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Abstract 
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patents - provide an incomplete picture as they represent inputs and throughputs in the 
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comings typical to sample surveys, including incomplete coverage of the firm sector, low 
timeliness and limited comparability across industries and firms. The availability of big 
data sources has initiated new efforts to collect innovation data at the firm level. This 
paper discusses recent attempts of using digital big data sources on firms for generating 
firm-level innovation indicators, including Websites and social media. It summarises 
main challenges when using big data and proposes avenues for future research.  
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1. Introduction 

Measuring innovation in firms for analysing the determinants and impacts of innovation activ-

ities has long been resting on R&D and patent data (see Cohen 2010, Griliches 1984) since 

these data are readily available from firms' financial accounts (R&D) or from publicly acces-

sible data bases (patents). Both measures give a somewhat biased picture of firms' innovation 

activities, however, as not all innovations are based on own R&D efforts (Rammer et al. 2009, 

Som 2012) or patenting, and not all patents result in innovations (Griliches 2007). For fully 

capturing innovation in firms it would be required to measure innovation output, i.e., the in-

troduction of new or improved products in the market or of new or improved processes in the 

firm (OECD and Eurostat 2018), 

Using existing data for output measurement of innovation at the firm level turned out to be 

challenging. Early approaches using literature-based output indicators obtained from trade 

journals (Kleinknecht et al. 1993) or expert-based lists of major innovations (Geroski et al. 

1997) suffered from a bias towards product innovation and economically important innova-

tions. Dedicated firm surveys on innovation have been developed as an alternative approach 

for measuring innovation. Building upon first experiences from Germany (Meyer-Krahmer 

1984) and Italy (Archibugi et al. 1987), the European Commission launched a large-scale in-

novation survey in 1992, the so-called Community Innovation Survey (CIS). This survey has 

become part of business enterprise statistics and is currently conducted in almost all European 

countries (Arundel and Smith 2013). Many non-European countries also regularly run surveys 

that collect information on innovation activities of firms, often following the CIS model, in-

cluding Latin American countries (Castellacci and Natera 2012), Asian countries (Hong et al. 

2012) as well as Canada, the United States, Australia and New Zealand. 

Firm-level surveys on innovation come with some shortcomings, however. First, innovation 

survey data has been criticised on low international comparability due to differences in ques-

tionnaire design, sampling, and survey methods (Archibugi and Pianta 1996, Kleinknecht et 

al. 2002, Mortenson 2008). Secondly, innovation surveys are usually confined to a subset of 

the business enterprise sectors, often excluding very small firms or certain industries, hence 

failing to produce innovation data for the entire economy (Archibugi and Pianta 1996, Tether 

2002, Cirera and Muzi 2020). Thirdly, innovation surveys apply definitions of innovation 
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which assume that all survey respondents understand in the same way, even though the inter-

pretation of what is new or significantly improved to the firm is subjective (Arundel and 

Smith 2013, Cirera and Muzi 2020). In addition, the use of a uniform definition of innovation 

makes it difficult to represent special features of innovation in certain industries, limiting the 

comparability of innovation data across industries. Fourthly, innovation surveys are usually 

designed as sample surveys and are subject to unit and item non-response which may limit the 

statistical reliability of the results. Finally, conducting innovation surveys usually takes a sig-

nificant amount of time (Kinne and Lenz 2021), resulting in a substantial time lag between the 

reference year of the data and the time the data is published. In addition, innovation surveys 

usually apply a subject-based approach (i.e., measuring innovation at the level of the firm and 

not for individual innovations) and provide little information on specific innovations or inno-

vation related to certain newly emerging technologies or market trends.  

Big data sources have the potential to overcome some of these shortcomings of innovation 

surveys and may offer a more complete picture of innovation in firms (Kinne and Axenbeck 

2018, 2020). Key sources of big data that can be used for measuring innovation at the firm 

level include firm websites and social media activities of firms, but also other digital sources 

such as proprietary data sources, media reports, job offerings or online platforms. While none 

of these sources is devoted to report on innovation in firms, they may contain information that 

is related to activities of and events in firms that are linked to innovation (see Arora et al. 

2016). Developing big data analytics promises to identify and extract this information.  

The aim to this paper is to review empirical studies that used big data sources for measuring 

innovation in firms and to derive conclusions on how to exploit these sources for improving 

the production of firm-level innovation data, particularly compared to traditional approaches 

such as innovation surveys. The paper aims at complementing prior surveys on the use of big 

data in innovation research which focused on text mining techniques to analyse innovation 

management practices in firms (see Anton et al. 2020). The term big data is used in this paper 

to denote an information source that is digitally available and extensively covers a certain 

subject area, while it does not provide structured data that could be easily used to derive indi-

cators but requires data mining techniques to extract useful information (in case of our paper: 

on innovation). The paper does not provide a complete literature survey but focuses on se-

lected studies that represent typical approaches for using big data to generate innovation indi-

cators.  
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Based on the experience made by the existing studies, we identify advantages and limitations 

of the use of big data and derive recommendations on good practice in the exploitation of dig-

italised big data for producing innovation indicators. The paper finally develops a proposal for 

future research on using big data for extending the reporting on innovation in firms, by pro-

ducing more timely data, covering a larger set of industries and size classes, allowing for a 

more detailed geographical breakdown and providing details on innovation that go beyond the 

indicators collected in traditional innovation surveys such as the CIS. 

The next section of the paper summarises existing studies. Section 3 discusses advantages and 

limitations of big data sources, and section 4 concludes with a research agenda for big data 

use and innovation indicators. 

2. Existing Studies 

Over the past ten years, an increasing number of studies explored the potential of publicly 

available big data to produce indicators on innovation activities of firms, following the gen-

eral uptake in the use of big data analytics in research (Suominen and Hajukhani 2021). Some 

of these studies focussed on innovation in specific fields of technology while others looked at 

innovation by different types of actors, including firms, universities, public research organisa-

tions, private households and individuals. Antons et al. (2020) analysed 124 research articles 

that used text mining techniques for analysing innovation-related topics, mostly relying on 

other research papers and patent data. They identified several research areas in innovation 

management that could benefit from text mining techniques. Some are related to CIS type in-

novation indicators including data on innovation results based on product announcements or 

the detection of novelties based on bibliometric analysis of innovation hypes. 

