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ARTICLE INFO ABSTRACT

JEL classification: Research in innovation studies usually relies on financial statements, surveys, or patents as primary data
03 sources, although these sources of information show some limitations when applied to Small and Medium
QS5 Enterprises (SMEs). Our paper explores whether the HTML code of a company’s website is a further source to
Q58 better inform innovation policies, under the assumption that how HTML is employed in crafting a corporate
Keywords: website provides insights into the company’s innovation capabilities. In particular, we leverage HTML tags and
Unconventional data their associations to empirically show that the websites of innovative SMEs are different from non-innovative
SMEs ones both in terms of their size and coding practices. Our findings, based on a sample of Italian companies,
Innovation . indicate that the features of the HTML code of corporate websites reflect unobservable characteristics related
Corporate websites to the skills and creativity present in businesses.

HTML tags

1. Introduction

Assessing the presence and intensity of innovative activity within
a firm is a complex task, due in part to the multifaceted nature of
innovation and, mainly, to the fact that innovativeness is often hid-
den within the practices of a firm and the shared knowledge of its
employees. That innovation measurement is a major obstacle to under-
standing the economic role of technological change has been known
at least for seventy years now (Kuznets, 1962). Over the past half-
century, operational research in innovation studies has made significant
progress in developing various methods and indicators to measure this
phenomenon. To do so, financial statements, surveys and patents have
been used as the main data sources. However, each of these sources has
limitations in capturing such latent features, particularly when applied
to Small and Medium-sized Enterprises (SMEs) that, instead, can be
considered the backbone of national economies (OECD, 2015; OECD
and Eurostat, 2018).

Moreover, building innovation measures based on these traditional
data sources has important limitations concerning their capacity to be
constantly updated. First and foremost, this is because the sources of
data on which eventual indicators are built are structurally anchored to

the past. For example, financial statements are available only at the end
of the year and tend to be released to researchers with some additional
delay by the data providers.

As a solution, a growing body of literature proposes to use textual
features scraped from corporate websites to measure innovation within
firms, as recently reviewed by Rammer and Es-Sadki (2023). This
article fits within this ongoing debate by discussing the findings and
limitations of the literature, arguing that, instead of solely relying on
the textual content of a corporate website, also its HTML structure can
provide useful insights into firms’ innovativeness. Firstly, we highlight
theoretical reasons why the HTML structure of the innovative SMEs’
websites should be different and, secondly, we test this hypothesis
empirically.

Sampling from the population of Italian manufacturing SMEs active
in 2016, we provide several tag-based aggregate statistics that describe
the size of the website from various perspectives. In addition, we
investigate whether a natural clustering of HTML tags emerges from
the data, indicating different coding styles. The empirical exercise
leverages the list of innovative SMEs provided by the Italian Ministry
of Economic Development. Thus, we can test for differences between
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innovative and non-innovative SMEs concerning the use of specific
clusters of tags. A matching procedure allows us to control for possible
confounding effects, such as regional or industrial selection bias. The
results indicate that innovative SMEs have more up-to-date, larger,
richer and better-organized corporate websites compared to their non-
innovative counterparts. Hence, the main contribution of this paper is
to provide evidence that the HTML structure of a website brings infor-
mation useful to identify innovative activity within SMEs. Even though
scholars mostly overlooked the HTML code of corporate websites so far,
future contributions need to consider it more carefully as a useful add-
on to the natural language-based indicators proposed in recent years.
We also devote particular care to assess the quality of the data used for
the analysis, which guarantees its reliability and accuracy.

The paper runs as follows. After recalling some limitations of using
conventional data sources for measuring SMEs’ innovative activities, we
review the ongoing literature on exploiting website textual content as a
possible solution and its limits in Section 2. Moving to our contribution,
Section 3 proposes theoretical arguments on using HTML code to
overcome the limitation in the analysis of the textual content of a web-
page. Here, we put forward the hypothesis that the HTML structure of
a web-page can be exploited to infer some unobservable characteristics
of a firm’s innovative capabilities. Section 4 presents the data collection
and processing, discussing in detail how we employ the HTML code in
the analysis. As the primary contribution of the paper, in Section 5,
we show for the first time that there is statistically significant variation
in the structure of HTML code between innovative and non-innovative
SMEs. In this context, we demonstrate that, as theoretically hypoth-
esized, the HTML code of a corporate website contains an additional
information signal, beyond the variables typically used by scholars, that
enables to differentiate between innovative and non-innovative SMEs.

2. Measuring innovation with conventional and unconventional
data

The data most widely used to trace innovative processes comes from
specific surveys, financial data, or patents (Gault, 2013; OECD, 2015;
OECD and Eurostat, 2018; Hall et al., 2010; Nagaoka et al., 2010;
Mairesse and Mohnen, 2010). Although these sources are characterized
by high-quality standards, they suffer from some limitations that cannot
be neglected, especially in the case of SMEs.

Surveys are in principle designed to collect any type of information,
but responses may be distorted and questions ill-interpreted by the
respondent. For example, the EU Community Innovation Survey (CIS)
targets a large pool of European firms with a battery of questions
dedicated to innovation processes (Arundel and Smith, 2013). How-
ever, small businesses are only present on a rotating-sample basis,
making it difficult to conduct longitudinal studies of such compa-
nies. Furthermore, micro-enterprises with less than ten employees are
not surveyed at all. So, the CIS is not well-equipped at capturing
micro-firms’ innovativeness. Additionally, other surveys designed to ex-
plore specific dimensions of innovation are often conducted on smaller
sample sizes (Arundel et al., 2013).

Financial statements are another example of official data heavily
used in innovation studies, being available for the majority of compa-
nies. They report information on innovative activities such as R&D ex-
penses and allow us to infer measures on firms’ productivity, profitabil-
ity and growth. However, for SMEs, many R&D expenses occur infor-
mally and are hidden in personnel costs, rather than recorded in finan-
cial statements as explicit R&D costs (Santarelli and Sterlacchini, 1990).
Other registry data, such as labour contracts, are difficult to interpret,
and their availability depends greatly on the data-providers (Kitchin,
2014).

Patents suffer from well-known limitations, such as a different
propensity to patent between and within sectors; the existence of non-
patentable technological knowledge; and the fact that patents protect
inventive steps that do not necessarily represent innovations (Fontana
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et al., 2013). Additionally, patents can be filed or purchased for strate-
gic intellectual property (IP) purposes, not always tracing new knowl-
edge production (Cohen et al., 2000) and SMEs often lack organiza-
tional and economic resources to patent and systematically prefer other
forms of IP protection (Holgersson, 2013). Therefore, patents might
under-represent SMEs’ contribution to the invention process.

