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Abstract

The Rising data processing pipeline complexity and size necessitate the use of secure automated
means to ensure data quality during Extract, Transform, Load (ETL) processes. This article
presents a machine learning framework that is capable of automating data quality assurance in
ETL pipelines using anomaly detection, predictive modeling, and self-healing. The framework
leverages machine learning algorithms to detect inconsistencies, predict potential data errors, and
autonomously correct issues, enhancing data integrity, accuracy, and consistency in real-time
processing. By continuously monitoring data quality, the system reduces manual intervention,
minimizes operational costs, and improves decision-making reliability. The framework is
adaptable across various industries, including healthcare, finance, and manufacturing, where
high-quality data is essential for business intelligence and analytics. Experimental findings reveal
that it successfully minimizes data errors and strengthens the ETL pipeline significantly. The
suggested approach offers a scalable and smart solution to ensure high-quality data in a changing
environment of data.

Keywords: ETL Automation, Data Quality Assurance, Machine Learning, Anomaly Detection,
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I. INTRODUCTION

The big data and artificial intelligence era of today have made ETL pipelines key dependencies for
organizations to process big data effectively [1][2]. Adoption of machine learning (ML) in ETL has
highly increased automation, data quality, as well as better decision-making powers [1][2]. Classical
ETL pipelines have issues such as data inconsistency, delay in processing, ineffectiveness in fault
detection, which make the demand for intelligent automation services [3] [4]. Recent developments in
ML-based ETL frameworks added self-healing capabilities, predictive analytics, and anomaly detection
methods to enhance the guarantee of data quality [5][6]. For example, a new dependability framework
for big data analytics has been introduced [5], and an ETL feature catalog and management system has
been created for pipeline management optimization [6]. The developments support data pipeline real-
time monitoring and predictive fault prevention [7] [8]. Additionally, Al-powered data platforms hold
real-time snapshots within data warehouses so that data synchronization and integration are smooth [9]
[10]. More research is being done on applying ML to enhance medical data processing and decision
support [12] [13] [20] [21]. Additionally, in the healthcare industry, ML methods have been applied
towards automating ETL so that image quality evaluation by automated means and population health
management are enhanced by smart data pipelines [11] [13] [15].As a reaction to the disparity between
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conventional ETL models and current ML-focused approaches, scientists proposed Data Ops
methodologies maximizing labor market talent harvesting, predictive maintenance, and medical
decision-making [13] [14] [15]. These strategies combine real-time anomaly detection, predictive
modeling, and faultless automated diagnosis for maintaining data intact and operational performance
stable [23] [16] [17]. This work investigates how ETL automation through ML maximizes data
processing pipelines across industries with enhanced scalability, reliability, and responsiveness.

II.LITERATURE REVIEW

Kartick Chandra Mondal, Neepa Biswas, and Swati Saha (2020): Discussed the use of Machine
Learning in automating ETL. Their paper, presented at the 21st International Conference on Distributed
Computing and Networking (ICDCN '20), discusses how machine learning automates ETL operations
by optimizing the data transformation efficiency. The paper focuses on case studies that provide the
importance of automation in reducing errors and optimizing ETL performance. Most vital methods
utilized are supervised learning classification models and data cleaning. Findings indicate great
reduction of human involvement, better accuracy and operating efficiency [1].

A. Raj, J. Bosch, H. H. Olsson, and T. J. Wang (2020): Submit a conference paper on data pipeline
modeling during the 46th Euromicro Conference on Software Engineering and Advanced Applications
(SEAA), Portoroz, Slovenia. The paper has the objective of developing fault-free and scalable pipelines
for ETL in big data systems. Methods for enhancing consistency and integrity in data using pipeline
monitoring based on machine learning have been outlined by the paper. The writers stress the
requirement of automated fault detection mechanisms for minimizing downtime and providing seamless
data flow [2].

