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Abstract

Recommender systems have experienced a rapid growth in both academical re-
search and industrial applications in latest years. Recommendations are provided
to us when we choose items such as music, movies, restaurants, news, etc. As the
most promising recommendation techniques, collaborative filtering recommender
systems play an important role in current applications. The emergence of novel in-
formation sources requires to combine recommender systems with several advanced
techniques coming from other fields like social network analysis, natural language
processing, deep learning etc. This combination improves the quality of recommen-
dations.

Previous recommender systems research mainly focuses on the improvements of
recommendation accuracy. Recently a new trend arises for the performance evalu-
ation of recommender systems that takes many novel properties into consideration.
Reliability is one of the most remarkable aspects, which will be deeply studied in
this thesis. Some measures have been proposed for measuring reliability of memory
based collaborative filtering recommender systems. However, we observe a gap in
the design of proper reliability measures for model based collaborative filtering rec-
ommender systems, especially those based on matrix factorization. We also found
that there is a lack in proper reliability quality measures. This thesis concentrates on
providing solutions to both lacks.

After a comprehensive study of state-of-the-art research works, we propose a novel
reliability measure that overcomes the challenges of generality and abstraction caused
by latent factors of matrix factorization methods. The proposed measure is tested
against current baselines on public academic and commercial datasets; experiment
results show that our novel measure achieves better improvements on recommen-
dation quality. What’s more, the proposed reliability measure also has a very posi-
tive impact against shilling attacks. In order to fill in the blank of reliability quality
measures, we also propose, as far as we know, the first universal reliability qual-
ity measure that is able to provide numerical values for any type of recommender
systems. This measure has also been tested on public academic and commercial
datasets using current methods. Based on the experiment results we conclude that
our quality measure outperforms state-of-the-art research works by providing more
accurate and informative reliability quality values.



vii

Resumen

Los sistemas de recomendación han tenido un rápido crecimiento tanto en inves-
tigación académica como en aplicaciones industriales en los últimos años. Las re-
comendaciones se nos proporcionan cuando elegimos elementos como música, pelícu-
las, restaurantes, noticias, etc. Como parte de las técnicas de recomendación más
prometedoras, los sistemas basados en recomendación de filtros colaborativos de-
sempeñan un papel importante en las aplicaciones actuales. La aparición de nuevas
fuentes de información requiere la combinación de sistemas de recomendación con
técnicas avanzadas de otros campos, como el análisis de redes sociales, el proce-
samiento del lenguaje natural, el aprendizaje en profundidad, etc. Esta combinación
mejora la calidad de las recomendaciones.

Los sistemas de recomendación anteriores se centran principalmente en las mejoras
de la precisión de la recomendación. Recientemente, surge una tendencia para la
evaluación del rendimiento de los sistemas de recomendación que toma muchas
propiedades nuevas en consideración. La fiabilidad es uno de los aspectos más
notables y será profundamente estudiado en esta tesis. Se han propuesto algunas
medidas para medir la fiabilidad de los sistemas de recomendación de filtrado co-
laborativo basados en la memoria. Sin embargo, observamos un área sin cubrir en el
diseño de las medidas de fiabilidad adecuadas para los sistemas de recomendación
de filtros colaborativos basados en modelos, especialmente aquellos basados en la
factorización matricial. También encontramos que hay una falta de medidas de cal-
idad de fiabilidad adecuadas. Esta tesis se concentra en proporcionar soluciones a
ambas ausencias.

Después de un estudio exhaustivo de trabajos de investigación del estado del arte,
proponemos una nueva medida de fiabilidad que supera los desafíos de general-
ización y abstracción causados por los factores latentes de los métodos de factor-
ización matricial. La medida propuesta se compara con con métodos y algoritmos
representativos, usando bases de datos publicas, tanto académicas como comer-
ciales. Los resultados experimentales muestran que nuestra nueva medida logra
mejoras en la calidad de la recomendación. Además, la medida de fiabilidad prop-
uesta también tiene un impacto muy positivo contra los "Shilling Attacks". Para
obtener una mejora respecto a las medidas existentes de calidad de la fiabilidad,
también proponemos, hasta donde sabemos, la primera medida de calidad de fiabil-
idad universal que es capaz de proporcionar valores numéricos para cualquier tipo
de sistema de recomendación. Esta medida también se ha probado usando conjun-
tos de datos públicos reales y ha sido comparada con los métodos de calidad de la
fiabilidad existentes. Basándonos en los resultados de los experimentos, concluimos
que nuestra medida supera los últimos trabajos de investigación, proporcionando
valores de calidad de fiabilidad más precisos e informativos.
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Chapter 1

Introduction

In recent years, research works and industrial applications of recommender systems have
been explosively increasing in many domains such as E-commerce, traveling, online news,
music etc. Thousands of recommendation models have been proposed to continuously update
the upper bounder of the recommendation performance. Apart from the explicit rating in-
formation, adequate side information of all types is being integrated into the source data for
personalized recommendations of better quality.

In this chapter, some preliminary concepts of this thesis are first introduced, followed with
the motivations, objectives and hypothesis. Our contributions to the recommender system
community are then listed, and finally the structure of this thesis is given.



2 Chapter 1. Introduction

1.1 Preliminary concepts

Nowadays we are living in a world crowded by so many information sources that it
is impossible for us to absorb even a very small portion. This phenomenon is usually
called "information overload". Since people are not able to track all this information
and manually select what they are interested in, recommender systems are proposed
and developed to help us filter out the uninteresting majority, and discover the few
with high relevance to our personal preferences. These intelligent systems appear
in many activities of our daily life, such as selecting movies to watch, reserving ho-
tels for vacations, purchasing interesting products at E-commerce websites, finding
friends with similar interests, and even searching for novel scientific publications
that fit one’s research lines.

As shown in Figure 1.1, recommender systems (RS) are a branch of machine learning
(ML), which is an extremely popular academic and industrial sub-field of artificial
intelligence (AI). RS can be roughly divided into content based RS, collaborative
filtering RS and demographic RS. Any combination of these three types generates
hybrid models. This traditional taxonomy will be comprehensively introduced in
next chapter.

FIGURE 1.1: A brief introduction to RS. AI stands for artificial intelli-
gence, and ML refers to machine learning.

Collaborative filtering (CF) RS is one of the most popular and successful family of ex-
isting recommendation methods. It is based on the assumption that "users will rate
items similarly or have similar behaviors in the future if they rated or acted similarly
in the past" (Goldberg et al., 1992). (Wang et al., 2016) divide CF into rating-based CF
and ranking-based CF, while (Shi, Larson, and Hanjalic, 2014; Bobadilla et al., 2013b)
classify CF into memory-based CF and model-based CF. Pure CF RS have difficulty
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in dealing with cold-start, sparsity, synonymy and grey sheep problems. The widely
accepted solution is to combine CF RS with content based RS or demographic RS
to leverage their advantages while avoiding the shortcomings. Some popular en-
hanced CF recommendation algorithms have been demonstrated in Figure 1.2.

RS collect users’ preferences over different items, which are usually represented as
a User-Item matrix, in an explicit or implicit way. Explicit ratings such as 1-5 stars,
like/dislike or implicit feedbacks such as favorite song playlists, product purchase
history, checked-in places and fully watched videos etc, are the most important in-
formation source for traditional RS. As shown in Figure 1.2, this information lays the
foundation for the basic RS.

Together with the prosperity of a wide variety of RS scenarios, novel information
sources are now becoming available for the enhancement of recommendation algo-
rithms to further improve the performance of RS. In Figure 1.3 we summarize dif-
ferent information sources into user-item interaction which is the previously men-
tioned User-Item matrix, item side information, user side information and user-item
interaction side information (Shi, Larson, and Hanjalic, 2014). Figure 1.2 also orga-
nizes some examples of these new sources into four levels according to the continu-
ous Web evolution. Here we reorganize them based on the novel category and add
some supplementaries in Table 1.1. We further associate different sources to some
RS scenarios in Figure 1.3. Note that cross domain RS (Tang et al., 2012) is a very
promising research topic that intends to transfer user preferences in a certain sin-
gle domain to other crossing domains. Take the e-commerce platforms like Amazon
as an obvious instance where the user consumption histories of different types of
product are tracked. When a user purchases a laptop, accessories like mouses and
headsets will be recommended to him. While movies like "The butterfly" and "Little
miss sunshine" are rated both high by many users, then the music "The winter is"
should be recommended to a user who have listened to "Le papillon", but not aware
of former song.

The rapid growth of recommendation algorithms, as well as the emergence of more
and more information sources, have encouraged the great development of evalua-
tion of RS. Accuracy is the first thing users pay attention to since inaccurate or even
contrary recommendations will greatly damage their trust in the RS. This quality
measure is highly valued by users and somehow correlated to their satisfactions.

At the top of Figure 1.2, some commonly used recommendation quality measures
are listed. Besides the accuracy of recommendation results, there are more aspects
that should draw our attention, among which we insist on the importance of reli-
ability. Reliability and confidence (in prediction) are synonyms and usually used
alternatively. We choose reliability as the term name in this thesis because the word
confidence is ambiguous and can refer to either the confidence RS have in their pre-
dictions or the confidence users have in RS (Swearingen and Sinha, 2001; Shani and
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FIGURE 1.2: An illustration of RS (Bobadilla et al., 2013b)
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FIGURE 1.3: New trend of RS by incorporation of more data sources

Gunawardana, 2011). Let us explain reliability by taking the hotel recommendation
in Booking as an example, Figure 1.4 shows two recommended hotels at the same
price for the same date. If we only consider the previous review scores, we shall
definitely choose the hotel below. However, if we take the number of reviews into
consideration, we may change to choose Catalonia Gran Via hotel due to the fact
5292 visitors have agreed it is a very good choice, while the other hotel is only rec-
ommended by 33 visitors. The high recommendation score may be the consequence
of some irresponsible exaggerated comments. Such review score outliers from pos-
sible gray sheep users are supposed to be rare and will be averaged out by a larger
population of reviewers, and in this way, the recommendation score of the upper
hotel can be viewed more reliable than that of the lower one.

1.2 Motivations

Despite the importance of reliability, we observe a lack of relevant research works
conducted on this RS property, in recent years, comparing to other non-accuracy RS
properties like novelty or diversity. (Herlocker, Konstan, and Riedl, 2000; Swearin-
gen and Sinha, 2001) first point out that the users’ satisfaction level can be improved
by jointly considering accuracy and confidence of the predicted ratings. (McNee
et al., 2003) propose to use the number of ratings an item receives as the reliability
measure (RM), just like what we choose in the above hotel recommendation exam-
ple. (Shani and Gunawardana, 2011) summarize two different RMs: the probability
that the rating prediction is correct, and the confidence interval of the rating predic-
tion at a predefined level, e.g. 95%. Some papers (Hernando et al., 2013b; Zhang,
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TABLE 1.1: Examples of different kinds of information sources.

Explicit Implicit
User-item
interaction

Like/dislike, numerical or or-
dinal ratings etc.

Purchase history, query log,
click history, retweets etc.

Item side
informa-
tion

Item general descriptions etc. Tags (folksonomies), context
information like RFID etc.

User side
informa-
tion

Conventional demographic
info such as age, gender,
nationality etc.
Social connections like
friends, followers, followees,
trusters, trustees and con-
text information like health
sensor data

Reputation, location info like
routes, check-in history etc.

User-item
interaction
side infor-
mation

Sentiment tags etc. Images, videos, text reviews,
timestamps and context in-
formation like companion,
GeoTags, season, weather etc.

FIGURE 1.4: An example of reliability of recommendation results

Guo, and Chen, 2016b) establish RMs in a heuristic way. For example, (Hernando
et al., 2013b) propose a RM that introduces both appropriate positive and negative
factors to fit different RS scenarios. Several papers (Moradi and Ahmadian, 2015;
Mahdi et al., 2017) focus on the RMs when additional trust information is available
in social RS scenario. The advantage of introducing such information is obvious: if
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a close friend recommends you some product, then this recommendation is more
reliable to you because it is probably based on your friend’s personal experience. If
a professional reviewer you follow on Twitter criticizes some movie, you may con-
sider this as a reliable warning as well. The problem of these RMs is that they only
perform well when certain types of additional information are available.

We observe the fact that nearly all published researches concentrate on incorporat-
ing reliability information into memory based CF RS. As far as we know, there is
only one publication (Chang and Hsiao, 2011) that partially discusses the reliability
property in model-based CF RS. However, the focus of (Chang and Hsiao, 2011) is
to improve the reliability of the input rating matrix with missing values, rather than
to measure the reliability of rating predictions. Comparing to memory based CF RS,
incorporating reliability into model based CF RS is more challenging because the
prediction is conducted on basis of latent factors that can not be explicitly explained.
However, the investigation on RMs for model based CF RS should definitely be car-
ried out in spite of the great difficulties. It is our duty to contribute to such field
because model based CF RS are showing their unique potentiality in RS applica-
tions. Studies on beyond accuracy properties will significantly further empower
model based methods.

Another gap we have discovered is about the reliability quality measures (RQM).
As RMs are drawing more attentions, we expect more novel RMs be proposed in
the near future. It is important to first distinguish RQM from RM. A RM provides
evidence about how reliable a predicted rating value is, while a RQM applies a test-
ing strategy to acquire the quality of assigned reliability values. Direct comparisons
of confidence intervals provided by different RMs are meaningless, as indicated in
(Shani and Gunawardana, 2011), because "some RMs are weaker and easier to es-
timate. In such a case a more accurate estimate of a weaker RM does not imply a
better recommender."

A proper RQM is of great significance and usefulness to select the best RM from
many candidates. Although the reliability of RS is becoming a popular research
field, there is still a surprising total lack of numerical universal RQMs. Till now
very few researches have been conducted on measuring the quality of RMs. Some
early publications on RMs (Swearingen and Sinha, 2001; Herlocker et al., 2004) do
not provide concrete numerical RQMs. The evaluation of RMs is constructed on the
concept that the reliability values and the corresponding accuracy values should be
positively correlated. (Hernando et al., 2013b) provide two heuristic ways to mea-
sure the quality of RMs. On way is to establish some threshold first and by means
of graphs, it proves their hypothesis that "the more reliable a prediction, the less li-
able it is to be wrong" (Hernando et al., 2013b). The other way is based on the use
of "confidence curve" where prediction errors is graphically compared to reliability
values. (Mazurowski, 2013) propose an analysis technique using the "confidence
curve" as well. In summary, either heuristic thresholds or graphs are leveraged in
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previous RQMs. No universal numerical RQM has been properly proposed yet. It is
extremely important to fill in the blank of investigations on such RQMs.

1.3 Objectives and hypothesis

The lack of related research works on reliability measures for model based collab-
orative filtering recommender systems and numerical reliability quality measures
have motivated us to carry out some pioneering researches on such topics, having a
comprehensive overview on recommender system research. The main objective of
this thesis is to fill in the previously mentioned research gaps; this general purpose
is achieved by several sub-objectives:

• To identify the state-of-the-art research works in recommender systems, with
an emphasis on collaborative filtering ones and the reliability property.

• To design a reliability measure suitable for matrix factorization model based
collaborative filtering recommender systems that overcomes the challenges of
generality and abstraction brought by the latent factors.

• To propose a novel and universal reliability quality measure that is able to
numerically evaluate the quality of different reliability measures.

To achieve these objectives, we set out a hypothesis for this doctoral thesis as follows:

Given the fact that several reliability measures that work for memory based collaborative fil-
tering recommender systems have been proposed, it is possible to design reliability measures
that work for matrix factorization model based collaborative filtering recommender systems;
it is also possible to design reliability quality measures that work universally for both mem-
ory based and model based collaborative filtering recommender systems. Such measures are
able to provide numerical values, in a similar way as the existing quality measures.

Based on this hypothesis, we provide some scientific contributions on the collabora-
tive filtering recommender systems.

• An insightful review on research topics on recommender systems is given to fa-
cilitate future researches, especially collaborative filtering ones. Some promis-
ing trends are also introduced to help readers to catch up with the research
frontiers.

• We propose a novel reliability measure for matrix factorization based collabo-
rative filtering recommender systems in order to assign reliability values to the
corresponding predictions. By incorporating this additional information we
managed to significantly improve the recommendation quality. It also shows
potential capability to handle shilling attacks.
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• We further propose reliability quality measures for prediction and recommen-
dation that intend to measure how suitable each reliability measure is.

1.4 Structure of the thesis

For the convenience of readers, we list the structure of this thesis as follows.

1. Chapter 2 introduces the state-of-the-art research works on the foundations of
RS. Both the traditional and domain-based taxonomies, as well as important
evaluation metrics for different system properties are surveyed. A brief dis-
cussion of new trends in RS is also presented.

2. Chapter 3 proposes a novel reliability measure for RS using matrix factoriza-
tion.

3. Chapter 4 conducts a further research on reliability, and proposes a reliability
quality metric that measures how reliable the reliability measures are.

4. Chapter 5 draws the conclusions of this thesis, and points out the plan of future
work.
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Chapter 2

Related work

Recommender systems (RS) have been intensively studied in the last forty years. Thousands
of recommendation algorithms have been proposed, and even more real-world applications
have emerged in many scenarios of our daily life. In this chapter, a comprehensive intro-
duction on the fundamental knowledge about RS is given to prepare the readers for further
discussions in later chapters.

At the beginning of this chapter, we will first introduce different types of RS according to
traditional taxonomy which divides them into content based, collaborative filtering and de-
mographical RS. Some hybrid models are introduced as their enhanced versions. The current
methods are formally presented in their corresponding subsections. Later a domain-based
taxonomy is given considering the rich novel side information available in different RS sce-
narios. Then various quality measures are presented for the evaluation of RS from different
aspects in order to better fit users’ interests. Finally, the state-of-the-art research works on
reliability are comprehensively introduced.
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2.1 Content based RS

Content based RS assume that users’ preferences will remain the same during a rela-
tively long period. In general, the objective of this type of RS is to recommend items
that are sufficiently similar to those the user showed his interest in an explicit way
(such as giving a high rating to a movie etc.) or in an implicit way (such as saving a
product to the shopping cart in Amazon etc.).

RS that are based on content information consist of three principal steps (Ricci,
Rokach, and Shapira, 2011):

1. The first step is the extraction of features from the content information in order
to properly represent items. This is a crucial step for content based RS because
the item representations affect the performance of the following steps (Paz-
zani and Billsus, 2007). Proper feature extraction techniques should be applied
for different domain, together with corresponding domain knowledge. In the
high level architecture in Figure 2.1, this step is carried out in the component
CONTENT ANALYZER.

2. The second step is the construction of user model/profile which learns the gen-
eralized user preferences via training user examples. The PROFILE LEARNER
component in Figure 2.1 takes in charge of modeling the user interests reflected
by previous positive and negative rating or interacting history for different
items. Different learning algorithms are applied depending on the application
domain. For recommending products, rule-based or probabilistic classification
models etc. can be properly trained by sufficient positive and negative training
samples; while in fields like news recommendation, traditional information re-
trieval techniques like Relevance feedback (Rocchio, 1971) can be applied on
news documents representations. Such representations are usually obtained
by the vector space model with the classic Term Frequency-Inverse Document
Frequency (TF-IDF) weighting method.

3. Leveraging the item representations and user profiles obtained in the above
two steps, this step intends to recommend the most relevant item(s) to each
user. The relevance between each item and user pair is either assigned by a bi-
nary classifier model or calculated using a certain relevance (similarity) mea-
sure. This process is conducted in the FILTERING COMPONENT in Figure
2.1.

2.1.1 Advantages and defects of content based methods

Comparing to Collaborative filtering RS, content based systems have several advan-
tages (Lops, Gemmis, and Semeraro, 2011):
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FIGURE 2.1: High level architecture of Content-based RS (Lops, Gem-
mis, and Semeraro, 2011).

1. The learning process of each user’s preference is solely dependent on his feed-
backs on the set of item representations. No interaction with other users, such
as searching for neighbors, is required. This is named "User Independence"
in (Lops, Gemmis, and Semeraro, 2011). This property makes content based
approaches more adaptive to sparse datasets.

2. The recommendation results provided by content based RS have better inter-
pretability than those obtained by collaborative ones, which refers to "Trans-
parency" in (Lops, Gemmis, and Semeraro, 2011). This is because that the au-
tomatically extracted or manually designed features are comprehensible to hu-
man users. However, the recommendation list given by collaborative filtering
methods is vaguely explained by some similarities between users that are not
directly interpretable, or "transparent" to humans.

3. Content based methods are especially competent to "cold start" problem when
fresh new items with no ratings are involved. Thanks to extra features sug-
gested by domain experts, the representation generation of items is indepen-
dent of users’ feedback (Balabanović and Shoham, 1997). The recommendation
can be conducted as long as the item representations and user profiles are gen-
erated, even in the absence of any feedback for a certain item. In contrary,
collaborative filtering methods are severely affected by "cold start" problem
and can not achieve any information about this new item since no interaction
among users is available.
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Content based RS have three drawbacks (Pazzani and Billsus, 2007; Lops, Gemmis,
and Semeraro, 2011; Su and Khoshgoftaar, 2009; Balabanović and Shoham, 1997):

1. The performance of this type of approaches is severely affected if the content
information is not sufficient to generate enough meaningful representations.
This is called "Limited Content Analysis" in (Lops, Gemmis, and Semeraro,
2011; G. Adomavicius, 2005). Automated feature extraction is practically dif-
ficult in multimedia domains such as video, music or fields like poetry and
domain knowledge is crucial for the extension of the reliable feature set. Take
news recommendation as an example, features extracted without manual su-
pervision, such as keyword frequencies, can only capture the topic information
of news to be recommended. Other important aspects like publisher impact,
or the writing quality of news text are out of consideration, and should be
suggested by domain experts.

2. Another shortcoming of content based RS is "Over Specialization" (Lops, Gem-
mis, and Semeraro, 2011; G. Adomavicius, 2005), which refers to the fact that
this kind of approaches inherently suffers from a lack of novelty (Bobadilla
et al., 2011; Hurley and Zhang, 2011) or serendipity (Ge, D-Battenfeld, and
Jannach, 2010; Kotkov, Wang, and Veijalainen, 2016) in its recommendation
results. Since user profiles are constructed uniquely upon previous user pref-
erences, these systems are capable to recommend only those items that match
the captured preferences, while novel and unexpected items that the user may
like are totally out of consideration. This is a vital drawback if RS keep recom-
mending just jazz music to a jazz fan, and limits his exploration to some classic
music that he might like as well. Ignoring the diversity and dynamics nature
of user preferences will lead to users’ ultimate fatigue.

3. To learn the user profile (Step 2) a considerable quantity of user feedbacks are
required by the supervised machine learning module. When a "New User"
(Lops, Gemmis, and Semeraro, 2011; G. Adomavicius, 2005) enters the system,
little information is available to precisely acquire his preference. As a result,
the quality of recommendations can not be guaranteed.

2.1.2 State of the art of content based methods

Content based RS have been intensively studied in the latest years. A plenty of
methods were proposed regarding each of the three principal steps.