Finally, all of these data sources collect information not promptly
updated. Surveys require time for construction, collection and quality
processing. Financial accounts are usually available for statistical pur-
poses with an 18-24 month delay. Patents are filed at the end of the
inventive process and granted after an administrative processing period
that can last over 12 months.

These limitations pushed the literature towards the search for al-
ternative or complementary sources of information. Recently, new
streams of literature within innovation studies pointed the way to-
wards augmenting these traditional data sources to better understand
firms’ innovativeness and the innovation process more in general. As
extensively reviewed by Antons et al. (2020) and Rammer and Es-
Sadki (2023), a sizable innovation studies literature started exploiting,
through text data mining techniques, large textual documents where
information about the innovative activity of firms can be extracted. In
doing so, the web is a priceless source of this kind of document, so
scholars have been exploring it as an additional information source.
Among the first to embrace this challenge, Nathan and Rosso (2015,
2022) use Reuters and Yahoo! online news sources to capture respec-
tively digital business and product launches as proxy for the innovative
performance.

Firms utilize their websites as virtual showcases to display products,
disseminate information about their operations, and establish a public
image. Accordingly, the content of a corporate website is closely tied to
the economic activities of its owner, serving purposes such as spreading
information, conducting online transactions, and facilitating customer
opinion sharing (Domenech et al., 2012; Blazquez and Domenech,
2018). Consequently, corporate websites emerge as rich sources of
information for observing the economic behaviour of firms, prompting
a growing body of literature to accept the challenge of mining them
for research purposes, including within the field of innovation studies.
Unfortunately, the usage of such information is not straightforward.

For instance, Web-scraped data for several UK SMEs were proven
by Gok et al. (2015) to offer additional insights compared to traditional
sources, such as patents and publications and, closely related, Arora
et al. (2013) and Shapira et al. (2016) underlined the advantages
of using data scraped from corporate websites to learn innovation
behaviour and commercialization strategies of SMEs in emerging tech-
nology markets. Guzman and Li (2023) used the text extracted from
the corporate websites for a sample of more than 12,000 US startups to
proxy their strategic differentiation as the textual distance from similar
incumbent public firms.

The occurrence of keywords on corporate websites was used to
build a taxonomy of business models employed by small, highly-
innovative firms focused on technology commercialization (Libaers
et al., 2016), and to develop indicators for different core concepts
of the innovation process. Text extracted from corporate websites
helped identify product-innovator firms, with reliable, cost-effective
results, with a high coverage and spatial granularity (Daas and van der
Doef, 2020; Kinne and Lenz, 2021; Axenbeck and Breithaupt, 2021).
Similarly, Ashouri et al. (2022) developed a web-scraping platform to
identify the presence of product innovation and R&D orientation of
firms.

Li et al. (2018) used data based on the corporate websites of
various US SMEs applied to Triple Helix framework, while, on the same
data, Arora et al. (2020) estimated, through topic modelling techniques,
the dynamic capabilities of these firms.

As well, data scraped from corporate websites have been shown
useful to investigate the working mechanisms of innovation systems,
focusing not only on the textual content of these documents but also on
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the hyperlinks between the web-documents collected (Katz and Cothey,
2006; Kinne and Axenbeck, 2020; Abbasiharofteh et al., 2023).

The analysis of web-scraped data proved to be useful in overcom-
ing some limits of conventional data sources, although the usage of
these alternative data sources is still circumscribed, primarily due to
statistical modelling challenges. As Rammer and Es-Sadki (2023, 2-6)
highlight, at least three peculiarities of these kinds of unconventional
data sources must be carefully accounted for. First, they are produced
by firms for business purposes and the way we measure innovativeness
must consider this. Second, the information on innovation is provided
in an unstructured way and we must properly analyse the data to ex-
tract the information sought. Third, we must employ technical solutions
able to deal with big data sources that grow or change over time.

In some cases, the keywords’ update invalidated prediction re-
sults (Janardan Mehta, 2017) but thus far, the concept drift' problem
does not have an effective solution for improving text-based models’
robustness and stability over time (Daas and van der Doef, 2020).

Also, when dealing with the textual content of a website, other
drawbacks must be taken into account. First, text is content- and
language-specific, making it challenging to extend results beyond a
country’s borders and draw meaningful international comparisons.?
Second, textual content depends on the technology and knowledge base
of a sector. Thus, comparisons across sectors are challenging, even
between firms in the same supply chain. Third, the textual content also
depends on the type of innovation it refers to, since it tends to capture
the introduction of new products and their quality rather than process
innovations or inventions (Gok et al., 2015). Fourth, textual content is
produced potentially with the aim to present information in a way that
is the most favourable to the company itself, by omitting or twisting
some details, as pointed out by Gok et al. (2015).

While employing HTML code may not resolve all the previously
mentioned limitations, it can significantly alleviate them, especially
when used in conjunction with textual analysis. For example, HTML
transcends language and sector-specific semantics. It is not directly
linked to the multifaceted concept of innovation but serves as a proxy
for the underlying competencies at the firm level, as will be detailed
in the following section. The reliance on HTML is based on technical
considerations and avoids the potential bias inherent in corporate
representations of the world.

Specifically, we hypothesize that innovative SMEs adopt a distinctive
coding style in the development of their websites. Therefore, we argue that
the HTML code of a website carries useful information about the innovation
activity of a small business.

3. Why innovative SMEs code differently

The use of HTML code, as proposed in this paper, while maintaining
the general limitation and opportunities of unconventional web-scraped
data, solves the issue of content analysis since it is not specific to
any particular language, industry, or technology. Moreover, computa-
tional linguistics recently recognized that HTML code improves large
language models performance in tasks like named entity recognition,
description generation and autonomous web navigation (Ashby and
Weir, 2020; Li et al., 2022; Giir et al., 2023). However, it still re-
mains challenging to understand why the HTML code of innovative
companies, rather than the textual content, would differ from that of

1 In data mining literature, concept drift or drift indicates the unforeseeable
changes in the underlying distribution of the data over time (Lu et al., 2019).

2 Cross-language NLP models might partially solve this problem, as pointed
out by the detailed survey by Pikuliak et al. (2021). However, these models
may still struggle with nuances, idiomatic expressions, and cultural con-
text (Hershcovich et al., 2022). Additionally, such models require substantial
computational resources and may not be as accurate in all languages,
especially those less commonly represented in the training data.
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non-innovative ones. Before delving into the data to demonstrate this
phenomenon, we provide some theoretical explanations.

First, being oriented towards the commercialization of new products
and technologies, we may expect that an innovative SME needs its
website to be well-indexed by search engines and social networks since
this will increase its visibility and sales. For this reason, commercial
practices like e-commerce, customer engagements and user monitoring
require to be embedded in the HTML design, as documented since the
seminal work of van Duyne and Hong (2003) on the customer-centred
web experience.

