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Approaches to identifying data quality issues: The role of the data

broker

Data quality issues are problematic and costly for organizations. Employees
(termed “Data Brokers”) must identify data quality issues before data are
used for reporting purposes. In five field studies, we investigate how these
employees identify these often-hidden data quality issues. Organizations can
execute five “checking” approaches: data templates, supervisor validation,
data accuracy, data consistency, and data completeness. We discuss each
approach, theorize their inter-relationships, and explain their contributions to

research and practice.

Keywords: Data quality issues, field studies, data broker, manual

identification, data curation

1 Introduction

Data quality issues can significantly impact organizational decisions and
strategies (Cichy & Rass, 2019; Nagle et al., 2020), regardless of the organization’s
size (Global, 2021). For example, inaccurate financial reporting due to errors in data
leads to misinformed business decisions (Hoque, 2013), incorrect budgeting (Hoque,
2013), and financial loss (Lee, 2012). Likewise, research shows that basic quality
standards are only met by 3% of companies’ data (Nagle et al., 2017). Subsequently,
these data quality issues can affect customer satisfaction, operational costs, and
organizational trust (Haug et al., 2011; Redman, 1998).

Moreover, research shows that the cost of rework due to data quality and
accessibility issues is valued at USD 31.3 billion in the United States, USD 8.4 billion
in Australia and New Zealand, and USD 10.2 billion in the United Kingdom. (Krishna
et al., 2023). In fact, historically, research has indicated that the cost of data quality

issues in the US alone was estimated to be at least $1.5 trillion annually (Fisher,
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2009), which could be 8-12% of revenue (Redman, 1998). Nonetheless, the actual
costs of data quality issues may be higher since it is difficult to determine their total
costs (Nagle et al., 2017; Redman, 1998). Therefore, it is data, its quality, and not
technology (although important) “that represents the management challenge of the
21°" century” (Redman, 2023, p.28).

Data quality research proposes different methodologies to address data
quality issues (Batini et al., 2009; Nagle et al., 2020; Pipino et al., 2002; Sebastian-
Coleman, 2013). However, it is typically assumed to be a top-down preventive
approach. For instance, Batini et al. (2009) and Pipino et al. (2002) suggest data-
driven and process-driven strategies to avoid data quality issues through quality
assessment and improvement. However, while preventive assumptions can help with
data quality, they can be time-consuming and face obstacles. These can include
infrastructure issues (Born & Kronung, 2016), a lack of skilled people (Steinhueser
et al., 2017), poor software functionality (Davison et al., 2019; Ibrahim et al., 2019),
and usability (Jagannath et al., 2019; van den Hooff & Hafkamp, 2017). These
situations can lead to employees producing incorrect or incomplete data. Therefore,
addressing data quality issues often involves a curative approach. In this approach,
employees manually identify and correct issues after data creation but before data are
used (cf. Wibisono et al., 2022a).

Moreover, this study investigates data quality issues related to producing
managerial reports (in the context of data use), an essential process in all
organizations. Producing such reports is crucial for effectively planning, controlling,
and evaluating an organization’s operations (Drum et al., 2017); otherwise, the

organization may incur high costs and face unmanageable risks (Drum et al., 2017).

Page 3



We refer to these employees, who manually identify and correct data quality issues
to meet managerial reporting needs, as “Data Brokers”. So, it is crucial to understand
a data broker’s approaches to identifying data quality issues. Therefore, our research

question is as follows:

RQ. How do employees (performing the role of a data broker) manually identify

data quality issues?

This study reports on five field studies in Indonesia to address this research
question. Each organization has a different reporting frequency (e.g., daily to
annually). Research shows that data are often used for shorter and longer reporting
cycles (Kaplan & Norton, 1996). With a longer reporting cycle, an organization
generates a more comprehensive view; however, it can delay decision-making
(Weygandt et al., 2014), whereas a shorter reporting cycle can create a burdensome
frequency of producing managerial reports (Pirttimédki & Liew, 2019; Weygandt et
al., 2014). Despite these differences, these cycles share similar characteristics for
identifying data quality issues. So, we are interested in finding out the shape of these
approaches.

