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SOLUTIONS



… which can be solved by PEOPLE, 
PROCESS & TECHNOLOGY INITIATIVES…

… which need the 
following Data 

Objects …

Object 1

Object 2

Object 3

… having the 
following 

Properties and 
Issues…

No Access

Low DQ

High Volume

No Definition

No Ownership

Not integrated

<<YOUR COMPANY>> 
realizes its Business 

Goals with the 
following Use Cases…

UC 1

UC 2

UC 3

Data Strategy Framework

…Created in the 
following 

processes and 
tools…
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Source: Oscar Berg 

DATA PLATFORM projects can become LONG 
RUNNING & EXPENSIVE projects

BE AWARE OF DEAD HORSES

BEFORE WE DIVE INTO TECHNOLOGY





Source: Oscar Berg

Illustrations are part of his new book (to be announced)

Author of:
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Modern Data Platform Architecture



[Montecarlo – What is a Data Platform and how to Build One?]

https://www.montecarlodata.com/blog-what-is-a-data-platform-and-how-to-build-one/


[IBM: Data Platforms]

https://www.ibm.com/think/topics/data-platform


[IBM: Data Platforms]

CORE CAPABILITIES

https://www.ibm.com/think/topics/data-platform


[Atlan: What is a Data Platform]

https://atlan.com/what-is-a-data-platform/


[Atlan: What is a Data Platform]

USE CASES

PLATFORM

https://atlan.com/what-is-a-data-platform/
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“Operational Plane” “Analytical Plane” “Operational / Analytical Plane”



“Operational Plane” “Analytical Plane” “Operational / Analytical Plane”

1. Data Collection & Transformation



See also my Medium Blog











Data ingestion refers to the tools & processes used to collect data from 
various sources and move it to a target site, either in batches or in real-
time. The data ingestion layer is critical to your downstream data 
science, BI, and analytics systems which depend on timely, complete, 
and accurate data.

[Qlik – Data Ingestion]

Definition

https://www.qlik.com/us/data-ingestion


Data Ingestion Patterns

Pattern #1
UNIFIED DATA REPOSITORY

Pattern #3
ELT – Extract Transform Load

Pattern #2
ETL – Extract Transform Load

Pattern #4
Data Virtualization

Pattern #5
Push vs Pull

Pattern #6
Streaming Data



Pattern #1
UNIFIED DATA REPOSITORY



Unified Data Repository = A single storage system caters to both the 
operational application needs and analytical processing

Specificities:
• Typically a Relational Database Management System (RDBMS). 

• The same database is utilized for both everyday operations and data analysis

• Two prevalent sub-patterns:
1. Virtualization

2. Duplication and Transformation 



Pattern #2
ETL – Extract Transform Load



ETL (Extract, Transform, Load) = a well-established paradigm in data 
processing

3 steps:

1. Extract : Data is harvested from its source

2. Transform : Refined on an ETL server

3. Load : The polished output is deposited into an analytics-focused database.

ETL tools have a graphical interface where users can interlink Extract, 
Transform, and Load operations within an intuitive visual workflow. 
These processes are often further customizable through scripting or 
direct SQL queries.



Extract Transform Load

[Data Loading using Azure Data Factory]

Pattern #2
ETL – Extract Transform Load

https://www.sqlservercentral.com/articles/incremental-data-loading-using-azure-data-factory


Extract Transform Load

[Data Loading using Azure Data Factory]

Pattern #2
ETL – Extract Transform Load

https://www.sqlservercentral.com/articles/incremental-data-loading-using-azure-data-factory


Pattern #3
ELT – Extract Load Transform



ELT, sharing the basic steps of ETL, diverges by restructuring and 
redefining these processes. 

In ELT:

1. EL — Extract and Load operations are carried out first, transferring 
raw data directly to the data platform without immediate 
transformation.

2. T — Transformation occurs subsequently, converting raw data into 
actionable insights. Crucially, transformation tasks can operate 
independently and on different schedules from the extraction and 
loading.



Pattern #4
Data Virtualization



Data Virtualization = specialized software to establish a virtualized data 
layer over multiple underlying data sources. This intermediary layer 
allows for the execution of queries that are partially processed by the 
original data sources, integrating the results into a cohesive dataset for 
analysis.

• Inspired by the Unified Data Repository (Pattern #1)





Pattern #5
Push vs Pull



Push = The operational plane initiates data transfer to an endpoint 
designated by the analytical plane.

• Often found within streaming architectures (discussed next) but is not 
confined to them.

