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Abstract organizations leverage these ecosystems to create

This paper explores challenges in intra-
organizational data ecosystems, with a focus on data
quality and its impact on organizations. Data quality
is essential for optimizing data integration and
interoperability within large companies, which often
function as independent ecosystems. However, data
sharing is frequently hindered by various issues.
Through expert interviews with two distinct business
units at a leading global tech firm, the study identifies
six data issues with technical incompatibilities as the
main cause of data quality problems. It reveals that
independent technical decisions by one actor can
significantly affect others, highlighting the need to
balance individual requirements with overall data
quality improvement.
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1. Introduction

"I just wanted to be satisfied with my data quality"
said one of our interviewees when discussing the aim
of the study. This quote underscores the critical
importance of data quality in practical applications,
highlighting the contrast with the seemingly abstract
concept of data ecosystems. To fully harness data's
potential, we must enrich it with additional sources,
achievable through data sharing. This is why the
concept of data ecosystems has gained significant
relevance in both research and practice (Fassnacht et
al.,, 2024). Data ecosystems are predominantly
understood as inter-organizational socio-technical
networks of actors who collaborate based on data
(Oliveira et al., 2019; Jussen et al., 2024). However,
large companies can also function as independent
ecosystems, in which various departments and
divisions act as interconnected actors. These
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value through data integration and interoperability
(van Ooijen et al., 2019).

Despite these benefits, various challenges and
issues often impede data sharing between peers in the
data ecosystem (Brechtel et al., 2023; Jussen et al.,
2024).  These  challenges span  technical,
organizational, and regulatory dimensions (Oliveira et
al., 2019; Janssen et al., 2017).

Sharing data requires it to be of sufficient quality,
otherwise, it negatively affects data-driven business
processes (Amadori et al., 2020; Altendeitering et al.,
2022; Jussen et al., 2024). We argue that establishing
intra-organizational data ecosystems presents data
quality challenges that could hinder their potential.

Recent research has advanced our understanding of
data sharing issues and data governance practices (Lis
& Otto, 2020; Costabile & Ovrelid, 2023). Knowledge
about data quality issues in data ecosystems is still
limited, with most research focusing on inter-
organizational ecosystems and little attention to large
companies as independent ecosystems (Groger, 2021).
While Jussen et al. (2024) address general issues, there
is a clear gap in understanding specific data quality
issues. We aim to explore the root causes of these
issues and provide insight into how data providers and
intermediaries affect each other's ability to ensure data
quality. Our goal is to investigate data quality issues
and their implications in establishing intra-
organizational data ecosystems. This research is
guided by two primary questions:

What data quality issues exist in intra-
organizational data ecosystems?

What are the implications of these issues for
organizations and stakeholders involved in intra-
organizational data ecosystems?

To answer these questions, we employ a qualitative
research methodology, leveraging expert interviews
from two distinct business units of a leading global
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technology corporation to gain a deep understanding
of issues related to data quality. Through this
approach, we seek to uncover the challenges that data
quality issues create and how they influence the
evolution of data ecosystems. We found that when
sharing data in an ecosystem - from data providers,
through intermediaries, to data consumers - each actor
might develop its own architecture and mechanisms,
especially if there is a lack of standardization along the
chain. As a result, each actor must design its data
architecture and sharing mechanisms independently.
For example, choosing a specific technical solution
could lead to incompatibilities with other actors
throughout the data-sharing chain. Both cases can lead
to data quality problems along the data chain.
Focusing solely on personal benefit creates a conflict
between maximizing individual fulfillment of
requirements and balancing with other actors, which
would ultimately lead to overall fulfillment.

2. Research Background

Data ecosystems are now vital for organizing data-
driven value in modern organizations" (Legenvre &
Hameri, 2024; Wixom et al., 2020; Ghoshal et al.,
2020). A data ecosystem, an interconnected network
of data producers, consumers, and intermediaries,
supports the seamless data sharing, integration, and
utilization (Jussen et al., 2024; Oliveira et al., 2019).
As organizations increasingly recognize the value of
data in driving innovation, efficiency, and competitive
advantage (Jussen et al., 2024), these ecosystems have
evolved. They include data sources, storage,
processing, governance, and usage, forming a holistic
environment where data flows freely and is used
effectively (Oliveira et al., 2019), aligning with our
case study (Section 3.1). The goal is to make data
accessible, reliable, and valuable for making informed
decisions and achieving strategic objectives (Oliveira
et al., 2019; Curry, 2020).

