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Abstract

Abstract

What does attribution in an omni-channel environment look like? A major distinction can be
determined in contrast to attribution in a multi-channel environment. Besides providing the
Marketing Analytics Process, a specification of the Cross-industry standard process for data
mining (CRISP-DM), a sequential mixed method approach is utilized to analyze the main
research question.

Within the first step of this presented research characteristics, and requirements of efficient
attribution in an omni-channel environment are analyzed. Based on semi-structured expert
interviews and a holistic structured literature research process, the lack of an omni-channel
attribution approach is clearly identified. Existing attribution approaches are identified by
conducting the structured literature review process. Those identified approaches are
evaluated by applying the results of the semi-structured expert interviews — the requirements
and characteristics of efficient omni-channel attribution. None of the identified attribution
approaches fulfill a majority of the analyzed omni-channel requirements.

By having the research gap — the lack of an omni-channel attribution approach — clearly
identifed, an omni-channel attribution approach is developed in the second part of this
presented research. Utilizing the MAP methodology, the main research gap is filled by
providing the Holistic Customer Journey (HCJ): an omni-channel ready data foundation and a
corresponding omni-channel attribution approach. Among other things the developed
attribution approach consists of a machine learning classification. This presented research is
the first to utilize information from almost 240.000.000 interaction data sets, containing cross-
device and cross-platform information. All underlying data sources are provided by one of
Germany’s largest real-estate platforms.
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Resumen

¢Cémo es la atribucion en un entorno de omnicanal? Se puede determinar una distincién
importante en contraste con la atribucidn en un entorno multicanal. Ademas de proporcionar
el proceso de anadlisis de marketing, una especificacidon del proceso estandar intersectorial
para la mineria de datos (CRISP-DM), se utiliza un enfoque de método mixto secuencial para
analizar la cuestidn principal de la investigacion.

En el primer paso de esta investigaciéon se analizan las caracteristicas y los requisitos de
atribucién eficiente en un entorno omnicanal. A partir de entrevistas semiestructuradas con
expertos y de un proceso de investigacién bibliografica holistica estructurada, se identifica
claramente la falta de un enfoque de atribucién omnicanal. Los enfoques de atribucidn
existentes se identifican mediante la realizacidn de un proceso estructurado de revision de la
literatura. Estos enfoques identificados se evalian aplicando los resultados de las entrevistas
semiestructuradas con expertos, es decir, los requisitos y caracteristicas de una atribucién
omnicanal eficiente. Ninguno de los enfoques de atribucién identificados cumple con la
mayoria de los requisitos de omnicanal analizados.

Al tener la brecha de investigaciéon - la falta de un enfoque de atribucién de omnicanales -
claramente identificada, se desarrolla un enfoque de atribucidon de omnicanales en la segunda
parte de esta investigacion presentada. Utilizando la metodologia MAP, la principal laguna de
investigacion se llena proporcionando el Holistic Customer Journey (HCJ): una base de datos
lista para el omni-canal y un enfoque de atribucién de omni-canal correspondiente. Entre
otras cosas, el enfoque de atribucion desarrollado consiste en una clasificacion de aprendizaje
automatico. Esta investigacién presentada es la primera en utilizar informaciéon de casi
240.000.000 de conjuntos de datos de interaccion, que contienen informacién entre
dispositivos y entre plataformas. Todas las fuentes de datos subyacentes son proporcionadas
por una de las plataformas inmobiliarias mas grandes de Alemania.
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Com és l'atribucié en un entorn de omnicanal? Es pot determinar una distincié important en
contrast amb l'atribucié en un entorn multicanal. A més de proporcionar el procés d'analisi de
marqueting, una especificacié del procés estandard intersectorial per a la mineria de dades
(CRISP-DM), s'utilitza un enfocament de métode mixt seqiiencial per analitzar la qliestié
principal de la investigacié.

En el primer pas d'aquesta investigacio s'analitzen les caracteristiques i els requisits d'atribucio
eficient en un entorn omnicanal. A partir d'entrevistes semiestructurades amb experts i d'un
procés de recerca bibliografica holistica estructurada, s'identifica clarament la falta d'un
enfocament d'atribuci6 omnicanal. Els enfocaments d'atribucié existents s'identifiquen
mitjangant la realitzacié d'un procés estructurat de revisio de la literatura. Aquests
enfocaments identificats s'avaluen aplicant els resultats de les entrevistes semiestructurades
amb experts, és a dir, els requisits i caracteristiques d'una atribucid omnicanal eficient. Cap
dels enfocaments d'atribucid identificats compleix amb |la majoria dels requisits de omnicanal
analitzats.

En tenir la bretxa de recerca - la manca d'un enfocament d'atribucié de omnicanales -
clarament identificada, es desenvolupa un enfocament d'atribucié de omnicanales a la segona
part d'aquesta investigacid presentada. Utilitzant la metodologia MAP, la principal llacuna de
recerca s'omple proporcionant el Holistic Customer Journey (HCJ): una base de dades a punt
per al omni-canal i un enfocament d'atribucié de omni-canal corresponent. Entre altres coses,
I'enfocament d'atribucié desenvolupat consisteix en una classificacié d'aprenentatge
automatic. Aquesta investigacié presentada és la primera a utilitzar informacié de gairebé
240.000.000 de conjunts de dades d'interaccié, que contenen informacid entre dispositius i
entre plataformes. Totes les fonts de dades subjacents sén proporcionades per una de les
plataformes immobiliaries més grans d'Alemanya.
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Introduction

1 Introduction

1.1 Leading to the Topic

New technologies enable companies or institutions to track a user on his way to purchase in
a very granular and detailed way. Important trace data is not generated on a company’s
website alone. Trace data can be generated in different mobile applications (apps) or other
online or offline marketing channels provided by a company. Online marketing channels such
as social media, mailings, paid search or display advertisement generate channel-specific
usage data separately. Any other third-party vendor connected to the provided eco-system of
a company or institution individually produces data as well. Furthermore, data is generated if
a customer interacts with a helpdesk or while using the hotline. Offering different
independent so-called channels to communicate and interact with one’s customer is a widely
applied strategic approach (Econsultancy 2015). This strategy is termed a multi-channel
approach. In such a multi-channel environment, responsible channel marketers act as
independent departments mainly using their own, within the channel generated data (Neslin
et al. 2006). Information about the user (data) is not shared across different departments or
channels. Acting as independent channels, important information about a user gathered by
other departments is neglected.

Having some information exchanged between departments and channels, e.g. sending a
coupon via email to buy a product in an online store is called a cross-channel strategy. A
pursued user action such as purchase, or a newsletter signup is achievable across different
channels.

The next more advanced strategic approach to communicating with one’s customers is termed
omni-channel strategy (Camiade 2013). The term ‘omni’-channel (lat. omnis), can be
translated as ‘all’. An omni-channel strategy, opposed to a multi-channel strategy, enables a
seamless user experience across different channels (Lazaris and Vrechopoulos 2014; Levy et
al. 2014). From a data-driven perspective a major change can be determined regarding an
omni-channel strategy. A centralized data hub containing or connecting decentralized data
sources which are generated from different (marketing-) channels needs to present. Figure 9
inspired by Paccard (2017) illustrates the different setups.

Today, there is a widely spread shift towards an omni-channel setup. Verhoef et al. (2015)
describe the necessary shift towards an omni-channel setup within a retailing context. To
achieve the pursued seamless user experience within an omni-channel environment enforces
data management and data-driven decisions within the marketing department(s) and other
departments interacting with the customer.
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Facing new challenges in an omni-channel environment is relatively new. The Web of Science
is utilized by applying the two search terms “multi-channel marketing” and “omni-channel
marketing” for a comparison on the amount of available publications. Figure 1 illustrates the
amount of publications for each year. The first research on “omni-channel marketing” is
available in 2014. There is a positive trend since 2014. In August 2018 there are already more
publications on “omni-channel marketing” than on “multi-channel marketing”.
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Figure 1: Amount of publications listed in the Web of Science on August 30th, 2018.

New challenges, questions and research areas arise in this field. The Marketing Science
Institute analyzed and identified different research priorities for the years 2016 to 2018 (MSI
2016). Most of the identified research priorities arise because the shift towards an omni-
channel strategy brings along new challenges requiring modern solutions and new
approaches.

The presented research focuses on the general question of what attribution in an omni-
channel environment should look like.

Defining Attribution Modelling

Generally speaking, attribution modelling is the definition of how much impact or value a
touch-point within a provided channel consists of onto a predefined action. (Nottorf 2014; Li
and Kannan 2014). Exemplary of such actions are: a purchase, the generating of a lead, or any
other event providing a company income. The company tries to encourage the user to perform
such actions.

In the following, a definition from a scientific publication and a definition with a practical
perspective are presented to sharpen the term attribution modelling.

“Attribution modeling is the practice of mapping touchpoints to monetarily relevant events
within a customer journey, which is directly related to the return on investment of e-commerce
websites, campaigns, or rankings in the organic search results.” (Ryte 2016)
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“The attribution problem [...] measures the relative effectiveness of channels in a given setting
[(Li and Kannan 2014)], so the results are conditional upon a number of management decisions
such as channels used or budget limits per channel. Therefore, optimizing the budget allocation
remains an iterative process. Correct attribution, however, is a necessary prerequisite for
managers to optimize their budget decisions.” (Anderl et al. 2016a)

1.2 Objectives and Contributions to the Scientific Community

The objective of the current research is to identify and formulate what efficient attribution in
an omni-channel environment looks like.

The presented research consists of three independent publications contributing to the
academic science community. Table 1 lists the scientific contributions of each publication.

Table 1: Contribution of the current research towards the science community

Publication Contribution

1 MAP- Marketing Analytics Process e A specification of the Cross-Industry Standard for
Data Mining (CRISP-DM) process for (online-)
marketing specific bigdata problems, the MAP
methodology.

2 Attribution modelling in an omni- e |dentification of existing dynamic attribution
channel environment new models in the science community based on a
requirements and specifications from structured literature research process.

a practical perspective e Present criteria (requirements and specifications)

for dynamic attribution models in an omni-channel
environment based on expert interviews.

e Evaluation of the identified models based on the
resulting criteria from the expert interviews.

e Formulate and define exigencies, research fields
and research questions for further research.

3 Ready for Omni-Channel: Cross e An omni-channel ready attribution approach
Device and Cross Platform Machine trained onto a cross-device and cross-platform
Learning Attribution Approach — A data foundation.

Field Experiment e Proof of practicability of the implantation of the

pre-identified requirements and specification for
efficient attribution in an omni-channel
environment.



Introduction

1.3 Organization of the Thesis

The presented research is enclosed in a cumulative thesis consisting of three individual
publications. The entire research is structured in the following way:

The introduction outlines the relevance and a dedication towards the general research field
of omni-channel marketing. Furthermore, a definition of the research topic attribution
modelling is presented, followed by the introduction of the main objective, the contributions
of the current research towards the scientific community and the organization of the thesis.

In the second chapter, the applied methodology and the research framework are presented.
The first publication, presented in chapter 4, is originally published in German. The third
chapter consists of an English summary of the first publication. Within the first publication the
Marketing Analytic Process (MAP) methodology is presented. The MAP methodology is
utilized in this research.

The first and the second publication directly follow each other. A connecting chapter between
the two publications is not needed.

The presented research utilizes a mixed-method approach. The first qualitative analysis
enclosed in publication two is presented in chapter 5. Within the qualitative analysis,
requirements and specifications for attribution modelling in an omni-channel environment
are identified.

Based on the identified requirements, the quantitative analysis is conducted. Chapter 6
connects the research between publication two and publication three. In this chapter the first
part of the quantitative analysis — the development of an omni-channel ready data foundation
is described. The following chapter 7 contains publication three. In publication three the
development of the attribution approach including the machine learning approach is
described.

In chapter 8 the results are presented and later discussed in chapter 9. Also, the limitations of
the current research and the implications for theory and practitioners are presented in
chapter 9.

All references including the references of the three publications are listed in chapter 10
followed by the appendices.
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2 Methodology and Research Framework

Empirical research is defined by Friih (2015) as a systematic, intersubjective verifiable
collection control and criticism of experiences. According to Friih, an idea or a research
guestion needs to be formulated at the beginning of the research.

For the current research the following main research question is formulated:

“What does efficient attribution in an omni-channel environment look like?”

2.1 Justifying the Relevance of the Main Research Question for
Science and Practice

A research question must describe a theoretical knowledge gap. “[...] eine Forschungsfrage
[muss] also eine theoretische Wissensliicke beschreiben.” (Glaser and Laudel 2010). The
research gap needs to be identified and described.

According to Ulrich (1995) the applied research designs begins with practical problems which
are unresolved. Those problems are analyzed by utilizing available literature and theories. His
scientific approach conceives business studies as part of the application-orientated social
science, which does not act in a static way, but considers change and alteration as instruments
for creating design concepts of the future social reality (Ulrich 1981). Ulrich claims that
business studies understood as applied science should be adjusted by problems related to the
practice of corporation management (Ulrich et al. 1976; Ulrich 1981, 1985). By also
considering the aforementioned research priority defined by the MSI (MSI 2016), the
attribution problem within the presented research is both, a scientific problem as well as a
practice relevant problem which enables the course of the current examination.

The main research question is placed in the research areas of marketing, bigdata analytics and
computer science. Attribution itself belongs to the number one research priority identified by
the Marketing Science Institute for the years 2016 to 2018 (MSI 2016). The most important
research priority is defined as “Quantitative models to understand causality, leavers, and
influence in a complex word” (MSI 2016). The relevance of the main research question for
science is outlined. To identify the research gap, the main research question needs to be
analyzed further.

The question of how much a customer is currently worth to a company is complex and difficult
to determine. The answer to this question is of great interest for companies, firms or other
institutions (Nottorf 2014; Anderl et al. 2016a). Therefore, the main research question is
relevant for both, science and practice.
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2.2 Research Framework - Course of the Examination

After having the main research question justified, the course of the examination must be
defined prior to the investigation (Kuckartz 2014; Creswell 2014). This includes the
formulation of the hypotheses guiding the research process. Figure 2 and Figure 3 illustrate
the applied research framework for the investigation which is explained afterwards in chapter
2.2.2. The notation for mixed-method approaches developed by Morse (1991) is applied.
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Prior to the main analysis, the MAP — Marketing Analytics-Process, an extension of the Cross
Industry Standard Process for Data Mining (CRISP-DM) (Shearer 2000) is developed as a
research methodology for practical problems. As described above, the methodology of Ulrich
(1995) enables consideration of a practical problem to solve it with scientific approaches. This
methodology is constructed as a guide for practical problems to find solutions to (online-)
marketing bigdata problems. Next to the CRISP-DM, the MAP methodology is applied in the
QUANT analysis of the mixed-method design to guide the investigation.

2.2.1 Structured Literature Review

Each research must be placed in a scientific context by filling a pre-identified research gap.
(Creswell 2014; Kuckartz 2014).

At the beginning of the presented research a structured literature research is conducted
inspired by Greenhalgh and Peacock (2005) and Webster and Watson (2002), identifying
existing dynamic attribution approaches to state the status quo of research in the field of
attribution.

To the best of the author’s knowledge, there is no publication dealing either with the topic of
comparing dynamic attribution models or evaluating them with respect to omni-channel
requirements. There is only one related paper in which the authors classify dynamic
attribution models from a statistical perspective (Jayawardane et al. 2015). A structured and
comprehensive analysis is not within the scope of their article. Based on seven identifiable
model features, a classification of the statistical approach within a model has been analyzed.
Their paper concentrates on the mathematical and statistical approach.

The process or the structured literature research process is attached in Appendix 1. All
identified attribution approaches are verified towards their applicability in an omni-channel
environment within the first publication (see chapter 5). By analyzing the applicability, the
research gap — the lack of an omni-channel attribution approach — is clearly identified as
shown in the research framework (see Figure 2 and Figure 3).

2.2.2 Exploratory Sequential Mixed-Method Approach

The main investigation is inspired by the exploratory sequential mixed method design
(Creswell 2014; Kuckartz 2014). This design is utilized to analyze the main research question.

Creswell (2014) requires considering the four criteria when deciding on a mixed method
design. These criteria are listed in Table 2. Within this table the attributes of the presented
research are highlighted in bold.
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Table 2: Dimensions of a mixed method design based on Creswell et al. (2003)

Implementation Priority Integration Theoretical Perspective
e No order e Equivalent e during data o explicit
e Sequential: e qualitative collection e implicit
qualitative first e quantitative e during data analysis
e Sequential: e during data
quantitative first interpretation

e multiple times

The highlighted criteria characterize a “qualitativ-vertiefendes Design” (Kuckartz 2014) or
“Vertiefungsdesign” (Mayring 2001). In contrast to the definition of Creswell et al. (2003), the
current design prioritizes the quantitative analysis and not the qualitative analysis. Firstly, this
presented research identifies criteria for attribution in an omni-channel environment by
conducting semi-structured expert interviews. The research focusses on the subsequent
analysis in the second step. In this step, in a field experiment, the identified criteria are
analyzed according to their feasibility in the real-world utilizing the provided data sources by
one of Germany’s largest real-estate platforms.

A parallel mixed method design is not applicable because the results of the first analysis are
required for the second analysis (Creswell 2014).

According to Kuckartz (2014), a mixed-method design is chosen because the research question
is too complex to be answered with only a qualitative approach or a quantitative approach. A
mixed-method methodology enables a better understanding of such complex research
questions (Kuckartz 2014). With an only qualitative or only quantitative methodological
approach the current investigation could not be implemented.

The qualitative analysis is following a deductive approach, whereas the quantitative analysis
is executed in an inductive way.

2.2.2.1 Qualitative Analysis

The first analysis, the exploratory sequential inspired design, consists of a qualitative analysis
(qual) identifying requirements and specifications towards attribution modelling in an omni-
channel environment. Such requirements are identified by conducting semi-structured expert
interviews (Glaser and Laudel 2010) and applying the Qualitative Content Analysis by Schreier
(2012) and Glaser and Laudel (2010) for the evaluation process. This qual analysis is guided by
the first two hypothesis H1 and H2 listed in Table 3. All interviews are guided by the guideline
attached in Appendix 3. The justification of the hypotheses is described within the

10
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corresponding publication. H1 and H2 are discussed and analyzed in publication two in chapter
5. The latter hypotheses H3 and H4 are analyzed in publication three in chapter 7.

To ensure an appropriate degree of quality of the research, the main criteria — objectivity,
reliability and validity (Amelang et al. 2004) — are utilized for both the qual analysis and the
QUANT analysis.

A qualitative approach is chosen since the topic of investigation is relatively new and the
access to experts in this field is limited. All experts are selected based on pre-defined criteria
to ensure high quality input and reproducibility. The semi-structured interviews are executed
based on a guideline (see Appendix 3). Since it is the target to identify criteria for attribution
in an omni-channel context, feelings and attitudes of the experts are not relevant. Only
requirements and specifications are relevant for the presented research. No subjective
selection of the data has occurred. Interviewing the same experts with the same guideline
results in the same collected data. This ensures the objectivity of the qual analysis.

The process of coding, selecting and prioritizing the evaluation criteria is inspired by the
Qualitative Content Analysis by Schreier (2012) and Glaser and Laudel (2010). Since the
selection and prioritization are based on the amount of mentions and the evaluation of the
experts, the results are reliable.

External stimuli were kept low during the interviews in order not to influence the focus on the
topic. During the qualitative analysis, the expected information was collected to ensure the
validity of the research.

The results of the qual analysis and the structured literature research are included in the
second publication of this research (see chapter 5).

2.2.2.1.1 Results of the Qualitative Analysis

As required in a sequential mixed-method approach, the results for the first analysis (qual)
need to be utilized by the following analysis (QUANT). The qual analysis results in the following
three categories of omni-channel attribution criteria.

1. Feature/
Specification criteria comprising attribution model specific requirements
2. Data criteria comprising data requirements for attribution modelling
3. Other criteria containing other requirements identified during the research

11
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2.2.2.1.2 Research Ethics

Conducting expert interviews raises ethical concerns. Although this investigation does not
collect personal information or habits it is important to the author to meet research ethical
standards (Warwick 1982). To ensure compliance with ethical guidelines, the following
restrictions and concerns were part of this investigation:

e introducing the research project and its objective to the interview participants

e obtaining the interviewee’s consent to voluntary participation and the use of collected
information in the resulting publication

e information on how the data is being used as part of a doctoral study

e anonymization of personal data to ensure that no inference to the participants is
possible

e an accompanying responsible treatment of all personal data

e transfer of the research results back to the participants

Informing the interviewees about the assumptions in advance was a challenge in complying
with these guidelines because this can influence the research results (Diener and Crandall
1978). In keeping with Glaser and Laudel (2010) recommendations, the abstract description
of the research goal was communicated to the interviewees for this analysis.

2.2.2.1.3 Identifying the Research Gap — the Lack of an Omni-Channel Ready Attribution
Approach

By applying the identified requirements and specifications onto the identified attribution
models, the research gap is clearly identified as required by Kuckartz (2014). No attribution
model meets a majority of the identified requirements. Having the research gap identified
justifies the second QUANT analysis.

2.2.2.2 Quantitative Analysis

For the QUANT analysis based on the qual analysis, the CRISP-DM (Shearer 2000) and the MAP
(see chapter 4) are utilized to develop a data basis meeting the data requirements and a
corresponding attribution approach meeting the prior identified model requirements. For the
research different data sources are utilized, provided by one of the largest online real-estate
platforms in Germany.

The in 1996 developed CRISP-DM is still the mostly applied methodology for analytics, data
mining, or data science projects (Piatetsky 2014). Since 1996 the CRISP-DM has not been
significantly further developed. Piatetsky (2014) points out the need for problem-specific,
more detailed approaches. The developed MAP methodology (see chapter 3 and 4) offers such
an approach for marketing bigdata problems. In contrast to the more general CRISP-DM

12
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approach, the MAP approach specifies six tangible phases. The following six phases serve as
orientation for the presented research.

Problem statement and goal definition
Selection of data sources

Data preparation

Modeling

Model evaluation

o Uk wWwN R

Recommendation for action

The QUANT analysis utilizes the CRISP-DM and the MAP methodology. The research is guided
by the hypotheses H3 and H4 listed in Table 3.

For the quantitative analysis of the presented research, real user interaction data from one of
Germany’s largest real-estate platforms is utilized. The utilized raw data sets consist of over
240.000.000 hits/touchpoints from which over 225.000.000 hits are placed in more than
9.700.000 journeys. This large amount of data ensures significance (The Law of Large Numbers
(Mlodinow 2008)) within the data to support the results. Data quality and objectivity depend
on existing tracking issues such as ad-blockers or clients with deactivated javascript. It is the
objective to assemble a holistic data set of the customers to understand the usage behavior.

All data is structured and raised by machine. Considering tracking issues, by utilizing a well-
tested and longstanding tracking approach maintained by the data providing company, any
research would result in the same raw data. The objectivity of execution is ensured.

The objectivity of analysis is ensured as well. All executed transformations are necessary
transformations for the process and are well documented. This includes data selection, data
joins and data neglection.

The feature engineering process is based on domain knowledge. The same set of features will
be engineered if the same degree of domain knowledge is available.

The execution of a Principal Component Analysis (PCA) is objective by default.

The setup of the machine learning approach including the described data splits ensure the
objectivity of analysis.

Finally, the last step of the research, the hyperparameter optimization, ensures the objectivity
as well.

The objectivity of interpretation is ensured since the interpretation of the results is based on
facts contained in the data or resulting from the process.

The objectivity of the qualitative research is assured, since the objectivity of execution, the
objectivity of analysis and the objectivity of interpretation are given.
13
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In as much as the objectivity of the investigation is ensured, the investigation needs to be
analyzed regarding its reliability — e.g., the accuracy (Krauth 1995). No random errors exist
which falsify the result. As described within the process, outliers representing users with
uncommon behavior, were analyzed and rated as users with realistic behavior.

The whole data set is split into a training, validation and test portion. The test portion has not
been utilized for any training or modeling. This setup ensures the reliability of the
investigation. Utilizing the same data foundation results in the same outcome. The reliability
of the investigation is given.

The third quality factor is the validity of the investigation. The developed model has been
tested regarding the test split of the collected data. Since the intended results were achieved,
the process can be considered valid.

2.2.2.2.1 Developing a Data Foundation for Omni-Channel Attribution

The first part of the QUANT analysis consists of the development of an omni-channel ready
data basis. The generated data basis is analyzed with respect to the applicability for attribution
in an omni-channel environment. The applicability is assured by evaluating the data
foundation by applying the pre-identified data requirements. By utilizing the results of the first
qual analysis, the sequential mixed-method approach is correctly implemented (Kuckartz
2014). This ETL (Extract, Transform, Load) process is described in chapter 6.

Based on the generated data basis, so-called features need to be selected and/or extracted
(Meyer and Whateley Brendon 2004; Menkov et al. 2006). Such features represent the input
variables for the downstream machine learning model, which is part of the presented
attribution approach. The process of feature selection consists of identifying relevant features
by selecting them from the given feature set (Meyer and Whateley Brendon 2004). In contrast
to the feature selection process the feature extraction process involves the development or
derivation of new features based on existing features (Menkov et al. 2006). Combining the
development of the holistic customer journey (HCJ) data foundation and the feature
generation process, the whole data preparation process is structured as an ELT (Extract, Load,
Transform) process.

The process of feature generation (selection / extraction) is a very complex task (Meyer and
Whateley Brendon 2004). There is no holistic methodology which can be applied to guide this
process to identify the optimal set of features. For the feature generation process there are
two different approaches which can be utilized (Menkov et al. 2006). The first one applies
domain knowledge as key driver to select or extract features. This approach enforces
outstanding knowledge about the data in general, the described processes represented within
the data and an excellent understanding of the data context. For the presented research an
understanding of the company’s customers is indispensable.
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Alternatively, as a second option, an automated feature generating approach could be
utilized. There are different libraries supporting the feature engineering process such as the
featuretools Python library (Feature Tools Development Group 2018). Considering the main
research question, it needs to be analyzed what attribution looks like in an omni-channel
environment. The current research is not focusing on developing the optimal attribution
approach for the provided data set. Applying an automatic feature generation approach is
very time consuming and the quality of the results are often not outstanding and purposeful
(Domingos 2012). For the presented research existing domain knowledge is chosen for the
feature generation process.

2.2.2.2.2 Developing the Omni-Channel Ready Attribution Approach

As already mentioned, the generated features represent the input data for the development
of the machine learning (ML) model approach. Based on the semi-structured expert interviews
during the prior qual analysis, it has been identified that a ML or artificial learning approach is
stated as a model requirement. Therefore, a ML approach utilizing different tree-based
algorithm is chosen for the presented research. The attribution approach is evaluated the
same way as the data foundation. All identified model requirements are used to analyze the
applicability of the attribution approach in an omni-channel environment.

The attribution problem is treated as a data mining problem, trying “[to mine] knowledge [...]
from data” (Han et al. 2012) and to solve it with ML algorithms. The methodology for the
development of the machine learning is described in detail in publication 3 (see chapter 7).

As identified as model requirement (see chapter 5), in an omni-channel environment an
attribution on a channel basis alone is no longer purposeful. An attribution on an audience
level or user level is required. Based on the results of the expert interviews and in cooperation
with the data providing company, two user-level attributes or indicators are identified to be
the targeted output of the attribution approach. Firstly, a customer value representing the
value of a customer at its current state and secondly, a classification indicating the conversion
probability, the likeliness of the user to perform another conversion are chosen.

The QUANT analysis results in an omni-channel ready data basis and an omni-channel ready
attribution approach. The data basis and the attribution approach are evaluated to answer
the main research question.
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2.3 Justifying the Hypotheses

The presented research is guided by the following four hypotheses H1, H2, H3 and H4. Each
hypothesis is described in the enclosed corresponding publication. This includes the detailed
derivation from the main research questions, the research gap and the theoretical
background. In Table 3 all four hypotheses are listed with the corresponding applied
methodology.

The first two hypotheses “New requirements are requested for attribution modelling from a
practical point of view in an omni-channel environment” and “Existing attribution models are
not effectively applicable in an omni-channel environment from a practical perspective” aim
at analyzing requirements for an attribution approach in an omni-channel environment and
identify the research gap, that no efficient attribution approach for an omni-channel
environment exists. Hypotheses three and four guide the research on building an omni-
channel ready attribution approach and its performance.

Table 3: Hypothesis and applied methodologies

Hypothesis Applied methodology

H1 New requirements are requested for = Structured Literature Review (Greenhalgh
attribution modelling from a and Peacock 2005; Webster and Watson
practical point of view in an omni- 2002)
channel environment.

H2 Existing attribution models are not

litative A h
effectively applicable in an omni- QNEIHEETIE ((PIPIOEE

channel environment from a e Qualitative Content Analysis: Semi-
practical perspective. structured expert interviews (Schreier
2012)

H3 Itis possible to build a required data  Quantitative Approach

foundation and attribution model to
e CRISP-DM (Shearer 2000)

e MAP (see chapter 4)

work efficiently in an omni-channel
environment.

H4 If such a model can be developed,
savings from at least 10% can be
achieved for e.g. a company or an
institution.
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2.3.1 Hypothesis 1

New requirements are requested for attribution modelling from a practical point of view in
an omni-channel environment.

The identified shift towards omni-channel marketing and the research priorities of the
Marketing Science Institute (MSI 2016) identify the relevance for research in an omni-channel
environment. Since there is no research identified during the structured literature review
process, presenting evaluation criteria for attribution approaches in a multi-channel
environment, omni-channel environment or in general, there is a lack of attribution
requirements which needs be analyzed. It has not been determined what attribution in an
omni-channel environment looks like. The analyzing of the applicability of the identified
attribution models in an omni-channel environment clearly indicates that prior research
cannot be applied in an omni-channel environment. Assuming, existing attribution
approaches meet requirements in a multi-channel environment indicates the necessity of new
requirements within an omni-channel environment (H1).

2.3.2 Hypothesis 2

Existing attribution models are not effectively applicable in an omni-channel environment
from a practical perspective.

Static attribution approaches are still widely applied (eMarketer 2016). Already in a multi-
channel environment those static attribution approaches are identified as inaccurate
(Petersen et al. 2009). Those models probably remain inaccurate in an omni-channel
environment as well. This circumstance has not been analyzed yet and justifies the second
hypothesis.

2.3.3 Hypothesis 3

It is possible to build a required data foundation and attribution model to work efficiently in
an omni-channel environment.

Since the identified attribution modelling requirements have not been applied by any
research, the third hypothesis, analyzing whether those criteria are implementable or not, is
justified.
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2.3.4 Hypothesis 4

If such a model can be developed,
savings from at least 10% can be achieved for e.g. a company or an institution.

As in hypothesis three, the modelling requirements and the derived attribution approach have
not been analyzed by any other researcher. Analyzing the results in terms of savings and
optimization potential justifies the last hypothesis of the research.
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3 Summary of the Marketing Analysis Process (MAP)
Methodology

The first publication of the current research is titled “Marketing-Analytics-Process (MAP) —
Data-Driven-Marketing-Projekte erfolgreich durchfiihren”, Eng. Marketing-Analytics-Process
(MAP) — Successful implementation of data-driven marketing projects. This publication is
written in German as it is a book chapter in a German marketing controlling guide. Since the
current research is written in English, a summary of the publication is included in this chapter.
The first publication, the original book chapter is included in chapter 4.

The developed Marketing-Analytics-Process (MAP), a specification of the CRISP-DM (Shearer
2000), is described within the first publication from both a theoretical perspective and a use-
case perspective. The MAP is a framework for the procedural approach in the implementation
of data-driven marketing projects based on bigdata.

Due to the increasing dynamization of markets and the available technical possibilities to use
bigdata to generate competitive advantages, the extent of external and internal complexity
has increased significantly (Schoeneberg et al. 2016). Today, however, only a limited number
of companies have the necessary corporate strategies and business models to exploit these
competitive advantages strategically and operationally successfully. However, the possession
of large amounts of data offers no added value in the absence of suitable analytical models or
methods (Malgara 2014). Implemented in the specialist department, bigdata projects are
executed in six phases (see Figure 4) in which several iterations and returns are possible.

The Marketing Analytics Process (MAP) model was developed specifically for the challenges
of operational and strategic marketing and adapts the world’s most widely used data analysis
process, the CRISP-DM. It should be noted that the CRISP-DM, originally developed in 1996,
has not been significantly further developed. New questions and challenges - such as the
transfer of technical know-how to the specialist departments and the handling of the
challenges posed by bigdata - are no longer sufficiently considered. Fan et al. already point
out in 2015 that bigdata acts as a driver for decision-making processes in (online-) marketing
and the alignment of processes is necessary (Fan et al. 2015). This is where the MAP comes in.
The six phases of the MAP are shortly outlined.
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Table 4: Phases of the Marketing Analytics Process

MAP

Phase 1

Phase 2

Phase 3

Phase 4

Description of the phase / Actions
Problem statement and goal definition

The central phase of any MAP analysis project is the first phase. It identifies the
problems and defines the goals. The focus is on understanding the project goals
from a professional perspective. These problems must be specifically translated into
technical problems and a preliminary project plan must be drawn up.

Selection of data source

The data source selection phase can be divided into five steps according to Shearer
(2000). First, a meaningful sample is drawn from each data source (l), the structure
of the data sources is described (I1) and the data sifted (lll). The data can be viewed
by means of specific queries or visualization. This generates initial results and
hypotheses. The review of the data provides insights into data quality, which must
be ensured for each data source (IV). If the data quality meets the requirements or
has been subsequently transformed into the desired form, a data schema including
sample data must be created (V), which is utilized for modeling. The live system is
not burdened by queries and is protected against unintentional manipulation.

Data preparation

In the data preparation phase, the data is transformed to be utilized for further
processing using modelling/analysis software. Three steps - data set selection (l),
data linking (1) and data cleansing (lll) - are performed for this purpose. As already
described in Phase |, data preparation with a share of between 50 and 80 % takes
up most of the time required for an analysis project (Granville 2015; Dasu and
Johnson 2003). The objectives of data preparation and the previous data source
selection are to ensure the quality criteria objectivity, reliability and validity of the
data.

Modeling

The modeling phase is divided up into four steps. The selection of the modelling
technique (l) is based on the objective or business problem and the data properties
(Liao et al. 2012). Test procedures are then created (ll). At least one model is created
in step three (lll). According to Ngai, the most common methods of analysis are
association, classification, cluster and regression analysis (Ngai et al. 2009), but
descriptive analyses are also relevant according to Haumer (Haumer 2015). Finally,
the models are evaluated in this step (V). Here, intensive cooperation between the
Data Scientist and the specialist department is highly recommended (Shearer 2000).
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Phase 5

Phase 6

Model evaluation

In the model evaluation phase, the models resulting from the previous phase are
reviewed (Shearer 2000). The technically flawless models - from the analysts' point
of view - must now be inspected with regards to their technical objectives.
Furthermore, the procedure that led to the creation of the models must be
validated. The data sources and data preparation are therefore also checked once
again. It is therefore validated whether everything relevant has been considered so
far in order to achieve the defined goal with the models.

Recommendation for action

The final phase includes the formulation of recommendations for action. A frequent
recommendation for action is the implementation or automation of the models. A
recommendation for action is to formulate a report that documents the process
carried out, describes and visualizes results - such as models, findings or artifacts
created - and makes a recommendation for further action. The actions are
recommended with a focus on Return of Investment (ROI). Alternatives are
described and evaluated and possible effects on the existing business - both
strategic and operational - are explained.
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4 Publication 1 MAP - Marketing Analytics Process

DOl
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Book
Language
Status

Summary

MAP - Marketing Analytics Process

10.1007/978-3-662-50406-2_2

Book chapter

Handbuch Marketing-Controlling 4t Ed.
German

Published

Aufgrund der zunehmenden Dynamisierung der Markte und den
vorhandenen technischen Méglichkeiten, Big Data zur Generierung
von Wettbewerbsvorteilen nutzen zu konnen, hat der Umfang
unternehmensexterner wie -interner Komplexitat stark zugenommen.
Dieser Beitrag beschreibt den von den Autoren entwickelten
Marketing-Analytics-Process, der ein Framework zur prozessualen
Vorgehensweise bei der Umsetzung von Data-Driven-Marketing-
Projekten auf Basis von Big Data darstellt. In der Fachabteilung
implementiert, werden Big-Data-Projekte dazu in sechs Phasen
umgesetzt, bei denen Iterationen und Riickspriinge méglich sind. Zum
besseren Verstandnis wird jede Phase detailliert beschrieben und
durch einen fortlaufenden Use-Case, basierend auf einem After-Sales-
Projekt des Unternehmens Immonet, erganzt. Der Marketing-
Analytics-Process wird detailliert aus wissenschaftlicher, praktischer
und technischer Sicht beschrieben.
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Einleitung

Aufgrund der zunehmenden Dynamisierung der Markte und den vorhandenen technischen
Moéglichkeiten, Big Data zur Generierung von Wettbewerbsvorteilen nutzen zu kénnen, hat
der Umfang unternehmensexterner wie -interner Komplexitdt stark zugenommen
(Schoeneberg et al. 2016). Bisher verfiigen jedoch nur eine begrenzte Anzahl von
Unternehmen Uber die notwendigen Unternehmensstrategien und Geschaftsmodelle, um
diese Wettbewerbsvorteile strategisch wie operativ erfolgreich fiir sich nutzen zu kénnen. Der
Besitz groRer Datenmengen bietet jedoch keinen Mehrwert, sofern geeignete Analysemodelle
oder -methoden fehlen (Malgara 2014).

Im Hinblick auf Big Data miissen sich Organisationen vorab die Fragen stellen, welche Ziele sie
mit der Nutzung verfolgen wollen, welche Quellen sie nutzen kénnen und welche
pragmatischen und ergebnisbezogenen Vorgehensweisen fir sie zielfiihrend sind. Daflr ist es
erforderlich, dass die gesamte Organisation das Potenzial von Big Data erkennt. Im Marketing
haben sich hier Buzzwords, wie Marketing-Intelligence, Marketing-Analytics, Smart Data oder
Data-Driven-Marketing, bereits etabliert. Das datenbasierte Marketing bietet Organisationen
heute vielfadltige neue Mdglichkeiten, mehr lber die wahren Bedirfnisse der Kunden zu
erfahren und diese gezielt ansprechen zu kdnnen. Mittels pradiktiver Analysen ist die
Kommunikation mit bestehenden und potenziellen Kunden zum richtigen Zeitpunkt
crossmedial realisierbar. Dieser Beitrag beschreibt den von den Autoren entwickelten
Marketing-Analytics-Process, der ein Framework zur prozessualen Vorgehensweise bei der
Umsetzung von Data-Driven-Marketing-Projekten auf Basis von Big Data darstellt. In der
Fachabteilung implementiert, werden Big-Data-Projekte in sechs Phasen umgesetzt, bei
denen mehrere lterationen und Rickspriinge moglich sind. Zum besseren Verstandnis wird
nachfolgend jede Phase detailliert beschrieben und durch einen fortlaufenden Use-Case zur
Implementierung ergénzt. Der jeweils hervorgehobene Use-Case dient als Best-Practice-
Beispiel und basiert auf einem After-Sales-Projekt des Unternehmens Immonet. Uber die
Beschreibung des Projektverlaufs hinaus werden hier auch die technischen
Implementierungen

anhand von Programmcodes skizziert, um einem Analysten einer Fachabteilung eine
entsprechende Guideline zu bieten.

Der Marketing-Analytics-Process wird anschlieBend detailliert aus wissenschaftlicher,
praktischer und technischer Sicht dargestellt.
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Marketing-Analytics-Process-(MAP)-Modell

Das Marketing-Analytics-Process-(MAP)-Modell wurde speziell fir die Herausforderungen im
operativen und strategischen Marketing entwickelt und adaptiert den meist genutzten
Datenanalyseprozess der Welt, den CRISP-DM (Piatetsky 2014). Kritisch anzumerken ist
hierzu, dass der urspriinglich bereits 1996 entwickelte CRISP-DM nicht mehr wesentlich
weiterentwickelt wurde. Neue Fragestellungen und Herausforderungen — wie die
Verschiebung

von technischem Know-how in die Fachabteilungen sowie der Umgang mit den
Herausforderungen durch Big Data — werden nicht mehr hinreichend beriicksichtigt. Fan et al.
(2015) weisen bereits 2015 darauf hin, dass fir Entscheidungsprozesse im (Online-)Marketing
Big Data als Treiber fungiert und das Angleichen von Prozessen notwendig ist (Fan et al. 2015).
An dieser Stelle setzt der MAP an.

Der Prozess ist so konstruiert, dass er in der (Online-)Marketing-Fachabteilung implementiert
wird. Der MAP bildet eine explorierende Basis mit dem Ziel der Wissens- und
Erfahrungsgenerierung, also Insights, aus Daten fiir eine spatere mogliche Automatisierung
oder Implementierung durch Analysten, deren Fokus dabei auf der fachlichen Problemldsung
liegt.

Der MAP-Modell besteht aus sechs Phasen (vgl. Figure 4), welche zumeist in einer
Implementierung des Modells miinden. Der AnstoR zur Umsetzung von strategischen Zielen
durch den MAP kommt in der Regel von auRerhalb, von operativen Zielen innerhalb der
(Online-) Marketing-Abteilung. Zunachst werden Probleme identifiziert und Ziele definiert
(Phase ). AnschlieBend werden die bendtigten Daten aus internen und externen Datenquellen
gesammelt (Phase Il). Liegen die zu analysierenden Daten vor, werden diese durch
Datenverknilipfung, Datensatzselektion und Datenbereinigung aufbereitet (Phase Ill), um den
Ansprichen der Modellierung (Phase IV) und den einzusetzenden Analyseverfahren zu
genligen. Bei der Modellierung ist besonderer Fokus auf eine spatere Flexibilitat, d. h.
Erhohung der Modellprazision durch Erweitern oder Verdandern der Parameter, zu legen.
Zielfihrend ist das Erstellen mehrerer Modelle, deren Gite anschlieRend evaluiert wird
(Phase V). Ergibt die Validierung der Modelle, dass durch diese die zuvor identifizierten
Probleme nicht wie gewiinscht geldst werden kénnen, so sind weitere Iterationsschritte
notwendig. Hierbei ist das Augenmerk aber nicht auf eine perfekte Modellgiite zu legen, da
durch jede weitere Iteration wiederholt Ressourcen gebunden werden. Daher kann innerhalb
des MAP-Modells aus jeder Phase in eine der vorherigen Phasen zuriickgesprungen werden,
um kurzfristig Anpassungen vorzunehmen und Fehler friihzeitig zu kompensieren. Die aus
modelltheoretischer wie praktischer Sicht gangigen Feedback-Spriinge sind in Figure 4
dargestellt.
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Figure 4: Marketing-Analytics-Process Modell (MAP). (Quelle: eigene Darstellung)

rrrrrrrrrr 4 Modellbewertung

(Online-) Marketing

Entwicklungsabteilung

AnschlieBend wird eine Handlungsempfehlung an den Auftraggeber ausgesprochen, welche
immer auch in einem resultierenden Bericht stattfindet (Phase VI). Eine der haufigsten
Handlungsempfehlungen stellt die Implementierung einer automatisierten Modellausfiihrung
durch eine Entwicklungsabteilung dar. Durch eine solche Implementierung kénnen die
Ergebnisse der automatisierten Analyse regelmaRig und zeitnah abgerufen oder verteilt
werden.

Auf die Phasen des MAP-Modells wird in den folgenden Kapiteln detailliert eingegangen.

Zum besseren Verstandnis wird jede Phase anhand eines fortlaufenden Use-Case praxisnah
beschrieben.

Phase |: Problemidentifikation/Zieldefinition

Die zentrale Phase jedes MAP-Analyseprojektes ist die erste Phase. In dieser werden die
Probleme identifiziert und die Ziele definiert. Der Fokus wird auf das Verstandnis der
Projektziele aus der fachlichen Perspektive gesetzt. Diese fachlichen Problemstellungen sind
speziell in technische Problemstellungen zu lberflihren und ein vorlaufiger Projektplan ist zu
erstellen.

Da von dieser Phase aus der weitere Prozessablauf gebildet wird, haben die getroffenen
Entscheidungen eine groRe Hebelwirkung auf den Ressourceneinsatz, die Ergebnisqualitat
sowie den Projekterfolg. Um sicherzustellen, dass nicht die richtigen Antworten auf die
falschen Fragen gefunden werden, ist die Analyse der wichtigsten fachlichen Ziele und die
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damit verbundenen Fragestellungen unabdingbar. Wenn das fachliche nicht richtig in ein
technisches Ziel Giberfiihrt werden kann, dann ist eine erneute Definition in Betracht zu ziehen.
AbschlieBend ist ein Projektplan zu erstellen, welcher eine Planung fiir das Erreichen der
technischen Ziele, eine Zeitplanung, Betrachtung potenzieller Risiken und eine Auswahl an
Tools und Techniken beinhaltet. In der Praxis haben sich die Phasen der Datenauswahl sowie
der Datenaufbereitung als besonders ressourcenintensiv herausgestellt. Wahrend die
Datenauswahl und das entsprechende Verstindnis dafilir erfahrungsgemal ein Viertel der
zeitlichen Projektaufwande binden, nimmt die Datenaufbereitung zwischen 50 und 80 % der
Projektressourcen in Anspruch (Granville 2015; Dasu and Johnson 2003).

Bei neuen Projekten ist darauf zu achten, dass in der Phase der Zieldefinition und
Problemidentifikation die Einarbeitung des Analysten in die fachliche Problemstellung nicht
ausschlieBlich im Zentrum steht. Der Fokus liegt ebenso in der Schaffung einer realistischen
Erwartungshaltung in der Fachabteilung sowie der Anpassung der fachlichen Prozesse an die
Arbeit mit den resultierenden Analysemodellen. Um diese Diskrepanzen maoglichst gering zu
halten, sind sowohl der MAP als auch mindestens ein Analyseexperte direkt in der
Fachabteilung bzw. in einem Kompetenzcenter zu implementieren.

Des Weiteren zeigt sich in der Praxis, dass die vom Management vorgegebenen Projektziele
oft nicht mit den Anforderungen der Fachabteilung Ubereinstimmen. Aufgabe der
Fachabteilung ist es daher, aus den vom Management vorgegebenen globalen Zielvorgaben,
konkrete, praktisch umsetzbare Projektziele abzuleiten.

Exkurs: Analysen im (Online-)Marketing-Kontext

Herausfordernd fir eine Organisation sind heute die wachsenden Anspriiche des Kunden,
welche sich in den letzten Dekaden stark gewandelt haben. Aus Marketingsicht beinhaltet
dies, eine Relevanz beim Kunden zu erzeugen bzw. zu erhalten. Der Endkunde im digitalen
Zeitalter erwartet ,maRgeschneiderte” Angebote und eine individuelle Ansprache. Die
Relevanz eines individuellen Marketing ist bereits seit langem bekannt und stellt trotzdem
immer noch eine grol3e Herausforderung dar.

Wahrend Borden 1964 den Begriff des ,Marketing Mix“ mit seinen 12 Elementen pragte
(Borden 1964), gruppierte McCarthy diese Elemente in vier Gruppen, die als 4Ps (fiir Product,
Price, Promotion und Place) bekannt sind (McCarthy 1964). Laut Goi wird das 4P-Modell als
hochst relevant fiir das Consumer Marketing angesehen (Goi 2009). Damit wurde das
Marketing, laut Judd, jedoch als zu produktionsorientiert definiert. Daher integrierte dieser
ein flnftes P, fir People (Judd 1987).

Fan et al. veroffentlichten 2015 ein Framework auf Basis der 5Ps, welches einen Leitfaden fir
den Entscheidungsprozess im Marketing im Kontext von Big Data bereitstellt (Fan et al. 2015).
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Die 5Ps werden in Relation zu den Daten, den moglichen Analysemethoden und

Anwendungsfdllen gesetzt, wodurch eine strukturierte Datenanalyse ermdglicht wird.

People Product Promotion
Daten Demographische * Produkt- Werbedaten *+ Transaktionsdaten *+ Standortbezogene
Daten eigenschaften * Umfrageergebnisse * Umfrageergebnisse Soziale Netzwerke
* Soziale Netzwerke *» Produktkategorie * Umfrageergebnisse
* Kundenmeinungen * Kundenmeinungen
= Click Stream Daten * Umfrageergebnisse
* Umfrageergebnisse
Methode * Clustering » Assoziation * Regression * Regression * Regression
* Klassifikation » Clustering * Assoziation » Assoziation * Klassifikation
* Topic Modeling * Kollaborative
Filtrierung
Anwendung * Kunden- * Produkt Ontologie * Promo Marketing *+ Preisstrategie * Standortbezogene

segmentierung
* Kundenprofilbildung

* Produkt Reputation

Analyse

* Empfehlungssysteme

Analyse
* Konkurrenzanalyse

Werbung
* Analyse von

Gruppendynamik
innerhalb von
Communities

Figure 5: Marketing-Mix-Framework im Rahmen des Big Data-Managements.  (Quelle: eigene Darstellung in Anlehnung

an Fat et al. 2015, S.29)

Praxis Use-Case

Ziel des (Online-)Marketing ist es, die eigenen Produkte oder Dienstleistungen mit wenig
Aufwand und Budget bestmdglich dem Kunden zu prasentieren, sodass dieser die vom
Marketing angestrebte Handlung durchfiihrt. In diesem Use-Case wird zunachst der
Geschaftsbereich der After-Sales-Produkte von Immonet.de skizziert. Dartiber hinaus wird
detailliert beschrieben, wie der gezielte Einsatz von Big-Data-Quellen und -Analysen zu einer
erheblichen Absatzsteigerung durch Einsatz des MAP gefiihrt hat.

Immonet.de ist eines der filhrenden Immobilien-Portale in Deutschland. Mit Giber 20 Millionen
Visits pro Monat ist Immonet.de ein seit Jahren etabliertes Portal, auf dem unterschiedliche
Objekte (Objekt wird als Oberbegriff fiir unterschiedliche Immobilientypen verwendet.
Darunterfallen u. a. Hiuser, Wohnungen, Appartements, Garagen, Stellplétze, Gewerbe- und
Anlage-Immobilien.) von Immobilienanbietern angeboten und durchsucht werden kénnen.

Neben dem eigentlichen Kerngeschaft von Immonet.de, dem Zusammenfihren von Objekt-
Anbietern (Makler oder auch private Anbieter) und Objekt-Nachfragern (Kunden), verkauft
Immonet.de Leads an verschiedene Partner. In diesem Kontext bezeichnen Leads einen
Kontakt, der tiber eine (Online-)MarketingmalRnahme gewonnen wurde. Diese Leads werden
als After-Sales-Produkte bezeichnet.
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Bereiche, in denen Leads generiert werden (alphabetisch sortiert):

* Finanzierung (Fipa)
» Hausbaukatalog (Katalog-Hausbau)
=  Umzug (UA)

Bisher wird der Kunde durch interne Werbung auf Immonet.de und Gber Newsletter auf die
verschiedenen After-Sales-Angebote aufmerksam gemacht. Dariliber hinaus werden SEO-
(Searchengine Optimization) und SEA- (Searchengine Advertisement) MaRnahmen
durchgefiihrt, um die Einnahmen im Lead-Verkauf zu steigern.

Zielsetzung

Auf der Managementebene wird die Anforderung formuliert, dass die Performance der After-
Sales-Produkte gesteigert werden soll. Hier wird ein grofles, in der Vergangenheit
ungenutztes, Potenzial gesehen. Eine konkrete, messbare Zielvorgabe beinhaltet die Vorgabe
des Managements nicht.

Wie bereits erwdhnt, werden die After-Sales-Produkte bisher zumeist ohne libergeordnete
Strategie mithilfe verschiedener Online-Marketing-Kampagnen beworben. Der MAP soll
genutzt werden, um die Effizienz der Leadgenerierung zu optimieren.

Folgende Ziele werden definiert:

1. Erstellung einer Customer-Life-Time (CLT) fur die vier Kernprodukte Haus/kaufen,
Haus/mieten, Wohnung/kaufen und Wohnung/mieten. Als Datengrundlage sind die
bereits erhobenen Informationen des Kundennutzungsverhaltens (Sessiondaten)
anzuwenden.

2. Erstellung eines Forecast-Modells zur Vorhersage, zu welchen Zeitpunkten im
Kundenlebenszyklus ein Kunde Bedarf an After-Sales-Produkten hat.

3. Integration des Forecast-Modells zur automatisierten Kundenansprache.
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Projektplan

Folgende Meilensteine mit jeweiliger Zeiteinschatzung werden definiert und in Table 5
dargestellt.

Table 5: Projektplan inkl. Zeiteinschétzung

Beschreibung Zeiteinschatzung
M1 Datenquellen wahlen und ein Verstandnis der Daten erhalten 4PT
M2 Daten-Aufbereitung, inkl. Daten-Qualitatsprifung, - 8PT

Transformationen, -Verknipfbarkeit und -Auswahl

M3  Erstellung des Modells, inkl. Anwendung 2PT
M4  Auswertung der Modellergebnisse 1PT
M5 Handlungsempfehlungen entwickeln 1PT

Legende: M = Meilenstein; PT = Personentag

Die in diesem Projektplan definierten Zeiteinschdtzungen beinhalten sowohl die eigentliche
Arbeitszeit wie auch die benoétigte Zeit fir Meetings und andere Abstimmungsprozesse.

Phase II: Datenquellenauswahl

Die Phase der Datenquellenauswahl kann in Anlehnung an Shearer (2000) in fiinf Schritte
unterteilt werden. Zunachst wird eine aussagekraftige Stichprobe aus jeder Datenquelle
gezogen (l), die Struktur der Daten beschrieben (1) und die Daten gesichtet (lll). Die Sichtung
erfolgt durch gezieltes Abfragen oder eine Visualisierung der Daten. Hierdurch werden erste
Ergebnisse generiert sowie Hypothesen aufgestellt. Aus der Sichtung der Daten ergeben sich
Erkenntnisse hinsichtlich der Datenqualitat, welche fiir jede Datenquelle sicherzustellen ist
(IV). Entspricht die Datenqualitdt den Anforderungen oder ist diese durch nachtragliche
Transformationen in die gewiinschte Form gebracht worden, ist ein Abbild der Daten zu
erstellen (V), welches fir die Modellierung genutzt wird. Das Live-System wird dadurch nicht
aufgrund von Abfragen belastet und ist vor oft unbeabsichtigter Manipulation geschitzt.

Eine Datenquelle wird entweder als intern oder als extern bezeichnet. Historisch gesehen wird
dies durch die physikalische Lokalitat definiert. In Zeiten des Cloud-Computings werden Daten
immer oOfter nicht auf unternehmenseigenen Servern gespeichert. Zur aktuellen
Unterscheidung bedarf es einer Abgrenzung, wie intern und extern in diesem Kontext zu
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verstehen sind. Interne Datenquellen beinhalten die Daten, welche in der eigenen Abteilung
vorgehalten werden und auf welche ohne Einschrankungen zugegriffen werden kann. Fir die
Durchfiihrung einer Datenanalyse werden interne Datenquellen benétigt; diese stellen aber
nur einen geringen Anteil an den gesamt zu nutzenden Datenquellen dar. Bei externen
Datenquellen ist der Zugriff bspw. Durch Zugriffsrechte eingeschrankt. Dies bezieht sich auf
Daten, welche sowohl in der eigenen Organisation, als auch extern vorliegen. In diese
Kategorie fdllt auch externes Wissen, welches noch nicht in Datenform vorliegt. Externes
Wissen kann z. B. durch Umfragen erhoben werden, um dieses in interne Daten
umzuwandeln. Externe Daten kdnnen auch in dem eigenen Unternehmen vorliegen, aber
nicht ohne Einschrankungen zuganglich sein. Dies kann an der Datenhoheit, wie zum Beispiel
den Besitz der Datenquelle durch eine andere Abteilung, ungentigenden Zugriffsrechten oder
Einschrankungen durch den Datenschutz sowie Corporate Compliance liegen.

Fir typische Marketing-Intelligence-Aufgaben, wie etwa Customer-Opinion-Mining, besitzen
Unternehmen heute viele unterschiedliche Ansatze, um Daten aus diversen
Informationsquellen zusammen zufligen (Fan et al. 2015). Die Daten werden auf
verschiedenen Wegen generiert.

Zum einen werden Daten erhoben, bei denen der Webnutzer den Inhalt aktiv generiert hat,
wie etwa Tweets oder Posts. Durch diese Daten kdnnen aktuelle Ereignisse identifiziert oder
die Stimmung zu bestimmten Themen ermittelt werden (Kimball and Merz 2000; Shugan
2004). Zum anderen werden Daten durch Beobachtungen, wie bspw. Beim Tracking, erhoben.
Diese werden durch Server-Weblogs generiert, welche die Interaktionen — also das Verhalten
—von Webnutzern aufnehmen. Durch diese Weblogs kann ermittelt werden, welche Aktionen
in welcher Reihenfolge von einem Nutzer durchgefihrt wurden. Diese Clickstreams kdnnen
Einsichten in die Art der Websitenutzung gewdhren (Kimball and Merz 2000; Shugan 2004;
Tendick et al. 2016; Jacobs 2009). Beide Methoden kdnnen kombiniert werden, wenn eine
Beziehung zwischen Benutzerverhalten und -absichten erforscht werden soll (Fan et al. 2015).

