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Abstract: The paper discusses the need for effective data cleaning processes to ensure the accuracy and reliability of datasets in machine learning and big data analytics due to the growing volume and complexity of data. Traditional manual cleaning methods are often inefficient and error-prone, compromising data quality. It explores automated techniques that utilize machine learning, particularly integrating supervised and unsupervised learning algorithms, to enhance data preparation efficiency. The study shows that these advanced methods can significantly improve data quality, reduce preparation time, and support better decision-making. Ultimately, it emphasizes the importance of robust data cleansing frameworks for effectively harnessing big data's potential and improving model performance in various applications .
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1. Introduction
               Data cleaning and labeling are vital processes to ensure the accuracy and reliability of datasets. Data cleansing helps avoid incorrect conclusions by rectifying errors, inconsistencies, and missing values. These tasks are crucial in enhancing the results of data mining and machine learning applications. With the increasing ease of collecting large volumes of data, the quality of this data remains a concern, as poor data can lead to flawed results. Modern approaches in data cleansing, including machine learning techniques and crowdsourced methods, have become essential to address the challenges posed by "dirty" data. As data continues to play a central role in applications like deep learning and natural language processing, ensuring its quality through effective cleansing and labeling is crucial for reliable outcomes[1]. Machine Learning (ML) is increasingly integrated into industries such as transportation, healthcare, and education, achieving remarkable human-like performance in tasks like taking the bar exam or driving a car. The success of these applications is largely driven by large datasets and powerful computing resources. However, data preparation, including data cleaning, remains one of the most time-consuming tasks in ML, often taking up over 80% of a data scientist's time. This has led to the emergence of Data-Centric AI (DCAI), which focuses on improving datasets rather than models to enhance ML performance. As part of this trend, research on data cleaning for ML (DC4ML) and using ML for data cleaning (ML4DC) is gaining attention, with many studies exploring innovative approaches to detect and remove data errors. Data cleaning is crucial, as even well-known datasets like ImageNet can contain errors, highlighting the importance of developing new, efficient methods to improve data quality for better ML outcomes[2]. data quality in computing, particularly in data-intensive applications. It identifies challenges like data acquisition and validation, noting that high-quality data enhances business value through better decision-making, increased revenue, and regulatory compliance. Data quality is defined in terms of its fitness for purpose, focusing on attributes such as completeness, consistency, accuracy, and timeliness. The introduction also addresses the complexities in defining and assessing data quality, which vary based on context and involve significant human input[3]. data continues to grow exponentially, organizations are turning to big data analytics to gain insights and drive strategic decisions. Big data is characterized by volume, velocity, and variety, with vast amounts of data generated from sources like social media, IoT devices, and transaction records. However, poor data quality, caused by issues such as missing values, duplicates, and inconsistencies, can undermine the potential of big data, leading to inaccurate analyses and poor business strategies. Data cleaning, the process of identifying and fixing errors in datasets, is crucial for ensuring data quality. Traditional manual or semi-automated methods of data cleaning are often inefficient and error-prone. As a solution, machine learning-based automated data cleaning techniques offer a more scalable and efficient approach [4]. data from multiple sources into Oracle databases involves challenges like data cleansing, transformation, and enrichment. Traditional manual methods are time-consuming, error-prone, and inefficient. This research explores the use of machine learning (ML) algorithms to automate and enhance these processes, improving data integration efficiency and accuracy. We developed a comprehensive ML-based framework that uses supervised and unsupervised learning techniques to correct inconsistencies, transform data, and enrich datasets. Experiments with diverse datasets showed a 70% reduction in data preparation time and a 25% increase in data accuracy. The study demonstrates the potential of ML in real-world data integration applications, providing a clear roadmap for practitioners and researchers[5]. data quality, cleaning, and integration systems powered by machine learning (ML). As ML systems have been increasingly deployed across various fields, the strong dependence on high-quality input data for accurate predictions and insights has become evident. This dual relationship between ML and data cleaning has been explored in recent research under terms like “Data cleaning for ML” and “ML for automating data cleaning and preparation[6]. Entity resolution, or duplicate elimination, is a crucial aspect of data cleaning, particularly in data integration and warehousing where data is sourced from distributed and inconsistent origins. Our proposed framework enhances previous work on entity resolution by utilizing neuro-fuzzy modeling, allowing for an adaptive approach that learns and adjusts to specific notions of similarity at a metalevel. This framework integrates fuzzy inference, removing the need for hard-coding, which is common in traditional methods. Additionally, its flexibility makes it suitable for developing intelligent tools that improve data quality and accuracy, offering an extensible solution for users across various domains[7]. Machine learning plays a critical role in enhancing cybersecurity by analyzing large datasets to detect patterns and identify potential threats. Unlike traditional rule-based systems, machine learning models can autonomously learn from data, allowing them to predict future threats and improve response times. In cybersecurity, which focuses on protecting internet-connected systems from malicious entities, machine learning helps to strengthen defenses against increasingly sophisticated attacks[9]. propose a system for automatically classifying and cleaning location images in large-scale image databases uploaded by arbitrary users. Given the impracticality of human inspection for verifying massive amounts of data, detecting incorrect scenes and maintaining the accuracy of the database through automatic data cleaning is essential. This study compares different feature extractors using deep convolutional neural networks trained with big data, and introduces a multilevel extractor to enhance feature extraction. Additionally, we design a detector based on multiresolution dissimilarity calculation to address the challenge of large intraclass distances and successfully identify incorrect scenes. The proposed system was validated using a challenging dataset of 138,000 images from Google Places, and experiments demonstrate that the multilevel extractor and multiresolution dissimilarity-based detector significantly improve the accuracy of incorrect scene identification and deliver effective data cleaning results[10]. "AJAX" employs logical operations to transform data, requiring advanced SQL knowledge. "BigDansing" targets Big Data, where rules are defined to transform data across multiple layers, and the process can take hours for large datasets. Edinburgh Napier University has developed a rule-based taxonomy with 38 predefined rules to cleanse "dirty" data. We propose a Semi-Automatic system with seven layers, including ETL, Field Graber, Merge Engine, Type Investigation, Semi-automated Cleansing Engine, Outlier/Null Detection, and Output/Visualization[11]. Enterprises are increasingly able to store and acquire large datasets, which enhance decision-making, analytics, and machine learning applications. However, data quality remains a significant challenge, with dirty data—such as missing values, typos, and rule violations—leading to incorrect decisions and unreliable analysis. As a result, data cleaning has become a critical focus in both industry and academia. Recent developments explore various aspects of data cleaning, including new abstractions, interfaces, scalability, and crowdsourcing techniques. Error detection plays a key role, with quantitative methods using statistical techniques and qualitative methods relying on rules and constraints to identify issues. Repairing these errors can involve automated scripts, human crowds, or a hybrid approach. This tutorial focuses on qualitative data cleaning, examining error detection and repair techniques, and discusses how these methods can be enhanced with machine learning and statistical analysis[12]. In the era of big data, modern database systems are evolving rapidly to keep up with the growing demand for efficient data management, real-time analytics, and enhanced security[28].  Artificial Intelligence (AI) and Machine Learning (ML) have emerged as transformative forces in this evolution, enabling databases to become more intelligent, adaptive, and autonomous[29]. The integration of AI and ML into database systems is not just a technological advancement but a fundamental shift in how data is stored, processed, and utilized[30]. It enables natural language processing (NLP)-based querying, allowing users to interact with databases more intuitively[31].  ML-powered databases can identify trends, detect fraud, and automate indexing to enhance efficiency and reduce manual efforts[32]. This comparative analysis explores the distinct and overlapping applications of AI and ML in modern database systems, highlighting their advantages, challenges, and future potential[33][34]. To address these challenges, Artificial Intelligence (AI) and Machine Learning (ML) have been integrated into modern database systems, enabling greater efficiency, adaptability, and intelligence in data management[35].

