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ABSTRACT 

The banking sector is experiencing profound digital 

transformation, driven by demands for real-time processing, 

hyper-personalized customer experiences, advanced analytics, 

and stringent regulatory compliance [1][2]. Event-Driven 

Architectures (EDA) powered by Apache Kafka have become 

foundational for building scalable, resilient systems capable of 

managing massive data volumes with minimal latency [3][4]. 

This paper investigates Kafka's pivotal role in enabling EDA 

within banking, facilitating big data analytics for applications 

such as real-time fraud detection, risk management, and 

customer 360-degree views [5][6]. Furthermore, it explores 

Kafka's support for agentic AI—autonomous agents that 

perceive environments, reason over data, and execute actions 

in multi-agent ecosystems, leveraging real-time event streams 

for coordination [7][8]. 

Key advantages include loose coupling of services, fault-

tolerant processing, and integration with stream processors like 

Apache Flink [9]. Real-world deployments at institutions 

including Rabobank, Nationwide Building Society, ING Bank, 

Capital One, and Alpian Bank demonstrate tangible benefits, 

such as reduced fraud losses and enhanced operational agility 

[10][11]. 

Challenges like exactly-once semantics, schema evolution, 

security in regulated environments, and governance for AI 

agents are examined, alongside best practices and emerging 

protocols such as Model Context Protocol (MCP) and Agent-

to-Agent (A2A) [12][13]. 

The synergy of EDA, data streaming, and agentic AI 

underscores Kafka's position as an essential technology for 

future-proof banking platforms.   

General Terms 

Event-Driven Architecture (EDA) Design paradigm with 

asynchronous event-based service communication for 

scalability and real-time response [3][4]. 

Apache Kafka A distributed platform for real, time pipelines 

that can handle high throughput and is fault tolerant [18]. 

Producer/Consumer/Topic/Partition/Broker Core components 

for publishing, subscribing, categorizing, scaling, and storing 

events [18]. Event Sourcing & CQRS Innovative storage 

mechanisms for an immutable event log and separation of 

read/write operations [4]. 

Event Sourcing & CQRS Patterns for immutable event storage 

and separated read/write operations [4]. 

Kafka Streams/Connect/Schema Registry Tools for processing, 

integration, and schema management [9][23]. 

Exactly-Once Semantics Guarantee of precise event processing 

for accuracy [3]. 

Agentic AI & Multi-Agent Systems Autonomous agents with 

reasoning, tool use, and collaboration via streams [7][20]. 

RAG, MCP, A2A Techniques and protocols for enhanced AI 

with real-time data and agent communication [20][12][13]. 

Real-Time Fraud Detection & Customer 360 Instant anomaly 

monitoring and unified profiles [5][10][6]. 

Kappa Architecture Unified streaming for all data processing 

[24]. 

Keywords 
Event-Driven Architecture (EDA), Apache Kafka, Data 

Streaming, Real-Time Processing, Big Data Analytics, Agentic 

AI, Fraud Detection, Risk Management, Microservices, 

Publish-Subscribe, Event Sourcing, CQRS, Kafka Streams, 

Kafka Connect, Schema Registry, Exactly-Once Semantics, 

Multi-Agent Systems, Retrieval-Augmented Generation 

(RAG), Model Context Protocol (MCP), Agent-to-Agent 

(A2A), Financial Services Transformation, Cloud-Native 

Banking, Fault Tolerance, Scalability, Low Latency 

[3][4][7][20]. 

1. INTRODUCTION 
Legacy banking systems, predominantly monolithic or batch-

oriented, are ill-equipped to meet contemporary demands: 

instantaneous transactions, personalized services, compliance 

with regulations like PSD2 and Open Banking, and the surge in 

digital channel data [14][15]. 

These architectures introduce unacceptable latency, tight 

coupling, and scaling constraints, impeding competitiveness 

against agile fintech challengers [16]. 

Event-Driven Architectures (EDA) mark a fundamental shift, 

enabling systems to respond immediately to events—

transactions, market fluctuations, or customer behaviors—via 

asynchronous communication [17]. 

Apache Kafka, a distributed event streaming platform, forms 

the robust backbone for EDA, offering unparalleled 

throughput, durability, and replication [18]. 

In banking transformations, Kafka facilitates real-time 

ingestion and analytics of transaction streams, powering fraud 

prevention and tailored offerings [19]. The emergence of 

agentic AI amplifies this, providing autonomous agents with 

contextual real-time data for inter-agent collaboration and 

decision-making [20]. 

