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Abstract—This paper aims to investigate whether or not it is 

possible to identify users who are about change provider of service 
with machine learning. It is believed that the Consumer Decision 
Journey is a better model than traditional funnel models when it 
comes to depicting the processes which consumers go through, 
leading up to a purchase. Analytical and operational Customer 
Relationship Management are presented as possible fields where 
such implementations can be useful.  Based on previous studies, 
Random Forest and XGBoost were chosen as algorithms to be 
further evaluated because of its general high performance. The 
final results were produced by an iterative process which began 
with data processing followed by feature selection, training of 
model and testing the model. Literature review and unstructured 
and semi-structured interviews with the employer Growth 
Hackers Sthlm were also used as methods in a complementary 
fashion, with the purpose of gaining a wider perspective of the 
state-of-the-art of ML-implementations. The final results showed 
that Random Forest could identify the sought-after users (positive) 
while XGBoost was inferior to Random Forest in terms of 
distinguishing between positive and negative classes. An 
implementation of such model could support and benefit an 
organization’s customer acquisition operations. However, 
organizational prerequisites regarding the data infrastructure and 
the level of AI and machine learning integration in the 
organization’s culture are the most important ones and need to be 
considered before such implementations. 
 

Index Terms—Consumer decision journey, Customer 
acquisition Customer relationship management, Machine 
Learning, Organizational prerequisites, User activity, Random 
forest, XGBoost 
 

Sammanfattning—I det här arbetet undersöks huruvida det är 
möjligt att identifiera ett beteende bland användare som innebär 
att användaren snart ska byta tillhandahållare av tjänst med hjälp 
av maskininlärning. Målet är att kunna bidra till ett 
maskininlärningsverktyg i kundförvärvningssyfte, såsom 
analytical och operational Customer Relationship Management. 
Det sökta beteendet i rapporten utgår från modellen ”the 
Consumer Decision Journey”. I modellen beskrivs fyra faser där 
fas två innebär att konsumenten aktivt söker samt är mer 
mottaglig för information kring köpet. Genom tidigare studier och 
handledning av uppdragsgivare valdes algoritmerna Random 
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Forest och XGBoost som huvudsakliga algoritmer som skulle 
testas. Resultaten producerades genom en iterativ process. Det 
första steget var att städa data. Därefter valdes parametrar och 
viktades. Sedan testades algoritmerna mot testdata och 
utvärderades. Detta gjordes i loopar tills förbättringar endast var 
marginella. De slutliga resultaten visade att framförallt Random 
Forest kunde identifiera ett beteende som innebär att en 
användare är i fas 2, medan XGBoost presterade sämre när det 
kom till att urskilja bland positiva och negativa användare. Dock 
fångade XGBoost fler positiva användare än vad Random Forest 
gjorde. I syfte att undersöka de organisatoriska förutsättningarna 
för att implementera maskininlärning och AI gjordes 
litteraturstudier och uppdragsgivaren intervjuades kontinuerligt. 
De viktigaste förutsättningarna fastställdes till två kategorier, 
datainfrastruktur och hur väl AI och maskininlärning är 
integrerat i organisationens kultur. 
 

Nyckelord—Användaraktivitet, Consumer decision journey, 
Customer relationship management, Kundförvärv, 
Maskininlärning, Organisatoriska förutsättningar, Random 
forest, XGBoost 

I. INTRODUCTION 

HAT makes a consumer purchase a specific product? If 
the answer was simple, marketing as a field would be 

pointless. Marketing includes a vast range of operations with 
the sole purpose of promoting and selling. Operations which 
aim to influence every thinkable factor leading up to a purchase. 
The decision-process has, amongst others, in later years been 
depicted as a circular journey with four phases called The 
Consumer Decision Journey [1]. The four phases are: 
1) Initial-consideration set, the consumer has an initial set 

of considerations from brand perception and experience. 
2)  Active evaluation, the consumer evaluates and adds or 

subtract potential choices. 
3)  Moment of purchase, the purchase is done. 
4)  Post-purchase experience, after the purchase, the 

consumer acquires experience which will affect the next 
purchase journey. 

Within the loop there is another loop called the loyalty loop. A 
consumer may enter the loyalty loop after phase 4 which means 
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that the consumer skips phase 2 in the next iteration of the loop. 
An example of a loyalty loop in a decision journey could be a 
consumer who buys milk from the same brand every time 
without taking other available option into consideration. As one 
might see indirectly from this simple example, time between 
each decision journey as well as the length of time of each 
journey highly depends on the type of product. 

The duration of each decision journey tends to differ 
substantially between different types of products e.g. a TV and 
a pack of cereals. Much more time is spent researching and 
evaluating when buying a TV rather than a pack of cereals i.e. 
much more time is spent in phase 2. Likewise, if the time 
between each decision journey is a long period of time, e.g. a 
TV or a one-year subscription, there is a high possibility that a 
person is less or even not influenceable during a long period of 
time after the purchase compared to a pack of cereals. In other 
words, much more time is spent phase 4. An import aspect 
throughout the whole purchase journey and a crucial part in 
phase 4 is how customer relationships are handled in order to 
give the customer a positive perception and experience of the 
brand. A coherent flow of information within the organization 
and a systematic way of analyzing data from various sources is 
highly beneficial in order to organize and provide different 
functions of a business with insightful information to assist 
decision making. A way to clarify and visualize it is through 
Customer Relationship Management. 

Although Customer Relationship Management, short CRM, 
has been defined in a couple of slightly different ways, it is at 
its core a business philosophy which focuses on driving growth 
through managing business relationships with customers. The 
ambition is to acquire insight about ideal customer profiles, 
customer behaviors and customer needs. Ideally, an 
organization can use the insight to increase its revenue by 
identifying new opportunities, reducing missed opportunities, 
lowering the cost of customer acquisition and retaining 
customers [2]. A key factor to acquire the insight about 
customers is to analyze data generated through different 
customer interaction platforms in order to detect customer 
patterns. Through modern digital platforms such as a website or 
an app, a large amount of data is generated at a rapid pace. An 
amount which is increasing. Alongside the growing amount of 
data, modern technology has also made it possible for us to store 
enormous amounts of data and building the necessary 
infrastructure in order to manage the data. This progress in 
system design and the increasing necessity of methods capable 
of handling large amounts of data has taken the concept of 
Artificial Intelligence, short AI, a step closer to reality. 

