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Abstract

Nedap retail helps retailers in their diverse needs in loss prevention, stock man-
agement and store monitoring. These solutions are being used for monitoring,
identifying and detecting tagged products in stores. Retailers use Nedap’s prod-
ucts to protect themselves against loss prevention, to manage their stocks and to
monitor their stores. Nedap is selling these devices to retailers in many countries
across the globe. Nedap’s policy is to outsource specific activities like installation
and maintenance of their devices to local business partners. Nedap does not have
to enrol employees abroad and business partners are familiar with local legisla-
tion. iSense is a new alarm pedestal that detects and identifies goods passing the
entrance of a retail store. Currently, the market is making a shift to the new iSense
system. The research question is how to use emerging big data analysis to extract
business partner performance information from the iSense messages. To answer
this question, we use supervised machine learning with a continuous output. We
used a questionnaire to obtain input labels and interviews with various experts to
obtain the candidate features. We proof that the strongest mapping of perception
of the experts to the features is the gradient boosting regressor. These features
are reduced using principle component analysis in order to fit on the sparse data.
Our model does predict the perception of the experts, however insights in the data
show that these perceptions are not always correct. These insights provide Nedap
with information to assist business partners in improving their performance and
understand their problems in making the shift to the new iSense system. Using
the opinions of the relevant parties as input values for a machine learning algo-
rithm proved valuable to address problems and obtain insights. We believe that
our approach can be generalized to other cases.
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1 INTRODUCTION

1 Introduction

Big data and data mining are buzzwords currently making their way in the field
of research and practice. The opportunities stored in these large data sets are im-
mense and the value likewise [34]. Many of these opportunities are not chased
due to time and manpower, but the opportunities are understood within a com-
pany. Nedap N.V. is one of these companies that stores large data sets in different
fields, for example; retail, livestock, healthcare [41]. This research is conducted
at Nedap Retail part of Nedap N.V. [40]. Nedap Retail (from now on Nedap) has
two products in the market to support retailers with their daily business. Loss
prevention is one of the products Nedap offers to retailers the other being stock
management. Stock management are systems that help the retailers with their in-
ventory and tracking of sales. Loss prevention can be a gate system as can be
seen in figure[I] or an overhead detection system as can be seen in figure 2] These
systems are used to detect theft and register articles that have left the store. Within
loss prevention, Nedap has two systems in the market to help retailers. The first
system is the old system called OST. This system is not intelligent when it comes
to issue handling, it just tells the client that something is wrong with an error-log
on what is wrong with the system. The second type is called iSense, which can
be both the overhead systems and the gate system. The huge difference between
iSense and OST is that iSense is an intelligent system that will analyse itself and
come back with a conclusion on what is wrong with the system. The systems are
reporting issues, which range from hardware related problems to detection prob-
lems. Based on this information the client can easily find the problem and solve
this in order to have their system function at maximum performance. Nedap is
currently in the middle of making the shift to iSense systems and away from the
old OST systems, therefore the focus of this thesis lays on iSense.




1.1 Objectives 1 INTRODUCTION

Nedap does not install the systems themselves. Nedap has a global network of
business partners, which install Nedap’s solutions at the retailers. Nedap is active
in over 127 countries and each country has at least one business partner. Each
business partner has its own region in which they are active and responsible for
the systems. This is not only installation, but also servicing the retailers after in-
stalling the systems to ensure maximum quality. The way this hierarchy works
can be seen in figure [3] Importantly Nedap stores all data of these systems and
create platforms for the retailers, business partners and themselves to see issues
of the systems and allow for remote connections to solve them. This means that
the business partners are directly responsible for ensuring that the systems are in-
stalled correctly, issues that come up are resolved and configuration of the system
is done correctly. The business partners are directly responsible for the quality of
systems, since it is their responsibility to execute the installation of the systems
and the servicing of these systems. Which brings us to main question Nedap has,
how are our business partners performing?

Currently Nedap wants to improve their insight in the performance of their busi-
ness partners. The iSense systems report issues and these are stored by Nedap.
This data contains information about when they occur, when these are solved and
what type of issue is reported. This information shows the up-time of systems,
what problems the system had and how long it took a business partner to solve
the problems. Based on this issue data it should be possible to determine the per-
formance of a business partner. The question is whether the current perception of
performance that exists within Nedap can be related to data or that the perception
is based on unknown factors.

1.1 Objectives

This research aims to address the perception of performance that was mentioned
in previous section. There is a need for insight in the performance of business part-
ners in order to achieve scalability and ensure the quality of the systems through-
out the world. These insights should help improve the existing performance of
business partners, by knowing their strength and weaknesses and allowing Nedap
to improve the quality of their business partners. This research combines feature
engineering, data preparation and machine learning to rate business partners ac-
cording to the perception of the performance that exists within Nedap. The goal
of this research is to provide a model that rates business partners of Nedap that use

2



1.1 Objectives 1 INTRODUCTION

Figure 1: An iSense system with gates at a store

Figure 2: An iSense system that is overhead at a store, the system is attached to
the roof instead of a gate
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Nedap

|
l l |

Business Business Business

Partner 1 Partner 2 Partner X
Retail Retail Retail Retail Retail Retail
Store 1 Store 2 Store 3 Store 4 Store 5 Store X

Figure 3: The hierarchy of Nedap

the iSense system, based on the features obtained by feature engineering that im-
pact the performance of the business partner. This brings us to following problem
statement.

Problem statement

How can the performance of a business partner be determined, based on data from
the issues provided by the iSense system?

This problem can be addressed by answering four research questions which are
discussed below.

The performance of a business partner has two parts: the first part being what the
performance is based on and the second part what the current performance of the
business partners is. The important difference is that one question is to determine
what this performance is based on, where the other question is to identify the
perception of performance that exists within Nedap.
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RQ1: What features define the performance of a business partner?
RQ2: What is the performance of a business partner?
Based on these features a prediction model is built and data needs to be enriched

to support these features. Figure |4 shows the way the previous research questions
contribute to the model.

Features Train Data New data

Perceptions Model Model Predictions

Figure 4: How the model is created and used to make predictions

RQ?2 obtains the perceptions used to train the model. RQ1 finds out what features
the performance of a business partner is based on, which is the definition of fea-
ture engineering. What this model looks like is currently unknown therefore, the
following research question is defined:

RQ3: What is the best model to rate business partners based on issue data
of the iSense system?

This model predicts ratings for all business partners based on the features, how-
ever not every indicator correlates with the rating of a business partner. For this
the last research question is defined:

RQ4: What insights does the produced model give about business partners?
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1.2 Approach

The purpose of this research is to create a model that predicts the performance
of business partners and gives insight into the strenghts and weaknesses of the
business partners. The long term goal is to allow Nedap to manage their business
partners and improve their overall performance (RQ). To keep a steady structure
in this thesis, we use CRISP-DM, which is a data mining model that describes the
commonly process, used by data mining experts to tackle data mining problems
[55]. Figure [5shows the CRISP-DM process as described in literature.

Business ‘l Data
Understanding Understanding

\

Data
Preparation
Data

it

Deployment Modeling

N 4

Figure 5: The CRISM-DM process

Oscar Marban et al call CRISP-DM the “de facto standard” and it was the most
used method for doing data mining over multiple years according to surveys [37].
The model was officially released as version 1 in 2000 and has remained the same
over the years [[10]]. Kurgan describes in his work that CRISP is a strong industrial
support in the data mining area [30]. Currently CRISP-DM is still the most com-
monly used process for data mining and analysis in the field of research as it was
a couple years ago as claimed by Azevedo [3], even though there has not been a
statistical analysis on this. This thesis closely follows the CRISP-DM process as
figure [5] shows. As the technique perfectly matches the process that needs to be
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1.2 Approach 1 INTRODUCTION

conducted in this thesis.

To enable a model to rate business partners, we first need to conduct a literature
review on what the current situation is within Nedap. To achieve this we analyse
what a business partner is and does for Nedap, this can be related to the busi-
ness understanding part of the CRISP-DM cycle. This is followed by analysing
what techniques in data analysis are commonly used for problems in this area of
research.

Next, we analyse what features have an impact on the performance of a business
partner (RQ1). These features come forward from literature, data exploration and
interviews, this step is considered the data understanding part of CRISP-DM. Van
der Spoel concluded in his research that besides looking at literature, looking at
the organization and talking with experts impacts the features and new features are
found [58]]. To achieve this, experts are being asked about what potential features
could be. Besides asking experts, the data is also being explored to find potential
features of the performance, these can be validated by asking experts about their
opinion on the features. The result of this is a list with features that are used by the
model. However to allow the model to use these features data needs to be prepared
and enriched, which is the data preparation step of the CRISP-DM cycle.

To achieve the mapping of the perception to data, the ”golden reference” needs to
be known. To achieve this, we need to obtain information about the current per-
formance of business partners within Nedap (RQ2). The data needs to be mapped
to this perception of the truth if possible, to see if the current perception is close
to the truth.

Subsequently, the model is created based on the list of features (RQ3). This pro-
cess is considered the modeling step of the CRISP-DM cycle. This model will
evaluate the importance of features and their relevance to the rating of a business
partner. The model learns which features are important and how they relate to
the performance of a business partner. To achieve this different models are tested
and the best model is chosen. The definition of the best model is based on how
accurate the model is in predicting the ratings.

Finally, the model is predicting the rating of all business partners. We research
what these ratings imply about the performance of a business partner and if these
predictions correctly display the truth (RQ4). This requires validation of the pre-
diction with different experts that are interviewed in earlier stages of the research.
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The way this is done, is by training the model on training data. Once the model
is trained, it predicts the ratings of business partners over a new period of data,
which the model did not see yet. These predictions are discussed with experts to
see how well the model predicts and what insights this model gives. We consider
this step as evaluation in the CRISP-DM cycle. The last step is deployment, which
follows if the model is correct, however falls outside the scope of this thesis.

1.3 Contributions

This thesis contributes by giving Nedap insight in the performance of business
partners installing the iSense system. These insights should give understanding in
which business partners are performing up to standards and which business part-
ners need assistance in the transition that is currently in progress. Additionally,
these insights could provide new projects to further increase data understanding
and readability throughout the company.

For research in the field of data understanding and determining partner perfor-
mance there were also some contributions. The methodology described in this
thesis can be used to gain insight in data in most fields of research. The approach
to use opinions of interviewees to train a model showed efficient in showing rel-
evant parties what important features are and how important these features are.
For research in performance of partners this thesis is a good example on what to
expect in a similar situation and what problems can arise.

1.4 Structure

First, chapter 2| reviews different techniques in big data and data mining, which
are considered for the model that is going to be build. These techniques are all
commonly used in machine learning and their advantages and disadvantages are
listed in this chapter.

After this, chapter 3] lists contextual information that is necessary for understand-
ing the current situation at Nedap and the complication of the situation. This
information consists of: what Nedap does, the definition of a business partner,
complications that came forward in the pre-research and ways to tackle these com-
plications.
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Following this, chapter {] describes the features received from: interviews, the
questionnaire, literature and data exploration. These features are used in chapter|[5]
as features for the machine learning model. chapter [5also explains the choice of
machine learning model and how this choice has been made. Chapter [6| discussed
the validation of the model. For this the predictions the model is making are
compared to the perceptions given in the interviews during the validation. Chapter
discusses the results of the model, what insights this model provided and what
these insights mean for Nedap.

Finally, chapter concludes this thesis by answering the research questions,
section [8.2] discusses the limitations and strengths of this thesis and finally section
[8.3] explains what future research can be done on this project and other projects
that came forward in the research.




2 BACKGROUND

2 Background

This chapter reviews the concept of big data. It starts off by explaining what big
data is, followed by the benefits and challenges in big data. The second part of
the literature review describes the different techniques of data mining and ma-
chine learning. This is continued by a brief description of feature engineering and
concludes with a short summary.

2.1 Big Data

Over the last few years, volumes of data have increased significantly. The amount
of data in 2012 is expected to have grown by 700 percent in 2018 [63]. Big
data is a term for data sets that are so large and/or complex that traditional data
processing software cannot properly deal with this. Where in the past big data
was considered a problem, today it is seen as a huge opportunity to gain more
insights into application and business information. Which leads to a new view on
storing data, analyze which fields are meaningful and store as much data about
these as possible. According to Zakir et al 60 percent of the respondents said
that they should focus on data and analysis of this data [63]. The main goals
for this would be to generate insights on customers, segmentation and targeting
to improve the overall performance of the company [63]]. The large amount of
data stored by companies also allows for predictive analysis. Predictive analysis
is the use of historical data to forecast on customer behavior and trends. The
methods used to achieve predictive analysis could be by using statistical models
or machine learning algorithms in order to identify patterns and to learn from this
data [63]]. John Walker claims in his book that many businesses use forecasting
and predictive analysis in order to gain a competitive advantage [29]. He believes
that the structure of an entire industry will be reshaped based on the change big
data analysis will provide.

2.1.1 Whatis big data

Russom claims that big data is defined by three V’s, which Chen et al support
[47][11]. These three V’s are variety, volume and velocity. Kwom et al also char-
acterize big data by the three V’s and mentioned that big data analytics is believed

10



2.1 BigData 2 BACKGROUND

to be the next "blue ocean’ in business opportunities, meaning it can redefine busi-
nesses as they are currently known [31]. Their definition of big data analytics
is: 7all technologies and techniques that a company can employ to analyze large
scale, complex data for various applications to augment firm performance”. These
claims have recently been reviewed for the current market and situation by Gan-
domi et al and concluded that the opportunities described in the past have not been
fully exploited, however many are trying to do so [20].

As mentioned, the commonly used definition of big data is the three V’s. The
first V is volume, volume can be defined by a variety of aspects such as counting
records, transactions, tables, or files. In order for data to be considered big data the
volume has to be massive, which is the case when standard processing processing
software cannot deal with it anymore [59]. Laney claims that as data grows the
value of an individual record decreases [32]], however once the data becomes large
enough the value increases since big data analytics will become possible [42].
SAP has surveyed small and middle sized companies and the results showed that
76% of the companies see big data as an opportunity [48]].

One of the differences between data analysis and big data analysis is that big data
analysis requires technologies that support high-velocity data capture, storage and
analysis of this data. Which is the second V, velocity. Where data analysis can also
be done on small data sets with simple technologies to achieve the wanted results,
big data requires technologies that can handle high-velocity data capturing, stor-
age and analysis of this data, such as; noSQL, machine learning and map-reduce
[47] [20][S9]. Big data offers a lot of possibilities when it comes to analysis. Since
there is so much data it is significantly easier to detect trends and occurrences that
might seem random at first, but appear to be a trend [38]].

And the last V is variety. When data is received from only a single instance
the amount of data can still be large, however it would still be considered data
instead of big data, since the variety is small. The challenge of big data is that the
data is received from many different sources and the types are different making it
impossible to store them in the same database normally. This means that big data
is frequently unstructured which makes it harder to do analysis on [47/] [38]. Data
is considered big data, when one or more V’s are present, which leads to the claim
of Ward that standard processing application cannot deal with it anymore [S9]].

Gandomi et al mention in their paper that some parties have defined big data as
more than the three V’s and tried adding some others [20]. One of the mentioned

11
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V’s is veracity. IBM claims that besides the accepted three V’s they believe verac-
ity should be added [[64]. Veracity is perceived by the unreliability to include some
sources of data. For example customers often speak their minds on social media
and therefore this contains a lot of valuable information. But the data is very un-
certain and hard to mine. SAS sees variability and complexity as another V [49].
SAS mentions in an example that when asking two persons to measure a plant,
one returns with one meter while the other says 100 centimeters. Both answers
are similar yet they are described differently. This definitely could be a challenge
when receiving data from many sources. Oracle supports SAS that variety should
be seen as a V and adds another V, value [42]. Value should be considered as an
important aspect of big data according to Oracle, since the data is of low value
density, however when analyzed in large volumes it becomes worth a lot.