We argue that large organizations can also function
as data ecosystems, if they meet the characteristics
described in the literature (Jussen et al., 2024; Oliveira
et al.,, 2019). These organizations are composed of
departments and units that generate, share, and use
data to support operations, driven by the
organization’s structure. Our focus is on intermediary-
based data ecosystems (Mdller et al., 2024), which
play a critical role in promoting internal data sharing
and collaboration. Intermediaries enable key functions
such as facilitating transactions, providing necessary
infrastructure, and ensuring data quality (Schweihoff
et al., 2023; Agahari et al., 2021). Intra-organizational

data ecosystems aim to break down data silos,
enabling data to be accessible and useful across the
organization, like inter-organizational ecosystems
(Jussen et al., 2024). This interconnectedness
improves decision-making, operational efficiency, and
innovation by maximizing the value of organizational
data (Janssen et al., 2017; van Ooijen et al., 2019).

However, managing data ecosystems presents
challenges, especially around data quality and
interoperability (Moller et al., 2024; Altendeitering et
al., 2024b). Data quality is critical because it directly
affects the usability and reliability of data, but
managing data quality in ecosystems is more complex
(Altendeitering et al., 2024b). Various frameworks
have been developed to conceptualize data quality
(Schrott et al., 2024; Fadler et al., 2021; Sidi et al.,
2012), with early definitions like Wang & Strong's
(1996) "fit for use" approach. While this is helpful, the
definition has been refined to emphasize that data must
also support operational use, decision-making, and
planning (Juran, 1999). Wang & Strong (1996)
identify four key dimensions of data quality. The first
is Intrinsic Data Quality, which includes aspects
such as believability- how true or credible the data is
perceived to be -accuracy, reflecting its correctness
and reliability, objectivity, which ensures the data
reflects actual conditions impartially, and reputation,
referring to the credibility of the data source. The
second dimension is Contextual Data Quality, which
covers the value data can create, its relevance to the
intended purpose, timeliness—whether it is up-to-date
for its intended use—completeness, ensuring enough
data is available for comprehensive understanding,
and sufficiency, meaning there is adequate data to
support  decision-making. Next, Quality of
Presentation addresses interpretability—whether
data is presented in understandable language or
units—comprehensibility, which ensures clarity and
ease of understanding, consistent presentation,
ensuring data remains in the same format across
instances, and precision, indicating that the data is
concise and appropriately detailed. Finally, Access
Data Quality refers to how easily and quickly data can
be retrieved, and access rights, which control the
degree to which data can be accessed by authorized
users. (Wang & Strong, 1996).

While data quality research focusing on
ecosystems often takes a holistic view of how to
implement DQ in data ecosystems (Altendeitering et
al., 2024b), specific approaches such as generic roles
that ensure data quality without requiring familiarity
with the original domain of the data have also been
explored (Chen et al., 2023). In general, recent DQ
research in the field of information systems covers a
wide variety of areas, including the influence of
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governance on ensuring DQ (Fadler et al., 2021; Al
Wahshi et al., 2022), the use of machine learning-
based data quality checks (Walter et al., 2022),
addressing software engineering to cope with the
changing requirements of DQ tools (Altendeitering et
al., 2024a), and the coverage of data quality within
data maturity models (Kiran et al., 2024).

With this in mind, our approach takes the opposite
direction. We aim to identify data quality issues, using
Wang & Strong's (1996) framework, and conduct a
root cause analysis. This sets the stage for the
methodological approach in the subsequent section.

3. Research Approach

To understand the challenges and their underlying
causes that hinder organizations from becoming data-
driven and prevent them from entering data
ecosystems requires a context-sensitive research
setting. Therefore, we considered a holistic multiple
case study approach as a suitable research method
(Yin et al., 2017). We chose this multiple case study
approach because it allows for the collection of
qualitative data while accounting for situational
factors (Yin et al., 2018; Hartley, 2004; Dubé & Paré,
2003). Additionally, it enables a theory-driven content
analysis of the data (Mayring, 2019).

3.1. Case Selection

We leveraged access to knowledge carriers within
a large enterprise, which is divided into several
federated business divisions. These divisions function
as a single organization but are structured based on
their target markets, such as automotive supply or
consumer goods. Additionally, one division serves as
an internal service provider for all other divisions. The
first case study focuses on the service division, while
the second examines a business division.

