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Worum geht es?

Worum geht es im Kurs?

• Etablieren von datengetriebener Denk-/Arbeitsweise
• Kennenlernen von Methoden (Statistik, ML)
• Wissenschaftliche Arbeitsweise
• Vorbereitung auf BA, Beruf
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Worum geht es?

Wirtschaft / Anwendung

Unternehmerische
Fragestellungen

Mathematik/
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Datenbanken
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Data
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Worum geht es?

Vorgehen bei der Datenanalyse

Unternehmerische
Fragestellung

Daten
Exploration

Daten Vor-
verarbeitung Modellierung

Bewertung

Vorhersage-
Modell
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Worum geht es?

Data Science / Quantitative Methoden / Statistik

Beispiel für wirtschaftlichen Kontext, Anwendungsfall gegeben;
vorgegebene Aufgaben:

1. Datenvorverarbeitung
2. Statistiken / Exploration
3. Modellierung / Evaluation
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Worum geht es jetzt?

Sie haben einen Datensatz.

Und nun?
• Verstehen: Sammeln Sie Informationen über den Kontext

(Fachwissen)
• Schauen Sie sich die Daten an
• Beschreiben, Fragestellung finden, Analysieren

Was ist der Mehrwert für ihre Audience?
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Design Thinking
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Design Thinking

Design Thinking

• Design Thinking – Innovationsprozess
• Nach Terry Winograd, Larry Leifer, David Kelley (alle Stanford)

Was hilft den Benutzern/Kunden? Mehrwert?
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Design Thinking

Design Thinking – Phasen
1. Frame a question

Finden Sie eine treibende Frage, die andere inspiriert nach kreativen Lösungen zu
suchen

2. Gather Inspiration
Inspirieren Sie zum Denken von Neuem, indem Sie herausfinden, was Menschen
wirklich brauchen

3. Generate Ideas
Lassen sie o�ensichtliche Lösungen hinter sich, um zu bahnbrechenden Ideen zu
gelangen

4. Make Ideas Tangable
Erstellen Sie grobe Prototypen um zu begreifen, wie Sie Ideen verbessern können

5. Test to Learn
Verfeinern Sie Ideen, indem Sie Feedback sammeln und vorwärts experimentieren

6. Share the Story
Erstellen Sie eine menschliche Geschichte, um andere zum Handeln anzuregnen.
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Design Thinking

Design Thinking, Lean Startup, CRISP-DM
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Abstract—As data projects become more conventional, increase
in the use of information has surpassed the knowledge of how to
support individuals/teams that undertake such projects. Leading
data mining methodology, CRISP-DM has become limited in
managing the requirements of working with recent technologies
such as Machine Learning. Resultantly, many have either created
their own methods or adopted alternative approaches such as
the Design Thinking and Lean Startup innovation strategies.
Consequently, this paper proposes a novel software develop-
ment methodology entitled Lean Design Thinking Methodology
(LDTM) to guide the development of modern data projects.
LDTM combines the strengths of CRISP-DM with the more
innovative Design Thinking and Lean Startup strategies to
introduce an approach divided into three stages, comprising of
seven steps. This paper concludes on how there is no one correct
method, nor is one single approach enough, but together, elements
of each approach can unite to help guide data projects forward.

Index Terms—Data Mining, Framework, Life Cycle, Machine
Learning, Methodology, Software Development

I. INTRODUCTION

A Software Development Methodology (SDM) refers to
the framework that is applied to improve the management
and control of a Software Engineering or Information System
process [1]. Over the years, many methodologies have emerged
and gone out of fashion. Today, several different frameworks
exist, each with its own set of advantages and disadvantages
and each best suited to specific kinds of projects. As data
continues to be produced in massive amounts, Big Data,
Data Science and Data Analytics projects are growing in
frequency and importance. However, the growth in the use of
information has outstripped the knowledge of how to assist
development teams that take on these projects [2]. While
much literature is available on the use of algorithms/models
that help produce insightful analysis, much less is available
on the methodologies/frameworks and processes that could
allow teams to complete such projects more resourcefully and
successfully [2].

