
Article Not peer-reviewed version

An Overview of Current and New Data

Quality Dimensions under a Common

Framework

Russell Miller , Harvey Whelan , Michael Chrubasik , David Whittaker , Paul Duncan , João Gregório *

Posted Date: 13 September 2024

doi: 10.20944/preprints202409.1076.v1

Keywords: data quality; data model; data quality dimensions; data traceability; confidence in data; data

metrology; data uncertainty; data structures; big data; IoT

Preprints.org is a free multidiscipline platform providing preprint service that

is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons

Attribution License which permits unrestricted use, distribution, and reproduction in any

medium, provided the original work is properly cited.

https://sciprofiles.com/profile/3845031
https://sciprofiles.com/profile/3845114
https://sciprofiles.com/profile/2401301


Article
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Abstract: This paper presents a comprehensive exploration of Data Quality terminology, revealing a significant

lack of standardisation in the field. We propose a novel approach to aggregating disparate Data Quality terms

used to describe the multiple facets of Data Quality, under common umbrella terms, with a focus on the ISO 25012

standard. Our aim is to design a Data Quality Data Model that serves as a universally applicable framework

for Data Quality assessment. We introduce four additional Data Quality dimensions: Governance, Usefulness,

Quantity, and Semantics, enhancing specificity, complementing the framework established by the ISO 25012

standard, and understanding of Data Quality aspects. The ISO 25012 standard, while tailored for software

development, offers a foundation for the development of our proposed Data Quality Data Model. This is due

to the prevalent nature of software development across a multitude of domains. In contrast, frameworks like

ALCOA+ that are specific to certain domains lack the ability to be generalised. The model we propose can be seen

as a “Rosetta Stone” for Data Quality terminology, facilitating a seamless communication of Data Quality between

different domains when collaboration is required to tackle cross-domain projects or challenges.

Keywords: data quality; data model; data quality dimensions; data traceability; confidence in data; data metrology;

data uncertainty; data structures; big data; IoT

1. Introduction

In this digital age, we are experiencing an unparalleled increase in the generation of data [1]. There
is an increasing dependence on data for informing decision-making processes and influencing future
plans within organisations. The use of data is readily apparent across many different sectors, from
pharmaceutical manufacturing and healthcare to engineering and education. This is exemplified by the
frequent adoption of data-driven initiatives by businesses aiming to sustain a competitive advantage. In
healthcare, for example, the strategic use of personalised and detailed patient data enables professionals
to design and administer tailored therapies. In manufacturing industry, sensors generate large volumes
of data, assuming a vital role in the monitoring and enhancement of manufacturing processes. As we
increase our reliance on data to drive processes and decision-making, we must also be vigilant about
its quality, since the results obtained from using data-driven methods are dependent on the quality of
the data used.

Lower-quality data, such as measurements captured by a sensor with insufficient precision, lacks
the necessary requirements to support processes and can have adverse consequences for organisations.
In data-driven operations, it is imperative to evaluate the data to determine its suitability for the
intended task. This prompts a clear and fundamental question: what is data quality and what
methodologies can be used for evaluating it? As outlined in ISO standard 25012 [2], data quality relates
to the extent to which data meets the specifications established by an organisation responsible for
developing a product. The standard presents a comprehensive data model, in the context of software
development, that facilitates the assessment of data quality by considering characteristics such as
correctness, completeness, and consistency.

Such standards make it clear that the concept of data quality is not novel. However, it has gained
significant interest and risen to prominence in recent years. Despite this, a notable lack of established
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methodologies or standardised definitions of data quality persists. There are variations between
different sectors in terms of their emphasis on specific dimensions of data quality — the different
aspects that determine how good or bad data is — which can be attributed to unique data needs
and exploitation goals of each sector. The presence of discrepancies in the definitions of data quality
can create difficulties in comparing and implementing efficient data quality practices across diverse
domains. Unambiguous definitions are particularly relevant when tackling issues such as the current
climate crisis which need collaboration between domains.

Prior studies on data quality have typically focused on specific sectors, as evidenced by existing
literature reviews [3–16]. There has been a growing need in the healthcare industry, namely in electronic
health records, to define and evaluate important dimensions of data quality [15,17,18]. Research has
also been conducted in the field of Architecture, Engineering, and Construction (AEC) [19], the
autonomous vehicles industry [20], and in data analytics for smart factories [1]. Although these studies
have made valuable contributions towards enhancing comprehension of data quality in specific areas,
they have also reinforced the issue of conflicting data quality definitions and terminology across
sectors. This is further aggravated by disparities within a given sector. For instance, an investigation
conducted on electronic health records revealed the existence of 44 unique dimensions employed
across different pockets of the healthcare sector [15].

In a literature review conducted by Ibrahim et al. [13], data quality issues affecting the master data
— data related to business entities that provides sufficient context for transactions — of businesses
and organisations were explored. The methodology used aimed to identify key factors influencing
the quality of master data. Analysis revealed that data governance emerged as the most frequently
addressed term within business operations, with 11 out of 15 studies highlighting its significance. This
heightened emphasis on data governance can be attributed to increased GDPR compliance needs and
digitalisation, which requires defined roles and responsibilities in data quality management. Elements
that impact master data quality were compared for three distinct sectors: business, accounting, and
healthcare. They identified terminology discrepancies in these elements, which impact the quality of
the data. It follows that there is a significant need to conduct a more overarching analysis in order to
capture the diversity observed throughout the different sectors.

Certain sectors, such as AEC, have not given due attention to data quality metrics. A literature
review by Morwood et al. [19] highlights the insufficient consideration of data quality in monitoring
the energy performance of buildings. This concern prompted an examination of recent literature
through the lens of data quality, revealing that only 9 out of 162 articles explicitly addressed the subject,
and among those that did discuss data quality, an average of only 3.23 data quality dimensions were
mentioned. While specific data quality issues, such as low spatio-temporal granularity, data loss, and
high measurement uncertainty were sporadically addressed, the primary observation underscores the
fragmented nature of data quality approaches in building energy monitoring studies.

A study conducted by Mansouri et al. [14] aimed to identify the dimensions of data quality
relevant for Internet of Things (IoT) applications. A constraint encountered in the study was the
limited number of data quality dimensions that were explicitly referenced for the IoT domain. The
researchers discovered that a lack of agreement existed on the dimensions that could be applied to
various data categories. They proposed the incorporation of additional dimensions, informed by
insights from specialists in the IoT domain, as a potential solution to tackle this issue. An additional
literature review focused on IoT has also been published, containing a comparative analysis of the
relationship between data types and data quality dimensions to refine available options for managing
IoT data [21]. Findings indicate that the majority of IoT solutions have the capability to process
structured or semi-structured data, whereas their ability to handle unstructured data is limited. The
dimensions of data quality that have been identified as particularly significant in this context include
completeness, correctness, consistency, and timeliness.

