


 

1.0 Executive Summary 

The imperative for Artificial Intelligence (AI) adoption has reached a critical inflection point for 
enterprise leadership. AI is now a foundational component of modern business infrastructure, with 
enterprise adoption rates surging from 55% to 78% in the past year alone. The global AI 
market, valued at $391 billion in 2025, is projected to exceed $1.8 trillion by 2030, expanding at a 
compound annual growth rate faster than the cloud computing boom of the 2010s. For leaders in 
established, non-digital-native sectors such as banking, insurance, manufacturing, and government, the 
question is no longer if,  but how to deploy AI to maintain competitive advantage, enhance operational 
efficiency, and create new value. 

However, the path from ambition to tangible return on investment (ROI) is fraught with peril. The 
recent viral report by MIT's Networked Agents and Decentralized AI (NANDA) initiative shows a 
staggering 95% of enterprise generative AI pilots are failing to deliver a measurable return on 
investment (ROI). This confirms that for the vast majority of organizations, the path from 
proof-of-concept to production is a funnel of failure. High-profile failures—from the 
multi-billion-dollar pullback of IBM's Watson Health initiative to stalled government modernization 
programs—reveal a dangerous and costly gap between vendor promises and the complex reality of the 
enterprise. These projects did not fail due to a lack of sophisticated algorithms; they failed because of 
fundamental architectural mismatches with the enterprise environment.   

This report finds that the primary causes of AI project failure are not flawed models, but rather a 
consistent set of operational and strategic challenges that are often overlooked in the procurement 
process. These include:  
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1 Crippling Integration 
Challenges 

 

The inability of rigid AI platforms to 
connect with and operate within decades 
of accumulated legacy systems and 
fragmented data silos.  

2 
Unresolved Data 
Sovereignty and 
Security Risks 

 

The requirement for many platforms to 
move sensitive enterprise data into a 
vendor's multi-tenant cloud environment, 
creating significant compliance, privacy, 
and security vulnerabilities. 

3 The "Last Mile" 
Problem 

 

A critical lack of specialized, in-house 
talent to manage the complex work of 
operationalizing, customizing, and 
maintaining AI systems after the initial 
vendor deployment.   

This guide provides a rigorous, business-driven framework for technology leaders to cut through the 
marketing hype. It moves beyond a superficial feature-by-feature comparison to a strategic assessment 
of an AI platform's ability to deliver sustainable, long-term value within the complex realities of a large, 
regulated enterprise. It offers a clear methodology for selecting not just a technology, but a partner and 
a platform architected for the foundational principles of openness, security, and durable success. 
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2.0 A Strategic Framework for AI Platform Evaluation 

The conventional approach to technology procurement, often centered on a checklist of features and 
functions, is inadequate for evaluating enterprise AI platforms. The unique complexity and strategic 
importance of AI demand a more holistic framework that prioritizes foundational capabilities over 
superficial attributes. The following six pillars provide a structured methodology for assessing a 
platform's true enterprise-readiness, focusing on the factors that most directly correlate with long-term 
success and risk mitigation. 

2.1 Pillar 1: Infrastructure and Deployment Sovereignty 

The first and most critical question an enterprise leader must ask is not "What can this platform do?" 
but "Where does it do it?" The physical and logical location of data processing and model training has 
profound implications for security, compliance, and competitive advantage. The rise of "sovereign AI" 
initiatives at a national level underscores a growing recognition that control over AI infrastructure is a 
strategic imperative. For enterprises in regulated industries, this principle is equally vital.   

The core distinction lies between two fundamental architectural models: 

● Vendor-Hosted (Multi-Tenant SaaS/PaaS): In this model, the enterprise's data is ingested 
and processed within the AI vendor's or a hyperscaler's cloud environment. While this can offer 
ease of setup, it requires the enterprise to relinquish direct control over the compute 
infrastructure. This creates inherent risks related to data privacy, potential for data co-mingling 
with other customers, unpredictable data egress costs, and compliance with data residency laws 
like the General Data Protection Regulation (GDPR).   

● Customer-Hosted (Single-Tenant VPC/On-Premises): In this model, the AI platform is 
deployed as a self-contained environment entirely within the customer's own security 
perimeter—be it a Virtual Private Cloud (VPC) on AWS, Azure, or GCP, or an on-premises 
data center. This architecture ensures that sensitive data, proprietary models, and all processing 
workloads never leave the enterprise's direct control. 

