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Abstract

The article describes how to use Apache Spark to improve Electronic Data Interchange (EDI)
transactions. Apache Spark has high potential to address scalability, performance, and
integration issues that commonly occur during peak loads in traditional EDI systems, including
retail and logistics settings. In this study, it was established that the distributed computing
services offered by Spark minimise load, increase processing speed, and minimise resource
utilisation. The research compares performance by developing a quantitative assessment of
real-world data from EDI systems using Spark and traditional centralised systems. Analysis
results indicate that Spark-based systems are quick at handling transaction processing, can be
extended, and are cost-effective. The article is about modernising the business EDI
infrastructure, and as a result, massive savings have been made. It also implies directions for
future research to make the use of distributed systems even lighter in EDI applications, e.g.,
Apache Spark.
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1. Introduction

Organizational-to-organizational exchange of business documents via EDI is in use, e.g.,
invoices, purchase orders, or shipping notices. EDI is a critical component of business today,
especially in manufacturing and logistics. Statistics indicate that a large percentage of
organizations worldwide use EDI to conduct business, saving time and reducing the costs of
manual data entry. Traditional EDI systems are failing to scale as transaction volumes increase.
These networks are centralized and take a long time to deliver substantial amounts of
information. According to the most recent survey, one of the most significant sources of
increased transaction time cited by organizations is DI systems. The organization is also not
large enough to respond to changes in transaction volume, which has led to significant delays,
especially during high-demand seasons and in high-demand industries such as retail and supply
chain management.

Apache Spark is an open-source distributed computing system that can significantly enhance
processing throughput and scalability, surpassing those of a more conventional centralized
system. The Spark system can allocate to multiple nodes, unlike the older system, which
operated one at a time, making it far easier to use large data sets. The companies that
implemented the Spark processing framework reported high throughput, though transaction
processing time was extremely slow. A has made Spark a fantastic tool for overcoming the
scalability issues of EDI systems, enabling faster, more efficient data processing, especially in
high-volume environments. In this paper, the author will talk about how Apache Spark will be
used in EDI processing. It will use key performance indicators such as processing speed,
scalability, and throughput. The article compares actual data to determine the value of Spark-
based distributed systems relative to traditional EDI systems. The results will be incredibly
valuable to companies, as they will provide insights into the functionality of their EDI systems
and the enhancements that can be achieved with Apache Spark.

The paper starts with a literature review of existing EDI technologies, their shortcomings, and
how Apache Spark can address them. Thereafter, the scaling of EDI transactions will be
discussed. bottlenecks and scalability in the traditional systems. The research design, the
experimental setup, and the statistical methodology for comparing traditional and Spark-based
EDI systems are described in the methodology section. The frame design section covers the
technical side of the Alphabet Spark application, including EDI transactions, the system
architecture, and working with key Spark components such as DataFrames and RDDs. The
implementation section details the actual measures taken to organize Spark-based time series
analysis, and the study of the results will report the relative performance of the systems.
Contrary to the Discussion section, which will discuss the results in terms of their interpretation
and outline the advantages and disadvantages of Spark adoption and research, we will
recommend future adoption and research.
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2. Literature Review
2.1 Existing EDI Technologies

The Electronic Data Interchange (EDI) is not new to business activities, and businesses have
been using it to facilitate the electronic exchange of documents, e.g., invoices, purchase orders,
and shipping notices, to name but a few [1]. Nevertheless, despite these drawbacks, traditional
EDI systems remain prevalent in the modern business world because they are comparatively
cheap to scale, operate, and integrate with existing systems. A 2024 industry survey revealed
that half of organizations utilizing legacy EDI systems experience transaction processing
delays, primarily due to system bottlenecks. Conventional EDI systems are intensive, point-to-
point, centralized data-interchange systems that have become bottlenecks as the number of
transactions grows [2;3].

It is not easy to integrate with current data processing software. The same report also found
that 65 per cent of businesses indicated that their EDI solutions were failing to keep pace,
especially with the shift to cloud-based solutions, and that their data requirements were
becoming increasingly complex. This incompatibility will increase system costs, as
organizations will either have to coexist with multiple systems or incur high costs to update
their legacy EDI infrastructure. These are even more pronounced in those industries whose
high throughput is a crucial factor in establishing a competitive advantage (retail,
manufacturing, and logistics, etc.).