Case 1: A Business Intelligence (BI) initiative
originated from central departments and internal IT to
coordinate finance and controlling activities and align
them with other areas. Initially focused on financial
analytics, this initiative has evolved into a
multifunctional organization resembling an internal
provider, offering data through self-developed data
pipelines and applications. Core Team: The core data
team integrates, maintains, and processes data from
hundreds of SAP systems using a Data Warehouse
(DWH) and an Operational Data Store (ODS).
Extended Team: While the core team is part of the
department, the extended team includes additional
team members from internal customers who contribute
part-time as business experts within their data
pipelines and applications. Architecture: The

architecture involves the DWH and ODS, followed by
access layers that supply BI applications. These
applications may include persistent storage for
performance and obtain their data from an independent
data lake positioned between the source systems and
the data warehouse. ETL Loading Track: Data from
the data lake is timestamp-loaded into the DWH or
ODS to capture new entries since the last load. In the
DWH, data moves from a Raw Vault, where it retains
its original form, to a Business Vault, where it is
transformed according to business rules for use in
customer applications through Data Marts. The study
examines two centrally provided BI applications, both
utilizing data from source systems via the data
warehouse and integrated into the financial control
calculations of internal customers. Profit & Loss
(P&L): This application provides detailed P&L
calculations across business areas to assess
profitability. The data pipeline follows standard ETL
processes, with most data sourced from ERP systems
and occasionally from non-standard sources. R&D
Controlling: This application standardizes the
collection of research and development (R&D) costs,
aiming to depict the value stream of new products
across different regions and business areas focusing on
cost comparisons. Interview Insights: The case
involved a diverse group of participants, including
technical personnel and business stakeholders. The
experts involved represented two members from the
controlling department, serving as controllers.
Additionally, two product owners of specific data
applications participated in the study. The technical
experts included three data modelers — one of whom
held a leading position — an Architecture Guide
responsible for the data architecture, and an
administrator of a data application.

Case 2: The mobility business, representing the
largest segment of a major group, includes a division
dedicated to both combustion and electric drive
technologies. This study focuses on data from an e-
mobility product manufacturing line within this
division, which is noted for its complexity, comprising
about 90 interconnected stations. Data Architecture:
The data originates from several segments of the
manufacturing data architecture, primarily involving
PLC-programmed machines and the overarching
Manufacturing Execution System (MES). The MES
connects to an internal data lake, which serves as the
central repository for manufacturing data. Data
uploads from the MES to the data lake occur through
a Kafka broker, enabling factory-wide analyses. Data
Provisioning  Departments: Two  primary
departments are involved in managing the data
architecture. The local IT department handles the PLC
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programming and ensures connectivity to the MES.
The department managing the data lake is responsible
for its operation and maintenance, including ETL
processes and infrastructure governance. Interview
Insights: Three experts were interviewed: two data
analysts/scientists and one process expert. The
analysts work across the factory, assisting with data
onboarding and analyzing manufacturing data, while
the process expert focuses on data relevant to his
processes. Data Utilization: In manufacturing, data
improves production efficiency and reduces scrap
through root cause analysis at various production
stations. In product and process development, it
identifies opportunities for quality improvements and
process optimizations, aiming to boost quality and
production volumes. Data is crucial for monitoring
product quality, analyzing issues, and managing
recalls by identifying defective batches. Management
uses data for operational control and performance
tracking, including scrap rates. In logistics, data
ensures accurate tracking of part locations throughout
production and the supply chain. These insights drive
company goals and enhance operational efficiency.

3.2. Data Collection and Analysis

To achieve the study's objectives and answer the
research questions, we conducted interviews with
knowledge carriers from the case company. This
approach allowed us to gain deep insights into implicit
knowledge and develop a contextual understanding of
the data quality issues, challenges, and their
interrelationships within data ecosystems. Implicit
knowledge, which is challenging to articulate, is
deeply embedded in the distinctive experiences and
methodologies of experts. Therefore, expert
interviews are particularly well-suited for capturing
this experiential knowledge and the specific
perspectives of experts in detail (Doringer, 2020).

