We propose a framework to analyze the main paths of technological development focusing 
on the textual contents of patent documents. The general processes of main path analysis 
are configured in the same way as the traditional approach discussed in Section  "Back-
ground": (1) building a citation network, (2) calculating link weights, and (3) searching 
for a main path. The suggested framework reflects on technical contents, especially textual 
information describing a causal relationship between citation patents. Building a citation 
network, SAO structures, where A is a verb word related to causal meaning, are extracted 
in citing and cited patent documents. The link weight is calculated by the DEMATEL 
approach. The Keyword link weight causality-based SAO structures are used to calculate 
the link weight of the patent document. At last, we make a group of the global main paths 
to interpret the trajectory of technological developments. Overall processes consist of six 
detailed steps as Fig. 1.

Detailed process

Collecting and preprocessing data

This section describes the data collection and preprocessing methods used in this study. We 
select technologies for analysis and collect patent data. First, a technology field to be ana-
lyzed is selected. Patent data are collected using a search formula and composing the tech-
nical vocabulary related to the selected field. Then, a citation network is created for MPA. 
Citation networks can be built using citation information. In the aforementioned network, 
one node represents one patent document, and the arrows indicate citation links. A patent 

(2)TRM = M(I −M)−1
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with an arrow pointing outward represents a cited patent. A patent with an inward arrow 
represents a citing patent.

Extracting SAO structures based on causality

We analyze SAOs whose actions correspond to causative verbs in patent claims. Specifi-
cally, we consider V as an action that connects S with O. We also derive the S and O key-
words linked by V. Kim et al. (2007) analyzed recorded aviation accident reports and found 
a constant regularity in the expressions representing causality; moreover, they derived the 
primary expressions representing causality, as summarized in Table 2. The list of causa-
tive verbs includes cause, lead, and bring about. In the present study, among the SAOs that 
can be abstracted from patent claims, we derive only the SAO whose causative verb is V. 
For example, the corresponding SAO structure of “system (S)—activate (A)—camera (O)” 

Fig. 1   Overall process

Table 2   Expressions representing causality (Kim et al., 2007)

Causality expressions Cue phrases

Causative verb Cause, lead (to), bring about, generate, make, force, allow, contribute, acti-
vate, alert, influence, provide, reduce, relax, result (in), increase, trigger, 
persist

Subordination connective Because, as, since, so, so that, once
Adverbial connective For this reason, with the result that, hence, therefore, consequently, following
Prepositional connective Because of, thanks to, due to, as a consequence, as a result (of)



2086	 Scientometrics (2023) 128:2079–2104

1 3

derived from a patent claim document can be interpreted as a technical entity in which 
“system” affects “camera” because the action word “activate” is included in the list of 
causative verbs. However, if A does not belong to the list of causative verb, it cannot be 
interpreted as causal information. For example, the word “include,” the most frequently 
used verb in patent documents, cannot appropriately be interpreted as causal information 
but as an inclusive relation. We pre-process the S and O keywords, connect them with 
the causative verbs obtained from the derived SAO, and use them as factors of the TRM. 
Pre-processing unifies all the grammatical expressions of the S and O keywords into their 
original forms and then removes duplicate keywords.

Structuring the total relation matrix

In this step, the TRM is established. All the S and O keywords derived as SAOs are placed 
as factors in the rows and columns. For example, if a total of “m” units of the S and O key-
words are obtained, the matrix becomes an m × m matrix. Then, among the SAOs contain-
ing the causative verbs, the matrix value should be filled with the frequency of the SAOs 
that have the row factor as S and the column factor as O. For instance, among the SAOs 
containing causative verbs, if � SAO units have the keyword w1 as the S and the keyword 
w2 as the O, the value of matrix (1,2) is � , as depicted in Fig. 2.

Then, the matrix value is replaced with 0–3 according to the DEMATEL technique. The 
frequency with which SAOs fill the matrix can be considered the influence that keywords 
exchange with each other. The � value in Fig. 2 shows the extent to which the keyword w1 
affects w2 . In other words, the higher the matrix value, the higher is the extent of exchanged 
influence. A matrix value that is among the top 25% of the matrix values is to be replaced 
by 3; a matrix value that is among the next 25% (75%–50%) is to be replaced by 2; a matrix 
value that is among the next 25% (50%–25%) is to be replaced by 1; and a matrix value 
that is among the bottom 25% (25% to minimum) is to be replaced by 0. The reason for 
changing the frequency of SAOs to values of 0–3 without using it intact is to mitigate the 
fluctuation of values because the SAO frequency may deviate excessively. Then the TRM 
is obtained according to the formula mentioned in Section "Background".

Calculating link weight via DEMATEL

The process of calculating link weights by using the TRM is divided into three steps. First, 
the weight of each keyword is calculated. Second, the document weight is computed based 
on the keyword weight. Third, the link weight is calculated based on the document weight.

