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A B S T R A C T

In this paper we present a novel method which enables an early and direct detection of technologies emerging
from a mainstream technology due to technological speciation. This method uses variables that were originally
introduced to characterize emerging technologies such as novelty, persistence, growth, and community. It is
applicable to mainstream technologies and relies mainly on semantic patent analysis. We test it in the field of
camera technology, which has a longstanding tradition and has been influenced by several technological gen-
erations. Based on a patent search, we develop a process that comprises three steps, starting with the extraction
and evaluation of bi-grams from the patents, continuing with the identification and evaluation of patents with
novel and persistent bi-grams, and concluding with the identification of application fields and technological
speciation candidates. As a result, we observe several instances of technological speciation, such as the action
camera, the depth camera and the dashboard camera. Our approach involves theoretical, managerial, and po-
litical implications; for example, it helps companies establish a system for the early identification and monitoring
of emerging technologies.

1. Introduction

When the carbon fiber reinforcement technology came into ex-
istence, it dramatically influenced the way in which airplanes are built;
it also led to opportunities in other industries such as the automotive,
bicycle and wind turbines industries (Moehrle and Passing, 2016).
Carbon fiber reinforcements are a typical example of an emerging
technology. The significance of an emerging technology is not only due
to the new opportunities that it may offer directly, but also to a mul-
titude of impacts that may originate from it indirectly. An emerging
technology has “the potential to create a new industry or transform an
existing one” (Day and Schoemaker, 2000) with an immense impact on
economy, society, and politics (Hung and Chu, 2006; Martin, 1995;
Porter et al., 2002). Therefore, there is continuous interest in the topic
of emerging technologies on the side of researchers, policy-makers, and
companies, which is reflected in the increase of publications related to
emerging technologies over the last decades (Rotolo et al., 2015).

One important source of emerging technologies is the technological
speciation from a mainstream technology (i.e. a mature, broadly ela-
borated technology covering several generations of development). In

analogy to evolutionary biology, Adner and Levinthal (2002) define
technological speciation as a phenomenon marked by two character-
istics: First, an existing technology finds use in a new application do-
main, often represented by a specific niche of customer needs. Second,
the technology is thereby often developed further in a way that dif-
ferentiates the emerging technology from the lineage of the original
technology.

There are many examples of how emerging technologies can be
detected on the basis of patents. Almost all existing methods identify
emerging technologies by focusing on aspects of scientific-push, namely
the emergence of new keywords or classes of patent classification (e.g.
Érdi et al., 2013; Joung and Kim, 2017; Kim et al., 2008; Yoon and Kim,
2011). They miss the opportunity to identify emerging technologies
driven by demand-pull, as explained above.1 Taking this opportunity
into account, the question arises, whether it is possible to develop a
method that enables an early and direct detection of technologies ori-
ginating from technological speciation and qualifying them as emerging
technologies.

In this paper we present a method of this sort. We take an existing
mainstream technology as a basis, search for technological speciation
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candidates by semantic patent analysis and check for emerging tech-
nologies by applying a set of broadly accepted criteria. The paper is
organized as follows: First, we provide the theoretical background.
Second, we introduce two novel methods which are based on semantic
analysis. Third, we select the camera industry as a promising case for
testing the method and developing a related patent set. Fourth, we
explain our method, focusing on patents especially and proceeding in
three steps to identify so-called technological speciation candidates.
Fifth, we present the results of our study in terms of the camera in-
dustry, identifying several technologies emerging from technological
speciation, such as the action camera or depth camera technology.
Sixth, we draw our conclusions. As a major point, we suggest the in-
vestigation of application fields as source for emerging technologies in
addition to the traditional source of investigating scientific discoveries.
In consequence, we suggest our method for technology managers to
identify opportunities in new application fields.

2. Theoretical background

The research into emerging technology has captured the attention of
numerous academic scholars. There are several approaches to the de-
finition of this phenomenon (e.g. Boon and Moors, 2008; Martin, 1995;
Porter et al., 2002; Small et al., 2014). A comprehensive definition is
presented by Rotolo et al. (2015), who suggest a five-criteria model
which unites and consolidates definitions by different researchers. Ac-
cording to them, an emerging technology is characterized by (i) radical
novelty, (ii) relatively fast growth, (iii) coherence, (iv) prominent im-
pact, and (v) uncertainty and ambiguity. While these criteria describe
the nature of emerging technologies quite well, they are only partly
accessible for operationalization (see the Method part of this paper). To
give a theoretical background, we will outline reasons for the emer-
gence of a technology; focus on demand-pull as driver for technological
speciation and comment on the identification of emerging technologies
within technological speciation.

