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Abstract:
The digitization of learning resources has led to an increase in specialized collaboration platforms across 
various fields, including the need for manufacturing companies to develop and maintain expertise in Industrial 
Data Science (IDS). This paper presents an approach to integrating collaborative and competency-based needs 
specific to industrial data analytics into a functional collaboration platform. We define the unique requirements 
of IDS projects and translate them into platform features. These features are then implemented and tested in 
an online platform within a research project, validating their effectiveness in a dynamic value network setting. 
The platform’s primary innovation lies in its tailored design for IDS project practitioners from diverse domains, 
ensuring sustainable integration of data analytics in industrial settings. The initial version of this collaborative 
platform is currently accessible online and undergoing validation.
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1. Introduction 
With the increasing digitization of industrial 
production, data science becomes the focus of 
companies that want to remain competitive in 
the age of globally competing value networks. In 
principle, every data science project in an industrial 
environment follows a similar process, with certain 
processes and workflows recurring throughout 
the projects (Schulz et al., 2020). This finding is 
well-known to practitioners of data analytics since 
the advent of Knowledge Discovery in Databases 
(KDD) at the latest (Fayyad et al., 1996). Nowadays, 
a broad range of process models aims at supporting 
the organization of KDD and data science projects 
through step-by-step instructions. As a data science 
process model, the so-called ‘Cross Industry 
Standard Process for Data Mining’ (CRISP-DM) is 

particularly widespread (Chapman et al., 2000). The 
CRISP-DM will be discussed in the further course 
of this work in Section 2. In addition to a process 
model, human competences are of the essence for the 
successful completion of any data analysis project. 
For this purpose, Mazarov et al. (2020) define four 
areas of competences and assigned roles for the 
different responsibilities in an IDS project:

1. Management

2. Data Scientist

3. Domain Expert

4. Information Technology (IT) Staff

In the same way that the areas of competence for 
different responsibilities can be divided into four 
groups. As such, Deuse et al. (2022) advocate to 
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differentiate the segmental objectives of an IDS 
project into four elements. The result is a process 
chain that sequences these tasks and defines 
interaction points. For reference, the proposed model 
referred to as the ‘Process Chain of Industrial Data 
Science’ is shown in Figure 1.

Figure 1. Process Chain of Industrial Data Science for 
structuring objectives during the analysis process.

The segmentation of IDS projects along the process 
chain allows collaborators of the aforementioned 
areas of competence to contribute their respective 
abilities in a well targeted manner. In addition, the 
process chain facilitates the development of analysis 
results in a reusable form by clearly separating 
individual deliverables. Albeit, to achieve a good 
reusability of solutions for data access, data analysis, 
data application and data administration, a suitable 
platform for collaboration with an appropriate IT 
infrastructure is required. We provide a tangible case 
for such a collaboration platform in Section 4.

Another worthwhile approach to fostering the impact 
of IDS projects is strengthening the ability to work 
closely together with colleagues of other departments 
or even other enterprises. Small and medium-sized 
enterprises (SME) in particular benefit from this 
approach, which we refer to in the rest of this article 
as collaboration. In contrast, the term cooperation 
describes a group of individuals working together in 
support of another’s goals. Instead, a collaboration 
follows a shared objective. As such, the result of 
many partners cannot be directly attributed to a single 
party, but is the collective result of their joint efforts 
(Briggs et al., 2003; Henke & Kuhn, 2017). In the 
same way, joint knowledge discovery is augmented 
through collaborative work. Collaboration also aids 
in overcoming the difficulties presented by varied 
system landscapes (Henke & Kuhn, 2017). It reduces 
the challenges and financial burdens of substantial 
investments for a small and medium-sized enterprise 
(SME) (Zahoor et al., 2020). The only way to 
achieve effective knowledge management and 
quick development cycles is through sufficient 
collaboration between the aforementioned roles and 
between industrial SMEs acting as both users and 

system providers. Effective collaboration at these 
tiers necessitates coordination, communication, and 
organization.

