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ABSTRACT 

EMOTION AWARE RECOMMENDER SYSTEMS 

John Kalung Leung, Ph.D. 

George Mason University, 2021 

Dissertation Director: Dr. Igor Griva 

 

Recommender Systems help users to overcome information overload by making 

predictions and recommendations that meet users’ tastes and preferences. A user’s mood 

influences his/her decision-making in choosing from a list of top-N recommended items. 

However, Recommenders do not track users’ moods when making top-N 

recommendations to users.  Thus, users often found stale recommendations in the top-N 

list.  

I proposed to enhance Recommender Systems by tracking users’ moods and make 

top-N recommendations based on the updated users’ and items’ emotion profiles.  In 

recognition of several limitations:  (1) emotion-labeled attributes are not readily available 

in datasets, (2) lack of standard definition for emotions and procedure to collect and label 

emotion metadata, (3) not all objects have a face for facial emotion detection and 

recognition despite facial micro-expression detection and recognition of basic human 
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emotions are popular methodology to label a person’s primary facial emotional 

expressions, I developed a text-based Tweets Affective Classifier model capable of 

emotion detection and recognition based on Ekman’s six basic human emotions and 

neutral emotion.  This model is then used to extrapolate basic human emotions from the 

subjective text of objects such as movie overview or product descriptions. Furthermore, I 

developed an innovative Affective Aware Pseudo Association Method (AAPAM) to 

pseudo connect disjoint objects in datasets within the same or different information 

domains.  

This research has shown that an Emotion Aware Recommender could track users’ 

moods in making subsequent top-N recommendations contain serendipitous items, thus 

overcoming the cold-start and staleness issues confronted in the field. Using the Affective 

Index Indicator (AII) to pseudo connect disjoint users or items for making 

recommendations in Collaborative Filtering is more efficient than the traditional 

Collaborative Filtering computing through rating matrix.  I further extended the APPAM 

to support decision-making strategies in a multi-user group. Finally, I found that applying 

users’ and items’ emotion profiles in a system simulcast group can improve the 

throughput of top-N recommendations. 
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1 INTRODUCTION 

In this dissertation research, I focus on studying the known issues and possible 

remedies related to Recommender Systems (RS); mainly, I focus on a type of Context-

Aware Recommender Systems known as Emotion Aware Recommender (EAR). Before 

elaborating on the subject further, please note that I treat the term Recommender System, 

Recommender, recommendation system, recommendation engine, and their respective 

plural form are synonyms. Hereafter I use these terms interchangeably in this study to 

refer to a programmable automation system or systems capable of making personalized 

recommendations that meet user's tastes and preferences. 

In this introductory chapter's background subsection, I give a brief overview of 

Recommender Systems in general. My aim is to level-set readers regarding the general 

issues surrounding the subject matter. This chapter also plans to entice readers on the 

subject matter through a few questions regarding Recommender Systems' currently 

known issues. The questions raised in the motivation subsection echo this dissertation 

research's interests while offering possible remedies to the questions raised. 

I also highlighted the generally known deficiencies associated with the Emotion 

Aware Recommenders. I proposed six research questions, each associated with a research 

hypothesis. I developed innovative methodologies and prototyping for each research 

question. I examined these research questions' findings in the results subsection and the 
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declaration of support or not support for each research hypothesis in the conclusion 

subsection. 

In the research questions and hypotheses subsection, I illustrated a divide and 

conquer strategy that I deployed to break down the Emotion Aware Recommender 

research's critical parts into smaller manageable system components. Each critical 

component represents the design of a system component with its capability and feasibility 

demonstrate through prototyping. I have documented each system component research's 

finding in a conference paper and submitted it to a respective conference for journal 

publishing. Each acceptance of the submitted paper by the conference for publication 

represents a success that proves the research component holds value while confirming the 

overall worthiness of the dissertation research's direction. The contribution subsection 

highlights the significant contributions and inventions that I have made to the field. In the 

research plan subsection, I laid out the dissertation's overall plan, followed by the chapter 

summary to conclude the introductory chapter. 

 

1.1 Background of Recommender Systems 

Recommender Systems perform two primary tasks: making predictions and 

recommend items that users may like and fit users’ tastes and preferences. Recommender 

Systems also help users discover previously unaware items in the inventory. For over two 

decades, since the dawn of the commercialized Internet era, Recommender Systems are 

an essential part of the e-commerce ecosystem for information retrieval over the Web. 

Decades of research on Recommender Systems strategies and methodologies have 
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formulated a rich set of techniques for making sensible top-N recommendations. This 

introductory chapter will briefly cover the background that drives the ferocious growth of 

information creation and retrieval on the Internet, i.e., the Web and mobile portals. 

There are two types of data communication traffic run on the Internet. Data 

communication traffic generates by bots, i.e., all sorts of devices and software program 

automation, and that by the human. Most websites and mobile portals visitors are bots 

oriented, or programs perform automated tasks. For example, some bots design to rank 

Google search results, while other bots impersonate Internet users carrying out distributed 

denial-of-service (DDoS) attacks on the targeted web and mobile portal servers. More 

than 52% of Internet traffic in 2017 came from bots, and many are malicious [1] [2]. 

However, the trend started to decline in 2018 to 37.9% for bots traffic, while human 

traffic grew to 62.1% [3]. 

The dissertation research focuses on studying data communication traffic 

generated by humans, especially data communications traffic originating from human 

activity on the Web. Web traffic is a term that loosely refers to all data communication 

produced by Internet users surfing the Web and mobile users interacting with mobile 

apps (a.k.a. short for mobile applications). Web traffic contains detailed records not 

limited to websites that users have visited, web pages that users have viewed, data files 

that users have uploaded, downloaded, and accessed, including information on when, 

where, how, and by what means. Besides tracking and logging the users’ activities on the 

Web, many websites also capture users’ profiles. Users generate web information, for 

example, when participating in blogging, asking questions, and answering various types 
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of social messaging, emailing, video conferencing, pictures and video clips sharing, 

watching movies, listening to music, and other activities. All these web activities will 

contribute to information overload that every web service provider and the user must deal 

with daily.  

The term information overload, also known as infobesity or infoxication, is 

referred to as having too much information about an issue that overwhelms an 

individual’s comprehension, leading to difficulty in decision-making [4]. Search engines 

(SE) and Recommender Systems are two pillars of Internet technologies developed to 

alleviate information overload. The research focus of this dissertation is to examine the 

Recommender Systems technology. Hence, all commercially built Recommender 

Systems can make group recommendations [5]. The dissertation study will contrast 

Personal or Personalized Recommender Systems (PRS) verse Group Recommender 

Systems (GRS). Moreover, this study will use the word phrase Personal Recommender 

Systems and Personalized Recommender Systems interchangeably and not differentiate 

between personal versus personalized. 

With the vast number of Recommender Systems research publications that one 

can find on the Google Scholar site (scholar.google.com), Recommender Systems are a 

widespread and mature field. Recommendation making is as old as the beginning of 

civilization when humans started to congregate socially. It was an everyday activity then 

and still is on asking for recommendations or making one through word of mouth to 

today using machine automation to make recommendations. Describing the depth and 

breadth of the field are beyond the scope of this dissertation research.  
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1.2 Motivation for Conducting Research in Recommender Systems 

This dissertation research focuses on investigating issues related to making 

recommendations through affective aware Recommender Systems. This section and its 

subsections will examine the following ongoing issues confronting Recommender 

Systems and exploring the possible remedies for each issue raised for motivation to 

entice readers about the subject. The issues are: 

1) How to provision a Recommender System capable of adapting to the ever-

changing users’ tastes and preferences?  

2) How can a Recommender System use affective features in users’ profiles to 

associate disjoint users across different information domains? 

3) How to apply affective awareness in Recommender System’s top-N 

recommendations making? 

4) What is a good Recommender System worth today? 

5) How to develop a cross-domain personalized Recommender System? 

6) How to use affective features in Group Recommender Systems for disparate and 

similar users in group formation and group decision-making support? 

For each question raised, it follows a subsection that examines a possible remedy 

with detailed solutions. The intent is to entice the reader to get an appreciation of a 

Recommender System in action. Hence, the field has been conducted in research for over 

a century and even longer. With the advent of modern technologies in artificial 

intelligence, machine learning in deep learning modeling coupled with advanced research 

in human behaviors and psychology in user profile development, Recommender Systems 
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research have moved from passively polling for the behavior of user-item interaction for 

making recommendations to actively pushing recommendations by predicting what users’ 

desires may be. For many researchers, their goal is to attain the Holy Grail in the 

Recommender Systems to make a perfect recommendation to the users even before they 

know what they want. 

 

1.2.1 Issue of Provisioning a Recommender System Capable of Adapting to the 

Ever-changing Users’ Tastes and Preferences 

It is known to Recommender Systems researchers that having to train a 

Recommender System to make a good recommendation is hard enough, and even more 

challenging to train a Recommender System to recommend that users ultimately 

consume. Similarly, having to train a Recommender System to make recommendations 

that rely on the past interaction history between users and items does not guarantee 

success because users’ tastes and preferences can change over time. For example, a 

moviegoer has a history of liking to watch action movies but may prefer a drama or even 

a western for the night out. Human moods are dynamic and can swing abruptly without 

any precursor.  

Furthermore, Recommender Systems are data-driven systems, mostly custom-

built to serve a specific information domain. The processing logic of a Recommender 

System is hardly transferrable or adaptable between different information domains. For 

example, merely replacing a movie Recommender System’s movie database with a music 

database will not make the Recommender System becomes a music Recommender 
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System. So, one would like to know how to provision a Recommender System capable of 

adapting to the ever-changing users’ tastes and preferences? 

 

1.2.1.1 Possible Remedy for Provisioning a Recommender System Capable of 

Adapting to the Ever-changing User Tastes and Preferences 

Emotion influences human experience and the decision-making process. When a 

user ponders over what to choose on a list of recommended items such as books, songs, 

movies, products, or services, his mind’s emotional state would influence his choice [6]. 

Information retrieval (IF), where the Recommender Systems are a subfield, does not 

usually include human emotion as a user context [7]. In the article [8], I have advocated 

to include affective features as a Recommender System’s component for making top-N 

movie recommendations to users. However, there is no publicly available affective 

labeled movie database or film dataset repository. Trying to obtain any explicit textual-

oriented human emotional tag of movie metadata is a challenge. There is abundant 

subjective textual metadata in film datasets such as storylines, film scripts, overviews, 

plots, moviegoers’, and critics’ reviews. One can utilize Natural Language Processing 

(NLP) techniques to detect and extract affective features implicitly from the movie 

contextual subjective text metadata and leverage the emotional characteristics when 

making movie recommendations to users.   

No two films are created equal. The moods of a movie act like an affective 

fingerprint of the film. A movie emotion feature can represent by a low dimension 

continuous emotional vector embedding that denotes the movie’s emotional vector 
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(MVEC). Some movie databases, such as the MovieLens, track users’ movie-watching 

history and feedback [9]. Using a user’s movie-watching history, the user’s emotional 

vector (UVEC) formulates a low dimension continuous emotion vector embedding. A 

user’s UVEC embedding value can obtain by taking the average of all the movies’ 

MVEC the user has watched. Most likely, no two users watched the same set of movies. 

Thus, a user’s UVEC may consider unique. However, the user’s UVEC may not be 

unique if two users watched the same movie set.  

The MVEC of a movie is static, and its value remains unchanged throughout its 

lifetime. However, UVEC is dynamic, with its value changes as the user watched and 

rated a movie. Using the dynamic nature of UVEC in the movie recommendation-making 

process reflects the most updated user’s affective preference. As the user’s emotional 

preference changes, the movie Recommender System adjusts its top-N recommendation-

making process accordingly. This author may be the first party to use the novelty in 

leveraging the dynamic nature of UVEC over MVEC to enhance the recommendation-

making process of a movie Recommender System.   
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Table 1-1 The movie “The Godfather (1972)” MVEC affect values derived from 

balanced and unbalanced moods data files. 

 

Moods 

Balanced 

Moods Dataset 

 

Rank 

Unbalanced 

Moods Dataset 

 

Rank 

Neutral 0.0840931 6 0.04276474 6 

Happiness 0.059261046 7 0.16501102 3 

Sadness 0.08991193 5 0.076094896 4 

Hate 0.23262443 1 0.4305178 1 

Anger 0.20177138 2 0.1993026 2 

Disgust 0.19720455 3 0.053966276 5 

Surprise 0.13513364 4 0.03234269 7 

 

 

In this dissertation research, I adopted Paul Ekman's six basic human emotions: 

"happiness," "sadness," "hate," "anger," "disgust," and "surprise." I added a "neutral" 

emotion for affective computing convenience. MVEC uses the normalized probability 

value when computing the affective features for a film. Thus, the affective features’ value 

of an MVEC adds up to one (1) as depicted in Table 1-1, the MVEC of “The Godfather 

(1972),” which is rated by the Internet Movie Database (IMDb) as the all-time top movie 

[10]. Using the Tweets Affective Classifier (TAC) developed in [8], it classifies the 

dominant mood of the movie as “hate.” 

 

1.2.2 Issue on Recommender Systems Using Affective Features in Users’ Profiles to 

Associate Disjoint Users Across Different Information Domains 

In this dissertation research, I advocated incorporating emotional features in the 

interaction between users and items, using contextual emotional features metadata to tie 

users and items together through the user and item profiles’ affective features. The same 

idea of binding users and items together by emotional features can even extend to disjoint 
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users and items across different information domains. Disjoint users and items do not 

necessarily mean they are the same users and items from the same source. For example, 

user ID 400 in the ml-latest-small dataset is not the same user ID 400 in the ml-20m 

dataset of the MovieLens domain.  Thus, user ID 400 in said datasets are disjoint. Such 

disjoint users and items can spread and occupy different datasets in the same or across 

different domains. One can treat disjoint users or items virtually the same entity if their 

affective features match closely enough to be considered the same user or item. As 

illustrated in Figure 1.1, an emotion-centric contextual diagram of two disjoint 

information domains ties together through the same set of affective features. 
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Figure 1.1 Affective features glue users and items across information domains. 

