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Abstract

Data-driven business models are increasingly changing how businesses gen-
erate value, shape customer relationships, and secure competitive advantages.
In doing so, businesses face the challenge of integrating data operationally
and using it strategically. At the same time, data-driven services increasingly
penetrate consumers’ lives, influencing and collecting data from their con-
sumption practices. This raises the question of how data-driven services can
be designed to create added value for businesses and consumers. Based on
the three derived concepts of Business-Data, Consumer-Data, and Business-
Consumer Alignment, this thesis addresses this interface by examining the
perspectives of businesses and consumers on data-driven services.

As a coordination process between business and data strategy, two research
papers on Business-Data Alignment examine the challenges businesses face
in developing data-driven services. Three papers focus on Consumer-Data
Alignment by analyzing the way consumers interact with data-driven services
and how data influences their everyday practices. In addition, two research pa-
pers develop methodological tools to support Business-Consumer Alignment
as a cooperative coordination process between businesses and consumers to
achieve common goals and values in designing data-driven services.

This thesis bridges theory and practice by deriving action-oriented principles
and tools to address strategic and operational challenges in designing data-
driven services, contributing to the research domains of Information Systems,
Consumer Informatics, Recommender Systems, and Reputation Systems.

• Information Systems: This work expands the understanding of data-
driven value creation by specifying the strategic link between business
and data strategies through Business-Data Alignment. From the per-
spective of businesses, technical challenges, such as the integration
of heterogeneous data sources, and organizational hurdles, such as a
lack of data literacy, are addressed. The developed Data Service Can-
vas and Data Storytelling Process represent practical frameworks that
support companies in strategically planning and communicating data-
driven business models and services.
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• Consumer Informatics: This thesis examines the consumer perspec-
tive to show how data-driven services shape consumers’ everyday con-
sumption practices and how consumers can be involved as active de-
signers of user-centered data-driven services. Concrete design princi-
ples based on consumers’ needs and practices are also derived for the
domains of food and mobility.

• Recommender Systems: This work conducts a case study in the food
domain in the Recommender Systems research area to show how per-
sonalized and value-oriented recommendations can be designed to bet-
ter support critical consumption practices, such as sustainable or ethical
consumption.

• Reputation Systems: In the research domain of Reputation Systems,
this thesis explores trust-building in the sharing economy, specifically in
peer-to-peer carsharing, by examining an algorithm-based trust mecha-
nism to complement user ratings. Evaluating a prototypical algorithm-
based reputation system shows how algorithmic ratings can be made
transparent and understandable and how such systems can contribute to
fair and comprehensible assessments.
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1 INTRODUCTION 2

1 Introduction

1.1 Motivation

Data has become a critical success factor for companies to benefit from digi-
talization. Businesses must face the challenge of generating added value from
this data. In this context, advanced statistical and machine learning methods
are becoming increasingly important due to the volume, velocity, and variety
of data [499]. Due to the dynamics of today’s markets, intense competition,
and pressure to innovate, decision-makers need to evaluate the opportunities
in their data and the existing expertise in their companies and unite them to
create value [442]. To drive digital transformation, decision-makers need to
understand how to scale the value of their data assets and leverage the po-
tential of analytics within their business strategy [472]. Therefore, business
models are instruments for explaining the gap between business strategy and
its processual implementation [658, 430, 166].

Data transformation into value-creating business models and services requires
expert knowledge [67]. However, a study shows that only 24% of decision-
makers consider themselves data literate, although this competence is per-
ceived as increasingly relevant [501]. Furthermore, despite its high relevance,
the implementation of a data strategy is not yet mature in many companies
[140]. It requires an active data-driven corporate culture to enable data-driven
value creation [252].

Since digitalization – as an IT-enabled use of digital technologies to enhance
and innovate business models [503] – is advancing, Business-IT Alignment is
a topic of Information Systems research [24, 580] that deals with the ensuring
of IT initiatives to be both timely and appropriate in a synergistic way with the
overall business strategy and objectives [386]. However, because data is cru-
cial to business success, so-called Data-Driven Business Models (DDBMs)
emerged. DDBMs describe the utilization of Data-Driven Services (DDSs)
– defined as “the use of data and analytics to support the decision-making
process of the customer via data and analytics-based features and experiences
in the form of a stand-alone offering or bundled with an existing product or
service” [560]. These services are used to enhance an existing business model
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or to innovate new (pure) DDBMs [270].

Research has shown that when organizations see data strategy as an IT strat-
egy, it leads to failure of strategy implementation, loss of management confi-
dence, and inability to generate valuable results [209]. Therefore, there is a
need to rethink Business-IT Alignment and emphasize a new term for the in-
teraction between business and data in the form of Business-Data Alignment
(BDA). Business-Data Alignment as a term is rarely used in academic litera-
ture, and a definition is pending, although it is seen as “fundamental to ensure
further exploitation of big data [. . . ]” [696].

As more and more consumers use digital channels and touchpoints to connect
with businesses, such as using social media to rate products or services or
utilizing digital services from retailers to purchase products for recipes in
cooking applications like Chefkoch [242], they derive increasing value from
these services. At the same time, businesses face the challenge of integrating
data from various applications, channels, and social media, along with the
growing number of cloud applications connected to a DDBM, to enhance
DDS [270, 178].

In line with the definition of a DDS, it should not only be considered valuable
for businesses. As consumers serve as suppliers of data to generate and drive
DDBMs [409], and DDSs are increasingly finding their way into consumers’
lives [75], the consumer’s perspective – as claimed by User-Centered Design
(UCD) [4] – must also be considered when designing a suitable DDBM or
DDS because consumers would only tend to share (personal) data if there is
also an added value for them [35]. Therefore, this thesis further motivates the
term Consumer-Data Alignment (CDA), which can be interpreted as a compo-
sition of consumer strategy and data strategy that consumers must harmonize
to benefit from their provided data through appropriate and sufficient added-
value DDSs. Supporting consumers in aligning their consumer strategy with
their data strategy in the context of DDSs is essential, as consumers are usu-
ally unclear about the use of their data, do not have a data strategy, or do not
implement it consistently [321, 451, 289], let alone make cost-benefit consid-
erations when sharing their data concerning the expected added value of the
DDS [344, 318, 8], as they do not understand or even recognize the collection
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and processing of their data [289]. Regarding the consumer strategy, however,
consumers pursue individual goals and want to realize these with data disclo-
sure [321], whereby achieving goals is strongly influenced by the respective
consumption practices [182, 672]. Accordingly, consumers must be empow-
ered to understand and perceive DDS to achieve their goals and best support
their consumption practices in developing and designing DDS [374].

The question arises regarding how consumers and businesses can create value
with DDS’s complex and innovative technology. Therefore, this thesis mo-
tivates the term Business-Consumer Alignment (BCA), which methodically
describes the coordination between the interests of both stakeholders. While
many DDS developments in businesses are still predominantly technology-
centered and focus on the company’s needs [246, 673], UCD distinguishes
itself by actively involving the user in the development and design processes
[189]. The consumer strategy is usually regarded in the literature as an ”or-
ganizational strategy that is developed based on insights about consumers”
[245], which focuses on the user as a customer and is business-oriented [246].
Accordingly, UCD must not be limited by businesses to the focus on the user
as a customer but must take into account the user’s entire consumption prac-
tices, as ”consumers do not choose brands, they choose lives” [200], since
digitalization ensures that consumers’ living environments are increasingly
permeated with DDS [75]. Due to the gap between innovation pressure, the
integration of the consumer in design processes, and missing expert knowl-
edge in developing and managing DDS in businesses [501], there is a practical
need for tools that can support companies in their data-driven value-creation
processes, DDBM and DDS development [333].

Therefore, this thesis can be categorized into Information Systems and Con-
sumer Informatics research fields. While Information Systems mainly focuses
on the corporate perspective in the context of the development and design of
DDSs, Consumer Informatics – as a new field closely linked to Information
Systems and Human-Computer Interaction (HCI) – deals with the develop-
ment and design of DDS at the interface between businesses and consumers,
taking a holistic view of consumers and thus expanding Information Systems
research beyond the corporate perspective. Central consumer fields of Con-
sumer Informatics, which are currently being powerfully penetrated by digi-
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talization and in which DDS play a central role, are, in particular, food and
mobility [75], examined in this thesis’s context. Mobility and food, in partic-
ular, are to be united under the banner of sustainable consumption, which is
currently to be promoted by digital artifacts such as DDSs [75, 212, 256].

Personalized recommender systems are under discussion to support food con-
sumption practices through DDS, which are traditionally based on food pop-
ularity or similarity and, therefore, do not work well for sustainable critical
consumption practices, e.g., vegan food recommendation. Hence, the case
study in the food context deals with developing a recommender system for
critical consumers and deriving design principles for such DDS based on
users’ practices, perceptions, and needs.

A prominent example in the mobility sector for achieving sustainable mobil-
ity practices is shared mobility, which stands out in the context of the sharing
economy; for example, by breaking up car-ownership and car-based mobility
and sharing the private vehicle in peer-to-peer (P2P) carsharing [256, 136].
However, a central problem in P2P carsharing is the lack of peer trust [602].
Traditional reputation mechanisms for building trust, such as user ratings, are
increasingly losing acceptance and effectiveness. At the same time, digital-
ization enables the provision of algorithm-based reputation systems by inte-
grating diverse sensor technology in cars. In contrast to user ratings, these are
free of social bias and enable additional insights and features for building trust
among peers [602]. For this reason, the case studies in the mobility sector are
dedicated to developing and designing an algorithm-based reputation system
that is intended to improve trust building in P2P carsharing and thus support
the transition to sustainable mobility practices.

Having identified the need to support businesses regarding the development
of value-added DDBMs and DDSs, which qualifies as a ”heretofore unsolved
and important business problem” [266] where ”concepts and methods of how
new services can be designed from this data is [sic] still developing” [70],
and consumers in understanding and developing for participation in Business-
Consumer Alignment [266, 478], my research questions are:

RQ1: What problems do businesses face within their practices in Business-
Data Alignment and data-driven value creation, and what are recommenda-
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tions for action to overcome these barriers?

RQ2: How do consumers perceive DDSs within Consumer-Data Alignment,
and what supportive factors should be considered in a user-centered design of
DDSs?

RQ3: How can businesses and consumers be supported in Business-Consumer
Alignment by suitable tools and processes to create value for both?

Figure 1: Structure of this Thesis

Acting as a bridge between theory and practice (see Fig. 2), this thesis de-
rives principles based on the theoretical foundations behind data-driven value
creation, which induce general, rather abstract and action-oriented guidelines
from theory and practice to support practical implementation in flexible con-
texts [327, 583, 101]. Finally, methods are derived from the principles, which
represent specific and context-related tools and serve as practical implemen-
tations. This thesis creates a framework that makes it possible to strategi-
cally and practically design DDBMs and DDSs in terms of Business-Data,
Consumer-Data, and Business-Consumer Alignment [583, 101, 30].
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Figure 2: Bridging Function of Principles Between Theory and Practice ac-
cording to [583, 327]

To answer the research questions and build the bridge between theory and
practice on data-driven value creation, this thesis is structured in five parts (see
Fig. 1): Part I lays the theoretical foundation by setting out the motivation,
previous related work, the research methodology and its link to the following
parts. To answer the research questions, case studies are then conducted in
the three main parts of this thesis: Part II is dedicated to RQ 1 and considers
case studies on the business perspective on Business-Data Alignment, uncov-
ering the current problems and hurdles in data sourcing and integration for
and development of DDS to enable DDBMs. Part III deals with answering
RQ 2 and sheds light on the consumer perspective. To gain in-depth insights
into consumer perceptions, needs, and obstacles in the context of Consumer-
Data Alignment, this thesis presents three case studies using UCD methods
in the application fields of Consumer Informatics, food, and mobility. Part
IV synthesizes the findings of the previous parts to answer RQ 3 and de-
velops suitable design and communication tools that support businesses and
consumers in creating value-added DDS to achieve a successful Business-
Consumer Alignment. Finally, Part V discusses the findings compared to the
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related work and addresses limitations and future work.

1.2 Research Domains

This thesis contributes to Information Systems and Consumer Informatics
research alongside data-driven value creation. In addition, this thesis con-
tributes to the research fields of Recommender and algorithm-based Reputa-
tion Systems in the context of DDSs (see Figure 3).

As an interdisciplinary field of research, Information Systems deals with the
development, use, and effects of Information and Communication Technolo-
gies (ICT) in organizations and society [343]. It examines, mainly from
a business perspective, how information is collected, processed, integrated,
stored, and communicated to support decision-making processes and enable
value creation [506]. Therefore, there is a need to consider Business-Data
Alignment to enable data-driven value creation with DDS from a business
perspective.

Consumer Informatics is a relatively new field of research that deals with con-
sumers’ use of ICT and their impact on consumption and society. It, therefore,
focuses in particular on the aspect that information technologies developed by
businesses also find their way into private households and have a substantial
impact on their consumption and living environments, which means that it is
closely linked to Information Systems and HCI [683, 600]. Consumer Infor-
matics is grounded on the interdisciplinary consumer research approach and
complements it by analyzing and designing digital systems in private living
environments. The Consumer Informatics application fields are housing, mo-
bility, food, and finance. As mentioned, this thesis will focus on mobility
and food, as these are currently being heavily penetrated with DDS under the
banner of sustainable consumption [75]. Consumer-Data Alignment is, there-
fore, of central relevance to supporting the user by making informed deci-
sions and strengthening the position in Business-Consumer Alignment when
participating in the development and design of user-centered DDSs. The fol-
lowing paragraphs present the specific problems of the addressed Consumer
Informatics fields of food and mobility, specifying their respective hurdles
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concerning DDSs. Therefore, figure 3 highlights the respective topics of
Consumer-Data Alignment and DDSs examined within the case studies in
part III.

Figure 3: Research Domains

Consumers are confronted with increasing information regarding product avail-
ability, dietary choices, and sustainability aspects in the food sector. This
abundance of data contributes to ”information overload”, a vital issue in In-
formation Systems research that makes it difficult for individuals to process
all available information and make informed decisions [187]. Recommender
Systems aim to address this issue by focusing on individual preferences and
offering personalized suggestions to reduce information overload [292, 325].
As an essential component of digital platforms and DDSs, these systems
leverage machine learning and artificial intelligence to handle large amounts
of data and present relevant recommendations to consumers [14, 153, 73].
Food Recommender Systems are designed primarily from a business perspec-
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tive to stimulate consumption [586] instead of additionally supporting sustain-
able niche practices like veganism. The necessary user-centricity can be seen
at the intersection of Consumer Informatics and Information Systems. How-
ever, the user-centered development of digital services requires understanding
such practices [465, 672]. Therefore, this thesis examines critical consump-
tion in the food sector, i.e., conscious and sustainable consumption [224].

The focus on reducing environmental impact has further led to the rise of
various innovative business models in the context of sustainable mobility, in-
cluding peer-to-peer (P2P) carsharing. Driven by the principles of the shar-
ing economy [597, 188], P2P carsharing promotes the efficient use of pri-
vate vehicles by enabling car rental as a private resource between renters and
rentees, thus reducing the need for personal car ownership and supporting
more sustainable mobility practices [40]. By leveraging underutilized private
resources, P2P carsharing aligns with broader sustainability goals, encourag-
ing reduced carbon emissions and resource consumption. However, despite
its environmental benefits, P2P carsharing platforms’ success depends heavily
on trust between participants, as transactions are carried out between private
individuals rather than established companies. The necessity of building trust
comes from the problem of information asymmetry about peers’ true charac-
teristics, reliability, and intentions [219, 602].

Reputation systems are widely implemented in P2P carsharing platforms to
address these issues. These systems aim to reduce information asymmetries
between peers by providing them with ratings and reviews that reflect the
trustworthiness of renters and rentees [81]. Reputation Systems offer a proxy
for trustworthiness, enabling peers to make more informed decisions about
whom to engage with on the platform. However, one key issue with Repu-
tation Systems is the presence of social bias, where certain user groups may
be unfairly targeted with negative reviews or assessments based on discrim-
inatory attitudes rather than objective experience [250]. To counteract this,
recent research examines the role of DDSs like Algorithm-based Reputation
Systems that utilize objective data rather than subjective user reviews to as-
sess trustworthiness. In P2P carsharing, car telematics data - such as driving
behavior and vehicle usage - can generate algorithm-based ratings, offering
a more objective and data-driven measure of trustworthiness, helping to mit-
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igate potential bias and discrimination [602]. By integrating such objective
data into Reputation Systems, P2P carsharing platforms can foster greater
trust and inclusivity by helping consumers make informed decisions while
continuing to support sustainable mobility practices.

As recommender systems and algorithm-based reputation systems are algo-
rithms that process personal data, data protection and data security must also
be taken into account from the consumer’s perspective. It is necessary to
examine which data is made available by users under which circumstances
to enable DDSs [290, 639, 289]. Transparency and traceability of the algo-
rithms and systems used also play a key role in supporting decisions [366].
Users must understand how recommendations and ratings are generated and
the data used. Only then will they be able to make informed decisions and
retain control over their data [100]. The issue of fairness and discrimina-
tion through algorithmic systems is also increasingly being discussed [42]
and makes it necessary to ensure that recommender and reputation systems
do not reproduce and reinforce existing inequalities and prejudices [204].

To enable data-driven value creation from businesses to consumers - as a
central and overarching topic across all addressed research fields - both the
technical and user-centered aspects must be considered [237]. To this end,
Information Systems research sheds light on how this value creation can be
designed and optimized - primarily from a business perspective [381] and the
inclusion of Consumer Informatics ensures that the needs and preferences of
consumers are integrated and that a corresponding user-centric development
takes place to create added value on both sides [683, 600, 572].

Cooperation and exchange between the various stakeholders play a critical
role here. Only through an interdisciplinary and participatory approach can
the complex challenges of creating data-driven value-added services succeed
[381]. This thesis is intended to play a vital bridging role and bring together
the different perspectives.

Data skills and technical capabilities are still required to create user-centric
value-added services, which are currently somewhat underdeveloped, espe-
cially on the part of businesses [501]. This results in the need to support busi-
nesses in developing and designing data-driven value-added services [333,
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70]. Accordingly, this thesis focuses on developing tools to support busi-
nesses in creating and communicating user-centered DDSs.
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2 Related Work

The transition from traditional business models (BM) to DDBMs represents
a paradigm shift in the business world. This evolution is reflected in how or-
ganisations create and capture value and services’ roles in these models. In
the context of DDBMs, DDSs are gaining importance as they offer new ways
of reaching the customer and gaining deeper insights into customer needs
and market dynamics by analysing big data. Therefore, the concepts of busi-
ness models, DDBMs, DDSs and data-driven value creation are introduced
in section 2.1, and the data-driven transition is shown. Due to the complex-
ity of DDSs, the need to rethink the alignment of business and IT strategy
in Business-IT Alignment is justified with a new term called Business-Data
Alignment. The term is derived and formed from the traditional Business-
IT Alignment in section 2.2. Supporting businesses in Business-Data Align-
ment requires understanding the challenges faced in developing and design-
ing DDSs. One of the issues associated with development is the integration of
data from different sources to enable DDSs. To this end, data integration plat-
forms are being introduced in section 2.2.1 that can support the integration
challenges of businesses and offer added value. Another problem is imple-
menting suitable methods and models to develop DDSs. Therefore, recom-
mender systems are described on the business side in section 2.2.2, which can
offer enhanced added value for customers in food retailing.

In addition to businesses, DDSs should offer added value for consumers, es-
pecially as they are increasingly finding their way into their lives and are
only made possible by disclosing their data. CI, therefore, calls for a UCD,
presented in section 2.4.1, of DDSs developed in a participatory manner by
businesses and consumers as part of the Business-Consumer Alignment. To
do this, companies need to understand the needs and obstacles of consumers,
who, in turn, need to align their consumer strategy with their data strategy
as part of the Consumer-Data Alignment. Consumer-Data Alignment is de-
rived in section 2.3. To understand consumers and their obstacles in the de-
velopment and design of DDSs and the alignment process in the context of
Consumer-Data Alignment, the CI application fields of sustainable food and
mobility are considered in the context of case studies. In the food sector,
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recommender systems for critical consumers are examined in section 2.3.3,
which, as DDSs, support the practices of a sustainable diet. In the mobility
sector, section 2.3.4 presents the basics of algorithm-based reputation sys-
tems, which are intended to support trust-building in P2P carsharing to pro-
mote more sustainable mobility.

Business-Consumer Alignment is then presented in section 2.4, which de-
scribes the alignment process of businesses and consumers in the context of
the development and design of DDSs. Finally, section 2.4.2 derives tools
to support Business-Consumer Alignment, which are intended to help busi-
nesses and consumers in the context of UCD methods.

2.1 Business Models and Services in a Data-Driven World

2.1.1 Business Models

In general, business models describe the value-adding activities of a company,
its business performance, and the opportunities for achieving competitive ad-
vantages [713].

Over time, different definitions of business models have emerged from vari-
ous disciplines and their respective perspectives [403]. In particular, the dis-
ciplines of management [713, 610], information systems [658, 10], sustain-
ability management [385], and innovation management [403] characterize the
term.

Massa et al. [403] define a business model about the achievement of corporate
goals as ”[...] a description of an organization and how that organization
functions in achieving its goals [...].” Stewart and Zhao [610] focus on profit
generation, according to which a business model describes ”[...] how a firm
will make money and sustain its profit stream over time.” Veit et al. [658,
430, 166] further emphasize the business model” as an intermediary between
a company’s strategy and its business processes”.

According to Teece [628], a business model consists of three components:
”The design or architecture of the value creation, delivery and capture mech-
anisms of a firm.” The decomposition of a business model into components
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is also supported by Osterwalder and Pigneur [462] or Johnson and Lafley
[294]. The key elements here are value proposition, value creation and value
capture [628, 462, 464, 430]. Value proposition includes defining stakehold-
ers and satisfying their needs through products, services, or other solutions
[20]. Value creation defines the activities that are undertaken to fulfill the
value proposition. This involves using the company’s resources and exper-
tise [462]. Value capture deals with the revenue model and cost structure and
shows how the company’s offering is transformed into revenue [462]. Ac-
cordingly, it can also be understood as an interplay of different activities to
satisfy the needs of stakeholders [712].

A business model is an instrument for describing, renewing, and evaluating
the projects of start-ups and organizations [658], explaining the gap between
business strategy and its processual implementation in a fast, complex tech-
nological progress [20]. Due to the complexity of such business models un-
der the conditions of digital transformation, the business model is becoming
the focus of research [658], as the constantly evolving competition between
companies in the future will mainly take place at the business model level, it
needs to be taken into account throughout the whole process of developing or
optimizing a business model [213]. This also explains the growing research
interest in DDBMs, which will be described below.

2.1.2 Data-Driven Business Models

In times of constantly growing data volumes, data is becoming increasingly
important for companies and their competitiveness [253]. As described in the
previous section, business models – as an instrument for explaining the gap
between business strategy and its processual implementation – play a central
role for companies to remain competitive in a complex market environment
[213].

As a result, companies are increasingly trying to harness the potential of data
by expanding their existing business model with data-driven elements or de-
veloping complete DDBMs [682].

A basic understanding of data should be given at the beginning for a more
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detailed description of the problems behind DDBMs and their definition (see
Fig. 4).

Figure 4: From Data to Wisdom according to [6, 55]

Data consists of different signs that follow a syntax. The syntax refers to
the structure of the data and enables human users or computer systems to
read, interpret, and understand it [208]. Since data has no context or en-
ables interpretation [233], it has no meaning or value. They are unorganized,
unprocessed [37, 116] and represent recorded descriptions of events, things,
activities, and transactions [343]. It is information when data is contextual-
ized using semantics so that it is meaningful and helpful to a person [343].
Information is usually aggregated data that supports decision-making [37]. If
the information is linked, knowledge is created from it that instead of data as
”a property of things”, is ”a property of people that predisposes them to act
in a particular way” [74]. This requires a pragmatic relationship between the
information to ‘convey understanding, experience, accumulated learning, and
expertise as they apply to a current problem or activity’ [651]. As the highest
level of abstraction, wisdom represents ”the ability to see beyond the horizon”
[37] through knowledge of the underlying principles from which insights can
be gained [6, 55, 253].
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The scientific literature presents various properties to describe data further, of-
ten called the ”4Vs”. These are volume, variety, velocity, and veracity [682].
Volume and veracity are more of a technical nature and, from the point of
view of business informatics, do not lead to any significant changes in their
architecture or treatment [487]. From a socio-technical perspective, however,
the variety of data and its processing speed (velocity), i.e., more qualitative as-
pects, are of particular relevance [487, 442, 443]. The diversity of data creates
new challenges for companies when it comes to processing and integrating it,
as primarily structured internal company data is now combined with external
data. The data sources are primarily IoT sensor data of intelligent machines,
and increasingly human data - as a ‘walking data generator’ [409] - in the
context of HCI [487, 443, 409].

Accordingly, the mere availability of data does not represent added value for
companies. Only when at least information is generated from the data can the
company benefit from it [487]. In line with the frequent statement that data
is the new oil [524], the question arises as to how the value of data can be
determined. Günther et al. [235] derive two socio-technical characteristics
that make data valuable:

• Portability: Data can be used in different application contexts. On a
technological level, this requires a digital infrastructure that enables use
in other contexts. Furthermore, this impacts working practices and or-
ganizational models, affecting the social level.

• Interconnectivity: Data can be linked with other data, gaining new in-
sights. This depends on advanced technical methods (e.g., algorithms,
data integration platforms) and human collaboration. On an organiza-
tional level, it enables new business models and involves social and
ethical considerations, e.g., data privacy.

DDBMs must be able to answer questions about how portability and intercon-
nectivity can be used to gain knowledge and thus generate value from data.

Numerous definitions exist to describe DDBMs in more detail. At the meta-
level, the three components of value proposition, value creation, and value
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capture can be derived from the definitions in analogy to the components of a
BM [561].

The value proposition is primarily defined by offering innovative services and
smart services. In particular, the aim is to achieve customer loyalty by pro-
viding added value for customers [281]. Hunke et al. state that ”[...] business
models exploiting big data and analytics are expected to be one of the next
frontiers of servitization.” [281]. Similarly, Zolnowski et al. define DDBMs
in terms of ”[...] data acting as an enabler for the development of innovative
services.” [711].

In addition to the term ”Data-Driven Business Model”, there are other terms
that are used as a more precise specification of the design of DDBMs [270] or
an exact designation of the service [124]. It is interesting to note that, accord-
ing to Hilbig et al., a ”pure data-driven business model” (PDDBM) consists
only of services and no longer offers any actual products and is very strongly
focused on the user [270]. A PDDBM is defined as a ”[...] business model
[that] uses data as a key resource to generate any type of digital services by
means of key processes such as data aggregation, data generation, data an-
alytics, data exchange, data processing, data interpretation, data distribution
and data visualization to create value for customers, users or stakeholders
and to capture revenue. PDDBMs always rely on digital data and digital
technology as fundamental enablers.” [270]. Furthermore, based on Chen
et al. [124], Schüritz and Satzger [561] define the service models ”Data-as-
a-Service” (DaaS) as ”[Services where] DaaS providers gives its customers
access to and/or aggregates a wide range of data [...].” and ”Analytics-as-a-
Service (AaaS) as ”[...] services that offer a wide range of analytics services
on demand”.

However, the term (digital) business model innovation also includes defini-
tions for DDBMs that address transforming a (traditional) product-based busi-
ness model by enriching it with DDSs. According to Sorescu, (Data-Driven)
Business Model Innovation ”[...] can be designed around a process of col-
lecting, organizing and summarizing internal or external data, to simplify the
market research process and increase the probability of identifying an unmet
consumer need or improving product assortment, product recommendations,
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and promotional efforts.” [593]. Sathananthan et al. also see four characteris-
tics to specify the innovation process of (data-driven) digital business models
[551]:

1. The motivating factor for the digital transformation of a business model
is ”[...] often relatable to interaction and/or offer to the customer”

2. ”data is a key resource”

3. ”data can be internally or externally derived”

4. ”repurpose derived data/insights enables new innovation.”

The requirements and activities for value creation in the context of DDBMs
can also be derived from the above definitions. To realize data-driven value
creation, digital data is the central resource [252, 711, 561], which can be ob-
tained internally within the company [551] or externally through customers,
products or services [551, 593]. Value-adding activities include, in particu-
lar, data aggregation [124, 270], data analysis [124, 270, 281, 561, 593], data
processing [593], data interpretation [270], data exchange [270] and data vi-
sualization [270]. Other cooperation companies can also carry out individual
activities as part of an ecosystem [661].

Hilbig et al. (2018) provide a taxonomy for differentiating the maturity level
of DDBMs in three stages, which are differentiated by the dimensions of the
degree of utilization of the data and the degree of digitalization [270]. Among
other things, this shows the extent to which data is used to create value (see
Fig. 5).
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Figure 5: Taxonomy of Data-Driven Business Models according to [270]

Value is captured in the context of DDBMs by providing added value for cus-
tomers, users, and stakeholders or by optimizing internal business processes
[270, 593, 658]. Schuritz and Satziger (2016) also show that DDBMs do not
necessarily have to cover all of these capturing components [561].

As it is usually almost impossible for established companies with physical
goods to switch to a PDDBM, but these companies also inevitably have to
reposition themselves by realigning their business model, this thesis focuses
on the innovation part of the business model and defines Data-Driven Busi-
ness Model Innovation as the transformation of a traditional, often product-
based business model through the strategic, systematic use of data to create
new value propositions, improve decision-making, optimize processes, and
offer innovative DDSs. Data is accepted as a vital resource for developing
DDSs or improving existing offerings by integrating data, analyses, insights,
and technologies to respond to changing market needs and customer require-
ments. At its core, it is about aligning business strategy with data strategy and
ensuring that data collection, processing, and utilization directly support the
company’s overall objectives, improve competitiveness, and enable scalable,
consumer-centric solutions.
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According to the characteristics of Sathananthan et al., [551], data is empha-
sized as a core resource for innovation and, following Zolnowski et al. [711],
as an enabler for innovative services. Furthermore, the concept of Hilbig
et al. [270], according to which development from a traditional, primarily
product-based low data to a PDDBM without a direct physical product offer-
ing is supported by data innovation. Data-Driven Business Model Innovation
helps to use the internet or external data to fulfill market and customer needs
in a more targeted manner. Servitization and the associated improvement in
customer loyalty through personalization and the creation of added value for
customers, according to Hunke et al. [281], is also considered. Overall, the
definition supports the idea of Business-Data Alignment by aligning business
and data strategies to implement the business objectives effectively. Business-
Data Alignment creates the basis for data to function as an integral part of the
value chain.

For innovation of the business model for the increased use of data, DDSs -
as initiated above - are necessary as a value proposition [711, 281]. A more
precise categorization of DDSs is provided in the next section. In the context
of value capture, this thesis focuses more on creating added value for the
customer and less on optimizing internal business processes [593, 270].

The following section generally describes data-driven value creation as neces-
sary for successful DDBMs. Since the creation of added value in the context
of DDBMs is realized via provided services, such as recommender systems,
section 2.1.3 then introduces DDSs in general and the DDSs specifically rel-
evant to this thesis in the form of recommender and reputation systems.

2.1.3 Data-Driven Value Creation

Data-driven value creation uses data to make better decisions, optimize pro-
cesses, and create personalized experiences for customers [409]. By ana-
lyzing customer data, companies can identify patterns and trends that enable
them to better tailor products and services to their customer’s needs and pref-
erences [28]. This should increase customer satisfaction and loyalty, which
in turn increases the company’s competitiveness [492]. Customers should
also benefit from data-driven value creation. By analyzing customer data,
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companies can create personalized offers and recommendations tailored to
the customer’s individual preferences [534]. It is therefore also highly rele-
vant that consumer privacy is safeguarded [290] and that consumers are made
aware of potential nudging mechanisms [558] through DDSs, as otherwise,
it is a double-edged sword that only promises superficial added value [559].
At first glance, disclosing potential nudging mechanisms appears negative for
companies, as consumers may not respond to nudging. However, a disclosed
nudging mechanism, which does not seem profitable, can still be beneficial
by increasing customer loyalty and the number of users [47].

However, to fully utilize data-driven value creation, companies must intro-
duce an active data-driven corporate culture, provide the necessary techno-
logical infrastructure and skills, and ensure data protection and security [346].
Businesses must effectively process, analyze and interpret large amounts of
data to gain meaningful insights [211, 346]. However, many companies and
decision-makers do not yet have the necessary understanding of data, which
is why increasing data literacy and still missing suitable tools to support
decision-making are needed to make the right decisions as part of the de-
velopment of DDBMs and DDS [501, 70].

The next section describes DDSs as the actual value-creating part of DDBMs
and the specific manifestations relevant to this thesis.

2.1.4 Data-Driven Services

A class of information systems known as Decision Support Systems (DSS)
intends to aggregate, store, retrieve, and process data analytically to help
decision-makers in organizational settings. The large corpus of literature on
the topic demonstrates the significant attention that such systems have re-
ceived in information systems research [120, 409, 675]. Scientific discourse
specifies a tripartite structure as the foundation for DSS development to opti-
mize operational efficiency. This framework includes the steps before gather-
ing data, concluding analysis, and taking action [675].

In addition to using data to optimize internal processes or efficiencies, busi-
nesses have recognized the utilization of data to develop or enhance their ser-
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vices and, in turn, provide substantial value for customers [151, 61]. Many
new terms and concepts are being presented due to the field’s infancy. The
concept of ”smart services” defines services supported by smart products
equipped with interfaces, sensors, actuators, and connectivity capabilities that
allow them to interact and communicate autonomously [61, 161, 476]. An-
other term is ”analytics-based services”, which utilise analytics and data to
increase customer value by empowering them to make better decisions, solve
complex problems, and enhance their ability to accomplish their objectives
with greater effectiveness or efficiency [280]. According to Hunke et al.
[280], using data and analytics to create unique value propositions for cus-
tomers within services is strategically significant. This can be achieved by
giving customers access to functions driven by data and analytics to improve
their decision-making abilities as part of stand-alone items or integrated parts
of already available products or services. In the current research, the term
”Data-Driven Service” is consistently acknowledged, notwithstanding the di-
versity of terminology and conceptual frameworks [279, 562, 297, 280]. This
thesis adheres to Schüritz et al.’s definition of DDSs, which is ”the use of
data and analytics to support the decision-making process of the customer via
data and analytics-based features and experiences in the form of a stand-alone
offering or bundled with an existing product or service” [560]. This defini-
tion considers the consumer and makes it possible to differentiate between
PDDBMs and data-enhanced DDBMs.

This thesis analyses two specific DDSs currently highly relevant in the con-
text of the digital consumption fields of food and mobility under considera-
tion: recommender and algorithm-based reputation systems. Recommender
systems play a central role in the personalization of consumers’ food deci-
sions [193], and algorithm-based reputation systems shape the development
of trust in the mobility sector, in which sustainable practices such as peer-
to-peer carsharing are to be strengthened by these systems, mainly due to
information asymmetries [469]. The aim is to derive insights into how DDSs
can be designed user-centered to support businesses and consumers in this
process with suitable tools. This is necessary because, according to Blöcher
et al. [70], companies in particular ”often lack the knowledge of how to fully
take advantage of data and analytics” and ”concepts and methods of how new
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services can be designed from this data is [sic] still developing”.

2.2 Business-Data Alignment

In earlier definitions, business-IT alignment is described as the strategic appli-
cation of information technology (IT) to support and enhance business strate-
gies, goals, and requirements. This involves ensuring that IT initiatives are
both timely and appropriate in a synergistic way with the overall business ob-
jectives [386]. Other definitions describe it at a strategic level as the extent
to which IT objectives are aligned to support and are supported by business
objectives [130, 620]. Furthermore, earlier research mainly focused on align-
ing both strategies rather than including the operational aspects [48]. The
viewpoint is strongly presented in Carr’s critical article ”IT Doesn’t Matter,”
where the author emphasizes the increasing importance of IT for maintain-
ing competitiveness. Nonetheless, he posits that IT will diminish in strategic
significance as it becomes universally utilized, negating any competitive ad-
vantage [108, 159].

In advancing digitalization, the focus of business-IT alignment has evolved.
It is now widely recognized that IT should no longer be perceived simply as
a support factor but rather as an active driver that significantly influences and
shapes the business and its objectives. [381, 96]. As Davenport and Wester-
man (2018) emphasize, the digital transformation of business-IT alignment is
”multifaceted and diffuse, and doesn’t just involve technology. Digital trans-
formation is an ongoing process of changing the way you do business” [154].

As socio-technical systems, the triangulation between people, technology, and
tasks is central to the design of information and IT systems [329]. Accord-
ingly, Charoensuk et al. (2014) argue that in addition to the strategic level, the
operational level must also be considered [118]. Furthermore, it follows that
a distinction should be made between a social and a technical component:
While the social component comprises the expertise, skills, and abilities of
employees [329, 536], the technical component describes the IT architecture,
infrastructure, software and databases [548, 329].

With their business model ontology and the business model canvas based on
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it, Osterwalder and Pigneur (2003, 2010, 2011) promote alignment between
information systems and business alignment at the business model level, as
the modeling of social systems or an ontology reveals the relevant elements
and their interdependencies, makes them communicable and shareable, cre-
ates a common understanding of the business logic and facilitates change
[460, 462, 463].

Gajardo and La Paz (2019) point out that business-IT alignment is still an un-
solved problem, as most models assume static rather than dynamic alignment,
and ”these models do not guide organizations on how to improve in that pro-
cess”. Nevertheless, many organizations often ignore the scientifically proven
ways of aligning business strategy with IT and IS to drive innovation and im-
provement, instead continuing to focus on aligning IT with business strategy
[480, 209].

Digitalization also adds new factors that make the problem more complex
[209]. Alignment is no longer taking place between business and IT strate-
gies. However, these are being integrated into a digital strategy, resulting in
a ”blurring of the distinction between business and IT strategies” and requir-
ing the operational level to be aligned accordingly [699]. In the literature,
this is also formulated as a co-evolution process, which brings the external
(strategic) and internal (operational) levels closer together (see Fig. 6).

Amarilli et al. (2023) differentiate between six factors, each with different
characteristics, which influence the alignment process, but some of which
share intersections and correlate with each other [508, 24]. They include
(1) top management leadership and commitment, (2) communication struc-
tures, (3) relational mechanisms, (4) operational conditions, (5) environmen-
tal factors, and (6) shared domain knowledge [24]. It turns out that many
sources are mainly concerned with the operational conditions, which include
the flexibility of the IT infrastructure in terms of its connectivity, compatibil-
ity and modularity, governance processes, personnel competencies, and skills
[444, 282, 540, 24]. The focus is on communication in general, which should
ensure understanding and trust [386, 156] via a common language [508]. The
focus on operational conditions is also supported by other sources that define
the flexibility of the IT infrastructure, in particular through connectivity and
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Figure 6: Co-Evolution Process of Aligning Strategic and Operational Level
according to [24]

integration, consisting of both process and data integration [510].

The term ”business-IT alignment” comes from when IT was the focus. The
merging of It with business strategy to form a digital strategy has shown that
digitalization is leading to a new focus on alignment [24]. The changed re-
quirements for aligning strategies are reflected in the evolving leadership re-
sponsibilities of the Chief Digital Officer. Distinguished from the domain of
the Chief Information Officer, the Chief Digital Officer’s purview does not
encompass the implementation and upkeep of IT operations. Instead, the role
emphasizes strategically driving the digital transformation within the organi-
zation to promote IT innovations and foster digital business models [207].

Similarly, due to the increasing relevance of data to corporate decisions, the
role of the Chief Data Officer, who is responsible for the utilization of data
to create Data-Driven Business (Model) Innovation, has emerged [364]. Ac-
cordingly, the data strategy has also emerged, ensuring that data is increas-
ingly becoming the company’s focus and that a data-driven corporate culture
actively promotes the data strategy in corporate decisions and business mod-
els [236]. Furthermore, research has shown that when organizations see data
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strategy as an IT strategy, it leads to failure of strategy implementation, loss
of management confidence, and inability to generate valuable results. With
this in mind, a distinction should be made between a technology-driven and
a business-driven data strategy. While the technology-driven data strategy
focuses in particular on data management and the technological possibilities
for achieving ”data quality, integrity, accessibility and security”, the business-
driven data strategy sees data as ”core and precious organisational assets that
are fundamental to the survival and success of a business” [236].

However, IT work also differs from the work of a data scientist, for example,
at an operational level. While IT employees essentially deal with providing
the required technology [207], the data scientist concentrates on utilizing the
data and gaining insights from the data [153]. The skills required, therefore,
also differ significantly, so a data scientist must have profound knowledge
in maths, statistics, and domains in addition to knowledge of programming
and computer science [467]. Furthermore, it is evident that the consequence
of digitization is the availability of data [700] and that IT involves storing,
providing, and managing the data as well as the technology to process it [695,
172]. Data science is the processing of this data into information [497, 172].

It is relevant to emphasize that a new term for the interaction between business
and data in the form of Business-Data Alignment is required. The academic
literature rarely uses the term, and no definition exists. Lee et al. (2014)
point out in the context of the Chief Data Officer role that this is responsible
for strengthening Business-Data Alignment, but without defining this more
precisely [364]. Yang (2020) sees Business-Data Alignment as ”fundamental
to ensure further exploitation of big data in their organization” [696].

In the face of a pending definition, this thesis, based on Amarilli et al. (2023)
[24] and Hilbig et al. (2018) [270], characterize Business-Data Alignment
as the merging of IT, digital and business strategy into a data strategy that
must be aligned with the operational business. In the context of DDBMs,
a distinction can be made at the strategic business model level between an
alignment of the data strategy with the business strategy in the form of data-
enhanced business models and an alignment of the business strategy with the
data strategy in the form of pure DDBMs (see Fig. 7).
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Figure 7: Business-Data Alignment on a Data-Driven Business Model Level
according to [461]

Since data integration is a vital part of successful Business-Data Alignment
from a technical perspective, enabling the development of DDSs [510], the
following section 2.2.1 presents the related work to the case study on data
integration practices. As DDSs represent an innovative use of data to create
value-added offerings and businesses often lack knowledge about handling
data [501, 333, 70], section 2.2.2 introduces the case study basics regarding
developing a recommender system in a business setting as a form of a DDS.

2.2.1 Integrating Data for DDSs

To enable DDBMs and DDSs, companies must collect data. In today’s diverse
landscape of cloud-based application system ecosystems, it is increasingly
difficult for companies to combine the required data from various applica-
tions to make it usable [248] for DDSs. Connectors are needed to link the
individual, primarily Software as a Service (SaaS) solutions, which connect
the Application Programming Interfaces (APIs) with the company system and
thus enable data exchange [370]. As this is a complex process, Integration
Platforms as a Service (IPaaS) models attempt to provide a ”suite of cloud
services enabling development, execution and governance of integration flows
connecting any combination of on premises and cloud-based processes, ser-
vices, applications and data within individual, or across multiple, organiza-
tions” [482]. By connecting businesses with SaaS providers, IPaaS platforms
are multi-sided markets aiming to reduce the integration effort for companies
by developing, managing, and executing integration processes [401]. Never-
theless, there are issues regarding their strategical and practical implementa-
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tion [178].

One main task of IPaaS solutions is to organize data synchronization and map-
ping across the various applications and systems, including data preparation,
transformation, and migration into existing infrastructures [708]. Therefore,
IPaaS reduce the number of necessary connectors through the platform struc-
ture by enabling the development of only one connector to all application and
system integrations [493]. Furthermore, this allows the orchestration of the
various applications along business processes, supporting the development of
individual connectors, data mappings, and the execution of automated pro-
cesses [178].

Research on IPaaS mainly focuses on technical or legal aspects, which is why
we need a more nuanced understanding of companies’ adoption factors. Ebert
et al. (2017), therefore, claim that ”critical success factors for using IPaaS
[...] have not been investigated” [178]. Understanding companies’ current
practices is essential to derive adoption factors and hurdles to their data inte-
grations [178].

2.2.2 Recommender Systems in Food Retailing

Food retailing is undergoing significant changes that go far beyond digitiza-
tion. As consumers’ lifestyles shift towards healthier, more ecological, ethi-
cal, and social values, food increasingly becomes an expression of individual
identity. This leads to an increasing variety of food products and an informa-
tion overload for consumers [283, 352, 605], especially in online retailing.
Ensuring a personalized customer experience, transaction, behavioral, and
evaluation data collected in online retail is used to provide relevant content
through recommender systems [619].

2.2.2.1 General Recommender systems support users in their (future) de-
cisions based on their previous usage history and that of other users. In prin-
ciple, recommender systems can be differentiated into non-individual, col-
laborative, content-based, knowledge-based, demographic, and hybrid filters
(see also Table 1) [13, 73, 477], whereby the term ‘filter’ defines the process
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of identifying the most likely matching options that meet the preferences or
needs of a user from a variety of possible choices (e.g. food products).

Ansatz Methodik Input
Collaborative Recommendations are made using

a collaborative approach that uses

the ratings and actions of similar

users as well as the behavior of the

active users themselves.

User ratings from ac-

tive and all users

Content-based Recommendations are based on

the items (or their properties) that

an active user has preferred in the

context of their previous ratings

and behavior.

User ratings and item

properties

Knowledge-based Recommendations are generated

based on the explicit specification

of desired item properties. This

requires domain knowledge that

supports the user information.

item properties, do-

main knowledge

Table 1: Approaches to Personalised Recommender Systems according to
[13]

While non-individual recommendations are the same for all users and there-
fore have no personalization of the respective products (e.g., the most fre-
quently clicked products) [13], collaborative filtering examines the prefer-
ences of different users based on their consumption and usage behavior to
identify similar people or items (e.g., films on Netflix). Recommendations
are either based on the similarity of two items in terms of their user rat-
ings (”item-based”) or based on the ratings of similar users (”user-based”)
[376, 549, 707].

Content-based filters generate recommendations by analyzing the properties
and content of consumed items. For instance, users may receive suggestions
for items similar to previously consumed ones, such as articles on science
and technology [73, 132, 656]. Knowledge-based filters are based on the
satisfaction of customer needs through specifically defined product features.
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Explicit rules are used to generate recommendations (e.g. specifications such
as size, min., and max. price, or zip code when buying a house) [13].

Demographic filtering generates recommendations by analyzing diverse socio-
demographic attributes of users, including factors like age, gender, or nation-
ality [636, 477]. Hybrid approaches are a combination of different filters.
These are often used to circumvent problems with individual methods and to
increase the accuracy and efficiency of filtering [13, 636, 73].

2.2.2.2 Repeat Purchase Recommender Systems In recent years, col-
laborative and content-based recommendation processes have become estab-
lished - primarily driven by online retail - which utilize historical purchase
data [89, 376]. Nevertheless, recommender systems are not omnipresent in
food retailing as the decisions of consumers are often habituated, and the
question is often not what to buy but when to buy it [296, 182]. Therefore, a
repeat purchase can be described as any situation in which a customer buys
more than one product unit [62]. Ehrenberg (2000) discusses three ways of
describing repeat purchases: Customers may purchase an item in more than
one purchase in a given period, purchase an item in more than one time period,
or purchase multiple units in the same purchase [182].

Established studies and models for repeat purchase recommendations con-
centrate on specific products or brands [192, 431]. However, there are first
approaches for recommender systems for repeat purchase behaviour using
online tracked data [62, 165].

Bhagat et al. (2018) assume that the temporal dependencies between repeat
purchases depend on when a product was last purchased and how quickly
the customer runs out of it [62]. Accordingly, a customer will repurchase a
product if he has already purchased it. However, it can also be stated that
the attractiveness of a product for a repeated purchase directly following the
purchase of this product is rather low. Therefore, a repeated purchase can
be seen as a periodic phenomenon subject to a specific time interval. Per-
sonalization can be implemented via a Bayesian Hierarchical Model, which
enables individual purchase rates [62, 129, 158, 229]

As the models discussed tend to be business- or technology-orientated, since
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they hardly have the ‘average customer’ in mind, the following section on
Consumer-Data Alignment presents recommender systems for critical con-
sumers that also take into account the complex practices of (niche) consumers
[226, 586, 599, 303].

2.3 Consumer-Data Alignment

Since the term Consumer-Data Alignment has not been defined in the litera-
ture in this way, this thesis motivates derivation via Business-Data Alignment
as a composition of a consumer strategy and a data strategy, which must be
harmonized. The relevance of the alignment of the consumer and data strat-
egy by the consumer is especially evident in the limited awareness and under-
standing of consumers to assess the added value of DDS, which is caused by a
lack of transparency about data collection and processing [397], the function-
ality [387] as well as a perceived lack of control over their data [397, 113].

Following the derivation of the terms consumer and data strategy in section
2.3.1 and 2.3.2 and their link to the application fields of food and mobility,
the specific basics of the case studies on recommender systems for critical
consumers examined in the context of Consumer-Data Alignment in section
2.3.3 and algorithm-based reputation systems in section 2.3.4 are presented.

2.3.1 Consumer Strategies through Consumer Practices

Most literature that deals with the topic of a ”consumer strategy” is mainly
related to marketing research or from an institution-based perspective, which
sees it as something that needs to be defined from a business perspective
or derived from an institutional strategy [245, 202, 399, 201, 507, 382]. It
is described as a conceptual framework designed to derive consumer needs,
preferences, and desires to understand and fulfill them. The aim is to build
long-term relationships with consumers to ensure the success of the company
and customer satisfaction and loyalty [41, 622]. In this regard, consumer be-
havior research aims to provide an understanding of consumers by analyzing
the processes involved in selecting, purchasing, using, or disposing of prod-
ucts and services to satisfy needs and identify preferences [591]. Customer
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journey mapping, which describes consumers’ interactions with the company
across different phases and touchpoints, is also crucial in this research [365].

Research on food consumption behavior suggests that consumers choose a
habituated set of products when planning their purchases, which is usually
not updated and tends not to need to be accompanied by a DDS such as a
recommender system. While planning serves as orientation, strategy is how a
goal can be achieved. Accordingly, planning and strategy are closely linked
[29]. Orientation is sufficient in the case of a habituated product set, as the
routines of the consumers already define the strategy, but without thinking
this through strategically [182]. However, suppose consumers develop new
practices or want to achieve goals, and the product set under consideration
changes accordingly. In that case, it is necessary to change routines and use
DDS as possible touchpoints as a strategic tool to implement these practices.
Personalized recommender systems support this by reducing the complexity
of the search, setting up suitable product alternatives and filtering information
to improve the search for niche products in dominant consumer infrastruc-
tures, which also strengthens the needs of critical consumers, for example. It
can be summarized that the strategy of consumers is thus shaped on a meta-
level by the actual consumption practices and behaviors of consumers. Warde
(2016) [672] also argues that ”consumption occurs as items are appropriated
in the course of engaging in particular practices and that being a competent
practitioner requires the appropriation of the requisite services, possession of
appropriate tools, and devotion of a suitable level of attention to the conduct
of the practice. Such a view [...] also emphasizes that practices are internally
differentiated and dynamic.”

In mobility research, we see that current consumer mobility practices are
primarily relying on motorized private transport, which is responsible for a
significant proportion of energy consumption and CO2 emissions in terms
of sustainability [348, 689, 206]. In addition, this practice results in other
problems such as congestion, noise pollution, and pollution. However, the
consumer strategy here is aimed at maintaining comfort and flexibility and
therefore forgoes the use of more sustainable mobility alternatives, such as
public transport [689, 223, 582, 655]. This is due to the often poor network-
ing of mobility services, which makes their use cumbersome and unattractive



2 RELATED WORK 34

[309]. To overcome these mobility problems, shared mobility is currently be-
coming increasingly relevant [79], which also addresses the inefficient use of
resources in private cars, which remain unused most of the time [223, 689].

Shared mobility can reduce private transport by allowing several people to
share a vehicle, thus reducing the number of vehicles required and resulting
in less traffic and emissions. Vehicles are utilized more, which can contribute
to more careful use of resources [79, 684]. In this context, P2P carsharing
platforms have emerged that focus on the direct rental of vehicles between
private individuals via a digital platform and thus aim to change mobility
practices towards a more sustainable form [684]. P2P carsharing platforms
bring private car owners and potential renters together, with most steps of the
rental process, from vehicle search and booking to payment, handled via the
platform [82]. However, building trust between users is a crucial challenge of
P2P carsharing platforms, as there are usually no prior relationships between
them [602]. This poses a significant challenge, especially in the online con-
text, as there are no usual trust factors, such as personal interaction or getting
to know each other directly. Users must rely on the information they receive
online via the platform [82, 602].

To address the problem of trust and promote more sustainable mobility prac-
tices, P2P platforms rely on reputation mechanisms. These mechanisms are
intended to create transparency and enable users to assess the trustworthiness
of other users better [259, 633]. One established mechanism is user ratings,
where users can rate the other party after completing a transaction. These rat-
ings are usually aggregated in the form of a rating and displayed to other users
to help them make a decision [602]. However, user ratings are susceptible to
manipulation, e.g., through fake ratings or one-sided negative ratings due to
reciprocity effects [179, 107, 638, 420, 413]. DDS in the form of algorithm-
based reputation systems can build trust and transform mobility practices to
maintain comfort and flexibility, as they represent a rating based on actual
driving data collected via telematics more objectively and less susceptible
to manipulation [602]. However, as research on algorithm-based reputation
systems is still limited, it is unclear how users would perceive and design
such algorithm-based reputation systems to increase their acceptance and use
[602].
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2.3.2 Uncertainty Regarding Consumer Data Strategies

In the age of big data, people are characterized as ”walking data generator[s]”
[409]. Activities leave behind data that reveal our preferences, views, behav-
iors, and intentions. Individuals and businesses can benefit from harnessing
this data by processing and analyzing it using data analytics and providing
DDSs [409]. Nevertheless, there is also a risk of abuse of personal data and
the associated loss of autonomy [356, 137]. However, due to the develop-
ment and increasing penetration of information technologies into consumers’
lives, the collection and use of personal data often goes unnoticed [488, 113].
In market terms, this phenomenon can be described as asymmetric and in-
complete information, which unsettles consumers about the true intentions
(hidden characteristics) of companies and other stakeholders [135, 439, 8].
Acquisti et al. (2015) [8] differentiate between two fundamental problems
concerning uncertainty in the context of consumers’ data strategy: On the
one hand, damages caused by erroneous behavior can rarely be tangibly mea-
sured by consumers [488] and, on the other hand, privacy is almost exclu-
sively associated with trade-offs [344, 8]. It is pointed out here that creating
comprehensibility and increased visualization of corresponding decisions can
positively affect usage intentions [650]. Therefore, several approaches rely on
visualizations and dashboard concepts, which help users to understand which
data is collected [113, 488]. Nevertheless, these concepts only allow users to
see what happens after they engage with a DDS and not before using it.