For generating item representations, different techniques are applied based on the
item data types. If the input data is well structured, i.e. all items share the same finite
set of features, the representations of item can be automatically generated. However,
in domains like news, video or music recommendation, text information retrieval
and natural language processing techniques must be conducted for the generation
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of item representations. (Ahn et al., 2007; Mooney and Roy, 2000; Mak, Koprin-
ska, and Poon, 2003) adopt keyword-based vector space models to learn the repre-
sentations of items based on their statistical properties. (Magnini and Strapparva,
2000; Eirinaki, Vazirgiannis, and Varlamis, 2003; Taieb, Aouicha, and Hamadou,
2013; Gabrilovich and Markovitch, 2007) introduce knowledge graph based seman-
tic analysis techniques that use lexical ontologies like WordNet (University, 2018), or
encyclopedias like Wikipedia(wikipedia, 2018) etc. as external knowledge. Dense
low-dimensional representations of items are generated in (Vasile, Smirnova, and
Conneau, 2016; McFee, Barrington, and Lanckriet, 2012; Barkan and Koenigstein,
2016; Oord, Dieleman, and Schrauwen, 2013) using neural network models to bet-
ter capture the semantic similarities based on content information like audios, text
descriptions and tags etc. In our opinion, the knowledge based RS category in (Ag-
garwal, 2016b) can be viewed as a subcategory of content based methods.

The learning process of users’ profiles can be treated as a binary classification task
that classifies items into interesting ones and uninteresting ones. Different classifier
models can be trained on basis of plenty of positive and negative item examples.
(Garcia and Amatrianin, 2010) follows a heuristic way to model the user preferences
by weighting item features based on popularity. (Billsus and Pazzani, 2000; Gemmis
et al., 2008) applied probabilistic classifier to efficiently infer user interests. (Ahn
et al., 2007; Balabanović and Shoham, 1997) adopted the Rocchio’s algorithm to pro-
gressively refine the model based on users’ relevance feedback on previous recom-
mended items. Nearest neighbors methods are used in (Billsus and Pazzani, 2000;
Middleton, Shadbolt, and Roure, 2004) in the user profiling process. Rule-based clas-
sification model like decision tree is applied in (Kim et al., 2001) to induct the user
preference and recommend personalized advertisements.

2.2 Collaborative filtering RS

The term collaborative filtering was first introduced by the Tapestry project (Gold-
berg et al., 1992) in year 1992. Instead of using well structured features extracted
from content information like content based methods, collaborative filtering tech-
niques utilize explicit user-item interaction such as user ratings on movies or im-
plicit ones like user purchase history and click frequencies, to make recommenda-
tions. This interaction information is usually encoded in a user-item matrix where
each element represents the explicit rating (or the implicit values) of a user on an
item. The general idea of CF techniques is that if user A and B have rated similarly
on a same group of items, then A’s rating on unknown items can be inferred by user
B’s known rating on such items; or if item C and D have been rated in a similar
way by many users, then the unknown rating of a user on item C can be roughly
predicted using his own rating on item D.
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2.2.1 Advantages and drawbacks of CF based methods

Comparing to pure content based techniques, CF methods have several advantages:

• The user-item interaction information for CF methods is much easier to obtain.
Even when some data is missing, it can still be inferred by known ratings of
other users. However, if the content information of some items is not avail-
able, content based algorithms will keep these items out of consideration for
recommendations.

• Usually it is necessary to introduce knowledge of domain experts to content
based methods to get item representations. In case of CF techniques, the rec-
ommendation is based on the similarity analysis between users and items,
which does not involve any expert supervision.

• The recommendation quality of CF methods outperform pure content based
ones regarding serendipity, novelty and diversity (Desrosiers and Karypis,
2011). As mentioned previously, content based methods can not provide any
unexpected recommendation for a user. However, CF algorithms do not suffer
from this limitation since the various preferences of neighbors are used for the
inference of possible recommendations for the active user.

In spite of the popularity of CF techniques in academic researches and real-world ap-
plications, this family of methods face several severe problems (Fakhfakh, Ammar,
and Amar, 2017).

• Besides the New User problem mentioned in the Content based method sec-
tion, CF techniques also suffer from the New Item problem. New items that
should be appropriately recommended to users are regularly provided to RS.
CF methods are not able to recommend these new items until they have been
rated by sufficient users. These two problems are also named "Cold-start"
problem.

• The sparsity of explicit ratings is another severe problem for CF methods. It is
normal that only a few users rate many items and the majority of users only
rate several few items. CF methods should be able to make accurate recom-
mendations only on basis of the available data.

• Synonymy problem when several items have the same or very similar names
of entries.

• Gray sheep problem refers to the phenomenon that the preference of some
users deviate significantly from the rest. This type of users can hardly benefit
from CF methods.
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A trivial solution to these drawbacks is to combine content based methods with
CF ones to leverage the advantages of both and avoid their drawbacks. These hy-
brid methods will be introduced as complementary improved CF methods enhanced
with side content information in the following related works instead of using an in-
dividual section.

There are many taxonomies of CF algorithms, the widely accepted way is to clas-
sify these CF techniques into two groups: Memory based CF methods and Model
based CF methods (Desrosiers and Karypis, 2011; Shi, Larson, and Hanjalic, 2014;
Aggarwal, 2016a). Besides this rough binarized categorization, a more detailed clas-
sification is given in (Zhu et al., 2018a) to illustrate the progressive differences among
various CF methods in a spectral diagram. The traditional taxonomy is used to cat-
egorize all CF methods in this thesis. (Zhu et al., 2018a) gives a comparison between
memory based and model based CF methods as shown in Table 2.1. In the following
subsections, each type of CF methods will be introduced.

TABLE 2.1: Main advantages and disadvantages of the memory-
based and model-based approaches.

Memory-based approaches
Advantages Disadvantages

It does not require an
initial time to create a model

Worse accuracy than
model-based methods

Simplicity of algorithms
Worst recommendation
times

Recommendations are
always updated
It does not require
resources to store the model
Ease to provide
explanation of recommendations

Model-based approaches
Advantages Disadvantages

Better accuracy than
memory-based methods

Time needed to create
the model

Better recommendation
times

Time needed to
periodically update the model

Additional possibilities
from the model (clustering, analytics, etc.)

Recommendations are
based on an outdated model
It requires resources to
store the model
Complex algorithms.



18 Chapter 2. Related work

2.2.2 Memory based CF methods

Memory based CF methods, also referred as neighborhood based Methods (Aggar-
wal, 2016a; Desrosiers and Karypis, 2011; G. Adomavicius, 2005), have been in-
tensively studied in academic community and widely applied in industrial applica-
tions. These methods assume that similar users will give similar feedbacks to groups
of related items (Aggarwal, 2016a), and they make predictions and recommenda-
tions to the active users based on his own explicit/implicit rating record and those
of his nearest neighbors. Although memory based approaches are outperformed by
recent state of the art model based approaches in terms of prediction accuracies Zhu
et al., 2018a, the evolution of this type of collaborative filtering techniques never
stops due to its unique advantages.

Memory based CF techniques are further divided as user based CF methods and
item based CF methods. As introduced in (Ortega et al., 2018), both types follows
four generic steps:

1. Compute the similarity among users/items considering some similarity met-
ric.

2. Find the nearest neighbors of each active user/item.

3. Make prediction of the unknown ratings of the active user/item by aggregat-
ing the known rating information of nearest neighbors of active user/item.

4. Select those items with the most positive prediction to recommend to the active
user.

There are also some researches (Wang, Vries, and Reinders, 2006; Ghazanfar, Prügel-
Bennett, and Szedmak, 2012; Verstrepen and Goethals, 2014) that combine user based
CF and item based CF to obtain ensemble approaches.

Similarity metrics for neighborhood search

The performance of memory based CF techniques is heavily dependent on the qual-
ity of encountered neighborhood of each specific user, and the adopted similarity
metric severely affects the neighborhood search result. As a consequence, the selec-
tion of a proper similarity metric is crucial for memory based CF techniques.

There are a plenty of similarity metrics proposed in previous research works. These
metrics are also classified as user based and item based according to the rating vec-
tors used for the similarity calculation. A list of the most commonly used similarity
metrics are implemented in our Java library CF4J (Ortega et al., 2018). If not partic-
ularly specified, the user based version of each similarity is introduced as examples.
Please note that the corresponding item based versions are available in the CF4J li-
brary as well.
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Pearson correlation similarity (Resnick et al., 1994) is one of the most popular bench-
mark similarity metrics that normalizes the effects of means and variances. It is
computed according to Eq. 2.1:

Pearson(u, v) =
∑

i∈Iu∩Iv

(ru,i − r̄u)(rv,i − r̄v)√
∑

i∈Iu∩Iv

(ru,i − r̄u)2 ∑
i∈Iu∩Iv

(rv,i − r̄v)2
(2.1)

Given Iu is the set of items that user u has voted.

Constrained Pearson correlation similarity (Shardanand and Maes, 1995) uses me-
dian values in Eq. 2.2 instead of mean of the rating ranges to obtain a similarity
measure that is less sensitive to sparse and extreme rating vectors:

ConstrainedPearson(u, v) =
∑

i∈Iu∩Iv

(ru,i − r̃median)(rv,i − r̃median)√
∑

i∈Iu∩Iv

(ru,i − r̃median)2 ∑
i∈Iu∩Iv

(rv,i − r̃median)2
(2.2)

Cosine Similarity (Bobadilla, Serradilla, and Bernal, 2010) is another popular sim-
ilarity metric most used in previous researches. This similarity metric is typically
used to measure the correlation between two user rating vectors, as calculated in Eq.
2.3:

Cosine(u, v) =
∑

i∈Iu∩Iv

ru,irv,i√
∑

i∈Iu

r2
u,i

√
∑

i∈Iv

r2
v,i

(2.3)

One shortcoming of cosine similarity metric is that it does not take into account
the difference of users’ rating habits. When rating an item, some users intend to
use extreme (highest/lowest) ratings, while some others prefer to rate more mildly.
This rating difference largely affects the mean and variance of user rating vectors.
Adjusted cosine similarity (Ahn, 2008) is proposed to overcome this drawback in
the item based scenario. It compares ratings that are centered on the user means to
normalize the rating deviations as in Eq. 2.4:

AdjustedCosine(i, j) =

∑
u∈Ui∩Uj

(ru,i − r̄u)(ru,j − r̄u)√
∑

u∈Ui∩Uj

(ru,i − r̄u)2 ∑
u∈Ui∩Uj

(ru,j − r̄u)2
(2.4)

Instead of using ratings directly, Spearman rank similarity (Bobadilla, Serradilla, and
Bernal, 2010) uses the rankings of these ratings to capture users’ preference. Note
that items with the same rating share the same ranking, this metric is calculated
according to Eq. 2.5. Spearman rank does not need to normalize rating values since
only rankings are required. However, this metric can not obtain satisfying results
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when exist too many tied ratings:

SpearmanRank(u, v) =
∑

i∈Iu∩Iv

(ranku,i − ranku)(rankv,i − rankv)√
∑

i∈Iu∩Iv

(ranku,i − ranku)2 ∑
i∈Iu∩Iv

(rankv,i − rankv)2
(2.5)

Mean squared difference (MSD) (Desrosiers and Karypis, 2011) is a simple similarity
metric that first calculates the mean squared difference of two user rating vectors,
and then subtracted by one as in Eq. 2.6. Sometimes the mean absolute difference is
also used as an alternative:

MSD(u, v) = 1−
∑

i∈Iu∩Iv

(ru,i − rv,i)
2

|Iu ∩ Iv|
(2.6)

Originally Jaccard Index is used to measure the similarity of two sets based on the
division of the cardinality of the intersection and the cardinality of the union of two
sets. Jaccard similarity (Bobadilla, Serradilla, and Bernal, 2010) adopted this idea
and measure the similarity between two user rating vectors as following in Eq. 2.7:

Jaccard(u, v) =
|Iu ∩ Iv|
|Iu ∪ Iv|

(2.7)

Jaccard metric discards numerical rating information by only considering intersec-
tion and union set operations. JMSD (Bobadilla, Serradilla, and Bernal, 2010) com-
bines Jaccard and MSD in order to leverage both the numerical information of the
ratings and the useful information extracted from proportions of the common and
uncommon ratings between users. This similarity metric is calculated according to
Eq. 2.8

JMSD(u, v) = Jaccard(u, v)×MSD(u, v) (2.8)

PIP measure (Ahn, 2008) focuses on improving recommendation performance under
cold-start conditions where only a small number of ratings are available for similar-
ity calculation for each user. It considers mainly three aspects of the rating informa-
tion: Proximity, Impact and Popularity, and the final similarity is the multiplication
of these three factors as in Eq. 2.9. Proximity considers the numerical difference be-
tween user ratings, as well as whether the ratings are in agreement. Impact evaluates
the strength of user likeness/dislikeness towards a certain item. Popularity further
adjusts the similarity between users based on the deviations of their ratings from all
users’ average rating. The details of these three heuristics are given in Figure 2.2.

PIP(u, v) = ∑
i∈Iu∩Iv

Proximity(ru,i, rv,i)× Impact(ru,i, rv,i)× Popularity(ru,i, rv,i)

(2.9)
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FIGURE 2.2: A detailed explanation of the heuristics adopted in (Ahn,
2008).

Some contextual information can be obtained if ratings are further divided into pos-
itive ones Rpos and negative ones Rneg. In (Bobadilla, Ortega, and Hernando, 2012)
these extra information sources named singularities are computed based on Eq. 2.10
and Eq. 2.11 for each item. When later calculating similarity between user u and v,
a commonly rated item can face three situations: both ratings are positive, as case
A; both ratings are negative, as case B; and one positive rating and one negative rat-
ing, as case C. As shown in Eq. 2.12, the Mean Squared Difference weighted by the
corresponding singularity values for each case is first calculated, and the arithmetic
average of the three cases is then assigned as the final similarity result.

si
Pos = 1− |Posi|

|U| = 1−
|
{

u ∈ U|ru,i ∈ Rpos
}
|

|U| (2.10)

si
Neg = 1− |Negi|

|U| = 1−
|
{

u ∈ U|ru,i ∈ Rneg
}
|

|U| (2.11)

Singularity(u, v) =

∑
i∈A
[1−(ru,i−rv,i)

2](si
Pos)

2

|A| +
∑

i∈B
[1−(ru,i−rv,i)

2](si
Neg)

2

|B| +
∑

i∈C
[1−(ru,i−rv,i)

2](si
Pos)(s

i
Neg)

|C|
3

(2.12)
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A new similarity metric improved from PIP named New Heuristic Similarity Model
(NHSM) was proposed by (Liu et al., 2014). They first change the three terms in
the original PIP metric and replace them by Promixity (Ahn, 2008), Significance
(Bobadilla et al., 2012) and Singularity (Bobadilla, Ortega, and Hernando, 2012) con-
cepts to obtain the new PSS metric as in Eq. 2.13. As seen in Eq. 2.14, 2.15 and 2.16,
the non-linear sigmod function is adopted to better weight the three terms in PSS.
A modified version of Jaccard metric is given in Eq. 2.17. The rating preference of
each user is also considered and quantified according to Eq. 2.18. Finally, the NHSM
similarity metric is computed by multiplying PSS, modified Jaccard and user rating
preference as in Eq. 2.19:

PSS(u, v) = ∑
i∈Iu∩Iv

Proximity(ru,i, rv,i)× Signi f icance(ru,i, rv,i)× Singularity(ru,i, rv,i)

(2.13)

Proximity(ru,i, rv,i) = 1− 1
1 + exp(−|ru,i − rv,i|)

(2.14)

Signi f icance(ru,i, rv,i) =
1

1 + exp(−|ru,i − rmedian| × |rv,i − rmedian|)
(2.15)

Singularity(ru,i, rv,i) = 1− 1

1 + exp(−| ru,i+rv,i
2 − µi|)

(2.16)

JaccardModi f ied(u, v) =
|Iu ∩ Iv|
|Iu| × |Iv|

(2.17)

URP(u, v) = 1− 1
1 + exp(−|µu − µv| × |σu − σv|)

(2.18)

NHSM(u, v) = PSS(u, v)× JaccardModi f ied(u, v)×URP(u, v) (2.19)

Neighbor selection approaches

Once the similarities between user/item pairs have been correctly computed, a list
of nearest neighbors need to be selected to predict and recommend. In general, there
are three choices for this step (Desrosiers and Karypis, 2011).

• Top-N filtering: This is the most popular approach adopted in the majority
of the state of the art research works. A proper N should be carefully prede-
fined using cross validation since an improper N damages the performance of
memory based CF methods with regard to accuracy and efficiency.



2.2. Collaborative filtering RS 23

• Threshold filtering: Some methods (Herlocker et al., 1999; Zheng et al., 2016)
pre-establish a threshold value to filter users/items that are not enough sim-
ilar to the active one. This approach is more flexible than the top-N filtering
one when the density of the distribution of users/items in the corresponding
similarity space does not vary too much. Considering the sensibility of the
threshold, this parameter is more difficult to set in advance.

• Negative filtering: Instead of selecting most similar neighbors based on pos-
itive correlations, this approach (Herlocker et al., 1999) uses negative corre-
lations between different users/items to filter out candidates. The selection
result of this approach is less accurate than the other two, but it can serve as a
useful complement.

Aggregation methods for prediction

As the third generic step, the rating prediction is generated by adopting different ag-
gregation techniques on the known values of the active user/item’s neighborhood.
(Desrosiers and Karypis, 2011; Levinas, 2014) introduced some commonly used ag-
gregation methods that are also implemented in our CF4J library (Ortega et al., 2018).
Both user based and item based equations will be introduced since different data are
used to aggregate the ratings.

User based average of neighborhood is the simplest way to aggregate the known ratings
of the active user’s neighborhood. It is computed as in Eq. 2.20:

r̂u,i =

∑
v∈Nu(i)

rv,i

|Nu(i)|
(2.20)

Given Nu(i) is the subset of the active user’s neighborhood where the neighbors have
already rated item i.

User based weighted average of neighborhood is an improvement of the simple average
due to its defect that it treats every neighbor equally ignoring the different degrees
of similarity. Weights are assigned to the neighbors of the active user in such way
that the more similar neighbors are the more consideration for the prediction they
provide. It is computed as follows:

r̂u,i =

∑
v∈Nu(i)

wv · rv,i

∑
v∈Nu(i)

|wv|
(2.21)

User based weighted deviation from average of neighborhood considers the different rating
preference of users. Some users intend to rate higher than the rest, and some users
are more critical and usually give lower ratings. As in Eq. 2.22, the ratings are first
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normalized by the corresponding user rating average to solve this problem:

r̂u,i = ru +

∑
v∈Nu(i)

wv · (rv,i − ru)

∑
v∈Nu(i)

|wv|
(2.22)

The following aggregation approaches are used for item based methods.

Item based average of neighborhood:

r̂u,i =

∑
j∈Ni(u)

ru,j

|Ni(u)|
(2.23)

Given Ni(u) is the subset of the active item’s neighborhood where the neighbors have
a known rating.

Item based weighted average of neighborhood:

r̂u,i =

∑
j∈Ni(u)

wj · ru,j

∑
j∈Ni(u)

|wj|
(2.24)

Item based deviation from average of neighborhood:

r̂u,i = ri +

∑
j∈Ni(u)

wj · (ru,j − rj)

∑
j∈Ni(u)

|wj|
(2.25)

2.2.3 Model based CF methods

This other type of CF methods are based on models and are becoming more and
more popular since their preliminary success in the famous Netflix prize competi-
tion. Despite the relatively high cost of model learning processes, the prediction time
of model based CF methods has been dramatically reduced comparing to memory
based CF methods, and the recommendation quality is further improved as well.
Unlike memory based CF approaches that have to consider all users/items to find
the nearest neighbors, and generate predictions directly from neighbors’ informa-
tion, model based methods first learn the latent factors that encode the intrinsic
characteristics of both user and item from adequate training data, and then predict
the unknown ratings taking advantage of the learned predictive model. The training
data can be either explicit ratings or implicit feedbacks as long as the model can grad-
ually obtain the optimal parameter values in the corresponding latent space. There
exists a fundamental assumption for all kinds of model based CF methods: they as-
sume that both the users and items can be represented in a low dimensional latent
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factor space learned from the original user-item space. These low dimensional rep-
resentations are in forms of low rank vectors, and usually are used to model users’
preferences on items.

Intensive studies on model based CF methods were carried out in the last two decades
(Koren and Bell, 2015; Su and Khoshgoftaar, 2009; Zhang, Yao, and Sun, 2017; Por-
tugal, Alencar, and Cowan, 2018; Kluver, Ekstrand, and Konstan, 2018). We do not
pursue to introduce all proposed methods, but some of the most representative ones,
categorized based on the adopted machine learning model families.

Evolutionary algorithms

Evolutionary algorithms are first adopted for CF recommendations. These models
try to provide simple yet effective meta-heuristic solutions with the help of similar-
ity metrics. Recently (Horvath and Carvalho, 2017) give a survey on evolutionary
algorithms applied in RS. The Particle Swarm Optimization (PSO) technique was
employed in (Ujjin and Bentley, 2003) to learn user personal preferences. (Lorenzi,
Santos, and Bazzan, 2005) was inspired by the honey bee dance, and conducted the
recommendations in a case-based fashion. A similar bio-inspired system named
TARS (Bedi and Sharma, 2012) selects a small and best neighborhood based on bi-
ological metaphor of ant colonies. As one of the most popular evolutionary algo-
rithms, genetic algorithm (GA) was adopted in various works. (Pascoal et al., 2014)
used GA to compose a similarity function for event recommendation. (Bobadilla
et al., 2011) gradually refined the weighting parameters for a novel similarity met-
ric using GA. (Ar and Bostanci, 2016) proposed a similar refinement mechanism for
three other standard similarity metrics.

Fuzzy models

Fuzzy models are also frequently adopted for model based CF RS. A recent sur-
vey (Yera and Martinez, 2017) summarized previous approaches that make use of
fuzzy tools, as illustrated in Figure 2.3. Fuzzy clustering algorithms, especially the
famous fuzzy c-means clustering algorithm, are sometimes used as a preparation
step for later memory based methods. (Chen, Ying, and Gong, 2008) first filled un-
known ratings using rough set theory, then computed user similarities based on the
results of fuzzy clustering. (Treerattanapitak and Jaruskulchai, 2012) introduced a
modified fuzzy c-means to CF by changing the original objective function with an
exponential function. (Nilashi, Ibrahim, and Ithnin, 2014) combined their Adaptive
Neuro-Fuzzy Inference System with the subtractive clustering and higher order sin-
gular value decomposition for multi-criteria CF. (Leung, Chan, and Chung, 2006)
proposed a fuzzy association rule technique with multi-level similarities. First they
discretized ratings using fuzzy logics, then novel measures like fuzzy support and
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fuzzy confidence were integrated into the traditional association rule mining tech-
niques. (Kant and Bharadwaj, 2013) proposed a novel CF model based on fuzzy
naïve Bayesian classifier, and combined it with reclusive methods to enhance the
recommendation performance.

FIGURE 2.3: Fuzzy model based CF methods (Yera and Martinez,
2017).

Matrix factorization models

Matrix factorization models are very popular in current CF research and have been
proved to be efficient and effective. The general idea of these models is to factor-
ize the explicit or implicit user-item interaction matrix into two low rank matrices
P and Q that capture, respectively, the latent factors of users and items in a low
dimensional latent space.

Matrix decomposition based models The typical matrix decomposition technique,
Singular Vector Decomposition (SVD), is usually utilized to obtain P and Q, and the
approximation matrix R̂. This can be formulated in the following general way as
Eq. 2.26 by minimizing the matrix norm error together with a certain regularization
term. Normally the Frobenius norm is adopted. (Koren, Bell, and Volinsky, 2009;
Kumar, Girase, and Mukhopadhyay, 2015; Ramlatchan et al., 2018) are several in-
teresting surveys that summarize and categorize the existing CF methods based on
matrix factorization models.

min
p∗,q∗ ∑

(u,i)∈K
(ru,i − r̂u,i)

2 + λ(‖Ω‖n) (2.26)
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Given K = {(u, i)|ru,i 6= •}, λ the regularization parameter, n the ln matrix norm,
and Ω the set of parameters.

