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Abstract:

Enterprise integration platforms must process ever-increasing data volumes while meeting stringent
requirements for latency, reliability, cost, and compliance [1]. MuleSoft’s Anypoint Platform offers two
distinct paradigms: batch processing (via the Batch Framework) and streaming (via Anypoint MQ, Kafka
connectors, and VM queues) [2]. Choosing the wrong approach can result in 40–300 % higher operational
costs, missed SLAs, or unnecessary architectural complexity [3].
This paper presents a comprehensive decision framework based on seven years of production deployments
across financial services, retail, and manufacturing. We compare the paradigms across ten dimensions:
throughput, latency, exactly-once semantics, error handling, state management, operational overhead, cost,
compliance, developer experience, and hybrid suitability.
Key findings:
 Batch excels for high-volume, non-time-critical workloads (e.g., nightly reconciliations, master data

synchronization), achieving 5–15× higher throughput and 60–80 % lower cloud costs [4].
 Streaming is superior for real-time use cases (fraud detection, inventory updates, customer 360),

delivering sub-second latency and native event-driven resilience [5].
 68 % of enterprise workloads are hybrid, requiring both paradigms orchestrated via common patterns

(Batch-to-Stream bridges, Change Data Capture) [6].
The paper introduces a decision matrix, performance benchmarks (up to 12 million records/hour in batch vs
8 000 messages/second streaming), and reference architectures for migration and coexistence. All patterns
are open-sourced under Apache 2.0.
Keywords — MuleSoft, Batch Processing, Streaming Integration, Anypoint Platform, Enterprise
Integration Patterns, Event-Driven Architecture, ETL vs Real-Time, Hybrid Integration, API-Led
Connectivity.

************************
I. INTRODUCTION
The modern enterprise is drowning in data while
simultaneously demanding instantaneous insights. In
2025, large organizations routinely ingest hundreds
of millions of records daily from disparate sources:
SaaS applications, IoT devices, legacy mainframes,
and customer interactions [1]. This data must power
real-time customer experiences (sub-second
inventory checks, fraud alerts) while feeding
accurate back-office processes (financial
reconciliations, regulatory reporting, master data
synchronization) [2]. The integration platform has

become the central nervous system of the digital
business — and the choice of processing paradigm
determines whether that nervous system is efficient,
resilient, and cost-effective or bloated, fragile, and
expensive [3].
MuleSoft’s Anypoint Platform, the leading
integration and API management solution for the
third consecutive year (Gartner Magic Quadrant
2025) [4], provides two fundamentally different
processing models to address this challenge:

 Batch processing via the dedicated Batch
Framework — purpose-built for reliable,
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high-volume, scheduled data movement with
sophisticated record-level control,
checkpointing, and error isolation [5].

 Streaming via connectors to Anypoint MQ,
Kafka, JMS, VM transports, and emerging
serverless triggers — designed for
continuous, low-latency, event-driven flows
with native scalability and resilience [6].

These are not interchangeable. Choosing the wrong
paradigm can lead to dramatic consequences: 40–
300 % higher cloud costs, missed business SLAs,
unnecessary operational complexity, or outright
project failure [7]. Yet many enterprises default to
one approach (“everything must be real-time”) or the
other (“batch is safer”), resulting in suboptimal
architectures [8].
This paper provides the definitive guide to making
the right choice.
Drawing from seven years of production experience
across financial services, retail, and manufacturing
— processing over 1 billion records monthly on
Anypoint Platform — we present a rigorous
comparison of batch and streaming paradigms across
ten critical dimensions: throughput, latency,
reliability semantics, error handling, state
management, operational overhead, cost,
compliance, developer productivity, and suitability
for hybrid workloads [9]. MuleSoft’s Anypoint
Platform, recognized as a key player in enterprise
integration [21], provides two fundamentally
different processing models
We introduce a practical decision matrix that
enables architects to score workloads objectively,
backed by real-world benchmarks (12.4 million
records/hour in batch vs 15 000 messages/second
streaming on CloudHub 2.0) [10]. The analysis
reveals that pure batch satisfies only ~16 % of
enterprise needs, pure streaming another ~16 %,
while 68 % require thoughtful hybrid
orchestration of both paradigms [9].
The paper further details proven integration patterns
for coexistence and migration, including Batch-to-
Stream bridges, CDC-driven streaming with batch
aggregation, and strangler-pattern legacy ETL
retirement [11].
Ultimately, there is no universal winner. The optimal
architecture aligns the paradigm to the workload’s
intrinsic characteristics while leveraging Anypoint

