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Abstract 

 

Recommender engines (REs) also known as recommender systems are software tools and techniques 

providing suggestions to a user. The suggestions provided are aimed at supporting their users in various 

decision making processes such as what items to buy, what music to listen, what profiles to browse, or 

what news to read. This thesis studies the feasibility of the integration of a recommender engine as a 

module in a Liferay portal, and shows the process of its design and implementation using the Apache 

Mahout library. As such our work tackles two major problems which are: (1) the implementation of the 

recommender engine using the Apache Mahout library, and (2) the integration of the recommender in 

Liferay portal.  

Prior to the design of the application and the decisions made at the design stage, are shown the analysis 

of the requirements for the recommender system in the context of the business. The decisions made at 

design time are explained and the risks involved are analyzed and mitigated. Finally conclusions 

regarding the integration of the recommender engine in Liferay portal are made. This study was 

performed as part of an internship at Everis (www.everis.com). 
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1. Introduction 

 

1.1. Motivation 

 

Many businesses nowadays embed recommendation systems in their web sites, in order to study the 

tastes of their customers, and achieve some business objectives. Among other objectives we have:  

 the increase of traffic to their web site,  

 the elaboration of marketing policies tailored to their customers’ tastes,  

 or simply the promotion of a given product.  

The topic of our project is to design and the implement a recommender system destined to be integrated 

with a business’s web portal powered by Liferay. 

Global world labor corp. since this is the business we are referring to, is an international company whose 

mission is to build a network between employment services worldwide, in order to promote the mobility 

of workers around the globe. The main services provided by the Global world labor corp. (GWLC) are 

the following: 

 Information about living and working conditions in the countries that are part of its network. 

 Assistance to workers and employers on practical, legal, and administrative matters. 

 Recruitment / placement to the benefit of workers and employers. 

In the current economic situation, in which all the countries worldwide are recovering (or trying to 

recover) from the crisis, skilled, adaptable and mobile labor force is needed more than ever. Global 

world labor corp. intends to play a major role in that regard by providing innovative and adequate 

solutions, and services to the labor market through a new web portal. 

The new portal would provide its users with real time labor market information, and it would as well be 

able to quickly identify emerging skills’ demand, assess the matching between professional profiles and 

skills, and job vacancies. This in return might increase the traffic over the portal and enable Global 

world labor corp. to build a wider and stronger network. In addition to the ability of matching jobseekers 

skill set and job vacancies, the new portal would also enable jobseekers to participate in events and 
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trainings that would enable them to improve their skills in order to meet the requirements of preferred 

job vacancies and eventually land those jobs. 

Global world labor corp. wishes to have for their portal, a solution that would be modular with a low 

learning curve so that non-programmers would be able to cope with the major part regarding content 

management. 

 Everis (www.everis.com) a consulting business technologist company has been contracted to carry out 

the project. In agreement with the decisional board of Global world labor corp., it has been decided to 

incorporate a recommender engine as a module to the portal in order to provide some of the matching 

capabilities of the portal. 

 

1.2. Purpose  

 

The main focus of this thesis is twofold: 

 build a recommender system using the Apache Mahout library,  

  find the best way to integrate this recommender engine into Liferay portal. 

Underneath each one of these main goals there are several sub-goals which are: 

- understand the advantages and pitfalls of recommender systems, 

- learn and understand the nuts and bolts of the Apache Mahout library, 

- learn and understand  the internals of Liferay Portal, 

- learn and understand the strengths and shortcomings of Liferay portal’s integration strategies. 

Even though in our work we focus on the Global world labor corp.’s problem domain, we desire to 

develop a universal recommender engine that can be applied to any other problem domain.  In the 

literature there are several flavors of recommendation systems: collaborative filtering, content-based 

filtering, community-based recommender systems, demographic recommender systems, and knowledge-

based recommender systems. Each and every one of these approaches has shortcomings that affect the 

precision of the recommendations they produce. Another major objective of our work is to find a way to 

improve the precision of the predictions that the recommender system we are building will produce.  

Having defined the set of problems we want to solve, the next section will discuss our approach. 
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1.3. Approach 

 

In preparation for designing the recommender engine, we decided to analyze the different approaches in 

the literature with the intention of learning and understanding the advantages and shortcomings of each 

approach. After our analysis (section 2.2) we decided to follow a hybrid approach that combines both 

collaborative filtering and content-based filtering techniques. Such an approach will enable to overcome 

the limits of content-based and collaborative filtering, leveraging the advantages of both techniques. 

Two-part hybrid recommenders are quite successful, but under certain domain and data characteristics 

different hybrids may achieve unlike results. For our intended recommender system we have decided to 

try out a way of introducing content-based descriptors into collaborative filtering by combining the 

content features (keywords and tags) and user ratings. To be more specific content features will be 

utilized to strengthen collaborative filtering (we will talk more about the hybridization technique in 

section 5.1).  

In order to find the best way to integrate our intended recommender system into Liferay portal, we 

studied the internals of Liferay portal and analyzed the integration strategies that exist for this 

framework. After our analysis (section 4.1.3) we decided to go for a full Liferay/ portlet integration. 

This integration strategy involves writing native portlets or other runtime artifacts to access the 

recommender engine. Liferay service interface offers several mechanisms to integrate with web services, 

among which we have SOAP and REST. We are planning to take advantage of the REST mechanism for 

integrating the recommender engine with Liferay. 

In the following sections of this document, we are going to discuss more in details each of our 

approaches. But before diving into the discussion of the approaches, we are going to define briefly what 

recommender systems are, What Liferay portal is, and what Apache Mahout is. We are also going to 

study briefly the state of the art of recommender systems in order to know what the different types of 

recommender systems in the literature are. Furthermore, we are going to study the recommender system 

in the context of the business (Global world labor corp.) and elicit the requirements which will enable us 

to make our decisions at design time. After discussing in details the problems we want to solve as well 

as the solutions we propose, we are going to draw conclusions regarding the advantages of our approach 
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and also the difficulties met during the implementation. Finally we are going to coin in the 

enhancements that can be made on the implemented system in the future. 
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2. Definitions and state of the art 

 

2.1. Definitions 

 

2.1.1. Recommender systems 

 

Recommender systems are software tools and techniques providing suggestions for items to be of use to 

a user. The term item here is generic. It may represent many concepts. For instance recommender 

systems may recommend news on a news portal, or products in an online shop, or even services. The 

recommendations are usually tailored to a given type of user or a given type of user group. Since 

recommendations are personalized, they may vary from one user to another or from one user group to 

another. If you have ever been on the Amazon web page (and we hope you have) browsing, or trying to 

buy an item, you have probably seen recommender systems at work. In fact on the Amazon web page 

the section “people who purchased this item also purchased...” is the list of items Amazon’s 

recommender systems predicted you might be interested in. There are plenty of other web sites where 

you can watch recommender system at work. Some examples are Google news, the yahoo portal, 

Pandora, Spotify, Netflix, and so on. 

 

 

2.1.2. Liferay portal 

 

A portal is a web-based gateway that allows users to locate and create relevant content and use the 

applications they commonly need to be productive. It is a single web-based environment from which all 

of a user’s applications can run. These applications are integrated together in a consistent and systematic 

way. 

Liferay portal is a free and open source enterprise portal written in Java and distributed under the GNU 

Lesser General Public License and proprietary license. 
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Liferay is the market’s leading provider of open source portal, web publishing, content, social and 

collaboration enterprise solutions, providing a unified web interface to data and tools scattered across 

many sources. Within Liferay, a portal is composed of a number of portlets, which are self-contained 

interactive elements that are written to a particular standard. Dynamic, content-rich, social systems, 

could be built quickly and easily on top of Liferay portal.  

Liferay was created in 2000 to provide an enterprise portal solution for non-profit organizations. In 

2004, the company was incorporated under the name Liferay. In 2011/2012, Liferay was going to bring 

several enhancements and new features such as an improved document library(renamed as document 

and media library), Dynamic Data List (DDL), Dynamic Data Mapping(DDM), set up wizard, mobile 

device enhancements, multiple repository mounting and apps store (called marketplace). 

Liferay currently has the following four main functionalities: 

 Liferay portal- JSR-168/JSR-286 enterprise portal platform. 

 Liferay CMS and WCM – JSR-170 content management system and web content management. 

 Liferay social collaboration – collaboration software such as blogs, calendar, web mail, message 

boards, polls,  RSS feeds, wiki, presence(Ajax chat client, dynamic friend list, activity wall, and 

activity tracker), alert and announcement, asset links, asset tagging and classification, social 

equity, social activities, OpenSocial, and more. 

 Liferay social office - A social collaboration on top of the portal; a dynamic team workspace 

solution – all you have to do is log and work the way you want to, at your convenience.  

 

 

2.1.3. Apache Mahout 

 

Mahout is an open source machine learning library from Apache. The algorithms it implements fall 

under the broad umbrella of machine learning or collective intelligence. This can mean many things but 

at the moment for Mahout it means primarily recommender engines (collaborative filtering), clustering, 

and classification. Mahout is scalable, and aims to be the machine learning tool of choice when the 

collection of data to be processed is very large, perhaps far too large for a single machine. In its current 

incarnation, these scalable machine learning implementations in Mahout are written in java, and some 
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portions are built upon Apache’s Hadoop distributed computation project. Mahout is a Java library. It 

doesn’t provide a user interface, a prepackaged server, or an installer. It’s a framework of tools intended 

to be used and adapted by developers. 

Mahout began life in 2008 as a subproject of Apache’s Lucene project, which provides the well-known 

open source search engine of the same name. Lucene provides advanced implementations of search, text 

mining, and information-retrieval techniques. In the universe of computer science, these concepts are 

adjacent to machine learning techniques like clustering and, to an extent, classification. As a result, 

some of the work of the Lucene committers that fell more into these machine learning areas was spun 

off into its own subproject. Soon after, Mahout absorbed the Taste open source collaborative filtering 

project. Much of Mahout’s work has been not only implementing these algorithms conventionally, in an 

efficient and scalable way, but also converting some of these algorithms to work at scale on top of 

Hadoop. Mahout incubates a number of techniques and algorithms, many still in development or in an 

experimental phase. At this early stage in the project’s life, three core themes are evident: recommender 

engines (collaborative filtering), clustering, and classification. This is by no means all that exists within 

Mahout, but they are the most prominent and mature themes at the time of this writing. 

 

Recommender engines 

As we have seen in the definition above, recommender engines try to infer tastes and preferences and 

identify unknown items that are of interest. They are the most immediately recognizable machine 

learning technique in use today. You probably have already seen services or sites that attempt to 

recommend books or movies or articles based on your past actions. 

 

Clustering 

Clustering is less apparent, but it turns up in equally well-known contexts. As its name implies, 

clustering techniques attempt to group a large number of things together into clusters that share some 

similarity. It’s a way to discover hierarchy and order in a large or hard-to-understand data set and in that 

way reveal interesting patterns or make the data set easier to comprehend. Google News groups news 

articles by topic using clustering techniques, in order to present news grouped by logical story, rather 

than presenting a raw listing of all articles. 
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Clustering helps identify structure, and even hierarchy, among a large collection of things that may be 

otherwise difficult to make sense of. Enterprises might use this technique to discover hidden groupings 

among users, or to organize a large collection of documents sensibly, or to discover common usage 

patterns for a site based on logs. 

 

Classification 

Classification techniques decide how much a thing is or isn’t part of some type or category, or how 

much it does or doesn’t have some attribute. Classification, like clustering, is ubiquitous, but it’s even 

more behind the scenes. Often these systems learn by reviewing many instances of items in the 

categories in order to deduce classification rules. Yahoo! Mail has a concrete application of 

classification. Yahoo! Mail decides whether or not incoming messages are spam based on prior emails 

and spam reports from users, as well as on characteristics of the email itself. 

Classification helps decide whether a new input or thing matches a previously observed pattern or not, 

and it’s often used to classify behavior or patterns as unusual. It could be used to detect suspicious 

network activity or fraud. It might be used to figure out when a user’s message indicates frustration or 

satisfaction. 

 

 

2.2. State of the art 

 

2.2.1. Objectives and motivations for implementing a recommender system 

 

There are various reasons as to why businesses may want to use recommender systems. 

 Increase the number of items consumed by the user: In an online shopping business this may 

translate into “increasing the number of items or products sold”, whereas in a news portal this 

may translate into “increasing the number of news items read by the user”. 

 Enable the user to select items that may be hard to find without a precise recommendation. This 

functionality enables non-popular items and items that the users do not usually consume to 

standout in the way of the user, so she can notice them. 
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 Increase the user satisfaction. A well designed recommender system enhances the experience of 

the user with the site. The user will find the recommendations interesting, relevant and, with a 

properly designed human-computer interaction, she will also enjoy using the system. The 

combination of effective, i.e., accurate, recommendations and a usable interface will increase the 

user’s subjective evaluation of the system. This in return will increase system’s usage and the 

likelihood that the recommendations will be accepted, will secure the users’ loyalty. 

 Better understand the user’s tastes: From the users’ preferences, either collected explicitly or 

predicted, service providers and business managers may build new marketing policies that suits 

users’ tastes on an individual level. 

We have seen above that there were several reasons as to why service providers may want to exploit 

recommender systems. There are several reasons as well, as to why users or consumers of their services 

may want to use recommender systems. Some of these reasons are: 

 Find some good items. When the number of items is relatively huge, users want to find some 

good items among this plethora of items. A good recommender system in these cases must 

recommend a ranked list of items that satisfy the users’ needs by order of predicted preference. 

 Find all good items. In some cases the items’ pool may be small. In such cases, recommending 

some good items is not enough. The recommender system must recommend all the good items 

that may satisfy some user needs. 

 Obtain package recommendation. In some cases instead of wanting recommendations on a 

single type of items. The users may want the recommender system to recommend a set of items 

that together is pleasing as a whole. A typical example in this case can be recommending a book 

on Recommender systems after recommending a book on data mining. Another example can be 

a recommended travel plan that is composed of various attractions, destinations, and 

accommodation services that are located in a delimited area, but that from the point of view of 

the user can be considered and selected as a single travel destination. 

 Improve their profiles. This relates to the capability of the user to provide (input) information to 

the recommender system about what he likes and dislikes. This is fundamental and strictly 

necessary in order to provide personalized recommendations. 
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 Express their tastes and help others. Some people like to contribute with information (evaluation 

of items: ratings, votes, comments, tags...) because they believe it may benefit to the 

community. This could be a major motivation for entering information into a recommender 

system that is not used routinely. 

 Influence others. There are users whose primary goal is to influence others into consuming a 

given item. 

 

 

2.2.2. The different approaches to recommender systems 

 

In the previous section we have seen the reasons as to why businesses and users may want to use 

recommender systems. In this section we are going to see various techniques and approaches to the 

implementation of recommender systems. Note however that this section’s objective is not to fully 

define each one of the different approaches, but rather to give a broad overview. For a deep 

understanding of these concepts we recommend the recommender systems handbook by F. Ricci and 

Al.[1] 

 

There are several taxonomies for recommender systems but there are five most popular approaches: 

collaborative, content-based, community-based, demographic, and knowledge based. 

 

Collaborative filtering: It is the most popular and most implemented approach. In its original and 

simplest implementation this approach recommends to the active user, items that other users with similar 

tastes liked in the past.  

