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Abstract - As the digital age continues to evolve, the role of data engineering in business operations has become increasingly 

significant. The advent of automated data engineering has further revolutionized this landscape, promising enhanced business 

efficiency, cost reductions, and time savings. This paper aims to delve into the transformative potential of automated data 

engineering, exploring its impact on various business processes. Through a series of case studies, we examine real-world 

implementations of automated data engineering and analyze their outcomes. We further discuss the challenges businesses may 

encounter during this digital transition and propose strategies to mitigate them. The paper's findings underscore the pivotal 

role of automated data engineering in driving business efficiency and competitiveness in the modern digital era. 
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1. Introduction  
The digital age has ushered in a new era of data 

management, where the ability to process and analyze large 

volumes of data is crucial for business success. Central to 

this data management is the field of data engineering, which 

focuses on the collection, validation, storage, and processing 

of data to be used by data scientists and analysts. A key 

component of data engineering is the data pipeline, a set of 

processes that move data from one system to another, 

transforming and organizing it along the way [1]. In recent 

years, the concept of automation has become increasingly 

relevant in data engineering. Automation in data engineering 

involves using technology to perform repetitive tasks without 

human intervention, thereby increasing efficiency and 

reducing the potential for human error. This is particularly 

important in the context of data pipelines, where tasks such 

as data extraction, transformation, and loading (ETL) can be 

automated to improve speed and accuracy [2]. The purpose 

of this paper is to analyze the impact of automated data 

engineering on cost and time savings. This involves a 

detailed examination of how automation in data engineering 

can streamline business processes, reduce operational costs, 

and save time. The paper will also explore the challenges and 

limitations of automated data engineering and future trends 

in the field [3,4]. 

 

2. Background 
Automated data engineering, a field that has gradually 

evolved, is pivotal in the current business landscape. It 

encompasses a broad spectrum of activities, including data 

preparation and cleaning, with the ultimate goal of making 

data management and analysis more efficient and effective. 

The surge in demand for analytics experts, which currently 

outstrips supply, underscores the importance of automation 

in data engineering [5]. The advent of cloud computing 

services has brought about a paradigm shift in business 

operations. Offering a scalable and cost-effective 

infrastructure, cloud computing supports a wide range of 

business activities. Its inherent flexibility and scalability 

have made it an attractive option for businesses, leading to a 

surge in the adoption of cloud-based solutions [6]. In the 

realm of data engineering, cloud computing has emerged as a 

robust platform for storing, processing, and analyzing large 

volumes of data. This development has significant 

implications for businesses, as it enables more efficient and 

effective data management and analysis, thereby facilitating 

improved decision-making capabilities [7]. The integration 

of cloud computing with automated data engineering has the 

potential to enhance the efficiency of data management 

processes further. By automating data engineering tasks in 

the cloud, businesses can ensure a steady and reliable flow of 

high-quality data for their business processes and decision-

making activities [8]. In fact, automated data engineering is 

found to substantially improve data quality, which in turn 

leads to better, more accurate insights [40]. As the field of 

machine learning (ML) and artificial intelligence (AI) 

continues to evolve, there is a growing recognition that these 

technologies are becoming more data-centric and less model-

centric. This shift underscores the importance of data 

engineering, as the quality and availability of data can 

significantly impact the performance and reliability of ML 

and AI applications [9]. Automated data engineering can 

help ensure high-quality data availability for these 
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applications, thereby improving their performance and 

reliability [41]. However, as businesses increasingly embrace 

automated data engineering, potential security challenges 

need to be addressed. Advanced techniques based on AI and 

ML are being employed to enhance the security of data 

processed and managed in the cloud [42]. 

 

Further, the ethical implications of automated data 

engineering cannot be ignored. Businesses must take the 

necessary steps to ensure the ethical use of data, thereby 

fostering trust and enhancing their reputation [43]. This can 

lead to more accurate insights, better decisions, and, 

ultimately, improved business outcomes. 

 

3. Understanding Automated Data Engineering 
Automated data engineering refers to the process of 

using advanced technologies and algorithms to automatically 

manage, transform, and organize large amounts of data [10]. 

