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Abstract 

The rise of digital and social platforms has unlocked new opportunities for businesses to optimize their abilities 

within personalization and target advertisement. These opportunities have also brought ethical issues 

regarding the use of consumer data across digital platforms. This study aims to investigate how user-generated 

data is deployed to profit on advertising platforms through machine-learning techniques. Specifically, it 

examines data on Facebook and Google Ads to identify the most relevant features for determining how users 

interact with ads on their platforms. In this context, features refer to age, gender, etc., which are personal 

information. The study was conducted with the help of secondary data from Facebook and Google Ads. Its 

conceptual framework is based on the CRISP-DM model. Four supervised machine-learning techniques were 

applied to the collected data. The four data models were K-Nearest-Neighbor, Logistic Regression, Random 

Forest and XGBoost. An exploratory and predictive analysis was performed on the two different datasets. The 

study found that advertising on Facebook and Google Ads operates using user-generated data and its findings 

suggest that Google Ads runs on a Pay-Per-Click business model that results in a transaction between the 

platform and the advertiser. Through the application of machine-learning techniques on the data, it was 

evident that information such as impressions, age, gender and advertising spend are key to determining clicks. 

Random Forest and XGBoost were the best-performing data models overall. Through further research it was 

evident that the elimination of third-party cookies will highly influence platforms, especially Facebook and 

Google Ads.  
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Introduction 

In the past two decades, the digital world has grown and developed immensely, with consumers interacting 

with and across platforms and changes still taking place every day. Digitalization has become an advantage for 

businesses but also a challenge. The phenomenon of social media, which is built on web-based and mobile 

technologies, has become the greatest development in the information age over the past decade. Social media 

has replaced people, as companies are able to engage in powerful marketing strategies without human 

interaction. Through these technologies and platforms, companies can create customized information and 

content for individual customers. Although these new technologies have included benefits for the tech and 

business worlds, there have also been some consequences related to the speed with which these 

developments have taken place. Digital tools and social platforms are now easily accessible to users, and when 

these users interact with these social platforms, there is a rapid growth of data that is useful to businesses. 

The important question is: How can companies reap the value of this new type of data? 

  

Problem Statement  

The birth of user-generated data or content has created new business models. The impact of user-generated 

content (UGC) is huge, and many companies and platforms have begun to use it as a base for their business 

strategies. This has resulted in a new business model for many, as it has replaced other existing ways of doing 

business. UGC offers huge advantages for companies, as they can make and optimize profits based on data 

that is obtained cost-free. However, the growing availability of UGC has become a problem, because it has 

opened a phenomenon underpinned with little knowledge. During the past decade, companies have begun to 

learn how to use UGC effectively. Digital marketing has been a major focus for many companies, and now 

social media marketing has become an even more important. However, firms are finding that there is an 

excessive amount of data coming from social media, leading them to explore artificial intelligence, machine 

learning and deep learning to handle it. Additionally, the growth of UGC has forced businesses and individuals 

to confront the technical and ethical questions that accompany it. The technical aspect refers to the many 

new tools there are and how to make best use of them. The ethical aspect refers to the usage of UGC and to 

what extend it can be obtained, used and stored. 

 

Research Aim 

This specific problem statement is relevant, because usage of user-generated data is impacted by laws, 

consumers’ privacy and the ad tech industry. New laws and regulations are being developed to address the 

use of online data and ensure privacy for users. An interesting point to notice here is that the controversies 
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that have arisen in the past few years are consequences of technology’s own rapid pace of development. 

When computer cookies and UGC were first introduced, little was known about them. However, companies 

quickly saw the advantages, which included tracking user movement on the internet. When both existing and 

new companies saw this opportunity as a way to optimize their business, they quickly began to develop models 

and methods to use to their benefit. However, as a result of the rapid pace of development, neither the users 

themselves nor the companies saw any disadvantages in tracking such personal data. This has now become a 

significant issue among social media users, many of whom have lost trust in some of the platforms. As they 

have begun to raise questions, developers are listening, and changes are being made. For example, in 2018, 

the General Data Protection Regulation (GDPR) was implemented throughout the EU. 

  

The aim of this research is to gain an understanding of how online advertisements are affected by the users. 

It has only been since the last decade that social media platforms have had a significant influence on 

companies and how they market their products and services. The entire online advertising field is constantly 

changing, with new technologies, tools and devices that affect how businesses should engage with and attract 

customers. This research is designed to further explore these new technologies and opportunities. 

Additionally, online users have become the main source of profit for many social media platforms, and this 

research aims to discover how user-generated data became a key element in advertising and marketing. 

Moreover, the research seeks to learn in depth which big data-based techniques are used to optimize and 

build business that are dependent on user-generated data. Furthermore, this research aims to gain an 

understanding of how platforms drive business solely on having users. 

 

Research Question  

Based on the overall research objectives, it was necessary to outline a research question to help shape and 

limit the study. It was found to be beneficial to have one main research question. 

  

To which extend can user-generated data from Facebook and Google be used to make profit on these 

advertising platforms? 

  

To fully analyze and understand how user-generated data is used to create profits, it is necessary to first 

understand how websites use this data to drive their business strategies. Then, to gain a deeper understanding 

of the process, the data and predictive models behind the business practice are analyzed. This information, 

then, underpins the research project. 
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Thesis Construction 

The construction of this thesis is outlined to ensure that readers will enjoy the best reading experience and 

gain full understanding of the subject. After the thesis topic is introduced and the research question and 

supporting questions are stated, a thorough explanation of the research methodology is provided. This chapter 

covers the research philosophy, research design, data collection and data modeling methods. The next chapter 

is a theoretical review of some of the basic concepts behind machine learning, online advertisements and 

social media advertisements. These concepts are a part of the theoretical review because they support the 

fundamental understanding of how advertisement online works and how machine learning has been 

developed. These two concepts are important to understand separately, as the research topic is a newer 

combination of them. The next three chapters of the thesis are devoted to the analysis, with each section 

exploring one of the three supporting research questions. The last chapter is the conclusion, which is a 

collection of the conclusions and implications of the research. Including a discussion and evaluation of the 

research process.  
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Methodology 

The following chapter aims to describe the scope of our project research and process. Methodology is 

necessary to limit and underpin the methods used to perform the research. The chapter will explain the 

methods used and argument for why they were chosen. The methodology also describes the broad 

philosophical reasoning for the applied methods. Methodology is important in research projects as it ties 

together the research purpose and process. It is during this stage that multiple research methods are discussed 

and tested to find the best fit to answer the research question. The chapter will provide a thorough overview 

of the research framework and define the research philosophy and design approach reached in the project. 

The chapter will also include a description of the data collection process and the specific models used in the 

data modelling process. 

  

In scientific based research it is beneficial to follow a predefined research process model. This helps with 

preserving the common thread throughout the project. Saunders, Lewis, Thornhill (2015) provides a research 

model which describes the workflow of research projects. The first phase is to have a desire to study 

something, an aim which backs the whole research. Then it is crucial to define a research topic, in order to 

provide delimitation from the beginning of the process. The next step includes literature review, 

understanding the research philosophy and to formulate the research design. These steps are important in 

the methodology part, as they define the overall research methodology. The next phase is the data collection 

part, here it is important to consider the different types of data available and what the project will take in use. 

When all these parts have been defined the analysis of the project can begin. 

  

Research Philosophy 

The term research philosophy refers to the system of beliefs and assumptions related to the development of 

knowledge. Research philosophy explains how the researcher embarks on developing new knowledge within 

a particular field of study. Even though the purpose of a research is not necessarily to provide new theories 

when studying a scientific area, new knowledge is profound (Saunders, Lewis, & Thornhill, 2015). In such 

research, assumptions are being made in every part of the process. These assumptions inevitably shape how 

the research question is understood, including the methods and the interpretation of the findings. Individual 

values and motivation both have an influence on what information is considered to be useful. Therefore, it 

differs from individuals how the research is carried out. Research philosophy help with shaping and 

understanding these basic parameters.  
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Research Design 

The research design phase refers to the overall plan of how the research question will be answered. It is 

therefore important that the research question is clearly defined. The research design contains clear objectives 

derived from the research question, this includes sources from where we intend to collect data, how to collect 

and analyze them. The way that the research question is phrased sets the frame for the research design. In 

scientific based research, the aim is often to either find results that are exploratory, explanatory or a 

combination of both (Saunders, Lewis, & Thornhill, 2015). Our research question aims to find results that are 

mainly explanatory as we are looking to explain how user-generated data specifically is used to make a profit 

on social media platforms. The main purpose, therefore, is to explain a specific phenomenon that is already 

existing. The research’s main purpose is to explain this phenomenon, but additionally the research is also able 

to provide new findings which could contribute to the field of study. The research’s main purpose is to provide 

new knowledge while explaining a concept and exploring potential new findings. 

  

The research design part of our study is based on the CRISP-DM model. CRISP-DM stands for Cross Industry 

Process for Data Mining and is a well-proven framework for data mining and analysis (Wirth & Hipp, 2000). 

The CRISP-DM model is both a methodology model and a process model. Data mining is a fairly newer industry, 

and it is a creative process which requires certain skills and knowledge to execute. The CRISP-DM model was 

introduced, because there was a need for a standard framework to carry out data mining projects. It was found 

that data mining is depended on a standard approach to work to help translate a business problem into data 

mining tasks, secondly to suggest appropriate data transformations and finally suggest data mining techniques 

that are necessary to make effective evaluation of the results. A visualization of the model can be seen on 

Model 1. What is noteworthy is that the CRISP-DM model allows for iterative work processes, which is essential 

in data mining tasks. In our research design we have implemented the CRISP-DM as it supports the overall 

research purpose and goals. 
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Model 1: The CRISP-DM Model 

  

The CRISP-DM model consist of six phases revolved around data. The six phases are business understanding, 

data understanding, data preparation, modeling, evaluation and deployment. The process is also referred to 

as life cycle of data mining, as the sequence of the phases are not strictly placed, and because they can be 

moved around for better evaluation purposes. The arrow in the figure indicates only the most important and 

frequent dependencies between the phases. The model is quite flexible and can therefore easily be applied 

and customized to projects. In the section below, each phase in the model will be explained. 

  

Business Understanding 

The questions raised during this phase is what does the business need? Any project always starts with having 

a detailed understanding of what the customer needs. This is the initial phase, and the focus is to understand 

the project’s objectives and requirements from a business perspective. This knowledge is then converted into 

a data mining problem definition (Wirth & Hipp, 2000). This phase is also called a preliminary project plan 

designed to achieve the objective. This phase has four points that are necessary to determine. The first is to 

determine the business objectives and success criteria with the key point being to establish what the customer 

wish to accomplish. Second is to assess the situation. It is here the resource availability is determined. More 

specifically project requirements, assess risks and contingencies are also considered. It is also here that a cost-

benefit analysis is conducted. The third is to determine data mining goals. In addition to defining the business 

objectives, it is also important to define success criteria from a technical data mining perspective. Fourth and 

Business 
Understanding

Data 
Understanding

Data 
Preperation

Modeling

Evaluation

Deployment

Data
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last part is to produce a project plan. This is where the specific technologies and tools are selected. In many 

projects this phase is neglected, even though it is one of the most essential aspects to consider, in order to 

achieve success in the project. 

  

Data Understanding 

The data understanding phase raises questions that revolve around what data do we have? What data do we 

need? Is the data clean? This phase starts with data collection and proceeds with activities that provides 

understanding of the data and data structure. It is during this phase that data quality problems are identified 

to discover data insights and to detect interesting subsets to form hypotheses for hidden information. There 

is a big coherence between the business and data understanding phase as we identify, collect and analyze the 

data. In overall, this phase has four important tasks, they are to collect initial data, describe data, explore data 

and verify data quality. 

  

Data Preparation 

The data preparation phase involve how do we organize the data for modeling? This phase covers all activities 

which construct the final dataset, because the data will not be able to fit the modeling tools from the initial 

raw data. Data preparation tasks are most likely to be performed multiple times and not in any prescribed 

order. This phase has five important tasks which consist of select data where you determine what data set will 

be used, clean data which is the part that takes the longest and the most crucial. Without this part most data 

models will likely fail. Then you have to construct data, which leads to integration of data and formatting data. 

  

Modeling 

During the modeling phase we ask what modeling technique should we apply? During this phase various 

modeling techniques are being selected and applied to the dataset. Their parameters are calibrated to optimal 

values and typically there are several techniques for the same data mining problem type. This phase is 

complicated as there are some techniques that require specific data formats. There is a close link between 

data preparation and modeling, because you realize that you might need to construct new data for optimal 

results while modeling. Through modeling you build and assess various models based on several different 

modeling techniques. This phase has four tasks. The first is to select modeling techniques and to determine 

which algorithms to try. The second is to generate the test design and pending your modeling approach. In 

this phase, it is normal to split the data into a training set, test set and validation set. The third is to build a 

model. Even though it sounds like a complex task, it is limited to inserting a code into the data. The last task is 

to assess the model. When multiple models are in use, they compete against each other. In this phase 
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therefore, the results are interpreted based on domain knowledge, pre-defined success criteria and test 

design. 

  

Evaluation 

The evaluation phase raises questions related to which model best meets the business objectives? During this 

phase one or more models have been built and most likely have high quality from a data analysis perspective. 

So, before the final deployment of the model, it is important to evaluate the model and review the steps 

executed to construct the model to be certain that it will help achieve the business objectives. At the end of 

this phase a decision on the use of the data mining results should be reached. Whereas the modeling phase 

focuses on the technical model assessment, the evaluation phase looks more broadly on what model best fits 

the business objectives. In overall, this phase has three tasks: evaluate results, review process and determine 

next steps. 

  

Deployment 

The deployment phase is the last stage and involve how do stakeholders access the results? After creating the 

model, you organize and present the findings. Depending on requirements, the deployment phase can be 

generating a report or more complex implementing a repeatable data mining process. It is important to 

understand what actions are needed to be carried out in order to make use of the created models. A model is 

not very useful unless the customer can access its results. This final phase in the CRISP-DM model has four 

tasks that are: plan deployment, plan monitoring and maintenance, produce final report and review project. 

 

Data Collection 

Data collection is an important step in the research process, because the data sets the frame for the research. 

This section will explain the data collection techniques used in the project to answer the research question. 

The purpose of this section is to create an overview of the data sources in the project. In research projects, 

data collections are often divided into primary and secondary data (Saunders, Lewis, & Thornhill, 2015). 

Primary data refers to data that are collected firsthand. These are often obtained through data collection 

techniques such as interviews, observations and surveys etc. Primary data is divided into qualitative and 

quantitative data collection methods. Secondary data consist of data that is collected by someone else and 

handed over. This includes literature review, which is based on internet research, newspaper articles, journal 

articles, company records, previously collected datasets. It is the objectives of a research study that 

determines whether it is primary or secondary data that should be collected.  
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Our research is based mainly on secondary data. This includes the two data sets used for the date modeling.   

Finding a relevant dataset for our research was the most challenging activity in the early stages of our project. 

On the web there are excessive number of datasets all containing different attributes which are helpful in our 

research. However, the combination of rows and columns have a big impact on how useful the dataset is. We 

spent the first few weeks of the project researching potential datasets which would fit the research objectives. 

The research was mainly done through data sites such as Kaggle and GitHub. The research objectives had a 

few criteria that we wanted to fulfill.  This was to have data containing on-ad clicks from both Facebook and 

Google platforms. Moreover, we wanted a dataset with a significant number of rows, as we were aware that 

splitting the dataset would make it smaller. During the process of finding a dataset, we observed multiple 

datasets and ran the data through to see how the attributes and instances were able to help answer the 

research question. More details on the chosen datasets are explained in the analysis. 

 

Additional secondary data was used as a supplement to the dataset, because providing an understanding of 

the business models on social media platforms was necessary to answer our research question. Through 

multiple journal articles and websites, we were able to find the information to support the analysis. During 

this stage it was important to find reliable sources. There are many sources on the internet with negative 

motives against social media platforms like Facebook and Google, because of rumors related to online 

advertising and user data safety. Therefore, there are many unreliable sources about how platforms like 

Facebook and Google manage their business.  

 

Data Modelling 

An important aspect of the research methodology related to this project is data modelling. The data models 

used are important for the whole analysis. The data models are part of the research methodology, because 

they are machine learning methods used to find results. The following chapter will explain the five data models 

used to make the predictive models. The five data models used are k-nearest neighbor, logistic regression, 

random forest and XGBoost. The models are all of supervised machine learning which is the most common 

type of machine learning (Müller & Guido, 2016). The goal for the data modelling is to predict a certain 

outcome from a given input. Therefore, supervised learning is most optimal. In supervised machine learning 

techniques, there are two main types: classification and regression methods. The classification method uses a 

predefined list of possibilities and predict into a class label. A classification predicts into two labels and is 

referred to as a binary classification. When there are multiple values as like target attributes it is called a 

multiclass classification (Müller & Guido, 2016). For instance, when predicting how many products to produce 

based on previous data regarding demand, resources, budgets etc. a regression method is used because the 
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purpose is to predict and amount. When pursuing machine learning methods, it is important to consider the 

dataset opportunities and to find matching data models for it. When using predicting data models with a target 

variable consisting of more than two different instances, we are working with multi nominal models. This is 

the case for this study which is why the four data models are chosen.  

 

K-Nearest-neighbor  

K-nearest-neighbor, also known as kNN, is one of the most basic classification methods among supervised 

machine learning methods (Peterson, 2009). kNN is a simple model which is why it is often chosen as the first 

choice when doing classification studies especially when there is little knowledge about the distribution of 

data. The kNN classification model was developed when there was a requirement to perform discriminant 

analysis when parametric estimates of probability densities are unknown or difficult to determine. The kNN 

model can be used in both classification and regression predictive problems.  

 

The k-nearest-neighbor classifier is often based on the Euclidean 

distance between a test sample and a specified training sample. To 

understand the k-nearest-neighbor we observe 𝑥!  as an input 

sample with 𝑝 number of features (𝑥!", 𝑥!#, … , 𝑥!$). Then we also 

have 𝑛 which is the total number of input samples (𝑖 = 1,2, … , 𝑛) 

and p the total number of features (𝑗 = 1, 2, … , 𝑝). The Euclidean 

distance between sample 𝑥!  and 𝑥% 	(𝑙 = 1,2, …𝑛) is defined as 

𝑑(𝑥! , 𝑥%) = 	0(𝑥!" − 𝑥%")# + (𝑥!# − 𝑥%#)# +⋯+ (𝑥!$ − 𝑥%$)# . It 

can be hard to understand the k-nearest-neighbor model based on 

the equations even though it is a somewhat simple model. Figure 

2 presents a Voroni Tessellation. The tessellation shows samples which are the red crosses and then the 

Voronoi cells surrounding each sample. A Voronoi cell groups all neighboring points that are nearest to each 

sample and is defined as  

 

𝑅! = {𝑥 =	∈ 	ℝ$: 𝑑(𝑥, 𝑥!) ≤ 𝑑(𝑥, 𝑥&), ∀	𝑖	 ≠ 𝑚} 

 

In the equation 𝑅!  is the Voronoi cell for sample 𝑥!, 𝑥 represents all the possible points with Voronoi cell 𝑅!. 