Another work, done by Firmani et al. [22] focuses on data quality related to Big Data. The com-
plexity of big data, which comprises large volumes of unstructured data, presents unique challenges in
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terms of data accessibility, which is itself an aspect of data quality. Firmani’s research provides perspec-
tive on the subject and adds to the establishment of methodologies for assessing the quality of large
datasets. Big data is also connected with machine learning (ML), by leveraging MLs ability to discern
data characteristics and enhance data processing. The effectiveness and efficiency of ML techniques
are tied to the datasets, including their volume, used in the training process, further emphasising the
importance of data quality as a factor influencing model performance [23].

Big Data and IoT are revolutionising how data is used across different sectors. In business, big
data analytics informs decision-making and optimises operations, while in healthcare, IoT devices can
be used to analyse patient data for creating personalised therapies [8]. The common denominator is
the role of data and its quality. As these technologies progress, challenges surface which highlight the
need for standardised data quality frameworks.

These reviews are proof of, despite efforts to establish standardised data quality metrics and
assessment procedures being pursued, different industries having unique data needs that must be
considered. As a result, it is possible for inconsistencies to emerge while attempting to define data
quality. These inconsistencies stem from a lack of standardisation, with most sectors struggling to keep
up and varying in their understanding and implementation of data quality to improve their processes
and decision-making. This lack of standardisation creates a large diversity in existing terminology
used to describe data quality, resulting in further communication challenges. The goal of this paper is
to conduct a comparative analysis of data quality terminology across different domains and structure
it into a hierarchical data model. This structured glossary has the potential to act as a translation layer,
enabling different domains to communicate with each other using a common language framework
when addressing the issue of data quality when tackling larger issues such as the aforementioned
climate challenge.

2. Methods

In this section, we outline the methodologies used in this study to ensure a comprehensive and
rigorous analysis of data quality terminology. Our approach is two-fold: first, we conducted a literature
search, described in Section 2.1, to identify relevant academic papers that discuss data quality. Second,
to align the terms used in these papers with the data quality dimensions specified by the ISO 25012
standard, we performed a terminology mapping exercise, detailed in Section 2.2. This enabled us to
capture the broad spectrum of data quality descriptors, thereby enriching our understanding of the
subject. This also allowed us to condense the heterogeneous terminology into a structured, hierarchical
vocabulary.

2.1. Literature Search

The main literature search was conducted using an independent multiple-review approach and
is highlighted in Figure 1. The search was carried out using Web of Science (WoS) as the designated
search engine. The search query included “data quality” as both the search term and the only required
keyword. The scope of the search was limited to recently published academic papers between 2019
and 2023. This resulted in a total of 10,855 papers being identified.

Only publications written in English were considered and only the first 500 papers from the total
found were reviewed, under the assumption that papers found deeper in the search lost relevancy.
This cap of 500 ensured that the number of papers to be individually reviewed was manageable.

Each researcher individually reviewed these 500 papers based on title, abstract, and keywords.
Subjective reviewing criteria were used to decide whether the paper was relevant or not, in accordance
with the independent multiple-review approach. Papers identified as relevant by at least one researcher
proceeded through the remainder of the screening phase for a more in-depth review.

This approach highlighted a total of 173 papers, already taking into account the removal of
duplicate papers found by multiple researchers. From this total, 57 papers were inaccessible, being
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locked behind closed access. This resulted in a total of 116 relevant papers being captured for further
review and discussion.

In addition to the primary literature search methodology, additional publications were discovered
through casual conversations during the research process. These are discussed on a case-by-case basis
and are not captured by Figure 1. 
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Figure 1. Literature screening process used in this study. Does not account for research papers found
outside of the main Web of Science query.

2.2. Terminology Mapping

Each paper included in this study was individually screened for any and all terminology men-
tioned, described, or used to assess data quality. The terms considered were those that primarily
described (or attempted to describe) any of the data quality dimensions specified by the ISO 25012
standard. Terms that did not match the ISO 25012 standard but were used in the context of assessing
data quality were also considered.

The outcome was a list of 262 terms used to describe some aspect of data quality or one of its
dimensions. The definition of each individual term, as stated in its source material, was used to align
the term with one of ISO 25012’s existing dimensions. The list included antonyms, such as the use
of “inaccuracy” to describe accurate data. Terms that did not fit into any of the existing dimensions
were grouped together based on their similarities to help define new core data quality dimensions, in
addition to ISO 25012’s existing terminology.
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3. Results

3.1. Data Quality Dimensions

The ISO 25012 standard offers a detailed framework consisting of 15 different dimensions of data
quality that determine the features related to the management and improvement of data quality. These
dimensions are defined in Table 1 according to their ISO definitions. While this standard was originally
developed in the context of software development [2], it has relevance to the field of data science given
the close alignment between both practices. They both share a focus on the importance of high-quality,
reliable data for successful outcomes, and have cross-applicability over multiple domains.

Table 1. Data quality dimensions as described by ISO 25012. This table presents the dimensions that
represent the fundamental properties of data quality.

Dimension Definition

Accuracy The degree to which data has attributes that correctly represent the true value of the intended attribute of a
concept or event in a specific context of use.

Completeness The degree to which subject data associated with an entity has values for all expected attributes and related
entity instances in a specific context of use.

Consistency The degree to which data has attributes that are free from contradiction and are coherent with other data in a
specific context of use. It can be either or both among data regarding one entity and across similar data for
comparable entities.

Credibility The degree to which data has attributes that are regarded as true and believable by users in a specific context
of use. Credibility includes the concept of authenticity (the truthfulness of origins, attributions, commitments).

Currentness The degree to which data has attributes that are of the right age in a specific context of use.

Accessibility The degree to which data can be accessed in a specific context of use, particularly by people who need
supporting technology or special configuration because of some disability.

Compliance The degree to which data has attributes that adhere to standards, conventions or regulations in force and
similar rules relating to data quality in a specific context of use.

Confidentiality The degree to which data has attributes that ensure that it is only accessible and interpretable by authorised
users in a specific context of use.

Efficiency The degree to which data has attributes that can be processed and provide the expected levels of performance
by using the appropriate amounts and types of resources in a specific context of use.

Precision The degree to which data has attributes that are exact or that provide discrimination in a specific context of
use.

Traceability The degree to which data has attributes that provide an audit trail of access to the data and of any changes
made to the data in a specific context of use.

Understandability The degree to which data has attributes that enable it to be read and interpreted by users, and are expressed
in appropriate languages, symbols and units in a specific context of use.

Availability The degree to which data has attributes that enable it to be retrieved by authorised users and/or applications
in a specific context of use.

Portability The degree to which data has attributes that enable it to be installed, replaced or moved from one system to
another preserving the existing quality in a specific context of use.

Recoverability The degree to which data has attributes that enable it to maintain and preserve a specified level of operations
and quality, even in the event of failure, in a specific context of use.

While this standard can be interpreted as an all-encompassing framework to assess data quality,
its specificity to software development still imposes limitations to its use across different domains.
Certain terms could not be associated with existing data quality dimensions. As a result, this work
considers the addition of four new dimensions: governance, usefulness, quantity, and semantics.
These are defined, by this work, in Table 2. The addition of these dimensions expands the ISO 25012
standard into a standardised framework for categorising data quality dimensions more reliability
across different domains.
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Table 2. Additional Data quality dimensions defined by this work, to complement the ISO 25012 data
model.