Second, innovative SMEs tend to employ more highly skilled work-
ers, with advanced technological expertise, than the average small
business. Evidence that they facilitate ICT adoption is vast and ro-
bust (Haller and Siedschlag, 2011; Giotopoulos et al., 2017, among the
many), so innovative SMEs will be more receptive to adopting new
technologies and incorporating them into their operations. Therefore,
we expect that the presence of high-skilled workers facilitates the
integration of cutting-edge technologies into the development process
of the website of innovative SMEs. Thus, we expect that outdated or
deprecated tags are less likely to be observed for innovative firms.

Third, we surmise that there is a positive relationship between the
quality of a company’s website and its overall dynamic capabilities. In
the rapidly changing internet economies, only companies that excel in
website design, functionality, user experience and internet strategy can
truly thrive. While a general correlation between dynamic capabilities
and innovation capabilities has been established since Lawson and
Samson (2001)’s seminal work, there is also compelling and specific ev-
idence within the context of the internet economy. For instance, Daniel
and Wilson (2003) demonstrate that firms capable of meeting the
demands of the e-business environment are associated with a higher
rate of innovation. In this vein, we conjecture that HTML tags linked
with functionalities of the internet economies might be more frequent
in innovative firms.

Eventually, we believe that the relationship between website style
and innovation activity persists even when firms do not develop in-
house their website but acquire it, as-a-service, from a third party. In
this case, the website can be seen as the design outcome of a user-
producer interaction and, as well-established, the innovativeness of the
output in user-producer interaction heavily depends, ceteris paribus,
on users’ input specificity and quality (Lundvall and Johnson, 1994).
Indeed, the capability of the users to provide precise information about
their needs and their level of knowledge to effectively communicate
with the producer have a significant effect on the outcome of the
interaction (Guerzoni, 2010). In a nutshell, the kind of HTML code
and coding style that is used to create a corporate website reflects
the interaction of the company’s needs and skills with those of the
programmer (Brinck et al.,, 2001). Hence, we hypothesize that the
outcome of this interaction reveals unobservable characteristics related
to high skills and creativity that may be indicative of an overall degree
of innovativeness of a small business.

To the best of our knowledge, this is the first paper to suggest and
test the hypothesis that the HTML code of the corporate website of
innovative SME:s is systematically different from that of non-innovative
ones.

4. Data collection

This study relies on a sample of innovative and non-innovative
Italian SMEs in manufacturing, active in 2016. We specifically focus
on the year 2016 as a preliminary step towards conducting a dynamic
analysis that will encompass a longer time period up to the present day.
We decided not to extend the analysis before 2016, as the number of
registered innovative SMEs during that period was extremely small. As
well, we choose to restrict the study to the manufacturing sector for
two main reasons. Firstly, the manufacturing sector is a crucial driver
of economic growth and innovation and encompasses a wide range
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Manufacturing SMEs available on Orbis and active in 2016
116,389 observations

Filter only those for which Orbis reports a website
77,993 observations

Filter only those whose website has been archived
at least once by the Wayback Machine in 2016

65,390 observations

Filter only those for which we can positively assess
the attribution of the website by Orbis

42,238 observations

e o~

Filter only those not listed Filter only those listed
in the ‘innovative SMEs’ register in the ‘innovative SMEs’ register

42,031 observations 207 observations

Matching procedure

Final pool of SMEs

858 observations organised in
100 samples of pairs

Fig. 1. Sample size over the different steps of the cleaning and matching process.

of industries involved in the production of tangible goods. Secondly,
the manufacturing sector typically exhibits unique characteristics com-
pared to other sectors. It often involves complex production processes,
technological advancements and research and development activities.

The data collection combined conventional and unconventional
data sources. In detail, three information sources have been employed:
the Orbis and Aida databases by Bureau van Dijk (BvD) and the
Wayback Machine of the Internet Archive (https://web.archive.org/).
The two former databases, which are conventional data sources, were
utilized for company identification, determination of innovation status,
information on size, location and sector, and validation of website
data. Website data have been retrieved from the Wayback Machine,
an unconventional data source that has archived approximately 682
billion web-pages to date, covering over 25 years of web history. As
supported by the existing literature, this resource enables users to
track the history and evolution of each web-page over the very time
period of the corresponding conventional data. See Arora et al. (2016)
and Blazquez et al. (2018) for the advantages and limitations of this
approach.®

4.1. Creation and validation of the SMEs websites’ sample

The list of Italian manufacturing SMEs active in 2016 was obtained
via a specific query on the BvD-Orbis platform. For each of the records
of the initial screening, we retrieved, among others, the corporate

3 The non-expert reader can find a concise description of the key compo-
nents of the HTML code in Appendix A. This description will serve as a helpful
reference for the upcoming analysis.
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website URL, if provided. Therefore, the process of companies’ sample
selection first counted 116,389 firms, which dropped to 77,993 obser-
vations because of missing URLs (Fig. 1). For the latter companies,
we accessed their website, when present, as archived in 2016 by the
Wayback Machine. This means that the monitored companies were
further reduced to 65,390.

Unfortunately, the websites provided by BvD were not always asso-
ciated with the right companies, so we performed a verifying procedure
to assess the correct matching between URLs and companies. Similar
to Barcaroli et al. (2016), the procedure searches for several informa-
tion pieces on the archived website, such as the firm’s tax identification
number, address (street name and number) or the postcode of its head
office and phone number, keeping the site only if the correspondence
is verified. This has improved the data quality, reducing mismatching
errors. Indeed, ex-post manual inspection proves an accuracy of 94%
in associating the company with the correct website URL, as described
in details in Bottai et al. (2022). On the other hand, the verification
procedure impacted the final size of the sample, reducing it to 42,238
SMEs.

