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Abstract

Matrix completion is a widespread task in the machine learning field because of the

often occurrence of missing data in real-world scenarios. It involves the estimation of

unobserved values of partially observed data represented in tabular form. As part of

the collaborative filtering techniques, neighborhood-based methods are widely used

to address the data matrix completion problem. While neighborhood-based methods

heavily depend on similarity metrics to compute accurate estimations, few studies have

focused on the design of similarity measures and instead rely on conventional metrics

regardless the problem to solve. This dissertation presents two neighborhood-based

methods to solve two different practical data matrix completion problems respectively.

The proposed approaches consist on leveraging the known information available from

different sources, computing clusters that exhibit close patterns or trends, and then

estimating the unknown values based on these groups and similarities. Furthermore,

the metrics to establish the degree of similarity between agents are designed to be

domain-specific, and free from the limitations of conventional similarity measures.

In particular, this work focuses on evaluating the effects that custom measures have

in terms of prediction performance. The first proposed method encodes products

as a sequence of attributes, each of which represents a different dimension of the

consumer perception. The second method is a switching hybrid recommender that
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estimates item ratings addressing the sparsity problem that affects the performance of

collaborative filtering techniques. The results of experiments conducted using real-

world and synthetic data indicate that the proposed methods have superior performance

compared to conventional approaches in terms of mean absolute error (MAE) and root

mean square error (RMSE).
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Chapter 1

Introduction

The matrix completion problem involves the reconstruction of a low-ranked matrix

based on the entries that are observed. Image completion and restoration, localization

in IoT networks, and signal phase retrieval are some of the applications that require

completing missing information of partially observed matrices [1]. Data matrices that

have empty values in one or more variables for one or more records are said to be

partially observed. Missing data can occur due to several reasons such as errors when

gathering or storing information, deliberate non-exhaustive data collection processes,

or lack of available information. The estimation of missing values in data matrices

became a prevalent task in the machine learning field, because often the data gathered

in real-world problems is represented in tabular form.

One of the most representative approaches to addressing a data matrix completion

problem is given by collaborative filtering (CF). CF is a group of techniques mostly

known for their application in the field of recommender systems (RS), where they are

used to predict products or services a person might like. CF however, is not applied

in RS, in a more general sense, CF algorithms aggregate and filter information from

different data sources in order to generate estimations of unseen (partially observed)
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data.

CF techniques are generally classified into two categories: model-based, and

neighborhood-based techniques. In the model-based technique, the training and predic-

tion phases are distinct. First, a model is created based on observed matrix data. There

are various algorithms to build CF models such as: latent semantic models, singular

value decomposition, Markov decision processes or neural networks, among others.

Once the model is created, it is used to generate predictions. Neighborhood-based

methods, on the other hand, generate predictions directly using the data represented as

a matrix of interactions. First, calculating the similarity between rows (or columns),

and then, using the computed similarity to cluster similar row vectors together. These

are later aggregated in order to estimate unknown elements from the original matrix.

While some model-based methods are more space-efficient and tend to overfit less

than neighborhood-based methods, they are more complex to implement and maintain.

More importantly, they lose the explainability power that neighborhood models have,

acting as a black boxes. Also, neighborhood-based models are more intuitive and

stable which make them more mainstream in real-world applications. Because the

similarity computation is a critical component of the neighborhood-based approach,

numerous measures have been proposed as a result of research efforts, and applied to

different domains with various degrees of performance.

The primary purpose of this dissertation is to evaluate the effects that different

neighborhood-based methods have in terms of prediction accuracy when using custom

similarity measures. In other words, whether custom similarity measures have a

significant impact on the performance of neighborhood-based approach regardless

of the task. This study proposes to employ contextual information in order to design
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custom similarity measures depending on the type of matrix data that is observed.

Because the choice of similarity greatly influences the performance of predictions, it

is expected that a custom similarity helps the algorithm to provide better predictions

than conventional similarity measures. Furthermore, this dissertation discusses two

different practical matrix completion tasks, and presents two different methods, one

per problem, to estimate the elements of each task’s interaction matrix. The proposed

methods apply the CF key principles while relying on different custom similarity

measures based on the semantic meaning of the interaction data to estimate unobserved

values.

Similarity metrics, as a measure of the strength of relationship between two objects,

are widely used in the computer science field, especially data mining, where object

classification and data clustering are two of their most common tasks. Moreover,

neighborhood-based CF techniques are often used to gain insights regarding the

relationships between the rows and columns of interaction matrices. For instance,

when rows and columns represent users and items, it is possible to find users of similar

tastes or similar items that one user might like.

Chapter 3 describes a method to estimate the elements of a vector representing the

attributes of products, based on user purchase history. In the proposed method, first,

a base product set with known attribute values is built based on survey data. Then,

new product attribute vectors are estimated using product similarity. The proposed

new similarity measure addresses the limitations of conventional similarity measures.

Compared to other approaches, the method outlined in Chapter 3 is not model based,

and it does not require thousands of observations to show good performance.

Chapter 4 presents a novel hybrid recommender system, that predicts the elements
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of a matrix of movie ratings based on implicit and explicit feedback from users. This

chapter outlines how the proposed recommender addresses the common sparsity prob-

lem prevalent in CF, and offers an explanation on the proposed similarity metric based

on the semantic interpretation of the rating values. Different from other approaches,

the proposal uses an architecture consisting on two ratings. One calculated using

global statistics and the other one calculated using the neighborhood approach using a

custom similarity measure that avoids the drawbacks of conventional similarity mea-

sures. The selection of the final rating depends on a sparsity criterion that mitigates

the adverse effects of highly sparse data.

Finally, Chapter 5 concludes this dissertation with a summary and discusses the

future work of this research.
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Chapter 2

Technical Background

2.1 Collaborative Filtering

Collaborative filtering (CF) is a technique often used in recommender systems (RS)

to predict what kind of products or services a user might like. RS became popular in

the recent years because the digital era created a channel to access vast amounts of

information, including countless different choices. These choices range from what

book to buy, what news to read, and which movie to watch, to the next vacation

destination, the company to work for, or even a potential new friend.

CF makes recommendations from explicit feedback in the form of ratings and

reviews, or implicit preferences from historical behavior; such as past purchases or

browsing history. The key idea is that the rating of a target user for an item is likely

to be similar to that of another user, if both users have rated other items in a similar

manner [2]. Thus, CF has been regarded as one of the electronic surrogates of the

traditional word-of-mouth [3], where like-minded users influence each other on the

consumption of related products or services.

One of the earliest applications of collaborative filters emerged owing to the need
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to aid overwhelmed email users in sorting through their huge stream of incoming

content. The Tapestry system [4] allowed users to collaboratively annotate documents

with tags that are later used to build filters. The filters ensured that users received only

potentially interesting information, allowing them to manage emails more efficiently.

Another early example of a platform that implemented CF techniques is the GroupLens

system [5], which was designed to recommend news articles to readers based on the

ratings of other users. CF is a method that matches people with similar interests and

then finds what people like based on this preference clusters.

CF techniques are generally classified into two categories: neighborhood-based

and model-based techniques. Neighborhood-based methods (also referred to as

memory-based methods) compute recommendations for a target user from the known

scores of other users with similar rating patterns. These methods are further classified

as ’user-based’ when they employ users’ ratings to cluster like-minded users together

and ’item-based’ if they attempt to find the items that are most similar to a target

one. Model-based approaches, conversely, use the ratings to build predictive models.

Some examples include Bayesian clustering, Boltzmann machines [6], and latent

factor models such as singular value decomposition [7] or matrix factorization [8],

[9]. Matrix factorization (MF) algorithms aim to represent the user-item matrix as a

product of matrices, with user vectors reduced to a lower-dimensional latent space.

Once the user-item matrix has been factorized in this manner, the lower-dimensional

matrices can be used to directly estimate the ratings. This approach was first proposed

by Funk [8] and is usually referred to as FunkMF. Other methods building on these

ideas, such as SVD++ [9], have also exhibited good recommendation performance.

Generally, MF methods tend to be more accurate than neighborhood-based methods;
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however, they lack the explainability and versatility that make neighborhood-based

methods prevalent in commercial applications [2], [10]. Explainable methods are

important because, unlike black-box models, through them we can understand how

predictions are made, the relationships between variables and how they influence

predictions. For example, e-commerce websites can recommend items based on

"the products that you bought before", justifying the choice in recommendation.

Furthermore, each new observation, such as the addition of a new user, affects the

choice of latent space and requires the user-item matrix to be factorized again; this is

a costly operation, and thus, predictions cannot be updated in real-time as new ratings

are added to the dataset.

The approaches discussed in this dissertation are based on the underlying assump-

tion of collaborative filters, however, their objectives are different. The objective of the

method presented in Chapter 3 is to estimate a full vector of attributes based on similar

objects, while the method described in Chapter 4 employs the CF neighborhood-based

approach to estimate unknown values on an incomplete vector.

2.2 Neighborhood-based rating prediction

The rating prediction for item i by user u is derived directly from an n×m sparse

user-item rating matrix R, where n denotes the number of users and m the number of

items. The elements of R correspond to the ratings if available, or zero if not, and it

has the following structure:
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i1 i2 ... im
u1
u2
...

un

⎡⎢⎢⎢⎣
0 0 . . . 3
0 0 . . . 0
...

... . . . ...
0 1 . . . 0

⎤⎥⎥⎥⎦
It is common to use the weighted average of the ratings of a set of neighboring

users, as follows:

r̂u,i =

∑
v∈N(u,i)

sim(u,v) · rv,i

∑
v∈N(u,i)

sim(u,v)
. (2.1)

Here, sim(u,v) represents the similarity between users u and v, and N(u, i) denotes

the set of k-nearest neighbors (k-NN) for user u (i.e., users with the highest similarity

with respect to u) who have rated item i. Different users have different tendencies

when rating items. Some may tend to give higher ratings than others, which would

negatively affect the performance of Eq. 2.1. To account for these differences, a

mean-centered version of this approach is adopted, which is defined as follows:

r̂u,i = r̄u +

∑
v∈N(u,i)

sim(u,v) · (rv,i− r̄v)

∑
v∈N(u,i)

sim(u,v)
, (2.2)

where r̄u and r̄v denote the average ratings of users u and v, respectively.

2.3 Similarity Measures

Similarity measures play a critical role in various disciplines; from biology and

sociology to data analysis and machine learning. The choice of an effective similarity

measure depends on the nature of the data [11]. For this reason, numerous measures

have been proposed as a result of research efforts in several domains.

8



In general, similarity measures quantify the degree of similarity between two

objects. They are particularly important in the context of CF for recommendation

systems, because they serve as a set of criteria to select groups of similar users, whose

preferences are aggregated and exploited as a basis to infer other users’ tastes. As

seen in Eq. 2.1, the similarity score is used to weight the contribution of other user

ratings and to determine which users will influence the predicted result. Consequently,

the similarity computation has a direct and significant influence on the performance

of CF methods [12].

The similarity index is often calculated between vectors of values. For instance, in

natural language processing tasks, similarity measures are calculated between vectors

that represent words in a dictionary. Whereas in the neighborhood-based approach,

the similarity is calculated between user vectors, where the elements of the vectors

are the ratings given by the user to different items.