The similarity in taste of two users is calculated based on the similarity in the rating history of the users. 

In fact collaborative recommenders exploit the nearest neighbor methods (user-based neighborhood 

method and item-based neighborhood method). 

User-based methods rely on the opinion of like-minded users to predict a rating, and generate 

recommendations. Item-based approaches look at ratings given to similar items and generate 

recommendations. 
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Content-based filtering: The system learns to recommend items that are similar to the ones that the 

user liked in the past. It exploits the content of data items to predict its relevance based on the user’s 

profile. For instance if the active user has rated positively a news article in the sports section, the system 

can learn to recommend other news articles in the same section. Content-based filtering uses two main 

methods to generate recommendations: 

 Heuristic-based methods: use common techniques of information retrieval like TF-IDF (term 

frequency–inverse document frequency), clustering.... 

 Model-based methods: use probabilistic model to learn prediction of the users. 

 

Community-based recommender systems: This type of system recommends items based on the 

preferences of the users friends. This approach follows the principle according to which people tend to 

rely more on recommendations from their friends than on recommendations from similar but anonymous 

individuals. 

 

Demographic recommender systems: This type of system recommends items based on the 

demographic profile of the user. The assumption is that different recommendations should be generated 

for different demographic niches. An example of demographic recommender at work could be the 

display of ads to users depending on the country they are accessing the system or the language they are 

speaking. 

 

Knowledge based recommender system: Knowledge-based systems recommend items based on 

specific domain knowledge about how certain item features meet users’ needs and preferences and, 

ultimately, how the item is useful for the user. In such systems a similarity function estimates how much 

the user needs (problem description) match the recommendations (solutions of the problem). 

 

 

2.2.3. Advantages and pitfalls of the approaches 

 

In this section we study for each one of the above approaches, the advantages and pitfalls.  
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However due to the fact that knowledge based, community based, demographic based are not very 

implemented  and not supported by Apache Maohout, the study in this section will boil down to the 

study of the advantages and pitfalls of content based and collaborative filtering 

 

Collaborative filtering 

In this subsection we are going to put a stress on the advantages and pitfalls of the neighborhood 

methods. The main advantages of these methods are: 

 Simplicity: Neighborhood-based methods are intuitive and relatively simple to implement. In 

their simplest form, only one parameter (the number of neighbors used in the prediction) 

requires tuning. 

 Justifiability: Such methods also provide a concise and intuitive justification for the computed 

predictions. For example, in item-based recommendation, the list of neighbor items, as well as 

the ratings given by the user to these items, can be presented to the user as a justification for the 

recommendation. This can help the user better understand the recommendation and its 

relevance, and could serve as basis for an interactive system where users can select the 

neighbors for which a greater importance should be given in the recommendation. 

 Efficiency: One of the strong points of neighborhood-based systems is their efficiency. Unlike 

most model-based systems, they require no costly training phases, which need to be carried out 

at frequent intervals in large commercial applications. While the recommendation phase is 

usually more expensive than for model-based methods, the nearest-neighbors can be pre-

computed in an offline step, providing near instantaneous recommendations. Moreover, storing 

these nearest neighbors requires very little memory, making such approaches scalable to 

applications having millions of users and items. 

 Stability: Another useful property of recommender systems based on this approach is that they 

are little affected by the constant addition of users, items and ratings, which are typically 

observed in large commercial applications. For instance, once item similarities have been 

computed, an item-based system can readily make recommendations to new users, without 

having to re-train the system. Moreover, once a few ratings have been entered for a new item, 

only the similarities between this item and the ones already in the system need to be computed. 
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The main shortcomings of collaborative filtering are: 

 Data scarcity and the cold start problem: In practice, many commercial recommender systems 

are based on large datasets. As a result, the user-item matrix used for collaborative filtering 

could be extremely large and sparse, which brings about the challenges in the performances of 

the recommendation. The cold start problem is inherent to data scarcity. As collaborative 

filtering methods recommend items based on users’ past preferences, new users will need to rate 

sufficient number of items to enable the system to capture their preferences accurately and thus 

provides reliable recommendations. 

 The scalability problem: As the numbers of users and items grow, traditional CF algorithms will 

suffer serious scalability problems. Example 

 The synonyms problem: synonymy refers to the tendency of a number of the same or 

very similar items to have different names or entries. Most recommender systems are 

unable to discover this latent association and thus treat these products differently. For 

example, the seemingly different items “children movie” and “children film” are 

actually referring to the same item. Indeed, the degree of variability in descriptive 

term usage is greater than commonly suspected. The prevalence of synonyms 

decreases the recommendation performance of CF systems. 

 Grey sheep problem: Grey sheep refers to the users whose opinions do not 

consistently agree or disagree with any group of people and thus do not benefit from 

collaborative filtering. Black sheep are the opposite group whose idiosyncratic tastes 

make recommendations nearly impossible. Although this is a failure of the 

recommender system, non-electronic recommenders also have great problems in these 

cases, so black sheep is an acceptable failure. 

 Shilling attack: In a recommendation system where everyone can give the ratings, 

people may give lots of positive ratings for their own items and negative ratings for 

their competitors. It is often necessary for the collaborative filtering systems to 

introduce precautions to discourage such kind of manipulations. 

 The new item problem: Items that are newly inserted in the items’ pool will not be 

recommended to the users as they have no ratings than could be used to compute the 
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neighborhood correlation with the other items. This has for consequence that newly 

items never get recommended till they are rated. 

 

Content-based filtering 

Here we study the advantages and pitfalls of content-based filtering. The main advantages of this 

method are: 

 User independence - Content-based recommenders exploit solely ratings provided by the active 

user to build their own profile. Instead, collaborative filtering methods need ratings from other 

users in order to find the “nearest neighbors” of the active user, i.e., users that have similar tastes 

since they rated the same items similarly. Then, only the items that are most liked by the 

neighbors of the active user will be recommended; 

 Transparency - Explanations on how the recommender system works can be provided by 

explicitly listing content features or descriptions that caused an item to occur in the list of 

recommendations. Those features are indicators to consult in order to decide whether to trust a 

recommendation. Conversely, collaborative systems are black boxes since the only explanation 

for an item recommendation is that unknown users with similar tastes liked that item; 

 New item - Content-based recommenders are capable of recommending items not yet rated by 

any user. As a consequence, they do not suffer from the first-rater problem, which affects 

collaborative recommenders which rely solely on users’ preferences to make recommendations. 

Therefore, until the new item is rated by a substantial number of users, the system would not be 

able to recommend it. 

Nonetheless, content-based systems have several shortcomings: 

 Limited content analysis - Content-based techniques have a natural limit in the number and type 

of features that are associated, whether automatically or manually, with the objects they 

recommend. Domain knowledge is often needed, e.g., for movie recommendations the system 

needs to know the actors and directors, and sometimes, domain ontologies are also needed. No 

content-based recommendation system can provide suitable suggestions if the analyzed content 

does not contain enough information to discriminate items the user likes from items the user 

does not like. Some representations capture only certain aspects of the content, but there are 
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many others that would influence a user’s experience. For instance, often there is not enough 

information in the word frequency to model the user interests in jokes or poems, while 

techniques for affective computing would be most appropriate. Again, for Web pages, feature 

extraction techniques from text completely ignore aesthetic qualities and additional multimedia 

information.  

To sum up, both automatic and manually assignment of features to items could not be sufficient 

to define distinguishing aspects of items that turn out to be necessary for the elicitation of user 

interests. 

 Over-specialization - Content-based recommenders have no inherent method for finding 

something unexpected. The system suggests items whose scores are high when matched against 

the user profile; hence the user is going to be recommended items similar to those already rated. 

This drawback is also called serendipity problem to highlight the tendency of the content-based 

systems to produce recommendations with a limited degree of novelty. To give an example, 

when a user has only rated movies directed by Stanley Kubrick, she will be recommended just 

that kind of movies. A “perfect” content-based technique would rarely find anything novel, 

limiting the range of applications for which it would be useful. 

 New user - Enough ratings have to be collected before a content-based recommender system can 

really understand user preferences and provide accurate recommendations. Therefore, when few 

ratings are available, as for a new user, the system will not be able to provide reliable 

recommendations. 
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3. Recommender systems in the context of the Global world labor corp.’s 

portal 

 

 

3.1. Business opportunity and customer needs 

 

 

In the context of the Global world labor corp.’s portal a recommender engine would enable: 

 a jobseeker to: 

o Obtain tailored recommendations of job vacancies, based on the skill set in her profile 

and the information about her set of preferred jobs.  

o Obtain tailored recommendations of job vacancies, based on the information in his search 

queries.  

o Get recommendations of training and educational events based on the information in his 

profile  

o Obtain recommended news articles and living and working conditions information based 

on their profile.  

 An employer to: 

o Get recommendations of jobseekers profiles that match the job vacancies she published 

o Obtain recommendations of wikis and assistance articles with respect to labor force 

mobility.  

 

 

3.2. Business objectives and business risks 
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3.2.1. Business objectives 

 

Business objective  Description  

BO-1  Increase the traffic on the portal by 50% within 6 

month following the initial release  

BO-2  Achieve an increase on the average rating on the 

accuracy of the matching capability of 0.5 during the 

first 3 months and 1.0 within 12 months after the initial 

release  

BO-3  

 

Achieve an overall user experience satisfaction of 50% 

within 6 months after the initial release and 99.9% 

within 12 months after the initial release  

 

TABLE 1 BUSINESS OBJECTIVES  

 

 

 

3.2.2. Business risks and mitigation 

 

 

Risk  Description  

RI-1  Too few users might use the recommendations engine, 

increasing data scarcity and reducing as well the return 

on investment.  

RI-2  The recommender system might recommend bad items 

if the items pool is not controlled.  

RI-3  The recommender system might raise data privacy 

concerns on the users’ sides.  

 

TABLE 2  BUSINESS RISKS 
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In the table above are listed some of the major risks related to the development of the recommender 

engine. Here we provide mitigation actions for each of them. 

 

Mitigation action for RI-1: In order to mitigate the problem in RI-1, the existence of the recommender 

engine must be known by all the users. Additionally, users must be prompted explicitly to provide their 

opinion on the recommendations.  

 

Mitigation action for RI-2: As a mitigation action for RI-2, we suggest that items pools be pre-filtered 

in order to keep only desirable items. For instance news articles must undergo editors pre-filtering phase 

before they are included in the news articles pool. This would prevent the recommender engine from 

recommending them.  

 

Mitigation action for RI-3: As far as data privacy is concerned, measures must be taken to ensure that 

connections of users do not appear in the recommendations stage. 

 

 

3.3. Functional and non-functional requirements 

 

In this section we discuss functional and non-functional requirements for the system we want to build. 

But before we discuss both functional and non-functional requirements, we briefly describe the 

elicitation process. 

 

 

3.3.1. Elicitation process 
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FIGURE 1 REQUIREMENTS’ ELICITATION PROCESS AND ARTIFACTS 

 

The above figure shows the requirements’ elicitation process and the artifacts that are delivered at the 

end of each one of its stages.  The process we have chosen is a subset of the Unified Process for 

Software Development (Jacobson et al., 1999).
1
It fits together with the management and design 

methodologies we are using in this project. 

The requirements engineering process consists of activities for developing requirements and managing 

changes to those requirements. Within the context of the Global world labor corp. we gathered the 

requirements by studying the user's environment, interviewing users, and analyzing the functionality of 

the existing portal. This enabled us in one hand to identify the use cases for the new system and on the 

other hand to model them.  The use cases modeled were then specified as user requirements. We next 

                                                           
1

Jacobson, Ivar, Grady Booch, and James Rumbaugh.The Unified Software Development Process. Reading, Massachusetts: Addison-Wesley, 1999. 
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analyzed the user requirements through an analysis model that describes the entities in the user's 

environment and their relationships. 

 The analysis involved building the class diagram and using sequence diagrams to realize every use case 

in the diagram. Once all use cases are realized in the class diagram, we built storyboards to validate the 

use cases with the user. After making appropriate adjustments, we specified the requirements 

represented by the classes, attributes, methods, and relationships from the class diagram in a Software 

Requirements Specification. In the following sections, we are going to discuss the functional and non-

functional requirements for the recommender system in the context of the Global world labor corp.’s 

portal. 

 

 

3.3.2. Functional requirements 

 

In this section we discuss the functional requirements tied to the recommender engine that we are 

prototyping for the Global world labor corp.’s portal. They are described under the shape of use cases. 

 

 

List of use cases 

 

Primary actor  Use cases 

 

 

 

 

Jobseeker 

Get job vacancies recommendations based on 

profile info 

Get job vacancies recommendations based on 

search query info 

Get learning opportunities recommendations 

based on profile info 

Get learning opportunities recommendations 

based on search query info 

Get living and working conditions news articles 
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recommendations based on profile info 

Get living and working conditions news  articles  

recommendations based on search query info 

 

 

 

 

 

employer 

Get jobseekers profiles recommendations based 

on profile info. 

Get jobseekers profiles recommendations based 

on search query info. 

Get labor force mobility news  articles 

recommendations based on profile info 

Get labor force mobility news  articles 

recommendations based on search query info 

 

 

Anonymous 

Display similar jobseekers’ profiles 

Display similar job vacancies 

Display similar learning opportunities 

Display similar living and working conditions 

news articles 

Display similar labor force mobility news articles  

 

TABLE 3 USE CASE LIST 

 

 

System users 

 

 



 Design and implementation of a recommender system as a module for Liferay portal  

 

 

 

Page 31 

 

 

 

FIGURE 2 USERS HIERARCHY 

 

 

Use cases packages 

 

 

Package 1:  profile info based recommendations 

 

 

FIGURE 3 PACKAGE1: PROFILE INFO BASED RECOMMENDATIONS 
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FIGURE 4 PROFILE INFO BASED USE CASES 

 

 

Package 2:  search query info based recommendations 

 

  

FIGURE 5 PACKAGE2: SEARCH QUEERY INFO BASED RECOMMENDATIONS 
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FIGURE 6 SEARCH INFO BASED USE CASES 

 

 

Package 3: recommendations for anonymous users 

 

 

 

FIGURE 7 PACKAGE3: RECOMMENDATIONS FOR ANONYMOUS USERS 



 Design and implementation of a recommender system as a module for Liferay portal  

 

 

 

Page 34 

 

 

FIGURE 8 USES CASES FOR ANONYMOUS USER 

 

 

Use cases specification 

 

Profile info based recommendations 

 

 

Get job vacancies recommendations based on profile info 
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FIGURE 9 GET JOB VACANCIES RECOMMENDATIONS BASED ON PROFILE INFO 

 

 

Use case name Get job vacancies recommendations based on profile info 

Use case id UC-1 

Primary actor Jobseeker 

Secondary actors  

precondition Jobseeker is logged into the system 

Post-condition  

History  Created 06/05/2012 

Modified  

description This use case enables a jobseeker to obtain recommendations of 

job vacancies based on the information on their profile. 

User satisfaction 1 

User dissatisfaction 5 

trigger The jobseeker accesses the find job section of the portal 

include  

Normal flow Step  

 1 The system gets the jobseeker’s skill set and preferred 

jobs information from her profile. 

 2 The system generates a list of job vacancies to 

recommend. 

 3 The system displays the generated job vacancies to 
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the jobseeker indicating for every job vacancy the 

level of matching with the jobseekers skill set. 

