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Management Summary

The purpose of this exploratory study is to identify differences in the browsing
behaviour of prospective students and admitted students from Germany at the university of
Twente. The insights into the browsing behaviour are necessary to aid the marketing
department in understanding high potential leads and how they might be identified. Bachelor
and master students were analysed separately.

The study was carried out by adapting the KDD process of gaining knowledge and
then using the model together with a clustering technique. As a clustering technique the two-
step algorithm from SPSS modeler was used. Which is useful for larger datasets. The
analysed data is partially of categorical nature and partially quantitative. Additionally,
bachelor, master and prospective students were compared on how frequently they showed
certain browsing behaviours.

The findings of this study can be summarized as follows, for master students the E-
check is a core behaviour as most of the admitted master students have used it. For bachelor
students a core behaviour is asking questions via a webform. For prospective students these
behaviours were recorded less frequently. The results of the clustering are that six different
behaviours could be identified for admitted bachelor students and seven behaviours could be
identified for admitted master students. Regarding high potential leads only tendencies
towards certain behaviours could be identified.

The theoretical value of this study is that it contributes to understanding high potential
leads from Germany in a higher education setting. The study falls under the MSI research
priorities for 2018, specifically the priority of capturing information to fuel growth. The study
contributes to the topic of recognizing people anonymously online. The contribution here is
on identifying the characteristics on which a certain type of person can be identified as a high
potential lead. Furthermore, this study contributes to the evaluation of the potential of leads,
by analysing their browsing behaviour.

The practical value of this study lies in the study providing insights into the browsing
behaviour of prospective students and admitted students from the university of Twente. These
are therefore of value for the marketing department of the university of Twente in
understanding the online audience. Furthermore, this study can be of value to organizations
who want to analyse the browsing behaviour of leads, by showing that it is unlikely to find a
single behavioural pattern for high potential leads.

Keywords: Cluster analysis, Behavioural Targeting, Higher Education, Online Marketing, Behavioural
Profiles
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1 Introduction

Starting from 1995 when Amazon started their online business (Thomas, 2015) and the
commercialization of the internet began, the need for online marketing arose. Online marketing
gave marketers the option to specifically target advertisements to certain people, this was
previously not possible through the mass media television and radio. In the year 2017 the total
online advertising revenues for the US were $88 Billion which marks a steep increase by 21.4%
compared to the year 2016 (IAB 2017). The global spending on digital advertising in 2017 was
around $232 Billion according to eMarketer (2018) This shows that online advertising has
become important for companies and organizations. The IAB identify several categories of
companies that engage in online advertising that range from retail to media related companies.
Online advertising is not only used by companies, but also by organisations to voice themselves
or by universities to attract students. Online advertisements can take many different forms, from
banner displays and videos to audio advertisements used by music streaming portals (IAB
2017). To improve the effectiveness of online advertising, behavioural targeting practices are
used which according to Lu et.al (2015) yield a conversion rate which is twice as high as for
untargeted advertisements. Conversion rate percentage of people who interact in the desired
way with an advertisement, for example registering at a website or buying a certain product. In
addition to targeted advertisements being more effective, Goldfarb & Tucker (2011) found that
traditional advertisements tend to be ignored. According to Ryan & Jones (2012) it becomes
easier for online users to filter out irrelevant information which further stresses the need for
meaningful advertisements. Online behavioural targeting was described by Mathews-Hunt
(2016) as the collection of online browsing data and assigning the data to interest categories.
The data is collected through cookies that are installed on the users browsing device (Jaworska
& Sydow, 2008) To analyse the large amounts of data, algorithms are used (Wang et.al, 2017).
A frequently used data analysis technique for user segmentation is clustering, where the data
entries are grouped in clusters according to their browsing behaviour (Cho et.al, 2005). This
enables marketers to identify high potential leads certain groups of people who have a chance
of becoming a customer.

The context of this study is a higher education setting, where the data is provided by the
marketing department of a Dutch university, namely the University of Twente. In a broader
sense the study falls under the MSI research priorities from 2018 (MSI 2018). Specifically, the
fourth research priority of capturing information to fuel growth. As this study is about analysing
the browsing behaviour of admitted students and prospective students it utilizes the technology
to digitally track leads. This is part of the topic of recognizing people anonymously online,
which is in the case of this study the identification of high potential leads based on the browsing
behaviour. Regarding the available literature on the generation of leads, it can be said that there
is a lack of literature focussing on the evaluation of leads, as to what their potential is. Biwott
(2017) discusses several strategies on how to generate leads, the same goes for (Devyatkova &
Ksenia, 2017). For example, through social media. These studies focus mainly on the business
to business setting. Niemi (2017) states that the generation of leads is mostly done without using
a framework, but rather by guessing what leads might be promising. This translates into a
knowledge gap on how to evaluate the potential of leads. This study contributes to filling the
gap through the analysis of leads regarding their browsing behaviour in a higher education
setting.



As the university has an international orientation many students come from different
foreign countries. As students from Germany make up the largest group of foreign students
(University of Twente Statistics, 2018), this study will focus on prospective students and
admitted students from Germany. This study is of value to the University of Twente as it aims
at providing insights that help to identify the information needs of prospective students.
Particularly which information a prospective student may need to apply to the university. This
can be used to find out if it is possible to distinguish high potential leads from other prospective
students. Admitted students are classified as former high potential leads for this study. High
potential leads are leads which fit the target group of the university and which can be identified
through their behaviour (Carroll, 2006). The following research question and sub questions will
be answered by this study.

Research Question: How can the differences and similarities in browsing behaviours of
prospective students and admitted students from Germany be characterized

Sub Question 1: Which browsing behaviours are found for admitted bachelor students?
Sub Question 2: Which browsing behaviours are found for admitted master students?
Sub Question 3: Which browsing behaviours are found for prospective students?