This section focusses on works that used big data from digitalised, publicly accessible sources 

for measuring innovation in firms. From the large number of such studies, we selected those 

that were among the first to develop and apply a certain methodological approach. For each 

publication, we summarise the data base employed, the empirical approach used, and the re-

sults that were obtained. Table 1 summarises main characteristics of each study. Five types of 

studies are distinguished: case studies, large-scale scraping of company websites (web crawl-

ing), analysis of social media, analysis of company reports and financial accounts, and the use 

of other digital sources on firms. 
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2.1. Case studies 

Among the first case studies that examined the potential of digitalised big data sources on 

firms for analysing innovation activities of firms were Youtie et al. (2012) who examined cur-

rent and archived website data of small and medium-sized firms (SMEs) from the United 

States active in the field of nanotechnology in order to identify the transition from discovery 

to commercialization. Based on a manual screening approach that started with 358 firms, the 

study finally used website data from a sample of 30 SMEs which was analysed using key 

word search an expert examination. The key innovation indicators examined included the type 

of product development activities in nanotechnology and the financing sources obtained for 

carrying out these activities. The entire process turned out to be very time-consuming, requir-

ing about three months. The authors concluded that website information was useful for ex-

plore nanotechnology SMEs transitions from discovery to commercialisation and for under-

standing how transitions vary by SME characteristics, technology and market sectors. The 

analysis of smaller firms was more manageable since these firms tended to have smaller web-

sites. 

Other early case studies using a similar approach as Youtie et al. (2012) include Libaers et al. 

(2010) who examined keyword occurrence in company websites from a cross-industry sample 

of small and medium-size firms to identify commercialization-focused business models 

among highly-innovative firms, and Kim (2012) who analysed nanotechnology websites of 

different organisations for analysing the relationship between universities, government re-

search labs and firms. 

Among the first studies on big data sources and innovation in firms that used web crawling 

techniques for extracting website information was the study by Arora et al. (2013), building 

upon the findings of Youtie et al. (2012). They employ a web content analysis method to ex-

amine the activities of 20 SMEs in the US, UK and China related to the commercialisation of 

emerging graphene technologies. Based on a key word search, different application areas in 

the field of graphene technology were identified. Based on these search results, firms were 

classified into three groups according to the type of innovation activities: focus on product de-

velopment, focus on materials development and focus on integration into existing product 

portfolios. 
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Gök et al. (2015) built upon the two case studies presented above, but extended both the sam-

ple size and the scope of innovation indicators. They used web mining to explore the R&D ac-

tivities of 296 UK-based green goods SMEs. They find that website data offers additional in-

sights when compared with other traditional research methods, such as patent and publication 

analysis. They examined the strengths and limitations of firm innovation web mining in terms 

of a wide range of data quality dimensions, including accuracy, completeness, currency, quan-

tity, flexibility and accessibility. They find that, in contrast to only examining conventional 

data sources, companies in their sample, report more often that they undertake R&D activities 

on their website. They conclude that websites are a useful complement and may offer new in-

sights not easily obtained from other sources. They also stress that specific technical skills are 

required, and transparency is needed about the methodological choices made. The same data 

source was used to identify collaboration of SMEs with universities and governments (see Li 

et al. 2018). A summary of the methodologies used by Gök et al. (2015), Li et al. (2018), 

Arora et al. (2013) and Youtie et al. (2012) can be found in Arora et al. (2016). 

Another interesting case study is Rietsch et al. (2016) since they combine a website-based big 

data analysis with a conventional survey, allowing to analyse the consistency of results found 

by the two methods. Their exploratory study is based on data from 89 Canadian nanotechnol-

ogy firms and looks at four groups of innovation indicators: R&D activities, use of intellectual 

property rights, collaboration with other organisations, and obtaining external financing. The 

validation of the web mining results with those from a classic questionnaire-based survey 

shows a significant positive correlation for all four indicators. The highest correlation coeffi-

cient is found for IP, and the lowest for collaboration and external financing. The authors con-

clude that some of the data extracted by the web mining technique can be used as proxy for 

specific variables obtained from more classical methods.  

2.2. Large-scale web scraping 

Among the studies that analyse websites of a large number of firms using web crawling and 

automated text analysis techniques in order to derive innovation indicators are two that are of 

particular relevance for the CIS; Kinne and Lenz (2019, 2021) and Daas and van der Doef 

(2020, 2021). Both studies build upon the same basic methodology. They use a sample of 

firms that participated in the CIS and for which data on the innovation status is available. This 

data is used as training data. For all firms in the CIS sample, information from the firms' web-

sites is extracted and transferred into a text data base. Then a model is developed that uses this 
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text data base in order to predict the known innovation status of the firm. The model is de-

signed in a way that its results show a very high fit with the innovation status of the firms. 

This model is then applied on the text of websites of firms which did not participate in the 

CIS in order to predict the innovation status of these non-CIS firms.1 Since the CIS covers 

only a small fraction of the entire firm population, this methodology allows to derive innova-

tion indicators for sectors and size classes not covered by the CIS. It also allows to derive in-

novation indicators for firms in the CIS core population that did not participate in the CIS.  

The main difference between the two studies is the way the text on websites has been pre-

pared, the type of model used, and the innovation indicator considered. Kinne and Lenz 

(2019, 2021) use a web scraping approach described in Kinne and Axenbeck (2018, 2020) 

and Kinne and Resch (2018) and developed a deep neural network for analysing website con-

tent. The text analysis rests on a dictionary of all words that occurred on websites as long as 

the document frequency is between 1.5% and 65% (i.e. very rare words and very common 

words are not considered), producing 6,144 different words. The innovation indicator ana-

lysed was whether a firm has introduced a new or improved product (product innovator). For 

training data, they used the German CIS, but considered only firms that were product innova-

tors in three consecutive survey years (2015 to 2017) and firms that were no product innova-

tors in all three survey years (exploiting the fact that the German CIS is a panel survey con-

ducted every year). This choice was made in order to provide a clear cut between innovators 

and non-innovators. The focus on product innovation was motivated by the fact that firms are 

more likely to disclose information about product innovation than about process innovation. 

The accuracy of the model was tested with a sub-sample of the training data that was not used 

for training but put aside for testing. The result of the model is an 'innovation probability in-

dicator' ranging between 0 and 1 and indicating how likely a firm is a product innovator based 

on the information contained on the firm's website. In order to compare the results, this proba-

bility has been normalised in a way that the average probability for the firms in the training 

data is the same as the average share of product innovators among the firms in the training 

data. 

