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Abstract 
 

In recent years, web has experienced a tremendous growth concerning 

users and content. As a result information overload problem has always 

been always one of the main discussion topics. The aim has always been to 

find the most desired solution in order to help users when they find it 

increasingly difficult to locate the accurate information at the right time. 

Recommender systems developed to address this need by helping users to 

find relevant information among huge amounts of data and they have now 

become a ubiquitous attribute to many websites. A recommender system 

guides users in their decisions by predicting their preferences while they 

are searching, shopping or generally surfing, based on their preferences 

collected from past as well as the preferences of other users. Until now, 

recommender systems has been vastly used in almost all professional e-

commerce websites, selling or offering different variety of items from 

movies and music to clothes and foods. This thesis will present and explore 

different recommender system algorithms such as User-User Collaborative 

and Item-Item Collaborative filtering using open source library Apache 

mahout. Algorithms will be developed in order to evaluate the 

performance of these collaborative filtering algorithms. They will be 

compared and their performance will be measured in detail by using 

evaluation metrics such as RMSE and MAE and similarity algorithms such 

as Pearson and Loglikelihood. 

 

Keywords: Recommender System, Collaborative filtering, Apache mahout, 

Evaluation, metrics, similarity, RMS, MAE, Pearson, Loglikelihood.
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CF   Collaborative Filtering 

MAE   Mean Absolute Error 

RMSE   Root Mean Square Error 

RS   Recommender System 

HITS   Hyperlink Induced Topic Search 

HTTP   Hyper Text Transfer Protocol 

KDT   Knowledge Discovery in Text 

DNS   Domain Name System 

URL   Uniform Resource Locator 

API   Application Programming Interface 

PDT   Pattern Discovery Tool 

PCC   Pearson Correlation Coefficient 

LLR   Log Likelihood Ratio 

CSV   Comma Separated Values 

IDE   Integrated Development Environment 
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1 Introduction 
 
 In recent years, the most interesting and famous medium has been World 

Wide Web.  Without any doubt, the main part of the web content is not 

structured, so fetching such a data and making sense of it can be a very 

slow and  time-consuming. This is where recommender systems play an 

important role. Without any doubt, most internet users have experienced 

recommender systems in some way while surfing the net.  

 

1.1 Background and Problem Motivation 
 
Throughout the internet there are websites, tools and systems with a focus 

on interaction between users and data. An instance can be the time when 

you decide to buy a new book from your favourite online bookstore. After 

typing the name of the book in the search box, it will most probably be 

listed as one of the results. You can also see another option which is called 

“Customers who bought this item also bought”. This list contains the books 

which can be also categorized in the area of your interest and lets you view 

other books which you may be interested in buying. Also, if you are a 

member or a regular visitor of the website you may see this personalized 

list of recommendation every time you enter the website. This helps every 

visitor to see different lists according to his or her taste. 

 

The website may also recommend top selling articles or most-read books of 

the week or the past month. This will give you a vast variety of options and 

facilitate your shopping experience. This online bookstore can be a good 

example for understanding the basic concept of a recommender system. 

 

The aim of this project is to develop two major recommender system 

algorithms which are user based and item based collaborating filtering and 

then try to estimate the error range by using two famous metrics, RMSE 

and MAE. Also, during the evaluation different similarity algorithms are 

used to Make the comparison even more trustworthy.   
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Three different datasets with three different sizes are used in this project to 

study the behaviour of recommender system algorithms as a function of 

dataset size. Performance and error measurement is done as the number of 

preferences for users and item varies with different similarity metrics like 

Pearson and Loglikelihood. 

 

1.2 Overall aim 
 
In this project we try to focus on different techniques and methods that are 

used to build a specialized recommender system. We will discuss these 

techniques and try to investigate and develop a recommender system 

which works on an offline dataset and then we try to compare the 

performance of different algorithms which are extensively in use on 

different web sites. This thesis focuses mostly on collaborating filtering 

methods and two major algorithms which are users-based and item-based 

recommendation. 

These algorithms will be discussed in details and then implemented on a 

dataset .The performance of the algorithms will be measured by changing 

the dataset size. Different similarity algorithms and evaluation metrics will 

be implemented in order to perform the test.  

 

This thesis ,by exploring the effect of dataset size on precision of the 

algorithms, tries to compare different algorithms with different similarity 

metrics. Also, different evaluation metrics such as RMSE and MAE are 

used to measure the level of the error when database size is changed. 
 

1.3 Scope 
 
The study focuses on discussing recommender systems beside developing 

and evaluating collaborating filtering algorithms. This is done in order to 

provide a good evaluation based on different similarity algorithms and 

evaluation metrics. Two main collaborating filtering algorithms are used 

for the evaluation. Different data sets with different sizes are experimented 

within this project in order to find the effect of the dataset size in the 

accuracy of recommender systems.   
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In addition, a complete research on different aspects of recommender 

systems as well as a brief overview of web mining algorithms is discussed 

in this study. Implementation of recommender system on Web, or in other 

words; making a website with ecommerce purposes is considered to be 

outside the scope of this thesis and can be planned as future work. This 

thesis focuses mostly on more advanced data analysis techniques and 

methods for evaluation of recommender systems.  

After successfully completing this project, a clear overview of web mining 

and recommendation systems will be accessible along with an evaluation 

of two major recommendation algorithms. 

 

1.4 Concrete and variable goals 
 

The study, which has been done in this project, aims to accomplish the 

following objectives: 

 

 

 Collect technical information about the recommender systems and 

the desirable features of different algorithms. Conduct research 

about the possible solutions and tools for developing the algorithms 

and determine the advantages and disadvantages of each solution. 

Draw conclusions regarding which algorithm is the most 

appropriate, accurate and applicable. 

 

 Using user-based and item-based collaborating filtering algorithms. 

This should demonstrate how these algorithms work as well as how 

accurate they are. 
 

 Investigating about three different big data sets with three different 

sizes in order to find out the preferences of users and items. 
 

 Using the collaborating filtering algorithms on different datasets in 

order to check the behaviour of the algorithms on different dataset 

size, containing different number of user and item preferences. 
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 Studying the behaviour of the algorithms on different datasets by 

using different similarity algorithms, such as Pearson and 

Loglikelihood. 
 

 Evaluating and interpreting the accuracy and performance of 

algorithms by measuring two common evaluation metrics, RMSE 

and MAE 
 

 

 

1.5 Outline 
 
This document is structured as follows: Chapter 2 goes through theoretical 

concepts necessary for implementation of this project mainly regarding 

Recommender systems and different algorithms with focus on 

collaborating filtering. In this chapter related works that provide a clear 

picture regarding web mining techniques are covered as well. Chapter 3 

presents methodologies for developing and evaluating the recommender 

system. Chapter 4 describes the details of the implementation of the 

algorithms, dataset information beside evaluation metrics which are used. 

