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18.1 INTRODUCTION

Although data are an essential component of innovation studies, and in par-
ticular, innovation policy, the importance of data is usually underestimated.
However, in our experience as researchers, finding the fit-for-purpose data,
granting access and manipulating data are essential steps to produce accu-
rate policy advice with significant impact. Indeed, recent developments in data
analytics, open data and data-driven technologies are opening up new oppor-
tunities. Increasing the availability of digitalisation and datasets can contribute
to uncovering more diverse areas of policy activity, increase potential impact
and become a foundation for more creative outputs and strategic design. Still,
deciding what data to use, where to harvest these from and understanding
its opportunities and limitations remain significant challenges for innovation
studies scholars.

Throughout the years, the data available to use and capture innovation has
transformed. The historical prevalence of manufacturing businesses led inno-
vation studies researchers to use data inputs, such as the number of Science
and Technology (S&T) engineers and R&D expenditure as main data sources.
However, over time, consumers have become more demanding by changing
their preferences towards more bespoke products and services, and businesses
have adapted their strategies by putting a higher emphasis on the service rather
than the products (Frank et al., 2019). Such transformation has manifested
in the firms’ business strategies; specifically, by pushing for more innovative
ways to create value and alternative business models. In this context, the rapid
advance of technologies (see van Meeteren et al., 2022) has urged strategy
advisors in the public and private sectors, and those who study innovation, to
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reconsider how innovation emerges and what are the most effective ways to
capture innovation.

Due to the rapid changes in industries, the boundaries between the manufac-
turing and the service sector have become blurred, and technological change
can take directions that are based on digital transformation, which can gener-
ate changes in the technological trajectory. This evolution of industries chal-
lenges the academic community to find the right proxies to map innovation.
More so, the sudden development of technologies, and in particular, the role
of Artificial Intelligence (Al) in the economy, has expanded the limits of the
data that scientists and researchers can access. Now, the options available for
innovation and innovation research are broad in scope and nature, presenting
significant opportunities but also limitations. Researchers can expand on tradi-
tional alternatives such as patent data to more revolutionary options such as big
data, generated by the digital footprint of services, and user-digital footprint
datasets.

In this chapter, we reconsider new types of data for Science, Technology and
Innovation (STI) research and discuss six different data alternatives, review-
ing their opportunities and limitations to capture innovation. The main aim of
this chapter is to provide innovation studies scholars with an account of the
data options and discuss their opportunities and limitations, from traditional
data sources to more novel and challenging alternatives that have emerged
throughout the digital revolution. Before doing this, however, we will briefly
discuss the new context of innovation, including the new service economy and
rapid technological change. This is followed by a discussion of the main data
alternatives for innovation research, and finally, we conclude with a discus-
sion on future trends and offer some recommendations on how researchers can
reshape the way innovation is captured.

18.2 NEW SERVICE ECONOMY AND TECHNOLOGICAL
CHANGE

As the service economy expands, information has acquired more relevance
than tangible products. The focus on services, together with amplified digitali-
sation, has made advancements in information and communication technol-
ogy (ICT) the cornerstone of innovation. Firms are presented with increasing
opportunities for process and product/service innovation. For these firms, digi-
talisation means not only new forms of work, but it also influences how they
create and capture value, which is mainly created from the intellectual work of
employees, often acting as frontline workers in cooperation with clients.
Indeed, the digital transformation has shifted industries into service-ori-
ented business models, becoming the new standard for economic growth. Yet,
such transformation has not only impacted the service industries, but society
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as a whole. Technologies, like Al, Machine Learning (ML), Natural Language
Processing (NLP), Robotics, Big Data, have become a cornerstone to acceler-
ate and systematise innovation in firms and a driver to satisfy increasing and
more complex needs from stakeholders.

The new panorama in the economy, dominated by new services and expo-
nential technological change, in particular digitalisation, created challenges
that are important to consider when researchers attempt to develop insights
and capture innovation for the following reasons:

1.  Exponentially rapid technological changes that transform industries,
either through training and skills; business model innovation derived by
colliding non-specific industries, and changes from developing products
to services, or a mix of the two.

2. Predefined categorisations (for example patent classifications or static
samples) present limitations in considering the rapid changes in ‘real
world’ technologies.

3. Traditional statistical agencies struggle with the increasing cost of data
collection as response rates are decreasing and costs are rising, urging
researchers to reconsider data alternatives beyond the traditional sources.

4. New technologies have encouraged the emergence of new data companies
that use web scraping, leveraging Internet of Things (IoT) data, among a
range of sources. These new alternatives require careful consideration in
order to allow the research community to understand their potential and
inherent risks.

