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Building Scalable, 
Trusted Data Foundations 
for the Next Era of Insight

AI-Ready Asset Management
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01—Executive Summary

Artificial intelligence is reshaping the competitive landscape of asset management. From research 

automation and portfolio optimization to risk management, compliance monitoring, and client 

engagement, AI promises material productivity gains and differentiated investment insight. Yet 

despite widespread experimentation, many asset managers remain stuck in pilot mode. Proofs of 

concept proliferate, but few solutions scale into production or deliver sustained enterprise value.

The root cause is not a lack of ambition or access to advanced models. It is data. Asset managers 

have long faced explainability challenges: the ability to trace and justify investment decisions, 

risk assessments, and client recommendations. AI amplifies this challenge. Models operating on 

fragmented or poorly governed data produce outputs that are difficult to audit, defend, or explain 

to regulators and clients.

Across the industry, asset managers are discovering that AI amplifies both strengths and 

weaknesses. Fragmented, inconsistent, or opaque data limits trust and introduces operational, 

regulatory, and reputational risk. By contrast, firms that invest in unified, governed, high-quality 

data foundations operationalize AI faster and at greater scale.

This whitepaper argues that AI readiness in asset management begins with data 

foundations. It explains why legacy architectures no longer support enterprise AI, defines what 

“AI-ready” means in practice, and outlines a pragmatic path from experimentation to production. 

Data foundations are not just technical infrastructure. They are organizational capabilities spanning 

governance, operating models, and culture.

For asset managers competing in an era of real-time insight, agentic systems, and increasingly 

regulatory scrutiny, the message is clear. Data is no longer a support function. It is the 

platform for future value creation.
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02—The AI Inflection Point in Asset Management
Asset management has reached a decisive inflection point. AI has moved from a speculative technology to a practical tool 
embedded across the investment lifecycle. Natural language processing accelerates research workflows. Machine learning 
models enhance risk attribution and portfolio construction. Generative AI supports reporting, compliance documentation, and 
client communication. Increasingly, agent-based systems coordinate tasks across front-, middle-, and back- office functions.

This acceleration has exposed a structural tension. While AI capabilities advance rapidly, the underlying data environments 
within many asset managers have evolved far more slowly.

Most firms operate complex ecosystems of portfolio management systems, order management systems, risk platforms, market 
data feeds, document repositories, CRM tools, and regulatory reporting systems, often acquired over the course of decades. 
Data flows between these systems are typically batch-based, brittle, and bespoke. Definitions of key entities such as positions, 
exposures, counterparties, and instruments vary by function. Lineage is opaque. Quality controls are uneven.

AI thrives on scale, consistency, and transparency. Siloed systems fundamentally limit their value. Models trained on incomplete 
views of the enterprise produce narrow insights. Attempts to integrate fragmented sources expose conflicting definitions, 
inconsistent timestamps, and unexplained gaps.

As a result, the industry faces a widening gap between AI ambition and AI reality.

This gap explains why many AI initiatives fail to progress beyond controlled pilots. Models perform well in isolation, trained 
on curated datasets. Once exposed to enterprise data variability, including missing values, conflicting definitions, and 
unsynchronized updates, performance degrades. Trust erodes. Governance teams intervene. Projects stall.

Firms that break through this barrier share a common trait. They treat data foundations as strategic infrastructure, not a 
downstream IT concern.

AI ambition vs. data reality

AI ambition Data Reality

Fragmented data silos

	 Research

	 Risk

	 Client

	 Insight
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03—Why Legacy Data Architectures Hold AI Back
Legacy data architectures in asset management were designed for a different era. Their primary objective was accuracy in 
periodic reporting, including daily NAVs, monthly risk reports, and quarterly regulatory submissions. They were never intended 
to support real-time analytics, continuous learning, or autonomous decision-support systems.

Several structural characteristics limit their suitability for AI.

First, fragmentation. Data is distributed across multiple systems with limited semantic alignment. Each function optimizes 
locally, resulting in duplication and inconsistency at the enterprise level.

Second, rigidity. Schema-on-write models and tightly coupled pipelines make it costly to onboard new data sources or adapt 
to evolving analytical requirements, a critical limitation as AI use cases evolve rapidly.

Third, opacity. Lineage, transformations, and quality checks are often embedded in legacy ETL processes or manual workflows. 
This makes it difficult to explain how outputs were produced, a major challenge for model validation and regulatory review.

Fourth, latency and consistency. Batch-based architectures introduce delays that undermine time-sensitive use cases such 
as intraday risk, liquidity monitoring, or real-time client insights. Systems often operate on different update schedules. Market 
data may refresh in real time, position data hourly, and reference data daily. These inconsistencies are difficult for AI models to 
reconcile. Most legacy schemas also lack bi-temporal capabilities, limiting the ability to query data as it was known at a specific 
point in time, a requirement for model training and regulatory audit trails.

When AI models are layered onto these environments, they inherit these constraints. Instead of accelerating insight, AI becomes 
brittle and difficult to govern. The result is a proliferation of localized, poorly governed tools that increase risk rather than reduce it.