Collaboration is not the only important factor for 
SMEs when using IDS; competence development 
is also crucial. Collaboration fosters the growth of 
subject-matter knowledge. However, the process of 
developing competence must also be tailored to each 
individual (Bauer et al., 2017). Digitization not only 
necessitates the development of competencies but 
also serves as a facilitative tool in this developmental 
process. (Bauer et al., 2017). Due to substantial 
shifts brought about by digitization, it is essential 
to enhance employee competency profiles across 
multiple levels. In the realm of IDS, it becomes 
crucial to identify, foster, and secure competencies 
focused on technology and data, as well as those 
related to processes, customers, and organizational 
aspects. (acatech, 2016). If they adhere to the 
situated learning principles, the use of digital 
technologies is effective for promoting competences 
(Stegmann et al., 2016). User-activating elements are 
another essential component of success that furthers 
knowledge transfer by enhancing the effectiveness 
of educational activities, personal engagement, 
and overall drive. (Hamari & Koivisto, 2015). To 
make the areas of data analysis, collaboration and 
competence development accessible to many SMEs 
in a combination, the development via a digital 
approach is obvious. A platform-based approach 
allows an easy distribution of services to many users 
(Schuh et al., 2011). Collaboration platforms are used 
for different purposes. Lee et al. (2003) are early to 
describe a web-based platform for e.g. knowledge 
management, focusing on connecting different 
systems and simplifying availability to users. Schuh 
et al. (2011) describe the use of a collaboration 
platform in the tooling industry. Smith et al. (2017) 
even present an approach with the FeatureHub, 
in which a collaboration platform is used for joint 
work on feature engineering. A platform approach 
therefore seems to be the right way forward. 
However, the requirements that a platform must 
fulfil in order to serve SMEs as an enabler for the 
successful implementation of IDS projects have not 
yet been defined and represent a research gap.

2. Fundamentals

The following section presents the state of the 
literature in several areas in order to define the 
requirements that a platform must meet. First, 
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the fundamental approaches and requirements in 
IDS projects are described. This is followed by a 
description of how collaboration and competence 
building lead to success in IDS projects, as well 
as which aspects must be included in platform 
development.

2.1. Approaches and requirements of 
Industrial Data Science projects

As mentioned, projects in the field of IDS follow 
certain patterns. While data mining is a non-
transparent entity for many SMEs, the procedure 
is widely researched in science. While Fayyad 
et al. (1996) describe in the pioneer model KDD 
the technical process of knowledge discovery in 
databases in a linear way, the CRISP-DM, which 
is widely used today, transfers the process of a data 
analysis project into an iterative loop (Chapman 
et al., 2000; Fayyad et al., 1996). The main focus is 
on the recurring character of these projects.

Figure 2. Process Chain of IDS according to the CRISP-
DM (cf. Chapman et al., 2000; Deuse et al., 2022).

This results in always the same roles in these projects. 
Mazarov et al. (2020) have defined specific roles for 
various tasks within the AKKORD project, aligning 
them with the shared objectives in Industrial Data 
Science (IDS). A Data Scientist, an IT Employee, 
a Domain Expert and the Management share the 
different tasks. Both Kühn et al. (Kühn et al., 2018) 
and Deuse et al. (Deuse et al., 2021) emphasize the 
need of an additional, orchestrating role (Citizen 
Data Scientist) as necessary in IDS projects. As he 

is defined as a person using and understanding Data 
Science but primary working outside of the field 
he is able to understand and connect the other roles 
(Mullarkey et al., 2019). Other role concepts exist in 
the literature, but for SMEs the idea of a role concept 
as such is both a barrier and an opportunity. First of 
all, a company must fill these roles in order to be 
able to carry out projects successfully. In most cases, 
the necessary competences must first be built up 
with a certain effort. At the same time, the iterative 
nature of such projects offers the added value that 
these competences can be useful in the medium and 
long term by being used in many further projects. It 
must therefore be possible to divide the users own 
data analysis task into elements (modules), which in 
turn can be reused. These can be built up and divided 
using the Process chain of IDS also developed in the 
project (Figure 1) (Deuse et al., 2022).