Numerous similarity measures have been proposed to better capture the relation-

ship patterns between users and items. The Pearson correlation coefficient (PCC),

cosine similarity (COS), and the Jaccard index (JAC) are the most widely adopted

similarity measures in the literature [13],[10],[14],[15],[16].

Given two user vectors u and v, PCC(u,v) is defined as follows:

PCC(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
, (2.3)

where Iu and Iv denote the sets of items rated by users u and v, respectively. PCC

measures the strength of the linear relationship between two vectors, regardless of the

magnitude of their elements, implying that even when users have different average
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ratings, PCC will consider them to be similar as long as they have similar trends. A

value of +1 indicates a strong positive correlation, whereas a value of −1 indicates a

strong negative correlation. However, users with negative correlations are sometimes

filtered out as a heuristic enhancement [10].

COS calculates the similarity of two vectors by measuring the cosine of the angle

between them. Given two vectors u and v, the cosine similarity is calculated as follows:

COS(u,v) =
∑

i∈Iu∩Iv

ru,irv,i√︃
∑

i∈Iu∩Iv

r2
u,i

√︃
∑

i∈Iu∩Iv

r2
v,i

, (2.4)

A COS value of 0 implies that the vectors are orthogonal and thus completely dissimi-

lar, whereas a value of 1 corresponds to vectors pointing in the same direction and

therefore that are maximally similar. Unlike PCC, COS does not explicitly contain

the means and variances for each user’s ratings in its definition.

JAC measures the similarities between two vectors calculating its overlap. Given

two vectors u and v, it is defined as follows:

JAC(u,v) =
|Iu∩ Iv|

|Iu|+ |Iv|− |Iu∩ Iv|
, (2.5)

where Iu and Iv are the set of items rated by user u and v respectively. JAC is

naturally bound between 0 and 1. It assigns a value of 0 when there are no items rated

simultaneously by both users, and a value of 1 when both users have rated the same

items. The major weakness of JAC is that it does not consider the actual values of the

ratings; it only considers the items that were actually rated. Even when two users have

diametrically opposed preferences, JAC will assign a score of 1 if they rated the same

items.
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There has been extensive research comparing the advantages and disadvantages of

these measures, such as in [17] and [18]. The study of [15] summarized the drawbacks

of these similarities as follows:

• Flat-value problem: If all the ratings in a vector have the same value, PCC

cannot be computed because the denominator in Eq. 2.3 becomes 0. Similarly,

if both vectors have constant ratings, COS is always 1 even if the constant value

differs between users.

• Opposite-value problem: When two user vectors have completely opposite

values, PCC will always be −1, even if the user preferences are not extremely

opposite in terms of rating semantics.

• Single-value problem: If two users rated only one item in common, PCC cannot

be calculated, whereas COS and JAC always yield a value of 1 irrespective of

the actual rating values.

• Cross-value problem: If two users rated only two items in common, PCC will

either yield a value of−1 if the values cross each other or a value of 1 otherwise.

This dissertation describes the proposal of two similarity measures that overcome

the drawbacks of these conventional metrics. The proposed similarity metrics are

applied to two different use cases. These practical applications are discussed in detail

in Chapter 3 and Chapter 4. In both cases, the objective is to estimate unknown values

based on the categorization of objects that have similar vector representations.
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Chapter 3

Similarity Measure for Product
Attribute Estimation

This chapter presents a method to encode products as a sequence of attributes based

on survey data. In the proposed method, first, a base product set with known attribute

values is built based on consumers’ perceptions. Then, new product attribute vectors

are estimated using product similarity. The proposed method also incorporates a new

similarity measure that is based on purchase behavior which is suitable for estimating

product attribute vector distances. Because it takes into account the magnitude of the

individual components of the vectors under comparison, the proposed method is free

from the limitations of conventional similarity measures. The results of experiments

conducted using real-world data indicate that the proposed method has superior

performance compared to conventional approaches in terms of mean absolute error

(MAE) and root mean squared error (RMSE).
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3.1 Introduction

Comprehensive market analysis and deep understanding of end users is essential to

create valuable market positions and stay ahead of competitors. Identifying the con-

sumer subjective perceptions, motivations, and preferences helps companies improve

existing products so they can be customized accordingly. In-depth knowledge of

consumer sentiment could also be exploited to uncover unmet product needs and

generate new product development opportunities.

Representing products in terms of attributes that denote consumer perceptions

is also crucial for improving the quality of e-commerce site search. Attributes are

the building blocks of the product catalogues that allow e-commerce retailers to

identify, organize, standardize, and display information to users [19]. They are

implemented to build more efficient product recommendation systems [20], [21], filter

search results more effectively [22], and ultimately improve product discoverability,

thereby positively influencing sales [23]. Therefore, it is of great interest to devise

methodologies that could accurately estimate product attributes.

An example of a field that addresses questions of these kinds is text mining. Text

mining is an active area of research that focuses on the development of statistical

techniques and machine learning algorithms that extract meaningful information

from unstructured or semi-structured text. Attribute extraction involves generating

attribute-value pairs from text available in product descriptions or reviews. However,

these methods rely heavily on large quantities of text data [24], [25], [26], and are

inadequate for inferring the attributes of products that are newly introduced to the

market.
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In conjunction with text mining, surveys constitute a common source of informa-

tion on the perceptions and attitudes that a population might have towards certain

products. For decades, companies that carry out qualitative research have been re-

lying on surveys to understand the factors that influence buying behavior. However,

conducting surveys becomes more expensive and time-consuming as the number of

products and attributes increases. For online retail companies, which often have a

large inventory of products, it becomes unfeasible to build an attribute product cata-

logue based on surveys exclusively. For this reason, it is of great interest to propose

methodologies that can accurately estimate product attributes without the need for

large sources of user generated text or annotated data.

The main contribution of the study in this chapter is a method for encoding

products as a sequence of attributes, each of which represents a different dimension of

the consumer perception. In the proposed method, user perceptions on a predefined

product base are first obtained (via surveys) and analyzed. Then, the attribute vectors

of different products from the same group are estimated using product similarity. In

particular, one of the main objectives of this research was to propose a new similarity

measure that is suitable for estimating product attribute vector distances based on

purchase behavior.

The practical value of the proposed method is best appreciated in marketing and

e-commerce applications where resources are limited and acquiring additional data

can be time-consuming or expensive. Other approaches like the Tag Genome dis-

cussed in Section 3.2 use a regression model, or other machine learning algorithms

like AdaBoost or rule mining. However, these approaches need thousands of labeled
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examples usually extracted from crowd-sourced data to achieve good prediction per-

formance. Rather than increasing the survey size, the proposal generalizes from

already available data as explained in Section 3.4. In this manner, marketers can use

the results of their existing product sentiment surveys to estimate the attributes of

similar products that were not originally surveyed. By building a more exhaustive

product attribute catalogue in this manner, marketers may, for example, obtain ad-

vanced insights through analyses of sales trends by specific product attributes. The

proposed approach can also be used to complete missing attribute information in

e-commerce product catalogues. Cleaner and more comprehensive catalogues can

increase customer satisfaction through a better shopping experience with superior

search results and more accurate product descriptions.

3.2 Related work

Categorization allows us to grasp the maximum amount of useful information with

the least cognitive effort [27]. Representing objects in terms of their attributes helps

us to simplify our perception of the world in an efficient manner. We can filter out

useless information and quickly identify objects with respect to their differences and

similarities.

Tagging is a form of attribute assignment, since tags are used to describe particular

characteristics of objects. Whereas annotating digital content has been possible for

years [28], it only became popular when the weblogging community needed new ways

to organize their information for easier recall and discovery. This form of tagging,

where users explicitly add keywords in the form of metadata to shared content, is

commonly known as collaborative tagging [29]. Some of the limitations of this
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classification system include the use of ambiguous terms, imprecision, and a lack of

consistency, given the absence of a reference hierarchical structure [30], [31], [32].

Product attribute vectors can also be built automatically. This area of research falls

within the domain of information extraction, which focuses on developing different

approaches to automatically extract information from unstructured or semi-structured

text. Some of the work in this field include different techniques to find values of

predefined target attributes that describe products’ intrinsic properties, such as brand

name, color, or size [33], [19], [22], [21], [34]. The sources of these attributes are

commonly product profiles, titles, descriptions, or reviews. An advantage of these

techniques is that product attributes do not need to be defined in advance, hence,

new concepts can be discovered or the most popular characteristics can be identified.

However, these characteristics rarely contain user opinions [35].

Sentiment analysis, on the other hand, focuses on analyzing text to identify the

affective state of a user towards specific products or services. Aspect extraction

is a subtask aimed at the identification of aspects (attributes) and their associated

sentiments. State-of-the-art research in this field investigates ways to efficiently extract

aspects, identify the associated opinions, determine the polarity of the opinions, and

do so in multiple granularities. However, owing to the high complexity of this

procedure, there is little work combining all these tasks at once [36]. Moreover,

existing algorithms are not adequately accurate; they are usually limited to specific

segments, such as electronic products or hotels reviews [37].

In the context of consumer behavior analysis, both collaborative and automatic

tagging offer a powerful way to understand the general perception and sentiment of

end users towards particular products. However, these approaches are not sufficient
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when the objective of the research is to investigate specific product attributes, because

the attributes might never appear as tags or as parts of reviews. Moreover, representing

product attributes as a collection of tuples of attribute-value pairs, is not informative

of the strength (intensity) with which each attribute describes each element, but only

whether the property exists or not. Finally, because these methods rely on tags or text

data available online, if there are no reviews available for a product, no attributes can

be extracted.

The Tag Genome in [38] introduced the concept of "item genome" to encode

movies’ most relevant attributes. Similar to how organisms are described by a sequence

of genes, the item genome encodes items in an information space based on its relation

to a common set of attributes. The Tag Genome G is defined as a collection of

relevance values for all tag-item pairs in T × I, represented as a tag-item matrix,

where T is a set of tags and I is a set of items. The relevance is calculated using a

regression model on predefined features, and has been shown to have high prediction

performance. However, this approach relies on training the model on thousands of

labeled examples extracted from expert-maintained data or collaborative tags and text

sources such as reviews and blogs.

Similar to the Tag Genome, there are a few other works in the literature that

approach the prediction of tag data using different machine learning techniques.

Examples of these include the prediction of tags in music using AdaBoost [39], the

use of nearest neighbor classifiers to predict video features [40], and the tagging

of web pages through association rule mining [41]. However, all of them rely on

considerable amounts of crowd-sourced data.
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The present research seeks to encode product attribute values using a matrix repre-

sentation similar to the one in [38]. However, a different approach was undertaken for

calculating such values. The data came exclusively from a survey, and the attributes

were fixed by domain experts. Because surveys constitute a costly data-collection

method, the data source was very limited. To train machine learning models with

acceptable performance, a considerable number of samples were required, hence, this

approach was discarded. Instead, inspired by the assumptions in the collaborative

filtering technique, the similarity between products was first calculated, and subse-

quently the new product attribute vector was computed as a weighted average of the

base products, with the weights corresponding to the similarity between products.