Dimension Definition

Governance The degree to which data has attributes that adhere to the formalised frameworks of authority and account-
ability that support harmonised data activities across an organisation.

Usefulness The usefulness of data is determined by the extent to which its attributes meet the specific requirements of
users or applications. This includes the data’s adaptability across various contexts, recognising its potential
for diverse applicability due to aspects such as reusability and interoperability.

Quantity The degree to which data has attributes that represent the sufficient amount or volume, providing a compre-
hensive view of the intended attribute of a concept or event in a specific context of use.

Semantics The degree to which data accurately and consistently represents the intended meaning, interpretation, and
real-world concepts within a specific context of use, ensuring correct semantic understanding by users and
applications.

In the process of developing this work, the ALCOA+ framework, a data integrity framework
widely adopted in life sciences and endorsed by the US Food and Drug Administration (FDA), was
also considered [24,25]. However, compared to ISO 25012, it provides less detail in defining data
quality dimensions, which poses challenges for its adaptation into a universal data quality framework.
A notable limitation of ALCOA+ is its inability to distinguish between accuracy and precision. While
it effectively addresses the data quality needs specific to life sciences, its applicability to other sectors is
limited due to its lack of generalisability. This limitation reinforces the rationale for selecting ISO 25012,
a software development-oriented data quality framework, as the foundation for the development of
the more versatile data quality framework proposed in this study.

3.2. Classification of Data Quality Dimensions

ISO 25012 also assigns each data quality dimension a position in a spectrum that ranges from
“Inherent” to “System-dependent”. Inherent dimensions are those that represented the fundamental,
intrinsic properties of data that hold true regardless of context or user requirements. Consider a
hospital database that records patient information. The accuracy of this data, such as correct names
and addresses, is an inherent dimension. If a patient’s name is recorded incorrectly, it could lead to
serious errors in patient care.

System-dependent dimensions underscore the role of the system in data quality, and include
aspects such as data availability, portability, and recoverability. For example, consider an online
banking system. The availability of the system (i.e., the system is up and running when a customer
wants to check their account balance) is a system-dependent dimension.

Additionally to this placement, this work also considers dimensions in the middle of this spectrum
to be “Contextual”, as they share both inherent and system-dependent characteristics. Contextual
dimensions are those that emphasise the importance of the context in which data is used. For instance,
in a marketing campaign, customer data needs to be unique, accurate, and consistent across all
engagement channels. The relevancy of the data to the specific marketing campaign is a contextual
dimension.

Tables 3–5 list all the inherent, contextual, and system-dependent data quality dimensions re-
spectively. These tables include all dimensions from the original ISO 25012 standard as well as the
additions proposed by this work. They also list all the 262 associated terms found in the literature
search, described in Section 2.1, used to describe each of the core data quality dimensions. Lastly, Fig-
ure 2 showcases how the 262 associated terms are organised into a structured glossary for supporting
efficient data quality communication across different domains.
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Table 3. Inherent Data Quality Dimensions based on ISO 25012. This table presents the dimensions that
represent the fundamental, intrinsic properties of data that hold true regardless of the context or user
requirements. Each dimension is defined and associated with specific terms from the literature, providing
a comprehensive overview of the inherent aspects of data quality. [1,4,7,9,10,12–15,18–22,24–135].

Dimension Associated Terms

Accuracy Accuracy, Accurate, Closely match a real-state, Coincidence, Correct, Corrections made, Correctness, Data
value out of range, Errors, Free of error, Free of mistakes, Inaccurate, Incorrect, Positive predicted values,
Value accuracy

Completeness Complete, Completeness, Comprehensiveness, Diversity, Entity heterogeneity, Heterogeneity, Incompleteness,
Coverage, Min. data capture, Min. sample points, Min. time coverage, Missing values, Representativeness,
Study representativeness, Variety, Areas covered, Geographical coverage, Handling of null values, Homogene-
ity, Missing information, Missingness, Omission, Representativity, Scope, Technological cover, Time-related
coverage

Consistency Coherence, Cohesiveness, Comparability, Consistency, Consistent, Consistent representation, Constant rep-
resentation, Comparable, Duplication, Incompatibility, Inconsistency, Redundancy, Representational Con-
sistency, Reproducibility, Spatial stability, Structural consistency, Syntactic Accuracy, Thematic accuracy,
Variability

Credibility Agreement, Authenticity, Believability, Bias, Coding Reliability, Confidence, Corroboration, Credibility,
Freedom of bias, Impartiality, Incorrect information, Integrity, Misleading, Plausibility, Popularity, Quality,
Reliability, Reputability, Reputation, Robustness, Status, Trust, Trustworthiness, Unambiguity, Unbiased,
Valid, Validity, Veracity

Currentness Actuality, Currency, Currentness, Freshness, Outdated Information, Rate of recording, Recency, Timeliness,
Timely, Up-to-date, Velocity, Vitality, Volatility, Volatability

Table 4. Contextual Data Quality Dimensions based on ISO 25012. This table presents the dimensions that
emphasise the importance of the context in which data is used. Each dimension is defined and associated
with terms from the literature, highlighting the multifaceted nature of contextual data quality. The table
also introduces two newly added dimensions: Governance and Usefulness. [1,4,7,9,10,12–15,18–22,24–
98,100–120,122–142].

Dimension Associated Terms

Accessibility Accessibility, Clear definition, Discoverability, Ease of access, Findability

Compliance Compliance, Concordance, Conformance, Conformity, Licensing, Model conformance, Privacy preservation,
Value data type, Appropriate use

Confidentiality Confidentiality, Data protection, Privacy, Security, Sensitivity, Statistical disclosure control, Vulnerability

Efficiency Costs effectiveness, Ease of manipulation, Efficiency, Expediency, Minimality, Optimal use of resources,
Performance, Viscosity

Governance ∗ Accountability, Alignment, Auditability, Authority, Authorisation, Enduring, Management, Risks

Precision Attribute granularity, Brief representation, Concise representation, Conciseness, Detection limit, Distribution
bias, Format precision, Imprecise, Intrinsic Approximation, Intrinsic uncertainty, Intrinsic variability, Level of
detail, Noiseness, Objectivity, Outliers, Precision, Precision of domains, Representational conciseness, Spatial
resolution, Time resolution, Unambiguous, Uncertainty, Variation

Traceability Attributable, Capture, Contemporaneous, Documentation, Fairness, Identifiability, Lineage, Meta-data,
Original, Provenance, Quality of Methodology, Source, Traceability, Translatability, Transparency, Verifiability

Understandability Characteristic series structure, Clarity, Clean, Complexity, Comprehensibility, Content, Ease of interpreta-
tion, Ease of understanding, Format, Formats, Information-to-noise ratio, Informativeness, Interpretable,
Interpretability, Legible, Presentation, Presentation quality, Quantitativeness, Readability, Semiotic, Structure,
Transformation, Understandability, Understandable, Understanding, Visualisation

Usefulness ∗ Applicability, Appropriateness, Artificiality, Definition, Essentialness, Expandability, Fitness, Fitness for Pur-
pose, Fitness for use, Flexibility, Importance, Interoperability, Irrelevant, Meaningful, Naturalness, Relevance,
Relevancy, Relevant, Reusability, Suitability, Uniqueness, Useableness,Usability, Usefulness, Utility, Valuation,
Value, Value-added, Versatility
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Table 5. System-dependent Data Quality Dimensions based on ISO 25012. This table details the dimensions
that underscore the role of the system in data quality, including aspects related to data availability, portability,
recoverability, and quantity. Each dimension is defined and associated with terms from the literature,
illustrating how system characteristics can impact data quality. The table also introduces two newly added
dimensions: Quantity and Semantics. [4,9,10,12,14,15,18,19,21,24,25,27–30,32,33,35–37,40,43–47,49,51,56–58,
61,62,66,70,75,76,79,83–85,90,95,98,100,101,103,107,115–117,119,120,123,126,127,130–132,134,137].