2.1.2 Benefits of big data analysis

Since big data has been gaining ground in the business sector it is important to
know the reason businesses apply big data analysis. According to Russom any
business that has involvement with customers could benefit from big data analytics
on the following points [47]:

Business will have better-targeted social-influence marketing. Social-influence
marketing is a new approach when it comes to marketing and this focuses on
individuals rather than an entire group. These individuals are approached and get
compensated for promoting the respective business. The marketing will indirectly
reach an entire group that follow the individual. [47]

Not only marketing will become easier according to Russom, but customer-base
segmentation will be more complete since based on this large stack of data, cus-
tomers are more easily grouped in segments and categories.

The final benefit of using big data analytics is that analytic applications are likely
to benefit from the large amount of available data [47]. A few examples of these
applications are fraud detection, quantification of risks or automation of decision
making for real-time business processes.

This thesis is an example of gaining insight into market opportunities. Because of
the large data set and variety of data, there are a lot of opportunities, which can be
found within the data. These opportunities might not seem clear at first but when

12
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digging deeper into the data the opposite can be claimed true. Since big data has
advanced a lot over the years it is nowadays far easier to store this data structured
in a way that allows analysis to be far more effective than before [39], not only that
but Michael Ketina also supports Russoms claim that the main reason businesses
are doing analysis is to gain insights into customers, market-direction and to gain
new insights. These new insight can range from forecasting to analyzing the root
cause of costs to fraud detection [47]].

2.1.3 Barriers in big data

While the opportunities are immense, there are also some barriers and challenges
in big data analytics. Russoms says that inadequate staffing and skills are the lead-
ing barriers to big data analytics [47]. McAfee supports this claim by saying that
there are too few data scientists in general [38]. After all, many organizations are
still new to big data analytics and often correlation is being mistaken for causation
which has the effect that misleading patterns are found in data and perceived as
true.

Besides inadequate staff, businesses often do not support big data analysis as a
program due the large concerns behind the analytics. These range from privacy
concerns to cultural challenges. Michael Ketina supports these claims in his paper
while adding to this that businesses need to make choices in what data to store,
because otherwise the amount of data stored will grow out of control [39]. He
also mentions the issue of privacy being a large risk, since the more data stored
with CCTYV, on the work floor and in general about the customers could give large
insights in every activity that a person is doing. Privacy is something that needs to
be taken in account, as business partners might not be happy that Nedap uses the
data to analyze their performance.

Variety and complexity is seen as a challenge in big data. Oracle and SAS both
see challenge in the variety of data, since the input streams are so different [49]]
[42]]. The challenge that this brings is that there are a couple steps that need to
be taken. These steps are data preparation and could need some of the follow-
ing steps: connecting, matching, cleansing and transforming the data from many
different sources. Once these steps have been completed the data can be used in
analysis.

13
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The final point Michael Ketina is making, that is important in regards to this thesis
is what is done with the results. Analysis is favored by many businesses, but it
could happen that the results found can be an issue to the affected parties [39].
As explained with privacy, a business partner can fear their position if their per-
formance is under standards. If this happens to be the case, caution is important
and what is done with the results might need to change from what was initially
planned.

2.2 Data Mining

Data mining is the analysis of (often large) observational data sets to find un-
suspected relationships and to summarize the data in novel ways that are both
understandable and useful to the data owner.

Hand defines data mining as the analysis of large observational data sets to find re-
lationships and to summarize data in understandable and useful ways [23]]. Larose
supports this definition and names a few technologies that could be used [33]].
Linoff even calls it a business process to find meaningful patterns and rules in
large data sets [35]. There are two common goals for businesses to do data min-
ing [16]]:

1. Descriptive analysis, to understand what the data means and what informa-
tion is stored in data.

2. Predictive analysis, to predict trends and gain competitive advantage over
competitors.

A combination of the two goals is what most businesses do, as predictions are
only useful if they can be described and explained. Since identifying individual
customers is too time consuming, data mining techniques are often used in data
analysis of customer data. There are many techniques in data science to achieve
the above goals, below is a list of the most commonly known techniques when it
comes to analyzing customer data.
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2.2.1 Machine Learning

Machine learning is the technique of finding patterns, making predictions and ob-
taining descriptive information on a data set without specifying how the computer
needs to do this. There are many different models each with it’s different strengths
and weaknesses [[7]. Most programming languages support a machine learning li-
brary and each implementation should give the same results. Machine learning is
split up in two categories based on the principle the underlying algorithm is using.
This division can be seen in figure [6]

Machine
Learning

Supervised Unsupervised
Learning Learning

Association Rule

Classification Regression Clustering Learning

Figure 6: The division of machine learning techniques and the algorithms

The difference between supervised and unsupervised learning is that for super-
vised learning you need a truth. The different models try to map the input features
to the truth that has been given. These features are the indicators mentioned in the
earlier sections. A feature is a data column that has a potential relation to the truth.
The models adjust the different weights of the features to try to map the given in-
put to its prediction. Unsupervised learning only need the input features and tries
to find patterns and correlations between the different features, the model will try
to find correlations in the data and that is the strength of unsupervised learning.
The techniques used for supervised and unsupervised learning differ and the next
sections describe the difference between the techniques.
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2.2.2 C(lassification

Classification is a technique that given labeled data constructs classes to assign
samples in these predetermined groups [56]. The labeled data consists of many
records and each record is unique. In order to classify data in groups a classifi-
cation model is used, these can have many different forms such as a set of rules,
neural networks, decision trees and many more. A classification model trains it-
self on training data and constructs a model based on what it has learned. Once it
has been trained it can be used to predict new samples by putting the new samples
into the model, which allocates them to the defined classes.

Figure [/| shows a simple classification example. In this example there is a large
pile of fruits that needs to be classified. This large stack needs to be split into four
predefined categories: apples, oranges, bananas and grapes. The model identifies
each fruit based on whether they are round or not. When that split has been made it
can split once more on color, which splits the different fruits up in their respective
classes.

Fruits

True
u Fruit = Round False

Color = Orange Color = Yellow

True False True False

Orange Apple Banana Grapes

Figure 7: A simple classification example
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2.2.3 Regression

Regression is a supervised learning method [/]. There are many different al-
gorithms that work with regression models, the biggest difference compared to
classification models is that regression models do not have a categorical output.
This means that the prediction made by regression-models is continuous and does
not limit itself to pre-defined classes (discrete) [7]. When the decision is made
on supervised learning the only question that remains is to determine whether the
wanted output is continuous or categorical.

2.24 C(lustering

Clustering is often confused with classification. The key difference between clus-
tering and classification is that clustering is an unsupervised method. Gan et al
describe in their book that Data Clustering is a method of creating groups of ob-
jects (called clusters) in a way that all objects in a cluster are very similar to each
other [[19]]. They are still different but share enough similarities to be considered in
the same cluster. One of the key differences between clustering and classification
is that the user defines what the clustering is going to be by choosing a similarity
function [S6l]. There are common similarity functions such as k-means, k-median
and min-sum [6], however the user can define its own similarity function since
this is different for each domain and based on what the user assumes from the
data [61]].

clustering #1 clustering #2 clustering #3
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Figure 8: A simple clustering example
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To simplify clustering again, the same example will be used as before about a stack
of foods arriving. The food is not classified like before, but instead the model is
used to determine samples that share features. Based on the similarity function
the user defines which clusters show the best relation in the data. This could be
based on clustering whether it is a vegetable or fruit or based on the colour of the
food. Based on the amount of clusters and similarity function the model clusters
the data. Figure [§|shows the difference the user can make by defining the amount
of clusters. Each individual clustering has a different amount of clusters. The
user can now look at the graphs and determine which amount of clusters best
represents the samples, this example uses the same similarity function, however
the user could also have tried different similarity functions.

2.2.5 Association Rule Learning

In 1993 association rule mining was introduced by Agrawal et al [2]]. Association
mining is the technique where relationships in the data set are built, so called
associations [19]. An association is a rule which assumes there is a likelithood of
a specific pattern reoccurring in the data. These patterns are defined in the form
of implications such as X = Y where X and Y are items within the data set. The
rule should be read as when X occurs in the data set there is a high likelihood of
Y appearing in the data set [25]. This likelihood of the rule applying to a case is
called confidence. Besides confidence there is another statistic that is important
for association mining, which is support. Support is the amount of times X appears
in the entire data set. This statistic is a measurement of how often the rule might
apply and how strong the rule is. The more often it occurs the more valuable the
association rule is.

Figure[9shows how an association rule works. The figure shows a case where five
shopping carts are filled with type of products. Based on these products associ-
ation rules are made. One of the association rules is that when a customer buys
product A they also buy product D. The figure shows that the support is two out
of five, since two carts have product A and D and there is a total of 5 carts. The
confidence shows that there are two cases where the rule is correct and one case
where it is not.
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Rule Confidence
A=D 2/5 23
C=> 4 2/5 2/4
A=C 2/5 23
B&C=D 1/5 1/3

Figure 9: A simple association example

2.3 Feature Engineering

To allow data mining techniques to work, features need to be defined. A feature is
an attribute of a data sample that is used by the different models. The process of
defining features for data mining is called feature engineering. The term feature
engineering in data mining is not a formally agreed definition, more a broadly
accepted procedure of steps [62]. This process allows the data mining algorithm
to have input of a set of features, which are based on knowledge of the domain,
the data and assumptions. This includes steps such as transforming the data into
another format, such as a date into day of the week [44]]. The knowledge of the
domain can be obtained through expert-interviews, surveys, literature and previ-
ous research. Data exploration shows the structure of the data and the potential
information stored within the data. A data expert can obtain features from the
data based on previous analysis, domain knowledge and assumptions. Once these
steps are completed a list with features can be made. These features are used as
potential indicators for a data mining algorithm, which on its turn determines the
relevance of said features, this process is called feature selection. Guyon et al
explain that there are many benefits to feature selection, which include data un-
derstanding, data visualization and improve prediction performance [21]. Dash
et al mention there are various techniques to choose relevant features, as some of
the defined features might only cause noise [[12]]. This process is called feature
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selection. There are many different techniques to do feature selection and there is
no defined correct method as each case is unique as mentioned by Dash et al [12].

2.4 Summary

This section discusses relevant literature with regards to big data, data mining and
feature engineering. The big data sub-section explains the meaning, the challenges
and the benefits of big data. Following this, data mining is discussed with different
techniques commonly used in data mining. The last section describes feature
engineering and how it is related to the previous sub-section. The next section
discusses Nedap, what a business partner is and does, the business model of a
business partner and concludes with potential complications in this thesis.
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3 Context

3.1 Nedap Retail

Nedap retail is a company, that has its headquarters located in Groenlo in the
Netherlands and is a business unit of Nedap [41]. Nedap Retail works around
the globe to deliver industry-leading products, services and solutions for their
customers’ diverse needs in loss prevention, stock management and store mon-
itoring. Their inventive thinking and collaborative spirit allows them to deliver
tailor-made solutions for the fast paced retail sector. Below is their philosophy
and text as mentioned in their manual:

”We simplify retail management while improving your customers’ shopping ex-
perience. By taking most recurring tasks off your hands, we create time for you
to devote to your customers. And that is what retail is all about. Whether you run
a small local store or a large international chain, you will benefit from our broad
range of products, ideas and services.

Nedap solutions are built upon 40 years of global experience, market expertise and
close cooperation with leading retailers. Our worldwide operations are supported
by a flexible network of certified partners across the globe. Nedap systems are
future-proof (RFID-ready), cost-efficient and Eco-friendly. Our mission is simply
to make sure your customers maintain the best shopping experience whilst we
help you protect your profits. Our philosophy: ”"Merchandise simply available.””
[45]

mecd=aE

When it comes to loss prevention Nedap has two systems currently in the market.
The first system is the old system called OST. This system is not intelligent when
it comes to issue handling, it just tells the client that something is wrong with
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an error-log. Based on this error-log the application analyze the issue that the
system is reporting. The second type is called iSense [46]. The difference between
iSense and OST is that iSense is an intelligent system that will analyse itself and
come back with a conclusion on what is wrong with the system. Based on this
information the client can easily find the problem and solve this to have their
system function at maximum capacity. Since iSense is the new system from Nedap
and because the old system is being phased-out this research only looks at the
iSense system.

Nedap does not install the system them self and is not directly responsible for
everyday problems. This is what Nedap has business partners for, what a busi-
ness partner is and does is described in section ??. Nedap stores the data and
has dashboards available for their business partners and their retailers to provide
information about the issues arise. The information stored contains time-stamps,
issue-types and duration of the issues. This is why Nedap wants to have insight in
the performance of her business partners.

3.2 Business Partners

This section has been removed for public view.

3.3 Summary

This section described what Nedap is and does, why Nedap has business partners
and what these business partners do. Next section describes the techniques used
to obtain indicators (features) of performance for the model.
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4 Candidate Features

This chapter describes the different techniques used to find the features for the
model. The techniques used to determine the different features are: data explo-
ration, interviews and the questionnaire. Each section overviews a technique used,
the goal of the technique and the results of the technique. The chapter concludes
with an overview of all features that are included in the model. The features
obtained in different techniques are validated through expert opinions and discus-
sions with colleagues.

4.1 Data Exploration

This section will take a closer look at the data set, which provides the main
sources of information in this thesis. We describe what information is stored in
the database, what the different fields mean, which are relevant for this thesis and
conclude the section with a summary of the features that came forward. Section
discussed big data. The data used in this thesis is considered big data due
to the variety and volume of the data. The data comes from several streams and
databases and the volume is large as every five minutes each of the systems is
sending its metrics to the servers. The challenges and barriers mentioned in the
literature review are taken into account in the following stages of this research.

4.1.1 Issue categories

The issue data stored from the iSense system has a label field. This label specifies
what type of issue the system is reporting. These labels can be categorized in
different categories that the system is having problems with.

1. Configuration, an issue occurred that is related to the configuration of the
system. Can be solved remotely.

2. Hardware, an issue occurred with the hardware of the system, either a cable
is disconnected or part of the system has broken down. Requires physical
support at the retail shop.
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3. Health, an issue that occurs when the system has problems performing. This
issue might require physical support, but can sometimes be solved remotely.

4. Integration, an issue that requires Nedap to solve. This has often to do with
connection to the database or the systems supporting iSense.

5. Network, an issue of this type means something is wrong with the network
at the retail shop. This requires physical support to solve.