2.1. Emergence of a technology

There may be different reasons for the emergence of a technology.
Like other novel technologies, emerging technologies are driven by a
scientific-push (which usually is labeled as technology push, but for
distinguishing from emerging technologies, we use scientific-push), a
demand-pull, or a combination of both (Dosi, 1982). For instance, it is
well known that a breakthrough in natural science, such as the dis-
covery of a new material like Graphene, represents a scientific-push and
may not only lead to the emergence of a single technology, but a
multitude of them. Such scientific-push offers new solutions for known
tasks; at times it may even create new tasks. In contrast, a new market
need, such as the increasing desire for clean air, may also foster the
emergence of technologies for emission avoidance. Therefore, a de-
mand-pull seeks for a new configuration or combination of known (or
sometimes novel) technologies related to a new task. The combination
of both – scientific-push and demand-pull – is what many emerging
technologies are driven by. For instance, the satellite technology makes
use of advanced knowledge about radio transmission and serves the
people's need to communicate over long distances or determine their
current location.

There is extensive theoretical and empirical work made for emer-
ging technologies driven by scientific-push in any form (be it solely by
scientific-push or by the combination of scientific-push and market-
pull). Recent examples include organic LED by Shen et al. (2010), zinc
oxide nanostructures by Ávila-Robinson and Miyazaki (2013), or thin
film solar cells by Yoon et al. (2011). In contrast, there is a lack at least
of empirical work for emerging technologies driven by demand-pull
primarily.

2.2. Demand-pull as driver for technological speciation

A theoretical work in context of demand-pull driven technologies is
proposed by Adner and Levinthal (2002). The authors investigate
market needs and find that technological speciation can be a specific
form of the emergence of technologies. In analogy to evolutionary
biology, they coin the term technological speciation, describing it as a
phenomenon in which an existing technology finds use in a new ap-
plication domain, often represented by a specific niche of customer
needs. In some cases, technological speciation may take place without
significant changes of its technological antecedents (Adner and
Levinthal, 2002). However, in many cases, significant changes are ne-
cessary; knowledge from other sources has to be integrated to fulfill the
needs of the new application domain. As a consequence, technological
speciation can lead to the emergence of new technologies which follow
a different path than that of their technological antecedents (Adner and
Levinthal, 2002). This view is further based on an evolutionary per-
ception of a society's development (Alexander et al., 2012), which is
characterized by a feedback loop: Changes in the environment or in
cultural behavior lead to new or altered demands, while the satisfaction
of these and earlier demands may lead to changes in the environment or
in cultural behavior.

In the course of speciation, the technology adapts to the selection
criteria, e.g. market needs, of the new application field in terms of
functionality (Adner and Levinthal, 2002; Basalla, 1988). New func-
tions may be added, and old functions may be changed or eliminated. In
other words: a previously irrelevant function of a technology could be
of relevance in its new field of application and may therefore be ela-
borated (Adner and Levinthal, 2002). Furthermore, resources are a
crucial element of technological speciation. Only a combination of the
adaptation process and the existence of resources in the new application
field ensure the development of a new technology in a substantial way
(Adner and Levinthal, 2002). Following this line of thinking, a new
technology is developed on the basis of an existing technology, re-
combined with other existing technologies (Fleming, 2001). The new
technology possesses characteristics which none of the recombined
technologies used to have and it integrates a new kind of know-how to
fulfill the changed requirements. As Garnsey et al. (2008) point out,
such development combines both continuity and discontinuity - the
continuity of the technology as a basis, and discontinuity of its phe-
nomenology in its environment. It has to be noted that not every
technology which comes into existence in this way is at the same time
an emerging technology. In addition to its novelty, it is subject to the
other aspects that emerging technologies are characterized by, such as
relatively fast growth or coherence (Rotolo et al., 2015).

Our theoretical approach is an extension of Alexander et al. (2012),
who characterize speciation of a technology “as the point where a tech-
nology bifurcates between an existing technology and newer-generation of
technology that at some point ends up competing against its ‘parents’”
(Alexander et al., 2012). Our concept of emerging technologies caused
by speciation is not limited to those competing with their ‘parents’.
Without neglecting this aspect, we also consider the set of speciation-
caused technologies, which do not compete, to be relevant and rich.