The following section will describe different data alternatives to study and
capture STI, ranging from scientometrics (a more traditional source) to Big
Data (a newer alternative). Each data type will be presented with its opportuni-
ties and limitations. Table 18.1 summarises the opportunities and limitations.

18.3 CURRENT DEVELOPMENTS IN DATA
ALTERNATIVES IN THE STUDY OF SCIENCE,
TECHNOLOGY AND INNOVATION

18.3.1 Patent Data

Patents are recognised as a very rich source for studying innovation as they
contain a wealth of information. A patent is a document that grants legal own-
ership over an invention to a subject and is issued by an authorised governmen-
tal agency, permitting the right to exclude anyone else from the production or
use of the invention for a stated number of years (Griliches, 1991). Patents have
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been used to measure innovation because they contain a ‘documented trail’
based on standard classifications or classes (IPC edition 2023.01 consists of
eight sections, 131 classes, 651 subclasses, 7,590 main groups and 78,378 sub-
groups) that permit changes to be tracked. Information such as patent numbers,
document types, titles, inventors, International Patent Classifications (IPC),
application dates, technical specifications, references to previous patents (‘pat-
ent citation’) and patent lifecycle details can be useful to capture and analyse
innovation. Patents are also relatively easy to access, at an almost null cost.

Throughout the years, patents have been used in innovation research, and
several examples can illustrate this. Trajtenberg (1990) was the first to develop
a way to evaluate potential knowledge diffusion and the level of significance
of an invention by counting the number of patent citations for Computed
Tomography technology. Sakakibara and Branstetter (2003) looked at the total
number of claims in the patent documentation. They concluded that the higher
the number of claims per patent, the more novel it is, since it relies on a broader
scope of other patents. More recently, the use of new methodologies borrowed
from other research fields, such as Network Analysis or Natural Language
Processing (NLP), has allowed the conversion of patent data into new types
of input by extracting specific ‘key-words’, ‘tags’ or ‘labels’ to identify the
inventions. These new methods allow for a ‘breakthrough’ from the traditional
structural citation methods and turn the original patent data into other signifi-
cant information that nurtures innovation research.

Patents, however, also present some limitations to capturing innovation.
Although patents can provide extensive information regarding the inven-
tions, their documentation fails to track their practical utility. In practice, this
means that the ‘real’ economic value of the innovation is hard to determine,
and therefore, the real impact of technological progress will not be able to be
proxied by the patents alone (they will require connections to economic activi-
ties such as exports, productivity and labour). Second, patent data and industry
classification are based on static codes (for example, IPC). This means that
some significant aspects to characterise innovation can be omitted because of
the static classifications. For example, the IPC for the biotech industry was last
updated in its 8th Edition (OECD, 2009), which means that the new disruptive
developments of Al in biotech are less likely to be accurately reflected by these
classifications.

Furthermore, the new dominance of services and the constant pace of tech-
nological progress mean that not all ideas are patentable, including the failure
to capture R&D activities or the adoption of new technologies that lead to
innovative products or processes. This makes patents an indicator that does
not necessarily capture all methods of creating knowledge. In general, pat-
ents present a lag in tracking innovation because the granting process in most
countries takes around 18 months. This means that, in fast-moving innovative
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sectors, patents are not entirely useful to provide up-to-date evidence of tech-
nological change. Finally, technological companies lack urgency and incen-
tives to apply for patents. This means that although, in some sectors, there
is a common agreement that ‘first to invent’ gets priority over ‘first to file’.
This can be exemplified by software companies, where patents are not neces-
sarily the common way to create a competitive advantage (Levin, 2004). In
today’s business environment, securing a growing initial customer base, or
fast-revenue generation model, is more likely to give a company a competitive
advantage rather than a patent. Technologies (such as software) are intangible
assets, which can easily be copied, making infringement more challenging
or not worthy of the resources to reinforce it. Some of the most popular tech
companies have prospered by promoting open codes and developments, which
can be used by others to innovate.

18.3.2 Bibliometrics Data

Similar to patent data, bibliometrics have a pre-structured taxonomy. However,
they use and analyse scientific publications and draw upon two elements of
information: the publications recorded in bibliographic repositories and the
citations garnered. Bibliometrics use quantitative techniques, such as co-cita-
tions, bibliographic coupling, co-word analysis, and co-authorship to capture
research impact and influence in specific topics, technologies or methods.
Publications are, in general, highly accessible and contain rich data, which
can then be processed through inexpensive and fast procedures. Yet, analys-
ing such data might require extensive preparation and standardised methods.
Bibliometrics have been central to the investigation of the role of technologies
such as AI/ML, and design-rich STI frameworks that help to crystallise cur-
rent thinking in different fields.