These categories show what kind of tasks need to be done in order to solve an
issue. Some issues can be solved remotely, some issues require the business part-
ner to physically visit the retail shop and a couple issues require Nedap to solve
them. The list of issue types and their average, trimmed average, mean, category
and count can be found in table[I] Three issue types have already been filtered out
in this list, since Nedap has the responsibility for these issues and are not related
to scoring business partner and can therefore be excluded in the performance of a
business partner. There were a lot of issues resolved within five minutes that could
not be resolved by human action. These issues have been filtered out in order to
get a good view of the statistics of the data. The amount of issues reported by the
system are over the last year.
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Issue Type m Average | Trimmed Average | Mean Category Count
type a 15014 227 10 | configuration 73
type b 12857 304 648 | configuration | 53743
type ¢ 7766 25 14 | configuration 597
type d 2795 725 785 | configuration 789
type e 792 11 5 configuration | 35176
type f 4046 915 611 | configuration 1258
type g 10155 29 14 | configuration 1197
type h 394 124 101 | configuration | 21317
type i 3825 1548 1449 hardware 26228
type j 1615 8 5 hardware 4449
type k 608 9 4 hardware 25321
type 1 345 30 30 hardware 17246
type m 96 31 25 hardware 41370
type n 764 14 10 hardware 469
type o 3942 213 18 hardware 26450
type p 130 12 10 hardware 13627
type q 90 10 10 hardware 250
type r 127 10 10 hardware 16247
type s 233 10 10 hardware 4595
type t 2007 10 10 hardware 1639
type u 309 10 10 hardware 49837
type v 561 388 445 health 1917

type w 246 75 12 health 1233779
type x 309 33 19 integration 50453

type y 239 60 34 integration 163039
type z 147 201 20 network 3968230

Table 1: Issue type with the statistics and category of each type

Labels have been anonymized due to intellectual property
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4.1.2 Responsibility

In order to get some information who is responsible for an issue type a responsi-
bility matrix has been made. Table [2] shows the responsibilities by the different
parties and if physical support is needed to solve an issue type. The issue types
have been made anonymous due to intellectual property. The main reason for do-
ing this is that some issue types depend on help of the retailer and are most likely
less important when scoring a business partner. Physical support is also an inter-
esting field that can be taken in account. If a business partner needs to physically
visit a store in order to solve an issue, travel distance might need to be taken in
account. and supports business partner when asked to. Whether this entire list is
complete and correct will also be validated in the interviews that will be held.
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Issue Business Retail Physical Severity
Type Partner Store Support | Category
type a Always No No Medium
type b Always No No Low
type ¢ | Combined with Nedap No No Medium
type d No Always Always Low
type e Always No No Medium
type f Always No No Medium
type g | Combined with Nedap No No High
type h Always Sometimes | Sometimes | Medium
type i Always No Always Low
type j Always No No Medium
type k Always No No Medium
type 1 Always No No Medium

type m Always No No Medium
type n Always No No Medium
type o Always Sometimes | Sometimes High
type p Always No No Medium
type q Always No Always Medium
type r Always No No Medium
type s Always No No Medium
type t Always No No Medium
type u Always No No Medium
type v | Combined with Nedap No No Medium
type w No Always No Low
type x Always Always No Low
type y Always Always No Low
type z Always Always No High

Table 2: Responsibility Matrix, responsibility against issue type with how much
impact an issue type has

4.1.3 Severity Category

Every issue is labeled with a type of problem that is reported by iSense. The label
of an issue shows how severe an issue is. The severity can easily be categorized in
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three categories, ranging from barely impacting the system to total system failure.
Speaking with multiple experts on these issue types a list came forward with each
issue type and its respective severity category. The categories with the amount
of types from table [2| and the total amount of issues reported can be found in
table [I] One issue type is not represented in the severity categories, which is type
B. The reason for not being included in the model is that this issue type can be
triggered by multiple parties to temporarily mute the system to fix existing issues.
According to experts, these issues are impossible to track whether it was done to
prevent issues from occurring or to solve problems. The impact of this issue type
is little as it is most often used to deploy a firmware update or configure the system
at installation.

4.1.4 Issue duration

The table that stores the issues has two fields: “reported_at” and “resolved_at”. By
using these two fields the duration of issue can be calculated. The combination
of the severity category and the issue duration show the impact the reported issue
had on the system. Without issue duration it is impossible to relate the issue data
to the performance of a business partner, as their main responsibility is ensuring
the system performs optimally. The exploration showed there were a large portion
of issues that were resolved within ten minutes, which can be seen in figure
Important to notice is that there are a lot of issues that are under ten minutes.

Initially the idea was to exclude issues below ten minutes, since these would not
require any manual effort. However, in the pre-research an issue came forward
with the framework analyzing the issues. Because of this, issues could be resolved
when the issue still existing and then re-opened. This means that issues below ten
minutes could actually be a long list of issues happening consecutively. Therefore
the conclusion is that all issues are summarized as the total issue duration.

4.1.5 Issue count

The data exploration showed devices that have very low issue durations. However
when looking closer, these devices have a significant increase in the amount of
issues. This does not necessarily imply that long durations are bad, since many
short issues also imply the system is down for a long duration. Therefore issue
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Total issues vs time
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Figure 10: Total amount of issues above the duration on the X-label

duration is included as an indicator on how a business partner is performing.

4.1.6 Stores, devices and gates

We discussed issues in the previous sections and how these fall in different cate-
gories. Each of these issues can be related to three severity levels as mentioned in
table[2] Figure ?? shows that a business partner manages stores. These stores can
have one or multiple devices running the infrastructure. In this diagram the de-
vices are iSense devices. 1Sense can have a small system consisting of two gates,
or a complex system containing as many as the retailer wishes for.

A system which contains more gates will report more issues than a small system
when configured properly. The existing infrastructure at Nedap does not take into
account the severity of an issue. This means that when one gate reports a type
A” issue, this could mean one gate is down, or all gates are down. For some issue
types it is more common that one gate could cause the issue, where some issues
are related to the device. Since the amount of stores, devices and gates differs
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between business partners, issue durations and counts need to take this in account.
It is clear that a business partner with more stores, will have more issues and a
longer total duration. Therefore the amount and duration of an issue is related to
the amount of gates. This assumes that more gates will cause more issues, which
sounds logical and according to colleagues is likely true. Therefore, the amount
of gates is considered a feature.

Discussion with account managers and sales representatives brought up the rel-
evance of the amount of stores. Business partners with many stores need more
personnel to solve issues that require physical presence. They also need more
personnel in general to handle issues that come up and pose a higher risk of hav-
ing unemployed personnel, since recruitment continues to grow for these business
partners. A possible scenario is that a business partner will have long unresolved
issues, which could be related to lack of personnel to handle this. Therefore we
include the amount of stores as a feature. There is no data available on the amount
of personnel a business partner has, this could eventually be obtained and in future
added to the model to show this. For now we include the amount of stores as an
indication on how large a business partner is.

4.1.7 Summary

This section discussed the data exploration. Based on the data exploration a few
features came forward which are the following:

» Severity category - categorical (high/medium/low)
* Issue duration - integer of total minutes
* Issue count - integer

* Amount of stores - integer

Amount of devices - integer

* Amount of gates - integer

These features are discussed in their sections with arguments as to why they are
included. Next section describes the interviews that have been conducted.
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4.2 Interviews

This section describes the goal of conducting interviews for this thesis, the ap-
proach used in the interviews, who has been interviewed, the result of the inter-
views and a discussion. The section concludes with a list of indicators that have
been added to the results from previous section.

4.2.1 Goal

During the data exploration many candidate features came forward, which could
not be confirmed to have an impact on the performance of a business partner
due to lack of knowledge on the subject. One of the goals of the interview is to
analyze the assumptions with the interviewees. If an assumption has influence
on the performance of a business partner, said assumption is included in the list
of indicators. The second goal of the interview is to have a large diversity of
opinions to have a complete view on the performance of a business partner. The
third goal of the interview is to create discussion within Nedap on what indicators
have impact on the performance of a business partner. The way this is done is
by validating opinions of previous interviews in the next interview. The main
reason to validate opinions is to ensure the indicators are general indicators and
not specific for a function or person.

4.2.2 Approach

Interviews are one of the most familiar techniques to collect qualitative data [13].
The chosen approach for interviews is an unstructured interview. The main reason
for using an unstructured interview is that it allows interviewees to freely give
their opinion and not be directed into answers. An unstructured interview is a
misleading term, which could imply that it is without a structure [14]]. However
the interview has themes which the interviewee needs to answer. These question
are formed openly so that the interviewee is free to talk and give their opinion.
Based on these answers new questions can come forward to elaborate their opinion
or why an opinion of another interviewee is incorrect. Jacob et al describe in their
paper a list of tips when conducting interviews [28]. These tips are taken into
consideration when preparing for the interviews. Each interview consists of the
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parts, which are defined as following:

¢ Introduction
¢ Discussion and validation

* Actual performance

Each interview starts with a brief introduction into our research, following into an
open question asking what they believe indicates the performance of a business
partner. During the interview questions are asked to let interviewees elaborate or
to create a discussion with opinions from previous interviews. The interview ends
with the same set of questions each time, which is to rate 15 business partners on
a scale from 1 to 10. These ratings can be elaborated during the interviews, to get
an indication on why some business partners are getting higher or lower ratings
than others. These ratings are used by the model as input data and are expanded
by conducting a questionnaire, which is discussed in the next section. The way
these 15 business partners have been chosen is elaborated in the section of the
questionnaire.

4.2.3 Interviewees

As mentioned in previous sections the diversity of the experts that are interviewed
is important to ensure all parts of performances have been discussed. To achieve
this we conduct interviews with many different teams and from different conti-
nents. Different continents is important to ensure that the opinion of Nedap US
and Nedap China is similar and that there are no indicators that are only relevant
to a specific region. The interviewees are from the following teams:

* Account managers * Pre-sales

* Developer services team * Business partner manager
 Sales director Asia » Sales team

* Technical operations * Sales director USA
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Since technical operations has regular contact with the business partner on issues,
assist business partners if necessary and work with the data used in this thesis, we
interview two members of the technical operations team separately to see if they
both agree with each other. All interviewees are currently working within Nedap
except for the business partner manager, who recently moved to another company.
The teams that are not represented in the interviews are R&D and hardware on
iSense. The reason for not including them in the interviews is that when briefly
speaking with them, they mentioned they have no insight in performance of a
business partner and only focus on the performance of iSense as a system.

4.2.4 Results

The transcripts of the interviews can be found in appendix [A] The diversity of the
interviewees resulted in many different aspects that might be relevant as features
for the model. In order for a feature to be included in the list of features, a feature
had to meet the following criteria:

1. Related to iSense
2. Can be found in data

3. Validated by other interviewees

If a feature cannot be found in data, it could still be a great addition to the system
in the future, these features are discussed in the future work section. Similarly,
features not related to iSense can be additions when a similar model is being cre-
ated for the other systems within Nedap. These features are also discussed in the
section future work. Below is a description of each feature, why it is relevant for
this thesis and what the arguments of the interviewees are to include the mentioned
feature.

4.2.4.1 Communication

A feature that has been mentioned in almost every interview is the communica-
tion of a business partner. This communication is a two-way communication. The
business partner needs to keep the retailer informed about problems with their
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systems and that they are working on this. Secondly, the business partner needs to
have an open communication with Nedap about problems with the systems when
they cannot solve the issues, have problems recurring and have feedback about
the system. The communication between the business partner and the retailer
is external and no data is available to include this as a feature. The communi-
cation towards Nedap does exist in a database, which is called Freshdesk [18].
Freshdesk store all tickets that are submitted by business partners, with priori-
ties, type of question and many other fields. These tickets indicate how much a
business partner is communicating with Nedap. The interviewees mentioned that
communication is neither bad or good, some business partners communicate a lot
to give feedback, which is good. However, there are also business partners that
communicate a lot, but ask simple question which should be known information.
The way this is currently stored in Freshdesk, it cannot be related to performance
yet, however improvements to this are being worked on. Ideally, the feature would
be included as a categorical field, which indicates how well the communication of
a business partner is. Since this requires significant changes to the existing system
and transformation of the existing data, it is excluded from this thesis.

4.2.4.2 Training

Multiple interviewees mentioned that the training employees of a business part-
ners need to follow is very important as an indicator of performance. They have
often noticed that a business partners’ performance is increasing when they re-
cently had a training and slowly deteriorates. All offices of Nedap store data on
when a business partner followed a physical training. Besides this, there is e-
learning. These are courses Nedap offers to business partners which can be done
remotely at their own office. Nedap stores the amount of e-training a business part-
ner has completed. This data includes the training that they completed, when they
completed it and which employee completed this. Interviewees mentioned that it
shows dedication from the business partner to train their engineers and could be
seen as an indicator of performance. Therefore training is included in the model
as a feature. Nedap recommends her business partners to have a physical train-
ing every year to stay up to date on the technology and ways to resolve issues.
Based on this, the feature is defined as ”X years since last physical training”. The
physical training is only followed by the head-engineer of the business partner,
who is responsible for the systems. This head-engineer trains the other employees
with practical knowledge as some of the information is only relevant for him. The
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other employees can follow e-learning to further train their knowledge. Based on
this, the features e-learnings and physical training are included.

4.2.4.3 Global vs Local

As discussed in chapter[3] a business partner has two different type of retailers that
they serve. On the one hand are the globals, which are given to the business partner
by Nedap. On the other hand are retailers that they find themselves. Interviewees
were asked to answer a question on whether global retailers are just as important
as a local store for Nedap. Many interviewees said that every store should be
equal. However, when asked if two retailers have an issue at the same time who
should be helped first, many interviewees said that obviously the global should
have priority. We had the assumption this was the case and during the interviews
it became clear that global retailers are treated differently. Based on the input that
came forward in the interviews, retailers are separated in two groups. The first
group are all global retailers of Nedap, the second group are the "local heroes” that
the business partner found them self. These groups each have the same amount of
indicators, but are separated under the assumption that business partners treat the
globals different.

4.2.4.4 Performance time window

Every interview ended with the set of questions, to score a business partner on
a scale from one to ten. In order to make these ratings meaningful, we asked
each interviewee whether the performance of a business partner was stable over
a period of a year. Each interviewee said that the performance should be close
to steady over a year. They mentioned a business partner can slightly improve or
get worse, but generally they can see a steady performance. To see which model
best represents the perception that lives within Nedap, different time windows are
tested. And the time window that best represents the perception is going to be
used. Eventually, Nedap wants to see the performance of a business partner over
the last three months to determine whether actions they took had influence on the
performance of a business partner. The time windows that are tested by the models
are:

* Yearly interval
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¢ Three month interval

* Monthly interval

4.2.5 Summary

This section started by explaining the goal of the interviews, the approach, who
the interviewees are and concluded by explaining which features were added to
the list and their arguments. The feature list has been extended with the following
features:

* Physical training X years ago - integer
* E-learning - integer - amount of e-learnings completed

» Split between global and local - all existing features are split up in two
groups

¢ Different time windows

Next section describes the questionnaire that has been conducted and it elaborates
how the last part of the interview came to its definition as it is the questionnaire,
but with the opportunity to elaborate the ratings.

4.3 Questionnaire

This section describes the questionnaire that has been conducted. The section
starts with an explanation on the goal of the questionnaire, followed by explaining
the questions of the questionnaire and concludes with the result of the question-
naire.

4.3.1 Goal & Approach

The goal of the questionnaire is to obtain training data for the model. The input
data for the model consists of ratings from 1 to 10 of business partners. The model

36



4.3 Questionnaire 4 CANDIDATE FEATURES

trains on these ratings and attempts to predict the ratings of business partners that
have not been rated on new, more recent, data.

The questionnaire asks experts to score a set of 15 business partners on a scale of
1 to 10. These 15 business partners are selected on the following criteria:

* More than 50% of their systems using iSense
* More than 20 devices

* Multiple regions

The first criterion is important, since it allows us to relate the ratings to iSense
rather than it most likely being related to the old OST system. The second criterion
ensures that a rating can be given on a business partner. 20 devices indicates that
a business partner has had a few stores for a while now. The last criterion is to
ensure that the inputs received verify the assumption that came forward during the
interviews, which is that region is irrelevant. During the interviews it became clear
that while region often matters, in this case the performance of a business partner
should not depend on the region. To verify this, the business partners asked in
the questionnaire are from different regions. The model should also predict the
ratings of these business partners correctly based on the training data.

