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ABSTRACT
Data quality plays a critical role in ensuring the reliability and
effectiveness of information systems in public sector organizations.
However, fragmented data ecosystems, legacy systems, and a lack
of standardized assessment practices challenge the implementation
of consistent data quality strategies. This study presents a compre-
hensive systematic mapping of data quality dimensions, metrics,
practices, and challenges across public institutions. A total of 53
peer-reviewed studies were analyzed, revealing the most frequently
used data quality dimensions and associated metrics. The research
highlights a wide spectrum of techniques, ranging from traditional
validation rules to emerging applications of machine learning for
anomaly detection and data imputation. In addition, it identifies
key barriers — including limited automation, lack of governance,
and scarce resources — and proposes actionable recommendations
for public sector entities. The findings serve as a conceptual and
practical foundation for improving data quality management in
complex government environments, with the ultimate goal of sup-
porting the implementation of data quality assessment strategies
in a state-level public finance institution in Brazil, the Ceará State
Treasury Department (Sefaz-CE).
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1 Introduction
This paper addresses the urgent need for a structured understanding
of data quality practices in the public sector, where data volume is
growing rapidly with the digitalization of the services offered.

However, fragmentation and lack of standardization of systems,
limited automation and indicator monitoring tools [1, 8, 25, 49, 56],
the scarcity of consolidated data governance practices [26, 54], and
the high costs associated with maintaining proprietary solutions [5]
compromise the reliability of information provided by governments.

∗The authors contributed equally to this research

This research responds to this need by systematically mapping
the literature on data quality in public organizations. The study
identifies and categorizes themost commonly used dimensions, met-
rics, and methods, revealing how governments in different contexts
conceptualize and operationalize data quality. The study explores
traditional assessment techniques, such as metrics-based and rule-
based validation, and recent advances, such as the use of Machine
Learning (ML) for anomaly detection. It also reveals critical gaps
and challenges, offering practical recommendations for advancing
data quality initiatives in government contexts.

The systematic mapping was guided by research questions that
address current approaches, relevant dimensions, assessment meth-
ods, and challenges related to data quality in the public sector.
The review covered 53 studies from the IEEE, ACM, and Scopus
databases, and reflects the growing interest in the topic.

The most frequently discussed data quality dimension was Com-
pleteness, cited in 40 studies, but other dimensions are also dis-
cussed. Overall, the results offer strategic insights for improving
governance and data quality practices in public administration,
pointing the way to developing more effective strategies that are
sensitive to the context of public administration.

The paper is structured as follows: Section 2 presents the theo-
retical foundation. Section 3 outlines related work. Section 4 details
the methodology used in conducting the systematic mapping. Sec-
tion 5 presents and discusses the results. Section 6 discusses the
threats to validity, and, finally, Section 7 presents the final remarks
and directions for future research and practical implementation.

2 Background
Early conceptualizations of data quality, such as those proposed
by Wang and Strong [48], emphasized the idea of “fitness for use,”
arguing that the value of data depends on its ability to support users
specific tasks and decisions. Their framework introduced intrin-
sic, contextual, representational, and accessibility dimensions—an
enduring conceptual base for subsequent research. Redman [35] ex-
panded this view by relating data quality directly to organizational
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performance and institutional trust, framing quality as not only
a technical property but also a managerial responsibility. These
foundational works established that data quality is inherently mul-
tidimensional and context-dependent.

Building upon these perspectives, data quality standards and
models have evolved to support both theoretical understanding and
operational assessment. ISO/IEC 25012:2008 [18] defines fifteen
quality characteristics, divided into inherent and system-dependent
categories, while ISO/IEC 25024:2015 [19] complements it by provid-
ing measurable indicators and methods for evaluating structured
data. Together, these standards formalize the link between con-
ceptual attributes and quantifiable metrics, offering a reference
framework for practitioners. Although they represent a conceptual
baseline for most studies on data quality, in this work, they are
used only as theoretical support to interpret and categorize the
most frequently mapped metrics, rather than as a guiding frame-
work for the research design. This decision reflects the diversity of
approaches found in the literature, which often adapt quality di-
mensions pragmatically rather than adhering to a single normative
model.

Beyond ISO standards, other frameworks contribute to the the-
oretical landscape. The DAMA-DMBOK [24] broadens the discus-
sion by situating data quality within the broader discipline of data
governance, advocating a lifecycle perspective and emphasizing
stewardship roles, metadata management, and policy enforcement.
Likewise, Madnick et al. [19] propose a unifying framework that
connects data and information quality research to business pro-
cesses, highlighting dependencies between technical standards and
institutional capacity. However, these governance-oriented models
are underrepresented in public sector applications, where frag-
mented systems and heterogeneous data sources challenge their
full implementation.

Therefore, this study bridges the gap between conceptual models
and practical challenges by mapping how data quality dimensions
and metrics have been applied in the public sector. It aims to clarify
which theoretical constructs have been effectively operationalized
and where adaptation or simplification occurs in real-world con-
texts.

3 Related Work
Specifically, a subset of review and research articles was selected
to inform the comparative analysis and provide a broader under-
standing of the existing research landscape.

The systematic review conducted by Zainuddin and Akhir [55]
examined 37 studies on data quality in Open Government Data
(OGD), focusing on key dimensions such as completeness, timeli-
ness, and consistency. Their review highlights common challenges
related to missing or incomplete values and discusses emerging so-
lutions. While their work focuses on OGD, this review extends the
analysis to public sector information systems, classifying metrics
or indicators into categories standardized with ISO/IEC 25012:2008
[18].

