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Abstract

People’s selection of leisure activities is a complex choice because of implicit human factors
and explicit environmental factors. Satisfactory participation in leisure activities is an
important task since keeping a regular active lifestyle can help to maintain and improve
the wellbeing of people. Technology could help in selecting the most appropriate activities
by designing and implementing activities, collecting people profiles and their preferences
relations. In fact, recommendation systems, have been successfully used in the last years in
similar tasks with different types of recommendation systems. This thesis aims at the design,
implementation, and evaluation of recommendation systems that could help us to better
understand the complex choice of selecting leisure activities. In this work, we first define
an evaluation framework for different recommendations systems. Then we compare their
performances using different evaluation metrics. Thus, we explore and try to better understand
the user’s preferences over leisure activities. After, having a comprehensive analysis of
modelling recommended items and leisure activities, we also design and implement a content-
based leisure activity recommendation system to make use of a taxonomy of activities.
Moreover, in the course of our research, we have collected and evaluated two datasets
obtained one from the Meetup social network and the other from crowd-workers and made
them available as open data sources for further evaluation in the recommendation system
research community.

Keywords: Leisure Activity Analysis, Recommendation System, Activity Recommendation

System, System Modeling, Clustering System
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Chapter 1

Introduction

The beginning is the most important part of the work.

Plato

Recommending an activity to a person is not an easy task because of several behavioural

factors like external motivations (monetary, power, prestige, pleasure, fear of punishment,

etc.) or internal motivations (enjoyment, learning, etc.) [17]. From a social and human

perspective, we could argue that the importance of this type of recommendation is based

on the need for improvement or maintenance of people's health and wellbeing. From a

technological perspective, we could argue that it is a big challenge to design a feasible

behavioural model, and also to effectively help people in the selection of the most appropriate

and relevant activities to do.

Also, health and wellbeing studies [89, 34, 45] highlight the importance of engaging in

favourite activities, especially in later life. However, proposing suitable leisure activities to

an individual is mainly done ad hoc, typically from a medical perspective by a professional.

It results in pushing the user towards mainly physical activities while neglecting other aspects

of wellbeing, and user preferences towards such activities. This approach can lead to user

rejection of the proposed activities.

Considering that the improvement of the user's wellbeing is important, we choose to

analyze leisure activities. Also, in part of the analysis of some chapters, we focus on older

adults population, which are a good target for recommendations of leisure activities because

of the declining wellbeing that this population deal with. The problem context is shown in the

Figure 1.1, shows both sides of the problem, considering the real-life interactions of peoples

(User) with Activities (Items), and the technological perspective that we are considering to

approach.



2 Introduction

The technological perspective, shown in Figure 1.1, includes social network sites (SNS)

where users could interact as managers of the information. The social interactions that

happen in such SNS could be assessed by recommendation systems that provide useful and

contextual information to the users, keeping their attention and interest, while satisfying the

conditions (preferences and needs) and the physical or cognitive limitations.

Social networks sites and other technological means of communications can help people

in the selection of activities and more importantly in socializing these activities with their

community of friends, family, doctors, and caregivers. These technology has been imple-

mented and tested to facilitate socialization and sharing of information [9]. For example, one

of the chapters takes as a dataset example from a social network focus on the organization of

meetups, the Meetup social network1.

Fig. 1.1 Problem Context.

Within the research context de�ned above, this thesis focuses on the analysis of leisure

activities and recommendation systems, by analyzing, designing and implementing a leisure

activity recommendation system. For doing so, we �rst present the technological back-

ground by providing a general description of recommendation systems and the possible

evaluation metrics. Base on this background, we design and build an evaluation framework

for comparing different recommendation systems approaches. Then, a novel content-based

recommendation system using existing and novel activities models will be presented. Finally,

we will present and analyze in detail three speci�c studies relevant to the recommendation of

leisure activities and clustering of users.

1www.meetup.com
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1.1 The Niche of the Problem

The context of our problem isthus within recommendingleisure activitiesto people,typi-

cally technologically implemented in recommendation systems embedded in social network

sites. Our problem is positioned between the social problem of leisure activity selection and

the technological problem of using a recommendation system for recommending relevant

items to users.

The social aspect of the problem is understanding the behavioural perspective of people

into selecting activities. The technological perspective opens to the possibility of modeling the

environment (people, activities, and preferences over activities), together with the possibility

of implementation and experimentation of recommendations systems.

