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Executive Summary

Purpose of This Framework

This comprehensive framework guides organizations through the critical decision of choosing between ETL (Extract,
Transform, Load) and ELT (Extract, Load, Transform) data integration approaches. In 2026, with the maturity of cloud data
platforms and the explosion of data sources, making the right architectural choice has never been more important.

Key Takeaways

ELT Dominance ELT has become the default choice for 75%+ of greenfield cloud data projects
ETL Relevance ETL remains essential for real-time processing, compliance, and legacy integration
Hybrid Reality Most enterprises deploy both approaches based on use case requirements

Cost Implications Wrong choice can result in 2-3x cost overruns and delayed time-to-value

Skill Requirements ELT favors SQL proficiency; ETL requires programming expertise

Quick Decision Matrix

Your Situation Recommended Approach Confidence Level

Cloud data warehouse ELT High
(Snowflake, BigQuery,
Databricks)

Real-time streaming ETL High
requirements (<1 second
latency)

Strict data privacy (Pll must ETL High
be transformed before
storage)

Large data volumes (>1TB ELT High
daily)

Complex business Hybrid Medium
transformations

Legacy on-premise systems ETL Medium
SaaS data integration ELT High
(Salesforce, HubSpot, etc.)

loT/sensor data ETL or Streaming ELT Medium
Regulatory compliance ETL or Hybrid Medium

(HIPAA, PCI-DSS)
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Introduction to Data Integration

Traditional Big Data Cloud Native Modern 2025+
1990-2010 2010-2018 2018-2024 2025+

ETL Hybrid ELT Intelligent

The Evolution of Data Integration

Traditional 1990-2010 On-premise Informatica, DataStage,
warehouses, batch SSIS
processing, expensive
licenses

Big Data 2010-2018 Hybrid Hadoop ecosystems, Hadoop, Spark, Hive
data lakes,

schema-on-read

Cloud Native 2018-2024 ELT Cloud warehouses, Snowflake, dbt, Fivetran
Saas tools,
transformation in
warehouse

Modern (2025+) 2025+ Intelligent ELT Al-assisted Databricks, real-time
transformation, ELT, LLM-assisted
streaming ELT, data
mesh

Why This Decision Matters

Impact Area Wrong Choice Consequences

Cost 2-3x infrastructure costs, wasted license fees
Time-to-Value 6-12 months delayed analytics delivery

Data Quality Inconsistent data, broken pipelines, trust issues
Scalability Architecture cannot grow with business needs
Team Productivity Skill mismatch, low developer velocity
Compliance Regulatory violations, audit failures, fines
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ETL vs ELT: Core Concepts

ETL vs ELT: Core Difference

ETL ELT

* Transform BEFORE load * Transform AFTER load
« External processing * In-warehouse processing
« Lower storage « Higher flexibility
» Compliance-ready « Faster iterations
« Best for: Real-time, PII * Best for: Cloud, Scale

ETL (Extract, Transform, Load)

Definition: Data is extracted from source systems, transformed in an intermediate processing layer, then loaded into the
target data warehouse in its final, analysis-ready form.

ETL Process Flow

ETL: Extract, Transform, Load

SOURCE
SYSTEMS

TRANSFORM DATA
> EXTRACT >

(External) WAREHOUSE

ETL Characteristics

Characteristic Description

Transform Location External staging server or ETL engine
Data in Warehouse Clean, structured, analysis-ready
Processing Time Higher (transformation before load)
Storage Requirements Lower (only transformed data stored)
Flexibility Lower (changes require pipeline updates)
Data Lineage Clear transformation audit trail

Best For Compliance, real-time, legacy systems
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ELT (Extract, Load, Transform)

Definition: Data is extracted from source systems, loaded into the target data warehouse in raw form, then transformed
using the warehouse's native compute power.

ELT Process Flow

ELT: Extract, Load, Transform

SOURCE
SYSTEMS

> EXTRACT > LOAD TRANSFORM DATA

(REVABEIEY (In Warehouse) WAREHOUSE

ELT Characteristics

Characteristic Description

Transform Location Inside the data warehouse

Data in Warehouse Raw + transformed data layers

Processing Time Lower (parallel warehouse compute)

Storage Requirements Higher (raw + transformed data)

Flexibility Higher (re-transform without re-extraction)

Data Lineage Requires additional tooling (dbt, etc.)

