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1. Bridging the human-tech gap in failure management

The beginning of the Fourth Industrial Revolution, or 
Industry 4.0, marks a transformative era in manufacturing, 
characterized by the integration of digital technology, data-

driven decision-making, and automated processes [1,2]. This 
shift has fundamentally redefined the interaction between 
human, technology, and organization, leading to significant 
advances in data analytics that are crucial for optimizing 
industrial processes and maintaining product quality [3-5]. 
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Despite these technological strides, the role of manufacturing 
operators within the value chain has often been underestimated, 
a gap that necessitates a reassessment in the context of these 
changes [1,6-8].

This oversight in the human dimension, especially regarding 
manufacturing operators, becomes evident when considering 
the impact of Industry 4.0 on operator perception and 
adaptability. Evolution has undeniably altered the human role, 
yet the integration and acknowledgment of this role within the 
value chain continue to be inadequately addressed. The 
increasing prevalence of automation, digitalization, and 
assistive technologies in production environments underscores 
the importance of understanding the effects of these changes 
from perceptual, cognitive, and psychosocial perspectives, as 
humans are still considered essential in almost all operational 
systems [6-10].

Our research addresses this gap by introducing a data-driven 
approach in failure management, aiming to integrate the 
manufacturing operator within the value chain. Leveraging 
decision support systems, this approach aligns technological 
advancements with the human element, establishing a 
comprehensive strategy for managing production failures. Our 
focus is not only on enhancing product quality but also on 
deepening the understanding and involvement of operators in 
production processes. Implementing the gained knowledge of a 
new methodology (see section 3) is expected to bring a 
balanced synergy between human, technology, and 
organization, essential for the success of production systems in 
Industry 4.0 [5,11].

2. State of the art for data- and expert-based decision-
making

Various process models and frameworks are available for 
initializing data analytics approaches. Above all, SEMMA 
(Sample, Explore, Modify, Model and Assess), KDD 
(Knowledge Discovery in Databases), the CRISP-DM (Cross-
Industry Process for Data Mining), and requirement-oriented 
adaptations of the latter have been evaluated for various 
application areas [12,13]. Even though these approaches enable 
the structured development of data analytics solutions, the 
challenges in initiating data-based decision support systems are 
only considered peripherally. 

Other research activities focus on more application-oriented 
approaches to data-based decision support. UNVER ET AL.
developed a framework for a support system in the context of 
failure prevention [14]. Considering the most critical attributes 
per station and their prioritization, a risk assessment is carried 
out for each workstation. The approach is based on the principle 
that high-risk workstations correlate with high failure rates. 
When calculating the risk values, the system relies on an expert 
assessment. RANSIKARBUM ET AL. proposed a framework to 
assist in the planning of additive manufacturing processes [15]. 
This framework uses AHP (Analytical Hierarchy Process)
based criteria weights and a multi-objective solution to provide 
the decision-maker with optimized schedules for the available 
production capacity. The approach according to YE ET AL.
focuses on decision support for risk management strategy 
selection in a multi-source data environment [16]. The aim is to 
reduce the risk impact and consequently increase the robustness 

of the supply chain. The core result is a dashboard that 
integrates information along the supply chain. 
GOPALAKRISHNAN ET AL. deals with real-time decision support 
for the maintenance management of dynamic production 
systems [17]. The high dependency on individual expertise and 
static measures is addressed through a data-driven machine 
criticality assessment. The framework according to ITO ET AL.
focuses on lean manufacturing using process data generated by 
sensors and programmable logic controllers [18]. Based on the 
Andon system, information is provided to support operational 
activities. 

Each discussed approach provides solutions for data- and 
expert-based decision-making across various domains. 
Although the feasibility of these approaches can be 
demonstrated, their usability is limited, or they are only 
applicable within their respective area of investigation. The 
derivation of a generally valid procedure for the initializing, 
implementing and optimizing decision support is challenging. 
Furthermore, it is necessary to investigate the transferability of 
these procedures to cross-value chain failure management.

3. Methodology

The central element of this paper is a structured methodology 
for the initialization, development and implementation of 
intelligent decision support systems in the context of cross-
value chain failure management. The following methodology 
enables manufacturing companies to implement data-driven 
decision making and automated processes. The specificity of 
the approach is characterized by a simultaneous top-down and 
bottom-up development approach. In addition to a scientific 
investigation, the results of the operational implementation 
were consolidated in a comprehensive process concept using a 
four-step approach. In the first step of initialization, potential 
use cases are identified and the project scope and strategy are 
defined. In the second step, the feasibility evaluation, a decision 
on the project realization is made. Following the decision-
making process, the solution is developed. Furthermore, the 
developed approach is continuously improved, and the 
knowledge generated is maintained.

