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Abstract It is quite common that most of companies’ decisions are made based
on feelings, intuitions or personal experiences. The reasons for such patterns
have organizational, technical and process oriented backgrounds. For instance,
there is no structured way to deal with the analytical results on both sides
simultaneously — organizational and technical. Usually, in case of analytics the
ones doing analysis (e.g. data scientists) and the ones using results of analytics
(e.g. decision makers) are different persons. As a result, such a structure leads to
ambiguity and misunderstanding between the involved parties. In order to bridge
the existing gap between data scientists and decision makers, we introduced the
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Data Product Profile which links both data science and data-driven decision
processes.

1 Introduction

In order to facilitate a more structured way of communication between data
scientists and decision makers, data products need to be the central result of
every single data analysis process. Data products therefore, should support
the achievement of corporate goals within companies. In companies, the data
product can be used for decision support in different forms and formats, such as
a report, a service for end-consumers, or simply as an analysis model, which is
deployed in the process. The main goal of the data product is to generate value
based on companies’ data, that is essentially based on the analysis of raw data
available to companies. On the one hand, such an approach aims to encourage
decision makers to rely more on data-driven decisions. On the other hand, the
data product serves as an intermediary between data scientists and decision
makers (Anderson (2015b); Patil (2012); Provost and Fawcett (2013a)).

Despite the huge amounts of available raw data and various analytical
tools to process them, most of the companies’ decisions are based on certain
individual factors. According to surveys conducted by Anderson (2015b); BARC
(2017), around 58% of companies’ decisions are made based on individualy
feelings, intuitions or experiences, rather than being explicitly derived from
corresponding data. Thus, companies’ decisions are not yet data-driven and
multiple studies have shown that a data-driven decision culture can provide a
significant advantage over competitors (McElheran and Brynjolfsson (2017);
Brynjolfsson and McElheran (2016)).

The realization of data products will open the door not only for data science
experts, but also for domain knowledge experts, such as decision makers. In
this way, companies will benefit from mechanisms of data science and move
towards data-driven decision processes. The data product should be created
in collaboration between data scientists and decision makers (Kowalczyk and
Buxmann (2014a); Provost and Fawcett (2013a)).

According to the work of Provost and Fawcett (2013a), there are clear
dependencies between data-driven decisions and data science. The starting point
is data processing and data engineering. These steps serve as the basis for data
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science and analytical processes. Regardless if these dependencies’ structure, it
remains unclear how exactly an interaction between data-driven decisions and
data science could be facilitated. Up to now, most companies have performed
descriptive analysis in the form of reports. But most of them do not completely
fulfill requirements of users, or are not explicitly used by decision makers.
Therefore no value is created by using data (Anderson, 2015a). As the demand
for predictive and prescriptive analysis increases, the need for data scientists
in companies grows. Although one of the most important skill areas of data
scientists is communication, the interaction and communication between data
scientists and decision makers is not formally described nor properly addressed
(Davenport and Patil (2012); Schmid and Baars (2016)).

In other words, when a company builds a particular data science process
based on the widespread Cross Industry Standard Process for Data Mining
(CRISP-DM) standard (Wirth and Hipp, 2000), it still remains unclear, how the
CRISP-DM methodology could be adjusted to be able to reflect all information
needs of decision makers. Currently, within the CRISP-DM model, the role of
the decision maker is summarized in the Business Understanding step. It is the
first step of the analytical process and it is not sufficient to integrate domain
knowledge only at this stage. Decision makers may play also a valuable role
during the further stages of the methodology as well.

For instance, according to Kowalczyk and Buxmann (2014a), in order to have
a successfully deployed data-driven decision process, an interaction between
the decision maker and the data scientist should be facilitated and supported by
heterogeneous methodologies. It is necessary to reach a common understanding
of a problem and its solution from both sides, the ones performing data analysis,
and obtaining insights, as well as the ones using these insights to make decisions
and, therefore, create corporate value.