Best For Cloud warehouses, large volumes, agile analytics
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Side-by-Side Comparison

Architecture Three separate stages Two stages + in-warehouse transform
Transformation Engine External (Informatica, Talend, Spark) Warehouse native (SQL, dbt)

Data Landing Transformed data only Raw data first

Re-processing Requires full re-extraction Transform from existing raw data
Scalability Limited by ETL infrastructure Elastic with warehouse compute
Development Speed Slower (complex pipelines) Faster (SQL-based iteration)

Cost Model Fixed (servers, licenses) Variable (warehouse compute)

Skill Set Programming (Python, Java, Scala) SQL, Analytics Engineering

Latency Can be lower for streaming Typically batch-oriented

Compliance Strong (transform before storage) Requires additional controls

Decision Framework

Evaluation Criteria Matrix
Use this comprehensive matrix to evaluate which approach fits your organization:

Favors ETL (Score +) Favors ELT (Score +) Weight (1-5)

Data Volume <500 GB daily >500 GB daily
Infrastructure On-premise Cloud-native 5

Warehouse Platform Traditional (Oracle, SQL Server) Modern (Snowflake, BigQuery, 5

Databricks)

Real-time Yes (<1 minute latency) No (batch OK) 4
Requirements

Data Privacy Strict PIl requirements Flexible 4
Transformation High (custom business logic) Low-Medium (SQL expressible) 4
Complexity

Team Skills Programming (Python, Java) SQL, Analytics 3
Budget Model Fixed cost preferred Variable cost acceptable 3
Change Frequency Stable schema Frequent iterations 3
Auditability Critical (financial, healthcare) Moderate 3
Data Sources Legacy/mainframe SaaS/APIs 3
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Favors ETL (Score +) Favors ELT (Score +) Weight (1-5)

Storage Cost High
Sensitivity

Vendor Lock-in High
Concern

ML/AI Requirements Embedded in pipeline

Development Timeline Extended OK

Scoring Worksheet

Instructions

Low

Warehouse-based

Rapid delivery needed

For each criterion, assign a score based on your organization's situation:

« +2: Strongly favors this approach

« +1: Moderately favors this approach

¢ 0: Neutral

« -1: Moderately against this approach
« -2: Strongly against this approach

Example Scoring

Your Situation ETL Score ELT Score Weight ETL Weighted ELT Weighted

Data Volume 2TB daily

Infrastructure AWS Cloud

Warehouse Snowflake
Real-time No

Privacy Moderate
Complexity SQL-based
Team Skills SQL strong
TOTAL

+2

+2

+1

+1

+2

+2

Result: ELT is strongly recommended (score differential: +88)
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-5

-10

+10

+10

+4

+4

+8

+6

+52

Page 7 of 35



ETL vs ELT: Decision Framework 2026

Enterprise Data Solutions

Decision Tree

Architecture Patterns

Pattern 1: Classic ETL Architecture

Best For: On-premise systems, real-time processing, strict compliance

ETL Technology Stack

Extraction
Staging
Transformation
Orchestration

Monitoring

Informatica, Talend, SSIS, Airbyte
Local filesystem, S3, Azure Blob
Informatica, DataStage, Python/Spark
Control-M, Airflow, Prefect

Custom dashboards, DataDog, Splunk

Pattern 2: Modern ELT Architecture

Best For: Cloud data warehouses, large volumes, agile analytics

ELT Technology Stack

Airbyte (open-source), Informatica (enterprise)
Cloud object storage

Spark for scale, Python for flexibility

Airflow (open-source), Prefect (modern)

DataDog or Grafana

Ingestion
Warehouse
Transformation
Orchestration
Testing

Documentation
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Fivetran, Airbyte, Stitch, HVR

Snowflake, BigQuery, Databricks, Redshift
dbt, Matillion, Coalesce, SQL

dbt Cloud, Airflow, Dagster, Prefect

dbt tests, Great Expectations, Soda

dbt Docs, Atlan, Monte Carlo

Fivetran (managed), Airbyte (open-source)
Snowflake (general), Databricks (ML-heavy)
dbt (industry standard)

dbt Cloud or Dagster

dbt tests + Great Expectations

dbt Docs (built-in)
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Pattern 3: Hybrid Architecture