2. Background 
The relationship between machine learning (ML) and data cleaning is essential for the effectiveness of ML models, as high-quality data significantly impacts model performance. Here are the summarized key points[3].
2.1Integration Across Industries:
 ML is increasingly adopted in sectors like transportation, healthcare, and education, achieving human-level performance in complex tasks[3].
2.2 Implementation Challenges: 
Practitioners spend over 80% of their time on data preparation, underscoring the need for efficient data cleaning processes[3].
2.3 Mutual Relationship: 
There is a growing interest in how ML can aid in data cleaning and vice versa, indicating a reciprocal enhancement between the two fields[3]
2.4 Need for Comprehensive Reviews:
 There is a lack of thorough reviews that compile state-of-the-art data cleaning techniques and future directions in conjunction with ML, prompting the authors of this paper to fill this gap[3].

2.5 Research Objectives: 
The paper aims to summarize current data cleaning approaches related to ML and identify future research opportunities, based on a systematic review of literature from 2016 to 2022[3].

2.6 Data Cleaning Challenge: 
Data cleaning is a major barrier in data analytics, consuming up to 80% of analysts' time as they address inconsistencies such as missing values and incorrect entries[8].
2.7 Current Landscape: 
The data cleaning ecosystem comprises various specialized tools for different error types, leading to a complex environment where each tool has its own parameters, complicating tuning and optimization[8].
2.8 Pipeline Complexity:
 Constructing a data cleaning pipeline introduces an exponential search space due to the combinations of cleaning operators and parameters, making it impractical for developers to find optimal configurations manually[8].
2.9 Limitations of Traditional Tuning:
 Traditional hyperparameter tuning methods are unsuitable for data cleaning as they treat components as black boxes, missing opportunities for shared computation that could enhance efficiency[8].
2.10 Objective:
 The goal is to create techniques for the automatic generation and tuning of data cleaning pipelines based on user-defined quality metrics, allowing users to focus on defining issues while the system autonomously searches for solutions[8].
2.11 AlphaClean’s Contribution:
 AlphaClean proposes a framework that identifies the complexities in data cleaning, canonicalizing repairs as conditional assignments and utilizing a shared pool of transformations. This facilitates a well-defined search space and enhances efficiency through incremental evaluation and dynamic pruning[8].




3.  literature review
          Oladipupo, M. A., Obuzor, P. C., Bamgbade, B. J., Adeniyi, A. E., Olagunju, K. M., &Ajagbe, S. A. et al [1] . Big data provided the most efficient way to collect, analyze, and process vast amounts of diverse data from multiple sources. As the volume and velocity of data generation increase, ensuring the Quality of Big Data (QBD) becomes essential at every stage of the system to maintain data integrity. The pre-processing phase, which includes cleansing and merging, focuses primarily on data accuracy and reliability. Big data platforms are crucial for managing and analyzing large datasets that traditional methods struggle with. Advances in techniques such as deep learning, graph neural networks, and text classification models have significantly enhanced the ability to detect issues like phishing and improve overall data quality. These innovations help streamline the process of data cleansing, labeling, and improving model accuracy, ensuring more reliable and effective outcomes in various applications.
Gudivada, V., Apon, A., & Ding, J. et al [3]. data qualited highlights its vital role in improving application performance across various fields, including software engineering, big data, and machine learning. Key dimensions of data quality, such as accuracy, completeness, and consistency, are essential for effective data use. Researchers investigate the challenges of data acquisition, integration, and validation, especially with unstructured and diverse data sources. The management of data quality has evolved from manual to automated approaches due to advancements in machine learning and data governance.
McAuley, D. et al [4]. importanced of data quality in big data has been widely recognized as organizations increasingly rely on data-driven decision-making. High-quality data is crucial for accurate analysis, and poor data quality can lead to significant financial losses and reputational damage. Common data quality issues such as missing values, duplicates, outliers, and inconsistencies often arise from data entry errors, system integration problems, and the variability of data from diverse sources. To address these challenges, traditional data cleaning methods, which are often manual or rule-based, can be inefficient and labor-intensive. In recent years, machine learning has gained attention as an effective solution for automating data cleaning. Machine learning algorithms, including supervised learning techniques like decision trees and support vector machines, and unsupervised methods like clustering, have shown promise in identifying and correcting data quality issues. Additionally, semi-supervised and deep learning approaches have demonstrated the ability to handle complex data cleaning tasks, especially in unstructured data formats. Despite these advancements, challenges such as algorithm interpretability, scalability, and biases in training data remain, highlighting the need for ongoing research to improve and refine machine learning-based data cleaning methods in big data contexts.
         Chu, X., Ilyas, I. F., Krishnan, S., & Wang, J. et al [12]. data cleaned highlights the growing significance of qualitative approaches that use constraints, rules, and patterns for error detection in large datasets. This research increasingly integrates machine learning techniques to improve cleaning efficiency and accuracy. Additionally, studies suggest that focusing on smaller data samples can yield reliable aggregate query estimates, pointing to potential optimizations in cleaning efforts. Nonetheless, challenges remain in ensuring the quality of semi-structured and unstructured data, signifying a need for further exploration in these areas. Overall, effective data cleaning is emphasized as essential for maintaining high data quality for robust analytics.
Krishnan, S., Franklin, M. J., Goldberg, K., Wang, J., & Wu, E. et al [13]. Data cleansing is essential for ensuring data quality in the context of big data, which presents challenges due to its volume, variety, and velocity. Traditional methods often fail to address the complexities of large datasets, including inconsistencies and missing values. Research shows that poor data quality can lead to misguided decisions, highlighting the need for effective cleansing techniques. The cleansing process is labor-intensive and can consume 40-60% of data scientists' time. Additionally, domain experts play a crucial role in verifying and validating cleansed data to meet quality standards. As organizations increasingly depend on data-driven strategies, implementing robust data cleansing frameworks becomes vital for effectively utilizing big data.
Younis, A et al [14]. data cleaning in machine learning (ML) pipelines, as data quality greatly impacts model performance. Traditional methods often separate data cleaning from modeling, resulting in suboptimal outcomes due to dirty data. As high-dimensional datasets are particularly sensitive to minor errors, interactive frameworks like ActiveClean have emerged to integrate data cleaning into the ML workflow, enabling iterative training and enhancing prediction accuracy. This proactive management of data quality is essential for effective ML applications, such as video classification and topic modeling.
     Alotaibi, O., Pardede, E., & Tomy, S. et al [15]. cleaned big data streams highlights the increasing complexity due to diverse data formats and large volumes generated. Key challenges identified include missing values, duplicated data, outliers, and irrelevant information, which hinder data analysis and decision-making. Various techniques, from traditional statistical methods to advanced artificial intelligence and machine learning approaches, are discussed to enhance data quality in real time. The authors stress the significance of effective data cleaning for accurate analytics and outline future research directions in this essential area. 
Iwata, C., Galegale, N., Ito, M., Azevedo, M., Duduchi, M., & Arima, et al [16]. Data cleaning has long been a crucial part of data preprocessing, with rule-based systems traditionally leading the way. These approaches rely on manually crafted rules and regular expressions to identify and fix inconsistencies, providing transparency but struggling with scalability in complex datasets. Recently, AI-based methods, particularly machine learning and deep learning, have gained popularity due to their ability to detect patterns and inconsistencies without predefined rules. Supervised and unsupervised learning methods have enhanced data cleaning by recognizing errors in structured and unstructured data.
            Rajan, A...et al [17]. The importanced of data cleaning in improving data quality for machine learning systemsm, identifies three key areas of focus: detecting integrity constraint violations, managing outliers and missing values, and implementing entity matching techniquesm,introduce automated frameworks for large-scale data validation that utilize declarative APIs for efficient quality checks. Furthermore, statistical tests are used to detect adversarial examples, thereby enhancing the robustness of machine learning models , Overall, the research underscores the need for tailored data cleaning approaches that consider dataset characteristics and error types to boost the reliability and performance of ML applications.

