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Highlights

 Data quality is a foundational determinant of artificial intelligence performance.
 Poor-quality data directly undermines accuracy, robustness, and fairness of AI

systems.
 Data quality affects the entire AI lifecycle, from model development to deployment.
 Organizational and governance mechanisms are critical to ensuring sustainable AI

innovation.
 High-quality data is a strategic asset and source of competitive advantage in AI-

driven industries.

Abstract
Artificial intelligence (AI) technologies are increasingly embedded in critical decision-making
processes across industries, including healthcare, finance, manufacturing, and public
administration. While advances in algorithms and computing power have received
significant attention, the quality of data underlying AI systems remains a fundamental yet
often underestimated determinant of AI performance and trustworthiness. This paper
examines the importance of data quality in AI technology by analyzing its conceptual
foundations, technical implications, organizational consequences, and governance
challenges. We argue that data quality directly influences model accuracy, generalizability,
robustness, and fairness, and that deficiencies in data quality can propagate errors
throughout the AI lifecycle. Building on interdisciplinary literature, the paper develops a
structured framework linking dimensions of data quality—such as accuracy, completeness,
consistency, timeliness, and representativeness—to key stages of AI system development
and deployment. We further discuss managerial and policy implications, emphasizing the
need for systematic data governance and quality assurance mechanisms. The study
contributes to the AI and information systems literature by positioning data quality as a
strategic and ethical cornerstone of responsible AI development.
Keywords: Data quality; Artificial intelligence; Machine learning; AI governance; Algorithmic
bias; Digital innovation

1. Introduction
Artificial intelligence (AI) has rapidly evolved from a specialized research field into a
pervasive technological force shaping modern economies and societies. AI systems now
support or automate decisions in areas ranging from medical diagnosis and credit scoring
to supply chain optimization and public policy implementation. As AI adoption expands,
concerns regarding reliability, fairness, transparency, and accountability have intensified.
Much of the academic and practitioner discourse on AI performance focuses on algorithmic
sophistication and computational scalability. However, a growing body of evidence suggests
that data quality, rather than model complexity, is often the primary limiting factor in AI
effectiveness. The well-known principle “garbage in, garbage out” is particularly salient in AI,
where models learn patterns directly from data and may amplify existing errors or biases.



Despite its importance, data quality remains insufficiently theorized in the AI literature,
particularly in relation to innovation, governance, and organizational practice. Many AI
failures can be traced not to algorithmic deficiencies, but to inaccurate, incomplete, biased,
or outdated data. As AI systems increasingly operate autonomously and at scale, the
consequences of poor data quality become more severe.
This paper aims to address this gap by systematically examining the role of data quality in AI
technology. Specifically, the paper seeks to:
(1) conceptualize data quality in the context of AI systems;
(2) analyze how data quality affects AI performance and outcomes;
(3) examine organizational and governance challenges related to data quality; and
(4) propose implications for managers, policymakers, and future research.

2. Conceptualizing data quality in artificial intelligence
2.1 Data quality dimensions
Data quality is a multidimensional concept traditionally studied in information systems
research. Commonly cited dimensions include accuracy, completeness, consistency,
timeliness, validity, and relevance. In the context of AI, these dimensions acquire heightened
importance due to the data-driven nature of learning algorithms.

 Accuracy refers to the degree to which data correctly represents real-world states.
 Completeness concerns the absence of missing or unrecorded values.
 Consistency reflects the uniformity of data across sources and over time.
 Timeliness indicates whether data is current and suitable for the intended use.
 Representativeness captures whether the data adequately reflects the population

or phenomenon of interest.
Unlike traditional information systems, AI systems often rely on large-scale, heterogeneous,
and continuously updated datasets, increasing the complexity of maintaining quality across
all dimensions.
2.2 Data quality across the AI lifecycle
AI systems typically progress through several stages: data collection, data preprocessing,
model training, validation, deployment, and monitoring. Data quality issues can emerge at
any stage and propagate downstream.
For example, biased sampling during data collection can lead to systematic model bias,
while poor labeling quality during preprocessing can degrade predictive accuracy. Once
deployed, models trained on outdated data may suffer from performance decay due to
changing environmental conditions, a phenomenon known as data drift.

