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Abstract

Data emerged as a central success factor for
companies to benefit from digitization.  However,
the skills in successfully creating value from data
— especially at the management level — are not
always profound. To address this problem, several
canvas models have already been designed. Canvas
models are usually created to write down an idea
in a structured way to promote transparency and
traceability.  However, some existing data science
canvas models mainly address developers and are
thus unsuitable for decision-makers and communication
within interdisciplinary teams. Based on a literature
review, we identified influencing factors that are
essential for the success of data science projects. With
the information gained, the Data Science Canvas was
developed in an expert workshop and finally evaluated
by practitioners to find out whether such an instrument
could support data-driven value creation.

1. Introduction

In times of ever-increasing data amounts and the
ascribed value to data, companies are challenged by
creating value from it. Due to volume, velocity, and
validity of big data, the toolbox aroundmachinelearning
and mathematical-statistical procedures becomes ever
more important. However, the implementation
of such procedures into valuable business models
requires expert knowledge [1]. In view of today’s
fast-moving markets and the prevailing competition, it
is urgently necessary for decision-makers to evaluate
the opportunities that arise from their data, the existing
expertise in their company, and bring both together to
create value [2]. To drive digital transformationfor their
organizations, decision-makers should be aware of how
to scale the value of their data assets and the capabilities
and opportunities of analytics [3]. However, according
to a study by the Data Literacy Project (n = 7,377),
only 24% of these decision-makers consider themselves
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to be data competent, although this is perceived as
increasing in work performance [4]. Despite its high
relevance, the introduction of a data strategy has also
not yet reached any maturity in many companies [5].
This requires a basic knowledge regarding data analysis
as well as an active data-driven corporate culture to
enable data-driven value creation and business models
(DDBM) [6].

Therefore there is a practical need to provide
decision-makers with tools to support data-driven value
creation processes [7]. For other fast-developing and
complex business problems, a concept for a quick
implementation in the sense of ’Learning by Doing’
emerged. For example, Lean Manufacturing [8] and
Lean Startup [9] are supported by the Lean Canvas as
an orientation basis. Another example is the ’Business
Model Canvas’ developed by Alexander Osterwalder,
which simplifies the developmentand communicationof
a business model by helping to visualize and understand
its elements [10]. The intention of a canvas model is to
summarize a complex problem as clearly and simply as
possible and give guidance for solution-finding.

Also for DDBM some canvas approaches, e.g. the
Data Canvas [11] or the canvas for data-driven ideation
workshops [12] were explored. While those focus
rather on the data and algorithmic value creation [13],
canvases such as the Data Insight Generator seek to
more strongly include the customers value proposition
[13, 7]. Still, this canvas only focuses on "an illustration
between the [...] two components, key resources and
value proposition” [13] rather than providing a holistic
approach that considers the cost and revenue structureas
well as stakeholders of DDBMs [14, 15].

Having identified the mneed to support
decision-makers regarding DDBMs, which qualifies as
a "heretofore unsolved and importantbusiness problem”
[16] and the lack of a holistic canvas approach, the
purpose of this paper is to communicate the design (first
design cycle) and evaluation (proof-of-concept) of the
Data Science Canvas - a tool to holistically support
decision making and stakeholder communication on
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DDBMs. Our canvas (artifact), thereby, aims at being
sufficiently specific and holistic at the same time to be
readily used by managers. This means it covers both the
technical and managerial aspects of the data problem
at hand, to address the specified problem. Thereby,
our research follows the Design Science Research [16]
approach as outlined by Peffers et al. [17], to first
design the canvas as an artifact that aims to solve the
problem and derive insights and theoretical implications
[18]. As shown in Table 1 the remainder of the paper
is structured along the phases outlines by Peffers et
al. [17]. Having motivated the problem and defined
objectives of a holistic solution in this section, section
2 reports on the design and development of our canvas
(artifact). This section includes a literature review of
related artifacts as a presentation of the related work
[19] and an expert workshop to develop our prototype.
In section 3, the canvas is demonstrated and evaluated
on real-life data projects as a naturalistic ex-post
evaluation [20] to understand usefulness in the context
of real projects and decision making. The results are
discussed in section 4 and we draw conclusions in
section 5.