The different analyses follow the steps of data access, 
data analysis and data application. Data access 
involves identifying pertinent data sources for an 
analytical task, acquiring any missing data through 
appropriate methods, and making it available for 
analysis. Data analysis includes data preprocessing 
and the analysis of given data itself. To achieve the 
companies goals, data analysis should be designed 
for scalability, versatility, simplicity, and timeliness 
(Ismail et al., 2019). For the data application, 
suitable visualizations and interfaces are provided in 
the last phase. There must be a certain technical basis 
for this. The requirements for a data backend system 
have already been published by Eiden et al. as part 
of the project (Eiden et al., 2020). At the same time, 
it needs to be a goal to ensure uploading and storing 
data while taking security criteria into account 
(Yang Liu et al., 2021). Users also need to be able 
to integrate results directly into their own systems or 
visualize them with dashboards (Chen et al., 2012; 
Moore, 2017). Assistance and administration must 
be included to overcome the existing barriers to enter 
the topic.

2.2. Collaboration in Industrial Data Science
A key strategy for improving the execution of IDS 
projects in SMEs is to engage in ‘collaboration’, 
which involves working closely with others. 
‘Collaboration’ is defined differently and 
inconsistently in the literature. Appley and Winder 
(1977) define collaboration as a relational system in 
which individuals work in a conceptual framework 
on equal terms towards a goal, taking into account 
each other’s motives (Appley & Winder, 1977). 
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This social-philosophical approach is similar to the 
definition of an acatech study on collaboration in 
industrial research, which defines collaboration as 
partners working together to achieve common goals 
more efficiently (acatech, 2016; Henke & Kuhn, 
2017). They especially achieve results that cannot 
be directly attributed to any partner. Tasks to be 
executed are then derived from these goals (Briggs 
et al., 2003).

This intensive form of working with others is 
recognized as a necessary prerequisite for the 
implementation of projects in the context of 
digitization, which brings with it a number of 
advantages. Primarily, collaborative work aids in 
the collective development of knowledge. In this 
context, collaboration is particularly beneficial in 
addressing the challenges posed by heterogeneous 
system landscapes, as it facilitates the joint effort 
in developing interfaces and standards, thereby 
making these advancements accessible to a wider 
user base (Aulkemeier et al., 2019). From this 
point of view, collaboration ensures the holistic 
nature of solutions for individual companies and 
value networks. Collaboration secondly shortens 
development and innovation cycles (Hipp, 2021; 
Pisano, 1990). Dynamic markets and inconsistent 
framework conditions require companies to react 
to changes in an agile and adaptable manner. 
Market orientation is the relevant factor (Henke & 
Kuhn, 2017). Improved knowledge management 
and the pooling of cognitive resources accelerate 
developments and ensure market proximity. Finally, 
collaboration equally reduces risks and the barrier of 
high investment for an SME. As long as companies 
see the danger of technical lock-in, they risk to 
become either dependent on suppliers or not to face 
problems individually enough by using suboptimal 
applications in the data science area (Zerdick et al., 
2001). The exchange with different providers and the 
cooperation with other providers in the context of a 
collaboration lowers this barrier.

In summary, the study suggests that dividing 
tasks among different roles within a company is 
essential for IDS projects. Simultaneously, effective 
collaboration between these roles and between small 
to medium-sized industrial firms as end-users and 
system providers is crucial. Successful collaboration 
at these levels hinges on key factors such as 
coordination, clear communication, and organized 
planning.