Fig. 2   Example of matrix crea-
tion
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First, the weight of each keyword is computed using the existing DEMATEL technique. 
We calculate the keyword weights for the indexes D, R, and D + R, while excluding the 
index D − R. Figure 3 shows the process of deriving keyword weights from the TRM as an 
example. The index D refers to the sum of the keyword rows. In other words, D refers to 
the total influence that the relevant keyword has on other keywords. The index R represents 
the sum of the keyword columns; that is, it represents the total influence of other keywords 
on the relevant keyword. The index D + R is the sum of the indexes D and R. Because this 
index sums the influences that the relevant keyword has on and receives from other key-
words, the index D + R highlights the importance of the effect that the relevant keyword 
has on all the keywords.

Second, by using the keyword weights computed for the indexes D, R, and D + R, the 
patent document weight is calculated. As shown in Fig. 3, supposing that the weight of a 
specific keyword is V

�∈{D,R,D+R}

(

wm

)

 and that the frequency of appearance of the relevant 
keyword in the first patent document claims is fwm

(

P1

)

 , the weight �
�∈{D,R,D+R}

(

P1

)

 of the 
first patent document is calculated as following Eq. 3, 4, and 5. Index D is the causative 
factor of technology, and it refers to the degree of influence that a preceding patent has on 
subsequent patents. Index R is a consequent factor, and it refers to the degree of influence 
that subsequent patents have received from preceding patents. Index D + R shows the total 
importance of a patent by considering all the give and take effects between technologies. 
In this case, the keyword indicating the cause and effect of the patent is used as an analy-
sis unit. Each index is calculated by considering the frequency between keywords. There-
fore, it is possible to calculate the weights of links through causal content analysis based 
on DEMATEL indicators to overcome the limitation of existing research, in which link 
weights are calculated based on citation frequencies.

Finally, the weight of a link is calculated based on the weight of each patent document 
that has a citation relation. Assuming that patent document P1 is cited in patent document 
P2 ; If the two document weights are �

�∈{D,R,D+R}

(

P1

)

 and �
�∈{D,R,D+R}

(

P2

)

 , respectively, 
the link weight can be calculated as following Eq. 6. Citation flow refers to the process of 
absorbing preceding information and technologies to create new information or advanced 
technologies (Jiang & Zhuge, 2019). Accordingly, we define link weights as the product of 

(3)V
�∈{D,R,D+R}

(

wm

)

= � indicator value of wm

(4)fwm

(

P1

)

= wmfrequency of document P1

(5)
�
𝓁∈{D,R,D+R}

(

P1

)

= V
𝓁

(

w1

)

∗ fw1

(

P1

)

+ V
𝓁

(

w2

)

∗ fw2

(

P1

)

+⋯ + V
𝓁

(

wm

)

∗ fwm

(

P1

)

Fig. 3   Process of deriving keyword weights
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the weights of the two patent documents, where, if the patent document value is 0, it should 
be increased to 1 before computing the product. The link weight determined from the per-
spective of index D represents the influence that the relevant link has on other link flows. 
The link weight determined from the perspective of index R refers to the influence of other 
links on the relevant link. The link weight determined from the perspective of index D + R 
indicates the importance of the link.

Searching the main path

In this step, the main path is derived using the link weights calculated thus far. There are 
various approaches to searching for the main path. In this study, we use the global main 
path and key-route main path analysis methods to derive the main paths when the D-based, 
R-based, and D + R-based link weights are reflected.

The global main path method derives the path with the largest link weight sum as the 
main path. The key-route main path search method is used to observe two or more key 
paths in a network. For example, assuming that there are 100 patent development paths that 
could be derived from a patent citation network, the global main path method can derive 
only one path that has the largest link-weight sum among all the paths, whereas the key-
route main path search method can identify the top “k” units of the paths with the highest 
link-weight sums as the main path, where the value of “k” can be assigned directly by the 
analyst, and the size of the main path is determined by the “k” value.

Detecting groups using Girvan‑Newman clustering

The content information contained in a patent document represents a product or system. 
Accordingly, it is impossible to review the extent of the development flow in a technical 
field by conducting a search for only the keyword causality-based weight values or main 
paths. Our purpose here is to suggest a search method for main paths based on keyword 
causalities, but to use the main path search results in practice, it is essential to review not 
only the development path of patents but also the development trends in the relevant tech-
nical field. To this end, in this step, clustering analysis can be performed to detect a tech-
nology group that forms a network. When performing clustering analysis, nodes with high 
similarity can be grouped into one cluster, and nodes with low similarity can be placed in 
another cluster (Krishna et al., 2018). Clustering analysis can be performed using multiple 
methods, and the method used in this study is Girvan–Newman clustering (G–N cluster-
ing). By using G–N clustering to detect the internal technology structure of the network, 
we can identify whether the patents derived as the main path belong to different technology 
clusters or a same technology cluster.