3.3 Problem statement

A method is proposed to infer the attribute values of a list of target products from a set

of base products with known attribute values obtained through a survey. The attributes

were selected by marketing experts with the intent to explain the most representative

aspects that characterize the consumer sentiment towards a product. These attributes

have an inherently low overlap, since the experts were tasked with choosing different

key features related to consumer perception. For this reason, and to simplify the

analysis, these were assumed to be independent.

The survey results were normalized and aggregated into a matrix with a column

for each attribute a ∈ A and a row for each product p ∈ P. The elements of the matrix

are numbers between 0 and 1, indicating how relevant each attribute is to each product.

A value of 0 implies no relevance, and a value of 1 indicates the highest relevance. An

example is shown in Table 3.1. The second row shows the attribute vector for product
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Table 3.1: N×M product-attributes matrix. The elements of the matrix, numbers between 0
and 1, represent how relevant to each product each attribute is.

a1 a2 . . . aM

p1
p2
...

pN

⎡⎢⎢⎢⎣
0.3 0.4 . . . 0.1
0.4 0.8 . . . 0.2
...

...
...

...
0.7 0.2 . . . 0.4

⎤⎥⎥⎥⎦

p2 ([0.4,0.8, . . . ,0.2]), which is hence characterized by attribute 1 with 0.4 relevance,

attribute 2 with 0.8 relevance, etc.

The task is to estimate the attribute vectors of products that have not been surveyed

but belong to the categories for which data are available. The proposal focuses on

the users who purchased the products, and applies the basic idea of collaborative

filters [10]. In other words, users who chose what to buy based on their set preferences.

In such a case, a product purchased by a given user is more likely to have attributes in

common with other products purchased by the same user. This allows us to compute

similarity scores between products, and infer unobserved values from the available

ones.

In summary, the underlying assumptions of the proposal are as follows:

• Consumers buy products with attributes that are consistent with their tastes.

• Similar products have similar attributes.

The frequency of purchase was considered an indicator for preference towards

a product. Therefore, the total number of times each item was bought by each user

within a fixed period of time was examined. These are the data used to calculate
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product similarities.

The conventional similarity measures applied in collaborative filtering have in-

herent drawbacks that could lead to misleading computed similarities. In particular,

they consider only the overall tendencies, thereby failing to consider the contributions

of each vector component. This is exemplified in Fig. 3.1 by the quantities in which

two products, pA and pB, were purchased by two users. PCC cannot be calculated if

a product is purchased in the same quantities by all users. Furthermore, it can take

on negative values, which is inconsistent with the assumption of positive relevance

scores for independent attributes. For the purpose of this study, all negative values

were considered to be zero. COS overestimates similarity by ignoring the total number

of purchases. For example, cases (a) and (b) have the same COS similarity of 0.7;

however, pA and pB were purchased by the same user only once in the former case,

and 10 times in the latter case. Intuitively, we would expect the higher purchase

frequency to indicate a higher similarity. Likewise, JAC considers only the number of

users who purchased both products, irrespective of purchase quantities. For example,

case (d) has a maximum value of 1 for the JAC measure, although both products were

purchased in substantially different quantities.

A similarity measure is defined to avoid the drawbacks of conventional similarities.

The proposal is bound between 0 and 1, and assigns an increasing similarity as the

total number of purchases increase. In particular, the focus was more on products that

had been purchased with the same frequency as that of the target product, and less

on those for which the number of purchases disagree. This similarity is referred to as

matched preference ratio (MPR).
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u1 u2
pA = [0, 1]
pB = [1, 1]

PCC is undefined

COS = 0.7

JAC = 0.5

u1 u2
pA = [0, 10]
pB = [10, 10]

PCC is undefined

COS = 0.7

JAC = 0.5

(a) (b)
u1 u2

pA = [0, 1]
pB = [1, 0]

PCC = -1

COS = 0

JAC = 0

u1 u2
pA = [1, 1]
pB = [10, 10]

PCC is undefined

COS = 1

JAC = 1

(c) (d)

Figure 3.1: Similarity scores between two product vectors, pA and pB. Each element of the
vector corresponds to purchase quantities by two users, u1 and u2. PCC cannot be calculated in
cases (a), (b), and (d), and takes on a negative value in case (c). COS overestimates similarities
in cases (a), (b), and (d). JAC assigns the same similarity value in cases (a) and (b), and the
maximum similarity value in case (d), because it considers exclusively whether a user bought
both products or not.

3.4 Proposed method

Considering a set of products P = {p1, p2, · · · , pN} with known M-dimensional at-

tribute vectors a(pn) (for each n ∈ [1,N]). The unknown attribute vector of a product

q with known similarities to the products in P can be estimated as follows:

a(q) = ∑
N
i=1 wi(q)a(pi)

∑
N
i=1 wi(q)

, (3.1)
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where wi is the similarity of products pi and q. In particular, this was calculated as

follows:

wi(q) = MPR(pi,q)

=
∑

u∈U
Ia(pi,q)cu,picu,q

∑
u∈U

Ia(pi,q)cu,picu,q + ∑
u∈U
|cu,pi− cu,q|

.
(3.2)

Here, cu,pi represents the purchase count of product pi by a user u in the set of all

users U . Ia(pi,q) is an indicator function of agreement, defined as follows:

Ia(pi,q) =

{︄
1 if cu,pi = cu,q ̸= 0

0 otherwise.
(3.3)

The numerator in Eq. 3.2 includes a nonzero term for every user who purchased

product pi in equal quantity as q. Therefore, the similarity score has a first-order

relationship with the number of users who purchased both products in equal quantities.

On the other hand, each term is the product of purchase amounts for pi and q; this

means that the relationship between the purchase quantity and the similarity score

is quadratic. Concerning the denominator, the first sum ensures that the measure is

normalized to values between 0 and 1. Meanwhile, the second sum penalizes the score

in proportion to the number of users who purchased pi and q in different quantities.

The result is that two products are assigned a higher similarity score when more

users purchase them in equal amounts and these quantities are large. In contrast, they

are considered less similar if a large number of users purchased them in different

quantities; particularly if the difference in purchase quantities is relatively large. These

properties mean that the proposed similarity measure depends not only on the direction

of the item vector, but also on the magnitude of its components (i.e., the purchase

counts). This ensures that the proposal is free from the drawbacks of conventional
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similarity measures, outlined in Section 3.3.

If products were classified into categories whose members can be assumed to

share similar attributes, the model could be further improved by adding a term to

Eq. 3.1; that takes into account the average of all products within the target product

category. That is,

a(q) =
α ∑

N
i=1 wi(q)a(pi)

∑
N
i=1 wi(q)

+
(1−α)

|Cat(q)∩P| ∑
ρ∈Cat(q)∩P

a(ρ), (3.4)

where α is a parameter estimated empirically, and acts as an adjusting factor that

controls the relative contribution of each term; Cat(q) represents the set of products

in the same category as q.

3.5 Experiments

3.5.1 Procedure

The data used in this chapter were provided by Rakuten Group’s marketing research

department, who conducted a survey among a sample of 18,000 Rakuten Ichiba users

aged between 20 and 69 years old. The respondents were asked to evaluate 67 different

brands of Japanese food products from different categories, such as chocolates, beers,

and yogurts. Participation in the survey was voluntary and all respondents agreed

to sign a consent form. Respondents were given a list of predefined attributes and

asked to select those that characterized each product in the survey. If the respondent

did not know the product or did not have any particular opinion about a product,

they were encouraged to skip it. The attributes were carefully designed by marketing

experts with the intent to describe the most representative features that reflect, at a

fundamental level, the consumer sentiment towards a product. Marketing specialists
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Table 3.2: Example of the survey format with products and attributes

How do you feel about the following products?
(Check all that apply)

Tastes sweet Feels healthy Is refreshing ...
Product A □ □ □ □
Product B □ □ □ □
Product C □ □ □ □

... □ □ □ □

narrowed down the attributes to a total of 39, selecting those that were considered to

be the most insightful for the product research process. Examples of the attributes

used are "It tastes sweet," "It feels healthy," and "It is refreshing." All products shared

the same attributes. Table 3.2 gives an example of the survey format.

The survey results were processed in two steps. In the first step, the replies were

aggregated by product to obtain the total counts per attribute. The counts will be

referred to as votes, as each count represents a respondent stating that an attribute is

relevant to a product. Therefore, a count of zero implies that no respondent associated

a particular product with the corresponding attribute. Because not every respondent

would review every product, the total votes per product also varied depending on the

popularity of the item being evaluated.

The second step involved the normalization of the votes by the total number of

respondents per product to account for the effect of the popularity. This was necessary

in order to be able to compare attributes between products in terms of the proportion

of replies, instead of total number of votes. Without the normalization, the similarity

score between products would be affected by the dominant influence of popular ones

over those that are less known. That is, the normalization allows for a fair comparison
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Figure 3.2: Visual representation of products and their attributes. Lighter colors indicate
stronger relevance. According to the figure, the attribute "Is refreshing" is considered to be
very relevant to "Beer A," whereas attributes "Is sweet" and "Is tasty" are not very relevant.
Similarly, attributes "Is healthy" and "Is sweet" are considered to be relevant to "Yogurt A".

of the attributes of different products, regardless of their degree of popularity.

This process allowed us to build a collection of product encodings, in which each

product is associated with a vector of attributes. These vectors capture the strength

with which each attribute was related to each product on a continuous scale from 0 to

1. For example, the "Is refreshing" attribute for a beer product with a value close to 1

means that most of the respondents found the attribute "Is refreshing" very relevant,

whereas the same attribute for a chocolate product could have a value close to 0

(not very relevant), which means most of the respondents did not find the chocolate

refreshing. Fig. 3.2 shows a visual representation of each product and its attributes.

To build the product similarity matrix that would be used in later stages to estimate

unknown attributes, an item-user matrix similar to that in Table 3.3 was created. The

purchase information provided by Rakuten Ichiba in the transaction history logs was

employed as an implicit measure of preference; a higher number of items bought

indicates stronger preference. Therefore, each element in the item-user matrix is the
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Table 3.3: n×m item-user matrix, where the elements of the matrix represent the total number
of items bought per user in a fixed period of time.

u1 u2 ... um

i1
i2
...
in

⎡⎢⎢⎢⎣
0 2 . . . 1
1 0 . . . 0
...

...
...

...
0 8 . . . 0

⎤⎥⎥⎥⎦

total number of items bought per user in a fixed period of time. Subsequently, the

similarity between products could be calculated with pairs of product vectors from the

item-user matrix and the equations presented in Section 2.3 and 3.4.

The performance of different product attribute estimation models was evaluated.

Each of the models calculated attributes based on different similarity measures. The

experiments were performed several times using the leave-one-out cross-validation

(LOOCV) technique [42]. The reported results are the average of all trials. The result

of the proposed similarity measure was compared against three baselines: PCC, COS,

and JAC.

Each model was built using a set of "base products," which served as a seed to

estimate new attribute vectors. Therefore, in every trial, the set of survey products was

split in two disjoint sets. The first set contained all products minus one; this was the

"base products" set. The second set contained one single item, the "target product."

This product was used to evaluate the accuracy of the estimations.

As it was intended to measure how much the estimations deviated from the

real values, the mean absolute error (MAE) and root mean square error (RMSE)

were selected as the evaluation metrics. In both cases, a lower value indicates a

26



better performance; however, RMSE is more sensitive to deviations in individual

components.