 4 The jobseeker clicks on one job vacancy to view it.  

 5 The system asks the jobseeker to evaluate how she 

liked the job vacancy that she viewed  

 6 The jobseeker evaluates the recommended job 

vacancy. 

 7 The system adjusts the preferences of the jobseeker to 

match her choice, and generates a new set of job 

vacancies to recommend.  

 8 The jobseeker clicks on one job vacancy from the 

new set to view it, and the use case resumes at step 5. 

 9 The jobseeker logs out the system 

 10 The system saves the jobseeker’s preferences and the 

use case ends 

Alternative flows  Step  

 5.1 The jobseeker does not provide her opinion. 

 5.2 The system assumes her interest for the recommended 

job vacancy was medium. And the use case goes to 

step 7. 

   

 

TABLE 4 USE CASE1 GET JOB VACANCIES RECOMMENDATIONS BASED ON PROFILE INFO 

 

 

 

Get learning opportunities recommendations based on profile info 
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FIGURE 10  GET PROFILE INFO BASED LEARNING OPPORTUNITIES RECOMMENDATIONS 

 

 

Use case name Get profile info based learning opportunities recommendations 

Use case id UC-2 

Primary actor Jobseeker 

Secondary actors  

precondition Jobseeker is logged into the system 

Post-condition  

History  Created 06/05/2012 

Modified  

description This use case enables a jobseeker to obtain recommendations of 

learning opportunities based on the information on their profile. 

User satisfaction 1 

User dissatisfaction 5 

trigger The jobseeker accesses the find learning opportunities section of 

the portal. 

include  

Normal flow Step  

 1 The system gathers the jobseeker’s skill set and her 

preferred jobs information 

 2 The system generates a list of learning opportunities 

to recommend. 
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 3 The system displays the generated learning 

opportunities to the jobseeker indicating for each 

preferred job the missing skill set each learning 

opportunity will bring to them. 

 4 The jobseeker clicks on one learning opportunity to 

view it.  

 5 The system asks the jobseeker to evaluate how she 

liked the recommended learning opportunity that she 

viewed. 

 6 The jobseeker evaluates the recommended learning 

opportunity. 

 7 The system adjusts the preferences of the jobseeker to 

match her choice, and generates a new set of 

recommended learning opportunities.  

 8 The jobseeker clicks on one learning opportunity 

from the new set to view it, and the use case resumes 

at step 5. 

 9 The jobseeker logs out the system 

 10 The system saves the jobseeker’s preferences and the 

use case ends 

Alternative flows  Step  

 5.1 The jobseeker does not provide her opinion. 

 5.2 The system assumes her interest for the recommended 

learning opportunity was medium. And the use case 

goes to step 7. 

   

 

TABLE 5 USE CASE2 GET PROFILE INFO BASED LEARNING OPPORTUNITIES RECOMMENDATIONS 
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Get jobseekers’ profiles recommendations based on profile info 

 

 

 
 

FIGURE 11 GET JOBSEEKERS’ PROFILES RECOMMENDATIONS BASED ON PROFILE INFO 

 

 

Use case name Get jobseekers’ profiles recommendations based on profile info 

Use case id UC-3 

Primary actor Employer 

Secondary actors  

precondition Employer is logged into the system 

Post-condition  

History  Created 06/05/2012 

Modified  

description This use case enables an employer to obtain recommendations of 

jobseekers’ profiles based on the information on the search profile 

they have built. 

User satisfaction 1 

User dissatisfaction 5 

trigger The employer accesses a search profile page in the find candidates 

section of the portal. 

include  

Normal flow Step  
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 1 The system gets the information from the search 

profile. 

 2 The system generates a list of jobseekers’ profiles to 

recommend. 

 3 The system displays the generated profiles to 

employer indicating for every jobseeker’s profile the 

level of matching with the employers search profile. 

 4 The employer clicks on one profile to view it.  

 5 The system asks the employer to evaluate how she 

liked the job vacancy that she viewed. 

 6 The employer evaluates the profile recommended. 

 7 The system adjusts the preferences of the employer to 

match her choice, and generates a new set of 

jobseekers’ profiles to recommend.  

 8 The employer clicks on one profile from the new set 

to view it, and the use case resumes at step 5. 

 9 The employer logs out the system 

 10 The system saves the employer’s preferences and the 

use case ends 

Alternative flows  Step  

 5.1 The employer does not provide her opinion. 

 5.2 The system assumes her interest for the jobseeker’s 

profile recommended was medium. And the use case 

goes to step 7. 

   

 

TABLE 6 USE CASE3 GET JOBSEEKERS’ PROFILES RECOMMENDATIONS BASED ON PROFILE INFO 
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Get living and working conditions news articles recommendations based on profile information 

 

 

 
 

FIGURE 12  GET LIVING AND WORKING CONDITIONS NEWS ARTICLES RECOMMENDATIONS BASED ON PROFILE INFO 

 

 

Use case name Get living and working conditions news articles recommendations 

based on profile information 

Use case id UC-4 

Primary actor Jobseeker 

Secondary actors  

precondition Jobseeker is logged into the system 

Post-condition  

History  Created 06/05/2012 

Modified  

description This use case enables a jobseeker to obtain recommendations of 

living and working conditions news articles based on the 

information on their profile. 

User satisfaction 1 

User dissatisfaction 5 

trigger The jobseeker accesses the find living and working conditions 

news articles section of the portal. 

include  
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Normal flow Step  

 1 The system gets the information on their passed 

activities from their profile. 

 2 The system generates a list of news articles to 

recommend. 

 3 The system displays the generated news articles to the 

jobseeker indicating for every article the reasons why 

it has been recommended. 

 4 The jobseeker clicks on one news article to view it. 

 5 The system asks the jobseeker to evaluate how she 

liked the article that she viewed 

 6 The jobseeker evaluates the recommended news 

article. 

 7 The system adjusts the preferences of the jobseeker to 

match her choice, and generates a new set of 

recommended news articles. 

 8 The employer clicks on one news article from the 

new set to view it, and the use case resumes at step 5. 

 9 The jobseeker logs out the system 

 10 The system saves the jobseeker’s preferences and the 

use case ends 

Alternative flows  Step  

 5.1 The jobseeker does not provide her opinion. 

 5.2 The system assumes her interest for the article 

recommended was medium. And the use case goes to 

step 7.  

   

 

TABLE 7 USE CASE4 GET LIVING AND WORKING CONDITIONS NEWS ARTICLES RECOMMENDATIONS BASED ON PROFILE 

INFO 
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Get labor force mobility news articles recommendations based on profile information 

 

 

 

 

FIGURE 13  GET LABOR FORCE MOBILITY NEWS ARTICLES RECOMMENDATIONS BASED ON PROFILE INFO 

 

 

Use case name Get labor force mobility news articles recommendations based on 

profile information 

Use case id UC-5 

Primary actor Employer 

Secondary actors  

precondition Employer is logged into the system 

Post-condition  

History  Created 06/05/2012 

Modified  

description This use case enables an employer to obtain recommendations of 

labor force mobility news articles. 

User satisfaction 1 

User dissatisfaction 5 

trigger The employer accesses the find labor force mobility news articles 

section in the portal. 

include  

Normal flow Step  
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 1 The system gets the information on their passed 

activities from their profile. 

 2 The system generates a list of news articles to 

recommend. 

 3 The system displays the generated news articles to the 

jobseeker indicating for every article the reasons why 

it has been recommended. 

 4 The employer clicks on one article to view it. 

 5 The system asks the employer to evaluate how she 

liked the article that she read. 

 6 The employer evaluates the article she read. 

 7 The system adjusts the preferences of the employer to 

match her choice, and generates a new set of news 

articles to recommend.  

 8 The employer clicks on one article from the new set 

to view it, and the use case resumes at step 5. 

 9 The employer logs out the system 

 10 The system saves the employer’s preferences and the 

use case ends 

Alternative flows  Step  

 5.1 The employer does not provide her opinion. 

 5.2 The system assumes her interest for the recommended 

news article was medium. And the use case goes to 

step 7. 

   

 

TABLE 8 USE CASE5 GET LABOR FORCE MOBILITY NEWS ARTICLES RECOMMENDATIONS BASED ON PROFILE INFO 

 

 

Search query info based recommendations 
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Get job vacancies recommendations based on search query 

 

 

 

 

FIGURE 14   GET JOB VACANCIES RECOMMENDATIONS BASED ON SEARCH QUERY 

 

 

Use case name Get job vacancies recommendations based on search query 

Use case id UC-6 

Primary actor Jobseeker 

Secondary actors  

precondition Jobseeker is logged into the system 

Post-condition  

History  Created 06/05/2012 

Modified  

description This use case enables a jobseeker to obtain recommendations of 

job vacancies based on the information on their search query. 

User satisfaction 1 

User dissatisfaction 5 

trigger The jobseeker writes a search query in the job vacancies search 

bar.  

include  

Normal flow Step  

 1 The system gets the information on the jobseeker’s 
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search query. 

 2 The system generates a list of job vacancies to 

recommend. 

 3 The system displays the generated job vacancies to 

the jobseeker indicating for every job vacancy the 

level of matching with the jobseekers skill set. 

 4 The jobseeker clicks on one job vacancy to view it.  

 5 The system asks the jobseeker to evaluate how she 

liked the job vacancy that she viewed  

 6 The jobseeker evaluates the job vacancy 

recommended. 

 7 The system adjusts the preferences of the jobseeker to 

match her choice, and generates a new set of 

recommended job vacancies.  

 8 The jobseeker clicks on one job vacancy from the 

new set to view it, and the use case resumes at step 5. 

 9 The jobseeker logs out the system 

 10 The system saves the jobseeker’s preferences and the 

use case ends 

Alternative flows  Step  

 5.1 The jobseeker does not provide her opinion. 

 5.2 The system assumes her interest for the job vacancy 

recommended was medium. And the use case goes to 

step 7. 

   

 

TABLE 9 USE CASE6 GET JOB VACANCIES RECOMMENDATIONS BASED ON SEARCH QUERY 
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Get learning opportunities recommendations based on search query 

 

 

 

 

FIGURE 15  GET LEARNING OPPORTUNITIES RECOMMENDATIONS BASED ON SEARCH QUERY 

 

 

Use case name Get learning opportunities recommendations based on search 

query 

Use case id UC-7 

Primary actor Jobseeker 

Secondary actors  

precondition Jobseeker is logged into the system 

Post-condition  

History  Created  06/05/2012 

Modified  

description This use case enables a jobseeker to obtain recommendations of 

learning opportunities based on the information on their search 

query. 

User satisfaction 1 

User dissatisfaction 5 

trigger The jobseeker writes a query in the learning opportunities search 

bar. 

include  
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Normal flow Step  

 1 The system gets the jobseeker’s query information. 

 2 The system generates a list of learning opportunities 

to recommend. 

 3 The system displays the generated learning 

opportunities to the jobseeker indicating for each 

preferred job the missing skill set each learning 

opportunity will bring to them. 

 4 The jobseeker clicks on one learning opportunity to 

view it.  

 5 The system asks the jobseeker to evaluate how she 

liked the recommended learning opportunity. 

 6 The jobseeker evaluates the learning opportunity 

recommended. 

 7 The system adjusts the preferences of the jobseeker to 

match her choice, and generates a new set of learning 

opportunities to recommend.  

 8 The jobseeker clicks on one learning opportunity 

from the new set to view it, and the use case resumes 

at step 5. 

 9 The jobseeker logs out the system 

 10 The system saves the jobseeker’s preferences and the 

use case ends 

Alternative flows  Step  

 5.1 The jobseeker does not provide her opinion. 

 5.2 The system assumes her interest for the learning 

opportunity recommended was medium. And the use 

case goes to step 7. 

   

 

TABLE 10 USE CASE7 GET LEARNING OPPORTUNITIES RECOMMENDATIONS BASED ON SEARCH QUERY 

Get living and working conditions news articles recommendations based on search query 



 Design and implementation of a recommender system as a module for Liferay portal  

 

 

 

Page 49 

 

 

 

 

FIGURE 16  GET LIVING AND WORKING CONDITIONS NEWS ARTICLES RECOMMENDATIONS BASED ON SEARCH QUERY 

 

 

Use case name Get living and working conditions news articles recommendations 

based on search query 

Use case id UC-8 

Primary actor Jobseeker 

Secondary actors  

precondition Jobseeker is logged into the system 

Post-condition  

History  Created 06/05/2012 

Modified  

description This use case enables a jobseeker to obtain recommendations of 

news articles on living and working conditions based on the 

information in their search query 

User satisfaction 1 

User dissatisfaction 5 

trigger The jobseeker writes a search query in the search bar. 

include  

Normal flow Step  

 1 The system gets the information in the jobseeker’s 

query. 

 2 The system generates a list of news articles to 
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recommend. 

 3 The system displays the generated news articles to the 

jobseeker indicating for every article the reasons why 

it has been recommended. 

 4 The jobseeker clicks on one news article to view it.  

 5 The system asks the jobseeker to evaluate how she 

liked the article that she viewed  

 6 The jobseeker evaluates the recommended news 

article. 

 7 The system adjusts the preferences of the jobseeker to 

match her choice, and generates a new set of news 

articles to recommend.  

 8 The jobseeker clicks on one news article from the 

new set to view it, and the use case resumes at step 5. 

 9 The jobseeker logs out the system. 

 10 The system saves the jobseeker’s preferences and the 

use case ends. 

Alternative flows  Step  

 5.1 The jobseeker does not provide her opinion. 

 5.2 The system assumes her interest for the recommended 

news article was medium. And the use case goes to 

step 7. 

   

 

TABLE 11 USE CASE8 GET LIVING AND WORKING CONDITIONS NEWS ARTICLES RECOMMENDATIONS BASED ON SEARCH 

QUERY 

 

 

Get jobseekers profiles recommendations based on search query 
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FIGURE 17  GET JOBSEEKERS PROFILES RECOMMENDATIONS BASED ON SEARCH QUERY 

 

 

Use case name Get jobseekers profiles recommendations based on search query 

Use case id UC-9 

Primary actor employer 

Secondary actors  

precondition employer is logged into the system 

Post-condition  

History  Created  06/05/2012 

Modified  

description This use case enables an employer to obtain recommendations of 

jobseekers profiles  based on the information on their search query 

User satisfaction 1 

User dissatisfaction 5 

trigger The employer writes a query in the jobseekers profile search bar. 

include  

Normal flow Step  

 1 The system gets the information enclosed in the 

employers query. 

 2 The system generates a list of jobseekers’ profiles to 

recommend. 

 3 The system displays the generated profiles to the 
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jobseeker indicating for every jobseeker profile the 

reason why it has been recommended. 

 4 The employer clicks on one jobseeker profile to view 

it.  

 5 The system asks the employer to evaluate how she 

liked the job vacancy that she viewed  

 6 The employer evaluates the recommended profile. 

 7 The system adjusts the preferences of the employer to 

match her choice, and generates a new set of 

recommended jobseekers’ profiles.  

 8 The employer clicks on one profile from the new set 

to view it, and the use case resumes at step 5. 

 9 The employer logs out the system 

 10 The system saves the employer’s preferences and the 

use case ends 

Alternative flows  Step  

 5.1 The employer does not provide her opinion. 

 5.2 The system assumes her interest for the recommended 

jobseeker’s profile was medium. And the use case 

goes to step 7. 