2. Data Science Canvas Design &
Development

2.1. Literature Review: Identifying and
Understanding Relevant Elements

2.1.1. Procedure. To highlight important elements
and delimitations of the concept to be evaluated, a
literature review was conducted according to the four
phases of Rowley and Slack [21]. We searched for
scientific or practical literature that aims to solve the
identified problem by means of designing an artifact.
As the terms data science, big data, and machine
learning are often used interchangeably [22], we used
the following keywords and their combinations: canvas,
data science, data analytics, machine learning, big data,
business model. Based on the initial literature, a
forward and backward reference search was conducted
[23, 24]. The main inclusion criteria for the surveyed
literature was the provision of an artifact in the form of
a canvas and a description of the elements to allow for
comparison.

Building on the SQ3R-Method [25] to review the
found papers, we identified nine canvas models, which
were then recorded in the form of a concept matrix
[26] using a conceptual framework [24].) As the
identified canvas models used different wordings, we
analyzed the tiles according to their meaning and role

'A list of all identified canvas models can be provided on request.

and clustered and renamed themto form a unified
scheme. This procedure was conducted collaboratively
by two authors to ensure agreement on the resulting
elements. Resulting from this, the initial 20 factors were
reduced to 12. As a first result of the literature research,
Table 2 shows the basis of comparison as a concept
matrix and allows a more detailed analysis of the canvas
model elements.

2.1.2. Finding: Identified Elements. The concept
matrix in Table 2 shows that there are in principle many
elements for a Data Science Canvas concept. However,
some of these elements are only considered to a minor
extent in literature, as the only occur in single sources.
Data source, methods, model quality, added value, and
stakeholders are among the most important elements,
with four out of five mentions each. Data collection,
data quality, and software for data analysis with only
one entry each are not often considered. In the
following, we more deeply discuss the elements.

Business Case (1): Although the definition of a
business case is one of the crucial positions in the data
science process, it is integrated into the canvas model as
an element from five sources. In some cases, however,
an exact definition of a business case is lacking. Thus,
this element is often oriented towards the selection of
methods and quality rather than the problem definition.
Furthermore, used headings and questions supporting
the answer are partly misleading and therefore not
unambiguous. For example, the AI Canvas uses the
heading ”Prediction” with the supporting question
"What do you need to know in order to make the
decision?” [29]. Moreover, this mainly addresses the
ML area and ignores other areas such as clustering or
classification.

Data Collection and Source (2, 3): Following the
objective delimitation of the business case, data is
collected within the framework of its operationalization
— in analogy to a statistical investigation — to obtain the
required data. If this involves data still to be collected, a
survey method and the necessary scale level must be
specified. Both the survey method and the scaling are
determined by the problem and the methodology [33].
Five approaches have such an element, but they do not
sufficiently highlight the data requirements and
potentially necessary cleansing needs [31, 11, 32].

To ensure the correctness and accuracy of the model,
the source of the data should be analyzed. This is
particularly important in the case of external data. Six
sources examined represent such an element, whereby
only one canvas concept explicitly addresses internal
and external data resources [29, 32].
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Table 1. Overview of the First Cycle of the DSR Project [17]

Identify Problem and Motivate | Empowering the Managementto understandand create value with data and enable collaboration

(Section 1) of different stakeholders of data-driven business models is an unresolved problem.
Define Objectives of a Solution | A holistic canvas concept is required to support management in understanding and making
(Section 1) decisions of data-driven business models. Such canvas concepts have also been successfully

employed in other fast-developing and complex domains.

Design  and  Development | The holistic Data Science Canvas is designed on the basis of a Jiterature review on other canvas

(Section 2) approaches and an expert workshop.

Demonstration and Evaluation | We conducted a real-world trial with 10 participants including a post-interview to prove the
(Section 3) usefulness of our concept and understandthe design space for further design cycles.
Communication The Canvas description and the evaluation results are communicatedin this research paper.

