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A B S T R A C T

Technological Convergence (TC) reflects developmental processes that overlap different technological fields. It
holds promise to yield outcomes that exceed the sum of its subparts. Measuring emergence for a TC environment
can inform innovation management. This paper suggests a novel approach to identify Emergent Topics (ETopics)
of the TC environment within a target technology domain using patent information. A non-TC environment is
constructed as a comparison group. First, TC is operationalized as a co-classification of a given patent into
multiple 4-digit IPC codes (≥2-IPC). We take a set of patents and parse those into three sub-datasets based on the
number of IPC codes assigned 1-IPC (Non-TC), 2-IPC and ≥3-IPC. Second, a method is applied to identify
emergent terms (ETs) and calculate emergence score for each term in each sub-dataset. Finally, we cluster those
ETs using Principal Components Analysis (PCA) to generate a factor map with ETopics. A convergent domain –
3D printing – is selected to present the illustrative results. Results affirm that for 3D printing, emergent topics in
TC patents are distinctly different from those in non-TC patents. The number of ETs in the TC environment is
increasing annually.

1. Introduction

Actions such as sharing similar technological characteristics ac-
celerate the erosion of distinct barriers among industries.
Technologies commercialized in one industry could significantly in-
fluence, or even shape, the nature of a product and process evolution
in other industries. This growing trend is broadly known as
Technological Convergence (Lei, 2000). Regarding the converging
environment, sourcing the essential technological knowledge from
beyond their own industry is often necessary and key to successful
innovation management.

New and emerging technologies appear frequently in the converging
environment, at the boundaries of different technology fields. Martin
(1995) has emphasized the foresight of the most promising research
areas and emerging technologies that can yield longer-term economic
and social benefits. He also introduced the notion of “convergence of
technological fields” as one characteristic of general emerging tech-
nologies. Emerging technologies have the potential to be highly gen-
erative and may open up whole new areas of technology and science

(Breitzman and Thomas, 2015). In academia, the existing literature is
oriented toward patent-based approaches for the identification of
emerging technologies (Lee et al., 2017). Yet, there is a lack of ex-
ploration for emerging technologies in the convergence environment.
We have asked the research question: Is there an analytical approach to
help identify and distinguish emergent topics in the convergence en-
vironment?

Patent databases are being employed as they are increasingly giving
insights into technological development. Technology classification
system could be seen as an appropriate unit of analysis for exploiting
the information contained in the patent databases (Dibiaggio and Nesta,
2005; Leydesdorff, 2008). Convergence can be found in patent data
through growing overlap among Standard Industrial Classification (SIC)
codes or International Patent Classification (IPC) codes and through an
increase in patent citations among different classes (Pennings and
Puranam, 2001). Many researchers make use of the IPC codes to illus-
trate the patterns of converging technologies (Dosi, 1982; Matti and
Tuomo, 2011; Shim et al., 2016; Verbeek et al., 2002). IPC hier-
archically structures patents into section (1-digit), classes (3-digit),
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subclasses (4-digit), main groups, and subgroups. The technical fields
and background of the patent documents appear significant in the
classification task at the IPC subclass level (Lim and Kwon, 2017).
Therefore, this paper defines the TC environment as the dataset in
which patents are assigned with multiple 4-digit IPCs. Conversely, the
non-TC environment is the dataset in which patents are assigned with
single 4-digit IPCs.

This analysis was conducted through spotlighting Emergent Topics
(ETopics) in a TC environment and comparing to those in a corre-
sponding non-TC environment. The emergent terms identified from
patent databases could contribute to technology forecasting (Roper
et al., 2011), enable firms to innovate new technologies and hold
competitive skills. ETopics can also serve technology assessment in-
terests in developing awareness of potential socio-economic implica-
tions in advance of the implementation of emerging technologies, to
instigate possible policy actions (Porter et al., 1980; Roco et al., 2011).

