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Abstract: 

The increasing confluence of cloud computing and artificial intelligence (AI) is reshaping the financial 

services industry, with robust implications for data quality and integration. Financial institutions are 

encumbered by fragmented data architectures and low-quality datasets, which impede analytical 

accuracy, risk compliance, and real-time decision-making. This paper explores the design and 

deployment of cloud-native AI-powered pipelines engineered for cleansing, unifying, and enriching 

heterogeneous financial data in real time. This paper delves into the technical and organizational 

challenges endemic to legacy financial systems, survey state-of-the-art cloud-native AI architectural 

patterns addressing data quality, and present an integrated system framework employing 

microservices, data mesh, and event-driven streaming pipelines. The paper further details practical 

implementation approaches, metrics-driven evaluation strategies for assessing improvements in data 

quality and integration, technical considerations, and inherent limitations. Comprehensive discussion 

includes regulatory, security, and governance nuances, illustrated by recent case studies and emerging 

industry best practices. The synthesis charts a viable path forward for operationalizing scalable and 

compliant financial data ecosystems that are AI-ready for the requirements and risks of modern 

finance. 
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I. INTRODUCTION  

In the digital age, financial institutions recognize that data has shifted from a back-office asset to the very 

foundation of customer engagement, compliance, product innovation, and competitive differentiation [1]. Yet, 

ubiquitous legacy infrastructures and siloed data practices have left even major banking enterprises struggling 

with poor data quality, marginal integration capabilities, and consequent operational inefficiencies [2]. High-

profile industry missteps, such as those experienced by Charles Schwab during system migrations [3] and the 

steep regulatory penalties imposed on Citibank for ongoing data governance failures [4], epitomize the core 

liabilities that stem from these persistent issues [5].  

As the finance sector strives to embrace AI-driven decision-making and real-time analytics, the architecture 

for data quality and data integration has never been more critical [6][7]. Historically, financial firms’ data 

management strategies have been hindered by fragmented, often incompatible data sources across 

organizational and jurisdictional boundaries—limiting internal visibility and fueling compliance risk [8][9]. 

The proliferation of digital channels, increased regulatory scrutiny, and escalating cyber risks have exacerbated 

the challenge [10][11]. Improving data quality and timely access to unified, relevant information is essential 

for everything from risk assessment, fraud detection, and regulatory reporting, to customer personalization and 

competitive product launches. 

Today, the convergence of cloud-native technologies and advancements in AI/ML offer a transformative 

opportunity to reengineer data pipelines in finance from the ground up [12][13. By deploying scalable, 

federated, and intelligent systems that can ingest, cleanse, enrich, and integrate data in real time, financial 
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institutions can finally overcome the limitations of legacy architectures and unlock measurable business value 

[14][15]. This paper aims to advance the discourse by providing a comprehensive account of cloud-native AI 

solutions that address the intricate challenges of data quality and integration within the context of financial 

services 

 

II. PURPOSE AND SCOPE 

A. Purpose 

This paper delves into the architectural and methodological blueprint for deploying cloud-native, AI-powered 

pipelines tailored to the unique data quality and integration challenges faced in the financial sector. It aims to 

provide a comprehensive reference framework that addresses long-standing deficiencies in legacy systems, 

such as fragmented data silos, inconsistency, and lack of semantic enrichment. 

By leveraging modern cloud-native paradigms—including microservices, containerization, and event-driven 

processing—alongside machine learning and data mesh principles, the paper proposes a holistic strategy for 

engineering resilient and intelligent financial data pipelines. The initiative is aligned with industry goals of 

achieving operational transparency, real-time decision-making, and compliance with evolving regulatory 

standards. 

B. Scope 

 The scope of this study encompasses both technical and organizational considerations for developing AI-

augmented pipelines that cleanse, unify, and semantically enrich financial data across distributed environments. 

This includes: 

• Examination of core data quality dimensions such as completeness, accuracy, timeliness, and validity, with 

emphasis on how they affect risk modeling, compliance reporting, and business agility.  

