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ABSTRACT: Ubiquitous digitalization and increasing regulatory scrutiny are creating unprecedented business 

opportunities and risks for insurance carriers and retirement service providers. Developing next-generation insurance and 

retirement data products that leverage the cloud, deploy advanced capabilities, adopt a data product mindset, and 

implement robust data governance can enhance business direction, decision-making speed, performance, and 

responsiveness to newcomers and disruptors. Integrating these elements into a single master data management (MDM) 

framework for insurance and retirement domains is essential for orchestrating quality, reliable, consistent, and 

trustworthy data assets and delivering seamless advanced data services to the organization. 

 

Mission-critical business operations depending on data assets in these domains have a long history of data management 

challenges. As a result, many organizations have addressed the need for structured enterprise-wide data governance, 

investment in scalable and secure AI/ML platforms for strategical and operational functions, and creation of sharable 

data products. Growing investment in next-generation data and analytics solutions has informed the integration of cloud-

native architecture, AI/ML enablement, and data product enablement into a reference architecture and MDM framework 

validated with industry benchmarks. Cloud-native architecture is increasingly essential to support the deployment of 

scalable enterprise-level data solutions. AI/ML investments have expanded well beyond research functions, creating 

mission-critical production workloads required for business operations or providing customer-facing services. The data 

product enablement paradigm drives the creation of enterprise-wide MDM capabilities with shared data product lifecycles 

governed by business need rather than technology requirements. 

 

KEYWORDS: Cloud-Native Architecture, Artificial Intelligence in Insurance, Master Data Management (MDM), 

Retirement Data Products, AI-Driven Data Governance, Insurance Digital Transformation, Scalable Data Platforms, 

Intelligent Data Integration, Hybrid Cloud Computing, Enterprise Data Modernization. 

 

I. INTRODUCTION 

 

Insurance, retirement, and related industries depend on specialized data products that encompass multiple types of 

business data and analytics-ready datasets. These products support processes ranging from identity management to 

actuarial modeling, fraud detection, claims processing, and multi-product offers. Development and operation of such 

products during the next decade must capitalize on the capabilities provided by cloud-native architecture, enable artificial 

intelligence/machine learning (AI/ML) with a data product lifecycle, and incorporate thorough governance and 

stewardship model—an integration that is equally relevant to other domains. 

 

Cloud-native AI is new to many sectors. Economic models, skilled resources, and data analytics maturity enable true 

insurance and retirement AI; more than 80% of C-level executives plan to increase investments in AI. Investor pressure 

to reduce costs, improve customer experience, and increase agility underpins the AI strategy of 77% of company 

executives. AI/ML platforms that automatically provision resources, smooth the development and training of models, 

ease deployment and monitoring, and drive model lifecycle can provide a substantial portion of the anticipated gains. 

Cloud-native architecture offers the scalability, resilience, and pay-per-use pricing essential for support of analytics 

products, whether utilized for enterprise data warehousing or in private clouds. 

 

 

http://www.ijeetr.org/
mailto:rameshhinala@gmail.com


International Journal of Engineering & Extended Technologies Research (IJEETR) 

                        |ISSN: 2322-0163| www.ijeetr.com | A Bimonthly, Peer Reviewed, Scholarly Indexed Journal | 

| Volume 8, Issue 3, May - June 2026 | 

DOI:10.15662/IJEETR.2026.0803006 

IJEETR©2026                                                        |     An ISO 9001:2008 Certified Journal   |                                                    5051 

 

Table 1. Core Components of the Proposed Cloud-Native AI and MDM Framework 

 

Component Description Key Technologies Business Value 

Cloud-Native 

Infrastructure 

Provides scalable and resilient 

deployment environment 

Kubernetes, Containers, 

Hybrid Cloud, Service Mesh 

Elastic scalability and 

reduced infrastructure cost 

AI/ML Enablement 

Layer 

Supports model training, 

deployment, orchestration, and 

monitoring 

MLFlow, Apache Airflow, AI 

Pipelines 

Faster AI deployment and 

operational intelligence 

Master Data 

Management (MDM) 

