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ABSTRACT
Today’s companies still rely heavily on expert knowledge rather than
quantitative data with a systematic approach to effectively identify and
choose Research and Development (R&D) partners. It is advantageous to
identify and select potential R&D partners using a Problem & Solution (P&S)
pattern. This paper presents a novel process for identifying R&D partners on
the basis of solution similarities that assist technology managers in
understanding the relationships between research targets. First, we choose
a thematic dataset that contains problems and quantitative data with
relative topic terms. Then, we extract Subject-Action-Object semantic
structures in a P&S pattern from the dataset, and identify various solutions
to a technical problem, with each as a subject. In addition, we provide
correlation mapping to visualise the text characters and identify R&D
partners. Finally, we validate the proposed method through a case study of
the dye-sensitized solar cells sector.
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Introduction

Since the 1980s, this competitive environment has been increasingly unstable, and the life cycle of
products and technology continues to diminish. Firms are forced to reconsider their Research and
Development (R&D) configuration to manage their technology base more effectively (Nijssen, Van
Reekum, and Hulshoff 2001). Hence, cooperative R&D plays an important role in technological inno-
vation, especially in an open innovation model. Cooperative R&D is a vehicle for firms to learn skills
and capabilities from their partners. Moreover, cooperative R&D agreements can be used by firms to
set rules in settings with high costs and high risks (Ahuja 2000; Hagedoorn 2002; López 2008). Firms
have gradually modified their innovation network by including more external partners operating
outside their core areas (Mowery, Oxley, and Silverman 1998). Alliances are playing an increasing
role in open innovation, thus supporting the idea that firms are intensely searching for weak ties
between their innovation process and external factors in a typical open innovation approach (Ches-
brough 2006; Laursen and Salter 2006). As mentioned above, open innovation is a highly debated
issue, where we should recognise the importance of enterprises’ independence in risk sharing and
sharing intellectual capabilities. Cooperative R&D should emphasise the progress of scientific and
technological knowledge. Different types and forms of knowledge contribute to technology develop-
ment such as formal codified knowledge, tacit knowledge, informal knowledge, and cultural
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knowledge (Fleck 1997). Improved partner identification and selection reduce randomness and
uncertainty in technology development.

Many factors influence the performance of R&D partner selection; for instance, technological simi-
larity and complementarity, developmental strategy, cultures of enterprises, top manager attitude
(Chen et al. 2010), and R&D cooperation consciousness (Wang 2012). The effect of R&D collaboration
may vary depending on partner types (Kang and Kang 2010). Enterprises that want to enhance their
existing technical capacity or share costs and risks should select potential partner targets that have
similar techniques. Enterprises that want to learn new skills and improve their technology weaknesses
or fill in blank areas should look for potential targets with complementary solutions to their problems.

Over the past few decades, social science relies more and more on the combination of qualitative
and quantitative approaches (Teddlie and Tashakkori 2009). Although some research using quantitat-
ive methods has been done on partner selection (Solesvik and Encheva 2010), there has been little
focus on using systematic semantic analysismethods to identify partners. Many scholars have provided
insight. Brouthers, Brouthers, andWilkinson (1995) answered the question, ‘When should strategic alli-
ances be chosen?’ Hagedoorn (2002) gave an overview of inter-firm collaboration or strategic partner-
ing.Wu, Shih, and Chan (2009) proposed the integrated approach of an Analytic Network Process (ANP)
for partner selection criteria in strategic alliances, and Baum, Cowan, and Jonard (2010) argued that
knowledge complementarity might be the true causal force behind alliance formation. Park et al.
(2015) provided a new systematic methodology to explore potential R&D collaboration partners
using patent information. However, thesemethods can only be used in the case of known partner can-
didates, and the relationships weremined on the basis of frequencies of bibliographic items. These fre-
quencies were calculated using bibliometric methods such as International Patent Classification (IPC)
analysis (Angue, Ayerbe, and Mitkova 2014) and co-citation analysis (Lai and Wu 2005). However, bib-
liometric methods can only determine similar literature articles on the basis of fields such as keywords,
IPC codes, and citations, which do not reflect technology content. Subject-Action-Object (SAO) can
explicitly describe the functional relationships among components used in technological text.

