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Abstract

Data science provides organizations with the capability to draw insights from large amounts of data. Numerous sectors such as banking and
marketing leverage this potential already. In comparison, industrial enterprises are slow in creating profit from their data. This originates from
various factors, such as availability and quality of data, reliability of solutions, or a lack of organizational embedding. Traditionally, Industrial
Data Science (IDS) is referred to as the application of data analytics within industrial settings. In this paper, we expand this definition, positioning
IDS as an interdisciplinary field to encompass the holistic integration and organization of data science efforts into industrial enterprises. We
provide three contributions. First, we conduct a thorough literature review on current issues and the state of the art of implementing IDS. Second,
we conduct eight interviews with practitioners from different industrial enterprises to identify best practices and research gaps. Third, we condense
our findings into a single framework which structures multiple layers of IDS in real-world organizations, such as projects, organizational
embedding, and roles. Our findings can lead practitioners and academics in their quest to streamline their IDS efforts, guiding them into structured
application and further research directions.
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1. Introduction and data governance, over insufficient skills and acceptance, to

lack of support in management and organization [3].

In recent years, data science has been proven as a powerful
tool across various sectors, with applications like data-driven
decision making or process optimization and automation. In
context of the digital transformation, data science allows
enterprises to create value with the help of data [1]. While
sectors, such as finance or marketing, have rapidly embraced
data-driven strategies, industrial enterprises have been
comparatively slow in leveraging this potential [2]. Reasons for
this are manifold and range from issues in data infrastructure

2212-8271 © 2024 The Authors. Published by Elsevier B.V.

Industrial Data Science (IDS) has been defined as the use of
Data Analytics, Machine Learning and similar analytical tools
in industrial settings [4—7]. IDS is also seen as a intersectional
discipline between computer science, statistics and engineering
[8-11,1]. While the latter point of view acknowledges the
scope of IDS as a field on its own, it is still limited to the mere
application of data analytics in industrial settings, not fully
addressing the aforementioned challenges that stem from the
implementation of IDS applications. This underscores the need
for a more comprehensive, holistic approach to IDS.
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We define IDS as an interdisciplinary field that
encompasses the study, design and implementation of data
science methodologies across the facets of industrial
operations. Its application context are industrial enterprises, as
which we consider organizations that mostly rely on
manufacturing and product generation processes for value
creation. The result of the implementation process of an IDS
use case is a working IDS application, that is successfully
embedded into a real-world organization by using tools and
methodologies (IDS solutions).

Our definition includes the technological understanding
(view on the technical implementation of industrial data
science) of the previously cited definitions and also considers
broader aspects as people, processes, infrastructure, and
culture, as proposed e.g. by socio-technical systems theory
[12,13].

Given this definition, this paper aims at reviewing the
current state of IDS. Our main contributions are:

1) a structured review on current issues and state of the art of
IDS solutions from a literature review,

2) the deduction of best practices and research gaps from an
interview series with practitioners from industrial
enterprises, and

3) aholistic framework that structures implementation aspects
of IDS in organizations
The remainder of the paper is organized as follows: In

section 2 we conduct a literature review resulting in a review

of current challenges as well as practical tools and
methodologies which are comprised in the state of the art. In
section 3 we describe the research design for this paper. In
section 4, we present the combined results of the conducted
literature review and interviews, giving a structured summary
of challenges, best practices, and future research directions for
IDS. Section 5 presents a framework for the management of
IDS and section 6 concludes our paper.

2. Industrial Data Science in the literature
In the following, current challenges (see section 2.1) and

methodological and artifact-based approaches (see section 2.2)
regarding industrial data science in practice are presented. The

Table 1 Overview of different IDS challenges according to the layers of the EALM.

provided overview is grounded in an extensive literature search
and our years of experience in the field. We primarily show
applicable, validated knowledge from the IDS research area.
We researched on existing literature focusing on industrial data
science use cases, overarching concepts, frameworks, and other
literature studies.

2.1. Current challenges

As shown, a plethora of authors use the term industrial data
science and its synonyms. Even though there is not a clear
definition of what IDS includes, most authors gather best
practices, research questions and foremost challenges in the
ever-emerging field of IDS. In the following, we propose a
structuring approach for these challenges based on the data
analytics canvas [9,11] and the commonly known structure of
human, technology and organizational aspects [13]. We use the
analytics canvas layers (use case, analytics, data pools, data
sources) to detail the dimension technology and further enrich
it by also analyzing human and organizational driven aspects to
emphasize a holistic view on industrial data science (see Table.
1). The layers serve as a horizontal view on interdisciplinary
competencies needed to practice efficient industrial data
science. The vertical layer of human and organization serve as
a setup and foundation for success [4]. In the following, we
refer to this approach as the extended analytics layer model
(EALM). The dimension of analytics and data science is
usually structured by the 4 levels introduced by Gartner as a de
facto standard (descriptive, diagnostic, predictive, prescriptive)
[14].

