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Resumo 

Com a popularização da Internet e o amadurecimento das tecnologias associadas, o ambiente 

digital tornou-se um mercado global que facilita a troca de bens e serviços, conhecido como e-

commerce. Este mercado cresceu substancialmente com a expansão dos catálogos de produtos, 

assim como a necessidade de sistemas de recomendação eficazes de forma a melhorar a 

experiência do utilizador e aumentar a competitividade das empresas. 

Esta dissertação investiga o estado atual dos sistemas de recomendação de comércio eletrónico, 

analisando as técnicas utilizadas atualmente, as suas limitações e métodos de avaliação.  

Propõe ainda uma abordagem híbrida que combina técnicas de recomendação com regras de 

associação derivadas de dados históricos de compras, com a atribuição de pesos para controlar 

a influência de cada técnica. O objetivo é oferecer aos utilizadores recomendações 

personalizadas e eficazes, tirando partido da combinação técnicas de recomendação 

estabelecidas com regras de associação, de forma a procurar mitigar limitações existentes. 

A eficácia dos componentes desta abordagem híbrida é avaliada com métricas padrão e 

complementada pelo feedback de utilizadores de teste, contribuindo para o ajuste dos pesos e 

na análise da relevância das recomendações. Os resultados desta abordagem contribuem para 

o aumento da satisfação dos utilizadores de plataformas de comércio eletrónico, embora exista 

a necessidade de uma grande quantidade de dados para a criação de regras de associação. 

Palavras-chave: Inteligência Artificial, E-commerce, sistemas de recomendação, regras de 

associação, filtragem colaborativa, filtragem baseada em conteúdo 
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Abstract 

With the popularization of the Internet and the maturation of associated technologies, the 

digital environment has evolved into a global marketplace facilitating the exchange of goods 

and services, commonly referred to as e-commerce. This market has experienced substantial 

growth due to the expansion of product catalogues and the rising demand for effective 

recommender systems that enhance user experience and boost the competitiveness of 

companies. 

This dissertation examines the current landscape of e-commerce recommender systems, 

analysing the techniques currently in use, their limitations, and evaluation methods. It also 

proposes a hybrid approach that integrates recommendation techniques with association rules 

derived from historical purchase data, assigning weights to balance the influence of each 

technique. The primary goal is to provide users with personalised and effective 

recommendations, leveraging the combination of established recommendation methods with 

association rules, to mitigate existing limitations. 

The effectiveness of the components in this hybrid approach is evaluated using standard 

metrics, supplemented by feedback from test users, which aids in adjusting the weights and 

analysing the relevance of the recommendations. The findings of this approach contribute to 

increased user satisfaction on e-commerce platforms, although the creation of meaningful 

association rules requires substantial amounts of data. 

 

Keywords: Artificial Intelligence, E-commerce, recommender systems, association rules, 

collaborative filtering, content-based filtering.  
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1 Introduction 

This chapter introduces the dissertation, beginning with the context, problem definition, and 

primary objectives. It also outlines the key contributions of the work and presents the research 

methodology employed. Finally, the structure of the document is described. 

1.1 Context 

As the Internet became available to the average user and its associated technologies became 

sufficiently mature, this medium became a digital space where it is possible to carry out 

transactions of goods or services between various types of users including sellers, buyers, and 

others, and types of commerce such as Business-to-Business, Business-to-Consumer, and so on 

(Ferrera & Kessedjian, 2019). Several companies, such as Amazon and eBay, have been pioneers 

and contributed to scaling these transactions to a global level. A global market has thus 

emerged via the Internet, with various designations such as e-commerce or electronic 

commerce (Ferrera & Kessedjian, 2019). 

To illustrate the evolutionary trajectory of e-commerce, Figure 1 depicts the notable milestones 

between 1994 and 2012. 
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Figure 1 - E-commerce evolution (1994 – 2012) (Ferrera & Kessedjian, 2019) 

As companies have embraced e-commerce, the catalogue of products available for sale has 

grown and recommender systems applied to e-commerce have become popular and equally 

important (Sharma & Singh, 2016). 

In 1998, Amazon.com implemented a Recommender system which made recommendations on 

the website available, reaching millions of their users, using a catalogue featuring millions of 

items that vary from time to time. Since then, the original algorithm has been refined and 

improved and remains one of the most popular today, it was also used by YouTube for video 

recommendations (Smith & Linden, 2017). 

As in physical spaces, such as electronic or retail stores, sales techniques such as cross-selling 

have been incorporated into online shops to make sales more profitable. Recommender 

systems are adaptable to user attributes and preferences, such as search history and 

visualizations, so that recommendations are accepted by the user (Ghoshal et al., 2021). 

1.2 Problem definition 

The requirements of the evolution of e-commerce have allowed recommender systems to be 

exposed to various scenarios and some weaknesses of the pioneer models have been identified. 

One identified scenario happens when a new item is added to the catalogue, it doesn’t have 

any ratings and was never bought before, so it’s hard for the recommender system to 

recommend it without any information. This also may affect a new user without purchase 

history or preferences, this limitation is called cold start (Bobadilla et al., 2013). 



 

3 
 

 

Hybrid recommender systems have been designed that combine models such as Content-Based 

Filtering or Collaborative Filtering, to take advantage of the advantages of some and cancel out 

the weaknesses of others (Aggarwal, 2016). 

Association Rules, including popular algorithms such as Apriori, Eclat and FP-growth, make it 

possible to uncover patterns between items given their frequency in sets of items. If a pattern 

exhibits enough confidence, it could potentially serve as a basis for making recommendations. 

(Shao, 2022) Figure 2 provides an example of the multiple steps of the FP-growth algorithm. 

 

Figure 2 - Example flowchart of the FP-growth algorithm (Shao, 2022) 

This dissertation aims to explore the current state of hybrid recommender systems, their 

application to e-commerce and the incorporation of Association Rules into a system of this type, 

to adjust or refine suggestions according to the user profile and item characteristics. 

1.3 Objectives 

Presents the dissertation’s main research question and objectives: 

This dissertation’s main research question explores the intersection of e-commerce and 

recommender systems: How can association rules be effectively integrated into an e-

commerce hybrid recommender system to improve known limitations? This question leads to 

the main tasks definition to accomplish this main research question: 

Analyse the current landscape of e-commerce hybrid recommender systems: Conduct a 

systematic review of existing literature to gain insights into the challenges faced by e-commerce 

hybrid recommender systems and identify key trends in their application. 

Examine evaluation strategies for recommender systems: Investigate the current landscape of 

evaluation metrics used for recommender systems through an extensive literature review, 

focusing on understanding the criteria commonly employed in assessing the effectiveness of 

hybrid recommender systems. 
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Study the impact of integrating Association Rules in e-commerce hybrid recommender systems: 

Evaluate and compare the effectiveness of integrating association rules with other techniques 

within the context of hybrid recommender systems in e-commerce. Analyse the outcomes to 

understand the potential enhancements in recommender accuracy and user satisfaction. 

The primary goal of this dissertation is to explore the use of association rules within a hybrid 

recommender system for e-commerce. To achieve this, a prototype recommender system will 

be developed, which aims to provide product recommendations and address the user cold-start 

problem. 

1.4 Contributions 

This dissertation makes significant contributions to the field of recommender systems by 

addressing both theoretical gaps and practical challenges, particularly in the e-commerce 

context. 

A key contribution is the comprehensive survey of the current state of recommender systems, 

conducted through a systematic review using the PRISMA methodology. This review critically 

examines the limitations of classical techniques, explores various evaluation methods, and 

explores the role of association rules in enhancing recommendation systems, with a particular 

focus on e-commerce. 

In addition to the systematic review, this work presents the design and development of a hybrid 

recommender system prototype. The system integrates item-based collaborative filtering, 

content-based filtering, and association rule mining, creating a cooperative framework that 

leverages the strengths of each approach. The development of this prototype involved building 

each component from scratch, followed by their integration into a unified system. 

A major practical contribution is the evaluation of this hybrid system’s ability to mitigate the 

new user cold start problem. By applying a weighted combination of collaborative filtering, 

content-based methods, and association rules, the system improves the quality of 

recommendations for new users with no interaction history. The system’s weights were 

adjusted to the feedback provided by test users. 

1.5 Research Methodology 

One possible research methodology for this dissertation would be one adaptation of Design 

Search Research (DSR). DSR aims to improve human knowledge with the creation of innovative 

artefacts and the generation of design knowledge via innovative solutions to real-world 

problems. (vom Brocke et al., 2020) 



 

5 
 

 

Hevner et al., (2004) proposed seven guidelines: 1) Design as an artefact; 2) Problem relevance; 

3) Design evaluation; 4) Research contributions; 5) Research rigour; 6) Design as a search 

process and 7) Communication of research. 

Building upon the foundation laid by Hevner et al. (2004), (Peffers et al., 2007) updated the DSR 

framework by incorporating a structured six-step process and four possible entry points: (vom 

Brocke et al., 2020) 

1. Problem Identification and Motivation: The initial phase involves identifying and 

articulating the problem, emphasizing its significance and motivation for investigation. 

2. Definition of Objectives for a Solution: Clearly define the objectives that the designed 

solution aims to achieve, setting a focused direction for the research. 

3. Design and Development: Executing the design and development of the solution, 

leveraging innovative and effective methods to address the identified problem. 

4. Demonstration: Provide a tangible demonstration of the developed solution to 

showcase its functionality and practicality. 

5. Evaluation: Rigorous evaluation of the designed artefact to assess its performance, 

usability, and overall effectiveness in solving the identified problem. 

6. Communication: Effectively communicating the research outcomes, ensuring that the 

insights gained are disseminated to relevant audiences, contributing to the broader 

academic discourse. 

And four possible entry points: (vom Brocke et al., 2020) 

1. Problem-Centered Initiation: Beginning the research process by identifying and 

exploring a specific problem that warrants investigation. 

2. Objective-Centered Solution: Initiating the research based on clearly defined 

objectives and crafting a solution to address the identified problem. 

3. Design and Development-Centered Initiation: Starting the research with a focus on the 

design and development aspects, aiming to create a tangible solution. 

4. Client/Context Initiation: Commencing the research by considering the client or 

contextual requirements, ensuring the designed solution aligns with the practical needs 

of stakeholders. 

 

Figure 3 represents the DSRM process proposed by (Peffers et al., 2007). 
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Figure 3 - DSR Methodology Process Model (vom Brocke et al., 2020) 

This dissertation is designed to follow the DSRM process through the following steps:  

1. Problem Identification and Motivation: Investigate the possibility of using Association 

Rules to improve e-commerce recommender systems. 

2. Definition of Objectives for a Solution: Definition of clear goals for improving the 

recommender system, providing a focused direction for the research. 

3. Design and Development: Design and development of an hybrid recommender system 

improved with association rules. 

4. Demonstration: Demonstration of the developed prototype to the dissertation 

supervisors, showcasing its functionalities. 

5. Evaluation: Using standard recommender systems evaluation methods to evaluate the 

prototype components. 

6. Communication: Concluding the research process with a dissertation presentation to 

the academic audience (Juris).  

1.6 Document structure 

This subsection outlines the structure of the dissertation. 

The first chapter, Introduction, not only includes this subsection but also provides essential 

elements for understanding the dissertation. It includes the context, problem definition, 

objectives, and expected contributions to the fields of Recommender Systems and Artificial 

Intelligence and details the research methodology employed in creating this document. 

The second chapter is the State of the Art of Recommender Systems. It begins with an 

introduction to Recommender Systems concepts, covering definitions, techniques, known 

limitations, and evaluation methods. Following this, the chapter includes a comprehensive 

description of the search methodology, detailing the data extraction process, the results and 

their contribution for practical approach. 
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The third chapter, Experimentation, includes a detailed description of the technologies 

employed to implement the prototype of a hybrid recommender system. It follows with an 

overview of the Amazon Review Dataset, including its description, evolution over time, and the 

steps taken for exploratory data analysis and pre-processing. Additionally, the chapter presents 

the evaluation methods for the approach and concludes with a discussion on data protection, 

security analysis, and the ethical considerations involved. 