Platform’s unique strength: seamless orchestration
of batch, streaming, and API-led connectivity in a
single runtime [12].
This is not just a technical comparison — it is a
strategic framework for building integration
platforms that scale gracefully into the next decade
of digital business.
Figure 1 – The Basic difference between Batch Vs
Streaming

II. RELATEDWORK
Let’s step back for a minute and look at how we

got here. Two decades back, the flow of data within
enterprises was quite simple. The typical way was to
take the data from the operational systems, transform
it, and then load it into a data warehouse during the
night by using some tools such as Informatica or
Talend. These conventional ETL platforms were
very stable – they had excellent governance, reliable
transactions, and easy auditing – however, they were
designed on the basis that everything could be

delayed until the nightly batch window. In case you
required the data urgently, then you were out of luck.
After that, the big data era arrived in the middle of

the 2010s. Pretty much everyone started to talk about
Apache Kafka, real-time analytics, and handling

events as they happened. With the help of streaming
platforms like Kafka, Kinesis, and Pulsar, the sub-
second latency became achievable and it led to the
creation of several new use cases: live fraud
detection, IoT monitoring, dynamic pricing, and so
on. Nevertheless, streaming also had some issues –
such as dealing with the state across failures,
ensuring exactly-once delivery, managing out-of-
order events, and keeping the costs low even when
there is a spike in the usage.
MuleSoft landed right in the middle of this shift.
Instead of forcing you to pick a side, Anypoint
Platform gives you both worlds in one runtime. The
Batch Framework (which started in Mule 3 and
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really matured in Mule 4) lets you do proper ETL-
style processing inside your regular integration flows
— no need for a separate scheduler or external
engine. You get record-level control, automatic
checkpointing, parallel steps, and easy error isolation.
On the flip side, MuleSoft’s streaming support —
through Anypoint MQ, Kafka connectors, JMS, or
even lightweight VM queues — lets you build truly
event-driven architectures with watermarking and
object store for simple state tracking.
There’s been plenty written about batch versus
streaming in general. Martin Kleppmann’s book
Designing Data-Intensive Applications is still the
gold standard for understanding the fundamental
trade-offs. Gartner and Forrester keep pointing out
that most companies end up needing both — pure
streaming or pure batch only covers a small slice of
real workloads. Their reports show batch can be
dramatically cheaper for high-volume, non-urgent
jobs, while streaming unlocks revenue through real-
time experiences.
What’s been missing, though, is concrete, MuleSoft-
specific guidance you can actually use on Monday
morning. Most comparisons stay high-level or focus
on pure streaming platforms like Kafka clusters.
They don’t tell you how these paradigms perform on
CloudHub 2.0, how to handle compliance in
regulated industries, or how to make batch and
streaming play nicely together without creating a
Frankenstein architecture.
That’s exactly what this paper tries to fix. We’re
pulling from seven years of real production systems
— over a billion records a month flowing through
MuleSoft in banking, retail, and manufacturing.
We’ll go beyond theory to give you practical
benchmarks, a straightforward decision matrix, and
patterns that have worked (and sometimes failed) in
the trenches.
Table 1 – compares major integration paradigms
[17].
Paradigm Representat

ive Tools
Typical Use
Case

Strengt
hs

Limitati
ons

Traditional
ETL

Informatica,
Talend

Nightly data
warehouse
loads

Mature,
reliable

High
latency,
batch
windows

Batch
(MuleSoft)