Being aware of the numerous factors that can influence partner selection, we propose a systematic
process for identifying partners. This paper attempts to answer the following two questions: (1) How
can an organisation more effectively measure the similarity of each research target’s technology on
the basis of patent information? (2) How can an organisation identify potential partners based on the
SAO semantic structures of different research targets? We address the process of identifying potential
partners by combining term clumping (Zhang et al. 2014a), which enables users to quickly extract
meaningful topic terms from large amounts of text and SAO semantic analysis in a Problem & Sol-
ution (P&S) pattern (Kim et al. 2009). This paper draws on Science, Technology, & Innovation (ST&I)
data. Using traditional text mining techniques and term clumping on the ST&I data, we draw out
topic terms that are highly relevant to the technical problem. However, these terms cannot help
us find a solution to a specific technical problem. We extract SAO structures nearby the topic
terms. For a specified technical problem (object), all SAO structures extracted have the same AO
(action & object), so we can construct correlation mapping of research targets on the basis of a
subject as the technical solution. From the mapping network, we can identify potential partners.

The paper is structured as follows. The Literature Review section gives a brief review of SAO
semantic analysis and R&D partner selection. The Methodology section introduces the process of
potential partner identification. Then, in the Case Study: DSSCs Sector, we provide empirical
results of this method using a case study. Finally, the Conclusion section gives a summary and indi-
cates promising research opportunities to pursue in the future.

Literature review

R&D partner selection

Several studies show that firms use external partnerships to face technological changes and the
increasing complexity of knowledge processes (Hill and Rothaermel 2003; Keil et al. 2008; Noseleit
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and de Faria 2013). Firms rely on science-based partnerships to experiment with new technologies, as
well as to refine existing technologies (Cohen, Nelson, and Walsh 2002). R&D partners can get access
to not only tacit scientific knowledge, but also to codified knowledge, allowing them to quickly build
on the latest research findings (Fabrizio 2009; Yoon and Song 2014). As choosing technology partners
is a multi-criteria decision-making task, a defined selection criteria and methodology should be used.
A partner’s culture, past experience, size, and structure are as important as task-related factors, such
as financial assets, managerial experience, and access to markets. Yoon and Song (2014) summarised
methods for partner selection into three categories: mathematical programming approaches (Soles-
vik and Encheva 2010), rating/linear weighting approaches (Wang and Chen 2007), and artificial intel-
ligence techniques (Fischer, Jähn, and Teich 2004). Solesvik and Westhead (2010) wrote that the
following quantitative methods could be used to select partners: the ANP (Chen, Lee, and Wu
2008; Sarkis, Talluri, and Gunasekaran 2007; Wu, Shih, and Chan 2009), the analytic hierarchical
process (Mikhailov 2002), optimisation modelling (Cao and Wang 2007), and the goal programming
technique (Hajidimitriou and Georgiou 2002). Different researchers divided partner selection into
different phases. Samadhi and Hoang (1998) summarised the process of partner selection by dividing
it into three phases: scanning potential partners, matching partners for compatibility, and logistic
considerations. Talluri, Baker, and Sarkis (1999) proposed a two-phase quantitative framework to
aid the decision-making process of effectively selecting an efficient and a compatible set of partners.
In addition, there are also some other studies that delve into the depths of the impact of partners’
technological relatedness on inter-organisational links (Cloodt, Hagedoorn, and Van Kranenburg
2006; Lane and Lubatkin 1998). Technological relatedness refers to the comparison of partners’
basic knowledge, which, if sufficiently close, illustrates a form of affinity to their technological knowl-
edge (Angue, Ayerbe, and Mitkova 2014). Many organisations are selling their technological knowl-
edge (Bianchi et al. 2011) and participating in the rise of a genuine market for technologies (Angue,
Ayerbe, and Mitkova 2014; Gambardella and McGahan 2010). Alliances with partners with similar
characteristics might have a positive impact on innovative performance (Mowery, Oxley, and Silver-
man 1996). The approach in this paper provides information for the initial phase-scanning potential
partners using technological knowledge.

SAO semantic analysis

Text mining helps a great deal by extracting terms and multi-terms, their frequencies, and other
dimensions, but the method lacks in semantic relationships. A researcher needs to determine the
relationship between concepts in order to discover any potential concepts (Vicente-Gomila 2014).
SAO emphasises key concepts. The structure explicitly describes the relationship among different
phrases containing different semantic information. First, it can represent functions of technology;
for example, ‘battery energises bulb’ represents the function of a battery. Second, it can describe a
relationship between components (Cascini, Fantechi, and Spinicci 2004). Subjects and objects
might refer to components of a system, whereas actions might refer to functions performed by
and on components, for example, ‘porous membrane (S) contains (A) metal oxide (O)’. Third, it can
state partitive relationships among products or technologies. Fourth, it can be organised in a P&S
format (Moehrle et al. 2005). We estimate the relationship with the P&S pattern in which Action
and Object (AO) indicate the problem and subject (S) represents the solution (see Figure 1).

