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Abstract: As organizations advance their digital transformation efforts, the strategic importance
of data quality becomes critical. Legal and security aspects, along with the economic value of
data, further emphasize the need for high-quality, reliable, and trustworthy datasets. In particular,
the effectiveness of artificial intelligence techniques heavily depends on the integrity of the
underlying data. However, organizations often lack structured methods to assess and improve
data quality in alignment with business goals. This paper addresses this gap by introducing
OKR4DQ), a methodology that leverages Objectives and Key Results (OKRs) to systematically
improve data quality. The approach combines quality assessments based on the ISO/IEC 25012
standard with the definition and implementation of OKRs targeting specific quality
characteristics requiring enhancement.

We present the full methodology and its application in a real-world case study, demonstrating
measurable improvements in data quality and offering practical insights into the challenges and
benefits of aligning data quality initiatives with business performance objectives.
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1 Introduction

The increasing adoption of technologies that support Open Data practices, Big Data
processing paradigms, and Business Intelligence (BI) systems has, in recent years,
elevated data to the status of the most valuable asset for companies thriving in the digital
era [Verdugo, 20]. Other technological advancements, such as the Internet of Things
(IoT) and Artificial Intelligence (Al), also depend heavily on the continuous generation
and availability of large volumes of data. This data, together with the design of
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groundbreaking algorithms and the increase in computing power, has led to impressive
progress in different areas and industries, such as self-driving cars, virtual assistants, or
the implementation of automated investment.

The importance of data quality in the digital age is a crucial issue that impacts all
sectors of society and the economy. Data is at the heart of decision-making, research,
strategic planning and innovation in businesses, government organizations and in our
daily lives. Therefore, data quality is essential to ensure that decisions are based on
accurate and reliable information.

Data quality refers, among others, to the accuracy, completeness, consistency and
timeliness of the information collected and stored. A poor-quality repository can lead
to erroneous decisions, lost business opportunities, compliance issues and lack of trust
from customers and partners. One of the many fields where data quality is critical is the
healthcare sector. Medical data errors can have serious consequences, from
misdiagnosis to inappropriate treatment. For example, a widely cited 2016 study by
Makary and Daniel, published in the Journal of Patient Safety, estimated that medical
errors are the third leading cause of death in the United States, surpassing respiratory
diseases [Makary, 16]. While the study does not focus solely on data issues, several
analyses have pointed out that a significant portion of these errors can be attributed to
inaccurate or poorly managed patient data.

To provide an overview of the status of the matter, in 2010, according to [ Verdugo,
20], it was estimated that the volume of business data generated by companies will
double approximately every 1.2 years. Currently, we can see that the amount of data in
2010 was 2 zettabytes and in 2023 it has risen to 120 zettabytes [Cukier, 10].

This growth and the importance that data has taken leads us to consider its
importance related to the software process and the need to ensure quality in each phase
of the process. However, data quality can be difficult to achieve, with problems such as
data input errors, incomplete data, and inconsistent data across different channels.

In business, data quality is critical to efficient supply chain management,
personalization of the customer experience and informed decision making. A study by
Experian Data Quality [Experian, 23] found that 84% of companies consider data
quality an important factor in achieving their strategic objectives. The data has become
essential in those organizations that are transforming digitally and becoming data
centric to provide an exceptional service to their stakeholders and to offer them the
possibility to make the best decisions [Taylor, 22].

In addition, data quality is essential to the success of artificial intelligence and
machine learning, as these systems rely on large amounts of data to train models and
make automated decisions. Poor quality data can lead to inaccurate predictions and
unwanted biases in the results.

In short, data quality is an invaluable asset in the digital age. It ensures the
reliability of information, supports effective decision-making and promotes
innovation in a variety of fields. Investing in improving data quality is essential for
success and competitiveness in an increasingly information-driven world. To address
these challenges, Objectives and Key Results (OKR) can be applied. OKRs are a goal
management methodology that helps companies establish specific and measurable
objectives and define key results to achieve them [Aiken, 17]. OKRs, although they
emerged some time ago, can currently be applied as a useful tool to improve business
decisions.
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In this article, we hypothesize the benefit of measuring and setting objectives,
applying OKRs, to improve data quality, thus improving business performance. In
addition, we examine the challenges and considerations of implementing OKRs in the
context of data quality, such as data governance and organizational culture. We also
define a process and offer practical examples and reflections. This work aims to
explore the potential of using OKRs to improve data quality. While OKRs have been
extensively used in strategy execution and performance management, their
application in the context of data quality remains underexplored. The following
section reviews existing literature to assess the current state of research on this topic
and to identify the gap that motivates the development of our proposed methodology.

2 Related Work

To position our study within the existing literature, we first review prior work on
Objectives and Key Results (OKRs) and data quality management.

2.1  The use of OKRs for quality improvement

Objectives and Key Results (OKRs) constitute a strategic goal-setting framework
originally developed by Andy Grove [Grove, 83] at Intel in the 1970s and later
popularized by Google in the late 1990s [Doerr, 18]). Since then, OKRs have become
one of the most widely adopted performance management approaches, particularly in
agile and results-driven environments [Niven, 16]. At their core, OKRs are structured
around two complementary elements: Objectives, which are qualitative, aspirational
statements that define the intended direction, and Key Results, which are quantitative,
measurable outcomes that indicate progress toward achieving the objective.

The distinctive characteristics of OKRs include: (i) their ability to promote
organizational alignment; (ii) transparency, as OKRs are generally visible across the
organization; (iii) an emphasis on measurement and accountability; and (iv) their
iterative nature, which supports continuous improvement. Compared with traditional
Key Performance Indicators (KPIs), which primarily serve as static measures of
performance, OKRs provide a dynamic mechanism for mobilizing organizational
change and adaptation.