In order to analyze, understand, design and implement an information system to support

this problem, we pose the following research questions (RQ):

RQ1. Can a feasible data model be developed for a Leisure Activities Recommendation

System that represents users, leisure activities, and users' preferences?

RQ2. What are the most appropriate metrics to compare recommendations of leisure

activities?

RQ3. What are the most performing recommendations system approaches to meet end

users preferences?

1.2 The Proposal

The objective of this research is to analyze technological support alternatives for a sustainable

active lifestyle for users. We propose to support this overall objective by recommending to

users the participation to social groups with common interests, and thus provide the base for

recommending appropriate leisure activities. We expect that the use of such technological

support will provide improvements of users' overall wellbeing, as a consequence of users'

continuous active involvement into activities.

We propose to analyze the problem from two approaches. Firstly, using a recommendation

system of leisure activities, starting from the premise that preferences ratings are likely to

determine if the user will actually engage in an activity. Secondly, using clustering algorithms

and neighbourhood approaches (like collaborative �ltering recommendation), which are

based on the idea that the community could help to understand the individual preferences

and preference tendencies. These approaches depends on the modelling of the elements of

the system (users, activities and preferences).



4 Introduction

In the particular problem context of this thesis and considering the technological elements

involved, we will be focusing on three main research areas:

• Leisure Activity Modelling.

• Clustering Systems.

• Recommendation Systems.

It is important to understand that any recommendation system is basically composed by

the model (users, items, preferences) and the algorithm. In our case, the model corresponds to

the Leisure Activity Modelling area and the algorithm corresponds to the Clustering Systems

and the Recommendation Systems areas. In the following subsections, we brie�y present the

three main research areas and our speci�c approach to them.

1.2.1 Leisure Activities Modelling

We de�ne leisure activity as a voluntary action done by one or many people for a period

of time, typically during their free time. It is intrinsically rewarding for the person (e.g.

fun) and it is a goal in itself. To work on clustering leisure activities we �rst need to �nd

good descriptors of leisure activities.Therefore we focused in the �rst part of our work

on understanding the leisure activities by analyzing the taxonomies used in the literature,

and design an appropriate model to represent activities in clustering and recommendation

algorithms. The de�nition of leisure activity involves many domain factors like energy

expenditure, context (sleeping, working, leisure), the intensity, exercises, physical control,

etc [15, 56].

We also analyze a dataset of the Meetup social network site because it is oriented to build

relationships to support face to face meet-ups of the users. By studying the characteristics of

such systems, we can analyze the way users describe their preferences and how activities are

implemented and described.

Researchers of this area de�ne limited domains (from 1 to 13 domains, with mean 3,8)

showing the diversity of categorical analysis of activities [2]. Also, there are studies about the

intrinsic or extrinsic motivations of the users for doing leisure activities [17]. Our model of

leisure activities takes into consideration these domains to go together with current research

and to de�ne a more comprehensive design of an activity model.

Additionally, we focus on leisure activities because they are considered important for the

wellbeing of people [48] especially for older adults [23, 2].
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1.2.2 Clustering Systems

Clustering entities by features is a well-known problem in computer science [11]. Many

algorithms have been proposed to perform this operation. The usefulness of these systems is

that allows us to understand the groups of relationships between entities, having a deeper

understanding of how entities are related. We focus on de�ning some clustering algorithms

so we can understand the relationships between users and activities using their descriptors

(e.g. tags, dimensions et al.).

It is important to understand that different clustering algorithms give different results

because they analyze the data space in different ways, providing advantages and disadvan-

tages. This is the reason why we �nd important to implement clustering algorithms in an

evaluation framework. The evaluation of clustering algorithms will help us to understand

the information used to describe the users and the activities, and eventually, could help

understand and compare other possible models of our recommendation system.

1.2.3 Recommendation Systems

An important corpus of research has been dedicated to understand and improve recommenda-

tion algorithms over the general population of users [99, 19, 3]. If we consider the speci�c

population of older adults, we found research that is not focused on general leisure activities,

rather, they focus on other speci�cs aspect like alimentation recommendations [10, 21],

which is also fundamental for physical development, or physical activity recommendation

[21, 65, 78, 42, 83].