The question whether or not computers can be programmed 
to learn from experience in order to improve its performance, 
has been around since the early days of the machines [3]. 
Machine Learning, short ML, can be seen as a subset or the 
current application of the broader concept of AI [4]. The field 
of ML focuses on developing software that can access data and 
use it to learn automatically in order to improve as its 
experience increases. Such automatization could be used 
beneficially in a vast variety of fields, which has made it 
relevant and interesting to a considerable number of various 

actors. Consequently, the expectations are colossal while the 
perception of AI and ML seems to differ greatly amongst 
interested parties and in many cases do not align with the 
general expectations. 

Each year, Gartner provides a graphical presentation called 
“Hype cycle” to represent the maturity, adoption and social 
application of specific technologies. ML has been placed in the 
category “Peak of inflated expectations” consecutively since 
2015 except 2018 where deep learning took its place [5]. “Peak 
of inflated expectations” is one the five key phases of a 
technology’s life cycle. The key phase “Peak of inflated 
expectations” is characterized by success stories which often 
overshadows the large number of failures [6]. Failures which 
often are a result of not fully understanding the required 
prerequisites and proper fields of application for the time being 
of the technology. 

A. Problematization and Purpose 
Our primary purpose with this paper is to investigate how 

accurate ML-algorithms can be used to identify a user who is in 
phase 2 in the decision journey. Secondly, we want to discuss 
and highlight that although ML is showing great potential, it is 
still in its early days of actual implementation. The lack of 
experience and the gap in perception of ML causes failures 
which could have been avoided by clarifying the prerequisites 
of ML-implementations. 
1) Goals and Contribution 

During the time of the pilot study it was noted that plenty of 
previous studies using ML to predict churning customers had 
been done. It is well-known that acquiring customers is more 
expensive than keeping an existing one. However, customer 
acquisition is still central in all organizations. Therefore, we 
want to provide a method which supports acquisition 
operations. 

Our goal is to contribute to a ML-tool which is suitable for 
analyzing user activity with the intention of providing functions 
like marketing and sales with information regarding acquisition 
opportunities. For clarification purposes we use CRM as a 
context. 

B. Research Questions 
The introduction and purpose accumulate into two research 
questions which this paper aims to answer. 

 Is it possible to identify users of an app who are in 
phase 2 in the Consumer Decision Journey using 
supervised-ML-algorithms? 
 

 Which are the organizational prerequisites in order to 
incorporate ML and AI in daily operations in an 
optimal and sustainable way? 

C. Scope and Limitations 
ML algorithms implemented in this paper will use user 

activity data from one digital source. This is on account of 
access of data. The data comes from an application where user 
actions within the app is registered. 
 The Consumer Decision Journey is primarily used to clarify 
which users we want to identify. It also lays the foundation of 
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the presumption that users identified as being in phase 2 are 
more susceptible to marketing operations. The user then 
proceeds on to phase 3 which can be distinguished from the 
data. This presumption is central in our goal. This paper aims 
to identify users in phase 2 and not the reasons why users enter 
phase 2. 

The answer to the research questions will be derived from 
our results from our ML method, findings and insights 
throughout the work process with consideration to previous 
studies and a qualitative interview with our employer. 

II. BACKGROUND 
This section aims to present how we will approach the 

general context by presenting our employer and describe the 
data which will be used. Also, to present our reasoning 
regarding The Consumer Decision Journey and CRM. With the 
purpose of clarifying why we chose them as a baseline for our 
implementation of ML-algorithms and investigation of the 
organizational prerequisites. 

How ML-algorithms have been used in similar purposes as 
ours will be presented in the next section, Literature Review. 

A. Consumer Behavior 
In marketing, moments where potential customers are the 

most influenceable have always been sought after. These 
moments, so called touch points, have been visualized through 
the years by various kinds of funnel models. Although funnel 
models have been modified in different ways to better suit the 
time being, the common property amongst funnel models is still 
that they describe the decision process as a linear process. 
Which is that consumers start with an initial consideration set 
and through marketing directed at them they methodically 
reduce the number of considerations until one is chosen. [1] 
 It can be argued that funnel models are not as useful as they 
once might have been. As they fail to fully incorporate the 
radical changes mainly caused by the digitalization. The 
number of products available has exploded since e-commerce 
became mainstream and consumers are increasingly discerning 
and well-informed through digital channels. It can also be 
argued that because of the way traditional funnel models are 
designed, they fail to capture that consumers might enter a 
decision process with the intent of buying a specific product 
already. Perhaps through a recommendation by an influencer or 
simply by experience. Also, the number of considerations does 
not necessarily decrease in a linear way as often depicted in 
funnel models. It can increase as well as consumers nowadays 
have easy access to information regarding options. Mouth-to-
mouth marketing, i.e. marketing through influencers, social 
media etc., has become a prominent way of marketing, 
increasing the importance of post-sales experience which often 
is overlooked or not included in traditional funnel models. 
 With no intention of claiming that The Consumer Decision 
Journey is a complete model, it does  reflect Consumer behavior 
in a more realistic and up-to-date way by incorporating the 
loyalty loop, highlighting the post-sales experience and through 
the circular process there are less incentives that consumers 
follows a linear process compared to funnel models. By 

highlighting the post-sales experience and incorporating the 
loyalty loop, it also highlights the importance of customer 
relations and the value of loyal customers. 