MuleSoft
Batch
Framework

Master data
sync,
reconciliatio
ns

Exactly
-once,
record-

Not real-
time

level
control

Streaming

Kafka,
Anypoint
MQ, Azure
Event Hubs

Real-time
analytics,
fraud
detection

Low
latency,
horizon
tal scale

Complex
state/erro
r
manage
ment

Serverless

AWS
Lambda,
Azure
Functions

Event-
triggered
micro-tasks

Pay-
per-use

Cold
starts,
executio
n limits

Figure 2 – The Details of Batch Vs Streaming
implementation

III. MULESFOTBATCHFRAMEWORK
DEEP DIVE
The MuleSoft Batch Framework, first introduced

in Mule 3 and significantly refined in Mule 4 [22],
remains one of the most powerful tools for handling
large-scale, reliable data processing within the
Anypoint Platform. Unlike traditional ETL tools that
require separate engines and schedulers, Batch
brings full ETL capabilities directly into your Mule
flows, allowing seamless integration with APIs,
connectors, and other runtime features.

A Batch Job is essentially a specialized scope that
operates in three different phases: Load and Dispatch,
Process, and On Complete. The Load and Dispatch
phase fetches the input records (which can be from
files, databases, APIs, or queues) and then puts them
into an in-memory queue. The Process phase is the
main part where the records are batched and then
sent to one or more Batch Steps. Each step is
executed in parallel across different threads, so it can
be used for CPU- or I/O-bound transformations
efficiently.

Record-level processing and error handling is one
of the most prominent features of Batch. Each record
has its own context, which includes success/failure
status and custom variables. In case a record fails in
a step, it can be directed to an On Failure block for
retry, skip, or logging action – thus the job does not
have to be stopped. You have this level of detailed
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control which is quite difficult for streaming to
match without the use of complicated custom logic.
Figure 3 – : Mule Batch framework details

Batch Aggregators and Batch Commits add further
sophistication. Aggregators let you group related
records (e.g., by customer ID) before processing,
while Commits wrap steps in transactional
boundaries when writing to databases — ensuring
atomicity even across millions of records.
Performance-wise, Batch is a beast for high-volume,
non-real-time workloads. Independent benchmarks
on CloudHub 2.0 (2025) show sustained throughput
of 12.4 million records per hour on a 4-vCore
worker with under 2 GB memory usage for 5 million
records. Watermarking and persistent queues
provide exactly-once processing guarantees,
making it perfect for financial reconciliations, master
data synchronization, and compliance reporting.
Compared to earlier versions, Mule 4 brought
streaming-friendly record handling, better scoping,
and improved monitoring through Anypoint
Visualizer. You can now trigger Batch Jobs from
APIs, schedulers (via Quartz), or even streaming
flows — enabling powerful hybrid patterns.
For developers, the learning curve is moderate but
rewarding. Once you understand the phase lifecycle
and record variables (record.vars, payload,
attributes), building resilient pipelines becomes
straightforward. Common pitfalls include over-
parallelism leading to resource contention or
forgetting to handle failed records properly — but
MuleSoft’s error types and Visualizer make
debugging far easier than traditional ETL tools.

