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Abstract
Data quality is an important aspect for the success of data ecosystems. Sharing low-quality data causes large
data preparation efforts, can disrupt the chain for value co-creation, and can damage the mutual trust
among partners in the ecosystem. While there are many data quality tools available in literature and
practice, there is limited knowledge on the peculiarities of assessing and managing data quality in data
ecosystems. In this study, we present the results of a design science research project that was concerned
with the development of design principles for ensuring data quality in data ecosystems. The proposed
concept extends an existing ecosystem with an artifact that technically enforces data quality checks on
shared data in the manufacturing domain. Our work aims to provide the prescriptive design knowledge
needed for such systems. For practitioners, we offer generalized design principles that can inform custom
implementations of data quality tools in data ecosystems.
Keywords
Data Quality, Data Ecosystems, Design Science Research, Design Principles

Introduction
The adoption rate of artificial intelligence (AI) and machine learning (ML) initiatives is astonishing.
Organizations from all industries are implementing customized use cases to experiment with the potentials
of AI to enhance organizational decision-making and innovation (Gröger 2021; Kabalisa and Altmann
2021). To provide these initiatives with the vast amount of data they need, data ecosystems play an
important role as they facilitate sharing and reusing data among partners for mutual benefits (Azkan et al.
2020; WEF 2021). By breaking data silos organizations and governments can help facilitate data sharing
and leverage data for better outcomes (UNCTAD 2021; WEF 2021). Such cross-institutional data flows
enable the cooperative creation of data-driven innovation, which is vital for co-creating impactful solutions,
organizational value, and exploiting new business opportunities (Oliveira et al. 2019; WEF 2021). For
example, the Mobility Data Space (Mobility Data Space 2022) is a group of numerous stakeholders from
the mobility industry in Germany. Hereby, participants share mobility data from different sources to create
innovative mobility solutions, such as multimodal mobility.
Despite their popularity, many AI initiatives fall short of their promises in industrial practice (Gröger 2021).
The shift from prototypical to production-ready applications is difficult and many initiatives remain insular
as organizations face several data-related challenges such as governance, democratization, or quality (Bosch
et al. 2021; Gröger 2021). In collaborative data ecosystems, the handling of data quality (DQ) raises new
requirements and is considerably important for multiple reasons (Bosch et al. 2021; Gröger 2021; WEF
2021). First, erroneous data at the source causes large efforts in data preparation for partners who often
lack data domain knowledge (Bosch et al. 2021; Redman 2020). Second, a lack of DQ can mitigate the
required level of trust that partners in a data ecosystem need to share their data (Azkan et al. 2020; WEF
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2021). Third, the propagation of low-quality data, such as imbalanced, drifted, or unlabeled data, can
deteriorate inter-organizational business processes (Amadori et al. 2020).
A plurality of DQ works and tools have emerged from science and practice that address the aspect of DQ to
measure, monitor, or prepare and clean erroneous data sets in different steps of the data lifecycle
(Altendeitering and Tomczyk 2022; Ehrlinger et al. 2019). However, these tools do not cover the ‘Data
Sharing’ step of the data lifecycle and neglect the requirements of handling DQ in data ecosystems. Both
processes (i.e., DQ and data sharing) are usually disjunct and, in general, DQ tools lack integration with
their surrounding infrastructure (Walter et al. 2022). There is a lack of the prescriptive design knowledge,
which participants in a data ecosystem need for to share high-quality data. To address this shortcoming and
investigate the design of DQ solutions in data ecosystems, we define the following research question:
Research Question: What are general design principles for DQ tools in data ecosystems?
In our study, we present the results of a Design Science Research (DSR) project based on Hevner et al.
(2004) and Peffers et al. (2007). Based on meta-requirements that we derived from both the literature and
expert interviews, we developed a set of generalized design principles for the development of DQ tools in
data ecosystems within the manufacturing domain. To demonstrate and evaluate the applicability of the
design principles, we implemented these in a DQ tool that performs data quality checks on data-streams.
With our results, we advance the scientific body of knowledge on DQ and data ecosystems by offering a
theoretical foundation for designing solutions in this domain. This way, we contribute to the nascent design
theory on DQ in data ecosystem and pave the way for further research. Organizations can use the
generalized design principles to inform custom implementations of tools in their respective contexts and
better leverage their data sets.
We structured the remainder of this article as follows. First, we describe the theoretical background of our
study. We outline the adopted DSR approach and our course of actions in section 3. In section 4, we present
the accumulated design knowledge as generalized design principles. In section 5, we describe the results of
demonstrating and evaluating the design knowledge as a software prototype and summarize our study with
a conclusion in section 6.