The Voronoi tessellations primarily reflects two characteristics of a coordinate system. First all possible points 

within a sample’s Voronoi cell are the nearest neighboring points for that sample. Second for any sample the 

Figure 1: Voroni Tessellation 
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nearest sample is determined by the closest Voronoi cell edge. With the latter characteristic, the k-nearest-

neighbor classification rule is to assign to a test sample the majority category label of its k nearest samples. In 

practice this means k usually is chosen to odd, so it avoids ties. The k = 1 rule is generally called the nearest-

neighbor classification rule. 

 

Logistic Regression 

The Logistic Regression method is a common linear classification algorithm, despite it being called logistic 

regression, it is not a regression problem (Provost & Fawcett, 2013). The logistic regression method is unlike 

other common data models because it is a statistic data model. This means that it is based on a mathematical 

model of observed data. In the logistic regression model, the possible outcomes of a single trial are build using 

a logistic function which means the target variable is usually binary in a classification context. The multi 

nominal logistic regression model is a discriminative classifier which implies that the model focuses on learning 

individual features among the classes presented in the data.  

 

To understand the multi nominal logistic regression model we suppose that for each realized value of the 

covariate vector 𝑥! = (𝑥!", … , 𝑥!$) we observe 𝑛!  observations falling into one of 1 ≤ 𝑗 ≤ 𝑐 categories. Often 

𝑛! = 1 for all 𝑖, as in the case with continuous covariates. Let 𝑦!'  be the number of observations with covariate 

value 𝑥!  in category 𝑗 at a given covariate level is  

𝜋'(𝑥!) = 	
𝑓(')(𝑥!)

Σ%*"+ 𝑓(%)(𝑥!)
, 

 

Or equivalently that the log odds in favor of category 𝑗′ over 𝑗 are given by  

 

logG𝑓,'!-(𝑥!)H − log	[𝑓(')(𝑥!)] 

For any 𝑗 ≠ 𝑗′. 

 

It is assumed that logG𝑓(')(𝑥!)H = ∑.*"& 	𝑔 M𝑥, 𝑇.
('), 𝑀.

(')P,	which induces a log-linear form for each of the log 

odds functions as defined in the equation above. The result is a multinomial logistic BART model:  

 

𝜋'(𝑥!) =
exp[∑.*"& 	𝑔(𝑥, 𝑇.

('), 𝑀.
('))]

∑%*"+ exp[∑.*"& 	𝑔(𝑥, 𝑇.
(%), 𝑀.

(%))]
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In this equation 𝑇(') and 𝑀(') are trees and parameters governing each 𝑓('). As written this model is 

unidentified. Identification could be obtained by fixing some 𝑓(%)(. ) ≔ 1, in which case 𝑓(%)(𝑥) gives the odds 

of category 𝑙 against category 𝑗 at covariate value 𝑥. However, this means that prior depends on the arbitrary 

choice of a reference category. Instead, we use proper priors for each 𝑓(') and work in the unidentified space. 

By doing so we avoid asymmetries in the prior arising from the arbitrary choice of the reference category and 

have some computational benefits as well (Murray, 2021).  

 

Random Forest  

The Random Forest method uses the fundaments of decision trees and grows it additionally as an ensemble 

of decision trees. As good as the decision tree model is, it also bears many disadvantages. One of the biggest 

disadvantages of the decision tree model is that it is prone to overfit the training data, which is also clear in 

their accuracy results. The random forest method is one way to address this issue to avoid overfitting data. 

The idea behind the random forest model is to build a big collection of decision trees that are all differentiated 

from one another. Each tree in the random forest model is like a regular decision tree and will most likely 

overfit data. However, if it is possible to build a significant amount of decent predicting and overfitted tree 

that are all unique, evidently you can reduce the overfitting volume by using the average of all the trees’ 

results. Additionally, each classification that classifies a new observation is used dataset using different 

bootstrap samples from the training dataset. Using bootstrap samples is essential for the random forest 

method because it guarantees that all the trees are made using different subsets of features in the training 

data (Müller & Guido, 2016). Further research has also shown that the random forest method will lead to 

better results in accuracy and therefore is beneficial for predictive projects.  

 

It is important to understand the fundamental concepts of the random forest model because that is what 

makes it powerful (Yiu, 2021). A larger number of relatively uncorrelated trees will outperform any of the 

individual constituent models. The key to understanding this is the low correlation between the models. The 

trees protect each other from their own specific errors. Even though some tree might be incorrectly predicted, 

many other trees will be right. As a larger group, they are therefore able to move in the correct direction. Due 

to this fundament, there are some prerequisites for the random forest model to perform well. First is that 

there needs to be an actual signal in the features so that models built using those features do better than 

random guessing. Secondly, the predictions made by the individual trees need to have low correlations with 

each other. By using bagging and feature randomness while building each individual tree an uncorrelated 

forest of trees is created. The trees prediction by committee is more accurate than that of an individual tree 

(Yiu, 2021). 
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XGBoost 

The XGBoost algorithm is a model based on the decision tree Machine Learning algorithm that uses gradient 

boosted decision trees designed for speed and performance (Morde, 2019). When it comes to prediction, 

problems consisting of unstructured data and artificial neural networks have a tendency to dominate other 

algorithms. However, with small to medium structured data decision, tree-based algorithms are the preferred, 

because decision tree-based models have developed over the years. XGBoost is one of the newer decision-

tree based models and is an optimized gradient boosting algorithm through parallel processing, tree pruning, 

handling missing values and regularization to reduce overfitting. Characteristic for the XGBoost algorithm is 

the many features that it has. By using the XGBoost algorithm, it comes with a number of advanced features 

in terms of model, system and algorithm. The model features consist of gradient boosting, stochastic gradient 

boosting and regularized gradient boosting (Brownlee, 2021).  The system features refer to a range of 

computing environments: parallelization of tree construction using all of your CPU cores during training, 

distributed computing, out-of-core computing and cache optimization of data structures and algorithm. The 

implementation of the algorithm was engineered for efficiency of compute time and memory resources. A 

design goal was to make the best use of available resources to train the model. Some key algorithm 

implementation features are sparse aware, which means they automatically handles missing data values, block 

structure which supports the parallelization of tree construction and continued training that allows for further 

boosting of an already fitted model on new data.  
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Theoretical Review 

The following chapter is a theoretical review of some of the basic topics around which the research question 

revolves. The research project is a combination of two subjects: the technical perspective of machine learning 

and big data and the marketing and business perspective of advertisement. However, for a full understanding 

of this combination, it is important to grasp the fundamentals of each topic individually. The purpose of this 

chapter, therefore, is to explain and account for the bases behind the machine learning theory and the concept 

of customer advertisement. 

  

What is Machine Learning? 

The use of “big data” has become a significant factor in the success of many businesses. There was a time 

when data was obtained only by the companies themselves and then was stored and processed in computers 

(Alpaydin, 2014). However, when people began using personal computers, smartphones and wireless 

communication, they all became producers of data. This data can be generated by web transactions such as 

online shopping, movie rentals or streaming, or it can be created simply by visits to websites or the posting of 

blogs or items on social media. Each person is a generator of data and a consumer of data, and individual users 

appreciate the convenience of products and services that target them personally. Somehow, users began to 

need online understanding and prediction (Alpaydin, 2014), and in the process they discovered patterns in the 

data they were generating. When a problem occurs on a computer, an algorithm is necessary to solve it. This 

algorithm is a sequence of instructions that can be carried out to transform the input and output of data. For 

example, to create an algorithm for sorting a specific dataset, the input would be a set of numbers and the 

output is an ordered list. A number of different algorithms can be used to tackle one problem, but the goal is 

to identify the most efficient one requiring the fewest instructions and the least memory.  

  

Application of machine learning methods to large databases is what is known as data mining. The relationship 

to real mining is fitting: A large volume of earth and raw material is extracted from a mine, which, when 

processed, leads to a small amount of very precious material (Alpaydin, 2014). In other words, a large set of 

data is processed to construct a simple model with a valuable use. This is seen in data mining when it is possible 

to find high predictive accuracy. This practice has become commonplace and used in many businesses, such 

as retail, finance, fraud detection and in the stock market. Learning models are also used for optimization and 

control. However, it is important to remember that machine learning is not just a database problem but also 

a part of artificial intelligence. To be intelligent, a system placed in a constantly changing environment should 

have the ability to learn. Machine learning is also helpful to identify solutions to problems concerning vision, 

speech recognition and robotics. Machine learning is the act of programming a computer to optimize a 
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performance criterion using example data or a past experience. Building a defined model with some 

parameters and learning is the execution of a computer program to optimize the parameters of the model 

using training data or data from past experience (Alpaydin, 2014). The model may be predictive, with the goal 

of making predictions about the future, or descriptive, to gain knowledge from data. Machine learning uses 

the theory of statistics in building mathematical models, where the core task is making an inference from a 

sample. The role of computer science is twofold: First, in training, it is important to have efficient algorithms 

to solve the optimization problem as well as to store and process massive amounts of data. Second, once a 

model is learned, the representation and algorithmic solution for inference must be efficient as well. 

 

Types of Machine Learning 

There are many examples of machine learning applications, but first, one must distinguish between supervised 

and unsupervised learning. In supervised learning, the aim is to learn a mapping from the input to an output 

whose correct values are provided by a supervisor (Alpaydin, 2014). In unsupervised learning, there is no 

supervisor, and only input data is used. The goal, then, is to find patterns and regularities in the input. Besides 

supervised and unsupervised learning, there are also semi-supervised and reinforcement learning. However, 

the latter two are not relevant in this research and, therefore, are not explained thoroughly. In each field there 

are different types of machine learning techniques. 

  
Supervised learning is characterized by two methods: classification and regression (Alpaydin, 2014). 

Classification and regression problems are most commonly used when pursuing supervised machine learning. 

A newer machine learning method called deep learning also falls into the supervised learning category. 

Classification problems are involved in a predictive data model where the input is a large amount of data 

containing information that can help shape the output, which are two classes. This means a classification is 

when an input is classified into two classes as the output (Alpaydin, 2014). This is possible when the 

classification rule can be learned on training data consisting of past data. With such a rule, the main application 

of the model is to predict. Once a rule has been created that fits the past data, a correct prediction for new 

instances can be made if future data is similar to past data. 

  
Regression problems differ from the classification models because, in such cases, one wishes to predict a 

number or amount, such as how many items to produce the coming month or the price of a car, based on 

information about the vehicle. The goal in regression is to learn the mapping from the input to the output to 

predict the amount. Sometimes, instead of predicting an absolute numeric value from the input data, 

researchers also want to learn how to predict relative positions, such as movie recommendations, for example 
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(Alpaydin, 2014). In unsupervised learning, the goal is to predict or detect a certain pattern in data. One of the 

most common methods used in unsupervised machine learning techniques is clustering, which aims to find 

clusters or groupings of the input data. For example, this is a common procedure used by companies that have 

obtained demographic data on their customers (age, occupation, etc.) and is called customer segmentation 

(Alpaydin, 2014). 
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Customer Journey Theory 

The customer journey theory involves understanding some of the basic concepts and fundamentals of how 

customers interact with a company or brand. Customer journeys describe the way customers experience a 

brand and how those interactions help build relationships and then loyalty. As marketing, branding and 

shopping have become available online, the methods for mapping a customer journey have changed. 

However, the basic concepts and key points of in-person customer journeys are relevant when they move 

online. Many marketing theories have been devised to gain an understanding of customer journeys, but this 

chapter explains only the attention, interest, desire and action (AIDA) model and the consumer decision 

journey concept, as they are relevant in online advertising as well. 

  
The AIDA Model 

The AIDA marketing model is used to describe the steps a customer goes through in the process of purchasing 

a product (RyteWiki, n.d.). The AIDA model has been a stable tool and has been used by marketing and public 

relations professionals since the 19th century. The model is based on the four stages that precede a shopper’s 

decision to purchase a product or service. The overall goal is to attract attention, maintain interest, create 

desire and stimulate action. Model 2 illustrates how the stages proceed. 

 

 
Model 2: The AIDA Model 

 

An important initial stage is attracting attention, which can be accomplished with the use of eye-catching 

advertising materials. Maintaining interest involves capturing the interest of the potential customer. Now, it is 

the seller’s task to create desire, persuading the customer that they want and need to own this product. In 

some cases, with a specific type of customer, the advertisement or the product itself creates the desire to 

purchase. Sometimes, the seller must access the customer’s emotions to awaken their desire. The last stage 

is action, which turns the desire to purchase into an actual transaction. In further research, many argue that 
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the AIDA model should be supplemented with an additional phase— “S” for satisfaction—because, ultimately, 

the product must satisfy the consumer if loyalty is to be created. Indeed, the four phases are actually only the 

prerequisites for the sale. 

  

Although the AIDA model has been used for decades, it has made significant contributions to the shaping of 

marketing and sales strategies. The model is still the basis of many companies’ standard marketing strategies. 

The model is also used in public relations to plan and analyze the effectiveness of a company’s campaigns 

while providing valuable information for further marketing. The simplicity and flexibility of the model are 

among its important benefits. 

  

The Consumer Decision Journey 

Despite the timelessness of the AIDA model, consumers are challenging the marketing business as they are 

shifting the way they research and buy products. Consequently, marketers must determine how to respond 

to this new customer journey path (Court, Elzinga, Mulder, & Vetvik, 2018). The primary goal of marketing is 

to reach consumers at the moments when they are most influenced to make decisions. That is why most online 

shopping websites offer recommendations to consumers while they are purchasing another product. With the 

proliferation of digital channels for purchases, the task of catching consumers at their best time is more and 

more difficult (Court, Elzinga, Mulder, & Vetvik, 2018). A refined approach is necessary to help marketers 

navigate this new digital environment, which is less linear and more complicated than in the past. The new 

approach is called the consumer decision journey and was introduced by McKinsey. In traditional marketing 

operations, consumers journey start with a set of potential brands and strategically reduce that number to 

make a purchase. However, because there has been a shift from only one-way communication from marketer 

to consumer to two-way communication, marketers are in need of a more systematic approach to satisfy their 

customer’s demands and manage word of mouth. Companies are challenged to reinvigorate their loyalty 

programs and the ways in which they manage the customer experience. It is extremely important that there 

is an alignment of all the elements of marketing—strategy, spending, channel, management and message—

with the journey that consumers undertake when they make purchasing decisions (Court, Elzinga, Mulder, & 

Vetvik, 2018). When marketers understand the journey and direct their resources and messaging to the 

moments of maximum influence, they have greater chances of reaching consumers in the right place at the 

right time with the right message (Court, Elzinga, Mulder, & Vetvik, 2018).  
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The consumer decision journey introduces a decision-making process model that is a circular journey with four 

phases that define how consumers make decisions. The phases are initial consideration, active evaluation, 

closure and post-purchase. The circular process can be seen in Model 3. 

 

 
Model 3: The Consumer Decision Journey 
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Business Analysis 

The following chapters are the detailed analysis of our project, the focus of the analysis is to use different 

types of secondary data to answer the research question. The analysis is divided into three main parts, first 

using Facebook and Google to gain an understanding of how UGC is used to make profits. The research is 

based on Facebook and Google data therefore the first part of the analysis is focused on understanding the 

business model behind these platforms. The second part of the analysis is a detailed data analysis of data 

sample of from Facebook and Google advertisement data. The data analysis uses the data models described 

in the methodology to make predictive data models. The third part of the analysis is a combination of the first 

and second part of the analysis and discusses different perspectives and aspects on the concept of UGC and 

advertisement.  

 

The Business Model of Facebook 

To properly conduct an analysis of UGC and how it contributes to strategies for platform profits, it is essential 

to first gain an understanding of the business model of such platforms. Facebook is one of the main platforms 

that use UGC for profit purposes, therefore, a deeper look into Facebook’s business model is warranted. 

 

History of Facebook 

Facebook was a pioneer; it revolutionized the use of social media and gave birth to many other such platforms. 

Facebook was created in 2004 by Mark Zuckerberg, Eduardo Saverin, Dustin Moskovitz and Chris Hughes, all 

of whom were students at Harvard University at the time. They sought to create a small network on which 

fellow students could create an online profile and share photographs and class schedules. However, the 

platform grew immensely, and, after a short period of time, other university students gained access. As a result 

of increasing popularity and demand, the platform became a public site, and www.facebook.com was 

launched officially. In just six months, the site had more than 1 million users, and it has continued to grow 

(Hall, 2021). Facebook has become a useful advertising and marketing tool for many businesses as it continues 

to create awareness for important organizations and movements. Especially in political campaigning, Facebook 

has become a powerful tool. Furthermore, many companies have been able to promote their products or 

businesses free of charge with the help of the platform. 

 

Becoming a user on the Facebook platform does not impose any costs on the consumer, therefore, Facebook 

has drawn its profits solely from advertising. First, Facebook began simply displaying ads from companies on 

its site; however, through time, it has evolved into employing targeted advertising whereby the advertiser can 
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choose the audience it wishes to reach. Therefore, Facebook ads are now displayed specifically for the 

individual users. Companies wish to target their ads toward people who are likely to purchase their products. 

Therefore, Facebook is able to successfully guarantee its advertisers that the money they pay to have their ads 

displayed on the site will not be wasted (CNBC, 2019). For example, Facebook ensures that an advertisement 

for a prom dress will be seen by a high school student or that a new burger restaurant ad will not be seen by 

a vegetarian. Such targeted advertising is beneficial for companies, as it is cost-effective and results in higher 

sales. Therefore, companies are inclined to use platforms such as Facebook for their marketing. The use of 

Facebook as an advertising platform also ensures that companies reach as many people as possible, because 

the number of Facebook users continues to grow. Additionally, Facebook obtains unique data on its users, 

which is valuable for the advertisers because they cannot obtain it themselves. This is especially true for 

companies that have small marketing budgets and want to ensure that they are reaching users who, 

realistically, could become customers. This means there is a valuable tradeoff between the two parties. As a 

result, Facebook was able to build its business and generate huge profits.  

 

How Does Facebook Operate? 

Facebook founder Mark Zuckerberg has said he wants everyone to have a voice and be able to connect, so he 

chooses to provide a service that is affordable to everyone; in other words, it is free to users. However, this 

means that users are exposed to advertising. Facebook users have been clear that, if they must see ads, the 

ads should at least be relevant. To accomplish that, Facebook must gain an understanding of its users’ 

interests, gathering that information from the pages people like, what they click on and other signals. This 

precise data then allows Facebook to provide more relevant ads (Zuckerberg, 2020). Facebook tries to satisfy 

its users by allowing them to control what information is shared with advertisers, and users can block any 

advertisers they do not find relevant from reaching them. Additionally, Facebook allows users to change their 

ad preferences so that they see only ads they find interesting. This is possible with Facebook’s transparency 

tool.  

