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ABSTRACT

In recent years, it has become increasingly apparent that data is playing an ever more
important role in companies and the need for IT (Information Technology) applicati-
ons to support people in their activities is growing. The requirements for data-driven
projects for the automation and augmentation of processes and tasks are significantly
higher than for standard IT projects. An essential requirement is to learn from company
data and to use it for new applications. The composition of the project team plays an
essential role. It is necessary to recognize which roles and competences are required
for the implementation of the project and to recognize how these may change during
the project. In the following, due to the interdisciplinary nature of data science proje-
cts, new competences and roles for project execution will be identified and discussed.
Possible risks that can arise from unstructured project planning and from role and
competence planning will be identified. The differences compared to standard proje-
cts are highlighted and the challenges compared to them are examined. To support
project planning, the use of tools can be helpful. The requirements a tool or method
should fulfil in order to add value for a broad spectrum of enterprises are addressed.
Exemplary criteria in this context are neutrality, branch independence and free avai-
lability of the method. In addition, the usability and areas of application of such tools
are discussed.
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INTRODUCTION

Data science along with its sub-disciplines was often presented as an interdi-
sciplinary field both for practitioners and researchers alike (Asamoah et al.,
2020; Saltz & Shamshurin, 2019; Schulz et al., 2020; Zhang & Hu, 2017).
Whereas classical projects may have a high predictability for resource requi-
rements and reachability of the defined goals, data-based projects often lack
such certainty. The interdisciplinarity and the accompanying complexity of
data science projects results in the same for the competence structure: inter-
disciplinary teams are often required for successful project implementation
(Egger & Yu, 2022). The skills that are important and necessary to be able to
realise data projects effectively, were examined by Hattingh et al. The auth-
ors identify organizational, social, analytical, technical, ethical, regulatory
and cognitive capabilities (Hattingh et al., 2019). In data science projects,

© 2022. Published by AHFE Open Access. All rights reserved. 250

https://doi.org/10.54941/ahfe1002564


Roles and Competences of Data Science Projects 251

different project team members fulfil various project- and competence-
specific roles which are not easily replaceable. The difficulty here is to identify
the necessary roles before and during the project to have them available in the
company and to include them in the project process at the right time. In the
following, relevant roles of data science projects will be explained alongside
methods and tools which are available to identify them at an early stage and
to involve them accordingly during the course of the project.

ROLES & COMPETENCES IN DATA SCIENCE PROJECTS

In a previous paper, seven data science process models were presented and
examined for their approach (Kutzias et al., 2021). The point “Project team
and Competences” was identified as an important component in four of
the seven procedure models. While the CRISP-DM (Cross-Industry Standard
Process for DataMining) only states that personnel sources are to be conside-
red (Chapman et al., 2000), some newer models provide detailed descriptions
of roles and the assigned competences. For example, the EDDA process
model (Engineering Data-Driven Applications) describes the roles of subject-
matter expert, software developer, data domain expert, and data scientist
(Hesenius et al., 2019) separately from the process. The TDSP model (Team
Data Science Process) describes six project roles and assigns them tasks and
artifacts: Solution Architect, Project Manager, Data Engineer, Data Scientist,
Application Developer, and Project Manager (Microsoft, 2020). The topic is
considered most extensively in the DASC-PM (Data Science Process Model).
In this process model, detailed descriptions of competence profiles as well as
roles and their requirements for the project are specified and a competence
and role diagram is provided for each project phase (Schulz et al., 2020).

The need for interdisciplinarity and the creation of new roles and com-
petences described in the models was also perceived in the work of the
“SmartAIwork” project (funded by the German Federal Ministry of Edu-
cation and Research) as an important and changing component in the
introduction of artificial intelligence, especially in the field of data science
(Tombeil et al., 2021).

The challenges of data-driven projects for employees and companies are
not only based on the technological requirements. New competences are
necessary for successful project realisation requiring a variety of different
roles to work in interdisciplinary teams. Employees have to adapt to such
team structures. The major differences regard to the communication and
workflow: For example, engineers have to dive into the application domain
and also think about operational processes. Furthermore cross-cutting com-
petences such as classifying personal performance in the overall system,
understanding adjacent disciplines and being able to explain oneself and
continuous learning, are required (Ganz et al., 2021). This means that it
is precisely the combination of action-, communication- and knowledge-
oriented roles and competences that makes a significant contribution to the
success of projects (Belbin, 2010). Depending on the relevance of data-based
solutions as well as the size and strategy of the company, a change in the
competence profiles and their qualification may become necessary, and with
it a further development of the corporate strategy.
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In addition to the new or expanded competences for working in interdisci-
plinary teams and for a changed communication and way of working, new
roles and expertise are needed for the implementation of a data project.

But which roles in particular make data projects successful? In recent years,
various researchers have been discussing the relevant rules required to be
able to successfully carry out data projects. To this end, a large-scale study
was conducted by Accenture in 2017 with more than 1,000 large companies,
which identified three new essential role categories in data science projects.
These are trainers - who teach the systems how to work, explainers - who are
tasked with bridging the gap between technologists and senior management,
and sustainability experts - who are tasked with ensuring that the systems
work over the long term and that unintended changes are fixed as quickly
as possible. For each of these three categories, three roles were considered in
more depth, which can be found in the study (Wilson et al., 2017). Several
other researchers addressed the roles and competence profiles of data science
projects: (Crisan et al., 2021) provide an extensive overview of different roles
mapped to skill requirements by examining 12 studies on data scientists for
commonality in role definitions. They were able to identify nine data science
roles and assign them to processes (preparation, development & engineering,
analysis, communication). In addition, their expertise in the areas of stati-
stics, computer science, domain knowledge, and human-centered design was
assessed.