The survey conducted by Zhang et al. [56] provides a systematic
overview of quality assurance (QA) techniques for big data applica-
tions, addressing the challenges posed by the 4Vs (volume, velocity,
variety, and veracity). Their review highlights six primary QA ap-
proaches, including testing, Model-Driven Architecture (MDA),

monitoring, and fault tolerance, emphasizing the need for automa-
tion and scalability. While that survey focuses on the technical
assurance of big data systems, this review extends the discussion
by focusing on data quality practices and challenges within public
sector organizations, combining both technical and governance-
oriented perspectives.

The systematic review conducted by Serra et al. [40] explores
how context influences Data Quality Management (DQM), examin-
ing how elements such as user requirements, metadata, and appli-
cation domains shape data quality dimensions and metrics. Their
review proposes a taxonomy that connects contextual factors to
different stages of DQM, emphasizing the importance of context-
aware approaches. In contrast, this study focuses on practical di-
mensions, metrics, and challenges of data quality in public sector
organizations.

The study conducted by Ijab et al. [23] applies a Systematic Lit-
erature Review (SLR) to propose a Big Data quality framework
tailored to Malaysia’s Public Sector Open Data Initiative (MyPS-
ODI). The framework consolidates multiple data quality dimensions,
such as availability, usability, reliability, concordance, presentation,
and correctness, and links them to open data principles to improve
transparency and public services. While that work offers a valu-
able context-specific model for big data and open data, this review
focuses on a broader range of public sector information systems,
emphasizing both technical practices and organizational challenges
of data quality management.

Priestley et al. [32] conducted a literature survey to evaluate how
traditional data quality frameworks apply to modern ML pipelines.
Their review emphasizes the need for a stage-specific approach
to data quality, organized around four key dimensions—intrinsic,
contextual, representational, and accessibility. While their survey
focuses on the technical aspects of data quality within ML lifecycles,
this study addresses broader challenges, particularly those related
to data quality management in public sector environments, which
are influenced by governance and regulatory factors.

In summary, the analyzed surveys and systematic reviews ad-
dress data quality from various perspectives, such as open govern-
ment data, big data assurance techniques, ML pipelines, context-
aware approaches, and national open data initiatives. While those
studies provide valuable contributions, they are often limited to spe-
cific domains or technical scopes. This mapping differentiates itself
by offering a comprehensive mapping of data quality dimensions,
metrics, practices, and challenges across public sector organizations,
combining both technical and governance aspects. This broader
approach enables actionable recommendations for improving data
quality management in complex governmental ecosystems.

4 Methodology
This systematic mapping aims to identify the dimensions, metrics,
and frameworks or methodologies employed to evaluate data qual-
ity in the public sector. The PICO approach [50] — which stands for
Population, Intervention, Comparison and Outcome — was adopted
to formulate the research questions and define the search strings.
The review process was managed using the Parsifal1 , a tool de-
signed to support the planning and execution of systematic reviews.

1Parsifal: https://parsif.al/
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The overall procedure is illustrated in Figure 1. In total, 660 pa-
pers were initially retrieved from the selected databases, and after
the screening and eligibility assessment stages, 53 studies were
included in the data extraction phase, as detailed in Section 5. To
begin the analysis of the 53 selected articles, the steps illustrated
in Figure 1 were followed. This collaborative and iterative process
was supported by ongoing guidance from the professors, ensuring
a balanced distribution of tasks and the reliability of the results.

Figure 1: Studies selection process.

4.1 Research Questions
To guide the systematic mapping, a set of research questions (RQ)
was defined to explore how data quality is ensured in public do-
mains. These questions were formulated to identify the key dimen-
sions and metrics, methodologies, and challenges associated with
evaluating data quality in this context. The following 4 research
questions were defined:

• RQ1 - What are the existing approaches to data quality in
public sector organizations?

• RQ2 - What data quality dimensions are most relevant for a
public agency?

• RQ3 - What measures, metrics and indicators were used to
assess and ensure data quality mainly in the public sector?

• RQ4 - What are the main challenges and limitations faced
by public sector organizations in implementing data quality
practices?

4.2 Search Strategy
The literature review was conducted using three well-established
and widely recognized scientific databases in the field of computing

and information systems: the ACM Digital Library, Scopus, and
IEEE Xplore Digital Library. These sources were selected because
of their relevance, breadth, and academic rigor in publishing high-
quality research related to data management and public sector
technologies. There was no filter related to the time period.

The first three authors are undergraduate and graduate students
at the Federal University of Ceará and are the main investigators of
the study. They were involved in conducting the secondary study,
under the ongoing guidance of four PhD professors, who are co-
authors of the research. The researchers divided the reading of the
53 articles almost equally among themselves, applying the system-
atic mapping methodology and prioritizing the main points to be
included in the article. To ensure rigor and methodological consis-
tency, they held regular knowledge-sharing meetings to discuss
the material read, align interpretations, and decide on the most
appropriate way to present and discuss the results.

The student researchers also shared other tasks, such as refining
the search strategy and applying inclusion/exclusion criteria, ex-
tracting and consolidating dimensions, metrics, and practices from
the studies, and synthesizing the challenges, recommendations, and
implications for the public sector.

To guide the construction of the search string (see Table 1), the
PICO elements were defined as follows:

• Population (P): Public agency and related synonyms;
• Intervention (I): Data quality;
• Outcome (O): Metric, Indicator, Measure, Process, Proce-
dure, Framework, Method, and Methodology;

• Comparison (C): Not applied in this study, as the objective
was to identify and map the state of the art, rather than
perform comparative analyses.

Table 1: Search string created for the study selection.

