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Abstract. Smart products, Social Media and innovative market research lead to an
abundance of customer data, yet due to their heterogeneous sources and structures,
they are scattered throughout the company. Joining these different types of data
can lead to a large gain in customer insights that would not have been possible
by analyzing the data individually. It is a necessary step for the transition of the
current mostly hypothesis-based product design process towards a data-driven
one and enables accelerated product development with truly innovative products
tailored to the customer. This paper explains the holistic approach to identifying
customer needs and requirements: the digital shadow of the customer. It is a
concept transferred from the Internet of Production and its digital shadows of
products and processes. The paper first gives an overview of customer data that
form the customer data lake and reviews current data analysis methods using an
explorative literature review. We then explain the concepts of the digital shadow
and data lake, their main principles and benefits of using digital shadows for
product development.
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1 Motivation

The widely accepted understanding of Industry 4.0 and the increasing digitalization is
that it will lead to better, faster and/or more robust decisions. This development can be
traced back to early statistical analysis in quality management but is currently represented
in real-time models of highly complex production processes like fine blanking or die-
casting [1]. The Internet of Production is a framework for Industry 4.0 to aggregate data,
derive digital representations such as Digital Shadows, and support the decision-making
process [2]. It includes product development as one of its three phases with the goal of
transforming hypothesis-based product design into a customer-centered and data-driven
one. However, customer data are more subjective than production data and the decisions
have a higher impact on the overall product quality [3, 4].

This research starts with a comprehensive overview of customer data and the cor-
responding analytical methods through an explorative literature review and subsequent
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derivation of their properties. The analysis of both data and analysis methods leads to
a discussion of if and how the concepts of the Internet of Production can be applied to
customer data and product development.

2 Analysis of Customer Data for Product Development

In product development, companies can use a variety of customer data to derive customer
insights and improve the product. However, research focuses on the use of individual
data types. The goal of this chapter is to achieve a basic understanding of the relevant
data and their properties. It is a necessary step for automating the data analysis in the
future.

2.1 Data for Product Development

Lindemann et al. proposed a first overview of customer data types relevant for product
development including social media data, complaint data, user opinion survey, lead
user workshops, expert interviews, internal audits, and descriptive studies [5]. The first
part of our research aims to create a more holistic overview by both extending and
validating the aforementioned data types. This is achieved by conducting an explorative
literature review that focuses on deriving a broad overview of the data types and not
a structured, quantitative analysis of the data. The literature review is combined with
a brainstorming workshop with five experts who are experienced in both research and
industry in the field of customer insights and product development of consumer goods;
their input extended the list of relevant data types. In the literature review, redundant
data types do not affect the importance and benefits of each individual data type and are,
therefore, not registered. Keywords of this review are: customer data types, customer
data sources, product development data, product design data, customer profile, customer
data categories, customer data properties, and voice of the customer. The publications
include journals and conference proceedings published from 2015-2021, but some older
publications are also accepted. From a total of 53 papers, depending on the manner of
counting, approx. 100 different customer data examples are extracted. To achieve a
comprehensive overview, the expert workshop identified eight main customer data types
from the full list used in product development (see Table 1). Data types and data sources
are strongly connected and the focus of this paper is not to show a definite separation, thus,
we use the term data type going forward. Twenty-seven exemplary literature references
are listed in the table that represent the spectrum of the customer data examples.

Table 1. Relevant customer data types for product development

Data types Examples Literature
Social Media Data Customer reviews, discussion forums [6-11]
Complaint Data Formal complaints [12]

Customer Study Data | Interviews, questionnaires, behaviour analysis, lab | [12—-19]
experiments, workshops

(continued)
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Table 1. (continued)

Data types Examples Literature

Usage Data Visits to websites, click stream, customer location, |[13, 18, 20-22]
banking logs

User Data Customer type, demographics, 3D anthropometry | [23-27]

Sales Data Purchase history, behavioural analysis [20, 23]

CRM Data Relationship details, call history, interaction data [23, 28]

Market Data Neuromarketing, crowdsourcing, market surveys [25,29-32]

Although all examples fit into these main data types, a clear assignment to one data
type and a distinction between data type and data source may be difficult. E.g., the
difference between social media data and complaint data is blurry on the content level
since social media data contain complains; yet these data types differ strongly in their
data structure as social media data are more unstructured texts rather than complaints
though a standardized form.

