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7a4

We are living in the information age’ is a popular saying; however, we are actually living in
the data age. [...] An explosively growing, widely available, and gigantic body of data makes
our time truly the data age. Powerful and versatile tools are badly needed to automatically
uncover valuable information from the tremendous amounts of data and to transform such
data into organized knowledge. This necessity has led to the birth of data mining. Data
mining has and will continue to make great strides in our journey from the data age toward
the coming information age.”

from "Data Mining: Concepts and Techniques", the first data mining book I read.



Abstract

The subject of this dissertation is the microgeographical analysis of firm locations
with particular attention to the role of innovations. In the first two papers of this
thesis (Chapter 2] and 3), detailed geodata are used for microgeographic mapping
and econometric analysis of company locations and relevant location factors. The re-
vealed drawbacks (lack of timeliness, coverage, granularity, and high data collection
costs) of traditional innovation indicators based on surveys and patent data motivate
the second part of this thesis, in which a novel approach for generating web-based
innovation indicators is developed, tested and applied. The approach is based on a
web mining framework, which relies on a purpose-built web scraping software (AR-
GUS) that is used to extract texts and hyperlinks from corporate websites (Chapter
H). These web data are then analyzed to find innovation-related information using
data mining. The information thus obtained serves as the basis for a novel type
of innovation indicators at the firm level, which can be collected on a large scale
in a high-frequency, granular and cost-effective manner. Specifically, a "product in-
novator firm" prediction model based on deep learning and website texts is being
developed, which uses firms from a traditional innovation survey as training data
(Chapter [5). The proposed framework is also used for a web-based diffusion anal-
ysis, in which the dissemination of a information security standard (ISO/IEC 27001)
is examined (Chapter|[6). In the final paper (Chapter[/)), the hyperlink networking of
innovative and non-innovative companies on the Internet is researched and their re-
lationship types are evaluated. This dissertation contributes to the understanding of
microgeographic economic processes and furthermore develops a new methodolog-
ical approach for measuring innovation. The latter in particular has a high societal
relevance, since evidence-based policy-making depends on comprehensive and up-
to-date indicators to successfully promote economic growth as well as to evaluate
the effectiveness of economic policy measures.
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Chapter 1

Introduction

In this doctoral thesis I pursue the old question why companies locate in certain
patterns and what influence the location of a company has on its evolution. In con-
trast to previous studies, I take a microgeographic perspective. This perspective has
specific requirements on the data and methods used, but also promises previously
unknown insights into the mechanisms behind the entrepreneurial choice of location
and the interactions between companies and their surroundings. In this context, par-
ticular attention is paid to the role of innovations. This concerns both the different
location choices of innovative and non-innovative firms and the role of location for
the emergence of innovations in firms.

The contribution I am making with my co-authors regarding this dissertation
is primarily of a methodological nature. Firstly, we use comprehensive microgeo-
graphic data for the first time to map company locations and analyze them with
econometric and spatial-statistical methods. This aspect of my dissertation is de-
scribed in Part I: Microgeographic economic analysis. The studies presented there re-
vealed the shortcomings (lack of granularity, scope, timeliness and high costs) of
traditional innovation indicators for microgeographical studies. In the second part
of my dissertation Part II: Web-based innovation indicators, I and my co-authors work
on the development and application of web-based innovation indicators. For this
purpose, we propose a coherent framework based on web scraping of company web-
sites and identify ways to generate and validate web-based innovation indicators at
the company level.

This thesis consists of six mutually dependent scientific papers (the papers are
included in the appendix) two of them in Part I and four in Part II, which are pre-
sented and summarized in the subsequent sections. Each paper is introduced by a
short preface, which provides some theoretical background and ties the papers to-
gether. At the end of this thesis I give a comprehensive review of the results (Part III:

Synthesis) and finish with a final conclusion.



Chapter 2

The Microgeography of Firm
Locations

2.1 From Classical Location Theory to a Microgeographic Prob-
ability Grid

Location theory describes, explains and evaluates economic spatial systems, their
geographic pattern (structure), interaction (relations), and dynamics (Schétzl, 2003).
It is about the question of where, how and why certain kinds of economic activities
are located. Given that "the location pattern of any industry is the product of a large
number of individual decisions" (Smith, 1981), one of the main objectives is to inves-
tigate the location decisions of economic actors and the detection of determinants
that trigger and influence these decisions (Haas and Neumair, 2008). These determi-
nants are generally referred to as location factors. The scope of location theory can
reach from the individual plant to industrial sectors to whole territorial production
systems. Each of these different levels of analysis come along with unique require-
ments to the used data, the theoretical and methodological approach.

The work of Johann Heinrich von Thiinen (Thiinen, 1842) on the geographic vari-
ations of agricultural activity is widely regarded as the “first serious treatment of
spatial economics” (Essletzbichler, 2011) and von Thiinen has been called "the father
of location theorists" (Isard, 1956). Von Thiinen conceptualised a spatially varying
location rent that causes agriculture activity to vary over geographic space. This
location rent is the maximum rent that farmers are willing to pay for land, given
constant costs of production, constant transportation cost per distance unit, constant
price of the agricultural product and constant quantities produced per area unit of
land. The profit of the same farming activity conducted at different locations is only
determined by the costs to transport the produced goods to the market - the only lo-
cation factor in this simple model. Hence, every location is associated with a certain
location rent, which is a function of the location’s distance to the market. Given that
the farmers act as rational homo economicus, they will produce each agricultural
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product at its optimal location only. The optimal location for each product is given
where the product’s location rent is the highest of all alternative products. This re-
sults in concentric rings of differentiated agricultural land use around the model’s
hypothetical central city: the so-called von Thiinen Rings.

Transportation costs remained the single most important location factor in "clas-
sical Germanic location theory" (Leyshon et al., 2011) with their focus on abstract
and formalized models (Capello, 2014) in the nineteenth and early twentieth cen-
tury. Weber (Weber, 1922), for example, used a point of minimal transportation costs
between raw material markets and a final goods market to determine the optimal
location for industrial production sites. However, Weber also considered other lo-
cation factors such as spatially varying wages and dispersed raw materials. More
importantly even, he incorporated agglomeration economies, which describe the (dis-)
advantage that occur when economic activity (i.e. many firm locations) is concen-
trated geographically. Agglomeration economies have since become one of the main
interests for location theorists, especially when investigating the interplay between
firm location and innovation. Agglomeration economies have been subdivided into
localisation economies and urbanisation economies (see for example Bathelt and Gliick-
ler,2012). Localisation economies are believed to occur if firms of the same industrial
sector cluster geographically, which causes knowledge spillovers and a larger pool
of skilled labour and suppliers. Urbanisation economies, on the other hand, are
the general advantages generated by the clustering of different industrial sectors,
which results in inter-sectoral integration, high-quality infrastructure and a numer-
ous, diverse workforce. The introduction of agglomeration economies in location
theory adds a dynamic location factor where previous firm decisions can create a
self-reinforcing momentum, which shapes the geographic pattern of firm locations
and influences the future location decisions of other firms.

Very much since the early days of location theory, there has been a conflict be-
tween two opposing, yet sometimes complementing schools of thought that argue
about the value or non-value of simplified and formalized location models. "A
strong divergence of opinion between those who advocate rigorous formal models
based on a series of limiting assumptions that seek to express regularities in mathe-
matical terms, and those who deny that such models and technical tricks can explain
why specific places change and develop in particular ways" (Leyshon et al., 2011).
Smith (Smith, 1981), for example, states that “the main thrust of the critique may
be summarized as follows. First, the preoccupation with optimally characteristics
of conventional economic theory fails to recognize the evidently sub-optimal nature
of much plant location practice, when judged against such criteria as cost minimiza-
tion or the maximization of profits. Second and related too this, is the fact that theory

[...] assuming as it does some idealized conception of omniscient ‘economic man’



Chapter 2. The Microgeography of Firm Locations 4

neglects to explore actual human behaviour”. He recommends “a ‘satisficing man’
[who] could replace the all-knowing, perfectly able and rationale homo economicus
of traditional theory”. This satisficing man is characterised by satisficing behaviour
and bounded rationality (see for example Pred, [1969). Such behaviour allows for
location decisions that differ from the optimal location as it is predicted by deter-
ministic location models.

Smith proposed the concept of a continuous spatial variable titled the spatial mar-
gins of profitability or profit surface, which determines the geographic space where a
firm can (or cannot) make a profit. In this setup, firms may indeed choose a location
outside the profitable areas, but they will not be able to make a profit nor be econom-
ically viable in the long run. Given that the location pattern of any industry is the
product of a large number of individual decisions made by the firms of that industry
and they "will tend to locate as near to the optimum location as knowledge and skill
permit" (Smith, |1981), the overall firm location pattern will mostly trace the consid-
ered industry’s spatial margins of profitability. This process of firm formation can be
understood as a stochastic process taking place in the spatial probability framework of
the industry which can be modelled as a probability grid where each cell is character-
ized by a certain probability to attract a firm. This probability can be derived from
the location factors present in the respective cell. Figure 2.1|illustrates this concept.