IEEE (Base
String)

("data quality") AND ("public agency"OR "govern-
ment"OR "national agencies"OR "national agency"
OR "public administration"OR "public institution"
OR "public sector"OR "state agency"OR "govern-
mental body"OR "governmental bodies"OR "gov-
ernment department")

ACM

Title:("data quality") AND Fulltext:("public
agency"OR "government"OR "national agencies"
OR "national agency"OR "public administration"
OR "public institution"OR "public sector"OR
"state agency"OR "governmental body"OR "gov-
ernmental bodies"OR "government department")

Scopus

(Title ( "data quality" ) AND Abs ( ( "data quality"
) AND ( "government"OR "national agency"OR
"national agencies"OR "public agency"OR "public
administration"OR "public institution"OR "public
sector"OR "state agency" ) ) OR KEY ( ( "data qual-
ity" ) AND ( "government"OR "national agency"
OR "national agencies"OR "public agency"OR
"public administration"OR "public institution"OR
"public sector"OR "state agency" ) ) )

During the pilot phase, the inclusion of Outcome terms in the
search string proved too restrictive, significantly reducing recall and
omitting relevant foundational studies. To enhance coverage, the
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Outcome (O) component was therefore removed, resulting in amore
general query centered on the intersection between Population
(public sector) and Intervention (data quality).

The base search string was then adapted for each database (see
Table 1). In Scopus and the ACM Digital Library, the term “data
quality” was fixed in article titles to filter out irrelevant results,
whereas in IEEE Xplore the original query was applied without
modification. This strategy balanced precision and comprehensive-
ness across databases.

4.3 Eligibility Criteria
Inclusion and exclusion criteria were applied to ensure the selection
of relevant articles. The inclusion criteria comprised studies that
specifically addressed data quality in the public sector, including
those that presented metrics, dimensions, challenges, solutions, or
open questions related to data quality assessment and management
in governmental or public administration contexts. The inclusion
criteria are listed below:

(1) Context in the public sector;
(2) Coverage of data quality challenges, techniques, or frame-

works;
(3) Discussion on heterogeneous databases or hybrid environ-

ment;
(4) Focus on measures and indicators;
(5) Relevance to data quality or data governance;
(6) Use of Artificial Intelligence (AI)/Machine Learning (ML) in

measuring or controlling data quality.
The exclusion criteria were specified as follows:
(1) Does not present measures and indicators;
(2) Duplicate publication;
(3) Focus on non-related technical aspect;
(4) Irrelevant research focus;
(5) Not available in English or Portuguese;
(6) Not available in full text;
(7) Short paper (four pages or less).

4.4 Study Selection
The article selection was managed using Parsifal. In the first stage,
titles and abstracts of all retrieved papers were screened and either
advanced or excluded according to predefined criteria. The remain-
ing studies then underwent full-text review and quality assessment,
as detailed in the next subsection.

4.5 Quality Assessment
To ensure the rigor and consistency of the selected studies, a struc-
tured quality assessment form was developed and applied using
the Parsifal tool. The form comprised the following questions:

(1) Does the paper explicitly discuss data quality as a central
concept?

(2) Are the methods, techniques, and tools used in the study
clearly described and appropriate for assessing or improving
data quality?

(3) Does the study propose or analyze methods for measuring
or controlling data quality using quantitative data quality
indicators?

(4) Does the study use real-world data for validation?

(5) Does the paper use a clear and replicable methodology for
data quality assessment?

(6) Does the study focus on the public sector (specially finances)?
(7) Does the article mention challenges, suggestions, limitations

and gaps for future researches?
The form evaluated key aspects such as relevance, methodological
soundness, and reliability, ensuring that only robust contributions
were included in the review. Each question was aligned with the
research objectives and offered three possible answers: “Yes” (2
points), “Partially” (1 point), and “No” (0 points). The total score for
each study was obtained by summing the assigned values.

To advance to the next screening stage, a study had to achieve a
minimum score of seven points, ensuring adherence to the estab-
lished quality standards. Studies scoring below this threshold were
excluded. After completing the selection and quality assessment
process, 53 studies were retained for final analysis.

The sixth question specifically emphasizes financial contexts,
as the ultimate goal of this mapping is to instantiate the identi-
fied measures for assessing data quality within Sefaz-CE, a public
institution responsible for managing state-level revenues and ex-
penditures in Brazil. Consequently, studies applied to real-world
scenarios of tax collection or public spending—whether municipal
or state-level—received higher scores.

This approach reflects the particular demands and constraints
of public administration, especially in fiscal and financial domains,
where data quality directly influences transparency, accountability,
and governance.

4.6 Data Extraction
Finally, during the data extraction process, relevant information
was systematically collected from the selected studies. A structured
data extraction form, whose questions are listed below, was created
to capture key details, including study objectives, methodologies,
and main findings.

(1) What are the main objectives of the study related to data
quality?

(2) Which data quality dimensions were considered?
(3) What methods, techniques, or tools were utilized to assess

data quality?
(4) What specific metrics or indicators are used in the study to

assess data quality?
(5) Are any new indicators developed in the study to assess data

quality?
(6) Does the study provide recommendations for public practices

or policies?
(7) What specific ML techniques are employed in the study to

assess or improve data quality?
(8) Does the study identify specific gaps in the literature or

current practices?
The type of all response fields is String. This step aimed to stan-
dardize the extracted data, facilitating comparison and synthesis
across studies. The procedure was also conducted in Parsifal and
supported by spreadsheets2 to maintain control and organization
throughout the process.

2Supplementary materials of the study are available at:
https://doi.org/10.5281/zenodo.17334803
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5 Results and Discussion
This section presents a synthesis of the answers to the four research
questions that guided this systematic mapping of data quality prac-
tices in the public sector.