The procedure to calculate the evaluation metrics using LOOCV comprises the

following steps:

1. Considering the set of products P = {p1, p2, · · · , pN} defined in Section 3.4,

then for each target product pt where t ∈ [1,N] in the survey:

1.1. Identify the set of all other products Pbase = P−{pt} which represent the

known products.

1.2. Compute an estimate for the unknown attribute vector of the target product

â(pt) using Eq. 3.1. Here, pt and Pbase represent instances of q and P

respectively.

1.3. Determine the error vector ε t = |â(pt)−a(pt)| as the vector of distances

between the estimated and the actual attribute values.

1.4. Compute the MAE and RMSE per target product as follows:

MAEt =
∥ε t∥1

M
(3.5)

and

RMSEt =
∥ε t∥2√

M
(3.6)

where ∥ε t∥1 and ∥ε t∥2 are the ℓ1 and ℓ2 norm of ε t respectively.

1.5. Repeat steps 1-4 for all products in P.

2. Average the MAE and RMSE values obtained for all target items as follows:

MAE =
1
N

N

∑
t=1

MAEt (3.7)
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and

RMSE =
1
N

N

∑
t=1

RMSEt (3.8)

The experiments considered the coefficient of determination r2 as the square of

the Pearson correlation coefficient. For two series x and y, this is given as:

r2 =

(︄
∑(xi− x̄)(yi− ȳ)√︁

∑(xi− x̄)2
√︁

∑(yi− ȳ)2

)︄2

, (3.9)

with xi and yi denoting the values in the series, while x̄ and ȳ stand for their respective

average values. The sums run over all elements in the series.

3.5.2 Results

Table 3.4 shows MAE and RMSE values for each model using MPR and the three

baseline measures. In this experiment, the purchase history over a period of 50 days

was considered. This is also represented in Fig. 3.3 using bar plots with confidence

intervals of 99%. The results show that MPR outperformed all other models with

the lowest MAE and RMSE values. The plots in Fig. 3.4 show the performance

metrics with 99% confidence intervals of the models built with purchase history

periods of different lengths. The shortest period was one week, whereas the longest

period was 90 days. It is possible to observe that the model built with the proposed

similarity measure outperformed all baselines consistently. The low performance

exhibited for shorter periods can be attributed to the lack of data to make reliable

estimations. When the observations are limited to only a few days, not enough users

make their purchases of the relevant products so as to reveal purchasing patterns.

For the particular dataset used in the evaluation, the user diversity increased more

than 10-fold by day 50 compared to the first 7 days for 11% of all the products. By
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Table 3.4: Performance metrics for various models using different similarity measures consid-
ering a purchase period of 50 days. The MPR model outperforms all other models, with the
lowest MAE and RMSE.

Similarity MAE RMSE
MPR 0.040254 0.067911
JAC 0.044553 0.074688
COS 0.044946 0.076635
PCC 0.059692 0.100329

COS JAC PCC MPR
similarity measure

0.0400

0.0425

0.0450

0.0475

0.0500

0.0525

0.0550

0.0575

0.0600

M
AE

(a)

COS JAC PCC MPR
similarity measure

0.070
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0.080

0.085

0.090

0.095

0.100

RM
SE

(b)

Figure 3.3: (a) MAE and (b) RMSE for various models using different similarity measures
considering a purchase period of 50 days.

day 50, the number of items bought is 6.49 times larger than the total items bought

during the first week. For all models, the performance increased for larger periods,

up to approximately 40 or 50 days; as the confidence intervals did not overlap, the

difference was statistically significant. At that point, the item-user matrix provided a

reliable estimate of similarity.

Fig. 3.5 shows the performance of various models using different purchase periods.

Each bar represents the proportion of times each model achieved the lowest MAE per

trial. It is possible to see that, for all periods, the model relying on MPR similarity

achieved the lowest error with the highest frequency.
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Figure 3.4: Performance comparison in terms of the (a) MAE and (b) RMSE of the baseline
and proposed models using different purchase periods.
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Figure 3.5: Performance of different models regarding the proportion of times each model
achieved the lowest MAE per trial.

The experiments presented so far use the attribute information of similar products

to compute estimations, regardless of whether they belong to the same category or

not. Products from different categories can contribute to the predicted attribute values

as long as they are considered similar. To complement this analysis, the impact

of using the statistics of the target product’s category on the performance of the

estimation was investigated. The products were manually classified into categories
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Figure 3.6: Effect of category information on the performance of the estimation. The
performance of the hybrid model (Eq. 3.4) improves and worsens as a function of α . When
category information is available, some improvement in performance can be achieved by
combining both similarity and category information.

by product marketing specialists. However, this is typically costly and unfeasible for

large catalogues, for which classification errors usually can expected. To simulate

this, a random shuffling of two products per category was performed. Fig. 3.6

shows the MAE (a) and RMSE (b) of two models, with a one-month purchase

period, averaged over 10 trials. The model that uses MPR similarity is plotted as

a reference and it remains constant because it does not depend on α . In contrast,

the performance of the hybrid model (described earlier in Eq. 3.4) improves up to

some point as 1−α increases, and thereafter deteriorates and becomes worse than the

reference performance. This indicates that when category information is available,

some improvement in performance can be achieved by combining both similarity and

category information. However, the category information alone is not sufficient to

produce accurate estimations.

Fig. 3.7 demonstrates the estimated attribute values of two products using the

MPR model versus the true attribute values. Product A and product B are examples of
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Figure 3.7: Estimated attribute values of two products using the MPR model versus the true
attribute values for two products. (a) Example of an estimation with low error. (b) Example of
an estimation with high error.

estimations with low and high error, respectively. It is apparent that the estimations

of product A follow the true values very closely. However, this is not the case for

Product B. Product B is an example of a product with unique attributes, even for its

own category. The proposed model failed to give close estimations for such cases

because the MPR model computed the unknown attributes as a linear combination of

those of similar items. When there were no examples of similar items, the estimations

were unsatisfactory.

Fig. 3.8 shows the correlations between the proposed similarity measure and

the baseline similarity measures, with the coefficient of determination r2 calculated

according to Eq. 3.9. It is evident that JAC is correlated; however, it tends to assign

lower similarity values than MPR. The correlation between JAC and MPR arises

from the fact that most items were purchased in smaller quantities. One of the main

features of MPR is the weight it gives to instances where items were purchased with

higher frequency, or when the difference between purchase amounts was larger. This

gives MPR an edge over JAC. COS exhibits a similar trend, but there is a subset of
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Figure 3.8: Correlation between MPR similarity measure and the baseline similarity measures.
(a) MPR assigns low similarity in a subset of products, whereas COS varies widely. (b) MPR
and JAC are considerably correlated, however, most points lie above the diagonal in the plot.
This means that JAC tends to assign lower similarity values when compared to MPR (i.e. it
underestimates similarity values compared to MPR). (c) MPR and PCC are uncorrelated and
appear to be looking at different aspects of the data.

products for which MPR gives a low similarity, whereas the COS measure varies

widely. This corresponds to products that were purchased in smaller quantities;

therefore, MPR assigns a lower weight to them, whereas COS considers only the angle

between row-vectors of the item-user matrix, which can take any value, irrespective of

purchase numbers. Finally, PCC is uncorrelated; it appears that both measures focus

on independent features of the data.

Fig. 3.9 shows a scatter plot of the predicted values against the actual values for

each attribute and every product. The estimated values of a perfect model would all

fall on the diagonal. The coefficient of determination r2 is calculated as shown in

Eq. 3.9. The MPR model achieves the highest r2 among all models, meaning that the

error in its estimations is lower than that of the other models.
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Figure 3.9: Predicted versus actual scatter plots for each similarity measure. Each point is the
value of an attribute for every product. MPR achieves the highest r2 among all models.

3.6 Conclusions

In this chapter, a method for estimating product attribute vectors based on survey

data and purchase history was proposed. This is particularly useful for practical

applications in marketing or e-commerce where resources are limited and acquiring

additional data to train conventional machine learning models is time-consuming and

expensive. The proposed method involves estimating unknown attribute vectors as the

weighted average of those of known products. The values of those weights depend on
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the degree of similarity between the target product and the base products, i.e., products

with known attribute values. Furthermore, a new similarity measure that is designed

based on domain-specific assumptions was proposed. The described approach relies

on the total number of items bought as an implicit measure of preference. The

proposed method assigns a larger similarity score to products that were bought in

equal amounts, and a smaller one as the difference in purchase amounts increases.

This feature allows us to overcome the weaknesses of the conventional similarity

measures. The proposed method was applied to data surveyed by Rakuten Group’s

marketing research department and the purchase history from Rakuten Ichiba. The

results obtained indicate that the proposed method outperforms the conventional

approaches in terms of MAE and RMSE.
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Chapter 4

Switching Hybrid Method Based on
User Similarity and Global Statistics
for Collaborative Filtering

This chapter presents a method to improve the performance of Collaborative Filter-

ing (CF) techniques. In particular, by proposing a custom similarity measure that

considers the semantic nuances of the ratings. This is achieved by weighting the

contributions of ratings in proportion to the users’ degree of indifference towards the

items. Additionally, to address the pervasive sparsity problem in CF, this chapter

introduces a switching hybrid method that predicts user ratings based on either the

custom similarity measure or through user and item biases. The proposed method was

evaluated on six different datasets and compared it with other CF methods using in

terms MAE and RMSE. The results show that the proposed recommender consistently

outperforms those using conventional similarity measures when the sparsity of the

dataset is high.
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4.1 Introduction

Decision making involves the evaluation and selection of an option between alter-

natives based on specific criteria. Classical decision theory is associated with the

identification of optimal decisions, considering an ideal decision maker who is in-

ternally consistent and completely rational. However, such a logical system fails to

explain real-world scenarios [43]. Under conditions where available information is

incomplete or overly complex, decision makers rely on various simplifying heuristics

or efficient rules of thumb rather than extensive analytical processing [44]. However,

in highly difficult situations, they may be unable to make a decision; this is known as

analysis paralysis. One of the main causes of analysis paralysis is choice overload.

Recent research argues that situations in which several options are presented can

negatively affect consumer expectations. This leads to choice deferral and lower

satisfaction with the selected option [45].

E-commerce websites rapidly grew with the digital revolution. Online stores

now provide users with a more comprehensive search than their brick-and-mortar

counterparts, delivering information for an immense number of products and services

instantaneously. However, this high number of choices has become one of the biggest

problems that e-commerce users face [46]. Rather than being a benefit, having several

options frequently overwhelms users, leading them to make poor decisions [2]. This

choice paradox is an important catalyst for the development of recommender systems

(RS) technology.

