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7.
SOLUTIONS





Which capabilities (on People / 
Process / Technology level) do we miss 
to realize the intended business value 
by means of the proposed use cases?





7.1
PEOPLE & ORGANIZATION
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PEOPLE & ORGANIZATION







Data Owner

Accountable for the classification, 
protection, use, and quality of one or 
more data sets within an organization.

Data Steward

A subject expert with a thorough 
understanding of a particular data set. 
Responsible for ensuring the 
classification, protection, use, and 
quality of that data, in line with the 
standards set by the Data Owner.

Data Custodian

Responsible for technical data changes 
based on requirements specified by 
the Data Owner.

Business IT





[Planning Data Governance: Approach & Best Practices]

https://www.starfishetl.com/blog/planning-data-governance-approach-best-practices


[5 Pillars of a Data Governance Framework]

https://euranova.eu/the-5-pillars-of-the-data-governance-framework-1-2




[A Guide to Data Roles]

https://www.datacaptains.com/blog/guide-to-data-roles


[Data Science Roles]

https://www.datascience-pm.com/data-science-roles/




[Brent Dykes]











Data Literacy Skill Levels





Awareness Campaigns



[Unlocking the Wisdom of Crowd Through Community of Practice]

Informal COP (Community of Practice)

https://medium.com/agile-outside-the-box/unlocking-the-wisdom-of-the-crowd-through-communities-of-practice-1fea61be1271


Formal Training



Formal Training











EXERCISE: WHAT IS THE PEOPLE IMPACT + ACTIONS IN YOUR UCS?
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Different Organization Types



Different Organization Types

“Data Mesh”



(Data Mesh)







Think twice about a data mesh if…

1. Your organization is too small
2. Your Data Maturity is  low
3. You are not used to run multi-year transformation projects
4. You don’t have a domain oriented organization



ADVANTAGES DISADVANTAGES

Agility Duplication of effort

Freedom to Innovate per Domain Harder to enforce Governance, Security, Policy, …

Stimulation of Data & Data Product Ownership Inter-domain communication and coordination

Accountability Domain Data Dependencies

Domain Knowledge Incoherent workflows (per domain view)

Hard to increase Data Skills within Domain teams

Data Mesh: My View

[inspired on ‘Use Data Ops With Your Data Mesh to Prevent Data Mush’]

https://datakitchen.io/use-dataops-with-your-data-mesh-to-prevent-data-mush/


DISCUSSION: ORGANIZATION IMPACT RELEVANT?

• Which type of organization do you have today (centralized – hybrid – 
decentralized)?
• How can an organizational change help you to deliver your use cases?



7.2
PROCESSES















[Self Service Analytics]

1 – Ad-Hoc Query Process

https://www.holistics.io/blog/self-service-analytics/


[Self Service Analytics]

2 – Corporate Reports & Dashboards

https://www.holistics.io/blog/self-service-analytics/


[Self Service Analytics]

3 – Self-Service Reporting

https://www.holistics.io/blog/self-service-analytics/


[What is Data Governance]

Self Service Process

https://www.tableau.com/learn/articles/what-is-data-governance


Data Science Processes

[Data Science Process: A Beginners Guide]

https://www.springboard.com/blog/data-science/data-science-process/






DQ : Example



[Time Series Forecasting]

https://medium.com/@ODAIAai/time-series-forecasting-real-world-challenges-part-1-436800c97032


[Time Series Forecasting]

https://medium.com/@ODAIAai/time-series-forecasting-real-world-challenges-part-1-436800c97032


Da ta Quality



Introduced in the Previous Lesson



[Source: Datacamp]

Completeness – Validity – Accuracy – Uniqueness 
Timeliness – Consistency 

https://www.datacamp.com/cheat-sheet/data-quality-dimensions-cheat-sheet


[Source: Datacamp]

https://www.datacamp.com/cheat-sheet/data-quality-dimensions-cheat-sheet
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[Source: Datacamp]

https://www.datacamp.com/cheat-sheet/data-quality-dimensions-cheat-sheet


[Source: Datacamp]

https://www.datacamp.com/cheat-sheet/data-quality-dimensions-cheat-sheet


After I sent a late notice about an outstanding invoice to a third-party firm I 
sub-contract for, we discovered that while the check was indeed in the mail, 
unfortunately it was mailed to the wrong address—a valid but inaccurate 
address.