(6)
(

1 + �
�∈{D,R,D+R}

(

P1

))

×
(

1 + �
�∈{D,R,D+R}

(

P2

))
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Illustration

Data

We selected “self-driving car” technology as the technology to be analyzed. In modern 
times, the development of a self-driving car, which does not require a driver’s inter-
vention, is underway. However, social awareness about self-driving cars is remarkably 
low, and such cars are not popular yet, because the self-driving technology requires one 
to hand over control to the system instead performing the driving activity themselves; 
consequently, the resulting dangers are being mentioned constantly (Dixon et al., 2020). 
According to the literature on self-driving car technology, some technologies are being 
investigated actively and in detail to increase the stability of cars, rather all automo-
tive systems (Dabral et al., 2014; Duraisamy et al., 2013; Kaempchen et al., 2004; Tian 
et al., 2018; Xia et al., 2016). Accordingly, to develop a technology with higher safety, it 
is necessary to first review the technical information pertaining to the relevant technol-
ogy and examine the associated detailed trends in terms of time.

We collected patents published between 1976 and 2019 from the USPTO. To col-
lect the related patent documents, a search formula for “recognition,” “judgment,” and 
“control,” which are the three key phases of autonomous driving, was considered along 
with the universal search formula. Second, the search terms for “judgment” were “driv-
ing judgment,” “driving decision,” “on-board diagnosis” and “monitor.” Finally, the pat-
ent documents related to “control” were retrieved by using terms such as “steering,” 
“speed,” “touch,” “adapt,” and “power.” The search formulas for the three key phrases 
are presented in Appendix 1. By using these search formulas, we collected 20,068 pat-
ent documents to analyze the main path of self-driving cars.

Extracting SAO structures based on causality

The SAO was derived for the patent claims. The total number of derived SAOs was 
1,017,765 units. Among them, 26,424 SAOs were bound by 18 causative verbs. Table 3 
shows the collected results for each verb. After the derivation, the verb “provide” 
appeared the most by a wide margin, and any SAO structure containing the verb “relax” 
was not found.

Table 3   Results of SAO collection by causative verb

Action No of SAOs Action No of SAOs Action No of SAOs

Provide 7087 Allow 1000 Result 163
Generate 6136 Increase 935 Alert 85
Cause 6009 Trigger 422 Lead 80
Activate 1504 Influence 268 Persist 3
Make 1381 Bring about 172 Contribute 2
Reduce 1010 Force 167 Relax 0
Total number of SAOs 26,424
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Structuring total relation matrix and calculating link weight

The derived number of S and O keywords constituting the 26,424 SAOs was 2,036; these 
keywords were arranged in the rows and columns of the matrix, which completed the TRM. 
Next, we calculated the weight of each keyword from the perspectives of the three indexes, 
namely D, R, and D + R. Table 4 lists some of the results of keyword weight derivation.

The index D refers to the magnitude of influence of a keyword on other keywords, the 
index R refers to the magnitude of influence of other keywords on the given keyword, and 
the index D + R indicates the importance of the given keyword. For the keyword “engine,” 
because the value of D was higher than that of R, its tendency to influence other keywords 
was stronger. By contrast, for the keyword “location,” there was no significant difference 
between the D and R values. Subsequently, we calculated the patent document weights 
according to the suggested process based on the derived keyword weights. Table  5 lists 
a few of the derived document weights. In addition, the calculation procedure was imple-
mented for link weights in accordance with the suggested process. We used link weights to 
search for the main path in the next step.

Searching for a main path

This step describes a way to search for the main path based on the three link weights 
derived in the preceding section. Before searching for the main path, to extract the patent 
documents with high importance from all the data, we used the Pareto principle, which 
assumes that 20% of the total causes and efforts could account for 80% of the overall 
results and performance (Yang & Shieh, 2019). The Italian economist Vilfredo Pareto first 
discovered that 20% of the Italian nation owned 80% of the total wealth. Since then, this 
law has been applied and used in diverse research areas, including quality control, project 
management, and systems (Mesbahi et  al., 2017; Reh, 2017). In this study, we assumed 
that the technological change process represented by all the data could be explained by the 
top 20% of the patents, in accordance with the Pareto principle. The upper 20% percentile 
of the value of D + R, an integrated index of importance, was set as the threshold based on 
the Pareto principle. For each patent, only the cases in which the D + R values were greater 
than or equal to the corresponding thresholds were selected. In this manner, 2625 patents 
were selected for the MPA.

