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ABSTRACT 

 

This thesis explores the underlying dynamics between social attention, funding, and 

emerging technologies in order to discover patterns that may improve funding allocation strategies 

when it comes to select emerging research trends.  

It is argued that social expectations of technologies represented by levels of attention 

extracted from printed media may play a role in the configuration of emergent research topics. To 

discover if such relation exist data from academic publishing and news articles are used, and 

analyzed by applying methods grounded in network theory, artificial intelligence, and text mining. 

Objectives and research background are discussed in the introductory Chapter 1. 

The target of analysis is robotics research. Robotics is known for its social engagement and 

broad discussions in the media, and also for the greater interest of governments in funding robotics 

related technologies. Making it an exemplary case study. In chapter 2 it is identified the taxonomy 

of robotics, and research trends. This is done through a comprehensive bibliometric study of 

academic literature.   

Even though bibliometrics help us to reveal the landscape of robotics, little can be inferred 

on how specific research clusters are connected to society as a whole. Chapter 3 takes steps in that 

direction. It is explored the interconnection of publishing patterns of academic articles in the 

previously identified clusters to actual levels of social expectations. News data is incorporated as 

representation of social opinion, from where levels of attention and sentiment polarity are 

observed. Peaks of inflated expectations in relation to robotics were revealed. Moreover, it was 

found how positive discussions in the media are reflected as an increase of publications for specific 

robotics topics in a posterior time.  

In the interface of solving social issues and promoting academic research, lies funding. 

Public and private organizations reconfigure their funding allocation strategies in response to what 

they believe are the most pertinent topics to target. Chapter 4, develops a method to assess whether 

funding organizations target innovative research.  

Finally, Chapter 5 brings together emergence, expectations, and funding. Parting from 

observations collected in the previous chapters it is attempted to stablish a theory of funding of 

emergent technologies based on social attention.  It is expected that the findings discussed in this 

research serve to identify technologies that timely bring solution to the social concerns at hand, 

and provide a reference for better funding allocation strategies. 
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1 INTRODUCTION 

Funding organizations are key actors driving science and technology. It is expected for 

funding organizations to support new developments that leads to prominent impact in society. 

While these stakeholders put their best effort on achieve that, now and then examples appears of 

their missoperations. For instance, groundbreaking discoveries that have led to Nobel prizes have 

also been subject of funding rejection (Berg 2008). Because at the very early stage the uncertainty 

on the future contribution of some topics makes them, on the eyes of those evaluating grant 

applications, a risky endeavor.  

The task of selecting emerging research topics that may bring greater socioeconomic impact 

is not an easy one. Every day more and more papers, books and reports are published, patents filed, 

and news reported. The pool of knowledge from where novel trends should be detected is abundant 

and overwhelming. Better tools are needed to make sense of that knowledge, find meaningful 

patterns and make better informed decisions. The need of those tools is particularly relevant when 

it comes the time to distribute scarce resources. 

Fortunately, the conceptualization and operationalization of emergent technologies is an 

active field of research (Rotolo et al. 2015). Several methodologies are on the table to assess 

features among technologies in large portfolios, enabling to separate potential breakthroughs from 

matured ones. Most of those methods start on the premise that emergence can be observed by 

exploring characteristics of scientific outputs (e.g. academic articles), dismissing other features 

and actors that also participate in the configuration of new technologies. 

Among them, it is acknowledged that the wider society takes an important role in shaping 

the directions of new technologies and industries (Borup et al. 2006; Geels & Verhees 2011; 

Deuten et al. 1997). However, the mechanisms for understanding that relationship are complex in 

nature. And most of the studies of the social shaping of technologies are based in qualitative, ex-

post manner (Borup et al. 2006). Notwithstanding, some features of the wider society and their 

influence in the creation of new knowledge might be at reach of measure. In particular the notion 

of social expectations.  

Social expectations have been measured through several frameworks (Alkemade & Suurs 

2012). However, the latent connection of those lies in the measurement of social attention. An 

indicator of the intensity on how topics are discussed in society, usually using as proxy printed 

media (Melton et al. 2016; Dedehayir & Steinert 2016).  

However, there is no understanding on how social attention, funding, and the emergent 

technologies observed in scientific knowledge production interact among them. Can we say that 

funding encourages the creation of new topics, and then those are discussed in society? Or is 

society who takes the first step? In this thesis, we extract starting evidence to point how these three 

actors (society, researchers, and funders) interact.  

If social attention can be claimed as an early indicator of new developments in science, then 

funding organization may take advantage of that knowledge to leverage their funding strategies. 

As it will be possible to anticipate some upcoming targets and fund them accordingly.  Researchers 

may also get benefit in understanding these dynamics, by knowing the stance or interest of funding 

organizations in regards the topics of science making possible to look for those with greater 

chances to receive grants. 

In the following sections we further explain objectives, research background, and the data 

and methods of this thesis.  
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1.1 Objective 

The objective of this thesis is to elucidate the dynamics that connect social attention, funding, 

and emerging technologies. To address this main objective, we independently assess how social 

attention and funding are related to emergent research by answering the following questions:  

 Do social attention of technologies plays a role in defining new emergent research? 

Here, it is argued that, at least partially, academic research is determined by social 

expectations as represented in the imaginings of technologies in the media. 

 Do funding organizations target innovative research? This thesis argues that while 

funding organizations attempt to allocate their resources to groundbreaking research, 

mechanisms in their selection strategies may constraint them to target properly.  

To answer those, we apply methods from network theory and text mining to analyze patterns 

hidden in the large corpus of data that represent the science space and the society space. We 

demonstrate the feasibility of applying those methods to identify levels of expectations, and 

emotional response of society towards new developments.  

This thesis finalizes with a discussion about the relationship between social attention, 

funding, and emergent research. Aiming to help policy makers, and researchers in making 

informed decisions for better use of limited funds, by targeting research and technologies that 

potentially lead to practical innovations with a greater impact in a faster pace.  

1.2 Research background 

This section explores the theoretical background of the main topics in this thesis. First, it is 

discussed the corpus of literature that address the problem of detecting emerging technologies 

under the science and technology policy domains. Next, the connections between social attention 

and funding are discussed. 

1.2.1 Emergent technologies 

Until recently, there was no consensus on the definition of what is an emerging technology. 

However, that has not been an impediment for the study of attributes of emerging technologies 

across the history of the innovation studies. Seminal research can be found as early as 1875 (Lewes 

1874). But the conceptualization and quantification of emergence comes from more recent years, 

in particular from the work of Martin (Martin 1995), Porter (Porter et al. 2002), and Cozzens 

(Cozzens et al. 2010), whose work emphasize the use of bibliometrics, or the quantification of 

features from publications like academic articles or patents.  

Emergence can be measured from several attributes. For instance, Avila-robbinson and 

Miyazaki  (Avila-Robinson & Miyazaki 2011) made a comprehensive exploitation of 

bibliometrics attributes from publications on micro/nano electromechanical systems. They 

separated attributes based on dynamism (speed of growing), variety (of categories), diffusion 

(citation counts received), complexity (actors involved), chronological (novelty) to identify 

emergent trends. However, those are not the only attributes that can be observed from bibliometric 

features and is not uncommon that different authors create their own indicators.  

Because of that, and with the purpose of unifying the concept of emergence Rotolo, Hicks 

and Martin (Rotolo et al. 2015) reviewed how emergence have been operationalized in the science 

and technology policy domain literature until 2015, coming to the following definition:  
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“relatively fast growing, radically novel technology characterized by a certain degree of 

coherence persisting over time and with the potential to exert a considerable impact on the socio-

economic domains which is observed in the composition of actors, institutions and patterns of 

interaction among those[…] it’s most prominent impact, however, lies in the future and so in the 

emergence phase it is somewhat uncertain and ambiguous” (Rotolo et al. 2015). 

Where 5 attributes are present. Radical novelty, relatively fast growth, coherence, prominent 

impact, and uncertainty and ambiguity. The former three can be observed through quantitative 

methods. 

First, novelty or newness. Emergent technologies are expected to be new.  This newness can 

be observed from publication years of a cohesive group of literature.  Some researchers may first 

classify the literature by using methods like citation network, and identify groups within that 

network, those groups that are newer can be considered emergent (Garfield et al. 1964). In this 

line, Takano et al. (Takano et al. 2017) built a classification schema based on novelty. by exploiting 

the average year of the groups, and the novelty of the leading paper in those groups, papers can be 

classified into four categories: breakthrough, change maker, incremental, and matured.  

Fast growth is other well expected attribute of emergence, and the one most operationalized. 

Referring to the number of articles on the same topic that are aggregated in subsequent periods of 

time. The technology-life cycle, or s-shape trend literature is part of this feature (Ho et al. 2014; 

Abercrombie et al. 2012). 

Then, coherence. Which is the extent on how topics become part of a unified narrative. This 

can be observed from an analysis of the text content (Furukawa et al. 2015), or by studying the 

network properties when a network is involved in the analysis (Fujita et al. 2014).  

The present thesis built upon the above-mentioned framework to measure indicators of 

emergence for novelty, growth, and coherence. The other two attributes of emergence are impact, 

and uncertainty. The assessment of prominent impact, which is usually expected but rarely 

measured (Rotolo et al. 2015), is part of a more qualitative corpus of research (Borup et al. 2006). 

Few literature exist on the latter one from a bibliometric perspective (Lucio-Arias & Leydesdorff 

2009). 

1.2.2 A transdisciplinary approach for funding science 

 

The involvement of stakeholders outside the academia in the pursue of shared goals refers 

to transdisciplinary research (Tress et al. 2005). The stakeholders, also referred as practitioners, 

serve as counterpart to the scientific community all along the process of knowledge production. 

Because both parts takes a relevant role in the goal setting and process it is said that the outputs of 

transdisciplinary research are socially robust, meaning that aim to solve real-world problems and 

are expected to be socially legitimated upfront. Besides of also being aware of the local and 

historical context (Nowotny 1999; Klein 2015).  

Tress et al. schematize transdisciplinary research like in Figure 1-1 where all participants 

work together to define and accomplish a common goal. In its core transdisciplinarity refers to 

different academic disciplines working jointly with practitioners aiming to solve real-world 

problems (Klein 2015). And is considered a research approach, not a method or theory, that enables 

mutual learning between science and society (Jahn et al. 2012). 
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Figure 1-1 Characteristics of Transdisciplinary research as in Tress et al. (2005) 

 

Transdisciplinarity is a response to the increasing specialization and granular partition of 

scientific fields, as it is natural result to the ever blurrier line that separates science and society. 

According to Gibbons we moved to a “Mode-2” of science. In a previous model, science acted as 

a provider of reliable knowledge to society, and thus, being unidirectional. The driver of this model 

is the individual creativity of the researcher (Gibbons 1999). In the new model, however the 

outputs of science require a dialogue with society, and thus the creativity comes up as a group 

phenomenon being the outputs more sensible to social implications (Gibbons 1999). 

What is the role of funding and funding organizations in this narrative of transdisciplinarity 

research?  While funding organizations may be taken as stakeholders within society, in the present 

study we define them as a separate group of actors, being active between the researchers and the 

rest of stakeholders and practitioners. And in particular, being the actors who listen to society and 

channel resources to the academia in order to accomplish transdisciplinary goals. 

The relevance in putting funding organization as brokers of needs and sources is to take 

advantage of the better decision making capabilities that the transdisciplinary approach provides. 

As stated by Walter et al.  (2007) “transdisciplinarity aims to increase decision making capacity 

of stakeholder in an effective, transparent, and reliable way through mutual learning between 

researchers and stakeholders and by providing robust future orientations for practice”. 

Moreover, transdisciplinarity is linked to uncertainty, controversy, and complexity; the fifth 

attribute of emergent technologies. By aiming social recognition of scientific outputs, philosophy 

and direction can be lost  (Aeberhard & Rist 2009). This lead to a recognized gap regarding 

transdisciplinary frameworks or methodologies that work in the interface of science and society 

for the benefit of knowledge production (Lawrence 2015; Klein 2015), in particular little is known 

on structural factors in the social shaping of technological development in the transdisciplinary 

ecosystem (Klein & Kleinman 2002), a gap that we attempt to contribute in partially fill. 

 

1.2.3 Society, social attention and funding 

Society as a concept can be defined in multiple ways (Dean 2010; Nakano 2012). However,  

in this thesis society is seen as the group stakeholders beyond academia, funding organizations, 

and governments. Those stakeholders or users are aware of the introduction of technologies in 

their social context and thus have an opinion, well informed or not. Following the tradition of 

social studies of science and technology, what can be assessed from society are their expectations. 

In this regard, expectations are defined as “real-time representations of future technological 
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capabilities” (Borup et al. 2006). Those representations can be extracted by several means, like 

public opinion polls, surveys, and news. In the mode-2 production of knowledge the space for 

dialogue between academics and society might take place anywhere. But the representation of 

society in printed media has been found as a good resource of information of public opinion 

(Gibbons 1999; Nowotny et al. 2001). In particular, it is aimed to capture the level of attention of 

the general publics as represented in the news media in relation to emerging technologies. 

One of the attributes of emerging technologies is their prominent impact. Emerging 

technologies are expected to generate impact by reconfiguring the patterns of knowledge 

production, or changing the interactions among actors or institutions. This changes are 

bidirectional, in consent to the literature of the coevolution of technology and society (Nelson & 

Winter 1982). This is, new technologies emerge partially due to the expectations and visions of 

actors and users, however, in subsequent stages those actors and user change in their interactions 

because of the impact exerted by the technology envisioned, and then new expectations appears.  

The cycles of expectation and technology impact are assessed from mixed frameworks of 

quantitative and qualitative nature. Being news articles, reports, reviews among others the sources 

from where statements of expectations are extracted for study. For instance, Geels and Verhees 

(Geels & Verhees 2011) explained the rise and fall of nuclear energy in the Netherlands by revising 

its social  representations in printed media, reveling the power of expectation in legitimating the 

innovation journeys of technology. Similar approaches have been used by Alkemade and Suurs 

(Alkemade & Suurs 2012) to explain the emergence of sustainable technologies.  

One of the tools used to operationalize expectations is the hype cycle (Fenn & Raskino 

2008). Hype cycle proponents argue that technologies follow a fixed pattern of social expectations, 

including an initial period of over expectations, followed by a fall of disappointment, from which 

just few stakeholders will survive. However, the existence of the hype cycle is disputed and instead 

a more generalized form of hype dynamics have been proposed (Van Lente et al. 2013). Those 

hyped dynamics are a result of measurement of the level of attention. Which is the amount 

statements referencing a topic. Or simply put, the amount of news (etc.) articles related to a given 

technology (Melton et al. 2016). 

Those expectations reconfigure the path of technology development, and thus funding 

organizations are expected to respond accordingly. So far, there is no literature that address the 

relationship of social attention and funding. However, they might share an indirect linkage as they 

both belong to the coevolving system. The present thesis attempts to reveal that connection. 

 

1.3 Data sources and methods 

One of the outputs of technology research comes in the form of articles in academic journals, 

from where solutions to social problems can be extracted. The constant evolution and 

diversification of technology research makes the comprehensive understanding and discovery of 

plausible solutions a difficult task. Even experts may overlook solutions that appear in distant 

disciplines. Data mining enables researchers and decision makers to overcome such concerns by 

applying techniques that reveal the intricate connections among several fields of knowledge 

otherwise hidden in the large databases of information. 

Certainly, academic papers are not the sole output of technology research, but they have 

characteristics that facilitate large-scale analysis to reach conclusions faster. One of those 

characteristics are the cited references they contain, and the knowledge network that can be created 

of. These citation networks have been broadly studied (Radicchi et al. 2012; Borner & Scharnhorst 

2009) and the use of them dates back to 1965 with the work of de Sola Price (de Solla Price 1965). 

They have been used to map the landscape of science (Kajikawa et al. 2014), create taxonomy of 

knowledge (Klavans & Boyack 2017), find research and technology fronts (Shibata et al. 2008) 
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among other uses (Persson 2010; Leydesdorff & Rafols 2011). Innovation research has also been 

subject of citation network analysis by Kajikawa et al (Kajikawa et al. 2012). In their work, 

research on “innovation” was studied through a network of papers, that was divided into tightly 

connected clusters that represented specific knowledge of the discipline. This analysis helped to 

understand the development of innovation studies and drawn recommendations for future 

directions. Citation networks have proven to be a sound methodology in the science and 

technology studies, and innovation.  

 

On the other hand, newspapers are a good source of information about society. They cover 

topics that deserve debate, action and legal regulation (Janssen et al. 2008), influence the formation 

of public opinion (DiMaggio et al. 2013) and they are always up to date. Newspaper data has been 

used in innovation research to measure public expectations towards technology and to understand 

legitimacy in technology adoption (Geels & Verhees 2011). In the work of Melton et al (Melton 

et al. 2016) international newspaper articles were used to measure the hype and disappointment 

cycles in relation to seven alternative fuel vehicle technologies to give recommendations towards 

the displacement of fossil fuels. Nevertheless, the use of this type of data has been scarce in the 

literature, but its value and crescent interest of application in technology studies has been identified 

(Rotolo et al. 2015). 

The challenge when analyzing newspaper articles is their unstructured nature, they lack 

bibliographic references, and vary in size and vocabulary usage. To deal with that, we can apply 

topic models, a methodology that has been used to analyze this type of data in the social science 

and humanities (Mohr & Bogdanov 2013). Topic models are algorithms that extract the themes, 

or topics, that compose a collection of documents. Their automated nature facilitates the 

exploration of large corpus of text, an advantage over previous research that has been relied on the 

actual reading and manual coding for classification of news articles to reach conclusions.   

News articles also embed other type of information. Like the emotional response of the 

public, or sentiment. News articles or part of them, can be classified, for instance as positive or 

negative, depending on the views of the writer or the target topic. To evaluate sentiment in news 

researchers have had to realize content analysis, creating tagging rules and reading each article to 

label accordingly, and this is subject of time and cost limitations. However, recent advancement 

in artificial intelligence and machine learning have helped to conduct sentiment analysis faster and 

accurate.  

In summary, this thesis analyze emergent research from academic articles, and social aspect 

from news. The former are studied by applying citation networks, and features of the latter are 

studied with topic model and sentiment analysis. 

1.4 Outline 

This thesis is organized as shown in Figure 1-2. The present introductory chapter discussed 

the research background and objectives pursued. In Chapter 2, we take a look to robotics research. 

We state the reason of selection of robotics as object of study, and also bring an exploratory study 

based on bibliometric techniques to reveal the main research trends. Chapter 3 and Chapter 4, are 

the main topics of this dissertation. Chapter 3, reveals how social attention is connected to research 

topics in the robotics domain. We elaborate a methodology to stablish such connection, and 

demonstrate the role of news in the configuration of new topics in the robotics. Chapter 4 is about 

funding organizations. Topics in the robotics research landscape are assessed in terms of novelty, 

an attribute of emerging technologies, that help us to identify matured, incremental, breakthrough 

and change making technologies. This classification helps us address the question whether funding 

agencies are promoting innovative research. We identified the leading organizations, and their 

topics of interest. Chapter 5, we discuss the findings of previous chapters, and their implications 
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in light of emerging technologies, here we argue that a pattern is observable in regards on how 

funding organizations react to emergent topics in science. After revealing the starting evidence of 

that pattern we conclude the thesis summarizing the contributions, spotting improvement 

opportunities, and gearing to future directions. 