B. Customer Relations 
  CRM as an expression has been in use since the early 1990s. 
CRM has since then been interpreted in a couple of similar 
ways. Information technology firms have shown tendencies of 
using the term CRM to describe software that provide 
marketing, sales and service with information. Those with a 
managerial emphasis claim that CRM is an approach with the 
purpose of developing and maintaining good relationships with 
customers through various of methods, including technologies. 
Since there is no right or wrong, it can be said that CRM mainly 
takes three forms: strategic, operational and analytical. [7] 
 

 Strategic CRM is a customer-centric business strategy 
that focuses on developing and maintaining long-term 
relationships with the customers. 

 Operational CRM centers around automation of 
functions with direct contact with customers such as 
marketing, sales and service. 

 Analytical CRM is the process in which customer-
related data is analyzed and ideally, transformed into 
useful information for strategic purposes. 

 
This paper will focus on the analytical CRM since it is the 

form which is the most relevant given our purpose. While 
strategic CRM can be implemented by any organization who 
strives to become more customer centric, analytical CRM 
requires a large amount of analyzable data in order to 
implement. If data are missing, analytical CRM cannot be 
implemented. As the term Big Data has become increasingly 
relevant for many organizations in the recent years, so has 
analytical CRM which has become an essential part in many 
CRM implementations. Although CRM can be seen as different 
forms they can also be seen as different levels cf. micro, meso 
and macro, interacting with each other. For example, 
operational CRM might struggle without the support of 
analytical CRM. Operational and analytical CRM can provide 
on-time delivery of customers’ needs and customized solutions 
and offers for the customer. Increasing the possibility of 
customers entering the loyalty loop and creating long-term 
profit and value. [7] 

C. Growth Hackers Sthlm 
Our employer Growth Hackers Sthlm AB offer business to 

business consulting services concerning growth through digital 
means. Emphasizing growth through the approach of growth 
hacking. Growth hacking is a combination of creative 
marketing, data analysis and testing and programming and 
automation [8]. It is focusing on a wider range of activities than 
those pointed out in marketing funnels and the consumer 
decision journey. Activities such as activation of customer 
engagement, revenue through cross selling and retention of 
customers. Noticeable are the similarities between growth 
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hacking and adding together the consumer decision journey 
with operational CRM and analytical CRM. 
1) Data description 

The data are provided by Growth Hackers Sthlm and 
originates from a mobile application owned by another 
company. The users of the app are not necessarily a customer 
of this company. This can be compared to the free version of 
Spotify. The data contain user activity within the app and the 
user’s current provider of service, if the user has a provider. 
These properties of the dataset are central when trying to answer 
the primary research question. 

III. LITERATURE REVIEW 
In this section we will present previous works related and 

similar to our work. With the intention of presenting the state-
of-art and for comparison. 

A. Prerequisites and Pitfalls 
Even though expectations are high, few companies have 

actually incorporated AI. This is shown by a research conducted 
by Boston Consulting Group in 2017 where almost 85 percent 
of executives believe that AI will allow their companies to 
obtain or sustain competitive advantage. Although, only 18 
percent have incorporated AI in some processes and even fewer 
as of five percent have incorporated AI extensively. It is 
emphasized that one major difference between successful 
adopters and laggards is the approach to data in terms of 
misunderstandings. Misunderstandings such as that AI 
algorithms can be successful without sufficient data in the form 
of historical data and lack of data of past failed experiments 
which is needed to build an unbiased database to train on. 
Amongst pioneers it is common sense to highly value data 
infrastructure. Also noted is that data collection and preparation 
are the most time-consuming activities which also highlight the 
importance of data infrastructure. Much more time is spent 
collecting and preparing the data compared to selecting and 
tuning a model. It is also shown that pioneers amongst AI 
implementations develop AI-related skills internally through 
training and hiring in a larger extent than laggards and 
experimenters, who commonly outsource AI-related tasks. 
Another difference noted is the lack of basic understanding AI 
on executive and managerial levels and integration of AI in the 
culture of the organization. [9] 

Similar observations are shown in a case study of four 
technology-intensive organizations conducted in 2018 by Elin 
Clemmedsson [10]. The studied organizations were Cinnober, 
iZettle, Klarna and Telia. Reference [9] shows that there is a 
gap in trust for AI solutions within the company which is a 
cultural challenge according to Clemmedsson and also 
exemplified in [10]. Where it is stated that trust in ML and AI 
is not an issue at Klarna nor iZettle which both are highly data-
driven businesses. While the level of trust in ML and AI at Telia 
varies greatly internally. A possibly reason stated is the age 
differences and years within the company. Also in line with 
[12], is that data related issues such as collection, structuring, 
scattered sources of data and cleaning are the most common and 
hard ones to overcome. Further mentioned is the difficulty of 

finding the competence within ML and AI. At Telia it is noted 
that the way they are working with ML is with a team working 
as consultants implementing ML solutions in various of 
departments which may increase the common misconception 
ML working as magic by not transferring the knowledge. The 
opposite is seen at iZettle where continuous education of 
employees is made in order to increase the understanding of ML 
and AI. 

B.  Similar Previous Implementations 
By identifying users who are more likely to change service 

provider it is also, given the properties of the dataset, an 
indication of which of the users are more likely to churn, as in 
leaving their current service provider. Which makes previous 
works regarding predicting churning customers relevant for this 
paper. Plenty of studies have been conducted regarding churn 
prediction using ML-algorithms [11, 12, 13] in various of 
domains. A variety of ML-approaches have been tested and 
compared such as Decision Trees, Random Forest, boosted 
algorithms, SVMs and others. Ensemble approaches with the 
aim to improve prediction performance is also a common theme 
in previous works [11, 12]. In addition to comparisons and 
performance improvements, previous works also addressed the 
challenges that arises when there is class imbalance. This seems 
to be a common problem and can cause overfitting or 
unsatisfactory results. Another aspect that arises in studies 
regarding predicting churn using ML is defining the churning 
behavior. In [12] activating users are defined as users who uses 
the service of Spotify during a period of 30 days and if a user 
stops using the service after the same period of time, they are 
considered churning. 