These three sub questions are designed to first find out which behaviours admitted
students and prospective students show. They will therefore establish the basis for the
comparison from which the differences will be deducted.

Sub Question 4: Which behavioural browsing patterns characterize a high potential lead?

The fourth sub question focusses on high potential leads, as mentioned before admitted
students are viewed for this study as former high potential leads. The difference between this
sub question and the first is that the focus lies on the different patterns of browsing behaviours
and what the browsing behaviour of a high potential lead may look like.

The browsing behaviour consists of different factors regarding the different activities
that were performed by the prospective students and admitted students. To give a few examples
the behavioural activities range from educational brochure requests to the completion of an E-
check on the eligibility of the prospect for the program. Alongside these activities website
metrics as the number of pageviews and the source of the prospect are used. The analysis carried
out for this thesis if of exploratory nature and is limited to the data made available by the
marketing department of the University of Twente.

2 Literature Review

Online behavioural targeting can be defined as the process of identifying behavioural
patterns of customers based on the previous online browsing behaviour and using the identified
patterns to fit advertisements and products to the customer (Mathews-Hunt, 2016).
Advertisements specifically targeted using behavioural targeting have a conversion rate which
is almost twice as high as for traditional online advertisements (Lu et.al, 2015). Goldfarb &
Tucker (2011) mention that information that is not meaningful to the customer will be ignored
if the customer is presented with the information multiple times. According to Truong &
McColl (2010) advertisements that are provided at the correct time and which convey
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meaningful information might be perceived as an added service and not as an annoyance.
Behavioural targeting according to Yan et.al (2009) provides higher conversion rates, due to
people with the same browsing behaviour being more likely to click on the same advertisement.
This translates into the need of grouping similar patterns of browsing behaviour. These patterns
can be used to attract new customers, to build customer loyalty and to boost sales (Alreck &
Settle, 2007). Pucinelli et.al (2009) mention that it is important for companies to know how and
why customers select certain products. The how component can be addressed by behavioural
targeting through the analysis of the browsing behaviour of customers. The data needed for
behavioural targeting is collected by installing cookies on the device of the user (Jaworska &
Sydow, 2008). The cookies collect what the user does, which pages are visited and how many
are visited, also in what order. Cookies are mostly from third party companies that carry out the
data mining and analysis (Pierson & Heyman, 2011). Yan et.al (2009) state that the search
behaviour of customers is the most important factor for behavioural targeting followed by the
onsite behaviour. Carascosa et.al (2015) add that the search behaviour of the customer and the
onsite behaviour are the core information needed to effectively target advertisements. A
frequently used way for companies to retrieve the information is with the use of Google
Analytics, which is free to use, where website metrics and information on each visitor can be
exported (Ali et.al, 2014). The outcome of the data collection are big data bases where
everything on the browsing behaviour of every website visitor is stored.

Based on the definition from (Mathews-Hunt, 2016) and the prior mentioned literature
the definition of behavioural targeting used for this study is: Behavioural targeting is the
identification of the needs of customers through analysing their browsing behaviour and fitting
online advertisements to these needs. The identification of needs in the case of a university
regarding prospective students, is the need for specific information rather than specific
products.

2.1 Behavioural Profiles

User segmentation has the goal of grouping users to gain insights into natural
groupings and by that find marketing opportunities. From the collected data, a behavioural
profile can be created for each website visitor or profiles for groups of visitors, that share a
similar behaviour. Feddaoui et.al (2018) state that user profiles, which include all relevant
information on the behaviour of the user are the best way to ensure that advertisements are
well targeted. There are two types of user profiles, one where the users themselves state their
preferences and provide the necessary information and the other where the information are
collected by data mining (Bozdag, 2013). Behavioural profiles contain information about the
previous browsing behaviour, about the shopping behaviour as well as information about how
someone entered the website. Carascosa et.al (2015) mention that at least the search behaviour
and onsite behaviour of a customer is needed to target advertisements. Therefore, these are the
most important information that must be collected to create a behavioural profile. To get from
the raw data to user profiles the literature mentions several ways that revolve around data
analysis and data mining (Wang et.al, 2017). Cho et.al (2005) mention clustering as a useful
method of data analysis for large data sets.

Based on the literature the search behaviour and the onsite behaviour are analysed in
this study. Namely what the admitted students or prospective students has done on the website
and from which source. As mentioned above, clustering will be used to reveal patterns in the
data.



2.2 Clustering

Cluster analysis is a frequently used technique for customer segmentation. (Punj &
Stewart, 1983). Clustering aims at showing the natural grouping of the data points. (Jain, 2009).
Cluster groupings are based on how similar the browsing behaviours are (Jain et.al, 1999).
Clustering is applicable for behavioural targeting as it allows the marketer to quickly analyse
large data sets (Yao et.al, 2010). There are two major groups of clustering algorithms (Hair
et.al, 2014). Hierarchical clustering algorithms require no a priori definition of the number of
clusters and each data point starts as their own cluster (Heller et.al, 2005). The algorithm then
merges clusters until only one is left (Hair et.al, 2014). Non-hierarchical clustering requires an
a priori definition of the number of target clusters and the browsing behaviours are grouped
around the predefined seeds (Hair et.al, 2014). An example of a non-hierarchical clustering
algorithm is K-means clustering, where the browsing behaviours are clustered around their
means (Wagstaff et.al, 2001). For hierarchical clustering example techniques are the ward
method and the nearest neighbour method, where the clusters are formed based on the distance
between the data points. (Hair et.al, 2014). Johnson (1967) describe hierarchical clustering as a
frequently used method for identifying patterns. In 2005 Heller et.al mentioned hierarchical
clustering still as one of the most frequently used methods. The problem with hierarchical
clustering algorithms is that they take significantly longer when applied on large data sets and
are therefore not recommended for the use on large data set. Non-hierarchical clustering
algorithms as for example K-means clustering can be used for large data sets. There are
combinations of hierarchical and non-hierarchical algorithms which allow large data sets to be
clustered without requiring an a priori definition of the number of clusters. An example of such
a technique is the two-step clustering algorithm from SPSS modeler (IBM, 2018). Here a single
pass of a non-hierarchical clustering algorithm is performed first, which clusters the browsing
behaviours into many groups. Afterwards a hierarchical clustering algorithm clusters the groups
created by the first algorithm into the final number of clusters (IBM, 2018). The single pass is
done using K-means clustering and was developed to be able to quickly cluster large data sets
(Strehl & Ghosh, 2002). The combination of the two methods is usually to have a fast clustering
algorithm for large data sets. (Strehl & Ghosh, 2002).