Dimensions Associated Terms

Availability Access security, Adequacy, Attainability, Availability, Available, Obtainability, Visibility

Portability Controllability, Mobility, Portability, Use of Storage

Quantity ∗ Amount of data, Appropriate amount, Compactness, Data volume, Scalability, Sufficiency, Suitable amount, Volume

Recoverability Back-up, Decay, Recoverability

Semantics ∗ Interlinking, Language, Semantic accuracy, Semantic consistency, Syntactic validity, Syntax

Figure 2. Structured glossary of data quality terminology. The first concentric ring categorises data
quality into three domains: inherent, contextual, and system-dependent. Each domain is further split
into core data quality dimensions in the second ring. The outermost ring aligns all associated terms
found in the literature, and presented in Tables 3–5, with their corresponding core term.
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4. Discussion

4.1. Inherent Data Quality

According to ISO 25012, inherent data quality is defined as the degree to which data’s quality
characteristics have the intrinsic potential to meet stated and implied needs when data is used under
specified conditions. It refers to how well the intrinsic attributes and values of data follow constraints
and rules that make them fit for use.

The importance of maintaining robust inherent quality cannot be overstated, as the accuracy of
downstream processes is only as good as the quality of the source data. Errors in these areas can cause
bigger problems later when the data is used for reporting, analytics, and decision-making.

For instance, invalid product codes in a purchase order database (domain values) can result in
shipment and accounting complications. Similarly, contradictory order statuses over time (logical
consistency) can disrupt plans for fulfillment prioritisation. Additionally, a lack of descriptions for
order status code meanings (metadata) can inhibit accurate analysis, leading to shipping errors.

Therefore, it is crucial to use robust validation against business rules, governance oversight,
and thorough documentation to tackle quality issues at their root. By examining key downstream
data quality dimensions, such as accuracy, completeness, credibility and consistency, we can verify
that inherent data integrity measures, such as comprehensive validation rules, governance policies,
and descriptive metadata, are enabling the data to meet quality expectations across intended usage
requirements.

4.1.1. Accuracy

Two closely related dimensions of data quality are accuracy and precision. While they are often
cited together, they serve distinct roles in data quality and should not be confused. Accuracy is defined
as as “the degree to which data has attributes that correctly represent the true value of the intended
attribute of a concept or event in a specific context of use” while precision is defined as “the degree to
which subject data associated with an entity has values for all expected attributes and related entity
instances in a specific context of use”.

Accuracy is one of the most frequently cited data quality dimensions. It specifically relates
to how closely data values match the true value concerned. With this formal definition in mind,
all correctness [7,15,18,30,32,38,48,59,62,66,68,80,99,103,117,135], free of error [48,103,119,132], and
accuracy-oriented terminology were categorised under the Accuracy dimension. For instance, the term
closely match a real-state [38], a state depicting the true values of data being represented, logically
aligns with accurately reflecting ground truth.

Additionally, out-of-range violations directly contradict defined accuracy bounds, signaling
deviation from expectations rather than natural variation [92]. Such breaches can significantly impact
accuracy when judgements are based on preset expectations. For example, a sensor fault could result
in a temperature reading outside the expected range, leading to a home heating system’s controller to
set the thermostat’s set-point much lower/higher than required. This would compromise both comfort
and heating efficiency in the home.

4.1.2. Completeness

Completeness is defined as “The degree to which subject data associated with an entity has values
for all expected attributes and related entity instances in a specific context of use.” Discussions on the
scope of completeness highlighted aspects of heterogeneity, such as diversity [73,80] and variety [4,
9,47,49,51,66,79,101,103], that both capture the idea of data spanning a broad scope of attributes and
characteristics ensuring a comprehensive representation of the domain. Representativeness [56,94,127,
130] goes beyond simply filling gaps in the data and involves adequately capturing the full spectrum
of variability within a dataset.
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Coverage [66,76,103,127] refers to whether the available data encompasses information from
all the necessary elements required for a comprehensive overall representation of the concept. For
example, survey data could have responses from only a small subset of people in a population. In that
case, it has limited coverage to make conclusions about behaviours and traits of the overall population.
Sufficient coverage thus requires the data should capture information, metrics and perspectives from
key segments that cumulatively contribute to meaningfully conveying the complete phenomenon.

Minimum data capture rates and coverage [66,76,103,127] across important sampling dimensions
such as time and geography are also directly tied to completeness, as they ensure the necessary
representation. The core argument is that true completeness requires not only addressing missing
information but also accurately portraying the entire scope of the domain, including the anticipated
diversity. For example, consider a dataset about customer preferences for a product. Completeness
would involve not only ensuring that each customer record has all the necessary attributes filled in
(e.g., age, gender, location) but also making sure that the dataset includes a representative sample
of customers from various demographics, regions, and preference categories. This way, the dataset
can provide a comprehensive and accurate picture of the customer landscape, enabling more reliable
insights and decision-making.

4.1.3. Consistency

Consistency is defined as “the degree to which data has attributes that are free from contradiction
and are coherent with other data in a specific context of use. It can be either or both among data
regarding one entity and across similar data for comparable entities”.

Two terms containing “accuracy” were classified under the dimension of consistency. These are
thematic accuracy and syntactic accuracy [57]. Thematic accuracy refers to the correct classification
of entities. However, it aligns more with the application of standardised rules for integration than
with representing an absolute truth [57]. When datasets are coded or classified for grouped analysis,
the accuracy of individual data points may be compromised to some extent. For example, encoding
detailed satellite imagery into classified map layers or land cover types for geospatial analysis may
result in loss of accuracy for localised regions. A vegetation mapping system that categorises hyper-
local flora into broad biome categories like forests, grasslands, deserts, amongst others, may lose
precision on individual plant species details. However, this approach enables aggregated analytics
about vegetation distribution. The benefits of unified coding frameworks for cross-regional agricultural
pattern insights outweigh the localised accuracy loss. In this context, consistency in applying the
classification rules holds more importance than the accuracy of individual data points, and that is
what is described by thematic accuracy.

