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INTRODUCTION

For many organizations, data has become both
a promise and a source of frustration.
Significant investments have been made: new
platforms, AI pilots, dashboards everywhere
but few leaders can point to consistent,
repeatable business value. Despite best
intentions, data often remains underused,
misunderstood, or disconnected from the
decisions that matter.

The issue is no longer about having data. It’s
about making it usable at the right time, by the
right people, in the right context. Yet many
executives face the same invisible
bottlenecks: a lack of trust in the data, teams
unsure how to translate insights into action,
and scattered initiatives that never quite
scale. Efforts remain stuck in silos or stall
after the first deployment, while expectations
from stakeholders continue to grow.

This eBook is designed for those who are
ready to break that pattern.
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It offers a clear and actionable approach to
move from potential to impact by focusing not
just on storing data, but on enabling its use.
Through a practical framework and real-world
observations, we explore how to organize data
into reliable, well-managed assets that can be
found, understood, and embedded into the daily
fabric of the business.

Because making better decisions at scale is not
about adding more tools. It’s about building the
conditions: operational, cultural, and
strategic that make data truly usable. 



Business intelligence remains siloed
 Insights are generated in isolated departments with
limited collaboration, traceability, or reusability,
making enterprise-wide alignment difficult.

 AI initiatives rarely scale beyond pilot phases 
Organizations often launch proof-of-concepts that don’t translate into operational tools, creating fatigue and
skepticism around AI's real-world value.

Data is still treated as a passive asset
Collected and stored “just in case,” rather than
actively shaped into purposeful, high-quality, and
trusted products that support decision-making.

In the era of digital transformation, data and AI are widely acknowledged as strategic assets. Yet despite
massive investments in infrastructure, tools, and talent, most organizations continue to struggle, not with
technology itself, but with making data genuinely useful in everyday business contexts. The real challenge
lies in consistently translating data into concrete usage that creates measurable, repeatable business
value. Data must become a real business line of the company. 

Billion units per yearPlants Countries

Data is everywhere yet leaders are still wondering: 
Why aren’t we seeing results? 
Why aren’t we seeing the impact we expected? 
Why do initiatives stall at pilot stage? 
Why do teams still rely on intuition rather than data? 

1. The Limits of Traditional Approaches
While the data landscape has evolved dramatically, many companies remain constrained by outdated models
technologically advanced but strategically misaligned. These legacy patterns prevent organizations from
embedding data into the decisions and processes that matter most:

These limitations highlight a fundamental disconnect: data is too often managed as an IT or
compliance concern, rather than as a living, evolving foundation for better decisions. The
consequence? High potential, low adoption and ultimately, limited return on investment.

I. From Raw Data to Business Value: Why Rethink the
Data Value Chain
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2. Why a New Value Chain Framework Is Needed
To bridge this gap between aspiration and execution, organizations need more than new tools they need a
new way of thinking. A new data value chain must emerge: one that integrates technological possibilities
with structural and cultural readiness. Data must become a business. Three trends define this shift:

Reusability across teams
without bottlenecks or

duplication

Clear ownership, quality
controls, and user-

centric design

Domain-level
expertise embedded

into data design

a. Rise of Self-Service and the Data Mesh Paradigm
The traditional centralized data model where a few experts manage enterprise data for everyone no longer
scales in dynamic, fast-paced environments. Enter the Data Mesh paradigm, which decentralizes data
ownership and promotes cross-functional collaboration.
In this model, each business domain becomes responsible for producing, maintaining, and exposing its data
as a product. This means:

The result is a more scalable, agile, and context-aware data architecture where the people closest to the
problem own the data needed to solve it.

b. AI-First Operations and Embedded Intelligence 
Artificial Intelligence is no longer a future-facing capability it’s an operational necessity. From marketing
personalization to predictive inventory planning, AI is becoming embedded into everyday processes,
reshaping how organizations operate.

