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Abstract

Despite considerable effort and analysis over the last two to three decades, no integrated
scenario yet exists for data quality frameworks. Currently, the choice is between several
frameworks dependent upon the type and use of data. While the frameworks are appro-
priate to their specific purposes, they are generally prescriptive of the quality dimensions
they prescribe. We reappraise the basis for measuring data quality by laying out a con-
cept for a framework that addresses data quality from the foundational basis of the FAIR
data guiding principles. We advocate for a federated data contextualisation framework
able to handle the FAIR-related quality dimensions in the general data contextualisation
descriptions and the remaining intrinsic data quality dimensions in associated dedicated
context spaces without being overly prescriptive. A framework designed along these lines
provides several advantages, not least of which is its ability to encapsulate most other
data quality frameworks. Moreover, by contextualising data according to the FAIR data
principles, many subjective quality measures are managed automatically and can even be
quantified to a degree, whereas objective intrinsic quality measures can be handled to any
level of granularity for any data type. This serves to avoid blurring quality dimensions
between the data and the data application perspectives as well as to support data quality
provenance by providing traceability over a chain of data processing operations. We show
by example how some of these concepts can be implemented at a practical level.

Keywords: data quality frameworks; FAIR data principles; data contextualisation;
metadata; quality provenance; data pathway; knowledge management; federated data

1. Introduction

The volume of peer-reviewed literature and other technical documentation over the
previous two to three decades proposing various quality metrics for data testifies to the
elusiveness of convergence towards an all-embracing data quality (DQ) solution. Not
only do the different domains of business, environment, health, big data, sensor networks
(Internet of Things), etc., approach data quality with a different set of perspectives but data
can be described on a wide spectrum from atomic data elements to very large, distributed
databases as well as to dynamic data flows and, more recently, to large language models
(LLMs). Moreover, the needs of different data applications using the same sets of data may
widely differ in terms of the importance they give to specific quality dimensions.

Whereas convergence has generally been achieved for structured data on the more
intrinsic DQ dimensions [1,2], agreement on an overall DQ framework has been more
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problematic, despite the serviceability of individual frameworks to their intended purposes.
Indeed, as borne out by several extensive reviews (discussed in Section 2), selecting an
appropriate DQ framework for a particular application is not straightforward since each
framework imposes its own set of constraints and is generally prescriptive of the quality
dimensions it requires. Real-time data flows, machine learning, and federated data fusion
applications impose yet further sets of unique constraints [3-7]. Our own particular use
case concerns the need to determine quality indices of diabetes-related health indicators.
Notwithstanding the specific reference to diabetes and health, the use case is pertinent to
all types of indicators in other domains and serves to illustrate the limitations of currently
available DQ frameworks.

The way in which an indicator is derived generally follows an inter-linked chain of
data capture and data processing steps that together play a critical role in the interpretation
and usability of the final indicator. Without knowing the assumptions, limitations, and bias
introduced at each stage throughout the data chain, the indicator cannot be used with any
degree of certainty. This prompts the need to record such information for later retrieval.

Moreover, this chaining process will involve most of the individual data entity types
identified by Haug [8], which are elaborated under point 2 of the enumerated list in
Section 2. For the indicator quality use case, a DQ paradigm is needed for a composite
process that works across all these data entity types without having to implement several
different frameworks.

Ideally, the paradigm would offer within a single framework the means to:

1.  Contextualise any data entity with standardised metadata elements allowing data
users to drill into the context to the degree of granularity necessary to understand the
applicability of the data for their specific needs.

2. Describe the intrinsic DQ dimensions used for a given data type, the definition and
assessment of which could draw from standard definitions without being prescriptive
to a rigid framework defined by a fixed number of dimensions and precise definitions.

3. Describe the quantitative/qualitative metrics used for measuring/estimating those
dimensions, which could draw from standard definitions, yet also allow individual
tailoring to the needs.

4. Provide a level of mapping between tailor-made quality definitions/metrics and
standard ones.

5. Link to standard definitions (to avoid reproducing them within the framework) to
maintain integrity with the definitions.

6. Link data derived in a processing chain with data from earlier steps in the chain to derive
composite quality metrics with a full degree of flexibility, enabling data users to drill
into the composite measures to obtain the more granular quality metric information.

7. Query the contextual and intrinsic quality information and /or links to parts of the pro-
cessing chain on a need-to-know basis allowing users or Al applications to ascertain
the fitness-for-use of the associated data for a given application.

Notwithstanding the efforts described in Section 1.1 to categorise DQ dimensions into
a comprehensive taxonomy that could accommodate most DQ frameworks, many of the
enumerated needs discussed above remain largely unaddressed.

1.1. Generic DQ Model

A generic DQ model has been proposed to accommodate the different aspects and
points of focus of any DQ framework [9]. The model builds on the ISO 25012 data quality
model for software product quality requirements and evaluation (SquaRE) standard [2]
and underlines the need to classify different quality dimensions under separate conceptual
categories. The authors illustrate the quality dimensions on a quality wheel categorised
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within a hierarchy of three levels, the top two levels of which are described in Table 1.
The third level contains many other terms, incorporating all the terms identified in the
other reviews.

Table 1. The top-level and second-level categories of quality dimensions described by the data quality
model after Miller et al. [9].

Top-Level Category Second-Level Category

Accessibility
Confidentiality
Efficiency
Governance
Contextual Compliance
Traceability
Precision
Understandability
Usefulness

Recoverability
Portability
System-dependent Semantics
Availability
Quantity

Credibility
Completeness
Inherent Consistency
Accuracy
Currentness

The authors consider the categories as context-specific since they include both inher-
ent and system-dependent characteristics. This is an important insight that avoids the
attenuation of DQ indices caused by combining quality dimensions not directly relevant
to each other. For instance, since the DQ dimension “accessibility” has little relevance to
“completeness”, it is classified under a different top-level category.

1.2. Data-Centric View of Data Quality Versus DQ-Centric View of Data

Whereas the fundamental reason for wanting to measure data quality is arguably the
need to use or reuse of data for some specific purpose, the data are independent of that
need and should ideally be measured separately from it. However, many DQ frameworks
introduce quality dimensions such as understandability, usefulness, interpretability, and
relevance that are subjective measures of the data user from an application point of view.
This consideration underlies two different approaches to viewing data quality.

One can either take a primarily DQ-centric view of data, which is the concept behind
most DQ frameworks, or a predominantly data-centric view of data quality, in which
quality is ascertained from a holistic description of the actual data. The latter approach
aligns closely with the philosophy behind the FAIR data model [10], which provides
several advantages.