3. Impact of data quality on AI performance
3.1 Model accuracy and generalization
High-quality data is essential for training models that generalize beyond the training
dataset. Noise, missing values, or incorrect labels can cause models to overfit spurious
patterns, reducing performance on unseen data. Empirical studies consistently show that
improvements in data quality often yield larger performance gains than marginal
algorithmic refinements.
3.2 Robustness and reliability



AI systems deployed in real-world environments must handle variability and uncertainty.
Poor data quality undermines robustness by exposing models to unanticipated inputs or
distributions. In safety-critical domains such as healthcare or autonomous systems, lack of
robustness poses significant risks.
3.3 Fairness and bias
Data quality is closely linked to ethical concerns in AI. Non-representative or historically
biased data can lead to discriminatory outcomes, even when algorithms are technically
sound. Bias in training data may be inadvertently amplified, resulting in systematic
disadvantages for certain groups.
3.4 Explainability and trust
Trust in AI systems depends partly on their perceived reliability and transparency. Poor data
quality complicates explainability efforts, as model decisions may be driven by artifacts or
noise rather than meaningful patterns. This undermines user confidence and regulatory
acceptance.

4. Organizational implications of data quality in AI
4.1 Data as a strategic asset
High-quality data constitutes a critical organizational resource for AI-driven innovation.
Firms with superior data governance capabilities can develop more accurate and scalable AI
solutions, creating sustainable competitive advantages. Conversely, organizations that
neglect data quality risk underperforming AI investments.
4.2 Skill requirements and organizational structures
Ensuring data quality requires interdisciplinary collaboration among data engineers, domain
experts, and AI practitioners. Organizations increasingly establish data governance roles,
such as chief data officers and data stewardship teams, to oversee quality standards.
4.3 Costs and trade-offs
Improving data quality involves significant costs related to data collection, cleaning, labeling,
and maintenance. Organizations must balance these investments against expected
performance gains, particularly in fast-moving innovation contexts.

5. Data quality, governance, and regulation
5.1 Data governance frameworks
Effective data governance frameworks define roles, responsibilities, standards, and
processes for managing data quality. In AI contexts, governance must extend beyond
compliance to include continuous monitoring and feedback mechanisms.
5.2 Regulatory and ethical considerations
Regulatory initiatives increasingly emphasize data quality as a prerequisite for trustworthy AI.
Poor data quality not only undermines system performance but may also violate legal
requirements related to fairness, transparency, and accountability.
5.3 Accountability and liability
When AI systems cause harm, data quality becomes a key factor in assigning responsibility.
Organizations must demonstrate due diligence in data management to mitigate legal and
reputational risks.



6. Implications and future research directions
6.1 Managerial implications
Managers should prioritize data quality as a strategic investment rather than a technical
afterthought. This includes allocating resources to data infrastructure, establishing quality
metrics, and fostering a data-aware organizational culture.
6.2 Policy implications
Policymakers should promote standards and best practices for data quality in AI systems,
particularly in high-impact domains. Support for data-sharing initiatives and public datasets
can also enhance innovation while maintaining quality controls.
6.3 Future research
Future studies should empirically examine the relationship between data quality investments
and AI performance outcomes. Additional research is needed on automated data quality
assessment, human–AI collaboration in data labeling, and governance models for cross-
organizational data ecosystems.

7. Conclusion
Data quality is a foundational element of artificial intelligence technology, shaping model
performance, ethical outcomes, and organizational value creation. As AI systems become
more autonomous and influential, the costs of poor data quality increase substantially. This
paper argues that data quality should be treated as a core pillar of responsible and effective
AI development. By integrating technical, organizational, and governance perspectives, the
study provides a comprehensive understanding of why data quality matters and how it can
be systematically managed to support sustainable AI innovation.
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