• Analysis of streaming and batch integration approaches, orchestration layers, and metadata frameworks 

within cloud-native ecosystems. 

• Exploration of AI methods—including anomaly detection, retrieval-augmented generation (RAG), and 

semantic labelling—applied to data cleansing and enrichment tasks. 

• Review of architectural strategies such as data mesh, microservices, and federated governance in multi-

cloud deployments. 

• Design of evaluation metrics tailored for assessing pipeline performance across latency, throughput, quality 

improvement, and regulatory adherence. 

• Consideration of observability, auditability, and policy enforcement mechanisms to ensure trustworthiness 

and transparency in financial operations. 

 

III. RELATED WORK 

A. Financial Data Quality Challenges 

Persistent data quality concerns are endemic in financial services due to operational complexity, diverse data 

sources, and the need for regulatory-grade precision [2][8]. Poor data quality, including inaccurate, 

incomplete, or inconsistent information, undermines risk analysis, leads to compliance failures, and inflicts 

reputational harm. For example, Charles Schwab’s acquisition of TD Ameritrade exposed millions of users 

to data errors and inconsistencies [2], while Citibank faced ongoing penalties for data governance lapses—

even after significant remediation efforts [20]. 

Common data quality dimensions relevant to finance have been formalized as completeness, accuracy, 

consistency, uniqueness, timeliness, and validity [9][10]. Gartner and industry studies further indicate that 

only a minority of organizations’ data meets high-quality standards, with as much as 47% of new data records 

containing critical errors [9]. Financial data issues are expensive: lost revenue, regulatory fines, operational 

drag, and misinformed decision-making are standard consequences [8]. 

B. Data Integration and Siloed Systems 

Banking and insurance providers operate complex landscapes characterized by the coexistence of legacy 

platforms, modern applications, and numerous point-to-point integrations [6][7]. The result is a proliferation 

of data silos, manual reconciliation, and substantial challenges in delivering unified, real-time analytics. 

Integrating these disparate data sources in a scalable, reliable, and secure way is widely recognized as the 

primary barrier to AI adoption in finance [9][15]. 
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Recent surveys suggest that 90% of IT leaders view consolidating the data lifecycle onto a unified platform 

as vital for effective AI and analytics, yet less than half express confidence in their organization’s data quality, 

pipeline scalability, or integration capabilities [10][20]. 

C. Cloud-Native Transformation in Financial Services 

Cloud-native design patterns—containerization, microservices, DevOps, and data mesh—have become 

essential for modernizing financial data architectures [7][15]. Such approaches enable dynamic scaling, high 

resilience, and rapid innovation cycles, which are infeasible with monolithic, on-premises systems [6][18]. 

Major financial organizations—Goldman Sachs, PayPal, Stripe—have demonstrated substantive productivity, 

performance, and risk-management benefits through cloud-native architectures. However, challenges remain 

around legacy integration, compliance, security, and organizational change resistance [19][20]. 

D. AI for Data Cleansing and Enrichment 

Machine learning-driven data quality monitoring delivers superior results by proactively identifying errors, 

data drift, duplicates, and compliance risks [1][10]. AI-powered data cleansing can autonomously resolve 

issues related to freshness, completeness, and consistency and applies advanced anomaly detection and pattern 

recognition to reduce manual intervention [8][11]. Advanced enrichment techniques, such as knowledge 

graphs and retrieval-augmented generation (RAG), further enhance the context and usability of financial data 

for downstream analytics [12][13][14]. 

E. Streaming Data Integration and Real-Time Analytics 

While traditional ETL processes were batch-oriented, modern financial analytics demand low-latency 

streaming integration of transactional, market, and third-party data [1][17]. Apache Kafka, Spark Streaming, 

and cloud-native equivalents (e.g., AWS Kinesis, Azure Event Hubs) underpin real-time data integration 

pipelines that support fraud detection, compliance monitoring, and dynamic customer insights [16][18].  

 

IV. SYSTEM ARCHITECTURE 

The overall architecture is visualized in Fig. 1, illustrating the layered structure of the cloud-native AI solution 

for financial data quality and integration. 

