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Implementing Profile Dynamics

Abstract

As technology continues to evolve, the abundance of information available to users has
significantly expanded. This growth has paralleled an increasing need to tailor user inter-
actions and sift through irrelevant data. User Profiles, typically defined as compilations of
pertinent attributes about users and their interests, are integral to the process of personaliza-
tion.

This dissertation is a component of the broader KBAI Smart Ed (KBAI-SE) project and
centers on the creation of a dynamic user profiling algorithm. This algorithm is designed
to operate within three distinct use cases: project management, news recommendation, and
tourism activity recommendation. Additionally, the dissertation will encompass an article
that comprehensively covers the current state of the art in constructing and maintaining these
profiles, referred to as User Modeling. This paper will have a primary focus on the ele-
ments requisite for establishing a dynamic process capable of adapting to the evolution of
users over time, a phenomenon termed Profile Dynamics. Moreover, it will explore the di-
verse categories of systems in which User Profiles can be implemented to enable effective
personalization.

Keywords: user profiles, user profile modeling, personalization, profile dynamics



Implementing Profile Dynamics

Resumo

A medida que a tecnologia continua a evoluir, a abundéancia de informacéo disponivel para
os utilizadores aumentou significativamente. Este crescimento foi acompanhado por uma
necessidade crescente de personalizar as interac¢des dos utilizadores e de filtrar os dados
irrelevantes. Os perfis de utilizador, tipicamente definidos como compilagfes de atributos
pertinentes sobre os utilizadores e os seus interesses, sdo parte integrante do processo de
personalizag&o.

Esta dissertacdo é uma componente do projeto mais vasto KBAI-SE e centra-se na cria¢do
de um algoritmo dinamico de criacdo de perfis de utilizador. Este algoritmo foi concebido
para operar em trés casos de utilizagdo distintos: gestdo de projectos, recomendacao de noti-
cias e recomendacdo de actividades turisticas. Adicionalmente, a dissertacdo englobara um
artigo que cobre de forma abrangente o estado atual da arte na construgdo e manutencao
destes perfis, designado por Modelacdo de Utilizadores. Este artigo tera como foco princi-
pal os elementos necessarios para estabelecer um processo dindmico capaz de se adaptar a
evolucdo dos utilizadores ao longo do tempo, um fendmeno denominado Dinamica do Per-
fil. Além disso, o artigo explorara as diversas categorias de sistemas em que os perfis de
utilizador podem ser implementados para permitir uma personalizacao eficaz.

Palavras-chave: perfis de utilizador, modelacdo de perfis de utilizador, personalizacéo,
dindmicas de perfis
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Chapter 1

Introduction

This dissertation is integrated into the KBAI-SE project, which aims to create an interactive
tool for engaging with a dynamic and collaborative Knowledge Base (kb), as well as for the
rational processing of accumulated knowledge. Supported by a central platform, KBAI-SE
facilitates the registration and correlation of various concepts.

The objective of this dissertation is to develop a comprehensive framework for dynami-
cally modeling user pro les and employing them across diverse real-world applications. To
realize this objective, the project is structured into ve distinct phases.

The rst phase is the information collection stage, during which methodologies for gather-
ing user data will be de ned. The second phase involves pro le construction, where strategies
for representing user pro les will be outlined. The third phase, pro le modeling and selec-
tion, entails developing algorithms to identify and assess users' interests, along with mecha-
nisms for selecting items with the highest scores. Lastly, the fourth phase is the dynamization
stage, focusing on devising rules to capture user changes and evolutionary patterns.

1.1 Problem description

This dissertation focuses on the creation of a dynamic user pro ling algorithm. This algo-
rithm is designed to model a user's preferences through their interactions with the system and
the information they provide. Additionally, it is capable of evolving over time by detecting
shifts in a user's interests and preferences. To achieve this, a series of rules grounded in Be-
lief Revision principles will be formulated, ensuring the algorithm's objectives are effectively
met. The developed algorithm will subsequently be applied to three distinct real-world use
cases:

1. Case study 1 (CS1)—project management, where all the knowledge about a project
(e.g., workers and effort estimation) will be saved and managed to accomplish its tasks
ef ciently.

2. Case study 2 (CS2)—news recommendation, where users will get news recommended
to them according to their interests in different news categories and events.
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3. Case study 3 (CS3)—tourism activities recommendation, where users will be recom-
mended tourism activities according to, e.g., their location and interests.

Figure 1.1: General project structure.

This dissertation is inserted in the KBAI-SE project, g. 1.1 shows the structure of the
project, with the highlighted parts corresponding to the work that will be developed in this
document. The user will interact with the interface, specifying what they want from the sys-
tem by communicating through a chatbot, these interactions will be used to create the user
pro le through the information given manually by the user through the system's graphic in-
terface or by inferring the user's preferences based on de ned key interactions, all of this
information will be sent to the user pro ling algorithm through the kb Application Program-
ming Interface (API). These preferences will then be aggregated in the aggregation module
to calculate group preference to be able to make group recommendations.

One of the primary requirements for this project is the in-depth understanding of the
user's needs and interests to provide accurate item recommendations based on their platform
interactions.

It is important to acknowledge that user preferences are not static and evolve over time,
making it essential to accurately identify these changes for precise recommendations. How-
ever, this can be challenging, especially when certain interests are constrained to short pe-
riods [HF15] or speci ¢ contexts [WHW22], requiring the ability to perceive when these
changes occur.

Additionally, collecting information about user interests poses dif culties. This informa-
tion can be collected explicitly or implicitly. Explicit information, entered directly by the

2



1.2. THE KBAI-SE PROJECT

user, is the most useful and accurate but can be time-consuming and dependent on the user's
understanding of the preference concepts and rating scale [DSRO20]. On the other hand,
implicit information, gathered passively through user interactions or by inferring preferences
from similar users, is relatively easier to obtain but may not be as accurate as explicit data
due to the inference process [MIM10].

The main objective of this dissertation is to study existing methods for creating and main-
taining user pro les for personalized systems. These methods will be carefully analyzed
and classi ed to identify the most effective approach for calculating pro les based on user
interactions and knowledge-based models to meet the previously mentioned requirements.

Subsequently, these techniques will be implemented in various case studies within the
project's scope, including tourism, project management, and news domains. This implemen-
tation will involve combining explicitly collected information, user interaction history, and
knowledge extrapolation from similar customers. The ultimate goal is to predict the potential
interests and motivations of new customers with varying degrees of con dence.

1.2 The KBAI-SE project

The KBAI Smart Ed project aims to develop an intelligent knowledge management applica-
tion comprising a knowledge editing product enriched with an automatic reasoning engine,
KBAI stands for Knowledge-Based Arti cial Intelligence.

The KBAI-SE project will conduct research and experimental development to integrate
academic and scienti ¢ knowledge from research centers with the expertise and experience
of professionals in the team. The KBAI-SE product will serve as an interactive tool for a
dynamic and collaborative kb, capable of rational processing of accumulated knowledge.

The central component of the system is envisioned to integrate various reasoning mecha-
nisms to facilitate automatic knowledge updating (e.g., verifying its accuracy) and generating
new knowledge through learning or logical inference.

The primary focus of the project lies in exploring Arti cial Intelligence (Al) theories and
tools, their current level of maturity, and their potential applications for the intended purposes.
The research will revolve around two main axes: (a) the study of Reasoning Algorithms and
Knowledge Representation techniques that are already at a stage of maturity suitable for
simple and ef cient use, and (b) nding intuitive visual methods for consulting and editing
knowledge to streamline the process for users to input their knowledge into the system and
execute queries effectively.

While these theories are well-developed academically, their effective application in busi-
ness or personal contexts necessitates validation to ensure compatibility with the data struc-
tures chosen for KBAI-SE and to assess if processing requirements are ef cient enough for
timely user interactions or background processing.

To achieve this, a comprehensive survey of the state of the art will be conducted to gauge
maturity, applicability to the de ned form of knowledge representation, and the availability
of libraries suitable for business contexts. Within the scope of industrial research, an analysis
of the current data structure and the requirements introduced by each reasoning theory will
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be carried out, followed by a comparison with data repositories available for their implemen-
tation (e.g., graph-oriented databases). Based on this analysis, complementary modules will
be implemented to incorporate each reasoning theory into the nal product.

1.3 Proposal

The dynamic pro les will be created using a similar framework to the one developed in
[HF15] and represented in Figure 1.2. The information collection process about the user
will be done explicitly and implicitly. Then, the level of preference the user has for each
possible option will be represented through a copy of the ontology of the possible items that
will be stored in each prole. This level of preference will be calculated, and the items
will be selected through a modi ed Hamming distance. Finally, the pro le will become
dynamic through the use of formal languages and a belief change-inspired approach similarly
to [FGD' 23].

The project will be divided into four phases: Information retrieval, pro le construction,
pro le modeling, and selection and dynamization. The following subsections will describe,
in-depth, each of these phases.

Figure 1.2: User pro le framework.
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1.3.1 Information Retrieval Phase

In this phase, all the implicit and explicit information about the user will be collected, and the
features will be extracted. The information will be collected explicitly through the following:

* Aninitial form is to be answered by the user through a chat bot. This form will collect
demographic data and information about users' interests.

» A platform inside the system for the users to manipulate their preferences. Here, its
structure will be de ned as well as the way the users' manipulation of the preferences
in the platform will manipulate the weights of the preferences inside the system.

On the other hand, the implicit information retrieval will happen through:

» Users' interactions with the chat bot. Also, relevant interactions will be de ned (e.qg.,
when a user searches for a speci c item), as well as the way to save these interactions
in the Database (DB).

* History of all items selected by the user.

» Users' query history.

1.3.2 Pro le Construction Phase

In this phase, it will be de ned the way the pro le is going to be represented. The rst step
will be the de nition of the structure of the ontology of the items in the system, de ning the
relationships between the concepts. It is important to note here that this structure will be
generic and will have to work for all the use cases. Finally, the ontology will be developed
according to the structure de ned.

After the creation of the item ontology, the structure of the user pro le will be created.
For that, a copy of the item ontology will be created to add to the user pro le structure. This
copy will then be used so each concept in the copy ontology will be paired with the level of
preference the user has for that concept (i.e., it will form the preferences pro le of the user).
Then the demographic data of the user will be added, and the nal user pro le structure will
be de ned.

1.3.3 Pro le Modeling and Selection Phase

In this phase, the weights of users' preferences will be calculated, and the items with a higher
level of preference will be selected. Firstly, the techniques that will be used to calculate the
preferences will be developed. Additionally, the rules that will manipulate the weights and
the algorithms that will calculate them will be de ned.

Afterward, the pre- Itering of options according to context will be de ned. For that, the
context values and their relationships with the features that will be affected by them will be
speci ed. The rules that establish where the context affects the browsing process will be
stipulated, and the Itering will be implemented according to the context.

5
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Finally, the items with higher preference weights will be selected using a modi ed Ham-
ming distance. Tests will be then developed to con rm the ef ciency of the selections and
the preference values.

1.3.4 Dynamization Phase

This phase will consist of the development of Belief Change rules that will de ne how the
pro le will change over time. First of all, the rules that will modify the preference weights
based on over-ranked items will be de ned; secondarily, the rules that will permute the user
pro le based on users' feedback will be developed. Care will be taken to make the pro le's
dynamization a gradual process; that is, avoiding rules that cause abrupt changes.

This phase will be nalized with the development and performance of tests to determine
the effectiveness of the rules for the dynamization of the pro le.

Overall, Phase 1 will collect users' demographic data (e.g., gender, age, education, na-
tionality). Phase 2 will, on the other hand, create the general structure for all ontologies,
while Phase 3 will develop the general algorithms to calculate the level of preference. Lastly,
Phase 4 will be generic for all use cases through the development of general dynamic rules.

1.4 Dissertation structure

The dissertation is structured as follows. After the introduction in Chapter 1, Chapter 2
reviews the state-of-the-art, displaying the latest user pro ling techniques and highlighting
the elements to take into account when modeling user preferences such as the dynamics of
user interests or the explainability of recommendations. From this chapter, an article was
extracted and sent to the Arti cial Intelligence Review Journal.

Chapter 3 develops an extensive depiction of the dynamic user pro ling algorithm and its
subsequent implementation. This chapter introduces the tools employed for the algorithm's
development and provides rationale behind their selection. It delineates a breakdown of the
kb's structure, expounding upon its constituents and their interrelationships. The chapter
delves into the algorithm's operational mechanism, elucidating how it utilizes users' demo-
graphic information and interactions within the KBAI-SE platform to deduce user prefer-
ences. Furthermore, it elucidates the algorithm's capability to adapt preference values over
time, in accordance with the evolving interests manifested by users through their recent inter-
actions with the system. Ultimately, the chapter concludes by outlining the various use cases
in which the algorithm is to be applied.

Chapter 4 will outline the conclusions and future work for this project.



Chapter 2
State-of-the-Art

2.1 Introduction

User pro les consist of a collection of characteristics that describe how users interact with

a given system, encompassing their interests and needs [AS99]. These characteristics may
include demographic traits, preferences, and desires, among others. User pro les are estab-
lished and managed through a process known as User Pro le Modeling, which involves two
fundamental steps. The initial step entails de ning what information about the user should be
stored and how it should be represented. Subsequently, the second step involves determining
the methodology for constructing, updating, and maintaining users' pro les [LMNS19, p. 9].

User modeling is essential for personalized systems, especially given the current data ex-
plosion where the amount of digital data being generated and stored is growing exponentially.
Through user modeling, personalized systems acquire insights into users' characteristics and
can adapt their behavior dynamically. This adaptation includes tailoring content to individual
users or user groups based on their behavior, needs, and preferences. It's worth highlighting
that user modeling can also serve the purpose of uncovering and introducing users to new
interests that may align with their preferences [Mou97].

More speci cally, one of the primary applications of user modeling is information lIter-
ing, which nds use in Recommender Systems (RS) across various domains. These domains
encompass web personalization, computational advertising, e-learning systems [LNNHQ9,
HF15,YCC 15, WHW" 22], and search engines [ENSN19]. RS refers to systems that gather
information about user preferences for speci ¢ items (such as movies, songs, and books) and
subsequently select new items based on their characteristics. These selected items are chosen
with the aim of aligning with the user's interests and needs [BOHG13, IFO15].

Prediction systems can also reap the advantages of user modeling, particularly in esti-
mating a user's rating for a speci c item when explicit user feedback is absent [FEMR18].
Furthermore, in adaptive systems, user modeling is employed to customize the user inter-
face. This includes adjustments like changing font size or displaying context-aware informa-
tion, all aimed at enhancing the effectiveness of communication between the system and the
user [Brol6].

Understanding the applications of user modeling highlights, however, the fact that user



2.2. USER PROFILES MODELING

pro les may change over time. In order to address this, techniques of Pro le Dynamics
were developed to account for the dynamic nature of users' interests and needs. In fact, the
presence of only static information within user pro les (i.e., static pro les) introduces the
risk of having user pro les with outdated information, and consequently, ineffective system
personalization [HF15]. Therefore, pro le dynamics enable the system to detect short-term
or long-term changes in user characteristics and integrate them into their pro les, providing
up-to-date and relevant personalized system recommendations.

It is important to note that information about users' characteristics can be acquired either
explicitly, typically by collecting users' ratings, or implicitly, commonly by monitoring users'
behavior. This includes monitoring songs heard, downloaded applications, websites visited,
and books read [IFO15].

The aim of this work is to provide a systematic review of the existing literature in User
Pro ling and its Dynamics. The process of searching and retrieving publications was con-
ducted in March 2023. There were no restrictions on the publication date. 86 publications
were selected and full texts were extracted and analyzed. It is noteworthy that, from the 86
publications, 43 were conference articles, 37 were journal articles, 3 were books, and 3 were
book chapters.

A comprehensive database containing all the information related to the articles has been
created and is illustrated in Appendix D. In this appendix, Appendix D.1 provides an Excel
table that encompasses the data of all the articles, while Appendix D.2 presents a Litmaps col-
lection. This Litmaps collection visually demonstrates the citation relationships between the
articles, offering a clear overview of the scholarly connections within the research literature.

The publications have been grouped into ve categories based on the research hypothesis
of each study: User Pro les Modelinghn& 44), Pro le Dynamics § = 44), Recommender
Systems i = 41), Personalized Systems £ 22), and Adaptive System& € 23). This
taxonomy, as depicted in Figure 2.1, helps the reader understand the diverse elds of user
modeling and pro le dynamics. This categorization also improves the clarity and organiza-
tion of the review, making it easier to navigate and comprehend the extensive body of research
in this area. In the various sections of the study, we will spotlight some of the most notable
papers within the respective topic of that section.

This article is structured as follows: In Section 2.2, the de nition of users' pro les and
the process of pro le modeling is presented; in Section 2.2.5, the techniques for pro le dy-
namics are introduced; section Section 2.3 describes the types of systems that make use of
user pro les, it is divided into two sub-sections: Section 2.3.1, de nes RS and their sub-
classi cations; Section 2.3.2 describes personalized/adaptive systems and nally Section 2.4
presents some concluding remarks.

2.2 User Pro les Modeling

User pro les play a fundamental role in RS [IFO15] and personalized or adaptive systems [BKNO7].
They provide a comprehensive representation of individual users or user groups. A user pro-
le is an instantiation of a user model within the system [ENSN19]. Typically, user pro les
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Figure 2.1: Distribution of the papers analyzed by topic.

consist of two main components: demographic information, such as age, gender, and oc-
cupation, and a set of keywords or concepts associated with corresponding values. These
keywords and concepts serve to represent and estimate user intentions, interests, and other
pertinent information essential for pro le modeling, both for long-term and short-term time
frames [DZD22]. However, some pro les can be more complex using users' behavioral data,
such as clicking behavior or time spent on a web page [AHX13].

While there is a consensus in the literature that a pro le represents a set of characteristics
for individual users or user groups, there exists a gap when it comes to a formal de nition of
what constitutes a pro le and its inherent structure. An exception to this gap can be found
in [FGD" 23], where a user pro leP. and a language for managing pro le dynamics are
rigorously de ned. In this context, a pro I€ is de ned as a tuple labeh;:::;label,
wherelabel 2 Ng. Informally, each element within the pro le tuple represents a character-
istic that can assume a nite number of possible values. While natural numbers were used
to de ne the content of eaclabel, it's worth noting that this de nition can be adapted to
incorporate linguistic labels. For examplelabeh represents marital status, possible values
such as "single/married/separated/widowed,” among others, can be utilized. To illustrate this
pro le structure, consider a simple example of a pro le structureage, weight, height ,
where a possible pro le might be John = 20;80;178

As mentioned earlier, user pro les are generated through a process known as user model-
ing, which is subsequently employed for inferring unobservable information about users. The
process of user modeling comprises several substeps, namely: information retrieval, pro le
construction, preference learning, and pro le dynamics (or maintenance) [RL08]. Figure 2.2
summarizes this process. The subsequent sections provide a comprehensive description of
each step.
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Figure 2.2: User modeling phases required to build user pro les [RLOS8].

2.2.1 Step 1—Information Retrieval

In order to accurately identify users' needs and interests, the system needs to collect as much
information about the user as possible; therefore, the information retrieval phase is crucial
to make an effective user personalization. Information retrieval can be classi ed as explicit,
collected by getting users' feedback or manually editing their pro le; implicit, collected by
analyzing users' interaction and behavior within the system; or hybrid, combining explicit
and implicit information [IFO15].

Information about users may include demographic data, such as age, gender, and edu-
cation. These data can be utilized to classify users and generate baseline recommendations
based on demographically similar individuals. This technique is known as Demographic Fil-
tering [ATO5] and can be particularly useful for addressing the data sparsity problem, which
occurs when limited information about users is available.

In addition to users' demographic information, their behavior within the system, what
they searched in the past, and what they liked before can be used to infer the level of interest
a user has in a particular item or a speci ¢ need the user has. Nevertheless, user pro ling sys-
tems usually focus solely on users' positive interactions with the system—however, more than
this information is needed to capture the whole scope of users' interests. Knowledge about
users' negative preferences can help broaden the understanding of the user pro le, allow-
ing the system to understand not only what the user likes but also what they dislike [LLO9].
Contextual information can also be used to model the user pro le [RT1$

Contextual information refers to any details that can provide information about a user's
situation, such as their location, the activity they are engaged in, and their social relation-
ships [HPV16].

The collected data undergoes a preprocessing process to extract label values, known
as user pro le features. These features are then employed in constructing the user pro-
le [ENSN19], which can apply to either an individual user or a group of users.

The information used for pro ling can be categorized as explicit (provided by users),
implicit (automatically collected), or hybrid. In the following sub-subsections, we will delve
into these techniques in detail. The highlighted papers for this subsection are presented in
Figure 2.3.

Explicit Information

Explicit information retrieval relies on information explicitly provided by users. This may
include demographic information, such as age, gender, and place of residence, which can be
used to create demographic clusters and infer users' preferences [Kru97].

10
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Users can also provide positive or negative feedback information using, e.g., ratings or
dislike buttons [XLW 20, DSRO20, DZD22]. Additionally, users can provide information
about their interests [GSCMO07] and manually assign weights to or order their preferences
within the system.

Although simple and highly effective [ZLXC16], this information retrieval strategy has
areas for improvement. The process is time-consuming and requires users to have domain
knowledge of the concepts used to describe preferences and the rating scale for weighting
preferences [DSRO20]. Furthermore, not all users are willing to spend time providing feed-
back and information to the system, even when encouraged to do so [MIM10]. For these
reasons, implicit information retrieval methods have arisen.

Implicit Information

Implicit information retrieval occurs when the user information is collected automatically
without the user needing to intervene in the process [BKNO7]. There are many ways to
implicitly collect information about users' preferences, feedback and interests.

One method is by analyzing browsing behavior, including the websites visited by the
user, their contents, timestamps, and duration of the visit on each website [DZD22]. Another
approach is to analyze the user's query logs, examining their past searches and creating query-
ow graphs to represent the ongoing behavior of a query search. This technique is particularly
useful for identifying logical sessions and recommending new queries [BB[C

Additionally, observing which options the user selects or clicks can provide valuable
insights [LMNS19]. For instance, if a system presents options sorted by preference level
and the user does not choose one of the top options, a comparison can be made between the
selected option and the top ones to identify differences. This information can then be used
to modify weights of a given model, ensuring that similar options to the selected one are
prioritized in the subsequent recommendation process [ZLXC16].

This method requires, however, a considerable computational power due to the large
amount of data collected, as well as data mining techniques to analyze the data. Furthermore,
the implicitly collected data may be noisy [XLYX20], and the con dence in the obtained
results is occasionally low [MIM10], especially in the initial stages. On the other hand, this
information retrieval process has the advantage of being capable of collecting data continu-
ally, and thus, constantly receiving updated information [ENSN19].

Hybrid Information

Hybrid information retrieval is a methodology that leverages the strengths of both explicit
and implicit feedback to verify collected information and strengthen the effectiveness of the
system, particularly in the context of user pro le dynamics [RJ15]. One way to obtain hybrid
feedback is by using implicit feedback to verify the veracity of explicitly collected informa-
tion [IFO15]. This methodology creates unbiased user models by considering both positive
and negative feedback during the training phase of the model [X20), enabling the same
model to better capture the user's intention [DZD22].

11
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Ravi et al. [RDS 21] argue that optimal performance of recommender systems requires
the use of both implicit behavior and explicit feedback information from users. By incorpo-
rating both of these information retrieval approaches, the authors suggest that the resulting
models will become more transparent and trustworthy. This increased transparency and trust-
worthiness is expected to encourage users to provide more information, thereby enabling the
model to be better trained.

Still in the domain of recommender systems, Interactive Recommender Systems strive
to integrate feedback into the recommendation process. These systems suggest items and
subsequently receive feedback from users, which can be utilized to generate more re ned
and personalized recommendations [Z[RD]. A similar application can also be found in
Conversational Recommender Systems [GRH], where implicit interaction can be used as
a mean to evaluate recommendation models.

Figure 2.3: Highlighted papers of Information Retrieval.

2.2.2 Step 2—Feature Representation

After the information retrieval phase, the feature extraction phase is conducted. Feature ex-
traction involves extracting, from the raw data, the features that can potentially be used to
model the user prole. Eke et al. [ENSN19] summarized the possible features to extract
depending on the application.

Following feature extraction, feature representation becomes the crucial step required for
pro le construction. It utilizes all the previously extracted information and constructs new
user pro le features that enhance pro le modeling performance. Feature representation has
gained increased attention, particularly since the emergence of deep learning [BHBTC22],
and has been employed in various systems for different purposes.

12
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It is important to note here that feature extraction and, later, feature representation can be
applied to both users and items.
The highlighted papers of this subsection are displayed in Figure 2.4.

Text Representation

For text representation, one widely used method is the Term Frequency—Inverse Document
Frequency (TF-IDF) classi er, which calculates the weight of a keyword in a document based
on its frequency within that document [ATO5]. For instance, in a study by Lauschke and
Ntoutsi [LN12], the TF-IDF classi er was utilized to extract features in a system designed to
monitor user pro les and their evolution on the social platform Twitter.

Another approach, known as the Bag-of-Words method, is a simpler alternative to TF-
IDF. It analyzes the frequency of words inputted by users to generate a set of keywords rep-
resenting their interests. This autoencoder technique is particularly effective in systems that
rely on explicit data, such as micro-blog text [AHX13}kgram models [SA19] or attention
models [WHW 22] are also commonly employed for feature extraction.

An ontology, on the other hand, is a formal knowledge representation of a speci c domain
in a structured manner that can be understood by both humans and machines [OLEKC18].
One of the key characteristics of ontologies is their capability to establish and describe rela-
tionships between classes [FLO7]. As a result, ontologies can be considered a form of feature
representation, more speci cally, a representation of semantic features [RLO8], which can
be shared and reused in different systems. Moreover, ontologies can solve the cold-start
problem, i.e., when there is not enough information about the user to make accurate user
pro les [TNY17].

Ontologies represent entities, such as users, products, or services, within the system [TNM18]
and concepts. Subsequently, these ontologies are compared to predict users' needs, partic-
ularly in the context of recommendation systems [WCO08, RHY. For instance, Keng et
al. [KSYF18] developed a framework where the ontology structure incorporates both the
Point of Interests (POIs) and the users. Recommendations are then generated by evaluating
the similarity between the POls and the users' ontologies using the Jaccard index.

Similarly, Obeid et al. [OLEKC18] implemented a semantic recommender system, wherein
ontologies were employed to represent higher education institutions, employment, and stu-
dents. However, machine learning techniques were utilized to generate tailored recommen-
dations for university degrees for students.

Reference ontologies, such as Open Directory Project (ODP), also serve an important role
in representing semantic features since they provide an improved and standardized framework
for de ning, representing, and relating entities and concepts [TNM18]. As a result, they
provide a richer representation of information when compared to ontologies developed from
scratch.

For example, Hawalah and Fasli [HF15] mapped web pages to concepts present in a
reference ontology for web personalization. Interestingly, these authors also proposed tech-
niques that utilize the established mapping for constructing and maintaining ontological user
pro les (including session-based, long-term, and short-term pro les). These pro les were
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subsequently used to adapt the system according to user behavior.
Amini et al. [AION15], on the other hand, integrated various reference ontologies into a
uni ed and more comprehensive ontology for pro ling scholar's knowledge.

Media Representation

Features from other sources such as images, text, audio, and video are often extracted and
projected into latent spaces using Convolutional Neural Networks (CNNs) [BHBTC22] for
user modeling. These networks are well-suited to process and model unstructured multimedia
data through convolution and pooling operations [ZYST19].

For instance, in the study conducted by Hassen et al. [BHBTC22], a transfer learning
technique and an autoencoder were employed to extract the latent features of the images
representing items. This work was not the rst work that used pretrained models to represent
features at a high-level abstraction [LZE15].