In recent years, bibliometrics have grown in business innovation research.
This can be explained by the cross-disciplinary influence of bibliometric meth-
odologies and the combination with newly available text-mining techniques.
Scientific data have also become more accessible through platforms such as
Scopus and Web of Science, which also permit the extraction of vast amounts
of scientific publication data. The availability of data combined with scalable
methodologies makes this data easy to analyse at different levels (for example
individual, institutional, national or international level).

Although bibliometrics benefit from the wealth of data and the availabil-
ity of software tools, there are some limitations. Publications can proxy only
part of the knowledge produced, which is tailored to specific guidelines (pre-
sented by publishers) and differs in their intended purpose. The repositories
do not necessarily include the original data, and what is available is at the
discretion of the researchers. If researchers intend to use citations, these do not
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necessarily provide enough information as existing data are constrained by the
structure of papers and citation conventions.

Another consideration relates to the availability of publications and the focus
on most-cited works. While highly co-cited works can be regarded as more
influential and can provide evidence of trends and research patterns’ change, it
is important to consider that a citation does not always arise for the right rea-
sons, that is, an article can be cited a lot but for negative reasons. Dismissing
information beyond the citation can lead to overestimating influential factors
in capturing a phenomenon or the advance in a particular field. Similarly, only
focusing on cited or published work ignores important data that might be more
difficult to access because they were not cited, found in academic repositories
that are less popular or perceived as not being of sufficient quality.

18.3.3 Commercialisation, and Government R&D Funding Data

Another significant way to capture innovation is through knowledge com-
mercialisation of Research and Technology Organisations (RTO), including
universities and government R&D funding data, both of which relate to pub-
lic-funded programmes or publicly funded institutions that foster innovation.
These sources of data, in contrast to patents, are more related to the exploita-
tion or further advancement of innovation. Commercialisation data are based
on the transformation of theoretical knowledge derived from research pursuits
into tangible marketable activities, while government R&D funding data are
mainly captured through the process of obtaining resources from government
agencies. Both types of data can reveal patterns in the process of innovation
that firms pursue beyond the outputs of innovation.

A significant source of innovation through knowledge commercialisation
data can be found in knowledge exchange initiatives. Knowledge exchange is
mutual fertilisation between RTO and the external stakeholders, in particular
the business sector. It includes the exchange of resources and intellectual prop-
erty, expertise and fundamental resources that propel innovation. Through this
collaboration, RTOs can go beyond their primary focus on the exploration of
new ideas and fundamental knowledge and tie these to businesses’ practical
considerations and the application of this knowledge, ultimately gaining prof-
its from it. The whole knowledge transfer process and its economic impact (for
example, revenues) can be captured, constituting an important source of data
to understand innovation.

Government R&D funding data also relate to public expenditure on innova-
tion. As funding is a necessary activity to facilitate innovation, firms engage in
different processes to obtain this, including the application for external funds.
For example, government agencies regularly subsidise research and develop-
ment in new ventures (for example The Small Business Innovation Research
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— SBIR - and Small Business Technology Transfer — STTR in the US, and
UKRI in the UK). In such applications, firms may be required to disclose
important aspects of their innovation process to compete for funding. Such
data present good opportunities for researchers as they provide them with sig-
nificant granularity and the possibility to link outcomes to processes (Pirog,
2014). For example, a researcher may use funding data to connect information
between applicants’ characteristics and the funding beneficiaries’ organisa-
tional traits. Furthermore, as the application process requires applicant firms
to provide a lot of firm-level details, it creates a source of rich and varied data,
such as nuances in the firm’s R&D stages.

Both commercialisation data and government R&D funding data have some
limitations. The first and most important is the access to these data sources.
Because of data privacy and bureaucratic processes, obtaining this data may
require significant time and effort. Second, both sources are strongly biased
towards large firms that are more likely to engage with public funding; hence
SMEs that constitute the lion’s share of the economy are less likely to be rep-
resented. Third, government R&D funding data covers only a small fraction
of the Gross Domestic Expenditure on R&D, as it is very much private sector-
led. Therefore, this source is more suitable for capturing fringe R&D fields
which would not have obtained resources from the private sector and would
be dependent on government investment. Hence, it is more likely to cover the
‘R’ in the R&D expenditure. Fourth, aspects such as the quality of the relation-
ships in knowledge transfer partnerships, or the exact details to understand
the process of research in a firm before a grant application, are not always
straightforward to capture (hard to operationalise). In some cases, to measure
significant variables, researchers might need to use proxies or rely on incom-
plete information. Finally, the processes of knowledge transfer and funding
application might also involve interdependencies with other actors and asym-
metries between applicants/funders or providers/recipients of knowledge, such
that the relationship is unlikely to be linear and might happen through stages
instead (Wehn and Montalvo, 2018). Therefore, measuring some effects might
become a methodological challenge.

