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Abstract

Modern production planning in Global Production Networks faces a multitude of uncertainties, rang-
ing from short-term cost and demand fluctuations to political instabilities and large-scale disruptions.
The varying types and time horizons of both uncertainties and planning parameters create the need
for multi-scale scenarios that capture their different characteristics and developments across flexible
time scales. This paper presents a novel scenario generation framework for deriving multi-scale scenar-
ios along both type and time dimensions, serving as input to enhance the robustness and resilience of
Global Production Networks. The scenario generation follows six consecutive steps, applying Monte-
Carlo-Simulation to defined Change Drivers, Receptor Key Figures, and their interdependencies. The
generated scenarios are clustered into representative scenarios using the k-means algorithm. The
framework is integrated into a Decision Support System featuring an optimization module for long-
term planning of Global Production Networks. An application to an industrial use case shows that
the resulting network configuration is more robust than the forecast-based configuration.

Keywords: Scenario Analysis, Multi-Scale Scenarios, Global Production Network, Production Planning,
Resilience, Robustness

1 Introduction [6]. Overall, a wide range of influencing factors
complicates planning tasks in Global Produc-
tion Networks (GPNs) [6]. To remain competitive
in this dynamic environment, companies require
proactive and forward-looking planning processes
[7]. Consequently, GPNs must not only antici-

pate future developments but also exhibit a high

Today’s companies face a multitude of planning
decisions that must account for both short-term
volatility and long-term, far-reaching disruptions.
Recent examples from the automotive industry
include technological innovations such as the tran-

sition from conventional combustion engines to
electric vehicles [1], fluctuating market demand
[2], shortened product life cycles [3] and increas-
ing product variety [4]. These challenges are
further intensified by unforeseeable events such
as natural disasters [5] or geopolitical tensions

capacity for adaptation and change.

Therefore, the various sources of uncertainty
must be systematically considered in the plan-
ning of GPNs (R1). This includes short-, mid- and
long-term uncertainties as well as different types



of influencing factors, as identified in [6]. To con-
sistently capture this heterogeneity across time
horizons and types of influencing factors, multi-
ple scales are required (R2). The uncertainties
can take various forms, such as scenario-based or
stochastic representations, and provide a struc-
tured basis for further analysis. Scenario analysis
represents a widely used methodological approach
to incorporate such uncertainties into strategic
decision-making [8]. In the context of produc-
tion planning, it serves as a valuable tool to
account for future uncertainties in decision pro-
cesses [9]. A central element of this approach is
the identification of a set of representative scenar-
ios derived from possible future developments of
relevant influencing factors. These influencing fac-
tors, often referred to as Change Drivers (CDs)
[9], may originate from both internal and exter-
nal sources [6], making it essential to consider
both to ensure holistic uncertainty consideration
(R3). CDs exert pressure to change [10] and ini-
tiate change [11]. In order to react to the CDs,
they must first be identified and their potential
effects on production systematically derived [12].
To support this, CDs can be clustered based on
shared characteristics, allowing for a more struc-
tured analysis [13]. This enables a systematic
assessment of how changes impact the Production
System (PS) [14]. Analogous to medicine, impacts
are transmitted through receptors of the PS that
are sensitive only to certain stimuli, i.e. specific
CDs [15]. To systematically analyze these rela-
tionships, so-called Receptor Key Figures (RKF's)
can be defined, enabling the quantification of
the influence of CDs on the respective receptors.
This forms the basis for developing scenario-based
planning models [16].

A fundamental element of the scenario tech-
nique is the simulation of possible future scenarios
by modeling different developments of the CDs.
Monte-Carlo-Simulation (MCS) is a key method
within stochastic scenario analysis, aiming to gen-
erate numerous potential future paths by simu-
lating a large number of similar case studies [17].
Specifically, a MCS repeatedly performs a defined
experiment in a randomized manner to generate a
robust data basis based on the defined probability
distributions [18]. The mathematical foundation
of the MCS is the law of large numbers [19],
which ensures that by running a sufficiently large

number of simulations, the aggregated results con-
verge toward a reliable representation of future
outcomes [17].

While MCS enables the generation of a large
number of future scenarios, this high volume also
introduces significant challenges. In particular,
analyzing or optimizing hundreds or even thou-
sands of simulation runs can quickly become com-
putationally intensive and impractical for long-
term planning purposes. Moreover, the use of
stochastic parameters to represent risk can com-
plicate quantitative analysis [20], as probabilities
and distribution functions are difficult to deter-
mine in a future that is not merely uncertain
but largely undetermined [21]. Therefore, effective
methods for scenario reduction and structuring
that lead to consistent scenarios (R4), combined
with traceability through graphical or schematic
depictions (R5), are essential to ensure that results
remain interpretable, actionable, and validatable
for decision-makers. Finally, the complex envi-
ronment of GPNs [6] creates the need to explic-
itly regard interdependencies between CDs, which
most current optimization approaches lack [22]
(R6).

To be practically useful, a scenario generation
approach should not only enable the quantita-
tive modeling of structured, multi-scale scenarios,
but also allow direct integration into produc-
tion planning tools, providing actionable input for
decision-making in GPNs. Furthermore, to ensure
consistency across different industrial contexts,
the tool should demonstrate broad applicability
and modularity, allowing adaptation to diverse
production planning problems in GPNs (R7).

To address the outlined challenges, this paper
introduces a novel approach that captures the
inherent complexity and uncertainty of GPNs
through multi-scale scenarios. To this end, a sce-
nario generation framework is developed, which
combines Receptor Theory with MCS to gener-
ate consistent scenarios. The framework enables
parallel modeling of multiple heterogeneous recep-
tors (multi-scale in type) as well as varying time
intervals for both distinct and identical receptors
(multi-scale in time). Graphical representations
are generated for the whole scenario funnel as
well as for representative scenarios and individual
RKFs to guarantee transparency for decision-
making. Owing to its modular structure, the pro-
posed framework is applicable to a broad range of



production planning use cases in GPNs and can
be configured to specific contexts.

The structure of the paper is as follows: Section
2 reviews the related literature on uncertainty
as well as scenario analysis and generation and
identifies the corresponding research gap. Section
3 provides an overview of the developed sce-
nario generation framework, which is subsequently
demonstrated through a case study from the auto-
motive industry in Section 4. Section 5 discusses
the results, while Section 6 concludes the paper
with a summary and an outlook on future research
directions.