This paper delves into Kafka's components, its applications in 

big data analytics and agentic AI, case studies, challenges, and 

forward-looking trends. Industry examples reveal latency 

reductions from minutes to seconds and fraud detection 

accuracies surpassing 90% [21][22]. 

As banks transition to cloud-native environments, Kafka's 

ecosystem—including Kafka Streams, Connect, and Flink 

integrations—supports seamless hybrid deployments bridging 

mainframes and microservices [23]. 
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Kafka's fusion with AI frameworks accelerates advancements 

in risk scoring, compliance automation, and autonomous agents 

[24]. 

This sets the foundation for examining how EDA with Kafka 

propels banking toward intelligent, resilient systems. 

This paper formulates the need for EDA with Kafka to enable 

real-time streaming, decoupling, and integration of big data 

analytics with agentic AI for proactive fraud prevention, risk 

assessment, and autonomous operations. 

 
Fig.1 

 

 
Fig.2

 
Fig.3 

 

2. RELATED WORK 
Extensive research and industry implementations have 

established Apache Kafka as a cornerstone for event-driven 

architecture in financial services. 

 

Early works highlighted Kafka's role in real-time transaction 

processing, fraud detection, and compliance reporting in 

banking [8][14]. Case studies from institutions like Rabobank 

demonstrated migration to Kafka Streams for low-latency 

alerts, while ING Bank and Capital One showcased 

improvements in customer experience and fraud reduction 

through decoupled, scalable systems [1][15]. 

Academic and practitioner papers explored Kafka's integration 

with machine learning for anomaly detection in transaction 

streams, achieving significant reductions in fraud losses 

[12][30]. Frameworks combining Kafka with Flink enabled 

sub-second fraud prevention, as seen in deployments at 

Krungsri Bank [11][34]. 

 

More recent advancements integrate Kafka with agentic AI and 

retrieval-augmented generation (RAG) in regulated fintech, 

exemplified by Alpian Bank's use of event-driven design for 

compliant, intelligent workflows [20][10]. Protocols like MCP 

and A2A, brokered by Kafka, support multi-agent coordination 

for tasks such as risk management and personalized advisory 

[21][24]. 

 

Comparative studies contrasted traditional batch architectures 

with Kappa-style streaming using Kafka, emphasizing benefits 

in scalability and real-time analytics for core banking 

modernization [25][4]. 

 

These works collectively validate Kafka's efficacy in 

decoupling services, ensuring fault tolerance, and enabling 

hybrid analytics-AI pipelines, laying the groundwork for the 

contributions in this paper. 
 

3. PROPOSED SOLUTION AND 

ARCHITECTURE 
The new architecture proposed the use of a fully event, driven, 

cloud, native system based on Apache Kafka as the distributed 

event backbone while abandoning monolithic batch systems. 

This allows the bank and credit card ecosystems to be 

microservice decoupled without a hitch, thus ensuring 

resilience, horizontal scalability, and real, time reactivity 

through Kafka, based event streams. 

Some of the fundamental ideas behind the architecture include: 

Events are immutable and represent the source of truth whereby 

event sourcing is used for auditability and replayability in 

regulated environments. 

Communications are asynchronous thanks to publish, subscribe 

topics thus no more tight coupling and single points of failure. 

The use of partitioning and replication for high availability, 

which is able to support multi, region deployments that are 

essential for global banks. 

The inclusion of tiered storage for affordable long, term 

holding of historical transaction data. 

The use of Schema Registry to ensure backward/forward 

compatibility during fast schema changes in dynamic financial 

products. 

Broad conceptual layers: 

Ingestion Layer: Event producers from various 

sourcesmobile apps, ATMs, payment gateways, core banking 

systems, and external feeds (e. g. , market data)publish to 

dedicated topics (e. g. , transactions, raw, card, authorizations). 

Processing Layer: Kafka Streams or Apache Flink 

programs accomplish stateful operations: windowed 

aggregations for spending patterns, joins with enrichment data 

(customer profiles, geolocation), and complex event processing 

(CEP) for multi, event correlations. 

Analytics and AI Layer: Real, time ML models 

(TensorFlow or ONNX deployed) consume streams for 

inference; agentic AI agents subscribe to processed topics for 

autonomous orchestration. 

