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Abstract

Abstract

The digital transformation of the news business continues to agitate publishers. Concerned
about declining sales in the print segment, legacy outlets, local news companies and freelance
journalists alike search for ways to monetize digital journalism properly. At first glance, digital
journalism and its monetisation as paid content seem a promising effort. The digitisation of the
news business enabled distribution at a marginal cost of almost zero while giving journalists
access to new research technologies and lowering the cost of entry for smaller companies.

However, while digital journalism enjoys broad popularity and use, online news are
gaining few paying customers. Furthermore, online news compete within a larger digital media
complex, comprising movies, games, and social media. After 25 years of experimentation, the
digital future of journalism is still heavily debated in media management.

Concerning the reconstitution as a digital medium, this research examines conditions
of success and obstacles for the digital news media business to be successful as a business
venture. Therefore, the research question reads What factors enable the viability and
entrepreneurial success of the news media business in light of the consequences of digital
transformation? The overarching research question is considered from two angles: The first
angle concerns the demand side by looking at the antecedents of the audience's willingness to
pay for paid content. The second angle focuses on the supply side and therefore examines
antecedents of success in the context of digital journalistic start-ups and founders.

In four studies, this thesis develops an analysis of the online news business with a local
focus on the German news market. For this purpose, a variety of methods ranging from
qualitative work and literature review to empirical research employing path analysis and
predictive analytics are applied. Theoretically, digital transformation, free mentality and other
peculiarities of information goods inform the frame of this work. Thus, this research aims at

contributing to a financially sustainable news media business.
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A. Introduction

A. Introduction

3

., The world has changed less since the time of Jesus Christ than it has in the last thirty years. *

(Charles Péguy, quoted in: Hughes & Walsh, 1991)

“There’s a huge layer of the economy unseen in the official data and, for that matter,
unaccounted for on the income statements and balance sheets of most companies. Free digital
goods, the sharing economy, intangibles and changes in our relationships have already had
big effects on our well-being. They also call for new organizational structures, new skills, new

institutions, and perhaps even a reassessment of some of our values.’

(Brynjolfsson & McAfee, 2014, pp. 108—109)
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1.  Motivation and Purpose

Digitisation is omnipresent and continues to permeate everyday life. Broadly speaking,
digitization has changed the way society operates. The continuous transformation of formerly
analogue areas of life into the digital sphere has everlasting effects on every aspect of human
interaction. Whether science or art, communication or production, private life or work —
digitization has shaped society like hardly any other technology before (Berman, 2012;
Loebbecke & Picot, 2015; Teece, 2018). While this proposition is now a commonplace of
public discourse, its consequences are still emerging and being discussed — inconclusively in
society and academia.

This applies to transformations of entire industries. In this respect, the term “digital
transformation” describes the impact of digital technologies on the economy, companies and
business models and related changes in production, organization and strategy (Hess et al.,
2016). Specifically, Vial (2019) describes these changes as “a process where digital
technologies create disruptions triggering strategic responses from organizations that seek to
alter their value creation paths while managing the structural changes and organizational
barriers that affect the positive and negative outcomes of this process” (p. 118).

Numerous companies and industries are busy coping with the opportunities and risks
of digital transformation. While some are benefiting greatly, individual industries are still
struggling to adapt their once analogue business model to the new, thoroughly digital world.
This development is particularly striking in the media industry. Winner-takes-all dynamics,
standardisation of demand and the proliferation of the commons make it difficult for numerous
providers of information goods to monetise their products (Kutzner et al., 2018; Loebbecke &
Picot, 2015).

One of the industries still struggling in this context turns out to be journalism.

Journalism has been ascribed crucial functions for a working democracy: As informing,
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controlling and criticizing institution, the “fourth estate” enables the general public to make
educated, informed decisions concerning public matters (McQuail, 1992; Wellbrock & Klein,
2014). However, this self-image of journalism as an enterprise with a definite public value is
threatened by its business difficulties (Sraml Gonzalez & Gulbrandsen, 2022). The proverbial
death of newspapers continues unabated and circulations are declining further (Chyi & Ng,
2020; Evens & Van Damme, 2016). Once considered a license to print money (Fletcher &
Nielsen, 2020), the formerly highly lucrative news business is in deep crisis.

At the same time, digital news products seem to elicit only a comparatively low
willingness to pay and are insufficient to cope with the losses of print media (Berger et al.,
2015). Thus, in recent decades, while digitization has been radically transformative for the
entire economy, it has been challenging for journalism in particular (Chyi & Ng, 2020;
Goyanes et al., 2021; Himma-Kadakas & Kouts, 2015).

On the one hand, information technologies enable unprecedented possibilities for the
production and distribution of journalism online, while consumers have ubiquitous and cheap
or free access to an unprecedented abundance of information goods (Kammer et al., 2015;
Shapiro & Varian, 1999). Thus, the internet has globally become one of the most important
news sources (Ho6lig & Hasebrink, 2020; Newman et al., 2018). Accordingly, in analogy to
print journalism, digital journalism is often described as highly relevant for the functioning of
democratic societies (Hensmans, 2021; Levy & Nielsen, 2010; Martens et al., 2018).

However, on the other hand, even though digital news circulations are growing at
double-digit rates and about 69% of newspapers have adopted a paywall for their online
offerings (Fletcher & Nielsen, 2020), traditional print media still account for a shrinking, but
decisive majority of media and publishing revenues (Campbell et al., 2017; PwC, 2018). In
2021, 142 billion dollars (~80%) of the 178 billion dollars in global newspaper and magazine

revenues was based on print (Statista, 2021). At the same time, revenues in the advertising
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segment are declining for print legacy outlets as well as online outlets and remain uncertain as
a permanent revenue stream in the digital future (Chyi & Tenenboim, 2019; Olsen et al., 2020;
Sridhar & Sriram, 2015). Prospectively, this trend will intensify, as advertising revenue is
increasingly monopolized by tech corporations (Myllylahti, 2020).

Both, the relevance of journalism for a stable democracy and the insufficient success
of paid content pose a striking dilemma for business and society. Therefore, while digital
journalistic products are fashionable and highly in use (Salaverria, 2019), the aforementioned
problems combined with low revenue in the online segment (Berger et al., 2015; Chyi & Ng,
2020) amount to severe financial difficulties, and the industry continues to struggle for a viable
business model leading into a sustainable future (Chyi & Lee, 2013; Himma-Kadakas & Kduts,
2015). The reluctance of the customer to pay for online news clashes directly with the need of
journalistic enterprises to acquire new revenue streams, independent of advertising. Therefore,
publishers ask why consumers’ intention to pay is so low, especially compared to its print

counterpart.
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2. State of the Literature and Research Question

2.1.  The Online News Media Business

Researchers from business administration and media management, journalism and
communication studies alike are concerned with the monetisation crisis of news media (Guo
& Volz, 2019; Olsen et al., 2021; Robinson et al., 2019). Still, after 25 years of research and
experimentation, the concept of digital journalism itself remains remarkably vague (see study
1 and 3). Waisbord (2019) defines the term as “networked production, distribution, and
consumption of news and information about public affairs” (p. 352). Some definitions focus
on the technological quality to include “all digital forms of journalism, not only those related
to interactive networks” (Salaverria, 2019, p.3) and emphasize attributes of digital
technologies (Robinson et al., 2019). Others highlight the journalistic properties of online news
media, pointing to the ethos of journalistic quality, in line with its relevance for an informed
public in a democracy (Zelizer, 2019). In the latter view, digital journalism is mainly provided
by legacy media outlets, which apply reliable standards of quality journalism to the internet.
Accordingly, they consider the focus on technological features as limiting and emphasize the
contingency of the medium.

While the body of research on the digital news media business is growing steadily,
researchers and practitioners alike tend to cling to the blueprint of traditional print journalism.
Managerial and conceptual differences are sometimes neglected in this view. This is hardly
surprising, considering the harsh reality that many formerly profitable analogue industries are
facing (Hanelt et al., 2015).

Online news are not (yet) a mass paid-for product (Chyi & Tenenboim, 2019; Chyi &
Yang, 2009; Kammer et al., 2015; see also: chapter B.). The paying intent and actual payments,
even for high-quality offerings from legacy outlets, are far lower than for the traditional print

newspaper (Berger et al., 2015). The majority refuses to pay for digital journalism in general
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(Buschow & Wellbrock, 2019; Casero-Ripollés, 2012). Accordingly, subscriptions to digital
news services still account for a fraction of total reader revenue for newspapers in the US (Chyi
& Ng, 2020), and the expected disruption of journalism by digital means still has not
materialised.

Notably, the empirical studies on payments for digital journalism exhibit a wide range
of different shares of respondents that are generally willing to spend money on digital
journalism: Himma-Kadakas and Kduts (2015) report this share to be 7% for Estonia, while
the estimates of Reichmann and Klimmt (2012) are situated at the other extreme of the
spectrum with 47% of the respondents in Germany being willing to spend money on online
news in general (Goyanes, 2015; Gundlach & Hofmann, 2017; Himma-Kadakas & Kduts,
2015; PwC, 2019; Reichmann & Klimmt, 2012). Some reasons for these differing numbers
might be sample selection as well as cross-national differences.

A large share of the audience acts particularly price-sensitive in case of digital
journalism, while at the same time being presented with free alternatives online (Gundlach &
Hofmann, 2017). Consequently, about half of the people state they would not pay because they
prefer cost-free alternatives, while about a quarter indicates that online news are inherently
undeserving of paying for (Newman et al., 2017).

Thus, some researchers emphasize the importance of traditional print news media and
oppose the trend toward the common “Digital First” strategy (Chyi & Tenenboim, 2019;
Pattabhiramaiah et al., 2018; Shafer, 2016). Beyond, some researchers argue, regarding
technologies and business models, that journalism has rarely distinguished itself as innovative
in a business sense (Usher, 2017).

Previous research on the factors of willingness to pay paints an unclear picture of the
demands on digital journalism. Berger et al. (2015) demonstrate in a conjoint study that format

is the second most relevant factor (after price) influencing the choice of a news product. They
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also point to a substantially higher willingness to pay for print products than for digital products
(Berger et al., 2015). Beyond, research has addressed features of digital news products.
Reichmann and Klimmt (2012) deem the mode of access (via smartphone, desktop, tablets)
positively related to paying if it includes as many access modes as possible. One further study
examines the preference of an offline access/archive access and states only low part-worth
utility for this attribute in a conjoint study, meaning it contributes little to the overall consumer
decision (Oechslein, 2014). Since research on this topic applies conjoint analysis, the
format/medium in terms of accessibility seems to be a relevant factor. The perceived quality of
digital journalism or the authoring journalist appears to have a significant positive impact on
paying as well (Goyanes et al., 2021; Himma-Kadakas & Kduts, 2015; Jere & Borain, 2018).
Two things stand out in the research. First, apart from the study of socio-demographic
variables and specific product attributes, little research has been done on the psychological-
motivational characteristics of the online news business. Second, concrete research on the
success of digital journalism companies and start-ups is limited. This paper aims to contribute
to both areas. Therefore, the overarching research question of this thesis is: What factors enable
the viability and entrepreneurial success of the news media business in light of the

consequences of digital transformation?

2.2.  Digital Transformation of the News Media Business

As in other industries, the digital transformation of journalistic industry comprises chances and
risks. Hanelt et al. (2021) assert four aspects of digital transformation as being paramount to
its understanding: technology impact, compartmentalized adaptation, systemic shift and
holistic co-evolution. Sraml Gonzalez & Gulbrandsen (2022) describe the generation of new
solutions, organisational roles and users, new ways of interacting with users, and new
opportunities for creativity and innovation as positive changes associated with the

transformation of journalism. However, they also expose the negative effects on journalism,




A. Introduction

such as the devaluation of news content through its free provision online. Guo and Volz (2019)
share this ambivalent view on online news, stating that the digital transformation leads to
unprecedented changes in “news collection, production, reporting, and dissemination” (p. 5).
However, they recognize the tendency of media convergence, where individual journalists
must display a whole range of skills related to the digital transformation and cover different
tasks and roles in their organisation, while employment in US newsrooms decreased 23% in
the decade from 2008 to 2017. The plurality of tasks in the newsroom is brought about by the
increased use of digital production and analytical methods, for instance, automated newsrooms
and content production. In addition, they discuss the trend towards higher advertising spending,
from which news companies do not benefit. Donders et al. (2018) point to digitalisation,
internationalisation and pressure on the business model as crucial problems in the modern-day
news industry. They also emphasise shrinking circulations, add-money and skipping of ads in
the digital environment.

In the broader context of digital transformation, Kosterich (2021) describes the multi-
skilled journalistic entrepreneur as an opportunity for the flourishing of journalism. Other
research points to the possibility of local online news entrepreneurs bridging the supply gap in
wake of dying local print news organizations. However, research also recognises the difficulty
to find an appropriate business model in the digital transformation of news (Olsen et al., 2021).
They emphasise that the diversification of the news industry into print and online has decreased
total business revenue. While they complain that advertising money will not be enough to
finance journalism, they recommend focusing on paid content.