2 State of the Art on Scenario
Consideration and
Generation in Global
Production Networks

2.1 Frameworks for Production
Planning under Uncertainty

Uncertainty in production and supply networks
has been widely addressed in literature, par-
ticularly through optimization-based frameworks.
These works focus on modeling uncertain param-
eters such as demand, costs, or disruptions via
probability distributions or scenario sets. Their
objective is typically to derive robust or resilient
production and network plans that remain effec-
tive under an uncertain future. [23] present a
stochastic optimization model combined with an
accelerated Benders decomposition algorithm to
efficiently solve large-scale supply chain network
design problems under multiple scenarios. Their
method integrates the Sample Average Approx-
imation to generate high-quality solutions while
considering a wide range of possible future devel-
opments. [24] propose a multi-objective stochas-
tic robust mixed-integer program for production
planning in global supply chains. They build on
the approach of [25] to extend traditional stochas-
tic optimization, incorporating both expected val-
ues and their variability. [26] addresses both
quantitative and qualitative uncertainties eval-
uating networked production sites. Quantitative
uncertainties are modeled using probability dis-
tributions, while qualitative uncertainties are rep-
resented via fuzzy set theory. The uncertainty
model is linked to a cost model for evaluation

and MCS is applied to determine location-specific
values. [27] develop an approach for robust order
assignment in GPNs that explicitly addresses
uncertainty arising from customer-specific prod-
uct configurations, which are not known at the
time of planning. This uncertainty is captured by
representing possible configurations in a set of sce-
narios. The order assignment is then optimized
such that the resulting network configuration
remains robust against the worst-case workload
across all scenarios. [28] introduce a resilience met-
ric for supply chains, quantifying the expected cost
increase due to potential disruptions. Disruptions
are simulated by randomly selecting scenarios
according to predefined probabilities, and a two-
stage stochastic optimization is applied to identify
cost-optimal network designs under these disrup-
tions. [7] present a stochastic-dynamic optimiza-
tion model deriving robust migration paths for
GPNs using a Markov Decision Process (MDP).
Uncertain cost and demand parameters are cap-
tured through CDs, whose effects are applied at
discrete decision points.

While some approaches consider multiple
receptors and are therefore multi-scale in type
[7], [23], [24], [28], others are limited to single-
scale uncertainties [27], [26]. However, none of the
analyzed approaches address multi-scale scenarios
that simultaneously capture both time and type
dimensions in production planning. Furthermore,
several approaches focus exclusively on external
CDs [23], [28].

2.2 Scenario Generation
Frameworks

Scenario generation frameworks in production
planning aim to systematically identify and eval-
uate CDs, map them to production variables
(e.g. through receptors), and derive scenarios that
reflect potential developments in the production
environment. Such approaches are often rooted in
changeability and adaptability research and pro-
vide conceptual tools to link internal and external
influences with decision-making. [15] introduce the
receptor model, which identifies minimum require-
ments for production resources to increase change-
ability by mapping CDs to production variables,
referred to as receptors. The central assumption
here is that different CDs often have the same



effect on the PS and thus activate the same recep-
tor. Product or product variants, costs, time,
quantity and quality are identified as receptors.
[14] adds the receptor technology. In order to
determine the adaptability of a factory, [29] com-
pares adaptability enablers to adaptive objects of
a factory deriving changeability of factories. Sce-
nario management adapted to the needs of factory
planning is used to transfer the scenarios created
and the knowledge gained from them to plan-
ning and decision-making tasks. A detailed catalog
of CDs is defined for this purpose, which leads
to change requirements for the objects. [12] pro-
pose a systematic identification and evaluation of
CDs, considering lead time, duration, frequency,
probability of occurrence, and influence (strength,
breadth, depth). This allows forecasts of CDs to
support scenario creation. [30] develop a method-
ology for translating external influences into con-
crete manufacturing scenarios. Their approach
adopts an extended receptor model to decom-
pose strategic scenarios into bundles of projections
directly influencing the manufacturing system.
In addition, a backward analysis of the scenar-
ios is conducted to identify underlying trends
and changes to which the receptors are exposed.
Finally, the findings are classified and aggregated
into sub-scenarios, providing a structured basis for
subsequent planning tasks.

All of the above frameworks support a wide
range of production use-cases by providing a
structured basis for scenario generation. However,
most frameworks are not suitable for generat-
ing multi-scale scenarios in the time dimension
[12], [15], [30]. Another limitation is that some
approaches only take external influencing factors
into account when defining scenarios [15], [30].
Finally, although they deliver structured method-
ologies for scenario generation, most of the frame-
works do not ensure consistency of the generated
scenarios [12], [15], [30].

2.3 Combined Approaches for
Scenario Generation in and
Planning of Global Production
Networks

Combined approaches integrate stochastic influ-
ences into network design and adaptation, often
by linking scenario-based analyses with optimiza-
tion models such as stochastic programming or

MDPs (see Section 2.1). [22] propose a multi-
objective optimization model for GPNs under
uncertainty. They stochastically derive future sce-
narios for demand and costs by defining probabil-
ity distributions for discrete and continuous CDs.
Continuous CDs are modeled as a Wiener Pro-
cess, where for each scenario a random number
for the expected trend p and the variance o is
generated. Discrete CDs are modeled as equally
distributed along the time horizon. [16] develop a
method for planning changeable PSs that explic-
itly links scenario analysis with decision-making.
They identify relevant CDs impacting the Key
Performance Indicators (KPIs) of the PS. CDs
are assigned an occurrence probability and a time
of occurrence, exerting absolute or relative influ-
ence on the KPIs or altering their trend over time.
MCS is applied to generate aggregated scenarios
for each KPI, capturing the stochastic influence of
the CDs. A MDP is formulated and solved in order
to calculate a scaling strategy for system adap-
tion. The resulting strategies are then analyzed
to derive design guidelines for concrete change-
ability measures. [31] model CDs as stochastic
arithmetic random walks and generate their val-
ues using MCS. In contrast to earlier approaches,
these factors are not linked indirectly via uncer-
tain parameters but exert a direct influence on
the target variable. Based on multiple MCS iter-
ations, the authors derive expected values as well
as minimum and maximum outcomes of the tar-
get variable, thereby supporting decision-making
in the design of GPNs. [32] propose a methodology
for deriving robust network configurations from
representative demand scenarios. First, numerous
scenarios are generated via MCS based on the
probability distribution of defined CDs and their
influences on respective RKFs. These scenarios
are then clustered into a reduced set of repre-
sentative scenarios using the k-means algorithm.
Finally, a two-stage stochastic mixed-integer lin-
ear program is applied to identify robust network
configurations for the non-recourse decisions.
Most of the given approaches support the
generation and planning of scenarios that are
multi-scale in type and arise from both inter-
nal and external CDs [16], [21], [31]. However,
some approaches do not guarantee consistency
of the generated scenarios [16], [31]. While most
approaches feature a clear and systematic process



for scenario generation [21], [31], [32], only [32]
ensure traceability for decision-makers by provid-
ing structured visual representations. Moreover,
only [32] explicitly account for interdependencies
between different CDs but only address single-
scale scenarios in type (limited to demand) and
consider solely external CDs.