4.2. Labelling of innovative SMEs and data organization

The list of innovative SMEs provided by BvD-Aida is created by
the Italian Chamber of Commerce’s Business Register in compliance
with the Italian Startup Act (221/2012 law). In 2012, the Italian
Startup Act created a specific section in the Italian business register
for classifying ‘innovative startups’ while, a few years later, the Law-
Decree DL 3/2015 expanded this possibility to ‘innovative SMEs’. Small
businesses must meet a set of criteria to enrol on this special section
of the business register. Specifically, they must not distribute profits
and must develop, produce and commercialize innovative goods or
services of high technological value. Additionally, they must meet at
least two of the following three criteria: (a) allocate at least 15% of
expenses to R&D; (b) employ Ph.D. students or holders, researchers,
or Master’s degree holders comprising at least one-third or two-thirds
of the workforce, respectively; (c) hold, have deposited, or have in
license a registered patent or own a legally registered computer pro-
gramme. Firms are classified as ‘innovative startups’ if they have been
in operation for less than five years and as ‘innovative SMEs’ other-
wise.* As underlined by many recent works, the Italian Startup Act
provides us with a novel tool to identify innovative SMEs, with at least
three clear advantages over previous ‘innovativeness’ indicators (see
Guerzoni et al., 2021; Antonietti and Gambarotto, 2020; Colombelli,
2016, among others). First, it focuses on SMEs, which very likely are
not subsidiaries or foreign green-field entrants. Second, the included
firms must focus on novel products. Lastly, at least one of the usual
(input or output) innovation proxies must be fulfilled by the included
firms; but, differently from other measures, it is not a priori restricted
to just one of them. Table 1 reports the summary statistics for a few
indicators available on the collected SMEs. As expected, innovative
firms are larger, particularly if we look at the value of their intangible
assets (patents and IPRs included) and their R&D expenses level.

The size, industrial sector and location of firms are widely recog-
nized as significant variables that can affect both input and output
indicators of innovative activity (Guerzoni et al., 2021). Therefore, any
comparison of the difference between innovative and not-innovative
firms must account for these confounding factors. In this case, the
distributions of the innovative and non-innovative SMEs (Fig. 2) show
different patterns, by firm size, industry and geographical location.
To perform a thorough analysis of the data we have designed 100
groups of firm pairs. Using an exact matching procedure, we paired
each innovative company with a non-innovative company that was

4 For the complete list of criteria, see Decree 179/2012 Art. 25 and Decree
3/2015 Art. 25 and its modifications.
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Table 1
Descriptive statistics for the 42,238 manufacturing SMEs active in 2016.
Innovative
min. mean max. st. dev.
Employees (num.) 1.00 23.36 211.00 33.34
Tot. Assets (th EUR) 28.98 5,020.92 51,810.47 7,977.80
Fixed assets (th EUR) 0.40 1,793.17 19,935.46 3,197.78
Fixed intangible assets (th EUR) 0.00 547.73 8,432.78 1,158.98
Patents and IPRs (th EUR) 0.00 88.78 2,394.97 324.03
R&D expenses (th EUR) 0.00 381.22 8,201.22 1,056.20
Non-innovative
min. mean max. st. dev.
Employees (num.) 0.00 21.16 244.00 26.15
Tot. Assets (th EUR) 9.83 4,986.70 883,522.84 9,821.78
Fixed assets (th EUR) 0.00 1,586.91 596,630.82 5,334.69
Fixed intangible assets (th EUR) 0.00 148.59 119,758.07 1,138.42
Patents and IPRs (th EUR) 0.00 14.26 15,382.77 159.51
R&D expenses (th EUR) 0.00 26.79 7,068.00 169.02

(i) of a similar size; (ii) located in the same geographical region
(NUTS 2); and (iii) operating in the same industry (NACE, 3-digit).
After excluding innovative SMEs without any potential matching, we
maximized the number of couples and the number of linked firms of
both kinds preserved with the Hopcroft-Karp algorithm (Hopcroft and
Karp, 1973). The matching procedure has been repeated 100 times,
using each time a different pool of non-innovative SMEs to have several
groups to compare.®

Thus, we have obtained 178 innovative SMEs and 680 non-
innovative matches, organized in 100 paired-firms samples.

4.3. Building web-based data

Web-based data were collected using the method described in
Blazquez et al. (2018) and Crosato et al. (2021, 2023). We accessed
the homepage of each company’s website and downloaded its HTML
code. From this code, we identified and recorded the different HTML
tags and how frequently they appeared on each website. To ensure
the quality of the data, we filtered out web-pages with less than ten
HTML tags, as these are likely to be low-quality snapshots by the
Wayback Machine. The resulting dataset is in the form of a document-
term matrix, where rows represent websites, columns represent HTML
tags and each cell contains the absolute frequency of a tag on a specific
website. Overall, we identified a total of 1,326 distinct HTML tags,
some of which are very common, while others are much rarer across
the analysed websites. A well-known practice in text mining studies
is to remove the most common and rare words, in the conviction
that they rarely convey important information (Feldman and Sanger,
2006; Piantadosi, 2014; Zipf, 1949). Similarly and based on Zhang
(2008)’s work, which extends certain natural language properties to
programming languages, we decided to retain only HTML tags that
appeared at least twice in the dataset, either on the same web-page or
different ones. We also excluded mandatory tags like <htm1>, <head>
and <body> from the analysis. Additionally, we removed all HTML
tags used by less than 1% or more than 99% of the web-pages in the
sample. This cleaning process left us with a final set of 71 HTML tags for
the analysis, whose frequency distribution is compared with the overall
frequency distribution in Fig. 3.°

5 To prevent losing too many of the innovative SMEs from the matches,
we reset the list of already matched controls once that less than 10% of the
innovative SMEs found a match among the potential controls left to match.

® The 71 tags monitored in the analysis covers 50%-65% of the esti-
mated number of the available and valid HTML tags (see https://meiert.
com/en/indices/html-elements/). They also include all the 28 most commonly
used tags, as estimated by Rosu (2020) based on more than eleven million
web-pages.
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Fig. 2. Distribution of the 42,238 manufacturing SMEs active in 2016 by (a) firm size;
(b) geographical location; and (¢) industrial sector.
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Table 2

Descriptive statistics on the aggregated size variables.
size variable min median mean max
html_size 1,121 44,103 62,321.0 488,281
text_size 11 4,780 7,214.0 107,512
images 0 20 27.5 240
hyperlinks 0 62 79.3 950
stylesheets 0 16 23.0 116

Moreover, we calculated five aggregate statistics that measure dif-
ferent size aspects of a corporate website. The first two, html_size
and text_size, measure (in bytes) the size of the HTML code for
each web-page and the length of the text included within the web-
page, respectively. images is an indicator of the number of images
included in the document, while hyperlinks counts the number
of user-clickable hyperlinks present in the HTML document. Lastly,
stylesheets synthesizes the number of external resources, primarily
CSS files, used in the web-page. Table 2 shows selected descriptive
statistics of the size variables.

5. Empirical analysis: Innovative vs non-innovative SMEs

The empirical analysis proceeds in two stages. As a first investi-
gation, we test whether innovative and non-innovative SMEs differ
according to the aggregate statistics we built to capture different as-
pects of a corporate website size. Secondly, we delve deeper into the
data to check if certain HTML tags naturally group together, indicating
distinct coding styles between innovative and non-innovative firms.
For this purpose, we utilize patterns of tag co-occurrence within web-
pages and conduct an elaborate cluster analysis on the 71 HTML tags.
Subsequently, we compare the usage of these tags between innovative
and non-innovative firms at the cluster level and, if the usage of tags
within a cluster is found to be different, at the individual tag level too.