Consumers are usually unclear about their respective data strategies or do not
implement them consistently. In particular, the privacy paradox - the dis-
crepancy between consumers’ intentions to make great efforts to protect their
privacy and their actual behavior, which is usually characterized by the disre-
gard of data protection efforts in the case of expected cost or benefit advan-
tages - can be cited here [321, 451, 289]. However, cost-benefit considerations
are only sometimes straightforward, as consumers cannot rationally grasp the
necessary calculations [344, 318, 8] and many factors play a role in consumer
behavior, such as social norms and emotions [7]. It also shows that many deci-
sions in the area of privacy are context-dependent and that cues in their living
environment guide consumers. Thus, privacy strategies ”differ according to
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time and place [...] and vary according to situation” [8]. Research claims
for data literacy so that consumers can develop a data strategy and realize the
value of their data. Consumers, therefore, need to understand and know how a
DDS works, which data is analyzed, how a company uses it in which context,
and for which purpose [488, 113].

The following sections 2.3.3 and 2.3.4 therefore introduce the basics of rec-
ommender systems for critical consumers and algorithm-based reputation sys-
tems for the case studies conducted in this thesis in part III and the analysis
for Consumer-Data Alignment.

2.3.3 Recommender Systems for Critical Consumerism

Critical consumption addresses the environmental or social problems of the
food system, such as organic food, the reduction of animal-based foods and
thus the promotion of plant-based foods, or fair trade [224]. From a design
perspective, Håkansson et al. [239] describe that supporting the personaliza-
tion of the ’right’ values is necessary instead of enforcing a normative un-
derstanding. However, the complexity of sustainable practices is particularly
evident in cultural aspects as well as the personal situation, e.g., budget, al-
lergies, and surrounding infrastructures with different types of food retailers
and tens of thousands of products [224, 109, 475].

Recommender systems reduce complexity and information overload in the
decision-making process [13]. Currently, however, these are primarily de-
signed to serve the interests of suppliers by increasing and supporting con-
sumption [226, 586]. They do not promote critical consumption, nor do they
support the complexity and diversity of diets and practices, e.g., they do not
work well for vegan or vegetarian diets [644], as they predominantly prioritize
popular foods rather than focusing on niches and do not consider important
critical implications such as allergies. They predominantly reinforce current
consumer behavior rather than helping to explore and make actionable new
goals and support critical consumers with their complex values, ethics, and
constraints [599, 303].

Trang et al. [643] differentiate between four types in the domain of food rec-
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ommender systems. The first type generates recommendations of recipes or
products based on their similarity to consumer preferences [643, 183, 203,
255]. Type two incorporates the recommendations of (health) professionals
and their ratings [3, 653]. Type three establishes a link between consumer
food preferences and nutritional recommendations, and type four generates
recommendations for consumer groups, e.g., families [643, 184]. Content-
based, collaborative filtering or hybrid approaches are mainly used here [643,
648]. The recommendations are primarily based on the popularity or simi-
larity of foods and focus on the ‘average customer’. For this reason, food
recommender systems do not work well for critical consumers, as they do not
correspond to the average. Therefore, food recommender systems must work
better for critical consumers as they are not average [644].

Therefore, current approaches start with integrating domain knowledge in the
context of knowledge-based recommender systems to recommend food based
on a holistic user profile that takes individual health aspects into account
[436]. However, there is still a research gap for food recommender systems to
consider the preferences of individual consumers in a profile [643] and incor-
porate personalized critical consumer values and ethics [303], which is a prob-
lem of missing Business-Consumer Alignment. Karpati et al. [303] already
refer to the first food recommender systems that use ethical approaches but
still need to be personalized. Therefore, consumers will only find the ”right”
product if they share the values of the recommender system provider. Further-
more, the underlying ethical guidelines, algorithms, and business models are
often opaque [303, 150]. For this reason, transparency and trust are advocated
to personalize consumers’ ethical values and needs [303].

2.3.4 Algorithm-Based Reputation Systems in Peer-to-Peer Carsharing

Since a growing number of consumers nowadays are giving up individual
ownership for demand-based access to goods [222, 317, 358, 455], busi-
ness models have emerged where consumers pay for this access on-demand
[684, 466]. A well-known example in this context is carsharing [434], which
includes peer-to-peer (P2P) platforms in addition to a commercial business
[684]. As multi-sided markets, these P2P platforms orchestrate rentals be-
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tween providers of rental vehicles and renters. Therefore, the lack of trust
in other ”buyers” or ”sellers” causes the rejection of these P2P platforms.
[83, 469]. Transparency, reputation, and trust are crucial to reduce the infor-
mation asymmetry about renters’ true behavior with the vehicle and, thus, to
promote the success of the P2P sharing economy. [53, 84, 259].

Reputation systems collect, aggregate and distribute data about an entity to
predict and characterize this entity [513]. By providing this reputation data,
users receive decision support regarding the trust associated with this entity.
This is complemented by a socially corrective function that incentivizes pos-
itive and disincentivizes negative reputation and promotes positive behavior.
Reputation data is exchanged between platform users to mimic characteristics
of a long-term peer relationship [513, 512].

A reference model for reputation systems by Hendrikx et al. (2015) [262] can
be adapted to the context of P2P carsharing (see Fig. 8).

Figure 8: Reputation System Reference Model for P2P Carsharing Platforms
adapted from [262]

The interactions of the parties involved on a P2P carsharing platform can be
described as follows: The car owner (trustor) is the party that wants to inter-
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act with a target entity, the car renter (trustee), and must trust it [163, 328].
To do this, the car owner must check the reputation of the car rentee, for
which it first accesses the self-provided information from the car owner and
the internal reputation data about this person if this is available from a previ-
ous interaction. If there were no previous interactions, the car owner would
consult recommenders for their opinion [531, 539] who have had prior inter-
actions with the car rentee. This recommender is an entity that either draws on
reputation data from its own experience with the car rentee based on histori-
cal interactions or as a system that has observed an interaction between two
parties or gathers information from other sources [380]. If this recommender
has adequate information about the car rentee, it responds with a recommen-
dation, also called feedback or rating. Utilizing this recommendation, the car
owner can make a trust decision [262].

Reputation data can be differentiated into self-provided, peer-provided, and
computationally provided information [602]. Showing self-provided (e.g.,
personal information) or peer-provided information (e.g., reviews and ratings)
are traditional mechanisms to increase trust [57, 278, 301]. Nevertheless, es-
pecially peer ratings consist of various biases [179, 107, 638]. Therefore,
computational-provided information could serve as a third trust mechanism
[210, 249, 604, 669] as they ground on objective measures [602].

Resnick and Zeckhauser (2002) [513] describe that trust systems must 1) pro-
vide information for distinguishing between trustworthy and untrustworthy
actors, 2) promote integrity and trustworthiness, and 3) deter untrustworthy
people.

In P2P carsharing, data from connected car technology [144, 238, 357, 424,
603, 618], e.g., monitoring driving behavior, could build trust by algorithmi-
cally processing it into a rating. Such an algorithm-based rating could increase
confidence in the potential rentee based on objective standards. However, this
information is currently only used by car insurance companies for risk as-
sessment and individual insurance tariffs [417], where defensive driving is
promoted, offering the ”good” drivers cost reductions [238, 432, 677, 701].

Algorithm-based ratings require telematics data provided by the trustees con-
cerned. This raises the question of what data is disclosed to be able to rent a
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car and poses challenges in terms of privacy [606].

2.4 Business-Consumer Alignment

Business-Data Alignment deals with aligning the business strategy with a
company’s data strategy. This occurs at both strategic and operational levels
(see Fig. 6). The internal organizational level reflects the business’s depen-
dencies as a technical and social system [24]. The social system comprises
a company’s human resources and represents the know-how and skills of the
employees [80]. Meanwhile, the technical system defines the available techni-
cal resources of a company, including its data capabilities [617, 472]. Compa-
nies need to know the potential in their data assets and the existing know-how
of their employees and understand how they can leverage this with analytics
to develop successful value-added business models and services [472, 442].
As many decision-makers do not yet consider themselves competent enough
in dealing with data [501] and the implementation of a data strategy is often
not yet sufficiently in place [140], suitable concepts and methods are needed,
how companies can be supported in the development and design of DDS to
overcome the problems associated with the alignment of business and data
strategy [266, 70] and to be able to communicate these correctly in the con-
text of the organization as a social system [24].

At the same time, Consumer-Data Alignment represents the alignment of the
consumer strategy, which is characterized by its consumption practices [672],
with the data strategy. As already described in section 2.3, deriving a data
strategy for the consumer is a challenge. Businesses must be aware of the ex-
pected added value resulting from the use of a DDS to support consumption
practices as part of the consumer strategy. Furthermore, an increased data lit-
eracy and knowledge of data sourcing, processing, functionality, and control
is required [397, 113, 488].

Overall, it can be deduced that an often implicit [596] negotiation process
takes place between consumers and businesses, which aims to harmonize the
interests of both parties [446]. This thesis defines Business-Consumer Align-
ment as negotiation processes - as “dynamic processes in which the parties
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involved communicate to exchange offers, make concessions, [...] or oth-
erwise influence each other to reach an agreement” [197] - contributing to
DDSs to create added value for both sides in the area of conflicting interests
[196, 446].

Since Business-Consumer Alignment to find a joint fit is a complex process
that requires both sides to understand the added value to be created in the con-
text of DDSs and, thus, Business-Data on the one hand and Consumer-Data
Alignment on the other, suitable methods and tools to support the negotiation
process for both businesses and consumers are still lacking [70, 125]. UCD
[666, 4, 488] is a classic instrument for taking consumer interests into account
in the development and design process to support the negotiation process in
the context of Business-Consumer Alignment and to create joint added value.
Section 2.4.1 therefore introduces the basics of UCD and derives the neces-
sity of strengthening consumer integration within the framework of Business-
Consumer Alignment. To support businesses in the context of data-driven
value creation, section 2.4.2 also presents the basics of the tools developed as
part of this thesis.

2.4.1 User-Centered Service Design

In the 1980s, Donald Norman coined the term user-centered design (UCD)
[453] as an iterative framework and philosophy aiming to integrate the re-
quirements and goals of the end users into the design process. The under-
standing of UCD in HCI has evolved from a narrow view in software engi-
neering psychology to an approach that requires “more collaborative efforts
to understand what it means to develop systems that people value” [302]. To
this end, UCD calls for the continuous involvement of users to understand
their behaviors, needs, and preferences and to consider them when develop-
ing solutions [400, 4]. UCD encompasses various design processes but only
postulates that users are involved in the design process. However, the de-
gree to which users are engaged in the design process in practice, depends on
the company and the designers. Requirements engineering is often carried out
here, and the involvement in the design of the solutions remains limited [4]. In
the context of the negotiation process of Business-Consumer Alignment, the
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user thus tends to play a passive role, and the focus remains on the fulfillment
of business goals, taking into account usage requirements and feedback, but
without a deeper integration of consumer practices into the strategic design
[4, 400, 5].

To further democratize design processes, Participatory Design (PD) emerged
as a collaborative approach focusing on user participation in an organizational
and social context [231]. With its roots in Scandinavia, the first PD concepts
related to Marxist theory explained that ”emancipatory practice must not only
aim at changing the use of artifacts, but also their technical design, the design
process, and the relation between the design process and the labor process the
artifacts are designed for. When these changes violate the production process
as a valorization process there are social conflicts inherent in the capitalist
mode of production” [181]. By considering conflicts as native design charac-
teristics, detecting social and organizational obstacles is improved [231]. PD
initially emerged in the context of work environments in which workers were
empowered to participate in system development [581, 68], but evolved - also
in the wake of the increasingly blurring boundaries between consumers and
producers (also neologistically called ‘prosumers’) in the context of the ad-
vancing internet growth - to consider a broader view of users and application
contexts [588]. In this way, PD democratizes the understanding of the role of
consumers as equal partners in the design process, whereby they are actively
involved in all phases.

As more and more (data-driven) services permeate the lives of consumers,
service design (SD) is becoming increasingly relevant [657]. SD emerged in
the 1980s in marketing and management from the increasing importance of
services and the need to create positive experiences [390, 576]. At the same
time, designers used this term to describe processes that support the concep-
tion, design, and development of services [398, 545]. SD views services as
complex systems consisting of various elements such as processes, touch-
points, technologies, and employees and aims to ensure that all aspects and
the interactions that take place there are harmonized [611] to focus on joint
value creation through active user participation [657]. SD draws on PD meth-
ods to understand users’ needs and supplements these with strategies for de-
signing services, including developing customer journeys, service blueprints,
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and other tools for visualizing services [611].

Because PD promotes joint negotiation [71], both the company’s strategic
goals and the needs and expectations of consumers can be incorporated into
a dynamic, reciprocal negotiation process of Business-Consumer Alignment
through ”direct interaction [...] to articulate, create, and develop users’ ideas
and visions” [565]. SD can also expand the understanding of participation
in terms of the design of DDSs, as it goes beyond the consideration of user
integration and does not regard users as merely passive recipients of services
but recognizes that they actively contribute to value creation by contributing
resources and participating in a joint design [611, 454, 657].

Therefore, e.g., Saad-Sulonen et al. [537] see the combination of PD and SD
as ”an opportunity to combine existing participatory and service design ap-
proaches to participation in the way they weave connections between design,
IT, digitization and democracy [...]”. The result is that consumers contribute
to requirements, better understand the business strategy’s impact, and play an
active role in shaping it. This method supports and corresponds to the idea of
shared value creation and makes it possible to develop DDSs that take both
business and consumer strategy into account [588].

The design and development of DDSs pose new challenges for both busi-
nesses and consumers, particularly about the necessary data literacy in PD for
both designers and consumers [448]. There is a ‘[...] lack of practical tools
and methods that take into account the complexity of the service and the in-
herent dynamics of the design process’ [114] and the creation of a shared un-
derstanding and a suitable language for mutual exchange and learning [448].

However, companies still need to take advantage of the opportunities that arise
from user-centered development and, therefore, tend to exhibit an unaccept-
able level of user-friendliness, which means that products and services do not
last long on the market [667]. Accordingly, Norman (2002) [452] points to the
need for a philosophy that considers the needs and preferences of consumers
and focuses on usefulness and comprehensibility in the development of prod-
ucts and services, which is referred to as user-centered design. In principle,
UCD can be applied to any products and services, although in practice, it is
mainly the development and design of information objects and systems that
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are considered [254, 384]. Since information systems define the interaction
between humans and technology to fulfill a task, various research domains
are concerned with improving this interaction. In particular, human-computer
interaction (HCI) has established itself as a field of research [520].

According to Lowdermilk (2013) [384], ”Usability practices could be imple-
mented in everything from a toaster to a door knob, and even the packaging
of both.” This view goes hand in hand with user-centered design [452] and
defines the degree to which a consumer can use a system, product, or service
to achieve their goals as effectively, efficiently, and satisfactorily as possible
in a specific context [60]. Agarwal and Venkatesh (2002) [12] emphasize that
usability is associated with positive experiences and outcomes that promote
the use of a system due to a positive attitude towards it.

The Association for Computing Machinery describes HCI as ”a discipline
concerned with the design, evaluation and implementation of interactive com-
puting systems for human use and with the study of major phenomena sur-
rounding them” [267] and includes UCD, which serves as a software design
method for developers and designers to incorporate the needs of users in the
development of applications to promote their user experience (UX) [384]. Ac-
cording to Ritter et al. (2014) [520], UX encompasses ”emotions, beliefs,
preferences, perceptions, physical and psychological responses, behaviors,
and accomplishments that occur before, during and after use” intending to
help improve the user’s understanding of complex systems, products, and ser-
vices, especially since in most cases no documentation is available [520].

For the development of DDSs, it is relevant to understand that traditional de-
velopment and design processes are essentially characterized by the internal
corporate vision. Accordingly, an internal architecture is defined first, and
only then the user-relevant elements are created, whereby DDSs can be seen
more as a compilation of components and functions [666]. Furthermore, this
traditional approach is subject to linear, rigid, and inflexible development. In
contrast, UCD postulates a focus on the user and pursues a flexible and itera-
tive design process [520]. To this end, user feedback must serve as input for
design at various points in the design and development process [666].

UCD is a paradigm that represents the interface between business and con-
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sumer and is, therefore, of central relevance for the alignment between busi-
ness and consumer [72]. This relevance is also evident from the studies in
section III, in which various UCD methods were used to develop and evaluate
DDSs in a user-centered manner.

Although UCD is widely acknowledged, there is a discrepancy between aca-
demic frameworks and the actual implementation in business practice. The
academic frameworks for UCD see users as an integral part of all phases of
the design process. In organizations, however, user feedback is often only
collected at specific points in the design process, such as the user interface,
and user involvement in strategic planning and the early stages of design does
not take place [553, 523, 275]. It is more applied as a linear method that col-
lects user feedback at the end of the design process instead of establishing a
continuous and proactive integration in an iterative process. The relatively su-
perficial application of UCD results from frequent practical limitations, such
as budget constraints and the need to deliver quick solutions [553]. In addi-
tion, the necessary expertise for the holistic implementation of UCD is often
lacking. It is crucial to promote communication and dialogue with users and
to bridge the gap between theory and practice [92, 339].

The following section 2.4.2 introduces the basics of tools intended to support
the design and development of DDSs. In particular, creating a shared under-
standing and adequate communication between all stakeholders involved in
the design and development process with different data competencies [501]
plays a central role.

Canvas models contribute to the simplification of complex problems by visu-
alizing them and making their elements easier to understand [464]. The first
canvas models have also been discussed in participatory design [585]. It can
be seen that these canvas models as boundary objects [598], in addition to the
possibility of joint design with consumers, also take into account the convivial
exchange of knowledge and show how systems are developed and how their
respective elements are related to each other [585, 330].

However, the scientific literature still lacks Canvas tools for designing with
data and aligning businesses with consumers in DDS development. Therefore,
this thesis focuses on canvas models to support Business-Data, and Business-
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Consumer Alignment (see sections 14 and 17.3), as well as on a process to
communicate with data (see section 15).

2.4.2 Tools to Support the Development and Communication of DDSs

As a critical resource, data is an essential component of modern innovation
strategies for the development of DDBMs [252]. Business-Data Alignment
represents how organizations align business value propositions and strategy
with their data resources to develop new DDBMs and DDSs and connect them
to the operational level. In addition to the challenges of gathering and inte-
grating the necessary data to create and implement DDSs, their development
and implementation also confront businesses with significant challenges, es-
pecially as this requires expert knowledge [67]. Decision-makers must be able
to manage and evaluate opportunities arising from data and the knowledge in
their business and create value with these resources [442, 472]. Decision-
makers require data literacy and basic knowledge of data analysis next to an
active data-driven corporate culture to enable data-driven value creation and
business models [252]. As decision-makers lack data competencies [501],
there is a practical need for tools that support creating value with data [333]
since this is a ‘heretofore unsolved and important business problem’ [266].

As highlighted in section 2.1.1 and 2.1.2, several elements of a traditional
business model play a role in the implementation of such models, including
the representation of value creation, realization, and the cost structure [711].
Various instruments exist to support businesses in developing new business
models, mainly based on simplifying the creation and communication of busi-
ness models by helping to visualize and understand their elements. There-
fore, the ’Business Model Canvas’ developed by Alexander Osterwalder is
a famous example [462]. A canvas model intends to summarize a complex
problem as clearly and simply as possible and guide solution-finding.

Based on the current scientific literature, it is clear that conventional methods
for developing and communicating (data-driven) business models are often
inadequate, especially when it comes to establishing the link between data
and value propositions [462, 561, 252, 334]. There is a lack of concepts and
tools considering the specific requirements of DDBMs [333].
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First canvas approaches for DDBMs like the Data Canvas [404] or the canvas
for data-driven ideation workshops [330] focus on data and algorithmic value
creation, approaches like the Data Insight Generator include the customer’s
value proposition more strongly [335]. Nevertheless, there is no holistic can-
vas approach that covers all relevant parts of business models and DDBMs
[562, 711].

Specific problems of Business-Data Alignment that need to be considered in
a holistic canvas approach are mainly data gathering [333], data integration
of internal and external data sources in existing corporate infrastructures (see
section 2.2) and (existing) operational processes [711, 404], data quality, con-
fidence and integrity as a measure of trustworthiness, correctness and timely
availability [99], and aligning data with value concepts [334].

Furthermore, as DDBMs require close collaboration between data scientists
and business stakeholders, interdisciplinary communication of data requires
data literacy and skills in data storytelling, as stories help to understand com-
plex issues and arouse corresponding emotions to solve them [155]. Although
more significant amounts of data and more complex analysis methods offer
new possibilities for capturing facts, this also increases the complexity of an-
alyzing, interpreting, understanding, and communicating [176, 272, 443].

Nevertheless, despite its increasing importance for business decisions [394],
data storytelling is still a niche topic in the scientific literature. In particular,
there is a lack of systematic research into success factors for effective commu-
nication with data, which helps companies communicate DDSs and DDBMs
to their stakeholders.
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3 Study Outline & Methodology

3.1 Research Framework

To bridge the gap between theory and practice (see Fig. 2), the terms Business-
Data, Consumer-Data, and Business-Consumer Alignment are derived and
coined from theory, which are intended to serve as principles for the devel-
opment and design of DDBMs and DDSs and represent abstract constructs.
These are examined in an application-oriented manner in the case studies to
develop tools based on the resulting findings intended to support the user-
centered development of data-driven value-added services.

To support companies in Business-Data Alignment, it is necessary, on the
one hand, to understand the challenges that companies face in their technical
development and design as outlined in section 2.2. On the other hand, section
2.3 shows that the needs and perceptions of consumers within Consumer-Data
Alignment must be taken into account to create added value on both sides
[433].

Concerning the technical development of DDSs, the complexity of the data
infrastructure due to mostly heterogeneous data sources and formats means
that, in addition to the identification and collection of relevant data, it is nec-
essary to integrate this data into the corporate information architecture (see
section 2.2.1) [147, 121]. In addition, companies face the challenge of devel-
oping suitable algorithms for their specific use case and require appropriate
expertise in decision-making positions to assess them (see section 2.2, espe-
cially 2.2.2 on the complexity of choosing a suitable model within the case
study in the food domain) [501].

The design of DDSs must continue to be aligned with users’ needs. There-
fore, Business-Consumer Alignment provides the opportunity to enable per-
sonalized and contextualized experiences that also represent added value for
consumers [538]. As consumer protection organizations claim, transparent
information about data usage must be provided, and consumers must be given
control over their data [50, 356, 623, 525, 261] to support Consumer-Data
Alignment (see section 2.3). According to section 2.4.1, a user-centered de-
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sign approach enables companies to develop DDSs harmonizing technical
possibilities with users’ needs. By involving users in the development pro-
cess, for example, through interviews and focus groups, valuable insights can
be gained into their requirements and perceptions [611]. In this way, compa-
nies can design DDSs that offer added value for the company and consumers.

Nevertheless, UCD approaches differ between theory and practice. While the-
ory claims users to be an integral part of all phases, businesses often use user
feedback only at specific points in the design process [553, 523, 275]. Fur-
thermore, developing and designing DDSs requires specialized expertise and
close collaboration between data analysts and business experts [153]. There-
fore, tools are needed to support businesses and consumers when developing
DDSs [501, 333].

Figure 9: Organization of the Conducted Studies in the Structure of this The-
sis

Part II deals with the answer to RQ1 and thus the perspective of companies
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that develop and implement DDSs (see Figure 9). The aim is to analyze the
factors that enable the development of these services and the challenges that
arise from their technical implementation. Two methods are used for this
purpose: expert interviews to reveal data sourcing and integration hurdles
and the development and comparison of various algorithms suitable for the
inherent problem in food retail of modeling repeat purchase recommendations
as a specific case study for implementing a personalized DDS in the form of
a recommender system.

The expert interviews in the case study Decoding IPaaS: Investigation of User

Requirements for Integration Platforms as a Service in section 5 analyze the
challenges that companies face when integrating data from different appli-
cations and sources and derive success factors for Integration Platforms as a
Service, which are used by businesses as decision-making guidelines in the
context of Business-Data Alignment. Therefore, ten Software as a Service
provider experts from various business areas, such as Customer Relationship
Management, Enterprise Resource Management, and Business Intelligence,
were interviewed. The case study offers insights into practical hurdles and
opportunities for companies to improve data integration.

In contrast, the case study Recommender Systems in Food Retail: Modeling

Repeat Purchase Decisions on Transaction Data of a Stationary Food Re-

tailer in section 6 examines the development and validation of algorithms for
modeling repeat purchase decisions using real transaction data from a station-
ary food retailer. This study focuses on developing time-sensitive models to
predict repeat purchases as an example of a DDS, emphasizing the practi-
cal application of transaction data to improve personalization in offline retail
environments as data-enhanced business models (see section 2.1.2).

These two case studies collectively reveal insights into the principles of Business-
Data Alignment (see Tab. 4): Since Decoding IPaaS: Investigation of User

Requirements for Integration Platforms as a Service highlights the techni-
cal and organizational challenges in enabling seamless data integration across
platforms, systems, and data sources, Recommender Systems in Food Re-

tail: Modeling Repeat Purchase Decisions on Transaction Data of a Station-

ary Food Retailer demonstrates the practical implications of using integrated
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transaction data for DDSs.

Case Study Section 5: Decoding IPaaS Section 6: Recommender Systems in
Food Retail

Topic Data Integration DDS Development

Theory Section 2.2, esp. 2.2.1 Section 2.1.2 & 2.2, esp. 2.2.2

Principles for BDA Technical and organizational principles
for data integration as an enabler of BDA

Findings on the development of a person-
alized DDS for a data-enhanced business
model as a concrete operationalization of
BDA

Methodology Expert Interviews DDS Development, Validation

Link to CDA - Uncovering the problems of a non-user-
centered development of DDS as motiva-
tion and transition to part III, esp. sect. 9

Methods (Link to
BCA)

Provides the technical basis for BCA, un-
covering relevant elements for considera-
tion in tools to support DDS development,
esp. for section 14

Connects personalized services with
strategical goals, uncovering relevant
elements for consideration in tools to
support DDS development, esp. for
section 14

Table 2: Contribution and Methodology of the Case Studies in Part II on
Business-Data Alignment and the Bridging Between Theory and Practice
through Principles (see Fig. 2)

In part III, the focus shifts to the users’ perspective of DDSs and addresses
RQ2. The aim is to examine consumers’ needs and perceptions in food and
mobility domains (see section 1.2) and derive user-centered design principles
for DDSs.

For this purpose, the case studies in part III are based on the user-centered
methodology of the design case study [691], which is suitable for deriving
the perceptions and perspectives of consumers about DDSs and the resulting
findings for the user-centered design of these services. Design case studies are
characterized by their perspective and creative nature. Combining the analy-
sis of actual usage contexts with developing and evaluating design solutions
enables a close link between research and practice insights [691]. However,
a long-term evaluation of the appropriation of the artifacts developed in this
thesis still needs to be conducted. Furthermore, interviews and focus groups
are conducted to identify initial user needs and requirements and thus gain a
deeper understanding for the subsequent design case studies [428, 338].

The case study Buying the ‘Right’ Thing: Designing Food Recommender Sys-
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tems with Critical Consumers in section 9 examines how a personalized food
recommender system supports critical consumers in making the ‘right’ pur-
chasing decisions in the context of Consumer-Data Alignment. As also re-
vealed in section 6, recommender systems usually only represent the ‘aver-
age’ consumer and neglect other niche practices. In the food domain, this
applies to critical consumers such as vegans. Therefore, a user-centered food
recommender system focused on ethical and sustainable values was designed
and evaluated. Based on 24 pre-study interviews with consumers about their
current consumption practices, the recommender system was developed as
part of a co-creation workshop and evaluated by ten consumers concerning
practical requirements and appropriation.

The case study Trust versus Privacy: Using Connected Car Data in Peer-to-

Peer Carsharing in section 10 sheds light on the alignment processes of data
sharing and the perceived added value of consumers to create trust through
telematics data in peer-to-peer carsharing (see section 1.2). Three focus groups
and eight interviews were used to identify principles characterizing Consumer-
Data Alignment. The findings of the study form the basis for the develop-
ment of an algorithm-based reputation system in the subsequent case study
Trust-Building in Peer-to-Peer Carsharing: Design Case Study for Algorithm-

Based Reputation Systems in section 11. The understanding of consumers of
algorithm-based reputation systems was explored in a preliminary study using
16 interviews. Based on this, a prototype was co-designed, which was finally
evaluated by 12 consumers regarding the creation of trust in peer-to-peer car-
sharing.

The findings of the three studies from part III offer principles for Consumer-
Data Alignment and Business-Consumer Alignment. While Buying the ‘Right’

Thing: Designing Food Recommender Systems with Critical Consumers em-
phasizes the user-centered design of DDSs to promote sustainable and ethical
consumption practices, Trust versus Privacy: Using Connected Car Data in

Peer-to-Peer Carsharing focuses on the negotiation processes between data
disclosure and trust for the acceptance of DDSs. In addition, Trust-Building

in Peer-to-Peer Carsharing: Design Case Study for Algorithm-Based Repu-

tation Systems shows not only user-centered design principles for DDSs but
also how the negotiation processes of consumers in data-driven value-added
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services can be created. Overall, it becomes clear how data-driven innova-
tions and user-centered approaches can be combined to develop DDSs that
meet both the needs of consumers and the strategic goals of businesses.

Case Study Section 9: Buying the
’Right’ Thing

Section 10: Trust versus
Privacy

Section 11: Trust-Building
in P2P Carsharing

Topic Food Mobility Mobility

Theory Section 2.3, esp. 2.3.3 Section 2.3, esp. 2.3.4

Principles for CDA Provides insights into the
user-centered design of
DDSs in the food domain

Illustrates the negotiation
processes of consumption
practices and data strategy
between added value and
privacy of DDS

Provides insights into
the user-centered design
of DDSs in the mobility
domain

Methodology Design Case Study (w/o
long-term appropriation)

Focus Groups &
Interviews

Design Case Study (w/o
long-term appropriation)

Methods (Link to
BCA)

Shows the complexity
and important elements
in the user-centered de-
velopment of value-added
DDSs in the food sector,
uncovering relevant ele-
ments for consideration
in tools to support DDS
development, esp. for
section 14

Provides principles on
how to support coordina-
tion processes between
businesses and consumers,
uncovering relevant ele-
ments for consideration
in tools to support DDS
development, esp. for
section 14, and revealing
the necessity of communi-
cation for section 15

Shows the complexity
and important elements
in the user-centered de-
velopment of value-added
DDSs in the mobility sec-
tor, uncovering relevant
elements for consideration
in tools to support DDS
development, esp. for
section 14

Table 3: Contribution and Methodology of the Case Studies in Part III on
Consumer-Data Alignment and the Bridging Between Theory and Practice
through Principles (see Fig. 2)

Part IV brings together the results from part II and III to provide a holistic
understanding of Business-Consumer Alignment.

Building on the challenges of Business-Data Alignment and Consumer-Data
Alignment, the study Data Science Canvas: Evaluation of a Tool to Manage

Data Science Projects in section 14 develops an instrument that supports com-
panies in the strategic and operational linking of data with business objectives.
By taking into account the identification of data sources and their integration
(see section 5) as well as the findings on the development of DDSs from sec-
tion 6, it is ensured that technological and organizational challenges can be
mapped. Furthermore, user-centered factors based on the findings of part III
can also be mapped, especially in data collection.
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The Design Science Research (DSR) approach was used to develop the Data
Science Canvas, which, as a design-oriented research approach, aims to cre-
ate innovative artifacts such as models, methods, or systems that are geared
toward solving practical problems while at the same time generating scientific
knowledge [266, 479]. In the beginning, the problem was identified that many
existing canvas models that deal with data are rather technically focused and
do not offer a holistic approach to the consideration of DDBMs, which mo-
tivates the development of a holistic canvas model. The development of the
Data Science Canvas artifact was based on a literature review to uncover pos-
sible objectives of a solution and an expert workshop with eight participants
from different relevant scientific disciplines. The Data Science Canvas was
finally evaluated by ten managers and data experts using it in real projects.

The study Data Storytelling as a Critical Success Factor of Data Science in
section 15 further emphasizes the importance of transparent communication
of data in the context of Business-Consumer Alignment, which is crucial for
taking consumer concerns such as data protection and trust (see part III) into
account. By integrating both perspectives, Business-Consumer Alignment is
mapped as a holistic concept for developing DDSs. To this end, the literature
review method was used to derive a process for communicating DDSs and
the associated use of data. A literature review makes it possible to systemat-
ically analyze the current state of research on a specific topic and derive im-
plications for practice [676]. A literature review can help to identify existing
approaches, models, and theories, derive success factors, and support trans-
parent, comprehensible, and understandable communication of DDSs [314].
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Case Study Section 14: Data Science Canvas Section 15: Data Storytelling

Topic Support of DDBM and DDS Development Support of Communication with Data

Theory Section 2.4, esp. 2.4.2 Section 2.4, esp. 2.4.2

Link to BDA Develops a tool to support the strategic
and operational alignment of data with
business objectives

Supports the transparent communication
of data-driven insights within organiza-
tions

Link to CDA Considers user-centered factors by inte-
grating stakeholder needs and the specifi-
cation of data sourcing

Strengthens trust and acceptance in DDS
through comprehensible and transparent
communication for consumers

Principles for BCA Combines technical insights on data inte-
gration and the development of DDSs with
organizational and strategic challenges to
support BCA

Provides guidelines for communicating
with data and thus enables a common
understanding in the context of a user-
centered development of DDSs

Methodology Design Science Research Literature Review

Methods Provides a tool for the development of
DDBMs and DDSs

Provides a process for target group-
specific communication with data

Table 4: Contribution and Methodology of the Case Studies in Part IV on
Business-Consumer Alignment and the Bridging Between Theory and Prac-
tice through Principles (see Fig. 2)

Once the structure of this thesis has been presented, the individual research
activities will be defined in more detail in the following.

3.2 Research Activities

3.2.1 Expert Interviews

As a method of qualitative social research, expert interviews enable the col-
lection of specific knowledge and experience from people with particular ex-
pertise in a specific area [76, 77, 174]. In contrast to other interview forms, the
focus of expert interviews is not on the individual characteristics or attitudes
of the interviewees but on their function as holders of specialist knowledge
and their integration into organizational contexts [421].

Their position, qualification, or experience characterizes experts and have
privileged access to information and decision-making processes in a specific
field of action [225]. Their knowledge can take various forms, such as techni-
cal, process, or interpretative knowledge [78]. By interviewing experts, direct
access to this knowledge can be gained, resulting in insights into complex
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contexts and backgrounds that would be difficult to access using other meth-
ods [483].

In the context of this thesis, expert interviews in section 5 are conducted to
analyze the challenges companies face when integrating data from different
sources and applications. By interviewing experts from different company
areas, insights can be gained into the technical, organizational, and strategic
aspects of data integration, and success factors are derived [121, 147].

Data integration experts have detailed knowledge of data structures and sys-
tems in their organizations. They can provide information on their challenges
when combining and using data from different sources [533]. They have
knowledge of the prevailing corporate integration practices and processes and
can assess which changes and adjustments are necessary to enable effective
data integration [121]. In addition, they can provide information about their
companies’ strategic goals and priorities and assess the role that data integra-
tion plays in developing DDSs and value creation [252]. Furthermore, exist-
ing problems, potentials, and limitations of different approaches and technolo-
gies can be uncovered [532]. By comparing and synthesizing the statements,
overarching patterns, and success factors can be identified, which are relevant
for developing recommendations for action and best practices [421].

3.2.2 Development and Comparison of Algorithms

The comparison of algorithms is an empirical method used in applied com-
puter science and data science [16]. This method aims to evaluate the different
approaches and procedures for solving a specific problem in terms of perfor-
mance, efficiency, and scalability [102].

In the context of developing DDSs such as recommender systems, the com-
parison of different algorithms plays an essential role [9, 575]. The selection
and optimization of relevant algorithms determine the quality and effective-
ness of the services and require a systematic approach and empirical testing
[11].

This thesis implements and compares algorithms to analyze companies’ chal-
lenges when developing a recommender system as a concrete example of a
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DDS in section 6. Recommender systems are complex applications that can
promise personalized value-added services based on analyzing large amounts
of data and applying advanced AI algorithms [515]. The development of suit-
able recommender systems requires the selection and optimization of algo-
rithms that can generate relevant recommendations and take the needs and
preferences of users into account [9].

The comparison of algorithms also makes it possible to evaluate their scal-
ability, robustness, and suitability for use in real application contexts based
on real data [9]. This can reveal the limits of the algorithms, analyze their
adaptability, and observe problems in their development [73]. The knowledge
gained can be used to develop algorithms further and improve the recom-
mender system’s quality.

Therefore, section 6 uses a real data set of a German food retailer in the food
domain to model repeat purchase decisions. The Aggregate Time Distribu-
tion (ATD) model aggregates the repeat purchase behavior per product based
on the average purchase intervals of customers to predict the probability of a
repeat purchase. In contrast, the Modified Poisson Gamma model uses a per-
sonalized analysis of purchase probabilities based on Bayes’ theorem. Con-
sidering individual purchase patterns improves the model’s precision and can
also be used with sparse data.

For this purpose, the transaction data is first pre-processed to identify recur-
ring purchase patterns and generate suitable features for both models. The
models are then evaluated on training and test data sets [14, 311].

The models are compared by evaluating the ability to predict repeat purchases
using the evaluation metrics precision@k, recall@k, and f1score@k, which
are frequently used in recommender systems. The quality of the recommen-
dations is analyzed utilizing a top-k-list, where k represents the number of
recommendations considered and must be specified based on the use case
[14].

Precision@k thus reflects the proportion of actually relevant elements in the
top-k-recommendations as:
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Precision@k =
Number of relevant elements in the top-k

k

A high value of precision means that the majority of the recommended prod-
ucts are relevant to the consumer.

Recall@k also measures the percentage of relevant elements found by the
recommender system under the top-k-recommendations as:

Recall@k =
Number of relevant elements in the top-k

Number of all relevant elements

This indicates how complete the recommendations are, i.e. how many of the
total relevant elements are contained in the top-k-list.

The f1score@k represents the harmonic mean of Precision@k and Recall@k
as:

f1score@k = 2× Precision@k×Recall@k
Precision@k+Recall@k

In this way, the f1score ensures that both precision and recall are considered
in the evaluation.

3.2.3 Focus Groups & Semi-structured Interviews

Focus groups are moderated group discussions on a specific topic. They are
used to gain deeper insights into the motivations and attitudes of the partici-
pants through an exchange within the group [331, 315].

As a form of qualitative interview, the interviewer uses a guideline with open
questions as part of semi-structured interviews and, at the same time, leaves
room for spontaneous follow-up questions and in-depth discussions [91]. The
open character of the interviews allows individual perspectives, experiences,
and concerns of the participants to be gathered [406].

Focus groups are used in this thesis in combination with semi-structured in-
terviews in section 10 to investigate the interests of renters in sensor data of
vehicles as well as the willingness of potential rentees in their sharing in the
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field of peer-to-peer carsharing, as this data serves as a basis for the develop-
ment of algorithm-based reputation systems [602].

The triangulation of both methods thus makes it possible to gain a holistic
understanding of the user perspective and to shed light on the requirements
for the algorithm-based reputation system from different perspectives, which,
among other things, reflect their needs for the required information but also
about potential privacy concerns [146]. The insights gained form a basis for
the subsequent design case study, in which the system is developed and eval-
uated iteratively [691].

Integrating user needs and requirements into the design process aims to ensure
that the developed reputation system meets the expectations and requirements
of users and is accepted and used in practice [452]. The early involvement of
users through interviews and focus groups thus contributes significantly to the
success of the subsequent design case study for the user-centered development
of the algorithm-based reputation system.

3.2.4 Design Case Study

Following a three-phase approach, the design case study methodology is ap-
plied to ensure a practice-oriented perspective. The design case study com-
bines design research methods with qualitative and ethnographic user research
methods, which aim to explore and understand practices before and after an
intervention [691].

1. Empirical Pre-Study: The initial stage, known as the Empirical Pre-
Study, is dedicated to illuminating the potential for crafting an inter-
vention and gaining a comprehensive understanding of user practices.
These practices encompass the observable actions of users and the un-
derlying infrastructures, technologies, tools, meanings, and competen-
cies that shape their behavior [186]. Examining user practices through
this lens, the challenges that need to be addressed and the areas where
support is required to facilitate the transformation from the current state
to the desired state become evident. This perspective identifies the prob-
lems to be solved and the necessary steps to enable users to adapt their
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practices successfully [690].

2. (Participatory) Technology Design: During this next stage, the artifact
is developed by transforming the (tentative) requirements identified in
the empirical pre-study into tangible features. Rather than solely re-
lying on researchers or designers, this phase may also involve end-
user participation through collaborative activities such as workshops or
shared data analysis, ensuring a more inclusive design process [690].

3. Evaluation: The design case study cycle concludes with an iterative
design artifact evaluation. This final phase aims to assess the product
from a user-centric perspective within an authentic context. The pri-
mary focus is determining the artifact’s feasibility and suitability for its
intended purpose. Insights gained from this analysis can subsequently
inform further requirements and guide design refinements, mainly be-
cause users can often only articulate specific requirements once they
have a tangible prototype to interact with [690, 691].

In principle, the development and comparison of the recommender system in
section 6 and the illumination of the willingness to provide data to enable
algorithm-based reputation systems in section 10 can be understood as an
empirical pre-study. At the same time, independent design case studies in
food and mobility are carried out in the following papers, including another
empirical pre-study.

In part III, two case studies are conducted that are oriented on the framework
of a design case study, each in the consumer domains of food and mobility. In
the food domain, a recommender system for critical consumers is developed
in section 9, which is an extension of the previous study on recommender
systems from section 6 based on user-centered design perspectives. In the
mobility domain, the case study incorporates the knowledge gained into the
user-centered development of an algorithm-based reputation system in section
11.

Nevertheless, the case studies in this thesis do not represent complete design
case studies, as there is no long-term evaluation of appropriation.
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3.2.5 Design Science Research

Design science research (DSR) aims to develop innovative artifacts such as
models, methods, systems, or processes that solve practical problems and
simultaneously provide scientific findings [266, 479]. As a design-oriented
approach, DSR focuses on designing and evaluating novel solutions for rel-
evant problems in practice, in contrast to behavior-oriented research, which
primarily focuses on explaining and understanding phenomena [232].

The DSR approach characterizes an iterative procedure in which artifact de-
velopment and evaluation occur in close collaboration with practitioners [566].
By involving experts and potential users, requirements for the artifacts can be
specified, their usefulness and applicability continuously reviewed, and any
necessary adjustments made [660]. This ensures that the solutions developed
to the problems are scientifically sound, practically relevant, and usable.

DSR is used in this thesis to develop a tool in section 14 based on the findings
from parts II and III to support businesses in the development and design of
DDSs. The findings from Section II are intended to show which technical
challenges companies need to overcome when integrating and analyzing data
from different sources to enable effective DDSs [121, 147]. At the same time,
the results from part III should make it clear that the needs and perceptions of
users play a central role in the acceptance and success of these services and
how they must be designed in a user-centered way [414].

This allows for creating an artifact that offers companies sound and practi-
cal support in developing DDSs. The tool can help overcome the technical
and business challenges of data integration and analysis while focusing on
the needs and expectations of users. In this way, companies can develop ser-
vices that offer real added value for consumers [365]. At the same time, the
companies themselves benefit from more efficient processes, a better basis for
decision-making, and the possibility of a shared understanding of the DDSs
to be developed [153].
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3.2.6 Literature Review

A literature review is a systematic and critical analysis of the existing research
literature on a specific topic [198]. It aims to analyze the current state of
knowledge, identify research gaps, and derive new findings and recommenda-
tions for action [676]. Literature reviews follow a structured and reproducible
procedure that includes selecting, evaluating, and synthesizing relevant liter-
ature [642].

Literature reviews are particularly suitable for the consolidation of existing
theories, models and empirical findings on a topic and the subsequent devel-
opment of new concepts and frameworks [46]. By systematically process-
ing the literature, patterns, trends, and best practices can be identified, which
serve as a basis for deriving practical implications [93].

This thesis uses the literature review methodology to derive a data storytelling
process based on the findings of the previous sections and the current state of
the art on data communication in section 15, which supports companies in
communicating DDSs.

To successfully implement DDSs and utilize their potential, companies must
communicate these services’ functionality, benefits, and implications to var-
ious stakeholders understandably and convincingly [152]. Data storytelling
can present complex correlations and findings from data clearly and nar-
ratively, thereby promoting understanding and acceptance among the target
groups [319].

By analyzing case studies, empirical studies, and conceptual work, data sto-
rytelling’s central elements and success factors can be worked out [319]. On
this basis, a holistic data storytelling process is derived that offers companies
a structured guide to communicating DDSs. This process should cover the
various phases from data preparation to story development and presentation
and provide specific techniques and tools for each phase [177]. By incorporat-
ing insights from practice, for example, by analyzing best practice examples,
it can be ensured that the process is practical and feasible.
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4 Introduction

To support businesses in Business-Data Alignment and developing value-
creating DDSs for consumers, an understanding of the challenges companies
face when developing them must be gained [70]. This part, therefore, serves
to answer RQ1 and sheds light on the problems businesses face when sourc-
ing data in section 5 on the one hand and developing and generating value
from DDSs [274] in section 6 on the other.

As pointed out in section 2.1.2, two socio-technical characteristics make data
valuable: Interconnectivity and portability. While interconnectivity defines
that data can be connected to other data to gain new insights, requiring ad-
vanced technical methods and human collaboration, portable data can be used
in different application contexts, which requires a technical infrastructure en-
abling this usage and impacts working practices and organizational models on
a social level [235].

Interconnectivity requires business information system architectures to link
data from different applications and sources. Digitalization and the associated
increase in cloud services mean that more and more data from external sources
must be integrated to be used in DDSs (see section 2.2.1) [698]. Therefore,
section 5 deals with the consideration of business practices of linking differ-
ent data sources, which should be simplified by data integration platforms
(Integration Platforms as a Service, IPaaS) [178]. Nevertheless, current IPaaS
solutions are predominantly provided by U.S. vendors, which poses a chal-
lenge to businesses regarding trust, security, and sovereignty of data [337].
Furthermore, prior research mainly investigated technical or legal aspects of
IPaaS, so there is a research gap regarding a nuanced understanding of the
factors that influence IPaaS adoption. The empirical study based on expert
interviews in section 5 aims to derive challenges and success factors that sup-
port platform designers’ and companies’ integration practices by providing
guidelines and recommendations for action.

As the consumer informatics application field is increasingly penetrated by
DDSs, recommender systems in the food domain offer the possibility of re-
ducing information overload and supporting consumers in purchasing deci-
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sions (see section 1.2). Value-added services like personalised recommender
systems can be developed using an integrated database (see section 2.2.2)
[626]. Therefore, in section 6, a recommender system for food retail is be-
ing developed that uses integrated transaction, product, and master data to
offer consumers individual added value through a recommender system that
suggests when they will next buy a product [62]. This is intended to inves-
tigate the portability of data, which, in addition to classic data analyses such
as sales forecasts, pattern, and trend recognition, also enables the application
context of personalized support as added value for consumers. Furthermore,
this shows how such an innovation can transform a traditionally low-data BM
into a data-enhanced BM (see Fig 5).

The insights gained are summarized in section 7 and analyzed to motivate the
following part III on Consumer-Data Alignment.
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5 Decoding IPaaS: Investigation of User Require-
ments for Integration Platforms as a Service

Abstract

Due to ongoing digitalization, more and more cloud services are finding their
way into companies. In this context, data integration from the various soft-
ware solutions, which are provided both on-premise (local use or licensing for
local use of software) and as a service, is of great importance. In this regard,
Integration Platform as a Service (IPaaS) models aim to support companies
as well as software providers in the context of data integration by providing
connectors to enable data flow between different applications and systems
and other integration services. Since previous research has mostly focused on
technical or legal aspects of IPaaS, this article focuses on deriving integra-
tion practices and design-related barriers and drivers regarding the adoption
of IPaaS. Therefore, we conducted 10 interviews with experts from different
software as a services vendors. Our results show that the main factors regard-
ing the adoption of IPaaS are the standardization of data models, the usability
and variety of connectors provided, and the issues regarding data privacy, se-
curity, and transparency.

5.1 Introduction

In the course of the ongoing digitalization, more and more cloud services
find their way into organizations and companies. These services are usually
used as software-as-a-service (SaaS) that address many different application
domains (e.g. Customer Relationship Management or Enterprise Resource
Planning) and promise possible financial advantages [248]. However, the
constantly growing range of new SaaS solutions adopted by organizations
requires a steady development of new Application Programming Interfaces
(API) to exchange data between the different services and prevent data and
application silos [370]. The software vendors of those organizations face the
task to synchronize evolving multitenant SaaS architectures [668] with the
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customer system and the other integrated applications [708]. Moreover, new
costs arise from the integration as well as risks regarding security and legal
compliance (e.g. privacy) [313].

In this context, Integration Platform as a Service (IPaaS) models have emerged,
which are defined as ”suite[s] of cloud services enabling development, execu-
tion and governance of integration flows connecting any combination of on-
premises and cloud-based processes, services, applications and data within
individual, or across multiple, organizations” [482]. As they bring SaaS
providers and businesses together, IPaaS platforms can be described as a
multi-sided market, which aims to reduce the integration effort for enterprises,
focusing on the development, management and execution of integration pro-
cesses [401]. Nevertheless, they are facing different challenges regarding their
role as intermediaries like the critical mass problem [190]. Furthermore, as
the majority of existing IPaaS platforms are provided by U.S. vendors, this
poses a challenge to European SaaS providers and enterprise customers due
to differences in trust, security, and sovereignty of data [337]. To promote
transparency and set an open European cloud standard, initiatives such as
Gaia-X have already been formed [115]. In the context of IPaaS platforms,
for example, the Open Integration Hub could be mentioned as a European
open-source data integration framework [85].1

Research Gap: While prior research mainly focused on technical or legal
aspects of the IPaaS, we lack a nuanced understanding of the factors that in-
fluence adoption. Ebert et al. claim that ”critical success factors for using
IPaaS [...] have not been investigated” [178] to a large extent although under-
standing drivers and barriers to adoption from both a technical and a business
perspective might contribute to a better design of those platforms. For this,
it is also important to understand the current integration practices of software
vendors and why they are perceived as beneficial from the vendors’ perspec-
tive. Against this background, we aim to answer two research questions:

• RQ1: What are current integration practices and issues with existing
IPaaS solutions of software vendors?

1https://www.openintegrationhub.org/?lang=en
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• RQ2: What are perceived design-related barriers and drivers to the
adoption of IPaaS?

Addressing this research gap, this article reports on a qualitative empirical
study with 10 experts from different SaaS software vendors. We conducted
semi-structured expert interviews with an average duration of 56 minutes. The
focus was on current integration practices leading to drivers and barriers to
the adoption of IPaaS as well as desired functions and opportunities regarding
IPaaS platforms of market participants in the form of SaaS providers.

Since IPaaS platforms are multi-sided platforms [49, 401], the next chapter
describes multi-sided platform markets and the role of IPaaS in the platform
economy. The methodology of this work is described in chapter 3. Chapter
4 presents the results of our study in relation to our research questions. The
results are discussed in section 5 and we draw conclusions in section 6.

5.2 IPaaS Platform Economy

Traditional linear business models create value through consumers buying
and using their products or services. Platform-based business models, on the
other hand, create value through other market participants using their plat-
form. Here, the platform does not own and process the traditional factors of
production, but provides an infrastructure that enables a transaction by us-
ing a matching algorithm to mediate the sides of the market. The strength
of the platform economy lies in its ability to remove barriers to trade by us-
ing the increased exchange of information between different actors and the
dissemination of data to its advantage. This creates a more open economic
system with much greater user participation. To benefit from the effects be-
tween users and providers prevailing in networks, the platforms mostly rely
on multi-sided market forms [135].

5.2.1 Characteristics of Multi-Sided Platforms

When two or more participants in a market come together to transact with
each other, they are referred to as two-sided or multi-sided markets. The dif-
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ferent market participants pursue different, complementary interests. They
are networked with each other via the digital platform [135]. That is why dig-
ital platforms also belong to the category of network goods. The basic rule
on digital platforms is: The more users there are on the platform, the greater
the benefit for all participants involved. These so-called network effects work
on digital platforms primarily in an indirect way [678]. For example, cus-
tomers on a trading platform have no direct advantage if there are many other
customers there. Rather, it is the different, complementary market sides that
influence each other. Thus, the benefit from one side of the market depends
on how many participants are active on the other side of the market. This type
of interdependence is appropriately referred to as an indirect network effect
[411]. A platform becomes more interesting the more providers there are in
the marketplace. This is because customers have a greater choice and can ex-
pect advantages in terms of price and possibly also the quality of the products
and services. At the same time, the value of the platform also increases for
the providers if more potential buyers are on the marketplace. The interme-
diary, i.e., the platform operator, is the entity that brings the different market
sides together, develops and coordinates the market and designs the platform
in such a way that it is attractive for the respective market sides [1].