We developed the interview guidelines in line with
the research questions to ensure a structured yet open
interview process. The semi-structured interview
format provided flexibility in responding to the
experts’ answers, enabling a more comprehensive
understanding of their experiences and perspectives
(Glaser & Laudel, 2019; Mayring, 2019).

The case study examines the process of
collaboration with the two described units. The
company provided a sample of 12 experts with
extensive knowledge and experience in the field of
intra-organizational data ecosystems. We consciously
avoided focusing solely on data sharing, instead
seeking insights from several individuals within the

data-providing context. This approach aimed to reduce
the bias of those directly involved while keeping the
sample focused enough to allow for a small sample
size (Campbell, 2020). The interviewees were selected
in collaboration with the company, with a certain
gatekeeping influence positively affecting the
selection by providing interviewees with extensive
knowledge. To minimize selection bias, the selection
process was guided by identifying stakeholders within
the processes under investigation (Robinson, 2013).

The interviews, which averaged 45 minutes, were
conducted and recorded in person over two months.
The interviews were transcribed according to the
methodological guidelines of Gliser & Laudel (2019),
ensuring the accurate recording of the content, its
transcription, and the subsequent qualitative analysis
of the transcribed data.

The analysis of the interview data was conducted
in three steps. The first iteration aimed to detect issues
in data quality, the second iteration focused on
identifying the root causes of these issues, and the third
iteration derived the challenges and remaining
obstacles to the successful implementation of data
ecosystems from the identified issues and their root
causes. This approach allowed us to examine cause-
and-effect relationships and develop a deeper
understanding of the underlying mechanisms. The
content analysis was based on a deductive approach,
guided by Wang & Strong’s (1996) framework for
data quality. This approach ensured alignment with the
first research question, focusing solely on discovering
data quality issues (Mayring, 2019). Since this
approach is part of Gldser and Laudel’s (2019)
technique for examining causal effects, we defined the
first variable as the data quality issue and the second
variable as the root cause (Gldser & Laudel, 2019).

In the next section, we present six data quality
issues, their root causes, and the challenges we
derived. To identify these issues, we coded the entire
interview data using Wang & Strong’s (1996)
definitions for all their categories of data quality. To
ensure reproducibility, Table 2 provides two examples
illustrating how our deductive coding was conducted.
The "Citation" column references the coded text
snippet from the interview data. The "Issue" column
indicates the specific problem that occurred in each
case. The "DQ Category" column shows the category
within Wang & Strong’s (1996) framework in which
we classified the issue. Finally, the "Code" column
provides the definition used for these examples.
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Table 1. Examples of the deductive coding

Number Issue DQ-category Code
,»,The extent to which data are
. . - accepted or regarded as true, real, and
Issue 1 Missing Data Believability credible.”
(Wang & Strong, 1996)
..The extent to which data are alwasy
I 2 Faulty I Representational presented in the same format and are
ssue aulty Input consistency compatible with previous data.*
(Wang & Strong, 1996)

Deductive coding was conducted in three steps. First, data was reviewed to identify data
quality issues, which were classified using Wang and Strong’s (1996) framework. Next, we
performed a root cause analysis based on the identified issues. Finally, using the data quality
issues and their root causes, we derived challenges by reasoning through their implications.

Explanation of the Coding: Table 2 shows two
examples of how we coded the interview data. The
"Number" column refers to the interview citation in
the next section, the "Issues" column indicates the data
quality issue that occurred, the "DQ Category" column
represents our classification of the issue, and the
"Code" column provides the definition from Wang &
Strong (1996) that guided our classification of the
issue. Issue 1 involves the loss of some data in a
situation where completeness was not anticipated.
Completeness is a complex dimension in our research,
as it is difficult to define due to situational factors.
Questions arise about how completeness can be
measured across batches and whether missing data
might be loaded later. Another challenge is identifying
which entries originate from which source system,
making it impossible to simply count documents
against the source. The timing of data arrival and its
delivery to the customer is another issue.
Completeness can only be assured if there is a logical
way to measure both completeness and
incompleteness. If incompleteness cannot be
measured, completeness cannot be guaranteed.
Customers expect to receive all necessary data for
their use cases, and any missing data is unacceptable.
This can be measured by the ratio of rejected to
accepted batches, which could serve as a metric to
assess  believability, thereby justifying the
classification of this issue under believability.