2.4 Research Deficit

The reviewed approaches are evaluated using the
defined criteria in Table 1. This analysis reveals
several research gaps, leading to the following
research questions:

1. What constitutes an effective framework for
generating and managing multi-scale scenarios
in GPNs?

2. How can production planning utilize and ben-
efit from multi-scale scenarios to improve
robustness and resilience?

3. How can scenario generation and planning be
systematically integrated into decision-making
processes while ensuring broad applicability
across different production contexts?

To address these gaps, Section 3 introduces
a framework for multi-scale scenario generation,
embedded into a modular Decision Support Sys-
tem (DSS) to ensure broad applicability by adjust-
ing the input parameters. While research ques-
tions (1) and (3) are closed by the framework
itself, question (2) is addressed through an indus-
trial use case that integrates the scenario tool with
an optimization module [33].

3 Framework for Scenario
Analysis in Global
Production Networks

Building on the identified challenges and research
gaps, this section introduces a scenario analysis
framework for the configuration and management
of GPNs. The framework is designed to systemat-
ically account for uncertainties of different types
and time horizons by integrating receptor-based
modeling with scenario generation techniques. It
builds up on the work of [34], [32] and [33] and fol-
lows the scenario management approach of [35]. A
key objective is to ensure universal applicability in
production planning, i.e. the tool does not impose

Table 1: Comparison of relevant approaches
from the state of the art
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Applicability across broad range of
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restrictions on the receptors or types of scenarios
to be modeled. This flexibility and the modular
structure enable its use across a wide range of
decision-making contexts in GPNs.

3.1 Inputs and Scopes

To operationalize the framework, the relevant
inputs and modeling scopes must first be defined.
These inputs establish the descriptive model,
which forms the basis for the subsequent MCS.
In the following, the components of this descrip-
tive model are introduced, followed by a definition
of its scopes, i.e. the generation of single- and
multi-scale scenarios.

3.1.1 Descriptive model

Probability distributions F(0) are defined to
enable stochastic modeling for MCS. The scope
of this work is limited to a representative subset



(triangular, normal, uniform, and Bernoulli distri-
butions) without claiming completeness. Further
distributions can be incorporated as needed.

Change Drivers

The first step is the modeling of CDs, which rep-
resent internal or external influences. Each CD
cd € CD is assigned a unique identifier, a name,
and a description to ensure traceability. The iden-
tifier is required later for referencing within the
MCS. To capture their stochastic behavior, each
CD is characterized by:

® Occurrence probability p;"™" ~ F(6), deter-

mining the likelihood of occurrence ef;""¥ €

{0,1}.

® Occurrence distribution p’m® ~ F(6), specify-
ing when the CD is expected to occur within a
defined planning horizon.

e Influence time ngﬂuence = tend _ gstart
describing the time period in which the CD is
active by defining its start (¢5/0"*) and end time
(1.

® Frequency fZ;, indicating how often the CD may
occur in the given time interval.

Each CD is linked to at least one receptor. A
CD influences both other CDs (influenced CDs)
and RKFs (influenced RKFs). This defines how
the various CDs and RKFs interact.

An influence matrix I.4+ cq is required to define
the interdependencies of the CDs. Three types of
relations are distinguished:

e Causation: one CD triggers another I.q+ ¢ = 1.

® Exclusion: the occurrence of one CD prevents
another g« cq = —1.

® Independence: no interaction between the CDs
ch",cd =0.

Note that a CD can only be either caused or
excluded by other CDs, since simultaneous cau-
sation and exclusion would make a consistent
value determination impossible. While the influ-
ence matrix defines how CDs interact with each
other, their relevance for production planning only
becomes apparent through their impact on the
receptors. These receptors provide the quantita-
tive basis for evaluating how CDs influence the
PS.

Receptor Key Figures

A RKF rkf € RKF serves to quantify the influ-
ence of the CDs on production. Similar to CDs,
each RKF requires a unique identifier, a name,
and a description to ensure traceability. Moreover,
each RKF is uniquely linked to a receptor (see e.g.
[15] for possible receptors). This assignment allows
systematic linking of CDs to measurable RKFs.
RKF's can be of discrete or continuous type [16].
A discrete RKF takes one of two possible states
(entry or non-entry value), modeled by a Bernoulli
distribution Bern(p). Continuous RKFs, by con-
trast, are more complex as they can take a range
of values [16]. Each continuous RKF is initial-
ized with three baseline parameters defined for the
entire planning horizon: an absolute initial value

base,abs . el base,rel
Vikre o arelative initial value V537", and an

initial slope Vrb,f;i"qlo’) “ [16]. In analogy, continu-

ous RKFs are subject to an occurrence probability

piZ;TZ’ ~ F(6). If an RKF does not occur, it takes

the non-entry value (zero), whereas its absolute,
relative, and slope parameters are only realized
upon occurrence. Lastly, the time scale is defined
by the set of timestamps T,y C T, which com-
prises all points in time at which the RKF is
modeled.

Change Driver Influences

Each CD has an influence on one or more RKFs,
referred to as a Change Driver Influence (CDI).
For quantification, it must be defined which CD
impacts which RKFs. Each CDI (CDI 4, kf) is
unique to the pair of CD cd and RKF rkf, but can
be the same for different RKFs. For continuous
RKFs, three types of influences are distinguished,
each modeled by a probability distribution: abso-
lute influences CDI ZSfrkf ~ F(0), relative influ-

ences CDIZ;{T,CJ» ~ F(f) and slope influences

CDI ifi:’fzf ~ F(0). The different influence types
are illustrated in Figure 1.

Change Object

The RKFs are linked via the receptors to pro-
duction and, more specifically, to a change object.
According to [29], a change object can belong to
one of the five system levels: Global/factory envi-
ronment, factory area, production and logistics
area, manufacturing/assembly/logistics system or
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Fig. 1: Possible influence types for CDI

workstation. In the present framework, the con-
cept of the change object is expanded to not only
include the resources such as machines and work-
stations (i.e., operational level), but also abstract
planning entities such as orders or product types
(i.e., system description level). Thus, a change
object can be, for example, an order or a prod-
uct whose attributes are represented by RKFs.
Linking change objects to RKFs establishes the
connection to the underlying descriptive model.

3.1.2 Single- and Multi-Scale Scenarios

This section describes the types of scenarios that
can be modeled and simulated using the proposed
framework. The focus is on both single-scale and
multi-scale scenarios, which allow the representa-
tion of different potential futures by accounting
for various internal and external CDs. Scenario
generation is designed to flexibly adapt to differ-
ent change objects, and it is essential that changes
to a change object can be quantified through the
associated RKFs. These RKFs may be affected
by external drivers (e.g., market fluctuations or
political decisions) as well as internal drivers (e.g.,
changes in corporate strategy or technology).