Maintains trusted and governed 

enterprise master data 

Golden Records, Metadata 

Management, Data 

Stewardship 

Data consistency and 

enterprise trust 

Data Governance 

Layer 

Ensures compliance, lineage, 

policy enforcement, and 

stewardship 

Data Lineage Tools, 

Compliance Frameworks 

Regulatory compliance and 

audit readiness 

Data Product Layer 
Delivers analytics-ready and 

reusable enterprise datasets 

APIs, Data Pipelines, Data 

Catalogs 

Faster business decision-

making 

Observability and 

Monitoring 

Tracks system health, model 

quality, and operational 

performance 

Telemetry, Logging, Metrics 

Dashboards 

Improved reliability and 

SLA adherence 

 

II. BACKGROUND AND MOTIVATION 

 

The emergence of cloud-native architectures offers the prospect of all these capabilities being integrated into a single 

solution by fostering a common mindset across data solutions, AI/ML products, and Master Data Management (MDM). 

The relevance of these architectural considerations is further emphasized by a combination of AI/ML enablers and the 

evolution of infrastructure and service meshes, making it possible to organically produce and support analytics-ready 

datasets without incurring high costs or compromising on timeliness and trustworthiness. To create and sustain cloud-

native insurance and retirement Data Products, AI/ML capabilities must therefore be incorporated into dedicated tooling, 

operational processes must be defined and supported through orchestration frameworks, and data governance models 

established. The AI/ML roadmap depicted in adds detail to the Service Mesh (SM) patterns identified in . Orchestration 

patterns for temporal and ad-hoc ML lifecycles are described. To achieve a balanced integration of AI/ML tooling across 

products, the management of Data Products and a comprehensive set of MDM capabilities must be formalized in a 

dedicated SM. 

 

The increasing volume and scale of AI/ML initiatives have made the need for an AI/ML-ready data architecture 

increasingly backward-looking. AI/ML systems are final products in their own right, and they define a data environment 

that is largely independent of, yet closely coupled to the coverage and operational processes of traditional sources and 

sinks. The AI/ML-enabled data architecture shifts the focus away from supporting short-term project-based use cases and 

towards the provision of production-grade AI/ML tooling on which applications can be organically deployed and 

operated, with a much smaller resource footprint. At the same time, a much wider set of use cases can be explored by 

business units and external customers.  

 

Table 2. AI/ML Lifecycle Activities in the Proposed Architecture 

 

Lifecycle Phase Activities Supporting Tools Expected Outcomes 

Experimentation Model prototyping and testing MLFlow, Jupyter, TensorFlow Rapid innovation 

Training 
AI model training with enterprise 

datasets 
GPU Clusters, Kubernetes Improved model accuracy 

Validation Quality and compliance testing 
Automated Testing 

Frameworks 

Reliable and compliant AI 

models 

Deployment Production deployment of AI services CI/CD Pipelines, Containers Faster release cycles 

Monitoring 
Continuous monitoring of model 

performance 

Telemetry, Observability 

Platforms 
Early anomaly detection 
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Lifecycle Phase Activities Supporting Tools Expected Outcomes 

Governance Policy enforcement and auditing Data Governance Frameworks 
Risk reduction and 

accountability 

 
2.1.AI/MLPlatformandOrchestration                                                                                                                                    

Microservices, containers, and serverless computing simplify deployment and scaling while dramatically increasing 

utility and lowering cost. Enabling these capabilities for AI and machine learning requires additional service oriented 

architecture components to support lifecycle activities like experimentation and orchestration; therefore, from a service 

mesh perspective, a dedicated “AI and ML pattern” completes the patterns decribed above. This pattern typically includes 

but is not limited to the following components: 

 

Experimentation and Lifecycle Management. With the increasing number of AI and machine learning algorithms, their 

usage, the rapid changes of their implementation and life cycle, it is challenging to track and monitor these activities 

within a traditional project life cycle process without dedicated tooling (such as MLFlow). Dedicated ML operations 

tooling can cover some of these requirements, enabling better planning, control and monitoring of AI algorithms, but also 

raise other considerations. For example, it can introduce additional controlling checks through the AI lifecycle that are 

not required within normal software development (e.g., is it really necessary that the data scientists manually check and 

approve each model before using it in a production-like environment, or could routers based on thresholds and regular 

testing deal with this?). In other cases, some disciplines also may feel that these additional levels of control could limit 

their ability to react quickly to external pressures. Automation testing of models and algorithms (both on input data and 

output quality), together with the support by good Data Governance approaches, can provide additional levels of comfort. 