In 2004, Verbitsky (2004) proposed the concept of semantic TRIZ, which was a novel approach to
the innovation process; it applied semantic indexing technology to the traditional problem-solving
TRIZ theory. Kim et al. (2009) defined the basic tasks of extracting problem and solution key
phrases that constitute a technology and technological trends and proposed a Technological
Trend Discovery system that can automatically capture technological mainstream terms from thou-
sands of related documents. Zhang et al. (2014b) emphasised semantic TRIZ approach as a useful tool
to process ‘Term Clumping’ results to retrieve P&S patterns and applied them to Technology Road-
mapping. With the development of the SAO semantic analysis, it has been used in many sides, such as
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monitoring technology (Gerken and Moehrle 2012), identifying technology development trends
(Wang et al. 2015), determining the direction of technological change (Guo et al. 2016), generating
patent maps, constructing a technology tree for technology planning (Choi et al. 2012b), identifying
patent infringement (Bergmann et al. 2008), creating a function-based technology database (Choi
et al. 2012a), and identifying technological competition trends for R&D planning (Yoon, Park, and
Kim 2013).

Methodology

The SAO structure can reflect R&D substance effectively and then reveal the relationship between
technical problems and solutions. We transform the research targets’ correlation based on solution
terms into correlation based on the S structure. This transformation can effectively reflect the hom-
ogeneity or heterogeneity among targets based on their research contents. From there, we can effi-
ciently identify an R&D partner. For this purpose, we propose a process of potential R&D partner
identification as shown in Figure 2.

Thematic dataset construction based on term clumping

Patent data are valuable in exploring the opportunities of promising R&D development because
patents are the output of R&D and are vast public resources that contain technical and market
value. To gain high-quality patent data, we need to construct an effective retrieval strategy composed
of logical query formation, including a title with rich content, an abstract, keywords or subject terms,
as well as the publication/application time, IPC, and so on. In addition, through literature reviews and
tech mining (Porter and Cunningham 2004), we can refine technical problems in a specific technol-
ogy domain.

We aim to handle challenging analyses of millions of phrases and terms derived from ST&I data-
sets using Natural Language Processing (NLP) with term clumping. Term clumping is the method
used to clean and cluster rich sets of topical phrases and terms derived with NLP techniques from
a collection of technical documents specific to one technical domain. This method minimises
noise and maximises prominent topics, which enables users to extract meaning from large
amounts of text more quickly. We use the professional text mining software VantagePoint (www.
theVantagePoint.com) to extract terms and phrases that provide more effective information for

Figure 1. SAO structures in a P&S pattern.
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follow-up analysis. Term clumping combines a number of textual analysis techniques, such as stop
word lists and synonym list construction, fuzzy set matching, Term Frequency-Inverse Document Fre-
quency (TFIDF), and Principal-Components Analysis (PCA). ClusterSuite is an application written in the
VBA programming language with an HTML user interface that runs as a script within VantagePoint. It
contains three phases: Phase I is currently the most developed phase. It executes five thesauri and
one list-cleaning macro. Phase II runs one of two term clumping macros. Phase III is designed to elim-
inate extreme list components on the basis of parameters input by the user through the HTML inter-
face. The end goal of ClusterSuite is to be an efficient, user-friendly application to assist in clustering
terms and phrases that were previously unrelated. In the end, we have a thesaurus and a constructed
dataset with more related thematic terms. Depending on the specific technical problem, we choose
terms with high correlation from the thesaurus and construct the thematic dataset.

Correlation mapping of research targets in a P&S pattern

We utilise the GoldFire software and manual operation as the main tools for extraction. The SAO
structure can be extracted from the title, the abstract, and the full text of technical literature. We
retrieve data from these works on the basis of the thematic terms in the term clumping step. The
nearby verbs are the actions that connect the problem and the solution. We pay more attention

Figure 2. R&D partners’ identification process in a P&S pattern.
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to the system components but not to the action. Considering the incomplete nature of NLP, we filter
the unnecessary verb phrases and SAO structure with impurities on the basis of manual processing. In
a P&S pattern, the subject that can solve the problem serves as the solution of each target.

