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Abstract 
The landscape of data quality management is undergoing rapid transformation, driven by advances 

in artificial intelligence, the proliferation of data sources, evolving regulatory requirements, and 

changing organizational expectations. This review examines emerging trends, challenges, and 

opportunities that will shape the future of data quality. Drawing on literature from data 

management, information systems, and technology forecasting, we analyze key trends including 

AI-driven quality automation, real-time quality assurance, semantic quality assessment, and the 

integration of quality with data governance. We examine challenges that must be addressed, 

including bias in AI-driven quality systems, the complexity of multimodal and heterogeneous data, 

evolving regulatory requirements, and the need for human-AI collaboration. We identify 

opportunities for innovation, including quality as a service, quality-aware data ecosystems, and 

quality for responsible AI. We propose a roadmap for the future of data quality that addresses 

technical, organizational, and societal dimensions. 
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Introduction 

The landscape of data quality management is undergoing rapid and profound transformation. 

Advances in artificial intelligence are enabling new capabilities for quality assessment, anomaly 

detection, and data cleaning. The proliferation of data sources and the growth of data volume, 

velocity, and variety are creating new quality challenges. Evolving regulatory requirements are 

raising the stakes for quality assurance. And changing organizational expectations are elevating 

data quality from a technical concern to a strategic imperative. 

These transformations are reshaping the practice and profession of data quality management. 

Traditional approaches, which emphasize manual assessment, periodic audits, and reactive 

correction, are giving way to automated, continuous, and proactive quality management. The skills 

and expertise required for data quality are evolving, with growing emphasis on AI, data science, 

and governance. The organizational structures and processes that support quality are being 

reimagined, with quality becoming an integral part of data strategy and operations. 

This review examines the emerging trends, challenges, and opportunities that will shape the future 

of data quality. We analyze the key drivers of change and their implications for organizations, 

practitioners, and policymakers. We identify the technical, organizational, and societal challenges 

that must be addressed for the future of data quality to be realized. And we propose a roadmap for 

the future that provides guidance for navigating the transformations ahead. 

http://yuktabpublisher.com/index.php/TCT
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The remainder of this article is organized as follows. Section 2 examines the key drivers of change 

in data quality. Section 3 analyzes emerging trends in quality management. Section 4 addresses the 

challenges that must be overcome. Section 5 identifies opportunities for innovation. Section 6 

examines the implications for organizations and practitioners. Section 7 proposes a roadmap for 

the future. Section 8 identifies research priorities. Section 9 concludes. 

Drivers of Change in Data Quality 

Several key drivers are reshaping the landscape of data quality management. Understanding these 

drivers is essential for anticipating and navigating the transformations ahead. 

Advances in artificial intelligence are perhaps the most significant driver of change. AI techniques 

are enabling new capabilities for quality assessment, anomaly detection, and data cleaning that 

were previously impossible. As AI capabilities continue to advance, the potential for automated 

quality management will expand further, creating new opportunities and challenges. 

The growth of data volume, velocity, and variety is creating new quality challenges. Organizations 

are collecting more data from more sources than ever before, including structured data from 

databases, unstructured data from text and images, and streaming data from sensors and devices. 

The heterogeneity and scale of data create quality challenges that traditional approaches cannot 

address. 

Evolving regulatory requirements are raising the stakes for quality assurance. The EU AI Act, 

GDPR, and other regulations establish requirements for data quality, particularly in high-risk 

applications. Regulatory compliance is becoming a driver of quality investment, creating both 

challenges and opportunities. 

Changing organizational expectations are elevating data quality from a technical concern to a 

strategic imperative. Organizations are recognizing that data quality is essential for competitive 

advantage, customer trust, and operational efficiency. This recognition is driving investment in 

quality and elevating its priority in organizational strategy. 

Emerging Trends in Data Quality Management 

Several emerging trends are reshaping data quality management. These trends reflect the drivers of 

change and point toward the future of quality. 

AI-driven quality automation is one of the most significant emerging trends. Organizations are 

increasingly leveraging AI to automate quality assessment, anomaly detection, and data cleaning. 

As AI capabilities advance, the scope and effectiveness of automated quality management will 

expand. This trend is shifting the role of human quality professionals from manual assessment to 

oversight and improvement of automated systems. 

Real-time quality assurance is another emerging trend. Traditional quality approaches emphasize 

periodic assessment, with quality checked at defined intervals. Real-time quality assurance enables 

continuous monitoring, with quality issues detected and addressed as they arise. This approach is 

essential for applications where timeliness is critical, such as real-time analytics and operational 

systems. 



THE COMPUTERTECH 
(An International Peer Review Journal) 
 

11 | P a g e  
 

Semantic quality assessment represents an emerging frontier. Traditional quality assessment 

emphasizes structural and statistical properties of data. Semantic quality assessment addresses 

meaning and context, determining whether data are fit for their intended purpose. Advances in 

natural language processing and knowledge representation are enabling semantic quality 

assessment at scale. 

Integration of quality with data governance is an emerging trend. Traditionally, quality and 

governance have been treated as separate concerns. Increasingly, organizations are integrating 

quality into governance structures, recognizing that quality is essential for effective governance 

and that governance provides the organizational support that quality requires. 

Quality as a service is an emerging business model. Rather than developing quality capabilities in-

house, organizations are increasingly purchasing quality services from specialized providers. This 

model enables organizations to access sophisticated quality capabilities without the investment 

required for in-house development. 

Challenges for the Future of Data Quality 

Several challenges must be addressed for the future of data quality to be realized. These challenges 

reflect the complexity of the transformations underway and the difficulty of navigating them. 

Bias in AI-driven quality systems is a significant challenge. AI systems trained on biased data may 

produce biased quality assessments, perpetuating and amplifying existing biases. Ensuring fairness 

in automated quality systems requires attention to training data, algorithm design, and ongoing 

monitoring. 