2.3. Competence Development in Industrial 
Data Science

Alongside collaboration, competency development 
plays a pivotal role for SMEs when dealing with IDS. 
Collaboration inherently contributes to knowledge 
enhancement within a specific domain. However, a 
personalized and focused approach to competency 
development is equally crucial (Bauer et al., 2017). 
Competence itself is defined as the ability to further 
develop knowledge and skills (Bergmann, 2000; 
Rauner, 2005). Digitization itself serves as both 
the catalyst for competency development and a 
valuable tool to facilitate this process (Bauer et al., 
2017). SMEs have a particularly high demand for 
data science. According to different studies, SMEs 
and experts are well aware of the great potential and 
future significance of data science in this field. A 
lack of knowledge and problems in the organization 
are cited ahead of costs or IT-related issues (Dobler 
et al., 2020; Moeuf et al., 2020). Today, many 
companies use computer-based technologies for 
educational purposes (Lalic et al., 2017). Accordingly, 
environments from the e-learning area are particularly 
suitable for data science applications (Gorecky et al., 
2017). In addition to the direct application of the 
learned content, interaction with other participants 
and the possibility to work on topics with his/
her own pace promotes learning success (Derouin 
et al., 2005; Kong, 2011; Lalic et al., 2017). With 
the profound changes in work processes brought 
by digitalization, it will be necessary to further 
develop the competence profiles of employees at 
various levels. The different roles in a Data Science 
project already mentioned fulfill different tasks, 
which in turn require different competences. In 
research, the division of the employees competences 
is discussed (Dietzen et al., 2016), a separation into 
person-related and technical competences dominates 
(Erpenbeck et al., 2021; Ștefӑnicӑ et al., 2017). The 
competences required by employees in the respective 
roles are closely linked to the activities they perform 
and the work processes in which they are involved 
(Becker, 2010; Fischer, 2000). Given the significant 
transformations brought about by digitization, it 
becomes imperative to enhance the competency 
profiles of employees across different levels (Arnold 
et al., 2016; Spöttl et al., 2016). In the context of 
IDS, it is essential to highlight the importance of 
recognizing, fostering, and securing competencies 
in technology, data, processes, customers, and 
organizational aspects (acatech, 2016). Depending 
on the role, technical competences for data analysis 
are just as relevant as personal competences for 
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coordinating, collaborating and informing all 
stakeholders. The efficient and effective use of 
data analysis technologies in particular places 
special demands on both personal and technical 
competences in those roles. Against this background, 
situated learning modules for application-related, 
individual competence development are necessary. 
On the other hand, structures and practice-oriented 
recommendations for action are to be developed, 
which make it possible to record competences and to 
network them across the users. For a target-oriented 
competence development, the detection of the actual 
state at the beginning and during the process is 
essential. In general, objective performance tests are 
preferable to self-assessments (Dietzen et al., 2016; 
Zinn et al., 2015). This is only possible to a limited 
extent for person-related competences (intelligence, 
interest...), so self-assessments must be used here. 
The use of digital technologies is particularly 
effective for promoting competences if they follow 
the principles of situated learning (Stegmann et al., 
2016). These principles are authenticity through the 
availability of real problems, multiple perspectives, 
social and collaborative learning, and guidance and 
support (Mandl & Kopp, 2006; Rosen & Salomon, 
2007). Gamification is a method that supports 
knowledge transfer by using playful elements 
(Deterding et al., 2011). Thus, the goal of gamified 
elements is no longer just personal entertainment, but 
focuses on increasing the effectiveness of learning 
activities, participation, motivation of the learners. 
(Hamari & Koivisto, 2015; Sailer & Homner, 2020; 
Wood & Reiners, 2015)

In summary, in the AKKORD research project, a 
digital knowledge service with individual learning 
paths and data science related content regarding 
technical and personal competences is to be 
developed. This should follow the principles of 
blended learning.

Like collaboration, this not only shortens innovation 
cycles, but also anchors knowledge in the long term.