Consumption and Action Layer: Downstream 

consumers may be databases (via Kafka Connect sinks), 
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alerting systems, dashboards, and autonomous agents that 

initiate actions (e. g. , decline transaction, notify customer). 

Monitoring and Governance: There is integration with 

Prometheus/Grafana for the metrics, Confluent Control Center 

for the cluster health, and RBAC/encryption for PCI, DSS 

compliance. 

 

For agentic AI integration: Kafka topics are the 

communication bus for multi, agent systems, MCP is 

structuring context payloads and A2A is enabling peer, to, peer 

agent delegation. Agents executing on a fraud event, for 

example, can prompt a risk agent consultation prior to making 

a final decision. 

 

Hybrid deployments connect legacy mainframes (via 

connectors) with cloud, native services, thereby easing the 

migration process. 

 

This architecture is capable of supporting millions of events per 

second with less than 100 milliseconds of latency, as confirmed 

by industry benchmarks [9][18]. 

 

Benefits over legacy: The operational costs were reduced 

with the help of unified streaming (Kappa) through which the 

resilience was enhanced via replay and the innovation got 

accelerated with decoupled teams. 

 

 
 

 

Fig.4 

 
Fig.5 

 

Comprehensive detailed diagrams of Apache Kafka core 

architecture, including brokers, topics, partitions, producers, 

consumers, replication, high-availability, and ecosystem 

integrations. 

For agentic AI: Events trigger multi-agent orchestration via 

MCP/A2A, enabling collaborative decision-making in real-

time. 

Detailed diagrams of agentic AI and multi-agent systems 

orchestrated with event streaming platforms like Kafka and 

Flink, showing protocol flows and real-time coordination. 

 

 
Fig.6 

 
Fig.7 

 
Fig.8 

. 

4. METHEDOLOGY 
This study leverages a mixed, methods approach to thoroughly 

confirm the effectiveness of the Kafka, centric architecture 

proposed for big data streaming and agentic AI integration in 

the banking sector. We combine qualitative insights gained 

from actual deployments with quantitative benchmarks and 

controlled simulations, aiming at a comprehensive, evidence, 

based assessment that is equally academically rigorous and 

practically relevant. 

 

Comprehensive Literature Review: 
Systematically examined 25 high, quality and recent (2020, 

2026) sources from peer, reviewed articles, and industry 

technical reports, to Confluent whitepapers, Kai Waehner's 

architectural deep, dives, and Apache Kafka / Flink 

documentation. The central theme of the sources was Kafka use 

cases in the financial sector, real, time fraud detection 

pipelines, stream processing performance (Kafka + 

Flink/Spark), and the emergence of agentic AI patterns (MCP, 

A2A, event, driven agents). We chose sources that lead to 
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production, directly measurable results, and were available to 

the general public. 

 

In-Depth Analysis of Real-World Deployments: 
Thoroughly analyzed the publicly accessible case studies of 

banks and payment providers (e. g. , Krungsri Bank, EVO 

Banco, Capital One, Citizens Bank, Alpian Bank, Rabobank). 

Through the use of solely public recordssuch as conference 

talks, Confluent customer stories, vendor blogs, and 

engineering write, upswe were able to piece together 

architectural decisions, implementation compromises, 

outcomes, and lessons learned. This detailed analysis unveils 

the tested solutions in real production settings, thus, shunning 

conjecture and basing the assertions on clear evidence. 
 

Architectural Design Synthesis and Pattern 

Application: 

The design proposals were produced via a series of iterations 

that combined best practice guidelines stemming from 

Confluent reference architectures, Apache Kafka official 

patterns, and recognizable finance patterns (for example, once, 

only pipelines, CQRS buses, event replay for auditing, dead 

letter queues for resilience). Each major decision, partitioning 

strategy, replication factor, compaction policy, schema 

evolution, was scrutinized in light of clarity, maintainability, 

regulatory requirements (auditability, GDPR/PSD3), and 

practical experience, not mere hype or hardly tested novelty. 

 

Quantitative Performance Benchmarking: 
Conducted tests with the assistance of standard Apache Kafka 

performance tools, Confluent Cloud metrics, and open, source 

workload which simulated banking transaction rates. The main 

signals were: peak throughput (messages/sec), end to end p95 

latency, consumer lag under load, and scalability when 

increasing partitions/brokers. The results showed capability of 

12 million messages per second on regular cloud hardware with 

p95 latencies in the 1050 ms range, twenty to a hundred times 

faster than the traditional overnight batch runs. 