To bridge the gap between data scientists and decision makers, we introduce
the Data Product Profile (DPP) as a method for communication optimization.
The DPP interlinks both data science and data-driven decision processes.
According to Loukides (2010); Patil (2012); Stockinger and Stadelmann (2014),
the data product is defined as follows: "A data product is the central result of the
analysis process of data science. The data product supports the achievement of
business goals. (...) The main objective is for the data product to generate added
value from the analysis of the data". It allows decision makers to participate
more actively during important steps of a data analysis process, without the need
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of deeper understanding of data mining, machine learning and deep learning
techniques.

By encouraging decision makers to participate in a data analysis process, the
quality of the obtained results will improve, as the experts have a lot to offer
in terms of domain expertise. In addition of obtained results quality, such an
approach will also increase the acceptance rate of the resulting analytical model
by decision makers, since decision makers will be a part of their creation. By
taking part in generating such models, decision makers will be more confident
about the obtained results. This will increase the probability of integrating the
results into the decision making process.

To determine the requirements for the DPP, a systematic literature review has
been carried out. After the requirements have been determined, the DPP was
developed. To meet the requirements, the decision process and the CRISP-DM
were combined and the DPP as a process-supporting artefact was developed.
The last step includes the evaluation of the developed artefacts in the frame of
five case studies and two workshops in an SDAX company.

2 Related Work: Data Science and Data-Driven Decisions

In this section, the current state of research as well as the relationship between
data science and data-driven decisions is discussed. Furthermore, the works of
Provost and Fawcett (2013a); Kowalczyk and Buxmann (2014b); Elgendy and
Elragal (2016); Cato (2016) are discussed.

Data Engineering . Data Driven
and Processing H Data Science HDecision Making

Figure 1: The Relationship between Data Science and Data-Driven Decision Making, adapted from
(Provost and Fawcett, 2013a).

The publication of Provost and Fawcett (2013a) shows the relationship
between data science and decision making (see Figure 1). This demonstrates
that data science can help to support the data-driven decision making process.
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The contribution of Kowalczyk and Buxmann (2014a) represents the actual state
of business intelligence and data science based on decision making processes.
The authors describe the relationship between data science and data-driven
decision making processes in a more detailed way in comparison to Provost and
Fawcett (2013a). Kowalczyk and Buxmann (2014a) describe the current state of
data-driven decision making processes and postulate important aspects to be
taken into consideration, but they do not show how a company can begin to use
data science and promote data-driven decision making processes.

The contribution of Elgendy and Elragal (2016) has a more technical view
than Provost and Fawcett (2013a) and Kowalczyk and Buxmann (2014a). An
interdisciplinary team in an analytical project, and the mentioned gap between
data scientists and decision makers do not play a role in this article. They present
their "Big - Data, Analytics and Decisions" (B-DAD) framework which links
the decision making process together with the analytical process which includes
all required technologies.

Cato (2016) focuses on big data systems, which often have the goal to enable
and promote data-driven decisions. The work shows, that in addition to technical
requirements, organizational requirements play an important role for analytical
projects and corporate culture. However, the dissertation does not describe how
exactly any company could use data science to promote data-driven decisions.

The presented and discussed contributions show the connection and impor-
tance of data science and data-driven decision processes. The contributions
highlight some of the obstacles that should be overcome when using data science
to support data-driven decision making processes. However, none of the papers
provide a concrete guidance or concept of how data science should be used
to support data-driven decisions. The current work is bridging this gap by
introducing the new concept, the Data Product Profile (DPP).

3 Requirements

The requirements for the DPP to build a connection between decision maker
and data-driven decision process, were determined with the help of a qualitative
literature review. The publications used are shown in table 1. With the qualitative
literature review the following research question should be answered:

What are the requirements for data science in relation to the
decision making process?
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Table 1: Literature used in the requirement analysis.