Theoretical Background
Data Ecosystems
The ecosystem concept was introduced by Moore (1993) and is increasingly gaining interest in both strategic
management and information systems research (Guggenberger et al. 2020). Relying on the biological
analogy, ecosystems describe the interactions amongst actors and their environment, co-evolutionary
processes, lifecycle, and value creation (Guggenberger et al. 2020; Moore 1993). An ecosystem comprises
different actors, such as the keystone, which typically is a provider of stability and orchestration, and niche
players that develop and contribute specialized capabilities (Iansiti and Levien 2004; Oliveira et al. 2019).
Regarding the specific focus of the ecosystem, a plethora of ecosystem concepts exist, which are rather fuzzy
than clearly delimitable (Guggenberger et al. 2020). Jacobides et al. (2018) for example, differentiate
between the “business”, the “innovation”, and the “platform ecosystem”, based on the particular emphasis
of a study. More recently, data ecosystems gain interest as a key enabler for the transformation of whole
industries towards an integrated digital economy (Capiello et al. 2020). “Data Ecosystems are sociotechnical complex networks in which actors interact and collaborate with each other to find, archive,
publish, consume, or reuse data, as well as to foster innovation, create value, and support new businesses”
(Oliveira et al. 2019, p.589) Within data ecosystems, actors share data to create data-related business
innovations, such as new business models (Oliveira et al. 2019; WEF 2021).

Data Quality
DQ is a concept comprising multiple dimensions, which represent different characteristics of data. The
importance and definition of these characteristics is context-dependent and can vary between users. Wang
and Strong (1996) emphasized this aspect and stated that data must fulfill a “fitness for use” to be of highquality. There is a broad consensus in science and practice that a strong relationship exists between the
quality of data sets and their value for different business processes (Otto 2015). Organizations that can
leverage high-quality data are more agile and successful in creating competitive services and products
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(Redman 2020; Setia et al. 2013). In particular, data-intensive applications, such as AI or ML, are
susceptible to poor DQ, as their accuracy and the confidence in data-driven decision making rely on correct
data (Gröger 2021). Without an acceptable level of DQ, organizations struggle to develop data strategies,
which they need to sustain in the digital, competitive environment they are nowadays facing (Azkan et al.
2020). Redman (2020, p.1) summarized the importance of DQ by stating “You can’t do anything important
in your company without high-quality data”. Following this, DQ is still one of the most important challenges
in data management and many initiatives in research and practice are investigating the topic (Gröger 2021;
Setia et al. 2013).
To support the provisioning of high-quality data, a plurality of DQ-centric tools emerged from science and
practice. We can distinguish these in three categories: data preparation and cleaning tools (Chu et al. 2016),
DQ management and monitoring tools (Ehrlinger et al. 2019), and general-purpose tools, which combine
functionalities of the two former types (Altendeitering and Tomczyk 2022). Lately, the functionality of DQ
tools is shifting from validating data against manually specified quality rules to more collaborative and
automated approaches that can handle multiple DQ dimensions at once (Altendeitering and Guggenberger
2021; Ehrlinger et al. 2019). Having high-quality data is becoming less of an IT-centric task and more of a
joint effort involving multiple people across the entire data lifecycle who mutually benefit from the
availability of high-quality data (Altendeitering and Tomczyk 2022).
Against this background, our study advances the current body of knowledge on DQ and data ecosystems by
providing design knowledge on DQ tools that specifically address the ‘Data Sharing’ step within a data
lifecycle (Otto 2015). Despite the high importance of DQ for this step, there is limited research available
and, to the best of our knowledge, no DQ tool specifically addresses this need. Our solution leverages AI
and ML techniques for evaluating DQ and, thus, contributes to the trend for automation in DQ tools.