We first divide the SAO structure positioned as a solution into three dimensions, such as materials,
technologies, and components. By analysing the co-occurrence matrix between research targets (T)
and the solution (S), we utilise the TFIDF method to indicate the text feature of each solution. The
following vector cosine is chosen to measure the correlation degree of research targets:

Sim(Ti , Tj) = cos(u) =
∑n

k=1 wikw jk�����������∑n
k=1 w

2
ik

√
×

�����������∑n
k=1 w

2
jk

√ . (1)

Here, Ti = (wi1, wi2 · · ·win) Tj = (wj1, wj2 · · ·wjn), wik (k = 1 . . . n) is the TFIDF value of the solution set
S={S1 . . . Sn} in the research target Ti . Then, we map the correlation relationships using network visu-
alisation. Considering the display effect, we then number the research targets, which may be other
companies, universities, or research institutes.

R&D partners’ identification

R&D refers to future-oriented, long-term activities in science or technology. Research targets have
different R&D motivations and strategies in different time periods. We use the map we construct
to position each target’s solution and cooperation, analyse the similarities in their research
content, and tap the potential cooperation opportunities to identify potential partners among
them. Potential R&D collaboration partners are visualised as a patent assignee-level map on the
basis of the technological similarity between solutions, using network analysis. This stage can be
divided into two steps. Based on a specific technical domain, we first focus on subdomains and
then look at each subdomain. Targets can be aware of their potential partners’ solutions and
hotspot technology within a subdomain. If organisations want to improve their professional strength
in an original subdomain, they can identify partners in the same subdomain. Organisations can also
see targets that can enhance comprehensive strength in another subdomain. In addition, they can
see the hotspot technology of a whole domain that may be relevant to a specific technical
problem. The map results in an R&D cooperation programme for the chosen targets.

Case study: DSSCs sector

Compared to other fossil fuels, DSSCs cause less pollution, involve low manufacturing cost, and
provide high-energy conversion, which cause a wide attention all over the world. Our team has
focused on DSSCs research for several years. Previously, we learned that the DSSCs domain has
three main technical problems: how to enhance the efficiency of the photoelectric conversion;
how to reduce the cost of battery production; and how to reduce the pollution of the chemistry
(Wang et al. 2014, 2015). In this paper, DSSCs are chosen as the case, the photoelectric conversion
efficiency is the technical problem, and the Derwent Innovation Index database is the source data.
On the basis of the above identification process, we explore the R&D partner identification and poten-
tial opportunities of DSSCs domain organisations.

Data retrieval and technical problem refinement

It is widely accepted that the quality of datasets strongly influences the analysis results; an ideal
dataset is dependent on an accurate retrieval strategy (Huang et al. 2015). As mentioned above,
we have focused on DSSCs for several years, we use the refined search strategy after amendments
and improvements (Huang et al. 2016). The time period investigated in this paper is 1991–2014.
We chose 1991 as the initial year because the earliest source article about DSSCs was published in
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1991 in Nature by O’Regan and Gratzel (1991). Finally, we accessed 7003 pieces of patent data 16 May
2015. Note that patents from the year 2014 might be absent because of the lag of the patent disclos-
ure cycle.

Thematic dataset construction based on term clumping

As detailed previously, term clumping was used to obtain keywords associated with the technical
problem, ‘How to enhance the efficiency of the photoelectric conversion.’ Via the tool ClusterSuite
in VantagePoint, Table 1 presents each procedure and results; in the end, we had 2734 keywords.

We read the above 2734 keywords manually and consulted experts’ opinions in relevant fields,
finally screening out 164 highly relevant topic terms that applied to the technical problem of conver-
sion efficiency, which appeared in 3363 patents. These keywords can be divided into two categories:
(1) those that directly enhance conversion efficiency, such as ‘high photoelectric conversion effi-
ciency’, ‘high-energy conversion efficiency’, ‘excellent photoelectric conversion characteristics’, etc.;
and (2) those that indirectly enhance conversion efficiency and include enhanced electronic conduc-
tivity (such as ‘excellent electro-conductivity’, ‘high electrical conductivity’, ‘excellent ionic conduc-
tivity’, etc.), enhanced catalytic activity (such as ‘high catalytic activity’, ‘excellent photocatalytic
activity’, ‘high photocatalytic efficiency’, etc.), and reduced energy consumption (such as ‘low
energy consumption’, ‘reduced energy consumption’, ‘energy-saving’, etc.). To an extent, the
number of patents can reflect the technological strength of an organisation; these organisations
are the main partner targets in R&D cooperation. For this purpose, the paper chose the top 30 organ-
isations as the research targets, which have a total of 1423 patents. Table 2 shows the top 30
organisations.