Based on this overview, the results from the literature
analysis where structured into challenges; a brief explanation
of the challenges is gathered in Table 1. In the dimension of use
cases, most authors refer to a lack of a holistic view on
implementing analytics as well as problems in transferability
and scalability of once implemented use cases. Analytics
implementation approaches usually lack a focus on prescribing
actions [15]. Implementation techniques are still under constant
development and are challenged by industrial data [16]. The
availability of data from an industrial setting suffers from them
being scattered across the companies’ data infrastructure [16].

Challenge Explanation

operating conditions and machines decrease
model performance and transferability. [17]

Different data distributions for different e Depending on the analyzed machine, different operating conditions can cause different
distributions. This makes it hard to apply models trained for one condition or one machine to
other conditions or machines.

Use cases are usually implemented as singular

Use Case
[ ]

smart factory perspective. [18] value [19,18]

Interconnected value generation through connected use cases is still hard to achieve. No strategic
planning or connection to data strategy when implemented.
case studies and are mostly lacking the overall | e Silo Installations or just focus on lighthouse implementations did not create the expected business

e Use cases often do not scale without a high investment into the right infrastructure [20]

Descriptive: Most implementations focus on
dashboarding and visualization. [20]

e De Facto standard for most production companies nowadays. A focus still lays on the
accessibility for end-users and non-analytics-experts. The actual decision that should be made
based on a description is often not included in the use case implementation approach [15].

for theoretical problems. [21]

Diagnostic: Most algorithms are available only | e Many diagnosis algorithms exist, most are applied in theory and not suitable for time series as
they occur in production.

Analytics

and complex in nature, thus difficult to manage

Prescriptive: Still immature technology [22] e Immature algorithms and the overall complexity of automating decisions is making an efficient
deployment of prescriptive analytics hard to achieve.
[16]. e Many different approaches can be used to create a prescription [22]
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In industry, machines usually work in normal mode. Data of faulty conditions is hard to obtain
Not enough variety in data. [23] which results in a low variety of the data and makes it hard to train models for fault detection,
prediction, or diagnosis.
In the context of industry, the Internet of Things (IoT), and cyber-physical systems, literature
often discusses Big Data [26,27], which necessitates new and advanced processes. However, in
Lack of sufficient (labeled) data from the przi.ct{cal setgngs, companies frequently lament a data deficit. [25] . .
. This issue arises because many field-deployed products lack sufficient sensors, or data access is
system under observation. [24,25] . . L . .
impeded by inadequate network connectivity. Even when substantial data volumes are available,
3 there's often a shortage of annotated data, or only a limited amount is accessible, as data
£ annotation is costly and time-consuming [28].
£ For Diagnosis, system descriptions that model the behavior of the system are needed. Those
A | system Descriptions, which are needed for models are not available as a data basis in most industrial use cases and need to be created
diagnosis tasks, are hard to obtain. [21] manually.
Industrial data can be classified according to very different characteristics. On the one hand, the
Industry data is very diverse in structure, sources can be viewed in terms of their origins in the company, i.e., from an organizational and
dimensionality and quality. [29] domain-driven perspective. For example, they are generated in different business areas such as
marketing and development and along different steps of the product life cycle.
Data about decisions is subject to a high e Decision Data is still not utilized to its full potential. Often, data about decisions is either not
degree of uncertainty. [30] formalized or not analyzed.
e Industry data often lacks the necessary features for the given task or information about data
g | Not enough Data Points or varying data quality is missing. This highly increases the investment cost (for data cleaning and data
5 | quality. [16] gathering) of use case related important industry data. Data is still managed in between quantity,
A quality, and investment cost. A sweet spot is hard to find. [31]
% Data for Prescriptive Analytics is either not o Data is often available, one of the main challenges is their accessibility and a lack of an overview
A | documented or part of semi structured expert about the data. [32,30]
documents. [32,30] e The accessibility of the quality of a decision is an existing prescriptive analytics challenge. [32]
. L e Multi Domain Problems require multi domain teams. Different views on the same use case
Collaboration between data scientists and . o . . S .
d . L . require practitioners to collaborate. This does require extensive time commitments for
omain experts is time-consuming. [33] .
collaboration
e Collaboration between domain experts and data scientists can be challenging due to different
prior knowledge and experiences [34].
Multi domain perspective needed for Data e A ’citizen data scientist’ was defined by Gartner as ’a person who creates or generates models
& | Science in Industrial Applications. that use advanced diagnostic analytics or predictive and prescriptive capabilities, but whose
§ primary job function is outside the field of statistics and analytics’[35]. Not enough citizen data
'g scientists are present in industry.
20 | Craftwork does not equal mechanical work. Lo . . Lo .
3 . 4 e Data Scientists work in iterative cycles. Management expects data scientists to follow a typical
Often times there a dissonance appears between . . . . .
3 — . waterfall like project management approach. This often leads to tension between different
+ | how data scientists approach a project and how S :
= . stakeholders inside the project.
£ | management plans it to be approached. [36]
& e Many companies are suffering from a shortage of skilled workers. Small and medium-sized
companies in particular lack qualified employees with data science skills [37]. In the industrial
Lack of (industrial) data science experts [8] context, or industrial data science, the shortage of data scientists is even more severe, according
to Bauer et al. because this field requires a combination of skills from computer science,
statistics, and engineering [8]
Industry 4.0 implementation restraints [38] and | ¢ Digitalization efforts are on the rise but most companies still need to further digitalize their
missing maturity of digitalization efforts. processes and systems to enable data analytics. [20]