Statistic Result
Number of business partners with more than 50% 1Sense 20
Number of business partners with more than 20 devices 15
and 50% of their systems iSense
Total Number of iSense devices within this group 1260
Total Number of devices in this group 1794
Percentage of iSense devices compared to the total 33.77%

Table 3: Issue type with the statistics and category of each type

The questionnaire allows the participant to not answer a question if they deem
their knowledge insufficient to rate said business partner. This is to ensure that
a guess is done rather than the truth according to them. This does not affect the
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training data, because the group of participants is broad enough to obtain enough
ratings for each partner. In combination with the interviews, the goal is to get
input from 20 different parties. Under the assumption that each participant on
average rates half of the business partners, we would have 150 input ratings for
the model to train on.

4.3.2 Data

The questionnaire asked interviewees to rate business partners over the last year.
The performance of a business partner is steady according to interviewees over
a year, with a few peaks and dips. The questionnaire should be conducted every
three months to obtain more data for the models to train on. This means for the val-
idation of this research only one questionnaire is conducted. As mentioned there
were 148 responses, which is the input set for this thesis. In future every three
months a questionnaire or other method should be conducted to keep increasing
the input-set for a model to train on.

All features use data from the specified period. The model determines which
time-period is the best, which is done in a later section. The features found in
this section that are related to issues (count and duration) are only from the period
given to the model. The amount of stores, devices, gates are based on data from
the start of the system, however within the period this amount could show an
increment. Physical training is updated on the day a physical training has been
completed, therefore can fall within a new period. E-learnings is the total amount
of e-learnings completed that are currently active. Some e-learnings are outdated
and are updated in the system as outdated. The feature excludes e-learnings that
are no longer relevant for the time-period.

4.3.3 Results

Each interviewee has been asked to fill in the questionnaire during the interview,
so they could elaborate their ratings to obtain a little more contextual information.
Besides the interviewees, another ten participants have been asked to fill in the
questionnaire. The total amount of ratings obtained is 148 and the business partner
that has been rated the least is 4 times. The results of the questionnaire can be seen
in table 4l
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Business Minimum | Maximum | Average | Res- Standard
Partner Rating Rating Rating | ponses | Deviation
Business partner 1 | 3 7 5,86 7 1,491
Business partner 2 | 7 9 7,73 13 0,720
Business partner 3 | 5 7 5,70 5 0,872
Business partner 4 | 5 9 7,50 14 1,082
Business partner 5 | 5 8,5 6,70 10 1,003
Business partner 6 | 4 8 6,42 12 1,068
Business partner 7 | 5 8 6,62 13 0,842
Business partner 8 | 4 8 5,96 12 1,130
Business partner 9 | 5 8 6,50 12 0,891
Business partner 10 | 5 9 7,33 6 1,724
Business partner 11 | 5 9 7,67 6 1,247
Business partner 12 | 2 7 5,29 12 1,388
Business partner 13 | 5 6 5,25 4 0,433
Business partner 14 | 2 7 5,08 12 1,622
Business partner 15 | 5 8 7,14 11 0,867

Table 4: Business partners ratings from questionnaire and interviews

While some business partners are rated fairly similar with a potential outlier, there
are some business partners which opinions are fairly different, for example busi-
ness partner 9, where the average is precisely in the middle of both the minimum
and maximum. This is one of the main challenges of the model, since it needs to
determine which of the rating is correct, if at all correct.

4.3.4 Summary

This section described the questionnaire that has been conducted. We discussed
what the goal of the questionnaire was, what the questions in the questionnaire
were and the results that came forward. Next section concludes the features found
in this chapter.

ZBusiness partners have been anonymized due to privacy concerns
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4.4 Data preparation

In order to include some of the features that come forward in this section, data
needed to be prepared. The amount of gates is a data row that was recently added
to the system. Due to the firmware some systems did not report the amount of
gates to Nedap and this means there are a few devices that have no amount of
gates reported. Discussion with experts about the amount of gates resulted in
taking two gates as a default value. The minimal amount of gates a system needs
to have is two, the assumption made here is that the retail stores that do not have
the right firmware are likely the smaller retail stores. The average amount of gates
in the field was 2.65 and the experts that the larger systems have reported their
gates. Which is why two gates would best represent the situation.

Currently, global customers are not stored in a database. However, sales know the
names of the retailers that are global retailers. To make sure the data can be split
in the two categories an additional column has been added to the local data set
that matches the string names of the global retailers.

The amount of stores and devices also needed to be limited. In the data set are also
devices that are no longer active or stores that have been blocked. These needed
to be filtered out to only show the relevant devices and stores. Secondly, the data
set also contained OST systems. Both these situation have been filtered out in the
data set by using the existing infrastructure and fields to filter them.

4.5 Conclusion

This section discussed three different techniques to obtain feature definitions. In
table [5] an overview of all features can be seen with their types. These features
are used in the model that is created in next section. The features are identical
for both global and local retailers, except they are divided in the two categories to
determine whether business partners treat either better than the other. The issue
duration and count are repeated three times for each of the mentioned severity
category.
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Feature Type Value Definition
Amount of stores Integer | Total amount of iSense stores
Amount of devices Integer | Total amount of iSense devices
Amount of gates Integer | Total amount of iSense gates
Physical Training Integer Years since last training
E-learning Integer E-learnings completed
Issue duration high severity Integer | Total minutes a system is down
Issue count high severity Integer Total amount of issues
Issue duration medium severity | Integer | Total minutes a system is down
Issue count medium severity | Integer Total amount of issues
Issue duration low severity Integer | Total minutes a system is down
Issue count low severity Integer Total amount of issues

Table 5: An overview of all candidate features, these are repeated for local retail-

ers and global retailers

Next section is going to describe the approach in creating a model to predict the
performance of a business partner, the techniques that are considered, the criteria

for choosing a model and concludes with a description of the chosen model.
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5 The Model

This section describes the choices made in creating the model. First, we discuss
the approach that is used to create the model, the reason for using this approach
and what the pitfalls of this approach are. Following this, we discuss the different
models within this method, the advantages and disadvantages of each model and
conclude by elaborating the chosen model.

5.1 Approach

The goal of this thesis is to predict the performance of business partners based on a
set of indicators. Chapter [2]discussed machine learning, which is the model that is
going to be used. The reason for using machine learning is that the goal to predict
the performance of a business partner is best executed by machine learning as
discussed in chapter [2] There are many languages that support machine learning,
however for this thesis we use Scikit, as the models have been validated in other
researches and Python is a known language to us [43]]. Previous section discussed
the questionnaire that was conducted to obtain ratings of a set of business partners,
these ratings are needed to predict new ratings for all business partners. Since
predicting is one of the goals of this thesis, supervised machine learning is used.
Supervised machine learning requires labeled data to work and the input of the
questionnaire can directly be used as labels for the model.

Chapter 4| described the indicators that came forward during data exploration and
interviews. These potential features are used in the machine learning model.
Chapter 2] discussed feature engineering and the steps that fall under feature engi-
neering. Machine learning determines, which of the features give insights in the
performance of a business partner.

As mentioned by Fayyad et al, besides predictive analysis, the second goal is
to understand the prediction and show how a business partner can improve their
rating [16]. In section 2] supervised and unsupervised machine learning was dis-
cussed. Since the goal of this thesis is to map the perception within Nedap to a
model, supervised learning is used. Supervised machine learning can be split in
two separate categories: black-box and white-box. A black-box model shows no
understanding in how it came to its predictions, whereas a white-box model gives
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insight in how it got to its predictions. For Nedap a prediction is irrelevant when
it cannot be explained, but the accuracy of the rating still has to be high. To not
limit the model to only white-box models, a dashboard is created which shows the
rating of the business partner in question and all features with their values, rela-
tive position (ranking compared to other business partners) and the time-window.
This is to ensure that if the model were to make an incorrect prediction, it would
show the used data and the rating can be ignored. This dashboard also shows the
respective weights of each feature as determined by the machine learning model.
This allows us to freely choose between white-box models and black-box models.

The last choice made on the method of machine learning is the choice between
a classification problem and a regression problem. During the interviews it came
forward that differences between business partners can be small. Classification
would mean that business partners are grouped in pre-defined classes. Since dif-
ferences between business partners can be very small, we chose for regression.
Regression models give a decimal precision prediction, making them more valu-
able than classification. Secondly, since the ratings used as labels differ a lot, as
can be seen in table 3] a prediction in decimals will give a better representation of
the truth.

The largest pitfall of this thesis is that we are translating opinions of employees
within Nedap to data. There is a chance that the ratings given in the questionnaire
are based on a gut-feeling and not on facts. When this is the case, the model
is accurately predicting the gut-feeling. Secondly, since there is a limited set of
business partners and a limited set of employees that have a perception on the
performance of a business partner, the data set that the model is going to learn
from is not immense. The issue data is millions of records, but since these need to
be aggregated on a business partner, the issue duration and count are still singular
values. While a small amount of data is not necessarily a problem, caution needs
to be taken in using too many features and overfitting and under-fitting needs to
be taken in account. Hawkins describes overfitting as following: if two features
can capture the relationship in a data set, no more should be used [24]]. Babyak
goes a bit further saying that when taking it to the extreme, if the number of
unknown in a model is equal to the amount of observations, the model will always
fit perfectly [4]. Eric Cai mentions that an overfitted model captures noise instead
of the correct predictors [9]]. These claims are supported in the book by Burnham
[8], who goes in more depth in explaining how to avoid overfitting. Underfitting
is the opposite of overfitting and is the risk of using too little predictors. This
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results in the model not being able to capture the underlying trend [9]]. Based on
the literature and research conducted in this area, the definitions for overfitting
and underfitting are as follows:

* Overfitting occurs when the model has too many variables or too little data
to capture the underlying pattern

* Underfitting occurs when the model has too little variables or features are
too generic to capture the underlying pattern
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Figure 11: Visualization of overfitting and underfitting

It is important to have a correct fit. Overfitting and underfitting has been visual-
ized in figure [T} The figure shows what a machine learning model does when
it underfits and overfits. Ensuring a correct fit is a challenge that is going to be
tackled by using different models and parameterizing the models well. Besides
this, there are methods that help ensuring a correct fit such as feature reduction
(reducing the set of features to exclude noise). These are discussed in later stages
of this thesis.

5.1.1 Summary

This section discussed the choice of machine learning, the choice of not exclud-
ing black-box models, the reason for choosing a regression model instead of a
classification model and lastly discussed some pitfalls that need to be taken in
account when working with machine learning in this context. Next section is go-
ing to describe which machine learning models are used in order to predict the
performance of a business partner.
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5.2 Models

As discussed in last section, the model should be a regression model. This limits
the amount of possible models. First, we determine a long-list which is a list with
models applicable to this case. Following this, a short-list is determined on a set
of criteria. The shortlist candidates are thoroughly tested and optimized. To find
the best model, we use accuracy and consistency. The accuracy of the candidate
models describe how well it can predict the test data and consistency describes the
performance over multiple iterations. The consistency is good when the model is
stable and not related to the received test/train data.

5.2.1 Data scaling

For regression models to work, it is important to scale data so that the model does
not base its conclusions on the feature with most variance [50]. This is important,
since the range of the defined features differ a lot. Some of the proposed tech-
niques filter outliers. Filtering outliers is not wished for in our case, since if a
business partner is under performing this business partner needs to be rated lower
on that feature. The choice in this thesis has fallen on a MinMax scalar. A Min-
Max scalar transforms all data to the given range. This technique compresses the
data in the center and outliers are still on the outer edges. The way the MinMax-
scalar scales the data can be seen in figure[I2] In the figure the range is 0 to 1. In
our model a range of -1 to 1 is used.

5.2.2 Multiple perceptions

As mentioned in the questionnaire section, there are multiple different perceptions
for a single business partner. Each of these perception is coupled to the same
training data. The challenge for the machine learning algorithm is to find a pattern
in the data that best matches the different perceptions. This was also mentioned as
one of the biggest pitfalls of this thesis. The impact this has on the accuracy of a
model is, is that the rating a model predicts will rarely match the expected value.
The accuracy section goes into more depth on this aspect.
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Figure 12: An example how a MinMax-scalar scales the data

5.2.3 Long-list

As mentioned before, Scikit is used in this thesis [43]]. Scikit has Sklearn available
in python, which is a library that has validated implementation of many machine
learning algorithms. The long-list, that this section describes is the complete list
of supervised regression models in Sklearn [52] as can be seen below:

* Generalized linear model * Naive Bayes

* Linear and quadratic discriminant .
analysis

Decision trees

* Kernel ridge regression * Ensemble methods
* Support vector machines * Multi-class and multi-label algo-

i . rithms
* Stochastic gradient descent

) . . .
e Gaussian Processes Isotonic regression

* Cross decomposition * Neural networks
Each of the models mentioned above have multiple implementations. The scope

of this thesis is to choose a model that meets the criteria necessary for Nedap.
The ensemble methods mentioned consists of multiple algorithms, all of these use
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another classifier and run this multiple times. This means that if any of the models
is able to fit, this model will also be able to fit. Since implementation of a model
is very simple in Sklearn, every model is implemented and checked on whether it
meets a set of criterion. These criteria are discussed below.

5.2.4 Criteria

The first criterion is that the model can fit itself with the amount of data that
is available. Some models require a large amount of data in order to converge
properly. These models cannot be included in this thesis, since the amount of
data that has been rated is sparse. To detect that a model did not converge, two
methods have been found. The first method is that the model will constantly
predict the same value or close to the same value. The second method is that the
models requires a very large amount of iterations, that the amount of data provided
cannot ensure that each iteration has unique data. When a model sees the same
data multiple times, it is very likely to overfit and therefore excluded.

The second criterion that is considered in choosing a model is the output of the
model. Models are not restricted in their prediction. Some models fit the test
data accordingly, however when the test data is not in range of the train data they
predict values far out of the wanted range of ratings. These models cannot be
included, because the output of a model needs to be a rating between one and ten.

If a model does not meet these criteria then it is excluded from the long-list. The
way this is tested if by conducting an experiment to determine which models meet
the criteria. For this Python and Sklearn are used and the model of the shortlist
are implemented. For this, a data set is used from a period not used by model (but
with the same features). This data is split up in two parts: the training data and
the testing data. The models are going to fit on the training data and try to predict
the values of the testing data. These predictions are looked at and if a model did
not succeed to fit or predicts outside the range of output (not within 1 to 10) they
are excluded. Next sub-section shows the result of this by showing an overview
on what criterion the models were excluded.
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5.2.5 Short-list

The biggest batch of models did not make the short-list, because they could not
fit properly. These models are known to require a lot of data to fit. Since, the
sparsity of data exists in this thesis these models are excluded. Some models
have problems predicting values within a given range and gave results with large
negative or positive values. Therefore, these models are also excluded since they
did not meet the second criterion. Table [6] shows on what criterion the different
models failed to pass.

Model Able to fit | Predict within range
Generalized linear model X
Linear and quadratic discriminant analysis X
Kernel ridge regression X
Support vector machines X
Stochastic gradient descent
Gaussian Processes X

Cross decomposition

Naive Bayes
Decision trees

Ensemble methods

Multi-class and multi-label algorithms
Isotonic regression
Neural networks

=

allalle

R PR <] R A4

Table 6: Accuracy percentages by different cases

After exclusions based on both criteria, only two models remained, which are
the regression tree and the gradient boosting regressor. The gradient boosting
regressor is an ensemble method, which is commonly used. Both models have an
underlying algorithm of a decision tree. Logically, a decision tree predicts within
the range of values as it is based on the training data. Both models show promising
results in understanding the underlying trend and predicting new ratings. These
models are discussed in the next sections.
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5.2.5.1 Regression tree

A regression tree is the same as a decision tree, except that it allows its predictions
are a continuous output (regression) allowing it to predict values that have not been
specified in the training data [51]. A regression tree works by making rulings, to
which each set of features is compared. A ruling always looks like the following:

feature name <= value of feature

Based on the features each individual sample is given a value true or false. True
values continue left in the tree, where false values continue to the right side. This
can be see in figure where the ruling that has been made is that "medInc” is
lower or equal to the value 5.04. If this is the sample, the set of features will
continue left, otherwise they go the right side of the tree. Eventually a regression
tree reaches the bottom where a value is assigned to the given sample. Figure[I3]
clearly shows that when the feature “medInc” is high the sample is given a high
score. These value assignments are called leafs and is one of the main methods to
prevent overfitting in a regression tree. In Scikit there is an option to define the
minimum amount of samples a regression tree needs to have in order to split into
a leaf.