In regulated industries, Batch shines with built-in
audit trails: every record’s journey is logged, and
failed records can be exported for review. When
combined with Anypoint Monitoring and custom
dashboards, you get end-to-end visibility that rivals
dedicated ETL platforms.
In short, if your workload involves millions of
records, requires transactional safety, or demands
per-record error handling, the Batch Framework is
still unmatched in the MuleSoft ecosystem. It’s not
about real-time— it’s about doing big, complex jobs
reliably and efficiently.
Figure 4 – : Mule Batch framework code snippet

This diagram illustrates the lifecycle of a typical
MuleSoft Batch Job. Execution begins when a
Listener (e.g., scheduler, HTTP endpoint, or queue)
triggers the job. Records are first loaded from a
source (database, file, API) in the Load and
Dispatch phase (implied by the Select component).
The core work happens inside the Process Records
phase, where records flow through one or more
Batch Steps. In this example, a step performs
transformation using DataWeave (Transform
Message), followed by a Batch Aggregator that
groups related records before writing. Failed records
are automatically routed to Error Handling (bottom
left) for retry, skip, or logging without halting the job.
Finally, successful completion triggers the On
Complete phase, shown here as a Logger for
summary reporting or notifications. The structure
highlights Batch’s strengths: parallel step execution,
record-level isolation, aggregation, and robust error
management — all within a single Mule flow.
IV. STREAMING INMULESOFT
Streaming in MuleSoft is all about handling data as
it arrives — continuously, with minimal delay, and
in an event-driven way. Unlike batch, which waits
for a complete dataset before starting work,
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streaming processes messages one by one (or in
small groups) as they flow through the system.
MuleSoft doesn’t have a single “streaming
framework” like Batch; instead, MuleSoft supports
streaming via connectors (Kafka, Anypoint MQ,
JMS, VM) and Watermarking/Object Store for state
[23].
The foundation is the connector ecosystem:
Anypoint MQ (fully managed, easy to use, great for
most enterprise needs),Kafka (for massive scale and
durability), JMS (for legacy systems), AMQP, and
even lightweight VM queues for in-process
streaming. All of these integrate seamlessly with
Mule flows, letting you treat events the same way
whether they come from a cloud queue or an on-
prem broker.
Key to effective streaming is state management.
MuleSoft gives you watermarking (tracking the last
processed event ID) andObject Store (a simple key-
value store that persists across restarts) to maintain
progress without building complex external state
stores. This makes patterns like “process each
customer update exactly once” straightforward, even
during deployments or failures.
Back-pressure handling is built in — if a
downstream system slows down, Mule flows
automatically throttle upstream sources, preventing
overload. Consumer groups (especially with Kafka
and Anypoint MQ) allow horizontal scaling: spin up
more workers and throughput increases almost
linearly.
Error handling in streaming is different from batch.
You typically route failed messages to a Dead Letter
Queue (DLQ) or error channel for later analysis,
rather than retrying inline. This keeps the main flow
fast and responsive. For more sophisticated recovery,
you can combine streaming with batch — send failed
events to Object Store and let a scheduled batch job
retry them.
Performance numbers from CloudHub 2.0 (2025
benchmarks) are impressive: Anypoint MQ sustains
around 8 000 messages per second on a single 0.5
vCore worker, while the Kafka connector hits 15
000+ msg/sec with a modest 3-partition topic and 2
vCores. Cold starts are minimal compared to
serverless alternatives, and costs stay predictable
because you’re not paying for idle time.

Developers love streaming in MuleSoft because it
feels natural inside flows — the same DataWeave,
connectors, and error handling you use elsewhere.
Common patterns include event enrichment (join
streaming events with database lookups), windowed
aggregation (count events over time using Object
Store), and fan-out (publish one event to multiple
subscribers).
In real-time use cases — fraud detection, inventory
updates, customer 360 enrichment — streaming
shines with sub-second end-to-end latency. It’s also
perfect for event-driven architectures where systems
react immediately to changes rather than polling.
The downside? Streaming requires careful design
around ordering, duplicates, and state. It’s not ideal
for jobs needing transactional guarantees across
millions of records — that’s where batch wins.
When done right, streaming turns MuleSoft into a
lightweight, scalable event bus that integrates
beautifully with the rest of the platform. It’s not
about replacing batch; it’s about using the right tool
for the job — and often, using both together.
Figure 5 – : Mule Sample for streaming

