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Abstract

Data products are a hot topic within companies
since more and more organizations are implementing
data meshes and data product management. Product
management is closely related to product quality. The
concept of data quality is long established, and there
are several notions to measure it. However, these
approaches are less practical when data is shared
between different domains and organizations with
undefined contexts. Such as physical products, data
products need a clear definition of what is inside and of
what quality they are. With this article, we summarize
existing approaches to data quality regarding data
products, discuss how a lack of information provision
restrains efficient data markets, and provide prescriptive
knowledge. To do so, we identify meta-requirements
from literature and derive design principles for data
scoring systems that cope with information asymmetry
for data products to enable efficient data markets.
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quality

1. Introduction

Organizations generate a vast amount of data with
their operations (IDC, 2020). Like any other business
operation, data generation is intended to provide a
starting point for value creation. Value creation from
data is manifold. From an internal perspective, data
is used for business intelligence (Guggenberger et al.,
2020; Hasan & Legner, 2023; Hummel et al., 2021).
Externally, data can, in principle, be traded like any
other good (Jussen et al., 2023). This is also intended
by the European Commission, who propose a single
European market for data (European Commission,
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2021). However, the utilization of data lags expectations
and only 0.5% is used (Burn-Murdoch, 2012).

Identifying the right data is like finding a needle in a
haystack, nearly impossible. And once found, its quality
is not obvious. Data has no well-accepted criteria to
measure its fit for specific purposes. While data quality
management is not new, it’s performed mostly manually,
leading to high efforts in every data science project
(Langdon & Sikora, 2020). We found practitioners
struggle with the definition of quality and even more
with agreeing on specific measures. However, 82% of
our sample of 65 managers would invest their next dollar
in quality (Schlueter Langdon, 2019a, 2019b).

One important aspect of e-business models is
to decrease information asymmetry between buyers
and sellers to allow buyers to make better-informed
decisions. Lower information asymmetry increases
the efficiency for creating value (Amit & Zott,
2001). For data, this is a hard challenge. They
must be described independently from their context,
data models must be shared, and semantics must
be made interoperable. Compared to other sectors,
data lags product management and established
quality and usage measures (Altendeitering &
Guggenberger, 2021; Altendeitering et al., 2022;
Crosby & Schlueter Langdon, 2019; Hasan & Legner,
2023).

In this article, we emphasize a particular point
of data products—its quality. =~ When dealing with
data products, this approach is important, as the data
owner and consumer may provide incorrect quality
information.  This might cause the propagation of
low-quality data. Thus, measuring quality scores should
support organizations in deciding which data product
is the right for a specific use case. Concretely, we
provide design knowledge for data quality scoring
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systems (DQS). To do so, we use examples from
industry to explain how information asymmetry works
and how to cope with it. Nutrition scoring, for example,
helps customers choose the right product for their
needs. Consumers can decide which market option
is more worthwhile by using verifiable information.
If a customer has a recipe for cooking, they can
choose the product that will help them solve their
problem. Like data-engineers should be able to choose
data for their algorithms. Implementing DQS helps
to reduce information asymmetry and enables efficient
markets for data to emerge. Our approach, data quality
scoring systems, is one solution for the data economy.
Following this, the question we address in this article is
how to design data quality scoring systems that support
efficient data markets.

The rest of this article is structured as follows. First,
we review the literature regarding value creation with
data products, information asymmetry and its effect
on transactions and markets, and data quality and its
scoring. Second, we outline the research approach we
take and describe how we generate design principles
from the literature. Third, we describe the identified
meta-requirements and the design principles we derived
from them. Finally, we summarize our article, discuss
limitations, and give an outlook on fruitful research
avenues.

2. Background

The following section summarizes the conceptual
background of this article. Thus, we start by discussing
value creation with data products. We then continue
explaining an important issue of e-business: information
asymmetry. Coping with this is paramount to enable
efficient business models. One solution is to provide
detailed quality scoring, which is the last part of this
section.

