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Structured data pillar: Building the AI knowledgebase architecture 
design-part 2 

Introduction  
This article is the second installment in the Six Pillars of Data Powering AI series — following the 
foundational Part 1, which introduced the Structured Data Pillar and its pivotal role in enterprise AI. If you 
haven’t read it yet, we recommend starting there: 

     Read Part 1: The Structured Data Pillar and the Future of AI 

In this second part, we take a major leap forward: 

    From understanding what structured data is... 

   To learning how to design the AI knowledgebase architecture that will power enterprise 
intelligence. 

At first glance, “AI Knowledgebase Architecture Design” might sound highly technical, abstract, or even 
reserved for data architects. But here’s the surprise: 
 

This guide is designed for everyone — from CEOs and CMOs to heads of operations and IT. Whether or 
not you have deep technical experience, you’ll be able to follow these practical, visual, and simplified 
steps to lead or contribute to your company’s AI readiness journey. 

 

We break this down through step-by-step instructions that allow your organization to: 

• Identify its core systems and structure 

• Visualize how AI will interact with them 

• Discover where the gaps are 

• Understand how to connect and teach AI 

• Build trustable, explainable, and scalable AI systems 

 

This article begins where the last left off — focusing on ERP, CRM, and E-commerce platforms as the 
foundation. These aren’t just technical systems; they are the structured brain of your enterprise. 
But the real power of AI comes when you turn these systems into a connected, intelligent ecosystem — 
through thoughtful architecture design. 

Even better? We make it actionable: 

• You’ll learn how to map your systems using three ecosystem models: Connected, Integrated, and 
Fragmented. 

https://www.linkedin.com/pulse/six-pillars-data-powering-ai-structured-pillar-main-future-hijazi-egbof/?trackingId=ml3LBfMlQBO3TDzBpQESEg%3D%3D


• You’ll go step-by-step through eight practical stages, from executive brainstorming all the way to 
dimensional data mapping and AI teaching frameworks. 

• You’ll see how the same logic applies to every department and every data source — even those 
stored in Excel or semi-structured logs. 

 

And remember: we’re not replacing the built-in AI modules from vendors like Oracle, Salesforce, or SAP. 
We’re building an independent AI layer that sits above them — a cross-functional AI brain that connects 
all structured data across your organization. 

This is the moment where your enterprise begins to think as one intelligent system. 
Let’s begin the design. 

 

 



Understanding Ecosystem Models for AI: Where Your Systems 
Stand 
Before diving into architecture design or AI pipelines, organizations must pause and classify their existing 
systems — starting with the most critical platforms that power structured data. 

These are: 

• ERP systems – handling operations, finance, HR, procurement 

• CRM systems – holding customer profiles, sales history, and engagement trails 

• E-commerce platforms – tracking transactions, product catalogs, user behavior  “if exist” 

These systems form the backbone of structured enterprise data — and they are typically where AI efforts 
begin. But AI success depends on how these systems are connected, integrated, or isolated. The 
better their ecosystem, the smarter your AI can become. 

This is why understanding how your ERP, CRM, and E-commerce platforms sit inside your system 
landscape is not just helpful — it's mandatory. 

 



Three Ecosystem Models for AI Knowledge 

Every system across the organization — whether it's an enterprise-grade application or a small team-
level tool — falls into one of three AI ecosystem categories: 

Model Definition Examples AI Implication 
Connected Systems Systems built by the same 

vendor, natively aligned with 
shared data models and 
architecture. 

Microsoft Dynamics 365 
(ERP + CRM), SAP 
S/4HANA, Oracle Fusion 
Cloud Suite. 

Highest AI readiness - shared 
schema and context improve 
accuracy, automation, and 
insights. 

Integrated Systems Different systems connected 
via APIs, middleware, ETL, or 
manual syncing. 

Salesforce CRM integrated 
with SAP ERP; Shopify 
integrated with HubSpot. 

Usable by AI if identifiers are 
aligned and data governance is 
in place; some risk of 
inconsistency. 

Fragmented/Isolated 
Systems 

Systems with no integration 
or connection to core 
platforms; often standalone 
or localized. 

Excel-based reporting, BMS 
systems, standalone 
banking apps, or text-file-
based tools. 

Poor AI utility without 
intervention - data is invisible, 
unstructured, or lacks 
semantic linkage. 

 

✅ 1. Connected Systems — The Ideal Starting Point 
Connected systems are built by the same vendor, designed to operate on a unified platform with shared 
architecture, data models, user identity, and backend logic. These systems are AI’s best friend. 

  Example – ERP: 

• SAP S/4HANA with all modules from the same suite 

• Oracle Fusion with Finance, HR, and Procurement under one architecture 

• Microsoft Dynamics 365 with CRM and ERP together 

  Example – CRM & E-Commerce: 

• Rarely fully connected due to diversity of vendors 

• Sometimes possible when using all Salesforce modules (e.g., Sales Cloud + Marketing Cloud) 

  Why It Matters: 

• AI can move freely across modules with aligned schema 

• Dashboards and reports share common metrics 

• Data quality is inherently stronger 

 



⚙️ 2. Integrated Systems — The Common Enterprise Reality 
Most organizations use multiple vendors across ERP, CRM, and E-commerce due to legacy choices, 
specialized needs, or subsidiary-specific platforms. These are integrated via middleware, APIs, or 
custom syncs. 

  Example – ERP: 

• Oracle Finance integrated with SAP Procurement 

• Microsoft Dynamics HR connected to SuccessFactors 

  Example – CRM: 

• Salesforce CRM integrated with internal tools like Freshdesk or Outlook 

• HubSpot connected with Mailchimp and internal BI tools 

  Example – E-Commerce: 

• Shopify integrated with ERP via connectors 

• Magento connected to CRM or social channels via APIs 

  AI Implications: 

• AI can extract insight only if: 

o Master data is aligned (e.g., unified customer IDs) 

o Data freshness is ensured 

o Field mappings are consistently governed 

 

❌ 3. Fragmented/Isolated Systems — The AI Black Hole 
These are standalone systems or applications that are: 

• Not integrated 

• Not connected 

• Often invisible to enterprise data planning 

They may still be in use — but they are off the radar of any AI or analytics strategy. 