                                                 
1 A similar methodology was used by Mirończuk and Protasiewicz (2016). This study did not rely on innovation 
data reported by firms, but on a manual labelling of websites of 2,747 firms in terms of whether the website text 
indicated innovative or not innovative firms. The study does not provide any details on how the labelling was 
done. 
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Daas and van der Doef (2020, 2021), based on data from the Dutch CIS, perform a text analy-

sis of websites that produced a database of 584 stemmed words.2 This data base was analysed 

using logistic regression technique, since this method turned out to produce the best model fit 

(out of 11 methods tested). Logistic regression implies that the result of the model, i.e. 

whether a website content is classified as indicating an innovative or not innovative firms, pri-

marily rests on the correlation of word occurrences in the website text and the innovation sta-

tus of the firm. Daas and van der Doef (2021: 13) provide a list of the word stems with high-

est positive and negative coefficients. The innovation indicator used is whether a firm has in-

troduced a new or improved product or process (innovator). The accuracy of the model was 

not only tested with a sub-sample of the training data, but also by manually checking the re-

sults for out-of-sample firms. This external validation was done for 933 start-ups (with a 98% 

confirmation rate) and for 1,000 other firms with less than 10 employees (with a 95% rate of 

correctly classified firms).3 Daas and van der Doef (2021) also analysed the accuracy of the 

model when using different time lags between the CIS reference year and the time of website 

scraping and found a significant decline in accuracy for greater lags. 

Both studies used the results of the models to predict the innovation status of firms not sur-

veyed in the CIS, finding interesting results in terms of industries, size classes and regions. 

With respect to industries, Kinne and Lenz (2019, 2021) show that the website analysis pro-

duces a lower share of product innovators compared to CIS results, except for ICT services 

(NACE 61-63), wholesale trade (NACE 46) and consulting (NACE 70.2). Among the indus-

tries not covered by the German CIS, only one (management services, NACE 70.1) show an 

above-average product innovator share. All other industries report rather low shares, particu-

larly construction (NACE 41-43) and health & social services (NACE 86-88). 

                                                 
2 A word stem excludes grammatical features of a word, like a plural marker ('s' in English) or time markers for 
verbs (e.g. 'ed' in English for marking the imperfect at the end of a verb). 
3 No details are provided on how the innovation status of firms was established by the manual checking proce-
dure. 
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Table 1 Selected characteristics of studies using big data sources for producing innovation indicators at the firm level 
Study Title Big data 

source 
No. of firms Reference 

years 
Innovation in-
dicators 

Methods Validation 
of results 

Main findings 

Youtie, 
Hicks, 
Shapire, 
Horsley 
(2012) 

Pathways from 
discovery to 
commercialisa-
tion: using web 
sources to track 
small and me-
dium-sized firm 
strategies in 
emerging nano-
technologies 

Websites 
(current 
and ar-
chived 
websites) 

30 SMEs 1996 to 
2010 

 Product devel-
opment 

 Web crawling: not pro-
vided, probably manual 
copying of pre-selected 
webpages 

 Innovation indicators: key 
word search and expert 
examination 

 Expert 
assess-
ment 

 Website information proved to be 
useful to explore nanotechnology 
SMEs transitions from discovery to 
commercialisation and understand 
how transitions vary by SME char-
acteristics, technology and market 
sectors 

Arora, 
Youtie, 
Shapire, 
Gao, Ma 
(2013) 

Entry strategies 
in an emerging 
technology: a 
pilot web-based 
study of gra-
phene firms 

Websites 
(current 
and ar-
chived 
websites) 

20 SMEs 1996 to 
2010 

 Application 
areas in the 
field of novel 
graphene tech-
nologies 

 Web crawling: Texas 
A&M HHAT project 

 Innovation indicators: key 
word search 

 Expert 
assess-
ment 

 Website information produced 
three groups of graphene firms: fo-
cus on product development, focus 
on materials development, and fo-
cus on integration into existing 
product portfolios 

Gök, Wa-
terworth, 
Shapira 
(2015) 

Use of web min-
ing in studying 
innovation  

Websites 
(current 
and ar-
chived 
websites) 

296 SMEs 2012 for 
current 
websites, 
2004-
2011 for 
archived 
websites 

 R&D activities  Web crawling: IBM Con-
tent Analytics (ICA) 

 Innovation indicators: key 
word search 

 Expert 
assess-
ment 

 Higher share of R&D active firms 
based on website data compared to 
data on R&D expenditure or receipt 
of R&D grants 

 Website-based R&D indicator not 
correlated with patents and publica-
tions by the same firms 

 Website data can complement tradi-
tional sources of innovation data, 
but not substitute them 

Rietsch, 
Beaudry, 
Héroux-
Vaillan-
court 
(2016) 

Validation of a 
web mining 
technique to 
measure innova-
tion in the Cana-

Websites 89 firms, of 
which 79 
provided 
sufficient 
website in-
formation 

not pro-
vided 
(proba-
bly 2015) 

 R&D activity 
 Intellectual 

property activ-
ity 

 Collaboration 

 Web crawling: Nutch 
 Innovation indicators: key 

word search 

 Question-
naire-
based 
survey  

 Positive correlation between web-
site-based indicators and indicators 
obtained from a questionnaire-
based survey, with best results 
found for IP, and worst for collabo-
ration and external financing 
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dian nanotech-
nology-related 
community 

 Web mining R&D indicator did 
correlate the most when firms were 
more likely to provide R&D ser-
vices to third parties, and when they 
had a high share of R&D employ-
ees, but no correlation with number 
of R&D projects 

Kinne, 
Lenz 
(2019, 
2021) 

Predicting Inno-
vative Firms us-
ing Web Mining 
and Deep 
Learning 

Websites 
(current 
websites) 

Training 
data: 3,126 
firms with 
usable web-
site infor-
mation (out 
of a sample 
of 4,481 en-
terprises 
from the 
German CIS 
2016 sample 
that also par-
ticipated in 
the two pre-
ceding sur-
veys); total 
no. of ana-
lysed web-
sites: 1.15 
million 

2012 to 
2016 for 
innova-
tion sta-
tus, 2018 
for web-
site in-
for-
mation 

 Product inno-
vation 

 Web crawling: ARGUS 
(tool developed by the au-
thors) 

 Innovation indicators: 
deep neural network, 
training data from CIS 

 Application of trained 
model to about 700,000 
websites of firms in Ger-
many 

 Commu-
nity Inno-
vation 
Survey  

 Comparing the product innovator 
predictions based on website infor-
mation with patent statistics, CIS 
indicators, and regional innovation 
indicators shows that the predic-
tions are plausible and produce con-
sistent results.  

 The innovation indicator derived 
from website analysis can be used 
to produce innovation data that is 
more disaggregated in terms of in-
dustries, size classes, regions or 
other characteristics of firms (e.g. 
age). 