 

Even though Facebook has been open about its operating model and policies, many people continue to have 

doubts and feel distrustful toward the platform. One major challenge is the assumption that Facebook sells 

people’s data, because there have been reports that this is the case. However, Facebook has denied engaging 

in that practice, stating that it is counter to its business interests—the provision of unique value to its 

advertisers. Facebook’s greatest incentive is to protect people’s data from access by outsiders. The company 

focuses its business model on creating a space for people to share and connect, because its main purpose is 

to help people stay in touch with family, friends and communities. From a business-oriented perspective, 
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therefore, it is important to Facebook that the time people spend on this platform is well-spent; otherwise, it 

would be unable to develop long-term traffic, which is crucial for its advertisers. Therefore, Facebook seeks to 

prevent the display of so-called clickbait and other junk to its users, because that decrease its chances of 

developing reliable, long-term users. 

 

Furthermore, Facebook opposes harmful and divisive content and makes it clear that it does not wish to build 

its business upon such material. When sensitive content is shared on Facebook’s platform—which is possible, 

despite the company’s best efforts—its users and advertisers consistently speak out in opposition. Facebook 

is constantly at work to improve its systems that prevent the sharing of harmful or divisive content.  

 

Facebook’s advertising model operates encourages the pursuit and storage of more data and information than 

it actually needs to maintain its platform. However, this information is useful to Facebook’s advertisers. At the 

same time, this collected information helps efforts to detect fraudulent users and prevent them from entering 

the platform, which is beneficial to all parties. Facebook’s business model allows its users to have complete 

control over whether or not their data can be used for ads; however, the company does not allow users to 

control how the data is used for security or operational purposes. The company operates on the principle that 

data transparency is crucial; therefore, there should be choice and control. Facebook is quite clear on how it 

uses data, and, at the same time, users have clear choices about how it can be employed. 

 

A platform such as Facebook opens up opportunities for other businesses, and Facebook’s business model can 

be an important brick in a much larger eco-system. There are clear benefits of this business model, which is 

why it works so well. Billions of people have access to a free service that connects them with others and allows 

them to express themselves. Simultaneously, small businesses, which actually create most of the jobs and 

economic growth around the world, can use Facebook as a meaningful tool to help them thrive. There are 

more than 90 million small companies on Facebook, and they make up a large part of the platform’s business. 

These small firms could not afford major television or billboard ads, but with a platform such as Facebook, 

they have access to many potential customers. Facebook works on building technology that serves everyone, 

meaning a world where everyone has the opportunity to use their voice and be heard. Therefore, Facebook’s 

business model opens up possibilities.  

 

Facebook business model is built upon a bidding model system, where the most important elements are clicks 

and impressions. Facebook rates their advertiser based on how many clicks and impressions an ad receives. 

The rates for each click and impression is based on a different bidding model and depends on several factors 
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such as placement, target market, industry and more (WebFX, Inc., n.d.). Facebook’s bidding models are cost-

per-click (CPC), cost-per-thousands-impressions (CPM), cost-per-like (CPL) and cost-per-download (CPD). Each 

bidding model has their own average rates; however, these rates are prone to be altered depending on various 

factors. Clicks refer to the number of clicks on the advertiser’s ad (Facebook for Business, n.d.). The metric 

counts multiple types of clicks on their ad and includes certain types of interactions with the ad container such 

as links to other destinations and links to expanded ad experiences. These could for example be link clicks, 

post reactions, comments or shares and clicks to expand media. The most important bidding model for 

advertisers is the CPC, because it is where there are most possible interactions on their ad (Facebook for 

Business, n.d.). The CPC shows how much, on average, each link click costs the advertiser. CPC is a metric used 

generally in the online advertising industry for benchmarking ad efficiency and performance.  

 

Advertisers have access to an Ad Manager portal where ads and campaigns are created, from there they can 

choose a daily budget which the maximum amount they want to spend on ads. They then choose which action 

they like to pay for which are views, clicks or downloads (Facebook for Business, n.d.). In the portal the 

advertiser builds their audience using knowledge on demographics, interests and device targeting. The 

advertisers most important tasks in creating the ads are having or adding creatives which could be images, 

posters or a video. This is important in attracting users visually. When the advertisers have completed these 

steps the actual Facebook ad auction begins. Based on the potential of the ad Facebook generates an ad’s 

total value which is determined by parameters such as bid, estimated action and ad quality. The ad with the 

highest total value is delivered or displayed by Facebook.  

 

The cost of a Facebook ad is determined by eight factors, the audience, ad budget, ad bid, ad objective, ad 

placement, ad quality, season and industry. Audience refers to which age group, gender or interest the ad is 

directed to (WebFX, Inc., n.d.). Advertisers can choose target specific interest or audience attributes which 

determines the audience. Ad budget is the how much the advertiser is willing to pay for their ad to be shown 

this can either be a monthly budget or daily budget. This number has a huge impact on the ad bids and ad 

performance, but also the overall results of the advertising campaign. Ad bid refers to which bidding strategy 

the ad wishes to follow. Facebook offers two strategies which are lowest cost bid strategy and target cost bid 

strategy. Lowest cost bid strategy is an automatic bidding strategy which help the advertiser achieve the lowest 

possible CPC or action. It also aims to make efficient use of the set budget. Target cost bid strategy is manual 

bidding and provide the advertisers the possibility to reach their desired CPC or action. 
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How Does Facebook Obtain Data on Their Users?   

Facebook has many ways of obtaining data on its users, and one of the more controversial methods is through 

audio. It has never been confirmed whether Facebook staff members are able to listen to conversations 

through the microphone on users’ phones (CNBC, 2019). However, the company is able to detect audio signals 

from a user’s television or radio in a quest to provide more customized ads. Facebook also has patented the 

ability to interpret a user’s facial expression as they read their Facebook newsfeed.  

 

When a Facebook account is created, the user automatically allows Facebook to collect any data the user 

provides to the site, including some information that the user is unaware is being shared. The user’s entire 

social network is being tracked and stocked by Facebook along with the user’s behavior on the site. Even when 

the user leaves the Facebook site, the company is able to collect and record data from its users regarding 

which other websites they visit, which ads they click on and their browser or search history. Moreover, as 

more websites have begun to use Facebook’s marketing tools, this allows Facebook to view information that 

users find on other internet sites. Facebook CEO Mark Zuckerberg has even admitted that the company is able 

to collect data from users who do not have a Facebook account (Wagner, 2018). This is possible because many 

websites and applications use Facebook tools to ensure that their content and ads are engaging and relevant.  

 

Facebook services include a number of add-ons that can be added as extensions, including social plug-ins, 

Facebook login, Facebook analytics and Facebook ads and measurement tools. Social plug-ins are the “share” 

and “like” buttons that are seen on nearly all social media platforms today. The Facebook login service allows 

someone to use Facebook to log into another website or application. Facebook analytics help websites and 

apps understand how people use their service. Facebook ads and measurement tools enable websites and 

apps to display ads from Facebook advertisers so they can determine the effectiveness of the ads (Company, 

2019). When a person enters a website or app that uses one of these services, Facebook receives information 

from the user even if they are not logged in to Facebook or have a Facebook account (Company, 2019). Other 

social media platforms, such as Twitter, Pinterest and LinkedIn, use “like” and “share” buttons to help people 

share content on their services. Google also has its own highly popular analytics services, and sites such as 

Amazon, Google and Twitter also offer the login feature. Therefore, the services that Facebook provides have 

become well-known and well-used by many platforms as they send the same information to multiple 

companies each time a user visits. 

 

Websites or apps that use Facebook services send their data to Facebook, because this information allows 

Facebook to improve its customized content and advertising. This is possible because, when a person uses a 
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web browser such as Chrome or Safari, the browser sends a request to the website’s server. The browser 

shares the IP address to the website, and the website then receives information about the browser and 

operating system of the user. “Cookies,” identifiers used to determine whether one is a new or returning user, 

are also being shared to the website. This is mostly seen on shopping websites where items previously loaded 

into a virtual shopping cart have been saved. Here, there is also a return package from the website to the 

browser, and the browser sends instructions to forward the user’s request to the other companies providing 

content or services on the site. This means that when a website uses one of Facebook’s services, the browser 

sends the same information to Facebook as it does to the website. Facebook also receives information about 

which website or app is being used.  

 

Cookies are data that is stored by websites, such as password, site history, login details or shopping carts. 

There are three types of cookies: first-party cookies, third-party cookies and second-party cookies. First-party 

cookies are data stored under the same domain page the user is currently visiting; they typically remember 

selected pages or shopping carts. All websites use first-party cookies today. Third-party cookies are those that 

have been stored under a different domain than the one the user is currently visiting. These cookies are used 

to track users between websites and to display relevant ads, such as a support chart functionality provided by 

a third-party service. Second-party cookies are first-party data shared between partners.  

 

The third-party cookies are the most interesting, because the most common third-party entities are 

advertisers, marketers and social media platforms. All web users are creating small traces of data, or 

“breadcrumbs,” and websites can track the search history or visiting history. That saved information can be 

used by other websites or, most commonly, advertisers. Third-party cookies have stirred controversy over the 

past decade, as many believe they violate the privacy of individual users. Legal discussions and compromises 

have resulted in an agreement to “retire” third-party cookies beginning in 2022 (Bump, 2021). Web users, who 

began realizing the extent to which much third-party cookies affected their webpage views, demanded more 

privacy and greater transparency, choice and control over how their data was tracked and used. These 

demands forced the coming phase-out of third-party cookies, which will have major impact on sites such as 

Facebook and Google that make significant use of them.  

 

Facebook has been widely known for its use of third-party cookies, but in 2019, Facebook allowed advertisers 

to use first-party cookies on the platform in a move to improve user targeting and data accuracy. Previously, 

Facebook had allowed its advertisers to use third-party cookies only for tracking ad campaigns. Now, as the 
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third-party cookies are phasing out, Facebook will allow advertisers to use first-party cookies, tapping into the 

platform’s rich data on its users. 

 

Information Privacy with Facebook 

The birth of Facebook and over the last decade has brought many problems and challenges in the tech world. 

Especially a bigger problem with privacy as it become much easier to access and share personal information 

on the individual user (Company, 2018). Personal data has become available for everyone and soon businesses 

were able to use that data to their benefit, this became a bigger issue for the Facebook platform. Therefore, 

Facebook were forced to develop privacy controls on their platform. They have received multiple privacy 

scandals and public backlash, but despite that they still manage to grow immensely. Eventually Facebook were 

forced to enhance their privacy policy. The Facebook privacy policy explains in detail exactly what they do with 

the information they receive. Facebook has three main focus in their policy about how they use the 

information they receive from other websites and apps; how they provide their services to the websites and 

apps, how they improve safety and security on Facebook and how they enhance their own products and 

services. They have also made it very clear that they don’t sell the information or data they have on individual 

users, but merely uses them in internal analysis which help them provides and develop their services to 

external platforms.  

 

On how they provide their services they use the individuals IP address, browser and operating system 

information and the address of the website or app used in order to provide their Social Plugins and Facebook 

Login services work. Cookies and device identifiers are also important parameters to this service as it makes it 

more accessible to share content or to use Facebook to log into another app. Their Facebook Analytics service 

gives the websites and apps data on how they are used by the individual. With the help of the IP address, they 

can list countries of the website’s visitors and more. With those information Facebook can also categorized 

which visitors are unique, their age and gender as well. Facebook has a business extension called Facebook 

Audience Network, this tool enables other websites and apps to show ads from Facebook advertisers. When 

Facebook get a request to show an Audience Network ad they need to know where to send the ad therefore 

they use Cookies and device identifiers to determine whether the individual is a Facebook user or not. If they 

are not a Facebook user, Facebook encourages then to sign up to Facebook. Facebook is also able to track 

which sites or app the individual has visited to show them ads from that specific business or a similar one. 

Another important extension has is Facebook Pixel, which is a computer code for websites to use that allows 

Facebook to give advertisers stats about how much response their ads are receiving even if the ad was seen 

on a different device.  
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Another crucial part of Facebooks privacy policy is their ability to keep their user’s information secure. 

Facebook actually uses all the information that they receive from websites and app to help protect the security 

of Facebook. This means that when they receive data from a particular browser, they are able to identify bad 

actors, for example when someone is trying to log into an individual’s account using an IP address from 

different country. They can also detect from the browser history whether it is a bot or an actual human. 

Facebook then has some procedures such as security checks or questionnaires to keep outsiders from entering 

their site and data. The information Facebook receives also help them improve the content and ads that are 

shown, so they are able to provide better and more customized news feed for their users based on the data 

they receive.  
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Understanding the Concept of Google Ads 

An important step in this research is to understand the concept of Google Ads, through which advertisers can 

bid to display advertisements, service offerings, product listings or videos to web users (Google, 2021). More 

than 2.3 million Google searches are performed every second, and the majority of these search results pages 

include Google Ads (Wordstream, 2021). Google is paid by businesses to post their advertisements through 

the Google Ads system. This can be an extremely effective way to drive relevant and qualified traffic to a 

business’ website, because Google is tracking what people are searching to provide optimum services for 

advertisers. The following is a thorough explanation of how Google Ads work and how they tap into user-

generated data to provide this service. However, it is important to note that Google itself has its own business 

model, and Google Ads are different. 

 

What are Google Ads and How do They Work?  

Google offers paid advertisements that appear in search results on google.com through Google Ads or 

advertisements that appear on other websites through its Display Network and AdSense program 

(Wordstream, 2021). A user of the Google search engine results page (SERP) sees two sections of paid Google 

Ads. One section comprises the natural or organic links, which appear because they are “naturally” relevant 

to the search words. The other consists of paid Google Ads and are labeled “ad”; these appear in the Google 

Display Network (Wordstream, 2021). The ads shown in the Display Network are an extensive collection of 

third-party websites that have partnered with Google to present Google Ads, which can be in the form of text, 

image, video or rich media format and can be targeted differently. This includes remarketing and banner ads.  

 

Google Ads are built on keywords, and the advertisers choose a list of keywords to target users. The keywords 

are relevant to their business offerings and often are the words that people are most likely to use when 

searching for their product. The transaction between Google and the advertiser happens with bids and 

auctions. The advertisers bid on these keywords, basing each bid on how much they are willing to pay for a 

Google user to click on their ad (Wordstream, 2021). The bid is then combined with a quality score assigned 

by Google that is based on the quality of the proposed ad, and this determines which Google Ads appear on 

the SERP. When a user clicks on the ad, the advertiser pays a certain cost, which is referred to as cost per click 

(CPC). This is calculated by the following formula: 

 

𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑜𝑟	𝐴𝑑𝑅𝑎𝑛𝑘
𝑌𝑜𝑢𝑟𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑆𝑐𝑜𝑟𝑒

+ 0.01 = 𝐴𝑐𝑡𝑢𝑎𝑙𝐶𝑃𝐶 
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The term pay-per-click (PPC) originates from this formula. The advertiser’s quality score is, therefore, highly 

important for both Google’s business and the advertiser’s business. The two main networks in which Google 

Ads operate, SERP and the Display Network, are where businesses are allowed to target users. Google has an 

“ad rank” system, upon which the Google Ads business is based. In the formula, the actual ad position is 

determined by the maximum bid, meaning the competitor ad rank divided by the advertiser’s quality score 

(FreshBooks, 2019). The maximum bid is how much the advertiser is willing to pay every time a web user clicks 

on their ad. The quality score indicates how well an ad is optimized, the quality of the landing page, the 

expected click-through rate (CTR) and the relevance of the Google searchers. Basically, this means that the 

higher the ad rank, the higher the ad will be displayed in the Google search results. Google also has a reward 

system for its advertisers. Well-performing and high-quality ads AdWords campaigns are rewarded with 

discounted per-click costs and higher ad ranking positions, making them more likely to be displayed in top 

placement above organic listings (FreshBooks, 2019).  

 
The Importance of Quality Score  

For years advertiser has been trying to optimize their Quality Score so that they could use the Google Ads 

system beneficially for their business. Because with a good Quality Score it will lower their cost per click which 

then relates to overall account success (Wordstream, 2021). There are many factors which effect the Google 

Quality Score but the most important factor is the commonly used click-through rate (CTR). The benchmark 

for a decent PPC click-through rate is 2%. The high account average CTR pulls the Quality Scores for all 

keywords in an account. Another important factor is the extensive use of Long-Tail Keywords, because 

competitive keywords are hard to rank in organic searches but are even harder in PPC. Long-Tail Keywords are 

generally prone to be more effective due to their accurate and pre-qualifying traffic. They have the ability to 

align more with the end of the purchasing journey which means they convert at a higher rate. The Longtail 

Keywords are less competitive and therefore cost less on a per-click basis. Choosing the right keywords are big 

part of improving ones CTR, but most importantly is ad optimization. When using methods like A/B testing, 

dynamic keyword insertion and ad copywriting techniques can differentiate advertisers offering from other ad 

competitors. In order to ensure highly targeted ads there has to be produced increasingly amount of the ads 

(WordStream, 2021). Small business in AdWords accounts often not have many text ads but by adding more 

of them it gives the advertiser the opportunity to prove to searchers that they have the service or product 

they are searching for.  
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Why is Google Ads Beneficial for Businesses? 

What makes Google Ads attractive and useful for advertiser is that it can work for all types of businesses both 

big and small. It is an affordable form of advertising that can target qualified, in-market prospects when 

managed correctly (FreshBooks, 2019). They key to making Google Ads work is to understand the ins and outs 

of paid search, bidding strategies, keyword research, account structure etc. These elements are what 

advertisers need to learn in order to use the Google Ads business model. Google Ads has made it extremely 

easy for advertiser to go into their system and create their ads. They also made it easy for the individual 

advertiser to check up on and have statistics of their ads clicks and rates. This is also an important factor in the 

Google Ads business model. Advertisers are keener to choose Google Ads as an outlet for their marketing 

because it is easy to access and use. Advertisers can easily set up budgets in the Google Ads system and easily 

change them according to their needs. Google detects what the users are searching in the SERP and save that 

information to help their customers, the advertisers, to reach more targeted people.   
 
The Google Ads business model relies on cookies and keywords determined by advertisers (Google, 2021). 

Google uses cookies and keywords to place ads on pages where they predict the ad might be relevant. This is 

only possible with the help of the user generated data. That is why there is a tradeoff between Google and the 

advertiser, because the Google platform itself is a platform that has billions of users and they can receive data 

from all their users, this information is valuable for the advertiser. Google’s text advertisements imitate what 

the average search result look like on Google (Google, 2021). Through the Interactive Advertising Bureau 

image ads can be among many standardized sizes. The search engine is where most of the Google Ads appear, 

but advertisers also have the option of having their ads shown in Google’s partner networks.  
 
