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1 Digital Transformation Sets Customer Data into Focus

The digital transformation continues unabated and is bringing about a profound
change in the economy, society, and politics. Information and communication
technologies are comprehensively penetrating and connecting all areas of the econ-
omy and our daily lives (BMWi, 2017). This, together with developments such as
artificial intelligence, cloud computing, or the Internet of Things, provides new
innovative value creation opportunities for companies. To that end, data forms the
foundation. Data has become an essential asset for new and competitive services,
customer access, business models, and innovations (BVDW, 2018; Azkan et al.,
2019).

A study by the European Commission revealed a market of 400 billion euros for
the European data economy in 2019 for the EU27 plus the United Kingdom—a
growth of 7.6% compared with the previous year. According to estimates, the
European data economy (EU27 excluding the U.K.) is expected to reach a size of
between 432 billion euros and 827 billion euros by 2025 (European Union, 2020).
However, companies in Germany have only just started to exploit the potential of
data. There are major weaknesses in the areas of data management and data
governance, including data quality (DEMAND, 2019).

Communicating via social media platforms, managing finances from a
smartphone, and shopping online at any time and anywhere have become a matter
of course for many people. Users expect customized services in return for their
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personal data. Kreutzer & Land (2013, p.47) characterize today’s expectations on the
customer side with the catchwords “I, everything, immediately and everywhere,”
with the smartphone becoming the personal communication center.
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The buying behavior of consumers has changed dramatically. Today, prospects
search, evaluate, and decide in a different way. Numerous studies show that
recommendations from family and private contacts, e.g., via social media, and
increasingly also by influencers, influence consumers’ purchasing decisions (Bognar
et al., 2019; Gafni & Golan, 2016; SPLENDID RESEARCH, 2018; Greven Medien
& GfK, 2019).

More than half of online shoppers use customer reviews as decision support
before making a purchase (Bitkom, 2020). This change does not only affect the
Business-to-Consumers (B2C) sector but also Business-to-Business (B2B) procure-
ment; the decision-makers transfer their private consumption and communication
behavior to their professional contexts (van Bommel et al., 2014). Research,
opinion-forming, and supplier selection increasingly take place online. More than
half of the B2B purchasing decision process is already completed before contact is
made with a supplier under consideration for the first time (Maycock et al., 2012;
Google, 2016).

Thanks to modern Big Data methods, it is now easier than ever to collect data.
This is especially true for customer data. Today, every contact a person has with a
company is meticulously and precisely recorded. Marketers can read from the data,
for example, how their customers are responding to the currently running campaign.

Digital marketing professionals have high expectations in artificial intelligence
(AI), machine learning, and predictive analytics. According to the Digital Dialog
Insights study, nine out of ten professionals surveyed see AI as a promising
technology, particularly for personalization (Eichsteller & Seitz, 2019). The first
approaches are already in use, e.g., to analyze customer data and recognize patterns
from which customer segments are formed, suitable content is generated, and
automatically displayed (Gentsch, 2017; Kröger & Marx, 2020). AI-based processes
increasingly gain popularity, e.g., in e-commerce for dynamic pricing, customer
dialog via chatbots, or personalized product recommendations (Bernhard &
Mühling, 2020). Thus, B2C marketing decision-makers see data and analytics as a
top priority (Myler, 2017).

But correct predictions of the next best action based on an immeasurable amount
of data require clarity about what data is needed and whether it is of sufficient
quality. AI-based approaches can only bring the best benefits if the data they use for
learning is of high quality (Stern et al., 2021; Stevens, 2019; Weber et al., 2021).
Any algorithm that is trained on incorrect data will come to wrong conclusions
(Kessler & Gomez, 2020). For example, if customer data was collected with a wrong
salutation, an online shop would, in simplified terms, recognize an increased interest
in women’s handbags for men—with corresponding consequences for the display of
automated recommendations. If the date of birth is incorrectly recorded, a 35-year-
old customer, for example, would be sorted into the 60+ age group and addressed as
a sprightly senior citizen. If the date of birth is missing altogether, the customer
might not be addressed at all (Wolters, 2020). Although there are certain data