For sectors like banking, insurance, and government, where data confidentiality is non-negotiable, the 
customer-hosted model transforms security from a feature into an architectural guarantee. It ensures 
that valuable corporate data is not inadvertently used to train a vendor's global models and that 
custom-built AI models remain a protected, proprietary asset. This shift elevates data sovereignty from 
a compliance checkbox to a strategic moat, safeguarding the enterprise's most valuable digital assets. 
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2.2 Pillar 2: Data Integration and Ecosystem Interoperability 

The single greatest technical barrier to AI adoption in established enterprises is the challenge of 
integrating with a heterogeneous and deeply entrenched landscape of legacy systems. Decades of 
organic growth have resulted in fragmented data silos, proprietary application protocols, and 
mission-critical systems that cannot be easily replaced. An AI platform that cannot seamlessly operate 
within this reality is destined for failure.   

The cautionary tale of IBM's Watson Health initiative serves as a stark warning. After a 
multi-billion-dollar investment, the project faltered significantly because its architecture was too rigid 
to adapt when a key hospital partner, MD Anderson Cancer Center, switched its Electronic Health 
Record (EHR) system. Watson was unable to access the new data source, rendering the powerful AI 
engine effectively useless in that clinical setting.   

Therefore, a platform's evaluation must prioritize its integration capabilities and architectural 
flexibility. Key considerations include: 

● Breadth of Connectivity: Does the platform offer a comprehensive library of pre-built 
connectors for common enterprise systems (e.g., SAP, Salesforce), databases (SQL and 
NoSQL), and data streaming services (e.g., Kafka)? 

● Open Standards: Does the platform utilize open data formats (e.g., Apache Parquet, Delta 
Lake) and APIs, or does it lock data into proprietary formats that are difficult to access with 
external tools? 

● Augment vs. Replace: Does the platform's philosophy center on augmenting and 
orchestrating existing data infrastructure—such as data lakes and warehouses—or does it 
demand a costly and high-risk "rip-and-replace" migration of data into its own environment? 

A platform designed for interoperability respects an enterprise's existing technology investments and is 
designed to act as a unifying intelligence layer, not another data silo. 

2.3 Pillar 3: Enterprise-Grade Security, Governance, and Compliance 

For regulated industries, security and governance are not merely IT functions; they are core business 
requirements with board-level visibility. An AI platform must not only be secure in its own right but 
must also inherit, enforce, and enhance the enterprise's existing security and compliance frameworks. 
Standard security features like encryption in transit and at rest are table stakes; true enterprise-grade 
governance requires a far more granular and auditable approach. 

AI Platforms Evaluation Guide | 4 



 

This is particularly acute in financial services, where regulatory bodies like the European Securities and 
Markets Authority (ESMA) and frameworks like MiFID II mandate strict oversight of all systems, 
including those using AI. The consequences of failure are severe; JPMorgan Chase, for instance, faced a 
$350 million fine for incomplete capture and surveillance of trading communications, a challenge now 
magnified by the adoption of generative AI tools that can create new, unmonitored communication 
channels.   

A robust evaluation must probe the platform's ability to: 

● Integrate with Existing Identity Providers: The platform must seamlessly integrate with 
enterprise directories like Active Directory or Okta to enforce a single, consistent set of user 
identities and roles. 

● Enforce Granular Access Controls: Governance must extend beyond the user level to the 
data itself. This includes support for Role-Based Access Control (RBAC), which grants 
permissions based on a user's job function, as well as more sophisticated models like 
Attribute-Based Access Control (ABAC), which can restrict access based on data sensitivity, 
project classification, or geographic location. 

● Provide an Immutable Audit Trail: Every action taken on the platform—from a data query 
by an analyst to the retraining of a model by a data scientist—must be logged in a 
comprehensive, tamper-proof audit trail. This transparency is essential for satisfying internal 
risk teams and external regulators, who require the ability to reconstruct any decision-making 
process involving AI.   

2.4 Pillar 4: Speed-to-Value and Total Cost of Ownership (TCO) 

The pressure to demonstrate ROI from AI investments is immense, with 42% of leaders citing 
"inadequate financial justification or business case" as a primary obstacle to adoption. A platform's 
sticker price or license fee represents only a fraction of its true Total Cost of Ownership (TCO). A 
comprehensive financial evaluation must account for the significant "hidden" costs that often derail 
projects and inflate budgets.   