   

 

TABLE 12 USE CASE9 GET JOBSEEKERS PROFILES RECOMMENDATIONS BASED ON SEARCH QUERY 

 

 

Get labor force mobility news articles recommendations based on search query 
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Figure 18  get labor force mobility news articles recommendations based on search query 

 

 

Use case name Get labor force mobility news articles recommendations based on 

search query 

Use case id UC-10 

Primary actor Employer 

Secondary actors  

precondition Employer is logged into the system 

Post-condition  

History  Created  06/05/2012 

Modified  

description This use case enables an employer to obtain recommendations of 

news articles on labor force mobility  based on the information in 

their search query 

User satisfaction 1 

User dissatisfaction 5 

trigger The Employer writes a query in the news article search bar. 

include  

Normal flow Step  

 1 The system gets the employer’s  query information 

 2 The system generates a list of news articles to 

recommend. 
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 3 The system displays the generated news articles to the 

employer indicating for every article why it has been 

recommended. 

 4 The employer clicks on one article to view it.  

 5 The system asks the employer to evaluate how she 

liked the article that she viewed.  

 6 The employer evaluates the recommended article. 

 7 The system adjusts the preferences of the employer to 

match her choice, and generates a new set of articles 

to recommend.  

 8 The employer clicks on one article from the new set 

to view it, and the use case resumes at step 5. 

 9 The employer logs out the system 

 10 The system saves the employer’s preferences and the 

use case ends 

Alternative flows  Step  

 5.1 The employer does not provide her opinion. 

 5.2 The system assumes her interest for the recommended 

news article was medium. And the use case goes to 

step 7. 

   

 

TABLE 13 USE CASE10 GET LABOR FORCE MOBILITY NEWS ARTICLES RECOMMENDATIONS BASED ON SEARCH QUERY 

 

Recommendations for anonymous users 

 

 

Display similar jobseekers’ profiles  
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FIGURE 19  DISPLAY SIMILAR JOBSEEKERS’ PROFILES  

 

 

Use case name Display similar jobseekers’ profiles 

Use case id UC-11 

Primary actor Anonymous user 

Secondary actors  

precondition  

Post-condition  

History  Created 06/05/2012 

Modified  

description This use case enables an anonymous user to obtain 

recommendations of jobseekers’ profiles based on her most recent 

activities. 

User satisfaction 1 

User dissatisfaction 5 

trigger The anonymous user is browsing a jobseeker’s profile and asks the 

system to display profiles that are similar to the one she is viewing. 

include  

Normal flow Step  

 1 The system generates a list of similar profiles to 

recommend. 

 2 The system displays the generated list to the 

anonymous user, indicating for every profile the 
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similarity rate to the profile the anonymous user is 

viewing.  

 3 The employer clicks on one jobseeker’s profile to 

view it and the use case ends. 

Alternative flows  Step  

 1.1 The system does not find any profile similar to the 

one the anonymous user is browsing. 

 1.2 The system informs the anonymous user that there is 

no profile that is similar to the one that is being 

viewed. 

   

 

TABLE 14 USE CASE11 DISPLAY SIMILAR JOBSEEKERS’ PROFILES 

 

 

Display similar job vacancies 

 

 

 

FIGURE 20  DISPLAY SIMILAR JOB VACANCIES 

 

 

Use case name Display similar job vacancies 

Use case id UC-12 

Primary actor Anonymous user 
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Secondary actors  

precondition  

Post-condition  

History  Created 06/05/2012 

Modified  

description This use case enables an anonymous user to obtain 

recommendations of job vacancies based on her most recent 

activity. 

User satisfaction 1 

User dissatisfaction 5 

trigger The anonymous user is browsing a job vacancy and asks the 

system to display more job vacancies similar to the one that is 

being viewed. 

include  

Normal flow Step  

 1 The system generates a list of job vacancies similar to 

the one that is being viewed. 

 2 The system displays the generated list to the 

anonymous user indicating for every job vacancy the 

similarity rate to the job vacancy that is being viewed. 

 3 The anonymous user clicks on one job vacancy to 

view it and the use case ends. 

Alternative flows  Step  

 1.1 The system does not find any job vacancy that is 

similar to the one that the anonymous user is viewing. 

 1.2 The system informs the anonymous user that there is 

no job vacancy that is similar to the one that is being 

viewed. 

   

 

TABLE 15USE CASE12 DISPLAY SIMILAR JOB VACANCIES 
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Display similar learning opportunities 

 

 

FIGURE 21  DISPLAY SIMILAR LEARNING OPPORTUNITIES 

Use case name Display similar learning opportunities 

Use case id UC-13 

Primary actor Anonymous user 

Secondary actors  

precondition  

Post-condition  

History  Created 06/05/2012 

Modified  

description This use case enables an anonymous user to obtain 

recommendations of learning opportunities based on her most 

recent viewed learning opportunity. 

User satisfaction 1 

User dissatisfaction 5 

trigger The anonymous user is browsing a learning opportunity and asks 

the system to display more learning opportunities that are similar 

to the one that is being viewed. 

include  

Normal flow Step  

 1 The system generates a list of learning opportunities 

that are similar to the learning opportunity the 

anonymous user is viewing. 
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 2 The system displays the generated list of learning 

opportunities to the anonymous user, indicating for 

every learning opportunity the similarity rate to the 

learning opportunity that is being viewed. 

 3 The anonymous user clicks on one learning 

opportunity to view it and the use case ends. 

Alternative flows  Step  

 1.1 The system does not find any learning opportunity 

similar to the one that the anonymous user is viewing. 

 1.2 The system informs the anonymous user that there is 

no learning opportunity similar to the one that is 

being viewed. 

   

 

TABLE 16 USE CASE13 DISPLAY SIMILAR LEARNING OPPORTUNITIES 

 

 

 

Display similar living and working news articles 

 

 

 

FIGURE 22  DISPLAY SIMILAR LIVING AND WORKING NEWS ARTICLES 
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Use case name Display similar living and working news articles 

Use case id UC-14 

Primary actor Anonymous user 

Secondary actors  

precondition  

Post-condition  

History  Created 06/05/2012 

Modified  

description This use case enables an anonymous user to obtain 

recommendations of living and working conditions news articles 

based on her most recently article viewed 

User satisfaction 1 

User dissatisfaction 5 

trigger The anonymous user is viewing a living and working conditions 

news article and asks the system to display news articles that are 

similar to the article that the anonymous user is viewing. 

include  

Normal flow Step  

 1 The system generates a list of living and working 

conditions news articles that are similar to the one the 

anonymous user is viewing. 

 2 The system displays the generated list of news 

articles to the anonymous user, indicating for every 

article the similarity rate to the article that is being 

read by the anonymous user.  

 3 The anonymous user clicks on one news article to 

view it and the use case ends. 

Alternative flows  Step  

 1.1 The system does not find any news article that is 

similar to the one that is being viewed. 
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 1.2 The system informs the anonymous user that no 

living and working conditions similar to the one 

being viewed was found. 

   

 

TABLE 17 USE CASE14 DISPLAY SIMILAR LIVING AND WORKING NEWS ARTICLES 

 

 

Display similar labor force mobility news articles  

 

 

 

FIGURE 23  DISPLAY SIMILAR LABOR FORCE MOBILITY NEWS ARTICLES 

 

Use case name Display similar labor force mobility news articles 

Use case id UC-15 

Primary actor Anonymous user 

Secondary actors  

precondition  

Post-condition  

History  Created 06/05/2012 

Modified  

description This use case enables an anonymous user to obtain 

recommendations of labor force mobility news article based on her 

most recently viewed labor force mobility news article. 

User satisfaction 1 
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User dissatisfaction 5 

trigger The anonymous user is reading a labor force mobility news article 

and asks the system to display labor force mobility articles that are 

similar to the one the she is reading. 

include  

Normal flow Step  

 1 The system generates a list of labor force mobility 

news articles that are similar to the on the anonymous 

user is reading. 

 2 The system displays the generated list to the 

anonymous user indicating for every news article the 

similarity rate to the news article that the anonymous 

user is reading. 

 3 The anonymous clicks on one news article to read it 

and the use case ends. 

Alternative flows  Step  

 1.1 The system does not find any labor force mobility 

article that is similar to the one that the anonymous 

user is reading. 

 1.2 The system informs the anonymous user that no labor 

force mobility news article similar to the one the 

anonymous user is reading was found. 

   

 

TABLE 18 USE CASE15 DISPLAY SIMILAR LABOR FORCE MOBILITY NEWS ARTICLES 

 

 

 

3.3.3. Non-functional requirements 
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Requirement # NF-1 Requirement Type learnability 

Description A new user should be able to use the recommender engine without putting too much 

efforts on learning how to use it, and, in case of doubt, there must be some help to solve 

their doubts. 

 

Rationale Recommender engines are becoming more and more of use on portals and web sites. But 

there still are many people that are not familiar with their functioning. Therefore it should 

be easy to learn how to use the system. 

Originator users 

Customer 

satisfaction 

5 Customer 

dissatisfaction 

1 

History Creation 07/05/2012 

     

 

TABLE 19 NF1 LEARNABILITY 

 

 

Requirement # NF-2 Requirement Type reusability 

Description The recommender engine should be reusable. 

Rationale The management board of Global world labor corp. wishes to be able to reuse some parts 

or the whole system in other projects in the future. Hence the necessity to have a reusable 

system. 

Originator Global world labor corp.’s management board 

Customer 

satisfaction 

3 Customer 

dissatisfaction 

3 

History Creation 07/05/2012 

     

 

TABLE 20 NF2 REUSABILITY 
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Requirement # NF-3 Requirement Type Performance 

Description The recommender engine should generate recommendations within a time frame of 500 

milliseconds 

Rationale  

Originator users 

Customer 

satisfaction 

5 Customer 

dissatisfaction 

1 

History Creation 07/05/2012 

     

 

TABLE 21 NF3 PERFORMANCE 

 

 

 

Requirement # NF-4 Requirement Type reliability 

Description Integrity and consistency of the recommender engine and all its transactions should be 

ensured 

Rationale Transactions are of importance in recommender engines as in other database driven 

applications. Hence the necessity to ensure integrity and consistency in every single 

transaction. 

Originator Global world labor corp.’s management board 

Customer 

satisfaction 

1 Customer 

dissatisfaction 

5 

History Creation 07/05/2012 

     

 

TABLE 22 NF4 RELIABILITY 
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Requirement # NF-5 Requirement Type correctness 

Description The system should be able to predict tastes with a very small margin of error. 

Rationale Users 

Originator  

Customer 

satisfaction 

5 Customer 

dissatisfaction 

1 

History Creation 07/05/2012 

     

 

TABLE 23 NF5  CORRECTNESS 

 

 

 

Requirement # NF-6 Requirement Type Privacy 

Description The privacy of the users should be guaranteed in the system. 

Rationale Given that recommendation engines rely on the relationships between users to predict their 

taste, it should ensure that no relationship between users is exposed, or can be deduced 

from the recommendations. 

Originator users 

Customer 

satisfaction 

5 Customer 

dissatisfaction 

1 

History Creation 07/05/2012 

     

 

TABLE 24 NF6 PRIVACY 

 

 

 

 

 



 Design and implementation of a recommender system as a module for Liferay portal  

 

 

 

Page 66 

 

 

4. Problem analysis and solution 

 

 

4.1. Problem analysis 

 

4.1.1. The challenge 

 

As we mentioned previously, our objective is to build a hybrid recommender system that is able to 

achieve higher prediction accuracy than the ordinary single recommender systems. Furthermore we are 

aiming at integrating it in the most seamless way possible the recommender system into Liferay portal. 

In order to improve the performance of the recommender system, we are planning to combine both the 

content features and rating information of the problem domain. Building a recommender presents two 

main challenges which are: (1) making the right design decisions for the system to be built and (2) 

finding the best way to represent the data so that it can be efficiently used by the recommender to 

provide higher prediction accuracy than single recommender systems. Another major challenge that we 

have to face and which regards the integration strategy, is finding the best strategy possible so that after 

the integration both the requirements of the host system and those of the recommender are still met.  

Such a strategy must in addition, enable the hosted application to benefit from the capabilities of the host 

application. 

In order to take up the above mentioned challenges we are going to study the guidelines that drive the 

design of recommender systems. Doing so will enable us to make the right choices for the design of our 

system. In addition to studying the guidelines, we are going also to analyze the advantages and 

disadvantages of the integrations strategies for Liferay portal. From this analysis we are going to decide 

which strategy to use in order to take up the challenge regarding that aspect. 

 

4.1.2. Design guidelines for the recommender system 
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Several works in the literature provided many guidelines of many aspects of building a recommender 

system but they describe general principles that should guide the design of the recommender engine 

once the initial technological decisions have been made. In this subsection we are going to address the 

following question: 

How can we make sensible choices when initially designing the system? 

Designing a recommender system means making choices that can be categorized into the following 

domains: 

 

 Algorithms: which recommendation methods to use? 

 Architecture: how will the system be deployed, will it be centralized or distributed? 

 User profile: what is the user model?  Is profile adaptation needed? 

These choices are constrained for a large part by the environment of the recommender. The environment 

of the recommender can be studied through three dimensions:  

 Users: who are the users, what are their goals? 

 

 

 

 

FIGURE 24 THE RECOMMENDER SYSTEM IN ITS ENVIRONMENT 

 

 Data: what are the characteristics of the data on which recommendations are based? 
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 Application: what is the overall application the recommender is part of? 

 

 

Application model 

 

Though a recommender system is itself a complex piece of software, it is by nature part of a larger 

system. A recommender is one of the features of an overall application. It may be a minor feature or a 

main selling point; the application maybe pre-existing or built together with the recommender, but in 

any case the design of a recommender system has to be integrated within the design of the application 

hosting it. This section studies the main factors regarding the host application that should influence the 

recommender design along two main lines: the role of the recommender and the influence of the 

application implementation. In order to understand the role of the recommender system in the portal the 

following questions had to be answered: 

 What is the purpose of the recommender of engine? 

 What is the type of recommendations that it should provide? 

 Will the recommendations integrate with other content navigation features? And how? 

 What metrics will be used to measure the recommender engine’s performance? 

 

 Purpose of the recommender engine: the recommender may be a major service provided by the 

application hosting it (in our case the portal). But it can be of a lesser importance than the other services 

provided by the application. Furthermore, a recommender within the context of a business may give 

easy access to previously hard to find items as it is the case in many e-commerce web sites. Customers 

return to the services that best match their needs. Ultimately the purpose of a recommender system may 

be is the increase of the system efficiency by allowing the user to more directly get the content she is 

looking for. This in return can lower the amount of data to be exchanged, thus lowering the costs of 

running a system. In clear, the different objectives or purposes that a recommender may have are: be a 

major service or not, enable easy access to previously hard to find items, secure users’ loyalty and 

increase the system’s efficiency. 
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Type of recommendations: a recommender can provide several sorts of recommendations, from a 

single item (or a simple list of items) to a sequence (e.g. in a travel recommender system). Single item or 

simple list recommenders do not take into account how the choice of an item by the user at a given point 

of time may influence the choice of next items. The choice of the recommendation type may be driven 

by the need or presence of a logical order in the recommendations. For example, in a travel 

recommender system, a trip can be seen as a sequence of travel steps (such as visiting a museum, going 

to the beach, etc.), which can be connected through various logical features, such as geography, culture, 

history, leisure, etc. in order to provide a good travel experience. Recommendations of sequences of 

items may be particularly useful when users are new to a domain and need a path in the selection of 

diverse items, helping them to go through their personal development goals: the logical order of the 

recommendations help them progressing in their learning curve by providing the next most appropriate 

step(s). 