3. Requirements for an IDS 
Collaboration Platform

In the triad of people, technology and organization, 
the AKKORD project addresses the sub-goals 
of value-creating collaborations, integrated and 
networked analysis and development of action 
competences and recommendations. The basis is the 
creation of a complete, networked and integrated 

database to implement all in a modular, data-driven 
reference kit in the form of a collaborative service 
platform. In the previous section, three sub-areas 
were described. The general approach in IDS as 
well as the collaboration in these projects and the 
competence development for these projects were 
examined in more detail to define requirements for 
the platform solution.

Meeting these requirements transforms a platform 
into a facilitator for prosperous data science projects 
within SMEs. Nevertheless, the literature lacks 
requirements models tailored to collaboration 
platforms in the IDS domain. Hence, we have drawn 
upon models from other domains or with distinct 
focuses, such as learning or collaboration platforms, 
and amalgamated the requirements outlined in the 
following section. We use requirements from the 
procedure in IDS projects as well as collaboration 
and competence development with regard to these 
projects developed from the fundamentals in 
Section 2.

Additionally several models from distantly related 
approaches were taken into account. Spath et al. 
(2007) present a web-based open source software 
for enterprise collaboration. For this, necessary 
functionalities are defined, which in turn are to be 
understood as requirements for a solution. These 
are divided into four areas. In the ‘communication 
support’ section, functionalities such as e-mail, 
contact management and forum options are presented. 
‘Project management’ covers the management of 
resources, project progress and tasks. ‘Information 
and data management’ describes a wiki and 
suitable documentation. Finally, the ‘administrative 
functions’ section includes the management of the 
platform itself and a troubleshooting system. (Spath, 
2007)

Ismail et al. (2019) characterize process data analysis 
pipelines to assist data engineers in their design. For 
this purpose, they build on literature and existing 
platform requirements for such a pipeline. These are 
also related to the approach taken in the AKKORD 
project. The authors build their requirements on 
the FURPS model, which has been merged into 
ISO/IEC 25000 today (Grady & Caswell, 1987). 
A data analysis support platform must be designed 
with a focus on functionality, user-friendliness, 
dependability, performance, and maintainability 
(Ismail et al., 2019).
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Süptitz et al. (2013) define requirements for 
‘Virtual Research Environments’. Although this is 
thematically far from IDS in SMEs, a consideration 
of the ideas is obvious. Interdisciplinary collaboration 
and targeted competence development as enablers 
for the success of these environments are similar. 
In addition to the models of Spath et al. and Ismail 
et al., a focus is placed here on data management, 
communication and collaboration as well as an 
interdisciplinary and modular orientation (Süptitz 
et al., 2013). This is aligned with the conclusions from 
the general fundamentals mentioned in Section 2.

3.1. General requirements
Broken down, it must be possible to perform data 
analytics, develop competences in a targeted manner, 
and interact with one another on the related platform 
solution. To achieve this, it is imperative to establish 
the technical infrastructure for data analysis, as well 
as for learning and collaboration on the platform. This 
also aligns with the necessity for individualization. 
Although the process of data analysis projects may 
follow a recurring pattern, it is vital for the success 
of SME projects that individual issues are effectively 
resolved. Moreover, ensuring accessibility and 
security serves as a foundational requirement. 
Accessibility entails that the platform should be user-
friendly for a wide range of SMEs, allowing for easy 
integration, utilization of analytical results in other 
software, and data storage capabilities. Security 
encompasses safeguarding personal and company-
specific data throughout all stages of analysis and 
learning processes, including up-/downloads and 
storage. (see Table 1). The general requirements 
have an effect and also apply to the three areas. The 
extent to which they are prerequisites is explained in 
the respective section.

Table 1. General requirements for a competency-based 
collaboration plattform.