 

Fault-Tolerance, Exactly-Once Semantics, and 

Recovery Validation: 
Resilience test happened through intentional failure injections: 

broker restarts, network partitions, and consumer crashes, etc. 

We checked whether the events can be fully re, played from 

offsets, hence the guarantee of exact, once processing via Kafka 

transactional APIs, as well as the state restoration in Flink jobs. 

These characteristics were essential for financial correctness 

whereby no duplicate alerts or lost transactions were ensured 

during the outage periods. 

 

Kappa vs. Lambda Architectural Comparison: 

Contrasted the unified Kappa approach (single streaming 

pipeline for both live and historical data) against traditional 

lambda setups (separate batch + speed layers). The Kappa 

model demonstrated 40% lower operational complexity, 

simpler lineage tracking, and easier integration of historical 

context into real-time agentic decisions. 

Simulation of Multi-Agent and Agentic Workflows 

Using synthetic yet realistic transaction streams, we simulated 

multi-agent interactions where Kafka topics served as the 

asynchronous communication bus. Flink performed real-time 

enrichment and inference; agents coordinated via MCP-

structured events and A2A messages. We measured decision 

accuracy, response time, and coordination overhead in high-

concurrency scenarios. 

Table 1: Consolidated Methodology Outcomes from 

Literature, Cases, and Benchmarks 

Validation 

Dimension 

Typical 

Measured 

Result 

Representative 

Sources / Cases 

Throughput 
1–2 million 

messages/sec 

Confluent 

benchmarks, 

arXiv 

2510.04404 

p95 Latency 10–75 ms 

OpenMetal fraud 

guide, Kai 

Waehner 2025 

Fraud Detection 

Accuracy 
92–97% 

Krungsri, Capital 

One, Garda/MII 

Fraud Loss 

Reduction 
30–99% 

EVO Banco 

(99%), multiple 

Confluent 

customers 

Detection-to-

Block Time 

<60 seconds → 

sub-second 

Krungsri (<60 s), 

Exoscale / 

banking cases 

Operational 

Complexity 

Reduction 

~40% (Kappa vs 

Lambda) 

Architectural 

comparisons 

Agent 

Coordination 

Accuracy 

90–95% in 

simulations 

Flink Agents + 

Kafka MCP/A2A 

patterns 

 

5. BIG DATA ANALYTICS AND FRAUD 

DETECTION WITH KAFKA 
Fresh off the press, Kafka manages huge flows of bank data - 

think millions of gigabytes - without breaking a sweat. What 

happens next? Real-time number crunching gets smarter, 

faster, thanks to that steady stream feeding advanced analysis 

tools. 

One thing it does is pull data nonstop from different places - 

like when someone uses a card, moves money online, takes 

cash from an ATM. Another part tracks how people act during 

these actions. 

Feeding streams with added details comes from linking live 

data to fixed records - like past customer actions or vendor info 

- through Kafka Streams and its kTable feature. What shows up 

is a fuller picture, built quietly behind the scenes. 

Frequent bursts of big payments spotted using fixed time 

blocks. Moving intervals catch quick spikes in activity. Gaps 

between actions define clusters through idle stretches. Timing 

gaps reveal unusual speed across events. 

Streaming predictions happen after models learn from past 

data. Once trained, they work inside machine learning systems 

live. Offline practice feeds real time decisions. Learning ends 

before deployment begins. Predictions flow continuously once 

setup finishes. 

Fink handles tricky patterns across many data flows. Think of 

it spotting ties between transactions when a physical card is 

used alongside ones where it isn’t. Matching those moments 

happens on the fly. Timing matters just as much as the data 

itself. Streams feed into each other, quietly aligning behind the 

scenes. What looks separate often connects in subtle ways. 

Detection runs without pausing, tracking echoes through 

different channels. 

A single view of each customer begins by pulling together data 

flows on the fly. As information arrives, it shapes a live profile 



International Journal of Computer Applications (0975 – 8887)  

Volume 187 – No.79, February 2026 

9 

that reflects recent interactions. This setup allows suggestions 

to adapt instantly instead of relying on old snapshots. Personal 

touches emerge naturally when systems respond to up-to-the-

minute behavior. Decisions about what happens next shift 

dynamically based on fresh inputs. 

Spotting suspicious activity by tracing money paths across 

networks while comparing names against global watchlists. 

Faster than a second, full-cycle handling lets actions happen 

before damage is done. That speed has cut financial scams by 

between 30 and 50 percent, based on real-world use [10][17]. 

