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Abstract 

Recommendation systems are gaining more popularity because of the 

complexity of problems that they provide a solution to. There are many 

applications of recommendation systems everywhere around us. 

Implementation of these systems differs and there are two approaches that are 

most distinguished. First approach is a system without Machine Learning, 

while the other one includes Machine Learning. The second approach, used 

in this project, is based on Machine Learning collaborative filtering 

techniques. These techniques include numerous algorithms and data 

processing methods. This document describes a process that focuses on 

building a job recommendation system for a recruitment industry, starting 

from data acquisition to the final result. Data used in the project is collected 

from the Pitchler AB company, which provides an online recruitment 

platform. Result of this project is a machine learning based recommendation 

system used as an engine for the Pitchler AB IT recruitment platform. 

 

Keywords: machine learning, recommendation systems, collaborative 

filtering, mode-based, matrix factorization, data analysis, python, supervised 

learning, recruitment platform, singular value decomposition, non-negative 

matrix factorization 
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1. Introduction  
As all people look for a job at some point in their lives, many software 

tools are developed with an intention to help them in doing so. These tools 

are usually in a form of an online recruitment platform where people can find 

jobs according to their needs in one click. The prototype proposed by this 

thesis project is planned to be a part of such a platform. The platform is 

owned by Pitchler AB, the start-up company based in Växjö whose business 

focus relies on an online recruitment. This prototype was meant to serve as a 

foundation of the recommendation engine used by the mentioned platform. 

Due to the lack of data, it was decided that the early stage of implementation 

includes only candidates and job postings related to the IT industry. It will 

later on be extended to include job postings in other domains. 

 

There are two fields of Computer Science that this project is based on. Those 

are machine learning and recommendation systems as a subfield of it. Both 

fields are briefly explained in this section. The solution for the problem 

provided in this thesis project required use of machine learning techniques.  

1.1 Background 

1.1.1 Machine Learning 

Most people think of machine learning in an abstract way. People 

mostly think of it as something that is still uncommon and rare. However, 

machine learning is present for decades. The first major application of 

machine learning that affected millions of people dates back to 1990s, when a 

spam filtering for mailing systems was introduced. It was followed by 

hundreds of machine learning based applications that are used on a daily 

basis even with the lack of awareness for it [1]. 

 

Machine learning is based on a model of brain cell interaction. It was 

invented by Donald Hebb in 1949 in a book titled The Organization of 

Behavior. The book presents author’s theories on neuron excitement and 

communication between neurons [2]. 

 

There is more than one definition for machine learning. One that describes it 

in the best way, the engineering one, was invented by Tom Mitchell in 1997 

and it says: “A computer program is said to learn from experience E with 

respect to some task T and some performance measure P, if its performance 

on T, as measured by P, improves with experience E.” In other words, 

machine learning is a discipline of science of computers to gain knowledge 

from given data. Machine learning is useful for many situations such as: 

problems for which existing solutions require many rules, complex problems 
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for which there are no good solutions using a traditional approach, problems 

where Machine learning can adapt to new data. Machine learning systems are 

usually classified based on multiple criteria: 

 

• Whether or not they are trained with human supervision (supervised, 

unsupervised, semi-supervised or reinforcement learning)  

• Whether or not they can learn incrementally (online learning or batch 

learning) 

• Whether they compare new data points to existing ones, or they try to 

find a pattern in the data (instance-based or model-based) 

 

The classification of machine learning systems is not strict, but the one 

mentioned above is the most common one [1]. 

1.1.2 Recommendation systems 

Recommendation systems is a type of software tools designed to 

provide suggestions for items, that a user might find useful. The suggestion 

can refer to any decision-making process such as buying a product, seeing a 

movie or applying for a job. The term “item” generally refers to any entity 

that a system recommends to a user. Similarly, the term “user” refers to any 

entity to whom an item is recommended [3]. 

 

The popularity of recommendation systems has grown during the recent years 

and proof for that is the fact that many globally popular platforms such as 

Netflix, Amazon and YouTube use recommendation systems to provide their 

users with more quality content. For example, Netflix uses recommendation 

systems to suggest shows and movies to their users based on previous 

watching experience. Amazon also employs recommendation systems to 

recommend products or books to their users based on ratings or previously 

liked products. The list of examples could be infinite since the application of 

recommendation systems is very wide. 

 

Recommendation systems tend to be beneficial to both service providers and 

users. They bring the possibility of reducing transaction costs of finding and 

selecting items in, say, an online shopping environment [4]. 

 

Starting from 2010, many researches were conducted on recommendation 

systems. Most of those focused on exploring and designing new algorithms 

and techniques to improve existing solutions. As a result of that, nowadays a 

designer of an application using recommendation systems must carefully 

choose between available algorithms in order to obtain the best possible 

results [5].   
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Recommendation systems are mostly classified as content-based (CB) and 

collaborative filtering (CF) systems. Content-based recommendation systems 

cluster users by comparing representations of items to representations of 

users’ profiles. Representations of users’ profiles express users’ interests. 

However, collaborative filtering is the technique that uses peer opinions to 

predict the interests of others. In collaborative filtering, a target user is 

matched against all other users in order to discover which users are similar 

and which users have similar interests as a target user [6]. 

1.2 Related work 

Literature overview for candidate-job matching has shown that, in the 

past, some existing solutions with different approaches on this matter exist. 

They explain both different and similar techniques and algorithms used to 

build recommendation systems for candidate recruitment and job 

recommendation.  

 

In 2017, researchers, together with CareerBuilder recruitment company 

proposed a Graph-Based Recommendation Architecture (GBR) approach. In 

such an environment, graph nodes refer to jobs, while graph edges represent 

various similarity scores between pairs of jobs. Similarity scores are 

computed from multiple data sources that capture users’ behavior, resumes, 

and jobs content. The authors claim that they opted for item-based graph 

rather than user-based or user-item graph. They describe their system with 

three major components that led to its development: Behavioral Data 

Sources, Content-based data sourced, Score Aggregation, and Job 

Recommendation. Some of the techniques used are clustering and 

classification. The authors also state that their model yields 90% accuracy, 

meaning that 90% of system’s recommendations users find satisfying [7]. 

 

A solution based on collaborative filtering was proposed. The scientists 

processed the data into the form of a matrix so that they could apply different 

algorithms and machine learning techniques to find the most suitable job for 

each job seeker. The system that authors proposed makes use of collaborative 

filtering using cosine similarity, content-based recommendations using 

FirstText library, and simple matching recommendations. Their system was 

divided into four modules: data acquisition, transformation, computation, and 

recommendation and it produced top ten job postings for each job seeker. 

After analysis, the authors concluded that their matching algorithm produced 

fast, albeit less useful, results since it was not based on machine learning. 

However, both collaborative filtering and content-based approaches predicted 

those jobs that job seekers found more interesting [8].  
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Next, three authors proposed a solution which represented a job 

recommendation system based on user clustering. These scientists tackled the 

problem by grouping users in different clusters which they later used for 

different recommendation approaches. Their solution caller iHR had the 

ability to automatically extract a profile of every user and to provide a 

searching functionality. This points out the fact that the solution was a 

content-based approach. The result of their work was a recommendation 

system which recommends a list of different jobs for different users [9]. 

 

As one of the online recruitments giants, LinkedIn is a company that highly 

relies on recommendation systems. The recommendation system that was 

developed and deployed at LinkedIn can be divided into two major 

components: online and offline component. The online component is 

responsible for serving the job recommendations, while the offline 

component is responsible for updating different machine learned and 

statistical forecasting models. LinkedIn’s system was at first based on 

content-based approach. After learning the advantages of hidden fields in 

users’ profiles, LinkedIn decided to replace user profile-based fields with 

those hidden fields. Then, those fields were used for understanding the taste 

of each user by creating a ranking model [10]. 