Recent research has further examined the adoption and challenges of OKRs in
different organizational contexts. Troian [Troian, 22]) conducted a systematic literature
review that identifies OKRs as a results-focused management model increasingly
applied across industries, while also highlighting the need for contextual adaptations.
Similarly, Butler [Butler, 23]) analyzed the use of OKRs in software engineering teams,
reporting benefits in terms of alignment and transparency as well as challenges in
defining measurable results. These studies confirm the growing relevance of OKRs and
the importance of tailoring their implementation to specific domains, which further
motivates our proposal to adapt them to the field of data quality improvement.

In the context of quality improvement, OKRs can be applied by formulating clear
objectives (e.g., “Improve product quality and customer satisfaction”) and defining
measurable key results such as reducing defect rates, increasing customer satisfaction
scores, or achieving compliance with industry-specific standards. Regular monitoring,
alignment across teams, and iterative review processes ensure that quality initiatives
remain on track and foster a culture of accountability and continuous improvement.
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When applied to data quality, the iterative cycle inherent in OKRs becomes especially
relevant: each iteration enables organizations to assess progress, identify persistent
deficiencies, and redefine objectives and key results accordingly, thereby creating a
continuous loop of evaluation and improvement.

Previous studies have reported the use of OKRs in managing software quality
requirements [Doerr, 18], improving organizational performance [Wibawa, 21]),
enhancing teaching quality in education [Sowkasem, 21], and aligning IT departments
toward quality objectives [Mangipudi, 21]. However, despite these positive
experiences, existing applications are fragmented and do not provide a structured
integration of OKRs with recognized data quality frameworks or standards.

To address this gap, the present work proposes an adaptation of the OKR
methodology specifically to the context of data quality improvement. In our approach,
Objectives are defined based on deficiencies identified through formal quality
assessment (e.g., ISO/IEC 25012, ISO/IEC 25024, DAMA-DMBOK). Key Results
correspond to measurable quality metrics (e.g., reduce duplicate records to <5%,
increase completeness by 15%). The cadence of tracking is aligned with data
governance cycles, not just quarterly reviews. Organizational alignment links technical
teams and business units, while iteration and learning are emphasized for continuous
improvement. This iterative perspective allows successive cycles of OKRs to build on
each other: in one iteration, initial goals and results are set; in the following iteration,
improvements are evaluated and new, more ambitious targets are defined. The novelty
of our proposal lies not in the use of OKRs per se, but in their structured integration
with established data quality frameworks and standards, creating a replicable
methodology. To the best of our knowledge, no previous work has provided such a
validated methodology in this domain.

2.2 Data quality evaluation and improvement

The perception of data as an asset involves that organizations must commit firmly to
the idea of data quality since the better their data is, the larger are the benefits they can
obtain from using it [Fleckenstein, 18], [Mahanti, 19] it can be stated that data with
adequate levels of quality can enable new ways to innovate in business in an
increasingly competitive market [Sherman, 14].

Olson [Olson, 03], and more recently, Redman [Redman, 16] demonstrated the
connection between poor data quality — Redman reported losses around 3,1 billions of
USD dollars in American companies due to poor data quality-, and the increase in cost
and complexity in the development of systems [Ballou, 89]. In a similar vein,
[Friedman, 11], [Redman, 98], [Redman, 08], and [Laney, 17] found that there are
strong relationships between low data quality and some organizational concerns:

*  Poor data quality is a primary reason why 40% of all business initiatives fail
to achieve their target profit.

*  Data quality affects overall labour productivity by as much as 20%.

* Asmore business processes become automated, data quality shows itself to be
the limiting factor for overall process quality.
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Bearing in mind all that has been pointed out above, it is clear that organizations
should invest adequate resources in the deployment of mechanisms that help to ensure
the reliability of the data; that is, data that has the appropriate level of quality for its
present and future use [Ladley, 12]. Establishing these mechanisms to ensure and
control the quality of data is a task that must be planned with sufficient time in advance,
and it needs to be carried out with clear objectives and in conformity with the
organization’s strategy, so that suitably skilled human resources, along with material
and financial resources are allocated [Redman, 97], [Loshin, 13].

To assure and work with data quality, a large number of models, frameworks and
standards have been developed in recent years. Within these proposals, two dimensions
can be distinguished. On the one hand, the work related to the quality of processes for
data governance, management and quality, among which the following can be
highlighted: DMM, DAMA [DAMA, 17], ISO 8000 [ISO, 16], MAMD [Caballero, 23]
and more recently the UNE technical specifications [UNE, 23]. All these proposals,
with their similarities and differences, are based on the premise that companies that
have quality processes for working with their data will have quality assets from which
to make decisions.

Several methodologies have also emerged to operationalize data quality evaluation
based on established standards. Notably, Guerra- Garcia [Guerra-Garcia, 23] proposed
a structured methodology grounded in ISO/IEC 25012 to define and manage data
quality requirements throughout the software development lifecycle, with the goal of
achieving “Data Quality by Design”. Their approach emphasizes early integration of
DQ into system requirements and development activities. While these contributions
address data quality from a design-time perspective, our work focuses on post-
deployment improvement, combining ISO/IEC 25012-based evaluation with strategic
alignment mechanisms via OKRs. Thus, the proposed methodology complements
existing approaches by providing a structured framework for defining and tracking
improvement goals once data quality issues have been identified in existing systems.

On the other hand, there is the dimension of the quality of the data product itself,
i.e. the quality of the data that is stored in a particular repository. In this article we will
focus on this dimension of data quality.