As previous studies are also of the type classification 
problems, we chose supervised ML-algorithms [14] with regard 
to the previous works and guidance provided by Growth 
Hackers Sthlm. We primary focused on supervised ML-
algorithms such as Decision Tree, Random Forest and 
XGBoost. Noted in the results in [10] the choice of algorithm is 
not commonly a bigger issue when implementing ML.  

IV. THEORY 
This section presents relevant terminology and how the 

primary used algorithms works from a general perspective with 
regard to previous studies and Growth Hackers Sthlm. 

Relevant terminology: 
 Overfitting occurs when a function is overly fit to a 

limited dataset. Meaning that this type of error 
incorporates the inaccuracy of a dataset in an extensive 
degree. Causing the model to predict inaccurately with 
other datasets, thus reducing its usefulness 
significantly. 

 Noise in the context of data science is data that are not 
contributing to explaining the correlation between 
feature and class, thus considered to be meaningless. 
Even though some portion of the noisy data may be 
meaningful it is considered to be useless as the amount 
is relatively too small. 
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 Bias occurs when a model has limited flexibility 
because it tends to over-generalize and not focus on 
the training data due to erroneous assumptions and 
therefore underfit the data.  

 Variance indicates the sensitivity to noise. If the 
variance is high in a model, then it is indicating that 
the model is interpreting too much noise as meaningful 
data. As a result, the model overfits the data. There is 
often a tradeoff between bias and variance. 

A. Decision Trees 
Decision Trees are described as a decision support tool that 

uses a model with the resemblance of a tree to present decisions, 
possible consequences and the possibility of that particular 
outcome [11, 12]. A decision tree consists of a root which has 
no incoming edges, i.e. no incoming data from other nodes. All 
other nodes have exactly one incoming edge and if a node also 
has an outgoing edge, it is called a test or internal node. These 
internal nodes are where the input is evaluated by a discrete 
function before eventually sending it forward to another node. 
If a node does have an incoming edge but no outgoing edge, 
then it is called a leaf or decision node. Each leaf is representing 
one class that is most appropriate target value or present a 
probability vector indicating the probability of the attribute 
having a certain value. Hence, an instance is classified by the 
journey from the root down to a leaf. How the path is taken 
down the tree is decided by the internal nodes which can 
incorporate both nominal and numeric values. [15] 

It is mentioned in [13] that Decision Trees have difficulties 
when it comes to capturing complex and non-linear 
relationships between the features. However, depending on the 
form of data it can perform well in customer churn problems. 

B. Random Forest 
A Random Forest classifier is an ensemble of tree-like 

classifiers cf. Decision Trees. It was used in [11] to reason about 
the performance-interpretability tradeoff since Random Forest 
is expected to perform better than simpler but more 
interpretable methods such as Decision Trees. Random Forest 
was also used in [12] because it is known to reduce correlation 
between trees in an ensemble and not favoring certain features 
by not considering the strongest feature in most of the splits. 

The idea is that the combination of decision trees will 
improve the overall result. However, it does not just simply 
average the predictions generated by the trees. Firstly, each tree 
learns using a randomly selected sample of the input data. The 
samples are then bootstrapped, which means that samples are 
used multiple times in a single tree. Although this might cause 
a high level of variance in each tree, the idea is that the 
prediction of the Random Forest model will have a lower 
variance without increasing the bias. This process of generating 
parallel trees and training each tree on various of bootstrapped 
subsets of the input data and then averaging the results is known 
as bootstrap aggregating, short bagging. Secondly, is that only 
a subset of all the features are considered for splitting each node 
in each decision tree. However, all the features can be 
considered for splitting the node if it is desirable. [16] 

C. XGBoost 
XGBoost stands for eXtreme Gradient Boosting. It is an 

optimized and state-of-the-art implementation of ML-
algorithms under the gradient boosting framework and is an 
open-source library [17]. XGBoost was suggested by Growth 
Hackers Sthlm who stated that it has risen in popularity and 
often performs well. 

In boosting the trees are built sequentially unlike bagging 
where they are built parallelly. The goal with building the trees 
in a sequential manner is that each tree aims to reduce the errors 
of the previous tree. Boosting can be explained in simple term 
as an initial model F0 is defined. F0 is to predict Y and residuals 
is generated by Y minus F0 given the input vector. Another 
model h1 is fit to the residuals. Since the base learners are 
regression trees, h1 will also be a regression tree with the aim 
of reducing the residuals by computing the mean of the 
residuals. The next step is to combine F0 and h1 into F1. The 
loss function in this example is the squared mean error. The 
square mean error in F1 will be lower than the squared mean 
error from F0. This process continues for n number of iterations 
until acceptable residuals are reached. Gradient boosting is 
using gradient descent as optimization of the algorithm. 
Essentially, the model learns the gradient that it should take in 
order to reduce the errors. Which means that instead of fitting 
h1 on the residuals, it is fitted on the gradient of the loss 
function which makes the process presented in the example 
applicable across all loss functions. The difference is in other 
words that in the example of boosting, the mean residual at each 
leaf of a tree was predicted. While in gradient boosting the 
average gradient component is computed providing a guidance 
of which direction to take. [18] 

XGBoost provides parallel gradient boosting algorithms to 
solve problems and is faster in execution speed compared to 
other implementations of gradient boosting [17]. While 
performing accurately on classification and regression 
problems. 

V. METHOD 
In this section the methodology to answer the research 

question is presented.  The methodology can be divided into 
three main categories Literature review, our implementation of 
ML algorithms and conducting interviews with our employer.  

A. Literature Review 
Literature review as a method will be continuously used 

throughout the work process. Literature review is a necessity in 
order to gain knowledge about the state-of-art research and to 
gain insight about the common perception and gaps in 
perception of the relevant subjects. Also important are the 
insights and guidance literature review as a method provides in 
terms of how previous research was conducted. 

B. Implementation of ML Algorithms 
The process of implementing ML algorithm by itself can be  

further divided to sub processes with the purpose of presenting 
the method in a structured way. The subprocesses are: 
 

1. Data processing 
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2. Feature selection 
3. Model training 
4. Testing 

 
The subprocess formed a circular iterative process. 

