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Abstract 

In today’s era of big data, Extract, Transform, and Load (ETL) pipelines form the backbone of 

enterprise data processing. Traditional ETL systems, while foundational, often suffer from major 

limitations such as poor scalability, vulnerability to security breaches, slow transformation speeds, 

and heavy reliance on manual tuning and monitoring. These inefficiencies lead to increased 

human errors, delayed analytics, and difficulties in maintaining compliance with stringent security 

standards like PCI 4.0 and GDPR. Furthermore, conventional anomaly detection techniques used 

within ETL pipelines often fail to accurately identify complex, time-dependent irregularities in 

large and heterogeneous datasets. To overcome these challenges, this work proposes an AI-driven 

ETL optimization framework that enhances performance, security, and compliance capabilities. 

The methodology integrates Attention-LSTM networks for real-time anomaly detection, enabling 

the system to dynamically focus on critical sequence patterns for higher detection accuracy. 

Secure data extraction is enforced using TLS 1.3 encryption protocols, ensuring data 

confidentiality during transfer, while intelligent data transformation is achieved through Random 

Forest algorithms to automate and optimize transformation operations efficiently. Role-Based 

Access Control (RBAC) mechanisms are used to strengthen secure data loading, and the final 

deployment is seamlessly integrated with AWS Glue for scalable orchestration. Extensive 

experimental results demonstrate that the proposed AI-enhanced ETL pipeline significantly 

outperforms traditional methods in processing speed, anomaly detection accuracy, data 

throughput, and security compliance, while simultaneously reducing the risk of human error. This 

research highlights the transformative potential of AI technologies in modernizing ETL 

architectures, paving the way for more resilient and intelligent big data systems in enterprise 

environments. 

Keywords: AI-driven ETL, Anomaly Detection, Attention, Secure Data Extraction, Data 

Transformation, Compliance Automation 

I. INTRODUCTION  

With the effort to systematically gather, clean, and organize gargantuan volumes of raw data from an 

eclectic mix of heterogeneous sources in the big data era, ETL processes have now become the bedrock 

of enterprise data management. ETL pipelines form the foremost artery between disparate data 

environments and centralized repositories like data warehouses and data lakes, where rigorous analytics 

and strategizing for decision-making take place[1]. Being good traditional ETL systems has been 

challenged with these parameters of scale, complexity, and velocity exponentially growing as 
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organizations are now leaning towards real-time data-driven insights to sustain and level up their 

competitive advantage, touched upon with all technological advancements as well[2]. Other factors 

would further complicate the scenario, such as data quality, consistency, security, and regulatory 

compliance, which traditionally were expected to be handled by any ETL processing; these were things 

the conventional pipelines failed to achieve with an ever-increasing input of structured, semi-structured, 

or unstructured data." There has been a mounting desire to fast-track all these functionalities with low 

latency, high-speed processing, and being proactive to the detection of anomalies-moving ETL 

workflows further away from a static rule-based approach." In this extremely dynamic environment, 

optimization of ETL processes became three-dimensional, in that it became equally critical for enabling 

agility in business intelligence, protecting sensitive data, meeting dynamically changing regulatory 

requirements, and enhancing operational effectiveness in the digital economy[3]. Hence, the onus lies on 

enterprises that wish to survive in today's data-centric world with a vision of redefining ETL systems to 

be smart, scalable, and secure. 

Despite the critical roles they play in enterprise data management, today, the conventional ETL 

pipelines are very much limited by manual configuration, not flexible architecture, and increased 

susceptibility to operational errors and threats. Manual tuning introduces trouble in human error and slow 

response time, less scalability, and less ability to adapt dynamically to changes in data patterns or 

business requirements[4]. Traditional ETL systems, built mostly on static workflows, usually do not 

provide intelligent monitoring and do not contain proactive anomaly detection mechanisms, leaving it 

difficult to detect or correct data and non-data intrusions in realtime. Another area is that of security 

extraction and load phases, when sensitive data is often found unshielded from encryptions or access 

control, leading to unauthorized access, data breaches, and also internal threats. Further, such very 

tedious, manual, and error-prone processes become for compliance with very strong data protection 

norms such as PCI DSS 4.0, GDPR, HIPAA, and more depending on regions' regulatory frameworks. 

Such effort costs and completion time delays usually result in very costly penalties and damage to the 

reputation of firms. It's just becoming tedious as the data increases and security threats[5]. Hence these 

challenges demand an immediate shift in ETL from an automation intelligence perspective now to 

security-first reengineering. 

To counter this set of challenges, the penetration of AI into ETL pipelines is a revolutionary, much-

needed evolution[6]. AI ETL systems can learn autonomously from huge and complex data patterns; alert 

probable anomalies before they become incorrigible problems; optimize very complicated transformation 

logic; and adjust dynamically within ever-changing data structures, whereas minimal manual 

reprogramming is needed[7]. By leveraging better machine-learning models, organizations will be putting 

their data workflows on a higher level from perspectives of performance and security. Being faster in data 

ingestion, AI-less ETL would optimize transformation time, improve the accuracy of anomaly detection, 

enshrine data protection levels, and eventually lead to pipelines that are agile reliable and inherently 

compliant with stringent and evolving data governance frameworks. AI also minimizes human 

intervention, which will reduce the chance of manual errors and allow these ETL systems to take 

proactive measures in response to operational impacts or security threats, thus affording organizations 

real-time intelligent data operations. 

Regardless of the overwhelming benefits, the extant applications of AI for ETL optimization often 

lack cohesion, and focus, and are therefore insufficient for catering to the entirety of the modern 
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company's needs. Most solutions err by narrowly targeting the speed of the transformation processes 

while neglecting the paramount importance of other phases: secure extraction and controlled loading of 

data[8]. Others only implement anomaly detection using simple statistical thresholds and do not attempt 

to model the complex temporal dependencies required for a high-fidelity identification of irregularities in 

sequential data streams. Such piecemeal approaches in practice yield ineffective ETL systems that might 

perform well in their respective individual functions but, when assessed as an entire whole, lack 

robustness, scalability, and compliance[9]. This significant gap signifies the urgent need for a 

comprehensive AI-powered ETL framework that can address in an intelligent manner security, anomaly 

detection, performance optimization, and compliance assurance across the entire data pipeline from start 

to finish, realizing a truly resilient and future-ready data ecosystem. 

The present study involves a comprehensive AI-based ETL framework, potentially ushering in 

modernization of data processing by talking about certain pressing issues throughout the whole pipeline. 

