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Apache Airflow is used in this report as a way to automate DAGs in big data ETL
environments. It looks at the main difficulties that arise in orchestration, managing
workflows and optimizing processing of data. As a result of the study, the system
may reduce costs, operate reliably and adjust to growth smoothly. The book also
details ways to use GRPC, pair it with other services and make it run smoothly.
Creating security for information and private details along with the discovery of
future opportunities is done in this field. It points out the major role strong

automation plays in distributed data environments.
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Introduction

Companies now depend on efficient and improved automated ETL processes to discover important
insights in their data. Since these pipelines mix a wide range of data and work at a high volume, they
create issues for engineering teams. A major reason for choosing Apache Airflow is that it uses DAGs to
set up task dependencies. Because the ETL process is carried out differently in these cases, the tasks
must be arranged, run in unison and deal with any problems that arise. This article explores the benefits
of using Airflow DAGs for automation and shows how they can be arranged, improved and how future
trends can impact complex data systems.

Literature review
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Figure 1: ETL Pipelines Vs. ML Pipelines
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According to Mondal et al., 2020, predicting how much inventory will be needed is vital because e-
commerce evolves far more rapidly than other forms of business. Normally, it is very difficult to pick
out detailed trends with traditional methods which makes ML useful for creating more reliable
forecasts. Forecasting with ML models usually proves a challenge because people must have a good
grasp of the techniques and access to plentiful training data. For ML to help efficiently, businesses
should automate their use so no manual labor is needed. Machine learning, data cleaning automation
and smooth transfer of information all depend on the Extract-Transform-Load process. With ETL
connected to ML models, businesses can make operations simpler, rely less on workers and more
effectively forecast. Airflow allows you to organize and run these steps automatically, making sure they
coordinate and execute well as the company grows. Using random forest regression in machine learning,
companies can predict what will happen in the future much more accurately. Furthermore, systems that
carry out data preparation and model training on their own can greatly improve how effective and
efficient inventory forecasting is in online retail businesses.

Efficient ETL Processes
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Figure 2: ETL Process
(Source: https://www.tatvasoft.com)

According to Patel and Patel, 2020, Using big data effectively requires quick and accurate data
processing by businesses. ETL is necessary for collecting, changing and moving data from different
systems to data warehouses and lakes. Informatica PowerCenter and IBM DataStage have historically
made it easier for companies to work with data, through their strong functions for moving and changing
data. Still, these software packages commonly have expensive installation costs, limited ability to
change and difficulties in growing to support modern data systems. Traditionally, software develops in
batches and uses a single, huge system, both of which can cause problems and hold up the process.
Many people now prefer Apache Airflow because it is both flexible, scalable and works efficiently
(Jurney, 2017). By relying on a code system, Airflow helps organize difficult workflows, shown visually
as Directed Acyclic Graphs (DAGs). Using a modular design, the software can integrate with many
systems and sources which makes batch and real-time processing possible. Airflow being mainly about
code brings different benefits but also adds extra complexity in setting it up and you need to know some
programming to use it. Even so, because it can automate and enhance how data is managed, it is
becoming a reliable choice for present-day data settings.
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Data Process Approaches by Traditional and Cloud Services
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Figure 3: Data Centre Orchestration flow
(Source: https://www.theseus.fi)

According to Ji et al., 2012, These days, data is central to business activities because it helps with making
decisions, controlling risks and setting future plans. Any company that wants to remain competitive
must now know how to interpret its data. To gather and organize data for analysis, we mainly rely on
ETL processes which are key in data integration. In the past, every ETL process involved manually
coding and preparing data, but with modern tools, these jobs are now performed automatically, leaving
ETL processes more streamlined. Data engineering platforms such as Snowflake now provide easy ETL
and ELT, so data engineers have more time to focus on planning and getting the most out of their data.
As a result of these innovations, organizations can deal with the problems linked to numerous data
sources and a lot of information. Because data is being used in more sectors, there is now a greater need
for smooth, scalable systems to manage data integration. When businesses automate tasks, they can
better organize their data, answer questions faster and carry out their cloud and finance projects more
successfully.

Methods

Designing and Implementing DAG
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Figure 4: DAG
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The Airflow software encourages you to define workflows, select tasks, set their requirements and lay
out data flow when using DAGs. The model is then implemented in Python by writing a DAG in Airflow.
How tasks are divided plays a big role: if the tasks are divided into fine-grained parts, it improves fault
handling as well as multi-tasking, but it could cause more overhead. Common methods in design include
templating, parameterization and modularization. Task dependencies are built in a linear fashion,
divided parallelly for parts that can be done at once, joined for review and decided based on specified
conditions (Suleykin and Panfilov, 2020). Due to code organization, DAG rules are kept in one location,
task operations are in another, utility functions are in a third and configurations are kept in the fourth.
These locations are controlled by version control.