Both ETs and TCs are becoming a priority and part of the research
agenda of many national governments (Jeong and Lee, 2015; Rotolo
et al., 2017). Constructing efficient approaches to explore R&D emer-
gence and convergence can accelerate discoveries, solutions, and in-
novations. This paper provides an original approach for identifying
emergent terms of TC. From an academic perspective, the systematic
approach proposed can be applied to other sectors to reveal the emer-
gence of TCs as many industries are facing trends of fusing technologies
and convergence processes (Karvonen and Kässi, 2011). From a prac-
tical standpoint, the findings of the approach can help strategic decision
makers understand what is emerging in the convergence pattern within
a technological domain. Firms can also use the emergence information
in a technological convergence environment to manage intellectual
property to gain competitive advantage.

The paper is organized as follows: Section 2 provides a brief over-
view of emerging technologies and technological convergence. Section
3 describes our analytical approach. The empirical study and the results
are given in Section 4. Section 5 concludes with an outlook on possible
future research and implications for R&D management.

2. Theoretical background

2.1. Emerging technologies

A WOS (Web of Science) search for articles with the title “emerg*
technology(ies)” returns over 2600 records; thus it can be seen that
this topic has attracted a lot of interest from governments, companies,
and individual scientists (Small et al., 2014). Many researchers have
offered definitions and explored the characteristics of “emerging
technologies”. Day and Schoemaker (2000) defined emerging tech-
nology as a science-based innovation that has the potential to create a
new industry or to transform existing ones. Porter et al. (2002) defined
emerging technologies as being able to exert much enhanced eco-
nomic influence in the coming (roughly) 15-year horizon. Goldstein
(1999) ascribed the following characteristics to emergence: radical
novelty; coherence, correlation, wholeness; global or macro; dyna-
mical; and ostensive, perceivable. Srinivasan (2008) pointed out that
fast growth, convergence, dominant designs and network effects are
the characteristic of emerging technologies, and the only certainty
with emerging technology is the high degree of uncertainty associated
with them. Halaweh (2013) summarized 6 characteristics of emerging
technology: uncertainty, network effect, costs, unobvious impact,
limited to creator or inventor country, and not fully investigated and
researched. Boyack et al. (2014) noted that “there is nearly universal
agreement on two properties associated with emergence – novelty (or

newness) and growth. We find two additional properties on which
there is less, but still moderate, agreement – emergence is noticeable
and unexpected”. Rotolo et al. (2015) summarized five distinguishing
characteristics of an emerging technology: (a) radical novelty; (b)
relatively fast growth; (c) coherence; (d) prominent impact; and (e)
uncertainty and ambiguity. The last characteristic pertains to the
technology showing high potential, but its value has not been well-
demonstrated (Cozzens et al., 2010). Emergence can be treated with
some or all of these characteristics (Van Merkerk and Robinson,
2006).

More and more quantitative methods, mainly bibliometrics (Chang
et al., 2009; Glänzel and Thijs, 2012; Guo et al., 2012; Huang et al.,
2015; Boyack et al., 2014), are conducted as a complement to expert-
centric approaches in analyzing emergence in science and technology.
There are mainly two directions: one is identifying the existing tech-
nologies as emergence (Cho and Shih, 2011; Joung and Kim, 2017; Ju
and Sohn, 2015), and the other is predictive analysis before they
emerge (Bengisu and Nekhili, 2006; Daim et al., 2006; Érdi et al., 2013;
Kyebambe et al., 2017).

Lee et al. (2017) reviewed a rich patent-based literature to identify
emerging technologies. He expounded that the approaches, including
curve fitting techniques and stochastic models (estimating probability
distributions of patent citations), don't enable identification of emer-
ging technologies at early stages of technology development.

In this paper, we detailed the introduction of the emergence in-
dicator proposed by Search Technology and Georgia Tech group
members (Garner et al., 2017). They have been involved in Foresight
and Understanding from the Scientific Exposition (FUSE) Program for
emergence and framing candidate indicators (Alexander et al., 2012).
Their emergence indicator offers replicability and feasible generation.

2.2. Technological convergence based on IPCs

A prevailing view on the convergence phenomenon is that industries
and markets would merge through a growing overlap among technol-
ogies, services, and firms. This concept associated with technological
development has become the focus of many studies (Hacklin, 2007; No
and Park, 2010; Stieglitz, 2003). The term TC refers to a process,
whereby the different sectors come “to share a common knowledge and
technological base” (Athreye and Keeble, 2000; Rosenberg, 1976). Pa-
tent data have been used to measure TC (Curran and Leker, 2011; Fai
and von Tunzelmann, 2001; Gambardella and Torrisi, 1998; Matti and
Tuomo, 2011).

