
In today’s data-driven world, organizations are accelerating their shift to modern data architectures—moving
beyond traditional data warehouses and lakes to unified lakehouse platforms. Snowflake’s rise as a cloud data
platform with lakehouse capabilities has generated significant excitement, but also important questions around
governance, metadata management, and semantic modeling. Ensuring proper governance is no longer
optional; it’s essential to sustain data trust, compliance, and value delivery.

Drawing on 11+ years of hands-on experience leading migrations and lakehouse implementations across Azure
and AWS, including deep dives into Snowflake and Databricks environments, I’ll break down how to effectively
validate governance in a Snowflake lakehouse setup. Along the way, we’ll discuss where Snowflake fits compared
to traditional warehouses and data lakes, the role of metadata and lineage, and practical considerations across
Azure (including Microsoft Fabric and Synapse) and AWS.

Lakehouse vs Warehouse vs Data Lake: Setting the Context
Before diving into governance validation, it’s critical to understand the architectural context:

Architecture Description Strengths Limitations Data Warehouse Structured data in relational tables optimized for
analysis and BI. Robust SQL support, mature BI integrations, governance built-in. Costly scaling, less flexible for
unstructured data. Data Lake Central repository for raw, diverse data stored as files. Scalable, low-cost storage of
all data types. Lacks schema enforcement, often poor metadata and governance without layers. Lakehouse Unified
platform combining features of warehouses and lakes. Supports ACID transactions, unifies structured and
unstructured data, addresses data quality and governance. Governance maturity varies by platform; complexity in
managing semantic layers.

Snowflake has evolved from a pure cloud data warehouse to embrace lakehouse-style capabilities, particularly by
working with open data formats like Delta Lake https://www.suffolknewsherald.com/sponsored-content/3-best-
data-lakehouse-implementation-companies-2026-comparison-300269c7 on external cloud storage. Databricks
started as a lakehouse pioneer, blending data engineering, ML, and BI workflows in one platform. Both platforms
have strengths but require distinct governance approaches.

https://www.suffolknewsherald.com/sponsored-content/3-best-data-lakehouse-implementation-companies-2026-comparison-300269c7
https://www.suffolknewsherald.com/sponsored-content/3-best-data-lakehouse-implementation-companies-2026-comparison-300269c7


Delivery Depth: Snowflake and Databricks Governance Capabilities
When we assess governance in Snowflake and Databricks lakehouse implementations, two themes emerge:

Metadata and Lineage Management: Robust tracking of data origins, movement, and transformations is
vital to trust and auditing.

Semantic Layer and Data Quality: Establishing a business-friendly data model with authoritative definitions
and automated data quality enforcement reduces downstream errors and confusion.

Snowflake’s Governance Strengths

Native Metadata Repository: Snowflake’s Information_Schema and Account Usage views allow you to
query metadata on tables, views, user roles, and much more.

Data Lineage: Snowflake provides integration points with external lineage catalogs (e.g., Microsoft Purview,
Collibra), but does not natively ingest full lineage—requiring connected tools for end-to-end lineage.

Role-Based Access Control (RBAC): Granular permissioning ensures data access governance, with
integration into Azure AD or AWS IAM.

Streams & Tasks for Pipeline Governance: Using Change Data Capture (CDC) streams and automations
with tasks enables governance over data freshness and transformations.

Databricks Lakehouse Governance Features

Unity Catalog: Databricks’ unified governance layer that provides centralized metadata, fine-grained access
control, and built-in lineage.

Lineage and Data Quality Built-in: Automatic lineage tracking and integration with Delta Live Tables
supports continuous data quality tests.

Notebook CI/CD and IaC: Strong support for infrastructure as code and continuous integration fosters
repeatable, governable pipelines.

While Snowflake excels with out-of-the-box SQL governance, it requires additional tools for semantic modeling
and robust lineage. Databricks emphasizes integrated governance and pipeline automation. Your choice impacts
how you validate governance.



Implementing Governance on Azure and AWS: Real-World Experience
Based on deployments across Azure and AWS, some pragmatic lessons arise:

1. Integration with Cloud-Native Catalogs: On Azure, Microsoft Fabric and Synapse are rapidly advancing
their data governance capabilities with built-in lineage, classification, and semantic layers that complement
Snowflake well.

2. Hybrid Architecture Considerations: For organizations using Databricks alongside Snowflake (common on
AWS), governance must bridge cross-platform metadata—often requiring third-party tools or custom
metadata hubs.