 

Figure 1-2 Outline of this thesis 
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2 ROBOTICS RESEARCH 

2.1 Introduction 

This chapter explores the target of study, the robotics research. Through a bibliometric study 

of academic articles main trends are observed. The objective of this chapter is to present the 

structure of robotics research, represented by the knowledge network of academic articles. The 

methodology applied, and the academic landscape presented in this chapter are constant for the 

remaining of the thesis.  

Three main reasons make the robotics an exemplary case study. First is historical, robotics 

as a topic of social interest has been discussed in literature and media long before its appearance 

in industry and academia. The term robot was spread internationally due to the theater play 

Rossum’s Universal Robots by Karel Capek in 1920 (Capek 1920), derived from the Slavic 

language word robota meaning forced labor or servitude. The keyword “robot” became catchy at 

that time to the extent of enduring several decades before being used in patents and academic 

articles. The term have been used in news articles since then, as a metaphor of an advance 

technology able to take jobs  and exceed human capabilities (Woodburry 1927). This thesis studies 

the interactions between academic outputs and society indicators through methodologies based on 

text analysis of papers and news articles. Hence, the presence of social discussion of robotics since 

the earliest stage of robotics research makes possible a comprehensible analysis. 

Secondly, robotics is a growing field. Both research and development represented in papers 

and patents show steady growths. Market penetration of robotics is also optimistic. The 

International Federation of Robotics estimates that around 5.4 million service robots for personal 

or domestic use where sold in 2015, being an increase of 16% in relation to the previous year. 

With projections pointing to 42 million units sold by 2019 (International Federation of Robotics 

2016b), and even higher increase rates for industrial robotics to 20% annually, reaching an 

estimation of $35 billion of global market value for 2015 (International Federation of Robotics 

2016a). With such positive odds and tech leaders “dreaming on robots in every home” (Gates 

2007), the studies of the implication of the adoption of robotics technologies in the society has 

never been more necessary.  

Finally, Robotics has drawn worldwide attention and is integrated into the technology 

development strategies of several countries (Ministry of Economy Trade and Industry of Japan 

2015; National Science Foundation 2016; SPARC 2016), suggesting that it receives governmental 

support and warrants public agency involvement. In this thesis we correlate funding, and funding 

agency involvement, to indicators of emergence of technology and prominent impact. The field of 

robotics collects those attributes. 

In order to understand what is happening in the robotics research we explore the knowledge 

structure, or academic landscape that can be built by applying bibliometrics methods. This is the 

construction of knowledge structure based on the characteristic or properties of published 

materials; academic articles for this case. 

Bibliometrics has become an important tool to grasp the entire perspective of a research 

domain, especially when the amount of publication is large and its delimitation is complex. We 

can expose the taxonomy of a field by creating maps of science or academic landscapes. Technique 

that has been used to map large corpus of literature, like maps of all scientific knowledge (Boyack 

et al. 2005), or mapping specific ones like nanobiotechnology (Takeda et al. 2009).  
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Bibliometric techniques have been applied before to the field of robotics. An overview of 

the field have been conducted to discover the strengths and weakness of Japanese robotics (Naito 

et al. 2013), Also focused in Japan, this time to analyse the system of innovation Kumaresan and 

Miyazaki (Kumaresan & Miyazaki 1999) analyzed patents, papers, and market data revealing 

trends towards the servitization of robotics. Goeldner et al. analyzed patents and publications on 

care-robotics (Goeldner et al. 2015), and Ittipanuvat et al. (Ittipanuvat et al. 2014) used academic 

landscapes to establish connections between robotics and gerontology. This chapter, however, 

offer a more comprehensive view of the field.  

2.2 Data and methods 

A summary of the data collection and treatment is shown in Figure 2-1. Data were collected 

from the Web of Science, a widely used database of bibliographic information. The Web of 

Science incorporates the Science Citation Index Expanded, the Social Sciences Citation Index, and 

the Arts & Humanities Citation Index, covering more than 18,000 journals, and conference 

proceedings. We searched for articles of social robotics by querying “robot* in the web of science 

search engine.  The asterisk serves as a wild card, allowing to extract articles having words starting 

with “robot” (e.g. robots, robotics) in either the title, abstract or keywords. 200,139 articles were 

found. However, such approach is prone to retrieve articles containing the query that may not be 

directly related to the field. To filter out those unrelated articles we used the properties of the 

citations networks.  We focus in those articles which include at least one reference to another 

article in the retrieved dataset, and neglected the rest. 142,587 (71.2%) articles accomplished this 

condition. Data were retrieved on July 1st. 2017. 

 

 

Figure 2-1 Overview of the methodology in chapter 2.  
(1) Data retrieval. (2) A citation network is created based on the references of the articles. (3) The largest 

connected component is extracted. (4) Clusters are obtained from the network. 

 

As mentioned above, the list of references was used to create a citation network of articles. 

A direct linkage is established between two articles if one of them mentions the other in its 

references. This is known as intercitation or direct citation. Compared to other linkage 

methodologies like co-citation (Small 1973) and bibliographic coupling (Kessler 1963), direct 

citation networks have been found to bring most accurate representation of knowledge taxonomies 

(Klavans & Boyack 2017), and be better at identifying research fronts (Shibata et al. 2008). We 

extracted the largest connected component, which is the one having the tightly connected 

structures of knowledge related to our research target. Within the largest component we identify 

clusters of papers densely connected by applying a topological algorithm based on modularity 

maximization. Modularity is a measure of the strength of connections within partitions or clusters. 

A high modularity value implies that intra-cluster connections are dense whereas inter-cluster 

connections are sparse. It is defined as follows (Clauset et al. 2008): 
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Eq. 2-1 

 
 

Where 𝑁 is the number of clusters, 𝑙𝑠 and 𝑑𝑠 are the number of links, and the sum of the 

degrees of nodes within cluster 𝑠 , respectively. The algorithm iterates until the maximum 

modularity is reached, thus obtaining the number of cluster automatically. The network is then 

visualized by applying a spring layout suitable for large networks, which places similar cluster 

close each other (Adai et al. 2004). To facilitate the interpretation of the network we visualized 

only the internal edges of each cluster, and assigned them different colors. 

The above-mentioned steps complete the first level of clustering. In large networks, where 

partitions are obtained from modularity optimization, the issue of resolution limit is present. 

Resolution limit is the phenomena in which several small clusters are aggregated as single ones. 

To avoid such condition the clustering algorithm is applied recursively. For each level, top clusters 

that collect up to 90% of articles were subdivided if they fit the condition of the resolution limit 

(Fortunato & Barthélemy 2007): 

 

𝒍𝒔 −  √𝟐𝑳 > 𝟎 

 
              Eq. 2-2 

 

Where 𝑙𝑠  is the number of edges within the cluster, and 𝐿  the edges in the network or 

superior level sub-cluster. By following this condition, the network was sub-clustered until the 4th 

level, thus obtaining fine grained resolution. 

Once the cluster are obtained, we revised the articles within them and labeled each cluster 

based on the contents of their most cited academic articles.  

 

2.3 Results 

2.3.1 Academic landscape of robotics research 

Robotics is a growing field. Publication trends are shown in Figure 2-2, The earliest article 

in our dataset is from 1969 (Halpern 1969), scattered publications exist all across until the mid-

80’s when the field started growing. Reaching 14,638 papers published in 2016, with an annual 

increase rate of 12.7% on average for the last five years. Hence, the need to better grasp knowledge 

structure by examining its academic landscape. 
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Figure 2-2 Trend in publications of robotics research 

 

By exploiting the information on the references of the articles a citation network was created. 

We extracted the maximum component that contained 142,587 articles (71.2% of the total) and 

divided the network into clusters based on its topological characteristics. Figure 2-3 shows the 

citation network. We found 4 clusters collecting 92% of the robotics network. We labeled those as 

Automation and control systems, Robot locomotion, Autonomous robots, and Robotic surgery.  

These 4 cluster can be considered as the main streams of research. To reach fine grained 

cluster resolution, the clusters were recursively subdivided by applying the same algorithm. We 

repeated this division up to the fourth level of depth, where the sub-clusters were small enough to 

continue the splitting. Table 2-1, provides a summary of the number of clusters in each level and 

their sizes. 

 

 

Figure 2-3 Citation networks of robotics research. (First level of clustering) 
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Table 2-1 Granularity of recursive clustering 

Clustering depth Number of clusters 
Size (articles) 

Min Average Max 

Level 1 4 16,792 31,890 40,641 

Level 2 30 371 3,796 14,885 

Level 3 122 25 792 4,935 

Level 4 450 9 180 1,329 

 

To bring an overview of the robotics research we will focus on the four clusters in the first 

level, and  their  three largest sub-clusters in the second level. Table 2-2 summarizes their contents. 

 

Table 2-2 First and second level clusters 
 Cluster Sub-cluster Articles % Ave. Year 

1 

Automation 

and control 

systems 

1.1 Path planning / Obstacle avoidance 14885 10.4% 2009.1 

1.2 Visual servoing 10884 7.6% 2006.8 

1.3 Robot manipulators 9020 6.3% 2006.3 

2 
Robotic 

locomotion 

2.1 Walking robots 11431 8.0% 2010.0 

2.2 Robot learning 10020 7.0% 2009.6 

2.3 Rehabilitation Robotics 8588 6.0% 2011.6 

3 
Autonomous 

robots 

3.1 Simultaneous localization and mapping 8220 5.8% 2009.2 

3.2 Human-Robot Interaction 6481 4.5% 2011.3 

3.3 Tactile sensing and robotic grasping 6368 4.5% 2008.5 

4 
Robotic 

surgery 

4.1 Robotic assisted surgery 5061 3.5% 2009.9 

4.2 Robot assisted radical prostatectomy 3859 2.7% 2012.5 

4.3 Transoral robotic surgery 3585 2.5% 2011.7 

 

 

At the first level, robotics research seems to resemble a gradient from basic to applied 

research. Automation and control system is the collection of articles about actuators, sensing, 

programming devices and frameworks that enable robotics systems in general. Robotics 

locomotion, tackle on mobile robotics. Mobile robotics as research field can be considered the 

originator of what is known today as service robotics. Therefore, a more specialized field. Third, 

autonomous robots. A step further on the mobile robotics research, containing articles of 

technologies for robotics in unstructured environments. And finally, robotics surgery. Articles 

focused in research and development of robotics systems that helps doctors or patients during 

medical interventions. 

At the second level, the average year of clusters range from 2006.3, robot manipulators, to 

2012.5, Robot assisted radical prostatectomy. In general, sub-clusters of automation and control 

systems are larger and older than the rest, hinting their maturity in the field. Following, we identify 

key players for this sub-clusters as listed in Table 2-3. 

 

Table 2-3 Key actors in robotics research 
Sub-cluster Country Institution Journals / Conferences Authors 

 

1. Automation and control systems 
 

1-1 Path planning / 

Obstacle avoidance 

USA Carnegie Mellon Univ IEEE Int Conf Robot Kumar, V 

Peoples R China Univ Penn Lect Notes Comput Sc Yang, SX 
Canada Georgia Inst Technol IEEE Int C Int Robot Sukhatme, GS 

Japan MIT Robot Auton Syst Savkin, AV 

France Univ Illinois Int J Robot Res LaValle, SM 
     



 

18 

 

Sub-cluster Country Institution Journals / Conferences Authors 

1-2 Visual servoing Peoples R China Nanyang Technol Univ IEEE Int Conf Robot Ohnishi, K 

USA Keio Univ P Amer Contr Conf Cheah, CC 

Japan Harbin Inst Technol IEEE Decis Contr P Santibanez, V 

Canada Chinese Acad Sci IEEE T Robotic Autom Chaumette, F 

Taiwan Shanghai Jiao Tong Univ Robotica Dixon, WE 
     

1-3 Robot manipulators Peoples R China Harbin Inst Technol IEEE Int Conf Robot Zhang, YN 

USA Tsinghua Univ Mech Mach Theory Gautier, M 
Canada Shanghai Jiao Tong Univ Robotica Korayem, MH 

Japan Sun Yat Sen Univ J Robotic Syst Liang, B 

France Chinese Acad Sci IEEE T Robotic Autom Xu, WF 
     

2. Robotic locomotion 
 

2-1 Walking robots USA Carnegie Mellon Univ IEEE Int Conf Robot Takanishi, A 

Japan Univ Tokyo IEEE Int C Int Robot Kajita, S 
Peoples R China MIT IEEE-Ras Int C Human Caldwell, DG 

Germany Natl Inst Adv Ind Sci & Technol Robotica Yokoi, K 

South Korea Korea Adv Inst Sci & Technol Int J Robot Res Kim, JH 
     

2-2 Robot learning USA Carnegie Mellon Univ IEEE Int Conf Robot Dorigo, M 

Japan Ecole Polytech Fed Lausanne Lect Notes Comput Sc Peters, J 

Germany MIT Lect Notes Artif Int Rus, D 

England Univ Tokyo IEEE Int C Int Robot Tani, J 
Peoples R China Univ So Calif Robot Auton Syst Nolfi, S 

     

2-3 Rehabilitation 
Robotics 

USA Northwestern Univ IEEE Int Conf Robot Riener, R 
Japan MIT Int C Rehab Robot Krebs, HI 

Italy Scuola Super Sant Anna IEEE Eng Med Bio Reinkensmeyer, DJ 

Peoples R China Rehabil Inst Chicago IEEE Int C Int Robot Albu-Schaffer, A 
Germany ETH P IEEE Ras-Embs Int Hogan, N 

     

3. Autonomous robot 
 

3-1 Simultaneous 
localization and mapping 

USA Carnegie Mellon Univ IEEE Int Conf Robot Burgard, W 
Peoples R China Univ Freiburg Robot Auton Syst Siegwart, R 

Germany MIT Lect Notes Comput Sc Thrun, S 

Spain Chinese Acad Sci IEEE Int C Int Robot Dissanayake, G 
South Korea Korea Adv Inst Sci & Technol Lect Notes Artif Int Lee, S 

     

3-2 Human-Robot 
Interaction 

USA Osaka Univ Lect Notes Artif Int Ishiguro, H 
Japan Carnegie Mellon Univ ACMIEEE Int Conf Hum Kanda, T 

Germany Univ Hertfordshire Int J Soc Robot Hagita, N 

England Tokyo Metropolitan Univ Lect Notes Comput Sc Dautenhahn, K 
Italy MIT IEEE Int Conf Robot Kubota, N 

     

3-3 Tactile sensing and 
robotic grasping 

USA Shanghai Jiao Tong Univ IEEE Int Conf Robot Kragic, D 
Peoples R China Univ Tokyo IEEE Int C Int Robot Chen, SB 

Japan Chinese Acad Sci Ind Robot Arimoto, S 

Germany Ritsumeikan Univ Int J Adv Manuf Tech Xi, N 
Italy Harbin Inst Technol Robot Cim-Int Manuf Dillmann, R 

     

4. Robotic surgery 
 
4-1 Robotic assisted 

surgery 

USA Yonsei Univ Surg Endosc Oleynikov, D 

Germany Cleveland Clin Int J Med Robot Comp Bonatti, J 

Italy Stanford Univ Ann Thorac Surg Chitwood, WR 
South Korea Univ Illinois J Thorac Cardiov Sur Bonaros, N 

Japan Johns Hopkins Univ J Laparoendosc Adv S Schachner, T 

     
4-2 Robot assisted 

radical prostatectomy 

USA Mayo Clin J Endourol Menon, M 

Italy Univ Calif Irvine Bju Int Patel, VR 

Germany Yonsei Univ Urology Zorn, KC 

France Mem Sloan Kettering Canc Ctr Eur Urol Ahlering, TE 

South Korea Harvard Univ J Urology Tewari, AK 

     
4-3 Transoral robotic 

surgery 

USA Johns Hopkins Univ IEEE Int Conf Robot Yang, GZ 

Germany London Imperial Coll  Laryngoscope Taylor, RH 

South Korea Yonsei Univ Lect Notes Comput Sc Okamura, AM 
England Univ Pittsburgh Int J Med Robot Comp Chung, WY 

Peoples R China Univ Penn Head Neck-J Sci Spec Duvvuri, U 

South Korea Harvard Univ J Urology Tewari, AK 
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For autonomous and control systems, China and U.S. take the leading roles, followed by 

Canada and Japan. In the remaining clusters US heads, the research landscape. Being constants 

China, Japan, and Germany. This last one having an important role in robotics surgery. For the 

institutions there is more variety. Universities seems to excel within specific topics. However, the 

MIT and Carnegie Mellon University are the two institutions whose research is frequently 

appearing in a broad of topics.  

Journals and conference as specialized venues of publishing can be expected of being 

focused on particular topics. And in the case of robotics is mostly so. Particular is the case of the 

IEEE International Conference of Robotics and Automation, which papers tops 10 of the sub-

clusters. Followed by EEE/RSJ International Conference on Intelligent Robots And Systems, 

Lectures Notes on Computer Science. Finally, as expected authors have a narrow focus of research, 

they do not go beyond their respective clusters. 

2.3.2 Main research streams 

Next, sub-clusters are explored in detail. Cluster contents are discussed in light of the most 

cited papers within them. 

 

Cluster 1: Automation and control systems 

Sub-cluster 1-1 Path planning / Obstacle avoidance 

Algorithms for decision making in road mapping are discussed in this cluster. They are 

applied to less complex architecture of robotics, like holonomic robots where the estate of 

components is known in every moment. It also contains, path planning algorithm for robot teams  

(Khatib 1986; Kavraki et al. 1996; Balch & Arkin 1998). 

 

Sub-cluster 1-2 Visual servoing 

Visual servoing refers to the study of road mapping by means of tracking features in a 

sequence of images captured on a camera. Commonly the task of visual servoing is to estimate 3D 

shapes of what is captured, and then interpreta a path based on those estimations (Hutchinson et 

al. 1996; Slotine & Weiping Li 1987; Espiau et al. 1992). 

 

Sub-cluster 1-3 Robot manipulators 

Here, a set of articles tackling on the computation of states of robotic manipulators. In 

particular, metrics to assess the accuracy of those computations in reference to the Jacobian matrix 

and condition number (Yoshikawa 1985; Bobrow et al. 1985; Cannon & Schmitz 1984).  

 

Cluster 2: Robot locomotion 

Sub-cluster 2-1 Walking robots 

This cluster discuss the many technologies for legged-movement. In particular bipeds and 

hexapods. Biped walking is inextricably related to humanoids, thus highly cited paper includes 

those on algorithms and systems for robots like Honda humanoid robot. Also, those towards the 

achievement of natural walking by applying passive-dynamics. And the pursue of energy efficient, 

with less components, and more reliable and robust designs (Hirai et al. 1998; Collins 2005; Saranli 

et al. 2001). 

 

Sub-cluster 2-2 Robot learning  

The robot learning sub-cluster contains research on robotics learning from demonstration 

(Argall et al. 2009), self-reconfigurable robot systems (Yim et al. 2007), and artificial intelligence 

methods for movement planning and world representation (Brooks 1991). It covers research on 
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machine learning techniques that can be applied in robotics systems to decide actions and 

trajectories (Schaal 1999). 