As a general framework for the development, standard
models like CRISP-DM show the relevant process steps of data
analytics projects: business understanding, data understanding,
data preparation, modeling, evaluation, and deployment. Yet,
these models require a great deal of expert knowledge and
methodological experience. Hence, we report on practical tools
and methods in IDS in the subsequent section.

2.2. Practical Tools and Methods for Industrial Data Science

As shown in the previous section, conducting data analytics
projects in industrial settings involves various distinct
challenges. Consequently, various authors provide different
solutions to overcome these challenges. Table 2 provides a
brief overview of practical, IDS-oriented solutions, structured
according to the CRISP-DM-lifecycle. We chose to structure
the tools and methods according to the CRISP-DM-lifecycle,
because the procedure model covers all the essential tasks in

any data related project. As some of the solutions (e.g., maturity
models) address challenges more holistically, we additionally
add a ‘General’ column, where we cluster such approaches.
The Table 2 is not intended to be complete. We primarily show
examples of applicable, validated knowledge from the IDS
research area.

A vivid example for such applicable knowledge is the data
map proposed by Joppen et al. [39]. It is used within the data
understanding phase to systematically map all possible data
sources and generated information objects along the business
processes. The workshop method thereby allows for data and
business experts to systematically communicate and identify
existing data, that can be leveraged with IDS.

Regarding the overall conduction of IDS projects, Huber et
al. [40] showcase that the conventional CRISP-DM procedure
model does not sufficiently cover problems commonly faced in
IDS projects. Consequently, they suggest including tasks such
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as analyzing the system structure, technical test setup, or the
selection of adequate software infrastructure.

Zooming out even further, Korsten et al. [41] identify a
maturity model for advanced data analytics in organizations.
The authors show that successful data analytics not solely

depends on technical expertise, but also on the culture,
stakeholder support, and governance. Thus, a comprehensive
maturity model is provided, that guides organizations to
improving their data analytics readiness.

Table 2 Overview of different IDS solutions along the CRISP-DM-lifecycle.

[29].

Phases Solution Short Explanation
Business to Analytics Canvas The B2AC is a workshop template that systematically matches business questions, data
(B2AC) [42]. analytics tasks, algorithms, etc.
Business . The analytics canvas is a workshop method to match data analytics solutions and data sources.
Understanding Analytics Canvas [9]. Various sub-forms like [43] exist.
E&s]t/ enefit Estimation procedure Describe influencing factors for the investment decision into digitalization in production.
The data map is a workshop method to systematically identify data generated in business
Data Map [39]. . . .
Data processes. Various sub-forms like [45]exist.
Understanding Usage Data Classification Schemes

Provide three concepts to structure usage data from intelligent products for further analysis.

Data Preparation

Framework for the domain-driven
pre-processing of sensor data [46].

The framework involves domain-experts to create a ready-to-use data from sensor systems.

driven product planning [51].

