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a b s t r a c t

The internet is a valuable source of information where many ideas can be found dealing with different
topics. A few numbers of ideas might be able to solve an existing problem. However, it is time-consuming
to identify these ideas within the large amount of textual information in the internet. This paper intro-
duces a new web mining approach that enables an automated identification of new technological ideas
extracted from internet sources that are able to solve a given problem. It adapts and combines several
existing approaches from literature: approaches that extract new technological ideas from a user given
text, approaches that investigate the different idea characteristics in different technical domains, and
multi-language web mining approaches. In contrast to previous work, the proposed approach enables
the identification of problem solution ideas in the internet considering domain dependencies and lan-
guage aspects. In a case study, new ideas are identified to solve existing technological problems as
occurred in research and development (R&D) projects. This supports the process of research planning
and technology development.

� 2013 Elsevier Ltd. All rights reserved.
1. Introduction

The occurrence of technological problems during the running of
research and development (R&D) projects is a well-known chal-
lenge for researchers and developers because they have to create
problem solution ideas to solve this technological problem (Dow-
ney, 2005; Kim, 2012). This task normally is done by use of creativ-
ity methods where human experts identify new approaches based
on their experiences (Geschka, 1986). A further strategy is to get
inspiration from new solution ideas available in the internet. The
internet contains a large amount of textual information where
nearly each topic is considered and many problem solution ideas
can be found there (Razzak, 2012). However, only a few of them
are relevant for a current decision problem. The solution ideas that
are relevant have to be identified among the large amount of tex-
tual information in the internet (Driscoll, 1997). For human ex-
perts, it is time consuming to scan all internet sources for these
ideas and to identify relevant ideas among them (Shanteau,
1992). Thus, this work proposes a new methodology that enables
an automated identification of solution ideas from the internet that
are able to solve a given problem.

Some R&D-projects have the aim to find new solutions for exist-
ing technological problems (Thorleuchter, Van den Poel, & Prinzie,
2010c). Thus, researchers and developers can be supported with
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+49 2251 18 38 305.
r.de (D. Thorleuchter), dirk.
new problem solution ideas from the internet. Further, an ample
need for technological problem solution ideas in strategic R&D-
planning can be seen. This is because they can be used as starting
point for future R&D-projects (Gupta, Raj, & Wilemon, 1986). Thus,
strategic research planners also can be supported by establishing
new R&D-projects.

Idea mining is introduced in literature to identify solution ideas
based on an automatic process (Thorleuchter, Van den Poel, & Prin-
zie, 2010a). Ideas are extracted from a given text (e.g. scientific
publications, patents, research projects). Idea mining is based on
technique philosophy where an idea consists of a means and an
end. Both, means and ends are represented by text patterns con-
taining several terms. Means and ends that occur together in a
description of the problem (furthermore it is named context) are
known means and known ends because together, they represent
a known idea. Otherwise, if means and ends can be found e.g. in
the internet and they do not occur together in the context then
they are unknown and this combination of means and ends repre-
sent a new idea. The known ideas probably do not work well be-
cause they cause problems as described in the context. Thus, idea
mining should identify new ideas that can be used to replace the
known ideas without causing problems. It is important to know
that the new ideas are related to the known ideas because they
are applied in the same context. In technique philosophy this rela-
tionship is satisfied by identifying a known means that occurs to-
gether with an unknown end or a known end that occurs
together with an unknown means (Thorleuchter, 2008). Each
means and each end consists of a set of technical terms. Similarity
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measures can be used to compare means and ends from the con-
text to means and ends identified in the internet. This enables to
distinguish between known and unknown ideas. As a result, un-
known ideas that are related to the problem are identified and
can be used as problem solution ideas.

The idea mining approach automatically extracts ideas from the
new text that is provided by the user but not from textual informa-
tion from the internet. By transforming the idea mining approach
one-to-one to a web mining approach, the new text, which is pro-
vided by the user, has to be replaced by textual information from
the internet. Thus, a new text that consists of a file size of about
several bytes up to several megabytes has to be replaced by textual
information of many yottabytes (the total amount of textual infor-
mation in the internet). This causes performance problems because
it is not possible to analyze the total amount of textual information
in the internet. Thus, a new idea web mining approach is proposed
specifically for the extraction of new ideas in textual information
from the internet.