The way a regression tree predicts new samples is that the data of the new sample
is held against the trained tree and the new samples will eventually reach a leaf,
which assigns a rating to the samples. For a regression tree it is very important
that data is always in the same range, otherwise the rulings will not work as the
dimensions changed.

5.2.5.2 Gradient Boosting Regressor

A gradient boosting regressor is an additive mode, which has a regression tree as
underlying algorithm [S3]. The difference between a gradient boosting regressor
and a regression tree is that a gradient boosting regressor creates a regression tree
and based on the loss, makes new attempts. Figure [I4] shows how a gradient
boosting regressor comes to its result. The figure shows an example where a
gradient boosting regressor consists of 3 regression trees as can be seen in figure
Each of the regression trees has an error rate on how well it performed. Tree
1 gives this error rate to tree 2 on which it will try to perform better. This results
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Regression Tree
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Figure 13: A simple regression tree
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Figure 14: A simple gradient boosting regressor
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in a different output and a new error rate. This new attempt is continued until
the specified amount of attempts have been reached or the loss becomes larger
multiple times in a row, in which case it stops early. When the model completed
his fitting, it will use the average of all trees as output. Which is why a gradient
boosting regressor is known to be very robust to overfitting as it continuously
maps the loss to the next tree.

Since the underlying algorithm of a gradient boosting regressor is a regression
tree, its predictions work the same except that it consists of the result of many
regression trees. While this model looks very similarly to the regression tree, the
predictions the model makes are very different.

5.2.6 Summary

This section discussed the choice of scaling method in this thesis and why data
needs to be scaled. Following this, the different models that are applicable to
this thesis are discussed and two candidates came forward that met the defined
criteria, regression tree and gradient boosting regressor. Next section discusses
what criteria determine the final model and which of the candidates is chosen.

5.3 Feature selection

Before the choice of a model can be made, the candidate features need to be ana-
lyzed and determine whether each feature is relevant for the models to determine
predictions on. The data consists of the features described in sectiond] Since there
might be correlations between the different features and the data is sparse for the
amount of features. To allow the models to fit on the sparse data, the features are
reduced this is done using Principle Component Analysis (PCA). Two definitions
of PCA are as follows:

* "PCA is a multivariate technique that analyzes a data table in which ob-
servations are described by several inter-correlated quantitative dependent
variables” [L1]]

* "PCA in many ways forms the basis for multivariate data analysis. PCA
provides an approximation of a data table” [60]]
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PCA is used in thesis to reduce the amount of features to components that capture
the maximum variance within these features. By reducing the amount of features,
the amount of possible combination within the data is reduced, allowing models
to fit easier. To ensure that the model is not under-fitted or overfitted the aim is
to chose the right amount of components PCA gives. Jackson discusses stopping
rules in his research and mentions that capturing 95% of the variance is very high
[27]. The stopping rule that is often used is to have the PCA components capture
between 80% and 90% of the variance. This thesis follows this stopping rule to
reduce the chance of under-fitting and over-fitting.

The initial attempts of PCA to create new components indicated that some fea-
tures were not helpful in generating a model to predict the performance of busi-
ness partners, it just created noise. To determine which features created noise and
need to be excluded, an experiment was created to exclude these features. The ex-
periment used a regression tree to see patterns in what features were used and the
accuracy determined whether a model was performing better with the exclusion
of a feature.

For the experiment it is important to use a white-box algorithm so that the features
are insightful. Therefore, a decision tree is used to gain insight in the features and
which show correlation to the perceptions. The experiment starts by using all
features and then printing a decision tree, in this decision tree the features should
have impact on the output and increase the accuracy of the model. A forward
approach is used, meaning that the model starts with no features and features are
added and the results of the model are determined [36]]. If features show to have
strong impact on the probability distribution they are relevant, if the distribution
does not change it is better to exclude them [22]. If the added feature is removed
and shows no change in the probability distribution then a feature is irrelevant if
the distribution shows difference and the accuracy increase a feature is considered
relevant. This experiment is conducted in Python using the Sklearn framework.
The Python script consisted of a decision tree with a maximum depth of 5. The
maximum depth means that the decision tree is allowed to make 5 layers, the
choice of 5 is made to keep the model insightful. Of the candidate features a total
of four features were excluded, which are as follows:

* Amount of stores * Amount of gates

* Amount of devices * E-learnings completed
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When adding these features the model did not show a difference in the probability
distribution. The explanation for excluding these features is logical as well. In
the current state these features heavily favor business partners that have a lot of
stores, devices, gates, e-training completed. Since the amount of employees of a
business partner is not known, there is no method to reduce these features to scale
them according to the size of a business partner. In future including these features
might be useful to determine the efficiency of a business partner. The model
shows low accuracy when these features were included, since these features were
not reduced by using the size of a business partner. When these features were
excluded the model was able to differentiate the input to separate classes and the
accuracy improved. Since scaling the feature is not possible in the current state,
these features were excluded and the final model is using the following features:

* Physical training X years ago * Issue count medium severity

* Issue duration low severity
* Issue duration high severity
* Issue count low severity

* Issue duration medium severity * Issue count high severity

5.4 Final model

Previous section discussed the two candidate techniques on the short-list. This
section discusses the two models and their performance. The performance of
the algorithms is tested by splitting the testing data into a training set and a test
set. The training set is used to fit the model on the data, the process of fitting is
learning the samples by knowing the prediction. These predictions are based on
the perceptions that have been received during the interviews and questionnaire.
The models attempt to match these predictions to the data as good as possible.

To make the decision on what model performs best, two criteria are defined which
are as following:

* Accuracy * Consistency

The model that performs best on both criterion is going to be the model to rate the
performance of a business partner.
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5.4.1 Accuracy

In order to determine the accuracy of a model, the input data is split into two parts.
This split is 80% training data and 20% test data. Each model is allowed to train
itself on the training data until it fits according to its standards. Afterwards it tries
to predict the unseen test data. Each of the predictions is then compared to the
actual values, which are the perceived truths obtained from interviews and ques-
tionnaires. The predictions and actual values are compared based on the following
formula, which calculates the error rate of a model:

100% |predictedvalue — actualvalue|

N 9

k=1

Errorrate =

The absolute difference is taken, as it does not matter for a predictions whether it is
higher or lower than the actual value. These should both be treated as equals when
it comes to accuracy. As long as the difference is equal the predicted value should
not matter in the accuracy. This difference is divided by 9, which is the maximum
difference a model can predict as the minimum rating is 1 and the maximum rating
is 10. The main reason for choosing this is that Floris and Tofallis mentioned
MAPE (Mean Absolute Percentage Error) is biased to lower predictions [17][S7].
Since the distribution is equal and always within the same range the difference
between the minimum and maximum rating is best for this case. This difference
is summed and divided by the total amount of test samples to get an average error
rate. The accuracy is then calculated as 100% minus the error rate. Logically, the
models should predict close to the actual value, so a high accuracy is expected.
Necessarily this does not mean the models are predicting correctly, this accuracy
is merely used to choose the best model of the proposed models. How well the
chosen model is performing, is determined in the validation section by conducting
another set of interviews. Table [/| shows the percentages given by the accuracy
model. The chosen accuracy model always predicts the error margin from 0% to
100% as can be seen in table
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Predicted value | Actual value | Error rate
5.0 5.0 0%
6.0 5.0 11.11%
5.0 6.0 11.11%
10.0 5.5 50.0%
10.0 1.0 100%

Table 7: Accuracy percentages by different cases

5.4.2 Consistency

In order to ensure a model is consistent in predicting values, multiple iterations
with random states are done. A random state is the generation of random numbers
in the models that are used in machine learning, this is called a seed [54]. By
keeping a random state identical, the seeds the model is getting also remains the
same. This is useful to optimize models and test different parameters. Once the
models are optimized, the random state is not specified anymore meaning that
every iteration is unique.

To check how consistent the models are multiple iterations are done. For each
iteration, the accuracy is checked and the predictions the models are giving on
not-labeled data. The model that shows the highest accuracy and the most consis-
tent predictions is the model that is the most optimal for predicting the ratings of
business partners. Nedap wants to predict the performance of a business partner
and needs to have a clear definition of a rating. If a model is inconsistent in pre-
dicting ratings, there is no approach in letting a business partner know what they
can improve.

5.4.3 Results

To make the final decision on the mentioned criteria, a total of 15 models were
implemented in Python. These 15 models have each been optimized to the best
possible result by keeping the random state the same. By keeping the random state
the same parameters can be tweaked easily to determine the best setup for each
model. Regression trees were significantly easier to optimize, since they are less
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Model Loss function | Learning Rate

1. Gradient Boosting Regressor LS 0.1

2. Gradient Boosting Regressor LS 0.05
3. Gradient Boosting Regressor LS 0.025
4. Gradient Boosting Regressor huber 0.1

5. Gradient Boosting Regressor huber 0.05
6. Gradient Boosting Regressor huber 0.025
7. Gradient Boosting Regressor lad 0.1

8. Gradient Boosting Regressor lad 0.05
9. Gradient Boosting Regressor lad 0.025

Table 8: The different gradient boosting regressors and parameters

complex than the gradient boosting regressor.

For the regression tree the interesting parameters were minimum sample leaf
and maximum depth. Minimum sample leaf is the minimum amount of sam-
ples needed to create a leaf. Maximum depth is the maximum amount of splits a
decision tree is allowed to make. It is common to not specify the tree depth, but
limit the regression tree with the minimum sample leaf.

The gradient boosting regressor took more attempts and still there were enough
parameters to not limit the gradient booster to a single implementation. Both
methods have three different loss functions. A loss function is the method that
an algorithm uses to learn the data set and punish itself on incorrect predictions.
The algorithm tries to reduce the loss function as good as possible and when it has
achieved its lowest possible loss it is considered optimized. Since the complexity
of these three loss functions are severe and are hard to judge on a single case,
we take all three loss functions in consideration. The gradient boosting regres-
sor had another interesting parameter, which was hard to judge on a single case,
which is the learning rate. The learning rate is how fast an algorithm is allowed to
draw conclusion based on the given input, a higher learning rate allows a model
to explore more in the beginning, which allows the algorithm to make harsher de-
cision. To determine if our data requires a slow or fast learning rate needs to be
determined over several iterations, therefore we also include three learning rates
for the gradient boosting regressor. This brings a total of 15 models that are im-
plemented and they have the following parameters:
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Model Loss function | Minimum sample leaf
10. Regression Tree mse 10
11. Regression Tree mse 15
12. Regression Tree | friedman_mse 10
13. Regression Tree | friedman_mse 15
14. Regression Tree mae 10
15. Regression Tree mae 15

Table 9: The different regression trees and parameters

# 1 2 3 4 5 6 7 8 9 10 Avg
1 9.80 | 12.88 | 10.34 | 10.53 | 10.80 | 9.54 | 11.11 | 10.12 | 11.40 | 10.64 | 10.72
2 | 985 | 12.84 | 10.39 | 1041 | 10.85 | 9.49 | 1096 | 998 | 11.45 | 10.51 | 10.67
3 | 988 | 12.85 | 10.33 | 10.51 | 10.86 | 9.54 | 11.10 | 10.09 | 11.41 | 10.63 | 10.72
4 | 975 | 12.65 | 10.10 | 10.31 | 10.97 | 9.37 | 10.99 | 10.17 | 11.16 | 10.60 | 10.61
5| 975 | 12.66 | 10.06 | 10.47 | 10.72 | 944 | 10.97 | 10.19 | 11.19 | 10.48 | 10.59
6 | 986 | 12.67 | 10.10 | 10.57 | 10.89 | 9.54 | 10.95 | 10.19 | 11.24 | 10.52 | 10.65
7 11079 | 1291 | 10.04 | 11.62 | 11.48 | 9.14 | 11.16 | 1036 | 11.78 | 11.05 | 11.03
8 | 10.80 | 1290 | 994 | 1147 | 1148 | 9.02 | 11.06 | 10.31 | 11.67 | 10.82 | 10.95
9 | 10.69 | 12.89 | 9.88 | 11.50 | 11.42 | 9.05 | 10.94 | 10.27 | 11.75 | 10.94 | 10.93
10 | 9.83 | 12.85 | 10.37 | 10.40 | 10.88 | 9.54 | 11.04 | 10.04 | 11.32 | 10.54 | 10.68
11 | 9.82 | 12.83 | 10.37 | 10.50 | 10.73 | 10.15 | 11.15 | 9.88 | 11.48 | 10.52 | 10.74
12 | 9.83 | 12.85 | 10.37 | 10.40 | 10.88 | 9.54 | 11.04 | 10.04 | 11.32 | 10.54 | 10.68
13| 9.82 | 12.83 | 10.37 | 10.50 | 10.73 | 10.15 | 11.15 | 9.88 | 11.48 | 10.52 | 10.74
14 | 10.65 | 12.82 | 10.14 | 11.25 | 10.83 | 9.31 | 10.97 | 10.28 | 11.76 | 10.83 | 10.88
15 | 10.83 | 12.78 | 10.14 | 11.90 | 10.19 | 9.31 | 1097 | 10.28 | 11.39 | 10.97 | 10.87

Table 10: The different error percentages of the different models, the columns

show the iteration number and the rows show the error percentage per model
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Table [§] shows the different parameters for the gradient boosting regressor and
table[9] shows the different parameters tested for the regression trees. The number
on the x-axis shows the model that corresponds with table 8] and table [9] Table
shows the error percentage over 10 iterations. Each iteration is unique with a new
set of seeds. The three averages that are bold are the have the lowest average error
percentages. Interestingly, these are all gradient boosting regressor with huber as
error algorithm [26]. The different learning rates have little impact, but a normal
learning rate seems to have the highest consistency.

Looking at the lowest overall average error percentage the gradient boosting re-
gressor, that uses huber as loss function, shows to be better than the regression
trees. And since the average error rate is based on multiple iterations this shows
that this model is most consistent in predicting performance. The huber algorithm
is known to be very robust as it shows in the data, therefore the final model is a
gradient boosting regressor with the huber algorithm as loss function [26]]. The
learning rate did not have much impact on the results, but since the error rate of
the average learning rate showed the best error rate, this learning rate is used.

The error percentage of 10.59% means that if a perception by a random employee
within Nedap is held against the prediction of the model, the model would be
10.59% oft. So if the perception is a 6.0, the model would on average predict
between a 5.4 and a 6.6. Next section discusses validation interviews are held,
where new perceptions are held against predictions of the model to see how well
the model performs on new data.

5.4.4 Best time window

Section {4{ discussed the choice of interval time periods. These interval time peri-
ods are discussed with experts, data rows from the same time period are compared
and the desired output Nedap wants are taken into account. For each of the time
periods the advantages and disadvantages are discussed and how it would affect
the model that is created.

