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Abstract. The potential of data analytics to improve business processes
is commonly recognized. Despite the general enthusiasm, the implemen-
tation of data-driven methods in production environments remains low.
Although established models, such as CRISP-DM, offer a structured
process in order to deploy data analytics in the industry, manufactur-
ing companies still need to choose a starting point, assess the business
benefit, and determine a pragmatic course of action. In this paper, we
introduce an approach to handle these issues based on a case study from
automotive manufacturing. The results are discussed based on a set of
requirements derived from the case study.
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1 Introduction

Globalization, shorter product life cycles, and rapidly changing customer needs
lead to increasing competitive pressure in the manufacturing industry [1]. In
addition to the high product quality and variety, flexibility and short delivery
times are also important success factors [2]. Thus, efficient and continuously
improved production processes are key prerequisites for a manufacturing com-
pany to become and remain successful in the market [3]. In other business sectors,
especially e-commerce and internet based services, big data computing and ana-
lytics are successfully used for data driven process optimization [4]. This fact
puts forth the potential of data driven optimization as a means to boost busi-
ness processes. Manufacturing companies can also exploit this potential and use
data driven optimization in order to meet the ever increasing demands.

In most cases, companies use the bottom-up approach, where business-relevant
knowledge is searched in all the available data, for example, by using data min-
ing techniques [5]. This approach is characterized by insufficient focus on specific
business objectives and strategies of the respective company, as well as relatively

c© Springer International Publishing AG, part of Springer Nature 2018
W. Abramowicz and A. Paschke (Eds.): BIS 2018, LNBIP 320, pp. 3–14, 2018.
https://doi.org/10.1007/978-3-319-93931-5_1

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-319-93931-5_1&domain=pdf


4 R. Ghabri et al.

high investments. Furthermore, the bottom-up approach might be over engi-
neered for the use for production processes, since the semantics and structure of
the generated data are usually well known.

Another well-established alternative is the top-down approach, where selective
gathering and analysis of data are conducted solely based on specific business
goals [6]. This approach bears the risk of missing business relevant knowledge
and leaving lucrative optimization potential unlevered.

In both cases, having access to important amounts of data and disposing of
powerful IT-Tools do not necessarily lead to a successful data driven optimiza-
tion. In addition, companies must also embrace an efficient course of action to
ensure (i) a sufficient focus on the strategic company goals, while (ii) still lever-
ing every business potential, and (iii) maintaining a reasonable expense-benefit
ratio. For the mentioned reasons, the bottom-up and top-down approaches do
not deliver optimal results. To antagonize these problems, there needs to be a
strategic course of action, which combines the advantages and avoids the dis-
advantages of both. In this paper, we introduce our idea of a hybrid approach
to achieve maximum benefit out of data-driven optimization and support it
with a real-life case study from the production of car electronics. An in-depth
description of the associated steps in order to apply the hybrid approach as a
methodology will be delivered in a subsequent paper.

The remainder of this paper is structured as follows: Sect. 2 describes the
background and related work. In Sect. 3, a case scenario is described, which is
used to derive requirements for our approach. Section 4 contains the main contri-
bution of our paper: a hybrid approach to implement data driven optimization
into production environments. In Sect. 5, we discuss to what extent the hybrid
approach meets the requirements of the case scenario. Finally, Sect. 6 concludes
the paper and gives an outlook on future work.

2 Background and Related Work

In recent years, procedures have been developed to integrate data-driven opti-
mizations into existing IT and process environments of companies. Usually, these
approaches are either classified as bottom-up or top-down. This classification
originates from the widely used big data pyramid [7,8], which is depicted in
Fig. 1. The bottom layer of the pyramid, the data layer, represents low level
data, which can be stored into different, distributed, heterogeneous IT systems
or even into so-called data lakes [9,10]. The low level data can then be processed
and aggregated, for example, by applying data mining techniques [11], in order
to generate information, which is represented through the second layer of the
pyramid. This information describes interesting, previously unknown patterns
in the data. Interlinking this information and combining it with domain specific
expertise leads to the third layer of the pyramid, which represents business rel-
evant knowledge. This knowledge can be used as a basis for further actions in
order to reach company goals, for example, by purposefully altering the busi-
ness processes. A pass through the pyramid in Fig. 1 can be carried out either
according to the bottom-up or the top-down approach.
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Fig. 1. Top-down vs. bottom-up approach