The digital transformation is also preparing changes in the perception of news in terms
of content. In the context of digital transformation, researchers focus on the problem of fake
news (Achtenhagen et al., 2018; Guo & Volz, 2019). While the former business model,

determined by gatekeepers in print journalism, limits the velocity and volume of fake news,
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the speed and fragmentation of online content providers and news distribution via the internet
have become a problem for news quality (Martens et al., 2018). Therefore, a functioning online
news media business has also a great responsibility from a journalistic quality point of view,

in which high journalistic standards should help to reduce disinformation online.

2.3.  Online News as Media Products with Information Goods Characteristics

Driven by the digital transformation of the news media business and the accompanying
digitisation of content, the nature of the original news product is changing. Formerly a physical,
haptic bundle of different print segments in form of a newspaper, the content of online news
media appears as pure information online. Changes of the nature of the journalistic product
should not be underestimated in the following work.

The seminal monograph “Information Rules” describes information as “(e)ssentially,
anything that can be digitized—encoded as a stream of bits (...). For our purposes, baseball
scores, books, databases, magazines, movies, music, stock quotes, and Web pages are all
information goods fundamental observations in this regard.” (Shapiro & Varian, 1999, p. 3).
Under digital journalism’s modus operandi, news are now to be understood as part of the broad
tent of information goods. Information goods have the property of being expensive in initial
production, but cheap — even increasingly so — in reproduction. Similarly, digital news media
products have high fixed costs and almost no marginal costs. While already partly true in
analogue times, digital technology renders the costs for the dissemination of information
basically zero.

The ease of reproduction of information goods enables copying by non-authorized
sources and free-riding of customers/users. Therefore, it is often hard for producers of
information goods to cover production costs. Noteworthy, online news as information goods
in many ways resemble public goods. Online news are difficult to make exclusive, while the

digital attribute makes digital journalism appear as non-rival. As well This fact debilitates the
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ability to properly monetize digital journalism even further and is addressed in later parts of
this thesis.

Finally, network effects, known from analogue business ventures, are accentuated for
information goods on the internet. Large companies benefit from network effects that can
accelerate concentration tendencies. Whether in the streaming sector, platforms like Facebook
or operating systems: A natural tendency toward oligopolistic structures is emerging (Jones &
Mendelson, 2011). Through these “winner-takes-all” dynamics, the tendency toward a few
large providers serving the mass market and many small companies operating in the niche is
strengthening. Supply and demand are both becoming more differentiated. For small entities
and single individuals, entry into the market can look profitable due to small barriers from a

technological perspective (Clemons & Lang, 2003).

2.4.  Paid Content and Entrepreneurship

Concerning the business model of digitally transformed journalism, various approaches are
emerging in research. Two recurrent themes were identified in the literature to address the
problem: paid content (Chyi, 2012; Goyanes et al., 2021; Herbert & Thurman, 2007) and
entrepreneurship (Buschow, 2018; Naldi & Picard, 2012).

Firstly, the approach via paid content prescribes converting non-paying users of free
offers (decreasingly financed by advertising) to paying customers. Given the dwindling
importance of advertising revenues, especially for small and new journalistic providers, Evens
and Van Damme (Evens & Van Damme, 2016) describe the prominent role of paid content and
multi-channel distribution of content. Several scholars emphasise the importance of paid-for
content in response to the decline of advertising-based business models (Berger et al., 2015;
Chyi & Lee, 2013; Himma-Kadakas & Kouts, 2015). Business models derived from the
industrial age, appropriate to physical goods, do not function properly in this new environment

(Hanelt et al., 2015). The digital revolution has shattered old profitability regimes (Teece,
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2018). They argue that reliance on advertising is not sustainable, therefore making users pay
directly is the only practical way to make online news viable and independent (Herbert &
Thurman, 2007).

However, although some countries have higher penetration rates of digital journalism,
research is debating whether there is a fundamental problem standing in the way of the business
success of online news. Dou (2004) demonstrates in an important paper the importance of the
free mentality, that is, the attitude that certain (online) goods are available to everyone for free
at all times. This attitude is discussed as a legacy of the former cross-financing of some
information goods providers. Radio, TV and the internet, for example, mostly cross-financed
their offerings through advertising. Correspondingly, Veermeer et al. (2020) point to the
change in usage behaviour of news users online. Whereas previously a print news source was
primary for most users, users are now able and willing to consume many different free news
stories online in a variety of ways.

Consequently, one major problem of digital journalism appears to be the audience’s
free mentality concerning online news (see study 2). Thus, the audience behaves as payment-
averse and thinks of generic online news as a common or public good, which everybody is
entitled to consume (Goyanes et al., 2022; Sraml Gonzalez & Gulbrandsen, 2022). Further
evidence for this “free-lunch” mentality (Lin et al., 2013) is given by a study, which
demonstrates that the people not willing to pay are more convinced than those with stated
willingness to pay that online news should stay free (Ye et al., 2004). Other scholars considered
payments for Public Service Media (PSM) linked to free mentality, as PSM fees could appear
as pre-emptive payments for news in general. However, cross-nationally, this effect was not
observed (Fletcher & Nielsen, 2017).

To increase chances to monetise paid content in light of free mentality, knowledge of

the customer via sophisticated analytics and machine learning algorithms in news production
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and distribution (Ahmed & Ahmed, 2021; Friedrichsen et al., 2017), marketing to specific
groups and individuals (Koukova et al., 2008) and paywall management (Evens & Van
Damme, 2016; Myllylahti, 2014; RuBell et al., 2020) are crucial ways to identify or convert
potential customers.

Secondly, the approach via entrepreneurship (organizational/provider perspective) is
based on scholarly research, which implies strong innovative potential for start-ups (Buschow,
2020; Khajeheian, 2017; Naldi & Picard, 2012). While digital market structures still feature
size advantages and therefore tend to favour large companies on the distribution stage
(Hindman, 2018), it is also true that decreasing fixed costs on the production stage have enabled
smaller entities, entrepreneurs and start-ups to produce high-quality content (Kohn & Wewel,
2018). Still, research stresses the various organizational hurdles (Deuze & Witschge, 2018),
the need for a network and collaboration (Miitterlein & Kunz, 2017), as well as various
necessary abilities of a media entrepreneur (Achtenhagen et al., 2018; Gillmor, 2016; Phillips
et al., 2009). Berman (2012) also points to the capabilities needed to modernize value
propositions of companies in the process of digital transformation. All in all, research suggests
the modern digital journalist founder to be a multi-talented and entrepreneurially orientated
creature (Phillips et al., 2009).

While the research at hand partially aims at discerning factors of success, some critical
remarks concerning the feasibility of such an endeavour are necessary (see also study 3). While
research into corporate success factors is conducted extensively, scholars also repeatedly
formulate fundamental criticism of such conceptualizations of success. Domotor (2011)
enumerates general, thematical and methodological criticism of success factor research. A
general criticism relates to the intrinsic complexity and multi-causality of the subject in
question, through which scholarly research has difficulty to establish causal relationships

(March & Sutton, 1997). Paradoxically, Domotor also problematizes the tendency that research
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related to business success is often integrated into an actual business. He explains that the
measurable effects of the factors formulated in research would diminish over time, as
companies would be homogenized by implementation in this respect, and thus no measurable
effects would remain. Beyond, regarding the themes of success research, DOmotor criticises
certain foci of success factor research (e.g. on marketing) and the mere diversity of independent
variables in different studies, which make meaningful comparison difficult. Finally,
methodological criticism relates to the application of online surveys and matters of data
analysis.

In order to answer the research question, the aim of this thesis with regards to the digital
news media business is therefore twofold: Firstly, to examine the factors which influence the
willingness to pay for paid online content in the news media industry, and, secondly, to search

for entrepreneurial antecedents of the success of start-up companies offering online news.
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3. Structure of the Thesis

3.1.  Overview

To holistically grasp the difficulties of the news media business and how it copes with the
process of digital transformation, the work at hand relies on various approaches and topics
relevant to digital journalism. As specified above, paid content as well as entrepreneurship are
crucial topics in this regard. Accordingly, this dissertation addresses the “paid content”
approach by (1) identifying the most important drivers of paid content using a systematic
literature review and (2) examining the concept of free mentality, said to be a central inhibitor
of paying intent, in more detail utilising survey data. Furthermore, this dissertation addresses
the entrepreneurship approach by (3) empirically examining the key success conditions for
digital journalism start-ups using a QCA (based on survey data). Finally, this research
combines the two approaches/perspectives by (4) performing purchase and churn prediction
using usage and payment data of a journalistic start-up via state-of-the-art machine learning
algorithms. Figure A.1 depicts the design of the thesis at hand.

Various data sources are included, for example, cross-sectional survey data of online
users, structured interviews with German start-ups, and user data for an empirical case study
in a start-up setting. Methods applied in this research are, amongst others, Qualitative
Comparative Analysis (QCA), path analysis, and predictive analytics via random forest
classifiers and gradient boosting. The remainder of this chapter presents the research papers,
which are part of the thesis. The papers are presented in the context of the respective research

question, the applied method, as well as the publication state of the article.
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Figure A.1: Research Scheme

Financial Crisis of
Digital Journalism

Potential Solutions

Paid Content Entrepreneurship

— Study 1: Content for Free? — Study 3: How the Trick is
Drivers of Past Payment, Done — Conditions of
Paying Intent and Willingness Success in Entrepreneurial
to Pay for Digital Journalism — Digital Journalism

A Systematic Literature Review

— Study 2: Free Lunch for

All? — A Path Analysis on Free
Mentality, Paying Intent and
Past Payment for Digital
Journalism

Predictive Analytics

— Study 4: “Should I Stay
or Should I Go?” —
Application of ML
Classifiers of Purchase and
Churn Prediction to a Digital
Journalistic Platform
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3.2.  Study 1: Content for Free? Drivers of Past Payment, Paying Intent and Willingness
to Pay for Digital Journalism — A Systematic Literature Review

Published in: O’Brien, D., Wellbrock, C. M., & Kleer, N. (2020). Content for free? Drivers of

past payment, paying intent and willingness to pay for digital journalism — A systematic

literature  review. Digital  Journalism, 8(5), 643—672. https://doi.org/10.1080/

21670811.2020.1770112

History:

A different version was submitted to Association for Education in Journalism and Mass
Communication (AEJMC, track “Graduate Student Interest Group”) and presented at the
respective conference in Toronto, August 2019. A first rudimentary version was published in
German as a book chapter: Wellbrock, C.-M., & Buschow, C. (2020). Bestandsaufnahme:
Stand der Forschung zur Zahlungsbereitschaft fiir digitalen Journalismus [A review: the state
of research on willingness to pay for digital journalism]. In C.-M. Wellbrock & C. Buschow
(Eds.), Money for Nothing and Content for Free?: Paid Content, Plattformen und
Zahlungsbereitschaft im digitalen Journalismus (1 ed., pp. 23-38). Nomos.

https://doi.org/10.5771/9783748907251-23

Authors:

Daniel O’Brien, Christian-Mathias Wellbrock, Nicola Kleer

This literature review served as a first conceptual anchor for the overarching research. The
research focused on the factors that influence paying for digital journalism. Due to the
exploratory nature of this paper, a systematic literature review based on the structured approach

of Webster and Watson (2002) was applied. This article provides a review of 17 factors found
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in 37 articles that contribute to consumers’ past payment (PP), paying intent (PI) and
willingness to pay (WTP) for digital journalistic content.

It is important to note that researchers not only use different measurements but also
different terms concerning this issue. On the one hand, some use the term PI to measure
whether someone is inclined to buy digital journalistic products at all (in terms of a
dichotomous “Yes”/*No” or a rating scale), while WTP is a quantitative measurement of how
much (money) people are willing to pay (Chyi, 2005; Chyi & Yang, 2009). Goyanes (2014)
confirms this view, as he defines WTP as the “maximum amount one is willing to pay for a
product” (p. 746). Nonetheless, he uses the terms PI and WTP at times synonymously
(Goyanes, 2015). Many other scholars adhere to the same inconsistencies in definition (Dou,
2004; Fletcher & Nielsen, 2017; Ye et al., 2004).

Despite the definitional vagueness in the literature, various antecedents of the
audience’s willingness to pay are already discernible. This research suggests that gender (being
male), education, media use, news interest, format/medium (print or bundle),
customization/personalization, (perceived) quality, specialization/niche (e.g. local) and income
have a positive impact on at least one of the three dependent variables PP, PI, and WTP. In
contrast, age, price and free mentality have a negative effect on at least one of them. While
those factors are linked to either consumer, the product or its economics, little research
examines the psychological needs and motives associated with demand for digital journalism.
Nevertheless, free mentality as a consistent psychological attitude is discussed in this regard
(Chyi & Lee, 2013; Dou, 2004; Lin et al., 2013), which is examined in detail empirically in
study 2.