Praxis Use-Case

Um das Nutzerverhalten zu erheben und spater analysierbar zu machen, wird auf Immonet.de
mit Hilfe von Google Analytics (Google Analytics ist ein User-Tracking-Tool, welches in einer
Freien- und einer Premium-Lizenz zur Verfiigung steht. (www.google.com/analytics)) Premium
das Nutzerverhalten clientbasiert verfolgt. Auch serverseitig wird das Nutzerverhalten fiir das
Controlling erhoben und in Hadoop-Clustern (Hadoop ist eine Open-Source-Softwarelésung
von Apache. Als Framework erméglicht Hadoop das Speichern und Analysieren (ggf. mit
Zusatzsoftware) grofier Datenmengen in einem speziell entwickelten Dateisystem (HDFS))
aufgezeichnet. Fir die geplante Analyse werden die clientseitig erhobenen Daten genutzt, da
diese umfangreicher sind und einen héheren Grad der Granularitat aufweisen und somit fir
eine detaillierte Analyse besser geeignet sind.
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Ergdnzend zu den mittels Google Analytics direkt Gber das Interface zur Verfliigung gestellten
Daten und Berichte, werden eventbasierte Rohdaten bendtigt, die in Google Analytics-
Interface nicht zur Verfligung stehen.

Google BigQuery (Google BigQuery (cloud.google.com/BigQuery). Als Speicherplatz fiir grofie
Datenmengen wird zusdtzlich Google Cloud Storage bendtigt.) ist eine Datenbank-
Softwareldsung, die es ermoglicht, groe Datenmengen in der Cloud (Als Alternative zu Google
BigQuery (Cloud-Datenbank-System) sind hier Amazon DynamoDB, Azure DocumentDB zu
erwdhnen.) zu verwalten und zu analysieren. Es zeichnet sich durch die bereitgestellte
Rechenleistung und die daraus folgende Geschwindigkeit, in der eine Abfrage verarbeitet
werden kann, aus. Das Analysieren von Terabyte grolRen Datenmengen ist daher mit Google
BigQuery in akzeptabler Zeit moglich. Zusammenstellen und Aufbereiten der Daten fiir diesen
Use-Case umfassen circa 850 GB. Die kumulierte Rechenzeit fiir alle datenvorbereitenden
Mallnahmen betragt circa 15 bis 20 min.

Immonet.de

Tagmanagement

Google Bi
Tag: Google Universial Sl EEEETEUREE)

Universial Analytics ) Google Cloud Storage

Analytics

Figure 6: Technische Implementierung des Trackings auf immonet.de, inkl. Datenflusses. (Quelle: eigene Darstellung)

Das Analysieren von Google Analytics Premium Daten ist mit Google BigQuery sehr
komfortabel (Die Uberfiihrung von Google Analytics-Daten in Google BigQuery ist nur mit
einem Google Analytics Premium Account mdglich. Mit der frei verfiigbaren Version von
Google Analytics ist das Uberfiihren nicht méglich.), da die Rohdaten (Hit- bzw. Eventbasierte
Daten, die nicht aggregiert sind.) ohne groRBen Aufwand von Google Analytics Premium direkt
an Google BigQuery/Google Cloud Storage Gbergeben werden kénnen.

Es ist ebenfalls moglich, Daten anderer Tracking-Losungen mit Google BigQuery zu
verarbeiten, solange diese einen Export der Rohdaten ermdoglichen. Der Import (Siehe auch
https://cloud.google.com/bigquery/preparing-data-for-bigquery.) von Daten in Google
BigQuery ist aktuell in den Formaten CSV, JSON oder direkt tber die Google BigQuery-API
moglich. Daten, die nicht von Google Produkten erhoben werden, kdnnen somit ebenfalls mit
Hilfe von Google BigQuery performant analysiert werden.
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User-Tracking auf immonet.de

Zielsetzung ist es, die CLT fiur verschiedene Produkte zu berechnen, vorherzusagen und die
daraus gewonnenen Informationen fiir gezielte Marketing-MaBnahmen zu nutzen. Wie
bereits beschrieben, werden die erhobenen Daten aus Google Analytics automatisch nach
Google BigQuery exportiert.

Technische Implementierung des Trackings

Auf Immonet.de werden mithilfe eines Tagmanagementsystems Online-Marketing- Tags
ausgespielt. Auch das Google (Universal) Analytics-Tag wird so auf allen Seiten eingebunden.
Fir eine bessere Erfassung des Nutzerverhaltens wird die Google Analytics Option Enhanced
Ecommerce (Siehe https://developers.google.com/analytics/devguides/collection/analyticsjs/
enhanced-ecommerce.) genutzt.

Die Rohdaten jeder einzelnen User-Aktion werden anschlieBend an Google Big-Query/Google
Cloud Storage weitergegeben. Figure 6 skizziert die technische Implementierung und den
Datenfluss.

Technische Implementierung von Leads

Aufgrund des eingesetzten Trackings konnen User mithilfe einer ID eindeutig Uber lhren
kompletten Besuch hinweg (auch Session tbergreifend) identifiziert werden. Jede von einem
User durchgefiihrte Aktion (page view, event, ecommerce action etc.) kann somit direkt
diesem zugeordnet werden. Leads, die fir ein After-Sales-Produkt generiert werden, werden
mithilfe eines Enhanced-Ecommerce-Trackings aufgezeichnet. Ein Telefonkontakt wird etwa
mit folgender Struktur realisiert, die im folgenden Programmcode in JSON dargestellt ist.

JSON-Objekt eines Telefonkontakt Enhanced Ecommerce-Trackings
{
“event”: “trackPhone”,
“transactionId”: “1234567890",
“transactionTotal”: 0.00,
“transactionProducts”: [ {
“sku”: “Phonecontact/12345/MeineStadt”,
“name”: “Phonecontact”,
“category”: “Phonecontact/MeineStadt/Miete/Wohnen”,
“price”: 0.00,
“quantity”: 1.00
bl
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Tracking-Rohdaten (Interne Daten)

Aus den Tracking-Rohdaten werden die in Table 6 aufgelisteten Datenfelder fiir die CLT
ausgewahlt.

Table 6: Selektierte Datenfelder aus Google BigQuery

Datenfeld Datentyp Beschreibung

date STRING Datum der Sitzung (JJJMMTT)
hits.page.pagePath STRING Seiten-URL

totals.hits INTEGER Anzahl der Hits innerhalb einer Session
hits.item.productName STRING Produktname
hits.item.transactionId STRING ID der Ecommerce-Transaktion

Legende: STRING: Hierbei handelt es sich um eine Zeichenkette, bestehend aus Buchstaben
und/oder Zahlen und/oder Sonderzeichen

INTEGER: Ein INTEGER ist eine Ganzzahl

Table 7: Selektierte Datenfelder aus der Objekt-Datenbank

Datenfeld Datentyp Beschreibung
fullvisitorId STRING Eindeutige Kunden-1D
visitStartTime INTEGER Timestamp

date STRING Datum der Sitzung (JJJJMMTT)

Legende: STRING: Hierbei handelt es sich um eine Zeichenkette, bestehend aus Buchstaben
und/oder Zahlen und/oder Sonderzeichen

INTEGER: Ein INTEGER ist eine Ganzzahl
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Das vollstandige Schema (alle Datenfelder), inklusive Beschreibung, stellt Google im eigenen
Analytics-Support-Bereich als Ubersicht zur Verfiigung. (URL: https://support.google.com
/analytics/answer/34377197?hl=de.)

Objekt-Daten (Interne Daten)

Als erstes Ziel wurde festgelegt, dass eine Vorhersage fiir die vier Kernprodukte (Haus/kaufen,
Haus/mieten, = Wohnung/kaufen und  Wohnung/mieten) erfolgen soll. Eine
Produktunterscheidung ist mit den Daten aus Google BigQuery nicht moglich, da keine
Klassifizierung Gber die zwei Dimensionen kaufen/mieten und Haus/Wohnung nicht moglich
ist. In der Objekt-Datenbank, welche nicht in Google BigQuery stattfinden kann, stehen diese
Informationen zur Verfligung, sodass jedes Objekt eindeutig einem der vier Produkte
zugeordnet werden kann. Table 7 enthalt die Felder der Objektdatenbank, die fiir die Analyse
relevant sind.

Phase Ill: Datenaufbereitung

In der Phase der Datenaufbereitung werden die Daten so transformiert, dass diese mithilfe
einer Modellierungs-/Analysesoftware (vgl. Phase V — Praxis Use-Case) weiter verarbeitbar
sind. Hierzu werden drei Schritte — Datensatzselektion (l), Datenverknipfung (ll) und
Datenbereinigung (lll) — durchgefiihrt. Wie bereits in Phase | beschrieben, nimmt die
Datenaufbereitung mit einem Anteil zwischen 50 und 80 % den GrofSteil des zeitlichen
Aufwandes eines Analyseprojektes in Anspruch (Granville 2015; Dasu and Johnson 2003). Ziele
der Datenaufbereitung sowie der vorangegangenen Datenquellenauswahl sind es, die
Gutekriterien Objektivitat, Reliabilitat und Validitat der Daten zu sicherzustellen.

Die drei Schritte dieser Phase kdnnen in beliebiger Reihenfolge durchgefiihrt werden. In den
meisten Fallen ist es sinnvoll, zunadchst die Datensatzselektion — also das Filtern der Daten
anhand von zielfihrenden Kriterien — durchzufiihren und anschlieRend die Verknipfung der
Daten vorzunehmen. Die Verknilpfung — oder auch Integration — von Big Data aus
unterschiedlichen Quellen zur Generierung von Marketing-Intelligence ist keine triviale
Aufgabe (Fan et al. 2015) aufgrund der Big-Data-Eigenschaften — Umfang, Vielseitigkeit,
Geschwindigkeit und Nutzen.

Durch die beiden Schritte Datensatzselektion und -verkniipfung kénnen die Datenmenge
erheblich dezimiert und die Durchfiihrung der folgenden Schritte beschleunigt werden.
AnschlieBend ist die Datenmenge Uiberschaubarer und die Datenbereinigung bzw. das Data
Cleaning kann durchgefiihrt werden. Im Mittelpunkt der Datenbereinigung steht die
Datenqualitat. Laut Felden besteht ein Zusammenhang zwischen der Datenqualitdt und der
Entscheidungsqualitdit  (Felden 2012). In der vorangegangenen Phase der
Datenquellenauswahl wurde bei der Sichtung der Daten festgelegt, ob und welche Mangel

34



Publication 1 MAP - Marketing Analytics Process

hinsichtlich der Datenqualitdt in den ausgewahlten Daten bestehen. Diese Abweichungen von
der definierten Datenqualitdat werden in diesem Schritt der Datenbereinigung angepasst. Es
werden Dubletten entfernt, Datenwerte standardisiert bzw. transformiert, fehlerhafte
Datensatze entfernt, fehlende Daten mit Standardwerten aufgefiillt und ganze Datenspalten
aus den bestehenden Daten abgeleitet. Im Rahmen

von Big Data, genauer automatisch generierten Daten, sind denkbare Griinde fir eine
Datenbereinigung etwa

= die Verdnderung des Erfassungsprozesses und somit unterschiedliche Strukturen von
Daten,

= spezielle Anforderungen des Weiteren Modellierungs- oder Verarbeitungsprozesses,

= Vereinigen von heterogenen Datenpools (z. B. aus unterschiedlichen Systemen) oder

= fehlerhafte, in Dubletten resultierende Verkniipfung von Datenquellen.

Entscheidend fiir die Datenqualitdit sind das Datenqualititsmanagement bzw. der
Erfassungsprozess. Durch die Dokumentation der Schritte kann das Vorgehen nachvollzogen
oder gegenliber Dritten gerechtfertigt werden. Besonders wichtig ist das Dokumentieren des
Vorgehens, wenn der Prozess anschlieRend automatisiert werden soll. Die Dokumentation
kann in diesem Fall als eine ,,Richtschnur” genutzt werden.

Praxis Use-Case

In der vorherigen Phase Datenquellenauswahl wurden die notwendigen Datenquellen und
Datenfelder festgelegt. In dieser Phase der Datenaufbereitung werden die folgenden drei
Schritte auf Grundlage der selektierten Datenfelder durchgefiihrt:

1. Datensatzselektion: Relevante Datensatze werden anhand von Kriterien gefiltert und
ausgewadhlt.

2. Datenbereinigung: Eine hohe Qualitat der Daten wird erzielt, indem notwendige
Transformationen, wie beispielsweise Normalisierungen, vorgenommen werden.

3. Datenverkniipfung: Datenquellen werden miteinander verknipft.

Datensatzselektion

Alle bendtigten Daten liegen nun in einer Form vor, sodass diese spater fiir das Modell genutzt
werden konnen. Damit die CLT berechnet werden kann, muss vorher definiert werden, welche
Datensdtze fir die Vorhersage genutzt werden sollen. Es wird festgelegt, dass als
Datengrundlage ausschlieBlich Nutzer beriicksichtigt werden, die innerhalb des Monats Marz
des letzten Jahres den ersten Kontakt mitimmonet.de hatten. User, die mindestens zwei Jahre
nicht immonet.de besucht haben, werden als neue User identifiziert, da davon ausgegangen
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werden kann, dass diese eine neue Customer Journey beginnen. Alle weiteren Aktivitaten der
ausgewahlten User werden fir den Zeitraum des nachsten Jahres aus den Rohdaten
extrahiert.

Schritt 1: Selektion aller fullvisitorId -Werte der Neukunden auf immonet.de: Eine
Selektion ist mit einer SQL-Abfrage (Table 8) in Google BigQuery moglich. Durch die
Einschrankung totals.newvisits = 1 wird sichergestellt, dass nur IDs von Erstbesuchern
(Erstbesucher oder inaktiv seit mindestens zwei Jahren) selektiert werden. Durch die
Einschrankung totals.hits > 1 werden alle Nutzer, die nur eine Seite von immonet.de
aufgerufen haben (Bouncer), entfernt. ###ALLE_DATENQUELLEN AUS _MAERZ### wird durch
die entsprechenden Datenquellen ersetzt.

Schritt 2: Selektion aller Ecommerce-Trackingdaten aus zwolf Monaten:

In diesem Schritt werden alle Datensatze eines Jahres aus Google Big Query selektiert, bei
denen die fullvisitorId aus der Ergebnismenge der Erstbesucher stammt (siehe folgende
SQL-Abfrage), d. h., es werden alle Ecommerce-Aktivitaten, die Erstbesucher aus Marz
innerhalb von zwolf Monaten (Marz bis Februar) wahrgenommen haben, ausgewahlt.

Table 8: Selektion aller Neukunden des Monats Mdrz

SQL-Abfrage Ergebnis

SELECT 1000009876151677559
fullVisitorlId

FROM 1000003566143674436
###ALLE_DATENQUELLEN_AUS_MAERZ###

WHERE 1000009374848362837
totals.newVisits = 1
e 1000004736573909009

GROUP BY
fullVisitorId;
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SQL-Abfrage: Selektion der Ecommerce-Trackingdaten der Neukunden aus Marz
hinweg uber ein Jahr
SELECT
marchIds.fullVisitorId,
visitStartTime,
visitNumber,
date,
hits.page.pagePath,
totals.hits,
hits.item.productName,
hits.item.transactionId,
hits.hitNumber
FROM (
SELECT
fullvisitorId
FROM
IDS_AUS MAERZ)AS marchIds
JOIN (
SELECT
fullvisitorId,
visitStartTime,
visitNumber,
date,
hits.page.pagePath,
totals.hits,
hits.item.productName,
hits.item.transactionId,
hits.hitNumber
FROM
TRACKING_DATEN
) AS totalData
ON
totalData.fullVisitorId = marchIds.fullVisitorId
WHERE
totalData.hits.item.productName IS NOT NULL
ORDER BY
marchIds.fullVisitorId,
date,
visitStartTime,
visitNumber;

Datenbereinigung

Da die durch das Tracking erhobenen Daten die Giitekriterien der Objektivitat, Reliabilitat und
Validitat erfillen, werden die Daten aus Google Analytics in sich als konsistent und qualitativ
angemessen angesehen. Die Objekt-Daten sind ebenfalls vollstandig und konsistent. Sollten
Datensatze mit NULL-Werten vorkommen, werden diese ausgeschlossen und entfernt. Da die
vorliegenden Daten eventbasiert sind und das Tracking korrekt implementiert ist, sind fir
diese Analyse die entsprechenden Felder i. d. R. aber immer gesetzt.
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»AusreiBer” werden entfernt, damit die Analyseergebnisse nicht verfalscht werden. User, die
ein Produkt zeitlich stark abweichend vom Durchschnittsuser innerhalb ihrer Customer
Journey kaufen, werden als AusreilRer definiert und ausgeschlossen. Als AusreifSer werden also
diejenigen User bezeichnet, deren Kaufentscheidung nicht innerhalb des 5 — 95 %
Konfidenzintervalls liegt.

Schritt 3: Anreicherung der Daten um Objekt-Attribute:

Im letzten Schritt sollen die Tracking- und Objektdaten miteinander verbunden werden. Eine
Verknilpfung ist nicht direkt moglich, da in den Daten aus Google Big-Query keine Objektld
enthalten ist. Das Feld hits.item.transactionId setzt sich aus den zwei Informationen
Objektld/Timestamp zusammen. Dieser STRING-Wert muss dahin gehend angepasst werden,
dass der Slash und der darauffolgende Timestamp entfernt werden. Diese Transformation
kann mithilfe eines Substring-SQL-Befehls, wie in dem folgenden SQL-Abfragenausschnitt,
skizziert realisiert werden.

Transformation-Extraktion der ObjektId aus dem Feld hits.item.
transactionId:

[...]

substring (hits.item.transactionId, 1,

instr (hits.item.transactionId,“/”) -1) ObjectId

[...]

Dieser Zeilen Code speichert die Zeichen aus hits.item. transactionId, beginnend

bei Position 1 bis hin zur Position des Slashs -1 in der neuen Datenspalte objectid. Durch
diese Transformation steht nun die Objektld fir eine Verknlpfung zur Verfliigung.
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Datenverkniipfung

Fir jede Ecommerce-Conversion12 des Produkts Exposé (aus Google BigQuery) miissen die
entsprechenden Objektdaten (aus der Objekt-Datenbank) an den Datensatz angefiigt werden.
Eine Verknlipfung der beiden Datenquellen ist iber die, in beiden Quellen enthaltene Objektld

moglich. Durch diese Verknlipfung wird die Menge der Datenfelder, wie in Tab. 5, erweitert.

Table 9: Datenfelder der verknlipften Tracking- und Objektdaten

Datenfeld
ObjectId

fullvisitorId
visitStartTime
date
hits.page.

pagePath
totals.hits

hits.item.
productName
hits.item.
transactionId

marketingType

parentCat

Datentyp
INTEGER

STRING
INTEGER
STRING
STRING

INTEGER

STRING
STRING
INTEGER

INTEGER

Quelle
BigQuery/ObjectDB

BigQuery
BigQuery
BigQuery
BigQuery

BigQuery

BigQuery
BigQuery
ObjectDB

ObjectDB

Beschreibung
Eindeutige Objekt-ID

Eindeutige Kunden-ID
Timestamp

Datum der Sitzung (JJJJMMTT)
Seiten-URL

Anzahl der Hits innerhalb einer
Session

Produktname
ID der Ecommerce-Transaktion
Miete/Kauf

Haus/Wohnung

Legende: STRING: Hierbei handelt es sich um eine Zeichenkette, bestehend aus Buchstaben

und/oder Zahlen und/oder Sonderzeichen

INTEGER: Ein INTEGER ist eine Ganzzahl
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Phase IV: Modellierung

Die Phase des Modellierens wird im MAP in vier Schritte unterteilt. Die Auswahl der
Modellierungstechnik (I) erfolgt anhand der Zielstellung bzw. des Geschéaftsproblems und der
Dateneigenschaften (Liao et al. 2012). AnschlieBend werden Testvorgange erstellt (II). In
Schritt drei wird mindestens ein Modell erstellt (Ill). Laut Ngai sind die verbreitetsten
Analysemethoden die Assoziations-, Klassifikations-, Cluster- sowie Regressionsanalyse (Ngai
et al. 2009), aber auch deskriptive Analysen sind laut Haumer relevant (Haumer 2015).
AbschlieBend werden in diesem Schritt die Modelle bewertet (IV). Hier ist eine intensive
Zusammenarbeit des Data-Scientists mit der Fachabteilung sehr empfehlenswert (Shearer
2000).

Mithilfe von verschiedenen Modellen kénnen im Rahmen von Big Data Kunden-
segmentierungen und -profilerstellungen, ortsgebundene Werbung, Analyse von
Gruppendynamik, Erforschung der unternehmenseigenen Preispolitik, Wettbewerberanalyse,
Marktibersicht, Produktreputationsmanagement, Analyse der MarketingmalRnahmen oder
auch Empfehlungssystemen realisiert werden (Fan et al. 2015).

Laut Tendick et al. sind statistische Analysen weitgehend auf menschliche Aktivitaten —sowohl
bzgl. des Verstandnisses von Daten, als auch bzgl. des Prozesses und der Verarbeitung —
angewiesen. Dieses Vorgehen ist flr Situationen, in denen schnelle MaRnahmen oder gar
Echtzeitanalysen notwendig sind, nicht geeignet (Tendick et al. 2016). Daher werden in dem
MAP zundchst Modelle und Dateneinsichten durch den Fachbereich bzw. dem Fachbereich
nahestehende Analysten gewonnen, um diese spater zu automatisieren. Sharma merkt an,
dass traditionelle Verfahren und Tools haufig nicht machtig genug sind, um Big Data in seiner
semi- und unstrukturierten komplexen Natur zu beherrschen. Hierfiir existieren spezielle
Software-Frameworks, welche Algorithmen und Techniken fir Data Mining, Predictive
Analytics sowie statistische Analysen bereitstellen. Des Weiteren besitzen etablierte Big-Data-
Tools die Moglichkeit der Echtzeit-Datenvisualisierung (Sharma 2016).

Aktuelle Softwaretools bieten eine vergleichbare Qualitat in Bezug auf Grundfunktionen;
unterscheiden sich in Spezialanforderungen allerdings erheblich. An dieser Stelle wird darauf
hingewiesen, dass fir die richtige Wahl eines Softwaretools eine fundierte Kenntnis der Daten
und Datenstrukturen unabdingbar ist (Judah et al. 2017).

Data-Scientists neigen dazu, die Gute der Modelle standig zu verfeinern und die
Fehlerwahrscheinlichkeit weiter zu minimieren. Im Fokus des MAP stehen jedoch die
Machbarkeit und Wirtschaftlichkeit, nicht das perfekte Modell. Die Durchfiihrung des MAP
kann durchaus als Ziel haben, ein bestehendes Modell zu verbessern. Im Rahmen von Big Data
sind aber vor allem neue Ansdtze und Einsichten gefragt, welche monetarisiert werden
kénnen.
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Praxis Use-Case

Alle relevanten Daten stehen nun fiir die Analyse bereinigt und verknipft zur Verfligung.

Schritt 1: User-Segmentierung

Im ersten Schritt werden die User(-Sessions) den vier Produkten (Segmenten) Haus/kaufen,
Haus/mieten, Wohnung/kaufen und Wohnung/mieten zugeordnet. Die Zuordnung erfolgt
anhand der Haufigkeit der Vorkommen der Wertepaare marketingtype (kaufen/mieten) und
parentcat (Haus/Wohnung).

Beispiel:
Ein User hat beispielsweise nachfolgenden Objekttypen gesucht:

e 10x Haus/kaufen

e 4x Haus/mieten

e 1x Wohnung/kaufen
e 2x Wohnung/mieten

Daraus ergeben sich folgende Werte
Parentcat Marketingtype
Haus Wohnung Kaufen Mieten

14 3 11 6

Anhand dieser Werte wird der User etwa dem Segment Haus/kaufen zugeordnet. User, die
nicht eindeutig zugeordnet werden kdnnen, werden einer weiteren Gruppe Rest zugewiesen,
welche im Rahmen der folgenden Betrachtung nicht bericksichtigt wird. Dadurch reduziert
sich die Fallzahl um weniger als 1 %.
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Miete - Wohnung Miete - Haus

Kauf - Haus

Figure 7: Ergebnis der vier Segmente. (Quelle: eigene Darstellung)

Schritt 2: Analyse der einzelnen Segmente

Im zweiten Schritt werden die Customer-Journeys pro Segment detaillierter analysiert, d. h.
es wird Uberprift, zu welchem Zeitpunkt ein User welches After-Sales-Produkt gekauft hat.
Fir jedes Produkt wird als erster Schritt der Mittelwert der Kaufzeitpunkte gebildet. Die After-
Sales-Produkte kénnen pro Segment dann in eine erste Reihenfolge (entspricht der CLT)
gebracht werden. Abbildung Figure 7 zeigt die Mittelwerte aller Produkte fiir das jeweilige
Segment. Auf der Y-Achse sind die Tage dargestellt, ab wann ein Produkt (X-Achse) fiir einen
User des Segments relevant ist.

Phase V: Modellevaluierung

In der Phase der Modellevaluation werden die — aus der vorigen Phase resultierenden —
Modelle Uberprift (Shearer 2000). Die —aus der Sicht der Analysten —technisch einwandfreien
Modelle sind nun hinsichtlich der fachlichen Zielsetzung zu inspizieren. Des Weiteren ist das
Vorgehen zu validieren, welches zu der Erstellung der Modelle gefiihrt hat. Es werden
demnach auch noch einmal die Datenquellen und die Datenaufbereitung liberprift. Es wird
also validiert, ob bisher alles Relevante bedacht worden ist, um mit den Modellen das
definierte Ziel zu erreichen.
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Praxis Use-Case

Auffallig ist, dass bei allen vier Segmenten das Produkt Einzelanzeige (EA) an zweiter Stelle
erscheint. EA ist ein flr Privatpersonen erstelltes Produkt, die ein Objekt anbieten méchten.
An dieser Stelle wird die Datengrundlage nochmals angepasst. Die Auswertung It. Zielvorgabe
berlicksichtigt den suchenden, nicht den anbietenden Nutzer mit Kaufinteresse. Alle Sessions,
die das Produkt EA enthalten, werden vor der Analyse aussortiert. Der MAP sieht fiir diesen
Fall einen Riicksprung zur Phase Il (Datenaufbereitung) vor.

Nachdem die Daten bereinigt und alle Sessions, die das Produkt EA enthalten, aussortiert sind,
wird die Analyse mit dem aktualisierten Datenbestand erneut durchgefiihrt. Figure 8 zeigt die
Ergebnisse.

Mittels einer Varianzanalyse wird geprift, ob sich die Mittelwerte der einzelnen After-Sales-
Produkte zwischen den vier Segmenten signifikant voneinander unterscheiden. Hierfiir wird
mithilfe von R, einem open-source-Programm fiir statistische Auswertungen und grafische
Darstellung, fiir jedes einzelne Produkt eine Varianzanalyse durchgefiihrt. Diese wird auch als
ANOVA (analysis of variance) bezeichnet.

Alternativ zu R sind Python, RapidMiner und SQL, aber auch Microsoft Excel als
Modellierungstools und -sprachen zu erwahnen.

Es zeigt sich, dass sich die Mittelwerte zwischen den Segmenten fiir den ersten Contact,
Phonecontact, Suchagent und Suchanzeige-Privat statistisch signifikant voneinander
unterscheiden. Die After-Sales-Produkte weisen jedoch keine signifikanten Differenzen auf.
Dies deutet auf eine zu geringe Fallzahl oder auf eine dhnliche CLT der After-Sales-Produkte
hin.

Miete - Wohnung Miete - Haus
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Figure 8: Ergebnis der vier Segmente mit bereinigter Datengrundlage. (Quelle: eigene Darstellung)
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Phase VI: Handlungsempfehlungen

Die letzte Phase des MAP beinhaltet die Formulierung der Handlungsempfehlungen. Eine
haufige Handlungsempfehlung stellt die Implementierung bzw. Automatisierung der Modelle
dar. Eine Handlungsempfehlung ist ein Bericht, welcher den durchgefiihrten Prozess
dokumentiert, Resultate — wie zum Beispiel Modelle, Erkenntnisse oder entstandene
Artefakte — beschreibt und visualisiert und auf deren Basis eine Empfehlung fiir das weitere
Vorgehen ausspricht. Die Handlungen werden dabei mit Fokus auf den Return on Investment
(ROl) empfohlen. Alternativen werden beschrieben und bewertet und mogliche
Auswirkungen — sowohl strategischer, als auch operativer Herkunft — auf das bestehende
Geschaft erlautert.

Im Rahmen von Big Data Analytics ist vor allem die Visualisierung von Prozessen oder
Resultaten im Hinblick auf die Beherrschung der Komplexitdt relevant. Durch
Visualisierungstechniken

und -formen wird die Entscheidungsqualitat erhoht und Wissen zugdnglich, welches ohne
Visualisierung nicht ersichtlich ist (Schoeneberg and Pein 2014).

Praxis Use-Case

Das beschriebene Modell basiert auf der Bildung von Mittelwerten. Es ermdglicht einen guten
Uberblick der CLT und ist ein Indikator dafiir, dass eine verfeinerte Analyse an dieser Stelle mit
groBer Wahrscheinlichkeit gewinnbringend sein wird. Dies ist darin begriindet, dass pro
Segment ein unterschiedliches Nutzungsverhalten festgestellt wurde, welches aber nicht
durch eine statistische Signifikanz belegt ist.

Mittelwerte sind fir eine statistische Wahrscheinlichkeit, zu welchem Zeitpunkt ein Produkt
fur einen Kunden relevant ist, nicht exakt. In einer weiteren Iteration des MAP wird daher eine
sog. Event-Analyse durchgefiihrt. Das dabei entstehende Modell berechnet eine statistische
Wahrscheinlichkeit pro Tag fur jedes After-Sales-Produkt. Die Ergebnisse dieses Modells sind
flr den Einsatz von Online-Marketing-MalBnahmen, wie beispielsweise E-Mail-Kampagnen,
besser geeignet, da die Ergebnisse nicht durch die Mittelwertbildung, bei der Informationen
verloren gehen, verfdlscht werden.

MAP sieht in dieser Phase die Formulierung konkreter Handlungsempfehlungen vor. Folgende
Ziele werden vor Beginn der Analyse in der ersten Phase des MAP definiert:

1. Erstellung einer CLT fiir die vier Kernprodukte: OK
2. Erstellung eines Forcast-Modells: OFFEN
3. Integration des Forcast-Modells: OFFEN
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Flir die in diesem Use-Case initial durchgefiihrte Iteration lautet die Handlungsempfehlung
eine erneute lteration des MAP, da die Ziele 2 und 3 noch nicht erreicht werden. In der
zusatzlichen Iteration wird eine Event-Analyse mit einer gréRBeren Stichprobe und weiteren
Datenfeldern durchgefiihrt, die die Erstellung eines Forecast-Modells und dessen
Implementierung ermoglicht. Die Durchfiihrung dieser Phase ist jedoch noch nicht das Ende
des gesamten Projekts. Eine Implementierung des MAP und die damit einhergehende
Verfeinerung der Modellglite durch weitere Iterationen dienen dazu, das eigene Produkt von
denen der Mitbewerber abzusetzen.

Implementierung

Die Implementierung zur automatischen Ausfiihrung der zuvor entwickelten Modelle stellt im
Rahmen von Big Data in der Marketing-Intelligence den logischen Schluss dar. Durch das
automatisierte Ausfiihren kann eine permanente Neuberechnung erfolgen. Eine stindige
Optimierung der Modellparameter vermag so zu einer kontinuierlichen Steigerung des ROl zu
fihren.

Laut Sharma existieren zwei unterschiedliche Arten der automatisierten Datenverarbeitung:
Streaming und Batch-Verarbeitung. Wahrend beim Streaming die Daten in Echtzeit
verarbeitet werden, werden bei der Batch-Verarbeitung Daten in langlaufenden Batch-
Auftragen — oft skaliert Gber grofRe Servercluster — abgearbeitet (Sharma 2016).

Streaming erfolgt durch direkte Verarbeitung von Daten- oder Ereignisstromen. Diese
Datenverarbeitung ist nur sinnvoll, wenn die Daten schnell verarbeitet werden sollen und ein
Resultat umgehend oder durchgehend notwendig ist. Ein Beispiel hierfiir ist die Darstellung
individueller Web-Displays.

GemaR Chen et al. implementieren aktuelle Systeme fiir die Ausfiihrung einer Batch-
Verarbeitung das MapReduce-Framework (Chen et al. 2012). MapReduce ist ein hochst
skalierbares Framework zur parallelen Datenverarbeitung. Es ist beispielsweise eine der
Kernkomponenten des Hadoop-Systems (Sharma 2016). Laut Bello-Orgaz et al. stellt
MapReduce eine exzellente Technik dar, um groBe Mengen von Daten zu verarbeiten.
Voraussetzung fiir das schnellere Verarbeiten von groflen Datenmengen durch MapReduce
ist, dass die Algorithmen auf kleinen Mengen der Daten parallel angewendet werden kénnen
(Bello-Orgaz et al. 2016). Batch-Verarbeitung ist zu wahlen, wenn die Datenanalyse nicht in
Real- oder Neartime, sondern zu definierten Zeitpunkten, z. B. taglich oder monatlich,
durchgefiihrt werden soll. Die Datenerhebung ist hiervon nicht betroffen. Es entstehen keine
Licken in der Aufzeichnung. Ein Beispiel fiir die Batch-Verarbeitung ist etwa der Bericht der
taglichen/monatlichen Verkaufszahlen.
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Fazit

Das Ziel von Big-Data-Analytics ist es, groRe Datenmengen moglichst in Echtzeit zu analysieren
und zu interpretieren, um dem Business Informationen zur Generierung eines
Wettbewerbsvorteils zu liefern. Dabei zeigen aktuelle Studien, dass es bei 85 % der
mittelstandischen Unternehmen derzeit an ausreichend qualifiziertem Personal fehlt,
Projekte dieser Art durchzufiihren (Haumer 2015).

Das Marketing-Controlling, dessen Aufgabe die marktorientierte Unternehmensfiihrung auf
Basis von Daten ist, muss sich neuen Herausforderungen stellen. Durch die Digitalisierung
steigen die diesbeziglich fachlichen Anforderungen in qualitativer wie quantitativer Sicht.
Dartber hinaus sind unternehmensweit Prozess- und Organisationsstrukturen zu
implementieren, die die Digitalisierung unterstitzen und beglinstigen. Das Marketing-
Controlling selbst steht dabei vor der Herausforderung, unter Zuhilfenahme der
Digitalisierung mittels Unternehmens- und Wettbewerbsdaten strategische wie operative
Wettbewerbsvorteile zu generieren.

Der hierfilir entwickelte MAP stellt ein Framework dar, um Big Data Analytics Projekte fir das
Marketing-Controlling erfolgreich umzusetzen. Das entwickelte Vorgehensmodell basiert auf
prozessualen wie agilen Komponenten und folgt einer strukturierten Vorgehensweise in sechs
Phasen. Durch den klaren Aufbau kann es damit leicht analysiert und auf das eigene Business
adaptiert werden.

Der dargestellte durchgangige Best Practice Use-Case je Phase bietet Analysten wie
Marketing-Controllern zusatzlich wichtige Hinweise zur Umsetzung des MAP. Die
dargestellten Aspekte zur fachlichen wie technischen Implementierung stellen eine wertvolle
Basis zum disziplinibergreifenden Austausch dar. Sie bieten darliber hinaus Ansdtze zum
Transfer der vorgestellten Inhalte auf das eigene Business dar und kénnen als Grundlage zur
Implementierung in die eigene Organisation dienen.

Der aus wissenschaftlicher, praktischer und technischer Sicht dargestellte MAP [6st damit die
Grenzen zwischen dem Fachbereich Marketing und Informationstechnologie auf. Ein in der
Zukunft erfolgreiches Marketing Analytics ist mehr denn je von beiden Kompetenzen
abhadngig. Durch die voranschreitende Digitalisierung hat eine Verschmelzung dieser
Disziplinen langst begonnen.
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How much am |, the customer, currently worth to a company? The
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Introduction

The objective of this article is to identify requirements and specifications towards attribution
modelling in an omni-channel environment from a practical perspective and to analyse which
abilities existing models already fulfil.

This article aims at offering the following contributions to the academic science community.
(1) Identify existing dynamic attribution models in the science community based on a
structured literature research process. (2) Present criteria for dynamic attribution models in
an omni-channel environment based on expert interviews. (3) Evaluate identified models
based on the resulting criteria from the expert interviews. (4) Formulate and define
exigencies, research fields and research questions for further research.

This article has been organized the following way. The introduction draws the objectives and
the theoretical background. Additionally, the state of art is described in the research areas of
attribution, marketing performance, budget allocation and dynamic attribution modelling. The
latter one is realized by a structured literature research process which identifies existing
attribution approaches. The literature research process is also placed in the introduction since
it is not part of the primary research. Its results enable the current study to fill the research
gap whether existing attribution models are applicable in an omni-channel environment, or
not. In the chapter research methodology, the approach of how to identify requirements and
specifications from a practical perspective is explained in detail. Both, the results from the
literature research process and the results from the experts’ interviews are presented in the
results section followed by a discussion including an outlook for areas of further research. This
article finalizes by a conclusion.

Theoretical Background

On his way to purchase the customer leaves, a very detailed and granular footprint, which is
traced by new technologies to support companies. Important trace data is not generated
anymore by the customer on a firm’s website alone (online). Offline touchpoints such as a
purchase in a local store or a call at the customer's support desk are also relevant information
about the ways a customer gets in touch with a company. Interaction with customers indicates
that they leave very detailed usage data in various places, using company-specific apps and
other marketing channels, e.g., social networks, display advertisement, paid search, and
mailings. Sources of user-generated data are decentralized by default if different systems are
involved to track user behaviour, e.g., CRM, website tracking tool and third-party services.
Offering different, independent channels to communicate and interact with one's customers
is a widely applied strategic approach (Econsultancy 2015). This strategy is called a multi-
channel approach where responsible channel marketers often act as independent
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departments mainly using their channel generated data (Neslin, Shankar 2009). The following
example outlines weaknesses of a multi-channel approach.

Responding to a company-initiated survey, a customer may state that he/she is not interested
in a particular product category (e.g., sports shoes). A few days later this customer receives a
newsletter promoting this specific product category in which he/she is not interested.

This situation shows that this particular information is kept in the survey results and not
transmitted to the email/newsletter channel since each channel department still uses its own
generated data and logic to perform channel actions.

The next more advanced strategic approach to communicating with customers is called omni-
channel strategy (Camiade 2013). From a data-driven perspective, the most relevant
difference between a multi-channel and omni-channel setup is a centralized data source,
containing or connecting the data from various channels and sources. Figure 9 illustrates the
different data streams in a multi-channel and omni-channel configuration. From a customer
perspective, a seamless communication using different channels is feasible in an omni-channel
environment. This approach is realized by adding one logic layer connecting all channels. All
customer actions are filtered through this layer.

Multi channel Omni-channel

Customer

o communication /
communication / t interaction
interaction with a customer

with a customer (o ; L
& [ | !

==

$

4—».

Figure 9: Data flow in a multi-channel and an omni-channel environment. Based on Paccard (2017)

Deriving Towards Omni-Channel Marketing

In the following paragraphs, the development towards an omni-channel marketing approach
is outlined and explained. Single-channel marketing implies that a company or a brand only
offers one single channel for interacting with a customer and vice versa. A further developed
presence of a company or brand in a market is a so-called cross-channel or multi-channel
setup. The phrase "cross"-channel marketing is derived from the lat. term Crux, meaning to
go across. Multi-channel is derived from the word multus, which means multiple or many. The
multi-channel approach comprises an interaction between customers and a company through
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different independent channels such as social media, paid search, banner advertisement,
mailings, etc. This strategic approach is still widely spread.

Verhoef et al. (2015) describe the necessary shift from multi-channel to omni-channel in a
retailing context. The term “Omni”-channel (lat. omnis), translated “all,” signifies an even
more complicated approach of how a firm or a brand needs to interact with their customers.
The main difference between multi- and omni-channel is the elimination of borders between
channels toward a seamless experience through integrated channels. Compulsorily, all
channels need to connect or join their generated user data and channel data in one
destination (e.g., DMP data management platform) to achieve such a seamless experience. All
customer interaction data is stored in or connected to this destination and can be used to
predict how to get or stay in contact with a customer and how to motivate a user to buy a
product or service.

It is a strategic management decision to move established independent channel departments
within a company to a holistic omni-channel structure. To be able to offer a seamless user
experience across all channels, information about a customer such as their needs, their
attributes, or the state within the buying process needs to be accessible and processed by
every channel offered.

Already in 2006 Neslin et al. describe a customer data integration approach as the ideal data
setup in a multi-channel context. Today, in a market application data integration is becoming
achievable and comprises the basis for an omni-channel approach.

A Brief Background on Budget Allocation

To understand the need for dynamic budget allocation approaches, in the following
paragraphs, different budget allocation strategies are presented and evaluated with respect
to an application in an omni-channel environment.

Arule, a set of rules, or an algorithmic approach are the foundation to determining how much
credit or budget is assigned to a certain source, e.g. channel, for conversions, leads, or sales.
These are basic specifications in an attribution model. In marketing publications, attribution
models are often distinguished into two categories: static attribution models and dynamic
attribution models (Anderl et al. 2016a; Li and Kannan 2014; Shao and Li 2011).

Jayawardane et al. (2015) distinguish between three categories, instead of two: simplistic
models, rule-based models, and algorithmic models. The category of static attribution models
introduced in the preceding paragraph is split up into simple models and rule-based models.
The two groups of dynamic and algorithmic approaches are congruent (see Figure 10).
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Models belonging to the simplistic category assign the complete conversion credit to a single
touch point (Google Inc. 2017; Jayawardane et al. 2015) such as

= [ast click/last interaction which assigns 100% credit to the last touchpoint,

= Jast non-direct click which assigns 100% credit to the channel that the customer came
from before converting (direct traffic is ignored) or

= the first interaction which assigns 100% credit to the first touch point.

Models contained in the category rule-based are known as heuristic models. By defining a
static rule to spread the credit to all touch points which lead to a conversion, these models
address the essential limitation of simplistic models (Jayawardane et al. 2015; Uniquedigital
2012; Lee 2010). Examples are

= Jinear which assigns the same amount of credit to all channels, or
= position, which assigns 40% to the first touch point, 40% to the last touch point and
20% equally to all touch points in between.

Static
attribution models

Dynamic
attribution
models

Simplistic Rule based
attribution attribution
models models

Algorithmic
attribution
models

Examples: Examples:
- Last click - Linear
- Last interaction - Position
- Last non-direct

click

- First interaction

Figure 10: Delimitation: Static, Simplistic, Rule-based, Dynamic and Algorithmic attribution models

All the models mentioned above assign credit by static rules and neglect individual user
behaviour. Whole user sessions which do not lead to a conversion are disregarded as well
(Petersen et al. 2009). Although these static and rule-based models are inaccurate and their
results are uncertain and questionable regarding representing the reality correctly, the last
click/last interaction model, for example, is still widely used (eMarketer 2016). Reasons, why
these attribution approaches are still so widely in use, are evident: Joining data from different
channels and channel vendors is a challenging task.

Research on cross-channel customer satisfaction, the spillover-, and the carryover-effect
(Nottorf and Funk 2013; Rutz and Bucklin 2011; Hammerschmidt et al. 2015) proves that there
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is an influence between channels which is neglected by static (simplistic and rule-based)
attribution modelling approaches.

Because of their characteristics (ignoring the influence between channels and non-converting
user sessions) simple and rule-based attribution approaches are not applicable to an omni-
channel environment if the results need to represent the reality accurately.

In the past decade, different authors tried to fill this research gap by presenting various
dynamic attribution models using different statistical approaches. A list of relevant models is
discussed in the current study.

State of the Art

Online marketing performance and the always implied question of efficient budget allocation
are widely studied areas. The search request for "online marketing performance" and a
restriction on the timespan to “2010-2017” utilizing the web of science offered by Thomson
Reuters was conducted on March 24th, 2017. The result set contained almost 1900
contributions since 2010. The following three primary research areas channel performance,
challenges of marketing structures and customer satisfaction are identified and described for
budget allocation in an omni-channel environment.

Channel Performance

There are various articles focused towards the field of channel or cross-channel performance,
including the aspect of spending marketing budget in a more effective way (Archak et al. 2012;
Dinner et al. 2011; Gallino and Moreno 2014; Haan et al. 2016; Joo et al. 2014; Olbrich and
Schultz 2014; Voorveld 2011; Wiesel et al. 2011). Dinner et al. (2011) analyse cross-channel
effects of digital vs. traditional advertisements while Gallino and Moreno (2014) analyse the
impact of shared availability of inventory information and Haan et al. (2016) compare different
forms of advertising in their long-term effectiveness. Joo et al. (2014) focus on television and
search advertisement and identify a need for considering cross-media effects during planning,
executing and evaluating campaigns. Within the context of social networks, Alon et al. (2012)
propose different models to capture influences. Aspects of channel migration (Ackermann and
Wangenheim 2014; Polo and Sese 2016; Woo et al. 2015) or mobile advertising (Grewal et al.
2016) are analysed as well.

Effects between channels such as the spill-over and carry-over effects (Leone 1995; Nottorf
and Funk 2013; Rutz and Bucklin 2011) are analysed to improve performance and reduce
costs. Archak et al. (2012) focus on positive spill-over effects. Furthermore, the performance
of different advertisers is analysed as well (Berman 2015). The interactive effects of online and
offline activities and their interaction (Wiesel et al. 2011; Naik and Peters 2009) are well
observed and studied.
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Challenges of marketing structures

Within marketing structures (e.g. offered channels by a company) the complexity itself and
how to reduce it is another area of research (Anderl et al. 2016b; Feit et al. 2013; Lewis and
Rao 2013). Saldanha et al. (2013) have registered a US patent for attributing conversion credit
for transactions by users.

Research in retail is also an important research area. Verhoef et al. (2015) show how to shift
from multi-channel retailing to omni-channel retailing in general.

Customer Satisfaction

Customer satisfaction (Hammerschmidt et al. 2015) and channel conflicts (Rusko 2015) in an
omni-channel environment are also aspects which have an influence on the online marketing
performance and are an aspect of research.

Dynamic Attribution Approaches

Marketing performance and the implicit question of how to allocate the marketing budget in
an efficient and effective way is already a complex and important question in a multi-channel
environment (Dalessandro et al. 2012; Xu et al. 2014). Allocating an appropriate credit for a
certain customer action to each marketing touch point across all online and offline channels
is the definition of attribution modelling from a practitioners’ perspective (Moffett et al.
2014). This challenging question gains complexity in an omni-channel environment due to
more channels, it’s linking, and data sources, containing detailed user interaction data. The
Marketing Science Institute announced attribution modelling to be the number one priority
research area in the years of 2016 to 2018 (MSI 2016). Marketers need to decide how to
allocate the marketing budget across the offered channels. Therefore, attribution models
which divide up the given budget and assign it to a source e.g. marketing channel in ratio to
its performance, are used to support marketers.

To the best of the author's knowledge, there is no other publication dealing either with the
topic of comparing dynamic attribution models or evaluating them with respect to omni-
channel requirements. There is only one related paper in which the authors classify dynamic
attribution models from a statistical perspective (Jayawardane et al. 2015). A structured and
comprehensive analysis is not within the scope of their article. Based on seven identifiable
model features, a classification of the statistical approach within a model has been analysed.
This paper concentrates on the mathematical and statistical approach.

In their introduction to the special section, a brief overview of dynamic attribution approaches
is given by Kannan et al. (2016). Future research areas from a scientific perspective are
introduced as well. These research areas are formulated only from a scientific perspective. At
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this point, a structured research process is necessary to build upon a scientific reliable
foundation. This article offers a holistic approach. The presented dynamic attribution models
by Kannan et al. (2016) and Jayawardane et al. (2015) were not identified through a structured
research approach and cannot be applied for this research because the authors did not
analyse that their results present a holistic overview of dynamic attribution models.

In order to proceed with a content analysis and tackle the mean issue of our research, we
situate the subject and its boundaries in a specific area: the omni-channel environment, to
concentrate later on the research topic, the analysis of requirements and specifications for
attribution modelling in an omni-channel context. As already described it is one goal to
identify existing literature containing dynamic attribution approaches to state the status quo.
To identify all relevant existing dynamic attribution approaches, a protocol-driven systematic
literature research methodology for the research process in accordance with Greenhalgh and
Peacock (2005) and Webster and Watson (2002) is chosen to ensure a holistic output. Webster
and Watson (2002) define a literature review to be concept-centric and not author-centric
because the latter fails to synthesize the literature.

To ensure a comprehensible and understandable research process, all papers which need to
be evaluated were listed in a spreadsheet table. Cronin et al. (2008) recommend a table
holding process relevant information about topic-specific data and the article. The table holds,
next to those process relevant information, columns such as title, abstract, no. of citations,
DO, topic, channel count, is dynamic approach and uses cross-device data. Channel count and
is dynamic approach represent the two concepts which are described below.

The initial search strategy was defined at the beginning of the study. Its result was combined
with a forward snowballing and backward snowballing approach (Webster and Watson 2002)
letting the search strategy partly emerge as the investigation unfolds. This structured
literature approach ensures a for this study relevant holistic result where the research process
ends if no new relevant literature is found (Salipante et al. 1982).

Boundaries of the Literature Research

According to Bacharach (1989) and Whetten (1989), the following boundaries were set for the
search. During the structured literature process, only those papers were selected which are
published in or after 2010 and meet at least one of the following two concepts.

(1) A dynamic attribution model is defined (is dynamic approach). This is the case if the
primary focus of the publication is to develop a dynamic attribution model. Papers
which contain an analysis of an individual online marketing problem (e.g., mutual
influence from two channels) are not considered.

(2) Alternatively, the publication focus comprises an analysis of the performance of at
least two marketing channels (channel count).
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Models established before 2010 are not relevant for omni-channel attribution because in 2010
the IDC Retail Insights Report first predicted a strong reliance on omni-channel for successful
marketers in the following years (IDC 2010). Therefore, companies were not acting in an omni-
channel context before 2010.

Publications from ranked journals, as well as conference papers and publications in books, are
considered to obtain a comprehensive overview.

The search is not confined to a particular set of journals, research methodology or geographic
region—itis the goal to get a broad overview of existing dynamic attribution models in science.

Executing the Literature Review Analysis

To identify all relevant dynamic attribution approaches the Social Sciences Citation Index
(SSCI) was selected as a data foundation for the initial search. In September 2016 the SSCIl was
inquired with the initial search query. This query contained the following topic terms: omni-
channel attribution, dynamic attribution, multi-channel attribution, attributing conversions
and online conversion.

The resulting initial data set has been refined by only considering publications listed in the
Business or Management category. The first outcome contains 123 articles. These were
evaluated concerning the two pre-defined concepts (1) and (2). For the evaluation, the
following order of information was consulted. First, the year, the title of the publication, the
abstract and the number of citations were considered. If these four attributes were placed
within the boundaries and the abstract indicates at least one of the pre-defined concepts to
be fulfilled, the paper is identified for further proof (see Table 10). Within each iteration all
articles identified for further proof were analysed closely. The article was kept if the content
still meets at least one of the two concepts. The snowballing approach was applied for
retained publications (Webster and Watson 2002). All used references of a kept publication
and all publications which in turn use a publication as a source are evaluated in the next
iteration. The Web of Science provided by Thomson Reuters was used to identify those
forward-citations.

During the initial iteration, six articles were identified for further proof. These six articles were
analysed to see whether they fulfil at least one of the pre-defined concepts. If they do the
publication is kept. This research design is concept-centric. Table 10 shows the number of
publications identified for further proof during each iteration. The column Publications kept
represents the number of papers in each iteration, which still meet the concept after a
detailed analysis of the publication.
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Table 10: Structured literature process: identified publications based on concept 1 and concept 2

Concept 1 Concept 2

Iteration Publications Publications No. of publication = Publications Publications = No. of publication
identified for kept (see Table 13) identified for kept (see Table 13)
further proof further proof

0 2 2 [5,8] 4 0 -

(initial)

1 3 1 [1] 7 0 -

2 8 6 [2,3,4,6,7,9] 5 0 -

3 0 0 - 2 0 -

SUM 9 0

During the process, the second concept turned out not to support the main objective because
publications identified for further proof focus mainly on analysing cross-channel influences
and not on attribution. Therefore, no paper was kept because of concept 2. After a total of
four iterations (0 to 3), the search process was finalized. During the last iteration, no new
publication was either identified for further proof or kept. This approach ensures that all
relevant publications are already examined (Salipante et al. 1982). The results — we identified
nine articles which are placed within the pre-defined boundaries — of the structured literature
research are presented in the chapter results.
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Hypotheses

The current research is led by the hypotheses listed in Table 11. At this point, to best of the
authors’ knowledge, the applicability from a practical perspective of existing attribution
approaches in an omni-channel environment has not been analysed yet.

Table 11: Formulated hypotheses for the current research

Hypotheses References

H1: In an omni-channel environment, = Some approaches are limited to a certain

new requirements are requested for amount of marketing channels. Furthermore,
attribution modelling from a practical the authors claim that richer data on user level
point of view. is needed (Abhishek et al. 2012; Nottorf 2014;

Zhang et al. 2014).

= None of the identified attribution models/
approaches is described to be applicable in an
omni-channel environment (Anderl et al.

H2: Existing attribution models are not 2016a; Abhishek et al. 2012; Dalessandro et al.
effectively applicable in an omni-channel 2012; Geyik et al. 2014; Li and Kannan 2014;
environment from a practical Nottorf 2014; Shao and Li 2011; Xu et al. 2014;
perspective. Zhang et al. 2014).

= Verhoef et al. (2015) explain the shift from
multi-channel towards omni-channel in the
retail context. The authors estimate a
comparable change in the context of
attribution.
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Research Methodology

Empirical research is defined as a systematic, intersubjective verifiable collection control and
criticism of experiences by Friih (2015). According to this author, an idea or a research
question needs to be formulated at the beginning of the research. Based on the following
research question the investigation is implemented.

“From an omni-channel perspective: What attributes and abilities do future proofed dynamic
attribution models need to fulfil?"

In social sciences, a distinction is made between three various methodologies for empirical
research: the quantitative, the qualitative and the mixed-method approach (Glaser and Laudel
2010; Creswell 2014) whereby the mixed-method approach consists of a combination of the
first two approaches. A quantitative method verifies existing theories or assumptions in
contrast to a qualitative approach which is theory-generating and also termed as mechanism-
orientated. This latter explanation strategy offers a direct access to the mechanism (the
theory) and allows the use of expert interviews as a survey methodology (Gldser and Laudel
2010) which was applied for identifying evaluation criteria and requirements from a practical
point of view.

Requirements and specification criteria for dynamic attribution approaches in an omni-
channel environment

Criteria for attribution in an omni-channel environment were needed. Hopf, Schmidt (1993)
differentiates two intents for interviewing experts in a qualitative research. First, the experts
are interviewed because they are experts for a special configuration, or second the
interviewees are asked to gather interpretations, views and attitudes of the interviewees. For
this study, the expert interviews were conducted with the first intend. All experts were
interviewed because of their special knowledge about attribution due to their professional
position (Bogner 2005). As a classification of expert interviews, a semi-structured expert
interview was applied.

The data collection, as well as the evaluation, were carried out based on the qualitative
content analysis by Glaser and Laudel (2010). Their modified analysis approach based on
Mayring (2010) is more flexible and allows predefined categories to be adjusted. Glaser and
Laudel (2010) underline that there is no holistic representation of the procedure model in
social research and condemn that existing literature focus primarily on the fundamental
principles of qualitative research, which leads to a more intuitive rather than systematic
research. Bogner et al. (2014) describe that there is not the one method for evaluating expert
interviews, which allows a conjunction of different approaches.

This exploratory methodological setup (Creswell 2014; Kuckartz 2014) was chosen because
the number of available experts in this field was limited. Furthermore, the willingness of
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sharing insights was low because the ability of efficient attribution is a competitive advantage
in the market. Additionally, performing in an omni-channel environment is relatively new
(Verhoef et al. 2015) and finding real experts was a challenging task.

Expert Sampling

Expert interviews are a proven means to collect data if the number of available experts is
limited (Glaser and Laudel 2010). These interviews were conducted to identify specifications,
features or nice to have attributes of future proofed attribution models from a practical
perspective.

All expert interviews were conducted during October 2016 and February 2017. The group of
experts was divided up into the two units, to obtain sophisticated and reliable results. A
purposive sampling (Flick 2007; Diekmann 2007) was chosen and applied to select experts.
Summarizing, experts were classified into one of the following two groups:

1. practitioners (user or operators), and
2. publisher

This study focused on the practical perspective. To each interviewee, an id was assigned. Table
12 displays an overview of the conducted interviews, the expert group and the field of work
the interviewee belongs to (n=9).

Table 12: List of interviews consisting of an Identifier, the assigned expert group and the field of work of the interviewee.