Issue 3 follows a similar pattern but with less
complexity. Since the data is always expected to be
represented consistently—in this case, the codepage
ensures a deterministic set of characters—we
classified the issue under representational consistency.
This was measured by counting the number of
received entries matching the configured codepage
and dividing it by the number of healthy entries.

3.3. Definition of challenges

Our understanding of challenges centers on the
interaction between two dependent variables, which
are crucial to breaking down the root causes of the
issues we've identified. Each variable represents an

actor in a data ecosystem, while the interaction refers
to the process of data sharing. We use decomposition
as a method to simplify the complexity of the root
causes. The classification of the challenge focuses not
on the two variables themselves, but on their
interaction—specifically, data sharing (Maass et al.,
2018; Kaul et al., 2017).

For clarity, we use the variables A and B to
represent the actors in any presented issue.
Additionally, x and y represent the fulfillment of the
actors' requirements. Increasing these variables means
focusing on maximizing one's own satisfaction
continuously, while assigning refers to a fixed action,
such as choosing a specific technology. The findings
illustrate how increasing or assigning impacts the
fulfillment of the other actor's requirements.

4. Results

We identified three categories of challenges within
our study: technical, role-based, and ecosystem-
structural challenges that derive from the relationships
between data consumer, providers and -intermediaries.
We derived 65 data quality issues using Wang &
Strong's Framework, noting that some issues were
reported repeatedly by various stakeholders,
cumulating in instances. Examples for ecosystem
structural challenges result out of statements like:
“One more thing maybe to mention on the source itself,
it could be some problems. For example, they are not
reachable, the connection is breaking, or maybe their
replication process is stuck somewhere”. Explaining
the problem when dealing with independent actors or
role-based issues out of statements like: “the data does
not exist in the [data warehouse] [...]. And in that
case, we request authorization from the data owner to
inform us that we may pull in this raw data.” which
shows the criticality of roles. Given the volume of
issues, this paper focuses solely on those related to
technical challenges, particularly those cited more
than once. Each challenge is explored alongside its
associated data quality issue and the root cause.

4.1. Technical Challenges

Issues 1 Missing Data: “[...] delta identification
between Raw Vault and Business Vault also had a
problem just last week. Because ... we have somehow
optimized the data storage and then some things just
don't come in the same batch. Somehow it came in a
Jfew milliseconds later than when we picked it up ... The
data was there, but didn't end up in the [consumer
application] [...].” Root Cause: The delta selection
process creates operational difficulties. When the
system optimizes by splitting tables, it also separates
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related documents. This means that during batch
processing, the header of a bill might be received
separately from its content. The system then merges
these components to reconstruct the original
document. However, if the content arrives in a later
batch, the system might generate an empty bill because
it processed the header in an earlier batch. When the
content eventually arrives, it pairs correctly with the
header, but the system disregards this correct version
due to the timestamp on the already-processed header.
Challenge: This challenge stems from a conflict
between technical constraints and business needs.
Each requirement is valid on its own but creates
problems when combined. Avoiding table splitting
could slow down data processing or reduce system
performance, negatively  affecting  customer
satisfaction. On the other hand, optimizing storage
through table splitting can undermine the business
model by disrupting the data needed for business
operations. This situation requires a trade-off between
technical efficiency and business requirements,
usually at the expense of one or the other. The
challenge lies in finding a solution that balances both
needs. To illustrate this, consider that "A" represents
the database's performance and "B" represents the
business requirements. If we increase database
performance (A), it negatively impacts the ability to
meet business needs (B) because splitting documents
helps the database but hinders the business process.
Conversely, if we improve the system’s ability to meet
business needs (B) by avoiding document splitting, it
reduces database performance (A). This negative
correlation between A and B is what we call "mutual
inhibition." It means that meeting the requirements of
one side prevents the other from fully achieving its
goals. We call this Mutual Inhibition.