Table 2. Concept Matrix.

Elements
W 1 2 | 31415 6 71 8119|1011 | 12

Big Data Management Canvas [27] X X | X X X | X
Deep Learning Canvas [28] X X X X X | X
Al Canvas [29] X X X X | X
Al Project Canvas [30] X X | X | X | X
Machine Learning Canvas [31] X | X | X X X X | X
Data Insight Generator [13] X | X X X X X
Data Canvas [11] X | X
Data Innovation Board [12] X | X | X X | X | X
Data Project Canvas [32] X X | X X | X | X
Legend: 1: Business Case 4: Data Quality 7: Skills 10: Costs, Revenues

2: Data Collection 5: Data Integration 8: Software 11: Value Added

3: Data Source 6: Methods 9: Model Quality 12: Stakeholders

Data Quality (4): By means of explorative analyses
and visualizations, the quality of the data — whether
already available or not - should be validated. This
may reveal the need for data cleansing, as the
presence of erroneous or distorted data could lead to
erroneous models and management making the wrong
decisions.  This element is only rudimentarily and
casually represented by two canvas models [28, 13].

Data Integration (5): Once the data quality has
been checked, the data (from the different sources)
should be merged into one database. This will facilitate
the access by the data analyst and improve the quality of
information through accessibility, completeness, clarity,
accuracy, and consistency [34]. This element occurs in
three sources, but is explicit and comprehensible only in
two cases [27, 13].

Methods (6): The heart of Data Science is the
transformation of data into knowledge [2]. The
conversion takes place through algorithms which fall
back on mathematical-statistical procedures. The central
task of an analyst is to select the right method for the
respective problem based on the available data. In
principle, there is a wide range of statistical instruments
(multivariate methods) for data analysis, but the special
nature of the data must be taken into account [33].

Procedures for segmentation, classification,
estimation (regression) and association can be
differentiated. Different methods are ranging from

white box statistical approaches to black box machine
learning applications to address these problems [35].

Five canvas concepts have an element for method
selection. However, they usually limit themselves to a
certain method category (e.g. deep learning or machine
learning methods) [31, 28]. Furthermore, no concept
offers support in the choice of methods beyond the
canvas. This makes it impossible for decision-makers
to use the respective canvas without methodological
knowledge.

Skills (7): The analyses requires skills from the
fields of statistics, computer science and mathematics.
Skill sets to be defined are also suitable for a job
description and advertisement for the respective
activities corresponding to the business case. Against
the background of insufficiently though-out and
formulated job advertisements to a data scientist, this
seems to make sense [36]. In addition to methodological
knowledge (methods, tools and libraries, programming,
databases), a basic understanding of business and
economics as well as domain knowledge from the
respective company should also be addressed to
generate deeper insights [37].

Furthermore, the various roles in connection
with data preparation and analysis should also be
differentiated: The Data Scientist is mainly concerned
with complex methods of data analysis, while the
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Data Engineer is responsible for software solutions
for Big Data and, e.g., creates data pipelines. This
differentiation is still missing in many companies,
although even success could be endangered due to a
lack of understanding of the distribution of tasks and
roles [38]. Only three of the identified sources make it
possible to deal with the required skills of the (required)
personnel.

Software (8): Based on the method, the existing
skills/personnel, and resources, appropriate software
must be selected. The provided program libraries also
play a role in this, to fall back on predefined and useful
functions. The 19" KDnuggets Software Survey from
2018 identifies Python, RapidMiner, and R as the most
popular software of the 2,052 software users asked [39],
butalso Excel is presentin the top 5. From a managerial
perspective, software is an importantissue, as it directly
relates to the cost of procuring software packages or
services for training and runningthe models.

There are only three sources that have an element
for mapping the software. However, there is no clear
distinction between method and software selection nor
are libraries, as a fine-granular decision, addressed [27].