Building on this idea of prioritising consistency, syntactic accuracy requires various datasets to
adhere to a common structural schema or standard format for interoperability, such as XML (eXtensible
Markup Language) or JSON (JavaScript Object Notation) [57]. These are widely used formats for
structuring, exchanging or representing data . This adherence may not perfectly mirror the native
representations within each source system, meaning it might not match the original format in which the
data was stored or created. Some characteristics that make the data useful or meaningful may need to
be compromised to fit uniform syntactical mandates, or rules about how the data should be structured.
However, adherence to the schema, the structure and organisation of the data, ensures reliable
interchange through expected consistency. This improves consolidation, the process of combining data
from multiple sources, and migration capabilities, the ability to move data between systems or formats,
despite potential impacts on accuracy for fringe data elements, which are data elements not commonly
used.

Just as thematic accuracy and syntactic accuracy prioritise consistency by generalising obser-
vations into shared categorical frameworks, thematic conformity also focuses less on accuracy than
enabling unified analysis through abstraction semantics. Abstraction semantics refers to the process of
simplifying complex data into more understandable or manageable formats. Similarly, while syntactic
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accuracy matters for data interchange, shared schema adherence provides consistency but does not
inherently ensure the accuracy or truthfulness of the data itself. Inherent truth correspondence refers to
data accurately representing the true value of the intended attribute of a concept or event. Mandating
compatible structural representations, even if not completely accurate, enables integrating data and
deriving unified meaning across different contexts. Hence, both thematic accuracy and syntactic
accuracy qualify as consistency dimensions by prioritising coherent interpretations under standardised
constraints.

Though inefficient at first, true duplicates — that is duplication [58,81,82], or the replication of
identical data or attributes for the same entity — allow for the representations of the same entity to
diverge over time, resulting in inconsistency. It is important to note that repeat measurements of the
same item, which may vary due to factors such as measurement error or changes in the item over time,
would not be considered true duplicates. As such, duplication should be considered a potential issue
related to consistency.

4.1.4. Credibility

Credibility is defined as “the degree to which data has attributes that are regarded as true
and believable by users in a specific context. Credibility includes the concept of authenticity (the
truthfulness of origins, attributions, commitments).”

While integrity[44] is primarily an ethical attribute, which directly impacts perceived credibility, as
it implies researcher honesty and mitigates doubts from questionable practices that would undermine
believability. Similarly, the absence of bias provides more objective evidence to support credibility, as
impartiality aligns with factual accuracy.

Although semantically related, veracity [4,47,49,66,79,101,103,122] fundamentally differs from
credibility. It represents comprehensive quality assurance across datasets, and encompasses attributes
of accuracy, completeness, and freedom from distortion. When handling vast volumes of data, there
are risks of missing components, inaccurate elements, or an inability to provide meaningful insight if
they are left unchecked.

Data veracity thus indicates the level of confidence placed on extensive information pools through
supplemental reliability checks and controls beyond limited samples. It constitutes an applied practice
of instilling trust by promoting centralised policies that enable effective data governance and quality
control to enhance the integrity across diverse datasets. In contrast, credibility centers intrinsically on
inherent conformity to facts. However, while they are distinct concepts, veracity quantification can
be considered a measure of the trustworthiness [32,36,56,75,78,82,83,89,94,109,127] or credibility of a
very large data provider.

4.1.5. Currentness

Currentness is defined as “the degree to which data has attributes that are of the right age in a specific
context of use”. This definition aligns directly with the focus on timeliness [9,12–14,18,19,26,27,30,32,37–40,42–
46,48,50–52,54,57,59,64,65,71,76,77,79,80,83–86,88,91,94,97,98,100,102,103,105,107,109,110,112,113,117–119,126–
130,132,134]. The term vitality [101] encapsulates the concept of maintaining relevance over time, as opposed
to becoming obsolete or out-of-date. Volatility [38,48,128], on the other hand, signals time sensitivity. Highly
volatile data can quickly become outdated if not refreshed promptly, thus necessitating timely maintenance
to preserve its usability. By accounting for volatility exposure, proactive planning for currentness can be
achieved, rather than resorting to reactive measures to combat obsolescence.

4.2. Contextual Data Quality

The ISO 25012 standard outlines several dimensions as described in Section 3, we identify a
need to further broaden the scope to encompass additional contextual considerations. Consequently,
we propose the addition of two new dimensions, Governance and Usefulness under Contextual
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dimensions. The rationale behind their introduction stems from the absence of existing dimensions
that adequately capture the associated terms identified during our literature review.

Contextual data quality is an important concept that emphasises evaluating the quality of data
within the context it is used in. For example, dimensions like Accessibility, Compliance, and Precision
should be considered when evaluating contextual data quality. Assessing data along these types of
contextual dimensions highlights the multifaceted nature of data quality - whether data is “good”
depends significantly on the context of its application.

To illustrate, let us consider the dimension of Accessibility. In a healthcare setting, data must
be readily accessible to healthcare providers for timely decision-making, but stringent controls must
be in place to prevent unauthorised access, highlighting the interplay between Accessibility and
Compliance.

Considering contextual dimensions in a comprehensive manner allows a more complete assess-
ment to determine overall fitness for use. Understanding contextual data quality leads to better
data-driven decisions because it highlights how key quality issues relate to the environment data gets
used in. Ignoring context can undermine data value by overlooking crucial contextual factors within
specific applications; hence, evaluating these factors is crucial for having the right data in the right
format at the right time to fully derive value from it.

4.2.1. Accessibility

The dimension of accessibility pertains to how readily data can be accessed and obtained within
a specific context. This dimension encompasses several related terms identified in the literature review,
all of which focus on data access in the face of user constraints dictated by the context. Discoverability
or findability [100], and clear definition [43], are closely tied to accessibility [10,14,29,32,37,38,43–45,
48,50,57,60,64,69,75,90,94,100,103,116,117,119,120,126–128,130–132]. They highlight the user’s ability
to understand and locate data within context-dependent settings.

4.2.2. Compliance

Compliance refers to the degree to which data aligns with externally relevant regulations, rules,
standards, and policies within a specific context. This dimension is centered around fulfilling these
governance requirements. Conformance [15,88,117,135] and conformity [18,30,58,123,128] are asso-
ciated terms that denote the alignment of data with applicable standards or conventions. Model
Conformance [138] specifically pertains to adherence when dealing with structured or schematic data
models.

While there is an overlap between compliance and confidentiality [30,90,116,131] in the context
of Privacy Preservation, compliance specifically necessitates adherence with regulations and policies
to restrict access and uphold confidentiality via suitable security controls. Thus, it is more about
enforcing confidentiality rather than the concept itself, which is a component of compliance. Lastly,
licensing [83,127] is about complying with any terms related to data usage access rights.

4.2.3. Confidentiality

The confidentiality dimension is concerned with the extent to which data attributes limit access
to only authorised users. This dimension involves controls and policies that restrict access permissions
to legitimate, authenticated users.

As such data Protection [73] examines the safeguards actively used to secure data in accordance
with confidentiality constraints. While privacy pertains to the appropriate access to any sensitive
or personal information, security [14,29,40,48,66,83,85,103,117,119,127,132] focuses on technical con-
trols like encryption that prevent unauthorized user access, even in the event of an external system
compromise.