 

Orchestration of Workloads and Workflows. The integration of AI or machine learning capabilities within an operational 

system is typically orchestrated by dedicated tooling (such as Apache Airflow). Within the service mesh, these do not 

run as non-intrusive services (i.e. only triggered when data needs to be processed) but need to run more or less 

permanently (with internal load balancing) as the functionality exposed is required for many parts of the company on an 

ad-hoc basis. 

 

Mathematical Formulas: 

1. Policy Premium Calculation 

Used in insurance pricing models. 

𝑃 = 𝑅 × 𝐸 
 

Where: 

 𝑃= Premium  

 𝑅= Risk factor  
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 𝐸= Exposure amount  

2. Loss Ratio 

Relevant to claims analytics and actuarial modeling. 

𝐿𝑅 =
𝐶

𝑃
 

 

Where: 

 𝐿𝑅= Loss Ratio  

 𝐶= Claims Paid  

 𝑃= Premium Earned  

3. AI Model Accuracy 

Used for AI/ML governance and monitoring. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

Where: 

 𝑇𝑃= True Positives  

 𝑇𝑁= True Negatives  

 𝐹𝑃= False Positives  

 𝐹𝑁= False Negatives  

4. Cloud Resource Utilization 

Supports autoscaling and orchestration. 

𝑈 =
𝑅𝑢

𝑅𝑡

× 100 

 

Where: 

 𝑈= Utilization (%)  

 𝑅𝑢= Resources Used  

 𝑅𝑡= Total Resources  

5. Data Quality Score 

Aligned with MDM and governance framework. 

𝐷𝑄𝑆 =
𝑉

𝑇
× 100 

 

Where: 

 𝐷𝑄𝑆= Data Quality Score  

 𝑉= Valid Records  

 𝑇= Total Records  

6. SLA Availability 

Connected to resilience and fault tolerance. 

𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =
𝑇𝑢

𝑇𝑢 + 𝑇𝑑
 

 

Where: 

 𝑇𝑢= Uptime  

 𝑇𝑑= Downtime  

7. Fraud Detection Probability 

Useful for AI-enabled insurance systems. 

𝑃(𝐹) =
𝑁𝑓

𝑁𝑡

 

 

Where: 

 𝑃(𝐹)= Fraud Probability  

 𝑁𝑓= Fraudulent Claims  

 𝑁𝑡= Total Claims  
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8. Data Pipeline Throughput 

Used in cloud-native data processing. 

𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 =
𝐷

𝑇
 

 

Where: 

 𝐷= Data Processed  

 𝑇= Time  

 

9. Autoscaling Rule 

Related to Kubernetes/cloud orchestration. 

𝑁 = ⌈
𝐿

𝐶
⌉ 

 

Where: 

 𝑁= Required Nodes  

 𝐿= Current Load  

 𝐶= Capacity per Node  

 

10. Retirement Fund Growth 

Relevant to retirement data products. 

𝐹𝑉 = 𝑃𝑉(1 + 𝑟)𝑛 
 

Where: 

 𝐹𝑉= Future Value  

 𝑃𝑉= Present Value  

 𝑟= Interest Rate  

 𝑛= Number of Years  

 

11. Metadata Completeness 

Supports lineage and governance. 

𝑀𝐶 =
𝑀𝑐

𝑀𝑡

× 100 

 

Where: 

 𝑀𝐶= Metadata Completeness  

 𝑀𝑐= Completed Metadata Fields  

 𝑀𝑡= Total Metadata Fields  

 

12. Event Processing Latency 

Relevant for real-time AI workloads. 

𝐿𝑎𝑡𝑒𝑛𝑐𝑦 = 𝑇𝑟 − 𝑇𝑠 
 

Where: 

 𝑇𝑟= Response Time  

 𝑇𝑠= Start Time  

 

13. Risk Exposure Score 

Used in actuarial and underwriting analytics. 

𝑅𝐸𝑆 = 𝑃𝑟 × 𝐼 
 

Where: 

 𝑅𝐸𝑆= Risk Exposure Score  

 𝑃𝑟= Probability of Risk  

 𝐼= Financial Impact  
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14. AI Model Drift 

Useful for continuous monitoring. 