The challenge of this approach is the allocation of the probability scores which
requires knowledge of the profit surface. “Each cell accumulates scores according
to the presence of conditions thought likely to attract a plant, perhaps according
to their relative importance, and the aggregate becomes the probability value. [...]
The drawback of this approach is the subjectivity involved in assigning scores to the
attributes in a manner that supposedly reflects their relative attraction to industry”
(Smith, 1981). In my first paper, which is summarized in the following section, I
used microgeographic data and regression analysis to empirically estimate the profit
surface of the Germany software industry in order to assess the relative importance
of a range of location factors.

2.2 Micro-Location Patterns of Software Firms

In my first paper "Analyzing and Predicting Micro-Location Patterns of Software
Firms", which I co-authored with Bernd Resch and which has been published in
ISPRS International Journal of Geo-Information volume 7 issue 1, we combined
open geodata, Volunteered Geographic Information (VGI), and a comprehensive
firm dataset (the Mannheim Enterprise Panel (MUP)) containing about three mil-
lion firm observations to empirically estimate a industry-specific probability grid

in the sense of Smith (Smith, (1981} see previous chapter). We motivated our study
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FIGURE 2.1: Schematic representation of a profit surface, a corre-
sponding probability grid, and a possible firm location pattern. From
Kinne, 2016

with a general interest to the society because "a thorough understanding of the im-
pact of location factors on firms’ location decisions and firm performance can have
important implications for stakeholders. Managers and entrepreneurs can integrate
valuable information into the decision making process when choosing the location
of a new venture. Policy makers at the regional, national, and multinational level
want to promote economic growth by developing the right location factors to cre-
ate a beneficial environment for firms" (Kinne and Resch, [2018). Even though we
acknowledged the long-standing study of industrial location research, we argued
that our study would, for the first time, study a nation-wide firm location pattern
at the microgeographic level. Given that the location factors that we analyzed may
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vary in their effect direction and strength, depending of the level of analysis, an ef-
fect known as the Modifiable Areal Unit Problem (MAUP, see for example Bluemke
et al., 2017; Manley, 2014), our study was also intended as a robustness check to
previous studies that used aggregated spatial units. We defined the following two

research questions for our work:

1. Are the effects of location factors, as reported by previous studies using aggre-
gated spatial units, robust at the microgeographic level?

2. How does a firm location prediction model perform at the microgeographic
level and to what degree does it provide valuable new insights into the firm
allocation process? What are the distinct requirements to the data and the
statistical model?

At the methodological level, we first applied a Exploratory Spatial Data Anal-
ysis (ESDA) and then, in a consecutive step, fitted a Poisson regression model to
a one kilometer grid where each grid cell contained the values of 24 different lo-
cation factors. These location factors included agglomeration, infrastructure, socio-
economic, topographical, and amenity location factors which we derived from mi-
crogeographic data. The microgeographic data based mainly on OpenStreetMap
(OSM) and official open data from statistical agencies. We focused on the software
industry, which we argued to be rather unrestricted in its location decisions (Moller,
2018), inducing only little bias from unobservable location factors like local zoning
restrictions. Figure2.2)illustrates the analysis grid and the data we used.

In the initial ESDA, we found that Poisson regression is likely to be an appro-
priate method to model the pattern of software firms aggregated at a regular 1-km
grid. Further, we found that software firms seem to be an urban phenomenon, as
they are disproportionally frequent in and around urban areas and even form sta-
tistically significant hotspots in some city regions. We further concluded that the
regional settlement structure (polycentric vs. monocentric) seems to have an impact
on the location pattern of software firms. After fitting a Poisson regression model,
we interpreted the estimated regression coefficients (see Table to deduce the re-
lationships between the location factors and software firm counts per cell. In a final
analysis step, we investigated the model fit and adequacy using several goodness-
of-fit measures and a spatial residual analysis. The latter was intended to unveil
geographic areas of systematic overestimation or underestimation (i.e. significantly
clustered regression residuals) of our regression model.

We concluded that the microgeographic level of analysis provided new insights
into the firm site selection process, but also that most location factors are scale robust
and that our findings with respect to location factor effects are in line with prior re-
search using aggregated spatial units. We also concluded that our microgeographic
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TABLE 2.1: Location factors and estimated coefficients with robust
standard errors in parentheses. Number of software firms per cell as

dependent variable. From Kinne and Resch, 2018

Location Factor Description IRR
Agglomeration Location Factors
Firm density Number of local firms (in 10) 1.028 *** (0.003)
Firm dv:erlsity2 Squared number of local firms (in 10) 0.999 ** (0.000)
High-tech firms Proportion of high-tech firms in local stock of firms (in %) 1.021 *** (0.000)
Major firms Distance to next major firm in km 0.998 *** (0.000)

Commercial rent

Difference local rent to mean rent in neighborhood (in Euro)

1.127 ** (0.12)

Population Population per cell (in 100) 1.081 ***(0.003)
Population? Squared population per cell (in 100) 0.999 *** (0.000)
Population centrality Urban Centrality Index (in 0.1 UCI) high value = monocentricity 1.079 ***(0.192)
Infrastructure Location Factors
Broadband Internet Availability of >50 mb ‘l.nte.r?et (categories) high value = low 0.764 *** (0.009)
availability of Internet
Motorway Distance to nearest motorway access (in km) 0.977 ***(0.001)
Railway Distance to nearest main-line railway station (in km) 0.998 *** (0.000)
Airport Distance to nearest main airport (in km) 0.998 *** (0.000)
Public transport Weighted count of public transport stops 1.000 (0.001)
Socio-economic Location Factors
Wages Median income of full time employee (in 100 Euro) 1.005 (0.003)
Universities Distance to nearest university (in km) 0.980 *** (0.000)
Research institutes Number of research institutes 1.004 (0.036)
Educated workforce Proportion of graduate employees in % 1.063 ***(0.006)
Students Proportion of students in local population in % 0.986 *** (0.003)
Business tax Business tax factor (in 100) high values = high taxes 0.925 **(0.023)
Quality of Life and Amenities Location Factor
Life expectancy Mean life expectancy of population 1.092 **(0.012)
Crime Violent and street crime incidents per 1000 inhabitants 1.021 (0.015)
Recreation Number of recreational, community, and sports facilities 1.056 *** (0.008)
Culture Number of cultural facilities 1.0150.017
Leisure Number of gastronomy, nightlife, and general leisure facilities 1.002 (0.002)
Other
Terrain Difference in eleval-wn to meall\ n(.ugk.lborhoo&.i elevation (in 100m) 0.919 ** (0.004)
high values = hillside location
Geocoding control variable Geocoding match rate (in %) high value = high completeness 1.018 *** (0.002)

*#*p > 0.01, ** p > 0.001.
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FIGURE 2.2: Overview (5 km scale) and zoom (1 km scale; with selec-
tion of location factors for exemplary cell) of the software firm loca-
tion pattern. From Kinne and Resch, 2018,

prediction model is able to predict the location of software firms to a satisfying de-
gree. However, we also pointed out the particular requirements to the statistical
model and the data employed in a microgeographic location analysis, like the need
for high resolution geodata, which was not available in all domains. We showed that
this problem was most severe in cities, which often feature segregated populations
and districts with very different socio-economic profiles. We discovered that this
low resolution geodata lead to systematic prediction errors in cities. In the second
paper of my dissertation, I therefore addressed specifically the question of company

locations within cities, using completely disaggregated geodata.



Chapter 3

The Microgeography of Innovation

3.1 Urbanisation Economies and Knowledge Spillovers

Agglomeration economies are generally regarded as one of the most important lo-
cation factors (see for example Rosenthal and Strange, 2004; Ahlfeldt and Pietroste-
fani, 2017; Smith and Florida, [1994) and also in my first paper (see previous chapter)
agglomeration economies (operationalized using six different measures) showed a
significant correlation with the location pattern of software companies. Especially in
the context of innovation, which has long been recognized as a key element driving
economic growth (Schumpeter,|1942), agglomeration economies and (urban) density
in general are believed to play an important role. Close proximity to other firms and
knowledge sources like scientific institutions are believed to provide firms with an
convenient access to ideas, knowledge, and technologies. This concept of knowledge
diffusion between nearby economic actors is commonly referred to as (knowledge)
spillovers. Such spillovers may result from observing peers and competitors, the
sharing of informal or tacit (i.e. non-codified) knowledge, personal and sometimes
unintentional contacts, or from the fluctuation of workers and managers between
firms (Audretsch, 1998; Glaeser, 1999). Last but not least, geographical proximity
is also believed to increase trust and thus lower transaction costs between business
partners through more frequent face-to-face communication, mutual understand-
ing and a common background with shared cultural or institutional values (Florida,
Adler, and Mellander, |2017; Porter, [1998).

