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Abstract 
The relationship between artificial intelligence and data quality is fundamentally bidirectional: AI 

systems depend on high-quality data for reliable performance, while AI techniques offer powerful 

tools for assessing, monitoring, and improving data quality at scale. This review examines the 

application of machine learning and AI to data quality management, analyzing how intelligent 

systems can automate quality assessment, anomaly detection, data cleaning, and continuous 

monitoring. Drawing on literature from data management, computer science, and information 

systems, we review the current state of AI-driven data quality tools and their capabilities across 

multiple quality dimensions. We analyze the technical approaches that have proven most effective, 

including supervised and unsupervised learning for anomaly detection, deep learning for data 

imputation, and natural language processing for semantic quality assessment. We examine the gap 

between technological capability and organizational adoption, identifying barriers including user 

acceptance concerns, skill gaps, and management hesitancy. We propose a framework for 

integrating AI into data quality management that addresses technical, organizational, and human 

dimensions. 
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Introduction 

The relationship between artificial intelligence and data quality has been predominantly examined 

from one direction: the impact of data quality on AI performance. Researchers and practitioners 

have focused extensively on ensuring that data used to train AI systems meet quality standards, 

recognizing that models trained on flawed data produce unreliable predictions and amplify biases. 

This perspective, while essential, represents only half of the bidirectional relationship between AI 

and data quality. 

The other direction—using AI to improve data quality—has received comparatively less attention 

despite its significant potential. AI techniques offer powerful tools for assessing, monitoring, and 

improving data quality at scales that would be impossible through manual methods. Machine 

learning algorithms can detect anomalies that rule-based systems miss, predict missing values with 

remarkable accuracy, and continuously monitor data quality in real-time. These capabilities have 

the potential to transform data quality management from a reactive, labor-intensive process to a 

proactive, automated one. 

http://yuktabpublisher.com/index.php/TCT
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This review examines the application of machine learning and AI to data quality management, 

analyzing how intelligent systems can automate quality assessment, anomaly detection, data 

cleaning, and continuous monitoring. We review the current state of AI-driven data quality tools 

and their capabilities across multiple quality dimensions. We analyze the technical approaches that 

have proven most effective and examine the gap between technological capability and 

organizational adoption. We propose a framework for integrating AI into data quality management 

that addresses technical, organizational, and human dimensions. 

The remainder of this article is organized as follows. Section 2 examines the bidirectional 

relationship between AI and data quality. Section 3 reviews AI techniques for data quality 

assessment. Section 4 examines AI for anomaly detection and error identification. Section 5 

reviews AI for data cleaning and imputation. Section 6 examines AI for continuous monitoring and 

quality assurance. Section 7 analyzes the gap between capability and adoption. Section 8 proposes 

a framework for integration. Section 9 identifies future directions. Section 10 concludes. 

The Bidirectional Relationship Between AI and Data Quality 

The relationship between AI and data quality is fundamentally bidirectional. AI systems depend on 

high-quality data for reliable performance, while AI techniques offer powerful tools for improving 

data quality. Understanding this bidirectional relationship is essential for effective data quality 

management in the AI era. 

Data quality for AI has been the dominant focus of attention. Researchers have extensively 

documented the impact of data quality on AI performance, demonstrating that models trained on 

flawed data produce unreliable predictions, amplify biases, and degrade over time as data 

distributions shift. Ensuring data quality for AI requires rigorous preprocessing, profiling, and 

cleansing to eliminate inaccuracies, duplicates, and missing values. It requires bias detection and 

mitigation at the data sourcing stage to prevent algorithmic discrimination. It requires continuous 

monitoring and retraining to address model drift and maintain representativeness. And it requires 

comprehensive metadata and provenance documentation to support explainability and 

accountability. 

AI for data quality represents the complementary direction of the relationship. AI techniques can 

automate quality assessment, detecting errors and anomalies that rule-based systems miss. Machine 

learning algorithms can predict missing values with remarkable accuracy, imputing data based on 

patterns learned from complete records. Natural language processing can assess semantic quality, 

identifying contextual anomalies and domain-specific violations. Deep learning can identify 

complex patterns and relationships that indicate quality issues. These capabilities have the potential 

to transform data quality management from a reactive, labor-intensive process to a proactive, 

automated one. 