These hidden costs include: 

● Integration and Data Preparation: The extensive engineering effort required to connect the 
platform to siloed data sources and to clean, transform, and prepare that data for use in AI 
models. This phase can consume up to 80% of the time and resources in a typical AI project.   
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● Specialized Talent: The high cost of hiring and retaining the specialized teams of platform 
engineers, MLOps specialists, and data scientists needed to build, manage, and scale a complex 
AI stack.   

● Infrastructure and Maintenance: The ongoing operational expense of managing the 
underlying compute, storage, and networking infrastructure, as well as the continuous effort 
required to patch, update, and secure a complex web of software components. 

A platform that accelerates time-to-value is one that minimizes these hidden costs. By providing a 
pre-integrated, production-ready environment, automating infrastructure management, and 
leveraging existing skill sets, a platform can dramatically lower its TCO and enable teams to focus on 
solving business problems rather than wrestling with infrastructure. The pricing model should also be 
transparent and predictable, avoiding complex, multi-vector pricing schemes that make it difficult to 
forecast costs as usage scales. 

2.5 Pillar 5: Talent Enablement and Ecosystem Openness 

The shortage of skilled AI talent is the most frequently cited non-data-related barrier to enterprise 
adoption. This challenge is significantly exacerbated by platforms that are built on proprietary 
technologies, closed architectures, and non-standard development paradigms. Such platforms create a 
deep dependency on the vendor, forcing the enterprise to compete for a tiny, expensive pool of 
specialists trained in a single toolset. This creates significant strategic risk.   

In contrast, a platform architected for openness and interoperability can turn the talent challenge into 
an advantage. By orchestrating and managing the best-in-class open-source tools that have become the 
de facto standard for the global data science community—such as Python, SQL, Kubernetes, PyTorch, 
and TensorFlow—a platform can: 

● Empower Existing Teams: Allow data scientists, analysts, and engineers to use the tools and 
languages they already know and prefer, dramatically reducing the learning curve and 
increasing productivity. 

● Broaden the Hiring Pool: Enable the organization to hire from the vast global talent pool of 
professionals skilled in open-source technologies, rather than being restricted to 
vendor-certified experts. 

● Future-Proof the Technology Stack: Provide the flexibility to adopt new and better 
open-source innovations as they emerge, avoiding being locked into a single vendor's 
development roadmap and release cycle.   
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The evaluation of a platform's "openness" should therefore go beyond a simple check for open-source 
components. It must assess whether the platform's core philosophy is to empower the enterprise to 
leverage the full breadth of the open-source ecosystem, thereby de-risking both its technology strategy 
and its talent pipeline. 

2.6 Pillar 6: The Vendor Partnership and Support Model 

In a mature software market, post-sales support is often viewed as a commodity. In the complex, 
rapidly evolving, and high-stakes domain of enterprise AI, the vendor's partnership model is a primary 
determinant of success. The "last mile" problem—the immense challenge of moving an AI solution 
from a controlled PoC environment into the messy reality of production—is where the majority of 
initiatives fail.   

A vendor that operates on a traditional license-and-support model effectively shifts the most difficult 
and highest-risk phase of the project onto the customer. After the contract is signed, the customer's 
internal teams are often left alone to handle the critical tasks of customization, integration with 
complex business processes, user training, and ensuring the system scales reliably. Given the widespread 
shortage of specialized AI talent, this model is a recipe for failure. 

A more effective model is one of true partnership, where the vendor is deeply invested in the customer's 
long-term success. This is particularly true for models that include hands-on, expert engineering 
support as a core part of the offering. A vendor that provides "forward-deployed engineers" is not just 
selling a product; they are delivering an embedded, expert team that functions as an extension of the 
customer's own organization. This approach directly addresses two of the most significant barriers to 
adoption: 

1. The Talent Gap: The embedded experts bring the specialized skills needed to navigate 
complex deployments, bridging the gap until internal teams can be upskilled. 

2. The Last Mile Problem: The engineers co-build and customize the solution in the customer's 
real-world environment, ensuring it is not just technically deployed but fully operationalized 
and integrated to deliver business value. 

Evaluating the vendor's partnership model is therefore not a secondary consideration. It is a critical 
assessment of the vendor's commitment to de-risking the entire initiative and ensuring that the 
promised value of the platform is actually realized. 
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3.0 The Enterprise AI Platform Landscape: A Comparative 
Analysis 

Applying the strategic evaluation framework to the current market reveals eight distinct approaches an 
enterprise can take to acquire AI capabilities. Each approach presents a unique set of trade-offs in terms 
of control, cost, flexibility, and risk. Understanding these differences is essential for making an 
informed decision that aligns with the organization's long-term strategic goals. 