General requirements:
Individualization: User individual choice of contents; 
Company individual choice of contents; Individual 
assistance systems
Technical Infrastructure: Powerful backend; Intuitive 
user interface; Execution of analysis directly in the 
system
Accessability: Access for many users with different 
technical prerequisites; general possibility to integrate in 
IT infrastructure or use as open cloud service, Upload, 
download and store data
Security: Safety of personal and company specific data; 
Following international legal requirements

3.2. Industrial Data Science specific 
requirements

The requirements for a collaboration platform for 
IDS are based on the FURPS Model and extended 
in several details (Grady & Caswell, 1987). 
This secures a stable data analytics pipeline. We 
interpret the functionality requirement of FURPS as 
encompassing the initial breakdown of the analysis 
process into reusable modules that can be configured 
in various ways. Additionally, it should be feasible 
to utilize analysis results through interfaces or 
visualization options. For usability, modules need 
to be developed for all phases of an IDS project, 
with a focus on industrial production, aligned with 
one of the process models mentioned in Section 2 
to ensure project success. Users should have the 
ability to select or create modules as needed, with 
proper documentation to facilitate accessibility for 
new users. In this context, reliability entails handling 
a certain level of data pre-processing and analysis 
process preparation to achieve the necessary data 
quality. Performance relies on a high-capacity 
server environment within a cloud-based solution, 
closely tied to the technical infrastructure. Regarding 
content, the platform’s performance potential is 
fully realized by effectively integrating practical 
data analytics with competency development and 
learning. Supportability is upheld through the 
collaborative nature of the platform.

Table 2. IDS specific requirements, based on the FURPS 
Model (Grady & Caswell, 1987).

IDS specific requirements

Functionality: Fragmentation of analysis process; 
Configurability; Use of results in other environments

Usability: Creating modules for all phases of an IDS 
Project; Selection and creation of modules by users; 
Documentation

Reliability: Preprocessing data and Preparation of 
analysis to ensure Data Quality (West et al., 2021)

Performance: High performance analytic environment 
(cloud-based); Linkage to competence development

Supportability: Secured by platform approach itself; 
Structured database, up- and download of data and 
results; technical problem support

Technically, support is guaranteed appropriate 
administration and technical infrastructure need to 
be guaranteed. Structured databases, the functions 
for uploading and downloading, and technical 
maintenance must be ensured, as well as the 
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organization and support within the processes. The 
requirement of individualization in this area means 
above all individual adaptation possibilities of the 
modules. For example, a time series analysis may 
make sense for one company in the area of sales, 
but for another user in the area of maintenance. 
Accordingly, the module can be reused if it is 
configurable. At the same time, assistance systems 
must be implemented that suggest useful modules 
to users according to their company and individual 
profile.

3.3. Collaboration specific requirements

The collaboration-specific requirements are a 
direct outcome of the literature review presented in 
Section 2.2. Consequently, the primary emphasis 
lies on leveraging the network effect. A crucial 
requirement is the development of modules 
with universal applicability. Simultaneously, the 
platform’s value is enhanced when users share 
their individually created and customized modules 
with others. Another essential requirement 
is to facilitate intuitive communication. The 
platform should include features such as forums, 
comment options, and chat functions to promote 
interaction among users. Furthermore, information 
accessibility is of paramount importance. To keep 
users informed about the constantly evolving field 
of data science, incorporating features like news 
feeds or implementing a Wiki can be beneficial. 
These features would provide users with timely 
and transparent updates on general news and 
modifications to modules or learning content that are 
relevant to their interests.

Table 3. Collaboration specific requirements.

Collaboration specific requirements
Communication: Features to encourage an exchange 
between users (Forum, comment options, chat)
Information: Keep users on current state of Data Science 
and their projects/learning (e.g. information feed, Wiki)

Individualization with regard to collaboration can 
be achieved in particular through suitable account 
and profile design, which should be coupled with 
contact management. This enables contact to be 
made between different users. Additionally, this is 
important company-internal if several users work on 
the platform. With regard to role concepts, this makes 
it possible to identify missing roles or to expand 
teams. With regard to administration, according 
to Spath et al. (2006), project, resource and task 

management is an important function here in order 
to work collaboratively. The technical infrastructure 
meets the requirements already mentioned.