Figure 1.1 shows a conceptual diagram containing two information domains, A 

and B. Both domains make use of the same class of emotion components. These domains 

conceptually are one domain, as shown in Figure 1.2. There is an issue that needs to 

investigate further. For instance, if the two domains are independent and mutually 

exclusive, how a Recommender System associate user X in domain A to user Y in domain 

B. In other words, how would a Recommender System know user X in Amazon can be 

associated with user Y on Netflix? Hence Amazon and Netflix most likely will not share 

their users’ information nor profiles. Besides privacy issues, these companies regard user 

information as a high-value resource; thus, companies treat the resource as a competitive 

advantage in business operations and safeguard competitors’ resources.  

Moreover, user X in domain A may represent an identity differently than in 

domain B. Thus, user X in domain A may not be the same user X in domain B. So, users 
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are usually disjoint across different domains. How can a Recommender System use 

affective features in users’ profiles to associate disjoint users across different information 

domains? 
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Figure 1.2 Combine domain A and B using the same emotion classes. 
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1.2.2.1 Possible Remedy for Recommender Systems using Affective Features in 

Users’ Profiles to Associate Disjoint Users Across Different Information 

Domains 

In [11], I developed an innovative methodology known as the Affective Aware 

Pseudo Association Method (AAPAM) to associate disjoint users across different 

datasets within the same domain. In another paper [12], I used the AAPAM method to 

make Pseudo Associated Connection (PAC) of disjoint users across different datasets in 

different domains. The AAPAM technique requires all involved datasets resided in the 

same or across different domains to adopt the same method in formulating users' and 

items' emotion profiles. In both articles [11] and [12], I applied the same Tweets 

Affective Classifier (TAC) that I have developed in [8] to formulate the emotion profiles 

for users (UVEC) and items (IVEC) in all involved datasets across all involved domains. 

Please note, in the context of this dissertation, IVEC and MVEC refer to the same object 

acronym and use it interchangeably. I applied the Cosine Similar as depicted in Equation 

(2.17) against users' UVECs to determine any two disjoint users' closeness across 

different domains. Similarly, I applied pairwise Cosine Similarity to determine the 

closeness between an active user's UVEC in one domain against all disjoint users in 

another domain. By sorting the pairwise Cosine Similarity list in descending order, it 

yields the top-M ranked list for the active user to make the PAC pseudo connection to the 

disjoint users in the different domains. 
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1.2.3 Issue on Applying Affective Awareness in Recommender Systems Top-N 

Recommendations Making 

The primary mission of a Recommender System is to generate user consumable 

top-N recommendations. By user consumable recommendation, it means the user likes 

and concurs with and utilizes the recommended item or items. A common practice for 

Recommender Systems is to apply ensemble techniques from combining a few to 

hundreds of algorithms in the recommendations-making process. The renounced Netflix 

Prize competition winner, BellKor’s Pragmatic Chaos, won the one million dollars grand 

prize on September 21, 2009, made use of over a hundred algorithms to create the 

ensemble recommendations making strategy to achieve a 10.06% improvement over 

Netflix’s Cinematch, a homegrown Recommender System’s score that set on the test 

subset at the beginning of the competition [13], [14], and [15]. One of the issues worth 

investigating in this dissertation research is how to apply affective awareness in 

Recommender Systems top-N recommendations making? 

 

1.2.3.1 Possible Remedy for Applying Affective Awareness in Recommender 

Systems Top-N Recommendations Making 

The primary mission of any Recommender System is to generate a consumable 

top-N recommendation for an active user. The following paper prototyping illustrates an 

example that may help the reader appreciate the improvement a Recommender System 

would have by using the affective features to generate recommendations for active users. 

The Internet Movie Database (IMDb) [16] is a popular online media portal owns by 
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Amazon.com, Inc., an American multinational conglomerate (MNC) giant [17]. Recently 

IMDb published the “Top 100 Greatest Movies of All Time (The Ultimate List)” [10] and 

regarded it as a general top-N movie recommendations list where N = 100. When 

examining the list, every person may come up with his preferred ranking of the Top-100 

movies, and most likely, no two persons will rank the Top-100 movies list identically. 

Nevertheless, manually reorder the Top-100 ranked list is a time-consuming and 

tedious job. Notably, in the era of the Web 3.0 Artificial Intelligent (A.I.) based Internet 

of Things (IoT) [18], many would prefer to let an app performs the reranking instead. 

Any app developer who wants to build the reranking app from scratch would wonder how 

to do it? The developer needs to have a way to detect and recognize moviegoers’ tastes 

and preferences to differentiate the kind of films a moviegoer enjoys and likes, thereby 

develop a user preference profile for the moviegoer. The developer also needs to have a 

way to quantify a movie’s characteristics to include in the movie profile of the film. 

Lastly, the developer needs to develop an evaluation metric to measure the similarity 

between a movie profile and a user profile. With these algorithms in place, the developer 

can then use the similarity algorithm to compare a user profile’s closeness against each 

movie profile on the top-100 movie list. After sorting the result, it yields the movie 

reranking list for a moviegoer. 
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Table 1-2 IMDb 2020 Edition: “Top 100 Greatest Movies of All Time”. 

Rank Title Rating 

1 The Godfather (1972) 9.2 

2 The Godfather: Part II (1974) 9 

3 Seven Samurai (1954) 8.6 

4 Pulp Fiction (1994) 8.9 

5 12 Angry Men (1957) 8.9 

6 Spirited Away (2001) 8.6 

7 Schindler’s List (1993) 8.9 

8 Casablanca (1942) 8.5 

9 Psycho (1960) 8.5 

10 Goodfellas (1990) 8.7 

11 Lawrence of Arabia (1962) 8.3 

12 The Good, the Bad and the Ugly (1966) 8.8 

13 Singin’ in the Rain (1952) 8.3 

14 City Lights (1931) 8.5 

15 Sunset Blvd. (1950) 8.4 

16 Apocalypse Now (1979) 8.4 

17 The Shawshank Redemption (1994) 9.3 

18 Rear Window (1954) 8.4 

19 Star Wars: Episode V - The Empire Strikes Back (1980) 8.7 

20 2001: A Space Odyssey (1968) 8.3 

21 Citizen Kane (1941) 8.3 

22 M (1931) 8.3 

23 One Flew Over the Cuckoo’s Nest (1975) 8.7 

24 Vertigo (1958) 8.3 

25 The Dark Knight (2008) 9 

26 The Silence of the Lambs (1991) 8.6 

27 Modern Times (1936) 8.5 

28 Star Wars: Episode IV - A New Hope (1977) 8.6 

29 Dr. Strangelove or: How I Learned to Stop Worrying and Love the 

Bomb (1964) 

8.4 

30 Come and See (1985) 8.3 

31 Bicycle Thieves (1948) 8.3 

32 Tokyo Story (1953) 8.2 

33 It’s a Wonderful Life (1946) 8.6 

34 Rashomon (1950) 8.2 

35 Once Upon a Time in the West (1968) 8.5 

36 Taxi Driver (1976) 8.3 

37 Ikiru (1952) 8.3 

38 Metropolis (1927) 8.3 

39 The Passion of Joan of Arc (1928) 8.1 
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40 Alien (1979) 8.4 

41 The Third Man (1949) 8.1 

42 All About Eve (1950) 8.2 

43 Fanny and Alexander (1982) 8.1 

44 Chinatown (1974) 8.2 

45 City of God (2002) 8.6 

46 Double Indemnity (1944) 8.3 

47 Paths of Glory (1957) 8.4 

48 Raiders of the Lost Ark (1981) 8.4 

49 Andrei Rublev (1966) 8.1 

50 The Apartment (1960) 8.3 

51 Harakiri (1962) 8.7 

52 Parasite (2019) 8.6 

53 The Lord of the Rings: The Fellowship of the Ring (2001) 8.8 

54 The 400 Blows (1959) 8.1 

55 Stalker (1979) 8.2 

56 Some Like It Hot (1959) 8.2 

57 Sunrise (1927) 8.1 

58 Pan’s Labyrinth (2006) 8.2 

59 Ran (1985) 8.2 

60 Sherlock Jr. (1924) 8.2 

61 The Lord of the Rings: The Return of the King (2003) 8.9 

62 The Night of the Hunter (1955) 8 

63 A Separation (2011) 8.3 

64 Grave of the Fireflies (1988) 8.5 

65 North by Northwest (1959) 8.3 

66 Persona (1966) 8.1 

67 Eternal Sunshine of the Spotless Mind (2004) 8.3 

68 Back to the Future (1985) 8.5 

69 The Battle of Algiers (1966) 8.1 

70 Toy Story (1995) 8.3 

71 Raging Bull (1980) 8.2 

72 8½ (1963) 8 

73 Saving Private Ryan (1998) 8.6 

74 On the Waterfront (1954) 8.1 

75 The Shining (1980) 8.4 

76 Three Colors: Red (1994) 8.1 

77 The Great Dictator (1940) 8.4 

78 The Wizard of Oz (1939) 8 

79 The Wages of Fear (1953) 8.1 

80 In the Mood for Love (2000) 8.1 

81 Spider-Man: Into the Spider-Verse (2018) 8.4 
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82 The Treasure of the Sierra Madre (1948) 8.2 

83 The Seventh Seal (1957) 8.2 

84 The Lord of the Rings: The Two Towers (2002) 8.7 

85 The Red Shoes (1948) 8.1 

86 The General (1926) 8.1 

87 The Gold Rush (1925) 8.2 

88 Touch of Evil (1958) 8 

89 WALL·E (2008) 8.4 

90 Aliens (1986) 8.3 

91 Wild Strawberries (1957) 8.2 

92 Paris, Texas (1984) 8.1 

93 A Clockwork Orange (1971) 8.3 

94 La Grande Illusion (1937) 8.1 

95 There Will Be Blood (2007) 8.2 

96 Amadeus (1984) 8.3 

97 Annie Hall (1977) 8 

98 Whiplash (2014) 8.5 

99 Pather Panchali (1955) 8.6 

100 Cinema Paradiso (1988) 8.5 

 

 

Researchers know that a person’s state of mind and moods can influence a 

person’s behavior and decision-making process [19]. It may be a reasonable design 

decision for an app developer to include the user profile and movie profile's affective 

features and movie profile in the app's development. The app developer may also develop 

a range of distance metric algorithms to compare a user emotion profile’s similarity 

against each of the movie emotion profiles in the reranking list and then pick the best 

result. Alternatively, the app developer can maximize the ranked list results by combining 

two or more distance metrics.  

Inspired by the above scenario, I developed the algorithms suitable for evaluating 

the app design. I documented the study in a conference paper [8] and submitted it to the 
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KDIR2020 conference. The conference panel accepted the paper and published it in the 

conference proceedings. I was invited to present the paper at the conference.  

I developed a text-based affective classifier capable of classifying six basic 

human emotions and neural emotions from the tweet messages. The classifier works by 

feeding a tweet message as input to the classifier, also known as the Tweet Affective 

Classifier (TAC). The output yields a probabilistic distribution of the seven classes of 

emotion vectors. The object emotion vector is known as IVEC, in the form of percentage 

per emotional attribute, which adds up to one (1) when summing all the affective values. 

So, when feeding movie overviews to TAC, it classifies the emotion profile MVEC for 

the movie. TAC can classify the seven classes of emotions: neutral, happiness, sadness, 

hate, anger, disgust, and surprise. The article [8] defines a user emotion vector, also 

known as UVEC, as computed by taking the average value of all movies’ emotion 

vectors, MVECs, a user has watched. The article [8] derived five-distance metrics as a 

baseline for evaluating the recommender system's reranked top-N performance. Article 

[8] found the Cosine Similarity distance metric offers the best result. 

The app developer can follow the steps illustrated in the article [8] to download 

the needed movie dataset. Then uses TAC to classify the nonaffective aware movie 

dataset to make it becomes an emotion-labeled dataset. Take the IMDb Top-100 Greatest 

Movie list as depicted in Table 1-2 and merge it with the emotion-labeled movie dataset 

to make the IMDb top-100 movie list affective aware by having each movie on the top-

100 list assigned with an emotion profile MVEC. Pick a user or a set of users from the 

emotion-labeled movie dataset stand in as test users, i.e., active users known in the parley 
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of Recommender System. For each test user, compose the user’s emotion profile, UVEC, 

by splitting the number of movies watched by the test user into x% watched set and y% 

to-be-watched sets before taking the average movies’ MVECs in the user has watched 

set. Computes pairwise Cosine Similarity using the UVEC of each test user against each 

movie’s MVEC of the top-100 movie list. Sort each pairwise list in descending order 

would yield the emotion aware IMDb top-100 Greatest Movies list for a test user, as 

depicts by the processing flow in Figure 1.3 and reranking results in Table 1-4, where x% 

set to 20% for user movie watched set and y% set to 80% for movie to-be-watched set. 

The emotion aware reranked top-100 movie list will only show the top-10 and bottom-10 

with movie ID instead of the movie title for space limitation. The complete IMDb top-

100 movies list depicted with movie ID as cross-reference where the movie title resides 

Table 1-2. For comparison purposes, listed in Table 1-4 is the reranking of the top-10 and 

bottom-10 results for the same set of test users with their UVECs computed by MVECs 

of all watched movies. 
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Figure 1.3 Reranked top 100 greatest movies list with individual user's emotion profile. 
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Table 1-3 Test users ID 414, 448, 474 UVEC and movie watched count. 