1.3 Problem formulation 

Increased need for new machine learning-based solutions yield an 

increased number of tools, techniques, and specialists. A specific problem to 

be solved in this thesis is training a machine learning model for recruitment 

of new employees. The thesis is done as a part of the platform Pitchler AB, in 

association with the company Pitchler AB, from Växjö. The platform is 

meant to provide an option to all people to find the most suitable job ads with 

one click. The focus of this thesis project is based on training the machine 

learning model, using machine teaching and learning techniques and 

algorithms to get a machine learning-based recommendation system. The 

problem of the thesis can be divided into subproblems.  

 

• Select which data attributes would be used for both candidates’ and 

jobs’ representation. 

• Extract the relevant data from informal candidates’ and jobs’ 

representations. 

• Divide the data into the training and the test set. 

• Present the first prototype recommendation system. 

• Recommend a better approach for future use. 

 

Since there are already numerous machine learning and data processing 

techniques for this purpose, a good combination of them can result in a very 
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good and accurate model that could have an impact on the real world by 

enabling many people to find a job faster. There already are some similar 

systems, but the one being developed in this thesis project is meant to serve 

as a very important component of the Pitchler AB recruitment platform.  

1.4 Motivation 

In regard to today’s society, the process of finding a job can be very 

long and complex, resulting in some people losing their will to continue. 

Because of that fact, this thesis project can be considered as an opportunity to 

contribute as much as possible to making the entire process simpler for 

people who need a job. Even helping only one person would be of a great 

importance and would make a difference. Although there are already some 

similar services online, using thr right combination of tools and machine 

learning algorithms can have an influence on this matter. Bringing the idea to 

life would benefit everyone, from companies who look for new employees to 

potential employees themselves. Also, Pitchler AB is a very young company 

whose main project requires the component which this thesis project focuses 

on. Consequently, the solution proposed by this thesis project is planned to be 

put into use in the real-world environment as soon as it reaches the level 

required for that. 

1.5 Objectives 

A list of objectives needed to complete this project is shown in Table 

1.1 below. All the objectives have sub-objectives, but those are not 

mentioned in this document. 

 

O1 Explore the data to get basic insights. 

O2 Prepare data to expose underlying patterns to machine learning 

algorithms. 

O3 Explore as many different machine learning models as possible 

and focus on those that provide the best results. 

O4 Present the prototype solution. 

O5 Recommend a better approach for future use. 
Table 1.1: List of objectives 

After all the objectives from the Table 1.1 are met, a functional and working 

prototype of a recommendation system is expected to be the result. The 

system is expected to have an influence on its users and to help Pitchler AB 

in their business intentions. 

1.6 Scope/Limitation  

During the work on this project, there were limitations which made it 

impossible to do everything that was initially planned. The first limitation 
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was the quality of data. It was significantly lower than expected. The data 

that Pitchler AB managed to collect was related only to job seekers. 

Furthermore, the dataset contained only short resumes for each candidate. 

Unfortunately, it contained only skills that candidates claimed they had, not 

including any level of those skills. Also, only candidates within IT area were 

available. Consequently, only skills related to IT-related abilities such as 

knowledge in programming languages, frameworks, operating systems, and 

other similar IT skills were present. Candidates’ data did not contain 

experience, the skill level, or any other information for any of the skills that 

could help provide better results. The reason for this was the low quality of 

the questionnaire, or candidates’ lack of interest in filling in the information. 

Due to the latest GDRP regulations, obtaining existing (candidate, job) pairs 

was not possible. When it comes to the data related to job postings, it was 

retrieved from Arbetsförmedlingen, the Swedish unemployment agency, 

using their free API. One of the limitations was the fact that most of these 

records were in Swedish. This was a limitation because I could not 

understand jobs’ descriptions written in Swedish. To change the language, a 

script was written to translate the records to English. Google Cloud 

Translation API was used in the script. Given the fact that the Google Cloud 

platform is not free, there were also some financial limitations, but those 

were solved successfully. 

 

Since machine learning models need data to learn from, it was necessary to 

have pre-recorded matches of candidates’ profiles and job postings that 

match those candidates. This sort of data is known as user-item transaction 

data within recommendation system and it was expected to be available for 

the learning. However, it was not. The major problem was the fact that 

training and testing data, in (candidate, job) pairs, had to be created manually, 

in an ad hoc way. This sort of data is essential for a project of this sort, so 

some other methods were applied. These methods provided needed data, but 

the quality of that data was significantly lower. Despite that, it was the best 

that could have been done with the data that was available. Detailed 

explanation of creating the training and test datasets can be found in Chapter 

4. 

1.7 Target group  

Different parties could potentially be interested in this project from 

different perspectives. First, people who seek for a job can be interested in 

this work to find a suitable job for them. They can use it once it is available. 

Also, Pitchler AB is one of the parties that has their interest into this project. 

As mentioned before, this company plans to use the resulting 

recommendation system as the engine component for their platform. Finally, 
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from an academic perspective, students and researchers can use this work as a 

reference for their works in the same field of Computer Science.  

1.8 Outline  

The structure of the document and the order of the chapters is as follows. 

First, Chapter 2, discusses two method types used in approaching the 

problem. Then, Chapter 3 introduces background and theory of 

recommendation systems by explaining different approaches and 

technologies. After that, Chapter 4 covers data description with focus on 

original data, data preprocessing, and preprocessed data. Chapter 5 presents 

the results of the prototype solution. Later, a set of suggestions for future 

improvements is given in Chapter 6. In Chapter 7, discussion of the results 

and the project itself is presented. This document ends with Chapter 8, which 

covers conclusion and explanation of future work intentions. 
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2. Method 
Two methods were used for solving the problem which this thesis is 

focused on. These two are literature review and controlled experiment.  

2.1 Literature review 

Literature review is a method where data is collected from what other 

authors have published on the same or similar topic. In this case, books and 

papers were explored to get insights on multiple matters. For example, this 

method was helpful when it comes to methods of data preprocessing. Also, it 

was used to better understand which sort of problems require different types 

of machine learning approaches, such as supervised or unsupervised learning 

and others. It also refers to model selection, since different models perform 

better than the others in different situations. Literature review had an impact 

on tools used during the project. For example, multiple Python libraries were 

discovered and used through the process. 

2.2 Controlled experiment 

Controlled experiment was used for answering the main problem 

question of the thesis. Using this method enabled detailed insights in different 

results provided by different techniques. It was used to show the final 

measurements, similarities, and differences important for the problem. For 

solving this problem, three experiments were conducted, each referring to a 

different technique. By a definition, a controlled experiment is a scientific 

method which includes two types of variables, independent and dependent. 

These variables present input and output of the experiment, respectively.  

2.3 Reliability and Validity 

The result of the project highly depends on the data and methods used. 

If the same data in another project was used and if the same implementations 

were made, results would be very similar or the same. However, the results 

depend on the way the data was separated in the training and the testing set. 

The methods for evaluating a machine learning projects are well known, 

given the condition that the data is correct. A problem that could affect the 

reliability of this project refers to random samples of (candidate, job) pairs, 

given that this data was not originally available. All conclusions were drawn 

from numerical values and logical understanding of the field. 

2.4 Ethical Considerations  

Data used in this project includes people and their resumes. Although the 

quality of the data is below average, it included some personal information in 

its original shape. That information was protected by anonymization and 
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there is no possibility that personal information is exposed by this project. 

Also, both candidates’ personal information and information about job 

postings were not changed in terms of context and semantics. All in all, none 

of the information can be misused. 