 

Sub-cluster 2-3 Rehabilitation Robotics 

In this cluster, researchers report on the benefits of applying robotics for rehabilitation of 

patients in several types of scenarios. Most cited articles focus on the rehabilitation of upper-limb 

movement after stroke (Kwakkel et al. 2008), randomized clinical trials comparing robotics, 

usually exoskeletons,  to conventional techniques (Colombo et al. 2000; Lum et al. 2002). 

 

Cluster 3: Autonomous robots 

Sub-cluster 3-1 Simultaneous localization and mapping 

This cluster gathers papers tackling on the problem of simultaneous localization and map 

building (SLAM). Which a challenging task in autonomous robots. Robots are located in an 

unknown starting location of an unknown environment, then they incrementally build a map of 

this environment while simultaneously computing their location. Methods cover the identification 

and representation of shapes, to statistical methods for movement decision (Besl & McKay 1992; 

Gamini Dissanayake et al. 2001; Thrun 2001). 

 

Sub-cluster 3-2 Human-Robot Interaction 

Is a diverse cluster collecting research on social and service robotics, here we found research 

on human factors for the design of robotics, care robotics, educational and recreational robotics, 

and emotion detection. The central topic of study is  robots as partners and robots for the elderly 

(Fong et al. 2003; Kanda et al. 2004; Breazeal 2003a). Also covers methods on gesture recognition, 

gesture commands, and robot understanding of pointing behavior.  And also military robotics and 

ethical issues of robots (Sparrow 2009).   

 

Sub-cluster 3-3 Tactile sensing and robotic grasping 

Hand-like design, grasping and manipulation robotics devices are the subject of study of this 

cluster. It covers the development of tactile sensors to capture properties that can be measured 

through contact, including the shape of an object, texture, temperature, hardness, moisture content, 

etc.  (Dahiya et al. 2010; Lee & Nicholls 1999; Shimoga 1996). 

 

 

Cluster 4: Robotics surgery 

Sub-cluster 4-1 Robotic assisted surgery 

This cluster is in itself an overview of robotics assisted surgery, review articles on the 

benefits, clinic trials, and incorporation of new technologies were discussed. In particular, 

laparoscopic surgery is well documented (Giulianotti et al. 2003; Ballantyne 2002; Marescaux et 

al. 2001). 

 

Sub-cluster 4-2 Robot assisted radical prostatectomy, and  

Sub-cluster 4-3 Transoral robotic surgery 

Both cluster targets robotic technologies for the cases prostate removal (Ficarra et al. 2009; 

Ahlering et al. 2003; Tewari et al. 2003) and treatment of oral (mouth, throat, tongue, tonsil) cancer 

respectively. Researcher articles in these cluster describe progress in robotics systems that help 

surgeon identify damaged tissues, and enhance their precision of movement in narrow spaces  

(O’Malley et al. 2006; Gregory S Weinstein et al. 2007; G S Weinstein et al. 2007). 

 

As explained, the results above describe the contents of the network of robotics research at 

first and second level. However, to test the indicators of emergence further clustering was 
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conducted to achieve topics as specific as possible, as long as the topological features of the 

network allowed subdivisions. Summary of the contents of the 122 and 468 clusters of the third 

and fourth level can be as an interactive dashboard here and here.  

2.4 Summary 

Robotics research is an exemplary case study for the task of elucidating the interactions 

between social attention, funding, and emerging technologies.  This is given by its historical 

presence and social discussion, a growing market, and public funding involvement. A descriptive 

analysis of major trends was made by exploring the citation network of academic articles in the 

domain. It is dived into 4 larger clusters: automation and control systems, robot locomotion, 

autonomous robot, and robot surgery. In the following chapters we explore how such cluster relates 

to social attention, and how funding agencies participated within them. 

https://public.tableau.com/profile/cristian.mejia#!/vizhome/RoboticsResearchLevel-2/ByCluster
https://public.tableau.com/profile/cristian.mejia#!/vizhome/RoboticsResearchLevel-3/Dashboard1
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3 PATTERNS OF SOCIAL ATTENTION OF ROBOTIC 

TECHNOLOGIES 

3.1 Introduction 

The increment of use in robotics technologies have been accompanied with greater social 

attention, that can be observed from an increase in the media coverage. This chapter takes 

advantage of that coverage in printed media to study how society responds to, or motivate the 

creation of, new technology knowledge. Therefore, it is explored the role of social attention in the 

creation of new research in the academia. 

First off, is needed to study the role of news in the context of the dialogue between science 

and technology. As we are situated in a “mode-2” of knowledge production where ideas from 

practitioners in society are situated at the same level of those of scientist to reach unified goals 

(Gibbons et al. 2010), we need a place for discussion to happen between the 2 actors, researchers 

and social practitioners. This place has been called “the agora”, which along with the 

transdisciplinarity approach is one of the pillars supporting the new social contract of science with 

society (Gibbons 1999; Nowotny et al. 2001). 

The agora has a broad meaning referring to any setting, physical or not, for the dialogue to 

happen. More important than the place or means of communication, it is what is expected to occur 

in the agora. Scientist are expected to participate actively in order to have their outcomes 

constantly legitimized, while society is allow to react or participate in the knowledge production 

process. Society stakeholders, help in the process by sharing either concealed or contested values 

towards the direction of science (Meppem 2000).  

From the point of view of the scientific community, society may take any of two roles one 

being “consulting” where social actors responds and react to the scientific outputs. Or 

“participatory” transdisciplinary research where society takes an active participation in the process 

of knowledge production (Mobjörk 2010). Either case, in a transdisciplinary research approach is 

often said that through the agora society speaks back to science its agreements or disagreements 

(Nowotny et al. 2001). However, that doesn’t necessarily mean that scientist listen. 

Empirical evidence show that despite a broad acknowledgement of the importance of 

conducting transdisciplinary research not always researchers engage in it. In particular “choice of 

research strategy is associated with its perceived benefits for idea generation, publication 

opportunities, intellectual effort required, the costs of team coordination, and satisfaction with 

organizational resources” determine whether scientist, younger  scientist in particular,  will listen 

to society, and thus engage in transdisciplinary research (Lauto & Sengoku 2015). 

Therefore, we have moved to a “mode-2” production of knowledge where scientist are aware 

of the importance of social engagement and socially robust outcomes. However, even though 

society speaks back to science, sometimes there are no incentives or easy way for scientist to 

actually listen to it. The good news is that new methodologies may help scientist to get involved 

in the agora and listen to society, at least in a “consulting” manner. 

This is possible given that the dialogue between science and society has moved to new 

places, in particular it has moved beyond  research lab and governmental institutions to a broader 

set of locations. Media and the new communication technologies has taken a distinguished role 

(Gibbons 1999). News media might not entirely represent the public opinion in relation to 

technological developments, but helps as a window to check some impacts of research like 
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motivation and encouragement, production and distribution of ideas, and discussion and opinion 

formation (Walter et al. 2007). In relation of the discussion of scientific outputs in society, media 

may tell a story of the intensity or relevance an academic topic has, or whether society has 

concealed or contested values towards it (Melton et al. 2016). Particularly social expectations take 

an important role as it is known that “expectations may contribute to the emergence and shaping 

of socio-technical configurations by attracting interest and resources of producers, financial actors 

and also users.” (Truffer et al. 2008). Thus, the study and monitoring of those expectations may 

allow us to understand the position of a technology and its future. 

One of the tools used to evaluate the maturity of a technology in the market is the hype cycle 

(Fenn & Raskino 2008), a curve that describe social expectations along with the technology life 

cycle.  It is argued that some technologies generate a clear pattern of expectations after their 

introduction. At first, new technologies are discussed vividly in society, oftentimes exaggerating 

their benefits, producing a peak of inflated expectations. Then, when expectations and reality do 

not match, disappointment happens, this produce a fall from where just a few stakeholders get the 

technology to rise again to fit the now adjusted societal expectations.  

Hype cycle studies have shown different results across technologies, usually pointing on 

how the real shape of the curve moves away from that theoretically depicted. Is being reported that 

the hype cycle tends to appear when the technology of analysis is specific (a product), and start to 

disappear at higher levels of aggregations (Borup et al. 2006), patterns in the shape also differs 

when mapping the expectations of different actors  (Jun 2012). These and other empirically found 

incongruences have led to suggest moving the study of expectations to a more general “hyped 

dynamics”, instead of the fixed hype cycle (Dedehayir & Steinert 2016). 

Studies in hype cycles usually rely in newspaper information, as they are rich of social 

information and have been also used to predict market behavior and volatility (Engle & Ng 1993), 

and evaluate legitimacy (Geels & Verhees 2011). For the hype cycle the number of articles in a 

period of time becomes an indicator of social attention (Ruef & Markard 2010). So that, some 

researchers have use hype as synonym of attention (Melton et al. 2016; Van Lente et al. 2013), 

and this paper follows those same steps. The second characteristic of the hypes, beside level of 

attention, is the sentiment. To evaluate sentiment in news researchers, have to realize content 

analysis, creating tagging rules and reading each article to label accordingly, and this is subject of 

time and cost limitations. Instead of content analysis in this paper we performed automated 

sentiment analysis. 

Sentiment analysis is the task of automatically coding text entries as positive or negative, 

and sometimes neutral (Medhat et al. 2014). This can be done at sentence or document levels. 

Several techniques have been proposed to realize the tagging, including lexicon based methods 

where the text is compared to curated vectors of positive or negative words in order to get a 

sentiment score (Taboada et al. 2011). Other techniques include the use of neural networks and 

deep learning, which reportedly perform better for some types of text (Moraes et al. 2013). 

Research and application of sentiment analysis is on the raise and is being used to monitor 

customer behavior (Liu 2010), find relation between social networks and finance (Engle & Ng 

1993), among others. 

In this chapter the motivation is to scale up the amount of data we can analyze for the 

understanding of social expectations. We apply sentiment analysis in two directions. First, we aim 

to observe the relation of sentiment and the inflated levels of attention. We want to compare if 

what is observed in media coverage of robotics technologies, fits the theory described in the hype 

cycle literature.  Concretely, we analyze if the pattern of hypes for technology concepts at higher 

levels of aggregations, correspond to a positive rise, and negative falling of expectations. Second, 

we discuss the dynamics observed between topics in academic articles and similar discussions 

found in the media. New discoveries may lead to greater discussion in the news. However, the 

opposite direction may also hold true, an incipient technology that is positively discussed in the 
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mass media, may lure researchers to join that field. Then media will serve as a trigger for the 

generation of academic outputs. Concretely, the objective of this paper is to investigate the 

relationship and dynamics between sentiment in technology news and academic publications. 

Previous studies have also analyzed newspaper articles to evaluate hyped dynamics and 

sentiment. For instance, sustainable technologies in the Netherlands (Alkemade & Suurs 2012), 

and alternative fuel vehicles in US (Melton et al. 2016). In those articles, news about biofuels, 

hydrogen, and natural gas related technologies were analyzed with the purpose of better 

understanding social expectation patterns. Both studies identified expectations curves that 

resemble the hype cycles at different level of specificity, including the characteristic positive rise, 

and negative falling of expectations. 

Other studies focused on healthcare robotics in German print media (Laryionava & Gross 

2012) and gene technology in Australian newspapers (Petersen 2001) by doing content analysis, 

studying the news sentiment without taking into consideration the hype cycle itself. All 

aforementioned research have in common the study of expectations in the form of quantity and 

sentiment of news. However, they tackle on specific technologies in a well-defined geographical 

area. Also, the task of tagging sentiment in news was done manually by creating labeling rules, 

and reading the entire corpus of news. For that reason, the number of articles analyzed in those 

researches remained small.  

This chapter separates from the line of those previous studies as we analyze the hype cycle 

at a higher level of aggregation accumulating all type of robotics technologies that appeared in our 

source of news. Sentiment analysis is also introduced for the understanding of the relation between 

media attention of technology and academic outputs in the form of journal articles.  

The rest of the chapter is composed as follows. In the next section we explain the hype cycle, 

sentiment analysis and topic models applied to news, the construction of citation networks to 

understand knowledge structure of academic research, and how semantic linkage can be obtained 

by text mining. Then the process of data acquisition is shown, to move to the results section where 

the patterns of sentiment, hype, and academic production are discussed. We conclude summarizing 

our findings. 

 

3.2 Data and methods 

Figure 3-1 depicts the overview of the present research. We analyzed two types of data: 

newspaper articles, and academic articles, each of them following a specific treatment. From the 

news, we measured the levels of social attention and sentiment, and then, the corpus was sub-

grouped by their semantic relation using topic models, a well-known methodology to categorize 

unstructured text. On the other hand, we extracted the knowledge structure of academic articles 

using citation networks. Finally, we found semantic similarities between the clusters of papers and 

the topics in the news. These similarities also served to identify patterns in time, and the role of 

the news sentiment in regards of academic production. Detailed explanations are provided in the 

next sections. 



 

25 

 

 

Figure 3-1 Overview of the methodology in chapter 3 
Positive and negative topics in news are compared to knowledge clusters of papers about robotics 

 

3.2.1 Topic model and sentiment analysis of news articles 

We started collecting the data of our target technology from an international newspaper (1.1). 

For each year, the amount of news was normalized against the total number of news articles 

published in that newspaper in the same year, this serves as measure of the media coverage of 

robotics in the overall landscape of news. Then such coverage is plotted in a timeline, showing us 

the ups and downs of public attention, hence, the hypes are revealed (1.2).  

Next, we performed sentiment analysis (1.3) at the document level by using a commercially 

available tool. Sentiment is extracted based on the overall textual content of the news, rather than 

persons, products, or events. We used the Alchemy API which is integrated in IBM’s Watson 

Developer Cloud. IBM reports an accuracy of 86.1% (IBM 2015). Third party independent 

research also tested several web based services in different scenarios concluding that Alchemy 

API is one of the best multipurpose sentiment analyzers  (Serrano-Guerrero et al. 2015). 

 IBM’s Watson labeled each news article in our dataset as positive, negative, or neutral based 

in the news headline, lead paragraph, and abstract when available. Because we are interested in 

the polarized view on robotics technology, neutral news were neglected from analysis. Having 

each news labeled with its sentiment, we looked for patterns in timeline and hypes. Then, the 

complete corpus of news was classified into topics by using topic models (1.4). 

A topic models is an unsupervised machine learning technique that classify documents 

according their underlying themes (Blei et al. 2010). The themes, or topics, can be seen as sets of 

words that tend to co-occur forming multinomial probabilistic distributions over all the vocabulary 

found in the corpus. As a simple explanation, documents are composed of topics, and topics are 

composed of word probabilities. However what is observable in reality are the news and their 

words, therefore an algorithm is used to extract the hidden topics.  

Before applying the topic model, trivial preparation tasks were completed. First, we removed 

stopwords and infrequent terms that appeared in 5 news or less. Punctuation and numbers were 

also removed, and the text was transformed to bag-of-words, and then, represented as a document-

word matrix filled with the word frequencies. Those frequencies were translated to probability 

distributions which is needed for the algorithm that solves Eq. 3-1, the topic model. 
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𝑝(𝑤|𝑑) =  ∑ 𝑝(𝑤|𝑡)𝑝(𝑡|𝑑).

𝑇

𝑡=1

 Eq. 3-1 

 

 𝑡 stands for each of all possible 𝑇 topics, 𝑑  and 𝑤  are the document (news) and words 

probabilities respectively. 

In this research, we use the Gibbs Sampling algorithm to solve it. Gibbs sampling is a 

Markov chain Monte Carlo algorithm that iterates over all words in the corpus to classify them 

into the desired 𝑇 number of topics (Griffiths & Steyvers 2004). The Gibbs sampling algorithm is 

broadly used in topic modeling and has been applied on patents, journal articles, and newspaper 

corpus (Hu et al. 2014; Rosen-Zvi et al. 2004; DiMaggio et al. 2013). 

The main decision before running the model is selecting a proper number of topics, while is 

not uncommon to arbitrarily select it according the volume of data, we preferred to take advantage 

of the natural statistical properties of our data by selecting the number of topics that gives the 

maximum log-likelihood, a statistical approach for the selection of the best models (Wallach et al. 

2009). Once the number of topics is selected, we can run the model and classify the news articles. 

This type of classification is fuzzy, meaning that a news get classified into several topics according 

to probability scores. News articles having little probability in each topic might be regarded as 

noise. To overcome this, we classified each news to its most probable topic that is 0.5 or higher. 

Since there is no possibility for a document to have 2 or more topics scoring higher than that, news 

article gets classified to only one single topic. 

Finally, we label each topic as positive or negative by finding the dominant sentiment from 

the collection of news it aggregates. This is done by counting the number of positive and negative 

news within it, and taking the largest share. 

3.2.2 Citation network of academic articles 

We compare news to knowledge production as represented by academic articles in robotics 

(2.1). Differently from the news and their purely text driven nature, papers have other 

characteristics that can be studied, particularly citation references are of value when we need to 

understand the structure of science. We collected bibliographic data of journal articles about 

robotics and created a citation network based on their references. Each paper was linked to the 

papers in its references if they were present in the dataset (2.2), this can be understood as arrows 

pointing back in time generating a so-called direct citation network (de Solla Price 1965), where 

the papers are nodes and the arrows are the edges. From this, some group of papers that are tightly 

knit can be observed, and those groups, or clusters,  represent units of knowledge that embed 

specific ideas, concepts, technologies, or applications (Borner & Scharnhorst 2009).  

Besides direct citation networks, there are other methods to build networks using references, 

as bibliographic coupling (Kessler 1963) and co-citations (Small 1973). However direct citation 

networks have proven to give the best partition of clusters when the data is large and spans through 

several years (Fujita et al. 2014; Shibata et al. 2009). Direct citation networks are being used for 

science mapping and technology forecasting (Shibata et al. 2008).  

 

3.2.3 Semantic similarity between topics and clusters 

Once the network is obtained, we neglect the direction of the links, and collected only the 

largest component (2.3). Finally, an algorithm is applied to identify clusters (2.4). In this research 

we applied the Louvain algorithm (Blondel et al. 2008) which has shown high performance when 
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splitting citation networks (Šubelj et al. 2015). The algorithm first look for small, densely 

connected papers by locally and greedily optimizing the modularity, a network property that 

indicates whether a collection of nodes have an organized structure in comparison to randomness.  

When the network has been split in several small clusters, those clusters are treated as nodes and 

the process start again, aggregating communities in a multilevel way. The algorithm finishes when 

the modularity gets maximized. By using this method, the network is partitioned in a number of 

clusters that comes up naturally from the network, and each paper belongs to a single cluster only.  

 

3.2.4 Data sources 

For newspaper articles we selected The New York Times as a source of information because 

is worldwide known, regarded as a quality provider of news, and several academic research has 

been done on its corpus (Newman et al. 2006; Melton et al. 2016). The New York Times is 

acknowledged to have liberal views and being on the left side of political spectrum (Jutel 2016). 