User 

ID 

Total 

Movies 

Watched 

Count 

UVEC 100% Movies 

Watched Count 

20% 

Movies 

Watched 

Count 

UVEC 80% Movies 

Watched Count 

414 2698 0.16635187589791883, 

0.0973058119913254, 

0.11809240450521222, 

0.16419510192293374, 

0.11517798679188383, 

0.17250315241102013, 

0.1663736661941921 

540 0.17485501334862963, 

0.09564752293148147, 

0.11683779291481482, 

0.1614034102425926, 

0.11161029488703704, 

0.17305361147407408, 

0.16659235748333334 

448 1864 0.17283308794431795, 

0.09685812578238454, 

0.11604572703651987, 

0.16120733013802366, 

0.11227606892910849, 

0.17098577519656283, 

0.16979388608893664 

373 0.18231394663225808, 

0.09448914436021505, 

0.11470944603763442, 

0.15733783862634407, 

0.10940704742204302, 

0.1730379695591398, 

0.16870460712903226 

474 2108 0.16885831250518554, 

0.09974659068829686, 

0.11872059739676499, 

0.1608771553092293, 

0.1126127199681256, 

0.17191967865604188, 

0.16726494539514747 

422 0.17626087343317537, 

0.10289591351421802, 

0.11648957295260663, 

0.15186970316824644, 

0.109863961521327, 

0.17160212863981042, 

0.17101784785545024 

 

 

 

A summary of reranking the IMDb Top 100 greatest movies for test users’ ID 

414, 448, and 474 for their UVECs is as following: 

• After applying Cosine Similarity to compute the pairwise similarity of each 

test user’s UVEC and each IMDb Top 100 greatest movies of all time, yields 

a reranked list of the Top 100 greatest movies for each test user. Each user’s 

UVEC is unique, resulting in no two users’ reranked lists are alike.  
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• For comparison purposes, each user prepares two UVECs as depicted in Table 

1-3. The first UVEC computes by taking the average of MVECs from 20% of 

total movies watched, and the second UVEC from all movies watched. The 

first group of test users’ UVECs yields the reranking top-10 list in Table 1-4 

and Table 1-5 bottom-10 list as the second group of test users. 
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Table 1-4 Reranked top-10 and bottom-10 of the IMDb “Top 100 Greatest Movies of All 

Time” for test user ID 414, 448, and 474 with each test user UVEC computes by using 

the user’s 20% watched movies. 
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1 858 1252 0.996450259 1252 0.996723803 1252 0.997707766 

2 1221 1213 0.993489526 1213 0.994866242 1213 0.996356788 

3 2019 899 0.987464503 912 0.988492228 912 0.98464089 

4 296 318 0.986798674 899 0.98606952 899 0.983237853 

5 1203 912 0.986466293 318 0.983063978 318 0.982762205 

6 5618 8125 0.982617435 8125 0.981511451 8125 0.982125363 

7 527 26150 0.979854611 1945 0.978802381 26150 0.98013254 

8 912 89759 0.979498245 1251 0.976303064 296 0.979182356 

9 1219 1251 0.978022642 26150 0.976186607 1251 0.978921868 

10 1213 1237 0.977216208 89759 0.976062419 6669 0.97628129 

        

91 5147 260 0.79464069 1254 0.792057079 6818 0.79192059 

92 1305 668 0.787163724 668 0.780316481 1254 0.786878051 

93 1206 1228 0.785801074 1228 0.77447274 1228 0.771410294 

94 3134 56782 0.774957382 56782 0.76282839 56782 0.756706786 

95 56782 1212 0.731264626 7153 0.726487949 7153 0.731213381 

96 1225 7153 0.730794292 1212 0.717593648 1212 0.71877184 

97 1230 1196 0.671312144 1196 0.659868752 1196 0.651181781 

98 112552 6660 0.643006212 6660 0.629922997 6660 0.62804993 

99 668 58559 0.637705185 58559 0.626534463 58559 0.615430798 

100 1172 122926 NA 122926 NA 122926 NA 
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Table 1-5 Reranked Top-10 and bottom-10 of IMDb “Top 100 Greatest Movies of All 

Time” for test user ID 414, 448, and 474 with each test user UVEC compute by using 

user’s 100% watched movies. 
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1 858 1252 0.995991063 1252 0.996741463 1252 0.996521033 

2 1221 1213 0.991802873 1213 0.993663376 1213 0.99339763 

3 2019 318 0.989716152 899 0.987805935 318 0.988014081 

4 296 899 0.988458846 318 0.986651614 899 0.986702536 

5 1203 8125 0.983494949 912 0.985369124 912 0.983712787 

6 5618 26150 0.983309876 8125 0.982283492 8125 0.983066417 

7 527 912 0.982956338 26150 0.980396616 26150 0.983039284 

8 912 89759 0.98188183 89759 0.978475687 1251 0.979651497 

9 1219 1237 0.980488583 1251 0.977750838 89759 0.979560509 

10 1213 1251 0.979423059 1237 0.976561139 1237 0.97857546 

        

91 5147 1228 0.796922012 260 0.796381405 668 0.797709715 

92 1305 668 0.794821438 668 0.790120736 260 0.794330653 

93 1206 260 0.78613242 1228 0.786494709 1228 0.789192998 

94 3134 56782 0.785611032 56782 0.774199103 56782 0.777125909 

95 56782 1212 0.743373742 1212 0.731662518 1212 0.737945216 

96 1225 7153 0.732836479 7153 0.72955389 7153 0.735000228 

97 1230 1196 0.67952888 1196 0.670743797 1196 0.672677563 

98 112552 6660 0.653516695 6660 0.643675498 6660 0.647988623 

99 668 58559 0.645874196 58559 0.636792928 58559 0.637620763 

100 1172 122926 NA 122926 NA 122926 NA 
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1.2.4 Issue on the Value of a Good Recommender System is Worth Today 

The recommendations-making algorithms such as Netflix’s Cinematch 

Recommender Engine are a highly guarded trade secret of Netflix and value the 

technology as a competitive advantage in its business operations. No one knows the 

dollar value of any company’s Recommender System because companies like Netflix and 

Amazon rely on the Web for business operations and transactions. Recommender 

Engines are the critical technology to act as a virtual sell representative in handholding 

customers by showing, soliciting, buying, cross-selling, and up-selling transactions while 

displaying and promoting partners’ advertisements on goods and services. The Netflix 

competition put a price tag of one million to any party who could improve the movie 

recommendation performance over Netflix’s existing Cinematch Recommender Engine 

by 10%. So, one can deduce a good Recommender System in 2009 might worth at least 

one million dollars for making a 10% improvement over an existing Recommender 

System or at least ten million dollars if achieving a double improvement. A question for 

this dissertation research to ponder is what a good Recommender System is worth today? 

 

1.2.4.1 Possible Remedy for the Value of a Good Recommender System is Worth 

Today 

In human nature, regardless of how boarding a subject under discussion is, once 

someone puts a hefty price tag on the subject, suddenly, the subject becomes not only 

exciting but a hot topic to lure every participant into an active discussion. Even people 

who stand on the sideline would jump right in to speak their minds or seek a fair share of 
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action. The field of Recommender Systems research is as old as the dawn of human 

civilization, started with the first group of humans who enjoyed socializing. If an early 

human ancestor needed a recommendation, he asked for it from his comrades. Fast 

forward to a quarter-century ago, the machine capable of making recommendations 

coined the name Recommender Systems in the 2nd symposium of WWW [20]. Before 

calling the field Recommender Systems, the following terms, such as information 

retrieval, information mining, and knowledge discovery, are synonymous with the field 

[21]. Thus, the field has been around for a very long time and is considered a mature field 

by the research publications’ voluminous amount. 

A report has documented that two-thirds of the movies Netflix customers watched 

came from the CineMatch Recommender Engine's recommendations. Google has 

improved click-through-rate (CTR) by 38% that benefited from news recommendations. 

Amazon enjoyed that 35% of sales came from recommendations [22]. No one would 

know the correct answer to the question of what a good Recommender System is worth 

today.  However, the following news event may shed some light on the worth of a good 

Recommender System. Fortune reported in a news article on August 5, 2020, “A big 

wrinkle in a Microsoft-ByteDance deal: Deciding how much TikTok is worth” quoted 

analysts and bankers estimated the deal of TikTok’s business just in the USA alone value 

anywhere from $20 billion to $50 billion, such a broad range estimation reflects the 

complexity of the deal involved in separating TikTok’s American from her global 

businesses but including business in Canada, Australia, and New Zealand. TikTok is a 

startup company closely-held by ByteDance, a Chinese Internet giant that operates a 
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family of famous and successful entertainment apps. The TikTok app allowed users to 

create 15-second videos and soundtrack by music clips. The app achieved the fourth-most 

downloaded non-gaming app in 2019 behind Messenger, Facebook, and WhatsApp [23]. 

ByteDance generated more than $3 billion of net profit on $17 billion of revenue in 2019, 

making her the world’s most valuable startup by Bloomberg News reported in May 2020, 

as a private-market valuation of $100 billion for the parent company. As for TikTok, 

there has not been a clear validation for a standalone company. According to an analyst at 

Wedbush Securities, who has estimated TikTok’s U.S. operations account for 40% of 

ByteDance’s validation, or the deal should be worth about $40 billion. 

TikTok highlights the basic flow of its “For You” feed, a user’s landing page. The 

landing page relies on an elaborate set of weighted signals for a Recommender Engine to 

feed personalized recommended videos, hashtags, songs to the user’s device in use [24]. 

The competitive advantage for TikTok is no two “For You” feed is the same, and each 

user’s feed is unique and tailored to the specific user tastes and preferences. The claim 

statement is very similar to the conceptual advocacy of this dissertation research’s user 

emotion profile. No two users’ emotion profiles are the same because UVEC is unique, 

reflecting no two persons’ mood features are identical at any point in time. 

 

1.2.5 Issues Related to the Development of a Cross-domain Personalized 

Recommender System 

Is it possible to develop a Recommender System that can make personalized 

recommendations to disjoint users and items in different domains such as users in Netflix 
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and Amazon, without altering the users’ and items’ identity in the respective domain? 

The objective here is not to ask a user to sign up for an account on each domain. It is a 

user’s choice to join a domain as he sees fit. The user can choose to sign up for an 

account on only one domain or both—the Recommender System provision to associate 

users with similar preferences and tastes and make reasonable personalized 

recommendations. The following scenario may occur for user A on Netflix enjoyed 

watching movie X may like to buy the same product Y bought by user B on Amazon.  

Similarly, user B on Amazon who bought and liked product Y may enjoy movie X 

the same way user A did. User A and B on different domains are not necessarily the same 

user in identity, but both shared similar tastes and preferences. The dissertation research 

question is how to develop a cross-domain personalized Recommender System?  

 

1.2.5.1 Possible Remedy for Development of a Cross-domain Personalized 

Recommender System 

The key to making top-N recommendations by any Recommender System is to 

find a way to group similar users or items. Then apply the filtering algorithm of choice to 

make the top-N recommendations to the active user. In the case of affective aware 

Recommender Systems, each user and item already pre-computed with its emotion 

profile. The first step is to rank a list of p user emotion profiles closely matching the 

active user's emotion profile to make top-N recommendations. Next, compile a list of m 

consumed items from the list of top-M ranked users and reranked each consumed item's 

emotion profile on the list against the active user's emotion profile. The reranked top-M 
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consumed items list becomes the top-N recommendations list for the active user. The 

Recommender Systems designer can decide on the cutoff value for N, m, and p. 

In the affective aware cross-domain recommendation making, I apply the 

Affective Aware Pseudo Association Method (AAPAM) to pseudo connect disjoint users 

across different domains as described in one of my papers in [11]. The action of pseudo 

connect in AAPAM is known as Pseudo Associate Connect (PAC) disjoint users. 

AAPAM takes the user emotion profile UVEC into consideration by computing the 

Affective Index Indicator (AII), which shows the closeness of UVEC between the active 

user and the disjoint users in different domains. Through the AII value in the AAPAM 

method, one can group disjoint users with similar emotion profiles. AAPAM method can 

apply to group similar disjoint items across different domains together. I also extended 

the AAPAM method to develop top-N recommendations for an active user with products 

the span across different domains [12] by demonstrating the PAC connection of users' in 

the MovieLens domain with users' in Amazon to achieve making top-N recommendations 

across these two disjoint domains. 

 

 

1.2.6 Issue on Applying Affective Features in Group Recommender Systems 

for Grouping of Disparate and Similar Users and Group Decision-Making 

There are two keys design considerations for Group Recommender Systems 

(GRS). All commercial Recommender Systems developers designed and developed 

Group Recommender Systems [25]. For system performance consideration, such 

Recommender Systems would focus on users’ grouping strategy. It will group users with 
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similar preferences and tastes in the same group. If a Group Recommender System makes 

a top-N recommendation to any active user in a group, the same top-N list will serve all 

members in that group. The grouping strategy for such system users is called the system 

simulcast group (SSG), which is the most common strategy for system users’ grouping 

strategy. Another general system user’s grouping strategy is a system broadcast group 

(SBG), which refers to distributing the same information to all SSG. SSG and SBG 

message distribution differences are that SSG is intra-group oriented, whereas SBG is 

inter-group oriented.   

The second fundamental design point is about user grouping types. A user 

grouping type is known as uni-group (UG), consisting of only a single member. Another 

type of user grouping is known as multi-group (MG), consisting of multi-members. A 

network of SSG groups may get involved in distributing a top-N recommendations list 

where the user is an SSG group member. For a Recommender System, making top-N 

recommendations for an active user is relatively straightforward. A Personalized 

Recommender System only needs to access the user’s preference profile to evaluate and 

select recommendation candidates when making the top-N recommendations-making 

process. When making recommendations for a group of users it becomes more 

challenging. The Recommender System needs to adopt a group decision-making strategy 

to guide the top-N recommendations making for all group members. In other words, the 

Recommender System needs to consider both the group preferences profile and the 

individual active user’s preference profile when making the top-N recommendations for a 

group. Moreover, the Recommender system needs to consider whether the preference 
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profile is group-oriented or personal-oriented and aware that the profile values are ever-

changing as the group member consumed an item. A research question to investigate is 

how to use Group Recommender Systems’ affective features for disparate and similar 

users in group formation and group decision-making support? 