In the bottom-up approach, raw data produced by heterogeneous distributed
systems is used as a foundation to derive knowledge that can, for example, lead
to the adaptation of processes to increase their efficiency. A precondition for this
approach is a holistic, consistent foundation of data to extract or compute infor-
mation and, consequently, the desired knowledge. For this purpose, data mining
techniques can be used in order to recognize interesting patterns in the data. An
approved methodology for this is the Knowledge Discovery in Databases (KDD)
process as introduced by Fayyad et al. [12]. The bottom-up approach works well
in approaches where the data sources and the goals that should be achieved by
data analytics are well-know, e.g., when executing previously modeled data flow
pipelines [13] or recognizing situations based on context data [14,15].

However, once a company chooses to apply the bottom-up approach for data
driven optimization, it is confronted with a major issue: there is no warranty
that all the efforts lead to good results, and, furthermore, there is no reference,
which results should be achieved in order to consider the project successful.
Furthermore, the recognized patterns in the data may even be misleading, or
may be interpreted in a wrong way, leading to no improvements or even to a
worsening of the business processes.

On the other hand, the top-down approach builds on specific company goals,
which have been derived from a thorough analysis of the enterprise’s business
processes and IT systems. Based on the specific goals, suitable data and adequate
analysis techniques are purposefully selected. The top-down approach is a target-
oriented methodology and is more likely to lead to useful results. However, it
comes with the risk of missing important information due to the specific, narrow
view on the data. Besides, it can be very difficult to decide which data can be
considered as relevant to reach the defined goals.

In summary, the bottom-up and top-down approaches have their respective
advantages and shortcomings. With the hybrid approach, we aim for in this
paper, we use a combination of both approaches to emphasize their advantages
and avoid their disadvantages.
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Fig. 2. Using data analytics in the case scenario (bottom-up approach)

3 Case Scenario and Requirements

In this section, we depict the need for a hybrid approach and present one instance
of its usage by describing a real-world case scenario from the automotive indus-
try, more specifically from the production of car electronics. Based on this case
scenario, we derive a set of requirements for our approach.

3.1 Case Scenario

The increase in complexity of modern cars electronics in terms of architecture,
performance, and communication data is one of the reasons why their production
processes become more and more challenging for automotive manufacturers [16].
In this case scenario, a large automotive manufacturer aims for improving its
electronics production processes in several manufacturing plants. The electron-
ics production processes are the steps of the final assembly, which consist of
mounting all the electronic components of the car, flashing the electronic con-
trol units with the customer specific software, calibrating the driver assistance
systems, commissioning as well as conducting the functional and final testing for
all of the electronic components of the car.

In order to improve this part of the product creation process, it is advis-
able to consider the preceding steps as well. Thus, we are looking at a process
chain, which reaches out from technical development, through production plan-
ning, up to the operational production. In this case scenario, the process chain
is consistently digital, and therefore, generates large amounts of detailed data.
This data is usually decentralized, inhomogeneous, and includes detailed infor-
mation about the product, the development, logistics and production processes,
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as well as the used equipment and infrastructure. By the means of data driven
optimizations, the automotive manufacturer seeks to gain deep, numerically sup-
ported understanding of the interdependencies within the selected business pro-
cesses and identify improving potentials, as well as deduce an adequate course
of action to exploit this potential. Using data analytics (cf. Fig. 2), the man-
ufacturer aims at reaching optimization goals, e.g., a course of action towards
improved processes.

