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TRAINING OVERVIEW



TRAINING OVERVIEW



DATA STRATEGY

WHY THIS TRAINING?



EXPERIENCE 1: BUILDING SOMETHING THAT ISN’T USED



EXPERIENCE 2: DIGITAL TRANSFORMATIONS WITHOUT DATA



EXPERIENCE 3: DATA IS NEEDED BUT CAN’T BE FOUND



EXPERIENCE 4: FEAR OF MISSING OUT CYCLE



EXPERIENCE 4: FEAR OF MISSING OUT CYCLE



WE SHOULD BE ABLE 
TO DO BETTER!

DATA STRATEGY TRAINING
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= A REUSABLE DATA ASSET THAT BUNDLES DATA
TOGETHER WITH EVERYTHING NEEDED TO MAKE IT 

INDEPENDENTLY USABLE BY AUTHORIZED CONSUMERS.





Data Product Types



Autonomous Data Products



AI Model To Detect Churn



AI Model To Analyse Scans



Semi-Autonomous Data Products



Generate Social Media Posts With ChatGPT



Process Monitoring And Continuous Improvement



Raw Data Products





EXERCISE: LIST 1 OR MORE DATA PRODUCTS PER CATEGORY



4 DATA QUESTIONS



1 WHAT





1. DATA 2. DATA PRODUCT ARCHETYPE



1. DATA



Type of Data



Data Velocity



Data Volume



Data Availibility



Data Knowledge



Data Quality



2. DATA PRODUCT ARCHETYPE



Readiness



EXERCISE: SCORE THE ‘WHAT’ FOR EVERY DATA PRODUCT



2 WHY







B2C B2B

[Bain Inc. – Elements of Value]

https://www.bain.com/insights/the-elements-of-value-hbr/


B2C B2B

[Bain Inc. – Elements of Value]

SAVES 
TIME

https://www.bain.com/insights/the-elements-of-value-hbr/




B2C B2B

[Bain Inc. – Elements of Value]

MAKES 
MONEY

https://www.bain.com/insights/the-elements-of-value-hbr/




B2C B2B

[Bain Inc. – Elements of Value]

NOSTALGIA

https://www.bain.com/insights/the-elements-of-value-hbr/


AI YearBook



B2C B2B

[Bain Inc. – Elements of Value]

MOTIVATION

https://www.bain.com/insights/the-elements-of-value-hbr/




B2C B2B

[Bain Inc. – Elements of Value]

ETHICAL 
STANDARDS

https://www.bain.com/insights/the-elements-of-value-hbr/




B2C B2B

[Bain Inc. – Elements of Value]

TRANSPARENCY

https://www.bain.com/insights/the-elements-of-value-hbr/




B2C B2B

[Bain Inc. – Elements of Value]

AVAILIBILITY

https://www.bain.com/insights/the-elements-of-value-hbr/




B2C B2B

[Bain Inc. – Elements of Value]

PRODUCTIVITY

https://www.bain.com/insights/the-elements-of-value-hbr/






B2C B2B

[Bain Inc. – Elements of Value]

SOCIAL
RESPONSIBILITY

https://www.bain.com/insights/the-elements-of-value-hbr/




Everything Connects…



EXERCISE: FIND THE VALUE FOR YOUR DATA PRODUCTS



B2C B2B

[Bain Inc. – Elements of Value]

https://www.bain.com/insights/the-elements-of-value-hbr/


3 WHO



DATA USABILITY

“A measure of how well a user in a specific 
context can use data to achieve a defined 
goal effectively, efficiently, and satisfactorily.”









Reachability



Cost of Error



Knowledge of Context of Data Use



Collaboration



EXERCISE: WHO WILL USE YOUR PRODUCTS?



4 HOW









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



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

1. Data Collection & Transformation











[Barc Data Culture Survey (2023)]

Data Ingestion = 
One of the Biggest Data Access Challenges

https://barc-research.com/research/data-culture-survey-23/register-data-culture-survey-23/


[Medidata - Back to Basics: A Survey of CDMS (2022)]

“Data Integration and Reconciliation 
Pain Points Persist Respondents 
described several pain points related 
to how they manage clinical data. 
The most mentioned challenges 
included ingesting, integrating, and 
aggregating data from various 
sources.”