 

1.2.6.1 Possible Remedy for Applying Affective Features in Group Recommender 

Systems for Disparate and Similar Users in Group Formation and Group 

Decision-Making Support 

People enjoy socializing. Many users believe that a Recommender System should 

support group formation management such as group creation, group deletion, adding 

members, removing members, listing members, setting member privileges, notifying 

members, and member vote management. From a user’s perspective, users should not be 

burden by the system in maintaining the user’s profile nor require interacting with the 

system regarding their preferences because an ideal system ought to aware of all its users’ 

likes and dislikes. For instance, the system should mine from the system’s implicit 

metadata such as system transactions and log files for the needed user’s preference 

information. The system needs to find a viable solution to support all the above wish lists 

and more. 

The minimum member number in a group is two (2). Thus, one must find a means 

to compare the differences of profiles among the group members. The prior works of [11] 

and [12] both applied the Affective Aware Pseudo Association Method (AAPAM) for the 

pairwise object’s preference profile comparison in a group. This study wants to address 
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what a Recommender System can support the systems and users’ group-related 

operations. 

 

1.3 Known Deficiencies of Recommender Systems 

Listed below are some known deficiencies in Recommender Systems in general: 

• Evidence by the staleness in the top-N recommendations, that implies 

Recommender Systems are not adapting to the ever-changing users’ tastes and 

preferences.  

• Cold-start exists when adding a new user or item is added to a Recommender 

System, particularly in a Collaborative Filtering Recommender System. The 

reason is no user has yet interacted with the new item. Recommender System 

cannot adequately predict the newly added item’s fitness level  regarding the 

active user’s taste and preference. 

• Recommender Systems are domain bounded. When expanding attributes to a 

Recommender dataset, the Recommender would not automatically adapt to the 

extended features dataset without explicit data processing logic modification. 

Depending on how tightly couple performance tuning of the algorithm to the 

processing logic, modifying data processing logic to adapt the attribute expansion 

could be modest to challenge highly. Netflix Million Dollars Prize 2006 challenge 

has shown that Netflix failed to adapt the prize-winning team’s improved 

Recommender’s performance algorithms to Netflix’s CineMatch Recommender. 
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The unattainable integration reason is that both Recommenders have been 

optimized for high performance. 

•  Lack of readily available emotion-labeled datasets for Emotion Aware 

Recommenders research and development. All researchers must derive a strategy 

to boot stripe a non-affective aware dataset affective aware. 

• Lack of standard procedure to collect and label emotion datasets and modeling 

users’ and items’ emotion profiles. Researchers must adopt an emotional 

definition for their research. Many have adopted Ekman’s Micro Facial 

Expression to label basic human emotions. However, not all objects have a human 

face for Micro Facial Expression to detect and recognize basic human emotions; 

thus, introduces a dilemma for researchers when encountered a faceless object. 

• Researchers must develop proprietary methods to collect and label emotion 

metadata in the absence of a standard procedure. These proprietary methods are 

not published and are not obligated to share with others. There is no guarantee for 

peers to replicate the derived emotion-labeled dataset for peer review. 

 

1.4 The Objectives of Dissertation Research 

The reason for any organization deploying a Recommender System is to better 

serve human users’ needs by making recommendations of objects that meet all the 

expectations and preferences the user seeks and gladly consumes.  

From a Recommender System performance perspective, when generating top-N 

recommendations, it targets a group of users who share similar tastes and preferences 
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instead of a single user from the users’ perspective. The generated top-N 

recommendations of products and services meet users’ tastes and preferences while 

overcoming information overloading syndrome. The holy grail of making a 

recommendation by a Recommender System to an active user will wholeheartedly like 

the recommendation and subsequently decide to purchase the recommended product(s) or 

service(s). Hence users enjoy comparing goods from different vendors; thus, they most 

likely shop around for products and services before deciding. An ideal Recommender 

System should be capable of making top-N recommendations across different 

information domains. It can make use of different data repositories that reside in different 

information domains. For example, such a Recommender System should make a 

personalized recommendation of a book on Amazon to a Netflix movie user, knowing 

that the Netflix user need not be an Amazon customer. In other words, the ideal 

Recommender System can make cross information domain personalized top-N 

recommendations to an active user using products and services information that reside in 

other domains regardless of the absence of the active user’s preference profile in the 

respective domains. 

Human emotion plays a role in all daily activities and decision-making processes. 

This dissertation research focuses on issues of affective aware Recommender Systems. 

Unlike other affective aware Recommender Systems research, the author aims to study an 

end-to-end Cross Information Domain Multi-Channel Emotion Aware Recommender 

(e2e CID McEAR). The goal is to enable any Recommender System with the ability to 

make recommendations across different information domains with minimum 
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modification requirements to existing non-affective aware Recommender Systems. 

Hence, a Recommender System is a data-driven automaton. To enable an end-to-end 

Emotion Aware Recommender, one must apply affective awareness in the user profile, 

the item profile, and the recommendation-making engine. The following diagram of 

Figure 1.4 depicts the conceptual block diagram of an end-to-end Cross Information 

Domain Multi-Channel Emotion Aware Recommender architecture. 

 

 

Figure 1.4 Architecture block diagram of a cross information domain Multi-channel 

Emotion Aware Recommender. 

However, the current state of Recommender Systems suffers the following known 

deficiencies, which require research efforts to overcome. 

1. Recommender Systems are not adapting to the ever-changing users’ tastes and 

preferences. 

2. Recommender Systems are domain bounded. 
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3. Lack of readily available emotion-labeled datasets for conducting Emotion Aware 

Recommenders research and development. 

4. Lack of standard procedure to collect and label emotion datasets and modeling 

users’ and items’ emotion profiles. 

5. No guarantee for peers to replicate a derived emotion-labeled dataset for peer 

review. 

6. Not all objects have a human face for Micro Facial Expression to emotion 

detection and recognition of basic human emotions. 

This dissertation research objectives are to derive an affective aware representation 

method for top-N recommendation making modeling with the study focus include the 

following: 

1. Design of user emotion profile embedding and modeling. 

2. Design of item emotion profile embedding and modeling. 

3. Enable affective aware top-N recommendations making. 

4. Associate disjoint users reside in different datasets within and across different 

information domains. 

5. Remedy for affective aware top-N recommendation making across different 

information domains. 

6. Serendipitous top-N recommendation making 

7. Remedy for cold start 

8. Formation of grouping users 

 



39 

 

1.5 Research Questions and Hypotheses 

I decided to research remedies to alleviate some known deficiencies in 

Recommender Systems, mainly related to Emotion Aware Recommenders. I formulated 

the following six research questions, each associated with a hypothesis depicted in Table 

1-6. Based on the findings, I will describe in Chapter 6.3, Conclusion of Dissertation 

Study, on page 250, whether each research question's outcome can support or not support 

the associated hypothesis. 
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Table 1-6 Research questions and hypotheses inspired by some of the known deficiencies 

in Recommender Systems. 

Research Questions Research Hypotheses 

RQ1: Is an Emotion Aware Recommender 

System capable of adapting to the ever-

changing users’ tastes and preferences? 

RH1: If an Emotion Aware Recommender 

meets the following conditions: 

1) modeled the users’ and items’ affective 

features consistently 

2) users’ profiles always reflect the moods 

up-to-date 

then the top-N makes by the Emotion 

Aware Recommender will always reflect 

the active user’s moods up-to-date; thus, it 

adapts to the ever-changing user’s tastes 

and preferences. 

RQ2: Can the effectiveness of top-N 

recommendations generated by a 

Recommender enabled with emotional 

features be measured? 

RH2: If emotion features are enabled in 

users’ and items’, by comparing the active 

user’s emotion profile against the top-N 

through a distance metric and reranked the 

top-N, then one can assess the level of 

enhancement between the two top-N lists. 

RQ3: Can disjoint users in different 

information domains be joined as a single 

domain? 

 

Presuming all users’ and items’ profiles 

are consistently enabled and modeled with 

the same emotion profile vector 

embeddings regardless of domains they 

are resided, each active user can find the 

most similar user in different dataset in 

same or different domain through a 

distance metric for association.  

RH3: If the emotion profile of user Q on 

dataset X is closely similar to user R in 

dataset Y regardless of the domain Q and 

R reside, then by the association rule of 

the disjoint users, these disjoint users can 

be joined as if they have resided in the 

same dataset of the same domain. 

RQ4: Can affective enabled Personalized 

Recommender Systems span across 

multiple information domains? 

RH4: If all users’ and items’ profiles are 

consistently enabled and modeled with the 

same emotion profile embeddings 

regardless of the domains they resided, 

then any Personalized Recommender 

System can work with any of these 

datasets can span across multiple 

domains. 

RQ5: Can Group Recommender Systems 

improve system throughput through 

RH5: If system group formation is done 

through the prescribed group 
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system group formulation using affective 

features? 

 

Let assume a Group Recommender 

System picks the most dominant user in 

an emotion-labeled dataset as the anchor 

member when forming a system group. It 

finds and ranks other users in the dataset 

and picking the top-M most similar 

emotion profile users to be members of 

the system group. All members in the 

system group share the same top-N 

recommendations. 

formation, then the system can leverage 

top-N sharing within each system group 

as evidence of throughput improvement. 

RQ6: Can Group Recommender Systems 

apply affective features to support 

decision-making in user groups? 

RH6: If a Group Recommender System 

destinates the most items consumed 

member in a user group as the dominant 

user, and least items consumed member as 

the least-misery user,  

then the Group Recommender System 

can provide decision-making support to 

the dominant user by favoring the 

dominant user’s choice of top-N 

recommendations while providing 

decision-making support to the least-

misery user by favoring least-misery 

user’s choice of top-N recommendations 

list. 

 

 

 

1.6 Dissertation Research Contributions to the Field 

The invention pertains to providing affective aware consumable top-N 

recommendations at the active users' request. The Recommender System will 

conveniently associate the making and distributing of consumable top-N 

recommendations to system-managed users whose affective signature is similar. The 

invention addresses the problem of reliably satisfying large numbers of active users 
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demand serendipitous recommendations. Notably, the recommendations meet the active 

users’ tastes and preferences, which are incredibly consumable, significantly eliminating 

the cold start problems that often occurred in new users and less visible items and 

ensuring the availability of the standard features across different datasets of cross 

information domains. The invention aims at the following five system components: 

1) The first contribution is about enabling a Recommender System to boot strip an 

information domain suffering from lacking affective labeled data by giving its the 

ability to auto-detect and recognize text-based affective features in the domain 

metadata through the source subjective text-oriented metadata that comes from 

the general description of a product or sentiment feedback from a user. The source 

may be from a movie overview, a movie storyline, a movie plot, or a movie 

review from a critic or moviegoer. The invention of this dissertation research is 

about a text-based affective contextual classifier capable of auto-detecting and 

recognizing an object's emotional features from its subjective writing. 

Most emotion detection and recognition (EDR) on primary human 

emotion research apply facial expressions to classify primary human emotion. 

However, not all objects contain a human face. Thus, the EDR based on facial 

expressions fails the EDR task in the presence of a faceless human object. For 

example, facial expression based EDR will not do well when the object is a duck 

in a pond, a Furret from Pokemon, a Christmas carol, a slice of Wonder bread, or 

a box of chocolates. Instead, this dissertation research focuses its EDR approach 

on automating a text-based cross information domain contextual affective 
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classifier to detect and recognize any object's emotional features from its 

description in subjective text format, such as from a product marketing 

description. 

In most EDR research works, the emotion label of a dataset usually 

encodes manually. The encoding process is time-consuming, inefficient, costly, 

error-prone, and may involve a domain expert. Instead, this study focuses on 

automating the emotion label embeddings process by extracting emotion labels 

from tweets with keyword tags that match a predefined primary human affective 

contextual word set consisting of affective words synonymous. Using a pre-

trained GloVe language model builds the language model for the affective 

contextual words set. Using a bidirectional butterfly wing LSTM - CNN Conv1D 

architecture from the deep learning algorithm to build the Tweet Affective 

Classifier (TAC), classify seven primary human emotions: neutral, happiness, 

sadness, hate, anger, disgust, and surprise. By feeding any subjective text such as 

movie overview from TMDb or subjective text of products and services 

description from Amazon as input to TAC, it can classify emotional features for 

the movie or products and services in the form of the probability distribution of 

the seven primary human emotions. Each primary human emotion value in the 

probability distribution expresses in percentage, and when summing all seven 

primary human emotion distribution values, it yields one (1). The probability 

distribution of the seven primary human emotions forms a seven-dimensional 

vector emotion embedding for the classified objects. This dissertation research 
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applies TAC to classify the movie emotion profile (MVEC) from Movielens, 

TMDb, IMDb datasets, and product emotion profile (IVEC) from Amazon 

repositories. In this dissertation research, MVEC and IVEC use interchangeably 

to denote the emotion vector embedding of a movie's or any object's emotion 

profile. However, UVEC refers to the emotion vector embedding of a user's 

emotion profile. I have documented the development of the text-based affective 

contextual EDR method in a conference paper [8], where it detailed the 

description of TAC and modeling of MVEC / IVEC and UVEC.  Please refer to 

the following cross-reference Table 1-7 for further description of the subject 

matter.  
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Table 1-7 Cross-reference table for TAC and contextual EDR subject matter. 