While confirming the low eagerness of the audience to pay for content online news
media businesses, this work contributes also to the identification of broader trends in the

literature. Firstly, the strong divergence in the methods and samples concerning measurements
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of PP, Pl and WTP inform why numbers of the share of the audience willing to pay for content
vary to such a degree. Thereby, this study brings structure in the highly dispersed literature.
Secondly, regarding the overarching research question, a variety of factors were identified.
However, price and free mentality appear as particularly strong determinants of paying for

online news. This further informed the models examined in study 2.

Table A.1: Personal contribution Study 1

1. Intellectual input:

LLess than 25% X125%-50% L151%-75%  [O076%-100%

Comments:

This research idea majorly stems from a project, at which both my co-authors and myself were part
of. Additionally, it results from our joint observation that a concise literature review is missing.
Thus, I conducted the literature review, in order to define the overall research problem.

2. Experimental set-up and results:

OLess than 25%  [25%-50%  X51%-75%  [176%-100%

Comments:

The idea to synthesize existing knowledge by literature review stemmed from my first co-author.
The execution and the interpretation of the results of the literature review happened in collaboration
with my second co-author.

3. Writing process:

OLess than 25%  [025%-50%  X51%-75%  [176%-100%

Comments:

Development of the paper was based on one version developed by me and presented at a conference.
Once a first draft was established, all authors improved steadily on it.
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3.3.  Study 2: Free Lunch for All? — A Path Analysis on Free Mentality, Paying Intent
and Media Budget for Digital Journalism

Published in: O’Brien, D. (2022). Free lunch for all? — A path analysis on free mentality, paying

intent and media budget for digital journalism. Journal of Media Economics, 34(1), 29-61.

https://doi.org/10.1080/08997764.2022.2060241

History:

Different versions were submitted and accepted to the Journalism conference 2020 in Vienna
(cancelled due to Corona), EMMA 2020 (cancelled due to Corona) and conference of
International Communication Association (ICA, track: “Journalism studies’) 2021 (held online
in June, 2021). The full paper in the present form was submitted to and won the
“Nachwuchspreis Fachgruppe Mediendkonomie, DGPuK”. A first rudimentary version was
published in German as a book chapter: Wellbrock, C.-M., & Buschow, C. (2020). “Free or
Nothing” — Gratis-Mentalitdt im Internet und Zahlungsbereitschaft fiir Digitaljournalismus
["Free or Nothing" - Free Mentality on the Internet and Willingness to Pay for Digital
Journalism]. In C.-M. Wellbrock & C. Buschow (Eds.), Money for Nothing and Content for
Free?: Paid Content, Plattformen und Zahlungsbereitschaft im digitalen Journalismus (1 ed.,

pp. 47-68). Nomos. https://doi.org/10.5771/9783748907251-47

Authors:

Daniel O’Brien

In light of declining print journalism circulation, job loss in journalism and increasing
competition from tech giants, the digital news media business intends to monetize their content
directly as paid content (Myllylahti, 2014; Newman et al., 2020). To compensate decreasing

revenues, the willingness to pay for such content is a critical issue for the economic viability
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of digital journalism. However, the reluctance of the customer to pay for online news clashes
directly with the need of journalistic enterprises to acquire new revenue streams, independent
of advertising. Therefore, publishers ask why consumers’ willingness to pay is so low,
especially compared to its print counterpart (Berger et al., 2015).

As derived from the literature review (study 1), free mentality is often cited as one
explanation for the generalized low willingness to pay for online goods. In short, free mentality
describes the aversion of the consumer to accept any price point other than zero (Niemand et
al., 2019). The notion of a free mentality, or “free lunch” mentality, is discussed as a problem
of various information goods, such as games (Hamari et al., 2017), online music (Lin et al.,
2013), software (Niemand et al., 2015) and online clip art (Dou, 2004). Especially regarding
the information good news, the emergence of the free mentality is a direct consequence, firstly,
of the education of the previous cross-subsidised mass media, and, secondly, of the digital
transformation of the industry, moving away from the haptic good.

However, the reasons for free mentality are not well understood and the term remains
vague regarding its conceptual basis. Research tackles questions of convictions on the inherent
value of information goods (Lin et al., 2013), the existence of free alternatives (Dou, 2004) or
habits (Chyi, 2012; Fletcher & Nielsen, 2017; Goyanes et al., 2022), for example, advertising-
based business models have heavily subsidized the recipient market in the past and mostly
refrained from pricing the recipient side in the various sub-markets (radio, television, internet).

For this purpose, the data of a comprehensive user survey in Germany (n = 1,004) was
analysed via path analysis. Results confirm low paying intent in the public and the role of free
mentality as a relevant factor therein. The research further suggests that payments for public
service broadcasters explain significant parts of this relationship. However, preference for

advertising based finance models is not a significant reason for low paying intent.

20



A. Introduction

Concerning the general research project, this study pinpoints a crucial problem of
digital journalism; namely, free mentality, that is, the attitude of a significant part of the
audience that news on the internet should be free. This tendency, which is particularly
pronounced for general-interest news, implies that successful digital journalism must escape
this generic-valuation trap through differentiation and offering specific added value to paid
online news content. While the examination of free mentality for digital news media has

already been hinted at by Dou (2004), it has not yet been empirically verified.

Table A.2: Personal contribution Study 2

1. Intellectual input:

OLess than 25%  [25%-50% 0I51%-75%  X76%-100%

Comments:

The idea for this research project came from a study for the State Authority of in NRW, which I
accompanied in its implementation. In this context, data was collected that I intended for the
planned model of this study.

2. Experimental set-up and results:

OLess than 25%  [025%-50%  [151%-75%  X76%-100%

Comments:

The idea for this research project was inspired by the preceding literature review. In particular, the
lack of focus on this obvious, yet overlooked, topic in the literature was striking. The data
preparation and analysis was conducted completely on my own.

3. Writing process:

OLess than 25%  [025%-50%  0O51%-75%  X76%-100%

Comments:

Outside of collegial discussions, the writing process and analysis in this research project was
conducted solely by me.
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3.4.  Study 3: How the Trick is Done — Conditions of Success in Entrepreneurial Digital
Journalism

Published in: O’Brien, D., & Wellbrock, C.-M. (2021). How the trick is done — Conditions of

success in entrepreneurial digital journalism. Digital Journalism (Special Issue: The Business

of Journalism, online first). https://doi.org/10.1080/21670811.2021.1987947

History:

Different versions were submitted and accepted to WMEMC 2020 (cancelled due to Corona),
IMMAA 2020 (cancelled due to Corona), ECREA 2020 (Track “Media Industries and Cultural
Production”, cancelled due to Corona), and “DGPuK-Jahrestagung 2021” (held online in May,

2021).

Authors:

Daniel O’Brien, Christian-Mathias Wellbrock

One promising aspect of the ongoing digital transformation of journalism is the lowered barrier
or entry for smaller companies and start-ups (Kosterich, 2021). This enabled the emergence of
a multitude of smaller and independent providers of journalism, ranging from local news blogs
to citizen journalists (Naldi & Picard, 2012). The digital transformation reinforces this shift
towards a multitude of small providers and a few big players able to quench the public’s thirst
for news (Newman et al., 2021). In this sense, entrepreneurial journalism is often ascribed to
the potential to partly close the supply gap in journalism, even though digital journalistic
founders and start-ups are struggling frequently (Buschow, 2018; Wellbrock & Buschow,

2020).
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This study aims to empirically investigate antecedents of success of start-up
entrepreneurs in the digital news business. While there is a broad stream of literature on
entrepreneurial success in general, empirical research says little about the reasons for digital
journalistic entrepreneurs’ success (or lack thereof).

Based on the literature, seven broader “super”-conditional prerequisites are considered:
Experience, skills, personality, product, business model, company organization, and the
broader environment. Many papers with regards to business success are either conducted with
standard statistical analysis or in terms of various methods of qualitative research (Carsrud et
al., 1989; Goedhuys & Sleuwaegen, 2010; Overall & Wise, 2016). In contrast, the data of this
paper, collected through 49 interviews with digital journalistic entrepreneurs in Germany, will
be analysed with Qualitative Comparative Analysis (QCA). QCA originated with Ragin (1987)
and is a set-theoretical method to determine the necessity/sufficiency of preformulated
conditions for a respective outcome (i.e. entrepreneurial (non-)success). The results indicate
high importance of, firstly, the founder’s experience, and, secondly, the functioning
organization of the company, and, interestingly, thirdly, absence of support from the broader
environment and/or government contributed to the success.

For practitioners in the news media industry, this research on success in start-ups
provides important insights into necessary skills, motives, and resources. As our results
demonstrate, particularly the role of comprehensive experience and a functional organization
are relevant to success. To some extent, this is good news to practitioners: Experience is
improvable. The same holds for a functional organization, which relies heavily on teachable
administrative tasks or the organization of/networking with other people.

Overall, it is mainly business and management skills that lead to success. The moral
ethos of many journalists, however, tends to assign lower priorities to the economic aspects of

their business — a view that was expressed repeatedly by respondents. The present findings
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suggest that digital journalism founders should invest in (formal) training, competent mentors,
and other support mechanisms as well as foster inclusive decision-making and strong
professional networks outside the organization. Thereby, this study contributes to the under-

researched antecedents of success for small and start-up companies.

Table A.3: Personal contribution Study 3

1. Intellectual input:

OLess than 25%  [25%-50%  X51%-75%  [176%-100%

Comments:

This research idea majorly stems from a joint research project, of which both my co-author and
myself were part of. It further results from my review of the literature and the identification of an
empirical research gap.

2. Experimental set-up and results:

OLess than 25%  025%-50%  XI51%-75%  076%-100%

Comments:

The idea to use interviews and to apply this particular method did not stem from me. The idea for
the empirical set-up and the method was co-developed with my co-author. The analysis and the
interpretation of the results are more or less my contribution.

3. Writing process:

OLess than 25%  [25%-50% X51%-75%  [176%-100%

Comments:

Development of the paper was based on one version developed by me. Once a first draft was
established, we jointly worked on it.
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3.5. Study 4: “Should I Stay or Should I Go?” — Application of ML Classifiers of
Purchase and Churn Prediction to a Digital Journalistic Platform

Submitted to: Journal of Media Business Studies (under Review since April 2022)

History:
An extended abstract of this paper was presented at EMMA 2022 in Munich and a version of
the full paper was nominated for the Best Paper Award. A full paper is under review at the

Journal of Media Business Studies.

Authors:

Daniel O’Brien, Reinhard Kunz

While many industries are fully embracing the digital transformation in all facets of production,
distribution and management, journalism is sometimes a victim of its own “conservative”
attitude towards innovation (Sylvie & Gade, 2009; Wilczek, 2019). Nevertheless, considering
its financial problems, the news media business could benefit from embracing methods implied
in the digital transformation of the industry. Researchers emphasized the importance of
predictive analytics and data science applications in digital journalism (De Grove et al., 2020;
Jiang et al., 2020; Neheli, 2018). In the face of journalism’s monetisation crisis, a prudent and
creative approach to new methods of analysis and customer management is called for. Thus,
the final study investigates (1) whether and how digital journalistic companies and start-ups
can benefit from the application of predictive ML methods and (2) which factors determine
purchase and churn behaviour in such settings.

Machine learning-based customer decision prediction assumes that large data sets

generated by different businesses are indicative of underlying patterns, which enable
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classification or prediction (Martinez et al., 2020). Ahmad et al. (2019) argue that steep
competition in the digital telecommunication sector emphasizes the importance of the
identification of loyal customers.

To this end, the present research applied random forest and gradient boosting models
to a small dataset of a German platform for online news content. The platform enables freelance
journalists to monetize their content by paying a fraction of their revenue to the platform
provider, while the platform provides an integrated content management system. The platform
operates in a thematic niche.

The good to excellent achieved prediction accuracy was comparable to the results in
similarly small or even larger sample sizes. The most important features were concerned with
recency, frequency, and time spent in terms of customer interaction. Keeping customers on the
investigated platform for journalistic content and retaining them is therefore a major difficulty,
as most customers only stay for a few actions and/or purchases. Possible solutions include free
articles or free time on the platform to reduce uncertainty concerning the media service.
Furthermore, news media companies should focus on user engagement via appropriate
comment functions or networking via social media.

As the results of this study illustrate, even small entrepreneurial entities can benefit
from applying algorithmic customer behaviour prediction. Those methods should be embraced
to better sustain and manage digital transformation, even in small business contexts. As the
media management literature asserts, the proliferation of such techniques to SMEs and start-
ups lessens the competitive advantage of large companies and economies of scale (Buschow,
2020; Chan-Olmsted, 2019).