  Example – ERP: 

• A local procurement system in Excel 

• A legacy finance tool used in one subsidiary 

  Example – CRM: 



• An executive’s personal contact manager 

• A PDF list of leads updated manually 

  Example – E-Commerce: 

• A third-party app used only for campaign-based microstores 

• Standalone product catalog tools with no sync to inventory 

 

 



Important Realizations and Actions 
Here’s what organizations often overlook — and what must now be corrected. 

1. Even Isolated Systems Hold Value 
• That building access control system (BMS)? 

Might reveal operational trends tied to HR attendance 

• That offline banking app? 
Could show key financial timing behaviors 

If these systems are not at least tagged and documented — AI won’t even know they exist. 

 

2. Semi-Structured ≠ AI-Ready 
Excel sheets are everywhere — but they’re not enough. 

  Real Example: 

A team managing vendor approvals via Excel. This should be: 

• Converted into a structured MySQL or PostgreSQL database 

• Or at least linked to a shared cloud table (e.g., Google BigQuery) 

AI thrives on structured, queryable data — not tabs and filters. 

 

3. Hidden Structured Data Exists in Odd Places 
You may have structured records stored in: 

• Fixed-format .txt logs 

• XML from legacy systems 

• Poorly formatted JSON 

• Delimited text dumped from API exports 

These look structured, but AI can't parse them without preprocessing. 

🛠 Solution: Build connectors and transformation layers to decode and prepare this data for ingestion 
into the knowledgebase. 

 

4. Every App and System Must Be Mapped 
Don’t limit mapping to “core” platforms. Your AI strategy should classify: 



• All custom-built apps 

• All vendor tools 

• All spreadsheets 

• All mobile apps 

• Even shadow IT tools 

Into: 

• Connected 

• Integrated 

• Fragmented 

This gives IT, data, and leadership a shared language to prioritize architecture design. 

 

 



Final Note Before We Move to Architecture Design 
Even if your systems are disconnected, hybrid, or messy — you’re not alone. Most organizations are 
exactly the same. 

What matters is: 

• You recognize where each system sits 

• You classify them clearly 

• You begin to build the bridge to AI using architecture 



AI Knowledgebase Architecture Design: Mapping Your Enterprise 
Brain 
Designing the AI Knowledgebase Architecture is not just a technical exercise — it is a strategic shift in 
mindset. This section introduces the foundation for building that architecture, explaining its purpose, 
approach, and why it is one of the most critical steps in preparing for enterprise AI adoption. 

 

Internal vs. External AI Implementation 
Every organization that intends to use AI must begin by recognizing one fundamental truth: 

AI operates across two main dimensions: 

• Internal — where AI powers operations, automation, reporting, and internal intelligence 

• External — where AI drives customer experience, personalization, communication, and 
engagement 

Most organizations jump quickly into external AI — chatbots, recommendation engines, personalized 
offers. But real success comes from mapping and aligning both dimensions, ensuring that what the AI 
knows internally enables what it delivers externally. 

That mapping begins with one thing: 

     Your AI Knowledgebase Architecture. 

 

What Will Not Covered (Yet) 
Customer journeys are essential. But they involve dozens of departments and thousands of touchpoints. 
For now, we will not dive into customer journey design, as it deserves a separate, fully detailed series. 
Instead, we focus on how to design the structured data foundation that can support any AI 
application — internal or external — today or tomorrow. 

 

Why This Architecture Must Be Manually Designed 
Before jumping into dashboards, connectors, or data pipelines, it’s crucial to understand why this entire 
architecture must be manually built, at least for now. 

It’s not that AI tools don’t exist — they do. In fact, many leading vendors (Microsoft, Oracle, Salesforce, 
and others) offer AI features, analytics suites, or data fabric solutions. But they all come with one core 
issue: 

   They are too complex, fragmented, or narrowly focused to guide a complete enterprise AI 
knowledgebase strategy. 



These tools were built for analysts, architects, and developers — not for top executives or department 
heads trying to shape a vision. 

That’s why, in this methodology, we start with something radically different: 

    A human-first, executive-friendly design process that comes before the technical implementation. 

We begin with clear, structured steps that every leader in the organization can follow, regardless of 
their technical background. These steps are designed to spark internal discussions, map system 
realities, and prepare teams for what’s next. 

 

 



📘 Overview of the Knowledgebase Design Steps 
Before we dive into each stage in detail, here is a quick overview of the steps required to design a fully 
functional AI Knowledgebase Architecture for structured data. 

This approach may sound technical — but it is crafted for everyone. Whether you're a CEO, department 
head, IT manager, or transformation lead, these steps walk you through a process that is both visual and 
collaborative. 

From system mapping and domain structuring to human oversight and metadata design — the journey 
builds your organization’s AI brain step-by-step. 

Here is the full roadmap: 

 

 



🧱 Summary Table – Steps for AI Knowledgebase Architecture Design (Structured 
Data) 

Step Title Purpose 

Step 
1 

Top Executives' Design Strategic-level brainstorming to define major structured 
systems, clarify ownership, and classify platforms as internal, 
external, or hybrid. 

Step 
2 

System-Level Mapping & 
Architecture Drawing 

Visualize each major system (ERP, CRM, E-Commerce, etc.) 
across three models: Connected, Integrated, and Fragmented. 
Includes diagrams and tabular tracking. 

Step 
3 

Blueprint Design for 
Connectivity & Integration 

Design blueprints to connect systems — without implementing 
yet. Document integration types, complexity, costs, and 
recommendations for each connection. 

Step 
4 

Domain Categorization & 
Specific Knowledgebase 
Structuring 

Organize structured data into business-specific categories and 
knowledge domains (e.g., Finance, Projects, Inventory). Detach 
from system view and focus on business logic. 

Step 
5 

Labeling Successes and 
Failures 

Identify and tag data from successful or failed business 
activities. Help AI differentiate “what worked” from “what 
didn’t.” 

Step 
6 

Mapping Data Dimensions Create a multi-dimensional tagging system for each dataset 
(system type, connectivity, domain, outcome). This becomes 
the semantic map for reasoning and creativity. 