Topic Refer to Section Section Label On Page 

EDR through 

Human Facial 

Expression 

2.3.1 Emotion Detection and 

Recognition 

 

Emotion Detection and 

Recognition through Human 

Facial Expressions 

105 

EDR through 

Contextual Natural 

Language 

Processing 

2.3.2 Emotion Detection and 

Recognition through 

Contextual Natural Language 

Processing 

107 

EDR Methodology 

Overview 

3.1,  

3.1.1 

Chapter Introduction, 

Emotion Detection and 

Recognition 

132, 

134 

Emotion Key 

Words and 

Synonymous 

3.2.2 Gathering of Emotion 

Synonymous from 

WordNetAffectEmotionLists 

142 

Tweets’ Emotion 

Key Word Tags 

3.2.3 Selecting Emotion Tags from 

Tweets in Twitter database 

143 

EDR Modeling 

Overview 

3.3 Develop Core Affective 

Aware 

145 

TAC Modeling 3.3.1 Tweets Affective Classifier 147 

TAC 

Implementation 

4.9 Implementation of Tweets 

Affective Classifier 

193 

TAC Future Work 6.2 Future Work 249 

User’s and item’s 

emotion profiles 

implementation 

4.8 UVEC and MVEC  192 

 

 

2) The second contribution derives a method for emotion vector embedding to model 

user emotion profile (UVEC) and item emotion profile (IVEC / MVEC). In many 

profile modeling works, user and item profile modeling using two different sets of 

metadata. For example, in movie profile modeling, the modeler relies on movie 

metadata such as movie description, storylines, genres, casting on producers, 
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directors, actors, and actress’s information, budgets, revenues, box office, 

releases, awards, and reviews metadata to model movie profiles. The modeler 

may use users' metadata for user profiles such as gender, age, demography, geo-

tags, personality, movie watching frequency, movie watching location, number of 

companions, genres, and other personal metadata model users' profiles. Such a 

modeling approach does not exhibit a direct linkage between the user and item 

profiles. 

In contrast, this dissertation model the user and item profile by tightly 

coupling the two profiles using the same emotion attributes set. The movie item 

profile, MVEC, obtains through TAC auto-detection of affective attributes from 

the movie overview, while the user profile, UVEC, obtains through the 

computation of the means of all MVECs of movies the user has watched. MVEC 

and UVEC adopt the same emotional features set, forming a tightly coupled 

relationship between a user and item emotion profiles. 

TAC can classify an emotion vector of any object using its metadata with 

a subjective text description. This dissertation research denotes IVEC as an object 

or item emotion vector embedding and UVEC as a user emotion vector 

embedding. In the case of a movie item, IVEC denotes MVEC instead. In this 

dissertation research, IVEC and MVEC use interchangeably. IVEC or MVEC is 

the emotion vector embedding obtained through the TAC classification task that 

applies to an item's or movie's metadata subjective text description. The emotion 

vector represents the seven human primary emotions' probabilistic distribution 
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values that TAC designs to detect and classify the object's subjective description. 

A user's UVEC value obtains by taking the average of all the items' IVECs that 

the user has consumed. One can apply the Cosine Similarity distance metric to 

measure two objects' closeness, may that be two users' UVECs, two items' IVECs, 

or between a user's UVEC and an item's IVEC. In the article [8], I illustrated the 

development of MVEC / IVEC and UVEC. For a further description of the 

subject matter, please refer to the following cross-reference Table 1-8. 

Table 1-8 Cross-reference for UVEC, MVEC, IVEC subject matter. 

Topic Refer to 

Section 

Section Label On 

Page 

UVEC and MVEC / IVEC 4.8 UVEC and MVEC 192 

Provision User Profile for 

Adapting Ever-changing User 

Tastes 

1.2.1 Issue of Provisioning a 

Recommender System 

Capable of Adapting to 

the Ever-changing Users’ 

Tastes and Preferences 

6 

Tweets Affective Classifier 4.9 Implementation of 

Tweets Affective 

Classifier 

193 

 

 

3) The third contribution advocates a method to associate disjoint users and items 

across different datasets in the same or different information domains. 

Practitioners often face the problem of working with datasets from multiple 

sources. There is a need to make references for items across different datasets 

from the same or different information domains. In the case of datasets containing 

users and items metadata, it is not always safe to assume all entities with the same 
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entity identification are the same entity regardless of whether they reside in the 

same or different information domains. Thus, entities in such a situation are 

disjoint entities. There is a need to associate disjoint entities from different 

datasets across the same or different information domains; even the involved 

entities are physically distinct. This dissertation research advocates a concept of a 

pseudo disjoint entity refers to an entity whose emotion profile closely matches 

the emotion profile of a disjoint entity that resides in a different dataset within the 

same or different information domains. This dissertation research derives an 

innovative method that relies on the same set of affective attributes known as the 

Affective Aware Pseudo Association Method (AAPAM) that can make a pseudo 

associate connection (PAC) between two disjoint entities across different datasets 

of the same or different information domains. I have documented the development 

of AAPAM in [11]. For further detailed information regarding the subject matter, 

please refer to the following cross-reference in Table 1-9.  
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Table 1-9 Cross-reference of disjoint users’ subject matter, AAPAM method, and PAC. 

Topic Refer to Section Section Label On Page 

The Motivation for 

Making Use of 

UVEC in Disjoint 

User Across 

Different Domains 

1.2.2 Issue on Recommender 

Systems Using Affective 

Features in Users’ Profiles to 

Associate Disjoint Users 

Across Different Information 

Domains 

9 

Remedy for RS 

using Affective 

Features in Users’ 

Profiles to 

Associate Disjoint 

Users Across 

Difference 

Domains 

1.2.2.1 Possible Remedy for 

Recommender Systems using 

Affective Features in Users’ 

Profiles to Associate Disjoint 

Users Across Different 

Information Domains 

14 

AAPAM Method 3.3.4 Affective Aware Pseudo 

Association Method 

155 

PAC Disjoint Users 

Across Different 

Datasets in Same 

and Different 

Information 

Domains 

4.13 PAC Disjoint Users within 

Same and Across Different 

Domains 

208 

Example of Making 

Cross Domain 

Recommendations 

5.6.1 Making Recommendations 

using Products in Amazon to 

Disjoint Users in MovieLens 

234 

Example of PAC 

Results 

5.5.1 Pseudo Associate Connect 230 

Example of Cross 

Domain 

Recommendations 

between Amazon 

and MovieLens 

5.6.1 Making Recommendations 

using Products in Amazon to 

Disjoint Users in MovieLens 

234 

 

 

4) The fourth contribution is about using affective features in user and item profiles 

to make cross information domains recommendations. Existing Cross-domain 

Recommender Systems (CDRs) rely on each domain's rating score's similarity to 
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make cross-domain recommendations via the Collaborative Filtering (CF) 

method. The approach assumes a user un who gave a top 5-star rating to a movie 

mn on Netflix would like to read a recommended book ba which user ua gave a top 

5-star rating to the book on Amazon. The CF method works, but it is known that 

CF only capable of making recommendations on items that users have rated. For 

items that have yet received a rating, they are not visible to CF, a known cold start 

problem in CF. CF may also recommend the same set of items repetitively; thus, 

users who expect serendipitous recommendations may find staleness in 

recommended items. 

Moreover, some CDRs may utilize the similarity of affective features 

found in cross-domain items for making top-N recommendations. The affective 

aware CDR approach extracts affective features from users' sentiments about an 

item in social networking for forming the emotion profiles for the group of users 

and the item. For example, such an approach extracts affective features from a 

group of ten users' Un10 sentiments about the movie Mn10 on Netflix and another 

30 users' Ua30 sentiment on a book Ba30 on Amazon. If the similarity value of the 

affective features between Mn10 and Ba30 are similar, the book Ba30 becomes a 

recommendation candidate to any user in the Un10 group.  Such an approach does 

not address the personal level of user preference that this dissertation research 

does. Still, the approach does not address the user mood changes over time.  

This dissertation addresses the emotional profile of an individual user and 

item. Combining the personal emotion profile of one or more users or items yields 
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the group profiles. User and item emotion profiles adopt the same affective 

features forming a tightly coupled relationship. An item's emotion profile stays 

constant throughout its life span, while a user's emotion profile will evolve as it 

consumes and interacts with an item. Such an ever-changing value in a user's 

emotion profile can better model the user's mood changes over time. The design 

of emotion profile modeling at the individual level for user and item is superior to 

modeling emotion profile through a group of users or items because the affective 

value of an individual entity addresses the individual's certainty value. In contrast, 

a group affective value addresses all members' average values in the group 

without knowing the certainty value of a particular member. 

Using the derived affective aware movie and product datasets, the author 

has shown that one can build an end-to-end Multi-channel Emotion Aware 

Recommender (McEAR) while making cross-domain affective-aware Top-N 

recommendations in papers [26] and [12]. Refer to Table 1-10 for more 

information related to the concept of cross-domain Recommender Systems. 
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Table 1-10 Cross-reference for cross-domain concept of Recommender Systems. 

Topic Refer to Section Section Label On Page 

Motivation of Cross 

Domain 

Recommender 

System 

1.2.5.1 Possible Remedy for 

Development of a Cross-

domain Personalized 

Recommender System 

30 

Example of Making 

Recommendations 

Across Amazon 

and MovieLens 

Domains 

5.6.1 Making Recommendations 

using Products in Amazon to 

Disjoint Users in MovieLens 

234 

 

 

5) The fifth contribution is applying s the Affective Aware Pseudo Association 

Method in studying group formation and group decision-making dynamics. The 

method also shows its adaptability in group’s moods changes when making 

recommendations. There are two aspects of grouping formations investigated in 

this study: system initiated and user-oriented. System initiated grouping motivated 

by the need to increase system throughput and system capacity.  In Recommender 

Systems, the system groups similar users in a group where all group members 

share the same top-N recommendations list made by the Recommender System. 

Partitioning similar users in a group can decrease making top-N recommendations 

to all users in the Recommender Systems. Suppose the Recommender System is 

affective aware and groups users by the similarity of users’ profiles. In that case, 

the system can simulate personalized top-N recommendations through the 

reranked top-N recommendations for the group against the individual user profile 

before serving the reranked top-N recommendations to the user. However, top-N 
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recommendations use as-is in a user group initiated by users without reranking. 

Table 1-11 depicted a cross-reference containing related topic. 

Table 1-11 Cross-reference for concept of Group Recommender Systems. 

Topic Section Section Label Page 

Overview of Group 

Recommender Systems 

2.5 Group Recommender Systems 111 

Overview of Group 

Recommendation 

Making Strategies 

2.5.6 Group Recommendation Making 

Strategies 

123 

System Group Formation 3.4 System Formation of System 

Simulcast Group 

163  

User Group Formation 3.5 User Formation of Multi-Group 165 

System Group Formation 

Prototyping 

5.7.1 System Group Formation 238 

User Group Formation 

Prototyping 

5.8.1 Multi-User Group Formation 242 

Group Decision-Making 

Strategy Prototyping 

5.8.2 Group Decision-Making Strategy 243 

 

 

1.7 The Dissertation Research Outline 

To realize the goal of demonstrating a functioning end-to-end cross information 

domain Multi-channel Emotion Aware Recommender (E2E CID McEAR), one must 

successfully demonstrate the four critical components of the McEAR through prototyping. 

The four critical components of McEAR are: 

1. Hence, the data used for the study of McEAR is movie metadata; the first critical 

component of McEAR is developing an emotion detection and recognition (EDR) 

method to classify the movie metadata’s affective features. Next, develop an 

affective aware data representation method to model user profile and movie 
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profile. Finally, demonstrate the Recommender System’s affective awareness by 

measuring the support coverage (hit rate) between the top-N recommendations 

generated by the Recommender System in a usual way and the top-N’s reranking 

through a set of affective aware distance metrics. I wrote an article [8] that 

illustrated the said study and submitted it to the 12th International Conference on 

Knowledge Discovery and Information Retrieval (KDIR2020)—the conference 

accepted the paper as a poster presentation and published the paper in the 

conference proceedings. Please refer to the implementation and findings’ details 

to the following modeling, implementation, and evaluation sections. 

2. The first step above achieved the most critical step, proven the EDR of movie 

metadata is attainable through Tweets Affective Classifier to enable movie 

metadata emotion awareness. Step 1 also developed the movie emotion vector 

MVEC embedding method and user emotion vector UVEC embedding concept. I 

wrote an article [26] that illustrated the development of a comparative platform 

for evaluating five Recommender Systems’ performance built from scratch with 

the following emotion-aware and non-emotion aware algorithms: UBCF, IBCF, 

GAR, EAR, MAR. The author submitted the paper to the International 

Conference on Natural Language Computing and AI (NLCAI2020). The 

conference accepted the paper for publishing in the Computer Science & 

Information Technology Journal, 10th International Conference on Computer 

Science, Engineering, and Applications (CCSEA 2020) proceedings. Also, the 

conference invited the author to present the paper at the conference. The highlight 
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of the implementation and results refers to the respective modeling, 

implementation, and evaluation sections. 

3. As a bonus to any author who has submitted and successfully accepted a paper to 

NLCAI2020, the author can optionally submit a revised, extended paper for 

publishing in one of the NLCAI partners’ journals. I devised a method, the 

Affective Aware Pseudo Association Method (AAPAM), to address the disjoint 

users across different datasets problems while improving the Recommender 

System’s performance evaluation metrics in the comparative platform [11]. The 

International Journal on Natural Language Computing (IJNLC) subsequently 

published the paper.  

4. Describe the cross-domain PAC development to connect disjoint users across 

different information domains and utilize the method [12] to make AA-CID-CF 

top-N recommendations disjoint users or items across different information 

domains. The paper was submitted and accepted by the 2nd International 

Conference on Natural Language Processing, Information Retrieval, and AI 

(NIAI 2021). The author received an invitation to present the paper at the 

conference. The conference accepted the paper for publishing in the Computer 

Science & Information Technology Journal, 10th International Conference on 

Computer Science, Engineering, and Applications. 

