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Abstract

Data quality is fundamental to scientific integrity, reproducibility, and evidence-based
decision-making. Nevertheless, many datasets lack transparency in their collection and
curation, undermining trust and reusability across research domains. This narrative review
synthesizes scientific and technical literature published between 1996 and 2025, comple-
mented by international standards (ISO/IEC 25012, ISO 8000), to provide an integrated
overview of data quality frameworks, governance, and ethical considerations in the era of
Artificial Intelligence (AI). Sources were retrieved from PubMed, Scopus, Web of Science,
and grey literature. Across sectors, accuracy, completeness, consistency, timeliness, and ac-
cessibility consistently emerged as universal quality dimensions. Evidence from healthcare,
business, and public administration suggests that poor data quality leads to substantial
financial losses, operational inefficiencies, and erosion of trust. Emerging frameworks
are increasingly integrating FAIR principles (Findability, Accessibility, Interoperability,
Reusability) and incorporating ethical safeguards, including bias mitigation in AI systems.
Data quality is not solely a technical issue but a socio-organizational challenge that requires
robust governance and continuous assurance throughout the data lifecycle. Embedding
quality and ethical governance into data management practices is crucial for producing
trustworthy, reusable, and reproducible data that supports sound science and informed
decision-making.

Keywords: data quality; data governance; FAIR principles; ISO/IEC 25012; data lifecycle;
artificial intelligence ethics; healthcare data

1. Introduction
In today’s data-driven world, data quality has become a decisive factor in advanc-

ing science, ensuring reliable decision-making, and achieving organizational success. In
healthcare, business, and public administration alike, low-quality data can lead to flawed
conclusions, wasted resources, and significant social and economic harm [1–4]. Data qual-
ity is commonly understood as the extent to which data are “fit for use” in supporting
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operations, planning, and decision-making [5,6]. This definition highlights that quality is
not an absolute property but a context-dependent attribute that must be assessed relative
to specific goals and users.

Frameworks such as ISO/IEC 25012 and ISO 8000 define data quality in terms of
dimensions, including accuracy, completeness, and consistency [7–9].

Most studies treat technical, ethical, and sectoral aspects of data quality separately.
Integrated approaches remain scarce [10–12]. This fragmentation hinders practitioners who
must navigate disparate studies to implement comprehensive data management practices.

This review synthesizes literature on data quality across three domains: standards,
sectoral applications (e.g., healthcare, CRM), and emerging links with governance, ethics,
and AI.

This principle is critically important for research, as ensuring data quality is a prereq-
uisite for transparency, reproducibility, and accountability in the scientific process. Robust
data quality practices enhance the traceability of datasets and the credibility of scientific
conclusions, aligning with broader initiatives such as the FAIR principles, which stipulate
that data should be Findable, Accessible, Interoperable, and Reusable.

This narrative review offers a unique contribution by synthesizing three areas that
are seldom connected: established theoretical frameworks, practical applications in the
business world, and emerging trends such as ethical governance and the use of Artificial
Intelligence (AI) in data management. Unlike works that focus on a single dimension, this
review offers a holistic perspective that connects technical challenges with their organiza-
tional and ethical implications, underscoring their direct impact on scientific reproducibility
and strategic decision-making.

Data quality is typically assessed through a set of measurable dimensions—accuracy,
completeness, consistency, timeliness, relevance, and validity—which collectively provide
a framework for identifying and addressing potential issues [10,13,14]. These dimensions
are widely applied across domains, including Customer Relationship Management (CRM).
In SMEs, for example, failures in CRM implementation have often been linked to poor data
quality—particularly in terms of accuracy, consistency, and completeness—underscoring
the importance of robust evaluation tools and processes [12].

2. Material and Methods
2.1. Review Design and Reporting

We conducted a comprehensive narrative literature review to synthesize the evolution
of data quality concepts, frameworks, and practices, explicitly bridging academic theory
and industry- and standards-based practices. Reporting adheres to good-practice elements
for transparent search descriptions (PRISMA-S items, where applicable). The time window
was 1996–2025, chosen to capture foundational work (e.g., the consumer-centric “fitness for
use” perspective emerging in the mid-1990s) and contemporary developments in AI, ethics,
and standards; searches were last updated on 8 October 2025. No protocol was registered,
given the narrative (non-systematic) design.

Rationale for Methodological Choices

We adopted a narrative rather than a systematic review design for several reasons.
First, the field of data quality spans diverse domains (healthcare, business, public admin-
istration, software engineering) with heterogeneous methodologies that preclude meta-
analytic synthesis. Second, our objective was conceptual integration—connecting theoreti-
cal frameworks (ISO standards, academic models) with practical applications and emerging
trends (AI, ethics, FAIR)—rather than estimating quantitative effects. Third, we deliberately
included grey literature (ISO/IEC standards, technical reports) alongside peer-reviewed
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articles to capture industry practices and normative frameworks that systematic reviews
typically exclude.

The 1996–2025 timeframe was chosen strategically to encompass three critical periods:
(1) the foundational consumer-centric perspective of data quality [15]); (2) the formalization
of international standards (ISO 8000 series, 2011–2015; ISO/IEC 25012); and (3) contempo-
rary developments in AI ethics, governance frameworks, and FAIR principles for research
data (2015–2025). This 29-year window captures both the field’s historical evolution and its
current state.

Database selection balanced comprehensiveness with relevance. PubMed/MEDLINE
provides coverage of biomedical and health sciences, while Scopus offers a multidisci-
plinary breadth with strong indexing of computer science and business literature. Web
of Science ensures access to high-impact journals across disciplines, and Google Scholar
facilitates the discovery of grey literature, preprints, and non-indexed sources. Together,
these sources cover the theoretical, applied, and standards-based literature essential to our
synthesis.

2.2. Information Sources

We searched four sources: PubMed/MEDLINE, Scopus, Web of Science Core Collec-
tion (WoS), and Google Scholar. To ensure comprehensive coverage of practice frameworks
and technical specifications, we supplemented database searches with standards and grey
literature (e.g., ISO/IEC 25012, ISO 8000) from relevant standards bodies and agencies.

2.3. Search Strategy

Search strings combined controlled vocabulary (where available) and free-text terms
for the core concepts: data quality/information quality, dimensions, governance/ethics,
and FAIR/standards.

PubMed (Title/Abstract + MeSH):
(“data quality” [MeSH] OR “data quality” [tiab] OR “information quality” [tiab])

AND (“Artificial Intelligence” [MeSH] OR “Artificial Intelligence” [tiab] OR AI [tiab]) AND
(governance [tiab] OR ethics [tiab] OR FAIR [tiab])

Filters: 1996–2025; no language restriction. To align with the inclusion criteria (i) and
focus the narrative synthesis, the search results were pre-filtered using the following
“Article Types”: “Review”, “Systematic Review”, and “Meta-Analysis”.

Scopus (TITLE-ABS-KEY):
TITLE-ABS-KEY ((“data quality” OR “information quality”) AND (“Artificial Intelli-

gence” OR “AI”) AND (governance OR ethics OR FAIR)) AND (PUBYEAR > 1995 AND
PUBYEAR < 2026) Results were pre-filtered by “Document Type” to include “Review”.

To supplement the search and align with the inclusion criteria for conference papers
and grey literature, the Scopus search was expanded. Using the same search string, an
additional search was conducted and bulk-exported using the “Secondary documents”
filter, which Scopus uses to categorize publications such as conference proceedings and
book chapters. The “Preprint” (Beta) tab was also queried; however, as this section lacked
a bulk export function, its results (N = 67) were manually screened by title for relevance.
Potentially relevant preprints were then imported individually into EndNote for inclusion
in the formal screening process.

Web of Science (TS Topic):
TS = (“data quality” OR “information quality”) AND TS = (“Artificial Intelligence”

OR AI) AND TS = (governance OR ethics OR FAIR) Timespan: 1996–2025; Indexes:
SCI-EXPANDED, SSCI, A&HCI, ESCI. To ensure methodological consistency with the
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PubMed search, these results were pre-filtered using the “Document Type” filter for
“Review Article”.

Google Scholar (broad discovery; first ~200 results screened):
(“data quality” OR “information quality”) AND (“Artificial Intelligence” OR “AI”)

AND (governance OR ethics OR FAIR) Backward/forward citation chasing of sentinel
papers and targeted searches on standards/agency sites supplemented all queries.

Search String Development and Validation

Search strings were developed iteratively through pilot searches and refined based
on retrieved results and expert consultation among the author team. The search strategy
combined three core concept blocks to ensure comprehensive coverage: data quality ter-
minology, application domains and frameworks, and emerging themes such as artificial
intelligence, governance, and FAIR principles. This multi-faceted approach allowed us to
capture both foundational literature and contemporary developments.

For PubMed, we employed both Medical Subject Headings (MeSH) controlled vocab-
ulary and free-text keywords to maximize sensitivity while maintaining specificity. The
search combined terms related to data quality (“data quality” [MeSH] OR “data quality”
[tiab] OR “information quality” [tiab]) with methodological and conceptual terms (“dimen-
sions” [tiab] OR “framework” [tiab] OR “assessment” [tiab] OR “management” [tiab]), and
domain-specific or thematic keywords (“healthcare” [tiab] OR “CRM” [tiab] OR “business”
[tiab] OR “governance” [tiab] OR “FAIR” [tiab] OR “artificial intelligence” [tiab] OR “AI”
[tiab]). Publication date filters were set to 1996–2025, and article type filters restricted
results to Review, Systematic Review, and Meta-Analysis to align with our inclusion criteria
and focus on synthesis papers rather than primary empirical studies.

