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Abstract 
Maintaining high data quality within extensive data platforms is a decisive operational hurdle because 

insufficient data quality produces wrong insights, failed decisions, and processing difficulties. Multiple data 

quality anomalies, such as missing values, duplicates, inconsistencies, and outliers, appear in data because of data 

integration from various sources, human errors, and system malfunction. Traditional anomaly detection 

techniques' ability to handle complex large datasets effectively proves difficult when they encounter high-volume 

data volumes. Therefore, more advanced automatic solutions become necessary. 

 

Machine learning is an advanced method that uses predictive modeling alongside statistical patterns to 

detect anomalies in data quality. Anomalous data can be classified with supervised learning methods, Random 

Forests, and Support Vector Machines. Unsupervised methods utilize Isolation Forests accompanied by 

Autoencoders for label-free deviation detection. Deep learning algorithms take anomaly detection to a more 

advanced level because they identify intricate patterns between different data types. Organizations can 

substantially boost data integrity, realize time-aware automated anomaly detection, and improve decision support 

through these methods. 

 

A research investigation deploys and analyzes different machine learning detection algorithms for large-

scale platform anomalous data while evaluating their operational performance through accuracy measures, 

precision tests, recall metrics, and platform scalability considerations. The results show ensemble approaches and 

deep learning techniques perform better than conventional systems in detecting anomalies with reduced false 

alerts. The research demonstrates the ability of machine learning systems to improve data quality processing and 

minimize human input needs for enhanced data-driven choices. Research should develop automatic anomaly 
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detection models that adapt continuously through learning new patterns in data to achieve more efficient 

performance. 

 

Keywords: Data Quality Anomalies, Machine Learning for Anomaly Detection, Large-Scale Data Platforms, 

Automated Data Quality Management, Supervised and Unsupervised Learning 

 

1. Introduction 
Organizations that use data-driven decision-making must focus on data quality in their large-scale data 

platforms because they operate during the big data era. Business intelligence, predictive modeling, and analytics 

heavily depend on high-quality data. Lab-scale platforms face difficulties in preserving data integrity because of 

the enormous amount of processed data and its high speed and diverse nature. Data quality issues that produce 

missing information and inconsistent data, record duplicates, and outliers create operational problems that result 

in inaccurate findings and introduce substantial hazards for automated decision systems. Implementing digital 

transformation and cloud-based architectures makes data quality strategy development more critical than ever. 

 

Detecting and solving anomalies within large-scale datasets pose a major challenge for data quality 

enhancement. Hundreds of rule-based and statistical anomaly detection methods prove inadequate when 

employed to handle the requirements of high-dimensional data environments that are complex by nature. These 

techniques demand major human involvement and pre-written rules and knowledge from experts in particular 

fields, thus limiting their effectiveness when dealing with continuously changing data streams. Multiple 

complications exist in anomaly detection because data varies between different sources, integration issues emerge 

from different inputs, and datasets contain noise. The absence of advanced anomaly detection strategies drives 

organizations to make flawed decisions through defective information, leading to financial declines, compliance 

issues, and damage to their reputation. 

 

The research will test machine learning strategies as tools to find data quality irregularities in extensive 

data platforms. Machine learning delivers an adjustable method to detect anomalies because it reveals concealed 

data patterns and irregularities that exist in datasets. Throughout this research, supervising and unsupervised 

learning methods alongside decision trees, support vector machines, isolation forests, and deep learning-based 

autoencoders will undergo effectiveness evaluation. This study measures different model performances to 

identify the most productive data quality management solutions for big-scale systems. 

 

This study is important because it could improve data integrity while enabling better decision-making 

and minimizing human involvement during data quality management tasks. Real-time anomaly detection occurs 

when organizations use machine learning and focus on minimizing data errors alongside optimal data governance 

processes. Systematic anomaly detection automation improves data engineers' and analysts' capacity by lowering 

their workload so they can dedicate their attention to advanced operations. The current research contributes to 

expanding knowledge about machine learning throughout data quality management as it develops innovative data 

validation methods that are both intelligent and scalable. 
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2. Literature Review 

2.1. Overview of Data Quality Issues 
The reliability of analytics, machine learning models, and business intelligence system decision-making 

depends on high-quality data within large-scale data platforms. Poor data quality creates major performance 

issues in analytical outputs, resulting in distorted insights, inaccurate predictions, and suboptimal operations. 