𝐷𝑟𝑖𝑓𝑡 =∣ 𝐷𝑡 − 𝐷𝑟 ∣ 
 

Where: 

 𝐷𝑡= Current Data Distribution  

 𝐷𝑟= Reference Distribution  

 

III. CORE CONCEPTS: CLOUD-NATIVE AI, MASTER DATA MANAGEMENT, AND DATA PRODUCTS 

 

The integrated approach relies on core concepts, including the combination of cloud-native architecture and AI 

capabilities, a master data management (MDM) framework, and the creation of robust and governance-enabled data 

products. Cloud-native AI infuses automation capabilities into business processes, providing effective solutions to hard 

problems; MDM enables the management of a business domain by establishing and nurturing a common source of 

accurate and timely data; and a data product acts as a self-contained, shareable, and governable data asset. 

 

A data product resides in the MDM layer and undergoes a defined lifecycle starting with design, followed by build, test, 

deployment, and run phases. Various life-cycle phases are orchestrated by experienced data stewards, whereas product 

life-cycle execution is automated as much as possible. Infrastructure services, such as Kubernetes, and application-level 

tools for CI/CD, observability, metrics, and security, provide the foundation for enabling the product-life-cycle execution 

in a cloud-native manner. 

 

Table 3. Comparison of Cloud-Native Maturity Levels for Data Management 

 

Maturity 

Level 
Characteristics Architecture Style Limitations Advantages 

Low Maturity Cloud-hosted traditional systems Virtual Machines Limited scalability Simple migration path 

Moderate 

Maturity 
Service-oriented orchestration 

Enterprise Service 

Bus (ESB) 

Tight coupling of 

services 
Improved resilience 

High Maturity 
Declarative service mesh and 

event-driven systems 

Kubernetes + Service 

Mesh 

Higher operational 

complexity 

Maximum scalability 

and elasticity 

 

3.1.DataProductLifecycle                                                                                                                                                                                 

Data products, including analytics-ready datasets for exploratory and statistical analysis, data marts for tactical and 

operational decision support, and AI/ML business services, are essential for an enterprise AI strategy. An AI/ML platform 

capabilities map and orchestration patterns define the framework, encompassing service mesh roles, al/ML lifecycle 

management tooling, data lineage, and metadata management. 

 

The enterprise Cloud-Native AI platform not only offers MDM-as-a-Service capabilities but also supports service 

deployments that consume and enforce these MDM services, enabling the transition of MDM components toward Data 

Governance-as-a-Service based on a distributed enterprise model. To support the full provisioning and consumption 

lifecycle of insurance and retirement data products, the Cloud-Native AI platform incorporate Data Governance-as-a-

Service elements to ensure that Data Products evolve and remain trustworthy over time.  
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IV. REFERENCE ARCHITECTURE 

 

A reference architecture is proposed for enabling cloud-native AI and master data management (MDM) to support data 

products in the insurance and retirement domains. The solution applies a multilayered pattern of responsibility and control 

for orchestration, resilient service placement, cloud-agnostic AI/ML lifecycle management, and data/metadata 

management. Governance is paramount, with a responsibility model defining stewardship roles and enabling lifecycle 

management while enforcing policies for data quality, compliance, and provenance. 

 

Three levels of cloud-native maturity for data management are identifiable: low maturity solutions are cloud-deployed, 

with services hosted in cloud-agnostic virtualization; moderate maturity solutions have point-to-point service or 

enterprise service bus orchestration, enabling resilient placement with close management of service location; high 

maturity solutions use service mesh technology and patterns to enforce a declarative, intent-based approach to cross-

domain interaction. Patterns in line with high maturity patterns, but applicable to moderate maturity deployments, enable 

resilient service placement in a service mesh context, provide a central broker function that ensures closeness between 

event producers and consumers while retaining the architectural benefits of a substantially decoupled event-driven 

architecture, and define a set of supporting services (training, data lineage, metadata management) that form the AI/ML 

lifecycle tooling component. 