ID Expert Group Field of Work

[01]  Practitioner Head of Digital Marketing & Analytics
[02]  Practitioner Head of M&A

[03]  Practitioner Head of SEO

[04]  Practitioner Digital Data Analyst Expert

[05]  Practitioner Digital Marketing Expert

[06]  Practitioner Data Mining Expert

[07]  Practitioner Data Innovation Expert

[08]  Publisher Data Performance Expert

[09]  Publisher Head of Data Management
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To be acknowledged as an expert in this analysis all interviewees need to match the following
criteria:

1. Solid working experience in their field for at least four years
2. Integrated technical and strategic knowledge in marketing
3. Specialist in the field of attribution or a related area

The first two criteria ensure that technical and strategic expertise in marketing is available
grounded on a substantial working experience. In combination with being a specialist in the
field of marketing or a related area people meeting all three criteria were considered to be an
expert in this investigation. Before each interview, the interviewee is informed about ethical
principles and the goal of the research.

The first interviews were conducted with experts belonging to the group of practitioners. Nine
experts were interviewed in total. A saturation within each group was reached when there
was no new requirement and specification criteria identified. A saturation for the group of
publishers was achieved when there was no further assessment criteria defined — this is based
on the results from the prior interviewed group of practitioners and the identified
requirement and specification in the current group of publishers.

Interview Guideline

This current qualitative research process is inspired by the Qualitative Content Analysis by
Schreier (2012) and by (Glaser and Laudel 2010). The coding frame consists of the following
main research question for the interviews:

“From an omni-channel perspective: What attributes and abilities do future proofed dynamic
attribution models need to fulfil?"

As an initial setup, the main categories (1) data flow, (2) personalization and (3) integration in
a productive environment were predefined and pretest-verified. The category (1) data flow
consists of the following sub-categories

input data

data quality,

the mathematical/statistical approach,
calculation, and

ik wih e

output.

This main category was inspired by the IPO-model (input-process-output) developed by Grady
(1995). The input consists of the input data itself and the data quality. The process section was
separated into mathematical/statistical approach and calculation.
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The main categories (2) personalization and (3) integration in a productive environment do not
contain any sub-categories. All experts were interviewed using the guideline consisting of the
main- and sub-categories summarized in Figure 11.

Data flow Personalization

Integration in a productive
environment

1 input data

2 data quality

3 mathematical / statistical
approach

4 calculation

5 output

Figure 11: Guideline for the expert interviews: Main- and sub-categories

Conducting the Semi-Structured Expert Interviews

All nine interviews were conducted in German either on-site or by telephone. Three
interviewees did not allow a voice recording. According to Glaser and Laudel (2010), an
interview report including a memory record was constructed for those three interviews. Since
only abilities and features of a future-proofed attribution model are relevant for the objective,
these reports a limited to such information. Those three interviewees reviewed their
summarized input by email afterwards and corrected statements if necessary. This process
ensures correctness of the answers and that their meaning is accurate. The length of the other
seven interviews varied from 11 to 21 minutes.

Before each interview, the two terms dynamic attribution and omni-channel (marketing) were
explained by the interviewer to ensure the same understanding of those terms. All categories
of the coding frame were shortly introduced during the interview, and possible questions of
comprehension were answered. Once all interviews were conducted their audio records were
literally transcribed (Mayring 2016) with corresponding timestamps to know who said what
and when. These "literal transcription with literary script" present the foundation for the
following evaluation.

Evaluation Methodology

For the evaluation, a content-structured content analysis was applied. As the primary
guideline, the eight steps defined by Schreier (2012) were followed except for the trail coding.
Glaser and Laudel (2010) extend the approach of Mayring (2010) by allowing categories to be
modified and adjusted during coding. This method was applied to the procedure of Schreier
(2012). The predefined categories turned out to be a well-chosen initial setup for
categorization because only minor changes to the structure were necessary during analysis.
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Identified requirements within a category were directly coded using the in-vivo coding
methodology. As described by Saldafia (2009) this search for pattern enables and supports the
analysis. To answer the research question only requirements and specifications were essential
for this analysis. Statements by the interviewee that support a certain requirement were
copied into the corresponding category for further investigation.

To ensure an appropriate degree of coding quality, a third independent person re-assigned
extracts from the interviews to the existing categories. Based on Guest et al. (2012) an
intercoder agreement helps to increase objectivity, reliability and validity.

During the last step of the evaluation, the requirements regarding sub-categories within the
pre-defined categories were analysed and named. Often the names for the category were
mentioned directly during the interview or were closely described.
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Results

This chapter is separated into two parts. The first one consists of the results from the
structured literature review (identification of existing dynamic attribution models) described
in the introduction. In the second, the significant part the results from the expert interviews,
the specifications and requirements towards attribution modelling in an omni-channel
environment, are presented. This chapter closes by bringing these two result sets together
regarding analysing the applicability of existing attribution models in an omni-channel
environment.

ldentify Dynamic Attribution Approaches

The outcome of the formal research process is presented in Table 13. In total, nine articles
containing a dynamic attribution approach are kept in consideration of the literature search
assumptions.

Table 13: Dynamic Attribution Approaches in Science: Results of the structured literature research process

No. Author / Year of publication Title

[1] Abhishek et al. 2012 Media Exposure Through the Funnel: A Model of
Multi-Stage Attribution. A Model of Multi-Channel
Attribution

[2] Anderletal. 2016a Mapping the customer journey. Lessons learned from

graph-based online attribution modelling
[3] Dalessandro et al. 2012 Causally motivated attribution for online advertising

[4] Geyiketal. 2014 Multi-Touch Attribution Based Budget Allocation in
Online Advertising

[5] Liand Kannan 2014 Attributing Conversions in a Multichannel Online
Marketing Environment

[6] Nottorf 2014 Multi-channel Attribution Modeling on User Journeys
[7] Shaoand Li2011 Data-driven multi-touch attribution models
[8] Xuetal 2014 The path to Purchase. A Mutually Exciting Point

Process Model for Online Advertising and
Conversions

[9] Zhangetal. 2014 Multi-touch Attribution in Online Advertising with
Survival Theory
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In the following paragraphs, the identified dynamic attribution approaches are briefly
described in an alphabetical order to understand the author’s approach.

[1] Abhishek et al. (2012): The authors explain that at any given time, a customer’s state within
the conversion funnel can only be inferred through trackable actions such as clicks on an
advertisement, a conversion or page views. Abhishek et al. therefore model user behaviour as
a Hidden Markov Model (HMM). To perform attribution, they attribute actions to
advertisemts which cause the user to change its latent state.

[2] Anderl et al. (2016a) model individual-level multichannel customer journeys as first- and
higher-order Markov graphs. They use a property removal effect to determine the
contribution of online channels and channel sequences. Their model outcome includes the
conversion probability of a customer which can be used for third-party vendors such as real-
time bidding. Anderl et al. apply their model to four data sets from three different industries.

[3] Dalessandro et al. (2012): The authors’ approach is motivated by the need to standardize
the data-driven multi-touch attribution field. They formulate multi-touch attribution as a
causal estimation problem. To fit attribution into a game-theoretic framework, they make
simplifying assumptions about the data. Their approach uses the concept of Shapley value
(Shapley 1953). The authors claim their model to be more suitable from a practical
perspective. However, the actual benefits come at the cost of accuracy.

[4] Geyik et al. (2014) focus on efficient advertisement attribute auctions in a campaign
hierarchy. Their approach includes a MapReduce algorithm on Hadoop which makes it easy to
parallelize the calculation. Apache Hadoop is an open source project. The Hadoop framework
is used for distributed storage and bigdata processing (for MapReduce see White (2012)). This
method is necessary because they are using "tens of terabytes of user profile data." In their
opinion, the data foundation “represents perfectly the nature of real-world online advertising
systems.”

[5] Liand Kannan (2014) are using a purchase decision hierarchy. They developed a conceptual
framework to analyse the nature of carryover- and spillover-effects across online marketing
channels through which customers visit a firm’s website. Li and Kannan distinguish between
customer-initiated and firm-initiated channels. The presented framework provides the basis
for their three-level measurement model. The conversion decision of a customer at an online
site differentiates between consideration, visit decision, and the purchase decision.
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[6] Nottorf (2014): With the proposed model the author analyses the effect of advertising on
the individual behaviour of consumers. The model is build up on a binary logit model with a
Bayesian mixture approach to model consumer clickstreams across multiple types of online
advertising. Using anonymized user-level data, this model helps to understand the effects of
specific advertising channels on individual consumer behaviour and online purchasing
processes.

[7] Shao and Li (2011) develop a bagged logistic regression model. The classification accuracy
is comparable to logistic regression, but the estimation of individual advertising channel
contributions is much more stable. The authors point out that their model has a reproducible
result and claim their model to be "easy to interpret." Furthermore, according to the authors
their model “is the industry’s first data-driven multi-touch attribution model commercially
available.”

[8] Xu et al. (2014): “[...] develop a stochastic model for online purchasing and advertisement
clicking that incorporates mutually exciting point processes with individual heterogeneity in a
Bayesian hierarchical modelling framework. The mutually interesting point process is a
multivariate stochastic process in which different types of advertisement clicks and purchases

n u

are modelled as various types of random points in continuous time.” “[Xu et al.] develop a [...]
modelling approach that captures the exciting effects among advertisement clicks to
contribute to the attribution models for properly evaluating the effectiveness of online ads

using individual-level online clickstream data.”

[9] Zhang et al. (2014) evolve an entirely data-driven model for the multi-channel attribution
problem in online advertising. They use an additive hazard model based on survival theory.
Next, to the time-decaying effect, the model considers the different levels of impact of various
advertising channels.

So far, all consistent dynamic attribution approaches identified through the structured
literature review process are presented and briefly described. All dynamic attribution
approaches need to be evaluated concerning their applicability in an omni-channel
environment to meet the objective. In the following evaluation criteria is defined and applied
to the approaches identified in this chapter.
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Evaluation Criteria for Attribution Approaches in an Omni-Channel Environment

During each interview, all main- and sub-categories were shortly introduced to the experts by
the interviewer to outline the scope of each section. The interviewee is asked to give their
opinion and appraisal based on their expert experience and expertise regarding requirements
and specifications for future attribution modelling in each category. Table 14 contains the
results of the interviews. Each identified evaluation criteria is briefly described to understand
the interviewees’ state. All criteria within a category are prioritized from very important to
less critical, based on how often a criterion is mentioned and how crucial it is for the experts.

The main-category personalization turned out not to be supportive and is removed due to the
lack of evaluation criteria and redundancies. Within the main category data flow, the initial
sub-categories mathematical/statistical approach and calculation are combined and labelled
as calculation, because the identified evaluation criteria turned out to be very similar. During
the analysis, it becomes evident that some requirements or specifications mentioned by the
interviewees are not a request which can be realized within an advanced attribution model.
Some requests require special skills for marketing experts and others call for specialized input
data. Therefore, after all definition of the requirements were completed, three classes were
derived to distinguish between model feature (requirement) / specification (MF/S), data
requirement (DR) and other requirement (OR). This assighnment depends on whether the
criterion is a requirement which needs to be handled within a model or the criterion requires
special raw (data/) information.

A change of demanded skills and new requirements of what marketing experts need to know
was identified during the analysis. Basic skills from the Business Intelligence (Bl) [1, 3, 4, 8, 9]
sector and a basic understanding of technical aspects [1, 4, 8, 9] were claimed. The primary
focus is not on being able to develop sophisticated statistical models, but on understanding
the data and the data sources [1, 3, 5, 7, 9]. The ability to identify promising measures and
strategies will become a standard [1, 3, 6, 8, 9]. These requirements are assigned to the class
other requirement (OR), are not part of the presented results in Table 14. In the following
analysis all requirements within the class other requirement are not considered, because these
findings are not supportive for answering the research question.
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Table 14: Results: Evaluation criteria for attribution models in an omni-channel environment from a practical perspective.

Each category is sorted in descending order of importance.

Category Criteria Category Description
MF/S | DR

Input data Ability to handle X X During the interviews, a differentiation between
input sources? hard facts and soft facts evolved. Experts
containing hard determine hard facts to be "real facts" such as
facts [3, 4,5, 7,

8,9] e tracking data (user behaviour on a
website or in an app),

e company internal data sources (product
data, CRM or DWH data),

e external data sources (weather data,
information about the user geo-location
or other statistical data)

Ability to handle X X e channel data (user behaviour data as far
input sources it is available for analysis)
containing soft e offline data (such as purchases in a local
facts [3, 4, 5, 7, store) etc.
8, 9]
Soft facts, on the other hand, represent a meta-
level of information which is derived from a users'
= behaviour or situation. The assumption of a users'
g feelings, attitude or position is determined to be a
= soft fact.
)
Ability to X Based on the expert practitioners' experience
add/remove nearly all of them were confronted with the
data sources [2, challenge to add or disregard a technology and a
3,4,7,8,9] vendor within the last year. Future proofed
attribution system needs to be flexible regarding
easily adding and removing data sources.

Data quality | Highest possible X For a useful calculation, all experts agree on the
data granularity need to be able to access the raw information and
of input sources not aggregated data.

[1,4,6,7,8,9]

Stitch ability of a X X All experts mentioned unanimously that different

single user data sources are a required foundation for

cross-devices [2, calculations for a future-insured attribution

4,6,7,8,9] model. As a fundamental requirement, a linked
ability from data sources is indispensable.
Furthermore, users using different devices

! Input sources are meant to be company internal generated or third-party data sources such as tracking or

channel data or weather information.

70



Publication 2 Attribution Modelling in an Omni-Channel Environment - New Requirements and Specifications from

a Practical Perspective

Linkable data
sources [2, 4, 6,
7,8, 9]

(personal computer, tablet, smartphone) need to
be stitched towards one user profile.

Calculation

Combination of the
two sub-categories

mathematical/
statistical approach
and calculation

Ability to
calculate in real-
time [2, 3,4, 5,
6, 8, 9]

Adding a customer to a display advertisement
campaign or segment in real-time becomes a
major action in the online marketing context.
Therefore, real-time calculation becomes a basic
functionality. While a user is performing actions
within the company offered channels (website,
app, emails, etc.), it is necessary to be able to
calculate the value of the user in real-time to
perform user value appropriate actions.

Incremental
learning process
(2,3,5,6,8,9]

Learning assessed by the attribution model. The
accuracy of the model should get better over time
by taking newly-learned experiences into
consideration.

Ability to predict
future actions
[2,3,5,6,8,9]

Budget allocation (attribution on a channel,
audience or user basis) is the principal objective of
an attribution model. Static approaches do neglect
most of the user interaction data. A future-proof
dynamic approach needs to be able to predict
whether a user is going to perform a certain
activity (e.g. purchase, sign up for a service) or not.
A predictive functionality should, therefore, be a
basic functionality.

Value
calculation on
user level [1, 2,
3,4,5,8,9]

Value

calculation on
audience basis
[1,2,4,5,8,9]

In practice, it is still prevalent to calculate the
budget spending on a channel basis. By doing so,
user information such as their intent and attitude
are neglected and aggregated within a channel
value. Actions can't be done on a user or audience
basis if data is aggregated to a channel level. To be
able to be as close to a user as possible a value
calculation on a user level is indispensable.

Knowing that a value estimation on a user level is
very complex and depends on much data and good
data quality, most of the practitioners pointed to a
calculation on an audience basis as an
intermediate step. If the necessary information is
available, the calculation on a user basis is
preferred.

Machine
learning /

To interact with every single user in a productive

way, at best the marketing team has information
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Artificial
Intelligence
approach [1, 2,

available implying knowledge about the mood,
situation and other attributes of every single user.
Because of the fact, that user behaviour is dynamic

3,6,8,9] the model needs to be able to take this into
consideration.
Data-driven The model should be able to configure itself

calculation — not
rule-based [8, 9]

dynamically based on the data from the input
sources. Static manual rules always lead to
inaccuracy because they are not able to handle
dynamic changes.

Output

High-quality
output [1, 2, 4,
6, 8, 9]

This request can be split up into the two following
characteristics: A self-evident request is the
correctness of the output. Furthermore, this
requirement contains the ability for further
process-ability in terms of interpretability. Due to
this aspect, one of the largest search engines still
uses variants of the Shapley value (Shapley 1953)
for attribution.

Ability to
connect (third
party) vendors
directly
(automated
connection) [2,
4,5,7,8,9]

Directly connect third-party vendors. For example,
adding/removing a user to a display advertisement
campaign. These actions need to be automated to
act in real-time without manual delays.

Performance
test of the
model
outcome/data
validation [2, 3,
5,7,8,9]

To ensure the estimations of the model, a
validation process is requested.

Intuitive
interface [2, 5, 7]

Practitioners require an intuitive interface to be
able to control the model, see the performance
and manage actions, such as communication with
third-party vendors.
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Integration
(technical
acceptance)

Interface driven
design [2, 4,6, 8,
9]

A future-insured model needs to be able to hook
up to existing input sources. Criteria for exclusion
—as well as result quality - is the ability to integrate
already existing data source within a present
system environment.

Interface
definition /
standards [2, 4,
6, 8, 9]

There is the need to define standards and
interfaces. Already in 2012 Dalessandro et al.
(2012) tried to bring more standardization in the
field of dynamic attribution. A big challenge for

marketing experts is to try to get different
products from various vendors to work together
from a data perspective.

The expectations about quickly adding and
removing (third party) data sources and

Plug and play [2, X ¥ | applications from third-party vendors are almost

4,9] unanimous. The tag management approach

INTEGRATION IN A PRODUCTIVE ENVIRONMENT

(Tealium iQ  (www.tealium.com), Google
TagManager (www.google.com/tagmanager) or
TagCommander (www.commandersact.com)) is a
good base, but the vendors themselves have
different interfaces which are not standardized.

During the analysis of the interviews, it turned out that some requirements such as the ability
to stitch a customers’ journey across different devices are not only a requirement for the
model. The input data needs to include this piece of information as well. Aspects such as using
only data with the highest granularity is also a data requirement. Being able to calculate in
real-time is both, a model requirement and a data requirement. One the one hand the model
performance needs to be so efficient to do the calculation in real-time, on the other hand
providing the data can be a limitation as well.

Evaluation of Existing Dynamic Attribution Models Towards their Applicability in
an Omni-Channel Environment

The required features and specifications identified by experts can be understood as evaluation
criteria for existing attribution models. Next, these evaluation criteria, are applied to evaluate
if the existing dynamic attribution approaches (still) meet the experts’ requirements and
specifications.

Table 15 contains the evaluation of the identified dynamic attribution models towards the
applicability in an omni-channel environment by applying the requirements and specifications
formulated by experts. Requirements and specifications only included in the class data
requirement are greyed out because such elements are not part of the attribution model. The
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following evaluations for those requirements are made based on the described data

foundation used for the constructed attribution model.

Table 15: Evaluation of the identified attribution models towards identified requirements and specifications from a practical

perspective

Cat. Criteria 1 2 3 4 5 6 7 8 9
— o — — .
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Using hard facts
. Yes Yes Yes Yes Yes Yes Yes Yes Yes
for calculation
Using soft facts for
5 . Yes Yes
2 calculation
- Ability to
add/remove data Yes Yes Yes Yes Yes
sources
Highest possible
granularity of data Yes Yes Yes Yes Yes Yes
Z sources used
g Stitch ability of a
® single user cross-
© .
a devices
Linkable data
Yes Yes Yes Yes Yes Yes
sources
Calculation in real-
time
Incremental
. Yes
learning process
Predictive
Yes Yes Yes Yes Yes Yes Yes Yes
approach
Value calculation Impact of
= every ad
on user or ) ) Calcula-
g i ) Impressi .
& audience basis onatan tion on
= ad basis
L individua
©
(9] I level
Machine learning
/ Artificial
Intelligence
approach
Data-driven
calculation — not Yes
rule-based

74



Publication 2 Attribution Modelling in an Omni-Channel Environment - New Requirements and Specifications from
a Practical Perspective

High-quality
output

Ability to connect
(third party)

vendors directly Yes Yes
(automated
connection)

Output

Performance test
of the model

Yes Yes Yes Yes Yes Yes Yes
outcome/data

validation

Intuitive interface

Interface driven
design

Interface
definition /
standards

Integration

Plug and play

With existing attribution models identified and described, the primary objective of the current
research can be studied and the both hypotheses can be verified.

H1:/n an omni-channel environment new requirements are requested for attribution modelling
from a practical point of view. The hypothesis H1 has been verified. The authors identified
several new requirements and specification (see Table 14) which were not realisable in a
multi-channel or cross-channel environment.

H2: Existing attribution models are not effectively applicable in an omni-channel environment
from a practical perspective. The hypothesis H2 has been verified as well. Table 15 provides
the results of the analysis of the applicability of current attribution models in an omni-channel
environment. Abhishek et al. (2012) provide the best fitting model in an omni-channel
environment.
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Discussion

We discovered a major change regarding requirements towards attribution modelling in an
omni-channel environment. Based on the identified requirements from a practical point of
view the most critical difference consists of how attribution is performed. This change is not
meant regarding calculation or performance; it is rather the granularity of the attribution
model output. An attribution per channel is not requested primarily anymore. The fact that
the majority of interviewed experts state that future attribution needs to be calculated on an
audience or a user level implies a new way of attributing in an omni-channel environment.
Attribution is no longer only a supportive action for marketing experts how to split their
marketing budget. The previous focus on the channel is moved towards the user, who takes
centre stage and becomes the primary target. This opens up a variety of new research fields
as described in the next paragraphs.

Data Granularity

Next, to hard facts such as real usage data, there is a request to take soft facts into
consideration. Hard facts are the basis for all identified existing attribution models. From a
practical point of view, an attribution based only on behavioural data is not sufficient
anymore. This focus is because essential insights e.g. the users current feeling, attitude, intent
and situation are characterized to be important as well. Some authors mentioned this also as
a limitation for their attribution approach (Nottorf 2014). Taking such meta-information about
the user into consideration opens up a new area for further research. What kind of meta-
attributes do exist and what impact does each meta-information have? The need for more
information about the user is also supported by the third request in the category of input data
—the ability to add and remove different data sources. Next, to flexibility, this request implies
a strived exploratory discovery to identify new valuable insight of a customer which have a
significant impact on attribution.

All identified requirements in the category of calculation imply that the research area
attribution in the field of marketing and business intelligence have to grow further together.
This circumstance is also mentioned directly by the majority of experts and requires new skills
for marketing practitioners.

A stitch ability of users across different devices underlines the need for more research in the
fields of user detection. There are two different approaches on how stitching can be realized:
A deterministic approach —the user has to enter login credentials — or a probabilistic approach
where a cross-device tracking is implemented based on non-personal information such as IP-
address, location data, etc. (Whitener 2015). Diaz-Morales (2015) try to detect a user on
different devices by using semi-supervised machine learning methods. Such probabilistic

76



Publication 2 Attribution Modelling in an Omni-Channel Environment - New Requirements and Specifications from
a Practical Perspective

approaches are never 100% precise, and their applicability has not been analysed in a
marketing attribution context.

Linkable data sources require a setup which ensures and enables linking information in all data
sources. This requirement should be implemented in a way while the data is being collected.
As a rather technical issue than a strategic one, this requires knowledge from data science
experts. Current discussions about data privacy will have an impact on what can be achieved
in this field.

Real-Time Prediction

As already mentioned in the introduction of the discussion, attribution is no longer a tool only
for marketing experts to split up their marketing budget in the most efficient way. Attribution
experts require attribution data in real-time to enable purposeful actions when the user
interacts with the company (e.g., through an app, the website or any other offered interface).
This need requires the attribution model to be part of the whole environment a company
provides to interact with one's customers. How such integration should be realized becomes
another area of research in the IT/ e-commerce field.

A prediction in real-time necessitates a quick responding model and a predefined interface of
what a request towards the model consists of. Furthermore, the output of such an attribution
model needs to be defined. Useful information could be the current value of the user, the
probability of a conversion or the preferred marketing channel(s). From a statistical point of
view, a reasonable amount which could/should be spent on marketing activities for a single
user could also be such an output. This output information can be used to for example add/
or remove the user automatically to an advertisement campaign. Defining such output
information by investigating the impact of each value opens up different knowledge gaps for
further research.

Prediction in real-time combined with the request of an approach consisting of machine
learning / artificial intelligence shift the attribution problem from the marketing field towards
the field of research in machine learning. As it was realized in a cross-/multi-channel
environment - different statistical approaches were applied to the question of attribution -
the authors expect the development of new models with a machine learning approach in the
future. The provided model from Abhishek et al. (2012) also does not meet all requirements
and is therefore only suitable for the omni-channel environment to a limited extend.

The primary goal for an advertiser and website provider is to make the highest possible
amount of money (through e.g. conversion, purchase, or sign up for a newsletter) out of the
performed action (Geyik et al. 2014). This will continue to be the primary goal. The authors
estimate a significant shift from a widely spread current perspective which focuses on
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revenue, not having the user in focus (e.g. general newsletter mailings to all know email
addresses, not considering whether a user has an interest in the content or not) towards a
user-centred perspective. “All that customers are concerned about is finding an answer to
their current needs or desires in a way that is convenient, enjoyable and offers them real
value, both regarding money and use of their time.” (Cook 2014) There are significant players
such as Amazon, eBay, Google or Facebook which develop effectively in their way of
interacting with their customers by focusing on the customer’s intent. Companies which are
unable to correspond with their customers in an individualized accepted and supportive way
or companies staying with the revenue-focused strategy probably stay satisfied with their
marketing actions initially, but not in the long term. Spoiled internet users, used to
appropriate addressed touch points with a company, will get a bad impression of enterprises
offering inappropriate touchpoints. This will produce a negative attitude towards companies
behaving money-centralized. The need to be able to predict the customer's necessities, taking
into account the budget, will determine whether a marketing strategy is successful or not. A
precise attribution of a budget per customer or audience is indispensable. Only Abhishek et
al. (2012) and Geyik et al. (2014) perform a calculation based on the impact of an
advertisement impression or the impression itself. This part of budget allocation needs to be
further developed in future omni-channel attribution approaches.

Critical Examination of the Results

Most identified requirements presuppose a reliable, correct and holistic data foundation.
From a practical perspective, this is still a challenge and a critical area for companies and
brands for further development. This challenge probably will be the most challenging task to
accomplish because such a data foundation can’t be achieved without management
guidelines. A marketing department itself is not able to realize it independently without the
IT and data science experts.

Before an attribution model can be applied to different data sources, those sources need to
be pre-processed in some ETL (extract, transform, load) process. A required plug and play
environment using standardized interfaces to connect different data sources is not given. The
plug and play requirement is hard to realize in practice because this presupposes a
standardized interface. Data source providers, such as Google, Facebook, advertisement
vendors, etc., do not necessarily have the interest to have their data used externally. Already
in 2012 Dalessandro et al. were motivated to present a dynamic attribution model “by a need
to bring [...] more standardization and data-driven intelligence [in this field]”. This motivation
might be reconsidered by scientists in the future. Useful attribution is a competitive advantage
in the market. Due to this circumstance developed approaches in businesses are not published
to keep the advantage internally. In the author's opinion, it is difficult for the science
community to be ahead of the real market. By providing structured approaches and evaluating
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influencing attributes, the science community should lead the practice to a more formal
environment.

Future Research Fields and Research Questions from a Practical Perspective

Based on the results of the expert interviews and the applicability of existing attribution
models in an omni-channel environment, research areas are identified, and research issues
and research topics are formulated. These issues and topics can be used as an input for future
research which also meets practitioners’ demands. Results, presented in Table 16, are
separated in the following research areas input data, data quality, mathematical/statistical
approach and calculation, output, and implementation and management perspective. All
guestions and topics are placed in the field of dynamic attribution and the corresponding
environment. Research questions and research topics are prioritized from important to less
critical. Within a research area, research issues and research topics are prioritized based on
how relevant they are to the interviewee from their practical point of view and how often they
were mentioned during the interview.

Table 16: Proposed research agenda for further research in the field of dynamic attribution modelling from a practical
perspective

Research areas Research question / research topics
Input data -  Which data (granular information) has what degree of impact on the quality
of the attribution. Is as much data as possible a reasonable approach?
- Overview of reasonably available data sources.
- Identify necessary steps within an organization to have a solid data
foundation for attribution in an omni-channel environment.
- Analyse the optimal/minimum amount of data needed for successful
attribution modelling. Analyse derived features.
- In terms of the quality of the outcome analyse the impact of data sources
such as Facebook data, Google AdWords data, etc.
- User tracking in a cross-device environment.

- Evolve alternatives to cookie based-, statistical- and logged in based

approaches.

- How to handle users which are not logged in.

- From a technical point of view: What information needs to be presented
from an operating system such as Windows, Mac OS, Android, etc. to be
able to identify a user and being able to stitch users across different
devices.

- Calculate soft facts. What are the most important soft attributes having
what influence and how to calculate them

- Define a standard for input sources or a standard for attribution models
based on the given data to facilitate a plug and play functionality.

79



Publication 2 Attribution Modelling in an Omni-Channel Environment - New Requirements and Specifications from

a Practical Perspective

Data quality

Mathematical/statistical
approach and
calculation

Output

Implementation and
management
perspective

Analyse different data sources and score them regarding quality and quality
gain for an attribution model

Bring the two fields business intelligence (Bl) and online marketing together
and apply Bl methods on marketing questions taking real-time calculation,
value calculation on audience/user basis, or incremental learning process
into account.

User profiling: Identify industry-specific user attributes and general user
attributes and their value to the outcome of an attribution model.

Build an attribution model which implements an incremental learning
mechanism.

Build an attribution model using an artificial intelligence (Al) and/or machine
learning approach which considers the change in customer behaviour.

Geyik et al. (2014) present an approach using MapReduce on Hadoop. What
attributes does a sophisticated server structure need to fulfil?

The real-time calculation of a decentralized data source environment.
Limitations and challenges.

Identify requirements due to new challenges in an omni-channel
environment.

Identify mutual channel influences based on a valid cross-device data
foundation in an omni-channel environment.

Estimate if culture-specific approaches are needed within one industry.
(Vuylsteke et al. (2010) discovered Chinese to have a different online search
process compared to Western Europeans).

Research on how much marketing budget is (still) wasted with omni-channel
approaches.

Develop a dynamic attribution model which meets all the identified
requirements of this current study.

Model a standardized output (A standardized output promote the attributes
fairness and interpretably claimed by Dalessandro et al. (2012))

Data warehouse (DWH), Data management platforms (DMP) and the
approach of a dynamic attribution model need to grow together. What are
the barriers and people within a company which you need to be aware of?
Getting ready for omni-channel. What are pitfalls and what needs to be
considered for a prosperous implementation (from a marketing and/or
technical perspective)?

Change Management: How to communicate and implement a change
process from cross-channel marketing (various data silos) towards an omni-
channel approach (combine data silos)

Identify and formulate new required skills of practitioners in the online
marketing business

Analyse the costs of a change process from cross-channel towards omni-
channel marketing.
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>

v

Develop a structured incremental learning framework or model. Define a
structure or framework which offers the ability to add, test and remove
knowledge bricks (knowledge gained from specific research in the marketing
performance field. i.e. papers which deal with channel performance or in
between channels).

Analyse savings potentials

Define a complexity per model (for practical application) a) Regarding
implementation b) Regarding required marketing knowledge for a successful
use
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Conclusion

The primary objective of this paper consists of identifying requirements and specifications
towards attribution modelling in an omni-channel environment from a practical perspective.
Identifying existing attribution models and the abilities these current models already fulfil was
also part of the objective. The answer to whether existing models are applicable in an efficient
way in an omni-channel environment is: no. No identified model offers all or a majority
amount of the requirements and specifications. For example, no model consists of the ability
to perform the calculation in real-time, and only one model (Abhishek et al. 2012) consist of
an incremental learning process which are rated to be the most essential characteristics in the
category calculation.

The identified new requirements and specifications from a practical perspective can be
understood as the basis for a call for new research in this area. Furthermore, those
requirements underline a practical necessity. Both hypotheses (H1 and H2) were verified.
From a practical point of view, there are new requirements for attribution modelling in an
omni-channel environment. Furthermore, the second hypotheses H2 stating that existing
attribution models are not effectively applicable in an omni-channel environment was verified
as well.

The input from practitioners should ensure that scientists understand demands, challenges
and problems from a practical perspective. According to Ulrich (Ulrich 1995), the applied
research design begins with practical problems which are unresolved. These problems are
analysed using available literature and theories. His design justifies scientific-based research
based on the needs of practitioners (Ulrich et al. 1976). Because the Marketing Science
Institute addresses Attribution to be the number one priority research area in the year 2016
to 2018 (MSI 2016), this is an important research area for both, practitioners and scientists.
New requirements for a future-proofed attribution system with the ability to perform the
calculation in real-time and calculate the value on an audience- or user-basis, as well as an
incremental learning process, are only a subset of the new challenges for scientists.

Additionally, future studies in the context of attribution, need to be more structured to be
able to implement an approach which is able to ensure that gained knowledge is included in
an incremental learning process. There is not only the call for an incremental learning process
within a model, but there is also a need for an incremental learning process in this field by
defining standards and consequential comparability. One of the most significant challenges is
to derive a structured approach - a framework or a model - which aggregates gained
knowledge and offers a process which does not neglect marketing insights already gained.
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6 Developing an Omni-Channel Ready Data Foundation

In the second publication data requirements are analyzed and identified. Building an omni-
channel attribution approach enforces an omni-channel ready data foundation. The process
of building such a data foundation, meeting all identified requirements by Nass et al. (2018) is
described in the this chapter. The model development is presented in the following
publication three in chapter 7. Cross-device, cross-platform user interaction data generated
in different channels is utilized for the presented research. The raw data is provided by one of
Germany’s largest real-estate platforms.

6.1 Identifier Matching

All vendors providing the data for this research are independent. A link ability of all data
sources is not given by default. Before the investigation begins and the data collection phase
is executed, a linking attribute needs to be specified and implemented. Google Universal
Analytics (GUA) is chosen to be the central data source. Within GUA so-called custom
dimensions can be specified with individual content for different scopes on a hit-, user-,
session-, etc. basis. The linking setup of all data sources is described in publication three (see
chapter 7).

For the research two custom dimensions are defined: the first one holding the user’s Tealium
id, and the second one holding the corresponding intelliAd id. The data providing company
already utilizes the tag management system Tealium iQ in different platforms such as website
and mobile applications (apps) to manage their marketing tags. Therefore, the customer’s
device id within the Tealium context (Tealium id) is already present in the client context. This
id is populated as a custom dimension in the GUA context.

The intelliAd id is not within the scope of the client. IntelliAd offers an id matching service
which basically returns the id of the calling client. To set both, the Tealium id and the intelliAd
id within the page view call, either of them need to be present at a very early state of the page
load. A prior synchronic call to obtain the intelliAd id is not an option because such a setup
will delay the tracking and can cause tracking errors. This may happen if a user exits the page
too early. Since both custom dimensions are not bound to a hit but to a user scope the intelliAd
id will be obtained during the first page visit, stored in a cookie and populated during the
second call directly from the cookie. The script providing and populating both ids is placed in
Appendix 4.
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6.2 Data Transformation Process

The data requirement no. six (ability to calculate in real-time) enforces an at least semi-
automated process to prepare the data on a regular basis. To satisfy this specification, an
automated transformation process including extract, transform, and load steps (ETL) is
developed to prepare the data for the attribution approach. This process is inspired by a data
warehouse setup (Jordan et al. 2011).

An often-applied data warehouse structure (Jordan et al. 2011; Inmon 2005) consists of three
different areas for loading data:

= Staging area (STG) — holding a copy of the raw data
= (Cleansing area (CLS) — area for selecting, transformation and cleansing of data
= Core area (CO) — cleansed data for further processing

For each input source a separate workflow [01] to [05] is developed and implemented (see
Figure 13). This enables a flexible handling of each individual data source. The applied
suggested approach by Jordan et al. (2011) is a mixture of a bottom-up (the work-flow is built
upon existing structures of external data sources) and a top-down where the target, the
customer value and conversion probability (see chapter 7) is predefined. Data sources can be
edited without influencing other sources, and this setup ensures a future-proof flexibility if
new data sources need be added to, modified or removed from this setup.
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Figure 13: HCJ: Top-down and bottom-up approach - import setup for all data sources divided up into workflows across all

stages (cont.)
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The data transformation aims at a high-quality output. Information in terms of on-page hits
or off-page touchpoints are neglected, if a corresponding data set is not available in other data
sources. Only complete journeys are considered. It is not appropriate to calculate basic
descriptive statistic values such as mean, mode, median, and corresponding quartiles on the
individual fields of the raw data, since such numbers don’t add any value and are not target-
oriented. Instead the derived journeys included in the holistic customer journey (HCJ) are
described in publication 3 and in chapter 6.4. The HCJ is the name of the targeted data
foundation including a holistic overview of the user’s behavior.

In the following, all workflows are briefly described across all areas (stage, cleanse, core). In
the appendix all transformation scripts are attached as reference and detailed description.
The entire data preparation and transformation process is designed for a daily run. Each
workflow or sub-workflow requires the parameter date containing the date of the data to be
processed. All workflows use MapReduce (Dean and Ghemawat 2004) as an engine.

6.2.1 Workflow [01]: GOOGLE_ANALYTICS_STAGE_2_CORE

General Description

Within workflow no. one, relevant information from the Google Universal Analytics’ (GUA)
raw data is transformed onto the staging area for further processing. The raw data is being
accessed through Google BigQuery (Google Inc. 2018c) and stored on a local server at the data
providing company prior to this workflow.

This data source contains the on-page tracking and conversion data. Every 24 hours one
compressed JSON-file (Json.org 2018; ECMA-262 Standard; ECMA-404 Standard) is being
created containing the data from the previous day.

Raw Data Schema

The structure of the raw data is structured as a nested JSON-object per session of one user.
The schema is documented by the data providing company Google (Google Inc. 2018a).
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Areas

Staging area (run sqgl: Appendix 6)

The staging area’s state is volatile. For every run of the workflow, the resulting table of the
staging area is dropped before new data is being processed. An external table is created to
access the raw data.

The JSON files containing the data is being selected and the whole json-object-string of one
session is stored in the resulting table of this stage: stg_googleanalytics.

Cleansing area (run sql: Appendix 7)

The cleansing area’s state is volatile, too. The pre-processed JSON-string is separated into
individual columns. During this step the whole JSON-object itself is flattened and each
information is stored as one column in the table cls_googleanalytics. Nested attributes
get all their ancestors’ attributes’ name as a prefix separated by an underscore ().

Core area (create sql: Appendix 8; run sql: Appendix 9)

The core area’s state is, in contrast to the cleansing and staging area, persistent and not
volatile. Processed data in this core area is kept. The table co_googleanaytics is partitioned
by the date date. Therefore, for each date a separate partition is created. This setup enables
a specific insert or update per day, not influencing data of other days.

6.2.2 Workflow [01A]: GOOGLE_ANALYTICS_HITS_CUSTOMDIM_CORE

General Description

Within the workflow 01A the Tealium visitor_id and the intelliAd id are extracted from the
GUA custom dimensions string and attached to the corresponding GUA fullvisitorId. Since
this workflow doesn’t transform any raw input data, there is no action taken place in the
staging area or in the cleansing area. The resulting table holds the linking information for all
three data sources GUA, intelliAd click_report and Tealium EventStore.

Core area (create sql: Appendix 10; run sqgl: Appendix 11)

The resulting table co_googleanalytics_hits_customdim of this workflow is persistent and
partitioned by date. Based on the data generated in the workflow [01], the GUA
fullvisitorid, the intelliAd id and the tealium id are extracted. In the first step of the script
the JSON string of the hits customdimensions key is extracted and transformed into a
sorted array. During this process only, the two custom dimensions holing the ids are utilized.
Within the next steps the temporary data set is reduced to only one GUA fullvisitorId per
device. Data sets with missing ids are neglected to meet the focus of the whole process. Only
correct data sets are processed having both id populated.
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6.2.3 Workflow [01B]: GOOGLE_ANALYTICS_HITS_CORE

General Description

The workflow [01B] extracts the on-page hits. The resulting table of workflow [01] is utilized
to extract all conversion hits from all session at the pre-specified date date. As in workflow
[01A] this workflow extracts no raw input data. Therefore, this workflow is only present in the
core area.

Core area (create sql: Appendix 12; run sqgl: Appendix 13)

In this step the following information is extracted from the table co_googleanaytics into the
table co_googleanalytics_hits:

e timing information,
e path information, and
e product information of conversion events.

All resulting hits are complemented by the GUA fullvisitorId and the GUA visit_id,
where the latter one represents the session.

6.2.4 Workflow [02]: EVENTSTORE_STAGE_2_CORE

General Description

This workflow extracts the cross-device information from the raw data of the EventStore
provided by Tealium Inc.

Raw Data Schema

The raw data is provided every 24 hours as a compressed JSON-file (Json.org 2018; ECMA-262
Standard; ECMA-404 Standard) in Amazon S3 cloud storage (Amazon Inc. 2006). In contrast to
the GUA JSON-object the data structure provided by Tealium is flat and not nested. The object
only consists of key-value-pairs. The schema of the file can be found in the Tealium Learning
Community (Tealium Inc. 2015). The, for the presented research, relevant value the
customer_id _key map holds the data providing company’s specific user unique key. This
value is populated if the user enters the email address for a login or while performing other
conversions. This value is the same for one customer on every used device. Based on this value
the cross device / cross platform stitching is realized.
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Staging area (run sql: Appendix 14)

From the raw data only the event_id, visitor_ id, eventtime and customer idkey map are
extracted. All information is stored into the table stg_t1_eventstore idkey map based on
the defined date date. The visitor_id is representing a used device. If the data holds more
visitor_ids for one customer_idkey_ map the corresponding user uses different devices.

Cleansing area (run sql: Appendix 15)

No transformation is being performed within this step. The table
stg_tl_eventstore_ idkey map is copied into the table c1s_tl_eventstore_ idkey map.

Core area (run sqgl: Appendix 16, Appendix 17)

Within the core there are two separate steps performed. During the first step the data from
the cleansing area is copied into the earmarked partition into the core area. The data is stored
permanently. Afterwards, in the second step all customer_idkey_ maps are identified for each
visitor_id. If there is more than one customer_idkey map per visitor_id (multiple login
on one device) only the one id is kept and attached to the visitor_id. By doing so all devices
with or without the populated customer_idkey map are identified.

6.2.5 Workflow [03]: PRICING_DATA_STAGE_2_CORE

General Description

Within this workflow all pricing information is processed. This information will be attached to
the corresponding off-page touchpoints performed in various online marketing channels. The
actual assembling with the off-page touchpoints is performed in workflow [04A].

Raw Data Schema

The pricing information is provided by the online marketing department of the data providing
company. Pricing information is available for Microsoft Bing, Google Adwords and Criteo.
Based on the vendor, the data is aggregated in a different degree. Microsoft Bing’s and Google
Adwords’ data is available on a keyword level on a daily basis. Criteo’s data is only avaliable
on a daily basis.

Staging area (create sql: Appendix 18, run sql: Appendix 19)

Next to the definition of an external table to access the raw data all data is being imported
into the table stg_price_data for further processing.

Cleansing area (run sql: Appendix 20, Appendix 21)

98



Developing an Omni-Channel Ready Data Foundation

Available data from the table stg_price data is processed into the table c1s_price data.
A transformation is performed for the values of the two columns price_date and cpc (costs
per click). The price_date is formatted and the cpc is rounded to three digits.

In the second step missing pricing information per vendor are filled with the average cpc
within a date, keyword and vendor.

Core area (run sql: Appendix 22)

Within the core area the table c1s_pricing _data_avgis copied into co_pricing data_avg
for further processing.

6.2.6 Workflow [04]: INTELLIAD_CLICK_REPORT STAGE_2_ CORE

General Description

This workflow processes all off-page touch-points provided in the click_report by intelliAd.
Raw Data Schema

IntelliAd provided an export containing all off-page touchpoints in a csv list.

Staging area (run sqgl: Appendix 23)

An external table for accessing the data is created. Furthermore, the data provided for the
date date is being loaded into the table stg_intelliad click report.

Cleansing area (run sql: Appendix 24)

The table stg_intelliad click_report is copied into the  table
cls_intelliad click_report. No transformation is performed.

Core area (run sql: Appendix 25)

The table cls_intelliad click_report is processed and inserted into the table
co_intelliad click report into the earmarked partition defined by date for further
processing in workflow [4A].

6.2.7 Workflow [04A]: INTELLIAD_CLICK_REPORT_PRICE_CORE

General Description

This workflow processes the results from the previous workflows [03] and workflow [04].
Summarized, this workflow appends the pricing information (cpc) to all off-page touchpoints.
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Core area (run sql: Appendix 26)

The table co_intelliad click_report with prices is being filled at the earmarked date
date. The resulting data set consists of the clickid provided by intelliAd, the cpc provided by
the online marketing department and the date. The concatenation is performed in four steps.
In the first step a keyword match with the match type exact is processed and the cpc is
assigned, followed by a non-exact match type. In this second case the keyword may also
consist of other terms. Within these two steps the pricing information only from Google
Adwords and Microsoft Bing is attached. During the third step all cpc offered by Criteo are
assigned to the corresponding touch-points. All other touch-points performed in online-
marketing channels such as SEQ, direct mail etc. don’t cause any costs and the cpcis set to 0,0
Euro.

6.2.8 Workflow [05]: PRODUCT _PRICES_STAGE_2_ CORE

General Description
This workflow processes the conversion prices provided by the company.

Staging area (run sql: Appendix 27)

Since there are only 20 products the prices are set manually in the script. The sql script creates
the table stg_tl product prices.

Cleansing area (run sql: Appendix 28)
The table stg_tl1_prodcut_prices is copied into cls_tl product prices.

Core area (run sql: Appendix 29)

The table cls_tl product prices is copied into co_tl product prices for further
processing.

6.2.9 Workflow [06]: IMPORT _ONE_DAY_ 2 CORE

General Description

This workflow is a combination of previous workflows to load data from one pre-defined date
date into the core for further processing.
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6.2.10 Workflow [07]: CREATE_HOLISTIC_CUSTOMER_JOURNEY_OF_ONE_DAY

General Description

Workflow [07] processes the results of all previous workflows to build the holistic customer
journey (HCJ) including off-page touchpoints with cost information attached and on-page
conversions with prices on a hit basis. All hits/touchpoints can be ordered correctly by the
column click_time which is extracted from both GUA and the intelliAd click_report. The
cross-device information is attached to every single hit and touchpoint. The resulting data set
represents the targeted holistic customer journey.

Core area (run sql: Appendix 30 and Appendix 31)

This workflow is split into two processes: on-page hit transformation and off-page touch-point
transformation. During the on-page hit transformation the GUA hits are inserted into the table
co_final customer journey. This table consists of two partitions. The first partition is the
source. Possible values for source are on-page and off-page. The second partition is the
already utilized date-partition. This setup enables a specific calculation based on source and
date, not influencing any other information in this table. The resulting table
co_final customer_ journey's columns can be separated into three different categories
combine, on-page and off-page.

All stitching and timing information are included in the category combine. The on-page
category consists of information from GUA holding conversion hits with attached price
information.

IntelliAd touch-points with attached cost information are placed in the third category off-
page. While processing off-page touch-points the category on-page is filled with Nu11-values
and vice versa. This is because no on-page information is available in an off-page touchpoint.

The table co_final customer_journey holds the HCJ and represents the basis for the
following feature generating process.

6.3 Feature Generation

The holistic customer journey (HCJ) is the data foundation utilized for the following feature
generating process. Table 17 lists all generated features including a definition. The feature
generation script is placed in Appendix 32. The script consists of the calculation. Domain
knowledge is the key driver for the feature definition process including feature extraction
and feature selection (Meyer and Whateley Brendon 2004; Menkov et al. 2006). An
automatic feature generating approach is not applied.
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Table 17: Generated features for the machine learning approach

Id Name of feature Range of Definition
values
01 total_earnings double Sum of all conversions
02 total_spendings double Sum of all spendings
03 customer_value double Earnings — spendings
04 first_touch timestamp Timestamp of first entry in the journey
05 last_touch timestamp Timestamp of last entry in the journey
06 age_of_journey integer Days between first touch and last touch
07 customer_value_journey double Customer_value / age_of journey
08 session_cnt integer Count sessions of journey (across all used
devices)
09 is_logged_in boolean If device_customer_idkey_map is

populated in journey

10 is_cross_device_user boolean Gua_device_devicecategory and
off hits_devicetype have two or more
different entries. (Annotation: if one user
uses only two different mobile devices this
value will not be set to true)

11 avg_events_per_session double Number of all hits divided by the number
of sessions. (Annotation: off-page touch-
points are included in the total number of
hits, although they don’t belong to a
session)

12 total_hit_cnt integer Count all on-page and off-page hits
divided by all touch-points

13 overall_journey_cnt integer Count all journeys
14 overall_avg_earning double Sum of all conversions divided by the
_per_journey

number of journeys
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15 overall_avg_spendings double Sum of all spendings divided by the

PET P number of journeys

16 percentage_of_overall_mean | double Number of different devices of current
—device_cnt_per_journey journey divided by the number of devices

of all journeys

17 npercentage_of_overall_mean  double Number of sessions of current journey
S s R divided by the number of sessions of all

journeys

18 device_array Array<string> Array of all used device categories in
journey (e.g. mobile, tablet, desktop)

19 uses_desktop boolean Ture if hits accessed by a desktop device
in journey exist

20 uses_mobile boolean Ture if hits accessed by a mobile device in
journey exist

21 uses_tablet boolean Ture if hits accessed by a tablet device in
journey exist

22 desktop_usage double Amount of desktop hits divided by all hits
of journey

23 mobile_usage double Amount of mobile hits divided by all hits
of journey

24 tablet_usage double Amount of tablet hits divided by all hits of
journey

25 channel_array Array<string> Array with all used marketing channels

from on-page source

26 cnt_channel integer Number of different channels used

27 cnt_earnings_events integer Number of conversions events

28 cnt_spendings_events integer Number of touchpoints with costs >0

29 total_ratio double Number of on-page events divided by all
_touchpoint_onsite hits

103



Developing an Omni-Channel Ready Data Foundation

30 total_ratio double
_touchpoint_offsite
31  hits_1_2d integer
32  hits_3_4d integer
33 hits_5_8d integer
34 hits_9_16d integer
35  hits_1 2s integer
36 hits_3 4s integer
37 hits_5_8s integer
38 hits_9_16s integer
39 earnings_1_2d double
40 earnings_3_4d double
41 earnings_5_8d double
42  earnings_9_16d double
43 earnings_1 _2s double
44 earnings_3_4s double

Number of off-page events divided by all
hits

Number of hits within the last two days
before last hit

Number of hits between three and four
days before the last hit

Number of hits between five and eight
days before the last hit

Number of hits between nine and 16 days
before the last hit

Number of sessions within the last two
days before last hit

Number of sessions between three and
four days before the last hit

Number of sessions between five and
eight days before the last hit

Number of sessions between nine and 16
days before the last hit

Sum of earnings within the last two days
before last hit

Sum of earnings between three and four
days before the last hit

Sum of earnings between five and eight
days before the last hit

Sum of earnings between nine and 16
days before the last hit

Sum of earnings within the last two
sessions before last hit

Sum of earnings between three and four
sessions before the last hit
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45 earnings_5_8s double Sum of earnings between five and eight
sessions before the last hit

46 earnings_9_16s double Sum of earnings between nine and 16
sessions before the last hit

47 spendings_1_2d double Sum of spendings within the last two days
before last hit

48 spendings_3_4d double Sum of spendings between three and four
days before the last hit

49 spendings_5_8d double Sum of spendings between five and eight
days before the last hit

50 spendings_9_16d double Sum of spendings between nine and 16
days before the last hit

51 customer_value_latest double earnings_1 2s—spendings_1 2d

52 last_device_category double Last device used

53 product_percent double Earnings of product divided by all earnings
_blickfang

54 product_percent double Earnings of product divided by all earnings
_brokercontact

55 product_percent double Earnings of product divided by all earnings

_maklerempfehlung

56 product_percent double Earnings of product divided by all earnings
_suchagent

57 product_percent double Earnings of product divided by all earnings
_neubauanfrage

58 product_percent double Earnings of product divided by all earnings
_phonecontact

59 product_percent double Earnings of product divided by all earnings
_contact

60 product_percent double Earnings of product divided by all earnings

_kataloghausbau

61 product_percent double Earnings of product divided by all earnings
_tir

105



Developing an Omni-Channel Ready Data Foundation

62 product_percent double Earnings of product divided by all earnings
_gesuchcontact

63 product_percent double Earnings of product divided by all earnings
_isa

64 product_percent double Earnings of product divided by all earnings
_call

65 product_percent double Earnings of product divided by all earnings
_immobewertung

66 product_percent double Earnings of product divided by all earnings
_pia

67 product_percent double Earnings of product divided by all earnings
_mailcontact

68 used_channels Array<string> Array with all used marketing channels

from off-page source

69 used_channels_cleaned Array<string> Array with all used marketing channels
with campaign id from off-page source

70 used_markets Array<string> Array of used markets

6.4 Descriptive Statistics of the HCJ

In total, about 3.5 TB interaction data is collected within a time-range of three monthsin 2017.
All data sets aggregated consist of almost 240.000.000 hits/touchpoints from which over
225.000.000 hits are placed in more than 9.700.000 journeys. It is not purposeful to present
values of descriptive statistics from the raw data. A combination of interaction information
from various users in different channels from different platforms is meaningless.

An extract of the performance of the transformation process is illustrated in Table 18. All
performance data is attached in Appendix 5. Table 18 contains the total numbers of
successfully transformed data sets or a corresponding percentage from each workflow step.
There is one column per workflow step. All transformation steps are ordered from the first
workflow (left) to the last workflow on the right. Every day is represented by one row.

Due to corrupted files, two days have not been considered in this research. In total, 97,59% of
the available data is utilized. Because of the transformation focus which only considers
complete journeys (linkable data sets), 85,89% of all hits/touch points is transformed into
journeys; 14,11% of the hits/touch points is neglected.
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WF [01] WF [01A] WF [01B]
sum [ max [%| 81 97,59% 40.404.349 34.603.557 34.615.588 34.615.588 26.778.809 22.475.420 218.817.665
SuMm AVG % MAX sUm SuMm sSUM sUm SUM SUM
[FVID with
it d %] i i i i i hit!
[unit] [days] [96] [session] [session] [session] [session] [session] linkage data] [on hit]

hits_customdim

data flow success
Successful days
stg_google analytics_ext
stg_googleanalytics
cs_googleanalytics
co_googleanalytics
DISTINCT fullvisitorld of
co_googleanlaytics
co_googleanalytics
co_googleanalytics.

[~ B B
03.08.2017 1 100,00% 40.404.349 422.327 422.327 422.327 327.596 271.172 2.656.288
04.08.2017 1 100,00% 40.404.349 385.917 385.917 385.917 299.310 248.380 2.396.083
05.08.2017 1 100,00% 40.404.349 330.405 330.405 330.405 258.781 217.632 2.169.373
06.08.2017 1 100,00% 40.404.349 390.527 390.527 390.527 306.118 258.478 2.730.070
07.08.2017 1 100,00% 40.404.349 438.305 450.336 450.336 347.185 287.019 2.855.472
08.08.2017 1 100,00% 40.404.349 470.132 470.132 470.132 361.644 302.166 3.033.923
09.08.2017 1 100,00% 40.404.349 444.857 444,857 444.857 342.751 287.379 2.819.200
10.08.2017 1 100,00% 40.404.349 446.839 446.839 446.839 343.695 287.811 2.845.967
11.08.2017 1 100,00% 40.404.349 418.365 418.365 418.365 321.589 270.485 2.680.670
WF [02] WF [03]
sum f max / % 248.207.035 269.152.409 269.152.409 269.152.409 15.045.643 4.628.567 4.628.567 4.628.567
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03.08.2017 6.258.648 6.230.572 6.230.572 6.230.572 2.730.351 4.628.567 4.628.567 4.628.567
04.08.2017 3.489.481 3.480.202 3.480.202 3.480.202 2.730.351 4.628.567 4.628.567 4.628.567
05.08.2017 5.145.754 5.124.592 5.124.592 5.124.592 2.730.351 4.628.567 4.628.567 4.628.567
06.08.2017 6.419.026 6.397.152 6.397.152 6.397.152 857.848 4.628.567 4.628.567 4.628.567
07.08.2017 6.712.574 6.705.192 6.705.192 6.705.192 2.730.351 4.628.567 4.628.567 4.628.567
08.08.2017 3.538.929 3.532.043 3.532.043 3.532.043 2.929.491 4.628.567 4.628.567 4.628.567
09.08.2017 3.297.106 3.284.070 3.284.070 3.284.070 2.929.491 4.628.567 4.628.567 4.628.567
10.08.2017 3.313.829 3.301.857 3.301.857 3.301.857 2.929.491 4.628.567 4.628.567 4.628.567
11.08.2017 6.281.928 6.254.358 06.254.358 6.254.358 2.929.491 4.628.567 4.628.567 4.628.567
WF [04] WF [04A]
sum [ max [ %| 4.272.586 4,272.586 49.585.859 43.275.972 43.275.972 43.275.972 43.243.252 99,92%
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03.08.2017| 4.272.586 4.272.586 49.585.859 516.458 516.458 516.458 516.056 99,92%
04.08.2017| 4.272.586 4.272.586 49.585.859 473.442 473.442 473.442 473.023 99,91%
05.08.2017| 4.272.586 4272586 49.585.859 417.175 417.175 417.175 416.660 99,88%
06.08.2017| 4.272.586 4.272.586 49.585.859 498.016 498.016 498.016 497.567 99,91%
07.08.2017| 4.272.586 4.272.586 49.585.859 545.307 545.307 545.307 544.887 99,92%
08.08.2017| 4.272.586 4.272.586 49.585.859 574.320 574.320 574.320 573.870 99,92%
09.08.2017| 4.272.586 4.272.586 49.585.859 541.046 541.046 541.046 540.591 99,92%
10.08.2017| 4.272.586 43272586 49.585.859 544.329 544329 544329 543.825 99,91%
11.08.2017| 4.272.586 4.272.586 49.585.859 516.063 516.063 516.063 515.621 99,91%
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WF [05] WF [07]
sum [ max / % 20 20 20 195.992.440 89,51% 29.259.855 67,61% 85,89%
MAX MAX MAX SUM AVG % SUM AVG % AVG %
ON-page off-page
[unit] [product] [product] [product] - hit':]g %] [ hit”s]g (%] %]
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[-] [-]
03.08.2017 20 20 20 2.381.608 89,66% 355.090 68,81% 86,27%
04.08.2017 20 20 20 1.268.161 52,93% 188.701 39,89% 50,78%
05.08.2017 20 20 20 1.946.030 89,70% 282.969 67,91% 86,19%
06.08.2017 20 20 20 2.480.283 90,85% 342,929 68,92% 87.47%
07.08.2017 20 20 20 2.586.749 90,59% 375.973 69,00% 87,13%
08.08.2017 20 20 20 2.746.155 90,51% 401.253 69,92% 87,24%
09.08.2017 20 20 20 2.553.651 90,58% 376.922 69,72% 87,22%
10.08.2017 20 20 20 2.576.034 90,52% 379.018 69,69% 87,18%
11.08.2017 20 20 20 2.432.277 90,73% 357.108 £9,206% 87,27%

Table 18: Description of the transformation process towards the HCJ

The transformation process results in filling in the data into the final table
co_final customer_journey. This table holds all available interaction information per user
of the given time range. Based on this data the journeys are calculated (see the script in
Appendix 32), consisting of all features listed in Table 17. A statistical description of selected
features is presented in Table 19.