When developing a new platform, the platform operator faces the challenge
of convincing not just one but two or more market sides of the benefits of
the platform. The question arises for the operator as to which market side it
should develop first and attract to its platform. To do this, the intermediary
sometimes has to make great efforts to establish a flourishing exchange be-
tween the market sides. And even if the platform is initially accepted by users
and develops positively, this does not automatically mean that success will
last. Not only do users need to be convinced of the platform’s benefits in the
early period of market development, but they also need to recognize a benefit
in the long term. So the intermediary has to deal with different coordination
problems.To do so, he needs a deep understanding of his market participants
[135].
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5.2.2 IPaaS as an Intermediary

IPaaS platforms provide a cloud-based multi-tenant system that helps enter-
prises develop, manage and govern their integration flows between the wide
range of required applications and data sources [178]. As an intermediary, the
IPaaS provider thus connects the market side of the SaaS providers and the
businesses.

The main task here is to design the data synchronization and mapping between
the various applications. In particular, the connectivity of the various SaaS
and on-prem systems and the data preparation, transformation and migration
into the existing databases play a key role [708]. A central advantage of the
IPaaS solution for companies and SaaS providers is a reduction in the number
of connectors required (cf. Fig. 10), which is made possible by the platform
structure. Businesses and SaaS applications no longer need to develop or
provide many connectors to various other solutions and systems; instead, only
one interface to all integrations is usually required. This can reduce errors and
increase data security and integrity by supporting governance, management
and monitoring [493].

Figure 10: Relationship structure of an IPaaS market

In addition to the main focus, further functionalities become feasible in the
form of orchestration of the various applications into business processes and
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support for the development of individual connectors, data mappings, and the
execution of automated processes [178]. Due to the integrated and cross-
process databases, intelligent process automation (IPA) using machine learn-
ing is also gaining in importance here [117].

The motivation of SaaS providers and companies to participate in the IPaaS
platform is mainly explained by indirect network effects in addition to the
simplification of integration, whereby companies can benefit from an increas-
ing number of SaaS applications through a more diverse selection. SaaS
providers benefit indirectly on the one hand through increasing business users
via additional sales channels. On the other hand, direct network effects can
also be seen here through the possibility of integration between further appli-
cations and the resulting increases in efficiency on both sides [135, 178].

However, platform providers face the challenge of adapting to the fast-moving
cloud market and evolving in line with user needs. It is therefore of central
relevance to know the requirements, barriers and wishes of their users [568].

5.3 Methodology

From a user-centered design perspective, it is of central relevance to imple-
ment user requirements in the development of artifacts [400, 377], also to pro-
mote their adoption [126]. To understand software vendors’ perspectives on
requirements for IPaaS platform adoption, we conducted 10 semi-structured
expert interviews with SaaS providers from Germany (see Tab. 5) within an
interpretive research stance [54, 138], which has already been applied in other
studies dealing with the derivation of user requirements [396, 634]. Our sam-
ple was selected based on contacts to software vendors from previous research
projects. The focus of the selection was on an inclusion of differently sized
providers of various SaaS applications to gather a broad range of perspectives
and possible customer and application scenarios.

The interviews lasted 56 minutes on average. After obtaining participants’
consent to collect, record, and anonymously process their interview data, the
interviews followed a semi-structured guideline that covered the following
topics:
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• Current Integration Practices and previous Experience with IPaaS to
derive Drivers and Barriers to the Adoption of IPaaS

• Desired Functions and Requirements of IPaaS platforms

• Opportunities regarding IPaaS platforms

Table 5: Overview of the Interview Participants

ID Business Area Job / Area

Sa
aS

pr
ov

id
er

s

S01 CRM CEO

S02 Scheduling CEO

S03 CMS Product Manager

S04 ERP Software Engineer

S05 ERP Product Director

S06 BI CEO

S07 BI Integration Manager

S08 Billing CPO

S09 DMS CEO

S10 Marketing Managing Director

w
he

re
:

CRM: Customer Relationship Management

CMS: Content-Management-System

ERP: Enterprise Resource Planning

BI: Business Intelligence

DMS: Document Management System

CEO: Chief Executive Officer

CPO: Chief Process Officer

After transcribing the interviews, the analysis was done using the inductive
approach of thematic analysis [86] with a focus on 1) current integration prac-
tices and issues with existing IPaaS solutions, 2) required functionalities and
Services, and 3) possible opportunities for integration platforms to improve
the actual situation. After coding the interviews, the authors developed the
themes collaboratively to grant a common understanding of the material.
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5.4 Results

Based on previous integration practices and problems with existing IPaaS
platforms, the following section derives drivers and barriers regarding adop-
tion as well as the functionalities and services required by SaaS providers.
Additionally, ways to improve existing IPaaS approaches are discussed.

Table 6: Overview of Results

5.4.1 Current Integration Practices and Issues with Existing IPaaS So-
lutions

Especially among the smaller Saas providers interviewed, integration tools
are rarely used. The required connectors are generally still implemented by
the companies themselves. If IPaaS solutions are used, the large providers are
mostly chosen. However, experiences with these platforms reveal a number
of problems.

Although many connectors are offered for individual needs, this occasionally
results in high costs. The cost-benefit ratio is not given in some cases, espe-
cially for small and medium-sized enterprises with specific solutions, since in
most cases such an excessive offering is not needed and specific connectors
are not available. Some participants therefore report a lack of appropriate-
ness in the range of existing data integration tools and a lack of added value
for their solution.

”[...] in the past we have looked at a few of these, let’s call it connector suites,

but honestly there’s nothing there that’s at least any good for our specific

purpose. We’ve been operating on and off for a year and a half, but hardly

[...] had any value add, apart from the fact that it’s relatively expensive.” –
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[S01]

The lack of added value is often explained by rudimentary suites whose con-
nectors do not meet the requirements of the solutions. For example, various
authentication mechanisms demand individual logics in the background from
the solutions. Furthermore, non-uniform data structures of the connectors and
the resulting need for adaptation in the form of data preparation and transfor-
mation lead to additional effort.

”[...], these solutions are too rudimentary and actually don’t know where

the problem lies with connectors. Most connectors have different authenti-

cation mechanisms, different data structures, and with many APIs a call is

not enough, instead many calculations, logics have to take place in the back-

ground of our solution, e.g. generate synthetic tables, so that it makes sense

for the customers at all. [...], that’s a nagging ongoing issue for us.” – [S06]

For most respondents, therefore, the issue of standardization is the essential
factor for adopting an IPaaS solution.

”[...] the topic of standardization. If one already makes the whole effort to

build a connector. Then there should also be a standard for the individual

data modules. – [S04]

They are currently missing suitable definitions for data models and data ex-
change. Merging the data from the connectors therefore confronts the solution
providers interviewed with challenges. Although the data can be analyzed in
isolation for each connector, it is extremely difficult to analyze and process
cross-system data. This is due to different granularities within the respective
data and different data formats.

”[...] if I want to connect data from Facebook, Twitter and Google Analyt-

ics within one chart, it sounds easy from a customer perspective. But from

an IT perspective, it’s complex because the different sources have different

granularities. [...], here I get it on an hourly basis, there I get it on a minute-

by-minute basis.” – [S01]

”We’ve been looking for years for a format for explicating documents, includ-

ing our meta-information, in a meaningful way.” – [S09]

In general, the issue of data protection and security is also highly relevant
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for the respondents in the context of existing data integration solutions and
the connectors provided.

”If an American [connector] is involved, that can also be a criterion for ex-

clusion [for one of our customers]. [...] and then, of course, you simply have

to weight up how great the benefit is for what we want to do [...]. So data

protection plays an important role in the consideration, so we developed our

connectors ourselves.” – [S02]

The probability of failure plays a significant role in the considerations of so-
lution providers for migration to a data integration ecosystem. Some providers
are also hesitant about support expectations in the event of an outage and are
weighing up between developing their own solutions or connecting to a plat-
form.

”So if that’s an integrated part of your own system, you’re less likely to have

a failure. So that was our consideration. [...] And good support, that’s also

part of it.” – [S03]

In terms of usability, a quick and simple on-boarding is of essential rele-
vance. This also ensures continuous use of such a platform.

”I think the key is to get a moment of success within the first few minutes.

After 5 minutes, I have my first functioning small solution. This moment of

success has a lot of added value and ensures that people continue to use the

platform.” – [S01]

”From my point of view, the use and administration should be intuitive. If you

do it really well, an administrator should actually be able to do it himself as

a customer.” – [S04]

5.4.2 Required Functionality and Services

With regard to expectations for the functions and services of an IPaaS plat-
form, the respondents agree that it must predominantly provide a wide vari-
ety of connectors. If connectors are not available, they should be available
on request within a very short time.

”[Such a platform] should offer 1000+ connectors with the ability to add new
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ones super fast. That’s also critical. [...] a customer comes, he would like to

have a specific connector, so that you can then offer it directly.” – [S09]

To address the issue of a lack of standardization, customizable templates
for the APIs are discussed. Although many different connector templates are
already available for the larger providers, the smaller providers in particular
do not yet offer enough of these.

”[...], templates for API interfaces also play an important role for us. We

would like to adapt these to our individual needs. There are already many

different templates for Google, etc., but the smaller integration providers in

particular do not (yet) offer this on a large scale because this results in higher

costs.” – [S07]

In addition, respondents would like to see further customization of the con-
nectors to best fit their system.

”[...], there has to be an option like: ok, you want to connect to Facebook, you

can update the data synchronization in one, six or twenty-four hour intervals,

so I can trigger that myself.” – [S06]

If the provided data schema does not meet the requirements of the SaaS
provider, an intelligent mapping function is desired, which merges the (stan-
dard) data model with the new data fields.

”[...] or some kind of intelligent algorithm or end-user interface where I say,

this is my data schema and whatever you get back, bring that into this data

schema and store it in the following database.” – [S06]

Before connecting to the platform, the providers would also like to see de-
tailed documentation of the interfaces and a test option for various requests
to evaluate how the data schema is designed and whether it fits their own
solution.

”[...] so one wish is that you get a detailed documentation for the interface

and maybe just a test possibility. That can make things just very simple. So

such a negative experience with different providers. We would also just be

able to test different requests, [...] whether that suits us.” – [S02]

In addition, the platform should also provide whitelabel support in the event
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of a SaaS app extension through the connectors and services provided.

”[...] we would find it exciting to use such services without a front end to the

platform. The frontend would have to be left to us, because that’s where our

USP is.” – [S08]

Some participants also mentioned various added values that such a platform
could provide based on the integrated data situation. They described a central
data hub that temporarily stores the integrated data to process it for machine
learning applications and enrich it with additional data. In this regard, Intelli-
gent Process Automation was also discussed as an opportunity.

”So the big advantage would be that you have an API that you can address

and could then use many data sources, for example also open data. [...] I

could definitely imagine that something like this would be extremely interest-

ing for many people regarding data enrichment.” – [S07]

”Keyword intelligent processes. Data is collected everywhere in a data lake,

right down to the last [process] step, and through intelligent analyses I can

perhaps see automation and optimization potential at the end. That I can also

say, I don’t know, an alarm system that predicts that my stock will soon be

empty and then directly triggers consequences. But that is still up in the air.”

– [S06]

However, the participants were not unanimous on this. Some spoke of added
value, others were critical with regard to data protection. One participant sees
a compromise in the possibility of offering such a data hub as an option. In
this case, it must be ensured with the highest priority that others are excluded
from access.

”I think this [data hub] lacks acceptance due to data protection, at least in

German-speaking countries.” – [S03]

”I wouldn’t want that as a customer. Except when I can simply decide for

myself: The connector is active between app 1 and app 2 and I can say where

the data goes or with which systems I then want to work and it is not then

automatically assumed. One fear is certainly that anyone could have access

to it.” – [S01]

With regard to data protection, SaaS providers would also like to have a means
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of proof to their customers in the context of the correct and error-free trans-
fer of data between the various systems and applications.

”If you look at the issue of data protection, for example, the DMS app sent

data to the ERP system. And the ERP system got into mischief with it. Some

kind of data breach or something. And then, if necessary, you could also use

the platform to say: Look, on that day, we transferred this data to the ERP

system on the basis of the order processing contract. You could just say that

we acted within the scope of the order processing, but from then on we were

out of it.” – [S09]

5.4.3 Opportunities

One opportunity to overcome the problem concerning the lack of standard-
ization, transparency, data protection, and security is seen in an open-source
approach with a broad ecosystem of connected companies and a large com-
munity dedicated to the common definition of open standard formats.

”As many large companies as possible would have to get together and say

”we’re doing this”. If this is done as part of an open-source-based approach,

for example, everyone could participate and benefit from it. If you could ex-

port a standard format from such a solution, that would be a perfect side

effect, also for the participating community.” – [S09]

”[...] and especially open-source. There are very few people who have prob-

lems trusting it in terms of data protection, because it is transparent in that

sense.” – [S08]

Cloud Initiatives should also be actively involved to promote such an open-
source approach and create awareness of its relevance among SaaS providers
and businesses alike.

”There are such cloud initiatives in Germany and I would be very happy

if they address as many [SaaS] providers and companies as possible in the

direction of adaptation, because the basic idea of an open-source platform

would be really great.” – [S09]

Moreover, niche services should be integrated, as the existing platforms do



5 DECODING IPAAS 79

not pay enough attention to them and usually do not offer them.

”I would just like such a platform to explicitly take care of relevant services,

but also niche services. Because no one else offers them.” – [S02]

Another point addressed is the creation of a positive user experience. Ac-
cording to the experts surveyed, some platforms lack a suitable usability and
user experience concept. European platforms, in particular, have a lot of
catching up to do compared to the competitors.

”The question is, for example, what does Zapier have that Flowground does

not? Zapier is an American company with a high level of investment, while

Flowground has a German team. And American companies have understood

that they have to put user experience first. This is not done in many Ger-

man and European teams due to higher costs. The urgent recommendation

is therefore to bring an employee into the team who does nothing but user

experience.” – [S05]

Regarding a central data hub, the issue of Intelligent Process Automation &
Optimization became also apparent as this could support small and medium-
sized companies within the digital transformation. The experts agree that this
is an important topic for the future, which could sustainably increase the use
and acceptance of the platforms by companies.

5.5 Discussion

Reflecting on our research and the presented research questions, we aim to
discuss the empirical results towards design implications for IPaaS that more
broadly consider the business requirements. Thereby, the focus is on the main
factors identified and those specific to IPaaS, against the background of iden-
tified opportunities. Therefore, generic factors such as support are less con-
sidered in this discussion.

5.5.1 Main Factors for Adopting IPaaS

5.5.1.1 Standardization In order to promote the adoption of IPaaS plat-
forms, the standardization of data models is required in particular, according
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to the interviews. This is also confirmed by [415] to reduce complexity of
point-to-point integration.

To be able to offer a European alternative in the long term, a joint initiative
is therefore needed to address the problem of standardizing data models and
creating an adequate integration platform. Nevertheless, the experts surveyed
assume that Europe can only act as an imitator here and that this will ensure
a lack of economic interest with regard to the resistance to migration to the
cloud, which is particularly prevalent among SMEs. This also slows down the
consideration and further development of trends in the direction of intelligent
process automation.

5.5.1.2 Usability and Variety of Connectors SaaS providers and their
customers expect a user-friendly and simply designed platform that provides a
wide variety of connectors and constantly updates this offering. Furthermore,
the expectation of fast and demand-oriented integration of specific connectors
presents an IPaaS platform with the challenge of having to respond to indi-
vidual customer requests [568]. For SaaS providers, however, this represents
a critical point in order to be able to profit from the direct network effects on
the platform as part of their own solution.

5.5.1.3 Data Protection, Security and Transparency In Europe, in par-
ticular, the debate about data protection and data security is also being given
a strong emphasis, which has so far kept many SaaS providers from adopt-
ing the established and predominantly American providers. Therefore, SaaS
providers are demanding a European data integration solution that meets the
providers’ and their customers’ requirements. However, the existing Euro-
pean approaches predominantly exhibit problems in usability and user expe-
rience compared to their American competitors. This is, according to our
participants, caused by the too low willingness to invest in this direction.
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5.5.2 Towards an Open-Source-Based Approach

If there is no common strategy at the economic level with regard to a gen-
eral standard, an open-source IPaaS solution could be a possibility to ensure
a European standard through a common goal and an ecosystem of software
providers, stakeholders, and a broad community, and to carry this standard
into the SME sector. Through the open system, which can be seen by all, the
demands for transparency and neutrality towards the existing providers could
be taken into account.

Open source solutions can be ”based on around solutions that could be pre-
configured solutions, with a focus on implementation methodologies and di-
verse hosting options” [230].

The suitability of open-source solutions for standardization has already proven
to be a successful tool in several other domains. For example, it proved to be
successful in the context of the definition of Decentralized Identity (DID) for
blockchain solutions [36].

However, the open-source approach does not offer an adequate solution for
all reported issues. Due to the non-monetary structure of the open-source ap-
proach, a trade-off will have to take place between transparency and neutrality
and the desired services. This applies in particular to the continuous devel-
opment and individual provision of connectors. Therefore, in the sense of a
multi-sided market [1], consideration should be given to the integration of an
additional market participant in the form of connector developers. Those, in
return for monetary compensation, can keep the connectors up to date and de-
velop individual connectors on request. This could provide additional indirect
network effects on the platform and increase its attractiveness and acceptance.

5.6 Conclusion

In this paper, we have dealt with the current integration practices of software
vendors and the perceived design-related barriers as well as drivers for the
adoption of IPaaS.

In terms of practical implications, our results show that there is a significant
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need to create standardization of connectors and data models. According to
our expert interviews, this could only be realized by a joint initiative of IPaaS
and SaaS providers. In this context, the barriers of medium-sized companies
in particular to migration to the cloud must also be overcome. To this end, the
experts cite an open source approach as a possible solution, which, however,
encounters problems in the field of tension between the expected individual
and timely response to user requirements and the non-monetary, transparent
structure. Therefore, such possible open source approaches as well as ex-
isting IPaaS platforms need to think about expanding to other market sides
that support on-demand and customized connector provisioning. In addition,
European IPaaS providers in particular should focus more on the usability of
their solution in order to offer added value compared to SaaS providers and to
be able to compete.

Our results are limited by the fact that the interview participants are exclu-
sively German SaaS providers and not all industries in the SaaS sector are
covered. Furthermore, further research should address the quantitative verifi-
cation of the success factors as well as investigate the other market sides.
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6 Recommender Systems in Food Retail: Model-
ing Repeat Purchase Decisions on Transaction
Data of a Stationary Food Retailer

Abstract

In growing online retailing, recommendation systems have become estab-
lished that derive recommendations from customers’ purchase histories. Rec-
ommending suitable food products can represent a lucrative added value for
food retailers, but at the same time challenges them to make good predictions
for repeated food purchases. Repeat purchase recommendations have been lit-
tle explored in the literature. These predict when a product will be purchased
again by a customer. This is especially important for food recommendations
since it is not the frequency of the same item in the shopping basket that is
relevant for determining repeat purchase intervals, but rather their difference
over time. In addition to critically reflecting classical recommendation sys-
tems on the underlying repeat purchase context, this paper derives two models
for online product recommendations from the literature, validated, and dis-
cussed for the food context using real transaction data of a German stationary
food retailer.

6.1 Introduction

In times of digital transformation, enormous importance is attached to data.
This manifests itself not least in current trend topics in literature such as Big
Data and Data Science [381]. Food retailers have also long since discov-
ered such opportunities for themselves: A well-known example is the insight
into the connection between the purchase of beer and diapers on the week-
end. The information obtained about consumer behavior has been used to
optimize advertising and pricing mechanisms [205]. However, this requires a
broad database [120], which has led to asymmetric business models such as
”Payback”, which collect user data through discounts or loyalty programs and
make it available to cooperation partners in anonymized form [273, 605].
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But food retailing is not only experiencing change from a digital perspective:
consumers’ lifestyles are also currently transforming strongly. Health, eco-
logical, ethical, social and culinary issues are gaining importance. Nutrition
and eating habits should no longer merely satisfy hunger, but be an expres-
sion of the consumer’s individual personality. A growing health conscious-
ness among consumers is also having an impact on the demand for fresh and
healthy foods. In the course of this, the regionality and origin of products
in terms of quality, environmental awareness and ethical aspects are com-
ing into the focus of buyers in order to eat healthy and climate-conscious
[283, 352, 605]. This leads to growing demands on food and an increasing
need for product variety in food retail [283].

Especially in online retail, which is predestined for the collection of user
data [291], transaction, behavioral, and rating data is used to ensure a per-
sonalized experience for customers by providing them with relevant content
through recommendation systems [619]. In online food retailing, Amazon
Prime Pantry, for example, also relies on the use of recommendation systems
to design customer-centric marketing activities [170].

However, recommendation systems are not yet omnipresent in food and on-
line retail. While click pattern and user preference analyses are still relatively
easy to integrate [490, 693], the more complex modeling of customers’ repeat
purchase behavior is particularly important in the food sector. This is due to
the fact that purchase decisions there are often habitualized and therefore the
question is not what to buy but when to buy it [296, 182]. While established
studies and models in the context of marketing research mostly deal with the
consideration of specific products or brands [192, 431], there are, however,
first approaches that discuss recommendation systems for repeat purchase be-
havior using online tracked data [62, 165].

This paper critically derives the problems of existing recommender systems
for food retail, and builds on them to validate current models for repeat pur-
chase recommendations for this domain. However, in contrast to prior re-
search, our work examines real-world transaction data from stationary super-
market terminals of a large German food retailer, as purchases in food retail
mainly take place offline [489]. This represents a major difference to online
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tracked data, which can usually be collected in a more structured and trace-
able form [291]. The paper concludes with a critical discussion of the results
and identification of possible improvements to make the models more suitable
for both online and offline food retailing.

6.2 Recommender Systems

6.2.1 General

Recommender systems are designed to support users in their (future) deci-
sions based on their previous usage history and that of other users. In prin-
ciple, they can be differentiated into non-individual, collaborative, content-
based, knowledge-based, demographic and hybrid filters [13, 73]. While non-
individual recommendations are the same for all users and thus lack person-
alization of the respective products (e.g., the most clicked products) [73], col-
laborative filtering (CF) examines the preferences of different users based on
their consumption and usage patterns to identify similar individuals or items
(e.g., movies on Netflix). Recommendations are made either based on the
similarity of two items in terms of their user ratings (”item-based”) or on
their ratings of similar users (”user-based”) [549, 707, 376]. In contrast to col-
laborative approaches, content-based filters generate their recommendations
based on the characteristics and content of the items already consumed. For
example, items similar to a user’s previous ones (e.g., articles about science
and technology) are recommended [656, 73, 425]. Knowledge-based filters
are based on satisfying customer needs through specifically defined product
features. Here, explicit rules are used to generate recommendations (e.g.,
specifications such as size, min. and max. price, or zip code when buying
a house) [13]. Demographic filtering makes recommendations based on a
socio-demographic profile (e.g., age, gender, nationality) of a user [636]. Hy-
brid approaches represent a combination of different filters. These are often
used to circumvent problems of individual methods as well as to increase the
accuracy and efficiency of the filtering [13, 636].

In recent years and mainly driven by online retailing, collaborative and content-
based recommendation methods have become established [89, 376]. How-
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ever, these systems have fundamental problems that are problematic for rec-
ommending food products for repeated purchase.

6.2.2 Issues for Food Retail

6.2.2.1 Data Distribution A fundamental problem of recommender sys-
tems is the cold start problem, which leads to inaccurate preference capture
for new users or products due to a sparsely populated customer-product ma-
trix [636]. This is particularly problematic in food retailing given that the
”long tail” of items (e.g., niche items) has only sporadic ratings and therefore
will be difficult to predict [134]. This is especially affecting the collabora-
tive approaches, as they are based on historical customer preferences. Since
user-based collaborative filtering is built on comparing item scores from dif-
ferent users, many neighborhood scores are needed for a specific item [95].
Content-based methods are not affected as much, since they determine sim-
ilarities based on item descriptions and thus recommend products for which
there are no reviews yet [636]. Due to dimension reduction, the matrix fac-
torization (MF) approach can lead to better results [169, 336]. In the context
of probabilistic model-based methods, such as the Bayes classifier, missing
values are ignored in probability estimation [285]. However, in content-based
systems, the so-called portfolio problem occurs, which ensures that only items
are recommended due to overspecialization, which are very similar to already
recommended products [637].

For the transaction data in food retail, this means that a recommendation sys-
tem would need to have many purchases of the same product in order to form
a neighborhood of similar customers. This is especially relevant regarding
the cold start problem, so that new customers can be quickly assigned to a
suitable customer group to be able to make appropriate recommendations.
However, when it comes to sparse purchasing data with only a few compa-
rable purchases, this leads to problems in generating neighborhoods and the
model does not work accurately.

6.2.2.2 Scalability Another problem arises from the resource intensity of
the algorithms for computing the optimal neighborhood. The demand for time
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and memory increases linearly with the number of users and scores [707, 95].
For a food retailer with a broad product and customer base that wants to make
recommendations in a split second, such an algorithm would create time and
cost pressures. This can be countered by means of subsampling and model-
based methods. With subsampling, only a subset of users is selected at a
time, which is intended to relieve the storage capacity. However, the com-
putation of the neighborhood remains fixed [362]. In the context of model-
based clustering methods, users are grouped into clusters based on common
properties. The active user is now compared to a group of users rather than
individuals, so that the closest neighborhood can be quickly identified. How-
ever, problems with missing data also arise here when the distance functions
lead to non-intuitive and unstable clusters [340, 295, 376]. Bayesian classi-
fication also provides an advantage here, as it is a probabilistic model that
represents the historical data and therefore can perform classifications with-
out having to retrieve the entire customer-product matrix [13]. Furthermore,
MF approaches also provide acceleration of recommendations by reducing
dimensionality [550].

As many transactions are needed to calculate neighborhoods, this leads to a
high computational effort and accordingly raises resource issues. Memory-
based methods therefore seem rather unsuitable for this type of recommen-
dation, which is why probabilistic (Bayesian) models in particular can offer
added value here.

6.2.2.3 Inherent Meaning Collaborative filtering is based on the assump-
tion that users have common preferences. The more homogeneous the pref-
erences of different user groups, the more functional the model will be. Fur-
thermore, collaborative filtering is particularly suitable for subjective char-
acteristics (e.g., musical taste) that influence a selection decision. If, on the
other hand, there are predominantly objective quality criteria (such as price
changes), which do not have to be weighed against each other, other models
should be used. Accordingly, a homogeneity of the items is also desirable.
Thus, they are similar with regard to their objective criteria and differentiate
only by subjective characteristics (e.g., music albums usually have a similar
price, a similar length and similar sale channels) [95, 376, 707].
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In the case of purchasing data, this homogeneity is usually not given, since
it is precisely the objective characteristics that cause behavioral changes in
customers and are therefore often addressed by marketing (e.g., weekly of-
fers). Due to the resulting trade-off between subjective and objective criteria,
collaborative filters can be seen as problematic for the generation of recom-
mendations in food retailing.

6.2.2.4 Data Persistence The temporal validity and relevance of the data
should also be assessed. From the requirements of data distribution, the prob-
lem arises that items that are only relevant for a short period of time (e.g. daily
news) are rather less suitable for collaborative filtering, since in principle few
ratings can be expected. Historical ratings are also less helpful when users’
tastes change quickly (e.g., preferences for clothing items that have since gone
out of style) [707, 376, 362, 95].

In the food sector, the temporal validity of the data could play a subordinate
role, since the tastes of the customers are mostly habitualized or develop there
[296].

6.2.2.5 Synonomy Many recommender systems have problems when sim-
ilar and closely related products have different names (e.g. clothes and dresses).
Collaborative filters are often not able to find a match between such items and
therefore do not calculate their similarity. This problem is solved, for exam-
ple, by the automatic term expansion [378, 21], as well as the singular value
decomposition (SVD) in the context of MF (esp. Latent Semantic Indexing)
[549].

Again, food transaction data cause a problem, because there are often many
very similar names for an almost identical product. For example, different
names for the same mineral water (”Still”, ”Sparkling”) could lead to model
inaccuracies. Here, extended methods of term expansion or machine learning
methods for word embeddings, i.e. the reconstruction of linguistic contexts
based on words, should be used [227, 347].
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6.3 Integration of the Time Factor

Most recommendation systems are based on static principles, as they only
take into account information about whether a user buys a product or not.
However, the time factor is also already integrated in some recommendation
systems. In principle, two types of time-based data are distinguished in the lit-
erature: The product introduction time and the time of purchase (implicit) or
evaluation (explicit) [474]. Tang, Winoto, and Chan integrate temporal char-
acteristics of items to reduce relevant candidate sets in the context of movie
recommendations (production year), improving the accuracy of recommenda-
tions [621]. Ding, Li, and Orlowska consider user rating time to optimize an
item-based collaborative filtering system. Here, weights are calculated based
on the rating times of different items [168]. Lee, Park, and Park developed a
time-based collaborative filtering system using implicit data (transactions). It
is based on a time-based pseudo-rating matrix that takes into account product
introduction time and purchase time under the assumption that a user’s cur-
rent preferences are disproportionately influenced by more recent purchases
and that more recent items exhibit higher user interest [363].

Lathia, Hailes, and Capra (2009) focus on the effect of weekly retraining
within a CF algorithm as a time-dependent predictive model. As an adaptive
temporal CF method, it adjusts the neighborhood size of a k-Nearest Neigh-
bor approach based on performance measured up to the current time [342].
Koren sees an inevitable need to incorporate temporal changes into a rec-
ommender system. He defines an MF model that analyzes temporal change
behavior over the entire data history and validity [326]. Cho, Cho, and Kim
consider customer purchase sequences over time to optimize recommenda-
tion quality. They use an extended customer-product matrix, which shows the
purchase times in addition to the products. Furthermore, they cluster the trans-
actions into homogeneous subclusters using the self-organizing map (SOM)
technique. A change of the cluster membership by each individual transaction
of a customer defines its purchase sequence. The time-dependent change in
a customer’s cluster membership also enables prediction of a customer’s fu-
ture purchases. A recommendation is generated by the system following the
identification of the most similar purchase sequences compared to the current
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customer, generating a set of products that the active customer has is most
likely to purchase based on the N most frequently purchased products in the
cluster [127].

The ”Eigentaste” algorithm of Nathanson et al. analyzes the time-related
changes in customer preferences when selecting a product to recommend
based on the last evaluation [438]. Chu and Park describe a machine learning
algorithm that can improve the recommendations of new products by contin-
uously updating time-based features (e.g., popularity, freshness) in relevant
content profiles personalized [129]. The time factor is also being integrated
into initial Deep Learning approaches for recommender systems. Most com-
panies, which do not have access to long usage histories, have so far had
to resort to item-to-item recommender systems. Hidasi et al. use recurrent
neural Networks (RNN) to address the problem of only short session-based
datasets in a memory-based approach [269].

6.4 Repeat Purchase Recommendations

The aspect of repeat purchases addressed in this paper is dealt with only
sparsely in the literature on recommender systems. Repeat purchases de-
scribe any situation in which a customer buys more than one unit of a product
[62]. A key publication on the topic of repeat purchase decisions for brands is
Ehrenberg’s Repeat Buying Theory. Ehrenberg describes that most aspects of
brand buying behavior can be explained in terms of just two variables. These
are the market penetration and the average purchase frequency of a product,
whereby even these two variables correlate with each other. Furthermore, a
product purchase decision essentially depends on the timing of the purchase
of a specific product class as well as the brand choice. Accordingly, almost
all influences can be adequately explained if purchase frequency processes
are specified per brand (see Fig. 11) [182, 579].

Ehrenberg’s theory looks at the purchase histories of individual users from
consumer panels, i.e. the chronological sequence of purchases in all of a cus-
tomer’s shopping baskets over a specific period of time and a specific point
of sale, to study the purchase frequencies of a particular brand. It turned out
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Figure 11: Purchase Events as Independent Stochastic Processes according to
[182].

that the analysis should focus in particular on purchase occasions, i.e. the
frequency of purchase of one or more items of a product at a specific time in
a store, and not on quantity or price. Repeat purchases can therefore be de-
scribed for a specific item by its market penetration and purchase frequency,
where penetration represents the proportion of people who buy a particular
product in the first place and purchase frequency represents the average num-
ber of these customers who buy at least one product in the period under con-
sideration. The average purchase frequency here represents the basic measure
of repeat purchases [182].

Ehrenberg distinguishes between three types of repeat purchases: 1) A cus-
tomer may buy an item in more than one purchase in a given period. Different
customers can be characterized by the number of their respective repeat pur-
chases of the product. 2) A customer can buy an item in more than one period.
3) A customer can buy several units in the same purchase. For the problem
definition of this paper, the first point in particular comes into consideration.
The frequency distribution of (repeat) purchases and thus the number of con-
sumers who have made 0 or 1 or, in the repeated case, 2, 3, 4, etc., purchases,
can be described by the Negative Binomial Distribution (NBD) or the Loga-
rithmic Series Distribution (LSD) [62, 221]. Most products in everyday life
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have a certain time interval between the purchase of one product and the next
(e.g. weekly purchase of mineral water). However, certain branded products
in particular are rarely bought again, even over a longer period of time. Many
customers of a brand buy a product only once, some twice, etc. Due to a thus
relatively small share of buyers of a branded product in the population, the
highest frequency is observed among non-buyers [182]. This results in a very
skewed frequency distribution [199], which can theoretically be described by
a mathematical function. The underlying function to fit the above problem is
the NBD, with the LSD being a simplifying approximation to the NBD [182].

Bhagat et al. (2018) further discuss different approaches for repeat purchase
decisions. In contrast to the models above, they aim to generate individual
recommendations for repeat purchases. In doing so, they shed light on the
temporal dependencies between repeat purchases of products, as these depend
on when a product was last purchased and how quickly the customer runs out
of it [62].

Therefore, they assume that a customer who has bought a product frequently
in the past will buy it again (Repeat Customer Probability Model, RCP). The
recommendations are ranked in descending order according to the number
of repeat purchases. However, the problem arises that frequently purchased
items are not relevant for a certain recommendation period, but are still con-
sidered due to their high number of repeat purchases. Even the integration of a
certain time decay, which models repeated purchases based on a specific half-
life, would be problematic due to the assignment of the highest rank directly
after a repeat purchase, as this would increase the rank in the recommenda-
tion list. It can be assumed that the attractiveness of a product for repeated
purchase immediately following the purchase of this product is rather low.
In order to include the temporal relevance of products, it is also discussed
that the purchase of items represents a periodic phenomenon and is there-
fore subject to a certain time interval (Aggregate Time Distribution model,
ATD). Other approaches based on this idea are the Poisson-Gamma model
(PG) and the Modified Poisson-Gamma model (MPG), which perform better
due to the personalization of purchase rates by a Bayesian Hierarchical Model
[62, 129, 158, 229].
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6.5 Methodology

6.5.1 Data

The data set includes eleven features: CustomerId, ShoppingCartId, Mar-
ketId, Date, ShoppingCartValue, ItemId, ItemName, ItemQuantity, ItemPrice,
CategoryId, and CategoryGroupLevel. Some products with negative item
price and negative item quantity are included. They were mainly marked as
NaN (Not a Number) and describe items such as deposits and empties, which
are refunded to the customer. Negative item prices and quantities as well as
NaNs are already removed from the data set before data preparation, as they
would distort the data analysis due to their negative values. In addition, other
items with the designation ”deposit” or ”delivery” existed, which were also
deleted.

The reduced and cleaned dataset includes 49,920,981 transaction records. The
transactions took place between December 28, 2018, and April 29, 2019.
Overall, while the data set has a wide range of analysis capabilities with ap-
proximately 50 million transactions and 200 thousand products, these already
reveal likely weaknesses with respect to modeling repeat purchase decisions.
For example, the average number of purchases per customer across all prod-
ucts is 5.1 with a standard deviation of 5.6. This indicates a high number
of customers who also purchase fewer products in the complete period under
consideration. The average number of products in a shopping cart also con-
firms this impression with only 1.27 items. The maximum number of items in
a shopping cart is only 22 for 200 thousand different products. Accordingly,
although there are many individual purchases of specific products, there are
no frequent repeat purchases by a specific customer. The number of pur-
chases per customer is in the range of one to two purchases in the considered
period. The number of one-time repeat buyers (loc) per product is less than
five in 50% of cases. The number of repeat buyers (moc) is even less than
three. These key figures result in the Repeat Customer Probability – i.e. the
probability of a product being purchased by a repeat buyer.

Since this is a time-dependent classification problem, the data is divided on
the basis of a reference date. The test data thus represent (actual) future trans-
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actions of the customers, which are to be predicted by the model and used for
validation within the framework of a confusion matrix with their specific key
figures. Here, the due date was set at March 31, 2019, and the last month of
the data set thus serves as test data. Accordingly, the training data set com-
prises 37,289,860 rows (74.7%), and the test data set in turn 12,631,121 rows
(25.3%). In addition, it is assumed that a customer’s purchase will only occur
in the test period if that customer purchased a product in both training and test
data [62].

Due to sparsely purchases at customer level (data distribution), two models
are to be evaluated for the present data. These are the ATD model and the
MPG model. While the ATD model addresses this weakness by consider-
ing the aggregated repeat purchases per product, the MPG model analyzes
the personalized purchase rates of a product using the Bayes approach as a
probabilistic model-based method.

6.5.2 Modeling

The problem of repeat purchase recommendations is described as estimating
the probability of a repeat purchase as a function of time since his last pur-
chase of the item under consideration, given the customer’s previous purchase
history. Accordingly, the associated purchase probability density PAi is to be
estimated for a future time interval tk+1 assuming that a customer C j has pur-
chased an item Ai k times in the past with time intervals t1, t2, ..., tk. Thus:

PAi(tk+1 | t1, t2, ..., tk) (6.1)

It is supposed that the customer’s purchase times for different products are
independent [62].

Furthermore, it is assumed that the above purchase probability density is com-
posed of two components. QAi represents the probability of a repeat purchase
of a customer who buys a product for (k + 1)th times with k previous pur-
chases. RAi defines the probability distribution of tk+1, which depends on the
repeated purchase of the item by the customer (Ai = 1).
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PAi(tk+1 | t1, ..., tk)≈ RAi(tk+1 | t1, ..., tk) ·QAi (6.2)

Moreover, the time distribution RAi(tk+1 | t1, t2, ..., tk) is supposed to be asymp-
totic to RAi(t | t1, t2, ..., tk) [62, 158, 649].

RAi(tk+1 | t1, t2, ..., tk)≈ RAi(t | t1, t2, ..., tk)

where :
∫

∞

0
RAi(t)dt = 1;

∫
∞

0
PAi(t)dt ≤ 1

(6.3)

The above mentioned RCP model serves as a basis for the following models
in order to consider only products that are suitable for repeat purchase. It
is defined by analyzing aggregate repeat purchase behavior as the ratio of
the number of customers who have purchased a product Ai more than once
(moc) to the number of customers who have purchased a product Ai at least
once (loc). The derived repeat customer rate RCPAi approximates Q(Ai) and
without considering the time intervals between purchases also PAi according
to the following formula [62, 191]:

RCPAi =
moc
loc

,

PAi(tk+1 = t | t1, ..., tk)≈ Q(Ai)≈ RCPAi

(6.4)

Only products with an RCPAi > rthreshold are taken into account further.

6.5.2.1 Aggregate Time Distribution Model If there are only a few re-
peat purchases at the customer level, but a large number of customers at
the product level who have bought the product repeatedly, a model is suit-
able which analyzes the aggregated and time-based repeat purchase behavior
across all repeat purchasers of a product. This models the determination of
the probability distribution of the time intervals (t) of repeat purchase of a spe-
cific product across all repeat purchase customers. For this purpose, Baghat
et al. examined various distributions in the context of determining mean time
intervals for each customer in a sample of repeat-purchased items, and the log
normal distribution achieved the best fit [268, 62].
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RAi(t) =
1√

2πtσ̄i
exp

[
−(ln t − µ̄i)

2

2σ̄2
i

]
, t > 0 (6.5)

Accordingly, the ATD model estimates the parameters of the log-normal dis-
tribution for each suitable repeat purchase product by fitting them to the dif-
ferent repeat purchase time intervals t of all repeat customers. Here, Q(Ai)

represents a fixed constant q for all products Ai of a given time t. Recommen-
dations are made based on the descending order of probability density PAi(t) at
a given time t using PAi(tk+1 | t1, ..., tk)≈ RAi(tk+1 | t1, ..., tk) ·Q(Ai) [62, 268].

6.5.2.2 Modified Poisson-Gamma Model A Bayesian model is assumed
whose evidence is Poisson distributed and the prior on λ is a gamma prior (PG
model). It is subject, on the one hand, to the assumption that successive repeat
purchases are uncorrelated and that repeat purchases follow a homogeneous
Poisson process with repeat purchase rate λ . On the other hand, λ across all
customers follows a gamma distribution of the form α with an inverse scale
parameter β . The parameters of the product-specific gamma distributions
are estimated by fitting them to the maximum likelihood estimators of the
purchase rates of repeat purchase customers. This is followed by a Bayesian
estimate of a customer’s repeat purchase rate based on the combination of the
prior distribution and the individual’s past purchase history [62, 649]:

λAi,C j =
k+αAi

t +βAi

, t > 0 (6.6)

In addition to the shape and scale parameters αAi and βAi of the gamma prior
of product Ai, k describes the number of purchases of the specific product
Ai by customer C j. The elapsed time between the initial purchase of Ai by
C j and the current time, is expressed by t. Regarding recommendations, RAi

is assumed to be Poisson distributed, with the inverse scale parameter esti-
mated using λAi,C j and the likelihood function estimated using the following
equation RAi,C j [229, 158].

RAi,C j(t) =
∞

∑
m=1

λ m
Ai,C j

exp(λAi ,C j)

m!
, t > 0 (6.7)
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Here m represents the number of expected future purchases and QAi is con-
sidered as a fixed constant for all products Ai. Recommendations are made by
classifying all items previously purchased repeatedly by the customer based
on their estimated probability density PAi in descending order at a given time
t using the equation 6.2 [62].

Unlike the classical Bayesian methods, the Bayes estimation of the a priori
distribution here is done empirically using the underlying data, rather than
defining it fixedly in advance without taking the data into account. There-
fore, this method is also titled Empirical Bayesian Method. The PG model
is thus a parametric Empirical Bayesian Model whose likelihood and a pri-
ori distribution take simple parametric forms. It approximates a Hierarchical
Bayesian Model. The Bayes theorem allows the individual purchase deci-
sions of a customer to be combined with the aggregate purchase behavior of
a product, thereby personalizing this model. The PG model has already been
used in the past, but not yet in the context of stand-alone repeat purchase
recommendations [62, 158, 192, 431, 578].

If λ is the purchase rate to be estimated at Y ∈ {0,1,2, ...} ∈ N0 purchases
occurred in period N, then E(Y ) = Nλ describes the expected number of pur-
chases. Because λ follows a gamma distribution at the product level, a maxi-
mum likelihood estimator (MLE) of the gamma parameters Γ(α,β ) for each
product of the respective repeat purchase customers is established as λ̂ = Y

N .
Because Y represents the number of purchases with the above expected value
E(Y ) = Nλ , the likelihood assumption is Y | λ ∼ Γ(α +Y,β +N). The Bayes
estimator (a posteriori mean) can be expressed as [62, 142, 578]:

λ̂posterior =
α +Y
β +N

(6.8)

Due to the estimation of the posterior distribution of the purchase rate λ under
the a priori assumption of a gamma distribution, whose parameters are ap-
proximated via the MLE using the actual purchases for each product, this is a
parametric empirical Bayes model, which is an approximation of a Bayesian
Hierarchical Model. The difference is that scale and shape parameters (α,β )

of the gamma prior are estimated from the actual data rather than from addi-
tional hyperprior parameters (see Fig 12).
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Figure 12: Empirical Bayesian Model.

However, the assumption of a homogeneous Poisson distribution is not valid
for any type of product since the purchase events can theoretically represent
a time-independent constant. Therefore, the PG model needs to be modified
(MPG model). This is due to the fact that a Poisson process represents a
limiting case of the sequence of Bernoulli processes in the boundary between
a large sample and a small constant probability and is memoryless. However,
this is not expected for purchase behavior for a number of products, since a
customer’s need to repurchase an item after purchasing it is initially small but
variable as time progresses [62, 468, 158].

The MPG model assumes that a customer’s purchases are correlated and re-
peat purchases follow a modified Poisson process, which uses a single param-
eter λ as the repeat purchase rate. λ depends on the last purchase of a product
by the customer under consideration. Thus, it differs by the homogeneous
Poisson process in the PG model. Furthermore, a gamma prior is assumed on
λ . Thus, λ follows a gamma distribution of the form α across all customers
with an inverse scale parameter β [158].

In analogy to the PG model, the estimates of the parameters are made via a
parametric empirical Bayes model that fits them to the MLEs of customers’
repeat purchase rates. The estimation is optimized per customer by estimating
the mean time interval for repeated purchases of a specific item based on the
first and last purchases. The model assigns the observed mean value to the
associated highest repeat purchase rate. This is achieved by making modifi-
cations to the PG model: tbuy denotes the elapsed time interval between the
first and last purchase of product Ai by customer C j, t represents the elapsed
time interval between the last purchase of Ai by C j and the current time. tmean
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represents the estimated mean time interval of repeat purchases of Ai by C j.
For t < 2 · tmean, the estimation of the repeat purchase rate of the MPG model
is done according to [62]:

λAi,C j =
k+αAi

tbuy +2 · |tmean − t|+βAi

(6.9)

αAi and βAi are shape and inverse scale parameters of the gamma prior of Ai.
k represents the number of purchases of Ai by C j. If t ≥ 2 · tmean, λAi,C j is de-
termined via the separate formula of the MPG model. This ensures that λAi,C j

increases from t = 0 to t = tmean and then decreases until t = 2 · tmean. At this
point, the MPG model is equivalent to the PG model. A Poisson distribu-
tion is further assumed for RAi , whose likelihood function is estimated using
RAi,C j(t) of the PG model. Moreover, Q(Ai) can be determined via RCPAi us-
ing equation 6.4. Recommendations are generated by ranking all products in
descending order based on their estimated probability density PAi(t) at a given
time t using equation 6.2 [62, 142, 229].

6.6 Results

The average RCP is 6.7% with a standard deviation of 12.7%. The median
is 3.0%, which means that 50% of the products have a higher and 50% a
lower RCP. However, products with a repeat customer probability of 100%
also occur and are excluded in the following. These are mostly products that
have a very low but equally high loc and moc frequency. Figure 13 provides
information about the distribution of repeat customer rates for all products. It
can be seen that the most frequent values are concentrated in the range of a
RCP < 0.2. Outliers are considered for all products with a RCP > 0.13.

Determining the threshold for products to be considered suitable for repeat
purchase is therefore difficult. One study outlines that products are to be
classified as suitable for repeat purchase if they have a RCP > 0.27 [410].
However, different thresholds are tested to show the impact of RCP filtering,
as this is expected to have a large impact on the model results.
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Figure 13: Distribution of Repeat Customer Probability.

6.6.1 ATD Model

Since many customers in the data set make only a few repeat purchases, the
ATD model draws on the aggregate and time-dependent repeat purchase be-
havior of all repeat purchasers of a product. Figure 14 shows that the aggre-
gated mean repeat purchase periods of e.g. mineral water are approximately
log-normally distributed. Therefore, RAi is determined over the interval of the
log-normal distribution.

Figure 14: Distribution of Time Intervals (t) for Repeated Purchases of Min-
eral Water over all Customers.

Since the purchase rates at the individual level are often unrealistic due to
sparse data, looking at the aggregated purchase rates of products across all
repeat purchasers ensures considerable results (see Table 7). Increasing the
RCP further improves these. It can be seen that an RCP of 25% provides the
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best results, a further increase would lead to a model degradation.

6.6.2 MPG Model

At the beginning, the individual purchase rates of the products are determined
for each customer. An exemplary distribution of the purchase rates of mineral
water can be seen in the following Fig 15a). It shows that the normalized a
posteriori distribution of λ achieves a good fit with respect to the data. The
normalization is stronger the closer the last purchase (t) is to the current date
(cf. Fig. 15b).

A conversion of the Bayesian estimators λ̂posterior to the actual observed pur-
chase rates is still evident (see Fig. 15 a, b). Even for long periods since the
last purchase, the purchase rates are well reproduced. However, there is a gen-
eral trend in that the closer the first purchase of a product is to the cutoff date,
the more the purchase rates diverge. Figure 15 b) reveals that the estimate is
more in line with the true rate when the first purchase of a product was made
recently and a customer is simultaneously is a first-time repeat buyer. Fig-
ure 15 c) shows the distributions of the probabilities Pλ (Y = 1) of all repeat
buyers.

Table 7 shows that the MPG model outperforms the ATD model. This is due
to the fact that Bayesian model-based methods can perform well with sparse
data [285] and personalized purchase rates are considered here. Also for the
MPG model, the best results are obtained with an RCP of 25%. Compared
to the ATD model, the MPG model leads on average to an improvement in
precision@k of 26.3%, recall@k of 21.1% and f1@k of 23.9%. These are
particularly driven by the increases under a relatively small RCP of 7%.

6.7 Discussion

6.7.1 Model Results

With regard to the problems of traditional recommender systems, the model-
based methods considered can reduce many weaknesses. They are suitable for
sparse data, which is achieved in the ATD model by aggregations of the mean
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Figure 15: MPG-Model – a) Likelihood and a Posteriori Distribution of Min-
eral Water, b) Residuals between True Purchase Rate and the Bayes Estimator
and c) Distribution of Probabilities of all Customers for a Purchase of Mineral
Water within 30 Days.

Table 7: Model Evaluation.
0.07 0.20 0.25 0.30

model k p@k r@k f1@k p@k r@k f1@k p@k r@k f1@k p@k r@k f1@k

ATD

1 0.14 0.16 0.15 0.22 0.36 0.27 0.23 0.37 0.28 0.09 0.14 0.11

5 0.14 0.22 0.17 0.23 0.38 0.29 0.24 0.38 0.29 0.10 0.15 0.12

10 0.15 0.22 0.18 0.23 0.38 0.29 0.24 0.38 0.29 0.10 0.15 0.12

MPG

1 0.17 0.24 0.20 0.24 0.40 0.30 0.27 0.42 0.33 0.12 0.16 0.14

5 0.22 0.27 0.24 0.24 0.42 0.31 0.28 0.44 0.34 0.14 0.20 0.16

10 0.22 0.27 0.24 0.25 0.42 0.31 0.28 0.44 0.34 0.14 0.20 0.16

where: p@k: precision@k, r@k: recall@k, f1@k: f1score@k

repeat purchase intervals per product and complemented in the MPG model
by Bayesian personalization of purchase rates. The high computational effort
regarding memory-based methods is also improved here by using probabilis-
tic models. The results show that the MPG model can outperform the ATD
model. In particular, when a low RCP is applied, the potential of the MPG
model becomes apparent (see Table 7).

Furthermore, in the food context, the model assumptions show better suitabil-
ity than similar models discussed for repeat purchases in the marketing litera-
ture. These focus on repeat purchases of brands, where the assumption is that
an increasing time difference between the current date and last purchase re-
sults in a decreasing probability for a repeated purchase [423]. Especially for
food (e.g. staple foods), the assumption is contradictory. Here, customers are
more likely to buy a product if this time difference increases. This is, in par-
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ticular, true as brand loyalty is rather low, but products need to be purchased
frequently.

Nevertheless, MPG model errors often occured, when a customer was rarely
a repeat buyer and usually just before the set cutoff date, so a small number
of purchases were combined with a small time gap from the first purchase of
the product. This is precisely the case if the customer does not appear again
in the test data set and not regularly as a repeat buyer of the product. This can
be explained by the shifting behavior of consumers, who frequently change
the point of purchase (e.g. supermarket and discount store) or adopt different
consumption behaviors (e.g. going vegan) [352, 605]. Further research should
therefore address the integration of changing preferences and shopping habits.

6.7.2 Influence of the RCP

Since there is no explicit information on RCP in food retailing in the litera-
ture, different thresholds were tested here. The results show that the RCP has
a strong influence on the model quality. With increasing filtering of the prod-
ucts regarding their probability that a customer buys the product repeatedly,
the model quality increases significantly. As a study suggests [410], in this
case an RCP of 25% provides the best results. However, this is related to a
trade-off between model goodness and the product variety considered, which
– especially with sparsely populated data – also filters products that normally
follow a habitualized and regular purchase process.

If an RCP of 0.3 is reached, there is a decline of the model, because now
mostly only products are considered, which combine low loc and moc values,
resulting in a tendentially high RCP.

6.8 Conclusion

This paper has focused on validating a time-based recommender system for
repeat purchase decisions in food retailing. For this purpose, an introduction
to recommender systems was given at the beginning and classical problems
for transaction data of food retail were derived. The consideration of state-of-
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the-art solutions for the integration of a temporal component into recommen-
dations created a transition to current models in the marketing literature. Two
specific models were identified that deal specifically with repeat purchase de-
cisions. These were applied to a real data set of a stationary German food
retailer and discussed with respect to the previously derived problems of rec-
ommender systems. It is shown that the Modified Poisson-Gamma model is
well suited for the sparse data situation at hand, but that model inaccuracies
occur due to different consumption and shopping habits. Therefore, future
research should focus on the integration of these consumption patterns.
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7 Comparative Summary of Findings

The previous sections shed light on research question RQ1 and consider com-
panies’ challenges in Business-Data Alignment. In particular, integration
platforms to support data sourcing, which forms the basis for developing
DDSs, were examined. On the other hand, a DDS was developed as a rec-
ommender system in food retail, enhancing the business model with data
(data-enhanced business model, see section 2.1.2). The findings of the two
studies are summarized comparatively to highlight abstract implications for
supporting businesses in Business-Data Alignment. These implications are
also included in part IV to develop suitable tools to help companies create
DDBMs and value-added DDSs.