Considering our experience in the field of industrial assessment and certification
of software and data quality [ Verdugo, 24], as defined in [Gualo, 21], three fundamental
elements are necessary to be able to evaluate the quality of the data in a repository: a
quality model with the quality characteristics to be evaluated, an evaluation process
with the activities to be followed to carry out the evaluation and a tool that supports the
measurement and evaluation process in a way that is as automated and repeatable as
possible. For each of these elements, the AQCLab laboratory (first accredited for data
quality assessments) developed an environment consisting of:

e A data quality model based on ISO/IEC 25012 [ISO/IEC, 08] and ISO/IEC
25024 [ISO/IEC, 15], which includes the data quality characteristics (Figure
1), as well as the underlying properties, measures and thresholds.

e A data quality evaluation and certification process based on ISO/IEC 25040
[ISO/IEC, 11] which defines the activities, tasks, inputs, outputs and roles
necessary to carry out a data quality evaluation.
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e A semi-automatic environment for data quality evaluation based on query
tools and in-house software that generate evaluation results in accordance with
the defined model and measures.
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Figure 1: AQCLab Data Quality Model [Gualo, 21]

Furthermore, in order to evaluate the data stored in a repository and determine its
quality, it is first necessary to identify the data quality requirements, also known as
business rules, that the data must meet. To do this, there are models and methodologies
such as the one described in BR4DQ [Caballero, 22], which presents a set of activities
necessary to identify, define, and validate the quality requirements that the data must
meet in order to be valid and useful for the business.

Once the quality rules that the data must meet have been defined together with the
business people, these rules are converted into queries, using the specific language
needed to work with the data repository where they are stored. By executing these
queries, it is possible to know the amount of data that does not comply with the defined
quality rules and, using the quality model defined in [Gualo, 21], it is possible to obtain
the quality value of the data repository. In this case, two situations may broadly occur:

1. The data meets the necessary quality levels, i.e., the proportion of data that does
not comply according to the evaluation and certification model defined in [Gualo, 21]
is minimal and therefore the quality of the repository can be certified.

2. The data does not meet the required quality level, i.e., the proportion of data that
fails to comply with the defined quality rules exceeds the permitted thresholds and
therefore a data cleansing process is necessary. To do this, depending on which rules
have been breached (unnecessary data redundancy, completeness issues, outdated data,
etc.), the organization that owns the data must identify each of the cases detected and
determine the best way to resolve the breach. To this end, over the years, cleaning,



Gutierrez G., Rodriguez M., Garzas J., Piattini M.: OKR4DQ: A Case of ... 901

elimination, standardization, normalization, or enrichment processes have been used to
correct or improve data quality.

Beyond the detection of data quality problems, the literature on data cleaning
focuses on methods and systems aimed at repairing data so that datasets comply with
defined quality requirements and constraints. The foundational literature on data
cleaning begins with the synthesis of problems and approaches by [Rahm, 00] and
evolves toward interactive data transformation and cleaning systems such as [Raman,
01]. In parallel, a highly influential line of work formalizes data cleaning and repair
based on constraints (e.g., dependencies), highlighting Conditional Functional
Dependencies for the detection of inconsistencies and for guiding repair actions
[Bohannon, 07], together with cost models to handle inconsistencies through value
modifications [Bohannon, 05]. A modern and widely cited overview of the field—
covering detection taxonomies, qualitative repairing, scalability challenges, and
emerging interfaces—is presented in the tutorial by [Chu, 16].

In data repair in the strict sense (i.e., restoring consistency under well-defined
semantics), the database repairing and consistent query answering (CQA) frameworks
are fundamental. These are systematized in the monograph by [Bertossi, 11] and in his
survey of CQA [Bertossi, 06], with a historical review and recent research directions
discussed in [Bertossi, 19]. Finally, automatic and semi-automatic repair approaches
have increasingly incorporated interaction and learning: Guided Data Repair integrates
user feedback to prioritize updates [ Yakout, 11]; SCAREd models repairs as likelihood
maximization under bounded changes [Yakout, 13]; HoloClean proposes holistic
repairs by combining constraints, external signals, and statistical reasoning through
probabilistic inference [Rekatsinas, 17]; and ActiveClean links data cleaning and
learning by prioritizing cleaning actions based on their impact on machine learning
models [Krishnan, 16].

2.3 Comparison with Existing Data Quality Improvement Approaches

Several existing methodologies have been developed to address data quality
improvement, ranging from rule-based frameworks such as BR4DQ (Business Rules
for Data Quality) [Caballero, 22], which focuses on defining and validating business
rules for data, to technical approaches like data cleansing, enrichment, standardization,
and data profiling. These methods typically emphasize correction and validation
activities, often relying on technical tools to detect and fix data anomalies.

However, these approaches generally lack a systematic mechanism for aligning
improvement efforts with organizational strategy, and they do not provide structured
follow-up on whether improvements are progressing toward specific business goals. In
contrast, OKR4DQ introduces a novel perspective by integrating the ISO/IEC 25012-
based quality assessment with the OKR (Objectives and Key Results) methodology.
This enables organizations not only to identify which data quality characteristics are
deficient, but also to define clear, measurable, and business-aligned objectives for
improvement, with periodic tracking and organizational visibility.

Unlike rule-based or tool-specific methodologies, OKR4DQ positions data quality
improvement as a continuous, goal-driven process, fostering alignment across
departments and encouraging accountability and transparency. To our knowledge, no
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previous proposal has combined a recognized data quality standard with a strategic
management framework in this way.