The roles defined in the studies can help to find the roles for own projects
and to evaluate them using the methods and tools in the next section and to
assign them with tasks and responsibilities.

TOOLS AND METHODS

Depending on the size of the company, it can bemeaningful to address compe-
tence management across the company instead of locally for a project. Since
the nature of project and enterprise management differs, also the tools to
address corresponding challenges are different. In this section, three methods
and tools are presented as examples that can support competence manage-
ment and the compilation of necessary roles and tasks for upcoming data
science projects both strategically and operationally in the company. The
aim is to enable the organization as well as the employees to cope with the
upcoming project and work tasks in the best possible way (Dworschak et al.,
2020). The following list gives an overview of the discussed tools and bri-
efly presents their application level before diving into more details in the
subsections afterwards.

• The “Fraunhofer Competence Compass” deals with the meta-level and
thus addresses a rather high strategic altitude to show how the company
can be set up to support innovative projects as data science projects.

• The “role and stakeholder analysis” on the operational level examines
which actors are required in the project and which tasks they have to fulfil.

• The “RACI matrix” helps to define the responsibilities in the project.
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Fraunhofer Competence Compass

(Dworschak et al., 2020) argue that competence management 4.0 is
understood to mean competence management that takes account of the
requirements of digitization and developments toward Industry 4.0. An
appropriately aligned concept enables digitization activities and innovation
projects to be supported in this context. The main focus of this is coping with
the changes in work tasks, activities and processes brought about by new,
previously unknown requirements. One instrument for the adequate imple-
mentation of holistic competence management 4.0 is the Fraunhofer Com-
petence Compass (based on DIN PAS 1093 (Stracke, 2009)). This approach
comprises six steps of competence management: strategy connection, com-
petence strategy, competence model, competence measurement, competence
development and competence evaluation (Dworschak et al., 2020).

In order to effectively and actively support change processes and digitiza-
tion activities, the distinction between strategic and operational competence
management must be overcome. Within the framework of the Competence
Compass, this is achieved by deriving strategies at the team, process, and task
levels. By identifying existing and required task-related competences, require-
ments and the resulting necessary role- and competence-related adjustments
become visible (Dworschak et al., 2020).

Role and Stakeholder Analysis

There are various overviews of roles and stakeholders in the literature and
on the Internet. With new competences and roles for data science projects,
it is important to know which roles to consider for the upcoming project.
The overviews of roles and competencies by Wilson (Wilson et al., 2017) and
Crisan (Crisan et al., 2021) can be helpful here. In order to visualize these, the
following method has proven to be practicable for us in business workshops:
metaplan with cards. In our view, the following aspects should be elaborated
for each role/stakeholder when creating the overview:

• Designation of the role/stakeholder; e.g. business data expert.
• Definition of the role/stakeholder; e.g. business expert from the applica-

tion domain with a focus on data
• Tasks of the role/stakeholder; e.g., generation and interpretation of data
• Responsibility of the role/stakeholder: internal/external

After placement, it becomes apparent which roles can be filled or not
yet filled. Accordingly, missing roles and stakeholders may still have to be
qualified, hired or assigned externally.

Responsibility Assignment Matrix (RACI)

The RACI matrix is a widely used method in project management (How-
ard, 2012; O’Neill, 2010) for the distribution of responsibilities and their
overview in the project. RACI stands as an acronym and is defined as follows:

R - Responsible - Actors who are responsible for the execution of the
project, e.g., data scientist, business unit employee, IT architect, etc.
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A - Accountable - Persons who are responsible for the project and its sub-
steps and make decisions regarding them, e.g., project manager, IT manager,
etc.

C - Consultant - Can be internal and external experts who contribute
information to the decision within the project.

I - Informed - Form the group of people who are informed about the results
but cannot influence the decision, e.g., IT users.

Usually, the tasks or activities are plotted on the Y-axis and the involved
actors on the X-axis. In the connection of the two axes a letter assignment
or a color coding corresponding to the letters takes place. The advantages of
this matrix are that it strengthens the understanding among each other as to
who bears what responsibility, thus also simplifying communication. It can
help to define interfaces in the area of business process modeling. And it is
very easy to apply, since paper and pencil can be sufficient and numerous free
templates are available on the Internet.

CONCLUSION

This paper is focussed on roles and competences in and around data science
projects. At first, different levels at which such roles and competences are
relevant and have differences to other types of projects are discussed along-
side with corresponding challenges and tasks. Two different overviews from
existing research are presented, one focussed on new tasks coming with a
categorisation of those new roles and one with a focus on competence requi-
rements for presented roles coming with a mapping of relevant processes
for the presented roles. In order to be able to utilise the known new role
and competence requirements for data science projects, methods are presen-
ted which can provide a structured approach for planning. These tools deal
with different levels ranging from project planning to strategic competence
management on enterprise level.
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