Beginning from data extraction, our framework aims at a fairly secure one, which includes enforcing the 

last TLS 1.3 encryption protocols, thereby ensuring that sensitive information remains protected during 

various stages of transmission. Using TLS 1.3 would help eliminate most risks of unauthorized 

interception of data or unauthorized tampering during the all-important data extraction phase, which is a 

pertinent concern in the current enterprise environment. Further frameworks take advantage of real-time 

anomaly detection via the Attention-LSTM network. This state-of-the-art model is capable of learning 

from complex data sequences, greatly distinguishing anomalies, and dynamically adapting to newer 

patterns in data. This capability would help in improving the reliability of the ETL processes with the 

sequential memory capabilities of LSTMs and focused attention mechanisms to detect anomalies in ETL 

processing that might be missed by classical methods. Automated data transformation is accomplished 

with the application of Random Forest algorithms that facilitate intelligent and automatic ways of 

transforming and structuring data with the least human intervention and fastest time possible. These 

machine learning models are trained to intelligently modify transformation rules according to data 

characteristics for effective and consistent application, regardless of changing types of input data[10].  

Finally, the last stage in the proposed framework is that of an ETL pipeline that loads data securely by 

enforcing enhanced data governance through RBAC. By assigning precise roles and permissions to users, 

RBAC ensures that only those individuals who are authorized for certain datasets can make use of that 

data, thus preventing unauthorized manipulation of that data as well as securing the system. This form of 

access control is imperative for any organization that handles sensitive or regulated data. The optimized 

ETL pipeline is orchestrated using AWS Glue, a fully managed service responsible for the automatic 

scaling and orchestration of the ETL workflows. AWS Glue supports a serverless architecture allowing 

the ETL workflows to operate with a smooth processing of large datasets, allowing elastic scaling 

depending on data volume and workload complexity. Consequently, this holistic approach toward 

security and compliance optimizes the data processing speed of any ETL pipeline while tightening the 

grip on data protection per industry regulations including PCI 4.0, GDPR, and HIPAA. The tremendous 

capability of this framework to infuse AI-centric techniques in every stage provides an opportunity for the 

evolution of a solution to ETL inefficiencies in a highly transformed manner for organizations to start 

seeing resilient, secure, and intelligent data processing systems. 

The Key contributions of the article are given below, 
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• Developed an AI-enhanced ETL framework that automated data extraction, transformation, and 

loading processes, significantly improving operational efficiency in big data architectures. 

• Implemented advanced security mechanisms within the ETL pipeline, including anomaly 

detection and data masking, to protect sensitive information during data processing stages. 

• Introduced intelligent resource allocation strategies using machine learning models to optimize 

system performance and minimize processing time and computational overhead. 

• Designed a dynamic tuning mechanism that adapted ETL parameters based on real-time system 

feedback, achieving enhanced throughput and reduced latency under varying workloads. 

• Conducted extensive experiments demonstrating that the proposed AI-driven ETL system 

outperformed traditional ETL frameworks in terms of data security, execution time, and 

scalability across diverse big data platforms. 

This document is organized as follows for the remaining portion: Section II discusses the related work. 

The recommended method is described in Part III. In Section IV, the experiment's results are presented 

and contrasted. Section V discusses the paper's conclusion and suggestions for more study. 

II. RELATED WORKS  

A. ETL Process 

Seenivasan[11]examines the changes carried out from the AI perspective on traditional ETL 

processes given the ability to be great cloud data engineering actors in terms of scalability, efficiency, 

and performance. The traditional ETL processes are rendered greatly ineffective because of high latency, 

resource inefficiencies, or complicated transformations. These problems are dealt with by AI-aided 

innovations in upgrading pipeline efficiencies, automatic schema evolution, intelligent workload 

management, and anomaly detection. Besides discussing key developments in AI that support making 

ETL stronger, the article also goes ahead to talk about the implementation approaches and real-world use 

cases where these innovations had remarkable impacts on the ultimate improvements of data processing 

and operational efficiency. These AI-driven improvements, in turn, foster agile, scalable, and reliable 

data engineering processes for the benefit of improved decision-making and efficient utilization of 

resources in the cloud. 

Tadi[12]conceives the unification of real-time data technology and AI as capable of bringing 

transformation in traditional data engineering methodologies. Having emphasized how these new 

technologies heighten the efficacy and efficiency of data integration, the study has discussed the 

experimental data and real-world case studies, showing how AI and real-time integration enhance data 

flows, quality, and speed of processing.It also gives attention to some important themes like security and 

interoperability with innovative solutions and best practices. The report discusses AI and real-time 

technologies as strategic tools that organizations must use to remain relevant in a hyper-data world; 

these tools will ensure that an organization succeeds in the digital age. 

B. Advantages of ETL 

Abhilash Katari[13]growth and advancement in the field of Fintech have proven the functions of ETL 

operation to be antique. Under these conditions, the data about finance was by volume and complexity 

ever increasing, continually becoming more complex. With the appropriate application of AI and ML in 

ETL, these processes would not only automate and optimize but also improve the speed, accuracy, and 
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flexibility of operations in transforming data. This AI-powered ETL solution can conceive and resolve 

data-quality problems at minimum human involvement, solve inconsistencies automatically, learns from 

data trends, and adapt itself to new data sources. These intelligent systems serve as a guarantee for 

quality, fault-free data pipelines with real-time monitoring and advanced feedback and data enrichment 

faculties. As a result, they propel fintechs to the next level in speeding up their data processing and quick 

acceleration of insights generation. 

Exponential data growth in the digital era means opportunities and challenges, and this becomes a 

comprehensive discussion of big data streaming and analytics.  It sets forth basic concepts of big data, 

and its complexities, and how these affect the efficiency, accuracy, and dependability of AI models. 

Zahra et al.[14]discuss the different tools and frameworks necessary for data streaming and analytics, 

emphasizing the need for good infrastructure to respond to AI computing requirements.  It will also 

discuss methods for monitoring data and visualizing them so that the insights can be realized.  The 

discussion around AI integration in big data analytics attempts to show how predictive analytics and 

machine learning improve decision-making at the moment.  Furthermore, the chapter also highlights 

recent advancements, potential future avenues, sustainability, ethics, and privacy. 

C. Role of ETL 

Vesjolijs[15] proposes the model of ETL, called EGTL, as a theoretical new paradigm that 

incorporates a "generate" stage driven by GenAI toward improving normal ETL processes. New data 

storage ideas, such as Fusion and Alliance stores, maximize data extraction and processes. An Alliance 

store acts as a collaborative data warehouse for business users and AI processes; the Fusion store allows 

immediate data cleaning and profiling post-extraction using GenAI. EGTL scored a 93% success rate 

across five difficulty levels when tested in the Hyperloop Decision-Making Ecosystem, integrating some 

of the best practices of data engineering that include DataOps principles and data mesh design. 