Existing tools primarily support the creation
of single-scale scenarios (see Section 2), simulat-
ing CDs along a single dimension, either type or
time. The present approach extends this capability
by introducing multi-scale scenarios, which incor-
porate two dimensions simultaneously (see Figure
2):

® Type Dimension: This dimension captures the
type and nature of change, following [16]. It dis-
tinguishes between different types of influences
(e.g., on cost, time, quantity, quality, or tech-
nology) and explicitly accounts for interactions
among these influence types.

e Time Dimension: Considers developments over
different time dimensions, enabling a more
dynamic and realistic representation of scenar-
ios. This allows RKF's, even of the same receptor
type, to be modeled on different time scales
(e.g., monthly and semi-annually).

The simultaneous consideration of these
dimensions allows a deeper understanding of the
possible futures and their complexity. Ensuring
consistency across the resulting scenarios is cru-
cial to produce validatable and actionable results.
The proposed method of multi-scale scenario gen-
eration therefore represents a significant advance-
ment, capturing both the complexity of real sys-
tems and the dynamic effects of CDs. These
scenarios form a comprehensive basis for strate-
gic decision-making and forward-looking analyses
within DSSs.

3.2 Scenario Generation via
Monte-Carlo-Simulation

The scenario generation is based on a stochastic
MCS, which is carried out in six consecutive steps.
This methodical application builds on the descrip-
tive model defined in Section 3.1 and ensures
coherent integration of all model elements. The
steps are outlined below and illustrated in Figure
3.

Step 1: Definition and Selection of
Change Drivers

The first step involves the definition and selec-
tion of the CDs that are to be included in the
MCS and that have potential influence on the
defined change objects. Experts compile internal
and external influences and map them as CDs
[16]. Various approaches can be used here, e. g.,
a structure can be provided by the CDs accord-
ing to [6]. As there are a large number of possible
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CDs, relevant ones must first be identified. [29]
and [36] provide a catalog for the selection of
CDs. Furthermore, the use of receptors enable
a structured selection [16]. Experienced experts
and objective data sources should be consulted in
order to first define CDs, including their charac-
teristics, and then select them for a specific use
case. The selection is made from the totality of all
previously defined CDs. A well-founded selection,
which includes the selection of CDs and their prob-
ability of occurrence and specific characteristics,
guarantees the accuracy of further steps.

Step 2: Selection of Receptors and
Receptor Key Figures

After defining the CDs, relevant receptors and
their associated RKF's are selected. The selection
depends on the specific use case and should be
reduced to a necessary number in order to keep
complexity manageable. Importantly, a change in
the value of the RKF must have a direct influ-
ence on the PS [16]. The selection of receptors and
RKFs usually results from the underlying deci-
sion models, as these specify which parameters are
subject to uncertainty and therefore need to be
modeled.

Step 3: Definition of Interrelationships

A crucial part of scenario generation is the defini-
tion of the interrelationships between the CDs and

RKFs. The relationships among CDs themselves
are defined via the influence matrix I, while the
interactions between CDs and RKFs are specified
through the CDIs. This step forms the structural
core of the MCS, since the accuracy of the result-
ing scenarios directly depends on how precisely
the CDIs are defined. To ensure a consistent and
exact modeling of influences, the categorization of
both CDs and RKFs according to the respective
receptors can be applied.

Step 4: Execution of the Monte Carlo
Simulation

The fourth step of scenario generation begins with
the execution of the MCS. Each simulation run is
assigned a unique ID for tracking purposes. The
MCS utilizes the previously defined CDs, RKFs,
and their interrelationships. In addition, the time
horizon and time slices to be considered must be
defined. These determine the representation of the
RKFs and can be specified individually for each
RKF. Furthermore, the number of iterations N of
the MCS, as well as its time unit must be defined.
Each iterationn € N defines an independent sim-
ulation run. The necessary number of iterations
for a reliable result can be determined based on
[37]. The MCS uses random data points from the
distribution functions F'(6) to simulate the prob-
abilities of different CDs, RKF's and CDIs as well
as their characteristics.
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Fig. 3: Six steps of the Monte-Carlo-Simulation

Step 5: Generation of Change Driver
Scenarios

The CD Scenarios (CDSs) play a central role in
the scenario generation process, as they describe
all possible development paths of the CDs within
a simulation run n. These scenarios form the basis
for constructing the RKF Scenarios (RKFSs).
Taken together, all CDSs span the full spectrum of
potential future developments of the CDs. A CDS
specifies whether and when a CD becomes active,
determined by its occurrence probability, associ-
ated distribution functions, and dependencies on
other CDs. The activity status of a CD is defined
as:

07 lft < tstart

Vi> tstart + Ti(rilﬂuence
C

0, if3ed" € COD : Iogs ca=—1

Aactegs+ =1
acteqr = 1, if eentry -1
V (3ed* € CD : Igrca =1

Aactegsy = 1)

0, otherwise

(1)

Here, act.q,; indicates whether CD cd is active

at time ¢. The variable €)Y represents the
entry event of the CD, /%" its start time and
Tinfluence the duration of its influence. Dependen-
cies between CDs are captured via the influence
matrix I, where I.4 denotes the cd-th column of
the matrix. A value I.4« ¢ = 1 indicates that cd*

causes cd,l.q-cq = —1 indicates exclusion and



I+ ca = 0 indicates independence. The diago-
nal entries I.q.q are always set to 0. Each CDS
is assigned a unique ID and contains the set of
all relevant information: the active CDs, their
respective start and end times, and their effects
on the RKFs. In summary, a CDS (CDS,,) con-
stitutes the complete input for generating the
corresponding RKFSs.

Step 6: Derivation of Receptor Key Figure
Scenarios

In the final step, the RKFSs are derived from
the previously generated CDSs. Each RKFS
(RKFS,,) describes the time-dependent evolution
of all considered RKFs within a simulation run n.
The values of the continuous RKF's result from the
baseline parameters and the aggregated influences
of the active CDs, as expressed in the following
Equation (based on [34]):

__entry
_prkf,t * (

CDIgtli)érkf+V Bf e 1*(

babe abs
rkf,t

;,f;t + E acted,t*

cd=1
CD

cd=1
base,rel
Vi) -

res
” ) + Vifi—1 *
base,slope
kat )*

T.)