As shown by research results of bibliometrical analyses, innova-
tive problem solution approaches normally cannot be found inside
a technological domain but in different domains where new ap-
proaches are taken over to solve a given problem (Rhoten & Pfir-
man, 2007; Schmickl & Kieser, 2008). Literature shows that the
quality of the idea mining results strongly depends on the domain.
This is because the formulation of ideas in different domains differs
(Khare & Chougule, 2012). An example for this is that the number
of terms that are used to describe an idea in the Microsystems
technology domain is smaller than in the social behavior domain
(Thorleuchter & Van den Poel, 2012a). A further example is that do-
main-specific terms in an idea from Microsystem technology occur
more frequently than domain specific terms in an idea from the so-
cial behavior domain. Additionally, an equal distribution of known
and unknown terms in the given text and in the context are more
important for identifying ideas from Microsystem technology than
for identifying ideas from the social behavior domain.

In contrast to previous work, this web mining approach consid-
ers these aspects by implementing an automated adaption of the
different characteristics for idea identification based on the do-
main. For this, different characteristics are identified for a set of
different domains by use of forward selection (Grechanovsky &
Pinsker, 1995) as main approach in stepwise regression, by select-
ing predictive variables with a specific statistical significance and
by using a grid search (Jiménez, Lázaro, & Dorronsoro, 2009).

Many case studies have been done to evaluate the idea mining
approach. However, they all use the same language for the context
and for the given text where a problem solution idea probably can
be found. This restricts the approach to the usage of a single lan-
guage. However, textual information in the internet consists of
many different languages and the restriction of a single language
forces a researcher and developer to discard a large amount of
websites written in further languages (Chau & Yeh, 2004). In con-
trast to previous work, this web mining approach uses a multi-lan-
guage approach where problem solution ideas can be identified
even if the problem is described in a different language (Aytac,
2005).

In a case study, the proposed web mining approach is applied to
improve the strategic planning of the R&D program of the German
Ministry of Defense (GE MoD). The program contains about 600
projects with a wide technological scope that are processed to
bridge technological gaps. Descriptions about the technological
problems standing behind the projects are used to identify new
ideas in the internet. An evaluation shows that some of these
new ideas can be used as problem solution ideas or as starting
point for new projects. This supports the R&D planning of GE MoD.

Overall, the proposed idea web mining approach enables the
identification of problem solution ideas from the internet. It con-
siders performance aspects because of the large amount of infor-
mation in the internet, it considers domain specific
characteristics for the identification of ideas, and it considers tex-
tual information written in different languages. A web based appli-
cation is implemented based on this approach that enables an
automated identification of new solution ideas. Thus, decision
makers can be supported with this application to solve their exist-
ing technological problems.
2. Background

2.1. Manual identification of ideas on the internet

The rationale of this approach is based on how persons find
technological problem solution ideas on the internet:

After the appearance of a technological problem – e.g. during
the realization of a R&D-project – a R&D professional analyzes it
so that (s)he recognizes all problem dimensions (Van der Lugt,
2000). After this, the professional searches the internet for docu-
ments, which also focus on the same technological problem (Coiera
& Vickland, 2008). In this context, (s)he specifically searches for
new ideas that probably can be used as problem solution ap-
proaches (Willoughby, Anderson, Wood, Mueller, & Ross, 2009).

Normally searching the internet is done by using an internet
search engine (Taghavi, Patel, Schmidt, Wills, & Tew, 2012). Here,
the professional uses search queries that consist of several do-
main-specific technical terms, which describe the technological
problem (Brand-Gruwel, Wopereis, & Walraven, 2009). Literature
estimates the number of these technical terms in a search query
that are sufficient to describe the problem at three to five (Koene-
mann & Belkin, 1996). This is because the use of less than three
terms leads to a huge amount of search results where most of them
are probably not relevant (Bar-Ilan, 2005). The use of more than
five terms leads to a very small number of search results and many
relevant documents are probably not found (Clarke, Cormack, &
Tudhope, 2000).

After executing these search queries, the internet search engine
sorts the query results. The professional expects the ranking algo-
rithm of the search engine to list the relevant documents, which
(s)he can use for problem solving with high priority e.g. on the first
result page (Mizzaro, 1997). This is because normally a user of a
search engine only focuses on the first 10 query results that (s)he
finds on the first result page (Jansen, Spink, & Pedersen, 2005; Sil-
verstein, Henzinger, Marais, & Moricz, 1999). If (s)he does not find
a new and useful idea as solution approach then (s)he normally
modifies her/his search query and starts searching again (Banerji
& Magarkar, 2012). Only in seldom cases, (s)he focuses on results
of subsequent result pages (Jansen & Spink, 2004).