The Google Ads come with a number of features which makes their business model unique and attractive to 

advertiser. The Keyword Planner is a feature that provides data on Google searches and other helpful features 

to assist advertisers in planning campaigns (Kim, 2014). The Keyword Planner is a more focused and precise 

tool that help advertisers in the process of creating new ad groups and ad campaigns which is key for PPC 

(Parker, 2011).   
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Data Analysis 

The aim of the data analysis section is to illustrate how Facebook and Google can gain insights into customer 

groups and marketing campaigns by applying machine learning on stored data from their executed marketing 

campaigns. Corporations such as Facebook and Google have the resources to store large amounts of data from 

the imprints that customers leave on their sites. This information represents human behavior, and it can be 

used to optimize businesses, especially marketing campaign, in terms of generating a higher click rate. 

Machine learning provides the opportunity to spot trends and correlations, such as why consumers react to 

certain campaigns, and can be a key resource to understand why some marketing campaigns create higher 

click rates. The data analysis section first includes an explanation of the dataset with detailed information 

about the features and then explains the preprocessing and cleaning phase. The core analysis consists of an 

exploratory data analysis (EDA) and predictive analysis, and the predictive analysis is based on four data-mining 

models, which are discussed with the use of confusion metrics.  

 

Dataset 

The data analysis is based on two datasets. The first was published by Merkle Inc., a large, data-driven, 

technology-enabled marketing agency. The content consists of marketing campaign data from Facebook and 

Google from October 2019 to July 2020 and indicates the performance of different age groups for different 

dimensions. The raw dataset consists of 16 features and 16,834 entries. Data collected from Google Ads 

constitutes 90% of the dataset, and data collected from Facebook ads represents the remaining 10%. The 

second dataset is from an anonymous organization’s Social Media Ad Campaign. The raw dataset consists of 

11 features and 1,143 entries, and all ads were executed on Facebook. The two datasets vary in terms of 

features, providing the opportunity to create multiple analyses and cover a broad perspective to gain insights 

through the analysis. 

 

Table 1 and 2 contains an explanation of all features first from the Merkle Inc. dataset and the Social Media 

Ad Campaign dataset.  
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ATTRIBUTES EXPLANATION 

DATE This feature identifies the date on which the Marketing campaign was run 

PRODUCT This feature defines what product the advertisement is related to. The products are not 

defined and only one unique value is used “Product 1”   

PHASE Performance 

CAMPAIGN PLATFORM This feature identifies the platform where the marketing campaign has been deployed. 

There are two possible values, Google or Facebook ads. 

CAMPAIGN  This feature identifies whether the advertisement is from Google Ads or Facebook ads. 

COMMUNICATION 

MEDIUM 

This typically refers to the trigger for the Ads. On Google Ads, the medium is specific search 

keywords. Facebook ads medium are defined as Creative, which may include a number of 

different sub channels including visiting the company's Facebook page, brand/product 

search, etc. 

SUB CHANNEL This feature is only for Google Ads. The subchannel allows the advertiser to set up 

advertisement based on specific words in the search keyword.  

AUDIENCE TYPE This feature is also from Facebook ads. The feature refers to a grouping of the target 

audience in different campaigns (based on some undisclosed attributes). Possible values for 

Facebook Ad Audience are 1,2,3. 

CREATIVE TYPE This feature is only for Facebook ads and defines the Ad format e.g. Carousel (typically a 

scrollable video) or Image.  

CREATIVE NAME This feature is from Facebook ads and defines the name given to the advertisement. Possible 

values are Girl, Click and Carousal 

DEVICE This feature identifies through which device (Desktop, Mobile or Tablet) the audience has 

consumed the advertisement.  

AGE This feature categorizes the age segment that have been targeted by the marketing 

campaign 

SPEND This feature refers to the average spend by the target audience as a result of the advertising 

campaign.  

IMPRESSION This feature refers to a count of the number of times a specific advertisement was shown to 

a member of a target group. 

CLICK This feature refers to the number of times the target group clicked on a specific ad in the 

Google Ads or Facebook ads campaign. 

LINK CLICKS This feature is from Facebook ads and refers to the number of clicks on a link within the ad 

that led to advertiser-specified destinations, on or off Facebook. 

Table 1: Feature explanation, Merkle Inc. 
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ATTRIBUTES EXPLANATION 

AD ID A unique ID for each ad. 

XYZ CAMPAIGN ID An ID associated with each ad campaign of XYZ company.  

FB CAMPAING ID An ID associated with how Facebook tracks each campaign. 

AGE Age of the person to whom the ad is shown. 

GENDER Gender of the person to whom the add is shown 

INTEREST A code specifying the category to which the person’s interest belongs (interests are as 

mentioned in the person’s Facebook public profile). 

IMPRESSION The number of times the ad was shown. 

CLICKS Number of clicks on for that ad. 

SPENT Amount paid by company XYZ to Facebook, to show that ad. 

TOTAL CONVERSION Total number of people who enquired about the product after seeing the ad. 

APPROVED 

CONVERSION 

Total number of people who bought the product after seeing the ad. 

Table 2: Feature explanation, Social Media Ad Campaign 

 

The data analysis is based on two datasets, that vary in term of attributes, as observed in Table 1 and 2.  This 

provides the opportunity to work with a range of different features. Applying both datasets strengthen the 

data analysis, as more features are explored, and more in-depth conclusions can be drawn. The tables above 

summarize the differences in the features in the two datasets, with the Merkle Inc. dataset orientated more 

toward which marketing mechanisms have been used on the platform, such as sub-channel, audience type 

and creative type. The Social Media Ad Campaign dataset is enriched with other important features, such as 

gender, amount of money spent on advertising and conversions. The additional can be used to analyze digital 

marketing metrics, which is not possible based solely on the Merkle Inc. dataset due to lack of information. It 

is important to highlight the difference between the word spend in the two datasets. Spend in the Merkle Inc. 

refers to the purchasing amount, whereas spent from the Social Media Ad Campaign refer to advertising cost. 

The initial idea was to merge the datasets into one, to gain the advantage of increasing the number of instances 

and analyzing a larger set of data. However, we quickly realized that the scale of ratio in the most important 

feature, such as clicks and impression, was out of range. The Merkle Inc. dataset had an impression range 

between 100 and 70,000 whereas the Social Media Ad Campaign dataset had an impression range close to 6 

million. The high difference in the numerical values would have a negative effect on the assessment value, 

accuracy in the predictive analysis, so the datasets are analyzed separately instead.  
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The Merkle Inc. dataset will be applied in a predictive analysis. The dataset has a number of features available, 

depending on whether the campaign platform was Facebook or Google. Firstly, the Merkle Inc. dataset will be 

analyzed in one unit, afterwards the Merkle Inc. dataset will be split into two subsets to examine whether the 

additional features play a role in the data-mining process or to examine specifics for each dataset.  

 

Data Preparation 

The purpose of the data preparation phase is to clean the dataset, remove all unnecessary data and handle 

missing values. This section includes an explanation of feature conversion and transformation. To provide an 

example of the content in the dataset, a snippet of the raw dataset from each feature has been included. 

 

Dataset 1: Merkle Inc. 

The tables below are an outline of the datasets. The outline for the Merkle Inc. dataset is presented in two 

different tables, to only visualize the features available for the specific campaign platform. Table 3 includes all 

features for marketing campaigns run on Facebook ads, and the Table 4 include features available for 

campaigns run on Google Ads. The tables are intended to be helpful when running several data-mining models, 

create an overview of which features are applicable for both Facebook and Google Ads and which ones are 

specific to the individual platform. The majority of features are similar for both campaign platforms, however, 

the features device and subchannel are not applicable for Facebook ads. Instead, Facebook ads operates with 

additional features such as audience type, creative type and creative name. The Google Ads data includes the 

features subchannel and device but does not contain any data about the feature link clicks. All campaigns 

represented in the Google Ads dataset was collected from Google Search.  

 

ID DATE PRODUCT PHASE CAMPAIGN 
PLATFORM 

CAMPAIGN 
TYPE 

COMMUNICATION 
MEDIUM 

SUBCHANNEL  

2009 2019-12-16 Product 1 Performance Facebook ads Conversions Creative Facebook ads  
2010 2019-12-16 Product 1 Performance Facebook ads Conversions Creative Facebook ads  
2011 2019-12-16 Product 1 Performance Facebook ads Conversions Creative Facebook ads  
2012 2019-12-16 Product 1 Performance Facebook ads Conversions Creative Facebook ads  
2013 2019-12-16 Product 1 Performance Facebook ads Conversions Creative Facebook ads  

 
 AUDIENCE 

TYPE 
CREATIVE 
TYPE 

CREATIVE 
NAME 

AGE SPENDS IMPRESSION CLICKS LINK 
CLICKS 

2009 Audience 2 Carousal Carousal 25-34 70.280000 730 12 9.0 
2010 Audience 2 Carousal Carousal 35-44 7.660000 71 1 1.0 
2011 Audience 2 Carousal Carousal 45-54 3.800000 32 1 NaN 
2012 Audience 2 Carousal Carousal 55-64 0.450000 3 0 Nan 
2013 Audience 2 Image Click 25-34 117.130000 638 36 21.0 

 

Table 3: Example of instances in the Merkle Inc. Facebook ads 
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ID DATE PRODUCT PHASE  CAMPAIGN P CAMPAIGN T COMMUNICATION SUBCHANNEL 
0 2019-10-16 Product 1 Performance Google Ads Search Search Keywords Brand 
1 2019-10-16 Product 1 Performance Google Ads Search Search Keywords Brand 
2 2019-10-16 Product 1 Performance Google Ads Search Search Keywords Brand 
3 2019-10-16 Product 1 Performance Google Ads Search Search Keywords Brand 
4 2019-10-18 Product 1 Performance Google Ads Search Search Keywords Brand 

 
 DEVICE AGE SPENDS IMPRESSION CLICKS   

1 Desktop 18-24 0 2 0   
2 Desktop 25-34 0 5 0   
3 Desktop 35-44 0 1 0   
4 Desktop Undetermined 14.63 5 3   
5 Desktop 18-24 53.31 10 2   

 

Table 4: Example of instances in the Merkle Inc. Google Ads 

 

Feature Conversion 

The features in the dataset are a combination of numerical values and text data. To execute the predictive 

data-mining models and exploratory data analysis, the text data must be transformed into numeric values. 

However, the features do not include larger text pieces, which eliminates the need to apply natural language 

processing (NLP) techniques. The most important features to transform are age, device and campaign 

platforms, and to execute this, the LabelEncoder has been applied. The LabelEncoder encodes target labels 

with a value between 0 and n_classes-1. For the particular features, the encoded values will be as represented 

in the Table 5. Additionally, the feature clicks has also been transformed in regard to the predictive models, 

which is explained in detail I the upcoming section. The CTR is an important figure in online advertising; it can 

be estimated by clicks/impressions and has been added to the dataset.  

 
AGE CAMPAIGN PLATFORM 

25-34 0 Facebook ads 0 

35-44 1 Google Ads 1 

45-54 2   

56-64 3   

Table 5: Transformation of the feature age and platform, Merkle Inc. Facebook ads 
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AGE CAMPAIGN PLATFORM DEVICE 

18 - 34  0 Facebook ads 0 Desktop 0 

25 - 34 1 Google Ads 1 Mobile 1 

35 - 44 2   Tablet 2 

45 - 54 3   Undetermined 3 

56 - 64 4     

65 + 5     

UNDETERMINED 6     

Table 6: Transformation of the feature age, device and platform, Merkle Inc. Google Ads 

 

The Merkle Inc. dataset is applied in three separate predictive analyses containing four data models. The first 

analysis predicts the numeric values of clicks, the second is a multinomial target value and the third is a binary 

target value. To predict these target values, the feature clicks must be categorized into subgroups. To create 

multiple target values in the multinomial prediction, the feature clicks has been divided into three or five 

categories. The feature clicks is categorized based on the minimum and maximum values of clicks and the 

average number of clicks in the first, second, third and last quarters of the dataset. In the Facebook dataset, 

the multinomial target value is categorized into five values and the Google dataset into three. All target values 

are represented in Table 5 and 6. The label “Python estimations” in Table 7 and 8 represents how the dataset 

point for clicks is described in Jupiter Notebook when applying the code “data.describe(),” and these values 

are used as a benchmark when categorizing the feature clicks. The column “Categorization of clicks” represents 

how, clicks have been recategorized, based on the Python estimations. Lastly “Multinomial target value” 

indicates the numerical value of the predictive target group.  

 

PYTHON ESTIMATIONS CATEGORIZATION OF CLICKS MULTINOMIAL TARGET VALUE 

MIN 0 

25 % 1 

50 % 4 

75 % 8 

MAX 1,075 
 

0 

1 

2–4 

5–8 

8+ 

0 

1 

2 

3 

4 
 

Table 7: Multinomial classification, Merkle Inc. Facebook ads 
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PYTHON ESTIMATIONS CATEGORIZATION OF CLICKS MULTINOMIAL TARGET VALUE 

MIN 0 

25 % 0 

50 % 2 

75 % 7 

MAX 328 
 

0-1 

2-7 

7+ 

 

 

0 

1 

2 

 

 
 

Table 8: Multinomial target classification, Merkle Inc. Google Ads 

 

To explain the rearrangement of clicks in details, Table 7 will be used as an example. For the multinomial 

classification of Facebook ads, the first two categories of 0 and 1 clicks are untouched. This is because 25% of 

the dataset consist of ads with 1 click, and according to the aim of the study these are important to point 

down. The next 25% of the dataset has an average of 4 clicks, therefore clicks between 2-4 are defined as one 

category and the encoded value is 2. The rest of the table follows the same logic. The difference between the 

categorization for Facebook and Google Ads, is that clicks in the Facebook ads dataset is divided into five 

groups, whereas clicks in the Google Ads dataset is only divided into three groups. After dividing the feature 

into several target values, it was important to check for imbalance in the dataset, as it can affect the results. 

For the Facebook dataset, the multinomial targets consist of the following number of values: 0 = 433, 1 = 200, 

2 = 251, 3 = 419, 4 = 430. For the Google dataset, the distribution of clicks is as follows: 0 = 4,097, 1 = 7,271, 2 

= 3,733. The values in the Facebook dataset are relatively aligned; in the Google dataset, the value 1 of 7,271 

is a little out of range compared to the values of 0 and 2, however, the difference is not great enough that the 

dataset must be balanced.  

 

Furthermore, the analysis consists of a binomial prediction. A natural binomial classification predicts whether 

a campaign generated 0 clicks or 1 and above. However, diving further into the research, we questioned 

whether generating one click should be perceived as satisfying. What are the initial values of predicting a 

campaign that generated one click? Campaigns that generate only one click are they even a revenue stream 

when deducting the fee that Facebook or Google charges for implementing a campaign? Therefore, we 

reconsidered whether the binomial target values should be divided between 0 clicks and clicks equal or above 

1. The range of clicks is 0–1,075 for Facebook and 0–328 for Google. To determine which values of clicks can 

be seen as satisfying or performing well, the median value is used. Because the range of values is high, the 

median value is used to determine which campaign ads are performing well (1) and which are not (0). The 

median value is the middle number in a sorted, ascending or descending list of numbers and can be more 

descriptive of that dataset than the average. At times, the median is used instead of the average value when 
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there are outliers in the sequence that might skew the average of the values, which is the case in this dataset 

(“Median Definition,” n.d.). The median value for Facebook ads is 4, and the median value for Google Ads is 2. 

Table 9 and 10 represents the binary target applied in a predictive analysis.  

 

CATEGORIZATION OF CLICKS BINOMIAL TARGET VALUE 

0-3 0 

4-1075 1 

Table 9: Binomial target value classification, Merkle Inc. Facebook ads 

 

CATEGORIZATION OF CLICKS BINOMIAL TARGET VALUE 

0-1 0 

2-328 1 

Table 10: Binomial target classification, Merkle Inc. Google Ads 
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Dataset 2: Social Media Ad Campaign 

Table 11 contains an outline of the Social Media Ad Campaign dataset. Compared to the Merkle Inc. dataset, 

it contains additional features that are interesting to examine, features such as gender and interest.  

 

ID AD ID XYZ CAMPAIGN ID FB CAMPAIGN ID AGE GENDER INTEREST IMPRESSION 
0 708746 916 103916 30-34 M 15 7350 
1 708749 916 103917 30-34 M 16 17861 
2 708771 916 103920 30-34 M 20 693 
3 708815 916 103928 30-34 M 28 4259 
4 708818 916 103928 30-34 M 28 4133 

 
 CLICKS SPENT TOTAL_CONVERSION APPROVED_CONVERSION   
0 1 1.429999948 2 1    
1 2 1.820000023 2 0    
2 0 0 1 1    
3 1 1.25 1 5    
4 1 1.289999962 1 10    

 

Table 11: Example of instances in the Social Media Ad Campaign  

 

Feature Conversion 

As explained in the previous section, the feature age is converted with the use of LabelEncoder, and Table 12 

and 13 is an overview of the transformed age and clicks categories. The additional features of spent, total 

conversions and approved conversions enable calculation of the digital marketing metrics. The additional 

features are CTR, CPC and CR. These digital marketing metrics are values used to measure and track the 

performance of the marketing campaign. The measurements are calculated based on the following equations. 

 

𝐶𝑇𝑅 =
𝐼𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛𝑠

𝐶𝑙𝑖𝑐𝑘𝑠
 

 

𝐶𝑃𝐶 = 	
𝑆𝑝𝑒𝑛𝑑
𝐶𝑙𝑖𝑐𝑘𝑠

 

 

𝐶𝑅 = 	
𝐶𝑜𝑛𝑣𝑒𝑟𝑠𝑖𝑜𝑛𝑠

𝐶𝑙𝑖𝑐𝑘𝑠
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AGE 

30-34 0 

35-39 1 

40-44 2 

45-49 3 

Table 12: Transformation of the feature age, Social Media Ad Campaign 

 

PYTHON ESTIMATIONS CATEGORIZATION OF CLICKS MULTINOMIAL TARGET VALUE 

MIN 0 

25 % 1 

50 % 8 

75 % 37 

MAX 421 
 

0 

1 

2–8 

9-37 

37-421 

0 

1 

2 

3 

4 
 

Table 13: Multinomial target classification, Social Media Ad Campaign  
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Data Evaluation 

This section explains how our results are processed without the risk of overfitting. Furthermore, an explanation 

of, on basis of which metrics the results are evaluated. Lastly highlighting our baseline model.  

 

When working with predictive models, there are chances for overfitting. However, the aim is to create models 

that are optimal and generalizing. To avoid the risk of overfitting, it is vital that the data used to build the 

model is not used to evaluate it, as that will result in always predict correctly according to the attributes (Müller 

& Guido, 2016). Consequently, if a data model is never shown to new data, it would not be possible for it to 

generalize well. Therefore, the dataset is spilt into two, a training dataset which the models is built on and a 

test dataset which the models is tested on. In this project the training data consist of 70% of the whole dataset 

and the test data consist of the remaining 30%.  