To move beyond this pattern, asset managers must modernize not only analytics, but the data foundations that support them.
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The five pillars of AI-ready data

4—Defining an AI-Ready Data Foundation
An AI-ready data foundation is not defined by a single technology or vendor. It is a set of capabilities that enables AI systems to 
operate reliably, transparently, and at scale across the enterprise.

At its core, an AI-ready foundation exhibits five defining 
characteristics.

Unified. Data from across front-, middle-, and back-office 
functions is accessible through a shared platform that 
preserves domain-specific nuance while enabling cross-
functional analytics.

Scalable. The platform can ingest, process, and analyze 
large volumes of structured and unstructured data without 
prohibitive cost or performance degradation.

Governed by design. Data quality, lineage, access 
controls, and policy enforcement are embedded into 
the architecture rather than retrofitted through manual 
oversight.

Transparent. Users can understand where data originates, 
how it has been transformed, and how it is used by models, 
a prerequisite for trust and regulatory compliance.

Extensible. The foundation supports rapid experimentation 
and evolution, enabling new AI use cases to be developed 
and deployed without re-architecting the core.

In practice, many asset managers are converging on cloud-native lakehouse or hybrid architectures that combine the 
flexibility of data lakes with the governance and performance of data warehouses. Technology alone, however, is insufficient. 
Governance models, operating structures, and cultural norms must evolve in parallel.

5—Governance as an Enabler, Not a Constraint
Governance is often perceived as a brake on innovation. In the context of AI, this perception is not only inaccurate but risky.

Without strong governance, AI systems introduce new risks, including biased outputs, unverifiable decisions, data leakage, and 
regulatory noncompliance. As regulators increase scrutiny of AI usage, particularly in investment decision-making and client 
communications, firms without embedded governance face escalating friction.

AI-ready governance differs from traditional, document-driven controls. It is embedded, automated, and continuous.

Key elements include data lineage and provenance to support explainability, policy-driven access controls aligned with data 
sensitivity and user roles, quality monitoring integrated into pipelines, and federated governance frameworks that link data 
inputs, model behavior, and business outcomes.

When implemented effectively, governance accelerates AI adoption by building trust among portfolio managers, risk officers, 
compliance teams, and regulators. It transforms governance from a bottleneck into a competitive advantage.

AI-ready data

Unified

Extensible

Governed 
by design

Transparent

Scalable
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6—From AI Pilots to Production at Scale
One of the most common failure modes in AI initiatives for asset management is the pilot trap. Teams develop promising proofs 
of concept using curated datasets and bespoke pipelines, but struggle to transition these solutions into production.

Breaking free requires a deliberate shift in mindset and operating model.

Successful firms treat AI initiatives as product journeys rather than experiments. They define clear business outcomes, establish 
repeatable deployment patterns, and invest early in data and platform readiness. Rather than building one-off solutions, 
they create reusable components such as feature stores, governance templates, and monitoring frameworks that accelerate 
subsequent use cases.

A pragmatic scaling framework typically follows four stages: readiness assessment, integrated pilots, industrialization, and 
enterprise rollout. Data foundations underpin every stage. Without them, scaling remains elusive.

AI scaling journey

7—High-Value AI Use Cases Enabled by Strong Data Foundations
When data foundations are in place, AI use cases expand rapidly in both scope and sophistication.

In investment research, generative AI synthesizes large volumes of structured and unstructured data, including earnings calls, filings, 
news, and alternative data, into actionable insights. Analysts can focus on judgment and strategy rather than information gathering.

In portfolio and risk management, machine learning models identify complex, non-linear relationships across exposures, 
improving scenario analysis, stress testing, and risk attribution.

In operations and compliance, AI automates reconciliation, exception handling, and regulatory reporting, reducing operational 
risk and cost.

In client engagement, AI enables personalized reporting and insight delivery tailored to institutional mandates or retail preferences.

These use cases share a common dependency: trusted, well-governed data. Without it, outputs lack credibility and adoption stalls.

Organizations that pursue too many AI use cases simultaneously often dilute impact. A more effective approach is to select a 
high-value use case with clear business metrics, available data, and engaged stakeholders, deliver it end-to-end, and then 
expand the scope. This builds organizational capability, demonstrates value, and creates reusable patterns.

Assessment Pilot Factory Enterprise

Data Foundation
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8—Operating Model: Treating Data as Enterprise Infrastructure
Technology modernization alone cannot deliver AI readiness. Asset managers must also rethink how data is owned, governed, 
and operated.

Leading firms are moving toward federated data operating models that balance domain expertise with enterprise standards. 
Business units retain ownership of domain-specific data, while central platforms provide shared services for ingestion, 
governance, and analytics.

Key principles include clear data ownership and accountability, shared definitions and semantic layers, cross-functional 
collaboration between investment, risk, technology, and compliance teams, and investment in data literacy across the organization.

This shift elevates data from a technical asset to a strategic one.