Daas, van 
der Dreef 
(2020, 
2021) 

Using Website 
texts to detect 
Innovative 
Companies 

Websites 
(current 
websites) 

Training 
data: 4,765 
firms with 
usable web-
site infor-
mation (out 
of a sample 
of 6,342 
firms from 
the Dutch 

2014 to 
2016 for 
innova-
tion sta-
tus, not 
exactly 
given for 
website 
infor-
mation 

 Product or 
process inno-
vation 

 Web crawling: Python 
3.7 (as well as Node.js, 
Selenium) 

 Innovation indicators: lo-
gistic regression of 584 
stemmed words obtained 
from webpages on the 
probability to innovate, 
training data from CIS 

 Commu-
nity Inno-
vation 
Survey 

 Expert 
assess-
ment 

 Manual validation of results for 
start-ups and for a random sample 
of 1,000 firms not contained in the 
Dutch CIS 2016 reveal a high accu-
racy of the model predictions. 

 Combining website information 
from several points in time pro-
vided the best model fit. 
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CIS 2016 
sample); to-
tal no. of an-
alysed web-
sites: 0.5 
million 

('freshly 
scraped'), 
probably 
2017 to 
2018 

 Application of trained 
model to 466,523 web-
sites of firms in the Neth-
erlands with less than 10 
employees 

 Enlarging training data by manually 
classified websites improves model 
fit. 

Nelhans 
(2020) 

Data4Impact Websites 
(current 
websites) 

1,370 firms 
with usable 
website in-
formation 
(out of a 
sample of 
2,331 firms 
with EU-
funded pro-
jects in the 
field of 
health re-
search that 
are docu-
mented in 
CORDIS) 

2014 to 
2016 for 
innova-
tion sta-
tus, not 
exactly 
given for 
website 
infor-
mation 
('freshly 
scraped'), 
probably 
2017 to 
2018 

 Goods innova-
tion 

 Other innova-
tion 

 Use of intel-
lectual prop-
erty rights 

 Other innova-
tion activity 

 Web crawling: in-house 
developed tool 

 Innovation indicators: 
machine-learning models, 
training data from manual 
coding of websites 

 None  30% of firms were classified as 
goods innovators, 15% showed evi-
dence for service or process inno-
vations. 6% of firms were classi-
fied as using IPRs, 14% as active in 
mergers and acquisitions.  

 5% of firms were classified as hav-
ing received private funding and 
8% public funding. These low 
shares demonstrate that websites do 
not contain direct information on 
funding sources used by firms, 
since most firms in the sample will 
have received private funding, and 
all have received public funding 
from the EU. 

 The results are determined by the 
manual classification of websites, 
the accuracy of which is difficult to 
assess. 

Breithaupt 
et al 
(2020) 

Intangible Capi-
tal Indicators 
Based on Web 
Scraping of So-
cial Media 

Face-
book, 
Kununu 

1,539 for Fa-
cebook, 
2,114 for 
Kununu (out 
of a gross 
sample of 
8,278 firms) 

2017 for 
Face-
book, 
2010 to 
2018 for 
Kununu 

 Number of Fa-
cebook Likes 
(indicator of 
brand equity) 

 Firm ranking 
on "company 
image" (indi-
cator of brand 
equity) 

 Firm ranking 
on "on-the-job 

 Google search on Face-
book pages of firms and 
Kununu mentioning of 
firms  

 Innovation indicators: 
Download of relevant Fa-
cebook and Kununu 
pages and reading out the 
relevant information 

 Commu-
nity Inno-
vation 
Survey 

 Positive and statistically significant 
relationship between survey-based 
data on marketing and training ex-
penditure, and the respective infor-
mation stemming from the social 
media platforms 
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training/career 
development" 
(indicator of 
firm-specific 
human capital) 

Garechana, 
Río-Bel-
ver, 
Bildosola, 
Rodríguez 
Salvador 
(2017) 

Effects of inno-
vation manage-
ment system 
standardization 
on firms: evi-
dence from text 
mining annual 
reports 

Com-
pany re-
ports 

12 firms 2002 to ? 
(proba-
bly 2014) 

 R&D activity 
 Intellectual 

property ac-
tivity 

 Collaboration 

 Text mining: Vantage 
Point 

 Innovation indicators: 
emergence of words re-
lated to innovation, e.g. 
research, development, 
innovation, new technolo-
gies, new materials 

 Compari-
son of 
pre-certi-
fication 
and post-
certifica-
tion pat-
terns 

 Expert 
assess-
ment 

 Relevance of emergent technolo-
gies in the firms' innovative efforts 
increases and older technologies 
become less relevant after the 
adoption of innovation manage-
ment standards 

 Terms that indicate a more open, 
more collaborative concept of inno-
vation tend to emerge more fre-
quently 

 Precision of text mining of innova-
tion-related terms in company re-
ports it assessed to be satisfactory 

Gandin, 
Cozza 
(2019) 

Can we predict 
firms’ innova-
tiveness? The 
identification of 
innovation per-
formers in an 
Italian region 
through a super-
vised learning 
approach 

Balance 
sheets 
from ad-
ministra-
tive rec-
ords 

2,688 firms 
(873 from 
CIS) 

2011 and 
2013 

 Innovation ac-
tivity (posi-
tive innova-
tion expendi-
ture) 

 Random forest machine 
learning algorithm 

 Commu-
nity Inno-
vation 
Survey 

 Patent 
data 

 Main predictors of innovativeness 
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In terms of size classes, Daas and van der Doef (2020, 2021) show that firms with less than 2 

working persons show a higher share of innovators (47%) than firms with 2 to less than 10 

employees (35 to 40%). Kinne and Lenz (2019, 2021) show that the prediction results of web-

site analysis for the share of product innovators are significantly lower than the reported 

shares from the CIS for firms with 500 or more employees, and slightly higher for firms with 

20 to 99 employees. For firms with less than 5 employees and with 5 to 9 employees, the 

same product innovator share are predicted as for firms with 10 to 19 employees. 

Daas and van der Doef (2021) demonstrate that website-based innovation indicators can be 

calculated at a highly disaggregated regional level (e.g. 4-level zip codes). Kinne and Lenz 

(2019, 2021) show that product innovator shares tend to be significantly higher in urban ag-

glomerations compared to rural areas. Within urban agglomerations and larger cities, there are 

substantial differences at the local level. Data for Berlin reveal certain 'innovation hot spots', 

which tend to be more pronounced based on website information compared to survey data.  

The methodology of using innovation survey data to train models for analysing big data 

sources has the main advantage that no manual classification of innovation variables is re-

quired. At the same time, only innovation indicators collected in innovation surveys can be 

used, i.e. this methodology does not allow to establish innovation indicators that complement 

the indicators from innovation surveys. The methodology's main advantage is to produce in-

novation data for firms not part of the sample of the innovation survey, including firms out-

side the survey's target population.  