We contend that this human dimension (the data broker) to identifying data
quality issues before they escalate and negatively impact decision-making is one of
the most prominent roles in the modern-day organization, albeit not always captured
in an employee ‘role’ title. Therefore, our results can indirectly aid data brokers by
highlighting the approaches used to ensure those at the C-suite have the insights they

need, at a tempo they need, and that these insights are based on ‘quality’ data.
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Furthermore, given the ‘accidental’ data architecture that defines many organizations
(often linked to business change through growth) that have data-driven aspirations,
the role of the data broker must be both appreciated and understood, especially at the
level where organizational strategies are decided.

This study makes three key contributions to data quality research. Firstly, it
challenges the traditional belief that resolving data quality issues must be preventive.
Secondly, it explores how data brokers curatively identify data quality issues. Third,
it visualizes these data broker approaches as a flow.

The remaining sections are as follows: Section two briefly describes the role
of the data broker. Section three considers our research design, while Section four
discusses our data gathering and analysis. Section five discusses our findings, and

Section six concludes our study.

2 The Role of the Data Broker

A data broker acts as an intermediary between data providers and data
consumers, like distributors of manufactured goods (see Figure 1). Essentially, a data
broker collects data from providers, distributes it to consumers, and provides
confidence in their use (as good quality data) (Janssen & Singh, 2022).

A data broker may be an individual or a team in a data processing ecosystem
(Janssen & Singh, 2022). They break down data silos that hinder decision-making
(Zhu & Marjanovic, 2022), facilitate seamless data sharing (Wernick et al., 2020),
add value to existing data for various stakeholders (e.g., producing managerial
reports) (Yoon et al., 2018), and enhance communities’ data literacy (Yoon et al.,

2018). However, very little is known about these data brokers (individual or team).
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Data Provider Data Consumer

Individual

Data Provider Collect Data Broker Distribute Data Consumer

Team

Data Provider Data Consumer

Figure 1. A data broker is a part of the data processing ecosystem in an

organization. (Adapted from: (Janssen & Singh, 2022)

Therefore, exploring how data brokers identify data quality issues informs our

research design (presented in the next section).

3 Research Design

We conduct five field studies informed by Eisenhardt’s (1989) research
design to explore how employees (the data brokers) identify data quality issues. This
approach helps us generate a valid theory (Eisenhardt, 1989) from multiple field

studies and understand the reasons behind similarities and differences across the field

studies (Ridder, 2017).
Identify the ) Develop )
research L, Select .f|eld —> Collectdata [ Analysedata —* explanations Test and refine
. studies the theory
guestions and the theory

Figure 2. Step-by-step research design
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The study involves the following steps: identify the research questions, select
field studies, collect data, analyze data, develop explanations and the theory, and test

and refine the theory (see Figure 2). The next section outlines the steps followed.

3.1 [Identify the Research Questions

This initial stage involves defining the research problem and creating guiding
research questions. This study uses research problematization (Alvesson & Sandberg,
2011; Sandberg & Alvesson, 2011) to develop the research question because research
problematization is crucial to present different perspectives (Chatterjee & Davison,
2021). Therefore, we develop our research question by challenging assumptions in
data quality research: addressing data quality issues must be preventive. We posit that
addressing data quality issues can also be curative. So, we are challenging established
research assumptions rather than taking existing findings for granted (Alvesson &
Sandberg, 2011). As stated earlier, our research question seeks to learn more about
the approaches of data brokers to identifying data quality issues as part of a report

production cycle.

3.2 Select Field Studies

The next step is selecting relevant field studies, which can be organizations,
individuals, events, or other units of analysis. These field studies must represent the
phenomenon and provide comprehensive data for analysis. This study examines five
organizational units acting as data brokers (see Table 1).

This strategy aligns with the recommendation made by Eisenhardt (1989),
suggesting that a research design should have at least 4 to 10 field studies to be

effective. Fewer than four field studies could make it challenging to generate a theory.

Page 7



In contrast, more than ten studies could challenge data management (Eisenhardt,

1989).