Chapter 5 illustrates the result of the implementation and evaluation phase 

in Chapter 3. Chapter 6 discusses the conclusion for the current study 

objectives with regards to recommender systems. It summarizes the 

performance factors and in conclusion, offers several future works that 

could be considered as extensions to the current project. 
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2 Theory 
 
In the current section, theory concepts required to accomplish the project 

would be discussed. A summary of background material in the related 

field that was helpful in finding a concrete way to achieve the final goal is also provided. 

 

2.1 Introduction to recommender systems 
 

Recommender systems are software tools and techniques providing 

suggestions for items considered useful to a user. [1] This suggestion can 

vary in different categories, from buying something from an online web 

shop to which music to listen to or what book to read.  

 

Commercial and famous web shops use different profiles for each customer 

in order to present them with a personalized online store. This is known as 

personalized recommendation which, in contrast with non-personalized 

recommendations, does not merely offer generic Top-five CDs and books 

of the month that can be found in printed media such as newspapers or 

advertisements for the general public. This type of recommendation can 

also be useful in other ways but they are not usually addressed in 

researches related to Recommender systems. 

Recommender systems suggest a ranked list of items to a user by 

predicting their favourite interests through the information that they collect 

from each user behaviour recorded in the past.    

 

By the development of e-commerce websites, the need for filtering vast 

amount of data and offering appropriate choices to a customer increased 

dramatically. Before, users had considerable problems on finding the most 

appropriate items among the vast variety of items on the websites. Rapidly 

increasing numbers of new e-businesses had made the users to make poor 

decisions on the online shopping. Also, sellers could increase their profit in 

logical way which also pointed to increased user 

satisfaction.  Recommendation systems assisted by other solutions, such as 

Web mining, could show the value of sorting and filtering huge datasets 

and information. 
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A typical recommender system collects recommendations from users as 

inputs, processes them and then forwards them to an appropriate user. 

There are several examples of commercial websites that use recommender 

systems today such as: Amazon, Netfelix or MovieLens. These websites, 

among numerous other other e-bussineses give more power to customers 

and increase their satisfaction by helping them find relevant information in 

the huge amounts of data on the website. 

 

Recommender systems are usually implemented on Webservers and 

operate by collecting Web browsing patterns or user registration data. [2] 

The explicit data which is collected through user registration is not 

trustworthy as it can be incomplete or entered erroneously by the user. All 

other methods that use implicit collected data use data mining techniques 

to find patterns from different type of data sources.  

 

Web mining is obviously one of the most famous techniques of Data 

mining. Web mining is stated as the use of data mining techniques to 

automatically find and extract information from web documents and 

services. [2] Generally, an integration of data mining techniques and the 

World Wild Web called Web Mining. 

With the massive increase of information on World Wide Web as well as 

the growth of E-commerce, the internet has evolved into a precious source 

that contains, or automatically generates, useful information for E-

Businesses. While the growth of some Internet Businesses, like Amazon, is 

astonishing, many other companies have not realized that millions of 

visitors interacting daily with different web sites and because of this 

massive amount of valuable data are generated. This can be very valuable 

to the company, as its services and marketing efforts could be improved by 

gaining knowledge regarding the behaviour of their customers. 

 

2.2 Web mining 
 
Web mining is used to find meaningful patterns from web and it can be 

divided into three categories: Web content mining, Web usage mining and 

Web structure mining. The main purpose of web mining is to provide more  
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brilliant and knowledgeable tools to assist the user in finding, extracting, 

filtering and assessing valuable data and resources.  

 

Web content mining can be illustrated as the search for, and extraction of 

information available from billions of online documents and databases. The 

search engines Yahoo and Google serve as vivid examples. 

 

Web structure mining is used in order to find the structural overview of the 

webpages. It focuses on web hyperlinks and attempts to find the structure 

between them. Google Page Rank checker can be named as an example of 

Web structure mining. 

 

The main objective of Web usage mining is to discover and extract patterns 

from user behaviour while surfing a web site. This can be done through 

investigating log files and related data from a specific website. 

 

 
 

Figure 2-1 Web mining categories 
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2.2.1 Web structure mining 
 

Web structure mining can be named as the first step of the web mining 

process that tries to analyse the link structure of the web and its main aim 

is to find documents which are pointed by many relevant web pages.[3] The 

purpose of web structure mining is to create Web communities between 

pages that has been linked to each other. 

 

Many of web information retrieval tools perform their task by only 

retrieving the textual information without considering link information that 

is truly valuable. Overall, the target of structure mining is to generate 

systemic overview of the links between the web sites and webpages. 

Basically, Web content mining points to the content of inner-document and 

Web structure mining searches for the link structure at the inter-document 

level [3] . Finally, according to the link topology web structure mining has 

retrieved, it will categorize the web pages and provide the information. It is 

common that different web pages contains different links ,so it is obvious 

that web structure mining has a close relation to Web content mining and 

many applications use these two methods of mining simultaneously and in 
parallel. 

 

In fact, Web structure mining try to solve the problem related to huge 

amount of information and data on the web by the help of indexing and 

categorization.  

Web mining, and specifically structure mining, could dramatically increase 

the sales for commercial websites who has built in their web pages in 

accordance with standards that are compatible with Web mining techniques 

and methods.  An increase in traffic directed to a commercial web page will lead to an 

increase in sales. 

 

In other words an increase in traffic directed to the web pages of a particular site will 

expand the level of return visitation to the website and recall by search 

engines looking for related and relevant information in the web. [4] 

According to this fact, pages on the web can be ranked according to their 

quality and design to the query or the keywords the user writes in browser 

for searching. As a matter of fact, searching the web contains two steps: 
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finding the relevant information and then ranking the pages based on their 

content.  

 

Search engines use different metrics to perform the ranking. As we have 

already discussed, link structure in a website can dramatically affect the 

ranking of the website. However calculating and analysing the importance 

and quality of a page is more complicated than simply counting the 

number of links to the website. For example, if the links come from more 

important pages they will be considered more valuable in ranking process. 

If we consider links pointing to a webpage as votes for defining the rank of 

a page, then it is not only the number of votes that are considered but also 

importance of the votes will be examined.   

 

There are several algorithms which are suggested to perform this 

calculation and rate the web pages. One of the famous algorithms is called 

Hyperlink-Induced Topic Search (HITS). This method uses two meanings 

which are called Hubs and Authorities. A good hub entitled to be a page 

that has pointed to many other web pages while a good authority is a page 

that is linked by many hubs [4]. As a result, the rank of a page is calculated 

from its authority value, which is actually the content of the page, and its 

hub value which is the value of its link to other pages. 