              Chu, X., & Ilyas, I. F. et al [18]. In recented years, qualitative error detection tools have been developed to automatically identify integrity constraint violations within datasets. These tools not only detect errors but  also provide suggestions for potential repairs or automatically  fix the errors .
            Timmerman, Y., & Bronselaer, A.et al [19].  valuabled  given the time-consuming, complex, and error-prone nature  of manual error detection. As a result, such algorithms can  significantly enhance data quality across various applications. Rule-based measurement methodologies constitute a  pivotal subset of data quality evaluation techniques. These  methodologies employ a binary approach, establishing  quality rules that govern data adherence. The rules can  be, among others, based on regular expressions, functional  dependencies, control digits, or association analyses. While  human judgment remains indispensable in evaluating data  accuracy, the presence of well-defined constraints is crucial  for assessing data quality in large or complex datasets.
.
Jäger, S., & Biessmann, F. et al [20]. Data cleaning varies in meaning depending on the research area, particularly in relation to different types of data. In this context, we focus on tabular data and explore methods like outlier detection, cell-based error detection, and data imputation. Outlier detection identifies data points that deviate significantly from others, often using unsupervised machine learning techniques. Cell-based error correction addresses errors within individual attributes of data points and is commonly studied in the data management community, where machine learning methods are increasingly used. Missing data imputation is a critical task, with various techniques developed to address missing values, including deep generative models. Additionally, label error correction focuses on errors in label data, often requiring manual inspection for reliable model training.
   Jäger, S., & Biessmann, F. et al [21]. proposed various methods for data cleaning in both streams and batches, aiming to address different data issues through improved, extended, or novel approaches. These methods often combine techniques from artificial intelligence, machine learning, deep learning, and statistical methods. For example, in the field of artificial intelligence, systems such as dynamic-adaptive-network-based fuzzy inference are used to handle missing values, while machine learning techniques like shared nearest-neighbor density help in detecting global outliers. Additionally, deep learning frameworks, such as convolutional neural networks combined with long short-term memory, are applied to detect both global and contextual outliers.
 Yang, S.  et al [22]. deep learning and data mining, AI can identify potential tax risks, providing warnings that help tax departments take timely preventative measures, reducing tax violations, and ensuring national tax stability. In auditing, AI utilizes data analysis and pattern recognition to detect financial fraud and violations, while automating audit procedures for improved accuracy and efficiency. Additionally, AI streamlines accounting tasks, automating daily operations and offering accurate financial forecasts and decision-making recommendations.
Veronin, M. A., Schumaker, R. P., Dixit, R. R., Dhake, P., & Ogwo, M et al[23]. Data cleaning, also referred to as data cleansing or curation, involves identifying and correcting errors in datasets. This report outlines the data cleaning and standardization process applied to drug name files in the U.S. Food and Drug Administration's Adverse Event Reporting System (FAERS) database. Using a combination of automated tools and manual corrections, the drug name data was cleaned and standardized. The FAERS quarterly reports from Q1 2004 to Q3 2016, totaling over 32 million records, contained errors like misspellings, abbreviations, and ambiguous names. Through iterative cleaning and MySQL Workbench programming scripts, over 95% of the drug name data was standardized. For large datasets like FAERS, data cleaning is crucial to rectify inaccuracies and ensure the quality and validity of the information.
Jestine, J. et al [24]. data cleaning techniques are employed based on the type of data and user preference. Methods such as KNN, MICE, and polynomial equation-based interpolation are commonly used. To minimize confusion regarding dataset types and corresponding cleaning methods, an automated system is essential, especially in industries dealing with rapidly growing data. Image segmentation, which involves partitioning digital images into segments to identify objects and boundaries, is a critical process for improving image processing efficiency. As computer networks and multimedia systems evolve, advanced image segmentation and classification techniques are increasingly important. Additionally, Python is gaining traction in audio signal processing applications, with libraries like NumPy, SciPy, and Matplotlib providing a powerful platform for scientific computing and integration with music composition tools like SndObj and Pure Data.
Singh, H., Dogra, A., & Modi, P. et al [25]. Data cleaning is an essential step before performing any analysis, as raw data often contains redundant, duplicate, or erroneous information that can distort the results of models. Without proper cleaning, models may generate inaccurate predictions or reinforce incorrect assumptions. This process involves correcting errors, minimizing duplicates, and eliminating unnecessary data from the training, validation, and test datasets. One recent advancement in data cleaning is the ImageDC system, proposed by Y. Zhang et al. (2020), which leverages deep neural networks for image dataset cleaning. ImageDC improves dataset accuracy by addressing low recognition rates and cleaning images from rarely occurring classes. Tests on real-world datasets have shown that ImageDC outperforms traditional methods, effectively enhancing model performance by removing irrelevant or redundant data, ensuring the use of the most accurate information.
Maletic, J. I., & Marcus, A et  al [26]. Data cleansed encompasses various methodologies aimed at enhancing data quality across different contexts. Key researchers like Wang et al. highlight the importance of data source integrity, while others, such as Fox and Redman, focus on frameworks for error management. Effective techniques for error identification and correction, including statistical outlier detection and pattern matching, are commonly discussed. Nevertheless, the field is recognized as complex and under-researched, with a pressing need for standardized practices. The current literature advocates for the integration of diverse methods and the establishment of a formal theoretical foundation to improve the efficiency and automation of data cleansing processes in practical applications.
Ding, X., Wang, H., Li, G., Li, H., Li, Y., & Liu, Y  et al [27]. Data cleaning is essential for enhancing data quality, allowing practitioners and researchers to focus on analysis and decision-making without concerns about data reliability. This paper offers a comprehensive summary of the two key stages of data cleaning for Internet of Things (IoT) time series data: error data detection and data repair. It explores various detection methods, including those for single-point, continuous, and multidimensional errors, as well as rule-violating errors. Additionally, it details data repair techniques such as statistics-based, rule-based, and human-involved approaches. The paper reviews the strengths and limitations of current IoT data cleaning techniques and provides insights into the future of IoT data cleaning.
F. R. Tato and S. R. M. Zeebaree et al [36]. AI-driven databases, such as Oracle Autonomous Database and Microsoft Azure AI-powered databases, utilize intelligent indexing, automated tuning, and anomaly detection to improve performance and reliability. AI also plays a key role in natural language processing (NLP), allowing users to interact with databases through conversational queries rather than complex SQL commands.
R. A. Saleh and S. R. M. Zeebaree, [37].In database management, ML algorithms analyze historical data patterns to improve indexing, detect fraud, enhance predictive analytics, and optimize query execution. ML-powered databases can adapt over time, continuously improving their efficiency based on real-time data insights.
Sanchita Saha et al. [38], Emphasized their role in improving output and efficiency within contemporary database systems connected to agriculture, the research investigates the transforming impacts of artificial intelligence (AI) and machine learning on the agricultural sector. It addresses how artificial intelligence technologies-especially machine learning and deep learning methods-are used to maximize certain agricultural operations, including pest identification, soil management, and crop and water management. While underlining the advantages such better decision-making and resource allocation as well as difficulties in implementation including data quality and accessibility, the study also highlights important AI applications and techniques. This thorough research emphasizes the need of artificial intelligence in transforming agricultural methods using sophisticated databases and intelligent systems.
          Jeshwanth Reddy Machireddyet et al., [39], discussed the advancements in scalable machine learning workflows in database systems, focusing on the use of artificial intelligence (AI) for model training and deployment. AI enhances efficiency by automating tasks like model selection and hyperparameter tuning, reducing the manual workload on data scientists. The integration of AI-driven solutions for intelligent resource management and automated scaling is crucial for large-scale database environments. The study also addresses challenges in managing heterogeneous data sources and ensuring data quality, emphasizing the importance of robust data governance frameworks for effective machine learning deployment. 
A. Goel, A. K. Goel, and A. Kumar et al [40], The paper explored the significant role of artificial intelligence (AI) and machine learning (ML) in enhancing modern database systems, particularly through the application of artificial neural networks (ANN). It highlighted how ANNs and ML techniques are utilized in various domains, including healthcare, disaster management, and spatial information analysis, allowing for improved data processing, predictive analytics, and decision-making capabilities. By leveraging large datasets and performing tasks such as classification, regression, and clustering, AI and ML enable databases to extract meaningful patterns from complex data, ultimately leading to more informed decisions and efficient system operations. This integration has transformed traditional approaches, paving the way for smarter and more adaptable database systems.
G. Kantayeva, J. Lima, and A. I. Pereira, [41], discussed the role of artificial intelligence and machine learning in water resources management (WRM) using big data. It highlights the use of new ML techniques like prediction, clustering, and reinforcement learning to model complex hydrological phenomena. The review acknowledges gaps in geo-spatiotemporal modeling and ML model integration, but emphasizes the potential of AI and ML technologies to improve decision-making processes in WRM, promoting sustainable practices. The paper highlights the need for further research in these areas.
Mariusz Baranowskiet al., [42], explored the impact of AI and machine learning on sociology, highlighting the need for sociologists to adapt by using quantitative analysis of qualitative data to analyze socially constructed realities influenced by digital technologies. It emphasizes the role of databases in managing vast amounts of data in digital environments, complicating traditional sociological inquiry. The paper warns that without embracing these technological changes, sociology risks becoming irrelevant and transforming into a critique of digital interfaces rather than a rigorous exploration of social dynamics shaped by AI and machine learning.
              Mohiuddin Babuet al., [43], explored the impact of artificial intelligence and machine learning on the textile and apparel industry's database systems. It highlights how AI can optimize decision-making, enhance operational efficiency, and drive innovation in areas like product discovery, supply chain management, and quality control. The research emphasizes the need for organizations to utilize both tangible and intangible resources to create agile, responsive database systems that can adapt to the fashion sector's changing demands. It also highlights the challenges and opportunities associated with implementing these advanced technologies. 
   