Fayyad et.al (1996) developed a model which can be used for data mining. The KDD process
covers the steps from the selection of data to the interpretation and evaluation of the results.
The original model covers five steps for this study the model has been adapted and reduced to
four steps, where as the second step is a combination of the second and third step from the
original model (See Figure 1). The KDD process has been adapted multiple times for different
studies and has been used in combination with clustering (Srivastava et.al, 1999)

Data Mining Interpretation and

Data Selection Data Pre-Processing
¢ ¢ Evaluation

and Transformation ¢

Figure 1 Steps of the KDD-process. Adapted from “The KDD Process for Extracting Useful Knowledge from
Volumes of Data” by U. Fayyad, et.al, 1996, COMMUNICATIONS OF THE ACM, 39(11), 27-34. Copyright 1996
by the ACM



3 Methodology

The methodology section covers the steps that were mentioned above in the adapted
KDD process and provides an overview of the data set and variables. The Study is of
exploratory nature and is carried out using a quantitative data analysis technique, namely
clustering.

3.1 Data and Data Selection

The first step is to select the data that should be analysed by taking a selection from the
whole data. The data for this study is made available by the marketing department of the
University of Twente. The CRM data is made available and access to the Google Analytics
account of the University of Twente is granted. The CRM data covers the timespan from the 1
of January 2016 to the 31% of December 2017. This is the timespan which will be applied for
all data sets and the extracted data from Google Analytics. The CRM data contains information
about what activities prospective students have done and what their interest programs are.
Furthermore, data on admitted students is provided to see who is admitted. A list of the
information sources and Google Analytics variables is provided below.

Information Sources Google Analytics Variables
- E-check - Total number of Pageviews
- E-check eligibility - Total number of Sessions
- PDF download - Total number of Events
- FAQ - Source Direct
- Brochure request - Source E-mail
- Open day application - Source Organic
- Questions via webform - Source Referral

- Source Print
- Managed CTA-Display
- Managed CTA- Click

The extracted Google Analytics data contain information on the source of the
prospective students and on the how often the university websites have been visited, an
overview of the recorded variables can be seen below this paragraph. The whole data set
contains admitted students and prospective students from many different countries and is
therefore relatively large. To make the analysis more meaningful for the university this study
will focus on admitted students and prospective students from Germany as German students
make up the largest group of foreign students (UT statistics). A distinction by faculty or study
program will not be made as the ratio of admitted students to prospects is very low and the
program of interest does not necessarily have to be the program a prospect ultimately applies
for.

3.2 Data Pre-processing and Transformation

The second step of the adapted KDD process is the pre-processing of the data and the
transformation of the data. The first step here is to merge the different data sets. This was done
by using the WRDID a unique identifier that the university automatically assigns to each visitor
of the website. The WRDID also anonymizes the data sets as it is randomly created and contains
no demographic information. The CRM data set is then merged together with the data set that
contains all the information extracted from Google Analytics. For the analysis only, unique
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entries were used. During the transformation step the original variables from the CRM data are
transformed into binary variables where each entry is either yes or no, represented by 1 and 0.
This is only the case for the categorical variables as the clustering algorithm would not be able
to deal with raw categorical data, due to the lack of a natural metric order (Gibson et.al, 2000).
The third step is to divide the data set into Master and Bachelor entries, this is necessary as the
E-check is not available for prospects who are interested in a bachelor program. After these
steps have been completed the dependent variable is the admission status which has three
entries, namely student, dropout and not admitted. Dropouts will not be separately mentioned
in the analysis as the focus lies on admitted students and prospective students. There are 17
independent variables of which 14 are categorical and three are metric, for the bachelor related
data set the number of categorical variables goes down to 12 (See Table 1). The group of not
admitted students which consists of 2252 entries is added to both data sets as the program of
interest cannot accurately be determined. This results in the bachelor related data set being 2362
unique entries and, in the master, related data set 2288 unique entries.

Table 1 Independent Variable Types

Independent Variable Type

Question Via Webform Categorical
FAQ Categorical
Brochure download Categorical
E-check taken (M) Categorical
E-check eligible (M) Categorical
Open days Application Categorical
PDF download Categorical
Managed CTA-Display Categorical
Managed CTA-Click Categorical
Number of Pageviews Scale

Number of Sessions Scale

Number of Events Scale

Source Direct Categorical
Source Organic Categorical
Source Email Categorical
Source Referral Categorical
Source Print Categorical