((1+

cD
H (1 + acteqs * C’DIffionf)> - 1) ,
cd=1

Vrkf € RKF,t € Trpp (2)

The formula expresses that the value of a RKF
'kt at time t is composed of four parts: (1)
its baseline absolute value, (2) additional absolute
impacts from active CDs as well as (3) multiplica-
tive relative and (4) slope-based changes caused by
active CDs. The occurrence variable piZ}rf ensures
that a RKF only takes effect when it is realized.
The RKFSs ensure that for each RKF a value
is defined at every point in time, reflecting both
baseline behavior and the aggregated effects of the
relevant CDs. Each RKFS is assigned a unique
ID and provides the complete trajectory of all
RKFs over the defined time horizon. Together, the

RKFSs constitute the final output of the MCS and

H (1 + acteq s * CDICd g
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serve as the foundation for subsequent scenario
analysis and evaluation.

3.3 Clustering to Representative
Scenarios

The large number of RKFSs (RKF'S,,) resulting
from the MCS are generally described below as
scenarios of the set Q. Following the approach of
[32], the number of scenarios Q is reduced to a
manageable set of representative scenarios (2. For
this purpose, a cluster analysis is applied. Cluster
analysis requires so-called features that charac-
terize each scenario. While [32] focus only on
simulated quantities and define the features time-,
customer-, product- and country-specific demand,
this paper extends the feature set to include fur-
ther RKFs. Concrete features depend on the use
case, examples can be found in the validated use
case in Section 4. These properties of the scenar-
ios, denoted as the feature vector VU, must be
taken into account during clustering.

To reduce dimensionality while maintaining
essential information, a Principal Component
Analysis (PCA) is applied, resulting in a reduced
feature vector U,. Clustering is then performed
using the k-means algorithm. As soon as the
minimization of the Euclidean distance W (see
Equation 3) is achieved, the point closest to
the cluster centroid C} with feature vector ¥,
represents the representative scenario of this clus-
ter. These points form the set of representative
scenarios ).

Q K
DM MRTRNC

w=1 k=1

Here, J, 1 defines whether feature vector w
belongs to cluster k (Jy, = 1) or not (J, x = 0).
The size of a cluster is given by the number of
points in the cluster, and the relative cluster sizes
correspond to the scenario probabilities pJcenario
[32].



4 Integration and
Quantification of the Results
on an Industrial Case Study

The proposed framework is validated through an
industrial use case of a German automotive sup-
plier. For this purpose, the scenario generation
framework is integrated into a modular DSS and
adapted to the specific application context as
proposed by [38].

4.1 Introduction to the Use Case

The use case focuses on the production of a vehi-
cle safety component that is manufactured across
multiple global sites operated by the industrial
partner. An optimization module is employed to
identify necessary tactical and strategic adjust-
ments to the GPN, such as the opening or clo-
sure of sites and the relocation or acquisition of
machinery [33]. Since future parameters are sub-
ject to uncertainty, deterministic planning is insuf-
ficient for this context, as the strategic decisions
are non-recourse and must guarantee applicability
to all potential future developments [33]. Specif-
ically, the production planners identified future
demand, variable costs and logistics costs as major
sources of uncertainty. Consequently, the scenario
generation framework is applied to simulate repre-
sentative scenarios that capture a broad range of
possible future developments in both the external
and internal environment.

4.2 Results of the Scenario
Generation

Future developments of the uncertain parame-
ters are simulated based on the current forecasts
provided by the production planners. Demand is
expected to decline over the time horizon, as the
product is entering a ramp-down phase. The cor-
responding base scenario is illustrated in Figure 4.
Variable costs are assumed to increase semiannu-
ally at a constant, site-specific rate, while logistics
costs are expected to rise at a constant, site-
independent rate of 3.0% per year. The expected
development of variable costs for Site 1 and logis-
tics costs from Site 1 to Country 1 are exemplarily
shown in Figure 5.
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Fig. 5: Forecasted variable costs for Site 1 (S1)
and logistics costs from Site 1 to Country 1 (C1)

4.2.1 Monte Carlo Simulation

In the following, the six steps of the MCS, as
defined in Section 3.2, are applied to the use case.

Step 1: Definition and Selection of
Change Drivers

Relevant CDs were identified in collaboration with
the production planners of the industrial partner
and linked to one of the two relevant receptors:
Costs and Demand. The identified CDs and their
respective characteristics, as defined in Section
3.1.1, are presented in Appendix Table Al.

Step 2: Selection of Receptors and
Receptor Key Figures

As the GPN is subject to uncertainties in costs and
demand, the two receptors Costs and Demand are
defined for the MCS. The receptor Costs is divided
into variable costs and logistics costs. Each pro-
duction site has an individual RKF for variable
costs, as these vary across sites and are influenced



by different factors. Logistics costs depend on both
the production and delivery locations, thus, each
unique combination of production site and deliv-
ery destination constitutes an individual RKF.
For the Demand receptor, each customer order is
defined as a separate RKF, as order-specific char-
acteristics such as product group, customer, and
delivery country determine whether it is affected
by a certain CD.

Step 3: Definition of Interrelationships

The interrelationships between CDs and RKFs
are summarized in Appendix Table A2. Since no
slope is defined for demand-related RKFs, they
are subject only to relative and absolute influ-
ences. Conversely, cost-related RKF's are generally
not subject to absolute influences, as cost develop-
ments typically evolve proportionally to their cur-
rent level rather than through fixed-value shifts.
Therefore, only relative influences or changes in
their slope are defined. To limit the complexity of
the use case, no interrelationships between CDs
are modeled (corresponding to the independence
type in Section 3.1).

Steps 4, 5 € 6

As steps 4, 5, and 6 are fully automated and exe-
cuted by the DSS without requiring user input,
except the number of iterations, they are not dis-
cussed in further detail. The number of iterations
N is calculated based on the simplification of [34]
of the formula from [37]:

0.25 ,

N = ﬁzuzw) (4)

with the confidence interval v, the maximal
approximation error £ and the functional value
of the standard normal distribution z. With £ =
0.01 and v = 0.99 the resulting number of itera-
tions IV is calculated as 16,589 and is rounded to
17,000 iterations.

The resulting output of step 6, the simulated
RKFSs, is illustrated in Figure 6 for total demand
quantities and variable costs, and in Figure 7 for
logistics costs. The rapid fluctuations in logistics
costs result from the short influence durations
of the CDs affecting these costs (see Appendix
Table A2). In contrast to demand and variable
costs, changes in logistics costs are modeled as
short-term shocks rather than as sustained trends.
Therefore, a joint illustration within the same
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figure would not be appropriate. For better com-
parison with the cost forecasts, variable and logis-
tics costs are shown for the same sites as presented
in Figure 4 and Figure 5.