The website data produced by Kinne and Lenz (2019, 2021) was used to investigate other in-

novation-related data using website information. Krüger et al. (2020) analysed the interaction 

of innovative firms with other firms and other organisations based on hyperlinks found on the 

firms' websites. CIS data on innovation cooperation was used to validate the results, Mirtsch 

et al. (2021) used the website data to analyse the adoption of information security manage-

ment system standards by firms.  

In an ongoing research project, the approach of Kinne and Lenz is developed further to in-

clude information on changes of website content for predicting innovating firms.4 The motiva-

tion for this research is that innovation is an inherently dynamic phenomenon. In order to 

                                                 
4 See https://www.zew.de/PJ3421-1 
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qualify for an innovation, a new or improved product or process has to differ significantly 

from the firm's previous products and processes. One could hence expect that the changes that 

constitute an innovation should also be reflected in changes in the website content of a firm. 

Using website scraping and automated text analysis for measuring innovation in firms has 

been used in many other studies. In the absence of verified data on the firms' innovations and 

innovation activities, many of these studies rely on simple text analyses, often based on man-

ual coding of a sample of websites or by defining key words that indicate innovation. One ex-

ample for this approach is the EU-funded project Data4Impact.5 One part of this larger project 

was to analyse websites of firms that have received R&D funding from the EU in the field of 

health research in order to derive indicators on innovation output. The study (Nelhans 2020) 

developed a machine-learning model based on training data which were generated by manual 

labelling of website texts. The results are rather inconclusive. While all firms in the sample 

have received EU funding, the website analysis found only 8% of firms that received any type 

of public funding (EU, national or regional). The share of firms classified as goods innovator 

is rather low (30%), as is the share of firms with other innovations (15%), given that all firms 

are R&D performers and received public funding from the EU Horizon 2020 programme.  

A similar exercise to Nelhans (2019) was done by Pukelis and Stanciauskas (2019) who ana-

lyse websites of 1,301 firms, using manually labelled training data. In the manual labelling 

process, the websites of 500 firms have been assigned into one group with innovation-related 

text on the website, and another one with no such text. No detail is provided how the manual 

classification was performed. As the results are of the analysis of websites is determined by 

the manual classification of websites, the accuracy of the result is difficult to assess. In an-

other recent research, Ashouri et al. (2021) use website data of a sample of about 90,000 firms 

from selected manufacturing industries in the EU to identify firms with product innovation, 

product digitalisation, collaborations and the use of standards. 

A general conclusion of these labelling-based big data techniques is that one needs high-qual-

ity training data, e.g. data on innovation reported by firms in traditional surveys or obtained 

from other 'objective' and representative sources, in order to perform website analyses that 

produce meaningful and comprehensible innovation indicators.  

                                                 
5 See https://cordis.europa.eu/project/id/770531 
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2.3. Social media  

Social media is another digital big data source that has been extensively used for various pur-

poses (see Sloan and Quan-Haase 2017). With respect to innovation in firms, most research 

focuses on the use of social media by firms as part of their marketing and innovation activi-

ties, e.g. to obtain information on new user preferences (crowd sourcing) or to test innovative 

ideas with potential users (see Bhimani et al. 2021, Bruhn et al. 2012, Misirlis and Vla-

chopoulou 2018), or as a source of own big data analysis (see Niebel et al. 2019). Social me-

dia data are primarily used to assess their use by firms (see Arora et al., 2014), the impact on 

their performance (Coursaris et al. 2016, Chung et al. 2015, Tirunillai and Tellis 2012, Luo et 

al. 2013) or the link to human capital indicators (e.g. Gortmaker et al. 2021, Aguado et al. 

2019, Chiang and Suen 2015, Zide et al. 2014, Ji et al. 2018, Pisano et al. 2017, Banerji and 

Reimer 2019), but only rarely to derive indicators on the innovation activities of firms. Most 

studies using social media for innovation indicator construction relate to the public perception 

of innovations or new technologies. For example, Veltri (2013) carried out a semantic analy-

sis on 24,000 tweets from Twitter to understand the public perception of nanotechnology. Na-

katsuji et al. (2006, 2009) used internet blogs to analyse 'innovative topics'. Albert et al. 

(2015) aimed to measure technology maturity based on the analysis of internet blogs. 

With respect to innovation indicators for firms, the study by Breithaupt et al. (2020) is an in-

teresting approach for using the potential of social media, though it is mainly explorative in 

nature. The main goal of the study is to generate indicators on two types of intangible assets 

that are related to innovation and may complement innovation data from surveys such as the 

CIS. One indicator dimension relates to economic competencies related to marketing and 

branding. Information from Facebook platform profiles of firms is used to derive the number 

of Facebook Likes a firm has received. This number is used as an indicator for the brand eq-

uity of a firm (see Coursaris et al. 2016). A second indicator of brand equity is derived from 

the German employer branding and review platform Kununu (which is similar to the US-

based platform LinkedIn). On this platform, current and past employees can rank a company 

with respect to "company image”. A second indicator dimension relates to firm-specific hu-

man capital. For this dimension, the ranking for "on-the-job training/career development" 

from the platform Kununu is used. 

In order to validate the results, the indicators obtained from social media are compared to in-

dicators on brand equity and firm-specific human capital reported by firms in the CIS. For this 
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purpose, a sample of firms from the German CIS 2016 is used. The German CIS 2016 col-

lected data on marketing expenditure (i.e. expenditure on marketing research, advertising and 

other activities to increase brand equity of a firm) and on training of employees. Both expend-

itures correspond to the respective variables used in the harmonised data collection of the CIS 

2018. The analyses showed a positive and statistically significant relationship between the 

survey-based indicators (expenditures on marketing and training) and the respective infor-

mation stemming from the online platforms.  

2.4. Company reports and financial accounts 

Another big data source for deriving innovation indicators are company reports. Usually, 

firms provide detailed information on their business activities in such report, with a special 

emphasis on the developments that took place within the reporting year and that are relevant 

for assessing the future prospects of the firm by investors and the wider public. An interesting 

case study on this big data source is Garechana et al. (2017). They use company reports in or-

der to identify changes in firms' innovation-related activities, following the adoption of a cer-

tified innovation management standard (UNE 166002). In the case study, company reports of 

12 firms were analysed using text mining techniques. Garechana et al. (2017) find that the rel-

evance of emergent technologies in the firms' innovative efforts increases and older technolo-

gies become less relevant after the adoption of innovation management standards. In addition, 

terms that indicate a more open, more collaborative concept of innovation tend to emerge 

more frequently.  