Each query result consists of a document title, a short descrip-
tion of the document that normally contains search terms from
the search query in bold print, and an internet link that refers
to the full text. The professional checks these query results for
new and useful technological ideas inside the title and inside
the short description. If (s)he identifies such a new and useful
idea then (s)he follows the corresponding query result link to
the full text of the retrieved document. There (s)he extracts the
idea manually.
2.2. Idea mining approach

For the extraction of technological ideas, an existing approach is
available (Thorleuchter et al., 2010a). It is named idea mining and
it is described below.

Idea mining is an approach that has the aim to identify techno-
logical ideas from user-provided textual information. The user has
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to provide two texts: A new text where (s)he supposes the
existence of new and useful ideas and a context that consists of a
description of technological problems that (s)he wants to solve.
Idea mining extracts the ideas from the new text and it evaluates
them concerning their ability to solve the problems described in
the context. The extraction of ideas is supported by a specific idea
mining measure. Idea mining is proposed based on an idea defini-
tion from technique philosophy (Thorleuchter, 2008). A web-based
application is developed that enables an easy usage of idea mining.
The results of idea mining are highlighted text phrases in bold
print from the new text. These text phrases represent new and use-
ful problem solution ideas concerning the problems described in
the context.

As mentioned before, the idea mining approach uses a new text
for the identification of new ideas. Text patterns are built around
each word (term) in the new text that is not a stop word and that
occurs in the context. The length of text patterns is calculated by a
term-weighting schema based on the difference between stop
words and non-stop words. For each text pattern, all corresponding
text patterns from the context are identified. These are text pat-
terns around the same selected term. By comparing text patterns
from new text with specially selected corresponding text patterns
from context, known terms can be identified, which occur both in a
text pattern from new text and in one of its corresponding text
patterns.

Additionally unknown terms can be identified, which only oc-
cur in a text pattern from new text but never in one of its corre-
sponding text patterns. An idea mining measure is used to
enable a classification decision. This decision selects a text pattern
as a new and useful idea if

– the number of known terms and the number of unknown terms
are well balanced,

– known terms occur more frequently in context than other
terms,

– unknown terms occur more frequently in new text than other
terms, and

– specific terms occur, which are characteristic for a new and use-
ful idea.

Several parameters are used for this classification decision:
Let a be defined as a set of stemmed terms from a text pattern

of the new text, let b be defined as a set of stemmed terms from a
text pattern of the context. To fulfill a restriction as mentioned in
Thorleuchter et al. (2010a), it is assumed for further processing
that a and b have at least one term in common. Let p = |a| be de-
fined as the number of terms in a and let q = |a

T
b| – £ be defined

as the number of terms existing in both sets. Then, the first sub
measure m1 is defined as

m1 ¼
2�ðp�qÞ
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For the calculation of m2, the z% most frequent terms from the con-
text are selected as set d. The number of selected terms that are
both in a and b are used as numerator (r = |a

T
b
T

d|) and the num-
ber of all terms in a and b is used as denominator.

m2 ¼
r
q

ð2Þ

In contrast to set d, the calculation of m3 uses set u that contains the
z% most frequent terms from the new text. The number of these
terms that are not in b is used in the numerator (s ¼ ja \ �b \uj)
and the number of all terms in a that are not in b is used as
denominator.
m3 ¼
s

p� q
ð3Þ

A set of characteristic terms is used to calculate the fourth sub mea-
sure. The occurrence of one of these terms in a (as indicated by
t = |a

T
k|) sets m4 to one while the non-occurrence of these terms

sets m4 to zero.

m4 ¼
1 ðt > 0Þ
0 ðt ¼ 0Þ

�
ð4Þ

Weighting factors are used for each sub measure to calculate the
idea mining measure m:

m ¼
g1m1 þ g2m2 þ g3m3 þ g4m4 ðp–qÞ
0 ðp ¼ qÞ

�
ð5Þ

A threshold â is defined that classifies a text pattern as a new idea if
the corresponding idea mining measure m is greater than or equal
to â. For the calculation of the text patterns, the integer value l and
the percentages u and v are used. Each non-informative term (e.g. a
stop word) is assigned to a term weight u and all further terms are
assigned to a term weight v. Text patterns are built around each
term that occurs in the new text as well as in the context. Terms
that appear directly before or after the terms in a text patterns also
are included if the sum of all term weights from all terms in the text
pattern is smaller than l.