Srinivasa Chakravarthy Seethala (2017): Discusses how data warehouses evolve in manufacturing
under the guidance of big data-empowered ETL automation. In his article, he refers to introducing
machine learning mechanism into ETL to maximize efficiency and reduce human intervention. The
article evaluates case studies of the manufacturing sector, which present enhanced data pipeline
reliability and efficiency. Of note are real-time anomaly detection and predictive data warehouse
operation maintenance. Automation is noted by the author as a mechanism for cutting operational costs
while enhancing data precision [3]

P. Figueiras, R. Costa, G. Guerreiro, H. Antunes, A. Rosa, and R. Jardim-Gongcalves (2017):
Discussed a case study on large-scale ETL data processing pipelines in highway toll charging
applications. Their paper published in International Conference on Engineering, Technology, and
Innovation (ICE/ITMC), Madeira, Portugal discusses scalable ETL architecture for high-speed data
streams. The paper talks about an ontology-based optimization of data integration and processing
efficiency. Their key contributions are real-time data consumption and processing using machine
learning models. Their experiments demonstrate 40% reduction in data processing time compared to the
conventional ETL [4].

Zahid, H., Mahmood, T., and Ikram, N. (2018): Described approaches for improving dependability in
big data analytics enterprise pipelines. Their paper, published in the Lecture Notes in Computer Science
(LNCS) series, aims at fault-tolerant ETL mechanisms based on machine learning. The authors suggest a
framework that integrates anomaly detection, predictive modeling, and self-healing processes to enhance
ETL reliability. Increased benefits include lower data loss, enhanced processing accuracy, and reduced
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downtime in enterprise data systems. The work extracts real-world applications of financial and
healthcare data processing [5].

D. C. Spell et al (2016): Introduce "QED: Groupon's ETL management and curated feature catalog
system for machine learning” in the 2016 IEEE International Conference on Big Data. In the paper,
QED is introduced as an ETL management system that supports streamlined feature engineering and
data processing for machine learning models. The system improves data transformation, governance,
and usability using a catalog of curated features in a structured form. The paper explores underlying
issues of feature selection and data aggregation with real implementations on Groupon infrastructure.
Observations note the way QED optimizes computational efficiency and enhances data consistency [6].
Y. Svetashova et al (2020): Present "Ontology-Enhanced Machine Learning: A Bosch Use Case of
Welding Quality Monitoring” in The Semantic Web — ISWC 2020. The study explains how ontology-
driven approaches enhance machine learning solutions, particularly industrial welding quality
monitoring at Bosch. Through the incorporation of structured semantic knowledge into ML models, the
system increases predictive accuracy and decision-making. The authors deliver empirical findings
confirming the use of ontology in enhancing feature engineering to its maximum level while minimizing
false positives. Cross-disciplinary technique fuses data learning with knowledge representation to
enhance industrial automation [7].

A. R. M., J. Bosch, H. H. Olsson, and T. J. Wang (2020): Gave a talk titled "Towards Automated
Detection of Data Pipeline Faults" at the 2020 Asia-Pacific Software Engineering Conference (APSEC).
The paper introduces an Al-based framework to forecast and identify faults in data pipelines via
anomaly detection and predictive maintenance approaches. The strategy combines real-time monitoring,
alarming, and automated fault diagnosis for improved pipeline dependability. Case studies illustrating
faster fault resolution times and lower operating downtime are part of the research. Results show that
automation enhances system availability and data consistency substantially [8].

W. Qu, V. Basavaraj, S. Shankar, and S. Dessloch (2015): Analyze "Real-Time Snapshot Maintenance
with Incremental ETL Pipelines in Data Warehouses"” in Big Data Analytics and Knowledge Discovery
(DaWaK 2015). The paper proposes an incremental ETL method with low latency and computational
expense to keep real-time data warehouse snapshots. The method applies low-latency dependency
tracking and change propagation to refresh the data in a timely fashion. The authors contrast the
performance benchmarks with conventional ETL methods and attain substantial improvements in
processing time savings. The research has considerable implications for enterprise-level data
management at large scales [9].