Model Quality (9): Once the model has been
developed, its quality must be assessed. Depending
on the chosen method, different indicators are used.
For classification problems, a confusion matrix is
often used, which compares actual with predicted
classification based on the existing classes [40]. In
the case of regression-based methods, criteria such as
the mean square error or the (adjusted) coefficient of
determinationare used [33].

The literature research showed that four canvas
models allow an evaluation of the model. One concept
event differentiates evaluations before and during the
use of the model. If the models are working in real-time,
such a distinction proves to be useful. However, there is
no further explanation or clarification of the indicators.

Costs and Revenues (10): In the business context,
costs and revenues are key variables, especially
for justifying (data analysis) projects to top-level
management. In analogy to the Business Model Canvas,
the costs and their structure on the one hand, and the
possible revenue streams of the project on the other
hand are listed here. Four of the sources have elements
that include costs and revenues. One analyses only the
costs with and without the model, while the other differs
concretely costs and incomes [29, 30].

Value Added (11): This element also originates
from the Business Model Canvas and is intended to
show how the model can be used to support the
internal and/or external customers [10]. Without a
prior specification of the added value, any project is

questionable. Seven sources have such an element.

Stakeholders (12): Finally, the results of the
analysis and the resulting added value mustbe presented
to the stakeholders involved in the project. If the model
is implemented in the company, it is also important
to support them in dealing with the model. For
target-oriented control, the ability of Data Storytelling
is also required here. Data Storytelling stands for the
preparation and presentation of data in the form of a
scenario within a story, tailored to the target group. This
makes it easier for the target group to understand the
meaning behind the data and motivates action [41, 42].

The analyzed canvas concepts underline the
relevance of the consideration of stakeholders in a
canvas model. Six concepts have such an element.
Often, however, the requirements of the respective
target group for the presentation and communication of
the results are not mapped. In analogy to the various
notation methods and their specific depth in process
modeling, it makes sense to wuse a different
representation, history, and complexity for the top-level
management than for the specialist departments and
their users [43].

2.1.3. Findings: Relation of Elements. To understand
the relation of our elements and add a procedural view,
we mapped them to a data science process (cf. Figure 1).
The relation is thereby very close to the iterative
processes as identified by Cielen et al.[44] but also
CRISP-DM [45].

collection

Aypenb ejep

costs, revenues

data

integration

Figure 1. Data Science Process.

As a starting point and core of a new product
or service, the business case represents a strategic
decision to focus data analysis on a specific business
objective. At the same time, this also implies an
orientation to the requirements and needs of the
customer (stakeholder) and commits to continuous
measurementand optimization [46].
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The data required to map the business case may not
yet be available or its quality (data quality) may not
be acceptable. Therefore, the data must (additionally)
be collected (data collection), possibly cleaned up, and
integrated into an existing system (data integration). To
ensure sustainable quality, the data source should also
be evaluated [34, 47].

If the required quality and quantity of the data are
given, a model is to be developed according to the
problem definition of the business case, which supplies
the demanded result through a method of data analysis.
Often a software is used, which can turn out differently
depending upon the question, availability, and existing
competencies. Furthermore, the analytical skills of
the analyst are required, which should be specified
beforehand. This can also be helpful for the exact
definition of a position [48].

Finally, the model quality measures the adaptability
to the respective data for the evaluation of the model and
describes its ability to apply these data to the business
case. Dependingon the method chosen, different quality
criteria have to be applied [33].

A cost-benefit-analysis and added values should be
highlighted for project prioritization, as they improve
the possibilities of management and controlling. Due
to result-oriented companies, many stakeholders are
particularly interested in the resulting added value. The
challenge is to present the right informationto the right
target group and thus avoid complexity. This is where
Data Storytelling plays a significant role [42].

2.2. Expert Workshop

2.2.1. Procedure. Based on the results of the
literature research, it becomes clear that most canvas
concepts are more technically oriented, neglecting the
cost and revenue structure or even the skills needed in
the organization. In many cases, the derivation of
the problem via a business case is missing. No single
canvas provides additional support for the choice of
methods and software, and even the completion of
supporting questions is notalways available.