4.2.2 Clustering

As described in Section 3.3, the k-means algorithm
is used to cluster the RKFSs generated by MCS
in order to derive representative scenarios. These
representative scenarios cover the key characteris-
tics of the entire scenario funnel while remaining
computationally traceable for the optimization
module.

Prior to clustering, PCA is employed to reduce
the dimensionality of the feature vector used
for clustering. This step decreases computation
time for the k-means algorithm while retaining
the majority of the information contained in the
original data. For the use case, an information
retention level of 95% was selected.
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The feature vector used for clustering (prior to
PCA) included the following criteria, which form
the basis for the respective cluster formation:

Total demand per period

Total demand per product group

Total demand per country

Mean variable costs per site

Mean logistic costs per production site — deliv-
ery country combination

Based on the defined feature vector, the elbow
method was used to determine the optimal num-
ber of clusters (k), which was found to be 3. This
value was subsequently applied for the k-means
clustering. The resulting clusters for demand
quantities and variable costs are shown in Figure
8 and in Figure 9 for logistics costs. The scenario
probabilities are 1.3% for Scenario 1 (purple),
62.1% for Scenario 2 (green), and 36.6% for Sce-
nario 3 (yellow). The line thickness visualizes these
probabilities (scaled for readability in Figure 8).
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4.3 Scenario Application to Robust
Global Production Network
Planning

The representative scenarios serve as input for
the optimization module, which applies a two-
stage stochastic optimization approach to deter-
mine robust network configurations and is based
on [32, 33]. In this context, strategic and tacti-
cal decision variables are defined as here-and-now
decisions (i.e., decisions without recourse), while
operational variables are defined as wait-and-see
decisions (i.e., decisions that allow for recourse).
Concretely, decisions regarding the opening or
closing of sites or production lines, the purchase or
relocation of machines, and the activation status
of lines must be made independently of the specific
scenario realization. In contrast, exact production
volumes and line utilization rates can be adjusted
in the short-term, once additional information
about future developments becomes available. The
respective production lines, their locations, and
their base configurations are provided in Appen-
dices Table A3.

In the following, the differences between the
robust network configuration, derived from the
simulated scenarios, and the base scenario, which
represents the planners’ initial estimates, are
presented. Variations between the configurations
result either from differences in the activation of
production lines or sites, or from the purchase
and reallocation of machinery, leading to altered
machine configurations within the lines.

In both the robust and the base network con-
figuration, two additional machines are purchased
at site AS5 (1.26) and EU2 (L5). Both configura-
tions comprise a total of 22 machine reallocations
over the entire planning horizon, which, however,
show notable differences. The network configura-
tions regarding machinery for the robust and base
cases are shown in Table 2 and Table 3, respec-
tively. To allow for clearer comparison between
the two configurations, the differences are high-
lighted according to the following logic: machinery
that is exclusively available in a given configu-
ration is highlighted in green; machinery that is
absent in the configuration but present in the
other is highlighted in red; and machinery avail-
able in both configurations but differing in the
period of availability is highlighted in orange.



Table 2: Line configurations for the robust

solution
Robust
c ion F1_F2 F3_FA___Fs _F6 7 F8  F9 F10 F11 F12 FI13 F14 FI5 F16 _ F17 _F18
Yes (from 20251 Yes (until
Vi Y Y
11 (evy) Yes Yes Yes s es Lo A
12 (Ev1) Yes Yes Yes Yes (until 2025-1) Yes Yes  Yes  Yes
Yes (until ’
13(Ev1) Yes Yes Doy Yes(untii20291) Yes Yes Yes Yes
Yes (until Yes (from 2029- Yes (from

(V) Yes Yes Yes Yes ool Yes Yes Yes Yes Yes 0O Ves

Yes (from
15 (EV2) Yes Yes Yes Yes 20041) Yes Yes Yes Yes Yes
16 (EU2) Yes Yes Yes Yes Yes Yes  Yes
17 (Am1) Yes Yes  Yes Yes Yes Yes Yes
18 (AM1) Yes Yes Yes ves Yes Yes Yes
19 (Am2) Yes Yes Yes Yes Yes  Yes Yes Yes Yes  Yes
110 (AM3) Yes Yes Yes Yes ('“’]T 2027- Yes Yes
111 (Am3) Yes Yes Yes Yes
112 (As1) Yes Yes Yes Yes
113 (As1) Yes Yes Yes Yes Yes Yes
114 (As1) Yes Yes Yes Yes Yes Yes Yes
115 (AS1)  [Yes Yes Yes Yes Yes Yes Yes  Yes
116 (As1) Yes Yes Yes Yes Yes Yes Yes Yes Yes
117(as2)  [Yes Yes
L18(AS2)  Yes Yes Yes Yes Yes Yes Yes
119 (AS2) Yes Yes Yes Yes Yes
120 (A52) Yes Yes Yes Yes
121 (As3) Yes Yes Yes  Yes Yes Yes Yes Yes Yes
122 (As3) Yes Yes Yes Yes Yes Yes Yes
123 (Asa) Yes Yes Yes Yes Yes  Yes
124 (As5) Yes Yes Yes Yes
125 (AS5) Yes Yes Yes Yes

Yes (from
126 (AS5) Yes Yes Yes 2024-1) Yes Yes

Table 3: Line configurations for the base solution

Base

F1F2 P R4 F5 6 ] P8 F9 FI0 F11 F12 F13 F14 F15 Fl6 F17  F18
11 (EU1) Yes Yes Yes ';;2(;’_"1')" Yes Yes  Yes
12 (ev1) Yes Yes Yes Yes  Yes  Yes
Yes (until Yes (until Yes (until Yes (until
13 (Ev1) Yes Yes 202(771] 202(7_1) zaz(n) Yes Yes 202(771) Yes
L(EU2)  Yes Yes Yes Yes ';;2(;"‘1']" ';;2‘;";')" V;;;;";r)" Yes Yes Yes Yes Yes V;;;g";')“ Yes
15 (EU2) Yes Yes Yes Yes ;z;z’]")m Yes Yes  Yes  Yes
16 (EU2) Yes Yes Yes Yes Yes Yes  Yes  Yes
17 (Am1) Yes Yes Yes Yes Yes Yes Yes
18 (Am1) Yes Yes Yes Yes Yes [INEIN ves
19 (Am2) Yes Yes Yes Yes  Yes Yes Yes Yes Yes  Yes
Yes (from
110 (AM3) Yes Yes Yes 073 Yes Yes
111 (Am3) Yes Yes Yes Yes
112 (As1) Yes ves Yes Yes
113 (As1) Yes Yes Yes Yes Yes Yes
114 (A1) VeS| Yes Yes Yes Yes Yes  Yes  Yes
L15 (As1) Yes Yes Yes  Yes Yes Yes Yes Yes
L16(AS])  Yes Yes Yes Yes Yes Yes Yes Yes Yes  Yes
117 (As2) Yes
L18(AS2)  Yes Yes Yes Yes Yes Yes Yes
119 (As2) Yes Yes Yes Yes
120 (AS2) Yes Yes Yes Yes
121 (As3) Yes Yes Yes  Yes Yes Yes Yes  Yes  Yes
122 (As3) Yes Yes Yes Yes Yes  Yes  Yes
123 (Asa) Yes Yes Yes Yes Yes  Yes
124 (As5) Yes Yes Yes Yes
125 (AS5) Yes Yes Yes Yes
Yes (from
126 (AS5) Yes Yes Yes Yosan) Yes Yes

The differences in demand and cost parame-
ters between the robust and base case also resulted
in varying line activeness, as illustrated in Tables
4 and 5. The same color logic as for the machin-
ery comparison is applied: green indicates lines
active only in the respective configuration, while
red marks lines that are shut down in the config-
uration, but active in the other.