Wherever necessary, these last findings mention large financial data warehouse performance tuning 

in an increased view on solid data warehousing systems that are critical for coping with the growing 

voluminous, rapid, and diverse nature of financial data. Various techniques by Singu[16]for enhancing 

data collection, query response, and resource utilization: appropriate indexing and partitioning, 

materialized views, use of parallel processing, query optimization, usage of in-memory processing, and 

data compression. The paper considers the provision of both local and cloud resources, workload 

management, and problems such as risk management, compliance, and real-time data analysis in the 

financial sector. The use of such facilities through cloud services and distributed database systems will 

allow financial institutions to manage the data more cost-effectively. It also reviews domain case studies, 

includes ongoing work, discusses the issues of data privacy, and weighs the advantages and 

disadvantages of different tuning techniques. 

D. ETL in Cloud Systems 

Olalekan Hamed Olayinka[17] investigates how organizations will be able to reach real-time analytics 

and big data integration, which are potentially transforming mechanisms in unison action. The demand 

for advanced sophisticated systems has increased because one requires not only integration capacity but 

also processing speeds to facilitate responses to structures-unstructured convergences-from transactional 

records to social media interactions. Real-time analytics has replaced traditional batch processing, 
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allowing companies to estimate demand and shape the operation's responsiveness to client demands. 

These advanced technologies have been increasingly used among types of industries such as 

manufacturing, shipping, banking, and retail for optimizing costs and improving efficiency. Businesses 

may benefit from changing situations in the markets and rivalry from competitors through the merging 

of big data, cloud computing, IoT, and AI-driven algorithms. 

In this paper, Raghavender Maddali[18] proposes a novel data quality assurance framework in cloud 

systems, enhanced by QML, to solve the issues of guaranteeing any data quality. Traditional AI methods 

for real-time high-dimensional data quality assurance suffer from problems of scalability, latency, and 

inefficiency. The proposed model based on quantum-classical hybrid artificial intelligence combines 

QKMs, QBMs, and VQCs to perform anomaly detection, consistency validation, and predictive data 

governance.  The present work further explores possible applications of QDLs and QFL for large-scale 

cloud governance, providing interesting insights into the quantum computational advantage of the next-

generation cloud computing data quality paradigm.  

III. RESEARCH METHODOLOGY 

A. Research Gap 

Current approaches that ensure the quality of data in cloud-supported systems are less scalable, 

computationally inefficient, and experience considerable latencies, especially when dealing with high-

dimensional and real-time data[19]. Traditional AI and machine learning provide tools for validating 

data and finding anomalies but face insurmountable constraints, such as accessing vast and, more 

critically, dynamic datasets in the cloud space. Most of these approaches heavily rely on classical 

computing architectures, hindering them in the increasing complexity of data and the feed for timely 

decisions in real-time applications. Most importantly, classical AI models usually lack the adaptability 

required to handle the increasingly heterogeneous and multidimensional nature of modern data 

sources[20]. In addition, the increasing convergence of cloud computing at very high levels creates 

environments for processing larger datasets and increasingly complex workflows; existing methods still 

leave much to be desired as far as optimizing ETL pipelines and providing predictive data governance in 

real-time are concerned, especially with new and changing demands from industries such as finance, 

healthcare, and IoT. That deficiency represents the need for an optimized solution that consumes less but 

still scales up; in addition, it must be a fast solution that can blend seamlessly into current cloud 

environments while leveraging the innovations of advanced computational frameworks, including 

quantum systems, to improve data quality assurance processes. 

B. Proposed Framework 

The complete workflow architecture of ETL optimization based on AI aspects has been depicted in 

Fig 1. The main steps include data acquisition, followed by the data pipeline end integration. The initial 

step is data collection, where raw ETL input collects datasets like Kaggle datasets. From there, data 

extraction is performed under TLS 1.3 with the best security certification protocols to encrypt the data 

and keep it safe while the data is transferred from the source to the ETL pipeline. Then the data, securely 

extracted, is an anomaly detection, done by an Attention-LSTM model for real-time anomaly detection 

or threat found at both ends of the short- and long-term dependencies present in the sequence of data. 

Smart data transformation follows this. Random Forest is now deployed to automatically execute and 

optimize the transformation tasks and thus improve speed while reducing human error. Then comes 

https://www.ijlrp.com/


 

International Journal of Leading Research Publication (IJLRP) 

E-ISSN: 2582-8010   ●   Website: www.ijlrp.com   ●   Email: editor@ijlrp.com 

 

IJLRP25051548 Volume 6, Issue 5, May 2025 7 

 

transformation loading, with RBAC guaranteeing this during the loading phase, only authorized 

personnel will have access and be able to manage sensitive data. Finally, the transformed yet secured 

data joins AWS Glue: a completely serverless-controlled and automated scalability ETL service to 

manage enormous data workloads easily. The entire model above increases the efficiency of processing 

and integrity of data while ensuring security and compliance that is suitable for modern enterprise big 

data architecture: AI-augmented ETL workflow model. 

 

Fig. 1. Proposed Framework 

C. Data Collection 

The data is fetched from catalog datasets uploaded on Kaggle. The datasets in Kaggle are generally 

provided in different ways, like CSV, JSON, and SQL dumps, and allow preparation for a variety of 

real-world scenarios. It was observed that this data could belong to any domain like finance, healthcare, 

e-commerce, sensor readings, etc, so an ETL process using AI could put this data to use for processes. 

Once again, it becomes data collection, as intelligent data crawlers would be set to collect data or 

someone would manually gather all that information, which contains valuable information like metadata 

for profiling such as the schema of the dataset with field-level details and security constraints like data 

types, file sizes, or the number of columns, as examples. These data sets become the input context to 

extract security, detect and resolve anomalies in them, ETL processes. So, one can demonstrate how AI 

can optimize performance, guarantee data integrity, and enforce security standards like PCI 4.0 within a 

large-scale enterprise-grade ETL architecture. 

• https://www.kaggle.com/code/chuckh193333/etl-extract-transform-load-with-python/data 

D. Secure Data Extraction using TLS 1.3 

Secure data extraction using TLS 1.3 focuses on securing data in transit, from source systems to the 

ETL environment.The latest protocol of Transport Layer Security, TLS (1.3) is the most secure and aims 

at end-to-end encryption so that such communications do not fall into the hands of an adversary who 

may intercept, tamper, or gain unauthorized access during the data extraction process. The use of TLS 

1.3 provides guarantees that data being extracted from databases, REST APIs, or cloud storage will 

remain confidential and protected from detection if the network is somehow compromised. Especially in 
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cases of sensitive data under compliance mandates, such as those under PCI 4.0, where the security of 

cardholder information is mandatory.  

In an AI-driven ETL pipeline, enforce TLS 1.3 by configuring ETL tools (like AWS Glue, 

Informatica, or custom scripts) to initiate secure HTTPS sessions or database connections with encrypted 

tunnels. Although modern ETL frameworks allow specifying encryption settings such as enabling TLS 

1.3 by default, validating server certificates, and using strong cipher suites, the actual implementations 

do not enforce it. A proper implementation would imply that secure data extraction with TLS 1.3 would 

improve the speed of the handshake, thus enhancing the security in comparison with previous versions, 

while at the same time reducing the window for related attacks, such as implausible replay attacks, and 

abandoning the ciphering algorithms that even before TLS 1.3 were already considered to be weak, such 

as SHA-1 or RC4. AI models can also detect and flag any downgrade attacks trying to force a lesser TLS 

version.  