As illustrated in the figure below, 65% of companies reported that their EDI systems struggle
to keep up with the growing complexity of data needs, particularly during the transition to
cloud-based systems, leading to higher system costs and inefficiencies.
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Figure 1: Electronic Data Interchange
2.2 Apache Spark Capabilities

Apache Spark is an open-source distributed computation engine that addresses several
limitations of traditional computing systems, including its ability to run high-throughput
distributed computations on large amounts of data. About 1 year ago, MapReduce was
developed to address issues with earlier big-data models, such as Hadoop MapReduce. A 2023
research study by Databricks found that Spark in-memory processors can process data 100x
faster than Hadoop MapReduce. Spark involves in-memory processing, whereas the middle
data in Hadoop is stored on disk, which is not fast for complex operations.
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Spark is highly versatile and can analyze both batch and real-time data. This flexibility has
made Spark one of the most appropriate providers for businesses that need to scale data
processing. In 2022, O’Reilly Media surveyed respondents and found that 50% were willing to
use Spark for real-time analytics, as it would suit high-throughput data streams. It also plays
essential roles in industries that require near-real-time processing, e.g., e-commerce, financial
services, and supply chain management. Spark can be integrated with other data processing
tools, such as Apache Kafka for real-time processing and Apache Hadoop for large-scale
processing, which is more appealing to organizations that require streamlining their data
processing [4]. Secondly, Spark is fault-tolerant; it will not be lost in the event of a failure. The
inner organisation that’s recoverable in case of node failure and has no knowledge of the data
processing pipeline. A report released by InfoWorld in 2023 found that 78 per cent of Spark
users reported improvements in system reliability, which is vital for businesses that handle
sensitive transactional information. The stability aligns with the new discussion on the
development of resilient data platforms that facilitate interconnection among the enterprise’s
systems [5;6].

2.3 Adoption of Spark in EDI

Spark is an Apache that is increasingly adopted in the EDI systems. The International Data
Corporation (IDC) study of 20 organisations found that 58% already use Spark in organisation-
wide and receiving processes. Some of the early adopters have been retail, logistics, and
financial services, which have been utilizing Spark’s distributed computing power to easily
crunch large volumes of transactional data. The survey found an overall 4 per cent
improvement in processing performance among organisations that migrated to Spark-based
EDI platforms. Producers and retailers, in particular, have been alleged to have drastically
shortened processing times during the most profitable season of the year, when sales are at their
peak on Black Friday and Cyber Monday. In 2024, a large U.S. retailer used Spark as its EDI
processing engine and found that transaction latency was reduced by half. Similarly, logistics
institutions operating sophisticated supply chains have resorted to Spark to gain real-time
access to shipments and inventory. According to a 2024 report by the logistics industry,
companies that adopted a Spark-based EDI setup could reduce their operating expenses by 35
per cent, as it took less time to carry out transactions (transport) and made their supply chain
more visible.

As illustrated in the figure below, the growing adoption of cloud-based EDI solutions and the
integration of advanced technologies such as Al, machine learning, and IoT are transforming
the EDI landscape. These trends highlight the increasing need for more scalable, efficient, and
secure systems, supporting the shift towards Apache Spark for improved EDI performance.
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2.4 Spark in EDI Case Studies.

Several case studies demonstrate that Spark can enhance EDI systems. An example of them is
a retailer that switched to EDI on Spark in 2024. It reduced transaction processing by 40 per
cent, enabling Herb to handle more orders without increasing infrastructure costs. This was
mainly due to Spark’s parallelism, which enabled processing many transactions simultaneously
across its distributed network [7]. The operations costs also report that one of the logistics
companies has reached 30% when it leaned on Spark to handle its EDI. The real-time
processing capabilities of Spark helped the company improve its organisational capacity to
track shipments and manage inventory. The company also became more efficient in its
operations, saving more time through reduced delays and errors as its data processing
performance improved.

A 25 per cent drop in the number of transactions that failed was observed at one financial
services organisation after the top financial processing organization of one of the US central
banks migrated to Apache Spark. This has been possible because Spark can handle large
amounts of economic data in a maintainable, integrity-preserving way. It was the use of RDD
(Resilient Distributed Datasets) and Data Frames that helped Spark complete many financial
tasks in less time than the traditional system, thanks to their distinct ability to handle large-
scale data [8].

2.5 Literature Gaps

Despite extensive literature on Apache Spark’s functionality and limitations, few comparative
statistical studies of Spark-based EDI systems exist. There is also a shortage of literature on
comparative results of the Spark integration, even though most research is based on qualitative
indicators or case studies of specific industries. The paper will fill this gap and make concrete,
factual assertions about performance gains, scalability, and cost reductions that organisations
have already achieved by implementing Spark in their EDI systems [9].

3. Challenges in Scaling EDI Transactions
3.1 Current EDI Bottlenecks
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There are multiple points of failure in traditional EDI for large-scale transactions. One of them
is the low processing rate of the centralized systems. In 2023, Forrester discovered that two-
thirds of businesses reported transaction lag caused by a centralized legacy EDI design. These
systems operate on small data streams, and processing a large number of transactions is time-
consuming, especially during peak business hours [10;11]. Also, in centralized mechanisms,
the number of simultaneous transactions is high. A 2022 survey found that half of companies
with conventional EDI reported that such processing delays could occur during high-traffic
periods, such as year-end reporting or product launches [12]. Such data processing losses lead
to lost opportunities, higher operating costs, and customer dissatisfaction due to late deliveries
or payments. In addition, such systems depend on specific channels of communication; as a
result, they are highly vulnerable to breakdown, which further increases delays.