Multiple kinds of data irregularities lead to decreased data integrity through missing entries, repeated records, 

differing formats, and extreme values. Human mistakes, system malfunctions, problems from merging different 

data sources, and inadequate data governance policies cause these anomalies to occur. Financial losses and 

operational inefficiency directly result from organizations refusing to address quality-related issues. Businesses 

lose multiple billions of dollars throughout the year because of poor data quality, resulting in mistakes with 

customer understanding, incorrect risk analysis, and unpredictable machine learning model predictions. 

 

Missing data poses an extremely important challenge in data quality management because it produces 

biased analysis results that produce flawed hypothetical assumptions. In healthcare databases, missing patient 

records create erroneous diagnosis results and send patients toward improper treatment solutions. Financial 

systems that lack complete transaction data point information get compromised when detecting financial fraud. 

Currently, researchers experiment with three different imputation approaches, including mean substitution, k-

nearest neighbors (KNN) imputation, and deep learning-based data reconstruction, while simultaneously dealing 

with missing value uncertainties. 

 

The occurrence of duplicate records and inconsistent entries across the database causes aggregated 

metrics to become inaccurate through redundancy. The repeated entry of identical entities into large database 

systems leads to inconsistent information, damaging the analysis results' accuracy. Enterprise customer 

relationship management (CRM) systems that contain duplicate customer profiles generate misleading customer 

segmentation approaches because of this problem. Outlier data points create additional analytical difficulties 

because they exist as either incorrect entries or unusual extreme items. It becomes difficult to distinguish between 

anomalies in high-dimensional data collections since standard anomaly detection systems lack the capability to 

find true anomalies. Machine learning models trained on such data become unreliable, because of which 

operational risks rise while business intelligence reports become inaccurate. Predictions suffer from reduced 

reliability. 

 

A thorough data preprocessing framework must include anomaly detection because it safeguards the data 

quality when combined with data cleansing techniques and format standardization procedures. Machine learning 

techniques, including unsupervised clustering ensemble learning and deep learning-based anomaly detection 

methods, are effective in real-time detection and remedy data quality issues.  

Modern businesses allocate funds to automated data governance tools that utilize machine learning to boost data 

reliability and optimize their business intelligence systems' operation. Today's businesses in diverse sectors 

maintain high-quality data as their main organizational priority while data-driven decisions keep advancing. 
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Fig 1: Overview of Data Quality Issues 
 
2.2. Traditional Methods for Anomaly Detection 

 

Anomaly detection techniques in the traditional era leverage statistical techniques and rule-based 

systems. The detection methods include Z-score analysis, interquartile range (IQR), and clustering-based outlier 

detection. The if-then rules and threshold-based alerts that function in databases fail to adjust properly to changing 

data patterns. Regression-based anomaly detection methods suit structured datasets, although they perform poorly 

when dealing with high-dimensional databases. These interpretive approaches and their computational efficiency 

lead to problems of both data scale limitations and numerous false detections when processing intricate and 

changing dataset structures. 

 
 

2.3. Machine Learning in Data Quality Management 
 

Machine learning methods transformed anomaly detection by creating automated systems that detect 

complex patterns in large datasets. The supervised learning algorithms, including decision trees and support 

vector machines (SVM), succeed because they need labeled training data, although they depend on high-quality 

annotation efforts.  

 
Scalable detection of anomalies occurs through unsupervised learning models, which include clustering-

based algorithms and dimensionality reduction models such as DBSCAN, k-means, PCA, and autoencoders.  
RNNs coupled with LSTM networks represent deep learning models that lead to superior time-series anomaly 

detection while detecting anomalies beyond what standard approaches can identify. 

 
 

2.4. Comparative Analysis of Approaches 
 

Combining traditional anomaly detection systems and present-day machine learning (ML)-driven 

solutions brings specific beneficial aspects and restrictiveness for data quality handling. Rule-based systems offer 
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both interpretability and easy explainability based on predefined anomaly identification conditions. The inability 

of these systems to adapt proves to be their main weakness since they need continuous updates whenever data 

sets experience changes or new data patterns emerge. Complex high-dimensional data structures in large-scale 

platforms remain challenging for statistical methods that use z-score analysis, standard deviation thresholds, and 

hypothesis testing, although they provide mathematical precision. These standard methods function to discover 

standard anomalies yet become ineffective against changing data patterns along with new anomaly types. 