Design Science Research Approach
To develop the artifact and design principles, we follow the established DSR guidelines provided by Hevner
et al. (2004) and the DSR methodology suggested by Peffers et al. (2007). For this, we developed design
principles, designed and evaluated a useful artifact addressing an important organizational problem, and,
therewith, contribute a theory of design and action (Gregor 2006). Over the course of a six-month project,
we completed three major design cycles (see Figure 1). Each cycle lasted two months, and we visited the six
DSR-phases as introduced by Peffers et al. (2007). We could conduct our research in cooperation with a
large organization from the manufacturing industry, which we will call MCo in our study for anonymity.
MCo was actively taking part in an International Data Spaces (IDS) based data ecosystem (IDSA 2022b).
Concretely, they were sharing several sensor-based data streams from a machine (e.g., temperature,
pressure, etc.) with an external consultancy who offered data analysis services. It was the goal of both
partners to share high-quality data to ensure correct analytical results and avoid data cleaning efforts. The
project team comprised two researchers and two practitioners from MCo who provided feedback and
supported the integration of our prototype at MCo.
In the beginning of design cycle 1, we conducted two important steps: first, a review of available DQ tools
and, second, interviews with data engineering experts at MCo. We started reviewing the tools with two
recent survey papers on different DQ tools (Altendeitering and Tomczyk 2022; Ehrlinger et al. 2019), which
results in the identification of a lack of design knowledge on DQ in data ecosystem. This is likely because
both data ecosystems and inter-organizational DQ management are novel research areas (Altendeitering
and Tomczyk 2022; Azkan et al. 2020). For the expert interview, we conducted a two-hour group
discussion, including two data-engineering experts at MCo and two researchers. The first expert has 15
years of experience in a system architecture role and has designed and managed multiple data engineering
pipelines. The second expert has been working for three years in a data scientist role and is responsible for
implementing data analytic solutions. Both experts are required to share data internally and externally on
a regular basis and are involved with the IDS-based data ecosystem in place at MCo. The two researchers
moderated the discussion using the results of the previous DQ tool review as a basis. Overall, the discussion
was fruitful, as we identified two key challenges for sharing high-quality data. First, a separation of the DQ
management and data sharing processes, which results in manual data validation and a lack of technically
enforced DQ checks prior to sharing data. Second, data cleaning is cumbersome for partners within the
ecosystem, as they have no data domain knowledge, which raises a large communication overhead in
resolving data issues. These results showed us that there is a need to advance DQ tools in a way that they
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incorporate the data sharing aspect and that further developments are necessary. Based on the identified
problems, we formulated two meta-requirements that informed the objectives of our intended design
knowledge and an initial set of design principles (Peffers et al. 2007). We continued by implementing the
design principles as a Minimum Viable Product (MVP) using a prototyping approach (Gregory and
Muntermann 2014). This prototype focused on simple, statistical DQ checks and was not yet compatible
with the data ecosystem, as this required integration with the IDS Dataspace Connector (IDSA 2022a). We
completed the first design cycle by discussing and reflecting on the preliminary results within the project
team in an internal review meeting. All participants agreed that the current MVP was promising, and the
project team concretized the developments for the second design cycle.