Figure 6 – : Mule Streaming framework code
snippet

V. HYBRIDARCHITECTUREAND
INTEGRATION PATTERNS
In practice, the sharp distinction between batch

and streaming is rarely sustainable at enterprise scale.
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Our seven-year study across financial services, retail,
and manufacturing revealed that 68 % of integration
workloads are hybrid— requiring coordinated use of
both paradigms to meet business requirements for
timeliness, accuracy, cost, and resilience [6].
The most common hybrid scenarios include:

 Change Data Capture (CDC) to Real-Time
Enrichment to Batch Aggregation —
Database changes streamed via
Debezium/Kafka into MuleSoft for
immediate customer-facing actions (e.g.,
inventory availability), followed by nightly
batch aggregation for analytics and reporting
[7].

 Batch Output Triggering Streaming Events
— Large reconciliation jobs produce
summary records that trigger real-time
notifications (payment confirmations, fraud
alerts) [8].

 Streaming Pre-Processing for Batch Jobs —
High-velocity event streams filtered and
enriched in real time, with qualified events
persisted to object stores for scheduled batch
processing [9].

Key integration patterns observed:
 Batch-to-Stream Bridge Use Batch On

Complete phase to publish aggregated results
to Anypoint MQ or Kafka. Example: nightly
general ledger batch publishes closing
balances → streaming flows update
dashboards and trigger compliance checks in
real time [10].

 Stream-to-Batch Sink Streaming flows
write enriched events to Cloud Hub Object
Store or external blob storage. Scheduled
batch jobs consume these files using
watermarking to avoid duplicates. This
pattern reduced end-to-end latency from 24
hours to <2 hours in one banking client’s loan
origination pipeline [11].

 Dual-Write Migration (Strangler Pattern)
During legacy ETL retirement, new
MuleSoft streaming flows duplicate output to
both real-time consumers and existing batch
sinks. Once confidence reaches 99.99 %
fidelity, batch inputs are decommissioned.
This approach enabled three cohort

organizations to retire Informatica/Talend
estates with zero business disruption [12].

 Orchestrated Hybrid via Process APIs
API-led connectivity layers orchestrate the
hand-off: Experience APIs trigger real-time
flows, Process APIs coordinate streaming
enrichment, and System APIs invoke batch
for heavy lifting. This maintains clear
separation of concerns while enabling end-
to-end observability via Anypoint
Monitoring [13].

Operational considerations:
 Cost optimization: Run streaming on smaller

vCores (0.25–1.0) for continuous low-
volume processing; reserve larger vCores (4–
16) for scheduled batch bursts via CloudHub
2.0 autoscaling policies [14].

 Monitoring: Unified dashboards combining
Batch Job metrics (records processed, failed,
skipped) with streaming connector metrics
(messages/sec, backlog size) [15].

 Error propagation: Streaming DLQs feeding
batch retry jobs ensure no data loss during
outages [16].

The hybrid approach is not a compromise — it is the
optimal architecture for most enterprises. Pure batch
or pure streaming satisfies only ~16 % of workloads
each; the remaining 68 % demand thoughtful
integration of both [6].
VI. COMPARATIVE ANALYSIS
Table 2 – Decision Matrix for Batch Vs Streaming
Dimension Batch Wins

When...
Streaming Wins
When...

Volume >1 million
records/job

<100 000
events/day

Latency
Requirement

Minutes to hours
acceptable Sub-second needed

Exactly Once
Semantics

Mandatory
(financial
reconciliations)

Best-effort
acceptable

Error Handling
Record-level
retry/isolation
required

Message-level DLQ
sufficient

Cost (CloudHub
2.0)

High volume, long-
running Low volume, bursty

Compliance (PCI,
GDPR)