 

The evaluation of results is based on the accuracy, confusion metrics, precision and recall. Accuracy is one of 

the most important evaluation metrics for checking the performance of any classification model and is an 

indicator for how much the model is capable of distinguishing between classes (Provost & Fawcett, 2013). 

Accuracy is calculated based on the following equation:  

 

𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑐𝑜𝑟𝑟𝑒𝑐𝑡	𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
𝑇𝑜𝑡𝑎𝑙	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

= 	
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

Precision measure how many of the predictions classified as positive are actually positive and is based on the 

following equation: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

Recall measure how many of the positive samples are actually identified correctly. The tradeoff between these 

two measurements, it that precision is important when the objective is to minimize false positive 

classifications. Whereas recall is used when the aim is to avoid false negative. Recall is calculated based the 

following equation: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
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Baseline Model 

A baseline model is the simplest form of all conducted models. It is predefined, that simple models are less 

likely to overfit. In case an overfitting is perceived in the baseline, it makes no sense to go further with a 

complex modelling, as the complexity will kill the performance. The aim of the baseline model is to be 

interpretable. The ability to explain will help the modeler to get a better understanding of the dataset and 

indicate a direction for feature engineering. In this project, the K-nearest Neighbor is defined at the simplest 

model. The baseline model will appear several times, however throughout the project it is tuned (Sennikova, 

2020). 

 

Results 

The following chapter discusses the results from the performed data-mining models. The results section 

consists of an explorative data analysis and predictive analysis for each dataset. Firstly, the results conducted 

on the basis of the Merkle Inc. is presented, followed by the results from the Social Media Ad Campaign 

dataset. For each dataset an EDA is presented to create an understanding of the of the dataset, and secondly 

the results from the predictive data models are represented. The four data-mining models are compared and 

evaluated based on the accuracies of the models and the confusion matrixes. The predictive models have been 

performed individually on the two campaign platforms, Facebook and Google Ads.  

 

Dataset 1: Exploratory Data Analysis for Merkle Inc. 

The exploratory data analysis is a good approach when working with supervised learning, a good practice to 

understand the data and gather insights. Exploratory data analysis is a tool to analyze data sets and refers to 

the process of performing initial investigations on data in order to discover patterns and summarize the main 

characteristics with the help of statistical graphs or data visualization methods. The exploratory data analysis 

section is a combined examination of the entire dataset, followed by an examination of the dataset individually 

based on the campaign platforms Facebook and Google Ads. This provides knowledge about the similarities 

for Facebook and Google Ads, and the difference in characteristics.    

 

To get an overview of the first dataset; Merkle Inc. a heatmap for the most important features was retrieved. 

The heatmap is a good way to acknowledge which features are important to further examine. 
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Figure 2: Heatmap for Merkle Inc.  

 

The heatmap shows a correlation between four specific features, hereby spends, impressions, clicks and link 

clicks. The strongest correlation is seen between impressions and link clicks at 0,96, followed by the correlation 

between impressions and clicks at 0,92. All features contained in the bright box are of interesting to further 

investigate and will be explored with the help of graphical visualization. 

 

Impression and Clicks 

The consumer journey begins with an impression, where the consumer the 

target of a specific advertisement. From this stage, the impression can 

become a click, eventually a purchase, which is defined as spend. The graph 

indicated a linear correlation between impressions and clicks, implying 

that, if the number of times a consumer is targeted with an advertisement 

is increased, the number of times a consumer clicks on an advertisement 

will grow accordingly.  

  Figure 3: Impressions and clicks, Merkle Inc. 
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Impression and Spends 

The correlation between impressions and spends can also be defined as 

linear, implying that increasing the number of impressions also increases 

the variable spend. However, some values in the bottom left corner have a 

low number of impressions but succeeds with a high spends. These ads 

have a higher return of ad spending because the amount of resource spend 

of impression is low, compared to other ads.  

 

 

Clicks and Spends 

The correlation between clicks and spends can be used to determine the 

return on ad spending. As displayed in the graph, there is significant 

correlation between the increasing number of clicks, and simultaneously, 

the increasing number of spends. This implies, that more clicks, is equal to 

more consumers are interested in buying the product. It can be concluded 

from the graph that an increase in clicks is equal to an increase in the 

return of ad spending.  

 

 
 

  

Figure 4: Impressions and spends, Merkle Inc. 

Figure 5: Clicks and spends, Merkle Inc. 
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Exploratory Data Analysis of Google and Facebook  

This section examines more closely the visualization of features individually for Facebook and Google Ads. 

Firstly, it is examined if there is variation in the number of impressions, clicks and spends when examining the 

datasets separately. Them, an examination of the features age and device follows.    

 

  
Figure 6: Visualization of impressions, clicks and spend, Facebook ads 

 

  
Figure 7: Visualization of impressions, clicks, spends, Google Ads 

 

To compare how Facebook and Google Ads performs, one can analyze the data by creating scatterplot 

diagrams and, thereafter, benchmarking the correlation between impressions, clicks and spends. When 

analyzing the level of impressions between the two channels, it is clear that the Facebook ads generates a 

completely different scale of impressions than Google. In our research, the visual analysis provides us with the 

following insights, that Google Ads generates a lower absolute number of impressions compared to Facebook 
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ads. One hypothesis could be that the reason for the number of impressions being higher on Facebook ads 

compared to Google Ads, is that when companies choose Google as an advertising channel, the target 

audience is defined using specific keywords which are typed into the search engine. However, one could 

assume that the use of keywords shrinks the overall target group, however, allowing for a more focused one. 

 

Comparing the scatter plotter of Facebook and Google Ads shows, that Google Ads with only using impressions 

of 1,750 can generate spends up to 5,000, whereas Facebook ads uses impressions of 70,000 to generate a 

spend of 10,000, Facebook ads only generating 5,000 more than Google Ads, at the expense of a much higher 

impression rate. To cut it more into detail, observing the visualizations for Google Ads, indicates that an 

impression of 1,000 can generate 150 clicks, which generates between 2,000–4,500 in spends. However, to 

generate the same amount of spend at Facebook ads requires 400 clicks and 2,000–3,000 impressions. 

 

The fact that Google Ads is seen as better performing in terms of higher spends with low impressions, can 

either be explained with Google power to convert clicks into approved conversion such as purchase. Another 

potential explanation could be that the consumer group targeted in the Facebook ads dataset has a lower 

conversion rate between impression and clicks, and clicks and spend compared to Google Ads. When analyzing 

the feature spend based on the scatterplot, it is perceived that Facebook ads can generate double the amount 

of spend compared to Google Ads. A potential explanation for the high spends, could be, that more people are 

buying the same product, increasing the sum of spend. Another potential explanation could be, that the 

consumer group targeted in Facebook ads is broad, leading to low rate of conversions. However, the customer 

group many be willing to purchase more expensive products, or the general advertisements at Facebook are 

for industries that sell more expensive products compared to Google. Considering the graphs in terms of profit, 

one possible explaining of the high click rate in Facebook ads, could be that Facebook aims after a higher click 

rate, as that is one of their profit mechanisms.  

 

To further examine the conversion rate between impressions and clicks and to determine which channel has 

the best ability to transform impressions into clicks, the click-through-rate (CTR) will be calculated in the 

upcoming section.  
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Figures 9 and 10 illustrates the age distribution among Facebook and Google Ads. The Facebook dataset 

consists of 1,733 rows, among these rows 488 campaigns are targeted to the 25–34 age group. Hereafter the 

numbers of campaign decreased intact with the age demographic increases. The lowest number of campaigns 

is targeted to the 56–64 age group by 283 incidents. The age distribution across campaigns is similar for the 

Google dataset, with the 25–34 age group being the most targeted followed by the age groups 35–44, 45–54, 

56–64 and 65 plus. The only difference is that Google targets a larger demographic, also covering the 65 plus 

age group and a younger population of 18–24 two age groups that are not included in the Facebook dataset. 

Based on this dataset it is indicated that Google ads has a wider consumer group compared to Facebook. Based 

on this dataset, it is indicated that Google Ads reach a wider consumer group compared to Facebook, which is 

targeted towards a more specific group of people who might be more financially strong and independent.  

 

 

Figure 10: Impression and spends across age categories, Facebook ads 

 

 

  

Figure 8: Age distribution, Facebook ads Figure 9: Age distribution, Google Ads 
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Figure 11 provides an overview of the ratio and relationship between impressions and spend. Impression is a 

fraction of the total advertising spends, and can be seen as costs, where spends is the return of ad spending. 

The total number of impressions is highest for the age group 25–34 and decline when the variables age 

increases. The total value of spends, also referred as return of ad spend, follows the same pattern as the 

impression figure. The number of spends is lowest within the 56–64 age group, however, at the same time the 

advertising spends is also the lowest, if measured by impressions.  

 

  
Figure 11: Impressions and spends across age categories, Google Ads 

 
For the Google Ads dataset there is also a positive correlation between impressions and spends.  

 25-34 35-44 45-54 55-64 

CTR (mean) 2,5% 2,9% 3,3% 2,0% 

 

Table 14: Click through rate values for age categories - Facebook ads 

 

 18-24 25-34 35-44 45-54 55-64 65 + 

CTR (mean) 24,5% 19,2% 22,3% 18,5% 18,3% 18,1% 

 

Table 15: Click through rate values for age categories, Google Ads 

 

Due to a lack of information regarding advertising spends and conversion, the only digital marketing metric 

that can be calculated is the CTR, which is an indicator of how many percentages of the people in the target 

group reacts with a click. This feature only gives an understanding of the first part of the customer journey, 

and based on the existing data, we are unable to tell anything about how many clicks turns into actual 

purchases. There is a significant difference in the CTR for respectively Facebook ads and Google Ads. The 
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benchmark for average CTR varies by industry, as since the datasets do not contain any information about the 

product category, we are unable to benchmark the CTR in relation to specific industry. Instead, an average 

CTR for Facebook ads across all industries is used for comparison purposes. The average CTR for Facebook ads 

is 0,90% (Irvine, 202). Comparing the average click through rate of 0,90% with Table 14 indicated that the CTR 

calculated based on the Facebook ads dataset are very well performing and significantly above average. The 

average CTR for Google Ads can highly vary. In terms of Google Search, which is the one represented in the 

dataset, the CTR is highly dependent on where you place your ad and can be as high as 30%. Important to note 

that the average CTR on Google search is approximately 2-3%, and 10x more that The Google Display Network. 

According to the benchmarks of Google Search the CTR results are reasonable, and it can be determined that 

the Ads on which the Google dataset is collected on, had a good ad position due to the high CTR (Wordstream, 

n.d.). The age group with the highest CTR in Google Ads is 18-24 with a value of 24,5%, and 45–54 with a value 

of 3,3% for Facebook ads.  

 

In comparison to Facebook ads, Google Search is almost 100 times better performing. A potential explanation 

is that Facebook has a relatively reduced number of options in term of ad formats and targeting options, which 

are the driving forces for ad relevance and a high CTR. Another option could be that users are less responsive 

to banner ads across social network compared to when using other types of websites (Wordstream, n.d.).  

 

Sub conclusion for Exploratory Data Analysis 

Based on the explorative data analysis is can be stated that there is a good correlation between impressions, 

clicks and spends in Facebook ads and Google Ads. The differences among these two platforms are seen in the 

target groups, where Facebook ads has a focused age groups whom they target, whereas Google Ads has a 

much larger audience. Furthermore, it appears that Google Ads have more capabilities within targeting users 

due to Google Search, making their impressions much more efficient compared to Facebook ads.  
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Dataset 1: Predictive Analysis 

The predictive analysis will be performed individually for the two respectively campaign platforms, Facebook 

ads and Google Ads. The predictive analysis embedded in this chapter is a prediction of numeric values, 

multinomial predictions and binomial predictions. The multinomial predictions are made among five target 

values for Facebook ads and three target values for Google Ads. The binomial prediction whether or not a 

certain ad will generate clicks, 0 or 1.  

 

Numeric Predictive Analysis 

The results from the first predictive analysis are represented in Table 16 and 17. The predictive analysis 

forecasts the numeric values of clicks. A mix of multiple features has been included in the model to 

acknowledge how it affects the development of the model and affect the accuracy value. 

 

INCLUDED 

FEATURES 

K-NEAREST 

NEIGHBOUR 

LOGISTIC 

REGRESSION 

RANDOM FOREST XGBOOST 

IMPRESSIONS  Test score: 0,240 Test score: 0,254 Test score: 0,23 Test score: 0,248 

IMPRESSION + AGE Test score: 0,240 Test score: 0,254 Test score: 0,232 Test score: 0,255 

Table 16: Accuracy values for numeric prediction, Facebook ads 

 

INCLUDED FEATURES K-NEAREST 

NEIGHBOUR 

LOGISTIC 

REGRESSION 

RANDOM FOREST 

(N=100) 

XGBOOST 

IMPRESSIONS  0,290 0,283 0,291 0,172 

IMPRESSION + AGE 0,279 0,284 0,302 0,301 

Table 17: Accuracy values for numeric prediction, Google Ads 

 

The accuracy for all performed data models can be classified as low, implying that all predictive data-mining 

models forecasting the numeric value of clicks are not acceptable. However, some interesting points can be 

retrieved when examining the development in the accuracy value based on the feature. The data models do 

not necessarily react positively when adding the feature age to impressions. In Table 16 no difference occurs 

by adding the feature age in data models for K-nearest neighbor, logistic regressions and random forest. 

However, the data model XGBoost benefits from the addition of the age feature, the accuracy value, which 

increases from 0.248 to 0.255. In the results from Google Ads in some cases, the additional feature age leads 

to a reduction in the accuracies. This is observed in Table 17 in the results from the K-nearest neighbor data 
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model, where the value decreases from 0,290 to 0,279. However, the other data models in Table 16 benefits 

from the addition of the feature age.  

 

Conclusively, it can be stated that the accuracy of the numeric predictions was overall low. The addition of the 

feature age either had no effect on the accuracy results or only had a small impact on the increase of accuracy 

value for Facebook ads. However, for Google Ads, the reserve affect was observed either as a decrease in the 

accuracy value or as an overall increase in the performance. In both datasets the XGBoost data models reacted 

best to the additional feature. Due to the low accuracies, the inclusion and discussion on confusion matrix has 

not been considered important. The features impressions and age will, moving forward, still be evaluated 

solely and together, in order to observe how it affect the data mining model.  

 

Multinomial Predictive Analysis 

The next predictive analysis is the multinomial predictions. The results section is compiled by first presenting 

the results from Facebook ads. Table 18 represents the accuracy values without tuning the hyper parameters, 

and Table 19 presents the accuracy value with tuned hyperparameters for several features. Mapping out the 

results in the given order, provides the ability to determine to which extent tuning the hyperparameters affects 

the overall performance of the model and offers the understanding of how the combination of features impact 

the performance. In Table 19, which includes the turned accuracy values, an extra row has been added to 

indicate which parameters have been tuned for the specific data model.  

 

INCLUDED FEATURES K-NEAREST 

NEIGHBOUR 

LOGISTIC 

REGRESSION 

RANDOM FOREST 

(N=100) 

XGBOOST 

IMPRESSIONS  Train score: 0,743 

Test score: 0,610 

Train score: 0,700 

Test score: 0,665 

Train score: 0,835 

Test score: 0,581 

 

Test score: 0,577 

IMPRESSIONS, 

AGE 

Train score: 0,750 

Test score: 604 

Train score: 0,688 

Test score: 0,658 

Train score: 0,906 

Test score: 0,563 

 

Test Score 0,604 

Table 18: Accuracy values for multinomial, Facebook ads 
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INCLUDED 

FEATURES 

K-NEAREST 

NEIGHBOUR 

LOGISTIC 

REGRESSION 

RANDOM FOREST 

 

XGBOOST 

IMPRESSIONS  Train score: 0,721 

Test score: 0,644 

Train score: 0,700 

Test score: 0,665 

Train score: 0,725 

Test score: 0,667 

 

Test score: 0,663 

IMPRESSIONS, 

AGE 

Train score: 0,721 

Test score: 0,646 

Train score: 0,700 

Test score: 0,665 

Train score: 0,734 

Test score: 0,663 

 

Test score: 0,667 

TURNED FEATURES Leaf = 7 

Leaf = 9, P = 1, N = 12 

C = 0,001 Max depth 5 

N = 124 

Max depth = 2 

N = 10 

Table 19: Accuracy values for multinomial turned data models, Facebook ads 

 

In Tables 18 and 19, the accuracy values conducted on the basis of the Facebook ads dataset are is 

represented. In Table 18, the simplest form of all data models is conducted, and in the second table all data 

models have been tuned by regulating hyperparameters by applying a grid search. By tuning several 

parameters an improvement is perceived in all data models, with either impressions, or impression and age as 

features. After turning the parameters, it is more essential to review which of the data models performs best. 

Based on the accuracy values from Table 19, the top-performing data model is XGBoost. It has the highest 

accuracy value of 67% when applying two features, impression and age. The second-best model is the logistic 

regression with an accuracy value of 66,5%. To further examine these values, the confusion metrics would be 

a useful supplement.  

 

Table 20 represent the confusion matrix, for the two best performing data models, after tuning the 

hypermeters. The table contains the confusion matric, precision and recall for the logistic regression and 

XGBoost. 
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Facebook ads Logistic regression XGBoost 

  0 1 2 3 4 

0 112 6 4 2 9 

1 34 4 12 4 0 

2 22 8 37 23 0 

3 2 2 23 94 17 

4 0 0 0 17 99 
 

 0 1 2 4 5 

0 110 2 8 2 9 

1 29 3 9 13 0 

2 17 5 24 44 0 

4 1 0 9 111 17 

5 0 0 0 17 99 
 

   

                 Precision  Recall     f1                 Precision    Recall      f1 

 

 

 

 

 

 

0 0,66 0,92 0,77 

1 0,20 0,07 0,11 

2 0,49 0,41 0,45 

3 0,68 0,68 0,68 

4 0,85 0,85 0,85 

W.Avg 0,63 0,67 0,65 
 

0 0,70 0,90 0,79 

1 0,30 0,06 0,09 

2 0,48 0,27 0,34 

3 0,59 0,80 0,68 

4 0,85 0,85 0,85 

W.Avg 0,63 0,67 0,63 
 

   

Table 20: Confusion matrix, precisions and recall for best performing data models, Facebook ads 

 

 Logistic regression XGBoost 

Classes True (TN+TP) False (FP+FN) total True (TN+TP) False (FP+FN) total 

0 = 0 clicks 452 79 531 461 68 529 

1 = 1 click 465 66 531 471 58 529 

2 = 2–8 clicks 439 92 531 437 92 529 

3 = 8–37 clicks 441 90 531 426 103 529 

4 = 38+ clicks 488 43 531 486 43 529 

Total 2,285 370 2,665 2,281 364 2,645 

Table 21: Scheme for true and false classifications among classes, multinomial, Facebook ads 

 

To understand the numeric values from the confusion matrix from Table 20, the true and false values have 

been calculated and represented in Table 21.  Evaluating the models on the basis of the average precision and 

recall, it a bit challenging, because the numbers are equal. However, examining Table 21 indicates that 
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XGBoost in percentage is better at classifying true classes, compared to logistics regression. This is calculated 

as following: 

  

𝐿𝑜𝑔𝑖𝑠𝑡𝑖𝑐	𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 =
2285 ∙ 100
2665

= 85,74% 

 

𝑋𝐺𝐵𝑜𝑜𝑠𝑡 =
2281 ∙ 100
2645

= 86,23% 

 

The following tables represent the same data models with the same features performed with Google Ads.  