The resulting network configurations lead to
different costs for aligning and operating the GPN.
Since these network configuration were derived
under different demand and cost assumptions,
a direct comparison of total costs would not
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Table 4:

Line
Activeness 2024-1 2024-2 2025-1 2025-2 2026-1 2026-2 2027-1 2027-2 2028-1 2028-2 2029-1 2029-2 2030-1 2030-2 2031-1 2031-2
Robust

Line activeness for the robust solution

11 (EV1) 1 1 1 1 1 1 0 0 0 0 0 0 0 0 o [
12 (EV1) 1 1 0 0 0 0 0 0 0 0 o 0 0 o 0 0
13 (EV1) 1 1 1 1 1 1 1 1 1 1 o 0 0 o 0 0
14 (EU2) 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
15 (EU2) 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0
16 (EU2) 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0
L7 (AM1) 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
L8 (AM1) 0 0 0 0 o 0 0 0 o o 0 0 0 0 0 0
19 (AM2) 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0
110 (AM3) 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
111 (AM3) 1 1 1 1 1 1 1 1 0 0 0 [ 0 0 o 0
112 (AS1) 0 0 0 0 0 [ 0 0 o [ 0 0 0 0 0 0
113 (AS1) 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
114 (As1) 1 1 1 1 1 1 o I o o J o o J 0 0
115 (AS1) 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
L16 (AS1) 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
117 (AS2) 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
L18 (AS2) 1 1 0 0 0 0 0 0 o 0 0 0 0 0 0 0
119 (AS2) 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
120 (AS2) 1 1 0 0 0 0 0 0 o 0 0 0 0 0 0 0
121 (AS3) 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0
122 (AS3) 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0
123 (AS4) 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0
124 (ASS) 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0
125 (ASS) 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0
126 (ASS5) 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Table 5: Line activeness for the base solution

Line
Activeness 2024-1 2024-2 2025-1 2025-2 2026-1 2026-2 2027-1 2027-2 2028-1 2028-2 2029-1 2029-2 2030-1 2030-2 2031-1 20312

L1(EV1)
12 (EV1)
13 (EV1)
14 (EU2)
L5 (EU2)
16 (EU2)
L7 (AM1)
L8 (AM1)
19 (AM2)
110 (AM3)
111 (AM3)
112 (As1)
113 (As1)
114 (As1)
115 (As1)
116 (As1)
117 (As2)
118 (As2)
119 (As2)
120 (As2)
121 (AS3)
122 (AS3)
123 (As4)
124 (AS5)
125 (AS5)
126 (AsS)

F R R R R R E R R ORRHOORRROOR LR LR H
F R R R E R ORHORRHEOORREROORR R L PR
FE R EEHNOOOORRROORRHOORRKEKLOR
F R E R E R OCOOCORHEHOORKRLOOR RO N
FH R ONRHNOOOORRROORRHOORRKHKLOR
HH M OOHROOOORHHOORKILOORE KON
LRl OOMOOOOROGROORLRLOOR L LBOR
LroroOOrROOOOROROORRROOCORKLBOR
LroocoorooOOOROROOCORROOORKLBOR
LroocooroOOOROROOCORROOOR KOO
Lroocooroo0OORGROOCORROOORROOO
Lroococorooco0ORBROOCORBOOCORROOO
roocococococococor@RocOrBOoOOOROOO
mooo0o0o0o00O0ORBROOOROOOOOROOO
moocoococococoor@ROOOROOOOOROOO
moococococoocoorBooooro000OOROOO

Table 6: Cost comparison between the base and
robust configuration

Cost Differences [€] Base C Robust C
Release costs 100.00 % 102.06 %
Upgrade costs 100.00 % 100.00 %
Fix costs 100.00 % 101.13 %
Build costs - -
Scrap costs for lines 100.00 % 99.72 %
Line reallocation costs - -
Feature reallocation costs 100.00 % 99.94 %
Total costs per period 100.00 % 101.05 %

be meaningful. Therefore, only the direct costs
associated with the here-and-now decisions are
compared, as they remain constant regardless
of the realization of uncertain parameters. The
corresponding results are presented in Table 6.



The implications of the identified differences
between the robust and base network configura-
tions are discussed in Section 5.

5 Discussion

The main advantage of the robust network config-
uration lies in the robustness of the here-and-now
decision variables across all identified future devel-
opments of uncertain parameters. However, the
degree of robustness depends on the number and
diversity of simulated scenarios. In the use case,
the representative scenarios included one with a
significant demand decrease between 2024-1 until
2025-2, and another with a slight demand increase
from 2025-2 to 2027-1. While the simulated sce-
narios included cases with a sharp increase in
demand at the beginning of the planning hori-
zon (Figure 6), this development was not retained
in the final set of representative scenarios derived
through clustering (Figure 8).

The elbow method, used to determine the opti-
mal number of clusters for the k-means algorithm,
has known limitations and may not always yield
the most meaningful partitioning [39]. Alternative
approaches, such as predefined cluster numbers
or the application of different clustering algo-
rithms, could improve the representativeness of
the resulting scenarios. Additionally, performing
multiple iterations of the DSS (i.e., simulation
and optimization cycles) could help to assess the
implications of a broader or more distinct (rep-
resentative) scenario set. This could either be
achieved by increasing the influences of the CDs
on RKFs or by fixating a predefined number of
clusters for the k-means algorithm.

Application of the framework within the opti-
mization module revealed that even a slight
demand increase in one representative scenario
(Scenario 2) led to extended activeness of two lines
to ensure feasibility. Furthermore, line L1 replaced
L3, and L14 replaced L15. Since the replacements
occurred within the same production sites, they
can be attributed primarily to utilization and real-
location efficiency rather than to direct costs, as
they are site-specific and thus constant. While
purchased machinery stayed identical, differences
in machine reallocations were observed. Table 2
and Table 3 show that the same machines are real-
located in the base and robust case, differing only
in timing or line assignment. This suggests that
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no major bottlenecks were identified, and that
variations result mainly from differences in line
utilization/activation patterns.