For Scopus and Web of Science, we adapted the search strategy using platform-specific
field tags. In Scopus, we used TITLE-ABS-KEY to search titles, abstracts, and keywords,
whereas in Web of Science, we used the TS (Topic) field. To maintain consistency across
databases, we applied document type filters, selecting “Review” in Scopus and “Review
Article” in Web of Science. These filters ensured that our results were comparable and
focused on synthesizing literature across all platforms.

Google Scholar searches employed simplified query strings due to platform limitations
and the absence of advanced filtering options. We screened the first 200 results, ranked
by relevance, a pragmatic approach commonly adopted in reviews that incorporate grey
literature. Citation chasing—both backward (reference lists of key articles) and forward
(articles citing seminal works)—supplemented database searches to identify foundational
papers and recent applications that might not surface through keyword searches alone.

No language restrictions were applied to maximize coverage, though non-English
articles were primarily identified through their English abstracts. Date filters (1996–2025)
were consistently applied across all platforms.

2.4. Eligibility Criteria

Inclusion:

(i) peer-reviewed articles, reviews, or conference papers that explicitly define, model,
assess, or manage data quality;

(ii) standards or technical reports describing data-quality frameworks or dimensions;
(iii) sectoral applications (healthcare, business/CRM, public administration) illustrating

implications for decision-making, governance, ethics, or FAIR/reproducibility.

Exclusion:

(i) opinion/editorial pieces without methodological detail;
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(ii) works focused solely on cybersecurity or privacy without a substantive data-
quality component;

(iii) non-scholarly web content lacking sources;
(iv) duplicates and superseded versions;
(v) articles in which “data quality” was addressed only as routine data cleaning within the

methodology of a specific empirical study (e.g., dietary intake and cancer association
studies) without contributing to broader conceptual, methodological, or framework-
oriented discussions of data quality.

2.5. Screening and Selection

All records were exported and deduplicated using EndNote version 20 and then
exported to the app new.rayyan.ai. Screening proceeded in two stages: (1) title/abstract
screening for relevance, followed by (2) full-text assessment to confirm eligibility. Screening
was performed in duplicate (MGA, LGA); disagreements were resolved by discussion, with
senior author adjudication (FGG or IAO) as needed.

2.6. Data Extraction

A piloted form captured bibliographic data, sector, and study type; definitions of
data quality; dimensions and measurement approaches; governance/ethical components;
alignment with FAIR/standards (ISO/IEC 25012, ISO 8000); tools/metrics; and reported
outcomes/use-cases. Extraction was conducted independently by two reviewers with
consensus adjudication.

To ensure the systematic and consistent extraction of information from included
sources, we developed a structured data extraction form, which was piloted on 10 randomly
selected articles and iteratively refined based on feedback from the extraction team. The
form captured multiple categories of information: bibliographic details (authors, year,
journal, DOI), study characteristics (domain, design, sample size or scope), definitions and
conceptualizations of data quality, specific dimensions addressed (accuracy, completeness,
timeliness, etc.), frameworks or standards referenced (such as ISO 8000, ISO/IEC 25012, or
FAIR principles), methods used for data quality assessment or assurance, governance or
ethical considerations discussed, and key findings and stated limitations.

Data extraction was performed in Microsoft Excel for Microsoft 365 Apps for enterprise,
Version 2509 (Build 19231.20216), Current Channel (Microsoft Corporation, Redmond, WA,
USA). One reviewer initially extracted each article, and a second reviewer independently
verified it. Discrepancies or ambiguities were flagged for discussion and resolved through
consensus or, when necessary, consultation with a senior author. This dual-extraction and
verification process enhanced the reliability and completeness of extracted data.

For grey literature sources, including international standards documents (e.g., ISO
8000 series, ISO/IEC 25012) and technical reports from standards bodies or governmental
agencies, we extracted normative definitions, prescribed dimensions and metrics, imple-
mentation guidance, and any case examples or sector-specific applications. We carefully
recorded version numbers, publication years, and issuing organizations to ensure accurate
citation and to distinguish between different editions or updates of the same standard.

2.7. Quality Appraisal and Source Credibility

Given the conceptual/standards-oriented scope, formal risk-of-bias tools for interven-
tional/observational studies were not applicable. Instead, we appraised source credibility
(peer review, issuing body for standards), recency, scope/transferability, and internal coher-
ence of frameworks. For empirical applications, we documented design features germane
to interpreting data-quality claims.
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2.8. Synthesis Methods

Due to heterogeneity, we used thematic synthesis. Two reviewers independently coded
texts, refined a shared codebook, and grouped findings into: (1) definitions/dimensions;
(2) standards/formal frameworks; (3) governance and ethics; (4) FAIR and reproducibil-
ity; (5) sectoral applications; (6) assurance methods/tools. Themes were mapped to a
conceptual schema that links data quality, governance/ethics, and FAIR principles to
reproducibility and decision-making.

Software and Tools

Reference management and deduplication were performed using EndNote (Clarivate
Analytics, Philadelphia, PA, USA) for initial import and automated duplicate detection,
followed by manual verification in new.rayyan.ai. This process facilitated collaborative
screening through shared libraries and manual tagging, and reasons for exclusion were
documented for transparency and traceability.

Data extraction and synthesis were carried out using Microsoft Excel 365. Qualitative
coding followed an iterative codebook approach: themes were identified from an initial
subset of articles, refined through team discussions, and then systematically applied to
the entire corpus. Codes were managed in parallel Excel workbooks by two indepen-
dent reviewers (MGA, LGA), which were periodically merged and reconciled to resolve
discrepancies and ensure uniform application of the coding framework.

We did not employ specialized systematic review software, such as Covidence or
DistillerSR, as our narrative design did not require features specific to systematic reviews,
including automated risk-of-bias assessment tools, meta-analytic capabilities, or standard-
ized reporting templates for intervention studies. The selected tools provided sufficient
functionality for the transparent and reproducible management of a narrative synthesis,
while maintaining accessibility and cost-effectiveness for our research team.

2.9. Grey Literature and Standards Handling

Standards and technical reports (e.g., ISO 8000; ISO/IEC 25012) were treated as author-
itative grey literature and included if they defined data-quality constructs or prescribed
assessment/assurance requirements. Version and year, as well as scope, were recorded and
cross-walked against academic frameworks.

2.10. Data Management and Reproducibility

The findings were synthesized thematically, highlighting dimensions, methodologies,
and applications of data quality.

3. Definitions and Frameworks of Data Quality
3.1. Standards and ISO 8000

ISO 8000, the international data quality standard, originated in the NATO Codification
System (NCS), a framework for cataloging material items with uniform descriptions and
codes that improves inventory management and supply chain efficiency [16]. In 2004,
NATO Allied Committee 135 and the Electronic Commerce Code Management Association
(ECCMA) formalized its promotion as the basis for an international standard. This collabo-
ration led to ISO 8000, which built on the NCS’s emphasis on precise, standardized data
descriptions and management practices, refined over decades [7,14,16].

ISO 8000 defines quality data as “portable data that meets stated requirements” [7].
Data must be separable from a software application (portable) and comply with explicit,
unambiguous requirements set by the user or consumer [7]. The standard provides com-
prehensive frameworks for both conceptualizing and measuring data quality [8], thereby
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aligning with broader initiatives in data portability and preservation, and enabling organi-
zations to define, request, and verify data quality using standard conventions [8].

Complementing ISO 8000, ISO 25012 provides a foundational model with 15 di-
mensions of data quality, including accuracy, completeness, consistency, and traceability,
initially designed for software but now widely applied across domains [9].

3.2. Frameworks

Wang and Strong developed a widely used framework with four dimensions: [15]
(Table 1)

Table 1. Comparison of Major Data Quality Definitions and Frameworks (1996–2024). The table
contrasts consumer-oriented conceptual models with formal international standards, highlighting
key dimensions and practical applications across different organizational contexts.

Source/Standard Definition of Data Quality Key Dimensions/Emphasis Notes

Wang & Strong [15] Data quality is data that is fit for
use by data consumers

Intrinsic (accuracy, objectivity)
Contextual (relevance,
timeliness, completeness)
Representational
(interpretability, consistency)
Accessibility (access, security).

Highly influential conceptual
framework;
consumer-oriented.

Strong, Lee & Wang [14] Emphasizes data quality as
“fitness for use” in operations,
decision-making, and planning.

Same four categories as above. Extends the earlier framework
with an organizational
perspective.

Pipino, Lee & Wang [17] Defines data quality through
measurable attributes that reflect
accuracy, completeness,
consistency, and timeliness.

Quantitative measures for
core dimensions.

Introduces practical tools for
data quality assessment.

Ehrlinger & Wöß [18] Data quality as a
multidimensional construct is
influenced by context and use.

Highlights timeliness,
completeness, plausibility,
integrity, and
multifacetedness.

Extends beyond classical
dimensions and focuses on
big data.

Haug, Zachariassen [19] Suggests that “perfect” data
quality is neither achievable nor
optimal; instead, the right level
balances costs of maintenance vs.
costs of poor data.

Trade-off between quality
maintenance effort and
business impact.

Cost-oriented perspective.

Intrinsic—data should be accurate, reliable, and error-free;
Contextual—relevance depends on the task or use case;
Representational—clarity and proper formatting enable correct interpretation;
Accessibility—data must be available to users when and where needed.
Data quality should be systematically assessed using both subjective perceptions and

objective measures [17]. In healthcare, for instance, reliable data underpins patient records,
diagnostics, research, and public health monitoring.