Table 1. Field Studies

No Field Study Number of Employees % Organizational Unit Reporting
respondents (Data Broker) Frequency

1 Plantation Company 6 respondents 85% QA (Quality Daily
Assurance) Unit (Head
Office)

2 Furniture Company 5 respondents 100% Administrative Office ~ Monthly

3 Hospital 5 respondents  100% Pharmacy Unit Three Monthly

4 University 3 respondents  75% Academic Office Six Monthly

5 Government Agency 3 respondents 100% Government Bureau Annually

Each organization requires employees (as data brokers) to manually identify
data quality issues when producing managerial reports (see Table 1). The data are not
limited to ‘centralized systems’ data like Enterprise Resource Planning (ERP) or
Electronic Health Records (EHR). They may be from other sources, such as paper-
based records or spreadsheets. Multiple data sources mean employees must manually
double-check and determine the most appropriate data when producing reports as per
the reporting frequency.

Across the five field studies, the data comes from various sources, including
sugar factories, factory operations, pharmacy units, students, and local government
agencies. So, by collecting the data from multiple sources, the respective
organizational units (data brokers) can provide reports for internal and external
stakeholders. Unfortunately, these processes cannot be automated because they

involve much human judgment and interpretation. For example, identifying data
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quality issues, verifying data accuracy, and making decisions on (how) to present the

data in a report (Eisenhardt, 1989).

3.3 Collect Data

Step three involves collecting data from the chosen field studies to answer the
research questions. The research focuses on operational employees (accounts of their
data work) and examines documents, if available. However, due to COVID-19
restrictions, in-person observations were not possible. Therefore, this study collected
data through online semi-structured interviews between June 2021 and June 2022.
The interviews lasted between 45 and 60 minutes. They were conducted in Javanese
and Indonesian. This interview data was then transcribed into English. See Table 2

for a sample of the excerpts gathered during the interviews.

3.4 Analyse Data

Step four involves analyzing the field study data, which entails identifying
patterns and themes and utilizing techniques such as coding and categorization (see
Table 2). We employ cross-case analysis to uncover similarities and differences
across the five field studies (Ridder, 2017). The advantage of cross-case analysis is
that it aids in establishing the “why” of the data patterns and the underlying theoretical
arguments that explain them (Eisenhardt, 2021; Sarker et al., 2012). This benefit is
critical since it goes beyond merely describing what is happening and explaining why
it is occurring. This deeper level of comprehension can inform policy and practice
decisions. So, it contributes to developing more effective interventions. An example

of how we organized this cross-case comparison is provided in Table 3. While Table

Page 9



3 shows variability, it also highlights commonality in the approaches used (by the

data brokers) to identify data quality issues.

3.5 Develop Explanations and The Theory

Step five involves developing explanations and theories based on data
analysis outcomes. This step requires identifying the concepts/categories contributing
to the phenomenon being studied and creating a testable and valid yet parsimonious
mid-range theory grounded in data (Eisenhardt, 1989). For example, where a
particular pattern for identifying data quality issues is consistently observed in our
interview data, we should incorporate this pattern into the emerging theory. As such,
the theorizing process stops when coherence with the data has been achieved
(Eisenhardt, 1989). In this research, we propose a flow diagram (see Figure 3) from
a data broker’s perspective. This theoretical explanation captures the core insights

from our analysis of the five field studies.

3.6 Test and Refine the Theory

The final step is to test and refine the theories developed in the previous step.
This step is essential to ensure the theories are valid and applicable to the studied
context. It involves additional data collection, analysis, and comparison of the
theories with existing literature (Eisenhardt, 1989). Theories are refined by adding
new concepts or revising existing ones based on observed patterns. In this paper,
throughout the findings section, we reflect on the uniqueness of our work and
compare our emerging findings to existing literature. For example, automating data
quality issue identification assumes that a single centralized dataset exists. However,

this research suggests otherwise, where data existing beyond centralized systems
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(necessary for producing managerial reports) demands that manual checking

(performed by the data brokers) is a feature of identifying data quality issues.