7.1 Technical and Organizational Challenges in
Data-Driven Service Development

The increasing importance of data as a strategic asset for the creation of
DDBMs and as a basis for the development of DDSs requires their systematic
integration into the organizational structures to make decisions based on the
data stocks in the area of tension between the alignment of data and business
strategy (see section 2.2).

Developing the recommender system for repeat purchase decisions contributes
to creating a data-enhanced business model in food retail that offers added
value through personalized recommendations [122]. However, it became ap-
parent that the heterogeneity of data sources is a crucial problem here. Trans-
action data from different channels and touchpoints must be linked by busi-
nesses to enable a good performance [106, 663]. For repeat purchases, there
is the specific challenge of seamlessly integrating all purchase processes and
transactions, as otherwise, the purchase rates are modeled incorrectly (see
section 6). Although an aggregated probabilistic model can provide a remedy
by using mean purchase rates, changing consumption practices and changes
in the point of purchase result in a missing consideration of necessary data
due to a lack of integration options across all consumer practices. Businesses
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must align their data strategy with changing consumption behaviors to de-
velop more adequate DDSs. Using the example of food retailing, this requires
the strategic business coordination of all branches of a food retail chain to re-
duce the obstacles caused by data fragmentation due to a lack of transparency
and control over the data [529, 148].

The integration of data thus presents companies with the challenge of harmo-
nizing large amounts of heterogeneous data from different sources and inte-
grating it efficiently into their processes and DDSs [248, 529, 148]. Section 5
shows that IPaaS platforms are a suitable tool to facilitate data integration and,
thus, data sourcing for developing DDSs. However, selecting a suitable IPaaS
solution requires carefully assessing the technical and business requirements.

The experts in the study show that the standardization of data models is a de-
cisive factor in adopting IPaaS platforms. Companies often work with data
sets from various sources, such as SaaS applications or on-premise systems.
An adequate IPaaS platform should, therefore, offer the flexibility and adapt-
ability to convert data into standardized formats so that it can be seamlessly
integrated into different systems and made usable. Without this standard-
ization, it can lead to fragmented and inefficient solutions, making it almost
impossible to implement a coherent data strategy.

According to the experts, customizable and diverse connectors are another
critical factor in supporting companies in data integration. A cost-benefit
analysis occurs in this context, setting high costs concerning the required
functions. Small and medium-sized companies often find it difficult to justify
the investment in IPaaS if the solution is oversized and does not offer the ex-
pected added value. The criticism is that IPaaS platforms often offer too many
unnecessary connectors, while specific connectors for particular business re-
quirements are unavailable. Accordingly, the experts point out that companies
should choose IPaaS solutions that provide a wide range of connectors. How-
ever, these connectors must also be adaptable to individual preferences and
needs to support specific processes [148, 529].

Compliance and data security are additional factors that the experts are focus-
ing on. It is essential to ensure that the IPaaS platforms offer efficient inte-
gration and that the regulatory requirements for data protection and consumer
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privacy are ensured. For example, it was shown that if several applications are
linked in a process, the data is exchanged between these applications and, ac-
cordingly, even with a European provider that is concerned about data protec-
tion, it can end up with another provider that does not meet the requirements
of consumers for the protection of their data. For example, even providers of
European applications demand the possibility that, in the event of data inte-
gration and the subsequent linking of their solution with other non-European
applications, it can be legally proven who is responsible for data misuse, for
example.

Finally, it is emphasized that IPaaS solutions offer flexibility and scalability
to meet the growing requirements of companies and can cope with increasing
data volumes due to an increasingly data-driven business model and the in-
creasing integration of data into business processes and DDSs [324, 44, 505].
The need for scalability is also evident in the case study-based development
of a recommender system in food retailing, as the processing of large amounts
of data is often very resource-intensive [529, 284, 14]. For this purpose, prob-
abilistic model-based methods like the MPG model were highlighted, which
can provide a remedy here [62].

7.2 Personalization of Data-Driven Services Beyond the Av-
erage Consumer

When evaluating the results of the different models tested in section 6, it be-
comes evident that if a customer rarely made a repeat purchase shortly before
the cut-off date that separates training and test data, resulting in a small num-
ber of purchases with a small time gap to the first purchase of the product, this
leads to an increased error rate.

These problems can be attributed to the case where the customer does not
reappear in the test data set and is, therefore, not regularly classified as a
repeat shopper. This lack of reappearance can be explained by the changing
behavior of consumers who frequently change their place of purchase (e.g.,
between supermarket and discount store) and therefore always buy their food
from a different place and therefore do not provide consistent transaction data
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or by changing their consumption behavior (e.g., veganism) [352, 605].

It becomes evident that the consideration of individual consumer behavior
through personalization is necessary to develop adequate DDSs. However, the
existing literature shows that existing recommender systems are often primar-
ily based on popularity or similarity [644], and thus, individual consumption
patterns outside the norm are insufficiently integrated (see section 2.3.3). This
is underpinned by the recommender system evaluation in section 6, which is
used in online retail and represents the current state of the art regarding repeat
purchase recommendations. The approximation of a Hierarchical Bayesian
Model (MPG model) makes it possible to personalize a consumer’s purchase
decisions, combined with the aggregated purchase rates of a product among
all buyers. This means that individual purchase rates are taken into account
to some extent. Still, these can be distorted by considering the aggregated
rates on the one hand, and on the other hand, a change in individual purchase
intervals is considered, but not changing consumer preferences.

As the case studies in part II on Business-Data Alignment focus on techno-
logical issues in the development of DDS rather than on user preferences, the
need to consider changing preferences and shopping habits and to develop
models that also address different consumer types becomes clear. To this end,
a user-centered design of such DDSs should be at the forefront to understand
how different consumer preferences can be appropriately considered and sub-
sequently integrated into the solution.

This aspect emphasizes that purely technology-driven developments for offer-
ing DDSs [5] are insufficient to create added value (see section 2.4.1), which
must also be appropriate for those consumers who follow niche practices and
thus tend to be lost in overall aggregated data. Accordingly, the following
part III deals with the consumer perspective on DDSs to gain insights into
their perceptions and needs in the context of DDSs and achieve a business-
consumer Fit.
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Exploring Consumer Practices
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8 Introduction

DDBMs are central to companies’ value creation in an increasingly digital-
ized world. The focus here is on aligning the business strategy with the data
strategy in the form of Business-Data Alignment to offer innovative services.
Business-Data Alignment contributes to efficiently using data assets to opti-
mize business operations and support strategic goals.

However, the internal alignment of data and business goals alone is insuffi-
cient in a world where DDSs increasingly shape consumers’ everyday lives.
Users act as consumers and suppliers of DDSs, meaning that added value
must be created to best support consumers in their needs and practices [692].

The previous section 6 has shown that the use of current models in the de-
velopment of DDSs is often insufficient in terms of supporting consumption
practices, as the metrics are aimed at the average consumer and are not ori-
ented towards consumption practices and user needs [644, 5].

User-centered service design is dedicated to needs-, preferences- and goal-
oriented design for and with consumers. It closes the gap between technical
possibilities and user-centered DDSs (see section 2.4.1). The participatory de-
sign focuses on democratizing the design process and balancing the business
interests of companies and consumers’ individual goals and practices through
their active involvement. Without adequate consideration of the user perspec-
tive, there is a risk that technologically sophisticated but ultimately useless or
unhelpful solutions will be created [5].

Joint negotiation within the participatory design framework can create added
value on both sides. However, the problem here is that due to the complexity
of dealing with data, there is usually a lack of clarity about the consumer’s
data strategy (see section 2.3.2). Data literacy is needed to understand a data
strategy and assess the value of data, both for consumers [488] and businesses
[501]. However, there is a lack of practical tools to support a typical design
process that considers the complexity of data and addresses a common lan-
guage and understanding [114].

To support a joint design with data and consumers in the negotiation processes
with businesses (see section 2.4), this part aims to gain insights into the prac-
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tices of consumers, their needs, and goals in the user-centered design of DDSs
and their handling of data in Consumer-Data Alignment. To this end, three
case studies were conducted in the consumer sectors of food and mobility,
which are currently being heavily penetrated by digitalization (see section 1.1
and 1.2).

As already introduced in section 1.2, consumers face various problems in the
respective fields of application that are to be addressed with DDSs (see Fig.
3). For example, recommender systems in the food application field are dedi-
cated to reducing information overload due to an overwhelming abundance of
data by personalizing the information presented, primarily based on popular-
ity or similarity-based metrics. However, section 6 confirms existing research
(see section 2.3.3) that these recommendations are not suitable for all con-
sumption types and practices but are predominantly tailored to the average
consumer to stimulate consumption [586]. To find out how critical consumers
like vegans can take a stronger position in DDSs, the following case study in
section 9 follows from the previous section 6. To this end, a participatory de-
sign approach is being pursued to develop a personalized food recommender
system to support critical consumers. An initial empirical preliminary study
was conducted with 24 consumers to create an understanding of current prac-
tices and value negotiations. In the following, we developed the recommender
system and evaluated it with ten consumers. It shows how the complexity of
searching for products and shops in the context of ethical values and sustain-
able consumption practices can be reduced by DDSs and what implications
this has for the design to support a wide range of coordination processes in
the context of Consumer-Data Alignment.

The mobility application area deals with peer-to-peer carsharing as part of the
sharing economy, the mutual trust mechanisms involved, and the implications
for intermediary platforms as digital business models (see section 1.2). P2P
carsharing is based on the idea of communal use and promotes the sharing
of private vehicles with other people. The shared use of vehicles contributes
to reduced individual car ownership and, thus, a lower environmental im-
pact. Peer-to-peer transactions often occur on digital platforms, which are
economically part of the platform economy. P2P carsharing platforms are
business models that enable renters and renters of private vehicles to contact
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each other. In addition to providing the technical infrastructure for process-
ing transactions, P2P carsharing platforms act as intermediaries between the
parties and orchestrate the transactions.

As already described in section 2.3.4, trust plays a central role in the shar-
ing economy. Renting out a private car to a stranger requires a high level of
interpersonal trust [526] in the renter and their responsible and reliable be-
havior, which is problematic due to the anonymity of digital platforms. Due
to insufficient information about trustworthiness, there is also talk of infor-
mation asymmetry about the true intentions of the renter, which contributes
to the unwillingness of landlords to offer their private vehicles. In the plat-
form economy, trust is often built up through reputation systems, which are
based on the experiences of previous users in the form of ratings or reviews.
However, these systems are subjective and prone to bias and manipulation.
To overcome these challenges, algorithm-based reputation systems based on
objective telematics data, such as driving behavior and vehicle usage, are un-
der discussion. Two consecutive case studies were conducted to determine
whether DDSs, such as algorithm-based reputation systems, can overcome
these challenges and how consumers align their data strategy with the con-
sumer strategy.

The first study in section 10 looks at the tension between trust and privacy.
It gathers insights into what telematics data renters are interested in and to
what extent renters would share this data. This data forms the basis for an
algorithm-based reputation system and thus shows how an alignment between
rentees as providers and renters as consumers can occur. Therefore, three fo-
cus groups and eight individual interviews were conducted, identifying an
area of negotiability in which consumers are willing to disclose critical data
for appropriate added value. Furthermore, insights into the data strategies of
consumers revealed that a perspective adoption of the provider often charac-
terizes these. This adoption of perspectives occurs when consumers recognize
a legitimate interest in the shared data and the corresponding purpose.

Based on the identified principles for an algorithm-based reputation system,
the following case study in section 11 is built upon, and an algorithm-based
reputation system is co-designed. The aim is to uncover the extent to which
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such a DDS can address the problems identified above in P2P carsharing and
support trust building in P2P carsharing. Therefore, we initially conducted
16 problem-centered interviews to investigate consumers’ understanding of
algorithm-based ratings. A prototype app was then co-designed and finally
evaluated with 12 interview participants. The results show that such a DDS
can contribute to building trust and minimize the problems of traditional user
ratings. Furthermore, insights on the user-centered design of such DDSs are
collected, especially regarding integrating individual preferences and norms.

In addition to deriving factors contributing to the support of Consumer-Data
alignment, contributions to the expansion of recommender and reputation sys-
tems literature from the consumer perspective are also obtained (see Fig. 3).
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9 Buying the ’Right’ Thing: Designing Food Rec-
ommender Systems with Critical Consumers

Abstract

Critical consumerism is complex as ethical values are difficult to negotiate,
appropriate products are hard to find, and product information is overwhelm-
ing. Although recommender systems offer solutions to reduce such com-
plexity, current designs are not appropriate for niche practices and use non-
personalized intransparent ethics. To support critical consumption, we con-
ducted a design case study on a personalized food recommender system.
Therefore, we first conducted an empirical pre-study with 24 consumers to
understand value negotiations and current practices, co-designed the recom-
mender system, and finally evaluated it in a real-world trial with ten con-
sumers. Our findings show how recommender systems can support the nego-
tiation of ethical values within the context of consumption practices, reduce
the complexity of finding products and stores, and strengthen consumers. In
addition to providing implications for the design to support critical consump-
tion practices, we critically reflect on the scope of such recommender systems
and its appropriation.

9.1 Introduction

”The notions of ‘critical/ political/ ethical consumer’ and ‘criti-
cal/ political/ ethical consumerism’ play an increasingly impor-
tant role in discussions on how to bring about a sustainable de-
velopment in a market driven economy [234, 647, 613].”[224]

From an ecological and social perspective, critical consumerism2 has taken on
a new significance as the consequences of food consumption choices have be-
come more apparent. Critical consumers, as diverse as this group is, address
various environmental or social issues of the food system, e.g. a reduction of

2We refer to critical/political/ethical consumers as critical consumers.



9 BUYING THE ’RIGHT’ THING 115

meat, fair trade, or organic food [224]. Addressing these issues, prior HCI re-
search suggests to ”support planning and shopping by making information ac-
cessible and visible” and considering ”costs, sustainable, ethical, and health”
values in design [212]. Thereby, according to Håkansson et al. [240], design
needs to support the personalization of what are the ’right’ values, rather than
enforce a normative understanding.

Such design, however, needs to support consumers within the complexity of
practices that are entangled with cultural aspects and personal situations, e.g.
budget, allergies and surrounding infrastructures with different stores and ten
thousands of products [475, 110, 224]. This burdens consumers with making
decisions with conflicting values and under information overload [224].

Reducing information overload and finding matching products is usually ad-
dressed by recommender systems (RecSys). Current systems are, however,
designed from a vendor perspective to motivate and nudge more consumption
[586, 226], rather than to engage and support critical consumption. And even
’independent’ RecSys that are presumed to support consumers, turn out to be
driven by market interests [150, 303]. Also in academia, food RecSys neglect
the complexity and diversity of diets and practices, e.g. they do not work well
for vegan or vegetarian diets [644], as they focus on popular food rather than
niches and do not take the implications, e.g. allergies or values, into account.
Moreover, they reinforce current behavior, instead of allowing for exploration
and setting new goals [599], and rely on intransparent ethics [303]. Resulting
from this, there is a research gap in the question of how personalized food
RecSys can be designed and used to support critical consumers in realizing
their complex values, ethics, and restrictions [303].

In light of this research gap, this design case study [691] aims to combine
both, the discourse of sustainable food practices and personalized food Rec-
Sys, by examining how critical consumers can be supported by a personal-
ized RecSys and how such a system should be designed to appropriately to
consider their values, restrictions and situations. Based on the literature re-
view to frame the research focus (Section 2), we conducted a pre-study with
24 consumers to understand their current consumption practices and present
first considerations for the design (Section 3). The challenges and require-
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ments identified in this study were addressed in a co-creation workshop that
supported and inspired the development of F-RS4CC, our knowledge-based
Food Recommender System for Critical Consumers, which is presented in
Section 4. Finally, in Section 5, we present the evaluation of F-RS4CC with
ten consumers. The focus of the study was not on technical accuracy, but
practical requirements, appropriation, and the scope of the approach.

The contribution of our research is twofold. First, we contribute to food Rec-
Sys by designing and evaluating our prototype and showing how to bring in
personalized values and context information. Thereby, the evaluation shows
how future design needs to go beyond ethical values and incorporate set-
tings for the personal situation and allow for different complexities of profiles.
From a sustainable food practice perspective, our results contribute by show-
ing how food RecSys can indeed reduce complexity but are limited in regard
to everyday usage as consumers’ shopping planning turned out to be informed
by an established set of products rather than new explorations. Still, in new
situations, consumers found the prototype helpful to support new situations.

9.2 Related Work

9.2.1 Critical/Political/Ethical Consumerism

The nexus around critical consumerism is often defined as ethical-value-driven
and more conscious consumption practices that consider the broader implica-
tions of own consumption. While this nexus of critical, ethical, and political
consumption is often used without any exclusive definition, it mostly refers
”to the conscious choices implied in attempting to connect values and actions
in the market-place”[224] and ”may be seen as a form of political, or extra-
parliamentary participation”[224] in the food system.

Critical consumerism typically addresses personal concerns, such as health,
and broader altruistic values ”such as human rights or work rights, [...] use of
scarce resources, environmental impact, climate change, animal welfare, and
politics, such as perceived social irresponsibility”[224]. However, bringing
values into action is quite difficult. Consumers face the challenge of balanc-
ing their often numerous ethical values and restrictions against the offering
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of their surrounding markets and the available budget, gain practical knowl-
edge about products, and resist unplanned shopping desires [110]. From a
practice-theoretical perspective, the transition from unconscious consumption
practices to critical consumption practices can be seen as a learning of new
competencies, exploration of new products and stores, and negotiation and
appropriation of values [652, 350].

Although one individual consumer might not change the whole food system,
consumers aim to diffuse change into society by sharing practices and the
meanings of alternative consumption [300, 547]. This participation and its
expected influence on the food system are criticized by some researchers as
the political dimension is considered an expression of legislative weakness in
neo-liberalism [45] and consumers might be disenchanted about the effect of
their consumption [224]. Others [422, 612], however, see it as complementing
legislation by low-threshold and non-bureaucratic market participation, which
allows even groups with little legislative power to shape the food system.

Supporting the planning of shopping is seen as a major opportunity to bring
critical consumer values into action [110, 212]. Thereby, previous research
found that consumers use various information resources to inform their con-
sumption decisions [459, 350]. However, this is challenging as products are
not properly labeled, information is not given, and appropriate products are
invisible within the nearly infinite number of products and stores [350].

9.2.2 HCI to Buy the ’Right’ Things

Closely related to critical consumerism, Prost et al.[495] introduced the con-
cept of food democracy. This concept entails going a step beyond the neo-
liberal roles of consumers and producers and start building on alternative food
systems, e.g. urban gardens or consumer co-operatives, that compete with the
current system. Still, as not everybody can participate in alternative food sys-
tems and systems may co-exist [495, 244], ”we also need to acknowledge and
design with (or around) already existing food infrastructures with competing
interests and values”[496]. Supermarkets, as ”the visible end of the corpo-
rate food infrastructure and their hegemony [are] prevalent through their ef-
ficiency, pervasiveness, and in many cases, aggressively cheap pricing”[496].
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Addressing those infrastructures, Ganglbauer et al. [212] suggest to ”support
planning and shopping by making information accessible and visible” [212].
In doing so, design should consider ”costs, sustainable, ethical, and health”
[212] values in a personalized rather than normative way [240]. This entails
not only the values but also the cultural background of the consumers or their
personal situation, such as budget, available stores, and products [475, 224].
Moreover, Parker and Grinter [475] conclude that future design should ”pro-
vide insight into how users can eat healthfully given their cultural, local and
temporal reality”. Towards this end, HCI has been researching the support of
buying the ’right’ food from different perspectives.

For healthy food, research [298] focused on reducing the complexity of nu-
tritional features by introducing more simple indicators. To support in-store
decision making and searching for healthy alternatives, Ahn et al. [17] in-
troduced an augmented reality prototype that successfully reduced the search
time during shopping. Further research [509] introduced systems to reflect
on consumption patterns and track health-related goals of past purchase deci-
sions during shopping, but also at home.

Similarly, for sustainable purchases, research focused on in-store decision
making and reflection on consumption patterns to bridge intention-behavior
gap [573]. Some research [299, 64] engaged in decision support during shop-
ping. Their research used the opportunities of scanning products with the
shopping cart and visualizing simple information on regionality or organic
quality with LEDs. The display allowed for comparison with other con-
sumers. Likewise, Herbig et al. [265] designed and evaluated a mobile app
to in-store, scan and assess products. They highlight the importance of trust-
worthy data and customization towards their understandings of sustainability.
Still, scanning products in the store is assessed as a tedious task that needs to
be reduced. Besides, research[304] used digital receipts to allow participants
to reflect on their organic consumption patterns. Reflection here proved to
increase organic food consumption.

While the presented research focused on motivational aspects and in-store
assessment, research on critical consumption highlights the importance of
planning [110] as well as the exploration of products and retailers that sell
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the appropriate products [350]. Regarding this, Clear et al. [133] suppose to
support purchase planning by showing sustainability information right behind
the selected item in the shopping list. A broader evaluation of the approach is
missing.

9.2.3 Food Recommender Systems

To reduce information overload and filter for appropriate products and stores,
RecSys offer a well-known solution, as they are already adopted by millions
of users and allow for real-time information access at any time [303, 185].

According to Tran et al. [641] there are four types of food RecSys. The first
type gives recommendations of recipes or products based on similarity to con-
sumer preferences [203, 255, 183, 641]. Type two integrates the recommen-
dations of (health) professionals and their assessments [653, 3]. While type
three represents a link between the food preferences of individual consumers
and nutritional recommendations [185], type four generates recommendations
for consumer groups, e.g. a family or group of peers [184, 641].

Within these attempts, mostly content-based, collaborative filtering or hybrid
approaches were used for food recommendations [641, 648]. Thus, recom-
mendations are mostly based on popularity or similarity of food. Based on
this dominant approach, food RecSys do not work well for critical consumer
practices, e.g. recommending vegan food [644]. While this approach ensures
broad acceptance of the recommendation, the recommended foods are rather
unhealthy and unsustainable [599, 645, 646].

Due to the outlined issues, current approaches start to reexplore the opportu-
nities of knowledge-based approaches where the aim is to recommend food
based on a holistic user profile that includes individual health conditions [436].
However, there is still a gap in research on food RecSys that consider the
preferences of individual consumers in a profile [641] and bring personalized
critical consumer values and ethics into action [303].

Regarding this, Karpati et al. [303] found that there are already some food
RecSys available that use ethical concepts. However, those are not person-
alized, which means that consumers are only able to find the ’right’ product
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if they share the value set of the RecSys provider. For those services, ethical
guidelines, algorithms, and the underlying business model are often intrans-
parent [150, 303]. Therefore, they [303] argue for research on RecSys that
allow for personalization of ethical values and consideration of consumers’
needs for transparency and trust.

9.3 Empirical Pre-Study: Understanding Critical
Consumer Practices

The objective of our empirical pre-study is to understand the diversity of crit-
ical consumer practices, current approaches to finding appropriate products,
and potentials of a food RecSys to support planning and exploration.

We therefore conducted and analyzed 24 (PS1-24) interviews (avg. 26 min)
with critical consumers. The sample has been recruited with a snowball sam-
pling approach, starting from contacts to critical consumers from prior stud-
ies. In taking such an approach, we were not aiming for a representative sam-
ple, but a broad and diverse sample regarding critical consumer practices, val-
ues, and combination of values and other restrictions. For example, our sam-
ple covers vegetarians, vegans, allergies, political boycott, religious restric-
tions, diet (low-carb, low-sugar), sustainable/organic and plastic/packaging
reduced consumption practices. The sample is characterized by 9 male and
15 female participants, aged between 21 and 35. The education ranges from
apprenticeship to a university degree. Living conditions range from alone to
living with a family.

The semi-structured interviews [38] followed an interview guideline that cov-
ered the participant’s food consumption practices, including their ethical val-
ues and restrictions, issues of critical consumerism, and their current efforts
to purchase decisions. All interviews were transcribed and the analysis was
conducted by two researchers following the inductive approach of thematic
analysis [86]. After coding, codes were consolidated and themes were collab-
oratively developed by the group of authors towards a mutual understanding
of the material.
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9.3.1 Critical Consumerism

Our participants’ perceptions of their consumption were as diverse and am-
biguous as the definitions of critical consumption in the literature. Some iden-
tified themselves with role models, such as vegetarian, vegan, or political con-
sumer, while others loosely describe their restrictions and considered (ethical)
values.

”I use the word vegan or would describe myself that way be-
cause it is easier. But actually I pay attention to consumption.
Consumption is a crucial point for me, because for me every pur-
chase is a ballot. I am actively influencing our economy with it.”
– PS11(26,m)

However, none of our participants was just committed to one restriction or
value. In particular, we found various examples, where participants described
their consumerism as evolving from one direction towards the negotiation
of different goals and ethical stances. For example, veganism to minimalism
(PS7(26,f)), religious to political boycott (PS15(29,f)), food to whole lifestyle
(PS14(31,m)), or sustainability to political boycott (PS16(35,m)). Thereby,
the goals do not necessarily have to be altruistic ones, but complexity can arise
from additional personal goals as well, e.g. reducing calories (PS20(30,m)),
allergies (PS18(26,f)), keto-diet (PS22(26,m)), reduction of ingredients sus-
pected of being carcinogenic (PS17(25,m)), or health reasons (PS16(35,m)).

”So for many people it is only vegan eating or clothing, for me
it actually means the complete lifestyle [...] I’m really trying to
keep the whole lifestyle completely free of suffering and I try to
extend it to things like not shopping at H&M or Primark, trying
to buy organic, as environmentally friendly and free of suffering,
also for humans.” – PS9(27,f)

In a broader reflection on the political or economic aspects of their consump-
tion, our participants expressed ambiguous feelings. The perspective, thereby,
ranged from having high market power and that every consumption matters,
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to little power for individual consumers, but mass matters, and finally to re-
jection of power, but an emphasis on being at peace with oneself and own
values.

”I don’t know if I’m making a mark with this but I believe that
the crowd can make a mark by buying certain products less, so a
single one probably won’t make any difference but in masses you
can make a difference” – PS15(29,f)

9.3.2 Complexity & Effort of Critical Consumerism

Participants described their practices as associated with various efforts and
complexities that need to be resolved. Although, most participants explained
that their consumption practices become more convenient and easy over time,
e.g. when they found new ’basic’ products that match their needs. Nev-
ertheless, in uncertain situations, e.g. facing new products or moving, new
complexity arises.

”The problem is the everyday life. Everything I just said [about
my consumption] sounds very good and idealistic. But in the end
you are only human. And that is really exhausting. Personally
I find it very exhausting to go through it all time. If something
slips in between, I am not so strict. [...] Of course it is easier
than before, but if you want to go away or eat something else.” –
PS11(26,m)

Thereby, the complexity arises from various issues that are entangled with the
situation of the consumers. Participants articulated how they try to find prod-
ucts that best match their values, but still, trade-offs have to be made between
different values as there is no ’right’ thing. In some cases, there is even no
product that fully matches their requirements, at least from perception.

”For a long time I thought, [...] organic is good, but when I get
it sold in cardboard and plastic, I start to have doubts and think
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’hmm, then I’d better buy the normal ones that are on the shelf
without packaging, regardless of whether they say ’organic’ or
not, because that’s part of the deal for me. One tries to see the
whole thing and not just trust on some label” – PS24(30,m)

Moreover, not all products are available at a single retailer or even retailers
nearby. Although most of our participants explained how they usually pur-
chase products at bigger retail stores, even those do not have all the products
they need. Therefore, another problem arises from getting an first overview
of the offerings of different stores, and second, managing shopping trips that
include multiple stores.

”Sometimes I think my life is a bit too hectic to think about it.
I would really need an afternoon, okay I’ll go to the zero waste
store and buy this and that. The problem is that sometimes some
things are used up faster than others, which means I buy it on
demand. And so it is hard for me to say okay, I am gonna go
to the zero waste store again. Exactly because this convenience
factor is essential for me and that I am looking for which store is
close.” – PS8(26,f)

The field of tension between products, stores, and ethical values is further in-
fluenced by the personal situation. On the one side, consumers already strug-
gle to weigh the properties of the food, as the above examples of PS24 shows.
On the other side, time in everyday life, financial capabilities or simply the
distance to the next store add tension. Accordingly, this tension in everyday
life can sometimes not be resolved in favor of the value-matching product, but
the given situation. For example, the budget especially concerned the students
in our sample, but also unemployed or low-income consumers. They describe
organic and unpackaged products as more expensive than regular products
and therefore, not in scope of every shopping trip.

”This week I bought in the organic supermarket for a lot of money.
50 euros. Then I know the next few weeks I should perhaps not
necessarily go out to eat and that I should not go to the organic
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supermarket again. Then I go for example, to a discounter and
just buy the basics and try to cook more for me.” – PS8(26,f)

Furthermore, family, roommates, or partners are a factor that adds effort to
food purchase. Besides, friends are mentioned, e.g. when the participants
invite for dinner. At this point, the own consumption needs to be aligned with
that of other consumers. Thereby, these can also have their ethical values that
are not necessarily compatible with the participant’s values.

”I’m not always strict on it, because I can’t have so much influ-
ence on it. I am just one person and most people, for example, my
family, they consume exactly what I partly avoid.” – PS19(27,f)

9.3.3 Current Approach to Purchase & Planning

To cope with the complexities, consumers developed certain strategies to buy
the ’right’ thing. Thereby, the acquisition of food information turned out to
be an important issue. This includes certain ingredients, labels, and sources
for further checking of the quality, impacts, and values of the products. In
this manner, participants describe how they use various labels, e.g. the vegan,
organic, or fair-trade label. In addition, for unlabeled products, the ingredient
list is checked for allergens and unwanted ingredients.

”I look at the product and there is often also the vegan label on
it and otherwise I look exactly at the ingredients. I think I’ve
probably googled some ingredients, but usually I look at what’s
inside, because I have to do it due to my allergies.” – PS10(29,f)

Sometimes, however, consumers face the challenges of not understanding or
recognizing ingredient names, finding no label or certain information is hid-
den or not provided, e.g. the carbon footprint or ingredients summarized as
’natural flavoring’. For this reason, most of them established strategies to
check the product. A tool repeatedly mentioned is CodeCheck, an app to scan
the product’s barcode and access data about ingredients, qualities, and the
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assessment of other consumers. Another approach is using lists of websites,
googling the ingredients, or asking peers offline or in social media.

”I google sometimes, whether something is not marked with a
vegan label, whether it is vegan, for example, such a cereal. Or
for example Peta, they sometimes have lists. Or CodeCheck, if
there are any hints.” – PS5(23,f)

Against this background, most consumers explained how they established a
set of ’basic’ products to reduce the tedious checking-effort in everyday shop-
ping. Despite this set, some participants, however, address the value of plea-
sure and the joy of exploring new products. They do not see their consumption
as a limitation, but as room for new explorations.

”For me it is not a renunciation, but actually an enrichment, be-
cause I have been cooking much more diverse since then. And
yes, I do not eat dairy products and eggs anymore, but otherwise
I like to cook a lot and very much and I also attach importance to
good food. I like to eat.” – PS2(21,f)

Exploration, however, is associated with again negotiating values and check-
ing products. Common sources of inspiration, such as leaflets or advertise-
ments are not relevant for critical consumer practices, as they address regular
consumers and often do not promote appropriate products or give the nec-
essary information. Here, our participants explained how they join online
communities, where other critical consumers post messages about newly ex-
plored products, answer questions about products, or just help with finding
retailers that offer certain products nearby.

”I’m in a Facebook group that’s called ’vegan action’ where peo-
ple post discounts from different supermarkets or shops and that’s
sometimes very useful.” – PS6(25,f)
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9.3.4 Considerations for Designing Recommender Systems for Critical
Consumer Practices

To support planning grocery shopping and easy access to relevant informa-
tion and products, we derived design implications from the literature study
and our complementary interviews. The main implications that guided the
development of our prototype are outlined in the following.

• Support Planning and Product Exploration: In line with prior re-
search [110, 350], the support of planning and exploration activities for
critical consumers turned out to be a critical issue to be addressed by
our prototype. Consumers can not make use of traditional leaflets and
have to cross-validate information about products. Supporting with in-
formation and appropriate product recommendations before a purchase
can provide means to reduce the effort of critical consumer practices.

• Personalized Profiles: Critical consumers are not a homogeneous group
nor is it easy for individuals to describe their preferences as they are
usually multifaceted [224, 110]. Furthermore, consumer practices un-
derlie a transition, e.g. from vegetarian practices to vegan ones [350,
652]. Therefore, our RecSys approach should support the negotiation
and exploration of values and restrictions and allow for personalized
changes in the value arrangement [265]. Here, a knowledge-based ap-
proach might be appropriate to capture the complexity and flexibility
of practices [436] while allowing for the ethical autonomy of the con-
sumers [303].

• Well-known Role-Models to Reduce Complexity: Although not all
consumers identify as well-known types of consumers or role models
(e.g. vegan), the design should use such framing to give guidance for
less experienced consumers and reduce the complexity of the system
itself. Such role-model approaches to consumption patterns relate to
the interview study were consumers explained that their approach is for
example, veganism plus additional restrictions and ethical values.

• Considering the Context of Practices: A critical point for consump-
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tion practices beyond their ethical and altruistic stance is their embed-
ding into the personal situation of the practitioner. Thereby, the ap-
proach needs to consider the context as given by the household of the
consumer, available retailers, and financial capabilities[34]. Further-
more, personal goals and restrictions, e.g. allergies, need to be consid-
ered.

9.4 Development of F-RS4CC

To support the exploration of new products and planning practices, we devel-
oped F-RS4CC as a cross-platform application. The design was accompanied
by a co-creation workshop (approx. 3h) with ten participants. Again, they
covered a wide range of consumer practices and values. To document the
workshop we took notes on the discussions and explanations and took pic-
tures of the paper prototypes. The consumers were between the ages of 23
and 57 (six males and four females).

The co-creation workshop focused on understanding the consumers’ approach
to bring their values into action. In particular, we aimed to understand the re-
quirements for the UI, abstract ideas of how a RecSys should filter and rank
the products, and which input they want/need to provide. Therefore, the work-
shop was organized along (1) a welcoming and problem introduction, (2) cre-
ative phase to sketch and discuss the profile UI, (3) discussion of its influence
on the ranking, (4) creative phase to sketch and discuss the shopping list UI,
and (5) reflection on additional factors, e.g. food sharing, and conclusion.
Although the participants were critical consumers themselves, we provided
personas and purchase scenarios [449] (inspired from the pre-study), to allow
for participation without self-disclosure in the group, e.g. of allergies or dis-
eases. For the creative phases, we provided standard materials, such as paper,
pens, and scissors. Moreover, example product data (name, ingredients, la-
bels, and nutrition table) and printed food labels and symbols were available
for both the sketches and the discussions.

Inspired by the consumer concepts, we designed the final prototype. In the
following, we present the overall workflow (see Figure 16) of F-RS4CC and
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Figure 16: Workflow of F-RS4CC

give an overview of the different functions.

9.4.1 Workflow & Data Sources

The employed recommendation approach can be classified as a knowledge-
based RecSys [13], as it exploits knowledge about food products, nutritional
values, ingredients, labels, and environmental knowledge to identify the most
suitable foods. In line with prior research [436], the recommendation is based
on three main components: A profiler, a filter, and a ranking. Furthermore,
we added a search and a shopping list to allow for bringing recommendations
into action.

Our prototype uses data from 19 participating local retailers including su-
permarkets, full-organic shops, zero waste shop, and directly selling farmers.
The data from these markets consists of their products and the related master
data that usually contains the product name, category, ingredients, and nu-
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Figure 17: Search, Recommendation & Shopping List

tritional values. Furthermore, we complemented the product data with data
from Open Food Facts3, a collaborative platform that adds carbon footprint,
nutritional assessment, labels, and user-based assessment of food characteris-
tics (e.g. vegan). Therefore, we mapped the products based on their Global
Trade Item Number. Moreover, food knowledge is provided in the form of
rules about restrictions and ethical values that are mirrored in the properties
of the food.

9.4.2 Profiler

The consumer initiates the F-RS4CC by setting up a profile that consists of
two parts:

Restrictions & Values: Core to the prototype is the profile setup with critical
consumer values and restrictions to infer matching food recommendations.
As shown in Figure 16 (Profiler, lower screen), we broadly differentiate be-
tween allergies, altruistic, and personal goals. The allergies section consists of
declarable allergens plus some additional allergens, such as apples, that came

3https://world.openfoodfacts.org/
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Table 8: Example Rules of F-RS4CC

Rule-Name Formalization

Vegan Has a vegan-label or does not contain milk,
butter, meat, ...

Boycott Nestle Is not produced by nestle or one of its
subsidiaries

Low Carb ¡= 20% of carbs in the nutrition table

up during the pre-study or workshop. The altruistic section, for example, in-
cludes settings such as vegan, organic, or Nestle boycott. Personal goals, for
example, consist of cost-saving, low-carb, or reduction of carcinogenic addi-
tives. Overall, the system provides more than 20 different settings.

Figure 18: Conceptualization of Sliders during the Workshop

Each of these settings is based on food knowledge that is formalized as a rule
to filter and rank the food products (Examples are given in Table 8). From a
user perspective, each rule consists of a slider that allows for weighting each
rule between Off (0%) and On (100%). Besides the ranking, for some rules,
such as allergens the On-Setting has an additional filter function that filters out
foods with respective ingredients completely. This is indicated in the UI as a
subtext within the rule-UI-element, e.g. ’All non-vegan products are filtered
out’.

This design decision is based on a deeper discussion in the co-creation work-
shop, where the participants tried to sketch a UI for the profiler (e.g. see Fig-
ure 18). First attempts focused on binary decisions, e.g. Do you have a soy
allergy? - Yes/No. However, it became apparent that many rules can not be
seen as binary restrictions but that trade-offs and rankings between different
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rules exist. For example, for some products, consumers search for the vegan-
as-possible recommendation, but would still eat the vegetarian one as long as
it is organic. For allergy sufferers or strict political consumers, allergies or the
boycott of certain companies need to be binary options. The current design,
therefore, combines both the trade-off and clear restrictions.

Locations & Markets: As shown in Figure 16 (Profiler, upper screen), the
consumer is shown all participating markets on a map. Here, the consumer
can explore new markets and select the ones s/he is frequently visiting, e.g. in
a certain radius around the neighborhood. In this sense, the selection of mar-
kets provides an additional filter criterion, as it allows to restrict the markets,
e.g. to only buy from fully organic retailers or local farmers.

The selection of markets within the profiler also arose as a topic during the
co-creation workshop, as the selection of markets can also support critical
consumerism. For example, by supporting small retailers only or to simply
account for everyday practices, such as reaching all stores by foot.

9.4.3 Filter & Ranking

The filter & ranking is executed based on the profile setup. This part of the
application is based on food knowledge (see Table 8), product data from the
retailers combined with Open Food Facts, and the search.

Search: Usually, knowledge-based RecSys are designed for shopping infre-
quent items, e.g. a new TV [13]. However, for purchasing food, it is necessary
to not just get the recommendation based on the current offering of the mar-
kets, but search for specific products and get a ranked list of those, e.g. ’burger
patties’. Therefore, our design makes use of a search that is matched with the
product name and category. This search can be seen as a pre-filter of the items
to be recommended.

Filter: Whenever certain rules, such as allergies, are set to 100% they are
used as a binary filter to completely remove certain products from the recom-
mendation candidates. As explained earlier, this need for strict filtering arose
from the workshop. A further filter is based on the market selection, where
only products available at those markets are included.
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Ranking: After filtering and searching, the candidate set of food items is still
large for most of the products. Furthermore, certain values (with a weight
¿0% and ¡100%) have not been considered by now. Therefore, based on a
score for each candidate food, a ranked list of recommendations is created.

score( f ,P,C) = ∑
p∈P

ip ∗ ruleScore( f ,rp,C) (9.1)

Thereby, the ranking is based on the score( f ,P,C), which denotes the overall
ranking score for a food item f , the profile P and a candidate set of food items
C. P is a set of all rules with ip as the weight between 0 and 1 and rp as the
rule.

ruleScore( f ,rp,C) is defined as a function of rp that assigns a float value be-
tween -1 and 1, depending on the food item in relation to the other candidate
food items. Some rules, e.g. allergies, allow for binary classification only. For
those, the function either assigns 1, does not contain allergen, or -1 contains
an allergen. For ’linear’ rules such as carbon footprint reduction, all candidate
items c ∈ C are mapped to a value range between 1 and -1. Each item f is
assigned a value between 1 and -1 according to its relation to the other candi-
dates. Based on each score(f, P, C), food candidates are sorted in descending
order to create the final ranking.

9.4.4 Food Recommendation & Shopping List

Once the list of food items is sorted, it is shown to the user (see Figure 17).
Here, the products on top are the most appropriate products according to the
profile. Each product is represented by its name, the price, its carbon foot-
print, various labels depending on the selected rules (e.g. lactose-free or not),
and the selling retailer. Labels are used to sensitize consumers if the rule is
not set as a binary filter but a weighted factor among others. When clicking
on products, they are transferred to the shopping list. Furthermore, users can
open a pop-up with more detailed product information.

In addition, the UI contains the search bar and a quick overview of the pro-
file settings and the resulting ranking of the rules according to the assigned
weights (see dark blue boxes in Figure 17). Regarding this workshop partic-
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ipants demanded certain transparency about the current profile settings when
receiving their recommendations.

9.5 Evaluation: Understanding the Design & Appropria-
tion of F-RS4CC in Use

The objective of the evaluation was to discuss the design of the prototype with
a focus on the profile setup, the recommendation itself, and further improve-
ments and directions for design. Furthermore, we aimed to understand the
usage and appropriation of F-RS4CC in everyday critical consumer practices.

Therefore, we conducted pre-interviews (avg. 37 min) to understand the cur-
rent practices of the participants and their first assessment of the prototype,
followed by a usage phase (avg. 2 months), and post-interviews (avg. 27
min) that focused on their experience, appropriation, and design issues.

Ten participants (E1-10) took part in the evaluation study. The sample was
recruited with a snowball sampling approach, from the network of the pre-
study. Again, the focus was on recruiting a sample with a variety of con-
sumption practices, values, and restrictions. Moreover, we focused on diverse
housing situations ranging from living alone, to flat-sharing to families with
children. The sample is characterized by 6 male and 4 female participants,
aged between 24 and 45. The education ranges from apprenticeship to uni-
versity degree.

Both interview studies followed a semi-structured interview guideline. We
transcribed the interviews and analyzed them following the inductive approach
of thematic analysis [86]. The thematic analysis[86] focused on understand-
ing the appropriation of the prototype, changes in their consumption practices,
and design issues with an emphasis on the recommendation including the pro-
file and the food knowledge. After coding, the themes were collaboratively
developed by the group of authors towards a mutual understanding of the ma-
terial.
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9.5.1 Exploring Products & Reflection on Action

In general, the prototype was well received by the participants. They espe-
cially liked the inclusion of so many local markets and the long list of prod-
ucts. Here, in particular, the filtering and ranking according to the own set-
tings were assessed as a positive concept.

However, what quickly became apparent was that the participants did not ap-
propriate the prototype as part of their planning in the sense that they search
for products, transfer them to the shopping list, and execute this planned be-
havior. Although five participants reported on trying to use the tool as a shop-
ping list, they quickly returned to their established mode of purchase, which
was either no shopping list at all, especially for younger consumers, a paper-
based list, or the established tool within the household, e.g. a collaborative
list that was shared with the partner.

”I use a shopping list app on Android where my wife and I put
in our shopping needs, I sort into several lists sorted by the shop
where we buy.” – E8(32,m)

Regarding this, most participants explained how product research and inform-
ing about new products is something completely different than writing a shop-
ping list. Moreover, consumers explained how they have established a set of
’basic’ products for their daily shopping. Those products meet their restric-
tions and ethical values, such that they do not need to start product research
every time.

”For example I sit at the table, make myself lunch or breakfast
and notice ”oh, the liverwurst is slowly running out” and then it’s
just easy to take the mobile out of my pocket, write liverwurst on
it and put the mobile back in my pocket. That is also important
that I do not want to start a product research at that moment.” –
E5(45,m)

However, participants used our F-RS4CC prototype as a tool to explore and
research new products. Thereby, it was especially valued how the prototype
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offers the chance to easily find new products that match the own set of values
and restrictions.

”So still I find it good to look for new vegan burgers, here I’m
doing it right now. Organic veggie burger for 2,99. I do not know
it yet, why I do not know it yet.” – E4(32,m)

In this context, some participants compared the tool to a search engine that
reduces the effort of searching for food and checking its characteristics by
having a personalized profile.

”I have to think about it, I mean, you know it a little bit from
search engines, filtering can make your work incredibly easier
when you know exactly what you want and what you don’t want.”
– E1(24,f)

Reflecting on the influence on their consumption, some participants explained
how they stopped buying certain products when they became aware that there
are better alternatives or the product does not match their preferences. Others
explained how the application rose their awareness for certain filters that they
were not able to apply by their current approach. For example, the carbon
footprint, besides some other factors, was repeatedly mentioned to be a factor
that was added to their practices as the information was made available by
F-RS4CC. Here, the reduced effort of gaining information was mentioned as
a main driver for the exploration of products and profile settings.

”I think I planned my shopping more consciously than when I
normally just made a list with my roommates, because I think
more consciously when you see the CO2.” – E7(32,m)

9.5.2 Consolidating Infrastructures

Besides the food, some participants used the prototype to explore and consol-
idate the local consumption infrastructure, in the sense of finding stores that
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offer appropriate products or discover formerly unknown stores. For example,
the local farmers market was an option that a lot of consumers did not know
before their usage experience.

”Yes, I think it helps you that it helps you to discover prod-
ucts that you didn’t know so much about before, or perhaps to
get to know shops, for example, the Birchfarm, which is present
in the program, and otherwise you would not know about it.” –
E10(30,f)

In this context, participants reflected on their experience of becoming criti-
cal consumers and changing their practices. Some participants explained how
such a tool would have helped them in their early exploration of alternative
consumption infrastructures. E9(26,f) further explained how even in new sit-
uations, such as moving to a new city, the exploration of shopping infrastruc-
tures is valuable, as it allows for a quick and easy overview of appropriate
products and markets in the neighborhood.

”Especially at the beginning or when I move somewhere, it would
save me having to search everywhere, who sells this specific prod-
uct I need right now, that would be cool, that would help me and
of course, it would also save me a lot of work, because I wouldn’t
have to read all the labels in all the supermarkets to find out what
it is right now, where it was produced and under what conditions.”
– E9(26,f)

Still, it was criticized that the current implementation of retailers as binary
filters does not account for purchase practices. While participants, in general,
appreciated the possibility to select nearby markets in a radius, they articu-
lated the requirement of prioritizing the stores. The main reason mentioned
was more efficiency during purchase and a reduction of time and kilometers
traveled.

”Which would also be good, would be a sorting [...] if you know
that you go to one store, you can prioritize it in the product search
that you don’t have to drive to another store.” – E7(32,m)
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9.5.3 Reliability of Data & Definitions

Speaking about the recommendation itself, participants raised our awareness
about the reliability of the data and the underlying food knowledge and algo-
rithms.

A particular issue was wrongly labeled data that resulted in unwanted rec-
ommendations. While one might think that this only arises from the data
provided by the Open Food Facts Community, it was also caused by retail-
ers’ data. One example of such recommendation was given by participant
E5(45,m) who found chocolates that were labeled as regional when searching
for sweets.

”I just noticed, there is a lot of regional chocolate. For category
regional? The supermarket has indicated this, which means that
you have to check the data of the supermarket. Who knows where
they get it from, you have to find out more about it.” – E5(45,m)

A further issue came along with the rules themselves. Although we added a
short explanation text for each profile setting, some rules were intransparent
for the consumers. For example, ’organic+’(extended organic condition with
better husbandry conditions) was not known by most of them. They wondered
about the underlying definitions in contrast to regular organic food. Moreover,
some participants recognized some minor bugs that led to wrong recommen-
dations. This was, for example, based on ingredients that were not properly
recognized.

”We had the problem that despite my preference ”vegetarian”
with a 1 I was still shown some meat products, or convenience
products containing meat.” – E10(30,f)

Overall, wrong recommendations and wrongly labeled data were perceived
as decreasing the trust in the recommendations. Reliability was particularly
important in the field of tension between ethics, values, and restrictions, as
participants neither want to consume products that cause an allergic reaction
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nor do they want to eat, for example, products that contain animal products if
they follow a strict vegan diet.

”The database would have to be really complete, because as soon
as I have the feeling that there is a gap somewhere in the database,
then it loses some kind of credibility, which I would accept once
or twice but then I would say ’oh no, I can’t trust that’” – E4(32,m)

9.5.4 From Complex Rules to Customized Rules

Along with wrong recommendations, non-reliable data, and trust, the rules
themselves were discussed in more detail. From an overall perspective, they
were assessed as comprehensive and interesting to experiment with. Even
though, for allergy sufferers, some special allergies could be included. For
four consumers, the set up of a profile bears a certain complexity as there
is too much to consider and think about when negotiating and weighing the
settings.

For some consumers, the provided rules did not offer enough flexibility and
room for their own settings beyond common categories and role models. They
formulated the requirement to manipulate or develop their own rules. One
such example was given by participant E9(26,f) who explained how for aller-
gies some consumers have different levels of sensitivity, e.g. in grams per 100
grams of product. Similarly, this ratio was discussed for low-carb. A further
example is veganism, where two participants mentioned the requirement to in
detail modify rules, e.g. such that honey is not considered to violate it, as this
reflects their unique approach to consumption.

”That you can configure the filters by yourself, or a separate filter
that somehow says it is vegan certified, the other one is vegan but
has honey or other things in it, or it is vegan by recipe but not
certified.” – E6(29,m)

During the interviews, the topic of collaborative food knowledge and the shar-
ing of modified rules were also discussed. While most of the participants
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articulate more collaborative access to the profile and the list, some partic-
ipants go a step further and would be interested in outsourcing and sharing
of knowledge. For example, E7(32,m) explained how rules and even profiles,
created by certain organizations such as Greenpeace would help with decision
making. One such rule was already included in the form of the Utopia list of
suspicious additives4. Here, two participants criticized that they do not know
the organization and their assessment of ingredients, which decreases trust.

”Utopia is unknown to me, I don’t know which list is behind it.”
– E5(45,m)

While in general participants appreciated our knowledge-based approach, four
participants explained how additional information on item similarity or even
community-based approaches might contribute to better choices. For exam-
ple, E4(32,m) explained how he bought newly explored vegan burgers that
tasted awful. Additional information about how others liked this burger patty
or how it tastes similar to products he likes would have helped him.

”I recently bought vegan burgers [...], they were terrible. I could
have skipped them if someone had commented on the taste.” –
E4(32,m)

9.6 Discussion

Reflecting on our research, we will discuss the preliminary design implica-
tions against the background of our evaluation from different perspectives to
more precisely formulate implications for design and research.

9.6.1 Establishing a Set of Products, rather than Planning

Based on the literature research and our pre-study we expected our partici-
pants to appropriate the prototype for their planning practices. However, as
it turned out, planning is completely different from exploring a new set of

4https://utopia.de/ratgeber/lebensmittel-zusatzstoffe-e-nummern-liste/
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products or giving the established set of products an update. In this sense, our
research confirms prior research [265, 350] that already lines out that con-
sumers do not use in-store information at every shopping trip, but establish a
set of frequently bought products.

Still, our results imply the explorative aspects of the design to enable more
easy access to appropriate food, retailers that sell them, and the underlying
information. Here, especially the combination of stores as purchase infras-
tructures and the food they offer helps with the arrangement of a new product
set during sustainable practice transition. This set itself can be seen as a plan
that is repeatedly performed [110]. This supports the assumption [350] to
more strongly support the search for niche products in dominant consump-
tion infrastructures. In this sense, design should not just address the ’What to
buy?’ as approached by prior HCI prototypes, but also the ’Where to buy?’ as
they are closely entangled. Reflecting on the dominant in-store [265, 64, 299]
and motivational approaches [304, 702, 299], our research shows how trans-
parent and personalized food RecSys support practices beyond single retailers
and shopping trips by addressing the complexity of finding and establishing
appropriate products and filtering information, in short, strengthen and protect
critical consumers.

9.6.2 From Ethical Profiles to Practice-based Profiles with Ethics

’Where to buy?’ was just one aspect that raised our awareness for the embed-
ding of our approach into the context of practices. Furthermore, the pre-study
showed how consumers, besides ethical values, need to consider a variety of
factors, such as the nearby stores and their available products, their family,
their budget, and allergic restrictions, to find the ’right’ product. Although
current food RecSys start (re-)exploring the capabilities of knowledge-based
[436] and ethical approaches [303] to more holistically consider consumers,
supporting critical consumerism is still a major gap in the RecSys literature
[641, 303]. Especially as the profiles only focus on narrow aspects such as
health [436] or sustainability [303] rather than consumption practices in their
diversity and complexity.

Here, our research contributes by presenting the design of a personalized
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food RecSys that allows for a flexible setup of a profile that considers per-
sonal goals, altruistic values, allergic restrictions, and personal situation e.g.
through the selection of nearby markets and the option to search for products
that make trade-offs between budget and ethical values. To the best of our
knowledge, this is the first food RecSys with a personalized profile includ-
ing ethics [303] and practice-oriented options. On the one hand, this is in
line with research [265, 303] on sustainable in-store assessment that already
emphasizes flexible definition and weighting of values, on the other hand, it
enhances the implications by more strongly highlighting to account for in-
cluding practices and their context rather than ethics and sustainability, only.