Modeling Machine status classification [47]. Use time series to predict machine conditions.
Evaluation KPI-set of future production [48]. The authors provide an overview of 38 key-performance-indicators (KPI).
Deployment Exemplg Yy archltecture for IT- Demonstrate how to integrate machine learning models into existing IT-systems.
system integration [49].
CRISP-DMME [40]. e An extension to the CRISP-DM that includes specific production and maintenance tasks.
gl(t)l]zen Data Scientist Concept e An extension to the CRISP-DM that includes and trains domain experts along the steps.
General Process-reference model for data- e Provides a process model to guide through the data-driven product planning.

Framework for predictive
maintenance [52].

e Architecture and procedure model to realize predictive maintenance in factories.

Maturity Models [53,54]. e Various maturity models to describe data analytics in organizations have been proposed.

In summary, while multiple approaches on different levels
of IDS exist, we find that not all identified challenges in
section 2.1 are addressed by the knowledge base. For example,
we find that there is no method to adequately identify data
necessary for prescriptive use cases. Hence, we further
investigate the current challenges and best practices with eight
interviews of IDS experts.

3. Research Design

To identify challenges and best practices of IDS in practice,
we follow a four-step research design. First, we conducted a
thorough literature review, in which we identified challenges
and practical tools for IDS (see section 2). Second, we
conducted eight semi-structured interviews following the
method of Myers and Newman [55]. An overview of the
interviewed practitioners, their experience in Data Science,
respective industry and job title is given in Table 3 below. All
interview partners where from the German industry sector.

Third, we transcribed the interviews and identified
challenges and best practices. We dropped statements that are
not related to these two aspects (e.g., mentions of other
digitalization use cases). Fourth, the research team grouped the
statements according to the EALM dimensions. The EALM
was chosen because it provides an analytics specific
representation of people, technology, and organization [13].
This grouping is presented in the following section.

Table 3 Overview of interviews (Interv.). Industry-Coding: ME = Mechanical
Engineering; IA = Industrial Automation; CG = Consumer Goods.

Interv. Experience Industry Job-Title
11 9 years ME Industrie 4.0 Manager
2 4 years 1A Software Product Owner
13 12 years ME Industrie 4.0 Manager
14 6 years Logistics Data Product Owner
15 S years Electronics Supply Chain Analyst
16 3 years CG Industrie 4.0 Manager
17 7 years Consulting Technology Consultant
18 16 years CG Data Scientist

4. Industrial Data Science in practice

In the following, the findings from the interviews will be
structured into two main sections. The first section focusses on
the existing challenges in industrial data science. They can be
seen as a call for research and emphasize possible pitfalls for
researchers and practitioners alike. The second section reflects
on given best practices from the practitioners. The best
practices serve as a baseline for future implementation
endeavors. They summarize the current relevant knowledge
base in industrial data science for practitioners. The impact of
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trends and the current development of the field is discussed in
chapter five. As indicated in the research Design, the EALM
approach is used as a structuring method. We expanded it to be
able to also include management and people related aspects.
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4.1. Challenges

This subchapter provides a brief overview of the challenges
in industrial data science from a practitioner’s point of view

Some reflections on the findings are provided in chapter five.

presented in Fig. 1. According to interviewee 14, the Domain
Understanding and Use Case Definition is hindered by an

Domain Understanding and Use Case Definition ! | |

Business value: Determination of actual business value is still hard to achieve.

Bureaucracy: Analytics capabilities are often not available to everyday users. Thus, creativity is supressed.

Initial Investments: Analytics success is bound to the knowledge about the data quality and applicability to the given business question.
Nevertheless, business case evaluations usually happen before the data screening.

Lack of Awareness: Restricted knowledge about what is achievable with analytics hinders creative input from the business departments. Lack of
transparency in the choice and prioritization also reduces commitment.

| Integration and Modeling | 1 ]

Algorithms: Data Analytics Algorithms were not developed for the domain “industry”. Problems like sparse data and lack of data quality exist. ]

| Data Infrastructure [

— [

data for the existing business question is still a challenge.

to enable citizen data scientists.

* Too much data: A lack of governance and data management abstraction levels leads to a loss of data analysis potential.
»  Useful data: Data quality and data quantity are still major challenges. This mostly applies to not having data. Having the knowledge about the right

* Data Governance: Data Lineage, Data Transparency, Interconnectivity: Integration of data pools is an ongoing challenge
» Upfront Investments: High initial investments to connect machines and create a baseline infrastructure for analytics. Same applies for possible tools

—

| Data Understanding and Modeling [

asked (e.g. Predictive maintenance).
* Data Discovery: Data to use case match is still a challenge.