Best For: Complex enterprises with diverse requirements

Use Case Analysis

When to Choose ETL

Use Case 1: Healthcare Data with PHI

Scenario Hospital system processing patient records
Requirements HIPAA compliance, PHI de-identification

Why ETL PHI must be masked/tokenized before storage
Architecture Source -> ETL (de-identify) -> Warehouse
Key Benefits Audit trail, compliance, reduced breach risk

Use Case 2: Real-Time Fraud Detection

Scenario Financial institution detecting fraudulent transactions
Requirements Sub-second latency, immediate action

Why ETL ML models must score transactions in-flight
Architecture Streams -> ETL/Streaming -> Action + Archive

Key Benefits Low latency, immediate response, prevention

Use Case 3: Legacy Mainframe Migration

Scenario Migrating data from COBOL mainframe

Requirements
Why ETL
Architecture

Key Benefits

Version 2.0 | November 2026

Complex legacy transformations, fixed schemas
Business logic embedded in transformation layer
Mainframe -> ETL (COBOL logic) -> Modern DW

Preserve business rules, clean migration
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Use Case 4: 0T Sensor Data Processing

Scenario
Requirements
Why ETL
Architecture

Key Benefits

When to Choose ELT

Manufacturing sensors producing millions of events
Pre-aggregation, anomaly detection, alerting
Reduce volume, detect issues in real-time

Sensors -> Streaming ETL -> Aggregate Store

Reduced storage, real-time insights

Use Case 1: SaaS Analytics Platform

Scenario
Requirements
Why ELT
Architecture

Key Benefits

Multi-tenant SaaS application analytics
Rapid iteration, self-service analytics
Analysts can transform data directly in SQL
SaaS APIs -> Fivetran -> Snowflake -> dbt

Speed, flexibility, version-controlled transforms

Use Case 2: E-Commerce Data Warehouse

Scenario
Requirements
Why ELT
Architecture

Key Benefits

Version 2.0 | November 2026

Petabyte-scale clickstream and transaction data
Massive scale, diverse analytics use cases

Warehouse handles scale; raw data enables exploration
Sources -> Airbyte -> BigQuery -> dbt

Scalability, cost-effective, data reusability
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Use Case 3: Marketing Attribution

Scenario Multi-touch attribution across 10+ platforms
Requirements Flexible attribution models, ad-hoc analysis

Why ELT Raw data enables multiple attribution approaches
Architecture Platforms -> Fivetran -> Snowflake -> dbt

Key Benefits Flexibility, no re-extraction for new models

Use Case 4: Customer 360 Data Product

Scenario Unified customer view from 20+ sources
Requirements Identity resolution, feature engineering

Why ELT Complex joins and matching in warehouse
Architecture All Sources -> ELT Tools -> Databricks -> ML
Key Benefits All data available, iterative matching logic

Use Case Decision Summary

Healthcare (PHI/HIPAA) ETL De-identify before storage
Real-time fraud detection ETL Sub-second latency required
Legacy mainframe ETL Complex transformation logic
integration

loT high-volume streams ETL/Streaming Pre-aggregation, alerting
SaaS data integration ELT Standard connectors, flexibility
E-commerce analytics ELT Scale, diverse use cases
Marketing attribution ELT Flexible models, iteration
Customer 360 ELT Complex joins, ML features
Financial reporting (SOX) Hybrid Audit + flexibility

GDPR compliance ETL or Hybrid Privacy by design
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Tool Comparison

ETL Tools Comparison

Informatica
PowerCenter

Talend

Microsoft SSIS

IBM DataStage

Apache NiFi

Apache Spark

Apache Airflow

ELT/Data Integration Tools Comparison

Enterprise

Open-source/Com
mercial

Enterprise

Enterprise

Open-source

Open-source

Open-source

Robust, mature,
1000+ connectors

Flexible, code
generation, cloud
options

Deep Microsoft
integration

Mainframe
connectivity

Visual interface,
data provenance

Massive scale, ML
integration

Orchestration,
Python-native

Large enterprises

Mid-market

Microsoft shops

Legacy integration

Data routing, 10T

Big data

processing

Workflow
management

$$$$ (License)

$$ (Subscription)