2.3. Identification of emerging technologies within technological speciation

As in our understanding technological speciation is demand-pull
driven, we find various opportunities to identify a basis for such
emerging technologies (we will comment on the methods for extracting
knowledge in the subsequent section). First, the researcher could focus
on a specific application field and try to figure out whether it involves
any emerging topics. Using patents as a basis, the researcher could refer
to application-oriented patent classes or keywords to extract a basic set
of patents, which can then be analyzed chronologically along with all
incorporated technologies. For instance, if the researcher is interested
in the catching or trapping of animals, CPC class A01M would be an
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appropriate source. Second, as speciation is usually based on existing
technologies, a researcher could focus on an existing technology (one
we might call a mainstream technology) with its full scope of applica-
tions. Again, the researcher could use technology-oriented patent
classes or keywords to extract a basic set of patents, which can then be
analyzed chronologically. For example, the CPC class F02 comprises
patents regarding combustion engines. We consider focusing on a
mainstream technology to be more promising, as it seems difficult to
tell significant from insignificant information in a multitude of possible
application fields.

To sum the theoretical background up: Not all emerging technolo-
gies result from speciation and not all speciation entities lead to
emerging technologies. However, speciation can be seen as a remark-
able driver for emerging technologies, which has not been focused on
yet. Moreover, methods have to be developed, which identify speciation
candidates and qualify them as emerging technologies.

3. Methodical background

Given the theoretical approach mentioned above – i.e. focusing on a
mainstream technology, searching for technology speciation, and classifying
some of the identified technologies as emerging technologies – a methodical
concept is needed to define emerging technologies. For this purpose, we rely
on the work by Newman and Suominen (2017) who present a consistent
approach by defining emerging technologies by four attributes, namely
novelty, persistence, growth and community (which is a slight variation of
the definition of Rotolo et al. (2015), but better to operationalize).

Furthermore, there are a few established patent based methods that
might be used to identify emerging technologies, although not without
limitations. Let us briefly introduce two examples: Ranaei and Suominen
(2017) and Joung and Kim (2017). Both were published recently, and are
based on semantic analyses. They manage to overcome the deficits of bib-
liography based papers, namely the long time lag between the application
for a patent and its classification as well as its citation.

Ranaei and Suominen (2017) present an unsupervised machine learning
approach by applying topic modeling, i.e. latent Dirichlet allocation (LDA)
and dynamic topic modeling (DTM), to a large number of vehicle related
patent data in order to identify patterns of emergence. In the case of LDA,
the authors manage to identify topics and, by adding the time aspect, ob-
serve the dynamism of topics, e.g. an increase or decrease of significance. In
the case of DTM, the time aspect is taken into account from the very be-
ginning, and thus topics are identified on a yearly basis. Consequently, it is
possible to observe the dynamism of words, e.g. the increase or decrease of
a word's significance in the context of a given topic.

While this approach certainly has its advantages, it also involves certain
shortcomings due to methodical elements. First, the identified topics do not
exclusively represent technologies. Hence, an ex-post qualitative analysis is
required to clean the topics, and to assign topics or terms to technologies.
Second, since LDA only delivers weak signals regarding the topic's sig-
nificance, there is still need for further analysis regarding novelty, persis-
tence, growth, and community in order to determine whether a topic or
term is emergent. Third, DTM demands a lot of processing power and also is
very time consuming. For this reason, the authors had to limit their analysis
to a very small number of topics, i.e. three.

Joung and Kim (2017) suggest an informetric measure for mon-
itoring emerging technologies and apply their method in a case of
electron transfer mechanism in electrochemical glucose biosensors. The
chief progress of this approach is that the authors work with technical
keywords that are automatically detected by means of an extended
tf-idf2 function. Furthermore, relationships between the technical key-
words (e.g. synonym, hypernym, hyponym) are calculated and assigned
by a domain expert. On the basis of identified technical keywords, the

authors construct a new keyword to patent matrix which they use to
calculate the dissimilarity matrix. An agglomerative clustering is then
carried out to form clusters. Then, emerging technologies are detected
by examining the clusters for emerging technical terms that were de-
termined by domain researches.