Considering implementations of a context-based recommendation system of leisure

activities, we only found one proposal that tilts to treat the activity as an event (with time

and place) and with a generic and static classi�cation of the activity [6]. This example

implements a hybrid recommendation system in which the activity was modeled using a

combination of patterns observed across the user's demographic population and individual

behavior pattern, where the activities were classi�ed in 5 modes: Eating, Shopping, Seeing,

Doing, Reading. The problem with this approach is that the activity classi�cation is �xed

and the classi�cation is a very high-level abstraction.

This thesis searches a more comprehensive analysis of leisure activities into recommen-

dations systems giving a novel description of the items we are recommending, developing a

particular content-based recommendation algorithm based on a clustering model of activities

using dimensions of activities.
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1.2.4 Contributions

The main contributions (MC) of this thesis, in the aforementioned research areas, are de-

scribed in relation with the research areas in Table 1.1, with an extended explanation in the

following list.

• MC1 - Evaluation Framework: We designed, developed and testeda Framework

for Evaluation of Recommendations (FER) to provide pattern analysis of clustering

and recommendation algorithms (Clustering Systems and Recommendation Systems

areas) in order to compare their results in a systematic way, facilitating developers in

the selection of the most appropriate clustering algorithms that best �t their speci�c

requirements and use cases. The proposed framework is based on Java patterns and is

extensible: new algorithms, statistics and quality metrics can be easily added. As a �rst

approach, three different cluster algorithms were implemented and initially analyzed:

K-means [33], Fuzzy K-means [5], and Af�nity Propagation [25]. Also, �ve types

of recommendation algorithms were implemented: item-based collaborative �ltering,

user-based collaborative �ltering, SVD collaborative �ltering, content-based �ltering,

and hybrid-based collaborative �ltering. The impact of this contribution to the RQs are

corresponding to the feasibility of designing and implementing leisure activity models

for recommendations systems.

• MC2 - Clustering Analysis: We used thedevelopedevaluation framework (FER) for

the analysis of clustering algorithms using some data on user's groups from an online

social network (Clustering Systems area). We performed older adult group clustering

based on af�nity to create social groups. The evaluation is based on existing groups in

a Meetup dataset. A priori, evaluation of new groups created by different clustering

algorithms can then lead social researchers to analyze the relations and distribution of

data generated by the social interactions in other datasets. The clustering algorithms

are evaluated with both internal and external assessment criteria and using tags as the

descriptors of user preferences and as descriptors of the groups. This clustering analysis

impact the RQs in the feasibility of using clustering algorithms for recommendation

systems for obtaining a better pro�le of users (groups) or better understanding of

activities (activities' groups).

• MC3 - Leisure Activity Recommendation: Wedevelopeda novel Leisure Activity

Recommendation System (LAR System) using a model to describe user preferences

for leisure activities with prede�ned dimensions (Leisure Activities, Clustering Sys-

tems and Recommendation Systems areas). We evaluate the model showing that a
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dimension-based leisure activity model outperforms a tag-based model using statistical

analysis. Our leisure activity recommendation implementation uses a more uniform

representation of the activities, which could simplify the effort from users to express

their preferences. This is the major contribution of the thesis, considering that was

build using the previous two contributions.

Table 1.1 Degree of contributions in the research areas of the problem space.

Contributions
Research Areas

Leisure Activities
Modelling

Clustering System Recommendation
System

MC1 low low low
MC2 low high medium
MC3 high medium high

1.3 ACANTO Project

The present research has been developed in the context of the European Project ACANTO,

within the Horizon 2020 Framework [1]. The project started at the beginning of 2015 and is

coordinated by the University of Trento. The main objective of ACANTO is to increase the

number of older adults who engage in regular and sustained physical activity, targeting older

adults with mobility problems.

The main reason this project is described here, is that part of the inspiration and studies

done in this thesis are linked to the ideas proposed and developed in the ACANTO project.

The main components of the ACANTO project are a walker device (FriWalk), a tablet

(FriTab) and a cyber-physical social network described as follows:

• The FriWalk is a device with sensors to help with the movement of older people and to

obtain real-time information.

• The FriTab is a tablet and acts as the main interface of interaction with the users and

the social network.