Naturally, cities are the ideal location for this kind of close and frequent inter-
action between diverse economic actors and the concept of urbanisation economies,
as it has been described in Chapter 2 refers to exactly this. Hereby, knowledge
spillovers have long been identified as a key concept and one of the major drivers
for the emergence, growth, and success of cities (Duranton and Puga,|2004; Marshall,
1890). There is also empirical evidence that spillovers increase the innovation per-
formance of cities (Audretsch and Feldman, 2004; Simmie, 2002; Henderson, |2007)
which may be a reason for the increasing importance of cities in a human society

that is relying more and more on a knowledge-based economy (Bettencourt, 2013;



Chapter 3. The Microgeography of Innovation 10

Helbing et al., 2007; Caragliu et al., 2015). A whole strain of literature is also deal-
ing with the importance of amenities such as gastronomy, recreational facilities, and
green spaces for firm location choice in a knowledge-based economy which relies
heavily on creative workers who have a strong preference for a rich social and cul-
tural life (Moller, 2018).

A key but yet little-explored aspect is the exact geographic scale at which prox-
imity can stimulate knowledge spillovers and eventually innovation. Research on
the benefits of personal interaction on the development of innovation within single
institutions indicated that these benefits decay rapidly with distance and are of a
truly microgeographic scope (Catalini, 2018} Kabo et al.,2014). In my second paper,
my co-authors and I examined the extent to which proximity to urban knowledge
sources (other companies, universities, etc.) is related to the innovation activity of

companies. The results of this research are presented in the next section.

3.2 Knowledge Proximity and Firm Innovation

In my second paper "Knowledge Proximity and Firm Innovation: A Microgeographic
Analysis for Berlin", which I co-authored with Christian Rammer and Knut Blind,
and which has been published in Urban Studies volume 57 issue 5, we investigate
the disaggregated location pattern of innovative and non-innovative firms in Berlin
and their proximity to knowledge sources. The German capital of Berlin was chosen
because of its insular geographical location in a otherwise rather sparsely popu-
lated German East, which makes it an ideal locally self-enclosed investigation area
for a microgeographical study. As data, we used about 8,000 street-level geocoded
Berlin-based firms from the Mannheim Enterprise Panel (MUP) that participated in
the Berlin Innovation Panel survey. The Berlin Innovation Panel is conducted as part
of the Mannheim Innovation Panel (MIP) which is the German contribution to the
European-wide Community Innovation Survey (CIS). The CIS is a questionnaire-
based survey which covers a sample of firms from manufacturing and business-
oriented services sectors with at least five employees (see Peters and Rammer, 2013).
In the survey, the firms are asked a range of questions concerning their innovation
activities. The questions range from whether and what kind of research and devel-
opment (R&D) they are conducting to whether they introduced new or significantly
improved products or services. Thereby, the CIS follows a definition of innovation
as it is laid out in the Oslo Manual (see OECD and Eurostat, 2018|for the most recent
version). In addition to this data, from which we derived the locations of innovative
and non-innovative firms in the years 2012-2016, we created a database on the loca-
tion and size of university (campuses) and research institutes in Berlin. Figure

maps the locations of both innovative and non-innovative firms as well as university
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campuses and research institutes that we used in this study. Figure [3.2| showcases
the firm location data and the firms’ corresponding innovation statuses derived from
the CIS.

FIGURE 3.1: Innovative and non-innovative firms and knowledge
sources in Berlin. From Rammer, Kinne, and Blind, 2020

We created four indicators to describe the local knowledge environment of a firm

at a point in time £:

1. Academic knowledge sources: The number of students and researchers from re-

search institutes in a firm’s neighbourhood.

2. Local buzz: The number of new firms (both startups and firms that moved from

other locations) in a firm’s neighbourhood.

3. Micro-clusters: The number of neighbouring firms from the same industrial

sector as the considered firm.

4. Innovation dynamics: The number of neighbouring firms that changed their in-
novation status from ¢-1 (including new firms, closed firms, moving-in and

moving-out firms).
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FIGURE 3.2: Example for the geographic distribution of firms in
Berlin by innovation status. From Rammer, Kinne, and Blind, 2020

We then used six different distance thresholds (50, 100, 250, 500, 1000, and 2500
meters from the location of the firm under consideration) to define the neighbour-
hood of each company in our dataset. This approach allowed us to study the dif-
ferences between innovative and non-innovative firmdl]in relation to their environ-
ment under different scale regimes. For this purpose, we used a matching approach
(Heckman, Ichimura, and Todd, 1997) in order to compare innovative firms with
non-innovative ones that share the similar basic characteristics (age, size, sector) so
that differences in the local knowledge environment cannot be attributed to these
characteristics. In addition to a descriptive statistical analysis, we also used a Pro-
bit regression model to analyse the relationship between a firm’s innovation status
(dependent variable in the regression analysis) and its knowledge environment (ex-
planatory variables) as they were described above. In the regression analysis, we
also controlled for the firm’s size, age, and sector.

1Following the definition from the so-called Oslo Manual (OECD and Eurostat, 2018), a firm is
considered a product (process) innovator if it introduced a new or significantly improved product
(in-house process) within the past three years. Such innovations can be further divided into new-to-
the-world, new-to-the-market, or new-to-the-firm novelties. Another information from the CIS that
can be used as an innovation indicator is whether a firms conducts (continuous) in-house R&D. In our
Berlin dataset, 39% of firms were classified as innovators, 5.4% introduced market novelties, and 21.2%
conducted in-house R&D continuously.
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We found that innovative, opposite to non-innovative firms, are located in places
with a much higher local buzz and a higher density of academic knowledge sources. One
of our main findings was that the geographic scope of these differences seems to be
very confined. Concerning the proximity to research institutes, for example, the
concentration of innovative firms already decreases beyond a 50 m radius. Beyond
a distance of 1 km, we did not find a significant relation anymore. For firms with
market novelties or continuous in-house R&D, close proximity (up to 250 m) to other
firms from the same sector was a distinctive feature as well.

We concluded that our study could be seen a first attempt to zoom into the role
of knowledge proximity for innovation in the city at a microgeographic level. How-
ever, we also added for consideration that we refrained from examining a more
comprehensive model of the urban environment in which the firm operate, e.g. by
including urban infrastructure, density or amenities in our analysis. We did also em-
phasize that, given our empirical setup, we could only observe correlations between
innovation and local knowledge sources and no strictly identified causal relation-
ships. The limitation of our study to the firm types that are covered in the CIS and
the geographical restriction to a single city were other limitation that we discussed
and eventually addressed in the second part of my dissertation.
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Chapter 4

A New Generation of Innovation

Indicators

4.1 Shortcomings of Traditional Innovation Indicators

In the first two papers of this dissertation we have shown that the microgeographic
perspective offers new insights into entrepreneurial location selection and the as-
sociated location factors. We could also show that microgeographical analyses are
accompanied by special demands on the used data and methods. For the modelling
of "hard" location factors (i.e. infrastructure), we were able to rely in particular on
high-resolution VGI data. In contrast, the availability of high-resolution "soft" lo-
cation factors proved to be very limited in some cases. For example, we were still
able to model agglomeration economies for the whole of Germany using the local
density of company locations from the MUP company data set, whereas compre-
hensive information on the innovation activity of companies was only available for
Berlin (derived from the singular Berlin Innovation Panel). An extension of our mi-
crogeographic study to other regions was not possible due to the complex and costly
collection of innovation information via questionnaire-based surveys. Patents (ap-
plications, citations, and licensing) are often used as alternative innovation indica-
tors at the firm-level. However, patents as innovation indicators also have some
known shortcomings. This applies in particular to their very varying importance
within some industries. For example, while companies in the pharmaceutical and
mechanical engineering sectors often register patents in an attempt to protect their
inventions, patents hardly play a role for companies in the information and commu-
nications technology (ICT) sector, as software is very difficult to patent in Europe.
In the second part of my dissertation I therefore focused on the development
of a new generation of web-based innovation indicators, which are supposed to be
available nationwide and thus suitable for comprehensive microgeographic analy-
ses. These novel innovation indicators are based on the fact that companies, increas-
ingly, leave digital traces that can be collected and analysed. An effective utilisa-

tion of these digital data has only become possible in recent years thanks to major
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methodological advances in the field of data mining, especially Natural Language
Processing (NLP). The adaptation of these novel methods for the purpose of ex-
tracting innovation-related information from web data, their transformation into in-
novation indicators at the firm-level, and their subsequent use in microgeographic
analyses form the core of the second part of this dissertation. In the third paper of
my dissertation, which will be presented in the next chapter, we develop and ap-
ply a coherent analysis framework for the generation of innovation indicators from

company websites.