The difficult business situation of online news publishers will require a variety of

solutions, of which the contemporary methods of analysing user data is one. While this study
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is one of few to address the application of predictive analytics in the news media business,

potential solutions of this kind are increasingly feasible for large and small companies.

Table A.4: Personal contribution Study 4

1. Intellectual input:

OLess than 25%  025%-50%  XI51%-75%  076%-100%

Comments:

This research idea majorly stems from thoughts gained during a research project at the University of
Cologne, and in consultation with my co-author. It further results from my observation of a gap in
the literature.

2. Experimental set-up and results:

LLess than 25%  [25%-50% 0I51%-75%  X76%-100%

Comments:

The idea to use this particular data set did not stem from me, as the data emerged as part of a
research project. The idea for the empirical set-up was co-developed with my co-author. The
execution and the interpretation of the results are more or less my contribution.

3. Writing process:

LLess than 25%  [25%-50% X51%-75%  [176%-100%

Comments:

A draft version of the paper was written by myself, however, it was also entirely changed and
prepared for publication through both authors in the process.
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4. Conclusion

4.1. Summary and Learnings

As the quotes at the beginning allude, digital transformation has changed our economic and
cultural landscape fundamentally, rapidly, and with increasing velocity. In light of this new
landscape, the research question of this thesis concerned the viability of the news media
business under the impact of digital transformation. The present research tried to address the
difficulties of entrepreneurial digital journalism in four studies through the lens of paid content
(Berger et al., 2015; Herbert & Thurman, 2007; RuBell et al., 2020) and entrepreneurship
(Buschow, 2020; Naldi & Picard, 2012). However, as the research considering digital
transformation suggests, there is no one-size-fits-all answer. While it seems to be true that
digital journalism services do not have the same broad-based demand, their popularity is
undisputed (Holig & Hasebrink, 2020).

To better understand what differentiates digital journalism from the old business model
of print news, this research focuses on the specifics of the medium from a variety of
perspectives. As it seems, the demand and valuation by the audience, and, consequently, the
willingness to pay for digital counterparts to analogue news were significantly overestimated
(Chyi, 2005; Chyi & Ng, 2020; Goyanes et al., 2022).

The systematic analysis of the literature shows that there are several factors that
determine the audience’s willingness to pay. However, the impact of these factors is often small
and heavily debated in academia. It is also apparent that only a limited number of factors and
theoretical frameworks have been studied in the literature. Attributes of the product and
demographic factors were more in the foreground, followed by media attributes. However, they
are less relevant when it comes to understanding what motivates people to pay for online news.

Therefore, one focus of this work has been to identify free mentality as the main barrier

to paying for online news (Dou, 2004). The research at hand confirms the general role of free
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mentality for low online news spending. Beyond, while research up to this point mainly focused
either on the general concept of free mentality in other business contexts or examined concepts
peripherally related to free mentality (e.g. the zero-price effect), this thesis focuses firstly on
the rationales behind free mentality and secondly proposes a broader model for the explanation
of paying intent for online news. Concerning the first aspect, this research found that the ideal
of the internet as a disseminator of ideas has a strong influence on free mentality. Additionally,
within the context of the German market, this research argues that mandatory payments for
PSM could have an increasing effect on free mentality. Noteworthy, the latter is highly
dependent on the German media system. However, the idea to have a broader view of pre-
emptive monetary and non-monetary costs, which a customer has paid before purchasing
online news, deserves a closer examination in various economic and cultural environments.

By contrast, the traditional two-sided, advertising-based market model does not seem
to play a significant role in explaining free mentality (Goyanes et al., 2022). Publishers
subsequently try to adapt by adopting a multi-sided business model. It has become generally
accepted that online news elicit only a low willingness to pay. As this study points out, it is
crucial to focus on frequent users who are willing to pay and to target new user groups with
differentiated products, which are not perceived as general information goods, therefore suffer
less from the free mentality. Legacy outlets and start-up publishers will have to focus on
different ways to add value to their goods, as mere information suffers rapid devaluation in the
marketplace, and could be considered a public good. Differentiation via stardom or appeal of
certain journalists, added value beyond information (such as clubs or preferable access to
special treats), or the emphasis on the niche for smaller companies are possible strategies to
tackle this issue (Cook & Sirkkunen, 2013).

While research has shown that free mentality is related to lower payments for online

goods in general, also demonstrated for games (Hamari et al., 2020) and music (Lin et al.,
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2013), the situation seems to be even worse for online news. While games and music are highly
demanded entertainment goods, news have always existed on the spectrum somewhere in
between entertainment and information. While journalism is also a highly used product, it also
suffers from rapid devaluation over time. The obvious fact of less time devaluation for music
and movies compared to news allows for different business models. While the latter distinction
makes it difficult to imagine business models similar to those of the entertainment industry
(e.g. bundling), news is particularly controversial in terms of the monetary value that can be
created. The old print model of journalism already considered the lower value of information
compared to entertainment through cross-funding by bundling different segments (including
puzzles, comics, ads, etc.) in one single newspaper.

Additionally, one relevant approach to successfully combating the supply gap in
journalism focuses on the importance of new, smaller journalistic companies that can produce
cheaper due to low entry barriers (Buschow, 2018; Naldi & Picard, 2012). Thus, they can
deliver journalistic quality that is also in demand on the market, despite a smaller production
value. For start-ups and freelance journalists, it becomes more attractive to serve a certain
niche. Niche journalism, which in print used to be economically viable only for “large” niches,
finds a possibility to further differentiate. The segmented taste of the internet is reflected in the
equally segmented variety of media providers. This is a chance for entrepreneurship, which is
why a part of this paper examined the conditions of success for such smaller entities. By
applying QCA, a configurational method (Ragin, 1987), our research revealed that professional
and personal experience associated with entrepreneurship, a functioning organization, and the
absence of a supporting broader environment (by government and society) in conjunction could
lead to success.

The factor experience appears to be of particular relevance for the economic survival

of journalistic start-ups. This implies that biographical aspects such as having worked in the
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media industry, high educational degrees, managerial experience, having been abroad and
having family members who are entrepreneurs tend to be helpful factors in becoming digital
journalistic entrepreneurs. Beyond, organisational functions were revealed to be crucial. For
practical purposes, this is good news. Voids in these areas can potentially be filled by seeking
formal training and by consulting counsellors and mentors. Concerning the organizational
capabilities, a constructive working environment that involves various members of the
organization and stakeholders in decision-making processes and efforts in building a large
professional network improve the likelihood of success.

Finally, a detailed look at a particular journalistic start-up operating in the described
niche path with a focus on science journalism was intended to close the gap between paid
content and entrepreneurship. The present work demonstrates a meaningful use-case of the use
of predictive analytics in a start-up setting to improve customer management, marketing and
product. Enabled by the digital transformation, such methods are ubiquitous (Ahmed &
Ahmed, 2021). Still, even as digital journalism has difficulties monetising properly, it has been
slow in adapting to such methods (Usher, 2017). As the results of this research illustrate, even
small entrepreneurial entities can benefit from applying algorithmic customer behaviour
prediction. Keeping customers on the platform and retaining them as paying customers is a
significant difficulty, as most customers only stay for a few actions and purchases. However,
by the means demonstrated in this work, such cases can be addressed promptly, for example,

by providing several free articles or free time on the platform to reduce customer uncertainty.

4.2.  Managerial Implications

There are opportunities and risks in the economic situation of digital journalism. As the present
research demonstrates, various developments are taking place simultaneously. The winner-
takes-all dynamics are amplified by the internet and much more pronounced than in analogue

times. While it has always been the case that the economics of scope has helped give larger
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firms an advantage over smaller ones, the information goods quality of the news media
business potentiates this effect (Varian, 2000). This trend will intensify over time. Already,
news, like many other digital industries, fall into oligopolistic structures. “Love brands” and
mass-market publishers, such as the New York Times, BILD and similar internationalised
and/or brand-conscious companies, stand to benefit from this development, while the diverse
environment of earlier times seems to be failing (de Oliveira et al., 2021).

This research reports typically only a small minority of users as potential customers.
Only about 10% are found to be current payers for online news platforms, paying about €10
per month on average (comparable to subscribing to a streaming platform), which is in line
with former research (Holig & Hasebrink, 2020). Literature indicates that the bulk of the
revenue of any online service is generated by a group of heavy users (Peskin & Glick, 2009).
Hopes of achieving penetration rates comparable to print journalism seem utopian. However,
considering the present results, a small, but digitally savvy, politically interested user group,
which has a higher income and higher education, and consequently less free mentality, should
be given special consideration in marketing and orientation. Publishers should think more
carefully about their core audience, as wide held free mentality prohibits high paying intent in
the broader audience.

Furthermore, a crucial general implication concerns the conceptualization of online
news content as public good. The widespread free mentality and its anchoring in the ideal of
free information, as well as potentially market-specific payments for PSM, points to the
interpretation of generic online news as such a public good. Public goods are defined by being
neither excludable nor rivalrous in their use, which is an increasingly debated attribute of
various information goods (Shapiro & Varian, 1999). Since more parts of the modern economy,
specifically media goods, are turned from physical goods to bits, public goods comprise an

increasing share of the overall economy. Those, in turn, are widely distributed via the internet.
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Therefore, one research stream states that the audience imagines sharing the cost of the
production with a larger population, implying low to zero cost, and therefore possibly discounts
the relatively high costs of production and distribution (van der Wurft, 2011).

While this proposition initially suggests negative prospects, it also seems to open
possibilities on closer inspection. Publishers must circumvent the “generic news trap”.
Specifically, targeted product differentiation and the implementation of additional added value
beyond journalism are crucial for the successful branding of modern media companies. This is
even more crucial because said companies are now often active in more than two markets and
have diverse revenue streams. The differentiation of product range and business models
contains strong opportunities for media companies that do not consider themselves mere news
agencies. Success cases of international love brands like the New York Times (metered
paywall) or focus news like the Wall Street Journal (hard paywall) show the importance of a
brand that delivers more than mere news, but a specific focus, spin or lifestyle. On the other
hand, past research (Boczkowski et al., 2011) demonstrates the gap between the value that
journalists place on news in terms of information and the news that people actually seek out.
Entertainment, sports, and consulting journalism are not necessarily subject to the same
interpretation as a public good and consequently do not suffer the negative effects of free
mentality to the same extent.

Beyond, technical, business, and content innovation can play a significant role, which
emphasizes the role of experimentation, as some systems and models perform better than
others, and interesting new possibilities arise. The research presented suggests that customers
respond positively to digital journalistic content that is, for instance, easy payable via PayPal.
The relevance of simple and secure payment systems for online services is emphasized in the
literature (Dou, 2004). Online news providers should make it as painless as possible to buy

their products. Besides, as the present research suggests, there are signs of higher paying intent
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for special interest publications and niche topics. Thriving in the “long tail” (Brynjolfsson et
al., 2006) is a phenomenon that is especially interesting for small journalistic units, either start-
ups or even individual journalists who can maintain their profit in a small niche. This is
important, as a small niche can be quite profitable, and “living in the long tail” becomes a
viable business model (Cook & Sirkkunen, 2013). While this research highlights the problems
of monetising general interest news in the face of free mentality, there is a large but diverse
market for niche topics and offerings that meet smaller demands with correspondingly low
production value and effort.

For smaller companies, the last decades were inspirational, as production costs and
entry barriers for smaller entities diminished over the years. This means that even small entities
or single individuals can nowadays produce and distribute journalism of quality and relevance.
While the economic situation for journalism, in general, is difficult, the economy of the long
tail allows small companies and individuals to examine their niche and survive. For instance,
a currently interesting model of monetizing news is the Substack platform. Here, users can sign
up for individual subscriptions to journalists, so instead of paying an outlet, the consumer pays
the content producer directly. Substack serves as a content management system and payment
processor. Interestingly, this has brought financial success to some high-profile journalists.

Successful examples from different industries should be instructive: Media platforms
like Spotify and Netflix have worked meticulously to get their audiences to pay for content.
These (bundled) platforms and their recommendation systems provide strong value in terms of
the convenience of their respective services. Still, there is only a small effort to bundle news
products in a consumer-friendly way, in fear of cannibalization. Especially with regards to a
powerful recommendation system, social media mostly provides this service of a bundled news

aggregator for a large part of the audience. However, the incentives of a social media site are
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different from those of a comprehensive bundled news site that targets and possibly even
counters readers’ interests and attitudes.

Both legacy and more recent media outlets must focus on experimentation with
subscription and paywall management. There is no “one size fits all” answer. The different
models each benefit certain kinds of products and entities. Regardless of the business model,
media companies should be encouraged to make paying or contributing as easy as possible, as
complicated paying options deter consumers.