                 Lubomir Hadjiiski et al., [44], discussed the rapid advancements in AI and machine learning, highlighting their transformative impact on modern database systems. It emphasizes deep learning techniques for developing computer-aided diagnosis tools, crucial for healthcare applications. The authors emphasize the importance of proper data collection methods, rigorous training, validation, and ethical considerations for AI algorithms' reliability and generalizability. Adherence to best practices will accelerate AI integration in clinical settings, improving patient care and decision support. 
              Nikhitha Yathirajuet al., [45], explored the use of artificial intelligence and supervised machine learning in improving cloud-based Enterprise Resource Planning (ERP) systems. It highlights the importance of databases in this process and the benefits of AI integration. The study also discusses the challenges faced during implementation and the resources needed for successful integration. It suggests that AI models can optimize workflows and decision-making processes, while also addressing data security concerns through intelligent monitoring. 
                Mireya Martínez-Garcíaet al., [46], reviewed the challenges and advancements regarding the integration of artificial intelligence (AI) and machine learning (ML) into modern database systems, specifically within the context of precision medicine. It highlighted how effective AI/ML applications rely on managing vast and heterogeneous data types stored in various database formats, thus necessitating robust data integration strategies. The authors emphasized that while large datasets can enhance the accuracy of AI/ML models, complexities such as class imbalance and varied data structures present significant hurdles. They discussed the need for standardized metadata and guidelines to optimize database queries, improve data governance, and facilitate automated reasoning in healthcare analytics. 
Ayleen Bertiniet al., [47], investigated the application of machine learning (ML) techniques in predicting perinatal complications, highlighting the significant role of artificial intelligence (AI) in modern database systems. The researchers analyzed a total of 98 articles to assess how ML methods can infer meaningful connections from complex medical data stored in databases, ultimately aiming to enhance decision-making processes in healthcare by providing accurate predictions of pregnancy-related risks.
4. Comparative table
   