Attention mechanisms are extensively employed in the eld of Natural Language Pro-
cessing (NLP), as well as in the extraction of visual features. These mechanisms are applied
to the input data to allow the predictions models to focus on the most relevant components of
the inputs [ZYST19], thereby improving the quality of predictions generated.

In that perspective, a potential strategy could involve employing two attention mecha-
nisms to extract pertinent features associated with users and multimedia items (see, for in-
stance, [LCLH19] and [CZH17]). Subsequently, this extracted information can be incorpo-
rated into, e.g., recommendation models.

Fusion

Equally important is deep fusion methods, which have been suggested as a viable approach
for modeling multiple data sources in user pro ling, as shown by Farnadi etal. [FTDCM18].
This technique is capable of integrating data from multiple sources (i.e., heterogeneous in-
formation [ZYL* 17]), such as the integration of implicit and explicit feedback [XL20],

into a uni ed representation. This integration can occur either at the decision level or at the
feature level [FPW19].

Wen and collaborators [WSLM18] proposed an effective visual background recommen-
dation for dance performances which combined textual information with visual content of
images. In addition, Xiang et al. [XYZ10] suggested a method named Injected Preference
Fusion (IPF) for combining long- and short-term user pro les in recommendation calcula-
tions.

Still in the latent space context, Matrix Factorization (MF), or more generally, Tensor
Factorization, can be used to map the user-item interactions [YDH21] in a joint latent factor
space. The resulting latent factors can then be used as features to understand and predict user
preferences for new items [ZYST19]. MF, gained wide popularity due to the Net ix Prize
Contest [BLO7], can be used for any type of feature representation [KBV09].

14
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Figure 2.4: Highlighted papers of Feature Representation.

2.2.3 Step 3—User Pro le Construction

In the literature, three main methods are commonly used for representing user pro les [ENSN19].
The rst approach involves the creation of keyword pro les, where user pro les are con-
structed as vectors consisting of pairs of concepts and their respective weights [AHX13].

Another approach, known as semantic network pro les, represents user pro les as weighted
semantic networks. In this method, each node within the network corresponds to a concept.
This approach addresses a signi cant challenge found in keyword pro les, known as poly-
semy, which refers to situations where a single word can have multiple meanings [GSCMOQ7].

Finally, concept pro les serve as a third approach to the representation of user pro les.
Analogous to semantic network pro les, concept pro les employ weighted nodes and con-
nections to depict concepts. Nonetheless, concept pro les differentiate themselves by em-
ploying these nodes to convey abstract subjects of interest to the user, as opposed to individual
words or groups of words [GSCMO07].

2.2.4 Step 4—Preference Learning

After collecting the user's information and determining how the pro le will be constructed,
weights can be calculated and associated with the user's preferences. The values of these
weights can be static or dynamic. In a later part of this article, the process of pro le dynamics
will be explored in more detail. For now, the most common [TYZZ10] preference-learning
techniques are listed below:

* Machine Learning Techniques:

— Supervised:
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» k-Nearest Neighbors (KNN)—can be used to categorize users according to

their interests. This method assesses users by measuring their similarity to
the k pro les of the closest individuals, commonly referred to as the near-
est neighbors. By analyzing proximity, KNN enables accurate and ef cient
classi cation of users based on their shared interests [BHBTC22].

Naive Bayes (NB)—this method employs the Bayes' theorem, a mathemat-
ical principle used to compute the probability of an event happening, given
prior information about the conditions associated with the event. In the con-
text of user pro ling, NB can be applied to classify unrated Web pages [AT05],
predict the web pages that are likely to capture a user's interest [IFO15], and
model user preference [BKNO7, p. 390].

Support Vector Machine (SVM)—powerful models work by nding the opti-
mal hyperplane that separates data points of different classes while maximiz-
ing the margin between them. In the literature, SVMs have been employed
to, e.g., update user pro les using positive and negative feedback [ZLXC16],
as well as to identify relevant documents for users from the Web [TYZZ10].

— Unsupervised:
* Agent-based—in a multi-agent system designed for user pro ling, various

agents collaborate and interact during different personalization phases, such
as information collection [ENSN19]. Consequently, the system can identify
hidden structures and capture the inherent complexity of user behavior.

k-Means Clustering—the method is employed to cluster data pointkinto
groups or clusters based on the distances between data points and their re-
spective cluster centroids. With this in mind, the method is particularly valu-
able for grouping users based on their characteristics, preferences, and be-
haviors, thereby generating their pro le [IFO15].

Filtering Technique

— Content-based,;

— Collaborative-based;
— Hybrid-based,;

— Rule-based.

Ontology-based,;
Neighborhood-based technique;

Statistical modeling.
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2.2.5 Step 5—Pro le Dynamics

After understanding the applications of user modeling, it is crucial to recognize that user pro-
les are not static; they evolve over time. To tackle this issue, Pro le Dynamics techniques
have been devised to accommodate the dynamic nature of users' interests and requirements.
Relying solely on static information within user pro les, often referred to as static pro les,
carries the risk of having outdated data in these pro les. Consequently, system personaliza-
tion based on such static pro les can become ineffective [HF15]. Pro le dynamics, on the
other hand, empower the system to identify both short-term and long-term alterations in user
characteristics and seamlessly incorporate them into their pro les. This ensures that the sys-
tem can provide up-to-date and pertinent personalized recommendations, thereby enhancing
user experience and system effectiveness.

The highlighted papers of this subsection are displayed in Figure 2.5.

Long-Term vs. Short-Term Interests

One way of obtaining a dynamic user pro le is by creating a user pro le, based on weights,
for the user's long-time interests—which contains user interests that tend to be more stable
over time—and another for the user's short-term interests—which represents users' current
interests that change constantly. Short-term interests are usually constrained to periods of
time, such as the previous month, week, or last session [HF15].

Several works have used this technique, making some relevant conclusions about the
functionality of long- and short-term behavior in identifying user preferences:

» [LYWKO7]- proposes a method for learning user preferences that uses independent
models for short- and long-term preference. The long-term model uses taxonomic
hierarchy while the short-term model uses the recent search history of the user. It uses
dynamization strategies based on click-history data, considering the changes that occur
in user preference.

« [BWC™ 12]- studies the interactions between long- and short-term activity, conclud-
ing that long-term interests are most helpful at the beginning of a search process. In
contrast, short-term interests are more bene cial during an extended search process.
Furthermore, combining both short- and long-term pro les gives better results than
using either alone.

» [MIM13]- proposes a preference learning algorithm that applies dynamization through
the analysis of the short-term user changes, this is, the last interaction made by the use,
and log-term data, this means, the analysis of the several interactions the user had
with the system, concluding that the combination of these two approaches makes the
adaptation faster and more robust.

« [RDS' 21]- presents a location recommendation framework, developing two separate
agents for long-and short-term interests and giving a higher priority to the short-term
agent seeing that it represents the user's current interests.
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» [DzD22]- proposes a model that makes use of both positive and negative feedback to
draw it's conclusions, it also divides itself into long- and short-term modules with the
long-term module focusing in users' long-term search logs and the short-term module
focusing on the details of the search interaction of the user's current search session.

A way to enhance the weighing technique is to add the information about the context the
user is inserted in at a given moment, making the system context-aware [¥8}Qdn other
words, the system will use this information to adapt its behavior according to the user's needs
in that given context and circumstance.

Temporal graph's visualization [TC10] was also suggested to create long- and short-
term pro les instead of focusing on preference weights at speci ¢ points in time.

Evolution vs. Recalculation

The evolution of the pro le can be obtained in two ways [MIM10, RJ15, MMI14]:

* By recalculating it after a xed period of time (e.g., every month). Given two pro les
P; and B and considering that between &d B happened R, then it can be inferred
that R caused P(more generally, P+ R= P+ 1).

» By calculating the new user pro le taking into account the previous pro les (evolution
of pro le). In this case, the following steps are taken to achieve this goal:
1. Calculate the pro les in xed intervals using, e.g., Machine Learning;
Calculate pro les by accumulated intervals $PP°= P+ 1);
Obtain information about what happened betweeand R®
Transform that information into training rules;

o s~ DN

Repeat 3) and 4) until a stable training set is obtained.

Evolutionary/Genetic Algorithms

Evolutionary algorithms are based on the concept of evolution, such as the natural selection
process, as popularized by Charles Darwin. In user pro le modeling and evolution, these
algorithms are used to nd and update users' interests by constantly applying, e.g., genetic
operators like selection, mutation, and crossover on them until an optimal solution is obtained.

El Houda et al. [EHNA19] proposed a genetic algorithm that updates the user's interests
by using their queries and current interests. In the proposed algorithm, the weight of the
gueries or interests is used to create genes, which are then used to create chromosomes.
Chromosomes are transformed by iteratively applying the genetic operators until obtaining
an optimal solution (or until the stop criteria are met).

Rana and Jain [RJ14a], on the other hand, propose an evolutionary clustering algorithm
called EVAR (Evolution VARiance clustering algorithm). In this algorithm, similar users are
grouped in clusters that are then evolved to represent their preferences accurately over time.
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Adaptation Algorithms/Rules

In this algorithm class, algorithms adapt their behavior based on the information fed to them
before they are run. Several works [MIM13,ZLXC16] propose an adaptation algorithm where
the options selected by the user are constantly analyzed to make items similar to the ones
selected rank higher and nonselected item rank lower in the future.

Marin et al. [MIM10] introduced a similar algorithm. In their algorithm, adaptation oc-
curs in two phases, namely: 1) an on-line phase where the preference is decreased for unde-
sired attributes and increased in desired attributes; 2) an off-line phase where the over-ranked
items collected over time are analyzed to nd which characteristics appear more frequently
(over a certain threshold) and then increase the preference on them.

Lépez-Jaquero and collaborators [LIMR09] developed adaptation rules and applied them
to interface development, whereas Pukkhem [Puk14] worked on a set of adaptation rules for
a system in the e-learning context.

Context Awareness

Another way to achieve dynamic user pro les is through context awareness, a technique that
presents the system with information about the context the user is inserted in (e.g., location).
A number of studies showed a successful application of context-awareness systems:

« [WHW™ 22]- proposes a method that treats the contextual information as part of the
user data, with the objective of making content-enriched models also context aware.

[SMGO06]- developed a context aware framework for automated customization of a
smart home environment with multiple devices located in different areas (contexts) of
the home.

« [MAC™* 07]- proposes a standard ontology that models user pro les, ontologies have
been proven to be very effective in the process of modeling user context.

» [SDDO08]- presents a user pro le selection method that chooses a pro le according to
the environment the user is inserted in at the moment, it also makes use of ontologies
to facilitate the modeling of the context.

» [XZZG10]- develops a method for content selection and presentation that deals with
multiple types of context information, this means, not only does it deal with the most
common xed types of context information like time, device, location, etc. it also deals
with other promising types like sensor data (e.g. temperature, ambient light and sound
levels), or output obtained from other context-reasoning systems such as user activity
recognition or mood detection.

e [RHS'13]- presents SMARTMUSEUM, a context aware ubiquitous recommender
system for tourists that recommends cultural information, on-site, according to the
tourist's needs.
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» [GXCM14]-develops a context aware personalized user modeling approach that tracks
user's digital and querying behavior to update the user preference pro le.

» [YCC™ 15]- proposes a latent class statistical mixture model, named temporal context-
aware mixture model (TCAM), this model uses information about users' intrinsic in-
terests as well as temporal context to study their social media behavior.

« [CMVGRG" 15]- presents a context-aware, knowledge-based mobile movie recom-
mendation system called RecomMetz. It's context-aware approach uses the contextual
information of location, time and crowd information, it's also partially modeled through
the implementation of a domain ontology primarily used in the recommendation pro-
cess.

Thomsen et al. [TVBO09] reiterated how systems with context awareness are a useful tool
for achieving pro le evolution and showed its use on medical professionals.

Belief Revision

The AGM belief revision model [AGM85, FH18] is a formal framework to represent the dy-
namics of the belief of a rational agent. To the best of our knowledge there are not many works
that relate belief revision with user's pro les. In particular, we can mentioned two papers:
Fermé et al. [FGD23] proposed a method, based on AGM, for creating and dynamizing
user pro les to represent and review information about users' interests. It also focuses on
de ning and enforcing the principle of consistently making minimal changes to the user pro-
le. That means ensuring that changes to users' interests do not happen abruptly and that no
signi cant changes can happen; instead, changes to the knowledge base should be slow and
steady [Lau02]. That article also proposed a way to create, represent and update user pro les
by presenting and characterizing four operators to achieve pro le dynamics through a belief
revision-inspired approach. The second paper was proposed by Lau et al. [LS12]. In that pa-
per, the authors developed a service recommendation agent based on belief revision logic to
handle the non-monotonicity problem of web service recommendation. They applied belief
revision-based reasoning to determine the most suitable context for the initial service request
based on the beliefs stored in the user's pro le. After service request reasoning, the set of
potential web services is identi ed and ranked. The highest-ranked services are considered
to be the most desirable ones that match the user's speci c interests.

2.3 Applications

User pro les are used in two main types of systems, Recommender Systems and Personal-
ized/Adaptive Systems
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Figure 2.5: Highlighted papers of Pro le Dynamics.

2.3.1 Recommender Systems

RS are systems that make use of the information provided by the user pro le on the user's
interest in a particular item (e.g., movie, song, or book) to recommend other similar items to
the user [BOHG13]. This study area emerged in the mid-1990s when researchers focused on
predicting the ratings of items the user has yet to see.

Those systems can be classi ed as CF Recommendation, Content-Based (CB) Recom-
mendation, Knowledge-Based (KB) Recommendation, and Hybrid Recommendation [AT05]
according to the Itering algorithm used.

Collaborative Filtering Recommendation

CF compares the target user to all the other users and nds similarities between them. The
users with greater similarity are then grouped in neighborhoods or clusters. The previous
ratings of these groups are analyzed to nd items that have not yet been rated by the user but
might be of interest based on the positive ratings.

This is the most widely used recommendation technique and is best suited when it is
desired to recommend items that are dif cult to describe in an objective manner, such as
movies, art pieces, or music [IFO15].

Memory-Based vs. Model-Based Methods CF can be classi ed as Model- and Memory-
based. Memory-Based methods consist of heuristics that use the information collected about
the interests stored in the user pro le to make predictions (e.g., similarity metrics to obtain the
distance between users and items). On the other hand, model-based methods use the interests'
information to ta model that will later be used to make recommendations by predicting their
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effectiveness in satisfying the user's needs [AT05, BOHG13].
Table 2.1 presents some of the most common techniques used in CF according to their
classi cation.

Table 2.1: A list of the most used CF techniques [BOHG13, AT05].
Category Techniques

Genetic Algorithms [UB02]
Fuzzy Logic [MMI14]

Neural Networks [WHW 22]
Bayesian Networks [AAO14]

II\BAacljgeecli- Linear Regression [CP09]
Probabilistic Models [SA19]
Clustering [RJ144a]
Latent Semantic Indexing (LSI) [BOHG13]
Singular Value Decomposition (SVD) [BOHG13]
Similarity Measures [SCP12]

Memory- Aggregatior_l Approache_s [TNM18]_

Based Nearest Neighbor (Cosine Correlation) [AT05]

Clustering [SCP12]
Graph Theory [ATO05]

Bene ts of Collaborative Filtering Recommendation This recommendation strategy works
well when dealing with dif cult items (such as nonobjective items) to describe because they
depend on factors like opinions. It can also make new and effective recommendations that are
not represented in the user pro le by detecting interests that the target user has yet to show
but similar users have already expressed.

Limitations of Collaborative Filtering Recommendation One of the main problems in

CF is known as the cold-start problem, which happens at the beginning of the interaction
when the system does not have enough information about the user to nd their neighbors and
make accurate recommendations [BOHG13].

Data sparsity is also a common problem because users do not like to spend time do-
ing reviews and giving feedback. As a result, a lot of information is missing from the
database [IFO15].

Due to the processing of vast amounts of data, scalability is also considered a problem,
especially when the number of users grows. MapReduce can, however, minimize this prob-
lem [CKL15].

Finally, synonymy problems (i.e., polysemy) may occur when similar items have dif-
ferent names in the database but similar meanings, being challenging to distinguish similar
items [IFO15].
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Examples of Collaborative Filtering Recommendation The following are examples of
the application of CF recommendation for real-world problems:

» [CP09]—a framework for Yahoo! News recommendation system that used CF and
was able to handle the cold-start issue by adding dynamic features to the user pro le.

[RJ14a, RJ14b]—used an evolutionary clustering algorithm to identify the groups of
similar users more accurately.

* [CKL15]—applied pairwise similarity of users based on an ontology model in a digital
library.

» [DSRO20]—used a deep learning model for extracting product features in order to
improve CF recommendation.

« [RDS" 21]—a location recommender system based on a multi-agent framework. The
authors also used long-term and short-term user behavior to make the process dynamic.

« [LPL* 16]—proposed a method called Collaborative Evolution (CE) to integrate MF
and an autoregressive vector into a uni ed learning framework where the user's la-
tent interests at every point in time are learned iteratively in a CF fashion. Then, the
evolution of these interests was modeled to further guide the learning of these latent
interests.

Content-Based Recommendation

This method analyzes past user interactions with the system, sees which items the user liked
in the past, and searches for similar ones to recommend. This kind of recommendation is
ideal for document recommendations, such as books and news.

CB systems can be classi ed into case-based reasoning and attribute-based technique.
Case-based reasoning recommends items that are most related to items the user previously
liked. On the other hand, the attribute-based technique focuses on the features of the items
liked in the past and recommends new items with those same features [TNM18].

Some of the techniques used in this kind of system are Bayesian Classi ers, Clustering,
Decision Trees, and Arti cial Neural Networks.

Bene ts of Content-Based Recommendations These systems have the bene t of not de-
pending on the information of other users, thus relying only on the information of the target
user; to adapt their recommendations quickly; to be more private because users do not have
to share their pro le information for the system to function; to support explainable recom-
mendation since they base their recommendations on item features which facilitates explain-
ability [IFO15]
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Limitation of Content-Based Recommendation These systems suffer from content anal-
ysis limitations since they depend on the items being described accurately and extensively to
make practical and accurate recommendations.

They can also suffer from overspecialization, which happens when users get similar items
consistently and cannot discover new interests. The cold-start problem can also put into
guestion the usability of these systems [AT05].

Examples of Content-Based Recommendation The following are examples of the appli-
cation of CB recommendation for real-world problems:

« [MGA™ 15]—a recommender system that facilitates knowledge accessibility in an en-
gineering setting that bene ts from CB Itering, as well as collaborative lItering.

» [KSYF18]—a CB recommender that utilizes ontological information.

Knowledge-Based Recommendation

Makes a deep analysis of the items and uses this profound knowledge to nd ways to satisfy
speci c user needs [FFJZ06]. This deep knowledge is sometimes accomplished by the use of
ontologies to represent it because they can be used to describe objects semantically without
the restraints from other models, as databases have [CMVGBRGNM18].

Bene ts of Knowledge-Based Recommendation This kind of system has an advantage
over CF and CB systems. More speci cally, they do not suffer from problems that stem from
new users and new items (e.g., cold-start problem) or rating sparsity problems because they
make use of the deep knowledge acquired on the items to calculate recommendations [AT05,
TNM18].

Limitations of Knowledge-Based Recommendation Some limitations of KB systems are

the need for an understanding and knowledge of engineering skills [TNM18] and the need
for deep knowledge acquisition of the problem at hand. For this reason, the majority of these
kinds of systems are developed for areas where domain knowledge is easily available [ATO5].

Examples of Knowledge-Based RecommendationThe following are examples of the ap-
plication of KB recommendation for real-world problems:

[FFJZ06]—a KB recommender called CWAdvisor developed for two use cases: A
digital camera adviser and a nancial service adviser.

[CC12]—presents a study of KB systems that make use of semantic relationships
between items to increase performance, describing different methods to create seman-
tically enhanced models.

[RHS' 13]—a recommender for tourism sites, such as museums.

[CMVGRG" 15]—a KB context-aware recommender for movie show times.
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Hybrid Approaches

It combines the other types of recommendation intending to overcome the problems of one
of the techniques by using the strengths of another, and as a result, get more effective re-
sults [IFO15].

Explanations

Explanations on RS are techniques used to explain to the user why they were recommended
something. The literature [TMO07] describes seven bene ts of explanations, these are:

» Transparency—Show the user how the system chose the recommended item.

» Scrutability—Give the user the ability to correct the system in the case of an ineffective
recommendation (e.g., not interested button).

» Trust—Measure how much the user trusts the system, which can be achieved by ques-
tionnaires or by analyzing customer loyalty and sales numbers.

» Persuasiveness—ADbility of the system to convince the user to choose an item one
would typically not be interested in.

 Effectiveness—Help users to make the correct decision according to their preferences.
Additionally, the level of satisfaction with the item before and after the purchase can
be analyzed to see if it really was a good t for the user.

» Ef ciency—The user should be able to use the system and select recommendations
quickly. This item can be measured by seeing how much the user took to complete a
task

» Satisfaction—Aims to increase the users' satisfaction with their choices and with the
system.

The following are examples of systems that make use of explanations:

* [YDH21]—a General Knowledge Enhanced Framework for Explainable Sequential
Recommendation (GFE) to capture user's ne-grained preferences and evolution of
dynamic preferences. Additionally, the system can offer explanations from the points
of view of macrocosm and microcosm.

» [THHK21]—a User-Centric Path Reasoning (UCPR) network (UCPR), which created
a framework that enables explainable recommendations by guiding the search from the
aspect of the user demand, increasing explanation diversity.

» [CLS"21]—a Temporal Meta-path Guided Explainable Recommendation (TMER)
that sequentially models dynamic user-item interaction evolution on a dynamic knowl-
edge graph to obtain explainable recommendations.
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2.3.2 Personalized/Adaptive Systems

Systems that use the information on user pro les to customize their interface and behavior
according to the user's needs and preferences. It aims to provide personalized content by
Itering content that the user is not interested in and showing items that the user will be more
interested in rst. Other changes may also include changing, e.g., the font size and style
according to user preference [Brol16].

According to [FP06] personalization is composed of three dimensions:

* What is personalized- this could be the content of the information presented, how it is
presented, the channel of information through which the information is delivered and
the functionality of the system itself.

 Target of the personalization— this could be a determined category of users (e.g. people
with pets, families with little children, etc.) or a speci c individual.

* Who does the personalization— this refers to the degree in which the personalization
process is automated, when the user participates actively in the process by giving infor-
mation to the system to guide the adaptation it's called explicit personalization, mean-
while, if the system does the whole process automatically it's called implicit personal-
ization.

Personalized Search

* [Mou97]—presents a system named Amalthaea, which offers personalized search ser-
vices through personalized information Itering.

* [AAO14]—develops a way of modelling and representing long and short-term user
pro les for personalized search based on dynamic bayesian networks.

» [HF15]—proposes a personalized multi-agent search system that models its dynamic
user pro les by using the web pages visited by the user to model the long and short-
term user interests.

e-learning area

* [LNNHO9]—proposes a generic model for providing personalized learning resources
and services to students for blended learning.

» [RLO8]—presents an Ontology-Based User Modelling framework that will be tested
in the context of a Semantic Learning Portal where user modelling is a key aspect for
these kind of systems.

« [LNN™10]—describes the different applications of user pro les in various adaptive
systems, speci cally Adaptive Instructional Systems with the objective of improving
them so they can be used in a blended-learning environment.
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It is important to note that most articles use the term personalized and adaptive systems
interchangeably [LNN10]. However, the main difference between personalized and adap-
tive systems is the fact that adaptive systems take into account the evolution of the user pro le
over time. In other words, they make use of pro le dynamics.

2.4 Conclusions

This article has set forth the state of the art of user pro ling and its dynamics. Also, it explains
what a user pro le is, describes the process of constructing a user pro le, and exposes the
various ways that it can be used, so the information stored in the user pro le changes with the
interests and belief of the user, making the pro le dynamic. It also de nes and exempli es
RS and Personalized/Adaptive Systems where user pro les are of utmost importance to their
performance.

The word cloud depicted in Figure 2.6 was generated based on the corpus of extracted
papers. This visual representation illustrates the terms most commonly employed for user
pro ling. The size of each word in the word cloud is directly proportional to the frequency
with which it appears in the extracted papers.

As depicted in the gure, the terms “recommendation” and “recommendation systems”
are frequently utilized within the domain of user pro ling, implying that this particular system
serves as the principal application of user pro ling. Inside the topic of recommendation
systems, a portion of the existing literature proposes methodologies for recommendations
that dynamically adapt to the contextual environment in which the user is inserted.

Furthermore, the most relevant information for constructing a user pro le is, as per the
extracted literature, the user's interests and preferences. This information can then be rep-
resented in the user pro le as ontologies, encapsulating knowledge about the relationships
among various features.

Figure 2.6: Word cloud showing the most frequently used terms in the extracted papers.
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Chapter 3

Implementation

The primary objective of this dissertation was to formulate an algorithm for the dynamic
creation of user pro les. This algorithm was constructed using Python on the Visual Studio
Code platform. This chapter elucidates the developmental trajectory of the algorithm, unveil-
ing the devised architecture for the kb. It delineates the components and relationships of this
architecture.

Subsequently, the algorithmic structure is expounded, elaborating on the principal mod-
ules and their associated sub-modules. It provides insights into their components, objectives,
and internal mechanisms. Lastly, the use cases in which this dissertation's framework will be
applied are explicated. Instances of the kb structure for each of these scenarios are presented,
accompanied by explanations of the roles ful lled by various nodes within the kb for each
distinct application.

3.1 Tools used

This section presents an overview of the tools employed in the project's implementation. A
concise introduction to each tool will be provided, outlining its purpose and functionalities.
Furthermore, the rationale behind the selection of these speci c tools will be presented.

Python

Python, introduced by Guido van Rossum in the late 1980s, is a high-level programming lan-
guage with broad applicability across various domains. Its general-purpose nature enhances
its versatility, appealing to developers from diverse backgrounds. The language places em-
phasis on simplicity and readability, ensuring ease of learning. Furthermore, Python boasts
a rich collection of libraries and frameworks, catering to a wide range of requirements. Its
extensive user community ensures robust support, aiding programmers in overcoming chal-
lenges effectively [Ven03].

The decision to utilize Python for the implementation of the user pro ling algorithm is
grounded in its extensive repository of open-source libraries. These libraries play a pivotal
role in simplifying the complex data analysis and processing tasks necessary for this project.
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Python's adeptness in scalable data processing solutions enables it to ef ciently manage sub-
stantial volumes of data, rendering certain Big Data operations feasible within reasonable
timeframes. Python's ef ciency in dealing with Big Data is underscored by its capacity

to yield comparable outcomes with fewer lines of code when juxtaposed with alternative
programming languages. Furthermore, Python boasts a diverse assortment of communities
comprising individuals hailing from varied backgrounds and elds of expertise. This multi-
plicity of perspectives and varying levels of experience within these communities fosters the
exchange of knowledge and new ideas [RPN20].

Main libraries

There are many libraries that were used in the development of this algorithm, the most notable
where NumPy, pandas and scikit-Learn.

NumPy is a Python library that nds application in scienti c computing. It introduces a
multidimensional array object known agarray. These arrays serve as a swift and ef cient
medium for storing, manipulating, and transporting numerical data. Additionally, NumPy
furnishes functionalities that facilitate mathematical operations involving arrays, along with
enabling internal computations among the elements of an array. This capability streamlines
and expedites array processing within Python through the utilization of this library. NumPy
also presents an array of linear algebra operations, Fourier transform functions, and the ca-
pacity to generate random numbers [McK12].

pandas is a library that offers users a collection of robust data structures along with func-
tions aimed at simplifying the manipulation of structured data. This library streamlines the
process of working with structured data by enhancing speed, ease, and expressiveness.lt
stands out because it combines NumPy's array processing capabilities with the adaptable data
manipulation functions akin to those present in spreadsheets and relational databases such as
SQL. Moreover, pandas introduces an advanced indexing functionality, which facilitates the
execution of data-related operations like slicing, aggregations, dicing, and the selection of
data subsets [McK12].