Many firms are also adopting a data products mindset. Curated datasets are treated as first-class products with defined owners, 
documented interfaces, quality SLAs, and versioning. Data products accelerate AI adoption by providing consumption-ready 
datasets that teams can trust, reducing the friction of data preparation and validation.

Federated data operating model

Performance 
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Data Science 
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9—Regulatory Expectations and AI Trust

10—Preparing for Agentic and Real-Time AI

11—Measuring Success: From Activity to Outcomes

Regulators are increasingly focused on how AI systems are trained, governed, and monitored. In asset management, this scrutiny 
spans investment decisions, risk models, marketing communications, and client disclosures.

Firms with AI-ready data foundations are better positioned to respond. Transparent lineage, auditable controls, and explainable 
models simplify regulatory engagement and reduce compliance friction.

Firms that rely on opaque pipelines and ad hoc AI tools face growing exposure, including regulatory penalties and reputational 
damage.

The next phase of AI adoption will be defined by agentic systems, autonomous or semi-autonomous agents capable of 
coordinating tasks across systems in real time.

These systems place greater demands on data foundations. They require low-latency access, consistent semantics, and robust 
safeguards. Asset managers who invest now in AI-ready data infrastructure will be best positioned to adopt these capabilities as 
they mature.

AI readiness should be measured by business outcomes rather than the number of models deployed.

Key metrics include time to deploy new AI use cases, adoption rates among end users, reductions in operational risk and cost, 
improvements in investment decision quality, and regulatory confidence and audit outcomes.

Data foundations enable these metrics by providing consistency and transparency across initiatives.

From analytics to agents

Reporting Analytics AI Agents
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12—Common Pitfalls and How to Avoid Them

13—The Human Dimension of AI-Ready Asset Management

Common mistakes include treating data modernization as a side project, over-engineering governance without business alignment, 
building AI solutions disconnected from enterprise platforms, and underestimating change management and skills development.

Avoiding these pitfalls requires executive sponsorship, clear prioritization, and a phased, outcome-driven approach.

AI does not replace human expertise. It amplifies it. Portfolio managers, analysts, risk professionals, and compliance officers 
remain central to decision-making. AI-ready data foundations equip them with better tools, faster insight, and greater confidence.

Organizations that invest in people, including skills, literacy, and collaboration, alongside technology, will outperform those that 
treat AI as a purely technical initiative.

Pitfalls vs. best practices

Common Pitfalls (What holds AI back) Best Practices (What enables scale)

Treating data modernization as a side project

Data initiatives are run in parallel to AI pilots, with no 
shared roadmap or executive ownership.

Treating data as enterprise infrastructure

Data foundations are funded, governed, and prioritized 
like core systems, not experiments.

Siloed data ownership and inconsistent definitions

Each function defines key entities (positions, risk, clients) 
differently, making enterprise AI unreliable.

Federated ownership with shared standards

Domains own their data, while the enterprise platform 
enforces common semantics, quality, and access controls.

Over-engineering governance too early

Heavy approval processes slow experimentation without 
materially improving trust or quality.

Governance embedded by design

Lineage, quality checks, and policy enforcement are 
automated within pipelines, not layered on manually.

One-off AI pilots built outside the core platform

Models are developed on bespoke datasets that cannot be 
reused, scaled, or governed consistently.

AI built on reusable data products

Curated datasets have clear owners, SLAs, documentation, 
and versioning, accelerating reuse and trust.

Limited transparency and lineage

Data transformations and model inputs are opaque, 
undermining explainability and regulatory confidence.

Transparency across data and models

Users can trace how data flows into models and how 
outputs are produced and monitored.

Technology-first mindset

New tools are adopted without aligning operating model, 
roles, or incentives.

Operating model aligned to outcomes

Technology, data, risk, and business teams collaborate 
around measurable business value, not tools.
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14—Conclusion: Data as the Platform for the Next Era of Insight
Asset management is entering a new era. Markets are moving faster. Data volumes are expanding. Regulatory expectations are 
intensifying. Clients increasingly expect real-time insight, transparency, and personalization. Artificial intelligence will be central 
to meeting these demands, but only for firms that have built the foundations to support it.

AI does not succeed in isolation. It succeeds when grounded in trusted, unified, and well-governed data. Without this 
foundation, AI initiatives remain fragile, difficult to scale, and hard to defend. With it, AI becomes a durable capability that 
enhances human expertise, strengthens risk management, and unlocks competitive advantage.

The firms that will lead the next decade of asset management are not those that deploy the most models, but those that treat 
data as strategic infrastructure. They invest in scalable platforms, embed governance by design, align operating models across 
technology and the business, and create the conditions for AI to be trusted and explainable.

Asset managers do not need to modernize everything at once. They need a clear, structured path forward.

From foundation to action

Next step
Assess the readiness of your data foundations for enterprise AI. Identify where 
fragmentation, governance gaps, or legacy constraints limit scale. Define a 
pragmatic roadmap from experimentation to production-grade impact.

The future of asset management will be built on data. The question is whether 
your foundation is ready.