Sensitivity [32,103] refers to levels such as high, medium, or low that dictate the degree of
confidentiality required. Vulnerability [14,101], on the other hand, assesses potential exposures that
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could compromise existing access controls if exploited by an unauthorised party. Statistical disclosure
control [43,60] is associated with the anonymisation of data to minimise the risks of identifying
individuals in a dataset.

4.2.4. Efficiency

The efficiency dimension addresses whether data attributes allow for the achievement of expected
system performance levels and objectives through appropriate resource use. Terms in this category
span economic factors, computational efficiency and resource optimisation.

Viscosity refers to the resistance that slows or inhibits the movement and transformation of data.
When data is used across different sources or processing pipelines, friction and barriers that reduce
flow can introduce inefficiencies. High viscosity [101] implies that data does not integrate or stream
smoothly to where it needs to go next. Essentially, it describes how efficiently data flows to enable
tasks to be completed.

4.2.5. Governance

The proposed dimension of governance encompasses organisational structures and policies that
guide data activities.The relationship between Governance and Compliance in data management is
complex and often overlaps, leading to potential confusion about their distinct roles and objectives.
Whilst both concepts are critical for effective data management, it is essential to understand their
differences and how they complement each other. Governance focuses on the internal organisational
structures, policies, and processes that guide data activities within an enterprise. It establishes the
internal rules, responsibilities, and authorities for data management, ensuring that data is handled
consistently and in alignment with the goals and values of the organisation. On the other hand,
compliance is primarily concerned with adhering to external regulations, standards, and policies
imposed by regulatory bodies or authorities. It ensures that internal practices and procedures align with
external mandates and requirements, such as legal regulations, industry standards, and contractual
obligations. Although compliance often necessitates the existence of internal rules and policies, which
are aspects of governance, it encompasses a broader range of external requirements beyond enterprise-
specific rules. Treating governance and compliance as separate allows for a clearer definition of
their respective scopes and emphasises the importance of considering both internal governance and
external compliance requirements in data management. By understanding and addressing both
Governance and Compliance, organisations can establish a robust framework for managing data
effectively, ensuring internal consistency and alignment with external requirements.

Authority [66] and authorisation [37] are manifestations of governance policies that designate
permitted data actions across users. These concepts focus on the rules that determine who or what has
been officially approved to access and interact with data in specific ways. This is distinct from actual
physical controls and system security that enable real-time access, where authorisation is pre-approved
based on roles, responsibilities, and data sensitivity. For instance, an employee may be authorised to
view sales records but lack the authority to modify them, thus the policy allows read but not write
privileges.

Accountability [66] and management [20] directly implement governance principles through
coordination oversight. Alignment [98] falls under governance and assesses behavioural consistency
and adherence to centralised policies across an organisation. Auditability [37,127] enables accountabil-
ity monitoring through tracking, serving as a pillar of functional governance. While there is overlap
between the dimension of traceability and the associated terms of auditability, traceability refers to
the ability to trace the change or state of uniquely identified data points across time in a meaningful
sequence.

Auditability specifically pertains to the processes and controls in place to store transactional
records of how data has been accessed and modified. For example, retaining details like timestamps,
data field changes, and the source user or program making edits supports comprehensive audit trails.
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Implementing such auditability makes ongoing data usage and alterations transparent. This allows
for factual verification of compliance with policies and procedural benchmarks, thereby upholding
accountability for proper data handling. Lastly, risk [76] assessment is directly tied to governance’s
risk mitigation duties as stewards of institutional data assets.

4.2.6. Traceability

The traceability dimension pertains to the provision of audit trails, capturing data access, and
modifications. Although it is a distinct concept from auditability, traceability aids in providing the
necessary infrastructure that auditability uses. At its core, traceability involves preserving attribution
and documenting events to enable tracing lineage back to original sources. Lineage [46] directly maps
as a crucial component within the broader scope of traceability, based on its role in preserving and
conveying chains of upstream data provenance sources pointing to origination events that led to
current states.

Quality of methodology [60] and transparency [73] are essential for enabling others to appraise
the credibility of tracing procedures. It ensures that the methods used are scientifically justified or
internationally recognised. This includes using approved quality procedures, regularly monitoring and
enhancing data collection and processing, applying suitable data correction techniques, validating sta-
tistical indicators and the conduction of audits. Transparency involves providing clear documentation
and disclosure of the steps, assumptions, data sources, and tools used.

Identifiability [43] mechanisms link activities directly to the actors involved by relying on policies
that avoid obfuscation, violating user rights. Similarly, verifiability, which refers to the ability to
confirm the accuracy and reliability of traceability information, is doubly essential. It enables post hoc
reconstruction following incidents, allowing for the examination and validation of data traceability to
understand what happened and why. Moreover, it supports proactive conformity checks, confirming
that policies are implemented as intended.

4.2.7. Precision

Precision refers to the exactness and the ability to discern minor variations between data points
across a distribution. In ISO 25012, it is referred to as discrimination, which is described as the ability
to distinguish subtle differences between phenomena rather than making coarse generalisations [2].
Following the distinction between accuracy and precision, associated terms describing uncertainty
can be defined to directly shape data discrimination, aligning with precision’s remit regarding the
exactness of attributes.

Initially, both presence of outliers [116,124,126] (values that significantly differ from the rest
of the dataset) and data values out of range [92] (values outside the defined range for a dataset)
were classified under the Accuracy dimension. However, we later moved outliers to the Precision
dimension. This is because outliers often represent real-world variation, not necessarily inaccuracy.
While it is acknowledged that measurement outliers caused by errors do reduce truth representation,
the argument remains that outliers generally relate to distributions. Capturing them ensures that
variability in real-life phenomena is represented.

4.2.8. Understandability

The understandability dimension emphasises interpretability [10,14,18,27,40,43,45,48,50,60,65,
81,85,103,119], which is the extent to which users can accurately derive meaning from data attributes
within specific contexts.

Visualisation [66,101] plays a crucial role in transforming data into consumable formats, deter-
mining whether insights are accessible to target users without requiring expertise in intermediate
representation languages. Purposeful symbol and icon selection, along with deliberate graphical
arrangement shape the conveyance of meaning, thereby improving clarity and comprehension.
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Characteristic series structure [87] examines how when presenting a series of data points (e.g.,
in a line graph or chart), the way the x-axis values are ordered and the spacing between consecutive
ordinal values can influence how well users can perceive patterns, trends, or missing data within that
series. This refers to assessing concepts like spacing between points on a visual chart and whether data
increments and scales progress evenly, as this impacts how understandable and continuous data trends
appear to those interpreting meaning from information flows. For instance, in a line graph tracking
expenses over time, having inconsistent gaps between temporal data points or uneven jumps between
measurement values on the vertical scale axis (uneven ordinal spacing) would distort the perception of
the trend for viewers. Judgment becomes more challenging when formal spacing between sequences
or scalar comparisons is misaligned.