1) Data Processing 
The data used this study had already been used in other 

projects and were therefore cleaned and of high quality which 
facilitated this part of the method. The data were transformed 
into right datatypes to fit in to the model and data points with 
missing fundamental values were removed. The data were then 
divided into time periods of 30 days. Different time periods 
were tested, and the results were most satisfactory between 20 
and 40 days. A 30-day period was then chosen because of its 
commonness as a time period to facilitate comparisons with 
other studies. Features were created by categorizing and 
summarizing data events from 30 days of data into different 
features. Each time period of 30 days for each user creates a 
datapoint. Users that had not generated enough data, so called 
“inactive” users, were removed to avoid creating noise for the 
algorithm as we cannot expect to find a correlation between 
inactive users’ behavior and class. The inactive users were 
defined based on two core activities in the application. 

The data points are classified as positive or negative based 
on whether the user of that data point changed provider of 
service two weeks or less after the 30-day time period. Data 
points that belongs to the positive class are users that after that 
time period changed provider of service while data points that 
belongs to the negative class are users that during after that time 
period did not change provider of service. Users that at some 
point changed provider of service are called positive users and 
users that have not (yet) changed provider of service are called 
negative users. The data were then divided into training and test 
data in the ratio of 80/20 respectively. 
2) Feature Selection 

Backward elimination was used when selecting features. 
Which is one of the most widely used methods to select 
features. The first step is to select a significance level, for 
example 0.01, which we changed from time to time. Secondly, 
we trained the model using all of the features. If the significance 
value of a feature was below the significance level, then it was 
removed in the next iteration. The significance levels were 
shown using the python libraries such as Pandas and SciKit 
Learn. 
3) Model Training 

The model Random Forest was implemented using SciKit 
Learn library which is state-of-the-art package for machine 
learning implementation and one of the most commonly used. 
Hyper parameters such as learning rate, number of estimators 
and sample weights used for balancing were changed after 
every testing iteration. 
4) Testing 

The training data were used for training and testing with k-
fold tests with k = 5. When feature selection and hyper 
parameters were optimized the iteration process ended, and the 
algorithms were fitted to the whole training dataset and then 
tested on the validation dataset in two ways. First a normal 
accuracy test resulting in a confusion matrix and ROC/AUC 

metrics. Secondly running the algorithm over 400 randomly 
selected users all time periods to examine how the probability 
of being classified changes over different time periods on the 
same user. 

The confusion matrix is used to evaluate the predictions 
made by our classification ML-model on the validation data. 
The matrix is a two by two matrix with four different 
combinations of predicted values and actual values. Values 
which are predicted to be positive are either true positives (TP), 
i.e. the predicted value is true and so is the actual value, or false 
positives (FP). Similarly, predicted values which are negative 
are either false negatives (FN) or true negatives (TN). This is 
demonstrated in fig. 1. [19] 

 
Fig. 1.  The Confusion Matrix 

 The confusion matrix sets the foundation for further 
calculations of various performance measurements. Such as 
accuracy, recall, precision and the F-score. Each measurement 
presents some kind of insight regarding the performance of the 
model. 
 Accuracy (1) gives an overall idea of how the model is 
performing. However, it can be misleading if the number of 
positives or negatives is considerable higher or lower than the 
other, i.e. if the dataset is unbalanced. Precision (2) is used to 
measure how much right is the model when it predicts a value 
as positive. Recall (3) as measurement gives an idea of the 
model’s ability to find positive values in a dataset. Specificity 
(4) shows the percentage of correctly predicted negative values 
out of the total number of negative values. The false positive 
rate (FPR) is the rate of falsely predicted positives out of all 
negative values. [20] 
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= 1 − = ÷ ( + )    ( 5 ) 

Recall and precision can be combined to the F1 score. Which 
is the harmonic mean of precision and recall. The F1 score is 

 
 

TP 

 
 

FP 

 
 

FN 

 
 

TN 
 

 

Actual Values 

Pr
ed

ic
te

d 
V

al
ue

s 
 

Positive Negative 

N
eg

at
iv

e 
  

Po
si

tiv
e 

  



 
 

7 

used as an alternate way of measuring the model’s accuracy. 
Worth mentioning is that depending on the model’s purpose, 
recall or precision may be emphasized with little or no regard 
to whether if it is at the expense of the other. Making the F1 
score not the best suited measurement if that is the case unless 
it is weighted toward either recall or precision. [20] 

 
1 = 2 ∙ ∙ ÷ ( + )  ( 6 ) 

5) ROC curve and AUC 
The Receiver Operating Characteristic curve, short ROC 

curve, is the graph plotted against recall (1) on the y-axis and 
FPR (5) on the x-axis. It is a performance measurement for 
classification problems at various thresholds settings. 
Accompanying the ROC curve is the Area Under the ROC 
Curve measurement, short AUC. Which presents the model’s 
capability to distinguish between positive and negative classes. 
The further away the AUC is from 0.5 the better. If the model’s 
AUC is one it means that it can perfectly distinguish between 
positive and negative classes. Also, if the AUC is zero it means 
that the model is perfectly predicting positive classes as 
negative and vice versa. However, if the AUC is 0.5 then the 
model is not capable of distinguishing between positive and 
negative classes. The AUC is, unlike accuracy, useful when 
there is an imbalance between classes. [21] 

C. Employer Interviews 
Growth Hackers Sthlm works with various of companies 

who seek assistance in achieving certain goals [22]. Growth 
Hackers Sthlm focuses on digital growth which allows them 
access to a portion of data from different companies. It provides 
them with insights regarding the level of digitalization of the 
companies and how companies handle data. Since we were 
allowed to work at their office every week, we could regularly 
have discussions and ask questions regarding organizational 
prerequisites, differences in perception of ML and common 
pitfalls. 