5. The paper [27] was an extended paper submitted by the invitation of the NIAI 

2021 after the conference. The paper deals with the group formation issues face 

by the system and users. The paper shows a Recommender System can group 
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users with similar emotion profiles UVEC together in a System Simulcast Group 

(SSG) where all SSG members share the top-N recommendations list generated 

by the Recommender System. The paper also shows users-initiated group 

formation of a Multi-user Group (MG). The minimum number of members in an 

MG is two. Each MG has a dominant member who has the most movie watching 

history count among the group members and a least-misery member who has the 

lowest movie watching history. The paper demonstrated various group decision 

support strategies by modeling through the dominant member’s UVEC, least-

misery member’s UVEC, and the group’s average UVEC. 

 

1.8 Chapter Summary 

This introductory chapter level sets readers with a high-level background and 

issues on which Recommender Systems researchers are confronting. It has raised several 

motivational questions hinting where the direction of Recommender Systems research is 

heading. It also offers some possible remedies for readers to ponder. It states the 

dissertation research's objective. It also describes the inventions this dissertation research 

has contributed to the field by publishing five conference papers detailing the critical 

affective computing components related to constructing an End-to-End Cross Information 

Domains Multi-Channel Emotion Aware Recommender. Before ending the introductory 

chapter, it offers a detailed outline of the dissertation research plan.  The next chapter will 

continue to examine Recommender Systems' concept, particularly the history, influential 

actors in the field, and different categories and types of Recommender Systems. 
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2 LITERATURE REVIEW OF GENERAL RECOMMENDER SYSTEMS, 

EMOTION AWARE RECOMMENDER, AND GROUP RECOMMENDER 

SYSTEMS 

2.1 Chapter Introduction 

This chapter survey the prior works of Recommender Systems with attention to 

Emotion Aware Recommender Systems' research contribution. It begins the 

documentation on Recommender Systems' advancement, followed by surveying the 

emotion detection and recognition through human facial micro-expressions methods and 

the contextual natural language processing algorithms. It then examines the prior research 

works of literature in Emotion Aware Recommender Systems, followed by reviewing 

Group Recommender Systems' published works of literature before ending the section 

with a summary. 

 

2.2 The Evolution of Recommender Systems 

Recommender Systems employ users’ and items’ metadata to make 

recommendations. The classification of Recommender Systems, depending on the 

deployment of the filtering technique, is in one of the following three classes: Content-

based Filtering (CBF), Collaborative Filtering (CF), and Hybrid-based Filtering (HBF). 

Desrosiers et al. describe CF as a filtering technique that finds correlations among users 

or items to generate recommendations [28]. This technique makes recommendations by 

analyzing the history of items already consumed by the active user and past behaviors of 
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interaction between the active user and other users. User behaviors' interaction includes a 

similar already rated rating pattern on to the active user's items. CBF makes 

recommendations by analyzing attributes information related to the user's past access 

history (Bobadilla et al., 2013). HBF makes recommendations by combining both CF and 

CBF techniques. The key attributes that make use by CF, CBF, and HBF to make 

recommendations are ratings and user interaction records. However, many empirical 

studies indicate that context-aware approaches can produce more precise 

recommendations [29], [30], [31], [32], [33], [34], [35], and [36]. For example, a vacation 

package Recommender System can enhance the recommendation and user experience's 

performance by adding contextual awareness to the Recommender Systems. Moreover, 

knowing the time, duration, and season of the year the user plans to travel may improve 

the Recommender System's accuracy, making an itinerary to fit the user travel schedule. 

The context subject is depending on the application domain [37].  

Any information that can characterize an entity's situation is in the item or user 

[38]. There is an abundance of investigation in Context-aware Recommender Systems by 

researchers in academia and industries [39]. However, many challenges are still waiting 

for further research and examination. For instance, the main challenge is finding a way to 

automate the acquisition and extraction of contextual information. Many social 

networking and eCommerce sites encourage users to leave their opinions about their user 

experience in products and services as a sentiment. Sentiment and reviews are in textual 

comments documented users' experiences, describing how liked or disliked users’ feel 

about the items. According to Chen et al., more and more service providers invest efforts 
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to incorporate contextual information extracted from sentiment reviews and comments 

into Recommender Systems to aid business operations to remediate data sparsity and 

cold-start problems. Moreover, using the rich information extracted from sentiment 

reviews and commentaries can improve Recommender Systems' performance [40]. More 

importantly, Hariri et al. point out that users usually provide contextual hints in their 

comments [31]. 

 

2.2.1 The Era of Information Overload 

In the age of a knowledge-based economy (KBE), the most valuable commodity 

is information. KBE advocates the idea of integrating knowledge with technology (a.k.a. 

knowledge technology) to create tangible and intangible values. A significant part of 

KBE is to promote the concept of incorporating part of human knowledge into machine 

automation. The goal is through the use of knowledge technology to enhance human 

decision support systems in various fields while generating economic values [41], [42], 

[43], [44], [45], and [46].   

However, information overload is a staple of daily human life since Johannes 

Gutenberg (c.1398-1468) invented the intriguing movable type printing press in the 

middle of the 15th-century [47]. The printing press technology led to the proliferation of 

printed materials. The number of published documents was at such a rate that no one 

could ever read them all in a lifetime. Later, the introduction of carbon paper and 

photocopiers made replicating existing publications even more accessible. Once a printed 

material is digitized, the electronic artifact could be duplicated in electronic storage 
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mediums or printed by printers in unlimited numbers at virtually no cost. All these 

advancements of information replication technologies, coupled with the invention of 

various digital information processing technologies, open the floodgate of information 

that overwhelms all walks of life [48].  

Information overload was first used in 1970 by the futurologist Alvin Toffler 

(October 4, 1928 - June 27, 2016) [49]. He correctly predicted that as the rate of 

information increased in volume and speed, it eventually overwhelmed people’s minds to 

process the data. As a result, it may cause people to delay making decisions, and even 

worse, may lead people to make the wrong choices. Regardless of the advancement in 

information processing technology, people’s comprehension and consumption of the data 

are not getting faster when coupled with the abundance of information availability. 

Information overload arises when too much information that people can process leads to 

a decrease in productivity. Effectively, people become the bottleneck in the process flow. 

Information overload is a worldwide phenomenon. The common causes that contribute to 

information overload are as follows: mainly sending free of charge emails and instant 

messages to many recipients, mindlessly generate text messages such as Twitter tweets, 

wordy blogging,  sharing pictures on Instagram, music sharing on SoundCloud, and Tic 

Toc film clips online, to name a few. Others are business-related online documents 

composed in all forms of text, image, audio, and video files. These artifacts are generated 

non-stop on the Web and in companies’ information processing systems worldwide 24 by 

seven and year-round that fuel the information overload problems that spread like viruses 

on the Web [50]. 
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2.2.2 The Birth of the World Wide Web 

World Wide Web (“WWW” or “the Web”) has been around for more than a 

quarter of a century. Sir Tim Berners-Lee, a British computer scientist, invented the 

technology in 1989 [51]. He reckoned that despite many computers were being 

interconnected together through the fast adoption of the Internet, information sharing 

among Internet users was still a challenging task. Berners-Lee noticed that exploiting an 

emerging technology known as hypertext could alleviate information sharing difficulty 

on the Internet. At the time, Berners-Lee just graduated from Oxford University and 

worked as a software engineer at CERN (Conseil Européen pour la Recherche Nucléaire 

or European Council for Nuclear Research), the large particle physics accelerators 

laboratory near Geneva, Switzerland. He submitted a proposal, “Information 

Management: A Proposal” [51], in March 1989 to his boss, Mike Sendall. Berners-Lee 

proposed an innovative way of linking information in whole or in pieces in hypertext 

interconnect on web pages. Depending on the structural complexity, the data’s content 

can be encoded in Hypertext Markup Language (HTML) on a single or spread through 

multiple web pages. Web pages are linked together through a Uniform Resource 

Identifier (URI) or better known as Uniform Resource Locator (URL). This web link 

address can uniquely identify a single resource on the Web, such as a specific web page, 

a file, or a program. Users can use a web browser to retrieve the web pages’ associated 

web pages where the web pages are maintained. A web browser is a client-side software 

designed to display information on the Web. In contrast, a web server is a server-side 

software program that resides on a computer server running as a node on the Internet 
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capable of delivering requested web pages to the web browsers. The web server 

communicates with a web browser through a Hypertext Transfer Protocol (HTTP). 

Although Mike Sendall did not immediately accept Berners-Lee’s proposal, he 

gave Berners-Lee time to work on it. Thus, the Web was never an official project at 

CERN. Berners-Lee started developing the first web browser and the first web server in 

September 1990 on the NeXT computer, a computer company founded by Steve Jobs 

after he left Apple Inc. [52]. By October of 1990, Burners-Lee completed the 

development of the three fundamental technologies: HTML, URI / URL, and HTTP, 

which remain the foundation of today’s Web architecture that all web users may have 

noticed on parts of their web system. Also, Berners-Lee developed the original web page 

editor/ browser (a.k.a. “WorldWideWeb.app”) and the original web server (a.k.a. 

“httpd”). He demonstrated the first web page served on the Internet at the end of 1990. 

Berners-Lee introduced the first release of the web browser and web server at CERN in 

January 1991. Two years later, CERN released the World Wide Web software to the 

general public on a royalty-free basis on the Internet on April 30, 1993, and started the 

paradigm shift in how people all look at, retrieve of, and make use of information on the 

Internet [53] and [54]. 

 

2.2.3 The Growth of the Websites 

WWW technology was quickly embraced by various organizations worldwide. 

Besides the academic community, individual, government, and all categories of the 

commercial and industrial sectors adopted the WWW technology into their core business 
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operations. Through the Web, the world finally seemed to conform universally to the 

request and display of information. As time went by, websites started to show up on the 

Web, and web traffic began to generate at a phenomenal rate. From the humble beginning 

of one single website on the Web on its inception in January 1991, the number of 

websites grew 900% year-to-year to 10 websites in the following year, 1992. Then 130 

websites in 1993, and by 1997, the number of websites surpassed one million marks or 

1,117,255 websites, to be exact. The number of websites put on the Web had 

continuously grown furiously at a near exponential rate in the past two decades since the 

Web’s inception that the count of website number had peaked at 1,766,926,408 websites 

by 2017. Not all websites are actively in use. Out of the 1.7 billion-plus websites, less 

than 200 million are active. These active websites included those popular websites such 

as Google, Amazon, Facebook, Twitter, Yahoo, YouTube, Baidu, Flickr, LinkedIn, 

Netflix, Tic Toc, and too many other popular commercial websites to mention [55]. 

 

2.2.4 The Growth of Web Users 

Like the website’s growth rate, the Web user’s growth rate was nothing but 

ferocious since its inception to the public in 1993. A year later, in 1994, the Web opened 

and went commercial rather than exclusively used by academia. The Web started to be 

embraced by major companies such as Yahoo. By the end of 1995, the number of web 

users reached 16 million, or about 0.4% of the world population. A decade later, by the 

end of 2005, the number of web users past one billion marks stood at 1,018 million or 

about 15.7% of the world population. By the end of 2015, the number of web users 
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reached 3,366 million, or approximately 46.4% of the world population. The last count in 

December 2017, the number of web users stood at 4,157 million, or about 54.4% of the 

world population [56]. 

 

2.2.5 The Size of the Webs 

No one knows the total number of web pages hosted on the Web at any point in 

time. However, in February 2016, Consultant Maurice de Kunder and his colleagues 

published a methodology to estimate the web pages’ count on the Web in the Journal 

Scientometrics [57]. According to the estimation of de Kunder et al., there were at least 

4.66 billion web pages online as of mid-March 2016. This estimation covered only the 

searchable Web and not the Deep Web, also known as Dark Web [58]. Another scientist, 

Martin Hilbert, a professor of communications at the University of California, Davis, 

suggested three ways to decipher how much information the Web holds [59]. 

• by understanding that the Web stores information, 

• the Web communicates information, and 

• the Web computes information. 

One way to measure the Web’s communication capacity is to measure the data 

transfer rate (a.k.a. throughput) of the information at any given time on the Internet. In 

2014, a group of researchers published a study in the Journal “Supercomputing Frontiers 

Innovations,” which estimated that the Internet’s storage capacity is about 1024 bytes 

[60]. An exabyte is 1 billion billion bytes, and a byte is a data unit that comprises 8 bits to 

host a single character in a word. 
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Another study performed by Cisco’s “Visual Networking Index Initiative” 

indicated that by the end of 2016, global Internet traffic reached 1.1 zettabytes per year. 

The number will hit two zettabytes per year by 2019 [61]. A zettabyte equals one 

sextillion bytes or 1,000 exabytes. If one applies Moore’s Law to the above 2015 finding, 

it can safely project that the Web’s size would reach 10 billion pages sometime in 2018 

[62].  

A group of students performs a project study from the University of Leicester in 

2015 to estimate the total number of printed pages on the Web. They calculated that it 

would require 0.002% of the size of the Amazon rainforest. The Amazon rainforest 

occupies approximately 5.5 million square kilometers and houses nearly 400 billion trees. 

To publish the non-explicit Internet content estimated in about 4.54 billion pages in 

printed materials, it would require consuming approximately 8,011,765 trees for making 

the papers or clear up about 113 Km2 of the Amazon rainforest [63]. 

 

2.2.6 Information Overload Remedies 

In the late 1970s, the rapid proliferation of electronic information due to the 

advancement of desktop computers, workstations, and applications such as word 

processors and spreadsheets revolutionized Information System (IS) research in the field 

of Information Retrieval (IR). For example, Salton et al. developed the Vector-Space 

model [64], and Rocchio et al. developed the SMART system [65]. IR systems apply 

term-document matrices to measure pairwise document similarity through the Cosine 

angle between vectors in the high-dimensional space. Moreover, Salton et al. used 
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precision and recall, the two quintessential IR metrics for evaluating performance [66]. 