Correlation analysis based on SAO structures extracted

Often the titles and abstracts of articles can reflect the whole idea well. In consideration of the exten-
sive abstract content, we eventually extracted the SAO structure from patent abstracts with the help
of the GoldFire software. In the end, we had 559 SAO structures related to ‘enhance conversion effi-
ciency’ as shown in Table 3. Based on the literature review for DSSCs and the experts’ aid, we distin-
guished four subdomains of DSSCs in the dimension of the component defined as photo anode,
sensitizer, electrolyte, and counter electrode (Zhang et al. 2014a). We divided the 559 SAO structures
by subdomain, which had 304 structures about photo anode, 151 about sensitizer, 85 about electrolyte,
and 19 about counter electrode. Obviously, photo anode, sensitizer, and electrolyte are the main
research topics.

Of the 559 SAO structures, each organisation has a solution in the photo anode subdomain. In the
sensitizer subdomain, the following organisations do not have solutions: C6, C7, C14, C17, C18, C22,

Table 1. Term clumping results.

Stage Field selection Title and abstract (NLP phrases + keywords)

Applying thesauri for common term removal Phrases with which we begin 91,769
NumPunctToSpace. the 83,363
XMLEncoding. the 83,363
Chemical_Compounds. the 81,687
Common_and_Basic. the 78,758
Scientific_and_Academic. the 78,052
Dssc-thesaurus.the 61,886

Pruning High Extremes Removed 61,885
General-fuzzywordmatch-1
exact.fuz

59,626

Low Extremes Removed 14,792
Screening Combine Author Networks 2734

TECHNOLOGY ANALYSIS & STRATEGIC MANAGEMENT 7



C24, C27, and C29. In the electrolyte subdomain, the following organisations do not have solutions: C4,
C6, C13, C17, C23, and C26. Details are shown in Table 4. This indicates that these organisations still
lack effective solutions to improve the photoelectric conversion efficiency of technology components
or that they have not yet carried out relevant research. Figures 3–5 show our organisation correlation
map based on S structures; the size of the nodes represents the number of related SAO structures.
The red nodes represent the first patent assignee, and the green nodes represent the second
patent assignee.

Potential R&D partners’ identification

As can be seen in Figure 31, many organisations have a strong connection in research in the photo
anode subdomain. Dainippon Printing Co. Ltd. (C7) has the most solutions, with 22 SAO structures.
Fujikura Ltd. (C3) and Samsung SDI Co. Ltd. (C5) have the second most solutions, with 21 SAO struc-
tures each. However, their solutions seem distinct. C3 has solutions such as electrode substrates,
metal wiring layers, and electrically conductive films. C5 has solutions such as transparent conductive
films and carbon nanotubes. Organisations can look at the information we provide and decide
whether the firms are potential partners. From the Literature Review, we know that Toyota Chuo Ken-
kyusho KK (C10) has a close cooperation with Aisin Seiki KK (C12). Also, we can see from the map that
they have almost the same solutions. Semiconductor electrodes, transparent electrodes, and light-
scattering layers are their solutions to the efficiency problem; therefore, we can foresee further
cooperation in R&D innovation between these two firms. Konica Corp (C1), which also has similar sol-
utions, could be considered as their potential partner. However, Nat. Inst. Advanced Ind. Sci. & Tech-
nology (C8) and Sekisui Chem. Ind. Co. Ltd. (C20) have relatively weak similarities. From the extracted

Table 2. Assignee codes of organisations.