Aspect Traditional DQ ImprovementOKR4DQ (Proposed

P (e.g., Cleansing, BR4DQ)) Approach)

. Data correction, rulelStrategic alignment and goal-
Primary Focus . .

enforcement driven improvement
[Underlying IAd hoc or BR4DQ (rules); somel[SO/IEC 25012-based quality|
Standard use of ISO standards model
Improvement Technical in‘[erventionsOKRs .df.:ﬁned per ].)Q
. . . characteristic to guide
Mechanism (cleansing, standardization) )
improvement

Business . - Central: OKRs align with

. [Indirect or limited S
|Alignment organizational strategy
Measurement and Key Results tracked regularly
Tracking Often tool-based or manual using OKR framework
Organizational Typically confined to dataTransparent across departments
Visibility teams land stakeholders
Adaptablhty OVelly. tic unless manually revised [terative and flexible; objectives
time evolve as needed
|Accountability and| - Explicit through OKRs and

. Implicit or unclear -

Ownership team responsibilities
Use CaselReactive, focused on existinglProactive, enables continuous
Orientation data problems improvement cycle

Table 1: Comparision between methodologies for Data Quality

3 Description of OKR4DQ: Methodology for applying OKR to
Data Quality

The OKR4DQ methodology is designed to support continuous data quality
improvement by integrating quality assessment standards with strategic goal-setting
practices. It combines the evaluation model defined by ISO/IEC 25012 with the OKRs
framework to create an iterative process that identifies, prioritizes, and addresses data
quality deficiencies through measurable and business-aligned improvement goals. This
section details the six-step process that structures the methodology, ensuring that
improvements are tracked, evaluated, and adjusted over time. Each step builds upon the
previous, enabling organizations to replicate the approach systematically and adapt it
to various domains.

The process for iteratively improving data quality, encompassing six key steps:

1. Scope definition and dataset selection: The first step involves defining the
scope of the quality improvement effort by identifying the target dataset or
repository. This selection is informed by business priorities or previously
observed data quality issues. The purpose is not to discover data to analyze,
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but to focus the improvement effort on a dataset whose quality is critical for
operational, analytical, or strategic purposes.

First Data evaluation Following the selection process, an initial evaluation of
the chosen data sets is conducted to establish a baseline understanding of their
quality. This evaluation serves as a crucial benchmark, providing insight into
the current state of data integrity, completeness, and accuracy. The quality
evaluation is based on the ISO/IEC 25012 data quality model, which defines
fifteen quality characteristics, including completeness, accuracy, consistency,
and timeliness, among others. The measurements used in this methodology
follow the ISO/IEC 25024 standard for data quality measurement, and results
are recorded to establish a baseline for comparison in future iterations.

First study of the results. Upon completing the initial data evaluation, the
obtained results are meticulously analyzed and summarized. This analysis
involves identifying areas of strength as well as pinpointing potential
weaknesses or deficiencies in the data. Through collaborative discussions,
stakeholders deliberate on possible avenues for improvement.

Definition and implementation of OKRs: Building upon the insights gleaned
from the initial evaluation and discussions, based on the deficiencies identified
in the previous steps, specific OKRs are defined following the Doerr’s
methodology [Doerr, 18] to target improvement of selected data quality
characteristics (e.g., reduce null values in key fields by 50% within Q3). Each
OKR links a clear objective with 2—4 measurable key results, following the
SMART criteria (Specific, Measurable, Achievable, Relevant, Time-bound).
These OKRs are then implemented at the relevant organizational level, with
assigned responsibilities, timelines, and tracking mechanisms. These OKRs
serve as actionable goals, outlining specific objectives and measurable
outcomes aimed at enhancing data quality. Once defined, the OKRs are
implemented across the organization, guiding targeted efforts to improve data
integrity and reliability.

Second data evaluation: After the implementation of OKRs, a second round
of data evaluation is conducted using the same criteria as the initial
assessment. This iterative approach allows organizations to assess the impact
of the implemented OKRs on data quality. By comparing the results of the
second evaluation to the baseline established in the first iteration,
organizations can gauge the effectiveness of their improvement efforts.

Analysis of the results: Finally, the results of the second data evaluation are
thoroughly analyzed and interpreted. Any observed improvements in data
quality are summarized and presented, highlighting areas of progress and
success. Additionally, stakeholders engage in in-depth discussions to identify
lessons learned, potential challenges, and opportunities for further
enhancement. Importantly, the workflow is designed to be iterative rather than
linear. Steps such as defining OKRs, implementing them, and conducting
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evaluations (Steps 4—6) are executed periodically or whenever relevant
changes occur in the underlying data. This ensures that the process remains
responsive and continuously aligned with evolving data conditions and
organizational needs. Through this continuous feedback loop, organizations
can refine their data quality improvement strategies, respond promptly to new
challenges, and drive ongoing improvements over time. In essence, this
structured and iterative approach provides organizations with a systematic
framework for enhancing data quality. By leveraging data-driven insights,
setting clear objectives, and implementing targeted interventions,
organizations can foster a culture of data excellence and unlock the full
potential of their data assets. Figure 2.1 and 2.2 illustrates the process.

The methodology is intended to be replicable across organizations and domains,
provided that quality measurements can be operationalized, and improvement targets
can be defined. For this reason, each step includes clearly defined roles (e.g., data
stewards, analysts, business owners), required inputs (e.g., repository metadata, quality
metrics), and expected outputs (e.g., OKR definitions, evaluation reports). A detailed
template for the evaluation and OKR definition process is presented in the case study
section.

First iteration

First study of

Selection of the results

Data evaluation

data

« Objective: Improve data
quality in relevant
repositories.

« Task: Select repository and
dataset based on value or
identified concerns.

* Results: Chosen repository
and dataset, with
justification documented

« Objective:Establish the baseline
of data quality.

« Task: Perform an initial
evaluation of the current level
of data quality

+ Results: Starting point for data
quality improvement clearly
determined

« Objective: Identify and
prioritize data quality
improvements.

« Task: Summarize results
obtained and discuss
possible improvements.