As we mentioned, IPC codes are a hierarchical way of assigning
the category to which every patent belongs. There are eight sections,
130 classes, 642 sub-classes, and 73,915 groups (“International Patent
Classification (IPC) - IT support area - Edition 20180101 - Statistics”).
The IPC separates the whole body of technical knowledge, which
may be regarded as proper to the field of patents for invention using
hierarchical levels (e.g., section, class, subclass, group, and sub-
group) in descending order of hierarchy. One patent can be assigned
to more than one sub-class if the patent finds application in various
industrial domains. If all the patents are not concentrated in a few
sub-classes, research can be said to be diversified. The definition of
TC operationalized in this study is based on the co-classifications of
4-digit IPC codes. The occurrence of a combination of two IPC sub-
classes is considered to indicate a converged technology (Caviggioli,
2016). Patent documents with two or more distinct patent subclasses
might indicate the presence of a convergence development. On the
contrary, a patent classified with a single 4-digit IPC code would
show no indication of technology convergence. This fundamental
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concept of IPC co-classification analysis is also adopted (Song et al.,
2017) to depict the relationships among technology classes, as they
help to illustrate how technological knowledge structures are inter-
connected and yield insight into the technological orientation and
changes therein.

3. Proposed methodology

This work investigates the emergence related to the convergence
environment in a specific technology domain. We first develop a
proxy for technological convergence using 4-digit IPCs in the pa-
tents. The techniques we employ to identify ETs have been used and
validated in a number of previous studies (e.g. Carley et al., 2017,
2018; Garner et al., 2017) and our emergence indicator (catalogued
below) is most compatible with the datasets used in our study, pro-
viding results in quantifiable format. Finally, Principal Components
Analysis (PCA) factor mapping is used to provide not only visuali-
zation, but a deeper understanding of how ETs are related to one
another.

Fig. 1 shows the overall process of the proposed approach. The
framework is designed to be executed in three steps: (1) Parse the da-
taset based on the number of 4-digit IPCs; (2) Generate emergence in-
dicators (ETs); (3) Cluster ETs by PCA. Finally, Non-TC environment is
used as a comparison group to reveal the differences from TC.

3.1. Distinguish between TC and non-TC

There are various free or commercial patent databases. USPTO,
EPO, WIPO, JPO, SIPO, OECD, Google Patents, Derwent Innovation
Index (DII), etc., are examples. The IPC system is used in more than
100 countries in the world; almost all the patent-related databases
have IPC information. Besides IPCs, there are two important classi-
fication systems used by the largest patent offices (e.g., the EPO and
US joint CPC system, and the Japanese FI system). Those two systems
are also based on IPCs. Patents from a database such as DII can be
downloaded and imported to VantagePoint [www.theVantagePoint.
com] software. The software was employed to extract 4-digit IPCs of
each patent record. The number of IPC technology classes assigned in
one patent indicates the range of its technical application (Cozzens
and Wetmore, 2010). This implies that patents with co-assignment of
multiple IPCs are enriched in technological knowledge and, possibly,
with higher value. Thus, we parsed the whole dataset at the subclass
level into three sub-datasets based on the number of 4-digit IPC codes
assigned, and we named the three sub-datasets as 1-IPC, 2-IPC, ≥3-
IPC (no less than 3 4-digit IPCs). For 1-IPC dataset, all the patents

were assigned with single 4-digit IPCs in this dataset, and so on.
Here, we examined various ways to parse the dataset to distinguish
the TC environment and non-TC environment. We also tried to ex-
amine emergent terms in 4-IPC, 5-IPC, etc., sub-datasets separately.
Finally, we determined to use three sub-datasets, which provided
better comparison.

3.2. Identify emergent terms

A more thorough treatment of how we calculate emergent terms is
provided by Carley et al. (2017, 2018). The emergence indicator we
employ here contains five specific methodological steps (Porter et al.,
2018, Fig. 1). Here we add some formulations for elaboration. Appendix
A indicates how our emergence indicator calculation runs as a script in
Vantagepoint.

Here, t refers to a 10-unit time period (usually years, but we are
investigating use of other temporal units, such as quarters); numbers
refer to those 10 periods; 1 refers to the earliest and 10 to the latest
period.