This research demonstrates that company reports could be used for deriving innovation indi-

cators on firms, complementing the widespread use of company reports as a source on other 

areas of firm activities and performance (see Back et al. 2001). However, there are several 

limitation to this type of big data as a source of innovation indicators. First, company reports 

are usually highly standardised, following the reporting standards required by authorities. This 

clearly limits the usefulness for analysing topics that are not part of the standard reporting 

content, which also applies to the topic of innovation. Secondly, company reports are availa-

ble only for a small fraction of firms, i.e. very large firms and publicly listed firms. In most 

countries, there are no company reports for the vast majority of SMEs. This data source is 

hence not suited for deriving innovation indicators for the entire firm population. Thirdly, 

there are clear incentives for firms to highlight activities and results that are valued positively 
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by investors and the wider public. Since innovation is often regarded as an activity that posi-

tively contributes to future firm performance, there is a risk of over-reporting innovation, e.g. 

by describing changes as innovation that do not fulfil the innovation criteria of the Oslo Man-

ual. This bias has to be taken into account when analysing this data source. 

In a similar approach, Gandin and Cozza (2019) attempted to predict the innovation status of 

firms based on an analysis of publicly available financial account data. They employed a ma-

chine learning approach and used training data from the Italian CIS and the Italian R&D sur-

vey (reference years 2012 and 2014) for a sample of 935 firms from the region of Friuli-Ve-

nezia Giulia (873 observations coming from the CIS). The innovation indicator used was an 

indicator for having positive innovation (or R&D) expenditure or no innovation/R&D ex-

penditure. The trained model was then used to predict the innovation status of a sample of 

2,688 firms for which financial account data was available. In addition to financial account 

information such as turnover, number of employees, tangible and intangible assets, long and 

short term debt, and profits, the authors also assigned firms to technology classes based on in-

dustry codes. By using financial account data, the authors were able to predict the innovation 

status for firms outside the CIS target population. In addition, the results were also used to 

predict the patent status of a firm, i.e. whether it applied for a patent in one of the two refer-

ence years. The model predicted 72% of patent applicants as innovative. 

2.5. Other big data sources 

There are further big data sources that can be used to derive innovation indicators for the firm 

sector, though all are subject to specific limitations.  

Data on funding activities of public authorities includes information on innovation activities 

of firms that received public support through government programmes, such as grant pro-

grammes to co-finance R&D and other innovation projects, loan programmes for investment 

in new equipment, or programmes that proved consulting services for innovation or support 

human capital development activities related to innovation. Such data often include a descrip-

tion of the activity that receives funding that can be used to obtain more detailed information 

on innovation activities (e.g. type of technology, targeted markets, cooperation). A typical ex-

ample for such a data source is the Cordis data base of the EU. The limitation of this source is 

obvious as it is available for publicly funded innovation activities only. Data from the CIS 
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show that only a small fraction of firms with innovation activities receive public support. The 

results obtained from that source are hence highly biased. 

Intellectual property rights data such as patents or trademarks have been widely used as inno-

vation indicators for a long time, though its limitations have been pointed out early (see Pavitt 

1985, Griliches 1998). Patents represent inventions, and not all inventions are transferred into 

innovation, while most innovations do not rely on patents (Arundel and Kabla 1998, Klein-

knecht et al. 2012). In addition, only a fraction of new knowledge relevant for innovation is 

patented. In services, only specific types of new knowledge can be patented. As a result, pa-

tents are a highly biased indicator of innovative activity. Trade mark data have also been used 

as a source for innovation indicators (Mendonça et al. 2004), particularly in the service sector 

(Schmoch 2003, Schmoch and Gauch 2009). While trademarks are more widely used by 

firms, their link to innovation is less obvious than for patent data as trademarks are basically a 

mechanism to protect investment in brand equity, which may be related to innovation, but can 

also be used for brands that do not relate to innovations, but to old products (see Crass 

2014a,b). 

Bibliometric data is primarily used to analyse the scientific output of researchers. It allows, 

among others, to analyse the relevance of different research topics, co-operation in research, 

and changes in research output over time. A small part of scientific publications is produced 

by researchers in firms. Among all firms with R&D activities, only a small fraction do publish 

(Krieger et al. 2021). For this reason, bibliometric data are of very limited use for producing 

innovation indicators that cover a larger part of the firm population. 

Data from trade journals (including industry and technical journals) often report about prod-

ucts that were newly developed and introduced on the market by firms. Similarly, catalogues 

of trade fairs and other publications related to trade fairs also include such information. This 

source has early been used to generate so-called 'literature-based innovation indicators' 

(Coombs et al. 1996). The limitations of this source include a strong bias towards industries 

for which trade journals exist and which organised trade fairs. This is often the case for cer-

tain manufacturing industries, but less for services. In addition, only specific types of innova-

tions will be covered in trade journals and trade affairs, with a strong focus on product inno-

vations and innovations with a higher (expected) impact on markets. Process innovation are 

hardly captured by this source.  
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Similarly to trade journals and trade fair information, press releases of firms as well as reports 

about firms in newspapers and magazines, including online media, are another source for 

identifying innovations of firms (see Kahn 2018) or newly founded innovative firms (see Von 

Bloh et al. 2020). This source suffers from similar limitations as trade journals and trade fair 

catalogues as the focus will be on more important product innovation, while neglecting incre-

mental product innovation and process innovation. However, coverage of service innovation 

may be better using press releases as compared to trade journals. There are only few, rather 

experimental works using press releases as innovation indicator, e.g. Ikeuchi (2017). 

Another potential source to inform about innovation activities of firms are job announcements 

by firms, which are nowadays usually published online on the website of a firm or on em-

ployee platforms such as LinkedIn (Hamilton and Davidson 2018). Very few studies have yet 

has used this source for producing innovation indicators (see Apatsidis et al. 2021 for an ap-

plication based on data from the Stack Overflow platform), although the source should be less 

subject to limitations than the others listed above. First, most firms from all industries, includ-

ing SMEs and firms from non-innovative industries, are likely to announce their new job 

openings. This is particularly true for more advanced industrial countries with an increase in 

labour shortage due to demographic change. At the same time, job announcements usually in-

clude details on the tasks to be performed, which often can be linked to innovation activities 

(e.g. if a reference is made to R&D, new product development, marketing of new products 

and services, implementation of new technology and equipment, etc.).  