[Source: Datacamp]

https://www.datacamp.com/cheat-sheet/data-quality-dimensions-cheat-sheet
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[Source: Datacamp]

https://www.datacamp.com/cheat-sheet/data-quality-dimensions-cheat-sheet


[Source: Datacamp]

https://www.datacamp.com/cheat-sheet/data-quality-dimensions-cheat-sheet


Da ta Quality



Data Quality Process



Data Quality Process



DQ Tests



[Alation]

DQ Monitoring



[Alation]



Data Quality Process



[SODA]



EXERCISE

• Which data-processes can help you to realize your use cases?
• Data Delivery
• Data Quality
• Data Access Mngmnt
• …

• How well are these processes defined today?



7.3
TECHNOLOGY



Source: Oscar Berg 

DATA TECHNOLOGY projects can become 
LONG RUNNING & EXPENSIVE projects

BE AWARE OF DEAD HORSES

BEFORE WE START TECHNOLOGY





Source: Oscar Berg

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

Author of:



Source: Oscar Berg 
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Source: Oscar Berg 



Source: Oscar Berg 



Source: Oscar Berg 



Source: Oscar Berg 



Did you ever worked with dead horses?
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Modern Data Platform Architecture





“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.



Unified Data Repository ETL ELT

EXERCISE : STRENGTS & WEAKNESSES

#2#1 #3



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)
• Pro / Cons?





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
• Pro/Cons ?



[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: DESCRIBE INCREMENTAL LOADING



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



[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
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Data Warehouse

• = An enterprise data platform used for the analysis and reporting of 
mainly structured and semi-structured data from multiple data 
sources
• Also called an Enterprise Data Warehouse (EDW)
• A data warehouse: 
• Can store both current and historical data in one place 
• Designed to give a long-range view of data over time
• A primary component of business intelligence.

• Data Warehouses are built on top of an Analytical Database





OLTP vs OLAP

• Online Transactional Processing (OLTP):
• Designed to handle large volumes of transactional data involving multiple 

users.
• Rapidly update, insert, or delete small amounts of data in real-time
• Databases that serve business applications (ERPs, CRM, …)

• Online Analytical Processing (OLAP):
• Designed to process large amounts of data quickly
• Enabling in-depth data analysis
• The core of Analytical Databases, suited for DWHs



Data Mart

• A specialized view of data that caters to a particular group of users within 
an organization.
• For example, a ‘Finance Mart’

• Goal: Supporting the finance department to perform predictive analysis for some of 
its customers.

• Solution: A specific subset of consumer data from the data warehouse to create a 
data mart that best serves the predictive analysis.

• Advantages:
• Faster Data Access: Quick and focused access, faster time-to-market compared to 

crawling the complete DWH
• Faster Decision Making: Focused on supporting decision making of a specific 

department. 



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



Example: Amazon Redshift Example: Snowflake

Scaling = Refconfiguring total databasenv Independent Scaling



Example: Google BigQuery
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Data Lake



[What is a Data Lake? Elements and Best Practices]

https://www.netsuite.com/portal/resource/articles/data-warehouse/data-lake.shtml


Data Lake: A Structured File Repository
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Data Lakehouse





Database DWH Database Data Lake Data 
Lakehouse

Cost +++ +++ + ++

Scaling Vertical (expensive) Horizontal (cheaper) Horizontal (cheaper)

Volume ++ +++ +++++ +++++

Type of Data Structured Structured & Semi-
Structured

Structured, Semi-
Structured & 
Unstructured

Structured, Semi-
Structured & 
Unstructured

Read 
Performance

++++
(Depending on the 

type)
++++ ++ +++(+)
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“Operational Plane” “Analytical Plane” “Operational / Analytical Plane”

2. Data Products



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

3. Consumption



Common Consumption Patterns

PL
AT

FO
RM



“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



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



From Platform to Implementation



Medaillon Reference Architecture





EXERCISE

• Which data-stack do you have today (very high level)?
• Which capabilities are missing for your UCs?
• Ingesting data from certain systems?
• Integrating data across systems?
• Transforming data in the right shape?
• Storing the needed amount of data?
• …











[What is a Data Catalog]

Catalog

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


[The Enterprise Data Catalog, Ole Olesen-Bagneux]



[Tool: Dscribe]



[Tool: Zeenea]



[Tool: Collibra]



[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/


Meta-data tools : Summary

• Select a tool that connects with your data platform setup (pipelines, 
databases, …)
• Installation/deployment of the tool is just step 1
• It takes resources/time to:
• Discuss definitions
• Agree upon these definitions
• Integrate these in the catalog / business glossary
• …

• You can already start to create those definitions, even before the final 
tool is begin selected



EXERCISE

• Do you create meta-data (models, definitions , …) about the use cases 
today?
• Is this meta-data being stored following a certain tooling?
• Can a meta-data tool help to realize your UCs?