Where, t = 4…10 should be taken as an active period (tactive) com-
prising 7 temporal units, and t = 1…3 should be taken as a base period
(tbase) of 3 units. To a specific term i:

nit: number of records contain term i in time t;

=x 1 if term i appears in time period t
0 otherwiseit ;

Nt: number of records in time period tactive is the set of authors who
use term i;

= = …

=

A m A a a j m k m j
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; 0 a and a co author one record
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Criterion 1: [Term Persistence: a term must appear in at least 3 time
periods (years) and in at least 7 records.]

If x 3
t

it and n 7
t

it then that term meets the specified

“Persistence” criteria.
Criterion 2: (Novelty and Growth: the term cannot appear in as

many as 15% of the base period records; it must appear in at least twice
as many records in the active period as in the base period.)
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Criterion 3: (Community: terms need to be used by more than one

author who doesn't co-author on the same set of records.)

Fig. 1. Overall process to generate emergent terms in relation to technological convergence.
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=
m y2 and 1

j

m

k j
jk

1
Criterion 4: Calculation of EScore for Term i
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Criterion 5: (We examined various levels of the resulting term scores
for various datasets, settling on a threshold of 1.77 for a term to be
considered emergent).

If EScorei ≥ 1.77 then the term is considered to be emergent. The
value 1.77 was chosen based on empirical observations. A reasonable
threshold was judged to fall between EScores of 1.5 and 2. We selected
1.77 as the square root of Pi (in the middle, and a touch of whimsy).

3.3. Identify emergent topics

As we set the threshold for selecting ETs, there are a large number of
emergent terms. We aim to reduce the dimension and refine the in-
formation for ETs. The objective of this clustering is to minimize as-
sociations among clusters and maximize the relationships within clus-
ters. Different clustering algorithms have different starting points and

mechanisms of selection; however, these will not bring about large
differences in the actual clusters developed (Newman et al., 2014).
Principal Components Analysis (PCA) is a useful technique for ex-
tracting the main relationships implicit in a dataset (Watts et al., 1998;
Zhu et al., 1999; Zhu and Porter, 2002). We use PCA clustering the ETs
that frequently occur together in the dataset records in one ETopic. The
factor loadings for each ET, also called component loadings in PCA, are
the correlation coefficients between the terms and Topics (PCA factors).
We go on to compare those ETopics between our single-IPC sub-dataset
and multiple-IPC sub-dataset.

4. Empirical study

This study focuses on technical fields with converging technologies.
Our purpose is a comparative look at ETs in a TC environment and in a
non-TC environment, in one target domain. We noticed that three-di-
mensional (3D) printing technology itself is based on diverse technol-
ogies such as laser beams and materials. Li and Porter (2018) developed
an integrated framework involving several new metrics for a Boolean
query to analyze the risk for 3D printing. They validate the dramatical
growth in publications related to 3D printing in WOS (Web of Science)
and the multiple categories involving in 3D printing technology. We
confirm that 3D printing technology is a converging and emerging
technology that produces 3D objects using a 3D printer (Park et al.,
2016).

4.1. Datasets

We chose DII as our source for data. It offers patent information that
is more comprehensive, accurate, and searchable than the primary
patent records as provided via databases such as PATSTAT because

Fig. 2. Development over time for 3D printing patents.
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their records are rewritten by humans, so interpreted better than first
level data. Patent records are converted into a standard format, errors
corrected and each record assigned to a patent family and industry
code. Crucially, patents in DII are enriched with enhanced titles and
comprehensive abstracts in English (https://clarivate.com/wp-content/
uploads/2017/12/Derwent-Innovation-for-Research.pdf).

The search query we set for 3D printing was SSTO = (((3D OR 3-D
OR (3 ADJ dimension*) OR (three ADJ2 dimension*) OR additive)
NEAR (print* OR fabricat* OR manufactur* OR product*))) (Huang
et al., 2017). Ultimately, we got 30,122 patent records for 3D printing.

Fig. 2 depicts the growth trend for 3D printing. Because of the time
lag for patents being filed, the number of records in the basic patent
years 2016 and 2017 should be incomplete. Surprisingly, Fig. 2 shows
that the number of 3D printing patents in 2017 is larger than that of
2016, and then 2015, respectively.