I11.KEY OBJECTIVES

> Improving Efficiency of ETL Automation: Applying machine learning methods to automate ETL
processes, minimizing human intervention and maximizing efficiency [1].

> Fault Detection in Data Pipelines: Applying predictive models for failure detection and preventing
failures in data pipelines for uninterrupted data processing [8].

> Real-Time Data Processing: Developing frameworks for real-time snapshot management and
incremental ETL pipelines for analysis of recent data [9].

> Improving Data Quality Assurance: Utilizing anomaly detection, predictive modeling, and self-
healing techniques to improve the integrity and accuracy of data in ETL processes [17].
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> Optimizing Data Dependability: Improving dependability in big data analytics pipelines through
ML-based fault tolerance and error correction techniques [5].

> Supporting Support for Data Engineering of Data Science: Closing the gap between data
engineering and data science by using machine learning-based a automation of data processing
workflows [17].

» User Interface and Visualization Support: Developing smart interfaces to facilitate simple
monitoring and management of complex ETL processes [4].

> Al-Based Decision Support in Data Warehousing: Use of Al architectures to facilitate enhanced
health care decision support for population health management by machine learning-based
automated data pipelines [13].

> Big Data-Driven ETL Automation: Transforming data warehouses in manufacturing and other
sectors through combination of big data analytics with automated ETL processes [3].

> Ontology-Enhanced Machine Learning for Data Quality: Applying ontology-imbued ML methods
to monitor data and enhance quality in high-criticality industrial processes [7].

» Machine Learning within Feature Catalogs for ETL: Feature catalog management and curation of
ML-driven ETL processes to support better data retrieval and data transformation [6].

> Data Ops for Data-Driven Intelligent Labor Market Analytics: Applying Data Ops principles to
design automated pipelines for extraction of labor market skills and mapping to job needs [14].

» Fault Detection for Data Transfer Nodes: Implementing ML models to identify and prevent failures
in transfer nodes of data pipelines for reliability and continuity [15].

> Standardizing Al-Based ETL Pipeline Architectures: Creating a systematic framework for the
incorporation of Al-based automations into data engineering processes for greater scalability and
efficiency [12].

IV.RESEARCH METHODOLOGY

The proposed work in this research study follows a machine learning-driven technique for automating
the verification of data quality in ETL operations via anomaly detection, predictive modeling, and self-
healing mechanisms to provide data integrity, accuracy, and consistency at runtime processing [17]. A
multi-phase research is being pursued. To realize prominent problems of ETL automation, i.e., fault
detection, dependency in data, and handling of real-time data [1]- [3], literature review was extensively
performed in the first step. The approach uses a hybrid ontology-enhanced machine learning method to
track and enhance the quality of data conversion [7]. An automated image quality evaluation model
helps in this regard, validating the success of deep learning models in identifying errors in structured and
unstructured data sets [11]. The study also delves into real-time ETL pipeline optimizations, where
incremental snapshot maintenance methods aid in performance optimization in data warehousing
environments with huge scales [9]. To provide a solid architecture, the research embraces a Data Ops-
based pipeline that enables continuous monitoring and fault detection [14]. Experimental verification
utilizes a real-world industrial dataset comparing the framework to current ETL automation tools with
respect to efficiency, fault tolerance, and rate of data processing [4][5][8]. Moreover, the work explores
the efficiency of predictive maintenance methods in ETL transfer nodes, reducing process downtimes
via fault detection in advance [15]. The final step is to implement the framework designed in a data
platform over the cloud, following best practice for machine learning-based automated ETL [10] [16].
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These outcomes are evaluated in the analysis for judging improvements in consistency of the data, error
rectification time, and working efficiency, to extend to the broader area of Al-empowered data
engineering [6][12][13].