$ (SQL Server
license)

$$$$ (License)
Free

Free

Free

High

Medium

Medium

High

Medium

High

Medium

Fivetran

Airbyte

Stitch

HVR

dbt Core

dbt Cloud

Matillion

Coalesce

Managed SaaS

Open-source

Managed SaaS

Enterprise

Open-source

Managed SaaS

SaaS

SaaS
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300+ connectors,
zero maintenance

Growing
connectors,
customizable

Simple, Singer
ecosystem

Real-time CDC,
enterprise-grade

Industry standard
for transforms

Orchestration, IDE,

Cl/CD

Visual ELT,
no-code options

Column-aware,
Snowflake-native

SaasS integration

Cost-conscious,
custom needs

Small teams

Large-scale CDC

All ELT projects

Teams wanting

managed dbt

Non-technical
users

Snowflake users

$$ (MAR-based)

Free / $ (Cloud)

$ (Rows-based)

$$$ (License)

Free

$$ (Seat-based)

$$ (Subscription)

$$ (Subscription)

Low

Low

Medium

Medium

Medium

Low

Medium
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Cloud Data Warehouse Comparison

Snowflake Separation Can get expensive, less General purpose, Compute + Storage
compute/storage, ML native multi-cloud
multi-cloud, easy
scaling

Google BigQuery Serverless, ML Less control, GCP only  Google Cloud, ML Queries + Storage
integration, federated workloads
queries

Databricks Unified analytics + ML,  Complexity, learning ML-heavy, lakehouse DBU (compute units)

lakehouse, Delta Lake curve

Amazon Redshift AWS integration, RA3 More management AWS-native enterprises Nodes + Storage
serverless option required
Azure Synapse Azure integration, Newer, complexity Microsoft shops DWU + Storage

unified analytics

Tool Selection Matrix

If Your Priority Is... ETL Tool ELT/Ingestion

Lowest Cost Airbyte + Airflow Airbyte BigQuery dbt Core
Fastest Setup Fivetran Fivetran Snowflake dbt Cloud
Enterprise Scale Informatica Fivetran/HVR Snowflake dbt Cloud
ML/AI Focus Spark Airbyte Databricks dbt + Python
Microsoft Stack SSIS ADF Synapse dbt
Open-Source NiFi + Spark Airbyte ClickHouse dbt Core
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Performance Benchmarks

Benchmark Methodology

Parameter Value

100M orders, 500M line items, 10M customers

Dataset Size

Transformation

Test Environment

Metrics

4-table join, aggregations, business logic
Cloud infrastructure (equivalent sizing)

End-to-end time, cost, resource utilization

Benchmark Results

ETL (Informatica + Oracle) ELT (Fivetran + Snowflake) ELT (Airbyte + BigQuery)

Data Extraction
Transformation
Total End-to-End

Infrastructure Cost
(monthly)

Storage Used

Developer Time
(setup)

Scalability

Version 2.0 | November 2026

2.5 hours
4.0 hours
6.5 hours

$15,000

217TB

3 weeks

Linear (add servers)

0.8 hours
0.7 hours
1.5 hours

$4,500

48TB

1 week

Elastic

1.0 hours
0.6 hours
1.6 hours

$3,800

45TB

1 week

Elastic
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Performance by Data Volume

10 GB
100 GB
500 GB
1TB
5TB

10TB

Key Insights:

* Below 100 GB: ETL may be slightly faster (less data movement)

15 min

1.5 hours

4 hours

8 hours

20 hours

35 hours

18 min

45 min

1.2 hours

2 hours

4 hours

6 hours

* Above 100 GB: ELT significantly outperforms ETL

e At scale (>1 TB): ELT is 4-5x faster due to warehouse parallelism

Cost Analysis

ELT

ELT

ELT

ELT

ELT

+20%

+50%

+70%

+75%

+80%

+83%

Total Cost of Ownership (3-Year Analysis)

Scenario: Mid-Size Company (5TB data, 50 transformations, 10 sources)

Version 2.0 | November 2026
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ETL Approach Costs

Software Licenses

Informatica $120,000 $120,000 $120,000 $360,000
PowerCenter

Infrastructure

ETL Servers (2x large  $24,000 $24,000 $24,000 $72,000
VMs)

Staging Storage $8,000 $10,000 $12,000 $30,000
(S3/Blob)