* Results: Report of proposed
improvements based on
evaluation outcomes

Figure 2.1: Process for iteratively improving data quality, encompassing the three

4

Definition an
implementation
of OKRs

« Objective:Guide data quality
improvement through OKRs.

« Task: Define OKRs based on
previous results, implement
them, and collect outcome
data.

« Results: Set of implemented
OKRs with documented results
from their execution.

firsts’ steps

5

Second data
evaluation

« Objective:Assess the impact of
implemented OKRs on data
quality.

+ Task:Conduct a second evaluation
using the same criteria as the
first assessment

+ Results: Measured improvements
in data quality and comparison
with the initial baseline

6

Study of the
results

+ Objective: Refine the data
quality improvement process
o Task: Summarize the results
of the second evaluation and
discuss further
improvements.
Results: Updated set of
improvement actions for the
next OKR cycle.

Figure 2.2: Process for iteratively improving data quality, encompassing the three

last step
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4 Case of Study

This case study was conducted in the context of evaluating data quality in a repository
derived from industry surveys about professionals' experience with scaled agile
frameworks. The case focuses on evaluating and improving five key ISO/IEC 25012
characteristics (Accuracy, Completeness, Consistency, Credibility, Timeliness)
through the OKR4DQ methodology.

The design of the study follows the guidelines provided for case study research in
[Yin, 09]. We followed the case study protocol according to [Brereton, 08]. Robson
[Robson, 02], Yin [Yin, 09] and Benbasat [Benbasat, 87] provide definitions of case
study research. Among them they state that a case study can be applied as a comparative
research strategy, comparing the results of using one method or some form of
manipulation with the results of using another approach. [Wohlin, 12] also states that it
is used to avoid bias and ensure internal validity, and that it is necessary to create a
solid basis for evaluating the results of the case study. Furthermore, in (Kitchenham,
95] propose three ways of organizing the study to facilitate the study.

This study aimed at answering the following research questions:

RQ1: The introduction and adoption of Objectives and Key Results (OKR) may have a
positive impact on enhancing data quality, as compared to scenarios where OKRs are
not employed.

RQ2: Aligning organizational objectives with measurable results can potentially
contribute to improved data integrity and reliability.

4.1 First Iteration

The first iteration of the OKR4DQ methodology begins with the selection and
evaluation of the dataset to be analyzed. The selected dataset consists of structured
survey responses collected from 149 professionals and managers in the software
development sector. The survey focuses on assessing their knowledge, experience, and
adoption of scaled agile frameworks and best practices.

A stable copy of the production database was used to ensure data consistency
throughout the evaluation process. This dataset was chosen due to its strategic relevance
for understanding the maturity and adoption of agile practices in the industry, and
because previous exploratory analyses indicated potential data quality issues.

Data Quality Evaluation — First Iteration

The data quality evaluation followed the ISO/IEC 25012 standard, focusing on five key
characteristics: Accuracy, Completeness, Consistency, Credibility, and Timeliness. For
each characteristic, a set of quality properties (e.g., Syntactic Accuracy, Record
Completeness, Referential Integrity) was assessed using guidelines and measurement
rules derived from ISO/IEC 25024.
The evaluation process consisted of the following structured steps:

*  Definition of Purpose: Clarify the goals of the data evaluation and determine

the relevant data product quality requirements.
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*  Specification of Evaluation: Select the quality measures, define decision
criteria for each measure, and establish overall thresholds for quality
assessment.

*  Design of Evaluation Activities: Plan the sequence of tasks, roles, and tools
required to perform the assessment.

*  Execution: Apply measurement queries to the dataset to obtain values for each
property, calculate quality scores, and identify strengths and weaknesses.

*  Reporting and Review: Generate a summary report including quality scores
and suggested improvement areas, and review findings with data owners.

Scoring Methodology

Each quality characteristic was scored on a 1-to-5 scale, where:

1 = very poor quality,

5 = excellent quality.

The scores were derived from measurable indicators using predefined thresholds. For
example:

Accuracy: measured by the percentage of syntactically and semantically valid values.
1: <60%, 2: 60-70%, 3: 70-85%, 4: 85-95%, 5: >95%

Completeness: measured by the percentage of non-null values in critical fields.

1: <50%, 2: 50-65%, ..., 5: 295%

Thresholds for all characteristics were defined jointly by the research team and domain
experts from the organization, using industry benchmarks and internal business
requirements. This quantification process ensured that results are replicable,
comparable across iterations, and interpretable for quality improvement actions.

Result of the evaluation

The results obtained in the data quality assessment for the survey database are presented
below. The analysis begins with general quality characteristics (as defined in ISO/IEC
25012) and is then expanded into more specific quality properties. Each characteristic
is assessed on a 1-to-5 scale, where 1 represents poor quality and 5 represents excellent
quality, based on quantitative thresholds derived from predefined metrics (e.g., % of
null values, rule violations).
The scores obtained for each characteristic in the first evaluation were:

e Accuracy (EXAC): 1

e Completeness (COMP): 2

e  Consistency (CONS): 2

e  Credibility (CRED): 2

e Timeliness (ACT): 2
These results are visualized in Figure 3, which shows a radar chart of the evaluated
characteristics. The acronyms used in the figure represent the following dimensions of
data quality:
EXAC = Accuracy: Degree to which data correctly represents the real-world values it
is intended to model.
COMP = Completeness: Extent to which required data is present in the dataset (e.g., no
missing values in critical fields).
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CONS = Consistency: Absence of contradictions within the dataset (e.g., coherent
formatting, no duplicate identifiers).

CRED = Credibility: Degree to which data is regarded as trustworthy and believable.
ACT = Timeliness: Degree to which data is up-to-date and available when needed.

As shown, Accuracy was the most critical issue, scoring the lowest, while the other four
characteristics also showed significant room for improvement. These findings guided
the definition of OKRs in the subsequent iteration, aiming to address the specific
weaknesses identified in this baseline assessment.