1.3. FAIR Data Principles

FAIR is an acronym describing four foundational principles of data relating to find-
ability, accessibility, interoperability, and reusability. DQ-centric frameworks treat these
terms as individual quality dimensions at various category hierarchical levels. In the model
of [9] for instance, “findability” is classified as a subdivision of the category “accessibility”,
and “interoperability” and “reusability” are classified together under the category “useful-
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ness”. In contrast, the FAIR data model considers data quality as a function of all the FAIR
data principles. Moreover, although the principles do not explicitly prescribe how quality
should be measured, they view quality primarily as a data application concern that can be
addressed from the complementarity of the data’s metadata for determining the suitability
of the data for the required needs [11]. Consequently, a set of quality labels need only
be attributed once to the data rather than many times dependent upon the differing data
application DQ requirements. The latter need only be matched with the DQ labels of the
data to understand the suitability of the data for the required purpose. This has the further
advantage of allowing the data application to specify its own specific minimal information
standards (such as minimum information for biological and biomedical investigations,
MIBBI, or minimum information about a microarray experiment, MIAME, for biological
and biomedical investigations) without their necessarily being an explicit part of the DQ
model itself [11]. Conformance to such specific information standards can be assessed from
the general contextual content of the data source.

The purpose of the work we present here is fivefold, namely (i) to lay out a concept for
a DQ framework that addresses data quality from the foundational basis of the FAIR data
guiding principles such that it places these principles central to the framework rather than
subjugating them to various hierarchical levels of DQ dimensions; (ii) to provide within
the framework a flexible and scalable way of incorporating DQ dimensions, taking into
account the different needs of different data entity types and allowing them to associate with
different metrics; (iii) to show by example how some of these concepts can be implemented
at a practical level by adding some extensions to an existing general data contextualisation
framework; (iv) to illustrate how such a framework can encapsulate fundamental aspects
of many other frameworks where relevant to the data/process needs; and (v) to stimulate
further discussion and research into data contextualisation models that can improve and
extend the ideas presented here.

The primary focus of this study is on a generic description framework. It does not
consider the DQ assessment and improvement strategies that other DQ frameworks employ
since these can be applied regardless within the agreements of a given data domain and
referenced from the framework as described in Section 3. It also does not define any data
quality metrics since these will be needs-specific and the framework can reference the
metrics models required for a given purpose.

2. Materials and Methods

In our quest to find an existing DQ model able to fulfil the needs of the use case
introduced in the Introduction, we looked at several comprehensive, recent reviews of DQ
frameworks [8,12-15].

Two of these reviews [8,12] acknowledged the difficulty of finding a single, over-
arching framework due to all the variables in play ranging from data and data-structure
type, application needs, subjectiveness of DQ dimension, and domain area. The reviews
categorised the commonly used frameworks to help researchers identify the most suitable
one for their particular data needs. Cichy and Rass [12] illustrated on a quality wheel
the 20 quality dimensions they found common to more than one of the DQ frameworks
reviewed. Haug [8] noted that data quality is a multidimensional concept that can be
considered a set of DQ dimensions each describing a particular characteristic of data
quality, sometimes grouped under DQ categories. Haug presented his analysis in terms
of DQ classifications. The frameworks reviewed by Cichy and Rass are listed in Table 2.
Three of these (TDQM, DQA, and AIMQ) featured in the review of Haug who also analysed
a number of other schema, including novel combinations of DQ dimensions.
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Table 2. Commonly used DQ frameworks analysed by Cichy and Rass [12]. Italicised text refers to

the same framework analysed also by Haug [8].

Commonly Used DQ Frameworks Reviewed

AIM quality (AIMQ) [16]
Comprehensive methodology for data quality management (CDQ) [17]
Cost-effect of low data quality (COLDQ) [18]
Data quality assessment (DQA) [19]
Data quality assessment framework (DQAF) [20]
A data quality practical approach [21]

Data quality methodology for heterogeneous data (HDQM) [22]
Hybrid information quality management (HIQM) [23]
Observe-orient-decide—act methodology for data quality (OODA DQ) [24]
Task-based data quality method (TBDQ) [25]

Total data quality management (TDQM) [26]

Total information quality management (TIQM) [27]

Although the reviews had different points of focus and different aims, their findings

are closely aligned in relation to the major issues encountered in the DQ frameworks

analysed, namely:

1.

Data quality is a multidimensional concept but there is little agreement on the DQ
dimensions it should comprise.

DQ dimensions are, in general, highly context dependent and vary with the type of
categorisation under consideration (such as access to data or data interpretability). In
addition, DQ dimensions are dependent upon the nature of the data entity (e.g., data
item, data field, data record, dataset, database, database collection, etc.) for which a
DQ dimension such as completeness may be specified in different terms.

DQ frameworks differ widely in the number of DQ dimensions they define (ranging
from a few to more than thirty). For structured data, commonly agreed DQ dimensions
are completeness, accuracy, and timeliness, followed by consistency and accessibility.
The relevance of all these dimensions and the exact meaning are however dependent
on the nature of the data entity. Moreover, structured data and unstructured data may
require quite different DQ dimensions (interpretability and conciseness, for example,
are more relevant for unstructured data).

DQ dimensions can have objective and subjective measures or a mix of both. Both
measures have their uses; some dimensions are either difficult to score quantitatively
or can only be performed so in specific data-application terms (in particular for
relevance- or presentational-type dimensions). The rigour of a measure (fitness-for-
use) is also data-application specific.

Whereas DQ frameworks represent different areas of application, widely different
frameworks can be used within the same application area.

DQ dimensions often overlap and do not have consistent interpretations resulting
in lack of clarity of how to map or measure quality dimensions in practical imple-
mentations. Moreover, the processes for assessing data quality differ significantly
depending on the mix of subjective/objective measures, the level of data granularity,
and the nature of the data (wWhether primary or derived).

Ensuring orthogonality of selected dimensions is important to avoid these overlapping
meanings and to ensure distinguishability.

Haug [8] made several recommendations for future DQ development initiatives that

included the need to clarify the focus of application, establish the relevant DQ dimen-

sions within distinguishable categories, specify the evaluation perspectives, make explicit
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the data entities and data structure, and clearly define the dimensions—especially with
consideration to existing definitions.