However, it was not found evidence that such views affected technology news. The data was 

extracted by using their application programming interface, that allows flexible and 

comprehensible search on their archive of news dating back to September 1851 (The New York 

Times 2016). This newspaper also classifies each news based on a controlled vocabulary called 

Times Topics referring to specific people, events, places, and subjects. This is a helpful feature 

that allows to control the scope of the query.  We searched for news articles having the word 

“robot*” in the headlines, or contents (the asterisk stands for a wildcard so that we can get news 

about “robots”, “robotic”, and “robotics”) that belong to the subjects "Robots*", "Technology" or 

"Artificial Intelligence". In doing so, we could filter out news related to robot movies and T.V.  

series. Major newspaper’s sections included: Technology, Science, Opinion, Business, U.S., 

Health, and others. It should be noted that Times Topics subjects are not the same as the news 

sections. The subjects are metadata, at higher level of specificity, and human tagged. We extracted 

all available news in the archive, which dated as far as 1927. However, we only analyzed the subset 

of 1,218 news articles about robotics from 1976 to 2015. 

Journal articles on robotics were extracted from the Web of Science Core Collection. The 

Web of Science is known as a reliable source of academic articles, indexing more than 12,000 

journals in basically all disciplines, it is also regarded as one data provider having a very strict and 

high standard indexing. We queried articles having the word “robot*” in the title, abstract, or 

keywords, retrieving 160,361 articles from 1976 to 2015.  

1976 was selected as the lower boundary because is the year in which news articles about 

robotics started to rise (Figure 3-2). 2015 is selected as upper boundary for research reproducibility 

matters; while news articles can be retrieved to exact dates, less control is available with academic 

articles which are searchable in rounded years only, not having complete data for 2016 by the date 

of retrieval (February 10th, 2016). 

 

3.3 Results 

In this section, the data is studied from two perspectives. First, hype and sentiment of 

robotics is analyzed in the light of the hype cycle literature. Secondly, it is studied the configuration 

of research topics in relation to similar topics found in the media. 
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3.3.1 Social attention and sentiment 

Figure 3-2 shows the normalized frequencies of news and academic articles about robots. 

The oldest registry in the news is in 1927 followed by a small interest in the usage of the “robot” 

word. On the other hand, the oldest academic article in our dataset appeared until 1969, taking 

more than 40 years for the term to get into academic publishing, and other 10 years to gain 

momentum, raising as a field in the mid-80s. News about robotics started to generate higher level 

of attention from 1976, thus, we focused the subsequent results from that date. 

 

 

Figure 3-2 Normalized frequency of news and academic articles on robotics.  
The first news and academic articles using the word “robot” appeared in 1927 and 1969 respectively. An 

increasing level of attention on news about robots is observed from 1976. 

 

From the news we can observe three peaks of inflated social attention. The first peak 

corresponds to the hype generated from the industrial robots, it spans all the 80s to the early 90s, 

having the greater peak in 1983. The second hype collects news about heterogeneous robotics 

technologies that showcased the news from 2000 to 2005, this period was dominated by Honda’s 

humanoid ASIMO, Sony’s pet robot AIBO, Nasa’s mars rover missions, and the introduction of 

the vacuum cleaner robot Roomba. The final peak corresponds to the service robotics, a wave of 

discussions on the implication of driverless vehicles, drones, and the general spread of robotic 

technologies. In appendix 7.1 we show examples of the headlines that hit the three hypes.  

We labeled each news article as positive or negative by using sentiment analysis to find 

linkages between sentiment and level of attention. Hype cycle related literature points that the 

raising portion of the curve from the innovation trigger to the peak of inflated expectations, is 

characterized by an overall positive sentiment, whereas after the peak to through of disillusionment 

is marked by negative sentiment caused by unaccomplished expectations (Fenn & Raskino 2008). 

Such affirmations are based on case to case analysis, and we wanted to test them in a higher level 

of aggregation for all the corpus of robotic technologies. Figure 3-3 and Figure 3-4 summarizes 

the findings. 
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Figure 3-3 Proportion of positive and negative news in each hype. 

Hype 1 (1978 – 1990); Hype 2 (1999 – 2006); Hype 3 (2010 – 2015); Not in hype (rest of years) 

 

 

Figure 3-4 Proportion of positive and negative news in rising or falling years of each hype. 

 

 We computed the proportion of positive and negative news in each hype, and for the un-

hyped years as shown in Figure 3-2.In general, the industrial, and the service hypes holds a larger 

share of positive news. While the second hype is balanced. If we split the hypes to observe the 

sentiment in the rising and falling portions we end up having the proportions in Figure 3-4. 

Contrary to that expected from the hype cycle literature robot news do not show a clear pattern of 

positive raising expectations versus a falling negative disappointment.  Moreover, in the case of 

the industrial robotics hype, news articles in the decreasing years shown a larger share of positive 

news. The second hype, even though is balanced gets to show an opposite trend having more 

negative news on the rise, and more positive news in the falling. The third hype, however, is not 

conclusive. The falling portion of the hype is covering years 2014 and 2015 only, which is a shorter 

period than the others. Also, its trend is still under development based on recent inventions, and 

discoveries. It will be needed more time to obtain a complete view of the “through of 

disillusionment”. We conclude that robotic technologies in the news are discussed in a balanced 

form when it comes to sentiment.  

3.3.2 Topics and sentiment 

Newspaper articles were classified into specific topics by using topic models. The maximum 

log-likelihood estimation gave us an optimum partition when the topics are 22. Topics were 

assigned a sentiment according the largest share of positive or negative news within them. Also, 
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the average year of each topic was calculated. On the other hand, the citation network of academic 

articles ended up having 105,061 connected articles, classified in 46 clusters of knowledge.  

Topics and clusters were compared in terms of their text similarity. Topics and clusters can 

share textual similarity without having a real semantic connection. For instance, in our corpus the 

words “robot” and “technology” appear frequently in several topics and clusters alike, and our 

similarity metric will signal such connection. Therefore, to overcome that issue we only take into 

consideration those connections that score an above average similarity, giving as result 298 

connections. 

The highest similar pair is topic 13 “robot competition” and cluster 18 “rescue robots”, news 

articles include coverage of robotic competitions in college. The semantic connection is stablished 

by the vocabulary related to obstacle avoidance, and the coverage of Robotics Challenge which 

also include a rescue robot challenge competition. The second connection is about space robotics; 

however news articles covers particularly NASA robot projects. The third connection is about 

surgery.  

Finally, we looked for patterns by using the set of highly similar pairs. We are interested to 

know if an idea, or technology, is first discussed in the news, or if it waits for certain academic 

maturity before being discussed further in the society. Also, we want to clarify if positive or 

negatives topics takes a role in that relationship. 

Once having the connections from the similarity matrix, we compared the average year of 

the topics and the clusters to understand which of them was formed first. We also separated the 

connections according to their sentiment, resulting in the contingency Table 3-1. By inspecting the 

raw frequencies, the pattern gets visible, in the case of the robotics technologies, positive news 

precede papers about the same technology. And, negative news tend to occur more when the paper 

cluster are formed first. 

 

Table 3-1 Evaluation of similarities between topics and clusters 

 
Similar connections Non-similar connections 

News Topics Positive Negative Total Positive Negative Total 

Before papers 135 83 218 330 263 593 

After papers 30 50 80 98 93 191 

Total 165 133 298 428 356 784 

Chi Square 14.1304 1.0979 

P-value 0.000171 0.29473 

Significance Significant at p < 0.10 Not significant at p < 0.10 

 

To understand whether that distribution is statistically significant we tested our results using 

the Chi square test of independence, suitable given the categorical nature of the data. The test 

shows a p-value of 0.000171 which is statistically significant, meaning that there is dependency 

between the averages year of topics and sentiment when the similarity is above average. We also, 

wanted to know whether such significance also holds for the bellow average connections, however 

in that scenario the p-value is of 0.29473, being not significant. Then, we can conclude that there 

is a connection between positive news discussed first and similar academic output coming in a 

later period. 

This section explored how similar topics and cluster have a relationship based on the 

sentiment of the news. The present results, are observed from the exclusive case of robotics, it 

might deserve further analysis in other scientific topics also discussed in society (e.g. GMO). 

Regional and sub-topical variations are also expected. For instance, military robotics is a topic 

mostly discussed negatively in printed media; having a share of 51% of negative news. 
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3.4 Summary 

This chapter aimed to reveal the relationship between social attention and the development 

of new research topics in academia. It was found that positive news precedes science cluster when 

the contents are similar. This is observed by the amount of articles published on defined topics. 

While our study is retrospective, it hints the possibility of using such pattern in a predictive and 

actionable way. By monitoring positive technology news, it may be possible to forecast nascent 

fields of technology. Therefore, we are also showing the application of sentiment analysis for 

science and technology studies. Previous research had to rely in manual sentiment tagging, which 

is costly and time consuming. By using sentiment analysis, it is possible to analyze large volume 

of data rapidly, and the outputs are accurately reproducible. It allows us to give an objective face 

to the subjectivity of sentiment.  

It was also studied sentiment analysis in robot news in relation to their hyped dynamics, and 

to specific topics. In relation to the hype cycle studies we shared two findings. First, hypes also 

occur at higher levels of aggregations, and not only to specific technologies. Second, the rising 

and falling portion of the hypes not necessary stand for positive and negative narratives 

respectively. In the case of robotics technologies, the coverage is balanced. This is contrary to 

what is discussed in other studies. However, our intention is not to disprove them, rather to 

highlight the heterogeneous nature of social attention towards technology. 

However, there are some limitations to overcome before generalizing the results. First, we 

observed balanced sentiment patterns in each of the hypes of robotics, without a clear distinction 

that positive sentiment dominates significantly the rising of the hype, or that negative news 

dominates the falling. This may be related to the level of aggregation used in this study. By looking 

through all robot news at once in the same window of time, patterns may be lost. Inspecting more 

specific robotic technologies like drones, or self-driving vehicles separately may provide another 

perspective.  Secondly, we took advantage of the metadata and availability of data provided 

publicly by The New York Times, however utilizing other sources of information may be of 

interest to generate more robust comparison between news and papers. Such increase of data 

sources must be accompanied with good practices to remove noise (as robot’s movie news), and 

decisions on how to handle repeated news across providers. Third, we took as example robotics 

technologies, which are known to generate expectation and news with sentiment cues, but other 

case studies are necessary before generalizing that positive news precede science clusters.  Fourth. 

Trends were analyzed by the number of articles. However, it was not investigated if the contents 

of news may have impact in the actual contents of the articles, or how the media shapes the vies 

of the scientist involved in such discoveries.  

In a general context we studied how society speaks back to science. However, there is 

implied that science speaks to society as well. In aiming a better social engagement science may 

fall in the game of showcasing its results as amenable as possible, sometimes in an exaggerated 

manner diluting the line between fact and fiction. Nowotny calls this type of communication as 

“low-cost realities”, and while it is intentionally good to bring information to society and engage 

it in academic discussion, it may also cause confusion (Nowotny 2005). This type of 

communication may raise hype over some emerging technologies, or delegitimize the academic 

outputs. Therefore, we may expect that science communication also plays an important role in 

defining the imagining of science in society and how this imaginings are represented in the media.  

We let those tasks opened to be tackled on our own as future research. 
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4 PATTERNS OF FUNDING OF ROBOTICS RESEARCH 

4.1 Introduction 

In this chapter we explore the dynamics between funding and academic outputs. It is aimed 

to answer the question of whether funding organizations target innovative research. Funding 

organizations identified in the acknowledgement of articles are characterized based on the level of 

participation in regards of breakthroughs, change maker, incremental or matured stages of 

research. Properties of the citation network of academic articles are used to infer features related 

to the emergence of technology and then classify the articles accordingly. Additionally, strategies 

of selected funding agencies are explored with respect of specific scientific fields.  

The call for funding agencies to effectively target innovative research has been executed in 

the past, encouraging organizations to embrace risk (Berg 2008; Muller 1980). The challenge 

comes in the form of giving researchers the freedom to pursue curiosity-driven research on their 

own and the demand for bringing tangible outputs to the society to ensure that the return of 

investment can be measurable. Thus, funding strategies followed by organizations may determine 

the directions of innovation in the academic domain (Braun 1998; Lok 2010). They exercise 

authority over the production of knowledge (Whitley et al. 2010), and shape and control the 

direction of science by influencing public policy, generating incentives towards specific research 

topics, or created mission-oriented programs (Gläser & Velarde 2018). 

However, The need for better tools to measure the impact of funding for encouraging the 

emergence of new knowledge in the frontiers of science is a recognized gap (Lane 2009).  

So far, bibliometricians have played a role in developing quantitative indicators that assess 

research quality, mainly in terms of the number of publications and citations received. However, 

as methodological tools gets refined and data coverage gets broader, new venues of exploration 

have opened up. In this research, we take a step forward from the evaluation of academic impact 

of research funds to the study of fund allocation for innovative research. To explore the role of 

funding organizations in driving research towards more innovative and path-breaking directions, 

we used quantitative methods such as citation networks and the research classification schema 

(Takano et al. 2017), along with the funding information found in the acknowledgement section 

of academic articles. This paper particularly attempts to identify methods that help understand 

whether funding organizations are targeting new research fronts and identify the state of funding 

for specific knowledge fields. 

 

4.1.1 Funding and Acknowledgements 

 

To analyse the participation on funding agencies in the production of new knowledge, we 

take a look  to the acknowledgement section of academic articles. Studies on the acknowledgment 

section have been traced back to 1972 to the work of K. H. Mackintosh (Cronin & Overfelt 1994). 

In early stages of acknowledgment studies, the extraction and classification was done entirely 

manually. As bibliographic databases improve, the linkage between publications and grants can 

be found directly. The key piece of information lies in the acknowledgement section of the articles. 

The academic courtesy of mentioning the persons and organizations who collaborated during the 

research process is also being subject of study (Cronin & Overfelt 1994), and interest in this field 
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is gaining attention to the extent of being identified as influmetrics (Costas & Leeuwen 2012). The 

patterns and usage of acknowledgements vary across fields. Cronin and colleagues in their study 

of acknowledgements in Psychology and Philosophy literature identified seven types of 

acknowledgments: Conceptual, editorial, financial, technical, moral, reader, and unknown (Cronin 

et al. 2003). In general, the financial type of acknowledgement has received more attention. One 

of the advantages of financial acknowledgements is that there is a direct linkage between the paper 

and its sponsors. 

Linking funding inputs with academic outputs has not been an easy task. Studies on funding 

and academic impact have used separated data sources to establish this connection (Hosotsubo & 

Nishii 2016). These studies particularly tried to connect the grantee data from funding 

organizations reports to metadata (i.e. funding codes) in other bibliographic databases by author 

name or paper-title matching, in a process that presented several caveats. For instance, the principal 

investigator is not always the one writing the papers, and the time that is taken to generate the 

output varies across fields, making the linkage process difficult. (Boyack & Börner 2003; Boyack 

& Jordan 2011).  

However, more recently, the refinement of machine learning techniques for text mining have 

facilitated the task of entity recognition, and algorithms have been developed for this concrete task 

(Giles & Councill 2004). Data providers of bibliographic information such as Clarivate Analytics 

through the Web of Science have also started including such information in a cleaner and curated 

format (Web of Science 2008). This has provided richer data that spans across disciplines and 

countries allowing comprehensive assessments. Among the earliest applications of such specific 

acknowledgment data for analyzing funding patterns is the study of Lewison and Markusova 

(2010), a bibliometric analysis of cancer research in Russia, and the study of Wang and Shapira 

(2011), which includes an overview of funding in nanotechnology. The incorporation of funding 

data from the acknowledgements section of academic articles into the bibliographic databases has 

opened up possibilities for new venues of research. 

  

4.1.2 Funding and Academic Impact 

 

Previous literature has explored the value of funding in academic research from different 

perspectives. As a stream of research, funding has been studied as an explanatory variable of high-

quality outputs given the nature of grant awards being accompanied by a peer review process 

(Gillet 1991; Lewison & Dawson 1998). The dependent variable in these studies generally takes 

the form of citations received by funded papers versus non-funded papers. In the work of Gök, 

Rigby, & Shapira (2016), acknowledgement information was used to identify funding 

organizations and group them in different categories such as governmental, non-governmental, 

and international funding for six European countries. These categories, among other features, were 

used as independent variables in a regression model explaining the number of citations received 

by the articles. A high correlation was found between the citations received and funding, 

particularly from national sources, a correlation that also holds when academic articles are 

analyzed by topic instead of country level. Shen, Hu, Lin, Tsai, and Ke (2016) observed that highly 

cited articles in computer science conferences are also those that have funding acknowledgements. 

Academic articles that have received funding are also linked with being accepted by journals with 

relatively high impact factors (Wang & Shapira 2015), related to a greater number of co-authors 

(Yegros-Yegros & Costas 2013), and motivating interdisciplinary knowledge (Lyall et al. 2013). 

In summary, this stream of research study includes funding as an explanatory factor of any of the 

dimensions of academic impact.  
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The other stream of research targets the organizations themselves, addressing the concern 

about whether they achieve good performance in their allocation strategies. Again, performance is 

evaluated on the basis of the accumulation of citations received by the sponsored papers. However, 

other features may also be evaluated using visualization tools (Boyack & Börner 2003; Zoss & 

Börner 2012), by exploring alternative metrics (Thelwall et al. 2016), or incorporating qualitative 

assessments (Donovan et al. 2014). Beyond this, few bibliometric research have considered the 

evaluation of funding organizations with respect to their performance in targeting innovative 

research and shifting research trend. 

 

4.1.3 Funding and emerging technologies 

 

Research at the interface of detecting emerging technologies and using acknowledgement 

data is scarce. Wolcott et al. (2016) used the sponsor data found in the acknowledgements as an 

explanatory variable to predict the emergence of innovative research. However, they found only a 

low correlation with their definition of breakthroughs. Further, to address the issue of detecting 

emerging technologies during the peer review of grant applications, Hörlesberger et al. (2013) 

applied a logistic regression model to selected features of each proposal, showing that 

interdisciplinarity and similarity to previously identified emerging research are defining factors. 

Both these articles contribute significantly by linking funding to the concept of emergence; 

however, a research gap between the overall landscape of a specific research field and its funding 

sources still exists. 

As discussed above, bibliometric research on funding and acknowledgements has focused 

on the evaluation of academic impact based on the number of publications and citation counts. 

However, while article production and citation count may suggest high-quality research, this is not 

necessarily true as an indicator of innovation. Therefore, the notion of whether funding agencies 

target cutting-edge topics remains under-researched.  

Parallel to studies of funding, an increasing number of bibliometrics studies address the 

issue of detecting emerging topics. For example, Rotolo, Hicks, & Martin (2015) identified five 

attributes of emerging technologies: radical novelty, relatively fast growth, coherence, prominent 

impact, and uncertainty and ambiguity. The former three can be observed by adopting quantitative 

methods, and several bibliometric methodologies may be used to identify one or more of those 

attributes.  

For instance, radical novelty and coherence can be captured by citation network analysis 

(Shibata et al. 2009) by observing how new clusters appear in the network over time as well as by 

observing the close connections of the nodes. Purely text-based (Yan 2014) and hybrid methods 

(Glanzel & Thijs 2012) have been used in a similar manner. On the contrary, fast growth can be 

detected by comparing the document counts of a topic with a function, usually based on an S-

shaped curve (Ho et al. 2014). 

This chapter uses the attributes of coherence and novelty that can be observed in the 

clusters of citation network to classify research topics into four categories: breakthrough, change 

maker, incremental, and matured. In particular, this framework distinguishes between truly radical 

emerging technologies based on relatively new knowledge (the change maker category) and 

emergence from well-understood research fields (the breakthrough category) (Takano et al. 2017). 