Overall, the use case demonstrates that even
minor configuration adjustments can improve the
robustness of network design, at an additional cost
of roughly 1%. The overall network configuration
remained largely similar, reflecting that the simu-
lated scenarios were closely aligned with the base
case, which had already been optimized for its
respective parameters. This indicates that, in the
absence of extreme scenario variations, the robust
optimization primarily fine-tunes line activeness
and machine reallocations rather than leading to
radical changes in the network layout.

6 Conclusion and Research
Perspectives

In summary, this paper presents a framework for
generating multi-scale scenarios (in time and type)
for production planning in GPN. Scenarios are
generated via a MCS executed in six steps, cov-
ering the definition of receptors, RKFs, CDs, and
CDIs. The MCS outputs the CDSs, comprising the
active CDs and their characteristics in each sce-
nario (i.e. iteration of the MCS), which are then
used to derive RKFSs representing the values of
every RKF per scenario across all time periods.
These RKF'Ss are subsequently clustered into rep-
resentative scenarios using the k-means algorithm,
which serve as input for specific use cases. The
scenario generation framework is integrated into a
DSS with broad applicability, as all inputs for the
MCS and clustering criteria can be flexibly defined
in the respective input sheets without inherent
restrictions.

The DSS is applied to a specific use case from
the automotive industry to validate the proposed
framework. An optimization module is incorpo-
rated for long-term planning of GPNs. The recep-
tors Costs and Demand are defined and the evolu-
tion of order volumes, variable costs and logistics
costs are simulated using the scenario genera-
tion tool. While order volumes and variable costs
are simulated on half-yearly slices, the volatility
of logistics costs necessitates monthly modeling.
Consequently, the scenario generation produces
multi-scale scenarios in both time (monthly for
logistics costs, half-yearly for variable costs and



order volumes) and in type (Demand and Costs),
which are used as input for the optimization mod-
ule. The robust network configuration derived
from these scenarios demonstrates that extend-
ing the activeness of two lines and adjusting
line configurations ensures feasibility across all
representative scenarios, increasing costs for the
network configuration by approximately 1%.

The quality of the clusters generated by the
k-means algorithm suggests that either the iden-
tification of the cluster number k (currently
determined via the elbow method) or the clus-
tering algorithm itself may be suboptimal. Future
research could therefore focus on (a) improv-
ing the clustering module for more meaningful
and intuitive clusters, and (b) enhancing trans-
parency by visualizing the key drivers behind
cluster assignments and exploring how clusters
would change with different choices of k.
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Appendix A

Table A1l: Defined Change Drivers for the use

case
1D CD Name Change Driver Probability Distribution Function Over Time _Influence Time
o1 Further escalation of US tariffs 05 Triangular(0,12,36) 2
02 Escalation of the China-Taiwan conflict 025 Triangular(0,18,38) 8
03 Labor costs in Germany rising faster than expected 035 Uniform(0,36) 999
Ccb4 Declining demand for German cars 06 Uniform(0,96) 24
o5 Chinese government subsidizes the production of 04 Triangular(12,24,48) "
automotive components by local companies
cpg  Global supply shortages due to extreme events (pandemic, o, Uniform(0,96) 18
environmental disaster, ...
co7 New global regulations increasing the product's demand 015 Triangular(0,24,48) 36
CcD8 Labor costs in Asia rising more slowly 0.25 Uniform(24,48) 999
o9 Minimum wage in Germany increases 03 Triangular(0,12,36) 999

Table A2: Defined Change Driver Influences for
the use case

1D CoI 1D CD RKFs Influence Type Influence Distril

coi1 cp1 Logistics Costs to US Relative Uniform(0.1,0.2)

coi2 cp1 Logistics Costs to US Relative Uniform(0.05,0.1)

coi3 D2 Logistics Costs China to EU Relative Uniform(0.05,0.15)

cola D2 Orders from Chinese Companies Relative Uniform(-0.15,-0.05)

CoIS D3 Variable Costs Europe Slope Uniform(0.03,0.05)

CDI6 b4 Orders from German Companies Relative Triangular(-0.2,-0.10,-0.05)

coi7 CDs Orders from Chinese Companies Relative Uniform(0.05,0.15)

coIg DS All Orders except Chines Companies Relative Uniform(-0.1,-0.02)

CDI9 CD6 All Logistics Costs. Relative Triangular(0.05,0.10,0.15)

coI10 CD6 All Orders. Relative Uniform(-0.25,-0.05)

o1 o7 All Orders. Relative Uniform(0.07,0.15)

CDI12 CD8 Variable Costs Asia Slope. Uniform(-0.02,-0.05)

Table A3: Initial line configurations
C .Llne F1 F2 F3 Fa F5 F6 F7 F8 F9 F10 F11 F12 F13 F14 F15 F16 F17 F18

L1 (EU1) Yes Yes Yes Yes Yes Yes
12 (EU1) Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
13 (EV1) Yes Yes Yes Yes Yes Yes Yes VYes Yes Yes
14 (EU2) Yes Yes Yes Yes Yes Yes
L5 (EU2) Yes Yes Yes Yes Yes Yes VYes Yes
16 (EU2) Yes Yes Yes Yes Yes Yes Yes Yes
L7 (AM1) Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
L8 (AM1) Yes Yes Yes Yes Yes Yes Yes Yes
19 (AM2) Yes Yes Yes Yes Yes Yes Yes Yes
110 (AM3) Yes Yes Yes Yes Yes
111 (AM3) Yes Yes Yes Yes
L12 (As1) Yes Yes Yes Yes Yes
L13 (As1) Yes Yes Yes Yes Yes Yes Yes Yes
L14 (As1) Yes Yes Yes Yes Yes Yes Yes
L15 (As1) Yes Yes Yes Yes Yes Yes
L16 (As1) Yes Yes Yes Yes Yes Yes Yes Yes
117 (As2) Yes Yes
118 (As2) Yes Yes Yes Yes Yes Yes Yes
119 (AS2) Yes Yes Yes Yes
120 (As2) Yes Yes Yes Yes
121 (As3) Yes Yes Yes Yes Yes Yes Yes Yes
122 (As3) Yes Yes Yes Yes Yes Yes Yes
123 (As4) Yes Yes Yes Yes Yes Yes
124 (As5) Yes Yes Yes Yes
125 (As5) Yes Yes Yes
126 (AS5) Yes Yes Yes Yes
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