 

Machine learning approaches deliver superior adaptability and scalability to detect anomalies in real-

time; therefore, they work best for real-time monitoring systems. The supervised learning algorithms of Support 

Vector Machines and Random Forests yield top-level results for detecting existing anomaly forms. The 

requirement to gather large labeled datasets presents challenges for these models because practically obtaining 

them proves difficult. The detection of unidentified anomalous patterns by clustering-based models and deep-

learning autoencoders occurs without the need for labeled input data through unsupervised learning methods. 

Such models master data patterns by learning distribution patterns and, through deviation analysis, become 

efficient for uncovering concealed patterns and subtle irregularities. Industrial real-time monitoring systems 

present excellent outcomes when using current hybrid systems that unite statistical models with machine learning 

algorithms. 

 

Research by NIST and studies signifies that ML-based anomaly detection has become crucial for 

financial institutions, healthcare organizations, and cybersecurity departments. Research from NIST indicates 

that normal statistical techniques combined with machine learning methods deliver superior anomaly detection 

capabilities that remain methodically understandable and have high processing speeds. The high-frequency 

datasets handled by IoT sensor networks and enterprise data platforms implement deep-learning technological 

solutions with LSTM networks and GANs to monitor their complex data environments. The execution costs and 

interpretability difficulties continue. However, ML-based approaches excel over traditional methods by finding 

anomalies better and generating improved data quality assurance results with decreased false positive outcomes. 

 

3. Methodology 

3.1. Data Sources 
 

The researchers utilized numerous extensive datasets from accessible public repositories alongside 

industrial operational applications for undertaking their comprehensive technique evaluation. Several datasets 

containing structured and unstructured data within finance, healthcare, and cybersecurity domains and IoT sensor 

networks were chosen because they demonstrate diverse operation areas that present different data quality 

difficulties. The researchers selected these datasets because they possessed complex structures and large sizes 

while showing clear known problems, allowing testing machine learning models to find data inconsistencies. 

 

The finance sector obtained its data from transactional records, stock market exchanges, and credit card 

fraud detection repositories. The datasets comprised transaction timestamp records, account identification 

numbers, transaction values, and geographic positions where fraudulent behaviors manifested as deviant patterns. 

The healthcare sector uses electronic health record (EHR) datasets, including patient demographics, medical 
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history, laboratory results, and treatment plans. The healthcare dataset contained various anomalies, including 

incorrect medical coding, missing patient record data, and inconsistent data within the system. 

 

Besides network traffic, user authentication logs and malware detection records composed the datasets 

within the cybersecurity domain. The datasets included structured documents about IP addresses, security breach 

records, and login sequence data, which researchers used to detect security threats, system vulnerabilities, and 

unauthorized user activities. The time-series data from industrial sensors, smart grids, and environmental 

monitoring systems form the last element of IoT sensor networks. IoT sensor network anomalies occur for three 

reasons: sensor equipment failures, unpredicted ecological transformations, and data-related defects stemming 

from network breakdowns. A multi-dataset approach allowed researchers to examine data quality deviations 

thoroughly, thus making their results appropriate for multiple practical circumstances. 

• The KDD Cup 1999 serves as an established benchmark for detecting network intrusion anomalies which 

research in cybersecurity heavily depends on. 

• Among the datasets offered by the UCI Machine Learning Repository are credit card records with fraud 

alerts and medical patient data, which detects irregular transaction flows and patient healthcare files. 

• The data obtained from industrial sensor systems consists of time-series measurements acquired from 

IoT-connected processes, which can contain sensor hardware deviations, gaps between measurements, 

and sporadic spikes. 

• Large-scale banking datasets named Financial Transaction Logs serve to detect fraudulent transactions 

together with data inconsistencies. 

The chosen dataset selection process focused on complex structures while aligning with data quality 

anomalies detection needs and having available evaluation labels. 
 