ACT = COMP

CRED" “CONS

Figure 3: Radar chart of pre-OKR evaluation results for ISO/IEC 25012
characteristics: EXAC = Accuracy, COMP = Completeness, CONS = Consistency,
CRED = Credibility, ACT = Timeliness. Values range from 1 (low quality) to 5 (high

quality)

The detailed data quality evaluation includes a set of quality properties derived from
the ISO/IEC 25024 measurement framework, corresponding to the five main ISO/IEC
25012 characteristics assessed previously. Each property was measured using specific
rules and thresholds, and results are presented as percentages ranging from 0% (very
poor quality) to 100% (excellent quality).

Figure 4 displays a bar chart summarizing the results obtained for each property.
The acronyms used in the figure represent the following data quality properties:

EXAC SINT = Syntactic Accuracy: Compliance of values with the defined syntactic
format (e.g., date format, decimal notation).

RAN EXAC = Range Accuracy: Proportion of values within the expected domain
(e.g., valid score ranges).

EXAC SEMAN = Semantic Accuracy: Degree to which values are semantically valid
in their business context.
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COMP_REG = Record Completeness: Presence of values in required fields for each
record.

COMP_FICH = File Completeness: Compliance with expected number of records per
entity.

COMP_VAL ESP = Expected Value Completeness: Presence of expected distinct
values within categorical fields.

FAL COMP FICH = False File Completeness: Detection of duplicate or invalid
records based on entity-specific rules.

INT REF = Referential Integrity: Validity of foreign key references across entities.
RIES INCO = Inconsistency Risk: Presence or absence of duplicate or conflicting
records.

CONS_SEMAN = Semantic Consistency: Coherence between related attribute values
(e.g., job title matching department).

CONS_FORM = Format Consistency: Uniformity in format across fields with the same
data type or function.

CRED FUEN = Source Credibility: Trustworthiness of the data source (e.g., verified
origin).

CRED VAL DAT = Data Value Credibility: Validity of attribute values based on
known reliable patterns or sources.

FREC ACT = Update Frequency: Timeliness of data updates based on expected refresh
cycles.

CONV_ACT = Update Convenience: Suitability of update processes for practical use
(e.g., maintaining most recent valid record).

As seen in the figure 4, properties such as File Completeness, Expected Value
Completeness, Referential Integrity, Semantic Consistency, and Source Credibility
achieved high scores, indicating strong reliability in those dimensions. However, others
such as Syntactic Accuracy, Range Accuracy, Semantic Accuracy, and Update
Convenience revealed significant weaknesses.

These weaknesses included missing syntactic validation rules, values falling
outside expected ranges, semantic mismatches, and issues with survey participants
being able to submit multiple conflicting responses. Such findings served as the basis
for defining targeted OKRs in the second iteration, with the aim of improving these
specific areas of the dataset.
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Characteristic
120

100

Figure 4: Bar chart of quality scores by property. Acronyms represent detailed
properties defined in ISO/IEC 25024. Scores are shown as percentages from 0 to

100%.

4.2 Second Iteration

Definition and Implementation of OKRs

Following the initial data quality evaluation, a set of Objectives and Key Results
(OKRs) was defined collaboratively by the research team and the data owners—
specifically, a group of managers responsible for the survey repository. These OKRs
were intended to guide targeted improvements in those ISO/IEC 25012 data quality
characteristics that had received low scores in the first iteration (e.g., Accuracy,
Completeness, Consistency, Credibility, Timeliness).

The formulation of OKRs followed the methodology proposed by [Doerr, 18],
where each OKR is composed of a qualitative objective and one or more quantitative
key results. To adapt the OKR framework to the domain of data quality improvement,
we aligned each objective with a specific characteristic of data quality, and defined key
results based on the same metrics and measurement techniques used during the initial
assessment (e.g., % of null values, referential integrity rate, syntactic format
compliance).

Formulation Process

The definition of each OKR followed a structured two-part process: first, defining the
Objective, and second, specifying the corresponding Key Results.

Objective (O): A high-level, qualitative goal describing the intended improvement to a
specific DQ characteristic. Objectives were required to:

e Be aligned with overall data governance priorities.

e Be clear and actionable.
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e Represent a meaningful and challenging improvement.
Key Results (KR): Quantitative indicators of progress toward the objective. Each KR
was required to:
e Be based on a clear metric (e.g., percentage of valid entries, number
of duplicate records).
e Include a specific target value and timeframe.
e Enable objective verification of achievement.

For instance, for the characteristic of completeness, an OKR might be:
Objective: Ensure the completeness of critical survey responses.
Key Result: Reduce the number of incomplete records by at least 50% within
one month.

Implementation Strategy

Once defined, the OKRs were incorporated into the organization’s data governance and
quality assurance workflows. The implementation involved the establishment of clear
operational rules for how OKRs would be monitored and validated. These included:

e  Assigning ownership of each objective to a responsible team.

e  Establishing time-bound goals and tracking mechanisms.

e  Ensuring alignment between OKRs and broader business needs.

To evaluate effectiveness, a second survey was conducted to a 149 professionals and
managers in the software development sector, identical in structure to the first, and the
same data quality evaluation process was applied to the new dataset. The follow-up
assessment allowed us to directly compare pre- and post-intervention quality scores and
determine the degree to which OKRs led to measurable improvements.

Examples of Data Quality OKRs

To illustrate the application of the methodology, the following examples show how
OKRs were designed for each of the five ISO/IEC 25012 characteristics:

Accuracy (EXAC)
Objective: Improve the accuracy of survey respondent contact data.
Key Result: Increase the syntactic and semantic accuracy rate from 60% to at
least 90%.
Completeness (COMP)
Objective: Ensure completeness of mandatory survey fields.
Key Result: Achieve 95% completion rate across all critical fields.