The temporal distribution of the 53 selected studies (Figure 2)
confirms a growing interest in data quality within the public sector,
with a notable concentration of publications from 2022 to 2024
(peaking at 6 articles in 2023). Furthermore, the geographical anal-
ysis (Figure 3) highlights the global, yet regionally concentrated,
nature of the research. The majority of the studies originate from
Europe (35.8%) and Asia (32.1%), a factor relevant to the external
validity and transferability of the findings to contexts with distinct
governance maturity.

Figure 2: Articles per Year

Figure 3: Articles per Continent

The results demonstrate a broad spectrum of approaches, metrics,
and challenges, reflecting the complex and heterogeneous nature
of public administration data environments. From foundational
validation techniques to more advanced and participatory frame-
works, the studies reviewed highlight how public organizations
conceptualize, operationalize, and struggle with data quality.

Before analyzing the findings in extracting responses to the
research questions, the main objectives of the studies related to
data quality will be presented, grouped by thematic focus:

• Assessment of Data Quality: Data quality assessment
methods include quantitative analyses [13, 52], validation
procedures [21, 38], and case-based measurements [2, 4, 5,
7, 8, 28, 39, 54] to determine, primarily, the level of data

reliability, completeness, timeliness and accuracy. Some ar-
ticles propose models or systems that measure data qual-
ity automatically [10, 25, 47] or through manual inspection
[10, 33, 49] of datasets.

• Data Quality Improvement: Some studies focus on meth-
ods for improving or cleaning data [10, 17, 32, 42], either by
proposing correction mechanisms [5, 7, 15, 27] or improv-
ing data collection [7, 27] processes. Other articles present
practical techniques for feedback loops [44], or proactive
quality monitoring [9, 26] to ensure more consistent and
usable datasets. These contributions often draw on lessons
learned from field implementations or pilot studies, focusing
on data quality as an evolving operational challenge.

• Frameworks and Governance Models: Many studies fo-
cus on developing conceptual frameworks or operational
models to support data governance and quality strategies
[1, 8, 12, 15, 29, 44, 45, 54, 58]. Among these, there are ar-
ticles that describe structured approaches that align data
quality practices with organizational objectives, particularly
in government and public finance institutions. These models
typically integrate multiple dimensions of quality and are
designed to be adaptable to diverse institutional contexts.

• Automation and Tooling: Some studies explore the devel-
opment of automated systems and tools to assess or improve
data quality [1, 2, 6, 9, 13, 14, 21, 25–28]. These tools are
especially relevant in complex data environments, where
manual inspection is impractical and where automation can
accelerate quality control in real-time applications.

• Open Data and Transparency: Many of the articles ana-
lyzed address Open Government Data (OGD) [1, 9, 13, 33,
38, 47, 55], but few explicitly mention objectives related to
public transparency. These studies highlight the role of data
quality in fostering trust and accountability in public data
platforms, linking technical practices to governance and civic
engagement objectives.

5.1 RQ1 - What Are the Existing Approaches to
Data Quality in Public Sector Organizations?

This systematic mapping reveals that rule-based validation tech-
niques and metric-based frameworks are the most prevalent ap-
proaches for assessing data quality in this context [14, 28, 38, 53].
Several studies adopt standardizedmodels such as ISO/IEC 25024:2015
[19], which provides structured quality characteristics, or use spe-
cific quality dimensions like completeness, consistency, and accu-
racy to construct measurement frameworks [38].

SQL-based stored procedures [38], Open Data Indicators (ODI)
scoring methodologies [13], and schema validation [47] are fre-
quently applied to detect anomalies and validate structural integrity
in datasets. Some articles integrate statistical techniques such as the
Tukey test3 [1] or employ custom scoring formulas and composite
indices that aggregate various quality indicators into a single score
[13, 20].

Some studies develop dashboards or quality monitoring systems
tailored to public administration contexts [14, 26, 29]. For example,

3Tukey test is a statistical test used to compare multiple group means after an analysis
of variance indicates a significant difference between them.
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the QUALYST system [38] incorporates quality dimensions into
institutional workflows, enabling recurring assessments. Others
adopt process-centric approaches, incorporating quality evalua-
tion into data governance routines or linking it to data lifecycle
management policies [8, 29, 36, 54].

Although automation is not yet widespread, a number of articles
suggest increasing reliance on software tools to operationalize data
quality evaluations. Examples include the use of RapidMiner [1],
DQ tools with visualization capabilities [25, 26, 49], and the inte-
gration of quality assessment with business intelligence platforms
to monitor quality in real time [14, 21].

A significant portion of studies rely on expert knowledge or
stakeholder input to define what constitutes quality data within
the specific context of public administration. In these cases, data
quality assessment often takes a more qualitative or participatory
approach, incorporating surveys and interviews [1, 2, 9, 11, 32, 34,
43, 51, 54, 56, 57].

Despite the heterogeneity of tools and frameworks, common
challenges emerge. These include data fragmentation across depart-
ments, lack of standardization, and the difficulty of maintaining
quality over time. Several studies [8, 29, 31, 34, 54] emphasize the
importance of institutional commitment and governance structures
to sustain DQ initiatives.
5.1.1 Machine Learning Techniques for Data Quality Enhancement
Although traditional methods remain predominant in the assess-
ment and improvement of data quality within the public sector
datasets, recent studies have increasingly investigated the applica-
tion of ML techniques as complementary or alternative approaches.
Among the 53 studies included in this review, 15 (28.3%) explicitly
reference the use, or the potential use, of ML techniques for tasks
such as data quality assessment, anomaly detection, or automated
data cleansing. This trend reflects a growing recognition of the
capacity of ML models to address complex patterns of inconsis-
tency and incompleteness that may not be easily captured through
rule-based or manual methods.