• Software development teams are mostly responsible to implement 
the push mechanism



Pattern #1
UNIFIED DATA REPOSITORY

Pattern #3
ELT – Extract Transform Load

Pattern #2
ETL – Extract Transform Load

Pattern #4
Data Virtualization

Pattern #5
Push vs Pull

EXERCISE : STRENGTS & WEAKNESSES

#1 #2 #3

#4 #5



[Streams and Tables in Apache Kafka – A Primer]

Pattern #6
Streaming Data

https://www.confluent.io/blog/kafka-streams-tables-part-1-event-streaming/


Pattern #6
Streaming Data



Stream processing = the continuous flow of data as it’s generated, 
enabling real-time processing and analysis for immediate insights.

These systems are crucial for instant decision-making tasks and support 
high-volume, low-latency processing for activities like financial trades, 
real-time analytics, and IoT monitoring.

Two common approaches:

• ELT (or ETL) for streaming

• Leveraging streaming caches



Example: Kafka



Data Ingestion Tool Flavors
Flavor #1

Batch Loading

WAL = Write Ahead Log

Flavor #2
CDC – Change Data Capture

Flavor #3
Connector Based

Flavor #4
Custom Builds



Flavor #1
Batch Loading





[What is Data Extraction?]

https://www.scaler.com/topics/data-science/data-extraction/


EXERCISE: HOW CAN YOU INCREMENTALLY LOAD THIS TABLE?



WAL = Write Ahead Log

Flavor #2
CDC – Change Data Capture



WAL = Write Ahead Log



[Understanding Change Data Capturing]

https://airbyte.com/blog/change-data-capture-definition-methods-and-benefits


Flavor #2: Change Data Capture

[How to Implement CDC with Apache Kafka]

https://estuary.dev/change-data-capture-kafka/


Change Data Capture (CDC) = a software that allows detecting and capturing 
changes made to data in a database and sending these changes, sometimes 
in real-time, to a downstream process or system. More specifically, CDC 
entails recording INSERT, UPDATE, and DELETE transactions applied to a 
table.

Various techniques exist: meta-data based, trigger based, log based

Log based CDC systems read data directly from the database Change Data 
Capture logs to identify changes in a database (not from the actual database)

[Understanding Change Data Capturing]

https://airbyte.com/blog/change-data-capture-definition-methods-and-benefits


Flavor #3
Connector Based



[Fivetran]



Pre-built source connectors are coupled with pre-built sink connectors, 
often using a graphical user interface.

• Source connectors: can be very diverse databases, APIs, SAAS-
applications, applications, files, …

• Sink connectors: mostly limited to (analytical) databases or data 
lakes.

• Higly flexible but No control over the individual connectors



Flavor #4
Custom Builds



Disadvantages:

• Building ingestion pipelines is usually more expensive than expected

• Specific programming knowledge & team needed

• High maintenance cost

Advantages:

• Full control

• Allows to ingest very specific / unique / exotic data sources



[Build vs Buy: The Pros and Cons]

https://www.syberry.com/blog/build-vs-buy




Data Transformations



COMPLEXITY

Data Transformation Tool Flavors



COMPLEXITY

Data Transformation Tool Flavors



[Matillion]



COMPLEXITY

Data Transformation Tool Flavors



[DBT]



COMPLEXITY

Data Transformation Tool Flavors





COMPLEXITY

Data Transformation Tool Flavors



[Automated Background Removal in E-commerce Fashion Image Processing Using PyTorch on Databricks]

https://www.databricks.com/blog/2021/04/29/automated-background-removal-in-e-commerce-fashion-image-processing-using-pytorch-on-databricks.html




DATABASE ANALYTICAL 
DATABASE

DATA LAKE DATA 
LAKEHOUSE



DATABASE ANALYTICAL 
DATABASE

DATA LAKE DATA 
LAKEHOUSE





A DWH Database (often called ‘Cloud DWH’) 
is tuned for horizontal scaling.



Example: Amazon Redshift Example: Snowflake





DATABASE ANALYTICAL 
DATABASE

DATA LAKE DATA 
LAKEHOUSE



Data Lake



Data Lake: A Structured File Repository



DATABASE ANALYTICAL 
DATABASE

DATA LAKE DATA 
LAKEHOUSE



Data Lakehouse





EXERCISE : DIFFERENCES BETWEEN STORAGE TYPES?

Type of Data

Database
DWH 

Database
Data Lake Data Lakehouse ?