The bidirectional relationship creates opportunities for virtuous cycles. As AI improves data quality, 

higher-quality data enable better AI performance. Better AI performance, in turn, enables further 

improvements in data quality. Organizations that successfully leverage both directions of the 

relationship can achieve continuous improvement in both data quality and AI capability. 
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However, the bidirectional relationship also creates risks. Poor data quality degrades AI 

performance, and poor AI performance can lead to incorrect data quality assessments, propagating 

errors rather than correcting them. The recursive nature of the relationship means that failures in 

either direction can amplify problems. Managing this recursive relationship requires careful 

attention to quality at every stage and robust governance that ensures errors are detected and 

corrected promptly. 

AI Techniques for Data Quality Assessment 

AI techniques offer powerful capabilities for data quality assessment, enabling automated 

evaluation of quality across multiple dimensions. These techniques can assess quality at scales and 

speeds that would be impossible through manual methods. 

Supervised learning approaches have been applied to data quality classification. Models are trained 

on labeled data, learning to distinguish between high-quality and low-quality records. These models 

can then be applied to new data, automatically classifying records by quality level. Supervised 

approaches require labeled training data, which may be expensive to produce, but they can achieve 

high accuracy for well-defined quality dimensions. 

Unsupervised learning approaches have been applied to anomaly detection. These methods identify 

records that deviate from expected patterns without requiring labeled training data. Unsupervised 

approaches are particularly valuable for detecting novel quality issues that have not been previously 

encountered. They can identify outliers, unusual patterns, and potential errors that rule-based 

systems would miss. 

Semi-supervised approaches combine labeled and unlabeled data, achieving better performance 

than unsupervised methods while requiring less labeled data than supervised approaches. These 

methods are well-suited to data quality assessment, where labeled data may be limited but unlabeled 

data are abundant. 

Deep learning approaches have been applied to complex quality assessment tasks. Convolutional 

neural networks can assess visual data quality, detecting issues in images and videos. Recurrent 

neural networks can assess temporal data quality, detecting inconsistencies and anomalies in time 

series. Transformer architectures can assess semantic quality, identifying contextual anomalies in 

text data. 

Natural language processing techniques have been applied to semantic quality assessment. NLP 

can identify contextual anomalies that rule-based methods overlook, such as detecting implausible 

relationships, temporal inconsistencies, or domain-specific violations. Large language models, such 

as OpenAI's DaVinci, have demonstrated the capacity to assess temporal, geographic, and 

technological coverage in datasets, reducing practitioner bias and improving metadata 

completeness. 

AI for Anomaly Detection and Error Identification 

Anomaly detection is one of the most promising applications of AI to data quality management. 

Machine learning algorithms can identify records that deviate from expected patterns, flagging 
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potential errors for review and correction. This capability is particularly valuable for large datasets 

where manual review is infeasible. 

Statistical methods have been applied to anomaly detection for decades. These methods identify 

outliers based on statistical properties of the data, such as deviations from the mean or median. 

While simple and interpretable, statistical methods may miss complex anomalies that do not appear 

as univariate outliers. 

Machine learning methods have significantly advanced anomaly detection capability. Isolation 

forests, for example, isolate anomalies by randomly partitioning the data, identifying records that 

are isolated more quickly than normal records. This approach is efficient and effective for high-

dimensional data. 

Support vector machines can be applied to anomaly detection, learning a boundary that separates 

normal records from anomalies. One-class SVM is particularly useful for anomaly detection, as it 

learns the characteristics of normal data and identifies deviations. 

Deep learning methods have further advanced anomaly detection. Autoencoders learn to 

reconstruct normal data; records that cannot be reconstructed accurately are flagged as anomalies. 

This approach can detect complex anomalies that simpler methods miss. Variational autoencoders 

and generative adversarial networks have been applied to anomaly detection with promising results. 