18.3.4 Labour and SKkills Data

Another alternative to comprehend how knowledge is created and adopted, and
in turn, how innovation emerges, is to look at the labour market. Labour data
is key in technological change because it influences digital skills and allows
a widespread adoption of new technologies. Looking at the labour market
requires going beyond its relationship with economic growth and productivity,
and further towards considering the digital footprint of job demand-related
factors.
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In this sense, the traditional sources for studying labour economics, and
its link to knowledge generation and increase in productivity, are the Labour
Force Surveys. However, as job advertisements are predominantly published
online nowadays, it is possible to track their digital footprint to generate key
labour data. For instance, Burning Glass Technologies (BGT) collects job
advertisement data using web crawling techniques that browse online job
boards and other websites. Hershbein and Kahn (2018) used this type of data
to look at the transformation of the labour market with respect to technological
skills. Using BGT allowed them to systematically track changes from unstruc-
tured data into structured data, which can then be categorised into specific
predefined variables.

This type of data also has the advantage of producing near real-time infor-
mation about job advertisements, such as trending skills and their geographic
distribution. Furthermore, it can harvest multiple fields, for example location,
industry, occupation, skill requirements, firm identifier and salaries, years of
experience requested, education level required or preferred by the employer
and so on. It also provides deeper granularity that allows for the tracking of
changes over time (for example, by checking how the skill sets in job adver-
tisements change).

Some limitations of this type of labour and skills data relate to their abil-
ity to represent the real-world demand and supply for labour in the economy.
In principle, the data are digitally biased, that is, they only contain positions
advertised online. This can affect representativeness in certain occupations.
Furthermore, digital biases can lead to disproportionate results, especially
when aggregating skills and industries or focusing on certain occupations.
Finally, the connection with innovation or new ideas can be complex to
achieve just by using this data source. This means that this data source could
benefit from integration with other census sources, as argued by Hershbein et
al. (2018).

18.3.5 Real-Time Business Data

Similar to BGT data, near real-time business data is a new alternative that
allows capturing innovation. Businesses’ big-data are generated (and later
verified and validated) by harvesting public information, using web crawlers,
Al and text-mining techniques, connecting through third parties’ data compa-
nies’ API, and recently even partnering with government ecosystem platforms.
This process generates data on multiple actors (for example start-ups, scale-
ups, investors, corporations, and their characteristics). The attractiveness of
these data has facilitated the rapid emergence of business-to-business (B2B)
data broker companies (for example Dealroom.co, Crunchbase, PitchBook,
Beauhurst), which connect through APIs with specialised data companies
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(for example Owler, IPqwery, SimilarWeb, BuiltWith and so on), which create
these large, dynamic data sets that offer better granularity and intelligence for
the business analytics market.

In this respect, the volume of academic research using this type of data has
also grown, with scholars focusing on insights regarding knowledge-intensive
companies and their innovation financing. The main advantage of this type of
data is that it has the possibility to capture innovation beyond what is patented,
due to its wider coverage of SMEs that do not formally register innovation,
and yet are in the constant process of adopting technology and improving their
business models (Méniere et al., 2017). The rapid development of technology
and increasing digitisation have also eased the capture of international and
cross-industry data, offering more insights about service-based industries,
which are usually more difficult to capture through other alternative data (van
Meeteren et al., 2022).

In spite of the advantages of this type of data, one of the main limitations
is the lack of transparency in the processes of data scraping and generation.
As data companies profit from selling their data, the engines and algorithms
used to obtain the data are curated internally, and validation methods are not
disclosed. Also, some researchers have highlighted that some of the data com-
panies have geographical constraints for Africa, Asia, and South America,
which tend to have less presence. For example, Dalle et al. (2017) conducted a
comparative study between the OECD Entrepreneurship Financing Database
and the near real-time data platform Crunchbase, revealing favourable cover-
age of new ventures in the United States and Europe. Another disadvantage
is the lack of flexibility in the data structures, as this is decided by the data
companies.

