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Introduction

In today’s Al-driven world, the role of Analytical Data has never been more critical—or more
misunderstood. As organizations race to adopt artificial intelligence, many overlook the core engine that
still powers meaningful insights and strategic decisions: dashboards, KPIs, and metrics built from
structured, curated analysis. That engine is what we call Pillar 4: Analytical Data.

This pillar is not just about charts or reports. It represents the executive intelligence layer of your Al
knowledgebase—the refined outcome of raw data processed by human expertise, business logic, and
now, increasingly, by Al. It’s where insights are born, trends are visualized, and decisions are shaped.

Yet, a growing misconception is taking root: that traditional data science is becoming obsolete in the Al
era, or that dashboards built by analysts are no longer needed because “the Al will figure it out.” Thisis a
dangerous oversimplification.

In reality, we are entering a collaborative intelligence era—where Al, data science, and generative
interfaces co-create dashboards, simulations, KPls, and decisions. Rather than replacing human
analysts, Al adds a new layer of speed, scalability, and predictive capability to their work. Generative Al
tools take it further by making this intelligence accessible to anyone, from the C-suite to frontline staff,
through natural language queries and dynamic visualization.

In this article, we expand the definition of Pillar 4 by:

e Mapping the five main scenarios for how dashboards and KPIs are generated today using Al, data
science, or a blend of both.

e Clarifying the differences between Al-generated and human-defined analytical data.
e Showing how Generative Al transforms dashboards into conversational decision tools.

e Emphasizing why Analytical Data remains one of the most valuable and trustworthy layers in
your Al knowledgebase—especially when built right.

If Structured Data is the backbone of your systems, and Unstructured Data is the hidden goldmine of
words, then Analytical Data is your strategic compass—and Al is the engine that now helps steer itin
real time.



Why Analytical Data Still Matters in the Al Era

In the midst of the Al revolution, it's easy to assume that dashboards, KPIs, and traditional data science
methods are being pushed aside. After all, if Al can process massive volumes of raw data and generate
real-time insights from multiple formats, why would curated dashboards still be relevant?

The truth is: Analytical Data is more valuable than ever—not despite Al, but because of it.

While raw data provides the building blocks for Al, Analytical Data represents decision-ready
intelligence. It is the refined layer that connects data to real-world meaning. This is the layer where
businesses define success, where trends are interpreted, and where strategy is shaped.

Here’s why Analytical Data remains a cornerstone of any Al knowledgebase:

1. It Encodes Business Priorities

Dashboards and KPIs are not arbitrary—they are chosen by people who understand the business. They
reflect how organizations define growth, efficiency, performance, or risk. Analytical Data turns raw
signals into metrics that matter to executives and teams alike. Without these definitions, Al may
optimize the wrong outcomes.

2. It Builds on Trust and Validation

Unlike raw datasets, Analytical Data has typically been:
o Curated and verified by data scientists
¢ Reviewed by stakeholders
e Aligned with organizational goals

This built-in trust makes it far more dependable as a foundation for Al-driven decisions. It provides clarity
and confidence—a necessary counterweight to the opacity of some Al systems.

3. It Reflects Human Collaboration

Perhaps most importantly, Analytical Data captures the collective intelligence of an organization. It’s
the result of collaboration between data scientists and skilled employees across departments—finance,
operations, marketing, HR—each contributing their understanding of what should be measured,
monitored, and improved.

This fusion of domain knowledge and analytical skill embeds real-world context into the data. And that’s
exactly what Al needs to function effectively.



Al doesn’t simply need data. It needs the human interpretation of that data—the logic behind the KPlIs,
the reasons behind the thresholds, the historical nuances behind performance shifts. Analytical Data is
where this intelligence is stored. It acts as a strategic bridge between human expertise and machine
learning.

4. It Saves Al from Reinventing the Wheel

Al is powerful—but it doesn't need to start from scratch. If a company already has a well-defined churn
model, or a set of performance benchmarks, Al can use those as reference points for predictions,
simulations, and optimizations. Analytical Data gives Al a head start.