the crucial role of data quality in big data and machine learning, noting its significance for organizations reliant on data-driven decisions. It identifies traditional data cleaning methods as often inefficient, which can result in financial and reputational damage due to poor data quality. Advancements in machine learning have introduced automated solutions for addressing common data issues like missing values and duplicates. Nonetheless, challenges such as algorithm interpretability and the need for effective management of diverse data types persist. The review highlights the necessity for continued research to improve data cleaning methods and uphold high data quality standards vital for accurate decision-making.

Table 1. Summarization of literature review
	Ref
	Author(s)
	Focus Area
	Key Findings
	Result
	Challenges
	Applications

	[1]
	Oladipupo, M. A., Obuzor, P.. A. et al
	Big Data Quality
	Efficient data collection, analysis, and processing in big data systems; importance of data quality during
	Enhanced model accuracy, detection of issues like phishing
	Data integrity maintenance, scalability of platforms
	Big data management, data quality assurance

	[3]
	Data Quality in Various Fields
	Data Quality in Various Fields
	Data quality critical in various applications like software engineering, big data, and machine learning; shift from manual to automated approaches
	Advancement in automated data quality management
	Dealing with unstructured data, integration issues
	Software engineering, machine learning, big data

	[4]
	McAuley, D. et al 
	Data Quality in Big Data
	Data quality issues like missing values, duplicates, outliers impact big data; Machine learning automation in cleaning
	Improved efficiency with machine learning for data cleaning
	Algorithm interpretability, scalability, biases
	Big data analysis, financial risk reduction

	[12]
	Chu, X., Ilyas, I. F., Krishnan, S., & Wang, J. et al 
	Data Cleaning in Big Data
	Rule-based and machine learning methods to improve cleaning efficiency; focus on small data samples
	Enhanced data quality, more reliable results
	Handling semi-structured and unstructured data
	Data quality maintenance for analytics

	[13]
	Krishnan, S., Franklin, M. J., Goldberg, K., Wang, J., & Wu, E. et al 
	Data Cleansing in Big Data
	Data cleansing is essential for big data; traditional methods fail to address complexities; time-consuming process
	Increased need for robust data cleansing frameworks
	Labor-intensive data cleansing; domain expert involvement
	Big data analysis, decision-making

	[14]
	Younis, A et al 
	Data Cleaning in Machine Learning Pipelines
	Data cleaning is integral to model performance; traditional methods separate cleaning from modeling, leading to suboptimal outcomes
	Enhanced prediction accuracy with iterative cleaning in ML pipeline
	Sensitivity to errors in high-dimensional datasets
	ML applications, video classification, topic modeling

	[15]
	Alotaibi, O., Pardede, E., & Tomy, S. et al 
	Data Cleaning in Big Data Streams
	Increasing complexity due to diverse data formats and large volumes; missing values, duplicates, outliers hinder analysis
	Enhanced real-time data quality and analytics
	Complexity due to diverse data formats and volume
	Real-time data analytics, decision-making

	[16]
	Iwata, C., Galegale, N., Ito, M., Azevedo, M., Duduchi, M., & Arima et al 
	Data Cleaning Methods
	Evolution from rule-based systems to AI-based methods (machine learning, deep learning) for error detection
	AI-based methods improve data cleaning in complex datasets
	Scalability of traditional methods, transparency issues
	Big data, AI-based error detection, data quality enhancement

	[17]
	Rajan, A et al 
	Data Cleaning in Machine Learning Systems
	Focus on integrity constraint violations, outliers, missing values, and entity matching; automated frameworks for large-scale data validation
	Improved robustness of machine learning models
	Need for tailored approaches for different datasets and error types
	ML applications, automated data validation

	[18]
	Chu, X., & Ilyas, I. F. et al 
	Qualitative Error Detection
	Development of tools for error detection and automatic repair within datasets
	Automatic detection and error correction in datasets
	Ensuring accuracy and reliability of error detection tools
	Data cleaning, error correction, dataset integrity

	[19]
	Timmerman, Y., & Bronselaer, A.
	Data Quality Evaluation
	Rule-based measurement methodologies enhance data quality by using quality rules based on patterns, dependencies, and analysis
	Enhanced data quality through algorithms that support data adherence rules.
	Requires human judgment for evaluating data accuracy in large datasets.
	Can be applied in large datasets for data validation and enhancemen

	[20]
	Jäger, S., & Biessmann, F.
	Data Cleaning in Tabular Data
	Methods like outlier detection, error detection, and imputation techniques improve data quality.
	Improves data accuracy by detecting errors, correcting cells, and handling missing data.
	Developing generalized techniques for diverse datasets and different types of data errors.
	Applied in data management, machine learning, and data cleaning systems.

	[21]
	Jäger, S., & Biessmann, F.
	AI/ML Methods in Data Cleaning
	AI, machine learning, and deep learning techniques offer advanced solutions for outlier detection and missing data.
	Novel AI-based methods are more effective than traditional techniques
	Complexity in integrating diverse AI/ML techniques for diverse data types
	Used in real-time data streams, batch processing, and large-scale datasets.

	[22]
	Yang, S.
	AI in Tax and Auditing
	AI helps detect potential tax risks and financial fraud by analyzing data patterns.
	Reduces tax violations and improves auditing accuracy.
	Challenges in adopting AI for complex, real-world tax scenarios.
	Applied in tax departments, auditing firms, and financial forecasting.

	[23]
	Veronin, M. A., Schumaker, R. P., Dixit, R. R., Dhake, P., & Ogwo, M.
	Data Cleaning in FAERS
	Focuses on cleaning and standardizing drug name data in FAERS
	Achieved over 95% accuracy in standardizing drug name data.
	Handling large datasets with millions of records
	Used in regulatory bodies like FDA for improving drug-related data accuracy.