There are also several proprietary datasets that have been used for generating innovation-re-

lated indicators. For example, CrunchBase is a proprietary database of start-ups has emerged 

in recent years as a potential collection of innovation-relevant data and a primary source of 

data for investors (Dalle et al. 2017). Crunchbase gathers data on businesses, including found-

ing year, funding raised, funding rounds, number of investors, acquisitions, etc. The OECD 

study by Dalle et al. (2017) benchmarked CrunchBase’s coverage against the OECD Entre-

preneurship Financing Database and other sources (e.g. VentureXpert or PwC). They con-

clude that patterns across years and sectors were similar, suggesting that coverage is quite 

comprehensive, particularly for start-ups in the United States. Crunchbase has also been used 

in a study exploring innovation ecosystems in the UK and US (Kemeny et al. 2017) and to an-

alyse the effects of environmental policies on innovations with environmental benefits by 

start-ups (Cojoianu et al. 2020). Another group of frequently used proprietary big data sources 
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are company databases that contain basic economic and ownership information on a substan-

tial part of the business enterprise sector, such as the Orbis database of Bureau van Dijk. Ap-

plications with respect to innovation indicators have been rare, however, since these databases 

do not contain direct information on innovation (except from patent information). Some au-

thors used industry classifications as a proxy for innovativeness (see Ruhrmann et al. 2021).  

3. Advantages and Limitations of Big Data as a Source for Innovation In-

dicators 

The existing studies that use (digitalised) big data for collecting information about innovation 

in firms reveal that this source has a number of advantages over traditional data collection 

methods based on firm surveys using standardised questionnaires, such as the CIS: 

3.1. Advantages over traditional data collection methods 

The existing studies demonstrate a number of advantages of big data over traditional data col-

lection methods based on firm surveys using standardised questionnaires, such as the CIS, 

which relate to timeliness, frequency of data production, cost, completeness, accessibility, 

flexibility, and content (see also Gök et al. 2015). 

Timeliness 

The distance between the reference time to which data refer to and the time of data collection 

is extremely short and can even be zero if big data sources are being analysed in real-time. 

Survey-based data usually have a time lag of half a year or more. In case the results of the big 

data analysis are reported quickly, big data is an excellent source for timely data on innova-

tion. 

Frequency 

Big data analysis can be repeated in short intervals at almost no cost, provided that data up-

dates are easily available. In case the data source is updated continuously, indicators based on 

big data could even be produced in continuous real time. In addition, frequent updating allows 

to set-up panel data with very short time intervals, whereas survey data on innovation usually 

work with intervals of one or two years. 
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Cost 

The main costs of big data analysis relate to the preparation of the raw data from the big data 

source and to the development of a code. These costs are typically much smaller than survey 

costs. Repeating big data analysis comes at almost no additional cost. 

Completeness 

Depending on the nature of the big data source, big data analysis can provide comprehensive 

data on the entire firm population, offering census-like data that are not subject to sampling 

errors or restricted to certain sections of the firm sector (e.g. certain size classes, certain in-

dustries). 

Accessibility 

In case big data analysis rest on publicly available data (e.g. websites of organisations, social 

media, open source publications, other public data), the results can be published at the level of 

individual firms. This is usually not possible for survey-based data due to confidentiality reg-

ulation. Big data sources allow to establish micro-level data bases. It is also possible to link 

micro-level data from different big data sources, increasing the analytical power of the micro 

data base. 

Flexibility 

Provided that big data sources contain detailed and reliable information on innovation-related 

topics, big data analysis can be used to investigate new themes and produce innovation indica-

tors on emerging topics, e.g. for new fields of technology (nanotechnology, artificial intelli-

gence, etc.) or for new types of organising innovation processes in firms (cooperation, open 

innovation, user innovation, etc.). In traditional innovation surveys, taking up a new topics of-

ten requires time-consuming development work and testing for new questions and indicators.  

Content 

Many big data sources such as websites, social media, press releases or media reports provide 

information that refers to more downstream activities in the innovation process, including new 

product launches and commercialisation activities related to new products (see Antons et al. 

2020). Big data could hence complement well-established input and throughput indicators on 

innovation such as R&D and patents on the output side. This usage of big data would continue 

the tradition of literature-based innovation indicators (Coombs et al. 1996, Kleinknecht et al. 
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1993, Geroski et al. 1997) while offering a more complete coverage of innovation output 

since most digital big data sources cover a much larger fraction of the firm population in 

terms of industries and countries than traditional literature such as trade journals or catalogues 

of industry fairs do. Using text mining techniques to analyse these data sources allows to de-

tect innovation-related indicators such as novel techniques in scientific articles and patents 

and the identification of innovation and media hypes (Antons et. al 2020). One of its biggest 

potential is to measure the diffusion of innovations, but there are to our knowledge very few 

studies that have used big data to analyse technology diffusion. One example is Yu et al. 

(2020) who have analysed the diffusion of digital printing technology using social media 

based data analytics along with data mining and traditional statistical modelling. 

3.2. Limitations of big data for producing innovation indicators 

The advantages of big data sources are partly counterbalanced by a number of limitations that 

restrict the value of big data for producing reliable and useful innovation indicators, including 

biased information, limited coverage, lack of accuracy and consistency, a biased coverage of 

the innovation process, varying currency, language bias, and the need for interpretation. 

Biased information 

Information provided in big data sources is usually self-reported and deliberately selected, ei-

ther by firms themselves or by others (e.g. in case of trade journals, social media or digital 

media). The motivation for posting or not posting information on websites and other digital-

ised big data sources may vary and is likely to be biased towards information that is supports 

a positive reception of the firm and its activities by the audience of digital sources, including 

investors, media, researchers, governments, and the general public. For social media 

Limited coverage 

Big data sources many not cover all firms, and the firms not covered are usually not a random 

sample of all firms but show some systematic differences to firms which are represented in a 

big data source. This is particularly true for social media data which are available only for a 

small fraction of all firms (see Breithaupt et al. 2020), with a bias towards larger firms and 

firms supplying private households. In addition, the depth of information available may vary 

considerably across firms. While almost all firms run a website, some firms have a very sim-
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ple internet presence with just one web page, while others operate hundreds of webpages, of-

fering a great wealth of information (see Kinne and Axenbeck 2021). Analysing such diverse 

data bases is likely to produce biased results. 

Lack of accuracy and consistency 

Comparing innovation-related information from big data sources is likely to suffer from dif-

ferent levels of accuracy and varying definitions of key terms. First, firms will apply their 

own definition of innovation, potentially leading to inconsistent results on innovation activi-

ties across firms. Secondly, comparability with data from innovation surveys based on the 

definitions proposed in the Oslo Manual will be limited as firms may understand innovation 

in a different way, e.g. considering only new-to-market innovations or R&D-based innova-

tions, or focus on product innovation. Thirdly, firms may over-represent certain activities, for 

example, claiming new product developments that are perhaps neither new nor innovative.  