5.1. Are the websites of the innovative SMEs bigger?

We compare the size of innovative and non-innovative SMEs web-
sites by analysing differences in the 100 samples of paired firms.

Specifically, for each pair i composed of an innovative firm (inno)
and its non-innovative match (ninno), let us define 6; = x; jnno = X; ninno-
Say that x is the variable html_size. If x; j;,, = 112,345 and x; pinno =
11,345 are the values for a generic pair i, then the difference is §; =
101,000. Consequently, let us define &/ = (6,6,,...,6,) as the vector
of the n pairs differences composing a generic sample j. The density
distributions of these vectors for all the 100 samples and for each size
variable are depicted in Fig. 4.
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Visual inspection of these differences reveals dissimilar size tenden-
cies of innovative and non-innovative firms. Should the mean of the
distributions be zero, there might be no differences between innovative
and non-innovative SMEs. At the same time, if the mass of a given
distribution is skewed to the right, that specific variable should be
systematically larger for the innovative firms than for the otherwise
comparable, non-innovative ones. In Fig. 4, the ribbon represents the
area between the minimum and maximum density for each x-value
among the 100 samples while the five shades of blue that fill the ribbon
roughly represent subsequent difference fifths, delimited by the median
of the estimated quintiles. These blue shades elicit therefore the extent
to which the differences are positive, negative or evenly distributed
around zero. For instance, in Fig. 4a about 60% of the differences are
positive, suggesting that html_size is larger for the innovative firms
than for the others.

Since the visual inspection suggests that the difference between
innovative and non-innovative firms for any of the size variables is larger
than zero, to confirm this we run a battery of three tests.

We first test in each sample (j) whether the mean of the differences
() is zero with a standard paired #-test as in

Hy : py =0, for j=1,...,100 1

Moreover, since Fig. 4 suggests a skewed and fat-tailed distribution
of these variables, we also run two additional robust tests. We inspect
whether the distribution of the differences is symmetrical around zero
with the Wilcoxon signed-rank test. This test evaluates the symmetry
of a distribution with respect to a hypothesized value, zero in this case.
It assesses deviations from the median, considering both their sign and
magnitude. The null hypothesis is that the sums of positive and negative
ranks are equivalent. That is,

H, : Med,; =0, for j=1,...,100 (2)

where Med,; is the median of the distribution of the differences of the
paired observations in the sample j.

As a second robust test, we check for discrepancies in the tails of
the distribution of the differences, applying a test for the symmetry of
the deciles (see method D in Wilcox and Erceg-Hurn, 2012). In this last
case, the null hypothesis is

Hy : 0,4 +0,_g0 =0, with ¢=0.1,0.2,03,04; j = 1,..., 100 3

For instance, when ¢ = 0.1 we are comparing the first decile of the
difference of a variable (8, = 6 ;) with its ninth decile (9,_, = 6, ) and
test under the null hypothesis that their sum is zero. In other words,
we are testing whether the two deciles are equal in magnitude, but
with opposite signs. If this hypothesis is not rejected, it means that
the compared deciles are symmetrical around zero and those parts of
the difference distribution are not dissimilar. However, even if there
is no difference at the extremes of the distribution, there could be an
imbalance at the 20% or 40% level, still indicating more positive (or
negative) differences.

For all of the three tests above, we opted for a conservative bilateral
testing strategy, deriving the sign of the difference, if any, from the
visual inspection of Fig. 4.

The output of the analysis consists in the median of the p-values
referring to the tests on the 100 samples (Table 3). It is worth noticing
that the results evenly suggest that the corporate websites of the inno-
vative SMEs tend to be bigger both in terms of HTML code underlying
their homepage, the text it contains, the number of hyperlinks and
CSS style-sheets used. Indeed, all the median p-values are under the
5% significance level for all of the size variables but, in two cases,
for the first decile. As for the number of images, we can see that
the difference distributions are not symmetrical in their central part,
but it is at the extremes (first and ninth decile). This probably causes
the r-test to reject the hypothesis of zero mean at the 10% level of
significance only. However, the two couples of deciles dissimilar at
the 5% significance level and the Wilcoxon signed-rank test indicate
a mostly positive difference in the number of images, pointing to more
images on the innovative firms’ websites.
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Table 3

Median p-value of Paired t-test, Wilcoxon signed-rank test, Quantile test (method D) on the differences of size variables between innovative

SMEs and paired firms. Visual Differences (V.D.) report the sign observed in Fig. 4.

Size variable Paired r-test Wilcoxon signed-rank® Quantile test V. D.
10% 20% 30% 40%

html_size 0.001 0.000 0.006 0.002 0.000 0.000 +

text_size 0.012 0.003 0.061 0.017 0.002 0.002 +

images 0.082 0.041 0.121 0.036 0.052 0.048 +

hyperlinks 0.008 0.002 0.064 0.006 0.000 0.000 +

stylesheets 0.000 0.000 0.002 0.000 0.000 0.000 +

2 The signed-rank p-values are calculated using the Pratt ties correction.

5.2. Do innovative firms code differently?

To study the coding style of the sample of SMEs, we apply a hier-
archical cluster analysis leading to the identification of seven clusters,
which are represented through a Silhouette plot in Fig. 5 (Rousseeuw,
1987). For the interested reader, Appendix B explains the detailed and
robust process to cluster tags based on their pairwise similarity and why
seven appears as the most reasonable number of clusters based on five
different evaluation metrics.

Cluster description. As shown by Fig. 5, cluster 1 (C1) is composed of
two tags — <form> and <input> - whose aim is to collect user inputs
through online forms. Cluster 2 (C2) groups three tags — <table>,

<tr> and <td> - useful to include tables in a website. The third
cluster (C3) includes new semantic elements introduced by HTMLS5, the
latest HTML Recommendation at the time to which the data refer. Four
tags — <header>, <footer>, <section> and <nav> - are useful
to communicate to the browser the role taken by different sections of
a web-page, and are among the most typical of this ‘new paradigm’.
While the fifth tag in C3, <i>, was already part of the HTML, since
its very beginning, to signal portions of text in italic. Over time, it has
been replaced by analogous portions of CSS language—a companion
of HTML used for describing the presentation of a web document.

However, <i> found a new aim, recently, as programmers started using
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Fig. 5. Silhouette plot of the seven-cluster solution.

it to include icons - like a thumb up - in web-pages.” Cluster 4 (C4) is
the largest group, mainly composed of tags that are used by only a few
of the web-pages included in the sample. Cluster 5 (C5) and cluster 6
(C6) are singletons, each composed of only one tag—as such, they will
not be analysed as clusters in the following.