Scikit-Learn is a library utilized for the implementation of diverse machine learning algo-
rithms. It has been designed for individuals who are not necessarily specialized in software
development but require the capability to execute statistical data analysis tasks. Consequently,
the library prioritizes user-friendliness, performance, robust documentation, and consistent
APIs. It is distributed under the BSD license, enabling its integration in both academic and
commercial environments [PVA1].

3.2 Development phase

During the initial phases of the project, the KBAI-SE team established what would be the
structure of the kb, it was determined that it would be comprised of ve main components:
Customer, Interest, Item, Variable and Characteristic.

The Customer would be de ned as each of the individual users interacting with the sys-
tem, their demographic information would be recorded enable the creation of demographic
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clusters, aiding in inferring information about their preferences. Furthermore, data pertaining
to the level of preference Customers held for Interests and Items would also be stored.

The Interests would constitute of a set of categories for which Customers could exhibit
varying degrees of interest, or which could be employed to categorize Iltems. These cate-
gories would be organized hierarchically into supercategories and subcategories. Notably,
certain interests would be interconnected by speci ¢ degrees of similarity. To represent this
af nity, a numerical value between 0 and 1 would be designated, with values exceeding 0.75
denoting a signi cant similarity. Figure 3.1 represents an example of the interest pro le of a
customer with the hierarchies and af nities represented as well as the preference weights of
the customer associated to each interest.

Figure 3.1: Example of an interest pro le

The Items would encompass all of the objects that could be recommended to Customers.
They would be categorized by establishing relationships with the Interests. Similarly to the
interests, Items also can be interconnected by speci ¢ degrees of af nity, represented by a
numerical value between 0 and 1 would be designated, with values exceeding 0.75 denoting
a signi cant similarity. It also imposes speci ¢ conditions for recommending an Item to a
Customer by establishing relationships with Characteristics. Figure 3.2 represents an example
of the item pro le of a customer with the af nities represented as well as the preference
weights of the customer associated to each item.

The Variables would represent all of the factors capable of in uencing a given session,
such as weather for tourism activity recommendations.

The Characteristics would encapsulate the conditions that have to be met for a user to be
suggested a particular Item.

Afterwards, the KBAI-SE team established fundamental requisites for the user pro ling
algorithm.

Firstly, the algorithm needed to operate inconspicuously, gathering user information in the
background, while also offering users the option to manually input data through a graphical
interface.
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Figure 3.2: Example of an item pro le

One of the system's functions would involve recommending Items to Customers based
on their level of preference for Interests and Items as well as what their speci ¢ queries to
the system and the prevailing context. To achieve this, adjustments to customer preferences
would be necessary and items would have to be lItered according to the session context ,
utilizing the information from associated Variables. Items would also need to be Itered
based on the customer's characteristics as well as interests and items vetoed by the users. It
was decided that vetoes would be represented by the value of -1.

The representation of items and their corresponding interests was determined using an
array composed of zeros and ones. In this representation, if an item is linked to a specic
interest, it would be denoted by the value one; conversely, if the item lacks an association
with the interest, it would be indicated by the value zero. On the other hand, the user's interest
pro le was envisaged to possess values ranging from 0 to 1, while a value of -1 would signify
a veto associated with each of the potential interests, as depicted in g. 3.3.

After the ltration stage, it was determined that item recommendations would rely on their
congruence with the user's preference pro le. This alignment would be determined by calcu-
lating the proximity between the user's preference pro le and the categories associated with
the items. As a result, items that exhibit the highest similarity to the user's preference pro le
would be recommended rst, while those with the lowest similarity would be recommended
last.

Recognizing the dynamic nature of user interests and preferences, it was imperative for
the system to adapt alongside users. Consequently, the team identi ed that historical user
interactions, such as previous search sessions, chosen items, and provided feedback, would
play a pivotal role in determining shifts in user interests. To address this, the team devised
a periodic analysis of user sessions, along with the items suggested and selected in each
session. Of particular signi cance was assessing whether the user's selections aligned with
the top-recommended items for a given session. If a user chose an item that was suggested in
a subsequent position, this incongruity would alert the system to potential disparities between
the user's pro le and their genuine preferences.

To uncover the cause of such disparities, the team devised a comparative analysis of the
selected item's categories against those of the rst-recommended item. This analysis sought
to identify differences in category composition between the two items. The algorithm would
document the characteristics unique to the selected item and absent in the rst-recommended
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Figure 3.3: Recommendation process example

item, subsequently elevating the values of those corresponding categories. Conversely, the
algorithm would decrease the values of categories found in the rst-recommended item but
absent in the selected item. This process aimed to rectify discrepancies and better align the
user pro le with their actual preferences ( g. 3.4).

Figure 3.4: Over-ranked items example

The user pro ling algorithm is designed to interact collaboratively with several other
modules within the project. These modules encompass the chatbot, the kb API, the system's
graphical interface, and the aggregation module.

The process of collecting both the user's demographic information and session-related
data occurs through the chatbot. As users engage with the chatbot, their interactions generate
information that is then transmitted to the user pro ling algorithm via the kb API. Addition-
ally, users have the option to interact with the system's graphical interface to modify their
demographic details and preference settings stored within their pro le.
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Concurrently, the aggregation module undertakes the task of forming user groups and ag-
gregating their respective preferences. The resultant aggregated preferences are subsequently
transmitted to the user pro ling algorithm via the kb API. This facilitates the algorithm's
capability to provide recommendations tailored to the preferences of aggregated groups.

3.3 General structure

The primary output of the KBAI-SE project is the Knowledge Base, a repository where all
project-related information is stored and processed, serving as a resource for other modules
within the project. To facilitate the development of the kb, the necessity for a comprehensive
knowledge ontology structure emerged. However, due to con dentiality reasons, the ontology
and its accompanying description cannot be provided.

3.4 Use cases

This dissertation will be applied to three distinct use cases. The initial scenario involves
recommending tourism activities to users predicated on their geographic location and speci ¢
interests, encompassing nature-oriented activities like kayaking and hiking, entertainment-
based options such as museums and amusement parks, and noteworthy events like concerts.

The second application pertains to the recommendation of news articles aligned with
users' preferences for speci ¢ news categories such as business, entertainment, environment,
science, and more.

The third utilization scenario centers on suggesting project tasks to team members con-
tingent on their current workload and expertise.

3.4.1 Tourism

This project works on a case study in the tourism domain, where customers are represented
as tourists. The interests of the tourists can be classi ed into two types: categories of tourism
activities and locations of places. The items in this context refer to speci ¢ tourism activities.

The characteristics of the tourists include their physical ability or capacity required to
engage in an activity, their age group, and whether the activity aligns with their budgetary
constraints.

The variables that in uence the tourism experience are the weather conditions, which can
impact the interests positively or negatively, and the occurrence of an injury, which negatively
affects the tourist's physical ability.

In the example of a tourism session, the tourist initially queries about the weather con-
ditions. After receiving the response from the kb, the tourist proceeds with a second query
seeking recommendations for activities to do the following day. The system then suggests
activities based on the variable of the query, taking into account the speci ¢ circumstances of
the tourist.
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Additionally, there's contextual client-to-self connection, representing a group of users
who wish to plan their activities together.

3.4.2 News

A case study in the eld of news was also studied, where the clients are represented as readers.
The interests of the readers can be classi ed into two types: categories of news and the
newspapers where the news is published. The items, in this context, refer to individual news
articles.

The features associated with the readers include the languages in which they comprehend
news or the language in which the news articles are written.

The variables that in uence the news experience encompass events that increase the pop-
ularity of certain news categories (e.g., the Miss Universe pageant making fashion news more
popular) and the recent view count of a particular news item (click-through rate).

In this case study, a group of users could be utilized, for instance, to create a regular
newsletter that consolidates the interests of the target users, providing them with curated
news content tailored to their preferences.

3.4.3 Project Management

Finally, a case study in the eld of project management was developed, where the clients are
represented as members of a company. The interests of the clients can be classi ed into two
types: task categories and projects. The items in this context refer to the speci ¢ tasks that
need to be accomplished within the projects.

The characteristics associated with the clients are the knowledge capabilities required to
perform the tasks effectively. The variables in this case study are de ned by the priority level
assigned to each task, indicating its relative importance or urgency.

A group of users in this scenario would represent a team within the company. The ag-
gregation engine, or recommendation system, would then suggest the tasks that align with
the abilities and expertise of the group members. This helps ensure that the tasks assigned
to the team are suitable for their skill set, increasing ef ciency and productivity in project
execution.

3.5 System structure

The system is structured around four primary modules, represented in g. 3.5:

» The rst module, referred to as the Explicit Collection Module, enables users to man-
ually furnish the system with information regarding their interests and preferences
through the system'’s interface.

* The second module, known as the Implicit Collection Module, operates in the back-
ground, gathering information on users' preferences through their interactions with the
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Figure 3.5: System structure

system. This is achieved using a set of algorithms developed in this dissertation, the
demographic clustering algorithm and the propagation function.

* The third module, the Recommendation Module, is tasked with the selection of items
that closely match a user's preferences within a particular session. This selection pro-
cess takes into account both the session's context and the speci ¢ queries posed by the
user to the system. Importantly, users will have the option to provide feedback on the
list of recommendations. This feedback mechanism facilitates the automatic update of
their preference values within the user pro le.

» The fourth module, referred to as the Dynamization Module, is designed to progres-
sively modify the user's preference levels over time. This dynamic adjustment is exe-
cuted by analyzing the user's historical interactions with the system and evaluating past
recommendation sessions. Such evaluation includes considering the feedback provided
by the user in response to speci c recommendation sessions.

In the subsequent sections, a comprehensive exploration of each module will be con-
ducted, providing an intricate description of their respective functionalities and components.
Additionally, the rationale behind the design and development of each module will be eluci-
dated, drawing from the insights garnered through the research conducted in the State-of-the-
Art chapter.
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3.5.1 Explicit Collection Module

In this phase, the objective is to gather the level of preference values expressed by a customer
towards a speci c interest or item. These values are collected through graphical interactions
within the platform and are used to construct the explicit user pro le [IFO15]. Whenever the
customer modi es a value within the platform, these preference values are updated accord-
ingly.

The graphical platform consists of four buttons, arranged from left to right, as depicted in
Figure 3.6. The functionality of each button is as follows:

1. Veto button: This button assigns an explicit value of -1, indicating strong disapproval
or rejection of the interest or item.

2. Dislike button: This button assigns an explicit value of 0.25, indicating a moderate
level of dislike towards the interest or item.

3. Like button: This button assigns an explicit value of 0.65, indicating a moderate level
of liking or preference towards the interest or item.

4. Love button: This button assigns an explicit value of 0.9, indicating a strong affection
or preference towards the interest or item.

By utilizing these buttons, customers can easily express their level of preference, allowing
the system to gather valuable information for constructing their explicit user pro le.

Figure 3.6: Explicit collection platform
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3.5.2 Implicit Collection Module

The implicit preference values of the customer towards an interest or item will be inferred by
the use of a propagation function and demographic clustering.

Propagation module The propagation module for the interests, located in thediula-

tor.py, is responsible for propagating explicit values collected in the previous phase to parent
interests, sub-interests, and af nity interests. This module is utilized whenever a customer
modi es the explicit value of an interest in the graphical platform:

* Listing A.1 receives the customer pro le, the ID of the interest whose weight will be
modi ed (Inty) and the new weight value, afterwards, it updates the explicit weight of
Intm (Ewm) to the new value while preserving the original value ggyhar)-

» The implicit weight of Inf, (Iwyy,) is then modi ed according to the following propaga-
tion steps (listing A.2):

— If lwy is zero, it's value is updated to be the same as the explicit interegtIw
Ewn).
— If lw is not O then Iw, is set to the mean betweenjvand Ew, (listing A.3).

* Listing A.4 modi es the implicit weights of each parent and child interest of,Int
(Inty=) based on the following rules:

— If both the explicit weight (Ew) and implicit weight (Iw,.) of Int,-; are zero,
IW = IS set to Ew,

— If Ew = is not zero and Iy is zero, Iw,— is determined as the mean between
Ewp=c and Ewy, (listing A.3).

— If Iw ¢ is not zero, Iv— is adjusted as the mean betweenwand Ewy, (list-
ing A.3).

* Listing A.5 modi es the implicit weights of each af nity interest of IQt(Int;) accord-
ing to the following guidelines:

— If the af nity weight (Aff ) is greater than 0.75, the implicit weight of irniw,)
is modi ed.

— The new value of lwis calculated as follows: min[(Ex# ((EWm - EWoriginal) *Aff w))
, EWn)

Similarly, the propagation module for items in tbalculator.py le employs explicit val-
ues for the items and propagates them to the implicit weight value:

* Listing A.6 receives the customer pro le, the ID of the item whose weight will be
modi ed(Itemy,) and the new weight value. It updates the explicit weight of fem
(Ewn) to the new value while saving the original value (&ghal)-
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Listing A.2 function modi es the implicit weight of Item (Iwy,) based on the following
steps:

— If lwy, is zero, it's value will be updated to be the same as the explicit interest
(Iwm = Ewp).

— If lw y is not zero, Iw, is set as the mean between&nd Ew,,.

Demographic clustering module The demographic clustering technique is utilized to es-
timate preference values based on the average preferences of the demographic cluster asso-
ciated with each user. The following paragraphs describe the clustering module based on the
method described in article [Kru97], which is located in theclestering.py

To establish a demographic data set for each use case, listing A.7 requires a label
list containing the names of the labels to be used (options include: "Age," "Gender,"
"Country residence," "Education status," "Occupation”). These label values are then
encoded and normalized to ensure the algorithm interprets the features consistently
(listing A.8, listing A.9).

To identify the demographic clusters, the k-means clustering method is employed,
where the value of k corresponds to the desired number of demographic clusters. This
unsupervised machine learning clustering algorithm groups data points into clusters
based on similarities within the feature set. As stated in [MVC14], k-means clustering
is widely used for this type of analysis.

The k-means function (listing A.10) receives the desired number of clustgsdd,
the number of times the algorithm will be run with different centroid seegg)(and
the demographic data set. Finally, it assigns a cluster number to each user.

Once each user is assigned to a cluster, preference levels can be inferred from their
comprehensive prole. This is achieved by calculating the average preference level
for each interest category across all users assigned to each cluster (listing A.11, list-
ing A.12).

If a user has a missing implicit value for a speci c interest category, that value is lled
with the mean interest value of the corresponding cluster (listing A.13).

3.5.3 Recommendation Module

The recommender module, located in the recommender.pyutilizes the user pro le and
session variable information to provide item recommendations to the user. The items are
Itered based on the user pro le and the session variable, making this recommender context
aware similarly to the one described in article [XZZG10]. The resulting list of recommenda-
tions is subject to user feedback, which is saved in the session information. If a user vetoes
an item, this information is updated.

The recommendation process follows these steps:

38



3.5. SYSTEM STRUCTURE

* Listing B.1 receives the session information, customer pro le, a list of items to be
recommended, an array containing all the interest categories, and the desired number
of recommendations (n).

» The customer pro le is modi ed based on the session variable (listing B.2):

— The user's characteristics are adjusted according to the session variable (list-
ing B.3). For example, if the user has the characteristic "Physically Active" with
a value of 3 (High), and the session has a variable of "Injury" with a weight of
-2 on "Physically Active," then the user's characteristic for this session will be
"Physically Active" with a value of 1 (Low).

— The user's preference weights for interests (listing B.4) and items (listing B.5) are
also modi ed based on the session variable. If the interest/item has an explicit
weight, it is adjusted by adding the variable weight to it. Otherwise, the implicit
weight is modi ed.

» The item dataset is Itered based on the modi ed user pro le (listing B.6):

— Items are ltered based on the user's characteristics (listing B.7). For example,
a user with the "Physically Active" characteristic equal to 1 will have all items
Itered that have a "Physically Active" characteristic greater than 1.

— Items associated with vetoed interests are Itered (listing B.8). This includes
items with associated interests with an explicit or implicit weight of -1.

— Vetoed items are also Itered (listing B.9). This includes items where the cus-
tomer pro le has an explicit or implicit weight of -1 for the item.

» The distance between the Itered items and the user pro le is measured through list-
ing B.10, and the recommender returns the n closest items to the customer pro le (list-
ing B.11, listing B.12).

3.5.4 Dynamization Module

The dynamization module, located in the talculator.py utilizes information from pre-
vious sessions to gradually modify pro le preference values through the periodic analysis
of feedback collected during recommendation sessions, similarly to what is described in ar-
ticle [FGD' 23]. Interests that require an increase or decrease in weight are identi ed and
adjusted based on the following set of rules:

* Listing C.1 receives the session array, customer pro le, interest categories, the number
of positions that an item must go upy@) and down (Qown) after analyzing the user
feedback (i.e. if gp is equal to two then the difference between the recommended
position and the nal position of the item in the session has to be greater than two for
the item to be analyzed) and nally the date indicating when the sessions should start
being analyzed (i.e. if the date is 25/01/2023 then only the sessions that occurred after
that date will be analyzed).
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» For each session, the recommended iter)safle analyzed (listing C.2):

— If the difference between the recommended position and the nal position is
greater than g, the rst recommended itemy) is saved, and all interests asso-
ciated to ) are analyzed. For each interest category:4ntthe following condi-
tions are checked (listing C.3):

* |f Intca IS Not associated with4 but is associated with, ] the implicit interest
value of Intg is saved in an array (Agp) to track interests whose value will
increase.

* If Intcq IS associated withy{ but not with |,, the implicit interest value of
Intcy: IS saved in an array (Agbwn to track interests whose value will de-
crease.

— If the difference between the recommended position and the nal position is less
than nyown the rst item chosen by the userifl) is saved, and all interests as-
sociated with | are analyzed. For each interest category.ginthe following
conditions are checked (listing C.3):

* If Intcqt IS not associated with{ but is associated with, ) the implicit interest
value of Inty will be saved in an array (Ag§ewr) With all the Int4 to track
interests whose value will decrease.

* If Intcqe IS associated withsl but not with |, then the implicit interest value
of Intcy Will be saved in an array (Agp) to track interests whose value will
increase.

» The mean number of positions (g3 that an Ings: moved up or down when associated
with an item is saved (listing C.4).

 The frequency of occurrence of each interest category ipyAamd Arigown (fredy,,) is
calculated and saved (listing C.4).

» The implicit value of each Igk; (Iwcat) is calculated by adding or subtracting (depend-
ing on whether the category is in Al or Arrgown respectively) the result of: Iy *
(Mpos + freagy,,)/100 (listing C.5)

Figure 3.7 shows an example of the dynamization module being applied on three interest
categories, it shows that, when the module is applied on a category, the changes it applies on
it's values are small, this occurs to ensure that it's aligned with Belief Revision principles and
that no abrupt changes are made.
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3.5. SYSTEM STRUCTURE

Figure 3.7: Dynamization module example
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Chapter 4

Conclusions and Future Work

The dissertation was initiated by introducing the KBAI-SE project, elucidating its concep-
tual underpinnings, objectives, and overarching framework. Subsequently, it delved into the
delineation of the project's speci ¢ scope relevant to this dissertation. This pertained to the
formulation and management of user pro les intended for utilization within the KBAI-SE
knowledge base. Notably, the challenges and complexities inherent in the process of user
modeling were underscored. This was driven by the imperative to adeptly tailor information
recommendations to users based on their distinct interests and requirements.

Furthermore, the dissertation offered an initial blueprint for the user modeling procedure.
It illuminated the practical contexts in which the project would be situated, concurrently elu-
cidating the preliminary stages mapped out for the construction of the user pro le algorithm.
This algorithm would be elaborated upon in subsequent chapters.

It followed with the review of the current state-of-the-art in the realm of user pro ling
techniques and their dynamics. It compiled a comprehensive collection of various potential
techniques employed for constructing user pro les. This encompassed methodologies for
gathering user-related data, extracting user features, depicting user preference levels, and
discerning alterations in user preferences over time.

Moreover, it also elucidated the diversity of systems where user pro les nd utility. This
presentation encompassed an exposition of the distinct categories of systems that employ user
pro les, while also highlighting the strengths and weaknesses associated with each category.

Finally, the dissertation showcases the execution of the user pro ling algorithm devised
within this project. It outlines the fundamental architecture of the kb, expounding upon the
diverse nodes constituting its framework, alongside their mutual interconnections. The sys-
tem's structural dynamics are explicated, with particular attention directed towards the elu-
cidation of its core components - four primary modules - as well as their respective sub-
modules. Each module's distinct role and functionalities are meticulously delineated.

Moreover, the dissertation encompasses an exposition of three real-world application sce-
narios that the project is poised to engage with. These scenarios are thoroughly detailed,
replete with illustrative examples embedded within the kb for each of the speci ed use cases.
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4.1. MAIN CONTRIBUTIONS

4.1 Main contributions

The article forming the foundation of the state-of-the-art in this dissertation outlined the es-
sential stages for constructing a user pro le. Additionally, it introduced a novel approach to
categorize the diverse techniques employed within each stage to model user pro les. It also
comprehensively gathered various methods used for incorporating pro le dynamics. The end
result was a meticulous portrayal of the dynamic user pro ling process, delineating the nec-
essary phases for constructing a user pro le and ensuring its adaptability to user evolution.

Furthermore, it devised a dynamic user pro ling algorithm founded on Belief Revision
principles. This algorithm possesses the capacity to deduce user preferences from user inter-
actions with the system, coupled with explicitly provided information. Moreover, it exhibits
the capability to identify shifts in user interests over time and progressively adjust the user
preference pro le to accurately mirror these shifts.

4.2 Future work

To continue this work, several proposed steps are recommended. Firstly, it is suggested to
conduct comprehensive ef ciency tests on the user pro ling algorithm. Additionally, exper-
imentation with alternative algorithms should be undertaken to determine if there are more
effective approaches for inferring preferences and detecting changes in user interests. This
entails a thorough comparison of various algorithms, leading to the identi cation of the most
ef cient one.

Moreover, the exploration of alternative user pro ling techniques, such as machine learning-
based or ontology-based methods, is advised. This exploration should involve a meticulous
analysis of the advantages and limitations of each technique, leading to the selection of the
most promising approaches.

Finally, a more profound investigation into the various user pro ling techniques for pref-
erence learning that were outlined in the state-of-the-art should be conducted. This involves a
detailed examination of these techniques, elaborating on their strengths and weaknesses. Fur-
thermore, providing examples of user pro ling systems that utilize these techniques would
contribute to a more comprehensive understanding of their real-world applications.
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Appendix A

Implicit Collection Module

A.1 Propagation module

Listing A.1: Propagation function for interests

def propagation_interest_module(customer: Customer, modi ed_id, nal):
modi ed= nd_in_dictionary(customer.interests, modi ed_id)
original= modi ed["explicit_weight"]
modi ed["explicit_weight"] = nal
do_propagation_operation(modi ed)
propagate_interests(modi ed, customer.interests, original)
return customer

Listing A.2: Modify value of implicit weight of target interest
defdo_propagation_operatiastfject):
if object['implicit_weight] == 0:
object['implicit_weight'] = copy.copy(bject['explicit_weight'])
elif object['implicit_weight'] I= 0:
object['implicit_weight'] = do_algorithm(@bject['implicit_weight1,
object['explicit_weight)

Listing A.3: Calculate mean between two values

defdo_algorithm(valuel, value2):
values = [valuel, value2]
result = statistics.mean(values)
return round (result, 2)

Listing A.4: Modify value of implicit weight of parent and child interests of target interest

defdo_parent_child_propagation_operation(interest_main, interest):
if interest['explicit_weight'] == Oand interest['implicit_weight’] == 0:
interest['implicit_weight'] = copy.copy(interest_main['explicit_weight'])
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elif interest['explicit_weight'] != Oand interest['implicit_weight'] == O:
interest['implicit_weight'] = copy.copy(interest['explicit_weight'])
interest['implicit_weight'] =
do_algorithm(interest['implicit_weight1,
interest_main['explicit_weight')

elif interest['implicit_weight] = 0:
interest['implicit_weight'] =
do_algorithm(interest['implicit_weight,
interest_main['explicit_weight'])

Listing A.5: Modify implicit weights of af nity interests
def af nity_algorithm(main_original, main_ nal, af nity_original, weight):
operation = af nity_original + ((main_ nal main_originalweight)
values = [operation, main_ nal]

result =min(values)
return round (result, 2)

Listing A.6: Update explicit and implicit weight of the item

def propagation_item_module(customer:Customer, modi ed_id, nal):
modi ed= nd_in_dictionary(customer.items, modi ed_id)
modi ed["explicit_weight"] = nal
do_propagation_operation(modi ed)
return customer
return round (result, 2)

A.2 Demographic clustering module

Listing A.7: Create demographic clusters and infer preference weights

def clustering_module(customer_array, interest_array, num_clusters, labels_list):
demographic_init_df = customer_data_demographic(customer_array, labels_list)

interest_categories = interest_category_adder(interest_array)
interest_df = customer_data_interests(customer_array, interest_categories)

demographic_df = encode_labels(demographic_init_df.copy(), labels_list)
normalized_dataset = normalize_values(demographic_df)
df, demographic_df, interest_df = apply_k_means(normalized_dataset,

demographic_init_df, interest_df, num_clusters)
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cluster_mean_df = get_mean_interests(interest_df)

nal_df = add_mean_weights(interest_df, cluster_mean_df)

customer_array = Il_customer_data(customer_array, interest_categories, nal_df)
return customer_array

Listing A.8: Encode labels
def encode_labels(df, labels_list):

if "Gender"in labels_list:
gender = le. t_transform(df['Gender1)
df.drop("Gender", axis=1, inplace=True)
df["Gender"] = gender

if "Country_residenceh labels_list:
country_residence = le. t_transform(df['Country_residence')
df.drop("Country_residence”, axis=1, inplace=True)
df["Country_residence"] = country_residence

if "Education_statush labels_list:
education_status = le. t_transform(df['Education_status'])
df.drop("Education_status”, axis=1, inplace=True)
df["Education_status"] = education_status

if "Occupation'in labels_list:
occupation = le. t_transform(df['Occupation’])
df.drop("Occupation”, axis=1, inplace=True)
df["Occupation"] = occupation

return df

Listing A.9: Normalize values

def normalize_values(df):
X = df.values[:,1:]
X =np.nan_to_num(X)
normalized_dataset = StandardScaler(). t_transform(X)
return normalized_dataset

Listing A.10: Use k-means to create and assign clusters

defapply_k_means(normalized_dataset, demographic_df, interest_df, num_clusters):
k_means = KMeans(n_clusters=num__clusters, n_init=12)
k_means. t(normalized_dataset)
labels = k_means.labels__
df = pd.merge(demographic_df, interest_df)
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df["Cluster_number"] = labels
demographic_df["Cluster_number"] = labels
interest_df["Cluster_number"] = labels

col_cluster = interest_df.pop("Cluster_number")
interest_df.insert(0, "Cluster_number"”, col_cluster)
col_cluster_d = demographic_df.pop("Cluster_number")
demographic_df.insert(0, "Cluster_number", col_cluster_d)
return df, demographic_df, interest_df

Listing A.11: Calculate average preference level for each category by cluster

def get_mean_interests(interest_df):
data_customer=[]
clusters = interest_df{"Cluster_number"].unique()
df = interest_df.copy()
df.drop("ID", axis=1, inplace=True)
df.drop("reference”, axis=1, inplace=True)
col_cluster = df.pop("Cluster_number")
df = df.replace(0, np.NaN)
df.insert(0, "Cluster_number", col_cluster)
for clusterin clusters:
Itered_df =df[df['Cluster_number'] == cluster]
dicts_record = ltered_df.mean(axis=0).to_dict()
dicts_record["Cluster_number"] = cluster
data_customer.append(dicts_record)
nal_df = pd.DataFrame(data_customer)
col_cluster = nal_df.pop("Cluster_number")
nal_df = nal_df.replace(np.NaN, 0)
nal_df.insert(0, "Cluster_number", col_cluster)
return nal_df