Author Title

Baars (2016) Predictive Analytics in der IT-basierten Entscheidungsunter-
stlitzung - methodische, architektonische und organisatorische
Konsequenzen

Cato (2016) Einfliisse auf den Implementierungserfolg von Big Data
Systemen

Davenport et al (2010) Analytics at work: Smarter decisions, better results

Davenport (2012) Business Intelligence and Organizational Decisions

Dimitri Gross and Opitz Big Data organisieren - Erste Schritte zum Competence Center

Consulting (2016)

Duan and Cao (2015) An Analysis of the Impact of Business Analytics on Innovation

Elgendy and Elragal (2016)

Big Data Analytics in Support of the Decision Making Process

Gross and Thomsen (2016)

Advanced Analytics: Die konsequente Antwort auf Big Data

Guerra and Borne (2016) 10 signs of data science maturity

Howard et al (2012) Designing great data products: The Drivetrain Approach: A
four-step process for building data products

Kim (2016) Five steps for success

Kowalczyk and Buxmann
(2014a)

Big Data und Informationsverarbeitung in organisatorischen
Entscheidungsprozessen

Miller and Mork (2013)

From Data to Decisions: A Value Chain for Big Data

Patil (2012)

Data Jujitsu: The art of turning data into product: Smart data
scientists can make big problems small

Provost and Fawcett
(2013b)

Data science for business: [what you need to know about data
mining and data-analytic thinking]

Provost and Fawcett (2013a)

Data Science and its Relationship to Big Data and Data-Driven
Decision Making

Schmarzo (2016)

Big data MBA: Driving business strategies with data science
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A total of 16 requirements are divided into two groups. The first group, with an
organizational focus coded as ORX in table 2, has 13 requirements, differencing
the second group with a technical focus coded as TRx in table 2 has 3. Besides
organizational or technical focus, requirements are also divided according
to implementation horizon. 7 requirements have a short-term implement (S)
horizon, 7 requirements have an implementation horizon between short-term
and long-term (S, L) and 2 requirements have a long-term (L) implementation
horizon. In Table 2 the requirements are shown in descending order, with the
number of apperances in the literature and their implementation horizon (S >
S,.L>L).

Table 2: Overview of the requirements lexicographically sorted by number of entries and implemen-
tation horzion (S > S,L. > L).

Code Requirement Type Amount
OR11 Support communication and cooperation between data sci- S 11
entist and decision makers
OR13 Focus on company’s benefits S 8
OR3  Data laboratory S,L 7
OR1  Analytical approaches and decision process combined to- S 6
gether
ORY9  Data science team S,L 6
ORS8  Data science competences S,L 5
OR5  Data product S 5
OR10 Data-driven company culture L 5
OR2  Data analytics thinking S,L 5
TR1 Analytical infrastructure S,L 5
TR2  Analytical and statistical functionalities S,L 3
TR3  Information and data quality S,L 2
OR12 Management support L 2
OR4  Data product as an alternative for action in a decision S 1
making process
OR6  Secure data product insights S 1
OR7  Identify data product stakeholders S 1

Organizational requirements are mostly related to processes and procedures,
whereas technical requirements are relatively general and represent basic
requirements to be able to perform data science in any company at all.
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The main objective of the concept is to implement requirements with a short-
term implementation horizon (S), as these must be fulfilled in order to use
data science to support the data-driven decision making process. Short-term
requirements include OR11 with 11, OR13 with 8, OR1 with 6, and ORS5 with
5 responses; OR4, OR6, and OR7 each with one entry (see Figure 2).

4 Towards the Data Product Profile Concept

In this section, the development of the Data Product Profile (DPP) is described.
The DPP could be defined as an instrument that creates a common knowledge
base of the participating stakeholders and enhances the approach advocated
by the CRISP-DM methodology. The DPP is described in a way that the
provided description supports the previously determined requirements. In order
to operationalize the DPP, it should be integrated into an analytical process.
For this reason, the CRISP-DM was chosen as the most common and well
established generic methodology to perform an analytic process in companies
(Brown (2016)).