 
Fig. 1. Layered architecture of the cloud-native AI solution for financial data quality and integration 
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A. Architectural Overview 

The proposed cloud-native AI solution for data quality and integration in finance is designed around several 

principles: 

• Scalability: Seamless scaling via containerized microservices and Kubernetes orchestration. 

• Real-time Processing: Event-driven, streaming data integration powered by Apache Kafka (or equivalent 

cloud service). 

• Data Mesh: Domain-driven data product ownership, federated governance, and distributed pipelines. 

• AI-Powered Cleansing: Automated anomaly detection, data profiling, deduplication, and missing-value 

imputation. 

• Data Enrichment: Semantic tagging, knowledge graph association, and metadata/retrieval-augmented 

enrichment. 

• Security and Compliance: End-to-end encryption, role-based access, and embedded policy enforcement. 

• Observability and Governance: Continuous monitoring, data lineage tracking, and quality metric 

dashboards. 

B. Ingestion and Streaming Integration 

 Financial data originates from a multitude of on-premises and cloud-native operational systems: core 

banking platforms, payment processors, CRM systems, third-party data vendors, IoT trading feeds, and 

regulatory databases. A robust ingestion layer, implemented through API gateways and message brokers (such 

as Apache Kafka or cloud-native equivalents like AWS Kinesis), orchestrates ingestion both in real time and 

as discrete, scheduled batches. 

Streaming enables transaction-level visibility essential for fraud detection, volatile market risk assessment, and 

regulatory reporting. Modern pipelines employ Change Data Capture (CDC) techniques, data virtualization, 

and schema-on-read to accommodate diverse formats and transaction velocities. 

C. AI Data Cleansing, Profiling, and Unification 

The processing layer leverages AI and machine learning to automate key data quality processes: 

• Profiling: Automated scans identify outliers, anomalies, missing values, and semantic inconsistencies. 

• Cleansing: ML-driven rules correct malformed or incomplete records, resolve duplicates, normalize 

currencies/identifiers, and align disparate taxonomies. 

• Validation: Statistical and business rule engines ensure accuracy, completeness, and timeliness, while 

referencing external trusted sources where possible. 

• Monitoring: Continuous quality observability surfaces metric deviations, errant feeds, or pipeline drift in 

real time. 

 AI methods—e.g., deep-learning classifiers, regression models, anomaly detectors—provide adaptive error 

detection and enable ongoing learning as source patterns evolve. 

D. Data Mesh and Unified Data Products 

The integration layer implements the data mesh model: each business domain manages its datasets/products as 

a service, with responsibilities that include data quality, lineage, and privacy by design. Datasets, once cleansed 

and enriched, are registered in a federated data catalog accessible via APIs. Governance policies and access 

rules are enforced centrally but applied at the domain level. 

Techniques such as event-driven microservices and orchestration (e.g., with Kubernetes, Argo Workflows) 

ensure pipelines are loosely coupled, resilient, and dynamically programmable. 

E. Enrichment and Metadata 

Data enrichment Data enrichment encompasses semantic annotation, knowledge graph association, and 

contextual metadata generation (e.g., using LLM-based enrichment or RAG techniques) to amplify value and 

improve downstream AI model outcomes. Robust metadata catalogs (e.g., based on Collibra, IBM Knowledge 

Catalog, Unity Catalog) provide transparency, discoverability, and regulatory traceability of lineage and 

processing. 

F. Output, Analytics, and ML Integration 

Unified and enriched datasets support business analytics, regulatory reporting, and serve as foundation for 

ML models in fraud detection, credit scoring, personalized financial products, and market forecasting. APIs 

and dashboards expose this data to internal and external stakeholders with appropriate access policies. 
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G. Governance, Security, and Observability 

Compliance and risk controls are embedded across all layers. Data is encrypted in transit and at rest, with 

multi-factor authentication, role-based access controls, and detailed audit trails fulfilling the requirements of 

GDPR, CCPA, PCI-DSS, and sector-specific mandates24. Data lineage tools provide end-to-end traceability 

for regulatory reporting and policy enforcement. 