3.1. Step 1: Initialization

The implementation of an intelligent decision support 
system starts with the identification of promising use cases. 
This paper examines challenges for cross-value chain 
approaches, including interfaces with suppliers and customers. 
The investigation of existing processes, well-known challenges 
in the production process or already defined strategic 
development trends are considered to identify potential for the 
initialization of data-based decision support in failure 
management.

Various business process modelling methods can be used for 
a structured analysis of the initial situation. Even at this early 
project phase, it is crucial to involve various stakeholders. On 
the one hand, this involvement can consider the heterogeneous 
compilation of extensive expertise and functional, 
organizational and corporate requirements from different 
levels. On the other hand, early involvement promotes 
commitment to the project and the solution to be implemented. 
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A holistic view of relevant processes, underlying correlations, 
data sources and associated information flows helps to create a 
uniform understanding of processes and data. In addition, the 
detailed analysis of existing mechanisms, procedures, and 
systems provides extensive insights into how to leverage 
optimization potential.

In this context, discussing an idealized target state (also 
known as ‘big picture’) is beneficial, especially if a cross-value 
chain approach is pursued. Information sources from the 
supplier and usage levels should be included in data-based 
failure management approaches, as these are more likely to 
require additional effort in terms of sensors, systems, recording 
mechanisms and communication interfaces to provide the 
necessary product, production, usage, sustainability and value
chain information. The objective is to incorporate the 
company’s entire quality and failure knowledge from a data-
and expertise-oriented perspective.

An essential prerequisite for successful project initiation is 
setting clear objectives and strategies, considering existing 
organizational requirements and existing digitalization 
initiatives. A well-defined objective enables enhanced project 
control and impact assessment. Furthermore, the pursued 
strategy will influence the subsequent implementation effort. 
The degree of transformation can vary via different levels and 
stakeholders involved, as well as the degree of automation of 
decision support and the value creation stages to be included.

The first stage should conclude with a selection of well-
defined use cases whose feasibility is subsequently examined 
and prioritized.

3.2. Step 2: Feasibility evaluation

After identifying potential use cases, a decision must be 
made on the most promising approach since entrepreneurial 
resources can only be freed up to a limited extent. Therefore, a 
selective investment decision must be made in terms of cost-
effectiveness and the overall success of the company. In 
addition to financial resources, particular consideration must be 
given to process and employee capacities required as part of the 
development and implementation processes. The initiation of 
data-based solutions is a transformative project that, at least 
initially, conflicts with established core activities. To minimize 
the risk of high costs or unforeseeable hurdles and ensure the 
achievement of the project’s objectives, it is essential to 
analyze and evaluate prerequisites and potentials, which 
significantly influence the project’s success or failure. The four 
generalist dimensions of acceptance, process, data, and 
infrastructure, which are divided into further sub-aspects [20], 
should be considered for a structured assessment of the existing 
prerequisites for initiating data-based quality analyses of the 
use cases in the field of action. The dimensions and associated 
sub-aspects are explained below.

The Initial phase of project initialization highlights that 
stakeholder acceptance, both direct and indirect, is a critical 
factor for project success. This applies not only to the 
management’s commitment but also to the potential users of 
the planned approach. The initiation of data-based decision 
support can mean a disruption to the familiar working 

environment and procedures. Trust in the systemically 
generated information must also be established. The existence 
of a positive change culture, which enables countermeasures to 
be initiated even in the event of resistance, is the foundation for 
a successful development procedure.

The process dimension considers the scope of the use case. 
As the number of work steps and interfaces increases, so does 
the complexity of the decision support system. Accordingly, 
the given circumstances must be considered, as subsequent 
enabling efforts rise proportionally with the increasing 
complexity of the approach. E.g., the fundamental stability of 
the examined processes is a prerequisite for generating reliable 
data. In addition, the processes to be included should meet the 
technical and organizational requirements demanded by the 
introduction of decision support. If there are deficiencies, the 
conditions must first be addressed before developing a data-
based solution can proceed. Data analysis approaches that have 
already been successfully established can have a positive 
effect. This is because, on the one hand, users already have 
experience, and, on the other hand, in this specific case, the 
technical requirements have already been created.