RS are personalized information agents that provide suggestions for products or

services likely to interest a particular user [2], [47]. RS assists users in filtering the

available alternatives and narrowing down their choices, leading to a reduction in
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Table 4.1: Classes of recommendation techniques and their knowledge sources

Technique Knowledge source
Collaborative-based Rating information of different users
Content-based Item features with descriptions similar to others that the target user

liked in the past
Knowledge-based Inferences regarding users’ needs and preferences based on the

target user’s explicit feedback
Community-based Social relationships between users and preferences of the target

user’s friends
Demographic Demographic profile of the target user
Hybrid Combination of two or more sources

information overload and preventing analysis paralysis. The essence of RS is the

assumption that customer interests can be inferred from different sources of data

and that significant dependencies exist between user and item interactions. Because

user attitudes toward products have been demonstrated to exhibit a certain degree of

consistency [48], they are useful indicators of future choices. The purpose of RS is not

only to provide users with more relevant choices but also to help the user discover new,

particularly interesting, unexpected, and diverse content. Moreover, this enhances the

overall shopping experience and contributes significantly to customer satisfaction [49]

and loyalty [50].

A conventional method for classifying recommendation techniques [2], [47] is

shown in Table 4.1. CF methods are of interest because they are considered to be

one of the most popular and widely implemented recommendation techniques, often

exhibiting high predictive accuracy [51], [52], [13], [17].

In particular CF neighborhood-based approaches, described in Section 2.1, are

often preferred in practice because they are intuitive, relatively simple to implement,

stable, and highly explainable [53], [54], [10]. However, the performance of these

methods is known to be highly sensitive to the number of observed ratings. When the
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rating sparsity is high, it becomes difficult to identify suitable matching neighbors,

leading to less accurate recommendations. This is closely related to the cold-start

problem, where it is not possible to provide reliable recommendations to new users or

about new items because of the initial lack of ratings [55], [56].

As explained in Section 2.3, another critical aspect that has a significant impact

on both the accuracy and performance of neighborhood-based recommenders is the

choice of the similarity metric. The similarity metric identifies reliable neighbors and

weights their relevance in the prediction. Its definition must capture the aspects of the

relationships between users and items that are most representative of user preferences.

The present dissertation proposes a novel CF approach for predicting user rating

values. It is designed to avoid common problems of conventional similarity-based

methods and mitigate the adverse effects of highly sparse data. In particular, the

contributions of the study in this chapter are as follows:

• A new custom similarity measure that considers the semantic meaning of the

ratings, with a score bounded between 0 and 1 for higher interpretability.

• The use of the global average, item average, and user average to compute user

and item biases that in turn are used to compute ratings.

• The proposal of a switching hybrid method that chooses between two predicted

ratings based on a sparsity criterion.

The main difference between the proposed method and existing methods lies in

the novel similarity measure introduced in Section 4.3.1. The novelty aspect consist

primarily in that the similarity was designed to consider the user’s sentiment toward

the items, interpreted in terms of how extreme their ratings are. Moreover, it avoids the
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drawbacks of conventional similarity measures. In addition, an RS architecture based

on this similarity is proposed. This is different from other approaches in the sense

that the recommender, described in Section 4.3.3, uses a switching hybrid method to

handle sparsity and complements its predictions with those of a recommender using

Jaccard similarity. This architecture is shown to outperform conventional ones, as

described in Section 4.4.3.

Section 4.2 offers an overview of the main problems and recent research associated

with conventional similarity measures, as well as the difficulty in making meaningful

predictions for highly sparse datasets. Section 4.3 proposes the Switching Hybrid

with Biases (SHB) recommender comprising a CF method with a custom similarity

measure and a ratings prediction approach based on global statistics. This is used

in combination with a CF method using Jaccard similarity. The custom similarity

measure of the SHB recommender was designed to consider the semantic informa-

tion in the ratings to generate more meaningful similarity scores, leading to better

performance even if the dataset sparsity is high. Section 4.4 outlines the experimental

settings used in the evaluation of the proposal, including the details of the six datasets

used. Section 4.4.3 analyzes the performance of the proposed recommender in terms

of root mean square and mean absolute errors and compares it to those of conventional

similarity-based CF methods. Section 4.5 summarizes the findings and conclusions.

4.2 Related work

This section describes in more detail the technical context of the work discussed in

this chapter. Furthermore it includes related methods that address problems in the area

of similarity measures applicable to RS technology, and different methodologies to
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tackle the common sparsity problem. In particular, influential work is examined and

the limitations are reviewed.

4.2.1 Similarity measures

As introduced in Section 2.3, while PCC, COS, JAC are some of the most broadly

used similarity measures, they are known to have inherent drawbacks that might hurt

the performance of RS.

To overcome these deficiencies, researchers have proposed different approaches.

Candillier et al. [13] demonstrated that weighting similarity measures such as COS

and PCC with JAC significantly improves the methods’ performance. In this context,

JAC ensures that the rating pairs share sufficient attributes for the similarity to be

reliable. Ahn [57] developed a heuristic similarity measure based on three aspects

–proximity, impact, and popularity (PIP)– representing domain-specific interpretations

of user ratings. PIP weights the semantic agreements and disagreements between users

and exhibits a superior performance in cold-start conditions. However, its formula is

expensive to compute, and because its score is not normalized, it can assume values

greater than 1 making it less intuitive and difficult to interpret.

Liu et al. [58] proposed another similarity metric termed as NHSM to address the

shortcomings of PIP. This proposal uses the definitions of proximity, significance, and

singularity, combined with JAC, along with the mean and variance for the ratings, to

achieve a remarkable improvement over PIP. Said et al. [59] proposed and investigated

the effects of two weighting schemes that consider the degree of popularity of items.

The results indicate that the weighting approaches have a negligible effect on COS

but have a significant influence on PCC when the users have more than a few ratings
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in common.

Bobadilla et al. [56] presented a similarity measure that combines conventional

similarity metrics; however, it optimizes the weights of each similarity through neural

networks. The results show an improvement in the prediction quality in cold-start

situations. This metric is superior to PIP in terms of performance and computation

time. Laveti et al. [60] proposed a weighted hybrid ensemble similarity metric

combining two or more conventional approaches that demonstrates an improvement in

recommendation accuracy; however, it relies on a high number of rating samples and

neighbors to achieve high performance. Guo et al. [15] defined a Bayesian similarity

measure based on the Dirichlet distribution that considers the direction and length

of the rating vectors while also considering the rating semantics of all rating pairs.

Although the approach can perform well and can attain good generality, it includes a

number of hyperparameters that require tuning to achieve these results.

4.2.2 Sparsity in neighborhood-based models

In practice, users tend to rate a small subset of the item catalogue, consequently

making user-item matrices sparse. Sparsity is a major problem in RS because when

most ratings are unspecified, finding reliable neighbors is difficult, and the number

of co-rated items between users is small. In scenarios with high levels of sparsity,

recommendations are often biased and inaccurate. One of the earliest approaches

for tackling sparsity in rating matrices is "default voting," proposed by Breese et al.

[61]. Default voting involves using predetermined values to replace missing data and

increase the number of mutually rated items between users. Default votes are only

applied in cases in which two users are compared and at least one of the users rated
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the item. However, replacing missing data usually introduces a significant amount of

bias that affects the performance of the estimations.

Wang et al. [62] developed an algorithm that combines ratings from both sim-

ilar users and items to reduce the dependency on missing data. The experiments

demonstrate robustness against data sparsity and improved prediction accuracy when

compared with pure user-based or item-based approaches. Zhang et al. [63] pro-

posed a recursive algorithm that can make coarse predictions for the missing rating

values of neighboring users, thus alleviating data sparseness. The proposed approach

shows promising results, achieving higher prediction accuracy than the conventional

approach using PCC. However, the performance of this algorithm also depends on

several parameters tuned to every specific dataset, and it has a high computational

cost.

Luo et al. [54] addressed the data sparsity problem by describing relationships

between users through local and global user similarities. Local similarities are repre-

sented as edges of a user graph and are determined based on surprisal-based vector

similarity. Global similarities are calculated as the maximin distance of any two nodes

in the graph. The results show that, under sparse dataset conditions, the global user

similarity can improve the performance of algorithms that use only local similarities.

Another approach for solving the data sparsity problem was proposed by Bessa

et al. [64], who advanced a method that considers user communities with similar

tastes and predicts new relations within these communities. The results reveal that

although this method did not increase the global coverage, it improved the predictions

of already covered items, alleviating some of the drawbacks of the sparsity problem.

Hawashin et al. [65] proposed a hybrid similarity measure based on explicit user
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interests; the proposed method achieved good performance even when no co-rated

items existed between two users. However, it did not consider the semantic meanings

of the ratings, and it depended on the existence and quality of explicit user interests.

Moreover, the process of calculating user interests was computationally expensive.

4.3 Proposed method

In this section, the proposed CF approach for predicting user rating values is detailed.

The method was inspired by the strengths of previous approaches while also consid-

ering their weaknesses. However, the proposed method retains the characteristics

that make neighborhood models widely used; that is, their relative simplicity, ease of

maintenance, and high explainability. In real-world use scenarios, neighborhood ap-

proaches should remain easy to tune and should not depend on complex optimization

procedures that require long computation times, especially if they must be updated

every time a new user or item is added.

The proposed recommender, SHB, is an ensemble of a switching hybrid and a

basic collaborative filter with JAC. The switching hybrid consists of a CF method that

uses the proposed similarity measure, and a CF technique that computes the prediction

based on global statistics. To determine the final prediction, first, the target user is

given similarity scores with respect to the other users. These serve as the weights in

Eq. 2.2 for predicting the desired rating. The proposed similarity measure used in this

step considers the distance between user ratings as well as the deviation between these

ratings and the median of the rating scale. If the user-item matrix is highly sparse,

the target user might not have sufficient neighbors to make a meaningful prediction;

that is, the recommender will rely on users with low similarity with the target, which
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may often lead to inaccurate predictions. In this situation, the switching hybrid relies

instead on the biases for the target user and item as well as on the global mean. As a

rule of thumb, the switching criterion considers a minimum of 10 neighbors as the

threshold. Finally, an alternative prediction is derived from a neighborhood-based

recommender using JAC. This is combined with the prediction of the switching hybrid

to yield the final rating.

4.3.1 Proposed similarity measure

As explained in Section 4.2.1, several studies have exhibited promising results by

incorporating the semantic meaning of the ratings when defining new similarity

measures. Studying the semantic nuances of user ratings is essential for developing a

measure of similarity that can realistically quantify the resemblance among user tastes.

The purpose of a rating scale is to allow respondents to express both the direction

and strength of their opinions regarding a topic [66]. Ratings, unlike other implicit

measures of interest, such as total clicks or number of items purchased, are ordinal

categorizations that can be assumed to reflect the user’s degree of indifference toward

an item. It is possible to observe that to compare two users’ ratings, it is not only

useful to consider the difference between the ratings but also how far the ratings are

from the rating scale’s median. The intuition behind this is that users who give ratings

closer to the median tend to feel more indifferent toward the item, whereas users with

more extreme ratings reflect stronger preferences. Furthermore, the fact that stronger

preferences provide more reliable information for determining whether or not two

users have similar tastes is considered.