2.1. Value Creation with Data Products

In the European Union, billions are invested in data
infrastructures, such as data spaces. This is good
and needed, but these infrastructures are usually used
to digitize existing supply chains. Catena-X is an
example of this struggle. The data space is intended
to connect the whole automotive industry (Catena-X,
2022), but what is beyond? The proposed single market
for data requires integration across industry boundaries
(European Commission, 2021). If data are goods
that are tradable across industrial sectors and create
value, we need to discuss data products and the market
efficiency.

Data products are a relatively new concept that

stems from the data mesh paradigm. Data meshes
is an approach for decentralized data architectures
(Dehghani, 2022; Hasan & Legner, 2023). However,
the idea is not new as the concept of information
products arose at the end of the 1990s with the seminal
article of Wang (1998) (Hasan & Legner, 2023; Legner
& Schemm, 2008). “A data product is a managed
artifact that satisfies recurring information needs and
creates value through transforming and packaging
relevant data elements into consumable form” (Hasan
& Legner, 2023). Using data in organizations requires
a large effort that is usually conducted by high-skilled
workers. Data is mostly stored in an unrefined form, in
puddles, not lakes. Making products from this puddle,
analyse, and label them with quality scores will reduce
uncertainty. Like bottled water compared to the raw
product (Langdon & Sikora, 2020; Schlueter Langdon,
2020). Applying product management to data enables
organizations to realize business use-cases 90% faster
and reduce the manual effort, which is up to 80% of
every data science project (Desai et al., 2022a, 2022b;
Press, 2016). With data products, data can be organized
efficiently and external data products, like analytical
ones, can be launched faster (Hasan & Legner, 2023).
In conclusion, data must be managed as products to
maximize its value (Crosby & Schlueter Langdon, 2019;
Desai et al., 2022a, 2022b).

Trading external data products relies on the
efficiency of the data market. In the past, several data
marketplaces have been found. They have one thing in
common: they all failed or did not scale significantly
yet and remain in niches (Azcoitia & Laoutaris, 2022).
But why? Of course, there might be a plethora
of antecedents, such as missing or inefficient pricing
models or shortcomings in market analysis. However,
in this article, we focus on the economic perspective
and discuss two important aspects we defined in the
hypotheses:

First, finding the right data products is difficult. It
depends on sound descriptions and the communication
of the information content of the data. Second, the
user needs to be informed about the quality of the data
product (Langdon & Sikora, 2020; Schlueter Langdon,
2020). However, the provider of a data product typically
has much more information than the consumer does.
This conflict is called information asymmetry and will
be discussed in the following section.

2.2. Information Asymmetry

Information asymmetry is a problem in every market
because sellers usually have more information about the
product than buyers (Ackerlof, 1970; Ho & Michaely,
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1988; Levin, 2001). This problem is central to the
principal-agent theory, which studies the behavior in
the relationship between two entities under information
asymmetry. Both entities want to maximize the
outcome of a relationship, e.g., based on a buying
contract. Agents (or sellers) have more information than
principals (or buyers), which want to get a fair price
(Eisenhardt, 1989).

This imbalance of information results in multiple
problems, which are an important research stream of
information economics and the value of information.
Examples of such problems are adverse selection and
moral hazard (Eisenhardt, 1989). Adverse selection
causes buyers to go for cheaper products because they
cannot assess the quality or other hidden characteristics
of high-priced products. So the average quality of
the market is decreasing (Ackerlof, 1970; Eisenhardt,
1989).

To cope with information asymmetry, at least
two strategies can be identified.  First, from the
principal’s perspective, signaling of information can
reduce information asymmetry and help principals
to evaluate characteristics, which are usually hidden
(Spence, 1973). Examples of signaling are shown in
Table 1. Second, screening refers to identifying qualities
of goods, individuals, and other entities (Stiglitz, 1975).
Especially in digital markets, signaling is crucial and
easy because of the technology (Amit & Zott, 2001),
but screening is usually not possible. E-businesses
for physical products rely on traditional measures and
means. However, these do not exist for data products.