5. It Enables Explainable, Auditable Al

One of the common concerns with Al is its “black box” nature. Analytical Data introduces a layer of
transparency. It offers humans a clear view of existing performance trends—helping them validate,
interpret, or challenge Al-generated outputs. It is a crucial layer for accountability and trust.

6. It Powers Human-Al Collaboration

Dashboards are no longer static. In modern systems, they are dynamic, evolving, and often enriched by Al
in real time. Analytical Data forms the shared language between Al models and human decision-makers.
It enables a hybrid model where machines analyze, but humans remain in control.

7. It’s the Foundation for Generative Al Interfaces

Generative Al doesn’t replace dashboards—it transforms how we interact with them. With Analytical
Data in place, GenAl tools can answer questions like:

e  “Whydid sales drop in Q2?”
¢  “What’s our highest-performing region for product X?”
e “Simulate a 5% cost increase and show impact on margins.”

But without strong KPIs and contextual metrics, even the smartest GenAl interface has nothing
meaningful to respond with.

In Summary

Analytical Data is not a legacy layer—it’s the intelligence layer.
It embodies human judgment, strategic focus, and organizational knowledge. And in the Al era, it



becomes even more powerful—as the training ground, validation layer, and interface between people and
machines.

For companies building an Al strategy, strengthening this pillar means investing in both your data science
team and the business experts who shape the metrics. The future of decision intelligence isn’t just
machine-generated. It’s co-created—by humans, Al, and the shared language of Analytical Data.



Scenarios for Generating Dashboards and KPIs

As organizations evolve their data and Al strategies, one major question emerges:
Who creates your dashboards—and how?

In the past, dashboards and KPIs were built almost exclusively by data scientists and analysts using
structured data. But today, the landscape has changed. We now see a variety of models where:

e Al autonomously generates dashboards

« Data science builds the foundation, and Al adds predictive layers
e Generative Al acts as an interactive query layer

e Hybrid models combine human logic and Al scale

To make sense of this shift, we’ve defined five main scenarios that organizations are adopting—each with
different roles for data, Al, and human intelligence.

Scenario 1: Pure Al-Generated Dashboards and KPIs

¢ Description: Al ingests raw data (structured, unstructured, loT, etc.) and independently generates
dashboards, metrics, and trends.

e Strengths: Fast, scalable, can uncover patterns humans may miss.

o Limitations: Risk of misalignment, lack of explainability, requires high-quality and well-integrated
data.

e Use Case: Real-time monitoring in dynamic environments (e.g., logistics, cybersecurity, smart
cities).

e Example: An Al system creates a safety compliance dashboard by analyzing thousands of hours
of factory camera footage and sensor alerts.

Scenario 2: Al Built on Data Science Outputs

e« Description: Data scientists define and generate trusted KPIs; Al uses those as inputs to provide
forecasting, simulations, or optimization.

e Strengths: High trust, human-curated foundation; Al extends insights without replacing logic.
+ Limitations: Dependent on the quality and availability of initial data science outputs.

o Use Case: Marketing or finance teams where KPIs are well established, and Al adds prediction or
automation layers.

e Example: Achurn dashboard created by analysts is fed into an Al model that recommends
customer retention actions.



Scenario 3: Hybrid Co-Creation Between Al and Data Science

Description: A collaborative model where both data science and Al contribute to generating and
evolving KPIs and dashboards.

Strengths: Balances business knowledge with Al scalability; supports rich, adaptive analytics.
Limitations: Requires coordination, governance, and clear data architecture.

Use Case: Enterprises with cross-functional teams and complex data ecosystems (e.g.,
healthcare, telecom, manufacturing).

Example: Data scientists define operational efficiency KPIs; Al adds sentiment analysis from
unstructured feedback and simulations for different staffing models.

Scenario 4: Traditional Data Science-Only Dashboards

Description: Dashboards are fully created and maintained by data analysts/scientists using
structured models and Bl tools.

Strengths: High precision and explainability; strong alignment with business goals.
Limitations: Time-consuming, static, lacks predictive or real-time agility.
Use Case: Stable reporting needs, regulatory dashboards, executive reporting.