No
Assignee
code Organisation name No

Assignee
code Organisation name

C1 KONS-C KONICA CORP C16 YAWH-C NIPPON STEEL CHEM CO LTD
C2 FUJF-C FUJI FILM CORP C17 KYOC-C KYOCERA CORP
C3 FUJD-C FUJIKURA LTD C18 ETRI-C ELECTRONICS & TELECOM RES INST
C4 SHAF-C SHARP KK C19 TOXW-C TOYO INK MFG CO LTD
C5 SMSU-C SAMSUNG SDI CO LTD C20 SEKI-C SEKISUI CHEM IND CO LTD
C6 SONY-C SONY CORP C21 DENK-C TDK CORP
C7 NIPQ-C DAINIPPON PRINTING CO LTD C22 KOAD-C KOREA INST SCI & TECHNOLOGY
C8 NIIT-C NAT INST ADVANCED IND SCI &

TECHNOLOGY
C23 NIPK-C NIPPON KAYAKU KK

C9 DONG-N DONG JIN SEMICHEM CO LTD C24 TOKE-C TOSHIBA KK
C10 TOYW-C TOYOTA CHUO KENKYUSHO KK C25 CHSC-N CHINESE ACAD SCI SHANGHAI

CERAMICS INST
C11 GLDS-C LG CHEM LTD C26 TOPP-C TOPPAN PRINTING CO LTD
C12 AISE-C AISIN SEIKI KK C27 IRIC-N IRICO GROUP ELECTRONICS CO LTD
C13 MITY-C MITSUBISHI PAPER MILLS LTD C28 USEO-C UNIV SEOUL IND COOP GROUP
C14 OSAG-C OSAKA GAS CO LTD C29 HITF-C HITACHI ZOSEN CORP
C15 UYKY-N UNIV KYUSHU C30 UYKR-C UNIV KOREA RES & BUSINESS FOUND

Table 3. Solution examples extracted on DSSCs.

Solution name Solution description

Semiconductor
electrode

A photoelectrode consists of a semiconductor electrode, whose light receiving surface connects to a
transparent electrode

Metal complex Metal complex dye comprises metal or metal ion, ligand (I) and ligand (II). The ligand (I) has at least 2
heterocyclic rings (I) containing the nitrogen atom, which coordinates to metal or metal ion, and has at
least one group, which dehydrates hydroxyl groups contained on the metal-oxide surface

Iodine compound An electrolyte solution that contains iodine has the iodine compound as an iodine ion source and the
benzimidazole derivative with 3-11C saturated hydrocarbon group directly bonded to the
benzimidazole ring
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Table 4. Distribution of organisations without solutions.

Subdomain Organisations without solutions

Photo anode None
Sensitizer Nippon Steel Chem. Co. Ltd. (C6), Kyocera Corp. (C7), Osaka Gas Co. Ltd. (C14), Kyocera Corp. (C17), Electronics &

Telecom Res. Inst. (C18), Korea Inst. Sci. & Technology (C22), Toshiba KK (C24), Irico Group Electronics Co. Ltd.
(C27), and Hitachi Zosen Corp. (C29).

Electrolyte Sharp KK (C4), Sony Corp. (C6), Mitsubishi Paper Mills Ltd. (C13), Kyocera Corp. (C17), Nippon Kayaku KK (C23), and
Toppan Printing Co. Ltd. (C26)

Figure 4. Organisation association analysis based on the ‘S’ structure of ‘sensitizer’.

Figure 3. Organisation association analysis based on the ‘S’ structure of ‘photo anode’.
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solutions, they show film-forming material as a common solution, but beyond that, C20 presented
key solutions as coating pastes with metal-oxide particles and eradication of property particles
and metal-oxide particles, whereas C8 presented key solutions as a monomethine styryl dye com-
pound and quaternary nitrogen atoms and carbon. These organisations should consider expanding
their scope for cooperation to other solutions. In addition, LG Chem. Ltd. (C11) and Nippon Kayaku KK
(C23), Sharp KK (C4), and Univ. Kyushu (C15) could develop more cooperation. Other organisations
can also seek their potential partners on the basis of their own research requirements and other part-
ners’ solutions. What’s more, we can identify hotspot technology related to conversion efficiency in
the photo anode subdomain, such as light-scattering layers, transparent electrodes, coating liquids,
etc.