 

 

Figure 2-2 HITS algorithm 
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Figure 2-2 illustrates a simple schema of Hubs and Authorities as well as the 

interaction between them. 

2.2.2 Web content mining 
 
Web content mining refers to a web mining technique which uses different 

text mining techniques to investigate and find the relevant information 

from the content of a web page. Web pages can contain the common text 

format or other types of information such as pictures, video or audio. Web 

content mining searches ,and finds, functional and useful information from 

the web as well as result data narrowed down to even more useful 

information. Web content mining is related to data mining and text mining 

as many of the data mining techniques can be used in web content mining 

and also because most of the content in the web is in text format. 

 

Text mining indicates methods for analysing unstructured text data and 

makes it available to different data mining algorithms. In web mining, 

since all the data is not text, the algorithm should also use different sources 

such as server logs.  

 

Web content data can be structured like the information categorized inside 

the tables or it can be unstructured data such as free text on a page. 

Unstructured data mining is the main challenge. Techniques and methods 

used for extracting useful knowledge from unstructured data are known as 

Knowledge Discovery in Text (KDT).  The extraction of useful information 

from a HTML page can be a challenging task as web pages contain 

different type of tags that are used in order to distinguish and identify 

various type of information. An HTML page can also be too unstructured. 

Various techniques and methods are used in Web content mining in order 

to define and find the desired knowledge from an unstructured text. Some 

of the methods are explained briefly and in a simplified language below.  

 

Topic Tracking: Topic tracking is one of the methods used to keep track of 

user interests. [5] It is technically used by registered websites like Yahoo in 

order to examine the documents visited by the user, and then attempting to 

suggest other, related, documents. 
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This is one of the methods Yahoo uses for advertising by showing ads 

related to email subjects. Topic tracking can be useful in several areas such 

as medicine, business and other fields as individuals can get the latest news 

and updates about their interests. 

 

Categorization: This technique is used to define the main topic of a page. It 

works by counting the number of words in a page and selecting a topic for 

it. Pages with the majority of their content on a special topic have higher 

ranks. 

Clustering: sometimes it is difficult to find the relevant information among 

huge amounts of unstructured data even after categorization. Documents 

are categorized using categorization techniques, but a document can be 

categorized in different groups. This issue can be solved by clustering, 

which helps with finding the best relevant category for a document. There 

are several clustering algorithms to aid the user in finding the best topic of 

interest. 

 

2.2.3 Web usage mining 
 

Web usage mining can be defined as finding and discovering user 

behaviour and user surfing patterns in a web site. Web usage mining is 

obtained by using information existing on web server log files as well as 

other types of data from a particular website. Log files are usually used by 

system administrators for troubleshooting, web traffic inspection and other 

similar problems. It can be also used to trace the behaviour of a visitor. 

 

Many of commercial websites realized that after thousands of visitors per 

day, huge amounts of useful data and information is generated. They also 

realized that this information can be very valuable by helping the website 

owners to identify user behaviour patterns while they are surfing the 

website. This could prove to be valuable and helpful to customers by 

improving access to appropriate marketing campaigns, target products and 

so on. Also, these techniques and methods drastically increased sales and 

benefits for the website owners. 
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Some useful information that can be extracted from log files and user 

behaviours can be what search engine has brought the user to the website, 

what pages the user has visited often and what browser and operating 

system the visitor is using. 

 

After the required data is obtained, it can be also combined with other data 

available in databases and finally some data mining techniques are 

implemented on the final data. Through some data mining algorithms such 

as classification, clustering, path analysis and so on, user behaviour and 

access pattern will be extracted. 

 

 
 

Figure 2-3 Web usage mining schema 

Figure 3 shows three main techniques used in Web usage mining: 

Preprocessing, Pattern analysis and Pattern discovery. 

 

Pattern analysis: Commercial website owners are always interested in 

gathering information about visitors such as: How visitors get to the website, 

which products or pages are visited more, etc. These questions can be 

answered through analysis of the content of the webpages as well as 

hyperlinks that lead to a very valuable statistic from visitors or a specific 

visitor in a period of time. 
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The result of such an analysis can answer the following questions: 

 

- What is the frequency of visit per document?  

- What is the most recent visit per document?  

- Who is visiting the documents? 

- What is the frequency of use of each hyperlink? 

 

Data pre-processing: Web usage data exists in web server logs, user 

profiles, index server logs. These spread data must be combined together in 

order to produce the final dataset for data mining. But prior to data 

integration, log files should be cleaned and filtered by implementing filtering 

techniques on raw data. This is done in order to omit the parts that are not 

useful in data mining or the parts which are totally irrelevant. 

 

To perform web traffic analysis correctly it is very important to omit unrelated 

data from the raw information. This elimination can be done by controlling 

the URL suffix that indicates what format this files have. For example, the 

merged graphic files in the web pages can be removed they are usually in 

the form of gif, jpg, jpeg and png. 
 

Pattern discovery: Pattern discovery tools use techniques from data mining 

together with information collected from web traffic. Some of the pattern 

discovery techniques are like converting IP addresses to Domain names, 

which is done by help of DNS. DNS can change the domain name a visitor 

has written in the browser into the corresponding IP address. The visitor IP 

address can also be changed to a Domain name by using DNS in a reverse 

mode which is called reverse DNS lookup. Some useful information can 

extracted from Domain name. For example, by looking at the visitor 

Domain suffix such as .se for Sweden or .ca for Canada. 

 

Another technique for pattern discovery is using page titles.§ A good web 

page has a related title for each page which clearly states what the content of 

the page is about. The title of a webpage is usually between two tags of 

<title></title> for each page. Page titles are easy to read and understand, so 

that a good pattern discovery system can be able of keeping the page titles 

in a database in addition to the URL. 
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Grouping is also another useful method. It is always easier to get a better 

overview after grouping similar information. An example can be grouping 

all the referring URLs which contain the word Google which shows how 

many visitors used the Google search engine to enter the website. 

 

Filtering is a useful technique which allows website owners to answer 

valuable questions about the website. A filter can answer questions such as 

how many visitors visited the website this week that are referred from 

Yahoo or Google, or how many of the users that visited the website during 

the past month that have MSN in their domain name. Such statistics can 

help the commercial website to manage campaigns and advertising policies 

in the best way.  

 

2.3 Recommender Systems 
 

Almost all the users who work with the internet have experienced 

Recommender Systems in some way. Let us suppose that a friend suggests 

you to watch a movie and that you decide to buy it from your favourite 

online shop. After you enter the web shop and enter your movie name in 

the search box you receive a result which contains the name of the movie 

that you were looking for. Theinteresting part is that you will also receive 

additional suggestions for movies that you might be interested in watching. 