Example: Power Bl dashboard using SQL and statistical models to track quarterly sales across
regions.

Scenario 5: Generative Al as a Query Interface

Description: Generative Al sits on top of existing dashboards and Analytical Data, enabling users
to interact through natural language.

Strengths: Democratizes access to data; intuitive for non-technical users; accelerates decision-
making.

Limitations: Dependent on the accuracy of underlying dashboards; may misinterpret complex
queries.

Use Case: Executive leadership, business users, or clients who need on-demand answers without
exploring a dashboard.

Example: A CEO asks, “Why did our customer satisfaction score drop last month?” and receives a
generative summary combining dashboard trends and Al-analyzed support transcripts.



Summary Table

Scenario

Who Creates the

Insight

: Comparing the Five Scenarios

Data Types Used

Best For

Human
Involvement

1. Pure Al- Al All pillars Real-time pattern Low
Generated (structured to discovery

media)
2. Al Built on DS Al + Data Science  Analytical Data Predictive & Moderate
Outputs prescriptive

enhancement

3. Hybrid Al + DS Data Science + Al Structured, Strategic High
Collaboration unstructured, dashboards with

Analytical deep context
4. Traditional Data Data Science Structured, High-trust, slow- High
Science Analytical changing reporting
5. GenAl Query Users + GenAl + Analytical Data + Self-service Bl, Low to
Interface existing summarized executive Moderate

dashboards insights decisioning

This framework helps organizations:

¢ Understand where they currently are

e Decide which direction to move toward

e Clarify the level of Al maturity required for each scenario

But this comparison leaves out one crucial factor: the type of data behind these dashboards—

structured vs. unstructured. That’s the next layer we’ll explore.




Structured vs. Unstructured Data in Dashboard Design

Most dashboards today are built on structured data: rows, columns, numeric fields, and coded entries
from systems like ERP, CRM, and financial databases. It’s clean, machine-readable, and highly reliable—
which is why it has dominated the world of Bl and reporting.

Butin the Al era, another massive data source has entered the conversation: unstructured data.
This includes:

¢ Emails and chat logs

e Customer reviews and support tickets

e PDFs, reports, legal contracts

e Voice recordings, images, video, and more

And while unstructured data is harder to manage, it holds tremendous value that structured dashboards
often miss—context, emotion, causality, and qualitative insight.

To fully understand Analytical Data as an Al knowledgebase, we must consider how dashboards and KPls
evolve when different types of data are used.

Four Core Combinations of Data and Dashboard Design

Primary Data Built By Al Role Output Type
Source

1. Structured Data + ERP, CRM, BI Analysts, data Minimal or none Static dashboards,

Data Science tools scientists rule-based KPIs

2. Unstructured Data Emails, PDFs, NLP/datateams Basic AI/NLP for Sentiment trends,

+ Data Science reviews extraction topic maps

3. Structured Data + ERP logs, Al models (ML, Predictive, real- Forecasts, anomaly

Al time-series GenAl) time modeling detection, trends
data

4. Unstructured Data Voice, video, Al (LLMs, Deep pattern Generative

+ Al reports vision/audio) recognition summaries, emotion

analysis
Why This Matters

+ Traditional dashboards miss insight from unstructured sources like call logs or feedback forms.

e Structured data alone can't explain why churn happened—only that it did.



Unstructured data, when analyzed by Al, provides qualitative context (e.g., “frequent complaints
about delivery delays™).

The most powerful dashboards today are hybrid, combining structured metrics with
unstructured insights—often through Al.

Real-World Example

Let’s say a company tracks customer churn using structured CRM data.

Traditional dashboards show a spike in churn (structured).
Analysts validate it and update KPIs (analytical).

Al scans support tickets and chat logs for patterns (unstructured).
It finds a recurring theme: “late deliveries from one warehouse.”

Now, Generative Al surfaces this insight in plain language:
“459% of churned customers in Q2 reported shipping delays linked to Warehouse C.”

Without unstructured data, this conclusion would be invisible.