Listing A.12: Add average weights

defadd_mean_weights(interest_df, cluster_mean_df):

clusters = interest_df["Cluster_number"].copy().unique()

int_df = interest_df.copy()

int_df.drop("reference", axis=1, inplace=True)

for clusterin clusters:
Itered_int_df =int_df[int_df['Cluster_number'] == cluster]
Itered_mean_df =cluster_mean_df[cluster_mean_df['Cluster_number’]
== cluster]
column_values = ltered_int_df.columns.values.tolist()
column_values.remove('Cluster_number’)
column_values.remove('ID’)
for i in column_values:
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mean =oat ( Itered_mean_df.iloc[O][i])
Itered_int_df.loc[ Itered_int_dffi] == 0, i] = mean
int_df[int_df['Cluster_number'] == cluster] = Itered_int_df
return int_df

Listing A.13: Infer missing preference weights of customers based on the average cluster
weights

def Il_customer_data(customer_array, interest_categories, interest_df):
for customelin customer_array:
customer_row = interest_df.loc[interest_dff'ID'] == custome.
for interest_cain interest_categories:
for interest_valuen interest_cat:
for intsin customer.interests:
if ints['implicit_weight'] == 0 and ints['explicit_weight'] == 0and
ints['interest].value == interest_value:
ints['implicit_weight'] =
customer_row.loc[customer_row.index[0],interest_value]
return customer_array
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Recommendation module

Listing B.1: Recommender module

def recommender_module(session : Session, items, customer, int_categoriest): rec:
start_time = time.time()
modi ed_customer = modify_session_variables(copy.deepcopy(customer), session)
ltered_items = Itering_module(modi ed_customer, items)
item_dataset = item_data_creator( Itered_items, modi ed_customer, int_categories)
customer_dataset = customer_data_creator(modi ed_customer, int_categories)
recommendations = make_customer_recommendation(customer_dataset,
item_dataset, n_rec)
recommendation_array=return_recommendations(recommendations, Itered_items)
session = add_recommendations(session, recommendation_array, modi ed_customer)
return (session)

Listing B.2: Change values based on session context

def modify_variable(customer, variable):
for cin variable.in uence_char:
customer = modify_characteristic(customer, c)
for i in variable.in uence_int:
customer = modify_interest(customer, i)
for j in variable.in uence_item:
customer = modify_item(customer, j)
return customer

def modify_session_variables(customer, session):
for cin session.variables:
customer = modify_variable(customer, c['variable'])
return customer

Listing B.3: Modify charasteristic values based on session context
def modify_characteristic (customer, characteristic):
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for cin customer.characteristics:
if c['ID'] == characteristic['ID']:
c['characteristic'].value = c['characteristic'].value + characteristic['weight']
return customer

Listing B.4: Modify interest values based on session context

def modify_interest(customer, interest):
for i in customer.interests:
if i['ID'] == interest['ID:
if i['explicit_weight'] != 0:
i['explicit_weight'] = i['explicit_weight'] + interest['weight']
elif i['implicit_weight] = 0:
i['implicit_weight’] = i['implicit_weight'] + interest['weight]
return customer

Listing B.5: Modify item values based on session context

def modify_item (customer, item):
for i in customer.items:
if i['ID"] == item['ID']:
if i['explicit_weight'] = 0:
i['explicit_weight'] = i['explicit_weight'] + item['weight]
elif i['implicit_weight’] = 0:
i['implicit_weight'] = i['implicit_weight'] + item['weight']
return customer

Listing B.6: Filtering module

def ltering_module(customer: Customer, items):
ltered_items = lter_items_by characteristic(customer, items)
ltered_items = lter_items_by vetted_int(customer, Itered_items)
Itered_items = lter_items_by vetted_item(customer, Itered_items)
return (ltered_items)

Listing B.7: Filter items by characteristic

def lter_items_by characteristic(customer: Customer, items):
removed_items =[]
for i in items:
item__Iter = remove_item_by_characteristic(customer, i)
if item__ lter :
removed_items.append(item__ lter)
Itered_items = remove__ ltered_items(removed_items, items)
return Itered_items
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Listing B.8: Filter items by vetted interest

def lter_items_by vetted_int(customer:Customer, items):
ltered_items=items
vetted_int = get_vetted_interests(customer)
for j in items]:]:
ltered_items = remove_vetted_item_by int(j, vetted_int, Itered_items)
return ( ltered_items)

Listing B.9: Filter items by vetted item

def Iter_items_by_vetted_item(customer:Customer, items):
Itered_items=items
vetted_item = get_vetted_items(customer)
for j in items]:]:
ltered_items = remove_vetted_item(j, vetted_item, ltered_items)
return ( ltered_items)

Listing B.10: Measure distance between Itered items and user pro le

def make_customer_recommendation(customer, items, mntgc:
recommendations =[]
pro le = customer.drop(['ID", "name"], axis=1)
pro le = pro le.values
X =items.drop(['ID", "name", 'User_Preference’], axis=1)
X = X.values
distances = np.linalg.norm(X pro le, axis=1)
nearest_neighbor_ids = distances.argsort()[:n_rec]
for nin nearest_neighbor_ids:
dicts_record = {'ID": items.iloc[n]['ID"], 'name" : items.iloc[n]['name’],
'user_preference': items.iloc[n]['User_Preference']}
recommendations.append(dicts_record)
recommendations sorted(recommendations, keyambda d:
d['user_preference'], reverse=True)
return recommendations

Listing B.11: Return top recommended items

def return_recommendations(recommendations, items):
recommendation_array=[]
for i in recommendations:
recommendation_array.append( nd_by id(i['ID"], items))
return recommendation_array

Listing B.12: Add recommended items to session
defadd_recommendations(session:Session, recommendation_array, customer):
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for i in recommendation_array:
weight= nd_weight_in_customer(customer, i)
session.add_item(i, False, weight, recommendation_array.index(i),
recommendation_array.index(i))

return (session)
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Dynamization module

Listing C.1: Analyze latest user feedback to modify interest weights

defanalyze_latest_sessions(session_array, customer, interest_categories,
number_up, number_down, date):

all_up_categories=[]

all_down_categories=[]

for i in session_array:

session_date=get_date(i.timestamp)
if (session_date > date):

up_categories, down_categories = analyze session_questions(i,
customer, interest_categories,
number_up, number_down)
all_up_categories, all_down_categories =
append_all_up_down(all_up_categories, all_down_categories,
up_categories, down_categories)
remove_from_array(all_up_categories, [])
remove_from_array(all_down_categories, [])

up=count_instances(all_up_categories)

down=count_instances(all_down_categories)

apply_modif cations(up, customer.interests, "up")

apply_modif cations(down, customer.interests, "down")

return customer

Listing C.2: Analyze recommended items in each session

defanalyze_question_items(item_array, customer, interest_categories,
number_up, number_down):
all_up_categories=|]
all_down_categories=[]
rst_ recommended, rst_nal = get_rst recommended_position(item_array)
for i in item_array:
if (if'recommended_position'] i[' nal_position']) >= number_up:
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up_categories, down_categories =
get_modi ed_categories( rst_recommended, i['item’], customer,
interest_categories, 'up’)
up_categories= add_position_difference(up_categories,
(ifrecommended_position’] i[' nal_position"))
down_categories= add_position_difference(down_categories,
(ifrecommended_position] i[' nal_position"))
all_up_categories.extend(up_categories)
all_down_categories.extend(down_categories)

elif (ifrecommended_position'] i[' nal_position']) <= number_down:
up_categories, down_categories=
get_modi ed_categories( rst_ nal, i['item], customer,
interest_categories, 'down’)
up_categories= add_position_difference(up_categories,
(ifrecommended_position’] i[' nal_position"))
down_categories= add_position_difference(down_categories,
(ifrecommended_position’] i[' nal_position"))
all_up_categories.extend(up_categories)
all_down_categories.extend(down_categories)

return all_up_categories, all_down_categories

Listing C.3: Save interest categories that will be modi es

def compare_categories(item_datasgbe):
item_dataset = item_dataset.drop(["ID", "name"], axis=1)
up_categories=[]
down_categories=[]
for i in item_dataset.columns:
recommended = item_dataset.loc|[0,i]
current_item = item_dataset.loc[1,i]
ifrecommended == @nd current_item == 1):
if type =="up":
up_categories.append([i])
elif type =="down":
down_categories.append([i])
elif(recommended == &nd current_item == 0):
if type =="up":
down_categories.append([i])
elif type =="down":
up_categories.append([i])
return up_categories, down_categories

Listing C.4: Count intances of interest categories
def count_instances(array):
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new_array =[]
nal_arr=[]
mean_arr =]
for i in array:
new_array.append(i[0])
for j in new_array:
for kin array:
if kK[0] ==j:
mean_arr.append(k[1])
add = [}, statistics.mean(mean_arr), new_array.count(j)]
if addnot in nal_arr:
nal_arr.append(add)
mean_arr=[]
return ( nal_arr)

Listing C.5: Dynamization algorithm

def dynamization_algorithm(interest, mean_pos, frequetypg):

initial_value = interest["explicit_weight"]
if type =="up":

res = initial_value + (initial_value (mean_pos+frequency)/100)
elif type =="down":

res = initial_value (initial_valuex (mean_pos+frequency)/100)
interest["implicit_weight"] = res
return interest
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Article database

D.1 Exceltable

66






7RZDUG * “RXU QD@ ((( 5HFRPPHKLY SDSHU SUHVHQWY DQ RYHUYLHZ RI WKH ILHOG RI UHFRPPHQ
WKH 1H[W |$GRRDUWLFOH 7UDQVDFOHR |[FXUUHQW JHQHUDWLRQ RI UHFRPPHQGDWLRQ PHWKRGYV WKDW DU
*HQHUI YLFLXV QV RQ [6\WWHPWKUHH PDLQ FDWHJRULHY FRQWHQW EDVHG FROODERUDWLYH D
RI $ .QRZOH&ROODERUDWL
SHFRPPH [7X]KLOL H DQG|YH 7KLV SDSHU DOVR GHVFULEHV YDULRXV OLPLWDWLRQV RI FXUUHC
QGHU Q 'DWD |[ILOWHUGQVUFXVVHV SRVVLEOH H[WHQVLRQV WKDW FDQ LPSURYH UHFRPPH
6\WWHRV (QILQHEBEQWHQWFRPPHQGHU VIVWHPV DSSOLFDEOH WR DQ HYHQ EURDGHU UDQJ
$7 |$ 6XUYH\ J EDVHG
Rl WKH ILOWHULKHVH HIWHQVLRQV LQFOXGH DPRQJ RWKHUV DQ LPSURYHPHQW
6WDWH| RI +\EULGLWHPV LQFRUSRUDWLRQ RI WKH FRQWH[WXDO LQIRUPDWLRQ LQW
WKH $UW DIQG ILOWHUIRQI PXOWLFULWHULD UDWLQJVY DQG D SURYLVLRQ RI PRUH IOH[LE
3RVVLEOH UDWLQUHFRPPHQGDWLRQV
(IWHQVLRQV HVWLPDWLRQ
PHWKR/GV
H[WHQ
* =XR[L-RXUQDOVHYLHU .QBHAORBBW LV YLWDO IRU VHTXHQWLDO UHFRPPHQGDWLRQ WR SURYLGH DF
*HQHUDO |<DQJDUWLFOH H %DVH@GDWLR®RLFK FDQ KHOS WKHP PDNH EHWWHU GHFLVLRQV
QRZOF 6KRXEL 6\WWHPV\VWHPV
Q .QRZOHGI WKLYV SDSHU ZH GHYHORS D *HQHUDO .QRZOHGJH (QKDQFHG )U
(QKDQFHG |'RQJ H JUDSKHTXHQWLDO 5HFRPPHQGDWLRQ *)( WR FDSWXUH XVHUTV ILQH J
YUDPHZ -LQOIRQJ ‘"HHS |SUHIHUHQFHV HYROXWLRQ
, IRU +X OHDUQILQJ
<* | ([SODLQDEO (ISODQBWHRLILFDOO\ WKH ILQH JUDLQHG SUHIHUHQFHY DUH PRGHOHG D'
H Q IDFLCBRWHQWLDO LQWHUHVWY ZKLFK FDQ EH FDSWXUHG E\ VHTXHQWL
6HTXHQWLDO BHTXH(LQWHUHVW PRGXOHV UHVSHFWLYHO\
SHFRPPH
QGDWLRQ UHFRPPHRUHRYHU WKH KLJK RUGHU SDWKV EHWZHHQ HDFK XVHU LWHP s
GDWLR@KH NQRZOHGJH JUDSK ZKLFK FRQWDLQ DEXQGDQW KLJK RUGHU
+LHUDUFKLF
DO VHOTR PDNH EHWWHU XVH Rl WKLV FKDUDFWHU ZH SURSRVH|D KLHUD
\QDPLF +RQJ|-RXUQBOVRFLUBMLR |3URILOBRFLDO PHGLD SURYLGHY YDOXDEOH UHVRXUFHV WR DQDO\]H XVH
8VHU KL <LQUWLFQHRU |[7UDQVPEFWDRLEVHIHUHQFHYV 7KLV DUWLFOH IRFXVHV RQ DQDO\LQJ XVHU EHKDY
ORGHOLQJ |%LQ &RPSX\QV RQ [$OJRULBKPMIQLQJ D ODWHQW FODVV VWDWLVWLFDO PL[WXUH PRGHO QD
LQ 6RFLDO|&XL ,QIRUPDWHWRLJ®RGHO 7&%$0 WR DFFRXQW IRU WKH LQWHQWLRQV DQG SUHIHUHG
OHGLD /ILQJ ODFKLQAU\ ([SHULPHQ
6\WWHRV |&KH( $&0 6\WWHPWDWLR@®DVHG RQ WKH REVHUYDWLRQ WKDW WKH EHKDYLRUV RI|D XVHU L
=KLWLQJ 72,6 |3HUIRUPQWXHQFHG E\ LQWULQVLF LQWHUHVW DV ZHOO DV WKH WHPSRUI
<&& +X FH WKDW WLPH 7&$0 VLPXOWDQHRXVO\ PRGHOV WKH WRSLFV UHODYV
;LDRIDQ WRSLFV UHODWHG WR WHPSRUDO FRQWH[W DQG WKHQ FRPELQHYV
J =KRX PRGHO XVHU EHKDYLRUV LQ D XQLILHG ZD\
&RQVLGHULQJ WKDW XVHUV LQWHUHVWYV DUH QRW DOZD|\V VWDEG
7&$0 WR D G\QDPLF WHPSRUDO FRQWH[W DZDUH PL[WXUH PRGHO
FKDQJLQJ LQWHUHVWYV
8VHU &KDQ&ERQIHSMQRFLUPWISR |5HFRPPFKHUH KDV EHHQ VLJQLILFDQW SURJUHVV LQ WKH XWLOL|DWLRQ F
&HQWUILF |[<RX |FH DUMWLFOH |[7KH W®GDWLR® DV DX[LOLDU\ LQIRUPDWLRQ LQ UHFRPPHQGDWLRQ V\WWHPV 5
3DWK 7DL &RPSX|,QWHUQDWWROVLIKW RQ WKH XVHU V GHFLVLRQ PDNLQJ SURFHVV
5HDVRQLQJ/LDQP DO $&0.QRZOHKGJ
WRZDUGV |<LQJ ODFKLQBU)5 |H JUDSBUHYLRXV PHWKRGV IRFXV RQ IRUPXODWLQJ WKLV SURFHVV DV D
([SODLQDEO+XDC $&0 &R QI HU'HHGIB
H &KLHQ HRQ |OHDUQU®ZHYHU ZLWKRXW VRPH IRUP RI JXLGDQFH LQ WKH UHDVRQLQJ ¢
T**I5HFRPRPH |.XQ SHVHDUFEODQMWDRH UHVXOWY LQ SRRU DFFXUDF\ DQG OLWWOH H[SODQDWLRQ ¢
QGDWLRQ [+XDC DQG Q IDFLBI&ES D XVHU FHQWULF SDWK UHDVRQLQJ QHWZRUN WKDW FRQVW|
IXQ "HYHORSP DVSHFW RI XVHU GHPDQG DQG HQDEOHV H[SODLQDEOH UHFRPPHQ
CHL X HQW LQ YLHZ VWUXFWXUH OHYHUDJHV QRW RQO\ ORFDO VHTXHQRH UHDVR
JQIRUPDWLR |YLHZ RI WKH XVHU V GHPDQG SRUWIROLR ZKLOH LQIHUUL|QJ VXEVF
Q 5HWULHYDO
(ISHULPHQWV RQ ILYH UHDO ZRUOG EHQFKPDUNV VKRZ 8&35 LV VL
VWDWH RI WKH DUW PHWKRGV %HVLGHV ZH VKRZ WKDW WKH SUR
7HPSRUDO |[+RQJ[&RQIHBMQRFLUDBVOAR |5HFRPPSHFHQW DGYDQFHV LQ SDWK EDVHG H[SODLQDEOH UHFRPPHQGDW
OHWD SDWKX FH DUMLIFROH QGDWLRQFUHDVLQJ DWWHQWLRQ WKDQNV WR WKH ULFK LQIRUPPWLRQ S|
*XLGHG &KHQ &RPSXV3URFHHONV@HPV
([SODLQDEO<LFR[QJ JV Rl WKIHS |ORVW H[LVWLQJ H[SODLQDEOH UHFRPPHQGDWLRQ RQO\ XWLOL]HV
H /L ODFKLQHWK $&0OHDUQMXH G\QDPLF XVHU LWHP HYROXWLRQV OHDGLQJ WR OHVV FRQYL
5HFRPPH [;LDQUJ $&0 . QW H U QDSADLIRED W L R
QGDWLRQ [XR DO Q IDFLOHOM(KRXJK WKHUH DUH VRPH ZRUNV WKDW UHDOL]H WKDW PRGHOC
&/6 6XQ &RQIHUMQFILOBEHKDYLRXU FRXOG ERRVW WKH SHUIRUPDQFH DQG H[SODLQDELOL
*XDQG H RQ :HEQDPLFRI WKHP HLWKHU RQO\ IRFXV RQ PRGHOOLQJ XVHU V VHTXHQWLDO
RQJ 6HDUFK 'DWD |[LQGHSHQGHQWO\ DQG VHSDUDWHO\ RI WKH UHFRPPHQGDWLRQ PH
X DQG 'DWDQLQJD QRYHO 7HPSRUDO OHWD SDWK *XLGHG ([SODLQDEOH 5HFRPPHQG
+RQJ] 0LQLQJ ZHOO GHVLJQHG LWHP LWHP SDWK PRGHOOLQJ EHWZHHQ|FRQVHF >
KL <LQ PHFKDQLVPV WR VHTXHQWLDOO\ PRGHO G\QDPLF XVHU LWHP HYRC
JUDSK IRU H[SODLQDEOH UHFRPPHQGDWLRQYV
$ 6XUYH\ |/H “RXUQD@( C((( 5HFRPPMHIOXHQFHG E\ WKH JUHDW VXFFHVV RI GHHS OHDUQLQJ LQ FRPSX
RQ X DUWLFOH 7UDQVDFOHR XQGHUVWDQGLQJ UHVHDUFK LQ UHFRPPHQGDWLRQ KDV VKLIWHG
$FFXUDF\ [;LDQUQ QV RQ |[VIVWHPRRGHOV EDVHG RQ QHXUDO QHWZRUNYV
RULHQWHG DQ +H QRZOHE&XIUYH
1HXUDO ;LDQU H DQG|'HHS |,Q UHFHQW \HDUV ZH KDYH ZLWQHVVHG VLJQLILFDQW SURJUHVV L
SHFRPPH DQJ 'DWD |OHDUQ|IPRIGHOV ZKLFK JHQHUDOL]H DQG VXUSDVV WUDGLWLRQDO UHFRP]
~ |QGDWLRQ |.XQ (QILQHHMXQDOUHSUHVHQWDWLRQ SRZHU Rl QHXUDO QHWZRUNYV
“*)uURP =KDQJ J 1HWZRUNV
&ROODERUDWH QU 1HXUDOQ WKLV VXUYH\ SDSHU ZH FRQGXFW D VIVWHPDWLF UHYLHZ RQ Q
YH :DQJ 5HFRPPWR VXPPDUL]H WKLV ILHOG WR IDFLOLWDWH UHVHDUFKHUV DQG S
YLOWHULQJ WR QGDWLRQVWHPV
,QIRUPDWLRQ ORGHO
ULFK 6SHFLILFDOO\ EDVHG RQ WKH GDWD XVDJH GXULQJ UHFRPPHQGD
SHFRPPRH LQWR FROODERUDWLYH ILOWHULQJ DQG LQIRUPDWLRQ ULFK UHFR
QGDWLRQ




QRZOHGJH-RKQI-RXUQBBOULQJHU $UBHFRPIBEFRPPHQGHU VIVWHPV LQ H OHDUQLQJ GRPDLQ SOD\ DQ| LPSRUW
EDVHG 7DUMMWWLFOH LQWHOQIGHQFWR ILQG XVHIXO DQG UHOHYDQW OHDUQLQJ PDWHULDOV WKDW PH
UHFRPPHQ [=KHQG H UHYLUNEVWHPV

GDWLRIQ D|/RQJ .QRZOH®BHUVRQDOL]HG LQWHOOLJHQW DJHQWYV DQG UHFRPPHQGHU V\VWH

UHYLHZ RI [1LX H EDVHBROXWLRQV WRZDUGY RYHUFRPLQJ LQIRUPDWLRQ UHWULHYDO FK

RQWRORJ\ |*KXOD 56 ( |LQIRUPDWLRQ RYHUORDG

EDVHG P OHDUQLQJ

710/ UHFRPPHQ |[OXVWDI 2QWROB¥YH RI RQWRORJ\ IRU NQRZOHGJH UHSUHVHQWDWLRQ LQ [INQRZOHC

GHU D H OHDUQLQJ KDV EHFRPH DQ LQWHUHVWLQJ UHVHDUFK DUHD ,Q N

VA\VWHPV IRU H OHDUQLQJ UHVRXUFHV RQWRORJ\ LV XVHG WR UHSUHVHQW

IRU H OHDUQLQJ UHVRXUFHYV

OHDUQLQJ

$OWKRXJIK D QXPEHU Rl UHYLHZ VWXGLHV KDYH EHHQ FDUULHG RX
VIVWHPV WKHUH DUH VWLOO JDSV DQG GHILFLHQFLHV LQ WKH FR
VXUYH\ LQ WKH VSHFLILF DUHD RI RQWRORJ\ EDVHG UHFRPPHQGD
6HPDQWLFV3DVTM6RRN 6SULQJHU |6SUNRIAURDGHQV \RXU XQGHUVWDQGLQJ RI VHPDQWLFV DZDUH [FRQWHQ\

LQ DOH /LQN |HG UHYLHZV H[KDXVWLYHO\ WKH NH\ UHFHQW UHVHDUFK LQ WKH DUH|

$GDSWLYH [/RSV VAVWHPV

DQG &DWDOG $GDSW|(F$HODLQV KRZ WR HIIHFWLYHO\ H[SORLW WHFKQLTXHV IRyU VHPDQYV

SHUVRQDOLR VAVWHPWPSURYH WKH HIITHFWLYHQHVV Rl DGDSWLYH DQG SHUVRQDOLJHG

HG 0XVWR

6\WWHRV |)HGHOX &RQWDLQV VXSSOHPHQWDU\ PDWHULDO RQ WKH DYDLODEOH WRRC

1018 0ywKRGV |FLR VHPDQWLFV DZDUH DGDSWLYH DQG SHUVRQDOL]HG V\VWHP
7RROV|DQG 1DUGXF

$SSOLEDWLRR "LVFXVVHV QHZ WUHQGYV DQG FKDOOHQJHV LQFOXGLQJ 6HUHQGLSI

v *LRYDQ &RQYHUVDWLRQDO 5HFRPPHQGHU 6\WVWHPV DQG ([SODQDWLRQ $0

L
6HPHU
DUR

QRZOF +XPD|-RXUQD@( ((( "QRZOH®AIORFDWLRQ RI FRXUVHV DQG UHVHDUFK VWXGHQWV EDVHG RQ II

%DVHG 6DPLQ@UWLFOH $FFHVVH EDVHBUHD RI LQWHUHVW KDV DOZD\V UHPDLQHG D FKDOOHQJLQJ WDVN

5HFRPPH UHFRPPMIQH SUHVHQFH RI DFDGHPLFV FURVV GRPDLQ LQWHUHVWV VWDO

QGHU 7DW\DE GHU DQG FKDQJLQJ WKH VNLOO VHW GHPDQGV IURP WKH LQGXVWU\

6\WWHHR D $]UP VAVWHP

IRU NQRZO/&ROODERUDWLYH ILOWHULQJ DQG FRQWHQW EDVHG UHFRPPHQGH!

$FDGHPLD WKH LQGXVWU\ IRU UHFRPPHQGLQJ WKLQJV VXFK DV PRYLHV QH:

6% |8VLQJ PDQDJHPNHPV WR WKH XVHUV DQG KRZHYHU QR RQH KDV XWLOL]JHG WKH

ODFKLQH HQW |WKH VWXGHQW H[SHULHQFH DQG LPSURYLQJ WKH TXDOLW\ RI KLJ}

/HDUQLQJ DSSOLFDWLRQ

$ &DVH ODWHQ@MLY SDSHU SUHVHQWY D FDVH VWXG\ VKRZFDVLQJ WKH XVH RI SL

6WXG\ RQ "LULFK@HWHUDWLQJ UHFRPPHQGDWLRQV WR XVHUV LQ DFDGHPLD WKURX

+LJKHU DOORFDAWBRQYLVRU DVVLIQPHQW

(GXFDWLRQ PDFKLQH

/DQGVF OHDUQ7&H SURSRVHG VI\VWHP FRLQHG DV 6FKRODU/LWH KDUQHVVHV WKF

$Q $OH[DP@XUQDD\ORU,QWHUQRWLRWHYH FRPSOH[LW\ RI WKH SURGXFW DVVRUWPHQWYV RITHUH|G E\ RQ ¢

LQWHJUDWHIHU [DUWLFXUHDQFLDO -RXBQROUDPHPQHFWLRQ D FKDOOHQJLQJ WDVN

HQYLURQPH)HOIHUQL RI QJ

QW IRU WKHI (OHFWUNR@RZEO|&XVWRPHUV GLIIHU LQ UHVSHFW WR H[SHUWLVH DQG SURGXFW NQ

GHYHORSPHHUKDU &RPPHUFH VIVWHPV RIIHU SHUVRQDOL]JHG GLDORJXHV WKDW VXSSRUW WKH S

QW RI G DFTXLVLWLRQ

INQRZOHGJIH)ULHGULF 7KLV SDSHU GHVFULEHV &:$GYLVRU D GRPDLQ LQGHSHQGHQW NG
) = EDVHG K NQRZOM®RM.URQPHQW WKDW SURYLGHV XVHUV ZLWK FRQVLVWHQWO\ DSS

UHFRPPHQ ['LHW[PD VHOOLQJ RSSRUWXQLWLHV DQG H[SODLQV VROXWLRQV

GHU u EDVHG

DSSOLFDWLRQQDF UHFRPPH® GLVFXVVLRQ XVHV H[DPSOHV IURP VHYHUDO DSSOLFDWLRQ G|

v K GHUV |GLDJQRVLV SHUVRQDOL]DWLRQ DQG LQWXLWLYH NQRZOHGJH DF"
06 PRGHO/RULHQWHG VDOHV GLDORJXHV ([SHULHQFH REWDLQHG LQ LQGXVYV
ODUN EDVHG|VXFFHVVIXOO\ GHSOR\HG UHFRPPHQGHU DSSOLFDWLRQV [DUH HYD

GLDJQRVLV

6HPDQWLFDXQ FWRBRQIHUHQ3UHVV $UWQREDB®IFRPPHQGDWLRQ PRGHOV EDVHG RQ FROODERUDWLYH ILOWHULQ

o\ &RGLBP DUWLFOH | ,QWHOOH E®DYHBRZHYHU WKH\ KDYH YHU\ SRRU SHUIRUPDQFH LQ FROG YWDUW V

(QKDQRHG | /xLbL H UHFRPPHMH DVVRFLDWHG WR FHUWDLQ LWHPV RU XVHUV $Q DSSURDFK IF

5HFRPPH |&HFFDU 5HV HD UGHKU EXLOG K\EULG PRGHOV WKDW LQFOXGH FRQWHQW EDVHG|ILOWHUL

QGHUV RQL DQG |[V\VWHPV

"HYHORSP 7KLV SDSHU IRFXVHV RQ NQRZOHGJH EDVHG K\EULGV WKDW H[SOR
HQW DWWULEXWHY WR HQKDQFH WUDGLWLRQDO PRGHOV :H LQYHVWLJ
&& 3URFHHGLQ |VHPDQWLFV GXULQJ WKH UHFRPPHQGDWLRQ SURFHVV LQ GRPDLQ
JV RI WKH DPRQJ DWWULEXWHV LQ WKH IRUP RI RQWRORJLHV DUH QRW DYDL
WK SHUIRUPDQFH FRPSDULVRQ LQ ZKLFK WKH SURSRVHG VHRDQWLFD
,QWHUQDWLRQHYDOXDWHG LQ QRUPDO DQG FROG VWDUW VFHQDULRV
DO
&RQIHUHQF |7KH H[SHULPHQWDO UHVXOWY ZLWK D SXEOLFO\ DYDLODEOH GDWI
H RI WKH SHUIRUPDQFH RI WKH SURSRVHG VHPDQWLFDOO\ HQKDQFHG PRGH
&DWDODQ VFHQDULRV ZLWK UHVSHFW WR D VWDWH RI WKH DUW FROODERUI

S5HFRPOHW |[/XLV [-RXUQD®VHYLUHU ([SMWBWOHBHIFRPPHQGHU VIVWHPV DUH XVHG WR SURYLGH ILOWHUH[G LQIRUF

1 s 2PDUDUWLFOH 6\WWHPM EDVHBOHPHQWY 7KH\ SURYLGH SHUVRQDOL]HG UHFRPPHQGDWLRQV RQ

FRQWH[[W |&RORP ZLWK |[UHFRPPHQ

DZDUH ER $SSOLFBWWR |7KH UHFRPPHQGDWLRQV DUH LQWHQGHG WR SURYLGH LQWHUHVW!