Moving to AI-first operations requires data systems that are not only technically robust but also transparent,
aligned with business workflows, and trusted by the people who use them.

Pipelines must be trusted
Poor data quality or

inconsistent labeling
undermines model

performance

Models must be monitored
performance decays over

time, and continuous
retraining is required

Outputs must be
actionable 

Insights should connect
to decision points, not

remain abstract

How should
organizations
rethink their
approach to
AI operations
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Traceable: with metadata that links every output to its input and
decision path

Traceable
With metadata that links every output to its input and decision path

Responsible
Aligned with both internal policies and external regulations (e.g. GDPR, AI Act)
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Beyond compliance, trust is now a
competitive advantage. Businesses need to
demonstrate that their decisions are:

Organizations must move from thinking about data as a raw material, to designing
systems that generate reliable, explainable, and reusable data products.

This evolution from storing data to using it, from centralized control to shared
ownership, and from isolated analysis to embedded intelligence forms the foundation
of the modern, business-driven data value chain.

As data and AI touch more decisions, accountability
becomes critical. 

Regulatory bodies are increasing scrutiny on how
organizations collect, manage, and act upon data,
especially when algorithms influence customer
experiences, hiring, or financial decisions.

c. The Need for Explainability and Compliance

Explainable
With clear, accessible reasoning behind model recommendations

This requires organizations to embed governance not as a control mechanism, but as an enabler of scale and
confidence. When users trust the system, they use it. And when usage increases, value creation follows.

In 
short
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We present the layers in the order Access → Insight
→ Action not by historical sequence, but by logical
progression. 
Access is the foundation without trusted,
discoverable data, insights cannot scale. 

ACCESS
IN
SI
GH
T
AC
TI
ON

II. The three pillars of the modern data value
chain: Insight, Access, Action
Turning data into business value requires more than collecting it, it demands a structured approach to
organizing, exposing, and activating it. At the heart of this approach is a framework structured around three
key layers: Access, Insight, Action that together define how data is productized and turned into concrete
usage.

Each layer is powered by metadata and governance as strategic enablers, ensuring that Data, Analytical and
AI products are not only technically available, but also usable, trusted, and embedded into business
workflows.

Once Access is in place,
Insights can deliver
meaningful KPIs and
analytics. 
Action comes last, as
operationalizing insights
into automation is the most
advanced step, building on
the two previous layers.

Turning Access into Insights,
and Insights into Action
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 1. Access layer
Provisioning trusted,

discoverable data assets 

The Access layer provides the critical foundation for
making data usable at scale. Its role is to ensure that
trusted, certified, and well-documented data
products are both discoverable and consumable
across the organization. By enabling domains to
self-serve curated datasets, the Access layer
reduces duplication, prevents shadow data sources,
and accelerates delivery.       
Common challenges such as inconsistent metadata, unclear ownership, and poor discovery experiences are
addressed through a central catalog, robust quality controls, and clear governance frameworks. The goal:
create a seamless environment where data products can be reliably accessed and reused across business
units.

Create trusted, certified, and
discoverable data assets
Enable domains to self-serve
high-quality, curated datasets
Reduce duplication, manual
provisioning, and shadow data
marts

STRATEGIC GOALS

Inconsistent metadata across systems
Lack of ownership or certification for data assets
Poor user experience in data discovery tools

CHALLENGES

Central catalog with rich metadata and usage scoring
SLA tracking, freshness indicators, and lifecycle of metadata or data communities
Semantic tagging and data quality annotations

Assign and enforce data
product ownership
Automate data quality
checks and alerts
Embed SLAs and
contracts within data
products

GOVERNANCE ROLE

METADATA ROLE
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2. Insight layer 
Driving human decisions

through analytics

Empower users to act based
on governed, certified KPIs
Provide end-to-end lineage
from visualization to data
source
Enable decision-action loops
that track impact on KPIs

STRATEGIC GOALS

Conflicting KPI definitions across teams
Siloed dashboards with unclear data origins
No visibility into whether decisions had
measurable outcomes through memorable actions