Setting Up and Deploying Strategies
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Figure 5: Scalable Cloud Environment
(Source: https://imgopt.infoq.com)

The process covers handling centralized settings, overriding rules by environment and making sure
secret credentials are kept safe. You can deploy applications on traditional virtual machines or in Docker
and Kubernetes containers which offer both ease of scaling and consistency. The use of automation tools
provides an easy way to manage resources, ensure recovery if a disaster occurs and match with the
GitOps approach. More capacity is achieved by adding worker nodes horizontally and extra memory or
processing power is supported by using vertical scaling. Machines and applications are automatically
adjusted depending on demand which helps reduce expenses and better use resources (Jevhen, 2020).
Applying version control to settings means they will be the same across your various environments,
encouraging people to work better and manage updates more smoothly.
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Integration with Distributed Processing Frameworks
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Figure 6: Apache Airflow and ETL Pipelines
(Source:https://www.krasamo.com)

Integration with Apache Spark, Flink and Beam is made possible for AirFlow by dedicated operators for
running jobs. Airflow and these frameworks share available computing resources and what work is
required in the system. Workers are added or removed from those servers that require them so there is
no overload or waiting. It aims to save network costs, use information stored close together and choose
efficient ways to put data into storage. There are 3 important security measures: managing credentials,
controlling roles and keeping records of activities in logs (Orozco-GémezSerrano, 2020). The correct
configuration of network security between Airflow and remote systems helps avoid harm, maintain
operational status and guarantee scalability wherever Airflow processes data.
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Figure 7: Effective ETL Optimization

(Source:https://www.quantzig.com)

Copyright © 2025 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative 1118

Commons Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided the

original work is properly cited.



Journal of Information Systems Engineering and Management
2025, 10(59s)

e-ISSN: 2468-4376

https://www.jisem-journal.com/ Research Article

To assess the performance of Airflow DAGs when running ETL jobs in a distributed environment, we
consider task execution time, DAG duration, task success percentage and the use of resources.
Executing tasks specifies the length of each, thereby revealing bottlenecks and DAG run duration shows
the complete time required for the job to finish. The success of tasks helps show whether tasks can be
depended on. Using resource utilization measures for CPU, memory and I/O allows you to detect
operations that need improvement. Techniques for optimization are tuning concurrency to balance
parallelism and resources, caching outcomes so less work is repeated and maximizing I/O performance
by splitting data, compressing it and adjusting the use of buffers. No data operations will create out-of-
memory issues due to memory management (Mainali, 2020). Better planning and performance by
scheduler and worker nodes is key to improving the overall results of the workflow. These improvements
can cut processing times by 30-70%, again depending on the used workflows.

Scalability and Resource Management

The way Airflow is built allows it to scale the key parts of an ETL workflow, including the scheduler, web
server and worker nodes. These approaches allow Metadata to keep up with added amounts of execution
data. Good resource management involves putting important work first using the queue and dividing
kinds of tasks by setting up separate pools of workers. Concurrency control mechanisms control how
much of a system’s resources are used by parallel activities. With YARN or Kubernetes as resource
managers, resources can be assigned by the system as needed (Crickard, 2020). The use of monitoring
and alerting systems gives you information about how your resources are being used, allowing you to
fix issues in advance.

Error Handling and Recovery Mechanisms
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Figure 8: Error Detection and Recovery
(Source:https://media.geeksforgeeks.org)

Strong error management and repair are very important for successful ETL in distributed systems.
Airflow ensures endless operation of failed tasks and prevents hangups by providing retry
configurations and task timeout settings. Users can run custom functions when a task fails with the help
of failure callbacks. Having trigger rules and conditioned paths in the workflow ensures that any
downstream tasks react correctly to failures. Dynamic task generation changes the workflow at runtime

Copyright © 2025 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative 1119

Commons Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided the

original work is properly cited.



Journal of Information Systems Engineering and Management

2025, 10(59s)
e-ISSN: 2468-4376
https://www .jisem-journal.com/ Research Article

according to the system’s behavior. To guarantee data does not change unintentionally, tasks in the
system must be idempotent and only one transaction may be applied to each operation in the database
(Vandana, 2016). Thanks to checkpoint mechanisms, workflows are not reprocessed from the start after
a failure. Efforts to organize recovery involve taking up any tasks skipped in the previous run, only
rerunning tasks that failed and handling recovery together in several distributed systems to keep data
the same. Such mechanisms guarantee that ETL processes remain steady even in complex job
situations.

Discussion

Using Airflow DAGs in a distributed ETL setting offers a lot of benefits, but it does pose some problems
too. Many businesses experience better efficiency, dependability and productivity as a result of using
blockchain technology. Still, bringing legacy systems on board, optimizing performance and complex
monitoring can be very tough from a technical standpoint. When moving to code-based ways of
working, teams could find that not everyone has the required skills and that managing and governing
the changes is difficult. Since security and compliance are essential, organizations must control who can
access data, protect confidential information, review changes made in the system and obey all
regulations. Ethics are related to preserving privacy, sharing data processing in a transparent way and
managing resources effectively (Atwal, 2019). Although it may cost to put in place, businesses tend to
improve their operations, data and infrastructure over time.

Future Directions
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Figure 9: Distributed real-time ETL
(Source:https://media.springernature.com)

Modern technologies and changed use cases will shape the future of automatic Airflow DAGs. This
technology can help manage planning, deploy resources and notice unusual situations. Because
serverless means no infrastructure overhead, it has the potential to scale and operate efficiently at a low
cost. Handling metadata and lineage better will make it easier to form a clear picture of complex
workflows and to identify the reasons for any problems. By integrating with data catalogs and
compliance platforms, Airflow will better support the enterprise’s strategy for data management
(Barakhnin et al., 2019). Airflow will be able to help with hybrid sequences since it can process tasks as
they become available.
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Conclusion

In this report, Airflow DAG automation in distributed ETL was discussed, along with its approaches,
problems and future developments. Good ability design, solid configuration and compatibility with
processing tools are required for success. Improving the performance of your pipelines makes them
better able to handle more data and stay reliable over time. Although Airflow still struggles with
integration and team shifts, its improved efficiency is a reason companies choose it. With new tools such
as machine learning, serverless systems and updated ways of managing information, airflow will do
much more. Using well-known work practices can help Airflow provide maximum benefits for your
company.
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