NQRZOHGJHOHQGR QV VIVWHPWA\VWHPV FDQ EH GHYHORSHG XVLQJ GLIIHUHQW WHFKQLTXHV DQG

EDVHG 1D &RQWHMWKHVH WHFKQLTXHV GHSHQGY RQ WKH DUHD LQ ZKLFK WKH\ ZLOO

&09/PRELOH 5DIDHO DZDUH
*5%* [UHFRPPHQ |9DOHQFL VIVWHPWKLY SDSHU SURSRVHV D UHFRPPHQGHU V\VWHP LQ WKH|OHLVXU}

GHU D 6HPDQWIKRZWLPHYV GRPDLQ 7KH VI\VWHP SURSRVHG LV FDOOHG BHFRPOH)

VAVWHP IRU*DUF|tD ‘HE PRELOH UHFRPPHQGHU V\VWHP EDVHG RQ 6HPDQWLF :HE |/WHFKQR!

PRYLH 2QWRORJ\

VKRZWLPHV$OHNMDQG UHDVRQQQEHWDLO D GRPDLQ RQWRORJ\ SULPDULO\ VHUYLQJ D VHPDQWL
UR FRQFHSW RI *SDFNDJHV RI VLQJOH LWHPV' ZDV GHYHORSHG LQ Wk
5RGUtJ FURZG DQG WLPH ZHUH FRQVLGHUHG DV WKUHH GLIIHUHQW NLQG\
XH] 5HFRPOHW]




\QDPLF $KPDGRXUQDOVHYLHU ([S*ARWLOHHE SHUVRQDOLVDWLRQ VIVWHPV DUH XVHG WR HQKDQFH WKH XV
XVHU DUWLFOH 6\WWHP®\QDPLPDPGH VHUYLFHY EDVHG RQ WKH XVHUTV LQWHUHVWYVY DQG SUHIHU
SURILOHV IRDZDOD ZLWK |3HUVRQOWHY SURILOHV
ZHE K $SSOLFDWLRQ
SHUVRQDOLMDULD Qv &RQWHQRW VXFK VIVWHPV WR UHPDLQ HIIHFWLYH WKH SURILOHYV QHHG W
DWLRQ yDVOlL %DVHG XVHUVY FKDQJLQJ EHKDYLRXU ,Q WKLV SDSHU ZH LQWURGXFH D
5HFRPPBIQG WUDFN XVHU LQWHUHVWY DQG PDLQWDLQ G\QDPLF XVHU SUR
+) QGDWLR®HU LQWHUHVWY DUH UHSUHVHQWHG DV RQWRORJLFDO |FRQFHSYV
ORGHO|@HEISDIHV YLVLWHG E\ D XVHU WR D UHIHUHQFH RQWRORJ\ DQG D
XVHU |WHUP DQG ORQJ WHUP LQWHUHVWV
EHKDYLRXU
‘HE |$ PXOWL DJHQW V\VWHP IDFLOLWDWHY DQG FRRUGLQDWHV WKH F
SHUVR DWLRQ RI XVHU LQWHUHVWYV :H SURSRVH D VHDUFK V\VWH
DWLRQ SURILOH WR SURYLGH D SHUVRQDOL]HG VHDUFK H[SHULHQFH :H €
2QWRORXRZ KRZ RXU VIVWHP FDQ HIIHFWLYHO\ PRGHO D G\QDPLF XVHU ¢
$Q /RIH[-RXUQDD\ORU (QWHUSWRIHOHQ UHFHQW WLPHV ORFDWLRQ UHFRPPHQGDWLRQ KDV UHFHLYHG
LQWHO[OLJHGWY LDUW L FXUH QF L|VQIRUPDW@DR® L FWHVHDUFKHUY GXH WR HPHUJLQJ XWLOLVDWLRQ RI /RFDWLRQ %D\
ORFDW|LRQ|0DOL Q 6\WWHPV SURFHVV
UHFRPPHOQ &ROODERUDWL
GHU "HYDUD YH ,Q WKLV SDSHU ZH SUHVHQW D QHZ PXOWL DJHQW EDVHG IUDPHZ
VAVWHE MD Q )LOWHUQRBDWLRQ UHFRPPHQGDWLRQV :H DGGUHVV WKH SHUVRQDOLVDW
~|xwLoLyLQJ9LMD\DN FRPSXWOMU SURILOH WKDW LQFRUSRUDWHY WKH XVHUYV ORQJ WHUP DQ
5'6 IpxowlL XPDU RQDO
DIHQW 9 ,QWHO ONKIH@AWWHU DGDSWDWLRQ RI XVHU FRIQLWLYH EHKDYLRXU HQKD
LQGXFHG |$UXQ H LPSURYHV RYHUDOO XVHU H[SHULHQFH ZLWK EHWWHU UHFRPPHQG
FRIQLWLYH.XPDU PXOWL
EHKDYLRXUBDQJDL $JHQW|$ GHWDLOHG XVHU VWXG\ LV FRQGXFWHG WR UHYHDO WKH LPSUR'
0 PRGHO |DK 6\WWHPWKURXJK HQKDQFHG UHFRPPHQGDWLRQV LQ FRPSDULVRQ ZLWK R\
/LSR UHFRPPHQ
:DQJ GHU
%LGLUHFWLRKQL\| -RXUQBBULQJHU 1HXURA OBHFHQW \HDUV KDYH ZLWQHVVHG WKH UDSLG DGRSWLRQ |RI PRELO
DO VHQVLQJ7X |DUWLFOH &RPSX|'\QDPLFWKH XVH Rl PRELOH DSSV
RI XVHU %LQJIKX DQG | ORELOH
SUHIHUHQHA® $SSOLFD®A R |+RZHYHU WKH ODUJH QXPEHU RI PRELOH DSSV PDNHV LW GLIILFX
V DQG 'XDQ Qv UHFRPPRI@HY DUH Rl LQWHUHVW &XUUHQW DSS UHFRPPHQGDWLRQ PHWKF
DSSOLFDWLRIQRQJIML GDWLR@VHU LQWHUHVW DQG PRELOH DSS IXQFWLRQDOLW\ DW D| VLQJOH
.| FkpQaHv [H 3HUVRQDIOHVH FKDQJH RYHU WLPH DQG GR QRW DGGUHVV WKH XQGHUO\L
7 liRU :DQJ LOQWHUHVW
' |G\QDPLF |;LDRJHL HYROXWKR® SDSHU GHVFULEHV D ELGLUHFWLRQDO VHQVLQJ PHWKRG IRU
PRELOH :X QHWZRWQDEOHV SUHFLVH PRELOH DSS UHFRPPHQGDWLRQV 7KH SURSRV
DSS 8VHU |ELGLUHFWLRQDO VHQVLQJ WR ERWK XVHU LQWHUHVW DQ|G WKH IX
UHFRPPHOQ SUHIHUHQREXWLRQ WUDMHFWRU\ Rl ERWK 7KHQ D SHUVRQDO LQWHUHV\
GDWLRQV UHODWLRQVKLS EHWZHHQ WKH WZR WUDMHFWRULHV
)LQDOO\ XVHU LQWHUHVW LQ DQ DSS LV SUHGLFWHG DQG WKH W
6055708 7XXN-RXUQDOVHYLUHU -RXURDIDHBHYPDQWLF DQG FRQWH[W NQRZOHGJH KDV EHHQ HQYLVLRQHG DV |
6(80 $ DUWLFOH ‘HE H EDVHBGGUHVVLQJ WKH FRQWHQW KHWHURJHQHLW\ DQG LQIRUPDWLRQ
PRELOH 5XRWVD 6HPDQWLHRRPPIHRFHVY EXW IHZ KDYH H[SORUHG WKHLU IXO0 SRWHQWLDO LQ PR
UHFRPPHQ |OR GHUV |REMHFWV UHIHU WR WKHLU SK\VLFDO FRXQWHUSDUWYV DQG UHWU
GHU _ULVWHU 6HPDQWRB XVHUV
VAVWHP IRU+DDY ‘HE
WKH :HE [$QWRQ\ ,QIRUPDMWLRUHVHQW 60$57086(80 D PRELOH XELTXLWRXV UHFRPPHQGHU
5+6 /R DWD 6WR\DQ Q 'DWD DQG LWV DSSOLFDWLRQ WR LQIRUPDWLRQ QHHGV Rl WRXUL
RY UHWULHFXDWXUDO KHULWDJH 7KH 60$57086(80 VIVWHP XWLOL]HV 6HPDQW
610Y 5HFRPPRI GDWD UHSUHVHQWDWLRQ
QGHU
5RFKH VIVWHPYQWRORJILHV DUH XVHG WR EULGJH WKH VHPDQWLF JDS EHWZHHQ
ORELOHGHVFULSWLRQV VHQVRU LQSXWV DQG XVHU SURILOHV TKH V\VW
(OHQD VAVWHPWYHWULHYDO IUDPHZRUN ZKHUHLQ FRQWH[W GDWD DQG VHDUFK UH
)DQL &XOWXWHMERPPHQGDWLRQ RI VXLWDEOH FRQWHQW IRU PRELOH XVHUV
J25HFRP  |IRSS[B4RRN|6SULQJHU GSHEBWWOR®DH RI WKH PRVW SUREOHPV IDFLQJ OHDUQHUV LQ H OHDUQLQJ V
PHQGLHW |PDV |&KDSWHU $GYDQFGHP D QWRKUVH PDWHULDOV RU OHDUQLQJ REMHFWYV IRU WKHLU SHUVRQD
$Q 3XNNKH LQ ‘HE
2QWRORJ\ |P ,QIRUPDWLR | 7KH PDLQ IRFXV RI WKLV SDSHU LV WR H[WHQG RXU SUHYLRXV UX
%DVHG Q DQG UHFRPPHQGDWLRQ VI\VWHP > @ E\ DSSO\LQJ DQ RQWRORJ\ EDVHG
5HSUHVHQW &RPPXQLF OHDUQLQJ REMHFW UHFRPPHQGDWLRQ QDPHG "/25HFRPPHQGLHW"
DWLROQ|RI DWLRQ
3XN/HpuQLQJ 7HFKQRORJ |7KH "/25HFRPPHQGL1HW  RQWRORJ\ UHSUHVHQWY WKH NQRZOHGJH
2EMHFW \ PRGHO VHPDQWLF PDSSLQJ UXOHV DQG WKHLU UHODWLRQVKLS D
5HFRPPH IUDPHZRUN ZH GHPRQVWUDWHG KRZ WKH "/25HFRPPHQGI1HW  FDQ
QGDWLROQ WR LQWHUSUHW DQG SURFHVV OHDUQLQJ REMHFW LQ UHFRPPHQG
RQWRORJLFDO UHSUHVHQWDWLRQV SOD\ D UROH LQ PDSSLQJ OHD
7KH VWUXFWXUH RI 3/25HFRPPHQGLIHW’ H[WHQGY WKH VHPDQWLF
UHSUHVHQWDWLRQ RI HDFK EDVHG RQ DQ 2:/ RQWRORJ\ DQG WKH(
$ %DKUDRXUQD@VHYLHU ([BZWRMORJIKH SURILOLQJ RI EDFNJURXQG NQRZOHGJH LV HYVHQWLDO LQ VF
UHIHUHQFHP DUWLFOH 6\WWHPYURILOKQVYWLQJ RQWRORJ\ EDVHG SURILOLQJ DSSURDFKHY HPSOR\ D SU}
RQWRORJ\ |$PLQL ZLWK |6HPDQVEIDFNERQH VWUXFWXUH IRU UHSUHVHQWLQJ WKH VFKRODUTV SUH
IRU 5ROLDQ $SSOLFINELR
SURILJLQJ|D Qv "%SHGLDRZHYHU VXFK VLQJXODU UHIHUHQFH RQWRORJLHV ODFN VXIILFL
VFKRODUfV,EUDKLP 6FKRODUYDEOH WR UHSUHVHQW WKH KLHUDUFKLFDO VWUXFWXUH RI VFKF
EDFNJURXQ ORKG 5HFRPPHQHUDO SXUSRVH WRSLFV Rl WKH GRPDLQ DQG DUH LQDFFXUDWH!
$.21q 2WKPD QGHU |[NQRZOHGJH
NQRZOHGJIHQ VIVWHP
LQ ORKDP 7KLV SDSHU SURSRVHV D PHWKRG IRU LQWHJUDWLQJ Rl PXOWLSO
UHFRPPHQ [PDG UHIHUHQFH RQWRORJ\ DQG H[SORLWYV WKLV UHIHUHQFH RQWROR.
GHU 1HPDW NQRZOHGJH ,Q RXU DSSURDFK YDULRXV WRSLFV RI &RPSXWHU 6F
VIVWHPV |EDNKVK WD[RQRPLHV DUH VHOHFWHG WUDQVIRUPHG E\ '%SHGLD | DQG PH!L

RQWRORJ\




$. HQJ|&RQIHBHQ® WK RQWROBHFRPPHQGHU V\WVWHP 56 LV XVHG WR RYHUFRPH WKH SJUREOHP
7RXULVP |[6HRQBH DUWES®H |.QRZOHGHFRPPMIQH :RUOG :LGH :HE ORVW RI WKH WLPH XVHUV ZLOO EH UHWXUC
$ 3URSHUW|\6KH 0$/$<6,|H GHU ZKHQ WKH\ GR D 3RLQW Rl ,QWHUHVW 32, VHDUFK IRU LQWHUHVW
*UDSK 6 X 35(66 [ODQDJHP\WWWHPHQJILQH
2QWRORRJ\ |[&KHQJ HQW |XVHU
EDVHG +DZ ,QWH U QEIMRIRQLEBIRYHUFRPHYV WKH SUREOHP E\ DQDO\]LQJ DXWRPDWLFDOO\ DOO
7RXULVP |<X DO WRXULMMWHJIJUDWHY ZLWK SHUVRQDOL]HG XVHU SURILOLQJ XVHU SUHIH!
-6<) 5sHFRPPH |*HQH &RQIHUSIRIFQW RQWRORJ\ EDVHG UHFRPPHQGHU V\VWHP DGRSWV QHZ DQG DOWH!
QGHU IRK H .0,&HLQWHUHVW
6\WWHP YDQJ 2QWRORJLHV GHILQH UXOHV WR VWUXFWXUH GDWD LQFDXGLQJ L
)DQJ GDWDEDVH $V VXFK LW RIIHUV JUHDWHU VHPDQWLF UHODWLRQV
&K XD SDSHU ZH SURSRVH L RQWRORJ\ UHSUHVHQWDWLRQ LL VDPSC
7RXULVP WR GHPRQVWUDWH WKH UHFRPPHQGHU V\VWHP LQ 0DOD\
8VLQJ ODKVBZRRQIHSARGHPLWK |6HPDQWQRZOHGJH DQG LQIRUPDWLRQ DUH KLJKO\ LPSRUWDQW UHVRXUF}
3URFHVYV |OHKUSR DU\ RROHU QR S H DHE DQG YLWDO LQ DFKLHYLQJ RUJDQL]DWLRQ V JRDOV 3DUWLFXODU:(
2QWRORJLHRU 4RQ HV DQG&RQIHUM@WROPUH KLJKO\ GHSHQGHQW RQ DFFHVVLQJ XVLQJ DQG UHXVLQJ WK
WR $SWOH 3XEOLVKLRG |3URILONSHQG D ORW RI WLPH VHDUFKLQJ IRU UHOHYDQW NQRZOHGJH
&R QW H|[W X D*XIO O D L QWHUQRWEZRE@GIQDPILFV
1H ‘LUN DO H ‘RUN $V WKH WRWDO YROXPH RI GRFXPHQWY DFURVV GLIIHUHQW VRXU
.«|5HFRPPH [$KOHUV 0DQDJHPLWXDWRRK) DGGLWLRQDO RYHUKHDG UHODWHG WR VHDUFK DQG| UHWULH
0*$1QGHU .MHWLO HQW |5HFRPPBILVFLSOLQHV H[SHULHQFH ILHUFH FRPSHWLWLRQ DQG D |[SHUVLVW
6\WWHRV |.ULVWHQ (.&0 |QGHU |[FRQWULEXWLRQV LQ D FRPSHWLWLYH JOREDO EXVLQHVV|HQYLURC
LQ VHQ 6\WWHPSUREOHPV
(QILQHHUL@OH 6HPDQWLF
J 3URM ,YDU UHFRPPH®SOH VHDUFK HQJLQHV DUH RIWHQ QRW VXIILFLHQW VILQFH WKF
6LYHUWYV GDWLR®HOHYDQW GRFXPHQWVY WKDW PDWFK WKH XVHU V FXUUHQW ZRUN
IRU HQ 3URFHYMKHUHIRUH WKH QHHG IRU D VHPDQWLFV EDVHG VROXWLIRQ KDV E
.QRZOH 6RURXV RQWRORXH HDUO\ VWDJHV RI D 3K' SURMHFW WKDW SURSRVHV D WDLORL
$ YIELR &RQIHUHQ 2QWRORKHUH LV QR GRXEW WKDW WKH :RUOG :LGH :HE KDV PDGH HDVLH
+LHUDUFKLBXJIJX\WVW DUWLFOH |%5,&6 [6HPDQWIQARUPDWLRQ RQ WKH ,QWHUQHW 7KH DPRXQW RI LQIRUPDWLRQ
DO R &RQJUHWE RQHV LQFUHDVHV GD\ DIWHU GD\ DQG FUHDWHYV RSSRUWXQLWLHYV
$UFKLWHFWXWRRyYS RQ XVHU | BHFRPPHQGHU 6\WWHPV
H IRU LR GH &RPSXWDMRLLQH
2QWRORRJ\ [3DLYD RQDO |UHFRPPARHVH VIVWHPV KDYH HPHUJHG DV RQH VXFFHVVIXO DSSURDFK W
%DVHG -RVp L, QWHOADWQRQQIRUPDWLRQ RYHUORDG 7UDGLWLRQDO UHFRPPHQGHU V\VWHPV
G3&&GFRPPH [$0IUHGR H DQG | DOJRULMEPZQ WH[W PLQLQJ WHFKQLTXHV KRZHYHU WKH\ IDLO ZKHQ WKH
QGHU WK PDWFK VHDUFKHV
6\WWHRV |)HUUHLU %»UD]LOLDQ
D &RQJIUHVV ,Q RUGHU WR RYHUFRPH WKLV DQG RWKHU OLPLWDWLRQV VHYHU
&RVWD RQ YHULI\ WKH EHQHILWY Rl RQWRORJ\ EDVHG DSSURDFKHV [WR FUHD
&OiX[GL &RPSXWDWL |UHFRPPHQGHU V\VWHPV
R RQDO
5RGULJ ,QWHOOLJHQF 7KLV SDSHU DQDO\HV VHYHUDO RQWRORJ\ EDVHG UHFRPPHQGHU
2QWRORJ\ [2EHL&RQIHSMQRFLUDWLR |2QWRORFDGHPLF DGYLVLQJ LV OLPLWHG LQ LWV DELOLW\ WR DVVLVW VW
EDVHG &KDUEH D UMLIFROH (GXFDY6HOHFWLQJ D PDMRU DQG D XQLYHUVLW\ LV D FKDOOHQJLQJ SURF
5HFRPPH |O DQG &RPSXV&RPSDQLR VFKRRO DUH QRW VXUH KRZ WR PDWFK WKHLU LQWHUHVWV ZLWK )
QGHU IDKR|XG Q 5HFRPPH
6\WWHR LQ| ,QD\D ODFKLQBWRFHHB&AU |7KHUHIRUH KLJK VFKRRO VWXGHQWY QHHG JXLGDQFH DQG VXSSR
+LIKHU DQG (O $&0 JV RI WKW WHPILOWHU SULRULWL]H DQG HIILFLHQWO\ JHW DSSURSULDWH LQIRU
(GXFDWLRQ.KRX|U\ 7KH :HE SUREOHP RI LQIRUPDWLRQ RYHUORDG 7KLV SDSHU UHSUHVHQWYV
2/(. &RQIHYHQF EDVHG UHFRPPHQGHU V\VWHP LPSURYHG ZLWK PDFKLQH DHDUQLQ
& +LFK|D H KLJKHU HGXFDWLRQ
P DQG
&KDPRS 7KH SURSRVHG UHFRPPHQGHU V\WVWHP LV DQ DVVHVVPHQW WRRO
LQ DQG ZHDNQHVVHV LQWHUHVWY DQG FDSDELOLWLHV 7KH PDLQ RE
3LHUUH UHFRPPHQGHU V\VWHP LV WR LGHQWLI\ WKH VWXGHQW UHTXLUHP
$QWRLQ FDSDELOLWLHY WR UHFRPPHQG WKH DSSURSULDWH PDMRU DQG X
H
2QWRORJ\ [/IXQ |-RXUQBOBULQJIHU &OXQWROBHFRPPHQGHU VIVWHPV KDYH EHHQ SURYHQ XVHIXO LQ QXPHURXYV
EDVHG &KL |[DUWLFOH &RPSXWDEFHGXEG KHOSLQJ XVHUV HIIHFWLYHO\ LGHQWLI\ LWHPV RI LQWHUHVW
OLEUDU\ |&KHQ H RYHUZKHOPLQJ FROOHFWLRQV
UHFRPPHQ [3LQJ &ROODERUDWL
GHU -HQ YH $PRQJ WKH UHFRPPHQGHU V\VWHP WHFKQLTXHVY WKH FROODERUD
V\VWHF . XR ILOWHURRVW VXFFHVVIXO LW OHYHUDJHV WKH VLPLODU WDVWHV RI VLPL
XVLQJ . (Q 5HFRPPBIHIHUHQFHV IRU UHFRPPHQGDWLRQ +RZHYHU D PDMRU ZHDNQHYV
&./ |opS5SHGXF |/LDR QGHU |PHFKDQLVP LV LWV SHUIRUPDQFH LQ FRPSXWLQJ WKH SDILUZLVH V
H VAVWHP
7KXV WKH ODS5HGXFH IUDPHZRUN ZDV H[DPLQHG DV D SRWHQWLD
SHUIRUPDQFH SUREOHP 7KLV SDSHU GHWDLOV WKH GHYHORSPHQ
ODS5HGXFH IUDPHZRUN H[DPLQLQJ ZKHWKHU LW LPSURYHV WKH S
RQWRORJ\ EDVHG UHFRPPHQGHU V\VWHP LQ D GLILWDO QLEUDU\
7KH UHVXOWV RI WKLV H[WHQVLYH SHUIRUPDQFH VWXG\ VKRZ WKE
"HLJKWHG |[$PLQXRXUQDP@VHYLHU ([S#MBMFW/KH PDLQ JRDO RI $VSHFW %DVHG 2SLQLRQ OLQLQJ LV WR H[WUDF
DVSHF 'DIX|DUWLFOH 6\WWHPEDVHG| DVVRFLDWHG XVHU RSLQLRQV IURP WKH XVHU WH[W UHYILLHZ $OW|
EDVHG 1DRPAL ZLWK |RSLQLRIQIRUPDWLRQ IRU HQKDQFLQJ UDWLQJ SUHGLFWLRQ SHU|RUPDQF|
RSLQLRQ |H $SSOLFPMQIRQIJXWLOL]H LW IRU EHWWHU DFFXUDF\ RI UHFRPPHQGDWLRQ V\VWHP"
PLQLQJ 6DOL Qv &RQYROXWLR
XVLQJ ,GULV QDO QHXYBB®W RI WKHVH VWXGLHV W\SLFDOO\ DVVLJQ HTXDO ZHLUKWV WR
) GHHS 5DELXD QHWZRBNWRFHVV KRZHYHU LQ SUDFWLFHV XVHUV WHQG WR JLYH GLIIHU
65| 0HDUQLQJ|IRU '"HHS |SURGXFW ZKHQ UHDFKLQJ RYHUDOO UDWLQJV ,Q DGGLWLRQ PRV
2 |UHFRPPHQ |$NUDP OHDUQIR@Y KDQGFUDIWHG UXOH EDVHG RU GRXEOH SURSDJDWLR|Q PHWKR
GHU VA\VWHRVPDQ &ROODERUBWDUH NQRZQ WR EH WLPH FRQVXPLQJ DQG RIWHQ LQFOLQHG
D YH
ILOWHULIKQV FRXOG DIIHFW WKH UHOLDELOLW\ DQG SHUIRUPDQFH RI WKH
5HFRPPHKHUHIRUH LQ WKLV SDSHU ZH SURSRVH D ZHLJKWHG $VSHFW ED
QGHU |OHDUQLQJ PHWKRG IRU 5HFRPPHQGHU VI\VWHP $2'5 WKDW FDQ HJ
VIVWHPWKH XQGHUO\LQJ ZHLJKWHG XVHU RSLQLRQV IURP WKH UHYLHZ W