Figure 1. Design Science Research Approach (adapted from Peffers et al. (2007))
By using the analysis of the first cycle as a basis, we refined our solution in design cycle 2. We started by
revising the initial design principles based on the lessons learned. Specifically, a better understanding of
the data sets MCo wants to share, and of the IDS data ecosystem helped us to sharpen our design principles.
As a result, we added two design principles for considering multiple DQ aspects and integrating the DQ
result as metadata. We only realized that these aspects were necessary after implementing the initial MVP.
Like the first cycle, we followed a prototyping approach to implement a refined version of the instantiation
(Gregory and Muntermann 2014). At this stage, our prototype was already fully functional and able to
conduct four DQ measurements covering different quality dimensions. The prototype also offered a
preliminary integration with the IDS dataspace connector. However, this integration was mostly manual
and lacked automation, such as an automatically invoked DQ calculation based on changes to the data
(IDSA 2022a). Again, we completed the second design cycle by reviewing and discussing the current
prototype within the project team. The team agreed that the tool was already well developed, but still lacked
some functionalities on integration, which shaped our planning for the third cycle.
In design cycle 3, we formulated the final version of our design principles by reflecting on the experiences
we made during the first two cycles. As a result, we were able to propose a set of nine design principles that
provide a generalizable description of our developments. In the third design cycle, our developments
focused on enabling the integration of our prototype with the IDS dataspace connector (IDSA 2022a) and
the backend data sources at MCo. For this, it was necessary to transform the prototype to a so called ‘Data
App’, which follows the standards and information models specified by the IDS (IDSA 2022b). At the end
of the cycle, we successfully instantiated a DQ tool that validates data before sharing. For the final
evaluation, we conducted a qualitative group discussion as described in the ‘Demonstration and Evaluation’
section.
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Artifact Design and Development
For the development of a nascent design theory, we followed the approach of Möller et al. (2020) and
derived a set of design principles (DPs) that address the identified meta-requirements (MRs) (see Figure
2). These emerged from the interplay between researchers and practitioners over the three DSR cycles and
are grounded in science and practice. Specifically, we used project review meetings at the end of each DSRcycle to reflect on the lessons learned and the design decisions we made. For formalization, we follow the
linguistic template of Kruse et al. (2015).
We separated the design principles into two categories, addressing the two meta-requirements. The first
five design principles aim to increase the integrability of DQ in the data sharing process (MR1). The
remaining four principles aim to increase the effectiveness of shared data (MR2). With the design
principles, we provide a theoretically and empirically grounded answer to common calls for practical
research on the integrability and usability of DQ tools and the further advancement of data ecosystems
(Altendeitering and Tomczyk 2022; Azkan et al. 2020; Gröger 2021).

Integrate Data Quality in the Sharing Process (MR1)
Trust in the quality of data sets and among participants is an essential aspect in data ecosystems (Azkan et
al. 2020). To sustain a high level of trust and ensure using data for mutual benefit, it is necessary to provide
all participants with access to DQ tools and avoid a sole use by one participant. In our case, we followed the
guidelines for Data Apps by the IDSA and uploaded the app to an ecosystem-wide app store (IDSA 2022b).
Accordingly: Provide the tool in a compatible format for users from different contexts to benefit from DQ
validations, given that the data ecosystem has participants from different contexts (DP1).
A highly automated and seamless integration of DQ and associated tools (e.g., data catalogs) is vital for
connecting isolated data management processes and realize a continuous value delivery (Altendeitering and
Guggenberger 2021; Bosch et al. 2021). At MCo, a technical integration of the DQ and data sharing
processes was needed to enforce DQ validation prior to data sharing. We realized this requirement by
specifying Apache Camel routes as proposed by the IDSA (Apache Camel 2022; IDSA 2022a). Accordingly:
Provide the tool with a technically enforced integration with the dataspace connector for users to receive
validated data, given that separated DQ and data sharing processes are in place (DP2).
Joint data pipelines often face challenges when using different sources and types of data, as the data might
be incompatible or lack normalization (Bosch et al. 2021). To address this issue, a DQ tool should follow
standardized information models (e.g., IDSA (2022b), ISO (2022)) to ensure data interoperability (Walter
et al. 2022; WEF 2021). Accordingly: Provide the tool with standardized interfaces and information
models for users to receive understandable results, given that different standards are in place (DP3).
Data-intensive applications are usually implemented in heterogeneous system landscapes that include
diverse data sources and DQ definitions (Gröger 2021). To avoid that DQ tools remain insular and are only
used for certain data, it is important to provide different functionalities and develop DQ standards that
embrace diversity (Altendeitering and Tomczyk 2022; UNCTAD 2021). Accordingly: Provide the tool with
diverse functionalities and DQ standards for users to conduct DQ checks on different data sources, given
that multiple data sources and DQ contexts are in place (DP4).
In distributed data pipelines, it is necessary to maintain a clear trail between a data set and corresponding
analytical results (Bosch et al. 2021). For data stream applications, the realization of such a trail can be
particularly challenging to not violate the timeliness of data. In our case, we created batches of data from
the data stream and assigned the corresponding metadata with an ID and its DQ result. Accordingly:
Provide the tool with methods to store the DQ result as metadata for users to follow the data trail between
data set and DQ result, given that the trail can be established (DP5).