2.3. Data Quality Scoring

The concept of data quality is long established
and considered an essential building block in data
management (Legner et al., 2020). It is usually defined
as the ’fitness for use’ by data consumers (Wang &
Strong, 1996). The fitness for use principle implies
two challenges that complicate quality measurements
and make quality scores difficult to comprehend. First,
data quality is a multi-dimensional concept, including
completeness, accuracy, or timeliness, that must be
combined into a single score (Altendeitering et al.,
2022). Second, the interpretation and importance
of quality dimensions vary and depend on the data
consumer (Geisler et al., 2021).

Many measurement frameworks tried to address the
complexity of data quality assessment (e.g., Pipino
et al. (2002) or Wang and Strong (1996)), but the
problems prevail. Technological and organizational
advancements, including data ecosystems and locally
managed data products, emerged in light of digital

transformation and data becoming a strategic asset
(Hasan & Legner, 2023; Legner et al., 2020). These
developments and the establishment of decentralized
data architectures exacerbate the complexity of data
quality management and the communication of metrics.
For instance, data products are often repurposed and
consumed long after their creation, leading to outdated
data quality information and a potential offering of
low-quality data products (Altendeitering et al., 2022;
Zhang et al., 2019). As a result, it is imperative
to establish a data quality scoring system that is
easily comprehensible for data consumers (Holland
et al., 2020). Users from different backgrounds should
be able to assess the quality of a data set quickly
using a single score. This single score combines
the quality information from several dimensions and
offers a clearly defined and standardized quality score
to avoid ambiguity and potential misinterpretations
(Altendeitering et al., 2022; Geisler et al., 2021).

Quality scoring systems are well-established
services in various industries. For example, in the
automotive industry, ”J.D. Power’s quality scores from
the vendor’s Initial Quality Study (IQS, problems after
three months) and Vehicle Dependability Study (VDS,
problems after three years)” (Langdon & Sikora, 2020).
Table 1 shows examples of quality scoring systems to
cope with information asymmetry in different markets.
However, the quality scoring for data is more or less
a white spot in research and practice. Against this
background, we call for a data quality nutrition label
that offers an accessible form to the complexity of data
quality and can reduce the information asymmetry in
data markets.

3. Methodology

This section outlines the research methodology. The
main purpose of this article is the generation of design
principles for data scoring systems to enable efficient
data markets. Thus, we describe first the background
of design principles and then the information gathering
based on a structured literature review.

3.1. Design Principle Generation

Design Principles are meta-artifacts that represent
a general solution for a class of problems (Baskerville
et al.,, 2018; Iivari, 2015) and, therewith, a starting
point for developing design theories (Gregor & Hevner,
2013).  They offer codified design knowledge as
prescriptive guidelines. Within defined constraints, DPs
guide and constrain actions (Baskerville & Pries-Heje,
2010; Chandra et al., 2015; Gregor et al., 2020). Thus,
DPs help developers to make the development processes
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Table 1. Scoring Concepts and Impact of Signalling on Information Asymmetry (Ackerlof, 1970; Serrano-Cinca
& Gutiérrez-Nieto, 2016; Teisl & Levy, 1997).

Impact on Information Asymmetry

Scoring Description and Example

Concept

Nutrition Given the dietary recommendations, nutrition labels

scoring offer consumers an aggregated score based on a
product’s nutrition information. This way, the label
offers a simple way for consumers to make an
informed decision about the healthiness of a product.

Credit Credit Scoring Systems are implemented to evaluate

Scoring borrowers’ credibility. The credit score is based on
credit scorecards and is used to define the risk or
profitability of a population segment. Therewith,
lenders can minimize default rates or maximize
profitability.

Quality In his seminal article Ackerlof (1970) emphasize the

Scoring information asymmetry in the market for used cars.

for wused There are two groups: low- and high-quality cars.

cars Sellers have better information about cars and their
hidden characteristics. Thus, buyers would make
adverse selections because they cannot evaluate the
quality and reason for higher prices.