This is area of the webpage can be called ‘What other items do customers 

buy after viewing this item’ as in Amazon.com. 

 

Whether you are a registered user with a profile or a regular user, you 

might receive a list of recommendations for movies that are close to your 

area of interest. The software system that performs the analysis and 

determines which movies should be shown to the visitor is called 

Recommender system. The valuable part of the recommendation is that 

every user has a personalized list for his or her area of interest. In another 

words this list differs from user to user and each visitor will receive a list 

that caters to his or her taste. 

 

In contrast to personalized recommendation, many online stores only 

recommend a list of top selling items, or most viewed ones. Technically, 
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this type of recommendation can still be useful to a visitor as the most 

viewed and most selling items have been a common area of interest for 

many users. Still, it is no guarantee that the visitor will like even one of the 

suggestions. Lord of the Rings has been one of the top selling movies, but 

despite its strong sale many people are not interested in watching this 

movie. So recommending top selling movies is not always helpful. 

A good perspective on user behaviour patterns is crucial if the software 

system is to deliver recommendations suited to the needs of the individual 

user.  This means that every recommender system should have separate 

profiles for different users that include information about the way they act 

on the web site. For example, the profile can contain data about what 

movies the user has bought or viewed earlier in order to estimate what 

movies the user might be interested in watching later. The data saved in 

each user profile can be collected directly from a user by asking questions 

about his or her preferences and also by monitoring the user behaviour 

while surfing the website. 

 

2.4 Collaborative recommendation 
 

Collaborating recommendation follows the concept that many users might 

have similar shopping interests. In other words, if some users have already 

bought some similar items in the past they may also become interested in 

same items in the future. This means that if users X and Y have purchased 

the same movies in the past, and appear to have similar purchase records, 

then if user X buys a movie that user Y has not yet seen, the recommender 

system will suggest that movie to user Y. Because of the indirect 

cooperation between the users, it is called collaborating filtering (CF).  

 

This type of recommendation is widely used on many websites. One of the 

advantages of this system is that no additional information about the item 

is required to provide the recommendation. In other words, the system 

does not need to have information about the item itself. For instance it is 

not necessary for the recommender system to know the name, genre or the 

director of the movie. 



  

Developing and Evaluating  

Recommender Systems 

Vahid Fadaeian  

Theory 

2015-08-15 
 

16 
 

 

2.3.1 Content based recommendation 
 
Recommender systems usually perform two different tasks. One of them is 

encouraging the visitor to buy specific items related to the area of his or her 

interest, for instance stimulating the user to buy a DVD or book. On the 

other hand, recommender systems are performing information filtering 

since these software systems are targeting to extract the most useful and 

interesting items among the huge amounts of items. Due to this fact, a lot of 

research related to information retrieval and filtering has been done on 

recommender systems. This research has focused mainly on differentiation 

between related and unrelated documents. In this method, a recommender 

system uses the content of the items together with user profile to rank the 

items. The main idea of a content based recommender system is to model 

an item based on the relevant attributes as well as a model user preferences 

structured by those same attributes. By adding these two together we have 

recommender system that can rank and suggest desired items to the visitor.  

 

Returning to the movie store example, some attributes related to movies 

can be genre, first actor or director. In addition, user profile can be acquired 

explicitly by asking certain questions or implicitly by analysing the 

behaviour of the user. 

2.3.2 Knowledge based recommendation 
 

When it comes to certain items like cameras or apartments, they are often a 

one-time purchase. This makes it really hard to rely on the history of the 

existing purchase database which is a necessity for Collaborative and 

content based recommendation. An example can be a recommender system 

for digital cameras that guides a user to find a suitable camera model in 

accordance with his or her specific requirements. Since a user may buy a 

camera every few years, it would be almost impossible to build a user 

profile or in other words: to recommend cameras that others liked. As a 

result, the top selling products might be the only possible recommendation. 

 

Therefore, a system is needed that utilizes some extra knowledge to 

generate the recommendation. These knowledge based recommender 
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systems exploits extra information that can be obtained from end user or 

can be related to the item profile. Constraint based recommenders are an 

example of such systems.  

 

A constraint based system that recommends a camera to a user may use 

information about camera specifications such as weight, resolution or price. 

At the same time, certain details regarding the user can be used. For 

example: knowing that the user has a limited budget, a low price can be 

presented as an advantage. As a result, some knowledge from user is 

needed which can be obtained manually and saved in user profile. For 

example, in a digital camera shop, it is good to know if price is more 

important than resolution for the user or if the weight of the camera is the 

most important element that user takes into consideration when a buying a 

camera. 

 

2.5 Collaborative Filtering 
 
The meaning, elements and dimensionality aid us in illustrating and 

understanding Recommender Systems. This will take us to a topic of a 

particular implementation of frequently used Recommender system 

algorithms that are evaluated in this thesis. 

 

All of the recommender systems try to predict items for a user that are 

most relevant and helpful according to his or her interest. While the main 

concept behind all recommender systems is the same, the way by which a 

recommender calculates relevance and functionality is different. 

 

The size and type of available data about Recommender system 

components such as users, items and properties, most commonly show 

how this relevance is calculated and finally affects a recommender system 

selection algorithm. [6] In some cases, when there is not enough available 

data about a user and his/her preferences, Non-Personalized recommender 

systems are used. None-personalized algorithm works on data available 

from all users and generates recommendations such as TOP-N lists from 

the most popular items.   
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A Non-Personalized recommender system does not offer personalized 

recommendations to different users based on past preferences of them. 

Instead, this the algorithm surmises that the items which are liked by most 

users would be interesting to the generic user as well. A Non-personalized 

recommendation relies on a simple but effective algorithm that 

recommends items to users when they do not have enough previous 

preferences, which is also known as the cold- start problem.  

 

Figure2-4 shows a Non-personalized recommender that uses all data 

available from all users. 

 

 

 
Figure 2-4 Non-personalized recommender 

 

In recent years, an algorithm known as Collaborative Filtering has become 

very recognized and it is implemented in recommender systems. 

Collaborative filtering algorithms utilize the similarity between data like 

preferences of users, neighbourhoods and items to be able to do more 

desirable recommend items from a large amount of choices. [7] 
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Collaborative filtering filters the data by using the information gained from 

recommendation of other users. It is based on this concept that the users 

who have liked the same items in the past, most probably like the same 

items in the future. In simple words, if a friend wants to watch a movie he 

or she will ask a friend (or friends) for recommendations. The 

recommendations of closer friends who have similar interests are more 

trustworthy than recommendation from other friends. All this information 

gathered from different friends can be used in the making of a decision to 

watch a movie.   