Ensemble methods combine multiple anomaly detection approaches, achieving better performance 

than individual methods. By aggregating the outputs of multiple detectors, ensemble methods can 

detect a wider range of anomalies and reduce false positives. 

AI for Data Cleaning and Imputation 

Data cleaning—the process of detecting and correcting errors, inconsistencies, and missing 

values—is a fundamental data quality activity. AI techniques can automate and enhance data 

cleaning, reducing the time and expertise required and improving the quality of results. 

Missing value imputation is a common data cleaning task. Traditional methods, such as mean 

imputation or regression imputation, are simple but may introduce bias. Machine learning methods 

can impute missing values with greater accuracy, learning patterns from complete records and 

predicting missing values based on those patterns. 

The Denoising Self-Attention Network (DSAN) represents an advanced approach to missing value 

imputation. DSAN leverages self-attention and multitask learning to predict substitutes for both 

numerical and categorical fields. The model learns to denoise the data, reconstructing complete 

records from incomplete inputs. Experimental results have demonstrated that DSAN outperforms 

traditional imputation methods across multiple datasets. 

k-nearest neighbors (KNN) imputation is a simpler machine learning approach. Missing values are 

imputed based on the values of the k nearest neighbors, where nearest is defined based on similarity 

across other variables. KNN imputation is straightforward and interpretable but may be less 

accurate than more sophisticated methods. 

Deep learning approaches to imputation have shown particular promise. Neural networks can learn 

complex patterns in the data and use those patterns to impute missing values. Long short-term 
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memory (LSTM) networks can impute missing values in time series data, learning temporal 

patterns and predicting missing values based on past and future observations. 

Data fusion is another application of AI to data cleaning. Data fusion integrates heterogeneous 

sources, thereby reducing uncertainty and providing more comprehensive representations. Machine 

learning can learn the relationships between sources and determine the most reliable representation 

of each data element. 

Active learning can optimize data cleaning efforts. Active learning algorithms identify the records 

that are most informative for model improvement, prioritizing those records for human review. By 

focusing review effort where it is most valuable, active learning can reduce the cost of manual data 

cleaning while maintaining quality. 

AI for Continuous Monitoring and Quality Assurance 

Continuous monitoring is essential for maintaining data quality over time. AI techniques can 

automate monitoring, detecting quality issues as they arise and enabling rapid correction. 

Rule-based monitoring is the traditional approach to continuous quality assurance. Rules define 

expected data characteristics, and violations are flagged for review. While simple and interpretable, 

rule-based monitoring may miss complex quality issues that do not violate explicit rules. 

Machine learning-based monitoring can detect a wider range of quality issues. Models learn normal 

data characteristics from historical data and flag deviations from normal patterns. This approach 

can detect complex issues that rule-based systems would miss, including subtle changes in data 

distributions that may indicate quality problems. 

Drift detection is a specialized application of continuous monitoring. 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. Machine learning can detect 

drift, alerting data managers to changes that may indicate quality issues or the need for model 

retraining. 

Feedback loops enable continuous improvement in quality monitoring. As quality issues are 

detected and corrected, the monitoring system learns from the corrections, improving its ability to 

detect future issues. This learning loop is essential for maintaining monitoring effectiveness over 

time. 

Multi-agent AI systems represent an emerging approach to continuous quality assurance. These 

systems use multiple AI agents working together to detect and correct quality issues. Planner agents 

determine what to check, while executor agents perform the checks and implement corrections. 

This approach has been demonstrated in PySpark validation, where agents automatically generate 

and execute validation code from natural-language prompts, adapting to evolving data sources. 

The Gap Between Capability and Adoption 

Despite the significant capabilities of AI for data quality, adoption of AI-driven quality tools 

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. This gap between technological 

capability and market implementation reflects several barriers. 
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User acceptance concerns are a significant barrier. Organizations may be hesitant to trust AI-driven 

quality assessment, particularly when the AI's decisions are not fully explainable. Surveys of AI-

generated platforms have revealed concerns about security and trust despite positive evaluations of 

functionality and aesthetics. Building trust requires transparency about how AI systems work and 

demonstrable evidence of their effectiveness. 