Supervised learning algorithms have been widely adopted in
this context. For example, decision trees are employed to identify
and classify anomalous data patterns [3, 11, 37, 42, 56], while naïve
Bayes classifiers [11, 56] and random forests [15, 20] are used to
predict the likelihood of data quality issues. In some cases, ML is
integrated into data cleaning pipelines to support tasks such as data
augmentation and annotation during pre-processing stages [32].

In addition, unsupervised learning techniques, particularly clus-
tering algorithms such as k-means, are applied to uncover latent
patterns and detect outliers. These approaches allow the identifica-
tion of anomalous records that do not conform to the structure of
the main data clusters, thus facilitating the detection of potential
quality issues without the need for labeled data [42].

An emerging trend is the use of deep learning models such as
Convolutional Neural Networks (CNN), Recurrent Neural Networks
(RNN), and Long Short-Term memory (LSTM) for imputing missing
or incomplete data [37], especially in contexts involving textual
or unstructured data. In a Systematic Literature Review of Data
Quality in Open Government Data [55] various uses of CNN, RNN
and LSTM are also cited.

Elouataoui et al. [15] focus on anomaly detection using Isola-
tion Forests or k-NN algorithms in metadata spaces. In contrast,
Davidson et al. [11] explore ensemble techniques such as the En-
sembles of Quality-Matrix Perturbed Data (EQPD), which enhance
classifier robustness by perturbing the training data through quality
matrices.

Berndt et al. [4] present a work that uses an extensive corpus
extracted from an Electronic Health Record (EHR) system to in-
vestigate issues related to task complexity, sample size, and goal
quality, using a large number of data mining models, including
simple keyword or regular expression matching, Natural Language
Processing (NLP), and ML algorithms.

Even when not directly employing ML, many articles signal
its potential. For instance, Batini et al. [1] use the Tukey test in
RapidMiner and suggests AI integration for future automation,
while Croft et al. article [10] evaluate the impact of data quality
on ML model performance using a transformer-based line-level
vulnerability prediction model (LineVul) to show how poor data
can degrade accuracy.

Overall, while ML is not yet mainstream in public sector DQ
workflows, its growing application shows promise—especially for
large-scale anomaly detection, data imputation, and intelligent
record linking.

5.2 RQ2 - What data quality dimensions are
most relevant for a public agency?

Some dimensions found in the research for this work are consid-
ered classic [18, 19] when consulted in consolidated data quality
frameworks [18, 24, 48]. They are: Completeness, Consistency, Ac-
curacy, Uniqueness, Timeliness and Validity. Other dimensions are
recognized in specific contexts or as subdimensions, such as Inter-
pretability [1, 8, 13], which is treated as part of Representational
Data Quality [48] and is related to the semantic and syntactic clar-
ity of data. Related to interpretability and accessibility is Usability,
recognized in interface and analysis contexts. Linkage, recognized
in Linked Data and open data [12], is not classic, but relevant in
interoperability. In addition to these, Conformity is cited in [27],
similar to validity, format compliance or consistency with standard
patterns.

Other data quality dimensions can be considered emerging, spe-
cific, or still debated, such as Security, Performance, and Readability.
These are often considered system or presentation qualities, not
core data quality dimensions. Security is not traditionally a dimen-
sion of data quality, but rather of data governance. Performance is
related to the performance of data systems, but it is not a dimension
of data quality per se, but rather of systems. Readability occasion-
ally appears as part of representational quality, more common in
document and metadata evaluation.

Provenance is increasing in importance with open and scientific
data. ISO 25012:2008 [18] considers it relevant to trustworthiness.
Believability is cited by Wang & Strong [48] as a dimension of trust
in data. Authenticity is associated with reliability, especially in legal
or scientific contexts. It is considered by some as a subdimension
of trustworthiness.

According to Table 2, the most frequently mentioned data qual-
ity dimensions in the analyzed literature is Completeness (cited
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in 40 articles, with 6 metrics or indicators classified in this dimen-
sion), which evaluates whether all necessary information is present.
Consistency, which refers to the absence of contradictions and the
coherence of data in relation to a specific context, both within
the same data set and between different relevant data sets, was
mentioned in 37 articles. Consistency is critical to the reliability
of information systems, as it ensures that integrity rules (such as
functional dependencies or disjoint classes) are not violated. For
example, metrics such as Member of Disjoint Classes [12] or Im-
plication Complexity [17] are used to verify logical contradictions
between data. Consistency is also present in ISO/IEC 25012:2008
[18] as both an inherent and system-dependent characteristic, re-
flecting its importance in various contexts.

Table 2: Most mentioned dimensions

DQ Dimension
Number of Metrics
classified in the Di-
mension

Number of Articles
mentioning

Completeness 6 40
Consistency 12 37
Accuracy 10 29
Uniqueness 3 19
Timeliness 8 17
Validity 3 6
Accessibility 5 5
Interpretability 4 5
Usability 2 2

Accuracy, cited in 29 studies, represents the degree to which
data have attributes that correctly represent the true value of the
intended attribute of a concept or event, in a specific context of
use. It is one of the most intuitive dimensions, often measured by
comparison with sources considered "ground truth"or by manual in-
spection of correct labels, as observed in classification tasks. Works
such as that of Batini et al. [3] highlight accuracy as an essential
dimension for analytical and decision support applications, where
incorrect information can lead to misguided actions. Uniqueness,
which relates to unique records appearing only once in a dataset,
appears 19 times.