Chapter four, Implementation, describes a proposed implementation for a weighted hybrid 

recommender system prototype, using content-based filtering and item-based collaborative 

filtering that considers association rules when recommending items. This implementation was 

presented to test users to study the relevance of the recommendations and perform some 

weight adjustments. 

Finally, chapter five, Conclusions, reviews the objectives achieved, discusses the limitations of 

the research as well as potential directions for future work and concludes with final notes. 
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2 State of the Art 

This chapter is divided into four main sections. It begins by introducing key concepts related to 

recommender systems, including their definition, various techniques, common limitations, and 

methods of evaluation. The second section provides a brief overview of Association Rules and 

the Apriori algorithm. Next, a PRISMA systematic review is presented to synthesize the existing 

knowledge and advancements in the field of recommender systems. 

2.1 Recommender systems 

Recommender systems allow users to navigate through the immensity of information available 

on the most diverse platforms. Their primary objective is to provide personalised 

recommendations that are useful to the user. 

These systems employ sophisticated algorithms, mainly categorized between content-based 

recommendation, knowledge-based, and collaborative filtering-based recommendation, but 

they can also be used together, creating a hybrid recommender system. 

2.1.1 Recommender system techniques 

This section explores the recommender system techniques: content-based filtering (CBF), 

collaborative filtering (CF), knowledge-based recommenders (KBF), and hybrid filtering (HF), 

each contributing to a comprehensive understanding of how recommendation systems work. 

2.1.1.1 Content-based filtering (CBF) 

The Content-based filtering approach was designed to offer users personalized suggestions by 

examining intrinsic attributes considered similar to those that the user had interacted with. 

CBF primarily involves performing a comprehensive analysis of the content related to each item. 

This content includes keywords, metadata, item genre and description. In e-commerce, 

examples of attributes may include the item category, price, size, and weight. (Ko et al., 2022) 
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In this process, a similarity function is employed to define the likeness between items. This 

function considers the previously mentioned characteristics and the user’s known preferences. 

(Murty et al., 2022) It’s important to note that, while relying on item feature similarity is 

essential, it may lead to novelty problems. This arises because the system might not explore 

new items that could interest the user but lack similar features. (Salter & Antonopoulos, 2006) 

Figure 4 provides a visual summary of the content-based filtering flow, where the users are 

recommended items similar to the user preferences.  

 

Figure 4 - Content-based filtering flow (Ko et al., 2022) 

Nearest Neighbour classification 

The nearest neighbour classifier is one of the most intuitive and straightforward methods used 

in content-based recommender systems. This method relies on the principle of similarity, where 

the class label of a new instance is determined based on the labels of the closest instances in 

the training data. The effectiveness of this approach relies on the choice of a similarity or 

distance function, as it determines how “near” data points are to each other (Aggarwal, 2016). 

 

Figure 5 – 2-dimension distance measures representation adapted from (Maarten Grootendorst, 2021) 
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In the text domain, cosine similarity ( 1 ) is frequently employed due to its ability to account for 

varying document lengths. This makes it particularly well-suited for comparing text-based data, 

where the magnitude of the vectors can differ significantly. For other types of structured and 

multidimensional data, alternative similarity or distance measures, such as Euclidean distance 

( 2 ) or Manhattan distance ( 3 ), are often used to capture the most relevant aspects of similarity 

between instances (Aggarwal, 2016).  

 
𝐶𝑜𝑠𝑖𝑛𝑒(𝑋, 𝑌) =

𝑋 ⋅ 𝑌

|𝑋||𝑌|
 

( 1 ) 

Where: 

• 𝑋 and 𝑌 are vectors.  

 

𝑑Euclidean(𝑋, 𝑌) = √∑(𝑥𝑖 − 𝑦𝑖)2

𝑑

𝑖=1

 

( 2 ) 

 
𝑑Manhattan(𝑋, 𝑌) = ∑|𝑥𝑖 − 𝑦𝑖|

𝑑

𝑖=1

 
( 3 ) 

Where for both equations ( 2 ) and ( 3 ): 

• 𝑋 and 𝑌 are vectors  

• 𝑑  is the number of dimensions in the data. 

• 𝑥𝑖 is the 𝑖-th coordinate of vector 𝑋. 

• 𝑦𝑖  is the 𝑖-th coordinate of vector 𝑌. 

 

2.1.1.2 Collaborative filtering (CF) 

The Collaborative Filtering recommender system technique stands out as a widely adopted and 

popular approach. This technique relies on the opinions and preferences of other users to 

provide recommendations to the current user, irrespective of the specific attributes of the 

items in question. Its flexibility lies in the ability to focus either on users like the current user or 

on products akin to those the current user has expressed interest in. The determination of 

similarity is accomplished by a function tailored for this purpose (Ni et al., 2021;Alam et al., 

2021). 

When the system prioritizes users with similar preferences, it falls under the subtype known as 

User-based Collaborative Filtering. In this case, the similarity function can consider various user 

attributes such as age, gender, profession, hobbies, and more. This approach aims to identify 

users with comparable profiles and preferences, enhancing the relevance of recommendations 

(Bobadilla et al., 2012). 

Alternatively, if the system directs its focus toward products, it aligns with the subtype called 

Item-based Collaborative Filtering. Here, the similarity function considers products that are 
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likely to be deemed similar if other users who have common purchases have bought them 

together. This strategy relies on the idea that items frequently bought together are likely to 

share similarities (Pirasteh et al., 2014). 

The graphical representation in Figure 6 serves as a visual guide to understanding the different 

types of Collaborative Filtering. It illustrates how user-based and item-based collaborative 

filtering operates, showcasing the interconnected relationships between users and items within 

the recommender system. 

 

Figure 6 - User-based (a) and Item-based (b) collaborative filtering (Ni et al., 2021) 

Both subtypes of Collaborative Filtering require the existence of a historical record, both for the 

user and the items. This historical data includes the user’s interests in products, such as previous 

purchases, as well as evaluations and reviews provided for items. Therefore, whether it’s the 

user’s history of product interests or the items’ history of purchases and reviews, both are 

critical for the effective functioning of Collaborative Filtering.  

It’s worth noting that both users and items can face challenges related to the cold-start problem 

when they are newly introduced to the system (Kalidindi et al., 2019). If the users have a history 

but don’t review the items, they may also run into Sparsity problems (Alhijawi & Kilani, 2020). 

Matrix dimensionality reduction methods 

Dimensionality reduction is a technique used to create more manageable and interpretable 

data representations, especially when dealing with incomplete or high-dimensional datasets. 

Methods such as Singular Value Decomposition and Non-Negative Matrix Factorization, are 

advanced methods that not only reduce dimensionality but also directly estimate the 

underlying data matrix (Aggarwal, 2016). 

Singular value decomposition (SVD) is a form of matrix factorization in which the columns of U 

and V are constrained to be mutually orthogonal. The SVD theorem (Golub & Kahan, 1965), 

states that any given matrix M can be decomposed into a product of three matrices ( 4 ) as 

represented in Figure 7 (Jannach et al., 2010).  
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 M = U Σ 𝑉⊤ ( 4 ) 

Where: 

• 𝑈 represents the left singular vectors of 𝑀. 

• 𝛴 represents the singular values of 𝑀. 

• 𝑉⊤represents the right singular vectors of 𝑀. 

 

 

Figure 7 - Matrix decomposition using SVD (Widiyaningtyas et al., 2022) 

Non-Negative Matrix Factorization (NMF) is another dimensionality reduction technique, but it 

imposes the constraint that all elements in the factorized matrices must be non-negative 

(Jannach et al., 2010). 

2.1.1.3 Knowledge-based Recommenders (KBF) 

Knowledge-based recommenders recommend items by leveraging domain-specific knowledge, 

aligning certain item features with user needs and preferences, and gauging the overall 

usefulness of items (Katarya & Verma, 2017). 

According to Ricci et al., (2011), two notable types of knowledge-based systems are identified: 

Case-based recommender systems: these systems employ a similarity function to assess the 

match between user needs (problem descriptions) and recommended solutions. The resulting 

similarity score directly signifies the utility of the recommendation for the user. 

Constraint-based recommenders: primarily relying on predefined knowledge bases, these 

systems incorporate explicit rules on how to correlate customer requirements with item 

features. 

Ricci also suggests that while knowledge-based systems tend to exhibit strong performance 

initially, particularly in the early stages of deployment, their effectiveness may diminish without 

the integration of learning components. 
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2.1.1.4 Hybrid filtering (HF) 

Hybrid filtering represents a combination of diverse features from different recommender 

systems. By combining various recommender systems, the goal is to cancel out the weaknesses 

of one system while capitalizing on the strengths of another, ultimately creating a more resilient 

and versatile recommender system. 

According to Burke (2002), hybrid recommender models can be categorized into seven distinct 

types, each employing a unique method for combining filtering techniques: 

Cascade Hybridization: In this model, the output of one recommender is refined in the next 

one, creating a layered or hierarchical recommendation process. 

Feature augmentation: This involves enhancing the feature set of one recommender system 

with information from another. This approach aims to supplement and enrich the existing 

feature space to improve recommendation accuracy. 

Feature combination: Feature combination focuses on merging the features or characteristics 

extracted from various recommender systems aiming to create a unified feature set that 

captures the strengths of each system.  

Meta-level: The full output model from one recommender is fed to the next one. 

Mixed Hybridization: In the mixed hybridization model, recommendations from different 

systems are combined without assigning explicit weights. 

Switching Hybridization: This approach involves selecting one recommender system over 

another based on specific conditions or contexts. The system adapts between different 

recommendation methods depending on the current scenario. 

Weighted Hybridization: In this model, different recommendation systems contribute to the 

final suggestion with varying weights. 

Figure 8 represents a Hybrid recommender model, merging the recommendations from 

content-based filtering and collaborative filtering algorithms. The figure illustrates the 

integration of these approaches to provide a more comprehensive and personalized 

recommender system. 
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Figure 8 - Hybrid recommendation model (Ko et al., 2022) 

2.1.2 Known Recommender systems challenges 

Recommender systems face several key challenges that impact their accuracy and performance. 

Among the most significant are the grey-sheep problem, the cold start issue, and data sparsity, 

all of which limit the effectiveness of recommendations. Below is a concise overview of these 

challenges. 

Grey-sheep 

The grey sheep problem represents a unique challenge within collaborative filtering methods. 

It revolves around users whose opinions exhibit a certain level of neutrality or inconsistency, 

making it difficult to categorize them into a specific group with shared preferences. Unlike users 

who consistently agree or disagree with a particular group, these “grey sheep” users fall into a 

middle ground where their preferences do not align strongly with any established pattern 

(Lucas et al., 2013). 

Cold start 

In the domain of recommender systems, cold-start problems pose a significant challenge, 

affecting the generation of reliable recommendations due to a lack of initial ratings. According 

to Bobadilla (Bobadilla et al., 2012) three distinct types of cold-start problems emerge: new 

community, new item, and new user.  

The new community problem refers to the challenge of acquiring enough data (ratings) to make 

reliable recommendations when starting a recommender system. Insufficient users and ratings 

make it difficult to retain new users who encounter a system with content but no precise 

recommendations. 
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The new item problem arises because newly added items in the recommender system often 

lack initial ratings, making them unlikely to be recommended. This sets off a potentially vicious 

cycle where unnoticed items receive fewer ratings and recommendations (Taneja & Arora, 

2018). 

The new user stands out as a major challenge in operational recommender systems. When users 

join a platform, they lack information usually as they haven’t cast any votes, preventing 

personalized Collaborative Filtering recommendations. As users enter their first ratings, the 

number may not be sufficient for reliable recommendations, potentially causing users to feel 

dissatisfied with the system (Taneja & Arora, 2018). 

Sparsity  

This challenge is primarily experienced due to sparse information, where the available ratings 

set by users are limited, impacting the system’s ability to provide accurate recommendations 

(Koohi & Kiani, 2021). 

This issue arises from the non-availability of a comprehensive set of ratings, leading to a sparse 

rating matrix with many missing values. Specifically, this challenge is observed when a user has 

provided ratings for only a few items (Rahim et al., 2022). 

Because of sparsity, the task of defining similarity between users becomes highly challenging. 

This difficulty, impacts the identification of suitable neighbours, leading to inaccurate 

recommendations (Shambour et al., 2021). 