Data Ingestion = 
Pain Point #1 in CDMS

https://www.medidata.com/wp-content/uploads/2022/11/CDMS-Customer-Survey-White-Paper-Aug-22.pdf


[Medidata - Back to Basics: A Survey of CDMS (2022)]

Data Ingestion = 
Top Feature Request in CDMS

https://www.medidata.com/wp-content/uploads/2022/11/CDMS-Customer-Survey-White-Paper-Aug-22.pdf


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 Transform Load



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 5: 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



Example: Kafka Connect



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 6: 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


[Capture Database Changes with Debezium]

CDC is based on transaction logs. These transactions can be incoorporated in a streaming architecture.

https://developers.redhat.com/blog/2020/04/14/capture-database-changes-with-debezium-apache-kafka-connectors


Flavor #3
Connector Based



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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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



CO
M

M
O

N
SP

EC
IF

IC



Data Lakehouse
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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)
++++ ++ +++(+)



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

2. Data Products







Dataset (Result from data transformations)



Multi-table datasets



[What are the different types of Data Products– Starburst]

Data Sources

Data product datasets can link to eachother

https://www.starburst.io/blog/what-are-the-different-types-of-data-products/




Metadata = “Data about Data”



How is data being 
produced? 
(Source / 

Transformations / 
…)

Types of Metadata



Types of Metadata

How is data being 
produced? 
(Source / 

Transformations / 
…)



Table Structure



Types of Metadata

How is data being 
produced? 
(Source / 

Transformations / 
…)



• Documentation of the flow and transformation of data as it moves 
from source to product.
• It is crucial for understanding a data product's origins, 

transformations
• Four key points to define data lineage:

1. Data Source Identification: identifying the original sources of data
2. Data Movement Tracking: It traces how data is transferred and 

transformed
3. Dependency Mapping: Data lineage maps dependencies between different 

data elements
4. End-to-End Visibility: It provides a comprehensive view of data's journey

Data Lineage



Example: E2E Visible Data Lineage

Product:

Data Movement Tracking

Data Source:

Dependency: stg_eltool_orders 
depends on warehouse.orders

Tool: DBT (Data Build Tool)



Example: E2E Visible Data Lineage

Product:Da
ta

 S
ou

rc
es

Dependency

Tool: Power BI Sentinel

Data Movement Tracking



Types of Metadata

How is data being 
produced? 
(Source / 

Transformations / 
…)



Business Glossary





“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



EXERCISE: HIGH LEVEL BLUEPRINT?





1. WHY
2. WHAT

A. POLICIES, STANDARDS & RULES
B. PROCESSES
C. PEOPLE
D. ORGANIZATION

DATA GOVERNANCE: TABLE OF CONTENTS



1. WHY
2. WHAT

A. POLICIES, STANDARDS & RULES
B. PROCESSES
C. PEOPLE
D. ORGANIZATION

DATA GOVERNANCE: TABLE OF CONTENTS



#1 One Common 
Data Language

#4 Increased 
Confidence in Data

#2 Improved Data 
Reusability

#5 Better Data Management 
Mechanisms

#3 Single Source of Truth



1. WHY
2. WHAT

A. POLICIES, STANDARDS & RULES
B. PROCESSES
C. PEOPLE
D. ORGANIZATION

DATA GOVERNANCE: TABLE OF CONTENTS







Example Data Policy



RAW ZONE STAGING ZONE INSIGHT ZONE

TYPES OF DATA • Any kind of data including 
unstructured data

• Examples: videos, tekst 
files, .csv files, …

• Known and structured data
• Data from multiple sources 

is likely to be joined here
• Data engineers prep and 

cleanse data

• Known, enriched, 
integrated and cleaned 
data

• Privacy controles like 
removing personal data

ACCESS • Very restricted access
• Likely a handful of people 

or just an admin

• More access
• Mostly data engineers 

• Highest level of access
• Most if not all data 

analysts/scientists

Example Data Policy



Plain text = raw data
Hashed = Fixed length 
string of letters / 
numbers
Redacted = obscured 
information that’s 
personally identifiable, 
confidential or sensitive.