Insight

Al doesn’t just use more data—it uses different data.
And that shift—from structured-only to hybrid structured + unstructured—is what gives Analytical Data

its next-generation power.

As we move forward, dashboards will no longer be built just on numeric metrics. They will blend numbers

with narratives, logs with logic, and structure with sentiment.



Generative Al as the New Interface for Analytical Data

In the traditional Bl model, dashboards were static tools—designed by analysts, used by managers, and
updated on a scheduled basis. Access was limited, navigation required training, and extracting insight
often meant waiting for someone else to pull the numbers.

But Generative Al is changing all of that.
It’s not just building dashboards—
It’s talking to them.

From Visualization to Conversation

Generative Al acts as a natural language interface between users and data. Instead of clicking through
filters and slicing charts, a manager or executive can now ask:

e “What caused the drop in sales last month?”
e “Which region has the best customer satisfaction trend this year?”
e “Simulate a 10% price increase and show the projected revenue impact.”

In seconds, the Al responds—pulling from structured dashboards, analytical metrics, and even
unstructured feedback to generate answers, not just charts.

This is not just a technical upgrade. It’s a paradigm shift in how people interact with Analytical Data.

How It Works

Generative Al tools (like GPT-40 or enterprise LLMs):
e Are connected to structured dashboards via APIs or Bl integrations (Power Bl, Tableau, etc.)
e Understand the meaning behind KPlIs (e.g., churn rate, net revenue retention)
¢ Pullfrom both structured and unstructured sources
e Respond in human language, often with visual support (charts, summaries, simulations)

These tools are increasingly embedded directly in Bl platforms, turning reports into dialogues and users
into active participants in the data process.

Real-World Use Cases

¢ Executives querying KPIs without dashboards:
“Show our top 3 regions by margin over the last 6 months.”



e Product teams simulating feature changes:
“If we remove Feature X, what’s the projected impact on engagement?”

¢ HRteams investigating sentiment trends:
“Summarize the top employee concerns from exit interviews this quarter.”

All of these are powered by Analytical Data enhanced with GenAl access—turning insight into action,
instantly.

What Still Matters

Generative Al is only as good as the data behind it. If your dashboards are:
e Outdated
e Misaligned with business goals
e Missing key context from unstructured data
...then the answers GenAl provides may be misleading, incomplete, or even harmful.

That’s why the foundation laid by data scientists, analysts, and business domain experts is still
critical. Without clean, trusted, and well-structured Analytical Data, GenAl becomes a risky shortcut.

The New Model of Interaction

Before GenAl With GenAl

Static dashboards Conversational access to metrics

Users navigate filters Users ask questions in natural language

Analyst builds eachview Al dynamically builds views

Predefined metrics only Al surfaces hidden patterns

Limited to structured data Pulls from both structured + unstructured

Strategic Shift: From Bl to CDI (Conversational Decision Intelligence)

The emergence of GenAl in analytics is moving us from traditional Business Intelligence to a new era we
might call Conversational Decision Intelligence (CDI):

e Bl helped analysts deliver insight.

e CDI helps everyone access and act on insight—on demand.



This transformation makes Analytical Data more powerful, accessible, and immediate than ever
before.



The Taxonomy: Five Models for Dashboard and KPI Generation in
the Al Era

In today’s Al-powered environment, dashboards and KPIs can emerge from various sources—ranging
from fully automated Al to traditional data science, or a mix of both. Understanding the different models
helps organizations assess their current approach, identify capability gaps, and define the next step in
their analytics journey.

This taxonomy classifies five distinct models, each with its own balance of automation, human

expertise, and data complexity.