3.1 The Closed, End-to-End Ecosystem (e.g., Palantir, C3.ai) 

This model is characterized by vertically integrated platforms that offer a proprietary, all-in-one 
solution, from data ingestion and modeling to front-end application development. Palantir's Foundry 
platform is architected around its core "Ontology," a semantic layer that maps digital assets to 
real-world business concepts. C3.ai employs a patented "model-driven architecture" that aims to 
abstract away the complexity of building AI applications, allowing for development with less code.   

● Pros: 
○ Unified Experience: These platforms can provide a powerful and seamless user 

experience, as all components are designed to work together. 
○ Domain Specialization: They often possess deep expertise and pre-built solutions for 

specific industries. Palantir has a dominant position in government, defense, and 
intelligence sectors, while C3.ai has a strong focus on industrial IoT, energy, and 
manufacturing.   

○ Rapid Initial Deployment: If an enterprise's problem set aligns perfectly with the 
platform's pre-defined workflows and data models, these solutions can deliver value 
relatively quickly. 

● Cons: 
○ Extreme Vendor Lock-in: The proprietary nature of the architecture makes it 

exceedingly difficult and costly to migrate away from the platform. Data, models, and 
applications built within the ecosystem are often not portable.   

○ High and Opaque Costs: These platforms are known for premium pricing, often 
with complex contracts that can be difficult to forecast. Palantir's stock, for example, 
has traded at very high multiples of its revenue, reflecting the high value of its 
contracts. C3.ai's initial production deployment costs start at $500,000 for a six-month 
term.   
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○ Specialized Skill Requirements: Users and developers must be trained in the 
vendor's specific tools and methodologies. This creates a reliance on a small, 
non-transferable skill set and makes it difficult to hire from the broader market.   

○ Architectural Rigidity: While powerful within their intended scope, these platforms 
can be inflexible when faced with unique enterprise requirements or when integrating 
with systems not anticipated by the vendor. 

3.2 The Data Lakehouse Model (e.g., Databricks) 

The data lakehouse architecture, pioneered by Databricks, seeks to combine the low-cost, flexible 
storage of a data lake with the performance and reliability of a data warehouse. Built on open-source 
foundations like Apache Spark and Delta Lake, it aims to provide a single, unified platform for all data, 
analytics, and AI workloads, eliminating the need to maintain separate, siloed systems.   

● Pros: 
○ Open Foundations: By using open data formats like Delta Lake and leveraging the 

Apache Spark engine, the lakehouse model reduces the risk of proprietary data lock-in. 
Data stored in the lakehouse can be accessed by other tools.   

○ High Performance at Scale: The platform is highly optimized for large-scale data 
processing and machine learning, making it a powerful choice for data-intensive tasks.   

○ Unified Data and AI Teams: It provides a collaborative environment where data 
engineers, data scientists, and analysts can work on a single, consistent copy of the data, 
improving efficiency and reducing data duplication. 

● Cons: 
○ Data Sovereignty Concerns: Databricks is primarily a cloud-based 

Platform-as-a-Service (PaaS). While it runs within a customer's cloud account, the 
control plane is managed by Databricks, which may not meet the strictest data 
sovereignty and residency requirements for some government and financial 
institutions. 

○ Management Complexity: While powerful, the platform can be complex to 
configure, manage, and optimize for cost-effectiveness. Uncontrolled usage can lead to 
unpredictable and escalating cloud bills.   

○ Incomplete Operating System: Databricks is an exceptional platform for data 
processing and model training, but it is not a complete, end-to-end AI operating 
system. Enterprises must still procure, integrate, and manage numerous other tools for 
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functions like advanced workflow orchestration, application serving, and 
comprehensive governance across the full AI lifecycle. 

3.3 Hyperscaler Managed Services (AWS, Azure, GCP) 

The major public cloud providers—Amazon Web Services (AWS), Microsoft Azure, and Google 
Cloud Platform (GCP)—offer a vast and ever-expanding portfolio of individual AI and machine 
learning services. These range from foundational infrastructure (e.g., GPU-enabled virtual machines) 
to comprehensive ML platforms (e.g., Amazon SageMaker, Azure AI, Vertex AI) and pre-trained 
API-based services for tasks like image recognition and natural language processing.   