Raw zone Staging zone Insight zone

Example Data Policy





“Every data element that is exposed to end-users 
should be defined and documented in the Data Dictionary Meta-Data”



“Every report should have an ‘about section’ 
describing the necessary meta-data”





“Every data element that is exposed to end-users should 
be part of the overall company semantic data model”













1. WHY
2. WHAT

A. POLICIES, STANDARDS & RULES
B. PROCESSES
C. PEOPLE
D. ORGANIZATION

DATA GOVERNANCE: TABLE OF CONTENTS











[What is Data Governance]

Self Service Process

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




DQ : Example



[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


[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


[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


[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


[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


[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


[Source: Datacamp]

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




Data Quality Process



Data Quality Process



DQ Tests



[Alation]

DQ Monitoring



[Alation]



Data Quality Process



[SODA]



1. WHY
2. WHAT

A. POLICIES, STANDARDS & RULES
B. PROCESSES
C. PEOPLE
D. ORGANIZATION

DATA GOVERNANCE: TABLE OF CONTENTS







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



[Data Science Roles]

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




[Brent Dykes]



Data Literacy Skill Levels



[Unlocking the Wisdom of Crowd Through Community of Practice]

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


1. WHY
2. WHAT

A. POLICIES, STANDARDS & RULES
B. PROCESSES
C. PEOPLE
D. ORGANIZATION

DATA GOVERNANCE: TABLE OF CONTENTS



(Data Mesh)



(Data Mesh)



[Data Monolith to Mesh, Dehghani]

https://martinfowler.com/articles/data-monolith-to-mesh.html


[Data Monolith to Mesh, Dehghani]

https://martinfowler.com/articles/data-monolith-to-mesh.html


[Data Monolith to Mesh, Dehghani]

https://martinfowler.com/articles/data-monolith-to-mesh.html


[Data Monolith to Mesh, Dehghani]

https://martinfowler.com/articles/data-monolith-to-mesh.html


[Data Monolith to Mesh, Dehghani]

ANOTHER APPROACH

https://martinfowler.com/articles/data-monolith-to-mesh.html


[Data Monolith to Mesh, Dehghani]

ANOTHER APPROACH

https://martinfowler.com/articles/data-monolith-to-mesh.html


[Data Monolith to Mesh, Dehghani]

https://martinfowler.com/articles/data-monolith-to-mesh.html


[Data Monolith to Mesh, Dehghani]

https://martinfowler.com/articles/data-monolith-to-mesh.html


[Data Monolith to Mesh, Dehghani]

https://martinfowler.com/articles/data-monolith-to-mesh.html




Dataset 1 Business Metadata

Technical Metadata

Operational Metadata

Dataset 2 Business Metadata

Technical Metadata

Operational Metadata

Dataset X Business Metadata

Technical Metadata

Operational Metadata

Data Catalog

Data Catalog
Bringing Data Governance and Technology together



A Data Catalog helps analysts and other data users to find the data that they 
need.

A Data catalog combines:
• A collection of metadata
• Search tools
• Data Management tools
• An inventory of available data
• Information about data quality



Collibra



DScribe





[What is a Data Catalog]

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


[What is a Data Catalog]

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


WRAP UP
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EXERCISE: RELATE DATA PRODUCT(S) TO YOUR BUSINESS GOALS
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From Product Thinking to Strategic Thinking



[Source: Datacamp]



[Source: Domino]



[Source: Google Cloud Adoption Framework]



EXERCISE: ESTIMATE YOUR DATA MATURITY

[Inspired by the Data Governance Maturity Framework from Microsoft]

https://learn.microsoft.com/en-us/azure/cloud-adoption-framework/scenarios/cloud-scale-analytics/govern


Ungoverned Stage 1 Stage 2 Fully Governed

No roles & responsibility Limited roles & 
responsibility

Roles & responsibilities 
defined

Roles & responsibilities 
defined

No data owners 
accountable for data

No data owners 
accountable for data

Some data owners in place All data owners in place

No data stewards 
appointed with 
responsibility for data 
quality

Some data stewards in 
place for data quality, but 
scope too broad, like 
whole department