There are several ways to generate the rating predictions based on the extracted low
rank matrices. The trivial way is to directly compute Eq. 2.27 (Sarwar et al., 2002;
Webb, 2006).

r̂u,i = puqT
i (2.27)

(Paterek, 2007) improved the rating prediction by introducing bias bu and bi for each
user and item in such a way that

r̂u,i = µ + bu + bi + puqT
i (2.28)

where µ is the global average rating. The state of the art method for the SVD fam-
ily called SVD++, proposed by (Koren, 2008), incorporates the implicit feedback like
the binary matrix that indicates the rated and unrated items, or purchased and un-
purchased items for users, as well as the explicit ratings, to improve the prediction
accuracy. The predictions are computed according to the following equation:

r̂u,i = µ + bu + bi + qT
i (pu + |N(u)|− 1

2 ∑
j∈N(u)

yj) (2.29)

where N(u) refers to the item set that user u has shown implicit preference by pur-
chase or rental actions. In this equation, the user vector is enhanced by the implicit
feedback to better capture the user preference. (Guo, Zhang, and Y-S, 2015) further
extends the SVD++ model by incorporating social trust information on real social
networks as

r̂u,i = µ + bu + bi + qT
i (pu + |N(u)|− 1

2 ∑
j∈N(u)

yj + |T(u)|−
1
2 ∑

v∈T(u)
zv) (2.30)

where T(u) refers to the group of users that user u trusts. Thus, each user is modeled
by combining three latent vectors: the vector p learned from explicit ratings, the
vector y learned from the set of items that user u has shown implicit interest, and
the vector z learned from the group of u’s trusted users.

The regularization term in Eq. 2.26 depends on the parameters of the model and
the adopted ln Frobenius norm. Usually in order to control the model complexity,
the regularization parameter λ is the same for all model parameters. The majority
of matrix factorization models apply the l2 norm (Sarwar et al., 2002; Paterek, 2007;
Koren, 2008; Guo, Zhang, and Y-S, 2015). For example, the regularization term in
(Sarwar et al., 2002) is as follows:

λ(∑
u
‖pu‖2 + ∑

i
‖qi‖2) (2.31)
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In (Ji et al., 2016) the l1 is adopted to obtain sparser solutions in the following way:

λ(∑
u
‖pu‖+ ∑

i
‖qi‖) (2.32)

Apart from the Frobenius norm, several researches (Mazumder, Hastie, and Tib-
shirani, 2010; Hastie et al., 2015; Ciliberto, Stamos, and Pontil, 2017) establish their
objective function considering the trace norm, also known as nuclear norm or Ky-
Fan n-norm. The trace norm is the sum of singular values of the approximation
matrix R̂. (Srebro and Shraibman, 2005) explain the connections among rank, trace
norm and max norm as matrix complexity measures. Based on these connections,
(Srebro, Rennie, and Jaakkola, 2005) propose the maximum margin matrix factor-
ization (MMMF), which constrains the norm of P and Q instead of their ranks. It
means MMMF allows the factor matrices to have theoretically infinite dimensional-
ity, however, only a few factors have large values, i.e. the number of factors is not
limited, but the overall strength of these factors is constrained. This constraint is
mathematically equivalent to constricting the trace norm of the approximation ma-
trix R̂. MMMF is further extended in (Rennie and Srebro, 2005; Weimer et al., 2008;
Kumar et al., 2017).

Many research works intend to put non-negativity constraints on both the factor-
ized matrix R and the obtained factor matrices P and Q in order to enhance the
interpretability of the learned model. (Lee and Seung, 1999) establish the objective
function as in Eq. 2.33 to learn the part-based data representations.

min
p∗,q∗ ∑

(u,i)∈K
(ru,i − log puqT

i )− puqT
i (2.33)

Subject to the constraints that R, P and Q are all non negative matrices.

Later in their extending work (Lee and Seung, 2001) propose two alternative ob-
jective function for Non Negative Matrix Factorization (NMF) with the same non-
negativity constraints:

min
p∗,q∗ ∑

(u,i)∈K
(ru,i − puqT

i )
2 (2.34)

min
p∗,q∗ ∑

(u,i)∈K
ru,i log

ru,i

puqT
i
− ru,i + puqT

i (2.35)

Similar to Eq. 2.26, Eq. 2.34 minimizes the sum of squared errors. Eq. 2.35 adopts the
asymmetric divergence of R from R̂ = PQT. And when ∑ R = ∑ R̂ = 1, it reduces
to Kullback-Leibler divergence. In this sense, R and PQT can be seen as normalized
probability distributions. It is proved that NMF with KL-divergence is equivalent to
PLSA (Ding, Li, and Peng, 2006).

Considering the previous two versions of objective function using the Frobenius
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norm and divergence, (Cai et al., 2011) introduce graph regularization terms into
both equations to leverage both the nonnegative constraints and the local invariance
assumption in manifold learning theory (Eq. 2.36 and 2.37).

min
p∗,q∗ ∑

(u,i)∈K
(ru,i − puqT

i )
2 +

λ

2
( ∑

u∈U
pT

u pudu,u − ∑
u,v∈U

pT
u pvwu,v) (2.36)

Given a graph with |U| nodes, W|U|x|U| a weight matrix, D|U|x|U| the Laplacian matrix
of the graph.

min
p∗,q∗ ∑

(u,i)∈K
(ru,i log

ru,i

puqT
i
− ru,i + puqT

i ) +
λ

2 ∑
u∈U

∑
v∈U

K

∑
1
(pu,k log

pu,k

pv,k
+ pv,k log

pv,k

pu,k
)wu,v

(2.37)
Given K the rank of P and Q.

(Luo et al., 2014) integrate the Tikhonov regularizing terms into Eq. 2.34 to get Eq.
2.38 in order to improve the accuracy of recommendations. They also propose novel
non-negative single-element-based update rules, which only iteratively update the
involved factor vector in P and Q rather than the whole matrices, and significantly
improve the efficiency of model training.

min
p∗,q∗ ∑

(u,i)∈K
(ru,i − puqT

i )
2 + λp ∑

u
‖pu‖2

F + λq ∑
i
‖qi‖2

F (2.38)

Subject to P ≥ 0, Q ≥ 0.

Once the objective function is established, the model starts to learn from observed
data adopting a certain learning algorithm. Gradient-based algorithms, especially
Stochastic Gradient Descent (SGD), are usually used to iteratively train the pro-
posed model due to their easy implementation. The prediction error eu,i = ru,i − r̂u,i

for each observed rating is used to update the parameters of model according to a
learning rate γ until convergence. Take Eq. 2.27 as an example, the parameters pu

and qi are updated in following way:

pj+1
u = pj

u + γ(ej
u,iq

j
i − λpj

u)

qj+1
i = qj

i + γ(ej
u,i p

j
u − λqj

i)
(2.39)

Since both P and Q are unknown, optimizing the above non-convex objective func-
tions directly is NP-hard. However, if one of the two matrices is kept as fixed
constant, the considered objective function becomes a convex function of the other
(Ramlatchan et al., 2018). This learning algorithm is called Alternating Least Squares
(ALS), which alternatively update each parameter when the rest are kept fixed un-
til the convergence of the considered objective function. Take the same example as
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above, the parameters are updated as follows:

pj+1
u = QjT

(QjQjT
+ λI)−1 pj

u

qj+1
i = PjT

(PjPjT
+ λI)−1qj

i

(2.40)

Comparing to SGD algorithm, ALS has better scalability since instead of iterative
updates, it can benefit from parallelism (Zhou et al., 2008; Mllib, 2018). The com-
putation of each component of the matrices can be conducted independently. This
advantage is especially valuable when the training observation set is large, like im-
plicit input data.

Probabilistic models/Graphical models Another family of matrix factorization mod-
els are based on probabilistic models, both statistical probabilistic ones and Bayesian
probabilistic ones. Since these methods can be represented by graphical models,
this type of matrix factorization techniques are also called graphical model based
CF methods. (Mnih and Salakhutdinov, 2008; Salakhutdinov and Mnih, 2008; Ling,
Lyu, and King, 2014) Probabilistic matrix factorization (PMF) was first proposed by
(Mnih and Salakhutdinov, 2008) to overcome the bad scalability and cold start prob-
lems of memory based CF methods. Compared to other matrix factorization models,
PMF enjoys better efficiency and accuracy on sparse and imbalanced datasets. It can
be seen as a probabilistic extension of SVD for the partially observed matrix R. This
matrix factorization model assumes that the observation noise follows a Gaussian
distribution, and both P and Q follow a zero-mean spherical Gaussian prior distri-
bution as well, as indicated in Eq. 2.41. They place improper prior distributions for
hyper-parameters in order to update the parameters in a closed form.

p(R|p, q, σ2) = ∏
(u,i)∈K

N(ru,i|puqT
i , σ2)

p(P|σ2
P) = ∏

u∈U
N(pu|0, σ2

PI)

p(Q|σ2
Q) = ∏

i∈I
N(qi|0, σ2

QI)

(2.41)

The log of posterior distribution over P and Q can be computed based on the cor-
responding Gaussian likelihood and prior distributions. Since the exact Inference
of the log posterior distribution over parameters is given the ratings is intractable,
MAP estimation is typically adopted for the model parameters. Maximizing the log
posterior distribution with fixed hyper-parameters is equivalent to minimizing the
objective function on the right side of Eq. 2.42.
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− ln p(P, Q|R, σ2, σ2
P, σ2

Q) ∝ ∑
(u,i)∈K

(ru,i − puqT
i )

2 + λP ∑
u∈U
‖pu‖2

F + λQ ∑
i∈I
‖qi‖2

F

λP = σ2

σ2
P
, λQ = σ2

σ2
Q

(2.42)

(Mnih and Salakhutdinov, 2008) also suggest to pass the simple linear Gaussian func-
tion through a non-linear logistic function g(puqT

i ) so as to bound the predicted val-
ues into the valid value interval, which better suits the non-linear nature of the rating
prediction task.

Instead of conducting MAP estimation, (Salakhutdinov and Mnih, 2008) apply Bayesian
inference for the PMF model. They use Markov chain Monte Carlo (MCMC) meth-
ods (such as Gibbs sampling) for approximate inference the parameters of the pro-
posed Bayesian probabilistic matrix factorization (BPMF) model. This model pre-
serves both the Gaussian likelihood function for observed ratings and the Gaussian
prior distributions over P and Q, and places the conjugate Gaussian-Wishart pri-
ors on the user and item hyper-parameters to facilitate later the inference step. Ini-
tialized by pre set values, the parameters and hyper-parameters are alternatively
sampled from their corresponding conditional distributions given the other fixed.
Instead of using MCMC methods, (Nakajima et al., 2013) propose to leverage varia-
tional Bayesian methods for the model inference. (Chen, Zhu, and Heng, 2018) im-
prove the variational inference step in a novel distributed form to enhance the scal-
ability and efficiency of BPMF. Both PMF and BPMF face a common drawback: they
are sensitive to outliers. Extending the work of (Wang et al., 2012), which conducted
a point estimation by the expectation-maximization algorithm, (Wang and Yeung,
2013) do the inference in a total Bayesian treatment. They also adopt a Laplace mix-
ture with the generalized inverse Gaussian distribution as the noise model in order
to improve model robustness. (Guo et al., 2017) propose a non-parametric prob-
abilistic matrix factorization model called ALAMF, which assumes an asymmetric
Laplace distribution for the noise that can be decomposed into a Gaussian distri-
bution and an inverse-gamma distribution. It turns out much easier to carry out
variational inference on the decomposed simple distributions.

There are several probabilistic models for NMF as well. Unlike BPMF and some ex-
tensions, (Hernando, Bobadilla, and Ortega, 2016) assume that the observed ratings
are sampled from a Binomial distribution. Since the inference can not be solved in a
closed form, variational inference technique is used to conduct in a totally Bayesian
way. Document recommendation or news recommendations, as a text-based ap-
plication of CF techniques, partially but intrinsically satisfy the non-negativity con-
straints since the fully observed matrix is usually the co-occurrence matrix in the
form of bag-of-words. A plenty of techniques subject to the non-negativity con-
straints are intensively studied in this filed. PLSA (Hofmann, 1999) regard latent
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factors as topics, and assume the observations of word-document co-occurrences fol-
low a mixture of conditionally independent multinomial distributions. LDA (Blei,
Ng, and Jordan, 2003) further extends PLSA with a Bayesian approach to avoid the
overfitting problem.

Factorization machine models There is another family of factorization methods
called factorization machines (FM) (Freudenthaler, Schmidt-thieme, and Rendle, 2009;
Rendle, 2010) that regards user and item latent vectors as equal variables and lever-
age the advantages of both Support Vector Machine (SVM) and matrix factorizations.
In collaborative filtering scenario, traditional SVM models usually fail due to the
sparsity of user-item interactions. For example, polynomial SVM is typically trained
with at most one observation for parameter wu,i, and wu′,i′ will reduce to 0 since no
interaction is previously observation, which makes polynomial SVM degenerate to
linear SVM. Unlike SVM, FM models all user-user, item-item and user-item interac-
tions using factorized parameters to break the independence of parameters. Eq. 2.43
defines a general factorization machine when degree equals 2. In this equation, V
refers to the whole set of variables represented as n× k latent vectors, which includes
users, items as well as plenty of side information such as time, meta data etc.

r̂(x) = w0 +
n

∑
i=1

wixi +
n

∑
i=1

n

∑
j=i+1

vivT
j xixj (2.43)

FM associates each feature with only one latent vector to model the latent effect
between features. FFM proposed by (Juan et al., 2016) further integrates the field
information into FM, obtains several latent vectors for each feature, and selects the
corresponding vector to the other one for the inner product of each feature pairs.
The field information is integrated as shown in Eq. 2.44.

r̂(x) = w0 +
n

∑
i=1

wixi +
n

∑
i=1

n

∑
j=i+1

vi, f j v
T
j, fi

xixj (2.44)

Given fi and f j the corresponding feature indexes for i and j.

Neural network models

Besides the popular matrix factorization CF techniques, neural network models are
treasured by researchers of RS community as well, and are intensively studied as
another important state-of-the-art branch, especially in the last decade when deep
learning models (neural network models with hierarchical complicate structure) are
proved to be extremely effective in many domains like image/speech recognition,
natural language processing etc. The impressive performance superior to human
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ability in certain tasks encourages many researchers to apply these promising tech-
niques to constantly update the state-of-the-art frontier. Comparing to other families
of model based CF techniques, neural network based ones can more easily capture
the intrinsic non-linear and non-trivial user-item interactions, and obtain different
levels of abstraction by means of complex representations achieved by hierarchical
network structure. Recently a survey (Zhang, Yao, and Sun, 2017) gives a deep sys-
tematic insight review on RS techniques that integrate different shadow or deep neu-
ral network models, and a two-dimension scheme for classification of deep learning
based RS is also provided as shown in Figure 2.4. The low dimensional represen-
tation assumption still holds for this family of RS methods since the deep learning
techniques are also recognized as the representation learning techniques. In gen-
eral these methods based on neural network models need to achieve two objectives:
representation learning and rating/ranking prediction, either jointly or sequentially.
Different neural embedding techniques, such as word2vec (Mikolov et al., 2013),
GloVe (Pennington, Socher, and Manning, 2014), doc2vec (Le and Mikolov, 2014)
and StarSpace (Wu et al., 2018), are typically applied to learn the distributed repre-
sentations (Rumelhart, Hinton, and Williams, 1986) of item descriptions in a shadow
window to leverage the local contextual information of target item based on explicit
ratings and side information like text descriptions. A series of publications such as
Item2vec (Barkan and Koenigstein, 2016), Prod2Vec (Grbovic et al., 2015) and Meta-
Prod2Vec (Vasile, Smirnova, and Conneau, 2016), are inspired by adopting embed-
ding techniques developed from Skip-Gram with Negative Sampling (Mikolov et
al., 2013) to recommendation field. As for the rating/ranking prediction task, both
neural network models and previously introduced latent factor models like matrix
factorization can be iteratively trained when the learned low dimensional represen-
tations are fed into them. According to whether there are interactions between the
representation learning and prediction components, the neural network based mod-
els can be further categorized into loosely coupled methods and tightly coupled methods
(Wang, Wang, and Yeung, 2015; Zhang, Yao, and Sun, 2017). As shown in Figure 2.5,
loosely coupled methods sequentially conduct representation learning and prediction
as a uni-direction work flow. On the contrary, tightly coupled methods alternatively
and iteratively optimize the parameters of the neural network model for representa-
tion learning and the parameters of the applied neural network or other latent factor
model for the prediction task.

In Figure 2.4 eight recent promising neural network models are listed on the left
side, namely Multilayer Perceptron (MLP), Autoencoder (AE), Convolutional Neu-
ral Network (CNN), Recurrent Neural Network (RNN), Deep Semantic Similarity
Model (DSSM), Restricted Boltzmann Machine (RBM), Neural Autoregressive Dis-
tribution Estimation (NADE) and Generative Adversarial Network (GAN) (Zhang,
Yao, and Sun, 2017). These eight models and their variants are the most influen-
tial representatives of the famous deep learning models. These models can also be
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FIGURE 2.4: Two-dimension scheme for classification of deep learn-
ing based RS. The left part illustrates the neural network models, and
the right part illustrates the integration models. (Zhang, Yao, and

Sun, 2017).

categorized into generative, discriminative and hybrid models; or supervised, semi-
supervised and unsupervised models. Since the deep learning techniques have been

FIGURE 2.5: Loosely and tightly coupled methods.
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TABLE 2.2: A summary on number of publications using different
neural network models.

Recommend Rely
Solely on Deep
Learning

Integrate Deep Learning with Traditional
RS

loosely coupled meth-
ods

tightly coupled meth-
ods

Model
Using
Single
Deep
Learning
Technique

MLP (9) MLP (5) MLP (1)
AE (9) AE (8) AE (8)
CNN (3) CNN (6) CNN (8)
RNN (18) RNN (3) RNN (1)
DSSM (3) DSSM (0) DSSM (0)
RBM (5) RBM (0) RBM (2)
NADE (2) NADE (0) NADE (0)
GAN (0) GAN (1) GAN (0)

Deep
Com-
posite
Model

8 2 0

intensively investigated in recent years, and their applications in recommendation
are usually hybrid models, it will take too much space to explain the details. Besides
it is out of the scope of this thesis to exhaust all these techniques, even their appli-
cations to RS filed, in this section we will not give the detailed network structure of
corresponding models or their mathematic formulations. In Table 2.2 we summarize
the number of recent publications on RS based on neural network models. For more
information of these proposed models we encourage readers to consult (Zhang, Yao,
and Sun, 2017). A typical feature for this family of models is that different types
of neural networks perform significantly well for some application fields as differ-
ent side information is available. For example, CNN models are usually used for
computer vision because images/videos are grid-based and can benefit from convo-
lution operations; while RNN models are often applied for sequential data like text
since the memory mechanism functions better in this scenario.

Following we will give a case study for youtube video recommendation based on
neural network models (Covington, Adams, and Sargin, 2016) as an example of this
family of methods. Figure 2.6 shows the general architecture of the RS where candi-
date generation corresponds to representation learning in Figure 2.5, and the ranking
refer to the prediction component.

Both the candidate generation and the ranking stage adopt neural network model.
Figure 2.7 gives the architecture of the first neural network model. The embedded
video watch and search history, and some other context information are fed into this
feedforward neural network. These input embeddings, as well as other parameters,
are gradually learned by applying the normal gradient descent back-propagation
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FIGURE 2.6: Youtube video recommendation architecture.

FIGURE 2.7: Deep candidate generation model architecture showing
embedded sparse features concatenated with dense features.
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updates. This neural network can be viewed as a generalization of matrix factor-
ization optimized under rank loss. A set of hundreds of approximately relevant
candidate videos are generated for each user.

In the ranking stage much more features are provided to the model since the objec-
tive is to select the best few videos from hundreds of candidates instead of the whole
video corpus which consists of millions. As illustrated in Figure 2.8, the architecture
of the ranking model is similar to the previous one, only changing the softmax func-
tion to weighted logistic regression in order to assign an independent score to each
candidate video. Then the candidates are ranked based on their score to get the top-
N recommendations. For the online testing, the expected watch time per video is
adopted as the final ranking function.

FIGURE 2.8: Deep ranking network architecture depicting embedded
categorical features (both univalent and multivalent) with shared em-

beddings and powers of normalized continuous features.

2.3 Demographic RS

RS that leverage demographic information about the users are one of the earliest
family. They recommend rated or purchased items with positive feedbacks by de-
mographically similar users to the active user considering features like age, gender,
position, etc. Generally a classifier is trained with this demographic information to
learn the inner association among users. (Zhao et al., 2014) proposed METIS, which
makes product recommendation based on matching the users’ demographic data ex-
tracted from their public profiles with product information learned from microblogs



38 Chapter 2. Related work

and text reviews. (Al-Shamri, 2016) compares several user profiling techniques in
demographic RS using real world data and show the advantages and disadvantages
of each.

There are some severe drawbacks of the pure demographic RS:

• Collecting the demographic information for all users is very expensive in terms
of time and labor, which results in that complete demographic data is rarely
available.

• There is too much variability in the preferences of each demographic group.
For a user, his interest towards a certain item may change under different con-
ditions.

• (Ekstrand et al., 2018) question that demographic RS show a great utility dif-
ference towards different user demographic groups. Users from larger groups
usually enjoy better utility, and this is unfair for users from smaller groups.

The classical solution to the demographic approach drawbacks is to combine is to
combine demographic information with other types of RS.

2.4 Domain-based taxonomy

In previous sections we conducted the RS taxonomy based on the differences of in-
put sources and applied methodologies. Recently, more and more researchers and
developers are engaged to RS field, especially the application on specific domains;
besides the explicit or implicit user-item interaction data, adequate side informa-
tion are also available that require appropriate preprocessing or post-processing
techniques from other fields such as natural language processing, computer vision,
time series analysis etc. (Bobadilla et al., 2013b) survey plenty of literature on di-
verse RS scenarios such as movie, music, television, books, documents, e-learning,
e-commerce, mobile applications in market, tourism, etc. These typical RS appli-
cation fields are classified into general domains where certain types of information
sources are available as introduced below.

2.4.1 Location based RS

Thanks to the popularity of mobile Internet, many valuable data can be collected in
a unconstrained way by means of mobile phone devices. Recommendations based
on geographical location data is an example. Applications like social networks, map
navigator, ridesharing or urban delivery etc. greatly benefit from the availability of
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real time location information. Recommendation of location, trajectory, user, even-
t/activity or content are conducted on basis of user’s current or historical geographi-
cal location information. (Bao et al., 2015; Bothorel et al., 2018) provide deep reviews
of location based RS and categorize them by their objectives.

1. Location recommendation task is further divided into Point of Interest (POI)
recommendation (Park, Hong, and Cho, 2007; Levandoski et al., 2012; Yang
et al., 2017) and Next POI recommendation (Feng et al., 2015; He et al., 2016a;
Ying et al., 2018). Take restaurant recommendation as an example, apart from
the explicit ratings a restaurant receives and previous consumption history, the
geographical distance also plays a very important role in the user’s final deci-
sion. The next POI recommendation problem is to recommend the successive
POI given the user’s current position by inferring his latent behavior patterns.