• The cyber-physical social network is the technological framework where the social

network will be implemented, integrating the components of the Cyber Physiscal

Network (CPN).
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The social network will be an interface for input and output information related to the

recommendation system and the expected social interaction. User pro�les, health pro�les

and environmental data will be available for processing the activity recommendations.

One of the key ideas of ACANTO is to learn as much as possible about the user of the

FriWalk/FriTab without the necessity to enter actively this information by the user since

we want to ease the burden for our target group. In other words, this means continuous

observation and perception of the user's state. Some of the observations will be relevant only

in the time of being measured, some will be meaningful by aggregation over a longer period,

some of them indicate physiological conditions with medical relevance (e.g. with respect to

therapeutic goals) while others address the motivational level or mood of the person.

In any case, the lever to gather all the information is mainly sensors. The sensors

are deployed on the FriWalk/FriTab or alternatively also as wearables on the user. The

latter option is considered very carefully since the focus was to acquire data in an utmost

non-obtrusive way whenever possible.

Furthermore, the sensors could be use to perform relative localization, i.e. with respect to

other FriWalk units by the introduction of a novel concept of collaborative localization that

re�ects an aim of ACANTO in a very natural manner: to fostering group activities and social

contacts among older adults.

This thesis contributes to the development of this project mainly in tree parts:

• The requirement analysis of leisure activities and user's preferences.

• The development of an leisure activity model.

• The analysis of clusters of users in social networks.

Finally, the methodology of ACANTO developed an ambitious combination of a careful

recognition of user needs and market opportunities, high-quality research and technology

integration into a fully functional prototype.

1.4 Methodology and Thesis Structure

For the general methodology of our research, we followed a software engineering approach

as shown in Figure 1.2. This diagram shows the following level of analysis: analysis of the

problem (requirements), modelling a solution (design), developing software for the purpose

(implementation), and evaluating the proposal (testing). This general approach is entangled

with the study of the described activity-users problem shown in Figure 1.1, mainly relying
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Fig. 1.2 The thesis development process and its main elements
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on evaluations of recommendations, user studies, and surveys. Also, the main contributions

in Figure 1.2 are leveled relative to the process and �ow of this thesis.

The chapters of the thesis follow different methodologies since they analyze different

aspects of the leisure activities recommendation systems. Chapter 2 methodology is ori-

ented to understand the requirement analysis for leisure activity recommendations and the

feasibility for implementing it in recommendations systems, by using existing literature

and technical reports. Chapter 3 methodology is oriented to organize the requirements and

technological opportunities into a common workplace for implementing and testing possible

recommendations alternatives. Chapter 4 methodology is oriented to the design and imple-

mentation of leisure activity recommendation, including the analysis of state of the art of

recommendation systems that work with leisure activities. Chapters 5, 6, and 7 are focus on

to the evaluation of the leisure activity recommendation, so the methodologies are related to

the de�nition of metrics that allows comparison of different aspects of the recommendation

problem (dimension model, performance, and clustering).

The work presented here is based on research publications conducted during the years of

doctoral studies, and on technical reports (deliverables) and development done as part of the

ACANTO project [1]. For clarity, we will include the citations to these publications in the

following description of the structure of the thesis.

Chapter 2.Recommendation Systems: Background.

This chapter provides an in-depth analysis of the state of the art of modern Recom-

mendation Systems. In the literature, there are numerous studies on recommendation

systems, focused on speci�c domains. We are interested in recommendations on groups

and physical and social activities. Additionally, we have performed some analysis on

commercial social network sites where recommendation systems are used or could be

used.

Most of the analysis of the state of the art of recommendation systems have been part
of the ACANTO project, speci�cally in the following public deliverables of the Work
Package 4 (WP4), Conception of Social Activities:
Ramos, I., Mediavilla, C., Marchese, M., and Rodas, M. (2016). Deliverable 4.5. User

communities creations based on user's pro�le matching (static pro�le): social network creation

and evolution in older adults communities. ACANTO Project Deliverable, ATOS and University

of Trento. [75]

Marchese, M., Rodas Britez, M. D., Ramos, I., and Brauchoff, I. (2017). Deliverable 4.2. User

Pro�le Repository (Final). ACANTO Project Deliverable, University of Trento and ATOS. [51]

Ramos, I., Brauchoff, I., and Marchese, M. (2017). Deliverable 4.4. Social Activity Repository

(Final). ACANTO Project Deliverable, ATOS and University of Trento. [74]
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Marchese, M., Rodas Britez, M. D., Ramos, I., and Brauchoff, I. (2017). D4.6. User commu-

nities' creations based on user's pro�le matching (dynamic and adaptive pro�le). ACANTO

Project Deliverable, University of Trento and ATOS. [50]

Chapter 3. Design and Development of a Framework of Evaluation of Recommenda-

tions (FER).