An evaluation of the available data is the most critical 
component. Data should be available in sufficient quantity. The 
need for further data and associated collection and 
documentation mechanisms already results from the previous 
considerations of the project initiation (see Step 1) but should 
be considered at the latest in the context of this detailed 
analysis. In addition to the quantity, the quality of the data must 
also be taken into account. Although a detailed examination of 
the completeness, clarity, correctness, accuracy, actuality and 
consistency will be carried out in the following step (see 
step 3), an estimation should already be undertaken. Further 
aspects to be considered are the existing expertise in handling 
data and data-based analyses and the potential for data 
integration, which can be characterized by existing data 
structures and accessibility.

Finally, the infrastructure must be factored into the 
evaluation process, which includes software and systems, 
embedded hardware, sensors and the general storage and data 
infrastructure. Furthermore, the existing degree of automation 
or digitalization can influence the approach success. Similarly,
to the data dimension, existing expertise regarding the handling 
of the infrastructure facets influences their adaptability and the 
project’s success and must, therefore, be included in the 
decision-making process.

The prerequisite check can be used to assess the benefits of 
the solution to be initiated. If this is positive, the following 
procedure can be pursued. 

3.3. Step 3: Solution development

In our preliminary work, the DEFMP (Data-Enabled 
Failure Management Process) was developed, focusing on 
implementing data-based approaches in existing failure 
management structures and consisting of two interconnected 
control loops [19]. The inner control loop reflects routine 
reactive and proactive failure management procedures, which 
build expertise in failure handling and quality knowledge. 
Considering procedural and organizational requirements, the 
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outer control loop facilitates the development of data-based 
solutions and their transfer to routine operations. Building on 
the previous findings, the development process of intelligent 
decision support systems for failure management is specified 
below [19]. 

Following the decision for project execution, the underlying 
use case is further investigated and analysed. In particular, the 
relevant influencing variables and parameters are defined, and 
a comprehensive understanding is created based on the findings 
of the initialization step. The remaining gaps in the data 
provision and system landscape must be addressed according 
to the identified need for improvement, such as by introducing 
additional sensors or mechanisms of data acquisition. Data 
availability and usability must be ensured through data 
integration measures. Cross-value chain failure management 
demands merging different failure, product characteristics, and 
product population databases to a coordinated parameter setup 
of various data sources and the available failure knowledge. 
The data to be integrated and the degree of automation of data 
provision can be adapted and expanded as the project 
progresses, e.g., by including further master data and additional 
location data mapping to failure events (see section 3.4 and 4). 
Ensuring the required data quality for the subsequent modelling 
phase is critical for the validity of the decision support system. 
Nevertheless, this is not the paper's focus; we refer to relevant 
literature. 

To develop the foundation for decision support, the 
database is analysed to identify failure patterns concerning 
different life cycle issues and relevant characteristics. 
Correlation analyses, as well as similarity and separation 
analyses, serve this purpose. The systematically identified 
failure patterns and the influencing factors that affect them are 
validated through discussions with experts and, if necessary, 
adapted to the quality knowledge. The linking of failure 
patterns, influencing factors and expert knowledge results in a 
model that can be implemented in existing failure management 
mechanisms for decision support. 

Introducing systematic approaches into established 
procedures can be characterized as disruptive transformation. 
As mentioned previously, early involvement of key
stakeholders and a progressive development approach are the 
cornerstones of successful implementation. Accordingly, agile 
development based on an MVP (minimal viable product) 
approach aims to facilitate successive deployment while 
incorporating user-specific requirements. This approach 
ensures that the decision support provides application-oriented 
value and can be integrated according to established 
procedures. The initially reduced system complexity simplifies 
its integration into current operations. The data supply can also 
be performed manually to facilitate a rapid validation approach. 
Data set extension or automated data provision and connection 
to the system structure follow after the solution has reached a 
high development stage. This reflects the continuous 
improvement approach of the DEFMP [19]. 

From an operational perspective, this is realised by 
applying the initial findings generated by the models to simple 
visualization dashboards or mock-ups, which are continuously 
improved in line with expert feedback. On the one hand, this 
focuses on the functionality and benefits of the system output, 
e.g., visualization. On the other hand, the comprehensiveness 
of the generated information and the degree of automation of 
decision support can also be increased by considering 

additional data sets and implementing extended functionalities 
such as anomaly detection, status diagnosis and forecasting. A 
possible staging of the progressive system automation is shown 
in Table 1.