As Figure 4 shows, numerous organisations have close connections in the subdomain sensitizer.
Dong Jin Semichem Co. Ltd. (C9), with 23 SAO structures, and Mitsubishi Paper Mills Ltd. (C13),
with 19 SAO structures, have more solutions than others. They have the mutual solution of
organic dye; in addition, C13 has a compound with specific structures as a solution. Based on the
survey, Univ. Kyushu (C15) and Nippon Steel Chem. Co. Ltd. (C16) can strengthen their existing
cooperation. Here, we offer examples of some solutions to them: squarylium dye, phthalocyanine
compound, and cyanine dye. In the dense networks formed by Fuji Film Corp. (C2), Toyota Chuo Ken-
kyusho KK (C10), Aisin Seiki KK (C12), Sekisui Chem. Ind. Co. Ltd. (C20), and Toppan Printing Co. Ltd.
(C26), the key solution ‘metal complex dye’ is the main solution of each organisation, but C10 has
relatively limited technical strength in the sensitizer domain; therefore, Fuji Film Corp (C2) might con-
sider other potential partners, such as Aisin Seiki KK (C12), Sekisui Chem. Ind. Co. Ltd. (C20), and
Toppan Printing Co. Ltd. (C26). Other organisations such as Dong Jin Semichem Co. Ltd. (C9) and Fuji-
kura Ltd. (C3) might consider developing cooperation. The hotspot technology keywords related to
conversion efficiency are a metal complex dye and a ruthenium complex dye.

From the details in Figure 5, we can see the cooperative relationship among these organisations is
relatively loose in the electrolyte subdomain. It seems that fewer organisations did R&D research on
the electrolyte subdomain. Osaka Gas Co Ltd. (C14) has the most SAO structures in this domain. Here,
we see solutions such as lithium iodide and ethylene carbonate. Other organisations could decide

Figure 5. Organisation association analysis based on the ‘S’ structure of ‘electrolyte’.
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whether C14 can be a potential partner on the basis of their own technical solutions. The phenom-
enon shows that cooperation barely exists between these organisations. Toyota Chuo Kenkyusho KK
(C10) and Aisin Seiki KK (C12) can strengthen their existing cooperation; their key solutions are an
iodine compound and a benzimidazole derivative. Konica Corp. (C1) and Nippon Steel Chem. Co.
Ltd. (C16) can develop cooperation with Fujikura Ltd. (C3) as C3 has the most solutions with eight
structures; what’s more, they have the same key solution of an ionic liquid. Univ. Seoul Ind. Coop
Group (C28) can develop new cooperation with Samsung SDI Co. Ltd. (C5) as an organic solvent is
their common solution. Other organisations can choose their desirable potential partners on the
basis of their requirements.

On the whole, organisations that do not have solutions in every subdomain can consider
expanding their technology range. We chose some organisations to illustrate this. If Sony Corp.
(C6) wants to have a better overall range of solutions, it can choose Samsung SDI Co. Ltd. (C5)
as a potential partner, as they both have a transparent electrode substrate as a solution in the
photo anode subdomain. Other organisations can also seek potential partners in other subdomains.
Irico Group Electronics Co. Ltd. (C27) does not have any solutions in the electrolyte and sensitizer
subdomains. It can identify Samsung SDI Co. Ltd. (C5), Nat. Inst. Advanced Ind. Sci. & Technology
(C8), and Fujikura Ltd. (C3) as potential partners. Each organisation can combine their R&D
cooperation consciously and then use the information from the results to identify potential
partners.

Conclusion

R&D partner selection decisions have many influencing factors. A great deal of previous work empha-
sises assessment of technologies. Thus, our work contributes to analyse technical solutions. This
research presents a novel combination of term clumping and SAO semantic analysis, exploring the
identification of R&D partners in an open innovation environment. Term clumping helps us get to
the thematic dataset. Using the SAO structure in a P&S pattern, we get each organisation’s solution
in different dimensions. Based on the text content of solution sets, we get a correlation map of
chosen research targets. The analysis indicates how different organisations adopt different solutions
to specific technical problems; in addition, the proposed method can position each organisation’s
research focus and corporation situation, tap their potential collaboration opportunities, and help
the organisations effectively identify research partners.

Further studies to extend these results can take several directions. In terms of data extraction, we
only utilised abstracts of patents to extract the SAO structure. We believe that full texts could
provide a more comprehensive SAO structure to reflect the intention of the articles. Moreover, it
will be valuable to update the extraction tool for SAO semantic structure to reduce manual
control. While this paper makes partner identification possible on the basis of the similarity
between organisations’ research content, we can extend the approaches from the perspective of
complementarity between two research targets, certainly including characteristics such as develop-
mental strategy, cultures of the enterprises, and R&D cooperation consciousness. Lastly, we could
extend the field of application to identify partners for more organisations from different technical
backgrounds.

Note

1. Here, we do not list solutions of each organization one by one; only the first three with highest frequency are
listed.
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