We build upon those methodologies to characterize the funding organizations identified in the 

Acknowledgements section of articles based on their level of participation within the four 

abovementioned technology categories. We also use the properties of the citation networks of 

academic the novelty of emerging topics and then classify the articles accordingly. Therefore, our 

research incorporates a new layer of analysis of publication records and citation counts.  
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 The intentions of funding organizations to target research focuses can be revealed by 

looking at the objectives posted in their guidelines, websites, and call-for-grants. However, the 

challenge is knowing whether the outputs achieved from receiving the funding have remained 

aligned with those original objectives. Studying this gap between outputs and objectives as well 

as the lack of tools for such an assessment is the main motivation of the present research. Also, 

the methodology discussed in this chapter aims to bring a comprehensive view of the organizations 

participating in a single academic domain. Their topical interest and intensity of funding can only 

be seen from the guidelines of those organizations that have an open disclosure of their strategies. 

By looking funding from the acknowledgement information of academic articles, we can observe 

those agencies participating even if they do not have an open guideline, as long they allow their 

sponsored researchers to reveal their sources. Our contribution is twofold. Firstly, we link 

acknowledgements to research categories. Secondly, funding organizations obtain an assessment 

tool with which to compare their research targeting as reported by sponsored authors. 

 

4.2 Data and methods 

 

Figure 4-1 provides an overview of the methodological approach in this chapter. First, data 

was extracted from the academic articles database and funding organization names were extracted 

from their acknowledgements. By exploiting the cited references, we created a direct citation 

network from where clusters of knowledge were identified. These clusters were classified as 

change maker, breakthrough, incremental, and mature. Finally, the funding organizations were 

characterized by their participation in each of these four categories and the results were mapped. 

Additionally, we inspected the areas of interest of selected organizations by measuring the subject 

categories they support the most. In the following section, we explain the method in detail. 

 

 
 

Figure 4-1 Overview of the methodology in chapter 6 

For evaluating funding organizations, we define a funding organization as any entity 

mentioned in the funding acknowledgement of academic articles. These may be ministries, 
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agencies, NPOs, companies, projects, or programs. In Table 1, we list the organizations that appear 

frequently in this study and the acronym we choose for them.  

The Web of Science takes funding information directly from the acknowledgement section 

of papers. It provides two fields, one having the raw text as written in the paper and the other, a 

curated field showing only the names of organizations and when available, the funding code. In 

this research, we used the latter field. This information is only available for papers published from 

2008, however that first years does not have complete acknowledgement data (Paul-Hus et al. 

2016). Therefore, For purpose of this study, we only evaluate funding in relation to the share of 

articles from 2009 onwards within each cluster. 

  While the inclusion of funding acknowledgement by the data provider greatly facilitated 

the identification of funding agencies, a good deal of effort was still required in data cleaning and 

name disambiguation. For instance, funding entities with long names, such as “Ministry of 

Education, Culture, Sports, Science and Technology of Japan,” also appear as “Ministry of 

Education, Sports, Culture, Science and Technology of Japan” or any other variation, omission, or 

abbreviation. We used programming to help identify similar instances; however, ultimately all 

names were manually checked and standardized. Hierarchical relationships in the funding 

organizations were also observed as in the case of MEXT as a parent of JSPS and JST. However, 

some papers may acknowledge both, son and parent, as funding organizations. Given that parent 

organizations may simultaneously support the work of some researchers (Lepori 2011), we could 

not always regard this as a redundant acknowledgement. Therefore, in terms of institutional 

structure, we respected the entries as reported in the dataset with no further merging. 

In Table 4-1 we list the organizations that appear frequently in this study and the acronym 

we choose for them. We focus our study on two groups of funding organizations, the international 

top funding agencies by the number of sponsored articles, and the five most frequent Japanese 

organizations found in the dataset. The latter is used to investigate how different agencies and 

programs having different characteristics will affect research direction and performance. Ministry 

of Education, Culture, Sports, Science and Technology of Japan (MEXT), a ministry of Japan 

Government, has two funding agencies, JSPS and JST. JSPS is responsible for pure and basic 

science, while JST is applied research. GCOE is a program in MEXT which aims to develop 

research, education, and international partnerships. NEDO is a funding agency under another 

ministry, Ministry of Economy, Trade and Industry (METI), and supports applied and industrial 

research.  

 

Table 4-1 Selected funding organizations in the field of robotics 

Funding Organization Country Acronym  

863 State High-Tech Development Plan China 863-CH  

973 National Basic Research Program China 973-CH  

Defense Advanced Research Projects Agency USA DARPA  

European Commission EU EC  

European Union EU EU  

The Fundamental Research Funds for the Central Universities China FRFCU-CH  

Global Center of Excellence Japan GCOE  

Japan Society for the Promotion of Science Japan JSPS  

Japan Science and Technology Agency Japan JST  

Ministry of Education, Culture, Sports, Science and Technology 

of Japan 
Japan MEXT 

 

New Energy and Industrial Technology Development 

Organization 
Japan NEDO 

 

National Institute of Health USA NIH  
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National Science Council  Taiwan NSC-T  

Natural Science and Engineering Research Council  Canada NSERC  

National Natural Science Foundation China NSF-CH  

Swiss National Science Foundation Switzerland NSF-SZ  

National Science Foundation USA NSF-US  

 

 

To collect the data, we searched the Web of Science Core Collection for academic articles 

on the topic “robot*” published between 2009 and 2016 inclusively. In this chapter, the network 

was created again in response to the fact that the database comprehensively collect information of 

funding organizations since that year (Paul-Hus et al. 2016). Funding agency names are taken from 

the curated field provided by the Web of Science. However, intense cleaning and name 

disambiguation was performed to avoid misspellings or name variations introduced by authors 

when acknowledging their sponsors.  

We the dataset cleaned we proceeded to create the citation network, including all articles 

regardless if they mentioned financial support or not. It is worth noting that we could have created 

a citation network using only the set of papers that reported funding. However, such an approach 

is biased against the detection of innovative technologies, because it is known that some highly 

cited papers, which are the constitutive blocks of clusters, may not have funding 

acknowledgements (Zhao 2010). Our approach classifies the technologies into categories using all 

the available data that is connected. Thus, by classifying the clusters, we can see how different 

funding organizations participate within them, not necessarily sponsoring the core paper, but at 

least demonstrating their ability of allocating funds in promising new and emerging fields. 

Clusters are the unit of measurement for the following step. We used a research classification 

schema (Takano et al. 2017) to label each cluster as change maker, breakthrough, incremental, or 

matured. This classification responds to two main features of the clusters: the average age of the 

cluster, which is the average of the publication years of all the papers within the cluster, and the 

age of the core paper, which is the paper having the maximum connections in the cluster. The 

classification computed as follows: the novelty of a cluster is evaluated with Eq. 4-1, the difference 

between the average year of its articles, 𝑥̅𝑐𝑙, and the average year of all articles in the network, 

𝑥̅𝑛𝑒𝑡. Positive values of 𝑋 refer to clusters which are novel on average. Then, it is computed the 

novelty of the leading article in each cluster. This leading article, or hub paper is the article having 

the highest degree within the cluster. Is novelty is obtained by applying Eq. 4-2. Where y is the 

publication year of the most connected article, and 𝑦̅𝑐𝑙 is the average year of the cluster. A positive 

value of 𝑌 means that the most relevant paper in the cluster, in terms of citations, is novel in 

average. 

  

𝑋 =  𝑥̅𝑐𝑙 −  𝑥̅𝑛𝑒𝑡 Eq. 4-1 

 

𝑌 =   y − 𝑦̅𝑐𝑙 Eq. 4-2 

 

An interpretation of the four categories is provided in Table 2. The research classification 

schema has correspondence to the technology life cycle and has been presented as a good 

representation of the state of research for the Internet of things and related technologies (Takano 

et al. 2016).  
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 Table 4-2 Research classification schema (Takano et al. 2017) 
Type  Condition Interpretation 

Change maker X and Y > 0 Research target is active, and its core literature is relatively new  

Incremental X > 0, Y < 0 Research target is active, but its core literature is relatively old  

Breakthrough X < 0, Y> 0 Research target is inactive, but its core literature is relatively new 

Matured X and Y < 0 Research target is inactive, and its core literature is relatively old 

 

Finally, for each funding organization mentioned in the dataset, we computed the amount of 

papers they sponsored in each of the four categories. In order to investigate funding patterns of 

among different funding agencies, the distributions obtained were standardized and used as input 

for principal component analysis and plotted as a biplot after multidimensional scaling, generating 

a map of funding organizations and their trends. This analysis was conducted for both, the amount 

of papers and the academic impact measured by the citations received in those papers. 

Additionally, we studied the funding strategies of the organizations by inspecting the subject 

categories they focus on. Each academic article was assigned to one or more specific scientific 

subject area depending on its topic. Thus, the interests of a given organization may also be revealed 

by looking at the distribution of categories its papers fall in. In a similar process, in the previous 

step, we mapped the funding organizations using subject categories as variables for the principal 

component analysis.  

 

4.3 Results and discussion 

4.3.1 Overall landscape of robotics research and funding 

 

From the 79,209 academic articles having the keyword “robot” in any of their text fields, 

59,088 (75%) were connected because the citation relationships. The rest were papers using the 

word “robot” that did not necessarily belong to the field. 31.92% of the articles in the network 

reported at least one funding organization in the acknowledgement, a proportion close to that 

reported for the entire Web of Science Core Collection database (Paul-Hus et al. 2016).  

460 clusters were detected and classified as breakthrough, change maker, incremental, or 

matured. However, 157 were small clusters, in which none of their articles reported funding 

acknowledgement. Those small clusters accounted for only 1.22% of all nodes in the network and 

were neglected from the analysis. Figure 4-2 shows the network of robotic research along with the 

largest change maker clusters in terms of academic articles.  
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Figure 4-2 Citation network of robotics research (a) and change maker clusters (b).  
Change maker cluster tend to be small and hidden behind the larger incremental-type clusters. Five out of 

38 change maker clusters’ positions are shown as an example. #1 Research on navigation for service 

robotics in agriculture; #2 Multi-legged robot walking; #3 Wireless technologies for sensing and 

charging; #4 Machine-learning algorithms for navigation; #5 Motion control for hanging robots 

 

Figure 4-3 shows the aggregated number of articles falling into the four categories in RCS. 

Academic articles on robotics were largely classified into incremental clusters. The breakthrough 

and change maker categories, without surprise, collected a small portion of publications, owing to 

the difficult nature of producing new cutting-edge knowledge with relatively large academic 

impact. We found that the breakthrough and change maker clusters were small, having an average 

size of 21 and 32 articles, respectively. On the contrary, clusters representing incremental and 

matured technologies comprised an average of 548 and 134 articles, respectively. Following this, 

the papers were aggregated by categories to compute the participation of the funding organizations 

within each of these four categories. This difference in size was also present in the average size of 

clusters. As more researchers joined the topics, the incremental and matured clusters got larger. 

 

 

 

Figure 4-3 Classification of articles of robotic research by type of technology.  
The dark shade represents the proportion of articles with financial acknowledgement. 
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The largest number of clusters in the network were classified as incremental. These are 

clusters having a new knowledge base, but the core academic article is relatively old. Robot-

assisted therapy was one of many examples found. This includes the usage of robots for the 

rehabilitation of motor functions after strokes. (Lo et al. 2010). Further, in the medical field, we 

found research on robotic thyroid surgery and transoral surgery (Kang et al. 2009). Within the pure 

engineering spectrum, we found literature addressing issues such as motion systems for spherical 

robots (Joshi et al. 2010), among several others. 

 Next, we found that robotics research was focused on matured technologies, 

corresponding to clusters in the older end of the dataset. Among them, we found micro-robots 

(Nelson et al. 2010) and tele-operated robots (Sanders et al. 2011). 

 Breakthrough clusters are those having a core paper that has been receiving attention in 

recent years, but the knowledge base they build upon is relatively old. Relevant literature exists in 

this case, which attempts to solve the problem of robot selection when there is a broad availability 

of robotic systems for a defined task (Parameshwaran et al. 2015). This cluster draws ideas from 

operations research and management concepts such as multiple criteria decision-making, which is 

as old as 1974, but its application in the context of robot system selection has received attention 

lately. Similarly, we found the concept of tensegrity, a structural principle broadly applied in 

architecture, but now used for the improvement of dynamics or locomotion by integrating the 

principle in a robotic structure (Caluwaerts et al. 2014). We found 83 breakthrough clusters having 

at least one funding organization engaged.  

 Finally, we found 38 change maker clusters, those having a relatively new knowledge 

base and core papers. The technologies discussed in this category are primarily oriented to the 

service robotics, being the robots for agriculture the largest cluster. This includes robotic devices, 

or algorithms dealing with the automation of tasks in open and unstructured environments, and the 

handling of live produce which requires gentle and accurate treatment (Bechar & Vigneault 2016). 

Other research include progress in the speed and autonomy of legged robots (Tedeschi & Carbone 

2015), and machine learning algorithms for autonomous navigation (Fathinezhad et al. 2016), and 

others. 

The blue portion of the bars in Figure 4-3 corresponds to the proportion of papers with 

funding acknowledgement; from this perspective, the breakthrough and change maker clusters 

performed better than the other two, which is a positive overall indicator for the funding 

organizations, given that they may be expected to contribute more actively in these categories. 

However, it should be noted that under our methodology, breakthrough refers to new technologies 

that were born from old, well-understood research topics. While breakthroughs are desirable 

outcomes, from the funding perspective, they may be considered as playing safe because the 

funding tends to be allocated to a well-understood knowledge base. More interesting is the case of 

change makers. Because both the core literature and knowledge base are newer, the risk of fund 

allocation may be perceived higher.  

4.3.2   Characterization of funding organizations 

 

More than 11,000 organizations were acknowledged in the network; out of these, 8,432 were 

acknowledged only once. To avoid such sparsity, we decided to focus on those organizations 

mentioned 10 times or more, obtaining 445 funding organizations. For each organization, we 

computed the number of papers they funded in each of the four categories such that the distribution 

obtained served as the characterization itself. The top 10 international funding organizations are 

shown in Figure 4-4 along with their allocation across categories. This characterization offers an 

snapshot of the papers published during the range of study (2009 – 2016). If funding agencies 

decided to change their funding policies during that period, then the present result is should be 
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considered as the final accumulated output of their policies. Notably, incremental technology was 

found to be the main target of organizations. Funding organizations with a larger share of papers 

in the change maker clusters were NSF-CH, NSF-US, EC, EU, and 863-CH. Such distributions 

can help reveal the underlying patterns across funding organizations, taking into account even 

small variances in the distribution. Further, we conducted principal component analysis with the 

same input data. After standardization and via multidimensional scaling of the principal 

components, we mapped the state of funding for the field of robotics as depicted in Figure 4-5. 

 

Figure 4-4 Characterization of funding organizations by number of articles and type of 
technology they sponsor.   

 

It is worth noting that the top funding organizations detected are government agencies. The 

private sector has little participation in funding research compared to public funding. The company 

having the maximum mentions in the acknowledgement is American company Intuitive Robotics 

Inc. that is responsible for the da Vinci Surgical System, a robotic system for minimally invasive 

complex surgeries. It ranked at position 26, being mentioned in 153 articles (22% incremental, 

78% matured). The misrepresentation of the private sector in the acknowledgement section of 

academic articles may be explained by several reasons such as greater interest in patenting than 

that in academic research or a strategic preference for anonymity (Rigby 2011). 
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Figure 4-5 Funding organizations of robotic research by number of papers sponsored in 
each category.  The top 10 funding organizations are shown in red. 

 

The axes in Figure 4-5 represent the principal components, and the dots refer to the relative 

distance among the funding organizations. The four variables are shown as arrows pointing from 

the origin. The direction of the arrows is interpreted as the intensity of that attribute. Finally, when 

two or more funding organizations appear close, it is an indication that they share a similar pattern 

in their funding. The top 10 organizations that are marked in red clearly show their outlier nature 

as responsible for most of the funding in the network of robotic research. Particularly, the NSF-

CH plays a prolific role in terms of the number of publications, allocating funds mostly in the 

incremental category. Following the NSF-CH, the NSF-US also focuses on the incremental 

category, but its funding in the incremental category is lower than the former, given the larger 

participation of matured and breakthrough technologies in its distribution. Down below is the NIH, 

which mainly targets incremental and matured categories and has almost null participation in 

change maker technologies, resulting in its existing position. Its conservative nature for fund 

allocation is well-known in the academic community (Berg 2008; Rangel et al. 2002); therefore 

the position is expected. The EC and EU are close each other; as discussed above, this may be due 

to redundant acknowledgement practices or merely the interchangeable use of the name. Further, 

as can be seen, their closeness serves as confirmation that they allocate funds following the same 

strategy. Although they fund less change maker articles in comparison to NSF-CH, in terms of 

their own distribution, they are better at targeting change maker technologies. The reasons for 

European funds to lead to change making technologies, may partially be explained by the 

guidelines imposed by their “Framework Programmes”. Since the starting of the frameworks in 

1984, they have passed through 8 iterations. Concretely, Framework Programmes 6 and 7 running 

from 2002 to 2013, and contributing with more than 30 billion euros in Research and Development 

projects (European Comission 2015), ask for grant applicants to join efforts among at least 3 

institutions of different countries, encouraging multidisplinary teams. Multidisciplinarity is 

recognized as an attribute innovation (Olson et al. 2001; Campbell et al. 2017). In the 8th iteration, 

also called Horizon2020, there were also defined three research targets, basic research, industrial 

applied research, and “societal challenges” (Anon n.d.).  This last one is a “challenge-based 

approach” aiming to integrate different disciplines (Anon n.d.). As it is born from a real-world 

problem, driven by policy makers, society, and researchers its transdisciplinary nature is revealed. 

The remaining organizations follow different patterns as revealed in the chart. It is worth noting 

that among the two Chinese programs, 863-CH and 973-CH, the objective of the former is funding 

cutting-edge technology, while that of the latter is funding basic research. Their positions in the 

map represent the abovementioned objectives. 

We also visualized the pattern of funding output in terms of the academic impact measured 

by the number of citations received by their sponsored papers in . While the characteristics of the 

two maps are similar, this time, the matured attribute is present over the horizontal axis close to 

the incremental arrow, implying a high correlation between the two attributes. Therefore, the 

projections over the vertical axis are determined by the breakthrough and change maker attributes, 

which happen to be orthogonal.  
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Figure 4-6 Funding organizations for robotic research by citations received in each category.  
The top 10 funding organizations are shown in red. 

 

Again, NSF-CH and NSF-US dominate the map. However, NSF-US has a greater academic 

impact. Although this impact comes mainly from incremental papers, the organization’s position 

is pulled up, showing that change maker technologies play a better role in capturing citations. The 

NIH, EC, EU, and 863-CH remain in similar positions to those shown based on the number of 

papers in Figure 5. Citations received by papers funded by DARPA and NSF-SZ were found to be 

higher than those funded by FRFCU-CH and the 973-CH, displacing them in the chart. The 

performance of Swiss funding in relation to other European countries has also been acknowledged 

before (Gök et al. 2016). 