2.3. Idea characteristics for different technological domains

Literature shows that the characteristics of an idea depend on
the domain and it introduces approaches for identifying these
characteristics specifically for idea mining (Thorleuchter, Herberz,
& Van den Poel, 2012a; Thorleuchter & Van den Poel, 2012a). The
different idea characteristics are represented by parameters of
the idea mining approach. Parameters can be distinguished be-
tween two categories: parameters that are used to identify a text
pattern and parameters that are used to calculate the idea mining
measure. Text patterns are built based on the length l and the term
weights u and v. The idea mining measure is applied using the six
parameters (g1, g2, g3, g4, â, and z) as indicated in Section 2.2. All
nine parameters impact the performance of the idea mining
approach.

A set of parameter values has to be identified that results in the
highest classification performance. For this, variable selection
(Coussement & Van den Poel, 2008) is used to order all parameters
based on their impact on the performance as calculated by their
v2-statistic. The parameters (highest impact first) are selected
one-by-one until parameter’s impact is below a specific threshold
(Van den Poel & Buckinx, 2005). This forward-selection procedure
reduces the number of parameters. This enables calculating an
optimized value for each of the selected parameters without high
computationally costs. A grid search (Basrak, 1987) is applied
where discrete sequences for the parameter values are used. These
values are selected that results in the highest cross-validated F-
measure (Guns, Lioma, & Larsen, 2012).

3. Methodology

3.1. Overview

This idea web mining approach has the aim to realize the ratio-
nale in Section 2.1 by use of a methodology (see Fig. 1). We use the
existing idea mining approach to extract new and useful techno-
logical ideas from provided textual information as described in
Section 2.2. This idea mining approach is extended specifically
for identifying new ideas from the internet. In contrast to the
extraction of ideas from a given text, relevant ideas from the



Fig. 1. The processing of this idea web mining approach (right figure) based on the processing of the idea mining approach (left figure). The user provides a context (problem
description). After preprocessing, term vectors are created and search queries are built representing the problem. The queries are executed by use of a web search engine and
term vectors are created from the query results based on the domain specific idea characteristics. They are compared to term vectors from the context by use of the Euclidean
distance measure and the idea mining measure. As a result, new and useful problem solution ideas are extracted from the internet.
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internet probably stem from different domains. The relevant do-
mains are identified and research that identifies the idea character-
istics in different domains is considered as described in Section 2.3.
Further, ideas written in a different language also are extracted
based on research results of multi-language web mining.

The first step in the introduced approach is to provide a context
that consists of a description of a technological problem. In this
description, domain specific terms occur that belong to specific
technologies and to application fields (technological domains)
(Thorleuchter & Van den Poel, 2012f). These terms are identified
by a preprocessing step where text preparation and term filtering
is done. Technologies and application fields that are related to
the technological domains of the context are identified and de-
scribed. The idea characteristics for the related domains are calcu-
lated. Groups of domain specific terms are built considering the co-
occurrences of these terms. Each group is used as a search query
for web mining. The search queries are translated to several lan-
guages, executed, and a text pattern is extracted from the full text
of each query result item. The text patterns are translated to the
target language. Terms from the text patterns – excluding the
terms from the corresponding search query – are used to identify
the technological domain of the new idea. This is done by compar-
ing these terms to terms from the description of the related do-
mains. The idea characteristics from the domain with the largest
similarity are selected and the term vectors from the new ideas
are created. They are compared to its most similar term vectors
that represent text patterns from the problem context by use of
Euclidean distance measure and the idea mining measure. As a re-
sult, new and useful problem solution ideas are extracted from the
internet.
3.2. Preprocessing

The aim of the preprocessing step is to identify relevant terms
within a provided text that could be used to represent the text.

Based on the provided text e.g. a description of a technological
problem, the raw text is cleaned by deleting images as well as tags,
scripting code, punctuation, and specific characters (Thorleuchter
& Van den Poel, 2013c). Tokenization is applied to separate differ-
ent terms where a term unit normally is defined as a word. Terms
are compared to a dictionary and identified typographical errors
are corrected. The used case conversion aims to a capitalized first
sign and all further signs of a word are written in lower case (Thor-
leuchter & Van den Poel, 2012c).

Term filtering methods are applied to distinguish between rel-
evant terms in contrast to non-informative terms. Part-of-speech
tagging enables this by considering the syntactic category of terms
e.g. retaining nouns and verbs and discarding adjectives and ad-
verbs. Stop word filtering also enables this by comparing terms
to a stop word list.

Further term filtering methods group related terms together by
considering their stems (Thorleuchter & Van den Poel, 2012d).
Stemming enables this by applying a set of production rules while
lemmatizing uses a dictionary based assignment of terms to their
stems. The proposed approach uses stemming because lemmatiz-
ing is error prone and computationally expensive.

