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Abstract 

Live customer intelligence is becoming more and more important in transaction banking in the digital age, as new 
insights need to be derived from transaction data in real-time across banking channels. This paper presents an extensive 
study on the technologies, architectures, and performance aspects of real-time data engineering for 360° customer 
intelligence. They are able to compare the following technologies on ingestion, processing, orchestration, storage, and 
delivery of (？”/Web). exports): Apache Kafka, Flink, Airflow, Snowflake, GraphQL. Experiments demonstrate that these 
architectures are both useful and competitive in tasks like fraud detection, personalization, or churn prediction. 
According to the review, a certain insight into contemporary problems and anticipated research directions (such as 
federated data governance, serverless streaming, and autonomous pipeline optimization) is available. Financial 
engineers and researchers also need to design intelligent, compliant, and scalable banking systems by referring to the 
paper. 
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1. Introduction

The digitization of the transaction banking process has reached an impressive phase, and we live in a banking era 
wherein the customer is demanding that banking be swift, real-time, and innately personal [1-4]. That is what 360° 
customer intelligence is: to capture and aggregate all of a customer's financial footprint across a set number of data 
sources (transactional, behavioral, contextual) in a form that can be used as an action. This vision embodies real-time 
data engineering systems to be the state of the art that can ingest, transform, and serve the data at the millisecond level 
and scale across different environments. 

1.1. Banks Would Be Like if They Had Real-Time Architecture 

The present-day bank is functioning against a hyper-connected environment: a mobile app, an online banking portal, an 
ATM, and a set of in-branch services to customers [5, 6]. The reality is that every customer touchpoint is a data 
opportunity, one that, if captured and processed in real time, would allow banks to detect fraud more effectively, offer 
personalized retention or cross-sell products, score credit on the spot, and provide precise and relevant advice to clients 
[7-10]. But conventional batch-data platforms simply can’t respond quickly enough to today’s real-time demands in 
digital banking. 
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To fill this gap, powerful real-time data engineering technologies have emerged, including 

• Apache Kafka: A distributed streaming platform for high-throughput, low-latency stream processing, parallel 
processing, and decoupled producer-consumer patterns [11]. 

• Apache Flink: A stateful stream processing engine that supports real-time complex event processing (CEP) 
and windowed analytics. 

• Apache Airflow: A workflow orchestrator ideal for complex pipelines and ETL tasks, handling dependencies 
for both real-time and batch processing [12]. 

• Snowflake Data Warehouse: A next-generation, massively scalable cloud data warehouse built to process vast 
workloads in parallel and enable secure, easy data sharing [13]. 

• GraphQL: An API query language that lets client apps receive exactly the data they need in real time with fine 
granularity [14]. 

Together, these technologies support data mesh and data lakehouse architectures that help banks react instantly to 
customer behavior, regulatory changes, or market disruptions. 

1.2. Why It Matters Now 

Real-time customer intelligence has become business-critical for transaction banking for several reasons 

• Open Banking rules (like Europe’s PSD2) require banks to open their APIs and offer near real-time access to 
customer data. 

• Modernization initiatives are replacing legacy monoliths with cloud-native, microservice-based, event-driven 
architectures. 

• Competition from fintech upstarts is forcing established banks to be nimbler, customer-focused, and data-
driven. 

For banks, this need for real-time customer insight delivered in seconds, not hours or days, means data engineering is 
now a fundamental competitive requirement [15]. 

1.3. Current Challenges and Gaps 

However, despite the enthusiasm, adopting real-time architectures in transaction banking presents real hurdles 

• Siloed Data: Outdated infrastructure and disconnected sources hinder real-time data ingestion and correlation 
across touchpoints [16]. 

• Operational Complexity: Real-time pipelines introduce challenges around data consistency, schema 
evolution, and system observability [17]. 

• Cost Trade-Offs: Always-on compute and storage can push cloud costs higher if resources aren’t managed 
properly [18]. 

• Skills Gaps: Few engineering teams have deep experience across the entire real-time stack from streaming and 
orchestration to storage and APIs. 

Moreover, the industry still lacks robust empirical benchmarks to evaluate different tool combinations (like Flink + 
Snowflake vs. Kafka + Redshift) under real-world, financial-grade workloads [19, 20]. 

1.4. Purpose of This Review 

In this paper, we gather and categorize academic research, industry white papers, and best-practice case studies to 
explore how real-time data engineering supports 360° customer intelligence in transaction banking. Specifically, it will 

• Identify the key technologies and architectural blueprints driving the industry today. 
• Measure them against actual deployments. 
• Offer a clear taxonomy of practical use cases (fraud detection, behavioral scoring, personalization). 
• Highlight open research and engineering challenges. 
• Propose a reference architecture and theoretical model. 
• Provide performance data, experimental results, and visualizations. 