It includes creating and maintaining data pipelines, data 

transformation, and data cataloging, all without requiring 

significant manual intervention [11]. There are several key 

components and processes involved in automated data 

engineering: 

3.1 Data Ingestion 

This involves collecting data from various sources, both 

structured and unstructured. Automated tools like Fivetran or 

Stitch are designed to connect with different data sources, 

extract data, and load it into a data storage system for further 

processing [12]. 

3.2. Data Transformation 

Once the data is ingested, it needs to be cleaned and 

transformed into a format that can be easily analyzed. This 

involves processes like data cleansing, normalization, and 

aggregation. Tools like Trifacta and Alteryx use machine 

learning and AI to learn patterns in data and automate these 

transformation tasks [13]. 

3.3. Data Storage and Management 

After transformation, data is stored in a database or a 

data warehouse. Automated data engineering ensures that 

data is efficiently stored, easy to access, and properly 

managed. This involves using cloud storage and database 

solutions like Amazon Redshift or Google BigQuery and 

tools for managing metadata like Alation [14]. 

3.4. Data Pipeline Creation 

A data pipeline refers to the set of processes that move 

data from one place to another, typically involving data 

extraction, transformation, and loading (ETL). Automated 

data engineering involves the creation and maintenance of 

these pipelines, ensuring data flows smoothly from source to 

destination. Tools like Airflow, DBT, or Prefect help 

automate these tasks [15]. 

One of the trends in automated data engineering is the 

increased integration of machine learning into these tools to 

make them more intelligent and adaptive. These technologies 

learn from the data they handle, which allows them to 

improve the efficiency and effectiveness of their operations 

over time [16]. Another trend is the shift towards real-time 

data processing and analysis, facilitated by tools like Apache 

Kafka and Apache Flink [17]. Automated data engineering 

not only streamlines these processes but also reduces the risk 

of human error, enhances data quality and enables quicker 

insights from data [18]. 

 

4. Automated Data Engineering in Action  
Companies across various industries, both in tech and 

non-tech sectors, have effectively harnessed the power of 

automated data engineering. The following case studies 

provide a closer look at how these businesses have used 

automation to transform their data engineering processes: 

 

4.1. Netflix 

As a leading streaming service, Netflix uses automated 

data engineering to manage its vast amount of data and make 

real-time decisions [19]. By leveraging tools like Apache 

Flink and DBT, Netflix has established robust data pipelines 

that handle over a trillion events per day, driving 

personalized recommendations for its users [20]. 

 

4.2. Airbnb 

Airbnb uses automated data engineering to manage and 

analyze data from its global platform. Airbnb has automated 

and managed complex data pipelines by deploying Airflow, 

allowing data scientists and analysts to focus on deriving 

insights rather than managing data infrastructure. This 

system has been instrumental in optimizing pricing, detecting 

fraud, and personalizing user experience [21]. 

 

4.3. Uber 

In need of efficient and reliable data infrastructure for 

real-time operations, Uber developed an in-house tool called 

Michelangelo. This tool automates several aspects of data 

engineering workflows, enabling data scientists to deploy 

and manage machine learning models at scale. Their data 

platform handles petabytes of data, serving thousands of data 

scientists, engineers, and decision-makers [22]. 

 

4.4. General Electric (Manufacturing) 

General Electric uses automated data engineering 

through its Predix platform to manage and analyze industrial 

data. The platform uses machine learning to predict failures 

and improve efficiency across various industrial assets like 

wind turbines, jet engines, and power plants [23]. 

 

4.5. Siemens (Manufacturing) 

Siemens leverages its Industrial Edge software solution 

to automate the collection, processing, and analysis of 
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operational data from its gas turbines. This has led to 

predictive maintenance, resulting in improved reliability and 

cost-efficiency. Moreover, they have implemented a digital 

twin concept to simulate and optimize turbine performance 

[24]. 

 

4.6. Mayo Clinic (Healthcare) 

Mayo Clinic uses automated data engineering to 

improve patient care and streamline operations. They have 

automated the process of ingesting, transforming, and 

analyzing patient data, leading to improvements in 

personalized care and operational efficiency. Furthermore, 

the clinic uses natural language processing to extract 

valuable information from unstructured clinical notes, which 

aids in clinical decision-making [25]. 

 

4.7. Philips (Healthcare) 

Philips uses automated data engineering to improve 

patient monitoring. Through their eICU Program, they 

collect and analyze vast amounts of real-time patient data. 