Step 
7 

Human-in-the-Loop (HITL) & 
Governance 

Establish 3 levels of human oversight (users, experts, 
architects) to supervise, refine, and guide AI continuously and 
safely. 

Step 
8 

Teaching AI Through Rules, 
Metadata & Relationships 

Define business rules, metadata properties, and system 
relationships so AI can reason with logic, understand context, 
and generate insights across the entire knowledgebase. 

 

 



Step 1: The Top Executives' Design of the AI Knowledgebase 
Architecture 
Before anything is drawn, coded, or migrated — the design starts at the strategic level. 

This first step is where the CEO, CIO, CFO, CMO, CHRO, and heads of business units come together to 
lay out the business logic and data priorities for the AI knowledgebase. 

This is not a technical step — it’s about visualization, ownership, and alignment. 

🎯 Objectives of Step 1: 
• Define the major structured systems in the organization (e.g., ERP, CRM, E-Commerce, HRMS, 

Finance) 

• Identify what each system means to the business 

• Understand which systems are central, which are supporting, and which are satellite or isolated 

• Discuss whether each system is: 

o Internally facing (e.g., HR, finance, logistics) 

o Externally facing (e.g., customer portals, e-commerce, CRM) 

o Hybrid (e.g., ERP or mobile apps) 

 

🧩 What This Step Looks Like in Practice 
This can be done in a series of structured brainstorming workshops, using visual tools like: 

• PowerPoint maps 

• Miro whiteboards 

• Simple org-system matrix tables 

• Printable templates for department heads 

Each executive is asked to: 

• List the systems their department uses 

• Indicate whether those systems are connected, integrated, or fragmented 

• Identify structured data their systems produce or rely on 

• Share known gaps, old data sources, Excel trackers, or legacy databases 

 



🔄 Why This Step is Crucial 
Skipping this executive layer leads to: 

• IT teams working in isolation 

• Technical architecture that doesn’t align with business goals 

• Missed opportunities from systems no one documented 

• AI efforts that answer questions no one asked — or ignore problems everyone knows exist 

This is why the top-level AI Knowledgebase Architecture design must begin here — at the leadership 
level, in their language, with their systems and priorities front and center. 

 

📝 Output of Step 1: 
By the end of this step, the organization will have: 

• A visual map of core systems, showing their ecosystem layers 

• A classification of systems across the three models: connected, integrated, fragmented 

• A shared understanding of data ownership across departments 

• A strategic vision of where AI can generate value — and where it needs help 

 



Step 2: System-Level Mapping and Architecture Drawing 
Once executive leaders define the major systems across the organization, the next step is to visually 
map the structure of each system individually, separating their components into three clarity-first 
categories: 

1. Connected Systems 

2. Integrated Systems (Ecosystems) 

3. Fragmented Systems & Isolated Data Sources 

This step helps create a clear and simple AI Knowledgebase Skeleton that will later support intelligent 
architecture, without overwhelming stakeholders with technical language or data engineering logic. 

The golden rule here is: 

“One system at a time. One layer at a time. One diagram at a time.” 

 

A. Connected Systems – The Core Structure 
This is the main system itself — ERP, CRM, E-Commerce — using native business modules from the 
same vendor. 

Each connected system should have its own drawing or page, showing: 

• The system name (e.g., SAP ERP, Microsoft Dynamics CRM) 

• The core business modules installed from the same vendor 

• The functionality boundaries within that system 

 

           Visual Format (Simple Example): 

[Microsoft Dynamics ERP] 

  ├── Finance Module 

  ├── Procurement Module 

  ├── Inventory Module 

  ├── HR Module 

  ├── Project Management Module 

  └── Compliance Module 

If modules are too many, list them in bullets or a table on the side of the slide. 



   Do this for each major system separately (ERP, CRM, E-Commerce, etc.) 

 

B. Integrated Systems – The Ecosystem View 
Now build a second drawing per system, showing the solutions, apps, or platforms that are integrated 
with the core system. 

These are not from the same vendor but have some connection — either through: 

• API 

• Middleware 

• Direct sync 

• ETL pipelines 

• Partial data export/import 

           Visual Format (ERP Ecosystem Example): 

[Core ERP: Oracle Fusion ERP] 

 

    ↓ Integrated Tools: 

    - Local Procurement Portal (API sync) 

    - Payroll Provider (ETL integration) 

    - Vendor Self-Service Platform 

    - Invoicing App (external finance) 

    - BI Tool (Power BI with partial connection) 

    Repeat this process for CRM and E-Commerce as well. 
Each system gets its own Integration Map, showing its extended but non-native ecosystem. 

 

C. Fragmented Systems – Isolated Yet Valuable 
This is where most organizations miss critical knowledge. These are standalone systems or datasets 
that contain structured data but are: 

• Not integrated 

• Not connected 

• Often invisible in decision-making 



• Managed by single teams or hidden in local folders 

These may include: 

• Excel sheet trackers 

• MySQL or Access databases 

• Old database backups 

• Abandoned software tools 

• System exports (in CSV, TXT, JSON) not currently used 

• Mobile databases (e.g., SQLite from field apps) 

You don’t need to analyze or migrate them yet — just identify them. 

 

Suggested Table Format (Example): 
Source Name Type Owner Department Notes 

Vendor_Payments.xlsx Excel Finance Updated manually every week 

hr_access_db.accdb Access DB HR Used for historical records 

POS_SQL_Backup.sql SQL Dump Retail Ops Disconnected from ERP 

CampaignList.csv Flat File Marketing Old campaign leads 

MobileAppData.db SQLite Field Team From custom Android app 

   This step does not require knowing the location or infrastructure yet — we are simply collecting what 
structured data exists. 

 

Goal of Step 2 
By the end of this step, you should have: 

• A clean Connected View for each major system 

• An Integration Map for each major system's ecosystem 

• A Fragmented Data Table with all known isolated structured data sources 

 

🧠 Strategic Tip 
This step is powerful because: 



• It brings visibility to hidden data sources 

• It prepares your team to ask the right questions later 

• It empowers both technical and non-technical leaders to engage in the AI readiness journey 

Once this exercise is complete for each major system (ERP, CRM, E-Commerce, HRMS, etc.), you will be 
ready to move to the third step: cross-system consolidation and data relationship mapping, which 
begins forming the intelligent backbone of your AI Knowledgebase Architecture. 