Table 1: Staging of the progressive system automation

It should be noted that reaching the highest automation 
level of decision support is optional, as the marginal benefit can 
decline with increasing complexity. It is conceivable that 
approaches to uncovering and visualizing simple correlations 
already provide significant benefits to support employee 
activities, but a more comprehensive provision of information 
does not have the desired effect. Accordingly, the degree of 
automation must be weighed up depending on the use case's 
requirements and the technological, organizational, and 
cultural prerequisites. Regardless of the chosen automation, the 
implementation of the system into the existing infrastructure 
needs to be supported by sufficient employee qualification.

3.4. Step 4: Knowledge Management

As the decision support is incorporated into existing 
mechanisms and the underlying infrastructure, the knowledge 
transfer must equally be considered to enable a continuous 
accumulation of quality knowledge and, thus, the preservation 
of expertise. Corresponding database structures must be 
adapted to the data usage requirements according to the 
company’s digitalization objectives. Furthermore, standardized 
processes must ensure a user-friendly accumulation of quality 
knowledge. In this context, success factors can be defined. A 
decentralized approach is suitable to facilitate compatibility 
with established structures, enabling superordinate access to 
corporate databases and reducing the occurrence of isolated 
solutions. In addition, department-specific requirements on the 
knowledge base can be incorporated. The definition of distinct 
responsibilities in the form of power users is recommended to 
stabilize data maintenance and ensure data actuality. These can 

Level Description

1 Built an analyzable data model/provide mapping: availability 
of failure, production and quality databases (see section 4)

2 2.1 Merge information/data, incorporation of (analog) 
information via labeling (see section 4)

2.2 Prepare quantity structures and analysis: build (basic-) 
reporting (see section 5)

3 3.1 Identify anomalies via failure models: preparation of focal 
points, clusters and individual tracking (see section 6) 

3.2 Expand analysis: identify trends, clusters 
(similarities/patterns), automated highlighting of topics: set-
up employer incentive scheme (see section 6)

4 4.1 Diagnosis & prognosis: determine detailed cause-and-effect 
relationship analysis (see section 4)

5 5.1 Pair automated knowledge processing with daily analyses and 
discussions: establish communication & quality circles (see 
section 5 and 6)

5.2 Derive measure recommendation: establish utilization for 
PDCAs, e. g. due to automated suggestions for handling 
failures (see section 5)

6 Building usable knowledge database: utilization and 
preserving of built up knowledge (future task)
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be defined on a departmental, functional or service-oriented 
basis. The standardization and unification of processes enables 
users to understand and familiarize themselves with the 
respective processes. Integrating experience into the 
continuous process of building and maintaining quality 
knowledge is particularly important for long-term use and 
application. Robust and intuitive feedback mechanisms must 
be provided to achieve this.

4. Use cases for integrating AI and expert knowledge into 
failure management

Currently, the expertise of process experts significantly 
influences the results and the course of failure management in 
production processes. Therefore, there is also a particular
dependency on technical contacts. The failure management 
process in this use case, implemented by an application partner 
of the research project “value chain” [21] is currently supported 
by systems that support the entry and processing of rework to 
rectify failures. In production employees at the assembly line
use the system to enter failures manually into a database. 
Failures rectified through rework can then be removed from the 
system. The failure-free vehicle is then ready to be handed over 
to the customer. In the usage phase, failures are recorded by 
service workshops and service requests, e.g., via SAP. Based 
on the information, repair procedures with labor costs and, if 
necessary, spare parts orders are released for the workshop to 
repair the vehicle. 

However, these systems have their limitations. They lack 
the capability to perform complex data analysis, such as 
combining product characteristics with market characteristics. 
The system queries are one-sided, focusing on specific aspects 
like the occurrence of all E-entries for a particular VIN (vehicle 
identification number). To overcome these limitations, 
additional BI (business intelligence) solutions are required to 
analyze the result lists.

Methods currently in use can detect anomalies in data 
progressions by defining and monitoring threshold values,
mainly in two dimensions: accumulations (counts) and 
expenses (costs). However, for anomaly detection to work, an 
expert must define a threshold value, e.g., for each machine 
type so that a warning can be issued. 