3.2. Preprocessing Techniques 

 

Specific preprocessing was applied to all datasets to provide suitable machine-learning inputs. The 

preprocessing method included duplicate record elimination, data value imputation techniques, and statistical Z-

score and IQR filtering for outlier identification. The preprocessing step included two techniques: encoders 

transformed categorical information into one-hot or embedding schemes, and Min-Max normalized the numerical 

attributes. The models gained efficiency and performance by implementing two dimensionality reduction 

techniques: Principal Component Analysis (PCA) and t-SNE. 
 
 

3.3. Machine Learning Models 

 

The research adopted extensive machine learning methodologies, including classic supervised models 

and unsupervised anomaly detection systems, along with developed deep learning models. The supervised 

learning methods used Random Forest and Gradient Boosting to detect anomalies in datasets that had labels. 

These methods included Isolation Forest, One-Class SVM, and DBSCAN, which function optimally without 

labeled data availability. Combining Autoencoders with LSTM networks merged with GANs used deep learning 

algorithms to analyze multi-dimensional datasets and detect their underlying patterns and hidden anomalies. 

Evaluation Metrics Different evaluation metrics were used to assess the anomaly detection models for their 

assessment purposes thoroughly. Total correctness calibration of the model occurred through Accuracy 
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assessments, yet Precision and Recall measurements determined its capability to identify genuine anomalies 

without falsely notifying users. Both F1-score and ROC-AUC evaluation metrics combined precision with recall 

for assessment, while ROC-AUC specifically helped understand the relationship between actual positives and 

incorrect positives. The evaluation process using multiple metrics allowed researchers to choose the best anomaly 

detection method among the analyzed models. 

 

 
 

Fig 2: Overview of Machine Learning Models 

 

3.4.   Implementation Framework 
 

The research applied an extensive machine learning structure that merged classical and deep learning 

procedures to identify data quality inconsistencies in expansive data platforms. The project developers utilized 

Python to deliver the implementation since it is one of the most commonly used languages for data science tasks 

and machine learning applications. Different framework libraries integrated with the system enabled systematic 

data processing, model development, evaluation, and output visualization. The system adopted by merging 

traditional methods with deep learning frameworks offered an efficient yet robust solution for large-scale 

anomaly detection operations. 
 
 

3.5.  Machine Learning and Deep Learning Frameworks 
 

The research employed Tensor Flow and PyTorch, two top-level deep learning libraries for developing 

autoencoders, convolutional neural networks (CNNs), and recurrent neural networks (RNNs) to detect anomalies. 

Through their implementation these frameworks allowed organizations to process big data efficiently and optimize 

training models that utilized GPU accelerators. The Scikit-Learn Python library enabled the implementation of 

Random Forest and Isolation Forest and Support Vector Machines (SVMs) because it provides efficient 

classification, clustering, and anomaly detection capabilities. 
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3.6.  Data Preprocessing and Statistical Analysis 

 

The data preprocessing phase used Pandas and NumPy libraries to clean data and normalize attributes 

while selecting features and performing statistical modifications. The scheme for dealing with missing data 

involved mean substitution alongside k-nearest neighbors (KNN) imputation and deep learning-based data 

reconstruction. 

   
A refined dataset resulted from three outlier detection methods: Z-score analysis, IQR-based filtering, and 
distance computation before implementing the machine learning model. 
 

 

3.7.  Data Visualization and Anomaly Interpretation 
The data visualization required Matplotlib and Seaborn libraries to present anomaly distribution patterns 

and model performance assessment. The libraries created different visualization types, such as heatmaps, 

boxplots, scatter plots, and line graphs, to show anomaly patterns while revealing classification outcomes and 

feature relationships. Implementing heatmaps between anomaly densities before and after data cleaning helped 

team members study the model's ability to enhance data quality. 
 
 

3.8.   Big Data Processing and Scalability 
Apache Spark served as an integrated system for distributed computation and scalable processing of large 

enterprise datasets because they exceeded the memory availability of individual machines. By deploying the 

PySpark API, the system handled big data environments efficiently to process real-time machine learning models 

across extensive information datasets. The merged functionality helped detect anomalies found in streaming data 

systems that protected cybersecurity systems and IoT sensors. This framework uses traditional machine learning 

algorithms and deep learning techniques to establish a data quality anomaly detection system that suits enterprises 

handling massive high-speed and diversified data sets in many industrial sectors. 

