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ABSTRACT: Data cleaning is a critical step in the data lifecycle that ensures accuracy, consistency, and reliability of
datasets used for analytics and decision-making. Traditional data cleaning approaches often rely on static rules and
manual intervention, which are time-consuming and insufficient for handling the increasing volume and complexity of
modern datasets. This paper presents an Al-driven framework for intelligent detection and correction of data errors,
leveraging machine learning and natural language processing to automate and improve data quality processes. The
proposed system integrates anomaly detection models, pattern recognition algorithms, and context-aware correction
mechanisms to identify and resolve diverse data issues such as missing values, duplicates, inconsistencies, and
erroneous entries. Using a combination of supervised and unsupervised learning techniques, the framework adapts
dynamically to different data domains and error types, reducing dependence on domain-specific rules. We validate the
framework on heterogeneous datasets including financial records, healthcare data, and customer information systems,
demonstrating significant improvements in data quality metrics. The Al-driven cleaning approach achieved up to a 30%
reduction in error rates compared to baseline rule-based systems while also decreasing manual correction efforts by
50%. Additionally, the system effectively prioritized errors for human review, optimizing resource allocation. This
research highlights the advantages of integrating Al into data cleaning workflows, emphasizing scalability, adaptability,
and improved accuracy. By automating error detection and suggesting corrections, the framework accelerates data
preparation, enabling faster and more reliable analytics. The findings underscore the potential of Al-powered data
cleaning as an essential component of modern data management, paving the way for future developments in
autonomous data quality assurance.
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L. INTRODUCTION

Data cleaning is an indispensable process in data management, directly impacting the validity and usability of datasets.
As organizations increasingly depend on data-driven insights for strategic decisions, ensuring high data quality is
paramount. However, data collected from multiple sources often contains errors such as missing values, duplicates,
inconsistencies, and outliers. These errors can propagate through analytical models, resulting in misleading conclusions
or operational inefficiencies.

Traditional data cleaning techniques rely heavily on manually defined rules and scripts crafted by data experts.
Although effective in controlled environments, such approaches are limited in scalability, adaptability, and require
significant human effort. Furthermore, static rules struggle to cope with the evolving nature of modern data
characterized by high volume, velocity, and variety.

Recent advances in artificial intelligence (Al), particularly machine learning (ML) and natural language processing
(NLP), provide new opportunities to automate and enhance data cleaning. Al systems can learn patterns of errors and
their corrections from historical data, enabling dynamic adaptation across different datasets and domains. This
approach reduces manual intervention, improves cleaning accuracy, and accelerates data preparation.

This paper proposes an Al-driven framework for intelligent detection and correction of data errors tailored for
heterogeneous and large-scale datasets. We explore both unsupervised anomaly detection techniques for error
identification and supervised learning for correction suggestions. The framework is designed to integrate with existing
data pipelines to support continuous and real-time data quality monitoring.
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Our work contributes to advancing autonomous data cleaning by demonstrating practical effectiveness and scalability
through experimental evaluations on diverse real-world datasets. The following sections discuss related research,
methodology, key findings, workflow design, and future directions.

II. LITERATURE REVIEW

Data cleaning has been a long-standing challenge in data management. Early methods primarily involved rule-based
approaches such as consistency checks, range validation, and constraint enforcement (Rahm & Do, 2000). While these
techniques are straightforward to implement, they require significant manual effort and domain expertise.

Machine learning has been increasingly applied to automate aspects of data cleaning. Anomaly detection algorithms
such as Isolation Forests (Liu et al., 2008) and clustering methods have been utilized to detect outliers and
inconsistencies (Chandola et al., 2009). Supervised learning models have been developed to classify errors and predict
corrections, often leveraging labeled datasets (Kandel et al., 2011).

Natural language processing techniques have been applied for cleaning unstructured and semi-structured data, such as
text normalization and entity resolution (Mann & Yarowsky, 2005). Recent work combines ML with knowledge graphs
and semantic embeddings to improve error detection by understanding data context (Paulheim, 2017).

Deep learning approaches, including autoencoders, have shown promise in identifying complex error patterns and
reconstructing clean data representations (Vincent et al., 2010). Hybrid methods integrating rule-based and Al
techniques are gaining traction to leverage domain knowledge alongside data-driven insights (Rahm et al., 2020).

Despite these advances, challenges remain in creating scalable, adaptive, and domain-agnostic cleaning systems. Model
interpretability, handling concept drift, and integration into existing data pipelines are ongoing research areas.

This paper builds upon prior work by proposing a comprehensive Al-driven data cleaning framework that combines
multiple ML and NLP techniques, evaluated on large-scale heterogeneous datasets, with emphasis on practical
deployment considerations.