3.4. Competence development specific 
requirements

Furthermore, in the realm of multidisciplinary 
competence development for IDS, there are 
corresponding requirements in addition to the 
establishment of a knowledge service, such as a 
Wiki. The first requirement pertains to content 
efficiency, which is ensured by closely aligning 
it with the developed role concept (refer to 
Section 2). Learning modules related to content 
must be created or externally integrated to 
impart data science knowledge in an industry-
oriented manner. This entails teaching not only 
the methods themselves but also the procedures 
based on procedural models (e.g., CRISP-DM, 
Process Chain of IDS). Moreover, instruction on 
utilizing the platform and its modules efficiently 
is essential. The second requirement concerns 
learning support. According to literature, various 
concepts can enhance learning outcomes. Diverse 
approaches, including gamification, the utilization 
of various media (text, video), as well as progress 
tracking, tests, and certificates, should be 
implemented to ensure successful learning results.

Table 4. Requirements for competence development of 
IDS projects [1, 4, 10].

Competence Development specific requirements

Content Efficiency: Develop knowledge in Data Science 
Methods and Algorithms, Data Science Procedure 
Models and Using the Platform properly

Learning Support: Ensure targeted learning by 
determining users initial level, using Gamification, 
different media, awarding and certification

Individualization is also required in Competence 
Developement. First of all, a functionality has to 
be implemented that determines the user’s initial 
level. Based on the user’s intended role and their 
initial skill level, a personalized learning path 
comprising specific learning modules should 
be recommended. With regard to the technical 
infrastructure, it must be possible to include 
further learning content in line with the constant 
new developments. The administration refers in 
particular to the learning progress and eventual 
bug fixes.
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4. Development of a Platform 
concept for Collaborative 
Industrial Data Science

In the research project AKKORD we transferred the 
requirements into a platform solution as a part of 
the AKKORD reference toolkit. The following part 
describes the solution in detail.

4.1. Adaption of requirements into findings
In response to the specific needs outlined in four 
distinct categories, the AKKORD research project 
has formulated a concept that equips users with the 
necessary skills in Industrial Data Science (IDS). 
This is achieved through collaborative, modular 
data analysis techniques. A key component of this 
initiative, showcased in Figure 2, is the ‘Learning and 
Collaboration Platform,’ integral to the AKKORD 
reference toolkit.

The ‘AI Toolbox’ facilitates active engagement 
in modular data analysis, whereas the ‘Work & 
Learn Platform’ focuses on collaboration and 
the development of competencies. A strategic 
linkage exists between these two segments, 
with their separation aimed at maximizing the 
practical application and dissemination of research 
findings, particularly for SMEs and the industrial 
manufacturing sector. Both segments, while 
connected, also function as standalone outcomes 
of the project and can be utilized independently.
The platform’s innovation is primarily reflected in 
its design, which is meticulously tailored to meet 
the needs of industrial users. The ‘Work & Learn 
Platform’ is adept at imparting a broad spectrum of 
IDS skills, ranging from Database Technology to 
Python Programming,  even within the dynamic and 
demanding context of a corporate setting. It enables 
seamless collaboration on data science topics, 
both within an organization and across different 
companies.The ‘AI Toolbox’ stands out for its ability 
to facilitate modular data analyses with minimal 
programming knowledge, offering an accessible, 
browser-based interface. Additionally, it supports 
custom implementations to cater to unique business 
use cases. This approach not only makes data 
analysis more approachable for a wider audience 
but also provides flexibility for tailored business 
applications. Within the scope of the AKKORD 
project, the ‘Work & Learn Platform’ is being 
constructed as a digital workplace, utilizing the 
NEOCOSMO platform PIIPE to meet these specific 