Building on these results, we developed a model that
can be used for any data analysis problem. Our canvas
model should address non-data-affine managers and
executives to make data science projects more
plannable, controllable, and manageable. This allows
companies to gain an overview of their resources and
the utility of their data. The model should furtherhelp to
evaluate the use of such a canvas in practice.

For the development of the first version of our Data
Science Canvas, we used the design thinking process

by Brown and Katz [49]. In the beginning, the problem
space and the interest groups were defined. With the
help of a workshop on data analysis with eight
researchers and scientific experts from Germany from
the fields of informatics, statistics, mathematics,
economics, and business administration, it was
examined how they proceed with the analysis of data
and what problems they encounter. Researchers act at
the transition point between science and practice by
communicating research data and project results and,
thus, can argue from both perspectives.

The insights gained were processed and served to
define the viewpoints of the interest groups (managers,
specialists, users). Further they were used in the idea
generation phase to discuss the instantiationof a canvas
through group dynamics and with discussion-enhancing
"How can we..?” questions. The elements were
therefore placed on a whiteboard via sticky notes and
their meaning and arrangementwere critically discussed
by the group.

The interim result of the workshop was an artifact,
which was finally tested and evaluated by each
participantbased on a use case in the form of a project to
optimize a sustainable energy supply of a production
plant. One of the main findings was that selecting the
appropriate method still encounters problems. In
comparison to the identified results of the literature
review, explorative data analysis and model
requirements were here mentioned as additional
elements. The insights gained in this process were
incorporatedinto the actual version of our Data Science
Canvas (see Figure 2).2

2.2.2. The Data Science Canvas. Consisting of three
parts, our Data Science Canvas addresses the different
aspects of data analysis: The dark grey elements are
dedicated to the definition of the (business) problem
(Problem Statement). The light grey fields deal with
the collection and preparation of data for the model
(Data Collection and Preparation). Finally, the white
elements describe the implementationand evaluation of
the previously derived method (Execution and
Evaluation).

Users can access the Data Science Canvas basically
from two different directions: On the one hand, it allows
them to start by defining the business case via the data
collection and preparation to derive and evaluate a
model. On the other hand, it is possible to start from the
data collection and preparation perspective (e.g. in the
context of a research project) to derive an application
case which leads to a model.

2Printversion: https://github.com/tomalytics/datasciencecanvas
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Problem Statement

Execution & Evaluation

Data Collection & Preparation

Business Case & Model Model Skills Model Data Data Selection | Data Collection
Value Added Selection Requirements Evaluation Storytelling & Cleansing
Which business | Which analysis | Which model | What skills are | Which indicators What Which of the How and with
case should be | methods can be | requirements needed to are required for | requirements | available data is | which methods
analyzed and |considered on the must be provide the data | quality testing | does the target | relevant? Must should
what added value| basis of the | complied with in and model and validation | group have for the data be additionally
does it generate? | specific data | order to obtaina | development? and how are | the presentation cleaned up? required data be
landscape and the| valid model? these to be of the results and collected? Which
business case? interpreted? Is how do I properties must
real-time communicate this these data fulfill?
monitoring data optimally?
necessary?
Data Landscape Software and Data Explorative
Libraries Integration Data Analysis
Which data is Which software In which system |Are there outliers
required for this should be used? should the data | or structures to
and which is Is there already a from different | be considered?
already standard sources be Creation of
available? Which solution? Which migrated? descriptive key
additional data libraries are figures for the
has to be used? first assessment
collected? of the data.
Costs Revenues

What are the cost categories? How high will the costs be?

How can the model generate revenue? Does the project reduce costs (e.g.

through process automation)?

Figure 2. Data Science Canvas.

Problem statement: Based on the business case
and the expected added value, the already existing data
landscape of the company is to be analyzed. The
actual data situation shows whether additional (external)
data is required under certain circumstances. The
information about the existing data and the application
case is used to select the specific model. If an analysis
method was chosen, the requirements of the model (e.g.
regarding scaling) should be noted. The software used
is also influenced by the choice of model. Thus, several
software tools are usually suitable, depending on the
existing resources in the company as well as the skills to
be defined subsequently. These are equally determined
by the method used. For meaningful resource planning
and project prioritization, the costs and revenues are
also defined. In the case of values that are difficult to
estimate, an enumeration of possible cost and revenue
categories can also be helpful.