Issue 2 Missing Data: “/...] we pulled this portion
of the data from T1, time I until time 2, and this was
yesterday. Today we are starting a new process and
want to pull data from T2 to T3. If a process or chunk
of data starts loading during this time frame [points to
T2-T3 on a diagram], and the chunk is too large to
replicate immediately, the timestamp might be set at
the end of this time slot T2 [physical end is shortly
after the beginning of T3-T4]. We've already closed
this time slot because we said, okay, give me
everything according to this time slot. We asked for
everything according to this time, and now we’re
continuing from T3-T4 tomorrow [...].” Root Cause:
The lack of standardization within the organization is
evident as data exchanges between different parts of
the company reveal issues caused by non-standardized
processes. This forces teams to create unique
approaches to handle data, often due to internal
preferences or demands from high-priority customers

whose needs must be met. Lower-priority customers
might struggle with these specialized solutions that
aren’t necessary for them. While thorough
documentation could help, it doesn’t fully resolve the
issue, especially if the documented interface is
impractical for individual use. Ideally, this issue would
be solved through standardized transactional data
exchanges, but this can be a challenge if data providers
are not cooperative. Challenge: This dependency
arises from the fact that either the data providers, the
customers, or both must take specific actions to
address the issue, but neither can fully solve it on their
own or finds it profitable to do so. In this context, "A"
represents the source providing the data, and "B"
represents the entity pulling the data. A cannot
implement every specific request from B, especially if
B is not a high-priority customer or the request is
highly specialized. However, if A provides a
standardized partial solution that works for most cases,
and B adapts this solution to meet its special
requirements—while  being aware of A's
standardization—this could lead to increased overall
satisfaction. Achieving this outcome requires effort
and collaboration from both actors. We call this
Positive Dependency.

Issue 3 Faulty Input: “We had received data
where a Vietnamese colleague was represented by
name and he had an I, a roof, in other words a Unicode
character. And we had the whole thing, all the fields
on Varchar and then it couldn't be displayed correctly
via Varchar. And yes, but that was ultimately also an
implementation problem, because we switched it to
Varchar and then it could be displayed correctly [...].”
Root Cause: The absence of input restrictions at the
source permits unauthorized inputs that clash with the
configured codepage. Discrepancies between the
configurations of the source system and the provider's
database cause incoming data to be displayed
incorrectly. Challenge: Actions taken by one party
can directly cause issues for the other. Let’s say A
represents the data provider and B represents the data
consumer. If A selects a specific codepage, it may lead
to incompatibility with B’s system. If A does this, B is
directly forced to act, as its choice does not fit
anymore. A’s choice therefore excludes the recent
codepage B has chosen and forces him to select a
solution which can handle A’s choice. Since these
changes affect both the exchange of data and the
databases involved, it could not be feasible to agree on
a single codepage that works for both A and B.
Therefore, a solution other than standardizing a single
codepage must be developed. We call this Mutual
Exclusivity.

Issue 4 Ambiguous Master Data: “If ] connect a
system, but which system actually takes its derivation
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from MDS, from the [Business Intelligence Initiative]
from MDS, but I have always taken my product from
the [master database] until now, then how do I, how
do I want to display my data correctly in a dashboard,
because for the same child, for the profit center, for
the same child, in one source the child belongs to these
parents and in the other source the child belongs to
completely different parent [...].” Root Cause:
Different Requirements At first glance, this issue may
seem to arise from the complexity of the data
ecosystem. The problem is that different systems fulfil
varying requirements, which can limit how well they
work together. When systems can’t meet these
different requirements, the affected parties must either
choose alternative systems or find workarounds. But,
since there exists no single point of proof, when having
several different systems, they must implement the
exact same business logic which is unique for an
organization. Challenge: Assuming A is a data
consumer, and B is a data provider, A may have
specific requirements for the data B provides. If B
cannot meet these requirements, A needs to search for
another provider that offers similar data but fulfills
these requirements. Choosing another provider
assumes there is no significant difference in the data,
especially if the first provider cannot be chosen for
some reason. The challenge lies in how to handle the
situation where A must choose another provider who
should be equivalent but is not. We call this Potential
Mutual Exclusivity.

Issue 5 Unclear Data: “And that's also a problem,
as I said, there are also stations that write hundreds of
parameters. When I talk to people, they say to me, 1
don't know what that is. But someone must have
defined it. I mean, we've written down everything we
can for it. But what is it now? That's another issue. So
do you really need the data? What value do they have?
That's also difficult [..].” Root Cause: Missing
Documentation. The ambiguity arises from a general
lack of documentation, which should specify what
data occurs, its intended use, and its perceived value.
This issue could be alleviated with appropriate
software that supports or might automate both the
documentation process and data interpretation.
Challenge: Ones the data provider, the owner of the
machine must handle which data shall be written or not
there can be missing scope or knowledge about the
importance or how to implement, that it can be reused
by someone who does not know anything about the
machine, Documenting. Therefor documenting in
general could help. Assuming A is the owner of the
machine and B the intermediary. Documenting and
using software support is an effort for A, while B
profits from it. Therefore, A must decide which effort
is worth for him and B which represents the co

condition under which he will be willing to implement
a solution. We call this Conditional Assignment.