Other reviews in the realm of health data, examined DQ assessment methods and
provided useful cross matrices of assessment methods with various DQ dimensions [13,14].
Bian et al. [13] analysed 3 reviews, 20 frameworks, and 226 DQ studies; the authors
extracted 14 DQ dimensions and 10 assessment methods. Declerck et al. [14] analysed
22 reviews comprising 22 frameworks, 23 DQ dimensions, 62 definitions of DQ dimensions,
and 38 assessment methods; the authors mapped all the DQ dimensions to seven of the
nine dimensions of the data quality framework of the European Institute for Innovation
through Health Data. These reviews further highlight the lack of consensus regarding
the terminology, definition, and assessment methods for DQ dimensions. In consequence,
Declerck et al. [14] recommended that future research should shift its focus toward defining
and developing specific DQ requirements tailored to each use case rather than pursuing an
elusive quest for a rigid framework defined by a fixed number of dimensions and precise
definitions. The authors highlighted the need to complete the collection of aspects within
each quality dimension and elaborated a full set of assessment methods.

One further review compared the different data quality frameworks, listed in Table 3,
underpinned by regulatory, statutory, or governmental standards and regulations in various
domains [15].

Table 3. Data quality frameworks underpinned by regulatory, statutory, or governmental standards
and regulations in various domains, analysed by Miller et al. [10].

Regulatory/Statutory/Governmental DQ Frameworks Reviewed

TDQM [26]
ISO 8000 [28]
1SO 25012 [2]
Fair information practice principles (FIPPS) [29]
Quality assurance framework of the European statistical system (ESS QAF) [30]
UK government data quality framework [31]
Data management body of knowledge (DAMA DMBoK) [32]
IMF data quality assessment framework (DQAF) [33]
Basel Committee on banking supervision standard (BCBS 239) [34]
ALCOA+ principles [35]
WHO data quality assurance (DQA) framework [36]

This review also highlighted the prominence given to the quality dimensions of accu-
racy, completeness, consistency, and timeliness but noted the evolution of their meanings
across different domains. The authors emphasised the need for newer and more modern
quality dimensions to be recognised and integrated into all-purpose DQ frameworks to
keep pace with the needs of emerging technologies, such as Al systems based on LLMs.

A further issue relates to the “pervasive DQ problem”, highlighted by Karr et al. [37],
regarding the failure to distinguish clearly between original data attributes and derived
attributes calculated from original data, as well as to differentiate between the three hy-
perdimensions of data, process, and use. Regarding the latter, Chen et al. [38] observed
inadequate attention had been given to process and use. For the indicator-derivation use
case, understanding the quality of the processes involved has a major influence on the
quality of the resulting indicator.

2.1. Rationalisation of Quality Dimensions in a General Data Contextualisation Schema

Given these limitations of current DQ frameworks and to appreciate the ways in which
a data-holistic framework can address them, we start by considering the quality dimension
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wheel of Miller et al. [9], due both to the comprehensiveness of the dimensions captured
from many DQ frameworks and the hierarchical categorisation consequently proposed
by the authors (c.f. Table 1 for the first two levels of categorisation). The third level of
categorisation contains more than 240 terms, some of which are relatively synonymous
(e.g., “usability” and “useableness” in the Usefulness category) and others of which are
characterised by different levels of abstraction (e.g., “metadata” and “original” in the
Traceability category).

We next make a distinction between the quality dimensions relating more specifically
to data-application needs that are difficult to quantify generally and those that are objective
to the data themselves that are more amenable to quantification. The results are summarised
in Table 4, where the first column refers to data-application quality dimensions and the
second column to data-intrinsic quality dimensions. We have added into the second column
the relevant third-level terms that were before categorised under the second-level data-
application oriented quality dimensions. The first three terms in column 1 of the table will
generally have different metrics for different applications depending on the specific needs
of those applications. The fourth term “Quantity” could be argued as being intrinsic to the
data; however, the amount of data will be known from the general data contextualisation
attributes, and it is then an application requirement to understand if the quantity of the data
described is appropriate to its needs. We therefore treat it as a data-application dimension.

Table 4. Separation of the data-application types of DQ dimensions (left-hand column) from the
DQ model of Miller et al [9] and the re-inclusion of third-level terms that can be considered more
objective of the data themselves (right-hand column).

Associated Third-Level DQ Dimensions
That Can Be Considered Objective of the
Data Themselves

Second-Level Data Application
DQ Dimensions

Artificiality
Expandability
Usefulness Interoperability
Naturalness
Reusability
Uniqueness

Clean

Format
Information-to-noise ratio
Presentation

Semiotic

Structure

Transformation
Visualisation

Understandability

Efficiency Minimality

Coverage
Data volume

Quantity

For the remaining dimensions, we then identify the quality dimensions that can be
said to form part of a data entity’s general contextualisation information, as elaborated
under the FAIR data principle sub-levels [10]: F2—"data are described with rich metadata”;
A.2—"metadata are accessible”; I.1—"(meta)data use a formal, accessible, shared, and
broadly applicable language for knowledge representation”; 1.2—"(meta)data use vocabu-
laries that follow FAIR principles”; 1.3—"(meta)data include qualified references to other
(meta)data”; and R.1—"(meta)data are richly described with a plurality of relevant and
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accurate attributes”. Table 5 lists the associated second-level quality dimensions together
with the FAIR model sub-levels to which they relate.

Table 5. The quality dimensions that can be considered as forming an inherent part of the formal
contextual description of the data, as elaborated under the FAIR data principles.

Quality Dimensions Included from the Second-Level or
Third-Level Components of the DQ Model

Traceability (FAIR data principle 1.3)
Availability (FAIR data principle A.2)
Semantics (FAIR data principle .1, 1.2, R.1)
Accessibility (FAIR data principle A.2)
Currentness (FAIR data principle F.2)

It should be noted that also in this case some of the third-level terms categorised under
the second-level terms in Table 5 contain both application-specific dimensions and data-
specific dimensions. For example, Traceability includes application-specific dimensions,
such as “quality of methodology” and “translatability” as well as data-specific dimensions,
such as “source”, “provenance”, and “documentation”.

After the completion of these two steps, the second-level, data-intrinsic categories
that do not directly form part of the general data contextualisation attributes are shown

in Table 6.

Table 6. The remaining second-level data-intrinsic categories that do not directly form part of the
general data contextualisation attributes.

Quality Dimensions Included from the Second-Level or
Third-Level Components of the DQ Model

Governance
Portability
Recoverability
Confidentiality
Compliance
Credibility
Completeness
Consistency
Accuracy
Precision

2.2. Refactoring the Quality Dimensions in a Data Contextualisation Framework

On the premise that data-application-specific dimensions can be ascertained from
appropriately contextualised data, the dimensions listed in Tables 5 and 6 may therefore
be considered as forming the essential main complement of DQ dimensions in a data
contextualisation framework (with perhaps the addition of the third-level term “security”,
due to its importance for most data domains).