2. Trajectory recommendation, or similar tasks such as trip, path, route or itinerary
recommendation, is an extension to POI recommendation by leveraging users’
GPS trajectory history or the check-in history via geo-tags to recommend a se-
quence of (unrepeated) POIs (Yin et al., 2014; Dai et al., 2015; Menon et al.,
2017; Cai, Lee, and Lee, 2018).

3. User recommendation can be further sub-categorized into popular user dis-
covery, friend recommendation and community discovery (Bao et al., 2015).
Popular users are traditionally discovered as the core nodes of a social net-
work which are intensively connected. In geographical location related area,
these popular users are more experienced in sharing and recommending loca-
tions, and are often capable to provide recommendations of higher qualities
(Ying et al., 2011). Friend recommendation based on location information lies
on the intuition that people are more willing to connect with those are geo-
graphically close, and people that frequently visit similar locations are more
likely to become friends because they potentially share the same tastes (Li et
al., 2008; Zheng et al., 2011; Zhao, Ma, and Zhang, 2017). Community dis-
covery with location information (Hung, Chang, and Peng, 2009; Xiao et al.,
2014; Liu and Wang, 2017) also assumes that users that have similar trajectory
patterns belong to the same community.

4. Event/activity recommendation is intrinsically correlated with location infor-
mation and can only be conducted when this geographical information is avail-
able (Zheng et al., 2010; Yin et al., 2013; Qiao et al., 2014; Yang et al., 2015; Mo
et al., 2018). Given the current location and/or previous locations, Beijing for
example, possible activities like visiting the Great Wall, eating in the Gui street
etc..., and events such as Mayday concert, global marathon etc... can be rec-
ommended to a certain user that best match his profile or in a collaborative
filtering way.
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5. Content recommendation is another problem that benefits from location infor-
mation in terms of recommendation quality and efficiency. On content dis-
tribution platforms like twitter, sina microblog, spotify etc., location together
with other implicit information, are used for recommending content like news,
images, videos, music etc (Cheng and Shen, 2014; Kazai, Yusof, and Clarke,
2016; Cheng and Shen, 2016).

2.4.2 Social RS

Social RS refer to those that make recommendations based on the social network
which contains plenty of valuable information about user-wise relationships. De-
pending on the designed structure, the social network can be directed or undirected.
For example, Facebook maintains the mutual friendship between user pairs, thus
the network is undirected. While Twitter typically uses "Follow" relationship (Kwak
et al., 2010) to model the directed user links: a user can follow many other user, but
not all the followed users will follow back, i.e. the relationships among users are
asymmetric. Another directed network structure is constructed based on the trust
and distrust relationships applied by Epinions. If a user chooses to trust another
user, he is implicitly indicating that they probably share similar tastes or prefer-
ences. All these symmetric or asymmetric relationships can be further quantified by
analyzing the strength of user-wise links and discovering user communities (Back-
strom and Leskovec, 2011; Gupta et al., 2013; Aiello and Barbieri, 2017; Seo et al.,
2017). These side information are first encoded into a user-user matrix, and lever-
aged in two general ways: 1) directly used to conduct user recommendations such as
friend recommendation in Facebook or connection recommendation in LinkedIn. 2)
combined with other input sources to enhance the quality of item recommendation.
Integrating these network link information helps to increase the robustness of RS, es-
pecially for CF methods: memory based approaches can benefit in the neighborhood
search step, while model based methods can adapt these side information sources
like trust into their objective function to boost recommendation performance. This
useful information is preserved only in the graph/network structure. Finally tags
are another popular information source in social networks obtained from users’ col-
laborative tagging behavior that explicitly express their preferences. (Bogers, 2018)
summarize many recommendation methods that incorporate tags into traditional
models. Instead of the simple user-item matrix, they extend it to a 3-D user-item-tag
tensor in order to provide enriched sources to the recommendation process.

2.4.3 Review based RS

The incorporation of textual review contributed by users on specific movies, music,
products, hotels etc. has led to the emergence of review based RS. These valuable
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user reviews are important user-item interaction side information, where opinion
and emotions reflecting user preferences can be extracted by techniques such as text
mining and sentiment analysis etc., which will greatly benefit the enhancement of
content based RS and CF RS. There are mainly two ways that reviews are leveraged
to learn user preferences: unique opinion source (Poirier et al., 2010) or supplemen-
tary information to explicit or implicit ratings (Lei, Qian, and Zhao, 2016; Zhang et
al., 2017b). By transforming unstructured textual reviews into structured user/item
profiles, traditional content based RS or CF RS can alleviate the famous sparsity and
new user problems. When there are sufficient rating data, reviews can be used to
cross validate the reliability of rating predictions. (Chen, Chen, and Wang, 2015)
classified the state-of-the-art research on review based RS into two families: review-
based user profile building and review-based product profile building. The former is to
construct user profiles exploiting textual reviews they generated; and the latter in-
tends to enrich product/item profiles with user comments on the key characteristics.
They further divide review-based user profile building into three subtypes according to
the emphasized user profile types: term-based profile, rating profile and feature prefer-
ence. (Chen, Chen, and Wang, 2015) also list the eight elements contained in the user
reviews (Figure 2.9).

FIGURE 2.9: An illustration of review based RS (Chen, Chen, and
Wang, 2015).

2.4.4 Time aware RS

Timestamps accompanying ratings are often automatically collected by RS; they are
very informative data that encode temporal factors that affect user preferences. Tra-
ditional RS assume that user interests are static during a relatively long period, and
what have been learned from user rating/consumption history can reflect his current
preference. However, there are some obvious temporal patterns in users’ decision
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making process that may violate this assumption. Take location recommendation as
an example: during weekdays people always visit familiar places, while at week-
ends they are more interested in visiting novel places for entertainment. It is impor-
tant to be aware of the temporal dynamics of user preferences; e.g. they may change
their music interest and get tired of songs they liked years ago. (Ding and Li, 2005)
propose to apply a temporal decay rate and rely more on the recent history data.
(Koren, 2009) reports that the simple weighting design (Ding and Li, 2005) is not
sufficient to capture the complex temporal factors. (Song, Elkahky, and He, 2016)
figure out that the main challenge for introducing time dimension to traditional RS
is the high cost of parameter estimation and inference for the extra parameters which
make it impractical for large scale applications. They propose a novel architecture
based on deep neural network that models the combination of long-term static and
short-term temporal user preferences, which significantly outperforms state-of-the-
art algorithms. (Campos, Díez, and Cantador, 2014) summarize some research on
time aware RS, and put special emphasis on the evaluation of such RS.

2.5 RS evaluation

The evaluation of RS is crucial for both academic and industrial communities: the
former needs to prove their novel models outperform the state of the art; and the lat-
ter requires fair evaluation metrics to select the most appropriate methods for their
applications. In general there are three ways to conduct evaluations: online evalu-
ation (A/B test), offline evaluation and user evaluation. In this thesis we will focus
on offline evaluations since these are the most widely adopted form. Generally, the
cross validation techniques, such as random sub-sampling, k-fold cross validation,
leave-one-out cross validation etc., are employed in the evaluation process. Figure
2.10 shows the general mechanism for cross validation used to generate quality re-
sults form the evaluation measures. Several surveys comprehensively discuss this
topic (Shani and Gunawardana, 2011) from many aspects. Different properties of RS
are considered in the evaluation of recommendation results as listed below.

2.5.1 Accuracy

Since the appearance of RS, the prediction accuracy is valued as one of the most im-
portant properties. Those recommendation algorithms that provide more accurate
predictions are assumed to be more preferable to users. The prediction error calcula-
tion requires known rating/ranking of test data, as a result, the prediction accuracy
evaluation is conducted in offline mode.
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FIGURE 2.10: RS evaluation process (Bobadilla et al., 2013b): The
database is divided in training and test areas for both users and items.
In the first phase (top on the left side), k-neighbors are calculated for
the active user (while the active user is selected from the set of test
users, the k-neighbors are selected from the set of training users). In
the aggregation phase (top on the right side), predictions are calcu-
lated for the active user (from the set of test items). Finally, evalua-
tion metrics are used to compare the predictions and recommenda-
tions obtained with the real ratings of the user; the more accurate the
predictions and recommendations, the better quality of the proposed

recommendation algorithm.

Rating based accuracy

When explicit user-item ratings are fed into the RS, the rating that a user would give
to a previously unseen item is predicted. The prediction accuracy is evaluated based
on the predicted values and the corresponding real ratings.

The most commonly used accuracy metrics are Mean Absolute Error (MAE) and
Root Mean Squared Error (RMSE), as shown in Eq. 2.45.

MAE = 1
|K| ∑

(u,i)∈K
|ru,i − r̂u,i|

RMSE =
√

1
|K| ∑

(u,i)∈K
(ru,i − r̂u,i)2

(2.45)

K = {(u, i)|ru,i 6= •} is the same as defined in Eq. 2.26. Because different rating
datasets may have different valid ranges, these ratings are sometimes first normal-
ized by the range rmax − rmin.
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Another problem is when rating distribution is highly unbalanced, the final predic-
tion error will be dominated by few users who have rated many items. In this case,
it is better to calculate the error for each user, and then average over all the users, as
we implemented in our Java library (Ortega et al., 2018) and shown in Eq. 2.46.

AverageMAE = 1
|U| ∑

u∈U

1
|Iu| ∑

i∈Iu

|ru,i − r̂u,i|

AverageRMSE =
√

1
|U| ∑

u∈U

1
|Iu| ∑

i∈Iu

(ru,i − r̂u,i)2
(2.46)

User acceptance based accuracy

In some cases, the accuracy is not measured by the prediction error, but the user
acceptance of the recommended items reflected as rating or purchase history. For
this scenario, items are binarized into relevant and irrelevant ones comparing to a
predefined relevance/rating threshold. Users’ previous acceptance data for different
items are available in the offline evaluation mode. By assuming that previously
unaccepted items are not interesting to the user, several metrics such as Precision,
Recall and F1, can be defined as follows:

Precision = 1
|U| ∑

u∈U

|{i∈Ou|ru,i≥µ}|
|Ou|

Recall = 1
|U| ∑

u∈U

|{i∈Ou|ru,i≥µ}|
|{i∈Iu|ru,i≥µ}|

F1 = 2×Precision×Recall
Precision+Recall

(2.47)

Where Ou is the recommendation items for user u, Iu is rated items by user u, and µ

is the predefined relevance threshold.

If the recommendation list is presorted in a declining order, then these metrics can be
changed (Eq. 2.48) to evaluate the accuracy emphasizing the first few recommended
items. These variants can also be seen as ranking based accuracy metrics, which are
introduced later.

Precision@n = 1
|U| ∑

u∈U

|{i=Ou(j)|ru,i≥µ, j≤n}|
n

Recall@n = 1
|U| ∑

u∈U

|{i=Ou(j)|ru,i≥µ, j≤n}|
|{i∈Iu|ru,i≥µ}|

F1@n = 2×Precision@n×Recall@n
Precision@n+Recall@n

(2.48)

Given j the index of the first n items to recommend. There are some other user
acceptance based accuracy metrics such as Receiver operating characteristic (ROC)
curve, Area Under the ROC Curve (AUC) etc., widely used as well. ROC can be
calculated as the ratio between recall (true positive rate) and fallout (false positive
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rate, indicated in Eq. 2.49). And AUC refers to its literal meaning.

Fallout =
1
|U| ∑

u∈U

|{i ∈ Ou|ru,i < µ}|
|{i ∈ Iu|ru,i < µ}| (2.49)

Ranking based accuracy

In many recent RS applications, an ordered item list is provided based on predicted
sequence of user preference. The reason behind is that user pay more attention on
the first few recommended items rather than considering equally all the recommen-
dations. The generated list depends on the numerical rating values or indicated
relationship of item pairs. To measure the accuracy of recommendation lists, some
ranking metrics are usually used.

The R-score (Breese, Heckerman, and Kadie, 1998) emphasizes on the head of the
list by assuming that the attraction of successive items decreases following an expo-
nential decay rate as defined in Eq. 2.50. O is the recommendation list for user u, d
is the neutral vote, α is the halflife item index representing the item that has a 50%
probability to be visited by the user, and Rmax

u is the best possible ranking for user u.

Ru =
|O|
∑

i=1

max((ru,Oi−d), 0)
2(i−1)/(α−1)

R = 100
∑

u∈U
Ru

∑
u∈U

Rmax
u

(2.50)

Another widely accepted ranking metric is Normalized Discounted Cumulative Gain
(NDCG) (Järvelin and Kekäläinen, 2002) coming from information retrieval. This
metric applies a logarithmic decay rate and pays more attention to possible relevant
items in the middle of the list. Eq. 2.51 calculates the overall DCG and NDCG for
all elements in the recommendation; while Eq. 2.52 only considers the first n ele-
ments in the list. The DCG in the equations represents Discounted Cumulative Gain
(DCG), IDCG is the ideal DCG, Gainu,Oi is the relevance gain for user u given item
Oi, and b is the freedom parameter defined as the logarithmic base.

DCG = 1
|U| ∑

u∈U

|O|
∑

i=1

2
Gainu,Oi−1
logb(i+1)

NDCG = DCG
IDCG

(2.51)

DCG@n =
n
∑

i=1

2
Gainu,Oi−1
logb(i+1)

NDCG@n = DCG@n
IDCG@n

(2.52)
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Sometimes the availability of rating data cannot be guaranteed since in some recom-
mendation scenarios, only the click through rate data is collected. Instead of predict-
ing ratings for item candidates first and then sorting them based on predicted values,
these methods skip the pointwise explicit ratings by directly leveraging pairwise or
listwise ordering information to generate an ideal sorting.

2.5.2 Properties beyond accuracy

Besides the prediction accuracy of RS, there are many other properties that can be
considered too. Depending on the objectives, different recommendation results em-
phasizing different properties may be appropriate for different users. For example,
a curious user may accept some novel movie recommendations that he does not ex-
pect, while a conservative user sticks to the most accurate results. When selecting
from hotel recommendations, people prefer those with high value for money, and
high reliability at the same time. And when someone is tired of listening to pop
music all days, he may expect some more diverse recommendations to explore the
new interest. The current RS are required not only to fulfill the original task, but
also to achieve the users’ objectives as much as possible. Many surveys (Herlocker
et al., 2004; Ge, D-Battenfeld, and Jannach, 2010; Hurley and Zhang, 2011; Shani
and Gunawardana, 2011; Said and Bellogín, 2014; Kotkov, Wang, and Veijalainen,
2016; Kunaver and Požrl, 2017; Kaminskas and Bridge, 2017; Kluver, Ekstrand, and
Konstan, 2018) summarize the research efforts on the emerging properties beyond
accuracy, each of which will be discussed separately in the following sections.

Coverage

According to (Shani and Gunawardana, 2011; Kaminskas and Bridge, 2017), cover-
age is usually a two-fold property of entire RS that measure the proportion of user-
s/items on which the system can make effective recommendations. This is due to
the unbalanced distribution of user-item interactions: some active users rate many
items, and some popular items are rated by many users. The rest only contribute
little information. Methods that achieve higher coverage have stronger ability to
overcome "cold-start" problem.

The coverage mentioned in (Herlocker et al., 2004; Ge, D-Battenfeld, and Jannach,
2010) is item coverage, or catalog coverage, which refers to the proportion of items
which the system succeeds to recommend. The most simple formulation is defined
in Eq. 2.53, given Ou is the recommendations for user u.

ItemCoverage =
|{i|i ∈ {Ou|u ∈ U}}|

|I| (2.53)
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The other fold of the term coverage refers to user coverage, which measures the
proportion of users to whom the system can make recommendations (Bellogín et al.,
2013). Sometimes the system is not able to recommend items to users who just rate
very few or none items. This measure is a good indicator of how well the method
solves the new user problem.

Novelty

Novelty is first inspired from the information retrieval community. It is defined as
the ability to recommending items that are previously unknown to the user in the
recommendation field (Shani and Gunawardana, 2011; Castells, Hurley, and Var-
gas, 2015). Some researchers assume the popularity of items is negatively correlated
to novelty because they are probably already known by the user. Others calculate
certain distances between items rated by the user and items in the recommenda-
tion list (Castells, Vargas, and Wang, 2011). There is no widely accepted mathe-
matical formulation for the computation of novelty. Novelty should be considered
together with accuracy since recommending irrelevant items can improve novelty,
meanwhile it will significantly reduce accuracy.

Serendipity

Serendipity is improved from novelty by combining unexpectedness (Adamopou-
los and Tuzhilin, 2015) and usefulness into recommendation results. An example
can be helpful to distinguish serendipity from novelty: imagine that a user likes a
singer and has positively rated several of his songs, then if the system recommends
him some songs of the singer that he has not listened before, it is about novelty;
if the systems recommends him some songs from another similar unknown singer,
and the user likes them, it is about serendipity. Improving serendipity helps RS
to avoid obvious recommendations in CF based methods that may make the user
doubt the usefulness of the system, and to solve the over-specification problem in
content based methods (Ge, D-Battenfeld, and Jannach, 2010). However, it is still an
open question how to judge the quality of the serendipitous recommendations due
to the fact that under different contexts, the users’ judgment varies and it is highly
subjective. What’s more, a good serendipitous RS requires a well balanced consid-
eration between novelty, unexpectedness and usefulness since simply emphasizing
on unexpectedness and ignoring usefulness will lead to irrelevant and useless rec-
ommendation results.
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Diversity

Diversity is another important property that has been recently intensively studied
(Castells, Hurley, and Vargas, 2015; Kaminskas and Bridge, 2017; Kunaver and Požrl,
2017; Antikacioglu and Ravi, 2017). Imagine that you have rated "Avatar" and "Star
War" in some movie website, then the website recommends you 20 more science fic-
tion movies. You will expect some more diverse recommendations like love movies.
This is what diversity aims to do. Several proposals are risen for the computation
of diversity. (Zhang and Hurley, 2008) encourage the use of distance/dissimilarity
function, (Zhang and Hurley, 2009) use concentration curve to model item distribu-
tion, and (Bellogín, Cantador, and Castells, 2010) calculate diversity based on en-
tropy. Similar to properties mentioned above, a proper tradeoff between diversity
and accuracy should be carefully achieved because user will not be satisfied by some
meaningless irrelevant recommendations.

Privacy

RS users have paid increasing attention to their privacy of personal sensitive data.
Systems are not allowed to pro-actively or passively leak private data to any third-
parties. The recent leakage of Facebook social network data has been maliciously
leveraged for inducible recommendation of political election, which directly leads
to the ever strictest European data protection act. An increasing number of privacy-
preserving RS researches (Aïmeur et al., 2008; Li et al., 2011; Ghazinour, Matwin, and
Sokolova, 2016; Badsha, Yi, and Khalil, 2016) are being reported that intent to pre-
serve users’ privacy without significant loss of accuracy in recommendations. There
are generally three types of techniques to protect users’ privacy as listed below:

1. Homomorphic Encryption: By applying some encryption algorithms, the sen-
sitive user privacy data can be transformed into non-sensitive meaningless ci-
phertext.

2. Perturbation by using Noise Injection: This technique injects randomized per-
turbation noise data into the user personal data before passing the original
data to the system.

3. Differential Privacy: This technique does not allow the inference of the pres-
ence or absence of a certain user record so that a user can not guess private
data of other users based on his recommendation results.

Some researches such as (Liu et al., 2017) combine the above techniques to generate
hybrid models.
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Robustness

The robustness of a RS measures its resistance to different types of attacks intend-
ing to influence the recommendation results. For example, in order to promote new
movies, producers could hire professionals to inject new biased profiles into movie
review and recommendation websites like IMDb and DouBan, in such a way that
their new movies are promoted and their competitors are under estimated. This
operation is often called shilling attack or push/nuke attack (O’Mahony, Hurley,
and Silvestre, 2005; Hurley, 2011). Another type of attack is based on the special
structure of social networks where some densely connected power users perform
like opinion leaders, and if they are enticed to mislead their followers, a great part
of the audience will be influenced (Wilson and Seminario, 2013). (Turk and Bilge,
2018) summarize different attack schemes, and they conduct a robustness analysis
for many multi-criteria collaborative filtering recommendation algorithms. The re-
ported experimental results show that current RS are highly vulnerable to artificial
manipulations. This fact motivates the investigations on attack detection (Chirita,
Nejdl, and Zamfir, 2005; Wu et al., 2012; Zhou et al., 2016) and novel recommenda-
tion algorithms with higher robustness (Park et al., 2006; Gao et al., 2018).

Utility

Utility of RS, as introduced in (Shani and Gunawardana, 2011; Jannach and Ado-
mavicius, 2016), can be explained in both customers and service providers’ view-
point. The main purpose of the users is acquirement of satisfying recommendations
so that they can gain more knowledge, explore new interest, improve travel conve-
nience etc. Utility is a more general measure about the overall judgment on how
well the system meets people’s requirements, and how useful it is on basis of his
satisfaction degree. (Ekstrand et al., 2018) recently warn that the distribution of util-
ity is unbalanced across diverse user groups of varying sizes. Their experimental
results using a utility-based metric show that many current RS discriminate rela-
tively smaller demographic user groups by providing less accurate recommenda-
tions. And they urge that evaluation protocols that explicitly quantify the degree to
which the system satisfies all its users are urgently needed. From service providers’
view, the principal objective is to make profits and keep their revenue growing. In
this case they can compare the money they make to the expected revenue. Utility
can also be represented by some key indicators such as user acceptance rate, user
active time per week etc. However, one forbidden thing for the providers is to take
advantage of the asymmetric information and manipulate recommendation results
to mislead users to their desired directions.
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2.5.3 Reliability

Reliability, or confidence (Shani and Gunawardana, 2011) is one of the most impor-
tant issues of RS, yet still relatively few researches on this topic have been carried
out. It measures how reliable the system finds its rating/ranking predictions are.
Reliability is related to previously mentioned trust property of RS when trust and
distrust relationships among users of social networks are available. In this scenario,
apart from the "Word of mouth" opinions, positive/negative feedbacks from close
friends or opinion leaders are also considered to further improve the reliability val-
ues, but in most cases, only rating information is ready for use. Generally, the rec-
ommendation result is enhanced by assigning a reliability score to each prediction,
which usually appears in the form of <rating, reliability> pairs. This can benefit
users a lot by providing more useful information. For instance, if two restaurants
are predicted by the same rating, a user will naturally choose the one with higher
reliability. In the case that one movie is given a high rating but low reliability, and
another with slightly lower rating but much higher reliability, the user will investi-
gate further for genre and actor information of both before making a decision. Al-
though no research has been reported yet, considering the robustness property in
the assignation of reliability is of great importance since the attack profiles generate
bias towards item predictions as well as their reliability. As one of the key topics of
this thesis, reliability will be comprehensively surveyed in the following sections.

Reliability measures

The CF RS state of the art (Ricci et al., 2011; Bobadilla et al., 2013b; Godoy and
Corbellini, 2016; Yang et al., 2016) includes a variety of research fields and appli-
cation areas (GomezUribe and Hunt, 2016; Wang, Deng, and Yin, 2016; Matuszyk
and Spiliopoulou, 2017) where reliability has been relegated to a secondary level.
The first papers in this area often used the term ’confidence’ and they were located
in the classic K-Nearest-Neighbors (KNN) method. This is a conceptually simple
method, where recommendations are made by the set of K most similar (Nearest)
users (Neighbors) to the active one. The idea behind the method is to recommend
items that the active user does not know and that their neighbors have voted pos-
itively. Using KNN, confidence can be easily defined in terms of similarity of the
neighborhood to the active user or the number of ratings involved in each predic-
tion.