4 Research Approach: Data Gathering and Analysis

We use open coding to analyze interview texts to identify and label concepts
in the data (Béhm et al., 2004; Corbin & Strauss, 1990; Wolfswinkel et al., 2011).
First, we analyze the texts line-by-line (Holton, 2012) to identify basic units of
meaning. Second, we assign a descriptive code to each concept (Corbin & Strauss,
1990). Third, we categorize codes based on similarities and differences to create
related categories, comparing incidents to identify patterns and themes (Corbin &
Strauss, 1990). Fourth, we review and improve the categories to ensure that each
category covers all cases and that there is no overlap between categories. Thus, we
may rename, merge, split, or create new categories (Corbin & Strauss, 1990) to

achieve this goal.
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Table 2. Coding Sample

No Excerpt 15t order 2" order Organization
1 I asked for Excel to work on. Now, from the Excel, (I) check Ask for Excel to work on Check data templates Hospital
the stock one by one.
2 I took the reports from my friends. That’s what I see. I see this;  It’s not the same (working) Check data templates Plantation Company
how strange this is. I checked in more detail. It turns out it is template
not the same (working) template.
3 Well, this is not signed by the supervisor. Well, this (letter) is Check the supervisor’s Check supervisor Government Agency
already electronic. (So, we can check) signature validation
4 Then I checked the report (comparison). I checked whether this  Check whether this Check supervisor Government Agency
(document) was signed or not by the head unit. (document) is signed or not validation
by the head unit.
5 So, we take the data from the field of each sugar factory. For Take data from the field Check data accuracy Plantation Company
example, how old is this sugar cane?
6 Why isn’t this filled in? How come it’s empty? Why isn’t this filled in? Check data completeness  Furniture Company
7 Yes, we immediately (ask) this. To those employees. Why isn’t  Data not filled in Check data completeness Plantation Company
this filled in? How come it’s empty?
Check data consistency ~ Plantation Company
8 We are assisted by conditional formatting likewise when_we Cross-check with friends

cross-check with friends, assistant managers, and heads of
affairs.
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9 So, in the Google Form, there was a print preview, and the print Matched data (with student Check data consistency ~ University
preview was downloaded, so it was printed and then matched data)
(with the student’s data in the system)
10 We’ll search. What (we) often find is that the stock is different ~ Check the differences Check data accuracy Hospital
between system stock and physical stock. between system stock and
physical stock.
11 Then, I check if this performance achievement (in the data) Check whether the data Check data consistency ~ Government Agency
follows the population of [name of one regency]. follow the population of
[name of one regency].
12 We’ll search. It’s on the stock card (paper). But the entry Check the stock card and the ~ Check data consistency Hospital
(Information Systems) is not there. Information Systems.
13 For example, our city has an average of 1000 students. If there =~ Check why the city number is Check data consistency =~ Government Agency

are 38 districts, the result is 38000 students. Why does the total
number of students in the city data differ from the provincial
total?

different from the local
number.
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Table 3. Distribution of each excerpt across the field studies

No | Field Study Checking
Data Supervisor Data Data Data Total
Templates | Validation | Accuracy | Completeness | Consistency
1 | Plantation 5 0 4 6 2 17
Company
2 | Furniture Company 0 0 3 3 4 10
3 | Hospital 3 3 6 2 3 17
4 | University 5 0 0 3 5 13
5 | Government 3 3 2 4 5 17
Agency
Total 16 6 15 18 19 74

Emerging from our open coding efforts (see Table 2), we identify five
approaches that data brokers can use to identify data quality issues: checking (i) data
templates, (i1) supervisor validation, (iii) data accuracy, (iv) data consistency, and (v)
data completeness. Table 3 shows the occurrence frequency of the different
approaches used in identifying data quality issues across the five field studies. These
approaches are ordered logically (emerging from our analysis) and are represented
visually in the conclusions section (see Figure 3).

Table 3 shows that the most common approach for the Furniture Company
and the Government Agency is “Check Data Consistency” (5 and 4 occurrences,
respectively). The most common approach for the Plantation Company is “Check
Data Completeness” (6 occurrences ). While the most common approach for the

Hospital is “Check Data Accuracy” (6 occurrences). Finally, the most common
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approach for the University is “Check Data Consistency” and “Check Data
Templates” (both at 5 occurrences).

Table 3 shows that while there are variations in the approaches used within
the field studies, four approaches are the most critical in identifying data quality
issues. These approaches are checking data consistency (19 occurrences), checking
data completeness (18 occurrences), checking data templates (16 occurrences), and
checking data accuracy (15 occurrences). We discuss each approach in detail in the

following section.

5 Findings and Discussion

This section discusses the advantages and disadvantages of each approach and

demonstrates their interconnections.