5.4.4.1 Monthly interval

The first proposed method is to use data gathered every month. The advantages
are that ratings change frequently and ratings are based on only the most recent
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events. The disadvantage of using this is that a business partner is only judged
on the most recent events and that a bad month would directly result in a bad
rating. Recent events could be very negative for a business partner, such as many
new installations would result in a potential harder month and would be punished
for this. Looking at the data showed many empty features for business partners.
The advantages and disadvantages were discussed with the partner manager and
technical operation team from Nedap and based on their input it was concluded to
exclude this proposed time period. The main reasons given are as follows:

¢ A month could mean there is insufficient data for a feature
* Recent events are important, but not only recent events

* Everyone can have a bad month, as long as it goes up afterwards

5.4.4.2 Yearly interval

The second proposed method is to take data from the previous year. The advan-
tages of this is that every feature for all business partners definitely has a value.
Besides that, it would show the long term performance of a business partner. The
disadvantages are that if a business partner had 1 really bad month, the business
partner would be rated low based on that month for an entire year. If an upward
trend happens, it would be harder to detect and the past would still affect the
business partner. Additionally, Nedap wants to predict the performance of busi-
ness partners every three months, this would result in re-using 75% of the data
on each prediction. The proposed time-period was also discussed with the same
parties and it was concluded to exclude this time period as well. The reasons for
excluding this time period are the following:

* Desired output is more frequently

A lot of data re-usage

Bad months would affect the business partner too long

» Change needs to be seen early
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5.4.4.3 Quarterly interval

The last proposed method is to take quartiles as time period. The advantage of
using quartiles as time period is that there is a high certainty that every feature is
filled for a business partner and the values of the features change frequently. This
proposed method combines the yearly and monthly time periods. The disadvan-
tage is that business partner with very little stores would still have too little data.
These advantages and the disadvantage were discussed with the experts and it
was concluded that this time period is the best representation of the performance.
Their reasons were:

* Data shows a longer period, but still short enough that recent events have
influence

* The smallest business partners can be discarded until they grow more

* There is little data re-usage

5.4.4.4 Moving time window

Lastly, a discussion was brought up to use a moving time window of quartiles.
This would mean that the performance of a business partner could be updated
more frequently. We had a discussion about this and concluded it would be strange
to use a moving time window. It was argued that it would skewer the data a
lot, since the changes in the data would be little compared to the reused data.
Therefore, the final choice has fallen on quarterly intervals.

5.5 Summary

This section discussed the choice of model. The section started off by describing
the approach in choosing a final model. Following this, the relevant techniques
were discussed and a short-list has been made with candidates for the final model.
The section concluded by analyzing the short-list and come up with the best model
to predict the performance of a business partner. The final choice is a gradient
boosting regressor with a huber error loss algorithm. Next section discusses how
the model is going to be validated and if applicable what adjustments have been
made on the final model.
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6 Validation of the predictions

This section describes the validation of the predictions made by the model created
in previous section. First, the goal and the approach of the validation is discussed.
Following this, the results of the validations are discussed by explaining to how
they impact the created model.

6.1 Goal

In order to find out whether the predictions the model is given are a close repre-
sentation of the truth, validation of the predictions are necessary. There are three
main goals in the validation step of this research that are important to ensure the
quality of the predictions. The goals are as following:

* How are the predictions compared to the perception of the truth of the 15
selected business partners?

* How are the predictions of business partners that were not in the question-
naire?

* If the rating does not match the perception, what does the data show?

These three questions are the main goals in the validation step. The first question
translates to how well the model fitted. If the model is predicting values very
different from the input, it could mean that the data was too sparse for the model to
fit. However, if a few predictions are off it could mean that the model successfully
found the underlying trend and correctly rates a business partner based on the data.
The second question is to ensure that the model can also predict business partners
that have not been included in the training data for the model. This step ensures
the model did not learn to predict 15 chosen partners, but predicts every business
partner according to the perception. The last question determines if a perception
does not match the prediction, whether this is because the perception is wrong or
because the model failed to learn the underlying pattern.
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6.2 Approach

The validation step is conducted as following, another set of interviews are con-
ducted. The goal is to determine whether the predictions of the model are correct
according to interviewees. The interviews are structured interviews [28]], where
the interviewee is asked about business partners they have contact with and how
their performance is in their expert opinion. First, the interviewee gives their rat-
ing of the performance of said business partner, based on three months prior to the
interview. These ratings are then being compared to what our model is predicting.
Once the interviewee has given about 10 ratings on business partners (business
partners that were mentioned in the questionnaire and not mentioned business
partners), the differences are discussed with the interviewee. The way this is con-
ducted is by asking the interviewee if the model would give the business partner a
rating of X, whether they think this could be correct or that they are surprised by
the rating. These comments are used to look into the data given to the model and
a check is done to see whether these concerns are correct or that the model has
given a correct prediction.

Another advantage of doing the previous step is that another set of input ratings
are generated. These new ratings are added to the model in future to improve
its predictive value. This increases the amount of data that is available, allowing
more and different models to fit.

6.3 Observations

A total amount of nine validation interviews have been conducted. Each inter-
viewee was asked about business partners they have intensive contact. The inter-
viewees are also asked to re-rate the business partners they rated in the previous
interviews, but now over the last three months. Each interviewee can freely re-
spond to predictions of the model and discuss their opinion about said prediction.
In the result section, these events are hopefully shown to have an impact on the
performance or the data validates that these events had no impact on the perfor-
mance and the business partner handled correctly.

The first observation mentioned was that the amount of samples for a business
partner has big influence on the rating the model predicts. Business partners with
very little stores could have no issues reported in the data. The interviewees men-
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tioned it would probably be better to exclude business partners that have less than
10 stores due to the scarcity of the data. This observation is taken into account
for the results by not including business partners that had less than 10 stores. A
business partner who has a few stores cannot be predicted yet, as several features
can be empty. The model has been tuned to exclude business partners with less
than 10 stores.

The second observation made is that business partners with a lot of stores are rated
lower. Discussing this observation with the interviewee, we concluded that there
were several business partners with a high store count that were in the top of the
ratings. The logical relationship between size and amount of stores is that, a busi-
ness partner with a high store count has more personnel to maintain the situation.
Currently it is not possible to know the amount of employees a business partner
has, but this could be a great addition in the future to determine the efficiency of
a business partner.

The third observation by an interviewee from the technical team was that the
complexity of each system might impact the results. He says that the amount
of gates are not always filled in should have a default value. This had already
been taken into account when creating the model, however the default value cho-
sen was slightly low according to him. A discussion about this concluded that the
amount of gates a system should have as default should be 3. This was discussed
with the interviewees from earlier who mentioned the default value of two gates
and they also concluded that 3 gates might be a better default value.

A fourth observation was by an interviewee from the US office. He mentioned
that it could be interesting to see only new stores in the model, as the steady retail
stores should be considered optimally. The discussion following this concluded
with that it could definitely be worth looking into, however due to the scope of
this thesis excluded. The scope of this thesis is to determine the performance of a
business partner on all aspects and not only the new installations.

There were several observations about certain business partners either scoring too
high or too low. These observation have been written down with the argumentation
on why the interviewee deemed the rating wrong. The data of these business
partners was shown to the interviewees after they rated the business partner and it
was discussed whether the data showed in line with their opinion. It was seen in
their data that their perception was often based on the combination performance
of iSense and OST and not only iSense. This observation is discussed further in
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next sub-section.

6.4 Results

As mentioned in previous section, the interviewees were asked to give a rating to
the performance of a business partner over the last three months. Once they have
given their rating, we ask the interviewees about the prediction made by the model.
The model has predicted the performance of all business partners during the three
months leading up to the first set of interviews and ratings. The interviewees were
asked whether the prediction of the model could be correct or that they believe it
is totally wrong. If an interviewee said that it was totally wrong then the data is
being looked at to see whether this is correct.

Business Predicted | Average | Responses | Error

Partner Value Value Rate
Business partner A-1 7.17 6.93 3 3.35%
Business partner A-2 5.54 6.12 4 10.47%
Business partner A-3 7.55 7.18 4 5.03%
Business partner A-4 6.83 6.00 3 12.15%
Business partner A-5 6.72 6.96 4 3.57%
Business partner A-6 6.16 6.43 4 6.70%
Business partner A-7 5.90 6.33 3 7.29%
Business partner A-8 5.50 5.33 3 3.09%
Business partner A-9 7.08 7.00 3 1.12%
Business partner A-10 6.71 6.52 3 2.83%
Business partner A-11 8.05 7.38 2 8.32%
Business partner A-12 7.47 7.50 2 0.40%
Business partner A-13 6.05 4.78 5 20.99%
Business partner A-14 6.19 5.13 4 17.12%
Business partner A-15 6.44 7.00 3 8.70%

Averages 6.62 6.44 3.33 7.41%

Table 11: The predicted rating of a business partner with the average perception
of the interviewees
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Interestingly, the predictions by the model showed very in line with the feelings
from the interviewees. The results of the validation interviews can be seen in table
Since the input ratings ranged from two to nine, the model classifies within
this range. The way this affects the results is that the range the model could predict
in is smaller, therefore the accuracy is slightly worse on this scale than on a scale
from one to ten. The average error percentage of 7.41% is better than the error
percentage received in the results of section[5] This is likely caused by the outliers
that could have been used in the training or test data. The model learned to filter
these outliers, but if for the calculation of the error percentage these outliers were
used in the test data, the model would be off a lot. This negatively affects the error
percentage. An error percentage of 7.41% means that if a perception would be a
6.0 then the model would predict between 5.56 and 6.44.

The data definitely showed that the prediction was basing it on perception that ex-
ists within Nedap, however for some business partners this meant that the rating
they were given does not match the actual situation. There were a few business
partners were the interviewee mentioned that he/she thinks the rating was either
too low or too high, such as business partner A-13 and A-14. This caused discus-
sion between various interviewees whether the perception is actually true or that
the business partner was actually better or worse than expected. The question that
was asked various times was if it would be possible to create a model that predicts
the actual situation and not on the perceptions. The way this would be done is
by showing the features and their values to experts without knowing the business
partner. By rating the rows based on the data, a machine learning model can be
trained to use these rating as input data instead of the perceptions. This research
has gained a lot of insight in what determines the performance of a business part-
ner and the transition to a model that predicts based on the data should not be too
hard, but falls out of the scope of this thesis. There were a few business partners
that only received one or two responses, the complexity was that not every in-
terviewee could answer what rating each business partner would get over the last
three months.

3The business partners have been anonymized due to privacy, important to see is that the
business partners from earlier do not match these business partners
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6.5 Subjective mapping

The technique used in this thesis is to map data onto perceptions. The machine
learning model has been trained to predict perceptions of the performance of a
business partner. The reason to use this method for data understanding, is to eval-
uate the perceptions that exist. CRISP-DM has been discussed in the introduction
and is a process that is repeated once understanding has been created. The predic-
tions are used to create a model that correctly shows the performance of business
partners. This method has advantages and disadvantages. The biggest advantage
is that it creates discussion and shows employees that the perception might not
always be correct. The biggest disadvantage is that it costs time to create a model
that maps perceptions and is replaced by another model based on the obtained
features. Personally, the advantages outweigh the disadvantages when time is not
an issue. However, since normally time is expensive it might be better to per-
form feature engineering using the steps in this research and based on these ask
interviewees to rate the data, rather than the business partner.

6.6 Summary

This section discussed the validation of the model. To achieve this interviews
were conducting to get another set of input ratings and to discuss the predictions
the model is currently giving. The interviewees had some observations on the
predictions and a few small adjustments are made to the model. Overall the model
was predicting in line with the opinions of the interviewees and if not it caused
a discussion about whether the perception is actually true or not. Next section
concludes the results that came forward in this thesis.
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7 Evaluation

This section discusses the discussion that were raised on the results and the in-
terviews following this. In CRISP-DM this step is transforming evaluation into
business understandings. Each sub-section discusses an insight that helped Nedap
to know more about their business partners, how it helped Nedap and what impact
it has for Nedap and her business partners.

7.1 iSense vs OST

Currently business partners are making the transition from OST to iSense, but
most business partners still install OST most often and handle issues related to
the OST systems. This transition is upcoming and the iSense systems are making
use of a new technology, RFID instead of RF. This shift in technology is the first
insight that came forward in the validation section. The perception that exists
of some business partners is mostly based on OST. Some business partners that
were expected to be really bad, had more to do with the expected performance
based on OST (as of this business partner most systems were OST). When the
rating of iSense was a lot higher, the interviewees looked at the data and their own
dashboards and came to the realization that the business partner was performing
well on iSense systems. This proves the necessity of dashboard to give insight in
all data available of a business partner, since currently the perception is not always
related to the actual situation.

The second insight the discussion between iSense and OST provides is whether
every business partner is ready for the transition to iSense. Some partners, which
are scoring very high according to the perceptions are not performing that well.
Discussion with various experts concluded that the partners are around for a long
time and always implemented systems very well. However the new iSense system
is very different and requires a shift from the mechanics to work with the new
system. This shift can result in a business partner lacking engineers that know
how to work with RFID systems and have problems understand the complexity
of this. These business partners believe they understand the system well, but in
practice these business partners lack basic knowledge about the differences and
how to handle these. This insight caused a discussion within Nedap, if some
partners are up to the challenge of working with iSense systems and can provide

67



7.2 Feature importance 7 EVALUATION

the required quality for the global retailers. If this were not to be the case, Nedap
has to find another business partner in the country to work with the new RFID
system and let the other partner serve the old OST system. This discussion is
currently being investigated and information regarding performance on the iSense
systems is very wished for in combination with information of the OST systems.

The way this affects business partners is that the information shows a business
partner is struggling with iSense, while performing well on OST. These business
partners need to improve and by gaining insight in their problem it should be
easier to help them overcome the problems that they currently have.

7.2 Feature importance

During the interviews many features were mentioned as potential indicators of the
performance of a business partner. The model indicates that some of the men-
tioned features are not related to the performance of a business partner. One of
the features that turned out to have no impact on the perception of the perfor-
mance was the physical training. During the interviews it was mentioned that the
performance of a business partner should go up once they had a physical train-
ing. A physical training should refresh the knowledge a business partner has and
be informed about the recent adjustments to the systems. However, during the
validation the perception of the performance of some business partners was that
they should score low, since they recently had a physical training. This indicates
that a physical training does not necessarily mean an increased performance if the
business partner does not understand the relevance of the discussed techniques.
When speaking with the experts on this, they mentioned that sometimes a busi-
ness partner attends physical training and the experts giving the training see that
the engineers from the business partner have no idea how it exactly works. They
still believe that training helps a business partner improve his performance, how-
ever it is not guaranteed by following a training.

Another feature that did not impact the performance of a business partner in its
current state was the amount of e-learnings completed by a business partner. Cur-
rently it is not known how many engineers a business partner has, therefore the
larger business partners are far more likely to have completed more e-learnings.
One of the known larger business partners completed less e-learnings than oth-
ers. According to experts, this could be related to the fact that they have more
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head-engineers to give trainings to the local engineers. Therefore e-learnings be-
come slightly less useful, since experience in the field is always different to an
e-learning. This invoked a discussion on how e-learnings could show an indica-
tion on the knowledge of a business partner. First, it would be important to know
the amount of engineers a business partner has, which can be a task from the sales
team to find out. Secondly, e-learnings could be seen as an indication of how many
effort a business partner wants to put into knowing the iSense systems. Necessar-
ily this means it does not affect the performance of a business partner, just the
time they are willing to put into better understanding the systems of Nedap.

A business partner is advised to follow a physical training every year. Nedap
wants to offer these trainings more often, since it helps business partners with
the implementation stage. Members of the technical operation team say that once
a business partner recently followed a physical training, they receive less tickets
about issues that are occurring on systems. According to them these issues are
resolved by the head-engineer, since his knowledge is up to date. Since tickets
could be used as a feature due to the complexity of this system and the required
changes, there is no data to prove this. However, according to technical operation
members this can definitely be noticed in the quality of tickets they receive in
Freshdesk. It would be interesting to see the impact of physical training on a
feature related to communication, specially since communication was mentioned
a lot during the interviews. However, stand-alone physical training showed no
direct correlation to the included features and the components barely used this
feature.

