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ABSTRACT

For foresightful strategic decisions in engineering and production, it is important to
identify and classify operational engineering data in manufacturing companies in
terms of relevance and impact. Established methods like Scenario-Technique or
roadmapping consider expertise of strategic decision-makers and central decision-
making bodies by, for instance, workshops and interviews. There is no overarching
approach for evaluating the variety of operational data sources and feed them into
specific data processing pipelines targeting strategic decision support. Based on a
systematic literature analysis and comprehensive industrial experience, requirements
are derived. These requirements are used to develop a method to identify, classify and
evaluate data for strategic decision-making. The method is validated in an industrial
project. The aim is to exploit informal and fragmented data from operational levels into
structured, transparent decision support for strategic players.
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INTRODUCTION

In an increasingly volatile and uncertain business environment, exploitation
of data has emerged as a key strategic capability in Strategic Product Planning
(SPP) and strategic decision-making (Mitake et al., 2020). In manufacturing
companies, data from production control systems such as Manufacturing
Execution Systems (MES) is becoming available and usable in decisions
(Stark et al., 2017). Manufacturing companies have access to machine data,
such as readings from internal sensors. At the same time, strategic decisions
require knowledge and information on production planning, technology
developments, investment planning and product or platform strategies
(Graessler & Oezcan, 2025b). These decisions involve domain-specific
expertise and are based on unavoidable uncertainty. Using this engineering
data reduces the uncertainty of decisions. Identification and classification of
relevant data sources within companies are challenges because of task-specific
knowledge for exploitation in the company (Kim & Lee, 2021). Furthermore,
data should be evaluated in terms of its decision-making usefulness and
integrated into strategic decision-making processes as illustrated in Figure 1.
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Figure 1: Lack of data integration in decision-making process.

Structure of this paper is as follows: Initially, an overview of the state of
the art in the relevant topic areas is given to pave the ground for the specific
objectives. Section three describes research questions and the scientific
approach. The fourth section covers industrial challenges and related work.
In section five the method is developed. Requirements are derived from
review results, which serve as basis for developing the method. An industrial
application and evaluation is presented in section six. This is followed by a
summary and an outlook.

STATE OF THE ART
Strategic Decision-Making in Manufacturing

Strategic decisions in manufacturing companies are designed with a long-
term perspective (Graessler et al., 2017). Strategic decisions can take from
a few years to several decades to implement. This long-term horizon is
characterized by considerable uncertainty and usually involves significant
investment. Typical areas of decision-making include production systems,
involve resources in terms of personnel, new technologies or those to be
implemented, manufacturing strategies, and locations (Schilling, 2005).
To make these decisions, traditional methods such as Scenario-Technique,
technology roadmapping and portfolio analysis can be employed (Frederiksen
etal.,2021). Limitations in this area usually lie in the expertise of the decision-
makers or the group of decision-makers consulted about the decision and in
the limited relevance of data-driven decision-making (Deuse et al., 2024).
Aim of strategic decision-making is to ensure that companies have future-
robust value creation and equipped to meet challenges (Li et al., 2022).

Data Exploitation in Manufacturing

Manufacturing companies handle various types of data. In addition to
internal KPIs, machine data which includes parameters such as process
temperatures, energy consumption and wear and tear (Otto et al., 2023).
Alongside this data, quality data, logistics data and technology data can also
be used. Incorporating such data into strategic decision-making processes
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can resolve challenges at a granular level, as strategic decisions contribute
to improving production processes. Internal data sources can include
Enterprise Resource Planning (ERP), MES as well as Product Lifecycle
Management (PLM) systems (Cui et al., 2020). Bothe for corporate data
exchange as well as for cross-company data interfaces, there is an increasing
need for building and adopting data spaces resp. data eco-systems (Graessler,
Pottebaum, et al., 2024). Current research approaches primarily address big
data analytics, predictive analytics and data-driven manufacturing (Wang
et al., 2022). Focus of these approaches tends to lie more on operational

optimization, quality improvement and process improvement (Kuliaev et al.,
2019).

Data Integration for Decision Support

In addition to workshops and decision-making bodies, data can be used to
support decision-making. At operational level, data is used to improve quality
and integrated into processes in a data-driven manner. Data integration into
long-term decision-making processes carries potential to reduce uncertainty
(Graessler & Oezcan, 2024). In standard procedures, decisions are made
based on expert opinions and domain specific experts (Li et al., 2022).

RESEARCH QUESTIONS AND SCIENTIFIC APPROACH

Key objective of this research is a method to identify, classify and evaluate data
for strategic decision-making. The method serves as a basis for identifying
relevant data sources within a company to provide decision-makers with the
best possible support in their decisions. This article provides answers to two
research questions:

RQO1: What criteria are required to assess the quality of data sources for
strategic decision-making?