5.1 Check Data Templates

This approach assumes that data quality issues can be identified by examining
the artifact that stores the data (e.g., the data collection templates) (Xian et al., 2012).
For example, as one employee (the plantation company) states, “First, I take the
report from my friends (on the package). I check (the data) in more detail. It turns
out that it comes from a document that doesn’t match the template . Therefore, cross-
referencing the data with the data collection template is foundational to identifying
data quality issues.

Furthermore, utilizing features like conditional formatting in a spreadsheet
(where the spreadsheet is the data collection template) is essential. One employee (the
plantation company) states, “I can use conditional formatting to make it faster. Then,

we can also make it from the usual graph. Later, I can see if this is wrong or not. For
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example, if I'm wrong, I'll make it red in the conditional formatting. So (my work is)
faster”. Using data collection templates (provided by a data broker to a data provider)
can alleviate the burden of managing extensive data, especially when the data come
from various providers.

However, this approach has drawbacks as it assumes a single data collection
template (artifact) can support all data types and formats, which may be incorrect. It
also relies on algorithmic procedures, which may be prone to errors. These errors are
difficult to spot by novice employees when using the artifact.

It is essential to acknowledge that this approach also has benefits. First, data
brokers can reject data not submitted in the correct data collection template, avoiding
future checks. Second, spreadsheet formulas can detect data anomalies, allowing
providers to identify data quality issues earlier. This action can prevent data quality
issues from spreading and allows for a more consistent routinized style of data
evaluation (each time a data collection template is received). Third, this approach
empowers employees to identify data quality issues independently using domain-

specific software.

5.2 Check Supervisor Validation

This approach assumes that the data must be checked to ensure they are
‘correct’. It is part of a validation mechanism (Wiggins et al., 2011) performed by the
data provider. The supervisor is an employee who acts as the data provider’s ‘data
quality’ gatekeeper. This approach occurs when the data broker acquires data from a
data provider (who can be another data broker). The cycle of providing data repeats
until the desired ‘quality’ of data are obtained. This situation creates a chain of

brokers that introduces uncertainty, as the length of the chain and the time it takes to
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collect the data, cannot be pre-determined. Despite this, supervisor validation is
essential to legitimize the data being used.

As one employee (the government agency) comments, “We cross-check
whether the head has (already) checked (submitted documents) or not. The head
checks whether these (data) are appropriate or not. Then, we (can) continue the
process”. This statement indicates that the supervisor (as a senior manager) agrees
with the data. Hence, their approval is necessary to ensure data quality. There are
advantages and disadvantages to this approach.

We observe that this approach may lengthen the data management process. It
requires employees to send data for approval and wait for the supervisor to approve
it. This situation can cause delays in obtaining critical data if the supervisor is
unavailable. Additionally, this approach can introduce bias to the data quality. The
supervisor may ignore or shortcut the approval process if there is too much data to
approve.

The approach promotes clear data ownership for the data provider. It fosters
a culture of data responsibility (Vilminko-Heikkinen & Pekkola, 2019). Also, it
specifies that certain data should come from specific providers, avoiding legal
problems caused by versioning. Therefore, organizations can determine which data

version has been approved for distribution.

5.3 Check Data Accuracy

This approach assumes that the original data sources are internal to the
organization and not owned by external parties. For instance, if the data capture a
machine’s attributes, the machine must be present in the factory. If the stock is

reported in a warehouse, the stock should be present in the warehouse. Data brokers
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and providers can visit the site to compare the reported data with the observable
reality and directly access the sources for further investigation. Therefore, access to
the original data source(s) is necessary to check data accuracy.

Without this assumption, it would be challenging to conduct on-site visits. For
example, a plantation company employee states, “Are the farmers still (planting)
sugarcane in the field? Please do something if it’s not sugar cane (planted in the
field). However, if the farmers say they still want to partner with us, we must know in
which location. We must Check! Where? .