Machine learning algorithms are then used to predict patient 

health outcomes and alert healthcare providers to potential 

issues, reducing mortality rates and improving patient care 

[26]. 

 

These case studies indicate that the integration of 

automated data engineering can transform data processes 

across various industries. By automating data management 

tasks, businesses can handle larger volumes of data, reduce 

errors, and allow data teams to focus more on data analysis 

and less on data management, ultimately leading to improved 

decision-making, increased efficiency, and better data 

utilization. 

 

5. Automated Data Engineering with the Help 

of Cloud 
The advent of cloud computing has revolutionized the 

field of data engineering, enabling unprecedented levels of 

automation, scalability, and efficiency. Cloud platforms 

provide a comprehensive suite of tools and services that 

facilitate various stages of the data engineering lifecycle, 

from data collection and storage to processing, analysis, and 

visualization. Services such as Amazon S3 (for storage), 

Google BigQuery (for querying), and Azure Data Factory 

(for ETL processes) provide a scalable, fully managed, and 

cost-effective solution for data engineering tasks. Moreover, 

cloud platforms support various data processing frameworks 

(like Hadoop and Spark) and machine learning services, 

allowing for automated and intelligent data processing. They 

also offer serverless architectures, allowing data engineers to 

focus on deriving insights from data rather than managing 

servers and infrastructure. This shift enables a new level of 

automation in data engineering, where traditional manual 

tasks can now be executed automatically, leading to 

significant improvements in efficiency and productivity. A 

look at the below case studies will give further insight into 

the impact cloud computing technologies have had on data 

engineering processes.  

 

5.1. Amazon Web Services (AWS) - Shell's Case 

Shell, a global group of energy and petrochemical 

companies, has been collaborating with AWS to enhance its 

subsurface data management and workflows. Using the 

cloud-native, open-source OSDUᵀᴹ Data Platform, Shell 

achieves improved efficiency across its operations by 

facilitating faster decision-making and fostering digital 

innovation. The company has migrated its wells data and 

applications to AWS, increasing efficiency and reducing 

cycle times. Future plans include applying AWS's cloud-

native services, such as Amazon SageMaker and Amazon 

Comprehend, to spur agile innovation [27]. 

5.2. Google Cloud Platform (GCP) - PayPal's Case: 

PayPal, a global online payments system, has shifted 

significant parts of its payment platform, including its 

horizontally scalable applications, to Google Cloud, enabling 

the company to manage surges in financial transactions 

efficiently. This cloud-based strategy has allowed PayPal to 

complete work that would take a month on on-premise 

infrastructure within minutes in the cloud, leading to 

significant cost savings. The move has also equipped PayPal 

to handle the pandemic, and holiday season transactions 

surged seamlessly in 2020. This swift decision-making 

process is critical for detecting fraudulent transactions, 

thereby saving substantial amounts in potential losses. [28]. 

5.3 AWS - FINRA's Case 

In a major advancement towards enhancing its data 

collection, validation, and operational efficiency, the 

Financial Industry Regulatory Authority (FINRA) has 

capitalized on automated data engineering by transitioning its 

entire data collection framework from XML to JSON format, 

leveraging Amazon Web Services (AWS). This strategic 

change, underpinned by Amazon DocumentDB, has 

amplified data accuracy, reliability, and consistency, leading 

to a 50% reduction in development cycles and collecting 

approximately 2.5 million filings. Simultaneously, adopting 

AWS Graviton2 instances has resulted in substantial cost 

savings, fortified data security, and streamlined storage 

processes. FINRA's innovative use of AWS's automated data 

engineering capabilities has also included the implementation 

of AWS Lambda serverless computing. This integration 

enables the execution of a staggering 500 billion validation 

checks daily, optimizing data validation processes and 

improving regulatory compliance in real-time. As a result, 

FINRA has achieved a doubling of cost efficiency and 

enhanced its ability to monitor up to 75 billion market events 

daily [29,30].  
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These real-world examples highlight the impact of 

automated data engineering on businesses. By leveraging 

cloud platforms like AWS, Azure, and GCP, these 

organizations have reaped substantial benefits in terms of 

cost savings, time savings, and improved operational 

efficiency. 

6. Challenges in Implementing Automated Data 

Engineering 
Automated data engineering represents a significant shift 

in how businesses and organizations manage their data, and 

it comes with numerous challenges and considerations. Here 

are a few key points. 