Oracle Data $60,000 $60,000 $60,000 $180,000
Warehouse

Personnel

ETL Developers (2 $260,000 $268,000 $276,000 $804,000
FTE)

DBA Support (0.5 $70,000 $72,000 $74,000 $216,000
FTE)

Training & Support $15,000 $10,000 $10,000 $35,000
Total ETL $557,000 $564,000 $576,000 $1,697,000

ELT Approach Costs

Software/SaaS

Fivetran (connectors)  $36,000 $42,000 $48,000 $126,000
dbt Cloud (Team) $18,000 $18,000 $18,000 $54,000
Infrastructure

Snowflake Compute $72,000 $78,000 $84,000 $234,000
Snowflake Storage $18,000 $22,000 $26,000 $66,000
Personnel

Analytics Engineers $195,000 $201,000 $207,000 $603,000
(1.5 FTE)

Training & Support $10,000 $5,000 $5,000 $20,000
Total ELT $349,000 $366,000 $388,000 $1,103,000
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Cost Comparison Summary

3-Year TCO $1,697,000 $1,103,000 $594,000 (35% savings)
Year 1 Cost $557,000 $349,000 $208,000 (37% savings)
Personnel Cost $1,020,000 $603,000 $417,000 (41% savings)
Software/Infra $677,000 $500,000 $177,000 (26% savings)
FTE Required 25 15 1.0 fewer

Cost Scaling Analysis

Annual Data Volume ETL Annual Cost ELT Annual Cost ELT Savings
1TB

$280,000 $180,000 36%
5TB $550,000 $350,000 36%
10TB $820,000 $480,000 41%
50TB $1,500,000 $750,000 50%
100 TB $2,200,000 $1,000,000 55%

Key Insight: ELT cost advantage increases with scale due to:

« Elastic compute pricing vs. fixed infrastructure
* Lower personnel requirements
* No separate transformation infrastructure
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Migration Strategies

Migration from ETL to ELT

Phase Overview

Phase 1: Assessment = Weeks 1-3 Discovery Inventory pipelines, assess
complexity, identify risks

Phase 2: Foundation Weeks 4-8 Setup Set up cloud warehouse,
ingestion tools, dbt project

Phase 3: Pilot Weeks 9-14 Prove Value Migrate 3-5 low-risk pipelines,
validate approach

Phase 4: Migration Weeks 15-30 Scale Migrate remaining pipelines in
waves

Phase 5: Optimization = Weeks 31-36 Enhance Optimize performance,

decommission legacy

Phase 1. Assessment (Weeks 1-3)

Pipeline Inventory Template

Pipeline Source Target Frequency Complexity | Priority (1- Risk Level Migration
Name System (1-5) WWEVE

Complexity Scoring Criteria

Transformation Logic ~ Simple SQL Moderate joins/logic Complex business rules
Data Volume <100 GB 100GB-1TB >1TB

Source Connectivity Standard API/DB Legacy/custom Mainframe/proprietary
Dependencies None 2-5 dependencies >5 dependencies
Compliance None Moderate Strict (HIPAA, PCI)

Requirements

Business Criticality Low Medium High (revenue-impacting)
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Phase 2: Foundation (Weeks 4-8)

Setup Checklist

Cloud Infrastructure
Provision cloud
warehouse
(Snowflake/BigQuery)

Set up environments
(dev/staging/prod)

Configure networking
and security

Ingestion Platform
Select and set up
ingestion tool

(Fivetran/Airbyte)

Configure source
connectors

Set up destination
connectors

Transformation
Framework

Initialize dbt project
Set up Git repository

Configure CI/CD
pipeline

Governance

Define naming
conventions

Set up access
controls

Configure monitoring
and alerting

Version 2.0 | November 2026 Page 19 of 35



ETL vs ELT: Decision Framework 2026 Enterprise Data Solutions

Phase 3: Pilot (Weeks 9-14)

Pilot Selection Criteria

Complexity Low to medium (score 1-3)

Business Impact Low risk, but measurable value

Data Volume Moderate (enough to test performance)
Dependencies Minimal upstream/downstream

Source Type Standard (SaaS, database)
Stakeholder Engaged, willing to validate

Pilot Validation Checklist

Data Accuracy Row count comparison 100% match
Data Accuracy Aggregate comparison <0.01% variance
Data Accuracy Sample record comparison 100% match
Performance End-to-end runtime <= legacy runtime
Freshness Data latency Meets SLA
Quality dbt tests passing 100% pass
Stakeholder Business validation Sign-off received