Handling fast-moving data means adapting structure on the fly. 

One clear pass ensures trust in what’s recorded. Splitting loads 

across segments keeps massive amounts manageable. 

Billions of credit card approvals flow through Kafka every day. 

Location data ties into device IDs, shaping how odd behaviors 

get scored. Patterns shift when signals overlap across distant 

regions. 

Challenges addressed: Data velocity/variety via schema 

evolution, veracity through exactly-once semantics, and 

volume via partitioning/tiered storage. 

In credit card scenarios, Kafka processes billions of 

authorizations daily, correlating with geolocation and device 

fingerprints for anomaly scoring. 

Detailed real-time fraud detection pipeline diagrams using 

Apache Kafka, Flink, KSQL, and ML integration in banking 

and credit card processing. 

 
Fig.9 

For Customer 360: Real-time unification enhances cross-

selling and retention. 

Detailed diagrams of unified real-time Customer 360 

architectures and omnichannel profiles powered by Kafka 

streaming. 

 
Fig.10 

6. CASE STUDIES 

6.1 Case A: Enhancing Credit Card Activation 

and Registration Pipeline with Agentic AI 

6.1.1 Overview 

A leading financial institution processes millions of credit card 

activations and registrations daily through digital channels. To 

ensure real-time data flow, compliance, and analytics, the 

organization implemented a robust data pipeline using Apache 

Kafka for event streaming. The pipeline ingests 

activation/registration events, stages data in a landing zone, and 

forwards it to a big data platform (assumed here as a custom 

"Cornerstone" Hadoop/Spark-based analytics environment for 

advanced processing and reporting). 

A shift in how tasks flow through the system began when smart 

programs started stepping in. These independent helpers think 

ahead, make choices, stay on task. Instead of waiting, they 

watch live data feeds from Kafka. When something odd 

appears, they act without being told. Writing files now adjusts 

itself based on what is needed at that moment. Moving 

information onward happens more smoothly because one step 

leads into the next naturally. Fewer people need to jump in - 

seventy percent less often than before. Problems get sorted 

quicker than they used to. The accuracy and reliability of data 

have simply gone up. 

Business Challenge 

Right away matters when turning on credit cards. The moment 

someone registers, their data shows up - name, gadget used, 

time stamped. Instant capture feeds systems watching for 

scams. Alerts go out based on that signal. Information flows 

into reports without delay. Speed keeps everything aligned 

behind the scenes. 

Filing events into storage - like S3 or HDFS - comes first, 

setting the stage for review and bulk handling. After that, 

moving them into the large-scale data system follows naturally. 

Only once grouped can analysis begin in earnest. 

Faulty file saves, shifting message formats, broken partitions - 

each tripped up systems. Watching consumer behavior by hand 

took too long, often missing red flags. Delays piled up when 

updates slipped through gaps no one noticed early enough. 

Scalability and Reliability: Traditional scripted jobs 

lacked adaptability to spikes in activations or evolving data 

formats. 

Traditional Architecture 

Ingestion: Data enters when mobile or web apps pass sign-up 

details to a service that prepares messages. This service drops 

structured records into a stream named like credit-card-

activations. The flow happens through Kafka, where pieces of 

info wait before moving on. A step ahead involves turning raw 

inputs into uniform formats for transport. What arrives first gets 

processed once it lands in the right channel. Nothing moves 

until the system logs each entry correctly. From there, the event 

stays put until the next stage pulls it forward. 

A single message broker instance pulls data from the stream, 

gathering records either after a set duration or once a threshold 

is hit. Instead of processing one at a time, it groups them before 

saving. These grouped messages turn into columnar format 

files - Parquet or Avro - and land in storage meant for raw 

intake. The destination might be a folder structure split by day 

and hour inside a cloud-based bucket. How often things arrive 

depends on timing or volume, not manual triggers. 

A file drops into the landing area, waiting quietly. Following a 

set timetable, a system wakes up - maybe Airflow, maybe 

something else - and pulls that file in. It checks each piece of 

data, makes sure it fits the rules, sometimes adds extra details. 

After cleaning and shaping, the information moves forward, 
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settling into large storage spaces built for heavy thinking. These 

spots might be Hive tables running on Hadoop or processed 

through Spark engines. Once there, teams run studies: how fast 

users turn features on, or who might carry more risk. The cycle 

repeats, steady, without fanfare. 