The interviewees were the CTO and the two founders of 
Growth Hackers Sthlm. The types of interview that were 
conducted were of unstructured and semi-structured types. The 
idea with this approach was to let the interviewee dictate the 
direction and mention whatever comes to mind. Further 
questions were asked when it was necessary for clarification or 
out of curiosity. This kind of approach is suited when 
conducting a qualitative interview in search of understanding 
the perspective of the interviewee [23]. Semi-structured 
interviews were conducted at two occasions, one at the 
beginning of the employment and one at the end. While 
unstructured were conducted several throughout the working 
process as. Notes were taken during all interviews in order to 
assess it later and to see if opinions changed and if so, why. 

VI. RESULTS 
Results from the tests and findings from the interviews and 

literature review will be presented in this section. 

A. The Confusion Matrices and Performance Metrics 
 

 
Fig. 2.  The Confusion Matrix of the final test of Random Forest. The total 
number of tested values is 2257. 

 
Fig. 3.  The Confusion Matrix of the final test of XGBoost. The total number 
of tested values is 2257. 

Using the values from the confusion matrices performance 
metrics could be calculated according to (1), (2), (3) and (6) as 
shown in Table I. The AUC is calculated during testing using 
the scikit-package. The ROC curve is also generated by the 
scikit-package during testing. 

TABLE  I 
PERFORMANCE METRICS CALCULATED FROM THE CONFUSION MATRICES 

Metric Random Forest XGBoost 
Accuracy 0.8400 0.8325 
Precision 0.9058 0.6278 

Recall 0.3727 0.5691 
F1 Score 0.5281 0.5970 

AUC 0.8843 0.8447 
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Fig. 4.  The ROC curve for Random Forest. Recall is on the y-axis and the FPR 
is on the x-axis. 

 
Fig. 5.  The ROC curve for XGBoost. Recall is on the y-axis and the FPR is on 
the x-axis. 

As shown in Table I accuracy, precision and AUC are higher 
using Random Forest while recall and F1 score are higher when 
using XGBoost. A higher value of recall and lower value of 
precision as exhibited by XGBoost and shown in fig. 3, means 
that the algorithm is able to identify a higher number of true 
positives. However, the number of false positives increases as 
well. On the other end, Random Forest is showing a higher 
precision but a lower recall which means that it is able to 
identify true positives at a higher rate amongst predicted 
positives. However, Random Forest tends to classify positives 
as negatives at a higher rate than XGBoost. 

The AUC is slightly higher when using Random Forest. The 
AUC indicates the ability of the algorithm to distinguish 
between positive and negative classes. 

B. Correlation Between User Activity and Classifications 
In order to further investigate whether there is a correlation 

between user activity and positive or negative classes heat maps 
were made based on predictions made by Random Forest and 
XGBoost. The fuller the color is, the more users are centered at 
that probability during a given week. In fig. 6 week 0 represents 

the time where the last activity of a negative user was registered. 
In fig. 7 week 0 represents the time where a positive user 
changed provider of service. Higher probability means that a 
user is more likely to be classified as a positive class. If the 
probability is higher than 0.5 then the user will be predicted as 
positive. The average probability line in fig. 6 and fig 7 
represent the average probability of positive prediction at a 
given week. 

 

 
Fig. 6.  a) is generated by XGBoost and b) is generated by Random Forest. The 
heat maps are showing the probability of true negatives users being predicted 
as negatives during a span of 20 weeks. 

Fig. 6 and the average probability lines indicate that true 
negative users are classified as the negative class during the 
majority of the 20 weeks. Although Random Forest is showing 
a more distinct classification of the negative values as the 
variance is not as significant as in XGBoost. 
 

 
Fig. 7.  The heat map b) is generated by Random Forest and a) is generated by 
XGBoost. The heat maps are showing the probability of true positive users 
being classified as positive during a span of 20 weeks. 

Fig. 7 shows that the probability of true positives being 
classified as positives rises two to three weeks before actually 
changing provider of service. This can be interpreted as that a 
user is in phase 2 in the Consumer Decision Journey during that 
time. This is more distinct in fig. 7 b) where Random Forest 
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classifies users as negative until about two to three weeks. 
While the heat map in fig. 7 a), which is generated by XGBoost, 
shows that users are more scattered along the y-axis. Resulting 
in that the average is centered around the probability of 0.5. 

C. Results Regarding Organizational Prerequisites 
Similar remarks regarding common pitfalls and necessary 

prerequisites were identified from the literature review. It was 
noted in [13] that although overfitting, wrong feature selection 
and inappropriate algorithm selection are seen as common 
pitfalls the severity is of considerably lower degree compared 
to others. Also, since we are focusing on organizational 
prerequisites no further comparison or investigation was 
conducted in that matter. 

Two primary types of organizational prerequisites were 
identified throughout the work process. The two types were: 

 Infrastructural – Handling data 
 Integrational – differences within the organization 

1) Infrastructural 
Bad structure of data, data on the wrong form and difficulties 

to efficiently access data were reoccurring topics when 
conducting the literature review. This was further confirmed by 
the interviewees who encountered this kind of problem 
regularly when working with different companies. This kind of 
problems has its root in data handling processes which is tightly 
intertwined with the data management infrastructure. This 
includes the initial form of data when data are generated, how 
data are stored and how data are accessed. Data as resource are 
essential for ML-implementations. The amount as well as the 
quality are important factors which a well-developed data 
infrastructure lays the foundation for. 

Data infrastructure is therefore one of the most important 
organizational prerequisites. 
2) Integrational 

As seen in [12] a majority of executives believe that AI will 
benefit their companies. However, only a small portion of the 
companies had actually implemented AI. The underlying cause 
seems to be misunderstandings between different levels of the 
company and differences in perception of AI and ML. Although 
a large of portion of managers and executives are favorable 
towards AI and ML it is also stated that the same group often 
show a lack of basic understanding in the subject matter. It is 
not uncommon that the lack of understanding causes executives 
and managers to have unrealistic expectations of the results 
provided by ML. Results which are not always certain in terms 
of success and what the results will actually present. This is 
exemplified in [13] where the lack of ROI and high deployment 
cost were a problem in Telia on the managerial level while it 
was not considered a problem at iZettle who was defined as a 
company with a high rate of ML implementation as opposed to 
Telia. 