The Taxonomy Table
Primary Data Sources Best Fit For Human
Creator Involvement
1. Pure Al- Al All six pillars of Full Real-time, Low
Generated (Autonomous) data ownership of high-scale,
pattern exploratory
discovery insight
2. Al Built on Data Alontop of DS Analytical Data, Forecasting, Predictive Moderate
Science outputs structured optimization extensions of
inputs trusted metrics
3. Hybrid Al + DS Data scientists Mixed: Shared Cross- High
Collaboration + Al structured + insight functional,
unstructured generation context-rich
dashboards
4. Traditional Data Data science Structured, None or Stable High
Science teams Analytical minimal reporting,
compliance,
control
5.GenAlasaQuery GenAl+users Anydashboard- NLP Executive Moderate
Interface (interface) ready source interface, access,
smart decision speed
summaries

How to Use This Taxonomy

Askyourself:




¢ Which model(s) best describe your current dashboard generation process?
e Areyou too reliant on traditional models and missing Al-driven opportunity?
e Areyou using Al without ensuring the foundation of Analytical Data is strong and aligned?
Most mature organizations move between multiple models depending on the use case. For example:
+ Finance teams may rely on traditional dashboards (Model 4) with GenAl interfaces (Model 5).

e Customer service may use Al-generated dashboards from unstructured complaint data (Model
1).

e Strategy teams may work in a hybrid model (Model 3) to combine operational KPIls with market
sentiment.

This taxonomy builds directly on Pillar 4 by showing how Analytical Data is not static—it's activated,
enhanced, and distributed differently depending on the model. It also reinforces the message that
human expertise remains vital, even as automation expands.



Pillar 4 as a Knowledgebase Layer for Al

So farin this series, we’ve established a foundational truth: Al needs more than just data — it needs a
knowledgebase.

Structured data gives Al reliable facts.
Unstructured data offers context and meaning.
Media files give it visual and sensory awareness.
But Analytical Data?

It gives Al conclusions.

Dashboards and KPIs are not raw signals — they are the final product of human analysis. They’ve been
filtered, calculated, validated, and presented in a form that executives rely on to make high-stakes
decisions.

That makes this pillar uniquely powerful in the Al stack. It’s not just data for training. It’s knowledge for
reasoning.

The Design Principle: KPIs and Dashboards as Core Knowledge Objects

To build a true Al knowledgebase, your architecture must treat dashboards and KPIs as first-class data
assets.

That means:

¢ Collecting as many dashboards and KPI structures as possible across departments, tools, and
systems (ERP, CRM, HR, Finance, loT).

¢ Linking these KPIs to their underlying formulas and business logic (e.g., how is churn
calculated? What defines “customer satisfaction”?).

o Standardizing the representation of these metrics so Al can query, connect, and reason across
them.

Why?

Because dashboards are not just visual outputs. They are codified intelligence—they capture how the
organization defines performance, success, and failure.

Two Al Missions for Analytical Data

When Al engages with Analytical Data, it has two missions:

1. The Easy Mission: Query and Interaction

With generative Al tools, users can now query dashboards using natural language:

¢ “What’s our current ROI by business unit?”



¢ “Which campaign had the highest conversion last quarter?”
This is the low-hanging fruit—translating KPls into conversation.

2. The Real Mission: Pattern Discovery and Cross-KPI Intelligence
This is where the real power lies.
Al must:

e Connect multiple dashboards across departments

e Find hidden patterns between unrelated KPIs

o Detect anomalies that no human noticed

e Forecast future metrics by linking past trends across multiple sources

¢ Recommend actions based on cross-dimensional logic (e.g., how operational delays affect
financial KPls)

This turns dashboards from passive reports into active nodes in the Al reasoning network.

Giving Al the Why Behind the What

Most dashboards answer what is happening.

But Al can do more if it’s also taught why a KPl was created:
¢ Whatalgorithm or formula produced it?
e Whatthreshold defines a “good” or “bad” value?
e What other metrics does it influence?

By giving Al access to the underlying logic and equations, we help it simulate thinking—not just
reporting.

Imagine feeding Al:
e The formula behind net revenue retention
e The dependency between churn rate and CAC
e The logic behind operational efficiency KPIs

Now, Al is not just reading dashboards—it’s understanding them.

The Strategic Payoff

When Analytical Data is treated as a knowledgebase, organizations unlock:

¢ Smarter Al predictions, rooted in actual business logic



¢ Cross-functional intelligence, by linking isolated metrics
 Faster decision-making, because KPls become interactive, explainable, and predictive

e Al co-pilots that can reason, simulate, and even challenge flawed metrics

Final Thought

Dashboards and KPIs aren’t the end of the data pipeline. In the Al age, they’re the beginning of
intelligence.