Standardized descriptions of data using properties such as “structure” are helpful to
make use of this heterogeneous pool of customer data. With these descriptions, compa-
nies can more easily decide which data types to use to reach a certain decision. Further-
more, the description is a necessary step for automated data analysis. Lindemann et al.
proposed a first set of properties of customer data, which we extended to include subjec-
tivity, degree of structure, degree of specificity, number of data points, update frequency,
and cost [5].

In product development, not only customer information is relevant but also infor-
mation about the product and process capabilities; thus, the customer data are extended
by product data. Since the focus of this research is on customer data, the list of product
data types are not derived by a literature analysis but in a second workshop with the
same five experts to get a first understanding of product data. The experts were given
the previously accumulated list of data types and assessed both, product and customer
centered data types, using the accumulated knowledge of the literature review and their
experience (see Table 2).

It shows that product and customer data differ — as expected — in subjectivity. Design
parameters, e.g., are precise values while measurements only vary inside the accuracy
of the measurement system. Customer data, on the other hand, include the subjective
opinion of different customer groups due to factors such as age or cultural background. In
general, this high subjectivity is accompanied by a lower specificity. The main reason is
that a high specificity requires a defined research question, which limits the expression of
subjective opinions. The structure of the data is subject to similar effects. A high degree of
structure limits the customer’s freedom of expression but also limits the subjectivity. An
equally high degree of structure, specificity and subjectivity — as represented by customer
study data — is expensive to buy, because it requires a dedicated team investigating a
limited number of research questions.
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An interesting development in customer data is the integration of “newer” data such
as social media and usage data from automated sensors in cyber physical systems (e.g.
smart fridges). Both offer a vast amount of data that provide insights into unfiltered
customer opinions and real-life usage behavior. The necessary amount of data requires
automated data crawling and analysis to be financially valuable.

Table 2. Structured data types for product design assessed in 6 properties

Subjec- | Degree of | Degree of [Number of| Update
tivity Structure |Specificity [Data Points| Frequency

Social Media Data
Complaint Data

Customer Study
Data

Usage Data
User Data
Sales Data
CRM Data

Market Data

Quality Control
Data
Measurement
Study Data
Design
Parameters

Customer Centered

Product Centered

Manufacturing
Processes Data

Ge G 0 e« ® e &

O OO0 0LEo-® ©®
GO NG e @e«ebrreb e
GO G @ 6 boeoe® > 00

Laws and Norms

Coe oo ecceee e GO

(=)
Coc 00 0006060 es

low high
O o

2.2 Analysis Methods and Goals

Companies use different methods to acquire and gain insights from customer data (cus-
tomer insights). These methods differ in terms of the research question, the scope of
the method and the output. Simplified, they are divided into two steps: First, the com-
pany addresses the question of which features determine the customer experience, and
consequently, how these features should be specified to enhance the product experience.

The first step toward obtaining an overview of product acceptance on the market is
opinion mining on the basis of customer reviews [33]. The output includes terms that
describe or evaluate the product and their frequency. This can help determine the cus-
tomers’ impressions of the product, their overall satisfaction, and establish the connec-
tion between the emotions and sentiments about certain product features. An alternative
approach is eye tracking. Heat map analyses of the recorded eye movement data when
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observing a product can be used to determine focus points and gaze time of the cus-
tomer when participating in a customer study [34]. These results can be used to draw
conclusions about the perceived quality of the product. Other methods for determining
what drives the customer experience can be the Kano model [35] or Failure Mode and
Effects Analysis (FMEA).

In the second step, individual product features are analyzed. Kansei engineering aims
to develop or improve products by translating the customer’s psychological feelings and
needs into parameters [36]. The output includes quantitative links made between so
called Kansei words and product features. As a result, products can be designed to evoke
the intended feeling. Another method to learn more about the customer’s desired and
undesired characteristics of a product is Conjoint Analysis. This method estimates the
structure of consumers’ preferences by using their overall judgements about a set of
alternatives, specified by expressions of different features [37]. Other methods are VR
Testing, Total Quality Management or User Centered Design [38].