Information quality has been integrated into business process modeling to address po-
tential deficiencies at the design stage, rather than relying solely on post-hoc cleansing [20].
In Customer Relationship Management (CRM), high-quality data enables segmentation,
forecasting, and targeted marketing, directly affecting satisfaction and business perfor-
mance, while poor-quality data undermines insights and decision-making [10,21]. Practical
management requires preprocessing, profiling, and cleansing to ensure accurate analyt-
ics [1,11,17,18,22–24].

The dimensions based on ISO 25012 were later extended by aggregating 262 terms,
a process that incorporated governance, usefulness, quantity, and semantics [25]. This
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addresses terminology fragmentation and promotes cross-sector collaboration. A com-
plementary approach grounded in the FAIR principles proposes quality ascertained from
comprehensive metadata, decoupling intrinsic properties from subjective needs and facili-
tating reuse across contexts [25]. These principles have been extended to research software
(FAIR4RS) [26].

Recent methods embed information quality requirements directly into business pro-
cess models. One such technique involves “information quality fragments”: modular
components designed to integrate checks for accessibility, completeness, accuracy, and
consistency, which improves efficiency and reduces modeling time [27].

Beyond business contexts, frameworks for public administration emphasize both
organizational and technological aspects. Studies of Ukrainian e-government reveal that
staff skills, process design, and management practices are crucial for ensuring high-quality
information in government [28].

A notable theoretical contribution is the “Objective Information Theory,” which defines
information through a sextuple structure and nine metrics—such as extensity, richness, va-
lidity, and distribution—offering a systematic basis for quantitative analysis [29]. Building
on this, research in the judicial domain has applied six-tuple information theory and rough
set knowledge to develop measurable standards for document quality, showing that even
text-driven contexts like court documents can benefit from formalized models that quantify
accuracy, completeness, and semantic fidelity [30].

The FAIR principles have also been extended beyond data to research software, em-
phasizing that reproducibility depends not only on datasets but also on the tools and
code that process them [31]. Together, these approaches underscore the diverse contribu-
tions of models of information quality to decision-making and broader outcomes across
various sectors.

3.3. Scope of Data Quality in Data Analytics

In data analytics, data quality is paramount: analytical models and algorithms depend
on accurate and complete inputs to generate meaningful insights and support sound
decision-making. Models trained on flawed data can yield unreliable predictions, leading
to misguided strategies. Conversely, high-quality data enhances the accuracy, fairness,
robustness, and scalability of machine learning models, underscoring the importance of
specialized tools in the era of data-centric AI [32,33].

Role in Data Analytics

Within Customer Relationship Management (CRM), data quality is especially critical.
Reliable and consistent datasets enable accurate predictive modeling, such as customer
lifetime value (CLV) estimations and RFM (Recency, Frequency, and Monetary) analysis,
which supports effective segmentation, investment optimization, and customer equity
assessment systems [13,32,34]. Well-maintained datasets enhance the effectiveness of
predictive modeling. Poor data quality, by contrast, compromises analytics, leading to
misinformed decisions, missed opportunities, and weakened strategies [32,35].

The importance of data quality tools is reflected in a 2022 systematic review, which
identified 667 solutions for profiling, measurement, and automated monitoring [18]. Nev-
ertheless, despite this breadth, many organizations still rely on rudimentary methods: a
German survey found that 66% of companies validate data quality with Excel or Access,
and 63% do so manually without long-term planning [36]. Within CRM, this gap between
available technologies and organizational practices highlights the persistent challenges of
implementing comprehensive, scalable data quality management.
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4. Dimensions of Data Quality
4.1. Accuracy

Accuracy refers to the extent to which data represent the real-world construct they de-
scribe [35]. It can be quantified through error rates, field- and record-level measures [18,32],
and newer metrics that distinguish between random and systematic errors [37]. Accuracy
is especially critical for ensuring reliable insights in analytics and marketing, where deci-
sions must reflect actual market conditions [12,21]. Accuracy is particularly challenging in
CRM contexts, where customer attributes change frequently, requiring ongoing validation
procedures to maintain reliable profiles [32].

4.2. Completeness

Completeness refers to the presence of all required data for a given purpose [18]. In
CRM systems, completeness enables the creation of reliable customer profiles and supports
accurate analytical outcomes, thereby reducing the risk of biased segmentation or decision-
making [21].

4.3. Consistency

Consistency refers to the uniform representation of data across sources and systems,
ensuring that values are not in conflict [34].

4.4. Timeliness

Timeliness concerns whether data are sufficiently up to date to support effective
decision-making. Real-time data is vital in domains such as stock trading, where rapid
changes demand instant responses At the same time, daily or weekly updates may be suffi-
cient for inventory management, helping to prevent overproduction or stockouts [38,39].
Timeliness depends on collection methods, processing speed, and update frequency, requir-
ing organizations to minimize latency and ensure data is current [39–51].

A related challenge is data decay—the gradual obsolescence of information—seen in
marketing, where up to 40% of email addresses change every two years [35]. Mitigating
decay and maintaining timeliness are crucial for reliable analytics, resource efficiency, and
improved decision-making [52].

4.5. Relevance

Relevance assesses how well data supports specific business needs and decision-
making [15]. Data must serve its intended purpose, aligning with organizational objectives
and challenges [53]. For example, accurate purchase histories may not fully explain cus-
tomer churn if they lack information on satisfaction or service interactions; incorporating
sentiment data provides more relevant insights.

Relevance is highly context-dependent, varying across different organizational ar-
eas [54]. Marketing departments prioritize demographics, purchasing behavior, and market
trends to craft effective strategies. At the same time, financial teams focus on cash flow,
revenue, and expenses for accurate planning. Thus, relevance is not static but shifts with
users’ goals and requirements.

Measuring relevance ensures that collected information contributes to informed deci-
sions. Common approaches include tracking dataset usage, assessing “time to analysis”
(shorter times reflect higher relevance), and gathering user feedback to identify gaps [55].
By aligning data with context-specific needs, organizations ensure that analytics are not
only accurate but also meaningful for strategy and performance.
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4.6. Validity

Validity ensures that data accurately represent real-world constructs and comply with
predefined standards and business rules [56]. It assesses conformity to formats, ranges,
and logical relationships—for example, a date of birth within a realistic range or an address
following national conventions [54]. Validity encompasses several forms: content validity,
which confirms that a dataset includes all relevant aspects [57]; construct validity, which
ensures alignment with theoretical concepts [58,59]; and criterion-related validity, which
evaluates the predictive power [60].

Invalid data can cause flawed analyses, poor decisions, and operational disruptions.
Examples include failed deliveries to incorrect addresses [61], misleading financial data
that affects investors, or inaccurate market research leading to wasted resources. Validity
also supports integration and interoperability, as adherence to shared rules and formats
facilitates combining data from multiple sources [57].

In the era of big data and AI, validity is increasingly critical: high-quality inputs
underpin reliable models and algorithms, while advanced analytics can also help vali-
date data [59,60]. Thus, validity is both a safeguard and an enabler of trustworthy data-
driven processes.

4.7. Emerging Dimensions (Plausibility, Multifacetedness, Integrity)

Beyond classical attributes, new dimensions, such as governance, usefulness, quality,
and semantics, have been proposed [62]. Governance refers to the accountability and
authority structures that guide data activities. Usefulness emphasizes adaptability and
reusability. Quantity addresses sufficiency and scalability. Semantics ensure that data
meaning is preserved across systems. These additions reflect evolving understandings of
data quality in contexts such as IoT, big data, and knowledge graphs.

Table 2 summarizes the main dimensions of data quality, including their definitions,
practical examples, and measurement approaches.

Table 2. Core dimensions of data quality: operational definitions, practical examples, and measure-
ment approaches. The report provides actionable criteria for assessing data quality across seven
fundamental dimensions commonly applied in healthcare, business, and research contexts.

Dimension Definition Practical Example Measurement Approach

Accuracy The degree to which data
correctly describes the real-world
object or event.

Patient’s recorded blood pressure
matches the actual measurement.

Comparison against an
authoritative source or ground
truth.

Completeness The extent to which all required
data is present.

The customer database contains
contact details for all clients.

Ratio of available values to
required values; percentage of
missing fields.

Consistency Absence of contradictions within
and across datasets.

A patient’s birthdate is consistent
across both electronic health
records and insurance records.

Cross-field and cross-database
validation checks.

Timeliness The degree to which data is up to
date and available when needed.

Stock market prices updated in
real time.

Lag time between data generation
and availability for use.

Validity Degree to which data conforms to
defined formats, rules, or ranges.

Postal codes follow the official
national standard.

Validation rules, format checks,
and range constraints.

Relevance Appropriateness of data for the
intended use.

Including clinical trial data when
evaluating a new treatment.

Expert judgment; alignment with
analytical or decision-making
needs.

Uniqueness The degree to which data is free
of duplicate records.

Each patient has a single unique
medical record number.

Duplicate detection and record
linkage algorithms.
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5. Impact and Evidence: Consequences and Case Studies of Data Quality
Management
5.1. Multidimensional Consequences of Poor Data Quality

Organizations that neglect data quality face serious and multifaceted consequences.
Research demonstrates that poor data quality generates quantifiable harm across multi-
ple dimensions: financial losses, compromised decision-making, operational inefficiency,
reputational damage, and missed strategic opportunities.