Table 19 consists of the mean (mean), standard deviation (std), minimun (min), the 25, 50",
75t™ percentiles and maximum (max) of a selection of features. For binary values on a nominal
level a percentage is declared representing the percentage of positive values in the data set.
Only 6,46% (is_cross_device user) of all users use different devices. This number is
congruent with company internal records. Most customers prefer desktop computers
(uses_desktop 48,506%) and mobile devices (uses mobile 44,960%). Only 13,128%
(uses_tablet) of the customers use tablets. All three percentages sum up to over 100% since
some customers (6,46% is_cross_device_user) use more than one device. The actual
percentage of used device classes is represented by desktop usage, mobile usage and
tablet_usage. Most users consult only one marketing channel in the provided time period.
The maximum number of used marketing channels is 8 (cnt_channel).

The mean of the total amount of earnings per journey is 25,54 Euro (total_earnings). The
maximum is listed with 44.778 Euro. Journeys with extreme high values are analyzed
separately. The HCJ consists of only few outliers. Such outliers represent customers converting
with mainly phone_contact or mail_contact on several real-estate objects on almost every day
within the recorded time period. For those conversions the user is not charged (see the
description of the business model in publication 3 in chapter 7). Such a special behavior is rare,
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but possible. These journeys are kept since the data represents real behavior. Similar behavior
can be identified on the other side of the spendings as well. The mean costs are stated with
8,3 Eurocent (total_ spendings) per journey. The outlier journeys with over 81 Euros
represent a possible behavior as well. Table 19 consists of the most important features and
does not contain any timing features and product usage information features for reasons of
clarity. A full list is attached in Appendix 33.
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Table 19: Descriptive statistic values and distribution of selected features

feature name mean std min 25% 50% 75% max percentage
total_earnings 25,540 78,781 0 3 9 22 44778
total_spendings 0,083 0,317 0 0 0 0,082 81,509
customer_value 25,456 78,684 -11,999 3 8,769 22 44778
age_of_journey 11,366 21,644 0 0 0 11 91

session_cnt 3,550 8,184 1 1 1 3 1115

is_logged_in 0,063 0,243 0 0 0 0 1
is_cross_device 0 1 6,459%
_user

avg_events_per 5,629 6,804 1 2 4 7 1423

_session

total_hit_cnt 28,773 78,898 1 5 10 25 17156

uses_desktop 0 1 48,506%
uses_mobile 0 1 44,960%
uses_tablet 0 1 13,128%
desktop_usage 0 1 41,946%
mobile_usage 0 1 45,344%
tablet_usage 0 1 12,710%
cnt_channel 1,275 0,571 1 1 1 1 8

cnt_earnings 8,546 26,312 0 1 3 8 14926

_events

cnt_spendings 0,773 3,469 0 0 0 1 956

_events

total_ratio 0 1 81,580%

_touchpoint_onsite

total_ratio 0 1 18,420%
_touchpoint_offsite
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The corresponding jupyter-notebook (content of the ipynb-file) including all scripts and

instructions for the statistical course of research is attached in Appendix 33 and Appendix

34.

The process of identifying the optimal hyperparameter combination is documented in

Appendix 35.
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Introduction and Objectives

Is it reasonable to invest more money into the current customer by presenting advertisements
or performing other marketing activities, or not? How much is this customer currently worth?
These questions arise within the area of attribution in the field of (online-) marketing — one of
the most important research priorities in the years 2016 to 2018 defined by the Marketing
Science Institute (MSI 2016).

The objective of this article is to develop an omni-channel-ready attribution model utilizing
machine learning (ML). As a novel approach the presented research is the first one developing
an ML-attribution approach built on a cross-device and cross-platform data basis.

This article aims to provide the following contributions to the academic science community:

1. To present the first omni-channel ML-attribution approach based on a cross-device
and cross-platform data foundation.

2. To analyze the practicability of the identified requirements and specifications for
attribution modelling in an omni-channel environment (Nass et al. 2018).

This article is organized in the following way. Within the introduction the objectives and the
theoretical background are defined. The latter focuses on two topics: the development of
attribution in marketing and the importance of machine-learning in marketing. After
describing the research methodology, the business model and pre-requirements defined by
the data providing company are described and outlined to understand the field experiment.
Since this investigation applies the identified requirements and specifications by Nass et al.
(2018) the main investigation is split into data foundation and attribution model, focusing on
the attribution model. The research is complemented by a presentation and discussion of the
results including recommendations for practitioners and a conclusion.

Theoretical Background

On his way to purchase, the customer leaves various information about his behavior in
different data sources. Tracing information is generated on a firm’s website, within different
mobile applications (apps) or other services provided by a company. Furthermore, data is
collected about the users’ behavior within different marketing channels, such as display
advertisement, paid search, direct mailings and social networks. Econsultancy (2015)
describes the widely applied strategic multi-channel approach whereby the communication
and interaction with one’s customers is realized within different independent marketing
channels. Neslin et al. (2006) report that independent departments use mainly their own data
to perform actions which are not synchronized with other channels.

How much is a customer currently worth to a company? This question can only be answered
if information from different channels is linked within a company or institution. Verhoef et al.
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(2015) describe the necessary shift from multi-channel to omni-channel in a retail context. A
seamless experience (Carroll and Guzman 2013) and the customer’s value (Cook 2014) across
all channels needs to be provided.

Towards Attribution in an Omni-Channel Environment

So-called static attribution approaches such as last click/last interaction are still widely applied
(eMarketer 2016), although these rule-based models assigning credit to a certain source
(channel) for conversions, sales, or leads are inaccurate (Petersen et al. 2009). These models
assign credit based on static rules and neglect individual user behavior. Whole user sessions
which do not lead to a conversion are disregarded as well (Petersen et al. 2009). Heuristic
models are easy to implement, and their results are, in some circumstances, sufficient.

In @ marketing context attribution models are often distinguished into static attribution
models such as the already mentioned last click/last interaction approach and dynamic
attribution models (Anderl et al. 2016a; Li and Kannan 2014; Shao and Li 2011).

Jayawardane et al. (2015) differentiate static attribution models in simplistic models and rule-
based models. As the authors have a mathematical perspective, dynamic attribution models
are termed algorithmic models. The two categories of algorithmic and dynamic attribution
approaches are congruent.

The attribution problem is analyzed by several authors by applying different statistical
approaches. Those models are placed in the latter category of dynamic or algorithmic
attribution models. Abhishek et al. (2012), for example, build a model using a hidden Markov
model to perform attribution; Li and Kannan (2014) developed a conceptual framework
analyzing carryover- and spillover-effects across online marketing channels; Nottorf (2014)
developed a solution based on a binary logit model with a Bayesian mixture approach; Shao
and Li (2011) applied a bagged logistic regression model to the attribution problem; and Zhang
et al. (2014) developed an additive hazard model base on survival theory. All mentioned
dynamic approaches are developed or tested in a cross-channel environment. Neither model
is applied onto a cross-device data basis, nor uses cross-platform information, e.g. linkable
tracking data of users within different mobile apps and online portals. Next to other
requirements, such a data foundation is claimed for an efficient attribution approach in an
omni-channel environment (Nass et al. 2018). Nass et al. (2018) present data requirements
and model requirements for an attribution approach in an omni-channel environment.
Furthermore, based on a structured literature research conducted by the authors, an omni-
channel attribution approach, meeting the identified requirements, has not been published
(Nass et al. 2018). This research gap — the lack of an omni-channel attribution approach —is
filled by the presented research.
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Importance of Machine Learning for Marketing in Businesses

The available amount of relevant data in a marketing context increased rapidly within the last
decade and is still growing. Large amounts of data need to be analyzed by different
mathematical/statistical approaches. Already in 1995, Chen (1995) describe machine learning
(ML) as a method for information retrieval in a business context. The increase of significance
of ML for business (and marketing) in general is emphasized by Bose and Mahapatra (2001).
In a marketing and business context ML became a powerful tool to gain insights within large
and noisy data sources. Cui et al. (2006) evaluated the endogeneity bias in a RFM (Recency,
Frequency, Monetary) model applying different ML approaches. Within the past few years the
application of ML started growing rapidly in marketing research because of the availability of
large scale data sources and low-cost cloud computing. More often generated models are
applied within decision-making processes (Jordan and Mitchell 2015; Yousafzai et al. 2016).
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Define Objective

The current research is guided by the two hypotheses listed in Table 20.

Table 20: Formulated hypotheses for the current research

Hypotheses

H1

H2

It is possible to
build a required
data foundation
and attribution
model to work
efficient in an
omni-channel
environment.

If such a model
can be
developed,
savings from at
least 10% can be
achieved for e.g.
a company or an

References
As a further development of static attribution approaches such as
last click or last non-direct click (Google Inc. 2017; Jayawardane
et al. 2015), there is a research focus on developing dynamic
attribution approaches utilizing different statistical approaches
(Abhishek et al. 2012; Anderl et al. 2016a; Dalessandro et al.
2012; Geyik et al. 2014; Li and Kannan 2014; Nottorf 2014; Shao
and Li 2011; Xu et al. 2014; Zhang et al. 2014). Based on experts’
interviews Nass et al. (2018) formulated data and model
requirements / specifications for attribution in an omni channel
environment. Furthermore, Nass et al. (2018) identified the
current research gap — the lack of an omni-channel attribution
approach. From here the first hypothesis is derived.

Performing an explorative study, one of Germany’s largest real-
estate platforms provided different data sources to verify
hypothesis one. Furthermore, the company defined business
model specific requirements (explained in detail within this
publication). Taking those business model specific requirements
into the research process enables a statement about possible
savings for the specific case.

institution.

Nass et al. (2018) analyzed criteria for an attribution model to work efficiently in an omni-
channel environment. The authors performed a structured literature research to identify
relevant attribution models and applied the criteria. Based on their results there is no
attribution model fulfilling the identified criteria. This identified research gap is filled by
providing an omni-channel attribution approach within the current research. Lazaris and
Vrechopoulos (2014) describe the necessity of research from multi-channel towards omni-
channel in a retailing context. They call for research initiatives “that should investigate this
topic [continuous change in retail practices] through multiple perspectives and approaches.”
(Lazaris and Vrechopoulos 2014).

To the best of the authors’ knowledge the presented research is the first one applying a ML
algorithm onto the marketing attribution problem fulfilling omni-channel requirements.
Furthermore, this is the first approach using cross-device and cross-platform information in

the research area of attribution in an online-marketing context.
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Research Methodology

Academic research is conceived as a teleological process of knowledge acquisition (Kohler
1977). The attribution problem has a strong practical interest (Nass et al. 2018; Nottorf 2014;
Anderl et al. 2016a). According to Ulrich (1995) the applied research design begins with
practical problems which are unresolved. Those problems are analyzed by utilizing available
literature and theories. His scientific approach conceives business studies as part of the
application-orientated social science, which does not act in a static way, but considers change
and alteration as instruments for creating design concepts of the future social reality (Ulrich
1981). Ulrich claims that business studies understood as applied science should be adjusted
by problems related to the practice of corporation management (Ulrich et al. 1976; Ulrich
1981, 1985). By also considering the aforementioned research priorities defined by the MSI
(MSI2016), the attribution problem within the presented research is both, a scientific problem
as well as a practice relevant problem which enables the course of the current examination.

The attribution problem is treated as a data mining problem, trying “[to mine] knowledge [...]
from data” (Han et al. 2012) and to solve it with ML algorithms.

The methodological approach for the current research is inspired by the in 1996 conceived
Cross-Industry Standard Process for Data Mining (CRISP-DM) (Shearer 2000) and the
Marketing-Analytics-Process (MAP) (Schoeneberg et al. (2017), see chapter 4) which is a
specification of the CRISP-DM for (online-) marketing problems.

The applied CRISP-DM approach is widely spread in practice and science (Piatetsky 2014). The
last poll about the applied methodology for analytics, data mining or data science projects
indicates that almost half of the surveyed institutes decide to utilize the CRISP-DM. “The 6
high-level phases of CRISP-DM are still a good description for the analytics process, but the
details and specifics need to be updated” (Piatetsky 2014)

Since attribution modelling is one research stream in the research field of (online-) marketing,
the combination of CRISP-DM and the MAP approach, which focusses on marketing specific
problems is chosen. In contrast to the more general CRISP-DM approach the MAP approach
specifies six tangible phases. The six phases serve as orientation for the current research.

Problem statement and goal definition
Selection of data sources

Data preparation

Modeling

Model evaluation

o v ks wN PR

Recommendation for action
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In phase one a definition of a problem and the target of the research are required.

The problem: The research gap identified by Nass et al. (2018). The authors object to the lack
of proper attribution approaches for an omni-channel marketing environment.

The goal: The development of an omni-channel attribution model. The model is supposed to
calculate the customer value and predict if it is reasonable to invest more money into the
customer, or not.

Business model of the data providing company

The data foundation underlying the research is provided by one of Germany’s largest real
estate platforms. The data set itself and the utilized data sources are described within the next
chapters. To comprehend some of the decisions made during the research process, it is
mandatory to understand the business model of the data providing company. In general, the
company is providing different platforms such as a web-application and different mobile apps
for people searching for various kinds of real-estate and corresponding products. Such
corresponding products are: different lead services such as movement services, different kinds
of artisans’ firms, gardeners and other services helping people to get to relocate. Contact
inquiries (contacting an agent indicating interest in a real-estate) via contact form or by
telephone are a very important conversion type as well. If a user places a contact inquiry
he/she doesn’t pay for it. For these conversion types an internal value is defined to be able to
handle those conversions within the marketing context in relation to other lead products. The
actual money for those contact inquiries is earned from e.g. agents inserting their real-estate
into the system, making it available to the public.

The data providing company defined the following requirements:

1. When predicting whether a customer has potential or not, it needs to be considered,
that contact inquiries conversions do not provide earnings.
2. The prediction accuracy should be greater than 90%

These specifications were defined before the investigation began and are considered in the
following steps two to six of the MAP methodology.

We treat the prediction aspect of the attribution problem as a statistical learning problem and
attempt to solve it with ML algorithms. According to James et al. (2013) there are two main
categories splitting up most of the statistical learning problems: Supervised problems and
unsupervised problems. Supervised learning algorithms train a function which maps a feature
set (input) onto a target (output) based on input-output-pairs (Russell and Norvig 2016). Such
a data foundation is also termed as labeled training data which consists of training examples
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(Mohri et al. 2012). In a ML context its common to say that a classifier is being created, used
to generalize the problem for new instances (Kotsiantis 2007).

To solve unsupervised problems, algorithms are applied to find patterns (Bishop 2006) within
the provided data, which in contrast to supervised learning problems does not consist of a
pre-defined target.

Next to supervised and unsupervised problems there is a third category holding so-called
semi-supervised problems (Chapelle et al. 2006). Problems belonging into this rather small
group are characterized as followed: To build a model to solve a semi-supervised problem
there are n observations available. During the data collection phase for m observations, where
m < n, there are trainings information and a target collected. For m — n observations, there is
only training information (observations) without a target available (James et al. 2013).

Problems belonging to both, supervised and unsupervised problems, can be solved with
different algorithms which can be separated per category into categorical/discrete and
continuous algorithms.

For the current research both an unsupervised approach and a supervised approach are
applied. A Principal Components Analysis (PCA) is utilized to reduce the dimensionality of the
feature set. The goal of this step is to speed up the learning process by removing the least
relevant information before training the model. Afterwards a supervised classification
approach is utilized to predict whether an investment is reasonable, or not.
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Data Foundation

Based on semi-structured interviews, Nass et al. (2018) identify different data requirements
and specifications for attribution modelling in an omni-channel environment required by
practitioners. Those identified requirements are applied as a basis for the utilized data
foundation, which has been developed prior to this research.

Nass et al. (2018) identify the following twelve general data requirements for a data
foundation to build on an attribution model within an omni-channel environment.

Data sources contain hard facts

Data sources contain soft facts

Highest possible data granularity

Stitch ability of a single user cross-device
Linkable data sources

Ability to calculate in real-time

Value calculation on user level

Value calculation on audience level

WK NPk WM PR

High-quality output

=
o

. Ability to connect (third party) vendors directly

=
=

. Interface driven design

=
N

. Interface definition / standards

=
w

. Plug and play
The above list consists of general data requirements which can be split up into two categories:

I.  concrete data requirements, which have a direct impact on the data or data attributes
and
Il.  general data requirements.

The latter category holds meta requirements which do not have a direct impact on the data
itself. Requirements ten to 13 are placed in the second category. These requirements deal
with the access ability and connectivity into existing systems.

The following Table 21 consists of requirements placed in category 1) concrete data
requirements and derived formulated requirements for the current analysis. All derived
requirements (D1 to D6) refer to the targeted data foundation which represents the basis for
the attribution approach.
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Table 21: Conceived data requirements for the current analysis

No.

D1

D2

D3

D4

D5

D6

Requirement
[1] Data source
contains hard facts

[2] Data source
contains soft facts

[3] Highest possible
data granularity

[7] Value calculation on
user level

[8] Value calculation on
audience level

[9] High-quality output
[4] Stitch ability of a
single user cross-
devices

[5] Linkable data
sources

[6] Ability to calculate
in real-time

Detailed requirements for the analysis

The data needs to consist of hard facts. Based on Nass et
al. (2018) hard facts are defined as “real facts” such as
tracking data, CRM data, DWH data etc.

The data needs to consist of soft facts. Based on Nass et
al. (2018) “[soft facts] represent a meta-level of
information which is derived from a user’s behavior or
situation. The assumption of a user’s feelings, attitude or
position is determined to be a soft fact”.

All utilized data sources need to be present in the highest
degree of granularity [3] and quality [9] available. The data
needs to consist of data on user level [7, 8].

The targeted data foundation needs to enable a stitch
ability across different devices.

All utilized data sources need to have linking information.

In combination with the attribution model a calculation in
real-time needs to be facilitated

Within the second phase specified by the MAP methodology for the research relevant, data

sources need to be selected. Available data sources were analyzed. For this research all data

sources listed in Table 22 are analyzed and selected for further processing.
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Table 22: Used data source, loading frequency and access type

Data source Data source provider Frequency Access Type
Google BigQuery Google Daily Automatic pull
(Google Universal
Analytics)
Click report IntelliAd Export Manual (automatic pull
possible)
Event store DB Tealium Daily Automatic pull
Various vendors Google AdWords, Bing, Export Manual
Criteo
Pricing data Internal Export Manual

The resulting data set is termed holistic customer journey (HCJ) as it includes all available
information about one customer in a holistic way. The HCJ meets all six derived requirements
listed in Table 21, except requirement D2. The data providing company does not hold any soft
facts which are available for the investigation. The HCJ-ETL (extract, transform, load) process
is inspired by a data warehousing setup schema. The process is separated into different areas
(stage, cleanse, core) to ensure a regular run (Jordan et al. 2011).

121



Publication 3 Ready for Omni-Channel: Cross Device and Cross Platform Machine Learning Attribution Approach —
A Field Experiment

Collecting Data

In the third phase of the MAP methodology, data needs to be prepared in terms of linkage
and cleansing. Before the data was surveyed it had been ensured that the data sources are
linkable. This was not possible by default. For each user within Google Universal Analytics
(GUA) (Google Inc. 2018b) two custom dimensions are utilized to store a corresponding
Tealium-Id (Tealium Inc. 2018) and a corresponding intelliAd-Id (intelliAd Media GmbH 2018)
on a user-level scope.

Figure 14 illustrates the linkage implementation of how all used data sources are linked to

each other.
TEALIUM GUA INTELLIAD SPENDINGS
isitor_id dim: teali id intelliAd_id i
ey cammoiAdld  |— | e I T
conversion_name L]
(4]
Stitiching data OM page interaction data OFF page interaction data Cost data
CONVERSION
PRICES
conversion_name
[-1
Pricing data

Figure 14: Linkage of all utilized data sources

Cross-Device / Cross-Platform

A cross-device stitching is achieved by a reliable method. Based on a login or a populated email
address, the cross-device stitching is implemented. Having a user stitched across different
devices is important to strengthen advertisement (Varan et al. 2013). Other methods of
identifying a user across different devices such as statistical approaches or machine learning
approaches as presented by Diaz-Morales (2015) are not applied.

The data foundation is also extended across different platforms. For the investigation usage
information from the web portal and a mobile application is available. The stitching is achieved
the same way as the cross-device stitching is implemented.

The HCJ Data Foundation in Numbers

In total about 3.5 TB of interaction data were collected in a time-range of three months. This
raw data is processed towards the HCJ data foundation. All data sets aggregated consist of
almost 240.000.000 hits/touchpoints from which over 225.000.000 hits were placed in more
than 9.700.000 journeys.
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For the HCJ-ETL-process a medium sized Hadoop-server (White 2015) managed by Amazon
providing Hadoop User Experience (HUE) version 3.12.0 (Apache 2017), Apache Hive version
2.1.1 (Capriolo et al. 2012), Apache Oozie version 4.3.0 (Islam and Srinivasan 2015) and other
applications is utilized for this research.

HCJ Summarized

The HCJ data foundation is characterized as follows:
On a user-level...

= on-site conversions are included.

= off-site interaction data, such as affiliate touchpoints, seo touchpoints, sea
touchpoints banner clicks etc. are enclosed.

= cross-device stitching information are present. (Different devices used by one
customer are connected.)

= cross-platform information is available.

= pricing information for off-site touchpoints are available

= earning information for on-site conversions are available

One customer journey includes all the above-mentioned information as a set of hits/
touchpoints which is utilized for the following feature generating process.

It is to be noted that all information relies on the correctness and completeness of the data
providing company and corresponding third party vendors. Further research in this direction
is beyond the scope of this research.
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Feature Generation

To process the data into a ML approach the HCJ data needs to be transformed. One holistic
customer journey, currently consisting of many hits/touchpoints (rows), needs to be
transformed into a single row of data. Furthermore, relevant timing information of the HCJ
needs to be transformed into features.

For the current research domain knowledge is the key driver for the feature definition process.
This includes feature extraction and feature selection (Meyer and Whateley Brendon 2004;
Menkov et al. 2006). An automatic feature generating approach is not applied.

In total 70 features and a target are selected, extracted and generated. All developed features
can be separated into the following categories:

= General journey information such as first hit, age of journey, session count, hit count,
etc.

= Value information such as long-term customer value, short-term customer value, total
earning, total spendings, conversions, etc.

= Used device information such as the usage of mobile, tablet or desktop devices, cross-
device user, etc.

= Timing information such as the development of earnings/spendings/hits within the
last sessions/days.

= Marketing touchpoint information such as used channels etc.

Target Specification

Two pieces of information are requested by the (online-) marketing department for an
attribution approach in an omni-channel environment, defined prior to the investigation.

1. customer value (conversion incomes minus the amount spent through marketing
activities)
2. prediction: is it reasonable to invest more into the customer or not?

The current customer value is already available within the HCJ data foundation. Both,
total_earnings and the total_spendings are already present. The customer_value is defined as
followed:

customer_value = total_earnings - total_spendings (1)

The second piece of information — whether it is reasonable to invest into a user or not — will
be attained within the second part of the attribution model by utilizing a machine learning
approach.
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The company provided unlabeled data. This means no target is available. To develop a
machine learning approach, the target conversion_probability needs to be defined. This is a
binary classification problem. The range of possible values is either True - do invest in the
customer or False - do not invest in the customer.

To model the conversion_probability the formula (2) is applied. Within the HCJ data
foundation a short-term customer value (ST_CV) which basically consists of earnings and
spendings which were performed within the last two days / sessions and the actual customer
value (CV), which can be considered as a long-term customer value. If the ST_CV is negative
the conversion_probabilty_amount will be multiplied by -1 to make the result negative as it is
explained in Table 23.

STCV {IF ST_CV < O0THEN * (—1)

2
v I\ELSE 2)

conversion_probability_amount (cpa) = |

Table 23: Conversion probability cases

No. Condition Explanation Probability

1 ST SC<OANDCV>0 In short-term more money is spent than A
earned

2 ST SC<OANDCV<O0 Both, in long-term and short-term more N

money is spent than earned

3 ST SC>0ANDCV<O0 In long-term more money is spent than 7
earned in short-term.

4 ST SC>0ANDCV>0 Both, in long-term and short-term more 2
money is earned than spent

Example 1 (positive ST_CV) Example 2 (negative ST_CV)
ST_CV =5,23€ ST_CV =-0,83€
cv =7,56€ cv =12,67
523 € -0,83 €
cpa = | 756 € | = 0,692 cpa = |12,6—7€ | = 0,066 * (—1) = —0,066
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Because of the business model the split between True (invest) and False (do not invest) for
the conversion_probability is set at 0.50 of the conversion_probability_amount value. For
other business models this split probably would be at 0.00 to separate the shortly positive
developed customers correctly from the shortly negative developed ones. For the data
providing company this is not an optimal split, because of the contact inquiry conversions
which do not represent real income. A split at 0.00 would draw customers which are not
relevant for the company into the group of positive customers. Runkler (2015) enables such a
decision because domain experts are needed for the evaluation of features and the feature
generation process to identify patterns.

Attribution Model

In the following the model development is described. These steps are placed within phase
four of the MAP. This includes its training and testing.

Model Requirements

In previous research Nass et al. (2018) identified the following requirements for an attribution
approach for an omni-channel environment.

Ability to handle hard facts

Ability to handle soft facts

Ability to add/remove data sources
Stitch ability cross-device
Calculation in real-time
Incremental learning process
Ability to predict future actions
Value calculation on user level

WX N R WNRE

Value calculation on audience level

=
o

. Machine learning / artificial intelligence approach

[EEY
=

. Data-driven calculation

[EY
N

. High-quality output

=
w

. Ability to connect third party vendors

[EY
o

. Performance test of the model

=
o

. Intuitive interface

=
(o))

. Plug and play

Based on these collected requirements, 13 model requirements (see Table 24) are conceived
for the presented investigation.
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Table 24: Conceived model requirements for the current analysis

No.
M1

M2

M3

M4

M5

M6

M7

M8

M9

M10

Requirement
[01] Ability to handle
hard facts

[02] Ability to handle
soft facts

[03] Ability to
add/remove data
sources

[04] Stitch ability cross-
device

[05] Calculation in real-
time

[06] Incremental
learning process

[07] Ability to predict
future actions

[08] Value calculation
on user level

[09] Value calculation
on audience level

[10] Machine learning /
artificial intelligence
approach

[11] Data-driven
calculation

[14] Performance test
of the model

[12] High-quality
output

Detailed requirements for the analysis
The whole process needs to be able to handle hard and
soft facts, if present.

Data sources need to be exchangeable.

The model needs to handle data from multiple devices
used by one customer (stitching across different devices).

The results of the attribution model need to be provided
in real-time.

The model needs to become better over time.

The model needs to predict whether an investment is
reasonable or not.

The calculation needs to be on executed a user-level.

The realization of the model needs to include a machine
learning / artificial intelligence approach. Such an
approach implies a data-driven calculation [11]. The
model needs to be tested and validated [14]

The model prediction accuracy needs to be greater than
90%. This is a pre-requirement of the marketing
department.
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M11 [13] Ability to connect  The setup needs to enable an integration of third party
third party vendors vendors. By integrating the model via a tag-management
system this requirements is already fulfilled (see Nass et

[16] Plug and p|aV al. (2018))-

- [15] Intuitive interface = An intuitive interface is not within the scope of the
current research.

The model is implemented in python (Lutz 2017) within a jupyter-notebook (Toomey 2017).
This technology enables a local development and a productive use in a cloud-based service
such as Amazons AWS (Ryan 2018) or other.

Prepare Features and Target

All relevant features are stored in a matrix X and the raw target, the probability of investment,
in a vector y. The distribution of the target y consists of about 60% True (positive) and 40%
False (negative) samples.

Within the first step all features need to be standardized and categorial values need to be one-
hot-encoded (Strand 2016; Richert and Coelho 2013; Miiller and Guido 2017). Afterwards, a
principal component analysis (PCA) is applied onto the feature matrix X. The resulting principal
components (PC) are standardized and independent. A plot of the first two principal
components is displayed in Figure 15. It points out, that the two target groups (red = True and
blue = False) can probably be effectively separated. This indicates a high accuracy of the
prediction from a given feature set X towards the target y.

1000

750 1

500 1

250 1

—250 1

=500 1

principal component 2 (PC2)
=}

=750 -

=1000

o 200 400 B0 800 1000
principal component 1 (PC1)

Figure 15: Plot of the first two principal components (PC). The color distinguishes between the two categories: invest / not
invest.
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Dimension Reduction — Increasing Performance

Figure 16 displays the cumulative variance of the components. This plot indicates that about
four PCs cover already over 95% of the variance of the data. All other PCs hold only 5% of the
information and are not relevant for further processing because they only add little variance
(information value).

cumulative variance of components

100 1

0.98 1

0.96 1

0.94 1

0.92 1

0.90 1

0.88 1

cumulative explained variance

0.86 1

0.84 4

T T T T T T T T T

0 10 20 30 40 50 60 70 80
# components

Figure 16: Cumulative variance of all principal components (PC)

These PCs add mainly noise which decreases the quality of the model (Jolliffe 2002). Removing
non-relevant PCs will speed up the model training because the model is trained only with the
most important PC. For the current research a cut after PC four is reasonable. A general
cumulative value of variance is in between 70% - 90% of variance (Jolliffe 2002; Cangelosi and
Goriely 2007). The decision of where to cut off the PC is domain-specific. Due to the demanded
accuracy of more than 90%, a cut at 95% (four PCs) is made.

Since it is not required to analyze the impact degree of each feature with respect to the results,
PCs can be utilized as an input for the machine learning model. Therefore, a dimension
reduction PCA is applied onto the initial feature matrix X. Only the first four most important
PCs are kept.

To develop the best performing classifier the following four tree-based algorithms are
selected.

= Random Forest
=  Extra Trees

= Ada Boost

= Gradient Boosts
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Random Forest and Extra Tree can utilize multiple CPU cores during training, Ada Boost and
Gradient Boost are single-threaded. For the current research the accuracy and the training
speed is relevant. Only tree-based algorithms are selected because such algorithms are robust
and accurate.

Define Classification Metric

A suitable metric for the classification task to be selected. For the present research a metric is
required which takes both the correctness of the model and the quality of the output into
consideration. The F1l-score (3) is a harmonic mean of precision and recall developed for this
requirement (Sasaki 2007; Chicco 2017) and defined as follows:

F1 =2« precision*recall (3)

precision+recall

By valuing both correctness of the model and the true positive rate, the Fl-score is a
meaningful metric for this problem. The Fl-score accuracy is limited to numbers between 0
(worst) to 1 (best).

Data Split

Splitting the data correctly is the foundation to ensure that the results of the model are
reliable. “The accuracy of a classier C is the probability of correctly classifying a randomly
selected instance” (Kohavi 1995). To ensure a reliable result the data needs to be split multiple
times. The matrix X and the target vector y are split randomly into a training set and a test set
(see Figure 17 Split 1). The test set consists of 20% of the whole data set (Chicco 2017;
Boulesteix 2015). The training set is split again (see Figure 17 Split 2) into a training-training
set and a training-validation set. The latter one consists of 20% of the training split. Only data
within the training split is utilized for the following model training. The test split is not used
until the final accuracy test of the developed model.

Labeled feature data set 100%
Split 1
Training 80% | Test 20%
Split 2
Tramning-Training 80% | Training-Validation 20% | Test 20%

Figure 17: Data split into training set, validation set and test set
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Identify Best Classifying Algorithm

The above-mentioned algorithms Random Forest, Extra Trees, Ada Boost and Gradient Boost
are applied onto the training split. A grid-search is performed for optimizing the
hyperparameter n_estimators, representing the number of internal trees, to identify the
optimal algorithm. In a range from 10 to 190 in steps of 90 all algorithms are trained and tested
to identify which algorithm outputs the best performing classifier. During this training process
a cross-validation with two folds is performed (Hsu et al. 2003; Liu 2009; Breiman et al. 1984).
Since the mean of all F1-scores is used as a performance indicator a small amount of folds is
sufficient.

098 4
[y}
L0974
[=]
b
=
= 0.96 4
=
i
E |
0.95 — AraBoost
GradientBoost
0.94 - RandomForest
—— ExtraTree

5 S0 75 100 125 150 175
n_estimator: Amount of Trees

Figure 18: Accuracy of the applied algorithms Random Forest, Extra Tree, Ada Boost, and Gradient Boost

The tuning process is illustrated in Figure 18. As a second evaluation criterion the calculation
time has been defined. The detailed F1-scores and the corresponding calculation time for each
algorithm is presented in Table 25.
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Table 25: Accuracy and trainings duration of the applied algorithms Random Forest, Extra Tree, Ada Boost and Gradient

Boost
Algorithm  Duration Number of estimators  Mean of accuracy
(three runs with two folds)
Ada Boost 42 minutes 43 seconds 10 0.93576633
100 0.96855738
190 0.97048073
Gradient 53 minutes 3 seconds 10 0.94503966
Boost
100 0.97913457
190 0.98206418
Random 7 minutes 41 seconds* 10 0.98559905
Forest
100 0.98659783
190 0.98664157*
Extra Tree | 10 minutes 9 seconds 10 0.98535537

100 0.98653484

190 0.9866157

In terms of prediction accuracy, Random Forest and Extra Tree are performing best. Random
Forest is about 20% faster than the Extra Tree algorithm. The Random Forest algorithm is
selected since it performs best in terms of accuracy and speed for the current research.

|dentify Best Hyperparameter Configuration

With the next step the optimal hyperparameter configuration needs to be determined. To
obtain reliable results the second split (see Figure 17) is performed. This split divides the data
of the training set into a training-training set (80%) and a training-validation set (20%). All
hyperparameters need to be defined before the training starts, because those higher-level
properties cannot be learned by the algorithm directly from the training phase (Chicco 2017).

For this research no automatic hyperparameter learning approach such as Auto-Sklearn (Auto-
Sklearn Development Team 2018), Auto-Weka (Kotthoff et al. 2017), TPOT (Olson et al. 2016),
or PennAl (Olson et al. 2017) is applied, because it does not serve the verification of the
hypotheses H1 and H2.
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Depending upon the selection of the hyperparameters, time for training and testing can
strongly vary (Claesen and Moor 2015). Most of the performance variation can be achieved
by tuning only a few hyperparameters (Rijn and Hutter 2018; Claesen and Moor 2015; Hutter
et al. 2014). The three hyperparameters listed in Table 26 are used to tune the model during
the training-process. n_estimators and max_depth are chosen because they have a direct
impact on the accuracy. max_depth has a strong impact on the training speed. Large trees are
more accurate but slower. Finally, min_samples_split has a direct impact on how the tree
evolves during training.

Table 26: Hyperparameters to tune with value ranges

No. Hyperparameter Value Range Number Description
of values
1  min_samples_split 1 2 4 8 10 5 Representing the minimum
number of samples required
to split an internal node.

2 max_depth 10, 12, 14, 16, 7 Maximum depth of the tree.
20, 25, 50

3 n_estimators 10, 50, 90, 130, 9 The number of estimators
170, 210, 250, (internal trees).
290, 330

During the tuning process an iteration over all permutations of hyperparameter combinations
(5 * 7 * 9 = 315) is executed to identify the optimal configuration. Within each iteration a
classifier is trained, and the accuracy is tested by having the model predict all samples of the
training-training data set (same data the classifier is trained with) and the training-validation
data set. The following hyperparameter configuration producing the lowest test_error on the
training-validation set is selected to be the configuration producing the classifier with the
highest accuracy:

Algorithm: Random Forest
min_samples_split: 8

max_depth: 20
n_estimators: 290
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Model Accuracy

The evaluation of the model is placed in the fifth phase of the MAP methodology. During this
phase the classifier is trained with the above-mentioned configuration. The classifier’s
accuracy is obtained by having the classifier predict the samples within the test set from the
first split (see Figure 17). This test set has not been used for the development or training of
the model. This ensures a reliable accuracy of the model.

Results and Discussion

The main objective of the current research consists of developing an omni-channel ready
attribution approach based on a cross-device and cross-platform data foundation. We
successfully developed an attribution approach calculating the customer value and predicting
if a future investment is reasonable, or not. Both the accuracy of the customer value and the
prediction depends on correct data relying on average tracking challenges (Nottorf and Funk
2013; Varan et al. 2013; Whitener 2015) and login behavior. Provided a user has entered the
credentials on all used devices and the tracking is properly executed, the accuracy of the
customer value is very precise, since all earnings and spendings are included in the HCJ. If the
user uses only one device, the population of credentials is not necessary since one device is
treated as one journey by default.

To analyze hypotheses 1 all data requirements D_ (see Table 21) and model requirements M_
(see Table 24) are combined and listed in Table 27. Table 27 consists of a column Implemented
/ Realized which indicates whether a requirement is implemented or realized in this research
(v OK), or not (x ERR).
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Table 27: Verification of the implementation of derived data requirements for the current analysis

No.

D1

D2

D3

D4

D5

D6

M1

M2

M3

M4

Requirement

[1] Data source contains
hard facts

[2] Data source contains
soft facts

[3] Highest possible
data granularity

[7] Value calculation on
user level

[8] Value calculation on
audience level

[9] High-quality output
[4] Ability to stitch a
user cross-device

[5] Linkable data
sources

[6] Ability to calculate in
real-time

[01] Ability to handle
hard facts

[02] Ability to handle
soft facts

[03] Ability to
add/remove data
sources

[04] Stitch ability cross-
device

Implemented/ Description

Realized
v OK.

x ERR.

v/ OK.

v OK.

v OK.

v OK.

v OK.

v OK.

v OK.

v OK.

GUA contains hard facts such as
conversion data.

The data providing company doesn’t
provide such information.

All utilized data sources are present in
the highest degree of granularity [3]
and quality [9] available. The data is on
a user level [7, 8].

This is realized in combination with the
model integration.

Soft facts were not available. The
model would be able to handle soft
facts by modifying or extending the
feature set. The ETL process could be
extended as well.

The model can process such
information. Due to the lack of soft
facts, this has not been verified.

The ETL process allows an exchange of
data sources.

The ETL process and feature generation
process includes usage data from
different devices belonging to one
customer.
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M5

M6

M7

M8

M9

[05] Calculation in real-
time

[06] Incremental
learning process

[07] Predict future
actions

[08] Value calculation
on user level

[09] Value calculation
on audience level
[10] Machine learning /
artificial intelligence
approach

[11] Data-driven
calculation

[14] Performance test
of the model

v OK.

v OK.

v OK.

v OK.

v OK.

An integration of the model directly
through the tag-manager allows a call
towards the attribution application
responding with the required
information in real-time.

Short-term perspective: The more input
data the more journeys to train the
model.

Long-term perspective: Based on the
estimation of the model, future
conversions need to be weighted by the
prediction. If a prediction is not correct,
this information needs to be processed
by extending the feature set. The

model uses this information for training
as a new feature.

The model predicts whether an
investment is reasonable or not.

The calculation is on user-level; an
aggregation on audience-level is
possible.

A machine-learning approach is applied
[10] and trained, based on dynamic
data [11] and correctly trained, verified
and tested [14].
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M10 [12] High-quality output v OK. The model predicts better than the pre-
required 90%.

M11 [13] Ability to connect v OK. The prediction information is available
third party vendors in the scope of the client and can be
[16] Plug and play processed to perform actions based on

the prediction towards third party
vendors. By integrating the model via a
tag-management system these
requirements are already fulfilled (see
Nass et al. (2018)).

With the attribution approach developed, the first objective of the current research can be
studied and the first hypotheses H1 can be verified. Although the data providing company
didn’t provide any soft facts the model and the corresponding ETL process are able to handle
such information.

The second hypotheses H2 can be verified as well. The prediction accuracy of the developed
prediction model-component, being part of the whole attribution model, is 98,4%. The
corresponding error (1 — accuracy) is 1,6%. Assuming 30% (in the given data set there were
about 40%) of the less relevant users are removed from marketing campaigns already 40% of
the invested money can be used more efficiently to correspond with relevant users or simply
saved by not serving any activities to those 40%.
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Recommendations for Practitioners

Since the defined problem in phase one of the MAP methodology is solved, the methodology
foresees recommendations for actions which are placed in the final phase.

The second objective of the research is to analyze the practicability of the identified
requirements. The data providing company has an adequate setup to collect data about the
customer in different channels. Although the existing data collection setup can be rated as
advanced, several changes were necessary before the data collecting phase for this research
could be executed. For instance, a linking information had to be added into the different data
sources to enable this research. Building an attribution approach upon company internal data
sources still is a challenging task. Bell et al. (2014) describe necessary steps to be successful in
an omni-channel world. Based on the experiences and findings of the presented research the
requirements and specifications defined by Nass et al. (2018) turned out to be a helpful
general guideline for practitioners on their way to an omni-channel setup. Those high-level
requirements combined with a specifying methodology of the CRISP-DM such as the utilized
MAP methodology (Schoeneberg et al. (2017), see chapter 4) is a helpful guide for improving
the data setup of a company or an institution to improve marketing outcomes.

Attribution Model Extension and Integration

Associated with one customer, the current developed attribution model consists of the two
values customer _value and conversion_probability. Other possible values are
next_best _channel, holding the customers preferred marketing channel, or
next_best_product, analyzing which product is relevant to the customer. There is more
information which can be used to optimize the attribution process. The build ETL-process in
combination with the prediction model can be extended easily by adding different values by
further models. All models will be integrated in one attribution service which can be called by
different applications such as a mobile app or the web application. Each application posts a
request holding a user identifier which is being processed within the service to identify the
correct journey. This piece of information is utilized to call all other models and the prediction
approach. All calculated values will be returned into the application and can be processed for
further marketing decisions directly in the client.
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Conclusion

Although it turned out to be more complex and challenging than expected to create the
required data foundation to build the attribution model, the results indicate a successful
research. All objectives have been met and both hypotheses have been verified.

The developed attribution approach allows savings by removing irrelevant customers from
marketing activities or by shifting the user towards cheaper channels such as direct mail. A
meaningful budget-shift from not relevant users to company-relevant users is feasible as well.

The current attribution approach is a further development of previously presented dynamic
attribution approaches (Abhishek et al. 2012; Anderl et al. 2016a; Dalessandro et al. 2012;
Geyik et al. 2014; Li and Kannan 2014; Nottorf 2014; Shao and Li 2011; Xu et al. 2014; Zhang
et al. 2014) focusing on an application in an omni-channel environment. As the shift towards
omni-channel marketing is already in progress, further attribution approaches will be
developed to increase attribution quality. By providing the first omni-channel ready
attribution approach, new research areas are identified. What user-specific information is
relevant for attribution? In the current research two values customer value and
conversion_proability are implemented. Other values such as next best channel or
next_best_product could be relevant as well. What information about a customer, his
behavior or his attitudes are relevant for attribution in an omni-channel environment? What
impact do the individual values have? The existing research stream of targeting and attribution
should grow together. Both need detailed information about the user to serve the user’s
needs.

The key aspect of developing a successful omni-channel ready attribution approach is placed
in the used data foundation. The developed data foundation (HCJ) and model should be an
encouragement for practitioners and science experts to start analyzing additional information
about the current customer to be more precise in knowing what the customer expects, wants
and needs. A future-proofed marketing setup can interact on an individual basis with the
customer across different channels considering the customer’s intention and his value. This
enables meaningful actions from an attributional (financial) and marketing perspective.
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8 Results

In the presented research different results were generated. All relevant results are presented
in this chapter in its own sub-chapter.

8.1 Marketing Analytics Process (MAP)

The Marketing Analytics Process (MAP) methodology is developed and successfully utilized in
the quantitative analysis of this research. As a specification of the CRISP-DM, the MAP
methodology offers a guideline for bigdata projects placed in an (online-) marketing
environment.

8.2 What does Efficient Attribution in an Omni-Channel Environment
Look Like?

The main research question has been analyzed in the presented research. From a practical
point of view, as analyzed in publication two, a major change regarding the requirements
towards attribution modelling in an omni-channel environment can be identified. Based on
experts’ interviews, model requirements and specification and data requirements are
identified. The applicability of the identified requirements is successfully implemented in a
field experiment.

More available data sources containing granular information about the user and the user’s
behavior enable an attribution on a user level, as proofed in publication three. This research
introduces the first omni-channel ready attribution approach in science which utilizes a cross-
device and cross-platform data foundation. The presented approach positively attributes on a
user-level by providing two user attributes: the customer value and the customer’s
conversions probability. The customer value consists of the current customer value and the
conversion probability indicates whether a user is likely to perform another conversion. The
user’s conversion probability is predicted with an accuracy of 98,4%.

The derived hypotheses (H1 to H4) of this research can be verified.

8.2.1 Verifying Hypotheses H1 and H2

Hypothesis H1 “New requirements are requested for attribution modelling from a practical
point of view in an omni-channel environment.” is verified within publication two, by
conducting semi-structured expert interviews and identifying the new requirements and
specifications.

The resulting requirements were applied onto identified attribution approaches to analyze
their applicability in an omni-channel environment. There is no attribution approach which
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meets a majority of the identified requirements. Therefore, no existing attribution approach
performs attribution efficiently in omni-channel environment. The second hypothesis H2
“Existing attribution models are not effectively applicable in an omni-channel environment
from a practical perspective.” was verified as well.

By proving that no efficient attribution approach for an omni-channel context exists, a
research gap was clearly identified. The research gap indicates the necessity of developing an
omni-channel attribution model approach meeting those requirements.

8.2.2 Verifying Hypotheses H3 and H4

The third hypothesis H3 “It is possible to build a required data foundation and attribution
model to work efficiently in an omni-channel environment.” aimed at filling the research gap
by developing such an approach and analyzing the feasibility of the development.

The research gap was filled by presenting the HCJ data foundation and the corresponding
attribution approach. Although the provided data used for this research does not contain any
soft facts, the data transformation process indicates that such information can be processed,
if available. The limitation of the presented research is rooted in the lack of such information
in the provided data sources. By presenting the HCJ data foundation and the attribution
approach which meets the pre-identified requirements, the third hypothesis H3 has been
verified.

Since this research consists of a successfully developed attribution approach, the fourth
hypothesis H4 “If such a model can be developed, savings from at least 10% can be achieved
for e.g. a company or an institution.” could be analyzed. The results of the third publication
proofed that significant savings (>10%) and/or a budget shift can be achieved.

Since all hypotheses were analyzed, the main research question can be studied. The main
objective of this research is to identify what attribution in an omni-channel environment looks
like. Based on the presented research attribution in an omni-channel environment consists of
the following characteristics.

An efficient attribution approach in an omni-channel environment should...

= meet the identified model requirements,

= meet the identified data requirements and

= populate the attribution information in real-time back into the user’s client for further
processing.
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9 Conclusion

In the beginning of this chapter, a summary of the investigation is presented. The main
research question is discussed, and limitations are indicated. This chapter finishes with the
contribution to the scientific community including implications for theory and practitioners.

9.1 Summary of the Investigation

Within the presented research the main research question “What does efficient attribution in
an omni-channel environment look like?” is examined. By presenting the MAP methodology,
a specification of the CRISP-DM is introduced which was successfully applied in the current
research to study the main research question. Within a sequential mixed-method inspired
approach, the main research question has been examined. By executing a structured literature
review and conducting expert interviews, the research gap — the lack of omni-channel
attribution approaches — is clearly identified, which is examined and filled by the presented
research. An omni-channel ready attribution approach is presented. The analysis of the main
research question is guided by four hypotheses which all were verified. The main
characteristics of an efficient attribution approach in an omni-channel environment are listed
in the results of this research and will be discussed in this chapter.

9.2 What does Efficient Attribution in an Omni-Channel Environment
Look Like?

In general, attribution changes fundamentally in an omni-channel environment compared to
attribution approaches in a multi-channel setup. A holistic perspective of the user’s journey
enables attribution on a user’s level. Boundaries created by providing different channels were
removed due to a central data foundation which holds and/or connects data from different
sources. At this point it is to mention that the accessibility of third party raw data is a
challenging task and enforces ETL-knowledge. Depending on the vendor and the amount of
data, accessing the raw data can be cost-intensive. If the data in its entirety is accessible the
challenges and limitations of data silos are removed. By performing attributing on a user level,
attribution becomes a complex marketing bigdata problem. As lllustrated in this research,
data sources need to be extended by linking information to connect and combine data from
multiple marketing channels and sources. In the presented research the targeted HCJ data
foundation consists of available information of users in a holistic way.

As conceived in this research, attribution providing a customer value and a conversion
probability, harbors potential in using marketing budgets more efficiently. The process of
budget splitting is supported by real-time information on a user-level. The information about
the user’s behavior, derived attitudes and interests can be used to influence the split of the
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marketing budget. These two user attributes can be populated for attribution purposes which
can be utilized to automate marketing decisions in real-time back into the user’s client.

9.3 Critical Appraisal, Limitations and Opportunities for Further
Research

The focus of attribution modelling has shifted from a channel perspective to a user centric
approach. Based on the requirements, an attribution needs to be influenced by the customer’s
behavior. The need of a budget split across provided channels remains relevant, but the
decision whether a customer needs to be addressed through certain channels needs to be
made in real-time, based on the user’s characteristics.

Shifting towards an omni-channel setup enables optimization potential for a company or
institution in terms of using budgets more efficiently based on customer’s needs or budget
savings. Such a change is having an impact on what marketers need to do for their daily
business. Budget allocation will be strongly influenced by the results of future attribution
systems, which enable an attribution on a user level. This ensures a dynamic, more realistic,
budget split onto the different channels. The budget split is no longer performed mainly on
appraisals from marketing experts but is dynamically indicated by the user’s behavior.

Generalizability

Within the presented research, a saving potential has been shown based on the data from one
real-estate platform located in Germany. The provided approach needs to be adjusted and
applied onto data from companies in different industries to proof generalizability.

The structure of the ETL process can be utilized without modification if the same data sources
are provided at a different company or institution. The feature engineering process within the
gualitative analysis is business model specific and needs to be altered towards the needs of
other business models. The ML approach can be applied onto the modified features to identify
the hyperparameter configuration. The provided approach can be utilized. The setup of
populating the calculated values into the scope of the user’s client to perform marketing
decisions can remain the same. ML is utilized to provide a problem-specific solution, for the
business model specifically used in this research. Of course, the generalizability needs to be
analyzed for similar industries in other countries.
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Data Transformation / Model Input Data

The presented data transformation process aimed at a high-quality output in terms of data
correctness, considering only complete journeys. By aiming at a high-quality output pieces of
information, which were not linkable to other data sources, were neglected. In total, almost
86% of the available data has been considered. More than 14% have been neglected. This
focus, of course, spawns a very high data quality which is an indication of the good prediction
results. For example, a different transformation approach focusing on using all available data
could result in a different outcome. Such an approach produces inconsistent journeys
including more information. These two —or any other focus —need to be benchmarked against
the provided approach to analyze whether the chosen approach is the optimal choice. This
aspect opens up a new research area in the field of attribution.

This presented research relies on the correct and complete data provided by different third-
party vendors such as Tealium and intelliAd utilized by the data providing company. In an
omni-channel environment a critical analysis of utilized data sources becomes more important
than in a multi-channel environment. If one data source holds incomplete and/or wrong
information about a user, the quality of the whole linking process results in an insufficient
output quality. The results of a prediction algorithm can be strongly influenced by incorrect
training data. For the presented research, the correctness of the provided data sources has
been inspected before the start of the investigation by testing the environment.

Model Output

In the introduction two definitions of attribution modelling were presented. Anderl et al.
(2016a) describe the attribution problem as an iterative process optimizing the budget
allocation onto provided channels. The presented attribution approach offers two new pieces
of information: a customer value and a prediction of the conversion probability, helping to
adjust budget allocation. Of course, budget allocation optimization itself remains as an
iterative process. Moreover, as already discussed in the third publication, it is necessary to
analyze which information about a user is relevant and to what degree. Based on the identified
requirements the provided pieces of information are relevant from a practical point of view.
Other possibilities could be information such as next best product or next best channel. This
reveals a new research gap for future research. The presented flexible data transformation
setup is extendable to add data which needs to be taken into consideration for new values.
Future research needs to analyze the value of attribution modeling of the presented values
and the new values.
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Algorithm for Conversion Probability

Within the presented research only tree-based algorithms are applied to solve the
classification problem of the conversion probability. According to the current state of
research, different well-established algorithms were chosen to solve the classification
problem. Since machine learning is a much-researched area, new algorithms or further
development of existing algorithms will be available in the future. Further development of
algorithms needs to be analyzed regularly. For example, new boosting approaches can be
relevant for the analyzed context.

Applying an ML approach requires the consideration of ethical concerns: understandable
machine learning/ artificial intelligence ethics. The presented predication of the conversion
probability is not 100% understandable since the transformation, by applying a PCA and a
Random Forrest approach, is not completely transparent. Future research in this field needs
to enable a transparency and an understanding of why the result manifested in this way.

9.4 Contribution to Knowledge

Consistent with the results of other research in the general field of omni-channel marketing,
such as Anderl et al. (2016a) and in retailing Verhoef et al. (2015), an omni-channel
environment enables new opportunities due to the presence of granular data. The
aforementioned research analyzed among other aspects how the problem of attribution
modelling evolves in an omni-channel environment. The here provided research consists of
the first omni-channel ready attribution approach using a cross-device and cross-platform
data foundation. The contributed model extends the list of existing attribution approaches
provided by different authors such as Anderl et al. (2016a), Abhishek et al. (2012) and Li and
Kannan (2014) by providing an omni-channel ready attribution approach.
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The provided data transformation process and the corresponding attribution approach are
the first omni-channel attribution approach. The main contribution to the scientific
community is the definition of how attribution looks like in an omni-channel environment.
Furthermore, the following contributions are made:

1. Aspecification of the Cross-Industry Standard for Data Mining (CRISP-DM) process for
(online-) marketing specific bigdata problems, the MAP methodology.

2. Identification of existing dynamic attribution models in the science community based
on a structured literature research process.

3. Requirements and specifications for dynamic attribution models in an omni-channel
environment based on expert interviews.

4. Evaluation of the identified models based on the requirements and specifications
from the expert interviews.

5. An omni-channel ready attribution approach built onto a cross-device and cross-
platform data foundation.

6. Proof of practicability of the implantation of the pre-identified requirements and
specification for efficient attribution in an omni-channel environment.

7. Definition of exigencies, research fields and research questions for further research.

9.4.1 Implications for Theory

The presented research opens up different research areas and research fields. At the end of
the second publication, a list of research fields is presented. The main research questions and
research fields deriving are listed below. Already mentioned research fields and research
questions are not re-stated.

One important question for future research should deal with the provided output of the
attribution model and answer the question: What user attributes have what impact for
efficient attribution in an omni-channel environment? Moreover, the setup of how to return
the calculated information to the decision engine needs to be analyzed. For the presented
research a direct enrichment of the client’s user-profile is pursued. Another option is a non-
client integration. This setup needs to be analyzed scientifically, implemented and tested by
practitioners to return learnings and insights back to science.

To sum up, requirements for efficient attribution modelling have increased and change the
attribution in an omni-channel environment significantly. Requirements, such as considering
dynamically calculated information about the customer in real-time, need to be present and
considered by the attribution model. New opportunities arise by providing the relevant
information for the attribution decision. The presented approach can be utilized by future
research to identify such relevant pieces of information.
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9.4.2 Implications for Practitioners

Establishing a valid data basis meeting the presented data requirements is a challenging task
and requires management support. Implementing an omni-channel attribution approach
enforces a data driven culture within the company led by the management. Such a data driven
culture enables the exchange of information between different departments. Such a change
will raise other advantages as well. Due to a better understanding of the customers for
product development (Lilien et al. 2002), (online-) marketing (Blattberg and Deighton 1991),
sales and customer support, the user can be treated more advantageously.