Despite being the de facto SDM for data mining/predictive
analytics projects, the CRoss-Industry Standard Process for
Data Mining (CRISP-DM) has in recent times failed to meet
the challenges of working with present-day technologies such
as Machine Learning [3]. Resultantly, many practitioners have
resorted to creating their own methodologies, which they

believe will provide a suitable framework for the implemen-
tation of data projects [3]. However, as these methodologies
are recent concepts, very little work is available on the
effectiveness and impact of these approaches. Moreover, many
practitioners have also recently shifted from using traditional
SDMs onto realising solutions using ‘innovation strategies’
such as Design Thinking and Lean Startup [4]. Consequently,
the main aim of this paper is on how best to combine the well-
established CRISP-DM methodology with the more recent
Design Thinking and Lean Startup strategies to conceive a
novel SDM that will guide the development of modern data
projects.

Despite their recent popularity, neither Design Thinking nor
Lean Startup clearly define what skills are needed to arrive at
innovation through design and implementation. Thus, leaving a
knowledge gap, which this paper aims to address by answering
the following research questions:

1. What attributes of Design Thinking, Lean Startup, and
CRISP-DM can we use to support the design and
implementation process of Machine Learning and other
data projects?

2. How can we effectively combine Design Thinking and
Lean Startup with CRISP-DM to help development
teams incorporate user-driven innovations into the de-
velopment of modern data projects?

By answering these questions, the goal is to introduce a
novel SDM for data projects entitled Lean Design Thinking
Methodology (LDTM). A methodology that arrives at ideas
for possible solutions using Design Thinking, realises the
development and testing of algorithms/models using Lean
Startup and builds upon the fundamentals and lessons learnt
from CRISP-DM.

II. STATE OF THE ART

To identify relevant studies, The ACM Guide to Comput-
ing Literature, IEEE Explorer, and CiteSeerX bibliographic
databases were examined in the search for relevant academic
published articles. The inclusion criteria used the keyword
“machine learning” and individually combined this with the
keywords “methodology”, “framework” and variations of “life
cycle” including “life-cycle” and “lifecycle”. The search re-
sults were limited by identifying the search terms in paper
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Data Science Canvas

Canvas Strategien

• Stukturierung des Vorgehens
• Guideline für Fragestellungen
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Data Science Canvas

Business Model Canvas

What are the most important costs inherent in our business model? 
Which Key Resources are most expensive? 
Which Key Activities are most expensive?

Revenue Streams

Through which Channels do our Customer Segments 
want to be reached? 
How are we reaching them now?
How are our Channels integrated? 
Which ones work best?
Which ones are most cost-efficient? 
How are we integrating them with customer routines?

For what value are our customers really willing to pay?
For what do they currently pay? 
How are they currently paying? 
How would they prefer to pay? 
How much does each Revenue Stream contribute to overall revenues?
 

Channels

Customer Relationships Customer Segments

channel phases:
1. Awareness
   How do we raise awareness about our company’s products and services?

2. Evaluation
    How do we help customers evaluate our organization’s Value Proposition?

3. Purchase
   How do we allow customers to purchase specific products and services?

4. Delivery
    How do we deliver a Value Proposition to customers?

5. After sales
   How do we provide post-purchase customer support?

Mass Market
Niche Market
Segmented
Diversified
Multi-sided Platform

examples
Personal assistance
Dedicated Personal Assistance
Self-Service
Automated Services
Communities
Co-creation

For whom are we creating value?
Who are our most important customers?

What type of relationship does each of our Customer
Segments expect us to establish and maintain with them?
Which ones have we established? 
How are they integrated with the rest of our business model?
How costly are they?

Value PropositionsKey ActivitiesKey Partners

Key Resources

Cost Structure

What value do we deliver to the customer?
Which one of our customer’s problems are we helping to solve? 
What bundles of products and services are we offering to each Customer Segment?
Which customer needs are we satisfying?

What Key Activities do our Value Propositions require?
Our Distribution Channels?  
Customer Relationships?
Revenue streams?

Who are our Key Partners? 
Who are our key suppliers?
Which Key Resources are we acquiring from partners?
Which Key Activities do partners perform?