 

INCLUDED 

FEATURES 

K-NEAREST 

NEIGHBOUR 

LOGISTIC 

REGRESSION 

RANDOM FOREST 

(N=100) 

XGBOOST 

IMPRESSIONS  Train score: 0,744 

Test score: 0,735 

Train score: 0,738 

Test score: 0,727 

Train score: 0,754 

Test score: 0,743 

 

Test score 0,744 

IMPRESSIONS,  

AGE 

Train score: 0,750 

Test score: 0,724 

Train score: 0,748 

Test score: 0,741 

Train score: 0,774 

Test score: 0,746 

 

Test score: 0,757 

Table 22: Accuracy values for multinomial, Google Ads 

 

INCLUDED 

FEATURES 

K-NEAREST 

NEIGHBOUR 

LOGISTIC 

REGRESSION 

RANDOM FOREST 

(N=100) 

XGBOOST 

IMPRESSIONS  ‘- 

‘- 

Train score: 0,738 

Test score: 0,727 

Train score: 0,750 

Test score: 0,746 

 

Test score 0,745 

IMPRESSIONS,  

AGE 

‘- 

‘- 

Train score: 0,748 

Test score: 0,742 

Train score: 0,765 

Test score: 0,760 

 

Test score: 0,761 

TURNED FEATURES ‘-  

C = 0,001 

Max depth = 3/5 

N = 64/112 

Max depth = 2 

N = 100/64 

Table 23: Accuracy values for multinomial turned data, Google Ads 

 

Analyzing the results from Table 22 and 23 indicates that the logistic regression model did not perform better 

by tuning the C value when only including the feature impressions. In the K-nearest neighbor data model, a 

grid search for leaf size, P and N neighbor was performed, however, due to a high computer run time of at 

least one hour the grid search was terminated. As a result, only the tuned accuracy values from three data 

models can be evaluated here among logistic regression, random forest and XGBoost. The two best-
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performing models are XGBoost with an accuracy value 76,1% and the second-best performing data model is 

random forest with an accuracy value of 76%. Quite similar tendencies as perceived in the Facebook ads data. 

 

Google Ads Random forest XGBoost 

  0 1 2 

0 800 416 2 

1 342 1671 139 

2 0 194 967 
 

 0 1 2 

0 790 426 2 

1 325 1661 166 

2 0 163 998 
 

   

  Precision Recall F1 

0 0,70 0,66 0,68 

1 0,73 0,78 0,75 

2 0,87 0,83 0,85 

W.Avg 0,76 0,76 0,76 
 

 Precision Recall F1 

0 0,71 0,65 0,68 

1 0,74 0,77 0,75 

2 0,86 0,86 0,86 

W.Avg 0,76 0,76 0,76 
 

Table 24: Confusion matrix, precision and recall for best performing data models, Google Ads 

 

The average precision and recall values for random forest and XGBoost are equal, however the values are 

different among classes.  

 

 Random forest XGBoost 

Classes True (TN+TP) False (FP+FN) total True (TN+TP) False (FP+FN) total 

0 = 0-1 clicks 3,771 760 4,531 3.778 753 4,531 

1 = 2-7 clicks 3,440 1,091 4,531 3,451 1,080 4,531 

2 = 7+ clicks 4,196 335 4,531 4,200 331 4,531 

Total 11,407 2,186 13,593 11,429 2,164 13,593 

Table 25: Scheme of true and false classification among classes, Google Ads 

 

Observing the results in Table 25, indicates that XGBoost is better at classifying true classes. XGBoost has 20 

classification more in the true classes compared to Random forest. This implies that, the data model XGBoost 

for multinomial target value based on Google Ads performs a bit better than random forest.  
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Binomial Predictive Analysis 

The third analysis is based on a binomial prediction. To perform a binomial prediction, the feature clicks has 

been transformed from several numeric values into 0 and 1. To determine whether a value should be classified 

as 0 or 1, the median value has been applied, because it separates the higher half from the lower half of the 

dataset. The median values for the Facebook and Googles datasets are 4 and 2, respectively. To simplify the 

above, in the Facebook dataset, all values below 4 are classified as 0, and values equal to or above 4 are 

classified as 1. In the Google dataset, all values below 2 is classified as 0, and values equal to or above 2 are 

classified as 1. Instead of predicting clicks between 0 and above 1, the median value is applied because, 

considering the aim of the entire project relays on how user-generated data can be used to make profit on 

platforms. Therefore, by applying the median value, clicks are classified into the better performing and less 

good performing and is more profit orientated. Table 26 and 27 follows the same structure as the previous 

illustrations.  

 

INCLUDED 

FEATURES 

K-NEAREST 

NEIGHBOUR 

LOGISTIC 

REGRESSION 

RANDOM FOREST 

 

XGBOOST 

IMPRESSIONS  Train score: 0,915 

Test score: 0,852 

Train score: 0,902 

Test score: 0,873   

Train score: 0,949 

Test score: 0,838 

 

Test score: 0,860 

IMPRESSIONS,  

AGE 

Train score: 0,918 

Test score: 0,860 

Train score: 0,905 

Test score: 0,869  

Train score: 0,975 

Test score: 0,843 

 

Test score: 0,856 

Table 26: Accuracy values binomial, Facebook ads 

 

INCLUDED 

FEATURES 

K-NEAREST 

NEIGHBOUR 

LOGISTIC 

REGRESSION 

RANDOM FOREST XGBOOST 

IMPRESSIONS  Train score: 0,907 

Test score: 0,869 

,- Train score: 0,905 

Test score: 0,871 

 

Test score: 0,871 

IMPRESSIONS,  

AGE 

Train score: 0,909 

Test score: 0,869 

Train score: 0,902 

Test score: 0,877 

Train score: 0,906 

Test score: 0,873 

 

Test score: 0,871 

TURNED 

PARAMETERS 

Leaf size = 30/2 

P = 1 

N = 15 

C = 0,01 Max depth = 4/3 

N = 100/64 

Max depth = 2  

N = 20  

(Age + impressions) 

Table 27: Accuracy values binomial tuned data, Facebook ads 
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Based on the turned data models, the best-performing model is logistic regression with an accuracy value of 

87.7%, followed by the random forest data model. The worst-performing model is the K-nearest neighbor with 

an accuracy rate of 86.9. However, seen from a broader perspective, the accuracy results from the K-nearest 

neighbor data model are relatively close the accuracies results from the logistic regression.  

 

Table 28 and 29 represent the results from data models performed with the Google Ads dataset.   

 

INCLUDED 

FEATURES 

K-NEAREST 

NEIGHBOUR 

LOGISTIC REGRESSION RANDOM FOREST 

 

XGBOOST 

IMPRESSIONS Train score: 0,823 

Test score: 0,828 

Train score: 0,822 

Test score: 0,825 

Train score: 0,840 

Test score: 0,848 

 

Test score: 0,850 

IMPRESSIONS, 

AGE 

Train score: 0,832 

Test score: 0,835 

Train score: 0,831 

Test score: 0,837 

Train score: 0,853 

Test score: 0,852 

 

Test score: 0,858 

Table 28: Accuracy values binomial, Google Ads 

 

INCLUDED 

FEATURES 

K-NEAREST 

NEIGHBOUR 

LOGISTIC REGRESSION RANDOM FOREST 

 

XGBOOST 

IMPRESSIONS ,- Train score: 0,837 

Test score: 0,846 

Train score: 0,840 

Test score: 0,846 

 

Test score: 0,850 

IMPRESSIONS, 

AGE 

,- Train score: 0,834 

Test score: 0,843 

Train score: 0,849 

Test score: 0,862 

 

Test score: 0,862 

TUNED 

PARAMETERS 

 C = 0,001 Max depth = 4 

N = 100 

Max depth 2 

N = 400 

Table 29: Accuracy values binomial turned data, Google Ads 

 

Based on the results above, it can be determined that random forest and XGBoost are equally reliable data 

models. Unfortunately, it is not possible to evaluate the tuned accuracies for K-nearest neighbor. Nevertheless, 

the K-nearest neighbor accuracy value is lowest among all data models in the first result scheme, which 

possibly implies that even tuning the K-nearest neighbor model would not lead to the data model being among 

the best-performing data model.  

 

In general, it can be stated that all binomial predictive models performed incredibly better in comparison to 

the previously performed predictive analysis of numeric values and multinomial. This depends on the fact that 



   

 

63 out of 95 

 

 

the binomial data models are only predicting between only two target values which is far less specific than the 

numeric or multinomial prediction. The overall performance of all data models in Table 27 and 29 are tightly 

coupled, and the difference is also spotted in the decimal numbers. To further evaluate the results from Table 

27 and 29, the confusion matrix is applied.  

 

When evaluating confusion metrics, the following terms are applied TP, TN, FP and FN. In order to relate these 

terms to this specific project an explanation has been added below.  

o TP (True positive), predicts clicks will be above one, and is one.  

o TN (True negative), predicts clicks be zero, and is zero. 

o FP (False positive), predicts clicks will be one, but is not one. 

o FN (False negative), predicts clicks will be zero but is one.  

 

Facebook ads Logistic regression Random forest 

 TN FP 212 32 

FN TP 32 244 
 

TN FP 216 28 

FN TP 39 237 
 

   

                 Precision  Recall     f1                 Precision  Recall     f1 

 0 0,87 0,87 0,87 

1 0,88 0,88 0,88 

W.Avg 0,88 0,88 0,88 
 

0 0,85 0,89 0,87 

1 0,89 0,86 0,88 

W.Avg 0,87 0,87 0,87 
 

Table 30: Confusion metric for best performing binomial data models, Facebook ads. 

 

Google Ads Random forest XGBoost 

 TN FP 1637 362 

FN TP 261 2271 
 

TN FP 1645 354 

FN TP 273 2259 
 

   

                 Precision   Recall    f1                 Precision  Recall   f1 

 0 0,86 0,82 0,84 

1 0,86 0,90 0,88 

W.Avg 0,86 0,86 0,86 
 

0 0,86 0,82 0,84 

1 0,86 0,89 0,88 

Avg 0,86 0,86 0,86 
 

Table 31: Confusion metric for best performing binomial data model, Google Ads 
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In the following section, the confusion matrix, precision and recall for the best-performing data models are 

discussed. The confusion matrix in Table 30 and 31 maps out how the instances are distributed among the 

four classes. For each advertising channel, the two best-performing data models are compared. To compare 

these to data models and to appoint one specific data model as the best, the classification among the four 

classes is examined. The ultimate goal is to have most incidents categorized within TN or TP, and the fewest 

within FP and FN.  

 

The two best-performing data models for the Facebook ads were the logistic regression and random forest, 

with a minimal difference in the accuracy value. Based on the confusion metric for the logistic regressions, it 

can be established that the logistic regression has more incident categories within TN and TP compared to 

random forest. The logistic regression has 456 correctly classified instances whereas random forest has 453 

correctly classified. The difference between these the data models occurs in the distributions among TN and 

TP. The random forest is better at classifying TN, whereas the logistic regression is better at predicting TP. 

Therefore, it is important to raise the question about whether it is most important to identify the TN or TP 

values for this project. In relation to Facebook ads, the target goal is to identity clicks below 3 or identify clicks 

above 4. The precision and recall values for logistics regression and random forest are minor. In the logistic 

regression there is only a 0,1% of difference between the values, whereas for random forest the value varies 

more, from 86% to 89%. If assuming, that based on this analysis, the publisher is more focused on the positive 

values, because they want to determine the ads that generates more than 4 clicks in advance. In this case, it 

can be stated that a higher recall value is important because, the publisher do not wish to predict a 

classification and generating 0 clicks, when it actually generates more than 4 clicks. Based on the recall value, 

the logistic regression is more accurate.  

 

The two best-performing data models for Google Ads are random forest and XGBoost. The random forest has 

3,908 instances correctly classified, whereas XGBoost has 3,904 instances correctly classified. A small variation 

of 4 instances is the differences between random forest and XGBOOST. The difference between these two 

predictive models, is that XGBoost is more efficient when classifying TN values, whereas random forest is more 

efficient when classifying TP values. Again, the question is raised about which one of the classes is most 

important to predict.  
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Sub Conclusion for Predictive Analysis  

To summarize the results from three performed predictive models, hereby a numeric prediction, multinomial 

prediction and binomial prediction, it can be stated that, in most cases, the random forest and XGBoost are 

the best-performing data model. In the numeric prediction the XGBoost data model generated the best results 

for Facebook ads. For Google Ads, the random forest was the best predictor, followed by XGBoost. In the 

multinomial prediction for Facebook ads, random forest has the best performance, followed by XGBoost. For 

Google Ads, XGBOOST was the best performing data model, followed by random forest. Based on the results 

from the numeric predictive analysis and multinomial, a clear pattern is drawn, with random forest and 

XGBoost as the ultimately best performing models. However, a small difference occurs in the binomial 

predictive analysis, where logistic regression is, by far, best performing model for Facebook ads. For Google 

Ads, the best-performing models are random forest and XGBoost with equal accuracy values, however, the 

Random forest has a slightly higher number of correctly classified instances.  

 

A clear pattern appears in the predictive analysis, where random forest and XGBoost are classified as the best-

performing data models, when classifying clicks with the use of impression and age as features. Table 32 

provides a brief overview to summarize which data model performs best in each predictive model according 

to the advertising channels in play.  

 

 Numeric Multinomial Binomial 

Facebook XGBoost Random forest Logistic regression 

Google Random forest XGBoost Random forest 

Table 32: Overview of Data Models 

 

Additionally, it is important to highlight that this analysis examines only the relationship between impression 

and clicks, the first part of the user journey. However, the next step is to examine the process of click and 

spends. 
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Dataset 2: Exploratory Data Analysis for Social Media Ad Campaign 

In the exploratory data analysis, the heatmap is visualized, which provides understanding of the correlation 

between the features. The heatmap shows a strong correlation between click, spent and impression, the same 

was prominent for the heatmap for the Merkle Inc. dataset. However, in this dataset a correlation between 

impressions and total conversion are also perceived.   

 

 
Figure 12: Heatmap for Social Media Ad Campaign 

 

To gain further understanding of the dataset, the distribution of the feature age and gender is examined. 

Figure 13 visualized the features, the distribution of gender is quite balances, with a small overrepresentation 

of the male sex. The defined age categorizes are 30-34, 35-39, 40-44 and 45-40. The 30-34 age group is mostly 

targeted, followed by the age groups of 45–49, 35–39 and 40–44.  

  

Figure 13: Age and gender representation, Facebook ads 
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The dataset consists of three campaigns respectively 916, 936 and 1178 that are run on different timeslots. 

The following examination will look into which one of the campaigns are performing best in terms of click rate 

and draw some conclusions about the reasons behind. 

  

Figure 14: Distribution of impression and ROAS across campaign Id, Facebook ads 

 

Figure 15 illustrates the number of impressions for all three campaigns. In general, it can be stated that the 

impression rate is higher for females along all three campaigns, leading to a higher advertising spend for 

females than men.    

 

 Impressions Clicks Approved Conversions 

Female 114862847 23,878 495 

Male 98571981 14,287 584 

 

Table 33: Distribution of features approved conversions, clicks and impression among gender, Facebook ads 

 

The distribution of impressions, clicks and approved conversions are represented in Table 33. The table maps 

out the user journey from seeing an advertisement, which can turn into a click and eventually a purchase. The 

difference in the user journey respectively female and male is quite significant based on the numeric values. 

In the initial of the user journey, more resources in terms of impressions are allocated to woman. The higher 

number of impressions for woman also leads to a higher number of clicks compared to the male gender. The 

CTR is naturally higher for females than males and is presented in Table 34. However, a turning point occur in 

the process between a click and a purchase, this is observed by analyzing the progress of CTR and CR. Even 

though the number of clicks is higher for female than male, then amount of purchase is lower for female than 

males. In other words, the average CR for females is 2,07% and almost the double for males with 4,08% 
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 CTR (MEAN) CR (MEAN) CPC (MEAN) 

Female 2,07% 2,07% 1,43 

Male 1,36% 4,08% 1,57 

 

Table 34: Calculated digital advertising marketing metrics, Facebook ads 

 

After determining the fact that CR is higher for males than females, it is interesting to analyze how consumers, 

respectively males and females, in different age categories, react throughout the user journey.  

 

Age Impressions Clicks Approved conversion 

30-34 36421443 4,384 299 

35-39 20665139 2,933 112 

40-44 16208132 2,559 77 

45-49 25277267 4,411 96 

    

Age CTR (MEAN) CR (MEAN) CPC (MEAN) 

30-34 0,99% 6,82% 1,57 

35-39 1,39% 3,81% 1,6 

40-44 1,79% 3% 1,54 

45-49 1,67% 2,18% 1,56 

 

Table 35: Digital marketing metrics for all male age categories, Facebook ads 

 

Table 35 represents the CR for males across age groups. By observing the values, it becomes evident that the 

age group 30–34 is the best age group to target. This age group have the highest CR of 6,82%, yet with the 

lowest CTR of 0,99%. The target group that are least efficient is 45–49 with the lowest CR of 2,18%.  
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Age Impressions Clicks Approved conversion 

30-34 31571576 5,099 195 

35-39 21439505 4,161 95 

40-44 23396175 5,177 93 

45-49 38455591 9,441 112 

 

 

   

Age CTR (MEAN) CR (MEAN) CPC (MEAN) 

30-34 1,35% 3,82% 1,44 

35-39 1,93% 2,28% 1,42 

40-44 2,21% 1,79% 1,41 

45-49 2,57% 1,18% 1,44 

 

Table 36: Digital marketing metric for all female age groups, Facebook ads 

 

The same analysis conducted for female has similar results as for men as presented in Table 36, the best age 

group to focus within the female gender is 30–34 age group with the highest CR value of 3,82%, followed by 

the 35-39 age group with CR value of 2,28%. 

 

Comparing the CR results for male and females, it can be stated that, males in the age group 30-45, 35-39 and 

45-49 has a higher CR compared to females. The only age group where females have a higher CR than males 

is the age group of 40-44.   