On a more general level our employer stated that the level of 
digitalization of a company tends to be overestimated rather 
than underestimated. Resulting in a false sense of digital 
capability, which is connected to the perception of ML and AI. 
A possible cause mentioned during the interviews is that the 
level of digitalization may be exaggerated for public relations 

purposes which causes the perception to move towards the 
exaggeration. 

Thriving for a joint perception of ML and AI within the 
organization is vital for realistic expectations, optimal 
application and the continuation of development. Which is why 
the level of integration of AI and ML in the organization’s 
culture is one of the most important organizational 
prerequisites. 

VII. DISCUSSION 

A. ML-algorithm and the Consumer Decision Journey 
1) Model Performance 

The performance test indicates there is a correlation between 
behavior and class as both Random Forest and XGBoost 
outperform chance in all measurements as seen in Table I. To 
put the results in perspective, 76% of the validation data belong 
to the negative class which means the models are around eight 
percentage points higher than if all data points would be 
predicted as negative. The performance measurements do not 
show how long it took before the users actually changed service 
provider as the data points are classified positive if they 
changed within 2 weeks. 

The results from the heat map of Random Forest in fig. 6 and 
fig. 7 coincide with the theory that there is a correlation between 
a user’s activity in the app and if the user is about to change 
provider of service within the near future. As shown in fig. 6 
and fig. 7, Random Forest is outperforming XGBoost when it 
comes to distinguishing between positive and negative classes. 
This is further supported in Table I where the AUC metric is 
higher for Random Forest, although not significantly.  

Both tests of Random Forest indicated there is a correlation 
between users’ activity in the app during a time period of 30 
days and whether or not they will change provider of service 
within two weeks. 

XGBoost shows similar results regarding distinguishing 
negative users shown in fig. 7 a) as the average probability is 
always below 0.5. Although, Random Forest’s average 
probability line is more even. This coincides with the theory 
that there is a correlation between a user’s activity and whether 
they are going to change provider of service after that time 
period. 

However, predictions for positive users show that XGBoost 
cannot determine as well as Random Forest if a data point 
belongs to the negative class or the positive as the average 
probability is centered around 0.5 and the heat map is scattered 
along the y-axis. This shows that XGBoost does not distinguish 
positive and negative users well among positive data points 
which we also can see in the confusion matrix where the false 
negatives are higher than true positives resulting in a lower 
precision and AUC score. Even though XGBoost did not find a 
clear correlation, does not mean the correlation does not exist 
as to why we are testing two models. 

Although we believe a correlation is found, the application 
of the algorithm is not necessarily applicable to real world 
scenarios. Due to the low number of positive classified data 
points compared to the negative ones, i.e. imbalanced dataset, 
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data points belonging to the positive class had to be actively 
sought out which could have led the algorithm to be bias 
towards positive classes. 

Even if we can predict if a user is in phase 2, we cannot know 
if there exists a causation between the features and the class. 
What causes a user to enter phase 2 can have many explanations 
and there exist external factors that the data does not cover. 
Therefore causality cannot be examined. This is also why 
feature contribution is not a part of this study as it cannot 
support the result if a user can be predicted to be in phase 2 and 
therefore falls outside our scope. The external factors could 
explain why some users are not predicted right due to the data 
not covering all causal factors to the class.  The feature 
contributions can, without knowing if there is a causal effect on 
the class, have several explanations to why it is contributing as 
it does. Without knowing the reasons behind a user entering 
phase 2 we cannot be certain that the algorithms have not found 
a random correlation and the result should therefore be 
critically considered. Also worth mentioning is that a user may 
enter phase 2 and then not proceed to phase 3. A user may want 
to change provider of service and change its mind after a while. 
Although this thought could not be confirmed, it is intuitively 
realistic and it is a possible contributing factor to identifying 
negatives as positives. 

In favor of the results legitimacy, the data extends over a 
considerable time period which indicates that the models did 
not find a random correlation. The features and the class can be 
affected by the same external factors and thus correlate. 

It could be insightful and interesting for future studies to 
investigate the reasons behind why consumers enter phase 2 in 
order to pinpoint the major touch points for marketing purposes. 
This would also support the results in a higher degree since 
random correlations can be identified and dismissed. 
2) The Consumer Decision Journey 

It can be argued that the consumer decision journey depicts 
the processes which consumers go through more realistically 
than the traditional funnel models [1]. Combining the findings 
regarding whether there is a correlation between user activity 
data and the likelihood of a user becoming a customer, it is seen 
that it can be applicable in some extent. Using Random Forest 
it could be seen in fig. 7 that there is a pattern amongst in user 
activity data which indicate that a user is about to become a 
customer. Since the true positives are classified as negatives 
until about two to three weeks before they changed provider of 
service. This can be seen as a consumer who is entering phase 
2 and the transition to phase 3 when the consumer changes 
provider of service. Similarly based on fig. 6, we can see that 
true negatives are classified as negatives during the majority of 
time, even more so when using Random Forest. This can be 
interpreted as that the consumer is in phase 4 where the 
consumer is forming a perception of the brand providing the 
product or service. However, these arguments could also be 
applied to traditional funnel models. With this in mind, it is 
possible that the consumer decision journey is tweaked to fit the 
results. Although which model used to depict the purchase 
process of a consumer does not have a considerable impact on 
the results. 

The fundamental goal of analytical CRM is to understand the 
customers’ behavior and operational CRM aims to act upon 
identified behaviors. Whether if it is to retain customer or 
acquire a potential customer. Based on our findings we believe 
that the consumer decision journey can be understood through 
ML-algorithms and implemented in analytical CRM in order to 
support operational CRM. Operational CRM has not been in 
focus during this report as it is another field to identify the 
specific needs and expectations of consumers and customers. 
We hope this research provides some guidance in future studies. 