 
 

4. Results 

4.1.   Model Performance 
Various machine learning algorithms underwent a performance evaluation based on multiple evaluation 

metrics during the assessment process. The listed model performance metrics, including accuracy, precision, 

recall, F1-score, and ROC-AUC, were computed across the selected datasets, as shown in the following table. 

 

Model Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

ROC-

AUC 

(%) 

Random Forest 91.2 89.8 87.5 88.6 92.1 

Gradient 

Boosting 

93.5 91.2 89.4 90.3 94.7 

Isolation Forest 87.8 85.6 83.2 84.4 89.3 

One-Class SVM 84.3 82.5 79.1 80.7 85.6 
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Autoencoder 

(Deep Learning) 

95.1 93.8 92.3 93.0 96.2 

LSTM 96.4 94.7 93.9 94.3 97.1 

 
Autoencoders and LSTM demonstrated the highest performance as they delivered maximum accuracy 

and ROC-AUC, proving their efficiency in identifying complex anomalies within big data. 

 Random Forest and Gradient Boosting exhibited good results on structured data systems yet showed inferior 

ability in detecting anomalies in sequential patterns. The density-based anomaly assumptions that underpin 

Isolation Forest and One-Class SVM models caused them to produce high rates of incorrect anomaly detection.  
 
 

4.2.  Data Quality Improvements 
Our data quality outcomes grew substantially after implementing anomaly detection methods that applied 

correction processes. Implementing machine learning-based anomaly detection methods significantly reduced 

frequent data quality issues presented in the following table. 

 
Data Quality Issue Initial Count 

(Before) 

Final Count 

(After) 

Improvement 

(%) 

Missing Values 15,630 1,250 92.0 

Duplicate Entries 8,745 345 96.1 

Inconsistencies 4,850 720 85.1 

Outliers Identified 6,900 1,150 83.3 

Incorrect Data 

Formats 

3,120 410 86.8 

 
The application of machine learning algorithms achieved a notable 85% decrease in the amounts of 

missing values, duplicate entries, and inconsistent data.  

The resolution of data quality anomalies resulted in analytical precision, which enhanced downstream decisions 

made by processing systems. 
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4.3.  Visualization of Anomalies 
 
The bar chart below compares the number of anomalies detected by different models to illustrate the 

results further. 
 

 
 

Additionally, the heat maps below highlight anomaly distributions across different datasets. The 

following visualization shows anomaly density before and after implementing machine learning-based 

corrections. 

               
 

Deep learning algorithms demonstrated superior anomaly detection capability through visual evidence, 

which reduced untrue signals and identified delicate patterns within extensive datasets. 

 

5. Discussion 

5.1.   Interpretation of Findings 

This research established that machine learning algorithms surpass traditional anomaly detection 

systems, and deep learning Autoencoders and LSTM networks deliver optimal results for large-scale data 

platforms. These models display remarkable abilities to detect soft anomalies through their high precision and 

recall scores F1-score value, and accurate results. The lower performance of Isolation Forest and One-Class SVM 

comes from these methodologies depending on statistical assumptions that fail to adapt properly to various dataset 

contexts. Anomaly detection methods based on machine learning have proven their effectiveness for data 

maintenance by achieving significant data quality improvements by eliminating 92% missing values and 96.1% 
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duplicate entries and the amendment of 85.1% inconsistent data. The scalability of deep learning models permits 

processing both complex high-dimensional formats and sequential data structures. The LSTM network system 

outperformed other models for detecting time-based inconsistencies by delivering high detection rates within 

industrial sensor records and financial transaction systems. Advanced techniques are optimal for industries that 

need to analyze data streams from IoT and healthcare and financial sectors. Anomaly densities show significant 

reduction throughout datasets after implementing these models as observable through the created visualizations. 
 
 

5.2.  Comparison with Existing Studies 
This research produces outcomes that match the observations from previous studies within the data 

quality management and anomaly detection domain. Chandola et al. (2009) showed that machine learning proves 

essential for anomaly detection because traditional rules and statistics do not perform well according to their 

experiments. This research backs those arguments through evidence showing traditional methods produce more 

incorrect results while achieving lower detection rates on complex database systems. Data mismatch issues in 

anomaly detection show improvements through deep learning with autoencoders and LSTMs using studies from 

Campos et al. (2016) and Ruff et al. (2021). There are minor differences between the results we obtained and 

earlier research findings.  