 

Sub Conclusion for Exploratory Data Analysis 

The best-performing campaign among all three was number 1178. Most resources were spent on this 

particular campaign in terms of capital mainly targeting females. The consumer journey shows that women 

are generally more prone to click on advertisement, however they do not complete the customer journey with 

a purchase. The reverse affect is seen for males, the general willingness to click on advertisement is lower than 

females, however the purchase willingness is higher. The CR indicates that the purchase intention is highest 

for males compared to women, and specifically in the age group 30–34. When analyzing the female gender 

solely, the highest purchase intention is also perceived for females between the age 30–34.  

 



   

 

70 out of 95 

 

 

Dataset 2: Predictive Analysis 

One predictive analysis has been conducted based on the Social Media Ad Campaign dataset. With the 

learnings in mind, from the predictive models conducted on the basis of the Merkle Inc. this section only 

focusses on the most interesting predictive models, which have been defined as the multinomial. The Social 

Media Ad Campaign dataset has additional feature that will be included in the predictive data models and 

discusses, how the additional features such as gender and interest impact the results, also in comparison to 

the multinomial predictive analysis conducted with Merkle Inc. Facebook data set.  

 

INCLUDED 

FEATURES 

K-NEAREST 

NEIGHBOUR 

LOGISTIC REGRESSION RANDOM FOREST 

(N=100) 

XGBOOST 

IMPRESSIONS Train score 0,843 

Test score: 0,790 

Train score 0,786 

Test score: 0,784 

Train score: 0,995 

Test score: 0,717 

Test score: 0,784 

N= 24 

IMPRESSIONS, 

GENDER 

Train score 0,843 

Test score: 0,790 

Train score 0,802 

Test score: 0,784 

Train score: 0,996 

Test score: 0,738 

Test score 0,787 

N = 24 

IMPRESSIONS  

AGE 

Train score: 0,845 

Test score: 0,790 

 

Train score: 0,796 

Test score: 0,805 

 

Train score: 1 

Test score: 0,840 

 

Test score: 0,819 

N = 24 

IMPRESSIONS 

SPENT 

Train score: 0,844 

Test score: 0,793 

 

Train score: 0,960 

Test score: 0,948 

 

Train score: 1 

Test score: 0,956 

 

Test score: 0,950 

N = 10 

IMPRESSIONS 

AGE 

GENDER 

SPENT 

Train score: 0,844 

Test score: 0,793 

Train score: 0,958 

Test score: 0,945 

Train score: 1 

Test score: 0,950 

Test score: 0,950 

N = 24 

IMPRESSIONS  

AGE 

GENDER 

INTEREST 

SPENT 

Train score: 0,845 

Test score: 0,790 

Train score: 0,877 

Test score: 0,837 

Test score:0,880  

C=10 

 

Train score: 1,0 

Test score: 0,959 

Test score: 0,950 

Test score: 0,959 

N=24 

 

Table 37: Predicting clicks based on different features, Facebook ads 

 

Table 37 summarizes the accuracy results from all multinomial predictive data models. When comparing the 

test score results, with the results from the multinomial predictive models based on the Merkle Inc. dataset, 
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represented in Table 19 and 23 there is a significant improvement in the accuracy value, tracing back to the 

additional features gender and interest.  

 

The best-performing models in this dataset is also random forest and XGBoost, and K-nearest neighbor is the 

data model with the overall lowest accuracy values. However, that can trace back to the fact, that we were 

unable to tune the parameters, due to lack of computer power. The interesting part of the K-nearest neighbor 

data model is the fact that no variation is observed in the accuracy, even after adding more features. The 

logistic regression performs best with the combination of features impressions, age, gender, interest and 

spent, with a test score of 88% after tuning the parameter C. Random forest and XGBoost performs best with 

the same features, random forest with a test score of 95,9% and XGBoost with a test score of 95,9%. 

 

In order to analyze the best-performing models in detail the confusions metrics have been presented below. 

Only the top two best-performing models confusion metrics is included. 

 

Facebook ads Random forest XGBoost 

  0 1 2 3 4 

0 55 0 0 0 0 

1 1 26 2 0 0 

2 0 2 81 5 0 

3 0 0 2 82 1 

4 0 0 0 1 85 
 

 0 1 2 3 4 

0 5 0 0 0 0 

1 0 27 2 0 0 

2 0 2 80 6 0 

3 0 0 2 82 1 

4 0 0 0 1 85 
 

   

                 Precision Recall   f1                 Precision Recall   f1 

 0 0,98 1,00 0,99 

1 0,93 0,90 0,91 

2 0,95 0,92 0,94 

3 0,93 0,96 0,95 

4 0,99 0,99 0,99 

W.Avg 0,96 0,96 0,96 
 

0 1,00 1,00 1 

1 0,93 0,93 0,93 

2 0,95 0,91 0,93 

3 0,92 0,96 0,94 

4 0,99 0,99 0,99 

W.Avg 0,96 0,96 0,96 
 

Table 38: Confusion metrics for the best performing data models, Facebook ads 
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In Table 38 it is observed that the average value of precision and recall for random forest and XGBoost are 

similar, however, among classes the values vary. To further examine the confusion matrix, the numerical values 

has been classifying in Table 39 between true and false classes for each data model. 

 

 XGBoost Random forest 

Classes True (TN+ TP) False (FP+FN) total True (TN+ TP) False (FP+FN) total 

0 = 0 clicks 343 0 343 342 1 343 

1 = 1 click 339 4 343 338 5 343 

2 = 2-8 clicks 331 12 343 332 11 343 

3 = 8-37 clicks 333 10 343 334 9 343 

4 = 421+ clicks 341 2 343 341 2 343 

Total 1,687 28 1,715 1687 28 1,751 

Table 39: True and false classes, Facebook ads 

 

The confusion metrics indicated the amount of TP, TN, FP, FN for each possible target value. To summarize 

the values, the tables above include all the values. To understand the principles the numbers for the data 

model XGBOOST will be explained below. when classifying 0 predictions the model classified all 343 values 

correctly. When the target value is 1, the model classified 339 values correctly and 4 falsely. When the target 

value is 2, the model classifies 331 values correctly and 12 falsely. For the target value 3 the model classified 

333 correctly and 10 falsely, and lastly 4 classifies 341 correctly and 2 wrongfully.  

 

When comparing the data models, there is no difference in the total classifications among true and false 

classes. However, looking into the details of each class, there is minor differences.  

 

Sub Conclusions for Predictive Analysis 

Based on the predictive analysis is it observed that, the data models perform best with difference input 

features. Random forest and XGBoost performs best with features age, gender, interest, impressions and 

spend. However, logistic regression performs best by only applying the following features age, gender, 

impression and spend. 
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The Future of Digital Marketing Analysis 

The following section is an extension of the previous two analyses. The aim is to investigate and discuss the 

existing substitutes for third-party cookies and to examine how advertisers and publishers, such as Facebook 

ads and Google Ads, benefit from third-party cookies. Furthermore, the goal is to create an understanding of 

which limitations the elimination of third-party cookies creates for Facebook’s and Google’s business models.  

 

The conducted analyses provide a useful understanding of Facebook’s and Google’s existing business models 

and how user-generated data can be applied to predict clicks and gain insights into one's consumer group. 

However, due to recently implemented regulations, such as the GDPR, that have placed constraints on third-

party cookies, the entire market for digital advertisements has shifted. Third-party cookies are among the main 

tactics applied by Facebook and Google to collect data, and they have had a major impact on how these 

companies perceive their business models. Throughout the years, many acts of resistance have targeted third-

party cookies. The first attempt to delimit third-party cookies was in 2017 by Apple, which introduced 

intelligence-tracking prevention to identity and block tracking cookies. In 2018, the GDPR went into effect, 

creating boundaries in the operation of third-party cookies (Manrique, 2021). In general, the GDPR stated that 

cookies, as far as they are employed to identify users, qualify as personal data and are subject to the GDPR. In 

application, this means that companies can continue processing user data, however, consent from the 

consumer is required (Koch, 2019). In the same year, Apple announced that third-party widgets would no 

longer be able to place cookies on visitors using Safari. This created a domino effect: First, Firefox cut off 

cookies and blocked storage access tracking from third-party tracking content, and second, Google announced 

that third-party cookies would be phased out by 2022 (Manrique, 2021).  

 

When analyzing the post-third-party cookie situation, it is important to highlight that the situations for 

Facebook ads and Google Ads may vary. This is due to the fact that Google is a search engine and runs on its 

own Chrome browser, whereas Facebook is an application that runs on a different platform. Consequently, 

changes made by Google or Apple will indirectly affect Facebook, because the application runs on their 

platforms—either Google Chrome or Safari. Advertisers comprise a third party that also plays a role and is 

affected by these changes. This leads to the question: What is the future of advertisement? To examine the 

question, we explore Google’s reason for phasing out cookies and examine how that decision affects Facebook.  
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Effect on Publishers 

Publishers are highly dependent on the use of third-party cookies to create targeted ads. Publishers and 

advertisers can be defined as the parties who have the most at stake in this cookie phase-out situation. 

Removal of third-party cookies will affect many of the existing functionalities that publishers apply, including 

retargeting, in which users are followed by a single ad campaign during their browsing activities (Wiles, 2020). 

This surely will limit the effectiveness of an ad campaign, and it also will affect publishers who want to redirect 

traffic back to their sites. Additionally, frequency capping will be affected; that is a functionality that limits the 

number of times an ad is displayed to the same user in a given time period, which is important for media 

efficiency (Benjamin, 2021). 

 

Facebook ads and Google Ads are both publishers and are affected by these changes. Facebook ads is one 

among many who have based their digital advertising strategy on the use of third-party cookies. However, in 

2018, Facebook adapted the use of first-party cookies. Third-party cookies help publishers identify a person 

who is using a specific website, and these cookies carry information between websites so that publishers can 

see how the user is moving through the internet. This provides platforms such as Google Ads and Facebook 

ads the ability to understand a user’s online history and then employ this data to target advertising messages 

(Digital Ninjas, 2021). The elimination of third-party cookies impacts Facebook’s ability to create targeted ads, 

since Facebook will no longer receive data from the webpage to which it directed a customer by an ad click. 

This leads to less information regarding conversions and an overall decline in ROAS. A report by the Interactive 

Advertising Bureau (IAB) states that publishers could lose up to $10 billion in ad revenue when third-party 

cookies are disabled, because of less utility in the personalization of ads. Google’s research also indicates that 

publishers could lose 50–70% of their revenue, unless they reconfigure their approach to digital advertising 

and data management by 2022 (Kholod, 2021). The removal of third-party cookies also has an impact on 

Google Ads, as Google will lose website cookie data as well. However, the troves of user data that Google had 

collected from its many widely used applications can still be used for targeting. Some observers believe that 

Google will profit the most from the removal of third-party cookies, as advertisers are indirectly forced to use 

first-party data, available in Google’s tools (Publift, 2021).  

 

Google Introduces Privacy Sandbox 

First, it is important to establish that tracking of users is not solely based on third-party cookies. Other 

technologies exist, including first-party cookies, storage, indexedDB and Web SQL. Second, the determination 

of third-party cookies at Google Chrome does not impact the function of first-party cookies, which will 

continue to operate with user consent (Cookiebot, n.d.). The decision to eliminate the use of third-party 
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cookies is a part of Google’s strategy of creating a Privacy Sandbox with open standards for tracking users 

while protecting their privacy. The Privacy Sandbox project by Google is a mission to “create a thriving web 

ecosystem that is respectful of users and private by default” (Google Site, n.d.).  

 

In an announcement, Google explained the purpose behind this transition, stating that users are demanding 

greater privacy, transparency, choice and control regarding how their data is used. Therefore, Google believes 

it is time that the web ecosystem evolves to meet these increasing demands. Google also voiced concern about 

how some browsers have reacted to these issues by blocking third-party cookies, stating that the company 

believes the quick disclosure of third-party cookies has unintended consequences that can negatively impact 

users and the web ecosystem. Specifically, it highlights that the undermining of the business model of ad-

supported websites encourages the user to apply opaque techniques such as fingerprinting, which Google 

considers to be invasive and a threat to users’ privacy and control. Google has stated that it discourages these 

workarounds and believes that, as a community, technology businesses can and must do better. The first step 

toward the fulfilling the Privacy Sandbox project is to eliminate third-party cookies, with an eye toward bringing 

forward more efficient solutions.  

 

The most challenging part of the mission is to overcome the normalization of pervasive cross-site tracking, 

atop of which the ability to create and monetize content has been built on.  Third-party cookies have been a 

part of the web since 1994 and before its commercial applications. Therefore, the entire system critically relies 

on third-party cookies, for example, through single sign-on and personalized ads. This indicates that replacing 

third-party cookies will not be an easy job. Google believes in creating a solution that considers both the user’s 

privacy and the publishers’ business needs. Studies have demonstrated that, when advertising is made less 

relevant by the removal of cookies, funding for publishers declines by up to 52%, on average. However, to 

pursue its mission, Google has developed some use cases to work with. Some of these initiatives are trust 

token APIs (application programming interfaces) to fight spam and fraud. Additionally, entry-level APIs allows 

reporting of ad click conversions, and FLoC (Federated Learning of Cohorts), to support interest-based 

targeting. The several use cases are designed to replace one of the functions in the targeted advertising 

ecosystem that is currently supported by third-party cookies (Schuh, 2019). 

 

Traditional vs. New Standards 

The second part of the analysis focused on the importance of stored data for publishers, giving them the ability 

to benefit from analyzing digital marketing metrics, such as CTR and CR. The removal of third-party cookies 

will affect the publisher’s ability to gather all this information, and therefore we find it important to further 
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explore the difference between applying entry level APIs to measure ad conversion compared to tradition data 

collection and discuss its impact om digital advertising marketing. To understand the differences, the structure 

for traditional cross site tracking and entry level APIs is mapped out. 

 

The traditional approach to measure ad clicks and conversions is by the use of cookies and tracking pixels. The 

process can be mapped out thusly: Person A searches for any product on a webpage, defined as “search.com.” 

The search webpage displays several ads to which Person A reacts, clicking on specific ads and proceeding to 

a new page, such as “shop.com.” All actions performed by Person A at “shop.com” are reported directly back 

to “search.com” by a tracking pixel sent by “shop.com”. This gives the webpage “search.com” the ability to 

identify every action performed by Person A. Ultimately, tracking pixels carrying cookies enable sites such as 

“search.com” to build profiles of people regarding their interests, purchasing power, habits, age and much 

more. 

 

The new API surface is an add-on to the web platform to satisfy advertisers and publishers in a manner that 

provides better privacy to users. The API alone will be unable to support all conversion measurement use 

cases, such as view conversions and even click conversion reporting, with more accurate conversion data. 

Instead, the API is among one of many potential APIs that will seek to reproduce valid advertising use cases in 

the web platform in such a way that preserves privacy. To boost the API, Google is also working on an extension 

by using server-side aggregation to provide richer data. The main idea revolves around adding two attributes 

to the HTML anchor element to increase user privacy. These two elements are attributiondestination and 

attributionsourceeventid. The attributiondestination is the domain the ad click will navigate to and the 

sourceeventid is a DOMString encoding a 64-bit unsigned integer that represents the event-level data 

associated with this source and identifies the ad (Google, n.d.). To explain how these two elements preserve 

a user’s privacy, three general steps in a user journey are mapped out and the technical aspects behind them 

are described.  

 

Following the same example as before, if the user is targeted with an ad and proceeds with a click, the browser 

navigates the user to a specific destination eventually by redirects. Here, the browser will store the ad click, 

for example, “The user-clicked webpage.com ad campaign XYZ on search.com.” Some security regulations 

have been included in the storing process. First, the link must be a component on the first-party website and 

the main framework, and neither the search engine nor the shop from which the purchase was made can read 

the stored ad click data or detect that it exists. In relation to the previous example, this implies that, neither 

“search.com” or “shop.com” has any possibility to store ad click data. A security element has been added to 
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the sourceeventid attribution by a limitation of 64-bits of information to enable unique identification of an ad 

click. Removing a single bit of data has significant trade-offs in terms of user privacy and usability to advertisers. 

Fewer bits provide the advertisers a smaller amount of data to work with; however, the users receive the 

benefit of greater privacy. Another included element is the fact that the browser stores the data for only a 

limited time, the duration of time is dependent on browsers. Thus far in the process, the browser has stored 

only the information that someone reacted to a specific campaign. The next step is to match conversions with 

ad clicks. 

 

In the traditional approach with third-party cookies, the advertisers would simply inform “search.com” of the 

conversion history, but that would be cross-site tracking. A conversion can be defined as different types of 

actions, for example a customer adding an item to the shopping cart, the completion of a purchase or signing 

up for newsletter. To match conversions with the use of entry-level APIs, the website from which the 

conversion operates redirects a request to the existing tracking pixel from its service to a well-known location 

to signal to the browser that a conversion is occurring. Basically, to trigger click attribution, the 

attributiondestination webpage must send an HTTP GET request to search.com. This is intended to support 

existing “tracking pixels” and make adoption easy. The security elements in this phase can be explained by the fact 

that neither “search.com” nor “webshop.com” has knowledge of any stored ad click data to be matched 

against. Moreover, they are not informed by the browser whether there was a match or not.  

 

The final step of the process is to send out ad click attribution data. Once the browser recognizes that a 

conversion took place for a user who had previously clicked on an ad, it sets a timer to send out the reports in 

a randomized time between 24 and 48 hours. The minute the randomized timer expires, the browser makes 

an ephemeral stateless post request to the search engine. The report would include something similar to this: 

“24 to 48 hours ago, some user who previously clicked on a specific destination campaign no. XYZ on this 

search engine was converted with data 10.” The logic behind delaying the report 24 hours is, because the 

delay ensures that a conversion which happened shortly after an ad click does not allow for speculative 

profiling of the user by search engine. Secondly, during the delay, the main webpage has the opportunity to 

signal further conversions, which occurrs during the users interacting with the webpage, and only the most 

important conversion will be sent in the POST request. The importance is measured through the optional 

priority parameter in the conversion redirect. As long as an attribution report has not yet been sent, it can be 

rescheduled based on a triggering event with higher priority. However, once the ephemeral, stateless POST 

request goes out, the stored ad click is consumed and cannot be used further (Willander, 2019). 
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The findings from analyzing the structure of entry level APIs compared to the traditional data collection 

method, can be explained in the following example. When a consumer is searching at, for example Yahoo.com 

operating in the Google Chrome browser, the search engine Yahoo will not be able to store data about whether 

a person reacted to a personalized ad, that power is distributed to the browser, which is Google Chrome in 

this example. In general, search engines are the one who will lose information, and bleed. However, it is 

important to remember that Google is a big platform with multiple application through which they can detect 

data. Implying, then even if the search engine Google cannot store data, Google Chrome as the operating 

browser have direct access. A statistic conducted by Statista, examines the market share of leading internet 

browsers worldwide, the results show that, Google Chrome as of February 2021 accounts for 63,64% of overall 

internet browser market share worldwide (Statista, 2021b).  