As described in publication two, besides data requirements and model requirements three
aspects are placed in the category other criteria. Marketing experts clearly express a change
by postulating different skills for marketing experts. Next to fundamental skills from the
business intelligence (Bl) sector and an understanding of technical aspects in this field, an
understanding of the raw data and the data sources is required to identify new potentials.
These postulated skills underline the influences within a marketing department spawned by a
shift towards an omni-channel setup.

The provided MAP methodology is successfully utilized in this presented research. Other
projects in practice or in theory need to utilize the MAP to proof its added value.

In conclusion, in an omni-channel environment a significant change towards attribution in a
multi-channel environment is detected. An efficient attribution approach in an omni-channel
environment should meet the identified model requirements, meet the identified data
requirements and populate the attribution information in real-time into the user’s client for
further processing. Existing multi-channel attribution approaches are rather an evaluation of
companies, without proof. Future omni-channel attribution models need to focus on the value
of the customer.
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Appendix 1: Structured literature review process

The original list consists of the following additional column, which are removed for a better
presentation: DOI, Citations, Abstract, Keywords, Topic, Channel, Channel count and Notes

In total 632 publications (including duplicates) are analyzed. A red title indicates that the
current publication is present multiple times in the list. Publications which were removed due
to different reasons (see column Removed Reason) are grayed out. To each publication an id
is assigned. The first iteration is represented by a 0 in column Iteration. The column Added

III

Reason hold ether “initial” or a corresponding publication id. If an id is present, the current

publication is added due to the publication mentioned in the column Added Reason.

Is Dynamic cross-dev 24 17
Attribution data
9 2 0 0

Iterat Year of Added Date Removed Is Dyn. cross-dev
No -1 |ion = | Title ~ | Author = | Publicati = Journal || Sourg v | Date Adde ~ Reason |~ Remov ~ Reason ~ | Attributiol ~ |data ~ |Forwarg ~  Backwa ~

3 0 Behavioral Ackermann, 2014 ‘WoSs 08.09.2016 Initial OK STOP

40 0 Integration of Online Gallino, Santiago; 2014 WoS 08.09.2016 Initial OK STOP



Appendices

08.09.2016|Initial 11.Sep off topic
521 olDoessomping influencel, Nan L, Ung: | 2010 | | Wos | 06.05.01glntial | 11 seplofitaple |
54| 0[DAL-SEEKING VERSUS Jim. i Jun Jongku| 2016 | | Wos | 06.05.20u0linial | 11 seplomechamnel| |||~
56| olewERoENCE OF POWER Jiohnson,Stevens| 2018 | | Wos | 0s050iglitial | 11.seplofitopie | |
55| olaggressionatine [Keashi,Lovalelgh | 2005 | | Wos | 06.05.01elintil | 11 seplofftople | |
o o Capcorsebastian; 2015 | wos  ososamewwa | g

62 olsromonionsi taccsfor cocn.over |15 | | wos | oscamielital | nseplotope ||
| 64l 0[Explaining Employees' [Kroon, DavidP; | 2015 | [ Wos | 08.09.2016/Initial | 11.SeplOfftopic [ | [ | |

| 66| _olsexual harassment___Jlengnickall .t | 1995 | | wos | es.oacowelinitial | 1iseploffiope | | | |

sl e ymamicneracion L in:Tost, eigh 12007 | Wos | uscaauielmial | 12 seploffiope | |
=0 oo night,and sood i, Chengueir 2016 || wos | ususauislmal | tn.seplofftope |
2 Ol ALING TOLEARN? THE [Madsen,peterbis | 2010 | | Wos | Gscauiclmital | tiseplofftopie | | | |
[ ofoeltschemnel —varun ot | o || wos | tstaamglmal | mseploriope | |
o ofseitseee ——vewenmis | a0 | wos | ososamslmuar | nseplormope |
T ontgomery, . i 2008 | wos | ososomslmmar | tnseplormiope |
50| olcostsandefficanyof —[Musebe, 03| 2011 || Wos | osusvislmal | tn.seplofftope |
=2l olhe alueof Th-pary [Oezpolat koroy | 2013 || Wos | uscauieimial | tn.seplofftope |
o O tomer W wes womemie
| 86| olreciprocity normsand _pai Peivu:Tsai, | 2016 | | woes | 08.09.2016linitial | 11.se0lofftomie | | | | |
5] ol oungrom ree o eeaumels, koen; | 2005 | | wos | tswmammolmal | mseplofirope | ||| |
S peters oy chen, | 2013 | | Wos | 0soo20isnial | tp.seplofttopie | |
"2l lunderstandng ——[Rebjjognen | 2010 || Wos | Gscauiclmial | tiseploftiope | | | |
o ltaming wiked ——[Reinecke juisne; | 2016 || Wos | oscazuiclniual | ti.seplottiope | | |

|_96] _OIROUTINES AS A SOURCE |Rerup, Claus; | 2011 || wos | 0s.09.2016itial | 11.seploffiopic | | |
98] _olof mergers and cuttures: Riad, sally | 2007 | | wos | es.os.20i6linitial | 1seplofitopic | | |

Ciool o rutz omers; | 2o || wos | osonzoiglimal | 1seplonechamner| | |

0| Investigating the impact [Saeed, K. A.; 08.09.2016|Initial 11. Sep|Off topic




Appendices

|_104]_o|methodological aspects |schuwirth, N; | 2012 | | Wos | 08.09.2016 Initial | 1Lsepofftopic | | | | |
| 108] _olexpatriates' _____|shen,vankram, | _20u | | wos | 08052016 nitial | 11sepofftome | | | | |
| 108]__olorganizational culture _|siivester, ;| 1999 | | wos | 08.0.2016 Initial | 11.SepoOfftopic | | | | |
| 110l 0 sismeira, ;| 2000 | | wos | 05.09.2016mal | a1Seponsite | | [ | |
| 112]__o]using system dynamics |stepanovich,p.L_| 2004 | | Wos | 0802016 Initial | 11.sepofftope | | | | |

| 114 _0|CAUSALATTRIBUTIONS |TEAs,R.K; | 1985 | | wos | 08092016 mitial | 11.Seplofitopic | | | | |
|_116]__olprofiling the knowledge [Tavstiga,6. | 1999 [ | wos | os.0s.2m6linitial | 11.seplofftopic || [ | |

|_i18| _olexecurivesuccession [viranves | 1992 | | wos | 08.09.2016/Initial | iiSeplofftopic | | | | |
| 120 O|THECONCEPTOF ___|WHEELAN,S.A; | 1993 | | wos | 08.09.2016 Initial | 11.Seplofitopic | | | | |

fang sha:hose, | 2610 |1 wos | 05092016l . seplonechomel || | |
O
GewlO(Gewl, | M oUwACr | wes e m
28l e ot Devling g, Vigoes | 2625 | ez | s | o [
0 1 AtutngComerson_isyavardene 05 isa0__ wes e m o
swens | e ouwaor | we meas @ s
T T A S N S
5 imeommoooe dwgamy | o8 fmowwmor we oms @ o
i35 lrom o sl e umr e, | —amio iounwa.or | wos | 1z09abis o7 15 seplonecremnel | || |
Aromwicnmel Vst s oumwaor | wes meas e
Xu, L2 (s, Lizhen); | 2014 |MANAGEMENT | Wos |  12.5ep| 67 12.5epDupicate | | | | |
T B
ovmar, 02001 | JoumNALOF | Wes | .5ep 67 B3 sepoiope || | |
s ve uteime ch, v ch, | _zom_wasoeine | vios | 15 sep o7 1. seplonecnamnel || ||
= T N e S N O I
2 iTecoschomel  Dmenscw w3 Texewn  wes  mse e




Appendices

Dreze, X; Hussherr, JOURNAL OF 67| 19.Sep|off topic

(553 oecsen makig nder erdom, (edem, 1556 | MARKETNG | Wos | 1s5ep 67 seplotfiope | | | ||
[ i551caluning e Ay (Gowke . 1552 | Boyesian | Wos | 539 &7 Sepltiiope | | | ||
Goldfarb, A | 2011 | WMARKETING | Wos | 15.5ep 67| 13.5eplofftopic | | | | |
562 3 movatons nfetal_rewsl,D(Gevol, 2011 | OURNALOF | Wos | issep 7 2sepifine || | ||
| | om0 [wmmes | wos | 15.5sp| 67 I9.5eplofftopic | [ [ [ |
EEEE horeson, 5 —aom | Jouruaior | wos | 15.sep el sslorope || ||
155 nlineDemand under_|Kim 8 (Xm 2010 | WARKETING | wos | 35.sep| o7l sepottiope ||| | |

iWhewethe  Kmnv 3 wmaowe  Wes  Bse @

| e ticramnal——Kuswaha T 2013 | JOURMALOT | Wos | 15.sepl 7| anrclnabsson | ||

| rosSellngthe ght U 58(U Shbo), 2611 | JOURNALOP | Wos | .sepl &7 20.ufobucget | | |
176 1 Response modeling Manchanda,P | 2004 | JOURNALOF | Wos | 5.5ep &7 1s.Seplofttopic | | | |

iz 3 consumer informaton Woorthy,s 037 JoUmNALOF | Wos | —5.sepl sl insepltitope |||
34 3 Tepuchserainol Cwn fomeser  Wes  msee e
[ NestnSA(Nesin, 305 JOURMALOF wes sy &
petesen sa | 2005 | JOURNALOF | Wos | —ia.sep o7 seloitope ||| |
Cis0slopumingine —Rust A (st R 205 | MARKETNG | Wos | 1559 o7 toseplrtiopie || | | |
152 3TetngModelsof e losSwtes, | 2012 | Theamericn | Wos | Bs.sepl & oseprtope | | | |
| | 1953 |CONTRIBUTION| Wos | _15.ep| 67| 19.5eplofftopic | [ [ | |
19| 3 THE COST OF THINKING [SHUGAN,SM | 1380 | JOURNALOF | Wos | 5.5ep & to.Seplofitopic | | | |
[iss mececsot Stephen, AT i | JoURNALO® | Wos | Iasepl 7 seploiopc | | | |
| 1DecisionProcess  Valentini,S 2011 | JOURNALOF WoS  158p 6 |
“x st artng Vansosrk o 200 | s | dssen o7 seslottope | | |

Mulichamnel cistomer Verhoef PelrC. 2012 WANDBOOKOF Wes 1S &

Wiesel, T (Wiesel, MARKETING




Appendices

| icrfngmegated  mmnginng | 0 soumwaior  wes s e
e asanat, v | 2033 | prnceton | wes | 15.sep| 121 12 seplortropie || | |
212 HUMAN-VEMORY AN ANDERSON, 11| 1389 |POYCHOLOGICA| Wos | 15.Sep] 1211 19.Seplofftopic | | | | |
214 odelingsecurty — [Bousher,CG | 2007 | JOURNALOF | Wos | 15.5eol a1 1.5eplofftopie | |||
I oucin. ke | 2002 | JoURNALOF | Wos | 15 Sepl 121 19 Seploupicate | 1| | ]
e oy 0.0 2005 | springerNew | Wos | i.sep 121 is.seploftiopic || | |
"0 techology Usage ana [De,P (06, | 2010 | MANAGEMENT| Wos | 15.Sep] 11 19.Seplotrtope | 1 | | |
EERE orece, x(oreze 1) | 1596 | JOURNALOF | Wos | 15.5ep| 121 19.Seplotftope | || | |
"2 BAVESIAN MODEL — [GELFAND,AE | 1954 | JOURNALOF | Wos |  15.Sepl 1 9.Seplotttope | 1| | |
| 1[POINTSPECTRAOF  |HAWKES,AG | 1571 | JOURNALOF | Wos |  15.sep| 121 19.Seplofftopic | | [ [ |
225 1/ON THERELATIONSHIPACoBY,iL | 1381 | JOURNALOF | Wos | 13.5epl 121 .Seplotitopic | | | | |
250l et of oneptal e, a e, At | 20| JouRwaL0r | wes | —issepl 1 ssepaione ||| | |

B icewinguhas e s g wes | mse @
Vanchano, 2005 | JOURNALOF | Wos |~ 15:Sepl 121" 19-SeplDuplicate |~ 1| | |
236 012 search marketing |Marketingsherpa | 2012 |vrketigherol Wos | i3.5e0l 21| 1-5eplofftopie | || ||
“235 seltbcting Point_—|Mohler,Go | 2011 | JOURNALOF | Wos |  13.5epl 121l .5eplofitope | || | |
| 240] 1|VERYRAPID  |MUTER,P(MUTER, | 1580 | MEMORY& | Wos | 15.5ep| 121 19.Seplofftopic [ | | [ |
“o12]lpoce-timepoint-——[Ogta, Y (Ogalo,Y) | 1598 |ANNAISOFTHEL Wos | 15.5epl 1211 19.Seplofftopic | || ||
o] 3loN LEWIS SWULATION[0GATA, Y (OGATA, | 1381 | IEEE | Wos | 15.Sepl 1 1.Seplotrtope | | | |
ai6_leReDCTING MEVORY_|ROTSCHLD. .| 130 | JoumNALOF | Wwes | —.sepl iz seaiope || || |
5] he ffects o nidentl Shapio, (Shapro,| 1957 | JOURNALOF | Wos | 15.5epl 1211 19-Seplonechamnel | 1| ||
“2s0ilconsumerpivacy: [spectichledla | 2011 speclfciedia | Wos | i5.Sepl 21l 19eplofftopie | || | |
52 ilNewmeasiresof [ahang, ¥ ahang, | 2015 | JOURNALOF | wos | is.sepl 121 In.seplofitopc | | | 1 |
254 loptima Serch for——[Branc,F (Branco, | 2012 | MANAGEVENT| Wos | 13.5epl 0l 19.Seplofftope | || ||
orever, (reuer, | 2012 | JOURNALOF | Wos | 15.Seol 60 19-Seplsingle | || | |
oder s | w2 siroum | wos | ioses] 60 mspoifime | | | |
260 lconsumer suitching — [Burnham, TA—| 2003 | JOURNALOF | Wos | 19.5epl 0l 19-Seplofftopie | 1 | | |




Appendices

Dreze, X (Dreze, X); JOURNAL OF

| 264| 1[CONSUMERSTORE __[FOTHERINGHAM, | 1983 | MARKETING | WoS |  18.5epl 60 18.Seplofftopic | | [ | |
otsars, A aon | waankerivo | wos | 13.sepl o0l ds.seplowplee ||| |

usnryng r solsed saviens, w007 | JouRnaLoF | wos | 13.sepl o0l mseplorme ||| |
__270| _1|Misleading heuristics _|irwin, JR (Irwin, JR);| 2001 | JOURNALOF | Wos | _ 1s.5epl 60 I3.Seplofftopic | | [ | |

T Johnson & 2003 | JOURNALOF | Wos | 1s.5epl 60l da.Seplouplicate | | | | |
T 5

ECEE T e e I N
273]_1[oxplinin cognitiv lookMurray KB (Murroy, 2007 | JOURNALOF | Wos | 15.5epl 60l 19.5eplorftopie | || |
T [Ntk PA (Nalk,PAY;| 2003 | JOURNALOF | Wos | 15.5epl 60l 15, Seplouplcate | |~ | |

2] ICONSUMER BEHAVIOR  INARAYANALCL | 1375 | JOURNALOF | Wos | 13.5e0] 60 I5:sepltFtope | |

“aw| 2lunderstandinguser [nose, Danele; | 204 proceedingsof| wos | 1s.sep o0 seploftope | | | |
Sismeiro, | 2004 | JOURNALOF | Wos |  19.Sep| 60 19.Seplpuplicate | [ | | |

[z lredeingonine—uancenvoel0 | aws | cunorean | os | ta.sesl o0l seponsie | |||

Polo, ¥ (Palo, | 2016 | JOURNALOF | Wos |  20.Sep|  3[20.0 [Duplicate | [ [ [ |
Rohihekvi o1 | Socscfes | wWos | msesl 1w zmsepoupewe 1 |
e Cioecer, o secsanes wes  @mse w0

pard Placement ——[Bhorgava, k| 2002 | Confworlg | Wos | 22.5ep 130 Z2.seplofftope | | | |
roman. 1550 | macame | wos | 22sepl 1 Zmseplofriope | | | |

2 Multi-Touch Attribution Geyik, S. C.; 2014 Conf 1
Based Budget Allocation Dasdan, A. Knowledge
in Online Advertising Discovery and
Data Mining
(SIGKDD)

e jordn o, W ACORTWC wes  msew w0
Ci oesmnorismcic lleeG a0 Jormoma wos  mse 1m aseotope ||
W 2OpumangMut  Migeldilemos M Geolsusor wes 2 w0
B 2 mecmomcualeorclNoto Eifur s, 25 Col  Wes 2 w0

Vi



Appendices

2 \achine learning for targ Perlich, C [Perlich, MACHINE

o rovost  provost | 209 | Kop09c15Ta | wos | zasepl 10 22sepltiope || |1 ]
B0 2avipescionine ol | M Umweswol wes  mse @0

2011 Conf 1
Knowledge
Discovery and
Data Mining
[SIGKDD)

e mn cometowee wes @ w0

wiesel Thorstens | 2010 | warketng | Wos | 22.5ep] 1 2asepouptcste | | | | |
Xu, L7 [Xu, Lizhen): | 2014 | MANAGEMENT | wos | 22.sep| 130 22.Seplpuplicste | | | | |

2 Multi-touch Attribution  Zhang, Y.; Wei, Y.; 2014 Conference: 1
in Online Advertising B Conf Data
with Survival Theory Mining (ICDM)

| alrindngthe ight U, vpandey,s; | 2012 | Confweb | Wos | 22.5epl 10 z2seplonechenmel | | | |

04— optmeliding i muli TV Aonishekan | 2015 | Opertors | Wos | —27-3ep] 143 27.sepoitiope ||
| 406| 2|puttingattributionto |E. Andrel, . Becker, | 2013 | SSRN | Wos | 27.5ep| 143 27.Seplofftopi | | | | |
o8] e developmentof thelr. & Bary. | 3067 | Caren sues | Wos | 27.8ep] 43 22 selottopic |11 |
0] constuctvecorsumer . Getman, W 7. | 1955 | Jouralof | wos | 27.5ep] 143 r.sepoftiope ||| |
Casa] g roibeyond Jwicrosot | as | | wos | z7.sep] w2 amsepottiope ||| |
10T anlyis of hospita 1. Cooperana .| 2004 | Biosatistics | Wos | 27.sepl 143 77.Selottopic |1 11—
Cad oatessanro 0. | a2 | poceeangact | Wos | zr.5epl 140 ansepowpiate | | |
4 dlouwsadgnl  AGuswav. M MSQuney, Wes e wa
aan] e reoryofbwer . & Howardands. | 196 | wiey | wos | 27.5ep] 13 rsepottiope ||| |
@ 2Busmgontnebwig Blimenamds 01 Jownslol | Woes  2sep 3
sl rargetedadvetsing_D.pornsen | o1 | comell | wos | 27.5e0] 13 rsepoftiope ||| |
wcnewel  Akwnk o2 we  mse e

Prentice Hall, 27. Sep 143| 27. Sep|off topic

2|Principles of Marketing. |P. Kotler and G.

Vi



Appendices

| 30| 2lHidden Markovand _|I.L McDonaldand | 1357 | Chapmanand | wWos |  27.5ep|  143| 27.5eplofftopic | [ | [ |
| 32| 2[The purchasepatnof [s.Mulpuru | 2011 | Forrester | wos |  27.5ep|  1a3| 7.seplofitopic | | [ [ |
| 34| 2lpig data and marketing_|H. Nair, S. Misra, W.| 2014 | Stanford | wos | 27.5ep| 143| 27.5eplofftopic | [ [ [ |
352l dien mtion ol [0 etzer .. 2005 | areting | wios | —2.5ep| 3] 275epbttiope ||| | |
| 438] _2lFinding deeperinsight [C.auinn. | 2012 | [ wos | 27.5ep| 43| 27.5eplofftopic | [ [ [ |
Caw 0.1 urzandr | aon | ourmalor | s | 27.5ep] 1 zrelapnee |1 ]
I T 2 I A
] alchrencithe bW Schuars £ 2011 | WO Working | Wos | _27.5ep 1 27seplotitope || | | |
Cuel T 7 2 2 T N
] 2 pcntogyor e kosteorg a5 wcoraw, | wos | —ansepl ] apseplttvope || |1 |

as0] althe mplkstonsof o Tusker 2013 Georgeason | Wos | zr.sepl 1 a7sepbftope ||| |

w5 awobesnosser  sananv s souwaor wes | se  m |

w8 ot NelensP(Nelens mi>  JOUNALOF  Wes | zsep  m |

a0 Thecowpstom  ums@mien i cowmmsw wes | s m

2] 2 Wt rves Acvertsing il i, | 2015 | JOURNALOF | Wos | —7.5ep —am| zr.sepltitope || || |
Medacamelzand  weol(weo  wis  mOUSWAL  wes s

(6] 2lmegated Online —Jnosak, V2015 | PROGEEDINGS | Wos | 27.epl 21| 0n0kpfftome ||| ||

[ s 3filbcars andcinema _[fison S (rson, | 2014 _|INTeRNATIONS | Wos | _27.5ep] | anseplritope ||| | |

e 7 S
|_a72| _alerrecTivenEssOF [Faletra, M (Faletra, | 2014 | ADVANCESIN | wos | 27.sep| _281] 27.5eplofftopic | | | | |

Nottorf, F (Nottorf, E-BUSINESS 27. Sep 281 1 OK K
Florian) AND
TELECOMMUNIC
ATIONS, ICETE
2013

Mot F(toror, a4 mscmowc  wes | zse  m

VI



Appendices

PSYCHOLOGY & | Wos 281| 27.5ep|off topic

sz 2 cifectsof meiing _[rld,5(reld, | 2013 | INTEWNATIONA | Wos | 27.3ep| 81| Z7.seplrtione | || | |
454/ lsingemedium-vesus |overmars, w2013 | TubscHRET | Wos | 27.5epl a1l 27seplottopie | || | |
a5 2 Optimaizelectonor eltrovseic o | poen | wos — ar.sen ol rseslorome | | | | |
s 2 FomnK(Faman, 02| JOURNALOF | wes s '

%  2Mediamultitaskingand Voorveld, HAM 2011  COMPUTERSIN WeS  27.5ep 281 o
452 limovaion i shopper [shaner, Y| 2011 | JOURNALO | Wos | 27.5ep| a1l 27seplitiope | | | | |
asal 2 meimpactofew JennigThurau T | a0 | Jourwnaror | wos | zr.oep| | arseplottope | || | |
58] 2z Growing fuence [shanker, Y | 2005 | JOURNALOF | Wos | 27.5ep| 81| 27seglftiopie | | | | |
| | 2011 |Proceadingsof [Scopus | 28.5ep| 375 28.Seplofftopic | [ [ [ |
500 _2lTheLongfoadoOnlneAthihek V| 012 | [seopus | 2.5epl 9 sseplowplie | | | | |
S swebprperecton | s | Jsconur  omsepl o nseplonste ||| ||
I ) N N
| | |scopus| 28.5ep| 397 2. Seplduplicet= | [ [ | |

I 7 3 = I I

510 3looes customizston—Jorghi LF, 2012 | Jownalof | scopus —2n.5epl o0l 2nseploriope ||| | |
513, apneduce:impied oean | aas | Jscopus —ansepl o0 2eseploriope ||| | |
51| 3/statistical Modelsand _[Lawless,). | 2011 [ wileySeriesin | Scopus | 28.5ep| 00| 28.seploffropic | | [ | |
| 516 3|The influence of ___|Usktschy, L.C, | 2011 | Journalof | Scopus | 28.5ep| 400| 28.seplofftopic | | [ [ |
zenetti, G Bijmolt, | 2014 |  [scopus| 28.5ep| 40| 28.5eplouplicate | | [ [ |

rovostr, T e sl e seploupie | || | ]

| 522 3[Thelementsof  |Hastie, | | [scopus | 28.5ep| 392 28.Seplofftopic | | [ [ |
__s2al__3|Neural Networksfor _[Bishop.cv. | [ [scopus| 28.5ep| 392 2. seplofftopic | | [ | |
|| | [scopus| 28.Sep| 3% %.Seplpuplicate | [ [ [ |

Brever,R(Brever, | 2012 [ | wos | 28.5ep| 136 28.Seplduplicete [ [ | [ |

“so0 asearhnglor g plrusn 2009 | JouwuaLor | wes | am.sepl 1| mseplofiome | | | | |




Appendices

Manchanda, P B 136| 28. Sep|duplicate

ow i oe, | 064 | MANAGGMENT | Vo | 28.sep] 6| s seplvptine | ||| |
550] 2 ooogeanaync or o pas, | “aom | roumsn | wes | —an.sepl 3o msepforope | ]
Cs3]2A tameworkfor o R(RoyR; | 1996 | MARKETING | Wos | o.sepl 16l mseploftome | | | |
v, 0 a1 o | wamcenn | wos | —20sep] ol s seplonecemnel || ]
s aCommesSewio VoseA | D OWNAOF W B  me s s
T Wk Suay | W OWNAOF Wes | B 6
G aMsleromotinsA edewsM | W5 OUNALOS wes | mse &6

o sopummnghudgel  NaloniGomu  m2 | PocAv awer  oioR

| ssa| _3loptimal budget |G, E. Fruchterand | 2005 ). Optimization |arxiv.or| 04.0ktl _375| 06 Oktlofftopic | [ [ [ |
5 scummngoweson KCleenomen | mz  pouam mwor ok so s son
I SheoanaL | 2001 | Proc.AcM lavor| 04Ok 37| 06.ORlouslicxte | | | | |

[ 560 5 The Definitie Guide [T White Hoceop | 2012 | The Defnitve [snivor| 060k 376/ 06 Oklorttope | || |
| se2l __zlioint optimization of bid |W. Zhane. ¥. zhane. | 2012 | _proc.acm lamivor]  o0s okl a7l o6 oktlofftopie | [ | [ |

Cssal nder, evango | ana | oo | otow an| wo.Odloustiezte | | | |
N Dslessendro erin, | 2012 | | ron- | a0k on| oo Olavelire | | | |
65| 3licent tournaments [Gershkov, Alex, | 2009 | TheRaND | ron- | 08.0k| 37 0s.Okofttopic | | | | |
70| 3 oral hrard i teams Holmsrom, Bengt | 1982 | TheBell journell _ron~| 080kl 371 06-Oktofftopie 1 || ]
= ' Joaan,patrice, | 2011 | Agortamic | ron- | ot a7 o6.0klouptieste || | |
| 574]  3lsirategy in contests: An |Konrad, KaiA | 2007 | Tech.rep, | ron- | 4.0kt 371 06 Oktlofftopic | [ | | |

_ 3Onthenear  lewisRandallA, | 2012 | Techrep, | ron- | 040K 3L
manchanda, 2005 | _journalof | ron- | __oaok| __anl oe.oktlouglicate [ | | | |

otz Olwer .| 2001 | Journstor | ron- | 04.0| 71| 06.Olovelizte | | | |
Shao, xunu exn | 2011 | proceedingsof | ron- | 0t.06| 31| oo.Okloustiezte | | | |
ISherman, Lee, John| 2001 | Journalof | ron- | o0s0kt| 371 o6.Oktlduplicate [ | [ [ |

Tucker, Catherine Working Paper 371| 06. Okt|duplicate




Appendices

| 58| 3|Hybrid advertising___|zhu, ¥i, KennethC_| 2011 | Marketing | ron- | 04.0kt 371 O6.Oktloffropic | | | | |
| 590| _3|Group formation in large|Lars Backstrom, Dan| 2006 | PBroceedings |theory.s|  04.0kt|  378| 06.Oktfofftopic | | [ | |
| s592] zladvertising models __|Peter). Danaher | 2008 | Berend theory.s| 04.0ktl 78| os.Oktlofftepc | [ | [ |
Co33 3esearnirist omnoreler o0 | ruorDigta, theorys  0iok | mwokrtome | | | |
595 3lsporsored searc A DanielC ranan | 2006 | aulleuntneorys 040k 5] o okorttope | ||
[ Satribuion Clearslengine | —__theonys I A N
o003 pay-parscton model onammad 2007 | inproceedngs theorys 040k tokotttope | | | |
o230 et scversng ercevateriousecol o | ineorys0a0kl s o okottope | |||

Lot awarovbecmon _ Dwhte | 13 | ey ltheoys 0aok s tokbifwme | | | | |
| | [atide| 060k 403 06.Oktfduplicate | | | | |
oerman,t o5 | e | 6.0 403l osokowphare | | |

C610 3 Theuse o the s acley, AP | 1597 | pattem L aride | 06,0 403l o6 Oorriopie | ||

| 612|  3|Advertising frequency |Bronnenberg,B.J. | 1598 |  Journal | artide | 06.0kt 403 06.Oktlofftopic | | | [ |

| 614 3|'Speedof  [che,H,& | 2009 | Journal |artice | 06.0kt|  403| 06 Oktjofftopic | [ | | |

Do 3lmoductiontocomen | w0 | eude| taox o aoxriope | | | |

[o 3| T T O S e ) e S N A O

203 o scvertsement rns Flos, S FlgoniG. 2013 | aride 06,0k 403l 06 Oorriopie | ||

[l erectweneszor —oe naan £, Wiezel, i | L orce |00t o wlecamnew | |

| 624] 3|Managing dynamicsina [Homburg, C., | 2009 | |artide |  06.0kt| 03| 06.Oktfofftopic | | | | |

C625 3 Inesigatingcstomer arsen 8.2, | 2005 | aride | 06,01 403 o6 ouorriopie | ||

EZmE O T O S O ) X T
O N S e ) X = N
owis k.8, Rao | 2011 | aride | GOk 3 Okawplee | | | | |

| 633 3|comments on “Models |Little,J.D.C. | 2004 | Management | article | 06.0kt| __a403| 06.Oktofftopic | | [ | |
vehia . ha. 5. | 2003 | oride | o604 e Okawpbae | | | | |
I N S e ) X T N O

| 640 3|Defection detection:  |Neslin, 5. A., Gupta,| 2006 | Journal | article | 06.0kt| 403| 06 Oktlofftopic | | | | |
| 642|  3|Modelingcustomer |Pfeifer,P.E, & | 2000 | Journalof | article |  06.0kt|  403| 06.Oktfofftopic | | | | |

Xl



Appendices

3|The growth of Journal

46| 3/Banmerecvertising: [Shermen, L& | 2001 | Jounal | aricle | 06,0kt 03] 06 Oklorftopic | | | |
|_648| _3|Markov chsins spplied |[Styan, G.P.H. & | 1964 | Journal | article | _ 06.0ki 403 o6.Oktlofftopie | | | | |
Xy L Duan J.A. &| 2014 | |aricde | 06.0ktl  403| 06.Okilduplicate | [ | [ |

[o54] 3(0n aggregationbias i [Achiahek, v, | 20m || Wos | oo 4w mOoritope | | | | |
| 6s6] 3 Ansari, A, Mels, | 2008 | | wos | o060kt 474| 10.Okt|duplicste | | | | |
| 658  3lwearouteffectsof |Bass, F.M. Bruce, | 2007 | | wos | 06.0kt 47| 10.0kilofftopic | | [ [ |
Cosol 3| chatteree,p, |20 | wos | os.oal 4l oddspcate | | | |
o62] —3lHow cannbalisticisthe [Deleersnyder g, | 2002 || "wos | os.0kt| 47l Joouorrtope | ||
| Ghose, A vang 512009 | Wos 06,0kt 474l 10 OKldupite || |
e, .6, winer, | 2002 | “Wos | 6.0kt 47| 10 OWlduplate | |

[Naik,P.A. Peters, | 2009 | | woS | 06.0kt  474] 10.Okt|duplicate | | | | |

075 5 Does bannersdvertsing [, 0. duckin, | 2o || wos | 0.0k _an oowlorrope |||

| 678 3| Rutz, 0. Trusov, | 2011 | | Wos | _06.0kt| 47 20.Oktlduplicate | | | | |
| 680| _s|Real-timebidding: __|way M. | 2013 | | wos | o060kt 47| 100ktlofftopic | | ____| |

L omeosmedies veorsie o ws wew e

| 684]  3|Detection of Internet _{Suchacka,G | 2015 | 2015IEEEIND | WoS | 07.0kt| 476 10.Oktlofftopic | | [ [ |
 sReTimeawverisng SungeM(sunge, o4 ouswEsss | wos ook 4w

Coss| cuketheadore amesk || || wuwebbow | | | |
[ 3 e I O = N A
(82 omeasmgvecsoner WelroWeleo as as
% abrecmdindred  mgeGameEe ;s ae
(©5 owomhecommer femerk(temer s ms

Abou Nabout, N

Shankar, V., & article 06. Okt 403| 06. Okt|off topic

2|Empirical 206| 11. Mrz|off topic

I S S N T N
N N AN SN S N TN I

L | | | | #nmddpke | [ [ |
| 6 umeldvpliete | ] ]

206| 11. Mrz|off topic

Xl



Appendices

Appendix 2: Interview Coding Categories

Data Flow IPO

(1) Input data

containing hard
facts

Notes:

e  Tracking-Daten
WWwW

e  Tracking-Daten
App

e  Company internal
data sources

e  External data
sources

e  Channel data

e Online and offline
data

7

7

L7

7

Criteria Statements
Ablllty to ha ndIe = alle Datenquellen, die der Firma in diesem Fall zur Verfugung stehen [09]
= Je mehr desto besser [09]
input sources = und dann kommen noch die dazu, die man kauft, je nachdem, was gerade braucht, ja &h, die man extern am

Markt zu den eigenen Daten braucht um sie dann zu verwenden [09]

IP-Adressen sein, das kdnnen GEO-locations sein, das kdnnen Branchen sein [09]

Nein, ausschlieRen sollte man am Anfang méglichst wenig an sich, nattrlich dhm, weil wenn man sich zu sehr
einengt, dann kann naturlich auch &hm schnell ein falscher Eindruck des Users irgendwo entstehen,
dementsprechend wie auch zielgruppenspezifische Daten mit einzubeziehen weiche Faktoren mit
einzubeziehen ist dh natrlich ganze vorne mit dabei was die Prio angeht [04]

sehr viele Datentopfe zur Verfugung stehen, aber grundlegend um mal ein grundlegendes Modell zu
skizzieren ist natirlich &hm so was wie die ABC-Analyse bzw. die ABC-Variable natrlich sehr sehr wichtig. [04]
Das ganze muss man natdrlich um zielgruppenspezifische Daten erganzen, beispielsweise eben halt &h durch
demografische Daten — wie z.B. Geschlecht oder eben halt Alter nattrlich ahm, spezifische
Kampagneninformationen und naturlich spezifische Informationen, die das komplette &hm Produkt noch
einmal beschreiben an sich [04]

, tracken den User Uber die komplette Seite an sich, erfassen naturlich die Kampagnendaten dann mit nun,
wie gesagt schon, wie verhalt er sich auf dieser Seite oder der App und was kommt hinten letztendlich bei
raus. Natdrlich haben wir noch andere Tools, sowas wie AdWords nattrlich oder eben halt ein mobil
campaign tracking tracking was das Ganze natirlich erganzt bzw. komplementar dazu erweist bzw. sich
komplettiert [04]

Event-Daten, Wetter, GEO-Daten, Saison [03]

Kombination, dhm , ganz zentral, eine Kombination aus den Tracking-Daten und, ahm, den den Daten. Du
hast sie jetzt hier externe Daten genannt, ja, also, ahm, den dem dem Nutzungsverhalten bspw. aus ahm den
verschieden Sourcen wie den verschiedenen social media Kanalen und so weiter, ne [03]

in Zukunft moglich oder nétig, dass man éhm auch Quellen wie offline z.B. mitberticksichtigt, dass man, wenn
man einen point of sale hat quasi die Daten auch mit den online-Daten verkniipfen kann [05]

alles, was man so erfassen kann um die Interaktion des Nutzers herum &hm, das kann primér sein seine
Interaktion auf der Seite [07]

, die Quelle, wo er gerade herkommt und dhm &hm, welche Produkte ein Nutzer sich ansieht, seine [07]
bevorzugt wiirde ich gerne interne anwenden und die Daten intern modellieren, aber &hm externe Daten
sollten auf jeden Fall auch anwendbar sein. . Ein ahm bestes Beispiel wenn ich wenn ich online auf ‘ner Seite
meine Nutzer sehe, ansprechen mochte ahm wird's auch wichtig, ob die jetzt offline irgendwo ein Abo
abgeschlossen haben, dhm dann konnte ich noch eigene Daten aus aus ner offline Quelle noch mit anbinden
[07]

nach Maglichkeit aber auch von anderen Quellen [07]

je mehrich Uber den Nutzer weil}, desto mehr habe ich die Chance ihn richtig anzusprechen und dhm etwas
zu erstellen, was was ihn halt wirklich anspricht [07]

bevorzugt wiirde ich gerne interne anwenden und die Daten intern modellieren, aber ahm externe Daten
sollten auf jeden Fall auch anwendbar sein. Ein dhm bestes Beispiel wenn ich wenn ich online auf ‘ner Seite
meine Nutzer sehe, ansprechen méchte ahm wird's auch wichtig, ob die jetzt offline irgendwo ein Abo
abgeschlossen haben, &hm dann konnte ich noch eigene Daten aus aus ner offline Quelle noch mit anbinden
[07]

Wo er die ah, was er wo guckt, was er mochte, von wo er kommt, dazu konnte man natirlich unsere
Objektdaten nehmen, vielleicht als Hintergrundinformation in was flr einem Preissegment sucht er, nach was
fur einer Region, wenn das relevant ist [08]

aber natirlich auch noch externe Daten hinzunehmen, mm, genau vielleicht auch Marktforschungsdaten,
aber vielleicht auch weiche Faktoren, die man nicht direkt messen kann [08]

Auch die historischen Daten [08]
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Ability to handle
input sources
containing soft facts

Notes:

° Interests
e  Feelings
e Attitudes

vy

7

Saison (z.B. Weihnachten bzw. Indikation, dass es bald passiert) [03]

seine Interessen [04]

Ich denke, das wird immer wichtiger dhm genauso als mit mit dhm mit, zu erfassen, modellieren und ahm
man sieht immer mehr das Nutzer dh auch mehr nach Gefiihlslage entscheiden und nicht einfach nur nach
nachhaken [07]

WEICHE FAKTOREN: fiir was sich der Nutzer interessiert, fir was er vielleicht sensibel ist, wie man ihn
ansprechen kénnte, was man nicht direkt messen kann [05]

Predictive-Analysen missen zusatzlich weitere Signale berlcksichtigen: Saisonalitat, Auktionsdynamik (siehe
Input Variables) [08]

Weiche Faktoren so etwas wie Interessen [09]

je mehrich Uber den Nutzer weil}, desto mehr habe ich die Chance ihn richtig anzusprechen und dhm etwas
zu erstellen, was was ihn halt wirklich anspricht [07]

Ability to
add/remove data
sources

v

v

Einfaches hinzufiigen wére gut furs testen [03]

Wenn wir einen Anbieter wechseln, &hm muss dieses umgesetzt werden kénnen [07]

Wiinschenswert ist natirlich beides: auf der einen Seite mochte ich System haben, wo ich dhm Tools sehr
sehr schnell ja anschlieRen, aber irgendwann auch wieder wegnehmen kann, auf der anderen Seite mochte
ich naturlich auch, dass es fehlerfrei lauft, was meistens damit einhergeht, dass man ein bestehendes System
nimmt und das immer wieder nachjustiert letztendlich [04]

Cross-Device-Daten: Realisiert mit Cookies und Login, Fingerprinting ist eher ein "erraten" [02]

Neue Datenquellen missen integrierbar sein. [08]

man schon auf seine individuellen KPIs bezogen den richtigen Mix wahlen [09]
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(2) Data quality

data granularity of
input sources

Criteria Statements
Highest possible > granu\antat er.\.Neltem.[Ol] o . ‘ o o .
= Ahm darauf missen wir nattrlich achten, dass wir den user nicht nicht Gber zwei Gerate zweimal abholen,

L7

sondern ihn wirklich relevant einmal wie wir ihn sehen ins Visier nehmen quasi und gerade beim crossdevice
tracking und auch beim crossdomain-tracking ist es immer wichtig die Daten miteinander zu verkniipfen, um
auch hier eben halt effizient arbeiten zu kénnen [04]

Ach so, da fallt immer das Wort Stitching, da wirde ich die einzelnen Profile, die der User tber verschiedene
Domains Uber verschiedene Devices, dass man die zusammen fithren kann [04]

also die Datenqualitat muss auf jeden Fall immer geprift werden, das ist einer der wichtigsten Schritte, bevor
man Uberhaupt irgendetwas analysiert mmmm die tracking-Daten nattrlich hat man da erst einmal eine
riesige Menge an Daten im Vergleich jetzt zu unseren Objektdaten, die sind ja deutlich geringer [06]

Und da weil? man naturlich nie, was der Makler wirklich eingibt, z.B. da kdnnen natdrlich deutlich mehr Fehler
drinnen sein, als wenn die automatisiert erhoben werden, aber die muss man naturlich auch prifen, ob da
alles so richtig einlauft [06]

Ich denk intern wird schon viel getrackt und da wird auch viel auf die Qualitat geachtet, gerade weil es die
eigenen Daten sind. Bei ah externen Daten bin ich immer erst mal sehr skeptisch, sofern sie nicht aus einer
anderen offline-Quelle von mir z.B. kommen [07]

Daten mussen so granular vorliegen wie maglich (Keywords, Placement, Timestamp) [08]

alle Datenquellen, die der Firma in diesem Fall zur Verfligung stehen dhm, dass konnen CAM-Daten sein, das
sind auf jeden Fall Bewegungsdaten, das sind Bewegungsdaten im Shop, Kaufinformationen,
Warenkorbartikel, jedenfalls alles was man auswerten kann eigentlich. Je mehr desto besser [09]

Stich ability of a
single user cross-
devices

vy
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Ahm darauf missen wir natiirlich achten, dass wir den user nicht nicht tiber zwei Geréte zweimal abholen,
sondern ihn wirklich relevant einmal wie wir ihn sehen ins Visier nehmen quasi und gerade beim crossdevice
tracking und auch beim crossdomain-tracking ist es immer wichtig die Daten miteinander zu verkniipfen, um
auch hier eben halt effizient arbeiten zu kénnen [04]

Ach so, da fallt immer das Wort stitching, da wiirde ich die einzelnen Profile, die der user tber verschiedene
domains Uber verschiedene devices, dass man die zusammenfiihren kann [04]

User Profil erstellen konnen (impliziert gerdteibergreifende Aktivititen) [02]

Profil Gber verschiedene Devices hinweg [02]

also die Datenqualitat muss auf jeden Fall immer geprift werden, das ist einer der wichtigsten Schritte, bevor
man Uberhaupt irgendetwas analysiert mmmm die tracking-Daten naturlich hat man da erst einmal eine
riesige Menge an Daten im Vergleich jetzt zu unseren Objektdaten, die sind ja deutlich geringer [06]

ich denke es ist am besten, wenn die ganze Qualitatskette unter einer Hand zu haben [07]

Also so so schnell wie es in der Situation irgendwie geht, damit der Nutzer in der Situation auf allen Geraten
abgeholt wird, wo er gerade ist [07]

CrossDeviceDaten: Realisiert mit Cookies und Login, Fingerprinting ist eher ein "erraten" [08]

Wie bisher immer aus einem bestimmten Grund das Handy in die Hand nimmt, meist ist es immer i want to
know, i want to buy, i want to get. Das sind immer klare Definitionen, warum man das Handy in die Hand
nimmt, in dem Moment muss man halt aktiv handeln [09]

Linkable data
sources

v

wo der user sehr sehr viele Angebote natirlich hat und diese Uber sehr sehr viele verschiedene Wege auch
wahrnehmen kann, dementsprechend missen wir naturlich auch beispielsweise wie
Remarktetingkampagnen irgendwie aussteuern und das am besten naturlich kosteneffizient, so dass wir
beispielsweise die crossdevice tracking, was natdrlich in diesem Fall sehr sehr wichtig ist [04]

dass man Uber dhm gleiche tracking-Losungen oder sehr sehr dhnliche tracking-Lésungen ohne groRe
Abweichungen, die einzelnen Kanale messen kann, damit da auch eine Vergleichbarkeit entsteht [06]

also die Datenqualitat muss auf jeden Fall immer geprift werden, das ist einer der wichtigsten Schritte, bevor
man Uberhaupt irgendetwas analysiert mmmm die tracking-Daten naturlich hat man da erst einmal eine
riesige Menge an Daten im Vergleich jetzt zu unseren Objektdaten, die sind ja deutlich geringer [06]

und das man verschiedenste Datenquellen auch verbinden kann [06]

Sehr Schnittstellen-Intensiv (Daten miissen verknipfbar sein) [02]

Also so so schnell wie es in der Situation irgendwie geht, damit der Nutzer in der Situation auf allen Geraten
abgeholt wird, wo er gerade ist [07]

da wird auch viel auf die Qualitat geachtet, gerade weil es die eigenen Daten sind. Bei dh externen Daten bin
ich immer erst mal sehr skeptisch, sofern sie nicht aus einer anderen offline-Quelle von mir z.B. kommen [07]
Hauptproblem: Unterschiede in der Datenqualitat der Input-Sourcen (Eine Verknipfbarkeit wird
vorausgesetzt) [08]

alle Datenquellen, die der Firma in diesem Fall zur Verfiigung stehen [09]
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(3) Calculation

Combination of mathematical/ statistical approach and calculation

Criteria

Statements

Ability to calculate
in real-time

v

vy

akuten Interessen und Bedrfnisse eines Nutzers, die es schaffen, dass er die Aufmerksamkeit auf das
Werbemittel lenkt, das er gerne haben mochte und das alles in einer real-time-attribution [09]

und dann das Momentum definitiv verspielt ist [09]

Wie bisher immer aus einem bestimmten Grund das Handy in die Hand nimmt, meist ist es immer i want to
know, i want to buy, i want to get. Das sind immer klare Definitionen, warum man das Handy in die Hand
nimmt, in dem Moment muss man halt aktiv handeln [09]

Ja, also bei der Berechnung ist es immer so, dass man sich tatsachlich verschiedene Zeithorizonte anschauen
muss. Also wir haben auf der einen Seite naturlich kurzfristige Ergebnisse in hier oder real time, die wir
naturlich sehr sehr schnell brauchen und verarbeiten beispielsweise wenn in bestimmten Kampagnen, wo
man davon ausgeht, dass die sofort performen sollen immer da brauchen wir schnellstmoglich die Daten dazu
um evtl. korrigierend eingreifen zu kénnen. Natdrlich mochten wir aber auch, um Gberhaupt solche
Kampagnen starten zu kdnnen oder um eben halt neue Produkte einstellen zu kdnnen, brauchen wir nattrlich
predictive analytics, wo man evtl. schon mal versucht zu erahnen was der user brauchen kénnte, was er
bisher noch nicht gebraucht hat. [04]

Die Berechnung muss in Echtzeit erfolgen. Ein Modell mit Latenzen ist fur die Zukunft ungeeignet der
Attribution ungeeignet [03]

Daten sollten auch, wenn es geht, automatisiert und in Echtzeit angepasst werden, sprich ein Kunde, der mal
ein Kunde war, wieder aktiv wird, sollte moglichst auch tber zielgerichtete Werbung, die vielleicht auch
dynamisch und automatisch ausgespielt werden kann, wieder angesprochen werden [05]

Also so so schnell wie es in der Situation irgendwie geht, damit der Nutzer in der Situation auf allen Geraten
abgeholt wird, wo er gerade ist. [02]

um dann nachzugucken, was man damit machen kann und dann kann man es nattrlich immer weiter
entwickeln mit selbstlernenden [06]

also Ziel in der Zukunft sollte naturlich sein alles in Echtzeit hinzukriegen [05]

eine nicht-zeitversetzte bzw. Echtzeitanalyse dessen, was kanalspezifisch Kunden tun [02]

Die Berechnung muss in Echtzeit erfolgen. Ein Modell mit Latenzen ist fir die Zukunft ungeeignet der
Attribution ungeeignet [08]

Incremental
learning process

vy

v

Konzept der Inkrementalitat (Frage: Ist ein Touch oder eine andere Aktion relevant fir den Outcome [08]
Budget wird auf Userebene immer weiter verfeinert (inkrementelles Vorgehen und testen) [08]

und vor allem auch zu sehen, welche Nutzer sind uninteressant, also das ist auch ein ganz wichtiger Punkt.
Weil meines Erachtens viel Budget verschwendet wird, auf Nutzer, die fiir das jeweilige Geschaftsmodell nicht
so interessant sind. (Lernen aus Fehlern) [05]

Auto-Pilot-Modus (beste Option wdhlen und lernen) [02]

selbstlernendes Verfahren anwenden kann, wie neuronales Netz z.B [06]

Also aber vor allem auf den Benutzer, dass man eher starker sich auf den Nutzer konzentriert ihn individual,
individuell ihn anspricht und auch abholt [06]

Der Einsatz von selbstlernenden Algorithmen ist ebenfalls denkbar und RegelmaRige Berechnung wie oft ist
Industrie abhangig (Lernprozess). [03]

akuten Interessen und Bedurfnisse eines Nutzers, die es schaffen, dass er die Aufmerksamkeit auf das
Werbemittel lenkt, das er gerne haben mdchte und das alles in einer real-time-attribution, das heif3t, dass
derjenige, der sich eine Digitalkamera anguckt, mochte vielleicht auch gerade eine Digitalkamera kaufen und
da bringt es doch nichts, wenn man die Information Ubermorgen hat wenn er sich doch vorgestern eine
Digitalkamera angeguckt hat (Aus Nutzerverhalten lernen) [09]
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Ablllty to prediCt > Weil einfach nur Daten zu haben und Daten auszuwerten ohne sie hochzurechnen wird dir im Marketing
nicht weiterhelfen [09]
future actions = wirde ich sagen predictive analytics [10]
= [Predictive] Ja, sind sehr interessant , sind werden ja auch teilweise jetzt schon eingesetzt, wenn man
meinetwegen Wetterdaten etc. und unterschiedliche Datenquellen, die noch herangezogen werden, sind
interessant, éhm die Quellen, die dafir herangezogen werden fur die Berechnung missten wenn es geht
naturlich &hm ahm nachvollziehbar sein und so genau wie moglich [05]
=>» Also man hat so einen groRen Datenstock an historischen Daten und auf Basis diesem dieser Historie kann
man naturlich selbstlernende Modelle entwickeln bzw. predictive, was in Zukunft wahrscheinliche passieren
wird auf Basis der historischen Daten, dass man sich z.B. einen Zeitraum nimmt und guckt, ob es fir einen
anderen Zeitraum auch gliltig ware dieses Modell [06]
= Predictive ist ein muss. Fir omni-channel marketing Strategie. [02]
= Neben Insights aus historischen Daten missen Vorhersagen getroffen werden kénnen [03]
= Predictive Ansitze missen auf User-Ebene (nicht Kanal-Ebene) arbeiten. D.h. es wird ein Kunden-Wert
berechnet (CustomerValue) [08]
=>» Predictive Analysen missen zusatzlich weitere Signale berlcksichtigen: Sesonalitat, Auktionsdynamic [08]
= das heilt, dass derjenige, der sich eine Digitalkamera anguckt, méchte vielleicht auch gerade eine
Digitalkamera kaufen und da bringt es doch nichts, wenn man die Information tibermorgen hat wenn er sich
doch vorgestern eine Digitalkamera angeguckt hat [09]
Value caIcuIation on = immerein Zielgryp?e.nansatz ist und das rnan inn?rhalb dieser Zielgruppen dann auf jeden Fall runterbricht
und versucht so individuell versucht arbeiten zu kénnen [09]
user level > Das heift, die Wertigkeit wiirde eher so ein bisschen beim Nutzer liegen, d.h. nicht mehr quasi an dem
Verhalten direkt, sondern dhm eine Wertigkeit des Nutzers — wiirdest du das auch so sehen oder habe das
missverstanden? [04]
=>» A.B. Nein, das ist absolut richtig, aber es geht mehr in die Richtung auf Basisinhalte, neue Tools und neue
Prozesse , die wir haben, das wir eine Individualansprache machen und nicht nur wirklich die groen
Segmente uns anschauen, sondern wir stellen den customer a Uber den customer b wenn er quasi pro visit
oder pro sagen wir mal im seinem Lebenszyklus
=>» Customer Value berechnen [04]
= binich der Meinung, dass es immer mehr in die Richtung Individualisierung geht, wo ich die user wirklich
einzeln ansprechen muss und ich nachgeschaltete Konzepte finden muss, dass kann naturlich nur passieren,
wenn sich auch die Technik weiter entwickelt [04]
= —ihmim Idealfall geht das in Zukunft runter auf 4h Personenbasis [08]
= Ziel: Budgetierung auf Kundenebene (User) [08]
= alsoich denke, es wird immer immer wichtiger auf einzelne Personen zu gucken um moglichst den Interessen
der Einzelnen gerecht zu werden und auch weil gerade viele Kanéle von immer mehr Personen benutzt
werden, so dass die Wahl eines Kanals an sich u.U. gar nicht mehr so viel ausmacht. [04]
= Also aber vor allem auf den Benutzer, dass man eher stérker sich auf den Nutzer konzentriert ihn individual,
individuell ihn anspricht und auch abholt und natirlich guckt, welcher Nutzer wie viel Kosten sollte oder wie
viel man ihn in ihn in ihn investiert [06]
= Also Ausgangslage, dh, oder oder, ich glaube es wird mehr, oder wird Richtung einzelnen Kunden gehen [10]
=> Predictive-Ansdtze mussen auf User-Ebene (nicht Kanal-Ebene) arbeiten. D.h. es wird ein Kunden-Wert
berechnet (Customer-Value) [08]
= Es muss personalisiert werden und dieses muss bei der Attribution bericksichtigt werden
= "Endziel" ist nicht Kanalbudgetberechnung oder User-Budgetberechnung sondern ein Gewinn im
Unternehmen zu erzielen [08]
= Anderung von Signalen werden ber(cksichtigt [08]
= kanalUbergreifend, &hm, diese Information, inwiefern das Gut bereits gekauft, ja, &hm, das sind glaube ich
alles Dinge, die dann bei einer Ansprache in einem anderen Kanal, ahm, tber z.B. Online-Werbung wesentlich
beriicksichtigt werden mussten. Also, ah, ich bin mir da sicher, dass das, dh, weiter zunehmen wird, also diese
Individualisierung, ahm, in der Online-Werbung [10]
= Nicht umsetzbar: Pro Nutzer zu attribuieren (Einschdtzung des Experten, aber gewtinscht) [01]
= User-Profile erstellen kénnen (gezielte Ansprache). (Impliziert gezielte Berechnung) [02]
=>  Ziel: Profilabhéngig aussteuern und berechnen (= Budget auf Profilebene) [03]
=> Daten sollten auch, wenn es geht, automatisiert und in Echtzeit angepasst werden, sprich ein Kunde, der mal

ein Kunde war, wieder aktiv wird, sollte moglichst auch tber zielgerichtete Werbung, die vielleicht auch
dynamisch und automatisch ausgespielt werden kann, wieder angesprochen werden. (Arbeiten auf
Kundenebene) [05]
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Value CaICUIation on > Ach.so, wasjetz-t gerade schon passiert ist, ist, das die meisten Budgets nicht mehr auf Kanal, sondern auf
Audience geschiftet werden [09]

Nutzer sind fiir mich zusammengefasst in einer Audience [09]

um das Ganze nicht zu komplex zu machen, gewisse (husten) gewisse Cluster nach z.B. Merkmalen,
Nutzungsverhalten zu bilden und vielleicht so in einer ich sag jetzt mal Vorstufe zu der kompletten
Individualisierung, ahm, ist vielleicht so zu managen [10]

audience basis

L7

= es Sinn machen kann in der nichsten Stufe vielleicht gewisse Cluster zu bilden, gewisse Gruppierungen zu

bilden oder sagen wir mal in einer vorgelagerten Stufe [10]

diese zielgerichteten Botschaften fir sagen wir jetzt ein Kundencluster oder einen einzelnen Kunden [05]

das was ich zuvor angesprochen hatte steht der Nutzer im Mittelpunkt und meine ganze Betrachtung, die ich

jetzt wiederum auch dieses System dhm Uberstllpe ist, immer wieder diese Betrachtung, dass der Nutzer

oder ein Cluster von interessanten Nutzern quasi der Vordergrund ist [05]

= also nicht mehr auf Kanalebene sondern auf Segmentebende -> genau. aber innerhalb der Segmente gibt's ja
wiederrum die Kanéle die aber verschwimmen [05]

=>» nutzerzentriert zu arbeiten, dass man weiR, wer der Nutzer ist &hm, wieviel auch der einzelne Nutzer wert ist

[05]

und vor allem auch zu sehen, welche Nutzer sind uninteressant, also das ist auch ein ganz wichtiger Punkt

[05]

Nicht umsetzbar: Pro Nutzer zu attribuieren (Einschdtzung des Experten, eher auf Audience Ebene) [01]

User-Profile erstellen kdnnen (neue Touchpoints) (ggf. auch aggregiert zu Gruppen) [02]