Note M= Only for master students

3.3 Data Mining

The data mining is done using SPSS modeler. The algorithm used is the two-step
clustering algorithm, which combines a non-hierarchical k-means algorithm with a hierarchical
algorithm (IBM, 2018). Both data sets are fed to the algorithm and the admission status is set
as the target variable while the independent variables are set as input variables. The metric
variables are selected to be standardized before starting the clustering, this is done to make sure
that outliers do not distort the results. The selected options are the same for both data sets.
Regarding the specification of the number of clusters a few methods can be used (Kodinariya
et.al, 2013). The method used in this case to specify the number of clusters, is to run the
algorithm multiple times for different numbers of clusters and afterwards compare the silhouette
coefficients to identify the best clustering solution (Rousseuw, 1987). The Silhouette
Coefficient describes the uniqueness of the clusters regarding how much the data points within
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the clusters differ between the clusters (Rousseuw, 1987). Low values of the Silhouette
Coefficient indicate that the clusters overlap, and high values indicate that the data points lie
well in their clusters and that overlap is low or absent. Values closer to one indicate that the
data points lie well in their clusters, while values closer to zero or minus one indicate that the
data points are not lying well in their clusters (De Amorim & Hennig, 2016)

3.4 Interpretation and Evaluation

The last step of the adapted KDD process (Fayyad et.al, 1996) is the interpretation and
evaluation of the results from the clustering. For the evaluation the clusters need to be analysed
regarding their uniqueness to identify, how valid the results are (Rousseuw, 1987). This is done
by again looking at the results from the Silhouette Coefficients that were created by the
algorithm to identify the optimal number of clusters. The Silhouette Coefficient indicates how
well each data point lies in its cluster (Rousseuw, 1987). De Amorim & Hennig (2016) state
that the Silhouette Coefficient has been used in many experiments and has been performing
well. A low Silhouette Coefficient would be a limitation of this study as the clustering solution
could not be described as good and would therefore not yield satisfying results.

The interpretation of the results is done by analysing the clusters and additionally
looking into the percentages for each variable present in the cluster. The presence and absence
of variables builds the behavioural patterns for prospective students and admitted students.

4 Results

The results section presents the results for the first three sub questions. A section is
devoted to highlighting the most striking differences between prospective students and
admitted students. The most frequent behaviours are presented for master students, bachelor
students and prospective students.

4.1 Behaviours found for Admitted Bachelor Students

For the bachelor data the clustering solution with six clusters was chosen, the silhouette
coefficient for this clustering solution is 0.9 (See Appendix Table 5). The solution with six
clusters was chosen as the silhouette coefficient does not increase further with the number of
clusters and the clusters become very small. As the silhouette coefficient is close to one it
indicates that the data points lie well in their respective clusters. The clusters are named
according to the behaviour that is most frequently represented in the cluster (See Table 2). The
six clusters are the Master Interest cluster, the Brochure Request cluster, the Questions cluster,
the Source Organic cluster, the High Website usage cluster and the Open days and Multiple
Behaviours cluster.

The Master Interest cluster is defined by none of the variables for the bachelor data set
being present in that cluster. This is the result of many data entries having the E-check as only
recorded behaviour. As some of the bachelor students had as only behaviour the E-check the
not admitted students with only the E-check as behaviour have also been included in the
bachelor data set. The master interest cluster is the biggest cluster with a total of 1298 entries
of which 8 behaviours belong to admitted students.

The Brochure Request cluster is defined by the brochure request being the most
frequently recorded behaviour in this cluster. As all 427 entries in this cluster have a record for
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this behaviour. Some of the entries have also the behaviour question via webform. This cluster
is the second largest cluster and has small averages for sessions, pageview and events. 17 of the
427 entries are admitted students.

The Questions cluster exclusively contains entries that have records for the behaviour
question via webform. The cluster is the third largest with 310 entries in total of which 36 are
admitted students. This is the highest number of students of all the clusters and the second
highest percentage with 11.6%.

The Source Organic cluster is the fourth largest cluster with 201 entries in total. 180
entries have a record for the behaviour source organic. Alongside this behaviour, brochure
request and managed CTA-Display are frequently recorded behaviours. 14 of the entries are
admitted students and the entries in the cluster have on average one session and 12 pageviews
on the website of the university of Twente. They also have on average completed one event on
the website.

The High Website Usage cluster is the smallest cluster with only 23 entries in total. 3
of the entries are admitted students, this is the highest percentage of admitted students per
cluster with 13%. The cluster has the highest averages for number of sessions, number of
pageviews and total events. 2.7 sessions have been recorded on average with 58 pageviews.
Almost 17 events have been recorded on average for the entries of this cluster.

The Open Days and Multiple Behaviours cluster has 111 entries, which makes it the
second smallest cluster of the bachelor data set. The cluster contains 10 entries which are
admitted students. This is the only cluster where entries have the behaviour open days
application. Other than this the brochure request is the most frequently recorded behaviour and
almost all other behaviours, but PDF download and FAQ have been recorded for entries of this
cluster. This is also the only cluster where entries have records for source print, source direct
and CTA-click.

Table 2 Clusters for the Bachelor Data Set

Variable Master Brochure Questions Source High Open Days
Interest Request Organic Website Multiple

Usage Behaviours

Brochure Request 0 427 0 169 12 83
PDF Download 0 0 0 0 5 0
FAQ 0 0 0 0 3 0
Application Open Days 0 0 0 0 0 18
Question via Webform 0 24 310 30 10 19
Managed CTA-Display 0 0 0 63 2 18
Managed CTA-Click 0 0 0 0 0 19
Source Direct 0 0 0 0 0 28
Source E-mail 0 0 0 0 1 11
Source Print 0 0 0 0 0 15
Source Organic 0 0 0 180 10 18
Source Referral 0 0 0 0 10 27
Sessions (Average) 0 0.056 0 1.069 2.739 1.099
Pageviews (Average) 0 0.557 0 12.756 58.478 10.198
Events (Average) 0 0.056 0 1.547 16.956 1.819
Admitted Students 8 17 36 14 3 10
Number of Entries 1289 427 310 201 23 111




Figure 2 shows the percentages of each factor for admitted bachelor students. The most
frequently done activity is asking questions via webforms, this was done by 54% of the bachelor
students. 41% of the bachelor students request a brochure on the study program. PDF
downloads and FAQ visits with 2% and 0% respectively are seldomly used information sources
by bachelor students. Only 24 out of the 88 students have record for their source. The most
frequent source is organic, which means that most students came from various search engines
to the university websites. Call to action buttons are only displayed for 8% of the bachelor
students and only one student actually clicked on such a button.