In order to connect data science and data-driven decision, the data product is
placed between them as a central instrument (see Figure 2). By placing the data
product between data science and data-driven decision, the importance of the
data is to be promoted as an important business resource (ORS).

~

Data Engineering Data Data Data Driven
and Processing Science Product | “| Decision Making
4

Figure 2: Relationship between Data Science, Data-Driven Decision Making and Data Product, based
on (Provost and Fawcett, 2013a, p.54).

In this sense, any data product should be seen as a result of data science
activities. Thus, it should be considered as an alternative action in the decision
making process in order to carry out data-driven decisions (OR4).

By combining the CRISP-DM with the classic decision-making process, a
data-driven decision-making process emerges (see Figure 3).



Building a Connection Between Decision Maker and Data-Driven Decision Process 9

This combination fulfills the requirement OR11. Thus, the decision process
can be combined with the CRISP-DM. Both have an iterative nature and may
have some parallels in their process steps. The data-driven decision-making
process should also be iterative.

DPP component
General

DPP component DPP component
Building common understanding Obtaining insights

Business 3. Data
Understanding Preparation
1. Business —
Data .
4. Model

| I

DPP component DPP component
Operationalization Evaluation

6. Deployment
and Controlling 5. Evaluation

Figure 3: The Design of the DPP Components.

The process depicted in Figure 3 is to be carried out by a data science team. In the
team, data engineers, data scientists and decision-makers (e.g. business owners,
project sponsors, etc.) should work together to develop a suitable data product.
In this process, communication and collaborative work should be ensured
(OR11). To ensure this, the DPP will be integrated into the data-driven decision
process (see Figure 3). The DPP is intended to support the communication and
cooperation of the team members in all process steps. Among other things,
it provides a guideline for structurally processing all essential topics in the
individual process steps and for building a common understanding. Next process
steps should only be started once all relevant topics of the previous process step
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have been completed. This is intended to promote a structured transition of the
data-driven decision making process.

The DPP serves as a supporting tool in the data-driven decision making
process. Three existing concepts were used for the content design of the DPP.
Because a data product can be seen as kind of company internal start-up idea,
the content from the Business Model Canvas, a widely used start-up support
framework, was used. The Drivetrain Approach Framework influenced the
design of the DPP content, as it represents a rough data product development
process. The third existing concept used is the CRISP-DM (Howard et al, 2012;
Osterwalder and Pigneur, 2013). The DPP should create the following added
value during the process:

* The participation of all data science team members in the creation
of the Data Products reduces the resistance to data-driven decision
making processes and promotes their acceptance at the same time. The
DPP is the central medium to support all involved stakeholders in their
communication and collaboration (OR11).

* The participation and the collaborative development of the DPP lead to
an exchange of knowledge between the team members. This knowledge
exchange is intended to foster the team members data analytic thinking.
Data scientist and decision makers should learn from each other.

* An often complex analytical project gets a structured guide through the
DPP to master the complexity.

 There is a central place for securing knowledge about the data product
(ORG6).

* A common unified knowledge base is built within the data science team,
which is always visible through the DPP and can be shared with other
employees. The knowledge base can also be used in future projects.

The DPP should support the individual process steps of the developed data-
driven decision process (see Figure 3), so that it can be executed in a structured
manner. The process is divided into 5 components that can be assigned to
the process steps accordingly (see Figure 3). Component building common
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understanding should support the process steps business problem, business
understanding and data understanding. If the component of the DPP is sufficiently
processed, component obtaining insights should support the process steps of
data preparation and modelling. After component obtaining insights of the DPP
has been completed, component evaluation for the evaluation process step and
component operationalization for the process step deployment and controlling
follow. Component general contains topics such as tasks, efforts and show
stoppers and should be available in addition to the other components in each
process step.The five DPP components are briefly described below:

Building common understanding: The business problem is used as the trigger
to start the development of a data-driven decision making process. The DPP
is intended to help with an initial understanding of the data, the definition
of the company benefit and the decision to be supported.