This approach has both advantages and disadvantages. Data accuracy means
that the data correctly represents the real world (NCES, 1997). However, it can lead
to additional costs due to checking multiple data sources or investing in technology.
For example, drone technology can check the ‘realities’ without visiting the site in
person. However, this solution requires a significant upfront investment, including
software licenses, hardware, and IT staff to manage the technology. Overall, this
approach is factual. It can result in more reliable data by capturing previously
unreported phenomena. Previous research has confirmed that data accuracy is a
crucial aspect of data quality (Nagle et al., 2020; Strong et al., 1997; Wang et al.,

1995).

5.4 Check Data Consistency

This approach assumes that multiple data sources are reliable and accessible
for comparison when checking data consistency. However, unlike data accuracy, data
consistency focuses on consistency across various sources, even if the data does not
represent the real world precisely. For example, one employee (the University) states,

“We contact (students) concerned. We let them know there is a difference between
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the ID card and their last diploma. So, we suggest to the student to look at the history.
We ask the student to check from their elementary school diploma to the most recent
one. Well, where are the mistakes?”.

Two approaches are used to check for data inconsistencies. The first involves
comparing the data with non-aggregated data from other sources. In contrast, the
second involves comparing the data with aggregate data from other sources.
Therefore, the data can be used if the data are consistent across multiple data sources.

This approach can lead to cognitive overload for employees due to data
inconsistencies, different formats, and the need to find credible artifacts (data
sources). However, the approach can also help find the best data by examining
multiple sources. Employees can filter unrelated data versions and assess the
importance of the data based on the data outputs and the priority of the data sources.
Therefore, data consistency refers to ensuring that “all clients can see the same data”
regardless of their location or access method (Rodger, 2011, p. 180). This approach
assesses if the data are consistent across multiple accessible sources, such as
spreadsheets and documents. Therefore, aligning with previous research, data

consistency is significant as a data quality attribute (Wang & Strong, 1996).

5.5 Check Data Completeness

This approach assumes that cells of blank data are unacceptable. It highlights
that each data attribute must hold a data value so that a data record can be considered
complete, not partial, in capturing the observable ‘reality’. For example, one
employee (the plantation company) states, “I’ll return the spreadsheet if it’s empty”.
This approach has several positives and negatives (aligned with its simplicity as an

approach).
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Checking for data completeness alone cannot explain why the data are
missing. Organizations must gather all the relevant data together to create a more
complete explanation, even though all columns are filled with specific values (not
empty). These columns may not always provide an accurate account. For example,
the reality captured by the data can change over time. Therefore, it is not accessible
(at a time in the future) for fact-checking and completing a data record.

Furthermore, checking for data completeness does not require checking other
sources or complex interpretations to identify data quality issues. It also reduces the
need for advanced statistical knowledge/techniques in detecting these issues, making
it useful when there is a high volume of data to check. Therefore, data completeness
refers to the extent to which we have “stable data to preserve the information we
need” (Johnston, 2014, p. 278). As suggested in previous research, organizations use
data completeness as a critical component of data quality assessment (Nagle et al.,

2020; Redman, 1998).

6 Conclusion

This study explores the role of a data broker (as an individual or a team) in
identifying data quality issues in organizations through the insights gained from five
field studies in Indonesia. Our analysis emphasizes the importance of identifying data
quality issues. It discusses the five “checking” approaches used by data brokers,
namely (checking): data templates, supervisor validation, data accuracy, data
consistency, and data completeness. This research supports data brokers by
visualizing their strategies for identifying data quality issues as a flow. This flow is

now discussed (see Figure 3).
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6.1 A Flow Diagram to Identify Data Quality Issues

Our flow diagram assumes several things. First, the data examined is a
snapshot of all operational data available. Second, the primary role of a data broker
is to identify data quality issues. Third, human subjectivity is used to determine the
‘quality’ of the data (Kooper et al., 2011). Fourth, a supervisor (within a data
provider) has sufficient knowledge and skills to assess data quality. Fifth, human
intervention is necessary to address specific data quality issues. Sixth, identifying
data quality issues is only relevant in the context of the ‘known’ intended use of the
data.