Phase 4: Migration Waves (Weeks 15-30)

Wave Planning Template

Wave 1 Low complexity 4 weeks
(score 1-2)

Wave 2 Medium complexity Medium 5 weeks
(score 3)

Wave 3 High complexity High 6 weeks
(score 4-5)

Wave 4 Remaining + Varies 4 weeks
exceptions
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Migration Runbook (Per Pipeline)

10

11

12

Phase 5: Optimization (Weeks 31-36)

Document current
pipeline logic

Configure source
connector

Set up raw layer tables

Build staging models
(dbt)

Build intermediate
models (dbt)

Build mart models (dbt)
Add dbt tests

Parallel run validation
Stakeholder sign-off
Cut over to new pipeline
Monitor and stabilize

Decommission legacy

Optimization Checklist

Performance
Performance
Performance

Cost

Cost

Quality
Documentation
Decommission

Decommission

Version 2.0 | November 2026

Implement incremental models
Add clustering keys
Optimize warehouse sizing

Review warehouse
auto-suspend

Analyze query patterns

Expand dbt test coverage
Complete dbt docs
Shut down legacy ETL servers

Cancel legacy software licenses

1-2 days

0.5 days

0.5 days

1-2 days

1-3 days

1-2 days
1 day
3-5 days
1-2 days
0.5 days
5 days

1 day

Reduce runtime 50-80%
Improve query speed
Right-size compute
Reduce idle compute
Identify optimization
opportunities

Prevent data issues
Enable self-service
Realize savings

Realize savings
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Hybrid Approaches

When Hybrid Makes Sense

ETL Component ELT Component

Real-time + Analytics Streaming for real-time dashboards Batch for historical analytics
Compliance + Flexibility PII masking before storage General data transformation
Legacy + Modern Mainframe integration SaaS data integration

0T + Bl Sensor data pre-aggregation Business data analysis

Hybrid Architecture Pattern

Hybrid Tool Recommendations

Real-time Kafka/Kinesis Flink/Spark Streaming Snowflake Snowpipe
Batch Fivetran/Airbyte None (direct load) Snowflake Raw dbt
Compliance Custom/Informatica PII Masking Engine Snowflake Secure dbt
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Best Practices

ETL Best Practices

Idempotent Pipelines Re-runnable without duplicates Use MERGE/upsert, not INSERT
Incremental Loading Process only new/changed data Implement CDC or watermarks
Error Handling Graceful failure and recovery Retry logic, dead letter queues
Data Validation Verify data at each stage Pre/post transformation checks
Logging & Monitoring Track pipeline execution Structured logs, alerting

Version Control Track all pipeline changes Git for code and configs
Documentation Maintain up-to-date docs Auto-generate where possible
Testing Validate transformations Unit tests, integration tests

ELT Best Practices

Layered Architecture Separate raw, staging, marts dbt project structure
Immutable Raw Layer Never modify raw data Append-only, retain history
Version Control All SQL in Git dbt + Git workflow

Testing Comprehensive data tests dbt tests, Great Expectations
Incremental Models Process only new data dbt incremental materialization
Documentation Self-documenting models dbt docs, column descriptions
Cl/CD Automated testing and deployment GitHub Actions + dbt Cloud
Modularity Reusable, composable models macros, packages, refs
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dbt Project Structure Example
dbt _proj ect/

dbt _proj ect.ym
nodel s/

mmm staging/

[ mmm sal esforce/
n [ mmm _sal esforce__sources.ymn

[ ] mmm _sal esforce__nodel s.ym

[ [ mmm stg_sal esforce__accounts. sql

[ ] [ ] mmm stg_sal esforce__opportunities.sql
n mmm stripe/

[ mmm stg_stripe__paynents. sql
[ |

]

[ |

]

[ |

# Light transformations

mmm stg_stripe__custoners. sql
mm internediate/ # Busi ness | ogic
mmm int_custoner_orders. sql
mmm int_revenue_daily. sql
mm narts/
mmm finance/
n mmm fct_revenue. sql
mmm sales/
mmm di mcustoners. sql
mmm fct_orders. sql
tests/
mmm customtests.sql
nmacr os/
mmm generate_schena_nane. sql
packages. ym