RQ2: What data sources are relevant for strategic decision-making in
manufacturing companies, and how can they be systematically

identified and classified?

To answer the research questions, literature is used at first. A systematic
literature review is conducted to identify potential approaches for the further
utilization of data in manufacturing companies. Based on the approaches
identified, a methodology is developed to make this data usable for strategic
decision-making and to utilize existing data. Results are implemented
and validated in an industrial company within the automotive sector. The
scientific approach is shown in Figure 2.
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Figure 2: Scientific approach.

ANALYSIS OF INDUSTRIAL CHALLENGES AND RELATED WORK
Industrial Challenges

Manufacturing companies are increasingly operating in an uncertain
environment shaped by various factors. External factors include geo-political
crises or rises in the cost of materials along supply chains. In order to address
these factors experts in workshops mentioned, it is necessary, firstly, to be
aware of them and, secondly, to into account appropriate strategic decisions
(Chermack, 2004). However, strategic decisions cannot be based solely on
economic factors such as exchange rates, price trends and economic growth.
Whilst these decisions relate to external factors, it is also necessary to take
internal factors into account (Li et al., 2022). These are generally examined
through workshops or internal analyses, such as dashboards showing
production Key Performance Indicators (KPI). However, data aggregation
leads to a loss of detail, causing underlying artifacts to blur and restricting
their use to higher-level internal evaluations or quality measures. The experts
clarified that decision-making bodies are often not sufficiently aware of the
existence and potential of this data. Yet the relevance and use of this data can
be of considerable benefit for strategic decisions, provided its use is enabled.
The use of the data might contribute to better strategic decisions. There is
currently no comprehensive methodology for evaluating data sources within
companies for the purpose of strategic decision-making.

Systematic Literature Analysis

Based on the aforementioned industrial challenges used to set the adequate
scope for a systematic literature review. The search string focuses on these
practical indications and the RQs. It is applied to databases Scopus, Web
of Science and IEEE Xplore. The systematic literature analysis follows the
PRISMA guidelines (Page et al., 2021).
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A structured search string was applied, incorporating terms from the fields
of data utilization (e.g., analytics, big data, exploitation), manufacturing (e.g.,
industry 4.0, production systems), and strategic decision-making. Additional
terms covered relevant methods and classification aspects (e.g., data quality,
predictive power). The search yielded a total of 105 results. By applying filter
criteria, such as, research published in the last 10 years, and limiting the
search to manufacturing companies. The total number of results was reduced
to 54; while publications from the medical field were excluded.

The literature reviewed describes the requirements for using data from
manufacturing companies to inform strategic decisions. These requirements
can be divided into three overarching categories. The first category comprises
functional requirements, the second data-related requirements, and the third
organizational requirements.

Functional requirements are described in the literature as the ability to
identify relevant data sources (Belhadi et al., 2019). The available data can be
interpreted in different ways depending on its characteristics. In this context
extreme data, can be highly heterogeneous and stored in different tools
(Hramov & Pisarchik, 2025). In order for data to be relevant to decisions
and usable for trends or forecasts, it must first be identified. Furthermore,
a distinction is made in the classification of data according to strategic
relevance. Data can possess strategic relevance at different levels, which is
why it must be classified. It must be equally integrable into decision-making
processes, and the underlying data quality must be assessable in order to
make decisions based on the data (Lo, 2023).

Data-related requirements concern the availability, timeliness, granularity
and accessibility of the respective data (Ojha et al.,2024). Data is often subject
to uncertainties that must be assessed and analyzed before being incorporated
into strategic decision-making processes (Li et al., 2022). Furthermore, data
must be available, meaning it must be extractable in a suitable data format
for decision-making and must meet the relevant requirements for timeliness
(Tang & Meng, 2021).

The organizational requirements for data utilization concern integration
into underlying decision-making processes. Processes must not be radically
altered on the basis of the data; rather, the data must support existing processes
within the organization and make decision-making more transparent through
further free coordination. The data must also be usable and accessible in
workshops and decision-making sessions in a suitable format. Finally, high
levels of user acceptance, transparency and traceability must be ensured.
It is only through this final requirement that data sources can be made
usable in such a way that they also generate a significant and demonstrable
added value in decision-making (Hramov & Pisarchik, 2025). All required
criteria (functional, data-related, organizational) are identified through the
systematic literature review and are used based on existing models for the use
of data sources and answer RQ1.
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METHOD FOR EXTENDED EXPLOITATION OF DATA

The method for extended exploitation of data in manufacturing companies
is divided into 4 steps and is visualized in Figure 3:

Data Source Identification: D = {d ,d,,d }
Data Classification: C(d.)
Data Evaluation: E(d.)