Educational The talent and value of a worker can be inherently

Scoring high, but employers cannot evaluate this for every

applicant. Thus, they need to measure them via
grades and school reputations. This reduces the
information asymmetry and thus the employer’s effort

Nutrition labels help the principal to evaluate
the quality of food regarding its healthiness.
Several studies confirmed the positive effect
on user perception and 'nudging’ consumers
towards healthier foods (Teisl & Levy,
1997).

The credit market is facing significant
information asymmetry. Lenders are
typically not having a complete overview
of the financial situation and behavior of
borrowers. With a credit scoring system,
lenders send quantitative and proofed signals
to the borrower.

Without quality scoring, the average quality
of used cars tends to be lower because
the market provides incentives for sellers
of ”lemons”. Quality scoring helps reduce
information acquisition costs, incentive
higher quality, and finally leads to a higher
average market price.

Without  proper  certifications  from
well-recognized schools, chances for
good jobs are low. Certifications are
representing  excellent  signals  from
applicants to employers.

for market screening.

more efficient (Chandra Kruse et al., 2016; McAdams,
2003). They are recognized as an excellent medium
to communicate design knowledge with managers and
other experts (Hevner et al., 2004).

Developing DPs is a research strand of its own. For
our purpose, the DPs are a necessary part of a larger
process. It represents the ultimate starting point of a
design science research project for data quality scoring
systems. However, this article reflects the information
gathering and design preparation stage. We use the
process view of DP development suggested by Moller
et al. (2023).

Thus, the research approach we are taking here is
supportive, as we are using the DPs to prepare the
development of a specific artifact using Design Science
Research. We use literature and theories as sources for
deriving meta-requirements. The DPs are derived in a
single iteration based on the knowledge we gathered in
advance. Finally, we evaluate the DPs argumentatively.

3.2. Structured Literature Review

We apply a structured literature review to identify
meta-requirements for data quality scoring systems.
Therefore, we follow the well-established guidelines
of vom Brocke et al. (2009) and Webster and Watson
(2002). Our research on data quality scoring systems
expands upon our previous literature review, specifically
focusing on data quality measures and tools (see
Altendeitering & Tomczyk, 2022). However, regarding
the specific focus of this study, we complemented these
findings with a literature review regarding data quality
in the context of information asymmetry.

Thus, we choose “Scopus” and “AIS e-Library”
to search for relevant articles, because they comprise
all relevant journals and conferences in our scope:
information systems research, management, and
economics. We have used the following search term in
Scopus and, comparably, in AISeL:
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ALL(“Data” OR “Information” AND “Quality”)
AND ALL (“Information Asymmetry” ) AND
ALL(“Scoring”)

We limited the scope of relevant topics to, e.g.,
business, economics, and engineering. With these
strings, we identified 110 articles in AISeLL and 506 in
Scopus. The next step was removing all duplicates and
screening the individual articles, first, by their title and,
second, by their abstract. Finally, we read every relevant
article completely. To exclude articles, we used the
following criteria at every stage: focus on DQ measures
that are already part of the previous literature reviews,
providing only marginal value to the quality scoring
systems, too generic discussions, and results that are not
complementing the previous reviews. The final step was
conducting a forward and backward search (Webster &
Watson, 2002). The final set of 21 articles was then
analyzed and coded. By aggregating the codes, we could
identify four meta-requirements.

4. Meta-Requirements for Data Quality
Scoring Systems

In the next section, we present a generic concept
for data quality scoring systems. Therefore, we build
on the conceptual background we discussed above. To
reduce information asymmetry in data markets, we
need to consider two things: the quality of data and
the information it contains. Table 2 summarizes the
meta-requirements that are discussed in the following.
We identified four requirements to be considered while
designing the artifact of data quality scoring systems.

Meta-Requirement #1: Quality signals from agents
to principals must be increased

The first meta-requirement (MR) tackles the main
reason for implementing such data quality scoring: the
provision of a system to minimize the information
asymmetry between agents and principals. According
to signaling theory, agents need to signal their quality
or the quality of their data products to the principal.
This is important because of multiple reasons: first, high
information asymmetry is associated with lower average
market quality and, thus, lower average prices. This
results from the fact that customers that are not aware
of quality differences and will usually buy cheaper
products (Ackerlof, 1970; Rose, 1993).