When social networks emerged, RS data was enriched with tags, followers and fol-
lowed information, as well as with all types of items and users’ links. This was the
starting point to create RS trust networks (ODonovan and Smyth, 2005; Yuan et al.,
2010; Park et al., 2016) obtaining users and items’ reputation on the one hand, and
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prediction and recommendation trust measures on the other. Confidence/reliabil-
ity values were obtained from trust and reputation values (Shambour and Lu, 2012;
Martinez et al., 2015; Massa and Avesani, 2007; Guo, Zhang, and Yorke-Smith, 2015;
Moradi, Ahmadian, and Akhlaghian, 2015) and they were used to improve accuracy
(Bellogín and Castells, 2014; Hernando et al., 2013b; Mahdi et al., 2017; Matuszyk
and Spiliopoulou, 2017). In RS where social information is available there is a pos-
sibility of using this additional information to obtain more reliable measures of con-
fidence and trust. The next step in the reliability research path arrives when the In-
ternet of things popularizes the existing context-aware RS (Adomavicius et al., 2011;
Wang, Deng, and Yin, 2016; Yang et al., 2016). Memory-based CF leading exponents
are the KNN method and their necessary similarity measures (Bobadilla, Serradilla,
and Bernal, 2010; Bobadilla et al., 2013a), whereas the model-based CF leading ex-
ponents are the different matrix factorization methods (Hernando, Bobadilla, and
Ortega, 2016; Zhang et al., 2017a). Most of the reliability/confidence research has
been carried out in the memory-based CF field (Mazurowski, 2013; Moradi and Ah-
madian, 2015; Zhang, Guo, and Chen, 2016a), whereas the model-based CF has only
occasionally covered prediction reliability (Chang and Hsiao, 2011).

A significant paper (Hernando et al., 2013b) in the CF reliability of predictions field
provides a method to obtain specific reliability measures (RM) specially fitting the
needs of different specific recommender systems. This method defines positive and
negative factors: the greater the value of each positive factor for a prediction, the
greater the value of the reliability of the prediction; the greater the value of each
negative factor for a prediction, the lesser the value of the reliability of the predic-
tion. This method mathematically combines positive and negative factors in order
to compose a prediction’s reliability measure. This measure is tested, showing the
expected behavior: “the more reliable a prediction, the less liable to be wrong”.

Authors of (Moradi and Ahmadian, 2015) provide a set of factors designed to ob-
tain a reliability measure based on trust-aware information. First, they make the
trust network of each active user, later the trust-based reliability measure made from
(Hernando et al., 2013b) is used to evaluate the quality of the predicted rating, finally
they reconstruct the trust networks for those of the users with lower reliability. The
reliability measure proposed in (Moradi and Ahmadian, 2015) just works on datasets
containing trust-aware information.

To implement a novel matrix imputation method, (Rezaeimehr et al., 2018) provides
a reliability measure. (Rezaeimehr et al., 2018) uses its imputation method to esti-
mate missing ratings and to impute them into the ratings matrix. The key idea is to
differentiate between reliable and not reliable predictions: only reliable predictions
are imputed into the ratings matrix.

Assigning uniform weights to the missing data is not an effective approach and it
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fails to keep up with the dynamic nature of online data (He et al., 2016b). Dynami-
cally weighting missing data is analogous to establish a dynamic reliability measure
(weight). The fast eALS (Alternating Least Squares) learning algorithm (He et al.,
2016b) is based on item popularity and it outperforms MF methods, using an incre-
mental update strategy into the machine learning process. Item popularity learning
is typically based on gradient descent, and gradient descent algorithms slow down
when item popularity has a tailed distribution (Rendle and Freudenthaler, 2014). A
non-uniform item sampler is proposed in (Rendle and Freudenthaler, 2014); it over-
samples informative pairs to speed up convergence.

Several papers propose CF reliability measures based on the rating matrix and the
KNN method; (Koren and Sill, 2011) predicts a full probability distribution of the
expected item ratings, rather than only a single score for an item. One of the ad-
vantages this approach brings is a novel method to estimate the confidence level in
each individual prediction. (Moradi, Ahmadian, and Akhlaghian, 2015) proposes
several confidence (reliability) measures for individual rating predictions. The reli-
ability term is also used in the RS context as a quality measure to weight some other
parameter, such as in (Bellogín and Castells, 2014), where they introduce weights for
neighbor selection. The entropy concept in RS (Wang, Zhang, and Lu, 2015) can be
applied beyond accuracy, to design a reliability measure. Reliability measures can
be applied in the item-to-item or user-to-user CF process in order to retrieve visual
representations of RS databases (Hernando et al., 2013c; Hernando et al., 2013a).
Users or item relations can be shown as edges of tree graphs; reliability of relations
can be represented using different edge colors or transparencies. The reliability con-
cept was used to weight the confidence of users and information. This concept has
currently been used, in the RS field, to establish a reliability measure to improve
accuracy of trust-aware recommender systems (Moradi and Ahmadian, 2015; Park
et al., 2016; Yuan et al., 2010). They assign reliability to users for improving the
trust network. Tag folksonomy-based RS provide significant information to tackle
research on reliability (Godoy and Corbellini, 2016).

In (Mahdi et al., 2017), the Pareto dominance concept (Ortega et al., 2013) is applied
to identify non-dominant users. (Matuszyk and Spiliopoulou, 2017) focuses on the
same main concept as (Mahdi et al., 2017): Reliability values are obtained from a
specific user similarity. In this case reliability values are related to trust networks,
Pareto dominance is not used, and the methodology from (Hernando et al., 2013b)
has been followed. RS research has been based on improving prediction and rec-
ommendation results; nevertheless, there is a set of potential goals that have not
been properly covered. In (Jannach and Adomavicius, 2016), the authors provide
a framework of RS recommendation goals and purposes; they establish some inter-
esting future challenges and introduce alternative problem formulations. In paper
(Lerche, Jannach, and Ludewig, 2016), authors enrich traditional ratings data; they
remind users of items they have viewed or consumed in the past. Results show that



2.5. RS evaluation 53

recommending only reminders is not the most effective strategy.

In (Zhang, Guo, and Chen, 2016a), they improve product ranking recommendations
using prediction uncertainty; they retrieve confidence values from memory-based
data and predictions. Using the confidence values, they obtain a posterior rating
distribution. (Chang and Hsiao, 2011) is the only paper that, apparently, covers the
reliability concept in model-based CF, nevertheless, it centers on the data quality of
the input matrix and nominal rating (instead of ordinal rating) management: Far
from the objectives of this chapter. We can conclude that reliability/confidence CF
research has been mainly associated with social information, particularly where ex-
plicit trust networks can be applied.

Reliability research has focused on explicit information that can be easily under-
stood and combined in a wide variety of ways. When we switch research to the
model-based dimension we have to deal with latent factors that do not have explicit
meanings. Finding solutions to RS challenges (novelty, reliability, recommendations
explanation, etc.) by using model-based approaches is much more abstract and diffi-
cult than affording these challenges in the memory-based dimension. Nevertheless,
commercial RS are directed toward model-based architectures, since they can better
handle the huge sizes of their datasets and they can improve accuracy results. It
is the researchers’ responsibility to provide model-based solutions that go beyond
accuracy.

Reliability quality measures

In order to design a suitable reliability quality measure (RQM) we need to under-
stand the different approaches used to establish RM. Several reliability/confidence
measures have been proposed, some of them focusing on specific areas: trust, social
information, context-aware, etc. KNN based RM are often proposed.

The classic paper (Herlocker et al., 2004) differentiates the terms strength (predic-
tion value) and confidence (reliability value) in a recommendation. They explain
confidence as “how sure the recommender system is that its recommendation is ac-
curate”. This paper does not provide any specific confidence quality measure (QM).
The contribution made by our work, later introduced in Chapter 4, is to take the
principles of the classic papers (Bobadilla et al., 2013b; Herlocker et al., 2004; Ricci
et al., 2011; Shani and Gunawardana, 2011; Wu, He, and Yang, 2012) and translate
them into two formalized, unambiguous and easy to implement RS-RQM.

In (Herlocker, Konstan, and Riedl, 2000) the authors claim that suitable RS explana-
tions of recommendations lead to increased user confidence. They show a simple
confidence interval of 1-5 stars as an explanation for movie recommendations; they
argue users can benefit from observing these confidence scores. From the user’s
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point of view, “RS preference ratings are malleable and can be significantly influ-
enced by the recommendation received. The effect is sensitive to the perceived relia-
bility of a RS and, thus, not a purely numerical or priming-based effect”(Adomavicius
et al., 2013). This approach is original, and has recently been expanded in (Hernando
et al., 2013b) . It shows processed information to the user, as reliability evidence. Our
approach covers the alternative option: to calculate each reliability value from the
rating matrix (Hernando et al., 2013c; Mazurowski, 2013; Moradi and Ahmadian,
2015; Martinez et al., 2015). Reliability values can be used in different phases of RS;
e.g. recommendation explanations, improving accuracy, etc.

McLaughlin and Herlocker (McLaughlin and Herlocker, 2004) create a “belief differ-
ence distribution” indicating the belief in the prediction values. The intuition is that
the less similar a neighbor is to the active user, the less belief we have that the neigh-
bor’s observed rating is the correct rating for the active user. This approach allows
us to define a simple RM based on the KNN method. We provide an alternative, in
which KNN-RM is taken as the variability of the neighborhood votes of each active
user.

Shani and Gunawardana (Shani and Gunawardana, 2011) define confidence in the
recommendation as the system’s trust in its recommendations or predictions. It
shows the most common measurement of confidence to be the “probability that the
predicted value is true, or the interval around the predicted value where a prede-
fined portion of the true values lie”. Our work takes this same reasoning as a hy-
pothesis. Finally, (Shani and Gunawardana, 2011) found that users liked receiving
some recommendations of items that they were already familiar with. They deter-
mined that to increase user confidence in the system, it is very important to find
credible (known) recommendations.

Koren and Sill (Koren and Sill, 2011) predict a full probability distribution of the
expected item ratings, rather than only a single score for an item. One of the advan-
tages this approach brings is a novel method to estimate the confidence level in each
individual prediction. Mazurowski (Mazurowski, 2013) proposes several confidence
(reliability) measures for individual rating predictions. They use the dataset ratings
to extract confidence values associated to rating values. Mazurowski (Mazurowski,
2013) also provides a method to obtain the quality of the RM. As far as we know, this
method is the best RQM approach published, so we have adopted it as baseline for
the RQM we propose in our work. The reliability term is also used in the RS context
as a QM to weight some other parameter, such as in (Bellogín and Castells, 2014),
where they introduce weights for neighbor selection. From the CF-KNN method,
papers (Bellogín and Castells, 2014; Koren and Sill, 2011; McLaughlin and Herlocker,
2004) implement probabilistic functions and weights to infer reliability values. Al-
though their strategy is adequate and it obtains reasonable results, it suffers from
generality because their approaches are KNN centered.
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The reliability concept was used to weight the confidence of users and information
systems. This concept has been currently used, in the RS field, to establish a RM
to improve accuracy of trust-aware recommender systems (Moradi and Ahmadian,
2015; Park et al., 2016; Martinez et al., 2015). They assign reliability to users to im-
prove the trust network. Trust and reliability have been combined in several papers.
Often, this approach can only be applied to datasets incorporating additional in-
formation, such as content-based data or folksonomies. What we propose in this
chapter can be applied to any dataset. Hernando et al. (Hernando et al., 2013c) pro-
vide a structured related work section focusing on trust, reputation, credibility and
reliability/confidence terms in the CF area.

RM can be applied in the item to item or user to user CF processes in order to get vi-
sual representations of RS databases (Hernando et al., 2013b; Hernando et al., 2013a).
User or item relations can be shown as edges of tree graphs; reliability of relations
can be represented using different edge colors or transparencies. The RQM we pro-
pose can serve to determine which is the best RM for the visual representations pro-
posed in (Hernando et al., 2013b; Hernando et al., 2013a).

Hernando et al. (Hernando et al., 2013c) define a general RM suitable for any arbi-
trary CF-RS. It also shows a method for obtaining specific RM specially suited to the
needs of different specific RS. This approach effectively comprises the design of new
CF-RM. Additionally, to test RM quality, they process the mean absolute error of the
set of predictions having a reliability value higher than a threshold.

In order to test RMs’ quality, (Matuszyk and Spiliopoulou, 2017) uses confidence
curves: plots showing predictions’ reliability values versus predictions’ errors. Ad-
ditionally, (Matuszyk and Spiliopoulou, 2017) provides a simple method to evalu-
ate confidence curves. To test (Matuszyk and Spiliopoulou, 2017) quality measure,
some simple methods have been put to the test: support and variability for user and
item, resampling and injecting noise. Reliability estimation is especially valuable to
weight imputation of predictions to the ratings matrix.

2.6 Summary

In this chapter we introduce the foundations of RS. The objective of this comprehen-
sive review is to give readers a full view of the continuous evolution and the latest
frontiers in RS community. Researchers, especially new beginners, will benefit from
this in-depth orientation. In the following sections, related works on specific topics
will be given to further enrich readers’ knowledge on concrete RS subfields. The
state-of-the-art research works are first surveyed according to the traditional taxon-
omy: content based RS, collaborative filtering RS and Demographic RS sequentially.
The advantages and shortcomings of each type are discussed. Because thesis con-
centrates on pure and enhanced CF RS, a more detailed classification is conducted
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into several hierarchical levels. As introduced in Chapter 1, the incorporation of
rich side information has empowered CF RS by integrating both other RS types and
promising techniques from other fields. A novel domain-based taxonomy shows us
the new trends in RS beyond the user-item rating matrix. Different RS properties that
should be fully evaluated are listed later, and as our key topic of this thesis, reliabil-
ity is separately listed and the recent publications on RMs and RQMs are intensively
surveyed.
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Chapter 3

Reliability measures for
recommender systems

Besides the well known accuracy metrics, providing a reliability value to each prediction and
recommendation is very important in current recommender systems: Users should know
which recommendations are reliable and which ones are risky. Despite its growing impor-
tance, research into collaborative filtering reliability has rarely been developed in the model-
based area. This chapter explains a matrix factorization-based architecture and method that
provides a reliability value to each prediction/recommendation. The reliability values ob-
tained have been put to the test, and, when applied, they show improvements in prediction
and recommendation quality in different recommender systems; additionally, they provide a
range of values that are understandable to users. The same content given in this chapter is
also available in (Zhu et al., 2018b) under the permission of the publisher Elsevier (Elsevier,
2018).
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3.1 Introduction

Recommender Systems (RS) are playing an increasing part in technology to better
the lives of every individual. RS popularity is growing fast, and users rely upon
RS recommendations more and more every day; accordingly, RS scientists have the
responsibility to enrich results by providing a reliability value to each prediction or
recommendation. Users should know that some recommendations are more reliable
than others; in fact, people like to know this information: Before we buy a product
or book a hotel, beyond the averaged recommendation rating information (e.g. one
to five stars), we carefully look at the number of opinions or votes other customers
have given. We usually prefer a 4-star hotel based on 1000 opinions to a 5-star hotel
based on 4 opinions.

In the above example, the number of opinions (or number of votes) plays the role of
an easy to understand reliability value: Predictions and recommendation can be de-
fined using the pair <averaged vote, number of votes>. Using Collaborative Filter-
ing (CF) model-based RS, the prediction and recommendation processes are much
more complex: Reliability values, as well as prediction values, must be obtained
from hidden factors; fortunately, we can show recommendation results in the same
simple pair representation: <prediction value, reliability value>. Reliability values
will be mainly used to automatically (implicitly) filter the least reliable predictions
or to show these reliability values to users and allow them to explicitly filter rec-
ommendations. Beyond this main use (beyond accuracy), model-based reliability
values will open up some future opportunities such as: Improving cold-start results,
explaining recommendations, extending the group recommendations methods, and
merging sensor reliabilities with prediction reliabilities on the Internet of things RS.

This chapter proposes a method to assign a reliability value to each prediction and,
by extension, to each recommendation. This method is based on an architectural
approach, rather than on a new mathematical model or algorithm. Moreover, the
proposed method does not require any arbitrary parameters or specific algorithms;
it is based on the use of any existing matrix factorization (MF) techniques. There-
fore, it can be directly used in MF models, but not in other CF approaches, such as
item or used-based cf. The method is based on the hypothesis that accuracy and
reliability should be closely related: The more reliable a prediction the more accu-
rate this prediction should be; similarly, experiments are based on this hypothesis to
test the validity of the method. The tests’ results show that reliable predictions are
more accurate than non-reliable ones, and reliable recommendations present more
precision.

In summary, we work on the hypothesis that the more suitable a reliability is, the
better accuracy results will provide when applied: predictions with higher reliabil-
ities should provide more accurate (less error) results, whereas we expect higher
prediction errors on low reliability recommended items. This hypothesis follows the
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guidelines of the most relevant papers published in the area; by way of example,
in (Shani and Gunawardana, 2011) it is stated: a) “Perhaps the most common mea-
surement of confidence is the probability that the predicted value is indeed true”,
b) “We can design for each specific confidence type a score that measures how close
the method confidence estimate is to the true error in prediction”, and c) “Another
application of confidence bounds is in filtering recommended items where the con-
fidence in the predicted value is below some threshold”.

Into paper (Mazurowski, 2013), the reliability quality measure is tested by analyzing
the way in which reliability values are related to prediction errors. In particular the
“confidence curve”, which is represented by the reliability values on the x-axis and
the prediction errors on the y-axis, is evaluated. (Hernando et al., 2013b) is based on
the same principle; it indicates: “This reliability measure is based on the usual notion
that the more reliable a prediction, the less liable to be wrong”. Finally, (Herlocker
et al., 2004) states: “Evaluations of recommenders for this task must evaluate the
success of high-confidence recommendations, and perhaps consider the opportunity
costs of excessively low confidence”.

This chapter’s most relevant contribution to RS state of the art is based on provid-
ing a measure of prediction and recommendation reliabilities, under the following
restrictions: a) Not to rely on the use of additional data to the ratings cast: Social in-
formation, demographic data, temporal values, etc., and b) to use the most popular
CF model: The MF method. Any reliability measure using data different to the rat-
ing matrix data will only be useful for those RS providing this specific type of data
(social, geographical, etc.). The proposed method in this chapter is valid for MF-
based CF RS. Restriction b) our method (use of MF) allows the proposed solution to
be applicable to most modern RS, which are model-based rather than memory-based
and make widespread use of MF techniques.

Addressing the attainment of a reliability measure using MF techniques entails a
difficulty that, as far as we know, has not been dealt with to date. In contrast to
memory-based methods, where heuristic approaches have a place, in MF we are
faced with a model-based method where the learning factors are hidden. Heuristic
techniques do not seem to apply to factors in which the meaning is not known; a
reasonable approach is the application of modern techniques of machine learning.

In this chapter we propose an innovative architectural solution in the context of RS,
with the same approach as some of the hierarchical architectural solutions currently
used in the field of deep learning: We establish two differentiated levels of abstrac-
tion, both supported by MF as the machine learning method and arranged hierar-
chically. The first hierarchical level will provide us with the reliability associated
with each existing rating prediction, while the second level will spread those values
towards ratings not made.
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As introduced in the Reliability measure section 2.5.3 of Chapter 2, as far as we know,
there is no publication covering prediction and recommendation reliability measures
on latent factor-based models. Most of this field of research has focused on obtaining
reliability measures using memory-based methods, in general, and datasets with
social information or taxonomies, in particular. Section 3.2 explains the details of the
proposed method; finally, Section 3.3 sets out the experiments carried out to validate
the quality of the results.

3.2 A novel reliability quality measure for recommender sys-
tems

In this chapter we propose a novel method that is based on the fact that accuracy
and reliability should be closely related: We expect to get high accuracies when pre-
dictions are considered reliable; on the other hand, if a prediction is not considered
reliable, we accept a lower accuracy result. In other words: Users expect high quality
results associated with high reliability suggestions, and they only accept low quality
results when associated with low (“risky”) reliability predictions.

The architectural solution adopted is based on the usual approach of engineering
and physics in which a large group of measurements are taken using different de-
vices, in different environments, and at different times. The set of information:
<device, environment, time> is completed with each measurement value obtained,
forming the enriched set <device, environment, time, measurement>. Since the set
of available data has internal relationships, it is possible to obtain additional in-
formation through several processes. For example, if we are talking about sensors
located in hostile environments and normal environments, we can obtain the prob-
ability that a measurement collected in a hostile environment has an error within a
margin, which will be different from the probability when the measurement is taken
in a normal environment. The same analysis can be established for temporal sample
collections, in which the environment conditions vary or the capacities of the sensors
themselves degrade.

The key to the above process is the enrichment of the information when there are
large amounts of related measurements. The different architectural and mathemati-
cal methods to obtain results exploit these sets of enriched information. In our case,
the basic set of information contains the ratings of the RS users: <user, item, rat-
ing>, while the rich set adds the prediction error (not the rating prediction): <user,
item, rating, prediction error>. Here, different users play the role of different sen-
sors. Users have different opinions about the set of items (diverse ratings), whereas
sensors are exposed to environmental conditions (diverse measures). Also, in this
example, the operational mechanism of the sensors is replaced by the selected CF
method (MF for us).
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To complete the picture, sensors often go through a calibration phase, where they
measure the deviation of their measurement from a reference of higher quality. In
our example we can use an equivalent mechanism: The cross-validation method,
with which we get the prediction error:

predictionerror = |predictionvalue− realvalue(rating)| (3.1)

By its very nature, the cross-validation method applies to the <user, item> pairs
where there are ratings, and not to the <user, item> pairs where no ratings are cast.

Starting from a matrix of ratings (from users to items), and by applying CF tech-
niques, we are able to obtain a matrix of rating predictions: ratings → MF →
ratingpredictions. Starting from the matrix of rating predictions, and applying cross-
validation, we are able to obtain a matrix of error predictions: ratingpredictions →
errorpredictions. We will give the name “known reliabilities (known errors) to the
set of ’error predictions’, because there is a prediction and its corresponding error
for each existing rating.

Each “known reliability” indicates the numerical deviation between measurement
(prediction) and reality (the rating). The greater the deviations, the worse the pre-
diction method when applied to the specific dataset. In this way, each prediction
error gives us a reliability value. Starting from the ratings, we obtain an abstraction
level with the semantic meaning of “known reliabilities”.

Similar to the deep learning architectures based on hierarchical feature extraction, in
a first machine learning process, our method starts from the semantic level “known
ratings” to obtain “known reliabilities”. Subsequently, a second machine learning
process is applied that starts from the semantic level “known reliabilities” to obtain
the semantic level “reliability predictions”. Our hierarchical architecture uses MF
to implement both machine learning abstraction levels. Figure 3.1 shows the big
picture of the proposed method.

Using working RS, data scientists can access the underlying matrix of ratings R
users,items . From the ratings matrix a model can be created in order to run a mod-
ern model-based RS. In this chapter we have used the Non-negative Matrix Factor-
ization (NMF) technique, due to MF’s ability to abstract hidden factors, generalize
results and spread inner knowledge.

In a running RS, from the model we can retrieve prediction estimations (pu,i) of un-
rated items; usually, the N highest predictions are chosen as recommendations. The
process area in Figure 3.2 is located at the arrow tagged as "MF prediction process".
The architecture to retrieve reliability predictions (lu,i) is outlined, in Figure 3.2, at
the arrow tagged as "proposed method".