Overall, in addition to the above, the very successful implementation of Secure Data Extraction with 

TLS 1.3 far enhances the security implication of the ETL pipeline. With such a foundation, the 

organization may enhance security through other AI methods like anomaly detection, tokenization, and 

field-level encryption. Moving securely across the layers through the transformation space gives 

organizations better assurance on the compliance of security standards such as PCI DSS 4.0, GDPR, or 

HIPAA, while side by side providing higher, high-speed, low-latency data transfers for modern big-data 

architecture. 

E. Intelligent Data Transformation using Random Forest 

Transform and Convert Data Intelligently with Random Forest. The research concentrates on 

automating and optimizing the methods that are used for data mapping, cleaning, and transforming from 

the source to the target systems in an ETL pipeline. Random forest is one of the ensemble methods of 

machine learning, which builds based on several decision trees, and is powerful in almost every scenario 

when it comes to modeling data transformations in terms of identifying relationships that are highly 

complex between all the input features and their transformation requirements. For example, using 

Random Forest models in this context, ETL models will be able to predict how to transform an input 

field based on historical data mappings, domain-specific rules, or patterns in business logic. A typical 

example would be a source that stores date fields in two different formats. The model would learn how 

to classify and recommend the appropriate standardization automatically without any human 

intervention, based on the learned patterns. 

Such intelligent data cleaning can be performed with the help of Random Forest models at the time of 

transformation. For instance, consider a scenario where the ETL process reports some incoming datasets 

to be outliers or missing values. Whereas a fixed rule may apply the average or median as the most 

prevalent value for replacing a missing value, the Random Forest will predict the most probable correct 

value based on correlations to other features. Because Random Forests couple many trees and average 

their outputs, they naturally absorb failure-prone data, fuzzy data, and non-linear relationship conditions 

far beyond what can ever be achieved with simple statistical means. In addition, random forest feature 

importance scores can rank attributes according to their contribution to noise, thus helping prioritize 

those columns or fields for deeper transformation or scrutiny. It leads to much more intelligent 
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contextual transformation processes that can adjust according to the nature of data, rather than applying 

one-size-fits-all rules. 

F. Anomaly Detection Using Attention-LSTM 

ETL such as extraction times, transformation statistics, loading patterns, etc. First, these data are fed 

one after another into an LSTM network to capture the underlying temporal dependencies and patterns 

over time, and this feed-through learns the normal typical behavior of ETL operations. To achieve this, 

an attention mechanism has been put on the top of the LSTM outputs for the model to selectively 

concentrate its attention on only the most critical time steps or features which are more alarm, rather 

than the entire sequence considering all parts equally. While the attention mechanism can assign various 

weights to different hidden states, it doesn't help the model to discriminate between an important 

irregularity or suspicious behavior in the ETL flow. Using this weighted information (context vector), 

the model predicts what the expected event at a given timestamp should behave like, e.g., normal load 

times or transformation behavior. Anomaly score is computed by matching the predicted outputs with 

actual observations-higher scores usually mean that we are farther away from normal behavior. If the 

anomaly score exceeds some predefined or dynamically learned threshold, then that time step will be 

flagged as anomalous by the system. Hence, real-time anomaly detection during ETL processing occurs 

in anomalies in delays, breaches, mismatches, or operational failure. This last action allows one to 

monitor in real-time and very intelligently with minimum human intervention continuously and 

sensitively Big Data ETL processes. 

Attention Mechanism on LSTM Output 

The attention mechanism in the Attention-LSTM model allows the model to focus on different parts 

of the output sequence from LSTM outputs at different time steps while ignoring the fact that all time 

steps are treated equally. Processing the sequence will lead the LSTM to produce a series of hidden 

states, one per time step: a series in which each hidden state encodes input informationbefore that time 

point. However, all-time steps are not commensurate within the time sequence in which they indicate 

some points are vulnerable to critical normal patterns or sudden changes that are very important for 

developing indications of abnormity. This attention mechanism derives scores for a condition to each 

hidden state from its relevance to the entire prediction or reconstruction task. The raw scores are 

generated by the application of a small neural network, using a nonlinear transformation of hidden state, 

onto a learned vector that represents "importance." In this way, the output now shows raw attention 

scores, bringing each time step which states how much the model should attend to that single moment in 

the sequence. 

Once these scores are generated, all attention scores are put through a softmax normalization function 

across all time steps so that finally the whole attention weight per sequence adds to one. In turn, these 

attention weights represent probabilities that define how much influence each hidden state will 

contribute in making the final context vector, which happens to contain a weighted sum of all hidden 

states. That context vector being an attentive summary of the whole sequence, will now wait for the next 

data point to be predicted or reconstructed. Reconstruction will be defined to show potential anomalies 

when there is a marked difference from the original input. The model becomes thereby capable of 

emphasizing time steps that matter for the model in its data consistency and discerning subtle deviations 
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in data, bringing the Attention-LSTM method far more sensitive and accurate in detecting anomalies in 

comparison with models that give equal weight to all time steps. It is given in Eq. (1). 

𝑒𝑡 = 𝑠𝑐𝑜𝑟𝑒(ℎ𝑡) = 𝑣𝑇𝑡𝑎𝑛ℎ⁡(𝑊𝑎ℎ𝑡 + 𝑏𝑎)  (1) 

This is how one transforms raw attention scores computed per time step in the sequence into a format 

amenable for the model to use attention weights. However, the raw scores in and of themselves may not 

yet be interpretable: positive, negative, large, or small, they do not form any definitive probability 

distribution across time steps. This is the reason Softmax comes in. Softmax is a mathematical operation 

used to convert any given set of arbitrarily valued real scores to normalized values between 0 and 1, the 

total of which is exactly equal to one. In particular regard to Attention-LSTM, softmax will exponentiate 

all raw attention scores and would divide each of these exp scores by the sum of all exp scores. What 

this does, aside from making the values positive and interpretable as probabilities, is also maintain their 

relative differences-the higher raw score corresponds to a higher attention weight after normalization. 

Accordingly, the model's decision logic expects to have a clear probabilistic activation on the 

importance assigned to each time step in the sequence. 