4.3.3 Japanese funding agencies 

 

We also developed a detailed view of Japanese funding organizations in robotics for the 

purpose of contrasting our methodology with the expected outputs from their actual guidelines and 

allocation strategies. Further, to examine their role within their own institutional structure, we 

investigated the five most mentioned organizations from our data. Figure 4-7 shows a close-up of 

the funding maps by the number of papers and citations received. 
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Figure 4-7 Japanese funding organizations of robotic research in relation to the four types of 
technology. (a) by papers sponsored and (b) citations received, in each category 

 

 

Funded papers from the JSPS mostly belong to incremental-type technologies. JST, on the 

other hand, has better positioning in targeting change maker technologies. This is curious result 

because JSPS is mentioned to support curiosity-driven basic research, while JST is for mission-

oriented applied research. This might be due to the application and examination process of the 

grants. Applications to Grants-in-Aid for Scientific Research, which is the major funding program 

in JSPS, are submitted to very specific academic category and examined by peer-review in that 

category. And thus inter-disciplinary usually faces the difficulty in application and examination. 

And examination is based on past achievements in addition to the proposal. It will lead to accept 

incremental research based on applicant’s past achievements and well-developed capabilities, and 

suppress emerging and change-maker research. On the other hand, JST allocates its funds through 

a project manager and committee from various backgrounds, implying more freedom when it 

comes to funding change-maker research as can be seen in Figure 4-7(a), while it does not lead to 

high citations as in Figure 4-7(b).  

The GCOE is a special program within the JSPS oriented to “highly creative and vanguard 

research” wherein the proposal must embed a future concept. Along with the spirit of 

multidisciplinary and international collaboration, which are known indicators of better academic 

performance, it is not surprising that GCOE gets a higher relative position towards change maker 

technologies. NEDO, similar to the case of JST, supports applied research but is responsible to 

development of industrial technologies and companies join the projects. It is examined by a similar 

system of JST but is also along with policy makers to decide fund allocation. NEDO produces 

higher citation impact, which might because applied characteristics of robotics technologies and 
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superior capability of Japanese companies in this field. Finally, MEXT is also acknowledged in 

the articles, although core fund allocation for research are decided by JSPS and JST, as mentioned 

earlier. The appearance of MEXT may come from other types of funding, such as scholarships, 

that may be administered directly by the ministry, or perhaps, by the natural practice of a researcher 

to mention both the funding agency and the parent ministry. Given the proximity to JSPS, this may 

be true, especially for researchers funded by that agency.  

Interestingly, both JSPS and JST seems to switch roles from the perspective of citations 

(Figure 7b). Even though peer-review system is conservative, the curiosity-driven research by 

academic will lead to high impact research. The position of JSPS suggests that the citations 

received from its change maker papers have better impact that that in the case of JST. NEDO and 

GCOE remain in a position where change maker technologies play an important role. Finally, 

MEXT continues to be close to JSPS, as the second evidence of double acknowledgement. 

4.3.4 Funding strategies by targeted subject areas 

 

Within the scope of robotic research, funding organizations also have more specific fields of 

interest. We examined those specific targets by mapping the distribution of subject fields assigned 

to the articles. Given that the data under analysis was about robotics, we neglected four subject 

areas that were the direct representation of this field, namely “Robotics,” “Engineering,” 

“Computer Science,” and “Automation and Control” and focused on the subsequent most frequent 

categories. Figure 8 shows the distribution for selected agencies, the top international and Japanese 

organizations. We found that those categories vary from purely basic to medical research, 

“instrument & Instrumentation” and “Surgery” being the most common. Top organizations seem 

to have a similar pattern of interest, especially for the most frequent categories. However, smaller 

categories may also play a significant role. Therefore, we repeated the process of multidimensional 

reduction of principal components to bring out the patterns at the surface.  

 

Figure 4-8 Distribution of the most sponsored subject fields within robotics research for 
selected funding organizations 

 

Figure 4-9 shows the funding agencies with respect to specific research field targets. Similar 

to previous figures, the axes represent relative distance. However, unlike the biplots based on the 

four technology-type categories, this time, the attributes are spanned all over the chart. This is 

owing to the different nature and skewness of the distributions, being not as sharp as those 

produced by the large participation of the incremental category in the previous charts. Through the 

inspection of attributes, it can be observed that medical research dominates the right-hand side 
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panel, while basic and engineering fields represent the left one. Funding organizations of the same 

country seem to be grouped by region in the chart. This is not necessarily expected, because 

funding organizations may have different objectives. We can infer, to some extent, from the chart 

that robotic research follows funding polices set at the country (or regional for EU) level. This 

may not hold for all the agencies; for instance, DARPA seems to have a far different strategy than 

NSF-US and NIH. In addition, the FRFCU-CH is closer to targeting the interest of Japanese 

organizations rather than the Chinese organizations. 

 

 

Figure 4-9 Target subject of funding organizations 

Despite those trends, little else can be inferred of the role of governments. 

Acknowledgements seem to contain the name of the organizations only, and details of projects 

and programs is barely present. Table 4-3 shows a summary of the presence of projects, programs, 

frameworks, or ministries participating in the funding of robotics as reported in the 

acknowledgements. 

 

Table 4-3 Summary of different types of sponsoring  
entities reported in the acknowledgements. 

 Count Papers Coverage Cites 

Ministries 54 2,005 10.63% 10,010 

Programs 43 2,220 11.77% 10,565 

Projects 10 201 1.07% 1,129 

 

For instance, 2,005 articles out of the 18,860 (10.63%) reporting funding acknowledge to 

have received sponsorship from any of the 54 ministries identified in the robotics dataset. The 

most acknowledged ministries are the Ministry of Knowledge and Economy of Korea, the MEXT 

of Japan, and the Ministry of Education, Science and Technology of Korea with 302, 241, and 127 

academic articles respectively.  

Some authors may straightforwardly acknowledge their government. “Spanish Government” 

was the one most reported having 144 articles. However, there were also found “Catalonian 

Government” and “Valencia Government” as sponsoring entities. Both Catalonia and Valencia are 
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provinces of Spain, thus revealing that researchers may recognize local sponsorship rather than 

national.  

4.4 Summary  

In this chapter it was found that funding agencies do target innovative research, but mostly 

in the incremental stage. Also, the participation of funding agencies in matured topics is higher 

than in breakthroughs, or change making clusters. Through, a closer inspection of Japanese 

funding agencies it was also found, that their practices at the time of allocating resources may be 

the determinant of their position in the funding landscape. This is, those agencies more flexible, 

with participative selection committees like the JST may target emergent topics better than other 

organizations were the applications include fixed categories, or weight up previous achievement 

of the applicants, thus favoring incremental research, like JSPS.  

To reach those findings the information provided in the acknowledgement section of papers 

was used to identify funding agencies. Then, by means of citation networks, we extracted the 

features that allowed the classification of research articles into breakthrough, change maker, 

incremental, and matured-type of technologies.  

The National Natural Science Foundation of China and the National Science Foundation of 

US play a leading role in promoting robotics research. Although also largely incremental, 

European funds have been proven to be among the best in spotting change maker technologies. 

Other funding agencies such as the National Institute of Health of US follow known strategies 

focused on both incremental and matured categories, over other most innovative categories. 

Japanese funding agencies were also investigated to understand how their different 

characteristics affect research direction. It was found that the Japanese Society for the Promotion 

of Science, even though having a conservative peer review-based funding allocation system, when 

it comes to academic impact they do target change marker research. However, in terms of amount 

of papers they focus on incremental technologies. On the other hand, articles funded by  the Japan 

Science and Technology Agency may be regarded as innovative, but receiving fewer citations. 

Other organizations as the New Energy and Industrial Development Organization were positioned 

as expected from its known practices, towards change maker research.  

Within the scope of robotics, funding agencies also target other specific fields of knowledge, 

where medical research is particularly relevant, “Surgery” being one of the most frequent targets. 

By mapping the funding agencies corresponding to their fields of interest, we found that they tend 

to concentrate at the country level, a pattern easily explainable given that most of them are 

government-dependent agencies, but also suggesting homogeneous guidelines within each 

country. 

We started with the premise that research fronts can be observed from citation networks of 

academic articles. Among the methodologies for creating citation networks it has been found that 

direct citation networks work better. We also know, that novelty and coherence are two attributes 

of emergence, both applied to our framework, through clustering and a classification based on 

their age. We expect the academic landscape provided represent the state-of-research for the time 

range in study. We then measured the participation of funding organizations as reported in the 

acknowledgement section of the articles.  

Researchers acknowledge financial sponsors voluntarily or because of grants requirements. 

In both cases this serves as a signal of the openness of funding organizations in being linked to the 

outputs brought by the sponsored researchers. Therefore, Acknowledgements can be used as an 

indication of that disclosure. Under the proposed method, only those organization openly engaged 

in academic production can be assessed. Moreover, given the shortcoming on how researchers 

acknowledge their sponsors, it can only be measured their participation, and not the amount of 
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funding received. In fact the mere presence of Acknowledgments does not necessarily correlates 

with funding (Cronin & Shaw 1999). 

Some limitations were found. The proposed method is supposed to assess funding for 

academic research only. Funding agencies may pursue different objectives and have different 

funding modalities whose impact is beyond academic research. The assessment of the overall 

impact of public or private funding is beyond the scope of our study, and several other studies and 

frameworks are already available (Guinea et al. 2015; Kostoff 1993; Bloch et al. 2014). Also, for 

analyzing the contribution of governments it will be needed clear definitions of boundaries in 

identifying local or national funding, and having the names of the agencies or organizations that 

may be considered as governmental. In a more general trend, dealing with entity names that change 

in time, as in the case of ministries changing as new governments are elected, is still a challenge. 

However, our method may serve as an indicator that can easily be integrated with those 

frameworks. With respect to the data and methods, the classification model adopted in this research 

depends on relative bibliometric features. The refinement of bibliometric tools for classifying 

technologies into different categories of innovation is a field rich of opportunities. 

Notwithstanding, given the results and their correspondence to known funding patterns, our case 

study also sums up the suitability of such categories. It may be pertinent for future research to 

translate the methodology for mapping the innovative participation of institutions or authors, or 

even companies by using citation networks of patents.  

The mapping of funding agencies through the proposed method may help policy makers and 

funding organizations assess whether actual outputs are in line with their proposed objectives, set 

new directions, and establish benchmarks. Analyzing different windows of time, will also reveal 

if changes in policies correspond to new outputs generated. Researchers may also benefit from the 

study of funding patterns to establish international collaborative strategies or to spot the agencies 

that more likely sponsor their type of research. 
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5 DISCUSSION AND CONCLUSION 

This thesis applied methodologies from network theory and text mining to elucidate the 

interactions between social attention and funding in the configuration of emerging technologies. 

Our findings are circumscribed in the robotics domain, were both active participation of society, 

and funding from public and private sources is expected. Here, it is brought a discussion in relation 

to the finding in previous chapters, their connection to emerging technologies, challenges, and 

future directions.  

 

5.1 Findings 

 

Chapter 3 addressed the issue of elucidating whether levels of social attention play any role 

in the configuration of new research topics. The amount of news was used as proxy of social 

attention, and social sentiment, as positive or negative was attached to the news. The most relevant 

finding was that topics positively discussed in media may lead to further developments of similar 

topics in academia. Therefore, the methodology applied suggest, that it might be possible to 

forecast advancement in science by checking the landscapes of social attention of technologies.  

However, news did not discuss all topics in science. By inspecting the connections, we 

observe news concentrated in practical technologies. This is applied research over basic research. 

Which may be expected to some extent, as basic research topics can be still uncertain in their role 

in society. 

Also, the discussion was around on how the representation of social attention in news articles 

reflects the patterns observed in the hype cycle literature. We observed hypes for robotics, 

however, they reflect a balanced sentiment contrary to the positive rise and negative delusion 

argued by those frameworks. Therefore, we cannot say that robotics follows a hype cycle, but that 

hype dynamics are present, and follows different features to those originally proposed by Gartner 

(Fenn & Raskino 2008). 

 

In chapter 4, we aim to understand whether funding organizations target innovative research. 

We parted from the premise that funding organizations indeed attempt to target innovative research 

but other forces may constraint them to target them properly. We take advantage, of the network 

properties to identify novel clusters in robotics research, and classify them into matured, 

incremental, breakthroughs or change makers.  

 By analyzing the participation of funding organizations in the clusters we found that, 

funding organizations do target innovative research, but mostly incremental. And, that 

participation of funding agencies in matured technologies is even larger than in the change maker 

and breakthroughs. The largest contributors were the National Science Foundation of China and 

the U.S. However, among the international organization those of Europe were found to fit a pattern 

towards change making research.  

By addressing the cases of the Japan Society for the Promotion of Science and the Japan 

Science and Technology Agency, we discussed that their allocation strategies may be determining 

their locations in the funding maps. As for the JSPS which the application process is more 
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controlled tend to be incremental, while JST being more participative tends to change making 

research.  

From a methodological perspective, we bring forth the possibility of using acknowledgement 

data for the creation of funding landscapes in science, which may serve as benchmarking tool, or 

assessment of funding policies. 

 

The studies in chapter 3 and 4 are independent. However, the underlying connection relates 

to emergent technologies. In the following sections we discuss about how to leverage the detection 

of emergent research, how that is related to social attention and funding, and finally, what are the 

dynamics that connects them. 

 

5.2 Towards a more comprehensive indicator of emergence  

The study of social attention stablished relations between topics in news and cluster of 

academic articles. However, differently from the approach on chapter 4, we did not make a 

typology of innovation, as the objective was to identify if discussion in news appeared before to 

those similar topics in science. Which it was found to be true.  

It is worth noting that while the approach undertaken in chapter 4 takes into consideration 

the coherence of the network (when forming clusters) and novelty (from where the typology is 

obtained), those are not the only attributes of emergence. As explained before, fast growth, impact, 

and uncertainty are attributes also in play. Fast growth is measurable, while the other two are 

regarded to be qualitative. Can we derive new emergence indicator that takes into consideration 

the quantifiable attributes of emergence? And how such indicator may be related to social attention 

and funding? 

To answer those questions indicators of emergence were computed for the fourth level of 

sub-clusters (see Chapter 2), which offer partitions of the 4 streams of research to higher level of 

resolution. For each of those 450 sub-clusters we computed three types of indicators of emergence 

that can be obtained by their bibliographic features as explained in Table 5-1, while Figure 5-1 

Shows correlations between those indicators.  

 

Table 5-1 Quantifiable attributes of emergence 
Indicator Description 

Novelty  

Cluster newness Average publication year of the papers in the cluster. 

Hub newness Difference between the publication year of the hub-paper of the cluster 

and the cluster newness. A hub-paper is defined as the paper with the 

highest degree or connections within the cluster. 

Growth  

Speed Average of the slopes of the cumulative publication trend of papers in 

the cluster  between the years 2014 to 2017.  

Acceleration Average of the slopes of the cumulative publication trend of papers in 

the cluster  between the years 2014 to 2017. Normalized in relation to 

cumulative trends of all robotics publication for those years. 

Coherence  

Network coherence Density of edges within the cluster. Computed as the proportion of the 

actual number of edges over the total possible edges in the cluster.  

Text coherence Average of the cosine similarity among the papers in the clusters. Term 

vectors were computed based on the TFIDF of the words found on titles 

and abstracts. 
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Figure 5-1 Correlation between indicators of emergence.  
Size and average citations per paper are also incorporated.   

Stars refer to the p-values “***” = 0, “**” = 0.001, “*” = 0.05, “.” = 0.1  

All indicators are normalized, from 0 to 1, being 1 the representation of larger or better.  

 

The diagonal shows the distribution of each indicator. Growth speed, network coherence, 

meaning that most of the clusters perform poorly on those. Growth acceleration is concentrated in 

the middle as reflection that clusters grow proportionally to the overall publishing of robotics 

papers.  Hub newness and text coherence resemble a bell-shaped distribution. On average the 

publication year of hub papers is close to the average of the publication years of the rest of articles 

in the cluster. For text coherence, means than on average cluster have text similarity around 0.7. 

Bellow the diagonal, are bivariate scatter plots with a fitted trend line. Corresponding to the 

correlation score for the same intersection above the diagonal (The stars signal confidence 

intervals).  The correlation among the emergence indicator is poor even between pairs of the same 

categories. This is due to the fact that we are dealing with all the clusters that came up from our 

network, including well known matured clusters that by definition must score low.  

It is known that emergent clusters will perform well in one or more indicators (Avila-

Robinson & Miyazaki 2011). For that reason we computed an emergence score, which is the 

simple average of the 6 indicators. Figure 5-2 shows the score of each cluster sorted from the 

highest. A set of clusters clearly differs from the rest. Therefore, the emergent robotics cluster 

were identified. High scoring clusters are described in the appendix 7.2. 
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Figure 5-2 Emergence scores for the 450 sub-clusters of robotics research 

 

To understand the relationship of the emergent clusters to social attention and funding, we 

derive indicators based on the learnings of chapter 3 and 4. To finally correlate all of them. Figure 

5-3 shows the set of indicators. 

 

 

Figure 5-3 Indicators of emergence, social attention, and funding. 

 

 

 

Two indicators are derived from the methodology in Chapter 3, by using both news and 

academic articles. One of the limitations found there, was the use of a single newspaper. Therefore, 

to overcome that issue in this computation we used a more comprehensive source of news articles. 

The Ebscohost database. It is like the Web of Science in purpose and usability, however, it also 

indexes international newspapers and magazines.  
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For each set, we created topic models in the same manner as described in chapter 3. Then, it 

was computed the similarity between clusters in the network of academic articles  and the topic 

models of news. The similarity matrices are the input to compute two social aspect indicators.  

The first is social attention score, which is the weighted sum of similarities of the cluster to 

the topics in the robotics news (11,972 articles). And the second, is the potential solution score, 

which is the sum of the similarities to topics in the country-news articles, the one containing social 

issues. This last indicator is a derivation of the methodology explained in chapter 3, where the key 

difference lays in the change of the dataset of news (4,068 articles). In this case, covering social 

issues news of  a given country (i.e. Japan), thus bringing a landscape of  topics discussed about 

that country, where social issues can be found (The mechanics of that approach are in the appendix 

7.3). 

For each cluster we computed two indicators of funding. The variety of organizations, which 

is the count of different organizations sponsoring research in one cluster. And the share of funding, 

which the proportion of articles (from 2009 to 2017) that mention financial acknowledgement. 

Topic models of technology news and society news are shown in Figure 5-4. Despite the 

increase of data in relation of previous chapter, the topic model outputted solutions with fewer 

topics. 30 and 25 respectively. The number of topics is defined by the maximum likelihood of the 

models and is independent of the amount of data. Here, topics represent only a mean for the 

computation of the scores. 

 

 

Figure 5-4 Topic models for (a) technology news and country specific news (b) 

 

Cosine similarity was calculated between clusters and topics. This similarities were used to 

measure the attention score, and solution potentiality score, which distributions are shown in 

Figure 5-5. On average both indicator conform weak signals as is observed by the right-skewed 

distributions. Notwithstanding, the score serves to detect cluster whose topics are similar to the 

discussion found in the media.  
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Figure 5-5 Distributions of the social indicators 

Correlation among them are shown in Table 5-2.  We want to know the correlation scores 

between indicators affecting most emergent clusters. Therefore, to compute the correlation matrix, 

we considered only those clusters having an emergence score in the third quartile. Being the higher 

clusters. The highest correlation is between the variety of funding organizations participating in 

the cluster and growth of speed. Besides that, corelations are low for the rest of pairs.  