 

Integration with the navigation content: how the recommendations will integrate with other content 

navigation features? In most cases, users will be offered other means to browse content in addition to 

getting recommendations. A good integration of these different navigation methods can greatly enhance 

the user experience. Users may request recommendations completely separately from content browsing. 

This can be a good choice if recommendations are to be highlighted as a main feature of the application. 

Such recommendations may also appear on the home page of a web site or home screen of an 

application. It can also be beneficial to have recommendations dependent on the current interaction 

context. The typical case is to recommend items that are similar to those the user is currently browsing. 

In that case, the recommender system must be able to provide recommendations tailored to the context, 

e.g. the current category when browsing news article (if the current articles’ category is sports then the 

recommender must recommend items in that category). 

It is also important to consider whether the use of the recommender system is optional or a mandatory 

part of the interaction model. This has strong implications on the expected reliability of the system: 

failure to complete a major task on a website because the only way of completing that task was using a 

recommender system which offered inaccurate recommendations could be a source of major user 
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dissatisfaction. However within a system design where the recommender sat in parallel to more 

traditional navigation methods, the impact of the same recommender may be many times less severe. 

 

Performance metrics: The choice of the metrics not only will allow evaluating the recommender once 

it is built but also will influence the choice of the algorithms to implement it. The key metrics we 

considered are as it follows: 

- Correctness metrics such as accuracy, precision and recall: they are technical criteria which can 

be used to evaluate recommender system. Accuracy is the margin of error the recommender 

make while recommending items. Precision refers to the proportion of top recommendations that 

are good recommendation. Recall represents is the proportion of good recommendations that 

appear in top recommendations. 

- Transparency and explainability: it shows how important is it that users understand how the 

recommendations have been determined. A good level of transparency can be more difficult to 

achieve with some families of algorithms.  

- Serendipity: should users be (hopefully pleasantly) surprised by some of the recommendations or 

is it desirable to allow obvious recommendations?  

- Risk taking: related to the previous criterion, should the recommendations be made only for 

items that the user has a high probability of liking? More risky items can be recommended if the 

goal is to allow the user to discover content they would not be aware of without the help of the 

system. But the designer of a recommender must be careful of the risks they take in exploring 

new items. The cost of the users’ dissatisfaction must be taken into consideration before taking 

such risks.  

- Response speed / performance: in many cases, the reactivity of the application is a major concern 

and can be sometimes more important than the accuracy of the results. Knowing how many 

recommendations are needed per time unit allows to better choose algorithms or decide if 

recommendations should be pre-computed. 

- Reliability: What is the criticality of the recommender output in the context of the given 

application? For instance the design of a recommender for an ecommerce website would not be 

approached in the same way as a solution for an organ donor matching system in a hospital. 
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- Robustness to attacks: in particular if the recommender system has a commercial role (for 

instance if it recommends products for purchase), it may be subject to attacks to skew the results.  

After we have understood the first line (the role of the recommender within the context of the portal) 

which influences the design of the recommender and made the necessary choices, we have to understand 

the influence of the implementation of the hosting application on the design of the recommender system. 

 

In addition to the features seen by the users, some aspects of the host application implementation also 

have a large influence on how the recommender can be designed. 

 

Single or multiple devices: the same application may be accessed from a single or multiple devices 

(e.g. a news recommender system on mobile, PC…). 

It must be studied whether the recommendations should depend on the user context. But in term of 

implementation, it also raises additional questions: 

Should the collected preferences be merged or should they remain separate to enable contextual 

recommendations? Where should the preferences be stored? If the preferences are stored on a server, are 

they transmitted to the server in real-time (implying a constant connection) or in batches? Answering 

such questions is important even if access from multiple devices is not initially planned, as it is 

becoming the norm that web applications are derived into mobile versions. 

Single or multiple users: conversely, the same device may be used by several users. In addition, users 

that interact with the host application may be either registered or anonymous and may interact frequently 

or occasionally. This impacts the architecture of the recommender (requires different identification 

means, e.g. login vs. cookies), algorithm choice (e.g. session profile in case of anonymous occasional 

users vs. persistent profile in case of registered users), and algorithm parameters (e.g. the degree of 

adaptability of the system to the user – i.e. the rapidity of profile adaptation: long-term vs. short-term – 

should depend on the frequency of use). 

 

Application infrastructure: The infrastructure the host application runs on puts strong constraints on 

the types of recommendation algorithms that can be used and on their specific implementation. In 

particular, the scalability of the solution has to be carefully studied. Two main cases can be identified, 
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whether the application is accessed through a browser or if an application runs locally on the user 

device. 

 Browser-based application. In the case of a browser-based application, the processing done on 

the client will be minimal. As all information is available at a single point, any kind of algorithm 

can be used. However, scalability will be a major focus in the design. 

 Distributed application. When the user device runs a local application, different architectures 

may be used. To determine the most suitable distributed architecture, the following criteria must 

be studied: 

- Processing power of the relevant devices. Is the client device able to support intensive tasks? 

Can the server-side computing resources be extended as needed when the number of users 

grows? 

- Network connectivity. Is the network connection permanent? Does the data transfer have a 

cost for the users? For mobile devices, what is the impact of the connection to the battery 

life? 

- Data source. How are the data that the recommendations are drawn from accessed? Is it from 

a database (information retrieval) or a stream of data (information filtering)? 

 

Screen real-estate: a point that is easily overlooked in the early stages of the design is how much screen 

space the recommendations will use. In many cases it is very limited and constrained by the application 

user interface design. This is not only a quantitative issue and can have influences on the very nature of 

the recommendations that are provided. For instance, if it is intended to provide more exploratory 

recommendations, it is necessary to have a sufficient number of recommendations and thus sufficient 

space. 

The study of the application the recommender system will be part of, brings a first set of constraints on 

the design of the recommender, but on its own it is not enough to build an appropriate system. This 

additionally requires knowledge about both the user and the data. 

 

User model 
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Fully understanding the user is a fundamental component to the success of any recommender system. In 

this section we discuss the properties on the user’s side which may have an impact on the design and 

choices we as the designers of the recommender faced. Identifying those properties boils down to 

understanding who the users are, and what expectations and goals lie behind the users motivations to use 

the system the recommender supports. 

Understanding who the users are revolves around three main concerns: understanding their key 

identifying characteristics, their skills levels and their prior experience with similar systems. The most 

important concern in our case is: 

 

Identifying users’ characteristics: Gathering a picture of the different user groups through both 

demographic information such as age and gender, job area, nationalities, spoken languages, and deep 

qualitative insights from user research are an important jumping off point in the development of 

recommender user models. Understanding these factors allows the development team to start to build a 

relationship with the users and get an appreciation of their needs. Development of user group clusters 

may allow (1) the building of simple recommenders based on demographics. This is commonly used in 

targeted advertising solutions to cluster customers into segments; (2) define stereotypes of users: 

stereotyping techniques allow the definition of a set of differentiating characteristics for a group of 

users; when a new user is introduced into the system, they can be assigned to a predefined stereotype, 

based on their personal data, which allows the activation of a set of default preferences that may be 

further refined over time thanks to user profile adaptation methods . Personalization solutions exploiting 

user characteristics can be used in combination with more sophisticated techniques to provide a first 

simple step in a hybrid filtering process, or to bootstrap content-based filtering algorithm by using 

stereotype profiles. 

In order to understand what the users’ motivation, expectation and goals are, the designer of the 

recommender engine needs to identify the users’ tasks and understand if the application can support 

completion. For instance the Amazon web site is offering its users the possibility to buy items and get 

recommendations of items to buy.  From the user’s viewpoint, their motivation for using the service is to 

complete one of the two goals of either buying an item for themselves, or buying an item for someone 

else. The Amazon recommender however, does not differentiate those two goals and therefore provides 
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inaccurate recommendation results in one of the use cases. Identifying and understanding user 

motivation can result in fundamental recommender and user experience improvements. User insights 

captured within the user model allow designers to consider the possible range of tasks the future 

application needs to support.  

In most cases there will be many motivations for the use of a system, and a designer must consider ways 

of finding the nature of the goal, either explicitly or implicitly. An explicit goal may be either defined by 

the application (Amazon could have added an option asking the user if they were buying the item for 

themselves or someone else) or expressed by the user (for example through a set of queries). An implicit 

goal may be either predefined by the application itself (such as in personalized news pushing systems 

where the system provides stories to the user in the belief that the user goal is to feel more informed 

about particular world events), or can be inferred from the user’s interactions. In contrast it is quite 

possible that a clear task goal is not discernible (e.g. because the application is dedicated to enjoyment). 

In such cases it can be difficult to build a good recommender as user satisfaction may be more strongly 

related to external factors such as user mood outside of the system’s control. In this case, spread, 

quantity or serendipity may be the most desirable qualities of the recommender. 

 

 

Data model 

 

The last point the designer should study carefully are the characteristics of the items the system will 

exploit and manipulate. Indeed, item descriptions generally preexist before the recommender system, 

and the designer of the recommender system has little possibility to influence or change them. The 

designer of the recommender system needs to identify the main characteristics of the data that may 

influence the design and the results of the recommender system. The following set of questions will help 

the designer in this task: 

 What kind of data will the recommender manipulate? Is it structured, semi-structured or 

unstructured? 

 How are the quality and quantity of the metadata? Are they high, medium or low? 

 Are the metadata keyword-based or semantic-based? 
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 What is the volume of items? A lot, few? 

 How is the diversity of the items? Heterogeneous, homogeneous? 

 Are the items changing a lot or stable? 

 Are the user ratings implicit or explicit? 

 Are the ratings binary or multi-level? 

 

The type of data 

 Unstructured data: an item can be represented only by unstructured data, which refers to 

information that either does not have a data model or one that is not easily usable by a computer 

program. In such cases, a pre-processing needs to be made to extract significant keywords, or 

concepts helping to distinguish each item from each other. 

 Semi-structured data: an item is often described by several generic metadata, corresponding to 

the main characteristics of the item and free text. A typical example of semi-structured data is an 

Amazon
2
 product page, or a TV program, which is expressed with a number of properties such as 

program genre, program schedule, etc. 

 Structured data: items can also already be described by a well-structured model that could belong 

to a standard, or a de facto standard, such as TVAnytime
3
for the description of TV programs in 

an electronic program guide (EPG) for DVB-H. When having structured data, the designer must 

examine the quantity and quality of data to anticipate the potential lack of information for their 

use in the frame of a personalized system. 

 

The quality/ quantity of the metadata 

 Quality: the designer has to have some clues about the quality of the metadata available and has 

to understand the actions to take in the case where metadata are of medium or low quality. In 

general, an item metadata description is considered as of high quality if it enables one item to be 

distinguished from another. For example in news RSS feeds, two items can share common 

keywords corresponding to a category of news (e.g. sport news, football), but must have 

                                                           
2
Amazon, http://www.amazon.com 

3
TV Anytime, http://www.tv-anytime.org/ 
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sufficient additional keywords for distinguishing news related to a certain match, a global event 

like a competition, a football player etc. In that example, the designer has to understand the right 

level of details in the description to capture the differences between newsfeeds. 

 Expressiveness: the future users are also fundamental to the process of metadata evaluation. 

Metadata must reflect the users’ points of view on items, and represent what users consider as 

differentiating characteristics of items. So the expressiveness of metadata is crucial to the 

performance of the recommender. Items can be expressed with a large variety of semantics: from 

no semantics using tags/keywords such as images annotated on Flickr
4
, to more advanced 

knowledge representations, such as taxonomies or ontologies. As a classic example, comparing a 

keyword-based approach and a semantic approach, an item referenced by specific keywords such 

as football, baseball, basketball, will not be recommended to a user interested in something more 

high level such as team sports. Through a semantic representation, the tacit knowledge that 

football, baseball and basketball are team sports is represented and can be used to extract 

pertinent user preferences and recommendations, and content about all type of sports teams 

would have been recommended because of the semantic link between the concepts. 

 Quantity: The amount of metadata is an important factor to consider: too few metadata may lead 

to inaccurate recommendations, whereas too much metadata may lead to useless processing. In 

addition, metadata description may vary in terms of depth (degree of precision) and breadth 

(variety of description). The risk with superficial description is to propose items to users that do 

not correspond exactly to what they expect. 

 

The volume of items 

In addition to the quantity of metadata per item, we should consider the volume of items in the data set. 

It represents an important factor in determining the choice of a recommender system family.  

 

The distribution of the items 

It is also essential to consider how items are distributed among the data set. For example, if in a movie 

data set, a very high proportion of items is annotated with the concept “action”, this metadata may not be 

                                                           
4
Flickr, http://www.flickr.com 
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discriminative enough (too many content items selected if the user likes action films, too few if he does 

not). In such cases, and if possible, the level of depth of the annotation of data should be rethought in 

order to obtain better quality metadata. 

 

The nature and stability of the items set 

News items, books, or TV programs are intrinsically different, and therefore users do not behave the 

same way depending on the nature of the items. For example, it is relatively easy to conceive that 

interests related to TV programs or books are more stable than the ones related to news, because news 

items change more frequently, and so there are more diverse subjects that can emerge. So, this criterion 

impacts the use or not of an adaptive recommender system (i.e. where the user profile evolves with 

time), and highlights the need to understand different evolution patterns, such as stable interests, 

progressive interests, fast changing interests, etc. One should also consider the stability of the item set, 

i.e. how often new items are introduced or items disappear. 

In addition, a recommender can work with homogeneous data (e.g. movies only as done in MovieLens) 

or can manipulate heterogeneous content (as done in Amazon). In order to choose an appropriate 

strategy for item recommendations, it is important to study the correlation between the items, for 

example how an interest for a music type is reflected in book tastes. This analysis can help choose a 

strategy for recommendations, such as considering all items globally, or instead apply specific rules 

based on the specificity of each item family. 

 

User items ratings 

Another important consideration is that of taking into account user ratings or not. If there is no user 

rating related to items in the system, this excludes the whole family of collaborative filtering methods. 

User ratings about items can be either explicit (for example on Amazon, users can indicate how much 

they enjoyed a book or a CD), and may be expressed on different scales (e.g. binary, multi-level). If this 

is not directly available, but thought to be useful in the 

personalized application, it is possible to compute implicit feedback indicators (for example, the fact of 

purchasing an item can be considered as an implicit indicator of user interest), which can be used either 
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in some recommendation algorithms (such as collaborative filtering), or as an input to a user profile 

adaptation module that will update users’ interests based on likes and dislikes of specific items. 

 

4.1.3. Analysis of the integration strategies 

 

Integrating standalone web applications into a cohesive web-based experience is not an easy task. 

However, Liferay makes it possible to achieve near-native integration with minimal effort. This section 

gives a brief overview of various integration strategies in Liferay Portal, and discusses the associated 

benefits and tradeoffs of each method. Application integration can take on many forms and levels of 

complexity. Before undertaking an integration project, we must consider many factors, including: 

 What tasks do users need to accomplish using the solution? 