9.6.3 Different Complexities of Profiles

Moreover, our evaluation showed an emerging design space between person-
alized profiles that go beyond role models, the easy usage of such role mod-
els, and shared profiles and knowledge that is created by organizations and/or
other users. This design space directly relates to the work of Herbig et al.
[265] that also found a certain need for democratization of profiles. While
for some consumers such outsourcing of the profile to trusted institutions and
role models might make it easier to set up the profile, others even demand
more detailed options for personalization. For those consumers, role models,
such as ’vegan’ provide a general direction but do not allow for an adjustment
towards their own consumption patterns.

Against this background, our results sensitize us for the requirement of a flex-
ible profile that makes use of both institutionalized and shared profiles and
rules but also room for in deep personalization that allows for modification
or creation of rules and subrules, e.g. incorporating own definitions of what
veganism is about. Here, further engaging in end-user development [373] of
such RecSys could be an interesting perspective to engage in. This resembles
the heterogeneity of the critical consumer group [224] and that they can not
be simply subsumed under umbrella terms such as sustainable consumers or
even more detailed terms such as political consumers in terms of design.
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9.6.4 Towards Open and Reliable Data and Algorithms

Although not in the scope of our prototype, the evaluation showed how reli-
able and open data and algorithms are important for trust and appropriation
of ICT to support critical consumer practices. In particular, in the sensitive
field of consumption, consumers demand certain reliability, especially if they
have certain restrictions or take their ethical choices seriously. Interestingly, it
was not always the crowd-sourced data from Open Food Facts but data from
the participating markets themselves which led to wrong recommendations.
Thus, we want to highlight the importance of thinking beyond the scope of
technology design but demand a policy that forces producers to pass reliable
data to consumers such that they can make reliable decisions as already called
for by Stevens et al. [605].

From an algorithm perspective, consumer protection organizations already
criticized that even supposedly consumer-friendly third parties do not have
transparent algorithms and it remains unclear how they recommend items
[150, 303]. Also, our results show how consumers want to understand the
food knowledge in detail and how the system creates the recommendation.
This is important if the profiler makes use of outsourced food knowledge.
Therefore, future designs should not only use open and reliable data but also
open and transparent algorithms that allow to understand why a certain prod-
uct matches the profile.

9.6.5 Critical Reflection on the Scope of Recommender Systems

Besides the presented implications for designing RecSys to support critical
consumer practices, we want to use the space to reflect on the approach itself.
In line with the critique on the neo-liberal agenda that burdens consumers with
the transformation of the society towards sustainability [45, 224], our system
does not account for the responsibility of other agents such as producers or
the government. However, the urgent need to quickly reduce our environmen-
tal impact from our perspective needs a multifaceted strategy that exercises
power towards policymakers and strengthens consumers that already attempt
to make sustainable consumption decisions.
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Here, the scope is limited when it comes to motivating consumers. However,
it addresses the difficulties of motivated consumers, as outlined by prior re-
search [350], in the sense of supporting the exploration of products and con-
sumption infrastructures. Addressing those issues appropriately contributes
to an ongoing practice transition rather than leaving consumers alone with the
difficulties of practice change once they are motivated.

Moreover, thinking such systems from a broader perspective that goes along
with open data and algorithms might contribute to more consumer protection
and power towards the producers that nowadays benefit from informational
asymmetries [303]. In particular, the increased awareness about consump-
tion infrastructures could help with the articulation of requirements towards
producers and policy-makers [419].

9.7 Conclusion

The literature- and the pre-study sensitized us to various aspects of the design
of a RecSys for critical consumers. We developed a prototype that allows for
setting up a profile that not just considers the complexity and diversity of criti-
cal consumer practices but also tries to incorporate the context of practices by
inducing holistic aspects of diet restrictions, personal goals, markets, and bud-
gets. From our evaluation, we found how such an approach addresses typical
issues of critical consumers that have difficulty finding appropriate products
within the diversity of products and retailers. Still, our implications needed
to be revised to some extent after the evaluation as, for example, planning did
not turn out to be the practice where we can support consumers, but rather we
should focus on exploration and reflection as a separate activity. In addition,
future research and design should not only use complex profiles to personalize
’what is the right thing’ but allow for considering the personal situation. Fur-
thermore, profiles need to be understood as having different complexities for
different consumers while some find it appropriate to user role models such
as ’vegan’ or use outsource knowledge to institutions, others require deep per-
sonalization and modification. Lastly, especially when outsourcing, reliable
and open data and algorithms are needed to strengthen the position of con-
sumers.
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Overall, the results contribute by designing and evaluating one of the first (see
[303]), personalized food RecSys that brings in critical consumer values and
by reporting on the requirements, appropriation, and scope of food RecSys
beyond stimulating consumption as a means to support consumer protection
and grant access to distributed and complex consumption infrastructures and
products.

Given our definition of critical consumption and the related participant sam-
pling, our results are clearly limited to a Western context, where, e.g. ve-
ganism is not the norm but a critical minority leading the way towards the
important reduction of animal production consumption [300]. In other cul-
tural contexts, low consumption of animal products might be the norm based
on other cultural values [530] or poverty. Although our prototype accounts
for price-value trade-offs, precarity is a factor that needs more consideration,
even in Western contexts, as not all people can afford products that are in
line with their values or can only afford environmentally sustainable prod-
ucts, which then finds no acknowledgment in the sense of critical sacrifice.
In this sense, the theoretical lens itself can be seen as a privileged Western
perspective [105].

While the results clearly support the approach of a RecSys to support explo-
ration and reflection, a long-term study with more participants would be nec-
essary to understand the influence on consumption practices. In addition, the
focus of this study should be on consumers that have not already established
some set of products and explored markets, but consumers that are in a more
early phase of their practice transition. Moreover, our research touches vari-
ous topics such as shared, personalized, or institutionalized food knowledge
that was not implemented in our prototype. Here, more research is needed on
the collaborative or End-User Development aspects of how one can make its
own rules.
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10 Trust versus Privacy: Using Connected Car
Data in Peer-to-Peer Carsharing

Abstract

Trust is the lubricant of the sharing economy. This is true especially in peer-
to-peer carsharing, in which one leaves a highly valuable good to a stranger
in the hope of getting it back unscathed. Nowadays, ratings of other users
are major mechanisms for establishing trust. To foster uptake of peer-to-
peer carsharing, connected car technology opens new possibilities to support
trust-building, e.g., by adding driving behavior statistics to users’ profiles.
However, collecting such data intrudes into rentees’ privacy. To explore the
tension between the need for trust and privacy demands, we conducted three
focus group and eight individual interviews. Our results show that connected
car technologies can increase trust for car owners and rentees not only be-
fore but also during and after rentals. The design of such systems must allow
a differentiation between information in terms of type, the context, and the
negotiability of information disclosure.

10.1 Introduction

The sharing economy market has grown strongly in recent years [494, 704].
Peer-to-peer platforms (short: P2P platforms) such as AirBnB, UBER, Get-
around or BlaBlaCar enable private individuals to make goods or a service
(e.g., a room, a trip, or a car) available to someone else for a certain period
of time, generally for a fee. The concept behind P2P carsharing platforms is
different from sharing within the family in that the other person is not usually
known personally. Accordingly, for P2P platforms to succeed, trust plays a
central role [52, 84, 259, 469]. In this vein, trust is also sometimes referred to
as the currency or lubricant of the sharing economy as it is an efficient way of
reducing transaction costs in social exchanges [630].

There is no consistent definition of trust, but it is generally understood as
a multidimensional, socio-psychological construct [259, 630]. For example,
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Hawlitschek et al. [259] understand trust as the expectation and obligation
that an exchange will take place in the future. In this paper, we follow the
definition of Huurne et al.:

“[Trust is] the willingness of a party to be vulnerable to the ac-
tions of another party based on the expectation that the other will
perform a particular action important to the trustor, irrespective
of the ability to monitor or control that other party.” [259]

When trust towards an unknown person is being established, reputation sys-
tems provide an important mechanism [188, 630]. However, on P2P sharing
platforms those people are often not completely unknown as some personal
data has often already been disclosed. For example, typically, users (both car
owners and rentees) have a profile page with photos and a text-based self-
description. In addition, certain details are frequently checked in advance by
the platform operator (e.g., an identity verification on AirBnB or driver license
verification on carsharing platforms). Moreover, offering services or personal
goods is often implicitly connected with disclosing personal, partly intimate
information. For example, on AirBnB the owner of an apartment provides an
unknown person access to his or her own home – which is often regarded as
the epitome of privacy [592]. In carpooling, one sits together with a stranger
in a confined space [194].

In P2P carsharing, people give strangers their cars, which might hold not only
an economic but also an emotional value. This value can potentially result
in concrete ideas about how to handle it [214] and is one of the main issues
why people don’t want to share their private cars with strangers [40, 56, 258,
379, 466, 631]. Thus trust is particularly important for carsharing as it en-
tails potentially risky and insecure situations where parties are interdependent
[412]. Cars are comparatively expensive goods to which many owners build
emotional connections. Therefore, the demand for building trust is higher
compared to many other goods. At the same time, cars are constantly being
affected by new technologies. The emerging possibilities raise novel privacy
questions we want to address in our work.

By providing car owners with information that enables them to track e.g., the
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car condition and rentees’ driving behavior better, connected car technology
may bring new potential for supporting trust. This step, however, would also
introduce new challenges in terms of privacy. In this respect, a tension arises
between car owners and rentees. This study is therefore conducted from these
two different perspectives.

Work has been done on building trust in the sharing economy [82, 188, 259,
630, 301, 345, 392, 604, 629], but there seems to be a lack of what specific
information people need to gain trust in P2P carsharing and what information
rentees do not want to disclose to maintain privacy. Within the scope of this
study, we therefore address the following questions:

• What information do car owners need to build trust in order to share
their car?

• What information are rentees willing to disclose to get a car and main-
tain privacy at the same time?

• How do people classify information from the perspectives of car owners
and rentees?

• In P2P carsharing, is it possible to build trust without invading privacy?

By investigating these questions, we contribute to a growing body of literature
regarding the relevance of building trust in the sharing economy, taking the
different views of both parties, car owners and car rentees, into account.

10.2 Related Work

A relatively new development in carsharing is the growth of P2P carsharing
platforms in Europe such as Turo, SnappCar, or Getaround, which allow users
to rent cars to each other. In contrast to the local context of traditional car-
sharing, the peers usually do not know each other personally, giving rise to a
challenge known in the contexts of e-commerce and online auctions: Building
trust among strangers via the Internet [123, 145, 541]. Over the last decades,
reputation systems have been adopted as a prevalent mechanism where, by



10 TRUST VERSUS PRIVACY 148

leaving comments and rating others, users share their experiences on a previ-
ous exchange with unknown people [188, 500, 360]. Also, as research in HCI
has shown, additional information such as name, images [188], and personal
preferences or number of friends and profile views [345, 392] provided by
users themselves to build a profile contribute significantly to signaling their
trustworthiness to others. Furthermore, both types of information, ratings
from others and self-generated information, serve as surrogates to build trust
online [278, 301].

Trust systems are linked to the topics of privacy and trust in two ways. Users
hope to create trust by disclosing personal data [604, 632]. Disclosing such
personal information is in the interest of users as it fosters building a good
reputation and may increase perceived trustworthiness and thus future trans-
action opportunities [323]. At the same time both car owner and rentee need
to trust each other and the P2P platform that information provided will not be
misused by any stakeholder [601]. Structurally, in the sense of multilateral
security [485, 484], P2P platforms constitute a phenomenon of multilateral
trust in which the interests of all actors must be taken into account [606].

According to Resnick and Zeckhauser [513] trust systems must 1) provide
information that makes it possible to distinguish between trustworthy and
untrustworthy actors, 2) promote integrity and trustworthiness and 3) deter
untrustworthy people. Nowadays, data from connected car technology could
serve to build trust by e.g., monitoring driving behavior and including it in
calculating trust scores. Such new sources of information raise new ques-
tions regarding the potential for supporting the willingness to share goods.
In addition, they potentially touch on privacy issues as users must balance
the perceived costs of disclosing the privacy with the perceived benefits of a
better reputation.

In the literature, a connected car is described as a vehicle that is connected to
the Internet; can communicate with other devices, cars, and road infrastruc-
tures; and can collect real-time data from multiple sources [144, 238, 357,
424, 603, 618]. It is a part of the Internet of Things (IoT) discussion and will
play a central role in the automotive industry [144]. Swan describes this de-
velopment as a movement from quantified self to quantified car. She explored
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how quantified self sensors can be connected with automotive sensors to cre-
ate new applications to e.g., quantify driving behavior, real-time assistance
for parking and accidents, or enable stress-reduction functions [618]. Ma-
jor vehicle manufacturers or auto parts supplier are already storing connected
car data. With the eCall, e.g., in Europe, new cars have to be connected by
default, pushing the technology into the market [111, 290].

Carsharing providers do not currently use connected car data to build trust
in communities. In the insurance industry, however, telematic tariffs are the
first approaches towards connected car data-based reputation systems. There,
data is collected automatically while the car is in use in order to differentiate
between trustworthy, safe drivers and non-safe drivers. This data can then
be used to promote defensive driving, by offering the “good” drivers cost
reductions [238, 432, 677, 701]. Health insurance companies are also using
digital behavioral data – so far on a voluntary basis – to develop individualized
tariffs [369, 418, 681].

Currently it remains unclear to what extent such approaches can be transferred
to promote trust in the sharing economy. Of importance is what information
is suited to building trust and what is perceived as privacy sensitive [162,
357, 671]. While privacy may be particularly of concern for rentees, some
information might be demanded by car owners. Therefore, openly exploring
potentials calls for looking at both sides.

There are several approaches in literature dealing with the privacy problem
in the connected car. However, studies typically take the perspective of car
owners managing data disclosure to manufacturers or third-party companies.
For example, Walter et al. developed a system based on the privacy calculus
model [694, 167], increasing transparency and helping car passengers to con-
trol their privacy towards the car owner in a self-determined manner [671].
Derikx et al. studied whether and how passengers’ privacy concerns towards
the car rental can be compensated by offering monetary benefits [162]. Ar-
guing that the breadth and depth of personal data from connected cars goes
beyond already available data from mobile devices, Lawson et al. go a step
further by discussing general principles and data protection standards to be
enforced via regulations [357]. Currently, the specific potentials and needs
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for protection of connected car data in a P2P carsharing context are not fully
understood.

10.3 Methodology

This study aimed to investigate how new possibilities of computational trust
mechanisms were perceived and discussed by study participants, what sensors
or information might be relevant, what information they would be interested
in if they were a car owner, and where they had privacy concerns from a per-
spective as a car rentee. To answer these questions, we conducted three focus
group and eight individual interviews. During the focus group interviews, par-
ticipants tended to adapt their position to the group accordingly. We therefore
decided to combine the strengths of both methods to compensate the weak-
nesses [502, 589, 625, 635].

The focus groups were therefore used to obtain a broad spectrum of ideas and
views on the use of connected car technology for carsharing and to obtain
initial information on social norms for using data. The focus groups con-
centrated in particular on individual information and protection needs of the
participants, as well as the principles that could be derived for the design of
IoT-based trust systems. To improve the analyzability, the interviews were
recorded. Following the transcription process, a qualitative content analysis
in line with Mayring was performed [408].

Initially, a focus group interview was organized with researchers and profes-
sionals from the mobility area. To increase the diversity of the results, we also
invited a student focus group and voluntary participants who had contacted
us as a result of a local mailer. With the help of the individual interviews,
additional insights were gained into individual points of view while group
opinions dominated in the focus groups.

Each focus group participant was asked to imagine data sources and con-
nected car information and to write these on sticky notes. Subsequently, their
task was to comment on each note by assessing whether the information was
important from the car owner perspective and critical from the car rentee per-
spective. This process was supervised by asking for more detailed information
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Table 9: Participants

and promoting group discussions. The results were then used as inspiration
cards in the individual interviews.

Because privacy and information disclosure may conflict in IoT-based trust
systems, this study took perspectives of both rentees and car owners into ac-
count. As a first step, the new possibilities for data collection in cars were
explained. Each participant then divulged from the perspective of a car owner
what information about the car rentee or the journey s/he would potentially be
interested in. In the second round, each participant then took the perspective
of a rentee and explained what information s/he would be ready to disclose.
In both rounds, the participants were stimulated to think out loud and explain
the respective motives more exactly.

Twenty-three people participated in the study, (average age 35 years), of
which 26% were female and 74% male. The high male share in the study
is justified due to the higher interest of men in carsharing and the sample cor-
responds to the average carsharing user in Germany [306, 557]. Table 9 shows
the participants of the focus groups and the individual interviews. The first fo-
cus group consisted of 6 experts (3 women, 3 men, 20-48 years), researching
digitization and new mobility concepts. In contrast, the second focus group
consisted of 6 students (1 woman, 5 men, 20-32 years) who participated in
this study because of their interest in innovative sharing concepts. The third
focus group consisted of 3 volunteers (3 men, 28-47 years) who were highly
interested in P2P carsharing. Each focus group interview lasted about 90 min-
utes and was conducted in Germany, in German. To allow a better assignment
of the results to the specific participants, we used an abbreviation logic that
can be traced back to a unique person.

For example, F32 means that the statement is from participant no. 2 from
focus group no. 3.
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One weakness of focus groups arises from the possible dominance of indi-
vidual participants and the fact that only socially accepted opinions might
be expressed [589]; rentees or car owners would possibly not express their
real opinions to avoid conflicts. To compensate this weakness, we conducted
additional eight problem-centered individual interviews with car owners or
potential rentees (see Table 9). The transcripts from the focus groups were
initially coded and analyzed to identify first categories that could be used to
set up the interview guideline for the individual interviews. The coding cat-
egories were, therefore, inductively derived from the focus groups, forming
the basis for the individual interviews.

The participants in the individual interviews only took one perspective to
avoid adopting another perspective and thus distorting the result. First, the
participants’ attitudes and usage behaviors towards the car and carsharing
were asked. They were also asked whether they had already lent or borrowed a
car once and what the context was. These questions enabled us to gain insights
into participant experience with carsharing. Cards were prepared with infor-
mation examples from the focus groups, and these cards were then discussed
individually with the participants, who were asked to comment on them. Each
individual interview lasted about 60 minutes and was also conducted in Ger-
many, in German. Here, too, all interviews were transcribed and analyzed in
line with Mayring [407] [34]. All authors coded the interview transcriptions
independent of each other and then combined their analyses to form a joint
final set of categories.

10.4 Findings

Through the transcript coding, patterns and argumentation approaches were
identified and used as categories for the findings. These include the differ-
ent types of information, the classification of information, the situatedness of

information, and the negotiability of information. In this section, we explain
how these categories arose and demonstrate the findings using anchor exam-
ples from the conducted interviews.
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Type Examples

People Driver identification, Driving experience, Ratings, Cred-
itworthiness, Number of passengers, Alcohol measure-
ment, Microphone

State of the
Car

Oil level, Coolant, Brake discs, Tank level, Shock ab-
sorbers, Order and hygiene, On-board electronic mes-
sages, Loading weight, Trunk camera, Engine noise,
Mileage, Media use

Driving
Behavior

Driving style, Speed, Brakeing behavior, Acceleration,
Distance, Consumption, Steering behavior, Lane change,
Clutch, Parking behavior, Dashcam, Kilometres trav-
elled

Special Events
(point of time)

Accident, Border crossing, Speeding, Parking damage,
Fueled the right fuel?, Clocked?, From whom is my car
opened?, Crash record, Rain sensor

Location (time
period)

GPS sensor, GPS route, Does the rentee stick to the
agreed area / purpose?

Misc Aspects of contract law (individual regulations between
car owner and rentee), copies of relevant documents, le-
gitimacy of contract, claims for damages, declaration of
consent /contract

Table 10: Examples of Information Types

10.4.1 Types of Information

First, the interviews showed that the pervasiveness of sensor technology in
connected cars was not clear to participants. Second, participants typically
interpreted collected data in contexts meaningful to them. Only then did data
become meaningful information. Accordingly, the data most relevant for the
interviewees were usually those that they were able to use for gaining relevant
information for sharing a car and its context in assessing trustworthiness (e.g.,
driving behavior for evaluation and decision of re-sharing).

In this regard, we identified six different types of information that were most
important to participants: People, State of the Car, Driving Behavior, Special
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Events, Location and Misc (see Table 10 for related examples). The category
People contains information about the driver or the passengers (e.g., identi-
fication of the driver). Analogously, State of the Car contains information
about the condition of the car, e.g., whether it is in an operational condition
(oil, brakes, shock absorbers, onboard electronics, etc.). The third category
Driving Behavior combines People and Car by including information about
the use of the car from which conclusions can be drawn about both the driver
(e.g., safe or risky driving style) and the car (e.g., heavy wear and tear due
to bad driving behavior). This category also includes the recording of driving
data, which should help to reconstruct the process in the event of a dispute
(e.g., recording of abrupt braking).

The fourth category Special Events represents situation-relevant information
on the occurrence of certain events (e.g., notification in the event of an acci-
dent). While the special events are mainly related to a point in time, the fifth
category Location is to be regarded as a period of time. It provides informa-
tion on the location of the vehicle – in particular with regard to compliance
with agreed limits (e.g., border crossing, accuracy of tracking) and for other
purposes. Misc includes various information on e.g., the contractual design
(e.g., individual rules among each other) as well as other information not at-
tributable to the previous categories and less often stated by participants.

The information types were derived from information needs of car owners
and can be applied to both user groups. While car owners can determine the
degree of importance of specific information, rentees express the willingness
to disclose it. These categories formed the foundation on which the partici-
pants classified when reflecting on the relevance or sensitivity of the data or
information from the car owner’s or rentee’s point of view.

10.4.2 Classification of Information

Various expressions in our interviews were used by the participants to classify
the relevance of the data from the point of view of the car owner or the will-
ingness to expose it from the rentee’s point of view. The classification was
usually also justified with a purpose, which shows the motivation behind the
information.
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Table 11: Examples for the Classification of Information from the Perspective
of Car Owners and Rentees

10.4.2.1 The car owners’ view From the car owner’s perspective, the fol-
lowing three categories can be derived from the chosen formulations: unim-

portant, conditional interest and important. Sample excerpts from the inter-
views to define the respective level are shown in the left part of Table 11.

The category unimportant was assigned to data or sensors that were not rel-
evant for the car owners, offer them no added value and thus, in most cases,
did not serve as a source of useful information, as P5 argues:

”Trunk camera, what do you need something like that for? [...]
For me that’s not interesting information and I can’t see any pur-
pose in it either.” (P5)

Data was unimportant for the car owners if they could check it afterwards
without difficulty (e.g., smoking in the car), if they could not classify it (e.g.,
trunk camera) or if it represented a too strong interference in the privacy of
the rentee (e.g., microphone):

”I don’t want to hear what they’re saying. That is already surveil-
lance. I wouldn’t like that myself either.” (P6)

Noticeably, when classifying information, the car owner also often took the
perspective of the rentees to anticipate potential privacy violations. Informa-
tion of the category important was necessary for the car owners or at least
aroused a general interest, as part of the process of assessing trustworthiness,
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since it could satisfy specific needs and would support the decision process in
many cases. Such information especially included data leading to perceived
safety-relevant aspects and creating potential personal and legal advantages.
Above all, the GPS position was mentioned in this regard:

”I find GPS position very important that you know where the car
is at all times. Simply for safety.” (P5)

Similarly, the identification and authentication of the driver were often asso-
ciated with a sense of security regarding theft and handling of the car:

”Important for me is also regarding the contract and legal data or
theft, a kind of face recognition: Is the rentee really the driver?”
(F21)

Furthermore, many respondents also found the driving behavior to be very
important, mainly for assessing the rentee and thus to avoid possible disad-
vantages in the future.

”[Driving behavior] would be exciting for me, [...] to perhaps be
able to say afterwards that I no longer want to share my car with
this user. Because he brakes too abruptly or something like that.”
(F11)

With conditional interest, the participants often argued for including data that
were not always and inevitably relevant but had an informative character,
mainly in certain situations, or were just interesting and not of great necessity
to the car owner. The negotiable sources of information mainly consisted of
information that simplifies the carsharing process by making it no longer nec-
essary to carry out checks (e.g., state of the car when the car is returned) and
information that is available in the case of certain events (e.g., accident, park-
ing damage, etc.) and contributes to solving those issues. This information
can preserve evidence and thus aid in obtaining legal advantages.
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”Finally, I just want a report when [the rentee] returns the car to
me. Clutch, engine, all things concerning the car that are abnor-
mal, I want to be told. To check after the rental, so to speak.”
(P7)

”[...] if an accident occurs, to know [by an accident sensor] who
caused the accident and thus to be able to settle questions of com-
pensation.” (F25)

10.4.2.2 The car rentees’ view From the rentee’s perspective, three levels
can also be distinguished: disclosure, conditional disclosure and rejection.
Examples of allocation into these categories can be seen on the right-hand
side of Table 11.

The disclosure category includes data that rentees consider non-critical and
that could not be used to generate personally identifiable information. Often
the disclosure was justified here, usually by taking on the car owner’s view.
Rentees generally released data in which they could not identify any personal
reference (e.g., weather) or through which they could obtain advantages, ei-
ther individual (e.g., better driver service) or legal (e.g., legal security). How-
ever, even in some specific cases, they showed an understanding for and were
willing to release certain data with justified interest on the part of the car
owner.

Information in the rejection category is not disclosed under any circumstances.
There was a strict refusal and no understanding of the necessity or relevance
of disclosure. We mainly experienced rejection for the disclosure of per-
sonal information when the participants felt monitored by the car owner (e.g.,
microphone, indoor camera) without meaning or perceived added value for
themselves and/or the car owner.

”[Microphone] is a no-go, also for legal reasons, especially in a
car when you think that you can have a conversation in a private
room, and someone listens to it.” (F32)

”You can find out a lot about the individual user [...] if you have
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the route. I don’t see any added value in having a detailed route,
so I wouldn’t provide this information either.” (P2)

Conditional disclosure refers to data in which the respondents saw a sense or
comprehensible reason in the use. The disclosure mostly takes places under
special conditions (e.g., occurrence of an accident) and often when adopting
the car owner’s view, understanding why the information was needed. Some
participants generally replied that they are only willing to share information
once they had added value from it, such as added value to comfort by re-
ceiving a report on their own driving behavior and getting advice on how to
improve their driving skills.

”Whether the vehicle and the windows are locked, I find [also
from rentee’s point of view] very interesting for the protection
for both sides.” (F15)

In the case of personal data, conditional disclosure only took place for special
events (e.g., driver identification via camera in the event of an accident) and
with an underlying meaning or an individually comprehensible request from
the car owner.

”In the event of a dispute, data can be used to create clarity. [...],
such as driver identification, in the case of personal rental and,
for example, in the event of an accident.” (F16)

Also, when disclosing information was advantageous for the rentee (e.g., eco-
nomic advantages) or mutually advantageous (e.g., legal advantages), rentees
often considered accepting disclosure as it was in their own interest, too:

”Assuming I’m not guilty, you should consider making [the recorded
crash] directly available to the car owner.” (P2)

However, as P2 states, willingness to disclose information in this case de-
pended on the desire of being free of guilt, which, if disclosure was to be
made part of a contract, could obviously not be ensured as setting up the con-
tract would be prior to any possible incident and thus to any question of guilt.
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10.4.3 Situatedness of Information Needs

When rentees argued for or against a piece of information, they often added
conditions under which they were either willing to disclose or not disclose that
data. Our analysis revealed several dimensions in the context of conditional
interest on the car owner side and conditional disclosure on the car rentee
side. Whether data was interesting for the car owner or not often depended
strongly on the situation. Many pieces of information (e.g., driving behavior)
played a role before the contract to be able to assess with whom the car should
be shared in the first place. During the rental, most of the data would only be
of importance to the car owners were an exceedance or emergency to occur
(e.g., rain sensor, loading weight, crash sensor), as F11 states:

”As long as it remains within certain parameters, this is not in-
teresting for me, but if it moves beyond that, it becomes relevant
for me or can become relevant for me, depending on which data
it is.” (F11)

Setting corridors similar to geo-fencing was a major theme for such data. On
a similar note, some data were only important in the case of extraordinary
events, e.g., to recreate context or driving behavior in the case of an accident:

”[The rain sensor is] a one-time piece of information that only
helps me when an accident or something has happened, as evi-
dence.” (P8)

From the rentees’ perspective, certain kinds of data, such as door lock status,
were similarly perceived as a way to prove conditions or behavior.

”[Checking if windows and doors are closed:] So, if I can free
myself from an accusation, it would be ok, but just to satisfy his
curiosity it would be a no-go.” (P1)

The quote highlights the relevance of the purpose for which data are used to
assess the appropriateness of disclosure. This background information helped
users weigh the interests of transparency versus benefits for both perspectives.
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Purpose Example

Trust-building Evaluations, Creditworthiness, Driver identi-

fication, Driving experience

Prevention Alcohol measurement, Driving style, Lane

change

Detection of abnormal issues

and events beyond the norm

Braking behavior, Speed, Acceleration, Rpm,

Loading weight, On-board electronic mes-

sages, engine noise, Border crossing, Acci-

dent, Parking damage

Legal Individual regulations between car owner and

rentee, Clocked?, Dashcam

Monitoring GPS sensor, GPS route, Does the rentee stick

to the agreed area / purpose?

Table 12: Examples of Information Purposes

”Everything that is used to check the rental conditions is okay
from my point of view. As, for example, the driver identification,
[...]. Likewise, GPS tracking to keep agreed distances. Real-
time tracking is undesirable for me. I’m only willing to provide
the sensor data if I feel that the added value for the car owner is
higher than the restriction of my privacy.” (F16)

Based on our participants’ statements, the use of information can be classi-
fied into three temporal levels: before, during and after rental. In addition,
the situational statements can be used to determine certain information pur-
poses, which are taken up within the following temporal gradations and are
exemplarily shown in Table 12.

10.4.3.1 Before rental Before renting, car owners were mainly interested
in information for decision-making regarding the rentee (e.g., driv-ing style).
Financial interests also came into play (e.g., solvency). In this phase, informa-
tion was primarily used for prevention and trust-building (e.g., evaluations) as
well as for legal purposes (e.g., individual regulations).

”As a car owner, I wouldn’t have to think for myself whether this
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is a good driver; a value or a grade for the respective rentee might
be interesting [to then decide whether to share my car].” (F12)

The rentees were able to identify themselves with the car owners in funda-
mental questions regarding the security needs and thus were often willing to
disclose related data. However, there was also a fine line to rejection when
participants were unable to comprehend reasons for data transfer or whether
it represented a strong perceived violation of privacy (e.g., checking credit-
worthiness, microphone).

10.4.3.2 During rental During the rental period, information about cer-
tain events was of particular relevance to the car owners. In addition to legal
and preventive purposes, monitoring and detection of abnormal issues and
events beyond a perceived norm also played a role. For example, it was im-
portant for a car owner to be informed about speeding, disctance keeping, tail-
gating, or accidents as a preventive measure. A potential rentee commented
on information before the start of driving on the controversial subject of fa-
cial recognition. For him, it was legitimate for a one-time authentication to
address the car owners’ needs for security:

”The owner may want to use this against abuse. That, whatever,
once at the start of the trip or if one starts the engine, that the face
is identified.” (P2)

In case of an event, the car owners wanted to collect evidence for legal pur-
poses (e.g., in the event of an accident or parking damage via a dashcam).
With some car owners, this even turned into a constant desire for monitoring.

”[The recording of the accident on a dashcam is important] for
me to have proof that the driver is to blame or not. Well, that’s
easier to clarify then.” (P6)

After the occurrence of an event, the car owners were also concerned with
clarifying the facts as well as preserving evidence and ad-hoc notifications so
that they could react directly in the case of events beyond the norm.
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”[...], so for me it would also be important whether [the rentee]
was caught by speed trap, [...]. So that I don’t find out later.”
(F26)

Most rentees reacted with understanding and offered to provide information
under certain circumstances.

”[A parking damage sensor] I’d say for insurance, to prove after-
wards the innocence, why not?” (P1)

With regard to a detection of abnormal issues and events beyond the norm,
some car owners wanted to be informed about the load weight to check whether
the permissible limit value was exceeded.

”Yes, that’s important, it goes on the shock absorbers and wears
the car out. I would like to have the information if rentees load
my car too heavily.” (P8)

The rentees made only a few comments about disclosure during a situation;
overall, “live data” was perceived as monitoring and mostly rejected. The
participants’ stances became most clear in the case of video monitoring but
could generally be extended to live data overall:

”[interior camera:] I believe it’s not necessary for [the car owner]
to have such a strong intervention in my privacy, which a live feed
from the car would be.” (P2)

Furthermore, spatial-temporal information (GPS) also played an important
role for car owners during the rental period and was often associated with
a sense of security regarding theft. While some owners wanted a live view
on their cars’ GPS, they also were able to anticipate the rentee’s view, which
was more differentiated. Their acceptance depended on manifold factors such
as the purpose the data would be used for. Here, rentees often differentiated
between disclosing a position or a route. Whereas disclosing the position
(especially in the case of an event, e.g., an accident) was sometimes accepted,
providing the route was largely rejected for privacy reasons:
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”Basically, I would have a problem with someone knowing ex-
actly where I am at the moment. But if only the region was
known, for example CITY1, CITY2, [...] then I wouldn’t have
a problem with that.” (F11)

10.4.3.3 After rental After the rental period, the car owners were partic-
ularly interested in information to simplify further processing (e.g., a vehicle
condition report), which aimed to detect abnormal issues, prevent abuse and
build trust.

”I just want to have a report: This and that happened. In the end,
when [the rentee] gives me back the car.” (P7)

The rentees were mostly willing to disclose the required information as they
thought it would also give them an individual advantage if the car no longer
had to be handed over in person.

”I think the fuel level sensor is okay. Also handy for the rentee to
prove whether the car was full up or not.” (F12)

Overall, car owners had the greatest information demands during the rental.
Before and after rental, trust-building and prevention aspects (for further rentals)
were the main focus.

10.4.4 Negotiability of Information

As already mentioned, when classifying information, participants often re-
sponded with “that would be interesting if...” or “that would be okay if...”
and, depending on the perspective, they stated conditions for the interest in or
the disclosure of information. This intersection between the classification of
car owners and rentees we called the area of negotiability, which is shown in
Figure 19.

Analyzing the interviews, we found various conditions with different reasons
behind the conditional information disclosure and conditional interest. Often
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Figure 19: Area of Negotiability

participants argued that they would be willing to share certain information if it
was not to be used for observation, which rentees perceive as a disadvantage.
Some participants also argued that they would also be willing to share sensi-
tive information as long as they had an advantage in doing so. This advantage
could be either financial, legal, or at an individual level.

One participant from the expert focus group explicitly argued from the rentee’s
perspective that the data made available, e.g., in the event of a dispute, should
only be available for 14 days and that all other data should be deleted after the
car has been returned.

“Time-based availability – delete route recording after the car has
been returned. The relevant information should in case of dispute
only be available for 14 days.” (F13)

Both sides often argued that specific information should be tracked to use
it as legal evidence. Some participants answered in general that they would
only be willing to share information once they could see an added value for
themselves such as, e.g., receiving reports about their own driving behavior
and advice on how to improve it. One participant e.g., argued, that he was
willing to share his location-based information for a discount:

“The car owner can track my driving behavior, if I get a discount
for it when I drive properly.” (F21)
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Altogether we can state that every car owner and rentee had an individual
Area of Negotiability and specific conditions. For some it was enough to
have transparency about what happens to their data and when their data will be
deleted. Others do not care so much about their privacy if they are financially
rewarded for disclosing private information.

10.5 Discussion

This qualitative study provides important information on how the increasing
data collection in connected cars is viewed from the perspective of car owners
and rentees, what kind of data collection is perceived as helpful or acceptable
and why. In the following paragraphs, we discuss the main conspicuities from
the interviews and the methodology.

The car owners usually said they would not lend their car to strangers. How-
ever, if people feel that their car is unscathed, if they get it back in good
condition and if something has happened to ensure that they are not stuck
with the costs, then the willingness on the part of the car owner to share the
car increases. A comparison between car owners and rentees showed that car
owners had a strong interest in data prior to the rental in order to generate
legal advantages and avoid disadvantages. This interest is a typical example
of information asymmetry prior to contract conclusion, where the car owner
(principal) cannot assess the properties of the rentee (agent) in advance (hid-
den characteristics) [135, 595, 674].

It was also conspicuous that the group of experts, who were familiar with the
technical aspects of P2P carsharing, did not consider information on driving
behavior to be as relevant as those who were less familiar with those aspects.
Monitoring the route were also perceived as important only in cases of in-
fringements. Above all, rentees often expressed the condition that they did
not want to be disadvantaged or, quite the opposite, they wanted to benefit
from sharing their data.

Regarding the situatedness of information, it became apparent that, in addi-
tion to the temporal classification in before, during, and after rental, there
were also distinctions in the argumentations between real-time transmission
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of information (push notifications) and the manual retrieval of information
before, during, or after rental (pull information). Some information needs
real-time notifications, e.g., if the rentee travels beyond an agreed zone, while
other information is sufficient simply on request, e.g., the tank level.

Another interesting argument with regard to privacy from the rentee perspec-
tive was that the sensitivity of individual information was often harmless as
long as that information was isolated. When, however, different information
about a rentee was aggregated across providers, so that very precise profiles
could be created about individuals, that aggregated information can, in the
wrong hands, certainly lead to problems. Being able to identify where exactly
and at which time a person was and what this person did at this place could
lead to social scoring and would be a strong invasion of privacy.

Altogether our findings show that privacy concerns depend on the appropri-
ateness of purposes, which confirms previous findings of other privacy studies
[290, 289, 357, 457]. However, the results do not apply to all settings in the
sharing economy. They can particularly be transferred to valuable goods such
as holiday apartments. Our findings show that information needs are strongly
dependent on the context. As an example, the risk of a substantial financial
loss (theft/accident) is a valid reason to demand information to build trust. In
the next sections, we focus on the derived design principles.

10.5.1 Building Trust: Before, During and After Use

Several studies have shown how current reputation systems aim to build trust
prior to use [188, 278, 301, 345, 392]. For car-sharing, IoT-based reputa-
tion systems have the ability to build trust through monitoring driving behav-
ior. The data-based mechanism to support trust building also during and after
the journey was positively received. The interviews showed that participants
could quickly express basic needs, especially from the car-owner perspective,
to acquire data during use (“Where is my car? Is it alright?”) and after use
(“Are there any unusual incidents? Has it been refueled?”).

The traditional approach to building trust before use can thus be extended by
information during and after use. Studies analyzing extended access control
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[608, 609] came to similar results. However, when trust is defined as it has
been in this paper, receiving that type of information (during and after use)
means that the situation is no longer a question of creating trust since there is
some kind of monitoring and control. Sensored data that has been recorded
during and after use could be aggregated and published as a Driving Score
on P2P carsharing platforms, as suggested by some of the participants, and
thus serve as trust-building assist in later decision-making e.g., when accept-
ing a rental request. Furthermore, a positive spillover effect seems plausible:
knowledge of the better possibility of controlling the goods during and af-
ter use creates trust in advance and increases the willingness to share a car.
However, this positive effect on the sharing economy must be understood and
quantified more precisely.

10.5.2 Principle of Data Economy and Proportionality

From the rentee’s perspective, it has become clearer that participants tend to
prefer a data economical variant. But even from the car owner’s point of view,
the participants were not very interested in the details of what the rentee was
doing in the car or in knowing where exactly someone was.

In this context, foreseeable privacy concerns of potential rentees were already
considered so that excessive accuracy in, e.g., location monitoring was ob-
solete. From the rentee’s perspective, the data in particular were harmless
as they were already being recorded (e.g., mileage, fuel level, etc.) and sup-
port the car owner with the follow-up check through digital information. The
other extreme was the camera in the interior of the car, which was classified
as a strong invasion of privacy. Car owners showed little interest in too much
information and only considered driver identification to be useful.

An important guideline should be the principle of proportionality. All partici-
pants acknowledged the car owners’ interest in getting the car back in time and
undamaged. The findings suggest that user acceptance increases when data
collection serves this legitimate interest, which is perceived as proportionate
and data economical. An example of this is the use of location information.
Most participants perceived this information as a legitimate car owner need
for safety, if s/he knows approximately where his or her car is at any mo-



10 TRUST VERSUS PRIVACY 168

ment, especially as s/he could then better assess whether the return would be
delayed, and s/he might therefore have to reschedule. However, the exact lo-
cation of the car was usually perceived as disproportionate, as it is none of
the car owner’s business who the rentee is going to visit. Some participants
therefore suggested that not the exact, but an approximate location should be
provided.

10.5.3 Principle of Reciprocity

Reciprocity is a universal social principle that refers to reciprocity in social
actions [413]. Ridesharing or carpooling, e.g., implicitly expects that the gift
of taking someone along is reciprocated in some way [420]. Our findings
showed that the reciprocity principle is also applied in IoT-based trust systems
on two levels: the sociological and the economical.

On the sociological level, reciprocity is about the mutual adoption of perspec-
tives [413]. This mutuality plays an important role with regard to privacy
[470] and assessing how one is seen and judged by others. Therefore, many
participants wished to see how one is seen by the others through the respec-
tive information. Accordingly, the rentee should be able to get the view of
the car owner. The possibility of taking on the other’s perspective could help
to improve the coordination in unforeseen events, e.g., to find the error in the
event of a breakdown together with the car owner.

At the economic level, reciprocity of information asymmetries is discussed in
how it can minimize the risk of opportunistic behavior and unfair transactions
[19]. In consumer and data protection, this aspect is discussed in relation to
exploiting information asymmetries in the context of dynamic prices. In our
findings, this form of reciprocity was reflected, for example, in the fact that
some participants found the recording of driving data acceptable if it could be
used in a legal dispute about damages. However, this acceptance was linked
to the condition that both parties could access the data equally and only if both
parties had agreed to this beforehand. This protective measure was intended
to prevent unilateral overreaching.
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10.5.4 Principle of Transparency

In an automated evaluation such as an aggregated Trust Score, the adoption
of a perspective also extends to non-human actors. One participant, e.g., sug-
gests “a value or a grade” (F12) that reflects the driving behavior of the
tenants in aggregated form. From privacy literature [671, 694], it is known
that such scores need to be transparent for a user to be able to understand it.
To understand the algorithm driving a Trust Score, the rentee concerned must
put him- or herself in the position of the algorithm and be able to comprehend
its analysis or evaluation. Scoring must therefore be transparent [607]. In the
current consumer and data protection debate, this requirement is reflected in
the demand for transparency for algorithmic decision-making systems. The
interviews have shown that car owners and rentees want to understand how a
driver evaluation works. Instead of, e.g., indicating a non-transparent driver
evaluation, it seems reasonable for comprehensible metrics to be used, such
as number of abrupt braking maneuvers or number of speeding maneuvers,
and to inform the rentees about what measures can be taken to improve their
evaluation.

10.5.5 Principle of Negotiation Support

As our findings show, certain areas of information are negotiable and therefore
this area of negotiability could be considered in the design of an IoT-based
trust system so that the respective actors can negotiate these areas indepen-
dently. Because the area of negotiability differs from participant to partici-
pant, it is also not possible to integrate this negotiability in the initial design
in a P2P carsharing system. As can be seen in the section on situatedness
of information, many data disclosures are linked to conditions that must be
fulfilled for the rentee to disclose the information. Therefore, it is important
to make a system as flexible as possible so that rentees can specify their own
preferences as to which data they are willing to disclose and which not. Fur-
thermore, visible information on what data is collected and for what purposes
could lead to wider acceptance [650]. It is also important to set individual
conditions for the area of negotiability, e.g., that the rentee gets a financial
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return if he or she discloses GPS data, or the GPS data are only disclosed if
an agreed zone is exceeded.

10.6 Conclusion

Connected car technology brings new potentials but also challenges in P2P
carsharing, especially for the question of promoting trust in the sharing econ-
omy. Our findings show that there is a privacy-trust-tradeoff in P2P carshar-
ing since rentees are not willing to disclose all information. However, the
interviews have shown that both parties can place themselves in each other’s
position: Car rentees are willing to disclose more information in exceptional
cases (cf. F16) and car owners respect the rentees privacy to a certain degree
(cf. P6). Altogether four core problems can be identified from the statements
of the interviewed car owners:

• Car Condition: Is my car unscathed? Was there an accident? Will I get
it back in good condition?

• Rentee‘s Trustworthiness: How does the rentee handle my car? What
is his/her driving style? Does s/he take care of the car?

• Is the car used within the agreed conditions? Does the rentee use it
within the agreed area and purpose?

• Do I have all the necessary data when something happens to the car to
prove that I did nothing wrong?

Whereas the following three core statements can be identified for the rentees:

• Why does the car owner need this information? It’s none of the lenders’
business.

• If I have a benefit such as a reduced price, evidence that I am a good
driver, or other added values, I am willing to disclose more information
about my driving behavior.
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• I am willing to disclose the information under agreed conditions that
are transparent to me and relate to the security needs of the car owner.

The interviews have provided important insights into how general principles
of data protection and multilateral security can be applied to the design of
IoT-based trust systems. The overriding maxim should be to support the bal-
ancing of the different interests of the stakeholders. Conflicts due to exces-
sive data collection and one-sided data use should be avoided. To this end,
the principles of data economy and proportionality, transparency, reciprocity,
and negotiation support should be applied. Regarding the limitations, a cer-
tain subjectivity already plays a role in the content analysis. The pool of
respondents also influences the findings. Nevertheless, the results show that
connected car technologies can increase trust not only before but also during
and after rentals for both sides. In further studies, we would like to validate
our findings by quantitative methods in a larger sample.
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11 Trust-Building in Peer-to-Peer Carsharing:
Design Case Study for Algorithm-Based
Reputation Systems

Abstract

Peer-to-peer sharing platforms become increasingly important in the platform
economy. From an HCI-perspective, this development is of high interest, as
those platforms mediate between different users. Such mediation entails deal-
ing with various social issues, e.g., building trust between peers online with-
out any physical presence. Peer ratings have proven to be an important mech-
anism in this regard. At the same time, scoring via car telematics become
more common for risk assessment by car insurances. Since user ratings face
crucial problems such as fake or biased ratings, we conducted a design case
study to determine whether algorithm-based scoring has the potential to im-
prove trust-building in P2P-carsharing. We started with 16 problem-centered
interviews to examine how people understand algorithm-based scoring, we
co-designed an app with scored profiles, and finally evaluated it with 12 par-
ticipants. Our findings show that scoring systems can support trust-building
in P2P-carsharing and give insights how they should be designed.

11.1 Introduction

Over recent years, more and more consumers gave up individual ownership
for demand-based access to goods [222, 317, 358, 455]. Accordingly, busi-
ness models emerge, where consumers simply pay for on-demand access to
goods [684, 466]. Benefiting from this development, carsharing gained public
attention for several years now [434], with 15 million registered users world-
wide in 2016 [570]. In addition to commercial carsharing, peer-to-peer (P2P)
platforms such as Turo or Getaround allow private car owners to share their
car with a previously unknown person [684].

On such platforms, transactions are mostly carried out online, which low-
ers the costs, but increases the anonymity. However, a lack of trust in other



11 TRUST-BUILDING IN PEER-TO-PEER CARSHARING 173

”buyers” or ”sellers” is stated as one of the most frequent reasons for reject-
ing P2P sharing platforms [83, 469]. As a result, transparency, reputation,
and trust are considered essential for the success of the P2P sharing economy
[51, 84, 259]. Trust is typically increased by mechanisms, such as show-
ing self-provided information (e.g. pictures or personal information) as well
as peer-provided information (e.g. consumer reviews and ratings) [57]. Be-
sides, Internet of Things (IoT) information could serve as a third trust-building
mechanism [210, 249, 604, 669, 670, 602]. For instance, the driving behavior
could be monitored by car telematics, which consists of onboard communi-
cation services and applications that communicate and record sensor infor-
mation while driving. The information is then algorithmically processed into
a score. Such insights into the driving behavior could increase trust into the
driving skills of a possible rentee. So far, such information is used and ana-
lyzed by car insurance companies for risk assessment for individual insurance
tariffs [417].

In the context of P2P carsharing, algorithm-based reputation systems could
create an added value compared to peer ratings, since they are based on ob-
jective measures [602]. As the current standard among various reputations
mechanisms in the sharing economy [259, 633], peer-ratings have also been
criticized for various biases [179, 107, 638]. However, it is unclear if users
would trust algorithm-based scores and if it would create an added value com-
pared to peer ratings.

To close this research gap, this design case study [691] examines whether
algorithm-based reputation systems have the potential to improve trust-building
in P2P-carsharing. Therefore, we conducted a pre-study with 16 problem-
centered interviews to find out how people understand algorithm-based scor-
ing (section 3), we co-designed a P2P carsharing app prototype with an alorithm-
based reputation system implemented (section 4), and finally evaluated it with
12 participants (section 5). Our findings show that algorithm-based reputa-
tion systems can support trust-building in P2P-carsharing and give insights
how they should be designed. Our work contributes to the discourse of how
algorithm-based reputations systems in P2P carsharing can be designed to
support trust-building and decision-making for car owners and especially how
the interaction with such systems should be designed to support a trustworthy
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coordination of the user groups and reduce social biases and discrimination.

Our design case study builds primarily on the work of [83] and [602]. The
study by [83] already focused on trust building and the willingness to share
data from the rentee perspective and showed that the willingness to share data
exists in the form of an area of negotiation. This paper puts a larger focus on
the use case of driver selection based on an algorithm-based score, which is
based on the data from rentees but focuses on the interaction with car owners.
This is intended to address in particular the information assemetry for car
owners and to support a better interaction with the algorithm-based scoring.

11.2 Related Work

11.2.1 Trust-building in Peer-to-Peer Carsharing

As a part of the Sharing Economy [516], the basic idea of Peer-to-Peer Car-
sharing is a joint consumption following the principle ”sharing rather than
owning”. Products are not acquired by the consumer, they only get a tempo-
rary right of use a service or good — normally for a certain fee, e.g., based on
the kilometers driven [51]. For many sharing economy participants, economic
motivations — such as cost saving, reduced burden of ownership, or increase
access to resources — play an important role [243]. Moreover, against the
background of climate change, sharing vehicles becomes increasingly impor-
tant [247]. According to a study by the Ford Motor Company [139] with over
10,000 participants, 55% of respondents in Europe would share their car for a
fee, however, actual adoption is very low [83, 469]. Some studies in the con-
text of P2P carsharing [684, 40, 368, 450] already address findings about user
characteristics and user motivations. People participate in P2P carsharing for
economic (reducing mobility and vehicle costs) and situational-practical rea-
sons (availability, convenience, and flexibility) are mentioned [40, 450]. But
there are also hurdles as sharing a private car via a P2P platform includes the
effort of entering the availability of the car, arranging handover dates and the
follow-up check to see whether the car has been damaged. In addition, there
is the general fear of sharing a car with strangers [684, 571]. In particular,
people often have a personal and emotional bond to their cars [214], which
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increases fear of loss [53], because others might not treat the rented car with
care, cause an accident, or return it late or dirty [83]. P2P carsharing plat-
forms therefore play an important role, because they have a coordinating and
trust-building function between the respective user groups and can digitally
support cooperation between car owners and rentees.

Trust is generally acknowledged to be a multi-dimensional, socio-psychological
construct [259, 630]. Our work relies on the following definition:

”[Trust is] the willingness of a party to be vulnerable to the actions of another

party based on the expectation that the other will perform a particular action

important to the trustor, irrespective of the ability to monitor or control that

other party.” [405]

Since such situations are typical for the sharing context, especially as most
P2P transactions are executed online, trust is of particular importance in po-
tentially risky and uncertain situations where parties are interdependent. Trans-
parency, reputation, and trust are therefore seen as essential requirements
[51, 84, 259], that reduce transaction costs efficiently in social exchanges
[630]. However, it is difficult to build and sustain trust in online interactions
[259, 426]. For this reason, trust mechanisms have been investigated in differ-
ent areas, e.g., social media [517], online shopping [219], but also the sharing
economy [259]. Regarding e-commerce, there are two dimensions of trust:
trust in the seller and trust in the offered goods. In particular, buyers must
trust in the integrity, quality and competence of the seller [219]. As products
or services are usually offered by private individuals in the P2P sharing econ-
omy, users have to trust other peers, the platform, and the offered products
and services [259].

11.2.2 Algorithm-based Reputation Systems via Car Telematics

To address the above mentioned lack of trust in online transactions, reputation
systems emerged as a trust mechanism [630, 188]. The basic idea is that the
parties rate each other, e.g., after concluding a transaction, and derive a trust
or reputation score from the aggregated ratings. The resulting score can help
other users to decide whether to interact with that party in the future or not.
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Thus, reputation systems are incentivizing good behavior, and therefore tend
to have a positive effect on market quality. Reputation systems are related to
collaborative filtering systems [554] as they use the opinions of a community
to help individuals more effectively identifying relevant content from a po-
tentially overwhelming set of choices. Resnick and Zeckhauser [513] give a
functional definition of a reputation system, as it must: (1) provide informa-
tion that allows peers to distinguish between trustworthy and non-trustworthy
peers, (2) encourage peers to be trustworthy, and (3) discourage participation
from those who are not. We can distinguish three different types of informa-
tion that contributes to trust building:

Self-provided information: Peers can provide information about themselves
as well as the goods or services they offer. Repschläger et al. [511] pinpoint
that personal attributes such as name, age, address as well as pictures serve as
trust factors. However, Hanrahan et al. [250] observed that self-provided in-
formation can often lead to the problem of discrimination against peers based
on specific characteristics, such as gender or photo. This problem shall be
overcome by aggregated ratings [602].

Peer-provided information: As self-provided information is often suspected
of being sugarcoated, peer ratings become increasingly common and serve as
a substitute for word-of-mouth recommendations [709]. Consumer Ratings
and Reviews are usually written to either recommend a product or service or
to warn others about it [264, 567]. One common problem is that users tend to
write reviews mostly for products that they perceive exceptionally good or the
opposite [160]. Another problem of peer-provided information such as user
ratings are susceptible to biases [522, 250].