At the beginning of this project, the responsible employees of the car man-
ufacturer are confronted with the task of gaining and keeping a perspective of
the large amounts of inhomogeneous, apparently incoherent data. Furthermore,
several factors make it difficult to decide, which data sets should be considered
significant for the analysis. First, the examined business processes show a lack
of transparency due to their high complexity and the numerous interdepartmen-
tal interfaces. Secondly, the documentation of the processes and the meta data
might show some incoherency. Lastly, the conjunction of data sources is not
always conducive, which can undermine data with a potential for business rele-
vant knowledge. These conditions render the data preprocessing and integration
a cumbersome task that can also affect the motivation.

Company goal

Knowledge

Information

Data

secure the electronis production
during the ramp-up phase

Interdependencies between:
processing lead times
first pass yield
productivity

cycle time, count of rework, output, 
throughtput, employee and machine hours

result entry, DB-record, XML, logs, …

Fig. 3. Top-down approach for the case scenario

As mentioned in Sect. 2, the bottom-up approach starts with collecting and
storing all available data. The architectural and structural components of an
adequate IT-solution for this job are usually a huge financial investment, while
it is not clear, whether process improvements would occur and if they would
account for company goals with high priority. This uncertainty makes the budget
clearance for such projects more difficult. Additionally, the company would have
to commit to a certain IT-solution prior to conducting a spike test to ensure the
feasibility and the suitability. Here lies a risk that the IT-solution would emerge
as unfit for the business and operating environment of the company [17].

Applying the top-down approach in this case scenario would start with defin-
ing a specific company goal, e.g. securing the electronics production during the
ramp-up phase of a new car model. Based on this given goal, the necessary
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knowledge needs to be determined. For instance, the interdependencies between
the processing lead times, the first pass yield, and the productivity of the whole
production plant or of a single work station should be useful. The next step is
to specify the information, which would lead to the needed knowledge. In this
case, the information about the cycle time of a single operation, the count of
rework and mistakes, the output, the throughput and the number of employee
and machine-hours should be considered. Up to this point of the data driven
optimization, it is irrelevant, which IT-tools and architectural components will
be used. For the transition from the information layer to the data layer it is,
however, necessary to determine the right data sources, design the information
model including metadata management, as well as to conduct the adequate data
processing. Therefore, it is necessary to make a decision about the IT-solution
to be employed. Using the top-down approach for this example is depicted in
Fig. 3.

While the top-down approach is more likely to help the company reach its
optimization goals, its scope of action is limited to one single issue. Thus, using
this approach only allows a parochial view of the data and the improvement
potentials, rather than considering the wider context. For instance, when the
top-down approach is used in the example above, important insights, such as the
impact of the infrastructure on the processing lead time, would remain unde-
tected. Besides, by focusing on a given goal, the domain experts in the company
miss out on an opportunity to expand their domain knowledge and discover
previously unknown interdependencies within the process chain.

In summary, both approaches cannot provide a satisfying solution for the
usage of data analytics in order to improve production processes of this or other
scenarios. In the following section, we derive a set of requirements to cope with
the mentioned issues, which build the foundation of our approach.

3.2 Requirements

The hybrid approach, we aim for in this paper, minimizes the risks and com-
bines the advantages of the approaches described above. We define the following
requirements for our approach:

– (R1) Contribution to high-priority company goals: The hybrid approach needs
to ensure that the data driven optimization is set up to contribute to strategic,
highly prioritized goals of the company. Thus, the first step of the approach
must consist in defining a concrete outcome of the project. By doing so, it
is possible to evaluate and rank a specific data driven project based on the
company’s current priorities.

– (R2) Full development of the potential for improvement: The hybrid approach
must ensure that the data analysis reveals every worthy room for improve-
ment: as a counterpart for the pragmatic implementation, the long-term
expectation out of data driven optimization is to look into every potentially
value-adding insight.
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– (R3) Optimal cost-benefit ratio: The hybrid approach aims to achieve an opti-
mal cost-benefit ratio out of data driven optimization: it avoids investments
with a long payback period. Instead, it relies on incremental investments with
many “low-hanging fruits”.