The extensive range of variants of commercial vehicles 
presents a significant challenge. This complexity makes 
production processes prone to failures, both during production 
and customer operation. Extensive measures are in place to 
avoid or detect failures early and correct them. However, the 
product complexity associated with the range of variants often 
leads to failures occurring during the product audit or even later 
in the field at the customer's premises. The later a failure is 
detected, the more rework is required, and if a failure occurs at 
the customer's level, it affects satisfaction and perceived 
quality. The extent to which the product variant itself influences 
the failure pattern is often unknown due to the high system 
complexity, further complicating the issue.

The aim is to avoid failures in the best possible way through 
adapted processes and support such as automated 
recommendations or, if avoidance is not possible, to detect 
them as early as possible to ensure the supply of high-quality 
products. In this context, the focus is on investigating failure

patterns and identifying influencing factors as well as product 
variants and customer requirements. The recorded failures can 
come from quality assurance/production, the product audit or 
the field. Influencing factors (including the product 
configuration/variant) should be identified separately according 
to these levels. On this basis, recommendations can be derived 
for design, production or sales regarding the variants, for 
example. This also makes it possible to identify vehicle variants 
with high consequential costs in production or operation. 
Failures in the battery and/or electrics/electronics can 
subsequently be considered specific failure clusters for possible 
detailing and concretization.

For this purpose, event data compared with production 
population from failure management systems and enterprise 
resource planning systems were systematically processed, 
evaluated and assessed based on their influencing factors. 
Aggregated expert knowledge is used to evaluate the failure
clusters and influencing factors identified in this way regarding
a further cause-and-effect analysis. Furthermore, this expert 
knowledge was included in the assessment models via rule-
based and preference settings for specific user purposes or 
assessment levels. With this, the results obtained from the data
analysis and expert evaluation were transferred into a set of 
rules in order to make it usable as a knowledge database for 
reporting as well as measures and recommendations for action 
at hand to have an automated monitoring and evaluation 
support tool for handling and justify complex decision. 

Bayesian probabilistic models were used to implement of 
the decision support system in the field and production quality 
management. These models are particularly useful because the 
(prior) expert knowledge that has been built up on side of the 
manufacturer company can be considered by defining 
probability distributions for relevant parameters of a model 
based on this knowledge. These types of models were set up 
for predictions regarding the expected value of failures
(quantity) and failure patterns (in relation to the affected object 
and the type of damage; quality) as well as conversions to 
rework times. As a result, position and uncertainty parameters 
are output. These can then be used to calculate and monitor set 
characteristic and limit values, determine anomalies and carry 
out scenario calculations using forecasts over time. The 
approach implemented is the use of many small, simple 
regressors and a subsequent majority decision. This procedure 
is also known as boosting.

The iteratively learned models thus offer the possibility of 
no longer having to evaluate anomalies, diagnoses and 
forecasts with regard to failure patterns purely based on
frequency (number of failures) and impact (cost level). Instead, 
a differentiation is made according to vehicles, model series, 
product specifications and equipment (e.g., also via special 
customer requests).

An evaluation was carried out using two exemplary use 
cases. One of these use cases focuses on the development of a 
tool for criticality assessment as a decision support tool for 
quality assurance for vehicles in the field. The aim is to identify 
relevant failure clusters at an early stage in order to initiate 
measures to overcome failures in the field. The other use case 
focused on a support tool for finding measures to prevent 
failures in production. In this use case, a demanding production 
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process that is particularly prone to failures was analyzed due 
to its sensitivity to different environmental factors and 
production parameters. Threshold values were developed with 
the employees to identify potential sources of failure more 
quickly and initiate suitable measures. A decision support 
system aims to help employees identify failures and actively 
develop suitable measures.

When working on the project's use cases, actively involving 
the users in the editing process was crucial. The project 
activities focused on relieving and supporting employees in 
complex decision-making processes. The project activities 
focused on relieving and supporting employees in complex 
decision-making processes. The overarching goal is not to 
replace employees. Instead, the employees along the value 
chain are a central component of the development process. The 
solutions were developed with the employees to fulfil their 
requirements optimally. This makes it possible to optimize the 
workload of employees.

5. Results 

AI-supported production models were set up as a support 
tool that identifies deviations and failure causes. These models 
were used to determine trends and influences on key production 
figures. Additionally, information based on work notes and 
comments was added to explain automatically detected 
anomalies and deviations. Based on the support tool results, in-
depth analyses of operating days and products were carried out 
to derive measures for failure control loops and thus improve 
key figures and avoid failure patterns. 