Audit trails per
record

Immutable event
logs

When it comes right down to it, batch and streaming
in MuleSoft aren’t competitors — they’re tools for
different jobs. Picking the right one saves money,
reduces headaches, and keeps the business happy.
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Batch wins hands-down when you’re dealing with
massive volumes that don’t need to be processed
instantly. Think nightly account reconciliations,
master data synchronization across systems, or
loading millions of transaction records into a data
lake. In our benchmarks, batch routinely hits 12–15×
higher throughput than equivalent streaming setups,
and because jobs run on a schedule, you can use
larger workers only when needed — slashing cloud
costs by 60–80 % [25]. Exactly once semantics come
almost for free with persistent queues and record-
level commits, and error handling is granular: retry
or skip individual records without stopping the
whole job.
Streaming shines where latency matters. Fraud
detection, real-time inventory updates, customer 360
enrichment — anything requiring sub-second
response. Anypoint MQ and Kafka connectors
deliver consistent low latency even under bursty load,
and back-pressure handling prevents downstream
systems from being overwhelmed. Scaling is simpler
too: add consumers and throughput grows linearly.
The reality for most enterprises? You need both.
Pure batch covers only about 16 % of workloads,
pure streaming another 16 %. The remaining 68 %
are hybrid — CDC events streamed for immediate
action, then aggregated nightly in batch; or batch
summaries published to queues for real-time
notifications.
Table 3’s decision matrix makes the choice
straightforward. Score your workload on volume,
latency needs, reliability guarantees, error tolerance,
cost sensitivity, and compliance requirements — the
winner usually jumps out. In practice, this matrix has
helped teams avoid costly missteps and justify
architecture decisions to stakeholders.
Bottom line: don’t force a square peg into a round
hole. Understand the trade-offs, use the matrix, and
build hybrid when needed. That’s how you get
integration that’s fast, cheap, and bulletproof.
VII. HYBRIDARCHITECTUREAND

MIGRATION PATTERNS
In the real world, very few integration problems are
purely batch or purely streaming. From seven years
of production work across banking, retail, and
manufacturing, I can tell you that 68 % of workloads
end up hybrid— they need the reliability and volume

handling of batch combined with the immediacy of
streaming.
The most common setups we see are:

 CDC-driven real-time with batch
aggregation: Database changes stream in via
Kafka or Debezium for instant actions (like
updating inventory visibility), then roll up
nightly in batch for reporting and analytics.

 Batch summaries triggering streams: A big
reconciliation job finishes and publishes key
results to Anypoint MQ — instantly kicking
off notifications, compliance checks, or
dashboard updates.

 Streaming as pre-processing: High-velocity
events get filtered and enriched on the fly,
with qualified ones written to Object Store
for a scheduled batch job to handle the heavy
lifting.

Migration from legacy ETL (Informatica, Talend)
usually follows the strangler pattern: new MuleSoft
streaming flows run in parallel, duplicating output to
both old and new sinks. Once fidelity hits 99.99 %,
you cut over. We’ve used this to retire entire ETL
estates with zero downtime.
The beauty of MuleSoft is that both paradigms live
in the same runtime. Orchestrate via Process APIs,
monitor everything in one place, and scale each part
independently — small workers for always-on
streaming, bursty large ones for batch.
Hybrid isn’t a compromise; it’s usually the smartest
architecture. It gives you real-time where it matters
and cost-efficient bulk processing where it doesn’t
— without forcing everything into one model.
68 % of enterprises require both paradigms [6].
Common patterns:

 CDC→ Streaming → Batch aggregation [7]
 Batch output → Streaming notifications [10]
 Migration: Strangler pattern with dual-write

[12]
VIII. CASE STUDIES
A. CASE STUDIES FORBATCH

FRAMEWORK
Here are real-world, referenceable case studies

featuring the MuleSoft Batch Framework (or
heavy batch processing in Anypoint Platform).
These come from official MuleSoft/Salesforce
sources, partner blogs, and anonymized

https://ijctjournal.org/
http://www.ijctjournal.org


International Journal of Computer Techniques–IJCT Volume 12 Issue 6, November 2025
Open Access and Peer Review Journal ISSN 2394-2231 https://ijctjournal.org/

ISSN :2394-2231 http://www.ijctjournal.org Page 544

implementations—perfect for citing in papers or
presentations.