5.1.1. Financial Impact

The financial consequences of poor data quality are substantial and well-documented.
Gartner estimates annual losses of USD 12.9 million per organization, while IBM reports
that U.S. businesses collectively lose over USD 3.1 trillion annually due to data quality
issues [61,63]. Industry-specific studies indicate that organizations can lose up to 6%
of their sales due to poor customer data management]. In CRM systems, inaccurate or
inconsistent records distort insights, inflate costs, and reduce efficiency. Such issues often
require costly cleansing and manual intervention—costs that exponentially exceed those of
prevention [64–68].

5.1.2. Operational and Strategic Consequences

Low-quality data leads directly to flawed segmentation, poor targeting, and reduced
strategic effectiveness. In CRM systems, outdated contact details or incorrect names
undermine marketing efforts and customer relationship strategies. Time, money, and
credibility are wasted addressing the consequences of these errors [69–75]. Industry experts
estimate that data quality challenges cost companies 10–30% of their annual revenue [55].

5.1.3. Resource Waste and Operational Inefficiency

Cleaning inaccurate or incomplete data is a significant and resource-intensive task [76].
Manual and automated correction efforts are expensive and often consume disproportionate
organizational resources—tasks performed with incorrect data cost 100 times more than
those performed with accurate data [61,77]. In CRM systems, poor validation can erode
user trust and compromise adoption, particularly in small and medium-sized enterprises
(SMEs), where frequent inconsistencies are typical [78–81]. Robust cleaning practices—such
as removing duplicates, filling in missing values, and discarding outdated entries—reduce
remediation costs and risks; yet, many organizations continue to rely on rudimentary
methods [18]. Similar findings have been reported in the CRM literature, which highlights
the persistence of low-maturity data quality practices despite the recognized strategic
importance of clean data [10].

5.1.4. Reputational Damage and Stakeholder Trust

Incorrect interactions or failed campaigns erode customer trust and damage brand
image [82]. When organizations deliver poor customer experiences due to inaccurate
data—such as duplicate mailings, incorrect product recommendations, or failed ser-
vice interactions—the reputational consequences extend beyond immediate financial
losses [83–85]. Trust, once damaged, is difficult to restore and has a direct impact on
customer loyalty and organizational competitiveness [85–89].

5.1.5. Missed Opportunities and Competitive Disadvantage

Poor-quality data contributes to wasted potential and missed strategic opportunities.
Up to 45% of generated leads are deemed unusable due to duplication, invalid email
addresses, or incomplete records [90]. In healthcare, incomplete patient records can obscure
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critical patterns, delaying medical discoveries and compromising research progress [91–93].
In business intelligence, poor-quality data hinders accurate market segmentation and
opportunity identification, preventing the identification of opportunities and hindering
innovation and competitive positioning [94]. Such missed opportunities amplify long-
term competitive disadvantages, as organizations lose market share to competitors with
superior data practices [95]. Table 3 summarizes these multidimensional consequences
across sectors, demonstrating the financial, operational, reputational, and strategic impacts
of inadequate data quality management.

Table 3. Multidimensional consequences of poor data quality across sectors. Seven major consequence
categories are illustrated with real-world examples from healthcare, finance, logistics, and public
administration, demonstrating the financial, operational, reputational, and regulatory impacts of
inadequate data quality management.

Consequence Definition Practical Example Impact/Cost

Faulty decision-making Wrong or suboptimal
choices based on
inaccurate data.

A hospital prescribes
inappropriate treatment
due to errors in lab data.

Patient harm, liability risks,
loss of trust.

Financial losses Direct or indirect costs
from incorrect, incomplete,
or duplicated data.

A bank suffers
multimillion-dollar losses
due to flawed credit risk
models.

Wasted resources, loss of
revenue.

Operational inefficiencies Processes slowed or
disrupted due to unreliable
information.

Logistics companies
misroute deliveries due to
inaccurate addresses.

Increased workload,
delays, and higher costs.

Reputational damage Erosion of trust from
stakeholders, customers, or
the public.

Data breaches and
reporting errors damage a
company’s brand.

Customer attrition, lower
market share.

Regulatory and legal risks Non-compliance with laws
and standards due to poor
data.

A pharmaceutical firm fails
an audit due to
inconsistent records.

Fines, sanctions,
reputational harm.

Missed opportunities Failure to identify insights
or innovations.

Retailer loses potential
sales due to incomplete
CRM data.

Reduced competitiveness,
slower growth.

Misleading analytics Models or reports based on
flawed inputs lead to
invalid results.

Overestimation of flu
outbreaks by Google Flu
Trends.

Misallocation of resources
leads to a loss of credibility.

Table 3 summarizes key consequences across domains.

5.2. High-Profile Failures: Learning from Data Quality Disasters

Real-world cases vividly illustrate the stakes of data quality and the serious conse-
quences of inadequate governance and technical oversight. Across various sectors, in-
cluding aerospace, finance, healthcare, technology, and public administration, data quality
failures have led to catastrophic losses, operational disruptions, and even loss of life.

5.2.1. Aerospace: NASA’s Mars Climate Orbiter

One of the most striking examples of the consequences of poor data quality occurred
in space exploration. NASA’s Mars Climate Orbiter was destroyed by a mismatch between
imperial and metric units—a $125 million failure of consistency [96–100]. This case ex-
emplifies how inadequate data validation processes and insufficient governance can lead
to catastrophic losses. The failure underscores that data quality is not merely a techni-
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cal concern; it is a mission-critical issue that requires robust verification across multiple
organizational levels [101].

Lesson: Standardization, validation, and clear governance protocols are non-
negotiable in high-stakes domains.

5.2.2. Technology: Unity Technologies’ Audience Pinpoint Error

A striking corporate example is Unity Technologies’ Audience Pinpoint algorithmic
failure, in which poor input data fed into machine learning models produced faulty al-
gorithms that ultimately resulted in USD 110 million in losses and a 37% decline in stock
value [102]. The error illustrates how inadequate data quality upstream—at the data
sourcing and preparation stage—can propagate through AI systems, leading to significant
business failures [103].

Lesson: AI systems are only as reliable as their training data; governance must begin
at the data ingestion stage.

5.2.3. Public Administration: Data Inaccuracy in Criminal Justice

Research into computerized criminal records in the U.S. reveals that these records
are often inaccurate or incomplete, thereby undermining the reliability of the justice sys-
tem [104–106]. Poor information quality introduces inefficiencies and errors with serious
social consequences highlighting the need to align process design with information sys-
tem requirements from the outset [107–113]. This case demonstrates that even critical
public-sector systems remain vulnerable to data quality failures [112].

Lesson: Organizational accountability and robust process design are essential, even in
mission-critical public functions.

5.2.4. Financial Sector: Data Silo Architecture and Systemic Risk

In financial institutions, legacy “data silos” can perpetuate duplication, inconsistency,
and limited access, hampering analytics and decision-making [111,113–116]. The decen-
tralized storage and inconsistent data entry practices created systemic risk throughout the
organization [117,118]. Transitioning toward modern paradigms, such as the Data Mesh
architecture, has improved availability and quality across the enterprise, demonstrating
that organizational architecture directly impacts data quality outcomes [119–122].

Lesson: Data governance is as much an architectural issue as a technical one; silos are
a structural vulnerability [119,123–125].

5.3. Success Stories: Data Quality as a Strategic Asset

In contrast to failures, organizations and sectors that invest in robust data quality
frameworks achieve measurable competitive advantages, improved decision-making, and
strategic success.

5.3.1. E-Commerce: Netflix’s Data-Driven Success

Netflix’s personalized recommendation system illustrates how high-quality data can
become a strategic asset. By leveraging user behavior data with rigorous quality standards,
Netflix drives over 80% of platform consumption through recommendations. The system’s
reliability depends on continuous data validation, user feedback integration, and quality
monitoring—not just advanced algorithms [126–130].

Lesson: High-quality data, coupled with effective governance, enables competitive
differentiation and fosters customer loyalty.
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5.3.2. Healthcare: Multicenter Clinical Database Excellence

A multicenter clinical database study has demonstrated the effectiveness of semi-
automated data quality assessments in detecting widespread issues across multiple health-
care facilities [131–133]. A balanced approach that integrates automation with targeted
manual review optimizes both efficiency and accuracy [134,135]. Organizations implement-
ing comprehensive quality frameworks report greater data reliability, fewer clinical errors,
and improved patient outcomes [136–140].

Lesson: In healthcare, robust data governance is essential for protecting patient safety
and maintaining research integrity; investment is non-negotiable.

5.3.3. Business Operations: CRM Implementation with Strong Governance

Organizations that implement comprehensive CRM governance frameworks report
measurably improved customer segmentation, more effective targeted marketing, stronger
customer relationships, and higher operational efficiency. These successes share common
traits: clear ownership, standardized collection, automated validation, regular monitoring,
and sustained leadership commitment to continuous improvement [141–144].

Lesson: Sustained success requires embedding quality mechanisms into workflows,
not retrofitting them afterward.

5.4. Cross-Sector Patterns: Where Data Quality Determines Outcomes

Synthesizing failures and successes across sectors reveals consistent patterns about
where data quality has the highest organizational impact and which governance approaches
work most effectively.

5.4.1. Healthcare Sector

Healthcare demonstrates perhaps the highest stakes for data quality. Patient safety,
clinical decision-making, research integrity, and public health monitoring all depend on
reliable data [145,146]. Qualitative research in Ethiopian public health facilities reveals
that inadequate training, weak governance, and insufficient infrastructure compromise the
timeliness, completeness, and accuracy of care, directly affecting patient outcomes [147].
Conversely, organizations that implement the WHO’s Data Quality Review toolkit and
establish clear governance frameworks achieve measurably better outcomes [136].