Data stewards in place and 
assigned to data 
governance working 
groups for specific data

Data stewards in place 
assigned to data 
governance working 
groups for specific data

No one accountable for 
data privacy

No one accountable for 
data privacy

Chief privacy officer 
accountable for privacy, no 
tools

Chief privacy officer 
accountable for privacy 
with tools

No subject-matter experts 
(SMEs) identified for data 
entities

Some SMEs identified, but 
not engaged

SMEs identified and in 
data governance working 
groups

SMEs identified and in 
data governance working 
groups

1. PEOPLE



Ungoverned Stage 1 Stage 2 Fully Governed

No common business 
vocabulary

Common business vocabulary 
begun in a glossary

Common business vocabulary 
established

Common business vocabulary 
complete and maintained

No way to know data 
location, quality or sensitivity

Data catalog on some systems Data catalog on all structured 
data

Data catalog on structured 
and unstructured data in all 
systems

No process to monitor data 
quality, data privacy, or data 
access security

Some ability to monitor data 
quality, some ability to 
monitor privacy, such as 
queries

Monitoring and stewardship 
of data quality and data 
privacy on core systems

Monitoring and stewardship 
of data quality and data 
privacy on all systems

No way to know whether a 
policy violation occurs or 
process if one occurs

Data access security violation 
detection in some systems

Data access security violation 
detection in all systems

Data access security violation 
detection in all systems

No availability of fully trusted 
data assets

Development started for a 
small set of trusted data 
assets using data fabric 
software

Several core trusted data 
assets created using data 
fabric

Continuous delivery of 
trusted data assets through 
enterprise data marketplace

2. PROCESS



Ungoverned Stage 1 Stage 2 Fully Governed

No data governance 
classification schemes on 
confidentiality and retention

Data governance 
classification scheme for 
confidentiality

Data governance 
classification scheme for both 
confidentiality and retention

Data governance 
classification scheme for both 
confidentiality and retention

No policies and rules to 
govern data quality

Policies and rules to govern 
data quality begun in 
common vocabulary in 
business glossary

Policies and rules to govern 
data quality defined in 
common vocabulary in 
catalog business glossary

Policies and rules to govern 
data quality defined in 
common vocabulary in 
catalog business glossary

No policies and rules to 
govern data retention

Some policies and rules to 
govern data retention

Policies and rules to govern 
data retention consolidated 
in the data catalog using a 
classification scheme

Policies and rules to govern 
data retention consolidated 
in the data catalog using 
classification schemes and 
enforced everywhere

3. POLICIES



Ungoverned Stage 1 Stage 2 Fully Governed

No data catalog with auto 
data discovery, profiling, and 
sensitive data detection

Data catalog with auto data 
discovery, profiling, and 
sensitive data detection 
purchased

Data catalog with auto data 
discovery, profiling, and 
sensitive data detection 
purchased

Data catalog with auto data 
discovery, profiling, and 
sensitive data detection 
purchased

No metadata lineage Metadata lineage available in data catalog on trusted assets

No data access security tool Data access security in multiple technologies Data access security enforced 
in all systems

No data platform software 
with cloud and datacenter 
connectivity

Data platform software with cloud and datacenter connectivity and catalog integration 
purchased

4. TECHNOLOGY



From Product Thinking to Strategic Thinking 
to a Data Roadmap



EXERCISE: DATA BACKLOG
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Make it Sellable



Ambitie: 

Het dataplatform wordt POA’s Bol.Com shop voor data!



[The Chief Data Officer Management Handbook, SpringerLink, 2020]

https://link.springer.com/book/10.1007/978-1-4842-6115-6


Three Horizons Framework



[3 Horizons Framework]

https://techcommunity.microsoft.com/t5/data-architecture-blog/bring-vision-to-life-with-three-horizons-data-mesh-data/ba-p/3390414


EXERCISE: CAN YOU TRY TO MAKE A “MOONSHOT”?



W
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U
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Prioritize Pragmatism over Bureaucracy



Create Room for Innovation



Eat Your Own Dogfood



Culture eats Strategy for Breakfast