The outcome of applying softmax is a vector of attention weights, each time becoming an individual 

weight for the time steps, and these weights possess several significant properties that constitute a 

perfect match for sequence modeling and anomaly detection. First, being that all attention weights come 

up equivalent to one, they form what may be conceptualized as an "attention budget"-because models 

must emphasize certain time steps more than the other time steps when making predictions, and models 

cannot weight highly an importance to every single time step but designates which time steps are very 

critical in making accurate predictions or recreations. Only with this kind of natural competition between 

time steps can the selectivity within a model be achieved that it will focus only on the most informative 

and hence meaningful portions of the input sequence. Some of these stages in the extraction, 

transformation, or loading of data contain abrupt changes or rare patterns that would indicate an 

imminent failure security breach or possible inconsistencies. This ensures that softmax attention weights 

improve model performance in noticing details that inform the model of such change patterns and how it 

responds with relatively higher influence during context vector formation for prediction. 

The other aspect that it brings is dynamic adaptability to the model. Since the attention scores-and so 

the attention weights-are dependent on the actual hidden states created for that specific input sequence, a 

model would develop a kind of dynamic asymmetry because it would decipher the characteristics of the 

batch of data it's currently processing. This means that when an input sequence seems mostly normal but 

has a few very strange moments of activity, the attention mechanism automatically weight-shifts toward 

those strange time steps without having to set rules or engineer features. This is especially true when the 

sequence contains only a handful of anomalies in a relatively normal sequence.It is given in Eq. (2). 

𝛼𝑡 =
𝑒𝑥𝑝⁡(𝑒𝑡)

∑  𝑇
𝑘=1  𝑒𝑥𝑝⁡(𝑒𝑘)

   (2) 

Below the softmax transformation of attention weights, the model uses the obtained attention weights 

to build something called a context vector. The context vector is a summary representation of the whole 

input sequence; however, it is not just an average or a simple aggregation. Rather, it is a weighted 
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combination, where each hidden state from the LSTM output is multiplied by its corresponding attention 

weight. This weighting mechanism lets the model focus on hidden states considered more important 

(higher attention weights) and suppresses contributions from less relevant states. The contributions of 

the hidden state are proportional to the attention weights assigned to it. Therefore, if a certain time step 

is important for anomaly detection or prediction, it will exert a strong pull on the context vector, while 

time steps that are of lesser value or yield redundant information will contribute minimally. This 

selective aggregation captures the salient patterns existing in the sequence while filtering noises and 

irrelevant fluctuations that could have led the model astray. 

One of the key strengths of the context vector is its ability to provide a compact representation of 

complex temporal dynamics in a fixed-size vector. How long the inputs did not matter; the attention-

weighted summation gives the model one context vector of an invariant size, which simplifies and 

minimizes the downstream processing effort. More interestingly, the context vector is also dynamic and 

sequence-specific because it is computed by attention. Different input sequences must yield different 

context vectors, depending on where the points of anomaly, inconsistency, or transformation of interest 

lie. In AI-driven ETL optimization, this means that sequences harboring unusual delays, suspicious data 

transformations, or unexpected loading behaviour will generate context vectors that represent these 

anomalies more prolifically. The context vector encapsulates the "story" of the ETL process for a given 

time window, accentuating the crucial moments that the model needs to act upon or keep in scrutiny. 

Finally, it is through the context vector that the decision-making mechanism of the model is 

anchored. Once built, it would then be passed onto one or more fully connected layers (dense layers) 

before making a prediction, which could either be forecasting the next expected data point or 

reconstructing the input sequence. Compares the predicted outputs with the observed actual data so that 

the model computes an error score, using the mean squared error or some other suitable distance metric, 

for the mass of anomaly detection. Higher reconstruction error implies that, even though the context 

vector highlighted the most important parts of the sequence, it could not reasonably account for the new 

incoming data, indicating that something.It is given in Eq. (3). 

𝑐 = ∑  𝑇
𝑡=1 𝛼𝑡ℎ𝑡    (3) 

Once a context vector is built from the attention applied over the LSTM hidden states, the next 

important procedure is the generation of the predicted output. The context vector, being a distilled image 

packed with pertinent information summarizing the input sequence, makes an essential input for the 

prediction of the model. Commonly, this process of predicting involves using one or more fully 

connected or fully dense layers to interconnect the high-dimensional feature space with the desired 

output space, which maps it into a more compact representation. The dense layers then implement a 

linear transformation followed by non-linear activation functions such as ReLU (Rectified Linear Unit) 

or tanh that allow the model to learn complex mappings from sequence representations to specific 

predictions. For ETL anomaly detection purposes, these predicted outputs could either be the next 

expected value within a time series (i.e., load time, transformation latency, data consistency checks) or a 

reconstruction of past values to validate them. It is important to note that the ability to predict or 

reconstruct normally is contingent on the observed inputs following the normal patterns because the 
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model was trained for normal behavior patterns. Whenever an anomaly arises, the prediction by the 

model diverges significantly from the actual observed data. 

The predicted output is not based on random guessing; rather, it is purposely structured to capture the 

natural continuity and regularity of the ETL process through time. Generally, in normal situations, when 

the data flows through the ETL pipeline as expected—without delays, corruption, or unusual 

transformations—the model produces predictions closely matching the real input data. If, say, the 

average time taken for data transformation after extraction is 2 seconds or so, then for times relatively 

close to 2 seconds prediction via the Attention-LSTM model would occur unless disturbed heavily. In 

the same way, if, in a certain schema, attributes are expected to be transformed in a certain manner, the 

model would guess their transformation correctly. Such a prediction is a boon since, in an unsupervised 

setting, the model can keep an eye on whether its expectations hold compared to what transpires, without 

unnecessary human interference. In Big Data architectures, where no human supervision can be 

exercised due to the volume and complexity of data, this method catches irregularities early on before 

they snowball into major problems. 

In generating a predicted output using the context vector, the model attempts to answer the question: 

"Given everything I have focused on in the input sequence, what should logically happen next?" A good 

prediction means a near-perfect reading of the incoming data, indicating that the ETL process is 

functioning normally. On the other hand, if the result is very, very different from the actual data coming 

in, something is usually amiss. Such a mismatch could, therefore, signify any of several classes of 

anomalies: delayed processing, or unexpected data transformation. It is given in Eq. (4). 

𝑥̂𝑡+1 = 𝑔(𝑐)    (4) 

This model is very young indeed if, once anomalies are predicted by the Attention-LSTM model, the 

next major issue would be how to quantify the difference between the generated prediction versus just 

about anything that could be seen at time t with the calculation of Anomaly Score. The anomaly score is 

a way of quantifying at any moment in time t how far apart the expectation of the model is from reality. 

If indeed everything were in order with the ETL process, the difference between the predicted and the 

actual data would be quite negligible, resulting in a low anomaly score. But when some anomalous 

behavior takes place in the ETL pipeline—say, delayed extraction, broken transformation, or 

compromised loading—the gap widens, and the anomaly score skyrockets. The anomaly score is 

generally calculated using some error or distance metric like the Mean Squared Error (MSE), Mean 

Absolute Error (MAE), or other more sophisticated divergence measures. That gross error measures how 

surprised the model was and is direct, quantifiable evidence of potential anomalies in the data processing 

pipeline. At each time step t , the model basically asks, "How wrong was my prediction compared to 

what happened?" and the answer becomes the anomaly score. 