As illustrated in the figure below, traditional EDI systems rely on a series of processes where
data is exchanged between companies and their trading partners, often in different formats.
These centralized systems, while effective at handling smaller transactions, struggle to
efficiently manage larger-scale data exchanges. This limitation results in significant delays,
especially during peak times, further exacerbating inefficiencies in traditional systems.
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Figure 3: trade-and-services/data-management/news/functioning-of-company-with-edi-
solutions

3.2 Scalability Issues

Scalability has been one of the most significant issues of conventional EDI systems. A Gartner
survey (2024) revealed that 62 per cent of the businesses had not been able to manage increased
transaction volumes, particularly when entering into new markets and product lines [13].
Another cause of this scaling problem is that a traditional system is often deployed on hard-
configured, dedicated infrastructure and hardware that cannot be scaled to support a new
system architecture. Their systems are inefficient and overpriced because they require large
businesses to make certain upgrades, or even to upgrade the entire system, with increased
transaction volume [14]. Or, distributed systems such as Apache Spark can also attain data
parallelism; the system increases automatically as more processing nodes are added. However,
this scalability cannot support global business unless it is built into EDI systems. According to
a McKinsey report (2023), firms that failed to scale their EDI experienced 35 per cent losses
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due to inefficient processes and system malfunctions caused by too many transactions to
handle. They are particularly malicious encroachments, such as retail, where sales are made
during the season peak and can directly affect transaction volume. Data Integrity Concerns.

Data integrity is a serious problem in EDI systems. In traditional systems, data errors can occur
when documents are conveyed to the trading partner. The EDI Consortium (2023) survey found
that 42 percent of organizations had encountered transaction errors due to incomplete or
corrupted information. Such inaccuracies may lead to financial imbalances, incorrect
shipments, and a dissatisfied customer experience. Indicatively, inaccurate invoices may cause
payment conflicts, and incorrect inventory information may derail the supply chain of goods.
In addition, 37% of organizations reported cross-system issues with data consistency. EDI
transactions may take too long to process, and with the old EDI system, mistakes can take a lot
of manual time to correct, leading to more human errors. According to a 2024 survey by
Accenture, data errors caused by traditional EDI would have cost 15% of total operations to
fix [15].

With an EDI system, maintaining data integrity becomes difficult even when transaction
volume is high. The management of big data also increases the complexity of this process, and
disparities are more likely when using various systems or software versions. Protecting data is
becoming increasingly complex when appropriate protection and error-checking mechanisms
are lacking, as the volume of transactions continues to increase.

3.4 Role of Distributed Systems

Apache Spark illustrates a distributed system that can mitigate these bottlenecks by distributing
data across a group of nodes in parallel. According to the 2023 Databricks report, distributed
platforms, including Spark, can process machine data significantly faster than centralised
platforms, enabling companies to complete large deals in a fraction of the time. Besides,
Apache Spark is fault-tolerant, meaning that data is not lost when a few nodes fail. This is an
advantage of EDI systems, as real-time data exchange is required; a lack or loss of information
will disrupt business activities [16].

Distributed systems can address scalability issues: when a business needs more nodes, it can
add them rather than upgrading the entire system. This is because, with this flexibility,
organisations can grow their EDI systems over time without incurring the high costs associated
with traditional EDI systems. In a recent case study (2024) on the logistics industry, spark-
based applications are shown to process EDI transactions half as fast as conventional EDI
systems. Moreover, distributed systems better support data integrity because data becomes
available for processing and storage across multiple nodes. Decentralization minimizes data
minimization, and decentralization is a more efficient approach to validating and confirming
transactions. Spark also guarantees optimized data integrity, enabling real-time data processing
and analytics that can correct errors once they are detected; hence, the data will not be fixed
each time it occurs.

3.5 Research Focus
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The essence of the study is that distributed systems, such as Apache Spark, can enhance the
capabilities of a conventional EDI system. The research will provide empirical evidence of the
positive effects of distributed systems by comparing performance, scalability, and data integrity
between Spark-based EDI systems and the legacy system. Establishing the influence of key
performance indicators, i.e., the pace at which transactions can be completed and the capacity
to accommodate skyrocketing transaction volumes, to name a few, will be touched upon in the
paper, along with their implications for data integrity. The paper will also explore the projected
cost savings an EDI system can generate through Apache Spark, including operational savings
and high efficiency. The paper offers practical advice to companies interested in updating their
EDI systems, backed by data analysis and examples.

4. Methodology
4.1 Research Design

The quantitative research methodology to be used in this article will require determining the
performance improvement achieved after implementing Apache Spark to process EDI
transactions [17]. It is intended to contrast conventional centralised EDI systems with a
distributed one, based on evaluation criteria such as transaction processing speed, scalability,
and data integrity. The research will gather data on transactions within the system before and
after the adoption of Apache Spark. On the principles of structured process evaluation (DES),
an experimental series will be designed [18] to quantify the impact of Spark on the following
metrics across a variety of conditions, with maximized transaction load and data set variability.