pre-processing techniques for AI-based methods to deal with missing values (i.e.,
imputation methods), these can only be used if missing values are unbiased, and a
sufficiently large amount of data is available (Berthold et al., 2020). However, if
there is a systematic error, e.g., the birth dates of a certain customer group are
missing, this can lead to distorted results of the learning algorithms.
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Besides ensuring a high quality of customer and prospect data, all such available
data needs to be consolidated and made available to the AI system. However, the
quality and completeness of data is the major challenge in marketing—a fact that
marketers are well aware of (Eichsteller & Seitz, 2019; Lünendonk, 2019; Myler,
2017; Data IQ, 2017). This is also confirmed by a study commissioned by Uniserv in
spring 20201 among decision-makers on the status of customer data management in
corporations (Uniserv, 2020). Almost 15% of the participants stated that a lack of
data quality leads to difficulties in projects involving artificial intelligence. Accord-
ingly, 82% of respondents indicated that consistently high data quality is important.
Seventy percent see a 360° customer view as important. In a study commissioned by
Uniserv from 2019,2 51% of respondents also stated that there is a close connection
between data quality and the success of AI-related projects (Uniserv, 2019).

For this reason, after initial euphoria, disillusionment spreads because desired
results are not achieved. To get a 360° customer view in marketing automation and
to develop a personalized cross-channel marketing strategy, reliable master, transac-
tion, and behavioral data is of utmost importance. Data quality is not only essential
for the relevance of marketing campaigns, but also for customer satisfaction. The
following chapter gives an overview and understanding of different types of
customer data.

2 Customer Data

Customer data can be divided into fixed data—master data or core data—and
variable data—transaction data. The latter being one of the most important data
assets, especially for analysis.

Definition of Master Data According to ISO 8000, master data is defined as
entities “which are independent and fundamental to an organization; which must
be referenced in transactions in order to perform them” (ISO, 2016).

Master data describes a company’s core operational objects, also known as
business objects, such as customers, business partners, suppliers, products, or

1Cf. Customer Data Management 2020 Practice Study, Uniserv GmbH/YouGov, 204 executives
from German companies, survey May 22 to June 02, 2020, anonymous online survey.
2Cf. Trend Study Customer Data Management 2019, Uniserv GmbH/Grohmann Business Consult-
ing, 154 participants from German companies, survey December 2019 to April 2019, anonymous
online survey.



personnel (Piro & Gebauer, 2021). Master data is fundamental for ongoing business
operations and is (semi-)static, i.e., it usually changes rarely. Personal master data
includes, for example:
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• The full name
• Title
• Date and place of birth
• Gender
• Residential, shipping, billing addresses
• Contact information, such as phone numbers, mobile numbers, and e-mail

addresses
• Personal identification numbers, such as social security, passport, driver’s

license, tax
• Login/account data, such as bank details, loyalty card, Twitter handle, LinkedIn

address, or company-specific IDs

Master data can be supplemented by other sociodemographic attributes that give a
more comprehensive picture of the customers. These attributes vary widely between
companies and include, for example, information about:

• Family such as marital status or number of children
• Professional history and related attributes such as income, industry, qualification,

or position
• Lifestyle such as living situation, type of vehicle or pets
• Hobbies such as memberships in clubs, gyms, or subscriptions
• Special categories of personal data3 such as

– Ethnic origin
– Political opinions
– Religious or ideological beliefs
– Union affiliation
– Genetic data
– Biometric data for the unique identification of a natural person
– Health data
– Data on sex life or sexual orientation

Definition Transaction data Transaction data is transaction-oriented and
provides information about activities and individual transactions of the core
business objects of a company (Otto & Österle, 2016).