Cost

Scaling

Volume

Type of Data

Performance

Agility

Users

?



“Operational Plane” “Analytical Plane” “Operational / Analytical Plane”

2. Data Products



“Operational Plane” “Analytical Plane” “Operational / Analytical Plane”

3. Consumption



Common Consumption Patterns

P
LA

TF
O

R
M



Consumption Pattern: Power BI



Deploy AI Models as an API

D
EV

EL
O

P
M

EN
T

C
O

N
SU

M
P

TI
O

N

[Deploy ML Models using Flask]

https://www.kdnuggets.com/2019/10/easily-deploy-machine-learning-models-using-flask.html


“Operational Plane” “Analytical Plane” “Operational / Analytical Plane”

4. Core



Orchestration



Orchestration



Example: Apache Airflow



Infrastructure Management (Compute)

Static Dynamic



[Source]

Security & Access Control

https://www.oreilly.com/library/view/data-governance-the/9781492063483/


Monitoring / Observability



“Operational Plane” “Analytical Plane” “Operational / Analytical Plane”
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META-DATA



Stored Data

META-DATA

Data Transformations

Data Operations

Business Knowledge

Data Consumption

…



Stored Data

META-DATA

Data Transformations

Data Operations

Business Knowledge

Data Consumption

…

META-DATA TOOL 
FEATURES

Data Catalog

Data Lineage

Business Glossary

Reporting / Metric 
Catalog

…



[What is a Data Catalog]

DATA CATALOG

https://www.alation.com/blog/what-is-a-data-catalog/


DATA CATALOG

[The Enterprise Data Catalog, Ole Olesen-Bagneux]



DATA CATALOG

[Datahub (LinkedIn)]

https://demo.datahubproject.io/search?page=1&query=customers&unionType=0


DATA LINEAGE

[Data Lineage in Collibra]



DATA LINEAGE

[Data Lineage in Databricks Unity Catalog]



DATA LINEAGE

[Data Lineage in DBT]



BUSINESS GLOSSARY

[Business Glossary in Atlan]



REPORTING / METRIC CATALOG

[Collibra (Screenshot deprecated – now integrated in the ‘Data Catalog’)]





Stored Data

Data Transformations

Data Operations

Business Knowledge

Data Consumption







[Tool: Dscribe]



[Tool: Zeenea]



[Alation]
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[Copyright: Andrea Gioia]

https://www.linkedin.com/feed/update/urn:li:activity:7179523940531228673/
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[Copyright: Andrea Gioia]

https://www.linkedin.com/feed/update/urn:li:activity:7179523940531228673/
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From Platform to Implementation



Medaillon Reference Architecture





[A Primer on Data Lakehouses]

https://blog.publiccomps.com/a-primer-on-the-data-lakehouse/


[A Primer on Data Lakehouses]

Data Technology 
Selection 
Framework ?

https://blog.publiccomps.com/a-primer-on-the-data-lakehouse/


Data Technology 
Selection 
Framework

[Framework Under Review]



Data Technology 
Selection 
Framework

[Framework Under Review]

Complete Data 
Platform

1 or More Data 
Platform 
Component(s)



Example: Data Ingestion































PART CRITERIUM DESCRIPTION

Functional / Strategic Future users What will be the main profile of the future technology users?

Functional Features Which technology features are important?

Technical Data Sources What are the exact properties of the data sources?

Technical Data Tech Stack In which data architecture should the new technology be 
implemented?

Technical Eco System Which data tool eco-system is in use and will we keep using?

Technical / Strategic IT Strategy Cloud? Open Source? Micro Services? …

Technical / Strategic Simplicity Choos the most simple (= direct) solution

Technical / Strategic Vendor Lock-In Avoid lock-in

Technical / Strategic Monitoring / 
Orchestration

Integration in overall monitoring / orchestration

Budget Constraints Pricing strategy

Budget Constraints TCO



PART CRITERIUM DESCRIPTION

Purchasing / Strategic Turnover vendor What’s the turnover of the vendor in the last X years?

Purchasing / Strategic Support in EU Is there a support organization in the EU?

Purchasing / Strategic Product Maturity & 
Stability

What’s the maturity of the product? (Can also be evaluated for OS)

Purchasing / Strategic Community What’s that response time to resolve critical issues of an OS product?



EXERCISE : SELECTION CRITERIA WITHIN YOUR USE CASE?

Pick a needed 
technology



How to use in Practice

Data Technology 
Selection 
Framework

POCs Inform Inform RFP
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