 

 
Figure 2-5 A simple collaborative filtering matrix 

A very classical form of showing a collaborative filtering system is a 

matrix. Figure 2-5 shows a simple collaborative filtering matrix. The matrix 

contains items and users along with ratings that show the users interests in 

items. The task of the collaborative filtering algorithm is to predict the 

values that best suit the empty spaces. These predictions will be shown as 

suggestions to the users.  

 

Therefore, this Matrix is always changing and updating as new ratings 

come in. In other words, blank values are filled by the values that are 

predicted and later on they will be filled out by actual values. Collaborative 

filtering matrix connects the entity of users and items. In this matrix users 

are recognized as a set of relations to items and items are recognized as a 

set of relations to users and users and items lack separate meaning. This can 

lead to a very functional and practical usage in which customers can 
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employ very helpful filters to organize items and sellers can, in turn, 

employ very helpful filters to organize customers.  

 

2.4.1 Neighborhood-based Recommendation 
 
Recommender systems ,which are based on nearest-neighbours ,automate 

the process of prediction, in the way that one is dependent on the opinion 

of people who have similar or identical opinions in order to evaluate the 

value of an item based on his or her preferences.  

To describe this we can take a look on the following ratings in figure 2-6. 
 

 

Figure 2-6 Rating of four users for five movies 

 

In this example user Eric should decide if the movie Titanic can be a good 

choice for him or not. He realizes that the user Lucy has similar preferences 

as they both like “Forrest Gump” and dislike “The Matrix. So he assumes 

that he can trust Lucy’s opinion regarding the movie “Titanic”. On the 

other hand, he knows that Diane has dissimilar taste since she mostly likes 

the Action films while he likes does not. He therefore forgoes her opinion, 

or considers it as a recommendation on what not to watch. 
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Figure 2-7 Collaborative filtering process 

 

2.4.2 User-User recommendation 

User-based recommendation algorithms predict the rating rui  of a user u 

for a new item i using the rating given to i by other users who have very 

similar tastes to u, which are called nearest neighbours. [8] Lets suppose we 

have for each user v≠u a value  wuv indicates the preference similarity 

between u and v. The K-nearest neighbors of u shown by N (u) are the k 

users with the highest similarity wuv to u. It should be considered that only 

the users who have rated item i before are eligible to be used to 

calculate rui. 

 

The main idea is simply as follows: The algorithm, by having a database of 

ratings and the ID of the active user, defines other users that had similar 

preferences of the active user in the past who are called nearest neighbours. 

For a product i that the active user have not bought yet, a prediction 

calculated based on ratings for i made by the nearest neighbours [9] .The 

concept behind user based collaborative filtering is that if users had the 

same tastes in the past, most probably they will have the same tastes in the 

future and that user preferences does not change over the time. 
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for every other user w 

 compute a similarity s between user u and user w 

 store users with the greatest similarity s  in a neighborhood n 

 

for every neighbor 𝑤𝑛 in  n 
 

 If  𝑤𝑛 has a preference for item i 

retrieve this preference  value p, apply a weight with value s, and 

incorporate it into u’s preference for item i 
 

return u’s normalized preference from item i 

The code above shows the pseudo code to predict user preference in a user-

user recommender system. [10] 

 

2.4.3 Item-Item recommendation 

User based recommendation system have been applied to several domains 

but there are some serious problems and challenges which remains when it 

comes to a large e-commerce sites that contain millions of users and 

millions of items. In this case, a very big and time consuming search should 

be done to find the nearest neighbours and this makes it almost impossible 

to predict the target item in the real time. Therefore, ecommerce websites 

with large datasets usually implement another solution and algorithm 

called item based recommendation. It is superior and better suited for a 

large rating matrix. 

 

Imagine a website like Amazon with millions of customers and large item 

sets, but where many of its customers have only rated a few items. This 

makes it very hard to find neighbours for those users and to calculate 

predictions. The Item based algorithm aims to remedy this sparsity. Item-

Item recommendation is more stable than user-user prediction. This 

stability comes from the fact that number-of-item ratings are mostly more 
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than the average number of users, and item preferences are not changing 

that much over time, compared to user preferences.  

 

The main concept behind the item-based recommendation is to calculate 

the prediction based on similarity between items instead of similarity 

between users. If two items have the same user likes and dislikes, then they 

tend to be similar, and the users tend to have similar preferences Regarding 

the same items. [11] In other words, items are similar if they have been rated 

by the same users. 

 
for each item j that user u has a preference for, calculate the similarity s between j’s 
preferences and item i’s preferences  
 

 for each j that is similar with i 

 

 calculate a weighted preference  𝑝𝑤 for i by 

 multiplying u’s preference for j by s 

 

incorporate 𝑝𝑤 into an overall preference value 𝑝𝑜 

return a  normalized 𝑝𝑜 

We take a look at the ratings matrix shown in table 1, let us suppose that 

we want to predict the rating “Titanic” for user 3.  

 
 

Prison break Titanic Gravity Papillon 

 
User 1 

5 4 3  

 
User 2 

4 5 5 3 

 
User 3 

3 x 4  

 
User 4 

5 3 3 4 

 

Table 1 Item based algorithm does the prediction based on similarities between items 
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We can see that ratings for Titanic are very close to the rating of Gravity 

but not as similar as the ratings for Prison Break. We can now make a 

prediction for X by making an average of ratings of user3 which is 3 for 

Prison Break and 4 for Gravity. Because Titanic is more similar to Gravity 

then we can conclude that the ratings for Gravity is more important. As a 

result, an educated guess might be 0.25*3 + 0.75*4 = 3.75. 

  

The computation that we have just done can be defined as an item-based 

prediction algorithm, which can be formalized in equation below. [29] 

 

Pred (u,i) = 
∑ 𝑖𝑡𝑒𝑚𝑆𝑖𝑚(𝑖,𝑗).𝑟𝑢,𝑖 𝑖€𝑟𝑎𝑡𝑒𝑑𝑖𝑡𝑒𝑚𝑠(𝑢)  

∑ 𝑖𝑡𝑒𝑚𝑆𝑖𝑚(𝑖,𝑗) 𝑖€𝑟𝑎𝑡𝑒𝑑𝑖𝑡𝑒𝑚𝑠(𝑢)
 

  

It is important to note that the equation itemSim() is of item similarity and 

should not be confused with user similarity. It shows that the prediction for 

a user u and item i is made up of a sum of u’s ratings for items that have 

the most similarity to i.  [29] 

It should be mentioned that equation above is not the only one for 

calculating the similarity of items. Another known instance for calculating 

the similarity for pair of items is adjusted cosine similarity. This thesis will 

not go through the details of the equation for that equation. 