However, given that the dimensions in Table 5 can be factored into the general con-
textual information described under FAIR, we re-categorise the remaining dimensions of
Table 6 under four specific descriptive context spaces shown in Table 7. This allows them
to be developed in a relatively modular fashion independently of the other context spaces.
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Table 7. Association of the main DQ dimensions to context spaces within a data contextualisa-
tion framework.

Main Level DQ Dimensions to Be Contextualised

Data-Specific Context Spaces in a Data Contextualisation Framework

Governance Compliance

Data Governance Context Portability
Recoverability

Data Security Context Security

Confidentiality
Compliance
Credibility
Completeness
Consistency
Accuracy

Data Privacy Context

Data Quality Context

Figure 1 illustrates the context spaces and shows the separation of concerns between
describing a data entity and establishing the minimum requirements for a data entity by a
given data application.

Data Application

has minimum | <~ S~
requirement \ AR ~<

N
~a
! AN N "—‘I Data Governance Context

N
Y * “| Data Quality Context ‘

\ Y
\ | Data Security Context ‘

Data Privacy Context |

has context

Data Entity

Figure 1. Network graph showing the four specific DQ context spaces directly associated with a data
entity and the separation of the data entity’s DQ context from that of the data application.

Having rationalised the overall number of necessary DQ dimensions and elevated
the FAIR data principles to be the major driver in the general data context space, the next
task is to show how this concept can lead to the flexibility allowing an integration of DQ
descriptions within a single framework.

3. Results

In this section, we concentrate our attention on how the context spaces of Table 7 can
be implemented in practice and consider a few examples only of the general contextual-
isation attributes to provide an indication of how they can serve the DQ needs of data
applications since these are likely to be highly application-specific. We first demonstrate the
architectural aspects in Section 3.1 and then implement them in practice in an example in
Sections 3.2-3.4. In Section 3.5, we describe how the contextual information can be accessed,
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and in Section 3.6, we show how the ideas presented in the example can be used to address
application-related DQ needs. Finally, in Section 3.7, we summarise how the concepts can
be used to tackle the exigencies of the indictor use case described in the Introduction. It
is not our intention to be comprehensive, but merely to give a taste of the flexibility and
versatility of the approach and to show how this flexibility can address the requirements of
the indicator use case.

3.1. Implementing the Quality Dimensions in a Data Contextualisation Framework

Despite the explosion of references to the FAIR data guiding principles, we could not
find a generic data contextualisation framework apart from the semantic ontology-labelled
indicator contextualisation integrative taxonomy (SOLICIT) [39], which although mainly
addressed to contextualising indicators can in fact be used to contextualise any type of data.

SOLICIT is a generic ontology framework that can be extended at the domain level. It
uses standard metadata constructs according to the metamodel of ISO/IEC 11179 meta-
data registry standard [40]. It also inherits from the mid-level common core ontologies
(CCO) [41] and therefore benefits from many standard general classes and relationships
already defined. CCO are written in the web ontology language (OWL). Whereas the struc-
ture behind a data contextualisation framework is not critical if it supports the essential
relations and provides the necessary flexibility, the foundational element of an ontology
is extremely useful for defining relationships and concepts. Moreover, the ability to draw
on a well-established metadata standard aids interoperability and promotes scalability via
reuse of metadata terms.

In SOLICIT, the general data context space is provided by a set of semantic relations
and ontology classes which are used to provide contextual elements such as definitions,
descriptions, units of measurement/coding schemes, time periods, geospatial locations,
derivation methods, and links to any up-stream data sources used in the derivation of a
data entity. The operations are discussed at greater length in [39]. These relations can be
used to describe the type of information required to determine the quality dimensions of
Table 5 as outlined in Section 3.6.

SOLICIT provides the semantic relation “has context” that can be used to associate the
context spaces of Table 7. To illustrate this, we consider the “data quality context space”.
For the sake of argument, we retain four of the five inherent quality dimensions of the
model described in Section 1.1 (completeness, accuracy, consistency, and credibility—the
fifth quality dimension “currentness” is more appropriately handled in the general con-
textualisation elements). We do not necessarily need to restrict ourselves only to these
four dimensions or even be required to use them; SOLICIT allows us to add others at the
extended domain level and use only those dimensions that are necessary.

3.2. Data Quality Context

Figure 2 demonstrates how SOLICIT can be developed to incorporate the data quality
context space and quality dimensions. The components in the figure are coloured and
prefixed by an identifier referring to the ontology source in which it is curated (BFO, CCO;
IEO, AO refer to foundational ontology components and are depicted in orange font; ISO
11179 refers to SOLICIT’s ISO/IEC-11179-based components, depicted in black font, and
SLCT refers to SOLICIT’s own components, depicted in purple font). The prefix DQ refers
to classes (in blue font) added to SOLICIT to incorporate the quality aspects discussed
in Section 2.
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Figure 2. Network graph showing the attributes and relations of the data quality context class. The
graph has been elaborated for the “completeness” quality dimension. All components are coloured
and preceded by an identifier to identify the source of curation.

The “data quality context” class is created as a subclass of the “context space” class
which is itself a subclass of SOLICIT’s “context specifying data element” class. The “data
quality context” class is linked via the foundational ontology relation “has continuant part”
to the individual main dimensions of the space. The main dimensions form the container
for the quality indices of the associated sub-dimensions as illustrated in the figure for
“completeness”, where we have indicated one of the possible sub-dimensions referring to
“population completeness” (i.e., a dimension to measure the extent to which data captures
all the relevant entities in a defined population).

In the example given, the value of the “population completeness quality index” is
referenced by a foundational ontology annotation property “is tokenized by”, which is a
shorthand means of representing the values of individuals without tracking provenance [42].
The alternative would be to create an instance of the CCO class “information bearing entity”
that would contain the value and could also point to the unit of measure.

The method/algorithm for calculating the value is provided using the relation “is
input to” referencing a CCO “directive information content entity” or, by consequence, one
of its subclasses as shown in Figure 2 (in this case an “algorithm” class). The calculation
method here points to a URL that could reference a standard method for calculating a
population completeness quality index. The algorithm might itself be expressed in terms of
a standard template.

There is in essence no limit to how deep the subclassing may go, which permits
considerable flexibility in realising more specific definitions of the quality dimension in
cases where such granularity is required. At any given level, the metrics of each individual
quality metric can be rolled up into the quality index of the parent level using an algorithm
referenced at the parent level. This is shown in the figure for the “population completeness
quality index” and its parent “completeness quality index”, where the latter also references
a value and a calculation algorithm. The roll-up of quality indices can extend to the top
“data quality context” level. Figure 2 includes a further attribute of the “has continuant
part” (dotted-dashed line) pointing to the “quality index” class to illustrate this possibility.