Complexity of multimodal and heterogeneous data creates quality challenges. Combining data from 

different sources, formats, and modalities requires sophisticated quality approaches that can address 

the unique characteristics of each type of data. The complexity of multimodal data may exceed the 

capabilities of current quality systems. 

Evolving regulatory requirements create compliance challenges. As regulations continue to evolve, 

organizations must keep pace with changing requirements. Regulatory uncertainty can complicate 

quality planning and investment. 

Human-AI collaboration requires careful design. As AI takes on more quality tasks, the relationship 

between humans and machines must be carefully designed to leverage the strengths of each. Human 

judgment remains essential for complex quality decisions, while AI excels at routine assessment 

and anomaly detection. 

Skill gaps limit the adoption of advanced quality approaches. Implementing AI-driven quality 

requires specialized expertise in machine learning, data management, and quality assurance. Many 

organizations lack this expertise, limiting their ability to leverage advanced quality capabilities. 

Opportunities for Innovation 

The transformations underway in data quality create significant opportunities for innovation. These 

opportunities span technical, organizational, and business dimensions. 
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Quality as a service represents a significant business opportunity. Organizations that develop 

sophisticated quality capabilities can offer them as services to other organizations. This model 

enables cost sharing, expertise sharing, and innovation across the quality ecosystem. 

Quality-aware data ecosystems represent an opportunity for innovation at the ecosystem level. 

Organizations that share data can develop shared quality standards and processes, reducing the cost 

and effort of quality management for all participants. Quality-aware ecosystems can enhance trust 

and value in data sharing. 

Quality for responsible AI is an emerging opportunity. As organizations recognize the importance 

of quality for AI performance and fairness, the demand for quality capabilities that support 

responsible AI will grow. Organizations that develop these capabilities will be well-positioned to 

meet this demand. 

Continuous improvement through feedback loops is an opportunity for innovation. Organizations 

can use feedback from quality monitoring to improve both data quality and AI performance, 

creating virtuous cycles of improvement. 

Implications for Organizations and Practitioners 

The transformations underway have significant implications for organizations and practitioners. 

Organizations must adapt their strategies, structures, and capabilities to navigate the changing 

landscape. Practitioners must develop new skills and expertise to remain relevant. 

For organizations, data quality must be elevated from a technical concern to a strategic imperative. 

Quality should be integrated into data strategy, governance, and operations. Investment in quality 

should be commensurate with its importance for organizational performance. 

For practitioners, the role of data quality professional is evolving. Traditional skills in data 

profiling, cleaning, and assessment remain important, but they are being supplemented by skills in 

AI, data science, and governance. Practitioners must develop expertise in AI-driven quality tools, 

understand the implications of AI for quality, and be able to lead quality improvement initiatives. 

A Roadmap for the Future of Data Quality 

We propose a roadmap for the future of data quality that addresses technical, organizational, and 

societal dimensions. The roadmap is organized around three phases: foundation, acceleration, and 

transformation. 

The foundation phase establishes the capabilities and infrastructure for future quality management. 

This phase emphasizes building data quality foundations, including governance, processes, and 

tools. Organizations should invest in quality capabilities that provide a solid foundation for future 

innovation. 

The acceleration phase leverages AI and automation to scale quality capabilities. This phase 

emphasizes implementing AI-driven quality tools, automating routine quality tasks, and building 

continuous quality monitoring. Organizations should invest in AI capabilities that enhance quality 

management. 
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The transformation phase fundamentally reimagines quality management. This phase emphasizes 

semantic quality assessment, quality-aware ecosystems, and quality as a service. Organizations 

should invest in transformative capabilities that create new value from quality management. 

Research Priorities 

Several research priorities are needed to advance the future of data quality. Research on AI-driven 

quality assessment is needed to develop more accurate and reliable quality tools. Research on 

fairness in automated quality is needed to ensure that quality systems do not perpetuate bias. 

Research on human-AI collaboration is needed to design effective partnerships. Research on 

quality-aware ecosystems is needed to support data sharing and integration. Research on regulatory 

impacts is needed to understand how regulations affect quality practices and outcomes. 

Conclusion 

The future of data quality is being shaped by powerful forces of change, including advances in AI, 

the growth of data, evolving regulatory requirements, and changing organizational expectations. 

These forces are creating new capabilities, challenges, and opportunities for quality management. 

Emerging trends point toward a future in which quality is automated, continuous, semantic, and 

integrated with governance. AI-driven quality automation will transform the practice of quality 

assessment and improvement. Real-time quality assurance will enable continuous monitoring and 

rapid correction. Semantic quality assessment will address meaning and context, determining 

whether data are fit for their intended purpose. Integration of quality with governance will provide 

the organizational support that quality requires. Significant challenges must be addressed for this 

future to be realized. Bias in AI-driven quality systems, the complexity of multimodal data, 

evolving regulatory requirements, and human-AI collaboration all require attention. However, 

these challenges also present opportunities for innovation in quality as a service, quality-aware 

ecosystems, and quality for responsible AI. A roadmap for the future, organized around foundation, 

acceleration, and transformation phases, provides guidance for organizations and practitioners 

navigating the transformations ahead. Research priorities must address the challenges and 

opportunities of AI-driven quality, fairness, human-AI collaboration, and regulatory compliance. 

As data become increasingly central to organizational operations, decision-making, and 

competitive advantage, the importance of data quality will only intensify. Organizations that 

successfully navigate the transformations ahead will be better positioned to realize the benefits of 

their data and avoid the costs of poor quality. The future of data quality is one of significant promise 

and significant challenge, requiring sustained attention to the technical, organizational, and societal 

dimensions of quality management 
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