Skill gaps limit adoption. Implementing AI-driven data quality requires specialized expertise in 

machine learning, data management, and quality assurance. Many organizations lack this expertise, 

making it difficult to implement and maintain AI-driven quality systems. Building capacity requires 

investment in training, recruitment, and development. 

Management hesitancy is another barrier. Management may be reluctant to invest in AI-driven 

quality tools, particularly when the benefits are not immediately apparent. Demonstrating the 

business case for AI-driven quality requires evidence of improved outcomes, reduced costs, and 

competitive advantage. 

Technical challenges also limit adoption. Integrating AI-driven quality tools with existing systems 

and workflows can be complex and expensive. Legacy systems may not be compatible with modern 

AI tools. Data quality issues in the training data may limit the effectiveness of the AI tools 

themselves. 

A Framework for Integrating AI into Data Quality Management 

We propose a framework for integrating AI into data quality management that addresses technical, 

organizational, and human dimensions. The framework is organized around four pillars: 

assessment, remediation, monitoring, and governance. 

Assessment addresses the use of AI for quality evaluation. Organizations should implement AI-

driven quality assessment tools that can evaluate quality across multiple dimensions at scale. 

Assessment should include automated anomaly detection, pattern analysis, and trend identification. 

Assessment results should be transparent and explainable, supporting trust and understanding. 

Remediation addresses the use of AI for quality improvement. Organizations should implement AI-

driven data cleaning and correction tools that can automatically or semi-automatically address 

quality issues. Remediation should include missing value imputation, error correction, and data 

fusion. Remediation should be adaptive, learning from corrections to improve future performance. 

Monitoring addresses the use of AI for continuous quality assurance. Organizations should 

implement AI-driven monitoring systems that detect quality issues as they arise and alert data 

managers to problems. Monitoring should include drift detection, anomaly detection, and trend 

analysis. Monitoring should be continuous, with feedback loops that enable learning and 

improvement. 

Governance addresses the organizational structures that support AI-driven quality management. 

Organizations should establish clear accountability for AI-driven quality, with defined roles and 

responsibilities. Governance should include policies for AI use, standards for quality assessment, 

and processes for oversight and review. Governance should be adaptive, evolving as AI capabilities 

and organizational needs change. 
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Future Directions 

Several directions for future development are needed to advance AI-driven data quality 

management. Research on explainable AI for quality assessment is needed to build trust and 

understanding. Research on automated remediation is needed to extend the capabilities of AI-driven 

quality tools. Research on continuous monitoring is needed to support real-time quality assurance 

at scale. Research on organizational implementation is needed to understand barriers and enablers 

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

between humans and machines in quality management. 

Conclusion 

The application of artificial intelligence to data quality management represents a significant 

opportunity for organizations seeking to improve the reliability and value of their data assets. AI 

techniques can automate quality assessment, anomaly detection, data cleaning, and continuous 

monitoring at scales that would be impossible through manual methods. Machine learning 

algorithms can detect anomalies that rule-based systems miss, predict missing values with 

remarkable accuracy, and continuously monitor data quality in real-time. However, adoption of AI-

driven quality tools remains limited, reflecting barriers of user acceptance, skill gaps, management 

hesitancy, and technical challenges. Closing the gap between capability and adoption requires 

attention to technical, organizational, and human dimensions. A framework for integrating AI into 

data quality management, organized around assessment, remediation, monitoring, and governance, 

provides guidance for organizations seeking to leverage AI for quality improvement. As data 

become increasingly central to organizational operations, decision-making, and competitive 

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

leverage AI for quality management will be better positioned to realize the benefits of their data 

and avoid the costs of poor quality. The bidirectional relationship between AI and data quality 

creates opportunities for virtuous cycles of improvement, but these opportunities must be pursued 

with attention to quality at every stage and robust governance that ensures errors are detected and 

corrected promptly. 
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