 

 



Step 3: Blueprint Design for System Connectivity and Integration 
Now that we’ve mapped out the major systems and categorized them into: 

• Connected (native modules from the same vendor) 

• Integrated (externally connected systems) 

• Fragmented (isolated structured data) 

…it’s time to design how these systems should connect — not technically implement them, but define 
the architectural blueprint for connection. 

This is a critical design stage handled by specialists, such as: 

• Database architects 

• Data warehouse engineers 

• Integration designers 

• Data center experts 

• Enterprise IT strategists 

 

🧭 What This Step Is — and What It’s Not 
This step does not involve: 

• Coding APIs 

• Installing new systems 

• Purchasing middleware 

• Replacing legacy systems 

Instead, it’s about: 

• Designing the blueprint of connections 

• Documenting the paths and dependencies 

• Estimating effort, complexity, and cost 

• Highlighting challenges, timing, and risks 

• Deciding what’s worth connecting — and what’s not 

 



🔧 What Needs to Be Designed 
Each disconnected or partially integrated system (from Steps 1 and 2) should be evaluated for: 

1. Connection Objectives 

• Why is this system important to AI? 

• What insights or structured data does it provide? 

• How often does the data need to sync (real-time, daily, on-demand)? 

• Who consumes the data: finance, operations, AI agents? 

2. Integration Method Recommendation 

• API-based? 

• ETL/ELT pipeline? 

• Manual upload with validation layer? 

• Database replication? 

3. Cost and Complexity Analysis 

• Is this a light integration or a full architectural redesign? 

• Are we using tools we already own? 

• Will we need licenses, consultants, hardware? 

4. Challenge and Constraint Identification 

• Is data schema misaligned? 

• Are data volumes too high? 

• Is there risk of data duplication, inconsistency, or security gaps? 

• Will user roles and permissions need to change? 

 

 



📋 Blueprint Output Example 
Let’s say your CRM is integrated with your ERP via a custom API — but your product catalog is managed in 
a legacy e-commerce CMS that only exports CSV files. A design blueprint table might look like: 

System Integration Type Objective Challenge Estimated 
Cost 

Timing 

ERP ↔ CRM API Align sales & 
customer data 

None Minimal 2 weeks 

E-Commerce 
CMS 

ETL to DW Sync product 
catalog & order 
history 

Data format, 
mapping 

Medium 1 month 

Excel Inventory 
Sheets 

Manual Upload + 
Validation 

Capture warehouse 
stock data 

Human error 
risk 

Low Immediate 

Legacy HR DB API + Middleware Enrich employee 
records 

Vendor lock-in High 3 months 

   This table becomes a presentation tool for decision makers. 

 

💬 The Key Question: Do We Really Need to Connect All These Systems? 
Short Answer: Yes — unless there’s a very specific reason not to. 

AI systems thrive on context. Every isolated database or spreadsheet that stays disconnected becomes: 

• A blind spot for analytics 

• A missed opportunity for automation 

• A risk for duplication, error, or misalignment 

The only acceptable reasons to keep a system isolated are: 

• Security classifications (e.g., air-gapped financial systems) 

• Regulatory constraints (e.g., government compliance) 

• Temporary isolation for migration or decommissioning 

Otherwise, integration is not optional — it’s essential. 

 

🧠 Strategic Mindset 
This step is not only for technical people. It's a cross-functional strategy session where: 



• Data architects propose blueprints 

• Finance evaluates budgets 

• Legal advises on compliance 

• Executives weigh priorities 

It’s where the entire organization aligns on: 

“What should we connect — and what should we keep apart?” 

 

 



Step 4: Domain Categorization and Specific Knowledgebase 
Structuring 
In this step, we shift the focus from connecting systems to understanding the nature of the data itself 
— and how to build a purposeful, domain-specific AI knowledgebase from it. 

You might wonder: 

“Can’t we just let AI read everything, mix it all together, and make sense of it like a general AI model?” 

Technically, yes. AI can consume your ERP, CRM, E-commerce, and fragmented sources — and learn 
across all of them like a giant, generic model. 

But the real question is: 

“Should we?” 

The answer is clear: No. 

 

🎯 Why Generic AI Isn’t the Goal Here 
Your enterprise data is not generic — and most of it, especially structured data, is deeply domain-
specific: 

• ERP systems contain modules like Finance, Procurement, HR, and Projects 

• CRM systems track Customer Journeys, Sales Pipelines, Feedback Loops, and Retention 

• E-Commerce systems manage Products, Orders, Reviews, Inventory, and Fulfillment 

These are specialized knowledge zones — and if we teach AI to recognize and respect these 
boundaries, it becomes: 

• Smarter within each domain 

• More accurate in insights 

• Safer with compliance 

• Faster in execution 

In short, we move from “chatbot AI” to real business intelligence. 

 

🧱 Building a Domain-Specific AI Knowledgebase 
So what do we do in this step? 

We revisit the output of Step 2 (System-Level Mapping) — but this time, instead of visualizing the 
architecture, we: 



Categorize the data into logical, functional, and business-specific domains. 

We no longer care whether the data comes from connected, integrated, or fragmented systems. 

We only ask: 

• What domain does this data belong to? 

• What function does it serve? 

• Can we group it under a business logic umbrella? 

 

🧩 ERP: A Domain-Oriented System by Design 
Start with ERP. It's already modular, which helps you create domain boundaries: 

ERP Business Module Domain-Specific Category 

Finance Financial Records, Payments, Budgeting 

Procurement Vendors, Purchase Orders, Invoices 

HR Employee Profiles, Payroll, Leaves 

Projects Project Plans, Milestones, Costs 

Compliance Regulatory Records, Audit Logs 

Each of these becomes a domain in the AI knowledgebase. 
Each domain may include: 

• Structured tables 

• KPIs and dashboards 

• Reporting logic 

• Data owners and rules 

 

 



🧩 CRM: Categorized by Customer Lifecycle 
CRM data can be broken down into customer-centric verticals: 

CRM Vertical Domain Category 

Lead Generation Campaigns, Leads, Sources 

Customer Onboarding Profiles, Preferences, First Purchases 

Customer Journey Interaction Logs, Sales Touchpoints 

Retention Renewals, Feedback, Loyalty Programs 

Marketing Analytics Segmentation, A/B Testing, ROI Reports 

Again, not all CRM data is structured — but here we only categorize the structured parts. 