3These data are particularly data worthy of protection. Their processing is prohibited (Article
9 (1) of the General Data Protection Regulation). Exceptions are, for example, the explicit consent
of the data subject (Art. 9 (2) (a)) or medical diagnostics (Art. 9 (2) (h)).
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Transaction data is created repeatedly, changes frequently in operational pro-
cesses, and contains references to master data. Examples include invoices, orders,
deliveries, returns, etc., with information on the number, type, time, and price of
purchased or returned items, order and payment data, and others.

In addition to master data and transaction data, behavioral or user interaction data
play an important role for marketing, retail and e-commerce and should be distin-
guished as a further group at this point.

Definition of behavioral data Behavioral data is any data about the behavior of an
individual person that is collected or derived, especially, for marketing purposes.

This can be information on communication and purchasing behavior, brand
preferences, or product usage. This category also includes information about:

• Online activities and interactions with online content such as website visits, click
streams, retention time, product views or social media engagement; collected, for
example, by cookies, session IDs, etc.,

• E-mail communications, such as openings, click-throughs, or replies to
messages, or

• Customer service interactions, such as details of inquiries, communication time,
details recorded by service personnel, and

• End devices used, IP addresses, and geolocations.

Behavioral data enables companies to understand how individual customers
interact with a company, whether through specific actions or reactions. For example,
the recency, frequency, monetary value (RFM) analysis (Bult & Wansbeek, 1995) is
used to score a customer’s value. Applied on transaction data, this can disclose
information about how recently and how often purchases are made and how much is
spent, and, derived from this, the preferences of an individual.

From a structural point of view, customer data can be divided into three
categories: structured, unstructured, or semi-structured. “Structured data is data for
which structuring information—metadata—is available” (Piro & Gebauer, 2021,
p. 146). These are, for example, the format and permitted values of a date of birth
data attribute. On the other hand, data from text, audio, video, and sensors exist in a
non-formalized structure and is, therefore, referred to as unstructured. Semi-
structured data is a hybrid of structured and unstructured data. That is, certain
parts may have structure, but overall, there is no specific and unique structure. For
example, an e-mail contains structured information about who sent it and who
received it. However, the content of the e-mail, as a written message, is largely
unstructured. Other examples include voice and text input when interacting with a
chatbot, which is also collected in an unstructured way.
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Fig. 1 Data quality dimensions according to Wang et al. (Source: Wang & Strong, 1996)

3 Data Quality Criteria

In order to optimize the value of corporate data, measures to improve data quality are
of central importance in data management and data governance. However, despite
numerous descriptions in the literature, there is no commonly accepted definition for
the term “data quality”.4 Olson explains: “data has quality if it satisfies the
requirements of its intended use. It lacks quality to the extent that it does not satisfy
the requirement. [...] To satisfy the intended use, the data must be accurate, timely,
relevant, complete, understood, and trusted.” (Olson, 2003). Data quality is thus a
metric that provides information about how well existing data can be applied in
specific applications or business processes. That is, how well users of the data can
apply the data for the respective applications’ purpose (“fitness for use”) (Wang &
Strong, 1996). This fitness for use can change due to the varying needs of the users.
Data quality thus depends on the time of observation and the available usage context
(Weber & Klingenberg, 2020).

From a more technical perspective, data is of high quality if it is “error-free” and
“meets specifications” (Fürber, 2016). Data quality is not a single characteristic, but
multidimensional and context-dependent, i.e. “a set of data quality attributes that
represent a single aspect or construct of data quality” (Wang & Strong, 1996, p. 6).
Literature and practice provide a variety of different data quality dimensions (see,
e.g., DAMA International, 2009; IQ International, 2017), with many approaches
going back to Wang et al.’s dimensions published as early as 1992 (Wang et al.,
1992). These were later condensed to 15 dimensions (Wang & Strong, 1996), which
fall into four categories: intrinsic, contextual, representational, and accessibility (see
Fig. 1).