Experiments have been done to show item-based nearest neighbour 

algorithms perform more accurate predictions in ratings than user-based 

algorithms.
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3 Methodolgy 
 

In this section, strategic practices needed for implementing and evaluating 

the structure of the current project are described. This begins with an 

explanation of the development process and continues with the required 

tools, including software and tools. This section also defines important 

criteria that projects can be evaluated with. 

3.1 Development process 
 
The development process model plays an important role in the planning 

and quality of a software project. Hence, during the very first steps of the 

project, a lot of research and investigation is performed in order to benefit 

from one of the most effective development and evaluation practices.. Due 

to specific requirements of the project, such as choosing the most effective 

and appropriate dataset and choosing the best evaluation metrics, it was 

time consuming to fully implement the practices. Accordingly, one of the 

most well-known and traditional development processes, named waterfall 

model, was selected to govern the process of the development for each 

modules of the entire project. The development process is shown, step-by-

step in figure 3-1. 
 

3.2 Software tools 
 
During the project development phase, the following tools were used to 

implement different modules as well as to evaluate the results. 

Apache Mahout was utilized in order to implement the recommender 

system algorithms which are used in this thesis work. Mahout is a 

collection of scalable machine learning algorithms. It supports a lot of 

algorithms such as collaborating filtering, clustering, classification and so 

on.  

 

MovieLens dataset is used to do the test and evaluation. Three different 

datasets with 100k, 1m and 10m entries were utilized to obtain a precise 

result. 
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Figure 3-1 Development Process 

The R programming language environment was used for analysing the 

Datasets and also for evaluating some of the metrics. For our experiment, R 

studio is used which is a powerful IDE for using R. Integrated 

Development Environment is a tool that provide enhanced facilities and 

tools for software developers. It’s possible to use R without Rstudio 

framework by using any editor to write the scripts. 

 

Microsoft Excel environment was used for creating the plots and diagrams. 

 

3.3 Possible approach to achieve the result 
 
One of the challenges of this thesis work was indicating the most 

convenient approaches for reducing the evaluation time. Evaluating the 

recommendation algorithms is usually a very time consuming process. In 

order to do the evaluation in a reasonable amount of time and meanwhile 

get a precise result, it was inevitable to test several similarity metrics 

besides testing different percentage of dataset for TestDataset and 

TrainingDataset. 
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3.4 Evaluation Criteria 
 
The conducted performance test consisted of choosing proper similarity 

algorithms and evaluation metric in order to use them in user-based and 

item-based recommender systems. For this project Pearson Correlation 

Coefficient and Loglikelihood are used as similarity algorithms and Mean 

absolute Error (MAE) and Root Mean Square Error (RMSE) are used as 

similarity metrics. Each of the similarity algorithms are tested and 

evaluated with both RMSE and MAE to examine the behaviour of the RS 

when the different datasets are used.  

Evaluation is done on datasets, ML100K, ML1M and ML10M which have 

quite different size of content and preferences. 
 

3.5 Memory Management 

 

Evaluation of datasets is usually a time consuming process in addition to 

requiring a lot of memory when it comes to a dataset with a huge content 

and preferences. It is so probable that out of memory message pops up 

while doing the evaluation. To cover this fail some settings of JVM should 

be tuned to increase the performance of Mahout based applications.  

 

It is mostly the heap related setting that should be considered to be tuned. 

Optimal setting is connected to OS, resources, JVM and some other factors. 

JVM optimization is usually done by following commands: -XMX, -Server, 

-d32 and –d64. No details about the mentioned codes are written here but 

descriptions can be easily found on all Java related books and websites. 

Changing the JVM settings and optimizing the heap related configurations, 

can have a noticeable effect on evaluation time and as well as hindering the 

JVM from throwing memory related errors. 

 

When using a database with a substantial amount of data inside, for 

example 10 million preferences, it is worth tuning the JVM settings 

otherwise it is even impossible to do the evaluation sometimes if the 

hardware used to do the evaluation is not sufficiently powerful. 
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4 Implementation 
 

This chapter covers the implementation of collaborative filtering 

algorithms. It is mostly based on two main collaborative filtering methods 

which are item-item and user-user recommenders. We will implement two 

algorithms in Apache Mahout and try to modify the codes in a way that 

performs the recommendation with fewer faults and most accurate way, 

based on the problems these two algorithms can have.  

The Dataset used in this project is GroupLens which is a collection of user 

data on rating movies. After implementing the algorithms, they will be 

evaluated by two metrics and the recommendation accuracy will be 

analyzed as rating content is changed. 

4.1 Dataset 
 
Dataset is a collection of data which can derive from single database and 

multiple databases and used in various type of experiments and analysis.  

In this thesis MovieLens dataset from GroupLens [12] is used. The data 

collection contains data about movies, including movie names, users and 

ratings gathered from users. MovieLens datasets contains some metadata 

about movies and users but these features will not be used in this thesis. 

This experiment utilizes different data set sizes. MovieLens 100K data set 

which include about 100,000 ratings collected 1000 users, the number of the 

movies is 1700, MovieLens 1M data set which contains 1,000,000 ratings 

from 6000 users on 4000 movies and finally the MovieLense 10M data set 

that contains around 10,000,000 ratings on 10,000 movies by 72,000 users 

[12]. 

The following graph and schema show the connection between different 

values in the dataset and how they are connected to each other. 
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Figure 4-1 Movie rating schema 

UserID, ItemID and rating are the elements that are utilized in our 

experiment. 

 

Figure 4-2 Rating schema for the Dataset 
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Dataset Preferences  Users Items 

ML100K 100,000 943 1,682 

ML1M 1,000,209 6,040 3,900 

ML10M 10,000,054 71,567 10,681 

Table 2  Data set size table contains number of users, items which are movies and 
preferences which are user ratings on movies. 

 

 

Figure 4-3  ML100K Dataset overview in Rstudio environment 

 

In Figure 4-3, we can see the dataset overview in Rstudio environment. It 

contains User ID of the user, Item ID which is the Movie ID and Ratings 

which are user’s ratings on movies. Timestamp will not be used in our 

experiment.  
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4.2 Similarity Algorithms 
 
Collaborating filtering algorithms that we have discussed before, Item-Item 

and User-User collaborative filtering, share features and attributes on 

determining how users and items are similar to other users and items.  

Mahout has a strong implementation of many similarity algorithms. This 

allows developers to design and implement collaborating filtering 

recommender systems by deploying similarity algorithms and identifying 

similar neighborhoods for different users, or to find out similarities 

between items.  