Cross validation techniques provide a set of prediction error values: One error value
for each prediction to a <user,item> rating. Figure 3.2 shows this process at the arrow
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FIGURE 3.1: Hierarchical architecture of the proposed method: The
big picture.

tagged as “lower abstraction machine learning level”. This is the necessary infor-
mation to obtain the Mean Absolute Error (MAE): The inverse value of the accuracy.
Whereas prediction estimations of items to users (pu,i) are obtained for each unrated
item (items that the user theoretically does not know), cross validation techniques
work on the set of rated items in order to obtain the differences between ratings and
predictions.

The proposed method uses the prediction errors as a starting point. To this first ma-
chine learning abstraction level (based on NMF), we apply a second machine learn-
ing level to spread known prediction errors (prediction errors of the rated items).
The result is a set of estimations of the prediction errors (estimated prediction errors
of the unrated items). Figure 3.2 shows this process at the arrow tagged as "higher
abstraction machine learning level".

Since we have stated that accuracy and reliability should be closely related, the set of
estimated prediction errors provides the appropriate measure of the prediction relia-
bilities: The lower the estimated prediction error the higher the prediction reliability.
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FIGURE 3.2: Hierarchical architecture of the proposed method: De-
tails.

In a [0.1] interval context:

predictionReliabilityu,i = 1− predictionErroru,i (3.2)

Briefly, the proposed method provides reliability values to the RS predictions and
recommendations. The reliability value of each prediction is, by definition, the in-
verse of the estimated error of this prediction. To estimate predictions errors (non-
rated items) we use a NMF stage from the real prediction errors (from rated items);
this machine learning high abstraction level is based on a first NMF machine learn-
ing stage, where, from each rating, a prediction estimation of the rating is obtained.

The proposed method performance is just the performance of the chosen model-
based technique. Usually, it will duplicate the MF processing load when applied to
the current RS. As large commercial RS run model-based solutions, they can easily
adopt the proposed approach.

The main advantages of the method design are:

• Reliability values derived from a sensible and convincing principle: High reli-
abilities are related to low prediction errors.

• Very easy to understand, since it is based on architectural principles as op-
posed to new mathematical approaches.
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• There are no heuristic algorithms, new specific arbitrary thresholds or incon-
venient parameters.

• Its implementation is simple, since it can be based on existing machine learning
libraries.

• Uses abstraction levels, in a deep learning approach, where reliabilities are
obtained from previous machine learning results.

• This method is “universal”, in the sense that it only uses ratings or numerical
values; therefore, all collaborative filtering RS can use it.

Finally, in a reminder way, MF techniques convert sparse rating matrices into dense
factor matrices. Resulting matrices condense the fundamental information of the
rating matrices. The number of factors of the factorized matrices is much smaller
than the number of items (or users) of the ratings matrices. We can think of each
factor as one or several characteristics of the elements that make up the matrix rating;
e.g. action movies, young and female viewers, etc. MF factors are “hidden” factors,
since we do not know their specific meaning. From the factorized matrix we can
predict the value of each not issued rating; i.e. how much does user u value item
i: r̂u,i; when the most relevant factors of a user fit with the most relevant factors of
an item, it means that the user will like the item. Mathematically, the classical MF
process can be expressed as follows:

Let R of size |U|x|I| be the ratings matrix, where U is the set of users and I is the set
of items.

Let K be the number of hidden factors we want to use to make the MF.

Let P of size |U|xK and Q of size |I|xK be the two matrices that will approximate R
into a R̂ matrix.

R ≈ PxQT = R̂ (3.3)

Each row of P contains the K factors representing each dataset user, whereas each
row of Q contains the K factors representing each dataset item. Thus, the prediction
of a missing rating from a user i to an item j is:

r̂i,j = pi · qT
j =

K

∑
f=1

pi, f · q f ,j (3.4)

The idea behind the MF is a simple machine learning process, where we try to min-
imize the R̂ error:

e2
i,j = (ri,j − r̂i,j)

2 = ri,j −
K

∑
f=1

pi, f · q f ,j)
2 (3.5)
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To minimize the error, we modify pi, f and q f ,j to find the most appropriate values.
Then we use the gradient descent of both variables:

∂

∂pi, f
e2

i,j = −2(ri,j − r̂i,j)q f ,j = −2ei,jq f ,j (3.6)

∂

∂q f ,j
e2

i,j = −2(ri,j − r̂i,j)pi, f = −2ei,j pi, f (3.7)

From Eq. 3.6 & 3.7, the iterative updating rules from iteration t to iteration t + 1 are:

pt+1
i, f = pt

i, f + 2αei,jq f ,j (3.8)

qt+1
f ,j = qt

f ,j + 2αei,j pi, f (3.9)

Where α is a constant whose value determines the approaching speed to the mini-
mum approximation error.

3.3 Experiments

This section will test three main objectives to validate the proposed method:

• Reliability value distributions are not limited to one or several small ranges
of the complete interval [0..MaxReliabilty]. Reliability values are expected to
cover a large range of the interval [0..MaxReliabilty], following a Gaussian-like
or uniform-like distribution.

• Reliability values fulfill their basic principle: “The lower the estimated predic-
tion error the higher the prediction reliability, and vice versa”. The test results
must show better accuracy values when high reliability predictions are chosen.

• Choosing high reliability predictions produces some improvements in recom-
mendation quality.

Additionally, we have conducted an experiment to show it is possible to replace the
“number of recommendations (N)” parameter with the “reliability value required
(b)”. In many real RS it will be more appropriate to request “recommendations better
than quality b” instead of requesting “N recommendations”.

The experiments use three well-known RS datasets: MovieLens, FilmTrust and Net-
flix. Our method only requires ratings, and Table 3.1 shows these datasets’ main
parameters. Table 3.2 shows the experimental settings and parameters.
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TABLE 3.1: Datasets used to test the proposed method.

MovieLens 10M FilmTrust Netflix
Number of users 71.567 427 480.189
Number of items 10.681 1827 17.770
Number of ratings 10.000.054 11.848 100.480.507

TABLE 3.2: Experimental settings and parameters.

MovieLens 10M FilmTrust Netflix
Model based
method for the
proposed algo-
rithm

Non Negative
Matrix Factor-
ization (NMF)

NMF NMF

Cross validation
Testing & Training

20% test users,
20% test items

10% test users,
10% test items

20% test users,
20% test items

NMF number of
factors

6 7 8

NMF number of it-
erations

50 80 120

3.3.1 Reliability value distribution

In this section we test the suitability of the reliability values. If the reliability values
were limited to a narrow range (e.g. [3..4] from a [1..5] range), they could work for
computational purposes, but they would not be convincing for users. Users need
an understandable set of values: e.g. a [2,5..4,5] recommendation reliability range
would be fine, since it is similar to the recommendation reliability values people
would expect.

Since the proposed method provides a reliability value for each <user,item> pre-
diction, we have averaged each user and each item prediction reliability value and
obtained their probabilities. Figure 3.3 shows the results when the method is applied
to each of the datasets in Table 3.1.

The results show similar behavior for the large datasets: MovieLens and Netflix; the
interval of reliabilities is centered on the [3,25..3,5] interval for users and items, and
the range is understandable for people (2,5 to 4,5 stars as typical reliability values).
FilmTrust reliability distribution is good for users. The item distribution shows er-
ratic behavior that can be explained due to the small size of the dataset.

In short, the results show the proposed method provides suitable distributions of
prediction reliability values. People can understand and feel comfortable with the
reliability values associated with their item predictions and recommendations. RS
based on small datasets sizes should be carefully tested before the deployment of
this method.
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FIGURE 3.3: Distributions of the reliability values obtained for users
and items. Datasets: MovieLens (top), FilmTrust (centre) and Netflix

(down). X-axis: Reliability values, y-axis: Probability values.

3.3.2 Accuracy vs. reliability

The method proposed in this chapter is motivated by the concept that the more reli-
able a prediction is, the more accurate this prediction would be. With this in mind we
will test the prediction errors obtained when different levels of, a priori, prediction
reliability are stated.

The first experiment will process the Mean Absolute Error (MAE) of the predictions.
To each prediction we will assign a reliability value 1,2,3,4,5, using the proposed
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FIGURE 3.4: MAE values obtained for each possible reliability value
in the set 1,2,3,4,5. Datasets: MovieLens (top), FilmTrust (centre) and
Netflix (down). X-axis: Discrete reliability values, y-axis: MAE. Black
columns: MAE obtained for the corresponding reliability value. Grey

columns: MAE of the RS (without any reliability filtering).

method and applying a round function to force integer reliability values (more un-
derstandable to users using the typical star representations). Rounding off reliability
values will worsen the expected results, but it will show the “worst case” when ap-
plied to real scenarios (reliability values shown as a discrete number of stars).

Figure 3.4 shows the results obtained using the datasets in Table 3.1. The black
columns represent the MAE obtained for each reliability value (1, 2. . ., 5) predictions
(e.g. black column on x-axis value 5, shows the averaged MAE of all the predictions
with an associated reliability value 5). As we expected, the error (MAE) decreases
when the reliability value increases (the bigger the reliability value, the better the
accuracy result). These results support the validity of the proposed method: The
reliability values obtained are not only adequate for people, but they also fulfill the
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stated prerequisite (the larger the reliability value the smaller the prediction error).

The gray columns in Figure 3.4 show the whole RS MAE (i.e. not using reliability
information). In all three cases (MovieLens on top, FilmTrust in the middle and
Netflix on the bottom), the behavior is correct: The lowest reliability predictions 1,2,3
return the highest error (MAE) results, whereas the highest reliability predictions 5
return the lowest error results.

It is important to remember that improving accuracy is not an objective of this work.
These accuracy results are valuable because they confirm the prediction reliability
semantics: The higher the reliability of a prediction, the lower the probability that
this prediction will be wrong.

Figure 3.4 shows the dependency: “Prediction reliability versus prediction error”.
We have run an additional experiment to provide more detailed information: “Pre-
diction error versus prediction reliability”. In this case, we are not limited to the
1,2,3,4,5 set of discrete reliability values. Figure 3.5 shows the results of this addi-
tional experiment. The predictions have been grouped according to 15 error inter-
vals (x-axis). For each prediction group, the graphs show the averaged prediction
reliabilities (y-axis); e.g. the MovieLens dataset’s smaller errors (0.06 and 0.33) cor-
respond to 4.28 and 4.26 prediction reliability average (this is a sign, as expected, of
a large quantity of reliability values 4 & 5).

As can be seen in Figure 3.5, all three datasets tested show the expected behavior:
The smaller the predictions error, the greater their prediction reliabilities. High error
predictions show less regular behavior, due to the higher variance of the group of
prediction reliabilities, particularly in the FilmTrust dataset, where the number of
ratings and items is small.

3.3.3 Precision vs. reliability

Whereas Section 3.3.2 tests prediction quality, Section 3.3.3 tests recommendation
quality. Improving recommendation quality is a more difficult objective than im-
proving prediction quality: State of the art papers report higher improvements in
predictions than in recommendations.

In this section we will test recommendation improvements using the precision qual-
ity measure. The precision measure returns the proportion of relevant recommenda-
tions regarding the total number of recommendations:

precision = #relevantrecommendations/N;

where relevantrecommendations is the subset of the N recommendations where their
rating is greater than or equal to a threshold. Using our prediction reliability infor-
mation, in order to improve precision, it is necessary to:
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FIGURE 3.5: Averaged reliabilities values obtained for 15 groups of
predictions errors. Datasets: MovieLens (top), FilmTrust (centre) and
Netflix (down). X-axis: Averaged errors, y-axis: Averaged reliabili-

ties.

1. Remove non-reliable recommendations.

2. Insert relevant (prediction greater than or equal to the threshold) and reliable
recommendations to replace the recommendations removed.

Note that the recommendations inserted will have lower or equal prediction val-
ues than the ones removed, since the original N size recommendation set is filled
with the N highest prediction values. We expect to compensate this drawback with
great success in the veracity of our hypothesis: Reliable recommendations will have
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small prediction errors, and relevant reliable predictions will lead to relevant recom-
mendations. Any improvement in recommendation quality (precision) will indicate
excellent behavior of the method proposed in this chapter.

Figure 3.6 shows the results of the precision experiment on MovieLens and FilmTrust
datasets. Netflix is ruled out due to processing restrictions. Parameter b, in the
graphs, represents the reliability value to consider a prediction as reliable: b = 5
means we only recommend relevant predictions that have reliability value 5. b =
4 means we only recommend relevant predictions with the reliability values 4 or
5. b = 0 means we recommend relevant predictions with any reliability value: 0-5;
since using b = 0 does not filter reliable predictions; it refers to typical CF precision
processing and will be used as a baseline.

FIGURE 3.6: Recommendation quality (precision) improvements. b:
Reliability value (b = 0 is the baseline). Datasets: MovieLens (top),
FilmTrust (down). X-axis: Number of recommendations (N), y-axis:

Precision results.

The results show an improvement in precision in all the potential scenarios, partic-
ularly when applied to: a) High values of N, b) the highest reliability value (b = 5),
c) MovieLens dataset. These are the expected results, since: a) When the number of



72 Chapter 3. Reliability measures for recommender systems

recommendations (N) is high, it is easier to find non-reliable recommendations to
remove and to find reliable recommendations to replace the removed ones, b) the
higher the reliability value (b), the smaller the prediction errors, and accordingly,
replacing relevant recommendations will give a greater probability of being correct
(relevant), and c) Using MovieLens there are many more predictions to choose as
replacing recommendations; FilmTrust is a small dataset, so there are fewer oppor-
tunities to find reliable and relevant predictions to select as replacing recommenda-
tions.

Beyond the detailed explanation of the evolution of the graphs, the significant in-
terpretation, in the context of this chapter, highlights the validity of the proposed
method. The experiments show the correct behavior of the reliability values not only
in testing prediction quality (MAE), but also in increasing recommendation quality
(precision).

3.3.4 Reliability vs. number of recommendations

Often, there are not enough relevant and reliable predictions to fill the list of N re-
quested recommendations to a user. This circumstance depends mainly on the na-
ture of the RS, the chosen value for the number of recommendations (N), the chosen
value for the reliability threshold (b), the size of the ratings dataset, the prediction
method, the model used, and the coverage obtained.

Since we are filtering (removing) non-reliable recommendations to insert (if found)
relevant and reliable recommendations, the recommendation coverage in the pro-
posed method is smaller than or equal to the usual recommendation coverage. Fig-
ure 3.7 shows the number of relevant and reliable recommendations found (y-axis),
regarding the number of requested recommendations (x-axis). If we look at the
FilmTrust dataset graph (on the bottom) we realize that:

• By restricting (filtering) relevant recommendations with reliability 5 (b = 5) we
find less cases (y-axis) than filtering relevant recommendations with reliability
4 or 5 (b = 4), and so on. Note that b acts as a threshold (reliability > = value) in
this section, whereas in it was a parameter (reliability = value). In this process,
we are selecting the set of N higher predictions greater than or equal to the
relevancy threshold, and then we remove non-reliable recommendations from
this set; finally we look for relevant and reliable predictions to replace the ones
removed. Sometimes, we will not find enough reliable and relevant predic-
tions to reach the requested N recommendations: The higher the threshold b,
the lower the number of reliable and relevant recommendations.

• The higher the number of requested recommendations (N, x-axis), the higher
the number of relevant and reliable recommendations found (y-axis): When
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FIGURE 3.7: Coverage of the proposed method. b: Reliability thresh-
old. Datasets: MovieLens (top), FilmTrust (bottom). Y-axis: Number
of relevant (correct) & reliable recommendations, X axis: Number of

requested recommendations.

N2 > N1 = > there are new potential N2 − N1 predictions to be added as rele-
vant and reliable recommendations.

• The higher the number of requested recommendations (N), the lower the pro-
portion of relevant and reliable recommendations found; e.g. FilmTrust, b =
4, N = 30 provides 15 recommendations (50%), whereas N=80 provides 30 rec-
ommendations (37%): The reason for this behavior is the limited number of
relevant & reliable available predictions for each user; i.e. The new potential
N2 − N1 predictions to be added (above paragraph) can be covered for some
users and cannot be covered for other users.

The MovieLens graph, at the top of Figure 3.7, shows very similar behavior when b
= 3 or b = 4 are applied. This situation tells us that there are very few 3 “reliability
star” predictions that are relevant enough to be considered as recommendations. On
the other hand, when b = 4 is applied the number of recommendations significantly
increases, compared to the b = 5 threshold. This result ties in with the MovieLens
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graph in Figure 3.3, where we can see there are very few 5 “star” reliability items.
The FilmTrust graph, at the bottom of Figure 3.7, shows the same behavior as the
MovieLens graph, except for the distinction between b = 3 and b = 4. The differences
are explained for the non-similar distribution of the reliability values in both datasets
(see Figure 3.3).

An important useful feature of the proposed method consists of the possibility to re-
quest “reliable” recommendations. Instead of asking for N recommendations, we
can request only reliable recommendations (where ’reliable’ is specified through
threshold b). We can also request a maximum number of reliable recommendations:
e.g. using FilmTrust we can request 15 recommendations with reliability b=5; the RS
will use internally (on average) N = 40 (see Figure 3.7).

3.3.5 Comparative results using a state of the art baseline

While previous sections showed the proposed method correct operation, this section
tests the superiority of the proposed method with respect to the scheme published
in (Hernando et al., 2013b). In this way, we will compare results obtained with (Her-
nando et al., 2013b) (the baseline) with respect to results obtained with the proposed
method. In particular we will analyze the relationship between reliability and accu-
racy that occurs in both cases. The greater negative correlation between reliability
and error (MAE) will indicate the better of the results: the higher the reliability of
the prediction the lower its error must be, and vice versa.

Paper (Moradi and Ahmadian, 2015) is based on the method proposed by (Hernando
et al., 2013b), however it can not be taken as a baseline for our experiments, because
it uses trust information that is only available into a limited number of datasets, such
as Epinions or Flixter. Our method just uses the ratings of the users to the items, and
therefore offers a universal solution for CF RS.

The proposed method can be applied to any MF-based model: MF, NMF, BNMF,
etc. In order to illustrate this concept, we chose BNMF (Hernando, Bobadilla, and
Ortega, 2016) as the MF-based model that we will use in this section’s experiments.
BNMF is a probabilistic model that allows us to choose the sparsity of the users’
hidden factors. BNMF facilitates important objectives, such as the clustering of users
or items (Bobadilla et al., 2017).

Table 3.3 shows the tested datasets, parameters, similarity measure and aggregation
approach of the baseline method (Hernando et al., 2013b), parameters of the pro-
posed method and tested quality measure. Chosen parameter values are the usual
ones in the state of the art experiments for the selected datasets.
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TABLE 3.3: Datasets used to test the proposed method, baseline pa-
rameters, proposed method parameters and tested quality measure.

FilmTrust MovieLens
10M

Netflix

Model based
method for the
proposed algo-
rithm

Bayesian non Nega-
tive Matrix Factoriza-
tion (BNMF)

BNMF BNMF

Baseline KNN based reliabili-
ties model (KNN)

KNN KNN

Tested quality
measure

Inverse correlation be-
tween MAE and re-
liability (ICMAE and
Rel)

ICMAE and
Rel

ICMAE and
Rel

Cross validation
Testing & Training

20% test users, 20%
test items

10% test users,
10% test items

20% test
users, 20%
test items

KNN similarity
metric & aggrega-
tion approach

JMSD similarity met-
ric & Deviation From
Mean (DFM) aggrega-
tion approach

JMSD and
DFM

JMSD and
DFM

KNN neighbor-
hood

40 80 150

BNMF number of
factors

6 7 8

BNMF α 0.8 0.8 0.8
BNMF β 5 5 10
Number of itera-
tions

50 80 120

Figure 3.8 and Table 3.4 show results obtained from experiments stated into Table
3.3. It can be observed: a) Both the proposed method and the baseline achieve ad-
equate reliabilities: inverse correlation between reliability values and prediction er-
rors, and b) In all cases there is a significant improvement of the proposed method
with respect to the baseline.

3.3.6 Introducing additional information

Current RS combine several information sources in order to improve their results.
Although the traditional objective of this strategy is to improve prediction and rec-
ommendation results, it may also be valid to improve other objectives, such as nov-
elty, diversity, serendipity, coverage, or reliability. In the present case (reliability),
in order to complement the results from the hidden factors of the method itself, we
have selected as sources of additional information: a) Number of ratings issued by
each user, and b) number of ratings received by each item. It is reasonable to think
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FIGURE 3.8: Inverse relation between reliability and Mean Absolute
Error. Datasets: FilmTrust (top), MovieLens 10 M (centre) and Netflix
(bottom). Y-axis: reliability values normalized to the interval [0.1] X-
axis: MAE. mf is the proposed method, implemented using BNMF;
knn is the baseline method, implemented using JMSD. The highest
(negative) correlation values correspond to the best experimental re-
sults. To simplify the visualization of the graphs, only a small pro-

portion of each dataset elements has been represented using dots.
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TABLE 3.4: Reliability versus Mean Absolute Error correlation results.
The highest (negative) correlation values correspond to the best ex-

periment results.

FilmTrust MovieLens 10M Netflix
Baseline method (Her-
nando et al., 2013b)

-0.163 -0.115 -0.042

Proposed method -0.398 -0.266 -0.271
Improvement 0.235 0.151 0.229

that users who have rated more items will have better chances of receiving reli-
able recommendations. In the same way, intuition tells us that recommendations of
highly voted items should be more reliable.

The proposed method implicitly includes this additional information, compressed
into the hidden factors. We are now explicitly enhancing the additional informa-
tion source; accordingly we can expect some prediction improvements, but not a
heavy refinement. To achieve a stronger improvement in the quality of the reliabil-
ity results, it would be necessary to include information sources not based on user
ratings. The disadvantage of this type of information sources is their lack of univer-
sality: They can only be used in specific subsets of RS and their datasets. In order to
determine how to collect this information in an effective way, it is necessary to know
the distribution of ratings among users, and also among items. Figure 3.9 shows
these distributions in the dataset that we will take as a reference: MovieLens 1M.
As expected, most of the users have cast 20-60 ratings, and most of the items have
received less than 60 ratings.

FIGURE 3.9: Number of rating probabilities. Black: User probabili-
ties; Grey: Item probabilities. X-axis: Number of ratings; y-axis: Prob-

abilities.
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In order to convert the number of user and item ratings to our reliabilities scale
0,1,2,3,4,5, and taking into account that there are cases with hundreds and even thou-
sands of ratings, we have established theses simple equations:

reliabilityuser = ln(1 + ratingsuser)− 2.i f (reliabilityuser > 5), thenreliabilityuser = 5.
(3.10)

reliabilityitem = ln(1 + ratingsitem).i f (reliabilityitem > 5), thenreliabilityitem = 5.
(3.11)

The “1” inside the parentheses avoids the logarithm of zero. These are the cases
where an item has not received any ratings or when a user has not issued any ratings
(for different datasets to MovieLens). The “2” outside the parenthesis serves to ade-
quately convert the scale of users ratings (Figure 3.9) to the scale of our reliabilities
0,1,2,3,4,5. In the MovieLens dataset, items may have zero ratings, whereas users
must have 20 or more ratings; for that reason the reliability equations are slightly
different for users and items.

We have three different reliability measures associated with each prediction: 1) Pro-
posed method, 2) number of ratings issued by each user, and 3) number of ratings
received by each item. After trying out different reasonable ways to aggregate these
three measures, the best quality results were obtained by:

reliabilityuser,item = min(proposedmethoduser,item, reliabilityuser, reliabilityitem). (3.12)

Assigning as prediction reliability to the lowest reliability obtained in the different
methods makes a lot of sense: It serves as a filter to enhance the higher reliability
values. We will only assign high reliability values to the predictions that are simul-
taneously reliable in all methods used. Using this strategy, the prediction quality
results obtained are shown in Figure 3.10.