2.1.3 Recommender systems results evaluation 

Evaluating recommender systems is used to ensure their effectiveness in delivering accurate 

and relevant suggestions to users. Aggarwal (2016), in Recommender systems: The textbook, 

and Henriques & Pinto (2023) outline two primary evaluation methods: online and offline, 

defining three main types of evaluation: user studies, online evaluations and offline evaluations 

with historical data sets. The first two methods use user feedback. 

User studies involve recruiting participants to interact with a recommender system and 

perform specific tasks. Feedback is gathered before and after the interaction, while the system 

collects data on user behaviour. This data is then used to evaluate the system’s effectiveness. 

A key advantage of user studies is the ability to test different scenarios, such as changing 

algorithms or interfaces. However, these studies are costly, often involve biased user samples, 

and the participants’ awareness of being tested can skew their responses. As a result, the 

findings may not always be fully reliable or representative of the general population (Aggarwal, 

2016). 

Online evaluations, involve real users in a live system, reducing recruitment bias. These 

evaluations test algorithm performance in a more natural setting, often through randomized 

sampling of users (Aggarwal, 2016). 
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Offline evaluation, uses historical data, is the most common used approach since it doesn’t 

require real-time user feedback, and some frameworks and evaluation measures have been 

developed for this purpose, already exploring the domain of Machine Learning. 

Within the offline method, accuracy metrics can be considered important, but some secondary 

objectives such as Novelty, Trust, Coverage and Serendipity also play significant roles in 

enhancing the user experience (Aggarwal, 2016; Jannach & Jugovac, 2019).  

Accuracy and accuracy metrics for offline evaluations 

Accuracy is a critical metric for evaluating how well a recommender system predicts user 

preferences. It is assessed in two ways: prediction accuracy (estimating ratings) and 

classification accuracy (ranking recommendations). 

Rating prediction typically employs regression-based metrics such as Mean Squared Error (MSE) 

( 5 ), Root Mean Squared Error (RMSE) ( 6 ) and Mean Absolute Error (MAE) ( 7 ).  

MAE, for example, measures the average difference between predicted and actual values. 

Lower MAE values indicate better accuracy, making it a preferred metric due to its simplicity 

(Aggarwal, 2016). 

 
MSE =

1

𝑛
∑(𝑥𝑖 − 𝑦𝑖)2

𝑛

𝑖=1

 
 

( 5 ) 

 
 

RMSE = √𝑀𝑆𝐸 = √
1

𝑛
∑(𝑥𝑖 − 𝑦𝑖)2

𝑛

𝑖=1

 

 
( 6 ) 

 

 
MAE =

1

𝑛
∑|𝑥𝑖 − 𝑦𝑖|

𝑛

𝑖=1

 ( 7 ) 

Where for all equations: 

• n is the number of data points. 

• 𝑦𝑖  is the predicted value for each sample. 

• 𝑥𝑖 is the observed value for each sample. 
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For top-k ranking accuracy, Precision and Recall are key metrics (Schröder et al., 2011; Gupta et 

al., 2018). Precision ( 8 ) measures the accuracy of positive classifications within the 

recommended items, while Recall ( 9 ) assesses how many relevant items the system identified 

from all possible relevant items. 

 
Precision =

Number of True Positives

Number of True Positives + Number of False Positives
 ( 8 ) 

 

 
Recall =

Number of True Positives

Number of True Positives + Number of False Negatives
 ( 9 ) 

 

Where for both equations: 

• True Positives are the count of items that are both relevant and retrieved. 

• False Negatives are the count of items that are relevant but not retrieved. 

 

Novelty measures the system’s ability to suggest new, less familiar items to users. In e-

commerce, novelty might involve recommending innovative products like virtual reality gadgets 

to users typically purchasing smartphones or headphones, enhancing the user experience by 

offering less popular options (Aggarwal, 2016) (Karthik & Ganapathy, 2021). 

Coverage refers to the system’s ability to provide recommendations to a wide range of users 

and items, despite limitations like sparse data. A higher coverage indicates the system can 

recommend items across a broader user base. (Aggarwal, 2016) 

Trust evaluates user confidence in the recommendations, with explainability being a key factor. 

Systems that explain their suggestions effectively can increase user trust (Jha et al., 2023), 

Aggarwal (2016). 

Serendipity measures the element of surprise in recommendations, offering unexpected but 

relevant items. For instance, suggesting a portable solar-powered charger to a customer who 

frequently buys camping gear introduces a new product that aligns with their interests, 

enhancing their experience (Aggarwal, 2016), (Wang et al., 2019). 
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2.2 Association Rules 

Association rules or Association rule mining (ARM) is considered a common technique used to 

identify patterns in large-scale sales transactions, such as pairs or groups of products often 

purchased together. This knowledge can be used for promotional and cross-selling purposes or 

for designing store layouts (Jannach et al., 2010). 

Association rule mining involves discovering relationships of the type X implies Y, where X is the 

antecedent and Y is the consequent. It is a powerful method for market basket analysis, helping 

companies increase sales by identifying buying patterns and recommending complementary 

products (Shao, 2022). 

Agrawal’s (Agrawal & Srikant, 1994) the example illustrates that, for instance, 98% of customers 

buying tyres and auto accessories also opt for automotive services. 

The Apriori algorithm, represented in Figure 9, a commonly used rule-mining algorithm, focuses 

on discovering frequent item sets, regardless of the purchase order, by iteratively scanning the 

database. This algorithm is employed, with three key aspects, Confidence ( 10 ), Support ( 11 ) 

and Lift ( 12 ) (Lourenco & Varde, 2020). 

Confidence: the probability that Y occurs given X occurs.  

 
Confidence({𝑋} → {𝑌}) =

T𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑖𝑛𝑔 𝑏𝑜𝑡ℎ 𝑋 𝑎𝑛𝑑 𝑌

𝑇𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑖𝑛𝑔 𝑋
 ( 10 ) 

 

Support: the probability of both X and Y occurring together. 

 
Support({𝑋} → {𝑌}) =

T𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑖𝑛𝑔 𝑏𝑜𝑡ℎ 𝑋 𝑎𝑛𝑑 𝑌

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠
 ( 11 ) 

 

Lift the probability of X and Y occurring together divided by the multiplication of their 

probabilities. 

                 Lift({𝑋} → {𝑌}) =

(𝑇𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠 𝑜𝑓 𝑏𝑜𝑡ℎ 𝑋 𝑎𝑛𝑑 𝑌)
(𝑇𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑖𝑛𝑔 𝑋)⁄

𝑇𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑖𝑛𝑔 𝑌
 

( 12 ) 

Where for all equations ( 10 ), ( 11 ) and ( 12 ): 

• X is the antecedent item. 

• Y is the consequent item. 
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However, Apriori algorithm efficiency is challenged with massive data due to the need for 

multiple scans, resulting in low performance (Shao, 2022). 

 

Figure 9 - Apriori algorithm (Agrawal & Srikant, 1994) 

Another commonly used algorithm is the FP-Growth (Frequent Pattern Growth) algorithm, 

which is an efficient alternative to the Apriori algorithm for mining association rules. Unlike 

Apriori, FP-Growth reduces the number of database scans to just two, improving execution 

efficiency. The algorithm operates by first scanning the transaction database to identify 

frequent items and constructing a header table. In the second scan, it builds an FP tree by 

organizing transactions based on these frequent items. Association rules are then mined by 

recursively extracting conditional pattern bases from the FP tree. The key advantage of FP-

Growth is that it avoids generating candidate sets, instead using a divide-and-conquer strategy, 

which significantly enhances performance compared to Apriori (Shao, 2022).  

2.3 Search methodology  

PRISMA stands for “Preferred Reporting Items for Systematic Reviews and Meta-Analyses” 

which was initially published in 2009 (Page et al., 2021), it was developed to assist systematic 

reviewers in transparently documenting the rationale behind their reviews, the methodologies 

employed, and their findings.  

As systematic review methodology and terminology have evolved in the past decade, an update 

to the guidelines became necessary, the PRISMA 2020 replaced the original version (Page et al., 

2021).  

This search follows an adapted version of the PRISMA guidelines, required by time constraints. 

The approach involves considering the top results provided by the data sources’ search engines. 

All the data was extracted from the data sources that will be presented next in this section and 

the search process was started in November 2023. 
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2.3.1 Data sources 

In this subsection, it’s presented the data sources explored to construct a comprehensive 

foundation for this search, outlined in Table 1. The selection comprises four distinct and 

reputable data sources: B-ON (Biblioteca do Conhecimento Online, 2024), IEEE Xplore (Institute 

of Electrical and Electronics Engineers, 2024), ACM Digital Library (Association for Computing 

Machinery, 2024) and Google Scholar(Google, 2024). 

These data source platforms enable the user to perform advanced Boolean searches and filter 

which document metadata is relevant for the search. 

Table 1 - Data sources used in the search. 

Identification Description 

DS1 B-ON  

DS2 IEEE Xplore 

DS3 ACM Digital Library 

DS4 Google Scholar 

 

2.3.2 Search questions 

The investigation presented in this dissertation is driven by three critical search questions, 

outlined in Table 2, each aimed at finding distinct aspects of e-commerce recommender 

systems. These questions lay the base for a comprehensive exploration of the challenges, 

evaluation metrics, and association rules integration strategies pertinent to the current 

landscape of intelligent recommender systems in the e-commerce domain. 

 

Table 2 - Search questions 

Identification Description 

SQ1 What are the key challenges and limitations of existing e-commerce 
recommender systems? 

SQ2 Which evaluation metrics are suitable for assessing the performance of an 
e-commerce hybrid recommender system? 

SQ3  How can association rules be effectively integrated into an e-commerce 
hybrid recommender system? 

 

The initial search question, SQ1, aims to identify and understand the primary challenges and 

limitations associated with current e-commerce recommender systems. The focus of the 

second search question, SQ2, is on the identification of appropriate evaluation metrics to 
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measure the effectiveness and performance of intelligent e-commerce hybrid recommender 

systems.  The third and final search question, SQ3, addresses the integration of association rules 

into e-commerce hybrid recommender systems exploring strategies and approaches for 

effectively incorporating association rules to enhance the recommendation capabilities of the 

system. 

2.3.3 Search terms 

Search terms play a crucial role in the systematic identification of relevant studies. This 

subsection delineates the specific terminology employed and the respective domain to navigate 

the data sources systematically, ensuring that the search is comprehensive and reflective of the 

study’s objectives. Five domains were identified, and the research terms and their associated 

domains are detailed in Table 3. 

Table 3 - Search terms and domains 

Domain Term 

Recommender systems “hybrid recommendation systems” OR “recommendation 
system” OR “recommender system” 

General Challenges or 
Limitations 

“limitations” OR “problems” OR “challenges” 

E-commerce “e-commerce” OR “electronic commerce” OR “online 
shopping” 

Evaluation Metrics or 
Performance Metrics 

“evaluation” OR “performance” OR “metrics” 

Data Mining “Association rules mining” OR “association rules” 

 

2.3.4 Inclusion and exclusion criteria 

The inclusion criteria define the characteristics that studies must possess to be considered for 

analysis and are outlined in Table 4. 

Table 4 - Inclusion criteria 

Inclusion 
criteria 

Description 

IC1 Publications in English language. 

IC2 The data source provides access to the integral publication. 

IC3 Published since 2017. 
IC4 Focus on e-commerce recommender systems 

IC5 Journal articles or conference papers are peer-reviewed. 



 

22 
 

The initial search was confined to scholarly publications written in English over the last seven 

years, with a specific focus on e-commerce recommender systems. Only peer-reviewed journal 

articles or conference papers were considered, and preference was given to data sources 

providing access to the integral publication. 

The exclusion criteria outline the parameters that render studies ineligible, represented in Table 

5. The exclusion criteria were applied during the initial screening process to refine the search. 

Duplicated publications found in multiple databases were excluded to avoid redundancy. 

Publications categorized as surveys or systematic reviews were omitted to prioritize original 

research contributions and innovative approaches. Additionally, publications not introducing or 

applying an approach for recommender systems were excluded, ensuring relevance to the 

search focus. 