Computational-provided information: This category includes all informa-
tion that is not provided by oneself or other peers, but collected by elec-
tronic devices, e.g., sensors in smart home environments [630]. The benefit of
computational-provided information is that they are not collected manually, so
there is no additional effort for users. Secondly, they are based on automat-
ically generated measures and therefore are more difficult to manipulate by
users than self- and peer-provided information (or at least it requires an addi-
tional effort). Additionally, computational-provided information could solve
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the problem of only rating those products or services that were perceived very
good or very bad.

Telematics can enable new forms of trust building [83] by, e.g., enabling as-
sessments based on quantitative real-time data on driving behavior. Such sys-
tems can be described as the use of technical devices for the identification,
storage and/or processing of computational-provided information which are
interconnected by means of telecommunication systems [670]. The term is
often used synonymously with car telematics and thus, Connected Car tech-
nologies. Connected Car technology enables numerous driving and environ-
mental data to be captured by sensors and processed into valuable information
via the Internet [603]. This possibility offers the potential to protect reputa-
tion systems from manipulation and to stabilize user trust in evaluations and
transactions [457, 514, 680, 602]. In addition to integrated sensors, telematic
solutions can also be implemented in vehicles via telematics boxes, dongles
or provided by smartphone apps [238, 357, 424, 594, 277, 249]. In P2P car-
sharing, such technologies could enable a condensation of the driving charac-
teristics to a score that can lead to an overall rating. The rating represents the
potential risk of a rentee using the vehicle and can therefore increase trust to-
wards rentees with a better score [630, 188, 457, 629]. Looking at the specific
domain of car insurance, the basic idea is to record acceleration and position
with the help of sensors while driving to detect, e.g., speed violations, brak-
ing, mileage and traveling direction and to use this information to assess risk
of a person’s driving behavior [393]. The fee then expresses the insurance
company’s confidence based on the risk assessment that the policyholder will
not suffer an accident [164, 521].

However, an algorithmic bias can also occur here, which penalizes users with
a driving behaviors that do not correspond to the ”algorithmic imaginations”.
Due to the fact that it is almost impossible for sensors to gain an overall un-
derstanding of specific traffic situations, computational information should be
more flexible in analysis to reduce the ”practice of bias” [288, 23]. Rouvroy
calls this phenomenon the algorithmic governmentality, which operates with
infra-individual data and supra-individual patterns without, at any moment,
calling the subject to account for himself. Furthermore, Rouvroy has intro-
duced the term ”data-behaviourism”, which according to him is the widest
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possible zone of indistinction between reality and the world. Because of the
representation of the world based on data, it becomes difficult to criticize con-
clusions based on algorithms, because data are usually described as objective
and neutral. This bias may disadvantage individuals who, for good reasons,
violate or are unaware of the algorithm’s rules [527].

11.2.3 System Intelligibility and Accountability

The relevance of comprehensible systems can be seen in the increasing amount
of work in the area of system intelligibility and Explainable AI [2, 395, 616,
680]. Due to recent advantages in Machine Learning (ML) and Artificial
Intelligence (AI) we increasingly see automated algorithm-based decision-
making in digital technologies. Nevertheless, it is a fundamental challenge
to design these technologies intelligible and accountable such that people
can understand the information and feel empowered [2]. There is already
related work in interpretable, fair, accountable, and transparent algorithms
[514, 149, 354] in the AI and ML as well as HCI communities. The European
Union approved a data protection law [228, 491] that includes a ”right to ex-
planation”. Users are often not explicitly informed about the information they
see and algorithmic decision-making systems typically do not provide visi-
bility into how the technology works [437]. While transparency on the one
hand is necessary to improve collaboration between humans and algorithms,
missing transparency on the other hand is a risk, if humans have difficulties
figuring out how the systems reached their decisions [97]. Therefore, ex-
plainability is needed for collaboration and is related to interpretability and
justification [63]. Systems are interpretable if a human is able to understand
the reasons for the decision, ”justification explains why a decision is a good
one, but it may or may not do so by explaining how it was made” [63]. An
explanation is important to support users to understand, what outputs the sys-
tem is supposed to produce and recognize mistakes or errors [504]. While
empirical studies showed ”the importance of explanation to users, in various
fields, consistently [...] that explanations significantly increase users’ confi-
dence and trust”, current AI and ML systems are weak in this area [63, 98].
Positive examples are rule-based models such as decision trees, which are
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easy to understand in contrast to most types of complex neural networks. In
particular, the reduction of complexity plays a crucial role here [569, 354].
Since rule-based algorithms are more comprehensible in contrast to complex
black box models [310, 276, 33], the specification of individual preferences
and norms regarding reputation systems can support a Human-Algorithm In-
teraction [686, 556].

11.3 Empirical Pre-Study: Understanding Algorithm-
Based Reputation Systems in P2P Carsharing

The aim of the pre-study was to 1) understand how people imagine the func-
tioning and derivation of an algorithm-based score on driving behavior en-
abled by telematics systems (Driving Score) in terms of what information is
needed and how it is processed to a score, and 2) to derive first design im-
plications for an artifact, integrating the users needs and perceptions in the
context of P2P carsharing.

To address our research goal, we choose a qualitative research approach. The
semi-structured interviews lasted about 45 minutes on average. An interview
guideline was used to narrow down the subject area and to create a structure
for the interview process. The interviews started with a description of P2P
carsharing and the principle of telematics solutions as an introduction. Alto-
gether, the interview questions can be divided into three categories. The first
category consisted of questions on which data should be collected for scor-
ing driving behavior. Furthermore, the interviewees were asked to explain
their understanding of a Driving Score and how they think it works. In the
second category, design aspects of a algorithm-based score were examined.
We presented four different profiles of people who would like to borrow a
car (translated from German) (see Figure 20). However, the order in which
an interviewee responded to the questions was flexible, which allowed the
interviewees to deal with topics that seemed more important to them. This
procedure enabled the interviewer to lead the conversation by asking specific
questions without interrupting the flow of the conversation [320].

The study was conducted in Germany with a sample of 16 participants (P1-
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Figure 20: Different Driver Profiles Presented to the Participants – A Driver
Profile Consists of a 1) Picture of the Person, 2) Name, 3) Age, 4) Driving
Score, 5) Kilometers driven, 6) User Rating, and 7) Number of User Ratings

P16), that was recruited through personal contacts. Seven participants were
female and nine were male. The mean age is comparatively young (33.8
years in a range of 22-64 years), since the young generation is the main target
group for carsharing platforms [383]. Moreover, our sample covers a broad
variety with regard to Telematics Experience, Tech Affinity, and experience
with car-or ridesharing. For the analysis all interview were recorded and tran-
scribed. The analysis itself followed the procedure of thematic analysis [86].
Here, two authors coded the transcriptions independent of each other using
MAXQDA5, and combined the resulting code system collaboratively [58].

11.3.1 Understanding of an Algorithm-Based Reputation System

At the beginning of each interview, we started with the question of how people
understand the computational logic of an algorithm-based reputation system.
Since many participants found it difficult thinking themselves into an algo-
rithm, we asked them to put themselves in the position of a co-driver and
evaluate driving behavior from their perspective. This led to a list of mea-
surement criteria, which were associated with the term driving behavior. This

5MAXQDA is the world-leading software package for qualitative and mixed methods
research. (https://www.maxqda.com)
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discussion also revealed different levels that could be used to classify the mea-
surement criteria (see table 13). While some of the mentioned measurement
criteria are on a technical level and more easy to capture and process into a
score (e.g. braking), other criteria are more norm-based and thus require an
aggregation of several factors to enable an evaluation.

Table 13: List of Categories of Measurement Criteria of a Driving Score

N
or

m
-b

as
ed

M
ea

su
r e

s

Speeding Behavior ”[...] speed in relation to traffic rules, [...].” –[P8]

Pull-Out and Over-

take Behavior

”[...] or if he drives on the motorway, that he does

not swing out quickly and then go back into lane

again. Simply a dignified driving style I would say.”

–[P11]

Cornering Behavior ”[...] how fast he might take a turn?” –[P8]

Driving Indications ”[...], do you put the turn signal on properly?”

–[P16]

Being Attentive ”Do you pay attention to several things at the same

time, such as, e.g. cyclist, train and others.” –[P16]

Uniformly Driving ”If you now take the shortest route, with side roads,

then you brake frequently and shift a lot.” –[P14]

Road Traffic Regu-

lations

”[...] then whether the driver complies with the reg-

ulations or observe the signs.” –[P4]

Holding Distance ”How close does he get to the front car?” –[P5]

Te
ch

ni
ca

l
M

ea
su

re
s

Braking ”[...] abrupt speed reduction, meaning something

like a brake.” –[P15a,b,c]

Steering ”[...], probably also jerky movements from the steer-

ing wheel.” –[P1]

Acceleration ”So, there’s no abrupt acceleration and decelera-

tion.” –[P14]

Often the interviewees oriented themselves to the road traffic regulations with-
out thinking about the technical feasibility. This can be seen in quotes such
as: ”Do you put the turn signal on properly?” –[P16]. The first part of the
quote can be answered with yes or no. The second part, however, contains
the word ”properly” that is known when, where, how long and how often you
must indicate a turn. Here the term ”properly” has obviously already been in-
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terpreted as correct or in conformity with the law. The quote can be related to
the following factual context: The flashing light must be set several seconds
before the start of changing the direction or lane. The setting of the signal is
accompanied by a shoulder check and a look at the mirror in the direction,
which is to be taken. These activities are to be regarded as road traffic regu-
lations. Most participants created a fictitious situation in which they gave an
example of how they imagine an evaluation while driving. In most cases, the
participants chose the criterion speed for their use cases:

”Well, I would pay attention to how fast they are and what speed
is allowed on the respective road or motorway and then I would
pay attention to whether that was adhered to. So ±10 kilometers
per hour are okay, but I would make sure that the driver follows
the traffic signs.” –[P4]

As previously stated, most situations referred to already interpreted factual
contexts. One connection, e.g., was that there are certain rules to which speed
must be aligned. If the driver doesn’t follow the rules, a consequence can
be expected. Additionally, it is interesting that the interviewees also spec-
ify tolerance ranges for rule-based reference values. In the above example, a
tolerance of ±10 kilometers per hour was specified despite compliance with
traffic signs. Consequently, it can be assumed that reference values in con-
junction with the categories of measurement criteria mentioned (according to
human understanding) serve the algorithm as a basis for evaluation.

The measurement of the driving behavior in terms of speed was mostly de-
scribed with words such as ”above” or ”below”, ”good” or ”bad”, without
explicitly naming the reference values. There are, e.g., no reference values
for the ideal number of changes of direction while driving in the traffic regu-
lations. Trying to represent the statement in a score would favor drivers who
drive straight a lot in contrast to drivers who must turn more often. Whether
this supports trust in carsharing and result in a realistic Driving Score remains
to be discussed. In order to be able to calculate the values of the deviation,
the factors must have a uniform unit of measurement. Most respondents stated
that the resulting score should be an average value of driving behavior [P7].
Further, a weighting of criteria was desired by our participants.
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”But I would also like the weighting to be shown to me. What is
actually weighted the most or is all weighted equally? Or what
the most relevant criterion is. Then I could understand what the
score tells me at the end.” –[P1]

The statements on the weighting of the criteria for the driver evaluation varied
in the interviews. Each participant has own preferences of weighting criteria.
Some participants also mentioned a kind of knockout variable, which alone
caused the score to drop considerably. Participant 3, e.g., stated ”everything

that exceeds 10 % above the speed limit is not okay”. But only when the com-
position and the weighting are transparent, the score becomes understandable
and able to build trust. In addition to the information which criteria are in-
cluded in a Driving Score, participants questioned how strongly these criteria
affect the final score. The participants wanted to know how each individual
value is considered in the overall score.

”I would like to break the score down and see the individual pa-
rameters.” –[P1]

11.3.2 Perceived Potentials of Algorithm-Based Reputation Systems for
Trust-building

In the following, we aim to show what potentials of algorithm-based reputa-
tion systems our participants perceive and how these can support trust in P2P
carsharing. As already mentioned we presented four different profiles of fic-
titious car rentees (see Fig. 20) to our participants and asked them to choose
a profile and explain their decision. What was striking about this question
in the interviews was that the majority based their selection on the Driving
Score and only paid secondary attention to the user ratings. In total 8 out of
16 participants stated that they consider both, the Driving Score and the user
ratings in their decision, with a tendency towards a higher weighting of the
Driving Score. Six participants made their decision only on the Driving Score
and only two participants relied on the user ratings. It was possible to get an
impression of when a score was considered ”positive” or ”negative”. Basi-
cally, we found many different perceptions of ”trustworthy” scores. Often,
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the values were compared with the ratings of hotels. The participants didn’t
state an explicit score, from which a positive or negative impression of the
rentee arises, but ”5.2/10” was called ”not decent” –[P10]. When select-
ing the profiles, the participants often paid attention to how many kilometers
the person had already driven. On this basis, respondents determined how
reliable the Driving Score appears [P1]. One of the participants found 500
kilometers driven to be a good basis for the validity of the Driving Score [P1].
Whereas the indication of 177 kilometers was often perceived as not much,
but sufficient enough [P10].

Various benefits could be found for the use of algorithm-based scoring for
the evaluation of driving behavior. For example, algorithm-based evaluations
were perceived as less manipulable [P2]. The respondents described them as
more accurate and neutral [P10, P15]. According to Participant 5, personal
evaluations are difficult to quantify and do not have a fixed evaluation scheme.
Some of the respondents argued for a combination of both information:

”I think a general score should perhaps consist of both things
and not be divided generally [...]. Perhaps, the user rating can
contribute to a certain extent to completing the Driving Score.”
–[P3]

In this context, the reference to reality was emphasized. This factor was often
mentioned, which is why the respondents demanded personal evaluations in
addition to the algorithm-based scoring. An example of this was a situation
where a driver is on the acceleration lane and has to accelerate quickly to drive
onto the motorway.

”If the Driving Score encourages you to drive safely, I think it’s
really cool. But if you had to accelerate because you’re on the
acceleration lane to drive towards the highway and two trucks
are on the lane and you’re afraid to accelerate because you just
don’t want to risk your 10/10 score, that’s not cool. So, if you get
too involved into keeping good scores, it could have a negative
effect.” –[P3]
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Since fast acceleration would be assessed negatively, the Driving Score could
incentivize an unwanted driving behavior in some situations [P3], e.g., the
evasion of ambulances, would possibly falsify the assessment [P1]. Almost
one third (5/16) of all respondents stated that the Driving Score must function
reliably and be extensively tested [P10]. The participants expressed security
concerns in the form that the underlying technology must be mature an be
tamper-proof [P1]. Under the premise that the technology is tested and found
to be safe, a score calculated by this technology was described as ”objective”,
”trustworthy” –[P9], and ”fair” –[P15].

”I personally would set the weighting to 70% Driving Score and
30% user rating. Personal rating says it all. There is a subjective
perception behind it. And this Driving Score is actually trustwor-
thy and objective [...] and I can say, okay, these are data-based
ratings, which I can accept without doubt.” –[P9]

As a part of the selection decision, potential biases arose both explicitly and
implicitly. The majority of participants chose the profile with the highest
Driving Score and the most kilometers driven (cf. Figure 20, Christina). How-
ever, especially for those who relied on the User Rating, the profile picture and
age would probably play a major role.

”So the picture, I think that would be good if that would be in
there. So I would know who is driving the car. I think that’s not
completely unimportant, and also the age, whether the person has
had a driver’s license for a long time.” –[P5]

Overall, it can be said that many of the participants see potential in the Driving
Score for their decision-making. However, the score must meet certain criteria
in order to build trust. This includes that it is tamper-proof, has enough data
based on many kilometers driven, and is comprehensible for the users. Some
participants motivated the combination of Driving Score and User Rating.
How a Driving Score can be designed more comprehensible is discussed in
the following section.
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11.3.3 Designing a Driving Score

The results addressed many aspects that have an influence on the design of a
Driving Score. One aspect is the visualization of it. During the interviews, the
participants mentioned various visualization options. These include 1) scales,
2) diagrams, 3) ratios, and 4) other visualizations. In our qualitative thematic
analysis, we counted the mentions of these visualization types and the 10 of
our participants liked the idea of a 10-point Scale for the Driving Score.

”10 is great and 0 is bad. I’d like that, because there’s such a
benchmark, where you can say if a driver gets a 7, [...] you know,
this person drove not perfect, but well enough.” –[P6]

In addition to a scale from 0 to 10, other intervals such as 1 to 5 or 1 to 6,
based on the German school grading system, were mentioned [P7, P8]. As
already indicated in the quote, scales offer a good orientation, because they
are easier to interpret due to the clear graduation between the best and worst
rating.

Diagrams were mentioned a total of 8 times in various forms. One idea was
to create radar charts with all dimensions which impact the Driving Score.
Each dimension represents a part of the net and fills up in a corresponding
direction. The more points a driver reaches, the more this circle fills out [P8].
Another form of representation was a bar chart with a green area, yellow and
red areas [P2], respectively for good, acceptable or bad driving behavior. The
ideas of bar and line diagrams were very similar. Also, a scatter-diagram was
proposed. The scatterplot has a horizontal line on which an average speed
could be plotted. Above the line, points can be displayed at which the speed
was above average and below the line, braking maneuvers would be recorded.
On axis-based diagrams, target and actual lines could be displayed that allow
a direct comparison [P14].

Ratios were mentioned 7 times in total. According to a statements, partici-
pants seem to prefer percentages over star ratings [P1, P15]. This is consid-
ered an advantage for a drill-down function to obtain more detailed results
than a star rating.
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”Of course, you can do a bit more with percentages than with
stars. In particular, I would like to tap it again and see where I
didn’t have the right speed. So just more drill-down options so I
can see more. I would like that with all data.” –[P1]

A general requirement for the Driving Score was that it should be well struc-
tured and comprehensible [P5]. All 16 participants explained that it must be
possible to break down the score that is finally calculated.

”I’d want to know exactly and transparently all the criteria that go
into this score.” –[P3]

Participants propose different forms of visualizations for different criteria. For
example, when assessing the speed, deviations from the average speed were
desired in the form of line diagrams, while for other criteria, such as smart-
phone use, people mentioned an indication in minutes. The respondents do
not want a too complex score as too many factors would reduce the benefit of
a score [P12]. Therefore, they assign importance to a comprehensible listing
of the measurement criteria, but the listing must, nevertheless, be limited.

11.4 Prototyping

Based on the results of the pre-study, an interactive prototype [555] was de-
veloped based on the results of a co-creation workshop. The workshop lasted
about 2.5 hours and included 4 male and 3 female participants between 25
and 65, who are interested in car- and ridesharing. The content and developed
paper prototypes were documented.

The co-creation workshop aimed to embed the findings of the pre-study into a
P2P carsharing app prototype according to the participants’ perceptions. After
introducing the participants to the problem of reputation mechanisms in P2P
carsharing, they received an in-depth briefing on the results of the pre-study.
In the following creative phase, the participants were asked to sketch the app
UI and discuss its computational logic from an end-user perspective. This
phase was supported by the exemplary profiles of Figure 20 pictorially and
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the prepared results in the form of printed power point slides. Furthermore,
printed app icons, diagrams and materials such as pencils, paper and scissors
were available. Finally, there was critical reflection on additional factors.

The final clickable prototype (see Fig. 21) was then designed by the authors
and implemented in Figma. The individual app components and their func-
tions are presented below.

11.4.1 Preference and Individual Norm Settings

Our pre-study participants perceive algorithm-based driving scores as an ”in-

terplay” of various measurement criteria [P1, P10]. However, rule-based sys-
tems have weaknesses in dealing with the uncertainties of the real world [276],
such as rapid acceleration, which in some cases (in reality) are necessary to
get on the motorway quickly. Furthermore, according to [527], the objectiv-
ity and neutrality of sensor data lead to additional hurdles for an algorithm:
If, for example, the sensor used to measure the distance hold contains objec-
tive information (”close object”), but this information is generated by dirt on
the sensor and not by the actual object to be measured, the evaluation may
be objective based on the given data, but this leads to an incorrect evaluation
of the driving behavior. In the co-creation workshop, our participants there-
fore designed a customizable Driving Score to face these problems by giving
the opportunity to set a lower weight to such situations and defining individ-
ual norms, as already mentioned in the pre-study interviews, to become more
aware of the algorithm’s rules.

To allow an adjustment of the Driving Score and therefore a customization,
the participants of the co-creation workshop sketched weighting sliders for
the measurement criteria in addition to a brief explanation, which represent
the preferred weighting (0 - 100%) (see Fig. 21 a). In addition, the workshop
participants were in favor of inserting an example from the pre-study for the
individual norms to show how such a norm could look like (see Fig. 21 b).

In line with the pre-study, the calculation of the Driving Score was consid-
ered to be an average value of driving behavior [P7]. An influence factor is
measured between 0 and 10 and weighted according to individual preference
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Figure 21: Clickable Prototype – a) Exemplary Preference Weighting, b) In-
dividual Norm Settings, c) Home Screen with Requests, d) Exemplary Driver
Profile, e) Exemplary Driving Score Drill-Down, f) Exemplary Trust Score
Weighting
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settings [P15]. Individual norms are modeled as exclusion criteria, e.g., that
every speeding > 10 kilometers per hour leads to an average factor according
to road traffic regulations of 0. The Driving Score thus corresponds to the sum
of all weighted factors divided by their number.

11.4.2 Home Screen

After participants have set their preferences and individual norms, they are
redirected to the home screen (see Fig. 21 c). The workshop participants
mainly designed their sketches based on the exemplary driving profiles pro-
vided, as these closely resembled a real app. Further, the home screen show
four exemplary driver profiles, which clearly display the profile information of
the potential rentees. The home screen is designed to simulate a real decision-
making situation in which the participants of the evaluation interviews had to
choose a profile. To obtain more detailed information about a potential rentee,
they should independently outline their motivations and click on the driver
profiles.

11.4.3 Driver Profiles and Drill-down

To improve the intelligibility the participants of the pre-study, as well es the
participants of the co-creation workshop discussed various types of visualiza-
tions for the Score, such as scales, radars or ratios. Radar visualizations were
chosen for a deeper understanding of the composition of the algorithm-based
Driving Score. With regard to the pre-study, a Driving Score should therefore
offer the possibility of obtaining not only the initial information of the Driving
Score, but also further visualizations for a deeper analysis. In the sketches of
our co-creation workshop, as well as in our prototype this was realized by dis-
playing the score within the Driver Profile (see Fig. 21 d) and visualizing the
measurement criteria of the score in the form of a radar chart (see Fig. 21 e).
In addition, an overall Score was desired as a composition of the algorithm-
based score (Driving Score) and the (average) peer-provided rating [P9]. For
reasons of differentiation, we named the combined score Trust Score, which
is an combination of the Driving Score and the User Rating (see Fig. 21 f).
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The participants of the co-creation workshop stated that the drill-down of the
Driving Score in the form of the radar chart (see Fig. 21 e) should be option-
ally accessible in the sense of the evaluation by an info button. This should
show whether the participants of the following evaluation show interest in it,
or ignore this information from the beginning.

11.5 Evaluation: Impact of an Algorithm-Based Reputa-
tion System in P2P Carsharing

The evaluation aimed to discuss the design and suitability of the algorithm-
based reputation system in the form of the Driving Score in a scenario-based
decision-making situation. The main focus was on the setting of individual
preferences and norms for interacting with the algorithm of the Driving Score,
the perception of the Driving Score and the user rating for the selection of the
vehicle renter, and the relevance of drilling down the Driving Score and Trust
Score. Furthermore, it became clear in the pre-study that discrimination due
to social bias may occur based on profile information (name, age, gender).
In line with prior research [250, 216], racial, gender and age biases were
simulated to enable a discussion on whether the Driving Score can contribute
to a reduction here. For this purpose, the exemplary profile names (see Fig.
20) were adapted with respect to the names of the potential rentee (see Fig.
21 c).

We conducted interviews with 12 participants (E01-E12) aged between 18
and 56 years, which lasted on average 47 minutes. There were 6 female and 6
male interview participants with different nationalities and carsharing experi-
ences acquired through previous contacts of research projects. They followed
a semi-structured interview guide in combination with the use of the click-
able prototype. The establishment of preferences and individual norms, the
selection of the vehicle rental company, and the role and relevance of User
Rating, Driving, and Trust Score were addressed. Finally, with regard to the
investigation of potential discrimination, the (expected) influence of profile
picture, name, age and gender was addressed. After transcribing the recorded
interviews, we analyzed them following the inductive approach of thematic
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analysis [86]. The authors undertook the coding of the interview material
collaboratively [58].

11.5.1 Preferences and Individual Norms contribute to the Understand-
ing of Algorithm-Based Scores

The settings of preferences for the calculation of the Driving Score is per-
ceived as positive by all participants and contributes to a deeper understand-
ing and transparency. Respondents indicate that they can incorporate their
own preferences into the Driving Score, which helps to build trust and accep-
tance. The setting of high values can essentially be related to the perception of
a high risk of accidents and a high level of car wear and tear. The motivation
behind this is primarily based on a lack of trust in potential renters as well as
their own negative experiences.

”I would rate him 100%. If he doesn’t obey the traffic signs, that’s
a danger to my car [...]. It is a matter of trust when I rent my car
to someone.” – [E05]

However, it becomes clear that some respondents already differentiate here
according to rules and norms, which is consistent with the results from our
pre-study. These norms result from the reference to their own driving be-
havior or from the perception that an algorithm-based score should not be
too restrictive in some situations. These situations are categorized by some
participants as speed-related or weather-related.

”He is supposed to stick to the speed limit but he can also speed
10 to 15 km/h too fast but only on the highway. In a 30 zone he
should drive 35 at most.” – [E05]

The setting of low values is exclusively based on the orientation to own driv-
ing behavior or the assumption that the algorithm-based score does not rec-
ognize certain situations fairly. This finding supports the results from our
pre-study that most people allow a tolerance range as a norm-based approach.
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”That’s okay, if it stays within a certain range, e.g. 10 km/h
faster.” – [E08]

Based on our prototype, participants state novel ideas for a better understand-
ing of the algorithm’s processing of high or low values. For example, this can
be achieved by a clear description of the adjustable levels as feedback on how
the algorithm will interpret the respective setting.

”I would like a little bit more explanation about the impact when
I change between 0% and 100%. E.g. for speed and 0% it could
say ’Speeding violations are not taken into account at all’ and
for 100% ’From 5 km/h faster there is a penalty, the higher the
violation is.’” – [E12]

The participants argued that the definition of individual norms should be as
intuitive as possible. Using the example of speeding violations, it is discussed
whether a percentage or an absolute speed deviation divided into speed zones
should be specified. According to the participants, a percentage figure offers
too much room for higher violations.

”I would say that 5-8 km/h is still okay, between 8-10 km/h is
borderline and above that it is negative in town. There would
have to be a certain realism here. At some point, however, it
becomes too cumbersome for the user to configure.” – [E10]

In addition to the setting of individual limits for speeding, the specification
of a maximum speed, a maximum consumption, and the maximum number
of previous accidents are also desired. Overall, two participants mentioned
a final summary of the preferences set in form of a persona, which is char-
acterized by comprehensible descriptions and could serve as a filter for pre-
selecting requests.

”I would like to have a kind of persona at the end, which repre-
sents the characteristics of the driver corresponding to the defined
preferences. So as a summary: ’He always keeps to the speed
limits’, ’Almost always uses the turn indicators’, etc. You could
then use it as a filter or see if there is something to adjust.” – [E12]



11 TRUST-BUILDING IN PEER-TO-PEER CARSHARING 194

11.5.2 Support for Decision-Making and Trust-building

Before participants look at the ratings, some already make a pre-selection
based on age or gender. In the second step, they take the Driving Score and
the User Rating into account, which they mostly assess in combination with
the kilometers driven and the number of ratings as supporting parameters. At
this point, some of the participants deviate from their pre-selection by age or
gender. This is mainly due to the Driving Score, which distracts the partici-
pants from their initial thought and makes them think about the relevance of
social factors and driving safety.

”Okay, then I would actually rather, [...] funny, I actually didn’t
look at the women at all, although Fatima would fit best, at least
in terms of kilometers driven and the driving score. First I went
through the men and when I look at the women now, I would
actually rather choose Fatima at that point because of her Driving
Score.” – [E02]

Confirming to the pre-study it becomes apparent that the Driving Score comes
to the fore especially among participants who pay attention to driving safety.
The User Rating is predominantly preferred by respondents who pay more
attention to the condition of their vehicle as well as social factors, which are
reflected in cleanliness and reliability.

”At the end of the day, it’s business what I do [...] it’s very im-
portant to me that he drives safely with my car. How he looks or
if he is unsympathetic doesn’t interest me that much.” – [E06]

However, decision-making based on just one score is not enough for most
people. For the proponents of the Driving Score, the Trust Score usually has
a confirming effect on their decision. A prorated weighting of the user rating
is used to ensure that the social component is not completely disregarded.
However, the Driving Score is perceived fairer and is therefore considered
more relevant by them.
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”I think that’s cool that you can weight the preference between
driving score and user ratings again. It hasn’t had too much of
an impact on me now. It had something confirming, because my
decision for Fatima was clear quite quickly. First, because of
the Driving Score and then the Trust Score actually confirmed it
again” – [E01].

Interestingly, the Trust Score contributes to the fact that those who use the
user ratings as a key decision-making parameter are sometimes unsure about
their decision when setting the Trust Score and, by then looking at the drill-
down of the Driving Score, sometimes reconsider and select the rentee with
the highest Driving Score. Because of that some respondents also state that
they first need to build up trust in the Driving Score to determine whether it
matches their individual expectations.

”I’d like to see the radar chart on him again, though. Oh, that’s
significantly worse. I think it’s good to see the individual points.
Now I realize that the Driving Score is more important to me than
the user rating. Han scores worse than Martin in the driving score
factors that are important to me, even though he is older.” – [E07]

11.5.3 Contribution of Algorithm-Based Reputation Systems to the Re-
duction of Discrimination

As seen in the previous chapter, when selecting a potential rentee on the home
screen, some of the respondents already expressed that information such as
age or gender played an important role for them. Here it also became clear
that the Driving Score can lead to a change of opinion.

”I think at first glance you can already see all the important info.
Of course, male, female. I don’t lend my car to a woman then.” –
[E02]

When asked explicitly what influence the name had on their decision, most
participants stated that it did not play a major role for them. Nevertheless,



11 TRUST-BUILDING IN PEER-TO-PEER CARSHARING 196

three participants said that they were prejudiced against foreign-sounding
names. However, two of them finally adjusted their decision based on the
Driving Score and chose Fatima.

”Yes, with Han I already paid attention to the age and Fatima,
sounds bad now, the name first struck me negatively. And with
Han, too, that’s why I was looking at Martin first. But I have now
chosen Fatima. For decision making after analyzing the Driving
Score, it wasn’t so relevant.” – [E08]

When asked whether the participants could generally imagine that a (foreign-
sounding) name could play a role for other car owners, all referred to its dis-
criminatory effect. Mostly reasons of antipathy, stereotypes and language
problems were mentioned. The influence of a profile picture also stood out
here.

”I think with Fatima, many have an image in mind. An older lady,
55 years old with a headscarf and reserved. But if you have a pro-
file picture now of Fatima standing in the middle of life, without
a headscarf, who you find likeable. People would certainly not
pay so much attention to the name if the picture is appropriate.”
– [E09]

Opinions are divided on the suitability of the Driving Score for reducing dis-
crimination and social bias. On the one hand, respondents find the Driving
Score objective, which they see as an advantage over user ratings. In addi-
tion, the Driving Score’s assumed objectivity may minimize discrimination
against potential rentees by age or gender, as it creates transparency regard-
ing driving ability. This was also reflected in the decisions made, which were
predominantly motivated by the Driving Score.

”[...] with an older woman, where you now assume that she
doesn’t drive so well anymore, but then you see the Driving Score,
which can also be weighted and you can look at the assessments
of the specific parameters, that definitely convinces you other-
wise.” – [E04]
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On the other hand, the Driving Score reaches its limits in case of discrimina-
tion based on name or profile picture if it is racially motivated. In the case
of prejudice, however, looking at Driving Score or Trust Score could possibly
reduce it.

Some participants also expressed suggestions to better design the driver pro-
files to counteract discrimination. It was suggested that the important infor-
mation, such as the Driving Score and the User Rating, should be visual-
ized larger and that the discriminatory factors, such as name, age and gender,
should be made smaller to not draw attention to them. Furthermore, only
mentioning the first name is sufficient and a profile picture can be omitted
if the renter is verified on the platform by means of depositing the driver’s
license data.

”So if you don’t show a picture, the Driving Score can definitely
reduce discrimination. [...], so if you only have the first name and
[...] verify the profile through the driver’s license. Then that’s
perfectly sufficient and draws attention to the Driving Score.” –
[E12]

11.6 Discussion

Based on our results from the pre-study and evaluation, we want to discuss
four main findings in regard to an algorithm-based score. These include how
rules and norms can be considered in an algorithm-based reputation systems,
why explainability is important for the understanding and trust-building, why
such reputation systems could reduce social biases and discrimination, and
finally why they are no magic bullet for trust-building.

11.6.1 Algorithmization of Rules and Norms

The findings of our pre-study show that the understanding of a Driving Score
and its interpretation is strongly aligned to the Road Traffic Regulations.
Good driving behavior seems to be the practical compliance to these regu-
lations. Since every driver always must adhere to it, this standard seems to
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automatically serve as a general rule for the evaluation of driving behavior.
Within the framework of sociological institutional theory [112], algorithms
are perceived as elements of social order processes and considered on four
levels. 1) The regulative level serves the implementation and execution of
formal rules, while the 2) normative level evaluates alternatives for action re-
garding their legitimacy. An interpretation and perception of the action alter-
natives and social contexts takes place on 3) the cognitive level. Furthermore,
this concept is extended by 4) a technological level, which ensures that so-
cial expectations and rules are reflected, transformed and further embedded
in the algorithm [217, 218, 688]. Such a differentiation can be found in our
pre-study results, as well as our evaluation. From the user’s point of view, the
regulative and normative level stands out in particular. For example, many
participants judge regulative, so that in the event of rule violations in the form
of exceeding or undercutting – which are usually measured according to the
road traffic regulations – a negative impulse should be given to the Driving
Score. Some participants also mentioned various subjective legitimations for
deviations from a regulatory (limit) value, so that a legitimating normative
level can also be identified here. This is characterized by the addition of sub-
jective scope to an objective evaluation and, in this sense, alternative actions
for the algorithm, e.g., the tolerance in speed by +10 km/h [P3] (see Fig. 21
b).

The evaluation confirm the necessity of differentiating regulative and norma-
tive levels. However, they add a cognitive level through the desire to subdivide
individual norms into different categories due to the dependence on the (so-
cially) perceived context. Similarly, the technical level is also addressed by
providing weighting options and explanations, ensuring that these parameters
are consistent with their expectations. Further, the cognitive level is comple-
mented by extending the weighting of preferences by including an accident
probability and criticality of the situation within a social context. As driv-
ing behavior may be forced in specific situations, like braking abruptly and
hard or accelerating too fast, it should be assessed in the context of the situ-
ation. For example, the following algorithmic scoring could be performed to
assess cornering behavior considering the situation: 1) If someone drives too
fast, 2) under bad weather conditions through 3) a tight curve with 4) a high
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probability of an accident, he or she should be punished harder than if some
parameters are not that critically assessed.

11.6.2 Need for Understanding to Build Trust

Furthermore,the pre-study shows that it is essential to make algorithm-based
ratings transparent and explainable, which is confirmed by the results of the
evaluation. The principle of transparency and explainability seems to rely on
the attitude ”What you don’t understand right away may not be understood

at all” for the participants. The clearer and more comprehensible the scoring,
the more trustworthy it seems. A clear visualization is of great importance for
the comprehensibility and therefore for the trust-building process. It should
be possible to break down the Driving Score to support the understanding by
increasing transparency of how the Score is composed. According to Aigner
et al., the visualization must consider 1) what kind of data need to be visu-
alized for 2) what task, in order to 3) choose a suitable visual representation
[18]. Edwards and Vaele [180] discuss, e.g., the right of explanation in the
context of automated decision-making. They argue that this right of expla-
nation is helpful but is only a transparency fallacy [180, 627]. Often, users
have little use for a precise breakdown of such scores due to a high com-
plexity. Therefore, it is important to design a Driving Score which informs
and supports a decision-making process instead of replacing it. According to
Harper, it may be necessary to understand the algorithm in its entirety when
dealing with HCI, when designing the interaction between a computer system
and a user. But the resulting design should be such that an understanding of
the computer system is no longer necessary [251]. That means that explana-
tions only matters when they are relevant to the user’s purposes. The Driving
Score should therefore provide explanations in a degree which make the score
interpretable for all parties on P2P sharing platforms, but they should not nec-
essarily explain how the algorithm works.

Here, the evaluation interviews gave some interesting insights about the in-
dividual relevance of the specific Driving Score parameters, which should be
accompanied by a description. A comprehensible description of the differ-
ent possible configurations of Driving Score parameters could support a bet-
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ter understanding of the algorithm. Furthermore, a clear and understandable
summary of the preference settings and individual norms in the form of per-
sonas is desired, which should also act as a ”personification” of the algorithm
for comparability and indication of possible need for adaptation in case of a
too restrictive or too weak specification. This is in line with prior research
discussing the generation and incorporation of explanation sentences in the
context of recommender systems [706, 119]. At the same time, it can also
serve as a filter to pre-select the potential rentees displayed. According to the
evaluation interviews, the drill-down of the Driving Score in the form of a
radar chart further supports the understanding and in some cases, when the
User Rating actually dominate decision-making, even contribute to rethink a
decision. It supports a individual reflection of the driving behavior based on
specific parameters.

11.6.3 Potentials of Algorithm-based Reputation Systems to Reduce Bi-
ases and Discrimination

It becomes apparent that the Driving Score can reduce potential biases against
vehicle rentees, but not completely eliminate them. While participants of our
pre-study and evaluation consistently value the objective nature of the Driv-
ing Score, for some this is not enough to place sufficient trust in the driver.
Regarding trust in the Driving Score, individualizability, e.g., in the form of
individual norms, can help to make the system more flexible [23] in order to
reduce algorithmic bias as well. As trust is composed of interpersonal and
technological trust, the combination of Driving Score and User Rating ad-
dressed by the participants could have a positive effect on the trust-building
process [389, 259, 526, 602]. Furthermore, the Trust Score could also coun-
teract users’ bias due to their trust attitude towards both User Ratings and
algorithm-based scores [602]. The possibility of individualization and its vi-
sualization can increase the comprehensibility of the Driving Score, which is
likely to benefit technology-skeptical users in particular [574]. Furthermore,
by combining them in the context of the Trust Score, ambivalent users can
specify the composition of their preferences over user ratings and algorithm-
based scores. This leads to a better decision support of the users and allows a
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better cooperation between the different user groups. Especially the findings
of the evaluation show that an algorithm-based approach can also contribute to
the reduction of discrimination. In several responses, discrimination in terms
of age, gender, or nationality could be identified. Complementing to prior lit-
erature [104, 179, 107, 638], we could often observe a rethinking of their de-
cision caused by algorithm-based reputation systems, where they first judged
based on characteristics like name, age or gender. After a closer look at the
Driving Score drill-down, the decisions were adjusted and justified with the
good results in the scores. Furthermore, the profile design should be adapted
to draw attention to the relevant factors such as the Driving Score. The pro-
file information could be displayed smaller compared to the Driving Score
and User Rating so as not to draw attention to them. Highly discriminatory
factors such as the profile picture could be removed by verifying the renter
through the platform.

Nonetheless, algorithmic bias can occur here as well, which may disadvantage
some users or driving behaviors in specific situations [288, 23]. In this regard,
shortcomings are also discussed in the following chapter.

11.6.4 Shortcomings of Algorithm-Based Scores

Most of the participants perceive algorithm-based scoring solutions as cor-
rect and fair. Nevertheless, they also reach their limits at some point. Often,
we have the case that maneuvers, which are necessary, can be evaluated neg-
ative. An example of this is the acceleration lane on motorways. Abrupt
acceleration is perceived as bad driving behavior, but it is necessary in some
situations. Much more serious, however, seems to be the occurrence of unpre-
dictable influences in road traffic. The definition of rule-compliant behavior
therefore varies from situation to situation. The algorithm doesn’t know if
abrupt braking or a strong acceleration is necessary or not. This confirms the
findings of Rouvroy and Alkhatib, whose work draws attention to a bias in
algorithm-based decisions and seeks to focus on the importance of subjective
perception of individuals [527, 23]. This problem can also be seen within the
context of autonomous driving [263]. The participants do not want to have
a disadvantage by unexpected maneuvers that may have been necessary. An-
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other problem can be an unfair algorithm-based scoring. Just because some
drivers drive more sporty that does not mean necessarily they drive unsafe.
This could lead to a structural tendency of algorithmic systems to specifically
misread marginalized groups [23]. Comparable problems can be found in the
literature on credit scoring, where the place of residence can have a negative
effect on creditworthiness and thus discriminate against people in selected re-
gions [27, 195, 257, 402]. Also, the algorithms can be underminde due to the
so-called data-behaviorism [527] by adjusting behavior accordingly to obtain
the best possible algorithmic evaluation. In some cases, this can lead to bad
behavior for society as a whole. In the example of P2P carsharing, for exam-
ple, it is conceivable that some rentees avoid certain streets because there are
many traffic lights and they would have to accelerate and brake there more
frequently. This could lead to congestion on some roads and higher traffic
volumes overall.

Further, there is a need of sufficient data to be able to calculate a algorithm-
based score. As Bossauer et al. [83] pointed out, there is a trade-off between
trust-building and privacy by using car telematics. It is not a self-evident
fact that rentees disclose all possible information about their driving behav-
ior from a privacy perspective. Nevertheless, rentees can be incentivized by
certain added values and financial incentives to disclose their driving data.
Such a score can only be applied if an added value is given, if the utilization
of the data is comprehensible, or at least drivers can not be disadvantaged.
[35, 83]. It is important here that the users or the data suppliers are involved
in the technological processes and that these are also transparent and compre-
hensible. Here, it is up to the HCI designers to design the systems in such
a way that, on the one hand, acceptance for the provision of data increases
due to better transparency, but also an incentive is created to interact with the
algorithms [251]. This applies to both car owners and rentees.

At the same time, a regular comparison of the algorithm-based scores with
the real world is desirable, because this is the only way to counteract the
algorithmic biases. For example, an option for the driver to comment on
the driving behavior in certain situations would be important to ensure a fair
evaluation. This could also increase the acceptance of such scores [527].
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11.6.5 Limitations

Regarding the limitations, we have tried our best to exclude subjective influ-
ences by, e.g., using multiple coders [58]. In qualitative studies, however,
statements are subjected to terminological tests, which means that all state-
ments are subject to a personal interpretation by being assigned to certain
categories. The selection of participants also allows only minor conclusions
to be drawn about the understanding of algorithm-based reputation systems
on the mass. The heterogeneity of the sample makes it possible to give a
rough impression of how a small section of society understands scoring al-
gorithms. Nevertheless, the results give a first impression of how people un-
derstand the functioning of an algorithm for evaluating driving behavior and
how such algorithm-bases reputation systems may support trust-building and
decision-making in the context of P2P carsharing.

Further, only one form of presentation of a Score (a number between 1 and
10) was used in the interviews for orientation purposes. This representation
was chosen because ratings are the current standard for reputation systems in
many areas of the sharing economy [602, 188, 697]. Regarding our prototype,
our work is limited due to the fact that a prototype evaluation is just a study
of ’what might be’ [543]. Accordingly, there is a need to validate our findings
in a real-world application scenario.

Developing a model for an AI was not the goal of this work, even though
conjectures for a possible category system were made. No concrete model
is used in this paper, so no model of measurement and evaluation for an Ar-
tificial Intelligence is given. In the paper, the participants assume a norma-
tive evaluation, so that the categories correspond to normative assessments.
Therefore, in the context of a classification model of an artificial intelligence,
the question arises how and which classes are generated and how the data
flow into these classes. This can lead to conflicts of interest between humans
and artificial intelligence, which need to be examined in more detail in future
research.
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11.7 Conclusion

The sharing economy has experienced a veritable boom in recent years. Many
sharing models have emerged as a consequence. In our study, we focused on
P2P carsharing which depends on the trust that needs to be built between
peers. Sharing platform providers therefore make use of reputation systems,
which address trust by sharing information between peers. A new form of
trust-building on P2P sharing platforms can be algorithm-based reputation
systems. To bring people closer to the benefits of algorithm-based reputa-
tion systems, they need to gain an intuitive understanding of their functional
principle.

Based on 16 interviews in our pre-study, we gave insights into how people
think such scores work and how they should be designed for a better under-
standing. In a second step, we developed a prototype of an algorithm-based
reputation system for P2P carsharing based within a co-creation workshop.
The evaluation with 12 participants shows that people mostly understand an
algorithm-based reputation systems (Driving Score) in the context of P2P car-
sharing as a kind of digital monitoring of driving behavior. The results of
the pre-study as well as the evaluation indicate that algorithm-based reputa-
tion systems can indeed support trust-building. It was also confirmed by the
evaluation participants that a drill-down of a score considerably increases the
benefit of it and thus promotes trust. Further, the possibility of weighting
preferences within the scoring parameters as well as feedback for the impli-
cations of different parameter values would support system intelligibility and
therefore also trust in technology [602]. Nevertheless, the existing literature
on biases caused by algorithms and a corresponding biased reality can also be
confirmed. Algorithm-based reputation systems are not free of biases, espe-
cially in the case of unpredictable events such as strong braking maneuvers
to prevent rear-end collisions. Here, our study confirmed that certain toler-
ance limits and also the inclusion of the driver’s perspective, e.g., through a
individual statement in certain situations, are necessary for a reasonable eval-
uation. Such scenarios have to be considered in the design of the interaction
between the users and the algorithm-based systems and fair mechanisms have
to be incorporated [251, 527]. In future work, we want to explore algorithm-
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based reputation systems in a real-world application and other scenarios, e.g.,
selecting a Uber driver for a ride. Furthermore, there is a need to extend our
understanding of algorithm-based reputation systems for reducing discrimi-
nation in real-world situations.
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12 Comparative Summary of Findings

12.1 Data Strategies Shaping Consumer Practices: Negoti-
ation of Disclosure or Rejection through Reciprocity

From section 10, we recognize selective data sharing by consumers. If con-
sumers have the necessary options and information, they weigh up exactly
how and for what purpose they use their data. Interestingly, the results re-
veal a reciprocal behavior in which both providers and consumers take on the
other perspective in the mutual negotiation process with transparent informa-
tion about data collection and purpose and evaluate it accordingly. Accord-
ingly, consumers disclose information if they understand its purpose and can
comprehend it from the provider’s perspective.

The identified principle of data minimization and proportionality makes it
clear that consumers tend to adopt a data-saving strategy. Consumers consider
data they are already used to collecting in other contexts (e.g., mileage, tank
fill level, etc.) harmless and disclose it. In addition, in the case of compre-
hensible purpose limitation, which supports the provider, the willingness to
disclose is further increased by adopting perspective. However, in the case of
a user-centered coordination process, the results also show that providers tend
to make more data-efficient and proportional classifications of necessity. For
example, the disclosure of the GPS location is seen as critical by consumers,
but in the voting process, a limitation took place that satisfied both sides. An
approximate location was sufficient for providers to check that the contract
was treating the vehicle. Consumers were able to understand the necessity
of the survey for the provider. They agreed to disclose the data, including an
exact location, in case of a border crossing beyond the agreements.

In addition to understanding the provider, the negotiation is also determined
by possible benefits for the consumer. The resulting added value of the dis-
closure is evaluated and weighed. For example, it was stated that a critical
dashcam recording would only be disclosed if it resulted in legal advantages
for the consumer.

The findings show that negotiation support is needed. This support should
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contribute to a common, informed understanding of the negotiation processes,
accompanied by adopting perspectives. To this end, this process must be
transparent and open, and data disclosure’s purposes and added value must be
clearly communicated.

The findings from the study in section 9 confirm this tendency towards selec-
tive disclosure of information among critical consumers. Consumers are will-
ing to disclose sensitive data such as dietary preferences or shopping habits
to develop a personalized food recommender system if they know the trans-
parency of data use and the benefits for their purchasing decisions. This is
particularly evident in the design of personalized profiles, which enable con-
sumers to integrate their respective ethical values and personal restrictions,
such as allergies, into the system to receive suitable product recommenda-
tions.

12.2 Human-Algorithm Interaction as an Expression of
Consumer Practices

Building on section 10, the study in section 11 reveals that consumer decision-
making practices to be supported by algorithm-based reputation systems, how-
ever, require a deeper understanding of the algorithms, including in terms of
the trust placed in them.

Since data and algorithms act as a unit6 [332], an understanding of algorithms
is therefore also required for alignment with consumer practices. However,
research shows that consumers only have a basic knowledge of algorithms,
especially as they are usually hidden from them and therefore not transparent
[488]. This is also confirmed by the study based on section 10 in section 11.
The participants mainly chose road traffic regulations as an essential reference
for describing their assessments of data for calculating a rating.

This study confirms prior research states in the perception of algorithms as el-
ements of social order processes on regulative, normative, cognitive, and tech-
nological levels, whereby consumers mostly judge regulative (here accord-

6This is also confirmed by the von Neumann architecture as a reference model of com-
puters, which stores instructions and data together[31]
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ing to the road traffic regulations) considering their norms and values. The
algorithm-based reputation system to support their decision-making should
be customizable according to their ideas and requirements. To this end, the
participants mention the interaction with the algorithm via customizable input
variables to take their values and norms into account according to their ideas.
Through the co-design approach and the derived customizable definitions of
own values and norms in the algorithm, we show various design implications
in section 11, which increase the understanding and usefulness of DDSs to
support consumption practices.

Section 9 underlines the need for more understanding of algorithms due to
a lack of transparency. Critical consumers also call for customizability as a
path to a more understandable, practice-supporting solution that prioritizes
their ethical values. Here, we also derive design implications that increase the
understanding and usefulness of DDSs. The developed personalized profile
system allows consumers to link individual preferences, such as vegan or sus-
tainable diets, with their local shopping practices. This expands consumers’
scope for decision-making and support for niche practices.

The studies’ findings show that, like the data strategies described, DDSs re-
quire clear communication of the basis for decision-making and individual
adaptation of the algorithms to build trust and encourage willingness to in-
teract with them. Transparency and the possibility of individual control play
a central role in empowering consumers to use data in accordance with their
ethical convictions and required added value.

The following section 12.3 now compares the general findings for recom-
mender and reputation systems in the respective fields of application.
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12.3 Co-Creating Value, Acceptance, and Trust in Data-
Driven Services

12.3.1 Individual Preferences and Flexibility Embedded in Situational
Contexts and Actual Practices

In the food domain, section 9 showed that eating habits and dietary require-
ments are individual and cannot be differentiated into rigid categories. Many
consumers pursue complex, possibly contradictory goals beyond simple cate-
gorizations such as ‘vegan’. Accordingly, DDSs must offer a high degree of
flexibility in recording personal preferences and restrictions. This enables a
heterogeneous view of eating habits and requirements. In addition to consid-
ering personalized preferences, embedding in situational contexts and lived
practices is also relevant. Dietary recommendations should, therefore, allow
for simple adjustments to personal circumstances such as available budget,
supplies, or shopping routines [475].

In the mobility domain, significant heterogeneity in perspectives and needs
was revealed (see section 10 and 11). Vehicle rental companies want as much
information as possible to secure their property, whereas tenants perceive in-
tensive monitoring as an intrusion into their privacy. Algorithm-based repu-
tation systems that process this data must bring these different requirements
together and enable a high degree of customization. An algorithm-based rep-
utation system must be able to evaluate situational contexts by integrating
individual norms to ensure an individual assessment of the user’s interests.

12.3.2 Trust through Transparency about Data Usage and Algorithm
Logics

Especially when sensitive personal data is processed, DDSs must ensure user
transparency and control. Furthermore, transparency about the underlying
algorithms and decision-making logic must be created, as this is the only
way users can understand and categorize the recommendations of food rec-
ommender systems [354], and classifications of algorithm-based reputation
systems [441].
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During the development of recommender systems for critical consumers in
section 9, it became clear that false recommendations and incorrectly labeled
data reduce trust in the recommender system. Reliability was vital in the
tension between ethics, values, and restrictions [354].

In the context of mobility, the scoring of algorithm-based reputation systems
must, therefore, be transparent [607]. Consumers want to understand how
a driver evaluation works [83] and how the algorithms arrive at their results
[441].

12.4 Implications for Support Instruments for Businesses

A user-centered approach should enable the individual adaptability of prefer-
ences and settings and the collaborative and user-based adaptation of DDSs.
It was suggested that users should be able to define their own rules and rat-
ings or use profiles provided by trusted third parties. Connecting to com-
munities where consumers share experiences and product reviews would also
strengthen trust in the systems.

Furthermore, DDSs should continuously adapt to changing needs and new
findings. This can lead to long-term acceptance and appropriation of the ser-
vices.

A tool to support businesses in developing and designing DDSs must cap-
ture an understanding of the relevant user target groups: Needs, limitations,
everyday practices, and contextual factors.

Based on this, it should be possible to address flexible options for adapting
and personalizing the services, both from the consumer and business perspec-
tive. The tool should, therefore, provide templates and best practices for mod-
ular, expandable information architectures, user-centered interaction design,
and interfaces for integrating external knowledge.