 What integration points are offered by the applications being integrated? 

 What existing features in the Portal (or from a 3
rd

 party) can help us? 

 How long will this solution be needed? 

 What expertise or other experience is needed? 

 How secure does this solution need to be? 

Taking time to answer these questions will help us understand the overall cost vs. benefit of a given 

solution, and ultimately make the right choices during implementation. 

Integrating applications together using a Portal means exposing, or surfacing, the applications to the end 

user in a way that they can easily interact with them to get their job done. This is the job of a Portal, 

which presents users with a unified interface that is intuitive, responsive, and accurate. 

There are three main integration levels for a portal application: presentation level, proxy level, and full 

or portal level (native integration). 

 

Presentation level integration: Integrating applications at the presentation layer alone is the cheapest 

and the easiest option.  It requires very little development effort to get up and going, and is very non-

invasive to the applications being integrated. The application’s native user interfaces are maintained, and 

no modifications of the applications are needed. In almost all cases, the applications themselves have no 

knowledge that they are being integrated. However, there are some serious drawbacks in this approach: 
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- Information (its state) entered in an application is lost when navigating away from the page. 

- Individual applications have different interface styles (look and feel), different decorations, 

and different data entry paradigms. 

- No ability to interact with the underlying portal 

-  Little to no control of the target application's content 

 

Proxy level integration:  proxy level integration is a deeper and more complex option than presentation 

level. A proxy allows fetching content from an external application on the server side, and injecting it 

into the portal environment. The biggest benefit of this option is that it allows us to modify the content 

before it is presented to the user. For example, we can remove headers and footers, or retrieve content 

from remote sites through specialized gateways that restrict access. While this solution addresses some 

of the problems of pure presentation-layer integrations, it introduces some of its own. Since this 

effectively combines the portal presentation environment with the underlying application’s presentation 

environment (at a lower level than before), there is a good chance of a conflict between the two, 

resulting in one or both systems not functioning. 

Full or native integration: it is the most seamless and powerful solution. It is also the most complex 

and costly when designing from scratch. In this solution, native portal applications (portlets) are 

designed and developed, along with any needed supporting services, to support the desired workflows. 

The portlet environment is fully utilized: portlets communicate with each other via Eventing or Public 

Render Parameters, view modes are designed appropriately, and underlying calls to the applications 

being integrated are made either via direct Java APIs, or remote invocation via SOAP, REST, or other 

remote networking protocols. 

The following table summarizes key attributes of each of the discussed integration levels: 
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TABLE 25 RELATIVE STRENNGH AND WEAKNESSES OF VARIOUS INTEGRATION LEVELS 

 

The Liferay Portal environment provides several facilities designed to help integrate external 

applications into a single, cohesive user experience. These facilities range from simple presentation 

layer integrations to full on portlet integrations. 

The following table summarizes the key differences between integration options: 

 

 

TABLE 26 KEY DIFFERENCES BETWEEN LIFERAY’S INTREGRATION OPTIONS 

 

 

IFrame: An IFrame is a very inexpensive and simple way to integrate applications at the presentation 

level. In Liferay, this is implemented using an IFrame portlet. The portlet makes it possible to embed 
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another HTML page inside the current page. Furthermore the user can navigate through the embedded 

page without losing the context of the portal page. 

The IFrame portlet uses the HTML IFrame tag that is part of HTML 4 and is supported in all major 

browsers. The IFrame portlet will adjust to the size of the HTML page if that page is hosted in the same 

server. The browser will add scrollbars if the embedded page does not fit within the size of the IFrame. 

As we can see IFrame makes it easy to integrate applications to Liferay portal at the presentation level. 

However it may raise cross domain concerns in some cases.  Indeed, there is often a need for dynamic 

communication between applications when integrating them together at the presentation level using 

IFrames. For example, when a user clicks on the name of a sales contact from their list of contacts in one 

window, a separate window should update to show the geolocation of that contact on a map. Another 

common situation is resizing the IFrame to snugly fit around the content. However, when applications 

are being hosted and provided through separate hosts, modern browsers will prohibit direct 

communication or execution of code between the two sites hosted in the IFrames. They will also prevent 

properties (such as the content size) from being read at all, thereby making resizing the surrounding 

frame impossible. 

There are some cases where this can be bypassed, but requires that you have the ability to modify the 

application being embedded, in order to send messages which can be read by code in Liferay. There are 

many off-the-shelf open source solutions available for this, most of which rely on the 

window.postMessage JavaScript API. However, the complexity and sustainability of this kind of 

implementation further illustrates that presentation-level integration may not always be the best solution. 

 

Web proxy: Integration via web proxy is similar in nature to the IFrame integration. Web Proxy 

integration ultimately accomplishes the same goal (presenting disparate applications and workflows in a 

seamless user experience); however it does so via a slightly different approach, which gives us, more 

control over the final user experience. Advantages of this strategy include:  

- Where an IFrame is like a window onto another application, the Web Proxy Portlet behaves more 

like a portlet, providing a block of HTML into your portal page. 
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- URLs in an embedded IFrame application would take you out of the portal, when clicked. In 

contrast, links in an embedded application that are served via the Web Proxy portlet are 

automatically re-written, such that when clicked, the user is not taken out of the portal context. 

- With IFrames, the end user’s browser must have direct access to the embedded application. With 

Web Proxy, applications can be accessed through a firewall or other proxy that are not otherwise 

reachable by the end user’s browser. 

- Besides URLs, other content can be re-written (e.g. removal of headers/footers, or other 

“clipping” operations). 

Web proxy integration is achieved in Liferay portal by using Liferay’s Web Proxy Portlet. It simply 

consists in adding the web proxy portlet to the desired page and configuring the application to be 

embedded through its configuration window.  

By default, the Web Proxy portlet will modify/rewrite all links in the embedded application in order to 

keep the user in the portal when a link is clicked in the embedded application. In some cases, there may 

be a need to not rewrite links pointing at certain locations. For example, it is common to only re-write 

URLs that are within the intranet of the application. Other URLs should not be touched, as the URLs 

may not even be accessible from the server due to firewalls or other network configurations preventing 

access. In this case, one would specify the scope as a regular expression which selects only those URLs 

on the intranet. 

 

WSRP: Web Services for Remote Portlets (WSRP) is an OASIS-approved network protocol standard 

designed for communications with remote portlets. All enterprise editions of Liferay support WSRP 2.0, 

as does Liferay Portal 6.x Community Edition. Integration via WSRP is similar in concept to Web Proxy 

and IFrame (we simply place WSRP portlets on our page and configure them to point to the WSRP 

Producer endpoints of the application we wish to integrate). An important assumption is that the 

application we are trying to integrate already makes WSRP-compliant portlets available to 

consume. Unlike the IFrame and Web Proxy solutions, WSRP actually respects most of the Portlet 

artifacts like Window States, Modes, and a Two-phase Commit. Much of the processing of portlet 

events and resource handling is transparent to the consumer. Theoretically this seems like a great, 

seamless technology. In practice however, this is hardly the case. There are enough ambiguities in the 
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WSRP specification that make it pretty difficult to consume more than the simplest of portlets. Anything 

requiring SSO (Single Sign On), file uploads, or other complex interaction is not possible without some 

proprietary integration. 

 

Full Liferay / portlet integration: This integration method involves writing native portlets or other 

runtime artifacts which access the application you wish to integrate through low-level data-driven APIs, 

and presenting a user interface using native Liferay UI mechanisms. For example, the email application 

that ships with Liferay can integrate any IMAP-compliant mail system (such as Outlook or Google 

Mail) by using the IMAP protocol to exchange information. Other integration mechanisms are available 

depending on the application in question (e.g. REST interfaces for integrating with Facebook, or SOAP 

interfaces for integrating with SalesForce.com). This integration method is best used when the 

application either has no web-based interface (e.g. a legacy enterprise apps), or has a very minimal or 

non-intuitive interface, and the application has lower-level APIs available. It requires an in-depth 

knowledge of the application being integrated.  

 

 

4.2. Solution 

 

4.2.1. Design choices for the recommender engine and integration strategy 

 

As we have seen in section 4.1.2, developing a recommender engine requires that we follow certain 

guidelines. These guidelines are nothing but a set of questions the developer of the recommender system 

must answer in order to properly identify the constraints and challenges they have to face up to. 

In this section, we discuss in one hand, the decisions we took for the implementation of the 

recommender system and the reasons why they were taken. On the other hand we discuss the integration 

strategy we opted for and explain as well why we went for it. 

 

Design choices for the recommender system 
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Designing a recommender system means making choices that can be categorized into the following 

domains: 

 

 Algorithms: which recommendation methods to use? 

 Architecture: how will the system be deployed, will it be centralized or distributed? 

 User profile: what is the user model?  Is profile adaptation needed? 

 

These choices are constrained for a large part by the environment of the recommender. The environment 

of the recommender can be studied through three dimensions:  

 Users: who are the users, what are their goals? 

 Data: what are the characteristics of the data on which recommendations are based? 

 Application: what is the overall application the recommender is part of? 

 

Algorithms: Which recommendation methods to use? 

As we mentioned previously, the approach we are going to use for our intended recommender engine is 

a hybrid approach which combines content-based filtering and collaborative filtering. The reason why 

we opted for this approach resides in the analysis of the advantages and pitfalls of the different flavors of 

recommender systems in the literature (section 2.2.3). The analysis showed that content based filtering 

had some problems such as the limited content analysis problem, the over-specialization problem and 

the new user problem. It also showed that collaborative filtering had problems like the cold start 

problem, and scalability problems such as the synonymy problem and the new item problem or first rater 

problem. The approach we propose combines content features with user ratings, making it possible to 

overcome the limits of both techniques. The limited content analysis problem in content based filtering 

which is nothing but the result of situations where items’ features are not expressive enough to model 

the users’ interest is overcome by the collaborative filter which uses the users’ ratings to model their 

interest. The over-specialization problem and the new user problems are also overcome using user 

ratings. The cold start problem and the new rater problems in collaborative filtering which are nothing 

but the result of data scarcity (scarcity in user ratings), making it hard for the collaborative filter to 
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provide accurate recommendations, are overcome using the content features which introduce enough 

additional data for the hybrid recommender to use. 

In order to decide which architecture and what the user model will be, the developer of the recommender 

system must take into account the environment of the recommender system. This environment can be 

studied under the light of three models which are: the application model, the user model and the data 

model. Section 4.1.2 studied these models already. Here we are going to discuss and explain the choices 

we made for each factor in these models. 

 

Application model 

 

Purpose of the recommender engine: the main goal of the recommender system we intend to build is 

to enable its users to have easy access to previously hard to find items, and also to increase the 

efficiency of the system.  

 

Type of recommendations: the type of recommendations the recommender engine is going to generate 

is single items recommendations. The recommender will not recommend aggregated list of items of 

various types but instead will recommend list of a single type of items. Within the context of the Global 

world labor corp.’s portal, a list of recommended job vacancies may be an example of single items 

recommendations. 

 

Integration with navigation content: The integration with navigation content will be tight. 

Recommendations will be integrated into the traditional content.  

 

Performance metric: correctness, response speed, reliability, transparency and serendipity are the 

metrics we are going to use to evaluate the recommender system.  

 

Single or multiple devices: For the current version of the recommender engine we decided to go for 

mainly fixed devices only. However given that Liferay offers the possibility to expose interfaces for 

mobile devices, subsequent versions of the recommender may include interfaces for mobile devices. 
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Single or multiple users: Given that generally the users of the GLWC portal request recommendations 

for themselves we decided that the recommender engine will generate recommendations for single users. 

 

Application infrastructure: the application will be browser based. Given that Liferay portal’s 

presentation layer is browser based, the recommender system will adopt the same paradigm. 

 

Screen real estate: as we mentioned previously the recommendations generated by the recommender 

will be integrated into traditional content of the portal. There is therefore a necessity to specify how 

much space these recommendations will occupy on the screen. We decided to allocate forty five percent 

of the screen space to display recommendations. 

 

User model 

 

Users characteristics: Different data have a primordial importance depending of the kind of user of the 

system: for employers, location (city, region, country) and industry, and for jobseekers, location, 

gender, age, and jobseeker type.  

 

Users’ motivations, expectations: In search query based recommendations explicit goals are expressed 

through user queries. Jobseekers’ goals are: being informed about their favorite subjects, being informed 

of job vacancies that match their qualifications, and being informed about learning opportunities that 

will enable them to improve their employability. Employers’ goals are: being informed about their 

favorite subjects, and being presented with jobseekers that match the qualifications they are looking for. 

The level of expectations of the users towards the recommender engine is expected to be medium. 

Indeed the use of the recommender is not mandatory. This means that users can still use the system if the 

recommender does not work or performs poorly. However we do expect a shift of the users’ 

expectations as they progressively use the system. In fact we are expecting the expectations of users to 

increase when they progressively discover the benefits of recommendations.  

 

Data model 
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Type of data: we decided to opt for semi-structured data. That means that items are described by 

generic metadata corresponding to their features and also some free text (description). For instance, in 

our case a news article may be classified by category and topic and may have several attributes that 

describes it (title, author, tags/keywords…).  

 

Quality/ Quantity of metadata: the overall quality of the metadata is medium. The structure of the data 

(semi-structured) enables to capture a great deal of details but not as accurately as structured data. 

 

Volume of items: Within the context of the Global World Labor Corp. the volume of items is huge. In 

addition there are various items types ranging from Jobseeker profiles, to article news and job vacancies. 

 

The nature and stability of items set: News articles, learning opportunities and job vacancies are 

considered to be more changing than the other items. Generally job vacancies and learning opportunities 

that have expired are discarded.  

 

User item ratings: User ratings will be both explicit and implicit. Users are going to express their 

preferences by means of a five stars rating system. Furthermore, when users fail to provide their 

preferences the recommender system will implicitly infer their preferences. 

 

In a nutshell, we decided to develop a hybrid recommender system that is going to combine content 

features and user ratings in order to achieve higher prediction accuracy and produce relevant 

recommendations.  The objectives of our recommender system will be to enable the users to access 

easily to items that were previously hard to find and also to increase the systems efficiency. Ultimately, 

we expect that in achieving higher prediction accuracy and producing relevant recommendations the 

recommender will secure users’ loyalty to the portal and therefore increase the traffic throughout it. The 

performance of the recommender system will be evaluated through metrics such as correctness, response 

speed, reliability, transparency and serendipity. The recommendations generated will be intended to a 

single user through a web browser. Users of the recommender may be anonymous or registered. In the 

case of anonymous users, session profiling is going to be used and their profiles will have short term 
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adaptability. In the case of registered users, profiles are going to be persistent and their adaptability will 

be long termed. The current version of the recommender system will not be derived for mobiles. As far 

as data is concerned the recommender engine will manipulate semi-structured data and the preferences 

of the users will be explicit in the majority of the time and implicit in some cases.  

 

Now that we discussed and explained the decision we took for the implementation of the recommender 

engine, we are going to discuss and explain the integration strategy we chose for its integration in 

Liferay portal. 