Table 5 - Exclusion criteria 

Exclusion criteria Description 

EC1 Duplicated publications 

EC2 Not relevant to the search question and outcomes 

EC3 Published before 2017 

2.3.5 Data extraction 

For the defined 3 search questions, 3 initial potential query strings were created and for 

readability are shown in Table 6. However, the final query string represents the combination of 

all 3 using adequate operators represented in Table 7. 

Table 6  - Initial Query strings 

Identification Query string 

QS1 (hybrid recommendation systems OR recommendation system OR 
recommender system) 
AND (e-commerce or electronic commerce or online shopping) 
AND (limitations OR problems OR challenges) 

QS2 (hybrid recommendation systems OR recommendation system OR 
recommender system) 
AND (e-commerce OR electronic commerce OR online shopping) 
AND (evaluation OR performance OR metrics) 

QS3 (hybrid recommendation systems OR recommendation system OR 
recommender system) 
AND (e-commerce OR electronic commerce OR online shopping) 
AND (association rules mining OR association rules) 
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Table 7 - Final query string 

 Query string 

Final  

Query String 

(hybrid recommendation systems OR recommendation system OR 
recommender system)  
AND (e-commerce OR electronic commerce OR online shopping)  
AND ((limitations OR problems OR challenges) 
      OR (evaluation OR performance OR metrics)  
      OR (association rules mining OR association rules)) 

 

The first step of this process was executing the final query string in all specified data sources. 

The B-ON library search yielded 108 publications, IEEE Xplore returned 57 publications, the ACM 

Digital Library provided 98 results, and Google Scholar retrieved 1210 entries, resulting in a total 

of 1473 publications. 

Given the large number of total results from all the sources, the review focused primarily on 

the B-ON search results. From the initial pool of 1473 publications, 7 duplicates were removed, 

leaving 101 records from the B-ON dataset for title and abstract screening. During this phase, 4 

entries were excluded, 2 for being published before 2017 and 2 due to unavailability of the full 

documents. 

The remaining 97 documents underwent a thorough eligibility review, resulting in the removal 

of 25 off-topic articles. This careful selection process yielded a final set of 72 relevant 

documents. These publications formed the foundation of the State-of-the-Art subsection, 

contributing to answering the search questions and the explanation of fundamental 

recommender system concepts discussed earlier in this chapter.  

In the following subsections, a comprehensive analysis of the findings for each search question 

will be conducted, examining their impact on the dissertation’s objectives. Figure 11 details this 

process and Figure 10 presents the distribution of the results per category. 

  

Figure 10 - Articles distribution per category 
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Figure 11 - PRISMA flow diagram 

2.3.6 Search questions results 

The findings are presented for each search question defined previously followed by an overall 

summary. 

SQ1 - What are the key challenges and limitations of existing e-commerce recommender 

systems? 

The results for the search question highlights key challenges in e-commerce recommender 

systems, specifically the cold-start problem, long-tail item recommendation, and data sparsity, 

as well as the proposals to solve this kind of problems. These issues stem from the difficulty of 

recommending new or niche items, particularly in systems that rely on collaborative filtering.  

Several studies returned in the query results, propose enhancements to CF-based approaches. 

For instance, the use of side-information such as user attributes, social data, or item content 

has been suggested to address cold-start issues, as described in “On Both Cold-Start and Long-

Tail Recommendation with Social Data” (Li et al., 2021). This document emphasizes that simply 

recommending popular items to new users does not offer much benefit, and side-information 

can enable more personalized recommendations. 
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Similarly, “An Effective E-Commerce Recommender System Based on Trust and Semantic 

Information” (Shambour et al., 2021) discusses how sparsity in user-item interactions can affect 

the similarity measurements necessary for CF, leading to less accurate recommendations. 

To combat long-tail issues, “Serendipitous Recommendation in E-Commerce Using Innovator-

Based Collaborative Filtering” (Wang et al., 2019) introduces algorithms aimed at overcoming 

the Matthew Effect, which biases recommendations towards popular items, thus limiting the 

discovery of new or niche products. This paper underscores the importance of recommending 

such items to enhance user experience and product visibility. 

Moreover, “Discrete Deep Learning Based Collaborative Filtering Approach for Cold Start 

Problem” (Kalidindi et al., 2019) explores model-based collaborative filtering as an alternative 

to traditional methods, addressing the cold-start issue by leveraging statistical models for rating 

predictions. Trust-based CF methods are also discussed in “An Efficient Recommender System 

Algorithm Using Trust Data” (Rahim et al., 2022), which highlights improvements in 

recommendation accuracy for users with sparse data. 

However, while these solutions focus on specific components of CF-based systems, such as trust 

or deep learning, many fall short of implementing a full hybrid approach, which could combine 

other recommendation techniques to address these challenges.  

SQ2 - Which evaluation metrics are suitable for assessing the performance of an e-commerce 

hybrid recommender system? 

The findings for this question identified several key evaluation metrics used to assess the 

performance of hybrid recommender systems in e-commerce, including RMSE (Root Mean 

Square Error), MAE (Mean Absolute Error), Precision, and Recall. 

RMSE is commonly used to evaluate the accuracy of rating predictions by calculating the 

difference between the predicted and actual ratings, as demonstrated in “Enhance Rating 

Prediction for E-commerce Recommender System Using Hybridization of SDAE, Attention 

Mechanism and Probabilistic Matrix Factorization” (Hanafi, 2022).  

MAE, which measures the average absolute difference between predicted and actual ratings, is 

another widely used metric in hybrid recommender systems. It provides effective measure of 

error, as shown in “Effectual Recommendations Using Artificial Algae Algorithm and Fuzzy C-

Mean” (Katarya & Verma, 2017). 

Precision is used to measure the proportion of recommended items that are relevant, while 

recall measures the proportion of relevant items that were successfully recommended. Both 

metrics were used to assess the quality of recommendations in “Hybrid Collaborative Movie 

Recommender System Using Clustering and Bat Optimization” (Vellaichamy & Kalimuthu, 2017) 

and “Effectual Recommendations Using Artificial Algae Algorithm and Fuzzy C-Mean”. 

In summary, the combination of RMSE, MAE, Precision, and Recall provides a robust framework 

for evaluating the performance of e-commerce hybrid recommender systems. 
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SQ3 - How can association rules be effectively integrated into an e-commerce hybrid 
recommender system? 
 
Recent literature highlights various methods for integrating association rules into hybrid 

recommender systems to enhance their performance. Association rules are leveraged to 

uncover patterns of item co-occurrence, enabling systems to recommend products based on 

previous customer behaviour. Several approaches combine association rules with other 

recommendation techniques, such as collaborative filtering, content-based filtering, and even 

advanced machine learning models, to create more robust hybrid systems or improve baseline 

recommenders. 

An approach is illustrated in “Item-Based Collaborative Filtering and Association Rules for a 

Baseline Recommender in E-Commerce” (Lourenco & Varde, 2020), where association rules 

were integrated with item-based collaborative filtering. 

This baseline system uses association rule mining (ARM) to detect patterns in purchase history 

and applies the Apriori algorithm to generate frequent item sets. The identified patterns are 

then used to recommend items that users might buy next or as complementary products. The 

system also employs item-based collaborative filtering using Singular Value Decomposition 

(SVD) to reduce matrix dimensionality and calculate similarity between products.  

This hybrid system effectively combines two perspectives, association rules for product co-

occurrence and collaborative filtering for user-product relationships, to enhance 

recommendation quality in online shopping environments. The proposed approach uses two 

modules that are presented Figure 12 as a visual explanation of the architecture for this 

approach. 

 

 

Figure 12 - Recommender system architecture and outputs(Lourenco & Varde, 2020) 

Another approach integration of association rules is seen in ”Collaborative Recommendation 

System Using Dynamic Content-based Filtering, Association Rule Mining and Opinion Mining” 

(Tewari & Barman, 2017), who proposed a dynamic hybrid system that combines association 

rules with content-based filtering and opinion mining. 
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In this system, the Association Rule Generator module analyses user purchasing histories to 

create association rules from items in the top rating quartile. These rules are then applied to 

recommend products based on similar users’ purchasing patterns. This approach integrates 

association rules within a broader system that includes collaborative filtering and sentiment 

analysis (opinion mining) to provide more personalized and precise recommendations. By using 

association rules to identify frequently bought items and content-based profiling to understand 

user preferences, the system achieves a balance between personalization and pattern-based 

recommendations. Figure 13 exemplifies the communication between the modules. 

 

Figure 13 - Recommender system architecture (Tewari & Barman, 2017) 

2.3.7 Search conclusion 

In this section, the PRISMA methodology was applied to systematically identify and analyse the 

key challenges and limitations in existing e-commerce recommender systems. The findings 

provide valuable insights that contribute to the overall objective of this dissertation: 

SQ1: What are the key challenges and limitations of existing e-commerce recommender 

systems? 

This search question results revealed several common challenges in existing e-commerce 

recommender systems, including the cold-start problem for new users and items, data sparsity, 

and the tendency to recommend only popular items (long-tail issue). These challenges limit the 

accuracy and diversity of recommendations. These limitations restrict the performance of CF-

based models, implying the need for hybrid methods that combine multiple techniques to 

mitigate these challenges such as content-based filtering or external user data. 

For this dissertation intended objective it is important to replicate the user cold-start problem 

to be able to mitigate it, according to the findings it can be replicated using a Collaborative 

filtering component. Its implementation in this dissertation is discussed in “Item-based 

collaborative filtering ”. 
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SQ2 - Which evaluation metrics are suitable for assessing the performance of an e-commerce 

hybrid recommender system? 

The review identified several key evaluation metrics commonly used to assess the performance 

of hybrid recommender systems. Root Mean Square Error (RMSE), Accuracy, Precision, Recall, 

and Mean Absolute Error (MAE) are frequently employed to measure the quality and 

effectiveness of these systems. RMSE is often used to evaluate prediction error, while Precision 

and Recall assess the relevance and accuracy of recommendations. 

For this dissertation, these metrics will be used to evaluate the performance of a hybrid 

recommender system components, providing insights into both prediction accuracy and 

recommendation quality. The mentioned metrics can be found the item-based collaborative 

filtering “Trained models analysis” and Content-based recommender “Recommender 

evaluation with mocked user interactions” subsections. 

SQ3 - How can association rules be effectively integrated into an e-commerce hybrid 

recommender system? 

The integration of association rules into hybrid recommender systems has been shown to 

enhance recommendation quality. Association rule mining uncovers patterns in user purchasing 

behaviour, which can be combined with collaborative filtering or content-based approaches to 

offer more personalized and relevant recommendations. 

These findings are useful in shaping the hybrid recommender approach, offering an alternative 

method to mitigate the user cold-start problem by leveraging purchasing patterns for more 

effective recommendations. The association rules implementation is discussed in “Association 

Rule recommender component”. 

2.4 Chapter remarks 

This chapter provides key definitions related to recommender systems, including techniques, 

challenges, and evaluation methods, as well as an introduction to association rules. 

Additionally, the results of a systematic review conducted using the PRISMA methodology were 

presented. The review highlighted the cold-start problem’s impact on collaborative filtering and 

creating the possibility for this issue to be replicated in the proposed approach in 

Implementation. Notably, the results of search question 3 confirmed the feasibility of 

integrating association rules with recommendation techniques. 
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3 Experimentation 

This chapter is organized into four sections. It begins by describing the technologies used in the 

exploration of the datasets and the development of the hybrid recommender system prototype. 

The second section provides an overview of the Amazon Review Dataset, including its 

description and evolution, as well as exploratory data analysis and pre-processing steps. The 

third section focuses on the evaluation of the approach. Finally, the chapter concludes with an 

analysis of data protection, security considerations, and the ethical aspects considered. 

3.1 Technologies 

When considering technologies for implementing the recommender system prototype, the 

open-source programming language Python emerges as a suitable choice owing to its versatility 

in all implementation stages and the author’s familiarity and eagerness to expand the skills with 

it. To integrate code and documentation. Jupyter Notebook (jupyter.org, 2024) will be used.  

The following subsections will present Python libraries used for the data set exploratory analysis 

and the development of each hybrid recommender component, starting with the common 

libraries used between the stages. 