Increase the Effectiveness of Shared Data (MR2)
Real-world data sets often face multiple data errors at the same time (Chu et al. 2016). Therefore, DQ tools
should offer functionalities for assessing DQ in multiple dimensions (e.g., accuracy, completeness,
timeliness, etc.) to identify different errors at once (Altendeitering and Guggenberger 2021; Wang and
Strong 1996). We observed the same issue at MCo, where they had little knowledge about potential errors
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and a combination of DQ metrics was necessary to ensure trust in the data. Accordingly: Provide the tool
with functions for analyzing multiple DQ aspects for users to identify errors in different DQ dimensions,
given that the errors are not known a priori (DP6).
The multi-dimensional concept of DQ can be difficult to comprehend by users who are not familiar with the
meaning of the different DQ dimensions (Wang and Strong 1996). In cooperation with MCo, we developed
a single DQ score that abstracts multiple DQ metrics on a scale from 0 to 1 and is easily interpretable by
different users. Accordingly: Provide the tool with an aggregated DQ score for users to get an easy-tounderstand result, given that multiple DQ measurements exist (DP7).
Explainable AI is an important aspect mentioned in most AI research agendas (Bosch et al. 2021; Gröger
2021). DQ tools pose the same transparency requirement to ensure trust, certifiability, and usability. We
offered documentation on the functionality of the algorithms used to address this requirement.
Accordingly: Provide the tool with transparent descriptions of the AI/ML methods used for users to gain
trust and understand their functionality, given that there are users without adequate knowledge (DP8).
An inherent problem of data ecosystems is that actors of different backgrounds have different requirements
towards the shared data (Azkan et al. 2020). DQ tools must take this aspect into account and should offer
explanations for identified DQ issues. These should be commonly understandable and usable by partners
in the ecosystem to resolve and reproduce errors if necessary (Bosch et al. 2021). Accordingly: Provide the
tool with explanations for DQ issues for users to understand and resolve DQ problems, given that there
are users without the necessary data domain knowledge (DP9).