 

Table 4. Data Governance and Stewardship Responsibilities 

 

Stakeholder Responsibilities Governance Focus 

Data Steward Defines data quality rules and lifecycle policies Data quality and usability 

Compliance Officer Ensures adherence to regulatory requirements Compliance and reporting 

Risk Management Team Reviews policy and operational risks Regulatory risk mitigation 

Data Product Owner Maintains lifecycle and business alignment Product accountability 

Platform Engineering Team Manages infrastructure and deployment pipelines Operational resilience 

AI/ML Team Develops and monitors AI models Model governance and performance 
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4.1. DataGovernanceandStewardship                                                                                                                                                      

A governance model with well-defined stewardship roles is essential to enable enterprise requirements governing data 

quality, adherence to policy, and data lifecycle controls. Multiple stakeholders participate in defining rules for acceptable 

data quality within each data product. Various insurance and retirement products typically have governing compliance 

policies that need to be enforced by the data product. The risk management department analyses the products periodically 

for adherence to regulations, and the data product areas are accountable for mitigations. Data product lifecycle controls 

ensure newfound data follow an appropriate lifecycle, that unneeded data is marked for deletion, and that deprecated data 

are removed. The custodians of each data product are responsible for maintaining these controls. Client confidentiality 

and data access are enabled by a dedicated confidentiality officer who ensures the stewards maintain policy compliance. 

 

The implementations use data pipelines and automated testing at various stages to ensure full lineage for trust and 

compliance. These pipelines continually validate quality against the defined rules, enable regulatory reporting with 

required explanation artifacts, and automatically assist root-cause analysis and mitigation. Full metadata management 

around transformation lineage enables better reasoning and mitigation during data issues. The definition of lineage should 

be driven to a level of detail that supports the regulatory compliance burdens depending on the jurisdiction (for example, 

BCBS and FFIEC in the United States). Provisions for ensuring and demonstrating such detail should be considered as 

part of platform and product design. 

 

 
 

V. DATA MODELING FOR INSURANCE AND RETIREMENT DOMAINS 

 

The data model defines and classifies the key data domains relevant to the insurance and retirement business areas, 

including the entities, attributes, and relationships within each domain. The insurance area supports identity, policy, 

claim, actuarial factor, master catalog, analytics-ready dataset, and metadata domains. The retirement area includes 

identity, retirement account, master catalog, analytics-ready dataset, and metadata domains. The identity domain is shared 

across both areas, while the policy and claim domains exhibit significant regulatory requirements and are consequently 

modeled in greater detail. 

 

Table 5. Insurance and Retirement Domain Data Models 

 

Domain Key Entities Business Purpose 

Identity Domain Customer, Beneficiary, Agent Unified identity management 

Policy Domain Policy, Coverage, Premium Insurance contract management 

Claim Domain Claim, Settlement, Litigation Claims processing and risk analysis 

Retirement Domain Retirement Account, Contributions, Benefits Retirement fund management 

Metadata Domain Lineage, Data Catalog, Schema Governance and traceability 

Analytics Dataset Domain Aggregated Metrics, KPIs, AI Features Predictive analytics and reporting 

 

5.1. PolicyandClaimDataModels                                                                                                                                                       

Logical and physical data models for insurance and retirement industries, including data that define and quantify financial 

risk, serve as inputs to computing models that perform financial and insurance calculation processes. 

 

Policy and claim data models support a broad array of calculated insurance metrics, including premium volume and loss 

ratios. The policy-useful “Policy” entity represents active contracts in an insurance company’s portfolio. The model’s 

cardinality diagram indicates that policies optionally cover multiple actuarial factors—also called “equity indicators”—
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that define policyholders’ financial risk or, conversely, need for coverage. The “Claim” entity identifies portfolios 

needing specialized treatment—such as those closed with a subrogation recorded or subject to litigation—and defines the 

liabilities incurred during the coverage period. 

 

 
VI. CLOUD-NATIVE IMPLEMENTATION CONSIDERATIONS 

 

The integration of cloud-native architecture and services into the orchestration of AI/ML models—combined with an 

MDM-enabled definition of a data product—demands special consideration of aspects specific to cloud-based 

deployment. These include models relating to containerization, continuous integration and deployment (CI/CD) 

pipelines, observability, security, and multi-cloud support. Given the range of data products, these are best seen in the 

context of the product lifecycle. 