Dashboards and observability platforms (e.g., Prometheus, Open Telemetry) support continuous monitoring 

of data pipeline performance, system health, and anomalous events—enabling proactive risk management. 

 

V. IMPLEMENTATION 

A. Cloud-Native Stack 

• Containers & Orchestration: Services run in Docker and scale via Kubernetes for resilience and self-

healing. 

• Microservices: Modular ingestion, cleansing, and analytics components ensure independent lifecycle 

management. 

• Streaming & Workflows: Kafka (or cloud equivalents) handle real-time data; Argo manages pipeline 

dependencies. 

• Storage: Cloud data lakes and warehouses (e.g., S3, Redshift) offer elastic, cost-efficient storage. 

B. AI/ML Pipelines 

• Validation and anomaly detection via TensorFlow, PyTorch, and scikit-learn. 

• Declarative configs govern cleansing/enrichment rules with audit trails. 

• LLM agents (RAG-based) exposed as microservices. 

C. Data Mesh & Connectivity 

• Federated catalogs (Open Metadata, Unity) maintain lineage, scoring, and discoverability. 

• Secure access via API gateways with fine-grained controls. 

• EDA enables plug-and-play expansion through event subscriptions. 

D. Data Mesh & Connectivity 

• GitOps-based CI/CD ensures audit-ready deployments. 

• Unified monitoring via Open Telemetry and Grafana dashboards. 

• Policy engines enforce compliance, privacy, and incident reporting. 

The overall implementation is visualized in Fig. 2. 

 
Fig. 2. Overall Implementation Flow Of the System 
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VI. EVALUATION STRATEGY 

 This section outlines the methodology for validating the architecture’s efficacy across scalability, analytical 

performance, regulatory compliance, and operational robustness. The evaluation combines synthetic testing, 

benchmark-driven and stakeholder impact analysis. 

A. Evaluation Frameworks 

To ensure the proposed solution delivers enterprise-grade reliability and regulatory assurance, the following 

frameworks can be employed:  

• Cloud-Native Reliability Framework: Validates container orchestration, service resilience, and fault 

recovery under stress conditions using tools like Chaos Mesh and LitmusChaos. 

• Policy Compliance Simulation: It performs automated audits and simulated assessments against GDPR, 

CCPA, and PCI-DSS using Open Policy Agent (OPA) and declarative policy enforcement. 

• Data Lineage and Traceability Inspection: It uses OpenTelemetry and structured logging to reconstruct 

provenance, ensuring complete visibility of data transformation and movement. 

• Stakeholder Utility Assessment: It combines feedback loops, usage metrics, and business KPIs to assess 

the interpretability, accuracy, and decision latency of enriched data assets. 

B. Performance Metrics 

The system’s effectiveness is measured through a curated set of metrics that reflect technical, analytical and 

compliance-related quality. Table I provides an overview of the key evaluation metrics 

 

TABLE I.  EVALUATION METRICS 

Metric Description 

Latency 
Time taken for data to traverse each pipeline 

stage—vital for real-time use cases. 

Throughput 
Volume of data processed per second—

indicates scalability under load. 

F1-Score 
Harmonic mean of precision and recall—used 

for assessing ML fraud detection accuracy. 

Data Validity Rate 
Percentage of ingested records that meet 

schema, integrity, and quality standards. 

Audit Trail 

Completeness 

Degree to which system interactions are logged 

and recoverable for compliance audits. 

Time-to-Insight (TTI) 

Duration from raw ingestion to actionable 

intelligence—reflects business decision 

latency. 

Semantic Consistency 

Rate 

Validates that metadata enrichment preserves 

original domain meaning across financial 

datasets 

 

VII. CHALLENGES AND LIMITATIONS 

Despite the promise of AI-integrated cloud architectures for financial systems, several technical and 

organizational hurdles persist. This section outlines key constraints and areas for future optimization. 