3.1.1 Common libraries for multiple steps 

Some of the common steps, such as manipulating datasets, creating graphs, or connecting to 

databases, are performed using the same libraries: 

Pandas: Dataset manipulation is accomplished using Pandas (McKinney, 2010). Pandas provides 

data structures like Data Frames, which are essential for handling and processing datasets. 
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Matplotlib and Seaborn: For visualizing the results, Matplotlib (Hunter, 2007) and Seaborn 

(Waskom et al., 2017) are used. These libraries offer tools for creating a wide range of static, 

animated, and interactive visualizations. Seaborn can be used together with Matplotlib and 

provide an interface to draw graphics. 

MongoDB and Pymongo: As a NoSQL database, MongoDB is used for storing and retrieving 

large volumes of unstructured data. The Pymongo library is employed to facilitate interactions 

between Python and MongoDB, allowing for efficient data management and querying within 

the research framework (mongodb.com, 2024). 

NumPy: Provides support for large, multi-dimensional arrays and matrices, along with a 

collection of mathematical functions to operate on these arrays (Harris et al., 2020). 

3.1.2 Exploratory Data Analysis (EDA) and Data pre-processing: 

Using public-use datasets as a base implies exploring them to understand the characteristics 

besides what’s available online and based on that improve them by handling missing values, 

duplicates, or outliers. Besides the standard Python package, other libraries can be used for 

these types of tasks which were already mentioned in the common libraries. 

3.1.3 Association rules component 

In addition to the already mentioned common tools and libraries, it was also used for the 

creation and analysis of Association Rules in this project are as follows: 

MLxtend: For creating and experimenting with association rules (Raschka, 2018). This tool 

offers dedicated packages for implementing the Apriori and FP-Growth algorithms, as well as 

functions for generating association rules from the frequent itemsets produced by these 

algorithms. Additionally, the library includes a “TransactionEncoder”, which facilitates the 

encoding of transactions into a format suitable for applying these algorithms. 

3.1.4 Content-based recommender component 

The content-based recommender component leverages several common libraries for tasks such 

as text processing, dataset manipulation, feature extraction, similarity computation, 

visualisation, and database interaction. Adding to the already mentioned common libraries the 

following libraries are utilised to facilitate these tasks: 

Natural Language Toolkit (NLTK): used for various text-processing tasks (Bird et al., 2009). 

Scikit-learn: this tool helps to convert text data into a numerical format and measure the 

similarity between text documents. Additionally, it is used for splitting the dataset into training 

and testing sets (Pedregosa et al., 2011). 
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3.1.5 Item-based collaborative-filtering recommender component 

The item-based collaborative filtering recommender component also uses several libraries for 

tasks such as dataset manipulation and database interaction. However, it also needs tools for 

model training and its evaluation. The following imports are utilized to facilitate these tasks: 

Surprise: used for building and evaluating collaborative filtering models (Hug, 2020). 

Joblib: used for storing and loading machine learning models (Joblib: Running Python Functions 

as Pipeline Jobs, 2024). 

3.2 Dataset 

Training and evaluating a hybrid recommender system model requires access to substantial 

datasets comprising item catalogues, user-item ratings, and relevant properties defining 

relationships between items. However, in domains like e-commerce, the scarcity of publicly 

available data, due to the sensitive nature of content and user privacy concerns, as well as loss 

of business intelligence poses a significant challenge. Despite this, the existence of annual 

competitions like the ACM RecSys Challenge (RecSys Community, 2024) and Kaggle 

Competitions (Kaggle Inc, 2024)  encourages the evolution of recommender systems, leading to 

the availability of suitable datasets for research and development purposes. The dataset used 

in this dissertation was the 2018 version of Amazon Review Data (Julian McAuley, 2018).  

3.2.1 Amazon Review Data  

The “Amazon Review Data” dataset is a comprehensive collection of data from the Amazon e-

commerce platform, released for participation in RecSys’13 competition in 2013 (McAuley & 

Leskovec, 2013), and later improved versions were released in 2014 (He & McAuley, 2016), 2018 

(Ni et al., 2019), and 2023 (Hou et al., 2024). Table 8 represents the dataset evolution. 

This dataset is organized into product metadata and user-item reviews and can be accessed 

either as a complete set or by specific categories such as Automotive, Electronics, or Books. 

Both the 2018 and 2023 editions were analysed for this study. However, the 2023 edition lacks 

data on the “also_buy” property, which is crucial for creating Association Rules as discussed in 

the Implementation chapter. This issue has been reported, by other users, on the dataset’s 

GitHub repository but has not been resolved at the time of writing (McAuley-Lab, 2024). 

Consequently, the 2018 edition was used in this dissertation due to its completeness and 

reliability. 
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The full product metadata of the 2018 edition is available in a JSON format file, requiring 12GB 

of memory. The complete set of reviews is also available in a JSON file, which uses 34GB of 

memory and contains 233.1 million reviews. Relevant extracted properties regarding product 

reviews are represented in Table 9 

Table 8 - Amazon Review dataset evolution 

Version Data span Raw review data 
(size) 

Raw review data 
(quantity) 

Products metadata 

2013 05/1996 - 03/2013 Not available 34.6 million 2.44 million 

2014 05/1996 - 07/2014 20Gb 142.8 million 9.86 million 

2018 05/1996 - 10/2018 34Gb 233.10 million 15.17 million 

2023 05/1996 - 09/2023 Not available 571.54 million 48.19 million 

 

Table 9 - Relevant properties from user-item reviews 

Property Description 

reviewerID Identification of the reviewer 

asin Identification of the reviewed product 

vote Defines how helpful the review was for other reviewers 

reviewText Comment provided by the reviewer 

overall Rating provided by the reviewer 

summary Summary of the review 

reviewTime Timestamp of when the review was created 

 

Relevant properties of each product representation are available in Table 10 and a sample is 

available in Figure 14. 

Table 10 - Relevant properties from products metadata 

Property Description 

asin Identification of the product 

title Name of the product 

feature Features from the product 

description Product description 

price Price in US dollars 

also_buy List of Ids of products usually bought together 

salesRank Position on the rank of sales 

brand Brand name 

categories Associated categories list 
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Due to the huge amount of data when using the full version, a specific category subset will be 

used, Cell Phones and Accessories. This category metadata contains 590071 product entries and 

10063255 reviews. The dataset authors also made available smaller user-item ratings subsets 

for experimentation, only including “asin”, “reviewerID”, “rating” and “timestamp” properties, 

which were used in this dissertation. 

 

Figure 14 – Product metadata entry sample 

3.2.2 Amazon Review Data EDA 

Analysing the available input data helps to understand its structure and patterns, as well as 

identify possible noise that could affect the training and evaluation of systems using this data. 

As mentioned, the dataset was made available in 2 files, one with product metadata and the 

other with user-item reviews. 

Product metadata analysis 

The first step involved importing the file in JSON format and analysing the product metadata. 

This analysis confirmed the structure and the number of items available, totalling 590071, as 

provided in Code snippet 1. 
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Code snippet 1 - Product metadata dataset structure 

By examining the unique values of the ‘main_cat’ property, which represents the main category 

of each item, it was identified items from other categories, such as books and computers, 

represented in Code snippet 2. Although these items are not numerous, as shown in Figure 15, 

they can be removed during the pre-processing phase. 

 

Code snippet 2 - List of unique product categories 
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Figure 15 - Distribution of product categories on the metadata file 

Another noteworthy analysis was the distribution of product brands. As depicted in Figure 16, 

the brand with the highest item count is “Generic.” 

 

Figure 16 - Top 50 brand distribution 
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User-item reviews analysis 

The first step involved importing the respective file in JSON format and analysing the user 

reviews. Like the previous dataset file, it was confirmed the structure, however, the properties 

didn’t have attributed names, so it was done manually. It was also possible to confirm the 

number of items available, 10063253, as illustrated in Code snippet 3. 

 

Code snippet 3 - User-item reviews dataset structure 

Since the less frequently reviewed items will be removed during the pre-processing phase, the 

products that had the highest number of reviews were identified in Code snippet 4. 

 

Code snippet 4 – Ordered products based on reviews count 

A significant imbalance was observed between the items with the most and least reviews as it’s 

visible in Figure 17. Through trial and error, a minimum threshold of 500 reviews was 

established to define frequent items. This threshold will be crucial for creating association rules 

later. 
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Figure 17 – Product reviews count over and under a defined threshold 

Additionally, the distribution of ratings for each review was analysed, Figure 18, revealing that 

20.2% of the ratings were negative, with the remainder being positive. This finding raises an 

important consideration for the recommendation system: whether it is appropriate to 

recommend products that a significant portion of users have rated poorly. 

 

Figure 18 – User rating distribution 
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3.2.3 Amazon Review Data pre-processing 

Using the findings during the EDA phase, some pre-processing actions were taken on both files, 

to keep the essential information only. 

Product metadata pre-processing 

After completing the EDA phase and continuing to work with the loaded JSON file, it was 

identified that several categories other than ‘Cell Phones & Accessories’ were present. These 

categories were filtered out to focus exclusively on the relevant data. 

The property identifying each entry, ‘asin’, was renamed to ‘id’, and all entries considered 

duplicates based on this identifier were removed. 

To optimize memory usage for subsequent processes, unused properties were filtered out, 

retaining only ‘title’, ‘brand’, ‘asin’, and ‘also_buy’. This reduction decreased the file size from 

85.5 MB to 16.1 MB. Finally, the processed file was exported to CSV format and stored for future 

use. 

User-item reviews pre-processing 

It was identified that many products had few reviews, introducing noise into subsequent 

processes. Through trial and error, a minimum threshold of 500 reviews was established to 

define frequent items, and entries considered infrequent were removed.  

Using a composite key with “user_id” and “id” properties, it was possible to identify almost 30 

thousand duplicated ratings. 

To optimize memory usage for subsequent processes, unused properties were filtered out, 

retaining only ‘id’, ‘user_id’, and ‘rating’. This reduction decreased the file size from 313.8 MB 

to 84.1 MB. Finally, the processed file was exported to CSV format and stored for future use. 

3.3 Evaluation methods 

Recommender system evaluation methods were part of the State of the Art chapter, since their 

definitions to the metrics used in recent literature.  

The proposed approach described in Implementation contains different recommender 

components that can be measured using offline testing methods such as Accuracy and Recall 

for the Content-based filtering component and RMSE and MAE for the item-based Collaborative 

filtering component. The association rules created and used by the respective component used 

Confidence and Support as quality metrics. 

It was also possible to perform two sets of interviews with 10 test users to study the relevance 

of the weights attributed to each recommender system component and obtain the opinion of 

the recommendation’s relevance.  
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3.4 Data protection, security analysis and ethical aspects 

In the development of recommender systems, it is essential to address key aspects related to 

data protection, system security, and ethical considerations. This section explores the necessary 

adherence to data privacy regulations, analyses potential security vulnerabilities in 

recommender systems, and highlights the moral challenges, including user privacy, 

transparency, fairness, and the societal impacts of recommendation algorithms. 

3.4.1 Data protection 

This dissertation approach uses public datasets and it adheres to the General Data Protection 

Regulation (GDPR) of the European Union (European Union, 2016) by using the collected data 

only necessary for research purposes.  

3.4.2 Recommender systems security analysis 

E-commerce platforms heavily rely on recommender systems to provide users with 

personalized recommendations and enhance their overall experience. However, the increasing 

exposure of these systems to the public domain makes them susceptible to malicious attacks, 

particularly those leveraging user feedback mechanisms like Collaborative Filtering 

recommendations.  

Recent studies (Balasubramaniam & Chidambaram, 2018;Du et al., 2019;Mingxun et al., 2023), 

and (Yang, 2019) mention the vulnerability of recommender systems to manipulation by 

malicious users, who craft deceptive data intending to degrade performance while remaining 

undetected. These attacks pose a threat to the integrity of the recommendation process and 

erode user trust in these platforms. 