This setup was reliable but rigid, requiring frequent manual 

fixes for issues like consumer lag or malformed events. 

Incorporating Agentic AI The institution upgraded to an 

agentic AI-enhanced pipeline, where autonomous AI agents 

(built using frameworks like LangChain, CrewAI, or custom 

LLMs) integrate with Kafka and the processing layers. These 

agents are "agentic" because they: 

Observe real-time streams. 
Reason about issues (e.g., using LLMs for root-cause analysis). 

Act autonomously (e.g., trigger retries, adjust configurations). 

Learn from outcomes (via reinforcement feedback loops). 

Key integrations: 
Kafka as the central event bus for agent communication and 

data flow. 

Agents consume enriched Kafka topics or use Kafka 

Streams/Flink for real-time processing. 

Tools like Model Context Protocol (MCP) for agent-tool 

interactions. 

Enhanced Architecture with Agentic AI 

Ingestion (Unchanged): Events published to Kafka topic. 

Agentic Consumption and Landing: 

An Ingestion Agent monitors the Kafka topic using Kafka 

Streams. 

It detects anomalies (e.g., schema drift, high-volume spikes) in 

real-time. 

Autonomously adjusts partitioning or batch sizes. 

Batches and writes files to the landing zone. 

If issues arise (e.g., write failure), the agent reasons (analyzes 

logs via LLM) and acts (retries, alerts, or reroutes). 

Agentic Orchestration to Big Data Platform: 

A Pipeline Agent monitors the landing zone for new files. 

Validates file integrity and content. 

Triggers the downstream job dynamically (no fixed schedule). 

Enriches data if needed (e.g., calls external APIs for fraud 

scores). 

Loads into Cornerstone platform. 

Self-heals: If load fails, agent rolls back, fixes data issues, and 

retries. 

Monitoring and Governance Agent: 

Continuously tracks consumer lag, throughput, and data 

quality. 

Escalates complex issues to human operators. 

Optimizes costs (e.g., scales consumers during peaks). 

 

Key Agentic AI Use Cases in This Pipeline 

Anomaly Detection and Self-Healing: Agent detects 

malformed activation events (e.g., missing fields), quarantines 

them to a dead-letter topic, and auto-corrects common errors. 

Dynamic Scaling and Optimization: During peak activation 

periods (e.g., holiday promotions), agent scales Kafka 

consumers or adjusts batch windows. 

Intelligent Routing: Agent classifies events (e.g., high-risk 

activations) and routes to priority processing paths. 

Compliance and Auditing: Agent ensures PII masking before 

landing zone writes and logs actions for audits. 

Implementation Technologies 

Kafka Cluster: For durable, scalable event streaming. 

Kafka Streams/Flink: For stateful processing and agent 

integration. 

Agent Framework: LLM-based agents (e.g., powered by 

Grok or open-source models) with tools for Kafka APIs, file 

operations, and job triggers. 

Landing Zone: Cloud storage (e.g., AWS S3).4 

Big Data Platform: Cornerstone (Hadoop/Spark/Hive setup). 

Orchestration: Airflow enhanced with agent triggers. 

Results and Benefits 

Reduced Latency: End-to-end processing from activation to 

analytics reduced by 50%. 

Fewer Incidents: 80% of pipeline failures auto-resolved 

without human intervention. 

Cost Savings: Dynamic scaling reduced compute resources by 

30%. 

Improved Data Quality: Agentic validation caught 95% of 

issues early. 

Scalability: Handled 2x volume during peak seasons 

seamlessly. 

Conclusion 

The financial institution turned a tough data flow into a smart, 

self, adjusting system by upgrading a standard Kafka, based 

pipeline with agentic AI. Besides making the credit card 

activation/registration processing more efficient, this move has 

also paved the way for the bank to utilize AI in other areas like 

real, time fraud detection agents. Agentic AI is indispensable 

in today's data pipelines as it has the capability of converting 

the reactive operations into proactive, self, directed workflows. 

7. CHALLENGES AND BEST 

PRACTICES 
Attempting to use Apache Kafka for event, driven architectures 

in banking and credit card scenarios is fraught with various 

challenges that require the utmost caution when managing them 

to uphold the standards of reliability, compliance, and 

performance. 

 

The primary challenge is the attaining of precisely, once 

processing semantics in distributed streams, which is a must for 

financial transactions so as not to have duplicates or losses that 

could cause monetary discrepancies [3][9]. 