A new similarity measure that considers two main aspects: the difference between
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user ratings and how extreme these are, is proposed. For users u and v who have rated

item i with ratings ru,i and rv,i, respectively, the distance sqd(ru,i,rv,i) is determined as

follows:

sqd(ru,i,rv,i) = (ru,i− rv,i)
2. (4.1)

The squared difference is used to ensure that this is a smooth and symmetric measure

of the distance between ratings. Without loss of generality, let rs = {1,2, ...,Rs}

represent an integer rating scale with a median given as follows:

r̃s =
Rs + 1

2
. (4.2)

The rating strength rp for a pair of user ratings is defined as follows:

rp(ru,i,rv,i) =
max(|ru,i− r̃s|, |rv,i− r̃s|)

r̃s−1
. (4.3)

This satisfies 0≤ rp ≤ 1 and reflects how extreme the ratings are. Higher rp values

indicate more extreme ratings. A value of 1 indicates that at least one of ru,i or rv,i is

equal to either the lowest or highest possible rating. Meanwhile, a value of 0 implies

that both ru,i and rv,i are equal to the median.

A measure of dissimilarity dis(u,v) between users u and v can now be expressed

by the following equation:

dis(u,v) =
1

|Iu∩ Iv| ∑
i∈Iu∩Iv

sqd(ru,i,rv,i) · rp(ru,i,rv,i), (4.4)

where Iu and Iv denote the sets of items rated by users u and v, respectively. The

corresponding similarity measure between users u and v is defined as follows:

sim(u,v) =
1

dis(u,v)+ 1
. (4.5)
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4.3.2 Predicted ratings from user and item biases

In highly sparse datasets, the target user may have very few neighbors. When this

happens, ratings predicted using Eq. 2.1 are influenced by users with low similarity to

the target. This is problematic because users who are weakly correlated with the target

user may cause the recommender to yield inaccurate predictions. This phenomenon

can also be explained as overfitting caused by the normalization factor in Eq. 2.1 when

only low-similarity neighbors are present. Moreover, when the target user has no

neighbors, the rating for that specific user-item combination cannot be predicted. In

these cases, the naive approach involves reporting the global average or the average

of all the ratings by the target user [10]. As an alternative, the global, item, and user

averages are considered to compute the predicted rating when the number of neighbors

found is insufficient.

In the proposed method, The user bias (the deviation between the user rating

average and total average) is calculated and added to the item average. Formally, the

predicted rating r̂u,i of user u for item i is calculated as follows:

r̂u,i = r̄i +(r̄u− r̄) (4.6)

where r̄i denotes the average rating for item i by all users who rated it, r̄u is the average

of all items that user u rated, and r̄ is the overall average of all observed ratings. The

term r̄u− r̄ represents user bias. A user has positive bias if the user has an inclination

to rate items favorably. Conversely, when the user’s ratings tend to be critical, the user

exhibits a negative bias. Following this approach, the ratings of all users for the target

item are considered in equal proportion but are regulated by the preferences of the

target user, encoded in their rating trends.
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A similar idea was proposed by Koren [9], who observed that a baseline estimate

for a user-item pair bu,i can be calculated as follows:

bu,i = r̄+ bu + bi (4.7)

where bu and bi indicate the observed deviations from the average for user u and item i,

respectively. To estimate bu and bi, Koren proposes solving the following regularized

least-squares optimization problem:

min
bu,bi

∑
ru,i∈R

(ru,i− r̄−bu−bi)
2 +λ

(︄
∑
u

b2
u +∑

i
b2

i

)︄
, (4.8)

where the first sum runs over the elements present in the sparse user-item matrix R.

The second expression is a regularization term to avoid overfitting on the optimization

procedure, and λ is the regularization parameter that sets how much the flexibility

of the model will be penalized. λ is often chosen by testing a range of values and

selecting the one that gives a good approximate solution.

The optimization of Eq. 4.8 must be performed over a sparse matrix, typically

using approximate methods such as stochastic gradient descent (SGD). Thus, the

optimal values of the biases bu and bi are updated in steps, following the slope

(gradient) of the objective function downward, until a minimum is reached. This is

not the case for the proposed method in Eq. 4.6, where the biases are approximated

by the explicit formulas bu = r̄u− r̄ and bi = r̄i− r̄. The experiments in Section 4.4

provide evidence that both approaches yield comparable results when applied to the

SHB proposal.

48



4.3.3 Proposed recommender system

Subsections 4.3.1 and 4.3.2 introduce two methods to make a rating prediction, each

of which performs best under different situations. To choose the optimal method, a

switching hybrid method is introduced. The first recommender R1 (neighborhood-

based) yields better predictions if a set of representative neighbors can be found in

the dataset. Meanwhile, the second recommender R2 (based on rating biases) can

more adequately capture the underlying patterns encoded by the global statistics,

which prove useful if a better-customized prediction is not available. Consequently,

a switching criterion that selects R2 if the number of neighbors is below a threshold

value γ , and R1 otherwise is proposed. The recommendations of the switching hybrid

recommender are as follows:

r̂(h)u,i =

{︄
r̂(1)u,i , if |N(u, i)| ≥ γ

r̂(2)u,i , otherwise
(4.9)

where r̂(1)u,i denotes the recommendation of R1, calculated using the formula in Eq. 2.2.

The recommendation of R2, r̂(2)u,i , is computed using Eq. 4.6. The value γ was

determined heuristically from the analysis of diverse datasets and set to 10 in the

experiments.

As a final step, a hyperparameter α is introduced. This parameter is used to

combine the predicted rating from the switching hybrid with that of a standard recom-

mender using JAC. This yields the final prediction of the proposed SHB as follows:

r̂u,i = α · r̂(h)u,i +(1−α)

⎛⎜⎝r̄u +

∑
v∈N(u,i)

JAC(u,v) · (rv,i− r̄v)

∑
v∈N(u,i)

JAC(u,v)

⎞⎟⎠ . (4.10)
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The following is an intuitive, step-by-step description of the proposed algorithm,

which is also illustrated in Fig. 4.1.

1. Compute the prediction r̂(1)u,i using Eq. 2.2 and the similarity measure defined in

Eq. 4.5.

2. Compute the prediction r̂(2)u,i as described in Eq. 4.6.

3. If |N(u, i)| (total neighbors of u for item i) is greater than or equal to 10, set r̂(h)u,i

equal to r̂(1)u,i , otherwise set it to r̂(2)u,i .

4. Calculate an additional rating prediction using Eq. 2.2 with JAC as the similarity

metric.

5. Compute the final rating r̂u,i as the linear combination (weighted by hyperpa-

rameter α) of the ratings calculated in the previous two steps, as shown in

Eq. 4.10.

4.3.4 Complexity and scalability analysis of the recommender sys-
tem

To consider the computational complexity of the proposed recommender system,

the Big O notation is used. This expresses the asymptotic performance bounds that an

algorithm which implements the recommender can be expected to achieve.

The amount of computations required by the proposed method depends on the

number of users and items in the dataset. As illustrated in Fig. 4.1, the prediction of

rating scores requires the calculation of the user similarity matrix from the user-item

matrix. This is the most computationally expensive operation in the recommender,
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Figure 4.1: Overview of the proposed recommender system. The sparse user-item matrix is
used to estimate the global statistics and similarities between users. These serve as inputs to a
nested pair of hybrid recommenders.

and thus it determines its time and space complexities, which scale non-linearly with

the number of users and items. Algorithm 1 summarizes this procedure, and shows

that the total number of similarity calculations needed is n (n−1)
2 , due to its symmetric

nature. Additionally, computing the similarity between two users requires operations

between at most m items (in the extreme case where both users have rated all items).

The similarity matrix has a total of n (n−1)
2 unique entries; therefore, in terms of the

Algorithm 1 Similarity matrix calculation for an n×m user-item matrix R
Input: user-item matrix R
Output: n×n user similarity matrix

1: for i← 1 to n do
2: S[i, i]← 1
3: for j← i+ 1 to n do
4: S[i, j]← similarity(i, j)
5: S[ j, i]← S[i, j]
6: end for
7: end for
8: return S
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dataset size, the time and space complexities associated with generating and storing

the user similarity matrix are O(|U |2 · |Iu|) and O(|U |2) respectively. It should be

noted that these complexities also apply to other commonly used similarities, such as

PCC, COS or JAC.

The high time complexity involved in the computation of user similarity matrices

makes their online update impractical for situations such as e-commerce systems,

in which the number of users and items can exceed tens or hundreds of millions.

This poor scalability problem is a known challenge that affects not only the proposed

method, but is inherent to neighborhood-based methods in general [67], [68]. Several

works have attempted to address the scalability problem in CF [69], [70], [71]. While

it is beyond the scope of this study to conduct an extensive analysis of these techniques,

it is worth mentioning that common applications need not update the similarity matrix

online. Given that its calculation could take hours or even days to complete for large

real-world datasets, it is common to pre-compute it offline and assume it remains

constant throughout a subsequent, low-latency online phase which computes the

rating predictions. Additionally, the memory requirements to store the pre-computed

similarity matrix can be significantly reduced if, instead of storing it entirely, only the

tuples of users with a similarity larger than a predetermined threshold are kept.

4.4 Experiments

4.4.1 Procedure

In this section, the experiments to test the performance of the proposed SHB rec-

ommender are presented. The results are compared with those of five different
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neighborhood-based approaches, two MF methods, and the global average as a base-

line. Each neighborhood-based approach uses a different similarity measure. PCC,

COS, and JAC, as well as the hybrid variations PCC+JAC and COS+JAC were selected

because of their widespread use in practical applications. Other related approaches are

not included in the experiments because of their drawbacks detailed in Section 4.2. In

particular, they might require extensive dataset-dependent parameter tuning to reach

their optimal results or additional user or item features to complement their predic-

tions. Furthermore, some of the most complex approaches do not provide available

implementations that can scale to the size of the datasets used in these experiments.

The tests are conducted using five real-world public datasets and one synthetic

dataset. This work considers the application of RS to predict user preferences (in the

form of ratings); therefore, their accuracy is measured by comparing the predicted

rating against the ground truth. The accuracy is reported in terms of the RMSE and

MAE. These metrics are defined as follows [2]:

RMSE =

√︄
1
|T | ∑

(u,i)∈T

(ru,i− r̂u,i)2, (4.11)

and

MAE =
1
|T | ∑

(u,i)∈T

|ru,i− r̂u,i|, (4.12)

where T denotes the test set, ru,i the ground truth, and r̂u,i the predicted rating. The

tests are performed using the k-fold cross-validation method. The reported results

are the average of the cross-validation trials, in which smaller values of RMSE and

MAE indicate better predictive accuracy. The plots presented are calculated with error

bands showing 99% confidence intervals.
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The two error metrics, RMSE and MAE, each provide a different piece of infor-

mation which may be more useful depending on the use case for the recommender.

The squared component in the RMSE indicates large errors, which makes it more

suitable in applications where even a few large deviations are undesired. In contrast,

MAE is a more impartial indicator of the typical error and tends to be more robust

to outliers. Another approach used to evaluate RS involves considering the task as a

classification problem. When the recommendation task is not to predict ratings, but to

generate a list of interesting items, then the score is only used to determine if the item

should be recommended or not. In this case, metrics such as precision and recall are

more suitable. If the order of the recommended list is also important, then metrics

such as normalized discounted cumulative gain and mean reciprocal rank are useful to

evaluate both the adequacy of the selected recommendations and their ranking.

4.4.2 Evaluation datasets

The real-world datasets used in the experiments are summarized in Table 4.2. Dif-

ferent types of datasets were used to verify the generalization power of the results.

All real-world datasets are publicly available for research use and vary in terms of

the total number of users, items, ratings, sparsity, and the type of items being rated.