Timeliness, mentioned in 17 articles, refers to the timely avail-
ability of data for its intended use. Metrics such as delay calculations
[13] and update frequency [3, 6, 10, 22, 23, 30, 31, 43] are used to
assess this dimension, especially in monitoring contexts, such as
environmental or fiscal data. The distribution of the frequency of
these dimensions across the analyzed years is detailed in Figure 4,
where the heat intensity indicates the volume of publications per
year.

Other relevant dimensions include Accessibility (mentioned 5
times) appears frequently in studies addressing open or distributed
data, such as Dereferenceability in Linked Data. Interpretability (5
mentions), which concerns the ease of understanding of data by
humans or systems, often associatedwith the presence of clearmeta-
data. Dimensions such as Validity and Usability are also mentioned,
particularly in studies focused on the integration of heterogeneous
databases and interoperability. Although characteristics such as
security, performance, provenance, and authenticity appear less

frequently, they play an- important role in sensitive domains, such
as healthcare or public safety, and tend to gain relevance as data
governance becomes more mature.

Figure 4: Heatmap of Article Year by Data Quality Dimension
Frequency.

5.3 RQ3 - What measures, metrics and
indicators were used to assess and ensure
data quality mainly in the public sector?

The mapping revealed a wide variety of quantitative and qualitative
metrics used to assess and monitor data quality in public sector
datasets. Further elaborating on the quantitative instruments used
to assess data quality in public sector datasets, approximately 70
distinct metrics were identified. These measures have been grouped
into more common data quality metrics, while other emerging and
new indicators will be briefly discussed below.
5.3.1 Most Common Metrics and Indicators Table 3 presents a con-
solidated set of data quality metrics identified across the reviewed
studies. The metrics are organized according to their corresponding
data quality dimensions, the references of the studies in which they
were mentioned, their frequency of occurrence in the analyzed
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literature, and the categorization of each dimension according to
ISO 25012:2008 [18].

Some metrics are mentioned more than others because they
are associated with recurring and universal problems in datasets,
such as the presence of null fields or duplicates. The metric "% of
null/missing values", for example, is one of the most frequently
mentioned (18 times), as completeness is one of the most basic
and easily measurable dimensions of data quality. Metrics such as
"Update frequency", which indicate the frequency of data updates,
while important, appear less frequently (8 times), possibly because
they require metadata that is not always available in the analyzed
datasets.

Whereas quality attributes are classified as either inherent or
system dependent, the "Redundancy detection" metric, for example,
falls under the "Uniqueness"dimension and is considered inherent
because it assesses whether there are duplicate records within the
data itself, regardless of context. Metrics such as "Update frequency"
are "System-dependent", as they require knowledge of the data
operational context, such as the expected frequency of updates.
This distinction is essential for guiding data quality assessment
and improvement strategies in organizational environments. It is
interesting to note that some measures can be classified both from
“Inherent” and “System dependent” point of view, depending on
the business context considered.

Many studies adopt standard, widely accepted indicators, includ-
ing:

• Consistency and formatting: syntactic rule violations,
pattern frequency checks, standard format compliance and
conflict label rate (in annotation tasks).

• Accuracy and validity measures: percentage of correct
values, logical constraints (e.g., payment amount ≤ award
value) and range checks and domain conformity.

• Timeliness and currentness: delay calculations, entry de-
lay in days or weeks, update frequency and publication/con-
tent timeliness.

• Completeness-related metrics: percentage of complete
cells, tuple and field-level completeness, Data Completeness
Rate (DCR), presence of required elements (e.g., documenta-
tion, field population), missing value counts and null value
ratios.

• Uniqueness and duplication: duplicate detection rates,
unique key ratios, edit distance between names and ad-
dresses, and redundancy detection (duplicate rows/columns).

• Rule-based quality indicators: Conditional Functional De-
pendencies (CFDs)with support/confidence filtering, pass/fail
rule execution metrics and violation frequency of constraints
(e.g., ‘graduated = yes’ requires ‘graduation year’ not null).

5.3.2 Specialized and Contextual Metrics Some studies introduced
or emphasized tailored quality metrics based on the characteristics
of the dataset or the sector:

• Streaming and time-series data quality: time unique-
ness, observation-level completeness, range-based accuracy
and typicality (e.g., within 80%, 95%, and 99% confidence
intervals) and moderation and conformity metrics specific
to temporal patterns.

• Metadata quality: completeness and accuracy of metadata
entries, standardization and multilingual inconsistencies in
descriptors and data quality in monitoring and audit pro-
cesses (reporting frequency and discrepancy analysis, con-
cordance across datasets, verification factors and quality
indexes with calculated weights).

• User-perceived quality indicators: survey-based metrics
(1 to 5 scale) on dimensions such as clarity, usefulness, ease
of use, and satisfaction.

• Privacy-preserving and anomaly-based assessments:
mean squared error for anonymized datasets, certainty scores
of anomaly class labels, mutual information between vari-
ables to detect structural anomalies.

5.3.3 Performance-Oriented MetricsWhen machine learning or
rule-based inference is used to detect or improve data quality, se-
veral studies report performance metrics to evaluate these methods:

• Classification and prediction accuracy: Precision, Recall,
F1-score, Accuracy, Confusion Matrix (True Positives - TP,
False Positives - FP, True Negatives - TN, False Negatives -
FN) and Area Under the Curve - AUC.

• Efficiency and operational performance: runtime per-
formance, speed of anomaly correction, anomaly validation
rate and behavior-based pass/fail metrics.