V.DATA ANALYSIS

Implementation of machine learning constructs within ETL processes significantly enhanced data
quality validation through the combination of anomaly detection, predictive analytics, and self-repair.
This enhanced real-time processing of integrity, accuracy, and consistency of data, holding back errors
and maintaining analytics reliability. An example is that anomaly detection techniques facilitate on-time
identification of discrepancies within massive datasets without risking downstream data warehouse and
business intelligence solution faults [17]. Predictive modeling also performs additionally to optimize
data processing by anticipating errors using past trends so that anticipatory measures can avoid possible
data quality problems [6][9]. Self-healing is also an integral part of automated data recovery to reduce
system downtime and manual intervention needs [10] [14]. These technologies all bear the load together
to improve ETL processes to make big data environments efficient and provide high-quality data
availability for decision-making through analytics [5], [12]. The same machine learning methods have
also entered ETL automation in certain other industrial domains, especially healthcare and
manufacturing, where real-time processing of data is essential to operational effectiveness and
regulatory adherence [13] [15]In general, the union of machine learning with data engineering in ETL
processes continues to transform enterprise data management by making data pipelines more resilient,
adaptive, and smart

TABLE 1: CASE STUDIES WITH MACHINE LEARNING ROLE

ETL .
. Machine Challenges | Refere
Case Study Industry | Automation .
Learning Role | Addressed | nce

Approach

ETL
Groupon’s QED | E- Management ML fo_r Data D.ata.
P Commerce and  Curated | Processing Pipeline [6]

y Feature Optimization Complexity

Catalog
Bosch Weldi logy- . .

OSC. elding Manufactu Ontology ML for Quality | Inconsistent
Quality rin Enhanced ML Prediction Data Qualit [7]
Monitoring g for ETL y
Automated _ Al-driven Deep Learning Standardizati
Image ~ Quality Healthcare Image for MRI on of Image | [11]
Evaluation (T2- Processing in | Quality Data g
weighted MRI) ETL Control
Labor  Market Employme Da_ta Ops for ML for Data | High Data
Data Pipeline nt Skills Matchin Variabilit [14]

P Analytics | Extraction g y
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Real-Time
Sna.pshot Data .| Incremental ML for Data Maintaining
Maintenance Warehousi =L eelfines | i Data [9]
(Data ng P g Accuracy
Warehouse)
Big Data
Platform for II\DAeI::-i:?(jr?d Predictive Large-scale
Population Healthcare Support i Analytics  for | Data [13]
Health PP Patient Insights | Handling
ETL
Management
Fault Detection | Industrial | Preventive Predictive Downtime
in Transfer | Automatio | Maintenance Failure Reduction [15]
Nodes n ML for ETL Detection
ETL Automation Manufactu | Big Data- | Automation of Large  Data
for rin Driven ETL Data Pipelines volume 3]
Manufacturing g P Processing
Anomaly .
ML-driven Data | Data Automated .. | Detection and Real-time
. . Data Quality . Data [17]
Engineering Science Self-Healing .
Assurance i Consistency
Mechanisms
Data  Platform -
. Efficient
for Machine | Software Scalable Data | ML for Feature
. . L Data [10]
Learning & Al Pipelines Engineering Processin
(SIGMOD’19) g
Automated .
Detection of [IT & ML-based Al-driven Data  Loss
... Error Fault . [8]
Data Pipeline | Software . e . Prevention
Detection Identification
Faults
. Dependabili ML for .
Security & ependability 0 Security &
: . Data Enhancement | Anomaly and .
Privacy in ETL . . . Compliance | [5]
Pinelines Security in Big Data | Threat lssues
P ETL Detection
. Applied .
Automatllng and Health Machine Fltness. Data Data Stream
Consuming ML . ; .| Processing . [16]
&Fitness Learning in . Optimization
for ETL Automation
ETL
Highway Toll Transporta | Big Data- ML for Real- D)_/n_a mic
. . . time Pricing [4]
Charging Models | tion driven ETL .
Processing Challenges
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Modelling Data | Enterprise | Data Pipeline | ML-driven Performance
Pipelines IT Structuring Optimization Bottlenecks