III. RESEARCH METHODOLOGY

Our research methodology involves developing an Al-driven framework for automated data cleaning, structured as
follows:
1. Data Collection: We curated diverse datasets spanning finance, healthcare, and customer databases. The data
contained known errors, which were identified through domain expert labeling and legacy system logs.
2. Preprocessing: Initial cleaning involved standardization of formats and normalization. Missing values were
flagged, and preliminary deduplication was applied.
3. Error Detection:
o Unsupervised Models: Isolation Forests and autoencoders were trained to detect anomalies and unusual
data patterns without requiring labeled errors.
o Rule Integration: Domain-specific rules were encoded to complement Al models, reducing false
positives.
4. Error Correction:
o Supervised Learning: Classification and regression models were trained to predict corrected values or
suggest data imputations based on historical error-correction pairs.
o Contextual NLP: For textual data, embedding models (e.g., BERT) were used to understand semantic
relationships and propose corrections.
5. Model Evaluation: Performance was measured using precision, recall, F1-score for detection, and accuracy for
correction. Baselines included rule-only and manual cleaning.
6. Deployment Architecture: The system was integrated into a prototype pipeline using Apache Spark and MLflow
to support scalable batch and streaming cleaning.
7. Iterative Refinement: Continuous feedback from domain experts and model retraining ensured adaptability to
new error types and data domains.
This methodology ensured a comprehensive approach combining data-driven Al with domain knowledge to improve
cleaning effectiveness and scalability.
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IV. KEY FINDINGS

Our experiments revealed the following key findings:

1. Improved Error Detection: The Al-driven system detected data anomalies and inconsistencies with a precision of
92% and recall of 88%, outperforming rule-based methods by 20%. Autoencoders excelled in uncovering subtle
corruptions invisible to static rules.

2. Accurate Automated Corrections: Supervised models, augmented by NLP embeddings for textual corrections,
achieved 85% accuracy in predicting corrections, reducing the need for manual intervention.

3. Reduced Manual Workload: The system prioritized errors based on confidence scores, allowing human experts
to focus on high-impact corrections, cutting manual review time by half.

4. Domain Adaptability: The framework adapted effectively across financial, healthcare, and customer datasets
without extensive retraining, indicating robustness.

5. Scalability: Leveraging distributed computing frameworks, the solution processed millions of records efficiently,
supporting batch and streaming modes.

6. Challenges: False positives occurred mainly in noisy data segments, and complex semantic errors required further
advances in contextual understanding.

These findings confirm that integrating Al into data cleaning significantly enhances detection and correction while

improving efficiency and scalability.

V.WORKFLOW

The Al-driven data cleaning workflow is structured as follows:
1. Data Ingestion: Raw data is ingested from various sources into a unified platform capable of batch or streaming
processing.
2. Preprocessing & Standardization: Data formats are normalized, missing values flagged, and preliminary
deduplication is conducted to prepare for Al processing.
3. Error Detection Layer:
o Unsupervised ML models scan data to identify anomalies, outliers, and inconsistencies.
o Rule-based filters apply domain-specific constraints to validate data against known conditions.
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4. Error Classification & Prioritization: Detected errors are classified by severity and confidence level using
supervised learning models to determine correction urgency.
5. Automated Correction Module:
o For structured data, regression and classification models suggest corrections.
o For text data, NLP models analyze context and propose semantic corrections.
o Corrections are applied automatically or flagged for human review based on confidence thresholds.
6. Human-in-the-Loop Feedback: Domain experts review uncertain corrections, feeding feedback to retrain and
improve models continuously.
7. Monitoring & Reporting: Validation results and cleaning actions are logged and visualized for audit, compliance,
and continuous improvement.
This workflow balances automation with expert oversight, enabling scalable, adaptive, and effective data cleaning
integrated into modern data management systems.

Advantages

e Significant reduction in manual cleaning efforts.

e High accuracy in detecting and correcting diverse error types.
e Adaptable across multiple data domains.

e Scalable to large datasets with batch and real-time support.

e Combines Al and expert knowledge for balanced performance.

Disadvantages

e Computational resource intensive, especially for deep learning models.
Requires labeled correction data for supervised learning.

Potential false positives in noisy or incomplete data.

Complex system integration into legacy pipelines.

Model interpretability can be limited for end users.

VI. RESULTS AND DISCUSSION

The Al-driven framework consistently outperformed baseline approaches in detecting and correcting data errors. In
financial datasets, error detection precision improved by 22%, reducing fraud risk and compliance issues. Healthcare
datasets benefited from context-aware text corrections improving patient record quality.

Processing latency remained acceptable for batch workloads but requires optimization for strict real-time use cases.
Human feedback was essential for refining correction models and handling edge cases.

While deep learning improved correction accuracy, it increased computational cost, necessitating trade-offs between
speed and precision.

Future enhancements may involve more explainable Al components and lightweight models to ease integration and
adoption.

VII. CONCLUSION

The study demonstrates that Al-driven data cleaning significantly enhances the detection and correction of data errors
compared to traditional rule-based methods. By combining machine learning, NLP, and expert rules, the framework
offers scalable, adaptable, and accurate data quality improvement suited for modern heterogeneous datasets. Adoption
of such systems can accelerate data preparation, reduce manual overhead, and improve analytics reliability.

VIII. FUTURE WORK

Explore lightweight and explainable Al models to improve adoption.
Investigate unsupervised correction methods to reduce labeled data dependence.
Enhance real-time processing capabilities for streaming data.

Integrate knowledge graphs for richer semantic corrections.

Develop standardized benchmarking datasets for Al-based cleaning.
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