7.3 Global priority

To determine patterns that the model was basing its predictions on, the regression
trees were analyzed. The best performing model was a gradient boosting regres-
sor, which is a forest of regression trees. A common technique data scientist use to
get insights in the machine learning models is to create a decision tree and analyze
the patterns that come forward in a decision tree. The regression trees discussed
in section [5] were close to the accuracy of the gradient boosting regressor. The
patterns the regression trees showed were that principle components 1 and 2 de-
termine the high-level splits as can be seen in the figure figure |16/ and figure
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X[2] «=0.336
friedman_mse = 1.97
samples = 118
value = 6.525
True False
X[1] <=-0.449 X[0] <=-0.092
friedman_mse = 1.503 friedman_mse = 2.221
samples = 92 samples = 26
value = 6.821 value = 5.481

Figure 15: The regression tree with friedmans MSE as error function, the top two
splits can be seen

X[2]<=0418
friedman_mse = 2.14
samples = 118
value = 6.492
T‘ru/ \l:e
X[1] ==-0.302 X[0]<=1934
friedman_mse = 1.577 friedman_mse = 2.727

samples = 103 samples = 15
value = 6738 value = 4.8

Figure 16: The regression tree with MAE as error function, the top two splits can
be seen

X[2]<=0.289
mse = 1.956
samples = 118
value = 6.466
T‘ru:/ "j False

X[1] «=-0.396 X[0] <=-0.03
mse = 1.429 mse = 2.002
samples = 82 samples = 36
value = 6.86 value = 5.569

Figure 17: The regression tree with MSE as model, the top two splits can be seen
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The corresponding principle components were analyzed by looking at the eigen
vectors of each component. ”An eigen vector is by definition a transformation
that represents a 1-D invariant subspace of the vector space in which the trans-
formation is applied”, according to Balakrishnama [5]. These eigen vectors show
how much a features had impact on the principle component that was used by the
model. These eigen vectors can be seen in table [12]

Low | Medium | High Low | Medium | High

PCA Physical | Issues | Issues | Issues | Issues Issues Issues
Component | Training | Local Local Local | Global | Global | Global
0 0.177 -0.049 | -0.043 0.736 | 0.452 0.220 -0.099

1 -0.284 | 0.109 0.091 -0.270 | 0.094 0.655 0.728

2 -0.187 | -0.249 | -0.131 0.399 | 0.340 0.467 0.413

Table 12: The principle components and their eigen vectors with the values of the
different features

Principle component 2, which is used as the primary split on all three models, is
determined by the high severity category of non-globals and all three categories
of global retailers. Principle component 1, which is the secondary split is only
determined by the medium and high severity of global retailers. The feature that
many of the interviewees mentioned, that global retailers have priority, showed in
the regression trees to be true. The components that determined the largest splits
in the trees were related to the components that impacted the features of global
retailers. Principle component 2 is also affected by the high severity issues of
non-global retailers, logically these are the severest issues that can happen and
they need to be low. Both components are impacted by the performance of a
business partner on a global retailer and all three models determined that these
components are the top splits for the regression tree. For Nedap this shows that
the perceptions the interviewees gave are according to the model based on the
performance of the business partner on the global retailers’ stores.

7.4 Offline stores

During the creation of the model a few business partners showed to have a lot of
issues, which were not expected. When looking at these business partners and

71



7.4  Offline stores 7 EVALUATION

which issues were not resolved the longest, it showed some retail stores were pur-
posely set to offline. These retail stores only use the iSense systems to have theft
detection (which still works), but data is not reported to Nedap. Secondly, while
most functionality can work there is no guarantee that this is the case, since the
systems do not sent their metrics to Nedap. Offline stores were never mentioned
during the interviewees and therefore have not been included in the model as a
separate feature. However, when this was brought up with several teams they
mentioned that it would be really interesting knowing which business partners
have a lot of offline stores. Ideally, every stores is reporting data and it is believed
some business partners might not know certain systems are offline. By bringing
this information to the business partners and retailers these systems can be brought
online to ensure the quality of the systems. For business partners this could mean
additional work in getting offline systems to communicate with Nedap. To in-
clude this feature in a future mode Nedap does not need to change anything to
their infrastructure. Currently the data has a reported_at and resolved_at field, is-
sues that are open for longer than 3 months could be considered offline and these
stores could be summarized in a separate feature to determine the offline duration
of their devices.
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8 Conclusion

This section concludes this thesis by first reviewing the research questions that
were posed in the introduction. Following this, section [8.1] discusses how this
thesis could contribute to other companies and researches. Lastly, section [8.2]
discusses the strength and weaknesses and section [8.3|discusses the recommenda-
tions for future work.

This thesis posed four research questions. Each of the research questions are
concluded individually below:

RQ1: What indicators define the performance of a business partner?

This thesis did a data exploration and conducted interviews that provided can-
didate features that indicate the performance of a business partner. The list of
candidate features is used in an experiment to determine which of the features
provided insight in the performance of business partners and which features only
caused noise. Based on these candidate features there is an understanding what the
perception of the performance is potentially determined by. Some features could
be excluded by the model if they show no correlation to the underlying perception.
The list of features was the following:

* Physical training X years ago * Issue count medium severity

* Issue duration low severity
* Issue duration high severity
* Issue count low severity

* Issue duration medium severity * Issue count high severity

Following this, the actual perception needed to be addressed to get the perceptions
from various teams within Nedap. For this the following research question was
posed:

RQ2: What is the performance of a business partner?

A questionnaire was conducted in order to determine the performance of a busi-
ness partner, the questionnaire asked employees from various teams to rate 15
business partners on a scale from 1 to 10. These business partners in the ques-
tionnaire were carefully selected based on the amount of iSense systems they
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have installed and what percentage of their systems are iSense. A total of 148
responses were obtained by the questionnaire, these ratings can be seen in table 4]
These responses in combination with the candidate features provide the input for
the model. To find out what the best model is the following research question was
posed:

RQ3: What is the best model to rate business partners based on issue data of
the iSense system?

Based on the candidate features and perceptions a model was created. Many
different methods were analyzed and criteria were defined to determine the best
model for this case. First, the choice has been made to go for a supervised learning
model with a continuous output. The reason for choosing this is that the responses
of the questionnaire are labels that can be used to predict performance of business
partners. Secondly, the choice on a continuous output model is that the differ-
ence between business partners could be very small as came forward during the
interviews. To make a decision on what the best model is a set of criteria were de-
termined to which a supervised machine learning algorithm had to suffice. These
were able to fit on sparse data and predicting ratings within the wished range of
one to ten. Of all algorithms that were implemented, the regression tree and the
gradient boosting regressor remained. These two models were implemented and
scored on two aspects to determine a final model, which were accuracy and con-
sistency. The final choice is a gradient boosting regressor, which is a “forest of
regression trees”, meaning that it uses a regression tree as underlying algorithm
and creates many instances of this regression tree to find the average optimal tree.
Following the creation of the model, validation were held to determine how ac-
curate the predictions of the model were. Section [6] discussed this validation by
asking interviewees again to rate business partners. These business partners were
not entirely the same as in the questionnaire, since there were two goals. The first
goal was to validate whether the model could predict business partners that were
not seen before. The second goal was to ensure that for a new time period the
model would predict the same business partners correct. For this the model was
given a time-period of three months that was not used before. Based on this period
interviewees were asked to rate a business partner over the last three months and
the results were compared to the predictions of the model. This concluded that
the model that was created predicted the ratings of business partners very close to
the perception. However, while it is very close to the perception it came forward
during observations that based on the data some business partners would deserve
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to score higher or lower than the prediction the model gave.
RQ4: What insights does the produced model give about business partners?

The model was able to map data onto the perceptions of interviewees and this
generated insights for Nedap. There were a couple insights that came forward
during the validations and these insights are discussed individually below.

Currently business partners often install the old OST systems, but the transition
to the new iSense systems is steadily increasing. This means for a different kind
of implementation and the engineers that install the systems require a different
set of skills to get the systems optimally running. This transition is important to
understand the difference in the perception and the truth as a business partner that
performed well for years might not understand the iSense systems. This insight
provided Nedap with the discussion whether every business partner is capable of
installing iSense systems and that they might need to look for additional business
partners.

During the interviews and data exploration many features came forward as po-
tential indicators of the performance, however the model showed that not each
of these features contribute to the performance. Some features simply were not
ready to be added to the model, such as e-learning, since the systems support-
ing these features did not contain all necessary information. Some other features
eventually showed to have no impact on the performance of a business partner,
either because the feature had no correlation to a rating or because the feature did
not say anything about the performance. These features were related to the size
of a business partner (amount of stores, devices and gates) and had no impact on
the perception of performance, because a larger partner did not imply good per-
formance, neither bad performance. The included features provided Nedap with
information on what is important for a business partner to perform on and also
what changes need to be done to include more features in an updated model.

When exploring the context of business partner it already came forward that busi-
ness partners have two categories of retailers; global retailers and local retailers.
The difference between these two was discussed in section [3] and during the in-
terviews the decision was made to duplicate the features for globals and locals.
The model showed in the principle component analysis that the features that pro-
vided the biggest splits in the regression trees were related to the performance of
a business partner on the global retailers. This insight supported the interviewees
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who mentioned that ratings are likely related to the performance of business part-
ners on the global retailers. For Nedap this means that business partners need to
perform well on the global retailers, while for business partners themselves the
information on how well they perform on local retailers could be useful.

These insights provide new research goals, possibilities and projects which are
discussed in section 8.3

8.1 Generalization

This thesis is conducted at Nedap and the results of this thesis are applicable to
Nedap’s situation. However, the research produced various results that can help
other companies, researchers and other parties to achieve similar results. This sub-
section discusses several parts of this thesis and how the techniques used could
contribute in other companies, fields and researches.

The main technique that was used in this thesis was using opinions of employ-
ees as input for a supervised machine learning algorithm. The features that were
found, relevant to the case in this thesis, were used by the supervised machine
learning algorithm to predict new situations. The machine learning algorithm was
able to predict opinions of unknown situation in most cases. Importantly, the
cases were the model was unable to predict the opinion brought up a discussion
with the person as to if his/her opinion was correct. Most interviewees tried val-
idating their opinion by viewing the data of the features and comparing to this to
a case they felt was better or worse. If the data then showed the opposite they
started to think about if their opinions are actual correct or that it is more a feel-
ing. This creates a discussion through the interviewees and produces relevance of
features and whether some features actually have influence on the researched sit-
uation. Based on these discussions experts can better estimate the performance of
a business partner on data that was previously not available or they did not think
was relevant for the performance of a business partner. This causes experts to be
more in line with each other.

Feature engineering by doing interviews proved very useful in companies with
several teams. By interviewing various teams all features from different views
come forward. These features might not all be applicable to the scope of the
research, however they show what shortcomings currently exists within the com-
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pany. Additionally, they create coherence among the different teams. The dif-
ferent teams all want to gain insight in the data and discuss what features should
be included and excluded from a model. Besides the inclusion and exclusion of
feature, the input of the model is based on opinions of the interviewees. Since
a discussion is brought up about the various inputs received, the different teams
start thinking why others have different opinions and whether their opinion is ac-
tually correct. This showed in line with research done by Sjoerd van der Poel to
use domain expertise in combination with literature in data analysis [S8]. Since in
practise situations are different from what can be found in literature.

8.2 Discussion

Reviewing this thesis, strengths and limitations can be identified. First limitation
was that there was no “golden reference”. The research took place over a period
of 6 months and in this period input data was generated, however this was merely
of one moment with a validation step following this. The model would have been
more accurate and precise when there were additional data gathering moments,
but due to lack of time the data remained sparse. With more data more models
would most likely be able to fit properly, allowing for a larger choice of models.

Another limitation was the way Freshdesk data was currently stored. The Fresh-
desk data would have provided an additional feature about communication, which
was deemed an important aspect by multiple interviewees. As restructuring this
data and updating all previous data would cost far too much time for this thesis,
this data was excluded.

The final limitation was the Esper framework [[15]. This framework is used to
analyze the metrics reported by the iSense systems. In the pre-research it was dis-
covered this framework had a bug, which resolves and reports issues at incorrect
intervals according to documentation. This affects all issues in ways that there
are issues reported faster than should be possible. As it affects all issues, this has
not necessarily been a problem, however it needs to be resolved to get an optimal
indication of the issues.

One of the strengths of this thesis was the large diversity in the interviewees. By
taking a large diverse group from multiple teams across the world, the amount of
information obtained about business partner performance was immense. This in-
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formation, while not all included in this thesis, provides insights for future projects
and how different teams rate business partners. Each team scores business part-
ners partially on the same aspects, which were used in the model as a generic
business partner rating. However, the aspects that were only relevant for a certain
team could provide useful information for that specific team.

A second strength is that the CRISP-DM cycle was followed in this thesis. The
thesis provided its results and based on these results many new projects can be
done with the business knowledge obtained. The goal of the CRISP-DM cycle is
to keep iterating and increase the quality of the started cycle which comes forward
in this thesis. The methodology and executing of this thesis therefore followed the
correct steps which ensured optimal use of the time available.

8.3 Future Work & Recommendations

During the process of the research a couple recommendations came forward. The
first recommendation is a generic one, currently Nedap has a lot of data and much
of this data is currently not insightful for most of the employees. This data has
great value and should be made visible to Nedap, partners and retailers. The
following recommendations go more in depth on what data could be the following
development steps.

This thesis had the focus on iSense, however recommended is looking at the per-
formance of business partners on the old OST system as well. Section|/.4{showed
that there was a big difference in performance of partners on OST and iSense.
This difference is important to have insightful, since a business partner that is
very good on iSense could be a really good partner for Nedap in the transition,
while a partner excelling at OST systems, might need additional training. This
information is not only handy for Nedap, but also for her business partners as they
currently have no overview on how well they are performing.

Sales employees and account managers mentioned in interviews that information
on how business partners handle their global retailers is very important. The focus
of this thesis was to get a general performance of a business partner, however
for these parties the same model could be applied to their global retailer. The
development step for this is relative small, since it would mean scoping the global
retailers to the global retailer in question. This information would, besides the
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mention parties, also be very relevant for the global retailer themselves to confirm
the performance is up to their standards. This information could also be used in
future sales with big retailers to show that quality has been reached on similar
retailers.

The model that was created can predict the performance of business partners based
on the perceptions. Section [6] showed that the model succeeded in predicting the
perception, but that the actual performance differs from the perception. Business
partners can be trained and educated on their mistakes once they are factual, there-
fore it is recommended that a model is created that is trained on facts, rather than
the perceptions used in this thesis. The way this would be done is by showing the
features to interviewees and then asking them to rate the rankings without know-
ing the name of the business partner. The allows the interviewees to have a better
perception of the performance. The model that comes forward from this method,
would be able to predict performance of business partners on better estimations.

As mentioned in the limitations, a bug was detected in the Esper framework. As
it affects every issue, it is recommended to find a solution for this bug so that
issues are correctly being resolved and reported at consistent intervals. This would
require the framework to be adjusted in a way that the current infrastructure still
works. A solution has been discussed during the research, but due to the severity
of the change it was postponed till after the research.

Sectiond]discussed the communication as a feature. For this the way data is stored
in Freshdesk needs to be changed. This project was too large for the scope of this
thesis, but the information gain by adding this feature is huge. Therefore, it is
recommended the changes to Freshdesk are done, so that this data can be included
in the model. Additionally, this feature could also be used for other purposes
including the current application used to determine how well the knowledge of
business partners is.