The interpretation of the anomaly score is greatly enhanced, in real-world Big Data ETL systems, by 

its magnitude. A low anomaly score for the process generally indicates a smooth ETL operation; 

transformations are consistent, security rules are being adhered to, and performance metrics such as 

timing and throughput lie within acceptable limits. Conversely, a high magnitude score could point to an 

exceedingly wide variety of potential problems, ranging anywhere from benign slowdowns in the system 
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to serious issues that may include data tampering, configuration errors, or even insider attacks. Like the 

anomaly-detection context that rather successfully boosts the flexibility and awareness of Attention-

LSTM concerning changes in context, the anomaly-detection system is dynamic rather than static; that 

is, it is not bound by rigid rules but learns from historical patterns, and seasonal fluctuations, and 

operational idiosyncratic patterns of ETL pipelines. The anomaly score has common sense now and is 

context-sensitive to varying workloads, different schema versions, changes due to cloud migration, or 

hardware upgrades. Therefore, instead of flagging false positives once slight adjustments are made to the 

system, the model captures what constitutes "normal" during varying time frames and only flags truly 

unexpected anomalies. 

Another considerable benefit of calculating the anomaly score at each time instance is that it enables 

fine-grained, real-time monitoring of ETL pipelines. Most conventional monitoring systems have only 

one threshold level of notificationtriggered after the entire batch process has failed, or after aggregated 

time windows have been computed. Early detection, however, holds the potential for preventing 

massively delayed data losses. With Attention-LSTM driven anomaly scoring, every little unit of 

processing-every minute of extraction, every file transformation, every data load-is scrutinized very 

closely in near real-time. 

This granularity signifies that the system can give early warnings long before major problems become 

critical. If the anomaly score at time t starts rising continuously over a few steps, it can trigger adaptive 

actions such as throttling incoming data, switching over to backup nodes, reauthenticating secure 

channels, or even stopping hazardous loads until human intervention checks the situation. Thus, the 

anomaly score becomes not just a diagnostic tool but a proactive mechanism for maintaining ETL 

system resilience, integrity, and compliance. 

Lastly, the design for especially how the different anomaly scores, reported across multiple 

timestamps, could be aggregated and interpreted can be tailored according to various security and 

performance compliance requisites, be it PCI 4.0 or GDPR norms for data handling. For example, while 

a single spike in the anomaly score might be tolerated during the peak load, a series of successive high 

scores could suggest a repeated pattern of failure or attack and thus call for an immediate escalation. 

Spiced decision-making can be achieved by employing advanced post-processing techniques, like 

moving averages, weighted thresholds, or dynamic alerting according to historical baselines on the 

anomaly score time series. Tracking the evolution of the anomaly score across the ETL stages-

extraction, transformation, and loading-brings complete and multi-perspective visibility over the health 

of the data pipeline to organizations. 

In this manner, the anomaly score calculated at time t is not merely a basic value of error, but it is a 

dynamic measure- the heartbeat of Big Data architecture- obtaining real-time, AI-driven intelligence on 

security, performance, and system stability, thus transforming the absolute condition of the architecture 

with regards to data.It is given in Eq. (5). 

 Anomaly_Score 
𝑡
= ‖𝑥𝑡+1 − 𝑥̂𝑡+1‖2  (5) 
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Anomaly detection in the ETL pipeline is performed using an Attention-LSTM model whose 

architecture is shown in Fig 2. This model receives an input layer that sequentially ingests time series 

data taken from the ETL operation that preserves temporal patterns and fluctuations along time. This 

input is passed onto the LSTM layer, which serves to model short- and long-term dependencies since the 

LSTM layer maintains and updates the internal state memories through gated mechanisms. The outputs 

from the LSTM are, therefore, enhanced for attention to focus on critical patterns thereby enabling the 

network to weigh, privileging those time steps or features that are more indicative of anomalies. The 

outputs from the attention mechanism are then forwarded to the dense (fully connected) layer which 

performs the last task of anomaly classification or prediction. Thus, by combining the sequence 

modeling capability of LSTM and the interpretability and focus of attention mechanisms, the Attention-

LSTM architecture achieves enhanced detection accuracies, faster localization of anomalies, and the 

ability to handle complex and high-dimensional ETL data streams as compared to the classical models. 

 

Fig 2. LSTM- Attention Architecture 

G. RBAC for Secure Data Loading 

RBAC is vital in ensuring that all data being loaded in ETL pipelines above ETL must be sufficiently 

protected with RBAC. RBAC restricts access to system resources only according to the role assigned to 

the user in an organization instead of assigning permissions to users individually. In the ETTL process, 

only authorized roles such as "ETL Loader," "Data Engineer," or "Audit Manager" should be allowed to 

initiate or manage data loading operations. When defined, roles have minimal privileges—based on the 

principle of least privilege—enough to perform their job responsibilities. An example of this would be 

the "ETL Loader" user having insert permissions only for the target database, but denied any delete or 

modify actions within it, thereby minimizing the risk of accidentally removing or maliciously losing the 

data. 

Under Secure Data Loading, every internal load operation is made authenticated and authorized by 

RBAC before any data load to the targeted system happens. Even modern ETL tools like AWS Glue, 

Informatica, and Azure Data Factory use integrated identity management systems like AWS IAM, and 

Azure Active Directory, to impose RBAC. The normal flow checks not only whether the executing 

entity (either a user, AI agent, or service account) has sufficient role for the load action but also ensures 

that the respective load is denied and logged against the activity will be able to notify the concerned 

officials for a security review in case no permission is assigned to the action. Unauthorized data upload, 

accidental overwrite, and unauthorized access to sensitive systems like financial databases or personal 

data stores can thus be proactively controlled by this mechanism. 
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RBAC further increases the audibility and compliance during secure data loads through an extensive 

log record of what, who, and when accessed. Each load operation performed under RBAC governance is 

traceable to specific roles and users, thus making it easier to comply with certain standards such as PCI 

DSS 4.0, HIPAA, or GDPR. Any breach or unauthorized change resulting from audits may be traced and 

quickly identified to sources based on role-based activity logs, making this generally more enticing. 

Implementing RBAC during data loading is not a best practice in regulated industries; under most 

circumstances, it is quasi-mandatory for operational security and legal compliance. The use of RBAC 

combined with encryption, integrity checks, and anomaly detection creates a multi-layered security 

model that protects today's AI-driven ETL systems. It is depicted in Fig 3. 