B. Organizational Prerequisites 
The identified organizational prerequisites were of 

infrastructural and integrational types. We wished to highlight 
the prerequisites organizations should fulfill before rushing into 
ML and AI implementations. By identifying the shortcomings 
in regard of the organizational prerequisites, companies can aim 
to fulfill them before extensive implementations. Which will 
provide them a steady and sustainable foundation for ML and 
AI and benefit them in the long run. However, these 
prerequisites are not of revolutionary kinds. The changes that 
may need to be made are of considerable size. 

Expansions and upgrades of the data infrastructure do not 
come at a low price. It will also require maintenance and the 
workers who come in contact of the system also need to learn 
how to work with it. Investments of such size need to be well-
motivated in order to get the approval from the top management 
and the stakeholders. If change in the organization’s culture is 
required, the responsibility lays in the hands of the managers 
and executives. Thus, a genuine perception and general 
understanding of AI and ML is essential. Although, change in 
business culture does not come easily, especially amongst 
established and large organizations.  

Mature organizations often show tendencies to continue on 
its current trajectory because there are rigidities in their 
processes and cultures [12]. These rigidities cause the 
organization to adapt slowly which increase the threat of new 
entrants. Rigidities do not only appear in standardized processes 
and strategies, but also in the mindset of managers and 
personnel, such as personal interest, wishes to preserve 
traditions or fear of change. Also, the risk and uncertainty are 
higher in established and large organizations since it comes at a 
higher cost. However, when facing rapid or discontinues 
external change such as the digitalization it is crucial to 
overcome these organizational rigidities in order to maintain 
competitive advantage. 

With this in mind it can be argued that the first step towards 
fulfilling the prerequisites is to educate managers and 
executives in AI and ML. Through a realistic perception of AI 
and ML amongst the top management it will facilitate the 
identification of where changes need to be made and where it is 
best suited to incorporate ML. Also, educate the personnel in 
the degree that is required and direct them in the new direction. 
It can also be argued that by first educating the top management 
it will decrease the risk of wrong investments and reduce waste. 
The communication flow and mutual understanding will 
increase between management and the data teams and the 
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necessary expansion and upgrades can be identified more 
accurately. Developing in-house skills and incorporating AI in 
the organization is the most sustainable and long-term 
profitable solution. This is further supported in [12] where the 
companies who have incorporated AI and ML extensively are 
focusing on developing such skills internally. We also wish to 
once again highlight that this is considerable easier said than 
done. 

C. Goals, Contribution and Social Aspects 
As mentioned, our goal was to contribute to a ML-method 

which can used to analyze customer data. In order to provide 
functions like sales and marketing with insightful information 
regarding acquisition opportunities. The reason we thought this 
was important was through the Consumer Decision Journey. 
The journeys vary in length of time depending on type of 
product or service. If it takes a long time for a consumer to cycle 
back to phase 2 then it is valuable for a company to know when 
the consumer enters phase 2. By accurately identifying this 
window of time, it can be argued that it will save company 
resources, as in not marketing towards consumers who are not 
susceptible. Although, it is important to take the cost of 
marketing into account. If the cost reduction is minimal or none 
then it may be more beneficial to approach as many consumers 
as possible. However, we wish to mention that if too much 
commercial is directed towards a consumer it can be argued that 
the consumer becomes numb towards it which also is a cost. 
Also, consumers are becoming more aware of directed 
commercial and marketing strategies in general such as 
advertisement from a previous browsed website. Which some 
might find exciting while others might feel uneased. 

Data collected on individual consumers are increasing, both 
in scope and in depth. While terms like Big Data, AI, Internet 
of Things and ML are hot topics, data analytics ethics often 
becomes an afterthought. Many of the issues arise when there 
is a lack of information provided to customers. Information 
regarding what the purpose of the collection is, who will have 
access and what is being collected. Since the line of tolerance 
and what is ethical or not is drawn differently amongst 
consumers, transparency of the data collection and giving the 
consumer control are crucial aspects. A step towards the 
transparency and giving the consumer control over their data is 
through GDPR, the European privacy law. The law went into 
effect in May 2019. The law is designed to give citizens within 
EU control over their own data and aims to give businesses and 
consumers a uniform set of data guidelines. Ethical aspects 
need to be taken more into consideration when conducting 
projects similar to ours. 

Products and services can become more customized and 
improve the customer experience by collecting and analyzing 
data. While this is mostly perceived in a positive way, it is 
important to highlight the thin line between providing 
consumers with tailored products and services and a violation 
of privacy. 

VIII. CONCLUSION 
Random Forest was able to identify a behavior in the user 

activity data which we interpreted as the user being in phase 2 
in the Consumer Decision Journey. Although Random Forest 
had a low recall measure which meant that it also missed 
positive users. XGBoost on the other hand was able to identify 
a higher rate of positives as shown in the recall but performed 
inferior to Random Forest when it came distinction of positive 
and negative classes which is shown in fig. 7 and the AUC score 
in Table I. 

A tradeoff is noted between recall and precision. Which one 
to value higher depends highly on the purpose of the 
implementation and its surroundings. 

Neither of the algorithms had a superior recall which we 
interpreted to be in line with that external consumer behavior 
and factors, which are not captured in the app activity. 

Although our model is not complete and ready for 
implementation, we believe that it can be useful when 
combined with other datasets. Which can be useful in analytical 
CRM for information mining. The information can later be used 
by marketing and sales in order to further customize their offers 
with the purpose of customer acquisition. However, we could 
not determine which were the underlying factors that made a 
user change its provider of service. Also, if such 
implementation was to be realized two major prerequisites were 
identified. 

Infrastructural prerequisites which include the way of 
handling data and integrational prerequisites which aim at 
highlighting the need of a mutual understanding of AI and ML 
within the organization. We believe that the first step is to 
educate the top management and integrate downwards 
vertically. Which will allow the organization as a whole 
identify the where the need of changes is the most crucial and 
act accordingly. The type of changes required in order to meet 
the prerequisites come at a high cost. 
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