Although this approach is promising as well, it has several short-
comings: First, a high level of manual intervention is required in the
assignment of relationships between technical keywords, the detection
of emerging technical keywords and the examination of clusters.
Second, this approach merely considers two attributes of emerging
technologies, i.e. radical novelty and coherence. Since novel ap-
proaches argue that emerging technologies are characterized by novelty
as well as by persistence, growth, and significant community, the ob-
tained results call for further analysis.

In summary: Semantic methods seem to possess great potential for
identifying emerging technologies. They overcome the deficits of bib-
liographical methods. Manual and IT-based effort is required in the
established methods. Both methods fail to be optimized for the identi-
fication of emerging technologies caused by technological speciation.
For this reason, we see a potential to develop an own method and we
expect in the future benchmarking efforts between all approaches.

4. Data

For our analysis, we choose a case technology and retrieve a dataset
consisting of patents (patent pool). We decide to select camera technology
as a case example, as we expect technological speciation to occur in this
field. There are many reasons for our selection of cameras: Camera tech-
nology has a long-standing tradition. The first device of this kind – a camera
obscura - was used in the 19th century. Since then, camera technology has
been exposed to various influences, which could especially be observed in
recent years. Following the introduction of smartphones, there has been a
slump in the sales of compact cameras (Statista, 2012). This trend puts
immense pressure on companies in the camera industry in terms of com-
petition and innovation. As a result, we assume that there is an increase in
innovative efforts in the camera industry.

In addition, we choose patents as an information source for our ana-
lysis. Patents are widely accepted for this purpose, as they cover most of
the world's documented technical knowledge (Alberts et al., 2017). In
contrast to other technologies such as software, camera technology is very
well represented in patents. We proceed by the following three steps: First,
we develop a basic search for camera technology. Second, precision and
recall are used to analyze the quality of this search. Third, we structure the
patent pool according to time periods.

For our data, it is important to delineate the technology at hand struc-
turally as well as time-wise. In our understanding, a camera comprises several
necessary structural elements, such as lenses, objective, imaging sensor, sto-
rage medium, image processor, and energy supply. In order to keep our focus
on the mainstream technology, we exclude combinations of elements in ac-
cordance with our understanding of the technology as whole. In order to
delineate the camera technology time-wise, a time-restricted title search is
initiated (Alberts et al., 2017). We select the United States Patent and Tra-
demark Office (USPTO) Patent and Full-Text Image Database (PatFT) and
perform a keyword search with the aim to find a broad range of camera
related patents, not only patents related to classes of cameras from the CPC.
The search string “TTL/camera AND APD/01/01/1995->12/31/2015 AND
ISD/01/01/1995->06/06/2017 AND APT/1” produces 15.036 patents,
which are then used for further analysis.3

2 Tf-idf stands for term frequency - inverted document frequency and can be
calculated in different ways (Salton and Buckley, 1988).

3 Although our search string might look simple, it is the result of extensive
testing. In addition to the keyword “camera”, we used parts of cameras such as
lens, objective, image sensor in combination. Doing so, we could enhance the
recall, but at the same time, the precision decreased. We preferred to use the
efficient point with the simple search string and a high precision, which is
helpful for the following procedure.
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For the evaluation of the search string's quality, (i) precision and (ii)
recall are estimated following the suggestions given by Egghe (2008).
(i) Precision is a measure that shows how many of the retrieved patents
are relevant. We examine a sample of 50 patents that were selected
randomly by means of an excel function, finding 36 thereof to be re-
levant. The other patents mainly describe inventions related to camera
equipment and can at least be looked upon as partly relevant. We de-
cide to accept this precision and forego a further cleaning of results. (ii)
Recall is a measure which shows how many patents contained in the
patent database as a main unit could be found by the search. We decide
to expand the search, using additional keywords that are related to
cameras or parts thereof. For this purpose, we extract the five most
frequent Bi-grams in terms of document frequency and use them in a
new title search, after eliminating duplicates. Doing so, 30.341 patents
are identified as an upper bound, namely as potentially relevant hits. As
the original search leads to a result of 15.036 patents, the recall
amounts to at least 0,50.