Furthermore, we posit that the flow must start with check data templates. This
“checking” approach sets the context and triggers all other approaches (as required)
in the flow (see Figure 3). All five approaches exist on a continuum, enabling data
brokers to identify the locus of the data quality issue(s) (seeing as data brokers
typically do not produce the data, this continuum is essential). Therefore, a data
broker may be unfamiliar with the data nuances and idiosyncrasies. For example, one
employee (the plantation company) states, “The loss in factory A is unreasonable. It
is too high compared to other factories. That’s when we go down for supervision (to
the field). We check the problem: wrong data entry, analysis, or something else.” By
identifying data quality issues through this continuum of “checking” approaches,

organizations can take curative measures to resolve the data quality issues.
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Figure 3. Identifying data quality issues: A data broker’s perspective
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Checking data accuracy, checking data consistency, and checking data
completeness are understood to be both individual- and team-centric activities. As a
flow, these approaches can also be recursive (see Figure 3), thereby producing
multiple interpretations of the data quality issue(s) (as more individuals become
involved in these “checking” approaches). This notion equates well to the idea that
datais a “feam sport” (Redman, 2023, p. 125). Furthermore, identifying data quality
issues does not ensure sustained data quality. First, the sources and phenomena may
become inaccessible over time, making it hard to benchmark current data with reality.
Second, the flow does not address problems in the original data sources, leading to
repeated mistakes and data quality issues in the future.

Identifying data quality issues stops if employees feel they have achieved
order, clarity, and rationality (Weick, 1995) against the data. Therefore, employees
can demand more or different information from other sources to achieve these. It
resolves any ambiguity and equivocality experienced by earlier identification flow.

Novice data brokers in an organization need training to understand data types
and ensure their order, clarity, and logic. This process takes time, and these novices
may misunderstand data and non-data quality issues. Experienced data brokers should
review and assist novices in developing the right mindset to prevent this situation.
One employee (the Hospital) states, “Yes, (we) must (continue to) train employees,
and it must be unified with the service. (After some time), this way of thinking becomes
a reflex”.

Through continuous training, data brokers can develop data maturity where
they deeply understand the data and its production process. For instance, an employee

from the furniture company states, “So I have to (repeatedly) look again and look
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again. It’s always. So, (1) understand. (I) have memorized them - because every day
I observe the data one by one”. This finding confirms previous research suggesting
that an employee’s work, training, and life experiences can contribute to a better

understanding of a phenomenon (cf. Weick et al., 2005).

6.2 Theoretical Contributions

We outline several contributions to data quality research. First, we challenge
the idea that addressing data quality issues must be preventive (e.g., before the data
are produced). We show that tackling data quality issues can also be curative (e.g.,
after the data are produced). This contribution can result in a new strand of research
in data governance structures, policies, and rules focused on curative measures.

Second, we outline five “checking” approaches for identifying data quality
issues. Each of these are mutually exclusive and exhaustive. Each approach can serve
as a theory for analyzing — Theory Type 1 (Gregor, 2006, p. 622). These approaches
can be utilized as a theoretical framework to analyze how organizations address data
quality issues such as completeness, accuracy, consistency, and availability.

Third, we connect these “checking” approaches as a flow and thereby reveal
the “evaluate data” process as a workaround-cfrodgerentric data activity (Wibisono
et al., 2020, 2022b, 2022a) (c.f. Wibisono et al., 2020, 2022b, 2022¢). Other data
activities (WCDA) can be combined to solve data quality issues, such as compiling,
transferring, retrieving, and storing data (Wibisono et al., 2022a). Therefore, we
argue that identifying data quality issues is part of the “evaluate data” process,

followed by “formulating data solutions.”
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Fourth, we address a call in the existing literature to unpack how data brokers
operate in practice (Janssen & Singh, 2022). By doing so, we can reveal data brokers’
governance mechanisms, which often tend to be non-transparent to other parties
(Janssen & Singh, 2022). As they are non-transparent, research shows that an
uncontrolled data broker can produce “hub-and-spoke cartels” (Wernick et al., 2020).
This situation leads to unintended abuse of collective dominance (Wernick et al.,
2020). Our research directly contributes to the literature by revealing how data
brokers operate in a specific context (e.g., identifying data quality issues).

Moreover, identifying data quality issues can be complex. We describe the
conditions that enable each “checking” approach, and the flow diagram serves as a
theory to explain, proposing a Theory Type 2 (Gregor, 2006, p. 624). This diagram
helps in theorizing on data consequences and their economic effects. This
theorization includes identifying and categorizing costs arising from data quality

issues.