4.2 A Framework for Web-based Innovation Indicators

In my third paper "Web Mining for Innovation Ecosystem Mapping: A Framework
and a Large-scale Pilot Study", which I co-authored with Janna Axenbeck and which
is currently in minor revision status at Scientometrics, we develop and test a web
mining framework for the generation of firm-level innovation indicators. We moti-
vate our approach with the need to accurately measures innovation due to its overall
importance as a key driver of economic growth. Measuring innovation activities to
a sufficient degree of accuracy allows researchers and policy makers to analyze driv-
ing factors as well as the effectiveness of innovation policies. We invoke that there
is evidence that traditional innovation indicators from questionnaire-based surveys
and patent data struggle to provide a timely and sufficiently granular picture of the
current state of innovation ecosystems (see for example Nagaoka, Motohashi, and
Goto, 2010; Squicciarini, Dernis, and Criscuolo, 2013). The German MIP (which has
been introduced in the previous chapters already), for example, covers about 10,000
firms every year, which corresponds to only 0.3% of the total number of firms in
Germany. The total number of innovative firms remains unknown and can merely
be estimated through statistical extrapolation. Furthermore, rare but potentially im-
portant innovation activities happening in unobserved sectors or technological fields
may not be covered in the data. This also affects the analysis of geospatial innova-
tion processes, some of which happen to operate on a fine (micro-)geographical scale
(see previous chapter). Additionally, questionnaire-based surveys — especially when
conducted on a large scale — are costly and time intensive. Indicators constructed
from patents (patent applications, citations, licensing), on the other hand, cover only
technological progress for which legal protection has been sought (Archibugi and
Planta, 1996)). Patent-based indicators also suffer from insufficient timeliness due
to the time lag between patent priority date and the information becoming pub-
licly available which usually is more than a year (OECD, 2009). The less popular
literature-based innovation output indicators which are constructed by counting in-

novations reported in scientific, technical, or trade journals, on the other hand, do
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not capture in-house innovations and are believed to under-represent innovations in
smaller firms (Acs, Anselin, and Varga, 2002).
We summarized the shortcomings if traditional innovation indicators using the

following four aspects:
1. Coverage: They cover only a fraction of the overall firm population.

2. Granularity: They suffer from insufficient sectoral, technological, and geograph-
ical granularity.

3. Timeliness: They capture the state of the STI (science, technology, and innova-
tion) system as it was months or even years before.

4. Cost: They involve high data collection costs, especially when conducted on a
large scale.

We then argue that web mining, the application of data mining techniques to un-
cover relevant data characteristics and relationships (e.g. data patterns, trends, cor-
relations) from unstructured web data (see for example Askitas and Zimmermann,
2015), may be used to generate a new generation of innovation indicators from web
data. We proposed firm websites as a particularly interesting data source for this
purpose. Firms use their websites to present themselves, as well as their products
and services. The information found on these websites can be used to assess firms’
products, services, credibility, achievements, key personnel decisions, strategies and
relationships with other firms (Gok, Waterworth, and Shapira, [2015). Even though
surveying firms using their websites instead of conducting interviews or question-
naires or using other traditional methods offers some clear advantages (scale, cost,
timeliness of the survey), it also comes with its own challenges concerning a chal-
lenging data collection, data harmonization, and data analysis. We argued that a
consistent analysis framework for gathering, analysing, and validating web data for
innovation studies is needed. Additionally, we claimed that the data source itself
(i.e. the population of firm websites) has not been studied rigorously in terms of
its qualitative and quantitative properties. Basic yet important data characteristics
such as the structural properties of firm websites and their coverage of the overall
firm population were unknown.

In the remainder of the paper, we first presented a coherent web mining frame-
work based on ARGUS (Automated Robot for Generic Universal Scraping), a free-
to-use web scraping tool which we developed for the purpose of large-scale broad
web scraping (i.e. the scraping of several different websites, contrary to focus web
scraping, where a single website is being scraped). We then applied ARGUS in two
pilot studies. The first one was intended to assess firm websites as a data source by
scraping and analysing a large number of firm websites. In the second study, we
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used our proposed framework to map the innovation ecosystem "Al in Berlin" - a
network of Berlin-based firms that engage in artificial intelligence. We framed our
research using the following three research questions:

1. URL coverage: What subpopulation of firms can be surveyed using web mining
of firm websites and is a systematic bias in terms of firm characteristics (age,
size, sector, location etc.) to be expected?

2. Website characteristics: How do firm websites differ in terms of their size and

content and how does that interfere with web mining studies?

3. Innovation ecosystem mapping: How can our proposed framework be used to

map an innovation ecosystem?

Our proposed framework is show in Figure It is based on a firm database
which includes information on firm characteristics (e.g. sector, firm size) and, most
importantly, the firms” website addresses (URLs). Ideally, the firm database has been
matched to auxiliary databases containing established innovation indicators from
questionnaire-based surveys, firm-level patenting data or literature data, such that
traditional innovation indicators are available for a sub-sample of the firms in the
main dataset. In a first step, the firms” web addresses are passed to a web scraper.
The web scraper is then used to download website content (texts, hyperlinks etc.)
from the firms” websites. In a third step, data mining techniques are applied to ex-
tract information on the firms” innovation activities from the downloaded website
content. Based on this information, novel innovation indicators can be constructed.
At this stage, additional metadata on the firm can be used to support the analysis
(pre-classification, classification model selection based on firm characteristics, infor-
mation from established innovation indicators etc.). In a final step, the new inno-
vation indicators are merged back to the initial firm database. This last step also
establishes a direct firm-level link between the novel innovation indicator and the
established indicators available from the auxiliary databases. This link can then be
used to evaluate the new indicators against traditional ones.

For the web scraping step shown in Figure we developed the free-to-use,
Scrapy Python based web scraping tool ARGUS (Kinne, 2018). ARGUS aims for
a high degree of adaptability (ability to scrape a wide variety of web content from
any website while maintaining the same structured output) and scalability (ability to
scrape millions of webpages in a reasonable time to allow for frequent updating of
the scraped web data). The graphical user interface of ARGUS is shown in Figure
4.2

In the first part of the pilot study, we investigated corporate websites as a data
source. First of all, we used the MUP to compare the subpopulation of companies
that have their own website with those that do not. This basic analysis provides
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FIGURE 4.1: Analysis framework for generating web-based innova-
tion indicators. From Kinne and Axenbeck, 2018

information about the type of companies that can be investigated with the method-
ology we proposed and the bias that can be expected in a web mining study with
regard to the companies observed. It was found that especially larger and older
companies from certain industries (for example mechanical engineering and ICT)
operate their own websites. Very young and very small companies (younger than
two years and less than 5 employees), on the other hand, are less likely to have their
own websites. Moreover, regional broadband availability also seems to play a role
in whether companies operate their own websites. We concluded that web mining
studies are particularly suitable for the analysis of medium-sized to large companies
and certain industries. In this subgroup a website coverage of more than 95% can be
expected.

We then analysed the basic characteristics of corporate websites in terms of their
structure and scope. For this purpose we used ARGUS and a comprehensive com-
pany sample from the MUP. We found that web mining studies have to deal with
outliers. For example, 6% of corporate websites have a number of sub-pages that are
more than four standard deviations above the population mean. Also with regard to
hyperlinks the study showed that some websites are strong outliers and sometimes
have hyperlinks to hundreds of thousands of other websites. Large companies in
particular often have very large websites, with lots of text, many sub-webpages and
many hyperlinks to other companies.

In the second part of the pilot study we used ARGUS to scrape the websites of all
companies based in Berlin. We then used a keyword search to identify those com-

panies that mention "artificial intelligence" on their websites. The goal was to map
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FIGURE 4.2: Graphical user interface of ARGUS.

the "Innovation Ecosystem Al Berlin", which consists of companies, interest groups
and scientific institutions that are "Al engaged", i.e. are in some way involved with
Al Figure 4.3[ shows the share of these companies in the local business population
for the city of Berlin. In addition, we examined the share of "Al engaged compa-
nies" in different size and age categories, as well as different industries. To validate
our results, we also compared our web-based results with projections from the MIP
Innovation Survey, where companies were asked whether they use artificial intelli-
gence. This revealed a similar distribution according to company size classes.

With this study we showed that our proposed multi-step web mining framework
(web scraping, data mining, indicator generation and validation) is applicable for
innovation ecosystem mapping and produces meaningful results. However, we also
pointed out that a more sophisticated text mining approach would be necessary to
distinguish the different actor groups (e.g. firms that offer Al-based products and
services, universities that are engaged in basic research on Al, and interest groups
that promote Al-centered agendas) that resulted from our simple keyword search.
We addressed this issue in my fourth paper, which is presented in the following
chapter.
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FIGURE 4.3: Share of Berlin-based firms that mention Al at least once
on their websites. From Kinne and Axenbeck, 2018
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Chapter 5

Deep Learning for Web Text
Analysis

5.1 The Rise of Deep Learning in Natural Language Process-
ing

In the previous chapter we proposed a first approach for the data mining step of
our conceptualized web mining analysis framework, which was based on a simple
keyword search. Our results already pointed in a promising direction, but we also
found that a more sophisticated text analysis approach would be needed to extract
valuable information from the downloaded web texts.