16 
  

3. Recommendation Systems – Theory and 

Background 
Recommendation systems are very popular among computer and data 

scientists. For that reason, scientists developed different approaches for 

tackling this sort of a problem. Recommendation systems are based on user-

item relationships, where a relationship refers to a link between an item and a 

user. In Chapter 1 of this document, content-based and collaborative filtering, 

two kinds of recommendation systems, are distinguished. There are three 

approaches that were originally considered to be applied for the solution in 

this thesis, which are based on content-based and collaborative filtering 

recommenders. Those three approaches are: 

 

• Content-based recommendation systems 

• Memory-based collaborative filtering recommendation systems 

• Model-based collaborative filtering recommendation systems 

 

It should be noted that the approach used in this project is based on model-

based collaborative filtering. In what follows, a brief summary of referenced 

content is made. The content used in the rest of this chapter is taken from 

sources referenced from [11] to [38].  

3.1 Content – based recommendation system 

Content-based approach for building a recommendation system is an 

approach which uses an analysis of documents or user’s profile to make a 

recommendation. User’s profile is made of user’s interests, skills, or any 

other attribute useful for recommendation making. If a user’s profile is 

precise in representing user’s preferences, there is more chance for a resulting 

recommendation system to have high accuracy. Figure 3.1 visualizes the idea 

behind a content-based approach. 

 

 
Figure 3.1: Content-based system [11] 

The idea of content-based recommendation systems is to find similar items to 

items that user prefers and recommend them to that user by creating profiles 

of both users and items.  
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Users’ and items’ profiles are usually represented in a form of vectors. In 

Python, there are a few libraries that provide techniques for creating these 

intermediate representations (IMR), based on textual data. One of these is 

sklearn.feature_extraction.text.CountVectorizer() [12]. 

 

 
Figure 3.2: Example of users' profile vectors [13] 

In Figure 3.2, there is a table whose records represent vectors which are 

formed from users’ profile. When creating these IMRs, a vocabulary needs to 

be defined. This vocabulary is formed of all words that are interesting to the 

system. In the example from Figure 3.2, each word from a vocabulary 

represents one column. Contrary, each user represents one row. For example, 

the user with index 0 has 0s for bacon and beans. This means that those 

keywords are not present in his profile. However, the column beautiful is 

marked with 1, meaning that the word beautiful can be found in the user’s 

profile. 

 

After IMRs are formed, it is possible to draw a line of users and items by 

comparing their vectors. This way, finding similar items becomes easier for 

machine learning algorithms. There are some disadvantages that this 

approach has. According to [14], this approach requires a lot of domain 

knowledge since the structure of IMRs are hand-engineered to some extent. 

Consequently, the system based on this approach can only be as good as 

hand-engineered features extracted from descriptions. Also as stated by [14], 

content-based model can only make recommendations based on users’ 

interests known to it. Therefore, this type of model has very limited ability to 

expand on the users’ existing interests. To sum up, content-based 

recommendation systems rely on quality of content in users’ and items’ 

profiles and ability of a trainer to extract the features as good as possible. 

High quality in those profiles and well extracted features can result in very 

precise recommendation systems. 

3.2 Memory – based collaborative filtering 

Memory-based collaborative filtering can be understood from the fact 

that a lot of people usually believe that they will like the same items as 

people with similar minds. These methods are nearest-neighbor-like scheme 



18 
  

and they tend to predict a level of likeliness that a user will have the same or 

very similar opinion about an item as other users which are similar to a given 

user [15].  

 

Memory-based collaborative filtering can be grouped into two groups: 

 

• User-based collaborative filtering 

• Item-based collaborative filtering 

 

The two groups differ from each other with respect to a perspective of 

observation of user-item relationship matrix. In user-based collaborative 

filtering, an algorithm that is used finds users that are similar to an active user 

and recommends to that active user items that are liked by users similar to 

her/him [16]. Difference between user-based and item-based approach is 

pictured in Figure 3.3.  

 

 
Figure 3.3: User-based vs. item-based filtering [17] 

One exemplary application of user-based collaboration filtering is user-based 

Nearest-Neighbor algorithm. There are two steps that this algorithm performs 

in this application. First, k-Nearest-Neighbor algorithm finds similar users to 

user u, using some similarity function f. This function measures the distance 

between each two users and can be observed from the Equation 1.  

 

𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑢, 𝑖) =  𝑓(𝑢, 𝑖), 𝑖 ∈ 𝐾 
 

where u and i stand for two compared instances, while K stands for the 

maximum number of neighbors to be looked for. Few similarity functions 

that are widely used in this field of science to calculate how two vectors 𝑎 

and b are similar are cosine similarity, Euclidian distance, Jaccard similarity, 

and Pearson correlation [18]. 

 

(1) 
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When the dataset consists of non-textual data, cosine similarity should be 

preferred over other measuring approaches. Cosine similarity can be 

calculated by using the formula from the Equation 2:  

 

𝑠𝑖𝑚𝑐𝑜𝑠𝑖𝑛𝑒(𝑎, 𝑏) = cos (𝜃) =  
∑ 𝑎𝑖𝑏𝑖
𝑛
1

√∑ 𝑎𝑖
2𝑛

1  ×  √∑ 𝑏𝑖
2𝑛

1

 

 

where 𝑠𝑖𝑚𝑐𝑜𝑠𝑖𝑛𝑒(𝑎, 𝑏)  ∈ [0,1] and i refers to an index of ith feature of a user 

[19]. Figure 3.4 visualizes a cosine similarity. 

 

 
Figure 3.4: Cosine similarity visualization [20] 

According to [21], Jaccard similarity should be used when finding similarity 

between two vectors that are strictly binary. Jaccard similarity can be 

calculated with the formula from the Equation 3.  

 

𝑠𝑖𝑚𝑗𝑎𝑐𝑐𝑎𝑟𝑑(𝑎, 𝑏) =  
|𝑎𝑖  ∩   𝑏𝑖|

|𝑎𝑖  ∪   𝑏𝑖|
 

 

Jaccard similarity represents similarity of vectors a and b with respect to their 

common features. With binary vectors, entities which have 1s at same 

features are recognized. Figure 3.5 pictures Jaccard similarity. 

 

 
Figure 3.5: Jaccard similarity visualization [22] 

(2) 

(3) 
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Memory-based collaboration filtering has both advantages and disadvantages. 

Main advantage of this approach is the fact that it is simpler for 

implementation than model-based collaboration filtering. This is because this 

approach does not require machine learning. It means that there is no training 

or evaluation of the model. However, its main disadvantage lies in the fact 

that this approach requires much more computing power and has a large 

impact on the performance of an entire system.  

3.3  Model – based collaborative filtering 

In contrast to memory-based collaborative filtering, this approach does 

not requires loading the entire database into system memory. One of the 

biggest disadvantages of memory-based collaborative filtering is the fact that, 

in order to work, system must be fed with the entire dataset. This becomes a 

significant issue when a user-item correlation matrix becomes too large for a 

big number of users. It can have a lot of influence to system’s performance 

by consuming more computational power than it should. As a result, the 

system cannot respond to user’s request in desired time [23]. Model-based 

collaboration filtering solves this issue. This approach uses machine learning 

algorithms to predict user’s rating for a given item. Some of the most popular 

machine learning techniques for this approach are clustering, neural 

networks, and matrix factorization.  

 

Clustering is a data analysis-related process of recognizing natural groups 

(clusters) within multidimensional data based on their similarity. Data 

clustering is very popular technique in machine learning and data mining, and 

it is used for making decision whether an individual in a dataset belongs to a 

group with predefined attributes or not [24]. Each cluster is defined by its 

own representing individual which has the most similar attributes as the 

cluster itself. This individual is called centroid [25]. Clustering is visualized 

in Figure 3.6. 