Data Collection and Preparation: If not all the
data required for the model are available, additional data
must be collected. This can be achieved using various
methodsand sources (e.g. surveys, open data, etc.). The
requirements of the model, e.g. for the scale level, must
be considered. Following their collection, the quality
of the data must be checked. Data inconsistencies
and outliers can be quickly identified using descriptive
statistics and visualizations. Furthermore, meaningful

aggregations of the data to key figures (e.g. mean
values, scatter, and correlations measures) help to gain a
deeper understanding of the circumstances to be
modelled. If it is necessary to clean up the data (e.g. due
to outliers or missing values), the required measures are
documented (e.g. interpolation of missing values) and
the data relevant to the model is selected. The split into
training and test data can also be carried out at this
point. If there are (no longer) any quality deficits, it
should be clarified into which system the data possibly
originating from different sources are to be integrated,
so that the model can access them flawlessly. In
principle, the tasks of data collection and preparation
should be performedby a data engineer.

Execution and Evaluation: Finally, during the
execution and evaluation phase, the model is evaluated
using specific quality indicators that depend on the
method. For some models it is also helpful if continuous
monitoringis carried out in real time (e.g. in the case of
predictive maintenance solutions). The remaining
element can be used to present the stakeholders
requirements for the presentation of the data, its further
communication, and the use of the model. The element
should support a target group oriented communication
through data storytelling to create understanding,
motivation, and change.
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Table 3. Overview of Participants.

ID | Age, Branch Job
Gender

FO1 | 38, f Media Business Development

FO2 | 42, m Engineering Consultant

F03 | 41, f Automotive Project Manager

F04 | 35, m Chemical Developer

FO5 | 37, m 1T Data Scientist

FO06 | 48, m Manufacturing | ProcurementManager

F07 | 40, m Trade CDO, Head of IT

FO8 | 43, m Project Head of Software
Sponsoring Development

F09 | 29, f University Researcher

F10 | 27, f University Researcher

3. Demonstration & Evaluation
3.1. Data Collection and Analysis

To conduct an ex-post naturalistic evaluation
[20], we introduced the canvas to 10 managers
and data science practitioners to test and evaluate
it in their organizations (cf. Table 3). We
then interviewed all of them along a semi-structured
interview guideline, to understand and evaluate the
canvas in terms of its suitability and usefulness
for empowering managerial-decisions on DDBMs and
effective stakeholder communications. In the case of
the canvas artifact, a numbering of the elements was
explicitly left out in the sense of a procedure to provide
scope for own layouts and processes.

We have analyzed the data based on the thematic
analysis approach, as described by Brown et al. [50].
We used MAXQDA to code the transcribed interviews
and in an open coding procedure, the codes were
developed and discussed in the team of researchers to
derive the relevant themes. We ended this process after
all researchers agreed on the low probability of finding
additional themes. The results of the practical evaluation
interviews can be divided into three categories: Use
cases, application problems, and design implications.
They are presented in the following chapter.

3.2. Findings

3.2.1. Use Cases of the Data Science Canvas. In
general, almost all participants accepted the canvas
positively and addressed various use cases. The canvas
was often perceived as a structuringelement, but also as
a checklist to describe progress or the current situation.
This is also discussed in the context of the respective
target group. For example, a manager can use it to
inform about a new project and as a checklist for
progress review. Within the project team, the canvas
can be used to structure the project during the planning

phase and to point out problems that need to be solved.

[ find many of the points in the canvas very useful,
and 1 will surely use them for my further work,
especially with regard to the evaluation of the data
situation and the data still needed, I find this extremely
helpful and would pass it on to colleagues [...] and tell
them, please: Work on these points.” —[F08]

"Well, I think that’s a good basis for argumentation
to structure one’s project. That you can think about how
to handle it. [...] Or I could think of it as a checklist to
check off during the project to see if it’s there.” —[F03]

It was also mentioned that the canvas can be used as
an instrument of trust to make it clear to the manager
that the previous preparation has been dealt with in a
structured way.