MovieLens 100k and MovieLens 1M [72] contain the ratings of users who evaluated

at least 20 movies. These users were randomly sampled from the complete MovieLens

dataset, which contains 26,000,000 ratings from 270,000 users and 45,000 movies.

Epinions [73] and Book-crossing [74] data were collected using a crawler that browsed

over epinions.com and bookcrossing.com, respectively. The Epinions dataset com-

prises user ratings from various consumer items, whereas the Book-crossing dataset
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Table 4.2: Characteristics of the real-world datasets used in the experiments

Dataset Total users Total items Total ratings Rating scale Sparsity Items category Source
MovieLens 100k 610 9,724 100,836 [0.5, 5] 0.983 Movies MovieLens website
MovieLens 1M 6,040 3,706 1,000,209 [1, 5] 0.9553 Movies MovieLens website

Epinions 40,163 139,738 664,823 [1, 5] 0.9995 Consumer items Epinions website
Book-crossing 105,283 340,556 1,149,780 [0, 10] 0.9999 Books Book-crossing website

Jester (dataset 3) 54,905 140 1,842,370 [-10, 10] 0.7603 Jokes Jester joke recommender system

comprises book ratings by members of an online book club. The complete Jester [75]

dataset contains 6.5 million anonymous ratings of jokes that were collected from users

of the Jester joke recommender system. Consequently, the Jester (dataset 3) is used

in the experiments. This dataset is similar to the MovieLens datasets, containing a

subset of the complete dataset after some jokes were removed and only users who

rated 36 or more jokes were included. In the case of the Epinions and Book-crossing

datasets, a similar filtering was applied to retain only the data for users who rated at

least 20 items.

Next, the generation of the synthetic datasets is described in detail. To generate

data for the synthetic dataset, the following assumptions were considered:

• Users can be classified into types, where a type is a cluster of users who share

similar tastes and interests. CF operates under the same assumption, identifying

users in the same cluster, and calculating ratings based on the proximity of users

within the cluster.

• The probability of a user being included in a particular user type is the same for

all types. This assumption might not hold in real-world settings because some

types might be more popular than others. However, the probability was set to

be uniform to simplify the data generation process.
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• All elements of the full matrix have the same probability of being missing in

the sparse matrix. This assumption will not reproduce the known biases in the

rating data. For example, users may be more likely to rate items for which they

have strong opinions or some users may provide many more ratings than others

[2].

The ratings in the synthetic dataset are the output of a random process modeled by a

categorical distribution with probabilities for each possible score given for each pair of

user type (UT ) and item (i). These probabilities were decided from a separate random

process such that the histogram of the ratings for the (UT , i)-pair will approximate a

gaussian with a randomly selected mean. In addition, they are chosen to ensure that

the full dataset has a specified mean and standard deviation. The parameters used to

generate the synthetic data are listed in Table 4.3.

The advantages of having a synthetic dataset are that it allows us to freely evaluate

the proposed method under different conditions, such as different levels of sparsity or

types of users, while having complete knowledge regarding the underlying patterns in

the data as well as the ground truth for the full user-item matrix. In particular, this

dataset allowed us to study the performance of different RS as sparsity increases. The

same analysis using a subset of real-world datasets would have added the risk of bias

of the data by the subsampling scheme.

4.4.3 Results

The first analysis focuses on the proposed similarity metric of Eq. 4.5 and compares its

performance with that of other conventional similarity measures, along with the global
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Table 4.3: Parameters used to generate the synthetic data

Parameter Value
Number of users 500
Number of movies 10,000
Rating scale [1, 5]
Number of user types 5
Target mean for generated data 3.8
Target standard deviation for generated data 1.5
Sparsity 0.983

mean as a baseline. To focus exclusively on the impact of the choice of similarity, the

rating predictions using Eq. 2.1 were computed. Therefore, this first analysis does not

consider the proposed recommender SHB in its entirety but instead investigates the

effects of the proposed similarity (SIM) on its own. Figs. 4.2 and 4.3 shows different

plots of the RMSE and MAE for different values of k-NN. All similarities attained

their highest RMSE and MAE values when the number of neighbors was small; as the

number of neighbors increased, the performance improved asymptotically. Moreover,

excluding the Book-crossing dataset, the proposed similarity (referred to as SIM in

the figure) achieved the best performance, with the lowest RMSE and MAE values,

indicating that the semantic information exploited by the method can efficiently

discover rating patterns among like-minded users. Furthermore, the proposed method

exhibits a more consistent behavior across datasets than other similarity metrics.

The second part of the analysis considered the proposed recommender SHB based

on Eq. 4.10. Its performance is compared with those of other CF methods. In

addition, two widely used MF recommenders, FunkMF and SVD++, are included in

the comparison. Although these MF approaches are known to have better performance

than neighborhood-based methods, this is achieved at the cost of interpretability and a

higher maintenance cost. Note that the purpose of including this comparison is not to
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Figure 4.2: Recommendation performance of various neighborhood-based methods without
rating normalization and using different similarity measures. The global mean is also shown
as a baseline. RMSE values presented for different k-NN values. The proposed similarity
(SIM in the plots) displays better general performance than that of other methods.
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Figure 4.3: Recommendation performance of various neighborhood-based methods without
rating normalization and using different similarity measures. The global mean is also shown
as a baseline. MAE values are presented for different k-NN values. The proposed similarity
(SIM in the plots) displays better general performance than that of other methods.
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suggest that neighborhood-based models can outperform MF approaches. In many

cases, both approaches complement each other in large-scale systems. Rather, the

reason to examine these differences is that in some particular applications, a small

loss in performance can be outweighed by other practical benefits, such as better

interpretability or flexibility to add new users and items. Tables 4.4 and 4.5 summarize

the RMSE and MAE values for the different CF methods applied to all datasets.

The lowest values for each row are marked in bold. In addition, to emphasize the

distinction between neighborhood-based and MF methods, Tables 4.4 and 4.5 also

indicate in bold the best result among the neighborhood-based models even if they are

outperformed by the MF ones (in this case, the MF value, also in bold, is marked with

a star). The bottom rows of the tables show the average error across all datasets.

Table 4.6 presents the scores from statistical significance tests between the pro-

posed method and the other neighborhood-based approaches from Tables 4.4 and 4.5.

From Tables 4.4 and 4.5, it can confirmed that while the MF methods tend to have

the lowest error, the proposed recommender achieves comparable levels of perfor-

mance. Furthermore, it appears to generalize better to different datasets, achieving

the lowest total average error among all neighborhood-based approaches. It also

outperforms other neighborhood-based methods on datasets with the highest sparsity.

On datasets of relatively higher density, several CF methods, including the proposed

method, seem to reach a minimum error level. One interesting result that can be

observed is that FunkMF and SVD++ significantly outperformed the other techniques

when applied to the synthetic dataset. This is explained by noting that the synthetic

dataset does, in fact, consist of a few separately defined user types and therefore

naturally lends itself to the low-dimensional representation of the MF approaches.
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Table 4.4: Performance comparison in terms of RMSE for different CF methods, including
two MF approaches, and all datasets. The performance of the proposed method (SHB) is
comparable to that of SVD++ and FunkMF. The lowest errors among the neighborhood-based
methods for each row are marked in bold. If an MF method outperforms all neighborhood-
based ones, this is also marked in bold for reference and is differentiated by a star label.

Dataset SVD++ FunkMF SHB PCC COS JAC PCC+JAC COS+JAC
MovieLens 100k ⋆ 0.87132 0.88380 0.88499 0.90945 0.90969 0.90480 0.89881 0.90195
MovieLens 1M ⋆ 0.86610 0.87769 0.90870 0.93835 0.95754 0.91347 0.90779 0.90919

Epinions 1.05481 ⋆ 1.05153 1.06776 1.15395 1.11452 1.11403 1.12221 1.11236
Book-crossing 3.51305 ⋆ 3.34099 3.41898 3.66195 3.63262 3.41508 3.41508 3.41508

Jester 4.44688 4.38814 4.13157 4.10789 4.21123 4.23024 4.19367 4.23952
Synthetic ⋆ 0.87565 0.88042 1.07592 1.17417 1.13532 1.13384 1.13299 1.13321

Total average 1.93797 ⋆ 1.90376 1.91465 1.99096 1.99348 1.95191 1.94509 1.95188

Table 4.5: Performance comparison in terms of MAE for different CF methods, including
two MF approaches, and all datasets. The performance of the proposed method (SHB) is
comparable to that of SVD++ and FunkMF. The lowest errors among the neighborhood-based
methods for each row are marked in bold. If an MF method outperforms all neighborhood-
based ones, this is also marked in bold for reference and is differentiated by a star label.

Dataset SVD++ FunkMF SHB PCC COS JAC PCC+JAC COS+JAC
MovieLens 100k ⋆ 0.66764 0.67983 0.67609 0.69384 0.69761 0.69111 0.68607 0.68961
MovieLens 1M ⋆ 0.67555 0.68915 0.71463 0.74034 0.76169 0.71610 0.71282 0.71521

Epinions ⋆ 0.80733 0.81160 0.81814 0.87326 0.83742 0.85888 0.87149 0.85902
Book-crossing 2.61654 ⋆ 2.56925 2.74326 2.83552 2.82705 2.75208 2.75208 2.75208

Jester 3.27225 3.25326 3.10847 3.05888 3.15597 3.19095 3.16102 3.20591
Synthetic ⋆ 0.70849 0.71490 0.89065 0.89773 0.90589 0.95271 0.95313 0.95229

Total average 1.45796 ⋆ 1.45299 1.49187 1.51659 1.53093 1.52697 1.52276 1.52902

The third part of the analysis considers again the performance of the proposed

SHB recommender compared with that of other CF methods, focusing on the error

metrics when different numbers of nearest neighbors are considered. The results are

shown in Figs. 4.4 and 4.5. The proposed method achieves the lowest or close to the

lowest errors in all datasets. The RMSE and MAE values for SHB stabilized when
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Table 4.6: Significance tests for the proposed SHB recommender with respect to the
neighborhood-based approaches in Tables 4.4 and 4.5.