5.4.2. Finance and Investment

Financial institutions face unique data quality challenges due to the volume, velocity,
and regulatory requirements of economic data. Successful organizations transition to
modern architectures that prioritize data accessibility, consistency, and real-time monitoring,
reducing decision latency and regulatory risk [145–147].

5.4.3. E-Commerce and CRM

The customer relationship sector demonstrates that data quality directly correlates
with customer satisfaction, retention, and revenue [10,148–151]. Poor CRM data quality
leads to failed campaigns, customer frustration, and a loss of market share [152–154].
Successful implementations combine standardized data entry, automated validation, con-
tinuous monitoring, and user feedback integration, creating virtuous cycles of improve-
ment [7,17,23,155–157].

5.4.4. Public Administration

Government sector research shows that information technology alone does not en-
sure data quality [158,159]. Persistent shortcomings in public administration, including
insufficient staff training, weak governance structures, and organizational silos, undermine
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data reliability [160,161]. Successful e-government initiatives combine clear governance,
adequate training, process redesign, and technological solutions [159,162].

5.4.5. Small and Medium Enterprises (SMEs)

SMEs remain particularly vulnerable to data quality issues [23]. A study of 85 UK
SMEs found that deficits in technical skills and resources hinder the adoption of robust
practices [163]. However, SMEs that prioritize data quality frameworks and invest in staff
training achieve a competitive advantage in their markets [23,164].

Table 4 presents a comparative synthesis of failures and successes across these
sectors, illustrating both the variability of consequences and the universality of core
governance principles.

Table 4. Comparative case studies of data quality failures and successes. High-profile failures and
successful implementations are contrasted across multiple sectors, illustrating how data quality has
a direct impact on financial performance, operational efficiency, public trust, and organizational
competitiveness.

Case/Organization Domain Data Quality Issue Consequence

Failures

Equifax [165] Finance/Credit reporting Inaccurate and poorly
managed consumer credit
data [166]

Erosion of public trust; legal
and financial consequences
[167]

NASA Mars Climate Orbiter
[101]

Aerospace/Engineering Unit mismatch (imperial vs.
metric) not reconciled in data
systems [168]

Spacecraft loss (~$125 million)

Mid-sized enterprise (CRM
migration) [35]

Business/CRM Data quality challenges
during migration from legacy
systems [23,64,169,170]

Errors, inconsistent formats,
and disruption in customer
management

Large home appliance
business [21]

Retail/CRM Low completeness, timeliness,
and accuracy of customer data
[21,171]

Ineffective campaigns,
reduced loyalty, and weak
predictive performance

University fundraising CRM
[32].

Education/Fundraising Outdated, incomplete, and
inaccurate alumni data
[172,173]

Reduced donor identification,
inefficient fundraising, wasted
resources

Target [126]. Retail/CRM Predictive analytics revealed
sensitive customer
information [174]

Public backlash over privacy
intrusion

Google Flu Trends (2008–2013)
[175–177].

Public health analytics Overfitting and reliance on
biased signals

Overestimation of flu cases;
credibility loss [178]

Amsterdam Tax Office [35]. Public sector Duplicate and inconsistent
taxpayer records [179–181]

Inefficient operations; reduced
compliance [182]

Healthcare organizations
[34,183,184]

Healthcare/CRM Incomplete or inconsistent
patient data in electronic
health records [131,185]

Medical errors, patient safety
risks

Successes of Data Quality

Netflix Recommendation
System [126–130].

Entertainment/Business Leveraging high-quality
behavioral data for
personalization [127]

Recommendations drive 80%
of content consumption;
increased engagement and
revenue

Freight forwarding industry
[20]

Logistics/Freight forwarding Workflow-embedded quality
checks across logistics
processes [186]

Improved coordination, fewer
customs delays, and reduced
correction costs
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5.5. Synthesis: Why Data Quality Governance Matters

These cases and patterns collectively demonstrate that data quality failures are not
isolated technical incidents but symptoms of systemic governance gaps. Poor data quality
consistently arises from:

• Inadequate process design at the point of data collection
• Insufficient validation and verification mechanisms
• Organizational silos that prevent information sharing and consistency
• Weak leadership commitment to quality as a strategic priority
• Insufficient training and unclear accountability structures
• Delayed or absent monitoring and maintenance processes

Conversely, successful organizations share these characteristics:

• Clear governance structures with defined roles and accountability
• Quality mechanisms embedded throughout the data lifecycle (not retrofitted)
• Continuous monitoring and feedback loops
• Leadership commitment and resource allocation
• Regular training and stakeholder engagement
• Alignment of technology with organizational processes and objectives

These patterns underscore a critical insight: data quality challenges are as much orga-
nizational and social as they are technical [187–189]. Technology alone—even sophisticated
AI-driven validation systems—cannot resolve governance and cultural barriers [190,191].
Sustainable data quality requires the integration of technical solutions, organizational
design, clear governance, and committed leadership [192].

The financial, operational, and strategic costs of poor data quality far exceed the
investments required to prevent and maintain continuous quality assurance [191,193].
For practitioners and organizations, the decision is clear: treating data as a strategic
asset and investing in comprehensive quality governance is not optional but essential for
organizational success, scientific reproducibility, and informed decision-making [187,189].

6. Ensuring Data Quality: Methods and Best Practices
Ensuring high data quality requires a combination of standardized methodologies and

continuous validation. Effective data collection is fundamental: standardized procedures
and tools minimize errors at the source, while validation checks confirm that data entries
meet predefined criteria [194].

6.1. Data Collection Practices

In CRM adoption among SMEs, robust data collection processes are crucial for captur-
ing accurate and relevant customer information. This involves integrating multiple internal
and external sources and ensuring that data is timely and aligned with business objectives.
Systematic frameworks and staff training help maintain consistency and reduce errors such
as duplicate or incomplete records, which can undermine CRM performance [12].

Best practices include the use of automated data entry systems, regular cleaning pro-
cesses to eliminate inaccuracies, and validation checks to ensure consistency and accuracy.
Continuous monitoring and maintenance are crucial as data sources and systems evolve,
ensuring that quality standards are consistently maintained [10].

6.2. Data Cleaning and Validation

Data cleaning and validation are crucial for maintaining data quality, as they involve
detecting and correcting inaccuracies, inconsistencies, and missing values [12]. Automated
tools can efficiently flag anomalies, but critical production environments often require a
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balanced approach that integrates manual review to ensure accuracy and reliability. A
multicenter clinical database study demonstrated the effectiveness of semi-automated
assessments in detecting widespread issues, while minimal manual checks remained
necessary to address errors missed by automation [195]. Regular monitoring and quality
reviews help sustain reliable datasets [12,196]. Establishing metrics and periodic audits
ensures data remains accurate, timely, and fit for analysis. In CRM systems, poor validation
can erode user trust and compromise adoption [34,35], particularly in SMEs facing frequent
inconsistencies [35]. Preventive controls and improved entry processes further minimize
errors [13].

Advanced methods, including deep learning models such as the Denoising Self-
Attention Network (DSAN), enhance the imputation of mixed-type tabular data by lever-
aging self-attention and multitask learning to predict substitutes for both numerical and
categorical fields [197]. Data fusion also improves reliability by integrating heterogeneous
sources, thereby reducing uncertainty and providing more comprehensive representa-
tions [198].

Ultimately, rigorous validation and governance policies [1] combined with automated
tools and audits [12] ensure consistent data quality. This is crucial for CRM, where reliable
data directly impacts campaign success, customer loyalty, and business performance [21].

6.3. Monitoring and Maintenance

Continuous monitoring and regular maintenance preserve data integrity by detecting
anomalies, cleansing outdated records, and ensuring consistent definitions across sys-
tems [18,199–202]. Effective collaboration among IT teams, data stewards, and business
users sustains reliability throughout the data lifecycle [203–205].

6.4. Governance/Ethics

Effective governance requires clear roles, responsibilities, and leadership commitment
throughout the data lifecycle [206], including compliance with regulations such as GDPR.

An integrated data and AI governance model spans four phases: (1) data sourc-
ing and preparation with ethical acquisition and bias detection, (2) model development
with fairness-aware validation, (3) deployment and operations with drift monitoring, and
(4) feedback and iteration to update policies dynamically [207]. Automated checkpoints
across these phases link data integrity with model ethics.

Responsible governance must extend beyond compliance to embed fairness, account-
ability, and inclusivity [208]. Ethical lapses can erode trust, reinforce biases, and lead to
harmful outcomes across various domains, such as healthcare and finance [209]. Embed-
ding ethical principles within governance frameworks ensures data quality is evaluated
not only for efficiency but also for societal impact.

These concerns are amplified in large language models, where massive training
datasets raise challenges of provenance, bias, and misuse. Robust governance of LLMs is
therefore essential to prevent social and economic harm [210].

7. Challenges and Proposed Solutions
Managing data quality in CRM systems presents challenges, including decentralized

storage, inconsistent data entry, and limited integration of diverse data sources. Proposed
solutions include standardizing collection procedures, using advanced integration tools,
and implementing comprehensive management frameworks to strengthen accuracy and
consistency [10].
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7.1. Technical Challenges

Technical obstacles stem from data heterogeneity, scale, and limited automation. Inte-
grating multiple sources and processing large volumes of inconsistent or outdated informa-
tion remain critical difficulties [21]. These issues are exacerbated by web-based platforms
and SaaS models, which aggregate data from various internal and external sources [24].
Many organizations continue to rely on outdated or manual quality checks, which are
inadequate given the volume and velocity of contemporary data [18].