Das ganze muss man naturlich um zielgruppenspezifische Daten erganzen [04]

Ziel: Budgetierung auf Kundenebene (User) (Vorstufe: Gruppenebene) [08]

L7
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Machine-Learning-Technik und noch ein bisschen mein &hm mein Datentopf, in dem ich weil, wer jetzt ein
konkretes Interesse am Autokauf hat, weil es preislich moglich ist [09]

Machine learning /

Artificial |nte||igence => Den Vorcast wird es nattirlich meiner Meinung nach immer geben an sich, es kommt nattirlich immer sag ich
mal einen gewissen einen gewissen Blick in die Zukunft geben an sich. Ahm ich glaube eher, dass die die

a pproaCh Berechnungsgrundlagen fir die Erhebungsarbeit sich in den nachsten Jahren nicht nur etwas sondern sich
grundlegend andern wird wenn immer mehr sag ich mal das Eingreifen der kiinstlichen Intelligenz miterleben
an sich [03]

=>» werden sehr sehr viel Automatisierung, sehr viel machine learning einfach erleben. Wenn man sich
beispielsweise so was wie IBM Watson anschaut wo man jetzt einfach Daten per csv-Datei jetzt schon
reinschmeisst und bekommt man bekommt die Korrelation in sehr sehr kurzer Zeit ausgespuckt und auch die
Empfehlungen an sich, ahm, dann wird sich das auf jeden Fall vom sag ich mal handischen Ansatz eher zum
Automatisierungsansatz hin entwickeln. Genauso ist es wichtig, dass mit Hilfe von mathematischen und

because the user behavior statistischen Ansatzen naturlich irgendwann auch seine auch seine Remarketingkampagnen aufsetzt und
nicht nur handisch, sondern dass man auch dafiir tools letztendlich hat. [03]

= Genau richtig und auch Tools, die das Ganze auch dann verarbeiten kénnen, dass man im Hintergrund die
kunstliche Intelligenz hat, die viele Sachen berechnet, die sie weitergibt per keine Ahnung per Connector [03]

= Also die Moglichkeit, eben auf der, sagen wir mal, Basis vorhandener Daten eben und entsprechend

multivariater Verfahren eben, in die Zukunft zu schauen, ahm, was, &h, wir jetzt hier bei vielen

Firmenprojekten, Firmenkooperationen auch, ahm, nutzen, ist sicherlich das Thema kiinstliche Intelligenz. Ja

also, dass ich Systeme habe, die, dhm, ja, Lernen konnen, ja [10]

selbstlernendes Verfahren anwenden kann, wie neuronales Netz z.B. [06]

Regelbasierte Systeme sind nicht zukunftsfahig, kurzfristig aber noch relevant. Zukunft: Data Driven Ansdtze

(Machine-Learning) [08]

Auto-Pilot-Modus (Machine-Learning) [02]

Dynamisch -> KI. Nutzerverhalten ist auch dynamisch. [01]

Notes:

is dynamic

v
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Data d riven = Regelbasierte Systeme sind nicht zukunftsfihig, kurzfristig aber noch relevant. Zukunft: Data-Driven-Ansétze

[08]

calculation — not = Ich wirde auf jeden Fall datengetriebene Modelle empfehlen die dynamisch, nah an Echtzeit auf

Anderungen des Angebot und Nachfrage Volumens und auf externe Faktoren wie Werbung oder groRe

rule based Events reagieren kdnnen und den wirklichen Mehrwert einer Kampagne (Inkrementalitit oder "was wére
passiert wenn der Benutzer die Werbung nicht gesehen hatte, hatte sie trotzdem gekauft") [08]

=>» akuten Interessen und Bedirfnisse eines Nutzers, die es schaffen, dass er die Aufmerksamkeit auf das
Werbemittel lenkt, das er gerne haben mochte und das alles in einer real-time-attribution, das heilt, dass
derjenige, der sich eine Digitalkamera anguckt, mochte vielleicht auch gerade eine Digitalkamera kaufen und
da bringt es doch nichts, wenn man die Information bermorgen hat wenn er sich doch vorgestern eine
Digitalkamera angeguckt hat (Fiir alles eine Regel ist zu komplex) [09]
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(4) Output

Criteria Statements
ngh-q uality OUtpUt > Auto-l?ilot—Modus (‘G"ute Qua/im’?) [02] . ) o o .
=>» also die Datenqualitadt muss auf jeden Fall immer geprift werden, das ist einer der wichtigsten Schritte

L7

(Schlechte Qualitdt rein -> schlechte Qualitdt raus) [06]

Sehr groRes Problem: die Ergebnisse missen gut sein [08]

hat man prinzipiell immer das Problem zwischen Qualitat und Reichweite und dann muss man schon auf
seine individuellen KPIs bezogen den richtigen Mix wéhlen. [09]

wir wollen nattrlich schon &h viel Automatisierung eben halt haben, wir wollen nattrlich ahm uns
weiterentwickeln, wir wollen natdrlich eine eine eine hohe Qualitat der Daten, dementsprechend dann auch
naturlich auch bei der Auswertung eine hohe Qualitat haben [04]

ich muss wirklich darauf achten, dass technische Hindernisse beseitigt sind, ahm, bzw. eben halt, dass man
darauf achtet, dass ein tracking tool nicht unbedingt von einem app blocker geblockt wird letztendlich oder
die user sich sofort outloggen kénnen nattrlich muss die Moglichkeit da sein fir den user an sich [04]

Also gerade bei den Daten von facebook wire ich eher, was heiRt vorsichtiger, aber. Ahm, da héatte ich zu
mindestens, 4hm, daran, kommt auf die Teilbereiche drauf an, ne, die auch einen interessieren. Ahm, dort
ware ich eher etwas vorsichtiger, ne? (Schlechte Qualitdt rein -> schlechte Qualitdt raus) [10]

Also denen misste man sicherlich schon ein bisschen kommt auf das Thema drauf an, sicherlich mit einer
gewissen Skepsis, dh, begegnen, wohingegen ich die Daten von google, ahm, vom Geflhl her eher, jetzt eher,
als qualitativ hochwertiger einschatzen wirde (Schlechte Qualitdt rein -> schlechte Qualitdt raus) [10]

wird schon viel getrackt und da wird auch viel auf die Qualitat geachtet, gerade weil es die eigenen Daten
sind. Bei &h externen Daten bin ich immer erst mal sehr skeptisch, sofern sie nicht aus einer anderen offline-
Quelle von mir z.B. kommen (Schlechte Qualitdt rein -> schlechte Qualitdt raus) [01]

also die Datenqualitat muss auf jeden Fall immer geprift werden, das ist einer der wichtigsten Schritte, bevor
man Uberhaupt irgendetwas analysiert mmmm die tracking-Daten nattrlich hat man da erst einmal eine
riesige Menge an Daten im Vergleich jetzt zu unseren Objektdaten, die sind ja deutlich geringer (Schlechte
Qualitdt rein -> schlechte Qualitdt raus) [06]

Und da weil man naturlich nie, was der Makler wirklich eingibt, z.B. da konnen natrlich deutlich mehr
Fehler drinnen sein, als wenn die automatisiert erhoben werden, aber die muss man naturlich auch prifen,
ob da alles so richtig einlduft (Schlechte Qualitdt rein -> schlechte Qualitdt raus) [06]

Ability to connect
(third party)
vendors directly
(automated
connection)

v

Genau richtig und auch Tools, die das Ganze auch dann verarbeiten kdnnen, dass man im Hintergrund die
kunstliche Intelligenz hat, die viele Sachen berechnet, die sie weitergibt per keine Ahnung per Connector [02]
wir wollen nattrlich schon &h viel Automatisierung eben halt haben, wir wollen nattrlich dhm uns
weiterentwickeln, wir wollen natirlich eine eine eine hohe Qualitat der Daten, dementsprechend dann auch
natdrlich auch bei der Auswertung eine hohe Qualitat haben [04]

wenn ich mich fiir ein Tool entscheide und der Meinung bin, dass der Algorithmus auch wirklich funktioniert,
gehe ich auch davon aus, dass das Tool eigenstandig entscheiden kann, wenn Echtzeit sein soll hm, wie
Budget geshiftet wird (komplett automatisiert, da zu komplex) [05]

Schnittstellgetrieben [08]

also es sollte es sollte einen Punkt haben, in dem ich alle Informationen tber die Nutzer dann umschlage
(...um diese dann weiter zu geben) [07]

gleichzeitig gibt sollte es ein Schnittstellenmangement geben [09]

Performance test of
the model
outcome/data
validation

L 20 2 N 27

v

AB-Funktion [09]

glaube ich wirde versuchen es zu validieren immer, wo an welcher Stelle es auch immer geht [07]

wirden auch Daten beim Einkauf, die ich wirklich halt schon hab oder nochmal verifizier gegen also oder auf
jeden Fall da wo es geht verifizieren gegen gegen harte Daten [07]

(Datenquellen) ersetzen Proof des Modells, funktioniert es richtig? [08]

Kernfrage: Entsteht ein Mehrwert? (Tests: UserSplits Uber gewisse Segemnte / A/B Tests auf Basis von
Modellen) [08]

Testen kénnen [03]

Kennzahl: Qualitdt des Modells [02]

Budgetallokation so in Echtzeit und ahm intelligent vornimmt, dass quasi ahm der Kanal ah, dass in den Kanal
das Bugdet geshiftet wird, der der quasi nach unseren KPIs auch der performance test ist [05]

intuitive interface

das user-interfaces, dass jemand bedienen kann der keine Info Informatik studiert hat, das ein ganz normaler
Projektmanager auch bedienen kann [05]

also auf jeden Fall eine gute Nutzeroberflache 4hm, dass man sich schnell schnell einfindet, schnell damit
was machen kann und auf der anderen Seite trotzdem Gestaltungsmaoglichkeiten bis in die Detailtiefe, wenn
man das System dann mal schon gut versteht. [07]

Komplexitat muss handelbar sein. -> Doku [02]
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Integration

(Unterscheiden: Know-How, Implementierung und Herausforderungen im Unternehmen)

Criteria

Statements

Interface driven
design

Notes:

e  Hook up input
sources

o Integration in
existing system
environment

>

(7

7

es wird so viele verschiedene Datenquellen geben, dass man immer eine gewisse Art von
Schnittstellenmangement betreiben muss, weil ein System, was in irgendeiner Art und Weise geschlossen ist,
wird nie ins komplette Bild fur die Attribution in irgendeiner Art und Weise widerspiegeln kdnnen [09]
gleichzeitig gibt sollte es ein Schnittstellenmangement geben, an die ahn an die bestehenden Systeme CRM
etwa wie Ad-Server, GSP, SSP, des Kunden, also ich glaube, das ist eine richtige Infrastruktur, die man dort
braucht. [09]

ganz eher muss so ,n System ne gewisse, dh, muss dynamisch sein, so n System muss sicherlich Schnittstellen
oder Maglichkeiten fir, ich sag mal, &hm, Anbindung an bereits auch bestehende Systeme haben [10]

aber du wirdest eher was schnittstellengetriebenes in der Zukunft sehen, als quasi so'n Monoprogramm,
dass alles -> JA [06]

Struktur: Schnittstellengetrieben, das Modell soll keine Systeme (Datenquellen) ersetzen [08]

einer Datamanagementplattform, die letztendlich dann auf Basis des Segmente, die dann berechnet wurden
oder vom user eingestellt wurden bzw. vom Marketingmanager das ganze automatisch abgerufen wird [04]
nutzerfreudig ist und auch intuitiv bedienbar ist [04]

Reportingfunktionen wéren naturlich top. [02]

Interface definitions
/ standards

v

vy

d.h. fir mich ist es schon so, dass man einen groRen zentralen Pott hat, in man alle Daten rein gibt, in dem
sich historische Daten befinden, genauso wie auch Echtzeitdaten, die man, je nachdem, fiir was man sie
gerade benotigt individuell hochrechnen kann [09]

Ich glaube, alles was standardisiert werden kann, soll standardisiert werden dhm, es wird dann wo vierzig
flinfzig Grundsegmente geben, die auch auf Internet- und Rohdaten beruhen und die auch immer pauschal
genutzt werden kénnen und dann wird es kundenindividuelle Lésungen geben [09]

Struktur: Schnittstellengetrieben, das Modell soll keine Systeme (Datenquellen) ersetzen [08]

es muss naturliche irgendwie anwendbar sein, also es sollte nicht zu speziell vielleicht sein [06]

Plug and Play mit ETL (muss in bestehende Infrastruktur eingepasst werden) [02]

und an den vorherigen natirlich anschlieRt irgendwo und man sollte natirlich auch darauf abzielen, dass es
im gewissen MaRe auch &h nutzerfreudig ist und auch intuitiv bedienbar ist, was immer dahingeht, dass man
die Leute schult und naturlich auch &h, dass man den Leuten, wie sie damit umgehen konnen. [04]

Plug and play

v

es kann nicht sein, dass man dafiir coden kénnen muss um ein solches Instrument zu bedienen, dann wird es
nie in irgendeiner Art und Weise die Relevanz bekommen, die es braucht im Marketing, weil diese Leute
haben die da groRtenteils nicht in den Kopfen [09]

Plug and Play mit ETL (muss in bestehende Infrastruktur eingepasst werden) [02]

und an den vorherigen nattrlich anschliet irgendwo und man sollte natdrlich auch darauf abzielen, dass es
im gewissen MaRe auch ah nutzerfreudig ist und auch intuitiv bedienbar ist, was immer dahingeht, dass man
die Leute schult und naturlich auch &h, dass man den Leuten, wie sie damit umgehen kénnen. [04]

Personalisierung

Removed
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Bl Knowledge

Added

Criteria

Statements

Basic skills from the
Busniess
Inetelligence (BI)

= Alsoich glaube, dass es schon immer technischer wird und auch immer technischer werden sollte und das
jeder vernuinftige KPI- und auch jeder BI-Kenntnisse mitbringen sollte, der in solchen Bereichen arbeitet [09]

=> Also, ich brauch keinen, also ich brauche keinen Akademiker dafiir, der mir das hochwissenschaftlich

berechnet, da haben wir auch nie die Zeit zu (= Zeitkritisch) [09]

Try & Error: Kaum die Moglichkeit Channel-tbergreifend zu messen (es wird Fachwissen benétigt) [01]

(7

und &h ja know-how muss im Unternehmen auf jeden Fall vorhanden sein, es muss auch, sag ich mal

ausgeweitet werden, d.h. derjenige, der initial dafiir zustandig ist muss natdrlich daftir Sorge tragen, dass

know-how Uber tber das Tool Uber das System letztendlich ahm ja weitflachig gestreut wird und auch

irgendwann den Fortbestand von so einer mathematischen Weiterentwicklung so gewahrleisten dhm

genauso muss natlrlich weitergedacht werden, man darf nicht verharren, das ist ah wie bei allen Ansétzen,

die es in unserem Bereich gibt [04]

= beiunsist es jetzt auch einfach so, dass die tools, die wir neu nutzen, auch wenn das quasi self-service-tools
sind ahm, braucht man doch noch jemanden, der einen quasi customer-service-maRig an die Hand nimmt
und zumindest erkldren kann, &hm, wie der Algorithmus arbeitet [03]

= Anderung von Signalen werden beriicksichtigt (Diese missen erkannt werden -> Fachwissen) [08]

Basic understanding
of technical aspects

Notes:

Identify promising
measures and strategies

= und &h dies in einem Unternehmen zu streuen, dass dies wirklich wichtig ist, ist glaub ich schon eine sehr
sehr groRe Hirde an sich, d.h.er muss sehr sehr viel geschult werden [04]

= dass das System eine entsprechende Bedeutung hat und das auch vor allem abteilungsiibergreifend, um da

so ein bisschen auf den organisatorischen Aspekt mit einzugehen [10]

Anderung von Signalen werden ber(cksichtigt (Diese missen erkannt werden -> Fachwissen) [08]

v

also ich denke, dass auch wichtig ist, das irgendwie auch beim Personal da Verstandnis fur vorhanden ist oder

sie ja geschult werden, damit sie damit umgehen kénnen, und man muss auch die Systeme auch immer

kritisch hinterfragen und es nicht einfach so hinnehmen was da rauskommt, sondern, dass man sich wirklich

damit auseinandersetzt [09]

= Try & Error: Kaum die Méglichkeit Channel-iibergreifend zu messen (es wird technisches Grundverstéindnis
bendtigt) [01]

= muss muss dh irgendwo der Datenschutz gewéhrleistet sein nattirlich der user muss sich sag ich mal, auf uns

als Unternehmen verlassen kénnen, das wir keinen Schmu machen mit den Daten [05]
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Appendix 3: Questionnaire Guideline

Questionnaire Guideline for the semi-structured interviews. (All interviews were conducted in
German)

Questionnaire Guideline
The interviewee needs to be informed about / asked for the following aspects:

e The collected data will only be used for the dissertation project of Ole Nass.

e Data will be anonymized.

e s avoice recording acceptable?

e Explain the following terms and answer arising questions before the interview
begins:

o Dynamic attribution: An attribution model/approach utilizing generated data
(e.g. user interaction data) to perform the budget allocation

o Omni-Channel: Cross-channel marketing activities with a seamless switching
options between channels. A central data hub is present to support
marketing decisions.

o IPO-Model: Input, process, output.

e Discuss / Talk about features, requirements, and/or personal opinions in terms of
the following predefined categories. Each category is explained shortly by the
interviewer. The interviewee should explain requirements towards importance and
personal opinions.

o INPUT
= Variablen (variables)
= Datengundlage / Datenqualitat (data foundation / data quality)

o PROCESS
= Mathematischer / statistischer Ansatz (mathematical / statistical
approach)

= Berechnung (calculation)
o OUPUT
= Anbindung (connection (to other systems), third party vendors)
o INDIVIDULAZATION
= Personalisierung (personalization)
o |IMPLEMENTATION
= Productiver Einsatz (productive use)
= |mplementierung (implementation)
o OTHERS
= Allgemeine Informationen (general information)

®  Sonstiges (other)

XXI



Appendix 4: Java-Script: ID-Matching
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Appendix 5: Transformation performance
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Appendix 6: WF[01] stage_run

O W oo JoyUl b WN B

= e
=

NS}

-— Workflow [01]: GOOGLE ANALYTICS STAGE 2 CORE
-— FILE: df stg google analytics.sql
—-— AREA: stage

SET hive.exec.dynamic.partition.mode=nonstrict;

SET hive.execution.engine=mr;

DROP TABLE dip immonet stage.stg googleanalytics;

CREATE TABLE dip immonet stage.stg googleanalytics

STORED AS PARQUET TBLPROPERTIES ('PARQUET.COMPRESS'='SNAPPY')

AS

SELECT json_string AS json_string,
SUBSTR (CAST (from unixtime (unix timestamp(get json object(json string,
'S.date') , 'yyyyMMdd')) AS string),l,10) As file date,

REGEXP_EXTRACT (INPUT__FILE NAME, '.*/(.*)/(.*)"', 2) As file name
FROM dip immonet stage.stg googleanalytics ext
WHERE file date = CAST (CONCAT (SUBSTR(${DATE} , 1 ,3),"01") AS DATE)
AND SUBSTR(CAST (from unixtime(unix timestamp(get json object(json string,
'$S.date") , 'yyyyMMdd')) AS string),l,10) = S{DATE} ;
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Appendix 7: WF[01] cleanse_run

[

—— Workflow [01]: GOOGLE_ANALYTICS_ STAGE Z_CORE
—-— FILE: df cls google analytics.sgl
—— ARELZ: cleanse

o W

-]

SET hive.exec.dynamic.partition.mode=ncnstrict;

8 SET hive.exscution.engine=mr;

9 DROP TABLE dip_portal_cleanss.cls_googleanalytics;
10 CEEATE TABLE dip portal cleanss.cls_googleanalytics

11 STORED AS PARQUET TELPROFPERTIES ('PARQUET.COMPRESZ'="SNLEEY')
1 As
13 SELECT get_ Jjson_object(jscn_string,
'S.wisitorId") AS “wisitorId®,
14 get_json_ object(json_string,
'S.visitNumber") AS “wvisitNumber',
15 get_json_object(json_string,
'S.wvisitId') AS “wisitIid',
16 gst_json_objsct(json_string,
'S.visitStartTime") AS “wvisitStartTime',
17 get_json_object(json_string,
'S.date’') As “date’,
18 get_json_object(json_string,
'3 =1s") As “totals",
19 gst_json_objsct(json_string,
'S.totals.visits') AS “totals_wisits',

20 get_json_object(json_string,
'S.to 1'@.dit?') AS “totals_hits’,

AS ‘totals pageviews',

'S.to s.tim=C0nSits") AS ‘totals_timeOnsits’,
23 get_ json object(jsmn string,

'3 .bounce=s") AS “totals kounces®,
24 get_json_ object(json_string,

'S.totals.transactions') AS “totals transactions’,
235 get json object(jaon string,

.transactior nues ") AS
‘totals_transactlonRevenue .

get_json_ object(json_string,

(i3]

'S wWisits'") AS “totals newVisits',
27 get json ckjsct(json string,
'3 s.screenviews") AS “totals_screenviews’,

zZ8 get_json_object(json_string,
3ls.uniqu 1

5. - S
‘totals_unigqueScresnviews’,
29 get_json_okjsct(json_string,
'3 ls.time0OnScreen') AS “totals_timeOnScreen’,
30 get_json_object(json_string,
'S.totals.totalTransactionRevenuse') AS
‘totals_totalTransacticnRevenus',
31 get_json_okjsct(json_string,
'S.totals.sessionQualityDim") AS
‘totals_sessionQualityDim’,
32 get_json_ object(json_string,
'S.trafficSocurce") AS “trafficSocurce’,
33 gst_json_objsct(json_string,
'S.traffi 1irce.referralPath') ns
‘trafficSource_referralPath”,
34 get_json_object(json_string,
'S.traffi caign') AS
‘trafficSource campaign’,
35 get json_cbject(json_string,
.traffi ] AS “trafficSocurce_source’,
36 get json_ object(json string,
'S.traffi medium') AS “trafficSource _medium’,
37 gst_json_objsct(json_string,
'S.traffic3ource. keyword") AS “trafficSource_ keyword’,
38 get_json_ object(json_string,
'S.trafficBource.adContent') AS

‘trafficSource_adContent’
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[F%)

oy
i

get_json_cbject(json_string,
'S.traffic3ource.adwordsClickInfo')
‘trafficSource_adwordsClickInfo’,
get_json_cbject(json_string,

S.traffi rordsClickInfo.campaignId
‘trafficSource_adwordsClickInfo_campaignId’,

urce

get_json_cbject(json_string,
'S.traffi rordsClickInfo.adGroupId")
‘trafficSource_adwordsClickInfo_adGroupId’,
get_json_cbject(json_string,

'S.traffi urce.adwordsClickInfo.creativ

urce

‘trafficSource_adwordsClickInfo_creativeId’,
get_json_ objact[jaon string,
'S.traffic dwordsClickInfo.criteriald’

‘trafficSource_adwordsClickInfo_criteriaId’,
get_json_ object[jaon string,

'S.traffic adwordsClickInfo.page')
traff1cSource_adwordsullckInfo_page',
get_json_cbject(json_string,
rdsclickInfo.slot')
‘trafficSource_adwordsClickInfo_slot’,

get_json_cbject(json_string,

'S.trafficSource.adwo

S.traffic3ource.adwo

‘trafficSource_adwordsClickInfo_criteriaParameters’

get_json_cbject(json_string,

'S.traffic rordsClickInfo.geclId')
‘trafficSource_adwordsClickInfo_gclId®,
get_json_cbject(json_string,

'S.trafficso

‘trafficSource_adwordsClickInfo_customerId’,

wordsClickInfo.customerId

urce

get_json_cbject(json_string,

$.trafficSourcs
‘trafficSource_adwordsClickInfo_adNetworkType
gat_jaon_objact[jaon_strlng,

'S.trafficSource. adwo

get_json_objesct(json_string,

v

")

)

rdsClickInfo.criteriaParameter

")
wordsClickInfo.adNetworkType')
rdsClickInfo.targetingCriteria

‘trafficSource_adwordsClickInfo targetingCriteria’

$.traffic8ource.adwordsClickInfo.targetingCrit

AS

AS

AS

AS

AS

AS

s

AS

AS

AS

AS

AS

erlistId")

AS ‘trafficSource_adwordsClickInfo_targetingCriteria_boomUserlistId’,

get_json_cbject(json_string,
'S$.trafficSource.adwordsClickInfo.isVideohd")
‘trafficSource_adwordsClickInfo_isVidsoRd',

wWo

get_json_cbject(json_string,

S5.trafficSource.isTrueDirect')
‘trafficSource_isTrueDirect’,
get_json_cbject(json_string,

'

5.trafficSource.c
‘trafficSource_campaignCods’,
get json_cbject(json_string,
S.device")
get_json_cbject(json_string,
'S.device.browser')

paignCo

get_json_cbject(json_string,
'S.device.browserVersion')
get_json_object(json_string,
'S.device.browserS8ize")
gat json_cobject(json_string,
S.device.operatingSystem’)
dev1ce_pparat1ng8ystem P
get_json_objesct(json_string,
S.device.operatingsSystemVersion')
‘device_operatingSystemVersion',
get_json_ocbject(json_string,
'S.device.isMobile')

get_json object(json_string,
'S.device.mobileDeviceBranding')
‘device_mobileDeviceBranding',
get json_object(json_string,
del")
‘device mobileDeviceModel’,

5.device.mobileDevi ice

AS

as

s

AS

AS

AS

AS

AS

AS

as

as

AS

‘device’”,

‘device browser”

’

‘device_isMobile®

‘device browserSize’

r

‘device browserVersion ,

»
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get_json_objsct(json_string,
'$.device.mobileInputselect
‘device _mobileInput3elector’,
get_json_objsct(json_string,
'S.device.mobileDeviceInfao')
‘device _mobileDeviceInfo,
get_json_objsct(json_string,
'S.device.mobileDevi

get_json_objsct(json_string,
.flashVersion'")
get_Jjson_chject(json_string,
'S.device.javaEnakbled")
get_Jjson_chject(json_string,

'S.device. languags"')
get_json_objsct(json_string,

e

B

device.scresenColars")
get_Jjson_chject(json_string,
'S.de .screenResclution’')
‘device_screenResolution’,

get_Jjson_chject(json_string,
'5.d i tegory")
get_Jjson_chject(json_string,
'S .geoNetwork")
get_json_objsct(json_string,
'S.geoNetwork.continent ')
get_Jjson_chject(json_string,
'S.geoNetwork. subContinent")
‘geocNetwork subContinent’,

get_Jjson_chject(json_string,
'S.geoNetwork.country")
get_Jjson_chject(json_string,
5. oNetwork.region')
get_json_objsct(json_string,
'3 oNetwork.metro')
get_Jjson_chject(json_string,
5. Network.city')
get_Jjson_chject(json_string,
'S.geoNetwork.cityId')
get_json_objsct(json_string,
's oNstwork.ne rkDomain')
‘geoNetwork networkDomain®,
get_json_objsct(json_string,
oNetwork.latitudse")
get_Jjson_chject(json_string,
'S oNetwork.longitudes
get_Jjson_chject(json_string,

‘gecNetwork networkLocation',
get_Jjson_chject(json_string,
'$S.customDimensions')
get_json_objsct(json_string,
: %)

% .customDimensions.ind
‘customDimensions_index’,
get_json_objsct(json_string,
'S.customDimensions.valus")
‘customDimensions value’,
get_json_objsct(json_string,
'S.hits')
get_Jjson_chject(json_string,
'S.hits.hitNumber")
get_Jjson_chject(json_string,
'S.hits.time')
get_json_objsct(json_string,
'S.hits.hour')
get_Jjson_chject(json_string,
'S.hits.minute")
get_Jjson_chkject(json_string,
'S.hits.is3ecure")
get_json_cbjesct(json_string,

'S.hits.isInteraction")

MarketingName")
‘device _mobileDeviceMarketingName",

5.geoletwork.ne rkLocation')

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

‘device_flashVersion®,

‘device_ javaEnabled’,

‘device language’,

‘device screenColors’,

‘device_dsviceCatesgory’,

‘gecNetwork',

‘gecNetwork _continent®,

‘gecNetwork country’,
‘gecNetwork _region®,
‘gecNetwork _metro’,
‘gecNetwork city’,

‘gecNetwork cityId®,

‘geoNetwork _latituds’,

‘gecNetwork longituds’,

‘customDimensions”,

‘hits",
‘hits_hitNumber',
‘hits_tims",
‘hits_hour”,
‘hits minuts’,
‘hits_isSscure’,

'hits isInteraction’,
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101

102

103

104

105

108

109
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get_json_objsct(json_string,
5.hits.isEntrances")
get_Jjson_cbject(json_string,
'S.hits.isExit")
get_Jjson_cbject(json_string,
'"S.hits.raferer')

get json object[json_string,
'S, kl S.

'S.hits.page.t
get_Jjson_cbject(json_string,
'S.hits.ps .
get_json_objsct(json_string,
'$.hits.pa i

get_Jjson_cbject(json_string,
'S.hits.page.searchReyword')
‘hits_page_searchReyword®
get_json_cbjsct [json string,
s rchCategory')
‘hits_page saarchCategDry .

get_json object(json_string,
'S.hits.page.p evell')
‘hits_page_ pagePathLevell®,
get json_objsct(json_string,
'S.hits.page I
‘hits page_pagePathLevalQ

get json_cbject (json_. strlng,
'S.hits.pa hLe 13")
‘hits page_pagePathLeve13

get json_objsct(json_string,
'$.hits.pa E I
‘hits page_pagePathLeval4

get_json_object[json_strlng,
5.hits.transaction’')
get_json objsct(json_string,

'S.hits.transaction.transactionId"’
‘hits transacticon transactionId’,

get_Jjson_cbject(json_string,

'$.hits.transaction.transactionRe
‘hits transaction transactionRevenus'

get_json_objsct(json_string,

'S.hits.transaction.transactionTax")
‘hits transaction transactionTax’

get_Jjson_cbject(json_string,

'$S.hits.transaction.transactionShipping")
"hits transaction transactionShipping’,

get_Jjson_cbject(json_string,

S.hits.transaction.affiliation')
‘hits_transaction affiliation®

get_json_objsct(json_string,
5.hits.transaction.currencycC

‘hits transaction currencyCode’

get_Jjson_cbject(json_string,

'S.hits.transaction.localTransa
"hits transaction localTransactionRevenus’

get_Jjson_cbject(json_string,

'$.hits.transaction.localTransac
‘hits_transaction localTransactionTax’

get_json_objsct(json_string,

'$.hits.transaction.localTrans
‘hits_transaction_localTransactionShipping’,

get_Jjson_cbject(json_string,

'$S.hits.transaction.transactionCoug
‘hits transaction transactionCoupon

get_Jjson_cbject(json_string,
'S.hits.item")
get_json_objsct(json_string,
'S.hits.item.transactionId")
‘hits item transacticonId’,
get_j;on_ogject[json_string,
'S.hits.item.productName")

tionRevenue'

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

‘hits_isEntrance’,
‘hits isExit’,
‘hits_referer”,
‘hits_pags’,
‘hits_page_pagePath’,
‘hits_pags hostnams’,

‘hits_pags_pageTitls’,

‘hits transaction",

‘hits_item’,

‘hits_item productNams',
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140

141

142

143

146

147

148

get_json_objsct(json_string,
'S.hits.item.productCateqg

‘hits_item_productCatsgory’,
get_json object(json_string,
'S.hits.item.product3ku’)
get_json object(json_string,
'S.hits.item.itemQuantity")
‘hits_item_itemQuantity’,
get_json _object(json_string,
'S.hits.item.itemBevenus")
get_json_objsct(json_string,

-")

'S.hits.item.currencyC
‘hits_item_currencyCode’,
get_json object(json_string,

'S.hits.item.localltemRevenus")

‘hits_item localltemRevenue',
get_json _object(json_string,
'S.hits.contentInfo')

get_json_objsct(json_string,
'S.hits.contentInfo.

‘hits_contentInfo_contentDescription’,

get_json object(json_string,
'S.hits.appInfao”)
get_json_object(json_string,
'S.hits.appInfo.name"
get_json_cbject(json_string,
'$.hits.appInfo.version")
get_json object(json_string,
'S.hits.appInfo.id")
get_json object(json_string,
'S.hits.appInfo.installerId’)
‘hits_appInfo_installerId’,
get_json object(json_string,

'S.hits.appInfo.appInstallerI:
‘hits_appInfo_appInstallerId’,

get_json object(json_string,
'S.hits.appInfo.appName")
get_json _object(json_string,

'S.hits.appInfo.appVersion”)
‘hits_appInfo_appVersion',
get_json _object(json_string,
'S.hits.appInfo.appId')
get_json_object(json_string,
'S.hits.appInfo.screenName")
‘hits appInfo_screenName®,
get_json_object(json_string,

'S.hits.appInfo.landing3creenName')
‘hits_appInfo_landing3creenNams™,

get_json_object(json_string,

'S.hits.appInfo.exitS3creenName'})
‘hits_appInfo_exitScreenName',

get_json_object(json_string,
'S.hits.appInfo.screenDepth')
‘hits_appInfo_screenDepth’,
get_json_object(json_string,
'S.hits.exceptionInfo')
get_json object(json_string,

'S.hits.exceptionInfo.description")
‘hits_sxceptionInfo_description”,

get_json object(json_string,

'S.hits.exceptionInfo.isFatal')

‘hits_sxceptionInfo isFatal’,
get_json object(json_string,
'S.hits.exceptionInfo.

'hits_sxceptionInfo_ excepticns’,

get_json object(json_string,

'S.hits.exceptionInfo.fatalExceptions')
‘hits_sxceptionInfo_ fatalExcesptions’,

get_json object(json_string,
'S.hits.eventInfo')
get_json object(json_string,

v')

sntentDescription')

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

"hits_item productsku,

"hits_item itemRevenus’,

"hits_contentInfo’,

‘hits_appInfo’,

‘hits_appInfo _name’,

‘hits_appInfo_wersion”,

‘hits_appInfo_id",

‘hits_appInfo_appName',

"hits_appInfo_appId’,

"hits_exceptionInfo’,

‘hits_eventInfo’,
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152

[
331
331

172

'S.hits.eventInfo.sventCategory')
‘hits_eventInfo_eventCategory’,
get_json_chject(json_string,

'S.hits.eventInfo.eventZction')
‘hits_sventInfo_esventZction’,
get_json_chject(json_string,

ntInfo.s

entLab ")

'S.hits.ev

‘hits_eventInfo_eventlabel’,
get json_object(json_string,
'S.hits.eventInfo.sventValus')
hlta eventInfo eventValue‘,
get json_object(json_string,
'S.hits. product’')

get json_ object(json string,
'S.hits.prod .product3RU")
‘hits product_product3RU",
get_json_object(json_string,
'S.hits.p uctMName')
‘hits product_v2ProductName',
get_json_chject(json_string,

'S.hits.pr uctCategory')
‘hits_product_v2Productlategory’,
get_json_chject(json_string,
'S.hits.pr productVariant')
‘hits product_productVariant',

get json_object(json_string,

cT.

'S.hits.product.productBrand'})
‘hits product_productﬂrand
get json_cobject(json_string,

'S.hits. pro roductRevenus")
‘hits product_productRevenue .
get_json_chject(json_string,
'$.hits.pr lFProductRevenus")
‘hits_product_localProductRevenus',
get json_cobject(json_string,

CT.LE

luct.leo

'S.hits. product. roductPrice')
‘hits product_productPrlce .
get_json_chbject(json_string,
'$.hits.pr 1FProductPri
‘hits_product_localProductPrice’,
get json_object(json_string,
'S.hits. pPr roductQuanti ty ")

‘hits product_productQuantlty .
get_json_object(json_string,
'$.hits.product.productRefundimount ')
‘hits_product_productRefundAmount’,
get_json_chject(json_string,
'S.hits.product.localProductRefundimount')
‘hits product_localProductRefundfmount”,
get_json_object(json_string,
$.hits.product.isImpression’)

‘hits product_isImpression’,
get_json_chject(json_string,

luct.loc

iuctT .

'S.hits.product.isClick")
get_json_chbject(json_string,
'S.hits.p ct.customDimensions')
‘hits_product_customDimensions’,
get_json_chject(json_string,
'S.hits.g

ct.customDimensions.index')
‘hits product_customDimensions_index’,
get_json_cbject(json_string,

'S.hits.p t.customDimensions.values')
‘hits_product_customDimensions_valus',
get json_object(json_string,
'S.hits.product.customMetrics')

‘hits product_customMetrics’,
get_json_object(json_string,
'$.hits.product.customMetrics.in
‘hits product_customMetrics_index’,
get_json_chject(json_string,

luct.customMetrics.values")

S.hits.pr

AS

AS

as

AS

as

RS

AS

RS

AS

AS

as

AS

as

AS

s

AS

As

AS

RS

AS

RS

AS

RS

AS

As

‘hits _product’,

‘hits product_iscClick’,
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150

191

152

194

197

1598

1595

‘hits_product customMetrics wvalue’,
get_json_objesct(json_string,
'S.hits.product.productListNames")
"hits_product productListNams",
get_json_objesct(json_string,
'S.hits.pr
"hits_product productListPosition”,
get_json_objesct(json_string,
'$.hits.promotion')
get_json_cbject(json_string,
'$.hits.promotion.promoId')
‘hits_promotion promoId’,
get_json_cbhject(json_string,
'S.hits.promotion.promoNams')
"hits_promotion promoName' ,
get_json_cbhject(json_string,
'S.hits.promotion.promoCreative’
"hits_promotion promoCreative’”,
get_json_cbhject(json_string,
'S.hits.promotion.promocPosition’)
"hits_promotion promoPosition”,

get _Jjson_cbject(json_string,
'S.hits.g

-omotionfctionInfo')

"hits_promotionfctionInfo’,
get_json_cbhject(json_string,
'S.hits.g

tionInf

~omotion

"hits_promotionfctionInfo_promoIsView ,

get_json_cbhject(json_string,

'$.hits.promotion

get _Jjson_cbject(json_string,
'S.hits.refund")
get_json_cbhject(json_string,
'$S_hits.refund.refundfimount')
"hits_refund refundimount’,
get_json_cbhject(json_string,
'S_hits.refund.lc efundimount")

"hits_refund localRefundAmount’,
get_json_cbhject(json_string,

'$.hits.eCommerc ion.action_ type')

"hits_sCommercelction_action_type’,
get_json_cbhject(json_string,

5.hits.eCommercelction.

"hits_eCommercelction_step’,
get _Jjson_cbject(json_: strlng,

'S_hits.eCo tion. ion'})
hlts_eCommerceActlon_optlon ,

get_json_cbhject(json_string,

MMEX CE

'S.hits.experiment')
get_json_cbhject(json_string,
'S.hits.experiment.experimentId’)
‘hits_experiment experimentId’,
get_json_cbhject(json_string,

'S.hits.experiment.experimentVariant’
"hits experiment experimentVariant’,

get_json_cbhject(json_string,
'S.hits.publisher')
get_json_cbhject(json_string,
'S.hits.publisher.dfpClicks"')
"hits_publisher dfpClicks’,
get_json_cbhject(json_string,
'S.hits.publisher.dfpImpressions")
"hits_publisher dfpImpressions’,
get _Jjson_: object[json string,
'S.hits.publisher.c :
‘hits_publisher dpratchedGuerles B
get_json_cbhject(json_string,

'S.hits.publisher.dfpMefiSurableImpressions')
‘hits_publisher dfpMeR3urableImpressions’

duct.productListPosition’)

promoIsView'

‘ctionInfo.promoIsClick")
‘hits_promotionfictionInfo_promoIsClick’,

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

AS

RS

RS

RS

RS

AS

AS

AS

AS

AS

AS

AS

‘hits_promotion”,

“hits_refund”,

‘hits experiment’,

"hits_publisher”,

‘hits eCommercelction”,
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224

get_json_cbject(json_string,
'S.hits.publisher.dfpQueries")
‘hits_publisher dfpoueries’,
get_json_object(json_string,
'S.hits.publisher.dfpRevenuseCpm')
‘hits_publisher dfpRevenusCpm’,
get_json_object(json_string,

'S.hits.publisher.dfpRevenusCpc')

‘hits_publisher dfpRevenusCpc’,
get_json_cbject(json_string,
'S.hits.publisher.dfpViewableImpressions')
‘hits_publisher dfpViewableImpressions’,
get_json_cbject(json_string,
'3.hits.publisher.dfpPagesViswad")

‘hits_publisher dfpPagesViewsd',
get_json_object(json_string,
'S.hits.publisher.adsenseBackfillDfpClicks")
‘hits_publisher adssnseBackfillDfpClicks”,
get_json_object(json_string,
'S.hits.publisher.adsenseBackfillDfpImpressions’")
‘hits_publisher adsenseBackfillDfpImpressions’,
get_json_cbject(json_string,
'S.hits.publisher.adsenseBackfillDfpMatchedQueries')
‘hits_pubklisher adsenssBackfillDfpMatchsdQueriss”,
get_json_cbject(json_string,

'3.hits.publisher.adsenseBackfillDfpMeASurableImpressions”)

A5 ‘hits_publisher adsenseBackfillDfpMeZ3urableImpressicns’,

get_json_object(json_string,
'S.hits.publisher.adsenseBackfillDfpQueries’)
‘hits_publisher adsenseBackfillDfpQueriss’,
get_json_object(json_string,
'S.hits.publisher.adsenseBackfillDfpRevenusCpm')
‘hits_publisher_adsenseBackfillDfpRevenusCpm’,
get_json_cbject(json_string,
'S.hits.publisher.adsenseBackfillDfpRevenusCpc')
‘hits_pubklisher adsenssBackfillDfpRevenusCpc’,
get_json_cbject(json_string,

'S.hits.publisher.adsenseBackfillDfpViewableImpressions')

‘hits_publisher adssnseBackfillDfpViewableImpressions®,
get_json_objsct(json_string,
'S.hits.publisher.adsenseBackfillDfpPagesViewsd")
‘hits_publisher adsenseBackfillDfpPagesViewed',
get_json_object(json_string,
‘hits_publisher_adxBackfillDfpClicks®,
get_json_cbject(json_string,

‘hits_publisher adxBackfillDfpImpressicns’,
get_json_cbkbject(json_string,

‘hits_puklisher adxBackfillDfpMatchedOusriss”®,
get_json_objsct(json_string,

eImpressions')
‘hits_publisher adxBackfillDfpMeR3urableImpressions’,
get_json_object(json_string,

‘hits_publisher_ adxBackfillDfpQuesries’,
get_json_cbject(json_string,

‘hits_pubklisher adxBackfillDfpRevenusCpm’,
get_json_cbkbject(json_string,

‘hits_publisher adxBackfillDfpRevenuesCpe’,
get_json_objsct(json_string,

‘hits_publisher adxBackfillDfpViewableImpressions®,
get_json_cbject(json_string,

""" Viewed")

‘hits_publisher_ adxBackfillDfpPagesViewsd',
get_json_cbkbject(json_string,
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240

241

242

'$.hits.publisher.adxClicks")

‘hits publisher adxClicks’,
gst_json_ocbjsct(json_string,
'S.hits.publisher.adxImpressions")
‘hits_publisher_adxImpressions’,
get_json cbject(json_string,
'S.hits.publisher.adxMatchedQueries")
‘hits_puklisher adxMatchedQusries’,
get_json ocbjsct(json_string,

'S.hits.publisher.adxMehSurableImpressions’)
‘hits_puklisher adxMelS3urableImpressions’,

get_json ocbjsct(json_string,
'S.hits.publisher.adxQueries'}
‘hits publisher adxQueries’,
get_json object(json_string,
'$.hits.publisher.adxRevenus')
‘hits publisher adxRevenue',
get_json_ocbject(json_string,

'S.hits.publisher.adxViewableImpressions'")

‘hits_publisher_adxViewableImpressions',
gst_json_ocbjsct(json_string,
'S.hits.publisher.adxPagesViewsd")
‘hits_puklisher adxPagssViewsd',

get_json ocbject(json_string,
'S.hits.publisher.adsViewsd")
‘hits_pubklisher adsViewsd',

get_json ocbjsct(json_string,
'$.hits.publisher. i

1ewed")

‘hits puklisher adsUnitsViewsd™,

adsUnit

get_json object(json_string,
'$.hits.publisher.adsUnitsMatched")
‘hits puklisher adsUnitsMatched’,
get_json_ocbject(json_string,
'S.hits.publisher.viewableldsViewed")
‘hits_publisher viewableldsViewed',

get_json cbject(json_string,
'S.hits.publisher.meABurablefdsViewsd")
‘hits_puklisher msRSurableldsViewsd',
get_json ocbject(json_string,

'S.hits.publisher.adsPage
‘hits_puklisher adsPagesViewsd,
get_json cbject(json_string,
'$.hits.publisher.adsClicked')
‘hits publisher adsClicked’,
get_json_cbject(json_string,
'$.hits.publisher.adsRevenus')
‘hits publisher adsRevenus',

gst_json_ocbjsct(json_string,
'S.hits.publisher.dfphdGroup')
‘hits_publisher dfpRdGroup’,

get_json cbject(json_string,
'S.hits.publisher.dfpAdUnits’)
‘hits_pubklisher dfpAdUnits’,
get_json ocbjsct(json_string,
'S.hits.publisher.dfpNetworkId")
‘hits publisher dfpNetworkId’,
get_json object(json_string,
'S.hits.customVariabkles')
get_json cbject(json_string,
'S.hits.customVariables.index")
‘hits customVariakbles index’,
get_json_cbject(json_string,

'S.hits.customVariables.customVarName"')
‘hits customVariakbles customVarName',

gst_json_ocbjsct(json_string,

'S.hits.customVariables.customVarValus"')
‘hits_customVariables_customVarValue®,
get_json cbject(json_string,
'S.hits.customDimensions")
gst_json_ocbjsct(json_string,
'S.hits.customDimensions.index"')
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AS ‘hits_customVariablss’,
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49

w
o

‘hits_customDimensicons_index’,
get_json_objsct(json_string,
'S.hits.customDimensions.valus")
‘hits_customDimensicns_valus',
gst_json_object(json_string,

'$.hits.customMs !

get_json_ocbject(json_string,
'S5.hits.customMetri
‘hits_customMetrics_index”,

ics.index")

get_json_ocbject(json_string,
'S.hits.customMstri

ics.value')
‘hits_customMetrics value",
get_json_ocbject(json_string,
'S.hits.typs")

get_json cbject(json_string,
'S.hits.social")

get_json cbject(json_string,
'S.hits.social.sociallnteractionNetwork'")
‘hits_social socialInteractionNetwork™,
get_json_objsct(json_string,
'$.hits.social.so
‘hits_social socialInteractionfction’,
gst_json_object(json_string,

ialInteractionZction')

ialInteractions')

'S.hits.social.so
‘hits_sccial_socialInteractions’,
get_json_ocbject(json_string,

'S.hits.social.socialInteractionTarg
‘hits_social socialInteractionTarget’,
get_json_ocbject(json_string,
'S.hits.social. ialNetwork")
‘hits_social socialNetwork',
get_json_ocbject(json_string,

'$.hits.social.unigue! -ialInteractions')
‘hits_soccial unigqueSccialInteractions’,
get_json cbject(json_string,
'S.hits.social.hiSSocialSourceReferral')
‘hits_social hASSocial3ocurceResferral’,
get_json_objsct(json_string,
'S.hits.social.sociallnteractionNetworkhction')
‘hits_social_ sociallnteractionNstworkZcticon®,
gst_json_object(json_string,

'$.hits.latencyTracking")
get_json_ocbject(json_string,
'$.hits.latencyTracking.pageloadSample")

‘hits_latencyTracking pageLoadSample’,
get_json_ocbject(json_string,
'$.hits.latencyTracking.pageloa

ITime")
‘hits_latencyTracking pageLoadTime’,
get_json_ocbject(json_string,
'S.hits.latencyTracking.pagsDownloadTime")
‘hits_latencyTracking pageDownlcadTime',
get_json cbject(json_string,
'$.hits.latencyTracking.redirectionTime")
‘hits_latsncyTracking redirsctionTime’,
get_json_objsct(json_string,
'$.hits.latencyTracking.speedMetricsSample")
‘hits_latesncyTracking spesdMstricsSampls’,
get_json_ocbject(json_string,
'$.hits.latencyTracking.domainLookupTims")
‘hits_latencyTracking_domainLockupTims',
get_json_ocbject(json_string,
'$.hits.latencyTracking.serv

e nTime")

‘hits_latencyTracking serverConnectionTime’,
get_json_ocbject(json_string,
'S.hits.latencyTracking.serverResponseTime")
‘hits_latencyTracking_ serverResponssTims',
get_json_ocbject(json_string,
'5.hits.latencyTracking.domLatencyMs
‘hits_latencyTracking domLatencyMetricsSample’,
get_json cbject(json_string,

'S.hits.1

ricsSample")

latencyTracking.domInteractiveTime")
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AS
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AS

AS

AS
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AS
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aAs
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aAs
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‘hits_customMstrics’,

‘hits_type’,

‘hits_social’,

‘hits_latencyTracking”,
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78

83

285

2390

252
2393
294
285
296

"hits_latencyTracking domInteractiveTime ,
get_json_object(json_string,
'S.hits.latencyTracking.domContentLoadedTime")
‘hits_latencyTracking domContentLoadedTime",
get_json_object(json_string,
'$S.hits.latencyTracking.userTimingValus"')
‘hits_latencyTracking userTimingValue',
get_json_ckject(json_string,
'S.hits.latencyTracking
‘hits_latencyTracking userTiming3ample
get_json_ckject(json_string,
'S.hits.latencyTracking.userTimingVarie

ningSampl

‘hits_latencyTracking userTimingVariable®,
get_json_object(json_string,
'$.hits.latencyTracking.userTimingCategory")
“hits_latencyTracking userTimingCategory ,
get_json_object(json_string,
'S.hits.latencyTracking.ussrTimingLabsl")
‘hits_latencyTracking userTimingLabel",
get_json_object(json_string,

'S.hits.soure ropertyInfao')
‘hits_scurcePropertyInfo’,
get_json_ckject(json_string,

'S.hits.sourc

ropertyInfo.sour

‘hits_sourcePropertyInfo_scourcePropsrtyDisplayNams',

get_json_ckject(json_string,

'$S.hits.sourcePr
get_json_object(json_string,
'$.hits.contentGroup”)
get_json_object(json_string,
'S.hits.contentGroup.contentGroupl’)
‘hits_contentGroup_contentGroupl’,
get_json_ckject(json_string,
'S.hits.contentGroup ntentGroupZ ")
‘hits_contentGroup contentGroupZ’,
get_json_ckject(json_string,
ntentGroup3 ")
‘hits_contentGroup contentGroup3’,
get_json_object(json_string,
ntentGroup4 ")
"hits_contentGroup contentGroupd”,
get_json_object(json_string,
ntentGroup5")

'$.hits.contentGroup

'S.hits.contentGroup.c

‘J.hi:s.::ntenzﬂr:up.
‘hits_contentGroup contentGroups',
get_json_object(json_string,
'S.hits.contentGroup.previousContentGroupl")
‘hits_contentGroup_previousContentGroupl',
get_json_ckject(json_string,
'$S.hits.contentGroup.previousContent

oupZ")
‘hits_contentGroup previousContentGroupl',
get_json_ckject(json_string,
'$.hits.contentGroup.previousContent

oup3")
‘hits_contentGroup previousContentGroup3’,
get_json_object(json_string,
'S.hits.contentGroup.previousContentGroupd")
"hits_contentGroup previousContentGroupd’,
get_json_object(json_string,

'S.hits.contentGroup.previousContentGroupi")
‘hits_contentGroup previousContentGroupd',
get_json_object(json_string,
'$S.hits.contentGroup.contentGroupUnigqueViewsl")

‘hits_contentGroup_contentGroupUnigueViewsl™,
get_json_ckject(json_string,

'$.hits.contentGroup.contentGrouplUnigusvi ")
‘hits_contentGroup contentGroupUniqueViews2®,
get_json_ckject(json_string,
'$S.hits.contentGroup.contentGroupUnigqueViews3")
"hits_contentGroup contentGroupUniqueViews3™,
get_json_object(json_string,
'$.hits.contentGroup mtentGroupUnigqueViews4")

=rtyDisplayNa

opertyInfo.sourcePropertyTrackingId")
‘hits_sourcePropertyInfo_scourcePropertyTrackingId’,
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‘hits_contentGroup’,
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‘hits_contentGroup contentGroupUnigqueVisws4',
get_json_ckject(json_string,
' 1 ntentGroup.

contentG

upUnigqueViewsS'") As

‘hits_contentGroup contentGroupUnigqueVisws3™,
299 get_json_cbkbject(json_string,

'S.hits.datkSource') AS ‘hits datRASource’,
300 get_json_ckject(json_string,
s AS “fullvisitorId',
301 get_json_cbkject(json_string,
'S.use d') AS ‘userId’,
302 get_json_cbkject(json_string,
anne ping' AS “channelGrouping ,
303 get_json_cbkbject(json_string,
'S$.socialEngagementType') LS ‘socialEngagementTyps’,
file_date,

TS

file name

G L Lo

o

FROM dip portal stage.stg_googleanalytics;
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Appendix 8: WF[01] core_create

4

—— Workflow [01l]: GOOGLE ANALYTICS STRAGE Z CORE
-— FILE: create_co_googleanalytics.sgl
—-— RRER

CREATE TABLE 'co_goocgleanalytics’ (
“wisitorid® int,
“wisitnumber® int,

“wisitid® dint,

‘wigitstarttims" int,

“date’ string,

“totals® string,

‘totals_visits® int,

‘totals_hits® imnt,

‘totals_pageviews' int,

‘totals_timeonsite’ int,

‘totals_bounces® int,

‘totals_transactions’ int,
‘totals_transactionrevenus® int,
‘totals_newvisits' int,

‘totals_screenviews  int,
‘totals_unigquescreenviews' int,
‘totals_timeonscreen’ int,
‘totals_totaltransactionrevenus® int,
‘totals_sessiongqualitydim’ imnt,

“trafficsource’ string,
‘trafficsource_referralpath’ string,
‘trafficsource_campaign’ string,
‘trafficsource_source’ string,
‘trafficsource_medium’ string,
‘trafficsource_keyword® string,
‘trafficsource_adcontent’ string,
‘trafficsource_adwordsclickinfe® string,
‘trafficsource_adwordsclickinfo_campaignid® int,
‘trafficsource_adwordsclickinfo_adgroupid’® int,
‘trafficsource_adwordsclickinfo_creativeid’ int,
‘trafficsource_adwordsclickinfo_criteriaid’ int,
‘trafficsource_adwordsclickinfo_page’ int,
‘trafficsource_adwordsclickinfo_slot® string,
‘trafficsource_adwordsclickinfo_criteriaparameters’ string,
‘trafficsource_adwordsclickinfo_geclid® string,
‘trafficsource_adwordsclickinfo_customsrid’ int,
‘trafficsource_adwordsclickinfo_adnetworktype® strimng,
‘trafficsource_adwordsclickinfo_targetingcriteria’ string,

“trafficsource adwordsclickinfo targstingcriteria boomuserlistid’ int,

‘trafficsource_adwordsclickinfo_isvidscad' int,
‘trafficsource_ istruedirect’ int,
“trafficsource campaigncods’ string,
‘device’ strim
=

“device browser® string,

— g
‘device browssrversion® string,
‘device browsersize ' strin

— =
‘device operatingsystem’ string,
‘device _operatingsystemversion® string,
‘device ismcobile’ int

= '
‘device mobiledevicebranding’ string,

4 mobiled branding' string
‘device _mobiledsvicemodel® string,
‘device mobileinputselector’ strin

_ P =
‘device mobiledeviceinfo' string,

d mobiled £o° string
‘device mobiledevicemarketingname ™ string,
. T PR -

evice ashversion’ strin

d " flash tring,
“device javasnabklsd’ int,

4 3 blsd t
* T . .

device language string,
‘device_screencolors’ string,

"device screenresoclution’ string,

d lut t g
~ T . . .

evice devicecategor strin

i - d tegory t g,
"geonstwork® string,

‘geonetwork _continent’ string,
‘geonetwork subcontinent’ string,
‘geonstwork country’ string,

XL
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‘geonetwork _region® string,

‘geonetwork metro® string,

‘geonetwork city’ string,

‘geonstwork cityid® string,

‘geonstwork networkdomain® string,
‘geonstwork latitude’ string,

‘geonstwork longitude® string,

‘geonetwork networklocation® string,
‘customdimensions’ string,
‘customdimensions_index’ int,
‘customdimensions_wvalue® string,

*hits’ string,

"hits_hitnumber® int,

‘hits_time® int,

‘hits_hour® int,

‘hits_minute’ int,

‘hits_issecure’ int,

‘hits_isinteraction’ int,
‘hite_isentrance’ int,

‘hits_isexit’® int,

‘hits referer® string,

‘hits_page’ string,

‘hits page pagspath’ string,

‘hits_page hostname’ string,

‘hits_page pagstitle’ string,

‘hits_page sesarchkeyword® string,
‘hits_page searchcategory’ string,
‘hite_page pagepathlevell’ string,
‘hits_page pagepathlevell’ string,