# Anal ysi s-ready

Security Best Practices

ETL Recommendation ELT Recommendation

Access Control
Encryption

PIl Handling

Audit Logging
Secrets Management

Network Security

Role-based, transformation layer
Encrypt in transit and at rest
Mask/tokenize before loading
Log all transformations
Vault/KMS for credentials

VPN/private connectivity
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Row-level security in warehouse
Warehouse-native encryption
Dynamic masking or separate layer
Warehouse query history
Warehouse secrets + KMS

Private endpoints, VPC
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Common Pitfalls

ETL Pitfalls
Over-Engineering 20+ transformation steps, slow pipelines Simplify; move transforms to warehouse
No Incremental Full reloads taking hours Implement CDC or timestamp-based
incremental
Poor Error Handling Silent failures, stale data Add alerting, retry logic, monitoring
Tight Coupling Changes break downstream Add contracts, versioning, testing
No Documentation Tribal knowledge, onboarding issues Auto-generate docs, maintain runbooks
Premature Optimization Complex before needed Start simple, optimize based on data
ELT Pitfalls
No Raw Layer Can't re-process, lost audit trail Always maintain immutable raw layer
Model Explosion 500+ models, spaghetti dependencies Strict layering, deprecate unused models
No Testing Broken dashboards, bad data dbt tests on every model
Full Refreshes Long runtimes, high cost Incremental models for large tables
Warehouse Abuse $50K+ monthly bills Query optimization, warehouse sizing
No Documentation "What does this model do?" dbt docs, column descriptions
Ignoring Costs Surprise bills Regular cost reviews, resource tagging
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Migration Pitfalls

Big Bang Migration
No Parallel Run

Underestimating
Complexity

Ignoring Stakeholders

Massive risk, failure

Data discrepancies discovered late

Delays, budget overruns

Resistance, adoption issues

Premature Decommission Rollback needed, data loss

Future Trends 2026+

Phased approach, pilot first
Run old and new in parallel, validate

Thorough assessment, buffer time

Involve users early, communicate often

Keep legacy running until stable

Emerging Patterns

Streaming ELT
Al-Assisted
Transformation
Reverse ETL
Data Mesh
Lakehouse
Zero-Copy Data

Sharing

Semantic Layer
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Real-time ELT without
traditional streaming complexity

LLMs helping write and optimize
transformations

Warehouse data pushed back
to operational systems

Decentralized, domain-oriented
data ownership

Unified lake + warehouse
architecture

Share data without movement

Universal metrics layer across
tools

2025-2026

Now

2025-2027

Now

Now

2025-2026

High

Medium

High

High

High

Medium

High
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Technology Evolution

Technology Current State (2025) Future State (2027+)

Ingestion Fivetran, Airbyte dominant More real-time, Al-detected schemas
Warehouses Snowflake, BigQuery, Databricks Lakehouse convergence, cheaper storage
Transformation dbt standard Al-assisted, semantic-aware
Orchestration Airflow, Prefect More declarative, self-healing

Quality Great Expectations, Soda Al anomaly detection, auto-remediation
Governance Monte Carlo, Atlan Automated lineage, Al classification

Recommendations for Future-Proofing

Adopt ELT for new Industry direction, flexibility High
workloads

Invest in dbt skills Standard transformation tool High
Evaluate Lakehouse Unified architecture benefits Medium
Plan for Real-time Increasing expectation for freshness Medium
Monitor AI/ML tools Productivity gains emerging Low
Consider Data Mesh For large, decentralized organizations Low
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Implementation Checklist

Pre-Implementation Checklist

Strategic Alignment

Defined business
objectives

Executive
sponsorship secured

Budget approved
Timeline agreed

Assessment
Complete

Current state
documented

Pipeline inventory
complete

Complexity scoring
done

Risk assessment
complete

Tool Selection

Warehouse platform
selected

Ingestion tool
selected

Transformation tool
selected

Orchestration tool
selected

Team Readiness

Skills assessment
complete

Training plan defined
Roles and

responsibilities
assigned
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Implementation Checklist