Table 4   Representative results of 
keyword weight derivation

Keyword Index D value Index R value Index D + R value

Engine 0.0085 0.0003 0.0088
Location 0.0068 0.0069 0.0137
Actuation 0.0066 0.0062 0.0127
Wheel 0.0024 0.0022 0.0045
Illumination 0.0020 0.0023 0.0043
Warning 0.0020 0.0021 0.0041
Sensor 0.0025 0.0001 0.0026
Detection 0.0019 0.0013 0.0032
Microprocessor 0.0012 0.0000 0.0013
Robot 0.0000 0.0005 0.0006
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Self-driving cars move by following a three-step process: “Sensing” to recognize the 
driving environment, “Planning” to formulate a driving plan, and “Acting” to move and 
control the vehicle according to the driving plan (Surden and Williams 2016). In all the 
derived main paths, we mostly observed patents related to the above three-step basic pro-
cess. Tables  6 and 7 list the search results for the global main paths. Based on the link 
weight values of the indexes D, R, and D + R, we derived one path with the highest sum of 
weights. The same results were obtained for the indexes R and D + R, which indicates that 
the importance of the patent depends on the degree to which it is affected by other patents, 
rather than the degree to which it affects other patents, in terms of the patent documents 
related to “self-driving car” technologies.

Figures 4 and 5 show the search results of the key-route main paths. Based on the link 
weight values of the indexes D, R, and D + R, we derived the top 30 paths with the high-
est sum of weights. Similar to the search results of the global main paths, the same results 
were obtained for the indexes R and D + R. The path highlighted in blue indicates the 
global main path, and the large arrow on the left represents the flow direction of the key-
route main path. 

Based on an intense review of the patents related to index D on the global main path 
with the highest index value, we found that patents related to public interest were devel-
oped in the past. US4069888 (1976) presents the general transport system technology for 

Table 6   Search results of global main paths based on the link weight of index D 

Patent Title Application date

US4069888 Traffic system, especially public local passenger traffic system Apr. 23, 1976
US4361202 Automated road transportation system Jun. 15, 1979
US7894951 Systems and methods for switching between autonomous and manual 

operation of a vehicle
Oct. 20, 2006

US9043016 Versatile robotic control module Oct. 20, 2006
US8126642 Control and systems for autonomously driven vehicles Oct. 24, 2008
US8781669 Consideration of risks in active sensing for an autonomous vehicle May 14, 2012
US9715711 Autonomous vehicle insurance pricing and offering based upon accident 

risk
May 15, 2015

US10451425 Autonomous navigation system Dec. 04, 2015
US10077056 Managing self-driving behavior of autonomous or semi-autonomous 

vehicle based upon actual driving behavior of driver
Dec. 22, 2015

US10471829 Self-destruct zone and autonomous vehicle navigation Jan. 16, 2017
US10282625 Self-driving vehicle systems and methods Dec. 21, 2018
US10481606 Self-driving vehicle systems and methods Apr. 02, 2019

Table 7   Search results of global main paths based on the link weights of indexes R and D + R 

Patent Title Application date

US4887064 Multi-featured security system with self-diagnostic capability Dec. 28, 1987
US5081667 System for integrating a cellular telephone with a vehicle security system Mar. 20, 1990
US6542076 Control, monitoring and/or security apparatus and method Apr. 17, 2000
USRE43891 Multi-sensor detection, stall to stop and lock disabling system Mar. 31, 2011
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Fig. 4   Key-route main-path based on link weight of Index D 