 

A comparison of the two models, the traditional and the new entry-level API, indicates that entry-level APIs 

creates a strong foundation that ensures privacy for users and simultaneously provides data to publishers. The 

overall differences are perceived in the limitation of data being transferred between websites. In the 

traditional approach, all conversions are sent from the advertiser’s webpage back to the publisher; however, 

in this proposal, there is limitation of 64-bits when the advertiser’s webpage redirects data back to the 

browser. A question still to be discussed is the number of reports that are sent out. The white paper document 

proposes that a browser specify a maximum number of reports that can be sent for a single source (Google, 

n.d.). The limitation of 64 bits reduces the amount of data the publishers can work with, on a time delay of at 

least 24–48 hours after the conversion occurred. However, when comparing the publisher’s side with the 

advertiser’s side in terms of who gains more information, it is clear that neither party gains. However, the 

browsers store most of the data, and, ultimately, experience the information gain in this process. Only the 

browser is capable of matching conversions with ad clicks; the advertisers are not informed about the stored 

ad clicks, meaning they gain no information about what directed the specific customer. This indicates that, in 

a situation in which Google is the operating browser, Google does not lose much information except from the 

constraint on 64 bits of information and from the prioritization of reports from the main webpage. This means 

that Google is the winning party in this situation, by removing its competitors’ ability to target users with 

website cookies. Additionally, Google could strengthen its advertising dominance by reducing the availability 

of data for other digital marketing companies. Website cookies have allowed competition within the 

advertising market to exceed, as digital firms have been able to collect their own data and sell premium ads 

based on it. 
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Trust Tokens 

Critics believe that use of the trust token API, which is also a part of Google’s Privacy Sandbox, will eventually 

increase the AdTech industry’s tracking abilities and ensure an even greater level of certainty around 

reidentification of users. Therefore, some opinions within this discussion are of the understanding that trust 

token solves only the issue AdTech industry has been facing in regard to tracking precision and ad fraud by 

bots (Cookiebot, n.d.). By definition a trust token is a new API to help fight fraud and distinguish bots from real 

humans, without the use of passive tracking. The trust token API generates unique, cryptographically signed 

tokens for each user that advertisers cannot employ for tracking but can access to determine whether a user 

is a bot or real person (Cimpanu, 2020). 

 

Federated Learning of Cohorts 

The FLoC technology is a new process introduced by Google to support ad-targeting without the use of third-

party cookies. A browser operating with FLoC clusters large groups of people with similar interests by collecting 

information about the users’ browsing habits. Each user’s browser will share a cohort ID, identifying which 

group they belong to (Cyphers, 2021).  

 

FLoC Parameters 

The FLoC technology is evaluated on the basis of three dimensions: privacy, utility and centralization. Privacy 

refers to what fraction of users are in a large cohort, utility refers to the features of similarity of users in the 

same cohort. Centralization refers to whether the information must be sent to a centralized server to calculate 

the cohort ID (Bindra, 2021: Google Research & Ads, 2020). The important questions associated with FLoC 

technology involve the trade-offs between privacy and utility. Greater utility means better ad targeting, but it 

may come at the cost of user privacy. Conversely, less utility results in less efficient ad targeting but meets the 

user’s security requirements. Therefore, the ultimate balance is difficult to define. Privacy is defined by a 

cohort ID as k-anonymous if shared by at least k users. Increasing the k value leads to more privacy protection 

for the user; for example, tracking one person in a group of 10 is easy, but increasing the k value to 1 of out 

100 makes is more difficult to identify one specific user (Bindra, 2021: Google Research & Ads, 2020). The time 

dimension in which FLoC operates is specified, as a cohort is recalculated on a weekly basis. The cohort is 

calculated using data from the previous week’s browsing. This results in FLoC cohorts being less useful as long-

term identifiers, however capturing data on a weekly basis provides the ability to measures how users behave 

over time (Cyphers, 2021). 
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Figure 16 is representation of how a user’s information is assigned to a cohort. The example highlights how 

users can be divided into various cohorts with the same properties.  

 

 
Figure 15: Cohort Assignment 

 

Google has rated the FLoC technology as effective in hiding individuals by classifying several profiles within 

one cohort and by applying only on-device processing to ensure a person’s web history is private on the 

browser. Google’s examination of FLoC confirms it as an effective replacement for third-party cookies to 

generate an interest-based audience. The test results indicate that advertisers can expect at least 95% of the 

conversions per dollar spent in comparison to cookie-based advertising. The specific result depends on the 

strength of the clustering algorithm that FLoC applies, and the type of audience being reached (Bindra, 2021).  

 

Risk Averse of FLoC 

The development of a technology that helps advertisers perform behavioral targeting without third-party 

cookies is not an easy task, and it is accompanied by other privacy issues. On the one hand, FLoC will avoid the 

privacy risks of third-party cookies, but it will create new ones that might result in intensifying privacy problems 

with behavioral ads, including discrimination and predatory targeting. The main idea behind FLoC is to enhance 

user privacy, but it involves sharing new information with advertisers, which could lead to new privacy risks. 

Additionally, FLoC could lead to issues with fingerprinting.  
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Google guarantees that each FLoC cohorts will contain thousands of users, and this rule applies to the majority 

of cohorts, reducing the ability that a cohort ID alone should distinguish one user from a few thousand others 

like. However, critics argue that FLoC still offers fingerprinters a massive head start. This is because if a tracker 

starts with a FLoC cohort, it must only distinguish one browser from a few thousand others (Cyphers, 2021). 

 

Consumer’s opinion 

A study conducted in the United States in May 2019 examined the public’s perception of targeted data and 

revealed that 27% of the respondents considered targeted advertisements to be a convenient way for them 

to see products in which they are interested. However, 51% of the respondents believed targeted advertising 

to be an inappropriate use of personal data, and the remaining 22% did not have an opinion (Statista, 2021) 

Extrapolation of these statistics to the entire U.S. population implies that half of Americans believe their data 

is being misused to some extent for advertising reasons. Therefore, it is important to mention that, if Google’s 

aim was to ensure greater privacy of users, how does that coexist with Google’s own estimate that the 

implementation of entry-level API, trust tokens and FLoC will allow 92% of the same output. Users’ data is still 

being used to create targeted advertising, even with the introduction of the Privacy Sandbox.    
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Discussion  

The following section is a discussion of the limitations perceived in the datasets and their impact on the results 

in the analysis.  

 

Limitations 

The first important aspect to meaning in regard to limitations, is that the entire study is conducted solely on 

the basis of secondary data. This implies that the entire project relies only on the application of secondary 

data, meaning that no information gathered on Facebook and Google was obtained through the use of 

interviews or surveys. Only applying secondary data does not negatively affect the analysis, however, is limits 

our business analysis and future effect of marketing analysis to only depend on research or interviews 

conducted by a third party. We could not have collected the applied datasets, and we were dependent on 

applying secondary data. Relying the data analysis only on the basis of secondary datasets, makes the entire 

scope of the entire project dependent on what type of dataset are possible to find on the internet, only giving 

us the ability to analyze very small datasets. However, the business analysis and future effect on digital 

marketing analysis could have benefited from interviews conducted with employees of Facebook or Google to 

discuss some of Google’s new initiatives within the Privacy Sandbox. Furthermore, interviews would have 

provided an understanding of Facebook’s perspective and the difficulties it is facing with the phase-out of 

third-party cookies.  

   

The implications from the data analysis are based on two different datasets, as each contained some 

limitations. The first limitation is the amount of data, with both datasets classified as small from a data 

management perspective. This does not impede our ability to create conclusions based on the datasets, but it 

does limit the application of this study’s implications on a general level. The Merkle Inc. dataset had a variety 

of 16 features, mostly concerning audience targeting. The dataset included the feature spend, defining how 

much the target group spends on the product. However, we were unable to calculate ROAS, as the advertising 

spends was not informed. In the Social Media Ad Campaign , the opposite occurred: ROAS could not be 

calculated due to a lack of information about purchasing spends; however, the feature advertising spends is 

informed. The digital advertising metric ROAS could not be calculated due to limitations in both datasets. A 

possible solution was to use a random purchasing spend value when working with the Social Media Ad 

Campaign, but that could lead to improper results.  
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Other limitations in the Merkle Inc. dataset were in the availability of features. Even though the dataset has 

16 features, the target audience was specified only by age group and not gender, limiting our ability to examine 

the data based on gender and any differences in their customer journey. However, the differences in the user 

journey were instead determined by the use of the Social Media Ad Campaign. The best scenario would have 

been to achieve the implications from the Social Media Ad Campaign based on the Merkle Inc. data, because 

the Merkle dataset was larger, and the results would gain more validity. However, that was not possible due 

to the limitations. Furthermore, the digital advertising metrics, specifically CPC and CPM, could not be 

calculated from the Merkle Inc. dataset, again because the feature advertising spends was not given. 

  

The data gives no indication of the geographical area from which the data is collected, limiting our ability to 

apply our results to a certain area, district or country. Very limited information is provided for the features 

product type and date. The product type is a unique value defined as product 1. If the product type was given, 

the data analysis could determine whether a specific product or industry would create a better income. 

Providing this information would offer Facebook an indication of whether ads from specific industries provide 

a higher CTR and result in larger profits compared to other types of ads.  
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Conclusion 

This chapter reviews the most important findings of the analysis. Additionally, possibilities for further research 

are discussed and a reflection of the entire project is included. The purpose of the process evaluation is to 

reflect upon our workflow and procedures. By evaluating our process, we can implement the learnings in our 

future research. 

 

Implications 

The implications presented in the following sections are a combination of all three analyses: business analysis, 

data analysis and the future effects on digital marketing analysis. First, the implications from the Facebook ads 

analysis are highlighted and then from the Google Ads analysis.  

 

Facebook ads 

Based on the business analysis, we can state that the Facebook business model is based solely on user-

generated data. Facebook is dependent on third-party cookies, but due to new regulations that will phase out 

this data source, advertisers can now make use of first-party cookies. We can also state through the business 

analysis that Facebook has a PPC and CPC business model.  

 

In both datasets, it is clear that impressions are an important feature, and a linear correlation is perceived 

between clicks and impressions. For Facebook ads the additional features such as age, gender and interest are 

beneficial to predict clicks. The application of these features increased the overall performance of all data 

models. Facebook ads focus on targeting age groups mainly between 25–34, 35–44 and 45–54, and the 

amount of targeted advertising is equally distributed among these age categories. Another smaller audience 

targeted by Facebook ads is the age category of 56–64. Ultimately, the greatest profit margin is found in the 

age group of 25–34, which correlates with the fact that the most impressions are generated within this group. 

However, there is also a positive correlation between the number of impressions in the age groups of 35–44 

and 45–54. Therefore, it is concluded that the age group 25–34 has the largest total spending, but by 

increasing impressions among users in the age groups of 35–44 and 45–54, Facebook will be able to increase 

its profit in these groups. The best-performing predictive analysis for Facebook is the binomial predictive 

analysis, with an accuracy of 83% with logistic regression data model.  

 

The elimination of third-party cookies in digital advertising impacts publishers such as Facebook ads and 

Google Ads and also affects the advertisers themselves. By disabling third-party cookies, the publishers will be 
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challenged to provide personalization and ad targeting. Comparing the effect on Facebook ads and Google 

Ads, it can be stated that Facebook is likely to face more challenges, as its business model revolves around 

advertising and it currently has access only to first-party data. 

 

Google Ads  

Through the business analysis it was observed that Google Ads has a PPC and CPC business model. Additionally, 

Google Ads is highly based on third-party cookies, meaning the new regulations have significant consequences 

for its business model. 

 

Google Ads has a broader focus group, basically covering all age groups from 18 to 65 and older. The most-

targeted age groups are 18–24, 25–34, 35–44 and 45–54. A linear correlation is perceived within all age 

categories in relation to impressions and spends, where users in the 25–35 group ultimately are the biggest 

spenders. There are reasons to believe that increasing impressions within the other age groups would also 

increase their spending. It was determined that Google Search has an incredible high CTR rate, because it 

operates based on key words. The CTR value was highest for the 18-24 age group. The best-performing 

predictive model is the binomial XGBOOST data model, with an accuracy value of 85%.  

 

The elimination of third-party cookies in digital advertising impacts publishers such as Facebook ads and 

Google Ads and also affects the advertisers themselves. Conversely, Google operates not only as Google Ads 

but has several gateways to capture information from the browser, among many other applications. The 

introduction of Google’s Privacy Sandbox can be a useful way of solving problems concerning user privacy and 

advertisers’ business through the implementation of entry-level APIs, trust tokens and FLoC. The technology 

is predicted to deliver more privacy to users, by handling user data under new standards and disabling cross-

site tracking. However, Google is still the winning party with access to much more user information compared 

to other players in the market. Users will still be exposed to targeted advertising, even under these new 

regulations. 

 

Conclusively, this study detects that user-generated data from Facebook and Google Ads can be used to make 

profit in various ways. For both digital platforms applies, that exploitation of user generated data can be used 

to gain insights within the habits of one’s various customer groups. In terms of which age groups are more 

willing to react to ads referring to the CTR, and which one are willing to purchase products referring to CR. 

User-generated data also provides an understanding of differences in the user journey across gender. The 

insights can be implemented in future advertisement and create value in terms of profit. Another way to apply 
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user-generated data was to performs predictive analysis, giving Facebook and Google the ability to predicts 

the performance of the feature clicks in advance.  

 

Further Research 

The academic research conducted thus far is limited by time and data availability. However, there is room for 

improvement and more detailed analysis to some extent. The data analysis is one section can be further 

explored in multiple ways. The conducted analysis predicts clicks based on a mix of features; additionally, it 

could also be interesting to predict spends based on impressions and clicks, thereby following the entire 

customer journey. 

  

Another highly interesting analysis would be to examine user behavior before and after the global COVID-19 

pandemic. The Merkle Inc. dataset contains data from before and during the pandemic. It would be interesting 

to explore whether there is a significance difference in the overall click rate, perhaps due to the stay-at-home 

restrictions. A possible outcome of the analysis could be an increase in certain age groups, impressions, clicks 

or spends. Another idea would be to analyze the shift between electronic devices; for example, we know many 

users are currently working from home, and perhaps this has prompted them to use their laptop for personal 

tasks, such as shopping, instead of using their cell phone. Many interesting implications could be drawn from 

this research. Additionally, if the feature product type was specified in the dataset, the pre- and post-pandemic 

analysis would certainly be able to draw a pattern about certain products that are coveted during a pandemic. 

From other research, we know these types of products to include loungewear, kitchen tools and gardening 

tools. 

  

The data analysis was conducted in the field of machine learning within classification through the use of four 

data-mining models. Another approach could have been to apply deep learning in the form of neural networks. 

 

Process Evaluation  

The process evaluation can also be termed as an evaluation of the methodology, as we are evaluating how the 

research has been processed and folded out. The research had a timeline that covered four months, and during 

this period, each part of the project was finalized. The first month was spent mostly on brainstorming ideas 

and limiting the areas on which we wanted to concentrate. When we had concluded that we preferred working 

with machine learning and data models, it was important to understand what type of data we wanted to work 

with, because this would affect the entire research scope. Through past experiences and courses, we found it 
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interesting to examine advertising on social platforms. In drafting an outline of the overall research topic, 

scope and purpose, we discovered that everything depended on our data. We were quick to decide that we 

would build the research solely on secondary data, as we knew beforehand it would be too difficult to gain 

access to data within the scope we sought. We were settled that we wanted to research the platforms 

Facebook and Google, because these two companies are known for largely basing their business models on 

cookies, which represent data generated by users.  

 

The first step after establishing the scope of the research was to actually find data. There were some 

disadvantages when choosing to work with Facebook and Google, but we discovered many elements to work 

with that could provide insights. The process of finding a relevant dataset was time-consuming, because there 

are many options on the internet, but it was difficult to find one that precisely matched our research aim. We 

ended up with two datasets, because they both had attributes that could help our research and, considering 

the dataset size and attributes, it was necessary to use both to reach the research goal. Finding a dataset was 

the first and most important part of the data collection process. The next part was locating enough credible 

articles and information about how the Facebook and Google Ads business models were built. After 

completing the project, we realized that, for the analysis of the business model, it could have been beneficial 

to have access to more inside information, such as that obtained through personal interviews with Facebook 

or Google employees. However, this was not possible with our deadline. A part of the process that was highly 

time-consuming, and that was unexpected, was the cleaning of data and understanding the data. We had two 

datasets—one that included data on both Facebook and Google and one that included only Facebook data. 

Because the goal was to analyze the data separately and together, a significant amount of effort was involved 

in making the datasets work together and provide an understanding of the various attributes. This process was 

neglected, but it did slow down the overall effort. We definitely were able to learn from experience that the 

data understanding process is much more time-consuming and important for the entire data analysis process.  

 

Another important aspect is that the third part of our analysis relies mostly on information that is quite new. 

No final explanations about FLoC are available yet, and there are many doubts about how reliable the 

predictions are. However, the disadvantages and delays experienced have created a number of possibilities 

for future research. Throughout this study, we were also able to evaluate which tools worked the best. We 

mainly used Python as the tool to execute our data models, but we did attempt to employ other tools, such as 

PowerBI for visualization and R Code to determine whether they were better fit for the data. However, we can 

conclude that, when doing data-based research, much more time and care are needed for the data cleaning 
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than the modeling part. This is because having a clean and stable dataset ensures that the results will be much 

more useful.  

 

Another important reflection to mention is our experience of working with the research method CRISP-DM, 

that we found the most suitable for this type of project. Given the duration within which our entire project 

was finalized, led to that several phases from the CRISP-DM model occurred simultaneously, such as business 

understanding, data preparation and modelling. This affected the entire process, as we managed to create an 

understanding within specific fields, after conducting several models, resulting in reconducting the data 

models which allowed for an iterative workflow. This makes us reflect on the importance of following the 

CRISP-DM model step-by-step.   
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Appendix 

 

Appendix 1: User Guide for Datasets and Python Codes 

The two datasets used in the study, Merkle Inc. and Social Media Campaign Ad, are datasets found on Kaggle. 

The datasets can be downloaded on the respective links below: 

 

Merkle Inc.: 

https://www.kaggle.com/loveall/clicks-conversion-tracking 

 

Social Media Campaign Ad: 

https://www.kaggle.com/avinashlalith/merkle-sokrati-advertising-

campaign?fbclid=IwAR1s1Ax2QWXUBK2Z_PZRvX8jyZc6c7UhT6hWSAHDoM2SqQ5tKYnMkE8q3Yg 

 

In the ZIP file all Python coding has been attached. The codes are saved as PDF files and categorized in four 

folders. The four folders are binominal, EDA, Multinominal and Numeric.   