Information-to-noise ratio [66] measures the amount of useful, meaningful content compared to
irrelevant data. Higher ratios improve understandability by allowing users to focus on informative
patterns rather than misleading fluctuations. Semiotic [117] content is directly related to understand-
ability based on its focus on analysing how encoded signs and structural formatting choices either
enhance or inhibit accurate audience interpretation.

4.2.9. Usefulness

The usefulness dimension represents the ability of data attributes to effectively enable purpose-
driven applications and analyses within relevant contexts. Fitness dimensions such as fitness for use
and fitness for Purpose [98,112] were classified under this dimension as they describe whether data
aligns with functional requirements. Versatility [83,127] involves the adaptable flexibility enabling
sustained usefulness across varying constraints and evolving requirements.

The relevance of interoperability [52,56,83,91,98,100,109,122,127,129,130,132,140] stems from com-
bined data sources empowering more capable analyses compared to isolated datasets alone; integrating
across systems and content types unlocks expanded utility. Reusing data assets for distinct applications
beyond their original purpose increases overall usefulness and utility. However, as data assets get
reused there is a greater need for governance as it becomes necessary to protect sensitive information
as well as uphold dependability.

Cross-purpose use of data requires greater scrutiny to confirm data validity, integrity, and value
carry over into broader decision contexts while security and privacy safeguarding also evolves ap-
propriately. Conscientious data governance ensures new uses align to original intent and reliability
standards. Therefore, reusability [100] is considered an associated term of usefulness. However, it
is important to note that the concept of reusability in this context differs from that of its namesake
provided by the FAIR principles.

Uniqueness [19,30,39,65,72,74,88,103,118,127,128,142] directly enables usefulness by revealing
previously inaccessible insights through rare and novel data. Exclusive assets with one-of-a-kind
properties intrinsically expand analytical scope into exclusive analytical opportunities others cannot
explore. However, highly unique data may form smaller, narrower datasets. This can limit potential
scope of applications if analytics require a large amount of data. There is also the concern, of course,
that such data could be spurious. So uniqueness possesses an inherent trade-off between novelty and
constraints on wide applicability when data subsets become too sparse.

Expandability [103] directly relates to usefulness because data assets that enable additional
capacities through potential expansion increase overall utility. Planning for scalable data growth
allows meeting evolving objectives over time.

In applications such as machine learning, if data sets are not large enough, “real data” can be used
to generate meaningful “fake” data. These data are commonly known as synthetic data. Artificially or
synthetically generated data can increase usefulness by enabling scenario modeling, augmentation for
underrepresented domains, and privacy-preserving analysis while retaining informative patterns.

However, unlike raw captures of reality, artificial constructs represent simulated approximations
of true underlying dynamics. Without safeguards ensuring fidelity and accurate representations in
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some applications, use of synthetic data can be misleading and result in ill-informed decisions. Thus,
artificial data holds usefulness for situations where representative real data proves inadequate if
evaluative rigor ensures accuracy.

4.3. System-Dependent Data Quality

System-dependent data quality refers to the aspects of data quality that are influenced by and
specific to the technological or organisational system that collects, stores, manages, and provides access
to the data. As formally defined in the ISO 25012 standard, system-dependency includes availability,
recoverability and portability - dimensions that can vary substantially based on capabilities and
constraints of interconnected data sources, pipelines, and storage options. Two additional dimensions
are proposed: Quantity and Semantics.

The complex configuration of different technologies in modern data environments necessitates
closer scrutiny and careful governance of these System-dependent Data Quality factors. Both these
aspects are critical not just for reliable analytics, but also operational stability, risk minimisation and
continuous data quality improvement across interconnected systems, promoting Big Data and IoT.

Consider an organisation with various databases across different regions. When attempting to
integrate these databases, the system-dependent data quality becomes apparent. Data availability may
be high within each local system, but it may be limited when trying to access it from a different region
due to network constraints or data sovereignty laws.

Addressing system-dependent data quality requires a comprehensive understanding of the
system landscape. This includes establishing clear data definitions (to ensure consistent semantics),
implementing reliable backup and recovery processes (for data recoverability), and designing flexible
data architectures (to support data portability).

4.3.1. Availability

The fundamental notion captured by the availability dimension is whether users can access the
data they need when they require it. This means that the data should be readily obtainable and usable
by authorized individuals or systems whenever it is necessary for their specific purpose. The terms
assigned under this dimension, including access security [10,14,45,85,130], adequacy [116], attain-
ability [57], obtainability [43], usability [9,37,66,70,75,76,103,107,123,126,127,137] and visibility [127],
all impact the degree to which data meets this criteria of availability. This category includes terms
which address both the user’s ability to find, access and retrieve the data, and the adequacy of the data
available to a given user.

4.3.2. Portability

The key requirement captured by the portability dimension is preserving utility and meaning of
data when moving across storage, software, and hardware environments. Portability directly denotes
the ease of data transition across different systems and environments without any loss of quality
or integrity. It ensure data can be seamlessly moved between multiple platforms and applications
whilst retaining its original meaning. Portability enables data to be used and reused across multiple
contexts without the need for extensive transformations or adaptations, saving time and effort. It
also minimises the risk of data corruption, inconsistencies, or loss during the transition process. By
prioritising portability, organisations can ensure that their data remains accessible, usable, and valuable
regardless of the specific technology stack or infrastructure in use.

Building on the idea of portability, mobility, controllability and use of storage further refine
how data portability can be effectively managed and optimised across different technical frameworks,
towards enhancing the overall utility and integrity of data during transfers. Mobility [30] refers to
how easily whole data sets can be ported across these frameworks. Controllability [30] corresponds to
standardised mechanisms governing validation, transport, and backup to enable error-free porting.
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Lastly, use of storage [43] aligns to leveraging portable storage formats, protocols and abstraction
layers that prevent system-dependence and degradation risks.

In this context, abstraction layers refer to functional tiers that hide complex implementation
details behind simplified interfaces. Each layer provides services to the layer above it whilst using
capabilities from the layer below. This enables modular design by decoupling high-level business
needs from low-level technical realisations. Abstraction creates portability across different systems
through well-defined Application Programming Interfaces (APIs) - mechanisms that enable multiple
software components to communicate - and protocols between abstracted layers instead of actual
implementations. It enables interoperability, ease of modification and reuse across diverse deployment
environments. In essence, appropriately layered abstractions minimise external dependencies whilst
revealing only essential functions.

4.3.3. Quantity

The quantity dimension assesses whether the amount and coverage of available data is sufficient
to completely and accurately capture information for its intended application. It also considers if
existing data assets have enough detail, breadth and granularity in terms of volumes and varieties, to
support downstream applications and decisions. Amount of data [14,85], data volume [71,103,130],
and volume [4,9,12,14,46,47,49,51,66,79,101,103] directly quantify absolute or proportional magnitude
of data.

Scalability [66] examines ability to expand or down-sample data quantities to meet application
requirements. Sufficiency [27], suitable amount [40] and appropriate amount [10,14,45,48,80,98,
103,132] evaluate if quantities meet adequacy thresholds for intended analytic tasks and decisions.
Compactness [66] evaluates storage optimisation through compression and minimising redundancy
to retain necessary details while maximising efficiency. Quantifying this compactness trade-off enables
retaining the most relevant information and reducing data volumes enough to enable efficient large-
scale processing and storage. Having appropriate data volumes is crucial for machine learning and big
data analytics to uncover insights.