CHALLENGES

Expose lineage and freshness
Embed business definitions and glossary terms
Track usage and audience engagement

Certify dashboards and
assign ownership
Ensure versioning and
impact measurement of KPIs
Align metrics with business
outcome

GOVERNANCE ROLE

The Insight layer focuses on turning raw data into
meaningful, governed analytics that guide human
decision-making. At this stage, the priority is to ensure
that KPIs, dashboards, and reports are reliable,
traceable, and actionable. This requires addressing
common challenges such as inconsistent definitions,
siloed reporting, or lack of visibility on results while
leveraging metadata and governance to standardize
and certify information. They need to become
analytical products. 

The ultimate goal: create a trusted environment where insights drive measurable business
outcomes.

METADATA ROLE
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3. Action Layer
Operationalizing data via

AI, Agents

Deploy intelligent agents in
day-to-day business
workflows
Enable explainability,
guardrails, and continuous
learning
Integrate human and machine
decision-making seamlessly

STRATEGIC GOALS
Model drift and relevance decay
Lack of traceability in LLM responses or model
predictions
Absence of real-world feedback loops for model
refinement

CHALLENGES

Prioritize context: metadata provides the essential context that enables AI to
understand and generate value from data.
Model lineage, dataset provenance, and prompt metadata
Logging of decisions, feedback, and usage context
Traceability for training datasets, feature stores, and vector databases

Certify dashboards and assign
ownership
Ensure versioning and impact
measurement of KPIs
Align metrics with business
outcome

GOVERNANCE ROLE

The Action layer transforms data products into
operational intelligence by embedding AI, ML
models, and intelligent agents directly into
business workflows. This is where the value chain
meets real-world impact: decisions are not just
informed by data, they are executed in context.

To make this work at scale, the Data Catalog acts
as a semantic layer for AI enriching algorithms with
business-friendly vocabulary, metadata, and
relationships between data elements, effectively
becoming the very context that powers AI
understanding.

METADATA ROLE
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In short, the Action layer is not just about deploying AI it’s about embedding intelligent,
explainable, and trustworthy agents into day-to-day operations, powered by a robust
metadata backbone that bridges the gap between raw data and meaningful, compliant
business actions.

In 
short

To make this work at scale, the Data Catalog becomes a semantic layer for AI enriching algorithms with
business-friendly vocabulary, metadata, and relationships between data elements. 

This ensures that AI agents can generate contextual, relevant, and trustworthy outputs, aligned with the
organization’s rules and domain-specific knowledge.

AI relies on structured metadata,
definitions, and business terms to
interpret queries correctly, even if
imprecisely worded.

Data Context & Semantic
Understanding

Data lineage provides traceability,
linking every AI output back to its
sources and transformations, ensuring
explainability and compliance.

Trust & Lineage  

Embedded governance policies ensure
AI behaves within defined boundaries,
while monitoring and retraining keep
models relevant.

Governance & Guardrails 
User interactions and feedback are
captured to refine AI outputs over time,
improving precision and trust.

Continuous Feedback Loops
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4. The Semantic Layer in Action



5. Strategic Enablers Across All Layers

Example: A financial services firm improved adoption of its client risk scoring models by
exposing model inputs, lineage, and version history directly to end users through a visual
interface. This transparency, powered by metadata, built trust and accelerated usage across risk,
compliance, and relationship management teams.

Metadata has evolved from a passive documentation element to an active driver of value. 
In modern data ecosystems, it enables discovery, trust, and intelligent automation across all layers of the
value chain.

Where metadata was once “for IT only,” it now plays a direct role in how business users find, understand,
and trust the assets they need. In an AI-first context, active metadata (continuously updated and
connected to usage) powers:

Discovery & Search
Users can find the right

datasets, dashboards, or
models faster through

intelligent search enriched by
business terms, lineage, and

certifications.