 

🧩 E-Commerce: Behavior and Transaction Domains 
Even e-commerce systems can be sliced into specific categories: 

Functionality Domain Category 

Product Management SKU Tables, Attributes, Categories 

Transactions Orders, Payments, Refunds 

Customer Profiles Purchase History, Preferences 

Inventory Stock Levels, Warehouses 

Feedback Ratings (structured), Reviews (semi-structured) 

 

📂 Final Output of This Step 
For each system, create a simple table or document with: 

• Domain Name (e.g., Finance, Inventory, Lead Management) 

• Source Systems (ERP, CRM, E-Commerce, or other) 

• Structured Data Types (tables, dashboards, KPIs) 

• Notes (owner, freshness, known issues) 

Example (CRM Domain Table): 

Domain System Data Type Notes 



Lead Generation HubSpot CRM Leads Table, Sources Partial sync with marketing app 

Customer Journey Salesforce CRM Sales Stage Logs Fully structured 

Retention Metrics Custom DB KPI Table Monthly batch load 

 

💬 Why You Should Do This 
By completing this step, you will: 

• Organize your AI knowledgebase around how your business actually runs 

• Simplify future AI model training, RAG pipelines, or reporting layers 

• Avoid confusion caused by overlapping or duplicated data 

• Create clarity for future automation, forecasting, and personalization 

 

🧠 Reminder 

     This is not the time to worry about how systems are connected (Step 3). 

     This is not about building AI yet (that comes later). 

     This is about teaching AI how to think like your organization, one domain at a time. 

When we’re done categorizing all structured data across all major systems, we’ll be ready to move into 
deeper orchestration and AI learning strategies. 

 



Step 5: Labeling Successes and Failures – Teaching AI with Context 
In the process of building a structured AI knowledgebase, one critical step is often forgotten — or 
intentionally skipped: 

Should we allow AI to learn from data that reflects failure, underperformance, wrong strategy, or 
inaccurate records? 

The short answer is: Yes — but only if it’s properly labeled and documented. 

 

💡 Why This Step Is Critical 
AI doesn’t judge your data — it consumes and models it. If you don’t tell the AI: 

• What went wrong 

• What should not be repeated 

• What was linked to the wrong decision, bad planning, or failed goals 

…it will assume those data points are just as valid as your successes. 

 

🧱 The Nature of Bad Data (In This Context) 
We’re not talking about corrupted files or viruses. In the world of structured data, “bad data” means: 

• Poor performance metrics from a failed strategy 

• Data produced from a wrong decision or flawed assumption 

• Structured records created based on a misunderstanding 

• Plans, goals, and outcomes that were documented but unsuccessful 

This kind of data might include: 

• An ERP module showing product lines that were canceled due to failure 

• CRM records of customer churn due to poor onboarding or miscommunication 

• E-commerce reports on a seasonal campaign that led to losses 

• Excel files tracking poor leads, mismatched pricing, or missed targets 

Even if stored in structured tables — these must be identified clearly before AI learns from them. 

 

✅ And What About the Good Data? 
Of course, you must also tag the success stories: 



• High-performing quarters 

• Products that exceeded expectations 

• Teams or employees that outperformed 

• Strategies that delivered results 

The goal is not to delete or hide bad data — it’s to teach AI the difference between success and failure. 

 

🧩 Example: What You Don’t Want to Happen 
Imagine this scenario: 

• In 2018, you launched Product X. It failed — not because the product was bad, but because 
marketing strategy was wrong. 

• You have a full set of structured data about that failure — revenue, sales, campaign performance, 
etc. 

• AI scans all your ERP and CRM data in 2025, and sees Product X as a failure. 

• Now, the AI might flag any future version of Product X as risky, without understanding that the 
failure was strategic, not product-based. 

That’s why you need this step — to tell the AI what happened, and why. 

 

✍️ What to Do in This Step 
1. List and Tag “Bad” Data Sets 

Create a document or table with: 

• The time period 

• The system involved (ERP, CRM, etc.) 

• The data set or file name 

• The reason it’s considered “bad” or “failed” 

• Optional: links to strategy decks, campaign files, or board notes 

 



Example: 

1. List and Tag “bad” Data Sets 

Period System Data Asset Description Tag 

Q1 
2020 

ERP 
(Finance) 

Campaign2020_Q1.xlsx Failed launch due to pricing 
issue 

Bad_Strategy 

2021 CRM LostClients_2021.csv Lost 1,200 clients due to poor 
follow-up 

Failure_Retention 

2022 E-
Commerce 

ProductZ_2022.json Canceled product, wrongly 
positioned 

Discontinued 

 

2. List and Tag “Good” Data Sets 

Mirror the same process for successful outcomes: 

Period System Data Asset Description Tag 

Q4 
2021 

ERP ProjectX_Report.xlsx Completed under budget, 
on time 

Success_Project 

2022 CRM OnboardingMetrics_2022 High conversion from 
onboarding to sale 

Success_CustomerJourney 

 

🧠 Why This Matters More Than Ever 
As organizations rely on AI to: 

• Make product suggestions 

• Analyze past performance 

• Optimize workflows 

• Recommend strategic direction 

…the AI must understand the history of performance with full context. 

Without this step: 

• AI may treat all past actions equally 

• AI may recommend failed campaigns again 

• AI may underweight what worked due to bias in volume (e.g., more data on failed projects than 
successful ones) 



 

💬 Bonus Insight 
Even large companies ignore this. 
They let AI search SharePoint or OneDrive based on permissions, without labeling what went well or what 
went wrong. 

This is a dangerous trap — AI should not be learning blindly from a pool of structured and unstructured 
files without a curated teaching plan. 