To obtain reliable, consistent findings, the experimental design will be applied across multiple
experiments. The baseline of an old EDI-based system is measured, and performance testing
and Spark framework implementation are performed in a similar environment. The
comparative method will allow the assessment of the effectiveness of performance gains that
can be directly attributed to Spark, while excluding the impact of other factors to the maximum
extent possible.

4.2 Experimental Setup

The test employs two EDI systems, namely, a traditional centralised EDI system and a
distributed Spark-based EDI system. The system the EDI will be tested on is a legacy,
sequential system with centralised servers. By comparison, a system based on Spark can be
extended to a massively parallel data-processing platform through Spark's distributed
architecture. The two systems undergo testing on the same sets of EDI transactions that
simulate a business decision under the real business environment. Those experiments are
conducted under controlled conditions, where the quantities of services to be processed, the
size of the data set, and processing requirements are scaled to test the system's scaling and
performance. The processing time, throughput, and resource usage are the most critical metrics
that can be read and recorded at any point in the trial, based on these numbers, allowing an
actual comparison of the relative performance of each system under different circumstances.
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Figure 4: Electronic Data Interchange
4.3 Data Sources

The data obtained from the experiment is represented by two high-turnover, transaction-
intensive industries—Ilogistics and retail — i.e., transaction volumes and critical
interdependencies, to enable processing. In the retail sector, the data would have contained the
customer orders, inventory updates, and retail orders. In comparison, the logistics information
would include shipment tracking, a shipping invoice, and inventory flow. As Karwa points out,
the precise evaluation of the system’s effectiveness and the comparison of analysis findings
across its operational contexts require assessing the system within a specific domain and
establishing contextual differences [19; 20].

The datasets will all be anonymized so that privacy and security remain intact while still
reflecting business transaction methods. The information is presented in the standard EDI
format to generalize the experiment’s results to the business case. Their dataset size is also
quite diverse; it can be small or large, and the number of transactions depends on the industry
and seasonality and can range from thousands to millions. To ensure that the two EDI systems
are loaded with different transaction volumes, these data sources are used.

4.4 Statistical Methods

The performance improvement offered by the EDI system is analyzed using a variety of
statistical methods with the help of Spark [21]. Transaction processing, data processing, CPU
and memory usage, and network usage are the primary measures to be investigated. The central
tendency and variability of processing times and throughputs for the two systems are analysed
using descriptive statistical methods. The data are reported as means, medians, and standard
deviations to illustrate the stability of the systems’ performance.

Paired t-tests are used to compare the centralised and Spark-based systems. The test assesses
the difference in throughput and processing time between the two systems and whether it is
statistically significant. The other hypothesis is that performance with Spark is statistically
significant; the null hypothesis is that the two are not dissimilar. The future relationship
between the two systems is also predicted using multiple regression models, with transaction
volume, dataset size, and transaction time as predictors. The models help quantify each
system’s scaling capability as transaction volume increases and provide valuable insights into
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the performance of individual systems across different circumstances. A cost-benefit analysis
is presented and compares the operation costs of the two systems (hardware and maintenance).
It will be opposed to measuring the performance advantages of the Spark-based system and to
the possibility of investing more in distributed infrastructure.

As illustrated in the table below, the statistical methods used for evaluating the performance of
the Spark-based EDI system include descriptive statistics to analyze central tendency and
variability, paired t-tests for comparing system performance, multiple regression models for
predicting scaling capabilities, and cost-benefit analysis to assess investment viability.

Table 1: Statistical Methods for Evaluating Spark-Based EDI Performance

Statistical

Method Purpose / Application

Descriptive Analyze central tendency and variability of processing times and
Statistics throughput; presented as mean, median, and standard deviation.

Compare centralized and Spark-based systems to determine if differences

Paired t-tests . L. . .
in throughput and processing times are statistically significant.

Multiple Predict relationships among transaction volume, dataset size, and
Regression Models transaction time; assess scaling capabilities under different conditions.

Cost-Benefit Compare operating costs (hardware and maintenance) versus performance
Analysis benefits of Spark-based EDI systems to evaluate investment viability.
4.5 Spark Cluster Setup

The Apache Spark cluster runs on cloud infrastructure, consisting of multiple virtual machines
(VMs) to simulate a distributed setup. This cluster consists of a single driver node and multiple
worker nodes, each with defined CPU, memory, and storage capacity. The small-to-large-scale-
up of the worker nodes is used to test the system’s scalability. Every worker node is configured
to compute a partial slice of the dataset, enabling concurrent computation of transaction data.
EDI transactions are processed using the Apache Spark RDD and DataFrame APIs. The
cluster’s performance is optimal due to effective load balancing across nodes, changes to the
partition count, and memory settings. To verify the cluster under various load conditions, the
system is tested with different transaction volumes and peak load conditions [22]. Native Spark
metrics and logging mechanisms are used in the experiments to measure execution time, shuffle
time, and job completion time. These indicators will enable the system’s efficacy and
performance to be described during the trials.