 
Figure 3.6: Clustering visualization [26] 
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Next, an approach that uses neural networks is one of the most popular and 

most powerful in machine learning. “A neural network is an interconnected 

assembly of simple processing element, units, or nodes, whose functionality 

is loosely based on the animal neuron. The processing ability of the network 

is stored in the interunit connection strength, or weights, obtained by a 

process of adoption to, or learning from, a set of training patterns” – K. 

Gurney [27]. From the definition above, it can be concluded that a neural 

network acts like a brain, parsing through layers of data in order to find 

hidden patterns and make some reasonable predictions. The logic of a neural 

network can be seen in Figure 3.7. 

 
Figure 3.7:Neural network visualization [28] 

Finally, a matrix factorization approach is the most interesting when it comes 

to this project, since this approach was used for providing a prototype 

solution to a job recommendation problem. A matrix factorization 

characterizes both users and items by vectors of factors inferred from user-

item relation (rating) patterns [29]. Frequent correspondence between a user u 

and an item i leads to existence of the vector 𝑞𝑖  ∈   ℝ
𝑓  for each item and the 

vector 𝑝𝑢  ∈   ℝ
𝑓 for each user. For a given item i, the elements of qi vector 

measure the extent to which the given item has those factors. The same 

applies for a given user u and it vector pu. A user-item factors can be either 

positive or negative. The dot product 𝑞𝑖
𝑇 × 𝑝𝑢 records the relation of a user u 

with an item i and that relation represents user’s interest for a given item. 

Considering all from above, it can be concluded that matrix factorization can 

be denoted with 𝑟𝑢�̂� and calculated as in Equation 4 [29]. 

𝑟𝑢�̂� = 𝑞𝑖
𝑇 × 𝑝𝑢 

 

 
Figure 3.8: Matrix factorization visualization [30] 

(4) 
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Figure 3.8 shows calculated factors based on four users and five items. The 

higher the factor is, there is a higher likeliness that a given user likes a given 

item. 

 

Besides the standard matrix factorization, there is also a non-negative matrix 

factorization (NMF). The difference between this method and the original 

one lies in the fact that user and items factors are both kept positive [31]. 

 

Matrix factorization approach became very popular after Netflix Prize 

Competition in 2006. Namely, Netflix, which back in 2006 was an online 

DVD rental company, published a content to improve their recommendation 

system. The company published a dataset containing more than 100 million 

records on user-item ratings, including around 500,000 anonymous customers 

and their ratings on approximately 17,000 movies. The winner of the context 

was awarded with $50,000 US [32]. 

3.3.1 SVD and SVD++ 

Singular Value Decomposition (SVD) is a linear algebra tool for 

machine learning. It is based on a theory that any matrix Amxn can be 

represented as a product of three matrices U, S, and VT as in the Equation 6. 

 

𝐴 = 𝑈 𝑆 𝑉𝑇 

 

where Umxm and Vnxn stand for orthogonal matrices with orthonormal 

eigenvectors derived from AAT and ATA, respectively. Smxn refers to a 

diagonal matrix with r elements equal to the root of the positive eigenvalues 

of AAT or ATA [33]. 

 

𝑆 =  

(

 
 

𝜎1 0 0 0 0
0 . 0 0 0
0 0 𝜎𝑟 0 0
0 0 0 . 0
0 0 0 0 0)

 
 

 

 

where 𝜎1 ≥ 𝜎2 ≥ 𝜎3 ≥ ∙ ∙ ∙  𝜎𝑟 > 0 and r = rank(A). In the Equation 7, 

𝜎1…𝜎𝑟 are square roots of the eigenvalues of ATA. Their name is the singular 

values of A. 

 

In other words, SVD algorithm is a decomposition tool which takes the 

original matrix and separates it into three smaller matrices. This approach 

yields a lot of information about the original matrix including its range, rank, 

null space, and others [34]. According to [35], the SVD algorithm consists of 

two phases: 

(6) 

(7) 
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i. The algorithm reduces a matrix A to bidiagonal form using a series of 

orthogonal transformations. The running time of this phase depends 

on the size of the A. 

 

ii. The algorithm removes diagonal elements from the diagonal matrix 

using an orthogonal transformation in an iterative manner. The 

withdraw is that this phase converges quickly. 

 

As an extension to the classical SVD, another algorithm was invented. This 

algorithm is named SVD++. The difference between the two algorithms is the 

fact that SVD++ takes implicit ratings based on SVD into account. This means 

that an additional factor vector (𝑦𝑗 ∈ 𝑅
𝑓) for each item is added. These 

vectors are later used to describe a characteristic of an item independently of 

whether or not an item has been evaluated [36]. 

 

Python’s library named surprise was used for the implementation of the SVD 

and SVD++ algorithms. The SVD() and SVDpp() classes offer the methods to 

train and evaluate machine learning models based on these algorithms. The 

code for implementation of these algorithms can be found in Appendix A. 

3.3.2 NMF 

Other that SVD and SVD++, another implementation of the chosen 

approach was made. This implementation was based on the non-negative 

matrix factorization NMF algorithm. With the basis similar to the original 

matrix factorization, NMF does not take negative values into consideration. 

Non-negative matrix factorization is based on finding non-negative matrices 

W and H, given a non-negative matrix V. The relation between these three 

can be observed from the Equation 8 [37].  

 

𝑉 ≈ 𝑊 𝐻 

 

The non-negativity feature makes the representation of data completely 

additive, without any subtractions, which is different than many other 

representations [38]. 

  

(8) 
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4. The Job – Candidate Dataset 
In this chapter, the data that was used in this project is discussed. The 

data was retrieved from two datasets. One set contained data about 

candidates, while the other dataset contained information about job postings. 

That data was provided by Pitchler AB, and its quality was much lower than 

expected. This chapter will cover explanation of original data in the Section 

4.1. Then, in Section 4.2, the need of a common data format will be 

explained. After that, Section 4.3 will give more insights in preprocessed 

data. Finally, our creation of (candidate, job) pairs will be covered and 

explained in Section 4.3. 

4.1 Original data 

4.1.1 Candidates dataset  

The low quality of the data especially referred to the data related to 

candidates. Figure 4.1 shows one record from candidates’ dataset in its 

original format. As it can be seen, all attributes were of the string type. 

 

Age Skill #1 Skill #2 Skill #3 Skill #4 Tag #1 Tag#2 

34 Jscript TypeScript Angular CSS Frontend UI Design 
Figure 4.1: Sample record from candidates' dataset 

The original format of the data representing candidates can be found in Table 

4.1. 

 

Attribute 

Age 

Skill #1 

Skill #2 

Skill #3 

Skill #4 

Tag #1 

Tag #2 
Table 4.1: Dataset representing candidates 

The dataset for candidates’ profiles consisted of ~2600 records. Attributes in 

the dataset from Table 4.1 are mostly clear and descriptive. The age attribute 

represents candidate’s age, while the skill and tag attributes represent some 

IT-related skills that candidate stated she/he knows. Skills can be a 

framework, a programming language, a platform, and the like. Skill and tag 

basically have the same meaning. 
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4.1.2 Job postings dataset 

In contrast to the candidates’ dataset, the quality of the dataset 

representing job postings was better. One record from job postings’ dataset in 

its original format can be found in Figure 4.2. 

title Frontend developer 

textPitch What you\u2019ll do You will be working onsite 5 days 

a week with leading tech companies in Stockholm such 

as Spotify, King, Klarna, Dice, iZettle, Mojang and many 

more. You will also benefit from Mirado\u2019s 

extraordinary culture and Learning and Development 

platform. Typically, you will be on an assignment for 1-2 

years depending on the project and how you feel about it. 