In rolling up the quality indices to the main dimension level, it is important to ensure
the top-level quality dimensions are orthogonal to each other (i.e., independent) to avoid
cross-interference and allow the calculation of an independent quality label on each of the
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four dimensions (c.f. point 7 of the enumerated list provided in Section 2). This requirement
need not necessarily apply to the sub-dimensions since they can be given proportional
weightings with respect to their contribution to each of the top-level orthogonal dimensions
into which they feed. To achieve orthogonality in practice may not be easy, given the
different and overlapping interpretations of DQ dimensions. However, certain measures
can be taken to ensure delineation of terms through clear and explicit definitions of what
the dimensions include (and what they do not include in cases of ambiguity). Whereas
three of the four inherent DQ dimensions considered have good separation, there could
potentially be crosstalk between credibility and the other dimensions. The definition of
credibility needs therefore to be steered in meaning towards retaining independence from
the other dimensions. Thus, for example, a data entity may be deemed accurate since it can
be verified that a value is correct (accuracy dimension); however, the means of verifying
the value may not be optimal and thus the credibility dimension will capture this fact.

All the other main level-dimensions can be implemented in a similar way and other
main level dimensions can be defined at the domain or sub-domain level. Conversely, not
all dimensions need to be instanced where they are not relevant—Figure 2 applies just
to one data entity type, which is therefore free to specify and define the relevant quality
dimensions and sub-dimensions as well as the metrics for measuring them. Furthermore,
since a data entity in SOLICIT can point to the data element(s) from which it is derived [39],
the whole set of quality contexts become available across the data-process chain.

Moreover, given that a data entity is associated with a derivation process (c.f. Figure 3
of [39]), the process itself can also be associated with a quality context in a similar way,
allowing the process itself to be described with the appropriate quality dimensions and
thereby addressing the issue raised by Karr et al. [37], discussed in Section 2. Thus,
for example, a process involving the integration of datasets could reference the data-
cleaning method of Corrales et al. [43] addressing the issues of noise (encapsulating quality
dimensions associated with missing values, outliers, high dimensionality (number of
variables), imbalanced class, mislabelled class, and duplicate instances. These individual
dimensions would from subdimensions of the “noise” main dimension associated with the
process quality context and scored according to the associated metrics.

'has context' some 'Diabetes Domain Object "™'has context'

Class' hba1cSetDataPrivCntxt

'has stratification' some 'Case OC_Age_Five ™'has context' hbalcSetDQcntxt
Year Age Interval' ™:has context'

‘has stratification' some 'Case OC_HbA1c hba1cSetDataGovCntxt
Property_Percent Value' ™is output' hbalcRaw

'has stratification’' some 'Case OC_Sex_Sex ™ jescribes hbalcSetPrcs

MFX' =:participates in' (BFO:0000056)
'has stratification' some hba1cSetExtrctPrcs

'Diabetes_OC_Diabetes_Type_Diabetes
Type SNOMED code’

Indicator

'is a proxy for' some 'Diabetes Complicatons
Risk Factor'

represents some 'Crude Rate OC_HbA1c'
uses some 'Integer Value'
InformativenessCheck

Figure 3. Example of the contextualisation of the aggregated dataset described by the entity
“hbalcSet”, in terms of the syntax used by the Protégé OWL editor. The bottom highlighted line
results from the reasoning process described in Section 3.6.
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3.3. Practical Example

In this section, we demonstrate how some of the concepts described in the previous
section can be realised by way of a practical example. The example we show (Figure 3)
is of a rudimentary (i.e., not comprehensively described) diabetes indicator describing a
dataset of common data elements (CDEs), which provides aggregate results within a given
population of the haemoglobin A1C (HbA1C) stratified by sex, age, diabetes type, and
percentage value. HbAlc is an important blood test for assessing long-term metabolic
control in patients with diabetes [44]. The dataset is derived from a dataset containing the
individual readings. For this example, the domain refers to non-communicable diseases
(NCDs) and diabetes is a sub-domain. SOLICIT would therefore be extended to include
the NCD common components and the NCD extension would be extended further in
the diabetes domain to include the diabetes-specific components. Notwithstanding the
example’s relation to health and the consequence that the quality requirements may not be
relevant for other domains, it is merely intended to show how quality may be defined in a
data contextualisation framework.

In Figure 3, the left-hand column describes the types (essentially OWL classes) of
the instance (“hbalcSet”) of a SOLICIT Indicator class that describes the dataset. The
right-hand column describes the relations to other entities along the lines of Figure 2.

The contextualisation process is enumerated in the following steps:

1.  Create an individual (class instance) that has some sub-type of SOLICIT’s “context
specifying data element” class, which will be the container of the contextualisation
information (in the example—hbalcSet).

2. Create the complex class types for standard metadata components described in the
ontology using the ISO/IEC 11179 constructs (e.g., the stratification variables and the
ISO/IEC 11179 components associated with the individual).

3. Create a set of individuals to instance the various data quality classes, e.g., the relevant
contexts that have to be described (in our example, the data quality context, the data
governance context, and data privacy context) and reference them to the individuals
describing the associated quality dimensions (c.f. step 4).

4. Create the individuals for each quality dimension and reference them to individuals
describing the associated quality indices (c.f. step 5). The quality indices can reference
the quality indices of the upstream dataset from which the current dataset is derived.

5. Create the individuals describing the algorithm for calculating the quality metrics for
a given dimension.

6.  Steps 4 and 5 can be repeated to any level of sub-dimension required.

7. Create the remainder of the general contextualisation components, e.g., descriptions,
processes, data-extraction scripts, etc.

8.  Create a reference to the upstream dataset where relevant (hbalcRaw in the example).

Figure 4 shows an OntoGraf image of the complete set of relations between the various
individuals referenced by the example indicator in Figure 3 (class relations are not shown
to preserve clarity in the figure). The individuals at the top of the figure refer to general
contextualisation elements (upstream dataset, data extraction process, temporal and spatial
information). The middle three elements refer to the context spaces, where the data quality
context space has been amplified for the completeness dimension and its associated quality
index. The context spaces all reference “quality index specification” instances that in
turn reference algorithm instances defining the metrics to apply for a composite quality
index based on the individual quality indices of the sub-dimensions. Individual quality
indexes are specified at the lowest sub-dimension level; for example the three entities in the
penultimate row of the figure depict instances of a “population completeness quality index”,
a “record completeness quality index”, and a “data integration completeness quality index”,
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which each have specific algorithms for determining the respective dimensions (where
record completeness signifies the percentage of complete CDE records, and data-integration
completeness signifies completeness after integrating other datasets). The composite value
for the total completeness quality index is calculated taking all these indices into account
and applying the appropriate algorithm (which is referenced by the parent completeness
quality index entity). Since population completeness derives from the upstream dataset,
the quality index of the current dataset references the quality index of the upstream dataset.