Issue 6 Contrary Data: “And the Manufacturing
Data Lake has a plausibility check in it. If a part has
remained bad for three months, then it should no
longer be good. In a normal line, that would be
absolutely correct. These were parts that were lying
around somewhere for three months and were then
tested again and became good. Then the
Manufacturing Data Lake no longer overwrote it
because it said it wasn't plausible that a part that had
been bad for three months should now suddenly be
good. And they were able to overwrite it in the MES.
That's the next problem, that the MES system must not
actually be overwritten, that the people in production
overwrite it, that's against the quality standard. But
there is no other way, because otherwise you would
have a lot more rejects. You can use it to reset parts
and say, we'll try it again at the station [...].” Root
Cause: In the current Manufacturing Data Lake setup,
employees are restricted from changing the product
status to 'healthy' after a time period. The MES though
provides functionality for retrying steps of production
that could alter the status of the product but provides
the possibility to mark a part as healthy which have
rated as bad which can be necessary in some
production settings to reduce reject even after the time
period at which the Data Lake restricts. This extends
to adjusting the status after an arbitrary duration.
That's why the same part can be healthy in the MES
but bad in the Data Lake. Challenge: While the
Manufacturing Data Lake supports no exceptions after
three months, the MES does not. The constraint which
is implemented in the Data Lake can be broken by the
MES. This inconsistency poses a risk of discrepancies
in product status across the systems. Considering the
Data Lake as A and the MES as B. Therefore, A is an
intermediary and B the data provider. Since A
implements general constraints, this could be difficult
if there are productions lines with similar different
requirements contrary to the Data Lakes general ones.
If B now fulfils its needs, there exists a constraint
which is true under consideration of each single view
but leads to contrary data. We call this Conflict
Constraint.
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Table 2. Overview of the challenges

Variable A Variable B Challenge Impact
Mutual .
Increase Decrease . Dynamically
Inhibition
Increase Increase Positive Dynamically
Dependency
Assigned Excludes assignment Mutqal Static
to values area Exclusivity
L Potentially
Assigned Possibily excludes Mutual Static
values area -
Exclusivity
Assigned Restricted up to value Con_dilional Dynamicall
P Assignment Yy Y
. Assigned to Conflict .
Assigned prohibited value Constraint Static

Table 3 provides an overview of the generic
challenges we identified in the context of data sharing
between two actors, labeled A and B. The table
illustrates how an increase in A's fulfillment of its
personal requirements might impact B's ability to meet
its own requirements, as well as the consequences of
making specific choices, referred to as "assigning a
variable," on the interacting partner. An
"Increase/Decrease" indicates how an increase in A’s
fulfillment of its requirements affects B’s ability to
fulfill its own requirements. When a variable is
"Assigned," it refers to a specific choice or decision
made that impacts how A or B can assign values or
meet requirements. The table also distinguishes
between "Static Impact," which refers to a fixed effect
on the interacting partner (such as selecting a
codepage that leads to a permanent state for the
partner), and "Dynamic Impact," which refers to a
situation where the impact on the other actor varies
depending on the degree to which one actor benefits,
meaning the effect is not fixed but occurs within a
range. Each row in the table corresponds to a specific
challenge type. In the case of "Mutual Inhibition,"
increasing A’s requirements fulfillment dynamically
decreases B’s ability to fulfill its own requirements.
"Positive Dependency" occurs when increasing A’s
requirements fulfillment dynamically increases B’s
ability to fulfill its own requirements. "Mutual
Exclusivity" indicates that assigning a value to A may
completely exclude B from fulfilling a certain
requirement, resulting in a static impact. "Potential
Mutual Exclusivity" suggests that assigning a value to
A might potentially exclude B from fulfilling certain
requirements, again leading to a static impact.
"Conditional Assignment" refers to a situation where
assigning a value to A restricts B’s fulfillment to a
certain degree, with a dynamic impact. Lastly,
"Conflict Constraint" describes a scenario where a
value is assigned to A in a way that theoretically
shouldn’t be possible, but it is necessary to allow it,
resulting in a static impact on B.