It is important for us to match you to assignments that 

you are passionate about and where you can feel 

challenged. Who you are? We love Passionate people - 

You have a great attitude, you have high energy, you 

have a hunger to learn and you love to celebrate  We love 

Humble people - You treat people with respect 

independent of their position and you take time to help 

your colleagues We love High Performers - You run the 

extra mile and stand responsible for your end results, you 

keep your deadlines. We love people that take Ownership 

- You are proactive and self-motivated, you are self-

improving, you treat root causes instead of symptoms, 

you act as a leader. We love Team players - You take 

time to listen to your colleagues to get a better 

understanding, you invite other in your work, you 

communicate in a good manner, you work to improve 

transparency Ideal skills & experience Demonstrable 

knowledge in distributed Frontend development, 

preferably with Jscript/TypeScript, Node, and 

frameworks like React or Angular The ability to design, 

develop and deploy Frontend services, focusing on 

maintainability and an adherence to design requirements 

The ability to work closely with other developers to set 

standards for client-server APIs. Experience with 

aligning tech-stacks and design between multiple teams 

to ensure consistency for the end user Examples of 

technologies we use React, Angular, Vue, RXJS, Redux, 

MobXWebPack, NPM, Rollup Reactive, functional, 

programming models 

industry Webbtekniker Data/IT Webbmaster och 

webbadministratörer 

professionArea Data/IT Webbmaster och webbadministratörer 
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professionGroup Webbtekniker 

location Sverige 
Figure 4.2: Sample record from job posting's dataset 

The original format of job postings’ dataset can be observed from Table 4.2. 

 

Attribute 

title 

textPitch 

tags 

industry 

location 

videoRequired 

professionArea 

professionGroup 

profession 
Table 4.2: Dataset representing job postings 

The dataset describing job postings originally had 500 records. Attributes in 

the dataset from Table 4.2 are more confusing. The ‘title’ attribute referred to 

a title of a job posting. Next, the ‘textPitch’ attribute holds a job posting 

description. The description is in textual format, usually containing from 

fifteen to forty sentences describing a job. The ‘tags’ attribute held 

information about keywords related to a job. For example, it can be the word 

‘frontend’ to represent a job posting for UI designer. The attribute ‘industry’ 

referred to a type of industry for a job posting. Since all the jobs were IT-

related, this attribute usually held ‘Data/IT’ value. The ‘location’ attribute 

referred to a location of a company offering a job. Next, the attribute 

‘videoRequired’ contained one or zero value based on the video profile 

request from a company offering a job. The attributes ‘professionArea’, 

‘professionGroup’, and ‘profession’ held the same information as attributes 

‘tags’ and ‘industry’.  

4.2 A need for a common format 

For better insight into Section 4.3, this section explains the need for the 

common data format for both candidates’ profiles and jobs’ descriptions. 

Since (candidate, job) pairs were not originally available, they had to be 

created. Meaningful creation of these pairs was not simple, since it was not 

possible to match candidates and job postings randomly. Hence, the way of 

doing that had to be thought of. In order to simplify this task as much as 

possible, the same format of candidates’ profiles and job postings’ 

descriptions was needed. Having the same format of their representations, it 

was possible to, in some measure, compare two entities that needed to be 

matched. 



27 
  

4.3 Data preprocessing 

4.3.1 Candidates dataset 

As already mentioned, the dataset representing candidates contained 

only a small amount of useful information. Its description was explained 

Section 4.1.  

 

One good feature of this dataset was the fact that it did not have any ‘null’ 

values. In data science, ‘null’ values represent values that are missing or 

unknown. Since user-item relationship data was not originally available, it 

had to be created so that the chosen machine learning approach could be 

used. First step of creating the needed data was converting candidates’ 

dataset into binary vector form. Pyhton’s library scikit-learn (sklearn) was 

used for data preprocessing. To create desired IMRs, all possible skills from 

candidates’ dataset needed to be collected. Once all possible values 

representing candidates’ skills were available, it was possible to create a 

vocabulary of all words that were targeted. Vectors for candidates’ 

representation were created using 

sklearn.feature_extraction.text.CountVectorizer class. CountVectorizer is a 

class that parses through documents and converts them into a matrix of token 

counts. In other words, it targets all words from a vocabulary which it takes 

as a parameter and counts the number of occurrences of each word from a 

vocabulary. The vocabulary in this project was formed by parsing through the 

entire dataset and collecting all unique skills from it. The class has an option 

to create binary matrix, which was used in this case, meaning that occurrence 

of a word from a vocabulary is marked with either one or zero. The number 

of unique skills in the original dataset was 33, which means that the length of 

candidates’ represantion vector is 33. For better understanding of how 

CountVectorizer performs, Figure 4.3 and Figure 4.4 can be observed. 

 

Skill #1 Skill #2 Skill #3 Skill #4 Skill #5 Skill #6 

Java Python C++ Linux Backend Web 
Figure 4.3: Candidate's profile with skills before binary vectorization 

Angular Backend Java C++ Python JavaScript Web nth skill 

0 1 1 1 1 0 1 1 or 0 
Figure 4.4: Candidate's profile with skills after binary vectorization 

Finally, after vectorizing all candidates’ profiles, all of them were indexed for 

further reference by unique ID number. 

4.3.2 Job postings dataset 

Dataset describing job postings was provided from Pitchler AB, as well 

as the dataset describing candidates’ profiles. Pitchler AB used an open API 
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from Arbetsförmedlingen to download 500 job postings. Although this 

dataset contained way more information than the other one, a lot of 

preprocessing had to be done. First, the entire data set was indexed so that 

each job posting could be referenced by its unique ID number in future use. 

There was a significant number of ‘null’ values in the dataset. For that reason 

and the fact that candidates’ profiles included only information about their 

skills, all attributes were added to ‘textPitch’ attribute for easier and faster 

parsing. The other attributes were added as a string, but it was made sure that 

all words are separated by space. After this was done, the attribute ‘textPitch’ 

held all information about job postings. Figure 4.5 shows the difference of 

the dataset before and after joining. 

 

title   

textPitch   

tags  

industry  

location  textPitch 

videoRequired   

professionArea  

professionGroup  
Figure 4.5: Attributes in job postings dataset before and after joining 

Since the data was collected from The Swedish Unemployment Agency, most 

of the job postings were originally in Swedish. Translating an entire dataset 

to English was necessary for my better understanding of content when 

making comparisons between candidates and jobs. The data was translated 

using Google Cloud platform which provides Google Translation API. The 

script in Python was written which made calls this API and translated the 

entire dataset. The script can be found in Appendix A. Since the dataset 

contained large amount of text, due to long job descriptions, it was not 

possible to translate all data at once. Consequently, the data had to be 

separated into eight smaller datasets. Then, each sub dataset was fed to the 

API using the written script. After translation of all data was completed, the 

data was again put together into one dataset and sorted by their previously 

created indices. This way, the original dataset was translated without any 

loss. It should be noted that due to missing values, eight job postings were 

discarded from the data set. 

 

Candidates’ dataset was already vectorized, and the same needed to be done 

with job postings’ dataset. A new data representing job postings that was 

translated to English was also fed to CountVectorizer. The result of 

vectorizing job posting descriptions can be observed from Figure 4.6. 
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Figure 4.6: Job posting's description before and after binary vectorization 

CountVectorizer used the same vocabulary as for the candidates’ dataset. 