* ¢ hbaicRaw # hbatcSet i~ @ hbaicSetExtrctP | # hbatcSetExtretS
rcs cpt
- N —
// ] \\
¢ . . -
- \ # hbatcSetPrcs |- —>—1 @ hbatcSetTmpral
L / N
e N
= ; hba1cSetSpatial
| @ hbatcsetDQcntxt # hbatcSetDataGov # hbaicSetDataPri ¢ Lt
—— Cntxt | vCnitxt J
# hbatcSetDQcompo
siteQldx # hbatcSetDQemplt e

nessDimnsn

. — 'has continuant part'
hba1cSetDQcompo

siteAlgrthm J @ hbatcsetDacmplt | | 4 hbatcSetDataGov # hbaicSetDataPri | ‘has input'

nessQldx J Ql Jl vQldx J . ,

is input to'

# hbaicSetDQemplt ¢ hbaicsetDataGov ( @ hbatcSetDataPri 'is output’
nessAlgrthm | Algrthm J VvAlgrthm J

— 'occupies spatiotemporal region'

# hbalcSetDQPopCm 4 hbaicSetRerdCmp 4 hbatcSetDQintgr — 'occupies temporal region'
pltQldx J | haiex J tnCmpltQldx J

— 'participates in'

5 describes
4 hba1cRawPopCmpl | @ hbatcSetRerdCmp # hbaicSetDQIntgr
1Qldx \ ItAlgrthm | | mCmpliagrthm |

Figure 4. OntoGraf image of the individuals associated with the contextualised dataset “hbalcSet”.

A composite quality index might also be required for the whole data quality context
(comprising a number of main-level DQ dimensions). This is illustrated in Figure 4 with
reference made from the entity “hbalcSetDQcntxt” (relating the to the entire data quality
context space) to a composite quality index entity. The data provider therefore has the
possibility to set up quality metrics at any stage in the quality-dimension hierarchy and roll
them up to composite values at any parent level, while the data user can use the composite
values or drill into the individual values to have more granularity.

3.4. Data Governance and Other Dedicated Contexts

A process similar to that followed for the data quality context can be applied to
all the other contexts (including the process-related ones) to build up a comprehensive
contextual description of the data. Both the data governance and privacy context draw
in our example from the methodology described by the privacy and ethics impact and
performance assessment (PEIPA) [45]. PEIPA is an interesting example of how individual
dimensions can be rolled up to a single metric. It contains 11 main dimensions that are
broken into several subdimensions and scored both at the subdimension level and the
main dimension level. Most of the dimensions could be made sub-dimensions of the data
governance context (e.g., accountability, collection and use, data handling, project approval
process) and the privacy context (e.g., consent, safeguarding, anonymisation) and scored
according to the PEIPA methodology. This would mean that the sub-dimensions of PEIPA
would become a second level of sub-dimensions under the context spaces.

The data governance context could also reference the federated data processes de-
scribed in [7] relating to the two-stage federated data quality assessment (FedDQA) method.
The metrics suggested in this method for scoring completeness, repeatability, accuracy,
consistency, degree of structuring, and timeliness could then be referenced by the associ-
ated data quality context in the manner described in Section 3.2. Furthermore, the quality
improvement processes of other DQ frameworks could form part of the data governance
context and be referenced from it.
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In addition, quality contexts can as easily well be applied to components of the general
context fields. For example, one of the latter concerns the entity geospatial region. A context
space could be referenced from this entity via a “has context” relationship and point to the
ontology-based spatial data quality assessment framework of Yilmaz et al. [46].

3.5. Retrieving the Contextual Information

Once the data has been contextualised in this manner, all the related information is
retrievable and since it is defined in terms of internationalized resource identifiers (IRIs), it
can be dereferenced as a whole or on a need-to-know basis.

Dereferencing the information is a relatively straightforward task that can be per-
formed by drilling into the contextual information via description logic (DL) or SPARQL
queries. Table 8 shows the results of a simple SPARQL query (1) to find the context spaces
referenced by our example. The prefixes of the table entries refer to namespaces.

SELECT ?Pred ?0Obj WHERE {do:hbalcSet ?Pred ?Obj . ?0bj rdf:type slcto:Context_Space . } (1)

Table 8. Results of SPARQL query (1) showing the context spaces referenced by the “hbalcSet” entity.

Pred Obj
slcto:has_context do:hbalcSetDQcntxt
slcto:has_context do:hbalcSetDataGovCntxt
slcto:has_context do:hbalcSetDataPrivCntxt

Each of the context spaces can then be dereferenced further; for example, Table 9
shows the results of the SPARQL query (2) to find the quality dimensions referenced by the
data quality context entity “hbalcSetDQcntxt” in Table 8.

SELECT ?Pred ?Obj WHERE {do:hbalcSetDQcntxt ?Pred ?Obj . ?Obj rdf:type slcto:Quality_Dimension . } (2)

Table 9. Results of SPARQL query (2) showing the quality dimensions referenced in the data quality
entity “hbalcSetDQcntxt”. The relation “BFO_0000178" refers to the relation “has_continuant part”
(following the principles of the OBO Foundry [47]).

Pred Obj
obo:BFO_0000178 do:hbalcSetDQcmpltnessDimnsn

The querying process may be performed via a recursive search (using an appropriate
OWL APl interface such as OWL-API or Owlready?2) to return all the contextual information
describing a dataset (including all the contextual information contained in the whole
data chain). Alternatively, information may be dereferenced on a need-to-know basis by
querying the relevant subset of entities as shown in Tables 8 and 9. Moreover, since many of
the contextualisation entities are sub-typed from the ISO-IEC 11179 tripartite data element,
more information can be gleaned from the respective definitions. This would allow users
a comprehensive overview of any contextual element, including definitions, references,
permissible data values, etc.