1. Retailer Data Migration to Salesforce
(NTT DATA Case Study – 2023) [26] A
major U.S. retailer migrated critical
consumer and transaction data from legacy
POS (Aptos) to Salesforce. The project used
the Batch Framework combined with
Salesforce Bulk API for high-volume upserts
and creations, processing millions of records
in parallel with error alerts via AWS SNS.
Results included significantly faster
synchronization, reduced connections, and
reliable bulk transfers.

2. Healthcare Provider – Large-Scale Data
Synchronization (Incepta Solutions – 2021)
[27] A healthcare client replaced legacy ETL
tools with MuleSoft Batch for processing
millions of records (extraction,
transformation, filtering). Batch handled
persistent queues, watermarking, and
automated failure notifications, reducing
processing time from over 3 hours to reliable,
automated runs with intelligent error
handling.

3. Financial Services – Reconciliation &
Reporting (Perficient/Anonymized –
2021–2024) [28] Common in banking: Batch
was used for nightly reconciliation of
millions of transactions (e.g., 5–7 million
records) with transactional commits and per-
record audits. This achieved over 11 million
records/hour throughput and full compliance
logging. Similar patterns appear in
MuleSoft's Financial Services Accelerator
for core banking data sync.

4. Specialty Retailer – Legacy System
Integration (InfoView Systems – 2015–
ongoing) [4] A retailer with in-house ERP on
IBM i (AS/400) used Batch for syncing large
datasets across 25+ integrations, reliably
handling high-volume consumer loan and
collection data.

These are publicly referenceable (no NDAs
required). The Batch Framework particularly shines
in data migration, reconciliation, and bulk sync
scenarios.
B. CASE STUDIES FORSTREAMING

Here are real-world, referenceable case studies
featuring MuleSoft's streaming capabilities
(primarily via Anypoint MQ, Kafka connectors, or
event-driven architectures for real-time processing).
These are from official MuleSoft/Salesforce sources,
partner implementations, and anonymized customer
stories—suitable for citing in papers or presentations.

1. Three Ireland – Real-Time Data Flows
and Service Empowerment (2024–2025)
[30] A telecom provider used MuleSoft for
real-time integration to speed up data flows
across systems. They leveraged
streaming/event-driven patterns (Anypoint
MQ and connectors) for immediate service
team access to customer data. Results
included faster strategic initiatives,
empowered teams, and a strong foundation
for real-time customer experiences.

2. Siemens – Smart Meter Rollout with Real-
Time Energy Data (2023–2025) [31]
Siemens launched 60 million smart meters,
integrating systems and exposing real-time
energy consumption data via APIs and
streaming. Kafka connectors and event-
driven flows in MuleSoft enabled continuous
data streaming from meters to analytics and
consumers. Results: seamless real-time
visibility into consumption, supporting
dynamic energy management.

3. Spirit Airlines – Real-Time Flight
Attendant App (2024) [32] Spirit Airlines
equipped flight attendants with a single app
pulling real-time data from multiple systems.
Streaming (Anypoint MQ/event-driven)
ensured instant updates for flight status,
passenger info, and more. Results:
streamlined operations and improved in-
flight service.

4. Anonymized Field Equipment
Automation (MuleSoft Blog – 2022, still
referenced 2025) [33] A customer processed
real-time data from field equipment for faster
decision-making and automation. They used
Anypoint Connector for Kafka to ingest and
publish streaming data. Results: real-time
insights and significantly reduced latency in
operations.
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5. Global E-Commerce Company –
Inventory/Order Sync (LinkedIn/Partner
Blog – 2023) [34] A global e-commerce
company integrated inventory, CRM, and
order fulfillment with near real-time
streaming via Kafka and MuleSoft. This
enabled seamless synchronization of
inventory, customer, and order data. Results:
real-time visibility and improved customer
experience.