Fig. 3. Share of patents according to the different counts of IPC on 3D printing.

Fig. 4. Venn diagram for 3D printing.

Table 1
Total number of ETs for 3D printing.

Time period
# of IPC

2006–2015 2007–2016 2008–2017

Non-TC: 1-IPC 198 712 594
2 188 347 488
≥3 118 239 428
Total (exclude the overlapping terms) 402 987 1135

Table 2
Correlations.

# of IPCs # of records # of ETs

# of IPCs Pearson correlation 1 −0.697⁎ −0.513
Sig. (2-tailed) 0.037 0.158
N 9 9 9

# of records Pearson correlation −0.697⁎ 1 0.814⁎⁎

Sig. (2-tailed) 0.037 0.008
N 9 9 9

# of ETs Pearson correlation −0.513 0.814⁎⁎ 1
Sig. (2-tailed) 0.158 0.008
N 9 9 9

⁎ Correlation is significant at the 0.05 level (2-tailed).
⁎⁎ Correlation is significant at the 0.01 level (2-tailed).
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4.2. Growth trend of TC and non-TC

In order to understand the dynamic changes for the TC phenomenon
in 3D printing, we analyzed the share of patents in the three sub-da-
tasets, as mentioned in the methodology section: 1-IPC, 2-IPC, ≥3-IPC
(each year) (Fig. 3). The reason we chose the beginning year as 2006 is
that the IPC reform in 2006 (IPC-8) causes a difference in labeling
among the patent documents published before and after the reform. For
the documents published before the reform, only one single main IPC
was assigned to a patent. After the reform, no formal distinction was
made between the main and secondary classifications (Song et al.,
2017).

The results in Fig. 3 show that the share of 2-IPC and ≥3-IPC sub-
datasets for 3D printing has significantly risen within the past three
years, further demonstrating the growing TC of this technological do-
main. The shares of 2-IPC and ≥3-IPC patents began increasing in
2015. Furthermore, convergence in 3D printing is more obvious and
faster growing; the percentage of 2-IPC patents exceeds the single IPC
patents in 2016; and the ≥3-IPC exceed the 1-IPCs in the following
year.

4.3. ETs in TC and non-TC environments

The object of the analysis is to distinguish ETs in multiple IPC sub-
datasets. When running VantagePoint's emergence indicator script on
each sub-dataset, we selected a ten-year test period consisting of a
base period (three years) plus an active period (seven years). We
tested three different ten years periods: 2006–2015, 2007–2016, and
2008–2017.

At first, it is also of interest to investigate the number of ETs in each
sub-dataset. Fig. 4 is a Venn diagram that shows the overlapping ETs of
the three sub-datasets in different time periods. The number inside the
circle is the number of ETs we got, while numbers outside the circle
represent ETs not in that dataset. The number in the area of overlap of
two circles represents the number of ETs in both sub-datasets. In the
same way, the number in the overlap of three circles is the intersection
of three sub-datasets. The number of ETs in 2-IPC and ≥3-IPC circles
increases year by year.

Table 1 compares ET numbers between TC and non-TC, and the
total number of ETs in each 10-year time period. The number of ETs in
2-IPC and ≥3-IPC sub-datasets is increasing annually for 3D printing.
The number of ETs in 1-IPC sub-dataset decreases in 2017. It de-
monstrates the increasing emergence of TCs in the 3D printing do-
main.

It is also interesting that the numbers of IPCs and ETs correlate

negatively. We carried out the correlation analysis and found that the
relationship between the number of ETs and the number of records
correlates significantly (r = 0.814) based on our data (Table 2).

Table 3 shows the top 10 high emergence terms, giving the terms'
Escore. We took a look at all the emergent terms in TC patents and
found that they are largely different from those in non-TC patents.

4.4. Emergent topics in a TC environment

We use VantagePoint's PCA (Principle Components Analysis or
“factor map” routine) to cluster those emergent terms. For the ≥3-IPC
sub-dataset in the period 2008–2017, the PCA routine denotes 25
highly emergent topics (Fig. 5). We would predict that those 25 topics
that we distinguish as high emergence are more apt to remain especially
active research topics over the next two or three years. The dropdowns
are the ETs related to this ETopic.