Contextual Recommendations
 AI systems leverage metadata

(lineage, freshness, usage patterns)
to suggest relevant data assets or
even automatically select the best

source for a given analysis.

Workflow Automation
Pipelines can adjust

dynamically, choosing
certified datasets, flagging

outdated models, or updating
KPIs without manual

intervention.

Metadata

a. Metadata as a Strategic Enabler
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Modern governance is no longer about slowing down change in the name of compliance;it’s about enabling
safe, scalable adoption. This requires a shift from a “policing” approach to a product-oriented enablement
model.

Clear Ownership

Every KPI, dataset, and model
has a named owner

responsible for quality,
updates, and communication.

Policing
approach 

Enablement
Model

Slowing down change

Unclear

Extra step 

Untraceable

Enabling safe adoption

Clear, named owner

Slowing down change

Traceable, measurable

FOCUS

POLICIES

OWNERSHIP

IMPACT

Embedded Policies

Certification, retention, and
alerting are automated within

workflows; governance
happens in the background,

not as an extra step.

Traceable Impact

Every decision is explainable,
measurable, and linked to the
assets that informed it. This

builds accountability and
improves iteration over time.

b. Governance Beyond Control: Operational Enablement

Example: A global pharmaceutical company sped up the close-out of its clinical trials and improved
regulatory compliance by creating clear ownership for its key data. They standardized definitions for
essential clinical data points and documented them in a centralized metadata platform. This platform
also exposed data lineage, glossary terms, and quality rules, allowing teams in R&D, regulatory affairs,
and with external partners to work from the same trusted source. As a result, collaboration became
smoother, trust in the data increased, and the company was able to build a stronger foundation for
AI-driven insights helping bring new drugs to market faster.

In this model, governance ensures that data, KPIs, and models are ready to use and trusted, without
creating bottlenecks:
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1Evaluating where the organization
stands today (maturity assessment)

Evaluating

3

Once the value chain is defined, the next challenge is turning the framework into operational reality. This is
where strategies often stall: strong conceptual alignment but limited integration into business workflows.

Operationalizing a data & AI strategy requires three key steps:

2Prioritizing which initiatives to
scale first

Executing deployment with
reintegration into operational systems

Prioritizing

Executing

Without this sequence, even well-designed value chains risk remaining isolated, theoretical
assets unable to deliver sustained impact.

III. Operationalizing the Data & AI Strategy:
Maturity, Assessment, and Deployment
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APIs that connect data and AI products directly
to operational platforms
Semantic layers and metadata pipelines that
keep context alive across system boundaries
Business process mining and journey mapping
to identify insertion points for AI and analytics
UX and adoption design tailored to non-
technical business users through MCP

Business users, whether in finance,
supply chain, sales, or operations

rarely leave their operational tools to
consult external analytics platforms.

Data and AI products must meet
them where they work: inside ERP,

CRM, HRIS, procurement, marketing
automation, or supply chain

systems.

Tracking a KPI in isolation has limited
impact. Real value comes when the
KPI is actionable inside the
transactional process. For example,
when a drop in supplier on-time
delivery triggers a purchase order
adjustment directly in SAP.

The more integrated the product, the
more natural and trustworthy it feels.
If accessing an AI prediction requires
multiple steps, adoption will be low. If
the prediction is directly embedded
where the decision is taken, it
becomes part of the natural
workflow.

AI Agents must integrate seamlessly,
delivering timely recommendations or

alerts precisely when decisions are
being made. They should align with the

natural rhythm of business processes
responding to context, offering

predictions, and enabling actions
directly within enterprise applications.