Second, high information asymmetry is associated
with low transaction efficiency. However, decreasing
the information asymmetry comes with agency costs.
As transaction cost theory suggests, higher efficiency is
associated with lower transaction costs (Amit & Zott,
2001; Williamson, 1981). Customers have to pay for
signalling, which is an effort to create transparency

about the quality of the products in the market. They
also have to screen the market and compare different
products (Stiglitz, 1975). However, even if these costs
cannot be eliminated, they can be reduced through the
DQS.

Meta-Requirement #2:
scoring must be minimized

The second MR addresses agency costs associated
with reducing information asymmetry, i.e., signaling
and screening (Jensen & Meckling, 1976; Spence,
1973; Stiglitz, 1975). Data quality scoring relies on
the description of information content and the quality
of data. This could be achieved through manual
work. However, this would not scale. Especially when
considering continuously changing data products, e.g.,
real-time data. In practice, it is important to have quality
scoring for every data product and, thus, in every data
factory (Langdon & Sikora, 2020).

Thus, it is important to reduce agency costs using
a scalable system. This is important for both the
agent and the principal. If the solution is trustworthy,
principals can rely on the scoring. They can avoid
further agency costs for comparing and evaluating data
products. The data products’ quality and information
content is communicated in advance and bad buys
can be avoided. Data products are hard to evaluate
without knowing the data collection and processing
environments. This is also important for enabling
principals to create high-qualitative products on these
products.

Meta-Requirement #3: Integratability into existing
solutions must be enabled

The second MR aims to promote the interoperability
of data products and the DQS into different data markets
and ecosystems. Organizations will probably participate
in several data ecosystems to share data with multiple
organizations (Jussen et al., 2023). Consequently, the
DQS must be integrable into existing data factories and
ecosystem technologies. The interoperability of a DQS
supports the avoidance of different metadata models
and reduces potential information asymmetries between
data consumers and providers (Geisler et al., 2021).
Achieving this goal requires the DQS to adapt to general
and domain-specific standards and incorporate real-time
updates to the DQS. This way, data products can be used
across data domains, and the costs for adapting the DQS
to other contexts and data factories can be reduced.

Meta-Requirement #4: Context-independent
measures must be implemented

Operational efforts for

The information asymmetry can vary across
different data-sharing scenarios. For instance, within a
single data science project, the principal and agent might
work within the same organizational unit and have a
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Table 2. Overview over Meta-Requirements and Descriptions.

MR Meta-Requirement Description

1 Quality signals from agents
to principals must be
increased

2 Operational ~ efforts  for
scoring must be minimized

3 Integratability into existing
solutions must be enabled

4 Context-independent
measures must be

implemented borders.

The core requirement of data quality scoring systems is the minimization of
information asymmetry to enable efficiency in data markets. Thus, quality
signals need to be increased.

Enabling efficient data product provision requires the reduction of human
effort because it is the major obstacle for scaling data science projects.

To ensure maximum flexibility in any scenario, data quality scoring systems
must be integrable into existing solutions.

To enable use-case independent scoring measures are needed that are not
only valid within a specific use-case but across cases and organizational

common understanding of the requirements. However,
the information asymmetry in inter-organizational
data-sharing scenarios is very high. Often, only data
domain experts have the knowledge to evaluate the
usefulness of a data set. In contrast, external consumers
often lack knowledge about the data context, content,
or quality and thus face difficulties evaluating data
(Altendeitering et al., 2022).

Independent quality measures are needed by DQS
to overcome the problem and decrease information
asymmetry. Measures that are commonly agreed upon
and easy to comprehend facilitate the creation of
high-quality data products.