Biased coverage of the innovation process 

Information about innovation in most big data sources is likely to relate to product innovation, 

while only limited information is offered on process innovation. The reason is that most (digi-

talised) big data sources are used by firms to communicate with others. The primary target of 

communication are typically the users of their products who are informed about the offerings 

of the firm (see Kinne and Lenz 2021). There is significantly less reason for firms to inform 

others about their process innovation.  

Varying currency 

Although most big data sources look very timely, the information provided may refer to a 

point in time long ago and may be outdated at the time of analysis (Gök et al. 2015). Currency 

of information strongly depends on how frequently information is updated in a big data 

source, and which portions of the information are updated. Using panel information from big 

data sources can be very helpful in assessing the currency of the information available at the 

point of time the big data analysis is carried out. 

Language bias 

A challenge that has been widely pointed out in the literature, particularly in regard to web 

scraping and mining, is the challenge raised by language differences across countries (Klinger 

et al. 2018). These appear to have been at least partially overcome by advances in language 
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translation capacities, including through openly available Application Programming Interfaces 

(APIs) such as Google Translate. However, challenges remain, with the most advanced lan-

guage processing tools still developed for the English language. 

Need for interpretation 

Big data sources are often difficult to interpret and the results derived from the sources are 

sensitive to methodological choices such as the search strategy used to extract information, 

the way the raw data are processed, the models used to analyse the data, and the methods em-

ployed to validate the results (see Gök et al. 2015). In case where external training data are 

available, many big data analysis rest on manually coding training data or on key word search. 

In both cases, the results are largely determined by the decision of the individuals labelling a 

sample of the big data source in terms of innovation-related content, or by the choice of key 

words. Most existing studies following this approach are very brief on providing details on 

how exactly the coding took place and how sensitive the results are on choices made in the 

coding process or when selecting key words. 

4. Conclusions - Towards a Research Agenda for Big Data Use for Innova-

tion Indicators 

Big data undoubtedly offers a relevant new source for obtaining information about innovation 

in firms. It could extend the reporting on innovation in firms by producing more timely inno-

vation indicators for all industries and size classes at a highly disaggregated regional level. 

Moreover it offers the opportunity for additional innovation indicators, e.g. on specific tech-

nologies. In order to exploit this source, the following three conditions should be met.  

First, big data should cover the entire population of firms for which innovation indicators 

should be produced (completeness). If this condition cannot be met, methods should be em-

ployed to control for the resulting bias when deriving innovation indicators, e.g. by applying 

different weights for differently covered groups of firms. In case big data do not cover the en-

tire population, the population represented in big data should not be biased but represent the 

population with respect to main population characteristics (e.g. size, age, industry, location of 

firms).  

Secondly, the information available for each firm in a big data source should be of similar de-

tail and not subject to biases across firms (unbiased data). This is particularly the case for 
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websites as content can vary across firms for various reasons. In case this condition cannot be 

met, correction factors for firms with insufficient detail on information should be applied. In 

order to establish correction factors, comparison with data from unbiased sources such as in-

novation surveys that are based on stratified random sampling should be used.  

Thirdly, innovation indicators derived from big data analysis should be valid and reliable. De-

pending on the big data source, there can be various sources for limited validity and reliabil-

ity, e.g. a focus on specific types of innovations or over-reporting of innovation. The validity 

of innovation indicators from big data sources should be analysed against the results of offi-

cial innovation surveys for indicators that are included in both sources. If possible, models for 

analysing big data should be trained on data from official innovation surveys (see Kinne and 

Lenz 2019, 2021, Daas and van der Doef 2020, 2021). If no such validation is possible, verifi-

cation of results based on expert assessments should be applied. 

Fourth, in line with Antons et al. (2020) recommendations, innovation indicators derived from 

big data analysis should be transparent. The methodology should explain the texts being 

used, the sources, amount of data analysed, software and techniques used to run the analysis, 

and details about the algorithms employed and the choices made to fine-tune the algorithm. 

Transparent studies enable other scholars to replicate in for instance other countries and al-

lows to increase the use of big data techniques to derive innovation indicators. 

In order to utilise this potential of big data for extending the reporting on innovation in firms, 

research should observe a number of principles. First, the methodological conditions outlined 

above should be followed, including a coverage of the entire business enterprise sector and 

apply weighting and correction methods to adjust for biases in the data source. In order to 

achieve a high validity of big data results, models for analysing big data should be trained 

with data from firm surveys that apply standard definitions of innovation such as those of the 

Oslo Manual (see Kinne and Lenz 2019, 2021, Daas and van der Doef 2020, 2021, Gandin 

and Cozza 2019). The value of innovation indicators from big data analysis can substantially 

be increased if they can be linked to additional firm-level information. This includes basic in-

formation on the firm such as size, age, industry and location. Using international classifica-

tion standards for industries and locations would allow to link the indicators to other business 

statistics and enhance the analytical potential of the data.  

A main purpose of big data use should be to extend the coverage of traditional innovation sur-

veys. A main value is to offer more timely and more disaggregated data that cover all parts of 
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the business enterprise sector. When training big data models on survey data, the analysis can 

be used to produce innovation indicators earlier than innovation surveys can do, for a much 

more detailed breakdown in terms of industries, size classes, regions and other firm character-

istics (e.g. age) for the entire business enterprise sector. By using training data from innova-

tion surveys, the big data results can be normalised in a way that indicators are directly com-

parable to survey results (see Kinne and Lenz 2019, 2021). 

Big data analysis are particularly valuable for producing additional innovation indicators that 

go beyond the data collected through surveys, e.g. on the diffusion of specific technologies. 

For such applications, there are usually no questionnaire-based survey data available to train 

big data models. Instead, expert coding and key word search will have to be used. Analyses 

should focus on topics for which an unambiguous and unbiased identification of indicators is 

possible, e.g. if key words can be established that will be used by all firms in the same way. 

This has proved to work in certain fields of technology, e.g. for nanotechnology (see Kim 

2012, Rietsch et al. 2016, Youtie et al. 2012, Veltrie 2013). Other areas for which big data can 

serve as a source for additional innovation indicators may include artificial intelligence 

(Kinne and Axenbeck 2020) or the impact of crises on innovation (see Kinne et al. 2020 for 

the case of Covid-19).  

The use of (digital) big data for generating firm-level innovation indicators is still at its begin-

ning, and much more methodological research is required in order to establish reliable and 

meaningful indicators. This paper presented some principles for future research on big data 

use to generate innovation indicators. Exchanging experiences among researchers and con-

ducting more experimental research would be highly useful in this respect.  
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