‘hits page pagspathlevel3’ string,

‘hits page pagspathlevel4’ string,

‘hits transaction® string,
‘hits_transaction transactionid’® string,
‘hits_transaction transactionrevenus  int,
‘hits_transaction transactiontax’ int,
‘hits_transaction_transactionshipping” int,
‘hite_transaction_affiliation® string,
‘hite_transaction_currencycode® string,
‘hits transaction localtransactionrevsnus® int,
‘hits transaction localtransactiontax”™ int,
‘hits_transaction localtransactionshipping” int,
‘hits_transaction transactioncoupon® string,
‘hits_item® string,

‘hits_item transactionid’® string,
"hits_item productname’ string,

‘hite_item productcategory’ string,
‘hits_item productsku’® string,

‘hits item itemguantity’ int,

‘hits item itemrevenus’ int,

‘hits_item currencycode’ string,
‘hits_item localitemrevenus’ int,
‘hits_contentinfo’ string,
‘hits_contentinfo contentdsscription’ string,
‘hits_appinfo® string,

‘hits_appinfo_name® string,
‘hits_appinfo_version® string,
‘hits_appinfo id® string,

‘hits_appinfo installerid’® string,
‘hits_appinfo appinstallerid’ string,
‘hits_appinfo_appname’ string,
‘hits_appinfo_appversion’ string,
‘hits_appinfo_appid’ string,
‘hite_appinfo_screenname’ string,
‘hits_appinfo_landingscreenname’ string,
‘hite_appinfo_exitscreenname’ string,
‘hits_appinfo scresndepth’ string,

‘hits sxceptioninfeo’ string,
‘hits_sxceptioninfo descripticn’ string,
"hits_sxceptioninfo_isfatal’ int,
‘hits_sxceptioninfo_exceptions’ int,

LI

‘hits_exceptioninfo_fatalexceptions® int,



Appendices

“hits_eventinfo’ string,
‘hits_eventinfo_sventcategery® string,
‘hits_eventinfo_eventaction® string,
‘hits_eventinfo_eventlabel’ string,
‘hits_sventinfo_sventwvalus' int,
‘hits_product® string,
‘hits_product_productsku® string,
‘hits_product_wZproductnams® string,
*hits_product_v2productcategory’ string,

"hits_product_productvariant®™ string,
‘hits_product_productbrand® string,
‘hits_product productrevenus' int,
‘hits_product localproductrevenue® int,
‘hits_product_productprice’ int,

S el el

wownonoen

‘hits_product_localproductprice’ int,
‘hits_product_productguantity’™ int,
‘hits_product_productrefundamcount® int,

ol

woon

"] ‘hits_product_localproductrefundamount” int,
*hits_product_isimpression’ int,
‘hits_product_isclick® int,

‘hits_product_ customdimensions® string,
‘hits_product_customdimensions_index® int,

3 b3k

‘hits_product_customdimensions_valus® string,
‘hits_product_custommstrics® string,
*hits_product_custommetrics_indesx’ int,
‘hits_product custommetrics_walue® int,

“hits_product_productlistname’™ string,
‘hits_product productlistpesition’ int,
‘hits_promotion’ string,
‘hits_promotion_promoid® string,
‘hits_promotion promoname’ string,

I
&
I
I
~
64
£5
[
e
-
-

‘hits_promotion promocreative’ string,

‘hits_promotion promoposition’ string,
‘hits_promotionactioninfo’ string,
‘hits_promotionactioninfo_promcisview® int,
"hits_promotionactioninfo_promecisclick’ int,
‘hits_refund® string,

“hits_refund refundamcunt® int,

‘hits_refund localrefundamount® int,
‘hits_scommerceaction’ string,
"hits_scommerceaction_acticn_type’ string,
‘hits_scommerceaction_step’ int,
‘hits_scommsrceaction_option® string,
‘hits_experiment’ string,
‘hits_experiment_experimentid’ string,
‘hits_experiment experimentvariant’ string,
‘hits_publisher’® string,

‘hits_publisher dfpclicks’ int,

‘hits_publisher dfpimpressions’ int,

"hits_publisher dfpmatchedqueries’ int,
‘hits_publisher dfpmeasuraklsimpressions’ int,
‘hits_publisher dfpgueries’ int,

‘hits_publisher dfprevenuescpm’ int,

“hits_publisher dfprevenuscpe’ int,

‘hits_publisher dfpviewableimpressions’ int,
‘hits_publisher dfppagessviewsd’ int,

‘hits_publisher_ adsensebackfilldfpclicks’® int,
“hits_publisher_adsensebackfilldfpimpressions’ int,
‘hits_publisher adsensebackfilldfpmatchedgueries’ int,
‘hits_publisher adsensebackfilldfpmeasurableimpressions’ int,
‘hits_publisher adsensebackfilldfpgueries’ int,
‘hits_publisher_ adsenssbackfilldfprevenuscpm’ int,
“hits_publisher adsensebackfilldfprevenuecpe’ int,
‘hits_publisher adsensebackfilldfpviewableimpressions® int,
‘hits_publisher adsensebackfilldfppagesviewed’ int,
‘hits_publisher_ adxbackfilldfpclicks’ int,
"hits_publisher_ adxzxbackfilldfpimpressions’ int,
‘hits_publisher adxbackfilldfpmatchedqusriss’ int,
“hits_publisher adxbackfilldfpmeasurableimpressions’ int,
“hits_publisher adxbackfilldfpgueries® int,

“hits_publisher adxzxbackfilldfprevenuscpm’ int,
ALII
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‘hits publisher adxbackfilldfprevenuscpc’ int,

‘hits publisher adxbackfilldfpviewableimpressions’® int,
‘hits publisher adxbackfilldfppagessviewsd  int,

*hits publisher adxclicks® int,

8 ‘hits_publisher adximpressions’ int,

g "hits publisher adxmatchedgusries’ int,

0 "hits_publisher adxmeasurableimpressicns” int,

1 ‘hits_publisher adxgueriss’ int,

2 ‘hits_publisher adxrevenus" int,

I
e
e |

32 I o
= = F

3 ‘hits_publisher adxviewableimpressions® int,
4 "hits publisher adxpagesviswsd® int,

5 ‘hits_publisher adsviswed® int,

3 *hits publisher adsunitsviswesd® int,

7 ‘hits_publisher adsunitsmatched® int,

8 ‘hits_publisher viewableadsviewsd® int,

g ‘hits publisher measurableadsviewsd' int,
. ‘hits publisher adspagesviswsd® int,
*hits publisher adsclicksd®™ int,
"hits_publisher_ adsrevenus" int,

‘hits publisher dfpadgroup’ string,

‘hits publisher dfpadunits® string,
‘hits_publisher dfpnetworkid’ string,
‘hits_customvariables® string,

| =T e T O Y 5 T % T T e T 0 T S T S T S

“hits customvariakles index” int,
‘hits customvariables customvarname  string,
‘hits customvariables customvarvalue® string,

*hits customdimsnsions’® string,
‘hits_customdimsnsions_indsx’ int,
‘hits customdimsnsions walus® string,
‘hits custommetrics® string,

‘hits custommstrics index” int,

W b

‘hits custommetrics value® int,

‘hits_type' string,

‘hits_social’ string,
‘hits_social_socialinteractionnetwork’ string,

‘hits social socialinteractionaction’ string,
‘hits_sccial socialinteractions®™ int,

1 *hits social socialinteractiontarget’™ string,
‘hits_social socialnstwork®™ string,
‘hits_social_uniquesocialintsractions’ int,
‘hits sccial hassocialsourcereferral® string,

I LT Y oY o O Y Y A Y S
1 o LN O

"hits_sccial socialinteractionnetworkaction® string,
‘hits latencytracking® string,
‘hits_latencytracking pageleoadsample’ int,
‘hits_latencytracking_pageloadtime’ int,

‘hits latencytracking pagedownloadtime®™ int,

‘hits latencytracking redirsctiontime’ int,

1 *hits latencytracking spsedmetricssampls’ int,
‘hits_latencytracking domainlookuptime® int,

‘hits latencytracking serverconnecticontims® int,
‘hits latencytracking serverresponsetime® int,
‘hits latencytracking domlatencymetricssample’ int,
‘hits_latencytracking dominteractivetime® int,
‘hits_latencytracking domcontentloadsdtime’ int,

8 ‘hits latencytracking usertimingvalus’ int,

S ‘hits latencytracking ussrtimingsample’ int,

'
'
s
&
I
&
'
I
ey

. ‘hits latencytracking ussrtimingvariabkls® string,

1 ‘hits_latencytracking usertimingcategory’ string,

*hits latencytracking ussrtiminglabsl’ string,

‘hits sourcepropertyinfo’ string,

‘hits_ sourcepropertyinfo sourcepropsrtydisplaynams’ string,
‘hits sourcepropertyinfo sourcepropertytrackingid’® string,
‘hits_contentgroup’ string,

‘hits contentgroup contentgroupl® string,

8 ‘hits_contentgroup contentgroup2’ string,

: ‘hits contentgroup contentgroup3’® string,

30 ‘hits_contentgroup contentgroup4’ string,

g1 ‘hits_contentgroup contentgroup3’ string,

g2 ‘hits contentgroup previouscontentgreoupl® string,

83 ‘hits_contentgroup_previocuscontentgroup2® string, LI
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24 ‘hits contentgroup previouscontentgroupd® string,



Appendices

‘hits_contentgroup previouscontentgroupd4® string,
‘hits_contentgroup previouscontentgroup5® string,
‘hits_contentgroup_contentgroupunigueviswsl® int,
‘hits_contentgroup_ contentgroupunigqueviews2® int,
‘hits_contentgroup_contentgroupunigueviews3® int,
"hits_contentgroup contentgroupunigueviews4” int,
91 ‘hits_contentgroup_contentgroupunigueviews3® int,

92 ‘hits datascurcs’ string,
93 ‘fullvisitorid’ string,
594 ‘userid’ string,
95 “channelgrouping’ string,
5 ‘socialengagsmenttyps’ string,

"file name’ string)
98 PARTITICNED BY (

[P T O T ST O T O T G T O T O O T T O (S I S I S |

99 ‘effectiv_date’ string)

oo ROW FORMAT SERDE

301 'org.apache.hadoop.hive.qgl.1i '

02 3TORED AS INPUTFOEMAT

303 'org che.hadoop.hive.gl.io.parquet.M

304 OUTPUTEFORMAT

3053 'org.ar .gl.ic.parquet.MapredParquetOutputFormat"’

306 LOCATION

30 's3a://dip-portal-test-s3-data-01/warshouse/dip portal core.db/co_googleanalytics'

308 TELPEOPERTIES (

309 '"PARQUET . COMPRESS "="SNLAFPY ",
3210 'transient_lastDdlTime'="152101434¢€")
311

XLIV
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Appendix 9: WF[01] _core_run

3

—— Workflow [01]:
-— FILE: df

e s LR | Y S PV |

8 SET hive.exec.dynamic.partition.mode=ncnstrict;
9 SET hive.executlon.engine=mr;
10 INSERT OVERWRITE TABLE dip portal core.co_googleanalytics PARTITION (sffectiv_date)
11 SELECT wisitorId ,
12 visitNumbsr ,
13 visitId ,
visitStartTime ,
“date” ,
totals ,
17 totals_wisits ,
8 totals_hits ,
9 totals_pageviews ,
totals_timeOnSite ,
totals_bounces ,
totals_transactions ,
totals_ﬁransactimnRevenue B

3

=
| I AT R SO )

3

totals_newVisits ,
tDtals_s:reenviews .
totals_unigqueScresenviews ,
totals_timeOnScresn ,

8 totals_totalTransactionRevenus ,
totals_sessionQualityDim ,
trafficSource ,

24

31 trafficScurce_referralPath .

32 trafficSource_campaign ,
trafficSource_source ,

trafficSource_medium ,

trafficSource keyword ,
traffi:Scurce_adCcntent .
trafficSource_adwordsClickInfo ,
trafficSource_adwordsClickInfo campaignId ,
trafficSource_adwordsClickInfo_adGroupId ,
trafficSource_adwordsClickInfo creativeId ,
trafficSource_adwordsClickInfo_criteriald ,
trafficSource_adwordsClickInfo_page ,
trafficSource_adwordsClickInfo_slot ,
trafficSource_adwordsClickInfo_criteriaParamsters ,

5 trafficSource adwordsClickInfo_geclId ,

[ trafficSource_adwordsClickInfo_customerId ,

47 trafficSource_adwordsClickInfo_adNetworkType ,

48 trafficSource_adwordsClickInfo_ targetingCriteria ,

49 trafficSource_adwordsClickInfo targstingCriteria boomUserlistId ,

u] trafficSource_adwordsClickInfo_isVideoad ,
trafficSource_isTrusDirect ,
trafficSource_ campaignCode ,

device ,

(S

noen N

4 device_browser ,
5 device browserVersiom ,

[ device browserSize ,

n oo

device_opesratingSystem ,
8 device_operatingSystemVersion ,
] device_isMobile ,

0 device mobileDeviceBranding ,
device mobileDeviceModel ,
device mobileInputSelector ,

3

device _mobileDeviceInfo ,

device mobileDeviceMarketingName ,
device_flashVersion ,

device javaEnabled ,
device_language ,

O M G M
1 & Ln s .

8 device screenColors ,

device_screenResclution ,
0 device_deviceCategory ,
1 gecNetwork ,

XLV
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geoNetwcrk_continent R
geoNetwork subContinent ,
geoNetwork country ,

o
[T T S

geoNstwork region ,

geoMetwork metro ,

geoNetwork _city ,

geoNetwork cityId ,
geoNetwcrk_networchmain .

geoNetwork latitude ,

geoNetwork longitude ,

geoNstwork networkLocation ,
customDimensions
customDimensions index ,
customDimensions_wvalus ,

hits ,

hits hitNumber ,

hits_time ,

hits_hour ,

hits minute ,

hits isSescure ,

hits isInteracticon ,

hits_isEntrance ,

hits isExit ,

hits referer ,

hits page ,

hits pags pagePath ,

hits pages hostnams ,

hits pags pagsTitle ,
hits_pags_sesarchRsyword ,
hits_pags_ssarchCategory ,

hits pags pagsPathLsvell ,

hits page pagePathlLevell ,

hits page pagePathLevel3 ,
hits_pags_pagePathLeveld ,

hits_ transaction .,

hits transaction transactionId ,
hits_transaction_transactionRevenus ,
hits transaction transactionTax ,
hits transaction transactionsShipping ,
hits transaction affiliation ,
hits_transaction_currencyCode ,
hits_transaction_localTransacticnRevenus ,
hits transaction localTransactionTax ,
hits_transaction_localTransacticnShipping ,
hits_transaction_transactionCoupon ,
hits item ,

hits item transactionId ,

hits item productName ,

hits_item productCategory ,

hits item productsSku ,

hits item itemQuantity ,

hits_item itemRevenus ,

hits item currencyCode ,

hits item localItsmRevenus ,

hits contentInfo ,
hits_contentInfo_contentDescription ,
hits_appInfo ,

hits appInfo nams ,
hits_appInfo_wersion ,
hits_appInfo_id ,

hits appInfo_installerId ,

hits appInfo appInstallerId ,

hits appInfo appNames ,
hits_appInfo_appVersion ,

hits appInfo_appId .,

hits appInfo scresnName ,
hits_appInfo_landing3creenNams ,
hits_appInfo_exitScreenName ,

hits appInfo_scresnDepth , LVI
hits exceptionInfo ,

142 hits exceptionInfo description ,
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hits_exceptionInfo_isFatal ,

hits exceptionInfo_exceptions ,
hits_exceptionInfo_fatalExcepticns ,
hits_eventInfo ,
hits_eventInfo_eventCategory ,
hits_eventInfo_sventAction ,
hits_eventInfo_eventLabesl ,
hits_eventInfo_eventValue ,

hits product ,
hits_product_product3RU ,

hits product v2ProductMName ,

hits _product vZProductCategory ,
hits_product productVariant ,

hits product productBrand ,
hits_prcduct_prmdu:tRevenue .
hits_product localProductRevenus ,
hits product productPrice ,

hits _product localProductPrice ,
hits_product productQuantity ,
hits product_productRefundimount ,

hits_prcduct_lmcalPdeuctRefundémDunt .
hits_product_isImpression ,

hits product_isclick ,

hits product customDimensions ,
hits_product_ customDimensions_index ,
hits product_ customDimensions_walue ,

oM M
e AR Y R

hits_product customMetrics ,

hits_product_ customMstrics index ,
hits_product_customMstrics value ,
hits_product_productListNams ,

hits product productListPositicn ,
hits_promotion ,

hits_promotion_promolId ,

hits promotion promoName ,
hits_promotion_promoCreative ,
hits_promotion_promoPosition ,

hits promotionfictionInfo ,

hits _promotionZictionInfo_promoIsView ,

hits promotionActionInfo_promoIsClick ,
hits_refund ,

hits_refund refundfmount ,
hits_refund_lmcalRefundAmDunt .
hits_e=Commercelction ,
hits_eCommercelction_action_type ,

hits eCommerceBction_step ,
hits_=CommercelAction_ocption ,

hits_expsriment ,

hits expsriment experimentId ,

hits_expsriment experimentVariant ,
hits_publisher ,

hits publisher dfpClicks ,

hits publisher dfpImpressions ,

hits_publisher dfpMatchsdQusries ,
hits_publisher dfpMeasurableImpressions ,
hits_publisher dfpQueries ,

hits_publisher dfpRevenusCpm ,

hits _publisher_ dfpRevenusCpc ,

hits_publisher_ dfpViewableImpressions ,

hits pubklisher dfpPagesViewsd ,

hits publisher adsenseBackfillDfpClicks ,
hits_publisher_ adsenseBackfillDfpImpressions ,
hits publisher adsenseBackfillDfpMatchsdOQueries ,
hits publisher adssnseBackfillDfpMesasurableImpressions ,
hits_publisher_ adsenseBackfillDfpQusriss ,
hits pubklisher adsenseBackfillDfpRevenusCpm ,
hits publisher adssnseBackfillDfpRevenusCpc ,
hits_publisher_ adsenseBackfillDfpViewableImpressions ,
hits _publisher adssnseBackfillDfpPagesViewsd ,
hits publisher adxBackfillDfpcClicks ,

hits publisher adxBackfillDfpImpressions ,
hits_publisher adxBackfillDfpMatchedQusries ,

NALVII
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hits publisher adxBackfillDfpMsasurableImpressions ,
hits publisher adxBackfillDfpQueries ,

hits publisher adxBackfillDfpRevenueCpm ,
hits publisher adxBackfillDfpRevenusCpc ,
hits publisher adxBackfillDfpViewableImpressions ,
hits publisher adxBackfillDfpPagesViewed ,
hits publisher adxClicks ,

hits publisher adxImpressions ,

hits publisher adxMatchedQuesriess ,
hits_publisher_ adxMeasurableImpressions ,
hits publisher adxQueries ,

hits publisher adxRevenue ,

hits _publisher adxViewableImpressions ,
hits _publisher adxPagesViewsd ,

hits publisher adsVieswed ,

hits publisher adsUnitsViewed ,

hits publisher adsUnitsMatched ,

hits publisher viewableRdsViewsd ,

hits publisher measurableRdsViswsd ,

hits publisher adsPagesViewesd ,

hits publisher adsClicked ,

hits publisher adsRsvenus ,

hits publisher dfpadGroup ,

hits_publisher_ dfpAdUnits ,

hits publisher dfpNetworkId ,

hits customVariablss ,
hits_customVariables_index ,
hits_customVariables_customVarName ,

hits customVariables customVarValue ,

hits customDimensions ,
hits_customDimensions_index ,
hits_customDimensions_wvalus ,

hits customMetrics ,

hits customMetrics_index ,

hits customMetrics_value ,

hits_type .,

hits social ,

hits social socialInteractionNetwork ,
hits_sccial sociallInteractionfiction ,
hits_sccial socialInteractions ,

hits social socialInteractionTarget ,
hits_sccial socialNetwork ,

hits_scocial unigqueScciallInteractions ,
hits_social hasSocialSocurceRsferral ,
hits_social socialInteractionNstworkAction ,
hits_ latencyTracking ,

hits_latencyTracking pagsloadSample ,

hits latencyTracking pageloadTime ,
hits_latencyTracking pageDownloadTime ,
hits latencyTracking_redirectionTime ,

hits latencyTracking speedMetrics3ample ,
hits latencyTracking domainLookupTime ,
hits_latencyTracking_serverConnectionTims ,
hits latencyTracking serverResponseTims ,
hits latencyTracking domLatencyMetricsSample ,
hits_latencyTracking domInteractiveTime ,
hits_latencyTracking domContentLoadedTime ,
hits latencyTracking_userTimingValus ,

hits latencyTracking userTiming3ample ,
hits latencyTracking userTimingVariable ,
hits latencyTracking userTimingCategory ,
hits latencyTracking userTimingLabel ,
hits_sourcePropertyInfo ,
hits_scurcePropertyInfo_sourcePFropertyDisplayName ,
hits_sourcePropertyInfo_sourcePropertyTrackingld ,
hits_contentGroup ,
hits_contentGroup_contentGroupl ,

hits contentGroup contentGroupZ ,

hits contentGroup contentGroup3 ,
hits_contentGroup_contentGroupd ,

hits_contentGroup contentGroup3S ,
Acvill
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hits contentGroup previcusContentGroupl ,
hits contentGroup previcusContentGroupZ ,
hits contentGroup previcusContentGroup3 ,
88 hits_contentGroup previousContentGroupd
29 hits contentGroup previcusContentGroup3 ,
S0 hits contentGroup contentGroupUnigusViswsl ,

hits contentGroup contentGroupUniqueViewsZ |
hits contentGroup contentGroupUnigusVisws3 ,
hits contentGroup contentGroupUnigueViews4d
hits contentGroup contentGroupUnigqueVisws3 |
hits_dataSource ,

fullvisitorIid ,

97 userld ,

B channelGrouping ,

99 socialEngagementTypes ,

i "file name" ,

file dats

0z FROM dip portal cleanse.cls_googleanalytics;
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Appendix 10: WF[01A] core_create

[

o

{5 O S T e T i O T e O G Y i )

M=l o
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RTINS

Wom =] mWn

s W

-- Workflow [0la]: GOOGLE_ANALYTICS_ HITS_ CUSTOMDIM CORE
-— FILE: create_co _googleanalytics hits customdim.sgl
—— AREA: core

CREATE TABLE ‘co_googleanalytics_hits customdim’® (
“fullvisitorid® string,
"hits_customdim &8° string,
‘hits_customdim_€9° string)
PARTITIONED BY (
‘effectiv_date’ string)
ROW FORMAT SERDE
'org.apache.hadoop.hive.gl.ic.parquset.serde.ParqustHivesSerDs
S3TORED AS INFUTFORMAT
'org.apache.hadoop.hive.gl.io.parquet.MapredParquastInputFormat’
OUTPUTFORMAT
'org.apache.hadoop.hive.gl.ic.pargquet.MapredParquetout
LOCATIOCN

Format'

sSa-ffdip—pnr— l—teat—a3-—dat+ts-—01 warchon F’dil ¥ rtal Or Al

gleanalytic

hi

tE :]. EI :IE,-iJ'IE‘

TBLPROPERTIES (
'PARQUET.COMPRESS "="'SNAPPY ',
'numFiles'="1",

'numRows '="100",
'rawDataS8ize'="&00",
'totalSize'="18119",

"transient lastDdlTime'="1522

%]

3Z2631")
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Appendix 11: WF[01A]_core_run

3

L) B PR |
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3

F
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o
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]
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3
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-— Workflow [0lR]: GOOGLE ANALYTICS HITS_CUSTOMDIM CORE
-— FILE: df_co_google_analytics_hits_customdim.sgl
—-— RREL: core

ADD JAR s3://dip-welt-test-s3-app-0l/hive/libs/brickh
CREATE TEMPORARY FUNCTION from json AS 'brickhouss i
CREATE TEMPORARY FUNCTION to_jsmn AS 'brickhou
SET hive.exscution.engine=mr;

SET hive.exec.dynamic.partition.mode=nonstrict;

WITH co_googleanalytics_hits_customdim_tmp

AS

(

SELECT fullvisitorid,
sort_array(from json(hits_customdimensions,'array<string>')) AS
hits_customdimsnsions,
callect_set(get_json_cbjsct(hits_customdimensions objesct, 'S.wvalus'))[0] AS
hits_customdim 68,
callect_set(get_json_cbjsct(hits_customdimensions object, 'S.wvalus'))[1] AS
hits_customdim €9,
rank{) over (PARTITION BY
collect_set (get_json_ocbject(hits_customdimensions_cbject, "S.walus='})}[1]
OFRDER BY fullvisitorid DESC) AS rank fullvisitorid,
effectiv_date

FROM dip_peortal_cores.co_googleanalytics

LATERAL

VIEW expleode (sort_array(from_ json(hits_customdimensions, '

ay<string>')))
hits customdimensicns_arr expleded AS hits customdimensions_chject
WHERE effectiv_dates=3{DATE}

BEND get_7json_ocbjsct(hits_customdimensions cbjesct, 'f.indsx') IN (£8,£9)
GROUP
BY fullwvisitorid,

hits_customdimensions,effectiv_date
).
co_googleanalytics_hits_customdim multiple fullvisitorid_tmp
AS
(
SELECT

fullvisitorid,

hits_customdim €8,

hits_customdim 6%,

effectiv_dats
FROM co_googleanalytics_hits customdim tmp
WHERE rank fullvisitorid = 1 -- remove multiple fullvisitorid per device
AND hits_ customdim €% IS NOT NULL

INSERT OVERWRITE TABLE dip_ portal core.co_googleanalytics_hits_customdim PARTITION
(effectiv_date)
SELECT
DISTINCT fullvisitorid, —-- remove multiple fullwvisitorids (thess sxist
because of multiple ssssicons per day)
hits_customdim 68,
hits_customdim 6%,
CAST (seffectiv_date AS string)
FROM co_googleanalytics_hits customdim multiple fullvisitorid tmp

LI
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Appendix 12: WF[01B] _core_create

2 —— Workflow [01EB]: GOOGLE_ANALYTICS HITS CORE
3 —— FILE: create co_googleanalytics_hits.sgl
4 —— BEERL: core
5 e
7 CREATE TABLE ‘co_googleanalytics _hits’ (
-] *fullwisiteorid® string,
] ‘wisitid® int,
10 ‘hit _number® string,
11 *hit_time® string,
12 ‘hit_hour® string,
13 ‘hit_minute’ string,

‘hit_is _entrance’ string,
‘hit_page path® string,
‘hit_page_title’ string,
‘hit_product_nams string,

18 "hit_product_wvariant’ string,

19 ‘hit_product_category’ string)

z0 FARTITIONED BY (

21 ‘effectiv_date’ string)

22 ROW FORMAT SERDE

23 'org.apache.hadoop.hive.gl.io.parquet.serde.ParquetHiveSerDe'

24 STORED AS INFUTFORMAT

Z3 'org.apache.hadoop.hive.gl.ioc.parquet.MapredPargquetInputFormat”'

2 QUTPUTFORMAT

27 'org.apache.hadoop.hive.gl.io.parquet.MapredParquetOutputFormat’

28 LOCATION

z9
'"s2a://dip-portal-teat-=3-data-01/warshonss/dip portal core.dbh/co googleanalyhics hi
s’ B a B B

30 TELPROPERTIES (

31 "PARQUET . COMPRESS "="'SNAPPY ",

3z 'transient_lastDdlTime'='1519984012")

33

34

LIl
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Appendix 13: WF[01B] _core_run

a3k

[ I

[+

-— Workflow [01B]: GOOGLE ANALYTICS HITS_ CORE
—— FILE: df_co_google_analytic_hits.sgl
—— AREL: core

ADD JER s3://dip-welt-test-s3-app-0l/hive/libs/brickhouse—0.7. -3NAPSEOT.jar;
CREATE TEMPORARY FUNCTION from json AS 'brickhouse.udf.json.FromJsonUDFE';
CREATE TEMPORARY FUNCTION to_json AS 'brickhouss

SET hive.sxscutlon.sngins=mr;

son.FromJsonUDF';

SET hive.exec.dynamic.partition.mode=nonstrict;

INSERT OVERWRITE TABLE dip portal cors.co_googleanalytics_hits PARTITION

(effectiv_date)

select fullwvisitorid, wisitid,
get_json_cbject(hit_cbject, '5.hitNumbsr') AS hit_number,
get_json_cbjesct(hit_cbject, .time") AS hit_tims,

AS hit hour,

AS hit _minute,

=nce') AS hit_is_entrance,

gst_json_ cbjsct(hit cbject,
get_json_cbjesct(hit_cbject,
get_json_cbjsct(hit_ocbject,
get_ json _cbjesct(hit_cbjesct,
gst_json_cbjsct(hit_cbjesct, 2 oT-Te
from json(get_json_ocbjesct(hit_ Dbject

=Path') as hit_page path,
ageT 1tl;'J as hlt_page title,

m='),

<string>')} [0] as hlt_product_name,
-— concat_ws(',",from json(get_json_objsct (hit_objesct,
’$.p:ciuct.vZP:cductHame'], ‘arrayﬁstring}’)] as hit “”cduLt _name,

concat ws(',',from_jsnn{get_json_abje:t(hit_object,
'$.product.productVariant'), 'arra tring>')) as hit product wvariant,
concat ws(',',from json(get_jscn_objsct(hit_objsct,

ategory'), 'array<string>')) as hit_product category,

'f.product.vZ2Produc
effectiv_date
FROM dip portal core.co _googleanalytics
LATERAL
VIEW explode (from_json(hits, 'array:
WHERE effectiv_date=3{DATE};

string>'}}) hit_arr exploded as hit _okject

LI
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Appendix 14: WF[02] _staging_run

—— Workflow [0Z]: EVENTSTORE STA
-— FILE: df stg_tl eventstore i

)

ool L b
|
|

time"' as eventtime,

BRREL: stage

B8 SET hive.exec.dynamic.partition.mode=nonstrict;

9 M3CK REPAIR TABLE dip portal stags.stg_tl eventstore ext;
10 DROFP TABLE dip portal stage.stg _tl eventstore_idkey map;
11 CREATE TABLE dip portal stage.stg_tl _eventstore idkey map
12 As
13 SELECT get_jscon_object(json_string, 'S id') as event_id,
14 get_7json_object(json_string, 'S itorid") as wvisitor_id,
15 get_Jjson_object(json_string, 'S

o

get_json_object(json_string, custor

customer_ idkey map

as

dip portal stage.stg_tl_eventstore_esxt a

TO DATE (FROM UNIXTIME (CAST (SUBSTR(get_json_object(json_string,
ntti "y,1,l0) AS BIGINT))) = DATE SUB(S{DATE}, [)

file date BETWEEN CAST (DATE SUB(3{DATE}, 1) AS 3TRING) AND
CAST (DATE _SUB (5{DATE}, [) AS STRING) ;

LIV



Appendices

Appendix 15: WF[02] cleanse_run

)

—-— FILE:
LEREL:

[ R = PR |
|
|

-]

B SET hive
g SET hive

—-— Workfl

ow [02]: EVENTSTORE STAGE 2 CORE
df cls tl eventstors idkey map.sgl
cleanss

.exscution.engine=mr;
.exec.dynamic.partition.mode=nonstrict;

11 DROP TABLE dip_portal cleanse.cls_tl_sventstore_idksy map;

14 AS
13 SELECT *

12 CREATE TABLE ‘dip portal cleanss.cls_tl esventstore_idksy map’
1z STORED AS PARQUET TELFROFERTIES ('PARQUET.COMPRES

FROM dip portal stage.stg tl eventstore idkey map;

LV
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Appendix 16: WF[02]_core_run01

—-— Workflow [ EVENTSTORE STA

3

2 CORE

3 —— FILE: df co_tl sventstors idkey map.sgl
4 —— BRRER: core
=T ——
8 SET hive.exec.dynamic.partition.mode=nonstrict;

10 INSERT OVERWRITE TABLE dip_portal core.coc_tl_eventstore_idkey map PARTITION

(effectiv_date)

11 SELECT event_id,

12 visitor_id,

13 eventtime,

14 customer_idkey map,
5

CAST (TO DATE (FRCM_UNIXTIME (CAST (SUBSTR(eventtime,l,10) AS BIGINT))) AS
STRING) as sffectiv_date
FROM dip portal clsanse.cls_tl sventstors_idkey map a;

53]

LVI
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Appendix 17: WF[02]_core_run02

—— Workflow [0Z]: EVENTSTORE STAGE Z CORE

3t

3 -— FILE: _tl eventstore idkey map distinct.sgl
4 —-— AREEL:
5 e ————_—————— e e
8 SET hivs.exec.dynamic.partition.mode=nonstrict;
9 SET hivs.sxscution.sngine=mr;
10 DROP TABLE dip portal core.co_tl sventstore idkey map distinct;
11 CREATE TABLE dip portal core.co_tl eventstores idkey map distinct
1z As
13 WITH co_tl eventstore_idkey map distinct_tmp
14 AS
13 ({

1

SELECT DISTINCT wvisitor_id,

17 customer_idkey_map

18 FROM dip portal cores.co_tl_eventstore_ idkey map

b

co_tl eventstore_idkey map distinct rank tmp

AS

(

SELECT visitor_id,
customer_idkey map,
rank() over (partition by visitor_ id order by customsr_ idkey map desc) as
rank_wisitor_id -- multiple customer_idkey maps per visitor_id -> multiple
laogins per devics

FROM co_tl eventstors_idkey map_ distinct _tmp

)

8 SELECT visitor_id,
customer_idkey map

FROM co_tl eventstore_idkey map distinct_rank tmp

3

4

o

31 WHERE rank visitor _id=l; -- only use the first customer idkey map ignore all others

LViI
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Appendix 18: WF[03]_stage_create

2  --— Workflow [03]: PRICING DATA STAGE 2 CORE

3 -—- FILE: create stg price data.sgl

4 —-— RREAR: stage

5 __________ e

7 CREATE TABLE ‘stg_price_data’ (

8 “date’ string,

9 ‘keyword_raw' string,

10 ‘keyword _raw_state’ string,

11 "keyword® string,

12 “exact’ string,

13 “costs® string,

14 “clicks’ string,

15 “conversions  string,

16 “epe’ string,

7 "buymarketid’® string)

18 ROW FORMAT SERDE

19 'org.apache.hadoop.hive.gl.io.parquet.serde.ParquetHiveSerDe'

20 STORED AS INPUTFORMAT

21 'org.apache.hadoop.hive.gl.io.parquet.MapredParquetInputFormat’

22 QUTPUTFORMAT

23 'org.apache.hadoop.hive.gl.io.parquet.MapredParquetOutputFormat "

z4 LOCATION

25
'hdfs://1p-172-31-23-38 . eu-central-1.compute.internal :8020/user/hive/warehouse/dip p
nr—a'l_ tage. do/ +d_}_’-'r'i r—_d ta"

26  TBLPROPERTIES (

27 'PARQUET .COMPRESS '="'SNAPPY ',

28 'last_modified by'='hadoop',

29 'last modified time'='1536069906",

30 'numFiles'="0",

31 'numRows "="'46285&67",

32 'rawDataS3ize '="46235670",

33 'totalSize'="0",

34 'transient_lastDdlTime'='1536069507")

35
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Appendix 19: WF[03]_stage_run
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—— Workflow [03]: PRICING DATAE
—— FILE: df stg_pricing data.sgl
—— RARER: stage

SET hive.sxecution.sengine=mr;
SET hive.exec.dynamic.partition.mode=nonstrict;

DROP TABLE dip_portal stage.stg_price_data;

CREATE TABLE ‘dip portal stage.stg price data’

STORED AS PARQUET TBELPROPERTIES ('PARQUET.COMPRES3'="SNAPPY')
AS

SELECT * FROM dip portal stage.stg_price_data esxt;

LIX



Appendices

Appendix 20: WF[03]_cleanse_run01
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-— Workflow [03]: PRICING DATA STAGE 2 CORE
-— FILE: df els p
—— RRERZ: cleanse

ing data.sqgl

SET hive.executlion.engine=mr;
SET hive.exec.dynamic.partition.mode=nonstrict;

DROFP TABLE dip portal cleanse.cls _pricing data;
CREATE TABLE dip portal cleanse.cls pricing data

STORED AS PARQUET TBLPRCPERTIES ('PRRQUET.COMPREZS'="ZNi
AS

SELECT
-—Transform the date to dd.MM.yyyy

from unixtims(unix timestamp({ date”, 'dd.MM. y-MM—dd"') AS price date,

ksyword raw,
keyword,
exact,
costs,
clicks,
conversions,
—-—Round cpc to three digits
BROUND (REPLACE (cpc, ",", "."), 2) AS cpc,
buymarkstid
FROM
dip portal stage.stg _price_data;
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Appendix 21: WF[03]_cleanse_run02
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-- Workfl

-— FILE:
—— AERER:

SET hive
SET hive

ow [03]: PRICING DATR STAGE Z CORE
df cls pricing_ data _avg.sgl
cleanse

.execution.sngine=mr;
.exec.dynamic.partition. mode=nonstrict;

DROP TABLE dip portal cleanse.cls_pricing data_ avg;

CREATE TABLE dip portal cleanse. cls_prlc;ng data avg

3TORED AS PARQUET TELPROPERTIES ('PRRQUET.COMP

[

AS

SELECT price_date,
keyword,
buymarketid,

avg (cpc) as cpe
FROM dip portal cleanse.cls_pricing data

GROUP

BY price _dats,
keyword,
buymarketid;
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Appendix 22: WF[03]_core_run

3
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—— Workfl

-— FILE:
—— LREER:

SET hive.

SET hives.exec.dynamic.partition.mode=nonstrict;

DROP TABLE dip portal core.co_pricing data_avg;
CREATE TABLE 'dip portal core.co_pricing data avg'
STORED AS PARQUET TBLPRCOPERTIES ('PRRQUET.COMPRESS3"

AS

SELECT * FROM dip portal cleanse.cls _pricing data_avg;

ow [03]: PRICING_DATAR 3 =
df co_pricing data_avg.sgl
cores

exscution.engine=mr;
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Appendix 23: WF[04] _stage_run

3

—— Workflow [04]: INTELLIAD CLICF. REFPORT 3TAGE 2 CORE
-— FILE: df stg_intelliad click report.sgl
ARER: stage

[T
|
|

-]

8 SET hive.execution.engine=mr;
=] SET hive.exec.dynamic.partition.mode=ncnstrict;

11 DROP TABLE dip portal stage.stg_intelliad click report;

CREATE TABLE dip portal stage.stg intelliad click report

3TORED AS PARQUET TBLPROPERTIES ('PARQUET.COMPRESE'='SNREPY')

AS

SELECT “clickid®,
‘trackingproviderid’,
“userid”,
‘uniqueaccountid’,
"bidobserverclientid’®
‘buymarketid’,
“clientid’,
"accountnames ,
‘campaignid’,

‘campaignnams’,
“adgroupid’,
"adgroupnams

ST S I S I S I
[ I Y

J o

‘creativeid”,
“headline” ,
‘descriptionl’,
‘descriptionl’,
‘criterionid”,
"adextensionid’,
“keyword"®,
‘matchtypes’,
tipaddress’T,
‘clickday’,
‘clicktime’
‘placement’,

v

‘devicetype’,

‘clicktype’,

“forwardurl®,

‘referer’,
CAST(clickDay AS string) AS file date,
REGEXP EXTRACT(INPUT FILE NAME, '.*/(.*)/(.*)', 2) AS file name
FROM dip pertal stage.stg_intelliad click report_ext
¢ WHERE clickDay BETWEEN CAST (DATE SUB(S{DATE}, 1) AS STRING) AND
CAST (DATE SUB(S5{DATE}, [) AS STRING);
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Appendix 24: WF[04] cleanse_run

2 —— Workflow [04]: INTELLIAD CLICK REPORT STRGE 2 CORE

3 -— FILE: df_cls_intelliad click report.sgl

4 -— BAREAZ: cleanse

5 ________________________________________________________________

-1 m

= SET hive.sxecutilion.engine=mr;
] SET hive.exec.dynamic.partition.mode=nconstrict;

DROP TABLE dip portal cleanse.cls _intelliad click report;
CREATE TABLE ‘dip portal cleanses.cls_intelliad click report’
STORED AS PARQUET TELPROPERTIES ('PARRQUET.COMPREZS )
AS

SELECT * FROM dip portal stage.stg_intelliad click report;

3 '="3N
= 2
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Appendix 25: WF[04]_core_run

-- Workflow [04]: INTELLIAD CLICK REPORT STAGE 2 CORE
-— FILE: df co_intelliad click report.sgl

)

ARERZ: core

[ XL SV
|
|

-1 m

B set hive.sxscution.engine=mr;
] SET hive.exec.dynamic.partition.mode=nonstrict;
10 INSERT COVERWRITE TABLE dip portal cores.co_intelliad click report PARTITION
(effectiv_date)
11 SELECT “clickid’,
12 ‘trackingproviderid®,
‘userid’,

)

‘unigusaccountid’,
‘bidobserverclientid’,
‘buymarketid’,

F
o L

I

17 “elientid”,
o - . .
18 accountnams
. N
campaignid ,
‘campaignnams’,
‘adgroupid’,
‘adgroupnams ",
‘creativeid’,

“headline” ,

‘descriptionl”,
‘description2’,
‘criterionid”,

B T R

8 "adextensionid’,

| T O T S T o T S T e O R

9 “keyword",

‘matchtyps’,
“ipaddress’,
‘clickday”®,

"clicktime™ ,
‘placement’,
“devicstype",
‘clicktypes’,
“forwardurl®,

38 "refersxr",
file name,
file date
41 FROM dip portal cleanse.cls_intelliad click report;
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Appendix 26: WF[04A]_core_run
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SET hive.exscution.sngine=mr;

SET hive.exec.dynamic.partition.mode=nonstrict;
INSERT OVERWRITE TABLE dip portal core.co intelliad click report with prices

FARTITION (effectiv_date)

SELECT cr
pd

.clickid,

.CpCc,

effectiv_dats

FROM dip_portal core.
JOIN dip_portal core.

oN ( cr

AND cr.buymarketid = pd.buymarketid
AND matchtype = 'Exact’
RAND cr.keyword = pd.keyword
AND cr.clickday = pd.price date
AND cr.effectiv_date =5{DATE}

}
UNION ALL

SELECT cr

.clickid,

AVG(pd.cpc) AS cpc,
effectiv_date

FROM dip portal core.
JOIN dip portal cors.
buymarketid IN (1,c1)

WHEEE «cr
AND cr
AND cr
AND cr
AND cr
AND cr
GROUP
BY cr.
UNION ALL
SELECT cr
pd.

buymarketid = pd.buymarketid
.matchtyps I= 'Exact'
‘keyword LIKE CONCAT('%', pd.keyword,

.clickday = pd.price_date
.seffectiv_date =3{DATE}

clickid, =ffectiv_date

.clickid,

cpc,

effectiv_date

FROM dip_portal core.
JOIN dip_portal core.

ON (cr.buymarkstid IN (<)

AND cr.buymarkstid = pd.buymarkestid
AND cr.clickday = pd.price_date
AND cr.e=ffectiv_date = 3{DATE}
}

UNION ALL

SELECT cr.clickid,
J as cpc,

effectiv_date

FROM dip portal core.co_intelliad click report AS cr
WHEEE cr.
AND cr.

buymarketid NOT IN (l, 4, 1)
sffectiv_date = ${DATE};

04z]: INTELLIAD CLICE._REPORT PRICE CORE
_co_intelliad click report price.sgl

co_intelliad click report AS cr
co_pricing data_avg AS pd
buymarketid IN (1,c1)

co_intelliad click report AS cr
co_pricing data avg AS pd

1319

co_intelliad click report AS cr
co_pricing data_Zvg AS pd

LXVI



Appendices

Appendix 27: WF[05] stage_run

2  -- Workflow [05]: PRODUCT PRICES STAGE 2 CORE
3 -— FILE: df stg product prices.sgl
4 -— BREAL: stage
5 ________________________________________________________________
7
8 SET hives.exscution.esngine=mr;
9 SET hive.exec.dynamic.partition.mode=nonstrict;
10
11 DROP TABLE dip_portal stage.stg_tl product_prices;
13
14 CREATE TABLE dip portal stage.stg tl product prices (
5 ‘product nams" string,
16 ‘product_prics’ DOUBLE
17 ]
18 ROW FORMAT SERDE

19 'org.apache.hadoop.hive.gl.io.parquet.serde.ParquetHiveSserDs’
Z0 3TORED AS INPUTFORMLT

21 'org.apache.hadoop.hive.gl.ioc.parquet.MapredParquetInputFormat'
22 QUTPUTFORMAT
Z3 'org.apache.hadoop.hive.gl.ioc.parquet.MapredParquetOutputFormat';
24
25
2e INSERT INTO dip portal stage.stg_tl _product_prices
27 (product _nams, product_Price]
28 VALUES
25 ("Blickfang', 1.00},
30 ("Brokercontact', 5.00),
31 ("Call', 2.00),
iz ("Contact", 2.00),
33 ("' Gesuch-Co
24 (" Immobewertung',
35 ("TIR", 0.50),
36 ("Ratalog', 10.00),
37 ("Ratalog-Hauskau', 10.00),
38 ("Fontakt-Anbieter"', 2.00),
39 ("Mailcontact", 3.00
40 ("Maklerempfehlung 2,
41 ("Neukbau-Anfrage',
2 ('Phonscontact’',
3 ("PIR", 40.00),
44 ('schufa', 11.00),
45 ("Suchauftrag’, 50) .,
6 ("TIR", 10.00),
47 "un', 30.00),
48 ("up', 15.00);
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Appendix 28: WF[05] cleanse_run

3}

[T

-]

—-— Workfl

-— FILE:
—— REER:

SET hivs
SET hivs

ow [053]: PRDDUJT_?R:CEM HTRGE_:_JORE
df cls product prices

cleanse

.exscution.esngine=mr;
.exec.dynamic.partition.mode=nonstrict;

DROP TABLE dip_portal cleanse.cls_tl product_prices;

CREATE TABLE dip portal cleanse.cls tl product prices
STORED AS PARQUET TBLPROFPERTIES ('PRRQUET.COMPRE33'='SNAPPY')

AS
SELECT *

FROM dip portal stage.stg_tl product prices;
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Appendix 29: WF[05] core_run

2 —— Workflow

3 -—- FILE: df c

4 —-— ARER: core

5 ________________________________________________________________
7 SET hive.sxecution.engine=mr;

8 SET hive.exec.dynamic.partition.mode=nonstrict;
10 DROP TABLE dip portal core.co_pricing data avg;

11 CREATE TABLE ‘dip portal core.co_pricing data avg’

12 3TORED AS PARQUET TBLPROPERTIES ('PARQUET.COMPREZZ3'='3MNI
13 ms

14 SELECT * FROM dip portal cleanss.cls _pricing data_avg;
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Appendix 30: WF[07]_core_run01

oo

T

3k

4

—— Workflow
—-— FILE: df
-— ERE

CREATE_HOLISTIC CUSTOMER JOURNEY OF ONE_DAY
_ON_hits.sql

SET hive.exscution.engine=mr;

SET hive.exec.dynamic.partition.mode=nconstrict;

INSERT COVERWRITE TABLE dip portal cors.co_final customer_journsy PARTITION
(effectiv_date, sourcs)
SELECT

——combine block

gua.fullvisitorid ps gua_fullvisiterid,
gua.visitid AS gua_visitid,
device.visitor_id AS device visitor_ id,
device.customer_ idkey map AS device customer_ idkey map,
gua_cdim.hits_customdim_€8 As gua_cdim hits_customdim 68,
gua_cdim.hits_customdim €% As gua_cdim hits_customdim 69,
gua.visitnumber As gua_visitnumber,
on_hits.hit_ number As on_hits_hit_number,

CAST (ROUND (CAST (gua.visitstarttime AS BIGINT) + CAST(on_hits.hit _tims AS
BIGINT)/ 1000, 0)

AS BIGINT) AS click timestamp,

--co_googleanalytics

gua.visitstarttime AS gua_visitstarttime,

gua. date’ AS gua_date,

gua.totals_wisits AS gua_totals_wvisits,
gua.totals_hits As gua_totals_hits,
gua.tctals_pageviews AS gua_totals_pagevi&w&,
gua.totals timsonsite As gua_totals_timesonsite,
gua.totals bounces As gua_ totals bounces,
gua.device devicecategory AsS gua_device_devicecategory,
gua.gecnetwmrk_:cntinent AS gua_geonetwmrk;continent,
gua.geonetwork subcontinent AS gua_geonetwork subcontinent,
gua.gecnetwork country A5 gua_geonetwork country,
gua.gecnetwmrk_region As gua_geonetwmrk;regimn,
gua.gecnetwmrk_:ity AsS gua_geonetwmrk;city,
gua.geonetwork cityid AS gua_geonetwork cityid,
gua.geonsetwork latitude AS gua_geonetwork latitude,
gua.gsonstwork longitude AS gua_gsonstwork longituds,
gua.channelgrouping AS gua_channslgrouping,
on_hits.hit_tims As on_hits _hit_time,
on_hits.hit_hour AS on_hits_hit_hour,
on_hits.hit_minuts AS on_hits_hit_minute,
on_hits.hit_is entrance AS on_hits_hit_is_ entrance,
on_hits.hit_page_path psg on_hits_hit_page path,
on_hits.hit_page_title ps on_hits_hit_page_ title,
on_hits.hit_product_name AS on_hits_hit_product_name,
on_hits.hit_product_variant AS on_hits_hit_product_variant,
on_hits.hit_product_category AS on_hits_hit_product_category,
int_prices.product_price As

on_hits_hit_product_conversion prics,

--co_intelliad click reg

CAST (NULL AS string) AS off _hits_clickid,

CAST (NULL AS string) pS off _hits_trackingprovidsrid,
CAST (NULL AS string) AS off _hits buymarketid,
CAST (NULL AS string) AS off_hits_accountname,
CAST (NULL AS string) ps off_hits_ campaignid,
CAST (NULL AS string) AS off_hits_campaignname,
CAST (NULL AS string) AS off_hits_adgroupid,
CAST (NULL AS string) AS off_hits_adgroupname,
CAST (NULL AS string) AS off_hits_creativeid,
CAST (NULL AS string) AS off _hits_critesriocnid,
CAST (NULL AS string) As off hits_adextensionid,
CAST (NULL AS string) As off _hits_ keyword,
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CAST (NULL
CAST (NULL
CAST (NULL
CAST (NULL
CAST (NULL
CAST (NULL
CAST (NULL
CAST (NULL

gua.sffectiv

AS
AS
AS
AS
AS
AS
AS
AS

string)
string)
string)
string)
string)
string)
string)
string)
date

FROM dip_portal_core.

dip portal core

dip_portal_core.

dip_portal_core.

LEFT OUTER JOIN
dip_portal_core.

int_prices.product_name

s
s
rs
rs
s
AS
rs
s
oS
AS

co_googleanalytics

.co_googleanalytics _hits

off hits matchtype,
off hits clickday,
off hits eclicktime,
off hits placement,

off_hits devicetype,
off hits forwardurl,

off hits referer,

off_hits prices_cpc,
effectiv_date,

source
AS gua ,
AS on _hits ,

co_googleanalytics_hits_customdim  AS

co_tl_esventstore_idkey map_distinct AS

co_tl _product_prices

WHERE gua.fullvisitorid =

END gua.visitid =
LND gua.fullwisitorid =
AND gua.sffectiv_date =
AND on_hits.effectiv date =
END gua cdim.effectiv_date =
AND gua_cdim.hits customdim &8

gua cdim,
device

AS int_prices

on_hits.hit_product_ name

on_hits.fullvisitorid

on_hits.visitid

gua_cdim.fullvisitorid

Z{DATE}
{DATE}
S{DATE}

device.visitor id

ORDER BY gua fullvisitorid, gua wisitid, device wisitor id,

device customer_ idkey map, on_hits_hit_ number;
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Appendix 31: WF[07]_core_run02

4

SET hive.exsecutlon.engine=mr;
SET hive.exec.dynamic.partition.mode=nonstrict;

INSERT OVERWRITE TABLE dip portal core.co_final customer journsy PARTITION

(effectiv_date, sourcs)

SELECT
——combine block
gua_cdim.fullvisitorid
CAST (NULL AS String)
device.visitor_id
device.customsr_ idkey map
gua_cdim.hits customdim €8
gua_cdim.hits_customdim €%
CAST (NULL AS STRING)
CAST (NULL AS String)
unix timestamp(Concat(off hits.clickday, ' ',
off_hits.clicktime))

--co_googleanalytics

CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)

CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
CAST (NULL AS String)
on_hits_hit_product_conversion prics,

--co_intelliad click rep
off_hits.clickid
off_hits.trackingproviderid
off _hits.buymarkstid

off _hits.accountname
off_hits.campaignid
off_hits.campaignname
off_hits.adgroupid

off _hits.adgroupname
off_hits.creativeid
off_hits.criterionid

off hits.adextensionid

off _hits.keyword

AS
as
A5
As
A5
a5
As
A5

A5

as
a5
AS
A5
a5
As
A5
as
A5
AS
A5
a5
As
AS
A5
a5
A5

as
a5
As
A5
A5
a5
As
AS
as
A5

a5
As
A5
as
A5
AS
AS
as
a5
As
A5
as

gua_fullvisitorid,

gua_ wvisitid,
device_visitor_id,
device_customsr_idkey map,
gua_cdim hits customdim 68,
gua_cdim_hits_customdim &9,
gua_visitnumker,
on_hits_hit number,

click timestamp,

gua visitstarttime,
gua_date,
gua_totals_wvisits,
gua_totals_hits,
gua_totals pageviews,
gua_totals_timsonsite,
gua_ totals bounces,
gua_desvice devicecategory,
gua_g&onetwmrk;;ontinent,
gua_gsonstwork subcontinent,
gua_ geonetwork country,
gua_geonetwork region,
gua_g&onetwmrk_city,
gua_gsonstwork cityid,
gua_gsonetwork latituds,
gua_geonetwork longituds,
gua_channelgrouping,

on_hits_hit_time,
on_hits_hit_hour,
on_hits_hit_minuts,
on_hits_hit is_ entrancs,
on_hits_hit page_path,
on_hits_hit_page_title,
on_hits_hit product_nams,
on_hits_hit product_variant,
on_hits_hit product_catesgory,

off _hits clickid,

off hits_trackingprovidsrid,
off hits buymarketid,
off hits accountname,
off_hits_campaignid,
off hits_campaignname,
off_hits_adgroupid,

off hits adgroupname,
off_hits creativeid,
off hits criterionid,
off hits adextensionid,
off hits_ keyword,
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off hits

.matchtyps
off_hits.
off hits.
off_hits.
off_hits.
off_hits.
off hits.

clickday
clicktims
placemsnt
devicetyps
forwardurl
referer

off_hits_prices.cpc
off_hits.effectiv_date

FROM dip_portal_core.
dip_portal_core.
dip_portal_core
dip_portal_core.