4.5. Emergent topics comparison

For each of these three sub-datasets, we obtained three factor
maps belonging to the time periods 2006–2015, 2007–2016, and
2008–2017. We combined ETopics in 2-IPC and ≥3-IPC sub-datasets
together as ETopics in the TC environment. We've found that
ETopics are updating rapidly over time in the 3D printing domain
(Table 4). We give results in Table 4 to two 3D printing specialists1

asking for their judgement. They have an agreement that our ETo-
pics have covered the 3D printing domain comprehensively, in-
cluding function, materials, and devices. Moreover, ETopics in TC
patents have a broader range, including detailed preparation
methods, devices, and improved materials. The emergent materials
in the TC environment which are highlighted by the two experts are
“polycarbonate,” “titanium alloy,” “waste plastic,” and “Plant
Fiber,” etc. There are also many materials with auxiliary functions
such as “radical photoinitiator,” “release agents,” and “chain ex-
tender.” ETopics like “Notch Impact Strength” and “Low manu-
facturing” demonstrate the higher performance requirements for a
3D printer in the TC environment, while the ETs in 1-IPC describe
the basic and universal devices, and theories for 3D printing. For
instance, there are terms like “high precision,” “work efficiency,”
“laser melting,” and “laptop computer.” Huang et al. (2017) has
validated that composite materials became a new topic in the 3D
printing of complex structures, which are thought of as a

Table 3
Top 10 high emergence score terms in three sub-datasets (2008–2017).

≥3 IPCs 2 IPCs 1 IPC

Emergent terms Score Emergent terms Score Emergent terms Score

Polylactic acid compatibilizer 57.36 Platform print 58.32 Polylactic acid 31.92
High plasticity 43.31 High precision 34.04 Technical field 29.27
Wt antioxidant 38.75 Guide rail 28.94 Print technology 21.73
Screw extruder temperatures 32.24 Screw rod 28.48 Slide rail 20.45
Manufacture additive 32.23 Efficient print 24.54 Three dimensional print technology 20.24
Multifunctional 3D printer 29.90 Print quality 23.41 Polyvinyl alcohol 19.79
Taking compatibilizer 29.64 Feeding pipe 23.19 Simple manner 19.78
Mechanical property distribution 29.15 Connecting rod 23.14 Stainless steel 18.31
Controller operative 28.98 Controller 22.23 Feeding port 18.15
Mixing modified acrylonitrile butadiene styrene 27.87 Slide rail 19.95 Plastic 17.40

1 The authors thank Dr. Ning Wang and PhD Candidate Mingyuan Ma from
the University of Science & Technology Beijing for their assistance with this
analysis. The two experts do not know each other. To avoid bias, we did not tell
them our expectations. We also avoid implying that there is a right answer for
the table.
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challenging but promising direction. Here we came to the consistent
conclusion with Huang that among the ETopics in TC patents,
composite materials related most strongly.

5. Conclusions and discussions

In this paper, we developed a new framework aiming at monitoring
emergent topics of technological convergence in a tech domain. First,
we parsed the patents into different sub-datasets on the basis of the IPC
classification system, which can be considered as the intellectual or-
ganization of the database of novel products and processes of economic
value (Leydesdorff et al., 2017). Patents assigned with a single 4-digit
IPC represent a non-TC environment, while patents with multiple IPC
subclasses represent a TC environment. Second, we employed an
emergence indicator, which identifies emergent terms. Then, PCA was
used to cluster the emergent terms. Finally, we compared the emergent
topics in the TC environment to the non-TC environment.

For 3D printing, both the share of TC patents and the number of ETs
in the TC patents are increasing annually. Moreover, the ETopics of TC
are almost completely different from those of the non-TC patent da-
taset. The TC ETopics have broader range. Updating ETopics in the TC
patents over time indicates more complex and broader materials ap-
pearing within this domain.

To sum up, this proposed method can point attention to the cut-
ting-edge topics in the converging R&D activities. R&D researchers
and program managers could gain value from application of this two-
part approach. First, it is informative to separate patents with more
4-digit IPC sub-class assignments as “TC.” Analyzing them in contrast
to non-TC (single IPC) patents may point toward dynamic directions
for R&D. Second, identifying the ETopics in the TC domain can fur-
ther illuminate promising technical elements warranting strong at-
tention.