A further barrier is the lack of standardized terminology across sectors; Miller identi-
fied 262 distinct terms in the literature to describe aspects of data quality, which complicates
interoperability and hinders the adoption of automated assurance tools [62]. Addressing
these challenges requires not only technical solutions but also harmonized frameworks that
enable consistency and support effective, data-driven decision-making.

7.2. Organizational Challenges

The significance of data quality extends beyond technical systems to organizational
processes, as illustrated by studies showing that even computerized criminal records in
the U.S. are often inaccurate or incomplete [211]. Poor information quality undermines
workflows by introducing inefficiencies and errors, highlighting the need to align process
design with information system requirements from the outset [20]. Common issues include
inadequate data entry, poorly designed systems [13], weak leadership commitment, and
insufficient resource allocation.

AI adoption introduces new challenges. Automation of complex tasks can deskill
experts, reducing their role to passive monitoring and eroding the valuable expertise they
possess. The autonomy of AI systems also creates ambiguity over accountability, raising
legal and ethical questions when errors occur [208].

A systematic review of Data Science projects identified 27 barriers grouped into
six clusters: people, data and technology, management, economic, project, and external
factors. The most frequently cited included insufficient skills, lack of management support,
poor data quality, and misalignment between project goals and company objectives [212].
Addressing these barriers requires comprehensive governance, continuous training, and
systematic frameworks for data handling and interpretation [34].

Perfect data quality is neither achievable nor cost-effective. Organizations should
instead pursue the “right level” of quality, balancing maintenance efforts against the costs
of poor quality [213]. For large datasets, the marginal benefits of further improvements
diminish over time [32]. Relevance is another concern: as business needs evolve, datasets
may lose strategic value, and silos that isolate data within departments hinder efficient
decision-making [214,215]. Integrating quality assurance into process design reduces errors
and enhances reliability [20,27].

Public administration research confirms that technology alone does not ensure high-
quality information. Shortcomings such as insufficient training, weak governance, and
organizational inefficiencies limit outcomes, underscoring that data quality challenges in
government are rooted as much in people and structures as in systems [28].

7.3. Solutions

Organizations can address data quality challenges by adopting advanced, automated
tools, including AI and machine learning. These technologies enable continuous monitor-
ing, anomaly detection, and large-scale validation, surpassing the capabilities of manual
methods. Recent work demonstrates the potential of multi-agent AI systems, in which
“planner” and “executor” agents automatically generate and execute PySpark validation
code from natural-language prompts, adapting to evolving data sources [216]. However,
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user acceptance remains a barrier: a survey of an AI-generated e-commerce platform
(ChatGPT-4 and DALL·E 3) revealed concerns about security and trust despite positive
evaluations of functionality and aesthetics [217].

Effective solutions also require developing business-relevant quality metrics to guide
decision-making and improvement strategies. AI-based frameworks can support Business
Intelligence (BI) and Decision Support Systems (DSS) through layered architectures: data
ingestion, quality assessment (e.g., Isolation Forests, BERT), cleansing and correction (e.g.,
KNN, LSTM), and monitoring with feedback loops [218]. Predictive approaches, such
as XGBoost, can correct anomalies across multiple dimensions (accuracy, completeness,
conformity, uniqueness, consistency, and readability), improving composite Data Quality
Index scores from 70% to over 90% in large-scale applications [219].

Beyond technology, sustainable quality depends on robust governance. Frameworks
should define criteria for data relevance, ensure alignment with organizational objectives,
and include regular audits to maintain validity [56]. Engaging stakeholders in data man-
agement further strengthens the practical utility of collected information.

8. Data Quality in the AI Era: Paradigm Shifts and Governance Implications
The emergence of artificial intelligence and machine learning as dominant paradigms

for data-driven decision-making has fundamentally altered the landscape of data qual-
ity [94,220,221]. Traditional frameworks, developed in an era when data primarily served
human analysts [222], must now accommodate systems in which algorithms themselves
are the primary consumers of data [223–225]. This section examines how AI reshapes
the conceptualization of data quality, challenges conventional governance structures, and
necessitates the integration of ethical considerations as core quality dimensions.

8.1. How AI Reshapes the Definition of Data Quality

Traditional definitions of data quality center on the concept of “fitness for use,”
whereby data are evaluated in relation to their capacity to support human decision-making
processes [1,3,226]. However, the rise of AI introduces a fundamental shift: data must now
be fit not only for human interpretation but also for algorithmic processing and training
machine learning models. This dual requirement expands the scope of data quality beyond
conventional dimensions.

Such failures demonstrate that poor input data can propagate through AI systems,
resulting in significant financial and operational consequences [165].

AI systems impose specific requirements that extend beyond traditional quality dimensions.
AI-Readiness: Data must be structured, annotated, and formatted in a way that allows

algorithms to process it efficiently. This includes requirements for standardized schemas,
consistent labeling in supervised learning contexts, and appropriate representation of
features for model input.

Algorithmic Fairness: Data quality must explicitly account for representation and
balance across demographic groups, domains, or categories to ensure fairness. Biased
training data perpetuate and amplify discrimination in algorithmic decision-making, as
demonstrated in healthcare, criminal justice, and financial domains [200,206,208,227–236].

Model Explainability and Traceability: High-quality data must support interpretability
requirements. Provenance, lineage, and metadata become critical not merely for repro-
ducibility but for understanding how algorithmic decisions are derived—essential for
regulatory compliance and ethical accountability.

These AI-specific requirements challenge the traditional separation between intrinsic
data properties (accuracy, completeness, and consistency) and contextual dimensions
(relevance and timeliness). In AI contexts, what constitutes “accurate” or “complete” data
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depends fundamentally on the model architecture, training objectives, and deployment
context. A dataset may be adequate for descriptive analytics yet wholly insufficient for
predictive modeling if it lacks temporal coverage, feature diversity, or a sufficiently large
sample size for robust generalization.

Furthermore, AI introduces dynamic quality requirements. Unlike static reporting
or analysis, where data quality can be assessed once and maintained, machine learning
models require continuous monitoring of data quality throughout their operational lifecycle.
Model drift—the degradation of predictive performance over time as real-world conditions
change—requires ongoing validation to ensure that training data remain representative of
current conditions [18,63,69,181–183,205,207]. This temporal dimension transforms data
quality from a one-time assessment into a continuous assurance process.

Recent adaptations of the FAIR framework emphasize AI readiness and the need for
rigorous attention to provenance, bias detection, and ethical sourcing [25,26,208,236–240].
However, achieving AI readiness requires more than technical interoperability; it demands
rigorous attention to data provenance, bias detection, and ethical sourcing—considerations
that extend far beyond the original FAIR framework’s scope [236,241–245].

8.2. AI-Driven Challenges to Traditional Governance Frameworks

International standards such as ISO 8000 and ISO/IEC 25012 provide foundational
frameworks for data quality management [6,7,246]. These standards codify dimensions
(accuracy, completeness, consistency, timeliness, validity) and prescribe assessment method-
ologies that have proven effective in traditional business intelligence, reporting, and
operational contexts. However, these frameworks were developed in an era preceding
widespread AI adoption and therefore do not fully address the unique governance chal-
lenges introduced by algorithmic decision-making systems.

The regulatory landscape for AI governance is rapidly evolving to address these
challenges through comprehensive frameworks that mandate systematic approaches to
AI risk management and quality assurance [247]. Three pivotal normative instruments
exemplify this transformation: ISO/IEC 42001:2023 [246] establishes the first international
management system standard specifically for AI, providing organizations with a struc-
tured framework for the responsible deployment of AI that integrates quality management
principles with AI-specific risk controls [248]. The European Union’s AI Act (Regulation
2024/1689) [249] introduces the world’s first comprehensive regulatory framework with
legally binding requirements for high-risk AI systems, mandating rigorous data gover-
nance, transparency measures, and human oversight mechanisms that fundamentally
reshape how organizations must approach data quality throughout the AI lifecycle [250].
Similarly, NIST’s AI Risk Management Framework (AI RMF 1.0) [251] offers a voluntary yet
influential framework that emphasizes trustworthy AI characteristics—including validity,
reliability, accuracy, and fairness—directly linking data quality dimensions to AI gover-
nance outcomes. Together, these frameworks signal a paradigm shift from voluntary best
practices to mandatory compliance requirements, compelling organizations to implement
formal AI governance structures that embed data quality assurance as a core operational
imperative, rather than a technical consideration [252]. This regulatory convergence creates
both challenges and opportunities: while organizations face increased compliance burdens
and documentation requirements, these frameworks also provide standardized method-
ologies for addressing the complex interplay between data quality, algorithmic fairness,
and operational excellence in AI systems [253]. The implications extend beyond compli-
ance, as these normative instruments are reshaping market dynamics, with organizations
that demonstrate robust AI governance and data quality practices gaining competitive
advantages in terms of trust, market access, and regulatory alignment [254,255].
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Scale and Velocity: AI systems often process data at volumes and speeds that render
manual validation infeasible. Traditional quality assurance methods—such as manual
review, rule-based validation, and periodic audits—cannot keep pace with the continuous
data ingestion and real-time processing demands of production AI systems, and use
approaches wholly inadequate for AI-driven environments [218,256].

Opacity and Interpretability: Machine learning models, particularly deep neural net-
works, operate as “black boxes” whose internal decision logic is opaque even to their
developers. This opacity creates accountability gaps: when an AI system produces an
erroneous or harmful output, determining whether the failure stems from poor data quality,
algorithmic bias, model misconfiguration, or deployment context becomes exceedingly
difficult [113,207,208,257]. Traditional governance frameworks assume that quality issues
can be traced to identifiable data sources and corrected through targeted interventions—an
assumption that breaks down in complex AI pipelines. Automation introduces account-
ability challenges, as decision-making shifts from humans to algorithms, requiring precise
governance mechanisms to assign responsibility [208,209,237].