– (R4) Promotion of feasibility: The approach must promote the feasibility of
data driven optimization within the business- and operating-guidelines of the
company: data driven optimization is not conducted for its own sake, but
rather to bring a practical benefit for the company. Therefore, they should be
conducted pragmatically and with minimum distortion of the core business.

4 Hybrid Approach for Data Driven Optimization

The goal of this paper is an approach to implement data driven optimization
into production environments, while minimizing the disadvantages and high-
lighting the advantages of the established bottom-up and top-down approaches.
The hybrid approach consists of a purposeful, structured alteration and combi-
nation of the top-down and bottom-up approaches in order to join a motivating
effectiveness with a holistic performance, and at the same time to avoid high,
uncertain investment. Initially, a set of use cases are concluded in the style of the
top-down approach. In addition to fulfilling the specific purpose of the use case,
each successful execution will reveal business-valuable data sets. These are the
data sets which evidentially lead to profitable knowledge for the company. Such
data sets are referred to as data treasures in the context of this paper. Using the
bottom-up approach, the data treasures are then analyzed and the contained
information is correlated in order to gain insights beyond the discrete use cases.
In doing so, companies can ensure a maximum benefit out of data-driven opti-
mizations while holding the risks at a viable level. Figure 4 shows the steps of
the hybrid method, which is explained in the following sections.

4.1 Derive, Prioritize and Execute Use Cases

The first phase of the hybrid approach is based on the top-down approach. As
mentioned in Sect. 2, this approach begins with the definition of a business goal
that is in line with the company’s strategic objectives. Queries with a direct
reference to the production field are then derived from the business goal. The
queries should be formulated as precisely as possible, and the corresponding
frame conditions should be specified in order to answer them in the context
of specific use cases by using analytics techniques. We suggest the following
references in order to convert a query into a manageable use case:

– Which type of analytics, i.e., descriptive, diagnostic, predictive, or prescrip-
tive [18], is suitable to answer the respective query?

– What are the key performance indicators, parameters and influencing factors
involved in the query?

– Is the underlying data already available and, if not, what needs to be done
to make it available?
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Fig. 4. Steps of the hybrid approach

– Which are the sources of the underlying data and which format does the raw
data have?

– Which requirements must the data processing meet, e.g., real-time or incre-
mental processing?

– How long is the period of time that is considered in the analysis and how
frequently will the analysis be conducted?

– What practical benefit for the company comes with answering the query?

After converting a query into a use case and based on the answers to the
questions above, a potential analysis is to be conducted. At this point, we rec-
ommend to look into the following features to assess the priority of a given use
case: (i) acuteness, defining to what extent the use case attends to urgent issues
of the company, (ii) feasibility, describing how much effort goes into providing
and processing the needed data, and (iii) relevance, examining the bearing of
the benefit. The potential analysis helps the company identify result-oriented,
data-based use cases in an efficient, structured and repeatable manner.

For the highly-prioritized use cases, the required data sources are made avail-
able, access authorization is managed, and data security measures are taken.
Afterwards, the data is processed, e.g., through validation, cleaning, and aggre-
gation, in order to prepare it for the subsequent analysis. In the analysis step,
statistical evaluation is used in order to answer the query with the help of the
data. The results of the analysis are then made comprehensible by means of
appropriate visualization. The latter is then evaluated by the domain experts
and used as support to conclude a course of actions. The sequence of the first
phase of the hybrid approach is depicted in Fig. 5.

The first phase of the hybrid approach are conducted in a cyclical manner.
This means that the output of a successfully executed use case, i.e., the gained
in-sights, may influence the input of the next use case, for example, through
the adaptation of a defined business goal or the definition of new ones. The
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Fig. 5. The first phase of the hybrid approach (Steps in red color are conducted by the
business department, steps in grey color by the IT department) (Color figure online)

execution of the first phase of the hybrid approach calls for the collaboration
of the respective business departments and the IT department. In Fig. 5, the
steps marked in red color are to be conducted by the business department, while
the steps marked in grey color are the tasks of the IT department. To reach
maximum benefit, it is recommended to comply with the allocation of tasks, so
that each department can concentrate on its core expertise.