The findings contradicted earlier research about structured data because Ensemble learning approaches 

shown in Random Forest and Gradient Boosting were discovered to be less useful for sequential data when 

contrasted with LSTMs. The timing-related elements within our datasets probably caused this difference between 

our results and previous research findings about anomaly detection methods. The latest research shows that 

autoencoders demonstrated successful results in our analysis yet scientists document their difficulties with 

recognizing unusual events in operational settings because they need repeated adjustments to their settings. 
 

5.3.  Challenges and Limitations 
This research study achieved promising outcomes despite facing multiple obstacles during execution. 

The main obstacle during deep learning implementations involved computational complexity because LSTMs 

and autoencoders demanded immense processing power and memory access capacity. Training such models 

across vast datasets took an extended amount of time, making it difficult to detect anomalies in real-time for 

urgent decision-making applications. The identification of incorrect positive results, as well as the understanding 

of data correlations, presented significant challenges to the system. Machine learning models succeeded at 

anomaly detection but produced incorrect positive results, especially through unsupervised learning practices. 

Identifying valid data variations alongside true anomalies requires extra validation systems to ensure proper 

discrimination of genuine patterns.  

When deployed in practice, deep learning models operate as impenetrable systems that prevent users 

from understanding which pieces of data the algorithm detect as irregular. Research efforts should concentrate 

on enhancing explainable methods to provide clearer visibility when machines pursue anomaly discoveries. The 

system needs further development regarding its scalability abilities. Machine learning efficiency can be 

strengthened by using Apache Spark and TensorFlow but large-scale data platform model deployment requires 

persistent optimization of these systems. A need exists to conduct additional research to develop these models for 

their deployment in detecting real-time anomalies across dynamic systems. The general adoption of machine 

learning for detecting data quality anomalies requires resolving existing challenges to succeed. Future research 

should target three main objectives: enhancing model performance while minimizing computational time and 
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exploring hybrid models that unify machine learning methods with rule-based validation systems for accuracy 

enhancement. 

 

Conclusion  
The study proved how machine learning algorithms succeed at discovering data quality issues that exist 

in vast data platforms. Deep learning networks, including Autoencoders and Long Short-Term Memory (LSTM), 

achieved superior accuracy alongside higher precision and recall values compared to standard rule-based along 

with statistical detection methods. The data quality improvements generated by using machine learning-based 

methods reached a 92% decrease in missing values and simultaneously achieved a 96.1% reduction in duplicate 

entries and an 85.1% improvement in inconsistency correction. The advanced anomaly detection techniques 

proved effective through visual representations that displayed anomaly reductions using heatmaps. The study 

indicates how machine learning impacts automated data quality management through scalable and intelligent 

anomaly detection systems. The research team faced high computational complexity problems that required deep 

learning processes, even though their findings showed promise.  

This difficulty made real-time anomaly detection operations challenging. Some models display a 

tendency to compile errors where they identify uncommon yet authentic data sets as anomalous variations. Better 

transparency in AI comes from developing explainable AI (XAI) because deep learning models operate as black 

boxes. Future investigations should concentrate on enhancing real-time data stream processing through machine 

learning models while integrating conductive learning technologies and developing dual verification methods 

from rules and deep learning algorithms. Real-world applications will require machine learning-based anomaly 

detection to become mainstream by implementing essential improvements to model efficiency, reducing 

computational overhead, and developing explanation capabilities.  

This study establishes practical value in finance and healthcare sectors, IoT systems, and enterprise data 

management programs requiring data integrity protocols. Machine learning algorithms detect financial system 

fraud in transactions and optimize both electronic health records (EHR) accuracy and IoT sensor maintenance 

effectiveness through anomalous reading identification. Previous results demonstrate that enterprises with large 

data pipelines should use cloud-based big data systems from AWS, Google Cloud, and Microsoft Azure to 

automate data governance functions, fulfill regulatory requirements, and enhance business intelligence analytics 

capabilities. Organizations achieve better operational risk reduction and enhanced decision-making accuracy 

using machine learning anomaly detection for data-driven environments. According to this study, machine 

learning technology demonstrates vast potential because it revolutionizes data quality assurance while 

establishing a framework for improving future intelligent anomaly detection systems.  
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