Bias Amplification: Traditional data quality frameworks emphasize representational
accuracy—whether data correctly reflect real-world states. However, AI systems can per-
petuate and amplify biases present in training data, even when those data are “accurate”
in a technical sense. For instance, historical hiring data may accurately reflect past de-
cisions but encode discriminatory patterns that AI recruitment tools then reproduce at
scale [228,229]. This challenge requires governance frameworks to evaluate not only factual
accuracy but also fairness, equity, and social impact—dimensions that are often absent
from conventional standards.

Temporal Dynamics and Model Drift: Unlike static datasets used for one-time anal-
ysis, AI models operate in production environments where data distributions shift over
time. Seasonal patterns, market changes, demographic shifts, or external shocks (e.g.,
pandemics, regulatory changes) can render training data unrepresentative, degrading
model performance [258]. Governance frameworks must therefore incorporate continuous
monitoring, drift detection, and retraining protocols—requirements not emphasized in
traditional standards focused on periodic assessment.

Integrated governance frameworks link ethical acquisition, model validation, continu-
ous monitoring, and adaptive feedback throughout the AI lifecycle [207].

However, implementing such integrated frameworks faces significant organizational
barriers. A systematic review of data science projects identified 27 barriers grouped into
six clusters: people, data and technology, management, economic, project, and external
factors [212]. The most frequently cited included insufficient skills, lack of management
support, poor data quality, and misalignment between project goals and organizational
objectives. These findings show that governance failures are as much organizational and
cultural as they are technical—a reality that technical standards alone cannot resolve.

8.3. AI Ethics as an Integral Component of Data Quality

The integration of ethical considerations into data quality frameworks represents
one of the most significant paradigm shifts in the era of AI. Traditional data quality man-
agement focused primarily on technical accuracy and operational efficiency. In contrast,
contemporary AI governance recognizes that data quality cannot be divorced from ethical
principles such as fairness, accountability, transparency, and equity [227,233,240,259].

Bias and Fairness: Biased training data lead directly to biased algorithms, which in
turn produce discriminatory outcomes across healthcare, criminal justice, lending, hiring,
and other high-stakes domains [228,229,260]. The concept of “fairness” in AI contexts
is multifaceted, encompassing statistical parity (equal outcomes across groups), equal
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opportunity (equal true positive rates), and individual fairness (treating similar individuals
similarly). Achieving any of these fairness criteria depends fundamentally on the quality,
representativeness, and balance of training data. Consequently, assessing and mitigating
bias is no longer an optional ethical enhancement but a core data quality requirement.

Accountability and Transparency: When AI systems make consequential decisions—
approving loans, diagnosing diseases, recommending sentences—stakeholders have a right
to understand how those decisions were reached. Data provenance, lineage, and quality
documentation become essential for accountability [257,259]. If a model produces a harmful
outcome, investigators must be able to trace the decision back through the algorithmic
pipeline to the underlying data, assess whether quality issues contributed to the failure,
and assign responsibility appropriately. Governance frameworks must therefore mandate
comprehensive metadata, audit trails, and transparency mechanisms—requirements that
extend well beyond traditional data quality assurance.

Privacy and Consent: Large-scale AI systems, particularly large language models
(LLMs), are trained on massive datasets often scraped from public sources without explicit
consent [227]. Data quality governance in this context must address not only technical ac-
curacy but also ethical sourcing, privacy preservation, and respect for data subjects’ rights.
Technologies such as federated learning and homomorphic encryption enable training on
distributed or encrypted data, embedding privacy-by-design into the technical architec-
ture [261]. These approaches demonstrate how governance is being increasingly integrated
directly into AI systems, rather than being treated as an external compliance layer.

Hallucinations and Misinformation: LLMs exemplify the risks of poor data quality
in AI contexts. Hallucinations—confident but factually incorrect outputs—arise from
inadequate governance during training and evaluation, often resulting from misuse, weak
security, or poor-quality inputs [262–267]. Misinformation, once generated by an AI system,
can propagate rapidly and at scale, causing social harm that far exceeds the original
data quality failure [268,269]. Governance frameworks must therefore integrate ethical
safeguards—such as adversarial testing, red-teaming, and continuous output monitoring—
to sustain trust and prevent harm [251].

Emerging governance frameworks explicitly incorporate these ethical dimensions.
For instance, fairness-aware machine learning techniques integrate bias detection and
mitigation directly into model training pipelines, using techniques such as adversarial
debiasing, reweighting, and fairness constraints [270]. Similarly, explainable AI (XAI)
methods provide interpretability mechanisms that enable stakeholders to interrogate model
decisions and identify data quality issues that contribute to erroneous outputs [271]. These
technical innovations represent a convergence of data quality assurance and ethical AI
governance, reflecting the recognition that technical and ethical dimensions are inseparable.

Figure 1 illustrates these interactions, showing governance as a mediator between
technical tools, organizational practices, and ethical safeguards. Large-language-model
behavior further highlights how data quality and governance jointly determine reliability
and trust [23,210,272]. In this integrated view, data quality is not merely a technical
prerequisite for AI but a sociotechnical construct that encompasses accuracy, fairness,
transparency, accountability, and societal impact.
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Figure 1. Conceptual framework integrating data quality, governance, ethics, and AI tools for repro-
ducibility and trust. Light blue nodes represent core data quality management components; the green
node highlights reproducibility and trust as the collective outcome. Bidirectional arrows indicate
mutually reinforcing relationships, demonstrating that technical solutions alone are insufficient
without robust governance and ethical safeguards.

8.4. From “AI for Data Quality” to “Data Quality for AI”: A Bidirectional Relationship

The relationship between AI and data quality is bidirectional: AI systems both depend
on high-quality data and offer powerful tools for assuring data quality at scale. However,
current practices and market offerings remain imbalanced, with greater emphasis on “data
quality for AI” (ensuring inputs to models meet quality standards) than on “AI for data
quality” (using AI to detect and correct quality issues) [22].

AI for Data Quality: Advanced automated tools, including machine learning algo-
rithms, enable continuous monitoring, anomaly detection, and large-scale validation that
surpasses manual methods [113,154,184,273]. Multi-agent AI systems demonstrate the
potential for full automation, with “planner” and “executor” agents automatically gener-
ating and executing PySpark validation code from natural-language prompts, adapting
dynamically to evolving data sources.

Large Language Models (LLMs) extend this capability to semantic quality assessment.
LLMs can identify contextual anomalies in relational databases that rule-based methods
overlook, such as detecting implausible relationships, temporal inconsistencies, or domain-
specific violations [274]. OpenAI’s DaVinci model has demonstrated the capacity to assess
temporal, geographic, and technological coverage in datasets, reducing practitioner bias
and improving metadata completeness [275] These capabilities suggest that AI-driven
quality assurance may soon rival or exceed human expert judgment in many contexts.

However, adoption remains limited. A systematic review of 151 data quality tools
found that most focus on preparing data for AI rather than leveraging AI to improve
data quality, highlighting a gap between technological capability and market implementa-
tion. Barriers include user acceptance concerns (security, trust, transparency), insufficient
organizational skills, and management hesitancy to adopt AI-driven processes [22].

Data Quality for AI: Conversely, AI systems impose stringent quality requirements
on their training data. High-quality inputs are crucial for ensuring model accuracy, fair-
ness, robustness, and scalability [276] Models trained on flawed data produce unreliable
predictions, amplify biases, and degrade over time as data distributions shift. Ensuring
data quality for AI, therefore, requires:
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• Rigorous preprocessing, profiling, and cleansing to eliminate inaccuracies, duplicates,
and missing values [277]

• Bias detection and mitigation at the data sourcing stage to prevent algorithmic dis-
crimination [278]

• Continuous monitoring and retraining to address model drift and maintain represen-
tativeness [279,280]

• Comprehensive metadata and provenance documentation to support explainability
and accountability [281]

The 1-10-100 rule—prevention costs $1, correction costs $10, failure costs $100—applies
with particular force in AI contexts, where the cost of failure can include not only financial
losses but also reputational damage, legal liability, and social harm [33,101].

AI-based frameworks can support this lifecycle through layered architectures, includ-
ing data ingestion, quality assessment (e.g., Isolation Forests, BERT for anomaly detection),
cleansing and correction (e.g., KNN imputation, LSTM for time series), and continuous
monitoring with feedback loops [282–285]. Advanced methods, such as the Denoising Self-
Attention Network (DSAN), leverage self-attention and multitask learning to impute mixed-
type tabular data, predicting substitutes for both numerical and categorical fields with
high accuracy Data fusion techniques integrate heterogeneous sources, thereby reducing
uncertainty and providing more comprehensive representations for model training [285].

Ultimately, sustainable AI governance depends on closing the loop between these two
directions. AI tools that improve data quality must themselves be trained on high-quality
data, validated for fairness and robustness, and monitored for drift and degradation. This
recursive relationship highlights that data quality and AI governance are not separate
concerns, but rather intertwined imperatives within the contemporary data ecosystem.

8.5. Synthesis: Toward Integrated AI-Era Data Quality Governance

The AI era demands a fundamental reconceptualization of data quality. Traditional
frameworks emphasizing accuracy, completeness, and consistency remain necessary but
insufficient. AI-era governance must additionally address algorithmic fairness, model
explainability, continuous monitoring, bias mitigation, and ethical accountability. These
requirements cannot be retrofitted onto legacy standards; instead, they must be integrated
systematically throughout the data and AI lifecycle.