Finally, the patent pool is divided into three periods in terms of
application time, i.e. a basic period, an examination period, and an
evaluation period. However, we actively search for technological
speciation in the examination period only. The basic period and the
evaluation period are needed for the calculation of certain measures
that we require in order to determine a new technology's emergence.
More concretely, a 20-year time frame extending from 1995 to 2015
is divided into three shorter periods (Fig. 1). The examination period
is restricted to the years 2005 to 2013. The year 2005 deserves
special attention as it is located in-between two significant phe-
nomena. Firstly, the years prior to it were marked by the transition
from analog to digital photography. Secondly, the iPhone was in-
troduced in 2007. Thus, the sector was faced with new challenges,
such as additional innovation pressure. As a result, we assume that
the following years are marked by technological speciation. The
years from 1995 to 2004 are selected as the basic time period; they
are characterized by a digitalization of photography and a high
number of patents. The evaluation period is restricted to only two
years. As 2016 and 2017 are marked by a considerable decline in the
publication of patents (in consequence of the patent granting pro-
cess), the years 2014 and 2015 were chosen for this purpose.

5. Method

The aforementioned patent search yields the input data for our
method to determine speciation candidates. Our approach adapts ideas
and variables from the method devised by Newman and Suominen
(2017) for the identification of emerging technologies. It comprises
three steps (see Fig. 2): (i) extraction and evaluation of bi-grams per
examination year, (ii) identification and evaluation of patents with

novel and persistent bi-grams, and (iii) identification of application
fields and speciation candidates.

According to Newman and Suominen (2017), the emergence of a
technology is reflected by four variables, namely (i) novelty, (ii)
persistence, (iii) community, and (iv) growth, which can be oper-
ationalized by means of different text-mining and bibliographic ap-
proaches.4 (i) Novelty can be measured by the occurrence of new bi-
grams in documents, in our case in patents. For the recognition of
new bi-grams, we therefore recommend dividing the data (textual
elements of patents) into time slices, in order to reveal the new bi-
grams by a mutual comparison of those time slices. (ii) Persistence is
related to the idea that the new bi-grams should be used to a certain
degree after their first occurrence, in contrast to new bi-grams that
occur only once in the entire period. (iii) An emerging technology is
characterized by a community evolving around the topic, whose
members maintain relationships (e.g. through citation) with one
another (Newman and Suominen, 2017). It can be operationalized by
measuring the number of patent applicants that appear in applica-
tion-oriented classes of the CPC in a specific time frame. (iv) Growth
reflects the increase of a topic's relevance (in our case a topic is
defined as a patent with a significant number of new bi-grams). It can
be measured by similarities between the topic and the remaining
patent pool in time slices.5

5.1. Extraction and evaluation of bi-grams per examination year

The aim of the first step is to develop a bi-gram list per year for the
examination period, based on the patent pool. We divide this step into
four sub-steps, namely (i) selection of patent parts, (ii) language pre-
processing, (iii) extraction of bi-grams, and (iv) novelty and persistence
assessment.

(i) The first sub-step focusses on the selection of suitable textual parts
of patents, which are the focal point of a semantic analysis. Based
on recommendations by Tseng et al. (2007), Yoon et al. (2013),

Fig. 1. Retrieved granted patents for mainstream technology per year, organized by application date.
Source: Authors.

4While we follow the authors' recommendations regarding the four variables,
we operationalize them slightly differently.
5 For the assurance of the last criterion, Newman and Suominen (2017)

suggest developing a model, and simulating the procedure and the initiation
process (growth) to potentially derive a forecast on this basis. It is therefore
recommended to commence with gathering data regarding the frequency of bi-
gram usage throughout time (Newman and Suominen, 2017). On the one hand,
logistics curves are suitable for the growth evaluation (S-curves) (see Alexander
et al., 2012; Young, 1993). On the other hand, probability models, such as the
Latent Dirichlet Allocation, are suited for the tracking of time series as well as
for forecasts (see Suominen et al., 2017; Suominen and Toivanen, 2016).
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Preschitschek et al. (2013), and Moehrle and Passing (2016), the
title, abstract and claims are chosen, as this is where an invention's
essential content is described.

(ii) By means of language pre-processing, a text can be cleaned (by
filtering out stop words) and unified (by lemmatizing the terms).
We use the PatVisor® which, for instance, eliminates stop words
and patent specific words as well as numbers, punctuation and
symbols (Walter et al., 2017). A lemmatizer is used to obtain word
stems. Additionally, based on a uni-gram (n=1) term-document
matrix, bi-grams with a high document frequency are detected and
eliminated if they fail to add contextual information. Terms of this
type are: “method”, “apparatus”, “device”, “camera”, “system”,
and “unit”.

(iii) Based on the recommendation given by Moehrle and Gerken
(2012), the n-gram analysis is used for extracting semantic struc-
tures.6 After inspecting the most frequent uni-grams, we set the

Fig. 2. Method for technological speciation analysis.
Source: Authors.