PCC COS JAC PCC+JAC COS+JAC
Dataset (RMSE) t-value p-value t-value p-value t-value p-value t-value p-value t-value p-value
MovieLens 100k -19.213 0.00270 -41.747 0.00057 -37.475 0.00071 -33.227 0.00090 -42.827 0.00054
MovieLens 1M -61.440 0.00026 -58.387 0.00029 -29.315 0.00116 11.656 0.00728 -10.320 0.00926

Epinions -107.867 0.00009 -79.119 0.00016 -335.519 0.00001 -357.852 0.00001 -465.074 0.00000
Book-crossing -274.130 0.00001 -253.404 0.00002 3.764 0.06389 3.764 0.06389 3.764 0.06389

Jester 25.086 0.00159 -97.378 0.00011 -200.655 0.00002 -100.403 0.00010 -216.848 0.00002
Synthetic -29.136 0.00118 -77.265 0.00017 -52.531 0.00036 -54.154 0.00034 -59.010 0.00029

Dataset (MAE) t-value p-value t-value p-value t-value p-value t-value p-value t-value p-value
MovieLens 100k -10.869 0.00836 -33.272 0.00090 -22.972 0.00189 -32.972 0.00092 -34.793 0.00083
MovieLens 1M -53.800 0.00035 -76.076 0.00017 -10.904 0.00831 155.968 0.00004 -12.037 0.00683

Epinions -102.336 0.00010 -21.923 0.00207 -146.196 0.00005 -154.499 0.00004 -124.185 0.00006
Book-crossing -84.434 0.00014 -390.777 0.00001 -14.747 0.00457 -14.747 0.00457 -14.747 0.00457

Jester 102.893 0.00009 -80.833 0.00015 -343.237 0.00001 -125.263 0.00006 -354.511 0.00001
Synthetic -2.492 0.13030 -18.985 0.00276 -72.604 0.00019 -68.250 0.00021 -80.041 0.00016

approximately 20 neighbors were considered, implying that the proposed method

is well suited to datasets that are highly sparse. As for other methods, PCC and

COS both benefit from being combined with JAC; this result is consistent with the

findings in [13]. When considering the MovieLens 1M and Jester (dataset 3) datasets,

these hybrid methods perform similarly to the proposal. This can be explained by

noting that both datasets have relatively low sparsity. Therefore, more high-quality

neighbors with more ratings can be found, and more reliable PCC and COS scores

can be obtained.

The results for the Book-crossing dataset exhibit the best performance for all

methods that include a JAC component. Furthermore, the performance appears to be

independent of the choice of k-NN for all of them except SHB. The proposal also

converges to this value, reaching it for a k-NN of approximately 20. This behavior may

be due to the high sparsity of the Book-crossing dataset (99.96%). The intersections

between user vectors are very limited, thus restricting the precision of all similarity

calculations. In this situation, the intersection of rated movies considered by JAC is

the most reliable measure of similarity. This demonstrates that in general terms, JAC
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focuses on unique aspects of the data and therefore tends to complement the other

similarity measures.

Although other similarities attempt to identify like-minded users from their ratings,

JAC only considers whether the users rated an item or not, irrespective of the score

given. Although JAC discards information exploited by other similarity measures,

it still retains a strong implicit signal of preference because users do not choose at

random the items to rate. It may be argued that the likelihood of a user rating an item

depends, in part, on their perceived investment and expected return when consuming

the item. For example, watching a movie requires investing a few hours; thus, users

may be more inclined to watch those movies that they believe they will like. The act

of rating a movie that the users must have watched is, therefore, not entirely random

because the movie had to be selected first, and this selection bears an implicit signal

of preference.

Another observation is that for some datasets, SHB reaches an optimal perfor-

mance and then slowly deteriorates as k-NN increases. This trend can be explained

by the effects of weakly correlated neighbors being added in the rating prediction. In

the extreme case where all other users are treated as neighbors, even as the closest

user has a large weight, a high number of low-similarity neighbors would introduce

an appreciable noise, which ultimately affects the recommender performance. This

phenomenon, along with the previously observed stabilization of the error from ap-

proximately 20 k-NNs, indicates that SHB only requires a small number of neighbors

to attain its best predictions.

Next, the effects of the proposed method shown in Subsection 4.3.2 are analyzed

by comparing the accuracy of two variations of SHB. The first variation uses the
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Figure 4.4: Recommendation performance of various CF approaches. RMSE values are listed
for different k-NNs. The error levels attained by SHB are among the lowest for all datasets.
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Figure 4.5: Recommendation performance of various CF approaches. MAE values are listed
for different k-NNs. The error levels attained by SHB are among the lowest for all datasets.
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Table 4.7: Performance of two variations of SHB. The first variation relies on the proposed
closed-form formula to compute the global statistics, and the second variation (SGD) solves the
optimization problem of Eq. 4.8 using SGD. Both approaches yield comparable performance.

RMSE MAE
Dataset Proposal SGD Proposal SGD

MovieLens 100k 0.884997 0.893841 0.676092 0.683599
MovieLens 1M 0.906104 0.906288 0.712491 0.712610

Epinions 1.066525 1.076724 0.817426 0.830775
Book-crossing 1.107421 1.120157 0.859504 0.870760

Jester 4.035909 3.038308 4.035909 3.038308
Synthetic 1.075514 1.090935 0.890268 0.912781

simplified predictions of Eq. 4.6 when the switching criterion is met. For the second

variation, an alternative implementation replaces these predictions with those from the

method proposed by [9], as shown in Eq. 4.8. The results, summarized in Table 4.7,

indicate that both approaches yield comparable performance when used in conjunction

with the proposed SHB recommender.

The performance of SHB is now considered with the contribution of JAC being

set to zero (α = 1) and compare it with the other CF methods when they are applied

to the synthetic dataset generated using different levels of sparsity. The results are

shown in Fig. 4.6. The first observation is that the RMSE for PCC and COS exhibits

an approximately concave behavior with a pronounced decrease in performance as

sparsity increases up to a specific value. Counterintuitively, the performance appears

to improve for higher sparsities. The reason for this is that if the dataset becomes too

sparse, there will be several cases where no neighbors are found. In this situation, the

second term of Eq. 2.2 is taken to be zero, and thus, the predicted rating becomes the

user mean. This is also the reason for the convergence of all methods to the same

value as sparsity approaches 1. Although the performance of SHB also decreases

as the dataset becomes more sparse, it retains some degree of accuracy even at very
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Figure 4.6: Performance of different CF methods at different sparsity levels, where SHB’s
hyperparameter α was set to zero (no JAC contribution). The accuracy of SHB remains low
even at high sparsity levels.

high sparsity levels until it reaches the user mean when there are no neighboring

users in the dataset. Other methods that include a JAC contribution also exhibit this

trend; however, the proposed method outperforms them at lower sparsities. A possible

interpretation is that the information being exploited by SHB is more meaningful than

that used by the other CF methods.

Finally, the influence of JAC on the performance of the different CF approaches

was considered. Figs. 4.7 and 4.8 shows the RMSE and MAE for different values of

the hyperparameter α . The results show that including JAC leads to better predictions

for all methods and datasets with the exception of COS+JAC applied to the Epinions

dataset, in which case the MAE is the smallest without the contribution of JAC. It can

be observed that the proposed SHB method exhibits convex behavior, implying the

existence of an optimal value of α . This indicates that while one term in Eq. 4.10

overestimates the rating, the other must be underestimating it and, therefore, provides

further evidence that each term focuses on different aspects of the data.
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Figure 4.7: Recommendation performance of different CF approaches. RMSE are reported
over different values for the hyperparameter α . The combination with JAC consistently leads
to an improvement in performance.
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Figure 4.8: Recommendation performance of different CF approaches. MAE are reported
over different values for the hyperparameter α . The combination with JAC consistently leads
to an improvement in performance.
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4.5 Conclusions

A new similarity measure designed to overcome the drawbacks of conventional

similarities was proposed. The proposed method considers the semantic nuances of

ratings, which quantify the degree of resemblance between user tastes as represented

on an ordinal scale. This makes it suitable for applications in which measuring a

user’s degree of indifference toward an item is important. In addition, an RS based

on an ensemble of a switching hybrid and a CF method with JAC was introduced.

The switching hybrid relies on the predictions made either using a CF technique

that uses the proposed similarity measure or from the global statistics of the dataset.

The approach is designed to retain the simplicity and explainability aspects which

make neighborhood-based approaches a mainstream technique used in real-world

applications.

The predictive accuracy of SHB was evaluated using the RMSE and MAE, and

its performance was compared with that of other CF approaches. Experiments were

conducted using five real-world datasets and a synthetic dataset. The results indicate

that the error when using the proposed method is either lower or matches that of

the best predictions obtained from conventional similarity measures. In particular,

SHB consistently outperformed the other methods when applied to datasets with

high sparsity. It achieved its best performance using only a few neighbors, making

it more scalable. However, a small amount of overfitting was observed if k-NN was

set excessively high, thus negatively affecting the quality of the predictions. The

analysis also confirms that combining individual similarity measures with JAC can

consistently improve their performance. It was observed that JAC encodes a strong

signal of implicit preferences that complements the aspects found by other similarities.
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Chapter 5

Conclusions

This dissertation introduced two general practical matrix completion problems and

presented two methods that estimate unobserved values in data matrices based on

CF assumptions. The first method, discussed in Chapter 3, estimates a complete

row vector that represents a product described in terms of its main attributes. The

estimation is computed as the weighted average by similarity of known products based

on previously collected survey data and user online behavior. The second method,

discussed in Chapter 4, predicts the elements of a matrix that correspond to the ratings

that a user might give to each of the movies that the user has not rated. The predictions

are calculated with an ensemble of a switching hybrid and a CF method with JAC,

and are based on the user’s closeness to other users with similar viewing and rating

patterns.

Furthermore we proposed two custom similarity measures that were designed

based on each domain’s specific assumptions, and compared their performance against

standard similarity measures. The first similarity measure relies on the total number of

items bought as an implicit measure of preference. The proposed similarity measure

assigns a larger similarity score to products that were bought in equal amounts as they
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are assumed to be consistent with the user tastes, and a smaller one as the difference in

purchase amounts increases. The second proposed similarity measure also considers

the semantic meaning of the matrix elements, in this case, the ratings. Ratings in this

context, are meant to reflect the degree of indifference towards an item on an ordinal

scale. Thus the proposed similarity is a measure that considers the difference between

ratings and how extreme these differences are.

The results obtained indicate that both proposed similarity measures outperform

standard metrics in terms of MAE and RSME. It was also possible to observe the

benefit from defining custom similarity measures by considering the semantic meaning

of the concept being compared, on the specific domain that they are applied.

The method discussed in Chapter 3, was limited in terms of the kind of target

products used, which consisted mainly of daily use products, such as food and bev-

erages. For this reason, it is unknown whether the proposal can remain effective for

product catalogues of a different kind, such as cars or electronic equipment which

are not purchased frequently and in high numbers. Further, the dataset does not fully

sample all types of customers. It is limited to Japan, and biased towards the age and

social groups that tend to make online purchases. Nevertheless, the results show the

practical applicability of the proposal in the case study. Moreover, both proposals

have the disadvantage of requiring high time and computational complexity to cal-

culate their respective similarity matrices. This poor scalability problem however,

is a known challenge that affects not only our proposed methods, but is inherent to

neighborhood-based methods in general. A common approach to this problem is to

pre-compute the similarity matrices once, and to store only the tuples of the matrices

with a similarity larger than a predetermined threshold.
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Some potential areas for future research include the extension to account for

products with unique features in the proposal described in Chapter 3, or improvements

to the switching criteria in the method described in Chapter 4, for example, by

considering the confidence intervals. Moreover, the proposal in Chapter 4 may be

applied and evaluated from an item-based perspective. Item-based approaches are built

comparing the similarities of items instead of users. These methods recommend items

based on other items previously rated by a user, as opposed to recommending items

that other similar users rated. This approach is popular because items characteristics

tend to be more constant than human preferences that change over time, so item-based

approaches tend to be more stable.

Furthermore, because of the importance of designing effective similarity measures,

another promising line of research is similarity learning. Where the objective is to

learn a similarity function based on domain data. A model trained with domain data

might be able to characterize the complex relationships that describe more accurately

human behaviors such as purchasing or rating items.
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