While many articles still refrain from explicitly quantifying data
quality (often relying on qualitative assessments of errors or princi-
ples such as trust and interpretability), the trend across recent stu-
dies clearly points toward diversification of metrics to handle new
data types (e.g., streaming, text, image, multilingual), greater use of
composite indicators to support governance, decision-making, and
public transparency, besides integration of ML evaluation metrics
where automated quality control or repair is proposed.

Although still rare (15 % of studies), bespoke indicators allow
organizations to internalize what “fitness for use” means inside
specific public-sector processes, a trend expected to accelerate with
the spread of data contracts.

The results reveal a maturing landscape in which traditional, in-
terpretable metrics such as consistency, accuracy, and completeness
remain dominant, while newer studies advance toward composite,
context-aware indicators and ML-assisted approaches, reflecting
the growing complexity of public sector data ecosystems.

5.4 RQ4 - What are the main challenges and
limitations faced by public sector
organizations in implementing data quality
practices?

The implementation of robust data quality practices in public sector
organizations is permeated by various challenges and limitations,
which emerge from both technical and organizational and human
issues. One of the main gaps identified in the literature and current
practices is the lack of structured and efficient methods for con-
tinuous data quality monitoring, especially in contexts of limited
resources, where exhaustive data review becomes unsustainable.

The limitations were systematically classified into nine distinct
categories, allowing for a structured understanding of the recurring
obstacles in this context. The nine categories, along with their
respective challenges/limitations, are listed below:
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Table 3: Most mentioned metrics and your dimensions

Metric or Indicator Data Quality Dimension Article References
Frequency
of the
Metric

ISO
25012:2008
Category

% of null/missing values Completeness [2, 3, 5, 6, 14, 20, 22, 25, 28, 30,
31, 37–39, 43, 44, 49, 55] 18 Inherent

% of cell completeness Completeness [1, 5, 23, 27, 31, 47, 55] 7 Inherent
% of variable/column completeness Completeness [1, 9, 16, 22, 27, 31, 42] 7 Inherent

% of tuple/row completeness Completeness [1, 9, 27, 47] 4 Inherent

Conformity Format Consistency
[1–3, 5–7, 10, 11, 14, 17, 20, 25–
28, 31, 36–38, 42–44, 47, 49, 55,
58]

25 Inherent

% of correct values Accuracy [5, 6, 11, 14, 15, 22, 23, 25, 31, 44,
47, 55] 12 Inherent

Ratios of accurate/non-duplicate entries Accuracy [20, 31, 38, 39] 4 Inherent
Outlier detection Accuracy [1, 6, 15] 3 Inherent

Range Accuracy [5, 25, 27] 3 Inherent

Redundancy detection Uniqueness [1–3, 5–7, 9, 10, 17, 22, 26, 28, 30,
38, 39, 42, 47] 17 Inherent

Time Uniqueness Uniqueness [27] 1 System-dependent
Update frequency Timeliness [3, 6, 10, 22, 23, 30, 31, 43] 8 System-dependent

Anomaly validation rates Validity [6, 7, 20, 25] 4 System-dependent

(1) Models, Frameworks, and Standards:
• Lack of holistic, lifecycle-based models [15, 29, 32, 44];
• Incompatibility of existing frameworkswith domain-specific
or national portals [1, 9, 38, 47, 52];

• Need for domain-independent and reusable systems [38];
• Fragmented practices and overuse of ad hoc metrics [1, 21,
28, 31, 38, 41];

• Weak alignment between QA frameworks and Big Data
domain [15, 21, 23, 28, 56].

(2) Metrics and Evaluation:
• Absence of fine-grained, dataset-level quality assessments
[47];

• Inconsistent indicator weighting [1, 52, 58];
• Overreliance on subjective or hardcoded metrics [6, 52];
• Lack of support for metric reuse and extensibility [12];
• Limited context-awareness in metrics [3, 8, 22, 25, 32, 40,
45].

(3) Tools, Automation, and Monitoring:
• Limited availability of automated tools [1, 8, 25, 49, 56];
• Lack of real-time monitoring [3, 22, 27, 32, 44, 49, 56] and
visualization [14, 25, 29];

• Inadequate integration of DQ functions (e.g., profiling,
deduplication, governance) [3, 16, 25, 26, 41];

• Lack of scalable [17, 22, 25] and user-friendly systems
[6, 27].

(4) Governance, Roles, and Processes:
• Missing formal governance roles [26, 54];
• Lack of policies, coordination, and dedicated personnel
[54];

• Underutilization of structured decision-making frameworks
[52];

• Poor alignment between data quality and organizational
Key Performance Indicators (KPI) [26].

(5) Metadata and Semantic Structure:
• Poor metadata management and classification [9, 15, 29,
47, 57];

• Insufficient semantic quality in implementation layers [29,
41];

• Lack of context models in DQ frameworks [40];
• Limited support for active metadata and unstructured data
[15].

(6) Sustainability and Resource Constraints:
• High costs for maintaining proprietary approaches [5];
• Impracticality of exhaustivemanual reviews in low-resource
settings [22];

• Lack of scalable, long-term monitoring systems [25].
(7) Privacy, Security, and Trust:

• Lack of privacy-preserving solutions [20];
• Absence of trust metrics in sensitive domains [20, 41];
• No support for secure data sharing and evaluation [20].

(8) Empirical Studies and Applied Validation:
• Scarcity of longitudinal and real-world case studies [2, 5,
27];

• Need for applied research in public and low-resource sec-
tors [28, 34, 37];

• Weak feedback and evaluation mechanisms [2, 28].
(9) ML, NLP, and Data Science:

• Poor alignment of DQ practices with ML workflows [32];
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• Inadequate tools for evaluating complex/behavioral model
failures [48];

• Limited guidance for cleaning and preparing noisy or in-
consistent datasets [53].