● Pros: 
○ Unmatched Scalability: These platforms offer virtually limitless scale for both 

compute and storage, capable of handling the most demanding AI workloads. 
○ Breadth of Choice: The sheer number of available services provides a tool for almost 

any conceivable AI task, from model training to data analysis.   
○ Consumption-Based Pricing: The pay-as-you-go model can be cost-effective for 

experimentation and for workloads with variable demand. 
● Cons: 

○ Deep Vendor Lock-in: While individual components may be based on open source, 
the services are deeply integrated into the specific cloud provider's ecosystem. Moving a 
complex AI application built on dozens of proprietary services from one cloud to 
another is a monumental task.   

○ High Talent Requirement: This approach is not a platform but a "box of parts." The 
enterprise is responsible for selecting, integrating, securing, and managing a complex 
web of disparate services. This requires a large, highly skilled, and expensive internal 
team of cloud architects and MLOps engineers. 

○ Cost Complexity and Unpredictability: While individual services may seem 
inexpensive, the total cost of a production application can become very difficult to 
predict and control. Data transfer fees, API call charges, and storage costs can 
accumulate rapidly. 

○ Data Sovereignty Issues: This model fundamentally requires the enterprise to move 
its data into the hyperscaler's public cloud environment, which is often a non-starter 
for organizations with strict data residency, privacy, or security mandates. 

3.4 The DIY Approach (Self-Managed Kubernetes) 
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For organizations seeking maximum control and flexibility, the "do-it-yourself" (DIY) approach 
involves building a custom AI platform from the ground up using open-source technologies, with the 
container orchestration platform Kubernetes as the foundation. This gives the enterprise complete 
ownership of its technology stack. 

● Pros: 
○ Complete Control and Customization: The platform can be tailored precisely to 

the organization's unique requirements, with no compromises dictated by a vendor's 
roadmap.   

○ No Vendor Lock-in: Being built entirely on open-source software, this approach 
completely avoids dependency on any single commercial vendor.   

○ Maximum Flexibility: The architecture can be designed to run on any 
infrastructure—public cloud, private cloud, on-premises, or hybrid—providing 
ultimate portability. 

● Cons: 
○ Immense Operational Burden: The enterprise is 100% responsible for the design, 

assembly, integration, maintenance, security, and reliability of the entire platform. This 
is a massive and continuous undertaking.   

○ Requires Elite Talent: Successfully building and operating a production-grade 
Kubernetes-based platform requires a large, dedicated team of elite (and very expensive) 
platform engineers, security specialists, and MLOps experts. This talent is scarce and 
highly sought-after.   

○ Extremely Slow Time-to-Value: Building a stable, secure, and scalable platform from 
scratch is a multi-year effort. This significantly delays the ability of business units to 
actually develop and deploy AI applications and derive value. 

○ High Risk: The organization assumes all the risk. If the platform fails, there is no 
vendor to call for support. The internal team must handle all troubleshooting, 
patching, and incident response. 

3.5 The Composable Stack (Assembling Managed Components) 

This "best-of-breed" strategy involves assembling an AI platform by stitching together multiple, 
specialized SaaS and PaaS solutions from different vendors. A typical stack might include Snowflake for 
data warehousing, dbt Cloud for data transformation, Astronomer for workflow orchestration 
(managed Airflow), and a tool like Cortex AI for model serving.   
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● Pros: 
○ Best-in-Class Functionality: This approach allows the organization to select the 

top-rated tool for each specific component of the AI lifecycle. 
○ Potential for Flexibility: In theory, individual components can be swapped out over 

time, offering more flexibility than a monolithic, all-in-one platform. 
● Cons: 

○ Significant Integration Burden: The primary drawback is that the enterprise 
becomes the systems integrator. The responsibility for making these disparate tools 
work together seamlessly falls on the internal team. This introduces significant 
complexity and points of failure.   

○ Fragmented Governance and Security: Each component has its own security 
model, access controls, and audit logs. Creating a unified governance and security 
posture across the entire stack is extremely challenging and often results in security 
gaps. 

○ Data Fragmentation and Duplication: Data often needs to be copied and moved 
between the different services (e.g., from the data warehouse to the model training tool 
to the serving platform). This increases storage costs, creates data consistency 
challenges, and expands the organization's security attack surface.   

○ Complex Vendor and Cost Management: This approach requires managing 
multiple vendor contracts, support agreements, and billing models, creating significant 
administrative overhead. 

3.6 The Consultant-Led Custom Build 

Another common path is to engage a large systems integrator (SI) or a boutique AI consultancy to 
design and build a bespoke AI platform. This outsources the initial development effort to a team of 
external experts. 