* Industry machines don't crash. To gather data about failure, failure needs to occur. In other words: One needs data for the question that is being

Manual Efforts for Data Pipelines: High manual work efforts to create data pipelines. Lack of automated data pipeline building and monitoring

\

j People i

Analytics Customers: Lack of awareness and competences to
judge and work with analytics results/information.

* Management Awareness: Management often lacks awareness for
pitfalls in data science projects and underestimates necessary
iterations and possible points of failure.

*  Trust: Black Box Analytics still does not yield enough
explainability tools to be deployed by business stakeholders.

Organization |

* Scalability of Use Cases: Most companies still do not centralize
analytics knowledge and create silo installations through
distributed and not synchronized initiatives.

* Capability Management: Organizations tend to invest into
specific and narrow analytics capabilities and miss out on the big
picture.

Fig. 1. Current Challenges in Industrial Data Science according to the interviewees, structured in the EALM framework.

existing threshold built up by bureaucracy and company
specific regulations. Analytics capabilities, software tools or
knowledge are often not available to everyday users. Thus,
creativity and potentials for optimization from a grass root kind
of perspective are suppressed. Data Analytics Algorithms were
not developed for the domain “industry”. Thus, problems like
sparse data and lack of data quality exist when talking about
the efficient use, integration, and deployment of algorithms
(according to interviewee 17). The Data Infrastructure as an
enabler for analytics is bound to high initial investments to
connect machines and create a baseline infrastructure for
analytics. Same applies for possible tools to enable domain
experts to become citizen data scientists (interviewee I3).
When building use cases on the existing infrastructure, the
Data to use case match is still a challenge (interviewee I5).

When managing industrial data science: Management often
lacks awareness for pitfalls in data science projects and
underestimates necessary iterations and possible points of
failure (interviewee I1). Organizations tend to invest into
specific and narrow analytics capabilities and miss out on the

big picture. (I3). This creates the potential for inefficiency due
to the possibility of creating the same solutions multiple times
because of missing efforts for synchronisation of distributed
data scientists and data science teams (interviewee I11). All
presented challenges (aggregated in Fig. 1) are industrial data
science focused. Because of the resulting sum of interviews, no
numerical ranking was possible. The focus of all interviewees
was laying on use case discovery, data and organizational
(management) aspects. The challenges provided in the text
were the most prominent ones.

4.2. Best Practices

This subchapter provides a brief overview of the challenges
in industrial data science from a practitioner’s point of view
presented in Fig. 2. With regard to the Use Case Definition,
Testbeds are an essential tool to earn business owners trust on
analytics and the underlying use case specific potential
(interviewee 17). The degree of standardization per use case is
company specific but needs to be agreed on by the relevant
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stakeholders. This can ensure a smoother rollout and enable the
scalability of solutions for integration and modeling. This is
especially important in terms of how to integrate the use cases
into the existing Data Infrastructure (interviewee 13). When
purchasing new machines for the shopfloor, the requirements
list for new resources/machinery needs to include data
analytics related aspects to ensure data availability, data quality
and data lineage (interviewee 17).

Teaching rudimentary analytics knowledge to business
stakeholders (EALM dimension: people) can greatly increase
use case discovery capabilities. (Interviewee 12, 14 and, I1).
Implementing use case catalogues or standardized services can
help organizations to scale use cases and make their area

specific efforts visible (Interviewee 3).

[ 11
Domain Understanding and Use Case Definition
=  Part of Domain Understanding is also questioning the task and goal
to find out if the analysis goal is the one matching the business goal
= Testbeds are essential to earn business owners trust on analytics
Integration and Modeling

V *  Think Big: With properly defined interfaces and data lineage :

concepts, use cases can be scaled from plant to plant

*  The degree of standardization is company specific but needs to be
agreed on by the relevant stakeholders.

e  Don't try to “skip” low threshold use cases to directly aim for
sophisticated analytics approaches. A step-by-step approach is
advised

}\' MLOps mindset from day one. Data Science is a continuous effort.
Data Infrastructure I—\/f

*  Documentation is key (Code, Data, Usage)

*  The frequency and needed timeliness of analytics results is a require-
ment often misunderstood. Calculations need to be implemented
according to stakeholder requirements.

e
Data Understanding and Modeling 'i[

*  When purchasing new machines, the requirements list for new
resources/machinery needs to include data analytics related aspects
to ensure data availability, data quality and data lineage.