A last step in term filtering could be a manual evaluation of the
selected terms by human experts (Gericke, Thorleuchter, Weck,
Reiländer, & Loß, 2009). This improves quality of the results how-
ever it is time consuming.
3.3. Idea characteristics

The technological problem described in the context contains
terms that belong to a technological domain. However, many solu-
tion ideas for this problem stem from different technological do-
mains. This is because approaches that have been approved in a
different domain probably are suited to solve the existing problem.
Literature shows that the characteristics of ideas in different do-
mains are different (Thorleuchter et al., 2012a). The characteristics
are represented by the parameters of the idea mining approach.
Thus, this step identifies the idea characteristics from different
domains.

Relevant domains that have to be considered for this task are
domains that are related to the domain from the technological
problem (Thorleuchter, Van den Poel, & Prinzie, 2010b). The selec-
tion of related technological domains is done by considering exist-
ing lists of technologies and application fields. A description for
each selected domain is created that contains the corresponding
domain specific terms. The description is used to assign the web
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mining results to domains. Term vectors are created for the
descriptions based on vector space model (D’Haen, Van den Poel,
& Thorleuchter, 2013).

For each domain, the nine parameters (l, u, v, g1, g2, g3, g4, â,
and z) are calculated based on the methodology described in Sec-
tion 2.3 that consists of variable selection, grid search, and n-fold
cross-validation.
3.4. Web mining

The web mining step is used to identify internet websites where
relevant ideas are described. To access this textual information, the
corpora of internet search engines are used. In general, internet
search engines offer web services in form of advanced program-
ming interfaces (Thorleuchter & Van den Poel, 2013b). By use of
these interfaces, queries are executed automatically and the results
that consists of a title, a short description, and a hyperlink are inte-
grated into own applications.

The search queries are created based on the identified relevant
terms from the preprocessing step. Section 2.1 shows that the
numbers of terms in a search query that are sufficient to describe
the problem are three to five. Thus, four terms as the mean value
are selected for creating each query. The selection of terms is done
by considering co-occurrences of terms: The distance between two
terms is measured by the smallest number of relevant terms that
occur between the appearances of the two terms. Terms that are
discarded in the preprocessing step are not considered for this cal-
culation. Then, two terms co-occur if the distance between them is
below a specific threshold. For each relevant term, all its co-occur-
rences are identified and all combinations of four relevant terms
where each term co-occurs with all three further terms are se-
lected as search query (Thorleuchter & Van den Poel, 2011b).

Searching for documents in different language normally re-
quires the use of terms in a search query that are written in the
corresponding language. Google translate advanced programming
interface (API) is used that offers an automated translation of terms
(Thorleuchter, Schulze, & Van den Poel, 2012b). The interface con-
tains a large number of languages and it translates terms from the
target language (English) to these languages. For each translated
query, the search results are restricted to websites written in the
corresponding language.

All created queries are executed and the short descriptions of
the results are sorted by different languages. Google translate API
is used to translate the text patterns to the target language. Terms
from the short description are selected excluding translated terms
from the search query and excluding terms from a stop word list.
Then, a term vector is created and it is compared to term vectors
from the domain descriptions.

As a result, the technological domain standing behind each
query result can be identified and the corresponding set of param-
eter values is selected. The full texts of the query results are
crawled and the set of parameter values is used to extract the text
pattern. Terms in the pattern are translated by use of Google trans-
late API.
3.5. Creating and comparing term vectors

Term vectors are created from both, the text patterns from the
preprocessed context and the text patterns from the extracted full
text of the query results. Comparing is done by use of the Euclidean
distance measure and the idea mining measure. The corresponding
set of parameter values is considered. A detailed description of this
step is described in Thorleuchter et al. (2010a).

As a result, new ideas are identified that can be used to solve a
specific problem.
4. Case study

4.1. Overview

In a case study, the German Ministry of Defense (GE MoD) is
supported by this web mining based idea extraction. The case
study identifies new technological ideas for the German defense
research program based on existing R&D projects (Thorleuchter &
Van den Poel, 2012e). Thus as context information, we use 100
descriptions of R&D projects dealing with different technologies
in different application fields (see Table 1). All projects are granted
in 2006 by the GE MoD. Thus, the descriptions contain the techno-
logical limitations at that time. At present, many new technological
approaches have been proposed in literature and thus, in the inter-
net. Some of them are able to improve R&D results from 2006. The
proposed approach is used to identify these new technologies from
the internet. An evaluation is done by human experts that compare
the identified new technologies to the currently used technologies
in successive R&D projects.