6.3 Managerial Implications

We conceptualize the ‘flow’ to identify data quality issues. It is part of a more
extensive intertwined socio-technical system that comprises four components:
people, process, technology, and data (Alter, 2013). To prevent negative impacts on
the overall system, a data broker must intervene in all components of the socio-
technical system. This action is necessary because issues in one component can be
closely linked with issues in another (see Table 4).

While data quality issues are often the primary concern for organizations,
addressing them requires consideration of the processes and technologies used to

manage the data. For instance, a company with a robust data management system
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may still experience data quality issues if employees lack proper training. Likewise,
a skilled data analysis team may encounter data quality issues using outdated or
inadequate technology. Therefore, a comprehensive approach to addressing data
quality issues requires a holistic approach, which involves considering the socio-
technical system rather than focusing on one component (e.g., technology) in

isolation.
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Table 4. How to improve identifying data quality issues

No Approach Possible Issue Possible Solution
1 Data Templates A universal data artifact that can accommodate all types and Train employees to use the right artifact for data collection.
formats may not be possible. Procure necessary artifacts that can support the identification process.
2 Supervisor Validation Prolong the data management process. Recognize and reward supervisors who show a strong work ethic.
Set clear expectations of data and their process.
3 Supervisor Validation Delays in obtaining critical data - if the supervisor is unavailable.  Establish clear communication channels.
Create backup procedures when supervisors are not available.
4 Supervisor Validation Compromised data quality if the supervisor ignores or shortcuts Implement automated approval systems (if possible).
the approval process.
5 Data Accuracy Extra costs for checking multiple data sources. Prioritise data sources.
6 Data Consistency Cognitive overload for employees - due to data inconsistencies. Encourage employees to communicate when they find inconsistencies.
7 Data Consistency Cognitive overload for employees - due to different data formats.  Standardise data formats.
Provide tools for data transformation.
8 Data Consistency Cognitive overload for employees - due to the need to find Create a list of trusted sources.
credible artifacts. Provide training for employees.
9 Data Completeness Failure to explain why data are missing. Investigate the reasons for missing data.
10 Data Completeness Failure to provide an accurate account because reality can change Establish a process of continuous monitoring of data.

or become inaccessible.
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6.4 Limitation and Further Research

The current research has limitations that researchers should consider in future
studies. The research focuses on the perspective of a data broker. So, it may affect
the generalisability of the findings in non-brokering contexts. For example, a small
business owner who uses their data for decision-making and does not involve external
parties is an example of a context without a data broker. Another example could be a
researcher who collects and analyses data without involving other individuals or
organizations.

Secondly, this study fails to account for the impact of emotions and power
dynamics (Maitlis & Christianson, 2014) on identifying data quality issues. Future
research should consider these factors to improve data governance and mitigate
potential data quality issues. Also, developing a taxonomy of data quality issues and
their chain of action could help organizations identify the root cause of issues and the
actions necessary to prevent them.

Furthermore, a data broker’s diverse knowledge and skills, such as domain-
specific knowledge, statistical analysis, programming, and data visualization skills,
can significantly impact identifying data quality issues. Individuals with varied
expertise can bring different perspectives to identify potential issues in the data.
Future research should focus on strategies organizations can use to encourage
collaborative identification of data quality issues and ensure employees have the
necessary knowledge and skills.

A ‘solutions to data quality issues’ taxonomy can aid organizations in
developing effective strategies for resolving data quality issues. Therefore, future

research can examine the types of solutions used, their effectiveness, and common
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barriers to implementation. These research opportunities lead to a sustainable
framework for data issue identification, improving data quality, and governance
Initiatives.

Ultimately, effectively identifying data quality issues requires a mix of manual and
automated approaches. Although technology plays a part, it is not enough to detect
all data quality issues. Therefore, human involvement (e.g., data brokers) is crucial
to maintaining data quality over time. For example, data brokers are vital links
between data producers and consumers. They meticulously evaluate all avenues to
identify data quality issues. They communicate their findings and recommendations
to stakeholders. Moreover, failure to monitor data quality issues can cause
organizations to over-rely on automated processes or overlook critical issues that
require manual processes. By implementing a more hands-on approach, data brokers

help organizations stay ahead of data quality issues.
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