Rocchio et al. reckoned other supportive techniques such as Relevance Feedback to 

qualify the success of short-term information-seeking goals [65]. As people embraced 

email usage in the mainstream, it further exasperated the copious amounts of “electronic 

junk,” a term first used by Denning [67], that ignited IS research initiatives to remove 

irrelevant retrieving relevant information. A new era of IS research shifted its focus on IR 

to information Filtering (IF), as reported by Loeb et al. [68]. IF systems model replaces 

document “terms” in IR with document “features” in user profiles [69]. IF later became 

known as Content-Based Filtering (CBF) to the Recommender community. CBF systems 

model content features of artifacts rather than documents and recommend items by 

querying such product features against keywords or preferences supplied by the user [70]. 

For example, most movie Recommender Systems are built-in CBF [71]. CBF systems are 

most effective in the text-intensive domain.  Goldberg et al. coined the phrase 

Collaborative Filtering (CF) [72] in Tapestry, which later became known as the first 

Recommender System [73]. Instead of computing artifact similarity as in CBF, CF 

approaches entail computing “user” similarity [74] and [73]. Resnick and Varian coined 

the phrase “Recommender Systems” in an article introducing the issue [20] in March 

1997. Communications of the ACM special issue on Recommender Systems. Table 2-1 

summarizes the evolution of the information model shifted from Information Retrieval to 

Recommender Systems. 
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Table 2-1 Evolution of Recommender Systems from the Advancement of Information 

Modeling. 

Concept of Information System Information System Modeling 

Information Retrieval terms × documents 

Information Filtering features × documents 

Content-based Filtering features × artifacts 

Collaborative Filtering users × documents 

Recommender Systems users × artifacts 

 

 

2.2.7 Search Engines 

Information overload is a problem that people confront when locating needed 

information on the Web. Using a keyword or key phrase search on a search engine such 

as Google Search Engine will return a list of tens or hundreds or even millions of links 

each point to an item. There is no guarantee the list contains the user’s searching item. 

The user is responsible for browsing through the links sequentially for the item. It is a 

time-consuming task for a user to look for the needed information one link at, mainly if 

the returned links list extensive and located deep down the links. If the required 

information does not appear near the top of the list, the user may not have the patience to 

search through the list. A recent study by Microsoft Corp. revealed that through a survey 

of 2,000 people and monitored the 112 others’ brain activity using electroencephalograms 

(EEGs), the average human attention span had declined to 8 seconds by 2015 from 12 

seconds in 2000. The attention span is much shorter than a goldfish’s attention span at 9 

seconds [75]. The ideal search engine is to return the needed search item within the top 5 

to 10 links in the return list. However, this is a challenge for any search engine. A search 

engine has no provision for learning an individual user’s preferences; it relies on the 
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PageRank algorithm [76] to rearrange the most popular item to appear on top of the 

return list. Big Data can cause information overload for users who want to efficiently 

access the correct information in the vast ocean of information. Nonetheless, Austin et al. 

[77] find search engines that extract relevant data through searching algorithms such as 

Google’s PageRank as a helpful utility. It has been confirmed by the Web usage statistics 

that Google is the world’s most visited website in 2017 [78]. 

 

2.2.8 Recommender Systems 

Conceptually, Search Engines and Recommendation Engines, i.e., Recommender 

Systems, are considered polarized twins that occupy the generalized and specific end of 

the information space, respectively [79].  On the one hand, text-based Search Engines 

form generalized keywords, or critical phases search that return relevant web pages 

reflecting the PageRank scores of the respective web pages. On the other hand, 

Recommender Systems are a form of more specific information search aiming for making 

recommendations based on users’ particular needs and preferences. Users can make use 

of these twin technologies according to their needs and applications. Often, the two 

technologies intertwin in most systems. 

What if getting relevant information is not enough? More importantly, Schwartz 

reported in his “Paradox of Choice - Why More is Less” paper [80] that people most 

likely end up in distress when faced with an overwhelming of alternatives. The one 

technology that one relied on to alleviate the information overload problem over the past 

two decades comes from Recommender Systems to obtain a specific piece of information 
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that meets a user's taste and preference. Recommender Systems is capable of learning 

from the individual user’s preferences. It can search through hundreds and millions of 

choices and filter out items that do not meet user’s preferences before making the 

appropriate recommendation on items to the user [20]. Ricci et al. acknowledged 

Recommender Systems’ design to find the correct information that meets a user’s 

specified needs and preferences over a specific domain [81]. Bigdeli et al. defined [82] a 

Recommender System as a personalized information filtering technology capable of 

predicting whether a particular user will like a specific item or gather a set of N items that 

may be of interest to a user. According to Jannach et al. [83], the recommender system 

can trace back to its inception in Usenet, a worldwide distributed social blog system 

originating at Duke University in the late 1970s. Incidentally, the term “Recommender 

Systems” was given by a group of participants at the Collaborative Filtering Workshop at 

Berkeley conducted by Resnick and Varian in March 1996 in a special issue of 

“Communications of the ACM” [20]. Resnick credited the workshop participants who 

recognized the Collaborative Filtering and various Machine Learning techniques on 

making recommendations. Resnick reckoned that the researchers working on 

Collaborative Filtering were working on all spectrums of a more significant problem that 

it became known as the Recommender Systems. 

 

2.2.9 Long Tail Phenomenon 

There is a Long Tail phenomenon in information retrieval that makes 

Recommender Systems necessary. A Long Tail graph refers to a chart with a long tail in 
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shape. Long Tail graph peaks at either end while falling towards the opposite end of the 

chart. In the parley of Recommender, Long Tail instead of the short head, a group of 

users has not rated enough items. In any product category, such as pop music, only a tiny 

number of pop songs make the hits to enjoy the popular status that forms the peaks (hits 

count), and the rest of the songs are on the Long Tail. Long Tail also finds in every 

physical delivery system. Resource scarcity is a known problem that appears in every 

physical delivery system. 

For example, limited shelf space is a fact of life for every brick-and-mortar store. 

Only a small selective set of products show from all the available choices. In contrast, 

online stores put no constrain on shelf space, thus leading to all the available variety of 

product lines. A physical bookstore may have a few thousand books on display shelves. 

However, millions of books are offered to a customer by Amazon.com. 

Similarly, the number of articles a hardcopy daily newspaper can publish is a few 

dozen per day. However, online news services offer thousands of news articles 

throughout the day and post a news article as it becomes news.  Making a 

recommendation in the physical world is relatively straightforward. People know that it is 

impossible to tailor goods and services to each customer. The available choice is 

governed primarily by aggregate demands. Typically, a bookstore will display only the 

most popular books, and a newspaper will print only the articles it believes most people 

want. In the first case, sales gurus dictate the choices. In the latter case, editorial 

judgment serves. The Long Tail phenomenon forces online stores to recommend items to 



71 

 

individual users. Often, it is impossible to present all available items to the user the way 

physical stores can [84]. 

 

2.2.10 Gathering Information for Recommender Systems 

The parley of Recommender categorizes feedback data as implicit feedback [85] 

versus explicit feedback [86]. Implicit feedback data refers to the user’s behavioral data 

captured by the Recommender during the interaction between users and items. Data 

include personal privacy information, domestic data, purchase history, movie watching 

frequency, and website activities logging. However, implicit feedback data does not 

require to contain rating information. To determine the likes and dislikes a user has on an 

item, a recommender relies on the history of the user’s interactions with the thing. The 

Recommender System also counts on the confidence it has in predicting how much the 

user likes it. For instance, if a user watched the movie “Forrest Gump” a few times more 

than “The Sting,” the Recommender can safely assume with a high level of confidence 

that the user likes the movie “Forrest Gump” more. On the other hand, explicit feedback 

data [87] refers to data containing item rating scores telling exactly how pleasurable a 

user has on a specific item, such as a movie rated with a 5-star score indicating the user 

likes the movie. However, unlike implicit feedback data, explicit feedback rating data is 

often costly to obtain. 

Collaborative filtering Recommender Systems work on rating datasets, i.e., 

explicit feedback data. In contrast, implicit feedback data strives on Content-based 

Recommender Systems. When collecting explicit feedback data, users must supply the 
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needed information. However, users may not always ready to provide the required 

information. Nonetheless, explicit feedback data is among the most reliable and preferred 

data sources for Recommender Systems to make higher quality with more confidence 

recommendations. 

In contrast, implicit feedback data does not require effort from the user. It infers 

the user’s preferences from their interaction and behavior with the system but is less 

accurate than the explicit feedback data. Implicit feedback data is more objective and 

non-bias concerning users’ responses. Hence, most modern Recommender Systems 

implementation of today ensembled different recommendation algorithms in a Hybrid 

Recommender System architecture.  Combining both explicit and implicit feedback in 

hybrid feedback can leverage each feedback type’s strengths to complement each other’s 

weaknesses. 

 

2.2.11 Category of Recommender Systems 

Since its inception in the mid-1990s, Recommender System has proven to be one 

of the most useful alleviate information overloading technologies that most websites, 

especially e-commerce websites, have deployed. Depicted in Table 2-2 below are 

Recommender Systems’ examples deployed by some well-known e-commence portals 

reported by [88].  
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Table 2-2 Famous Recommender Systems Deployed by e-Commence Companies. 

Company Industry Recommender System 

Amazon e-commence Customers who Bought 

Netflix Content delivery Cinematch 

CDNOW Music streaming Album Advisor 

eBay e-commence Feedback Profile 

Levis Fashion Style Finder 

Moviefinder Film portal MatchMaker 

Reel Film portal Movie Matches 

 

 

e-Commerce sites offer Recommender Systems a value-added service to enhance 

user experience while helping customers find products that meet their needs and tastes.  

Companies also rely on Recommender Systems to strengthen their sales and marketing 

operations in up-sales, cross-sales as in Amazon’s catchy phrase “Customers Who 

Bought This Item Also Bought .....” as a way to retain user loyalty [89]. Companies that 

deployed Recommender Systems generally consider themselves to have a competitive 

advantage over their competitors. So far, no company has disclosed how much a 

Recommender System contributes to a company’s bottom line revenue. With an 

approximated market capitalization of more than 40 billion dollars, Netflix ran a content 

delivery business of television (TV) and movies on various Internet-connected screens. 

From 2007 to 2009, Netflix offered a Grand Prize award of 1 million dollars to any 

individual or team who could improve at least 10% accuracy over Netflix’s Cinematch, 

an in-house movie Recommender System. Thus, one may estimate Netflix Cinematch 

may worth at least 10 million dollars. Bell et al. [15] reported it took a team of 



74 

 

researchers from BellKor’s Pragmatic Chaos 2 years to claim the prize. Bell et al. [90] 

further summarized the lesson learn as follows: 

1. It is a challenge to make an accurate prediction in Recommender Systems, and 

2. there is big money to be made for Recommender Systems practitioners and 

companies who deployed high-performance Recommender System in their 

operations. 

 

2.2.11.1 Personalized Recommender Systems 

Recommender Systems deploys Artificial Intelligence (AI) technology, 

specifically the Machine Learning (ML) methods, to provide users with 

recommendations on specific items that meet users’ preferences. For instance, an online 

bookstore such as Amazon.com may use Machine Learning algorithms to classify books 

by genre and then recommends other books to the user [91]. However, not all 

Recommender Systems are automaton-oriented. The Tapestry was a document repository 

that integrated with an email system. Four researchers led by David Goldberg developed 

the Tapestry at Xerox Palo Alto in 1992 [72]. Resnick et al. [20] acknowledged Tapestry 

as the first Recommender System. Tapestry used a manual-based Collaborative Filtering 

method to make documents recommendation to its users. Tapestry users searched the 

document repository system based on the document contents and annotations left by other 

users.  

For example, a user could request the system to list all the documents that contain 

the word phrase “bipolar disorder symptoms and causes” that user “Gary S. Sachs, M.D.” 
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had annotated.  The term “Collaborative Filtering” is when users A and B have common 

interests in an item. Both agree with a similar evaluation (i.e., rating) of certain things. In 

this case, A and B have a similar taste. Most likely, items that A likes B will like too. 

Recommender Systems can use the Collaborative Filtering assumption to predict and 

make new item recommendations to user A based on user B’s likes and preferences (i.e., 

items that B chose). Moreover, Recommender systems divide into three main categories 

based on the information used to drive recommendations: Collaborative Filtering, 

Content-Based Filtering, and Hybrid Filtering, as illustrated by Adomavicius et al. [92]. 

Collaborative Filtering Recommender Systems make item recommendations 

based on users’ history ratings on items. For instance, by examining the user rating 

matrix of an online music store, the Recommender System can identify users who rated 

the same songs similarly to share a similar taste in music preferences. The system then 

suggests songs bought by similar users to the active user, such as the “Customers who 

Bought” feature found in Amazon’s recommender system [93]. 

Instead of relying on user rating information, Recommender Systems, with a 

Content-Based Filtering approach, make recommendations based on the item data. Let 

use a user who is looking for a new computer in an online store as an example. When 

browsing for a particular computer (item), the Recommender System gathers information 

about that computer and searches in its product database for computers with similar 
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features, such as price, CPU speed, and memory capacity. The result of this search 

returns to the user as recommendations. 

The third classification describes a Hybrid Filtering approach that combines the 

previous two categories, recommending items based on users’ ratings and items’ features. 

For example, on a social network, a Recommender may apply Collaborative Filtering as 

the first step to recommend users with similar profiles.  The system may search for 

identical item profiles using Content-Based Filtering in its second step to make 

recommendations. Both sets of profiles will return as hybrid recommendations.  

Recommender Systems must gather information about the user to develop 

recommendations when using either Collaborative Filtering or Hybrid Filtering. This 

activity can explicitly or implicitly perform. Collecting explicit data makes users aware 

that they are providing information. For example, when registering for a new online 

service, users usually asked to fill in their names, ages, and emails. Another example of 

gathering explicit user data is when users rate an item, such as giving a “like” on 

Facebook.  