Idea characteristics are identified for a list of related technolo-
gies in Section 4.2. Web mining is processed (see Section 4.3) based
on the idea characteristics. The results are converted to term vec-
tors and they are compared to term vectors from the context. As
a result of this case study, several new ideas are extracted from
the internet that are useful for German defense research planners
because they can be used to solve technological problems in the se-
lected R&D projects from 2006 or they can be used as starting point
for successive R&D projects. Some successful examples of the re-
sults are shown in Section 4.4. The results are evaluated in Sec-
tion 4.5 by use of performance measures from information
retrieval.
4.2. Idea characteristics

The selected R&D projects investigate some technologies to use
them in the application field defense. New ideas might stem from
further technologies that also contribute to the application field
defense. A collection of technologies related to defense is published
as taxonomy by the European Defense Agency (EDA) (Thorleuchter
& Van den Poel, 2011a). A list of 12 interesting technologies is se-
lected from the EDA taxonomy (see Table 2). For each technology,
several descriptions are available (Thorleuchter & Van den Poel,
2013a) and used for the calculation of an optimized set of param-
eter values for each technology.

The methodology as described in Sections 2.3 and 3.3 is applied
for each technology separately. It shows that the parameters u, v,
and g4 are of low predictive performance for all technologies. They
are discarded for further processing and they are set to a standard
value (u = v = 100%; g4 = 0) that makes them comparable to results
of further studies.

The results of this idea characteristics step are the optimized
values for the idea mining parameters as presented in Table 3.

The results show idea that characteristics in the technologies 3
and 13 are related to idea characteristics in the social behavior do-
main because the corresponding parameter values are similar. Fur-
ther the technology eight lies between the social behavior domain
and the medical domain and technology 10 lies between the social
behavior domain and the Microsystem technology domain. The
further nine technologies are related to the Microsystems technol-
ogy domain rather than to the social behavior domain and the
medical domain. This is because they all contribute to material sci-
ences as a common basis and material sciences is more similar to
Microsystem technology than to the other two domains.

The results are evaluated using the F-measure that is obtained
by applying the corresponding parameter values in the idea mining



Table 1
Characteristics of the data.

Number of R&D project descriptions 100
Average number of search queries per project 30
Number of search queries in total 2.985
Search query results per search query 10
Search query results in total (after validating e.g. deleting double

entries)
24.184

Table 2
List of technology areas from EDA taxonomy of defense-based technologies.

Number Technology area

01 Lethality & platform protection
02 Propulsion and power plants
03 Design technologies for platforms and weapons
04 Electronic warfare and directed energy technologies
05 Signature control and signature reduction
06 Sensor systems
07 Guidance and control systems for weapons and platforms
08 Simulators, trainers and synthetic environments
09 Integrated systems technology
10 Communications and CIS-related technologies
11 Personnel protection systems
12 Manufacturing processes/design tools/techniques
13 Human sciences

Table 3
Results of the idea characteristics step.

Number g1 g2 g3 â l z F-measure (%)

01 0.40 0.30 0.30 0.50 6 0.05 32
02 0.40 0.30 0.30 0.40 8 0.10 38
03 0.20 0.40 0.40 0.30 9 0.15 35
04 0.40 0.30 0.30 0.40 8 0.20 34
05 0.40 0.30 0.30 0.40 8 0.10 36
06 0.40 0.30 0.30 0.50 8 0.20 32
07 0.40 0.30 0.30 0.50 7 0.10 30
08 0.30 0.35 0.35 0.20 10 0.20 29
09 0.40 0.30 0.30 0.50 8 0.10 34
10 0.30 0.35 0.35 0.30 8 0.10 32
11 0.40 0.30 0.30 0.50 8 0.15 30
12 0.40 0.30 0.30 0.40 10 0.10 34
13 0.20 0.40 0.40 0.20 11 0.10 32
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approach. Further, a baseline is used that is already introduced in
the evaluation of Thorleuchter et al. (2012a). There, the baseline
is calculated by using a heuristic similarity measure that replaces
the idea mining measure. Based on a precision value of 30% and
based on a recall value of 20%, the F-measure for the baseline is
25%. Thus, the F-measure results in Table 3 outperform the
baseline.
4.3. Web mining

This web mining approach creates even from a large context a
very large number of text patterns. For each of these text patterns,
several search queries are created. Additionally, each search query
leads to several query results. Building term vectors for all these
query results and comparing them to all term vectors from the
context by using the Euclidean distance measure and the idea min-
ing measure is computationally expensive. To prevent these per-
formance problems, this approach aims to reduce the number of
the selected query results in total.