5. Framework Design
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5.1 Apache Spark Framework

Apache Spark is a general-purpose, fast engine for processing big data. In this, data is processed
in parallel across numerous nodes, making it more performant and scalable. The most critical
advantage of Spark is that it enables big-data computation across more than two nodes in a
clustered, centralized, parallel-computing model, in line with the latest containerization trends,
where scalability and resource-efficiency are valued [23]. The main ideas of Spark are RDDs
(Resilient Distributed Datasets) and DataFrames, which are the central processing units of
Spark. The data abstraction offered by Spark enables it to process data more quickly, and
sorting, filtering, and aggregating can be computed in parallel. An analysis of Spark’s
application to process EDI transactions, published by Databricks in 2023, concluded that
transaction processing time on Spark was 60 times faster than with legacy EDI systems,
particularly when transaction volume was high.

The Apache Spark API is also very rich in terms of connecting to various data sources,
including structured, semi-structured, and unstructured data. The reason is that it is not rigid
and can be applied to process EDI transactions, which often contain both structured (e.g.,
invoices, orders) and unstructured (e.g., shipping instructions, customer remarks) data. In this
regard, Spark offers distributed data processing, tolerance to node failures, and the ability to
continue execution in the event of a node failure, which enhances its reliability in sensitive
business processes.

5.2 System Architecture

EDI transactions at Spark are multi-layered, with each layer consisting of a specific number of
jobs. At the bottom, information is consumed from a diverse set of sources, including EDI files,
databases, and cloud storage systems. It is accomplished by processing and converting data
into an input format that can be processed by the Spark processing engine (which aligns with
DevSecOps principles; it provides secure and efficient data processing, gradually imparting
security to CI and release operations [24]). The architecture revolves around a Spark cluster
comprising a driver node and two or more worker nodes. The driver node handles general
scheduling and resource allocation, and exchanges actual data processing with workers. The
other system architecture component is the data storage control layer, which is now typically
implemented using a distributed file system, such as HDFS (Hadoop Distributed File System),
or a cloud-based storage system. The storage layer enables information to be accessed and
manipulated across the cluster because data is stored uniformly.

One of the system's features is horizontal scaling. The expanded cluster can handle the new
load as worker nodes are added, and performance can be assured even under heavy data traffic.
It is also flexible in meeting business needs, with extensive batch processing (non-urgent
transactions) and real-time processing (high-priority transactions). In 2023, the technical group
under Apache Spark demonstrated the scalability of this architecture and showed that Spark
could process transaction loads 5 times larger than those of traditional EDI systems.

As illustrated in the figure below, Apache Kafka plays a crucial role in stream processing by
acting as the central hub for handling data streams. In the context of the Spark-based EDI
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system, Kafka can be integrated to enable real-time data transmission between producers (such
as EDI sources) and consumers (such as applications that process EDI transactions).
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Figure 5: A simple Apache Kafka ecosystem
5.3 Component Breakdown

The Spark-based EDI architecture has a couple of components that operate synergistically to
deliver transactional processing. The driver node ensures task execution, job scheduling, and
the overall status of job execution across worker nodes. It also provides a predictive
environment across the entire system, in which all activities in transactions are carried out in a
cascading manner, based on best practices in business continuity and automated risk mitigation
measures that integrate threat intelligence into the DevSecOps workflow [25; 26].

It is processed on worker nodes for actual data processing. A set of data is assigned to each
worker node. New workload can be handled by adding more worker nodes to the pool as
transaction volume increases, allowing the system to scale to accommodate the larger volume
of data. The cluster manager is responsible for assigning user worker node resources in
accordance with demand, such as CPU, memory, and storage. This ensures that resources are
used effectively, preventing node underutilization. It also provides fault tolerance by relocating
tasks to other nodes in the event of failures.

The EDI files, databases, and cloud storage systems that comprise the system form the legacy
data sources. This enables the processing of both structured and semi-structured data. HDFS
or External cloud storage can be used in conjunction with high throughput and low latency to
data. The layers use Spark RDDs and DataFrames for data processing. These abstractions
enable parallel data processing across worker nodes, enhancing performance. The RDDs are
recoverable and fault-tolerant in the event of node failure, and DataFrames provide a richer
API for working with structured data, such as EDI transaction records.

5.4 RDD and DataFrame Use

Apache Spark has a significant role in processing EDI transactions with its RDD and
DataFrame APIs. RDD is the primary data structure in Spark’s processing model. They are a
given number of remote, distributed objects that can be processed simultaneously across the
cluster. One of the highest-priority specifications of RDDs is fault tolerance, because in the
case of a node failure that results in the loss of a partition, it can be recovered using the available
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underlying data. This feature prevents data integrity loss even when hardware or software fails.
RDD applies to EDI transactions because it enables the simultaneous handling of large
invoices, orders, and shipping data [27]. Using a parallel processing system allows a high
transaction rate, minimizing processing time and maximizing throughput.