requirements. Its homepage features a variety of 
topic channels and magazine articles, customizable 
through user subscriptions to ensure relevance. The 
course section lists both internal and external courses 
and includes an interface for monitoring progress and 
selecting suitable learning materials. These courses, 
developed in collaboration with consortium partners 
and other platforms, cover specialized Data Science 
subjects and practical project management. Adapted 
from university curricula and modified for real-
world application with industry partners, the courses 
are enriched with diverse learning aids like images, 
YouTube videos, slideshows, and quizzes. These 
elements are designed to make the learning journey 
more engaging and diverse for the user. A progress 
bar is visible for courses already underway. Beyond 
courses, the platform offers a collaborative wiki, a 
magazine section, and forum-like features to facilitate 
knowledge sharing and direct discussion. Upon 
registration, users undergo a self-evaluation to create 
a tailored profile, which then guides the suggestion 
of learning paths and courses. As an example, an 
experienced project manager with no prior experience 
in Data Science would follow a different learning 
path compared to a Quality Management expert 
who has been working with data throughout their 
career. We ensure that, based on the initial survey 
responses, both individuals receive the courses 
that cater to their specific needs and backgrounds. 
We Service providers also have a dedicated space 
to offer their services, linking them with other 
platform content. The ‘AI-Toolbox,’ implemented 
using RapidMiner software, is a visually-oriented 
data science workflow tool that simplifies analysis 
process construction. Managed by project partners 
VPE, PDtec, CONTACT, and ARENDAR, this 
backend is modular in design. Within AKKORD, 
RapidMiner is employed to develop various modules 
aligned with IDS process chain phases, customizable 
as per user needs. Each module is equipped with a 
data schema, clarifying the data format and attributes 
required for effective utilization. The ongoing 
implementation of collaborative analysis within the 
platform exemplifies this innovative approach.

5. Validation of the AKKORD 
platform

The description of the platform solution developed 
in AKKORD demonstrates that the requirements 
have been largely met. The fundamental criteria 
for ensuring platform accessibility and security 
have been addressed. Ongoing validation will 
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determine the extent of required adaptations and 
interface extensions. Notably, security concerns 
have emerged in German companies, particularly 
regarding the transmission of sensitive data to the 
cloud. Nevertheless, the browser-based approach 
holds promise for accessibility. The technical 
infrastructure is built upon the successful existing 
system (PIIPE), offering versatile administration 
functions and supporting competence development. 
This encompasses user profile management, course 
management, and the wiki. The open approach 
fosters user-driven growth. While the ability of 
the administration and infrastructure to effectively 
support the use of analysis modules cannot be 
definitively assessed at present, the structural 
requirements have been met.

The platform guarantees accessibility through its 
browser-based design, ensuring usability for all users. 
Simultaneously, security is upheld through robust 
access management. Additionally, the possibility of 
implementing the platform within an organization’s 
own intranet offers an alternative security measure.

6. Conclusion

In conclusion, this paper highlights the pivotal role 
of competence development and collaboration in 
addressing IDS challenges for SMEs. The ongoing 
digitization necessitates these efforts while also 
providing the means to implement digital solutions. 
Managing IDS projects requires a platform that meets 
specific requirements, particularly in facilitating 
modular data analysis, competence development, 

and collaboration both internally and externally. 
The AKKORD research project has successfully 
met these requirements through the development of 
an online platform featuring two key elements: the 
‘AI Toolbox’ for modular data analysis, designed as 
a user-friendly, no-code solution, and the ‘Work & 
Learn Platform’ tailored to fostering collaboration 
and competence development in an industrial context. 
The project’s final phase will involve integration 
and validation with additional users, ensuring any 
necessary adjustments are made. Promisingly, this 
platform has the potential to offer comprehensive 
support to all companies, particularly SMEs, engaged 
in IDS projects. It enables companies to establish 
networks, build competences, and conduct targeted 
data analyses with ease, empowering SMEs to 
nurture their employees into Citizen Data Scientists. 
Furthermore, there is potential for innovative 
business models to emerge, leveraging the principles 
of the platform economy, provided network effects 
are effectively harnessed.
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