5. Design Principles for Data Scoring
Systems

Building on the meta-requirements for data scoring
systems, we present a set of design principles. They
enable system designers to develop instantiations of
such systems. Figure 1 shows the relationships between
the meta-requirements and design principles.

DP1: Provide the DQS with a component to measure
the information content of the data product, so that the
service can provide indicator(s) that enable consumers
to evaluate the usefulness for their use case.

The first design principle relates to providing one
of the core components of the DQS: the scalable
measurement of information content. By generating
content signals for agents, this significantly reduces
information asymmetry.  The principal of a data
product transaction can evaluate these signals regarding
its needs.  Without such an indicator, they must
either use a sample of the product or make a blind
purchase.  Ultimately, this also reduces the effort
for both transaction participants. DQS eliminates the
need for suppliers to update samples frequently and

customers to screen the market constantly. Context
independence is essential for the design of a concrete
measurement method.

DP2: Provide the DQS with a component to
measure the data quality, so that the service can
provide indicator(s) that enable consumers to evaluate
the matching for their use case and the effort to use the
data product.

The second design principle relates to providing
the second core component of the DQS: the scalable
measurement of data quality. This generates the quality
signal of the agents. The principal of a data product
transaction can evaluate the signals before buying
it. Together with DP2, the important signalling in
the principal-agent relationship is conducted. Thus,
information asymmetry is reduced. Essential for the
instantiation of the design principle is the achievement
of context independence.

DP3: Provide the DQS with an interface to data
catalogs, so that the service can publish data products
including the indicator(s) to enable consumers to easily
find data products meeting their requirements.

The third design principle relates to providing
metadata about the data products in catalogs.
These catalogs can, for example, be located at
data marketplaces (Azcoitia & Laoutaris, 2022) or
established as (federated) catalogs in Data Spaces
(Otto, 2022). The purpose of the provision is to enable
transaction by increasing the discoverability of data
products. Making product measures and indicators
available is crucial for principals to recognize quality
and content signals. Indicators include, e.g., further
information about the product, such as pricing or usage
conditions.

DP4: Provide the DQS with automation of quality
and information content measurement, so that the
service can be integrated into data factories easily to
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Minimize Information
Asymmetry Between Agent and
Principal

Minimize Operational Efforts for
Scoring (Scalability)

DP1: Enable Transparency about Information Content

DP2: Enable Transparency about Data Quality

DP3: Meta-Data in Catalogs

DP4: Enable Automation of Measures

Enable Integration Into Existing
Systems

Enable Context Independent
Measures

DP5: Enable real time updates/at least time stamps

DP6: Using Standards

DP7: Data Model Matching

Figure 1. Relations Between Meta-Requirements and Design Principles.

avoid manual effort.

The fourth design principle relates to automated
quality measurements to enhance scalability in light
of ever-growing and more diversified data sets. A
lack of automation would lead to cumbersome manual
processes, often accompanied by low data quality
coverage (Altendeitering & Guggenberger, 2021). Data
quality tools should feature two functionalities to
promote automation. First, the use of Al and ML-based
algorithms to assess large amounts of data automatically
based on established assessment frameworks (e.g.,
Pipino et al. (2002) or Wang and Strong (1996)).
Second, the automated derivation of quality rules
or integrity constraints supporting continuous data
validation (see also DP5).

DPS:  Provide the DQS with capabilities for
real-time measurement of the quality and information
content, so that consumers can trust the measures even
when the underlying data sources are changing or
developing.

The fifth design principle relates to timely updates of
the DQS to create trust and avoid outdated information.
Frequently changing data sets (e.g., social media)
and a proliferation of digital devices and sensors,
producing continuous data streams, raise challenges
for scalability and system integration (Groger, 2021).
Both developments call for DQS that can be frequently
updated. An up-to-date quality score provides data
consumers with timely information and informs them
about potential quality issues early on (Swami et al.,
2020). This increases the trust in the DQS and can
aid in establishing inter-organizational data sharing. At
the same time, real-time updates require automated
quality measurements to avoid delays and provide
timely updates (DP4).