The field of Natural Language Processing (NLP) has made great progress in the
analysis of natural language in recent years, especially through the use of Deep
Learning based algorithms (see in particular Mikolov et al., 2011; Mikolov et al.,
2013; Le and Mikolov, 2014} Pennington, Socher, and Manning, [2014) and, more re-
cently, transfer learning based approaches (Devlin et al., 2018 Raffel et al., 2019;
Liu et al.,, 2020). These methodological advances have been accompanied by an
increasing availability of high-performing hardware (especially graphic processing
units suitable for Deep Learning) and user-friendly software (e.g. the Python library
Keras, Chollet et al.,[2015). In my fourth paper, which is presented in the following
section, I and my co-author David Lenz worked on the application of some of these
novel NLP methods within the scope of the web mining framework we developed

in the previous paper.

5.2 Predicting Innovative Firms

The goal of my fourth paper "Predicting Innovative Firms using Web Mining and
Deep Learning", which I designed and wrote together with David Lenz, was to
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adopt modern deep learning methods for the analysis of web texts and the iden-
tification of innovative companies (i.e. product innovators). We framed our study

using the following two research questions:

1. Can deep neural networks be used to reliably identify product innovator firms
solely based on their website texts?

2. Are the resulting firm-level, regional, and sectoral patterns from such a pre-
diction model similar to the patterns observed from established innovation
indicators when the model is applied to a large out-of-sample dataset of firm
website texts?

Figure outlines our approach. The websites of companies with unknown
product innovator status are queried using ARGUS and all texts from these websites
are downloaded. We then used tf-idf text vectorisation (see for example Manning,
Raghavan, and Schutze, 2009) to represent the downloaded texts as numerical vec-
tors. These vectors then serve as input to an artificial neural network (ANN), which
was previously trained using web texts of companies for which traditional innova-
tion indicators are available. For this purpose we used the companies surveyed in
the MIP innovation survey. For each company respondent in this survey, the sta-
tus of the company as product innovator (or non-innovator) is known and can be
used as a "label" for the company’s web texts (which were also downloaded using
ARGUS). During the training the ANN "learns" which words or word combinations
distinguish a product innovator from a non-innovator. After the training, the text of
a company without a known innovation status can be entered into the model, which
then makes a prediction regarding the probability of the company being a product
innovator ("product innovator probability").

We limited the preprocessing of the web texts to a minimum and only stan-
dardized the web texts to a maximum of 5,000 characters per company, removed
all characters that do not occur in the German alphabet and transferred all charac-
ters to lower case. For our classification model we tested different ANN architec-
tures (e.g. convolutional neural networks) and also other, traditional models (e.g.
logistic regression and decision trees). In this iterative process an "under-complete
autoencoder-like" architecture (see e.g. Goodfellow, Bengio, and Courville, 2016)
performed best in our classification task. Table 5.1/ shows the performance of our fi-
nal classification model in the so-called test set - a subset of the companies from the
MIP that we did not use for the actual training, but held back for the subsequent per-
formance evaluation of the model. The overall performance of the model, which can
be gauged by the total f1-score of 0.80, can be considered very satisfactory. This is
especially true since a model based only on traditional company information (com-

pany size, age, and industry) only achieves an f1-score of about 0.70. Put simply, our
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FIGURE 5.1: Framework to predict product innovator firms using
their website texts. From Kinne and Lenz, 2019}

TABLE 5.1: Test set classification report. From Kinne and Lenz, |{2019!

label || precision | recall | f1-score | support
non-innovator 0.81 0.91 0.86 429
product innovator 0.81 0.64 0.71 255
avg / total 0.81 0.81 0.80 684

model is able to assign a company a correct innovation status in 80% of the cases,
and this only based on the company’s website.

In the second part of the paper we used the trained model to calculate product in-
novator probabilities for about 700,000 German companies that have their own web-
site. We then used these out-of-sample predictions for comprehensive robustness
checks by comparing our new web-based innovation indicator with established in-
dicators. We first used the MIP innovation survey to compare our results aggregated
by size classes and industries with MIP extrapolations. This comparison showed
that our results correspond very well to the extrapolations, but in some cases there
are sector-specific divergences. As a second robustness check, we compared our new
indicator with patent statistics at the firm level. This revealed similar correlations as
those between the MIP survey and patent statistics (e.g. product innovators are more
likely to hold patents and have more patents in their portfolio). As a third robustness
check we compared our web-based results with regional innovation indicators from
official statistics. For this purpose, we aggregated our results at the district level and
then compared them, for example, with the proportion of the working population
employed in R&D-related occupations. We found a high correlation between our
new indicator and the established innovation indicators at the regional level. In the
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fourth and final robustness check we compared the microgeoraphic pattern of our
web-based indicator with the pattern of a special survey of the MIP in Berlin (the
information from this special survey was not used during the training). This com-
parison is shown in Figure where we can see a clear match between the two

patterns.

FIGURE 5.2: Map of product innovators. Left: Predicted share

of product innovator firms by German districts. Right: Predicted

(top) and surveyed (bottom) pattern of product innovator and non-
innovator firms in Berlin. From Kinne and Lenz, 2019,

We concluded that our product innovator prediction model (later dubbed Inno-
Prob) achieved a very good performance, both within the test set and compared to
the established indicators. As a weakness we found the somewhat weak perfor-
mance in relation to the recall of innovative companies (i.e. quite many innovative
companies are not detected, while non-innovative companies are detected very re-
liably). Overall, we expressed confidence that we had created a valuable approach
to the analysis of innovation in firms which enables researchers to "zoom in" to any
region and perform microgeographic analysis on a comprehensive sample of com-
panies. In the last two papers of my dissertation, which are presented in the next
two chapters, we used our indicator for large-scale web-based innovation studies.
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Chapter 6

Web Mining for Standards

6.1 Standards as Innovation Indicators

The revised version of the Oslo Manual 2018 (OECD and Eurostat, 2018), which is
considered the international guideline for measuring innovation, listed standards
as innovation indicators for the first time. Their important coordinating function in
markets and their influence on product and process innovations were highlighted
in particular. Standards or norms are usually developed on the basis of consensus
and adopted by officially recognized organizations, such as the International Orga-
nization for Standardization ISO or its German member, the German Institute for
Standardization DIN. Furthermore, the certification of important industry or mar-
ket standards is considered an innovation benchmark. Standardization certificates
are intended to demonstrate that product and process innovations meet the speci-
fications defined in standards. In addition, the active participation of companies in
standardisation bodies is also classified as an innovation activity. Finally, standards
are also a source of information about innovation, which may be even more impor-
tant than patents (Rammer et al., 2014). In addition to patents, standards can be seen
as anew and complementary output indicator, which above all contributes to closing
the monitoring gap regarding process innovations which are usually less patented.
While patents can be used primarily to measure innovation output in manufactur-
ing, standards are also implemented by service companies. Furthermore, standards
also cover various aspects of sustainability and thus social innovations. These in-
clude not only the widely used environmental management standard ISO 14001,
but also standards on corporate social responsibility, such as ISO 26001.

Standards thus represent an extension of the concept of innovation, and their
creation and use can be classified as an innovation activity. However, activities in
this area have so far hardly been covered by the usual innovation surveys and in-
dicators. Up to now, standards have only been recorded and analysed on a highly
aggregated level in the form of national records or numbers of certifications based
on the above-mentioned management standards. In my fifth paper, which is pre-

sented in the next section, we designed a web mining based approach to measure
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the diffusion of standards at the firm level.

6.2 A Web-based Diffusion Analysis

My fifth paper "Exploring the Adoption of the International Information Security
Management System Standard ISO/IEC 27001: A Web Mining-Based Analysis", which
I co-authored with Mona Mirtsch and Knut Blind, has been published in IEEE Trans-
actions of Engineering Management (issue pending). Within the scope of the paper
we developed a web mining based approach to identify companies certified accord-
ing to a certain standard. We validate our results by means of an elaborate manual
review of the supposedly certified companies previously identified by web mining.
The standard we chose for this study is the ISO/IEC 27001 standard, which is in-
tended to help companies and organizations to develop and maintain "information
security management systems". This standard has been described as "one of the most
effective risk management tools for fighting off the billions of attacks that occur each
year" (ISO, 2019). Such cyber attacks have become a global risk in recent years, with
estimated values at risk of up to USD 5.2 trillion between 2019 and 2023 (Accenture
and Ponemeon Institute,|2019). A certification according to ISO/IEC 27001 confirms
the successful implementation of the measures defined in the standard. Studies on
the current diffusion of the standard have so far been limited to small surveys and
case studies. Our paper aims to close this knowledge gap by first investigating the
adaptation of the ISO/IEC 27001 standard among German companies using Web
Mining and then examining the drivers behind this adaptation.

Once again, the Mannheim Enterprise Panel (MUP) was used as the data basis,
extended with web text information based on the web mining framework proposed
and tested by us. In addition, the web-based innovation indicator we presented in
the previous chapter is also available for each of the companies. In a first step, we
identified (analogous to the keyword search in Kinne and Axenbeck, 2018) compa-
nies with at least one text reference to the management standards ISO 9001 (quality
management), ISO 14001 (environmental management), ISO 50001 (energy manage-
ment) and ISO/IEC 27001. 4.15% of the company websites contained at least one
management standard reference. We then compared the number of companies iden-
tified in this way with projections from an ISO survey. It turned out that, with regard
to the standards 9001, 14001 and 50001, we were able to capture between 33% and
67% of the number of companies extrapolated from the survey. Interestingly, how-
ever, we were able to cover twice as many companies with ISO/IEC 27001 reference
as derived from the ISO survey.