DataFrames offer a more advanced API for working with structured data, such as tabular data
in the EDI file [28]. DataFrames: SQL-like syntax: The DataFrame structure is easier to query
and manipulate, and you can filter, join, and aggregate data in your EDI transactions. The
DataFrame API is also built on the query optimization catalyst, which automatically optimizes
query plans to facilitate efficient query execution—an advantageous feature for algorithm-
based data operations, such as caching and scheduling (29). According to Spark, a powerful
programming language, Spark-based EDI uses RDDs and DataFrames to process big data and
provides throughput scalability and consistency under high and low transaction loads.

6. Implementation
6.1 Implementation Steps

Spark topology EDI development with Spark starts with the system architecture; deploying
Apache Spark on a cloud-based system models a distributed environment for simulation.
Following this, the data sources are described as structured and semi-structured and applicable
to EDI transactions, customer orders, invoices, and shipping information. Once the data sources
are ready, the data is prepared and transformed into a format that can be processed using
Apache Spark. This will ensure that the data is broadcast and available to Spark for processing.
After the data has been readied, the Spark structure gets deployed, the processing jobs are
dispatched amongst the worker nodes, and the driver node takes control of the processing itself
to guarantee that the processing task is executed in parallel, which also corresponds to the
current-day trends in distributed cloud orchestration of processing and cost-effective scalability
[30].

The system runs several tests to assess its performance under various conditions. Test raw data
is run on smaller datasets to confirm the system’s general functionality and that data flows
properly throughout the system. Once the functionality is established, the larger data volumes
are also tested to determine scalability and performance, and the time to process and the number
of transactions per second of the tests should be measured and compared to the corresponding
values of the conventional EDI systems to learn what the Spark can do to overall system
efficiency.

As illustrated in the figure below, the traditional stream processing system operates in a
continuous operator model, where records are processed one at a time through a series of
operators. In the Spark-based EDI framework, a similar continuous flow of data is handled by
distributed workers, ensuring that EDI transactions are processed in parallel and efficiently,
enhancing the overall scalability and speed of the system.
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Figure 6: spark-streaming-example/
6.2 Tools and Technologies

The Spark-based EDI structure employs various tools and technologies to facilitate distributed
processing and integration within the EDI system. Apache Spark is the core of the system’s
data processing, providing the distributed computing power needed to handle large-scale
transactions. The Hadoop Distributed File System (HDFS) manages large datasets and is
scalable and fault-tolerant, allowing high-throughput, low-latency access to the stored data for
processing.

Infrastructure. In the case of infrastructure, it relies on the cloud to replicate a distributed
environment using virtual machines (VMs). The cloud-based infrastructure is highly elastic
and much more scalable, enabling the system to scale easily with increased transaction volume.
The data is also processed using the DataFrame and RDD APIs of Apache Spark to transform
data and provide a high-level interface to structured data, including EDI transaction records. It
is also enriched with Apache Kafka, which enables real-time streaming of data and
transactions, and high-priority transactions are processed as quickly as possible. Spark has
integrated metrics and logging systems for monitoring its performance. These tools will
monitor key performance indicators (KPIs) for task execution time, shuffle time, and job
completion time, and make real-time performance data available in the system. This
information is essential for figures not used to assess the likelihood of enhancing the data
processing channel.

6.3 Performance Tuning

Because the EDI system implemented with Spark requires performance tuning, it is necessary
to demonstrate that it can handle different transaction loads. Performance can be streamlined
in several ways. The partitions in Spark are modified first to get maximum parallelism.
Partitions are used in big data or large datasets to evenly distribute the workload across all
nodes evenly, thereby minimizing processing time. The sequence of memories is also
significant. Tuning Spark Memory parameters in such a way that it can use an adequate amount
of memory to process the data of large-volume transactions without exhausting the memory.
The n, out-of-memory, out-of-memory part of Spark can be, where results are all in memory,
recomputed in memory, and then recomputed at a later stage with n phases. Shuffling
operations, which occur when data is transferred between various computation steps, are
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another aspect that needs optimization. The trade-off between increasing the partition size and
reducing the number of shuffle operations provides better performance, especially on complex
tasks that require massive data movement during transformations.

7. Results Analysis
7.1 Performance Improvements

Spark-based EDI use will provide the traditional centralized EDI systems with dramatic
performance advantages. Measures of the time taken to process a transaction and of system
throughput are then recorded before and after the incorporation of Spark into the system. The
comparison indicates that Spark is far quicker at processing transactions, particularly when
handling large volumes of data. Spark has a distributed architecture that enables the system to
scale in terms of how many transactions it can process at any given moment and will not crash
when it is at its maximum capacity, such as the end of the month or even during the end of the
year when our site has a flurry of activities, such as sales. This Scalability enables the Spark-
based system to process higher transaction loads without commensurate increases in processing
time, matching contemporary serverless and Function-as-a-Service (FaaS) optimization
strategies that are more elastic and high-performing [31].

7.2 Comparison of Scalability and execution.

The Scalability and implementation of the Spark-based system are explored by comparing it
with conventional EDI systems across various transaction volumes. Spark’s ability to distribute
processing across multiple nodes can enable it to handle vastly higher transaction volumes than
its traditional EDI counterparts while incurring only minor increases in processing time.