Fig. 5   Key-route main-path based on the link weights of indexes R and D + R 
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unmanned public transportation. US4361202 (1979) describes an automatic transport tech-
nology for transporting goods. Additionally, it includes a control system to select speeds 
and routes, guardrail devices for unmanned transport, and radar technologies for recog-
nizing the driving environment. Particularly, in US4361202 (1979), which described the 
technology of the Freight Shuttle System and was initially studied in 1999 by the Texas 
Transportation Institute (TTI) in the United States, can be considered as an example. The 
device described in this patent can move without oil fuel or a driver, and it was proposed 
to address environmental contamination and traffic safety problems caused by the use of 
medium-sized diesel trucks (Levien, 2011). Since the relevant technology can be used 
to efficiently transport large-capacity freight, such as containers, on an elevated single-
purpose road, it can be operated safely in the unmanned state (Roop, Ragab et al. 2010). 
Since US4361202 (1979), three patents related to self-driving technologies, all of which 
could be applied to general vehicles, have been published. US9043016 (2006), US7894951 
(2006), and US8126642 (2008) are the patents that represent vehicle control technologies 
for automatic driving. US10451425 (2015) and US10077056 (2015) pertain to a system 
for collecting and learning from data for autonomous driving. US10451425 (2015) ena-
bles autonomous driving by learning vehicle route data. US10077056 (2015) can collect 
data on a driver’s vehicle-driving methods to ensure that autonomous driving matches the 
driver’s preferences. Because it is difficult to consider all environmental variables that may 
occur on the road, learning-based driving system is one of the technical fields that is being 
studied actively (Xia et al., 2016). The need for the development of learning-based driv-
ing has been growing because it can help to minimize resource consumption and prevent 
potential threats with high occurrence probabilities (Xia et  al., 2016, Tian et  al., 2018). 
US8781669 (2012) and US9715711 (2015) are associated with a system for recognizing 
the autonomous driving mode of a self-driving vehicle and detecting surrounding haz-
ards. US10471829 (2017) describes a system that can automatically recognize defects and 
respond to them appropriately when a problem occurs in a vehicle. US10282625 (2018), a 
patent similar to US10471829 (2017), can detect smoke when a fire occurs in the vehicle, 
send a danger signal, and drive the vehicle automatically driven depending on the disaster 
situation. As an example of the patents related to learning-based driving system technol-
ogies and risk-perception technologies, self-driving cars could be equipped with an AI-
based Advanced Driver Assistance System (ADAS), which is being developed collabora-
tively by the companies Volvo, Autoliv, and NVIDIA. The three companies emphasized 
the development of a deep-learning-based system to perceive the surrounding environment 
and predict potential threats; their goal was to commercialize the system and sell the fin-
ished products by 2021, as communicated by Volvo (Volvo, 2017). US10481606 (D) is a 
patent indicating a system that can perceive other vehicles to facilitate movement of a vehi-
cle. Vehicle-To-Vehicle (V2V) is the network technology for exchanging signals between 
vehicles. In the United States, with governmental support, the US Department of Transpor-
tation (USDOT) and University of Michigan Transportation Research Institute (UMTRI) 
tested approximately 3,000 vehicles equipped with V2V on real roads between August 
2012 and August 2013 (Narla, 2013) because V2V is required to reduce possible collisions 
between vehicles (Sahin et al., 2018).

From Table  6, in which the patent after US4361202 (1979) is US7894951 (2006), a 
large time gap between patents was found. This result was ascribed to our selection of the 
analysis dataset. First, in the data-acquisition stage, a search formula was proposed based 
on the keywords that describe the technical field. But this formula did not reflect the net-
work structure due to connections resulting from citations of patents. For this reason, the 
patents that are actually cited may be omitted during the process of data collection using 
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the proposed search formula. In addition, in this study, the main path was derived by sam-
pling the patents belonging to the upper group, which are important from the viewpoint of 
causal information, to ensure analysis efficiency. Even if a patent with a weak causal con-
nection was actually linked to the cited patent, it was excluded. The purpose of analyzing 
the main path is to concisely express the development path of the patent based on the main 
patents with high levels of technical influence. Therefore, a temporal gap between patents 
in the path may have been obtained, but this gap can possibly be interpreted as a period of 
stagnation in terms of technologically important developments.

Next, we intensively reviewed the patents of indexes R and D + R for the global main 
path with the highest index value. US5081667 (1990) and US4887064 (1987) represent an 
interface system technology for integrating an automotive assistance system and mobile ter-
minals. US6542076 (2000) and USRE43891 (2011) indicate the overall control system of 
vehicles. The derived main path result contains only four patents. This number is extremely 
small compared to the entire dataset, but as shown in Fig. 5, the analysis results can be 
expanded and interpreted in relation to the key patents in the subsequent rankings. The 
technology in which automotive assistance systems and mobile terminals are integrated is a 
service that is actually being offered by the carmaker BMW, which has developed a driver-
assistance system equipped with sensor functions, including GPS and cameras, by using 
smartphones, which are portable. Upon downloading the BMW-exclusive application to a 
smartphone, information related to vehicles and road conditions can be obtained to prevent 
car accidents in advance (Dean, 2011). However, in the relevant technology, the application 
date of the patent is 1990, but it was commercialized relatively recently, probably because 
of the emergence of smartphones, which represent an excellent technology that provides 
diverse functions, including information management services, such as news, e-mail, and 
entertainment services, other than basic functions of phone calls and text messages. Smart-
phones were first released in 2007, and their use has grown rapidly in the modern era, such 
that more than most of the populations in Korea and the United States use smartphones, 
which is probably the reason for the differences in the times of patent application, technol-
ogy development, and technology commercialization (Jung et al., 2015).

Detecting groups using Girvan–Newman clustering

In this analysis step, we test whether the derived results of the main paths, index D, R, and 
D + R, represent the technology flow suitable for the definition and direction of each index. 
To this end, we previously performed a G–N clustering analysis of 2,625 patents to inves-
tigate the internal structure of the network; the results indicated that the top 20% of these 
patents had high D + R index values. We found that the 2,625 patents were composed of 
315 clusters. From the cluster with the largest number of nodes to the cluster with the few-
est nodes, we assigned numbers from 0 to 314 to classify the nodes of the key-route main 
paths by cluster and visualize the classification results. Figure 6 shows the cluster structure 
of the key-route main path derived based on index D. Figure 7 shows the key-route main 
path derived based on the indexes R and D + R. 