4See, e.g., Ehrlinger et al. (2019), or Zulkiffli et al. (2019) for a discussion of terms.
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Fig. 2 15 dimensions of information quality according to DGIQ (Source: Rohweder et al., 2008)

Intrinsic data quality includes dimensions that deal with the quality of the data
itself, such as accuracy or believability. Contextual data quality includes quality
characteristics only observable when data is used. For example, relevancy can only
be assessed in the context of the task at hand. The category of representational data
quality includes dimensions related to the format and meaning of the data, such as
representational consistency or ease of understanding. The category of accessibility
considers dimensions related to the accessibility to data and access security.

Based on Wang et al. (1992) and a survey of IT users, the German Society for
Information and Data Quality (DGIQ) developed a user-related definition (see
Fig. 2), which categorizes data quality properties according to the (technical) system,
the representation of the data, data use and content (Rohweder et al., 2008).

Since some of the definitions are fuzzy and, therefore, difficult to measure,
dealing with overlapping criteria can be a costly problem. Consequently,
practitioners often limit the assessment of data quality to a few selected
dimensions—mostly focusing on the first four of the following dimensions:

• Correctness/error-free: Data is correct if it factually matches the attributes of the
real-world reference object.

• Completeness: Data is complete if none of the necessary properties of the real-
world object is missing.

• Consistency: Data is consistent if the attribute values of a data record are logically
consistent and do not have logical inconsistencies with other data records of the
same real-world object across different systems and sources.
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• Timeliness: Data is up-to-date if it corresponds to the current state of the real-
world object and represents its properties in a timely manner.

• Availability/accessibility: Data is available if it can be accessed by data users
directly at the desired time.

4 From Content Accuracy to Mission-Critical Quality

Typically, data quality problems occur when requirements are not fulfilled. Data of
poor quality implies duplicates, invalid or missing values. It is incomplete, errone-
ous, differently formatted, contradictory, and much more. Data quality problems are
thus the direct result of unmet data requirements. Rahm and Do (2000) classify
possible data errors by data source (see Fig. 3). The authors distinguish on a first
level whether the problems occur within a single data source or during the integra-
tion of data from two or more sources. On a second level, whether problems affect
the schema level or instance level.

The causes and reasons for poor data quality are manifold. In the age of social
media and Big Data, the amount of data collected and the number of channels that
can be used for collecting are constantly increasing. At the same time, data is often
short-lived and changes quickly. Also, manual input often leads to incorrect or
duplicate entries. For instance, when in a call center the name of the caller on the
phone is misunderstood and thus re-entered in the system or not linked to existing
customer information. In e-commerce, on average 19% of the customers do not
remember their login data and therefore create a new account (Baymard Institute,

Fig. 3 Classification of data errors (Source: Rahm & Do, 2000)



2017). When entering an address, users often select the country “Albania” because it
appears at the top of the drop-down menu and can therefore be selected most
quickly.
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Fig. 4 Data quality and value pyramid (Source: Uniserv 2016a)

Within a company, a lack of communication between departments, too little
awareness of data quality, difficulties in transferring data from other systems, a
lack of technical support, or clear processes and guidelines for handling data can lead
to poor data quality (Kraus, 2016). Rennhak (2006, p. 147) groups the different
causes into the categories:

(a) Data entry—including incorrect, irrelevant, redundant, or even incomplete
information

(b) Data transmission—technical errors or faulty data processing procedures during
the transmission

(c) Data integration—flawed unification and consolidation processes
(d) Data storage—obsolete data attributes

Any of the above causes can hinder the success of a personalized cross-channel
marketing strategy. When talking about data quality in relation to customer data,
concepts such as address validation and duplicate cleansing, or matching come up
quickly. But data quality is much more than just checking and, if necessary,
correcting addresses or matching similar data records.

As the data quality and value pyramid illustrates, the quality of data can be
ensured on four levels (see Fig. 4) and following up on all four will make data the
ultimate asset for any company.