Fig. 3. Application fields and technological speciation candidates for camera technology. The application fields are organized according to the number of patents
assigned to them, with one exception (application field “others” which is placed at the end).
Source: Authors.

6We decide not to use uni-grams, as novel uni-grams are part of larger n-
grams for which reason they are implicitly integrated in our method. Bi-grams
get their novelty from two sources. They can contain novel uni-grams and/or
they can represent novel combinations of uni-grams, which are not novel as
such. The same is true for tri-grams, but in contrast to bi-grams the number of
novel tri-grams increases dramatically, primarily due to novel combinations of
uni-grams which are not novel as such. For this reason, and after testing, we
decide to use bi-grams for our analysis.
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minimal word length to 4, so that words of fewer than four letters
are eliminated. A bi-gram analysis (i.e. n=2) is performed, the
window size is set to n+2.

(iv) We now choose 100 bi-grams per analyzed year of the examination
period7 that fit both criteria, i.e. novelty and persistence. First, we
check all bi-grams from all years of the examination period for
novelty. We compare each bi-gram with all bi-grams that occurred
earlier (also in the basic period) and flag the novel ones (growing
time-frame technique). Only these are considered further. Now we
check the persistence of novel bi-grams on a yearly basis. For this
purpose, we suggest using the persistence frequency. Persistence
frequency refers to the number of consecutive years in which a bi-
gram was mentioned, starting with the year of examination. Doing
this enables us to characterize each bi-gram in terms of its per-
sistence frequency, and sort all bi-grams according to this variable
in decreasing order. For each year, we pick 100 bi-grams based on
the highest persistence frequency. If there are more bi-grams with
the same persistence frequency than required, we additionally
apply term frequency.

5.2. Identification and evaluation of patents with novelty per examination
year

In the second step, patents with novelty are identified on the basis of
the bi-gram lists. We proceed according to the following three sub-
steps: (i) allocation of bi-grams in patents, (ii) similarity measurement,
and (iii) growth assessment of patents.

(i) In the first sub step, we assign the extracted bi-grams of each ex-
amined year to the same year's patents. This step is aimed at
identifying patents whose semantic structure incorporates one or
more novel and persistent bi-grams.

(ii) Regarding each of the patents identified in the previous sub-step,
we measure the semantic similarity between this particular patent
and all other subsequent patents of the examination and test period
individually with the aid of PatVisor®. Based on the re-
commendations given by Moehrle (2010), we choose Complete
Linkage B and C as a variable measure and Double-Single-Sided-
Jaccard for the similarity coefficient in the case at hand. As a re-
sult, PatVisor® produces a similarity matrix which is exported to
Microsoft Excel. The patents from sub-step one form the rows, the
subsequent patents form the columns of this matrix, in which the
fields represent individual similarities. We now integrate the si-
milarity values on a yearly basis by calculating the arithmetic
average and adding respective columns to the matrix.

(iii) In the third sub-step, we identify patents with growing impact. We
measure this impact by means of the relationship of two similarity
values. The first of these two is the similarity value between the
patent at hand and the set of patents from the same application
year. The second is the arithmetic average of the similarity values
between the patent at hand and the set of patents from all sub-
sequent application years. If the second similarity value exceeds
the first, the patent at hand has a greater similarity with patents
from the examination and test period than from its application
year. In that case, we classify the respective patent as one of
growing impact.

5.3. Identification of application fields and speciation candidates

In the final step of the analysis, the previously identified patents
with novel and persistent bi-grams and growing impact are scanned to
identify technological speciation candidates. Again, we divide this

procedure into three sub-steps, i.e. (i) classification analysis, (ii) manual
content analysis and (iii) community analysis.

First, we identify application-oriented main classes of the CPC on
the 4-digit level (in contrast to function-oriented main classes). We
decide to use the CPC due to the fact that it involves a higher proportion
of application-oriented classes than the IPC (Walter and Schnittker,
2016). We analyze each patent's main class and flag it, if the main class
is application-oriented.

In the following sub-step all flagged patents are manually examined
to establish their fields of application (which may differ from the CPC
classification) and the role they might play with regard to upcoming
products. The aim of this sub-step is to identify new application fields in
which technological speciation might be expected, and cluster the re-
lated patents. If we find a product, which we see as manifestation of a
technology, in this type of application field, we characterize it as being
a technological speciation candidate. To achieve this, we examine each
patent, in particular its title, summary, images and description, and try
to assign the patent to a product.