3.4.3 Recommender systems ethical aspects 

While addressing these security concerns is crucial, ethical challenges in recommender systems 

go beyond protecting against malicious intent. Karakolis et al. (2022), in the paper “Identifying 

and Addressing Ethical Challenges in Recommender Systems” explores the ethical dimensions 

of overall recommender systems. The authors delve into universally accepted ethical 

implications by focusing on Recommender systems behaviour and its outcomes, particularly 

those that harm stakeholders’ utility or potentially violate rights. The following ethical 

challenges are identified: 

Privacy: The lack of consent by the user for the collection of their information endangers the 

user’s privacy. Recommender systems can collect user information through third-party tracking 

cookies, often accepted through vague “terms and conditions.” Additionally, these systems 

possess the capability to deduct data based on the information they already have. This raises 
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concerns about users being unaware of the data being collected and the potential use of their 

information without explicit consent. 

Inappropriate Content: Recommender systems need to be prepared to filter out content that 

might be hurtful to the user, such as avoiding recommending content to underage users or 

hateful material. 

Personal Identity: Recommender systems create dynamic user profiles by combining user 

information with existing data. However, this approach introduces a risk where the user profile 

might differ significantly from the user’s reality and preferences, leading to potentially incorrect 

recommendations and violating user autonomy in the platform. 

Transparency: The collection, processing, and use of user data by the recommender system are 

kept secret to maintain competitive advantages, making it unclear for the user what is 

happening behind the scenes. This lack of transparency makes it impossible for users to give 

informed consent. 

Fairness: When the system collects data or training data, reflects existing social patterns, or has 

population imbalances, it can also reflect the existing society bias when providing 

recommendations targeting a specific group of users. (Liu et al., 2022) 

Social Implications: The social implications of recommender systems become evident when 

users are confined to a limited set of opinions that align with their existing preferences. This 

confinement may result in the creation of “filter bubbles” or “echo chambers,” isolating users 

from diverse perspectives. The malicious exploitation of such isolation can significantly impact 

users, influencing their viewpoints and potentially reinforcing pre-existing beliefs, thereby 

adversely affecting their overall experience on the platform. 

3.5 Chapter remarks 

This chapter outlines the technologies used in the experimental phase of this dissertation, 

focusing on both exploratory data analysis and the development of the recommender system. 

The Amazon Reviews dataset was introduced, along with the EDA and pre-processing 

performed on the 2018 version. Although a 2023 version of the dataset exists, it was not 

employed due to its lack of the necessary properties for generating association rules.



 

41 
 

4 Implementation 

This chapter presents a comprehensive overview of the weighted hybrid recommender system 

architecture, followed by a detailed description of the implementation of each module.  

It begins by explaining the creation of association rules and then introduces the collaborative 

filtering and content-based filtering modules.  

Additionally, the integration of these modules into the overall system is discussed. The chapter 

concludes with an analysis of the relevance and effectiveness of the system’s recommendations 

by test users.  

4.1 Weighted hybrid recommender system overview 

The proposed approach combines content-based filtering, item-based collaborative filtering, 

and association rule-based recommenders. Each component using the same user profile, 

generates recommendations, which are then combined using defined weights and integrated 

into a final set of personalized recommendations, the architecture is represented in Figure 19. 

 

Figure 19 - Weighted Hybrid recommender basic architecture 
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This weighted approach offers several advantages. It simplifies integration by allowing different 

recommendation methods to contribute proportionally, ensuring a balanced influence based 

on their strengths. Additionally, adjusting the weights is straightforward, enabling fine-tuning 

to match specific application needs or user feedback. This flexibility, combined with the ease of 

integrating diverse recommendation techniques, makes the weighted approach both powerful 

and adaptable for delivering personalized recommendations. 

4.2 Association Rule recommender component 

This section outlines the development of an Association Rule recommender component, which 

is also represented in Figure 20. The process starts with data preprocessing, followed by 

parameter selection for the FP-Growth and Apriori algorithms. After creating and storing the 

created association rules in MongoDB, the results are interpreted to build the final 

recommender system. 

 

Figure 20 - Association Rule recommender creation steps 

4.2.1 Preparation for Association Rules creation 

This process began with importing the pre-processed datasets. Due to hardware constraints, a 

sample of 100,000 review entries was selected. 

Next, this sample was merged with the product metadata dataset using the “asin” property as 

the primary key, ensuring a relationship between the reviews and their corresponding 

metadata. 

Following the approach described by Lourenco & Varde (2020) in the paper “Item-Based 

Collaborative Filtering and Association Rules for a Baseline Recommender in E-Commerce”, the 

“also_buy” property was employed to generate association rules.  This property indicates items 

frequently bought together, which helps discover consumer purchasing patterns. 

The initial step involved filtering out entries lacking elements in the “also_buy” list, ensuring 

that only relevant transactions were kept. A new property, “bought_items”, was then created. 

This property concatenated the ID of each record with the IDs of the items listed in the 

“also_buy” property, compiling all associated purchases into a single field. Code snippet 5 

contains an example of this property from the top 5 elements of the Data Frame. 
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Code snippet 5 - “Bought_items” property sample 

To facilitate the next stages, a new Pandas Data Frame was constructed from these 

concatenated transactions. This Data Frame was then used to apply the TransactionEncoder 

from the mlxtend library, performing one-hot encoding on the transactions. One-hot encoding 

transforms the transaction data into a binary matrix format, which is required for the 

application of Apriori and FP-Growth mining algorithms, detailed in the subsequent sections. 

With the data encoded, the Apriori and FP-Growth algorithms were applied to identify frequent 

item sets and generate association rules. Code snippet 6 shows the result of this encoding 

operation, providing a visual representation of the transformed dataset. 

 

Code snippet 6 - One-hot encoded transactions data frame 

4.2.2 Parameter selection tests for FP-Growth algorithm 

The “fpgrowth” package from the mlxtend library requires several parameters to generate 

frequent itemsets. These parameters include the input data frame, the support parameter, and 

the maximum length of itemsets. Additionally, the “association_rules” package from mlxtend 

requires the frequent itemsets generated by “fpgrowth”, an evaluation metric, and a minimum 

threshold for that metric as parameters. 
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A range of values was evaluated to decide the optimal support and confidence values. 

Specifically, support values between 1% and 5%, and confidence values between 10% and 90% 

were evaluated. The specific arrays used for these tests are as follows in Code snippet 7. 

 

supports_array = [0.05, 0.03, 0.01] 
confidence_array = [0.9, 0.8, 0.7, 0.6, 0.5, 0.4, 0.3, 0.2, 0.1] 

Code snippet 7 - support and confidence arrays for FP-Growth 

The support values were iterated over in a parent loop, and for each iteration, the confidence 

values were iterated over in a nested loop as the minimum confidence parameter. Due to 

hardware limitations, other potential support and confidence values were excluded from the 

analysis. 

Figure 21 graphically illustrates the effect of these parameters on the performance and quality 

of the association rules generated. This visualization helps in understanding how different 

support and confidence thresholds impact the resulting rules, allowing for a more informed 

selection of parameters. 

 

Figure 21 - Number of created Association Rules using the FP-Growth algorithm 
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4.2.3 Parameters selection tests for the Apriori algorithm 

The “apriori” package from the mlxtend library was also used to generate frequent itemsets. 

Similar to the “fpgrowth” package, the “apriori” package requires several parameters, including 

the input DataFrame and the support parameter. The “association_rules” package from 

mlxtend is then used with the frequent itemsets generated by “apriori, along with an evaluation 

metric and a minimum threshold for that metric. 

To determine the optimal support and confidence values for the Apriori algorithm, a range of 

values was tested. Specifically, support values between 2% and 5%, and confidence values 

between 10% and 90% were evaluated.  

The specific arrays used for these tests are as follows in Code snippet 8. 

 
supports_array = [0.05, 0.03, 0.02] 
confidence_array = [0.9, 0.8, 0.7, 0.6, 0.5, 0.4, 0.3, 0.2, 0.1] 

Code snippet 8 - support and confidence arrays for Apriori 

The support values were iterated over in a parent loop, and for each iteration, the confidence 

values were iterated over in a nested loop as the minimum confidence parameter. Due to 

hardware limitations, other potential support and confidence values were excluded from the 

initial analysis. 

Figure 22 graphically illustrates the effect of these parameters on the performance and quality 

of the association rules generated by the Apriori algorithm. This visualization helps in 

understanding how different support and confidence thresholds impact the resulting rules, 

allowing for a more informed selection of parameters. 

 

Figure 22 - Number of created Association Rules using the Apriori algorithm 
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4.2.4 Association rules creation 

Following the parameter analysis, the final parameters were applied to frequent item set 

generation and the creation of association rules with both FP-Growth and Apriori algorithms. 

FP-Growth: 

It was selected 1% for support and 70% confidence which resulted in 2105 rules created as 

represented in Code snippet 9. 

 

Code snippet 9 - Association rules creation code and results using FP-Growth algorithm 
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Apriori: 

For Apriori, it was selected 2% for support and 10% confidence which resulted in 902 rules 

created which are represented in Code snippet 10.  

 

Code snippet 10 - Association rules creation code and results using Apriori algorithm 

4.2.5 Storing the association rules on MongoDB 

To facilitate future use, the created association rules were stored in a MongoDB database 

collection. A new MongoDB client was instantiated to establish a connection to the database 

instance, allowing access to the collections created for the association rules created with both 

algorithms: “association_rules_apriori” and “association_rules_fpgrowth”. Upon successful 

connection, any existing association rules in the collections were removed to ensure that only 

the most recent rules were stored. 

The Pandas DataFrame containing the association rules generated for both algorithms were 

converted to a dictionary format compatible with MongoDB’s BSON (Binary JSON) storage 

format. These converted dictionaries were subsequently inserted into the respective collections 

in the MongoDB database. 

Figure 23 illustrates the structure of the stored association rules from the FP-Growth algorithm 

within the MongoDB collection. 
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Figure 23  - MongoDB “association_rules_fpgrowth” collection sample 

4.2.6 Association Rules interpretation 

This sub-section provides the interpretation of the generated association rules. By analyzing 

various visualizations and metrics, such as correlograms and heatmaps, it’s possible to 

understand the relationships between item sets, specifically their antecedents and consequents. 

Additionally, the trade-off between support and confidence will be examined to evaluate the 

strength and reliability of these rules. 

4.2.6.1 Created association rules properties correlograms 

The created association rules contain properties such as other metrics besides the ones used to 

generate them. Using Spearman correlation, it was interesting to see how these properties 

correlate between them and observe how these correlations change across different algorithms. 

 

Figure 24 - Correlogram using created association rules properties 
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The correlograms in Figure 24 illustrate the Spearman correlations between the properties of 

association rules created by Apriori and FP-Growth algorithms. 

Common observations: 

- There is a strong positive correlation between “leverage” and “support”, suggesting that rules 

with high support tend to also have higher leverage. 

- Conviction and confidence have the maximum value for a positive correlation on both 

algorithms, meaning they replicate each other. 

 - The strong positive correlation between “lift” and “zhangs_metric” indicates that these two 

metrics measure similar properties of the association rules. 

FP-Growth Algorithm: 

- There is a strong positive correlation between “support” and “antecedent_support”. This 

indicates that rules with higher overall support also tend to have higher support for their 

antecedents. 

- There is also a strong positive correlation between “leverage” and “antecedent_support” 

which indicates that these properties are also closely related. 

4.2.6.2 Antecedents and Consequents heatmaps 

Another interesting relationship to analyse is between the antecedents and the consequents of 

an association rule using the confidence metric. For this analysis, a sample of 50 association 

rules was selected from those created by the Apriori and FP-Growth algorithms, as represented 

in Figure 25. 

 

Figure 25 - Antecedents and Consequents heatmap 

The heatmap for the Apriori algorithm shows confidence values starting as low as 30%. This 

indicates that the rules generated by Apriori have a wider range of confidence levels, from very 

low to high, suggesting more variability in the strength of the rules. 
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The FP-Growth heatmap, on the other hand, shows that the minimum confidence level starts 

at 70%. This suggests that the FP-Growth algorithm produces rules with consistently higher 

confidence levels. 

4.2.6.3 Support vs Confidence 

 

Finally, using a scatterplot, it’s also possible to analyse the relationship between the support 

and confidence of the association rules generated by both the Apriori and FP-Growth algorithms. 

All the created association rules from both algorithms were included in this analysis, and the 

results are presented in Figure 26 where each point represents an association rule. The x-axis 

represents the support of the association rules and it’s the confidence is represented on the y-

axis. 