The first level is about technical and professional quality. Regarding technical
quality, the data is viewed as a purely technical object without considering content.



Typical questions are, for example: Are data fields filled? Are the fields filled with
the expected characters and in the correct format?
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Functional quality is about content, but without looking at its relevance to
business processes or applications. At this point, it must be ensured that the data
makes sense, is admissible, and correct. For example, “February 31” would be
technically correct but not meaningful and admissible as a date. A validation of
dependencies must also be carried out at this stage, e.g., if the “Street” field is filled,
the “House number” field must also be filled for German addresses. Otherwise, it
cannot be considered a valid German address.

Validations at the first level can be automated, e.g., based on rules, and are ideally
accompanied by error correction measures. These can be an automatic cleanup or, in
ambiguous cases, a manual revision by data stewards. Another option would also be
to route the data back to the person who created it so that they can make the
correction.

At the second level, the focus is on validating that data is inherent. This includes
address validation and duplicate cleansing. Only after it is ensured that a field for a
telephone number is filled with correct characters in the specified format, a validation
of the correctness of the telephone number is meaningful and necessary. Questions at
this level can be: Is the address correct? Is the specified e-mail address accurate? Are
there duplicates and how can they be merged?

Only inherent data can be a reliable basis for business processes. For example,
article numbers are not just a piece of information in an order but must also be
assigned to the right product. Only then, the order processing or shipping preparation
can start.

To that end, rule-based validations of the content against specified references may
be useful, which demand in-depth knowledge of business processes and business
logic. Close collaboration with or direct involvement of the departments that have
the required business know-how is indispensable for the successful development of
such rules.

The eventual validation process for substantial correctness can largely be
automated. Special validation processes, such as address validation or checking for
duplicates, can be carried out in a similar way. For example, data about prospects
transmitted from an internet portal can automatically be validated against existing
data and, if necessary, marked as potential duplicates. Wrong data records that are
neither automatically nor manually cleansed must be ejected so that they do not lead
to errors, additional work, or inappropriate decisions in subsequent processes.

Once it is ensured that the data meets the basic quality requirements, the third
level can address the question of their business utility. This step depends on the
individual requirements of a company. Examples include finding out which products
are in high demand in certain regions or which orders could not be fulfilled due to a
lack of availability and what sales losses were associated with this. Are insights into
cross-selling and up-selling potentials of interest? Legal requirements, such as age
controls and embargoes, can also be monitored in this way. If the existing data
cannot answer a company’s questions, this may be due to incorrect or missing data.



In this case, the data on the prior levels must be revised in accordance with the
requirements.
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Finally, the fourth level contains data that supports mission-critical decisions.
These are, for example, investments made based on predictive analytics. For this
purpose, the data must meet the highest quality standards in order to minimize the
risk of wrong decisions. If data meets these requirements, one can speak of data as an
asset that creates added value for the company. Further steps on the way to an “all-
encompassing data truth” in the context of customer data are, first, the “Golden
Record” and, second, the so-called Golden Profile (Uniserv 2016b).

The Golden Record consolidates the existing information on a person, such as the
postal address, e-mail addresses, telephone numbers, social login, and bank details,
from various sources into a master data record. The Golden Profile enriches this
record with transaction and interaction data. The Golden Profile is, therefore,
composed of the following data:

• Customer behavior (e.g., orders, payment history, dwell time)
• Data describing the person (e.g., attributes, self-disclosures, demographics)
• Customer characteristics (e.g., opinions, preferences, needs, wants)
• Customer interactions (e.g., offers, results, context, clickstreams, notes)

With the Golden Profile, a complete, accurate, and up-to-date 360° view of
customers is possible, enabling companies to make offers adapted to individual
needs, as they are expected by customers in the digital age.