Using the same vocabulary was important so that skills present in candidates’ 

data set are collected from job postings’ data set as well. After parsing 

through every job description, vector-based IMRs were created for every job 

posting. An issue that was faced in this part referred to the fact that same 

keywords were differently written in multiple job descriptions. For example, 

.NET could be written as ‘.NET’, ‘Dot Net’, ‘DotNet’, or any other similar 

form. To prevent this, all alternatives for each keyword were manually 

considered. The script was written to ensure that keywords that held the same 

meaning were written in the same way. After this was done, it was ensured 

that job postings were represent by the same sort of IMR as candidates’ 

profiles. The main goal of data preprocessing was to ensure equality from the 

Equation 5: 

 

𝐼𝑀𝑅𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒 = 𝐼𝑀𝑅𝑗𝑜𝑏 𝑝𝑜𝑠𝑡𝑖𝑛𝑔 

 

It is important to mention that all keywords from the vocabulary were 

ordered alphabetically to ensure that the same keywords have the same 

positions in both IMRcandidate and IMRjob posting. 

4.4 User – item relationship data creation 

As mentioned before, data for user-item relationship (users’ feedback on 

job postings) was not available. Model-based collaborative filtering is a 

method which requires this sort of data to train a model which is responsible 

Angular Frontend Java C++ Python JavaScript Web nth skill 

1 1 0 0 0 1 0 1 or 0 

Frontend developer, You will be working onsite 5 days a week with 

leading tech companies in Stockholm such as Spotify, King, Klarna, 

Dice, iZettle, Mojang and many more. You will be on an assignment for 

1-2 years depending on the project and how you feel about it. 

Technologies that out projects mostly require are Angular, React, 

JavaScript, VueJS. It also a plus if you are comfortable with UI Design 

and UX… 

CountVectorizer(vocabulary)

) 

(9) 
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for making predictions. A new script in Python was written to choose four 

jobs that for fit the best each candidate. The function of the script is outlined 

in Listing 4.1: 

 

i. for each candidate 

a. define ranks = [] 

b. for each job 

i. add number of common features of ith candidate and jth 

job to ranks 

c. keep only three top results in ranks 

d. store results 
Listing 4.1: Outline of a script for matching jobs and candidates 

The script that was written to perform this task is comprised of several 

function and can be found in Appendix A. After the script performed its task, 

I have used results to manually choose jobs that I found the most suitable for 

each candidate. In some cases, it was only one job, while in some other cases, 

all three jobs are kept. In the end of this process, as a result, 5348 (candidate, 

job) pairs that could be used for training and testing were available. An 

exemplary record from a created dataset can be observed from Figure 4.7. 

 

candidate_id job_id rating job_description 

2342 34 4 Frontend 

developer, You 

will be working 

onsite 5 days a 

week with 

leading tech 

companies in 

Stockholm such 

as Spotify… 

 
Figure 4.7: Exemplary record in newly created dataset 

The attribute rating from Figure 4.7 refers to my opinion on how a given job 

fits to a given candidate on a scale from one to five. 

4.5 Data analysis 

After preprocessing of the data and after having created the training and 

the test set, the base requirements for proposed solution of the problem were 

met. The data that was created was in a format that was acceptable by 

learning algorithms. Before the model was trained, some analysis of the data 

was done. First, a distribution of values of ratings through the entire dataset 
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was calculated. As it can be observed from Figure 4.8, most of the job 

postings were rated with the rating three.  

 

 
Figure 4.8: Distribution of ratings 

According to the subjective opinion, on a scale from one to five, three is the 

rating that fitted most of the user-item relationships. From the Table 4.3, it 

can be seen that the job with an ID 34 was mostly fitted among the 

candidates. This job is followed by the job with ID 8 and the job with ID 206. 

 

Job ID 
Number of suitable 

candidates 
Job title 

34 804 Frontend developer 

8 511 Backed/Server developer 

206 428 Game developer 

485 409 Full-stack developer 

119 349 Frontend developer 

259 300 Head of Innovation 
Table 4.3: Six jobs rated most commonly 

From the Table 4.3, it can be concluded that jobs related to frontend software 

development have the greatest number of matching candidates. In other 

words, a majority of candidates from the training set have interest in frontend 

development positions. However, the flaw of the data lies in the fact that it 

was created manually, by my subjective opinion. This means that the training 

data contains only pairs in which a user likes a job. For this reason, there is a 

high chance that a model is biased towards good ratings, meaning that only 

good ratings are considered when making recommendations. Hence, such a 

solution, trained on data like this, could fail in meeting requirements set for 

making good recommendations. 
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5. Prototype Solution – Results 
The prototype proposed in this project relies on matrix factorization 

method of model-based collaborative filtering. One of the reasons for this 

was the fact that content-based approach would not be much convenient since 

the content of candidates’ dataset is not satisfying, meaning that it does not 

provide much information about candidates. Also, a memory-based approach 

is not machine learning-based. In recommendation systems, matrix 

factorization is used as a foundation for several algorithms. These algorithms 

were used for training the model which was responsible for providing 

recommendations. The algorithms used in this prototype solution are: SVD, 

SVD++, and NMF. The result of this project was a prototype of a machine 

learning-based recommendation system. The prototype used three different 

machine learning algorithms based on matrix factorization for finding 

matching job postings for a candidate. The experiment included training three 

models, each model relying on one algorithm. The precision of each model 

was evaluated with two different measurement: Root Mean Square Error 

(RMSE) and Mean Absolute Error (MAE). Before the evaluation was done, 

the data was split into training and test set. 80% of data was in the training 

set, while the other 20% was in the test set. For each algorithm, four 

iterations through the data was made. Table 5.1 show the results of SVD 

evaluation.  

 

 Fold #1 Fold #2 Fold #3 Fold #4 Mean Std 

RMSE 0.4575 0.4760 0.4736 0.4717 0.4697 0.0072 

MAE 0.3484 0.3613 0.3612 0.3616 0.3518 0.0056 

Fit time 0.21 0.22 0.21 0.22 0.21 0.01 

Test time 0.01 0.01 0.01 0.01 0.01 0.00 
Table 5.1: Evaluation results for SVD 

As it can be seen from Table 5.1, evaluation of the algorithm was done in 

four iterations. Mean values of RMSE and MAE show the average 

measurements results of four iterations for each of the two measures. Also, fit 

and test times represent time in seconds each iteration took for training and 

testing, respectively. Lower RMSE and MAE means a better precision, that 

is, a lower error rate. With the same experimental setup, the SVD++ was 

tested. The evaluation results can be observed from the Table 5.2. 

 

 Fold #1 Fold #2 Fold #3 Fold #4 Mean Std 

RMSE 0.3982 0.3988 0.4029 0.3712 0.3928 0.0126 

MAE 0.2830 0.2817 0.2927 0.2665 0.2810 0.0094 

Fit time 0.44 0.44 0.44 0.46 0.45 0.01 

Test time 0.02 0.02 0.02 0.02 0.02 0.00 
Table 5.2: Evaluation results for SVD++ 
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From Table 5.2, it can be observed that mean RMSE and MAE are lower for 

SVD++ than for SVD. This means that, according to evaluation, SVD++ 

provided better precision. However, it can be seen that both training and 

testing SVD++ lasted approximately double the time of SVD. Finally, the 

results for the evaluation of NMF is shown in the Table 5.3. The experimental 

setup was the same as for the two other algorithms. 

 

 Fold #1 Fold #2 Fold #3 Fold #4 Mean Std 

RMSE 0.4911 0.5800 0.5210 0.5917 0.5460 0.0415 

MAE 0.3843 0.4810 0.4181 0.4708 0.4386 0.0394 

Fit time 0.35 0.35 0.36 0.36 0.35 0.00 

Test time 0.01 0.01 0.01 0.01 0.01 0.00 
Table 5.3: Evaluation results for NMF 

Figure 5.3 shows that NMF had the largest mean values for both RMSE and 

MAE. Considering this, it can be concluded that NMF had the greatest error 

rate. Its training and testing time were similar to SVD algorithm. Figure 5.1 

and Figure 5.2 visualize the RMSE and MAE for each of the tested 

algorithms. 