A. Latency and Throughput Bottleneck 

Real-time systems processing high-frequency financial transactions must contend with sub-millisecond 

latency thresholds. Network jitter, container scheduling delays, and distributed consensus overheads (e.g., 

from Raft or Paxos protocols) may affect performance. Hardware acceleration using FPGAs or GPUs helps 

but introduces complexity in tuning and maintenance.  

B. Interoperability Across Legacy and Modern Systems 

 Financial institutions often operate hybrid environments comprising legacy mainframes, COBOL-based 

batch systems, and modern microservices. Semantic mismatches and data serialization conflicts require careful 

mediation via protocol adapters, backward-compatible schemas, and transformation gateways.  
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C. Explainability and Algorithmic Transparency 

AI-driven automation, particularly in fraud detection and risk scoring, must meet regulatory demands for 

interpretability. Black-box models such as deep neural networks pose governance challenges. Techniques like 

SHAP, LIME, and counterfactual reasoning help reveal decision boundaries but lack universal applicability. 

D. Compliance Drift and Policy Enforcement 

Dynamic cloud environments risk policy misalignment due to rapid code releases, infrastructure changes, or 

misconfigured access controls. Continuous compliance mechanisms—such as OPA-based policy checks, 

attestation pipelines, and audit trail versioning—require vigilant upkeep and domain-specific tuning. 

E. Human-in-the-Loop Coordination 

Complex events such as anomalous trading spikes or geopolitical disruptions demand coordinated decision-

making across analysts, regulatory officers, and technical responders. Balancing AI autonomy with guided 

human oversight remains an open orchestration challenge, particularly in regulated markets. 

 

CONCLUSION 

 The fusion of AI-driven reasoning with cloud-native financial infrastructure offers a compelling solution 

for responsive, scalable, and ethically governed systems. By abstracting orchestration through modular 

microservices, leveraging interoperable telemetry frameworks, and embedding compliance mechanisms into 

the fabric of the architecture, technical resilience and regulatory alignment can be simultaneously achieved. 

However, as this paper illustrates, these innovations introduce new trade-offs in explainability, latency, and 

human oversight—underscoring the continued need for interdisciplinary collaboration between engineers, data 

scientists, policymakers, and domain experts. Future work will explore adaptive multi-agent systems capable 

of self-tuning operational parameters while preserving auditability and domain-specific guardrails. 

Ultimately, the proposed architectural principles and implementation patterns set the stage for resilient, 

transparent, and responsible financial data ecosystems—ones that not only scale with technological 

advancement but serve broader societal goals. 

 

REFERENCES: 

[1] R. K. Sinha, “Streaming Data Pipelines and AI-Driven Cleansing: A Financial Institution’s Journey to 

Enhanced Risk Assessment,” European Journal of Computer Science and Information Technology, vol. 

13, no. 40, pp. 91–103, 2025. 

[2] A. Dutta, “Data Errors in Financial Services: Addressing the Real Cost of Poor Data Quality,” 

TDAN.com, Nov. 2024. [Online]. Available: https://tdan.com/data-errors-in-financial-services/  

[3] N. Pappu, “The Architecture of Enterprise AI Applications in  Financial Services,” Zendata, Feb. 2025. 

[Online]. Available: https://www.zendata.com/blog/architecture-of-enterprise-ai-applications  

[4] K. Bailey, “AI KPIs: How to Track and Measure AI Performance,” Corporate Finance Institute, 2024. 

[Online]. Available: https://corporatefinanceinstitute.com/resources/ai-kpis-performance/  

[5] “Unlocking Financial Insights with Finch: Uber’s Conversational AI Data Agent,” Uber Engineering 

Blog, Jul. 2024. [Online]. Available: https://eng.uber.com/finch-ai-agent/  

[6] S. C. Seethala, “Cloud and AI Convergence in Banking & Finance Data Warehousing: Ensuring 

Scalability and Security,” European Journal of Advances in Engineering and Technology, vol. 9, no. 3, 

pp. 190–192, 2022. 

[7] V. Velichala, “Demystifying Cloud-Native Architecture in Financial Technology: A Roadmap for 

FinTech Transformation,” TIJER, Jun. 2025. 