Just because a file is accessible… doesn’t mean it should be part of the AI’s core training set. 

 

📌 Final Thought 
This step is not about filtering out failure — it's about elevating learning. 

Teach your AI: 

• What to repeat 

• What to avoid 

• What to investigate further 

Without this step, you’re not building an AI that understands your business. You’re building an AI that 
blindly memorizes your past. 

 

 



Step 6: Mapping Data Dimensions – Building the AI Matrix 
Until now, we’ve been collecting systems, organizing domains, categorizing outcomes, and labeling data. 
But if we stop there, we’re still treating data as if it exists in rows and folders. 

That’s not how AI thinks. 

AI understands context. 
AI requires multi-dimensional representation. 
AI learns through relationships between dimensions, not just data points. 

So now we begin the dimensional mapping of structured data — creating a semantic matrix that 
allows AI to understand: 

• What the data is 

• Where it came from 

• How it’s classified 

• Whether it succeeded or failed 

• How many layers of meaning it carries 

 

📐 What Is a Data Dimension? 
Think of each dimension as a tag or layer of identity that you assign to every structured data source or 
dataset. 

Each data row, table, or file can have: 

1. System Type (ERP, CRM, E-Commerce, etc.) 

2. Connectivity Model (Connected, Integrated, Fragmented) 

3. Business Module / Category (Finance, Marketing, Inventory, Projects) 

4. Outcome Flag (Good, Bad, Regular/Neutral) 

5. (Future) — Format Type, Access Control, Sensitivity, Language, etc. 

You are creating a data identity passport — a multi-tagged profile that tells the AI: 

    “Here’s what I am. Here's where I came from. Here’s how I should be understood.” 

 

🧪 Examples of Dimensional Mapping 

   Example 1: 

ERP system, connected, Finance module, Good data 



• Classic, high-quality, reliable data from a trusted internal module 

• Ready for direct use by AI in forecasting, decision support, financial modeling 

   Example 2: 

CRM system, integrated, Customer Journey vertical, Bad data 

• Needs caution; AI must handle with flags or reduce its influence in recommendations 

   Example 3: 

ERP system, fragmented, Inventory (legacy Excel sheet), Neutral data 

• Requires validation before AI can use it; may need migration into structured DB 

   Example 4: 

E-Commerce, connected, Product reviews dashboard, Good data 

• Excellent candidate for personalization, customer insight, trend detection 

 

🧩 Multi-Module & Overlapping Dimensions 
In some cases, a dataset may carry multiple values within one dimension, such as: 

• ERP, connected, Finance + Accounting modules, Regular data 

This is expected — data lives across boundaries. That’s why tagging dimensions independently is better 
than forcing strict hierarchy. 

     Dimensions are not exclusive — they are additive. 

 

🧮 Suggested Table Format for Dimensional Mapping 
Data Asset System 

Type 
Connectivity Module / 

Category 
Outcome 
Flag 

Notes 

finance_2022.sql ERP Connected Finance Good Clean, 
validated 

campaign_q4.xlsx CRM Integrated Marketing Bad Failed lead gen 

inventory_legacy.csv ERP Fragmented Inventory Neutral Requires 
migration 

mobile_orders.db E-
Commerce 

Integrated Field Sales Good From Android 
app 



This table is not for the AI to read yet — it’s for you and your organization to align before AI starts its 
work. 

 

🎯 Why This Step Matters (More Than You Think) 
You’re building an AI Matrix — and this is the step where everything becomes comprehensible to the AI. 

Without this: 

• AI may weight bad decisions equally to good ones 

• AI may use disconnected systems without context 

• AI may generate incorrect forecasts due to misunderstood data lineage 

With dimensional mapping: 

• You create clarity for every data source 

• You enable prioritized learning 

• You prepare for the future fusion of structured and unstructured data 

 

🧠 Strategic Insight: You’re Designing AI’s Thought Process 
Each dimension adds a layer of intelligence. 
Each layer is a building block of how AI thinks. 

In the future, when you bring in the 6 Data Pillars (structured, unstructured, media, IoT, advanced sensor 
data, etc.), these dimensions will be even more essential to handle the complexity. 

 

📝 Final Guidance 
This step should be: 

• Documented in your main AI Knowledgebase file 

• Reflected in visual diagrams or dashboards (PowerPoint, Notion, Miro) 

• Updated as new systems, categories, or tags emerge 

Remember, this is still part of the AI Knowledgebase Design stage. You’re not training the AI yet. You’re 
creating its brain — its structure of understanding — its way of interpreting your enterprise reality. 

 



🧭 Why Data Dimensions Matter in AI: Unlocking Reasoning and 
Creativity 
As we explore the structure of our AI Knowledgebase, one might ask: 

“Why do we need to build data dimensions at all?” 
“Isn’t it enough to just give the AI access to all the data?” 

The answer is no — not if we want the AI to think clearly, reason correctly, and create intelligently. 

 

🧠 The Two Modes of AI Thinking 
Every advanced AI model — especially LLMs and Generative AI systems — operates under two 
fundamental modes of thinking: 

1. Reasoning 

• Logical 

• Bounded 

• Deterministic 

• Based on what’s known 

• Offers clear conclusions within a framework 

2. Creativity 

• Associative 

• Cross-domain 

• Exploratory 

• Non-obvious links 

• Generates new ideas or formulas beyond what’s defined 

Both modes are valuable. And both depend entirely on how we structure the data. 

 

🧱 Structured Data = Foundation for Reasoning 
Structured data — like what we get from ERP, CRM, and E-Commerce — is inherently reasoning-friendly: 

• It’s formatted, validated, historical, and bounded by business logic. 

• AI can infer patterns, validate models, and draw direct conclusions. 



• That’s why models like DeepSeek excel at precise and grounded answers — they are trained with 
structured logic in mind. 

But here’s where it gets interesting… 

 

🌀 Data Dimensions = Foundation for Creativity 
When we apply data dimensions (from Step 6), we don’t just tag data — we give the AI axes to explore 
across. 

Dimensions = Permission for the AI to think, connect, and explore relationships. 