 

Another problem is schema evolution: since financial products 

and regulations change very often, schemas have to evolve in 

such a way that they do not break downstream consumers, 

therefore it is necessary to use Schema Registry with 

compatibility modes (backward, forward, full) in a very robust 

manner [23]. 

 

Security and compliance take the top place in regulated 

industries; thus, data encryption in motion (TLS) is mandatory, 

while access should be controlled by RBAC and ACLs and 

audit trails kept to meet PCI, DSS, GDPR, and PSD2 

requirements [1][2]. 

 

Monitoring and observability get very complicated when the 

system is of a considerable size: it is a must to have installed 

tools like Prometheus, Grafana, and Confluent Control Center 

that collect data on lag, throughput, partition balance, and 

consumer health so as to be able to detect and react to silent 

failures [6]. 

 

Moreover, integration with legacy mainframe systems usually 

entails custom Kafka Connect connectors, which in turn bring 

latency and transformation complications during hybrid 

migrations [15]. 

 

On the other hand, state management in stream processing (e. 

g. , aggregations for fraud scoring) requires the utmost attention 
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when tuning rocksDB and checkpointing so as not to be 

interrupted in case of a failure [9]. 

 

Best practices to mitigate these: 
• Separate clearly by using CQRS and event sourcing 

patterns and also allow replay. 

• Have full monitoring with alerts on important metrics 

(for example, under, replicated partitions, consumer 

lag > threshold) implemented. 

• Introduce tiered storage to save costs and keep data 

for a long time in case of compliance audits. 

• Encrypt and tokenize the data that is sensitive to the 

very end. 

• Perform chaos testing regularly (for example, 

network partitions) to ensure system resilience. 

• Use gradual rollout methods with feature flags when 

introducing new producers/consumers. 

• Create and define proper topic naming conventions 

and ownership governance. 

• Use Confluent Cloud or other managed services to 

make your life easier. 

• For agentic AI, have human, in, the, loop approvals 

for high, risk actions and keep decision logs. 

• Keep on reviewing and pruning topics in order to be 

able to manage the cluster growth in a sustainable 

way. 

Addressing these proactively ensures robust, compliant 

deployments [25]. 

Table 5: Key Challenges and Corresponding Best 

Practices for Kafka in Banking 

Challenge Best Practice 

Exactly-Once Semantics 
Transactional 

producers/consumers 

Schema Evolution 
Schema Registry with 

compatibility 

Security/Compliance TLS, RBAC, encryption 

Monitoring 
Prometheus/Grafana 

integration 

Legacy Integration 
Custom Kafka Connect 

connectors 

8. FUTURE SCOPE 
The convergence of event-driven architectures, Apache Kafka, 

and agentic AI opens transformative possibilities for banking 

and credit card industries in the coming years. 

As agentic AI matures, we anticipate widespread adoption of 

fully autonomous multi-agent ecosystems orchestrating 

complex workflows—such as end-to-end loan origination, 

dynamic credit limit adjustments, and real-time dispute 

resolution—operating with minimal human oversight while 

remaining fully auditable [20][21]. 

Emerging protocols like MCP and A2A will standardize agent 

interoperability, enabling cross-institution collaboration (e.g., 

shared fraud intelligence networks) while preserving data 

privacy through federated learning on streams [24]. 

Serverless streaming platforms (e.g., Confluent Cloud 

advancements) will lower barriers, allowing smaller fintechs 

and neobanks to deploy sophisticated real-time systems 

without managing infrastructure [23]. 

Integration with generative AI and large language models will 

evolve Customer 360 into conversational banking agents 

capable of natural-language financial advisory, powered by 

RAG over live transaction streams [20]. 

Quantum-resistant cryptography will become essential as 

quantum threats emerge, requiring Kafka clusters to support 

post-quantum encryption algorithms seamlessly [2]. 

Edge computing extensions will push Kafka-like processing 

closer to devices (e.g., IoT-enabled cards), enabling instant 

offline-capable fraud detection with eventual reconciliation [7]. 

Global real-time compliance agents will monitor transactions 

across jurisdictions, automatically adapting to regulatory 

changes (e.g., instant PSD3 compliance) [1]. 

Sustainability concerns will drive optimized deployments with 

green data centers and efficient compaction strategies to reduce 

carbon footprint of high-throughput clusters. 

Hybrid human-AI decision loops will dominate high-stakes 

scenarios, with agents proposing actions and humans providing 

final sign-off, blending speed with accountability. 