In an elaborate manual process, we then categorized all companies identified via
web mining that have an ISO/IEC 27001 reference on their website. The results of
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this classification are shown in Figure6.1|(here a company can be assigned to several
categories, for example, if a consulting firm offers standardization-related services
but is also certified). It can be seen that just under 30% of the identified companies
are actually certified, but an equally large proportion only refer to certified partners.
Other reasons for naming the standard are, for example, the employment of certified
employees or the provision of services related to ISO/IEC 27001. Further examina-
tion showed that ISO/IEC 27001 certified companies are also certified to ISO 9001 in
42% of cases, and sometimes also to ISO 14001 (14%) or ISO 50001 (7%).

FIGURE 6.1: Firm categorization of 2,664 firms referring to ISO/IEC
27001 on their website. From Mirtsch, Kinne, and Blind, 2020.

Among the ISO/IEC 27001 certified companies identified by us, there is a strik-
ingly large number of companies from the ICT sector (47% as opposed to the ap-
proximately 4% in the overall company sample). Table shows a comparison of
the means for different company characteristics, both for the ICT sector and for the
entire company sample. Here it is apparent that certified companies are significantly
larger than non-certified companies and also have a significantly higher innovation
probability (based on the web-based innovation indicator developed by us) than
non-certified companies. While certified companies are significantly younger than
non-certified companies in the overall sample, certified ICT companies are signifi-
cantly older than non-certified ICT companies. The results shown here have proven
to be robust in a Probit regression.

As an additional robustness check we compared our results to a database of
ISO/IEC certified companies maintained by TUV Rheinland. This comparison showed
a sector distribution that is very close to the distribution we generated using web
mining. However, it was also found that 15% of the companies that are certified
according to TUV Rheinland do not publish their certificate on their website. A
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TABLE 6.1: Firm characteristics of ISO/IEC 27001 certified firms ver-
sus non-certified firms. From Mirtsch, Kinne, and Blind, 2020l

small percentage (2%) publishes their certificate as a logo only and not as text, which
makes it impossible to capture it via text mining. In addition, an extended manual
analysis showed that larger companies with large websites tend to present their cer-
tification at a "deep" website level. With our limited web scraping (maximum 25
sub-webpages per company website in this study) we were not able to capture such
references sometimes.

We concluded that our approach represents a first successful attempt to gener-
ate web mining based information for the diffusion of standards. In the discussion
of our results we emphasized the importance of certified IT personnel and certified
business partners, which we found in our analysis. We also have identified various
implications for managers, policy makers and standardization authorities that can
be derived from our study. For example, we discussed the possibility of a politi-
cal push for the implementation of ISO/IEC 27001 measures in smaller companies
without having them to actually obtain a certification, which promises significant
cost advantages. In conclusion, our study has shown that web mining can be used
to determine the current state of diffusion of standards in the firm population and
to investigate the drivers of this diffusion. In contrast to traditional survey methods,
our approach is particularly attractive because of the cost aspect, which allows for

frequent and comprehensive inquiries. However, we also mention our limited web
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scraping (maximum 25 sub-webpages per company website) as a weakness of our
approach. Our study also showed that not all companies publish their certificates
on their websites and that certificates are sometimes not presented in text form. As a
third concern, we also mention the so far insufficient differentiation between compa-
nies that are actually certified and those where, for example, only a partner company
is certified. Future web mining studies should address these shortcomings.
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Chapter 7

Hyperlink Networks and

Innovation

7.1 Networks and Proximity

In the web mining related papers presented so far, we have only touched on the
relational aspect of our data, namely the existence of hyperlinks between company
websites, but have not yet analysed it in detail. Companies link on their websites to,
among others, partner companies, customer companies (for the purpose of reference
marketing, for example) or associations they are members of. Hyperlinks of a purely
technical nature are also possible, for example to retrieve external content and dis-
play it on the company’s own website. Thus, an existing hyperlink between two
company websites may have been created by the linking company for a variety of
reasons, but it is always associated to an intentional decision to create this hyperlink
and make it public. At the same time the linked company itself has no influence on
who links to its own website. As such, the very existence of a hyperlink, its direction
and reciprocity (mutuality) is a manifestation of corporate relationships that may be
worth investigating.

Against the background of innovation studies, networks (between organisations,
companies and people) are perhaps the central social construct, as they are needed
for the exchange of information and knowledge. An entire scientific community has
evolved around the study of economic networks in recent years (see for example
Egeraat and Kogler, 2013; Ter Wal and Boschma, 2009; Hidalgo, |2015; Uzzi, 1996),
based on the assumption that networks constitute the fundamental social morphol-
ogy of our increasingly information-based society. A central assumption is that "the
extent to which a network has access to technological know-how is at the roots of
productivity and competitiveness" (Castells, 2000). The economy as a whole is un-
derstood as a social construct of interconnected companies and organisations (which
themselves are networks of individuals) between which knowledge flows, learning
is facilitated and innovations are created.
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Hyperlink networks as a digital manifestation of real-world relationships be-
tween companies were already recognized almost twenty years ago (Park, 2003).
So far, however, there have been hardly any studies in innovation research that have
used hyperlink networks for comprehensive empirical studies. Especially for the
exploration of multidimensional proximity, as envisioned by Boschma (Boschma,
2005), web-based relational data have advantages over traditional relational data
from surveys and patents. Boschma and Frenken (Boschma and Frenken, 2010) de-
scribed the different dimensions of proximity as follows: "In short, cognitive proxim-
ity indicates the extent to which two organizations share the same knowledge base;
organizational proximity the extent to which two organizations are under common
hierarchical control, social proximity the extent to which members of two organi-
zations have friendly relationships, institutional proximity the extent to which two
organizations operate under the same institutions, and geographical proximity the
physical distance or travel time separating two organizations". When analyzing such
proximities, one advantage of web data is that hyperlinks, unlike relationship infor-
mation derived from patent data (e.g. via co-applications), can also map non-formal
relationships. It can also be expected that web data will have advantages in terms of
timeliness, granularity and coverage (see previous chapters).

In my final paper, which is summarized in the next chapter, my co-authors and I
dealt with the development of web-based measures of cognitive and organizational
proximity, and a subsequent comparison of the networking of innovative and non-
innovative firms on the Internet.

7.2 How Innovative Firms Relate on the Web

Our paper "The Digital Layer: How Innovative Firms Relate on the Web", which
I wrote together with Miriam Kriiger, David Lenz, and Bernd Resch, is currently
in working paper status. In the paper we develop an approach for mapping firm
networks based on hyperlink mining, where in addition an evaluation of the hyper-
links is conducted (for example we distinguish between business and non-business
relationships). We call the dataset we created the "Digital Layer", which is, so to
speak, a digital model of the relationships between companies/organisations. In our
study, the digital layer consists of about 500,000 companies in Germany, which are
described by their website texts and are connected to each other by approximately
seven million hyperlinks. In addition, for each company, we have company charac-
teristics (size, age, location) from the MUP database and three innovation indicators
at the company level: the product innovator status from the CIS (available for about
2,400 companies), the firms’ patent holder statuses and our predicted product inno-

vator probabilities (both available for all companies).
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After we downloaded web texts and hyperlinks using ARGUS, we first had to
decide for an approach to construct the hyperlink network. The most important
decisions were whether or not to create a directed or undirected graph from our
data and the question of a potential edge weighting using reciprocal (mutual) links.
Lastly, a decision also had to be made regarding disconnected companies (compa-
nies that do not have a single hyperlink to another company in our data set). We
decided to take a simple approach here, as this study constitutes a first attempt
on large-scale hyperlink mining and focuses more on the methodological approach
(web scraping and hyperlink classification). Thus, we constructed an undirected
network, in which the relationships between companies with reciprocal hyperlinks,
however, receive a higher weighting (see below). We also excluded the approxi-
mately 150,000 companies without hyperlinks in our data set (22%), which particu-
larly affected smaller companies. For follow-up studies there are good arguments to
choose a theoretically sound alternative network design, for example, one that only
considers reciprocal relationships.

The Digital Layer that has been created in this way is shown in Figure The
upper panel shows the locations of the included companies and the average product
innovator probabilities per grid cell. The middle panel shows an aggregated repre-
sentation of the approximately seven million hyperlinks between the companies.
The bottom panel shows the individual network of a single company (the Centre for
European Economic Research in Mannheim) for all of Germany (left) and within its
home region (right).

For each node (company) in our network, we first calculated three basic mea-
sures that describe its networking:

1. Link count: A simple count that measures the number of hyperlinks between
this company and other companies ( also known as degree centrality).

2. Mean partner innovation: This measure reflects the "innovativeness" of the com-
pany’s partners. For this purpose, we average the predicted product innovator
probabilities of all other firms that are directly hyperlinked to the firm of inter-
est.