Key principles for AI-era data quality governance include:

1. Lifecycle Integration: Quality assurance must be embedded at every stage—from data
sourcing and preparation through model development, deployment, and continuous
monitoring—rather than treated as a pre-analytical step [286–291]

2. Ethical Embeddedness: Fairness, transparency, and accountability are not external
compliance requirements but intrinsic quality dimensions that must be assessed,
measured, and continuously validated [292–301].

3. Continuous Adaptation: AI systems operate in dynamic environments where data dis-
tributions shift and new risks emerge. Governance frameworks must incorporate feed-
back loops, drift detection, and iterative policy updates to remain effective [302–309].

4. Sociotechnical Approach: Technology alone—even sophisticated AI-driven validation
systems—cannot resolve governance challenges. Sustainable quality requires integra-
tion of technical solutions with organizational design, clear accountability structures,
adequate training, and committed leadership [309–311].

5. Bidirectional Innovation: Organizations must leverage AI to improve data quality at
scale while simultaneously ensuring that AI systems themselves are trained, validated,
and monitored using high-quality, ethically sourced data [305,310,312,313].
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The convergence of data quality management and AI ethics represents one of the
defining challenges and opportunities of the contemporary data landscape. Organizations
that successfully navigate this paradigm shift—by embedding ethical considerations into
technical quality frameworks, leveraging AI for continuous assurance, and maintaining
rigorous governance throughout the AI lifecycle—will achieve competitive advantages,
mitigate risks, and contribute to the development of trustworthy, socially beneficial AI
systems. Conversely, those that persist with outdated, compliance-focused approaches
risk algorithmic failures, regulatory penalties, reputational damage, and social harm—
consequences far exceeding the investments required for comprehensive, forward-looking.

9. Discussion
9.1. Synthesis of Literature: What Is Agreed upon, What Is Debated

This review confirms the persistence of inconsistencies in defining and applying data
quality dimensions across various sectors. Miller’s hierarchical model offers a promising
path by harmonizing terminology and adding new dimensions relevant to modern contexts
such as IoT and machine learning [62]. At the same time, AI and machine learning are
transforming governance by automating profiling, anomaly detection, and metadata man-
agement, reducing manual intervention and improving compliance. However, a systematic
review of 151 tools found that most focus on “data quality for AI,” while few exploit “AI
for data quality” [108], highlighting a gap between current market offerings and the need
for intelligent, automated DQM.

The FAIR principles—Findable, Accessible, Interoperable, and Reusable—provide a
widely recognized foundation for transparent management [237]. Initially developed for
research data, these principles ensure that datasets are discoverable through rich metadata,
accessible with clear usage conditions, interoperable through standardized formats, and
reusable across different contexts. Applied not only to data but also to software, they ensure
reproducibility by making workflows, tools, and dependencies openly accessible [26,314].
FAIR should be viewed as a flexible, community-driven framework for creating “AI-ready”
digital objects that machines can process with minimal human intervention [238], under-
scoring that alignment with FAIR principles requires sustained organizational commitment
beyond technical implementation. [239] The broader reproducibility crisis has eroded trust
in science [315], prompting calls for open science interventions that emphasize transparency
in data practices to strengthen accountability [316]. Together, these findings position data
quality as integral to reproducibility, FAIR compliance, and ongoing scientific reform.

9.2. Emerging Trends and Lessons from Failures

Semantic-driven technologies, including ontologies and knowledge graphs, emphasize
semantics as a standalone dimension of data quality [20]. Ethical principles are increas-
ingly embedded directly in AI systems through privacy-preserving algorithms such as
federated learning and homomorphic encryption, which minimize risks by training or com-
puting on distributed, encrypted data [207]. This reflects a shift toward privacy-by-design
architectures, making governance an integral part of technical systems.

Large Language Models (LLMs) extend this trend, enabling semantic-level assess-
ments of data quality. Seabra demonstrated that LLMs can identify contextual anomalies
in relational databases that are overlooked by rule-based methods [274,316]. Similarly,
OpenAI’s DaVinci model has demonstrated the capacity to assess temporal, geographic,
and technological coverage, thereby reducing practitioner bias. [317] Multi-agent frame-
works further automate the lifecycle, generating and refining PySpark validation scripts
with minimal human input [216]. While these advances promise efficiency, they also raise
ethical challenges. AI-driven governance must strike a balance between automation and
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safeguards, such as fairness and explainability [76,117], as algorithmic decision-making
can amplify biases and erode accountability [257,259].

Failures provide further lessons. Poor timeliness, granularity, or completeness consis-
tently impair CRM analytics. For example, a study reported that 64% of customer data had
a timeliness score of ≤0.3, producing outdated segmentation and ineffective campaigns [21].
Such cases reinforce that sustainable progress depends on continuous monitoring, system-
atic validation, and robust governance. Regulatory penalties and reputational damage
highlight the cost of neglect [13]. These lessons show that innovation must be coupled with
organizational learning to avoid recurring pitfalls.

9.3. Research Gaps

Despite progress, key gaps remain. The organizational dimension of information
quality in public administration is underexplored, as governance structures, staff skills,
and administrative processes strongly influence reliability, but are mainly insufficiently
studied [28]. Promising theoretical tools, such as sixtuple information theory and rough
set approaches, are still confined to narrow domains, such as judicial documents [31], and
require testing in broader contexts (healthcare, publishing, administration).

Measurement standards also lack harmonization. The WHO’s Data Quality Review
toolkit [318] proposes a facility-level framework, but adoption remains uneven across
regions, while sector-specific standards remain fragmented. In healthcare, real-world data
often lack standardized definitions, which hinders analytics and research. Qualitative work
in Ethiopian public facilities reveals that inadequate training and infrastructure compromise
timeliness, completeness, and accuracy [124], underscoring persistent vulnerabilities in the
public sector.

Similarly, SMEs remain underexplored. A study of 85 UK SMEs found that deficits in
technical skills and resources limit the adoption of robust practices [125]. More compre-
hensive empirical research is needed to determine whether current frameworks effectively
support data-driven decision-making in resource-constrained settings.

9.4. Implications for Practitioners and Policymakers

For practitioners, embedding quality mechanisms directly into business process mod-
els offers a sustainable approach to governance. Validation and monitoring should be built
into workflows rather than treated as external add-ons [20]. Reusable “information quality
fragments” reduce modeling time, provide explicit checkpoints, and increase confidence,
while their validation by domain experts demonstrates feasibility [27].

For policymakers and standard setters, these insights underscore the importance
of explicitly validating data quality in process modeling guidelines to mitigate systemic
risks. Embedding FAIR principles—ensuring data are Findable, Accessible, Interoperable,
and Reusable—remains a practical pathway toward reproducibility and accountability in
research [237]. Incorporating FAIR principles into governance frameworks not only ensures
compliance with regulatory and ethical standards but also enhances the long-term value of
datasets by increasing usability [319].

10. Conclusions
This review demonstrates that data quality is a multidimensional concept that extends

beyond technical accuracy to include contextual, representational, and accessibility dimen-
sions, as well as emerging attributes such as governance and semantics. Its central contri-
bution has been to connect classic theoretical frameworks with real-world case studies and
contemporary challenges in governance, ethics, and artificial intelligence. Ensuring data
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quality is therefore not only a technical task but also a strategic and socio-organizational
imperative for scientific reproducibility and organizational trust.

The literature consistently demonstrates that poor data quality undermines decision-
making, wastes resources, erodes trust, and yields harmful outcomes. Case studies from
finance, healthcare, logistics, and aerospace confirm the pervasive and costly consequences
of inadequate quality. Effective practices cannot rely solely on post-hoc cleaning; they
must embed validation and governance across the entire data lifecycle—from collection to
continuous monitoring and ethical oversight. Standards such as ISO 8000 and ISO 25012, as
well as newer hierarchical models, provide practical foundations; however, fragmentation
in terminology and uneven adoption persist.

Key challenges remain: the proliferation of heterogeneous data sources, the velocity
of big data, and entrenched organizational silos. While AI-driven validation tools and
governance frameworks offer promising solutions, cost–benefit trade-offs often prevent
systematic adoption.

For practitioners, high-quality data should be treated as a strategic asset. For re-
searchers and policymakers, stronger integration with data ethics and greater attention to
underexplored contexts, such as healthcare systems and SMEs, are urgently needed.

Finally, aligning practices with FAIR principles reinforces transparency, reproducibility,
and long-term societal impact.
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Abbreviation Full Term
AI Artificial Intelligence
BERT Bidirectional Encoder Representations from Transformers
BI Business Intelligence
CLV Customer Lifetime Value
CRM Customer Relationship Management
DQA Data Quality Assessment
DQI Data Quality Index
DQM Data Quality Management
DSAN Denoising Self-Attention Network
DSS Decision Support Systems
ECCMA Electronic Commerce Code Management Association
FAIR Findability, Accessibility, Interoperability, and Reusability
FAIR4RS FAIR for Research Software
GDPR General Data Protection Regulation
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IoT Internet of Things
ISO International Organization for Standardization
KNN K-Nearest Neighbors
LLMs Large Language Models
LSTM Long Short-Term Memory
NATO North Atlantic Treaty Organization
NCS NATO Codification System
RFM Recency, Frequency, and Monetary
SaaS Software as a Service
SMEs Small and Medium-sized Enterprises
WHO World Health Organization
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