Let’s take an example: 

• ERP system, connected, Finance module, Good data 

• And… 

• CRM system, integrated, Marketing Campaign module, Regular data 

Now you ask: 

“Can AI tell me how the financial outcomes of our ERP align with the marketing campaigns in CRM?” 

Without dimensional labeling, the AI might never try. 
But because you created dimensional mappings, now it can: 

• Calculate ROI per campaign 

• Correlate budget spikes with customer acquisition rates 

• Predict which campaign structure results in high-margin sales 

• Recommend future cross-channel budget allocation 

 

✨ What About Creativity Beyond the Obvious? 
Suppose you say: 

“AI, explore the relationship between ERP Finance → CRM Marketing → Global Interest Rates → Customer 
Retention.” 

At first glance, this might seem strange or disconnected. But: 

• The AI might discover how financial conditions affect customer behavior 

• It might learn that retention drops during interest rate hikes in specific industries 

• It could suggest altering campaign structures or pricing strategies in advance 



You’ve given the AI a multidimensional playground. 
You’ve allowed it to think in ways no human would. 
And you’ve done it all by structuring your data properly. 

 

💬 Creativity Within & Beyond Boundaries 
You can control the scope of creativity by defining: 

• Dimensions only (bounded creativity) 

• Dimensions + external context (open creativity) 

Just like your example: 

“AI, give me new customer experience journeys based only on ERP and CRM data.” 
vs. 
“AI, propose new marketing strategies using ERP+CRM+macroeconomic news.” 

 

🔄 In Future: Combining with Unstructured Data 
This is just structured data — but the power multiplies when you: 

• Add document layers 

• Ingest research reports, meeting notes, product feedback 

• Connect structured dimensions with free-form narratives 

That’s when the AI starts thinking like a business strategist — not just an analyst. 

 

📝 Why You Document Dimensions Now 
Because: 

• Human brains can’t hold this level of complexity 

• You need to define which dimensions exist before AI can explore across them 

• It prevents chaos when you train future models or build prompts 

• It allows you to trace AI answers back to the dimension it originated from 

 



Step 7: Human-in-the-Loop (HITL) & Governance 
— Empowering AI with Human Oversight at Every Layer 

As smart as your AI becomes — with structured data, rules, dimensions, and domain mapping — it will 
always need one irreplaceable layer: 

Human guidance. Human judgment. Human oversight. 

That’s the purpose of this step: 
Building a human-in-the-loop structure that not only monitors and corrects AI, but enhances it 
continuously through layered human input across the system. 

 

👥 The Three Levels of Human-in-the-Loop (HITL) 
To make the AI Knowledgebase truly intelligent, you must implement HITL across three levels — each 
with a distinct purpose, audience, and workflow. 

🔍 Human-in-the-Loop (HITL): Three Levels of Oversight 
Level Audience / Role Purpose Example Tasks 

Level 
1 

End Users / Operators Validate daily AI outputs; correct or 
refine recommendations 

- Flag incorrect predictions 
- Confirm AI-suggested 
actions 
- Report data gaps 

Level 
2 

Domain Experts / 
Department Heads 

Align AI with business strategy and 
domain expertise 

- Review AI performance per 
module (e.g., Sales, HR) 
- Approve model changes 
- Provide expert feedback 

Level 
3 

AI Architects / 
Governance Team 

Govern architecture, metadata, 
training logic, and compliance 

- Define rules & dimensions 
- Manage data relationships 
- Oversee ethical AI behavior 

 

🔹 Level 1: End-User HITL 
(Operational, Everyday AI Feedback) 

This is where line managers, employees, and system users engage with AI in daily tasks — interacting 
with prompts, outputs, dashboards, and suggestions. 

Why it matters: 

• Humans validate, correct, or refine AI outputs 



• Users report data gaps or inconsistencies 

• AI learns based on human usage patterns 

Examples: 

• Sales rep flags AI-generated lead scoring as inaccurate 

• Procurement officer corrects an AI-suggested vendor match 

• HR manager declines an AI forecast due to known context 

This level is critical for real-time validation and learning. 

 

🔹 Level 2: Expert-Level HITL (Domain Supervision) 
(Departmental or Functional Oversight) 

This level includes domain specialists (finance heads, marketing leads, data analysts) who supervise AI 
across business modules and workflows. 

Responsibilities: 

• Review the AI models per domain (e.g., CRM campaigns, ERP finance) 

• Align AI suggestions with department strategy 

• Annotate or train AI with specialized edge cases 

Examples: 

• CFO ensures AI-generated forecasts match internal financial models 

• Marketing director tunes AI to segment customers by new psychographic data 

• Legal expert reviews AI flagging of contract anomalies 

This level ensures AI remains aligned with business expertise and intent. 

 

🔹 Level 3: Architect-Level HITL (AI Knowledgebase Governance) 
(Strategic Design, Governance & Evolution) 

This is where AI architects, data stewards, CTOs, and AI governance teams manage the foundation of 
the AI Knowledgebase. 

Responsibilities: 

• Define metadata standards and data classification 

• Approve or review dimensional mappings 



• Update training rules, logic, and AI behavior policies 

• Oversee how structured data connects to unstructured sources 

Examples: 

• AI architect refines how CRM integrates with ERP at the knowledge level 

• Data manager updates rules for flagging outdated finance tables 

• Governance board audits AI decision-making transparency across systems 

This level ensures ethics, compliance, security, and long-term AI maturity. 

 

💬 Why All 3 Levels Matter 
If you only apply Level 1: 

You get fast feedback, but no structure. 

If you apply only Level 3: 

You get great architecture, but no ground-level reality checks. 

Together, the 3-level HITL model ensures that: 

• AI learns from actual usage (Level 1) 

• AI is shaped by human expertise (Level 2) 

• AI evolves through strategic governance (Level 3) 

 

📌 Integration into Your Knowledgebase Design 
Each AI Knowledgebase Layer — from data ingestion to prompt generation — should document: 

• Who can intervene 

• How feedback is collected 

• What gets stored as retraining signals 

• When HITL is mandatory (e.g., legal, HR, high-risk outputs) 

You may use: 

• Feedback buttons and forms (Level 1) 

• Departmental review dashboards (Level 2) 

• Centralized governance workflows or review boards (Level 3) 



 

🧠 Final Thought 
HITL is not a weakness in AI — it’s a strategic advantage. 