Significant challenges persist in the evaluation of data quality
within Open Government Data (OGD) initiatives. Studies highlight
the lack of automated, granular assessments at the dataset level,
limited adoption of quality standards, and insufficient interoperabil-
ity due to proprietary formats and weak implementation of Linked
Data principles.

Technological barriers also remain, such as low automation, ab-
sence of real-timemonitoring tools, and limited adaptability of exist-
ing frameworks to big data and unstructured information. Overall,
the literature reveals a pressing need for standardized, automated,
and context-aware approaches to data quality management in the
public sector.

5.5 Recommendations for public practices or
policies

To improve the quality of public sector data, some suggestions
are given: prioritize governance [1, 8, 15, 29, 34, 41, 42, 54, 56, 58],
defining clear roles (e.g., Data Owner and Data Stewards), adopt
policies, and align governance with the structure. Furthermore,
implement standardization of metadata, identifiers, and publication
formats, and achieve cross-domain alignment.

Embed continuous improvement and tools [1, 2, 6–8, 14, 16, 21,
25–28, 30, 39, 46, 56], building quality control into processes, pairing
simple tools with domain expertise, and strengthening monitoring,
and metadata systems (including user simulation tools). For big
data, adopt enterprise-level Big Data Quality Assessment (BDQA)
programs, certifications, and training for public data systems.

Invest in capacity building and human support [6, 8, 21, 30, 58],
emphasizing training/supervision, improving application usability,
integrating with national systems, secure government backing, and
prioritizing adaptability and user-driven evolution of requirements.

Advance innovation and technology [5, 6, 25, 27, 39, 47], au-
tomating quality metrics for transparency/accountability; deploy-
ing digital tools (e.g., The Spatial Information Exchange—SIX4—and
e-Planning) to boost efficiency and accuracy [46]; publishing in non-
proprietary formats/RDF, link datasets, and exploring metadata-
driven ML pipelines for large-scale governance [15].

Target domain gaps with regulatory reform, stronger validation,
and infrastructure investment [39, 49]; reorganize local fiscal data
processes to enable innovative services [5]; improve documentation,
metadata transparency, and standard benchmarks for software-
vulnerability data [10]; and apply Lot Quality Assurance Sampling
(LQAS) to scale routine supervision and quality improvement in
public health [22].

Technical constraints, opaque governance, and cultural factors
within public institutions hinder effective data-quality implementa-
tion. Yet many studies also outline practical paths forward based on
real-world experience and observed needs. Taken together, the chal-
lenges and proposed remedies provide a clearer view of the public

4SIX, developed by New South Wales Department of Lands, provided a shared frame-
work to integrate foundation and business data on the web in a timely way.

sector’s current data-quality landscape and actionable guidance for
those seeking to advance it.

6 Threats to Validity
To ensure transparency and credibility, threats to validity were
examined in four dimensions: construct, internal, external and reli-
ability. Construct validity concerns how faithfully concepts such
as data quality, metrics, and dimensions were represented. Despite
guidance from ISO/IEC 25012 and DAMA-DMBOK, the literature
shows substantial variation in terminology and interpretation; am-
biguous or domain-specific labels (e.g., “metadata richness,” “in-
formation usability”) required subjective judgment and may have
introduced inconsistencies in grouping or naming indicators.

Internal validity addresses the accuracy and coherence of find-
ings. Although generative AI tools (e.g., ChatGPT and Gemini)
supported initial extraction and classification, all outputs were
manually reviewed. Even so, bias may persist where metric defini-
tions were unclear and inference guided classification; for example,
treating “interpretability” as a subdimension of “representational
quality” could have influenced frequency counts and synthesis.

External validity limits generalizability. Because the review tar-
gets the public sector in general, results may not reflect practices
in specific domains (e.g., finance, health, education) or translate di-
rectly to the private sector. Moreover, the predominance of studies
from developed countries constrains applicability to regions with
lower digital infrastructure and governance maturity.

Reliability pertains to reproducibility: structured protocols (PICO)
and the Parsifal platform supported standardization, but the lack
of multiple independent reviewers at every stage and the reliance
on expert judgment for metric classification—without external vali-
dation—leave room for interpretation bias.

7 Final Remarks
This study mapped the main dimensions, metrics, and practices
related to data quality in the public sector. The results revealed a
consistent focus on core dimensions — completeness, consistency,
accuracy, uniqueness, and timeliness — which are essential for
producing reliable and transparent, decision-ready data. Additional
concerns such as provenance, interpretability, and linkability also
emerged in open and linked data contexts.

The identified metrics range from basic checks for null values
and metadata validation to more complex, context-dependent in-
dicators of non-compliance. While traditional methods like SQL
remain prevalent, there is a growing interest in applying artificial
intelligence for anomaly detection and automated quality control.

The review also highlighted persistent challenges, including sys-
tem fragmentation, lack of standardization, and limited automation.
Addressing these issues requires stronger governance structures,
capacity building, and the adoption of context-aware metrics. In
general, this mapping synthesized best practices, trends, and gaps,
offering actionable insights tailored to the realities of public admin-
istration. Based on these findings, public institutions can design a
practical roadmap by selecting the most relevant dimensions and
metrics, using the most cited methods as a foundation to identify
quality issues and developing customized indicators for continuous
improvement. As future work, Sefaz-CE will apply this roadmap to
its data quality program and publish the results achieved.
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