The last recommendation is to store information on how the systems are config-
ured. Each iSense system has configurations on how far the range of the sensors
are and more. This data could be used to determine a standard configuration
for stores with a certain layout once this is know. Additionally, this data could
provide more information about optimal system performance. Business partners
could have very high standards when it comes to detecting articles that the retail-
ers have. This also means that the chance for a system to have issues is higher as
the range in which the system is detecting is increased. This information can be
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taken in account in a future model, once this information has been gathered.
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A APPENDIX A

A Appendix A

A.1 Interviews

This section is going to describe the information obtained in each interview. When
all interviews are conducted a conclusion will be drawn on what features will be
included in the initial model and the training set of the model will partially be
filled with data from the interviews.

A.1.1 First interview

The first interview was with a sales director of Nedap Asia and Pacific. In Asia
they mainly work with iSense as an EAS (Emergency Alert System). At the start
of the interview he mentioned that the performance of a business partner is based
on the amount of complaints they receive form their customers and mainly their
global client. Each global client has their own requirements, however these are
the same for each country worldwide, making them identical for each business
partner. The amount of complaints these global clients register on a business
partner could indirectly imply the performance of said business partner in that
country. He also mentioned that a client has specifications on how the system
should look like and how it needs to be installed and if they do this well, there
should be no complaints.

When speaking about contextual influences, he mentions that in Asia it is not
uncommon for cables to interfere with systems, making them perform worse. He
says that the business partner cannot do much to change this, however is not sure
whether this should be considered for the model, it is more of a hunch. To add
to his earlier statement, he believes that global clients should be prioritized by the
business partner to ensure that the performance of said global client is as good as
it can be. It does not mean that smaller clients do not matter, however when a
choice needs to be made between the two, the global client should have priority.
Lastly large stores have a higher chance of breaking down, since more customers
means more random occurring events.

When asked if duration of an issue or the amount of issues is more important,
the answer was that they are both important, however the first matters on how
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the business partner communicates with the retailer. If the business partner lets
the retailer know he is working on it, it is deemed more acceptable to have a
longer duration. Many issues mean that the system is never really stable. How
the business partner handles the communication with the retailer is one of the
most important aspects according to him. What makes a business partner perform
bad is when they do not understand the escalation model. Nedap has a system that
when the engineers cannot solve the problem with the system they can call Nedap,
however in practise this happens more than it should, since business partners find
it easy when Nedap solves their problems.

A.1.2 Second interview

The second interview was with a member of the technical operation team of Nedap
Retail. Technical operations are responsible for the following aspects:

1. After-sales

2. Education en communication

3. Testing development and firmware with the R&D team
4. Give business partners support if necessary

5. Share knowledge with other teams

The huge difference with the first interview is that this person knows a lot more
about the technical aspects of the iSense system. This means some technical ques-
tions will be asked, which will help creating the model. When asked what defines
the performance of a business partner he says that the following points define the
performance of a business partner:

1. Response time towards clients
2. Knowledge level of the different systems

3. How willing they are to learn new techniques and how they get these to the
market
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4. Thinking about future-proof solutions
5. Give feedback about the system
6. Ask for training when they lack the skills

7. Properly install systems without to much issues

According to him every retailers should be equal, but in practise the opposite is
true. Culture plays a big role there, because some countries are very strict while
others do not mind this. He also says that global customers of Nedap should have
a small priority, however business partners need their local customers in order to
stay alive, therefore it is important that both are satisfied with the performance of
the business partner.

Since technical operations also work on the system, some more detailed questions
were asked for the severity of the different issue types, how these could should be
scored and whether the responsibility matrix was correct. He says that it would be
nearly impossible to score individual issue types and categories should definitely
be used to make it easier. What the definition of these categories are is not certain
yet, but discussion about this will follow later. He says that three categories should
be sufficient for the scoring of the issues, which are:

1. Low impact
2. Medium impact

3. High impact

He believes that the size of a retailer should not matter in the performance, how-
ever sometimes it might be the case that small retailers do not want to pay for
servicing and business partner will neglect these retailers most of the time, mak-
ing for high issue durations. He finishes the interview with saying that according
to him, the most important feature for a good performance is the level of knowl-
edge. The better they can handle issues and the less help they need from Nedap
the better.
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A.1.3 Third interview

The third interview was with a member of the sales and global account manager
team. This team is directly responsible for contracts, negotiations and prices of
the system. They have the final say in contracts and agreements. They use the
business partners of Nedap in order to achieve the execution of the contracts. The
interviewee is mainly responsible for one of the biggest retailers of Nedap and this
retailer recently made the transition from OST to iSense, the newer system.

From his perspective the most important aspect of a business partner is that they
keep the retailers satisfied. What satisfies a retailer is very different and hard to get
to paper, as some wants to pay a lot for top quality services and some want to pay
as little as possible and still have these services. Not only this but often a retailer
expects business partners to do stuff that falls completely out of their scope. He
says that the retailer does not know too much about the technical aspects of the
system, as long as it does not bother their customers, they do not mind. Issues that
have a bad influence on their customers are horrendous.

He says that global customers should definitely be separated and prioritized. The
so called local heroes are important for the business partner, but far less for Nedap.
The global customers drive the market and if these are served well, more retailers
will make the transition to Nedap. Therefore these should be more important. A
change of business partners could be necessary if a business partner cannot meet
the standards Nedap wants.

Where a business partner is stationed is also very important, since some countries
are lazy with cables and interference. Every culture is different, that in some
cultures business partners have it far easier to make the retailers happy than in
others. According to him business partners are bad when they treat their retailers
bad, want high margins and service prices etc. How long issues stand open is
definitely important, since this shows the experience and service of the business
partner. Some of the business partners are so used to OST that they need to make
the transition to iSense and lack training and experience, even when not asking for
help. Communication is very important for this and letting a retailer know an issue
is being worked on is professionalism. Communication is one of the key aspects
of performance and secondly living up to the realistic promises being made.
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A.1.4 Fourth interview

The fourth interview was with the old business partner manager of Nedap, which
is probably the most experienced person when it comes to the performance of
business partners. According to her it is important that installations of the sys-
tems, their sales vision (how much of they sell new systems and not fall back to
the old systems) and how they handle the after-sales (issue handling of the sys-
tems). She mentions that every store is equal and the size of stores do not matter,
because small stores (customer-wise) might have significant higher valued prod-
ucts. It is important that a business partner strives for perfection and that he is
not only interested in getting his money, but also keeping his retailers satisfied.
Communication towards the business partner is important. The retailer is always
aware that something is wrong with the system, however if they communicate this
to the business partner is a problem. She also says that for Nedap global client are
more important, however looking at the future this should not be case. Reputation
of the business partner in the local market is just as important.

Furthermore she agrees with a lot of the points being made by the previous in-
terviews and says it depends a lot from what perspective you are looking, but ac-
cording to her after-sales, installation and communication are the most important
parts. She adds that a business partner will most likely be scored badly when they
do not communicate with Nedap when they have a problem. She believes some
business partners do not ask questions often enough and lack training. Therefore
a lot of the systems still break.

A.1.5 Fifth interview

The fifth interview was another member of the sales team. She started off by
giving a large summary of what she believed was important for my research by
my initial mail, so the structure of the interview was a little different.

She started off by mentioning that besides asking different employees of Nedap
I should also speak with Business Partners and retailers. This is because they
probably have a different view than all the teams together. From sales out she is
trying to get new clients and if they are global clients they will be passed on to an
account manager. Based on this they try to make a standard. The business partner
will execute the made standard and based on this handle service and installation.
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Afterwards there is barely communication with the clients anymore, since this is
passed on to business partner and retailer. Every part of the world has different
standards making it harder to have a general standard, at least for now. In some
cases the installation of iSense is just a side-job for a business partner and their
largest part of income is from other systems unrelated to Nedap. Retailers only
complain at Nedap when it is too late for a business partner to fix and she often
goes to meetings with retailers (important ones). She asks here if they are happy
or not and often when the business partner is at the meeting they are more positive
compared to when the business partner is not at the meeting. She recommends
speaking with someone from Nedap who tags along at some installation of busi-
ness partners (important clients and in the beginning of a business partner), since
he can give more details to what is important for the business partner.

She says there is a huge difference in technical supports of business partners.
Some take responsibility for the system, which means that they perform well,
whereas others do not mind if a system does not work well. She says that some
business partner try to get the performance of the system is also based on the
amount of detection the system does. Some business partner push for really high
percentages making them detect problems more often, which can be a good thing.
She says business partners sell on expectation management, when a business part-
ner says the system will work 80% the retailer accepts this and then this standard
is fine. Which makes it harder to detect what is good and not, since this is not
stored. Every store should be treated equally according to her, specially from a
sales perspective. However contradicting this statement she says that the business
partner should focus on global clients, since these are very important for Nedap.
She says that by doing this the business partner also has advantage from Nedap,
since they are giving them clients and this happens a lot lately. She does not know
whether the system is working optimally and says that a dialog with a business
partner could prove useful to detect whether they can work with the system or see
massive failures that cause certain issues to be open longer.

A.1.6 Sixth interview

The sixth interview was with the sales guy in the US. He is a big believer of how
more problems the better the performance of a business partner. According to him
retailers are more satisfied with a business partner when they see mistakes being
solved and know that they are being valued. When no issues arise they tend to
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believe that something is wrong with the system or that the system is not installed
correctly. A big part is how to handle the solving of these issues, communication
is key here. He says first in, first out should be the system for business partners to
solve issues, however currently global clients will have priority due to importance.
He does say that for a scalable future this system needs to be first in, first out. He
says that store-size does not matter and each store should be equal. He adds
that interference is more common in some countries, which makes the location
of a business partner important. According to him the most important aspect of
performance is that they are true to their word and SLAs. He would not mind
business partners not communicating if they solve issues really fast, according
to him communication is important, but if they can solve issues a lot faster with
communication this should be the priority. A business partner would score bad if
the retailer feels under-valued. This could be caused by letting them know issues
are being resolved, while in practise this is not the case.

A.1.7 Seventh interview

The seventh interview was also with someone of the technical operations team.
We asked him to not discuss answers with his colleague in order to prevent bias.
According to him performance of a business partner is defined by the amount of
product they install for Nedap, the amount of times they ask questions and whether
these are repetitive or not and if they handle issues themselves or ask external
parties. Amount of installations is related to the amount of stores and questions
to the amount of tickets in FreshDesk. However the last aspect is immeasurable
according to him. A lot of the business partners are still used to the old systems
and not to I'T-centered applications, which is why he thinks they perform less.

When asked about culture he believes it definitely matters how the business part-
ner reacts to situations, however according to him it should not matter. A business
partners needs to perform at his best and meet the agreements he made with his
retailers. These agreements might differ a lot depending on the country. Business
partners also handle situation differently based on culture, in Europe they let sys-
tems escalate first before asking for help, in Asia they only say yes we can handle
it when they cannot and in the US they do not think out of the box.

He says that while some issues are not primarily the responsibility of the busi-
ness partner to solve, it is still important that if they are standing open too long a
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business partner should contact the retailer to solve these and if necessary assist
the retailer. For his team it is not relevant how the contact between retailer and
business partner is, as long as issues are being solved within reasonable time. He
says that in theory every retailer should be treated equally and that first in, first out
needs to be the technique. However in practise it really depends on the retailer,
some retailers do not mind slow servicing if they pay less, while others want to
pay the highest amount to have an up-time close to 100%. This depends on the
agreed upon SLAs. The general performance on handling issues is one of the most
important aspect according to him. He would rather see issues that are recurring
to be registered as one issue instead of multiple. How more pro-active a business
partner is the better and if business partners are not learning from their mistakes it
makes them bad.

A.1.8 Eighth interview

The eight interview was with an account manager of two large global clients of
Nedap. He started the interview by saying that the most important aspect of the
performance of a business partner is their knowledge level both on sales and tech-
nical. The technical aspect he defined here as the installation of the systems and
the after services on how they solve the issues that come up. He says that the level
of speaking English is a big part of the performance of a business partner. The
Nedap installation wizards are in English and if the technician does not under-
stand the wizard it will most likely not be installed correctly. When he looks at a
business partner he takes in account the amount of employees they have, so their
capacity to solve problems and install new systems. He says that the portal Nedap
has, offers a possibility to check the amount of technical staff that did e-learning,
which could be an indicator on how well their knowledge level is.

He strongly believes that each business partner should be scored equally no mat-
ter the location of the business partner. Performance is performance and even
though some factors are less important in certain regions. The size of a store
should not matter as every store is just as important. The same should go for
the global clients, however in practise most business partners will prioritize these
global clients. He says that the input Nedap is getting, is mainly from the global
clients since these are in straight communication with Nedap, where many local
stores only communicate with the business partner. He also says that communi-
cation is very important if not the most important aspect of the work of a business
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partner. When the retailer know their issues are being resolved they are satisfied
even if it might take longer. He also believes business partners prioritize flagship
stores, since these need to perform perfectly and are often the stores that complain
the most, where smaller stores from the same retailer might not complain.

A.1.9 Ninth interview

The ninth interview was with a fellow colleague from the services team. They
provide the infrastructure and systems that store the data that is used in this re-
search and also allow business partners and retailers to use their platforms for
information regarding the systems. When asked what defines the performance of
a business partner he says that from a technical level it is based on how well issues
are handled, how often the issues come up, how many gates are in a system and
how many devices which is influenced by the gates. According to him it does not
matter where the business partner is stationed as the systems do not change based
on the country. There might be different circumstances, but that is something the
business partner should have experience with coping. And he believes that every
retail store is just as important, the systems are similar in every store and the same
issues should appear in each store.

He says that a good performance is when a business partner is solving issues fast
and they do not come back. Issues should not appear in the first place and a good
installation of the system should help with not having issues. A bad performance
is defined by the opposite of this, issues that are not resolved for a long time or a
system that has a lot of issues. Issues that are not resolved for a long time indicate
that either the business partner has not seen the issues or cannot resolve the issues.
There is support available in case an issue is complicated, so there should be no
reason for issues that stand open for long. When asking more information about
the technical parts of the system he says that he agrees with technical operations
about the three categories that exist in the system, except that he disagrees with
the issues that are currently being placed in a certain category. He says that he
believes that store sizes do not matter, however for business partners they might,
but this should not affect the overall performance. He does not know if the amount
of customers has an impact on the issues that appear in the system, but could be
taken into account.
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A.1.10 Tenth interview

The tenth interview was with a member of the pre-sales team. The pre-sales team
is partially responsible for ensuring installation of systems goes well and if neces-
sary assist locally at the retailer. He says that for a business partner it is important
they know what their technicians need to do and what makes a good technician.
He says that environmental problems are very common and one of the main com-
plications of a technician. A technician cannot be good if the partner only has a
few stores, since it is something you learn over time and get better at every time.
He says that the trainings Nedap offer should be done at least every two years,
since it gives a business partner the required knowledge that they need. Shortly
before a large installation they have the option to a speed-course (as a conference
call) to be up to date on techniques for the installation.

A business partner need to have analytic insight, communicate with Nedap and
the retailer. A retailer always needs to be up to date on the state of the system
and how any problems will be tackled. Nedap never hears about problems with
local retailers, only the business partner hears about this. Main-technicians need a
significant higher knowledge level, since they give training to the local technicians
that assist the main-technician. A business partner treats every retailer differently,
since the income of every retailer is different and so are the requirements. Based
on these required a business partner is treated. He strongly believes that a global
retailer gets different treatment than a local retailer and a split should be really
suggested. He does say that there are some issues that are close to impossible to
solve by the business partner due to a fault in the system. These issues are still
reported in the issue table and in future need a system to not be included in the
model.
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