The Golden Profile can be viewed and further developed as the customer’s digital
twin (Braun et al., 2022). For example, detailed transaction data can be combined
with interaction data from social media and usage or consumption data from
Internet-of-Things-enabled products and devices to create a 360° view of customers
that is expanded by many additional attributes (Hechler et al., 2020). This creates
new opportunities to model customers more accurately in order to adapt products
and services and improve the customer experience.

5 Data Quality Assessment

Ensuring a high quality of data so that it becomes a valuable asset is not a one-time
process. As data changes over time, so does its quality. Making it a necessity that
data quality is re-evaluated again and again. Deutsche Post Direkt GmbH (2021), for
example, found in its “Address Study 2021” study that around 14 million
relocations, 990,000 deaths, as well as 370,000 marriages and 150,000 divorces
resulted in a large number of address and name changes every year. These changes,
as well as changes in street names or changes in company names due to mergers and
acquisitions, have to be maintained.

A company must know which data is collected, stored, and used by which
systems for which purposes. In other words, data quality must be secured throughout
the entire data life cycle. This requires specific organizational structures. This is



where data governance comes into play. It defines responsibilities, processes,
standards, and metrics that ensure the efficient use of data as an economic asset
and thus support the achievement of the company’s strategic goals (Weber, 2012;
DEMAND, 2019).
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Fig. 5 Data Quality Scorecard of Uniserv GmbH

Data governance is a shared responsibility of corporate management, strategy,
and specialist departments, such as customer service, sales, marketing, and
IT. During its implementation, it is necessary to consolidate the knowledge of
business processes and application systems distributed over the various corporate
divisions. This goes hand in hand with a centralized definition and maintenance of
business rules and a continuous monitoring of these rules during operations. In
addition, companies need to keep a strategic and an operational perspective on
data quality.

To ensure that the data precisely meets the required qualitative specifications,
individual and application-specific business rules are defined that describe
characteristics of data within the specific corporate contexts. These rules can then
be used to validate entire data sets or individual data records. The rules thus
operationalize the requirements that data users have on the data (Klingenberg &
Weber, 2017).

Rules can address either one or more attributes of a data record. However, they
can also refer to several data records across attributes and thus encompass the
previously mentioned different levels of data quality. Rules are typically recorded
for questions such as: “Are there empty data fields?” “Do the individual attributes,
such as street, house number, postal code, and city, result in an accurate and existing
address?” or: “Does each customer exist only once in the system?” If you want to
check whether the existing customer data is sufficient for an e-mail marketing
campaign, you need rules that evaluate whether the e-mail address field is
maintained regularly.

For evaluating compliance with these rules, corresponding metrics are defined.
These must be measured and monitored regularly. This is possible, for example, with
a data quality (DQ) scorecard tool, as offered by various providers such as Uniserv
GmbH (see Fig. 5). With a DQ scorecard, the entire data set can be validated against



individual business rules. The validation results can be weighted and analyzed
according to individual rules and are aggregated on different levels for a better
overview and understanding. For example, custom metrics can be generated with the
Uniserv DQ Scorecard by aggregation across a group of fields such as name and
address elements to determine if these records are unique. The result is the Data
Quality Score, which assesses the overall quality of all customer records across all
defined rules.
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During validation a distinction is made between rules that are “fulfilled,” “not
fulfilled,” and “not applicable.” For example, a syntax validation of an e-mail
address would be “not applicable” if a previous rule shows that the field is not filled.
Having such a “not applicable” status prevents multiple negative validations of a
specific data attribute.

In addition, rules can be combined into rule groups and aggregated into hierarchy
levels for these, for which a single data quality score can be calculated. For example,
all rules related to address data are assigned to an “Address” group and all rules
related to personal customer data are assigned to the “Personal data” group.

Drill-down functionality at group and field (i.e., attribute) level allows to see
exactly which rules or entities have led to a lower data quality score—in other words,
it shows where problems and weak points are hidden. Based on this knowledge,
companies can define targeted measures to optimize data quality. By comparing
different data quality scores, it is possible to evaluate which measures have led to an
improvement in data quality. A comparison is also possible across different data
sources, applications, and business areas.