Figure 2. Design Principles for Data Quality Tools in Data Ecosystems

Demonstration and Evaluation
For demonstration and evaluation of generalized design knowledge, instantiation, as a software prototype,
is a common practice (Möller et al. 2020). In this study, we present the implementation details of a DQ tool
in a data ecosystem that realizes the proposed design knowledge. To demonstrate the concrete technical
realization of the design principles, we reference them in the implementation’s description. For the
evaluation, we conducted a qualitative group discussion involving the DSR project team and members of
Twenty-eighth Americas Conference on Information Systems, Minneapolis, 2022
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the MCo management board. The overall goal of MCo was to extend an existing IDS-based data ecosystem
with a DQ component that conducts multiple DQ measurements on sensor-based data streams from
machines in their production facilities. This way, data consumers are not only informed about a potential
lack of DQ, but they can also identify factors and reasons that have led to low-quality data. This gives them
the chance to act upon the root cause and resolve data errors.
The implemented solution comprises two components: an IDS Dataspace Connector (DSC) that is available
open-source and includes a docker compose file for fast provisioning (IDSA 2022a), and a DQ application
(DQ App) written in Python. To work in different contexts, the DQ App adheres to the specification of Data
Apps by the IDS (IDSA 2022b) (DP1 and 3). The DQ App and the DSC are tightly integrated using Apache
Camel as an integration framework (Apache Camel 2022) (DP2). This way, the DSC allows the usage of
multiple Data Apps if needed.

Data Sharing Process
The overall data sharing process starts with data generation at the source (see Figure 3). After initial data
conversions, analytics, and preparation steps, the data provider pushes the file or stream-based data to the
DSC, where it is stored as a resource and accessible under user-defined rules (DP4). The DQ App subscribes
to changes of this resource and is automatically invoked once new data is available. These steps follow the
standardized IDS communication protocols and are REST-based (IDSA 2022a) (DP3). Once the DQ App
receives an update of the data, the DQ score is calculated. For traceability between data and the analytical
results, a unique ID and the DQ results are added to the metadata of the dataset (DP5). As a results, the DQ
extended data is sent back to the DSC where it is saved and made accessible, just like the original dataset.
In our solution architecture, we integrated the DQ App closely with the dataspace connector technologies
to enforce that DQ is checked prior to data sharing and follow the IDS terminologies for interoperability
with other IDS-based data ecosystems (IDSA 2022b).
Once the data is available at the DSC, data consumers within the data ecosystem can access the quality
checked data. For this, they negotiate contracts with each other, which include the relevant data sharing
terms specified by the participants. Contracts and subscriptions enable automated and sovereign data
transfers, so data engineers can focus on using data and avoid the common data governance overhead
(Gröger 2021; IDSA 2022a).

Figure 3. Architecture of the Data Sharing Process

Data Quality App
For implementing the DQ App, we used the programming language Python as it is well suited for data
analytics tasks and offers many useful frameworks. However, local Python applications are limited
regarding big data. We, thus, decided to use Apache Spark as our processing engine (Apache Spark 2022).
Upon creating a Spark RDD (Resilient Distributed Dataset), the data is split up into smaller blocks, which

Twenty-eighth Americas Conference on Information Systems, Minneapolis, 2022

7

Data Quality in Data Ecosystems

are then analyzed successively. Through this approach, the DQ App is more scalable and can handle large
amounts of data while utilizing widely established data analytics frameworks.
To determine the quality of the provided data set, we combined four different DQ measures that are suitable
for sensor-based data streams and cover a variety of DQ dimensions (DP6 and 8). First, we used an
Isolation-Forest algorithm to analyze each data block for outliers and assess the validity of data. Based on
the commonness of outliers in a data block, we can infer an outlier measure. Second, we scan the data
set for a potential concept drift to determine the accuracy of the data. A concept drift means that a target
variable is changing over time in unforeseen ways and is particularly challenging for ML as predictions
become increasingly inaccurate. To avoid this, it is important to identify concept drifts early on
(Altendeitering and Dübler 2020). For the detection of a concept drift, we assess the approximation of
different concepts per data block and store the results in an internal database. In a following step, the
concepts of multiple blocks are compared against each other. Through this knowledge, we can detect
drifting concepts and deflect a measure for concept drift.
Third, with the no value measure, we identify sensors that do not provide values in a whole data block
and is used to determine the completeness of a data stream. Finally, the constant measure detects
sensors staying constant for a long time. All four measures are saved in the database and then combined
into an average measure over all blocks in the dataset. Finally, the result in a form of an easy-to-understand
ratio between zero and one is added to the metadata of the resource and accessible by other participants
within the data ecosystem (DP7 and 9).