 

6.1. Data Quality 

Data quality is a recurring concern in data engineering. 

With automated systems, there is a risk of proliferating bad 

data if quality checks are not in place. Garbage In, Garbage 

Out (GIGO) holds in automated systems. Quality issues can 

be caused by many factors, such as inaccurate data 

collection, outdated information, or inconsistencies in data 

formats [31]. 

 

6.2. Data Security and Privacy 

Automated data engineering systems often deal with 

large amounts of sensitive data. Therefore, securing this data 

and maintaining user privacy are important considerations. 

Regulations like GDPR in the European Union and CCPA in 

California require businesses to protect user data and privacy 

[32]. 
 

6.3. Adapting to Rapid Change 

Technology and best practices in data engineering are 

constantly evolving. Therefore, an automated data 

engineering solution needs to be flexible enough to adapt to 

these changes. This can be challenging as organizations 

might need to constantly update or modify their systems 

[33]. 

 

6.4. Integrating with Existing Systems 

Many organizations have existing data systems in place. 

Integrating new automated data engineering solutions with 

these systems can be complex and may lead to compatibility 

issues. 
 

6.5. Skill Gap 

Automated data engineering involves the use of 

advanced technologies and requires a certain level of 

expertise. There might be a lack of necessary skills within 

the organization, and hiring or training experts can be costly 

[34]. 
 

7. Consideration of Overcoming Challenges 

7.1. Investing in Data Quality Management 

Organizations should invest in data quality management 

practices to ensure the reliability and accuracy of their data. 

Companies are implementing strong data governance rules to 

support the cause of data quality management. This can 

involve implementing data validation checks, data cleansing 

techniques, and regular data audits [35]. 

7.2. Adherence to Data Protection Regulations 

Businesses must adhere to the various data protection 

regulations that apply to them. This may involve conducting 

privacy impact assessments, implementing appropriate 

security measures, and training staff on data protection 

practices [36]. 

7.3. Continuous Learning and Improvement 

To keep up with rapid technological changes, 

organizations should adopt a continuous learning and 

improvement culture. This could involve regular staff 

training, keeping up-to-date with the latest research and best 

practices, and being open to changing existing processes and 

systems [37]. 

7.4. Careful Planning and Testing 

Before integrating automated data engineering solutions 

with existing systems, thorough planning and testing should 

be done to avoid compatibility issues. This may involve 

creating a detailed integration plan, conducting 

comprehensive system tests, and being prepared to 

troubleshoot any issues that arise [38]. 

7.5. Investment in Training and Hiring 

To bridge the skill gap, organizations may need to invest 

in training their existing staff or hiring new employees with 

the necessary expertise. A good example could be opening a 

center of excellence to keep learning as one of the primary 

objectives to be achieved by employees of organizations. In 

the long run, this investment can pay off by enabling the 

organization to effectively implement and manage automated 

data engineering solutions [39]. 

8. Conclusion 
In conclusion, the transformative potential of automated 

data engineering is evident. As businesses continue to 

navigate the dynamic digital landscape, the importance of 

efficient and insightful data management cannot be 

overstated. The benefits of automating data engineering - 

from improved efficiency to cost savings - can substantially 

contribute to the business's bottom line and competitive 

advantage. However, the journey towards implementing 

automated data engineering is not without its challenges. 

Issues surrounding data quality, security, privacy, and the 

need to adapt to rapid technological changes and integrate 

with existing systems pose significant hurdles. The ever-

present skill gap further complicates this transition. Yet, 

these challenges are surmountable. By investing in robust 

data quality management, adhering to data protection 
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regulations, and fostering an organizational culture of 

continuous learning and improvement, businesses can 

successfully navigate the complexities of automation. 

 

Furthermore, through careful planning and testing before 

integration, and targeted investment in training and hiring, 

companies can bridge the skill gap and harness the power of 

automated data engineering. This paper, through its 

exploration of various case studies and analysis of real-world 

implementations, provides a foundation for understanding 

the vast potential of automated data engineering. However, 

as with any technological innovation, continuous research 

and learning are essential to maximize its benefits and 

mitigate potential risks. The future of data engineering is 

exciting and holds immense potential for businesses ready to 

embrace digital transformation. 
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