As off_hits matchtype,
as off_hits_clickday,
ns off hits clicktime,
As off_hits placement,
As off_hits devicetype,
As off_hits forwardurl,
ns off hits referer,

As off_hits prices_cpc,

AS effectiv_date,

AsS source

co_googleanalytics_hits_ customdim
co_tl eventstore_ idkey map distinct

.co_intelliad click_report

WHERE gua_cdim.effectiv_date =

AND off hits.effectiv_date

BAND off hits_prices.effectiv_date =
AND gua_cdim.hits customdim €8 =

visitor_id

AND gua_cdim.hits customdim €9 =

d

us

BND off hits prices.clickid =
actions with cpc prices

S{DRATE}
S {DATE}
5 {DATE}
device.visitor_ id

off_hits.userid

off_hits.clickid

AS
AS
AS

co_intelliad click report_with prices AS

gua_cdim,
device,

off hits,

off hits_prices

— map
— map

- map

- map

ORDER BY gua_fullwvisitorid, off_hits_clickday, off hits clicktime;

the custom dim
tealium

intelliad

intelliad
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Appendix 32: Feature generation sql script

(=T I VR R R AV ]

w
[T

wo

—— Feature gene
—-— FILE: featu

ation for holistic customer journey
=_generation.sqgl

—— RREZ: mart

WITH

x AS (select max(from unixtime (cast(click timsstamp AS integer)))

OVER (PARTITION BY coalesce(device_customer idkey map, device visitor_id)) AS

last_touch,

z AS

max (cast(gua_visitnumber AS integer))
OVER (PARTITION BY coalesce(dsvice customer_idkey map,
device wisitor_id)) AS last_session number,

last wvalue (coalesce(gua device_ devicecategory, off hits devicetype))

OVER (PARTITION BY coalesce(device customer_ idkey map,

device wvisitor_id)) AS last_device category,
a.*
from dip_portal mart_0Ol.co_final customer_ journsy a
).
(with

x1 AS (SELECT DISTINCT coalesce({device customer idkey map, device wvisitor id)
BS journey id from dip portal mart 0l.co_final customer journey ORDER BY 1),

vl AS (SELECT journey id, row number() OVER () row_num FROM x1)

SELECT journey_id, row_num FROM yl WHERE row_num BETWEEN . AND S000000C AND
journey_id IS NOT NULL)

SELECT z.row_num,

-- Define journey_id AS device visitor id if device_ customer_ idkey map is not set

- [04] first_touch: b

- [0€] &

coalesce (device customer idkey _map, device visitoxr id)
AS journey_id,

- [01] total_earnings: sum of all earnings per journey [Euro]

sum(cast (coalesce{on_hits_hit product_conversion price,'0') AS DOUBLE))
AS total_earnings,

- [02] total_spendings: sum of all spendings per journey [Euro]

sum{cast (coalesce (off_hits_prices _cpc,'0') AS DOUBLE))
AS total_spendings,

- [03] customer_ value: ernings - spendings

sum({cast (coalesce({on_hits_hit product_conversion_price,'0') AS DOUBLE)) -
7') AS DOUBLE))

sum({cast (coalesce (cff _hits prices cpc,
AS customsr_value,

in of journsy
min(from_unixtime (cast(click timestamp AS integer)))
AS first_ touch,

— [03] last_touch: last recorded touch of journey

max (from_unixtime (cast(click timestamp AS integer)))
AS last_touch,

date diff(’
min({from unixtime(cast(click_timestamp AS integer))),
max (from unixtims (cast(click _timestamp AS integer))))
AS age of journey,

- [07] customer valus_journey:

sum({cast (coalesce{on_hits_hit product_conversion_price,'0') AS DOUBLE)) -
sum(cast (coalesce (off_hits prices cpe,'0') AS DOUBLE)) /
case when
date_diff('d V'
min (from unixtime (cast(click timestamp AS integer))),

max (from unixtime (cast(click timestamp AS integer)))) >
then
date_diff('d V'

min(from unixtims(cast(click timestamp AS integer))),

difference between first touch and last_touch in days
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max (from_unixtime (cast(click_timestamp AS integer))))
else | end

AS customer value journey,

-— [08] sessign_:nt: count of onpage sessions
count (distinet gua_ wisitnumber)
AS ssssion_cnt,

-— [09] is loggsd _in : is defined if user hAS entered its email address
case when count(distinct device customer idkey map) > 0 then 1 else [ end
AS is_logged_in,

fferent device classes

-— [10] is_cross_device user: is using

case
when count(distinct coalesce(lower(gua device devicecatsgory),
lower (off_hits devicestyps))) > 1

72 then | else [ end
AS is_cross_device_ussr,

T4 -— [11] avg_events per session: all events (on- and offpage) /

session_cnt
5 COUNT (*) / count(distinct coalesce(gua_wvisitnumber, '0'))
AS avg_events_per_ session,
-— [12] hit_cnt: all onpage and offpage hits
g COUNT (*)
AS total_hit_cnt,

-- [13] overall journey_cnt: count all journesys
COUNT (COUNT(*)) OVER (PARTITICON BY 'ALL'")
AS overall journsy_cnt,

33 — [14]
34 sum(sum(cast (coalesce(on_hits_hit product_conversicn_price,'0') AS DOUBLE)))
85 OVER (PARTITION BY '"ALL") /

COUNT (COUNT (*)) OVER (PARTITION BY 'ZLL')
AS overall avg earning per_journsy,

-— [15

(sum({sum(cast(coalesce (off_hits prices cpc,'0’') AS DOUELE)))
OVER (PARTITION BY 'ZI1L') /

COUNT (COUNT (*) ) OVER (PARTITION BY 'Z1L'))

AS overall avg spendings_per journsy,

(COUNT (distinct device wvisitor id)*1.00) /

COUNT (COUNT (distinct device visitor id)) OVER (PARTITION BY

AS percentage_of_ overall mean_device_cnt_per_ journsy,

- [17]
(count (distinct gua visitnumber)*1.00) /
COUNT (COUNT (distinct gua visitnumber)) OVER (PARTITION BY

AS percentage_of_ overall mean_session_cnt_per_ journey,

— [18]
array_union(array_distinct(array_agg(lower(gua_device devicecatsgory))),
array_distinct(array_agg(lower(cff hits devicetyps))))
AS device_array,

-—- [19]
case when contains|(
array union{array distinct(array_agg(lower(gua_desvice_ desvicscategoryl))),
array distinct{array agg{lower(ocff hits devicetyps)))}),
'desktop')
then | else [ end
AS uses_desktop,

-— [20]

case when contains|(
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[y
T
I

array_union(array_distinct{array_agg(lower (gua_device_devicecategory))),

array_distinct(array_ agg(lower (off_hits devicetyps)}))}),

'mobile")
then | else [ end
AS uses_mobile,

P

case when contains|(

array union(array distinct{array_agg(lower(gua device devicscategory))),

array distinct(array_ agg(lower (off_hits devicetyps)})}),

'takblet")
then | else 0 and
AS uses_tablet,

PR

COUNT (DISTINCT (CASE WHEN 10wer(coalesce(gua_devi:e_devicecategory,

off_hits devicetype)) = 'desktop'

THEN gua visitnumber END) ) / (count {distinct gua_visitnumber)*1.00)

AS desktop_usage,

[23]
COUNT (DISTINCT (CASE WHEN lower (coalesce(gua_device devicecatsgory,
off_hits devicetype)) = 'mobile’
THEN gua_visitnumber END) ) / (count (distinct gua_visitnumbex)*1.00)

AS mobile usage,

-— [24]
COUNT (DISTINCT (CASE WHEN lower (coalesce(gua_device devicecatsgory,
off _hits devicetype)) = 'tablet'’
THEN gua_visitnumber END) ) / (count (distinct gua_visitnumber)*1.00)

AS tablet usage,

-— [23]

array distinct(array_ agg(lower(gua_channelgrouping)))

AS channel array,

P

(53]

count (distinct gua_ channslgrouping)
AS cnt_channel,

-- [27]

count (CASE WHEN cast(coalesce({on _hits_hit product conversion price,'0') AS

DOUBLE) > 0 THEN | END)

AS cnt earnings svents,

count (CASE WHEN cast(coalesce(ocff hits prices cpc,'(0') AS DOUBLE) >

END)

AS cnt_spendings_svents,

-— [29%]
CAST (count (CASE WHEN =ourcs 'copages" THEN 1.00 E
DOUBLE)

AS total_ratio_touchpoint_onsite,

-— [30]
CAST (count (CASE WHEN scource = 'offpage’ THEN .00
DOUBLE)

AS total ratio_touchpoint offsite,

a1

LaLl

ND) / (COUNT (*) *1 .0

END) / (COUNT (*) *1 .0

COUNT_IF(from_unixtims (cast(click_timsstamp AS integer)) >

date add('day',-2,last_touch))

)

1)

THEN |

AS

AS
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165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186

131
1az2
153
19

185
196
157
138
133

]

[SS I S ]

BS hits 1 24,

[32]

COUNT_IF(from unixtime (cast(click timsstamp AS integer)) <
date add('day',-3,last_touch)
AND from unixtime(cast(click timestamp AS integer)) >
date add('day',-4,last_touch))

A% hits 3 44,

[33]

COUNT_IF(from unixtime (cast(click timestamp AS integer)) <
date add('day',-5,last_touch)
AND from unixtime(cast(click timestamp AS integer)) >
date add('day',-5,last_touch))

A% hits 5 84,

[34]

COUNT_IF(from unixtime (cast(click timestamp AS integer)) <
date add('day',-%,last_touch)
AND from unixtime(cast(click timestamp AS integer)) >
date add('day',-1¢,last_touch))

AS hits_9 1leéd,

S
."“j.

COUNT_IF (cast(gua visitnumber AS integer) > (last_session_number—2))
AS hits_1 2=,

ra
=

(=3}

COUNT_IF (cast(gua visitnumber AS integer) < (last_session_ number—2)
AND cast(gua_ visitnumber AS integer) > (last_session number-4))
A5 hits_3_4s,

S

COUNT_IF (cast(gua visitnumber AS integer) < (last_session_ number—35)
AND cast(gua_ visitnumber AS integer) > (last_session number-£))
AS hits 5 8s,

-t

ro
3

i

COUNT_IF (cast(gua_visitnumber AS integer) < (last_session_numbesr-9)
AND cast(gua_visitnumber AS integer) > (last_session_numbsr-1¢6))
AS hits_9 16s,

[39]
SUM(CASE WHEN (from_unixtime(cast(click timestamp AS integer)) >
date add('day',-Z,last_touch))

THEN cast(coalesce(on_hits hit product conversion price,'0.00') AS DOUBLE)

ELSE o .00 END)

AS sarnings_1_2d,

SUM(CASE WHEN (from_unixtime (cast(click timestamp AS integer)) <
date add('day',-3,last_touch)
AND from unixtime(cast(click timestamp AS integer)) >

date add('day',-4,last_touch))
THEN cast(cocalesce(on_hits_hit_product_conversion_price,'0.00")
DOUBLE) ELSE .00 END)

AS earnings_3_ 4d,

[41]

SUM(CASE WHEN (from unixtime(cast(click timestamp AS integer)) <
date_add('iay',—?,last_tmu:h}

AsS
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AND from unixtime (cast(click timestamp AS integer)) >

date add('day’,-%,last_touch))
THEN cast{coalesce(on_hits hit product conversion price,'0.00') AS
DOUBLE) ELSE (.00 END)

AS earnings_5_ Bd,

SUM(CASE WHEN (from unixtime (cast(click timestamp AS integer)) <
date add('day',-9,last_touch)
AND from unixtime (cast(click timestamp AS integer)) >

date add('day',-1¢,last_touch))
THEN cast{coalesce(on_hits hit product_ conversion price,'0.00') AS
DOUBLE) ELSE (.00 END)

AS earnings_9% 1é&d,

-— [43]
SUM(CASE WHEN cast(gua_visitnumber AS integer) > (last_session_number-I)
THEN cast(coalesce(on_hits_hit product_conversicn price,'0.00') AS DOUBLE)
ELSE (.00 END)

AS earnings_1_2s,

SUM(CASE WHEN (cast(gua_ visitnumber AS integer) < (last_session number-3)
AND cast(gua visitnumber AS integer) > ((last_session number—4)))

THEN cast{coalesce(on_hits hit_product_conversion price,"0.0C
DOUBLE) ELSE U.00 END)

AS earnings_3 4s,

SUM(CASE WHEN (cast(gua visitnumber AS integer) < (last_ session number-3)
AND cast(gua visitnumber AS integer) > ((last_session numbsr-£)))
THEN cast{coalesce(on_hits_hit_product_conversion price,'0.00') AS
DOUBLE) ELSE (.00 END)

AS earnings_5_ B8s,

— [46]
SUM(CASE WHEN (cast(gua_ visitnumber AS integer) < (last_session number-3)
AND cast(gua_visitnumbsr AS integer) > ((last_sesssion_number 1)
THEN cast{coalesce(on_hits _hit product conversion price,'0.00') AS
DOUBLE) ELSE (.00 END)

AS esarnings_9 lés,

-— [47]
SUM(CASE WHEN from unixtime (cast(click timestamp AS integer)) >
date add('day',-2,last_touch)
THEN cast(coalesce(off_hits prices cpc,'0.00') AS DOUBLE) ELSE (.00 END)

AS spendings_1 2d,

-— [43]
SUM(CASE WHEN (from unixtime(cast(click timestamp AS integer)) <
date add('day',-3,last_touch)
AND from unixtime (cast(click timestamp AS integer)) >
date add('day',-4,last_touch) )
THEN cast(coalesce(off_hits prices cpc,'0.00') AS DOUBLE) ELSE 0.(00 END)

AS spendings_3_ 4d,

-— [49]
SUM(CASE WHEN (from unixtims (cast(click timestamp AS integer)) <
date add('day',-5,last_touch)

AND from unixtime (cast(click timestamp AS integer)) >
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304

date add(’ slast_touch) )
THEN cast(coalesce(off _hits_prices cpec,'0.00") AS DOUBLE) ELSE (.00 END)

AS spendings_5_8d,

SUM(CASE WHEN (from unixtime(cast(click timestamp AS integer)) <
date_add('iay',—?,last_tmu:h)

AND from_unixtime (cast(click_timestamp AS integer)) >

date add('day',-1¢,last_touch) )

THEN cast(coalesce(off_hits _prices_cpe,'0.00') AS DOUBLE) ELSE (.00 END)

AS spendings_9_1&d,

-- [51] 2 sessions customsr_valus (sarnings_1_Z2s - spendings_1_2d
SUM(CASE WHEN cast(gua_visitnumber AS integer) > (last_session_numbsr-I)
THEN cast(coalesce(on_hits_hit product_conversion_price,'0.00') AS DOUBLE)

ELSE 0.00 END)} -

SUM(CASE WHEN from unixtime(cast(click timestamp AS integexr)) >

date add(’ /" y—2,last_touch)
THEN cast(coalesce(off hits prices cpe,'0.00') AS DOUBLE) ELSE (.00 END)
AS customer_ wvalues_latest,

-— [52]
lower(last_devi:e_categcry)
AS last_device_category,

-- [53]
sum (CASE WHEN lower(cn_hits_hit product_names) = 'blickfang'
THEN cast(coalesce(on_hits hit product conversion price,'0') AS DOUBLE)
ELSE 0 END )/
sum(cast (coalesce(on_hits_hit product_conversicn_prics,'0') AS DOUBLE))
AS product percent_blickfang,

-— [54]
sum (CASE WHEN lower(on_hits hit product name) = ‘broksrcontact
THEN cast(coalesce{Dn_hits_hit_prmdu:t_conver51cn_prlce, J') AS DOUBLE)
ELSE 0 END )/
sum (cast(coalesce (on_hits _hit product _conversion price, (') AS DOUBLE))
AS product_percent_brokercontact,

-— [55
sum (CASE WHEN lower (cn_hits_hit product_name) = 'makl )
THEN cast(coalesce(on_hits_hit product _conversion price,’
ELSE 0 END )/
sum(cast (coalesce(on_hits_hit_product_convesrsicn_prics,'0') AS DOUBLE))
AS product_percent_maklerempfshlung,

hlung"
1') As DOUBLE)

(h

-— [5
sum(CASE WHEN lower (omn_ hits hlt_prndu t_name) =
THEN cast(coalesce (on_ hits hlt_prudu"t conver51cn_prlce, "01') AS DOUBLE)
ELSE 0 END )/
sum(cast (coalesce(on_hits_hit product_conversicn_prics,'0') AS DOUBLE))
AS product_percent_suchagent,

—— 57
sum (CASE WHEN 10wer(Dn_hits_hit_prmdu:t_name) = "neubau-anfrags'
THEN cast(coalesce(on_hits_hit_product_conversion_price,'0') AS DOUBLE)
ELSE 0 END )/
sum (cast(coalesce (on_hits _hit product _conversion price, (') AS DOUBLE))

AS product_percent_nsubauanfrags,

-— [58
sum (CASE WHEN lower (cn_hits_hit_product_nams) = 'c
THEN cast(coalesce(on_hits hit product conversion price,'0') AS DOUBLE)
ELSE 0 END )/
sum(cast (coalesce(on_hits_hit_product_convesrsicn_prics,'0') AS DOUBLE))

ntact’

AS product_percent_phonecontact,
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w

-— [539]
sum (CASE WHEN lower(on_hits_hit_product_nams) = 'contact'
THEN cast(coalesce(on_hits hit_product conversion price,’'0"') AS DOUBLE) ELSE
END )/
sum (cast (coalesce(on_hits hit product conversion price,’'0') AS DOUEBLE))
AS product percent contact,
— [60)
sum (CASE WHEN lower(on_hits_hit_prmdu:t_name) = '"katalog-hausbau'
THEN cast{coalesce(on_hits hit product conversion price,’'0"') AS DOUBLE) ELSE
END )/
314 sum (cast (coalesce(on_hits hit product conversion price,’'0') AS DOUEBLE))
AS product_percent_kataloghausbau,
sum (CASE WHEN lower(on_hits hit product nams) = 'tir’
THEN cast{coalesce(on_hits hit product conversion price,’'0"') AS DOUBLE) ELSE
END )/
sum (cast (coalesce(on_hits hit product conversion price,’'0') AS DOUBLE))

AS product_percent_tir,

-

— [

ot

sum (CASE WHEN lower(on_hits hit product nams) = ' a
J") AS DOUBLE) ELSE

THEN cast{coalesce(on_hits hit product conversion price,
END )/

324 sum (cast (coalesce(on_hits hit product conversion price,’'0') AS DOUBLE))

AS product percent gesuchcontact,

v

|
|
[

a1
=]

sum (CASE WHEN lower(on_hits hit product nams) = 'isa'
THEN cast{coalesce(on_hits_hit_product_conversion_price,’'0') AS DOUBLE) ELSE
END )/
sum (cast (coalesce(on_hits hit product conversion price,’'(0') AS DOUBLE))

AS product_percent_isa,

-— [&4]
sum (CASE WHEN lower(on_hits hit product name) = 'call’
THEN cast{coalesce(on_hits_hit_product_conversion_price,’'0') AS DOUBLE) ELSE
END )/
sum (cast (coalesce(on_hits_hit_product_conversion_prics,'0') AS DOUBLE))
AS product percent_call,
- [85)
sum (CASE WHEN lower(on_hits hit product name) = 'imm 1g'
THEN cast{coalesce(on_hits hit product conversion price,'0') AS DOUBLE) ELSE
END )/
sum (cast (coalesce(on_hits_hit_product_conversion_prics,'0') AS DOUBLE))
AS product_percent_immobewsrtung,
340
341 —— [66]
342 sum (CASE WHEN lower(on_hits_hit_product_nams) = 'piaz’
343 THEN cast{coalesce(on_hits hit_ product conversion price,’'0"') AS DOUBLE) ELSE
END )/
344 sum (cast (coalesce(on_hits hit product conversion price,’'0') AS DOUEBLE))
AS product_percent_pia,
345
346 —— [67]
347 sum (CASE WHEN lower(cn_hits_hit product_nams) = 'mailcontact’
348 THEN cast{coalesce(on_hits hit product conversion price,’'0') AS DOUBLE) ELSE
END )/
349 sum (cast (coalesce(on_hits hit product conversion price,’'0') AS DOUBLE))

AS product_percent_mailcontact,

|

|
[x3}
[5s)

ray_distinct(array agg(ocff hits_adgroupnams))
AS used_ channels,

354 -— [&9]
355 v

array_distinct(array_agg(concat(ocff_hits campaignid, '-',
off_hits campaignid)))
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3]
o
(3]

AS used_channels_clsaned,

5
c

-— [70]

3
2

i

array remove(array distinct{array_agg(coalesce (off_hits buymarkstid,
"REMOVE_ME') )}, 'REMOVE ME')

360

AS used markets,

;

-- [71] conversion propabiltiy amount = abs (customer value latest
customer_valus)

ABS( (SUM(CASE WHEN cast(gua visitnumber AS integer) > (last_session_numbesr—2)
THEN cast(coalesce(on_hits_hit product conversion_prics,'0.00") AS DOUBLE)

[FSIe)

ELSE (.00 END) -
365 SUM (CASE WHEN from unixtime (cast(click timestamp AS integer)) >
date add( ',~Z,last_touch)
366 THEN cast(coalesce(off_hits prices_cpe, '0.00') AS DOUELE) ELSE
END) ) /
367 (sum(cast(coalesce (on_hits_hit_product_conversion_price,'0') AS
DOUBLE) ) —

7]
&

2 sum(cast(coalesce(off _hits prices cpec,'0') AS DOUBLE))))
AS conversions probability amocunt,

—-— [7Z] CASE WHEN ( (customer walue latest < 0 AND customer wvalus > 0)
-= OR (customer value lat
- THEN conversion probability amount * -1
- ELSE conversion probability amount END
CASE WHEN (
—-—customer value latest < 0
(SUM(CASE WHEN cast(gua_visitnumber AS integsr) >
(last_session number-2)

est < 0 AND customer valus < 0))

[P T % S X T % % O S R P I P I FE I 75

379 THEN cast(coalesce(on_hits hit product conversion price,'0.007")
AS DOUBLE) ELSE (.00 END) -
330 SUM(CASE WHEN from unixtime (cast(click _timestamp AS integer)) >
date add('day',-Z,last_touch)
3s1 THEN cast(coalesce(off_hits_prices_cpc, '0.00") AS DOUBLE)
ELSE .00 END)) < 1)

THEN
—— conversion probability amount * -1
(ABS ((SUM(CASE WHEN cast(gua visitnumbesr AS integer) >
(last_session_numbsr-Z)
THEN cast({coalesce(on_hits hit product conversion price,'0.00")
AS DOUBLE) ELSE (.00 END) -
386 SUM(CASE WHEN from unixtimes (cast{click timsstamp AS integer)) >
date add('d ",~Z,last_touch)

3185

3a7 THEN cast({coalesce (off_hits_prices_cpc, '0.00"') AS DOUBLE) ELSE
END) ) /
g8 (sum(cast(coalesce(on_hits_hit_product_conversion_price,'0') AS
DOUBLE)) -

sum (cast (coalesce(ocff _hits prices cpc,'0') AS DOUBLE))))) * (-1)
ELSE
—— conversion probability amount
RBS ( (SUM(CASE WHEN cast(gua_visitnumber AS integer) >
(last_session number-Z)

393 THEN cast(coalesce({on_hits hit product_ conversion price,'0.00') AS
DOUBLE) ELSE 0.00 END) -
394 SUM(CASE WHEN from unixtime (cast{click timestamp AS integer)) >
date add('day',-2,last_touch)
3495 THEN cast{coalesce (off_hits prices cpc,'0.00') AS DOUBLE) ELSE
END)) /
396 (sum(cast(coalesce(on_hits hit product_ conversion price,'0') AS
DOUBLE) ) -
397 sum (cast (coalesce (off_hits prices cpc,'0') AS DOUBLE))))
END AS conversions_probability
FROM Z,X
WHERE coalesce(device customer idkey map, device wisitor_id) = z.journey_id
AND coalesce (device customer idkey map, device wisitor_id) IS NOT NULL
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403 GROUP

404 BY coalesce (desvice customer idkey map, device visitor id), last_touch,
last_session_number,lower(last_device_categcry), row_num
ORDER
BY row_ num;
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Appendix 33: Descriptive statistic values and distribution of features

feature name mean std min 25% 50% 75% max percentage
total_earnings 25,54 78,781 0 3 9 22 44778
total_spendings 0,083 0,317 0 0 0 0,082 81,509
customer_value 25,456 78,684  -11,999 3 8,769 22 | 44778
age_of_journey 11,366 21,644 0 0 0 11 91

session_cnt 3,55 8,184 1 1 1 3 1115

is_logged_in 0,063 0,243 0 0 0 0 1
is_cross_device 0 1 6,46%
_user

avg_events_per 5,629 6,804 1 2 4 7 1423

_session

total_hit_cnt 28,773 78,898 1 5 10 25 | 17156
uses_desktop 0 1 48,51%
uses_mobile 0 1 44,96%
uses_tablet 0 1 13,13%
desktop_usage 41,95%
mobile_usage 45,34%
tablet_usage 12,71%
cnt_channel 1,275 0,571 1 1 1 1 8
cnt_earnings 8,546 26,312 0 1 3 8 14926

_events

cnt_spendings 0,773 3,469 0 0 0 1 956

_events

total_ratio 81,58%

_touchpoint_onsite
total_ratio 18,42%

_touchpoint_offsite
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hits_5_8s 1,421  7,35118 0 0 0 0 1164
hits_9_16s 2,015 12,55241 0 0 0 0 2193
earnings_1_2d 10,068 @ 20,60443 0 0 3 12 12066
earnings_3_4d 0,445 4,975688 0 0 0 0 2817
earnings_5_8d 1,215 10,14743 0 0 0 0 9618
earnings_9_16d 2,211  16,48583 0 0 0 0 14700
earnings_1_2s 10,486 18,13194 0 3 6 12 4329
earnings_3_4s 0,444  4,97569 0 0 0 0 2817
earnings_5_8s 1,492 8,75387 0 0 0 0 2814
earnings_9_16s 2,099 14,61043 0 0 0 0 5028
spendings_1_2d 0,038  0,09907 0 0 0 0 9,452
spendings_3_4d 0,001 = 0,02098 0 0 0 0 5,248
spendings_5_8d 0,004 0,03843 0 0 0 0 6,903
spendings_9_16d 0,007 = 0,06051 0 0 0 0 12,660
product_percent 0,000 0,00022 0 0 0 0 0,25
_blickfang

product_percent 0,000005 0,00548 0 0 0 0 1
_brokercontact

product_percent 0,00001 0,00352 0 0 0 0 1

_maklerempfehlung

product_percent 0 0 0 0 0 0 1
_suchagent

product_percent 0,00009 0,00678 0 0 0 0 0
_neubauanfrage

product_percent 0,00536  0,03275 0 0 1 1 1
_phonecontact

product_percent 0,98207 0,07028 0 0 0 0 1
_contact

product_percent 0,00004 0,00561 0 0 0 0 1

_kataloghausbau
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product_percent
_tir

product_percent
_gesuchcontact

product_percent
_isa

product_percent
_call

product_percent
_immobewertung

product_percent
_pia

product_percent
_mailcontact

0,00008

0,00000

0,0008

0,0000

0,0002

0,0112

0,00233

0,00172

0,01170

0,00524

0,01268

0,05337
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Appendix 34: Python: Jupyter notebook

1 {

2 "oells": [

3 {

4 "eell type": "markdown™,

S "metadata™: {},

[ "source": [

7 "} Holistiec Customer Journey (HCJ)\n",
g "Used data pool: immonet.ds'\n",

] "Input-Data: Labeled feature set\n",
10 "\nt,
11 "\n",
12 "$% Step 0: Prepars snvironmentin",
13 "% Import gensral packagss"
14 1
13 }.
16 {
17 "cell type": "cods",
18 "execution_count™: 2,
159 "metadata™: {},
20 "outputs": [1.,
21 "gsource": [
22 "fpylak inline’\n",
23 "import pandas as pd\n",
24 "import glob as gleb\n",
25 "import seaborn as sns\n"
26 1
27 }.
og {
29 "cell type": "markdown",
30 "metadata™: {},
31 "source": [
3z "$#%# Import available data‘n",
33 "R1ll csv-files from the selected folder (path) are loadsd and inserted into the

pandas dataframs journeys."

34 1
35 Y.

36 {

37 "cell type": "code",

33 "execution_ count": 32,

35 "metadata": {},

40 "cutputs": [1.,

41 "source": [

2 "path =r'raw_journeys'\n",

43 "allFiles = glob.glob(path + \"/*.csv\")\n",
44 "Jjourneys = pd.DataFrams () \n",

45 "list_ = []\n",

[ "for file in allFiles:\n",

47 " df = pd.read_csv(file_,index col=None, hesader=0)\n",
3 " list_.append(df)\n",

49 "journeys = pd.concat(list_)"

50 1

51 }.

52 {

33 "cell type": "markdown",

54 "metadata™: {},

55 "source": [

56 "$#% Cuick data peekin",

57 "Quick look into the raw data set journeys\n",
58 "\n",

59 "display.max columns => Amcunt of columns to display"
60 1

el }.

€3 "eell type": "code",

&4 "execution_count": 4,

63 "metadata": {

66 "acrolled": false

&7 | 9

68 "outputs": [],

(3] "source": [

o

"pd.set_option('display.max columns', 100)\n",
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71 "Journeys.head ()"
2 1
73 .
74
73 "ecell type": "code",
& "execution count™: 5,
77 "metadata”": {},
78 "outputs": []1.
79 "source": [
=] "total ent = journsys.shaps[0]i\n",
81 "total cd journsys = sum(journeys|['is cross_device user'])\n",
82 "ratio = total_cd journeys / total cntin”,
83 "\n",
B4 "print (\"Total count: \\t\\t\", total_cnt)\n",
85 "print (\"Cross device journsys:\\t \", total_cd journeys, \"\\tRatio:‘\tl",
ratio * 100, YW"&4")\n"
Be 1
87 },
oo
89 "ecell type": "markdown"™,
S0 "metadata": {},
91 "source™: [
92 "##% Descriptive Statisticsi\n",
93 "##%F Dimensions of Data"
94 1
95 ¥
96
97 "cell type": "code",
ag "exscution count™: &,
99 "metadata": {
100 "zcrolled™: true
101 ¥
102 "outputs": [1.
103 "sourcae": [
104 "Jjourneys.shape"
105 1
106 |
107
108 "ocell type": "markdown™,
109 "metadata": {},
110 "source": [
111 "##%§ Datatype of attributes"
112 1
113 }
114
115 "cell type": "code",
116 "execution_count”: 7,
117 "metadata": {
118 "scrolled™: true
1135 ¥,
120 "outputs": []1.
121 "source": [
122 "Jjourneys.dtypes"
123 1
124 ¥,
1235 {
126 "cell type": "markdown"™,
127 "metadata": {}.
128 "sourcse": [
129 "## Step 1l: Standartize featurssi\n",
130 "+ Sslect relevant features for further processing.\n",
131 "+ One-hot-encodingin”",
132 "+ 3=t the targst\n",
133 "\n",
134 "mean = 0; wvarianz = 1"
1335 1
136 },
137
138 "ecell type": "code",
139 "execution count™: 2,
140 "metadata™: {}.
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141 "outputs": [1.,

142 "source": [

143 "#List with all availabls feature data'n",

144 "all features = list(journsys)\n",

145 "\n",

146 "$not relevant featuresin",

147 "irrelevant features list = {'row_num', ‘'journey_id', '"first touch',
"last_touch', \n",

148 " 'customer_ walue journey', 'overall journey cnt', \n",

149 " 'overall avg_earning per journey',
'overall avg_spendings_per_Jjourney', \n",

130 " ‘devi:e_array', 'used channsls',
'used channels cleaned’, \n",

151 " 'conversions_probability amcunt',
'conversions probability'}\n",

152 "\n",

5 "§get only relevant features all features - irrelevant_ features \n",

5 "relevant features = [e for e in all features if e not in

irrelevant_features_list]\n",

155 "§print (relevant_ features)\n",

156 "\n",

157 "# Get the featurss'n",

158 " X = journeys.loc[:, relsvant featuress]\n",

1549 "\n",

160 "$ \"One-hot encoding\" of features 'channel array', 'last device category’,
'used_markets'\n",

161 "\nn,

162 "§Encoding for channel array\n",

163 " X['organic search'] = ¥['channel array'].apply(lambda x: 1 if 'organic

search' in = =ls= 0)\n",
164 " x['dizplayv']
in x else 0)\n",

_X['channel array'].apply(lambda x: 1 if "display"'

165 " X['referral'] = _¥['channel array'].apply(lambda x: 1 if
"referral' in x =ls= 0)\n",

166 " X['direct'] = X¥['channel array'].apply(lambda x: 1 if 'direct’
in x else 0)\n",

167 " X['paid search'] = ¥['channel array'].apply(lambda x: 1 if 'paid
search' in x else 0)\n",

168 " X['"social'] = _X¥['channel array'].apply(lambda x: 1 if 'social’
in x else 0)\n",

169 "_X['other'] = _X['channel_array'].apply(lambda x: 1 if '{other)’
in x =ls= 0)\n",

170 " X['affiliates'] = X['channel array'].apply(lambda x: 1 if

"affiliates' in x else 0)\n",
171 " X['email"] = _¥['channel_array'].apply(lambda x: 1 if "email"
in x else 0)\n",

172 "# remove source columnin”,

173 " X.drop(columns='channel array', inplace=True) \n",

174 "\n",

175 "§Encoding for last_device category\n",

176 " X['last_device mobile'] = X['last _device category'].apply(lambda x: 1 if
"mokile"' in x else 0)\n",

177 " X['last_device_tablet'] = _X['last_device_category'].apply(lambda x: 1 if
"taklet"' in x else 0)\n",

178 " X['"last_device desktop'] = _X['last device category'].apply(lambda =x: 1 if

"desktop' in = =lse 0)'\n",
" remove source columnhn",
" X.drop({columns='last_device category', inplace=True)\n",

"\n",
"#Encoding for used markstsin",
" X['buymarket_1"'] = X['used markets'].apply(lambda x: 1 if '1" in x
else 0)\n",
154 " X['buymarket 10'] = HX['used markets'].apply(lambda x: 1 if "10' in x

elses 0)\n",

185 " X['buymarket 100'] = X['used markets'].apply(lambda x: 1 if '100" in x
else 0)\n",

186 "_X['buymarkst_11"'] = _X['used_markets'].apply(lambda x: 1 if "11' in =
sls= 0)\n",

1387 " X['buymarket 12'] = X['used markets'].apply{lambda x: 1 if '12"' in x
els= 0)\n",

188 " X['buymarkst_13'] = X['used markets'].apply(lambda x: 1 if "13' in =
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else 0)\n",

" X['buymarket 4'] = X['ussd markets'].apply(lambda

els=s 0)\n",

" X['buymarket 61"] = H['used markets'].apply(lambda

els=s 0)\n",

" X['buymarket 63"] = X['ussd markets'].apply(lambda

else 0)\n",

" X['buymarket 68"] = X['used markets'].apply(lambda

els=s 0)\n",
"# remowve source columnin",
"_X.drop(columns="used markets"', inplace=Trues) \n",
nwyom
\n'",

"freplace NaN values with 0 (those values occur because of a division by 0

the prior step)\n",
" X.replace(np.nan, 0, inplace=Trus) \n",

"¥_unstand = _X\n",
"¥X_unstand = pd.DataFrams (X¥_unstand)\n",
n '\n" .
" \n"
'
"$ Get the targst'n",
" \n" .
"target = ['conversions_probability'] \n",

" vy = journeys.loc[:, targst]lin",

x: 1 1f '61°

x: 1 if 'e3°

x: 1 if 'e8"'

"; = y['conversions probability'].apply(lambda x: 1 if x»>=0.5 else 0)\n"

b,

"cell type": "markdown™,
"metadata": {},
"source": [

"$#% Quick look into the raw fesaturss"

b
{

"cell type": "cods",
"execution_count": 9,
"metadata": {}.

"outputs": [].,

"source": [

"$print (X_unstand.head())\n",
"total ¥ = y.shaps[0]\n",

"pos = sum(y)\n",
"neg = total_y - posin",
Il\n" .

"print (\"Count of positive:\\t\", pos, '\\t', pos/total y*100, '%')\n",

"print ('Count of negative:\\t', neg, '\\t', neg/total_y*100,

b
{

"cell type": "markdown",

"metadata": {}.,

"zource": [

"§#% Distribution of the targetin",
Il\n"' .

"Data selected from the intial journeys data frame"

"cell type": "code",
"execution count™: 10,
"metadata": {}.,
"outputs™: [1,

"source": [

l%l’)\nlf

"plt_target = journsys|['conversions prokability'].hist(bins=10000)\n",

"plt_target.set _xlim([-1.5 , 1.5])\n",

"plt_target.set_title('Cccurence of conversion probability wvalus')\n",

"plt_target.set xlabel ('onversions probability')\n",
"plt_target.set_ylabel ('amount of journeys')\n"
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[ FV I % 5 I VR T V% I R A |

"ecell type": "markdown”,
"metadata": {1},
"source": [

"$## Step 2: Zpply PCE\n",
"Lpply Prinicipal Componant Rnalysis to all features. Identify features with the
highes wvarianz = columns with highest degree of impact (information) ."

]

F.

"cell type": "code",
"execution_count": 11,
"metadata": {1},
"outputs": [],
"source": [
"from sklearn.decomposition import BCANR",
"pca = None'n",
"pca = PCA()\n",
"\n",
"pca.fit (X _unstand)\n",
"X pca = pca.transform(X unstand)"
]
|
{
"cell type": "markdown",
"metadata": {},
"zource": [
"§##% Plot PCl and PC2\n",
"Plot the two first PC with the highest variance The targst is indicated by ths
color.™

"cell type": "code",
"execution count": 12,
"metadata": {1},
"outputs": [],
"zource": [
"pcl pcf = plt.scatter(X pcal:, 0], ¥ pcal:, 1],%n",
" ==y, edgecolor='nons', alpha=0.1,\n",
cmap=plt.cm.get_cmap ('RdBu’, 2))\n",
"pcl_pcl.axes.set_xlabel ("principal component 1 (PC1)")\n",

"pcl_pcl.axes.set_ylabel ('principal component 2 (BPCZ) ") \n",
"pcl pcl.axes.set_x1im([-150, 1000])\n",
"pcl _pcl.axes.sst_ylim([-1000, 1000])\n",
"§pcl pcl.axes.axes.colorbar()\n",
"$pcl pcl.axes.axes.legend ()"

]

|

{

"ecell type": "markdown”,

"metadata™: {1},

"source": [
"##% Plot the cumulative variance of the data‘\n",
"Identify how many PCs are neesded to cut off after %8% variance. R11 other PCs
are interpreted as noiss."

]

|

{

"cell type": "code",

"execution count": 13,

"metadata": {1},

"outputa": []1,

"source": [
"plt.plot (np.cumsum(pca.sxplained _variance ratic_ ) )\n",
"plt.xlabel('# components')\n",
"plt.ylabel ('cumulative explained wvariance');\n",
"plt.title("Cumulative variance of components')\n",
"plt.show\n",
"§print (pca.explained variance_ratic )"
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"cell type": "code",
"execution count™: 14,

W

> "metadata": {1},

[ "outputs": []

7 }

8 1,

g "source": [

0 "pos=0%\n",

1 "ecumsum = 0\n",

2 "ent = 0%\n",

3 "isSst = False\n",

4 "print ('Varianz gain per BC:')\n",

pos = pos + 1%\n",

[P I PV I PV I FE R PE R P P P I S B B T T I R

[V W T S TV S PR S U T TV T OV T P T B S V% Y P T TV I TV RN

o =1 vy on

" print ("PC-%1i:
“"YAt culative: %£f\" % cumsum )\n",

339 " if (cumsum > 95 and not isSet) :\n",
340 " cnt = posi\n”,
341 " izS8et = Trus'n",
342 " “n",
343 "print ('Last PC to keesp is PC-%1' % cnt)"
344 1
345 .
346
347 "cell type": "code",
348 "execution_count": 15,
245 "metadata™: {}.
350 "outputs": []1,
351 "source": [
352 "$cut off componsnts with too little wariance
total) \n",
53 "pca = Noneshn",
54 "components = 4\n",
55 "\nv,
56 "pca = PCR(n_components=components)\n",
57 "\nt,
53 "pca.fit (X unstand)\n",
9 "X = pca.transform(X_unstand)\n",
o] "X = pd.DataFrams (X)"
1 1
2 |
3 {
4 "cell type": "code",
5 "execution_count": 16,
[} "metadata": {}.,
7 "outputs": []1,
8 "source": [

I

"plt.xlakel ('# components')\n",

A

w

"metadata™: {1},
"outputs": []1,

=

"source": [

[ P R S BV R P F Bt B WL B W BT R P B PR B P X P P Ut B W% T W% ST ISR X B ¥R VY PSR U B WL B W QT B R S B VR VE I TS P R L R PV R FE R O]
[ e e e T T e B I B I B I N« W I« Y 3 W T B L R

"for 1 in range(len(pca.sxplained variance ratic_)):\n",

cumsum = cumsum + pca.explained variance_ratic_[i]*100%\n",
% pos, \"\\t%f\" % (pca.explained variance_ratio_[1]*100),

(*.5 => & principal compcnants in

"plt.plot (np.cumsum(pca.sxplained variance ratio_ ))\n",

"plt.ylabel ('cumulative explained variance');\n",

2 "plt.title("Cumulative wvariance of components')\n",
3 "plt.show"

4 1

5 ,

7 "cell type": "code",

g "executicn count”: 17,

2 "fkept wvariance\n",

3 "cumsum = 0\n",

4 "for i in range (0, components):\n",

5 " cumsum = cumsum + pca.explained variance ratic_[i-1]%n",
[ "print ('Kept variance:', cumsum)"

7 1

8 |

E] {

90 "cell type": "markdown"™,

XCl
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391 "metadata": {}.

392 "zource": [

393 "§# Step 3: Identify best ML algorithm"
394 1

3¢ b,

3¢ {

3 "cell type": "code",

39

"execution count": null,
"metadata": {},
"outputs": [1.,

"source": [

"t$reduce datain",

"¥ = X.1loc[:99999, :]\n",
"y = y[:100000]"

fgreater_is better = True by default\n”,
"fl scorer = make_scorer(fl_score, pos_label = 1) fgreater is better = True

invest!)"

|
{
"ecell type": "code",
"execution count": null,
410 "metadata": {}.
411 "outputs": [],
412 "source": [
413 "import xgboost as xgb\n"
414 1
415 B
416
417 "cell type": "cods",
41 "execution_ count": L&,
415 "metadata": {},
420 "ocutputs": [],
421 "source": [
422 "from sklearn.model selection import train test splithn”,
423 "from sklearn.metrics import make scorer, £l scorein",
424 "from sklearn.metrics import classification reportin”,
425 "from datetime import datetimein",
426 "\n",
427 "§ Import classifier’n",
428 "from sklearn.snsemble import RandomForestClassifiexrin”,
429 "# n_sstimators\n",
430 "from sklearn.ensemble import ExtraTressClassifieri\n",
431 "# n_estimators, complexity of learners, e.g. through max depth\n",
432 "from sklearn.ensemble import RdaBoostClassifier’n",
433 "# n_estimators, complexity of learners, e.g. through max depth\n",
434 "from sklearn.ensemble import GradientBoostingClassifier\n"™,
435 "# n estimators, complexity of learners, e.g. through max depth\n™,
436 "§from xgboost import XKGBClassifier\n",
437 "\n",
438 "\n",
439 mynm,
440 "t make scorer\n",
441 "# prec_scorer = make_scorer(precisicn_score, pos_label = 1)
¥greater _is better = True by defaultin",
44z "# recall scorer = make_scorer(recall score, pos_label
='conversion probability')
443 =
by default, pos_label = 1 (positive:
444 1
445 1,
44¢ {
447 "cell type": "code"
448 "executlon_count”:
445 "metadata": {},
450 "ocutputs": [],
451 "source": [
452 "# dictionary of classifiers to test\n",
453 "all classifier = {\n",
454 " # ' _xgBoost': XGBClassifier,'\n",
455 " ' _randomForest': RandomForestClassifier, \n",
456 " ' extraTree': ExtraTreesClassifier, \n",
457 " ' AdaBoost': AdaBoostClassifier,\n",
458 " '

_GradientBoost': GradientBoostingClassifisr \n",
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"cell type": "code",

"execution count": mull,

"metadata": {1},

"cutputa": []1,

"source": [

"$ n_estimators: from 10 te 250 in steps of 10 (#amount of trees)'\n",
"param = np.arange(10,250,%0)\n",

1] \rJ-!T .

" tables to store results of training'\n",
"£1 = {}\n",

1] \rJ-!T ,

" build \"empty\" ckject with 0 wvaluss for sach classifisr‘n",
"for key in all classifier:\n",

fllkev] = np.zsros{lsn(param) )"

"cell type": "code",

"execution_count": 20,

"metadata": {1},

"outputs": [],

"source": [

"from sklearn.model selection import cross_wval score\n",

"\n",

"$ split all data randomly in two secticons: train (train and wvalidation)
test (overall test) set. \n",

"# setting random_state ensures the same splitting each callin",

"X_train, X test, y_train, y_test = train_test_split(X, y, test_size=0.Z,

random state=42)\n"

1

b,

"cell type": "cods",

"execution count": null,

"metadata™: {1},

"outputa": [1.,

"source": [

"fl[' randomForest'] = np.zeros(len(param))\n™,

"£1[' randomForest'][0] = mean([0.98560824, 0.98558985])\n",
"fl[' randomForest'][1l] = mean([0.98664676, 0.986548%91])\n",
"fl['_randomForest'] [2] = mean([0.98671273, 0.98657042])\n",
"fl['_extraTres"] = np.zeros (len(param))in",
"fl['_extraTrees'] [0] = mean([0.98545404, 0.98525€7 ])\n",
"fl['_esxtraTres'] [1] = mean([0.9865779%, 0.9864916%])\n",
"f1['_extraTres"][Z] mean ([0.5%866782, 0.%8635321])"

1

b

"cell type": "cods",
"execution_count": null,
"metadata™: {1},
"outputa": [1.,

"zource": [

"print (£1}"

b
{

"cell type": "code",
"execution count": null,
"metadata": {},

"outputs": [],
"source": [

"import datetims\n",
" cur = []\n",

n \n" ,

"# do trainingin",
"$ over all classifierin",

and

XClI
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[5s)

"for clf_key in all_classifiesr:\n",
'\nFI .

fcurrent classifier\n",

1)

[t

print (clf key)'n",

52

52

53

531

532 " fcurrent timehn",

533 " print (datetime.datetime.now() .time (})\n",

534 " ¥ over all configuraticn parameter \n",

535 " for param_index in range (len(param)) :\n",

536 " \n",

537 " \n",

538 " % initialize classifier with parametern”,

539 " clf = all classifier[clf_key] (n_estimators = param[param_index]) $#,
n_joks = -1)\n",

540 " Zn",

541 " 4 train model, store fl-score from average of cross-validation runs\n",

542 " _cur = cross_val score(clf, X_train, y_train, cov=2,

5cmring=f1_5cmrer}\n“,

print(_cur)\n",

fl[clf_key] [param_index] = mean(_cur)\n",
L] \nll .

"print (datetims.datetime.now() .tim=s () )"

I

"eell type": "markdown”,
"metadata™: {1},
"gource": [

"Identify kbest performing classifisr"

}.
"eell type": "code™,
"execution count™: nmll,
El "metadata’: {}.
v} "outputs": [1.
1 "source": [
2 "for key, dat in fl.items() :\n",
3 " plt.plot(param,dat)\n",
4 " plt.xlabel ('n_sstimator: Amount of Trees')\n",

plt.ylabel ('mean of £l scores')\n",

"\n",

"plt.legend(fram=alpha=0.35, labels=[ \n",
'RandomForesst', \n",
'ExtraTres", \n",

" 'adaBoost ', \n",

" 'GradientBoost'\n",

n ] )\n"I

-1 & o

o

b
&
I
I
&
&
I

w

5 " #legends bauen matplotlib.legend\n",
57 "print('S8ize of trainngs sst:', len(X _train))‘\n",
57 "plt.show()"
3 1
}.
{
"cell type": "code",

"exscution_count™: null,
"metadata": {}.
"outputs": [1.

"source": [

"X train.shaps()"

}.
"oell type": "markdown™,
589 "metadata": {},
590 "source": [
591 "4 Step 4: Identify best model configuration™
592 1
593 ¥,
594 {
595 "cell type": "code",
59¢ "execution_ count™: 26,
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"metadata": {

"zcrolled": false

}.

"outputs": [],

"source": [

"from sklearn.metrics import accuracy scores\n",
"import datetims\n",

Il\n!Y .

"# training data : X_train, y_traimn‘n",
"§ overall test data : X test, y_ test\n",
Il\n|Y .

"} split train data into training and validation set.\n",
"X_train_train, X _traim_test, y_train train, y_train_test =
train_test_split(¥X_train, y_train, test_size=0.2,\n",

random_state=42)\n",

"min samples split = [1.0, 2, 4, &, 10]\n",
"max_depth = [10, 12, 14, 1&, 20, 25, 50]%n",
"n_estimators = np.arange(10,331,40)\n",

II'\n" .

Il\n" .

"result_sst_length = len(min_ samples_split) * lsn(max dspth) *
len(n_sstimators)\n",

"\n",

"results = {}'n",

"results['config'] = [''] * result_set_length\n",
“results['min_samples_split'] = np.zeros(result_set length) \n",
"results['max depth'] = np.zeros{result_set_length}\n“,
"results(['n_estimators'] = np.zeros(rssult_sest_length) \n",
"results|'train error'] = np.zeros(result_set_ length) "n",
"results['"test_srror'] = np.zsros(rssult_set_lesngth) \n",
"results['whole run error'] = np.zeros(result_set_length)\n",
"\n",

"\n",

"1 = =1%n",

"for cur_min samples split in min_ samples split:in",
for cur_max depth in max depth:\n",
for cur_n_estimators in n_sstimators:\n",
" i =41+ 1\n",
cur_results = {}\n",
fcurrent time\n",
print (datetime.datetims.now() .tims=())\n",
print ('Current hyperparameters: min_sample split:",
cur_min_samples_split, \n",

max_depth:', cur max depth,
cur_n_estimators) \n",

" results["config'] [i] = \"min_samples split: {0}, max depth: {1},
n_estimators: {2}\".format(cur min samples_split, cur_max depth,
cur_n_esstimators) \n",

n estimators:"',

" results['min_samples split'][i] = cur_min_samples split\n"”,
" results['max_depth'][i] = cur_max_depth\n“,

" results['n_estimators'][i] = cur_n_estimators\n",

n \n"’

fruilding the classifiexn",
#eval metric is set to error by default for a classificationhn",

" xg_clf = all classifier['_ randomForest'] (\n",
" n_jobs = -1, \n",
" $okbjective = 'binary:logistic', \n",
" min_samples _split = cur_min_ samples split, \n",
" max_depth = cur max depth, \n",
" n estimators = cur mn estimatorshin”,
L] N " -
) \n",

$Train the model with training data’\n",

xg clf.fit (¥ train train, v _train train)\n",

" \;"r - - - -

fpredict on the trainings data set. How well can the model predict
the trainng data (pattern learning)'n",

" train_train_pred = xg_clf.predict(X_train_train) \n",
" #compare the prediction results with the \"r=al\" results \n",
" results['train srror'][i] = 1 - accuracy score(y_train train,

train_train pred) \n",

XCV
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L \nll

" fapply model to the validation data (X_train test)\n",
train_test _pred = xg clf.predict (X train test)\n",

$compare the prediction results with the “"real\" results ‘n",

" results['test_error'][i] = 1 - accuracy_score(y_train_test,
train_test_pred)\n",

n \n!T .

L] \n!T .

" results['wheles _run_esrror'][i] = (results['train srror'][i] +
results(['test_srroxr'][i]) / 2\n",

print ('Error on test set:
print ()\n",

, results['test error'][i])\n",

"cell type": "code",
"execution count™: null,
"metadata": {},

outputs": [],

"gource": [

"# ge=t index of min error from test s=t. \n",

"index = results['test error'l.argmin()\n",

"§ print best configuration with minimal over- / undefitting\n",
"print (\"Best model should use: \", results['config'] [index])i\n",

"print()\a",
"print ()\a",
"print (results) \n"

"cell type": "markdown",

"metadata": {},

"gource": [

"$4 Step 5: Create optimal model for predictionin™,
" \n" .

"Cre=ats the final model with best classifier and hest hyperparamsters”

"cell type": "cods"

"execution count™: 27,
"metadata": {},

cutputs": [1.,
"source": [

"# Best configuration: Best model should use: min smples _split: 8, max_depth:

20, n_estimators: 290\n",

"\n",

"xg _clf = all classifier[' randomForest'](n_jobs = -1, \n",
" min_samples split = 8, \n",
" max_depth = 20,%n",

" n_sstimators = 220)\n",

" \n'",

"§ train the modsl with all available training data\n",
"xg_clf.fit (X _train, y_train)in",

" n",

"§predict on the test data set.\n",

"test_train pred = xg_clf.predict (X test)\n",

"\n",

"\n",

"$apply model to the wvalidation data (X_train_ test)\n",
"train test _pred = xg_clf.predict(X train test)\n",

"$compare the prediction results with the \"real\"™ results ‘n",

"performance = accuracy_score(y_test, test_train_pred)\n",
"error in reality = 1 - performances\n",
Il\n"’ - -

"print('Prediction performance of the model on test set:', performance, '

Error:', error_in reality)\n",
" B
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"cell type": "markdown",
"metadata": {},
"zourcse": [
"Tune Parameters for best
]
}
1.
"metadata": {
"kernelspec": {
"display name": "Python 3",
"language": "python",
"name": "python3"
b
"languags_info": {
"codemirror_mods": {
"name": "ipython",
"yersion™: =
}.

"file_esxtension™: ".py

"mimetype": "text/x-python"

"nam=": "python",

clagsifisx"

r

"nbconvert exporter”": "python",

"pygments lexer": "ipythoni",

"yersion": "3.6.35"

}

b,

"nbformat": 4,
"nbformat minor": 2
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Appendix 35: Performance of different hyperparameter combinations

The optimal configuration (smallest error on test set) is highlighted in bold.

Start

09:29:39.851638
09:29:50.766571
09:30:01.232893
09:30:16.924951
09:30:38.496898
09:31:05.367370
09:31:37.829993
09:32:16.244237
09:33:00.963100
09:33:51.261729
09:33:54.663091
09:34:04.565907
09:34:20.381732
09:34:42.012561
09:35:09.005466
09:35:41.885559
09:36:20.873519
09:37:04.992143
09:37:54.856198
09:37:58.331823
09:38:08.181756
09:38:23.788867
09:38:44.991038
09:39:11.902381
09:39:44.753787
09:40:23.385436
09:41:07.989313
09:41:57.778330
09:42:01.233380
09:42:10.928848
09:42:26.388296
09:42:47.605895
09:43:14.620442
09:43:47.460736
09:44:26.022008
09:45:10.357026
09:48:52.149842
09:48:56.035277
09:49:05.730287
09:49:21.151738
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error on test set
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0,01933741410829050
0,01912201752325490
0,01918607943863190
0,01911737535547390
0,01915636956483390
0,01916286859972720
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0,01600340920801830
0,01595048849531550
0,01589942464972520
0,01592727765641080
0,01591335115306800
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0,01586878634237090
0,02416155486624520
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18:50:42.126408
18:51:38.809827
18:53:05.007884
18:55:02.475223
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19:00:23.594267
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19:15:27.356922
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19:40:39.030393
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19:46:10.210126
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20:04:33.532227
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0,01636364142781940
0,01634228745602700
0,01626986963864440
0,01629029517688050
0,01629772264533000
0,01629122361043660
0,01628565300909950
0,01646576911900010
0,01590963741884330
0,01585578827258430
0,01583164900012340
0,01579079792365120
0,01572302227404940
0,01579079792365120
0,01561280950493130
0,01580286755988160
0,01655582717395040
0,01591613645373650
0,01580379599343780
0,01577037238541500
0,01582886369945490
0,01572859287538650
0,01572209384049320
0,01572487914116180
0,01571745167271230
0,01657253897796170
0,01591613645373650
0,01582886369945490
0,01578708418942640
0,01574623311295420
0,01575366058140370
0,01573973407806080
0,01570816733715040
0,01571652323915610
0,02400650646236180
0,02324240564561870
0,02307157387128010
0,02348936897156480
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22:21:52.660323
22:24:20.164342
22:27:18.614046
22:30:43.910721
22:34:37.233339
22:39:02.141094
22:39:31.720975
22:40:36.831278
22:42:14.918316
22:44:26.337334
22:47:12.326520
22:50:30.423770
22:54:23.026453
22:58:47.907590
23:03:48.472129
23:04:20.160085
23:05:31.840771
23:07:21.273418
23:09:45.672932
23:12:51.620818
23:16:30.829038
23:20:49.693344
23:25:40.578356
23:31:18.412130
23:31:53.236943
23:33:08.360704
23:35:06.742628
23:37:40.197480
23:40:58.901373
23:44:50.313583
23:49:23.812165
23:54:36.614972
15:23:28.674236
15:24:06.834019
15:25:25.593794
15:27:30.618284
15:30:17.808623
15:33:45.183367
15:37:53.708537
15:42:43.769724
15:48:20.946572
15:54:37.803938
15:55:14.790531
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10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10

10
10
10
10
10
12
12
12
12
12
12
12
12
12
14
14
14
14
14
14
14
14
14
16
16
16
16
16
16
16
16
16
20
20
20
20
20
20
20
20
20
25
25

170
210
250
290
330
10
50
90
130
170
210
250
290
330
10
50
90
130
170
210
250
290
330
10
50
90
130
170
210
250
290
330
10
50
90
130
170
210
250
290
330
10
50

0,02336867260926030
0,02343459139174970
0,02312356615042660
0,02341323741995730
0,02340023935017070
0,02000217253452150
0,01913780089371000
0,01910437728568730
0,01903381633541700
0,01913965776082240
0,01908209488033880
0,01915822643194630
0,01918422257151950
0,01914244306149100
0,01775722019565800
0,01729300341756390
0,01725865137598490
0,01723729740419260
0,01716116585258520
0,01723729740419260
0,01714166874790520
0,01719830319483270
0,01718344825793370
0,01688449265284100
0,01641377683985350
0,01636178456070700
0,01631629131645380
0,01632371878490330
0,01637106889626890
0,01632464721845940
0,01628658144265570
0,01622809012861590
0,01634321588958320
0,01586692947525850
0,01579822539210070
0,01581029502833120
0,01579544009143210
0,01579544009143210
0,01578894105653880
0,01578151358808930
0,01579172635720730
0,01650569176191610
0,01585393140547190
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15:56:36.024412
15:58:39.877176
16:01:26.659829
16:04:57.033805
16:09:11.099833
16:14:02.961585
16:19:37.434070
16:26:05.625820
16:26:45.120869
16:28:05.413658
16:30:08.090512
16:32:54.513027
16:36:24.371650
16:40:38.008026
16:45:40.070801
16:51:18.760010

10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10

25
25
25
25
25
25
25
50
50
50
50
50
50
50
50
50

90
130
170
210
250
290
330

10

50

90
130
170
210
250
290
330

0,01576851551830270
0,01576944395185880
0,01579915382565680
0,01576201648340930
0,01574066251161690
0,01576480178407790
0,01572766444183030
0,01647876718878670
0,01591799332084890
0,01583072056656730
0,01573694877739220
0,01572209384049320
0,01575273214784740
0,01577872828742070
0,01578337045520170
0,01572395070760560
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