This chapter describes the design and development of our proposed evaluation frame-

work for the analysis and evaluation of different types of recommendations systems,

mainly clustering algorithms and recommendation systems. The framework focuses

on putting together the following main aspects of recommendation systems: activity

recommendation, group creation, and algorithms evaluations. This is an open source

technological tool that will allow us to compare different algorithms and models.

Part of the content of this chapter is described in the study published in:

Rodas Britez, M., Marchese, M., and Cernuzzi, L. (2017). Towards a social and physical Activ-

ities recommendation system for active ageing. IX Congreso Iberoamericano de Tecnologías

de Apoyo a la Discapacidad - Iberdiscap 2017, ISSN 2619-6433, pages 452–459. [77]

Chapter 4. Design of a Leisure Activity Recommendation (LAR).

This chapter describes a model and a recommendation algorithm design for recom-

mending leisure activities. The model is a Dimension Model of the activity, the

recommendation algorithm approach is a content-based recommendation, and the

preferences are 7-scale ratings. We describe and compare tags and dimensions as

possible representation of the activities. Finally, we elaborate on a discussion of the

advantages and disadvantages of designing a leisure activity recommendation.

Chapter 5. Evaluation of a LAR Dimension Model.

In this chapter presents the results of evaluating the LAR dimension model pro-

posed as a content-based recommendation. We describe the analysis of a dataset of

leisure activities, clustered using either dimensions or tags, and compare the ability of

dimension-based clusters against tag-based clusters to predict user preference for the

activities. Clustering and performance evaluation required collecting three pieces of

data: per-activity scores on dimensions, tags related to activities, and user preferences

for activities. All three data collections relied on crowd-sourcing. We describe the

issues and features of the implementation of an activity recommendation system.

Part of the content of this chapter is described in the study accepted in:

Miniukovich, A., Rodas, M, Jovanovic M., Marchese, M. (2019). Towards Engineering Leisure
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Recommendation. Proceedings of the 5th International Conference on Fuzzy Systems and Data

Mining, FSDM 2019, Kitakyushu City, Japan.

Chapter 6. Evaluation of LARs using FER.

This chapter describes the performance analysis for the rating-based activity recom-

mendation system. We chose to use the following metrics: Precision, Recall, F1

Measure, Normalized Discounted cumulative gain (nDCG), accuracy, coverage, and

transparency. We discuss the advantages and disadvantages of the recommendation

algorithms in terms of the evaluation metrics.

Part of the content of this chapter would be considered for the submission in the

ACM Conference on Recommender Systems, showing the different comparisons of

the implemented recommenders.

Chapter 7. Evaluation of an User Tag Model using FER.

This chapter describes the clustering analysis of the results obtained by collecting

information about users, preferences, and groups from the Meetup social network. The

main idea is to understand how Tags could be useful to describe user preferences in

relations to groups that in the social network has the intention to incentive face-to-face

meetups between users. This test case includes a group of older adults. We also show

how clustering algorithms allow us to better understand the relations between activities

and which algorithms perform better with our data collection. The clustering analysis

initially has been part of an Master's thesis [76] at the University of Trento that we

supervised.

The content of this chapter integrates the study published in:
Rodas Britez, M., Lissoni, D., and Marchese, M. (2018). An evaluation framework for group's

clustering algorithms in social networks - the use case of a meetup dataset of older adults. In

Tallón-Ballesteros, A. J. and Li, K., editors, Fuzzy Systems and Data Mining IV - Proceedings

of FSDM 2018, Bangkok, Thailand, 16-19 November 2018., volume 309 of Frontiers in

Arti�cial Intelligence and Applications, pages 417–427. IOS Press.

Lissoni, D. (2017). Clustering Algorithms and Recommender Systems Analysis. A Compara-

tive Java Oriented Framework. Master's thesis, Department of Information Engineering and

Computer Science. University of Trento, Trento, Italy. [76]

Chapter 8. Conclusions and Future Work.