Source Referral NN 5
Source Organic | NNNMNNMNHNNEMNHNHTNm, 17
Source Print 0
Source E-Mail lm 3
Source Direct [mm 2

Managed CtaClick W 1

Variable

Managed CTA Display | nummmummmm =
Question via Webforrm [ R 54
Application Open Days w3
FAQ 0
PDF Download mm 2

Brochure Request  NINNNETRHTEETETETE T T 41

0 10 20 30 40 50 60

Percent

Figure 2 Percentages for Bachelor Students (for corresponding table see Appendix Table 6)

4.2 Behaviours found for Admitted Master Students

For the master data the clustering solution with seven clusters was chosen, the silhouette
coefficient for this clustering solution is 0.8 (See Appendix Table 5). Even though the silhouette
coefficient is higher for 14 clusters the clustering solution does not become better due to the
clusters becoming very small. The value is close to one which indicates that the data points are
lying well in their respective clusters, even though the value is lower than for the bachelor
clusters it still indicates a strong clustering solution. The cluster were again named after the
behaviour that is most frequent in each cluster (See Table 3). The seven clusters are the Positive
E-check cluster, the Questions cluster, the Brochure Request cluster, the Negative E-check
cluster, the High Website Usage cluster, the Open Days and Print cluster and the Brochures and
Organic cluster.

The Positive E-check cluster has 421 entries of which 10 are admitted students. All
entries in this cluster have records for the behaviours E-check taken and E-check eligible.
Furthermore, some entries have records for requesting a brochure. The cluster is the second
largest cluster and has the highest number of admitted students of all master clusters.

The Questions cluster is the fourth largest cluster with 292 entries in total. 9 of the
entries are admitted students. All entries have records for the behaviour question via webform.
Also a few other behaviours were recorded for the entries of this cluster, namely brochure
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request, E-check taken and E-check eligible. The averages for the website metrics are small as
they are way below one.

The Brochure Request cluster is defined by all entries having a record for the behaviour
of requesting a brochure. The cluster is the third largest cluster with 369 entries in total. Only
2 of the entries are admitted students. Again, the averages for the website metrics have been
recorded but are very small.

The Negative E-check cluster is the biggest of the seven clusters with 892 entries. The
cluster is defined by all entries having records for the behaviour of taking the E-check, but none
has the record for E-check eligible. 7 of the entries are admitted students.

The High Website Usage cluster is the second smallest cluster with 71 entries in total,
of which 2 are admitted students. The cluster defined by having the highest averages for the
website metrics, namely sessions, pageviews and events. Additionally, the cluster contains
entries that have every behaviour recorded, but source print and application open days.

The Open Days and Print cluster is the smallest cluster with 56 entries in total, of which
3 are admitted students. The cluster is the only cluster where the entries have records for the
behaviours source print and application open days. Furthermore, the cluster has medium
averages for the website metrics with 1 session and 10 pageviews and 1.6 events on average.
46 of the entries have requested a brochure.

The Brochures and Organic cluster is the fifth largest cluster with 186 entries in total,
of which 2 are admitted students. 167 of the entries have a record for the behaviour source
organic and 158 have a record for requesting a brochure. The averages for the website metrics
of this cluster are a bit higher than for the open days and print cluster, with 1 session and 12
pageviews and 1.6 events.

Table 3 Clusters for the Master Data Set

Variable Positive Questions Brochure Negative High Open Days Brochures

E-check Request E-check Website and Print and Organic

Usage

Brochure Request 17 25 369 0 43 46 158
E-check Taken 421 72 21 892 24 19 37
E-check Eligible 421 34 0 0 15 6 10
PDF Download 0 0 0 0 0 0
FAQ 0 0 0 0 3 0 0
Application Open Days 0 0 0 0 17 0
Question via Webform 0 292 0 0 20 7 23
Managed CTA-Display 0 0 0 0 11 58
Managed CTA-Click 0 0 0 0 18 0 0
Source Direct 0 0 0 0 3 24 0
Source E-mail 0 0 0 0 9 0 0
Source Print 0 0 0 0 0 15 0
Source Organic 0 0 0 0 20 9 167
Source Referral 0 0 0 0 32 0 0
Sessions (Average) 0 0.007 0.063 0 1.633 1.07 1.075
Pageviews (Average) 0 0.074 0.665 0 27.74 10.339 12.472
Events (Average) 0 0.007 0.063 0 6.83 1.625 1.60
Admitted Students 10 9 2 7 2 3 2
Number of Entries 421 292 369 892 71 56 186
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Figure 3 shows the percentages of each factor for master students. The main difference
to the bachelor students is here that two additional factors come into play, namely the E-check
and the eligibility of the E-check. The data set contains 35 master students and 26 of them took
the E-check. Of these 26 students 15 had a positive E-check result. With 74% of the students
having done the E-check this is the most frequently used information source on the university
websites by master students. This is followed by the questions via webform, which 31% of the
students have done. In contrast to bachelor students, brochure requests were less frequently
used with 22% of students requesting a brochure. For only four master students a source was
recorded and again the most frequent source was the organic source. Other records for source
were done for the factor direct source. Again, PDF downloads and FAQ visits were not often
used by students as information sources. One master student downloaded a PDF, and none
visited the FAQ.