Integration into Decision-Making Processes: P

F:D—->C—>E—->P

el

The first step involves identifying relevant data sources D. A multi-
stage approach is recommended for the structured collection of this data.
It involves systematic mapping of internal data sources (Ojha et al., 2024).
This identification is not exclusively system-driven, but is supplemented
by stakeholder-based mapping methods, as described in Requirements
Engineering literature. Another key aspect is the creation of a data inventory
or data catalogue, as discussed in the literature on data warehousing and
data lakes (Tao et al., 2018). This enables structured documentation of
data sources based on defined data, such as data origin (s,), responsibilities
and owner (o), update frequency (f) and access rights (a) (Tang & Meng,
2021). For the strategic context, it is also crucial that identification does not
take place in isolation but is structured in line with the company’s strategic
decision-making areas. This ensures that data sources are considered to have
the potential to contribute to supporting strategic decisions (Lo, 2023).
d;=(5,0,1;,a;)

1

The second step classifies the identified data to enable its structured
analysis and comparability. Classification is carried out according to a
multidimensional schema that integrates both data-related and decision-
related criteria (Lorenz et al., 2024). The mathematical description defines
a mapping function in the k-dimensional feature space, which is described

indi.
C:D—R*

A key classification criterion is strategic relevance, which is derived from
the extent to which a data source contributes to supporting long-term
decisions. In addition, the decision-related aspect is considered, i.e. the
assignment of data to specific decision-making areas such as technology
planning, production strategy or investment decisions (Tang & Meng, 2021).

C (dz )= (r'sbi!tisgi ) -

1

Data characteristics such as strategic relevance (r,€[0,1]), decision-making
context (b.€[0,1]), temporal reference (t.€{0,1,2}) and level of aggregation
(g.€[0,1]) are examined. The literature on big data analytics emphasizes that
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the combination of these dimensions is particularly crucial for understanding
the value of data in the decision-making process (Belhadi et al., 2019).
Therefore, the method applies a predefined multidimensional classification
scheme that integrates these dimensions and enables a clear and consistent
assignment of data sources. Methodologically, the classification can be
carried out using rule-based approaches or through structured evaluation
workshops. The aim is to create a transparent and comprehensible structure
that allows data sources to be systematically compared and their role in the
decision-making process to be defined (Tao et al., 2018).

The third step iolves evaluating the data in order to quantify its contribution
to the decision-making process. In the literature, approaches based on Multi-
Criteria Decision Analysis and concepts of information quality are frequently
employed for this purpose (Zopounidis & Doumpos, 2017).

E(d,)= lew,. “X;3

x, denotes the normalized value of criterion j for data source i, while w,
indicates the corresponding weight of this criterion within the evaluation. The
evaluation is carried out according to defined criteria that consider both data-
related and decision-related aspects (Gongalves dos Reis et al., 2023). The
key evaluation criteria include data quality, timeliness, relevance to strategic
issues, predictive power, and impact on the quality of decision-making.
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Figure 3: Four-step method for extended exploitation of data in manufacturing
companies.

Scoring models are used to operationalize these criteria, enabling a
combination of qualitative and quantitative assessments (Fahmideh &
Beydoun, 2019). The literature recommends the use of weighted evaluation
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systems to reflect the varying importance of individual criteria within the
strategic context (Ojha et al., 2024). The evaluation is typically carried out
by interdisciplinary teams in order to integrate both technical and business
expertise. This is consistent with approaches from decision research, which
emphasize that complex decisions benefit from multiple perspectives
(Ren et al., 2019).

The final step of the method aims to integrate the data analyzed into
existing strategic decision-making processes (Lorenz et al., 2024). The
literature on strategic management and decision support systems emphasizes
that data offers particular added value when it is contextualized and
integrated into existing methods (Belhadi et al., 2019). Consequently,
integration is not achieved through isolated analyses, but through embedding
within established decision-making tools such as scenario analysis or
technology roadmapping. A key component is the transformation of data
into decision-relevant information, for example through the visualization
of trends and patterns, the derivation of scenarios, and the identification
of influencing factors and interactions (Ren et al., 2019). Furthermore, the
design of decision-making workshops is important, in which the processed
data is interpreted jointly with experts. This corresponds to the approach
described in the literature of combining data-driven and knowledge-based
decision-making processes (Hramov & Pisarchik, 2025). Another important
aspect is ensuring the selection, ranking, traceability and transparency of
data exploitation: R =sort (D,E (d,)). This includes documenting the data
sources, the evaluation logic, and the derivation of decision options, as well
as documenting the decision that was made. The decision model M represents
the demand side of strategic decision-making by formalizing decision
problems, criteria, and time horizons, thereby enabling a systematic mapping
between data sources and their decision-specific relevance. The integration is
formalized as a mapping in decision models (M) as P = f (D, M. These four
steps address RQ2 through identification, classification, and evaluation for
exploitation of data in manufacturing companies.