In Figure 3.10 we look for results in which high values of reliability give us low val-
ues of error, whereas low values of reliability have associated high values of error.
The method proposed in this chapter offers the pattern that best fits the expected
behavior, however the “Mixed” method (Eq. 3.12) slightly improves a very impor-
tant goal: Predictions with associated high reliabilities 3,4,5 present better quality
(they offer minor errors). In short, the “mixed” method presents somewhat more
adequate behavior in its predictions of high reliabilities, and much less adequate in
its predictions of low reliabilities; i.e. compared to the proposed method, the mixed
method is somewhat better at indicating the reliability of what users will like, but
worse at forecasting the reliability of what users will not like.

With respect to the recommendation quality obtained using the additional informa-
tion, Figure 3.11 shows the results: The proposed method (gray lines) is the exper-
iment baseline; the mixed method (black lines) shows a better performance (higher
precision values) when applied to a low number of recommendations (N). However,
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FIGURE 3.10: Prediction quality (Mean Absolute Error) values ob-
tained using several reliability measures. X-axis: Reliability values;
y-axis: MAE. Methods: “Proposed” method, “Users”: Number of
ratings issued by each user, “Items”: Number of ratings received by
each item, “Average”: MF MAE without applying reliability meth-
ods, “Mixed”: Aggregation of the “Proposed”, “Items” and “Users”

methods (Eq. 3.12)

when a high number of recommendations 90,110 is set, the performance falls below
the proposed method. The explanation for this behavior is found in the restrictive
nature of the “Mixed” reliability measure: We are taking the smallest reliability mea-
sure (Eq. 3.12), so that the high reliability values (b = 4, and especially b = 5) are
scarce and the number of predictions to which these reliability values are assigned
are to the same extent. Consequently, it is much more improbable to get a large num-
ber of recommendations (high N) when the reliability values are high (b = 4 or b =
5), and the method used is “Mixed”.

3.3.7 Testing shilling attacks impact

Recommender systems are highly vulnerable to attacks. In this section we test the
proposed method’s behavior when subjected to a shilling attack. We will simulate
the incorporation of a group of malicious users whose objective is to fraudulently
promote some items and degrade others. The desired behavior of our method is
that, after the attack, predictions to the attacked items will decrease their reliability.
If the attacked items have less reliable predictions, users will question the choice
of these items and will also decrease the likelihood that the RS will choose those
predictions as recommendations. In short, if the proposed method decreases the
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FIGURE 3.11: Recommendation quality (Precision) values obtained
using the “Proposed” and the “Mixed” reliability measures. Reliabil-
ity values b = 4, and b = 5. X-axis: N (number of recommendations);

y-axis: Precision.

reliability values of the attacked items, the impact of the shilling attacks will also
decrease.

First, we exposed the MovieLens 1M dataset to a shilling attack. The parameters of
the attack are: Total number of attacked items: 20; proportion between promoted
items and degraded items: Random; number of malicious users: 743; number of
ratings issued by each malicious user (in addition to the attacked item): Randomly
between 20 and 40; number of malicious users attacking each item: Randomly be-
tween 20 and 50. Malicious ratings were generated using a Gaussian distribution
centered on the existing average of the attacked item (RS usually provide users with
the average item rating). Malicious ratings have been randomly kept at a margin of
-20% to 20% of the attacked item’s existing average. This attack has been designed
to promote or degrade recently introduced items in the RS: The attacked items have
been randomly selected from the dataset with an inverse probability to their number
of ratings.

Chart a) from Figure 3.12 shows the evolution of the prediction reliabilities when the
dataset is exposed to different levels of attack: 250, 500 or 750 malicious users. The
values show the average prediction reliabilities that non-attacker users get from the
attacked items. In the case “No Attacks”, the value shows the average prediction
reliabilities that users get from all the items. As it can be seen, the expected behavior
is met: 1) Prediction reliabilities decrease when a shilling attack occurs, and 2) As
the shilling attack becomes stronger, the reliability obtained from the attacked items
decreases.
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FIGURE 3.12: Shilling attack: Reliability values (a) and MAE results
(b). X-axis: “No Attacks”: MovieLens 1M; “250, 500, 750”: MovieLens

1M attacked by 250, 500 or 750 malicious users.

Chart b) from Figure 3.12 shows the evolution of the Mean Absolute Error (MAE)
when the dataset is exposed to different levels of attack: 250, 500 or 750 malicious
users. As expected, the quality of predictions decreases as the attack increases. Both
charts (a and b) reinforce the underlying concept in this work about the inverse
relationship between error and reliability.

In summary, the proposed method behaves adequately in situations of shilling at-
tack, reducing the prediction reliabilities of the attacked items. In this way, the neg-
ative impact of the attacks is reduced: Users’ confidence in the attacked items de-
creases and the probability of recommending the attacked items becomes smaller.
The approach presented here is novel and original; combined with other existing
methods and algorithms it could be used to detect shilling attacks in RS or to reduce
their consequences. An interesting line of research would be to test the method’s
ability to detect attacked items, based on the variation of their reliabilities over time.

3.4 Summary

In this chapter a RM for matrix factorization based CF RS is proposed. People in-
creasingly trust RS predictions and recommendations. Users do not realize that
some predictions are more reliable than other ones, and RS do not provide us with
any configuration parameters to choose the desired degree of reliability of the in-
coming recommendations. Current RS should incorporate, either implicitly and/or
explicitly, the concept of prediction and recommendation reliability.

The proposed method is based on a simple, sensible and plausible hypothesis: “Ac-
curacy and reliability should be closely related: The more reliable a prediction, the
more accurate this prediction would be”. The method architecture and the valida-
tion experiments are designed following this hypothesis.

The results of the experiments confirm the validity of the method: a) The reliabil-
ity values assigned to users and item predictions follow suitable distributions b)
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Reliable predictions improve the quality of the RS prediction (MAE), c) Reliable pre-
dictions improve the RS recommendation quality (precision).

The extra information of each prediction (its reliability value) can be used to request
sets of recommendations satisfying a reliability threshold. In many cases it will be
more suitable to request “high reliability level recommendations” than to request a
fixed number of recommendations.

The proposed method can incorporate additional information to the RS ratings in
order to improve the quality of its results. It also has the potential to reduce the
consequences of shilling attacks. An interesting line of research would be to test the
method’s ability to detect attacked items, based on the variation of their reliabilities
over time.
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Chapter 4

Evaluation of the quality of
reliability measures

As discussed in Chapter 3, users want to know the reliability of the recommendations; they do
not accept high predictions if there is no reliability evidence. Recommender systems should
provide reliability values associated with the predictions. Research into reliability measures
requires the existence of simple, plausible and universal reliability quality measures. Re-
search into recommender system quality measures has focused on accuracy. Moreover, nov-
elty, serendipity and diversity have been studied; nevertheless there is an important lack of
research into reliability/confidence quality measures.

This chapter proposes a reliability quality prediction measure (RPI) and a reliability quality
recommendation measure (RRI). Both quality measures are based on the hypothesis that
the more suitable a reliability measure is, the better accuracy results it will provide when
applied. These reliability quality measures show accuracy improvements when appropriated
reliability values are associated with their predictions (i.e. high reliability values associated
with correct predictions or low reliability values associated with incorrect predictions).

The proposed reliability quality metrics will lead to the design of brand new recommender
system reliability measures. These measures could be applied to different matrix factorization
techniques and to content-based, context-aware and social recommendation approaches. The
recommender system reliability measures designed could be tested, compared and improved
using the proposed reliability quality metrics. The same content given in this chapter is also
available in (Bobadilla et al., 2018) under the permission of the publisher Elsevier (Elsevier,
2018).
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4.1 Introduction

In the Recommender Systems (RS) field, confidence or reliability has been defined as
(Herlocker et al., 2004) “How sure the recommender system is that its recommenda-
tion is accurate”. Quality metrics are a key factor for researchers in Collaborative Fil-
tering (CF) RS. By combining quality measures (QM) and open datasets, researchers
can improve results from previous works. RS researchers have focused on accuracy
QM to test their methods and algorithms. Nevertheless, reliability measures (RM)
and reliability quality measures (RQM) did not have the importance of accuracy or
novelty research.

We claim RM are very important to RS users, since we know prediction and recom-
mendation values have only a relative meaning. Electronic commerce clients usually
look up the number of users that have rated products; we prefer a 4-star rated prod-
uct based on 50 opinions to a 4.5-star rated product based on 2 opinions. In this case,
the client naive quality metric is just the number of opinions. Sometimes we check
the mass function of opinions: we prefer a 3-star product based on twenty 3-star
opinions to a 3-star product based on ten 1-star and ten 5-star opinions.

Following the above examples, an electronic commerce website could design a re-
ally simple RM combining both the number of ratings and the inverse of the rating’s
standard deviation. Additionally, it could add some other useful information such
as the KNN number of neighbors involved in the prediction, content-based informa-
tion, etc. This electronic commerce website could provide each client recommenda-
tion with the pair: <number of stars, reliability value>. Clients would understand
this information as a set of their friends recommending some films: “we believe you
will really love film A, but we are pretty sure you will like film B”; Film A <0.95,0.60>
, Film B <0.70,0.92>.

It is necessary to know the difference between a RM and a RQM. The first one assigns
reliability values to each <user,item prediction>; the second one applies a testing
strategy (such as cross-validation) to obtain the quality of the reliability values, that
is the quality of the RM. Figure 4.1 shows these concepts.

As can be seen in Figure 4.1 , RM or reliability methods provide reliability values
(Lu,i). These values can be obtained in the same RS stage that returns predictions, or
they can be obtained using separate algorithms or methods. Using machine learn-
ing techniques (such as matrix factorization), reliability values could be obtained: a)
directly from a modified machine learning algorithm, b) from the generated model
(factorized matrices in the MF example). As far as we know there are no RS methods
to get prediction, reliability pairs from machine-learning models only based on rat-
ing datasets; this is an important open research field that requires reliability quality
metrics (such as the ones proposed) to be explored.



4.1. Introduction 85

FIGURE 4.1: Reliability measures and reliability quality measures.

From Figure 4.1 we can determine that testing reliability quality (vertical arrow)
is different to obtaining reliability values (horizontal arrow). Whereas this chapter
focuses on testing RS reliability quality, obtaining reliability values from machine
learning techniques or models will require specific research and will generate new
publications.

Researchers can design a variety of RS-RM: a) based on the RS’ nature and its data:
content-based, collaborative, demographic, social, location-aware, etc. b) based on
their filtering approaches: KNN , matrix factorization, bio-inspired methods, etc. It
is necessary to test each proposed RM result, comparing each new approach with
the existing ones. This process will lead us, as researchers, to improve the reliability
values we provide to users, via their online service companies.

Testing RM requires some general, simple and suitable reliability quality metrics,
e.g. for testing prediction and recommendation measures we generally use simple
accuracy quality metrics: MAE , precision, recall, etc. The reliability quality metrics
designed should be general enough to test reliability values coming from social fil-
tering, KNN , matrix factorization methods, etc. They should be simple enough to
be universally adopted and they should be based on an acceptable RS concept.

As far as we know, there is a lack of general purpose reliability CF-QM, such as
the ones used to test accuracy or novelty: (Mazurowski, 2013) “while it appears to
be acknowledged in the literature that an accurate estimation of prediction confi-
dence would be of great use, little systematic research has been published toward
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this goal”. Early papers use the term “confidence” to define users’ trust in the sys-
tem recommendations (Herlocker et al., 2004; Ricci et al., 2011; Swearingen and
Sinha, 2001). Later, some RM were established to assign confidence values asso-
ciated to KNN (Bobadilla, Serradilla, and Bernal, 2010; McLaughlin and Herlocker,
2004) parameters, (Hernando et al., 2013c; Moradi and Ahmadian, 2015) such as the
neighborhood similarities to the active user.

Currently, the term “reliability” is often used. There are a variety of papers that in-
corporate social network trust relation RM to improve RS accuracy results (Park et
al., 2016; Martinez et al., 2015). CF reliability values have also been used to provide
RS visual representations (Hernando et al., 2013b; Hernando et al., 2013a). Finally,
there are a few papers (Hernando et al., 2013c; Mazurowski, 2013) that provide gen-
eral purpose CF-RM and a tailored method to test their quality.

In order to focus our proposal, we will briefly review existing solutions, and how
they have been refined over the years. Figure 4.2 shows the evolution experienced
by the way of measuring RS reliability quality. Graphs a) to e) represent the state of
the art, while graph f) outlines the proposal presented in this chapter.

FIGURE 4.2: Historical evolution on the reliability quality field (from
a to e) and our proposal (f).

When suitable RQM methods did not exist, RS in operation provided users with
explicit values that clients could use as reliability information. The most significant
examples are the number of clients rating a product or the number of comments
received by an item: Figure 4.2a.
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From the year 2000, publications appeared that focused on the way of measuring
RS quality (Herlocker et al., 2004; Shani and Gunawardana, 2011; Swearingen and
Sinha, 2001). These publications focused on how to numerically achieve the accuracy
of predictions and recommendations. They incorporate sections containing general
concepts to measure other quality objectives "beyond accuracy", such as novelty,
diversity, serendipity and confidence. Indications in these papers for RQM focus
mainly on exposing a concept: values of confidence (reliability) and values of ac-
curacy must be related, “Probability that the predicted value is true” (Shani and
Gunawardana, 2011); Figure 4.2b.

Currently, two papers have appeared providing the quality of reliability approaches.
One of these papers (Hernando et al., 2013c) proposes a method to create CF-RM. To
test RM qualities it establishes several reliability thresholds and, using graphs, it
proves that "the more reliable a prediction, the less liable it is to be wrong" (Her-
nando et al., 2013c) : Figure 4.2c. Some other experiments in paper (Hernando et al.,
2013c) present the concept of the "confidence curve": prediction reliability values are
compared with prediction errors values. The expected behavior is an inverse rela-
tionship between reliability and error: Figure 4.2d. Mazurowski (Mazurowski, 2013)
shows a method to find the quality of the RM; this method is based on the confidence
curve analysis: Figure 4.2e.

Our proposal (Figure 4.2f) is to provide a RQM. Unlike graphs, curves and methods,
QM allows us to obtain quality values in a direct, simple and universal way, free of
ambiguities and variations in implementation. We will use the method described in
(Mazurowski, 2013) as baseline that we will compare with our proposed RQM.

The most significant references on RQM have been introduced in 2.5.3 of Chapter
2. Section 4.2, “Proposal”, explains the design considerations of the proposed RQM.
Section 4.3, “Fundamentals”, formalizes the details of the RQM designed. Finally,
Section 4.4, “Experiments”: a) introduces the scope and design of the work’s exper-
iments, b) defines each RM tested, c) explains the baseline method, d) shows the
quality results of both reliability predictions and reliability recommendations, and
e) provides a discussion on the most significant results.

4.2 Proposed methods

As shown in Figure 4.2f and explained in Section 4.1, we propose the design of RQM
equations, which will improve the existing approaches: explicit information, graphs,
confidence curves and methods. We work on the hypothesis that the more suitable a
RM is the better accuracy results it provides when applied: predictions with higher
reliabilities should provide more accurate (lower error) results, whereas we expect
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higher prediction errors on low reliability recommended items. This hypothesis fol-
lows the guidelines of the most relevant papers published in the area; by way of ex-
ample, Shani and Gunawardana (Shani and Gunawardana, 2011) state: a) “perhaps
the most common measurement of confidence is the probability that the predicted
value is indeed true”, b) “we can design for each specific confidence type a score that
measures how close the method confidence estimate is to the true error in predic-
tion”, and c) “another application of confidence bounds is in filtering recommended
items where the confidence in the predicted value is below some threshold”.

In paper (Mazurowski, 2013), the RQM is tested by analyzing the way in which re-
liability values are related to prediction errors. In particular, the “confidence curve”
is evaluated. The confidence curve is represented by the reliability values on the
x-axis and the prediction errors on the y-axis. (Hernando et al., 2013c) is based
on the same principle; it indicates: “this RM is based on the usual notion that the
more reliable a prediction the less liable it is to be wrong”. Finally, (Herlocker et al.,
2004) states: “evaluations of recommenders for this task must evaluate the success
of high-confidence recommendations, and perhaps consider the opportunity costs
of excessively low confidence”.

Along the lines of the papers reviewed, the design of the proposed RQM will fol-
low the guidelines in Table 4.1 . We expect accurate RM to combine high reliability
values with low prediction errors; this good behavior will be rewarded. On the con-
trary, high reliability values combined with high prediction errors will be penalized
situations. High prediction errors are less serious if they are associated with low
reliability values.

TABLE 4.1: Reliability quality measure: penalty and reward situa-
tions.

Prediction error Reliability value Result Reliability quality
High High Big mistake Big penalty
High Low Hit Reward
Low High Big hit Big reward
Low Low Mistake Penalty

Below are several principles and considerations that we have taken into account in
the design of the RQM proposed in this chapter:

• To avoid non-formal mechanisms and also methods or algorithms: the results
should be mathematical equations, which are easy to interpret and use, unam-
biguous and similar to the existing RS accuracy, novelty or diversity quality
measures.

• To return quality improvement results, not absolute values. Results should
show improvement or worsening of accuracy (error): improvement of results
using reliability information, compared to results obtained without using that
information. Thus, a "0.15" quality result indicates that we can improve the
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error by 15% using the values of the RM. A "-0.07" quality result indicates that
the error worsens by 7%, and therefore the tested RM does not work at all.

• To provide two quality measures: 1) a measure of the reliability prediction
quality, and 2) a measure of the reliability recommendation quality. The first
one will be called RPI: "Reliability Prediction Improvement". The second one
will be called RRI: "Reliability Recommendation Improvement".

• To avoid arbitrary parameters: using only ratings, predictions and reliability
values. The only parameter that we can use is the threshold at which it is
decided when a recommendation is relevant (as in the accuracy QM: precision
and recall).

• To use only the ratings matrix, without relying on additional information that
is not available in all RS datasets: social information, demographic data, context-
aware raw data, etc.

• To encourage the stability of the results: processing the data in a uniform way,
making use of all the data, avoiding saturation functions, discarding step func-
tions, etc.

• To facilitate the integration of the QM into the current RS, providing simple,
unambiguous, easy-to-interpret equations to implement and offering results
that can be compared between different RM, collaborative filtering methods,
and diverse datasets.

The current commercial RS can benefit from the proposed RQM in several ways:

• Providing users with explicit and accurate reliability values : it is necessary
to select the most appropriate RM to the RS dataset. Additionally, the chosen
RM must fit with the nature and volume of the RS data. The proposed RQM
perform the task of discovering the appropriate RM at each stage of the RS
evolution. Explicit and accurate reliability values contribute to increase users’
confidence.

• Providing users with implicit and accurate reliability values : in this case, the
provided reliability information is non-explicit, e.g. ordering recommenda-
tions according to their reliability degree. As in the previous case, the proposed
RQM is necessary to choose the correct RM.

• Improving prediction and recommendation accuracies : RQM allow to refine
RM results, which make it possible to obtain accurate reliability values. One
way to improve RS accuracy is to provide users with only the best predictions
and recommendations that also have high reliability values.

• Providing to the RS administrators with an extra monitoring tool : RS admin-
istrators analyze, improve and fine tune their systems based on numerical pa-
rameters such as accuracy, reliability, coverage, etc. They need accurate quality
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measures, such as the MAE or the precision one. Currently there is no pub-
lished RQM; this circumstance makes relevant the proposed RQM.

• Detecting particularly complex predictions and recommendations : e.g. cold
start situations, non-standard (Grey sheep) users or items, shilling attacks, etc.

To incorporate this technology into a commercial RS, it must be taken into account
that its execution is not carried out online, but rather a batch processing is done.
Cross-validation methods, explained into Section 4.4, consume a large amount of
execution time when applied to huge datasets. Reliability quality methods such
as Mazurovsky’s (Mazurowski, 2013) fast resample consume too large amounts of
execution time, while our proposed RQM is a lightweight process, based on only
the execution of a metric. In summary, the incorporation of our RQM is completely
feasible in commercial RS, due to its lightweight measure nature and to that it can
be processed in parallel to the operation of the RS itself. Into Section 4.4, Figure 4.4 ,
we show and explain the implementation main steps of the cross-validation process
tailored to our RQM.

The two equations proposed are formalized in the next section: Reliability Predic-
tion Improvement (RPI) and Reliability Recommendation Improvement (RRI). Both
RQM follow the principles and considerations described in the previous paragraphs.

4.3 Formulation of the proposed models

The RQM design strategy will penalize predictions simultaneously showing high
accuracy errors and high reliability values. Predictions showing high accuracy errors
and low reliability values are not penalized. The underlying principle is: “the higher
the prediction reliability value, the higher its accuracy error penalization; the lower
the prediction error, the bigger its reliability value reward”.

Penalizations must be relative to the set of reliability values associated with the set of
predictions or recommendations. In this way, if all the predictions reliability values
were the same (i.e. 0.9 in [0..1]) we should not consider high and low values, and
we should not apply an absolute penalization factor based on these values. This
is the case for RS that do not provide reliability values: they can be considered as
RS where their reliability parameters always have their maximum value (i.e. 1.0 in
[0..1]). The accuracy of this type of RS will not be changed according to their implicit
and identical reliability values.

The RQM design strategy must reward RM providing well balanced reliability den-
sity distributions, i.e. setting all the [0..1] reliability values within the subinterval
[0.04..0.1] does not provide reliability variety to the users. A normal distribution
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(or similar) of the reliability values will provide a balanced and diverse set of relia-
bilities, where values higher than the mean distribution produce greater prediction
error penalizations than values lower than the mean.

We define the following parameters (Table 4.2):

TABLE 4.2: Parameters.

ru,i Rating of user u to item i
pu,i Prediction for the rating ru,i
lu,i Reliability value associated with pu,i
l̄ Mean of the reliability values
eu,i Error of pu,i, eu,i = |pu,i − ru,i|
ē Mean of the error values

To implement Table 4.1, we will consider “high” reliability values to be the set of
values greater than the mean reliabilities (and “low”, to be the set of reliability values
lower than the mean). Similarly, we will consider “high” prediction errors to be the
set of values greater than the mean error predictions (“low” to be the set of values
lower than the mean). Table 4.1 can be redefined as:

High prediction errors in Table 4.3 (first column) correspond to errors of prediction
greater than the mean absolute error (MAE): eu,i > ē , and therefore, the expression
(eu,i − ē) is positive; (eu,i − ē) is negative when prediction errors are lower than the
MAE. Similarly, high reliability values in Table 4.3 (second column) correspond to
reliability values greater than the mean reliability l̄ : lu,i > l̄, and therefore, the
expression l̄ − lu,i is negative; l̄ − lu,i is positive when reliability values are lower
than the reliability mean.

TABLE 4.3: Reliability quality measure: Penalty and reward situa-
tions.