(ITHEWLYH |9 "RXUQDIOOH\ |,QWH U IMIFRIRQ\WKLY SDSHU ZH SURSRVHG D QRYHO DSSURDFK EDVHG RQ WRS
7DJ 6XEUDUWLFDRHOLQHDO MRXSMGHIDO |UHFRPPHQGDWLRQ
5HFRPPH |PDQL\D /LEUDURI SURILOZRH SURSRVHG DSSURDFK LQWHOOLJHQWO\ JHQHUDWHYV WDJ VXJJ
QGDWLRQ |VvzZDF LOQWHOOLJHQWFRQVWUXFW WRSLF RQWRORJ\ WKURXJK HQULFKLQJ WKH|VHW RI F
6\VWHF 6 VIVWHPV FDOOHG
%DVHG| RQ |&KHQWK DV 2SHQ 'LUHFWRU\ 3URMHFW 7R FRQVWUXFW WRSLF RQWRORJ\
7RSLF XU VHPDQWLF
6&3|20WRORJ\ |3DQGLD UHODWLRQVKLSV LV LGHQWLILHG DXWRPDWLFDOO\ IURP WKH FRU'
8VLQJ Q VXFK
'LNLSHGLD DV :LNLSHGLD DQG :RUGLHW 7KH FRQVWUXFWLRQ UHOLHV RQ WZ
DQG DQG VHPDQWLF UHODWLRQ H[WUDFWLRQ ,Q WKH ILUVW [ROG D W
"RUGIHW DFTXLUH WKH FRQFHSWV IURP WKH VHPDQWLF Rl :LNLSHGLD $ VH
DOJRULWKP
LV XVHG WR FRPSXWH WKH VHPDQWLF VLPLODULW\ PHDVXUH WR J
VHFRQG LV WKH VHPDQWLF UHODWLRQ H[WUDFWLRQ DOJRULWKP
2QWRO|RJ\ {HLORIRQIHUHQ 2QWRORYHU PRGHOLQJ RIWHQ DGGUHVVHG DV XVHU SURILOH DRG D VLP
EDVHG J/LXFH DUWLFOH |7KLUG |8VHU |SUHIHUHQFHV SOD\V NH\ UROHV LQ PDUNHWLQJ DQG SHUVRQDOL]
XVHU )DQJ QW H U (FIRVGIHROQ. Q J
PRGHOLQJ |-LQ DO "XH WR LWV SRZHUIXO NQRZOHGJH UHSUHVHQWDWLRQ DQG LQIHU
IRU H LQ &RQIHUFRFPHWEAHHU PRGHOLQJ LV HPHUJLQJ DV D QDWXUDO FKRLFH WR| UHSUH V!
FRPPHUFH =KDQJ H RQ FRPPHUFH FRQWH[W
_IvivwHE 3HUYDVLYH
I-= &RPSX] 7KLV SDSHU KDV SUHVHQWHG RQWRORJ\ EDVHG XVHU PRGHOLQJ V
DQG WR SURYLGH FXVWRPLJHG VHUYLFHV LQ WKH FRQWH[W RI| ( FRPPH
$SSOLFDWLR
QV $ JHQHULF IUDPHZRUN RI LPSOLFLW DQG H[SOLFLW RQWRORJ\ EDV
GHVFULEHG XVLQJ 6HPDQWLF :HE WHFKQRORJ\ L H 2:/ VISHFLILFD
TXDOLW\ Rl UHWXUQHG LQIRUPDWLRQ IRU XVHU V TXHULHYV
&RQWH[W | DLML®RQIHURG7 VW |FRQWH[WDW FRQVWLWXWHY UHOHYDQW LQIRUPDWLRQ WR DQ LQGLYLGXD
DZDUH :X |FH DUWLFOH |,QWH U (II?D URIQFFRQW H[WV +RZHYHU SUHYLRXV ZRUN RQ SHUYDVLYH LQIRUPDWLF
FRQWHOQW |0DQOL DO ,&6[7 DPELHRRQWH[W DZDUH GHOLYHU\ Rl DSSOLFDWLRQ VSHFLILF LQIRUPDWL
ILOWHULQJ =KX &RQIHUH@WFHOOLJHQF
DQG 'DTLQJ HRQ |H FRQWAEXFW VIVWHPV DUH RQO\ DEOH WR RSHUDWH ZLWKLQ QDUURZ DSS
SUHVHQWDWLR $PELHQMOWHJUB\@HRI@OL]HG WR KDQGOH RWKHU KHWHURJHQHRXY W\SHV RI LQIF
__JlQIRru =KDQJ OHGLD FRQWH[W DZDUH VI\VWHP IRU LQIRUPDWLRQ LQWHJUDWLR|Q WKDW
== 'SHUYDVLYH 7DR DQG |ILOWHURQG GHWHUPLQH WKHLU UHOHYDQFH WR WKH XVHU V FXUUHQW FF
DQG X 6\WWHPSUHVHQWDWL
PRELOH RQ ,Q FRQWUDVW WR H[LVWLQJ PRGHO EDVHG DSSURDFKHV WR FRQW
LQIRUF DGDSWDXQGSHUIRUP XVDJH PLQLQJ XVLQJ 2/$3 WR GLVFRYHU FRQWH[W G
VAVWH[PV 2/$3 |GLIIHUHQW LQIRUPDWLRQ W\SHYV
SUHIHU
PLOLQFKLY DOORZV XV WR EXLOG D PRUH JHQHULF DQG DGDSWLYH V\VW
8VHU |PRVW UHOHYDQW FRQWHQW DQG SUHVHQWYVY LW WR WKH XVHU LQ
8VLQJ 6XQJ -RXUQDOVHYLHU ([SZ2UMRORBROORZLQJ WUHPHQGRXV DGYDQFHPHQW LQ LQIRUPDWLR|Q WHFKQ
RQWRORJ\ |6KXQDUWLFOH 6\WWHP¥QWRORBHYHORSPHQW KDV EHFRPH LQFUHDVLQJO\ IDVW SDFHG |<HW WKH
QHWZRUN |:HQJ ZLWK |QHWZRURUFHG XVHUV WR VSHQG PRUH WLPH DQG UHVRXUFHV LQ VHDUFK
DQDO\WLV |+XL $SSOLFD@RA\YQHMHGV
IRU /ILQJ Qv 6SUHDGLQJ
UHVHDUFK |&KDQJ DFWLYDWR®DQ\ UHFRPPHQGDWLRQ VIVWHPY DOUHDG\ H[LVW WKDW SURYL:
GRFXPHQW PRGHO|FXVWRPL]DWLRQ DQG RWKHUV WR DVVLVW XVHUV LQ VHDUFKLQJ
‘& |UHFRPPHOQ 5HFRPP$URSRVHV WR XVH RQWRORJ\ DQG WKH VSUHDGLQJ DFWLYDWLRQ
GDWLR[Q QGDWLRGFRPPHQGDWLRQ KRSLQJ WKDW LW FDQ HOHYDWH WKH| SHUIRUF
VIVWHPDQG DOVR LPSURYH WKH VKRUWFRPLQJV RI WRGD\JV UHFRPPHQGI
7KLV VWXG\ XWLOL]JHV RQWRORJ\ WR FROQVWUXFW XVHU SURILOHV
DV WKH EDVLV WR UHDVRQ DERXW WKH LQWHUHVWYV RI XYHUV )Xl
RI WKH VSUHDGLQJ DFWLYDWLRQ PRGHO WR VHDUFK IRU RWKHU L
QHWZRUN HQYLURQPHQW PDNLQJ D VWXG\ RQ WKHLU LQWHUHVW\
$ OXOWL |,YiQ |%RRN|6SULQJHU $GSDWEHMSHUVRQDOL]HG PXOWLPHGLD DFFHVV DLPV DW HQKDQFLQJ WKH U]
3XUSRVH |&DQWEKDSWHU LQ BUHIHUHBRHLFLW XVHU UHTXHVWY ZLWK LPSOLFLW XVHU SUHIHUHQFHYV
2QWRO|RJ\ |RU 6HPDQWLRPDLQ
%DVHG OLULDP OHGLD |2QWRORH\SURSRVH DQG GLVFXVV WKH EHQHILWV Rl WKH LQWURGXFWLRQ
$SSURDFK [)HUQIQ $GDSW/8VHU |UHSUHVHQWDWLRQ RI WKH UHOHYDQW NQRZOHGJH DERXW WKH XV
IRU GH] DQG |, QWHUHMWFRXUVH DV D PHDQV WR HQDEOH LPSURYHPHQWY LQ |WKH UHW
SHUVROQDOLPDYLG 3HUVRQEBD) |RI DGDSWLYH FDSDELOLWLHYV
&)9 |y 9IDOOHW DWLRQ)DFWRU
&RQWHQW |3DEQR &RQFHSYWH GHYHORS RXU SURSRVDO E\ GHVFULELQJ WHFKQLTXHY LQ VHY!
JLOWHULQJ&DVWHOO +LVWRUWH[SORLWDWLRQ Rl WKH ULFKQHVV DQG SRZHU RI IRUPDO |DQG H[S!
DQG v LPSURYHPHQWYV WKHUHLQ
5HWULHYDO-pU{F
,Q DGGLWLRQ ZH GLVFXVV KRZ WKRVH H[SOLFLW VHPDQWLFV FDQ
3LFD DQDO\VLV RI WKH FROQWHQW FRQVXPHG E\ D XVHU GHWHUPLQLQJ
DQG VLJQLILFDQW IRU WKH XVHUYV LOWHUHVW UHSUHVHQWDWLRQ
2QWRO|RJ\ [&DUVWRQIHBEQLQJHU ,QWHRQDBORQ OHY DUH WKH EDVLYV IRU LOGLYLGXDO FRPPXQLFDWLRQ EHF
EDVHG 0 FH DUWLFOH |DO 2QWRORMEVLWH XVHUV 2QWRORJLHV UHSUHVHQW D SRVVLELOLW\ [RU Pi
XVHU YHOG &RQIHUSHFRP PEHYHORSPHQW ZLWKLQ WKH SDSHU LV EDVHG RQ D FRQFHSW ZKLF
SURILOLQJ HRQ |QGHU |VHIPHQWDWLRQ DQG VHFRQGO\ SURGXFW SURJUDPV RI D UHWDLO
ODUN %XV LQHYVWHPV
/LQC ,QIRUPBWLR |$ PHWD RQWRORJ\ LV EXLOW WR HQIRUFH D PDSSLQJ EHWZHHQ Wt
Q 6\VWHRPPHUFHMFRPPHQGDWLRQV LW LV REYLRXV WKDW WKH\ LPSO\ DQ DGGLW!L

UHFRPPHQGHU V\VWHPV 7KHUHIRUH WKH SRVVLELOLW\
DFKLHYH FXVWRPHU VDWLVIDFWLRQ

%XW WKH XVDJH RI RQWRORJ\ EDVHG SURILOHV LV FXUU
HITLFLHQF\

DULVHV W

HQWO\ G




8VHU ODUL@QRQIHSKRQ" 3URFHB®HQ |7KH JURZWK Rl WKH DYDLODEOH LQIRUPDWLRQ RQ WKH LRQWHUQH\
3URILO|LQJ|)DUL/GH DUWLFOH |JV Rl WEHRILOKQJK SULRULW\ WR SHUVRQDOL]DWLRQ
$SSURDFKH5DQLD WK 2QWRORIJ\
Y (OJRKD ,QWHUQDQMIPRE 8VHU SURILOLQJ LV WKH FUXFLDO LVVXH IRU ERWK LQIRUPDWLRQ
ORGHOLQJ |U\ DO 6HPDQWLF DXWRPDWHG XVHU SURILOH LV WKH PDLQ FKDOOHQJH|LQ GHYH
DQG L,EUD &RQIHUWIQFLODNESWLFDWLRQ
3HUVRQDOL] H RQ |3HUVRQDOL]
)05 pwLRQ ORDZD ,QIRUPDWILRQ 5HFHQW UHVHDUFK ZRUNV DUH LQYROYHG LQ GHYHORSLQJ V\VWHI
G \Y LQWHUDFWLRQ
ORKDP 6\WWHPRV
HG ,1)26 7KLV SDSHU H[DPLQHV ZKDW LQIRUPDWLRQ LV QHHGHG WR EH PR
5RXVK PRGHOV KRZ WKLV LQIRUPDWLRQ LV FROOHFWHG KRZ WKH XVHU
G\ DQG ILQDOO\ KRZ WKH XVHU PRGHO LV H[SORLWHG WR GHOLYHU S
7KH SDSHU LQYHVWLJIJDWHY WKH FXUUHQW VWXGLHV RQ XVHU SUR
$ OXOWL 4LDQ[&RQIHBEQLQJHU 6RDWOWL|7KLY SDSHU SURSRVHV D & RQWH[W %DVHG 3HUVRQDOL]HG 8VHU 3
DJHQW *DR |FH DUWLFOH |&RPSX|$JHQW|$SSURDFK WR FRPSUHKHQVLYHO\ WUDFN WKH XVHUfV OR[FDO EHKI
&RQWH|[W |[6X OHL LQ &RQWHWHZ LQSXWWHG TXHU\
%DVHG L $GYDQFRE®G1HW
3HUVRQDOL¥RXQJ 5RERW|I2RQWRORKH WUDGLWLRQDO XVHU SURILOH FRQVWUXFWLRQ PD\ PDLQO\ FR
HG 8VHU P ZHESDJH FOLFN IUHTXHQF\ DQG ZHESDJH FOLFN KLVWRU\| EXW OD
. 3UHIHU &KR FRQWH[W LQIRUPDWLRQ 6R LQ WKLV SDSHU ZH PDNH XVH RI WKF
' 3URILOH |(ULF|7 KLVWRULFDO LQIRUPDWLRQ DQG XVHU LQIRUPDWLRQ WKDW UHOD\
0 &R QVW|UXFWIDW )\ XVHG LQ DOO RI WKH VPDUW GHYLFHV RZQHG E\ WKH VDPH XVHU
RQ SUHIHUHQFH SURILOH
$SSURDFK
JXUWKHUPRUH LQ RUGHU WR DYRLG WKH OLPLWDWLRQ R|Il GLIIHUF
WKH VIQRQ\PV Rl WKH VDPH WHUP DV ZHOO DV WKH VL]H Rl D GRF
HTXDO WR WKH WRWDO QXPEHU RI WKH ZRUGV XVHG WR ZULWH Wt
RQWRORJ\ EDVHG UHSUHVHQWDWLRQ EDVHG RQ :RUG1H ZKLFK
"\QDPLF /LQ /L&RQIHBBQLQJHU $GEPRBFAKSHFHQW VWXGLHV RQ SHUVRQDOL]JHG VHDUFK KDYH VKRZIQ WKDW
$GDSWDWLREHQFE DUWLFOH |[LQ 'DWHQJLQHLPSOLFLWO\ $V IDU DV ZH NQRZ WKHVH VWXGLHV KRZHYHU QHJ
X DQG :HBEHDUFKWR FKDQJH RYHU WLPH
6WUDWHJILHYDQJ ODQDJIHPHVXOW
IRU /RQJ %RWDR HQW 6HPDQWKEY SDSHU LQWURGXFHY DQ DGDSWLYH VFKHPH WR OHDUQ WKH |
7HUP DQG |:DQJ 6LPLODBPQWAN KLVWRU\ GDWD DQG D QRYHO UDQN PHFKDQLVP WR ELDV W
_|6KRUW oDVC 8VHU |SURSRVH LQGHSHQGHQW PRGHOV IRU ORQJ WHUP DQG VKRUW WHI
I<t|7HUP 8VHU 3UHIHUKQHAH SURILOH
3URILOH WRLWV/XUH
3HUVRQDOLJDZD 8VHU |7KH SURSRVHG XVHU SURILOH FRQWDLQV D WD[RQRPLF KLHUDUFK
HG 6HDUFK L, QWHUHMWHQWO\ YLVLWHG SDJH KLVWRU\ EXIIHU IRU WKH VKRUW WHUP |
DUH GHYLVHG WR FDSWXUH WKH DFFXPXODWLRQ DQG GHJUDGDWL
DGMXVW WKH FRQWHQW DQG WKH VWUXFWXUH RI WKH XVHU SURIL
([SHULPHQWDO UHVXOWY GHPRQVWUDWH WKDW RXU VFKHPH LV HI
ORGHOLQJ [3DXO &RQIHYMQRFLPWISR |3HUVR@/®I EHKDYLRU SURYLGHV PDQ\ FXHV WR LPSURYH WKH UHOHYDQ
WKH LRSDFwW FH DUWLIFROH |[3URFHHBWRRQ SHUVRQDOL]DWLRQ 2QH DVSHFW RI XVHU EHKDYLRU WKOW SURYL
Rl VKRUW |%HQQHW &RPSX\JV RI WKHE GHOLYHULQJ EHWWHU UHOHYDQFH LV DQ LQGLYLGXDO V KLVWRU\
DQG ORQJ |W WK VHDUFK
WHUP 5\HQ ODFKLQHQWHUQDWLR@UHYLRXV VWXGLHV KDYH H[SORUHG KRZ VKRUW WHUP EHKDYLRU
EHKDYLRU |: $&0 DO $&0 SUHGLFWLYH RI UHOHYDQFH 2XUV LV WKH ILUVW VWXG\ WR DVVH'
o .o RQ VHDUFK :KLWH 6,*,5 DQG ORQJ WHUP KLVWRULF EHKDYLRU LQWHUDFW DQG |KRZ HDF#
%:& SHUVRQDOL] :HL FRQIHUHQF FRPELQDWLRQ WR RSWLPDOO\ FRQWULEXWH WR JDLQV LQ UHOHYL
DWLRQ &KX H RQ
S5SHVHDUFK 2XU NH\ ILQGLQJV LQFOXGH KLVWRULF EHKDYLRU SURYLGHV VXE\
6XVDQ DQG VHDUFK VHVVLRQ VKRUW WHUP VHVVLRQ EHKDYLRU FRQWULEXWH
7 GHYHORSPH |VHDUFK VHVVLRQ DQG WKH FRPELQDWLRQ RI VHVVLRQ DIQG KLVW
'XPDL QW LQ HLWKHU DORQH
\% LQIRURDWLR
3HWHU Q UHWULHYDO:H DOVR FKDUDFWHUL]H KRZ WKH UHODWLYH FRQWULEXWLRQ RI H
,PSURYLQJ|&KHQ@RQIHYMQRF LBWRRHHEH QR @HWMRQDOL]JHG VHDUFK LPSURYHV WKH TXDOLW\ RI VHDUFK UHVXC
3HUVRQDOLRJ FH DUWLIFROH |JV Rl WKE EHKDYLRU ,Q UHFHQW \HDUV PDQ\ PHWKRGY EDVHG RQ GHHS OHI
HG 6HDUFK|'HQJ &RPSX\)LIWHH@WBUFKSHUIRUPDQFH RI SHUVRQDOL]HG VHDUFK +RZHYHU PRVW RI WKH
ZLWK 'XDO |<XMLD $&0 'XDO PRGHOLQJ SRVLWLYH XVHU EHKDYLRU VLJQDOV ZKLFK OHDGV WR
JHHGEDFN |=KRX ODFKLQHQWHUQBWGEDFN
1HWZRUN |[=KLF|KH $&0 DO QHWZRUNW WKH VDPH WLPH WKH XVHU V VHDUFK EHKDYLRU KLGHV PXFK
L QJ 'RX &RQIHUSMFU |[LQIRUPDWLRQ )RU H[DPSOH FOLFNLQJ DQG VWD\LQJ IRU/ D FHUWI
= H RQ :HEQWHQWHLHR®EDFN DQG VNLSSLQJ EHKDYLRU UHSUHVHQWV LPSOLFLW QHJ
6HDUF
DQG 'DWD ,QWXLWLYHO\ WKLV LQIRUPDWLRQ FDQ EH XWLOL]HG WR|FRQVWU
0LQLQJ SURILOH ,Q WKLV SDSHU ZH SURSRVH D GXDO IHHGEDFN PRGHOL
JUDQXODU XVHU IHHGEDFN LQIRUPDWLRQ WR PRGHO WKH XVHU V
6SHFLILFDOO\ ZH SURSRVH D IHHGEDFN H[WUDFWLRQ QHWZRUN W
UHSUHVHQWDWLRQ LQ PXOWLSOH VWDJHV )RU HQKDQFLQJ WKH X
$Q &KKDYRXUQDO@OVHYLHU 6ZPDWROXWMURRQRVH RI LQWHUQHW DQG :HE VHUYLFHV LV FKDQJLQJ WKH ZD\ 7Z
HYROXWLRDWQWDDUWLFOH DQG U\ FRPPXQLFDWH VLQFH WKH ODVW GHFDGH $OWKRXJK WKLV XVDJH
\ 6DQMD\ (YROXWEBQ\DW UHVSHFWV VWLOO WKH SUREOHP RI ILQGLQJ UHOHYDQW LQIRUPD\
FOXVWHULQXPDU U\
DOJRULWKP-DLQ &RPSXVWDWRULWRPWYH XVHU IDFHV WKH SUREOHP RI LQIRUPDWLRQ RYHUORDG D
EDVHG|RQ RQ SHFRPPHQIRUPDWLRQ PDNHV WKH SUREOHP PRUH FRPSOH[ )XUWKHUPRUF
WHPSRUDO QGHU |FKDQJLQJ ZLWK WLPH 6HYHUDO WHFKQLTXHV GHDO ZLWK WKLV Sl
5. |[IHDWXUHV VI\VWHPEPRQJ WKHP
IRU &ROODERUDWL
G\QDPUF Y H 5SHFRPPHQGHU 6\WVWHPV 56V DVVLVW XVHUV LQ ILQGLQJ|UHOHYDC
UHFRPPHQ ILOWHURRVWO\ EDVHG RQ GDWD PLQLQJ DOJRULWKPV 7KLV SDSHU DGGU|
GHU 'DWD |UHTXLUHPHQWYV FKDQJLQJ RYHU D SHULRG RI WLPH LQ VHHNLQJ L
VA\VWHPYV PLQLQJGHDO ZLWK WKHP

:H SURSRVH D '\QDPLF 5HFRPPHQGHU V\VWHP '56 EDVH

5 RQ HYR




$Q &KKDYRXUQBBOULQJHU 6RFLPOXWALRQREVDJIH RI LOWHUQHW DQG :HE VHUYLFHYV KDV WUHPHQRGRXVO\
HWHQGHG |5DQDDUWLFOH 1HWZRUN 7KLV XVDJH KDV PDGH OLIH HDVLHU LQ PDQ\ UHVSHFWV HVSHFLD
HYROXWLRQEDQMD\ $QDO\WEOXVW LQIRUPDWLRQ ZLWK WKH KHOS RI VHDUFK HQJLQHV
\ .XPDU DQG 0LQLQJ
FOXVWHULQDLQ $OJRULWREHYHU WKH SUREOHP RI ILQGLQJ UHOHYDQW LQIRUPDWLRQ VW
DOJRULWKF 5HFRPPHQFUHDVLQJ QXPEHU RI FKRLFHV SUHVHQWHG E\ WKH VHDUFK HQJ
IRU DQ QGHU | 56V DUH HYROYLQJ WKHVH QHZ JHQHUDWLRQ 56V DUH DGRSWHG
5- 'DGDSWLYH VIVWHPORQJ WHUP UHODWLRQ ZLWK FXVWRPHUV
SWIUHFRPPHQ &ROODERUDWL
GHU V\NWHP YH 56V DLG XVHUV LQ ILQGLQJ UHOHYDQW LQIRUPDWLRQ RQ WKH ZH|
ILOWHUSQREOHP DQG GDWD PLQLQJ LV ZLGHO\ XVHG DPRQJ WKHP
"DWD
PLQLQJ 7KH\ WDUJHW WKH LQIRUPDWLRQ RYHUORDG SUREOHP DQG DOVR
DV QHZ LQIRUPDWLRQ DUULYHV 7KH JRDO Rl SUHVHQWLQJ XSGDW
IRUHPRVW FKDOOHQJH LQ WKH DUHD RI 56 UHVHDUFK DV XVHU{V I
&ROODERUDPWRQA&ERQIHUYRQJ |3URFHHGER®XWiFRRXVDWH XVHU SURILOLQJ LV LPSRUWDQW IRU DQ RQOLQH UHFR!
YH TL /XFH DUWRGOH |JV RI WHH SHUVRQDOL]HG UHFRPPHQGDWLRQV WR LWV XVHUYV
(YROXWLRQG6LQQR 8QLYHUYZMQW\5HFRPPH
IRU 8VHU |-LDOJLQ RI 6FLHQAWK |QGHU | ,Q PDQ\ UHDOZRUOG VFHQDULRV WKH XVHU V LQWHUHVWYV WRZD
3URILOLQJ|B@Q DQG |, QWHUQDWWR@VKHUHIRUH D G\QDPLF DQG HYROXWLRQDU\ XVHU SURILOH LV QHF
5HFRPPH |<RQJ 7HFKQRD® J R L|@R O O D/EFRUWOMILHYROXWLRQDU\ YLHZ RI XVHU V SURILOH E\ SURSRVLQJ D &
QGHU /L -UH \ &RQIHUHF |ZKLFK OHDUQV WKH HYROXWLRQ RI XVHU V SURILOHV WKURXJK Wt
131 |e\WWHRV |-LDQJ HRQ |ILOWHUWLBBRPPHQGHU VIVWHPV DQG RXWSXWYV WKH SURVSHFWLYH XVHU ¢
4LDQJ $UWLILFR WO
<DQJ JQWHO CPLLIHLGR) 7R YHULI\ WKH HITHFWLYHQHVYV Rl WKH SURSRVHG PRGHO ZH FRQ
H ,-&$)| GDWDVHW ZKLFK LV REWDLQHG IURP WKH RQOLQH VKRSSLQJ ZHE'
DQG FRQWDLQV PRUH WKDQ PLOOLRQ XVHUV VKRSSLQJ UHFRUG
GD\V
([SHULPHQWDO DQDO\WHY GHPRQVWUDWH WKDW RXU SURSRVHG &
$ VWXG\ RI|&KKDYRXUQBOULQJHU $UBHFRPIFHEH HWHQVLYH XVDJH RI LOWHUQHW LV IXQGDPHQWDOOY} FKDQJL(
WK H 5DQDDUWLFOH L QWHOOLGHOQF &RQVHTXHQWO\ WKH UHTXLUHPHQWYV RI XVHUV ZKLOH EURZVLQJ |
G\QDPLUF |6DQMND\ H 5HYLWIVWHPV
IHDWXUHV RXPDU &ROODBRERWRHQGHU 6\WWHPV 56V SURYLGH D WHFKQRORJ\ WKDW KHOS
UHFRPPHQ |-DLQ YH ILOWRQMHQWY RQ LQWHUQHW 5HYROXWLRQDU\ LQQRYDWLRQV LQ WK
GHU HITHFWV RQ XVHUV KDYH DFWLYDWHG WKH UHVHDUFK LQ WKH DUH
VIVWHPV ,QIRUPDWLR
5. Q 7KLV SDSHU SUHVHQWY LVVXHV UHODWHG WR WKH FKDQJLQJ QHH
RYHUORFK®QJHV LQ WKH VIVWHPVY] FRQWHQWYV 7KH 56V LQYROYLQJ VDLG
\QDPLFSHFRPPHQGHU 6\WWHPV '56V 7KH SDSHU ILUVW GHILQHV WKH FR
7HPSRUDIULRXV SDUDPHWHUV WKDW FRQWULEXWH LQ GHYHORSLQJ D '56
7KH SDSHU DOVR GLVFXVVHV WKH VFRSH Rl FRQWULEXWLRQV LQ \
SRVVLEOH H[WHQVLRQV WKDW FDQ LPSURYH WKH G\QDPLF TXDOLV
IXW XUH
4XHULHV |%RXO&RQIHUHQ 8VHU |8VHU V LOWHUHVWV DUH LPSRUWDQW LQ TXHU\ UHIRUPDWLRQ ILC
EDVHG QDW|FH DUWLFOH |,((( $&6SURILOQ#®WHVLGHY WKH XVHU SURILOH LV DOZD\V G\QDPLF GXH WR WKH LQ
3URILOH |1RXU W K LQFUHDVH DPRQJ GRFXPHQWYV
(YROXWLRQ(O ,QWHUQDRQRWLRQ
XVLQJ +RXGC DO 7KXV LWV HYROXWLRQ LV UHTXLUHG KRZHYHU LGHQWLI\LQJ WKH
*HQHWLF &RQIHUBNGFU |PD\ EH FKDOOHQJLQJ 5HFHQW ZRUNV IRFXVHG RQ XVHU LQWHUHYV
$OJRULWKR%HQEOLG HRQ |4XHULHWROOHFWLRQ E\ PDWFKLQJ WKH GRFXPHQW DQG WKH TXHU\ RU E\
(+1% LD &RPSXWHU LQWHUDFWLRQV ZLWK WKH VIVWHP IHHGEDFNV
1DGMLD 6\WWHP&VHU
DQG |, QWHUHAREWYHU WKH\ GLG QRW FRQVLGHU WKH TXHULHV H[FOXVLYHO\ Lt
OHILDQ $SSOLFDWLR |SURSRVHV D QHZ XVHU SURILOH HYROXWLRQ DSSURDFK LUQ ZKLFK
H Qv *HQHW|DEVHG WR XSGDWH WKH XVHU SURILOH
$EGHON $,8&6$$0JRULWKP
uLP 7R GR VR ZH XVH JHQHWLF DOJRULWKP WHFKQLTXH WR H[WUDFW
QHZ LQWHUHVWY LPSURYH WKH ZHLJKWV RI WKH H[LVWLQJ RQHYV
$ =KL\XDRXUQD@VHYLHU .QBEBRBREHFRPPHQGHU VIVWHPV W\SLFDOO\ VWRUH SHUVRQDO SUHIHUHQF
ZHLIKWHG |Q DUWLFOH H %DVH@GGHU |[FDQ EH UHSUHVHQWHG E\ QXPHULFDO DWWULEXWHV +RZHYHU Wt
DGDSWDWLR®&DQJ 6\WWHPV\VWHPLQFRPSOHWH DQG LPSUHFLVH
PHWKRG RQ <XQ 1XPHULFDO
OHDUQLLQJ |/LX DWWULBRWHWSRUWDQW SUREOHP LQ WKH GHYHORSPHQW RI WKHVH V\VW
XVHU *XDQG 8VHU |SUHIHUHQFHY DQG KRZ WR DXWRPDWLFDOO\ DGDSWHG XSGDWH W
_ |SUHIHUHQFRQJ SUHIHUSDSHU SUHVHQWY DQ XQVXSHUYLVHG DSSURDFK IRU OHDUQLQJ X\
=& SURILOH |;X SURILOCHVWULEXWHY E\ DQDO\]LQJ WKH LQWHUDFWLRQV EHWZHHQ XVHUYV
+DLTLD "\QDPLF
QJ :KHQ D OLVW RI UHFRPPHQGDWLRQV VKRZQ WR D WDUJHW XVHU V
&KHQ KLP KHU WKHQ WKH VHOHFWHG LWHP DQG WKH RYHU UDQNHG LW/
IHHGEDFN WR OHDUQ WKH XVHU SURILOH
6SHFLILFDOO\ WZR FRQWULEXWLRQV DUH RIIHUHG D DHDUQLQ
RYHU UDQNHG LWHPV WKURXJK DQDO\VLV RI XVHU IHHGEDFNV DQ¢
$ *HQHULF |/XFDV%RRN|,26 3UHVV SUWLILFLDOKH SDSHU SUHVHQWY D UHFRPPHQGHU VI\VWHP WKDW SHUPLWV W
8VHU ODUL@KDSWHU ,QWHO GILIHI®E BQEBXLVWLF FULWHULD DQG DIWHU FROOHFWLQJ LQIRURDWLRQ C
3URILOH |'DYLG H V ,PSOSAUWRUPYV DQ XQVXSHUYLVHG DGDSWDWLRQ RI WKH XVHU SURILOF
$GDSWDWLR®HUQ 5HVHDUF&DSWDWLRQ
$QWROQL DQG RI 3UR|WOKDYV EHHQ LPSOHPHQWHG DV D :HE DSSOLFDWLRQ DQG GHVLJQ
JUDPHZRUN R "HYHORSRFRPPEH DSSOLHG WR DQ\ GHFLVLRQ PDNLQJ SUREOHP ,W LQFOXGHV W
ORUHQR HOW |QGHU |UDWH DQG UDQN DOO DOWHUQDWLYHV UHFHLYHG E\ WKH| VA\VWHP
0.0 6\WWHPXVHU DQG D PRGXOH WR DGDSW WKH FXUUHQW XVHU SURILOH LQ
LPSOLFLW LQIRUPDWLRQ DERXW WKH XVHU LQWHUDFWLRQ ZLWK W
7KH SDSHU SUHVHQWY VRPH SUHOLPLQDU\ UHVXOWY DQG GLVFXV)