Why Embedding Data Products into Operational Systems Matters

Adoption
only happens
where users

work

Trust is built
through

frictionless
consumption

KPIs drive
action only
in context

AI must
augment,

not
disrupt

a. Adoption happens where users work b. KPIs drive action only in context

d. Trust is built through
frictionless consumption

c. AI must augment, 
not disrupt

2. How to Enable Data Product Embedding

Example: A manufacturing firm embedded
supply chain risk scores directly into its
procurement dashboard in SAP, allowing
users to adjust orders based on real-time
AI predictions. The risk model was trained
on historical delivery data, linked to
metadata on supplier categories, and
governed through retraining policies tied
to quarterly reviews.
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1. Embedding Data Products into Operational Systems
The three endpoints of the data value chain: Insight, Access, and Action define how data is structured and
productized. Yet their value only materializes when they are embedded into the business workflows where
actual decisions are made. Without this integration, even well-designed data and AI products risk
becoming abstract assets: technically impressive, but disconnected from the daily levers of value
creation.



       a. Insight Layer
Level Description : 

0/ Siloed reports, unclear data origins
1/ Some dashboard use, limited documentation
2/ Certified KPIs, basic glossary usage
3/ Full lineage, decision impact traceability
4/ Adaptive dashboards with embedded context and feedback loops

      b. Access Layer
Level Description : 

0/ Manual data provisioning, no catalog
1/ Early data sharing, inconsistent formats
2/ Discoverable assets with partial metadata
3/ Federated data products, governed lifecycle and SLAs
4/ Automated metadata flows, dynamic provisioning based on usage patterns

      c. Action Layer
Level Description : 

0/ No AI in production
1/ Pilot models without monitoring
2/ Model metadata exists, basic feedback collection
3/ Governed AI agents with explainability and relevance tracking
4/ Self-learning agents with closed-loop feedback and prompt governance

3. Assessing Maturity Across the Three Pillars
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Before scaling, it’s essential to understand where your organization stands today.
This maturity model provides a practical way to evaluate progress across the three pillars:   
Access, Insight, Action and identify which capabilities need strengthening to unlock consistent,
trusted value from data and AI.



AC
CE

SS

Are data products
cataloged and quality-

assured?

0 0 0

1 1 1

2 2 2

3 3 3

4 4 4

Unit A

Unit B

Unit C

Unit D

Unit E

To assess your organization, score each domain or system using maturity levels across all endpoints. Use
the following questions:

Are AI agents
monitored and aligned
with business metrics?

Visualize results with a maturity heatmap
across business units to guide
prioritization.

Step 1: Assess Current
State

Run workshops to
evaluate metadata and

governance across
endpoints
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d. Governance Beyond Control: Operational Enablement
IN
SI
G
H
T

Are KPIs traceable
and owned?

AC
TI
O
N

4. Implementation Playbook

Step 2: Define
Roles &

Ownership
Assign data

product owners,
stewards, and

model validators Step 3: Prioritize Gaps
Focus on use cases

blocked by trust,
discoverability, or

explainability

Step 4: Launch
Quick Wins
Certify top

dashboards, enrich
metadata, embed

AI agent with
monitoring

Step 5: Scale through
Platforms

Operationalize via data
catalogs, governance

tools, and MLOps
platforms

Data value chain
maturity heatmap



WHY CHOOSE 
APGAR

APGAR designs and delivers innovative
data and AI solutions and supports
clients with expert advisory services to
ensure successful adoption and long-
term value. With a team of over 230
data and AI experts, APGAR combines
product development, integration, and
advisory capabilities to help companies
turn data into a strategic advantage.

APGAR gives our international clients
the expertise to make the best use of
their data. For themselves. For their
ecosystem. And for a better world.

GET IN TOUCH
Have a specific project or challenges ?
Get in touch now! 

Frédéric ROBERT
Advisory Director at APGAR
APGAR

Building a modern Data & AI ecosystem is not just a technical endeavor it’s an organizational transformation. 
The true value of data emerges when access, insight, and action are seamlessly connected, governed, and
embedded into everyday decisions.

By aligning people, processes, and technology around a shared framework, organizations can turn scattered data
efforts into a coherent, scalable system that drives measurable impact from strategic foresight to operational
excellence.

WHY CHOOSE APGAR? 
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