 

 
Figure 5.1: RMSE for all three algorithms 

 

 
Figure 5.2: MAE for all three algorithms 
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Comparison between the algorithms was made by predicting the rating for the 

same job and the same candidate. In other words, the system was asked to 

predict a rating for the same (candidate, job posting) pair using three different 

algorithms. The predicted ratings can be seen in Table 4.4. 

 

Algorithm Predicted rating 

SVD 3.41 

SVD++ 3.30 

NMF 3.03 
Table 5.4: Prediction of rating of user 13 for job 259 

Taking the evaluation results into consideration, it can be concluded that 

SVD++ made the prediction rating which is the most likely to be a rating of 

the given user for the given job posting. 
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6. Recommendations for Pitchler AB 
This chapter covers another important part of this project. It discusses 

possibilities to improve the prototype solution by better data acquisition 

techniques. As already mentioned, this project was done in cooperation with 

Pitchler AB, a start-up company from Vaxjo which intends to use the 

prototype recommendation system from this project in a recommendation 

engine in their online IT recruitment platform. Pitchler AB were responsible 

for data acquisition for training the model. Candidates’ profiles are under 

their ownership while data for job postings was gathered from 

Arbetsförmedlingen, using their opensource API. Due to the poor candidates’ 

data quality, this part of the document is focused on suggestions for 

improvements, so that in the future more precise and better model can be 

trained. Better model means system which makes better recommendations, 

which would have an impact on Pithcler’s business. Suggestions proposed to 

Pitchler AB are based on data acquisition and they can be grouped into two 

groups: 

 

• More detailed surveys for new users 

• Feedback request for job postings 

 

Explanation for both groups can be found below in this section. 

6.1 More detailed survey for new users 

Current data for candidates’ profile includes only their skills and 

significant part of the entire dataset was not useful. As explained in Chapter 

4, the data for candidates included only information about their skills. Each 

candidate had five or six IT-related techniques which they stated to be good 

at. Many relevant information was missing. Some of the information that was 

missing from the original data includes: level of education, major, experience 

in IT industry, and other. Also, the data that was available did not have a 

satisfying level of detail. This refers to the fact that skills that users stated to 

be good at were not quantified. Knowledge in those skill was binary, 

meaning that a user stated that she/he is either good at some skill or that 

she/he is not good at it. This is potentially an issue because knowing, for 

example, Java does not have the same meaning for everyone. Knowledge in 

how to print a string in Java and mastering the Spring framework are far from 

same. With the current data, it is not possible to distinguish which candidates 

who stated their knowledge in Java are familiar with the language and which 

of them are capable to perform high-demanding tasks. Lastly, although a 

location for most of the job postings was available, there was not any use of it 

since candidates’ profile did not contain their location. 
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Taking all these facts from above into consideration, a list of suggestions has 

been formed. 

• Candidates should be required to complete detailed survey which 

would ask them for the information that are relevant to recommending jobs. 

The information that should be requested from candidates refers to a business 

and an education part of their profiles. The list of the information that 

candidates should be required to give is: 

 

o level of education (primary, secondary, tertiary)  

o major subject of education 

o name of the school where they obtained their degree 

o experience in similar IT-related positions 

 

The name of school where candidates obtained their degree can be used for 

evaluating the quality of their knowledge. There are software tools that, based 

on a school’s name, provide rank of that school. 

• Candidates should be required to evaluate their knowledge in skills they 

stated to have. This additional information would be very helpful for the 

system since using it would make it possible for the system to prefer the 

recommendations which include jobs that require skills that candidates are 

good at. This should be approached by implementing a scale from one to five 

(Swedish standard), where one is the basic knowledge of a skill and five is 

the most advanced level. 

• Candidates should be required to add the place of their residence. This 

would make it less possible for the system to recommend jobs, for example, 

in Malmö to someone living in Sundsvall. Place of residence should be 

defined by Swedish zip codes which clearly distinguish distance between 

places. For example, together with Google Maps API, this information could 

be used to recommend only those jobs that are in 50 kilometers radius from 

candidate’s place of residence. The data after applying these suggestions 

should be in the format from Figure 6.1. 

 

ID Skills Education Major University Experience ZIP 

624 Java: 3 

Python: 4 

C++: 3 

Angular: 2 

Frontend: 2 

Data 

mining: 4 

Secondary Computer 

Science 

Linnaeus 

University 

3 352 46 

Figure 6.1: Exemplary look of candidate's profile 
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6.2 Feedback request for job postings 

Information that would be very useful for improving recommendations 

is a feedback for different job postings. Having this feature implemented, 

new training data would constantly be available, and an online learning could 

be applied. In machine learning, online learning is a methodology in which a 

model on which a recommendation system is based constantly learns by 

being trained with new incoming training data [39].  

 

This suggestion can be implemented by implementing a scale with three 

levels of feedback. The first level would refer to those job postings that, in 

candidates’ opinion, match their profile. For a senior Java developer, an 

example of the first level feedback would be all job postings that she/he finds 

related to her/his profile. This refers to all job postings that that candidate 

finds interesting and would consider applying for them. Next, the second 

level of feedback would refer to those jobs that a candidate actually applies 

to. It differs from the first level of feedback since those jobs are more 

interesting to a candidate than jobs that a candidate did not apply for. Finally, 

the third level of feedback would refer to a job or jobs that a candidate got 

admitted to. The third level distinguishes from two previous since a company 

whose posted a job posting also finds a candidate as a perfect match. 
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7. Discussion  
The prototype solution proposed in this thesis depends on multiple 

factors, and one of those factors is the data used for reaching the solution. 

The prototype solution offers a system which was tested with three different 

algorithms based on matrix factorization for making recommendations. 

Results of this project partially met the expectations. The numbers shown in 

Table 4.1, Table 4.2, and Table 4.3 are better than expected, since the 

expectations were low due to the quality of the data. Because of this, there is 

a possibility that the results are biased towards high ratings only, 

independently from the algorithm, meaning that the numbers could show less 

precision if a better data was available, which would be more realistic. Being 

biased towards high ratings means that a model does not have a possibility to 

learn that it should not recommend items which users do not have interest in. 

As seen form Figure 4.1 and Figure 4.2, SVD++ gave the smallest error rate 

according to both measures, meaning that it was the best algorithm to use 

with the data that was available. SVD++ is followed by SVD and NMF, 

respectively. 

 

For better understanding of how RMSE and MAE represent the quality of the 

model, in order to discuss the results, we can do following. Let’s take four 

imaginary candidates and one imaginary job as an example. Then, let’s say 

that our model predicted ratings for a given job for four users in a scale from 

one to five. Predicted ratings are 3, 3, 4, and 5 for user one to user four, 

respectively. Now, let’s say that true ratings are known. They are 3, 4, 2, and 

4 for user one to user four, respectively. This example represents four 

(candidate, job) pairs. RMSE for this example is calculated in Calculation 

7.1. 

 

(3 – 3)2 = 0 

(3 – 4)2 = 1 

(4 – 2)2 = 4 

(5 – 4)2 = 1 

 

The mean of the square error sum is: 
(0+1+4+1)

4
= 1.5 

Square root of the square error sum is: √1.5 = 1.22 
Calculation 7.1: Calculation of RMSE on the made-up example 

Now, we do the same for MAE. MAE for the given example is shown in 

Calculation 7.2. 