In the final sub step, the application fields are submitted to a bib-
liographical analysis in order to answer the following question: Does a
community evolve around a field of application, or is the field domi-
nated by individual companies? To answer this question, we develop a
separate search string for each application field. We use the initial
search string as a baseline, adding the patent class, if it directly re-
presents the application field. However, if the patent class does not
describe the identified application field, the initial search string is
complemented by further keywords that characterize the field of ap-
plication (Alberts et al., 2017). We use a threshold value of 10 appli-
cants. If an application field exceeds this threshold value, we assume it
to involve an active community.

6. Results

Our analysis points to a variety of application fields as well as
technological speciation candidates. By means of our method we
manage to detect the following eight application fields: (i) automotive,
(ii) medical technology, (iii) surveillance, (iv) video conference, (v)
sports, (vi) gaming, (vii) robotics and automation, and (viii) others (see
Fig. 3). (i) In the context of vehicles, we identify such technological
speciation candidates as the rear view camera, infrared laser camera,
dashboard camera “dashcam”, facial image photographic camera, and
night vision camera. (ii) Applied to the medical industry, we find the
camera endoscope, capsule camera, ocular fundus camera, and UV-
camera. (iii) The pan-tilt-zoom camera, webcam or networkcam, wide-
angle video camera, and traffic camera are used in the context of sur-
veillance. (iv) The PC-webcam and pan-tilt-zoom camera are used for
video conferences and are thus regarded as further technological spe-
ciation candidates. (v) For use in outdoor sport activities such as sky-
diving or mountaineering we find the wearable camera and the action
camera. (vi) Furthermore, we identify the depth camera, which is used
in connection with game consoles. (vii) Another technological specia-
tion candidate is represented by the 3D-Camera, which we assign to the
application field of robotics and automation. (viii) Finally, we identify
several patents that relate to camera equipment. Although these patents
do not represent any specific application field, some of them point to
further technological speciation candidates, such as the panoramic
camera, movie camera, instant camera printer, or remote control
camera.

The identified application fields match the variables suggested by
Newman and Suominen (2017), albeit with a slightly different oper-
ationalization than described in their paper. In Table 1, we present the
application fields and the related variables. For the illustration of no-
velty, we include the bi-grams that relate to the application fields. For
instance, the novelty of technological speciation candidates in the ap-
plication field of automotive is headed by bi-grams like configure laser
or trajectory vehicle. The persistence of the bi-grams was evaluated as

7 Due to the limited capacity of Excel, we had to restrict the number of bi-
grams under inspection.
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described above; the same applies to the growth of patents. To analyze
the factor of community, we perform a bibliographic analysis focusing
on applicants from 2005 to 2013. This, for instance, shows that more
than 50 companies or individuals applied for patents in the application
field of automotive technology.

In addition to the quantitative analysis, we identify the top appli-
cant of each application field (see column “top applicant (industry)” in
Table 1). In most application fields, companies belonging to this field
head the list of applicants. For instance, Magna Electronics is an auto-
motive supplier, Cisco Technology provides network hardware, and
Microsoft is not only known as a provider of software for personal
computers but also as one of the world's major gaming companies.
Obviously, the traditional companies that belong to the mainstream
technology allow room for entrants from other industries, leaving them
opportunities to serve needs in specific fields.

In summary, technological speciation can be seen as a cause for the
emergence of technologies. In our case, we base the analysis on the
mainstream technology of cameras. Various new technologies, which
we call speciation candidates, have been developed, and they all solve
unique customer demands, fitting into a market niche, and in-
corporating and combining different sources of external knowledge.
Some sources of external knowledge are novel, such as the 3D visual
analysis software, some are well-established e.g. infrared laser tech-
nology. Consequently, the search for emerging technologies based on
technological speciation may lead to results that significantly add to the
classical scientific-push-driven search.

7. Conclusions

In this paper, we focus on technological speciation from a main-
stream technology as a new source for detecting emerging technologies.
We present a method based on the four variables suggested by Newman
and Suominen (2017) to determine patents that reflect possible appli-
cation fields and, integrated in these application fields, technological
speciation candidates. In contrast to previous methods, we oper-
ationalize the variables in a different way, e.g. using bi-grams for a
receiving a better embeddedness of terms and using a growing time-
frame technique for the identification of novel bi-grams. By applying
the method to the selected field of camera technology, we obtain in-
sights regarding the evolution of the camera. As a result of our method,
we identify several technological speciation candidates that emanate
from the mainstream of camera technology, such as the action camera,
dashboard camera, or depth camera. The method can easily be adapted
to other fields of interest.