4.2 Integrate and Analyze Data Treasures

The executed use cases conduce to identify the parts of the data jungle, which
contain information with business value. As already mentioned, this data shall
be referred to as data treasure. Once a data treasure has been identified, it is
made available in a central data storage, for example, a data lake, (cf. Fig. 6).
This way, the central data storage, i.e. the data lake, will only contain data with
confirmed usefulness, and will expand with every conducted use case. The data
treasures of a specific use case, which show mutual correlation, are then assigned
to one cluster and should be considered as a coherent entity.

4.3 Collecting and Accessing Data Treasures

In the style of the bottom-up approach, the established entities are then exam-
ined in order to find correlations with each other or with further parameters from
different yet related use cases. By doing so, the analysis is carried out not only
within the boundaries of single use cases, but rather on a holistic level. Since
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Fig. 6. Collecting and accessing data treasures

this step is likely to be sophisticated and costly, it should be ensured that the
efforts are well-invested. For that reason, the risk of trailing away with irrelevant
or pseudo-correlations needs to be minimized. We recommend this step of the
hybrid approach to adhere specific frame conditions in order to maintain the effi-
ciency. For instance, integrating and analyzing the data treasures can be carried
out for a specific period of time, a specific car model, or a specific manufacturing
technology.

5 Discussion

In this section, we discuss our approach in terms of fulfilling the requirements
from Sect. 3.2. One of the main features of the hybrid approach is its pronounced
goal-orientation. The first phase of the hybrid approach ensures that careful con-
sideration is dedicated to defining and selecting project objectives that are in
line with the company’s goals in order to stay focused on what is strategically
important; hence, the first requirement (R1), i.e. contribution to high-priority
company goals, is fulfilled. Nevertheless, the hybrid approach allows for exploit-
ing the potential of data analysis beyond rigidly set objectives. Companies can
reach high-level value through the purposeful application of the bottom-up app-
roach, which makes sure that none of the potentials for data-driven optimization
remain undiscovered. Therefore the hybrid approach also meets the requirement
of allowing a full development of the potential for improvement (R2). Besides,
as the phases of the hybrid approach are meant to be executed consecutively,
the company will have the possibility to gradually ascertain the true business
value of the available data sources; to concentrate on utilizing data analysis as
a means to improve the business processes. Since the hybrid approach initially
relies on the consecutive implementation of several stand-alone use cases, it does
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not call for a primary large investment. It rather favors gradual investments with
perceptible impact. Furthermore, the company is able to avoid committing to
a costly, sophisticated IT-solutions before thoroughly investigating the specific
circumstances. For these reasons the hybrid approach is in line with the require-
ment (R3) of achieving an optimal cost-benefit ratio. In terms of the requirement
of promoting the feasibility (R4), the hybrid approach is characterized by the
sensible, practical usage of data analysis in production environments. Due to
the sequence of its phases, the hybrid approach provides the company with the
opportunity to readjust its course of action in the manner of a loop control-
system. Moreover, the design of the hybrid approach allows to achieve quick-
wins, which accounts for a sense of achievement among the involved employees
and results in a higher motivation.

6 Conclusion and Future Work

Data driven optimization is an effective, innovative method for revealing inter-
dependencies and detecting anomalies within the production processes, in order
to make them more transparent, stable and controllable. However, a pragmatic,
goal oriented and yet holistic approach is key to deploy the full potential of this
method. This can be accomplished by adapting and combining the top-down and
bottom-up approach. In this paper, we explained the potential analysis of data
driven optimization in the production environment and introduced our idea for
a hybrid approach for implementing it. In future work, we will deliver further
details of the concepts as well as introduce an in-depth method to apply them.
For instance, we will depict applicable approaches integration approaches and
techniques, in order to interlink the case-specific data-treasures. Furthermore,
we intend to look into quantifying the advantage of the hybrid approach in
comparison with the conventional top-down and bottom-up approaches in terms
of explicit figures.
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