● Pros: 
○ Highly Tailored Solution: The resulting platform can be custom-built to the 

enterprise's exact specifications and business processes.   
○ Access to External Expertise: This approach can accelerate the initial build phase by 

bringing in specialized skills that the organization may lack internally.   
● Cons: 

○ Extremely High Cost: Custom development projects led by external consultants are 
typically the most expensive option, often running into millions of dollars.   
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○ Long-Term Dependency: The enterprise often becomes dependent on the 
consultancy for ongoing maintenance, updates, and support, creating a form of 
"consultant lock-in." 

○ Knowledge Transfer Gaps: Despite best intentions, the deep knowledge of the 
custom-built system often remains with the external team. When the project ends, the 
internal team may struggle to take over ownership and operate the complex, poorly 
documented system effectively.   

○ Risk of a "Black Box": The final product can be a "black box" that is difficult to 
modify or extend without re-engaging the original builders, stifling future innovation. 

3.7 The Enterprise AI Operating System (e.g., Shakudo) 

A newer, hybrid approach is emerging: the Enterprise AI Operating System. This model provides a 
unified, orchestrated software layer that runs on top of best-in-class open-source and commercial tools. 
Crucially, the entire platform is deployed within the customer's own secure infrastructure (VPC or 
on-premises) and is co-managed by a team of forward-deployed engineers from the vendor. 

● Pros: 
○ Full Data Sovereignty: By deploying entirely within the customer's security 

perimeter, this model provides the highest level of data security, privacy, and control, 
completely addressing sovereignty concerns. 

○ Avoids Vendor Lock-in: The platform orchestrates a curated stack of over 200 
standard open-source and commercial tools. This allows enterprises to leverage their 
existing technology investments and skills, avoid proprietary ecosystems, and retain full 
control over their technology stack. 

○ Solves the Talent Gap and "Last Mile" Problem: The inclusion of 
forward-deployed engineers as a core part of the offering directly addresses the primary 
reasons for AI project failure. These experts co-build, customize, maintain, and scale 
the platform, ensuring it moves successfully from PoC to production and delivers 
tangible business value. 

○ Accelerated Time-to-Value: It provides a pre-integrated, production-grade 
environment out of the box, eliminating the multi-year build times of a DIY approach 
and the complex integration challenges of a composable stack. 

● Cons: 
○ Newer Market Category: As an emerging model, it may have less brand recognition 

compared to established hyperscalers or monolithic platform vendors. 
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○ Collaborative Partnership Model: The embedded engineering model requires a 
deeper, more collaborative relationship with the vendor than a traditional software 
license purchase, which represents a different way of working for some organizations. 
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Table 3.1: AI Platform Approaches: A Comparative Scorecard 

Approach Data Sovereignty Ecosystem Openness 
(vs. Lock-in) 

Integration with 
Legacy Systems 

Speed-to-Value TCO (Total Cost of 
Ownership) 

Internal Talent 
Requirement 

Closed Ecosystem 
(Palantir, C3.ai) 

Medium Low (Proprietary 
stack creates deep 
lock-in) 

Low (Inflexible 
outside of intended 
workflows) 

Medium High (Premium 
licensing, specialized 
skills) 

High (Requires 
vendor-specific training) 

Data Lakehouse 
(Databricks) 

Medium High (Built on open 
formats like Delta 
Lake) 

Medium Medium Medium High (Requires Spark 
and platform expertise) 

Hyperscaler 
Services (AWS, 
Azure, GCP) 

Low (Data must 
move to public 
cloud) 

Low (Deep 
integration into 
cloud ecosystem) 

Medium Low (Requires 
extensive integration 
work) 

High (Unpredictable, 
complex billing) 

Very High (Requires 
elite cloud architects) 

DIY (Kubernetes) High (Full control 
over deployment) 

Very High (Entirely 
open source) 

High (Can be 
custom-built to 
integrate) 

Very Low 
(Multi-year build 
time) 

Very High (Massive 
internal team cost) 

Elite (Requires 
dedicated platform team) 
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Composable 
Stack (Managed 
Components) 

Low (Data spread 
across multiple 
SaaS vendors) 

Medium Medium Low (High 
integration overhead) 

High (Multiple 
vendor contracts, data 
egress) 

Very High (Requires 
integration experts) 

Consultant-Led 
Build 

High (Can be 
built on-prem) 

Medium High 
(Custom-built for 
integration) 

Very Low (Long 
development cycles) 