Relying directly on web scrapers and third-party data that use their propri-
etary web scraper algorithms could also pose concerns regarding the variance
of the results and potential selection bias. For example, Kinne and Axenbeck
(2018) found that more innovative firms with registered patents tend to be over-
represented in web mining studies. Finally, data scraping is an expensive exer-
cise in terms of resources, increasing the cost to access this type of data.

18.3.6 Digital Footprint of User-Generated Big Data

The widespread use of social media and IoT has increased the availability
of structured data in large volumes. Digital markets (social networks, mar-
ketplaces, or any digital platform) allow users to share their interests and
concerns about products and services, as well as engage with companies and
communicate with them. Furthermore, using IoT sensors allows users’ behav-
iours and preferences within physical environments to be registered. The
data that emerge from these interactions are known as user-generated data.
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Organisations and researchers can identify patterns using these large data-
bases generated by the user digital footprint. For instance, Saura et al. (2021)
explored Open Innovation by using user-generatedcontent on social media.
They found eight Open Innovation patterns by combining users’ opinions and
sentiments through analytics. The novelty of the user digital footprint has so
far shown the potential to lead to more innovative approaches by altering pro-
cesses, developing new products and services, and increasing user engagement
through constant interaction and even more data generation.

The promise of users’ digital footprint big data has attracted great inter-
est in recent years. This is partly because the development of ICT and web-
based technologies facilitated the processes of knowledge creation, sharing
and integration, which can ultimately lead to innovation. Yet, this (big) data
is excessively complex, characterised not only by its large size but also the
wide heterogeneity and high variability over time (Chen and Zhang, 2014;
Lycett, 2013). Hence, its exploitation requires management and analysis capa-
bilities beyond traditional databases and software tools. Technologies such as
Al ML and Deep Learning can be used for this purpose. However, they usu-
ally require sophisticated knowledge, skills and resources to be implemented,
which can lead to excessive costs before exploiting the knowledge. Further
concerns entail users’ privacy, as some companies that collect these data pri-
oritise economic objectives above ethical design and users’ welfare (Saura et
al., 2021). In many application sectors, users are unaware of not only issues
related to data privacy, but more importantly, the full economic value of their
data (Rubin et al., 2022).

18.4  CONCLUSIONS AND FUTURE RESEARCH IN
INNOVATION

In this chapter, we have delved into multiple data sources and discussed their
opportunities and limitations, from patents and bibliometrics, a well-known
and standardised option to capture innovation, to the digital footprint of big
data sources, representing a more novel approach led by digital transformation
and servitisation across the economy. Researchers can choose among these
options, looking at aspects such as granularity, real-time tracking and the flex-
ibility to adapt to the objectives of their research. This is especially significant
if the data will later inform policy makers and other scholars, so they can
track the current state of innovation development. Although we have not talked
about the connection between innovation research and policy making, it is
undeniable that more suitable data sources can better inform public policy —
hence, more accurate policy can be tailored. Indeed, the power of combining
public intent and private intent data can offer more accurate insights that are
relevant not only to some groups but to society as a whole.
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The future of data for innovation research might develop in at least three
alternative paths. First, researchers can take more holistic approaches to cap-
ture innovation by combining data sources (for example using pre-configured
data, such as patents with either near-real-time data, or with advanced analyt-
ics that generate new structural data). As was demonstrated by Kinne and Lenz
(2021) that developed new data sources, they not only trained an ML model
using pre-configured patent data in order to identify innovating firms but also
benchmarked their results with patent data and regional innovation indicators.
The use of new technologies, such as text mining or machine learning, can cre-
ate new variations of data, which can then be analysed using statistical analy-
sis techniques. This point leads to the second path, which relates to the use of
Generative Al. Large Language Models (LLM) such as ChatGPT, developed
by OpenAl, and Gemini, developed by Google, are expected to transform the
way we work, enhance processes and develop new applications that we can
only imagine now. Generative Al has the potential to replace the generation
of existing digital footprints and create new data points that go beyond cur-
rent innovation indicators. The novelty of this technology also comes with
increasing concerns and uncertainties that are yet to be explored. Finally, digi-
tal regulatory mechanisms, for example Open Banking, Open Finance and
Smart Data, and the growing digital connectivity between different public
services, could generate a new set of data that could be utilised by the scholar
community.

In order to incorporate new sources of data relevant for STI studies,
researchers should look at the opportunities and limitations that each option
offers. It is also important to consider regulations, standards and other norms,
especially when evaluating the more novel sources (for example, Generative
AlI). Researchers should always consider data privacy, control and governance,
as well as keep in mind the alternative to democratise access to data. This also
means striving to create the maximum value from data, informing policy mak-
ers, and promoting equality and trust among all stakeholders in the innovation
ecosystem.
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