What Key Resources do our Value Propositions require?
Our Distribution Channels? Customer Relationships?
Revenue Streams?

characteristics
Newness
Performance
Customization
“Getting the Job Done”
Design
Brand/Status
Price
Cost Reduction
Risk Reduction
Accessibility
Convenience/Usability

categories
Production
Problem Solving
Platform/Network

types of resources
Physical
Intellectual (brand patents, copyrights, data)
Human
Financial

motivations for partnerships:
Optimization and economy 
Reduction of risk and uncertainty
Acquisition of particular resources and activities

is your business more:
Cost Driven (leanest cost structure, low price value proposition, maximum automation, extensive outsourcing)
Value Driven ( focused on value creation, premium value proposition)

sample characteristics:
Fixed Costs (salaries, rents, utilities)
Variable costs
Economies of scale
Economies of scope

www.businessmodelgeneration.com

The Business Model Canvas
On:

Iteration:

Designed by:Designed for:
Day Month Year

No.

types:
Asset sale
Usage fee
Subscription Fees
Lending/Renting/Leasing
Licensing
Brokerage fees
Advertising

fixed pricing
List Price
Product feature dependent
Customer segment dependent
Volume dependent

dynamic pricing
Negotiation( bargaining)
Yield Management
Real-time-Market

This work is licensed under the Creative Commons Attribution-Share Alike 3.0 Unported License. 
To view a copy of this license, visit http://creativecommons.org/licenses/by-sa/3.0/ 

or send a letter to Creative Commons, 171 Second Street, Suite 300, San Francisco, California, 94105, USA.
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Data Science Canvas
The Machine Learning Canvas (v0.4)  Designed for:                                              Designed by:                                             Date:                             Iteration:       . 

Decisions 

How are predictions used to 
make decisions that provide 
the proposed value to the end-user? 

 

ML task 

Input, output to predict, 
type of problem. 

 

Value 
Propositions 

What are we trying to do for the 
end-user(s) of the predictive system? 
What objectives are we serving? 

Data Sources 

Which raw data sources can 
we use (internal and 
external)? 

Collecting Data 

How do we get new data to 
learn from (inputs and 
outputs)? 

Making 
Predictions 

When do we make predictions on new 
inputs? How long do we have to 
featurize a new input and make a 
prediction? 

Offline 
Evaluation 

Methods and metrics to evaluate the 
system before deployment. 

 Features 

Input representations 
extracted from raw data 
sources. 

Building Models 

When do we create/update 
models with new training 
data? How long do we have to 
featurize training inputs and create a 
model? 

 Live Evaluation and 
Monitoring 

Methods and metrics to evaluate the 
system after deployment, and to 
quantify value creation.  

   

machinelearningcanvas.com by Louis Dorard, Ph.D.              Licensed under a Creative Commons Attribution-ShareAlike 4.0 International License.  
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Data Science Canvas

Prediction Task Decisions Data Collection Data Sources

Impact Simulation Making Predictions Building Models Features

Value Propositions

Monitoring

Ziel
LernenVorhersage

Überwachung
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Data Science Canvas

Ziele
• Welche Ziele verfolgen wir mit der Analyse?
• Welchen Nutzen haben die Konsumenten der Analyse?
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DS Canvas eoda GmbH

Zu lösende Aufgabe Skizze der Lösungsidee Potentielle Kunden Datenlage

Wie sieht bisherige Lösung aus? Kennzahlen für Erfolg bzw.
Misserfolg?

Potentielle Early Adopters?

Potentielle Kosten? Potentieller Nutzen?

[https://www.eoda.de/wissen/blog/data-science-canvas/]
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Beispiel
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Datensatz

Tankerkönig

• Preis-Daten der Markttransparenzstelle für Kraftsto�e
• Benzinpreise von über 14.000 Tankstellen in Deutschland
• Grundlage für Apps und andere Dienste

https://hsbo.de/tankpreise
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Gruppenarbeit

Design Thinking - Gemeinsam Ideen entwickeln!
• Was lässt sich mit den Tankdaten realisieren?
• Was wird gebraucht?
• Welche Schritte sind notwendig?
• Wie kommen wir zu einem MVP?
• Wann sind wir mit unserer Idee erfolgreich?
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