DGDSWDWLRQ DOJRULWKP




$ 6XUYH\ |'XF |&RQIHYUHBWQDSRURFHHBGRSWILRE WHDFKLQJ WHFKQRORJ\ ZLWK WKH XVLQJ ,7 HTXLSPHQWYV KD\
RI /RQJ|FH DUM DRI QIVORI WKW WHPWSHIFKLQJ DQG OHDUQLQJ LQ WUDGLWLRQDO OHDUQLQJ IRUP ,Q
$SSO\LIQJ |/H 8OLYHUWLKMV\ |[VRQDO|ISRBHUIXO PHGLXP LQ HGXFDWLRQ WR VXSSRUW OHDUQHUV IRU VH
8VHU $Q +RFKLALQXHUQDWWROVKDULQJ PDWHULDOV FRPPXQLFDWLQJ ZLWK IULHQGY DQG VR RQ
3URILOH LQ7H FLW\ |DO LQWHOOLJHQW
WK H 1IX\H &RQIHUWRWRULWILY PRUH DQG PRUH IDPLOLDU DQG FDQQRW PLVV LW WR DOO O
$GDSWLYH |Q HRQ |VIWVWHPV\VWHPV KDYH EHHQ DOVR GHYHORSHG WR PHHW DOO OHDUQLQJ
/11 'ovwUXFWILRQ QK (/HDUQDGDSWEZYMK WKH FRPSXWHU 5HFHQWO\ SHUVRQDOL]HG V\VWHFAV FDOO}
DO 6\V' 7KXF 3HQDQB\SHURBEYHORSHG LQ PDQ\ ILHOGV VXFK DV H &RPPHUFH ,QIRUPDWLRQ
1IX\H 0DOD\VDDV\VWHP
H/HDU(5HWULHYDO DQG H/HDUQLQJ ,Q WKHVH VIVWHPV HYHU\ XVHU SRV
9D Q XVHU |[SURILOH ,W GHSHQGV RQ DSSO\LQJ ILHOG WKDW FRQWDLQV GLIIH
+DR SURILOBY SHUVRQDO LGHQWLILFDWLRQ SUHIHUHQFHV DQG KDELWV )UF
7UDQ XVHU VHUYLFHV RU LQIRUPDWLRQ DSSURSULDWH IRU KLV KHU SUF
$[HO
%XLOGLQJ 'XF |&RQIHOHBWQBURF HHIAmMS WISHVHDUFKHY DQG DSSOLFDWLRQV RI H /HDUQLQJ VWDUW |ZLWK EX
/HDUQHU |/RQJ/ FH DUWDRQR QORI WHKH EDVHG RQ ,QWHUQHW EHVLGHYV WKH GHYHORSPHQW RI /HDUQLQJ
3URILOH LQ/H 8QLYHUWLNV\ |/HDUQLBBVW HDUO\ H /HDUQLQJ VIVWHPY OHDUQHUY DUH RIWHQ SURYLG
$GDSWLYH| $Q +RFKLRALQXHUGBDWIRROHDUQLQJ PDWHULDOV LQ WKH IRUP RI RQH VL]H ILWV DOO
H 7H FLW\ |DO $HI6
/HDUQLQJ |1IX\H &RQIHUBBBUQHUDW PHDQV DOO OHDUQHUV DUH WKH VDPH WKH VIVWHPV GR QR
6\WWHRV |0 H RQ H SURILOBDFNJURXQGYV OHDUQLQJ JRDOV DQG SHUVRQDO LQWHUHVWY 1R
11+ "LQK JHDUQLRVHU |ZLGHO\ LQ WKH H /HDUQLQJ VIVWHPV LQ ZKLFK WKH DGD|SWDWLR
7KXF ,&(/ |PRGHO OHDUQHU WR JHW NQRZOHGJH WDNH LQWHUHVW LQ WKH OHDUQL
1IX\H SURILOBHDUQHU
Q IHDWXUH
$[HO UXOH |7KH FRUH LGHD RI RXU SDSHU LV WR VXJJHVW D JHQHULF XVHU PF
+XQJHU EDVHG|DFWLYLWLHY DQG SURYLGHV DSSURSULDWHO\ OHDUQLQJ| UHVRXU
LQGXFVELRQGHG OHDUQLQJ HQYLURQPHQW WUDGLWLRQDO OHDUQLQJ LC
$GDSWLYH |0 &RQIHUHQ 3URFHHIGAMS WBYSURWRW\SH VIVWHP IRU WKH ILQH JUDLQHG ILOWHULQJ RI QHZV
XVHU 6KHSKH DUWLFOH |JV Rl WKMOWHUWHVW KDV EHHQ FRQGXFWHG
PRGHOLQJ |HUG | & W K
IRU ILQWH U LIMWWHU DQQXD|QLOWHULKH VIVWHP LV EDVHG RQ DQ DGDSWLYH XVHU PRGHO WKDW LQWH
HOHFWURQLF $ 7 +DZDLL QHXUDO QHWZRUNV 7KH VWHUHRW\SHY DUH EDVHG RQ QHZVSDSH
QHZV 0DUDWK LOQWHUGDWLRELWX HGLWRU VSHFLILHG DQG XVHU VSHFLILHG NH\ZRUGY (LJKW
. DO QHXUD|@®D\V Rl QHZV SDSHUYV QHZV LWHPV DQG WKHQ WHVWHG WKH V
6:0 FRQIHUGBWZRQMZYV LWHPV
H RQ
VAVWHPB\WWHPR)LYH XVHUV ZHUH VLPSO\ DVNHG WR UHDG WKH QHZV ZKLOH WKU
VFLHQFWMVWLGURILOHY ZLWK H[SOLFLW LQIRUPDWLRQ QHHGV 7KH HYDOXDWLR
DGDSWLYH XVHU PRGHO GLG LQ IDFW UHIOHFW WKH GLIIHUHQFH
&RPSXWEWERWK FDVHVY WKH UHVXOWVY DOVR UHIOHFW WKH TXDOLW\ RI W
VFLHQFE\ WKH XVHU LQ FUHDWLQJ WKH XVHU SURILOH
$XWRPDWLHAXFDV-RXUQDOVHYLHU .QBEBRBBHOH RI WKH PRVW FKDOOHQJLQJ WDVNV LQ WKH GHYHORSPHQW RI
SUHIHUHQFBDULQUWLFOH H %DVHGGHU |RI WHFKQLTXHYV WKDW FDQ LQIHU WKH SUHIHUHQFHV RI XVHUV WK
OHDUQLQJ$QWRQL 6\WWHPV\VWHPV
RQ R 3UHIHU7KRVH SUHIHUHQFHY DUH HVVHQWLDO WR REWDLQ D VDWLVIDFWR
QXPHULF |ORUHQR OHDUQRWHIHUHQFH OHDUQLQJ LV HVSHFLDOO\ GLIILFXOW ZKHQ DWWULE>
DQG PXOWL 'DYLG $JIJUHJDWQRXLVWLF LQWHUYHQH LQ WKH SUREOHP DQG HYHQ PRUH ZKH
YDOXHG LVHU|Q Q
00, [EFDpWHJ RSHUDWRUY SDSHU SUHVHQWYV DQ DSSURDFK WR OHDUQ XVHU SUHIHUHQI
DWWULEXWHV )X]]\ |OLQJIXLVWLF DWWULEXWHV WKURXJK WKH DQDO\VLY RI WKH XVHU
VHWV |EHHQ WHVWHG ZLWK UHDO GDWD RQ UHVWDXUDQWYV VKRZLQJ D Y
5DQNLQJ
%D\HVLDQ |&KDUORXUQDOVHYLHU &RPSXWNIHYKDQJH SRLQW PRGHOV DUH RIWHQ XVHG WR PRGHO ORQJLWXGLQ
DQG SURILOW DUWLFOH RQDO |SRLQW\SRLQW %D\HVLDQ %LRPHWULND $SSO BWDWLVW
OLNHOLKRR® +D/0O 6WDWLVRQFMW XGLRU SURILOH OLNHOLKRRG 6WDWLVW OHG PHWKRG
FKDQJH -XQ<LQ 'DWD | DO GDWD
SRLQW J $QDO\VQV[HG |:H FRPSDUH DQG FRQWUDVW WKH WZR PHWKRGV LQ DQDQ\]LQJ OR
PHWKRIGV [/\QQ PRGHOMOURQ[ $JLQJ 6WXG\ 7KH %D\HVLDQ PHWKRG KDV DGYDQWDJHV RY
IRU .XR &RIQLWLYMKDW LW GRHV QRW UHTXLUH DOO VXEMHFWY WR KDYH WKH V|
*<-/lPRGHOLQJ |5LFKpU DJLQJ |[UHJDUGLQJ VHQVLWLYLW\ WR FKRLFH RI SULRU GLVWULEXWLRQ L
FRIQLWLYHG %D\HVLDIORZ WKDW GHFOLQH LQ PHPRU\ SUHFHGHY GLDJQRVLV RI GHPHQ
IXQFWLRQ |% /LSWR DQDO\VHWDQJH SRLQWY DUH QRW QHHGHG WR PRGHO KHWHURJHQHLW\ DF
RYHU WLPHQ ODUNR
FKDLQ
ORQWH
&DUOR
&RJIQLWLYHODUOHRXUQBDOLOIRWBEKRRO&RJIQLWOWHHUSUHWDWLRQ RI FRIQLWLYH WHVW SURILOHV LV SRSEXODU LC
SURILOH |: DUWLFO4EOLFBWERGGRRILOBUDFWLFH EXW LV QRW VXSSRUWHG E\ UHVHDUFK HYLGHQFH 7KL\
DQDO\VLV |[:DWNLQ v \ 4XDUWHUO\ |WKDW SURYLGH DGGLWLRQDO GDWD UHJDUGLQJ FRIQLWLYH WHVV
$ VKDUHG |V
SURIHVVLR|Q QHJDWLYH UHVHDUFK OLWHUDWXUH GHWDLOHG DQDO\VLV IRXQG
DO P\WK LQJ UHOLDELOLW\ YDOLGLW\ RU GLDJQRVWLF XWLOLW\ |[HYHQ FR
ow SRVLWHY ZHUH SV\FKRPHWULFDOO\ ZHDN 7KHVH UHVXOWYV ZHUH (
PHWKRGY DUH LQIHULRU WR QRUPDWLYH PHWKRGV LQ FRJQLWLYH
IDLOXUH Rl HPSLULFDO YDOLGDWLRQ EHOLHI LQ WKH XWLOLW\ RI
ZDV OLNHQHG WR D VKDUHG SURIHVVLRQDO P\WK DQG LW ZDV UHF
FKHZ WKH DSSOLFDWLRQ RI FRIJQLWLYH WHVW SURILOHV [IRU GLIIF




&ROODERUDWL |&RQIHSMQRFUBWRRHHGLQ |,Q PDQ\ WLPH DZDUH LWHP UHFRPPHQGHU V\VWHPV PRGHOLQJ Wk
Y H *DR |FH DUMLIFROHWKHRI WKHFRPPHMHU SURILOHV DQG WKH FRQWHQWY RI LWHPV RYHU WLRH LV HV\
"\QDPLF -LD $GYDQF$s, GHU PHWKRGV IRFXV RQ OHDUQLQJ XVHUV G\QDPLF LQWHUHVWV ZKHL
6SDUVH X HQW RI&RQIHUWY¥MWHPDVVXPHG WR EH VWDEOH RYHU WLPH
7RSLF &KXDQ $SUWLILHLRQ |G\QDPLF
5HJUHVVLR|=KRX . QW HO CBLLIW QIA| FISID® VH KH\ WKXV IDLO WR FDSWXUH WKH G\QDPLF FKDQJHV LQ WKH LWH
._|Q zZLWK <XH [X H ,QWHOONRBQF SUHVHQW D QRYHO PHWKRG &'8( IRU WLPH DZDUH LWHP UHFRPPHC
‘= 18VHU H PRGHO|HWROXWLRQ RI ERWK XVHU V LQWHUHVWY DQG LWHP V FRQWHQW YV
* |3URILOH XVHU
(YROXWLRQ SURILQBSHFLILFDOO\ ZH SURSRVH D G\QDPLF VSDUVH WRSLF PRGHO WR
IRU ,WHP HYROXWKRQJHV LQ LWHPY FRQWHQWYV RYHU WLPH DQG DGDSW P YHFWR!
5HFRPPH XVHUV G\QDPLF LQWHUHVWYVY 7KH LWHP V WRSLFV DQG XVHU V LG
QGDWLRQ OHDUQHG FROODERUDWLYHO\ DQG VLPXOWDQHRXVO\ LQWR D XQL
([SHULPHQWDO UHVXOWY RQ WZR UHDO ZRUOG GDWD VHWV GHPR
&RPELQLQJ+HFWRBQIHBBQLQJIHU ,QWHGKMPWLBAR JDPHV LQGXVWU\ LV VSHFLDOO\ IRFXVHG RQ XVHU HQWHUW
7LPH ' FH DUWLFOH |DO JDPHV |WKHVH FRPSDQLHYVY WR GHYHORS LQWHUDFWLYH DQG XVDEOH JDP]
6HULH OHQHQ &RQIHUMPHU |[SUHIHUHQFHYV 7KH PDLQ SUREOHP IRU WKH JDPH GHYHORSHUV LV
DQG GH] H RQ |SURILOBHKDYLRXU GXULQJ WKH JDPH SOD\
&OXVWHULQSDIDHO &RPSXV8YWU
WR ([WUDFWLQGHO RQDO |[HYROXWLRLY LQIRUPDWLRQ LV LPSRUWDQW VSHFLDOO\ QRZDGD\V EHFD>
*DPHU DQG &ROOHFWRPMH |OHYHOV RU QHZ JDPHV LQWHUDFWLYHO\ XVLQJ WKHLU RZQ FRQV
09&|3yRiILOMH 'DYLG ,QWHOGBHWMHMYSURILOH H{WUDFWHG IURP WKH JDPH SOD\ WR FUHDWH QHZ OHYHC
(YROXWLRQ&DPDF H &OXVWHMHFRPPHQG QHZ YLGHR JDPHV DQG DOVR PDWFK XS XVHUV
KR
7KLV ZRUN WULHV WR GHDO ZLWK WKLV SUREOHP +HUH [ZH SUHV|
ZKRVH SKLORVRSK\ LV EDVHG RQ WKH LQIRUPDWLRQ H[WUDFWLRQ
SOD\ SURILOH DQG LWV HYROXWLRQ :H DOVR SUHVHQW D PHWKR
WR JURXS XVHUV DFFRUGLQJ WR WKHLU SURILOH HYROXWLRQ 7Kl
UHDO XVHUV ZKLFK KDYH SOD\HG 'UHDP GXULQJ VHYHUDO URXQG\
2QWRORJ\ |[/LDQP&RQIHBBQLQJHU :RGEBDQWQFODVW GHFDGH D QXPEHU RI GHVLJQ DSSURDFKHV KDYH EHHQ D
%DVHG 5D]PHH DUWLFOH |6 XPPLW:HE H OHDUQLQJ VI\VWHPV ,Q WKLV FRQWH[W 8VHUV /HDUQHUV PRGHO
8VHU ULWD RQ '‘DWDEDWSIWFLILFDWLRQ Rl FKDUDFWHULVWLFV DQG IHDWXUHV RI| OHDUQH
ORGHODOLQJOLOWLDGL .QRZOHGJ OHDUQLQJ
3HUVRQDOLY H 6RFLIBWUVRQDOL]
DWLRQ A\WUDV DWLRQ ,Q WKLV DUWLFOH ZH DUH LQWURGXFLQJ DQ 2QWRORJ\ %DVHG 8V
$QDO\LQJ 6HPDQWIKRZ KRZ LW FDQ EH XVHG LQ WKH FRQWH[W RI D 6HPDQWLF /HDU
5/ WKH ‘HE
SHTXLUHPH (YROXWEZRE PDLQ FRQWULEXWLRQ RI WKH DUWLFOH UHODWHY WR WKH Gt
QWV RI D 6HPDQWILFG UHTXLUHPHQWYV IRU 6HPDQWLF /HDUQLQJ $SSOLFDWLRQV WR.
6HPDQWLF ‘HE SHUVRQDOL]DWLRQ DQG PDQDJHPHQW RI SHUVRQDO SURILOHV DQ
/HDUQLQJ 0LQLQJ]
3RUWDO 2QWRORJ\
%DVHG
8VHU
\QDPLF IXFDV-RXUQBBOULQJHU $SSPERBPSHFRPPHQGHU VI\VWHPV WU\ WR KHOS XVHUV LQ WKHLU GHFLVLRQ
DGDSWDWLRQULUQUWLFOH LQWHOQIGHWFDYDLODEOH DOWHUQDWLYHV DFFRUGLQJ WR WKHLU SUHIHUHQFHYV
RI 'DYLG H VI\VWHPYKH GLVFRYHU\ DQG G\QDPLF XSGDWH RI WKH XVHUVY SUHIHUHQF
QXPHULFDO,VHU|Q 8VHU |[GHYHORSPHQW RI WKHVH VA\VWHPV
DWWULEXWBQWRQL SURILQH
LQ D XVHU |R 3URILOHQ WKLV ZRUN ZH SURSRVH WR XVH WKH LQIRUPDWLRQ SURYLGHG
SURILOH ORUHQR DGDSWHEWWR@® UHFRPPHQGHU V\VWHP WR LQIHU KLV KHU SUHIHUHQFHV R
0.0 GHFLVLRQ DOWHUQDWLYHV ORUH VSHFLILFDOO\ WKLV SDSHU SD\
3UHIHUXVHUYTV SUHIHUUHG YDOXH LQ WKH FDVH Rl QXPHULFDO DWWULEX
OHDUQLQJ
1XPHULMBD®HWKRGRORJ\ WR DGDSW WKH XVHU SURILOH LQ D G\QDPLF DQ
FULWH|DL®D SWDWLRQV LQ WKH SURILOH DUH SHUIRUPHG DIWHU HDFK LQW
DQG RU DIWHU WKH V\VWHP KDV JDWKHUHG HQRXJK LQIRUPDWLRQ
‘H KDYH GHYHORSHG D IUDPHZRUN IRU WKH DXWRPDWLF|HYDOXD)\
SHSUHVHQWDULGRQIHBBQLQJIHU ,QWHUQPWRBKKH ZHE SHUVRQDOL]DWLRQ KRZ WR UHSUHVHQW XVHU SURILO
DWLRQ|DQG$FKHFH DUWLFOH |[DO HG SURILOH UHIHUV WR KLV KHU LQWHUHVWYV ZKLFK FKDQJH|RYHU WL
(YROXWLRQRXNK 6\PSRVIIBXMDUFKVHDUFK DSSURDFK IRU UHSUHVHQWDWLRQ DQG HYROXWLIRQ RI WK
RI 8VHU 5DFKLG P RQ |6KRUW|/ED\HVLDQ QHWZRUN
3URILOH OHWKR|GROURP XVHU
LQ $KPHG JLHV IR®URILOQHWKH WKHRUHWLFDO IUDPHZRUN SURYLGHG E\ WKHVH QHWZRUNV O
,QIRUP  QWHO RGO WSHWRILOH IURP KLV KHU LQWHUDFWLRQV ZLWK WKH VHDUFK V\VWH
$$ | SGHWULHYD@XDPH 6\WWHPXVHU |GHVLJQHG WR DSSUDLVH WKH H[SORLWDWLRQ LPSDFW RI|WKH XV
%DVHG|RQ |U SURILOWKH VHDUFK UHVXOWY UHOHYDQFH
%D\HVLDQ \QDPLF
$SSURDFK %D\HVLDQ
1HWZRUN
8VHU *LXVH&BRQIHBBQLQJHU ,QWHVWmMDWKRQEOWLPDWH JRDO RI DQ LQIRUPDWLRQ SURYLGHU LV WR VDWL)
3URILOH SH |FH DUWLFOH |DO &DWHJRMR SURYLGH WKH XVHU ZLWK WKH ULJKW LQIRUPDWLRQ [DW WKH
ORGHOLQJ [$PDWR FRQIHUHQEWD/GUHUHTXLVLWH IRU GHYHORSLQJ SHUVRQDOL]JHG VHUYLFHV LV WR
DQG H RQ |/LEUDUXVHUVY LQIRUPDWLRQ QHHGYV
$SSOLEDWLBREHUW WKHRUBHOHY
V WR R DQG YHHGEDENVKLY SDSHU ZH ZLOO ILUVW DGGUHVV WKH LVVXH RI SUHVHQW|
'LIJLWD[O 6WUDFFL SUDFW|IBMHU |WKH JHQHUDO XVHU SURILOH PRGHO ZLOO EH FXVWRPLVHG IRU Gl
$6 |/LEUDULHV|D Rl GLJLWDRUPDWLR
OLEUDUQHV
&ROODERUDWL
YH )LOWHU




I9LVXDOLJLQIHXGRRQIHUHQ XVHU 1RZDGD\V RQOLQH VRFLDO QHWZRUNV KRVW PRUH DQG RRUH DSS

WK H QQp |FH DUWLFOH |,QWHUQEDMRLR@NVHUV ZLWK WKH SRVVLELOLW\ RI ILQGLQJ HYHU\WKLQJ WKH\ QHH
HYROXWLRQ7TFKXHQ DO
RI XVHUVY [WH &RQIHUWRFLDO7KH QXPEHU DQG GLYHUVLW\ RI LQWHUDFWLRQV WKDW WDNH SOD
SURILOHV |[0oDULUH HRQ |QHWZRWDSSOLFDWLRQV ZLWKLQ WKHVH SODWIRUPV PDNH WKHVH|HQYLURG(
IURP )UDQoRL $GYDQFHV OHDUQLQJ YDULRXV W\SHV RI LQIRUPDWLRQ DERXW XVHUVYT LQWH
. RQOLQH VH LQ 6RF|/MDHOP SRIWKH GHWHUPLQDWLRQ RI XVHUVY VKRUW WHUP DQG ORQJ WHUP L
7&% yRFLD O &DQXW IHWZRUNWSK [DGDSWDWLYH VIVWHPV WKDW WDNH LQWR DFFRXQW WKH|HYROXW
QHWZR[UNV|1DGUQH $QDO\VLV
DQG OUGLQDPLFKLOH VWXGLHY LQ DGDSWDWLYH VIVWHPV IRFXV RQ FRPSXWLQJ L
%DSWLVW JUDSK|SHULRGY WR GHWHUPLQH XVHUfV VKRUW WHUP DQG ORQUJ WHUP S
H JUDSKVY YLVXDOL]DWLRQ RI XVHUVY LOWHUHVWYV )URP D FDVH VV
-HVVHO WH[W PIQDROKY LQ RUGHU WR YLHZ WKH LQIOXHQFH RI VRFLDO WLHV RQ V
$QG|Up
3pQLQR
8VHU $OH[DSRQIHEHWHVHHU 3URAHHGLH) GHVFULEH $SPDOWKDHD D VIVWHP WKDW XWLOLJHV $, PHWKRGYV
ORGHOLQJ |[GURVFH DUWLFOH |JV PRGHO|XQH U
LQ D ORXND ZRUN V KARSO W L|I51HRI WO H V
OXOWLS$JIHQW RQ VAV WH|P
(YROYLQJ ODFKLQHQIR |7KH SURILOH EXLOGHU ZH LQWURGXFH XVHV FRPSOHWHO\ GLVWUL
6\VWHP /HDUQLRDWHURBKDQLVPV LQ WKH IRUP RI DQ HYROYLQJ PXOWLDJHQW|V\VWHP
IRU 8VHUHPSRUQ@HUDFWLRQ
oR ORGHOLXUDSK Rl WKH XVHU ZLWK WKH DSSOLFDWLRQ DV ZHOO DV GLUHFW XVHU
WK IXOILOO WKH
L, QWHUQDWLRQLQWHUHVWYV RI WKH XVHU
DO
&RQIHUHQF |$PDOWKDHD SURYLGHV WR LWV XVHUV SHUVRQDOL]JHG ILOWHULQJ
H RQ 8VHU LQIRUPDWLRQ LWY V SULPDU\ DSSOLFDWLRQ GRPDLQ LV |WKH :RU
ORGHOLQJ WR DVVLVW
&KLD XVHUV LQ ILQGLQJ LQWHUHVWLQJ LQIRUPDWLRQ
8VHU OLFKDERQIHUHQ &RQWHPBMUYLFH GHOLYHU\ SODWIRUPV LQ WHOHFRPPXQLFDWLRQ HQYLUR
3URILOH |O FH DUWLFOH |)RXUWKDZDUH@HM/ WR SURYLGH FRQWH[W DZDUHQHVV DQG SHUVRQDOL|DWLRQ |
6HOHFWLRQ6XWWHUH $GYDQFHG
E\ OHDQV |U 20Dl LQWHUQRQWLR@QRELY FDOOV IRU DQ DSSURSULDWH PDQDJHPHQW RI XVHU| SURILOH
RI "URHJJH DO UHDVR@MMQZHOO DV VLWXDWLRQ GHSHQGHQW XVHU SUHIHUHQFHV IRU WK
2QWRO|RJ\ |[KRUQ &RQIHUHQF |VHUYLFHV :H SUHVHQW D XVHU SURILOH VHOHFWLRQ DSSURDFK V
. |5HDVRQLQJ.ODXV HRQ |VHUYLFPMDWFKLQJ VLWXDWLRQ GHSHQGHQW XVHU SUHIHUHQFHV FRQFHUQ
6 ‘DYLG 7HOHFRPHOLYHU\