When done right, it becomes: 

• A continuous learning engine 

• A safety net 

• A collaboration model 

• A human-centric layer that gives your AI not just intelligence, but wisdom 

 

 



Step 8: Teaching AI Through Rules, Metadata & Relationships 
Make Your AI Smarter by Explaining How Things Work 

Now that you’ve collected and organized your structured data, it’s time to explain it to the AI — just like 
you would explain your business to a new employee. 

This step is not about giving more data. 
It’s about giving meaning to the data. 

You help the AI understand: 

• What each column or data field actually means 
(e.g., “Customer Score” = loyalty + purchase history) 

• Which systems are related to each other 
(e.g., Finance data connects to CRM campaigns) 

• What business rules or logic apply 
(e.g., “If a lead is inactive for 30 days, mark as cold”) 

This step is about transforming structured data into intelligence by teaching AI: 

• The rules and logic your business operates on 

• The metadata that gives meaning to each dataset 

• The relationships between entities across systems 

 

Is This Step Required? 

   Yes. It’s a must. 
If you skip this step, the AI may: 

• Misunderstand the data 

• Miss critical relationships 

• Give wrong conclusions or incomplete answers 

This step does not need complex AI tools — it can be done in Excel, documents, or diagrams. You just 
need to think through your business logic and write it down in a way that AI (or your team) can follow. 

You’re not just giving data to AI. 
You’re teaching it how your company actually thinks. 

This is where intelligence begins. 

 

 



This is a AI custom layer : 
This design layer is completely separate from the built-in AI capabilities provided by individual systems 
like Oracle ERP, Salesforce CRM, or Shopify E-Commerce. 

For example, Oracle ERP may come with AI for budgeting, forecasting, or anomaly detection. 
However, what we’re building here is a cross-system, multi-dimensional AI architecture — one that 
spans all structured data across your enterprise. 

This custom AI layer: 

• Operates above and beyond individual vendor platforms 

• Offers deeper insights by connecting data across ERP, CRM, E-Commerce, and other systems 

• Enables governance, domain-specific reasoning, and advanced creativity 

• Powers use cases that vendor AI might not support or even understand 

Your AI team must therefore: 

• Evaluate what existing AI tools offer 

• Identify gaps 

• Use this layer to harmonize and extend AI’s reach across all structured data assets 

This is the layer that makes your AI: 

Not just an extension of ERP… 
But a digital brain for your entire organization. 

Now let’s dive into the full process of teaching this AI to reason, relate, and act… 

 

🧠 What AI Needs to Learn (Besides the Data Itself) 
1. The meaning of each table, column, and field 

o What does CostCenterID mean? 

o What does CustomerScore actually represent? 

o Is a “project delay” the same in HR as in Engineering? 

2. The relationships between different systems and modules 

o Which CRM fields connect with ERP finance data? 

o Which marketing campaigns drove e-commerce revenue spikes? 

3. Which data is real-time, outdated, or only valid in specific conditions 

o E.g., “budget_forecast_Q4.csv” is outdated but used for historical comparison. 



4. The business logic that explains why the data was captured and how it should be interpreted 

o E.g., A drop in leads is not bad if it's part of a targeted campaign shift. 

 

🔖 1. Rules 
Rules help AI apply logic to data fields. 

Examples: 

• If LeadStatus = "Lost" and FollowUps < 2, then reason = "Insufficient engagement" 

• If ProjectStatus = "Completed" but ActualEndDate > PlannedEndDate, flag as “Overdue” 

• If SalesRegion = "EU" and Currency ≠ EUR, convert all numbers to EUR before analysis 

Rules can be: 

• Business logic (e.g., budget limits, compliance rules) 

• Analytical logic (e.g., how KPIs are calculated) 

• Data normalization rules (e.g., standardize date formats) 

     These rules should be stored in a machine-readable logic layer, or documented clearly if you’re 
working manually in the early stages. 

 

🗂️ 2. Metadata 
Metadata gives context to the data — telling the AI how to treat each dataset. 

Example metadata fields per dataset: 

• System: ERP 

• Module: Procurement 

• RefreshFrequency: Weekly 

• Owner: Head of Procurement 

• Usage: Vendor negotiation, budget planning 

• TrustLevel: High 

• PrimaryKeys: PO_ID 

• RelatedSystems: Finance, Inventory 

• Classification: Internal | Strategic | Historical 

     These become anchors for prompt engineering, RAG systems, or internal AI agents. 



 

🔗 3. Relationships 
AI must be taught how your systems link together — through keys, workflows, or business logic. 

Example relationships: 

• CustomerID in CRM links to AccountID in ERP Finance 

• Campaign_ID in CRM maps to AdSpend in E-commerce system 

• ProductSKU exists in E-commerce, Inventory, and Supplier databases 

These can be described: 

• Through ERD diagrams (Entity Relationship Diagrams) 

• In data lineage tables 

• Or embedded in your AI model’s knowledge schema 

 

💡 Teaching AI Using All 3 
Let’s walk through a sample teaching logic for AI: 

“If Marketing Campaign A resulted in Sales Region B increasing revenue by 22%, and the Product C 
margin was higher than average, recommend Campaign A style in similar regions. Only use data tagged 
as Good, Current, and from Integrated or Connected systems.” 

Notice how: 

• The rule sets the logic 

• The metadata ensures it’s clean and relevant 

• The relationships tell AI how to calculate across multiple sources 

 

🧰 How to Start Building This Layer 
If you’re early in the process, begin by: 

1. Listing every dataset and its metadata 

2. Mapping the most important relationships (by department or use case) 

3. Writing business logic rules in natural language 

4. Later, you can formalize into a logic engine, AI agent prompt structure, or metadata schema in 
SQL/JSON/YAML 



 

🤖 AI Will Use This Layer to… 
• Make decisions 

• Validate answers 

• Connect multi-system analytics 

• Generate strategic insights 

• Apply ethical guardrails (e.g., exclude flagged data) 

Without this step, AI becomes just a search engine. With it, AI becomes a digital brain that 
understands your business. 
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