Very High (Expensive 
consulting fees) 

High (To manage the 
custom system) 

Enterprise AI OS 
(Shakudo) 

Very High 
(Deploys in 
customer's 
VPC/on-prem) 

Very High 
(Orchestrates 
open-source tools) 

High (Designed 
for 
interoperability) 

High 
(Production-ready 
environment) 

Medium Low (Augmented by 
forward-deployed 
engineers) 
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4.0 Avoiding Common Pitfalls in AI Platform Procurement 

The selection of an AI platform is a decision with long-term consequences. A misstep can lead not only 
to a failed project and wasted investment but also to the creation of technical debt, security 
vulnerabilities, and strategic disadvantages that can take years to unwind. The following case studies 
illustrate the real-world impact of the most common procurement pitfalls, reinforcing the critical 
importance of the evaluation framework outlined in Section 2.0. 

4.1 Pitfall 1: Vendor Lock-In 

Over-committing to a single vendor's proprietary technology stack is one of the most insidious risks in 
enterprise technology. While a closed ecosystem can offer a seductive, all-in-one solution, it 
fundamentally transfers strategic control from the enterprise to the vendor. The organization becomes 
dependent on the vendor's product roadmap, their release schedule, and, most importantly, their 
pricing model. As usage grows and the platform becomes more deeply embedded in business processes, 
the cost and complexity of switching to an alternative becomes prohibitive, giving the vendor immense 
leverage. This lock-in extends beyond technology to talent; by forcing teams to learn a proprietary, 
non-transferable skill set, the enterprise narrows its hiring pool and becomes dependent on the vendor 
for expertise. A platform built on open standards and an open ecosystem mitigates this risk, ensuring 
the enterprise retains control over its technology, its data, and its future.   

4.2 Pitfall 2: Underestimating the Integration Tax 

Case Study: The Failure of IBM Watson Health 

 

Perhaps no case better illustrates the critical importance of integration flexibility than the ambitious 
and ultimately unsuccessful foray of IBM's Watson into healthcare. Following its famous Jeopardy! 
victory, IBM invested billions to position Watson as a revolutionary force in medicine, capable of 
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analyzing vast amounts of medical literature and patient data to recommend cancer treatments. The 
company acquired multiple health data companies for a total of $4 billion and launched a high-profile, 
$62 million partnership with the MD Anderson Cancer Center.   

The vision was compelling, but the execution faltered on the hard reality of enterprise IT. Watson's 
platform proved to be brittle and difficult to integrate with the complex, heterogeneous data systems of 
real-world hospitals. A critical failure point occurred when MD Anderson migrated to a new EHR 
system; Watson was unable to connect to the new system and access patient data, rendering it 
ineffective. Furthermore, the system struggled to interpret the unstructured, jargon-filled notes written 
by clinicians, a core requirement for understanding a patient's context.   

Despite its powerful AI core, Watson's rigid architecture and inability to adapt to the customer's 
evolving data landscape led to its downfall. Physicians found the system cumbersome and its 
recommendations often impractical or obvious. In 2022, IBM sold off the assets of Watson Health, 
marking the end of a costly experiment. The lesson for enterprise leaders is unequivocal: a platform's 
intelligence is worthless if it cannot seamlessly access and comprehend the data that fuels the business. 
Integration is not a feature; it is the foundation.   

4.3 Pitfall 3: Ignoring the "Last Mile" Problem 

Case Study: Stalled Government AI Initiatives 

 

Government agencies, under pressure to modernize services and increase efficiency, have been active in 
piloting AI. However, the transition from a successful PoC to a scalable, reliable, production-ready 
system—the "last mile" of AI implementation—has proven to be a major obstacle. 

In the United Kingdom, the Department for Work and Pensions (DWP) recently abandoned at least 
six AI prototype projects, including two that had been publicly lauded as successful PoCs in its annual 
report. The projects, designed to improve services at job centers and accelerate disability benefit 
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payments, were dropped due to significant challenges with "scalability, reliability, [and] thorough 
testing". Internal officials admitted to numerous "frustrations and false starts," highlighting the 
difficulty of moving AI from a controlled lab environment into the complexity of a live public service 
system.   

Similarly, the Canadian government's ambitious Artificial Intelligence and Data Act (AIDA) failed to 
become law after facing widespread criticism for its vague requirements and a development process 
that excluded key stakeholders, failing to address the practical complexities of implementation and 
oversight. These government examples demonstrate that even with significant funding and political 
will, AI projects frequently stall at the last mile. They fail not because the initial idea was flawed, but 
because the internal teams lacked the deep, hands-on operational expertise required to navigate the 
immense technical and organizational challenges of production deployment. This underscores the 
critical value of a partnership model where the vendor provides not just software, but the embedded 
engineering expertise needed to ensure the solution successfully crosses the finish line.   