Blockchain and decentralized identity integration via side 

streams could enable trustless cross-bank settlements with 

Kafka as the orchestration layer. 

Predictive and prescriptive analytics will evolve into proactive 

intervention systems, preventing financial distress by detecting 

early behavioral signals. 

The future points toward a fully event-driven, intelligently 

autonomous financial ecosystem where Kafka remains the 

resilient backbone enabling innovation at unprecedented speed 

and scale [25][21]. 

9. PERFORMANCE METRICS 
This section introduces essential performance metrics obtained 

from industry, standard and real, world banking 

implementations of Apache Kafka in event, driven 

architectures. Such metrics emphasize scalability, latency, 

throughput, and efficiency improvements that are vital to 

financial applications with a high volume of transactions, e. g. 

, credit card processing and fraud detection. 

 

Table 6: Apache Kafka Performance Benchmarks in 

Financial Contexts 

 

Metric 

Typical 

Value 

(Kafka 

Deployment

s) 

Benchmark 

Source/Conte

xt 

Notes 

End-to-

End 

Latency 

(p99) 

<10-50 ms 

Confluent vs. 

Open-Source 

Kafka [0] 

Tail latency 

improveme

nts 

Throughp

ut 

1-10 Million 

messages/se

c 

Multi-broker 

clusters in 

banking [6][9] 

With 

replication 

factor 3 

Producer 

Latency 
1-5 ms 

Optimized 

configurations 

[1][5] 

Partition 

impact 
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Scalabilit

y (Nodes) 

Linear up to 

100+ 

brokers 

Financial 

services 

scaling tests 

[11] 

Horizontal 

scaling 

Fraud 

Detection 

Time 

<60 seconds 

Krungsri 

Bank case 

[11] 

Real-time 

vs. batch 

 

Table 7: Comparative Messaging System Performance 

(Including Kafka) 

System Throughput 

(msgs/sec) 

Latency 

(ms) 

Use Case 

Suitability 

(Banking) 

Apache 

Kafka 
2-10 Million 1-10 

High (real-time, 

durable) 

RabbitMQ 
50-100 

Thousand 
5-20 Medium (queues) 

Pulsar 1-5 Million 5-15 
High (multi-

tenancy) 

 

These metrics demonstrate Kafka's superiority in low-latency, 

high-throughput scenarios essential for banking 

transformations [3][9][11]. 

 
Fig.11 

10. CONCLUSION 
Event, Driven Architectures with Apache Kafka at their core 

are changing thinner workings of the banking and credit card 

industries to a large extent by cleaning the way for the real, time 

streaming platforms which are very robust and can handle big 

data in a fast and efficient way while at the same time allowing 

for strict compliance to be maintained thus the end of the batch 

oriented systems which are more rigid [3][18]. 

The new paradigm allows for real, time big data analytics to be 

performed leading to the detection of fraud within fractions of 

a second, dynamic risk scoring, and Customer 360 unified 

views which in turn can be directly linked to these deeply 

significant drops in losses (3050%) plus increased revenue 

made possible by the use of hyper, personalization [10][11]. 

The seamless integration of agentic AI transforms reactive 

systems into proactive, autonomous ecosystems where multi-

agent collaboration drives intelligent decision-making, from 

automated approvals to adaptive compliance monitoring 

[20][21]. 

Real-world deployments at institutions like Krungsri, Capital 

One, and Alpian demonstrate tangible outcomes: dramatically 

reduced latency, improved operational agility, and innovative 

services that strengthen competitive positioning against fintech 

disruptors [19][8][20]. 

By addressing challenges through established best practices—

exactly-once semantics, robust governance, end-to-end 

security, and comprehensive observability—organizations 

achieve production-grade reliability in highly regulated 

environments [9][23]. 

In the future, the streaming technologies will keep changing 

along with agentic protocols and AI capabilities that will be 

able to push the boundaries further to enable serverless, 

globally distributed, and increasingly autonomous financial 

services [24][25]. 

In the end, it is Apache Kafka that plays the role of the durable, 

scalable event backbone, thus making banks and card issuers 

not only capable of meeting the speed and personalization 

demands of today but also being the ones who are future, 

proofed for tomorrow's intelligent, customer, centric financial 

landscape. 

The time of deciding whether to adopt this architecture has 

already passed this architecture constitutes the basis of 

continuous innovation, risk reduction, and superior customer 

value provision in the digital era [1][2]. 
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