Lastly, cluster 7 (C7) contains a relatively large group of commonly
used tags (see Rosu, 2020) and can be read in opposition to C4. For
instance, among tags for inline text semantics, <a>, <span> and
<br>, in C7, are used very frequently, while <small> and <u>, in C4,
quite rarely. The same can be said about tags used to structure the text
content — <div>, <p>, <ul> and <11i> in C7 versus <main> in C4 -
as well as about tags regarding the inclusion of images and multimedia
in a website — <img> in C7 versus <figure>, <area> and <map>
in C4.

We should note that some of the HTML tags are often used in
combination with others. For instance, to add a table to your web-
page, you must have a <table> environment in which you can add
rows and columns using tags <tr> and <td>, respectively. Likewise,
the adoption of a given coding style in a part of a web-page will
probably result in the same choice in the rest of the page: e.g., the
use of <nav> to include a menu in a web-page calls for a <footer>
section. Therefore, we can interpret a larger or smaller use of tags
belonging to a particular cluster as indicative of the kind of technology
and coding style characterizing a web-page, and, in turn, of the kind of
capabilities that an SME put into practice while interacting with the

7 For example, this is how popular web-development tools like Bootstrap
(https://getbootstrap.com/) and Font Awesome (https://fontawesome.com/)
advise users to include icons into a web-page.

Table 4

Median p-value of Paired r-test, Wilcoxon signed-rank test, Quantile test (method D)
on the differences of size variables between innovative SMEs and paired firms. Visual
Differences (V.D.) report the sign observed in Fig. 6. Clusters C5 and C6 are omitted
since composed of one tag only.

Cluster ~ Paired t-test ~ Wilcoxon signed-rank® Quantile test V. D.
20% 40%

Cl 0.399 0.391 0.412  0.379 None

C2 0.001 0.001 0.000  0.000 -

C3 0.003 0.003 0.008  0.003 +

C4 0.663 0.603 0.663  0.524 None

Cc7 0.001 0.003 0.000  0.009 +

2 The signed-rank p-values are calculated using the Pratt ties correction.

web-programmers and designers that coded it. Thus, we interpreted
each cluster as the expression of a coding style.

Difference evaluation. To quantify the degree to which a firm follows
the coding style represented by a specific cluster, we introduce a
measure of adherence defined by the proportion of that cluster’s tags
detected on a firm web-page.

Formally, if 7, is the number of tags composing cluster k and #,; is the
number of tags of cluster k detected on the website of the Ath firm, the
adherence a is defined as a;,; =1, /1,. For example, if among the five
tags in C3 only <footer> is used in the web-page of the ath firm, the
adherence of that firm to cluster 3 is a3 = 1/5.

In order to evaluate whether innovative and non-innovative firms
exhibit a different adherence to each cluster, we proceed similarly to
Section 5.1. We compute the difference in adherence between paired
firms, plot their distributions for all the 100 samples for visual inspec-
tion and proceed to test the null hypotheses as in Egs. (1), (2) and
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(3). However, to account for a narrower variation range in the data,
we decided to test for the differences in cluster adherence in Eq. (3)
using the distribution quintiles, preventing potential overlapping be-
tween the deciles. The density distributions of the differences in Fig. 6,
together with the blue bands representing the differences’ fifths, allow
for a visual understanding of the difference sign. The tests’ outcomes,
summarized as the median p-value over the 100 samples, along with
the visually-determined sign of the differences, if any, are reported in
Table 4.

Innovative and non-innovative SMEs do not adhere equally to clus-
ters C2, C3 and C7 since all the three tests’ median p-values are below
the 1% level of significance (Table 4). In particular, Fig. 6 shows that
innovative SMEs tend to use a smaller proportion of the tags in C2 than
their non-innovative counterparts, while the opposite holds for the tags
in C3 and C7.

As a robustness check and to enrich the interpretation framework,
for the clusters showing unalike adherence between innovative and
non-innovative firms, we also test for differences across individual tags
(Table 5).8

8 In commenting, we consider as significant those differences where the
majority of tests provide p-values under the 5% level of significance. We ignore
those cases where none of the three tests described above point to significant
differences.

On the one hand, the HTML tags composing C2-<table>, <td>
and <tr>-are less used by innovative SMEs than by other comparable
firms (Table 5). These tags were used to give a structure to a web-
page, putting the content of the page in different cells of a table
with transparent borders. This stylistic solution, commonly used in the
past, is today discouraged by standard practices because it is unfit for
responsive pages—i.e., able to adapt to any device, from a large desktop
PC to a small smartphone.’ Therefore, the fact that innovative SMEs
tend to use these tags less than their non-innovative counterparts is in
line with the idea that the first group of firms is better equipped at
capturing novel technological trends.

On the other hand, the HTML tags typical of HTML5, mostly clus-
tered in C3 - like <footer> or <header> - are more often used
within the web-pages of innovative firms (Table 5). As explained
by Tabarés (2021), the radical novelty introduced into the web tech-
nology by HTML5 was pushed not only by technical limitations of
the previously existing standard but also by the new needs of the so-
called ‘platform economy’. Said differently, the HTML was suited for
rendering text content, but not that much for embedding videos or

9 About the extensive use of the <table> tag for web design purposes done
in the second half of the 1990s, see Siegel (1996, ch. 4). About more modern
approaches that overcome tables in favour of more flexible HTML structures
and a more extensive use of CSS, see the ideas of ‘tableless’ and ‘responsive’
web design, among others.
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Table 5
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Median p-value of Paired t-test, Wilcoxon signed-rank test, Quantile test (method D) on the differences of size variables between innovative
SMEs and paired firms. Visual Differences (V.D.) report the sign derived visually from figures in the Supplementary Material. Please, notice
that the only tags included in the table with p-values above 5% for all the tests are <br> and <title>.