	[24]
	Jestine, J. et al
	Data Cleaning Techniques for Various Data Types
	Techniques like KNN, MICE, and interpolation enhance data cleaning.
	Improved data quality for various data types and use cases.
	Need for automated systems for rapid and scalable cleaning
	Applied in multimedia systems, computer networks, and scientific computing.

		[25]



	



	Singh, H., Dogra, A., & Modi, P.
	Image Dataset Cleaning
	ImageDC, a system based on deep neural networks, cleans image datasets by removing irrelevant data
	ImageDC outperforms traditional methods, improving dataset accuracy and model performance.
	Need for more reliable and scalable systems for large image datasets.
	Applied in image processing, deep learning, and computer vision.

	[26]
	Maletic, J. I., & Marcus, A.
	Data Cleansing Methodologies
	Discusses various error management techniques, including outlier
	Error management frameworks are critical for data cleansing.
	Complexity and lack of standard practices in data cleansing.
	Applied in diverse data environments and practical applications.

	[27]
	Ding, X., Wang, H., Li, G., Li, H., Li, Y., & Liu, Y
	IoT Data Cleaning
	Focus on error detection and repair techniques for IoT time series data.
	Provided comprehensive techniques for cleaning IoT data, including rule-based methods.
	Balancing automation with human-involvement in the cleaning process.
	Applied in IoT systems for accurate time series data processing.

	[36]
	Tato, F. R., & Zeebaree, S. R. M.
	AI in Databases
	AI-driven databases use intelligent indexing and anomaly detection for performance improvement.
	Enhances database performance through AI-driven indexing and automated tuning.
	Challenges in deploying AI across diverse database platforms.
	Used in cloud-based AI-powered databases like Oracle Autonomous and Microsoft Azure.

	[37]
	Saleh, R. A., & Zeebaree, S. R. M.
	Machine Learning in Databases
	Machine learning algorithms optimize query execution, detect fraud, and improve predictive analytics.
	ML-powered databases continuously improve through real-time data insights.
	Scalability of machine learning systems in large-scale database environments.
	Used in real-time data processing, fraud detection, and predictive analytics.

	[38]
	Sanchita Saha et al.
	Artificial Intelligence (AI) in Agriculture
	Investigates AI's role in transforming agricultural practices through machine learning and deep learning
	Maximizing agricultural operations like pest identification, soil management, crop, and water management
	Data quality, accessibility, and implementation challenges
	AI-driven agriculture techniques, intelligent systems, resource allocation

	[39]
	Jeshwanth Reddy Machireddyet et al.
	Scalable Machine Learning Workflows
	AI enhances efficiency through automation of model selection and hyperparameter tuning
	Automates tasks, reduces data scientist workload
	Managing heterogeneous data sources, ensuring data quality
	AI-driven solutions for resource management and automated scaling in large-scale databases

	[40]
	A. Goel, A. K. Goel, and A. Kumar et al.
	AI and Machine Learning in Database Systems
	Role of ANNs in healthcare, disaster management, and spatial information analysis
	Improved data processing, predictive analytics, and decision-making
	Complex data management, model accuracy
	ANN-based AI and ML applications in healthcare, disaster management, spatial analysis

	[41]
	G. Kantayeva, J. Lima, and A. I. Pereira
	AI and Machine Learning in Water Resources Management
	AI and ML techniques (prediction, clustering, reinforcement learning) for hydrological phenomena modeling
	Improved decision-making in WRM
	Gaps in geo-spatiotemporal modeling, ML model integration
	AI/ML for sustainable water resource management and decision support

	[42]
	Mariusz Baranowski et al.
	AI in Sociology
	AI's role in managing vast amounts of data in sociological inquiry
	Challenges in adapting sociology to digital data management
	Risk of sociology becoming irrelevant without embracing technological changes
	AI-driven data analysis for sociological research, adaptation to digital technologies

	[43]
	Mohiuddin Babu et al.
	AI and Machine Learning in Textile and Apparel
	AI's role in optimizing decision-making, operational efficiency, and innovation
	Enhanced product discovery, supply chain management, and quality control
	Challenges in implementing AI in the fashion secto
	AI applications in fashion industry operations and innovation

		[44]



	



	Lubomir Hadjiiski et al.
	AI in Healthcare
	AI-driven deep learning techniques in computer- aided diagnosis
	Improved patient care and decision support through AI algorithms
	Ethical considerations, data collection, and validation challenges
	AI in healthcare diagnostics and decision-making support

	[45]
	Nikhitha Yathiraju et al.
	AI in ERP Systems
	AI and supervised machine learning in cloud-based ERP systems
	Optimized workflows and decision-making processes
	Data security concerns and successful integration challenges
	AI-based ERP systems for cloud platforms

	[46]
	Mireya Martínez-García et al.
	AI/ML in Precision Medicine
	Role of AI/ML in handling large, heterogeneous data in precision medicine
	Accurate predictions through AI/ML models in healthcare
	Class imbalance, varied data structures, and data governance issues
	AI/ML integration in precision medicine and healthcare analytics

	[47]
	Ayleen Bertini et al.
	ML in Predicting Perinatal Complications
	ML techniques to predict pregnancy-related risks
	Enhanced decision-making in healthcare through ML
	Complex medical data analysis and prediction accuracy
	ML applications in predicting perinatal complications


5. Extracted Statistics
The focus areas listed encompass a wide range of applications for data quality and cleaning across various fields. Big data quality and data cleaning techniques are central to ensuring accurate and reliable datasets in sectors like healthcare, agriculture, IoT, and machine learning systems. Specific methods like data cleaning in machine learning pipelines, big data streams, and FAERS (FDA Adverse Event Reporting System) are vital for maintaining data integrity in these domains. Additionally, AI and ML are leveraged to automate data cleaning processes and improve efficiency, particularly in complex environments like databases, ERP systems, and precision medicine. Fields such as tax, auditing, and sociology are also integrating AI to enhance decision-making and data analysis. Furthermore, image dataset cleaning, qualitative error detection, and data quality evaluation remain crucial for improving the reliability of machine learning models and other data-driven applications.

Figure 1 Statistical representation about the focus areas
The key findings highlight the critical role of data quality and cleaning across various domains, especially in big data and machine learning. Efficient data collection, analysis, and processing are essential for ensuring the reliability of large datasets, with an emphasis on automating data cleaning processes to handle issues like missing values, duplicates, and outliers. Traditional methods of data cleansing often fail to address the complexities of modern datasets, making rule-based and machine learning approaches more effective. AI and deep learning techniques are increasingly being used for advanced error detection, outlier removal, and missing data imputation. In sectors like healthcare, agriculture, and precision medicine, AI optimizes decision-making, improves operational efficiency, and enhances model performance. Additionally, AI-driven databases and machine learning algorithms contribute to optimizing query execution and fraud detection, further advancing data quality and analysis across multiple industries.