This chapter summarizes the contributions of the thesis. The contributions are described

in relation to the research questions (RQs) of this thesis. Finally, we comment on the

limitations and future work.



Chapter 2

Recommendation Systems: Background

The whole is more than the sum of its parts.

Aristotle

Social networks and cyber-physical networks are current technological sources of infor-

mation and social sharing of information. On one side, this describes the complexity of the

interactive system of information, on the other side, it opens the opportunity to build and

process information using innovative information systems like recommendation systems.

Recommendation systems are important tools for social networks to provide useful

information to the users, keeping their attention and interest. In the literature, there are

numerous studies on recommendation systems, but the large majority is using just one �eld

of evaluation for the recommendations [69].

The main components of recommendation systems are users and items. The users have

personal characteristics and opinions about items and their features. The interactions between

components in a recommendation system are given by the user's opinions over the items.

In our work, the main example, the user domain for our activity recommendations will

be for older adults. From the technical point of view (Clustering and Recommendation

Systems) this Chapter will present the different types of techniques for recommendations

systems, with some examples of implementations in different domains. From the social point

of view (Leisure Activities) the emphasis is on the item and user model, analyzing content-

based approaches for understanding the activities, and analyzing model-based approaches

for understanding the users.

This Chapter focuses on giving the technological insides for understanding the feasibility

for recommendation systems search on theRQ1. The evaluation section of this Chapter

contributes to theRQ2 by explaining possible evaluations metrics for recommendation

systems. Finally, this Chapter is the needed base for eventually answer theRQ3.
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2.1 Recommendation Systems General De�nition

Recommendation systems emerged around the mid-1990's when researchers started focusing

on recommendation problems that explicitly rely on the rating structure [3]. This tendency

also followed by the industry that starts recognizing the opportunities of using this novel

technology, especially in the e-commerce business [7].

Initially, the recommendation problem is reduced to the problem of estimating ratings for

the items that have not been seen by a user. Intuitively, this estimation is usually based on

the ratings given by this user to other items and on some other information. Once we can

estimate ratings for the yet unrated items, we can recommend to the user the items with the

highest estimated rating.

The utility of an item is usually represented by a rating, which indicates how a particular

user liked a particular item, e.g., Maria gave the activity “playing football” the rating of 4

(out of 7) [3].

Ratings are grounded on the idea that we have an explicit value that de�nes the preferences

of the users over the items, called rating. In this case, we do not need additional information

about the users and the item for the process of the recommendations. Ratings could be

represented in different scales, e.g.: 5-liker scale or 7-liker scale.

To estimate the unknown ratings using the known ratings could generally classify into

these two techniques [3]:

• Heuristics: specifying heuristics that de�ne the utility function and empirically validat-

ing its performance.

• Statistics: estimating the utility function that optimizes certain performance criterion,

such as the mean square error.

In the literature, there are numerous studies on recommendation systems, focus on speci�c

domains. We are interested in recommendations of leisure activities considering the social

factor of doing activities in groups. Important aspects of this context are that it happens in a

social environment, and typically using social networks.

2.2 Recommendation System Techniques

The two more general types of recommendation systems are described as their main elements,

users, and items, as shown in Figure 2.1. Basically, content-based �ltering refers to the

recommendation that uses additional information (content) of the recommended item. On
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the other hand, collaborative �ltering refers to the recommendation that uses additional

information related to the user.

Collaborative �ltering has more sub-classi�cations shown in Figure 2.1, and generally

refers to techniques that rely on the user community information. The model-based �ltering

refers to techniques that de�ne a model that represent the similarity of users to use the

information of similar users as collaboration. Then the memory-based �ltering refers to

techniques that use past information of the user and the item for recommending. Generally

speaking, item-based recommendations are recommendation systems that use past infor-

mation of the preferences over items to process the recommendations. Then, user-based

recommendations are recommendation systems that use past information of the users to

process the recommendations.

Hybrid �ltering describes different approaches for mixing together the other recommen-

dation system techniques.

Fig. 2.1 Recommendation System techniques.

2.2.1 Content-based Filtering

The typical recommendation systems recommend items basing their recommendations strictly

on users' feature such as users' likes, preferences, friends, objects they bought or they
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