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How to Build an AI
Ready Data Foundation
AI delivery slows when critical data is scattered, brittle, or

hard to trust. Use this guide to build a workable data

foundation around one real use case.
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The most common blocker for AI adoption is data. According to a 2025 survey on

AI data readiness (Gartner, 2025), 63% of organizations either do not have or are

unsure if they have the right data management practices for AI.

The traditional response is a massive data warehouse initiative: extended

requirements gathering, ETL pipeline development, and data modeling before a

single AI model gets trained. Research on AI adoption timelines (MIT Sloan, 2018)

shows that organizations waiting for perfect data readiness take significantly longer

to deliver value — and often never deliver at all. A comprehensive survey on data

readiness for AI (Hiniduma et al., 2024) confirms that readiness metrics vary

substantially across use cases, reinforcing the need for targeted investment rather

than a boil-the-ocean approach.

What "AI-Ready" Actually Means

AI-ready data is not a universal standard — it is a threshold relative to a specific

use case. Research on data quality dimensions for machine learning (Mohammed

et al., 2022) shows that the impact of quality issues varies dramatically depending

on the algorithm and task.

For any given AI project, data must meet three criteria:

Paving every road before deciding where buildings go is

how most universal data foundations get built — and why

most of that pavement goes unused.

“

Accessible — can be queried programmatically▪

Sufficient — enough volume and history for the chosen approach▪

Consistent enough — errors and gaps don't dominate the signal▪

https://www.gartner.com/en/newsroom/press-releases/2025-02-26-lack-of-ai-ready-data-puts-ai-projects-at-risk
https://www.gartner.com/en/newsroom/press-releases/2025-02-26-lack-of-ai-ready-data-puts-ai-projects-at-risk
https://sloanreview.mit.edu/projects/artificial-intelligence-in-business-gets-real/
https://arxiv.org/abs/2404.05779
https://arxiv.org/abs/2404.05779
https://arxiv.org/abs/2207.14529


ML LABS — mllabs.com3 / 9ML LABS INTELLIGENCE

The Data Maturity Model

Before investing in data infrastructure, assess where you are. This maturity model

helps organizations understand their current state and identify the minimum viable

next step.

Most organizations attempting their first AI project are at Level 1 or 2. That's

fine. You don't need Level 5 to ship AI. You need to reach Level 2 for your target

use case's data — not for all data across the organization.
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Phase 1: Audit What You Have

For the AI use case you've selected, identify every data source that feeds into the

process. For each source, document three attributes: location and access method

(where it lives and how you reach it programmatically), format and volume

(structured, semi-structured, or unstructured — plus record count and history

depth), and freshness (update frequency and lag between real-world events and

data reflection).

Source systems rarely have documentation, ownership is often unclear, and access

methods shift without notice. The typical finding: the data exists somewhere in the

organization — the problem is access and format, not existence.

Phase 2: Minimum Viable Pipeline

You don't need a data warehouse. You need a pipeline that extracts from source

systems programmatically (never manual CSV exports), transforms only the fields

your AI application requires, loads into something queryable (PostgreSQL, a cloud

warehouse, or even Parquet files), and runs on a schedule.

Five Quality Checks

Based on research on data quality dimensions for ML pipelines (IEEE, 2024),

implement these automated checks from day one: completeness (null rates in

critical fields), uniqueness (duplicate records that bias models), consistency

(same entities with different identifiers across sources), timeliness (feeds arriving

on schedule), and validity (values within expected ranges).

https://ieeexplore.ieee.org/document/10685186/
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When these five checks run against a typical company's primary data source for

the first time, the results usually disqualify the dataset for production AI without

remediation. That is the point — surfacing the gap early, when it costs the least to

close.

Phase 3: Lightweight Governance

Governance for a first AI project means answering three questions: who owns each

data source (one person, not a team), what are the quality thresholds (acceptable

ranges for the five checks, with automated alerts), and who can access what

(especially for PII — the General Data Protection Regulation (GDPR) applies to AI

training data). For each source, document a simple data contract: source system,

owner, schema, freshness SLA, and quality validations. When schema changes

break your pipeline, the contract tells you who to talk to.

Phase 4: Iterate Based on Model Needs

Once the model is in development, it will surface data gaps no amount of upfront

planning catches — feature engineering needs, history backfill requirements, and

entity resolution problems across systems. The data and modeling teams must

work in lockstep through this phase.

Common Pitfalls

Based on data and analytics predictions (Forrester, 2024), these are the most

frequent mistakes organizations make during data preparation for AI. Each one is

avoidable with early awareness.

https://gdpr-info.eu/
https://www.forrester.com/blogs/predictions-2024-data-and-analytics/
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Tools That Help (Without Over-Investing)

For a first AI project, a Python script scheduled with cron that loads into

PostgreSQL is perfectly adequate. If you scale beyond that: Airbyte or Fivetran for

integration, Great Expectations or dbt for quality, Airflow or Dagster for

orchestration. Choose based on actual scale, not anticipated complexity.

Over-engineering the pipeline. Building a production-grade data platform

before validating that the AI use case works. Start with scripts. Upgrade to a

proper pipeline after the model proves value.

1.

Ignoring data drift. Data distributions change over time. Build drift detection

into your quality checks from day one — compare current distributions against

your baseline on a regular cadence.

2.

Mixing training and serving data. Training and serving data must go through

identical transformations. Subtle differences (rounding, timezone handling, null

treatment) between the two pipelines cause silent accuracy degradation that is

extremely hard to debug.

3.

No data versioning. When a model misbehaves, you need to know what data

it was trained on. Version training datasets alongside model artifacts —

timestamped cloud snapshots or versioned storage solve this without

significant overhead.

1.

Skipping PII assessment. Training on personally identifiable information

without explicit governance creates compliance risk. Article 22 (GDPR)

specifically addresses automated decision-making using personal data. Assess

PII exposure before training begins.

2.

https://gdpr-info.eu/art-22-gdpr/
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Where This Can Fail

This approach depends on having at least one stable, programmatically accessible

source system for the target workflow. When source systems are fragmented

beyond reasonable integration — data locked in paper records, legacy systems

without APIs, or tribal knowledge that was never digitized — the pipeline-first

approach stalls at the extraction layer.

When you encounter this, the priority shifts to instrumentation and capture design:

get the source process to produce structured, accessible data before building the

downstream pipeline.

First Steps

Practical Solution Pattern

Build a use-case-specific data foundation — not a universal platform. One pipeline,

one queryable store, five automated quality checks, and a named owner for each

source before the first model trains.

Pick one use case. Map its data requirements. List every field the AI system

needs and trace each back to its source.

1.

Run the quality checks. Apply all five to your most critical data source.

Quantify the gap between current state and what the model needs.

2.

Build one pipeline. Connect source to queryable store. Automate it, add

quality checks as gates, and assign a data owner for each source.

3.
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This works because it decouples data readiness from data perfection. The pipeline,

contracts, and quality thresholds built for the first use case become the foundation

every subsequent project builds on, shifting from linear to compounding data

investment. Organizations whose AI initiatives are blocked by data readiness can

move from scattered sources to a production-ready pipeline through a focused

data pipeline sprint that delivers extraction, transformation, quality checks, and a

queryable store in two weeks.
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