The methodology is applied as described in Section 3.4. For each
search query, the first 10 query results are considered. This is be-
cause as described in Section 2.1, a person focuses on the first
ten query results that (s)he finds on the first result page.

For each query result from the search engine, we do not focus
on title and hyperlink but on the short description (see Fig. 2).
The short description consists of one or several text patterns. If
there are several text patterns then the text patterns are separated
by several dots: e.g. ‘. . .’. If these dots occur between the terms
from the search query then they only occur together in a document
but not in the same text pattern (Thorleuchter, Van den Poel, &
Prinzie, 2010d). One aim of this web mining step is to identify a
text pattern that contains all terms from the search query. Thus,
these short descriptions are selected that contain the terms from
the search query in one text pattern. The others are discarded.

For each selected short description, the different terms are ex-
tracted using methods from the preprocessing step. The terms
(excluding the terms from the search query) are compared to the
terms from the description of the technology area. As a result, each
short description is assigned to a technology area and the corre-
sponding parameter values are used for further processing.

The parameter values contain information about the length of a
text pattern (variable l, u, and v). It is important to know that the
length of the text pattern from the short description is often not
large enough. Thus, it is important to extract the extended text pat-
tern from the full text. For each of the selected short description, a
self-developed web crawler uses the corresponding hyperlink to
crawl the full text of the query result (Thorleuchter & Van den Poel,
2012b). The position of the text pattern from the short description
in the full text is identified. The text pattern is extracted from the
full text by using the variable l, u, and v. Then, the text pattern is
converted to a term vector and it is compared to term vectors from
the context by use of the Euclidean distance and the idea mining
measure. For this, the corresponding variable values for g1, g2, g3,
g4, â, and z are used.

4.4. Examples

Some example results that are able to advance the selected R&D
projects from 2006 are presented below:

High-strength aluminum alloys for the use in military aircrafts
are investigated to reduce aircraft’s weight. The proposed idea web
mining approach identifies magnesium based light metals as new
solution idea. Magnesium has a one third lower density than alu-
minum. Current scientific developments from material sciences
e.g. an extremely fine grain, processes of severe plastic deforma-
tion or rapid solidification lead to an overcome of existing limita-
tions (low strength, low toughness and poor forming capability).
Thus, a recommendation for the R&D planning can be given to start
a successive R&D project that investigates the use of magnesium in
military aircrafts instead of aluminum alloys.

For high frequency (HF) communication (between 3 and
30 MHz) the used antennas have to be at a specific length. Espe-
cially on naval ships where the ship size is limited, the antennas
have to be dampened by resistors to become smaller. The resistors
commonly consist of discrete circuits (in contrast to integrated cir-
cuits). Existing limitations e.g. the large size of the discrete circuits,
low weather resistance, low power consumption, and low reso-
nance suppression are investigated. Idea web mining identifies
the use of resistors with amorphous materials (e.g. cellulose or
fiberglass) as possible problem solution idea. In the internet, cur-
rent advances in amorphous material are described that show that
these materials possibly can be used to overcome the described
limitations.

A communication system for the use in space e.g. between sat-
ellites is investigated. The use of conventional communication sys-
tems in space leads to several disadvantages. A high data rate (up
to 10 Gbit/s) over a high link distance (up to 8000 km) is necessary



Fig. 2. Example for the processing of the web mining step. Search queries are built based on the co-occurrence of relevant terms from the context. They are executed by
Google Web APIs. Query results consist of a title in bold print, a hyperlink for access to the full text, and a short description where terms from the search query are also printed
in bold.
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and the communication components have to be transported to
space. Thus, a low mass, a small volume and low power dissipation
is also important. Idea web mining identifies laser communication
technology as solution idea. Current advances in laser communica-
tion technology show that sizes and energy consumption of newly
developed components can be reduced significantly. As laser com-
munication technology is always able to realize a high data rate
over a high link distance, it might be a valuable solution approach.
4.5. Evaluation

This paper proposes a web mining approach that enables an
automatic identification of new and useful technological ideas
from the internet. It is related to the idea mining approach that
is already evaluated in Thorleuchter et al. (2010a). Thus, this eval-
uation focuses specifically on the performance of the extensions of
the approach: the impact of the web mining step and the impact of
the idea characteristics step on the idea mining results (the identi-
fication of new and useful ideas).