In summary, it is important that free mentality, as demonstrated here, is a problem of
generic online news. Publishers need to think carefully about how to design a product that is
not redundant in the immense amount of online information assets and that adds significant
value to the user. Differentiation can be achieved in various ways, e.g. niche topics, prominent
and individualistic journalistic voices, new technology, exclusive events and “clubs”, or social
causes. This is even more important as this contribution demonstrates that paying for PSM is
part of the cause for free mentality: this means that media companies in countries with strong
PSMs must differentiate themselves against those free products of often high production value.

However, as the last part of this work asserts, digital transformation brings new
opportunities for analysing customer data. Given this flood of data, various possibilities arise,
that is, firstly, to collect data in real-time, secondly, to analyse its consumers and thirdly to
react to changes in demand and/or customer decisions of purchase or churn immediately.
Concerning fake news and other distortions of reality, these methods represent sensible steps
to counteract misinformation and improve the ability of democracies to decide what is right
and what is wrong (Hensmans, 2021).

Nevertheless, while the barriers of entry for journalism have largely disappeared, there
are still disadvantages in the market for journalistic entrepreneurs in the digital sphere, which

make journalism in large suffer from the transformation of the news business. However, what
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the present research demonstrates is that many levers can help ensure the viability of the news

media business.

4.3.  Limitations & Future Research

Even the most comprehensive work on a topic can never answer all critical questions and cover
all areas. Therefore, a few words about limitations are necessary. While this work yields crucial
insights into the business of online news, it suffers from a lack of cultural diversity as it is
focused solely on the German market. This certainly sets limitations on the possibility to draw
generalisable conclusions for the industry in a cross-national and cross-cultural way and
provides a promising avenue for future research.

In addition, data from cross-national panel studies (Newman et al., 2021) provide
insight into the slowly but steadily increasing willingness to pay for parts of the population.
This trend, although difficult to observe in compressed time, could turn out to be
extraordinarily crucial with respect to the financial future of the online news media business.
However, there are time limits to this study that do not allow such conclusions to be drawn.

Even though this study attempts to conceptualise the reasons for low willingness to pay,
there are limitations here as well. The data in this study are observational and do not have an
experimental or incentive-compatible design. Due to social desirability biases or current news
about fake news, the actual willingness to pay in the broad population could be lower than
asserted. Given market data hinting at low financial success of most digital journalistic
products as well as distrust by the audience, the present approximation seems appropriate to
describe the state of the digital news media business.

Another important aspect of the demand for online news media touches upon
underlying psychological mechanisms, which might be different for certain products and
presentation modes. As our work demonstrates, there are differences in attractiveness between

formats and media. Thus, it might be important to conduct further research concerning the
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interactive and immersive attributes of recent news technologies, especially as there still seems
to be a strong preference for print over digital news (Berger et al., 2015).

While the public good view of online news media is discussed in parts of the papers,
future research should clarify what kind of goods specifically are perceived as public goods,
for instance, how it relates to type of content or medium. In the same vain, a problem only
indirectly addressed in this work spans the topic of paywall management. While this research
focused on the general unwillingness to pay, future work could examine the relationship
between free mentality and the implemented paywall type.

While free mentality is intensively examined in this work, research with respect to the
effect of the existence of free alternatives to consume news in general is still sparse. Future
research concerning free mentality should consider including free alternatives pull as part of
the problem that online news media encounters in monetisation.

In addition, assessments of success factors and its antecedents depend strongly on
cultural context and geography. Research on digital journalism and entrepreneurship in
developing countries, for instance, highlights other aspects, such as the importance of
innovation and uniqueness in the context of a particular region (Harlow, 2018; Salaverria,
2019). Furthermore, the potential of membership models is increasingly discussed in
journalism practice and should receive academic research. In summary, it can be stated that a
better understanding of underlying consumer needs and motives carries great potential for the
development of better journalistic products.

In a similar line of thinking, the already discussed topic of learned habits through other
technologies could be important (Goyanes et al., 2022; Niemand et al., 2019). Past media
technologies, for instance, radio, television and, more recently, the internet, have strongly
subsidized their business via advertising. While advertising revenue shrinks in the competition

with tech giants, any additional direct pricing of the online news user would be perceived as
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particularly aversive. Therefore, habits and price perception formed by other media should be
analysed in the context of the current monetization crisis of online news media businesses. In
the future, scholars should emphasise this issue.

Furthermore, as some authors argue, the audience might experience not necessarily
advertising, but instead data extraction by online content providers as a sufficiently high non-
monetary payment to cover for respective services (Hiittel et al., 2018). Users of online news
media might know the production costs of news but assumes to pay for with non-monetary
means. Considering monetary and non-monetary costs linked to online news use for uses,
future studies could take a closer look into data extraction as well as the budget for gadgets
(smartphone, computer) and competing media (streaming services, print).

In the context of the application of sophisticated ML methods, online news media
businesses and media management can be further developed. Content creation by Al,
optimization, A/B-testing and customer segmentation are getting increasingly valuable.

Lastly, questions raised but not conclusively addressed in this work range from the role
of community and audience engagement as well as aspects concerning cultural and societal
differences between different markets and geographical areas. As Germany was the specific
focus of this thesis, it is important to stress that the findings are not without caveats for different

countries or the global industry.
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Abstract

Considering the ubiquity of data, purchase and churn prediction have become increasingly
crucial for data-driven decision-making. While many sectors have benefited from the
abundance of data in the wake of digital transformation, the applications of predictive analytics
remain limited in SMEs, and journalism. Thus, this study focuses on applying such techniques
in the context of start-up journalism. For this purpose, article purchase and subscription data
from a digital journalistic platform of over 2,700 individual customers were analysed in
multiple models using the ensemble methods of random forest and gradient boosting, and
logistic regression. Results indicate high accuracy scores and imply the applicability of such
models in journalism, especially SMEs with limited databases. This paper demonstrates how

to reduce classification thresholds in models to improve sensitivity.
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1. Introduction

Automated driving, protein folding, social media, manufacturing, computer-aided design —
machine learning (ML) has affected most areas of society profoundly (Berisha-Shagqiri, 2014;
Ismagilova et al., 2019; Tayebi et al., 2019).

The described development holds especially true for the business world. In the
economic context, digital transformation defines the transfer of formerly analogue areas of
economic life into digital contexts (Berman, 2012; Vial, 2019). Entire business areas and
sectors have undergone fundamental structural change, transforming the business models or
strategic orientation of entire industries (Hess et al., 2016), from mining (Young & Rogers,
2019) to telecommunications and media (Ferrer-Conill & Tandoc, 2018). The all-
encompassing and advancing digitalisation of planning, production and organisation of
business has comprehensively determined the behaviour of companies and consumers in recent
decades (Gobble, 2018; Reis et al., 2018; Ziyadin et al., 2019).

The flood of data accompanying digital transformation enables companies to
understand customers better and predict behaviour with increasing accuracy. The term
predictive analytics in particular covers various techniques for classifying and predicting future
behaviour. Manufacturers (Hanelt et al., 2015), producers of consumer goods (Hamdani &
Daim, 2020), actors in the global supply chain (Bowersox et al., 2005) and in the business-to-
business (B2B) sector (Martinez et al., 2020) make use of such techniques. As Vial (2019)
highlights, the accessibility of data, and with it the possibility of comprehensive analysis, are
paramount to drive strategic responses and organisational alignment in the context of digital
transformation. For instance, the ubiquity of metrics and business analytics, key performance
indicators and algorithmic optimisation of production or product development play a crucial

role for large and for small and medium-sized enterprises (SMEs).
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Following this development, purchase and churn forecasting became ubiquitous in both
practical applications and theoretical business studies (Bi et al., 2016). The importance of
accurate analysis of existing customer data for strategic customer relationship management
(CRM) and marketing is paramount (Martinez et al., 2020; Wixom et al., 2013). Research on
retaining customers over acquiring new ones emphasises this, as it costs up to ten times less
(Ahmad et al., 2019). Predictive analytics research is relatively advanced in established
industries and sectors (Bradlow et al., 2017; Gunasekaran et al., 2017; Martinez et al., 2020),
especially where there are significant amounts of data, such as in retail or telecommunications
(Ahmad et al., 2019; Brandusoiu et al., 2016; He et al., 2009). However, for SMEs and start-
ups — often characterised by technical limitations and limited data — potentially helpful or even
necessary techniques and applications remain under-researched (Howden, 2021; Kannan et al.,
2021; Llave, 2017). Nevertheless, research shows that even with limited data, accurate
predictions can be derived (Howden, 2021; Maroufkhani et al., 2020; Megahed et al., 2015).
In real-world applications, practitioners must frequently rely on small data sets (Li & Liu,
2012). Nevertheless, predictive analytics have proven valuable across a range of enterprises
from a corporate wellness programme provider and individual convenience stores (Kannan et
al., 2021) to security systems in small businesses (Salih & Njenga, 2019).

The applicability of such techniques is promising for journalism. While digital
transformation is opening new business areas and customer bases in many industries, the
economic situation of journalism is often considered bleak (Berger et al., 2015; Chyi & Ng,
2020; Kammer et al., 2015; Lischka, 2019). Some authors warn not only of the cannibalisation
of journalistic profits as the tech giants displace the classical advertising-based business model
but also of a general devaluation of quality journalism in competition with the abundance of

information goods (Brettel et al., 2015; Donders et al., 2018; Myllylahti, 2020; Sridhar &
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Sriram, 2015). Therefore, while much of the world’s population consumes online news, only a
fraction reports paying for such services (Chyi, 2005, 2012; Newman et al., 2018).

Essentially limited to distribution over the Internet, the digitalisation of journalism
began in the early 1990s. Lischka (2019) describes the digital transformation of the news
business along two lines: the digitization of journalism itself, and diversification into digital
markets that are not news-related. However, all areas of contemporary journalism are now
shaped by this development (Salaverria, 2019), from content creation, editing, production and
dissemination to consumer analysis (Friedrichsen et al., 2017).

Concerns about the viability of journalism remain, including the consequences of the
degeneration of the fourth estate (Anderson & Rainie, 2020; McQuail, 1992). These concerns
are growing in the face of the spread of fake news and the increasing distrust of the press. (Park
et al.,, 2020). Practitioners and scholars in the field are looking for meaningful solutions,
ranging from paid content to contribution-based models and state-funded media (Ruf3ell et al.,
2020). Meanwhile, traditional journalism is torn between monetising itself and conveying the
truth (Lischka, 2019).

However, where there are challenges there are opportunities. The digital world offers
new ways for journalistic companies to interact with, retain and expand their customer bases.
Analytics has enormous potential for the news business, although it is not yet fully understood.
The monetisation crisis in digital journalism (Berger et al., 2015; Casero-Ripollés, 2012; Chyi
& Lee, 2013) highlights the increasing importance of sophisticated approaches to analyse and
exploit customer data. Advances in data science should help identify, understand and attract
paying clientele. For example, it is possible to identify customers who are willing to pay and
address cancellers in good time so that they can be retained as customers through individualised

customer management. Regarding the management of existing or future customers and the
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optimisation of journalistic offerings, there are approaches for digital journalism to profit in
the brave new world of ubiquitous information.

This study examines the extent to which predictive analytics is a reasonable means for
SME:s to refine customer management. Beyond, we argue for the relevance of these techniques
for the business of journalism, as it progresses into the digital age. Consequently, our research
question is whether predictive analytics is a useful means in the context of SMEs with a
particular focus on combating journalism’s funding difficulties, whether purchase and churn
can be reliably predicted, and which factors are most relevant for this prediction. We contribute
to this debate in the literature by expanding journalism’s views on the ever-growing field of
predictive analytics and providing a meaningful use case. Prediction of purchase and
subscription decisions based on anonymised customer data will play an increasingly important
role in various industries. Given the funding crisis in print journalism on the one hand and the
financial situation of digital journalism on the other, insights into customer buying or churn
behaviour are crucial for both small and larger companies in the media sector and strengthen
its broader role in society. Therefore, we pursue two goals with our work: first, to employ
predictive analytics and extend its analytical power to the field of journalism, and second, to
contribute to the analysis of relatively small data sets, especially in a start-up setting with a
naturally limited database. This work’s limitations involve problems typically associated with
smaller data sets and unbalanced data, to which we propose concrete solutions. Thus, we
demonstrate refined applications of classical prediction algorithms for small data sets.