6 Ensure Data Quality with the Help of the DQ Scorecard:
A Practical Example

The DQ Scorecard allows data stewards to evaluate data quality in an easy and
straightforward way, as presented in the following example.

A company sells household products worldwide. Direct access to customers is of
particular importance. The products are sold via a large network of independent
consultants. In addition, selected products are offered online and in stores. However,
regardless of the sales channel, the product consultant remains the customer’s first
point of contact.

The subsidiaries in the individual countries operate largely independently. As a
result, a complex system and process landscape that provides customer data has
evolved over the years. Each country subsidiary utilizes its own databases and
applications adapted to country-specific needs. In such a heterogeneous environ-
ment, professional customer data management is crucial to success.

For example, marketing campaigns must be optimally tailored to the needs of the
customer base. A 360° customer view is recommended for effective customer
loyalty measures. In order to create a golden customer profile, clarity about possible
data quality deficiencies must be achieved. In our scenario, a heterogeneous system



landscape might additionally complicate a cross-national overview of customer
master data quality.
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The DQ Scorecard from Uniserv is a solution that determines the quality of the
customer master data for marketing measures across a complex system and process
landscape. The first step is to create a uniform global view of the data from the
various countries. This involves defining a uniform data structure with predefined
fields so that the data landscape can be transformed into one consistent data format.
This is followed by the definition of specific business rules that are used to validate
the data records. This rule-based validation process forms the main component of the
solution. The result is the so-called Data Quality Score. The Data Quality Score
makes symptoms of bad data visible and measurable. Part of the definition is also
how intermediate results are combined into the overall score, and with what
weighting. Finally, the resulting set of rules is applied to the “global view” of all
customer master data of all countries. The outcome of the rule check can be tracked
on a browser-based dashboard. This gives decision-makers at the company the
opportunity to efficiently compare and analyze the individual data quality scores.

In this way, the marketing department gains an overview of the current, over-
arching status quo of customer data quality across all subsidiaries and countries.
Targeted measures to improve quality can be initiated, thus creating the prerequisite
for the formation of Golden Profiles. With the help of the DQ Scorecard, employees
in each country-specific organization can identify optimization potential, monitor the
effectiveness of data quality measures, and initiate further improvement measures.
Awareness about data and its quality can thus be significantly increased and, in turn,
the data quality score permanently optimized. Marketing campaigns can be planned
more effectively, as it is clearly visible whether the customer master data meets the
respective requirements of the marketing campaign or not.

7 Summary

Together with digital transformation also customer data is moving into the focus of
companies. As a result, data is becoming the number one competitive factor.
Establishing good data practices requires not only long-term decisions by upper
management but also daily decisions at the middle and lower levels of a company.
The four-level pyramid shows how important adequate data quality is to utilize data
as a valuable asset. If the data quality is inappropriate, corporate management
decisions will be based on the results of incorrect data analysis and the digital
transformation will be doomed to failure.

Akshay Tandon, Vice President and Head of Strategy and Analytics at
LendingTree Inc., an American online financial services provider, also confirms
the central importance of high-quality customer data in his statement (Burns, 2017):
“It’s like when you see a skyscraper: You’re impressed by the height, but nobody is
impressed by the foundation. But make no mistake, it’s important. You have to have
good data management to take advantage of AI.”
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Consequently, successful planning of future marketing and sales campaigns with
the help of machine learning and predictive analytics is only possible if a 360° view
of customers can be obtained. The “Golden Profile” integrates previously distributed
customer data into such a 360° customer view and turns data into a valuable asset for
any company.

Since the quality of the data can change over time, it should be measured
continuously. A data quality scorecard clearly shows the status of data quality and
where potential for optimization is hidden. Finally, a data quality score reveals the
actual value of data for companies.
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