Source Referral | O
Source Organic |NNNNNNNN 9
Source Print 0
Source E-Mail 0
Source Direct |mm 3
Managed CTAClick | 0
Managed CTA Display mm 3

Variable

Question via Webform | IuNNNEERERHEEHTENHTTNmmm 2 1
Application Open Days | mmmmm 6
FAQ 0
PDF Download |mm 3

E-Check E|igib|E' i e

E-Check  nmmm NIRRT KRR R I 7 4

Brochure REqUE'St TR 2 2

0 10 20 30 40 50 60 70 80

Percent

Figure 3 Percentages for Master Students (for corresponding table see Appendix Table 7)

4.3 Behaviours found for Prospective Students

Figure 4 shows the percentages for prospective students. As the set of prospective
students has been combined with both the master and bachelor data sets, the table also contains
the two e-check variables. As for the master students, a high percentage of prospects have
completed the e-check. For master students the percentage eligibility is 20% higher than for
prospects. For brochure requests the percentage is with 28.9% higher than for master students
but lower than for bachelor students. PDF downloads and FAQ visits are also among prospects
not often used as information sources, both have a percentage of 0.1%. Open day applications
are less frequent among prospects than among bachelor or master students. Questions via a
webform have been asked by 14.7% of prospects this percentage is lower than the 31% for
master students and the 54% for bachelor students. A call to action button has been displayed
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for 3.3% of prospects which is a bit lower than the 8% for bachelor students, but the around the
same percentage as for master students. CTA-clicks are with less than 1% rare, which is also
the case for students. Regarding the source of prospects, the most frequent source are again
organic sources with 8.5%. Followed by source referral and source direct. This is roughly the
same for master students, but for bachelor students the percentage of organic sources is with
17% twice as high as for prospects.

Source Referral m 1,4
Source Oragnic | INENNNNEEEE S 5
Source Print m 0,7
Source E-Mail I 0,4
Source Direct m 1,2
Managed CTAClick [m 0,8
Managed CTA Display jmmm 3,3
Question Via Webform | 14,7

Variable

Application Open Days 1 0,7

FAQ | 0,1
PDF Download 0,1
E-Check Eligible |mummummmmmmmmmmmmmmmmmmmmmm 20,9
E-Check I D T R
Brochure Request | mNmNNNNENENNINHERTNINSINEEENENNNNNN 28,5
0,0 10,0 20,0 30,0 40,0 50,0 60,0 70,0
Percent

Figure 4 Percentages for Prospective Students (for corresponding table see Appendix Table 8)

4.4 Main Differences

Differences between prospects and students can be identified when looking at the
frequencies for the different factors (See Table 4). There are also differences between master
and bachelor students. The brochure request is less frequently used by master students, than by
prospects, however of the bachelor students around 13% more requested a brochure. For both
master students and prospects the percentage for the e-check is high with 64% of prospects
completing an e-check and 74% of master students doing so. The difference for having a
positive result of the e-check is even higher with 20.9% of the prospects having a positive e-
check, while 42% of master students got a positive result for the e-check. PDF downloads and
FAQ usage are both at 0.1% for prospects and around 1% for both master and bachelor students.
Due to the differences in sample sizes this is not a significant difference. For the application for
open days the difference between prospects and students is relatively big. 0.7% of prospects
applied for open days, while 6% of master students did so. For bachelor students 3% applied
for open days. For CTA-displays and CTA-click the differences are only marginal. Here the
only notable difference is that CTA-displays were recorded more often for bachelor students
than for prospects. The biggest difference between admitted students and prospective students
has been found foe the variable question via webform. 54% of the bachelor students and 31%
of the master students asked questions via a webform. This is a much higher percentage than
the 14,7% for prospective students. Regarding the source factors, the most frequently recorded
source are organic sources where prospects and master students have both around 8.5%. This
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doubles for bachelor students where 17% have a record for organic sources. The other sources
are below 1.5% for prospects and have their highest record for bachelor students with 5% for
source referral.

Table 4 Main Differences in Percentages between Bachelor, Master and Prospective Students

Variable Bachelor Students Master Students Prospective Students
Brochure Request 41% 22% 28,9%
Question via Webform 54% 31% 14,7%
E-Check N/A 74% 64%
E-Check Eligibility N/A 42% 20.9%
Application Open Days 3% 6% 0,7%
Source Organic 17% 9% 8,5%

5 Conclusions and Discussion

The results presented in the previous chapter will be discussed in this chapter. As the
research question states that this study aims at characterizing the differences and similarities
between prospective students and admitted students from Germany regarding their browsing
behaviour, this section outlines the differences and similarities and provide answers to the sub
questions.

The main differences are that a higher percentage of admitted students showed the
behaviours of requesting a brochure, asking questions via a webform, taking the check and
applying for open days. Furthermore, admitted master students have a higher percentage of
eligible E-checks then prospective students. A characteristic of the differences is that admitted
students have more recorded behaviours than prospective students. The similarities can be
characterized by saying that both data sets have similar clusters and by that similar browsing
patterns. The cluster Questions is present for both data sets. The same goes for the clusters
Brochure Request and High Website Usage. This shows that the same behaviours can be
identified for bachelor and master students. For the master data set two clusters are revolving
around the E-check. The Master Interest cluster from the bachelor data set is noteworthy, the
entries from that cluster are in the data set because they did the E-check, which is exclusively
for master studies. Interestingly some of the entries in that cluster still got admitted in a bachelor
study, even though they showed no other behaviour than completing the E-check. For each data
set a cluster was created which covers multiple behaviours, these clusters contain behaviours
that did not fit into any other cluster and can probably be split up into very small clusters. The
percentage of admitted students in these clusters, shows that having only one behaviour
recorded can lead to admission. As every cluster contains admitted students, it also shows that
multiple behaviours can lead to admission.