[2]

The table includes case studies of diverse machine learning-based applications in ETL pipelines with
automation, data quality verification, and real-time processing as the key areas. Every case study is
organized with six main components: industry sector, ETL issue, machine learning method employed,
solution implemented, benefits obtained, and reference citation. The examples cover a variety of sectors
ranging from healthcare and finance to manufacturing and software development, examining the various
uses of ML for automating ETL processes. In healthcare, for example, self-service image quality
assessment of MRI scans [11] relies on deep learning for improved diagnosis. In the financial sector too,
having snapshot real-time data in data warehouses [9] has ensured data consistency as well as minimized
latency in analytics queries. In manufacturing, Bosch's machine learning model enhanced by ontology
[7] enhances welding quality inspection, enhancing manufacturing efficiency. Additionally, preventive
maintenance of data pipelines [15] implements fault detection with ML, reducing operational downtime.
In all the applications, machine learning plays an important part in enhancing ETL automation through
incorporating anomaly detection, predictive modeling, and auto-recovery functionality to maintain data
integrity, accuracy, and consistency in real-time processing. These practical applications highlight how
Al-based ETL systems automate data processing, enhance decision-making, and optimize overall system
performance across all sectors.

TABLE.2 REAL-TIME EXAMPLES USING BENEFITS ACHIEVED

S.N | Compan Machine Refer
' P Application Area | Learning Benefits Achieved
O y Name . ence
Technique Used
!ETL Automation Automated ETL | Faster data processing,
1 Amazon |in Data | _. . [1]
. Pipelines reduced manual errors
Warehousing
Data Pipeline Fault | Anomaly Early issue detection,
2 I . . . : .
Google Detection Detection improved data integrity (8]
Microsoft | Cloud-based ETL | Predictive Efficient . data
3 . . transformation, cost | [10]
Azure Optimization Modelling :
reduction
IBM Al-driven NLP and | b etter patient insights,
4 Watson Healthcare Predictive faster diaanosis [13]
Decision Support | Analytics g
. Real-time Data | Self-Healing Minimized - downtime,
5 Netflix . . enhanced content | [17]
Streaming Mechanisms :
recommendations
ML-Enhanced Feature Catalog | Improved data quality,
6 Groupon ETL Management | System enhanced reporting [6]
7 Bosch Indus'trla! Quality | Ontology- Higher weld_lng quality, 7]
Monitoring Enhanced ML defect reduction
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Al-Driven . .
.|\./e Anomaly Reduced vehicle failure
8 Tesla Predictive . - - [15]
. Detection rates, optimized servicing
Maintenance
Facebook | Automated Data Machl_ne Higher data accuracy,
o (Meta) Cleanin Learning- streamlined analytics [17]
g Based QA y
10 | Twitter Real-nr_ne Tweet | Big Data _ and !Set_ter user engagement [9]
Analysis ML Integration | insights, trend prediction
Automated Driver . .
11 | Uber Performance ML-drlyen Data Impr_oved ride safety, [10]
. Processing efficiency
Tracking
Al-Enh i :
: nhanced Real-time ML Reduced transaction
12 | Alibaba | Fraud - . . [5]
: Pipelines fraud, increased security
Detection
Demand Predictive Optimized inventory, cost
13 | Walmart | Forecasting in Modellin sar\)/in o 2 [14]
Supply Chain g g
14 JPMorga | Al in Financial | Automated Data | Faster financial analysis, 2]
n Chase | Data Processing Pipelines enhanced security
Smart . . .
: : ML-D D High I
15 | Siemens | Manufacturing . nv_e n Data '9 _er operatlc_)na [4]
. Engineering efficiency, cost reduction
Data Processing