5. Conclusion

In our study, we demonstrate that diverse data
quality issues exist within the two cases we
investigated, and the data quality framework from
Wang & Strong (1996) helps distinguish these issues.
However, the definitions from this framework can
cause some ambiguity in classifying the data quality
issues described in Section 4. The root causes of these
data quality issues were also identified through our
interview data, leading to challenges characterized by
the conflict between two interacting variables.
Additionally, we found indications that generic states
in the interplay of these variables could cause
challenges in data-driven collaboration. Although the
identified issues can occur in any data-driven
operations, our specific case study context provides
empirical evidence of how data quality impedes the
realization of data ecosystems. These issues affect the
readiness of organizations to participate in data
ecosystems. The success of use cases that can only be
realized in data ecosystems, such as collaborative
condition monitoring, depends on the sufficient
quality of shared data. For example, as described in
Issue 6, differently configured MES systems from
multiple collaborating data ecosystem actors can lead
to conflicting states of a monitored system, causing
false alarms for customers and rendering a data-driven
use case unreliable.

While we differentiated our understanding of data
quality issues from the general issues investigated by
Jussen et al. (2024), who propose that technical
problems in data sharing include barriers and
incentives when resolved, our data complements this
work by indicating that data quality issues are not
necessarily related to a lack of know-how.
Specifically, in Issue 2 of our case studies, increasing
know-how for a specific use case or technology does
not solve the problem.

Furthermore, the identified classes of challenges
can serve as a foundation for designing applications,
as proposed by Jussen et al. (2024), that act as control
authorities and check data quality. Our study can serve
as input for an application that not only visualizes the
issues but also highlights the challenges resulting from
relevant quality problems.

Identifying data quality issues leads to discovering
challenges (or problems). Except for the challenge of
having too many standards, we did not encounter the
barriers named by other authors; although one barrier
was identified, there were none that could challenge
their interpretation.

Our study is not without limitations. Having two
cases with different data provides a broad perspective
but does not ensure the significance of the results.
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Additionally, our data may contain interpretation bias.
To mitigate this, the research team engaged in internal
discussions for each data issue and had the issues
approved by the data experts.

While existing IS research mainly focuses on data
ecosystems and the related concept of data sharing,
practitioners struggle with data quality. Therefore, we
opted to shift the perspective, viewing data quality
through a research lens to gain practical insights into
the challenges that arise during the transformation to a
data ecosystem.

Our hypothesis is that data quality, as a
foundational concept in information systems, should
be emphasized more. Practitioners could reduce their
data-related challenges by focusing on theoretical
concepts such as data ecosystems. Our study provides
empirical insights that conceptualize data quality as a
source of various data ecosystem challenges, as we
have defined them, which is further supported by
proposing theoretical classes. This could help build a
framework for classifying relevant data ecosystem
challenges, distinguishing them from those that do not
directly affect the ecosystem.

Considering the existing research, our results
extend the existing literature with a top-down view on
data ecosystem barriers (Fassnacht et al., 2023;
Brechtel et al., 2023; Jussen et al., 2024) by providing
a detailed bottom-up view of data quality. In
particular, the identified issues with their root causes
advance our understanding of how data sharing may
negatively impact data quality and lead to the barriers
of data ecosystem engagement. We are confident that
the factual data provided by interviewed experts could
enable the rigorous development of a framework for
data ecosystem challenges. Additionally, our findings
enhance our understanding of data ecosystem
challenges, emphasizing the importance of internal
data quality, which must be addressed through
organizational measures and data capabilities
(Altendeitering et al., 2024a; Hupperz & GieB, 2024).

It can also be concluded that building an intra-
organizational data ecosystem is a precursor to
reaching a certain maturity level necessary for
successful participation in inter-organizational data
ecosystems. Consequently, our findings assist
decision-makers on the transformation journey with
the goal of engaging in inter-organizational data
ecosystems, which is contingent upon intra-
organizational ecosystem readiness. Addressing these
issues could also reduce the effort required to interact
with external actors in a data ecosystem, supporting
the assumption that increasing data ecosystem
readiness, by considering and satisfying data quality,

is essential—as highlighted by the interviewee who
emphasized the importance of data quality.

Future research can compare our results with
similar data quality issues in different domains and
organizational settings to determine generalizability of
our found challenges.
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