 

Figure 26 - Support vs Confidence scatterplot 

 

Density - It’s possible to observe that FP-Growth shows a higher density compared to Apriori 

since it has a higher number of association rules than Apriori.  

Confidence - On the x-axis, the confidence level starts at a higher level compared to Apriori. 

Both algorithms created association rules with 100% confidence. 

Distribution - On Apriori, it’s possible to observe that most generated association rules have a 

support lower than 3% and a confidence over 60%. 

On FP-Growth most association rules have a support lower than 2%, which is expected since 

the confidence starts at 70%. 
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4.2.7 Association rule final recommender 

The association rule recommender, during its initialization, connects to the MongoDB instance 

and loads the stored association rules generated with both algorithms. 

It has a public “recommend_items()” function that receives the user profile basket and the 

algorithm name as a parameter. When this function is called, it checks if any association rule 

antecedents match the user profile basket, if so, the rules get sorted by the confidence metric 

and the respective association rule consequents are returned as a list. 

An example in Code snippet 11, shows a user with one object on the basket and gets a 

recommendation from a matching the association rule generated using the FP-Growth 

algorithm. 

 

Code snippet 11 – Association rules recommender “recommend_items()” function results example 
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4.3 Item-based collaborative filtering component 

This section details the development of an item-based collaborative filtering recommender, 

which predicts user preferences and recommends items based on past user ratings and the 

ratings of similar users. The models are trained using algorithms from the Surprise library, 

specifically SVD, SVD++, and NMF. 

The performance of these trained models is evaluated through cross-validation, ROC curves, 

and Precision-Recall curves. This comprehensive analysis led to the final implementation of the 

item-based collaborative filtering recommender function. Figure 27 provides a summary of the 

steps involved in this process. 

 

Figure 27 - Item-based collaborative filtering steps 

4.3.1 Model training using Surprise library 

The first step in building the item-based collaborative filtering recommender involved training 

a model using an algorithm suited for matrix factorization. The Surprise library offers various 

algorithms for this purpose, such as Singular Value Decomposition (SVD), Non-negative Matrix 

Factorization (NMF), and SVD++, an extension of SVD that incorporates implicit ratings. In this 

step, the results of these three algorithms are explored. 

The process begins by loading the cleaned reviews dataset, focusing on the “user_id”, “id”, and 

“rating” properties. The data is then split into a training set and a test set, with 80% of the data 

used for training and 20% reserved for testing and evaluation. 

Each algorithm is then trained using the same training set. After the training phase, the models 

are stored for the analysis step, where their performance will be evaluated and compared. 

4.3.2 Store unique reviewed items to MongoDB 

To enable real-time item recommendations, it is essential to retrieve all unique reviewed 

product IDs. This allows the model to predict how a user would rate each unique item during 

runtime. After identifying the unique IDs, they are stored in a MongoDB collection named 

“all_reviewed_items” for future use. This storage step ensures that the recommender system 

has quick access to the list of items for making predictions and recommendations. 
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4.3.3 Trained models analysis 

To analyse the trained models, the process begins by loading the models for each of the three 

algorithms, SVD, NMF, and SVD++, into the system and running a cross-validation procedure for 

each one.  

This procedure evaluates each model’s accuracy by calculating metrics such as Root Mean 

Squared Error (RMSE) and Mean Absolute Error (MAE), as well as measuring computation times. 

For this analysis, 5 splits were used as a parameter. The results of the cross-validation for each 

algorithm are summarized in  

Table 11 providing the mean and standard deviation of each metric across the five folds. 

Table 11 - Cross-validation result of the trained models 

Metric SVD NMF SVD++ 

Mean RMSE 
(testset) 

0.6164 +/- 0.0007 0.6163 +/- 0.0008 0.6164 +/- 0.0007 

Mean MAE 
(testset) 

0.4852 +/- 0.0004 0.4850 +/- 0.0004 0.4852 +/- 0.0004 

Mean Fit time 
(seconds) 

36.92 +/- 3.74 36.15 +/- 1.70 36.92 +/- 3.74 

Mean Test 
time (seconds) 

2.98 +/- 1.22   3.24 +/- 1.68 2.98 +/- 1.22 

 

Both mean RMSE and mean MAE metric values across the algorithms can be considered 

consistent, differing only in the fourth decimal place. Additionally, the SVD values match the 

SVD++ values, indicating similar performance between these two algorithms. 

The mean time taken to train the model represented as “Mean Fit time,” varies slightly across 

the algorithms, with SVD and SVD++ having identical values. This suggests that the training 

times for SVD and SVD++ are consistent and similar. 

The mean time taken to evaluate the model on the test set, represented as “Mean Test time,” 

also varies slightly across the algorithms, with NMF being slightly slower on average. The higher 

standard deviation for NMF indicates more variability in the time taken to evaluate the model 

on the test set. 

Overall, while all three algorithms show similar performance in terms of RMSE and MAE, NMF 

exhibits a slight edge in predictive accuracy. 
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Precision-Recall curve 

The Precision-Recall curve was created for the three algorithms, represented in Figure 28. To 

calculate the True Positives required for both metrics, a minimum threshold of 3.5 was set 

within a prediction range of 0 to 5. The algorithms exhibit a similar pattern where precision 

decreases as recall increases. Despite this trade-off, the precision remains near 90%, indicating 

that the models maintain a high level of accuracy. 

 

 

Figure 28 - Precision-Recall curve for each algorithm 

Receiver Operating Characteristic curve 

Figure 29 shows the Receiver Operating Characteristic (ROC) curves for the three algorithms. 

These curves depict the relationship between the True Positive Rate (sensitivity) and the False 

Positive Rate across various threshold settings. All three algorithms display similar patterns, 

with the curves closely approaching the top-left corner of the plot, indicating high accuracy in 

distinguishing between positive and negative predictions. The area under the ROC curves (AUC) 

is consistently high for each algorithm, also demonstrating their strong performance within the 

0 to 5 range. 
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Figure 29 - ROC curves for the three algorithms 

Conclusion 

Through cross-validation and graphical analysis, it became evident that all three algorithms 

exhibit similar performance. The consistency of the SVD algorithm’s results, validated by the 

SVD++ algorithm, reinforces its reliability. Given its proven effectiveness and historical 

significance, popularized by Simon Funk during the Netflix Prize contest in 2006 (Simon Funk, 

2006), the SVD algorithm was selected for real-time use in the recommender system. 

4.3.4 Item-based collaborative filtering final recommender 

During its initialization, the item-based collaborative filtering recommender connects to the 

MongoDB instance to load the stored unique reviewed items and prepares them for use. It also 

loads the trained SVD model into the system. 

The public function “recommend_items()”, Code snippet 12, accepts a user profile ID as a 

parameter. When this function is called, the system predicts the user ratings for all the unique 

item IDs using the trained SVD model. The predicted ratings are then sorted in descending order, 

and by default, the function returns the top 10 items with the highest estimated ratings. 

 

Code snippet 12 – Item-based collaborative filter recommend_items() function 
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4.4 Content-based recommender component 

This section outlines the development of the content-based filter, which recommends items 

based on the similarity of their properties to those of items the user has interacted with. The 

recommender uses the cleaned metadata dataset, focusing on the “brand” and “title” 

properties. After pre-processing, the next steps involved choosing an appropriate similarity 

function and determining a minimum similarity threshold to balance Precision and Recall 

metrics. This process resulted in the final content-based recommender function. Figure 30 

summarises the described steps. 

 

Figure 30 - Content-based recommender development steps 

4.4.1 Text labels pre-processing 

The process starts by importing the pre-processed metadata dataset and applying a text 

preprocessing function to the “brand” and “title” columns. This function performs the following 

steps: 

• Removing special characters 

• Word tokenization 

• Removing English stop words  

• Lemmatizing the tokens 

This text preprocess function is part of a shared Python class, allowing it to be applied to the 

user profile items at runtime. The goal of this process is to have all the item’s titles and brands 

preprocessed, making them available for similarity comparison at runtime. The preprocessed 

items are stored in a MongoDB collection named “preprocessed_metadata_labels”. 

4.4.2 Similarity function definition for recommendations 

To determine which similarity function should be applied in the content-based recommender 

system, it was conducted a comparative analysis of three different functions: Cosine similarity, 

Euclidean distances and Manhattan distances. The goal was to evaluate whether these 

functions provide similar or distinct results in the context of item recommendations. 

For this test, the database entries were loaded with the pre-processed brands and titles, and it 

was simulated a scenario where a user adds an item to their cart with the following details: 

brand - “Motorola” and title - “Motorola Droid RAZR M XT907 4G LTE (...)”. 
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Using this item as a reference, it was calculated the similarity scores between it and all other 

items in the database, employing each of the three similarity functions mentioned. Then 

identified and ranked the top 10 items with the highest similarity scores for the Cosine function 

and lower distance for Euclidean and Manhattan. 

The results are provided in the following subsections along with the conclusion. 

Cosine similarity results 

The results of the cosine function, where a higher similarity value is better, are presented in 

Figure 31. This figure lists the top 10 items with the highest cosine similarity scores, along with 

their corresponding titles.  

Additionally, these results are visualized in Figure 32 through a heatmap. 

 

Figure 31 - Top 10 Cosine similarities and titles results 

 

 

Figure 32 - Top 10 Cosine Similarities heatmap 
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Euclidean distance results 

The results of the Euclidean distance function, where a lower distance value indicates greater 

similarity, are presented in Figure 33. This figure lists the top 10 items with the lowest Euclidean 

distance scores, along with their corresponding titles. 

These results are further visualized in Figure 34 through a heatmap, which graphically 

represents the distance values. 

 

Figure 33 - Top 10 Euclidean distances and titles 

 

 

Figure 34 - Top 10 Euclidean distance heatmap 
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Manhattan distance results 

The results of the Manhattan distance function, where a lower distance value indicates greater 

similarity, are presented in Figure 35. This figure lists the top 10 items with the lowest 

Manhattan distance scores, along with their corresponding titles. 

These results are further visualized in Figure 36 through a heatmap, which graphically 

represents the distance values 

 

Figure 35 - Top 10 Manhattan distances and titles 

 

 

Figure 36 - Top 10 Manhattan distance heatmap 
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Conclusion 

Upon examining the top 10 recommendations generated by each similarity function, it is 

evident that the Cosine similarity and Euclidean distance functions produce closely matching 

results, effectively validating each other. 

In contrast, the Manhattan distance function not only alters the ranking of some items common 

to the other two functions but also introduces new items. However, the items recommended 

by the Manhattan distance function exhibit higher distance values, indicating less precise 

similarity measurements compared to Euclidean distances. 

The Cosine similarity function, due to its intuitiveness, where a higher value directly correlates 

with higher similarity and reliable validation through comparable results with the Euclidean 

distance, was chosen to provide recommendations for the content-based recommender system. 

4.4.3 Recommender evaluation with mocked user interactions 

The content-based recommender was evaluated using precision and recall metrics, as described 

in the Recommender systems results evaluation section. 

The evaluation process involved creating simulated user interactions to assess the system’s 

performance. Specifically, it was simulated that 10 users each purchased one item from each of 

the top 10 most popular brands identified during the Amazon Review Data EDA step. 

To introduce novelty into the recommendations and avoid recommending items that the user 

has already interacted with, items that are the same, were excluded from the recommendations. 

A minimum similarity threshold was also defined to ensure that only sufficiently relevant items 

were considered valid recommendations. 

The evaluation process involved generating recommendations based on the items that users 

interacted with and then calculating the average precision and recall for these 

recommendations. To account for the dynamic and simulated nature of the user interactions, 

the evaluation was automatically repeated 10 times, and the results were averaged to obtain 

robust estimates of precision and recall. 

To understand the impact of different similarity thresholds on the system’s performance, the 

recommender was evaluated using various thresholds ranging from 0.1 to 0.9. Allowing to 

observe how the precision and recall metrics changed as the similarity threshold increased. 