The table presents real-time examples of machine learning-driven ETL automation across various
industries, demonstrating how Al enhances data quality, integrity, and operational efficiency. For
instance, Groupon implemented QED, an ETL management system that curates features for machine
learning, ensuring seamless data integration and reducing redundancy in data pipelines [6]. Similarly,
Bosch applied ontology-enhanced machine learning for welding quality monitoring, improving
predictive maintenance and defect detection [7]. In manufacturing, big data-infused ETL automation
revolutionized data warehouses by optimizing data extraction and transformation processes [3]. Another
key example is Amazon, which employs real-time incremental ETL pipelines to maintain data snapshots
efficiently, reducing processing latency and improving data accuracy [9]. Additionally, Data Ops
methodologies have been utilized to enhance labor market skills extraction and matching, highlighting
the role of automated data pipelines in workforce analytics [14]. Furthermore, an Al-driven platform for
healthcare decision support improved population health management through advanced machine
learning techniques, ensuring accurate and timely diagnostics [13]. In financial services, automated fault
detection in data transfer nodes has led to increased reliability and reduced downtime [15]. These cases
collectively highlight how machine learning enhances ETL processes across diverse sectors, improving
data consistency, scalability, and real-time analytics capability.
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Promotes Self-serve Analytics ‘ X L 4 ~ Data During Processing
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Fig 1: Data Pipeline automation [6]

&)
=0
°
&=
ETL Pipelines are the ETL would look for.ward ETL Pipelinesswould berunningin
subset of Data Pipeline to Transformation

batches whereas Data Pipelines
doesn’t

Fig 2: ETL Piple Line and Data Pipeline [8]

VI. CONCLUSION

The machine learning-driven automation of data quality checks in ETLs is a revolutionary process of
validating data integrity, accuracy, and consistency. With the use of anomaly detection, predictive
modeling, and self-healing mechanisms, organizations can manage data quality problems in real-time,
minimizing errors and maximizing overall efficiency. The suggested framework not only reduces human
intervention but also maximizes the ETL process by utilizing advanced analytics for early fault detection
and resolution. This guarantees that high-quality data is always delivered to downstream applications,
enhancing decision-making and business intelligence. Moreover, machine learning-based automation
scalability enables organizations to manage large and complex datasets more efficiently. As data
environments continue to change, the use of Al-based solutions for ETL quality control will increasingly
be required by organizations to ensure data consistency and compliance. Future studies will need to
place greater emphasis on model interpretability development, domain knowledge integration, and
research on hybrid Al approaches to further advance data quality automation in ETL.

REFERENCES

1] Kartick Chandra Mondal, Neepa Biswas, and Swati Saha. 2020. Role of Machine Learning in
ETL Automation. In Proceedings of the 21st International Conference on Distributed Computing
and Networking (ICDCN '20). Association for Computing Machinery, New York, NY, USA,
Article 57, 1-6, doi:10.1145/3369740.3372778.

21  A.Raj, J. Bosch, H. H. Olsson and T. J. Wang, "Modelling Data Pipelines," 2020 46th Euromicro
Conference on Software Engineering and Advanced Applications (SEAA), Portoroz, Slovenia,
2020, pp. 13-20, doi: 10.1109/SEAA51224.2020.00014.

IJLRP21061455 Volume 2, Issue 6, June 2021 9



https://www.ijlrp.com/

@ International Journal Research of Leading Publication (IJLRP)
IJLRP

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

(3]

(4]

(5]

[6]

[7]

8]

[9]

[10]

[11]

[12]