We validate the technology main path derived by the proposed study by reviewing 
technology reports in practical fields. The technology flow that constitutes the key-route 
main path derived based on the index D value can largely be ascribed to Cluster 2, Cluster 
0, and Cluster 3 in that order. Cluster 2 represented the generic technologies required for 
self-driving technologies and the initial technology related to self-driving proposed for the 
public interest (Levien, 2011). Although not drawn as the global main path, the other two 
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patents belonging to Cluster 2 on the key-route main path were automated control systems 
and driving environment recognition technology, which could be the basis of self-driving 
systems. Cluster 0, connected from Cluster 2, represented the technology for assessing 
the risks associated with self-driving and the degrees of these risks. This risk-detection 

Fig. 6   Cluster structure of index D-based key-route main path

Fig. 7   Cluster structure of key-route main path based on the indexes R & D + R 
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technology belongs to the sensing step in the three-step self-driving process. This technol-
ogy is required to prepare for and prevent potential threats, and it goes beyond simply rec-
ognizing the road on which the vehicle is to be driven before the vehicle moves. Accord-
ingly, the technology that is the most basic should be developed on a priority basis for 
self-driving and research has been steadily conducted on how to more accurately identify 
and collect driving environment information (Kaempchen et  al., 2004; Duraisamy et  al., 
2013, Dabral et al., 2014). Cluster 3 indicates the driving-route analysis and guidance sys-
tem for self-driving. In terms of the steps of the self-driving system, this technology per-
tains to the planning and action steps. When the driving environment and risk data col-
lected in the sensing step are transmitted, the next step involves making a decision and 
performing self-driving. US10282625 (2018), which was derived as a global main path, is 
a representative patent that comprehensively proposes technologies for all the steps of the 
self-driving system, starting from the sensing step to the action step.

The key-route main path derived based on the values of R and D + R was composed of 
a relatively greater number of technology clusters than the path derived based on the index 
D. The technical flow of the analysis results based on R and D + R was largely directed 
from Clusters 1 and 4 to Cluster 2 and then to Cluster 6. Cluster 1 consisted of patents 
pertaining to the signal-processing of driving environment data. This technology is used 
immediately after the sensing step, and it is used to identify roads or objects and convert 
them into signals to provide driving commands. Signal processing technology has multiple 
purposes, including preventing collisions with objects and setting the travel path. Cluster 
4 was the technology cluster that was the most similar to Cluster 1, which represented a 
technology in the sensing step that processes the data signals collected from the driving 
environment; Cluster 4 represented a system or device for transmitting and receiving the 
driving command signals issued in the planning step, which are generated on the basis 
of driving environment data. The technologies belonging to both Cluster 1 and Cluster 4 
exhibited a form that converged in Cluster 2. As mentioned in the result of index D, Cluster 
2 represents generic technologies for self-driving. Even in Cluster 2, the patent selected 
as the key-route main path of the indexes R and D + R was a technology representing the 
general applications of the technologies belonging to Clusters 1 and 4. US6226389 (1999), 
continued from Cluster 1, describes the overall methods for identifying obstacles, output-
ting signals, and using them as control signals for driving a vehicle. US6141620 (1996), 
continued from Cluster 4, demonstrates how to use signals to check the vehicle condition 
by periodically receiving signals related to its movements. Cluster 6, following Cluster 4, 
described the technology of a phased control system or device for controlling a self-driving 
vehicle.

Discussion

Discussion of MPA results

In this study, a new methodology for calculating the link weight by considering the causal 
relationship at the keyword level was proposed to derive the main path of a patent. Figure 8 
shows the top 30 main paths derived using the existing approach based on SPC weights, 
which calculates the link weights based on the number of citations. The seven nodes 
marked in color are the parts in which results identical to those obtained using the existing 
methodology were obtained. The yellow nodes are the patents that represent the top 20% of 
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index D + R. The blue nodes are patents that represent the top 30 paths of index D. The red 
patents represent the top 30 paths of the indexes R and D + R. The results obtained using 
the existing methodology generally included several patents with high D + R index values. 
When a company attempts to create a new technology, it can reduce technological threats 
by utilizing the key technology development paths that can be derived through index D. 
Any technology that has reached a mature stage of development can be identified, along 
with its risks, by reviewing not only information on the theory of the technology but also 
examples of it gaining a stable market position through actual development. However, in 
the case of a new technology that is in the development stage, there is little information on 

Fig. 8   Comparison of MPA results between the traditional and proposed methods
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success references, which increases the risk level. For this reason, it is necessary to collect 
information that influences technological ideas within the technology market and examine 
whether a company is a viable option. Nevertheless, the existing approach does not con-
sider the results obtained by identifying important patents in terms of technical ideas and 
development performance. The proposed methodology considers both when information 
about a technology idea is needed, when information pertaining to technology develop-
ment performance is needed, or when important technical information that is of high value 
from both perspectives is needed.