The evolution of precision and recall as the similarity threshold increases is represented in 

Figure 37. Based on these results, it was selected a minimum similarity value of 0.3 to balance 

achieving relatively high precision and recall. 
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Figure 37 - Precision and Recall by similarity evolution 

4.4.4 Content-based final recommender 

The content-based recommender, during its initialization, connects to the MongoDB instance 

loads the stored pre-processed entries and prepares them for use. After loading the entries, it 

creates a list of all entries’ features to initialize the instance TF-IDF vectorizer and its matrix. 

The public recommend_items() function, Code snippet 13, receives the user profile as a 

parameter. When this function is called, the user profile, containing the item in the basket title 

and brand, is pre-processed and vectorized using the instance TF-IDF vectorizer, it then checks 

the cosine similarity between the user item and the existing items, the ones that are above the 

minimum similarity threshold defined as 0.3 are returned as a list. 

 

Code snippet 13 - Content-based recommender recommend_items() function 
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4.5 Hybrid Recommender System Integration 

A hybrid recommender system combines multiple recommendation techniques to improve the 

accuracy and relevance of suggestions. The Python-implemented “HybridRecommender” class 

integrates Content-based filtering, Item-based collaborative filtering, and Association Rules 

assigning default weights to each: 40% to Content-Based, 40% to Collaborative Filtering, and 

20% to Association Rules. By leveraging these weighted techniques, the system delivers more 

personalized recommendations. The following sections detail the initialization and 

recommendation processes within this hybrid system. 

4.5.1 Initialization 

Using Python, a “HybridRecommender” class was implemented, which integrates the final 

recommender for Content-Based, Collaborative Filtering, and Association Rules methods. 

To optimize the initialization process, the ThreadPoolExecutor is utilized for concurrent loading 

of each recommender, significantly speeding up the overall system setup. 

During initialization, the system also assigns the default weights to the results from each 

recommender: 

• Association Rules: 20% 

• Collaborative Filtering: 40% 

• Content-Based: 40% 

This flow is represented in the Figure 38 sequence diagram. 

 

Figure 38 - Hybrid recommender initialization sequence diagram 
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4.5.2 Getting recommendations 

The “HybridRecommender” class also provides a public method “recommend_items()” that 

accepts the user’s profile as a parameter. Based on this profile, the necessary data is mapped 

for each recommender, such as using the “userId” for Collaborative Filtering. This method also 

leverages ThreadPoolExecutor for concurrency, enabling efficient retrieval of 

recommendations from each recommender. 

Once all recommenders have returned their results, the method applies the respective weights 

to each recommendation index and then combines the results. Finally, the combined 

recommendations are sorted by score, and the top results are returned as a list. Figure 39 

represents the described flow when using a web client.  

 

 

Figure 39 - Get recommendations diagram sequence flow 
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4.6 Evaluation of recommendations relevance 

To assess the relevance of the system’s recommendations, a quick client web page was 

developed using Streamlit Python library (Streamlit Documentation, 2024), which instantiates 

the “HybridRecommender” class, described on the previous section, and displays the top 10 

recommendations based on a selected user profile and a product. 

Two rounds of interviews were conducted with 10 participants, including friends, family 

members, and professional colleagues who are familiar with e-commerce platforms. After 

choosing a product, each participant was asked to rate the recommendations on a scale of 1-5, 

where: 

    1 = “Not at all relevant” 

    2 = “Not very relevant” 

    3 = “Relevant” 

    4 = “Very relevant” 

    5 = “Extremely relevant” 

 

Figure 40 – Recommender client feedback form 

Participants were also encouraged to provide additional observations or feedback on the 

system’s recommendations, the feedback form is visible in Figure 40. 

In addition to gauging the relevance of the recommendations, it’s also a goal to evaluate 

whether the default weights of each module in the system was appropriate for new users. The 

defaults weights contain a small, 20%, contribution from the Association Rules module. 

Test Scenario 

A new profile was created for each participant, simulating a user who is new to the system. 

Participants were allowed to select one product from a set of 75 products, which were curated 

from the dataset used to develop the recommendation system.  
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These 75 products were divided into three categories: 

- 25 products that appear as antecedents in association rules with the highest confidence 

levels. 

- 25 products with the highest number of user ratings. 

- 25 products chosen randomly from the LG brand. 

After selecting a product, participants reviewed the system’s top 10 recommendations and 

assigned a relevance score based on their impressions. Where possible, participants also 

provided qualitative feedback to explain their ratings and offer insights into the system’s 

performance. The system’s profile selection is represented in Figure 41. 

 

Figure 41 – Recommender client profile selection 

4.6.1 First round results 

Following interviews with the 10 participants, the initial analysis revealed that users generally 

found the recommendations to be moderately relevant, with an average rating of 3.2 out of 5.  

However, a recurring observation among the participants was that some of the top-ranked 

recommendations were unrelated to the product they had chosen, Figure 42 displays an 

example of irrelevant provided recommendations, highlighted in red. 

Upon further investigation, the source of this issue was traced to the collaborative filtering 

module. Since the users were new and lacked a history of reviews or interactions, they were 

excluded from the model, leading to what is commonly known as the "cold start" problem as 

described on “Known Recommender systems challenges” subsection.  
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Figure 42 – Irrelevant recommendations highlighted 

4.6.2 Adjustments and second round results 

Following feedback from the first round of user interviews, adjustments were made to address 

the identified user cold start problem. Specifically, the system’s weighting mechanism was 

changed so that input from other modules, such as the association rules and content-based 

filtering, would have a greater influence than the collaborative filtering module when 

interacting with new users. 

This adjustment is only applied to users created after the model. The proposed solution involves 

adding a timestamp to the database, recording the last time the model was trained. Additionally, 

each user’s account creation date is logged. If the user’s creation date is more recent than the 

model’s last training date, indicating that insufficient data may be available on that user, the 

system dynamically adjusts the module weights. For all other users, the original weighting 

remains unchanged. Figure 43 illustrates the flow of this dynamic weight adjustment process. 



 

67 
 

 

 

Figure 43 – Dynamic weights based on user creation flowchart 

In the second round of interviews, users were presented with new recommendations based on 

their previously selected product. The adjustments to the weighting mechanism reordered the 

recommendations, giving higher priority to results from the content-based filtering and 

association rules components. 

Even though Item-based Collaborative filtering has less priority, the recommendations it 

provides still appear within the top 10 list for certain products. Since not all products are linked 

to association rule precedents or are present but in a small portion of association rules, the 

association rules component is unable to completely fill the list with relevant suggestions. 

As a result of the reduced influence of irrelevant recommendations from item-based 

collaborative filtering component, users reported that the overall relevance of the suggestions 

improved, rating 4.33 out of 5, however still making some observations about some irrelevant 

suggested products. However, some users still noted irrelevant suggested products. This 

improvement, driven by placing more weight on the association rules component, 

demonstrates the potential of this approach to address the user cold start problem. 

4.7 Chapter remarks 

This chapter introduced a hybrid recommender system, incorporating weights to balance the 

influence of each component on the system’s outcomes. The development process for each 

component, along with its integration into the final system, was discussed in detail. Results from 

the user studies indicate the potential of association rules in addressing the user cold-start 

problem. However, the effectiveness of this approach is dependent on the availability of 

transaction data to generate enough association rules. 
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5 Conclusions 

This chapter concludes the project by evaluating the achievement of the initial objectives and 

exploring potential directions for future improvements. 

5.1 Fulfilled objectives 

At the beginning of this dissertation, the main research question aimed to explore how 

association rules could be integrated into e-commerce hybrid recommender systems to address 

their limitations. To answer this, several key steps were set. 

The first step involved analysing the current state of e-commerce hybrid recommender systems. 

Through a systematic review using the PRISMA methodology, various recommender system 

techniques and their challenges or limitations were identified, as well as different hybrid 

recommender approaches. This review also introduced how these systems are evaluated, which 

was crucial for understanding how to assess each module of the proposed approach described 

in Implementation, thereby completing the second step of examining evaluation strategies. 

Finally, to analyse the impact of association rules in recommender systems, a weighted hybrid 

recommender system prototype combining collaborative filtering, content-based filtering, and 

association rules modules was developed and documented. Each module was evaluated 

individually using state-of-the-art metrics. 

The relevance of the system’s recommendations was further assessed through two rounds of 

test user interviews. The first round used default weight settings, and after gathering feedback, 

adjustments were made to improve the user experience for the second round, resulting in the 

re-ordering of the final recommendations, allowing for the  
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5.2 Limitations and future work 

Given the vast landscape of recommender systems and their widespread use, it was not feasible 

to cover all relevant concepts and approaches within this dissertation. Additionally, it was not 

possible to fully explore all sources identified for PRISMA, as this is a meticulous and time-

consuming process. 

In retrospect, the availability of a dataset that enabled the development of the three modules 

in the hybrid recommendation system was crucial. The 2018 version of the Amazon Reviews 

dataset was utilized, as the recently released 2023 version lacked some important properties 

(McAuley-Lab, 2024). If these missing details become available, it would be valuable to use the 

2023 version in a future iteration and compare the results to those presented in this dissertation. 

However, there are several limitations and potential areas for improvement in each module: 

Association Rules: The effectiveness of this approach heavily depends on the availability of a 

rich transaction history dataset to generate a larger and more meaningful set of association 

rules. In this study, it was adopted a creative but less-than-ideal approach due to the absence 

of sufficient transaction data, which may have impacted the quality of recommendations. 

Additionally, privacy concerns surrounding transaction records restricted the use of real-world 

data, as these records are often sensitive and not for public use. During the recommendation 

relevance interviews stage it was found that some association rules were created but the 

metadata for the item itself didn’t exist. 

Item-based Collaborative Filtering: While the collaborative filtering model was trained on 

ratings from existing, but anonymous, users, it was not feasible to gather feedback from actual 

users of the system. Although the model produced promising evaluation metrics, the absence 

of real-time user feedback may limit its practical applicability and the evaluation of its relevance 

for specific users. It was however possible to easily reproduce the user cold-start problem. 

Content-Based Filtering: The content-based filtering module was constrained to using only item 

titles and brands for comparisons. Incorporating additional product attributes, such as weight, 

price, or subcategories, could have enriched the recommendation process. This limited feature 

set may have reduced the system’s ability to differentiate between items effectively. 

Only a single type of hybrid recommender system was implemented in this approach. As future 

work, other types of hybrid systems can be explored, allowing for a comparison of results 

between different approaches. 

Furthermore, during the recommendation relevance evaluation phase, some recommended 

items were neither cell phones nor accessories, but rather misclassified products that slipped 

through the pre-processing phase without being filtered out. These misclassifications lacked a 

consistent pattern, making them difficult to handle. To address this, future improvements could 

involve applying more robust filtering techniques, such as keyword-based filtering on item titles, 
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to ensure that only relevant products, specifically cell phones and accessories, are included in 

the recommendation set. 

It was also observer during the recommendation relevance interviews that new users 

consistently received the same recommendations from the item-based collaborative filtering 

module. Since this model operates as a "black box", it wasn’t possible to fully understand or 

debug the reasoning behind these recommendations, particularly in the context of a user cold-

start scenario. This highlights the need for future implementations to incorporate explainability 

into the recommendation process, not only to enhance user trust and understanding but also 

to facilitate debugging and improve model transparency. 

Another limitation was the restricted ability to gather feedback on the relevance of the 

recommendations. The interviews were conducted in August and early September which 

coincided with a common Portuguese holiday period, limiting the number of potential 

participants and their availability. Although a web page was developed, it was not deployed in 

time to mitigate this issue. 

5.3 Final notes 

The initial idea for this dissertation showed up during the first-year lectures of this master’s 

program, where topics such as Association Rules, the Apriori, and FP-Growth algorithms were 

introduced. This sparked a curiosity about their potential applications in suggesting items to 

users or influencing store layouts, which motivated a deeper exploration of the subject. 

Throughout the process, the idea evolved through numerous iterations, driven by feedback and 

challenges from this dissertation supervisors. These contributions enriched the educational 

value of the work and increased its complexity. Personally, it was gratifying to dive into the 

inner workings of recommender systems and expand my understanding of their components. 

These techniques are not only academically significant but are also widely used in domains that 

impact my daily life, such as e-commerce, social media, and digital advertising. Additionally, 

developing a recommender system exposed me to new technologies that are outside the scope 

of my current professional experience, making this journey both educational and professionally 

rewarding. 
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