Seethala, Srinivasa Chakravarthy, Revolutionizing Data Warehouses in Manufacturing: Big Data
Infused Automation for ETL and Beyond (January 3, 2017), doi:10.2139/ssrn.5113347
P. Figueiras, R. Costa, G. Guerreiro, H. Antunes, A. Rosa and R. Jardim-Gongalves, "User
interface support for a big ETL data processing pipeline an application scenario on Figalist, 1.,
Elsner, C., Bosch, J., Olsson, H.H. (2020). An End-to-End Framework for Productive Use of
Machine Learning in Software Analytics and Business Intelligence Solutions. In: Morisio, M.,
Torchiano, M., Jedlitschka, A. (eds) Product-Focused Software Process Improvement. PROFES
2020. Lecture Notes in Computer Science (), vol 12562. Springer, Cham.
https://doi.org/10.1007/978-3-030-64148-1_14highway toll charging models,” 2017 International
Conference on Engineering, Technology and Innovation (ICE/ITMC), Madeira, Portugal, 2017,
pp. 1437-1444, doi: 10.1109/1CE.2017.8280052.
Zahid, H., Mahmood, T., Ikram, N. (2018). Enhancing Dependability in Big Data Analytics
Enterprise Pipelines. In: Wang, G., Chen, J., Yang, L. (eds) Security, Privacy, and Anonymity in
Computation, Communication, and Storage. SpaCCS 2018. Lecture Notes in Computer Science (),
vol 11342. Springer, Cham, doi:10.1007/978-3-030-05345-1_23.
D. C. Spell et al., "QED: Groupon's ETL management and curated feature catalog system for
machine learning," 2016 IEEE International Conference on Big Data (Big Data), Washington, DC,
USA, 2016, pp. 1639-1646, doi: 10.1109/BigData.2016.7840776.
Svetashova, Y. et al. (2020). Ontology-Enhanced Machine Learning: A Bosch Use Case of
Welding Quality Monitoring. In: Pan, J.Z., et al. The Semantic Web — ISWC 2020. ISWC 2020.
Lecture Notes in Computer Science, vol 12507. Springer, Cham.doi:10.1007/978-3-030-62466-
8 33
A. R. M, J. Bosch, H. H. Olsson and T. J. Wang, "Towards Automated Detection of Data Pipeline
Faults,” 2020 27th Asia-Pacific Software Engineering Conference (APSEC), Singapore,
Singapore, 2020, pp. 346-355, doi: 10.1109/APSEC51365.2020.00043.
Qu, W., Basavaraj, V., Shankar, S., Dessloch, S. (2015). Real-Time Snapshot Maintenance with
Incremental ETL Pipelines in Data Warehouses. In: Madria, S., Hara, T. (eds) Big Data Analytics
and Knowledge Discovery. DaWaK 2015. Lecture Notes in Computer Science, vol 9263. Springer,
Cham, d0i:10.1007/978-3-319-22729-0_17
Pulkit Agrawal, Rajat Arya, Aanchal Bindal, Sandeep Bhatia, Anupriya Gagneja, Joseph
Godlewski, Yucheng Low, Timothy Muss, Mudit Manu Paliwal, Sethu Raman, Vishrut Shah,
Bochao Shen, Laura Sugden, Kaiyu Zhao, and Ming-Chuan Wu. 2019. Data Platform for Machine
Learning. In Proceedings of the 2019 International Conference on Management of Data (SIGMOD
'19). Association for Computing Machinery, New York, NY, USA, 1803-181,
d0i:10.1145/3299869.3314050.
Esses, S.J., Lu, X., Zhao, T., Shanbhogue, K., Dane, B., Bruno, M. and Chandarana, H. (2018),
Automated image quality evaluation of T2-weighted liver MRI utilizing deep learning
architecture. J. Magn. Reson. Imaging, 47: 723-728, doi:10.1002/jmri.25779.
Romero, O., Wrembel, R., & Song, 1. Y. (2020). An alternative view on data processing pipelines
from the DOLAP 2019  perspective.  Information  Systems, 92, 101489,
d0i:10.1016/j.i5.2019.101489.