This exploratory work is one of only a few to empirically examine how journalism can
benefit from digital transformation by testing the application of predictive ML methods to real-
world data. We use historical data from customers who pay for individual articles and
customers who subscribe to predict which customers will pay for articles in the future and

which customers will keep their subscriptions.
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For this purpose, we analysed multiple data sets from a German journalism platform
dealing with science, society and the environment. Data from over 2,700 individual customers
were analysed in several models using both the ensemble method of random forest classifiers
and gradient boosting, as well as logistic regression. The investigation of this digital
journalistic platform promises insights into strategies for successfully monetising high-quality

online journalism in a start-up environment.
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2. Literature Review

2.1.  Purchase and Churn Prediction

Customer purchase prediction and churn prediction, both essential instruments of CRM, have
received intense scholarly attention (Fader & Hardie, 2009; Saarijarvi et al., 2013; Seddon et
al., 2017). Intending to increase profitability and predictability, computer-assisted prediction
of individual purchases, subscriptions and cancellation decisions have attracted some research
and business scrutiny (Huang et al., 2015; Khodabandehlou & Rahman, 2017; J. Lee et al.,
2021; Martinez et al., 2020). In retail, purchase predictions enable new ways to estimate the
need for inventory or to increase production. In subscription-based businesses, the direct effect
of churn is generally high as profits derive linearly from the number of subscribers and profit
from network effects (Ahmad et al., 2019). Moreover, in the context of information goods, the
marginal costs are often close to zero. Thus, while profit maximisation ordinarily stems from
the output, in which marginal cost equals price, companies selling information goods must
maximise their user base regardless. Therefore, identifying potential churners is crucial
because customers who are potentially willing to cancel a service can be specifically addressed
during the critical phase of their deliberations.

Customer decision prediction by ML is based on the assumption that large data sets
generated by a business are indicative of underlying patterns to enable the classification and
prediction of a discrete variable (Fader & Hardie, 2009; Martinez et al., 2020). Lasso
regression, gradient boosting and random decision tree are prominent ML methods with a
strong track record for binary classification problems (Ahmad et al., 2019; Martinez et al.,
2020; Sabbeh, 2018). Lasso regression is a variation of standard regression techniques in which
the inclusion of additional variables is discouraged to avoid overfitting. While frequently used

as baseline models, those traditional regression techniques often perform worse than ensemble
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methods, which learn from any number of weak sub-models. Gradient boosting and random
forests are ensemble methods in which the results of the prediction are averaged over multiple
random splits of the data, thereby avoiding the overfitting of traditional decision tree models.
For example, in predicting the financial performance of movies, Lash and Zhao (2016)
demonstrated that ensemble methods combined with data about actors and genre vastly
outperform regression models.

Martinez et al. (2020) stress that the cost of acquiring a new customer is up to one order
of magnitude higher compared to keeping an existing one. Via lasso regression, gradient tree
boosting and extreme learning machine models, the authors successfully classify customers in
a non-contractual purchase context (B2B). Their predictions achieve accuracies of up to 88%
for customers who purchase in the target period, and an area under the curve (AUC) of 0.949
via gradient tree boosting.

Likewise, concerning churn prediction, Ahmad et al. (2019) argue that fierce
competition in the digital telecommunication sector emphasises the importance of identifying
loyal customers. They used gradient boosting, random forest, and traditional decision tree
models to predict churn with an AUC up to 93% for the gradient boosting model. In a similar
study, Huang et al. (2015) achieved comparable results in the same industry with a random
forest classification model.

Using data from a telecom provider, Sabbeh (2018) attested in her comparative analysis
of different classifiers the best predictive power in churn rate to the random forest and adaptive
boosting tree models. The latter is similar to gradient boosting but uses an exponential loss
function and trains upon misclassified observations. Other approaches to identify customers’
willingness to buy or churn use clustering algorithms (Bi et al., 2016) or variations of logistic

and linear regression (Ozan, 2018), which often serve as a baseline model.
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2.2.  Predictions With Small Sample Sizes

Big data covers many applications and gives the impression that it only makes sense with huge
samples and in the domain of large, mature companies. Most of the literature regarding ML
applications in classification problems is based on big data (for instance retail or
telecommunications). This paper explicitly addresses a branch of ML implementations for
small data sets, especially in the context of SMEs and start-ups, a context which to date has
been explored only to a limited extent. In the literature, the repeated use of decision
trees/random forests and gradient boosting methods in the context of small data sets stand out
(Breiman, 2001; Han et al., 2021; Kannan et al., 2021; Olson et al., 2018).

Here, two research streams are of particular interest. Although few studies exist that
apply predictive analytics to small data sets, or sparse data from small businesses, there are
helpful case studies from other disciplines with limitations of accessible data or that are
intrinsic to the logic of the discipline.

Kannan et al. (2021) addressed the question of how SMEs can benefit from ML
applications, arguing that they give companies a competitive advantage and a better database
for future decisions. In one case study concerning a corporate wellness programme provider
for a bank, ML applications used decision trees and support vector machines to predict visceral
fat levels (accuracy of about 0.85/0.89) for 1,079 participants in the study. This gave bank
employees important information about their lifestyle and helped the employer plan for
potential health hazards. Priyam et al. (2013) worked with different decision tree models to
predict student performance in final exams, emphasising the appropriateness of decision tree
models for small data sets.

Dittert et al. (2017) established a research framework for SMEs in which they
emphasise the following steps: task definition; data collection and analysis; model selection;

data formatting; evaluation of the results; and, depending on the acceptability of the results,
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either the iteration of the process starting with model selection or the report to decision-makers.
Their case study used the sales data of a medium-sized petroleum retailer in Southern Germany
to classify the sales potential (high/low) of retail sites (gas stations) via an artificial neural net.
The best model reached an accuracy of 86.67%. While no sample size was given for the case
study, they emphasise the small given database. Finally, W. J. Lee and Ong (2010) argued for
using both random forests and gradient boosting in prediction tasks. Their study proposes a
prediction model based on gradient boosting to determine the optimal recipe in a specific chip
production procedure. They vary the sample size (100, 150, 300, 600, 2023) for three different
production scenarios and obtain an accuracy of 64-84% even for the smallest sample sizes,
with the highest accuracy of 99%.

Beyond the economic or manufacturing context, some chemical, medical and
bioinformatics research is of interest in the context of prediction based on small sample sizes.
In one study from the polymer industry, which examined 39 additive candidates to mitigate the
degradation of polythene, random forest models achieved AUCs as high as 0.925 with the best
feature setting (Liu et al., 2020). Especially in medicine, where only limited case numbers are
often available for different classification tasks (for instance: patient sick or healthy, tumour
benign or malignant), the techniques presented are important. A study by Han et al. (2021)
used random forests in the context of small case numbers in vaccination trials concerning HIV
infection risks with only 150 observations. Despite the small number of cases, they obtain an
AUC of up to 0.831 through a combination of variable screening, class balancing, weighting
and hyperparameter tuning. They emphasise the application of random forests, as this method
is fast in model training and evaluation, robust to outliers, captures nonlinear relationships, can
cope with class imbalances and has been shown to work well for small sample sizes. Olson et
al. (2018) second this view and describe that “[t]he mechanism by which a random forest can

generalise well on small data sets is straightforward: a random forest is an ensemble of low-
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bias, decorrelated trees. Randomisation combined with averaging reduces the ensemble’s
variance, smoothing out the predictions from fully grown trees” (p. 3624).

Along with the realisation that more data and more complex models do not always
produce better results, there is a growing trend in the literature to move away from these trends.
Green and Amstrong (2015) argue in their research that scientists are rewarded for complex
models that are not necessarily related to the topic being researched. Katsikopoulos et al. (2022)
second this view, showing that simple heuristics and psychological models are superior to

overcomplicated black-box models in many cases.

2.3.  Predictive Analytics and Digital Transformation of Journalism

We now turn to the concrete application of the aforementioned techniques to journalism, where
there is a research gap (Ferrer-Conill & Tandoc, 2018; Neheli, 2018). This is crucial given that
journalism has social relevance but seems to be one of the biggest sufferers of digitalisation.
According to Donders et al. (2018), digitisation, internationalisation, and pressure on business
models are the main challenges of the media industry today. Consequently, digital journalism
is increasingly understood as a significant target for business analytics and data science
applications (De Grove et al., 2020; Jiang et al., 2020; Neheli, 2018), whether that be computer-
assisted newsrooms (Ferrer-Conill & Tandoc, 2018; Tenenboim & Cohen, 2015; Zamith,
2018), Al-generated headlines (Gu et al., 2020), sentiment analysis of customer feedback data
(Grljevi¢ & Bosnjak, 2018) or the application of algorithms to identify and deliver content that
fits with the preference of the audience (Kanuri et al., 2014; Park et al., 2020). Digital
technologies in journalism enable new revenue streams and new practices (Maijanen et al.,
2019). In particular, Chan-Olmstedt (2019) highlights the challenge of finding a balance
between the human and Al-based approaches to managing a newsroom. She identifies eight

application areas relevant to the use of algorithmic methods in news media: audience content
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recommendations/discovery, audience engagement, augmented audience experience, message
optimisation, content management, content creation, audience insights, and operational
automation.

However, in a business context, implementation is often slow because of a disconnect
between the analytics department and the rest of the organisation (Vidgen et al., 2017), and
journalists themselves are slow to adopt such methods (Usher, 2017). Wilczek (2019) assumes
that the avoidance of complexity and uncertainty is at the root of the inhibition of news
organisations to carry out necessary transformations. As journalism was a profiting business
with an established market position and audience for a long time, it is still slow to adapt to
technological innovation (Sylvie & Gade, 2009). In this development, media companies must
become more outwards oriented and further relations with audiences to cope with a new
business environment. Many editors define engagement in terms of certain analytics, but they
must also negotiate with the journalists what the results of those analytics mean (Ferrer-Conill
& Tandoc, 2018). Some researchers argue against the dangers of a metricised newsroom
(Zamith, 2018), while also underlining the importance of increasing predictive analytics and
quantified newsrooms. Other scholars state that journalism can only gain economically and
journalistically by increasing its use of software and IS (Bakke et al., 2020). In this view,
journalistic entrepreneurs need to show maximum interest in the analytics of news, which has
an impact on news content, journalistic values and editorial decision-making (Malcorps, 2019).
Thus, algorithms and audiences act as a kind of additional gatekeeper. Diakopoulos (2016)
emphasises that the news industry needs to improve its use of information technology to gain
better insights into its customers and what they want and, thus, develop more effective business
models. Based on 21 qualitative interviews with journalistic companies, Lamot and Paulussen

(2020) argue for six relevant uses of advanced analytics in the newsroom: story placement,
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story packaging, story planning, story imitation, performance evaluation, and audience
conception.

Speaking more generally about the use of predictive analytics in media, Kukkonen
(2018) cautions that accurate knowledge and analysis of a customer’s past purchase history
and click behaviour brings excellent benefits in evaluating further business opportunities,
which holds especially true for strategic CRM. Besides any moral or technical aspects, others
warn against the economically and substantively useless application of supervised ML
methods. De Grove et al. (2020) outline the financial and time commitments needed to
implement working predictive models, emphasising that they must be maintained and
improved to benefit maximally from ML methods. The authors also claim that analysing
smaller, more carefully constructed data sets is often more useful to journalism in identifying
essential customer segments. Neheli (2018) cautions that analytics can lead to blind
commodification of the audience although, if used carefully, they can consolidate customer
relationships.

Overall, the literature dealing with predictive analytics seems to focus on large data sets
in traditional industries (see Table E.1), while research emphasising the role of such
technologies in journalism is essentially qualitative and focuses on the role of the editor. As
journalists and the wider industry slowly begin to embrace digital monetisation and
sophisticated CRM, we aim to address the specific problem of customer data analytics for

smaller data sets.
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Table E.1: Literature Review on Prediction Methods/Predictive Analytics
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3. Method

The platform studied in this paper acts as a content management and publishing platform for
individual freelance journalists. The decision to work with this specific platform was based
first, on the specific design of the platform’s business model and second, on its focus on high-
quality, independent science and society journalism, meaning the communication and
classification of scientific findings to broader society.

The company enables freelance journalists to monetise their content by paying only a
fraction of their profit to the platform operator. The platform offers an integrated content
management system. The participating journalists decide on the price of their articles or their
subscription. The customer can decide between purchasing individual articles and subscribing
to all articles of specific journalists. Furthermore, a bundled option is available, where users
pay a monthly subscription fee for access to all articles. Bundling that is combining different
goods into a mixed bundle is often described as a viable and profitable strategy for information
goods in general (Bakos & Brynjolfsson, 1999; Wu et al., 2008) and online news in particular
(Bakos & Brynjolfsson, 2000; Kammer et al., 2015; Koukova et al., 2008). Platforms and their
specific economics are of increasing interest. Facebook, Airbnb, Uber, etc., dominate the new
market by exploiting network effects and first-mover advantages. However, smaller entities
such as the company studied here can also benefit significantly from a platform model. We
define a platform as an intermediary for two or more parties to exchange goods and services
or, following Rysman (2009): “1) two sets of agents interact through an intermediary or
platform, and 2) the decisions of each set of agents affects the outcomes of the other set of
agents, typically through an externality” (p. 125).