HTML tag Clu. Paired r-test Wilcoxon signed-rank?® Quantile test V. D.
10% 20% 30% 40%

<table> Cc2 0.175 0.005 0.199 0.007 0.002 0.002

<td> c2 0.184 0.006 0.145 0.012 0.004 0.002 -
<tr> C2 0.158 0.005 0.118 0.009 0.002 0.002 -
<footer> C3 0.000 0.001 0.008 0.000 0.000 0.000 +
<header> C3 0.051 0.011 0.028 0.011 0.012 0.014 +
<i> C3 0.022 0.002 0.009 0.002 0.002 0.002 +
<nav> C3 0.015 0.019 0.029 0.022 0.027 0.028 +
<section> C3 0.004 0.009 0.010 0.008 0.015 0.015 +
<a> c7 0.008 0.002 0.064 0.006 0.000 0.000 +
<br> Cc7 0.468 0.154 0.277 0.223 0.219 0.182 None
<div> Cc7 0.001 0.000 0.026 0.002 0.000 0.000 +
<h> Cc7 0.009 0.002 0.156 0.004 0.000 0.000 +
<img> Cc7 0.082 0.041 0.121 0.036 0.052 0.048 +
<1li> Cc7 0.037 0.004 0.235 0.029 0.004 0.000 +
<link> Cc7 0.000 0.000 0.002 0.000 0.000 0.000 =+
<meta> Cc7 0.007 0.002 0.006 0.006 0.002 0.004 +
<p> Cc7 0.065 0.005 0.175 0.008 0.002 0.004 +
<script> C7 0.001 0.000 0.014 0.002 0.000 0.000 +
<span> c7 0.013 0.001 0.039 0.002 0.000 0.000 +
<title> Cc7 0.171 0.054 0.129 0.051 0.054 0.059 None
<ul> C7 0.011 0.002 0.073 0.004 0.000 0.000 +

2 The signed-rank p-values are calculated using the Pratt ties correction.

letting the user interact with the website. The HTML5 paradigm helps
web developers to design flexible web-pages — more suited for any kind
of device —, embed multimedia content into them and facilitate the
interaction of casual users with the website. These technical advances
are key for value propositions related to digital platforms. For example,
having a responsive and mobile-first website is key for marketing
and economic reasons. First, the page will look nicer to the customer
who approaches it from any device, and it will be easier for her to
interact with its contents. Moreover, search engines tend to prioritize,
in the results ranking, these mobile-first pages. Therefore, in line with
the working hypothesis, it is not surprising that the innovative SMEs
employ this cluster of tags more than the similar, non-innovative ones,
and invest more in alternative stylistic and technological solutions.
Consistently with a larger adherence to C7 by the innovative firms,
similar conclusions hold also when we move to the analysis of the indi-
vidual tags (Table 4). The tags in C7 are used to enrich the structure of
a website, whether with stylistic choices - like for <div> and <span>
— or with links to hypertexts and style-sheets (<a> and <link>,
respectively), or to notify to search engines and social media platforms
useful metadata about the web-page (<meta>), by structuring lists or
menus - like <ul> and <1i> -, and finally embellishing it with more
images (<img>). Lastly, more <script> tags in the innovative SMEs
websites are quite indicative of more advanced technology: this tag is
used to embed (client-side) executable code written in JavaScript.
Additional evidence regarding the companies that adhere most to
clusters 2, 3, and 7 is provided in the Supplementary Material.

6. Conclusion

In this paper, we proposed and explored the use of HTML code,
retrieved from corporate websites, as an alternative information source
for identifying innovative SMEs. To accomplish this, we collected the
website URLs for all active Italian manufacturing SMEs present in BvD-
Orbis. Subsequently, we thoroughly checked the firm-website matching
accuracy. This novel assessment procedure markedly decreased the
number of false positives in the data, even though significantly reducing
the sample size. We identified those small businesses that enrolled in
the special section of the Italian Business Register defined by the Italian
Startup Act as ‘innovative firms’. With this data, we built a robust
framework comprising one hundred samples of both innovative and
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non-innovative SMEs, carefully matched based on relevant confounding
factors.

The homepage of each corporate website was then scraped, from
the Internet Archive, to obtain a selection of HTML tags and a few size
measures of the websites, which were used as a basis for comparing
innovative and non-innovative small businesses.

The results point to larger websites for innovative SMEs, whether
measured by the HTML code underlying their homepage, by the size of
the enclosed text or by other alternative measures of a web-page size.
Additionally, seven clusters of HTML tags — based on the frequency with
which they are co-used on the web pages — emerged. We showed that
three of these clusters are employed to a different degree by the two
groups of businesses. Innovative SMEs’ websites are richer, more up-
to-date, and more complex compared to those of non-innovative ones.
These results indicate that the stylistic and technological features of the
HTML code of corporate websites reflect unobservable characteristics
related to high skills and creativity, indicative of a small and medium
enterprise’s capacity to undertake innovative activities.

Therefore, our study represents the first step in transforming the
HTML code of corporate websites into data for identifying innovative
SMEs and potentially deriving innovation indicators.

However, we recognize that the present study has specific limi-
tations. Firstly, the focus on manufacturing firms circumscribes the
conclusions. In the future, it will be important to extend the approach
to other sectors for which websites represent a unique showcase, such
as services. Secondly, we did not analyse tags other than those found on
website homepages. Further research should include additional features
that could validate the conclusions.

More in general, we should point that working with unconventional
data, such as web-scraped data, is not straightforward due to their
unique features. Collecting, merging, storing, and analysing unstruc-
tured data, such as the HTML code of corporate websites, require
adequate skills and expertise. By developing this project and with ref-
erence to the literature, we identified the following challenges, which
we partly addressed.

Accessing unconventional data, particularly those collected from
web platforms, is increasingly challenging. The information gener-
ated by online ventures is often deemed a strategic asset by compa-
nies, leading to restricted access or questioning the legitimacy of data
scraping (Scassa, 2019).
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Unconventional data sources have limitations that can impact the
quality of derived statistics (Cebrian and Domenech, 2023). Among
others, incompleteness, inconsistency and inaccuracy are commonly en-
countered (Karr et al., 2006). For instance, Kinne and Axenbeck (2020)
discovered under-representation of the agricultural sector, among firms
with fewer than five employees and recently established firms. On
the contrary, patent assignees were found to be over-represented in
web-based data. These drawbacks can be solved by integrating uncon-
ventional with conventional data, as demonstrated in previous studies
involving firms’ websites (Daas and van der Doef, 2020; Crosato et al.,
2021, 2023). On the other hand the integration can present chal-
lenges too, because conventional data is tidily structured in relational
databases, whereas unconventional data rarely follows this format. For
example, in this paper, we discuss the creative yet arduous process of
identifying keys to merge website data with financial statements, as
well as the subsequent evaluation of data quality.

Finally, the dynamic nature of corporate websites allows for the
creation of panels to analyse firm online behaviours, but it also implies
the need for constant forward monitoring. On the other hand, the use of
the Wayback Machine of the Internet Archive, or similar tools, makes
backward analysis of website’s past structure possible (Arora et al.,
2016; Blazquez et al., 2018).

Concluding, in recent years the use of corporate websites as in-
formation sources for measuring the innovative activity of SMEs has
shown its potential. Until now, scholars mostly exploited the natural
language content of these websites to build useful innovation indi-
cators. However, we have shown that the HTML structure of these
corporate websites too must be acknowledged alongside their textual
features as informative of the innovativeness of a business. There-
fore, we hope that future research does not overlook this information
piece as an additional feature to build web-based firm-level innovation
indicators.
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Fig. A.7. A hypothetical HTML code describing the structure of a web-page (upper
part) and how this translates into what we would see through a web-browser (bottom
part).