 

Table 5-2 Correlation of indicators of emergence, social attention indicators and funding 

 

Therefore, it can be said that a relationship exist between the number of funding 

organizations participating in fast growing clusters.  

5.3 Towards a theory of funding for emergent scientific research 

 

From the previous chapters, and the above analysis of correlations this thesis elucidates some 

underlying dynamics between emergent technologies, social attention, and funding. Previously we 

argued that positive news about a technology topic do have a reflection in clusters of academic 

articles having a younger age and having similar textual contents. This suggest that researchers are 

not immune to the seduction of hot or trending topics, and when those topics are positively 

discussed they do try to pursue research in those directions. However, we cannot say that those hot 

topics were born in newspaper articles alone. There should be a trigger, that motivates the social 

discussion.  

We also found a high correlation between the amount of funding organizations involved in 

a cluster and its growth, being the only high correlation in relation to the other attributes of 

emergence.  
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By putting all pieces together, this thesis leans towards a theory of funding for emergent 

scientific research, which mechanism of working is attempted to be depicted in Figure 5-6.  

 

 

 

 

Figure 5-6 Dynamics of emergent technologies, social attention, and funding 

 

In the academic landscape of a research domain, at any given moment, there is a set of 

emerging research topics. Some of them get to receive a high social attention becoming trending 

topics, which discussion happens to be positive. However, what triggers this social discussion may 

also come from outside the academic landscape, for instance in the form of a product or patent 

(Denoted with the dashed line).  As researchers realize such trends they jump in, and drive their 

efforts towards those directions. However, being the path of science slower of that of news, the 

increase of academic publishing in the related topic only gets noticeable at a later time. When the 

field start growing.  

This is the point when most funding organizations jump in. As they may perceive fewer risk 

when the capabilities of researchers become evident by the amount of publishing. However, at this 

point the path of research have been set, thus the efforts are rather of incremental nature.  

 

The generalization of that mechanism would lead to one straightforward implication: 

speeding up the pace of innovation in scientific research. Instead for funding organizations to wait 

until identifying fast growing research topics to invest in, they may look at patterns of positive 

social attention obtained by measuring printed media. Figure 5-7 is the suggested model. 

 

Figure 5-7 Proposed model for funding 
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The triggering phase is the same. Society gets the source of discussion either from emerging 

topics in science, or outside it. However, funding organization may react faster by monitoring the 

levels of social attention. Moreover, the integration of social attention monitoring and the 

emergence scores previous described may leverage their funding allocation strategies targeting 

emergent research timely. Notwithstanding, for such a theory come to be, it is needed to address 

the following challenges.  

First, we joined the pieces for robotics research, where social involvement and funding is 

granted. Nowadays, other topics as deep learning, internet of things, or blockchain may be 

enjoying of similar conditions. But this cannot be said of all emergent topics of science.  

 Shifting from one paradigm to another, is not easy. To look at the levels of social attention 

in the news instead of the fast-growing trends of science carries a greater sense of risk. In this 

research we represented social attention as coherent narratives found in the news by applying the 

unsupervised machine learning technique of topic models. However, not all topics, even though 

well-defined found higher scores of similarities with the academic landscape of robotics. 

Moreover, topics model may also produce cryptic topics when the parameter is set without rigor.  

This research studied the interaction between social attention and academic research. But 

understanding the origin (i.e. the trigger) was beyond scope. We delimited our scope to the 

measurement of two features, attention by the amount of news, and the social mood by sentiment 

analysis. It is still needed more research on how the technology hypes appear, and the underlying 

forces or actors that keep them lasting enough to generate impact in the academic domains. 

It was also found that social attention indicators did not correlate with the classic attributes 

of emergence. Which seem to partially contradict the findings in Chapter 3. However, it is not the 

case. A closer look to the highly similar topics found in chapter 3 and the expanded study of social 

issues in the appendix 7.3, it is understood that topics discussed in the news are closely related to 

applied research. Basic research is still in a too early stage to generate momentum in society. In 

the third quartile of cluster having higher emergence score, it was not drawn any distinction 

between applied or basic research. Given that both of them were part of the correlation study is 

easy to see that this may have caused the lack of matching. However, is needed more evidence in 

this regard. 

Also, the pattern and sequence of events revealed through the present methodology was 

observed at the aggregated levels of clusters or topics. In other words, groups of documents sharing 

an idea or having a conceptual linkage. Intuitively, there should also exist specific and explicit 

linkages between a single paper, researcher, or technology and the news it generated. However 

such direct connection was beyond the scope of the study, and limited to the general representation 

of technology in the imaginings of the people. 

Chapter 4 also revealed that while most funding organization involved in this study, tend to 

be allocated in incremental clusters, some of them are better in spotting change making research, 

which according to the used framework correspond to the most novel clusters in the network. 

Understanding the allocation strategies of such organizations may leverage the way funding is 

conducted as a whole. From a transdisciplinary view, with the participation of parties outside the 

academia, and having starting points in real-world problems (Walter et al. 2007), it was observed 

that funding organizations that pay attention to social concerns and integrate those in their funding 

guidelines, as was the case for research sponsored by Europeans funds, get better at targeting 

change making research. Although is still needed more studies to compare other organizations in 

which the social component may also be present.  

The reason for researchers to choose some topics over others can vary. The present thesis, 

however, shed light in a partial understanding of those reasons, as some topics in science and 

technologies can be observable first in society. On the other hand, basic research is argued to be 

borne by self-driven curiosity (Salter & Martin 2001). While some research in social sciences and 

humanities may respond to hypes of other nature, for instance high level attention to social issues 
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topics whose are perceived as negative. Instead of positive rise of techno-hypes, those negatives 

hypes might be the drivers of social research. Opportunities of translating the methodologies, and 

theory developed in this thesis abound. 

 

We took the narrative of the “mode-2” knowledge production and its transdisciplinary 

nature, to situate funding organizations as mediators between science and society. Arguing that a 

“consulting” transdisciplinary approach can help set the direction of knowledge by extracting the 

concealed or contested reactions of society from the polarity and intensity of discussion that 

academic topics rise in news media.  

The findings of this dissertation also support the need of clarifying the position of the several 

actors in determining the direction of science. Each actor being researchers, funding organisms, 

governments or practitioner share an unbalanced stake of power and control, they may also follow 

hidden agendas that determine the direction of research (Rosendahl et al. 2015). Oftentimes, 

science and society are seen as a dichotomy where researchers are meant to serve as bridges in 

carrying the knowledge and come up with ideas for a successful implementation in society. 

However, other stakeholders also have that bridging power (Nowotny 2015; Lawrence 2015). As 

discussed, we point to the quota of power behold by funding organizations who may observe the 

reactions of society and act accordingly, proposing incentives or changing the approaches in which 

the sponsored scientist engage to the community. As the decision of whether pursue 

transdisciplinary research is also determined by the incentives set at institutional levels (Lauto & 

Sengoku 2015). 

Funding organizations acting as watchers of society incorporate other benefits into the 

knowledge production process. When researchers have a broad spectrum of choices to grasp 

funding they may get free from some agendas impose by governments or other institutions. This 

means that researcher may willingly subscribe to their preferred approach to science (Musselin 

2014). Although this is possible for fields were funding opportunities abound, in practice funding 

is getting scarce in relative terms (Gläser & Velarde 2018). And thus a better understanding of 

other constraints is still needed. 

Also funding organization in general are seen as complementary counterpart to other social 

stakeholders.  They complement funding from contracts and consulting, contributing to increasing 

the collaboration of universities with industry, making the knowledge transfer processes smoother 

(Muscio et al. 2013). This is relevant in those cases were other modalities of funding, like some 

coming from industry, may act as an impediment in the knowledge production process. Because, 

under some settings and for some research domains industry funding appear to slowdown or delay 

the diffusion of knowledge due to secrecy or withholding information on the research process 

(Campbell et al. 2000; Sismondo 2009).  Notwithstanding, research outputs coming from industry 

funding are of more applied nature (Lam 2010), and thus being of more expedite benefit to society. 

 

In the words of Costanza (2003) “having a shared vision of a sustainable and desirable 

society is one of the most challenging tasks facing humanity”, this can only be achieved if society 

legitimate this vision by participating in its creation, and the process has been transparent (Gibbons 

1999). The theory developed in this thesis contributes to bring a clearer image of the participation 

of the actors involved in dialogue between science and society. By no means, it is argued that 

theory holds entirely. What this thesis is offering, is the starting evidence that the dynamics occur 

in that way. Concretely for applied emerging topics in scientific publishing. In this manner, the 

results presented in this thesis suggest that they can be replicated in technology domains expected 

to have a direct application into society. In particular, for technology topics where society is aware 

of its introduction, thus triggering a social discussion. While the main contribution of this thesis 

was to bring quantitative evidence of the dynamics of funding for emerging research based on 

social attention, this thesis did also provide methodological contributions. 
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The origin of the methodologies described in this research is rooted in the computer sciences 

and library sciences. However, what is highlighted is the potentiality of integrating those methods 

in a manner that may derive practical implications in the development of better science and 

technology policies. Also, we explored the possibilities of using alternative sources of information 

as news articles to leverage those results supported only by academic publishing. The both reflect 

two perspectives of reality. News articles signal the mood of the society in real time while being 

limited by the simplicity of vocabulary and depth of understanding. On the contrary, academic 

articles represent fronts of research, analyzed in depth, but constrained by the relative slow pace 

of publishing. It can be regarded that the first represents the problem space, and the second the 

solution space. Thus their integration might imply a powerful tool in the policy making. 

The results obtained through this case study are expected to be used by stakeholders in the 

government, funding agencies, and the academia. In the first place, the findings and methods 

proposed in this thesis target policy makers, and decision makers in the government or funding 

organizations. Expecting for them to take better informed decisions conducing to sponsoring 

change making technologies, or to benchmark their performance. 

In second place, researchers. From a transdisciplinary standpoint  researchers might find 

their topics to be contested or concealed in society and by realizing that, try to proceed accordingly. 

This is, bringing members of society to the process of goal setting when negative attention is 

present. Also researchers may benefit by knowing the funding landscape of their topic. Identify 

funding organizations prone to take risks when the results are at early stage. 

 

 

5.4 Future directions 

Given the findings and challenge we came across, the opportunities to reach to a robust 

theory of funding can be as follows: First, further evidence is a must. The replication of the 

proposed methods to other fields of research is necessary to generalize the findings. Some topics 

in fact, can be arguing to be in the half of those purpose. For instance, nanotechnology is a field 

with studies in emergent technologies and funding, thus a complimentary study on social attention 

may help to reveal the complete view. On the other hand, topics like alternative fuel vehicles have 

been subject of hype cycles studies, and what is missing is the funding analysis. 

Following, the refinement of mapping techniques for unstructured text may help to bring 

accuracy in the metrics obtained. Also, on the methodological side, frameworks for the 

identification of change making research can be improved by unifying the indicators of emergent 

technologies based on its agreed attributes. This constitute an interesting path of research because 

such frameworks may be applied at different levels (countries, institutions, authors). Also, the 

causalities of both, social attention and emergent research needs more study. We gave a glance on 

the role of social attention in the defining of some emerging research topics. But the understanding 

of development of basic research, or emerging topics in beyond the hard science is still unknown.  

Finally, it was found little participation of the private sector in the configuration of research 

topics represented in academic articles. A comprehensive view of their role triggering emerging 

topics, or their overall dynamics in the framework of funding need more studies, which can also 

be covered by the inclusion of the analysis of patents.  
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7.1 Selected news for hypes and topics 

Hype 1 “U.S. robot sales rose 71% in 1984” (1985-06-04) 

“sales rise for robots” (1984-06-27) 

Hype 2 “Honda's Robot Advances, but to Where?” (2004-12-16) 

“A Robot For the Masses” (2004-11-28) 

Hype 3 “Smart drones” (2013-03-17) 

“researchers put sense of touch in reach for robots” (2013-04-28) 

Topic 5 “A Blow to NASA's Hubble Rescue” (2004-12-12) 

“Phoenix Lander Is Ready for Risky Descent to Mars” (2008-05-20) 

Topic 13 “A Woodstock for Robots” (2013-12-22) 

“Bits Pics: Robot Competitions” (2010-07-21) 

Topic 18 “When Robotic Surgery Leaves Just a Scratch”  (2012-11-18) 

“Prepping Robots to Perform Surgery” (2008-05-04) 
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7.2 Highly ranked robotics research  

 

7.2.1 Robotic research with high emergence score 

 

The highest clusters of outlying nature, are described as exemplary of emergent technologies 

within the robotics domain.  

 

Soft robotics 

This sub-clusters gathers research on bio-inspired robotics. The materials that compose the 

elements of soft-robots are flexible or malleable, usually elastopolymers. Soft-robots are able to 

reach fluid motion and are deemed suitable for unstructured, unpredictable environments 

(Shepherd et al. 2011; Ilievski et al. 2011; Kim et al. 2013). This cluster is composed of 672 

articles, being 2014 the average publication year. It belongs to the robot locomotion cluster (ID: 

2-3-1-1). 

 

Robotics as learning tool 

This sub-cluster is about application of robotics in the classroom. The mission of these 

researchers is to develop robotics and programming skills in children by hands-on experience with 

robotic systems (Bilotta et al. 2009; Gabriele et al. 2017). This cluster contains 11 articles. It is 

part of the autonomous robot cluster (ID:3-7-3-7) Being the cluster with the highest coherence 

score. 

 

Intelligent wheelchairs 

Research in this cluster aims to improve the conditions for elderly care. These articles study 

mechanisms to design smart wheelchairs tackling on the issue of modular systems, and 

interconnectivity (Braga et al. 2011; Urcola & Montano 2011; Kobayashi et al. 2015). This is a 

small cluster of 10 articles, having the second largest coherence score (ID: 3-8-3-5). 

 

Modeling robot behavior 

In this sub-cluster it is found research for the design and robot learning of complex 

behaviours. Methods like non-linear dynamic system and reinforcement learning are introduce for 

the application in robotics. The objective of this research deviate from the hard-coded behaviours. 

Instead, a set of primitive instructions is given and then robots learn by imitation and repetition. 

(Calinon et al. 2007; Ijspeert et al. 2013; Andrew Bagnell 2014). This cluster contains 807 articles, 

published in 2012 on average (ID: 2-1-1-2) 
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7.2.2 Robotic research with high social attention 

Virtual laboratories (ID: 3-3-4-3) 

Similar to top emergent cluster previously identified on robots as learning tool, this sub-

cluster also address the issue of better prepare new generations to tackle on the study in robotics. 

In this case, when robot equipment is not available in house. Research in this cluster is about design 

and case studies on experiences in virtual laboratories, or tele operated laboratories (Jara et al. 

2011; Candelas et al. 2003).  

 

Autonomous robots for teaching science (ID: 3-7-6-0) 

In the same line of educational robotics. This cluster explores cases on hand-on learning 

orientated to higher level education (Beer et al. 1999; McLurkin et al. 2013). 

 

 

7.2.3 Robotic research with high solution potentiality 

Rescue robotics (ID: 3-2-2-2) 

The development of rescue robots, that have to explore difficult environments, and interact 

with people in extreme situations is studied in this cluster (Burke et al. 2004; Murphy 2014).  

 

Social robots (ID: 3-2-1-2) 

This sub cluster explores theory and advancements on human factors for the design of 

socially assistive robotics. Particularly robots as partner. Both the manifestation of personality in 

robots, and views on the human user are studied to design robots that enter society smoother  

(Breazeal 2003b; Dautenhahn 2007; Duffy 2003). 
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7.3 Robotics and social issues 

 

In this chapter we study the feasibility of robotics research to be linked to social issues. In a 

similar approach to chapter 3, clusters from a citation network are compared to the topic model of 

news articles. However, this time the dataset differs. For this case study, we use the sub-set of 

articles about social robotics; and from news articles, the case of news about Japan are analysed.  

To extent the benefits of datamining to the analysis of society problems, there is the necessity 

to find the unit of measure to map across different social issues in different countries with the same 

versatility of papers in science and technology. When applying a topic model in a collection of 

articles about a country or region, the model outputs the different topics that have received 

attention in the press, some of them are expected to contain social issues. 

Topic models and citation networks are well developed methodologies, and we want 

contribute in this stream of research by bringing them together for the use of knowledge discovery 

by exploiting the text similarity of topics and networks. Concretely, this chapter explores the 

possibility of finding solutions to social issues by exploiting the semantic relations between topic 

models from newspapers articles and citation networks of academic publications. The former 

representing society, and the later technology. The proposed methodology may help to scope over 

the large, and ever increasing, amount of technology research and extract from them plausible 

solutions to concerns in society.  

We show our methodology by linking the topic model of newspaper articles about Japan to 

the network of academic papers on social robotics. Social robots are interactive partners that 

perform a social role (Hegel et al. 2009). They are also categorized as service robots, having as 

main characteristics a high level of complexity and autonomy (Haidegger et al. 2013). The idea of 

linking robotics to social issues is not new, Andrade et al (Andrade et al. 2014) reviewed robotic 

technologies for health care, and Ittipanuvat et al (Ittipanuvat et al. 2014) for the elderly society. 

Our research contributes on these explorations by assessing multiple social issues at once 

according to the necessities of the selected country. 

The rest of the chapter is as follows. We describe the process of creating the topic model and 

citation network, and how to establish semantic connections between them. The methodology is 

then applied to newspaper articles on Japan, and academic articles of robotics and their connections 

are analyzed to figure out the robotics technologies that may bring a solution to a social concern. 

We conclude the chapter with a brief summary of the results and suggestions for future work. 

 

7.3.1 Data and methods 

The overview of this research is presented in Figure 7-1. It consists of 2 stages of data 

processing where social issues are extracted from newspaper articles, and robotic technologies are 

obtained from journal articles respectively.  Finally, the connections between social issues and 

robotics are established by text similarity. Detailed explanation is provided in the following 

sections. 
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Figure 7-1 Overview of methodology in chapter 4 

7.3.1.1 Topic modeling social issues 

The first step is the data collection (1.1). The dataset of news articles related to a target 

country is extracted from a newspaper database. Next, a cleaning process is conducted on this 

dataset by removing stopwords and infrequent terms that appeared 5 times or less in the text 

corpus. 

Once the news are obtained and cleaned, topic model is conducted to uncover the underlying 

themes in the corpus. Topic models are algorithms that analyze and classify the words in a corpus 

of unstructured text, like news articles, to find the underlying themes present in the set of 

documents (Blei et al. 2010).  This themes, or topics, can be described as sets of words that co-

occur repetitively across the corpus. More precisely, a topic is a multinomial distribution over the 

total vocabulary found in all the documents (Newman et al. 2006). 

Similarly, documents are represented as multinomial distribution over topics. Simply put, 

documents are made of topics, and topics are made of words. In practice, the output of those 

algorithms are the document-topic matrix and the topic-word matrix filled with their respective 

conditional probabilities. Having that information, we are able to calculate the probability of a 

word 𝑤 given a document 𝑑 as follows: 

 

𝒑(𝒘|𝒅) =  ∑ 𝒑(𝒘|𝒕)𝒑(𝒕|𝒅).