 

Infrastructure issues are addressed in the plan for data product lifecycle orchestration through CI/CD pipelines that 

automate deployment and lifecycle stages of all development artifacts: data sources and destinations, models supporting 

AI/ML data products, metadata schemas, governance rules, and the associated information. Pipeline tooling must enable 

not only deployment of changes to any of these artifacts but also their configuration and error checking. The resources 

provisioned to the multiple environments (development, testing, production) required for the typical CI/CD pipeline, 

together with provisioning for the actual cloud services hosting the data products, must be observable. Adding 

observability into the inner workings of the data products, including AI/ML models, enables guided deciphering of 

anomalies and rapid remediation of root causes, thus enhancing service quality. 

 

Analysis based on a combination of industry benchmarks and evaluation of underlying drivers is a standard way of 

determining minimum acceptable capabilities and capacities across the factors of interest. The industry benchmark 

analysis indicates that operational resilience and automatic restoration of service are now viewed as vital requirements 

for large web-scale cloud services, able to endure extreme peak loads without degradation of service guaranteed. 

Resilience undergoes a different analysis, one focusing specifically on expected behavior during peak operational load. 

Such peak workloads on any given data product are seldom sustained for long periods. Instead, they are more often closer 

to bursts in nature. 

 

Table 6. Cloud-Native Implementation Considerations 

 

Implementation Area Description Technologies/Practices 

Containerization Standardized deployment units for applications Docker, Kubernetes 

CI/CD Pipelines Automated deployment and testing workflows Jenkins, GitHub Actions, ArgoCD 
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Implementation Area Description Technologies/Practices 

Security Identity management and secure access control IAM, Zero Trust Security 

Observability Monitoring of applications and infrastructure Prometheus, Grafana, ELK Stack 

Multi-Cloud Support Deployment portability across cloud providers Hybrid Cloud, Terraform 

Fault Tolerance Automatic recovery from failures Auto-healing clusters, Failover 

 

6.1. ScalabilityandResilience                                                                                                                                                                   

To meet the demand for the next-generation AI-ready insurance and retirement data products, the architecture should be 

designed primarily for scalability, fault tolerance, and resilience. Scalability enables the system to meet increased demand 

by provisioning additional resources, while fault tolerance ensures that individual component failures do not disrupt 

service. Although not necessarily a requirement, autosc—caling permits resource provisioning based on real-time 

demand rather than historical patterns. Resilience addresses the broader challenges arising from massive peak workloads 

and may incorporate multiple related strategies, including data partitioning, event-driven processing, and readiness to 

automatically fail over to alternative hosted environments or geographical regions when constraints are exceeded in the 

primary environment. 

 

The periodically recurring spikes in insurance claims data volume (e.g., during the COVID-19 pandemic) illustrate the 

need for additional processing capacity in response to peak workloads. Services deployed on fewer nodes can incur 

processing latency, and long-running workflows might breach SLA objectives. In such events, reaction strategies are 

essential to ensure that service-level agreements (SLAs) are maintained. Resilience through autoscaling of processing 

resources following spikes in input data volume is a step in that direction, though it can only be viewed as a temporary 

measure. Such spikes, though periodic, are not predictable because they are dependent on a number of unidentified latent 

factors, some of which pass through into the service area completely unnoticed until visible in the data. 

 

 
 

VII. CONCLUSIONS 

 

Cloud-native architecture, with its decoupled compute and storage considerations, is pivotal for large-scale data 

management systems characterized by fluid demands and continual consumption. The insurance and retirement domain 

is no exception; chronic, gradual, and sporadic consumption patterns are increasingly common, an evolution supported 

by both industry players and service providers. Nevertheless, cloud-native fabrics alone do not fulfill solution needs. 

Auto-scaling provisioning and resource allocation require AI/ML enablement with the critical operational component of 

a scalable, reliable, and richly featured next-generation AI platform for autonomous model development, evaluation, 

validation, governance, and continuous monitoring. 

 

Model data products underpinned by master data management (MDM) principles are key enablers that, when combined 

with a robust lifecycle governance model, address these requirements and provide additional, irrevocably essential 

benefits. As outlined in the Mandate and later elaborated, strategic inclusion of AI/ML—besides AI/ML-enabled cloud 

architecture—in primary product planning is essential to fully exploit enterprise data assets and realize the other external 
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enablement objectives. Moreover, achieving these goals in a pragmatic, non-hodgepodge manner adds considerable value 

in terms of improved quality, timeliness, richness, transparency, and fitness-for-purpose of delivered services. 
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