3. Local firm density: For this measure, we counted the number of other firms
within a one kilometre radius of the (geographical) location of the company
under consideration. This firm density measure is intended to be a control
variable for localized spillovers that the company may experience from nearby
sources. The search radius of one kilometre was chosen in correspondence to
our results on rapidly diminishing knowledge spillovers (see Rammer, Kinne,
and Blind, 2020).
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In addition, we calculate for each company in the Digital Layer measures for the
average geographic, cognitive and organizational proximity to their (hyperlinked)
partners. We measure geographical proximity by calculating the geographical dis-
tance between the locations of linked companies. Our measure of cognitive proxim-
ity is intended to provide information on whether linked companies share a com-
mon "knowledge base". For this purpose, we calculate the similarities between
the website texts of linked companies using the cosine similarity of tf-idf vector-
ized texts. We approximate organizational proximity by predicting the type of re-
lationship (business vs. non-business) between two hyperlinked companies using
a prediction model. Non-business relations are relations between firms that are not
directly related to making business with each other and are of non-monetary nature.
Business relation include all hyperlinks between firms that do or did business to-
gether. We used a logistic regression classifier as our prediction model, which we
had trained using the texts of about 3,500 randomly sampled company pairs that are
connected via a hyperlink. Previously, we had manually labelled these pairs to be
either business or non-business partners by browsing the websites of both compa-
nies. The trained model achieved a very high accuracy of 0.92. We then used the
trained model to predict the relationship type of all nearly seven million hyperlinks
in our data set. The resulting prediction results range from 0.0 (high probability of
a business relationship; small organizational proximity) to 1.0 (high probability of
a non-business relationship; large organizational distance). These raw prediction
results were directly used as a proxy measure for organizational proximity.

We then calculated mean proximity values for each company, as shown in Fig-
ure Reciprocal relations between firms are assigned double the weighting (e.g.
the relation between firms 1 and 3 in Figure compared with one-way hyperlinks
(Figure [7.2| shows such a relation for firms 1 and 2). As a result, each company in
the Digital Layer is characterized by the following properties that describe its net-
working: Mean (geographical, cognitive, organisational) proximity to its partners,
number of partners, mean product innovator probabilities of partners and local firm
density.

In the main part of the paper, we examined the differences between innovative
and non-innovative firms in terms of their networking characteristics. Central to this
was a regression analysis (see Table [7.I), in which we used as dependent variables
our web-based innovation indicator (both as a continuous probability and as a bi-
nary indicator), CIS product innovator status and patent holder status. We derived
the following observations from the results as being either robust (significant and
consistent for all specifications) or semi-robust (significant and consistent for most

specifications):

1. Innovative firms have more partners. (robust)
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TABLE 7.1: Regression results. From Kriiger et al., 2020

Variable Web dataset Web dataset Survey dataset Patent dataset
(continuous y) (binary y) (binary y) (binary y)
Constant
Constant 0.2053*** -3.4465+%F -2.6743 -5.5191%**
Firm-level controls
Sector Yes Yes Yes Yes
Size Yes Yes Yes Yes
Age Yes Yes Yes Yes
Firm density (in 100) 0.0072%%* 0.0099*** 0.0068 0.0021
Firm density (in 100) sq. -0.0001*** -0.0002+** -0.0005** -0.0002
Huyperlink partners
Link count (log) 0.0270*** 0.0404*** 0.0294*** 0.0435%**
Mean partner inno. 0.3036%** 0.4602%** 0.3803*** 0.1745%%*
Prozimity
Mean geo. distance 0.2404%** 0.2688%** -0.1916 0.2455%**
Mean geo. distance sq. 0.0260%** -0.0490** -0.0966 -0.2399%*
Mean cogn. distance -0.1972%** -0.2045%%* -0.0953 0.0284
Mean cogn. distance sq. 0.0733%** -0.0084 0.0398 0.0975*
Mean orga. distance -0.426T7*** -0.8022%*+* 0.2706 0.0360
Mean orga. distance sq. 0.1151%** 0.0994%** -0.5607 0.0652
Proximity interactions
Geo. dist. * orga. dist. -0.0863*** -0.0377* 0.5660 0.0962
Geo. dist. * cogn. dist. -0.2965%** -0.2566*** 0.2122 -0.2845%**
Cogn. dist. * orga. dist. 0.4326*** 0.8583*** -0.1679 -0.1782
Model statistics
Model type Robust OLS Robust logit (average marginal effects)
Observations 513,026 513,026 2,384 29,772
(Pseudo) R-squared 0.32 0.24 0.25 0.24
F-test/Wald chi2 3,187%F* 73,299%** 379FF* 4,225%%*

2. Innovative firms have partners that are more innovative. (robust).

3. Innovative firms have transregional networks (geographically distant part-
ners). (semi-robust)

4. Innovative firms are more likely to maintain business relationships. (semi-

robust)

5. Innovative firms are more likely to connect to companies with similar knowl-

edge bases. (semi-robust)

6. Innovative firms use geographic proximity to overcome cognitive distance to
hyperlinked partners or use cognitive proximity to overcome geographic dis-
tance to their partners. (robust)

In conclusion, we find that our "Digital Layer" concept is an interesting approach
for comprehensive empirical studies on the networking of companies, which also
allows for the operationalization of proximity measures that have been difficult to
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measure with traditional relational data. In particular, we emphasized the possibil-
ity of analyzing individual sectors or regions at any geographical level of analysis.
For future studies, we particularly recommended the continuous recording of web
data, which would also permit analysis of the Digital Layer over a longer period
of time. Microgeographic firm-to-firm knowledge spillovers and the diffusion of
technology between firms, industrial sectors, and regions would be particularly in-

teresting research areas.
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FIGURE 7.1: The Digital Layer of Germany. From Krtiger et al., 2020,
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FIGURE 7.2: Schematic representation of a firm’s hyperlink network.
From Kriiger et al., 2020
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Chapter 8

Synthesis

8.1 Summary of Research Results

The focus of my dissertation has changed with and through the progress of my re-
search. Initially, the focus was on the use of microgeographical data for the investi-
gation of location patterns and their determining location factors. It turned out that
the new data sources (especially OpenStreetMap), which were not yet widely used
in this context at that time, allowed for the microgeographic modelling of both "soft"
(e.g. amenities) and "hard" (e.g. transport infrastructure) location factors. How-
ever, the econometric modelling of the relationships between these location factors
and the location of software companies then also showed that unexplained varia-
tion remained particularly in cities and agglomerations (see Chapter [2), which is
highlighted in Figure 8.1]for the urban area of Berlin.

As a direct result of this observation, the focus of my second paper was on a
closer examination of firm locations within a single city. Inspired by research on the
relevance of proximity in organizations for the development of innovations (Catal-
ini, 2018; Kabo et al.,|2014), my co-authors and I used the dataset of OSM data and
georeferenced MUP company locations developed in my first paper to investigate
the relationship between urban knowledge sources and the location of innovative
companies. Berlin was an interesting area to study, as a comprehensive special sur-
vey of the MIP innovation survey is carried out there every year, which includes all
Berlin based companies with at least five employees from the manufacturing and
business-oriented services sectors. In contrast to my first paper, in which the prox-
imity to external sources of knowledge could only be depicted by the proximity to
universities and research institutes, the Berlin special survey enabled us to observe
the proximity to innovative firms and to consider differences in the location deci-
sion of innovative and non-innovative firms. Our results confirmed the findings of
previous studies that had an intra-organisational setting, which is that the effects
of proximity in terms of innovation are of a truly microgeographic nature. Indeed,
we were only able to find differences between the locations of innovative and non-
innovative companies in terms of external knowledge sources on a very detailed
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FIGURE 8.1: Regression residuals from Poisson location prediction
model, Germany (left) and Berlin (right). From Kinne and Resch, 2018

geographical scope of up to one kilometre. However, it was not possible for us
to verify our findings for other regions since the sample of the Germany-wide MIP
survey covers only about 20,000 companies and the obtained geographical pattern is
too sparse for microgeographical analysis. The popular alternative to survey-based
innovation indicators, namely patent data, would have been available for all compa-
nies in Germany, yet it has the major disadvantage that patents are hardly relevant
for a number of sectors. This is particularly true for the software industry, for exam-
ple, since software is hardly patentable in Europe. Consequently, the patent-based
measurement of innovation in the software industry may therefore only provide a
distorted picture of the innovation activity in this industry.