Consistency (CONS)
Objective: Eliminate inconsistencies between related data entries.
Key Result: Reduce inter-record inconsistencies to zero.

Credibility (CRED)
Objective: Enhance the credibility of respondent-reported values.
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Key Result: Verify 90% of responses using cross-validation rules or external
sources.

Timeliness (ACT)
Objective: Improve update frequency and recency of the data.
Key Result: Ensure data updates occur within one week of collection in 100%
of cases.

Second data quality evaluation

Following the definition and implementation of OKRs, a new round of data collection
was conducted using the same survey instrument as in the first iteration. The aim was
to evaluate whether the application of OKRs had a measurable impact on improving
the quality of the survey data.

The data quality assessment was repeated using the same methodology and
measurement framework as in the first evaluation. This ensured comparability and
consistency across iterations. As before, the assessment was based on five key
characteristics defined in ISO/IEC 25012: Accuracy (EXAC), Completeness (COMP),
Consistency (CONS), Credibility (CRED), and Timeliness (ACT).

The results obtained in this second evaluation show a clear improvement across all
five characteristics. The radar chart in Figure 5 illustrates the post-OKR scores across
these characteristics. As shown in the chart, all characteristics showed notable
improvement, with Completeness, Consistency, and Credibility reaching the maximum
score of 5. These results suggest that the OKRs effectively targeted the deficiencies
observed in the first iteration and that the actions derived from them led to tangible
improvements in the quality of the dataset.

OMP

Figure 5: Radar chart of post-OKR evaluation results for ISO/IEC 25012
characteristics: EXAC = Accuracy, COMP = Completeness, CONS = Consistency,
CRED = Credibility, ACT = Timeliness. Values range from 1 (low quality) to 5 (high

quality).
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Detailed Property Evaluation

To complement the global analysis of characteristics, a property-level evaluation was
also conducted. This finer-grained assessment includes specific data quality properties
aligned with ISO/IEC 25024, such as Syntactic Accuracy, Record Completeness,
Referential Integrity, and others.

Figure 6 presents the scores for each property, measured as percentages of
compliance or correctness. The following properties achieved high-quality values
(close to or at 100%):

e Syntactic Accuracy (EXAC_SINT): Valid syntactic formatting across fields

e Semantic Accuracy (EXAC_SEMAN): Semantic correctness of values within
their context

e Record Completeness (COMP_REG): Absence of null values in required
fields

e File Completeness (COMP_FICH): Correct number of records per entity

e Expected Value Completeness (COMP_VAL ESP): Inclusion of expected
distinct values

e False File Completeness (FAL COMP_FICH): Absence of duplicate or
redundant entries

e Referential Integrity (INT REF): Valid foreign key relationships

e Format Consistency (CONS _FORM): Consistent formatting across similar
fields

e Semantic Consistency (CONS SEMAN): Coherence among logically related
attributes

e Inconsistency Risk (RIES INCO): Low risk of contradictions or duplicates

e  Source Credibility (CRED_FUEN): Trustworthiness of the data source

e Data Value Credibility (CRED VAL DAT): Reasonable and verifiable
values

e Update Frequency (FREC ACT): Timeliness of data updates

e Update Convenience (CONV_ACT): Practical adequacy of the update
mechanism
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Figure 6: Bar chart of quality scores by property. Acronyms represent detailed
properties defined in ISO/IEC 25024. Scores are shown as percentages from 0 to

100%.

These results demonstrate that the OKR4DQ methodology effectively enabled targeted
and measurable improvements in data quality, confirming its value as a structured
framework for continuous improvement based on standards and business alignment.

4.3 Analysis of the results

In order to do a comparative analysis, Figures 7 and 8 present scatter plots displaying
the evolution of scores for each characteristic and property. Each pair of points shows
the first and second evaluation values side by side. In all cases, upward trends were

observed, confirming the positive effect of the OKR4DQ methodology.

Comparison of Results of Evaluations by Characteristic
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Figure 7: Results of the detail characteristics
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Each characteristic, including Accuracy, Completeness, Consistency, Credibility,
and Timeliness, is plotted along the x-axis, representing key dimensions of data quality.
The y-axis denotes the Evaluation Result, reflecting the score or rating assigned to each
characteristic during the evaluations. Observing figure 7, we note that for some
characteristics, such as Accuracy and Consistency, the scores remain relatively stable
between the first and second evaluations, indicated by the proximity of the blue and
green data points. This suggests that these aspects of data quality have remained
consistent or have seen minimal changes over the course of the evaluations. Conversely,
for other characteristics, such as Completeness and Timeliness, we observe noticeable
improvements in scores between the first and second evaluations. The green data points
appear higher on the y-axis compared to their corresponding blue data points, indicating
an enhancement in these aspects of data quality following the implementation of
corrective measures or interventions.

The figure provides valuable insights into the effectiveness of data quality
improvement efforts over time. By visually comparing scores across different
characteristics and iterations, organizations can identify areas of strength and weakness,
track progress, and make informed decisions to further enhance data quality and
integrity.

It can be seen in the figure that in the first evaluation the results of the
characteristics are low and in the second evaluation the results are better and higher in
all characteristics.

Similar to the characteristics, to compare the properties we use the scatter plot,
figure 8 to see the comparison of the first evaluation and the second evaluation.

The graph provides a visual representation of evaluation results across different
properties, with data points indicating the scores obtained during the first and second
evaluations. By analyzing the key aspects of the graph, we can see that, each property,
such as “compfich”, “reg,” “valsp,” and others, is listed along the x-axis, representing
specific characteristics or attributes under evaluation. These properties likely
correspond to different aspects of data quality or performance metrics within a given
system or dataset.