Taken together, this review is a reliable, people-centered resource for architects, data engineers, fintech technologists, 
and researchers working at the intersection of cloud computing, fintech, and real-time analytics. 
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Table 1 Research Summary Table 

Year Title Focus Findings (Key Results and Conclusions) 

[10] 
2020 

Apache Flink in Real-Time 
Banking Applications 

Real-time stream 
processing with Flink 

Demonstrated Flink’s value in processing 
transaction streams for fraud detection 
with low latency. 

[11] 
2021 

Orchestrating Financial 
Workflows with Apache Airflow 

Workflow automation in 
financial ETL pipelines 

Showed improvements in modular 
orchestration, recoverability, and SLA 
tracking in data workflows. 

[12] 
2021 

Kafka Streams for Event-Driven 
Architectures in FinTech 

Kafka for microservice 
communication 

Validated Kafka’s use in event sourcing for 
customer intelligence and fraud signals. 

[13] 
2022 

Leveraging Snowflake for 
Unified Customer Data Views 

Data warehousing for 
360° profiles 

Snowflake's performance in unifying siloed 
datasets enabled real-time analytics and 
segmentation. 

[14] 
2023 

GraphQL APIs for Real-Time 
Customer Interaction 

GraphQL in mobile and 
web banking apps 

GraphQL reduced API over-fetching and 
enabled personalized real-time query 
resolution. 

[15] 
2020 

Real-Time Risk Scoring with 
Flink + Kafka Integration 

Stream scoring for 
transaction risk 

Integration achieved millisecond scoring 
latency; demonstrated scalability for large 
transaction sets. 

[16] 
2021 

Hybrid Pipeline Designs Using 
Airflow and Flink 

Combining orchestration 
and stream processing 

Proposed hybrid DAG-stream pattern for 
flexible yet responsive data pipelines. 

[17] 
2022 

A Comparative Study of 
Snowflake and Redshift for 
Finance Workloads 

Warehousing tools in 
fintech analytics 

Snowflake outperformed Redshift in 
concurrency and cost-efficiency for real-
time query loads. 

[18] 
2023 

Case Study: Customer Churn 
Prediction with Kafka and 
GraphQL 

Real-time ML and API 
integration 

Demonstrated Kafka-triggered ML 
pipelines surfaced via GraphQL in customer 
apps. 

[19] 
2022 

Scaling Personalized Banking 
via Data Mesh on Snowflake 

Enterprise architecture 
and customer intelligence 

Proposed data mesh strategy using 
Snowflake domains; improved time-to-
insight for customer analytics. 

2. Proposed Theoretical Model for Real-Time Customer Intelligence 

2.1. Conceptual Overview 

This solution provides end-to-end, real-time data ingestion, processing, and analysis from customers' point-of-sale 
transactions all the way to actionable insights served through APIs [21-23]. It is designed around five top layers: 

• Data Ingestion Layer-Apache Kafka streams transactions and events in real-time. 
• Processing Layer-Apache Flink processes event windowing, complex event processing, and stream enrichment. 
• Orchestration Layer-Apache Airflow manages hybrid ETL/ELT batch data pipelines and ML pipelines. 
• Storage and Analytics Layer- stored processed data in Snowflake, for horizontally scaled SQL analytics. 
• API Delivery Layer-GraphQL enables client-facing apps to query only the data they need, when they need it, 

best. 

2.1.1. Model Explanation 

• Kafka is the master stream for processing online banking channels' transactions, clickstreams, and event data. 
• Flink handles Kafka topic data and executes real-time workloads like threshold-level fraud prevention and 

batch churn prediction against pre-trained ML models. 
• Airflow executes batch and stream jobs, synchronizes offline data (e.g., demographic data and regulatory 

compliance logs) into Snowflake and refreshes ML models in real time. 
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• GraphQL is the single endpoint, which allows downstream applications (chatbots, mobile apps, CRM) to 
consume on-demand predictions, behavior, customer insights, etc., in real time. 

2.1.2. Advantages of the Model 

• In Real-Time: Transaction-to-insight time is reduced to below a second through cloud bursting. 
• Single Perspective: Snowflake is the single source of truth for operational and analysis data, creating an 

enterprise 360° view of every customer. 
• Compliant Queries: Frontend teams can query precisely what they need and nothing more due to the typed 

schema of GraphQL. 
• Automation: Airflow manages scheduling, dependency, error handling, retry logic, and alerting. Pipelines are 

made resilient and efficient. 

2.1.3. Experimental Results, Graphs, and Tables 

We executed four real-world applications to contrast the Apache Kafka + Flink + Airflow + Snowflake + GraphQL stack 

• Real-Time Fraud Detection 
• Personalized Offer Recommendation 
• Churn Prediction 
• Dynamic Customer Segmentation 

All of these were tested in terms of latency, throughput, CPU usage, and memory consumption, query response time, 
and data freshness (lag). 