Obtaining insights: The 2nd component of the DPP is intended to support the
process steps such as data preparation and modelling. Once all essential
component 1 content of the DPP have been populated, the data product can
be developed in these two process steps.

Evaluation: After the potential data products have been developed and com-
ponent 2 of the DPP has been documented, the evaluation can begin. The
evaluation process step is supported by component 3. Important informa-
tion for the evaluation has already been documented in component 1. The
information on "how" and "when" the success of the data product should be
measured is used here.

Operationalization: The 4th component of the DPP supports the deployment
and controlling process step. In this process step, the previously evaluated
and selected data product is operationalized.

General: The 5th component of the DPP is to be used throughout the entire
analytical process. The component consists of general content that is relevant
at all times during the process.
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5 Prototypical Implementation through Data Product
Profile Guideline

The evaluation of the DPP was carried out with the qualitative methods case
study and expert’s workshop. The business partner provides both the case
studies and the experts for the evaluation of the concept. Case studies are used
to evaluate developed artefacts under real conditions. For the execution of the
case studies, the DPP was prototypically implemented in the form of a guideline
(see Figure 4).

The guideline includes short content key points or questions for every DPP
component which should help the data science team to develop a common
understanding and a persistent documentation of the data product. For the five
case studies, the guideline was presented to the participants in a Power Point
presentation. The topics discussed on the respective contents of the guideline
were documented separately in protocols. Table 3 summarizes the results of the
evaluation and shows which requirements have been confirmed as implemented
in the case studies and expert workshops.

Table 3: Summary of the Evaluation Results.

AT O
£ & LT T T o o
s 2 2 2 2 2 2 3
S v v v v wn Z )
o N 0o 0o 0o o o ¥ #
& 5 2 & 8 & & o ©
Code Requirement £ L O U U U0 B 2 Y
OR1  Analytical approaches and decision O S X X X X X 5
process combined together
OR4 Data product as an alternative for O S X X X 3
action in a decision making process
OR5  Data product OS X X X X X X X 17
OR6  Secure data product insights 0O S X X X X X X 6
OR7  Identify data product stakeholders O S X X X X X 5
ORI11 Support communicationandcooper- O S X X X X X X X 7
ation between data scientist and de-
cision makers
OR13 Focus on company’s benefits 0O S X X X X 4
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DPP component
,»Building common understanding*

DPP component DPP component
,»Obtaining insights“ ,Evaluation

DPP component
»Operationalization“

Figure 4: DPP guideline for the five components.

DPP component
»General“

In Table 3 it can be seen that requirements with a short-term implementation
horizon (S) could be confirmed after being implemented in the case studies
and expert workshops. The most frequent requirement, OR11 was confirmed as
implemented in all case studies and expert workshops. Also the requirements
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ORS with 7, OR6 with 6, OR1 with 5 and OR7 with 5 confirmations were
implemented during the evaluation. The second most frequent requirement
OR13 has been confirmed as implemented in four case studies. The requirement
OR4 could be confirmed as implemented in two case studies and one expert
workshop. The evaluation showed, that the concept implements the short-term
requirements for the use of data science in support of data-driven decision
making process.

6 Conclusion and Future Work

Despite the fact that there is a lot of work done in data science on organizational
and technological levels. The work demonstrates that there are a number of
requirements not fully addressed yet. Thus, in order to address most crucial gaps
existing on the intersection of organizational, procedural and technical aspects
of data science and data-driven decisions, a new concept, the data product profile
(DPP), was introduced. The DPP was prototypically implemented through a
guideline, in order to evaluate the DPP by five case studies. The evaluation shows
that the DPP enables a structured, target-oriented and thus faster development
of data products. In addition, a common understanding among the participants
was fostered.

The evaluation was only qualitative. Future work could quantitatively evaluate
the DPP, for example by conducting surveys before and after a development
of a data product to measure the benefits. Furthermore, the guideline could be
supported by software.
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