"Such a canvas can also create trust with a
supervisor by showing that you have dealt with it in a
structured way, with your project. With my colleagues [
would consider it more exploratory, for my boss it would
be more like a check-up.” —[F09]

”Another extreme value is that you can show a booth
by showing that you can see: "I’ve just got that far and
this and that needs to be done.” —-[F10]

There is also an application for cross-departmental
projects to solve silo thinking through the structured
and interdisciplinary communication of the topic or
to identify the resulting problems.

"It also allows you to discuss with different
actors across departments and to address overlapping
problems and recognize them in the run-up to a project.”
-[F08]

A participant from the area of research also notes
that she likes the fact thata problem can be approached
from different directions. So on the one hand, if the
data is available and something is to be investigated, and
on the other hand, from a research perspective: I still
want to collect the data and I can deal with the model
requirements beforehand.

[ think it’s good that it can also be filled out from a
research perspective, that the problem can also be
approached through data collection.” —-[F09)

Another use case is that the Canvas can help to
define a specific job description.

”You can use this to have a better understanding of
requirements for the definition of a position, what you
are lacking in skills.” —[F03]

Two participants also see data storytelling as an
importantfactor to communicate results and progression
to stakeholders.

”Data storytelling is then the customer’s viewpoint,
with which you can communicate the revenue again. It’s
important that it’s communicated correctly.” —[F05]
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”I also like data storytelling, how it is prepared for
the target group. It also helps to think in terms of goals,
that you don’t forget anything.” —-[F09]

3.2.2. Limitations of Applicability. During the
interviews, however, problems regarding the use of such
a canvas also became apparent. These mainly address
interface problems with other departments, the scope of
a canvas at the beginning of a project, and a general
understandingof the elements.

Some participants pointed out that such a canvas is
difficult to fill in at some points, especially at the
beginning of the planning phase. The majority,
however, emphasizes the added value addressed in the
use cases. The Data Science Canvas provides a good
overview of the implementation and weaknesses of a
project, as well as of the resources still lacking.

"Well, I think that especially in the planning phase,
where not much is known, that it was a bit difficult to fill
in completely there.” —[F06]

In this context, the problem of the
interdisciplinarity of some projects is addressed.
The canvas is also perceived positively here, to establish
structure and overview. Especially in non-data-driven
companies, there might be little understanding of
cooperation in this area.

”A project manager working in the problem-space
is not necessarily interested in data quality, at least not
yet. But maybe in the future and the canvas could serve
as an opener if everyone understands that data-driven
business is important. But unfortunately, there are still
too few of these people today. —[F08]

”Perhaps you should be able to specify which
department the data comes from. Especially if you don’t
have a common database or silo thinking it might be
important to have at least one contact person. I often
had problems with that in practice.” -[F05]

A further problem of use was seen in the choice of
methods. Many in the project may have no experience
with it and need supportin assessing the use of a specific
model.

"The choice of a method is difficult for me. I don’t
know anything about these things. I can deal with the
data, but I find it difficult to understand how I evaluate
it. Perhaps recommendations could be made.” —[F04]

It was generally suggested that there should be more
detailed guidance on such a canvas model in additionto
the supporting questions, also with a view to a common
understanding.

”I always think it makes sense for the canvas models
to come with a little manual or something, so that
everyone understands the same thing.” —[F01]

3.2.3. Further Improvements. The design of the
Data Science Canvas was widely regarded as very
extensive. On the one hand, this helped to ensure a
structured and comprehensive approach to the problem,
on the other hand, it required a more intensive study
of the instrument. This also reflected the demand for
guidance for a common understanding.