Infrastructure Setup

Cloud accounts
provisioned

Warehouse
environments created

Networking
configured

Security controls
implemented

Tool Configuration

Ingestion tool
configured

Source connectors
set up

dbt project initialized

CI/CD pipeline
configured

Pilot Migration

Pilot pipelines
selected

Pilot implementation
complete

Parallel validation
passed

Stakeholder sign-off
received

Production Migration
Wave 1 complete
Wave 2 complete
Wave 3 complete

Full migration
complete

Optimization

Performance
optimized

Cost optimized
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Documentation
complete

Legacy
decommissioned

Go-Live Checklist

All pipelines migrated and
tested

Data quality validated (row
counts, aggregates)

Performance meets SLAs

Monitoring and alerting
configured

Runbooks documented
On-call support established

Stakeholder training
complete

Rollback plan documented

Executive sign-off received
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Appendices

Appendix A: Glossary

CDC

dbt

ELT

ETL
Idempotent
Incremental
Lakehouse
Mart
Materialization
Orchestration
Raw Layer
Reverse ETL
Staging Layer

Upsert

Change Data Capture - Tracking and capturing changes in source data
Data build tool - SQL-based transformation framework
Extract, Load, Transform - Modern data integration pattern
Extract, Transform, Load - Traditional data integration pattern
Operation producing same result when run multiple times
Processing only new or changed data

Architecture combining data lake and warehouse capabilities
Business-specific data model optimized for analytics

How dbt models are persisted (table, view, incremental)
Scheduling and managing data pipeline execution
Unmodified copy of source data in warehouse

Moving data from warehouse back to operational systems
First transformation layer with light cleaning

Update if exists, insert if new

Appendix B: Tool Quick Reference

dbt Materializations

view
table
incremental

ephemeral
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Light transforms, always fresh On every query
Stable models, faster queries Full rebuild on run
Large tables, append-mostly Only new records
Reusable logic, no persistence CTEs in downstream
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Common dbt Commands

“dbt run Execute all models

“dbt run --select model_name’ Run specific model

“dbt test” Run all tests

“dbt docs generate” Generate documentation
“dbt docs serve® Serve documentation locally
“dbt debug® Test database connection

Appendix C: ROI Calculator Template

Input Parameters

Current State
Annual ETL software cost $
Annual infrastructure cost $

FTE count for data

engineering
Average FTE cost $
Average pipeline days

development time

Number of pipelines

Target State (ELT)

Annual SaasS tool cost $ Fivetran, dbt Cloud
Annual warehouse cost $ Snowflake, BigQuery
Estimated FTE reduction

Estimated development %
time reduction
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ROI Calculation

Current annual cost
Target annual cost
Annual savings
Migration cost (one-time)
Payback period

3-year ROI
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Software + Infra + (FTE x Salary)
SaaS + Warehouse + (FTE x Salary)
Current - Target

Professional services + internal effort
Migration cost / Annual savings

(3 x Annual savings - Migration cost) /
Migration cost x 100

$
$
$
$
months

%
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About Enterprise Data Solutions

Enterprise Data Solutions is New Zealand's trusted partner for data strategy, engineering, and analytics. We help

organizations across Australasia and globally transform their data capabiliies from strategic planning through
implementation.

Our Services

Data Strategy Consulting Develop actionable data strategies aligned with business goals
Data Platform Implementation Build modern data infrastructure on leading cloud platforms
ETL/ELT Migration Migrate from legacy ETL to modern ELT architectures
Analytics Engineering Implement dbt and modern transformation frameworks

Data Governance Establish governance frameworks and compliance programs
Team Training Upskill teams on modern data engineering practices

Why Choose Enterprise Data Solutions
« Deep expertise in both ETL and ELT architectures
* Proven migration frameworks refined through real-world implementations
 Partnerships with leading technology vendors (Snowflake, Fivetran, dbt)
 Local presence in New Zealand with global delivery capabilities
* End-to-end capabilities from strategy to implementation to support
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Contact Us

Enterprise Data Solutions

Website [https://Iwww.enterprisedatasolutions.co.nz](https://www.enterprisedatasolutions.co.nz)
Email [Contact@enterprisedatasolutions.co.nz](mailto:Contact@enterprisedatasolutions.co.nz)
Services Data Engineering, ETL/ELT Migration, Analytics, Cloud Platforms

Schedule a Consultation

Ready to modernize your data integration architecture? Contact us to discuss your organization's needs and how we can
help you make the right ETL vs ELT decision.
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