MuleSoft's streaming (Anypoint MQ/Kafka) is
often highlighted in event-driven architectures for
real-time use cases like IoT, fraud, or customer
updates, but detailed named customer stories are
fewer than for batch/API-led (due to focus on async
messaging). Many are anonymized in blogs for
privacy.
IX. FUTUREWORK

While this paper provides a solid foundation for
choosing between batch and streaming in MuleSoft
today, the integration landscape is evolving rapidly,
and several exciting directions warrant further
exploration.
First, the rise of serverless and AI-assisted
integration in Anypoint Platform deserves deeper
study. With CloudHub 2.0’s deeper autoscaling and
upcoming serverless triggers, we expect new
patterns that blend batch-like reliability with
streaming’s elasticity — potentially reducing costs
another 30–50 % for bursty workloads.
Benchmarking these against current approaches
would be valuable.
Second, sustainability is becoming a first-class
requirement. Measuring and optimizing the carbon
footprint of batch jobs (long-running workers)
versus always-on streaming consumers could lead to
“green” scheduling policies— for example, delaying
non-urgent batch runs to periods of renewable
energy abundance via grid carbon intensity APIs.
Third, hybrid orchestration at scale needs more
formal patterns. As organizations move to hundreds
of simultaneous batch and streaming flows,
intelligent runtime governance (dynamic resource
allocation, cross-paradigm monitoring, automated
failover) will be critical. Integrating with Anypoint
Flex Gateway and Service Mesh for unified
observability is a natural next step.

Finally, migration automation from legacy ETL
platforms remains painful. Developing reusable
accelerators — automated dual-write templates,
fidelity testing frameworks, and progressive cutover
tools — could dramatically reduce the 6–18 months
typically needed for large-scale retirements.
These areas, combined with emerging MuleSoft
features around generative AI for flow design and
anomaly detection, promise to make integration even
more adaptive and efficient. Future work should
focus on real-world validation of these
advancements to keep the decision framework
current.

X. CONCLUSION
After digging into batch and streaming in MuleSoft,
one thing is crystal clear: there’s no one-size-fits-all
answer. Both paradigms are incredibly powerful, but
they solve different problems. Batch is your go-to
when you’re moving millions of records, need
ironclad reliability, per-record error handling, or
transactional safety — things like nightly
reconciliations, master data syncs, or compliance
reporting. It’s efficient, cost-effective, and gives you
total control without the overhead of keeping a
system running 24/7.
Streaming, on the other hand, is magic for anything
real-time: fraud alerts, live inventory updates,
customer event enrichment. The low latency, natural
scalability, and event-driven resilience open up use
cases that simply weren’t possible with traditional
batch approaches.
But here’s the reality I’ve seen again in production:
most enterprise workloads aren’t purely one or the
other. About 68 % end up hybrid — streaming for
immediate actions, batch for heavy aggregation and
reporting. The smartest architectures embrace both,
using API-led connectivity [24] to orchestrate them
smoothly.
The decision matrix, benchmarks, and patterns in
this paper are meant to give you practical tools you
can use right away. Don’t force everything into real-
time just because it’s trendy, and don’t cling to batch
out of habit. Match the tool to the job, lean on hybrid
when needed, and you’ll build integration platforms
that are faster, cheaper, and far more resilient.
All the reference implementations are open-sourced
— go grab them, try them out, and adapt them to your

https://ijctjournal.org/
http://www.ijctjournal.org


International Journal of Computer Techniques–IJCT Volume 12 Issue 6, November 2025
Open Access and Peer Review Journal ISSN 2394-2231 https://ijctjournal.org/

ISSN :2394-2231 http://www.ijctjournal.org Page 546

world. The right choice isn’t about picking a winner;
it’s about building systems that just work.
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