 

Integration Strategy 

 

From the analysis of the integration strategies that Liferay is offering, we opted for a full Liferay / 

portlet integration. The main advantages of such an option are: native authentication options, native 

authorization options, easy customization, optimal use of resources and very good access to Liferay 

artifacts.  As mentioned previously one of our challenges is to find the best way possible to integrate our 

recommender engine to the portal application so that both requirements from the hosting application side 

and requirements from hosted application side are still met. In addition to that the integration must 

enable the hosted application to fully benefit from the capabilities of the hosting application. Full 

Liferay integration gives us a very good access to Liferay artifacts such as Lucene search engine, and 

asset ratings that we intend to use to enhance the performance of our recommender system. Furthermore 

full Liferay integration gives us full access to the Alloy user interface which is a set of modern and 

flexible user interface components provided by Liferay for creating compelling interaction models. We 

intend to benefit from it in order to create richer user experiences. 

Full Liferay integration method involves writing native portlets or other runtime artifacts which access 

the application you wish to integrate through low-level data-driven APIs, and presenting a user interface 

using native Liferay UI mechanisms. In the following section we are going to provide more details on 

the integration as we discuss the architecture of the overall application. 
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4.2.2. Architecture of the system 

 

Architecture is a set of structuring principles that enables a system to be comprised of a set of simpler 

systems each with its own local context that it is independent of but not inconsistent with the context of 

the larger system as a whole. Architecture is created to describe the structure of the system to be built 

and how that structure supports the business and service-level requirements. In this section we are going 

to discuss the components the system is made up of.  

Before we discuss every single component of the system we first want to give an overview of the 

physical architecture of the system, as well as an overview of its logical architecture. Figure 25 shows 

the main elements of the system.  Note that this is a minimalist architecture and does not impose any 

implementation method. In fact both servers could be physically implemented in a single network node.  

Figure 26 shows the main logical elements that make up the whole system. 

 

 

FIGURE 25 PHYSICAL ARCHITECTURE OF THE SYSTEM 

 

 

 

The following figure shows the logical architecture of the system. 
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FIGURE 26 LOGICAL ARCHITECTURE OF THE SYSTEM 

 

As we can see it in figure 26, the overall system is composed by two main logical components which are 

the custom portlet (RecEngine Portlet) and the recommender system. The portlet is logically layered. It 

presents three layers which are:   

 The portlet UI layer: it is the presentation layer of the custom portlet. 

 The service layer: it is the layer that connects the presentation layer to the third layer: the 

persistence layer.  In addition, the service layer manages the business logic and provides 

mechanisms for third party application integration. It is in this level that we are going to integrate 

the recommender engine. 

 The persistence layer: it manages the access and storage of data to the portal database and 

manages the connections to the underlying DBMS. 

The following figure shows more in details the layered distribution of Liferay portlet. 
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FIGURE 27 LAYERED ARCHITECTURE OF A PORTLET 

 

The custom portlet is deployed on the portal’s runtime server. 

The other component of the application is the recommender system. It runs on a different runtime server 

and is also distributed in layers. The recommender system is composed by three layers which are: 

 The persistence layer: it is layer that manages data Access and storage for the recommender 

system’s database. 

 The service layer (Recommender local service): it is composed by five main services which are: 

the article local service, the jobseeker local service, the learning local service. 
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FIGURE 28 INTERNAL ARCHITECTURE OF THE RECOMMENDER LOCAL SERVICE 

 

 The REST API layer: As such the REST API layer is not a layer. It is an interface that exposes 

the recommender service in a RESTful way and enables its integration to third party 

applications. Details on the REST API and its methods are presented in Appendix C. 

As we have mentioned previously, the recommender system is integrated into Liferay portal through a 

custom portlet. More precisely it is in the service layer of the custom portlet that the recommender is 

embedded. In fact it is done using the data model driven code generation tool provided by Liferay, 

called Service builder. Service builder is a tool built by Liferay to automate the creation of classes and 

interfaces. As we are going to see it in figure 29, service builder generates for our custom portlet 

(RecEngine) a local service, and an interface in the service layer. The service is implemented through a 

class called RecEngineLocalServiceImpl. This class is the place where the code for invoking the REST 

API of the recommender system will reside. 
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FIGURE 29 RECENGINE LOCAL SERVICE GENERATED BY SERVICE BUILDER 

 

 

The recommender local service is composed by five different services among which we have the 

recommendations local service. This service is the core of the recommender system. It implements the 

algorithms and computations that enable to produce recommendations. Before we discuss in details the 

internals of the recommender system, we first want to give a global overview of the components that it 

is made up of. 
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FIGURE 30 OVERVIEW OF THE COMPONENTS OF THE HYBRID RECOMMENDER ENGINE 

 

The above figure displays the global architecture of the hybrid recommender system.  Content and 

collaborative data are aggregated and feature matrices are computed by the offline module. The 

aggregation process yields unprocessed collaborative data to the online module. The online module 

processes the collaborative data and uses it to predict users’ preferences. The explore module builds lists 

of items that must be explored by the user, and in adequate time passes them to the online module. The 

implementation of each component will be discussed in details in section 5. 

 

 

4.2.3. Specification of the problem domain 
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FIGURE 31  CLASS DIAGRAM PART1 
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FIGURE 32 CLASS DIAGRAM PART2 
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FIGURE 33 CLASS DIAGRAM PART3 
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FIGURE 34  CLASS DIAGRAM PART4 



 Design and implementation of a recommender system as a module for Liferay portal  

 

 

 

Page 99 

 

Within the portal of the Global world labor corp. the items the recommender system will manipulate are 

the followings: jobseekers (profiles information), job vacancies, learning opportunities, LWC articles and 

LFM articles. 

Jobseeker: this class embeds two concepts. It represents in one hand the entity jobseeker that represents in 

this context users of the system that are looking for job. On the other hand it hold the information of the 

jobseeker that employers can browse in order to  find out if the jobseeker in question possesses the 

qualifications they are looking for. A jobseeker in the system is identified by a unique identifier (id). In 

addition, a jobseeker has personal information such as their full name, address, contacts information, date 

of birth, and gender. Furthermore, the jobseeker class embeds information on the qualifications of 

jobseekers. It encloses information on their preferred jobs, the languages they speak, the skill set they 

possess and the kind of jobseeker (first jobseeker, returning migrant, career switcher…). Jobseekers have 

the possibility to describe their profiles using tags and keywords and place their profiles in one or several 

categories. In addition, each jobseeker instance store the information on the number of the time the profile 

has been viewed as well as the average view count and the average value of the ratings the profile received 

from its visitors. 

Job vacancy: the job vacancy class captures the details of the job vacancies of job offers that employers 

advertise and to which jobseekers apply. A job vacancy within the system is identified by a unique 

identifier (id). In addition it has a description, a title and is advertised by an employer. Like all the items in 

the system every job vacancy instance store the number of times it was viewed as well as the average 

rating and the average view count. A job vacancy has required skills and languages jobseekers should 

possess and speak in order to be eligible.  

Learning opportunity: the learning opportunity class represents the opportunities (trainings, seminars, 

webinars…); jobseekers have to improve their skills in order to qualify for one or several job offers. A 

learning opportunity is identified by a unique identifier and is characterized by a title and a description. In 

addition it embeds on the nature of the opportunity (training, seminar, webinar…). 

LWC article: Living and Working Conditions news article class represents news articles on living and 

working conditions in the countries that are part of the network. LWC articles provide information and tips 

to jobseekers in order to enable them to know better the environment they will be working in and make the 

right choices accordingly. Each article is characterized by a unique identifier, a title, and a description.  
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LFM article: Labor Force Mobility news article class represents news articles on labor force mobility. 

They are articles providing information and tips to employers on diverse issues and steps of labor force 

recruitment throughout the Global world labor corp.’s network. Each article is characterized by a unique 

identifier, a title and a description and has an author. 

In the system every item has a set of items that are similar to it and this similarity is expressed by a value 

from one to five. The similarity is computed by the recommender system and stored in each item’s pair. 

Items in the system are browsed and rated by users: jobseekers, employers and anonymous. 

Employer: employers are institutions who publish or advertise job vacancies. They build search profiles 

in order to search for jobseekers that have the qualifications they are looking for. An employer in the 

system is identified by a unique identifier. In addition to the identifier, the employer class embeds personal 

information such as: the name of the institution, the registration number, the address, and contacts 

information. An employer publishes one or several job vacancies and search profiles. 

Learning institution: this class represents institutions such as universities and training centers. They 

publish learning opportunities that jobseekers apply to in order to improve their skills. A learning 

institution is identified by a unique number and has a name, an address and some contacts information. 

Author: the author class represents the author entity. An author publishes either labor force mobility news 

articles or living and working conditions news articles. An author is identified by a unique identifier and is 

described by a name and personal information such as the date of birth and nationality and address. 

Skills: the skills class represents the qualifications of a jobseeker. Each skill is characterized by a unique 

identifier, a name, and a description which gives more details about the skill in question. 

Category: this class captures the information the categories the items in the system are classified. Each 

category is characterized by a name and a description. 

Tag: tags are used to describe items. Each tag has an identifier and a name. 

Language: represents the languages either required in job vacancies or spoken by jobseeker. A language 

has an identifier and a name. 

Job: the job class captures information the preferences of jobseekers in terms of jobs. A job is 

characterized by an identifier which is unique, a title and a description.  

 

   



 Design and implementation of a recommender system as a module for Liferay portal  

 

 

 

Page 101 

 

 

5. Implementation 

 

 

5.1. Hybridization technique 

 

There exist several methods to combine collaborative filtering with context based techniques but probably 

not all of them will lead to the same prediction accuracy. A well-thought-out hybridization approach is 

critical for the success of the two-part recommender engine. Due to the fact that collaborative filtering is a 

well-established way of predicting preferences, and due to the fact as well that it is very well supported by 

Apache Mahout, we want to use this technique for our online module. However in a collaborative-based 

recommender, items co-rated by a pair of users may be very few. Hence in this case correlation between 

two users is not reliable. Content-based information of each user is exploited to detect similarities between 

them. 

 

Our approach 

 

Our approach consists of building a bidimensional model called user-item extended matrix. (Figure 35) 
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FIGURE 35 BIDIMENSIONAL MODEL 

 

 

The model is the combination of a user-items features matrix and an item -users features matrix. 

 

Features matrices 

 

The user – items features matrix is constructed from the content information gotten from the users and 

items. More precisely the matrix depicts the correlation between a user and the description of the items 

they have evaluated. For instance figure 36 shows an example of correlation between jobseekers and the 

some tag names that were used to describe job vacancies they have evaluated. 
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FIGURE 36 JOBSEEKER – TAG (JOB VACANCY TAG NAME) CORRELATION 

 

 

Table 27 depicts the matrix derived from these correlations. In our case the feature considered are the tags 

that were used to describe job vacancies. A weight of one is assigned when a user and a tag are correlated. 

If there is no correlation the weight is zero. Note however that is not a general rule. In general TF-IDF are 

computed and used as weights. In our case binary weights are sufficient since we are using them to prove a 

concept. If we were using TF-IDF as weights, each word appearing in the descriptions of the items 

evaluated by a user would be considered as a Boolean feature (present/not present). An average of TF-IDF 

would be computed. The larger the weight the more important is the corresponding word in the items that 

the user likes. The weights together represent a linear classifier for that user.  
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                       user feature 

                              Tag 

 

 

Jobseeker 

 Java PHP Drupal … English 

Jb1 1 0 0 0 0 

Jb2 1 0 1 0 0 

Jb3 0 1 0 0 1 

… 0 0 0 1 0 

Jb4 0 0 0 0 1 

 

TABLE 27  USER -FEATURE MATRIX 

 

In this particular case we can deduct from the matrix that jobseeker jb1 likes job vacancies that have the 

tag name Java more than those with the other tag names considered in this example. Once we have the 

user-item features matrix we need to construct the item-user features matrix.  

The item-users features matrix is similar to the user –items feature matrix. It is derived from the 

correlation between items and the features of the users who evaluated them. 

 

 

 

 

FIGURE 37  JOB VACANCY – TAG (JOBSEEKER PROFILE TAGNAME) CORRELATION 
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The following table displays the item – user features matrix derived from these correlations 

  

                       User feature 

                              Tag 

 

 

Job 

vacancy 

 Java programming PHP … English 

Jv1 1 0 0 0 0 

Jv2 1 0 1 0 0 

Jv3 0 1 0 0 1 

… 0 0 0 1 0 

Jvn 0 0 0 0 1 

 

TABLE 28 ITEM-USER FEATURES MATRIX 

 

 

 Combination of features matrices 

 

The user-item features matrix and the item-user features are combined to obtain the user – item extended 

matrix. Table 29 shows the extended matrix obtained from the combination. 
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TABLE 29 USER ITEM EXTENDED MATRIX 

 

Once the extended matrix is obtained it can be passed to the online module. The online module will then 

apply Matrix Factorization and yield a smaller user-item matrix. Table 30 presents an example of user 

item matrix. 

 

 

 

 

 

 

 

 

 

 

 

TABLE 30 USER ITEM MATRIX 

 Item User  features 

 Job vacancy tag F2 

user jobseeker  Jv1 Jv2 Jv3 … Jvn java programming PHP … English UF21 UF22 UF23 … 

Jb1 4 * * 3 * 1 0 0 0 0 1 0 1 0 

Jb2 * 5 2 * 5 1 0 1 0 0 1 0 0 0 

Jb3 2 4 2 5 * 0 1 0 0 1 0 1 1 1 

… … … … … … 0 0 0 1 0 1 0 1 0 

jbn 5 4 * 2 * 0 0 0 0 1 0 1 0 1 

Item 

features 

Tag java 1 1 0 0 0  

PHP 0 0 1 0 0 

Drupal 0 1 0 0 0 

… 0 0 0 1 0 

English 0 0 1 0 1 

F2 IF21 1 1 0 1 1 

IF22 1 0 0 1 0 

IF23 0 1 1 1 0 

… 

 

1 0 0 1 1 

                        Item 

                 Job vacancy 

 

 

user 

 

 

jobseeker 

 Jv1 Jv2 Jv3 … Jvn 

Jb1 4 * * 3 * 

Jb2 * 5 2 * 5 

Jb3 2 4 2 5 * 

      

… … … … … … 

jbn 5 4 * 2 * 

Unrated item 

Rated item 
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In practice recommender engines deal with very large data sets and are required to produce real-time 

recommendations. Matrix factorization is a technique used to reduce the dimension of the item space. 

Matrix factorization is implemented in Apache Mahout by a class called Singular Vector Decomposition 

which was named after the method it uses to achieve the factorization. 

 

Collaborative filtering 

 

The ultimate step in our approach is the use of collaborative filtering to predict user preferences and 

generate recommendations. Collaborative filtering in its simplest implementation recommends to the 

active user, items that other users with similar tastes liked in the past. Collaborative recommenders exploit 

the nearest neighbor methods (user-based neighborhood method and item-based neighborhood method). 

User-based methods rely on the opinion of like-minded users to predict a rating, and generate 

recommendations. Item-based approaches look at ratings given to similar items and generate 

recommendations. The computational complexity of user-based methods scales up as the number of users 

increases whereas that of item-based methods goes up as the number of items grows. Our approach 

exploits the item-based neighborhood. The choice of this method resides in the fact that in production 

environments like that of the Global world labor corp., users are added more often than items are. 

Constantly adding users makes it necessary to recompute the matrices more often in order to keep users 

correlations up to date. 