”[I think] the process is a bit difficult, it should at
least be numbered in terms of phases.” —[F06]

”So after 1 filled out the canvas, I noticed that I
would arrange it differently, I would sort of design the
structure from left to right, so first problem statement,
then data collection and then execution. so it would have
a clearer flow.” -[F05]

It was also noted that a differentiation into existing
and still needed skills would be useful. This could help
to fill in the costs to be able to plan more precisely and
also to create job profiles.

”One could perhaps still divide skills into skills that
we already have and skills that we still need. This is
certainly also relevant in practice. You can then apply
that directly to the cost of what you would have to buy.”
-[F10]

It was also mentionedthata time componentshould
be queried to better estimate the costs.

”You ask here already, must the data be cleaned up.
Maybe. If I were to ask, how much longer or is it too
much work?” -[F09]

4. Discussion & Implications
4.1. Practical Implications

The predominant contribution of this research for
practice is the provision of a holistic Data Science
Canvas that covers both technological and managerial
aspects. Regarding the use of a Data Science Canvas
model in practice, it becomes clear that it fits for
several functions. On the one hand, it can be used
as a structuring tool to discuss a project deeply by
analyzing the current organizational situation and, thus,
it is possible to identify problems that have to be
solved beforehand. If the elements were filled out,
the interviewees see also a use case regarding a
communicationinstrumentto provide trustin the project
team’s work as well as to granta commonunderstanding
of the goals and challenges of the project.

On the other hand, it can also be used as a
checklist for monitoringthe project’s progress by getting
visualized what is done and what is left, to be able
to intervene if it is necessary. Furthermore, there
is a possibility to start breaking up silo-mentality by
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addressing and discussing topics that are interesting for
both stakeholders Nevertheless, there are still problems
left that need to be considered in further developments
of the Data Science Canvas to make it more relevant to
practical applicability.

4.2. Theoretical Implications

From a theoretical perspective, our research
contributes to literature through the following insights:
First, in line with the practical contribution, our research
provides an overview of yet existing data science canvas
approaches and their respective elements. Furthermore,
we combine those elements into a holistic canvas and
discuss their relations.

An essential insight that contributes to design theory
of data science canvases, is that such an artifact can
be seen as both a structuring tool and as a checKklist,
depending on the phase of the project. This information
can serve regarding a necessary adaption of the canvas
structure by maybe offering different versions - one in
the mannerof a canvas and one as a checklist. If a canvas
model is provided as software, this could simplify the
filling out, because only the canvas needs to be prepared
and the checklist is generated automatically.

For a common understanding, guidance can be
helpful, which should be additionally available. To
make the selection of a method more comprehensible
for those who do not have an affinity for data,
supporting small cards with the essential requirements
and possibilities of the respective method could be
offered.  This could also improve interdisciplinary
cooperation by giving everyone an equal understanding
of the method. This also essentially supportsthe purpose
as a structuring element of a project and shows where a
participantstill has to work on.

To improve the design, the canvas should further
be numbered according to the elements or described
accordingly in a manual. In our case, the numbering
therefore should be presented differently depending
on the initial situation in a manual, so that several
applications are possible.

It is also an important finding that supporting
questions time requirements should be addressed and
queried to ensure a better presentation of the cost
and benefit view and to support the decision for or
against such a project. Furthermore, skills should be
differentiated into those that are already available and
those that are still needed in terms of personnel. This
will also allow better planning of personnel resources.
This can also help with job definitions, e.g. by making
it clear if a data scientist or data engineer is required.

5. Conclusion

According to the Data Literacy Project study,
data literacy is often poorly represented among
decision-makers [4]. Regarding the central research
question, a concept like the Data Science Canvas can
therefore contribute to the success of a data science
project through the clearly arranged presentation of
relevant influencing factors and help to democratize
Data Science and thus support digitization by making
it accessible for non-data-afine project managers.
According to the practical evaluation it serves as
a communication base between the different project
stakeholders and can be seen as a structuring element
or checklist before, during, and after a project.

But the evaluation interviews also showed that
there are some problems regarding the understanding,
scope, and problems resulting from interdisciplinarityin
projects. Therefore a Canvas concept should consider
this informationand solve the derived problems.
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