Another crucial aspect is ensuring transparency and trust. The tool should
provide guidance and design patterns to create trust through insights into data
processing and algorithm logic. At the same time, mechanisms for handling
sensitive personal data should be integrated.
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Overall, the tool must provide a holistic, user-centered development concept.
It should support businesses in creating DDSs that fit seamlessly into con-
sumers’ lives and practices, consider their needs, and enable innovative solu-
tions to create digital offerings that consumers accept and use.
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13 Introduction

Digital transformation has made data a decisive factor in business success.
Businesses face the challenge of using data in such a way that it optimizes
operational processes and efficiency, drives data-driven innovation, and en-
ables new value-creation potential. As a result, it is necessary to go beyond
purely technical solutions and strategically align the business strategy with
the data strategy through Business-Data Alignment. Businesses can develop
DDBMs and DDSs through the targeted use of data resources, which serve
as the basis for companies’ competitiveness and create new added value (see
part II).

While Business-Data Alignment focuses on the internal alignment of corpo-
rate strategies with data, the role of consumers in DDSs should not be ne-
glected. Business-Consumer Alignment should ensure that the DDSs devel-
oped by companies meet the needs and preferences of consumers. Consumers
are not merely passive recipients of these DDSs but are active in the role of
data providers who pursue their strategies in dealing with data. To shed light
on the consumer perspective, part III focuses on Consumer-Data Alignment
and examines how consumers can shape their data strategies and align them
with their consumption practices and goals.

As outlined in section 2.4.2, businesses lack data literacy and, therefore, the
ability to align business and data strategies, leverage their data assets, and
create value with data. To align with consumers in the context of Business-
Consumer Alignment to develop user-centered DDSs, tools to support data-
driven value creation are needed, especially in the creation of data-enhanced
business models, since such businesses transfer from traditional business mod-
els to DDBMs and further lack of experience in this respect. Furthermore, as
sections 11 and 9 showed, consumers need to understand data and algorithms
used to be actively involved in user-centered development.

Based on the findings from part II and III, a framework is therefore devel-
oped in section 14, which supports businesses in understanding, developing,
and designing DDBMs and DDSs in the context of Business-Data Align-
ment. This framework also serves as the basis for communication in Business-
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Consumer Alignment. Therefore, the clear and understandable communica-
tion of data and its meanings is also crucial to support alignment processes
between businesses and consumers. Data storytelling serves to communi-
cate complex data through narrative and visual elements, thus representing
a bridge between technical development and communication with non-data-
savvy stakeholders. In Business-Consumer Alignment, data storytelling is vi-
tal in helping companies and consumers understand the added value of DDSs
and recognize their significance for individual and corporate decisions. To
this end, section 15 is developing a process to support internal and external
communication with data, which contributes to democratizing the develop-
ment of DDBMs and DDSs through a common language and understanding.

Given the challenges highlighted in part III in the development of DDSs in the
consumer domains of food and mobility, there is a need for holistic concepts
that support companies in consistently placing the perspective and needs of
users at the center. Therefore, a holistic data science canvas and a structured
data storytelling process can provide a valuable framework.

The Data Science Canvas helps companies develop data-driven solutions that
consider user needs and preferences. It guides developers through the critical
aspects of such a project and encourages them to incorporate the consumer’s
perspective at every stage actively.

As demonstrated in part III, a deep understanding of users is a prerequisite
for developing DDSs tailored to their needs. The canvas, therefore, suggests
using user research methods such as interviews, quantitative surveys, etc., to
characterize the target groups comprehensively [400].

• Identify and characterize user target groups

• Recording users’ motivations, goals, restrictions, and everyday prac-
tices

• Analyze the realworld context and relevant decision-making situations

As the section 5 showed, bringing together data from various sources in inte-
grated systems is a key challenge. The canvas supports companies in system-
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atically building a comprehensive, high-quality database that appropriately
reflects the context and preferences of users [178].

• Building a database

• Identify internal and external data sources

• Obtain, prepare, and integrate data

• Analyze data gaps and quality

Furthermore, classic algorithms often fail due to the specifics of consumer
data [62]. The canvas offers the opportunity to discuss alternative approaches
incorporating individualization and transparency.

• Select suitable algorithms

• Adapt and train models to user needs

• Promote transparency and explainability

It is shown that user-centered development and collaboration forms hold great
potential for adapting DDSs to changing needs in the long term [686, 126].
The canvas should support integrating participatory, user-centered design into
the development process.

• Establish communication and feedback channels for users

• Enable collaborative customization and expansion of services

• Continuous further development based on user needs
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14 Data Science Canvas: Evaluation of a Tool to
Manage Data Science Projects

Abstract

Data emerged as a central success factor for companies to benefit from dig-
itization. However, the skills in successfully creating value from data – es-
pecially at the management level – are not always profound. To address this
problem, several canvas models have already been designed. Canvas models
are usually created to write down an idea in a structured way to promote trans-
parency and traceability. However, some existing data science canvas models
mainly address developers and are thus unsuitable for decision-makers and
communication within interdisciplinary teams. Based on a literature review,
we identified influencing factors that are essential for the success of data sci-
ence projects. With the information gained, the Data Science Canvas was
developed in an expert workshop and finally evaluated by practitioners to find
out whether such an instrument could support data-driven value creation.

14.1 Introduction

In times of ever-increasing data amounts and the ascribed value to data, com-
panies are challenged by creating value from it. Due to volume, velocity, and
validity of big data, the toolbox around machine learning and mathematical-
statistical procedures becomes ever more important. However, the imple-
mentation of such procedures into valuable business models requires expert
knowledge [67]. In view of today’s fast-moving markets and the prevailing
competition, it is urgently necessary for decision-makers to evaluate the op-
portunities that arise from their data, the existing expertise in their company,
and bring both together to create value [442]. To drive digital transforma-
tion for their organizations, decision-makers should be aware of how to scale
the value of their data assets and the capabilities and opportunities of an-
alytics [472]. However, according to a study by the Data Literacy Project
(n = 7,377), only 24% of these decision-makers consider themselves to be



14 DATA SCIENCE CANVAS 217

data competent, although this is perceived as increasing in work performance
[501]. Despite its high relevance, the introduction of a data strategy has also
not yet reached any maturity in many companies [140]. This requires a basic
knowledge regarding data analysis as well as an active data-driven corporate
culture to enable data-driven value creation and business models (DDBM)
[252].

Therefore there is a practical need to provide decision-makers with tools to
support data-driven value creation processes [333]. For other fast-developing
and complex business problems, a concept for a quick implementation in the
sense of ’Learning by Doing’ emerged. For example, Lean Manufacturing
[687] and Lean Startup [519] are supported by the Lean Canvas as an orien-
tation basis. Another example is the ’Business Model Canvas’ developed by
Alexander Osterwalder, which simplifies the development and communica-
tion of a business model by helping to visualize and understand its elements
[464]. The intention of a canvas model is to summarize a complex problem
as clearly and simply as possible and give guidance for solution-finding.

Also for DDBM some canvas approaches, e.g. the Data Canvas [404] or the
canvas for data-driven ideation workshops [330] were explored. While those
focus rather on the data and algorithmic value creation [335], canvases such
as the Data Insight Generator seek to more strongly include the customers
value proposition [335, 333]. Still, this canvas only focuses on ”an illustration
between the [...] two components, key resources and value proposition” [335]
rather than providing a holistic approach that considers the cost and revenue
structure as well as stakeholders of DDBMs [562, 711].

Having identified the need to support decision-makers regarding DDBMs,
which qualifies as a ”heretofore unsolved and important business problem”
[266] and the lack of a holistic canvas approach, the purpose of this paper
is to communicate the design (first design cycle) and evaluation (proof-of-
concept) of the Data Science Canvas – a tool to holistically support decision
making and stakeholder communication on DDBMs. Our canvas (artifact),
thereby, aims at being sufficiently specific and holistic at the same time to be
readily used by managers. This means it covers both the technical and man-
agerial aspects of the data problem at hand, to address the specified problem.
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Table 14: Overview of the First Cycle of the DSR Project [479]

Identify Problem and
Motivate (Section 1)

Empowering the Management to understand and create
value with data and enable collaboration of different stake-
holders of data-driven business models is an unresolved
problem.

Define Objectives of a
Solution (Section 1)

A holistic canvas concept is required to support management
in understanding and making decisions of data-driven busi-
ness models. Such canvas concepts have also been success-
fully employed in other fast-developing and complex do-
mains.

Design and Development
(Section 2)

The holistic Data Science Canvas is designed on the basis of
a literature review on other canvas approaches and an expert
workshop.

Demonstration and
Evaluation (Section 3)

We conducted a real-world trial with 10 participants includ-
ing a post-interview to prove the usefulness of our concept
and understand the design space for further design cycles.

Communication The Canvas description and the evaluation results are com-
municated in this research paper.

Thereby, our research follows the Design Science Research [266] approach
as outlined by Peffers et al. [479], to first design the canvas as an artifact that
aims to solve the problem and derive insights and theoretical implications
[43]. As shown in Table 14 the remainder of the paper is structured along the
phases outlines by Peffers et al. [479]. Having motivated the problem and
defined objectives of a holistic solution in this section, section 2 reports on
the design and development of our canvas (artifact). This section includes a
literature review of related artifacts as a presentation of the related work [232]
and an expert workshop to develop our prototype. In section 3, the canvas is
demonstrated and evaluated on real-life data projects as a naturalistic ex-post
evaluation [659] to understand usefulness in the context of real projects and
decision making. The results are discussed in section 4 and we draw conclu-
sions in section 5.
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14.2 Data Science Canvas Design & Development

14.2.1 Literature Review: Identifying and Understanding Relevant El-
ements

14.2.1.1 Procedure. To highlight important elements and delimitations of
the concept to be evaluated, a literature review was conducted according to the
four phases of Rowley and Slack [528]. We searched for scientific or practical
literature that aims to solve the identified problem by means of designing an
artifact. As the terms data science, big data, and machine learning are often
used interchangeably [497], we used the following keywords and their com-
binations: canvas, data science, data analytics, machine learning, big data,
business model. Based on the initial literature, a forward and backward ref-
erence search was conducted [367, 676]. The main inclusion criteria for the
surveyed literature was the provision of an artifact in the form of a canvas and
a description of the elements to allow for comparison.

Building on the SQ3R-Method [518] to review the found papers, we identified
nine canvas models, which were then recorded in the form of a concept matrix
[542] using a conceptual framework [676].7 As the identified canvas models
used different wordings, we analyzed the tiles according to their meaning
and role and clustered and renamed them to form a unified scheme. This
procedure was conducted collaboratively by two authors to ensure agreement
on the resulting elements. Resulting from this, the initial 20 factors were
reduced to 12. As a first result of the literature research, Table 15 shows the
basis of comparison as a concept matrix and allows a more detailed analysis
of the canvas model elements.

14.2.1.2 Findings: Identified Elements The concept matrix in Table 15
shows that there are in principle many elements for a Data Science Canvas
concept. However, some of these elements are only considered to a minor
extent in literature, as the only occur in single sources. Data source, methods,
model quality, added value, and stakeholders are among the most important
elements, with four out of five mentions each. Data collection, data quality,

7A list of all identified canvas models can be provided on request.
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Table 15: Concept Matrix.

and software for data analysis with only one entry each are not often consid-
ered. In the following, we more deeply discuss the elements.

Business Case (1): Although the definition of a business case is one of the
crucial positions in the data science process, it is integrated into the canvas
model as an element from five sources. In some cases, however, an exact def-
inition of a business case is lacking. Thus, this element is often oriented to-
wards the selection of methods and quality rather than the problem definition.
Furthermore, used headings and questions supporting the answer are partly
misleading and therefore not unambiguous. For example, the AI Canvas uses
the heading ”Prediction” with the supporting question ”What do you need to

know in order to make the decision?” [15]. Moreover, this mainly addresses
the ML area and ignores other areas such as clustering or classification.

Data Collection and Source (2, 3): Following the objective delimitation of
the business case, data is collected within the framework of its operational-
ization – in analogy to a statistical investigation – to obtain the required data.
If this involves data still to be collected, a survey method and the necessary
scale level must be specified. Both the survey method and the scaling are de-
termined by the problem and the methodology [416]. Five approaches have
such an element, but they do not sufficiently highlight the data requirements
and potentially necessary cleansing needs [173, 404, 322].

To ensure the correctness and accuracy of the model, the source of the data
should be analyzed. This is particularly important in the case of external data.
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Six sources examined represent such an element, whereby only one canvas
concept explicitly addresses internal and external data resources [15, 322].

Data Quality (4): By means of explorative analyses and visualizations, the
quality of the data – whether already available or not – should be validated.
This may reveal the need for data cleansing, as the presence of erroneous or
distorted data could lead to erroneous models and management making the
wrong decisions. This element is only rudimentarily and casually represented
by two canvas models [481, 335].

Data Integration (5): Once the data quality has been checked, the data (from
the different sources) should be merged into one database. This will facilitate
the access by the data analyst and improve the quality of information through
accessibility, completeness, clarity, accuracy, and consistency [271]. This
element occurs in three sources, but is explicit and comprehensible only in
two cases [305, 335].

Methods (6): The heart of Data Science is the transformation of data into
knowledge [442]. The conversion takes place through algorithms which fall
back on mathematical-statistical procedures. The central task of an analyst is
to select the right method for the respective problem based on the available
data. In principle, there is a wide range of statistical instruments (multivariate
methods) for data analysis, but the special nature of the data must be taken
into account [416].

Procedures for segmentation, classification, estimation (regression) and asso-
ciation can be differentiated. Different methods are ranging from white box
statistical approaches to black box machine learning applications to address
these problems [66].

Five canvas concepts have an element for method selection. However, they
usually limit themselves to a certain method category (e.g. deep learning or
machine learning methods) [173, 481]. Furthermore, no concept offers sup-
port in the choice of methods beyond the canvas. This makes it impossible for
decision-makers to use the respective canvas without methodological knowl-
edge.

Skills (7): The analyses requires skills from the fields of statistics, computer
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science and mathematics. Skill sets to be defined are also suitable for a job
description and advertisement for the respective activities corresponding to
the business case. Against the background of insufficiently though-out and
formulated job advertisements to a data scientist, this seems to make sense
[552]. In addition to methodological knowledge (methods, tools and libraries,
programming, databases), a basic understanding of business and economics
as well as domain knowledge from the respective company should also be
addressed to generate deeper insights [714].

Furthermore, the various roles in connection with data preparation and analy-
sis should also be differentiated: The Data Scientist is mainly concerned with
complex methods of data analysis, while the Data Engineer is responsible for
software solutions for Big Data and, e.g., creates data pipelines. This dif-
ferentiation is still missing in many companies, although even success could
be endangered due to a lack of understanding of the distribution of tasks and
roles [26]. Only three of the identified sources make it possible to deal with
the required skills of the (required) personnel.

Software (8): Based on the method, the existing skills/personnel, and re-
sources, appropriate software must be selected. The provided program li-
braries also play a role in this, to fall back on predefined and useful functions.
The 19th KDnuggets Software Survey from 2018 identifies Python, Rapid-
Miner, and R as the most popular software of the 2,052 software users asked
[486], but also Excel is present in the top 5. From a managerial perspective,
software is an important issue, as it directly relates to the cost of procuring
software packages or services for training and running the models.

There are only three sources that have an element for mapping the software.
However, there is no clear distinction between method and software selection
nor are libraries, as a fine-granular decision, addressed [305].

Model Quality (9): Once the model has been developed, its quality must
be assessed. Depending on the chosen method, different indicators are used.
For classification problems, a confusion matrix is often used, which compares
actual with predicted classification based on the existing classes [220]. In the
case of regression-based methods, criteria such as the mean square error or
the (adjusted) coefficient of determination are used [416].
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The literature research showed that four canvas models allow an evaluation of
the model. One concept event differentiates evaluations before and during the
use of the model. If the models are working in real-time, such a distinction
proves to be useful. However, there is no further explanation or clarification
of the indicators.

Costs and Revenues (10): In the business context, costs and revenues are
key variables, especially for justifying (data analysis) projects to top-level
management. In analogy to the Business Model Canvas, the costs and their
structure on the one hand, and the possible revenue streams of the project on
the other hand are listed here. Four of the sources have elements that include
costs and revenues. One analyses only the costs with and without the model,
while the other differs concretely costs and incomes [15, 703].

Value Added (11): This element also originates from the Business Model
Canvas and is intended to show how the model can be used to support the
internal and/or external customers [464]. Without a prior specification of the
added value, any project is questionable. Seven sources have such an element.

Stakeholders (12): Finally, the results of the analysis and the resulting added
value must be presented to the stakeholders involved in the project. If the
model is implemented in the company, it is also important to support them
in dealing with the model. For target-oriented control, the ability of Data
Storytelling is also required here. Data Storytelling stands for the preparation
and presentation of data in the form of a scenario within a story, tailored to
the target group. This makes it easier for the target group to understand the
meaning behind the data and motivates action [177, 443].

The analyzed canvas concepts underline the relevance of the consideration of
stakeholders in a canvas model. Six concepts have such an element. Often,
however, the requirements of the respective target group for the presentation
and communication of the results are not mapped. In analogy to the vari-
ous notation methods and their specific depth in process modeling, it makes
sense to use a different representation, history, and complexity for the top-
level management than for the specialist departments and their users [90].
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14.2.1.3 Findings: Relation of Elements. To understand the relation of
our elements and add a procedural view, we mapped them to a data science
process (cf. Figure 22). The relation is thereby very close to the iterative
processes as identified by Cielen et al. [131] but also CRISP-DM [685].

Figure 22: Data Science Process.

As a starting point and core of a new product or service, the business case
represents a strategic decision to focus data analysis on a specific business
objective. At the same time, this also implies an orientation to the require-
ments and needs of the customer (stakeholder) and commits to continuous
measurement and optimization [624].

The data required to map the business case may not yet be available or its
quality (data quality) may not be acceptable. Therefore, the data must (ad-
ditionally) be collected (data collection), possibly cleaned up, and integrated
into an existing system (data integration). To ensure sustainable quality, the
data source should also be evaluated [271, 88].

If the required quality and quantity of the data are given, a model is to be
developed according to the problem definition of the business case, which
supplies the demanded result through a method of data analysis. Often a
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software is used, which can turn out differently depending upon the question,
availability, and existing competencies. Furthermore, the analytical skills of
the analyst are required, which should be specified beforehand. This can also
be helpful for the exact definition of a position [157].

Finally, the model quality measures the adaptability to the respective data for
the evaluation of the model and describes its ability to apply these data to
the business case. Depending on the method chosen, different quality criteria
have to be applied [416].

A cost-benefit-analysis and (expected) added values should be highlighted
for project prioritization, as they improve the possibilities of management
and controlling. Due to result-oriented companies, many stakeholders are
particularly interested in the resulting added value. The challenge is to present
the right information to the right target group and thus avoid complexity. This
is where Data Storytelling plays a significant role [443].

14.2.2 Expert Workshop

14.2.2.1 Procedure. Based on the results of the literature research, it be-
comes clear that most canvas concepts are more technically oriented, neglect-
ing the cost and revenue structure or even the skills needed in the organization.
In many cases, the derivation of the problem via a business case is missing.
No single canvas provides additional support for the choice of methods and
software, and even the completion of supporting questions is not always avail-
able.

Building on these results, we developed a model that can be used for any data
analysis problem. Our canvas model should address non-data-affine man-
agers and executives to make data science projects more plannable, control-
lable, and manageable. This allows companies to gain an overview of their
resources and the utility of their data. The model should further help to eval-
uate the use of such a canvas in practice.

For the development of the first version of our Data Science Canvas, we used
the design thinking process by Brown and Katz [94]. In the beginning, the
problem space and the interest groups were defined. With the help of a work-
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shop on data analysis with eight researchers and scientific experts from Ger-
many from the fields of informatics, statistics, mathematics, economics, and
business administration, it was examined how they proceed with the analy-
sis of data and what problems they encounter. Researchers act at the transi-
tion point between science and practice by communicating research data and
project results and, thus, can argue from both perspectives.

The insights gained were processed and served to define the viewpoints of the
interest groups (managers, specialists, users). Further they were used in the
idea generation phase to discuss the instantiation of a canvas through group
dynamics and with discussion-enhancing ”How can we...?” questions. The
elements were therefore placed on a whiteboard via sticky notes and their
meaning and arrangement were critically discussed by the group.

The interim result of the workshop was an artifact, which was finally tested
and evaluated by each participant based on a use case in the form of a project
to optimize a sustainable energy supply of a production plant. One of the main
findings was that selecting the appropriate method still encounters problems.
In comparison to the identified results of the literature review, explorative data
analysis and model requirements were here mentioned as additional elements.
The insights gained in this process were incorporated into the actual version
of our Data Science Canvas (see Figure 23).

14.2.2.2 The Data Science Canvas. Consisting of three parts, our Data
Science Canvas addresses the different aspects of data analysis: The dark grey
elements are dedicated to the definition of the (business) problem (Problem
Statement). The light grey fields deal with the collection and preparation of
data for the model (Data Collection and Preparation). Finally, the white el-
ements describe the implementation and evaluation of the previously derived
method (Execution and Evaluation).

Users can access the Data Science Canvas basically from two different direc-
tions: On the one hand, it allows them to start by defining the business case
via the data collection and preparation to derive and evaluate a model. On
the other hand, it is possible to start from the data collection and preparation
perspective (e.g. in the context of a research project) to derive an application
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Figure 23: Data Science Canvas.

case which leads to a model.

Problem statement: Based on the business case and the expected added
value, the already existing data landscape of the company is to be analyzed.
The actual data situation shows whether additional (external) data is required
under certain circumstances. The information about the existing data and the
application case is used to select the specific model. If an analysis method
was chosen, the requirements of the model (e.g. regarding scaling) should be
noted. The software used is also influenced by the choice of model. Thus, sev-
eral software tools are usually suitable, depending on the existing resources
in the company as well as the skills to be defined subsequently. These are
equally determined by the method used. For meaningful resource planning
and project prioritization, the costs and revenues are also defined. In the case
of values that are difficult to estimate, an enumeration of possible cost and
revenue categories can also be helpful.

Data Collection and Preparation: If not all the data required for the model
are available, additional data must be collected. This can be achieved using
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various methods and sources (e.g. surveys, open data, etc.). The requirements
of the model, e.g. for the scale level, must be considered. Following their
collection, the quality of the data must be checked. Data inconsistencies and
outliers can be quickly identified using descriptive statistics and visualiza-
tions. Furthermore, meaningful aggregations of the data to key figures (e.g.
mean values, scatter, and correlations measures) help to gain a deeper under-
standing of the circumstances to be modelled. If it is necessary to clean up
the data (e.g. due to outliers or missing values), the required measures are
documented (e.g. interpolation of missing values) and the data relevant to the
model is selected. The split into training and test data can also be carried out
at this point. If there are (no longer) any quality deficits, it should be clari-
fied into which system the data possibly originating from different sources are
to be integrated, so that the model can access them flawlessly. In principle,
the tasks of data collection and preparation should be performed by a data
engineer.

Execution and Evaluation: Finally, during the execution and evaluation
phase, the model is evaluated using specific quality indicators that depend
on the method. For some models it is also helpful if continuous monitoring is
carried out in real time (e.g. in the case of predictive maintenance solutions).
The remaining element can be used to present the stakeholders’ requirements
for the presentation of the data, its further communication, and the use of the
model. The element should support a target group oriented communication of
the results through data storytelling to create understanding, motivation, and
change.

14.3 Demonstration & Evaluation

14.3.1 Data Collection and Analysis

To conduct an ex-post naturalistic evaluation [659], we introduced the can-
vas to 10 managers and data science practitioners to test and evaluate it in
their organizations (cf. Table 16). We then interviewed all of them along a
semi-structured interview guideline, to understand and evaluate the canvas in
terms of its suitability and usefulness for empowering managerial-decisions



14 DATA SCIENCE CANVAS 229

Table 16: Overview of Participants

ID Age, Gender Branch Job

F01 38, f Media Business Development

F02 42, m Engineering Consultant

F03 41, f Automotive Project Manager

F04 35, m Chemical Developer

F05 37, m IT Data Scientist

F06 48, m Manufacturing Procurement Manager

F07 40, m Trade CDO, Head of IT

F08 43, m Project Sponsoring Head of Software Development

F09 29, f University Researcher

F10 27, f University Researcher

on DDBMs and effective stakeholder communications. In the case of the can-
vas artifact, a numbering of the elements was explicitly left out in the sense
of a procedure to provide scope for own layouts and processes.

We have analyzed the data based on the thematic analysis approach, as de-
scribed by Brown et al. [87]. We used MAXQDA to code the transcribed
interviews and in an open coding procedure, the codes were developed and
discussed in the team of researchers to derive the relevant themes. We ended
this process after all researchers agreed on the low probability of finding addi-
tional themes. The results of the practical evaluation interviews can be divided
into three categories: Use cases, application problems, and design implica-
tions. They are presented in the following chapter.

14.3.2 Findings

14.3.2.1 Use Cases of the Data Science Canvas. In general, almost all
participants accepted the canvas positively and addressed various use cases.
The canvas was often perceived as a structuring element, but also as a check-
list to describe progress or the current situation. This is also discussed in the
context of the respective target group. For example, a manager can use it to
inform about a new project and as a checklist for progress review. Within
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the project team, the canvas can be used to structure the project during the
planning phase and to point out problems that need to be solved.

”I find many of the points in the canvas very useful, and I will surely use

them for my further work, especially with regard to the evaluation of the data

situation and the data still needed, I find this extremely helpful and would pass

it on to colleagues [...] and tell them, please: Work on these points.” –[F08]

”Well, I think that’s a good basis for argumentation to structure one’s project.

That you can think about how to handle it. [...] Or I could think of it as a

checklist to check off during the project to see if it’s there.” –[F03]

It was also mentioned that the canvas can be used as an instrument of trust
to make it clear to the manager that the previous preparation has been dealt
with in a structured way.

”Such a canvas can also create trust with a supervisor by showing that you

have dealt with it in a structured way, with your project. With my colleagues

I would consider it more exploratory, for my boss it would be more like a

check-up.” –[F09]

”Another extreme value is that you can show a booth by showing that you can

see: ”I’ve just got that far and this and that needs to be done.” –[F10]

There is also an application for cross-departmental projects to solve silo think-
ing through the structured and interdisciplinary communication of the topic
or to identify the resulting problems.

”It also allows you to discuss with different actors across departments and to

address overlapping problems and recognize them in the run-up to a project.”

–[F08]

A participant from the area of research also notes that she likes the fact that
a problem can be approached from different directions. So on the one hand,
if the data is available and something is to be investigated, and on the other
hand, from a research perspective: I still want to collect the data and I can
deal with the model requirements beforehand.

”I think it’s good that it can also be filled out from a research perspective,

that the problem can also be approached through data collection.” –[F09]
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Another use case is that the Canvas can help to define a specific job descrip-
tion.

”You can use this to have a better understanding of requirements for the defi-

nition of a position, what you are lacking in skills.” –[F03]

Two participants also see data storytelling as an important factor to commu-
nicate results and progression to stakeholders.

”Data storytelling is then the customer’s viewpoint, with which you can com-

municate the revenue again. It’s important that it’s communicated correctly.”

–[F05]

”I also like data storytelling, how it is prepared for the target group. It also

helps to think in terms of goals, that you don’t forget anything.” –[F09]

14.3.2.2 Limitations of Applicability. During the interviews, however,
problems regarding the use of such a canvas also became apparent. These
mainly address interface problems with other departments, the scope of a can-
vas at the beginning of a project, and a general understanding of the elements.

Some participants pointed out that such a canvas is difficult to fill in at some
points, especially at the beginning of the planning phase. The majority,
however, emphasizes the added value addressed in the use cases. The Data
Science Canvas provides a good overview of the implementation and weak-
nesses of a project, as well as of the resources still lacking.

”Well, I think that especially in the planning phase, where not much is known,

that it was a bit difficult to fill in completely there.” –[F06]

In this context, the problem of the interdisciplinarity of some projects is
addressed. The canvas is also perceived positively here, to establish structure
and overview. Especially in non-data-driven companies, there might be little
understanding of cooperation in this area.

”A project manager working in the problem-space is not necessarily inter-

ested in data quality, at least not yet. But maybe in the future and the canvas

could serve as an opener if everyone understands that data-driven business

is important. But unfortunately, there are still too few of these people today.“
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–[F08]

”Perhaps you should be able to specify which department the data comes

from. Especially if you don’t have a common database or silo thinking it

might be important to have at least one contact person. I often had problems

with that in practice.” –[F05]

A further problem of use was seen in the choice of methods. Many in the
project may have no experience with it and need support in assessing the use
of a specific model.

”The choice of a method is difficult for me. I don’t know anything about these

things. I can deal with the data, but I find it difficult to understand how I

evaluate it. Perhaps recommendations could be made.” –[F04]

It was generally suggested that there should be more detailed guidance on
such a canvas model in addition to the supporting questions, also with a view
to a common understanding.

”I always think it makes sense for the canvas models to come with a little

manual or something, so that everyone understands the same thing.” –[F01]

14.3.2.3 Further Improvements. The design of the Data Science Canvas
was widely regarded as very extensive. On the one hand, this helped to ensure
a structured and comprehensive approach to the problem, on the other hand,
it required a more intensive study of the instrument. This also reflected the
demand for guidance for a common understanding.

”[I think] the process is a bit difficult, it should at least be numbered in terms

of phases.” –[F06]

”So after I filled out the canvas, I noticed that I would arrange it differently, I

would sort of design the structure from left to right, so first problem statement,

then data collection and then execution. so it would have a clearer flow.”

–[F05]

It was also noted that a differentiation into existing and still needed skills
would be useful. This could help to fill in the costs to be able to plan more
precisely and also to create job profiles.
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”One could perhaps still divide skills into skills that we already have and

skills that we still need. This is certainly also relevant in practice. You can

then apply that directly to the cost of what you would have to buy.” –[F10]

It was also mentioned that a time component should be queried to better esti-
mate the costs.

”You ask here already, must the data be cleaned up. Maybe. If I were to ask,

how much longer or is it too much work?” –[F09]

14.4 Discussion & Implications

14.4.1 Practical Implications

The predominant contribution of this research for practice is the provision of
a holistic Data Science Canvas that covers both technological and managerial
aspects. Regarding the use of a Data Science Canvas model in practice, it
becomes clear that it fits for several functions. On the one hand, it can be
used as a structuring tool to discuss a project deeply by analyzing the current
organizational situation and, thus, it is possible to identify problems that have
to be solved beforehand. If the elements were filled out, the interviewees see
also a use case regarding a communication instrument to provide trust in the
project team’s work as well as to grant a common understanding of the goals
and challenges of the project.

On the other hand, it can also be used as a checklist for monitoring the
project’s progress by getting visualized what is done and what is left, to be
able to intervene if it is necessary. Furthermore, there is a possibility to start
breaking up silo-mentality by addressing and discussing topics that are in-
teresting for both stakeholders Nevertheless, there are still problems left that
need to be considered in further developments of the Data Science Canvas to
make it more relevant to practical applicability.
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14.4.2 Theoretical Implications

From a theoretical perspective, our research contributes to literature through
the following insights: First, in line with the practical contribution, our re-
search provides an overview of yet existing data science canvas approaches
and their respective elements. Furthermore, we combine those elements into
a holistic canvas and discuss their relations.

An essential insight that contributes to design theory of data science canvases,
is that such an artifact can be seen as both a structuring tool and as a checklist,
depending on the phase of the project. This information can serve regarding
a necessary adaption of the canvas structure by maybe offering different ver-
sions — one in the manner of a canvas and one as a checklist. If a canvas
model is provided as software, this could simplify the filling out, because only
the canvas needs to be prepared and the checklist is generated automatically.

For a common understanding, guidance can be helpful, which should be ad-
ditionally available. To make the selection of a method more comprehensible
for those who do not have an affinity for data, supporting small cards with
the essential requirements and possibilities of the respective method could be
offered. This could also improve interdisciplinary cooperation by giving ev-
eryone an equal understanding of the method. This also essentially supports
the purpose as a structuring element of a project and shows where a partici-
pant still has to work on.

To improve the design, the canvas should further be numbered according to
the elements or described accordingly in a manual. In our case, the numbering
therefore should be presented differently depending on the initial situation in
a manual, so that several applications are possible.

It is also an important finding that supporting questions time requirements
should be addressed and queried to ensure a better presentation of the cost
and benefit view and to support the decision for or against such a project.
Furthermore, skills should be differentiated into those that are already avail-
able and those that are still needed in terms of personnel. This will also allow
better planning of personnel resources. This can also help with job definitions,
e.g. by making it clear if a data scientist or data engineer is required.
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14.5 Conclusion

According to the Data Literacy Project study, data literacy is often poorly
represented among decision-makers [501]. Regarding the central research
question, a concept like the Data Science Canvas can therefore contribute to
the success of a data science project through the clearly arranged presenta-
tion of relevant influencing factors and help to democratize Data Science and
thus support digitization by making it accessible for non-data-affine project
managers. According to the practical evaluation it serves as a communication
base between the different project stakeholders and can be seen as a structur-
ing element or checklist before, during, and after a project.

But the evaluation interviews also showed that there are some problems re-
garding the understanding, scope, and problems resulting from interdisci-
plinarity in projects. Therefore a Canvas concept should consider this in-
formation and solve the derived problems.
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15 Data Storytelling as a Critical Success Factor
of Data Science8

Abstract

Due to the ongoing digitalization and the Big Data trend, an increasing amount
of data is available. This results in many potentials—especially for compa-
nies. The ability to cope with and evaluate this data is reflected in the role of
the data scientist, which is one of the most popular jobs at present. However,
challenges arise from the integration of data into corporate strategy and cul-
ture. For example, complex data and analysis results must be communicated
to stakeholders who are not data-affine. Data storytelling plays a decisive role
here, because to use data to initiate change, understanding and motivation for
the issue must first be created for every target group. However, data story-
telling is still a niche topic. This article uses a systematic literature analysis
to derive the success factors of data storytelling for an effective and efficient
communication of data to support Data Scientists in research and practice in
communicating data and results.

15.1 Introduction

”Data does not go viral. Stories do.” [293]

Storytelling has always been an essential part of our society. Not without
reason did UNESCO include storytelling, which is just one part of the narra-
tive arts, in the list of intangible cultural heritage [654]. This is also evident,
among other things, in the current discourse on the climate and coronavirus
crisis, which demonstrates the relevance of scientific results and their commu-
nication as a basis for social and political debates and decisions [32, 361, 615].

8This paper was originally published in German and has been translated into English
for this thesis. The German source is: Neifer, T., Lawo, D., Bossauer, P., et al. ”Data
Storytelling as a Critical Success Factor of Data Science.” HMD, 57, 1033-1046 (2020).
https://doi.org/10.1365/s40702-020-00662-3.
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However, good storytelling is not something people are born with. Instead,
it is a skill that must be learned to be able to capture and hold the attention
of one’s audience [155]. Stories help people understand complex issues and
evoke emotions. As a result, they remain in the memory and make it possible
to use the insights gained and pass on impressions.

Telling the story of complex issues is also essential in business and research.
On the one hand, ever larger volumes of data and more complex analysis
methods are opening up new possibilities for gathering facts. Still, on the
other hand, increasing complexity also increases the challenges of evaluating
these volumes of data and interpreting, understanding, and communicating
the results [176, 272, 443].

Against this background, the ability of data storytelling, i.e., communicating
data effectively and efficiently, also gains central relevance in the corporate
context, e.g., internal corporate research [394, 442]. Similarly, in science, as
is evident in the COVID-19 pandemic and climate change communications.
Here, an increased need for comprehensible and citizen-oriented communi-
cation of complex data evaluations and their predictions is demonstrated. In
both contexts, the data scientist or researcher - in addition to their unique role
as an analyst of complex contexts - also has the task of communicating to
decision-makers [32, 128, 705].

Successful data storytelling requires two basic skills, which, according to
Nussbaumer Knaflic (2015), are already taught in primary and secondary edu-
cation [319]. Mathematics is needed to grasp, evaluate, and interpret numbers.
Language is then used to transform numbers into words, words into sentences,
and finally, these into stories.

Despite the importance of data storytelling for business decisions [394] and
science communication [705], it is still a niche topic in the scientific litera-
ture. While storytelling is repeatedly listed as an essential tool and was even
listed in CIO Magazine’s 2017 Creativity Trends [664], the factors for data
storytelling success have not yet been systematically studied.

Based on a systematic literature review, this paper identifies eight key suc-
cess factors and derives a process approach for effective and efficient data
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storytelling to implement a sustainable culture of data-driven communication
because ”Data gives you the what, but humans know the why.” [69].

15.2 Data Storytelling

The term Data Storytelling is composed of the terms Data and Storytelling.
While Data represents the numbers and signs that have to be analyzed, pro-
cessed, and communicated for decision-making [208], Storytelling is defined
as the ”art of [telling a story]” [388].

Klaus (2019) takes up these definitions and describes data storytelling as a
communication method for ”relevante Entwicklungen verständlich zu kom-
munizieren mit dem Ziel, notwendige Entscheidungen zu treffen.” [relevant
developments [...] with the goal of making necessary decisions.] [316]. Fur-
thermore, he describes the role of the storyteller as an interpreter of data anal-
ysis into a language that everyone can understand [316]. Bladt and Filbin
(2013) follow this exposition and understand data storytelling as ”humaniz-
ing” the data [69]. In addition to these attempted definitions, no clear defini-
tion of the term has emerged in the literature. However, based on the different
perspectives and highlighted aspects [535, 662, 665, 177] of data storytelling,
it can be understood as process of preparing and presenting information from

the results of a data analysis to motivate a decision or action in a language

and visualization appropriate to the target audience. From this, three impor-
tant elements of data storytelling already emerge: the data or data analysis as
well as its target group-oriented communication by means of a linguistic story
and comprehensible visualizations. To tell a relevant story with corporate or
research data, it is necessary to understand and observe all three key elements
of data storytelling (see Fig. 24).

This combination allows the data to be given context and thus meaning in
terms of future action. By visualizing the data, audiences can gain insights
and be enlightened to new perspectives and opportunities. Connecting the
story with visuals also has benefits: If a narrative is successfully supported
with visual components, the audience can be entertained and motivated [319].
The goal of data storytelling to prepare relevant decisions and initiate change
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Figure 24: The Three Key Elements of Data Storytelling according to Dykes
(2016) [177]

is best realized by linking all three components [177].

The data story does not differ from other stories in terms of structure. It usu-
ally consists of the initial situation (”in the past”), the climax and/or turning
point (”then something happens”), and the end (”as a result”) [103]. Accord-
ing to Ryan (2016), a distinction can be made between eight plot frameworks
of a data story [535] (see Tab. 17).

According to Segel and Heer (2010), seven genres of audiovisual represen-
tation of data continue to be distinguished at the intersection of ”story” and
”visualization” [564] (see Fig. 25).

The magazine style represents embedding a single illustration in a page of
text, while a comic strip has many illustrations in a linear storyline. Comics
offer the advantage, especially in printed media, of providing a data story
with a lot of design space and expressiveness (sequences with images, words,
and narrative elements) [39]. Partitioning posters, on the other hand, as they
are often used in scientific contexts, usually feature a loose arrangement of
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Plot Description

Change over time A visual story is created by a trend or a simple metric

Drill-down Start with the big picture and work your way to the key mes-

sage

Zoom-out Inferring from the individual to larger groups

Contrast Comparison of two sides: ”This” or ”That”

Distribution Both the positive and the negative sides should be considered

and the range of the data should be clarified

Transitions Things that overlap or change from ”less than” to ”more

than”

Factors Two or more elements whose effect multiplies in combina-

tion

Special cases An effective means is to point out something outside the

norm

Table 17: Story Scaffolds of Data Stories according to Ryan (2016) [535]

images, this is especially exciting for easily condensable information to avoid
countless presentation slides or to present several aspects divided and clearly
arranged on one poster. An annotated diagram, as a simple form of image-
language relationship, achieves added value by enriching familiar diagram
types, which are supplemented with explanatory text. Flowcharts support a
processual understanding concerning the connection between data and events.
In the context of entrepreneurial, but also research presentations, instead of a
comic strip, the screen presentation is mostly used to prepare a data story and
to provide it with narrative elements. The presentation via films and videos is
typically used in television commercials or explanatory videos [564].

Data storytelling can have an informative, convincing, entertaining, calming,
explaining, or frightening character [308, 359] (see Tab 18).

Ojo and Heravi (2018) tried to explain which patterns and structures success-
ful data stories follow based on successful data stories from practice (see Tab.
19). They also analyzed which technologies and tools are used in the process
[456].
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Figure 25: Genres of Narrative Visualization according to Segel and Heer
(2010) [564]

Purpose Example

Inform Clarify about a situation based on current data
Convince Demonstrating the effectiveness of measures
Entertain Information of personal interest to stakeholders creates awareness
Calm Present data that shows continuous development in turbulent times
Explain Create a deeper understanding of a phenomenon based on detailed facts
Frighten Show consequences to motivate action

Table 18: Different Purposes of Data Stories

15.3 Methodology

To get an overview of the success factors of data storytelling, a systematic
literature analysis, according to the four phases of Rowley and Slack (2004)
[528], was conducted (see Tab. 20).
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Element The most frequent Data Story aspects (in %)

Purpose Inform (73)
Convince (41)
Explain (39)

Interactivity Interactive (59)
Possibility of searching, filtering, and selecting data (27)
Static graphics (9)

Illustration Annotated Graphic (77)
Various / Combination (18)
Video (18)
Magazine style (14)
Images (11)
Slideshow (7)

Table 19: Important Patterns of Successful Data Stories according to Ojo and
Heravi (2018) [456]

Phase Procedure

1. Search and evaluation of
the literature

Searching databases for research on data storytelling as
well as literature with its practical application & quality
assessment according to Cooper (1988) [143]

2. Filtering and retaining
relevant information

Analyze and summarize the literature using the SQ3R
(Survey, Question, Read, Recall, Review) process to
identify essential information and literature [518]

3. development of a concep-
tual framework

Creation of a concept matrix to sort and rank the identi-
fied literature [676]

4. Formulating the Litera-
ture study

Derivation, critical appraisal, and documentation of a the-
ory from the previously gained knowledge

Table 20: Four Phases of the Conducted Literature Study

For this purpose, in the first phase of the literature study, research results
and practice-relevant articles were searched for using keywords such as ”data
storytelling”, ”storytelling” or ”data science”. According to Cooper’s (1988)
quality criteria [143] and a review of the abstracts regarding relevance, these
were pre-filtered so that 24 relevant articles were available.

Building on this selection of literature, the second phase drew on the SQ3R
(Survey, Question, Read, Recall, Review) process to identify essential lit-
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erature [518]. Further selection focused on research findings, practices, or
applications with a neutral perspective and the goal of generalization [143],
extracting the ten most relevant articles from 24 sources.

After the appropriate sources of information were selected in the first two
steps of the SQ3R process (Survey, Question), the three Rs were used (Read,
Recall, Review) to identify the relevant success factors. For this purpose, a
concept matrix was created [542, 676], which shows the results of the liter-
ature analysis in relation to the success factors (see Tab. 21). In this step,
similar success factors were also summarized so that eight factors could be
identified.

Finally, in phase four, the results were compiled into an overview of data
storytelling success factors.

Source A B C D E F G H

Nussbaumer Knaflic (2015) [319] X X – – X – X –

Klaus (2019) [316] X – X X – – – –

Bladt and Filbin (2013) [69] X X – X – – – –

Stone (2015) [614] X X – – X X – –

Morgan (2016) [429] – – – – X X – X

Wellington (2015) [679] – X – – X X X –

Samuel (2015) [544] X X X X X – X –

Heeg (2015) [260] X – – – X X X –

Pyczak (2017) [498] – X – – X X X X

Ryan (2016) [535] X – – X X – – –

A: Visualize data, B: Focus on the core idea, C: Motivate to act, D: Select the right

data, E: Avoid complexity, F: Adapt Data Story to the audience, G: Telling the ade-

quate story correctly, H: Develop story together

Table 21: Concept Matrix

15.4 The Success Factors of Data Storytelling

In the following, the success factors (see Tab. 21) are listed according to their
frequency, described in more detail, and classified using an overarching exam-
ple. The example describes the results of an app usage analysis based on log
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files, which are to be processed by a researcher and presented for analyzing
the app’s target group (see Fig. 26).

Figure 26: Analysis of App Usage to Derive the Relevant Target Group

15.4.1 Avoid Complexity

The most frequently mentioned factor for a successful data story is the avoid-
ance of complexity. Nussbaumer Knaflic (2015) states that complexity can
be reduced using visual aids. In general, care should be taken to ensure that
a data story is easy to read and simply told. She substantiates this with the
fact that listeners quickly switch off when explanations are presented in a way
that is too complicated, and they feel uncomfortable or even become annoyed
if the language is unnecessarily complex [319]. Also, complex visualizations
ensure that readers develop their own story according to their understanding
and thus may deviate from the desired purpose [614]. Illustrations and text,
then, should include only the most important data and trends for your story.
Rather than flooding the reader with all the data, it should be used selec-
tively to support the message [429]. Implicitly, the argumentation for finding
a suitable framework of the data story for the respective target group can al-
ready be recognized in some authors [260, 679]. In all cases, it is helpful to
obtain interdisciplinary feedback beforehand [319]. Fig. 26 illustrates that
better coloring brings the relevant data to the forefront, reducing complexity.
The eye is drawn directly to the essential information and comprehension is
strengthened by the subtitle.
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15.4.2 Visualize Data

Visualizing data goes hand in hand with reducing complexity and is men-
tioned by seven sources. According to Bladt and Filbin (2013), data are more
difficult to contextualize. For example, using their example, they cite that pre-
senting demographic and geographic trends in the context of regression tables
is challenging to understand, especially when there are multiple characteris-
tics with possible interdependencies. However, when they resorted to a visual
presentation of the data in the form of maps, the audience could quickly grasp
the data, stimulating discussion and enabling even non-data-savvy viewers to
uncover trends [69]. However, graphics should be as self-explanatory as pos-
sible. Further, visualization should be viewed only as a supporting element.
Images do not replace the story but guide it to the climax [316]. This is also
emphasized by Heeg (2015), who provides some examples from practice. He
describes that the derivation of insights from large amounts of data and their
communication were not successful, especially when the data visualization
was not perceived as part of the data storytelling [260]. Data visualizations
should accordingly be actively integrated into the data storytelling process.
Visualizing numbers in the context of the after-image of Fig. 26 improves
data storytelling by making it self-explanatory and supporting the data story
by focusing on the main insight. This clearly identifies a trend in terms of in-
creased usage on weekends. This is not immediately apparent in the context
of the before figure.

15.4.3 Focus on the Core Idea

Six of the studied sources advocate focusing on the story’s core idea and build-
ing the story around it. Data should always be presented to address the ques-
tion to be answered using the data [498]. Regardless of the underlying data,
conveying a clear key message within the final data story is relevant. This
can be achieved by presenting the intent at the outset and then building on it
linearly. It is also helpful to reflect on how the story could be summarized in
one sentence [679, 544]. In the example, the analysis could be used to push
marketing measures, which here - due to the mainly evening usage - could be
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done via an advertisement on a streaming service, since the target audience
mainly watches a series in the evening. This connection is directly evident
from the ”After”-image (see Fig. 26) and can be discussed. Thus, it could
also make sense to address a family audience to expand the target group in
the 6-12 o’clock usage range.

15.4.4 Adapt Data Story to the Audience

Only half of the sources explicitly made this point. However, the adaptation of
the story to the audience is emphasized in the context of these contributions.
Due to one-size-fits-all presentations, it so often happens that the preparation
makes sense to the analysts but not to the audience. It is essential to know your
audience and adapt the story accordingly. Connecting people to what the data
is saying meaningfully helps overcome the barrier between data analysis and
decision-making. For this, it is recommended to ask someone from outside
the project for understanding [260, 429, 498]. Again, the after plot of Fig.
26 advantages over raw numbers as well as the before diagram. Due to the
clear and focused representation, the marketing department can immediately
recognize the essential point and quickly deduce based on it.

15.4.5 Telling the Adequate Story Correctly

The right way of telling the data story is also mentioned by 50% of the
sources. It is important to understand the supporting data to make the right
decision. What matters here is the ability to transform the numbers into good
stories. According to Pyczak (2017), narrative structures and dramaturgy can
help with this [498]. According to Stone (2015), it is relevant to focus on
a story’s beginning and end for a proper narrative [614]. The story’s start
motivates further attention, while the end conveys the central messages to be
remembered and carried forward [614]. Data should be illustrated with hu-
man examples whenever possible. This makes for a more tangible story and
makes it easier to interpret correctly. It can also increase the usability of the
messages [679, 544]. A good way to start the story of the example could
be to derive the audience analysis via an amusing picture of app usage while
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streaming, as many can certainly identify with this.

15.4.6 Select the right data

Four sources guide the proper selection of data. The primary issue here is to
understand that there is not necessarily a truth in data, and therefore, context
takes on an important role. The data, as well as its visual presentation, should
accordingly be carefully considered to present a strong message [535]. Bladt
and Filbin (2013) also argue that only those data that impact key business
metrics should be included, thus omitting data that do not answer the problem
[69]. However, it is always necessary to evaluate whether the correct data and
visualization selection do not convey a false understanding [535]. In Fig. 26,
this idea has been taken into account by centering on the relevant numbers
regarding identifying a user group.

15.4.7 Develop Story Together

Two sources state that data storytelling is an interdisciplinary task. A data
storytelling team can consist of data analysts, IT staff, marketing experts, and
editors. Data analysts extract the patterns and information in the data, visu-
alization experts create a simple and understandable visualization of the data,
marketing experts provide an understanding of the needs and thoughts of the
target audience, and domain understanding enables them to answer the right
questions [429]. However, Pyczak (2017) points out that one person should
take the lead in creating the story. The team should contribute ideas and make
the story understandable and plausible [498]. For example, the analysis in the
example should be discussed from different perspectives through interdisci-
plinary coordination before adapting it to the target group.

15.4.8 Motivate to Act

Finally, data stories should motivate the audience to take action. Therefore,
a relevant goal of data storytelling is to arouse curiosity, as this is the ”en-
gine of innovation” [316]. Overall, the example of Fig. 26 shows that Data
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Storytelling, by combining data and an engaging visualization, can provide
enlightenment about the app’s peak usage time for more efficient marketing
efforts. If the illustration is combined with a story, it can create motivation
by, for example, creating general awareness about a new fact. For example, a
story could be built about streaming service customers since they correspond
to the essential target group of the app. The data serves as the basis for ex-
plaining the story and can reinforce statements or illuminate other aspects,
such as the negative trend among users between 6 a.m. and 12 noon.

Concerning the genres, there are a variety of presentation options for our ex-
ample. For example, the screen presentation with Fig. 26; depending on the
speaker’s voice, the annotated diagram could also be used. If the informa-
tion is to be disseminated internally in the marketing department afterward, a
comic strip would be conceivable to evoke attention and understanding among
the readers without participating in the presentation. In a report, the magazine
style could be used as an element for external communication.

15.4.9 Summarizing View

It is evident that researchers and practitioners consider easy-to-understand
visual representations the best way to create a story from pure data. Interest-
ingly, three technical or narrative criteria were identified as essential factors,
whereas factors related to the story were only mentioned by every second
author.

If the various success factors are brought into a temporal-logical sequence,
the result is the data storytelling process we recommend. This can be seen as
a guideline for the optimal implementation of data storytelling (see Fig. 27).
From a process perspective in the context of data science processes, such as
the CRISP-DM process, data storytelling can be understood as an overlying,
accompanying process for efficient communication, which accompanies the
phases of data exploration. Against the backdrop of the planned story and
the story’s purpose, data is selected, analyzed, and insights are gathered. The
story is formulated over several iterations of the process model. It is shaped
by creating illustrations matching the data in the exploration phase [359].
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Figure 27: Data Storytelling Process

Ultimately, data storytelling combines a story, visualization, and data analy-
sis processes in a way appropriate for the target audience, combined with the
proper choice of presentation medium [456]. While data storytelling accom-
panies the entire process, the actual communication does not represent the end
of the process but motivates new iterations of the exploration if necessary. For
example, a formerly compelling data story that motivated action may be the
starting point of evaluation and information in future stories.

15.5 Conclusion and Outlook

The starting point of the present work was the problem of communicating data
using storytelling. Not only the exponential growth of data in today’s age, but
the combination of language and mathematics, especially, pose challenges
for data storytelling. To address these difficulties and both transform data into
relevant information and motivate audiences to take action, success factors for
successful data storytelling were identified. This was done using a systematic
literature review.

The evaluation of more than 20 sources results in eight success factors, six of
which are considered particularly relevant due to the frequency of their oc-
currence. These relate both to the area of storytelling and data analysis and
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visualization. The factors were put into a temporal-logical sequence, and a
procedural recommendation was made based on the data storytelling process
designed in this way. Data analysts can use this recommendation to tell suc-
cessful data stories and convey the correct information in the right way to
decision-makers.

However, data storytelling is still a niche topic [394]. However, the topic is
expected to gain in importance due to increasing data volumes and the high
demand for tailored information [443].
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16 Comparative Summary of Findings

The comparative analysis of section 14 and 15 looks at different frameworks
to support the negotiation process between businesses and consumers in the
context of DDSs, which aim to improve communication between business
requirements and consumer needs.

16.1 Data Science Canvas as a Structured Framework for
Business-Data Alignment

Section 14 provides a structured framework for decision-makers and the oper-
ational level to support the co-evolution process of aligning strategic and op-
erational levels (see section 2.2, figure 6). The Data Science Canvas enables
the planning, communication, and control of the development of DDBMs and
DDSs by harmonizing technical aspects with management perspectives. Fur-
thermore, the precise preparation and creation of a common understanding in
the context of the development of DDBMs and DDSs also align the technical
with the social part of the organization, thereby promoting the co-evolution
process of external (strategic) and internal (operational) levels called for in the
literature [24]. As a tool for visualizing and organizing complex elements to
be considered, such as data sources, methods, model quality, and stakehold-
ers, it enables businesses to use data effectively to align their business strategy
with the data strategy and achieve their strategic goals.