 

Fig 3. RBAC in ETL System 

IV. RESULTS & DISCUSSION 

The Results section critically assesses the cost-benefit analysis as pertains to AI-driven techniques for 

performance evaluation, security in the ETL pipeline, anomaly detection accuracy, efficiency in data 

transformation, and compliance with regulatory frameworks. While comparing and analyzing the merits, 

provision has also been made through comparative graphs and metrics. Such results largely demonstrate 

the merits of using machine learning models, secure data extraction methods, intelligent transformation 

algorithms, and AI-based security frameworks as integrated ETL applications over traditional, manual 

ETL approaches concerning significant processing speed gains, lesser security breaches, higher anomaly 

detection accuracies, fewer data transformations required, and improved conformity with industry norms 

such as PCI 4.0 and GDPR. Collectively, the AI results demonstrate the transformation of the building 

blocks of big data architecture into a more efficient, secure, and resilient infrastructure. 

A. Experimental Outcome 

The comparison-processing Time Graph in Fig 4 strongly affirms substantial improvement by 

including AI technologies in the ETL process. Classic ETL techniques have longer processing times 

because of inefficiencies due to manual data transformation, anomaly handling, and error-prone 

correction. The processing time has drastically reduced with AI techniques such as intelligent 

transformation of data, anomaly detection, and fine-tuning to real-time throughput. This proclamation 

tailors the pipeline in ETL with the winning competence of machine learning algorithms to fast-track 

complex tasks, optimally rent resources, and reduce manual error. Fast data workflows are added to this 

by reduced processing time, thus adding productivity and scalability advantages to big data 

architectures, saving the enterprise time and money. 
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Fig 4. Processing Time 

The Data Throughput Comparison graph in Fig 5 shows how, following AI optimization of the ETL 

pipeline, data throughput tremendously increases. Without the AI handle, the ETL processes run at a 

lower throughput-sided to manual data transformation, inefficient error handling, and inability to 

dynamically adjust to data changes. But with AI-packed improvements like intelligent data mapping, 

real-time anomaly detection, and optimized transformation logic, ETL pipelines driven by AI take the 

throughput to new heights with the capability of processing ever-increasing quantities of data at lesser 

time intervals. It is thus extremely gratifying how AI modernizes and optimizes data operations, 

hybridizing faster ingestion and processing of huge volumes of data improvement is in direct contrast to 

traditional ETL processes. Hence AI herein lends support to the scalability and efficiency of big data 

systems toward rapid decision-making, in turn, enhancing the entire enterprise-level data architecture 

throughput. 

 

Fig 5. Data Throughput 

The Data Transformation Efficiency graph in Fig 6 has shown improvements in the performance of AI 

compared with manual data transformations. As the number of records increases, the time taken for 

manual transformations rises at a much steeper rate, reflecting the inefficiencies and increased 
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complexity in handling large datasets. AI-driven transformations show a much smoother increase in 

processing time, demonstrating how AI optimizes and automates the transformation process, leading to 

faster data processing and less time in ETL workflows. The graph clearly illustrates how well AI scales 

with larger datasets while maintaining efficiency, making the technology a more viable candidate for big 

data architectures within enterprise environments, where performance and speed remain critical. 

 

Fig 6. Data Transformation Efficiency 

The Simulation of Security Breach Incidents in Fig 7 shows the advantages of applying AI technology 

for efficient data security in the ETL pipeline. Coming to pre-AI incorporation, the population of 

security incidents like unauthorized access and data breaches everywhere was pretty high, suggesting a 

clear indication of vulnerability in the usual pure manual approach to loading and transforming data. 

Immediately all postures now with AI-enabled portions such as secure data loading, encryption, and 

anomaly detection bring in a counted final drop in the security incidents. Reduced evidence in this 

dimension thus suggests that AI can proactively identify threats, secure sensitive data, and minimize 

human error. Thus, it enhances the line of the equation, indicating how AI promotes rather meaningful 

data protection and strengthens ERMS against breaches while bringing increased conformance to 

regulatory standards, positively changing the enterprise security posture overall. 

 

Fig 7. Security Breach Incidents 

The Compliance Metrics layout represented in Fig 8 depicts the advantages of employing AI in the 

monitoring of compliance in ETL processes. The bar chart shows that almost all the standards taken into 

account - PCI 4.0, GDPR, HIPAA, ISO 27001, and SOX - have higher rates of compliance for AI-

assisted compliance checks than for their manual means of working. AI makes it possible to enforce 
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security and privacy requirements systematically. The time for compliance is greatly reduced through 

AIfrom a couple of weeks, generally required in manual procedures, to only a few days because of AI 

automation. This joined visualization makes an eminent case for the fact that AI magnifies the speed not 

only at which compliance could happen but also enhances quality, making it an important enabler for 

organizations to meet tough competition in regulatory requirements without hiccups. 

 

Fig 8.  Compliance Metrics 

With regards to the performance index, the proposed model outperformed the existing methods SVM 

and CNN by a large margin, as shown in Table 1. The SVM method presented good performance with 

an accuracy of 77.8%, a precision of 91.5%, a high recall of 96.77%, and an F1-Score of 

88.5%.However, the proposed LSTM-Attention model ranked itself superior to both traditional methods 

and the CNN one through these evaluation tasks by gaining a phenomenal accuracy of 99.37%, 98.22% 

precision, 98.87% recall, and 98.62% F-Score. This tells us that the attention mechanism allows the 

model to dynamically focus its attention on the most important time steps for anomaly detection, and 

thus improves temporal representation and accurate predictions. In turn, these improvements yield 

remarkable increases in precision and recall, which also imply that the proposed method detects more 

true positives and fewer false alarms-a significant requirement in real-time Big Data ETL system 

monitoring where reliability and trust in alerts must never be compromised.  

Table 1: Comparison with Existing Methods 

Methods 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

SVM[21] 77.8 91.5 96.77 88.5 

CNN [21] 93.56 98 95 96.32 

Proposed 

LSTM-

Attention 

99.37 98.22 98.87 98.62 
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V. CONCLUSION AND FUTURE WORK 

The study in question analyzed the integration of artificial intelligence approaches to optimize ETL 

pipelines to run with maximum effectiveness, safety, and compliance with large-scale architectures for 

big data. Machine-learning models were able to make extensive modifications to conventional ETL 

approaches, including Attention-LSTM for near-real-time anomaly detection, Random Forests for 

intelligent data transformations, TLS 1.3 for security in data extraction, and RBAC for security in data 

loading. Results of the experiments indicated noteworthy improvements in processing speeds, data 

throughput, anomaly detection accuracy, and compliance with standards such as PCI 4.0 and GDPR. The 

AI-enabled ETL pipelines would also be said to have reduced the occurrences of security breaches and 

human errors dramatically, thus increasing the reliability of systems and data integrity. The 

representation of performance comparative graphs on processing time, transformation efficiency, and 

incidents of security breaches visually confirms the superiority of the AI-based ETL framework, making 

it very appealing for enterprise clout in terms of scalability and security.  