S/

o

People Organization |

Make Industrial Data
Science visible on a C

*  Apply Process Mining to 0
extract expert knowledge
about process flows if Level. Strategic planning
experts are restricted on can highly increase the
time. chance of companywide

* Industrial Data Science is analytics success (Connect,
also about Managing find synergies, plan ahead
expectations * Implement Use case

*  Teaching rudimentary catalogues or standardized
analytics knowledge to services to scale.
business stakeholders can *  Building on accepted
greatly increase Use Case reference models in the
discovery capabilities. design of internal processes

makes collaboration and

vendor integration easier

Fig. 2. Best Practices in Industrial Data Science

4.3. Future Research Directions

As per the last part of the interviews, we challenged the
interviewees to name prominent trends and developments they
expect in the ever-expanding field of industrial data science.

I3 raised the question of how much IDS will be outsourced
or standardized into products and services. For this, sticking to
reference processes will become more important than ever to
foster cooperation and continue the trend of developing
scalable solutions (Procedure Models and Project
Implementation). 14 expects the continuous development of
more advanced use cases (e.g. prescriptive). For these, a
connection to data strategy and more management related
aspect to steer IDS initiatives and move on from opportunity
driven use case deployments is expected by I3 (Management
and multiple Projects). The same interviewee emphasizes the
role that Al (e.g. Coding assistance for citizen data scientists)
will play in the future to develop more sophisticated industrial
data science Solutions. Team Composition is a vital factor that
enables successful projects. The composition might change in
the future as more and more data science tools may become a
commodity. Common enabler technologies like Generative Al,
Process Mining and Computer Vision will still play an
important role. Enterprise Architecture Management could
serve as a baseline to further align Business and IT regarding
the usage and deployment of industrial data science
applications.

5. Management of Industrial Data Science

Based on the EALM and the findings from the interviews,
we propose Fig. 3 as an overarching Framework to summarize
our findings for the four focus topics in industrial data science.
We include the presented Layer Model, CRISP-DM, Roles in
industrial data science as well as the overarching Management
perspective. We emphasize that different interdisciplinary roles
are needed but refer to respective studies on which to apply in
which circumstance [33,56]. The elements creating the
framework are grounded in the interview findings from chapter
4.3. All mentioned aspects structure the field of industrial data
science to enable the discovery of possible Synergies and
Synchronization points in between projects and initiatives.
We advocate practitioners to take an organizational
perspective on industrial data science and try to synchronize
existing use case implementation efforts. Our goal is to
emphasize the importance of taking management related
measures into account and including efforts for
synchronization and IT infrastructure. We emphasize that IDS
is a team effort.

6. Conclusion and Outlook

We contributed a condense summary of the current state of
research on industrial data science. The state of research was
structured into both challenges and current artifact-like
approaches to tackle these. Based on an interview study, we
derived current challenges and best practices based on
practitioner’s feedback. For the study, 8 different interviews
with experienced practitioners were conducted. Current
shortcomings of our approach include a narrow domain focus
and a general focus on German (but internationally operating)
companies from the manufacturing sector.
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The best practices can be used as a checklist for success
factors in the planning phase for future industrial data science
endeavors. This way, an integration into the existing
knowledge base regarding Industrial Data Science can be
ensured. In the future, we plan on expanding the provided best
practices into solution patterns for the deployment of industrial
data science.

Future work includes the following: Further integration of
Analytics Solutions into existing Decision-Making Processes.

Management of industrial data science Regarding
interconnections to overarching aspects (data strategy) and
underlaying  aspects  (infrastructure).  Especially the
management support and integration still poses challenges to
researchers and practitioners alike.

Management

of People Technology and Organizations

Management of IDS

Multiple Projects

= Portfolio Management
= Ressource Allocation

= Project Definition and
Scoping O

Synergies and Synchronization

= Synergies between different Tech Stacks

= Standardization efforts to safe costs and ensure scalability
= Harmonization of Different Use Case Initiatives

= Knowledge- and Best Practice Sharing

= Cross department Communication and Information Sharing

! Infrastructure Legend

' Management Multiple Projects

Team Composition

= Integration of the IDS-Project Team

= Interdisciplinarity
= Structured Roles

* Defined tasks = Measurement of Progress and KPIs

Procedure Models and Project implementation

= Established Procedures for interoperability

:
1
!
resulting Analytics ‘
1
:
'

Solutions Synchronization Efforts
= Analytics as a Service CRISP-DM
through Standard Layer Model

Deployment Patterns

Fig. 3. Management of Industrial Data Science
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