Figure 2 Statistical representation about the key findings
The advancement of machine learning and AI has led to significant improvements across various industries, enhancing model accuracy and providing better detection of issues such as phishing. Data quality management has seen notable automation, improving both the efficiency and reliability of results. Automated data cleansing frameworks have grown more essential as the demand for robust data cleaning tools increases. Iterative cleaning within ML pipelines has further refined prediction accuracy, while real-time data quality and analytics have been enhanced by AI-driven methods, especially for complex datasets. Machine learning models have also become more robust, with automatic error detection and correction capabilities improving overall data accuracy. AI algorithms that support adherence rules have contributed to enhanced data quality, effectively identifying and correcting errors, filling in missing data, and improving standardization—such as in drug name data, where over 95% accuracy was achieved.
The use of ImageDC has outperformed traditional methods, boosting dataset accuracy and model performance. Comprehensive error management frameworks are critical for efficient data cleansing, and rule-based methods have proven especially effective in IoT data cleaning. AI-driven indexing and automated tuning have optimized database performance, while ML-powered databases continue to improve in real-time through continuous insights. In agriculture, AI has maximized operations, including pest identification, soil management, and water management. It has also automated many tasks, significantly reducing the workload of data scientists and improving data processing for predictive analytics and decision-making.

Figure 3 Statistical representation about the Result
Challenges in data management and AI adoption span various complexities. Maintaining data integrity and scalability remains a significant concern, especially when dealing with unstructured and semi-structured data, and integration issues between diverse platforms. Algorithm interpretability, biases, and ensuring error detection accuracy add to the difficulty, requiring tailored approaches for different datasets. The labor-intensive nature of data cleansing often demands expert involvement, while high-dimensional datasets are particularly sensitive to errors. Scalability of traditional methods is a barrier, with a need for automated, scalable systems to handle large datasets, especially in image processing and tax scenarios. The complexity of integrating AI/ML techniques for diverse data types, and the lack of standard practices in data cleansing, also complicates the process. Moreover, balancing automation with human judgment, addressing ethical considerations, and tackling data security risks are ongoing challenges.

Figure 4 Statistical representation about the Challenges
The application Big data management and machine learning have diverse applications across industries, from data quality assurance to financial risk reduction. In software engineering, they enhance decision-making by enabling real-time data analytics and improving data quality in large datasets. ML applications include video classification, topic modeling, and automated data validation, helping maintain dataset integrity. AI-driven solutions are increasingly used in healthcare for diagnostics, as well as in agriculture for resource management. Additionally, AI and ML play a crucial role in areas like fraud detection, predictive analytics, and environmental sustainability. These technologies are also transforming sectors like fashion, spatial analysis, and cloud-based systems for scalable, intelligent operations.