The data sets provided by the examined platform comprised five large data dumps,

which we used to construct all features in the final data sets for both learning tasks. The dumps
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comprised one extensive login data set containing individual visits with over 2.8 million
entries. Additionally, three distinct data sets are concerned with payment data, with the first
one listing individual purchases of articles (n =4,274), the second one subscriptions to
individual authors (n = 1,016), and the third one subscriptions to the platform (i.e. the bundled
version, n = 821). Finally, we included user data containing 4,296 registered users from
23 countries. The study period ranges from December 2016 to the end of March 2021. In line
with the company’s business model, the data regarding individual purchases and subscriptions
were dealt with separately.

The seminal works of Martinez et al. (2020) and Sabbeh (2018) helped significantly in
the design and execution of our analysis. Additionally, we followed the mentioned framework
of Dittert et al. (2017), comprising task definition, data collection and analysis, model selection,
data formatting, evaluation of the results, and, depending on the results, the iteration of the
process or report. In the data engineering process, we focused on non-personal data to work on
fully anonymised data sets. Following the literature (Miiller et al., 2016; RuB3ell et al., 2020),
those data sets comprised mostly anonymous login and payment data, which were used to
extract and engineer the relevant data set for the final models. The user ID was the one-to-one
identifier for users across the different data dumps. Therefore, in the first step of data cleaning,
we removed all login data that was not associated with a user ID, leaving us with 69,308 entries
in the login data set. While the total amount of data is far from the scale usually associated with
big data, we are in the broader range on the border between small and midsized data (Axelrod,
2016). Compared to several studies mentioned in the literature review, the data is not
particularly small.

The data sets for the individual purchases and subscriptions to authors were cleaned
from missing values. Additionally, data points later than 31 December 2020 were excluded for

the training of the prediction model as they fall in the target period of the prediction. Therefore,
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those data entries were only used to determine whether a user purchased or churned up to Q1
2021.

The analysis was conducted with Python 3.8, explicitly with the scikit-learn library
(Pedregosa, 2011). As the initial data sources were comprehensive SQL dumps provided by
the examined company, we first extracted individual tables with the features of the customers,
the purchases of single articles and payments for subscriptions. From those basic tables, all
additional features were extracted or engineered. Categorical data was either label encoded
(e.g. country or operating system) or encoded binary as 1 and 0 (e.g. voluntary contribution).
The target variable purchase was encoded as 1 if a user made a purchase in the target period
and 0 otherwise. The target variable churn was encoded as 1 if a subscription was cancelled
and 0 otherwise (for descriptive statistics see Appendix E.1 and Appendix E.2, for correlations
Appendix E.3 and Appendix E.4).

We split the data sets into a training and a test data set, on which we then performed
and tested the predictions against reality. Train/test splits usually overweight the training class
to provide enough variation in data for the model to generalise sufficiently (Martinez et al.,
2020). Typical splits range between 60/40 to 90/10 for the training/test set (Sabbeh, 2018). We
determined the train/test split by repeated application of the model with different splits from
60/40 to 90/10. Following the results, we used a 75/25 split for both models. The splits were
stratified concerning the outcome variable.

Following the insights of the literature review, which demonstrated gradient boosting
and random forest to be highly robust ensemble methods and frequently used regarding small
data, both were applied to the finalised data sets for the purchase and churn prediction tasks.
Additionally, we used logistic lasso regression as a baseline to demonstrate performance in the

absence of advanced ML methods.

252



E. “Should I Stay or Should I Go?” — Application of ML Classifiers of Purchase and Churn

Prediction to a Digital Journalistic Platform

In prediction tasks with imbalanced data sets, where one of the possible outcomes
happens far less frequently than the other, performance can be enhanced (in the case of the
purchase prediction data, only ~21% purchased in Q1 2021). To increase the sensitivity for the
minority class, the literature recommends resampling methods for unbalanced data sets (Huang
et al., 2015; Rivera & Xanthopoulos, 2016; Sabbeh, 2018). Therefore, we oversampled the
minority class in the training phase.

On the finalised data sets, a lasso regression, a random forest classifier and a gradient
boosting classifier were applied to predict, first, purchase decision, and second, churn decision
for Q1 2021. The categorical features of the model were label-encoded. The metric features
were normalised.

The hyperparameters were derived via random grid search. They concerned the number
of estimators, maximum number of features, maximum depth, minimum sample split and
minimum sample leaf size for both algorithms. We calculated accuracy scores as the relative
number of correctly identified cases to evaluate the performance of the model. Moreover, we
constructed confusion matrices and visualised the results with a receiver operating
characteristic (ROC) curve.

For the purchase prediction, the final data set contained 2,070 individual customers who
purchased articles on the platform anytime between December 2016 and December 2020 to
predict their purchase in Q1 2021. Table E.2 shows the data derived from the data set or by

feature engineering, which are used for the purchase prediction.
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of Purchase and Churn

Table E.2: Variables for the prediction of individual purchases

Variable name Description Data type
sum_price Sum of price of all purchases per customer in Cent numerical
num_purchases Number of all purchases per customer numerical
active_months Number of months since a user is active numerical
num_logins Number of logins to the platform numerical
actions_per_visit Average number of actions per visit numerical
time per visit Average time spent on the platform per visit numerical
config os Operating System of the customer categorical
country Country of customer categorical

subscribed channel

1 if user has at least one active author subscription,
else 0

categorical (dichotomous)

subscribed_flat

1 if user has subscribed to the flat for the platform
(bundle), else 0

categorical (dichotomous)

purchases_per month

Number of purchases per month active on the platform

numerical

purchased Binary target variable categorical (dichotomous)
(1 if customer purchased > 1.1.2021, else 0)
Furthermore, the customer data concerning 703 subscriptions to journalists was

analysed regarding customer churn (see Table E.3).

Table E.3: Variables for the prediction of subscription churn

Variable name

Description

Data type

price_sub

Price of each individual subscription in Cent

numerical

voluntary sub

1, if customer included a voluntary payment

categorical (dichotomous)

channel id sub ID of the journalist’s channel numerical
country_sub Country of customer categorical
sum_price_sub Sum of all payments of a customer who pays for a numerical
specific subscription

num_payments_sub Number of all payments per customer numerical
active_since _sub Number of days since a subscription is active numerical
num_logins_sub Number of logins to the platform numerical
actions_per visit_sub | Average number of actions per visit numerical
time per visit Average time spent on the platform per visit numerical
config os Operating System of the customer categorical
churn_sub Binary target variable categorical (dichotomous)

(1 if customer churned > 1.1.2021, else 0)
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4. Results

For both data sets, we created an initial cursory baseline model with the lasso regression. In
the second step, we added a random tree and gradient boosting model (1st model: purchase
prediction, 2nd model: churn prediction). The first results of our analysis show relatively high
values regarding the accuracy scores for the ensemble models (between 0.84 and 0.96). Table
E.4 breaks down the confusion matrix for the test data sets in both purchase and churn
prediction for random tree and gradient boosting (Martinez et al., 2020). The diagonal from the
upper left to the lower right contains the correctly classified cases (both positive or negative),
while the diagonal from the lower left to the upper right indicates falsely classified positives

or negatives. Table E.5 includes the feature importance of the individually created model

variables.

Table E.4: Confusion matrices for purchase prediction and churn prediction

Purchase Model Churn Model

Random forest Gradient boost Random forest Gradient boost
Accuracy 0.944 0.963 0.841 0.847
Precision 0.882 0.990 0.818 0.852
Recall 0.858 0.841 0.771 0.743
Classification | Reality Reality
Prediction Positive ~ Negative | Positive = Negative | Positive  Negative | Positive = Negative
Positive 97 13 95 1 54 12 52 9
Negative 16 392 18 404 16 94 18 97
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Table E.5: Feature importance of the individual variables for overall prediction (in %)
Purchase Churn
Random | Gradient Random | Gradient
forest boost forest boost
sum_price 4.73 0.39 | sum_price_sub 15.35 15.37
num_purchases 2.68 0.16 | num_payments_sub 16.32 24.10
num_logins 5.20 0.76 | num_logins_sub 8.89 5.84
actions_per_visit 4.49 1.16 | actions_per_visit_sub 8.18 3.33
time_per_visit 4.57 1.23 | time_per_visit 9.28 5.96
config_os 1.66 0.22 | config_os 9.32 10.05
country 0.51 0.12 | country_sub 1.88 1.56
active_months 56.19 95.48
subscribed_channel 4.39 0.05
subscribed_flat 0.15 0.06
purchases_per_month 15.43 0.48
price_sub 4.55 2.64
voluntary_sub 1.10 0.02
channel id_sub 4.38 3.85
active_days_sub 20.74 27.29

For a clearer picture of the effectiveness of each prediction, Figure E.1 and Figure E.2
show the ROC curves of the purchase and the churn prediction respectively. The ROC curve
depicts the quality of the binary classification compared to chance, helping to identify optimal

models with certain constraints (Sinha & May, 2004).
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Figure E.1: Area under curve (AUC) purchase prediction
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Figure E.2: Area under curve (AUC) churn prediction
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5. Discussion

A comparison between the two ensemble models and the logistic lasso regression shows a
substantial difference between the purchase and the churn model. While the purchase ensemble
models perform only marginally better than the logistic regression, the logistic regression
performs rather poorly compared to the random tree and gradient boosting algorithms in the
case of the churn model. The achieved prediction accuracy was comparable to the results in
similarly small or even larger sample sizes. Regarding the feature importance, for the purchase
model, the most important feature by far is recency (described by the variable
‘active_months’), which suffices for a relatively good performance of the logistic regression.
For the churn model, a handful of features contribute to the accuracy of the classifier
(depending on the chosen ensemble method). In the latter case, the logistic regression performs
significantly worse for the AUC/ROC curves and the remaining performance features.

Examination of the accuracy of the individual methods demonstrates that ML
prediction has great potential for evaluating customer data for the digital journalism industry
in a targeted and economical way. Given digital journalism’s constant struggle to achieve or
maintain demand and good monetisation, predictive analytics are important tools to identify
customers who are willing to buy or at risk of churn. While these methods have existed for
some time, it is only the relatively recent and comprehensive digital transformation of the
journalistic business that makes it possible to analyse this data economically; these techniques
can ensure that individual users are managed optimally and profitably in real-time or can be
engaged through CRM (e.g. through advertising and promotion).

However, closer examination of the confusion matrix shows a significant caveat in the
quality of the purchase and churn prediction, which generally holds for the accurate evaluation

of prediction tasks. The accuracy of both models is high and good-to-excellent compared with
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studies identified in the literature review, where accuracy often ranged lower. Nevertheless,
identifying the actual minority cases (i.e. customers willing to purchase/willing to churn) is
weaker. That is, while the precision and recall of both models are still high (between 0.75 and
0.99), the identification of the crucial customers is weaker than the overall model. This is often
true in predictive ML models (Hanczar & Nadif, 2019; Juba & Le, 2019; Winkler et al., 2019).
As a result, in the weakest model, ~25% of the crucial customers, who would be churners,
would not be recognised by the model. The recall of the purchase prediction is therefore lower.
Still, the results compare well against the state of the literature, not only in small data sets but
even for large applications, as accuracy and recall are comparable.

Importantly, precision and recall are in a trade-off relationship, where one of the two
values can be optimised at the expense of the other. Since identifying paying customers and
churners is crucial in our classification task, we have tried such an optimisation by reducing
the classification threshold (Buckland & Gey, 1994). In cases where the reliable identification
of the target class (recall) is more important than the correct classification of the non-positive
cases (precision), this trade-off may well be acceptable (a typical case is the detection of
malignant tumours). The costs of misclassification as a potential buyer or churner are relatively
low in our context. For instance, since it is a matter of addressing such cases via correct
marketing or individualised messages, the damage caused by such false positives is
manageable. Therefore, in our case, it is potentially desirable to increase the recall at the
expense of precision. This procedure gave us a recall of 0.9 for the random forest and 0.78 for
gradient boosting (see Table E.6). The recall values of the random forest are higher than the
gradient boosting because the classifications of the latter are much more decisive (most cases
are assigned to the target class with a value close to 0 or 1), which means that the shift in the
threshold causes only minor changes. Therefore, the random forest method seems to be more

adjustable in our situation.
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Table E.6: Churn Model optimised for recall with random forest (threshold: < 0.35) &
gradient boosting (threshold: < 0.01)

Random forest Gradient boost
Accuracy 0.772 0.818
Precision 0.656 0.764
Recall 0.900 0.786
Classification Reality
Prediction Positive Negative Positive Negative
Positive 63 33 55 17
Negative 7 73 15 89

Another interesting point concerns the features deemed to be necessary by the model.
The purchase model is mainly informed by how long a customer is active on the platform. This
recency effect is common in both non-contractual information goods and contractual settings
with short notice periods. While the active months are the most important feature for churn
prediction, several other variables have a non-negligible effect and account for much of the
explanatory performance of the model. Behavioural data (duration and number of logins,
number of actions) and the operating system used have an essential role in this prediction task.
These variables, which can be interpreted as a proxy for the way people interact with the
platform, make real-time analyses of customer data promising and economically feasible for
journalistic platforms.