DP6: Provide the DQS with standardized measures
and interfaces, so that consumers can trust the measures
even when the underlying data sources are changing or

developing.

The sixth  design  principle relates to
following  standardized  quality = measurements
and interfaces to improve context-independent

comprehensibility and trust in the DQS. Signals in
principal-agent-relationships can be ambiguous because
of different backgrounds and varying interpretations
of quality scores. The ambiguity makes it challenging
to follow up on low DQS and can damage trust in
the data. An efficient DQS requires clearly defined
quality measures acceptable to all data consumers
(Geisler et al., 2021). Moreover, the DQS report should
offer explanations for the quality scores and include
possibilities to follow up on potential data quality
issues (Swami et al., 2020). Establishing data quality
standards, such as the Data Quality Vocabulary, can
benefit the DQS and simplify system integration.

DP7: Provide the DQS with a data model matching
capability to provide support for consumers to evaluate
the usefulness of data products, so that consumers can
evaluate the integrability in their use case.

The seventh design principle relates to the capability
of integrating data products into different technological
and organizational contexts. Data consumers are
from various organizations and industries. This
diversity comes with multiple data models and different
interpretations of data products. To decrease this
complexity, DQS should offer standardized models
(DP6). Besides, the DQS should offer functionalities
for data model matching and connecting synonymous
data attributes (Geisler et al., 2021). This will increase
the usefulness of data products for consumers and lower
information asymmetry.

6. Summary, Limitations, and Outlook

Data quality scoring is an important aspect of
every data transaction inside and across organizations.
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Without case-independent knowledge sharing about
what is inside the data and of which quality it is,
data markets will never be successful. There are
no general solutions yet, neither in practice nor in
research. However, based on our practical experience
in multiple data-sharing projects, we recognized that
as an important issue for many use cases. Especially
when data is shared, that is not associated with a
particular industry or real-world object, information
content and its value for a data science project are
important measures.

This  article  provides  contributions to
management. With the design principles, we codified
the knowledge regarding data quality scoring that
can increase the business value of almost every data
science project. Data products are a hot topic within
organizations and so is the problem of quality scoring.
Thus, managers can use this information to increase
operational efficiency in their data science projects and
their data organization when implementing DQS.

Scientific contributions of this article are the
following: first, the design principles represent codified
knowledge regarding data quality scoring systems.
With the design principles, the first step towards a
design theory is done. Second, building on that, we
contribute to the research strand of data quality measures
by providing a starting point for innovative thinking
of context- and use-case independent measuring and
communication of quality and information content of
data products.

This research has limitations. First, we used
empirical data from our own experience as the kick-start
of the project. However, the design principles rely on
theoretical knowledge collected from research papers.
Second, as the design principles are developed a
priori, we cannot guarantee that their implementation
would lead to successful artifacts. At this stage, they
are at a high-level of abstraction. Third, reducing
information asymmetry does not come without agency
costs. Furthermore, following Levin (2001), reducing
information asymmetry has ambiguous effects. It
is important to find the right degree of information
asymmetry to have a balance between efficiency and
agency costs.

Outlook can be seen from two perspectives: coping
with limitations and further developing the research
objectives.  Instantiating the design principles in a
real-world solution is the most obvious outlook for
further research. To do so, we plan to, first, conduct
a second iteration of DP development and enrich
the knowledge base with empirical data, e.g., with
interviews. Second, implement and validate the design
principles empirically. This article provides a starting

point for researchers to focus on different aspects of
information content and quality scoring. Especially
modeling use-case independent quality scores is a white
spot in research. Additionally, defining indicators of
quality and content and the efficiency of providing
respective signals should be a subject of further
investigations. We aim to provide a research agenda on
these issues.

In summary, this article presents a novel class of
artifacts coping with information asymmetry for value
creation from data products. Data quality scoring
systems are needed when data products are shared
across organizational borders and should be also used
within. Until now, there are no practical examples
of such systems nor research articles dealing with
this integrated view. Thus, this research can help
practitioners in designing such services for their data
organizations to make their business models more
valuable.
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