𝑻

𝒕=𝟏

 Eq. 7-1 

 

Where 𝑡 stands for each of all possible 𝑇 topics. 

In fact, the news data we collected describes the left side of the equation, and we have to get 

the topics on the right side. There are many algorithms to achieve this, in this chapter we use Gibbs 

sampling which is a Markov chain Monte Carlo algorithm that iterates over all words in the corpus 

to classify them into the desired 𝑇  number of topics (Griffiths & Steyvers 2004). The Gibbs 

sampling algorithm is broadly used in topic modelling and has been applied on patents, journal 

articles, and newspaper corpus (Hu et al. 2014; Rosen-Zvi et al. 2004; DiMaggio et al. 2013). 

To analyze news articles using Gibbs sampling we need to set the number of topics 𝑇 

beforehand (step 1.2). This is not a trivial task, because too few or too many topics compromise 

their human interpretability. So that, the number of topics is selected by running the topic model 

using several alternatives of 𝑇 and choosing the one with the highest log-likelihood, which at the 

same time serves as evaluation method for the model (Wallach et al. 2009). The Maximum 
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likelihood in topic models can be described as the number of topics 𝑇 that most likely reproduce 

the observed dataset, the news, when using (1).  

Once the number of topics is chosen, the document-topic matrix and the topic-word matrix 

are extracted (step 1.3). The topic model can be considered finished by simply ranking the words 

by their probability. However, this has been proven to be a suboptimal solution and a better method 

of ranking words in topics called relevance (step 1.4) was proposed by Sievert and Shirley (Sievert 

& Shirley 2014). Relevance is a sorting function driven by a parameter that can take a value 

between 0 and 1, it represents a tradeoff between how exclusive the word is to the topic (relevance 

= 0) and how frequent a word appears in that topic (relevance = 1). The authors found that an 

optimal solution lies in about 0.6, thus we used that value of relevance in this chapter. 

The final step (1.5) is the visualization of the model. Distance between each pair of topics is 

calculated using the Jensen-Shannon divergence method, resulting in a 𝑇 by 𝑇 distance matrix. 

This is then reduced to 𝑇  by 2 matrix using multidimensional reduction of the Principal 

Components. Once reduced, topics can be plot in 2-dimensional space.  

7.3.1.2 Citation network of academic articles 

Journal articles are different from news articles in several aspects, one key difference is the 

use of bibliographic references. Each academic paper is required to report previous works from 

where its results were built upon, creating a network of connections to previous papers. This 

citation networks, also called academic landscapes, have been used to study knowledge flows 

(Sakata et al. 2013) and research fronts(Shibata et al. 2011). 

To create a citation network first we have to extract the bibliographic information of papers 

from a database of academic journals (step 2.1). Papers are treated as nodes, and each node gets 

connected to the papers they mention in their references (step 2.2). This is represented as arrows 

pointing backwards in time. In the following step, the directions of the arrows are removed and 

the largest connected component is extracted (step 2.3). We use the largest component because it 

captures the most information possible of the field we are analyzing. 

In the next step (2.4), the network is clustered using a modularity maximization algorithm, 

which at the same time determines the best number of partitions for the network. As result, the 

citation network is divided in 𝐶 number of clusters.   

Finally, (step 2.5), the abstract of the papers in each cluster is analyzed and words ranked 

according to the term frequency – inverse cluster frequency TF-ICF weighting. 

7.3.1.3 Semantic similarity between topics and clusters 

The previous two stages outputted 𝑇 topics and 𝐶 clusters, for news and papers respectively. 

The words in topics are ranked by their relevance weighting, whereas those in clusters are ranked 

by TF-ICF weighting. In this part of the process we establish semantic relations between topics 

and clusters by using cosine similarity. 

Cosine similarity measures the similarity of two vectors by calculating the cosine of the 

angle between them. It is used in text mining, where documents are represented as vectors of size 

𝑉 , being 𝑉  the size of vocabulary in the corpus (i.e. the set of unique words).  Any type of 

weighting can be applied to the words as long as they are transformed into normalized vectors, 

and all documents share the same vector space. Therefore, to compute the cosine similarity we 

have to go through two preparation steps: Obtain the total vocabulary, and normalize the vectors. 

The total vocabulary is simply the union of the vocabulary found in the topics and the one 

found in the clusters: 𝑉𝑡𝑜𝑡𝑎𝑙 = 𝑉𝑡𝑜𝑝𝑖𝑐𝑠  ∪ 𝑉𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠  . Then, topics and clusters are expressed as 

vectors of size 𝑉𝑡𝑜𝑡𝑎𝑙 which are sparse, filled with their respective weights. Following, the vectors 

are normalized.  
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Finally, cosine similarity, which is the dot product of normalized vectors, is computed over 

all possible pairs of topic and cluster vectors. The result is a 𝑇 by 𝐶 similarity matrix that can be 

visualized as a heatmap, from where the most similar topic and cluster can be observed. 

7.3.1.4 Data sources 

The methodology presented above is text driven. Given that the topics in newspaper articles 

are linked to academic papers in English, we chose an international newspaper to source the 

information of Japan. The New York Times was selected as database because is worldwide known, 

regarded as a quality provider of news, and several academic research has been done on its corpus 

(Melton et al. 2016), (Newman et al. 2006). 

News articles about Japan were extracted from The New York Times by using the 

Application Programing Interface (API) they provide. The New York Times API covers a 

comprehensive archive of international news dating back to September 1851 (The New York 

Times 2016). Furthermore, they keep a controlled vocabulary, also called Times Tags or Times 

Topic Pages, to refer to specific people, events or places. As query, instead of searching the news 

that contains the term “Japan” we search for the Times Topic “Japan” in order to be sure we get 

the news articles about Japan. Results were filtered to get only those of blog, business, education, 

food, front-page, health, open, opinion, public editor, science, technology, times topic, topics, and 

world sections (i.e. those sections that are unlikely to represent a social issue as obituary, dining 

& wine were not taken into account). Because we are interested in recent social issues we retrieved 

articles from January 2010 to November 2015, resulting a total of 1528 news articles. 

For the papers, the Web of Science core collection by Thomson Reuters was used to retrieve 

bibliographic data about robotic technologies. The Web of Science is known as a reliable source 

of journal articles, indexing more than 12000 journals in basically all disciplines since 1970. The 

query was as follow “(social* or service* or personal or consumer) NEAR/2 robot*” spanning 

trough all years available.  3908 records were extracted. 

7.3.2 Results 

1528 news articles about Japan were extracted from The New York Times, and 3908 journal 

articles about social robotics were retrieved from the Web of Science.   In this section we present 

the characteristics of each of those datasets and how they are related. News articles were analyzed 

through topic models. We fitted the model using different amount of topics in a range from 2 to 

50, and determined that 49 topics was the best solution for the news data based on the maximum 

log-likelihood as is shown in Figure 7-2. 

 

 

Figure 7-2 Estimation of the number of topics.  
Based on maximum log-likelihood the highest value is reached at 49 topics. 
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The 49 topics about Japan are shown in Figure 7-3. Axes are the two principal components 

after multidimensional reduction representing relative distance among topics, those appearing 

closer each other  are likely to be semantically related. Topics are ordered based on the size, which 

is an indication of how many words the topic collected in relation of all words in the corpus. Topics 

were named by human judgment based on their contents as shown in Table 7-1. Not all topics are 

about social issues. Because we are mining news about a country it is expected to get all kinds of 

topics related to that country. So that, topics about Japanese films, politics and so on can be spotted 

in the model.   The largest topic 1, seems to be meaningless. It collects general words that cannot 

be allotted in other topics. These type of topics is called junk topics, and do not contribute to the 

analysis. They are also expected and are subject of study for its automatic detection and elimination 

(AlSumait et al. 2009). 

 

Figure 7-3 Topics about Japan obtained from news articles in The New York Times.  
Axes are the two principal component after multidimensional reduction. They represent relative distance. 

 

 

Table 7-1 Names of topics after manually inspecting their contents. 
List of topics 

1. General (Junk Topic) 
2. Government  
3. US Diplomatic Relations 
4. Fukushima Daiichi 
5. Senkaku Islands  
6. Japanese and Foreigners 
7. China  
8. Concerns on Radioactivity 
9. Nuclear Reactor Cooling 
10. Prime Minister  
11. Economics  
12. Accident and Disasters 
13. Politics  
14. Radiation Leaks  
15. International 

17. Local Migration  
18. Airspace  
19. Political Scandals 
20. Military  
21. World War II  
22. Historical Relations with 

China 
23. War Apologies  
24. Damages on Infrastructure 
25. Earthquake and Tsunami 
26. South Korea  
27. United Nations 
28. Nuclear Energy Policy 
29. U.S. Military Bases 
30. Electronics Companies 

33. Journalism  
34. Undersea Exploration 
35. Whaling  
36. Investment  
37. Overseas Education 
38. Middle East  
39. Culture and Traditions 
40. North Korea  
41. Internet  
42. Law and Religion 
43. Climate Change  
44. Academic Research 
45. Film  
46. Social Demonstrations 
47. Sports  
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16. Nuclear Plant Reactivation 31. International Business 
32. Birthrate and Elderly Society 

48. Research on Health 
49. Literature and Arts 

 

The bottom-left corner of Figure 7-3 groups 5 topics all referring to nuclear energy, 

particularly about the issues after the Fukushima incident. It is clear, according to the news in our 

dataset, that nuclear energy and its implications have received great attention in Japan, and by 

grouping them together is the main issue observable. Other topics that can be regarded more 

strictly as social issue are 17.- Local migrations and 32.- Birthrate and elderly society. 

Nevertheless, many others also contain a social component. 

Table 7-2 shows the top words and news of selected topics. The junk topic collects words 

that do not convey meaning as a whole, and it is verified when looking at the news which seems 

to be unrelated. The other topics are coherent. Neglecting topic 1, topic model was able to map 

themes about Japan in a semantically meaningful way. Some of the topics may point to social 

issues, others are just an account of people, things or events. The next task is to link the topics to 

robotic technologies. 

 

Table 7-2 Composition of selected topics from news articles. 
Top 10 words and top 3 news are shown. 

Topic 1: General (Junk Topic) 
Top words Question, people, don’t, time, make, things, sense, point, hard, ways… 

Top News 
Living with Mistakes 
Is Nuclear Power Simply Too 'Brittle'? 
Ghosts in a Secular Age 

  
Topic 9: Nuclear Reactor Cooling 
Top Words Fuel, reactor, rods, cooling, containment, water, vessel, spent, hydrogen, pools… 

Top News 
A Look at the Mechanics of a Partial Meltdown 
In Fuel-Cooling Pools, a Danger for the Longer Term 
Chemistry 201: Why Is Fukushima So Gassy? 

  
Topic 32: Birthrate and Elderly Society 
Top Words School, children, women, parents, son, mother, care, female, marriage, elderly… 

Top News 
On The Liberal Marriage Hypothesis 
A New Ratio for the Japanese Cram School 
Desperate Hunt for Day Care in Japan 

  

 

An academic landscape was created by exploiting the citation relations of the articles on 

social robotics. The largest component of such citation network is shown in Figure 7-4. It consists 

of 1562 nodes, and 3079 edges, divided in 33 clusters. The figure also shows the top 5 clusters by 

number of nodes. In the network each cluster captures the research areas on social robotics. Table 

7-3 shows the contents of selected clusters. 
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Figure 7-4 Citation network of social robotics.  
The top 5 clusters are: 1. Robots for therapy and education, 2. Human-Robot interaction, 3. Mobility in 

closed space, 4. Robot interaction in the work place, 5. Robots for domestic tasks. 

 

Table 7-3 Composition of selected clusters on social robotics.  
Top 10 words and top 3 papers are shown 

Cluster 1: Robots for therapy and education 
Top words Child, autism, asd, social, disorder, emotion, therapy, expression, imitation, autistic 

Top papers 
A survey of socially interactive robots (Fong et al. 2003) 
Socially intelligent robots: dimensions of human-robot interaction (Dautenhahn 2007) 
Anthropomorphism and the social robot (Duffy 2003) 

  
Cluster 2: Human Robot Interaction 
Top words Older, social, child, acceptance, dementia, attitude, participant, assistive, paro, adult 

Top papers 

Interactive robots as social partners and peer tutors for children: A field trial (Kanda et al. 2004) 
Acceptance of Healthcare Robots for the Older Population: Review and Future Directions (Broadbent et 
al. 2009) 
Social Robots for Long-Term Interaction:  
A Survey (Leite et al. 2013) 

  
Cluster 16: Robots for Hazardous Environments 
Top words Unmanned, climbing, inspection, façade, vehicle, tele, wall, industry, adhesion, sea 

Top papers 

Intelligent legged climbing service robot for remote maintenance applications in hazardous 
environments (Luk et al. 2005) 
Tele-operated climbing and mobile service robots for remote inspection and maintenance in nuclear 
industry (Luk et al. 2006) 
Comparing speed to complete progressively more difficult mobile robot paths between human tele-
operators and humans with sensor-systems (Sanders 2009) 

  

 

Semantic connections were stablished among papers and news articles by calculating the 

similarity of terms that conforms each topic and cluster. Only the 100 most relevant words 

(forming a total vocabulary of 5559) were used to compute the similarity matrix that is presented 

in the form of a heatmap in Figure 7-5. The intensity of red imply more similarity. A higher 

similarity is an indication that they are semantically related. However, because the nature of 

language, it is possible that some pairs share words that are meaningless in the opposite context. 

The similarity matrix is just a tool to rank connected pairs, but they still have to be manually 

evaluated to assess the quality of their relation.   
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Figure 7-5 Similarity between topics of Japan and clusters of social robotics.  
Y-axis and x-axis respectively 

 

The 10 most similar topic and cluster pairs are shown in Figure 7-6. Three topics are 

associated to the clusters of human-robot interaction and robotics for hazardous environments. On 

the other direction 3 clusters point to the topic birthrate and elderly society. At first glance the 

linkage seems to have a good semantic relation, and a further analysis was conducted to verify 

their relatedness. 

Birthrate and elderly society is a topic that collects several social issues. Some news were 

shown above in table 1, and some other headlines like “The Fertility Implosion”, “How in the 

World Will We Care for All the Elderly?”, “Japan’s Need for Women Workers”, appear in this 

topic along with some associated to children education. Each of them refers to known social 

concerns of Japan like fertility, elderly society, women empowerment, and others. This topic is 

linked to the clusters of human-robot interaction, robotics for therapy and education, and emotional 

attachment to robots, being a plausible connection between social issues and possible solutions 

through robotics. On the many possibilities of robotics for elderly care has already been reported 

by Ittipanuvat (Ittipanuvat et al. 2014), we can highlight the cases of robot Paro (Chang et al. 2013) 

and Keepon (Kozima et al. 2009) robots companions for the elderly and children, as examples of 

the many socially interactive robots that belong to the clusters. On table 3 we indicated more papers 

suitable for this linkages. For the emotional attachment to robots cluster we can mention the work 

of Bainbridge (Bainbridge et al. 2011) on the benefit of physical interaction with robots in games.  

 

 

Figure 7-6 Pairs of topics about Japan and clusters of social robotics having the highest 
similarity.  
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The number in the connection is the ranking based on similarity, blue lines indicate a problem-solution 

relationship 

Another group of linkages is the one connecting nuclear issues to robots for hazardous 

environments. Examples of headlines in these topics are: “Accident at Fukushima Daiichi Nuclear 

Plant”, “Japan Restarts Nuclear Reactor”, “Japan Plans Safety Assessments of Nuclear Plants” and 

those shown in table 1.  A clear concern on nuclear energy is observed. For the issue on safety on 

nuclear energy production robotics may provide some solutions. Cluster 16 refers to tele operated 

robots able to move in unstructured terrain or climb vertical surfaces, some of them specifically 

designed for nuclear environments (Luk et al. 2006). Linkage to cluster 30 is also present, this 

contains indication on the design for safer robots (Woodman et al. 2012). 

Not all connections discovered have a problem – solution relation. The second highest 

similar linkage joins the topic of internet and the cluster ubiquitous robotics. While it is true that 

both share many words, they belong to different semantic space. The topic internet, contains news 

related to the Internet as a whole having headlines of the type “Hackers Find Way to Outwit Tough 

Security at Banking Sites” or “Virus Infects Computers in Japan’s Parliament” that are unrelated 

to the ubiquitous robotics. The cluster refers to technologies connecting  the robot to multiple 

sensors in the environment (Rusu et al. 2008) or to tele-operate robots through the Internet (Schulz 

et al. 2000).  

Lastly, the topics of Japanese and foreigners, and overseas education where linked to the 

cluster of human-robot interaction. Both topics contains stories of foreigners living in japan, or 

Japanese living abroad. This kind of news use several words conveying emotional meaning (e.g. 

friends, feel) that happen to be present in the human-robot interaction cluster as well. Because the 

topics do not relate to specific issues or concerns, no solution can be associated from the cluster. 

As shown above, linkage between topics and clusters by measuring the similarity of their 

text only, cannot be considered as evidence of a problem – solution relation for all connections. 

However, it is useful to recognize possible options and after inspection decide whether exist 

technologies that answers the problems observed 

 

7.3.3 Summary 

In this chapter we established semantic connections between topics about Japan found in an 

international newspaper and social robotic technologies published in academic articles. Semantic 

relations were helpful to connect local but broad issues of the selected country, to specific 

technologies in the robotics field. We used the robotics technologies as example, but other 

technology research fields may be used to connect the same topic model. Comparing the 

connections of multiple technologies to the topics of the same country might be useful for policy 

makers to spot research opportunities. By studying the topic model, important social issues (i.e 

larger topics) that don not show strong connection to technologies may serve as indicator of those 

opportunities. So that, the connection map either represented as heatmap or as the linkages in 

Figure 7-6, might be beneficial for analyzing both, stronger and weaker relationships. Such 

comparison deserve deeper analysis that will be conducted in future research. 

Limitations were found in this research. Newspaper articles about Japan were extracted from 

an international newspaper. Even though this source is regarded as reliable, the use of domestic 

newspapers may be expected. Some Japanese newspapers also offer information in English but the 

availability of those databases was limited and could not be used. Nevertheless, the topic model 

described here reveals the themes on Japan that are relevant from an international point of view, 

which is at the same time a hint of relevancy, because topics that get great attention locally are 

prone to be displayed internationally as well. More research is needed to understand the usage of 

international press as proxy to evaluate local issues. On the other hand, the advantage of 
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international outlets of news is that one source may be used to analyze several countries, or  

regions. These opportunities are yet to be explored. 

Extracting text similarity served as indicator of relatedness, but not all the observed 

connections shown a solution to a problem. The tasks of separating the social issues from general 

topics, and identifying solutions from the connections still depends on human reasoning, and 

further work will be required to understand how completely automate them. However, the 

methodology is helpful to reduce the effort of selecting the best alternatives. 

Further work is needed to evaluate the performance of topic models compared to other text 

mining methodologies in the domain mapping and research fronts identification tasks when 

analyzing academic articles. We will consider such questions in the future. 

 