They are the pre-built “knowledge objects” that Al can learn from, expand upon, and connect — making
Pillar 4 not just another data type, but a true intelligence layer in your Al architecture.



Challenges and Mitigation Strategies for Building an Analytical Data
Knowledgebase

While Analytical Data (Pillar 4) is a cornerstone of Al-driven decision intelligence, organizations often face

significant challenges in building and maintaining this layer of their knowledgebase. These obstacles can

undermine the effectiveness of dashboards, KPls, and Al outcomes if not addressed proactively. Below,
we outline the primary challenges and provide practical strategies to mitigate them, ensuring Analytical
Data remains a trusted and actionable asset.

Challenge 1: Data Silos Across Departments

Description: Analytical Data is often scattered across departments (e.g., marketing, finance,

operations), with each using different Bl tools, metrics, or definitions for KPIs (e.g., varying
calculations for "customer retention"). This creates inconsistencies that confuse Al models and
reduce cross-functional insights.

Mitigation Strategies:

o

o

Centralized Data Catalog: Implement a unified data catalog to document all dashboards
and KPls, including their formulas, sources, and business logic. This ensures Al can access
a consistent view of Analytical Data.

Cross-Functional Governance: Establish a data governance council with representatives
from all departments to standardize KPI definitions and align metrics with organizational
goals.

API-Driven Integration: Use APIs to connect disparate Bl systems (e.g., finance’s ERP
dashboards with marketing’s CRM metrics), enabling Al to reason across silos.

Challenge 2: Ensuring Data Quality and Freshness

Description: Outdated or inaccurate Analytical Data (e.g., stale KPls, unvalidated dashboards)
can lead to misleading Al outputs, as emphasized in the broader Al data framework: “Good Al with
bad data = wasted money.” Static dashboards also struggle to keep up with real-time business

needs.

Mitigation Strategies:

o

Real-Time Data Pipelines: Adopt streaming analytics platforms to update KPIs
dynamically, ensuring Al has access to fresh data.

Automated Validation Checks: Implement automated data quality checks (e.g., anomaly
detection, consistency audits) to flag errors in KPIs before they reach Al models.

Regular KPI Reviews: Schedule periodic reviews by data scientists and business experts
to ensure dashboards reflect current priorities and market conditions.



Challenge 3: Skill Gaps in Data Science and Al Teams

Description: Many organizations lack teams skilled in both traditional data science (e.g.,
statistical modeling, Bl tools) and Al techniques (e.g., machine learning, generative Al). This
hinders the adoption of hybrid or Al-driven models for Analytical Data.

Mitigation Strategies:

o Upskilling Programs: Invest in training data scientists in Al frameworks and generative Al
to bridge the gap between traditional analytics and Al-driven insights.

o Cross-Functional Collaboration: Foster partnerships between data scientists, Al
engineers, and domain experts to co-create dashboards that blend human logic with Al
scalability.

o Knowledge Sharing: Create internal wikis or playbooks documenting best practices for
integrating Al with Analytical Data, ensuring teams can replicate successful workflows.

Challenge 4: Balancing Automation with Human Oversight

Description: Over-reliance on Al-generated dashboards (Scenario 1) can lead to misaligned KPls,
while excessive human involvement (Scenario 4) limits scalability. Striking the right balance is
critical for effective hybrid models (Scenario 3).

Mitigation Strategies:

o Hybrid Workflow Design: Define clear roles for Al (e.g., pattern discovery, real-time
updates) and humans (e.g., KPI validation, strategic alignment) in dashboard creation.

o Iterative Feedback Loops: Implement feedback mechanisms where business users
review Al-generated insights and refine them, ensuring alignment with organizational goals.

o Explainability Tools: Use Al explainability techniques to make Al-generated KPls
transparent, allowing data scientists to validate and adjust outputs.