 

|3 – 3| = 0 

|3 – 4| = 1 

|4 – 2 |= 2 
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|5 – 4| = 1 

 

The mean of the absolute value error sum is:  

(0 + 1 + 2 + 1)

4
= 1 

Calculation 7.2: Calculation of MAE on the made-up example 

Evaluating whether the model has good or bad RMSE and MAE is more 

subjective than objective opinion. If we consider the fact that the rating scale 

in the example from Calculation 7.1 and Calculation 7.2 is from one to five, 

we can say that both RMSE and MAE are high, meaning that an evaluated 

model is not precise. However, if the rating scale was from one to ten, these 

numbers would indicate that the model is more accurate. 

 

If the algorithm whose evaluation gave the best results is taken into 

consideration, its values 0.3928 and 0.281 for RMSE and MAE, respectively, 

show that it gives fair predictions, having in mind that the job rating scale is 

from one to five. 

 

Comparing all three algorithms, it can be seen that SVD++ took as twice time 

for training and testing as other two algorithms. This amount of time is not an 

issue with the data that the algorithm performed on. However, it might be an 

issue later when the algorithms are fed with dozens of thousands of records, 

with each record containing more information. This factor could affect the 

decision to use SVD++. If the data with higher quality was available, these 

results could have been different. Also, as Table 4.4 shows, the difference 

between ratings predicted by different algorithms is not small as it should be, 

although it is not too big as well. The candidate that was taken as an example 

was a full-stack developer with particular knowledge in JavaScript and 

NodeJS. The job posting that the system predicted a rating for was a job 

posting for a full-stack developer with knowledge in cyber security. SVD++, 

as the algorithm with the best evaluation results, predicted a rating of 3.30. 

Considering the candidate’s profile and the job description, 3.30 is higher 

than expected since the candidate’s profile does not hold any information 

about her/his understanding of cyber security. A system like the one proposed 

in the prototype solution in the future might fail to make satisfying 

recommendations because its model is not trained with the data that 

represents users who do not like certain job postings. Implementing 

suggestions from Chapter 6 would be of a great importance for making the 

prototype solution much better and more precise. However, the findings of 

this thesis can correlate with the related work. Other authors in this field of 

science also proposed systems which make recommendations on the same 

matter. Some of those systems were based on approaches similar to the one 

that this solution was based, while some were based on other methods. All in 
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all, the problem has been partially answered. The prototype is a good 

foundation for future improvements. 



41 
  

8. Conclusion  
The findings of this project have shown that a variety of algorithms and 

approaches can be used for building a recommendations system. 

Collaborative filtering is just one of the methods that are useful in this field. 

Understanding of the algorithms and technologies can be used to build very 

powerful tools that would provide a lot of good to the person behind them. 

The solution prototype proposed in this thesis can, with some modification, 

be applied to other areas as well. Any area that could use the 

recommendation system is a potential target for such a system. Also, these 

results are likely to be used as a prototype for the recommendation engine for 

a recruitment platform owned by Pitchler AB. After improvements and with 

some good fortune, this prototype is going to affect the society by helping 

people in finding the employment. Also, the prototype is going to contribute 

to a business of Pitchler AB.  

 

When it comes to the matters that could have been done differently, data 

acquisition is the first one. As already mentioned, data quality was 

significantly lower than the average. Better data would yield better results 

since the models would gain better knowledge in users’ tastes. More time 

should have been dedicated to data acquisition. Due to the GDPR regulations 

and strict policies when it comes to obtaining personal data, anonymous 

surveys should have been made few months before the start of the project. 

These steps would have a great influence in the results and would affect their 

quality. 

8.1    Future work 

Although this was a nine-month project, as every other degree project it 

has a limited scope. Collaboration with Pitchler AB is already planned 

regarding this project. Recognizing the data issue, they are willing to 

continue improving this prototype and eventually use it to meet their business 

goals. An important step in improving the prototype is following suggestions 

from Chapter 6. Data acquisition in suggested format will make the 

improvement of this solution easier. Also, since time did not allow to try 

some other approaches, such as content-based, it will be one of the goals for 

the future as well. The proposed prototype recommends jobs to candidates. 

However, with slight modifications, it can be made an opposite, meaning that 

is possible to modify the prototype to recommend candidates for a certain job 

posting. This could be useful for companies when looking for new 

employees. Depending on the needs of Pitchler AB, this might be done in the 

future. 
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Appendix A 
The code displayed in Appendix A is considered as the most relevant for the 

project. First code snippet contains the code which merges all the attributes 

from job postings’ dataset into one. It also contains the definition of method 

for translation, as well as the part which translated data stores into new data 

frame. Next code snippet contains the code that performs parsing through 

jobs’ and candidates’ profiles and finds subset of jobs for each candidate. 

Finally, the last snippet shows the code which performs splitting data into 

training and test set, as well as training and evaluation different models. 

Code for the dataset translation 

# Imports the Google Cloud client library 

from gcloud import translate 

from textblob import TextBlob 

import json 

 

# transforming jobs to json file and connecting all the fields into one 

with open('500jobs.txt') as json_file: 

    data = json.load(json_file) 

    for line in data: 

        line['textPitch'] = line['title'] + " " + line['textPitch'] 

        del line['title'] 

        for entry in line['tags']: 

            line['textPitch'] = line['textPitch'] + " " + entry 

        del line['tags'] 

        line['textPitch'] = line['textPitch'] + " " + line['industry'] 

        del line['industry'] 

        line['textPitch'] = line['textPitch'] + " " + line['professionArea'] 

        del line['professionArea'] 

        line['textPitch'] = line['textPitch'] + " " + line['professionGroup'] 

        del line['professionGroup'] 

        line['textPitch'] = line['textPitch'] + " " + line['profession'] 

        del line['profession'] 

        line['textPitch'] = line['textPitch'] + " " + line['location'] 

        del line['location'] 

 

with open('test.json', 'w') as json_file: 

    json.dump(data, json_file) 

 

# a method to translate a text 

def translate_text(text, target='en'): 

    translate_client=translate.Client(api_key="xxxxxxxxxxxxxxxxxxxxxxxxxxxxx") 
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    result=translate_client.translate(text, target_language=target) 

    return result['translatedText'] 

 

with open('/home/nedzad/Desktop/test4.json') as json_file: 

    data_all = json.load(json_file) 

    for line in data_all: 

        input = TextBlob(line['textPitch']) 

        if(input.detect_language() == 'sv'): 

            line['textPitch'] = translate_text(line['textPitch']) 

 

with open('/home/nedzad/Desktop/english/test4en.json', 'w') as json_file: 

    json.dump(data_all, json_file) 

 

Code for finding matching jobs 

from heapq import nlargest 

 

for index, item in enumerate(list_candidates, 0): 

    ranks = [] 

    matches = [] 

    for index_job, job in enumerate(list_jobs, 0): 

        ranks.append(number_of_matches(item,job)) 

    ranks = nlargest(3, range(len(ranks)), ranks.__getitem__) 

    matches = nlargest(3, ranks) 

    largest = max(matches) 

    count = matches.count(largest) 

    del ranks[ranks.__len__() - count:] 

    candidates_with_jobs_ranked.append([index,ranks]) 

 

Code for evaluating the models 

from surprise import Reader, Dataset 

from surprise import SVD, SVDpp, NMF 

from surprise.model_selection import cross_validate, train_test_split 

from surprise import accuracy 

 

reader = Reader(rating_scale=(1,5)) 

data = Dataset.load_from_df(combined_job_data[['candidate_id', 'job_id', 'number_of_m

atches']], reader) 

trainset, testset = train_test_split(data, test_size=0.2) 

for algorithm in [SVD(), SVDpp(), NMF()]: 

    algo = algorithm 
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    algo.fit(trainset) 

    predictions = algo.test(testset) 

    print(cross_validate(algo, data, measures=['RMSE','MAE'], cv=4, verbose=True)) 

 

 

 
 