3.6. Distinction Between Data-Application Quality Requirements and Data-Entity Quality

We purposefully decoupled the way in which the underlying quality of a data entity
is described from the way in which a data application prescribes its quality needs. We have
focused mainly on the former since the requirements of the latter are generally specific to
the data application.
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However, a FAIR-oriented framework can provide some objective means of determin-
ing what are otherwise quite subjective measures. As an example, it is possible to provide
some quantitative means of measuring the dimension “Understandability”. For instance,
a data application would itself define what understandability meant for its particular
context and then could award points and weightings for the presence of certain descriptive
attributes describing standard relations such as “has description”, “has scope”, “has exam-
ples of use”, “has data structure”, etc. The query outputs could be parsed automatically to
find the attributes found and then scored and weighted accordingly to provide an overall
measure. The strength of a framework such as SOLICIT is that it is built on a coherent set of
attributes inherited from common standards and building blocks that facilitate the construc-
tion of general queries to determine such information. The same process can be followed
for the other three dimensions in the first column of Table 4. The dimension “Usefulness”
could query the descriptive relations concerning scope, description, and the temporal and
spatial extent of the data. The dimension “Efficiency”, depending on the needs of the data
application and the associated data entity/entities employed, could dereference the chain
of processes and timestamps to any desired point and make some quantitative measure
based on the processing time. Finally, the dimension “Quantity” could dereference relations
associated with data completeness, size of data entity, geolocation, and time periods.

Furthermore, given the extent and linkage of the contextualised information, auto-
mated Al tools could be used to digest the data and provide reasoned sets of metrics.
The advantage is that the contextualisation entities are structured and formalised in DL
providing reasoning engines a more straightforward task in making associations without
having to formulate their own contextual grids on the parsed textual information.

Although more restrictive, reasoning could also be performed within the ontology
itself based on the axiomatic logic. The highlighted bottom line in Figure 3 shows how the
entity “hbalcSet” contextualising our data entity example has been classified by an ontology
reasoner (ELK) under the class “InformativenessCheck” to provide some indication that the
dataset provides a level of associated information. Figure 5 gives the reasoner’s explanation
for the classification, with explicit reference to the rule on the penultimate two lines. The
rule requires the presence of at least the attributes “represents”, “uses”, and “describes”.
Rules such as this can be constructed to express minimum acceptance requirements for data,
based on the presence of descriptive attributes. More complex rules can be defined but
depending upon the logical operators employed, reasoning speeds could be a limiting factor.
The ELK reasoner performs very efficiently but is restricted to a subset of logical operators
(conjunction, existential restriction, and complex role inclusions). Greater expressivity
would require use of other reasoners (e.g., Fact++, Hermitt, Pellet, etc.), and each has their
strengths and limitations [48]. An alternative is to handle reasoning using a computer
programme interfacing with the ontology in one of the OWL APIs.

Explanation for: hba1cSet Type InformativenessCheck
hbalcSet Type uses some 'Integer Value'
'Integer Value' SubClassOf 'ISO 11179 Value Domain’
hba1lcSet Type represents some 'Crude Rate OC_HbA1c'
'‘Crude Rate OC_HbA1c' SubClassOf 'ISO 11179 Data Element Concept'
hba1icSet describes hbalcSetPrcs

(represents some 'ISO 11179 Data Element Concept’) and (uses some 'ISO 11179 Value
Domain') and (describes some process) SubClassOf InformativenessCheck

hba1cSetPrcs Type process

Figure 5. Explanation provided by the ontology reasoner for classifying the entity “hbalcSet” under
the minimum requirement for an informativeness quality dimension.
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3.7. Application of the Concepts to the Indicator Use Case

Considering the seven points listed for a contextualisation paradigm for indictors
described in the Introduction, we have been able to show the ability of a user or an in-
telligent agent to drill into the context down to the granularity provided by the data
provider using standard tools that can be automated. The linkage and descriptions
of each metadata element dereferenced can be used to draw further connections and
associations. For example, the description of our HbAlc example can reference—via
the simple knowledge organization system (SKOS) relations established in the con-
textualisation parameters described in [39]—terminology servers such as the System-
atized Nomenclature of Medicine Clinical Terms (SNOMED CT) by pointing to the URI:
http:/ /purl.bioontology.org/ontology /SNOMEDCT /43396009 (accessed on 12 August
2025). It could also link to other resources such as the logical observation identifiers names
and codes (LOINC) to reference the LOINC code 4548-4 or other LOINC codes for HbAlc
measurements with different precision. These standard codes than can be used to match
other resources that LLMs or other Al tools could use to make further associations in
relation to the quality of a data entity against standard definitions.

We have also shown how it is possible to set up quality contexts on a per-data-entity
basis and provide the freedom for the data provider to specify and tailor the quality
dimensions and metrics relevant for the data entity. This freedom extends to creating
further dimensions where required providing a scalable framework to deal with new data
paradigms. The quality context can just as easily be applied to a data process. These
contexts can be integrated across a whole data chain as discussed in Section 3.1 to provide
composite measures of quality that can be unpacked into the individual measures.

The versatility of the approach would have many uses, particularly in linking re-
lated datasets from different domains and providing some qualitative understanding of
how the datasets could be integrated based on the contextual descriptions and quality
parameters provided.

4. Discussion

The work we have presented here resulted from our difficulty in finding an appropriate
DQ framework to apply to the use case described in the Introduction. This prompted our
reflection on what sort of DQ framework would work for a chain of data processing
stages where data users could have access to the quality metrics of each stage, where
the quality dimensions and metrics would likely be described and measured in different
ways depending upon the data entity type. Additionally, since DQ requirements depend
critically on the purpose of the data application, data users should have more granular
access to the underlying factors contributing to a quality label that might either be too strict
for some applications or too loose for others.

By taking a holistic view of data, a data contextualisation framework has the inherent
means to address many of the limitations described in Section 2 and allow the flexibility to
specify data quality in the most appropriate way for any given data entity without being
prescriptive. It also decouples the intrinsic quality dimensions of the data from those of
the data application, allowing many applications to use the same data and make their own
conclusions about the data’s fitness-for-use and facilitating secondary-data usage.

In view of the overall lack of data contextualisation tools, we extended the SOLICIT
framework to show how such a framework could implement data quality in a prag-
matic way. This was not intended as a comprehensive demonstration, but rather to show
some of the advantages of addressing data quality in this way. Nor does the approach
preclude using elements of existing DQ frameworks since SOLICIT is able to reference
external methodologies.
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The data contextualisation approach addresses several important principles high-
lighted in the reviews of DQ frameworks, the following in particular:

1. Ithas relevance to the particular quality dimensions of the data entity being described.
For example, completeness is relevant only for certain data entities; it does not carry
any meaning for an atomic data type. Completeness can itself be differentiated by
concepts such as population completeness, record completeness, data-integration
completeness, etc. Since the contextual information is described for a particular data
entity, the semantic links are free to change with the type of data entity and to describe
only the quality dimensions that are meaningful.