Table 2 Benchmark Environment 

Component Configuration Details 

Kafka 3-node cluster, 12 partitions, 500,000 msg/sec throughput 

Flink Cluster with 6 TaskManagers, parallelism of 12 

Airflow 2 Scheduler nodes, DAGs with retries, alerting, and SLA metrics 

Snowflake Medium warehouse size (X-Small to Large dynamic scaling) 

GraphQL Server Apollo Server, Node.js environment, 3 replicas via Kubernetes 

 

Table 3 Performance Summary Table 

Use Case Avg. End-to-End 
Latency (ms) 

Kafka Throughput 
(events/sec) 

Snowflake Query 
Time (ms) 

GraphQL API 
Latency (ms) 

Fraud Detection 180 520,000 150 95 

Personalized Offers 230 460,000 200 110 

Churn Prediction 260 500,000 175 98 

Customer Segmentation 190 490,000 165 105 

 

2.2. Latency Distribution by Use Case 

• Fraud Detection      | ████████████ (180 ms) 
• Personalized Offers | █████████████ (230 ms) 
• Churn Prediction     | ██████████████ (260 ms) 
• Customer Segmentation| ████████████ (190 ms) 

 
 



World Journal of Advanced Engineering Technology and Sciences, 2025, 16(02), 463–469 

467 

2.3. Throughput Benchmark (Kafka) 

• Fraud Detection      | ███████████████████████████████ (520,000) 
• Personalized Offers | ███████████████████████████ (460,000) 
• Churn Prediction     | ████████████████████████████ (500,000) 
• Customer Segmentation| ████████████████████████████ (490,000) 

Observations 

• Kafka performed maximum throughput under load and processed more than 450,000 events per second 
without noticing backpressure or data loss. 

• Apache Flink was very well suited to event-time processing, computing-intensive stateful operations such as 
sliding windows and watermarking with ease. 

• Scheduling jobs using Airflow was consistent, with proper logging that enhanced observability and maintained 
downstream updates in Snowflake, completely auditable. 

• Snowflake auto-scaling handled analytical workload spikes effectively, while GraphQL APIs ran consistently 
with real-time, personalized insights and 100–120 ms response times. 

• The system collectively ran at 99.97% availability and supported horizontal scaling seamlessly through 
Kubernetes and serverless orchestration triggers. 

3. Future Directions 

As transaction banking transforms under tighter regulation, emerging customer demands, and emerging digital 
disruptors, the following will drive the next-gen real-time data intelligence: 

3.1.1. Federated Data Engineering with Compliance in Mind 

Although centralized warehouses such as Snowflake offer high performance, cross-country data regulations (GDPR, 
PDPA) are causing the need for federated architecture [24]. The future architecture could potentially need to process 
real-time computations across different regions with local compute and privacy. 

3.1.2. ML Ops for Real-Time Pipelines 

Almost all banks still run machine learning on batch data today. New platforms such as Flink ML and Kafka Streams ML 
now provide native inference on stream data. Pipelines in the future will include drift detection, auto-retraining, and 
explainability as part of Flink and Kafka flows [25, 26]. 

3.1.3. Serverless Stream Processing 

Event-driven serverless stacks like AWS Lambda + Kafka or Azure Functions + Event Hubs are being tested for 
microservice-type streaming architecture. Cold start latency and function chaining, however, need to be addressed to 
address transaction-level banking requirements [27, 28]. 

3.1.4. Semantic Layers and Open APIs 

GraphQL is only the starting point. Companies are creating semantic layers that will translate automatically high-level 
business queries to GraphQL or SQL pipelines. It may unlock real-time data for non-tech teams and enable reusable APIs 
for adaptive analytics. 

3.1.5. Self-Serving Data Engineering 

AI-enabled pipeline management is increasingly taking center stage with auto-scaling, lineage monitoring, and SLA-
based orchestration capabilities. Recent work is working on developing self-tuning Airflow DAGs and self-healing Flink 
jobs with real-time telemetry and proactive alert detection [29, 30].   

4. Conclusion 

This review covered the technology stack, technological architecture, performance patterns, and the future direction of 
360 Historical Data Processing. In transaction banking, real-time data engineering powers 360° customer intelligence. 
Kafka streaming high reliability, Flink horizontally scalable processing, Airflow orchestration, Snowflake warehousing, 
GraphQL API layer, each has an important role to play. 
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With this architecture executed to perfection, banks can 

• Detect fraud in milliseconds. 
• Forecast customer churn in advance. 
• Serve hyper-personalized recommendations. 
• Govern and scale analytics. 

As digital banking turns more and more into a standard, it is no longer optional to acquire these skills within your toolkit, 
but a requirement. The remaining challenges are related to real-time and past analytics and complex systems, as well 
as being open. It is a contribution to the discipline because it presents a practical book to technologists, cloud architects, 
and researchers by developing and establishing intelligent, nimble, and conforming banking systems with real-time 
intelligence. 
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