Thus, these associated terms assess if different quantitative needs around comprehensiveness,
adequacy, scalability and storage efficiency are fulfilled so that data quantities can provide a satisfactory
informational picture.

4.3.4. Recoverability

The recoverability dimension requires attributes that enable data to withstand disruptive events
and restore original fidelity, operability and utility. The terms backup [117], decay [76], and recover-
ability [30,90,116,131,134] directly bolster these necessities. Backup refers to maintaining redundant,
secondary data copies using archival and snapshot techniques for reinstantiating compromised data
post-outages. Decay corresponds to safeguarding information integrity over elongated retention cycles
against deterioration or distortions over time through aging. Recoverability denotes mechanisms to
rapidly invoke fail-safe points, redeploy historical instances, repair corrupted elements via backups to
resume services with minimal data loss.

4.3.5. Semantics

The semantics quality dimension requires data to have enough contextual attributes to convey
interpretable meaning to users or applications within specific contexts. Contextual attributes are
additional pieces of information that provide background, descriptive details, or related characteristics
about the main data points. These attributes help to clarify the meaning, significance, and implications
of the data within a particular setting or use case. Semantic accuracy [57,83,127] ensures information
objectively represents real-world entities, properties and relationships without distortion or ambiguity.
Semantic consistency [43,61] requires “persistent”, “unified” and “coherent” meaning per standard
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definitions despite usage and modifications over time. Thus, semantic accuracy and consistency
quantify preservation and stability of meaning over data modification cycles.

For example, consider an electronic health record (EHR) system used in a hospital. Semantic
accuracy ensures that each patient’s demographic information, medical history, diagnoses, and treat-
ment plans are accurately recorded and reflect their real-world health status without any errors or
misinterpretations. If the blood type of a patient is recorded as “A+” in one section of the EHR but as
“A-” in another, it could lead to serious medical errors and a lack of semantic accuracy.

Building on the same example, semantic consistency, in this context, ensures that the meaning and
interpretation of the patient data remain the same across different healthcare providers, applications,
and time periods. If the “diagnosis” field in the EHR initially represents the primary diagnosis but later
includes secondary diagnoses without clear labeling, it could lead to confusion and inconsistencies
in understanding the health condition of the patient. Maintaining semantic consistency ensures that
all healthcare providers can correctly interpret and use the patient data for effective treatment and
decision-making.

Syntax and syntactic validity govern structuring information elements and validation of schematic
rules to enable processing. Language [43] denotes representing information per conventions and
vocabularies suited for sharing understanding across different user groups. Interlinking [83,120,127]
establishes explicit linkages across data sources and elements to enrich insights from semantic connec-
tions. By governing faithful representation and relation integrity, these associated terms ensure data
generates intended meaning and responds reliably during analytic processing.

While the argument could be made that most of the terms the authors have considered as part of
the semantics Data Quality dimension could be aggregated into existing dimensions, such as semantic
accuracy and semantic consistency under accuracy and consistency respectively, the fact is that
semantic-driven technologies (such as ontologies and knowledge graphs) are becoming increasingly
relevant and bring a very specific set of requirements and regulations, which merit the addition of
semantics as a standalone Data Quality dimension.

For example, consider a knowledge graph used in a biomedical research platform. The knowledge
graph integrates data from various sources, such as scientific literature, clinical trials, and patient
records, to enable researchers to discover new insights and relationships between diseases, drugs, and
genes. In this context, the semantics dimension becomes crucial, as it ensures that the data is not only
accurate and consistent but also semantically rich and meaningful.

In this scenario, the use of a well-defined ontology that captures the complex relationships between
biomedical entities. By leveraging the ontology, the knowledge graph can accurately represent the
relationships between a particular gene and its associated diseases, enabling researchers to make
informed hypotheses and decisions. The semantic richness provided by the ontology goes beyond
simple accuracy and consistency, as it allows for the inference of new knowledge and the identification
of previously unknown connections.

On the other hand, a knowledge graph that suffers from semantic inconsistencies and inaccuracies
can lead to false conclusions and misdirected research efforts. For instance, if the knowledge graph
incorrectly associates a gene with a disease due to conflicting or outdated information from different
sources, researchers may draw erroneous conclusions based on this inaccurate semantic representation.
Similarly, if the relationships between entities are inconsistently represented across different parts of
the knowledge graph, it could lead to confusion and hinder the ability to draw meaningful insights. In
these cases, the lack of semantic accuracy and consistency undermines the reliability and usefulness of
the knowledge graph, even if the data satisfies other quality dimensions.

5. Conclusions

In this paper, we surveyed recent literature focusing on Data Quality, and have found that a
severe lack of standardised terminology exists in the field. This has led us to explore the aggregation
of disparate Data Quality terms under common umbrella terms, with an initial focus on the ISO 25012

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 September 2024 doi:10.20944/preprints202409.1076.v1

https://doi.org/10.20944/preprints202409.1076.v1


19 of 26

standard: “Data quality model for Software product Quality Requirements and Evaluation”. The
choice of this standard as the starting point for this work is deliberate given Data Science, as an area of
research and application, shares many common elements with Software Development.

These umbrella terms, for describing dimensions of Data Quality, can be classified as inherent,
contextual, and system-dependent. While the framework proposed in ISO 25012 does a commendable
job at capturing these dimensions, we discovered that many terms prevalent in recent literature did
not fit into any of the umbrella terms described in the standard. To address this gap, we proposed
the addition of four additional Data Quality dimensions: Governance, Usefulness, Quantity, and
Semantics. The first two are contextual dimensions, while the latter two are system-dependent. The
addition of these four dimensions to those already established by the ISO 25012 standard increases
complexity, but also enhances specificity, enabling end-users to fully understand the aspect of Data
Quality captured by each dimension.

This creates a consistent representation of the multifaceted aspects of Data Quality and enables
the design of a Data Quality Data Model that can serve as a common and generalisable framework
for assessing data quality, irrespective of the intended application. In conclusion, our research under-
scores the need for a more comprehensive, adaptable, and sector-sensitive approach to Data Quality
assessment, aiming to facilitate collaboration and communication of Data Quality terminology and
assessment across different domains.

6. Future Directions

Moving forward, the next steps in this research will be to operationalise the Data Quality Data
Model proposed in this paper. The aim is to develop a mechanism that can quantify data quality
according to each dimension. This will involve creating a metric or set of metrics that can accurately
measure the quality of data in each dimension.

Another key area of future work will be the introduction of a weighting factor. This factor will
be adjustable depending on industry needs, allowing for a more tailored approach to data quality
assessment. This will ensure that the model remains flexible and adaptable to various industry
contexts.

Finally, we plan to develop a use case to demonstrate the practical application of our model.
This will provide a tangible example of this framework can be used in real-world scenarios, further
validating its effectiveness and utility.
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