The tool made it possible to introduce an ad hoc measure in 
(after) sales that saves money by avoiding returns from the area 
of a specific configured product. Even with a conservatively 
calculated business case, the system already has a return on 
investment after a few years, including tailored adjustments to
the production layout, visualization preferences and data of the 
respective user companies. Similar results can also be expected 
in the production use cases. Here, the insights gained from the 
tool for a better understanding of failures as well as the 
generated and implemented recommendations for action could 
contribute to ad hoc improvements by reducing rework time. 
The first time savings are already becoming apparent. In 
addition to time savings, monetary savings are also expected 
here. However, it should be noted that around a third of the 
savings per year will be offset or consumed by implementing 
the troubleshooting measures by integrating additional 
personnel into an additional quality gate.

Every (new) system introduction means additional work for 
the employees involved. At an operational level, this is due to 
the costs of training, familiarization, transfer and conversion of 
working methods. In order to minimize friction losses right 
from the start, the users of the system were supported in having 
the first reports available automatically, so that the conversion 
effort initially relates to a review of the generated results, which 
the employees would otherwise have created themselves.

An evaluation with users showed a reduction in the time and 
effort required for the traditional tasks of employees when 
creating reports. Consequently, a significantly higher potential 
was determined, making the decision support solution 

profitable considering the effort required and the operating 
costs incurred.

Even more significant savings can be achieved through 
increased integration levels in the company´s and group-wide 
infrastructure such as databases and business intelligence 
solutions.

6. Discussion

These use cases significantly influence the understanding 
and knowledge of influencing factors and causes of failure 
patterns at various stages in the product life cycle (here, 
production and use in the field). The user companies involved 
can now use the findings and recommendations to refine the 
various cause-and-effect relationships of the highly complex 
process and products and increase the degree of failure 
prevention through appropriate precautions and measures in 
their cross-value chain. Accordingly, rework costs in 
production and service workshops, spare parts costs and the 
impact of early field failures in particular, which significantly 
influence customer satisfaction, are reduced. 

Close collaboration with all user groups, including 
management and end-users, was essential throughout the 
introduction of the decision support system. The determined 
requirements were frequently reviewed with a key user group 
of all affected departments. Key users must promote and inform 
colleagues internally regarding the system's potential to support 
user acceptance. Likewise, a gradual system introduction, 
starting with automated report generation of conventional KPIs 
(key performance indicators), ensured the vital interest of the 
end users in the entire project. As the system already reduced 
manual activities in quality management, advanced functions 
such as data-enabled anomaly detection were met with interest 
and important user feedback instead of skepticism and 
rejection.

The integration of databases across the enterprise enabled a 
variety of new findings in the detection of anomalies and failure 
clusters. Field and variant specification data combined with 
production data provided practical insights into standard 
features prone to failures. This data integration, while highly 
challenging due to the variety of stakeholders and different 
systems, is essential for data-enabled failure management. 
When integrating different databases to enlarge the scope of the 
failure management system, it is essential to implement 
visualizations that help gain a deep understanding of the data. 
Common KPIs and visualizations focus on costs and the 
number of occurrences of specific events over time. In addition, 
visualizing relevant changes over time was highly influential in 
responding rapidly to a new failure type.

With the help of the developed decision support system, 
significant rework costs were saved, the failure management 
process in the field was improved, and the failure culture was 
strengthened. In this respect, the software-based support tool 
provided many employees and stakeholders in failure 
management with the same insights. This means that sightings 
can be shared, evaluated and managed more efficiently. All 
stakeholders can now report their insights on detected 
anomalies and thus continuously improve the process according 
to the principles of Kaizen and PDCA (Plan-Do-Check-Act). 
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Finally, the tool also offers the possibility of pointing out failure 
problems early and displaying them promptly and involving 
employees at the shop floor level in failure handling and 
preventive failure rectification. The tool thus offers the 
potential for setting up incentive programs and motivation 
campaigns by highlighting and appreciating positive anomalies, 
such as the significantly better performance of a segment or 
work cycle in relation to the occurrence and/or elimination of 
failures. This supports transparency in reporting shortfalls or 
fulfilment of set quality indicators, which can be carried out 
during the day to obtain direct control options on production or 
operating days.

By breaking down data silos and the associated processing 
systems and BI solutions, the chosen approach and the solution 
developed within the research project "value chAIn" [21] can 
be used and exchanged across the value chain. E.g., the findings 
from the analysis of field failures could be transferred to 
production, development and suppliers with significantly less 
effort than before.
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