3. CI/CD and IaC Must Not Be Overlooked: Automation frameworks around Terraform, Azure DevOps, or
AWS CloudFormation enable governance not just on data but on infrastructure, security policies, and semantic
model deployment.

4. Lineage Must Travel Upstream and Downstream: Validate that your governance tooling captures lineage
from source systems, through ETL pipelines (whether Databricks notebooks or Snowflake Tasks), all the way to
consumption layers like Power BI or Fabric reports.

How to Validate Governance in Your Snowflake Lakehouse Setup
Validation is not one-time—it’s a continuous activity layered across people, process, and technology. Here’s a
structured approach:

1. Confirm Metadata Completeness and Accuracy

Query Snowflake’s Information_Schema and Account Usage views to inventory tables, views, roles, granted
permissions, and data classifications.

Cross-reference with your data catalog (e.g., Microsoft Purview, Alation, or Collibra) to ensure metadata
synchronization.

Check for timestamps on table modifications and pipeline runs to validate freshness and currency metadata.



2. Assess Lineage Coverage

Map out data flow diagrams for key data domains showing sources, ingestion pipelines, transformation
stages, and targets.

Use integrated lineage tools or external catalogs to confirm lineage accuracy and completeness.

Validate that lineage captures not just technical flows but semantic transformations applied within Snowflake
(such as views or materialized views).

3. Evaluate Role-Based Access and Security Policies

Use Snowflake’s SHOW GRANTS commands to enumerate roles and permissions assigned at schema, table,
and column levels.

Confirm alignment with your organization’s data access policies and data classification levels.

Ensure that principle of least privilege is applied and audited periodically.

4. Verify Semantic Layer Implementation

Identify whether a semantic layer is implemented via Snowflake views, external BI layer, or within a tool like
Microsoft Fabric or Synapse.

Validate that the semantic layer enforces consistent business definitions, data aggregations, and derived
columns.

Test governance around the semantic layer to prevent direct queries against raw tables bypassing the layer.

5. Review Data Quality Testing and Monitoring

Identify existing automated data quality tests—e.g., via Snowflake Tasks, SQL assertions, or external tools like
Great Expectations.

Validate who owns the tests, how failures are alerted, and the SLA on remediation.

Ensure coverage of critical data domain KPIs like completeness, accuracy, timeliness, and consistency.

6. Audit CI/CD Pipelines and Infrastructure as Code

Review your deployment pipelines managing Snowflake objects, permissions, and semantic models.

Check for integration with source control and drift detection mechanisms.

Validate that development, test, and production environments have isolation and governance guardrails.

Summary Table: Key Validation Steps vs Snowflake Lakehouse
Components
Component Governance Validation Focus Tools & Techniques Metadata Completeness, classification, freshness
Snowflake Information_Schema, Purview, external catalogs Lineage End-to-end traceability from source to
consumption Integration with Purview, Collibra; manual lineage mapping Access Control Role permissions &
principle of least privilege Snowflake SHOW GRANTS, AD/AWS IAM integration Semantic Layer Consistent
definitions, controlled access Managed views, Microsoft Fabric/Synapse models Data Quality Automated tests,
monitoring, alerting ownership Snowflake Tasks, Great Expectations, Delta Live Tables (Databricks) CI/CD and IaC
Repeatable, auditable deployments Terraform, Azure DevOps, GitHub Actions, CloudFormation

Red Flags to Watch For



During validation, be wary of these warning signs that often foil governance maturity:

Governance plans that only highlight pilot successes with no production governance traceability.

Marketing-style claims of “AI-ready” or “fully governed” without showing metadata lineage or semantic layer
details.

Diagrams without ownership assignments of lineage or data quality tests.

Lack of CI/CD or IaC mention, risking snowflake object drift or ungoverned changes.

Final Thoughts
Validating snowflake governance in a lakehouse scenario means going beyond surface-level checks. It requires
deep metadata audits, comprehensive lineage verification, strong semantic layers, and automated, owned data
quality frameworks. An effective governance validation is also tightly coupled with CI/CD automation and
infrastructure as code discipline.

As organizations build or migrate to a Snowflake lakehouse on Azure (leveraging Microsoft Fabric and Synapse)
and/or AWS, I encourage data leaders to insist on transparency around metadata, ownership, and governance
automation. Only then will your lakehouse truly live up to its promise of trust, agility, and business impact.