Appendix A. HTML code

The HyperText Markup Language (HTML) is a markup language
designed to help a web-browser display the structure and content of
a web document. Together with Cascading Style Sheets (CSS) and
JavaScript (JS), it is the main technological component of the World
Wide Web (WWW). Specifically, the HTML describes, semantically,
the structure of a web-page by surrounding portions of the text with
tags to describe its function. E.g., <a href=“https://www.dolor _sit_
am.et”>Lorem ipsum</a> informs the browser that ‘Lorem ipsum’
is the anchor of a link pointing to https://www.dolor sit am.et; as
specified by the hypertext reference (href) attribute of the <a> tag.
Being informed about this special function of this portion of text,
the browser will provide you with the possibility to click on it to
be redirected to the specified URL. Instead, other tags, like <img
src=‘ ‘nameplate.png’’> directly introduce content into the page;
in this case the browser will display nameplate.png as an image
within the web-page. Fig. A.7 illustrates how a hypothetical HTML
code, describing the structure of a web-page, translates into what we
would see through a web-browser. In the upper portion of the figure,
several dashed-bordered blocks represent some elements that constitute
this imaginary web-page. Each block corresponds to an HTML tag. For
example, the <title> tag contains meta-data informing the browser
about the title of the web-page, that in general will be displayed in the
upper part of the browser’s window. The tag <nav> contains that menu
of the web-page, and within it, you could find a list of <a> tags. Each
of these <a> tags, points to a sub-page of the web-site: in the example,
by clicking on the first you would open a web-page with the story,
vision and mission of the company; while by clicking on the second you
would see a web-page with a map representing where the company is
located. Then, we have a <div> tag, that is a generic box containing
other tags. Within it, we find a <h1> tag, with the main title of the
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1

Fig. B.8. Distance matrix D between HTML tags. A dark blue colour indicates an association between two tags, while light yellow suggests its absence. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

web-page, followed by a <p> tag with a portion of text. The <img>
tag includes an image, taken from the ‘balloons.png’ file, in the web-
page. The <ul> tag identifies a block of bullet points, each of which is
declared by a <1i> tag. Lastly, the <footer> is a box semantically
describing a portion of text to be rendered at the end of the web-page.
The bottom portion of Fig. A.7 displays the rendered page, based on
the HTML code just described.

Appendix B. Cluster analysis

We cluster HTML tags based on their pairwise similarity, where
two tags are more similar the more they tend to be used together on
the same web-page. Specifically, we follow a three-step approach (Sulc
et al., 2022): (i) we create a website-tag binary matrix; (ii) we calculate
a distance d,, between tags; (iii) we group the tags in clusters so that
two similar tags will tend to be part of the same cluster.

More precisely, the first step consists of transforming the website-
tag contingency table M = [m,,,] into a presence-absence one, A = [a,,],
such that a,, = 1 if the HTML tag ¢ is used at least once in the code of
web-page w, and 0 otherwise.

In the second step, to calculate the pairwise similarity between
tags, we use the ‘simple matching coefficient’ introduced by Sokal and
Michener (1958). Supposing that the relationship between two tags is
defined by the following table:

P 4 Absent  Present
Absent a B
Present v S

the similarity between tags 7 and ' is defined as s,y = (a + 6) / (a+p+
y + 6), where § is the number of web-pages that use both tags, and so
on. Unlike the widely used Jaccard coefficient, the ‘simple matching’
takes into account the agreement between two HTML tags, both in

12

their mutual presence and absence on a given web-page, comparing
it to the number of sampled web-pages. In a series of tests not reported
in the paper, we observed that, compared to alternative coefficients,
this preserves important information about the similarity between tags
that was effectively exploited by the clustering algorithm to bring out
coherent groups of tags. As shown by Gower and Legendre (1986), from
the similarity matrix we can get a Euclidean distance matrix D = [d,,],
by defining the pairwise distance between the HTML tags ¢ and ' as
dyy = y/T—s,y. The obtained distance matrix is represented in Fig. B.8,
where we can spot a number of block-diagonal darker areas suggesting
the existence of groups of tags that tend to be co-used (and not simply
used) by several web-pages.

In the third step we apply a hierarchical agglomerative clustering
technique to the distance matrix, calculating the distance between
the groups with the unweighted pair group method with arithmetic
mean, known as UPGMA (Sokal and Michener, 1958). The iterative
process starts by considering each HTML tag as a trivial cluster; then,
at each step, it blends the two most similar clusters, until only one
giant cluster is left (see, e.g., Everitt et al., 2011). A major advantage
of agglomerative clustering is to allow the researcher to suggest the
number of clusters (k) ex-post based on the output of the process. Here
the results are depicted through a Silhouette plot in Fig. 5, where a
seven-clusters solution is highlighted.

The number of clusters was set to seven, based on four internal
evaluation criteria for hierarchical clustering of binary data (Sulc et al.,
2018), reported in Fig. B.9. We adopt two likelihood-based evaluation
criteria for which lower values indicate a better number of clusters: the
Bayesian Information Criterion (BIC) and Akaike Information Criterion
(AIC), properly defined for categorical data (Bacher et al., 2004).
Furthermore, we compute the ‘Best K’ index (BK), a variability-based
metric defined as the second-order difference of the incremental en-
tropy of the dataset with k clusters (Chen and Liu, 2009): the highest
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Fig. B.9. Internal evaluation criteria for hierarchical clustering of binary data. (a) Bayesian Information Criterion (BIC), (b) Akaike Information Criterion (AIC), (c) ‘Best K’ index

(BK) and (d) Silhouette profile.

this metric is, the more appropriate the number of clusters. The pre-
vious three criteria prefer compact clusters; i.e., small clusters that
group together similar objects. The last considered metric — the so-
called silhouette (Rousseeuw, 1987) — is a distance-based metric that
tries to balance compactness with separation; i.e., to find clusters not
only with a high within-cluster similarity but also with a high between-
clusters distance. A silhouette s, close to one (minus one) implies that
the average distance of tag ¢ to the other members of its cluster is short
(long), while s, is about zero when ¢ could have been assigned about
at random to the current cluster or its second-best option. Rousseeuw
proposes to use the average, over all the HTML tags, of s; to detect the
number of clusters (k) that better represents the data under scrutiny.

Since the four adopted criteria suggest a seven-cluster (k 7)
either as the first- or second-best solution, we decided to adopt it, also
considering that the alternative, two-clusters solution, does not offer
advantages in terms of results interpretability.

Appendix C. Supplementary material

Supplementary material related to this article can be found online
at https://doi.org/10.1016/j.techfore.2024.123597.
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