The MPA derived in this study contains results that seem unreasonable. For exam-
ple, the MPA derived using index D includes a patent link with a time gap of more than 
20 years in Table 6. The result was that US9098080 was a sink node, even though a num-
ber of patents have cited it since then. In addition, only four patents were included in the 
MPA result derived using the D + R index. This analysis result can be interpreted as the 
result of selection and concentration in the dataset. That is, in this study, the causality of 
the preceding and following patents was analyzed, and the contents that were actually writ-
ten in the patent document were emphasized. Therefore, even if there were many cited pat-
ents, they were likely to be excluded from the path if technical causality was inadequate. 
However, there was a high possibility that the cited patent was excluded during this process 
because it was collected by creating a search formula based on the keywords of the tech-
nology to be analyzed in the data-collection stage. This limitation related to missing data 
can be overcome by supplementing the data collection process. In this study, we considered 
only 18 causative verbs for analyzing causality. The list of verbs for examining causality 
can be broadened, or a causal content-linking phrase that is not expressed as a verb can 
be included. We compared the MPA results obtained using the proposed and the existing 
methods. Among the core patents derived using the existing methodology, only three blue 
patents had high value as technology ideas. In addition, only four red patents were particu-
larly valuable in terms of technological development. However, a large number of yellow 
patents with high value, which can be interpreted as having a high level of technologi-
cal importance, were included as both technological ideas and technological development 
results.

Theoretical and managerial implications

In this section, we discuss the theoretical and managerial implications of the proposed method. 
The framework proposed herein draws the main path of technology development by using 
SAO structures and the DEMATEL method. We compared the proposed method with the 
methods described in existing MPA studies with a focus on the calculation of link weights and 
technical influence. The existing methodologies have limitations in terms of deriving patents 
from various viewpoints and delivering as much information as the proposed methodology. 
From the academic perspective pertaining to the suggested keyword causal relationship-based 
link weights, our greatest contribution is that the proposed method uses the keyword informa-
tion of the patent document directly to compute the weights. We derived keyword information 
from the claims describing the technical functions in the patent documents, and we used this 
information to determine a new link weight for MPA. The second contribution is that we mini-
mized information loss by deriving the main paths separately by considering the indexes D, 
R, and D + R and then suggested them. For the purpose of our analysis, the proposed method 
can derive the main path of the patents that have a strong degree of influence on other patents, 
the patents that are affected to a strong degree by other patents, and the patents that have high 
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importance. The contribution from a managerial point of view is that the proposed method 
could help to identify important technology flows that are difficult to grasp by using only 
citation information because it considers the influence of a patent document. The proposed 
method can identify the latest technological development trends by efficiently analyzing big 
data, and it can provide useful information for foreseeing the direction of technological devel-
opment in the future.

Moreover, the results can be utilized to manage the R&D on self-driving cars. When 
reviewing the main path and technological cluster structure based on index D, we found that 
the driving environment recognition, risk detection, driving route analysis, and guidance tech-
nologies for self-driving cars represent the most important technology flow. These technolo-
gies are related to the most basic processes required for the operation of self-driving cars, in 
the order of sensing to collect vehicle location and surrounding information by using sensor 
devices, such as Radar, Lidar, GPS, and cameras; planning to detect speed, direction, and des-
tination by analyzing sensing data; and acting to move the vehicle according to the driving 
plan. This is the basic process for moving the vehicle, and it is also a type of learning process 
that is repeated several times to quickly adapt and respond, even if the driving environment 
changes suddenly (Surden and Williams, 2016). Because this is the most basic technology 
that was used before other technologies or services based on self-driving technologies were 
developed, it has the greatest influence on the development of other technologies related to 
self-driving. Therefore, the index D, which represents the extent of influence, shows that the 
actual technological development flow can be derived and it is suitable for the definition and 
direction of indexes.

Next, by analyzing the indexes R and D + R, we identified the data-signal transmission and 
reception technology for self-driving cars as the most important technology flow. Because the 
index R refers to the degree to which a patent is influenced by other patents, the technology 
that is the most strongly affected by other technologies is data-signal transmission & recep-
tion. It is the most strongly affected by the technologies for sensing, planning, and acting, 
which were obtained as the results of index D, because signal transmission & reception tech-
nology is important, especially in the sensing step. Since the sensing step is the pre-step for 
not only collecting information about roads and objects but also for detecting and preventing 
potential risks, the key is to quickly process and transmit the collected data. Furthermore, even 
when the planning and action steps receive and process data, signal transmission & reception 
technology is required. Accordingly, research to improve the performance of signal process-
ing functions, including signal range, speed, and direction, is being conducted together with 
research on self-driving technologies. For this reason, we believe that signal transmission & 
reception technology is greatly affected by the underlying technology in the self-driving field 
(Jo & Sunwoo, 2013; Patole et al., 2017). The analysis of the index D + R, which indicates 
importance, yielded the same results as those obtained using index R. This implies that the 
indexes R and D + R have a strong correlation for self-driving car technologies. In other words, 
the technological importance of self-driving car technologies depends on the technology used 
to process the data signals for self-driving. The relationship between the importance index 
D + R and the other indexes D and R may differ if the technology to be analyzed is not meant 
for self-driving cars.
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Conclusion