This idea web mining approach is compared to a baseline mod-
el. It uses the frequency baseline because a high percentage of ex-
tracted query results do not represent a new and useful idea. Two
classes are defined (A: a query result represents a new and useful
idea, B: a query result does not represent a new and useful idea)
and each instance (query result) with a specific percentage is clas-
sified as either A or B. This comparing enables to show the feasibil-
ity of the approach. A comparing with further models is not done
because we are not aware of other approaches for an automated
identification of new and useful ideas from the internet at the pres-
ent time.

To compute the percentage for the frequency baseline, further
descriptions from R&D projects are used. The proposed methodol-
ogy is applied to get the number of queries from each description.
For each query, the first 10 query results are considered. Thus, the
number of queries is multiplied by 10 to get the number of query
results for each description. Then, for each description, the number
of new and useful ideas is divided by the number of query results.
After this, a percentage x is obtained. It says that x% of all query re-
sults represent a new and useful problem solution idea. Then, the
average percentage for all R&D projects is calculated. As a result,
3% of all query results represents a new and useful idea. Therefore,
we set the frequency baseline to 3%.

This idea web mining approach is processed twice: The first
way is to use the proposed methodology without applying the idea
characteristics step. The second way is to use the methodology as
presented. This enables to show the impact of the idea characteris-
tics step on the proposed methodology.
A web mining application is created that realizes the proposed
methodology. It is available at http://www.text-mining.info (‘‘Idea
Web Miner’’) and it can be used for further evaluation, too. The
application automatically extracts ideas from the internet and pre-
sents them to the user and it is used in two versions (with an en-
abled idea characteristics step and with a disabled idea
characteristics step).

The evaluation of the results is based on precision and recall
measures that are commonly used in information retrieval (Thor-
leuchter, Van den Poel, & Prinzie, 2012a). These measures use the
number of true positives, false positives, and false negatives re-
sults. The ground truth in this evaluation is received by human ex-
perts in two different ways. First, they are aware of currently used
technologies in the successive R&D projects of the selected R&D
projects from 2006. These technologies are successful problem
solution approaches from point of view of 2006. Second, human
experts use the context to search manually in the internet for
new problem solution ideas. Additionally, (s)he uses the results
of this idea web mining approach to find further new and useful
ideas in the internet. This enables human experts to calculate the
value of true positives, false positives, and false negatives for the
idea web mining results.

For the results of the proposed methodology, we get a precision
value of 15% at a recall value of 30%. A precision value of 15%
means that if this approach predicts 100 ideas as new and useful
than 15 of them are really new and useful ideas. A recall value of
30% means that if there are 10 new and useful ideas in the internet
then this approach identifies three of them. For the results of the
proposed methodology without using the idea characteristic step,
a precision value of 10% at a recall value of 30% is obtained. The dif-
ference in the F-score (22.5–20%) confirms research results from
literature where it is stated that the characteristics of ideas depend
on the domain.

To see whether these results are good or bad, they are compared
to the frequency baseline. The baseline has a precision value of 3%
at a recall value of 30% and an F-score of 16.5%. Thus, the values of
the baseline are below that of the proposed methodology. This
shows that the web idea mining approach can be used to support
persons by finding technological problem solution ideas from the
internet.
5. Conclusion

This paper introduces a new idea web mining approach that
automatically identifies new technological ideas extracted from
the internet. Existing approaches for identifying ideas from texts
are adapted to the use of the internet. An automated assignment

http://www.text-mining.info
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of ideas to different domains is realized that enables the extraction
of ideas from the full text of internet documents by use of an opti-
mized set of parameter values.

In a case study, it is shown that this idea extraction from the
internet is successful and that the results are valuable for R&D pro-
fessionals to improve research planning and technological
development.

For future work, the used knowledge based classification ap-
proach should be replaced with a semantic classification approach.
Well-known methods e.g. latent semantic indexing or non-nega-
tive matrix factorization probably are suited to identify new ideas
with a better performance than the proposed approach because
they consider aspects of meaning rather than aspects of words. A
further avenue of research focuses on the automated translation
of extracted text patterns from websites. This translation has a
large impact on the performance of the approach. The proposed ap-
proach uses Google translate API. For an automated translation, the
results of Google translate API are of good quality. However com-
pared to a manual translation by human experts, the results some-
times are very poor. Further work should focus on improving the
quality of the automated translation by considering domain-spe-
cific knowledge. This is possible because related domains are iden-
tified for each text pattern that should be translated. Technical
terms from the different domains can be translated by human ex-
perts in advance and they can be used to improve results of the
automated translation.
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