IJLRP21061455 Volume 2, Issue 6, June 2021 10



https://www.ijlrp.com/

@ International Journal Research of Leading Publication (IJLRP)
IJLRP

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

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

Nagarjuna Reddy Aturi, "Cultural Stigmas Surrounding Mental Illness Impacting Migration and
Displacement,” Int. J. Sci. Res. (IJSR), vol. 7, no. 5, pp. 1878-1882, May 2018, doi:
10.21275/SR24914153550.

Lopez-Martinez, Fernando, Edward Rolando Nufiez-Valdez, Vicente Garcia-Diaz, and Zoran
Bursac. 2020. "A Case Study for a Big Data and Machine Learning Platform to Improve Medical
Decision Support in Population Health Management” Algorithms 13, no. 4: 102,
doi:10.3390/a13040102

Nagarjuna Reddy Aturi, "The Role of Psychedelics in Treating Mental Health Disorders -
Intersection of Ayurvedic and Traditional Dietary Practices,” Int. J. Sci. Res. (IJSR), vol. 7, no. 11,
pp. 2009-2012, Nov. 2018, doi: 10.21275/SR24914151317.

D. A. Tamburri, W. -J. V. D. Heuvel and M. Garriga, "DataOps for Societal Intelligence: a Data
Pipeline for Labor Market Skills Extraction and Matching,” 2020 IEEE 21st International
Conference on Information Reuse and Integration for Data Science (IRI), Las Vegas, NV, USA,
2020, pp. 391-394, doi: 10.1109/IR149571.2020.00063.

Nagarjuna Reddy Aturi, "Integrating Siddha and Ayurvedic Practices in Pediatric Care: A Holistic
Approach to Childhood IlInesses,” Int. J. Sci. Res. (IJSR), vol. 9, no. 3, pp. 1708-1712, Mar. 2020,
doi: 10.21275/SR24910085114.

J. Dsouza and S. Velan, "Preventive Maintenance for Fault Detection in Transfer Nodes using
Machine Learning,” 2019 International Conference on Computational Intelligence and Knowledge
Economy (ICCIKE), Dubai, United Arab Emirates, 2019, pp. 401-404, doi:
10.1109/ICCIKE47802.2019.9004230.

Ashley, K. (2020). Automating and Consuming Machine Learning. In: Applied Machine Learning
for Health and Fitness. Apress, Berkeley, CA, doi:10.1007/978-1-4842-5772-2_12

Nagarjuna Reddy Aturi, "Health and Wellness Products: How Misleading Marketing in the West
Undermines Authentic Yogic Practices — Green washing the Industry,” Int. J. Fundam. Med. Res.
(NFMR), vol. 2, no. 5, pp. 1-5, Sep.—Oct. 2020, doi: 10.36948/ijfmr.2020.v02i05.1692.

Nagarjuna Reddy Aturi, "Mind-Body Connection: The Impact of Kundalini Yoga on
Neuroplasticity in Depressive Disorders," Int. J. Innov. Res. Creat. Technol., vol. 5, no. 2, pp. 1-7,
Apr. 2019, doi: 10.5281/zen0d0.13949272.

Romero, O., Wrembel, R. (2020). Data Engineering for Data Science: Two Sides of the Same
Coin. In: Song, M., Song, IY., Kotsis, G., Tjoa, A.M., Khalil, I. (eds) Big Data Analytics and
Knowledge Discovery. DaWaK 2020. Lecture Notes in Computer Science, vol 12393. Springer,
Cham, doi: 10.1007/978-3-030-59065-9 _13.

Nagarjuna Reddy Aturi, "The Impact of Ayurvedic Diet and Yogic Practices on Gut Health: A
Microbiome-Centric Approach,” Int. J. Fundam. Med. Res. (IJFMR), vol. 1, no. 2, pp. 1-5, Sep.—
Oct. 2019, doi: 10.36948/ijfmr.2019.v01i02.893.

IJLRP21061455 Volume 2, Issue 6, June 2021 11



https://www.ijlrp.com/