Challenge 5: Ethical and Privacy Concerns with Unstructured Data

Description: Incorporating unstructured data (e.g., customer feedback, call transcripts) into
dashboards, as advocated in hybrid models, raises concerns about data privacy, bias, and ethical
use, especially when processed by Al or generative Al.

Mitigation Strategies:

o Data Anonymization: Apply anonymization techniques to unstructured data (e.g.,
redacting Pll from support tickets) before feeding it to Al models.

o Ethical Al Guidelines: Establish policies for ethical Al use, ensuring dashboards do not
amplify biases (e.g., skewed sentiment analysis from unrepresentative feedback).

o Audit Trails: Maintain detailed logs of how unstructured data is processed and integrated
into KPls, ensuring traceability and compliance with regulations like GDPR or CCPA.



Strategic Insight

Addressing these challenges requires a holistic approach that combines robust data governance, cross-
functional collaboration, and continuous upskilling. By proactively mitigating these obstacles,
organizations can transform Analytical Data into a dynamic, trusted, and scalable layer of their Al
knowledgebase, enabling smarter decisions and competitive advantage.



Executive Summary: The Strategic Role of Pillar 4 in the Al
Knowledgebase

Pillar 4: Analytical Data is not just a layer of dashboards and KPIs—it is the
intelligence core of your Al strategy.

In the architecture of an Al knowledgebase, this pillar plays a unique role:

e It captures the final output of human-driven data science: metrics, insights, performance
indicators.

o ltreflects the collaborative logic between data scientists and domain experts.
e It holds pre-validated knowledge that is trusted by decision-makers.
e Itenables Al to reason, not just respond.

While structured, unstructured, and media data give Al breadth of information, Analytical Data gives Al
direction, focus, and purpose.

Itis where your company’s strategic priorities are quantified, monitored, and aligned—and that makes it
not just a reporting layer, but a knowledge layer.

Al that learns from dashboards and KPIs is not guessing. It is learning from your best thinking, your most
critical insights, and your accumulated business intelligence.

Strategic Recommendations for Executives and Al Leaders

To fully activate Pillar 4 as a core Al knowledgebase layer, organizations should follow these strategic
steps:

1. Treat Dashboards and KPIs as Knowledge Objects

e Catalog all dashboards across departments.
e Extract and store the business logic behind each KPI (formulas, rules, dependencies).

o Create a metadata layer that links KPIs to business goals, departments, and owners.

2. Integrate Across All Systems

¢ Ingest dashboards and KPIs from ERP, CRM, HR, finance, operations, marketing, loT, and more.

e Ensure both legacy Bl systems and modern Al platforms can access them through APIs or shared
data models.



. Educate the Al on KPI Logic

Feed Al not just the KPlI numbers, but the formulas and algorithmic paths behind them.

Include thresholds, alert logic, business impact statements, and historical trends.

. Design for Dual Al Missions

Mission 1: Queryability - Enable GenAl to respond to natural language questions about existing
KPls.

Mission 2: Intelligence Discovery — Allow Al to find patterns across multiple KPIs, recommend
correlations, and simulate outcomes across functions.

. Adopt the Taxonomy as a Roadmap

Use the five-model taxonomy (from traditional data science to GenAl interfaces) to map your
current maturity and define where each business unit should evolve.

. Invest in Cross-Functional Data Teams

Bring together data scientists, business experts, and Al engineers to collaboratively manage
Analytical Data as a shared knowledge asset—not a siloed output.

. Enable Conversational Access via GenAl

Allow executives and users to interact with dashboards through GenAl platforms.

Ensure those platforms are connected to the analytical layer and aware of the logic behind each
metric.

. Focus on Trust and Governance

Analytical Data must remain auditable, explainable, and traceable.

Use this layer as the “single source of truth” Al builds from—not replaces.



Final Thought

If Structured Data is the foundation, and Unstructured Data is the hidden opportunity,
then Analytical Data is the strategic compass.

It doesn’t just reflect what’s happening.

It reflects how your organization thinks about performance.
And in the Al era, that makes it not just useful—

but essential.
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