4.4 Pitfall 4: The Security and Compliance Blind Spot 

Case Study: Financial Services Under the Regulatory Microscope 

 

For enterprises in regulated industries, a failure in governance is not a technical issue—it is an 
existential business risk that can result in massive fines, reputational damage, and loss of customer 
trust. The financial services sector provides a stark illustration of these high stakes. 

JPMorgan Chase has been a leader in AI adoption, investing heavily in technology and talent to 
improve everything from fraud detection to client experience. However, the firm was hit with a 
combined $350 million fine from the Office of the Comptroller of the Currency (OCC) and the 
Federal Reserve for "deficiencies in its trade surveillance data capture procedures". Regulators found 
that the bank had failed to maintain a complete audit trail of all business communications, a 
requirement that now extends to interactions with and generated by AI systems. This incident 
highlights the immense challenge of ensuring comprehensive, transparent governance as new 
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technologies are introduced. In a recent open letter, JPMorgan warned its suppliers that 78% of 
enterprise AI deployments lack proper security protocols, creating a growing "AI security debt".   

Goldman Sachs has also faced regulatory challenges, including a €75 million GDPR fine for 
unauthorized data collection and investigations by the European Banking Authority (EBA) over the 
transparency of its AI-driven risk models. The firm's own analysis revealed that unconscious bias was 
present in a significant portion of its AI feature engineering steps, and it has experienced hundreds of 
millions of dollars in trading misjudgments due to adversarial attacks on its AI systems. These cases 
demonstrate that an AI platform for a regulated enterprise must have security and transparent 
governance built into its core architecture. A platform that treats these as afterthoughts or add-ons 
exposes the organization to unacceptable levels of financial and legal risk.   

5.0 Conclusion: Architecting for Future-Readiness 

The decision of which AI platform to adopt is one of the most consequential technology choices an 
enterprise leader will make this decade. It is not merely a procurement exercise but a foundational 
architectural decision that will shape the organization's capacity for innovation, its risk posture, and its 
competitive standing for years to come. The wrong choice leads to costly failed projects, the 
accumulation of technical debt, and a critical loss of momentum in a market that is accelerating at an 
unprecedented pace. 

The overwhelming evidence from both successful and failed AI initiatives points to a clear and 
consistent conclusion: the most critical attributes of an enterprise-ready AI platform are not the 
novelty of its algorithms or the slickness of its user interface, but its fundamental architectural 
principles. The hype cycle of AI often focuses on model performance, but the reality of enterprise 
value creation is determined by a platform's ability to operate effectively within the complex, 
constrained, and high-stakes environment of a large, regulated organization. 

A future-ready AI strategy must therefore be built upon a platform that delivers on four 
non-negotiable architectural pillars: 

1. Guaranteed Data Sovereignty: The platform must operate entirely within the enterprise's 
own secure perimeter, ensuring that sensitive data and proprietary intellectual property never 
leave its control. This is the only way to definitively address the mounting risks of data privacy, 
regulatory compliance, and competitive leakage. 

2. Radical Ecosystem Openness: The platform must be architected to orchestrate, not replace, 
the best-in-class open-source tools that power the global AI ecosystem. This approach avoids 
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vendor lock-in, empowers existing teams, and provides the flexibility to adapt and innovate as 
technology evolves. 

3. Seamless Integration with Reality: The platform must be designed with the explicit 
purpose of integrating with the enterprise's existing, heterogeneous infrastructure. It must 
augment and unify legacy systems, not demand a costly and disruptive "rip-and-replace" 
strategy. 

4. A True Partnership Model: The vendor must be a committed partner in success, providing 
not just a software license but the deep, hands-on engineering expertise required to navigate the 
"last mile" of production deployment. This model directly de-risks the initiative by addressing 
the critical talent gap that derails most projects. 

Leaders who prioritize these foundational capabilities during their evaluation process will be best 
positioned to move beyond the cycle of failed pilots and escalating costs. By selecting a platform 
architected for sovereignty, openness, integration, and partnership, they can harness the transformative 
power of AI, turning it from a source of risk and complexity into a sustainable, scalable, and secure 
engine for enterprise innovation and growth. 
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