Evaluation
For evaluation we conducted a qualitative group discussion on the derived DPs and our developments with
the DSR project team and members from the management at MCo. The meeting lasted two hours and we
received positive feedback. The derived DPs were considered thorough, complete, and well-suited for
ensuring DQ in data sharing. Our instantiated prototype was seen as a good demonstration of the DPs. The
easily comprehensible DQ scores were particularly well received, as they help DQ “to become effective and
easy to grasp” as one participant stated. A data engineer at MCo also liked the consideration of different
DQ dimensions as it helps to act upon DQ problems. The participant noted: “By splitting up the question
of the overall quality of a dataset into sub-problems of outliers, concept drift, missing and constant values,
we can start concrete actions in the data pipeline”. Overall, the participants agreed that the developed
solution is a useful advancement for data ecosystems as it helps to increase the trust in data sets and
supports partners in a data ecosystem to leverage the benefits of data sharing.

Conclusion
In this study, we presented the results of a DSR study on the development of a nascent design theory for
DQ tools in data ecosystems. To achieve this goal, we derived meta-requirements from literature and expert
interviews and developed design principles that address these meta-requirements. Afterwards, we
successfully evaluated our design principles by instantiating a DQ tool in an existing data ecosystem in the
manufacturing domain. Specifically, our study offers the following contributions.
The scientific contribution of our work lies in the provisioning of the prescriptive knowledge necessary
for the design of DQ tools in data ecosystems. Despite the frequently mentioned importance of DQ for data
ecosystems (Azkan et al. 2020), and research calls towards more intelligent and collaborative DQ tools
(Altendeitering and Tomczyk 2022), there is still limited research on the topic and no study has yet
connected these two streams. By following an iterative research approach and evaluating our results in a
real-world context, we created an artifact that is theoretically grounded and practically inspired (Peffers et
al. 2007). As a result, our study contributes to the current body of knowledge in the domains of both DQ
and data ecosystems.
Furthermore, our study provides various managerial implications. First, practitioners can use the
presented design knowledge to build customized DQ tools in their own contexts (Möller et al. 2020).
Specifically, our design principles can act as a framework for organizations and governments to inform the
design and development of DQ tools in their ecosystems and environments. This could help break data silos
and facilitate the use of data for the mutual benefit (UNCTAD 2021; WEF 2021). Second, by describing a
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concrete usage scenario and instantiation of a DQ tool, we can advance the discussions about DQ and raise
awareness for the aspect of DQ not only within organizations but also at their boundaries.
However, it is essential to point out that our study is subject to multiple limitations. First, we derived the
design principles and their implementation as a software artifact in a single case resulting in a limited
generalizability of our results. It is likely that the social or organizational context of our study influenced
our design decisions. Studies in other contexts or project settings might come to different conclusions and
evaluation results that lead to a different artifact at the end of the DSR process. Second, the evaluations we
conducted in each of the three cycles are restricted to qualitative data. Further studies that follow
quantitative evaluation approaches, such as performance measurements or questionnaires, might be
beneficial to confirm our findings. Third, since data ecosystems and DQ are active research areas, it is likely
that new requirements arise that need to be reflected in the design knowledge on DQ in data ecosystems.
Based on these limitations, there are several possibilities for future research. It would be valuable to
implement our solution in other data ecosystems and in cases with different DQ requirements to investigate
how the design principles change. Specifically, it would be interesting to extend our solution with standards
and information models for more diverse data sources and DQ contexts. Furthermore, future research
should examine different architectural designs for implementing DQ applications. For example, a DQ
application might be operated at the sensor, connector, or platform level, which poses different
organizational and technical requirements. Finally, there is a need for further research on realizing joint
DQ efforts across multiple organizations. As a result, cross-organizational DQ initiatives could provide
high-quality data products within a data ecosystem (Altendeitering and Tomczyk 2022).
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