The y-axis denotes the Evaluation Result, representing the score or rating assigned
to each property during the evaluations. The scale ranges from 0 to 100, indicating the
range of possible scores.

The blue data points correspond to the scores obtained during the First Evaluation,
while the green data points represent the scores from the Second Evaluation. By
comparing the positions of these data points for each property, we can discern trends
and patterns in how evaluation results have evolved over time. The characteristics in
the first evaluation that seemed to not be evaluated had a value of 100 in the first
evaluation.
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Figure 8: Results of the detail characteristics

We can identify properties where there has been a noticeable improvement between the
first and second evaluations. In these cases, the green data points appear higher on the
y-axis compared to their corresponding blue data points, indicating an enhancement in
performance or quality.

Overall, the graph offers valuable insights into the effectiveness of improvement efforts
and the evolution of performance across different properties.

The application of OKR4DQ allowed the organization to identify, monitor, and
improve specific weaknesses in data quality with clear alignment to business goals.
This structured approach helped data owners and stakeholders engage in the
improvement process actively. From a research perspective, this study demonstrates the
feasibility of integrating ISO-based DQ assessments with strategic goal-setting,
offering a replicable model for data-driven organizations. Future work may include
applying the method in other domains and automating OKR formulation based on
quality metrics.

Review

Finally, it is necessary to review the results obtained and identify possible refinements
to the process. This is the proposed methodology to evaluate the data quality of a data
repository and improve the indicators with the use of OKRs.

We have engaged in discussions with the business, referring to the owners of the
database, and they have indeed confirmed that the data they are currently working with,
regardless of its quality assessment, is significantly more comprehensive and clearer
for their utilization. As a result, they have been able to undertake a myriad of actions,
leveraging the enhanced clarity and completeness of the data.

In terms of threads to validity we can say that it would be interesting to be able to
implement the use case with the same database to facilitate the process and to verify
that the same positive results are obtained.
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5 Discussion

Ensuring high-quality data is a pressing challenge in modern organizations, especially
as they increasingly depend on data-driven decision-making. Although multiple
standards and frameworks, such as ISO/IEC 25012, ISO/IEC 25024, and DAMA, offer
guidance for evaluating and managing data quality, they primarily emphasize
assessment rather than strategic improvement. This limits their capacity to align data
quality efforts with business objectives and organizational priorities.

In response to this gap, this paper proposed OKR4DQ, a methodology that
integrates Objectives and Key Results (OKRs), a goal-setting framework widely used
in management, into the data quality improvement process. OKR4DQ operationalizes
the improvement cycle by linking ISO-based measurement (ISO/IEC 25012
characteristics and ISO/IEC 25024 metrics) with actionable objectives and quantifiable
outcomes.

The methodology was applied to a real-world case study involving survey data on
agile management practices. Results demonstrate substantial improvement across all
assessed data quality characteristics. As shown in section 4, initial evaluation scores
ranged from 1 (poor) to 2 (low-moderate) across key characteristics such as accuracy
(EXAC), completeness (COMP), consistency (CONS), credibility (CRED), and
timeliness (ACT). After implementing the OKRs, a second evaluation yielded scores
between 4 and 5 across all dimensions (Figure 5), reflecting significant quality gains.

As illustrated in Figure 8, numerous properties, such as Syntactic Accuracy
(EXAC_SINT), Range Accuracy (RAN EXAC), and Update Convenience
(CONV_ACT), initially received near-zero evaluation scores. After the intervention,
these properties reached 100%, indicating full compliance with defined quality rules.
This quantitative jump underscores the effectiveness of the OKR4DQ cycle,
particularly in transforming critical areas that were previously deficient.

These improvements were not achieved through technical changes in the data
infrastructure or collection system, but rather through process-based interventions: rule
adjustments, stakeholder alignment, and prioritization driven by OKRs. This reinforces
the idea that organizational alignment and goal-setting can lead to measurable data
quality gains, even in the absence of system overhauls.

Compared to existing methodologies, such as the Data Management Maturity
Model (DMM) or BR4DQ), which emphasize governance structures or business rules,
OKR4DQ offers a more lightweight and flexible solution. Its use of OKRs promotes
accountability, iterative progress, and cross-team alignment, addressing common
challenges such as stakeholder disengagement and difficulty sustaining long-term
quality initiatives.

However, several limitations should be acknowledged. First, the case study was
limited to a single dataset within one organizational context. While the dataset includes
149 records, the generalizability of findings to other domains remains to be tested.
Second, although ISO standards guided metric selection, the thresholds used to assign
scores (e.g., 1-5 scale for completeness or accuracy) were context-specific, agreed upon
by domain experts and data owners. Lastly, while the involvement of stakeholders in
defining OKRs improved engagement and relevance, it also introduced subjectivity that
could vary across applications.
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Future work will focus on extending the use of OKR4DQ to other domains (e.g.,
healthcare, finance, logistics) and data types (e.g., transactional data, time series, sensor
data). It will also explore the integration of emerging technologies, such as machine
learning to assist in the automatic detection of quality issues and tracking progress
toward OKRs. It is also important to acknowledge that, while the evaluation has been
conducted on a relatively small dataset representative of real-world conditions, further
validation should be performed on larger datasets comprising thousands or even
millions of records to ensure scalability and generalizability of the results.

In conclusion, OKR4DQ contributes to bridging the gap between technical data
quality assessment and strategic organizational action. The positive outcomes of the
case study support the methodology’s practical utility and show that structured, goal-
oriented improvement cycles can lead to meaningful and measurable enhancements in
data quality. By aligning data quality improvements with strategic objectives,
OKR4DQ empowers organizations to better leverage their data assets in support of
reliable, informed decision-making.
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