APPLICATION EVALUATION
Industrial Application

The developed method was applied as part of an industrial project at an
automotive Original Equipment Manufacturer (OEM) to systematize use of
existing artifacts for strategic decision-making processes. The aim was to
make data from the production and engineering process, previously used
primarily for operational purposes, available for long-term technology and
platform decisions.

In the first step, relevant data sources were mapped to the model’s data
source layer, distinguishing between engineering artefacts, validation data,
and change-related information. These included, in particular, artefacts
from PLM, such as requirements and specifications, system architecture
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descriptions, bills of materials,change requests, and verification and validation
results. In addition, data from related systems for requirements management
and quality assurance databases were considered. The identification process
took place in workshops with domain experts from engineering, production
and quality management.

The data was classified according to the model’s multidimensional
structure, consisting of (1) strategic relevance, (2) temporal horizon, and
(3) decision context. For example, change request data and validation
results were classified as particularly relevant for the assessment of future
technology risks, whilst architectural artefacts were of high importance for
platform decisions.

On this basis, an assessment was carried out using the model’s evaluation
mechanism, implemented as a weighted scoring model (Graessler, Wiechel,
et al., 2024). Key criteria were data quality, timeliness, strategic relevance
and predictive capability. The weighting was defined in collaboration with
decision-makers following the model’s configuration approach, allowing
decision-makers to adapt criterion weights based on specific strategic
objectives. The results showed a clear prioritization of data sources, with
structured engineering artefacts in particular, those with significant historical
depth and a direct link to error patterns and change cycles, achieving high
scores.

In the final step, the prioritized data was integrated into existing strategic
decision-making processes. This was achieved by identifying trends, for
example, regarding recurring change patterns or technology-related risks
and incorporating them into roadmapping workshops. This enabled data-
driven arguments to be systematically incorporated into the decision-making
process.

The application demonstrated the effectiveness of the model’s structured
approach to linking operational data with strategic decision-making. Through
structured identification, classification and evaluation, transparency was
increased and the quality of decision-making improved. At the same time,
a bridge was created between operational engineering data and strategic
planning.

Evaluation Results and Discussion

The method developed was applied in the industrial project described, carried
out at an OEM, by applying it to real-world engineering artefacts and by
involving strategic decision-makers. The results of the data-driven assessment
were presented at several decision-making workshops and discussed with
experts from engineering, production and management.

This was followed by both quantitative and qualitative assessments by
the participating practitioners. Quantitatively, the prioritization of data
sources showed a high degree of alignment with the experts’ assessments,
with a significant proportion of the highest-rated artifacts confirmed as
highly relevant for strategic decisions. In addition, participants reported
an improvement in the perceived transparency and traceability of decision-
making. Qualitatively, the experts highlighted the structured approach as
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particularly advantageous for making implicit knowledge explicit and
supporting cross-functional coordination. Furthermore, the method was
viewed as especially valuable in early decision-making phases characterized
by high uncertainty, as it enabled a more informed and data-driven discussion
in those contexts.

It became apparent that the data sources prioritized by the model largely
corresponded with the subjective assessments of the decision-makers.
In particular, artefacts with high predictive power and a direct link to
technological risks were confirmed as being of particular strategic value.
Atthe same time, the structured evaluation model enabled greater transparency
and traceability compared to purely experience-based approaches.

During the discussion, it was emphasized that the method contributes
in particular to reducing uncertainties in early strategic phases. However,
limitations exist in terms of the initial resource intensity as well as the
dependence on data quality and availability. Overall, the validation confirms
the practical applicability and added value of the approach for data-driven
strategic decision-making.

SUMMARY AND OUTLOOK

This paper presents a method for the enhanced use of data in manufacturing
companies to support strategic decision-making. Based on lack of an integrated
approach that links heterogeneous data sources with strategic planning
processes, a structured method for identifying, classifying, evaluating and
integrating data has been developed. The approach is based on a systematic
literature review and is supplemented by industrial experience, resulting
in a requirements-oriented method design. A key contribution lies in the
formalization of the method through a multi-criteria evaluation model,
which enables a transparent and reproducible assessment of data sources
in terms of their strategic relevance. By integrating both data-related and
decision-oriented criteria, the method bridges the gap between data analysis
and strategic management. Industrial application at an OEM demonstrated
the practical applicability of the approach. By using engineering data as
data sources, the method enabled the identification of high-quality data for
strategic decisions, particularly in the context of technology planning and risk
assessment. Validation with decision-makers confirmed both the relevance of
the selected data and the added value of the structured method, particularly
in terms of transparency and decision quality.

Future research will focus on automation of data classification and
evaluation, for example through Machine Learning approaches, as well
as on the integration of real-time data streams to improve responsiveness
(Graessler & Oezcan, 2025a). Overall, the proposed approach provides a
foundation for the systematic use of data as a strategic asset in manufacturing
environments.
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