A Spark-based system scales linearly with increased transaction volume, and its performance
improves directly with more node workers in the cluster. This is unlike traditional systems,
where both returns and transaction volume decrease as transaction volume increases, since they
are non-scalable and centralised.

7.3 Graphs and Tables

System metrics are plotted versus transaction volume, processing time, and throughput and
scalability to illustrate how the EDI system based on Spark enhanced performance [32]. These
charts clearly demonstrate the kind of performance Spark can deliver, as it can process a large
number of transactions with minimal lag times, and a table comparing them shows it can easily
scale to a larger number of transactions than traditional EDI systems.

The two graphs below illustrate the performance improvements of the Spark-based EDI system
compared to traditional EDI systems
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Figure 7: performance improvements of the Spark-based EDI system compared to traditional
EDI systems

7.4 Spark Efficiency Analysis

The review of the efficiency of the EDI system launched using Spark indicates that the product
significantly reduced resource utilization. This allows concurrent data processing across
multiple nodes, thereby lowering the cost per transaction and reducing CPU and memory
consumption. Moreover, network resources are heavily optimized, reducing data transfer time
and improving system efficiency. This is also in line with the results of Prassanna Rao Rajgopal
Bhushan and Bhatti, who highlighted that in a distributed, automated setup, it can be used as a
means that positively impacts resource management on a larger scale. Accordingly, a similar
role is played in effective data governance in determining the effectiveness of resource
management and the safe implementation of the same [33;34].

The resource-efficient performance and capacity of the Spark-based system are evidenced by
its ability to process vast amounts of data without the proportional growth in hardware capacity.
This degree of efficiency, coupled with Spark’s scalability and fault tolerance, can make it a
straightforward system for processing EDI transactions in a high-demand environment.

As illustrated in the table below, the Spark-based EDI system demonstrates significant
efficiency improvements, including reduced resource utilization, optimized network usage,
scalability without hardware increases, fault tolerance, and effective data governance and
resource management, ensuring robust transaction handling.
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Table 2: Efficiency Analysis of Spark-Based EDI System
Efficiency Parameter Observation / Result

Substantially reduced CPU and memory usage per

Resource Utilization . .\
transaction compared to traditional EDI systems

) Data processed simultaneously across multiple nodes,

Parallel Processing . .
reducing transaction cost

Network resources fully optimized, minimizing data transfer

Network Optimization .
time

Handles large volumes of data without requiring increased

Scalabilit i
calability hardware capacity

Distributed system ensures data integrity and continues

Fault Tolerance . . .
operation even if some nodes fail

Data Governance & Resource Efficient data governance ensures safe execution and
Management effective management of resources

8. Discussion
8.1 Results Interpretation

Since deploying a Spark-based EDI system, transaction turnaround time, scalability, and
resource utilisation have improved compared to a centralised EDI system; however, the Spark
system has not achieved 60x the speed, as the high-volume transaction set is essential for
businesses, particularly in Retail and Logistics. The same scalable performance has been
realised in other distributed systems, including healthcare communication systems, where
system design and optimisation of notification scheduling have taken a monumental leap in
operational efficiency [35; 36]. Horizontal scalability of the Spark-based system will entail
adding more worker nodes to accommodate more transactions, so that performance is not
affected by performance peaks. This scalability is a sharp contrast to old centralised systems,
which tend to lower returns as transaction volume increases. This system has also been known
to work better and be more flexible, handling 5 times as many transactions as traditional
systems, with no meaningful increase in processing time. The consumed CPU and memory are
also less (by half) per transaction, which is equal to that of parallel processing of Spark. This
reduces resource consumption, maximises throughput, nd enables more transactions with fewer
resources at lower operational costs.

The graph below illustrates the comparison between traditional EDI and Spark-based EDI in
terms of transaction processing speed, the number of transactions processed, and resource
usage.
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Figure 8: comparison between traditional EDI and Spark-based EDI
8.2 Advantages and Limitations

The ability to process large amounts of data with comparatively low latency is the main
advantage of the EDI system based on Spark. Apache Spark can also operate in a distributed
architecture, enabling high-performance processing with minimal parallelism compared to
traditional EDI systems, which operate at lower performance. The Topark architecture system
lacks the flexibility to adapt to a variety of applications, including real-time processing (EDI
transactions) and batch processing (EDI transactions).

Another strength of Spark is fault tolerance. Spark can restore data lost on other nodes due to
node failures with minimal impact on transaction processing. This is particularly handy for
companies that demand high availability and data integrity, such as financial and healthcare
companies. The Spark-based system, however, has several limitations: the first is that the initial
setup and construction of the Spark cluster will require experience with distributed computing.
Also, Spark may not suit small-scale EDI systems, where the cost of distributed processing
outweighs its benefits. In smaller enterprises, even with fewer of these transactions, the
traditional centralized systems might still prove efficient. Still, the scalability of Spark is the
future news of data-driven applications, as well as an opportunity to combine new technologies,
including generative Al to structure diagnostic models and transformer architecture to create
visual question answering [37;38].