For admitted students and prospective students from Germany the most important
information sources are the education brochures which they can request and the questions they
can ask via webforms. For master students the E-check is added as a third major information
source, as it allows international students with a bachelor study degree to assess their eligibility
for a certain study program. Another finding is that FAQ and PDF download are not frequently
used by prospective students and admitted students alike. Most prospective students with an
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entry for their source come from organic search engine results, while e-mail, referral, direct and
print were not found very often.

Among admitted master students only 12% have an entry for their source and of these
three fourth come from organic search results. In other words, 75% of the admitted students
came first in touch with the university via organic searches. 27% of the admitted bachelor
students have an entry for their source and most of them have a record for source organic. A
study from 2014 has shown that for the educational sector 66% of the customers come from
organic search results (Marvin, 2014). This means that this distribution of source channels has
also been observed before.

5.1 Differences between Admitted Bachelor Students and Prospective Students

54% of the admitted bachelor students have a record for the behaviour of asking a
question via a webform. Therefore, it is no surprise that the cluster Questions contains more
admitted students than any other cluster. All entries in that cluster have asking a question via a
webform as the only recorded behaviour. This is interesting because it would be logical to
directly ask a question when the answer cannot be found anywhere else. This would for
example mean that first a brochure is requested and afterwards a question is asked. The
highest difference in percentages was recorded for the factor questions via webform. Only
14.7% of prospects asked questions via a webform, while 54% of admitted bachelor students
did so. Asking a question via a webform can be viewed as a crucial behaviour for around half
of the admitted bachelor students. A possible explanation could be that these students had a
higher interest in the study program and by that directly contacted the university.
Furthermore, the behaviour of asking questions via a webform is part of four of the six
clusters. Generally educational brochures provide a lot of valuable information. Therefore, it
is logical that 41% of the admitted bachelor students have requested them. Compared to the
28.9% of prospective students who have requested a brochure, this shows the tendency of
admitted students leaning towards showing behaviours through which they gather larger
amounts of information.

5.2 Differences between admitted Master Students and Prospective Students

For admitted master students the most important behaviour is taking the E-check,
which was recorded for 74% of the admitted master students. The result of the E-check seems
not to matter too much as only 42% of all admitted master students have received a positive
result for the E-check. From the clustering results two clusters are devoted to the E-check one
where the prospective students and admitted students with a positive E-check are grouped and
one where the prospective students and admitted students with a negative E-check are
grouped. The Negative E-check cluster is nearly twice as large as the positive E-check cluster
and less of the entries belong to admitted students. This is a counter argument to saying that
the result of the E-check is not as important as taking the E-check. On the other side a
negative E-check can be used by the student to reach the status of education where the student
becomes eligible for the study program. This does not necessarily result in the students taking
the E-check again when knowing that the necessary level of education is now reached. As for
the admitted bachelor students the percentage of asking a question via a webform is higher for
admitted master students than for prospective students. 31% of the admitted master students
and 14.7% of the prospective students have a record for this behaviour. By that asking a
question via a webform can be identified as the second most important behaviour among
admitted master students. This is confirmed by the Questions cluster having the second
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highest number of admitted students after the Positive E-check cluster. From the High
Website Usage clusters can be deducted that revisiting the website or visiting many different
pages is not a behaviour which can be attributed only to admitted students.

5.3 High Potential Leads

A high potential lead for a bachelor study could be classified by requesting a brochure
and asking a question via a webform. These two behaviours are the core of the behavioural
profile of a high potential lead. Additionally, the source of the lead is organic and an
application for the open days has been submitted. Even though these behaviours could define
a high potential lead they are no guarantee for the high potential lead to become an admitted
bachelor student.

A high potential lead for a master study could be classified by the following
behaviours. The lead would take the E-check and get a positive result. The source would be
organic, and the lead would request a brochure and ask a question via a webform. Again, an
application for the open days would round up the behavioural profile of a high potential lead.
Many of these behaviours can also be found in prospective students who are no high potential
leads, this makes the identification of high potential leads difficult.

This study shows that high potential leads are difficult to identify and characterize. As
it is only possible to speculate based on the comparison of admitted students and prospective
student which behaviours are key to characterizing a high potential lead. Regarding the
research priority of capturing information to fuel growth this study shows that it is difficult to
recognize a certain type of user online. As high potential leads can be defined by various
behavioural patterns it is difficult to identify a high potential lead and target it with fitting
advertisements. This study shows that the evaluation of the potential of leads through the
analysis of browsing behaviours is difficult as high potential leads show many different
behaviours.

5.4 Implications

This section provides assumptions from the study which are useful for the marketing
department of the University of Twente and for researchers. The high percentage of
prospective students and admitted students who asked questions via a webform hints at the
FAQ section not being optimal as many still have questions unanswered. Many prospective
and admitted students come from organic sources, which shows that they searched for the
University of Twente. An assumption for researches interested in classifying leads is that a
classification requires more data and that temporal data might provide better insights.

5.5 Privacy Concerns

The opportunity for marketers to automatically store large amounts of personal user
data has brought up calls for regulation and protection of personal data (Nill & Aalberts,
2014). A survey among British consumers from 2013 has resulted in 89% of the respondents
having concerns over online privacy, 60% reported having issues with companies sharing
personal data with third parties (Parsons, 2014). This translates into the need for users,
customers and lawmakers to know who stores what data and what is done with the personal
data. The General Data Protection Regulation (European Commission, 2018) was enforced
with the goal to regulate the gathering of data and to give the owners of the information more
power. So that they can decide who will store personal information. Therefore, it must be
mentioned that this study complies to the new privacy regulation of the European Union that
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was enforced on the 24" of May 2018 and was passed by the EU in 2016. The General Data
Protection Regulation (European Commission, 2018) states that the collection and processing
of personal data requires a legitimate reason. For the University of Twente, the legitimate
reason is that the storage and processing of the personal data of students is necessary to
provide all services to the students (University of Twente, 2018). On their websites the
University of Twente asks visitors to consent with the storage and processing of their personal
data, this is another legal reason for the University of Twente to use the personal data of
website visitors and students.