[8] A. Flores, “How to Fix Common Finance Data Quality Issues,” Paystand, Feb. 2025. [Online]. 

Available: https://www.paystand.com/blog/data-quality-issues  

[9] “Financial Data Quality Management: Best Practices & Strategies,” DQLabs.ai, 2025. [Online]. 

Available: https://www.dqlabs.ai/blog/financial-data-quality-management/  

[10] S. Thomas, “Preparing Finance Data for AI: A 5-Step Data Cleansing Checklist,” Datafloq, Nov. 2024. 

[Online]. Available: https://datafloq.com/read/preparing-finance-data-for-ai/  

[11] L. Malandri et al., “RE-FIN: Retrieval-based Enrichment for Financial Data,” Proceedings of COLING, 

2025. 

[12] M. Ciavotta et al., “Supporting Semantic Data Enrichment at Scale,” in Technologies and Applications 

for Big Data Value, Springer, 2022. 

https://www.ijirmps.org/
https://tdan.com/data-errors-in-financial-services/
https://www.zendata.com/blog/architecture-of-enterprise-ai-applications
https://corporatefinanceinstitute.com/resources/ai-kpis-performance/
https://eng.uber.com/finch-ai-agent/
https://www.paystand.com/blog/data-quality-issues
https://www.dqlabs.ai/blog/financial-data-quality-management/
https://datafloq.com/read/preparing-finance-data-for-ai/


 Volume 13 Issue 5                                  @ Sep - Oct 2025 IJIRMPS | ISSN: 2349-7300        

 

IJIRMPS2505232716          Website: www.ijirmps.org Email: editor@ijirmps.org 8 
 

[13] C. Keyser, “Enrich Your Data with Metadata Enrichment Powered by Large Language Models,” IBM 

Research Blog, Jun. 2024. [Online]. Available: https://research.ibm.com/blog/metadata-enrichment-

llms  

[14] J. Hilleary, “The Power of Knowledge Graphs within the Financial Industry,” Ontotext Blog, Nov. 

2024. [Online]. Available: https://www.ontotext.com/blog/knowledge-graphs-financial-industry/  

[15] D. Eller, “Solving the Finance Industry's Data Management Woes with Data Mesh,” ITProToday, Jun. 

2025. [Online]. Available: https://www.itprotoday.com/data-mesh-fintech  

[16] “Event-Driven Microservices with Apache Kafka and Other Streaming Frameworks: A Financial 

Services Perspective,” Infosys, 2025. [Online]. Available: https://www.infosys.com/kafka-

microservices-finance  

[17] “Introducing NVIDIA Dynamo: A Low-Latency Distributed Inference Framework,” NVIDIA, 2025. 

[Online]. Available: https://developer.nvidia.com/blog/introducing-dynamo-framework  

[18] B. Chauhan, “AI Workloads on the Cloud: Building High-Throughput, Low-Latency Data Pipelines,” 

MothersonTechnology, May 2025. [Online]. Available: 

https://www.mothersontechnology.com/blog/ai-data-pipelines  

[19] Distributed data consistency: Challenges & solutions,” Endgrate, Sep. 2024. [Online]. Available: 

https://www.endgrate.com/blog/distributed-consistency-challenges   

[20] “Achieving data governance for financial services,” Google Cloud, Sep. 2022. [Online]. Available: 

https://cloud.google.com/solutions/financial-services-data-governance  

 

 

 

 

 

 

https://www.ijirmps.org/
https://research.ibm.com/blog/metadata-enrichment-llms
https://research.ibm.com/blog/metadata-enrichment-llms
https://www.ontotext.com/blog/knowledge-graphs-financial-industry/
https://www.itprotoday.com/data-mesh-fintech
https://www.infosys.com/kafka-microservices-finance
https://www.infosys.com/kafka-microservices-finance
https://developer.nvidia.com/blog/introducing-dynamo-framework
https://www.mothersontechnology.com/blog/ai-data-pipelines
https://www.endgrate.com/blog/distributed-consistency-challenges
https://cloud.google.com/solutions/financial-services-data-governance