The aim of this multi-step approach is to combine the results of the individual methods
to obtain a larger picture of customer requirements and how these can be fulfilled. The
gained insights must then be integrated into the product development process and the
company’s knowledge management.

3 Enabling Customer-Centered Data-Driven Product Development

The Internet of Production as a reference infrastructure for Industry 4.0 offers two
concepts of particular interest for the storage, analysis and application of data: the data
lake and the digital shadow. Both concepts are researched in depth, especially machine
data and the subsequent production planning. [2].

We discuss both concepts for the application in product development. The addition
of customer data is an especially novel but important step for data-driven decisions in
every step of production. After a brief general explanation, we lay out potentials and
requirements based on the previous chapter about customer data. This is the second
contribution of this paper since the discussed concepts do not include customer data so
far.

3.1 The Data Lake

The data lake is the foundation of the Internet of Production to realize a fully inter-
connected production landscape. In contrast to other data warehouses, it allows for
storing raw data in an unstructured “storage first, query later” manner. This approach
offers real-time control of tightly integrated production processes, storing and processing
heterogeneous production data, and secure privacy-aware collaboration [1].

Customer data in product development is an even more heterogeneous pool of data
that ranges from unstructured opinions of a single customer up to broad market analyses.
This makes data and knowledge management a key challenge in product development
[39]. The data lake is not a rigid construct and is explicitly suitable for unstructured data.
It can serve as a database for both customer wishes and production capabilities.
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Extending the data lake to include customer data may improve the data availability
and accessibility across the company. The decisions in product development are typically
made in weeks rather than milliseconds as they serve to control production machines.
Different departments, however, require access to the data at different phases of product
development. Since the data lake stores the entire data history with high accessibility,
the requirements of customer data are met. It offers the possibility to access historical
customer information and decisions, which do not change as often as, e.g., innovations,
and make decisions based on transparent data more robust against budget cuts.

The data lake is designed for large data input streams from sensors of production
machinery in the magnitude of 6.2 Gbit/s [1]. For customer data, especially for usage
and social media data, high data streams are also important. E.g., a smart fridge with a
small uplink of only 1 kB/s accumulates up to 1 GB/s in total for a company that has sold
one million fridges. Though the data do not need real-time analysis per se, the constant
data stream of highly distributed units must be considered.

3.2 The Digital Shadow

The digital shadow is a “sufficiently accurate mapping of the processes in production,
development and adjacent areas with the purpose of creating a real-time capable evalua-
tion of all relevant data” [40]. Since most digital shadows describe production machines,
Gussen et al. created the first definition of the digital shadow of the customer as all “data
that encompass aspects of the direct interaction between the customer and the product”
[41].

Using the overview of data and data analysis methods in Sect. 2, we can further refine
the understanding of the digital shadow. In product development, the digital shadow of
the customer is used together with information about product and process capabilities
to create a holistic base of information. The key challenge is to combine different data
types to derive customer insights that are feasible in the production landscape. Meyer
et al. propose the idea of redefining the digital shadow during the product development
process [42]. The sequential methods regarding the questions: which product features
have an impact on the customer and how these features have to be specified, fit into this
understanding of refinement.

Not only data types and data analysis methods are heterogeneous, but the resulting
information is also used by various departments with a specific purpose at different phases
of the development process. The digital shadow must be task specific. In product devel-
opment, objectives vary from increasing the Perceived Quality, reducing complaints,
generating innovations or tailoring the product experience. The digital shadow must
allow for this range of tasks by providing relevant information for specific questions.

In summary, both concepts, data lake and digital shadow, can be used for customer
data and product development. However, the decisions in product development are more
diverse and are based on multiple data types. An automation of the data processing and
analysis — the vision of the Internet of Production — requires a deep understanding of the
data’s structure and application possibilities.
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4 Conclusion

The research shows the heterogeneity of data used for product development and their
application in a company. An explorative literature review and two expert workshops
identified eight customer data and five product data types relevant for product develop-
ment, which we assessed based on five main properties. The analysis of data types and
analysis methods in the context of the Industry 4.0 framework, Internet of Production,
showed that its main principles, the data lake and digital shadow, are applicable to cus-
tomer data and have the potential to increase automation of analysis and decision quality.
Further research is necessary on integrating the data lake into a company’s knowledge
management and further describing data types as machine-readable input using, e.g.,
UML.
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