Prediction error
(eu,i − ē)

Reliability value
(l̄ − lu,i)

Result Reliability quality

Positive Positive Positive Reward
Positive Negative Negative Big penalty
Negative Positive Negative Penalty
Negative Negative Positive Big reward

In order to achieve the results in Table 4.3 (third column) we combine prediction
errors and reliability differences:

• (eu,i − ē)(l̄ − lu,i). We define RPIu,i = (eu,i − ē)(l̄ − lu,i), as the “Reliability Pre-
diction Improvement” related to the prediction of item i to user u. A suitable
reliability value lu,i associated with a prediction < pu,i, lu,i > will produce a
positive value in RPIu,i; wrong reliability values will produce negative values
in RPIu,i.
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• RPI , “Reliability Prediction Improvement” is the proposed RQM based on
the MAE improvement. Eq. 4.1 shows its expression; it returns the average
prediction improvement. RPI positive values reveal accurate RM, whereas
RPI negative values reveal inappropriate ones. The higher the RPI result, the
better the applied RM. The RPI equation denominator contains the traditional
accuracy MAE, and therefore, RPI returns the MAE improvement value. The

1
θeθl |T|

term in Eq. 4.1 has the unique function of standardizing the RPI result.
T is the set of ratings, U the set of users, and I the set of items.

RPI =

1
θeθl #T ∑

u∈U,i∈I|ru,i 6=•
[eu,i(eu,i−ē)(l̄−lu,i)]

ē

where :
T = {ru,i 6= •|u ∈ U ∧ i ∈ I}

eu,i = |ru,i − pu,i|
ē = MAE = 1

#T ∑
u∈U,i∈I|ru,i 6=•

eu,i

θe = 1
#T ∑

u∈U,i∈I|ru,i 6=•
|eu,i − ē|

θl = 1
#T ∑

u∈U,i∈I|ru,i 6=•
|l̄ − lu,i|

(4.1)

Whereas RPI shows reliability prediction improvements, a second QM is proposed
with the aim of dealing with “Reliability Recommendation Improvements”: RRI.
RPI has been based on the hypothesis that the more suitable a RM is, the better ac-
curacy results it will provide when applied. RRI will be based on a similar hypoth-
esis: the more suitable a RM is, the better recommendation results it will provide
when applied. We expect to find that relevant recommendations are related to high
reliability predictions.

We define:

• Zu as the set of N recommendations to user u.

• Θ as the threshold to consider that a recommendation is relevant.

Both traditional precision and recall recommendation QM are based on the set of
relevant recommendations (recommendations where ru,i > Θ). Precision returns the
proportion of relevant recommendations to the number of recommendations (N);
recall returns the proportion of relevant recommendations to the number of relevant
items. The proposed RRI measure takes the precision and recall essential informa-
tion (relevant recommendations) and tests the reliability values associated to each
relevant recommendation.

Eq. 4.2 tests the reliability quality in all the relevant recommendations (i ∈ Zu|ru,i ≥
Θ) to all users u ∈ U. Relevant recommendations associated with high reliability
values (lu,i > l̄) produce positive results, whereas low reliability values (lu,i < l̄)
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produce negative results. The higher the positive results the better the RM. Negative
results show bad RM performance.

∑
u∈U

∑
i∈Zu|ru,i≥Θ

(lu,i − l̄) (4.2)

Eq. 4.3 shows the RRI RQM for recommendations: it returns the gain factor between
the quality of the relevant recommendations (Bellogín and Castells, 2014) and the
total number of relevant recommendations. The higher the positive results the better
the RM. The 1

αl
term in Eq. 4.3 has the function of standardizing the RRI result.

RRI =

1
θl

∑
u∈U

∑
i∈Zu|ru,i≥Θ

(lu,i − l̄)

∑
u∈U

#{i ∈ Zu|ru,i ≥ θ} (4.3)

The proposed RPI and RRI RQM can be applied to any type of RS (content-based,
collaborative, location-aware, social, etc.) and to any RS method ( KNN , matrix
factorization, Bayesian, etc.), since they only need a set of pairs < pu,i, lu,i > to op-
erate. The lu,i values can be obtained using social network graphs, GPS coordinates,
probabilistic values, etc.

4.4 Experimental results and discussions

4.4.1 Introduction

In this section, the proposed prediction RQM (RPI) is tested as follows:

1. Applying RPI to the results obtained by four RM: knn variability, support for
user, support for item and fast resample . These RM are explained in the fol-
lowing subsection.

2. Making use of two classic RS datasets: MovieLens 1M and the Netflix prize
dataset.

3. Comparing the RPI characteristics and results with the RQM published by
Mazurovsky (Mazurowski, 2013) (our baseline).

As explained in the introduction section, Mazurovsky’s method is the only one
published that provides prediction RQM results testing several RM. Hernando et
al. (Hernando et al., 2013c) use a reliability threshold value to verify that above
this value the accuracy results improve; this verification cannot be considered as a
method or as a RQM. Consequently, the method devised by Mazurovsky is taken as
baseline in this chapter for the proposed prediction RQM. As far as we know there
is no published recommendation RQM, therefore we cannot use a recommendation
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RQM baseline. We will test the recommendation RQM proposed in this chapter
(RRI) by applying it to the four selected RM.

Figure 4.3 shows a schematic of the experimentation process: 1) starting from two
representative datasets in the RS field, 2) obtaining the prediction reliability values
in each of the RM tested, 3) evaluating the RQM of each RM, and 4) comparing
the quality of each RM and discussing the advantages and disadvantages of the
proposed RQM (RPI) with regard to the baseline (Mazurovsky’s method).

FIGURE 4.3: Experimentation process stages.

Experiments were performed using 80% training items and 20% testing items, and
the same proportions (80% training, 20% testing) with users. Test users and test
items were taken at random from all users and items of each dataset. Figure 4.4
shows the cross validation main steps to obtain reliability quality prediction val-
ues. We start from the disjoint RS training and testing sets. Testing set provides real
ratings Ru,i (correct values), whereas training set provides predicted values Pu,i (ap-
plying some CF method). From correct ratings values and predicted ratings values,
we obtain prediction error values Eu,i (MAE). From the training set, the predicted
reliability values Lu,i are also obtained. Reliability quality prediction methods, mea-
sures and algorithms combine Ru,i, Pu,i, Eu,i and Lu,i to obtain the required reliability
quality prediction values.

KNN prediction experiments were performed using a number of neighbors (K) from
20 to 400, step 20. KNN recommendation experiments were performed using K =
200, a relevancy threshold θ = 4 and a number of recommendations (N) from 2 to 20,
step 2. The MovieLens 1M dataset was taken from

https://grouplens.org/datasets/movielens/.

The Netflix prize dataset was collected between October 1998 and December 2005.
The MovieLens 1M facts are: number of users: 4382, numbers of items: 3952, number
of ratings: 10,0 0 0,209, min and max rating values: 1-5. The Netflix facts are: number
of users: 480,189, numbers of items: 17,770, number of ratings: 100,480,507, min and
max rating values: 1-5. No preprocessing was carried out on the datasets.
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FIGURE 4.4: Cross validation process to obtain reliability quality pre-
diction values.

The experiments section is structured as follows: 1) description of the tested RM, 2)
explanation of the published method that we take as baseline in RQM prediction, 3)
presentation of quality results in prediction reliability and comparing the proposed
method with the baseline, 4) presentation of the quality results in recommendation
reliability, and 5) discussion of the most relevant results.

4.4.2 Tested reliability measures

This section describes the operation of each RM that we are going to test. We chose
the most significant RM from the Mazurovsky’s paper (Mazurowski, 2013), and we
added a RM not included in (Mazurowski, 2013). Mazurovsky tests the following
RM: support for user, support for item, variability for item, resample, resample fast
and inject noise. Resample and inject noise are non-scalable RM: the computational
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resources they require are too large, so in (Mazurowski, 2013) resample fast is re-
sented as the most suitable alternative to these two non-scalable RM. Variability for
item is a simple RM, which we have replaced with an equivalent specialized RM:
knn variability.

Table 4.4 describes and formalizes each of the RM tested in the experiments. Note
that RMs have been ordered in Table 4.4 from lowest to highest computational com-
plexity.

TABLE 4.4: Tested reliability measures.

Reliability
Measure

Description Formulation

Support
for user

Number of ratings made by the
user

lu,i = #{ru,j|ru,j 6= •, j ∈ I}, •
means not voted

Support
for item

Number of ratings received by
the item

lu,i = #{rs,i|rs,i 6= •, s ∈ U}

KNN
variability

Inverse of the variance of the rat-
ings made on the item by the
user’s K-neighbors.

lu,i =
#Vu,i

∑
s∈Vu,i

|rs,i−v̄u,i | ,

Vu,i = {s ∈ Ku|rs,i 6= •} ,

v̄u,i =
∑

s∈Vu,i
rs,i

#Vu,i
where:

Ku → set of neighbors of u
Fast
resample

RM Resample repeats the entire
prediction process of the CF al-
gorithm using different subsets
of the entire RS set of ratings.
Fast resample uses a fraction of
the original set to be resampled,
making the process faster. For
each of the N resampled matri-
ces we obtain their set of pre-
dictions. Reliability is defined
as the inverse of the predictions
standard deviation.

R = ratings matrix,
Rn = random select (R):
|Rn| = αR, α ∈ [0..1], n ∈
[1..N],
Pn = Rn predictions
lu,i =

1
stdev{Pn

u,i :n∈[1..N]}

4.4.3 Mazurovsky’s method

This section summarizes the method proposed in (Mazurowski, 2013) to measure
the quality of each RM tested. This method will act as baseline of the prediction
RQM we present (RPI). Mazurovsky’s method determines the relationship between
the reliability values and their associated prediction errors. The steps of the method
are:

1. To determine a discrete set of K reliability intervals (e.g. k ∈ 1..10).

2. To create groups of predictions. Each group k contains the predictions with
reliability k.
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3. To calculate the accuracy (MAE) of each prediction, obtaining K groups of
errors.

4. To eliminate bigger errors (5% of total errors).

5. To measure the amplitude of the error interval (confidence interval) of each of
the K groups.

6. To obtain the measure of quality from the variation of the interval sizes (confi-
dence intervals) with respect to the variation of the values of k (of reliability).
This variation is expressed by a "confidence curve". Mazurowski (Mazurowski,
2013) generically explains how this stage could be implemented. The specific
solution they provide is to subtract the confidence curve values in k = 1 and
k = K.

Figure 4.5 graphically shows the elements involved in the baseline method.

FIGURE 4.5: Baseline method scheme.
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4.4.4 Prediction reliability quality results

In this section we show the results of reliability quality on predictions: Figure 4.6
. The two top graphs show the results making use of the Netflix dataset, while the
two lower graphs show the results making use of the MovieLens 1M dataset. The
graphs on the left show the results of the proposed method and the graphs on the
right show the results obtained using the baseline (Mazurowski, 2013).

FIGURE 4.6: Reliability quality results (referring to predictions) ob-
tained when using several RM, reliability quality methods and rec-
ommender systems datasets. Axis x: K (number of neighbors), axis y
: error (a and c: error improvement; b and d: absolute error). Experi-

ments parameters: cross validation: 20% test users, 20% test items.

Graphs a) and c) from Figure 4.6 show the superiority of RM fast resample and knn
variability , followed by support for item in the case of the Netflix dataset. The
results are consistent with the degree of complexity of RM: support for user and
support for item are very simple and fast RM, but their results are not competitive,
especially when applied to high values of K (neighborhood).

Graphs a) and c) from Figure 4.6 show that the results of the proposed RPI method
are more stable and better explainable than their baseline (Mazurowski, 2013) coun-
terparts in Figure 4.6 b) and d). The baseline method reports a quality hard to justify
for the support for item RM. This situation can be produced due to the poor approx-
imation assumed by the evolution of the confidence curve only according to its first
and last values (step 6 in the "Mazurovsky’s method" subsection). The discontinu-
ities shown in graphs b) and d) are also, probably, due to the limitation indicated.
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It is important to realize the difference in the scale of results of the proposed QM
(RPI) and the baseline method: RPI reports the improvement (gain factor) that is
reached when the correct predictions correspond to high reliabilities. The baseline
method does not provide improvements: it returns the difference in the absolute
value of the error between the maximum and the minimum reliability values. As
an example: when using a value of K = 200 in MovieLens 1M and knn variability ,
RPI indicates a 21% improvement, while the baseline method gives us an absolute
half-point error gain.

By analyzing the scale of the y-axis on the graphs, we can verify that the improve-
ments obtained are greater when using the MovieLens 1M dataset than when using
Netflix: Increasing the size of the dataset, in general, also increases the reliability
of its predictions, which reduces the margin of improvement of the RM: (Shani and
Gunawardana, 2011) "the confidence in the predicted property also grows with the
amount of data".

Results obtained using the proposed method better explain the behavior of the RM
than the results obtained using the baseline method: 1) the improvement of knn
variability when the K values increase is logical because the greater the number of
neighbors the greater the margin to feed the variability tested by the RM, 2) the
improvement of fast resample when the values of K increase is also logical, because
selecting a greater number of neighbors increases the impact of each resampling in
the predictions obtained, and, therefore, increases the variation in the predictions of
the different resamplings, and 3) the improvement of support for user and support
for item , when increasing K , should not be as marked as the improvements obtained
by knn variability , because in these cases the RM does not depend directly on the K
value.

In summary: 1) RPI produces results that adequately explain the logic behind RM,
while the baseline method produces some results that do not fit the expected be-
havior, 2) RPI provides more balanced, continuous and homogeneous results than
the baseline method, and 3) RPI offers relative values (of quality improvement),
whereas the baseline method provides absolute values that cannot be easily com-
pared and depend on the error scales of each dataset, on each collaborative filtering
algorithm and on each RM tested.

4.4.5 Recommendation reliability quality results

In this section we show the results of reliability quality in recommendations: Figure
4.7 . Because there is no published measure or method that serves as baseline, only
the recommendation RQM that we propose (RRI) is provided.

Figure 4.7 shows the RRI improvements obtained on the tested RM: knn variabil-
ity, fast resample, support for user and support for item . Both graphs ( Netflix
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FIGURE 4.7: Reliability quality results (referring to recommenda-
tions) obtained when using several reliability measures and public
datasets. Axis x: N (number of recommendations), axis y : error im-
provement (gain factor). Experiment parameters: K = 200, relevant

threshold: 4, cross validation: 20% test users, 20% test items.

and MovieLens ) present similar trends; in particular the trend to worsen quality is
observed when the number of recommendations N increases. This trend is logical,
since the most promising recommendations "disappear" as we increase the number
of items to recommend; e.g. if we have only 6 reliable and relevant items, then N =
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6 is adequate, but N = 14 might not be, as the last eight recommendation reliability
values will be lower and the risk of recommendation will be greater.

The results in Figure 4.7 present knn variability as the best-performing RM, while
fast resample reduces the performance compared to their prediction quality results.
The most plausible explanation is that fast resample is a RM based on stability. It
is not based on CF parameters, as is the case of knn variability . In this way, the
variation in the range of reliability values it provides is small, and it is not as effective
to choose predictions with the highest values of reliability (recommendations).

By analyzing the y-axis scales in Figure 4.6 and 4.7 , it can be determined that recom-
mendation improvements are much higher than prediction improvements, particu-
larly when the number of recommendations is small. This difference is explained
from a quantitative point of view: while prediction improvements are obtained by
averaging a huge amount of predictions, the recommendation improvements refer
to small amounts of recommendations. Thus, in the case of recommendations, only
the relevant predictions that have very high values of reliability are chosen, and,
therefore, improvements are higher.

4.4.6 Experiment discussion

This section summarizes the main conclusions drawn from the experiments, paying
special attention to those that compare the proposed QM (RPI) with the baseline
method.

General concepts:

• Each RM provides different quality improvements, where knn variability shows
the best performance, especially in the quality of recommendations.

• Fast resample and knn variability are RM suitable for measuring the quality of
predictions.

• In general, the larger a RS dataset, the lower the improvement errors that will
reach the QM.

• The recommendation error improvements are greater than the prediction im-
provements.

• The lower the number of recommendations, the greater the improvement er-
rors given.

Comparison between the RQM proposed and the baseline method:

• QM–RPI provides results that fit much better with those expected than the
baseline method.
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• RPI offers balanced and homogeneous results, while the baseline method gen-
erates variable and unstable results.

• RPI returns relative improvement results, whereas the baseline method re-
turns absolute errors: RPI is more suitable to make comparisons and to estab-
lish analogies between QM, RM, datasets, and collaborative filtering methods.

• RPI is a QM defined by a single equation, whereas the baseline method is an
algorithm: RPI is simpler, easier to understand, intuitive and universal.

• RPI lacks arbitrary parameters, whereas the baseline method requires some
parameterized heuristics to interpret the confidence curve.

• As far as we know, no recommendation RQM approach has been published.
We provide the recommendation QM–RRI.

4.5 Summary

This chapter proposes two RQMs named RPI and RRI. Users want to know the
reliability of the recommendations; they look for the number of votes or comments
on the films, hotels, products, etc. and they do not accept high predictions (usually
4 or 5 stars in e-commerce) if there is no reliability evidence.

Research into recommender system QM has focused on accuracy. Moreover, nov-
elty, serendipity and diversity have been studied; nevertheless there is an important
lack of research into reliability/confidence QM. It is important to promote RM as-
sociated with the predictions; the foundation for this research is to establish a set of
appropriate RQM.

This chapter proposes a reliability quality prediction measure (RPI) and a reliability
quality recommendation measure (RRI). Both QMs are based on the hypothesis that
the more suitable a RM, the better accuracy results it will provide when applied.
These RQM show accuracy improvements when appropriate reliability values are
associated with their predictions (i.e. high reliability values associated with correct
predictions and low reliability values associated with incorrect predictions).

The results of the experiments performed indicate the superiority of the RM knn
variability and fast resampling. They also show us that larger datasets have fewer
opportunities for reliability improvements. In addition, the lower the number of
recommendations we make, the better recommendation quality results we obtain.

The prediction RQM (RPI) proposed offers better characteristics than the existing
baseline methods: 1) its results are in line with those expected, and they are also sta-
ble and progressive, 2) RPI results indicate improvements (gain factors), suitable for
making comparisons between different RM and various datasets, 3) it is defined by
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an equation: it is simpler than a method or algorithm and does not contain arbitrary
parameters.

This chapter also provides a recommendation RQM: RRI. No recommendation
RQM has been published in the RS field. Its experimental results show that the
improvements are much higher in recommendations than in predictions, especially
when the number of recommendations is low. This circumstance indicates the im-
portance of: 1) making use of reliability values to calculate RS recommendations,
and 2) more closely examining the development of new RM to be applied to recom-
mendation tasks.
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Chapter 5

Conclusions and future works

As the final chapter of this thesis, Chapter 5 concludes our research efforts towards CF RS
introduced in previous chapters. We first highlight our contributions: 1) A novel reliabil-
ity measure is proposed for matrix factorization based collaborative filtering recommender
systems; 2) Reliability quality measures for both prediction and recommendation are also
proposed for any type of collaborative filtering recommender systems. Then we plan future
works based on some new trends in CF RS.
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Seen as a proof of the growing prosperity of artificial intelligence, recommender
systems (RS) have been recognized as one of its most successful branches. More
and more recommendation scenarios are established thanks to the emerging novel
information sources. This thesis focuses on the most popular family of RS, known
as collaborative filtering (CF) RS, and it offers some insights on the development of
such areas. The performance of current RS is evaluated not only by the conventional
recommendation accuracy, but also some novel properties. This thesis focuses on
one of the most important RS properties, named reliability. After a comprehensive
study of state-of-the-art publications, we observe a lack of: 1) Proper reliability mea-
sures for model based CF RS; 2) Universal reliability quality measures which can
provide quantitative values. As a consequence, the main objective of this thesis is to
provide solutions to such lacks.

This thesis makes two main innovative contributions to the state of the art. First
we propose a novel reliability measure (RM) based on the fact that reliability and
accuracy are highly correlated. Matrix factorization techniques are applied to obtain
hierarchical abstraction levels. No heuristic inductions or predefined thresholds are
involved in the proposed methods. Our generated numerical reliability values are
independent of side information sources, which makes it universally applicable to
all types of CF RS. The experiment results confirm that the proposed method is valid
from three aspects: a) The reliability values assigned to users and item predictions
follow suitable distributions b) The obtained set of reliable predictions improve the
quality of the RS accuracy (MAE), c) Reliable predictions improve the RS recom-
mendation quality (precision). Although the proposed method does not require the
incorporation of side information sources, such additional information is always
beneficial for the improvement of the quality of results. Our method also shows
a positive potential against shilling attacks. Results obtained from the proposed RM
validate the first half of our hypothesis.

We also propose the first two universal reliability quality measures (RQMs): pre-
diction RQM and recommendation RQM. They are able to numerically measure the
reliability of different RMs. To explain these concepts, we first clarify the difference
between RMs and RQMs, and then we introduce the historical evolution on the reli-
ability quality field. The designed RQMs follow the following principle: “the higher
the prediction reliability value, the higher its accuracy error penalization; the lower
the prediction error, the bigger its reliability value reward”. The obtained experi-
ment results show, on several public real datasets, our RQMs have advantages over
two representative baselines: the RM knn variability and the fast resampling. This
supports the second half of our hypothesis.

Reliability values could be used on a large quantity of future works, such as: Filter-
ing non-reliable predictions on cold-start situations, improving clustering of predic-
tions, extending the proposed method to semi-structured data (news, HTML, XML,
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etc.), explanation of recommendations, serendipity based on low reliability predic-
tions, visual representation of RS, navigational tools through related items, extend-
ing the model covering recommendations to groups of users, merging sensor reli-
abilities with prediction reliabilities on the Internet of things RS, inferring reliable
users and reliable items from reliable predictions, weighting imputation of predic-
tions to the ratings matrix, and expanding the set of results offered by CF deep neural
networks.

More promising future works will lead to the design of brand new recommender
system RMs. These measures could be applied to different matrix factorization tech-
niques and to content-based, context-aware and social recommendation approaches.
The designed recommender system RMs can be tested, compared and improved us-
ing the proposed RQMs.
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Appendix A

List of author’s publications

This thesis summarizes years of part of our research works in recommender systems.
As our academic contributions to the recommender system community, five papers
have been published in top-level journals indexed by both Journal Citation Report
(JCR) and Science Citation Index (SCI), and one more is under the second round
review.

1. Zhu, B., Ortega, F., Bobadilla, J. and Gutierrez, A. (2018). Assigning reliability
values to recommendations using matrix factorization, Journal of Computational
Science (JCR/SCI Q2, impact factor 1.906), 26, 165-177.

2. Bobadilla, J., Gutierrez, A., Ortega, F. and Zhu, B.. (2018). Reliability Quality
Measures For Recommender Systems, Information Sciences (JCR/SCI Q1, im-
pact factor 4.378) 442-443, 145-157.

3. Ortega, F., Zhu, B., Bobadilla, J. and Hernando, A. (2018). CF4J: Collaborative
Filtering for Java, Knowledge-Based Systems (JCR/SCI Q1, impact factor 4.514),
152, 94-99.

4. Zhu, B., Hurtado, R., Bobadilla, J., and Ortega, F. (2018). An efficient rec-
ommender system method based on the numerical relevances and the non-
numerical structures of the ratings. IEEE Access (JCR Q1, SCI Q2, impact
factor 3.557). Accepted and in production. Early access: DOI: 10.1109/AC-
CESS.2018.2868464.

5. Gil, S., Bobadilla, J., Ortega, F. and Zhu, B.. (2018). VisualRS: Java framework
for visualization of recommender systems information, Knowledge-Based Sys-
tems (JCR/SCI Q1, impact factor 4.514), 155, 66-70.

6. Zhu, B., Valdiviezo, P., Bobadilla, J., and Ortega, F. (2018, under the second
round review). Collaborative Filtering Similarity Measure based on Vectorial
Reduction, Structural Information and Numerical Comparison. IEEE Access
(JCR Q1, SCI Q2, impact factor 3.557).
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