The limitations of this study present some challenging questions
for future research. First, there is no universal agreement on the

distinction between TC and non-TC. This paper contains a small
study on the distinction work. We should further think about the
conceptual extensions. Second, some of the emergent terms identi-
fied by the emergence indicator have synonyms in the terms list.
How to best get a more efficient set of emergent topics and terms is a
key part. Consolidating the emergent terms by clustering methods is
helpful. Future research will try to compare PCA methods with other
clustering methods.

The emergence indicator development will continue. Current
thresholds for novelty, persistence, and community are undergoing
sensitivity analyses to determine suitability. The “1.77” cutoff for
inclusion as an ET is being assessed in multiple datasets. Preliminary
indications are that these emergence indicators are quite robust, but
that small modifications could improve their behavior. Other char-
acteristics of emerging technologies may be considered for inclusion
to reinforce the model. Shorter time periods such as quarters, instead
of years, warrant exploration. In addition, how the emergent topics
in TC patents perform should be further considered. Do they indeed
show forth as especially active in patent activity over the coming few
years?
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Table 4
ETopics comparison between the TC environment and non-TC environment.

Time TC Non-TC

2006–2015 Melt index; polyvinyl chloride; excellent mechanical property;
montmorillonite; process aids; single screw; silicon carbide; epoxy acrylate;
laser melting; gas turbine; floss layer; synchronic belt; cost effective manner;
carbide silicon; acrylonitrile butadiene styrene; work efficiency;
isotetradecane; laser selective melting; impact modifier; fused deposition
modeling; epoxy acrylate; gas turbine engine; twin screw extruder; fluff
block; aluminum hydroxide;

Screw rod; high precision; work efficiency; floss layer; first drive; alloy
powder; laptop computer; fused deposition; tributyl phosphate; guide
wheel; service life; gas turbine engine; automotive industry; laser melting;
fluff block;

2007–2016 Waste plastic; pure water; screw extruder; polycarbonate; ethylene vinyl
acetate; work efficiency; twin screw extruder; aluminum oxide; laser melting;
polybutylene; succinate epoxy acrylate; vinyl acetate; viscosity regulator;
titanium alloy; gas turbine engine; fused deposition; platform print; cost
effective manner; aluminum nitride; butadiene styrene; heating block;
graphene; fused deposition modeling; synchronous belt; driven wheel; linear
silicone oil; gas turbine engine; fluff block; laser selective melting; gear mesh;
epoxy acrylate; automation degree; sending silk wheel;

Release agents; connecting rod; lead screw; epoxidized soybean oil; zinc
sulfide; fused deposition model; laptop computer; automation degree high;
gas turbine engine; tributyl phosphate; bone tissue; first drive; light oil;
alginate; prolonged service life; second gear; laser additive manufacturing;
tin oxide; fused filament; STL file format; fluff block; pentaerythritol
tetraacrylate; first conducting; lithium ion;

2008–2017 Notch impact strength; pure water; hyaluronic acid; styrene butadiene; screw
extruder; polyether ether ketone; ethylene bis stearamide; horizontal guide;
vanadium pentoxide; laser melting; plant fiber; silicon carbide; ethylene vinyl
acetate; chain extender; trimesic acid; release agents; low density
polyethylene; fused deposition modeling; low manufacturing; second slide;
drive wheel; laser selective melting; sodium gluconate; strip groove;
butadiene styrene; power supply module; calcium carbonate powder; heating
block; fused deposition modeling; resin groove; material guide pipe; titanium
alloy powder; synchronous belt; water pump; retarder; second motor;
automation degree; first guide rail; vertical guide; radical photoinitiator;

Alginate; polystyrene; work efficiency; epidermal growth factor; epoxidized
soybean oil; fused deposition model; polyvinyl alcohol solution; tin oxide;
compression mold; power supply module; rheology modifier;
polypropylene fiber; polyetherketoneketone; gas turbine engine; first bevel
gear; cool water tank; high density polyethylene; fused filament
fabrication; solid polymer; hot isostatic; high molecular; universal serial
bus; engineering bracket; tissue engineering bracket;
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Appendix A. Screenshot of the emergence script control panel
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