In my search for alternative sources of information on the innovation activities
of companies, I found that the Internet was hardly used as a source in innovation
research at that time. While web data (especially user generated content from social
media) had been used in the context of geographic research for at least ten years
(compare Goodchild, 2007), for example for so-called event detection in the con-
text of crime (Tonkin, Pfeiffer, and Tourte, 2012; Cheong, Ray, and Green, 2012a),
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natural disasters (Collier, Son, and Nguyen, 2010; Gomide et al., 2011) and epidemi-
ology (Sakaki, Okazaki, and Matsuo, [2010; Earle, Bowden, and Guy, 2011) or the
classification of land use (Cheong, Ray, and Green, 2012b), there were only a few
case studies (Gok, Waterworth, and Shapira, 2015; Arora et al., 2013; Youtie et al.,
2012; Beaudry, Héroux-Vaillancourt, and Rietsch, |2016; Nathan and Rosso, 2017) in
economic innovation research that used web data. In addition, there was no stan-
dardized approach to the generation of firm-level innovation indicators from web
data, and the existing studies were one-time, hardly reproducible and transferable,
often manually conducted investigations of small company samples. In 2017, I was
then actively involved in the initiation and conception of a research project aiming at
the development of a standardized framework for the generation of web-based in-
novation indicators from company websites. The project was eventually funded by
the German Federal Ministry of Education and Research as a three-year joint project
"Text Data Based Output Indicators as Base of a New Innovation Metric (TOBI)" by
the ZEW Centre for European Economic Research and the University of Giessen.

In the context of the TOBI research project the four research papers constituting
Part II of this dissertation were developed. The first TOBI-associated paper (Chapter
M) dealt with the motivation of our web mining approach (disadvantages of tradi-
tional innovation indicators in terms of timeliness, coverage, granularity, costs), the
choice and fundamental investigation of our data basis (corporate websites, as well
as their content and structural characteristics) as well as the conception of a consis-
tent analysis framework and its application in a basic pilot study. In the same paper,
we also introduced the ARGUS Web Scraper (Kinne, 2018), which we had developed
specifically for the requirements of our web mining framework. In our second paper
(Chapter 5), we developed an approach for generating a firm-level innovation indi-
cator based on deep learning of website text. In our third paper (Chapter|6) we used
our web mining framework and the new web-based innovation indicator to investi-
gate the diffusion of a management standard. The fourth paper (Chapter /) focused
on the incorporation and classification of hyperlinks to explore the differences in the
networking of innovative and non-innovative firms on the World Wide Web.

Our work was very well received by the scientific community as well as by stake-
holders in official statistics and policy consulting. Thus, I have presented our ap-
proach and research results at more than 25 scientific workshops and conferences
over the past two and a half years. The audience ranged from a primarily scien-
tific spectrum (i.a. Swiss Federal Institute of Technology in Zurich, Laboratory for
Innovation Science at Harvard) to official statistics (i.a. European Statistical Office,
German Federal Statistical Office) and institutions with economic policy tasks (i.a.
German central bank Bundesbank, OECD, German Federal Ministry of Education
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and Research). In addition, several direct follow-up projects emerged from the orig-
inal TOBI research, in which our web mining concept is either developed further or
in which the web-based innovation indicator developed by us is used.

The application of our approach is not only limited to innovation research, but
also offers itself for other research fields as an approach to generate research data.
Our approach is also used, for example, to research gender equality at the firm level
and to identify "green" business activities. This universal applicability for the analy-
sis of companies via their websites is also the basis for the academic spin-off startup
istari.ai, in which I am one of the co-founders. Istari.ai was founded in 2019 and spe-
cializes in the generation of up-to-date business information from corporate websites
(e.g. on technologies used, corporate partners, and fields of activity).

One of the first projects in which istari.ai was involved is the web-based mon-
itoring of the 2020 Coronavirus pandemic and the associated reactions of German
companies (Kinne et al.,[2020). In this project, the websites of more than one million
German firms were analysed twice a week for three months in order to identify text
references to the Coronavirus pandemic. Subsequently, the context (e.g. "problem"
context or "adaption" context) of those identified references has been classified us-
ing a transfer learning based methodology. Compared to a questionnaire-based sur-
vey, which takes weeks to conduct and evaluate, our web mining approach, which
is directly based on the research of my dissertation, provides up-to-date and com-
prehensive data necessary for evidence-based economic policy in the face of such a
dynamic crisis. This example also shows that we might have created something of

actual relevance through the research presented here.

8.2 Conclusion and Outlook

In the context of this dissertation an attempt was made to combine modern GI-
Science methods and data with a topic in the field of innovation economics. To
the best of my knowledge, this work represents a first attempt to provide a compre-
hensive, microgeographic perspective on the mechanisms behind the interactions
between firms, innovation and location. This microgeographic perspective has only
become possible through the emergence of widely available and detailed geodata,
especially Volunteered Geographic Information. With regard to firms, on the other
hand, the data situation turned out to be insufficient, since traditional innovation
indicators are not suitable for this kind of analysis due to their insufficient cover-
age and granularity. This led my co-authors and I to develop a novel approach to
measure innovation based on web data, since so far there was no generally appli-
cable approach to generate innovation indicators from unstructured big web data.

With our methodological work, we have opened up a field of research that has the
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potential to make a relevant contribution to the generation of research data as well
as indicators for evidence-based policy-making even outside of innovation research.
Apart from a host of more specific research questions (e.g. mapping of geographical
technology diffusion), a number of broader aspects concerning our approach and
the data basis used remain open, some of which are summarized below:

1. Corporate websites as an unbiased data source: Additional research efforts should
be made to investigate the effects of varying "digital and marketing capacities"
of companies. For example, it is currently still unclear whether companies with
better marketing (i.e. with a more favourable public profile) are systematically
rated as more innovative by our model and whether this then also leads to a
distortion in the aggregate (across all companies). The same applies to inad-
equately maintained company websites and their uneven impact on the time-
liness of the information obtained from these websites. This was particularly
evident in our web-based study on the impact of the 2020 Coronavirus pan-
demic (Kinne et al., 2020), which is not part of this dissertation. The absence
of a textual corona reference in this case does not necessarily mean that the
company is not affected by the pandemic at all. Just as well, the company may
simply not have the digital capacity (e.g. a dedicated in-house online team) to
keep its website up to date.

2. Explainable Al In recent years there has been an increasing awareness (see for
example Barredo Arrieta et al., 2020) that artificial intelligence systems in cer-
tain settings should not be black boxes, but must produce results that are in-
terpretable, fair, transparent and accountable. Particularly against the back-
ground that political decisions will increasingly be based on the results of Al
models (for example, assuming that our proposed approach is adopted in offi-
cial statistics), these results must meet all of these criteria. For example, addi-
tional research is needed to understand the drivers of the output of our prod-
uct innovator prediction model. It would be relevant to know which words
and combinations of words have a particularly high weight when making the
predictions. At the same time, there are also arguments in favour of a black
box, considering that a black box is probably also more difficult to manipulate

compared to an open and fully understood system.

3. Expansion of the data basis and data fusion: So far, we have only used HTML
texts and hyperlinks as the data basis in our research. However, the texts pub-
lished in PDF files as well as videos and images available on the company’s
website are a valuable source of information for a complete record of the com-
pany’s activities. Yet the integration of images and videos poses quite another
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methodological challenge for the analysis. In addition, the integration of fur-
ther web data, such as social media profiles of companies or external news ar-
ticles, promises to be an interesting extension of the data basis to be analysed
and should be considered.

4. Expanding the scope: As already mentioned, the Web Mining approach pre-
sented here was developed specifically for the requirements of innovation re-
search, but is also suitable for illuminating other aspects of a company. Com-
panies also report on their websites about their employees and management,
their skills and expertise, their plans, deployed technologies, partners and
much more. Basically, a well maintained corporate website can be seen as a
constantly updated document with extensive information about the general
activity of the company, which can be easily accessed through our approach in

order to generate pre-structured baseline data for further research.

5. Time series analysis: Innovation always means change. However, in our re-
search to date we have only considered cross-sections and have omitted the
temporal dimension. In fact, however, it is precisely the changes and updates
on company websites that provide a valuable source of information on inno-
vations in companies. Such studies will indeed soon be possible, as we have
been regularly monitoring and storing data on at least all German companies
for about two years now. In the aforementioned study on the 2020 Coronavirus
pandemic, we have already conducted such a time series analysis, albeit only
over a period of three months. It would also be worthwhile using Internet
archives to set up a backward projection database with historical time series
data from company websites.

6. Internationalisation and multilingual models: The research presented here focused
exclusively on Germany, primarily due to the data basis, but also for language
reasons. However, our approach can also be applied in other countries and for
studies of international contexts, which seems appropriate against the back-
ground of a highly globalized world economy. Global databases containing
information (including web addresses) for a large number of companies active
worldwide are available and can be used for this purpose. Multilingual lan-
guage models, which do not have to be adapted for each individual language,
have particularly great potential for such analyses. Many of the novel NLP
models based on transfer learning have this feature (Devlin et al., 2018; Raffel
et al., 2019; Liu et al., 2020) and we have also successfully used them in inter-
national collaborations (Konig, Miiller, and Worter, 2020). Of course, this also
poses special demands on the training data that is used. For example, "innova-

tive companies" are not the same everywhere and a sector such as mechanical
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engineering could be regarded as being often innovative in Germany, whereas
in other countries it is perhaps regarded as being rather outdated. Here, "cul-
tural awareness" must be developed and taken into account when constructing
such models.
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