6 Limitations and Further Research

Limitations of this study are that the ratio of prospective students to admitted students
is very high and that this could have distorted the results. The data covers only two years and
the findings might vary when looking at a longer period. There, are with a high probability
factors besides the browsing behaviour which classify high potential leads, these were not
included in the scope of this study. The findings might be completely different for a data sample
from a different country, therefore the results of this study are not generalisable. As the data
was provided by the university of Twente the results can not be implied for other universities
as a study with their data could produce completely different results. Also for organizations
from a different context the results may vary as the higher education sector is different from a
retail environment or business to business setting.

For further research it might be interesting to find out whether these patterns also
manifest itself for prospective students from other countries. The data only covered a timeframe
from the 1% of January 2016 to 31 of December 2017, this means that other studies could focus
on a different period. Other research might also want to try and find patterns that lead to each
conversion goal on the university website. As the topic of dropout students has only been
mentioned very briefly in this thesis, there is the possibility to purely focus on dropout students
and explore why these students become dropouts and whether it is possible to distinguish
possible dropout students, before they dropout. Further research into the evaluation of the
potential of leads could be based on more factors than just the browsing behaviour.
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8 Appendix

Table 5 Silhouette Coefficient Values

Number of Clusters

Bachelor Silhouette

Master Silhouette

Coefficient Coefficient
2 0.5 0.4
3 0.4 0.3
4 0.5 0.5
5 0.5 0.5
6 0.9 0.6
7 0.9 0.8
8 0.9 0.8
10 0.9 0.8
14 0.9 0.9

Table 6 Percentages for Bachelor Students

Factor Percentage of Admitted Students
Brochure Request 41%
PDF Download 02%
FAQ 00%
Application Open Days 03%
Question via Webform 54%
Managed CTA Display 08%
Managed CTA Click 01%
Source Direct 02%
Source E-mail 03%
Source Print 00%
Source Organic 17%
Source Referral 05%
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Table 7 Percentages for Master Students
Factor

Percentage of Admitted Students

Brochure Request
E-Check

E-Check Eligible

PDF Download

FAQ

Application Open Days
Question via Webform
Managed CTA Display
Managed CTA Click
Source Direct

Source E-mail

Source Print

Source Organic

Source Referral

22%
T4%
42%
03%
00%
06%
31%
03%
00%
03%
00%
00%
09%
00%

Table 8 Percentages for Prospective Students

Factor Percentage of Prospective Students
Brochure Request 28.9%
E-Check 64.8%
E-Check Eligible 20.9%
PDF Download 0.1%
FAQ 0.1%
Application Open Days 0.7%
Question via Webform 14.7%
Managed CTA Display 3.3%
Managed CTA Click 0.8%
Source Direct 1.2%
Source E-mail 0.4%
Source Print 0.7%
Source Organic 8.5%
Source Referral 1.4%
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Summary of the Thesis:

Name Master Student: Rouven Schoppmann

Title Thesis: Data Mining in an Educational Setting: A Cluster Analysis of Browsing
Behaviour

Objective(s) or research Questions
1 What are the differences between admitted students and prospective students from Germany
in their browsing behavior?

2 Which browsing behaviours are found for admitted bachelor students?

3 Which browsing behaviours are found for admitted master students?

4 Which browsing behaviours are found for prospective students?

5 Which behavioural browsing patterns characterize a high potential lead?

Focus on students from: Germany
For Education: Bachelor and Master students

Main findings

1 Similar Patterns were found for bachelor and master students. 6 clusters for bachelor
students and 7 for master students, each contains a behavioural pattern. Bachelor students
request brochures and ask questions via a webform more often than Master students.
Prospective students request brochure more often than master students but use the E-check
less frequently. The result of the E-check shows that 42% of master students are eligible while
only 21% of prospective students are eligible. The most frequently recorded source are
organic sources, 17% of bachelor students have a record for this source the percentages for
master students and prospective students are 9% and 8.5%.

2 54% of bachelor students asked questions via a webform, 41% requested a brochure, 3%
applied for open days, 17% came from organic sources.

3 31% of master students asked questions via a webform, 22% requested a brochure, 74%
took the E-check, 42% had a positive result for the E-check, 6% applied for open days, 9%
came from organic sources.
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4 14.7% of prospective students asked questions via a webform, 28.9% requested a brochure,
64% took the E-check, 20.9% had a positive result for the E-check, 0.7% applied for open
days, 8.5 came from organic sources.

5 High potential leads are difficult to characterize. The cluster analysis shows that there are
several patterns that could be attributed to high potential leads. It can only be speculated that a
high potential lead for a master study requested a brochure, asked questions via a webform
and got a positive result for the E-check. The same goes for a high potential lead for a
bachelor study except that they cannot use the E-check. The leads would come from organic
sources.

Main managerial take-aways

For this case the classification of high potential leads is hardly possible based only on the
browsing behaviour. This makes it difficult to target advertisements. Many prospective
students and admitted students asked questions via a webform, however only a small
percentage visited the FAQ. As many admitted students and prospective students come from
organic sources it indicates that they were aware of the UT before accessing the website.

Main learning effects of the thesis for me

The main learning effects for me were that I learned a lot about digital marketing, specifically
about behavioural profiles, customer segmentation and lead generation. Also learning about
the different clustering methods was interesting.

Problems or negative aspects of the thesis for me
In hindsight a problem is that I did not learn how to use R but used SPSS modeler.

Also, another problem was that I tried to incorporate too many concepts at first as the scope of
the thesis was unclear to me.
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