2. It provides the means of describing how a given quality dimension is calculated. SO-
LICIT provides the functionality to reference a procedure, rule, or algorithm regarding
the calculation of any given dimension, also at a composite level. This could be a stan-
dard algorithm or a specific one for the needs and could accommodate unstructured
data with the associated relevant dimensions and related metrics [49,50].

3. Itallows a data entity to associate with any number of context spaces and any number
of dimensions within those context spaces. As such, it is not prescriptive but only
provides a generic framework that can be applied to the specificities of the type of
data entity and data structure. It can therefore support structured and unstructured
data, objective and subjective quality metrics, and describing data entity types from
an atomic level to dataset level and beyond.

4. It can deal with quality of processes in exactly the same way as it deals with quality of
data through the association of quality contexts, quality dimensions, and quality indices.

Wider consensus is however necessary on the nature of the context spaces and on the
main-level DQ dimensions they contain. The latter (with some interchanges) were taken
from the model of Miller et al. [9] and supplemented with the missing FAIR dimensions.
Consensus is also required on the sub-dimensions.

We have nevertheless shown how different dimensions and metrics can be applied
to different data entity types within the same framework in a way that is not prescriptive
and yet uses a standard set of relationships. We have shown how such a framework could
address a chain of data-processing stages and provide provenance of data quality and,
most importantly, we have shown a means of integrating data quality with the FAIR data
principles in a practical tool.

An important aspect on which we have only touched concerns the possibility of
applying learning methods to the contextualised data. As LLMs develop and become
more established, the structured means of linking and describing data through standard
methodologies would allow such methods quickly to assimilate the entire data ecospace
and position the data in an expanded context that could potentially bridge and link do-
mains. Until there are semantic processing languages that can sequentially process natural
language inputs and return consistent results [51], the formal contextual constructs of an
ontology-based data contextualisation framework will be an important element for LLMs
to return consistent results. In this regard, describing the quality of data in a way that
would allow comparisons of quality parameters over heterogeneous datasets would be a
critical component in ascertaining the suitability of reasoning on combined data.

Limitations and Future Research Directions

We have only skirted the discussion on the exact description of quality dimensions and
have not considered any of the possible metrics for measuring them since this was out of our
immediate scope. The data contextualisation framework we have introduced is agnostic of
such issues and is free to reference any particular methodology and any mappings between
them. One of the strengths of the framework we used is that it is extendible at a federated
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domain and sub-domain level and can consequently be tailored to domain-specific needs
without strict constraint to any prescribed formulation. We hope to address these more
pragmatic concerns when contextualising DQ parameters in a real-world indicator as a
following step.

We have not considered the real-time data flow processes in the model, but the
consolidated data in terms of average measures over a time-period (forming a static dataset)
could be contextualised in the manner described in Section 3 and average latency could
form one of the associated quality dimensions [5].

We have only described in a precursory way how the DQ requirements of a data user
or data application could be specified. Our view is that since these will be quite subjective
matters, it would be difficult to quantify them in a rigorous way. Data appropriate for one
application may not be appropriate for another. However, the quality indices introduced
in the SOLICIT framework provide the means of understanding how a quality score has
been determined. The subjective dimensions can be ascertained from the set of general
contextual relations describing such aspects as the scope, purpose, definitions of variables,
timestamps, geolocation, measurement units, biases, processing steps, etc.

Finally, the work we have undertaken here highlights the general lack of data con-
textualisation frameworks without which the possibility of realising fully FAIR data is
limited. A suitable framework should offer a comprehensive set of standard attributes
to contextualise data of widely differing characteristics in a wide variety of domains as
touched upon at the beginning of the Introduction. It should not be prescriptive but permit
the addition of new dimensions as new data paradigms become available without any
major refactoring work. It should also allow for the description of data processes and
references to original data from which the data have been derived. Whereas SOLICIT goes
someway to fulfilling these requirements, it is not an easy framework to use and requires
knowledge of concepts that are not straightforward to assimilate especially in the integra-
tion of CCO and ISO/IEC 11179. This could be aided by the development of a graphical
user-interface to present the ontology classes in a simplified and more intuitive way as
well as to avoid integrity issues when editing the ontology directly. The implementation
of SOLICIT in an operational environment would require development and maintenance
of the ontology extensions at the domain level. In this regard, SOLICIT is no different to
CCO; however, it would require some familiarity with the concepts of the ISO/IEC 11179
metadata registry standard. Nevertheless, in view of the lack of other tools, SOLICIT does
furnish a general-purpose data contextualisation framework that can be extended at any
domain level allowing the standardisation of quality aspects according to a philosophy
grounded on the four foundational principles of FAIR data.

5. Conclusions

The growing importance of interconnected data requires a means of adequately de-
scribing the veracity of the underlying data components. Although instrumental in their
specific points of focus, existing DQ frameworks are generally context and data-entity
dependent. They also tend to disagree on the quality dimensions that should be included.

The lack of convergence to a single DQ framework motivates the quest for an inte-
grated approach. We have attempted to show from the foregoing arguments that many
of the contentions between different DQ frameworks can be resolved by decoupling the
associated dependencies and dealing with them at an appropriate level of abstraction.
A critical step in this regard is to switch the focus from a model that views everything
about data as a quality issue to a more holistic data-centric approach that addresses the
chief motivation of data reusability from the point of view of the FAIR data principles and
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allows the quality to be assessed from comprehensive contextual information provided
as metadata.

A framework developed along these lines allows a separation between data-
application requirements and a description of the actual data, which avoids the need
to describe the quality of data according to different frameworks dependent on the type
of data and the type of data application. It also results in a simpler model since most of
the quality dimensions considered in DQ frameworks can be resolved into general data
contextualisation components.

In view of the general lack of data contextualisation frameworks, we hope the ideas
presented here will engender further debate and research on an issue that has far-reaching
implications, especially in the linkage of datasets across different domains.
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Abbreviations

The following abbreviations are used in this manuscript:

API Application programming interface

BFO Basic formal ontology

CCO Common core ontologies

CDE Common data element

DQ Data-quality

DL Description logic

FAIR Findable, accessible, interoperable, reusable

IRI Internationalized resource identifier

LLM Large language model

LOINC Logical Observation Identifiers Names and Codes
NCD Non-communicable disease

OWL Web ontology language

PEIPA Privacy and ethics impact and performance assessment
SKOS Simple knowledge organization system

SNOMED CT  Systematized Nomenclature of Medicine Clinical Terms
SOLICIT Semantic ontology-labelled indicator contextualisation integrative taxonomy
SPARQL SPARQL query language

URI Uniform resource identifier

URL

Uniform resource locator
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