On the other hand, there remain some prospects for further research. This could encompass future 

research work concerning harnessing the machine learning model paradigm for other fronts of ETL 

optimizations-such as Graph Neural Networks for complex data relationships during transformation or 

Reinforcement Learning for adaptive tuning of ETLs. On the one hand, as far as the acceptance of 

automated decision applications of this project is concerned, embedding explainable AI (XAI) 

techniques inside the framework under development will provide a measure of transparency and trust. Its 

adoption in researching real-time ETL orchestration across AI-enabled multi-cloud environments would 

open a gate for yet more extended scalability and resiliency. Furthermore engineering AI-powered 

dashboards and alert systems for organizations to support proactive compliance management can also be 

designed with continuous compliance monitoring.  

REFERENCES 

[1] D. Seenivasan, “Real-Time Data Processing with Streaming ETL,” IJSR, vol. 12, no. 11, pp. 2185–

2192, Nov. 2023, doi: 10.21275/SR24619000026. 

[2] D. Wei et al., “An anomaly detection model for multivariate time series with anomaly perception,” 

PeerJ Computer Science, vol. 10, p. e2172, Jul. 2024, doi: 10.7717/peerj-cs.2172. 

[3] M. S. Islam, W. Pourmajidi, L. Zhang, J. Steinbacher, T. Erwin, and A. Miranskyy, “Anomaly 

Detection in a Large-Scale Cloud Platform,” in 2021 IEEE/ACM 43rd International Conference on 

Software Engineering: Software Engineering in Practice (ICSE-SEIP), Madrid, ES: IEEE, May 

2021, pp. 150–159. doi: 10.1109/ICSE-SEIP52600.2021.00024. 

[4] A. X. Fernandes, P. Guimarães, and M. Y. Santos, “Big Data Analytics for Vehicle Multisensory 

Anomalies Detection,” Procedia Computer Science, vol. 204, pp. 817–824, Jan. 2022, doi: 

10.1016/j.procs.2022.08.099. 

[5] R. A. Ariyaluran Habeeb et al., “Clustering‐based real‐time anomaly detection—A breakthrough in 

big data technologies,” Trans Emerging Tel Tech, vol. 33, no. 8, p. e3647, Jun. 2019, doi: 

10.1002/ett.3647. 

[6] P. Cichonski, T. Millar, T. Grance, and K. Scarfone, “Computer Security Incident Handling Guide : 

Recommendations of the National Institute of Standards and Technology,” National Institute of 

Standards and Technology, NIST SP 800-61r2, Aug. 2022. doi: 10.6028/NIST.SP.800-61r2. 

https://www.ijlrp.com/


 

International Journal of Leading Research Publication (IJLRP) 

E-ISSN: 2582-8010   ●   Website: www.ijlrp.com   ●   Email: editor@ijlrp.com 

 

IJLRP25051548 Volume 6, Issue 5, May 2025 20 

 

[7] R. Kumaran, “ETL Techniques for Structured and Unstructured Data,” SSRN Journal, Dec. 2021, 

doi: 10.2139/ssrn.5143370. 

[8] D. Marupaka, “Machine Learning-Driven Predictive Data Quality Assessment in ETL 

Frameworks,” IJCTT, vol. 72, no. 3, pp. 53–60, Mar. 2024, doi: 10.14445/22312803/IJCTT-

V72I3P108. 

[9] P. Vanini, S. Rossi, E. Zvizdic, and T. Domenig, “Online payment fraud: from anomaly detection 

to risk management,” Financ Innov, vol. 9, no. 1, p. 66, Mar. 2023, doi: 10.1186/s40854-023-

00470-w. 

[10] N. Joshi, “Optimizing Real-Time ETL Pipelines Using Machine Learning Techniques,” Dec. 2024, 

SSRN. doi: 10.2139/ssrn.5054767. 

[11] D. Seenivasan, “AI Driven Enhancement of ETL Workflows for Scalable and Efficient Cloud Data 

Engineering,” int. jour. eng. com. sci, vol. 13, no. 06, pp. 26837–26848, Jun. 2024, doi: 

10.18535/ijecs.v13i06.4824. 

[12] V. Tadi, “Revolutionizing Data Integration: The Impact of AI and Real-Time Technologies on 

Modern Data Engineering Efficiency and Effectiveness,” IJSR, vol. 10, no. 8, pp. 1278–1289, Aug. 

2021, doi: 10.21275/SR24709210525. 

[13] A. R. Abhilash Katari, “EXT-GENERATION ETL IN FINTECH: LEVERAGING AI AND ML 

FOR INTELLIGENT DATA TRANSFORMATION,” IRJMETS, Aug. 2024, doi: 

10.56726/IRJMETS43671. 

[14] F. T. Zahra, Y. S. Bostanci, O. Tokgozlu, M. Turkoglu, and M. Soyturk, “Big Data Streaming and 

Data Analytics Infrastructure for Efficient AI-Based Processing,” in Recent Advances in 

Microelectronics Reliability, W. D. Van Driel, K. Pressel, and M. Soyturk, Eds., Cham: Springer 

International Publishing, 2024, pp. 213–249. doi: 10.1007/978-3-031-59361-1_9. 

[15] A. Vesjolijs, “The E(G)TL Model: A Novel Approach for Efficient Data Handling and Extraction 

in Multivariate Systems,” ASI, vol. 7, no. 5, p. 92, Sep. 2024, doi: 10.3390/asi7050092. 

[16] S. K. Singu, “Performance Tuning Techniques for Large-Scale Financial Data Warehouses,” Dec. 

2022, doi: DOI: 10.56472/25832646/JETA-V2I4P119. 

[17] Olalekan Hamed Olayinka, “Big data integration and real-time analytics for enhancing operational 

efficiency and market responsiveness,” Int. J. Sci. Res. Arch., vol. 4, no. 1, pp. 280–296, Dec. 

2021, doi: 10.30574/ijsra.2021.4.1.0179. 

[18] Raghavender Maddali, “AI-Driven Quality Assurance in Cloud-Based Data Systems : Quantum 

Machine Learning for Accelerating Data Quality Metrics Calculation,” IJSRCSEIT, Aug. 2022, 

doi:10.32628/IJSRCSEIT. 

[19] S. C. Seethala, “The Role of AI in Revolutionizing Finance Data Warehouses for Predictive 

Financial Modeling,” Int J Sci Res Sci Eng Technol, pp. 370–374, Jul. 2020, doi: 

10.32628/IJSRSET229471. 

[20] N. Bangad et al., “A Theoretical Framework for AI-driven data quality monitoring in high-volume 

data environments,” Oct. 2024, doi: 10.48550/ARXIV.2410.08576. 

[21] M. Abd Al-Alim, R. Mubarak, N. M. Salem, and I. Sadek, “A machine-learning approach for stress 

detection using wearable sensors in free-living environments,” Computers in Biology and 

Medicine, vol. 179, p. 108918, Sep. 2024, doi: 10.1016/j.compbiomed.2024.108918. 

 

https://www.ijlrp.com/