XQLFDWLRIWIRAKMH SUHVHQWHG DSSURDFK WDNHV DGYDQWDJH RI RQWRORJ\ UHD
DSSURDFKHV 7KH FRPSDULVRQ VKRZV WKDW RXU RQWRORJ\ UHDYV
XVHU |PRUH H[SUHVVLYHQHVV FRQFHUQLQJ WKH VSHFLILFDWLRQ RI VLW
SURILOBQG KHQFH OHDGVY WR DQ DGGHG YDOXH IRU SODWIRUP XVHUV

7KH VWDWH5%$<0 |[-RXUQDRUOG |, QWHU BmEWISRVEYWK WKH H[SRQHQWLDO JURZWK RI WKH ,QWHUQHW LQIRUPDWLR
Rl WKH DUW21"' DUWLF®OMH HQWROLFRX|UQIIRQW P BWREOHP RI LQIRUPDWLRQ RYHUORDG $GDSWLYH ,QIRUPDWLRQ $

LQ < . RQ Q $JHQWUOHYLDWH WKLV SUREOHP 7KH ODLQ LVVXHV LQ WKH GHYHORSP
DGDSW|LYH|/$8 $UWLILUBDFELQUWHSUHVHQWDWLRQ OHDUQLQJ DQG FODVVLILFDWLRQ
LQIRUP QW HOOHDHU®MA QJ
DIHQWYV H 7TRRQ%HOLHI9DULRXV SDUDGLJPV KDYH EHHQ H[SORUHG IRU WKH GHYHORSPHQ
5HYLVIRQG WKH SHUIRUPDQFH RI WKHVH DJHQWYV GLITHUV LQ WHUPV RI F
/D FODVVLILFDWLRQ HIIHFWLYHQHVV OHDUQLQJ DXWRQRP\|H[SORUL

7R GHYHORS D EDVLF XQGHU VWDQGLQJ RI WKH SURV DQG FRQV R
UHSUHVHQWDWLYH LQIRUPDWLRQ DJHQWY DUH H[DPLQHG| 6XFK D
JHQHUDO IRU WKH GHYHORSPHQW RI WKH QH[W JHQHUDW|LRQ DGD

7DNLQJ 6LULRRQIHUHQ 6RFLDO, QFRUSRUDWLQJ XVHU LQWHUHVWY HYROXWLRQ RYHU WLIPH LV D |
LQWR 2Q DWH DUWLFOH |,((( SURILOBDUWLFXODUO\ IRFXV RQ VRFLDO SURILOLQJ SURFHVV WKDW XVH\
$FFRXQW |$UQEL 7THQWK QHWZRUN WR H[WUDFW KLV KHU LQWHUHVWYV ,Q WKLV ZRUN ZH D
WKH ,QWHU@YWURQSURILOLQJ PHWKRG RQ 7ZLWWHU
(YROXWLRQ4XLULQ DO SURILQH
RI 8VHUV [$QGUp &RQIHUHQF 7KH DLP Rl WKLV VWXG\ LV WR PHDVXUH WKH HIITHFWLYHQHVV RI R
6RFLDQ 3pQLQR HRQ |(JRFHCQHWZRUN SODWIRUP ZKLFK KDV GLIIHUHQW FKDUDFWHUILVWLFV Il
243 | 3yRILOH X 5HVHDURKWZRWINVHY $OWKRXJK WKH LPSURYHPHQW FRPSDUHG WR WKHKH WLPH D
([SHULPHQ |1DGUQH &KDOOHQJH |WKH H[SHULPHQWYVY XVLQJ D SDUDPHWULF VWXG\ VKRZHG |[XV WKH |
WV RQ V LQ |7LPH |VRFLDO SURILOLQJ SURFHVV RQ 7ZLWWHU
7ZLWWHU |%DSWLVW ,QIRUPDWDR H
DQG VRPH |H Q 6FLH@FMVKRGH DOVR IRXQG WKDW RXU PHWKRG SHUIRUPV ZHOO RQ VSDUVH Qt
/HDUQHG |-HVVHO 5&,6 G\QDPLF LQIOXHQFHYV PRUH WKH TXDOLW\ RI RXU SURSRVHG WLPH
/HVVRQV ODULH UHODWLRQVKLSYV G\QDPLF ZKLOH EXLOGLQJ WKH VRFLDO|SURILOH
JUDQoORL WR D PRUH FRPSOH[ VWXG\ WR ILQG RXW PHDQLQJIXO IDFWRUV Wi
SHSUHVHQWLH <%RQIHUHQ C((( "HE 'Q WKH :HE SHUVRQDOL]DWLRQ RI :HE VHUYLFH DQG FRQVWUXFWL
DWLRQ|DQG;LDQUAH DUWLFOH |,QWH U EHWIVRE@IHSIUHVHQW XVHV SURILOH LV RQH Rl WKH NH\ LVVXHV $LPLQJ DV
(YROXWLRQQJ DO DWLRQ UHSUHVHQWDWLRQ RI XVHU SURILOH LQFOXGHV LQFDSDELOLW\ RI
RI 8VHU IXR ‘RUNVKRS UHFHQW LQWHUHVW ODFN LQ G\QDPLFDOO\ HIIHFWLYHO\|XSGDWL
3URILOH LQ=KHQJ RQ ‘HE
‘HE i X 6HPDQWIHUYLFHKLY SDSHU SUHVHQWY D QHZ PHWKRG RI UHSUHVHQWDWLRQ RI X
|$FwLYLW\ |)DQJ|ID &RPSX] GHJUHH ZLWK DVVRFLDWLRQ GHJUHH EHWZHHQ WRSLFV XSGDWLQ
<l QJ /Ux DQG |DGDSWLQMURGXFLQJ PHPRU\ PRGHO LW FDQ SUHGLFW ZKLFK :HE SDJHV
IXK XL 6\WWHPMWE VLWH
/L %\ FODVVLI\LQJ WKH RSHUDWLRQV RQ WKH SUHVHQWHG XVHU SUF

XVHU |FDQ EH GRQH ,Q FDVH VWXG\ D XVHUSVLODV EURZVLQJ DFWLYLW|
SURILOBURILOH LV EXLOW DQG HYROYHV WKXV WR SURYH WKH IHDVLELO
UHSUHVHQWD
WLRQ




3URILO[H SREE|&RQIHBBQLQJHU ,QWHVRPWFERDQXLWRXV VIVWHPV XVH FRQWH[W LQIRUPDWLRQ WR VHOHFW D¢
3URFH)Y FH DUWLFOH |DO "HVFULPWIGRDSSOLDQFHYV IRU LQGLYLGXDO XVHUV LQ FHUWDLQ VLWXDWL
DQG 6FKDHI &RQIHUBQF UHDFWLYH HQYLURQPHQWY FRQWH[W LQIRUPDWLRQ KDV|WR EH D
(YROXWLRQHU H RQ |)UDPHZBRURFHVVHG DQG FRPELQHG ZLWK XVHU GHYLFH DQG RWKHU SURI
IRU 6PDUW|:ROIJD 8ELTXLN
(QYLURQPH QJ 8VHU ,Q WKLV DUWLFOH ZH SUHVHQW KRZ DQ ;0/ EDVHG WUDQVFRGLQJ
. lQwyv 0XHC ,QWHOBIWHIBGEBQFBQFHG SURILOH SURFHVVLQJ DQG HYROXWLRQ :H GHPRQVWU
60 H DQG|6PDUW/NQRZOHGJH LQWR VHWV Rl UXOHV ZKLFK SHUIRUP DGDSWDWLRQV
-LQJIKX &RPSXWRPH |IRU VPDUW HQYLURQPHQWYV
D 3UHIHU
*URS 7HPSHUDWX
UH
3UHIHLU
3URILOH
2Q WKH %LPDR®RQIHBMQRF | BWRRHHBHmV X IHFOLQH VRFLDO QHWZRUNV KDYH EHFRPH H[WUHPHO\ SR$§X0ODU Q
(YROXWLRQOLVZF®! DUMLIFROH |JV RI WHEW RQMVOHUDFW DQG VKDUH FRQWHQW XVLQJ VRFLDO OLQNV [8VHUV RI
Rl 8VHU DWK &RPSX\ QG $&O0RFLDOKXQGUHGY WR HYHQ WKRXVDQGV RI VRFLDO OLQNV ZLWK|/ RWKHU >
L QWHUDFWLRQ ZRUNV KRSW ZRUNV
LQ $0DCQ ODFKLQRQ\2QOLQH 5HFHQWO\ UHVHDUFKHUV KDYH VXJJHVWHG H[DPLQLQJ WKH DFWL
J)DFHERRN |OLVORYH $&0 VRFLDO EDVHG RQ WKH DFWXDO LQWHUDFWLRQ EHWZHHQ XVHUV | UDWKHU
QHWZR|UNV EHWZHHQ VWURQJ DQG ZHDN OLQNYV
90¢& OHH\R
XQJ :KLOH LQLWLDO VWXGLHV KDYH OHG WR LQVLJKWV RQ KRZ DQ DF
&KD IJURP WKH VRFLDO QHWZRUN LWVHOI D QDWXUDO DQG LP[SRUWDQ\
GLVUHJDUGHG WKH IDFW WKDW RYHU WLPH VRFLDO OLQNV FDQ J!
.ULVKQ
D 3 ,Q WKLV SDSHU ZH VWXG\ WKH HYROXWLRQ RI DFWLYLW\ EHWZHH
*XPP WR FDSWXUH WKLY QRWLRQ :H ILQG WKDW OLQNV LQ WKH DFWLY]
DGL RYHU WLPH DQG WKH VWUHQJWK RI WLHV H[KLELWV D JHQHUDO G
3URILOLQJ[$OH[D&RQIHUYER '2/$3 | %, 7KLV SDSHU DGGUHVVHV WKH ORQJ WHUP SUREOHP RI GHILQLQJ |
XVHU EHOLHIUH |[FH DUWLFOH H[SORUPMDLWRQUH IRU %, H{SORUDWLRQ 6XFK D PHDVXUH LQYROY/HV SULR!
LQ %, &KDQV XVHU|7KH FRPSOH[LW\ Rl WKLV SUREOHP OLHV LQ WKH LPSRVVLELOLW\
H[SORU RQ EHOLHJEHOLHI LQ HDFK HOHPHQW FRPSRVLQJ WKHLU NQRZOHGJH SULRU
IRU %HQ 3DJH5DQN
PHDVXULQJ&UXOQLV 7R WKLV DLP ZH SURSRVH WR DXWRPDWLFDOO\ LQIHU WKLV XVHL
| VXEMHFWLYHLVWD LQWHUDFWLRQV RYHU D GDWD FXEH WKH FXEH VFKHPD DQG RWKH!
&&' || QWHUHVW[LQIVKN WKH EHOLHI XQGHU WKH IRUP RI D SUREDELOLW\ GLVWULEXWLRQ
QHVV X DFFHVVLEOH WR WKH XVHU
1LFR
7KLV GLVWULEXWLRQ LV OHDUQHG XVLQJ D UDQGRP ZDO|N DSSUR
/IDEUIRF WRSLF VSHFLILF 3DJH5DQN 7KH UHVXOWLQJ EHOLHI SURYLGHV W|
KH VXEMHFWLYH LQWHUHVWLQJQHVYV PHDVXUHV WKDW FDQ EH XVH W
3DWULFN H[SORUDWLRQV ,Q WKH DEVHQFH RI JURXQG WUXWK IRU|XVHU EH
ODUFHO XVHUV DQG WKHLU EHOLHI GLVWULEXWLRQV ZLWK DUWLILFLDO FX
ORQLWRULQIODX&RQIHUHR HYROXWRRQGD\V VRFLDO PHGLD DUH ZLGHO\ XVHG IRU WKH EURDGFDVWL
8VHU D FH DUWLFOH |,((( $&(PRQLWR/XIE®IDYVY HYHQWYV DFWLYLWLHY DQG RSLQLRQV $QDO\ILQJ WKLV Y
(YROXWLRQ/DXVFK PRGHOV WKDW GHVFULEH LQGLYLGXDO XVHUV RU JURXSV RI XVHU
LQ 7ZLWWHWH ,QWHUQOMIUR QWKLY ZRUN ZH DQDO\]H LQGLYLGXDO XVHUV DQG PRQLWRU FKDQJ!
(LULQL DO P R Q L W|RMULLRQH
1IWRXWVL &RQIHUHQF
H RQ |7ZLWWHH SURSRVH D WRSLF EDVHG XVHU SURILOLQJ DQG PRQLWRULQJ D
/1 $GYDQFHV PRQLWRULQJ RI SURILOH HYROXWLRQ 2XU PHWKRG LV FDSDEOH R
LQ 6RFLDO UHSUHVHQWLQJ ORQJ WHUP LQWHUHVWYV RI WKH XVHU DV ZHOO D\
1HWZRUNV HYHQWV RU UHDFWLRQV WR WKH QHZV :H HYDOXDWH RXU DSSURL
$QDO\VLV
DQG 0LQLQJ
(YROXWLRQ-DQ [&RQIHUHQ FRQWH@RQWH[W DZDUHQHVYV DQG DGDSWDWLRQ DUH NH\ LVVXHV LQ PREI
Rl & RQWH[W/KRPA¥H DUWLFOH |,QWHU @BURQ$SSOLFDWLRQV RQ PRELOH GHYLFHV XVH FRQWH[W LQIRUPDWLRQ
DZDUH HQ DO XVHU |[HQYLURQPHQWYV
8VHU <YH &RQIHUSIQRILQHYV
3URILOHV |9DQUR H RQ 8OWUD 8VHU SURILOHV SOD\ DQ LPSRUWDQW UROH LQ WKHVH V\VWHPV D
PSD\ ORGHUFRQWH[IWOWHU LQ D ZLGH UDQJH RI SRVVLEOH FRQWH[W DGDSWDWLRQ SI
79% <RODQG 7HOHFRPPDUH@PHRWOGHOLQJ DSSURDFK IRU WKH HYROXWLRQ RI FRQWH[W OZDUH XV
0 H XQLFDWLRQV
%HUEHU ? DGDSWDWRRWLYDWLQJ VFHQDULR WKH LQWHOOLJHQW VHOHFWLRQ RI D
v :RUNVKRS VLWXDWLRQ VKRZV WKH QHHG IRU FRQWH[W DZDUH PDWFKLQJ RI
v PRELOHVLPLODULW\ PDWFKLQJ DOJRULWKP DQG UHLQIRUFHPHQW OHDUQL
FRPSXWLQJ
XELTXUWRXV
FRPSXWLQJ
/HDUQLQJ [6XSL)\RRQIHBRQYHUYURRHHGLQ 5HFRPPHQGHU V\WVWHPV DUH QHZ W\SHV RI LQWHUQHW EDVHG VRI
XVHU 8MMLRH DUMEROMHUIMN RI WKH XVHUV ILQG WKHLU ZD\ WKURXJK WRGD\YV FRPSOH[ RQ OLQH VKRS
SUHIHUHQFBHWHU /IRQGRQ WK $V[ILD SDSHU GHVFULEHV D QHZ UHFRPPHQGHU V\VWHP ZKLFK HPSOR\V
V XVLQUJ - %HQWO 3DFLILF SHUVRQDO SUHIHUHQFHV RI XVHUV DQG SURYLGH WDLORUHG VXJJ
HYROXWLRQH\ FRQIHUHQF
H RQ
VLPXODWHG
8% HYROXWLRQ
DQG
OHDUQLQJ
6LQJDSRUH




"HVLJQLQJ [9tFWRARQIHSMQRFLBWRRHHGLIQU |7KH VSHFLILFDWLRQ Rl PRGHO DGDSWDWLRQ DQG JHQHUDWLRQ U.
XVHU /ySH]FH DUMLIFROH |JV RI WK®W HU|[DDFHHU LQWHUIDFH GHYHORSPHQW FRPPXQLW\ VLQFH WKHUH DUH F
LQWHU|IDFH-DTXHU &RPSX| WK |GHYHORSMBISRUWLQJ WKH PRGHO EDVHG DSSURDFK
DGDSWDWLRQ LQWH U@MWLRQ
UXOHV|ZLWRUDQFLY |0DFKLQEO\ HQYLURKRMHXELTXLWRXVQHVY LQ LQWHUDFWLRQ DQG WKH GLIIHUHQW XVI
7 0/ FR $&0 |FRQIHUBWF XVEKHQ GHVLJQLQJ LQWHUDFWLYH VIVWHPV )XUWKHUPRUH| WKH FR
ORQWHU HRQ |LQWHUMNRHYV VLWXDWLRQ WKHUH LV D VWURQJ QHHG WR SURYLGH D VHW
105 R L, QWHOMGBH YWD YWWRIQIDFH HYROYH DFFRUGLQJ WR WKH FRQWH[W RI XVH HYROXMW
JHUQDQ XVHU 7.0/
GR 5HD LQWHUMRR® |7KLV SDSHU FRQWULEXWHYV D PHWDPRGHO IRU WKH GHILQLWLRQ F
DSSURDFK SXUVXLQJ HQJLQHHU DGDSWDWLRQ ORUHRYHU D WRR
VXSSRUWV WKH VSHFLILFDWLRQ RI DGDSWDWLRQ UXOHV XVLQJ D
SURFHVV RI GHVLJQLQJ DGDSWDWLRQ IRU PRGHO EDVHG [XVHU LQ
"HVLJQLQJ |,UDM|-RXUQDOVHYLHU 'DWD&30 |,QWHUQHW WHFKQRORJ\ HQDEOHV FRPSDQLHV WR FDSWXJUH QHZ F
HYROYLQJ |[ODKGDUWLFOH _QRZOW®WD |DQG RQOLQH EHKDYLRU DQG FXVWRPL]JH FRPPXQLFDWLRQV SURG
XVHU YL H PLQLQJ
SURILOH LQLB®PMD (QILQHHWE Q | $QDO\WHV RI FXYWRPHUV DQG FXVWRPHU LQWHUDFWLRQV IRU HO
&50 ZLWK | H &KR J GRFXPHRIWDJHPHQW H &50 FDQ EH SHUIRUPHG E\ ZD\ Rl XVLQJ |GDWD PL
G\QDPLUF FOXVWHPHMWIIRGY RU FRPELQHG DSSURDFKHV 2QH NH\ LVVXH LQ WKH DQ
FOXVWHULQ®WDEDN 1HXUR|:HE LV WKH FOXVWHULQJ DQG FODVVLILFDWLRQ Rl :HE GRFXPHQW
0&6/ R :HE 6KLUD]L X1
6 |GRFXPHQWYV 1DYLG DSSURDFKQHUDOO\ WKH FODVVLILFDWLRQ KDV LWV EDVH RQ DQDO\WLFD
6DKHEM 8VHU |RI NH\ZRUGV DWWULEXWHV ZLWK SUHGHILQHG OLVW RI FDWHJRU
DPQLD SURILQBDUJH DQG HYROYLQJ FROOHFWLRQV RI GRFXPHQWV VXFK DV :RU
DSSURDFK WR VROYH WKH SUREOHP Rl XQNQRZQ QXPEHU RI HYRO
7KH DSSURDFK EHJLQV ZLWK WKH FODVVLILFDWLRQ RI WHVW GRF>
ZRUNLQJ SURWRW\SH VIVWHP ZKLFK LV EDVHG RQ )X]]\ &OXVWHUL
$GDSWLYH |'HUP|%RRN| (OVHYLHU |SBRSOWLYH
XVHU %RRNV|VIVWHPV
LQWHU|IDFH%URZQH
%UR
TKDW ,V +DL\DRXUQDD\ORU -RXUQD®HRNVRQROLFRPPHUFH DQG PRELOH FRPPHUFH SHUVRQDOLJDWLRQ KDV E
3HUVRQDOL]DQ |DUWLFQUHWQFLZUJIDQLPMALRQ DSSURDFK HOHPHQW LQ FXVWRPHU UHODWLRQVKLSY DQG :HE VWL
DWLRQ[' 0DUVKD RQDO |PXOWL|SDUDG
3HUVSHFWL®O 6FRWW &RPSX|LJP +RZHYHU WKHUH DUH ZLGH GLIIHUHQFHV LQ KRZ WKLV FRQFHSW
HV RQ WKH|3RROH DQG |UHYLHZLPSOHPHQWHG LQ WKH OLWHUDWXUH ,Q WKLV DUWLFOH |[ZH SUHV|
"HVLJIQ (O HFW UFRIZIL\FV [ DISISRMD FKHY WR SHUVRQDOL]DWLRQ WKDW GHOLQHDWHV| IXQGDPF
DQG &RP P H LFe@! SHUVRQDOL]DWLRQ LQ WKH OLWHUDWXUH DQG UHODWHV |WKHP WF
)6 |, PSOHRHQW VFKHPHV\VWHPV
DWLRQ|RI LGHDO
3HUVRQDOL] W\SHV |7KH IUDPHZRUN FRQVLVWV RI SDUWV D D VHW RI SHUVSHFWLY]
DWLRQ|LQ GHVLJQGHVLJQ RI SHUVRQDOL]DWLRQ VIVWHPV DW D JHQHUDO OHYHO DQ
,QIRUP SKLORVSRSKYRQDOL]DWLRQ FDQ EH LPSOHPHQWHG
6\WWHPV
HOHFWURBLFHUVRQDOL]DWLRQ SHUVSHFWLYHV UHSUHVHQW GLVWLQFW
FRPPHUFHUVRQDOL]DWLRQ GLVWLOOHG IURP WKH OLWHUDWXUH [RI VHYHU
7KH 3DRORRQIHBMQRFBWRRHHAXHU\ |[4XHU\ ORJV UHFRUG WKH TXHULHV DQG WKH DFWLRQV RI|WKH XVH
4XHU\ %ROGAH DUMQLFROH |JV Rl WYORZ |WKH\ FRQWDLQ YDOXDEOH LQIRUPDWLRQ DERXW WKH LQWHUHVWV
IORZ &RPSX| WK $&0UDSK |WKH XVHUV DV ZHOO DV WKHLU LPSOLFLW IHHGEDFN WR|VHDUFK
*UDSK FRQIHU#XQFU\ |[LQIRUPDWLRQ DYDLODEOH LQ WKH TXHU\ ORJV KDV PDQ\|LPSRUWE
ORGHO|DQG)UDQFH ODFKLQHWRQ |SHFRPPBIQDO\VLY XVHU SURILOLQJ DQG SHUVRQDOL]DWLRQ DGYHUWLVL
$SSOLFDWIURER $&0 |, QIRUPM@DRVLRQ
s %RQFKL Q DQG|6HVVLR@ WKLY SDSHU ZH LQWURGXFH WKH TXHU\ IORZ JUDSK D JUDSK U
0% NQRZO|6HIJPHQNDRZOHGJH DERXW ODWHQW TXHU\LQJ EHKDYLRU ,QWXLWLYHO\
LRQ IURP TXHU\ TL WR TXHU\ TM PHDQV WKDW WKH WZR TXHULHV DUH
&DUQRV PDQDJHP PLVVLRQ $Q\ SDWK RYHU WKH TXHU\ IORZ JUDSK PD\ EH|VHHQ DV
&DVWLOOR HQW OLNHOLKRRG LV JLYHQ E\ WKH VWUHQJWK Rl WKH HGJHV [DORQJ W
7KH TXHU\ IORZ JUDSK LV DQ RXWFRPH RI TXHU\ ORJ PLQLQJ DQG
"HER IRULW :H SURSRVH D PHWKRGRORJ\ WKDW EXLOGV VXFK D JUDSK
LQIRUPDWLRQ DV ZHOO DV DJJUHJDWLQJ TXHULHV IURP GLITHUHQ!
QRZOHGJH 'Q WKH ODVW GHFDGHV XVHU SURILOHV KDYH EHHQ XVHG LQ VHY!
"ULYHQ WHFKQRORJ\ ,Q WKH OLWHUDWXUH WKH PRVW UHVHDUFK ZRUNV
3URILOH FUHDWLRQ RI SURILOHV XVLQJ 'DWD OLQLQJ WHFKQLTXHV EDVHG
"\QDPLFV LQWHUDFWLRQ KLVWRU\ ,Q JHQHUDO WKH G\QDPLFV RI|SURILOH
D VIVWHPDWLF UHFUHDWLRQ RI WKH SURILOHV ZLWKRXW XVLQJ W
WKLV SDSHU ZH SURSRVH WR IRUPDOL]H WKH FUHDWLRQ | UHSUH YV
Ji5s RI SURILOHV LQ D .QRZOHGJH 'ULYHQ SHUVSHFWLYH :H LQWURGX
FKDUDFWHUL]H IRXU RSHUDWRUV IRU FKDQJLQJ SURILOHYV XVLQJ |
35 DSSURDFK




"HULYLQJ |.HQQH®XUQDQ@( ((( 1HIJDW|BMWHU SURILOLQJ LV D IXQGDPHQWDO FRPSRQHQW RI DQ\ SHUVRQD
&RQFHSW |K :DLDUWLFOH 7UDQVPFWHIR UKQWFH SURILOLQJ VWUDWHJILHY DUH EDVHG RQ REMHFWY WKDW XV
%DVHG 7LQJ QV RQ |V SUHIHUHQFHV EXW QRW WKH REMHFWV WKDW XVHUV GLVOLNH L
8VHU IHXQJ NQRZO|SHUVR@MOIRFXVY RQ VHDUFK HQJLQH SHUVRQDOL]DWLRQ DQG GHIYHORS V|
3URILOHV |'LN DQG GDWRRQ PHWKRGYV WKDW DUH EDVHG RQ ERWK SRVLWLYH DQG QHJDWLYH S
IURP IXQ HQJLQHSHWLR BURISRVHG PHWKRGYV DJDLQVW RXU SUHYLRXVO\ SURSRVHG SHUVR
6HDUFK /HH J HG TXHUSHULPHQWDO UHVXOWVY VKRZ WKDW SURILOHV ZKLFK FDSWXUH D
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