As the results of our research illustrate, even small entrepreneurial entities can benefit
from applying algorithmic customer behaviour prediction. The results are stable — especially
for churn prediction, despite the limited number of users and expandable database — and
promising concerning the application to additional data sets.

The present study, which focuses on a small media business with an equally small
database, was able to show that qualitative predictions can be based on limited data. The

achieved prediction accuracy was comparable to the results in similarly small or even larger
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sample sizes. Factors that characterised the recent activities and the interaction of the users

with the platform were of particular importance.

5.1.  Implications

This research has both practical and theoretical implications for the field of media management,
particularly customer relationship management of media companies. As the results of our
research illustrate, even small entrepreneurial entities can benefit from applying algorithmic
customer behaviour prediction. In practice, first, the recency effect seems to be decisive.
Therefore, keeping customers on the platform and retaining them as paying customers is a
significant difficulty, as most customers only stay for a few actions and purchases (J. B. Kim,
2013). Several free articles or more free time on the platform might be possible attractors. Thus,
customer uncertainty concerning the product can be reduced (Dawson et al., 2010). In addition
to this screening opportunity, the company could signal its added value by highlighting prizes
won (Wellbrock & Wolfram, 2021).

Second, the platform’s advantages should be emphasised more. For example, the
possibility of receiving a bundled product from several individual journalists and the
convenience of the unified CMS are attractors that should be marketed (Bakos & Brynjolfsson,
2000; Kammer et al., 2015). Vukanovic (2009) emphasises the strategic advantage of bundling
as a means to soften competition and take advantage of economies of scale. Beyond, Putzke et
al. (2010) assert with view on online news that perceived ease to use is a strong driver of paying
intent. The examined platform should therefore stress the advantages of its platform bundle.
Literature also emphasises the strength of niche journalism, if the company’s focus is to
achieve high competence and proficiency in one area, as is the case with science journalism
(Cook & Sirkkunen, 2015). Gundlach and Hofmann (2021) distinguish different kinds of users

of journalistic content and identify about one-third of the audience as “intellectual-journalistic
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consumers” with an orientation towards cognitive information and higher education. This is
the target group for a journalistic platform like the one examined here. If the content of such
an offering is focused, has sufficient depth, and includes information of high quality and
scarcity, small but strongly motivated audiences can be highly profitable.

Third, the intensity of interaction with the website is a relevant variable, so the platform
should focus on more robust user engagement. This could be done through appropriate
comment functions or networking via social media (D. H. Kim & Desai, 2021). While some
authors caution against the attention trap on social media (Myllylahti, 2018), others hint at the
critical branding and marketing power of social media, especially for non-legacy digital natives
and start-ups (Kosterich & Weber, 2019). Furthermore, research shows that news is more
frequently shared via social media (Khuntia et al., 2016). At the same time, research on the
German news market underlines the importance of direct media search and Google as access
points (Myllylahti, 2018). Thus, brand recognition and proper marketing are of direct
importance to a journalistic brand’s success (KlaB3, 2021). As journalistic brands and star appeal
of individual journalists becomes increasingly important, online news offerings, like the one
examined here, have to orient themselves towards traditional marketing to attract customers,
as many readers do seek out news for the particular brand or journalist associated. This
development is underlined by the recent success of individual journalists on platforms such as
Substack.

The theoretical implications relate to expanding the application of predictive analytics
to better sustain and manage digital transformation, even in small business contexts. As the
media management literature asserts, the proliferation of such techniques to SMEs and start-
ups lessens the competitive advantage of large companies and economies of scale (Buschow,
2020; Chan-Olmsted, 2019). Thus, mass personalization and niche products are now viable

business options for these companies, which enables them to compete with scaled businesses.
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Furthermore, we demonstrated technical aspects of the implementation of such
techniques. As such, we have shown how applying balancing related to the underrepresented
class and anonymised feature engineering can make potent predictions even with small data
sets. Specifically, correct hyper-parametrisation and adjustment of the thresholds for
classification together have non-negligible effects on correct identification in cases where

recall is potentially more important than precision.

5.2.  Limitations and Avenues for Research

Although our results have good predictive power to approach potential customers and churners,
there are opportunities for future research. First, it is notable that the usual factors, such as
frequency and number/scope of previous purchases, remain essential for prediction. However,
different variables related to the content or even seasonality might add significantly to the
model. Second, the amount of data for a journalistic start-up is by its nature limited. While the
performance of the prediction models is satisfactory, more detailed data sets would achieve
greater accuracy and nuanced predictions. Third, in terms of strategic planning for media
companies, future research could apply multi-class prediction about highly valued content and

topics.
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Appendix E.

Appendix E.1 Descriptive Statistics for Model 1 (Purchase Prediction)

num . . . sub- sub- purchases
sum_ - active_  (num_ actions_ (time_ . . pur-
rice pur- months |logins er_visit |per_visit config_os|country scribed_ |scribed_)_per chased
p chases g per_ per_ channel |flat month
count 2070 2070 2070 2070 2070 2070 2070 2070 2070 2070 2070 2070
mean | 581.6995| 0.894203 | 14.15459| 31.46957| 4.734755| 598.7323| 4.831401| 9.580193| 0.171014| 0.021739| 0.134425 0'21781
std 2463.446| 2.42229| 10.93322| 157.809| 3.552512| 547.3083| 2.926534| 4.804249| 0.376613| 0.145866| 0.263984 0'4129(1)
min 0 0 0 1 0.5 0 0 1 0 0 0 0
25% 0 0 6 1| 2.487012| 230.0958 3 9 0 0 0 0
50% 99 1 12 4 4| 462.8125 5 9 0 0| 0.055556 0
75% 349 1 19 17 6| 783.2286 8 9 0 0 0.125 0
max 55000 87 90 4626 52 5115 8 37 1 1 4 1
Appendix E.2 Descriptive Statistics for Model 2 (Churn Prediction)
num . . .
. volun-  |Channel sum - active num actions_ |time_per
price L country . = pay- . - .~ Ny vy config_os|churn
tary _id price since logins per_visit |_visit
ments
count 703 703 703 703 703 703 703 703 703 703 703 703

mean | 409.9644| 0.064011| 11.45235| 2.881935| 18444.49| 42.92745| 653.5092| 98.89616| 4.039042| 475.0412| 3.082504| 0.398293
std 308.4966| 0.244947| 13.4178| 0.571399| 120036.8| 126.4467| 331.4413| 420.9544| 3.582917| 408.7347| 2.337364| 0.489895

min 50 0 1 0 249 1 13 1] 0.647059 0 0 0
25% 349 0 4 3 2793 8 373 4| 2.071574| 217.2132 1 0
50% 399 0 4 3 7200 19 670 12 3| 394.7647 3 0
75% 399 0 15 3| 12967.5 32 944 45 4.875] 622.3667 6 1
max 6000 1 66 7| 3111822 1560 1146 4626 52 5115 6 1
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Appendix E.3 Correlation of Variables of Model 1 (Purchase Prediction)

sum num active num actions_ |time subscribed |subscribed Purchase
. - T — . ey —. . |config_os|country s_per_
price purchases |months |logins per_visit |per_visit _channel | flat month
sum_price 1] 0.193153| 0.00476| 0.04819|0.011591| 0.00366| 0.043604| —0.02035| —0.04248| 0.109206| 0.114143
num_ 0.193153 11 0.192554( 0.388671| —0.0046( 0.015269| —0.00818| —0.01611| 0.015074 0.15288| 0.287723
purchases
?nc(?:til_s 0.00476| 0.192554 11 0.236938|—0.19742|—0.12968| —0.00059{ 0.007217| 0.364969| 0.265803| —0.35982
num_logins | 0.04819 0.388671| 0.236938 1| —0.103{—0.05967| —0.00744| —0.01378| 0.086949| 0.118609| 0.012471

actions_per
_visit
time_per_
visit
config_os 0.043604| —0.00818(—-0.00059|—0.00744| 0.095766| 0.083993

0.011591 —0.0046|—-0.19742| —0.103

—_

0.561895| 0.095766( —0.09178| —0.15566| —0.04287| 0.126594

0.00366| 0.015269|—-0.12968|—0.05967| 0.561895 1] 0.083993( —0.07199| —0.13411| —0.03153| 0.078072

—_

0.080458| 0.002931| —0.00613| 0.013147

country  |—0.02035| —0.01611|0.007217|—0.01378|—0.09178|-0.07199| 0.080458 1| 0.147084]  —0.0249| —0.01231
:‘;‘;?ﬂ:’ed— ~0.04248| 0.015074| 0.364969| 0.086949|-0.15566| -0.13411 0.002931| 0.147084 1| 0.020274| —0.16483
:{;‘:S“ibed— 0.109206|  0.15288| 0.265803| 0.118609|-0.04287| -0.03153| —0.00613| —0.0249| 0.020274 1| —0.02528
g::“gfgfi 0.114143| 0.287723|-0.35982| 0.012471|0.126594| 0.078072| 0.013147| —0.01231| —0.16483| —0.02528 1

Appendix E.4 Correlation of Variables of Model 2 (Churn Prediction)

. channel sum num active num actions_ [time_per
price voluntary| ", country Ny — . - . Ny oy config_os
_id price payments |since logins per_visit | visit
price 1| 0.062296| —0.06088| 0.024664| 0.054224| —0.07067| 0.064911| —0.05898| 0.008595| —0.01264| 0.067921
voluntary 0.062296 1] 0.192718| 0.023541| 0.01672| 0.119224| 0.006055| 0.040667| 0.14277| 0.028518| —0.08139
channel_id —0.06088| 0.192718 1| 0.039305| —0.01668| 0.004711| —0.32606| 0.063639| 0.126588| 0.02539| 0.036371
country 0.024664| 0.023541| 0.039305 1] 0.021362| 0.043729| 0.081545| 0.037686| —0.00755| —0.01505| —0.03216

—_

sum_price 0.054224| 0.01672| —0.01668| 0.021362

num

0.330168| 0.128761| 0.078333| —0.0077| 0.034583| —0.01277

payn;ents —0.07067| 0.119224| 0.004711| 0.043729| 0.330168 1| 0.279387| 0.467067| —0.05194| —0.02722| —0.05537
active_since | 0.064911| 0.006055| —0.32606| 0.081545| 0.128761| 0.279387 1| 0.07284| —0.19408| —0.14217| —0.0691
num_logins —0.05898| 0.040667| 0.063639| 0.037686| 0.078333( 0.467067| 0.07284 1| —0.07339| —0.03026| —0.03338

actions_per_
visit
time_per_
visit
config_os 0.067921| —0.08139| 0.036371| —0.03216| —0.01277| —0.05537| —0.0691| —0.03338| 0.131309| 0.06237 1

0.008595| 0.14277| 0.126588| —0.00755| —0.0077| —0.05194| —0.19408| —0.07339

—_

0.631366( 0.131309

—0.01264| 0.028518| 0.02539| —0.01505| 0.034583| —0.02722| —0.14217| —0.03026| 0.631366 1| 0.06237
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Summary of Thesis

The digital transformation of the news business continues to agitate publishers. Concerned
about declining sales in the print segment, legacy outlets, local news companies and freelance
journalists alike search for ways to monetize digital journalism properly. At first glance, digital
journalism and its monetisation as paid content seem a promising effort. The digitisation of the
news business enabled distribution at a marginal cost of almost zero while giving journalists
access to new research technologies and lowering the cost of entry for smaller companies.

However, while digital journalism enjoys broad popularity and use, online news are
gaining few paying customers. Furthermore, online news compete within a larger digital media
complex, comprising movies, games, and social media. After 25 years of experimentation, the
digital future of journalism is still heavily debated in media management.

Concerning the reconstitution as a digital medium, this research examines conditions
of success and obstacles for the digital news media business to be successful as a business
venture. Therefore, the research question reads What factors enable the viability and
entrepreneurial success of the news media business in light of the consequences of digital
transformation? The overarching research question is considered from two angles: The first
angle concerns the demand side by looking at the antecedents of the audience's willingness to
pay for paid content. The second angle focuses on the supply side and therefore examines
antecedents of success in the context of digital journalistic start-ups and founders.

In four studies, this thesis develops an analysis of the online news business with a local
focus on the German news market. For this purpose, a variety of methods ranging from
qualitative work and literature review to empirical research employing path analysis and

predictive analytics are applied. Theoretically, digital transformation, free mentality and other



peculiarities of information goods inform the frame of this work. Thus, this research aims at

contributing to a financially sustainable news media business.