 

Figure 4-4 Similarity returns a value from 0 to 1 shows the resemblance between two 
items 

Mahout has implementation of several similarity algorithms such as, 

Euclidean Distance, Tanimoto coefficient, Uncentered Cosine. For our 

implementation and for this experiment, Pearson Correlation Coefficient 

Similarity and Logliklihood Ratio Similarity are utilized on the datasets we 

discussed on previous part. In both algorithms, user preferences are used 
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to calculate the similarity between them so that they can be used in both 

users-user or item-item collaborating filtering. 

4.2.1 Pearson Correlation Coefficient 
 
In this experiment we use Pearson Correlation Coefficient to measure 

similarity between user-user and item-item algorithms. The Pearson 

correlation is a number between -1 and 1 which measures the propensity of 

two series of numbers to move together [13]. 

 The variation of this number has direct relation to the tendency. When it is 

closer to one then it shows that tendency is high and two items are close 

very close to each other, when it is near to zero, it indicates that there is a 

very little relation between to items and the values near to -1 show a 

dramatic opposing relation.  

 In our experiment, Pearson correlation coefficient uses the movie rating 

values to find correlation between items and users. The formula is written 

as bellow: 

PC(w,u) = 
∑ (𝑟𝑤,𝑖−𝑟′𝑤,)  i  ∑ (𝑟𝑢,𝑖−𝑟′𝑢)i

√∑ (𝑟𝑤,𝑖−𝑟′𝑤)  i
2

    ∑ (𝑟𝑢,𝑖−𝑟′𝑢)i
2

                    

 

In the formula above, w and u are two users or two items that correlation is 

going to be calculated for, i is an item, rw,i and ru,i are rating from users w 

and u for the item I and r′w and r′u are respectively average ratings for user 

or item w and u . 

Pearson correlation coefficient does not always provide and measure the 

most accurate similarity value. The algorithm has some issues such as it 

does not consider the number of overlapping preferences. For instance, if 

two users rate 15 movies similarly, they will have lower similarity than two 

users who has rated only three movies very similarly.  
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PPC is neither considered as a bad solution nor the best one, but the main 

point is to be aware of the negative parts that might affect the final result. 

4.2.2 Loglilkelihood 
 
This is another similarity measurement that is used in our experiment. 

Mahout utilizes Loglikelihood in LoglikelihoodSimilarity java class. It 

computes something a bit different from Pearson correlation in a way that 

it mostly considers how unlikely it is that the overlap between the users is 

due to chance.  

For instance, if two users have 7 preferences in common but they have 

introduced 25 preferences into data model, they will be more similar than 

two users who have 7 preferences but have both introduced more than 120  

preferences into data model. 

4.3 Evaluation Metrics 
 
For evaluation, a recommender system subset of datasets is used to 

measure how well the algorithm works and to evaluate the accuracy of the 

recommender system. For this purpose, two subsets from the dataset are 

used: Training set and Test set (Evaluation set). Training data is used to 

build the recommender system. Data which is exist in the training subset 

excluded from evaluation set. 

With training data set the recommender system tries to estimate a user’s 

preference for an item and afterwards it uses the evaluation dataset to 

inspect how accurate the estimation is.  

In the following experiment we have used two metrics, Mean absolute 

error (MAE) and Root mean Square Error (RMSE). With the help of these 

two metrics we have evaluated how accurate the implemented 

recommender system can estimate the user preference for an item. In our 

dataset, evaluation metrics will evaluate how accurate the recommender 

system can predict the user’s rating for movie. 
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Below formula is used to calculate MAE: 

MAE = 
 ∑ |𝑟𝑖−𝑒𝑖|𝑛

𝑖

𝑛
 

It averages the absolute deviation of a user’s estimated rating and actual 

rating. 

RMSE is calculated by measuring the square root of the average squared 

deviations: 

RMSE = 
√ ∑ (𝑟𝑖−𝑒𝑖)

𝑛
𝑖

2

𝑛  

In both formulas i is the current item, n is the total number of items, e is the 

recommended system estimated rating a user has for item i and r is the real 

rating a user selected for item i. 

4.4 User-User recommendation system 
 
In this part we implement a user-based recommender system with the help 

of Mahout. The Metric used for similarity is Pearson coefficient and 

Loglikelihood. For the evaluation, MEA and RMSE are utilized. 

Figure 4-5 shows part of the code in Apache Mahout that initializes the 

dataset and calculates the best items  
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Figure 4-5 User-User recommender algorithm sample code 

 

Also another code for item-item recommendation has been used. As 

written earlier, Logliklihood and Pearson metrics are used for evaluation in 

both user-user and item-item codes. The code in the next page, figure 4-6, is 

a sample code used for Evaluation.  

We will try to evaluate how changing the size of the dataset will affect the 

accuracy of the recommendation algorithm.  In the codes above, 100k 

dataset size has been used.   
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Figure 4-6 User-User evaluator sample code 

 

In the evaluation code above, 90 percent of the dataset is used as Training 

data and 10 percent is used as Test dataset. Different portions of dataset 

have been tested in order to get a reasonable evaluation time in addition to 

getting more accurate result. It is tried to consider same size of training and 

test data on all three different dataset sizes to be able to compare to result 

more accurately although evaluation time could be long in 10m data 

setsize.
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5 Result 

The following result has derived from all three datasets (MK100k,ML1M 

and ML10M). The training dataset is 80 percent and test data is 20 percent 

in each dataset.  Both Pearson and logliklihood is used with all datasets to 

evaluate the accuracy. Tables and charts below illustrate evaluation of user-

based and item-based algorithms with two different similarity algorithms. 

Pearson and Loglikelihood. 

5.1 User-based algorithm  

 

In the following charts and tables we evaluate the user-user algorithm with 

Pearson and Loglikelihood similarity metrics. 

 

5.1.1 Mean Absolute Error 

 

 

Figure 5-1 User-User CF Mean Absolute Error Vs Dataset size considering Pearson Similarity 
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Figure 5-2 User-User CF Mean Absolute Error Vs Dataset size considering Loglikelihood Similarity 

 

 

Dataset 

 

Pearson MAE Loglikelihood MAE 

ML100K 

 

1,0499 0,8567 

ML1M 

 

1,0463 0,8451 

ML10M 

 

0,8958 0,8313 

 

Table 5-1 User-User Evaluation result for Mean Absolute Error 
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Figure 5-3 User-User CF MAE 

 

As we can see in table 5-1 and corresponding figures 5-1, 5-2, 5-3, which 

represents evaluation of User-User algorithm with both Pearson and 

Loglikelihood similarity algorithms, as the number of users, items and 

preferences increases, the MAE improves for both similarity algorithms.  