From a theoretical point of view, we contribute to the theory of
emerging technologies, shedding light on technological speciation, the
identification of related technologies and their qualification as emer-
ging technologies. In contrast to scientific-push based methods, we find
emerging technologies that were developed by combining existing
technologies in a new way, such as the action-cam, which combines
traditional camera technology, image stabilization software, water and
shockproof housing. For this reason, our type of analysis may add new
candidates of emerging technologies to the scientific-push driven type
of analysis. Remarkably, it is possible to focus on a mainstream tech-
nology in order to identify technological speciation candidates. In
general, our findings illuminate the importance of demand-pull driven
technologies, opening up the field of search to application areas that are
influenced by a broad spectrum of factors. In consequence, the search
for emerging technologies is no longer limited to scientifically inspired
technology experts. It is open to technology experts from mainstream
technologies as well as experts from the application fields, looking for
upcoming niches, be they sociologists seeking new forms of work force
organization or marketing experts analyzing new ways of communica-
tion among young people.

From a managerial point of view, our method opens up paths in
three directions. First, we take on the perspective of a company that is

active in a mainstream technology (e.g. camera technology, in our
case). This company could employ our method as an instrument for
monitoring and scanning in order to observe technological speciation
and identify developments in new application fields. This knowledge
can be helpful, if the company is aiming for an extension of its product
portfolio, but it may also be critical, if the identified technology spe-
ciation has the potential to substitute the companies' technologies.
Second, we take on the perspective of a company that is active in a
specific application field, but not yet in the respective mainstream
technology. By application of our method, this company is enabled to
detect a possible entrance to the mainstream technology and react ac-
cordingly. Third, as a strategic orientation instrument the method is
particularly useful for companies that are looking for new forms of
investment through the identification of new application fields.

From a political point of view, the results of our method can be used
for the strategic alignment of national R&D. Government agencies could
monitor technological speciation on an international level. If they dis-
cover interesting opportunities, they may change national R&D pro-
grams accordingly, for instance by investing in a new application field
and dropping current developments that fail to offer similarly pro-
mising chances. Or they could stimulate international cooperation to
obtain opportunities for national research and industry.

Our study is characterized by several limitations. (i) The method is
limited to technological fields in which a patent search yields a high
precision. If the precision of a patent search were low, a high quantity
of non-relevant speciation candidates would result. (ii) Another lim-
itation is caused by our search string, which is restricted to the word
“camera”. There may be terms that occur over time and refer to a
camera without incorporating the exact word, e.g. imaging device. This
does not only limit our recall - if the effect is distributed unevenly over
time, this may lead to misperceptions concerning the significance of
specific developments. (iii) The use of arithmetic averages for growth
assessment is also a limiting factor, as the arithmetic average is prone to
outliers. Hence, a patent will be categorized as having a growing impact
on the basis of values that are noticeably above average due to a “hype-
phase” in one particular year. (iv) An analysis in terms of CPC main
classes leads to a disregard of patents with function-oriented main
classes, which may still be of an application-oriented character. (v) We
examine patents manually to identify new application fields and tech-
nological speciation candidates therein. Although new products are
easy to identify (for instance by combining the description and figures
of a patent), there may be variances in their clustering, if done by
different analysts.

Our work points out possibilities for further research. (i) The in-
troduced method could be applied to other technological fields in which
a mainstream technology exists. (ii) Subject-Action-Object structures
could be used instead of n-grams for the extraction of semantic struc-
tures as well as the similarity analysis. (iii) For the semantic analysis,
we use specific parts of patents, such as title, abstract and claims.
Subsequent work could also refer to the descriptions, as these may
contain information regarding the application fields. Unfortunately,
there is no clear regulation for the description of a patent. For instance,
the inventor might outline prior art extensively or explain the ad-
vantages of his invention compared to others. For this reason, it is not
easy to identify the relevant information about an application field in
the description. However, we regard this to be a possible topic for
further research. (iv) Based on sophisticated diagram analysis, design
patents could also be used as a means of identifying technological
speciation candidates.
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