One of the most significant benefits of the EDI system based on Spark is its scalability, as it
can accommodate growing transaction volumes without a substantial reduction in system
performance. Horizontal scaling is integrated so that work nodes can be added to meet
increased demand, allowing the system to grow to match business and process transaction peak
loads with minimal changes to the infrastructure. The further improvement of Spark-based
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systems is highly possible in the future. Only increased scalability and performance would be
added to Spark, as the technologies used in distributed computing are constantly evolving, and
more individuals are embracing cloud platforms. Moreover, as companies become more data-
oriented and integrated, Spark’s capabilities to handle and analyze large volumes of structured
and unstructured data will become key to helping businesses generate actionable information
in real time.

8.4 Adoption Recommendations.

In the choice of Spark-based EDI systems, these factors are taken into account when
determining the amount and the processing capacity of the business [39]. Spark is particularly
well-suited for processing large volumes of time-series data in companies with the
infrastructure to support it, including cloud resources and knowledge of distributed systems.

The staff members should also be well-trained and provided with technical support to ensure
the operation of the Spark-based Eare systems. Although Apache Spark offers tremendous
performance and scalability benefits, it has a distributed architecture that is rather challenging
to implement and manage and requires some experience [40]. Therefore, comprehensive
personnel training and relentless technical support should be invested in to make
implementation and maintenance smoother. Such investments help companies capitalize on
Spark's full potential and ensure smooth integration with the rest of the enterprise
infrastructure, such as Al-accelerated CRM frameworks and extended SaaS governance
platforms [41].

9. Recommendation and Future Directions

According to this paper’s findings, firms considering adopting Spark-based EDI systems
should reassess their transaction volumes and scalability requirements. The upgrade to Spark-
based systems will also grant the organisation considerable performance advantages for large
volumes of transactions, particularly during periods of increased demand, as witnessed in retail
product sales or seasonal fluctuations. The companies need to allocate funds to cloud
computing infrastructure to support distributed computing and partner with distributed systems
experts to develop Apache Spark applications successfully. The internal teams should receive
training and be adequately funded to ensure successful deployment and effective operation,
given the complex distributed environment.

The companies also need to create Spark applications that can connect to existing EDI and
other data processing systems, such as Apache Kafka (streaming) and Apache Hadoop (batch
processing). Such a hybrid model would help organisations handle both real-time and batch
transactions with ease, making their EDI systems more flexible and responsive. Spark-based
EDI systems have great future potential. Future studies could explore the implementation of
such machine learning models in combination to facilitate rapid transaction processing and
improved decision-making. Moreover, as more organizations deploy blockchain technology to
establish a code of data protection and transparency, integrating Apache Spark with blockchain
can lead to safer, more traceable EDI operations. Further, it may also examine how Spark
persists in different areas, including healthcare, finance, and manufacturing, where data
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integrity and processing speed are of primary concern [42]. Lastly, with the continuing
development of distributed systems, increasingly new distributed computing infrastructure and
technology are being developed that will either provide an adjunct or even supersede Spark.
To keep up with the growing need to handle high-volume transactions via EDI systems, future
research should focus on enhancing these areas, particularly fault tolerance and energy-
efficient computing.

10. Conclusion

The use of the EDI system at Spark has revealed that the centralized system is best for
processing, accreditation, and resource management. The Spark architecture should, at a
minimum, estimate transaction processing time, especially when handling a large number of
transactions within an industry. The broader the range of transactions Spark handles at a given
time, the more horizontal scalability through the addition of worker nodes will be needed to
maintain that time during peak periods of the day.

It is not only that Spark uses fewer resources: its distributed architecture optimises its use. This
has resulted in high per-transaction CPU and memory costs, as the system can operate across
multiple nodes simultaneously. Such a decrease in resource consumption reduces business
costs. It allows the company to conduct transactions more efficiently with fewer resources,
thereby increasing the system’s overall efficiency.

All the advantages are limited to the Spark-based system. Its installation and maintenance are
also tedious, requiring expertise in distributed computing that small firms with limited
resources may not easily acquire. Furthermore, the system’s simplicity might not justify the
cost for organisations with lower transaction volumes, and even the traditional centralised
system might be more favourable. The feasibility of the Spark-based system is high, as
businesses’ data utilisation is growing. Scalability of Spark will also be an advantage, given
that more organisations will continue to grow in size and need greater computing capabilities.
Spark offers a range of benefits for businesses because it is flexible in processing both
structured and unstructured data and operates in real time.

Spark would be suitable for big data companies that are scalable, such as high-volume
industries. The future of Spark as an EDI system modernisation tool looks bright, as it can
reduce the organisation’s total resource use and processing time, and can also be used as a
horizontal expansion tool. Mechanisms should be developed to simplify the Spark process
through conducting research and experimentation, especially when combined with other
emerging technologies such as machine learning and blockchain. The growth of perceptions
and their further improvement will be achieved through future research on their application
across various industries. It is the future that Spark will engage in, transform the way EDI
transactions are carried out, and address more complex solutions to the issues that confront
businesses in information-saturated sectors.
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