In this study, a data-based quantitative methodology was proposed to analyze technol-
ogy development paths and identify competitive relationships between the development 
paths to explore technological opportunities. A keyword causality-based MPA method-
ology for technology development path analysis was proposed. Patents were selected 
based on the main path obtained using the proposed methodology, and cases developed 
as actual technologies or services were analyzed. In addition, the proposed methodology 
was verified through comparison with the existing methodologies.

The contributions of this study are as follows. We researched and suggested the MPA 
method based on the keyword causal relationships by deriving information from the 
body of patent claims. We collected and analyzed patent data on the technology of self-
driving cars. By means of the index D, which represents the extent of influence of a 
patent, we derived the core technology flow that forms the basis of the self-driving car 
process. By using the indexes R and D + R, we drew the core technology flow related to 
signal processing that was most affected by the generic technology of self-driving cars. 
By using the proposed method and actual analysis results, we outlined our contributions 
to the MPA research field from the academic and managerial perspectives. Finally, we 
concluded by proposing future research projects to overcome the limitations of the pro-
posed method and other limitations.

Nonetheless, the present study has several limitations. The first limitation of the pro-
posed method is that because the weights are suggested based on the appearance fre-
quency of keyword pairs of S and O in the SAO structure, if the frequency of a keyword 
is low, even though the keyword has a core meaning, the corresponding weight value is 
low. Next, when predicting the main route, the timing of emergence of new technolo-
gies cannot be predicted. The proposed methodology identifies only the technical pros-
pects and the competitive situation based on the current data. However, the possibility 
of changes in the competitive situation due to the emergence of new influential patents 
is not considered. This study focused on patent data to derive the MPA. Therefore, it is 
necessary to extend the results to papers and other technical information to apply the 
results.

Appendix: Searching formulas

(a)	 recognition: “TAC = ((("RADAR" OR "radio detection and ranging" OR "radio waves" 
OR "millimeter wave" OR "SRR" OR "Short Range Radar" OR "LRR" OR "Long 
Range Radar" OR "Laser radar") OR ("ultraviolet" OR "near infrared" OR "LASER" 
OR "Light Amplification by the Stimulated Emission of Radiation" OR "LIDAR" OR 
"Lager Imaging Detection And Ranging") OR "Ultrasonic") AND ((auto* OR robotic 
OR driverless OR "self drivinig") W/5 (vehicle OR car)))”, “TAC = ("camera" AND 
((auto* OR robotic OR driverless OR "self drivinig") W/5 (vehicle OR car)))”, and 
“TAC = (("telematics" OR "V2X" OR "V2V" OR "vehicle-to-vehicle" OR "vehicle-
to-infrastructure" OR "Vehicular communication" OR "connected car" OR "connected 
vehicle" OR "wireless communication" OR "bluetooth" OR "Wi Fi" OR "short range 
communication" OR "internet of things" OR "in-car networking" OR "connectivity") 
AND ((auto* OR robotic OR driverless OR "self driving") W/5 (vehicle OR car)))”.
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(b)	 judgment: “TAC = ((((self OR vehicle OR driving) AND (plan* OR diagnos* OR moni-
tor*)) OR "On board diagnos*" OR "OBD") AND ((auto* OR robotic OR driverless 
OR "self drivinig") W/5 (vehicle OR car)))”, and “TAC = (((adaptive OR super OR 
smart) AND (cruise OR decision OR act*)) AND ((auto* OR robotic OR driverless 
OR "self drivinig") W/5 (vehicle OR car)))”.

(c)	 control: “TAC = ((((touch OR active front OR active independent front OR car) AND 
steering) OR steering) AND ((auto*OR robotic OR driverless OR "self drivinig") W/5 
(vehicle OR car)))”, “TAC = ((speed AND (control OR adapt* OR advice OR device)) 
AND ((auto* OR robotic OR driverless OR "self drivinig") W/5 (vehicle OR car)))”, 
and “TAC = (((("automotive power" OR "vehicle stability" OR engine) AND control) 
OR "active safety") AND ((auto* OR robotic OR driverless OR "self drivinig") W/5 
(vehicle OR car)))”.
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