Figure 5 Statistical representation about The application
6.  Recommendations for future work 
The paper presents several recommendations for advancing data cleaning in the context of machine learning:
1. Automated Frameworks: Develop advanced automated frameworks that utilize machine learning to enhance the efficiency and scalability of data cleaning processes.
2. Integration in ML Pipelines: Focus on incorporating data cleaning directly into machine learning workflows to maintain data quality throughout model training and deployment.
3. Crowdsourcing: Explore crowdsourcing as a cost-effective method for detecting and repairing data errors through collective intelligence.
4. Error Detection Innovations: Investigate new methods for error detection and repair, both quantitative and qualitative, to enhance dataset reliability.
5. User-Defined Metrics: Create frameworks that allow users to personalize quality metrics for data cleaning, making solutions context-specific.
6. Research Growth on DC4ML and ML4DC: Increase research attention on Data Cleaning for Machine Learning (DC4ML) and Machine Learning for Data Cleaning (ML4DC) to foster greater synergy between these areas.
7. Real-Time Solutions: Highlight the need for real-time data cleaning capabilities to support timely decision-making in dynamic environments like IoT.
8. Cross-Disciplinary Collaboration: Promote collaboration across various sectors such as healthcare and finance to implement innovative data cleaning practices.
These recommendations emphasize the ongoing need for research and innovation to address data quality challenges in machine learning applications .
7. Conclusion
The paper presents key recommendations for improving data cleaning in machine learning. It advocates for the creation of automated frameworks utilizing machine learning to enhance the efficiency and scalability of data cleaning processes. Integrating data cleaning into machine learning workflows is deemed essential for maintaining data quality. The use of crowdsourcing for error detection and repair is identified as a cost-effective solution. Additionally, innovative quantitative and qualitative error detection strategies are crucial for dataset reliability. The proposal for frameworks that allow users to set personalized quality metrics aims to create context-specific solutions. It emphasizes the need for further research on Data Cleaning for Machine Learning (DC4ML) and Machine Learning for Data Cleaning (ML4DC) to enhance the interconnection between these areas. Real-time data cleaning solutions are highlighted as vital for timely decision-making, especially in dynamic sectors like IoT. The paper also encourages cross-disciplinary collaboration to implement innovative data cleaning practices, underscoring the necessity for ongoing research and innovation to tackle data quality challenges in machine learning effectively.
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Frequency	Enhanced model accuracy, detection of issues like phishing	Advancement in automated data quality management	Improved efficiency with machine learning for data cleaning	Enhanced data quality, more reliable results	Increased need for robust data cleansing frameworks	Enhanced prediction accuracy with iterative cleaning in ML pipeline	Enhanced real-time data quality and analytics	AI-based methods improve data cleaning in complex datasets	Improved robustness of machine learning models	Automatic detection and error correction in datasets	Enhanced data quality through algorithms that support data adherence rules	Improves data accuracy by detecting errors, correcting cells, and handling missing data	Novel AI-based methods are more effective than traditional techniques	Reduces tax violations and improves auditing accuracy	Achieved over 95% accuracy in standardizing drug name data	Improved data quality for various data types and use cases	ImageDC outperforms traditional methods, improving dataset accuracy and model performance	Error management frameworks are critical for data cleansing	Provided comprehensive techniques for cleaning IoT data, including rule-based methods	Enhances database performance through AI-driven indexing and automated tuning	ML-powered databases continuously improve through real-time data insights	Maximizing agricultural operations like pest identification, soil management, crop, and water management	Automates tasks, reduces data scientist workload	Improved data processing, predictive analytics, and decision-making	Improved decision-making in WRM (Water Resource Management)	Challenges in adapting sociology to digital data management	Enhanced product discovery, supply chain management, and quality control	Improved patient care and decision support through AI algorithms	Optimized workflows and decision-making processes	Accurate predictions through AI/ML models in healthcare	Enhanced decision-making in healthcare through ML	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	Frequency	Data integrity maintenance, scalability of platforms	Dealing with unstructured data, integration issues	Algorithm interpretability, scalability, biases	Handling semi-structured and unstructured data	Labor-intensive data cleansing; domain expert involvement	Sensitivity to errors in high-dimensional datasets	Complexity due to diverse data formats and volume	Scalability of traditional methods, transparency issues	Need for tailored approaches for different datasets and error types	Ensuring accuracy and reliability of error detection tools	Requires human judgment for evaluating data accuracy in large datasets	Developing generalized techniques for diverse datasets and different types of data errors	Complexity in integrating diverse AI/ML techniques for diverse data types	Challenges in adopting AI for complex, real-world tax scenarios	Handling large datasets with millions of records	Need for automated systems for rapid and scalable cleaning	Need for more reliable and scalable systems for large image datasets	Complexity and lack of standard practices in data cleansing	Balancing automation with human-involvement in the cleaning process	Challenges in deploying AI across diverse database platforms	Scalability of machine learning systems in large-scale database environments	Data quality, accessibility, and implementation challenges	Managing heterogeneous data sources, ensuring data quality	Complex data management, model accuracy	Gaps in geo-spatiotemporal modeling, ML model integration	Risk of sociology becoming irrelevant without embracing technological changes	Challenges in implementing AI in the fashion sector	Ethical considerations, data collection, and validation challenges	Data security concerns and successful integration challenges	Class imbalance, varied data structures, and data governance issues	Complex medical data analysis and prediction accuracy	1	1	1	1	3	1	1	1	2	1	1	1	4	1	1	1	1	1	1	5	1	1	1	1	1	1	2	1	1	1	1	Frequency	Big data management, data quality assurance	Software engineering, machine learning, big data	Big data analysis, financial risk reduction	Data quality maintenance for analytics	Big data analysis, decision-making	ML applications, video classification, topic modeling	Real-time data analytics, decision-making	Big data, AI-based error detection, data quality enhancement	ML applications, automated data validation	Data cleaning, error correction, dataset integrity	Can be applied in large datasets for data validation and enhancement	Applied in data management, machine learning, and data cleaning systems.	Used in real-time data streams, batch processing, and large-scale datasets.	Applied in tax departments, auditing firms, and financial forecasting.	Used in regulatory bodies like FDA for improving drug-related data accuracy	Applied in multimedia systems, computer networks, and scientific computing.	Applied in image processing, deep learning, and computer vision.	Applied in diverse data environments and practical applications.	Applied in IoT systems for accurate time series data processing.	Used in cloud-based AI-powered databases like Oracle Autonomous and Microsoft Azure.	Used in real-time data processing, fraud detection, and predictive analytics.	AI-driven agriculture techniques, intelligent systems, resource allocation	AI-driven solutions for resource management and automated scaling in large-scale databases	ANN-based AI and ML applications in healthcare, disaster management, spatial analysis	AI/ML for sustainable water resource management and decision support	AI-driven data analysis for sociological research, adaptation to digital technologies	AI applications in fashion industry operations and innovation	AI in healthcare diagnostics and decision-making support	AI-based ERP systems for cloud platforms	AI/ML integration in precision medicine and healthcare analytics	ML applications in predicting perinatal complications	1	1	1	1	1	1	2	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	Frequency	Big Data Quality	Data Quality in Various Fields	Data Quality in Big Data	Data Cleaning in Big Data	Data Cleansing in Big Data	Data Cleaning in Machine Learning Pipelines	Data Cleaning in Big Data Streams	Data Cleaning Methods	Data Cleaning in Machine Learning Systems	Qualitative Error Detection	Data Quality Evaluation	Data Cleaning in Tabular Data	AI/ML Methods in Data Cleaning	AI in Tax and Auditing	Data Cleaning in FAERS	Data Cleaning Techniques for Various Data Types	Image Dataset Cleaning	Data Cleansing Methodologies	IoT Data Cleaning	AI in Databases	Machine Learning in Databases	Artificial Intelligence (AI) in Agriculture	Scalable Machine Learning Workflows	AI and Machine Learning in Database Systems	AI and Machine Learning in Water Resources Management	AI in Sociology	AI and Machine Learning in Textile and Apparel	AI in Healthcare	AI in ERP Systems	AI/ML in Precision Medicine	ML in Predicting Perinatal Complications	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	Frequency	Efficient data collection, analysis, and processing in big data systems; importance of data quality during	Data quality critical in various applications like software engineering, big data, and machine learning; shift from manual to automated approaches	Data quality issues like missing values, duplicates, outliers impact big data; Machine learning automation in cleaning	Rule-based and machine learning methods to improve cleaning efficiency; focus on small data samples	Data cleansing is essential for big data; traditional methods fail to address complexities; time-consuming process	Data cleaning is integral to model performance; traditional methods separate cleaning from modeling, leading to suboptimal outcomes	Increasing complexity due to diverse data formats and large volumes; missing values, duplicates, outliers hinder analysis	Evolution from rule-based systems to AI-based methods (machine learning, deep learning) for error detection	Focus on integrity constraint violations, outliers, missing values, and entity matching; automated frameworks for large-scale data validation	Development of tools for error detection and automatic repair within datasets	Rule-based measurement methodologies enhance data quality by using quality rules based on patterns, dependencies, and analysis	Methods like outlier detection, error detection, and imputation techniques improve data quality.	AI, machine learning, and deep learning techniques offer advanced solutions for outlier detection and missing data.	AI helps detect potential tax risks and financial fraud by analyzing data patterns.	Focuses on cleaning and standardizing drug name data in FAERS	Techniques like KNN, MICE, and interpolation enhance data cleaning.	ImageDC, a system based on deep neural networks, cleans image datasets by removing irrelevant data	Discusses various error management techniques, including outlier detection and error repair.	Focus on error detection and repair techniques for IoT time series data.	AI-driven databases use intelligent indexing and anomaly detection for performance improvement	Machine learning algorithms optimize query execution, detect fraud, and improve predictive analytics.	Investigates AI's role in transforming agricultural practices through machine learning and deep learning	AI enhances efficiency through automation of model selection and hyperparameter tuning	Role of ANNs in healthcare, disaster management, and spatial information analysis	AI and ML techniques (prediction, clustering, reinforcement learning) for hydrological phenomena modeling	AI's role in managing vast amounts of data in sociological inquiry	AI's role in optimizing decision-making, operational efficiency, and innovation	AI-driven deep learning techniques in computer-aided diagnosis	AI and supervised machine learning in cloud-based ERP systems	Role of AI/ML in handling large, heterogeneous data in precision medicine	ML techniques to predict pregnancy-related risks	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	