In the next step we compare user-user algorithm for RMSE under the same 

conditions and we examine how changing the dataset size influences the 

RMSE metric. 
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5.1.2 Root Mean Square Error 

 

Figure 5-4 User-User CF Root Mean Square Error Vs Dataset size considering Pearson Similarity 

 

 

Dataset 

 

Pearson RMSE Loglikelihood RMSE 

ML100K 

 

1,3468 1,1057 

ML1M 

 

1,2343 1,0971 

ML10M 

 

1,0861 1,0731 

 

Table 5-2 User-User Evaluation result for Root Mean Square Error 
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Figure 5-5 User-User CF Root Mean Square Error Vs Dataset size considering Loglikelihood Similarity 

 

Table 5-2 and corresponding figures 5-4, 5-5, 5-6, illustrate evaluation of 

User-User algorithm with both Pearson and Loglikelihood similarity 

algorithms, again it can be clearly seen that as the number of users, items 

and preferences increases, the RMSE improves for both similarity 

algorithms.  

In the next step we compare item-item algorithms for MAE under the same 

conditions. We will see how changing the dataset size influences the 

evaluation metrics. 
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Figure 5-6 User-User CF RMSE 

 

5.2 Item-based algorithm 

 

In this part we discuss the evaluation result with same similarity 

algorithms and evaluation metrics for Item-Item algorithm. Theoretically, 

implementing the same similarity algorithms on item-item 

recommendation should give the same result as user-user evaluation, 

considering the improvement of evaluation metrics. We will see if this 

theory works or if some other factors hinder the item-item algorithm from 

performing better by increasing the size of dataset. 
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5.2.1 Mean Absolute Error 

  

 

Figure 5-7 Item-Item CF Mean Absolute Error Vs Dataset size considering Pearson Similarity 

 

 

Dataset 

 

Pearson MAE Loglikelihood MAE 

ML100K 

 

0,7406 0,7546 

ML1M 

 

0,8542 0,7977 

ML10M 

 

0,7402 0,7613 

 

Table 5-3 Item-Item Evaluation result for Mean Absolute Error 
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Figure 5-8 Item-Item CF Mean Absolute Error Vs Dataset size considering Loglikelihood Similarity 

 

Table 5-3 and corresponding figures 5-7, 5-8, 5-9, illustrate evaluation of 

Item-Item algorithm with both Pearson and Loglikelihood similarity 

algorithms. It is distinctly obvious that the behaviour of item-based 

algorithm is the same as user-based algorithm. As the number of users, 

items and preferences increases, the MAE improves for both similarity 

algorithms.  

Now we compare the two previous item-item results for MAE to see the 

change behaviour on a same graph. 
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Figure 5-9 Item-Item CF MAE 

 

5.2.2 Root Mean Square Error 

 

In this part we see the result of the evaluation for item-item algorithm with 

Pearson and Loglikelihood similarities. Table 5-4, and figure 5-10, indicates 

evaluation result. It can be seen that RMSE has a final improvement as the 

number of size of the dataset increases.  
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Figure 5-10 Item-Item CF RMSE  

 

Dataset 

 

Pearson RMSE Loglikelihood RMSE 

ML100K 

 

0,9822 0,9750 

ML1M 

 

1,0522 1,0407 

ML10M 

 

0,9474 0,9715 

 

Table 5-4 Item-Item Evaluation result for Root Mean Square Error 
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5.3 Evaluation metric change 

 

Figure 6-1 shows the Evaluation metric change in user-user collaborating 

filtering. It is clearly seen that the evaluation metrics have improved in all 

cases with different similarity algorithms. The improvement in UU 

collaborating filtering with Pearson similarity algorithm is better compared 

to Loglikelihood similarity algorithm. Looking to the changes in all the 

tables in result section indicates improvement in item-item recommender 

with different similarity algorithms as well. 

 

 

                Figure 5-11 User-User Evaluation Metrics improvement 
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6 Conclusion 

 

Across all of the evaluations, the results indicate clearly how an increase on 

overall preferences affects the evaluation metrics. An increase in the total 

content of a dataset that includes items, users and overall number of 

preferences improves accuracy for recommendation algorithms for both 

user-user and item-item collaborating filtering. 

Considering user-user collaborative filtering, the improvement is described 

as the growth in users and, as a result, user preferences that makes it 

available for the recommender system to find better neighbourhoods of 

similar users. 

For item-item collaborating filtering, improvement is not only connected to 

the increased number of items. Another factor which dramatically 

influences the improved result is the increased number of user preferences 

for each of the items exists in database. This helps the recommender system 

to point to more similar items according to the more similar user 

preferences. 

Figure 6-1 shows the Evaluation metric change in user-user collaborating 

filtering. It is clearly seen that evaluation metrics has improvement in all 

cases with different similarity algorithms. The improvement in UU 

collaborating filtering with Pearson similarity algorithm mostly compared 

to Loglikelihood similarity algorithm. Looking to the changes in all the 

tables in the result section indicates improvement in item-item 

recommender with different similarity algorithms as well. 
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It is important to notice the change in dataset and the respective 

improvement in recommendation accuracy.  Comparing ML100K and 

ML1M dataset there are about 6 times more users, 10 times more 

preferences and 2 times more items. From ML1M to ML10M the number of 

users is about 12 times, preferences are 10 times and items are around 12 

times more. The result shows that the improvement occurs in the accuracy 

of the recommender systems is not only related to the number of items and 

users, but also it is related to the amount of data content.  

Furthermore, the experiment shows that the most improvement in the 

accuracy of recommender system happened for Pearson Item based 

collaborative filtering with RMSE evaluation metric. 

 

6.1 Future work 

 

One of the first things that comes to mind is finding a way to improve the 

CF filtering algorithms. In this experiment with Apache Mahout , 

evaluation time was sometimes very high, especially with ML10M dataset 

which has the most content. Improving the algorithm consists of both 

working on the code and also Mahout API. Another aim can be to perform 

the same evaluation with different similarity algorithms such as 

TanimotoCoefficientSimilarity or EuclideanDistanceSimilarity. Also, 

another approach could be to study the recommendation accuracy change 

in case some users do not rate many movies. It can be interesting to study 

how recommendation accuracy and performance change for such users.  

 

One good aim for future development is to implement a recommender 

system algorithm on the web. To approach this goal, a website with 

ecommerce proposes can be designed and an Item Based or User Based 

collaborative filtering can be implemented. 
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Another approach can be investigating and finding a proper new solution 

to one of the most common problems in a recommender system, which is 

called Cold-Start. This well-known issue occurs when there is relatively no 

insufficient information about each user, which causes inability to select 

appropriate items for recommending to users. 

 

One of the plans for future work is to measure the evaluation time for 

different similarity algorithms and compare them by using different 

evaluation metrics. This will help to formulate the deployment of 

evaluation code and metrics. Also, it will help to determine which 

similarity algorithm has the faster response to evaluation metrics besides 

recommender algorithms.  
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