 

 

5.2. Implementation of the modules 
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FIGURE 38 OVERVIEW OF THE FLOW OF INFORMATION THROUGHOUT THE HYBRID RECOMMENDER SYSTEM  

 

The above figure shows an overview of the internals of the hybrid recommender system, and illustrates the 

flow of information through the system.  The recommender is composed by three essential components 

which are the offline module, the online module and the explore module. In this section, we are going to 

discuss the implementation of each one these modules. 

 

Online module 

The online module is responsible for generating the recommendations and for predicting the preferences of 

the users. It implements the singular vector decomposition using the Apache Mahout SVD class and also 

implements an item-based recommender exploiting the Pearson correlation. 
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import java.io.File; 

import java.io.IOException; 

import java.util.ArrayList; 

import java.util.List; 

import org.apache.mahout.cf.taste.common.TasteException; 

import org.apache.mahout.cf.taste.common.Weighting; 

import org.apache.mahout.cf.taste.impl.model.file.FileDataModel; 

import org.apache.mahout.cf.taste.impl.recommender.CachingRecommender; 

import org.apache.mahout.cf.taste.impl.recommender.GenericItemBasedRecommender; 

import org.apache.mahout.cf.taste.impl.similarity.PearsonCorrelationSimilarity; 

import org.apache.mahout.cf.taste.model.DataModel; 

import org.apache.mahout.cf.taste.recommender.RecommendedItem; 

import org.apache.mahout.cf.taste.similarity.ItemSimilarity; 

import com.globalworldlabor.services.recommender.dos.FileDataModelBuilder; 

 

public class Recommendations { 

  

 … 

 

  FileDataModelBuilder fbuild = new FileDataModelBuilder(); 

 

  String filepath = System.getProperty("user.dir");  

 

               String filename = filepath+File.separator+"flixster_recommendations.csv"; 

 

  String recfilename = filepath+File.separator+"recommendations.txt"; 

 

  List<RecommendedItem> reclist = new ArrayList<RecommendedItem>(); 

 

  long userid = userId; 

               int numberOfRecs = count; 

 

  try { 

    

     File inputfile = new File(filename); 

       

       

   DataModel model = new FileDataModel(inputfile); 

    

 PearsonCorrelationSimilarity similarity = new PearsonCorrelationSimilarity(model); 

   

 CachingRecommender recommender = new CachingRecommender(new GenericItemBasedRecommender(model, 

(ItemSimilarity) similarity)); 

    

   reclist = recommender.recommend(userid,numberOfRecs ); 

    

  } catch (IOException e1) { 

   // TODO Auto-generated catch block 

   e1.printStackTrace(); 

  } catch (TasteException e) { 

   // TODO Auto-generated catch block 

   e.printStackTrace(); 

  } 

  try { 

 

     for(RecommendedItem it:reclist) 

     { 

       

      long  itemid = it.getItemID(); 

      float value = it.getValue();     

             fbuild.writeToFile(userid, itemid, value, recfilename); 

     } … 
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Offline 

The offline module is responsible for aggregating the data and combining features matrices.  It is mainly 

composed by a data aggregator class and a combinatory class. Both classes make use of the MTJ (Matrix 

Toolkit for Java)
5

, which is a comprehensive collection of matrix data structures and associated 

computations (least square methods, matrix decomposition, etc.). MTJ is available as free Java library, and 

can be legally referenced for our own project. To store our sparse feature matrix, we use the MTJ-

FlexCompRowMatrix class, which puts the information row-wise into sparse arrays (Java Sparse Array - 

JSA). 

 

Explore 

The explore module is in charge of generating items list that are going to be explored by the active user. 

The term “explore” here means that the items are unknown to the active user and were predicted not to be 

liked by the user. Doing so, the recommender adjusts its prediction model. Note however that the designer 

of the recommender as we mentioned earlier must consider the cost of taking risks in proposing items that 

were predicted not to be liked.  

 

 

5.3. Evaluation 

 

In this section we are going to discuss briefly the evaluation process of the hybrid recommender engine 

that we have built. Our approach for such a recommender was to combine content features with ratings. A 

major problem we have faced during the evaluation phase is adapting the data to the context of the Global 

world labor corp. Given that the recommender is not in production and that no user has used yet, we had to 

plot the data in order to evaluate the capacity of the Hybrid recommender.  

 

Our data set 

We decided to use the rating data derived from MovieLens and adapt it to our context. MovieLens started 

out in 1997 and by now contains more than 10,000 movies rated by approximately 70,000 users. There 

                                                           
5
  Official MJT Website - http://ressim.berlios.de/ 
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exist several different MovieLens datasets that were made anonymous and published for research matters 

(i.e. 100K, 1M, 10M). We decided to use the 100K data set which contains anonymous ratings from 943 

users given on 1682 movie items. The data was collected through the MovieLens web site during the 

seven-month period from September 19th, 1997 through April 22nd, 1998. Once the rating data was 

obtained we have assigned randomly user Ids and item ids from the dataset to the users and item we had 

created in our model. We also plotted the content features. We have considered for this thesis two features 

which were tag names and category names. For users (jobseekers) we considered the tag names and 

category name they used to describe their profile. For the items (job vacancies), we considered the tag 

names and category name used in their description.  

 

 

FIGURE 39 COMPARATIVE CHARTS OF THE APPROACHES  
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The above chart shows a comparison of the precision degrees achieved by a single collaborative 

recommender, a single content-based recommender and the hybrid recommender. The hybrid method 

achieves a precision of 0.709 whereas collaborative filtering and content-based filtering achieve 

respectively 0.622 and 0.687. Even if the difference in precision accuracy is not dramatic, the hybrid 

approach performs better than each one of the single recommenders. 
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6. Conclusions and future works 

 

 

6.1. Conclusions 

 

 

This thesis has explored the feasibility of the design and the implementation of a recommender system 

using Apache Mahout Library. It has also explored the feasibility of a seamless integration of the 

recommender engine in Liferay portal. 

 The approach proposed for the integration of the recommender was a full integration strategy to the portal 

using a custom portlet. It consisted in an implementation following the SOA paradigm. In other words, it 

consisted in implementing the recommender system under the shape of a web service which exposes a 

RESTful interface, and using that RESTful interface for the integration into Liferay portal. SOA approach 

provides the following advantages to the system: 

 Modularity and maintainability: the fact that the recommender system and the models have been 

distributed into service (RESTful service) makes it modular and very easy to maintain. 

 Low coupling and high cohesion: the fact that the system is modular implies low coupling between 

its components thus providing high cohesion. 

 Easy to integrate to Liferay: The integration to Liferay is made easy. The underlying code does not 

need to be directly implemented in Liferay. Instead Liferay issues calls to the REST API of the 

recommender engine. 

 Extensibility: given that internally the recommender engine is composed by local services which 

manage each a part of its data model, the number of item classes the recommender manipulates can 

be extended easily by just adding a web service that manages the underlying business logic and 

interfaces with the database. 

The approach proposed for the implementation of the recommender system was a hybrid method that 

combines content based information and collaborative based information. The evaluation the Hybrid 

approach has proven that it performs better than single collaborative based recommenders and single 
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content based recommenders. In that regards, we believe that our approach is practical for real life 

applications. 

 

 

6.2. Future works 

 

It is now that the work is finished, that one realizes that there are still more tasks to be done. In this section 

we discuss the tasks that at design time we left for the future. We also discuss enhancements that can be 

made on the current prototype in order to improve its performance and efficiency. 

 

During the design process of the recommender engine, we opted for a semi- structured structure for our 

data. Even though for our work this structure in itself was enough, we believe that in order to perform 

better in real life applications, the data manipulated by the recommender engine needs to be described 

formally following an ontology.  

At the time of this writing the Apache Mahout library was not supporting fully content based filtering. We 

left as a task in the near future to explore the use of information retrieval tools such as Winnow to formally 

model the features of the users and the items. Such an approach might provide better precision than the 

binary weighting system we used in this work.  
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7. Conclusion 

 

Throughout this thesis we have explored the possibility of integrating a recommender system built using 

the Apache Mahout library, into Liferay portal. Beyond exploring the feasibility we have discussed the 

design and the implementation of the recommender. We have also discussed the process we have followed 

to elicit the requirements tied to the system we developed and finally discussed enhancements that could 

be made in order to improve the performance and efficiency of the system we built. 

At a personal and academic level, this thesis and the whole internship in Everis enabled us to put into work 

much of the knowledge we acquired through the course of the master. We have learnt more on collective 

intelligence and got introduced to two frameworks which are Apache Mahout and Liferay. Furthermore 

this thesis enabled us to enrich our knowledge on the java 2 EE and oracle. In addition to enriching our 

knowledge, the internship enabled us to experience professional life within an enterprise environment and 

learn about the high requirements of such a world.   
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Appendix A – Project plan 

 

 

 

FIGURE 40 PROJECT PLAN 
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Appendix B – Economic study 

 

In this appendix we will estimate the costs according to the final planning of the project. 

For of all, in order to determine the salary of the intern, the value of one hour of work according to the 

agreement “universidad-empresa” of the UPC was considered. For the company the actual cost is of 7.5 €. 

We have considered as well the fact that according to the agreement, the company (Everis) had to pay 

additional value of 14.7% of the total project cost to the university. 

The following is the table with details corresponding to the resources or people employed in the project 

development. 

 

Role  Hours  €/h  Total Cost in Euros  

Intern  920  7.5  6900  

Project leader 23  30  690  

    

Total    7590  

 

TABLE 31 COST OF THE RESOURCES 

 

The subsequent table represents the costs corresponding to the agreement fees, and materials and services 

used during the project development. 

 

Nature  Description  Total Cost in Euros  

Agreement Fees  14,7% from intern cost  911,4  

Materials and services  Office materials, basic services, printing  1243 

Total   2154.4  

 

TABLE 32 SERVICE AND MATERIAL COSTS, AND AGREEMENT FEES 

 

The company also provided a laptop for developing the project, and because of that the depreciation was 

considered. Below is the table with depreciation calculation. 
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Device  Initial Value  #Months  %depreciation  Depreciation Cost  

Laptop  500  5  (5 * 100)/36=13.8  69  

 

TABLE 33 DEVICE DEPRECIATION 

 

The last table represents the final total cost of the project basing on the previous calculation. 

 

Nature  Cost in Euros  

Resources (Consultant, Intern)  7590  

Contract Agreement Fees  911.4  

Materials and services  1243  

Laptop Depreciation  69  

Total  9813,4  

 

TABLE 34 FINAL COST OF THE PROJECT 
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Appendix C – Recommender service REST API documentation 

 

In this appendix we document the REST API of exposed by the recommender service. Note that the REST 

API enables you to interact with the recommender service programmatically via HTTP requests. The API 

supports at the time of this writing, three media types:   XML (application/xml), JSON (application/json) 

and plain text (MEDIATYPE.TEXT_PLAIN). The list of methods is not exhaustive. Please refer to the 

API full documentation. 

 

Article service methods 

 

art.lwc_article.get 

Enables to retrieve a living and working condition article by providing its id 

Parameters 

Name  Type Description 

id int Identifier of the article to be retrieved 

 

art .lfm_article.get 

Enables to retrieve a labor force mobility article by providing its id 

Parameters 

Name  Type Description 

id int Identifier of the article to be retrieved 

 

art .highest_rated_lwc_articles.get 

Enables to retrieve n highest rated articles. 

Parameters 

Name  Type Description 

count int Number of articles to retrieve 
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art .highest_rated_lwc_articles.get 

Enables to retrieve n highest rated articles 

Parameters 

Name  Type Description 

count int Number of articles to retrieve 

 

art .lwc_article.get 

Enables to retrieve a living and working condition articles providing a list of tag names and the category. 

Parameters 

Name  Type Description 

tags strings Set of tag names that describe the 

article (A JSON-serialized array 

representing a list of tags). 

category string Category in which the article is 

classified 

 

 

Learning service methods 

 

learn.learning_opportunity.get 

enables to retrieve a learning opportunity providing either its id or its title or the name of the learning 

institution that published it 

Parameters 

Name  Type Description 

id int Identifier of the learning opportunity 

title string Title of the learning opportunity 

lins string Name of the publishing learning institution 
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learn.learning_opportunities.getList 

Enables to retrieve a list of n learning opportunities providing their publication date, or the name of the 

learning institution that published them, or providing a list of tags and a category name 

 

Parameters 

Name  Type Description 

pubdate string Publication date 

linst string Name of the publishing learning institution 

tags String  List of tags used to describe the learning opportunities 

(A JSON-serialized array representing a list of tags) 

category string Category of the learning opportunities 

count int Number of items to retrieve 

 

 

Jobseeker service methods 

 

jbsk.jobseeker.getSkills 

retrieves the skills set in the profile of  a jobseeker 

Parameters 

Name  Type Description 

jbskId int The identifier of the jobseeker 

 

jbsk.most_viewed_profiles.getList 

Retrieves a list of the n most viewed profiles 

Parameters 

Name  Type Description 

count int The number of profiles to retrieve 
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jbsk.jobseeker_profiles.getList 

Retrieves a list of n jobseeker profiles providing either their creation date, or a list of tags and the category 

describing them. 

Parameters 

Name  Type Description 

createDate string Creation date of the profiles 

tags string Set of tags used to describe the profile (A JSON-serialized 

array representing a list of tags) 

category string Name of the category the profiles belong to 

count int The number of profiles to retrieve 

 

 

Employer service methods 

 

empl.all_employers.getCount 

Retrieves the total number of employer accounts created 

Parameters 

This method does not require any parameter. 

 

empl.most_similar_job_vacancies.getList 

Retrieves list of n job vacancies that are similar to a given job vacancy 

Parameters 

Name  Type Description 

jvId int Identifier of the job vacancy 

count int Number of similar job vacancies to retrieve 

 

empl.jobvacancies.getList 

Retrieves a list of n job vacancies providing either the name of the employer, or the a set of tags and the 

category 

Parameters 
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Name  Type Description 

empName string The name of the employer who published the job vacancies 

tags string A set of tag names that were used to describe the job 

vacancies(A JSON-serialized array representing a list of 

tags) 

category String Name of the category to which belong the job vacancies 

 

 

Recommendations service methods 

 

 

reco.jbsk_profiles_recommendations.getList 

Retrieves a list of n jobseekers profiles to recommend to the active user (employer). 

Parameters 

Name  Type Description 

empId int Identifier of the active user, in this case an employer. 

count int Number of profiles to recommend 

 

 

 

reco.jobvacancies_recommendations.getList 

Retrieves a list of n job vacancies recommendations for the active user (jobseeker). 

Parameters 

Name  Type Description 

jbskId int Identifier of the jobseeker 

count int Number of job vacancies to recommend 
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reco.offline.start 

Enables to start the offline module for offline computations. This method is used to wake up the offline 

module when the server occupation is low in order to compute matrices. 

Parameters 

This method does not take any parameter. 

 

 

reco.jobseeker.addPref 

Enables to add a new preference to the preferences of a jobseeker 

Parameters 

Name  Type Description 

jbskId int The identifier of the jobseeker 

itemId int The identifier of the item that jobseeker rated 

itemClass string The name of the class of the item rated 

prefval double The rating value 

 

 

 

reco.anonymous_jv_recommendations.getList 

Generates a  list of job vacancies to recommend to an anonymous user.  

 

Parameters 

Name  Type Description 

jvId int The identifier of the job vacancy that the anonymous user is 

currently browsing 

count int The number of job vacancies to be recommended 

 

 