A vital contribution of the framework is the creation of transparency and col-
laboration between the various stakeholders and, through their definition, en-
courages the integration of consumer needs in the early stages of development
by formulating business models and value propositions aimed at the qual-
ity, collection, and processing of data. By considering the relevant elements
such as data collection, data integration, and model selection, the practices
of companies identified in part II in the context of Business-Data Alignment,
in particular, are supported by a holistic view and the uncovering of possible
problem areas that hinder value-added data-driven development. It directly
confronts the problems and offers solution options through further, consecu-
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tive elements.

Structured planning of data-driven projects: The Data Science Canvas
makes it possible to go beyond a purely technology-centered approach and
align the data strategy with business objectives. Complex data analyses and
models can be planned systematically and comprehensibly with the help of the
tool, providing all relevant internal and external stakeholders with a common
basis.

Promoting interdisciplinarity and transparency: A pivotal contribution to
defining a successful data strategy is the promotion of transparency and inter-
disciplinary collaboration. As a communication tool, the Data Science Canvas
supports the presentation of complex data projects to make technological de-
cisions understandable to non-data-savvy stakeholders and to democratize the
coordination processes based on clear and transparent elements.

Consideration of business models and stakeholders: The Data Science
Canvas emphasizes the importance of the business case and promotes early
coordination with the needs of internal and external stakeholders. Although
the focus in section 14 is primarily on internal Business-Data Alignment, this
represents a first step towards Business-Consumer Alignment by looking at
data not in isolation but in the context of value creation for consumers.

Optimizing the management of data-driven business models: The canvas
supports implementing DDBMs and services by providing a visual and struc-
tured basis for better managing and understanding data-driven projects. It
serves as a checklist for project success and a tool for creating trust by clearly
tracking progress and any arising strategic and operational challenges.

The Data Science Canvas provides a holistic framework for planning and
developing DDBMs and services. It serves as a basis for integrating these
into consumer-orientated coordination processes at a later stage. In Business-
Consumer Alignment, the canvas acts as an internal business building block
that ensures that data-driven innovations are in line with business objectives in
preparation for communicating these externally and developing them together
with consumers in the context of UCD.
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16.2 Data Storytelling as a Bridging Method for Business-
Consumer Alignment

Section 15 emphasizes the relevance of translating complex DDBMs and
DDSs into understandable, comprehensible narratives to non-data-savvy stake-
holders, especially consumers. Data storytelling is crucial in closing the com-
munication gap between data scientists, businesses, and consumers. It pro-
vides data according to the developed process to make it understandable and
transparent for consumers within the decision-making processes of Business-
Consumer Alignment. Narrative techniques create understanding and trans-
parency by integrating data into stories that encourage consumer participation
and perspective-taking, thereby supporting their individual decisions to dis-
close data. While the data science canvas focuses on the use of data and
its systematic preparation and documentation, data storytelling is a bridg-
ing function to establish a common language in the negotiation processes of
Business-Consumer Alignment, strengthening consumers’ roles through in-
creased understanding. The identified success factors and the data storytelling
process derived from them support businesses in the target group-orientated
preparation of data problems and their communication with consumers.

Bridging the communication gap between businesses & consumers: Data
storytelling closes the gap between transparency and understanding of busi-
nesses and consumers by transforming data into understandable, comprehen-
sible, and appealing stories. Companies that collect and process complex data
often face the challenge of communicating these insights so that consumers
can recognize and understand their benefits and make informed decisions. As
a communication tool, data storytelling, therefore, supports targeted negotia-
tion in the context of Business-Consumer Alignment.

Creating motivation and perspective-taking through narrative elements:
Showing the context of data through a story can motivate action and enable
consumers to adopt a perspective (see part III). Stories help to present com-
plex data, allowing the consumers to understand the importance of the data
in the context of their personal decisions and increasing their trust in DDSs
through transparency.
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Success factors of data storytelling: Based on the systematic literature anal-
ysis in section 15, eight critical success factors were identified that promote
compelling data storytelling. These mainly include reducing complexity, fo-
cusing on key messages, adapting the story to the target group, and visualiza-
tions to support the comprehensibility of the data. These factors ensure an un-
derstanding of data and the ability to translate data into action. In the context
of Business-Consumer Alignment, it is relevant that consumers can recognize
the individual benefits from their use of data and the corresponding added
value of DDSs, which is why the traceability of the underlying data processes
is essential. By democratizing the development of DDSs for consumers, data
storytelling also leads to a more substantial alignment of corporate strategies
with their needs.

Processual integration of data storytelling: Data storytelling should be
understood as an end-to-end process that accompanies all data processing
phases—from data exploration through data analysis to the final communi-
cation of the results. Data storytelling accompanies the internal exchange
between specialist departments and other stakeholders and external communi-
cation with consumers. This holistic integration makes it possible to trace the
entire value creation process of DDSs and thus support Business-Consumer
Alignment.

Part IV offers a comprehensive approach to achieving Business-Consumer
Alignment. The Data Science Canvas forms the basis for this by supporting
Business-Data Alignment, the internal dynamics of decision-making, and the
commitment of non-data-savvy specialists and managers. This allows the nec-
essary development of data literacy to be additionally focused. In addition to
the structuring function of the data science canvas, data storytelling comple-
ments this framework by enabling the effective communication of data with
consumers.
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17 Discussion

Based on the comparative summaries of findings in sections 7, 12, and 16,
this section discusses the results in the context of the research questions and
the related work.

RQ1: What problems do businesses face within their practices in Business-
Data Alignment and data-driven value creation, and what are recommenda-
tions for action to overcome these barriers?

RQ2: How do consumers perceive DDSs within Consumer-Data Alignment,
and what supportive factors should be considered in a user-centered design of
DDSs?

RQ3: How can businesses and consumers be supported in Business-Consumer
Alignment by suitable tools and processes to create value for both?

To answer RQ1, this thesis examined the business perspective in part II. Tech-
nical and organizational challenges in DDS development were uncovered, and
the resulting recommendations for action in the areas of data sourcing (see
section 5) and DDS development (see section 6) were developed. For success-
ful Business-Data Alignment, the case studies clarify that data model stan-
dardization and interoperability are crucial to integrating heterogeneous data
sources. IPaaS can contribute to harmonizing data processes through flexi-
ble platform solutions and support companies’ integration practices. How-
ever, according to the experts surveyed, several challenges must be consid-
ered when deciding on an IPaaS solution. In particular, the lack of data model
standards, cost-benefit ratios, and data protection concerns come to the fore.
The example of the development of a DDS in the form of a recommender sys-
tem for food retail also makes it clear that data portability and interconnec-
tivity are essential for developing DDSs. However, it becomes also apparent
that both technological and organizational adaptations are required to make
data-driven value creation effective. This manifests in particular in the need
to involve users in the design processes to adequately consider their needs
(see section 7). The findings are discussed in section 17.1 in the context of
Business-Data Alignment through a practical lens and supplemented by the
consumer studies of part III.
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In part III, three case studies were conducted to explore how consumers per-
ceive DDSs, integrate them into their consumption practices, and coordinate
this with their data strategies as part of the discussion of RQ2, providing in-
sights into the negotiation processes between added value and privacy. The
results (see section 12) show that reciprocity helps to ensure that added value
is perceived and trust in the DDSs can be created. Reciprocity takes place
on both a sociological and an economic level. On a sociological level, reci-
procity enables businesses and consumers to take on each other’s perspec-
tives, strengthening trust and reducing information asymmetries. One exam-
ple is the exchange of vehicle data in peer-to-peer carsharing systems, which,
through transparency about the mutual benefits of sharing driving behavior
data, such as legal clarity in disputes, increased consumers’ willingness to
share data, enabling the development of algorithm-based reputation systems.
On an economic level, reciprocity reduces the risk of opportunistic behavior,
as clear rules and reciprocity structure the exchange of information.

However, this requires an understanding of the data and its intended use on the
one hand and a deeper understanding of algorithms on the other, which con-
sumers primarily abstract via tangible or familiar, apparent structures. The ex-
ample of road traffic regulations clarifies that transparent cause-and-effect re-
lationships ensure better comprehensibility and provide comprehensible con-
sequences for certain behaviors (see section 11). Similar requirements are
also evident in the development of recommender systems, where an “if-then”
mechanism can make decisions and e-recommendations comprehensible (see
section 9). This mainly addresses interaction with the algorithms in the form
of customizable functionalities, which should be focused on as part of a par-
ticipatory design approach. Adaptability to individual needs and personalized
functions means that the consumer strategy - shaped by consumption prac-
tices - can be supported in the best possible way as part of Consumer-Data
Alignment, and the data strategy can be informed accordingly using perspec-
tive adoption for the provision of the required data.

Perspective adoption describes the ability of consumers and companies to put
themselves in the other side’s position. This allows the competing strategies to
be better aligned. Consumers are trying to understand how DDSs work, what
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data is required, and how it is used, while companies should put themselves
in the consumer’s perspective to consider their needs and data strategies. The
example of the negotiation processes of section 10 shows that consumers are
more willing to disclose data if they understand the added value and the use
of the data is made transparent. At the same time, consumers want personal
needs and values to be taken into account when designing algorithms (see
section 9 and 11). Perspective adoption thus ensures that consumers are not
just passive data providers but that their active participation in the design of
DDSs is made possible. In doing so, it represents a bridging function between
companies and consumers to promote communication to enable shared added
value. Section 17.2 discusses this concerning the development of tools to
support the design of user-centered DDSs.

Building on this, two tools were developed in part IV to support companies
in the user-centered design and development of DDSs based on the princi-
ples derived in part II and III, making theory actionable for practice. The
Data Science Canvas can be primarily used for Business-Data Alignment as
a structured method for planning and implementing data-driven projects. It
helps businesses define and connect the expected added value, relevant data
sources, required expertise, and suitable models to create a shared understand-
ing among all stakeholders. In addition, the data storytelling process enables
translating complex data into understandable, target group-specific stories that
generate trust and support informed consumer decisions.

The results from section 10 and 11 in particular show that consumers have
a strong need to be aware of the purpose of the data businesses collect and
that this can promote a mutual adoption of perspectives within the framework
of reciprocity. The Business-Consumer Alignment Canvas (BCA Canvas) is
being developed in section 17.3 to address this need. The BCA Canvas is
based on the findings of this thesis and directly addresses the area of ten-
sion between companies and consumers. The Data Science Canvas forms the
basis of the BCA Canvas to provide the identified data needs of companies
with a clearly defined purpose and to communicate them to consumers in a
target group-specific manner using data storytelling. This enables consumers
to make informed decisions about the disclosure of their data and actively
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participate in a participatory design process.

17.1 Business-Data Alignment through a Practice Lens:
From Integration Practices to Algorithm Development

Data integration is a critical issue in the Business-IT alignment process. Since
this issue has become even more relevant and challenging in the context of
DDSs and Business-Data Alignment [563], this thesis focuses in section 5
on data integration platforms that can support companies in their integration
practices and thus ensure system flexibility.

The standardization of data models plays a vital role here in reducing the com-
plexity of point-to-point integrations [415], facilitating data integrations from
different sources, and providing Business-Data Alignment through a sufficient
data basis for the implementation of data and business strategy. Nevertheless,
this standardization is still missing. Furthermore, businesses need to pay at-
tention to having access to many connectors to ensure the rapid integration
of specific systems and their data transfer into their information system and
to meet customer needs at the business model level [568]. Data protection,
security, and transparency issues are also to be considered, resulting from the
fact that the providers predominantly do not originate from Europe and do
not or only partially meet local requirements. Therefore, this thesis motivates
an open-source-based Integration platform that could create flexibility within
the framework of aligning business and data strategy through data integration.
An open-source-based IPaaS could counter the problems of standardizing data
models through a common goal of contributors [36].

The benefits of data integration platforms also extend to the process integra-
tion of companies and their automation, as an integrated data basis from var-
ious systems is a fundamental prerequisite for the introduction of intelligent
process automation [440]. This can be attributed to the upcoming services that
rely on machine learning methods to empower the bots to make decisions,
among other contributing factors. These require integrating (un)structured
data to be trained effectively and benefit from synergy effects [171].
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The development of DDSs as part of a DDBM thus reaches its limits in the
case of a non-integrated IT system due to the possible existence of redun-
dancies, a predominantly manual need for data input, poor or outdated data
and unsustainable system interruptions [605]. In addition, for a successful
Business-Data Alignment, it is necessary to define the connection between
data and algorithms so that they can be regarded as a unit [332]. With a broad
data basis, algorithms can be efficient, and obtaining information from raw
data is only possible with algorithms.

However, the effectiveness and efficiency of algorithms depend not only on
the pure availability of data but also on how this data is structured, integrated
and represented. In the case of incomplete or unbalanced data integration, the
algorithms may not sufficiently consider specific user groups or behavioral
patterns, which limits performance and fairness [372].

Section 6 reveals that algorithms cannot reach their full potential in the case
of incompletely integrated data and - using the example of food retail - tend
not to take into account relevant but underrepresented minorities, such as crit-
ical consumers, and are therefore unable to provide adequate recommenda-
tions. Even if it is not always necessary for the efficiency of the algorithms to
address all possible user groups with the same priority, the consideration of
underrepresented groups can nevertheless improve the systems’ adaptability,
fairness, and relevance. Accounting for these groups can prevent systematic
biases and improve the relevance of the recommendations for a broader spec-
trum of users, especially in areas like food retail, where consumption practices
are diverse [644].

In addition, an integrated system like a household information system can
support consumers’ decision-making along the food practices [351, 605]. The
consideration of these factors is particularly relevant from the point of view
of interconnected, integrated and dispersed [212], entangled [447, 349, 577],
or chronologically ordered [445] food practices to be able to provide suitable
data-driven value-added services in this sense [351].

Here, too, the required diversity of connectors becomes evident, as many con-
sumers interact with businesses across multiple digital touchpoints like mo-
bile apps for grocery shopping, digital recipe platforms, or self-checkout sys-
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tems in stationary retail. These touchpoints generate different data sets - from
shopping lists to dietary habits and purchase histories. Without standardized
integration, this data remains fragmented and cannot be used efficiently (by
algorithms). At the same time, there is the problem that some consumption
practices can only be covered incompletely by DDSs. An example is weekly
grocery shopping, which does not necessarily have to take place only in the
stores of a particular business. Still, it can also be continued in a compet-
ing discounter, for example. The transaction data distributed across different
providers does not flow into the same system, which means that relevant in-
formation is missing and only a fragmentary consumption profile exists. As
a result, recommender systems can only model actual shopping behavior to
a limited extent, impairing personalized recommendations’ quality and accu-
racy (see section 6).

These different touchpoints must be brought together for sufficient data in-
tegration [215], as integrated household information systems ”should respect
the individual artifacts choices, but still enable a common data and service
platform for integration [...] since integration is perceived as a key feature that
reduces effort and increases usability” [351]. Integrated household informa-
tion systems can enable consumers to provide more consistent and appropri-
ate recommendations by combining different data sources and interactions in
a unified platform, allowing for a more complete picture of consumer habits.

In section 9, the unity of data and algorithms is also reflected in trusting data-
driven value-added services. Reliable and open data and algorithms must
properly consider restrictions or ethical choices, particularly in the sensitive
consumption domain of food [644, 350]. But not only in food, other areas
like health or finance also involve critical decisions for consumers, and a lack
of transparency can result in a lack of trust, as consequences such as breaches
of privacy, health risks, financial loss, or a breach of ethics cannot be assessed
[458].

The studies in section 10 and 11 further emphasize the necessity of connecting
and integrating various sensors and telematic solutions to enable DDSs. While
the sharing economy is examined in this thesis, relying on decentralized and
trust-dependent structures, DDSs like algorithm-based reputation systems can
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solve current problems such as social bias in reputation mechanisms and offer
added value as an objective measure for trustworthiness [602]. Nevertheless,
the seamless integration of sensor and telematics data to provide reliable and
transparent algorithmic solutions is also relevant for platform domains like
smart home, digital health, and insurance [113, 677, 584]. Therefore, these
principles can also be applied to other domains, especially where DDSs inter-
act with end-users in sensitive or critical domains.

17.2 Consumer-Data Alignment: From Flexible Consumer
Practices to Negotiating Between Privacy and Value

17.2.1 From Consumer to Co-creator: Flexible Human-Algorithm In-
teraction to Support Individual Consumption Practices and Fos-
ter Trust Through Understanding

To support consumer practices and, thus, consumer strategies through DDSs,
this thesis presents design implications that provide added value for con-
sumers. Therefore, section 6 shows that Business-Data Alignment relies on
access to sufficient and integrated data to represent consumption patterns ad-
equately. In practice, businesses (esp. low data business models [270]) often
only have fragmented data, depending on their touchpoints with consumers
[312]. Furthermore, the DDSs offered frequently do not sufficiently reflect
diverse and evolving consumption practices [644, 352, 351], limiting the abil-
ity to provide relevant and personalized recommendations for specific user
groups that do not match, e.g., an ’average consumer’ or cross-retailer con-
sumption patterns. As existing literature highlights, consumption strategies
are not static but shaped by dynamic, situational, and context-dependent fac-
tors [672, 241]. Furthermore, they are deeply bound to habitual routines,
emotional triggers, and external influences, such as pricing strategies or prod-
uct availability [577, 212, 182]. Therefore, as claimed by UCD (see section
2.4.1), it is essential to consider individual needs and actively involve con-
sumers in developing DDSs. These aspects motivate the analysis and design
of user-centered DDSs through UCD to understand consumer strategies’ di-
versity and perceptions [577, 212, 352].
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Building on this, the sections 6 and 9 show that when developing DDSs such
as personalized recommender systems, businesses do not adequately take into
account the diverse consumption patterns of previously underrepresented con-
sumer groups [644, 303]. While the metrics of recommender systems often
focus on the average consumer, they fail to consider the broader and more
complex dynamics of consumption habits [644, 5]. Consumers and their
strategies need to be considered more holistically to take into account not
only narrower factors such as health [436] or sustainability [303] but also
consumption habits in all their complexity and diversity. This limitation rep-
resents a gap in academic discourse and practical implementations of person-
alized DDSs [643, 303] and requires a holistic understanding of consumer
strategies, incorporating not only isolated factors but also the interplay of per-
sonal goals, values, and situational contexts [644, 349, 350, 303, 643].

Therefore, this thesis investigated the user-centered development of a food
recommender system in section 9, enabling ethical [303] and practice-oriented
[349] profiling. Furthermore, evaluating the system uncovers factors that
should be considered beyond the average consumer in developing DDSs to
support consumption practices more flexibly and enable consumers to make
informed and value-driven choices. The creation of profiles allows for the in-
tegration of personal goals, altruistic values, allergic restrictions, and personal
situations. This profile creation should be as flexible as possible since, in ad-
dition to the recourse to institutionalized and shared profiles and rules (such
as the general direction ”vegan”), it must also be possible to modify rules and
sub-rules to support own definitions of profiles (such as ”vegan”) in the con-
text of a profound personalization. This further underlines the relevance of
developing DDSs with end users [373].

The necessity of flexible profiling in the context of DDSs is also shown in
section 11. However, the reason for this lies less in obtaining the ’right’ in-
formation and more in adapting algorithms towards normative values. For
example, although the study participants interpret algorithmic ratings in the
area of peer-to-peer carsharing as regulatory based on the rules of the road,
they also want to flexibly incorporate subjective norms into the evaluation to
help shape the algorithm itself and integrate corresponding values that are not
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attributed to the algorithm. This aligns with prior research, which views al-
gorithms as elements of social order processes [112], which differ according
to regulative, normative, cognitive, and technological aspects. However, the
cognitive and technical levels are also addressed, calling for weighting op-
tions and explanations of the factors influencing algorithm-based ratings and
supplementing the weighting with a probability of occurrence and criticality
within a social context. The evaluation interviews in section 11 also clarify
that profiling through personas is desirable, understood as ”personification”
of the algorithm for comparability and an indication of possible adaptations.
The literature confirms this on the generation and incorporation of explana-
tion sentences in the context of recommender systems [706, 119]. This also
enables the filtering of a pre-selection of potential tenants in the area of P2P
carsharing, thereby reducing information overload.

Similarly, trust in DDSs also shapes consumer strategy. The findings from
sections 10 and 11 show that trust can be created particularly by understand-
ing data and algorithms. Clear visualizations and comprehensible algorithms
are used to understand the DDS. Nevertheless, this is often a fallacy in trans-
parency, as a high level of complexity results in a low level of benefit for
end-users, for example, through a precise breakdown of how DDSs work.
Detailed algorithmic explanations can overwhelm users, reducing the utility
of transparency. Therefore, there is a need to balance technical detail and
practical interpretability [590].

In the context of HCI, the interaction between algorithms and users should be
designed so that a deep technical understanding of the algorithm is no longer
necessary to derive value. Therefore, provided explanations should enable in-
terpretation of the results of DDSs rather than an explanation of the algorithm
itself, focusing on making outcomes actionable and meaningful rather than
simply explaining the algorithm’s underlying mechanisms [251, 228]. While
understanding refers to a general comprehension of what the system is in-
tended to achieve (what for?), explanation considers the reasoning behind spe-
cific outputs by uncovering regularities or causal relationships (why/how?).
Interpretation focuses on how the outputs of algorithms can be applied in
context-specific scenarios (what does this mean?) [435, 307].
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These results partially negate the findings from section 10, which, in line with
the literature on privacy, calls for an understanding of how algorithms work
[671, 694]. These aspects are also confirmed by the more recent literature
on explainable AI and the design of algorithmic interactive systems [546]
as well as studies on interpretability by design [391, 473, 25, 710, 375]. To
this end, the trade-off between application-based, human-based, and function-
based interpretability should be considered in socio-technical systems such as
algorithms. In the context of the application-based evaluation of interpretabil-
ity, the focus is on the effect of interpretability in the course of a specific, pre-
cisely defined task or application. The human-based evaluation analyzes the
quality and general comprehensibility of the terms of interpretations for non-
expert users. Finally, function-based evaluation deals with a formal, mathe-
matical definition of interpretability to evaluate the quality of interpretation
[175]. For example, in section 11, a human-based assessment was examined
through user feedback on their understanding of the algorithmic ratings and
comparing them to familiar reputation mechanisms like user ratings.

To prevent algorithmic bias, it should also be ensured that a DDS can be
compared with reality to ensure a fair and comprehensible result in specific
situations, which Rouvroy (2013) [527] also confirms. If DDSs can create
trust and be flexibly adapted to consumers’ individual requirements, there is
potential for increased added value in the context of consumption practices
and consumer strategies.

In summary, this thesis shows that trust, interpretability, and adaptability are
not isolated design factors but are interconnected and need to be approached
holistically to maximize the added value of DDSs. Therefore, this thesis
presents concrete examples from the food and mobility sectors that show how
these principles can be operationalized to support meaningful and context-
aware DDSs.
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17.2.2 Consumer Data Strategies in the Field of Tension Between Pri-
vacy and Added Value: Reciprocity as the Key to User-centered
Negotiation Processes

Section 10 adds a practical component to understanding privacy strategies and
provides broader insights into consumers’ perceptions of disclosing their data
in specific contexts. The results support the previous literature in the aspect
that consumers tend to prefer a data-sparing data strategy concerning the use
of DDSs and that the data collected must be in proportion to the added value
obtained but also - as an extension of the previous literature - to the perceived
interests of the data processor or user. This phenomenon of consumers adopt-
ing providers’ perspective stems from the principle of reciprocity on a social
level, which - as a universal social principle - refers to a mutual exchange in
social actions where both parties adjust their actions based on perceived fair-
ness and benefits [413, 420]. However, the most important thing here is that
this serves the purpose of seeing and understanding how the other party per-
ceives a consumer through data disclosure. Accordingly, it should be possible
for DDSs to give consumers access to the provider’s perspective and, thus,
into how their data shapes their perception of them. In this thesis, this was,
for example, considered by the participants in section 11, where they wanted
to know how they could improve their algorithm-based ratings when taking
themselves into the perspective of a car rentee.

Based on the findings of this thesis, this can lead, in particular, to improved
coordination in the event of unpredictable and uncertain events like intense
braking maneuvers (see section 11). However, reciprocity at the economic
level could also be observed, which in the context of information asymme-
tries should minimize the risk of opportunistic and unfair behavior [19]. This
aligns with research on trade-offs and supports the idea that consumers find
it more acceptable to disclose their data for expected benefits than if they
cannot expect a reward [671, 694]. However, the results focused on the fact
that both parties involved can access the data equally, and only if both agree
to this can one-sided injuries be prevented. Data disclosure by consumers
is seen as unobjectionable, especially if they expect the data to be available
anyway and support the provider with digital information. The principle of
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reciprocity, therefore, reflects balanced transparency to mitigate power imbal-
ances (through information asymmetries) and foster long-term trust in DDSs
[427].

Considering the various factors and a situation- and context-dependent dis-
course between data disclosure and expected added value, this thesis’s find-
ings demonstrate that an area of negotiability exists between consumers and
providers of DDSs, which is not a static space but a dynamic process shaped
by situational and contextual factors during different phases of service usage
(see section 10).

The situatedness of information, which, according to the findings of this the-
sis, can be differentiated into a trust-supporting function before, during, and
after the use of the DDS, thus complements the more traditional view of creat-
ing trust primarily before use [188, 278]. Furthermore, section 10 reveals that
many consumer data disclosures depend on specific conditions, such as trans-
parent data usage statements, assurances of privacy protection, and explana-
tions of the added value resulting from the disclosure. These conditions form
the basis of consumer trust and willingness to share information. Therefore, a
flexible system design is advisable to ensure that consumers can actively and
autonomously decide what data to disclose and under what conditions. Self-
determination in data disclosure refers to the ability of consumers to retain
control over their data disclosure decisions while being aware of the purposes
for which their data will be used. This clarity fosters trust and increases the
acceptance of DDSs [65, 59]. Here, the definition of individual conditions as
negotiation support is desired to adequately ensure consumers’ autonomy in
the context of their data disclosure.

Section 11 also certifies the results and uses a design artifact to show how
a DDS can be developed in a user-centric way by disclosing data. This re-
quires a transparent and comprehensible added value for consumers and ser-
vice providers; see also Athey et al. (2019) [35]. To this end, consumers
must be involved in the technological processes to make them transparent,
comprehensible, and user-centered and to increase interaction with the algo-
rithms [251]. Section 9 supports this with the demand for transparent algo-
rithms, which is not met even by supposedly consumer-friendly providers.
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From the consumers’ perspective, how a DDS decides often remains unclear.
This lack of transparency can create mistrust and reduce user confidence in
the system’s outputs, significantly when decisions strongly impact consumer
practices [458, 341].

Further studies on DDSs show that consumers must be aware of the data col-
lected, especially since they do not experience a surprising and frighteningly
accurate personalized service [353]. On the other hand, a paradox exists
which goes hand in hand with a general quality of service and where per-
sonalization is unnecessary. In line with prior research [22], it is required that
future designs provide a transparent overview of collected data and the rights
guaranteed by the GDPR or make them available to consumers so that per-
sonalized (third-party) services can be enabled [601, 605]. In the context of
peer-to-peer carsharing, investigating obstacles and barriers to sharing one’s
vehicle shows that consumers are even open to disclosing data about their
driving behavior if this increases their chances of renting a car or if the rental
price is lower. In this case, the abovementioned perspective also ensured that
monitoring by vehicle providers is considered appropriate, as it is understand-
able that they should be aware of whether the car renter is using the car sensi-
bly [469]. A study on blockchain-based sharing platforms shows that taking
the principle of reciprocity into account helps to increase user acceptance and
trust in the services concerning possible data misuse. A blockchain solution
could contribute to improved security for privacy protection by mapping the
negotiated data protection agreements via smart contracts and only disclos-
ing data when events defined by the consumer occur [82]. Perspective-taking
also plays a central role in the creation of digital sovereignty for consumers
in the context of control over their data [356], which ”provide the best bal-
ance for each [moral] calculus” [141]. This is also supported by identifying
privacy problems in establishing a digital sovereignty concept in various re-
search domains, which demand individual privacy and autonomy to prevent
data misuse and surveillance that occurs, for example, through AI [355].

Overall, Consumer-Data Alignment describes how consumers align their data
strategies with their consumption practices. This alignment can be divided
into two main types, each reflecting different approaches to balancing data
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disclosure and strategic goals (see Table 22 and 23). These types are derived
from the empirical findings in part III, supported by theoretical foundations
from prior research on the heterogeneity of consumer data strategies [471,
671, 694].

• Data-Enhanced Alignment Strategy: Consumers adapt their data strat-
egy to their consumer strategy so that they only consciously use DDS
by disclosing their data when they want to change their existing con-
sumption habits and see a benefit or strategic advantage in usage. These
benefits may include minimizing risk (e.g., using a food scanning app
to receive personalized alerts based on allergy or intolerance data) or
optimizing specific consumption habits (e.g., using a food recommen-
dation app and disclosing personal health data to receive personalized
meal recommendations based on specific dietary goals). For example,
in section 11, the participants describe sharing their driving data under
the specific condition of better rental prices.

• Data-Dominated Alignment Strategy: In contrast, consumers with
a data-dominated alignment strategy use data disclosure as an essential
part of their consumption practices with the primary goal of maximizing
benefits derived from their data, such as increased convenience, person-
alization, or financial incentives. In this way, they often focus on these
benefits rather than data privacy. For example, one participant in the 10
section was willing to disclose detailed data about their driving behavior
to receive financial benefits and preferential booking options. The moti-
vation appears primarily based on convenience and measurable benefits
despite potential privacy concerns.

These two basic alignment types show the heterogeneity and complexity of
Consumer-Data Alignment with varying priorities and strategies. Further-
more, the findings of part III motivate the distinction of the alignment between
data strategy and consumer strategy on three levels [371, 587]:

1. Individual Level: The alignment processes are shaped by expected
benefits, personal risk assessments, and subjective preferences [671]. In
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the study in section 10, a participant describes sharing driving behavior
when there is a discount for driving correctly.

2. Situational Level: The alignment is influenced by situated and context-
dependent events. For example, a participant in section 10 describes
that he would share GPS data on the condition that an accident has
occurred.

3. Strategical Level: Alignment is determined by broader goals, e.g., us-
ing a food recommender system to achieve a long-term goal such as
improving health (see section 9).

Level
Strategy

Individual
Level

Situational
Level

Strategical
Level

D
at

a-
E

nh
an

ce
d

A
lig

nm
en

t

Description Targeted use of data
for personal benefits
and risk minimiza-
tion

Targeted data disclo-
sure in specific con-
texts to achieve situ-
ational advantages

Targeted data disclo-
sure to achieve long-
term personal goals

Benefits Personalized services
that are tailored to
specific goals

Problem solving in
key situations

Long-term optimiza-
tion of consumption
practices

Risks Risks are reduced
through selective and
conscious disclosure

Data disclosure only
under certain condi-
tions

Long-term goals de-
fine the scope for dis-
closure

Example A user shares allergy
data to receive per-
sonalized food rec-
ommendations

A user only shares
GPS data in the event
of an accident to en-
able quick assistance

A user uses a nutri-
tion tracking tool for
long-term health op-
timization

Table 22: Data-Enhanced Alignment Strategy at Individual, Situational, and
Strategical Level

The findings highlight consumers’ different strategies and alignment processes,
revealing individual motivations, situational contexts, and broader strategic
goals. Therefore, when considering Business-Consumer Alignment, these
findings must be integrated into tools to support these complex, often com-
peting alignments between companies and consumers.



17 DISCUSSION 271

Level
Strategy

Individual
Level

Situational
Level

Strategical
Level

D
at

a-
D

om
in

at
ed

A
lig

nm
en

t

Description Maximum disclosure
of data to increase
benefits

Full data disclosure
to avoid situational
challenges

Data disclosure for
extensive, long-term
optimization

Benefits Extensive personal-
ization for maximum
convenience

Fast problem solv-
ing thanks to detailed
data

In-depth insights for
optimizing long-term
strategies

Risks Consciously accep-
ted risks in exchange
for maximum bene-
fits

Justification for full
disclosure by possi-
ble situational con-
texts

Full transparency to
data owners due to
long-term data

Example A user shares de-
tailed driving data to
receive financial ben-
efits

A user accepts full
GPS monitoring for
optimal support in
case of an accident

A user has his diet
and transaction data
comprehensively
analyzed to receive
optimal recommen-
dations for weight
reduction

Table 23: Data-Dominated Alignment Strategy at Individual, Situational, and
Strategical Level

17.3 Business-Consumer Alignment: Co-Creating Data-
Driven Value-Added Services

Successful Business-Consumer Alignment needs companies to be aware of
their specific opportunities in developing and designing DDSs and overcome
the existing problems and hurdles in Business-Data Alignment (see section
17.1). To this end, section IV motivates using the developed Data Science
Canvas tool, which supports companies from a holistic modeling approach
using a canvas. Section 14 shows that the Data Science Canvas can be used
as a tool for structuring DDS development, as well as as a checklist and in-
strument of trust for internal and external stakeholders. The Data Science
Canvas also enables non-data-literate specialists and managers to understand
data science development projects through its clear and comprehensible pre-
sentation and to communicate within a multidisciplinary development team
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using a generally understandable language based on the Data Science Canvas.
Using elements for data availability, collection, preparation, and integration
can counter the problems identified in section 17.1 or uncover and solve them
in joint internal coordination if they lack awareness.

Furthermore, in section 15, a process was developed using derived success
factors, which should improve the essential communication within develop-
ment teams as well as with external stakeholders, such as consumers, through
target group-specific and understandable language and thus promote over-
coming (mutual) problems.

Derived from the basic principles of UCD, Business-Consumer Alignment
requires an understanding of and for both sides. Businesses must under-
stand consumers and their preferences and needs, and consumers must un-
derstand what businesses want to achieve with their value-added services and
how these are designed. The principle of reciprocity, which has already been
derived in the section 17.2, becomes apparent here. On a social level, the phe-
nomenon of perspective-taking revealed in this thesis (see section 10) supports
the understanding of both sides. For example, businesses must engage with
consumers and incorporate their needs, wishes, requirements, and preferences
into the development process of DDSs as part of UCD to create added value
for both sides. At the same time, however, consumers must also adopt the per-
spective of businesses as part of their Consumer-Data Alignment strategy, try
to understand the design of DDSs and data requirements, and evaluate them
according to their individual data and consumer strategy.

To this end, it is helpful to define a purpose for the necessary data to be col-
lected, which is understandable for the consumer and is differentiated before,
during, and after use. This differentiation ensures that consumers understand
what data is being collected and why at every stage of using a DDS, increas-
ing transparency and reducing uncertainty about data usage. The importance
of data transparency after use becomes apparent, for example, in section 10,
when participants emphasized the importance of receiving reports on the con-
dition of the vehicle after use, e.g., on unusual incidents or fuel status, as this
simplifies the rental process and strengthens trust between the actors.

On an economic level, the Business-Consumer Alignment must also aim to
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reduce the prevailing information asymmetries in the development of DDSs
and thus minimize the risk of opportunistic and unfair behavior for consumers
through transparency and UCD (see section III). The expected benefits or
added value also play a leading role here, as consumers are more likely to
act positively for the company as part of their strategy if they receive an ac-
ceptable value in return for disclosing their data (see section 10 and 17.2).
Therefore, the co-creation of DDSs must enable the negotiation of situation-
and context-related trade-offs to use the lessons from the principle of reci-
procity accordingly. If both perspectives are combined via a coordination
process between the actors, as highlighted in part III, this alignment is not
just theoretical but practically achievable through transparent, participatory
design approaches. In that case, this can encourage use and adoption for busi-
nesses on the one hand and strengthen or preserve consumers’ autonomy on
the other [356, 355]. However, if this coordination fails, there is a risk that
consumer skepticism will increase, willingness to share data will decrease,
and adoption of DDSs will be limited. A lack of coordination can also lead to
inefficiencies in service design and missed opportunities to create reciprocally
beneficial outcomes.

Since the alignment process between businesses and consumers is complex,
mainly due to the problem of uncertainty and lack of clarity about a data
strategy on the part of the consumer, as shown in section 17.2, this thesis
recommends a tool that can be used in the context of co-creation workshops,
which are used for alignment under the lens of UCD, to support precisely this
alignment process for the consumer perspective. Canvas models are essen-
tially suitable for summarizing a complex problem as clearly as possible and
offering corresponding guidance for solution finding [464] (see also section
14). For this reason, the Business-Consumer Alignment Canvas (BCA Can-
vas) was derived based on the findings of the UCD studies from section III,
which is intended to support this alignment process as part of the co-creation
workshops in the development of DDSs.

The BCA canvas (see Fig. 28) encompasses the two perspectives of busi-
nesses and consumers. In preparation for the co-creation workshop, busi-
nesses can use the data science canvas to present the corresponding added
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Figure 28: Business-Consumer Alignment Canvas



17 DISCUSSION 275

Figure 29: Triangulation of Business-Data, Consumer-Data, and Business-
Consumer Alignment for Data-Driven Value Creation

value they would like to offer from developing a DDS based on their find-
ings. At the same time, the various data can also be differentiated according
to conditional data interest and essential data with their purpose of collec-
tion as an explanation and divided into before, during and after the use of the
service to the consumer. Using this presentation, consumers can now interact
with the company participants during the workshop to discuss which data they
would disclose, conditionally disclose or reject. Particularly in the area of ne-
gotiability introduced in the sections 10 and 11, conditions for the release of
conditional disclosure data can be defined, which are demanded by consumers
with the expected added value in the context of their consumer strategies or
practices and in coordination with the data strategy depicted there, which is
abstract but supports the decision-making process.

Overall, the findings of this thesis show that promising and value-adding
DDSs can only be developed and designed through the triangulation of Business-
Data, Consumer-Data, and Business-Consumer Alignment (see Fig. 29). As
Business-Data and Consumer-Data Alignment compete due to the different
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motivations (profit generation vs. data protection), understanding both sides
is required when aligning businesses and consumers. To this end, three tools
were presented that can be used as part of a UCD approach, for example in
co-creation workshops, to initiate precisely this triangulation: The Data Sci-
ence Canvas is used to derive meaningful and value-adding DDSs on the part
of businesses as well as their intensive examination of the problems and hur-
dles that arise from the development of DDSs (see part II and section 14). The
data storytelling process also helps companies in the internal communication
of these DDSs, the results of the analyses used, the demonstration of added
value, and the external communication of these to consumers. The results
of the Data Science Canvas can also be incorporated into the BCA Canvas,
which, as a tool for alignment between businesses and consumers, promotes
coordination between the two players and, through reciprocity, promotes the
reduction of information asymmetries as well as the adoption of a perspective
for understanding and strengthens the autonomy of the consumer.
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18 Conclusion

This thesis is divided into five parts, each dedicated to investigating the ten-
sion between businesses and consumers in developing and designing DDSs
and providing recommendations for action and tools to support them in this
process.

Part I motivates this thesis, derives the research questions, and creates the
theoretical foundations for DDBMs and DDSs for companies and consumers.
Therefore, section 1 emphasizes the need to redefine traditional concepts such
as Business-IT Alignment in the context of DDBMs and introduces Business-
Data Alignment as the alignment of the business strategy with the data strat-
egy of companies. Furthermore, the role of consumers in the development
of DDSs is emphasized, and based on this, Consumer-Data Alignment is de-
rived, which is of central relevance in the increasing integration of DDSs into
consumers’ living environments. Consumers must harmonize their consumer
and data strategies to benefit from the data they provide. In this context,
consumer strategy can be understood as a meta-level framework shaped by
consumption practices and behaviors, focusing on specific goals (see section
2.3). This thesis further introduces Business-Consumer Alignment, conceptu-
alized as a systematic negotiation process between businesses and consumers
to harmonize competing goals, requirements, and needs (see also Fig 29) in
developing DDSs.

In addition, the research domains to which this thesis contributes are pre-
sented. In particular, information systems and consumer informatics research
are addressed in the context of data-driven value creation. The case studies
conducted as part of this thesis in the selected application fields of consumer
informatics, food, and mobility expand the understanding of recommender
and reputation systems research by providing insights into the perceptions
and practices of businesses and consumers.

Section 2 outlines this work’s conceptual and empirical foundations, starting
with transitioning from traditional business models to DDBMs, where data is
at the center of value creation. This section introduces DDBMs and DDSs
as well as data-driven value creation. The terms Business-Data Alignment,
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Consumer-Data Alignment, and Business-Consumer Alignment developed as
part of this work are presented. Business-Data Alignment is essential for com-
panies to utilize data within their strategic and operational structures, thereby
supporting innovative DDSs by aligning data with the business strategy. The
focus is on the importance of flexible data infrastructures, interdisciplinary
collaboration, and the development of DDSs. Consumer-Data Alignment ex-
amines the alignment processes of consumer practices with consumer data
strategy. It highlights privacy, transparency, and reciprocity as critical fac-
tors influencing consumer engagement with DDS and emphasizes that con-
sumers’ willingness to use DDS depends on the perceived added value. Fi-
nally, Business-Consumer Alignment harmonizes the perspectives of busi-
nesses and consumers in developing and designing DDS to bridge the gap
between business objectives and consumer expectations. This ensures that
services are technically adequate and meet users’ needs to create added value.
Business-Consumer Alignment is based on the UCD concept, which advo-
cates the active involvement of users in the design of services by promoting
transparency and aligning the benefits of services with consumer values. It
is, therefore, a co-creation model in which companies and consumers work
together.

The following three parts are dedicated to the corresponding alignment terms,
but this section also presents the state of the art of the respective case studies
conducted.

Section 3 introduces the research framework and shows the structure of this
thesis and the research questions to be answered. The research activities used
in the case studies are also presented.

The case studies in part II deal with developing DDSs from a business per-
spective and highlight important aspects that should be considered for suc-
cessful Business-Data Alignment. To this end, section 5 discusses challenges
in integrating data from multiple sources and presents factors that businesses
can consider when introducing IPaaS platforms to support data integration
practices. Section 6 then highlights the development of a recommender sys-
tem from a business perspective to illustrate issues like data portability and
interconnectivity by uncovering problems in using real-world transaction data
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to develop models for modeling repeat purchase behavior. Overall, this part
shows that Business-Data Alignment must overcome technical and organi-
zational obstacles, ensuring data can be effectively leveraged for added value
for consumers and internal operational efficiency. To this end, factors and rec-
ommendations for action are derived to support companies in Business-Data
Alignment.

Part III turns to the consumer perspective by examining how DDSs interact
with consumer practices. Consumers of DDSs are not only passive recipi-
ents but active participants, and they provide data that influences service DDS
design and personalization. Therefore, UCD serves as a framework for creat-
ing DDSs that actually meet consumer needs. The presented case studies on
Consumer-Data Alignment in food and mobility application fields illustrate
how trust, privacy concerns, and transparency shape consumer engagement
and consumer practices. Balancing business objectives with consumer pref-
erences and practices is highlighted by examining consumer data strategies,
emphasizing participatory design methods to foster mutual benefits through
reciprocity.

Traditional recommender systems are usually based on popularity or simi-
larity metrics [14], so they are often not tailored to sustainable or conscious
consumption practices. Therefore, section 9 builds on section 6 and looks
at the development of recommender systems in the food sector that considers
the niche group of critical consumers. This case study highlights the necessity
for recommender systems to move beyond generalized metrics of popularity
or similarity and incorporate user practices, values, and sustainability goals
by design.

To further explore the alignment of consumer and data strategy, the focus of
the 10 section shifts from personalization in food consumption to the nego-
tiation processes underlying data disclosure for algorithm-based reputation
systems in peer-to-peer carsharing. These DDSs aim to solve the problems
of trust and reliability between peers in the sharing economy, such as social
bias or fake reviews, through a data-driven approach. Building on this, sec-
tion 11 expands the understanding of the topic by developing and evaluating
a prototype algorithm-based reputation system using car telematics data. This
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case study shows how telematics data can address trust deficits in peer-to-peer
relationships but also highlights the importance of contextual customization
to individual user preferences.

Overall, the case studies in part III show that consumers are not a homo-
geneous group but have differentiated demands on DDSs in the context of
Consumer-Data Alignment. Businesses must consider individual consumer
practices and data protection concerns to promote trust and the willingness to
disclose data. It is also evident that a user-centered approach and transparent
communication form the basis for successful DDSs. In general, DDSs should
be tailored to the user needs, practices, and values of their specific application
areas, thereby not focusing on a one-size-fits-all approach. These principles
should also be considered as a basis for the design of DDS in other areas but
must be tailored to the respective context and requirements.

Part IV proposes practical user-centered tools and methodologies to facili-
tate alignment between businesses and consumers in DDS design and devel-
opment. The developed Data Science Canvas in section 14 and Data Story-
telling Process in section 15 are introduced to bridge data literate and non-
data literate stakeholders, promoting effective internal and external commu-
nication about DDSs. These instruments support Business-Consumer Align-
ment by helping businesses to incorporate consumer perspectives and data
literacy into service design processes, ultimately aiming to create DDSs that
add value for both consumers and businesses. Therefore, the framework of
Business-Consumer Alignment is derived as a structured approach to manag-
ing data-driven projects focusing on clear communication and user-centered
development.

Lastly, part V discusses the findings of this thesis by focusing on the neces-
sary triangulation of Business-Data Alignment, Consumer-Data Alignment,
and Business-Consumer Alignment. Furthermore, another tool to support
Business-Consumer Alignment is derived to support the complex and often
conflicting negotiation processes in the design or development of DDSs based
on the overall findings and to support the reciprocity identified from the con-
sumer studies in part III.
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18.1 Contributions

This thesis contributes to Information Systems, Consumer Informatics, and,
more specifically, Recommender Systems and Reputation Systems research.

Information Systems research is extended by exploring how data-driven value
creation can be structured to align business and data strategies. Therefore, this
thesis introduces Business-Data Alignment as a fundamental component that
showcases how businesses can leverage data to optimize decision-making and
create value with DDSs, reinforcing data strategy as an integral element in or-
ganizational decision support and value creation. Tools like the Data Science
Canvas and Data Storytelling help to manage and implement data-driven busi-
ness approaches effectively through systematic planning and communication,
thereby better linking the strategic and operational levels. Therefore, the Data
Science Canvas bridges strategic planning and the operational implementation
of DDBMs and DDSs. For this purpose, it ensures a clear structure of busi-
ness goals, data sources, and methods, enabling their conversion into concrete
operational actions. Furthermore, by examining technical challenges such as
data integration and organizational barriers in developing DDSs, solutions are
identified to support businesses in the context of DDBMs and DDSs.

This thesis expands the understanding of consumer informatics research by
providing insights into the perception and user-centered design of DDSs and
how they influence consumption practices. To this end, this thesis introduces
Consumer-Data Alignment, illustrating how consumers interact with DDSs in
the respective examined application contexts.

In the application domain of food, this thesis focuses on personalized rec-
ommender systems that go beyond popularity or similarity metrics and con-
sider critical consumers’ practices and value choices. It is shown that trust
and transparency are key factors in supporting sustainable and ethical con-
sumption practices. Recommender systems contribute to reducing informa-
tion overload in this area and can also actively shape the reflection and adap-
tation of consumer habits.

The two case studies conducted in the application areas of mobility are used to
show how trust, transparency, and perceived added value influence consump-
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tion practices and the willingness of consumers to share data. They provide
insights into how DDSs can be adapted to individual values and preferences.
They also show how technology and user-centered aspects combine to de-
sign DDSs that better support consumption practices. At the same time, the
discourse on perceived added value and transparency, control, and privacy is
addressed.

Overall, the case studies clarify that Consumer-Data Alignment has different
requirements in different application contexts and dynamics, which must be
addressed as part of UCD. In addition, the Business-Consumer Alignment
Canvas was developed to structure the negotiation processes between com-
panies and consumers and make them transparent. This supports the user-
centered design of DDSs and promotes reciprocity.

A process was derived that supports the operationalization of data storytelling
and thus acts as a bridge between communication within companies and be-
tween companies and consumers in Business-Consumer Alignment. This the-
sis, therefore, emphasizes that data storytelling can make development and
design with data more transparent and accessible to consumers, helping to
mitigate privacy concerns and foster trust. By translating complex data ana-
lytics into narratives that convey the service’s value and purpose, businesses
can engage consumers more meaningfully and reduce information asymme-
tries.

The triangulation of Business-Data, Consumer-Data, and Business-Consumer
Alignment provides an integrative methodological perspective, going beyond
traditional UCD approaches by embedding alignment mechanisms across three
distinct but interconnected dimensions. In addition to UCD, which is often ap-
plied by businesses when focusing on user requirements in the design phase,
this work complements the scope of UCD for businesses by systematically
integrating strategic, operational, and negotiation processes into a coherent
framework for DDS development. The dimensions ensure that technical fea-
sibility (Business-Data Alignment), user needs and perceptions (Consumer-
Data Alignment), and negotiation of (competing) goals are not addressed in
isolation but viewed as reciprocal influencing processes throughout the devel-
opment of DDSs (see Fig. 29). This triangulation is supported by the tools
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developed in this thesis, which form a bridge between the stakeholders, as
they not only cover technical and organizational requirements but also inte-
grate the needs and expectations of consumers.

Furthermore, there are theoretical contributions to DDS design: Through the
case studies and empirical results in this thesis, the theoretical understand-
ing of how DDSs can be customized beyond average consumer profiles is
extended, revealing the importance of personalized DDSs and demonstrating
the practical implications of aligning consumer practices with flexible service
models. The findings of this thesis underline the role of DDSs in driving value
by recognizing and responding to diverse consumer practices by reducing in-
formation asymmetries and information overload.

Specifically, this thesis contributes to recommender systems research by in-
vestigating how these systems can be more suitable for critical consumer
groups. This involves developing systems that go beyond promoting main-
stream products and instead support niche or ethically motivated consumer
practices, such as vegan diets, by considering user-centered values and pref-
erences. Furthermore, it supports ongoing discourses on enhancing user trust
and engagement in recommender systems by promoting transparency and eth-
ical alignment in recommendations.

Regarding reputation systems research, this thesis extends the understand-
ing of algorithm-based reputation systems, particularly within peer-to-peer
carsharing platforms. Integrating objective data (such as car telematics) as
an additional reputation mechanism reduces social biases and subjectivity is-
sues, thereby improving trustworthiness. These findings are significant in
designing more reliable and inclusive reputation systems, demonstrating how
algorithm-based reputation systems can provide fairer assessments and miti-
gate discrimination in the sharing economy.

18.2 Limitations

This thesis is limited due to various factors, so the generalisability of the
results must be discussed. The need for future research can be derived from
this.
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The case studies in this thesis focus on specific application areas, including
integration practices, the food sector and mobility. In-depth insights into the
requirements and practices of these sectors are provided, but the transfer-
ability of the results to other areas is only possible to a limited extent. For
example, more complex regulatory frameworks or more sensitive data can
lead to other data-driven practices. Therefore, the concepts of Business-Data,
Consumer-Data, and Business-Consumer Alignment derived from the studies
are sector-specialized. They must be validated for their generalizability and
robustness through future research in other domains.

Although the intense focus on qualitative methods such as interviews, focus
groups, and workshops enables detailed exploration of the respective perspec-
tives under consideration, these methods are susceptible to subjective bias,
and only limited insights into users’ actual behavior in real application con-
texts are possible. Therefore, in addition to qualitative analyses in other do-
mains, future research should also examine the robustness of the results using
quantitative approaches.

The prototypes developed for recommender and algorithm-based reputation
systems were developed and tested in controlled environments that do not
cover the full complexity of real use cases. They should, therefore, be eval-
uated in real-world applications. In addition, there is the limitation that the
effects on consumption practices by the analyzed DDSs should be investigated
in the long term. Accordingly, the appropriation of the DDSs in the context of
the practices is not examined. Therefore, future research should conduct long-
term studies to assess whether and how the changes in consumption practices
promoted by DDSs can be transferred.

Furthermore, the frameworks of Business-Data, Consumer-Data, and Business-
Consumer Alignment derived from the context of this thesis are worked out
based on the case studies. More empirical analyses must consider their trian-
gulation in real-world DDS developments and demonstrate their operational-
ization. In addition, the tools developed to support the frameworks in larger
and other real-world environments should also be evaluated.
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[220] GÉRON, A. Praxiseinstieg Machine Learning mit Scikit-Learn und

TensorFlow: Konzepte, Tools und Techniken für intelligente Systeme.
O’Reilly, 2018.

[221] GEYER-SCHULZ, A., HAHSLER, M., AND JAHN, M. A customer
purchase incidence model applied to recommender services. In In-

ternational Workshop on Mining Web Log Data Across All Customers

Touch Points (2001), Springer, pp. 25–47.

[222] GIESEL, F., AND NOBIS, C. The impact of carsharing on car own-
ership in german cities. Transportation Research Procedia 19 (2016),
215–224.

[223] GIROD, B., VAN VUUREN, D. P., GRAHN, M., KITOUS, A., KIM,
S. H., AND KYLE, P. Climate impact of transportation a model com-
parison. Climatic change 118 (2013), 595–608.

[224] GJERRIS, M., GAMBORG, C., AND SAXE, H. What to buy? on the
complexity of being a critical consumer. Journal of Agricultural and

Environmental Ethics 29, 1 (dec 2016), 81–102.
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[493] POTOČNIK, M., AND JURIC, M. B. Integration of saas using ipaas. In
The 1st international conference on CLoud Assisted ServiceS (2012),
p. 35.

[494] PRICEWATERHOUSECOOPERS. Share economy in deutschland wächst
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vehicle telematics: A ten-year anniversary. IEEE Transactions on In-

telligent Transportation Systems 18, 10 (2017), 2802–2825.

[671] WALTER, J., ABENDROTH, B., AND AGARWAL, N. Pricon: self-
determined privacy in the connected car motivated by the privacy cal-
culus model. In Proceedings of the 16th International Conference on

Mobile and Ubiquitous Multimedia (2017), pp. 421–427.

[672] WARDE, A. Consumption: A sociological analysis. Springer, 2016.



REFERENCES 356
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