Implicit user data gathers general information indirectly about the user. An 

example is when visiting an online store, the server at the online store exchanges 

messages with the user’s computer and automatically extracts user profile information 

such as the browser in use and country location. More advanced applications monitor the 

user to click and keystroke logs.  

Besides the typical recommendation process, in which users present with items 

that might be of interest, other methods may involve making recommendations. For 
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example, according to O’Donovan et al. [94], Trust-Based recommendations consider the 

relationship of trust between users. A trust relationship defines a link in a social network 

between a friend or connection. Recommendations made by trusted friends are worth 

more than those that do not have trust links.  

Context-Aware recommendations, according to Adomavicius et al. [95], are user 

context-oriented. A context refers to a set of information about the current state. 

Information such as user’s activity (idle, running, sleeping), at the time on the user 

location (morning, afternoon, evening). The context information processing requirement 

is high, thus post a real challenge in context-aware recommendations.  

According to Bouneffouf et al. [96], risk-Aware recommendations are a subset of 

Context-Aware recommendations that rely on contextual information in which critical 

information is available as the vital signs. It is Risk-Aware hence a wrong decision may 

threaten a user’s life or cause significant damage. Some examples are prescription filling, 

stock recommendation. 

Traditionally, most Recommender Systems are Personalized Recommender 

Systems. The recommendations they make to consume by a specific user known as active 

users in Recommender Systems lingo. Recommender Systems apply various information 

filtering techniques to extract detailed information for making recommendations to an 

active user. The most popular information filtering is Collaborative Filtering, followed by 

Content-Based Filtering, Knowledge-Based, Demographic-Based, Social-Based. The list 

continues to grow as more advanced filtering techniques are developed, as described by 

Jannach et al. [83]. When one or more filtering techniques are combined, the filtering 
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method is known as Hybrid Filtering, which applies one or more different types of 

information filtering methods to make recommendations for users.  Usually, 

Recommender Systems builds for specific purposes on certain specified domains; thus, 

there is no Generalized Recommender System. In other words, for performance reasons, 

a Recommender System must tune to handle specific requirements. A Recommender 

System cannot be easily adapted from one domain to another, for example, from a Movie 

Recommender System to become a Music Recommender System. Ongoing research 

works using the Transfer Learning technique found in the Deep Learning method to 

mitigate the cross information domain issues experienced in Recommender Systems 

Middleton et al. [97], Van et al. [98], Pan et al. [99], Li et al. [100] and Fernandez et al. 

[101]. Table 2-3 lists the top 15 most popular websites for May 2018, published by eBiz 

MBA, an e-business guide site (www.ebixmba.com) [102]. 

 

  

http://www.ebixmba.com/
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Table 2-3 Top 15 Most popular websites May 2018. 

Rank Site Estimated Unique Monthly Visitors 

1 Google 1,600,000,000 

2 Facebook 1,100,000,000 

3 YouTube 1,100,000,000 

4 Yahoo! 750,000,000 

5 Amazon 500,000,000 

6 Wikipedia 475,000,000 

7 Twitter 290,000,000 

8 Bing 285,000,000 

9 eBay 285,000,000 

10 MSN 280,000,000 

11 Microsoft 270,000,000 

12 Linkedin 260,000,000 

13 Pinterest 250,000,000 

14 Ask 245,000,000 

15 WorldPress 240,000,000 

 

 

2.2.11.2 Group Recommender Systems 

All the above 15 top sites depicted in Table 2-3 implemented a mixture of Search 

and Recommendation Engines. All these sites deployed Personalized Recommender 

Systems for making a recommendation to an individual user.  Social networking sites 

such as Twitter, Yahoo! Travel, and Facebook are ideal for groups. Events like going to 

see a movie, dining out, sites visiting, vacationing, chatting, and others are naturally for 

two or more people to join. These activities encourage people to establish social ties and 

share content. However, none of the mentioned favorite sites have yet fully addressed 

group use recommendations, i.e., Group Recommender Systems (GRS).  

Moreover, two or more persons can regularly form a group—for example, friends 

who meet every weekend for dinner. A group can create temporarily, such as random 
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people get together to honor a March of Dimes walk for some worthy causes. Regardless 

of the formation of a group is either a recurring basis or a temporary basis, making a 

recommendation to a group faces two significant challenges: the semantics of group 

recommendation and the efficient way to compute group recommendation [103]. 

Many websites incorporated the grouping of users with similar preferences 

methods in their deployed Personalized Recommender Systems, so users in the same 

group share the same list of recommendations. Such a technique also improves overall 

system performance [104] and [105]. Alternatively, in making a recommendation for 

groups, a conventional approach in information retrieval and filtering is to extend 

Personalized Recommender Systems [81]. However, this approach gives the impression 

that group recommendations are retrofits of their personalized counterparts. Although 

some researchers argue that recommendations for groups using the extension approach 

perform well, such Group Recommender Systems without provisioned with the proper 

algorithms aimed to solve problems specific to a group setting [106]. A quick search 

using “Recommender Systems” and “Group Recommender Systems” as keywords, 

Google’s Scholar database as of April 26, 2018, returned 75,500 and 1,150 relevant 

results, respectively [107]. The percentage of Group Recommender Systems results 

against Recommender Systems is about 1.5%. This anecdotal evidence suggests that 

research Group Recommender Systems have yet to gain traction, and there are many 

rooms for improvement and refinement. 
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2.2.12 Types of Recommender Systems 

 

2.2.12.1 Baseline Predictors 

Baseline prediction methods [108], besides being used for preprocessing and 

normalizing data for use with more sophisticated algorithms, baseline algorithms 

establish non-personalized baselines helpful in making comparisons against personalized 

algorithms. The term bu,i represents the baseline prediction for user u and item i. The 

simplest baseline is to predict the different averages of all ratings in the system as 

follows: 

𝑏𝑢,𝑖 = 𝜇 where 𝜇 represents the overall average rating or global bias. (2.1) 

   

𝑏𝑢,𝑖 = �̅�𝑢 average rating by a user u or user bias. (2.2) 

   

𝑏𝑢,𝑖 = �̅�𝑖 average rating for an item I or item bias. (2.3) 

 

A baseline can obtain by combining the user rating means with the average 

deviation from the user rating means for a particular item [109], [110], [111]; and [112]. 

The combined form of the baseline predictor shows as follow [108]: 

𝑏𝑢,𝑖 = 𝜇 + 𝑏𝑢 + 𝑏𝑖 (2.4) 

 

where bu and bi are user u and item i baseline predictors, respectively. One can use 

average offsets to define bu and bi by computing the subsequent effects within the 

residuals of previous results [108], [113], [109], and [112]. 
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𝑏𝑢 =
1

|𝐼𝑢|
∑(𝑟𝑢,𝑖 − 𝜇)

𝑖∈𝐼𝑢

 
(2.5) 

  

𝑏𝑖 =
1

|𝑈𝑖|
∑(𝑟𝑢,𝑖 − 𝑏𝑢 − 𝜇)

𝑢∈𝑈𝑖

 
(2.6) 

 

bu and bi can further regularize for better estimation by damping terms 𝛽𝑢 and 𝛽𝑖 

as reckoned by Funk et al. [114]. Funk found 25 is a reasonable value for the damping 

terms. 

𝑏𝑢 =
1

|𝐼𝑢| + 𝛽𝑢
∑(𝑟𝑢,𝑖 − 𝜇)

𝑖𝜖𝐼𝑢

 
(2.7) 

  

𝑏𝑖 =
1

|𝑈𝑖| + 𝛽𝑖
∑(𝑟𝑢,𝑖 − 𝑏𝑢 − 𝜇)

𝑢𝜖𝑈𝑖

 
(2.8) 

 

Baseline predictors effectively capture the effects of user bias and item popularity. 

Baseline predictors can also apply to more exotic factors [115] and [112]. By subtracting 

the baseline from the rating matrix, it yields a normalized rating matrix �̂� with missing 

values in �̂� are zeros (0), simplifying computations while allowing standard sparse matrix 

packages to process the �̂� matrix’s sparsity. 

Intuitively, the most fundamental problem formulation of Recommender Systems 

is estimating ratings for items that a user has not yet seen. To obtain such estimation, one 

can collaboratively exploit the commonality among the active user’s rating history and 

other users' rating history. Once one can estimate ratings for unseen items for the active 

user through the Collaborative Filtering method, items with the highest estimated ratings 
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become candidates for recommendation. Similarly, one can exploit the commonality of 

content information among items for making recommendations to users using the 

Content-Based Filtering technique. 

Adomavicius et al. [92] formulate the recommendation problem as follows. Let U 

stands as the set of all users (u)s and let I set all possible items (i)s such as movies, books, 

or restaurants in the recommendation space. Item’s space I can be in a range of thousands 

or even millions of items in some application domains. Similarly, users’ space U can be 

ranging in thousands of millions in some cases. Let F defines as a utility function that 

measures the rating score user u gives to item i such that Ϝ:𝑈 × 𝐼 → 𝑅, where R is an 

ordered set of non-negative integers or real numbers within a specific range. for example, 

a movie rating rated by a user in bipolar rating score like a one (1) or dislike a ZERO (0).  

Likewise, on a scale of 1 to 5 stars such as MovieLens with one (1) indicates the 

lowest score and five (5) the top score. On a scale of 1 to 10, the IMDb movie rating 

score has one (1) being the lowest while ten (10) the highest. For each user 𝑢𝜖𝑈, one 

would want to choose such an item �́�𝜖𝐼 that maximizes the user's utility: 

∀𝑢 ∈  𝑈,     �́�𝑢 = 𝑎𝑟𝑔 𝑚𝑎𝑥
𝑖∈𝐼

𝐹(𝑢, 𝑖) (2.9) 

 

In Recommender Systems, the utility function computes an item's rating to 

indicate how a user likes an item. Moreover, each user can own a user profile that 

contains various user information describing a user’s characteristics such as name, 

gender, age, occupation, income, marital status, and other personal information and 

preferences. Similarly, each item can own an item profile containing various information 
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describing the item's specifics, such as title, genre, year of release, ticket revenue, leading 

actors, and director to describe a movie. For simplicity, in many cases, it is enough for a 

user profile to contain only a User Identity Number or User ID, whereas an item profile 

may only specify with an Item Identity Number or Item ID. 

 

2.2.12.2 Collaborative Filtering Recommender 

Collaborative Filtering (CF) is a prediction method free of content requirements. 

It works on item interaction (counts and frequency) history with users. For example, the 

number of times the item that users have clicked on to view or purchase. Recommender 

stored the item interactions in the log file.  

Another example is sentiments on items that users have expressed in ratings such 

as 1 to 5 stars or reviews and comments. Hence the CF technique relies on the 

interactions between users and items. The method is suitable for content that cannot be 

easily analyzed by metadata that find in music and movies. 

Nevertheless, rating data in the form of explicit feedback data is challenging and 

costly to get. In the case of Collaborative Filtering, users do not require to rate an item 

that they have yet consumed. The Collaborative Filtering can predict the rating value a 

user would give to an item based on the user’s past rating history contrasting to other 

Collaborative Filtering Recommender System users.  

Collaborative Filtering makes use of a pre-built user-item matrix representing the 

users’ sentiment for items that they have interacted with in the past. For example, the 

rating scores a user gave to a watched movie. To make a recommendation with 
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Collaborative Filtering, the Recommender matches users with relevant interests and 

preferences by calculating similarities between their profiles [116]. Such users build a 

user group called a neighborhood or cluster. A user receives recommendations for those 

items that he has not rated or consumed before. Still, the item in interest has already been 

rated favorably by users in the same neighborhood cluster.  

CF generates recommendations either for a prediction purpose or for making a 

top-N recommendation. Prediction represents a numerical value, Ri,j, which expresses the 

predicted score in categorical value such as 1 to 5 stars of item j for the user i or a real 

value score, indicating the average rating score rated by users have consumed the same 

itemj. In top-N recommendations, the recommendations represent a ranked list of items in 

descending order that indicates the set of items that meet the user’s preferences. CF 

comes in two favors: Memory-based CF (a.k.a. heuristic-based CF) [117]  and model-

based CF [29],  [118], [119], [120], and [121]. The next session will illustrate the 

differences between the two CF algorithms. 

 

 Memory-based Collaborative Filtering 

Memory-based CF (a.k.a. heuristic-based CF) presumes the active useri already 

rated some items before playing a relevant role in searching for a neighborhood cluster 

with similar preferences [122]. Once a user’s neighbor has established, different 

algorithms can combine neighborhood clusters’ preferences to generate the top-N 

recommendations or make Ri,j rating predictions. The memory-based CF techniques are 
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so effective that they have achieved widespread success in industry-grade Recommender 

Systems applications. 

 

2.2.12.2.1.1 User-based Collaborative Filtering 

There are two favors of Memory-based CF:  User-User or User-based 

Collaborative Filtering (UBCF) and Item-Item or Item-based Collaborative Filtering 

(IBCF) algorithms. UBCF first finds the similarity between the active user and other 

users pairwise to compute the prediction rating of an unrated item for an active user. 

They compare their ratings on the same item before calculating the predicted rating for an 

item using the active user as a weighted average of the item’s ratings by choosing users 

closely like the active user for computing the weights’ average for the item in interest.  

Succinctly, in Memory-based CF, the unknown rating ru,i for user u and item i is 

the aggregation function, aggr, of the ratings. It represents some other users �́� like N 

number of user u who have rated the same item i as depicted in Equation (2.10) [92]: 

𝑟𝑢,𝑖 = 𝑎𝑔𝑔𝑟
𝑢∈𝑈́

𝑟𝑢,𝑖́  (2.10) 

 

where �̂� represents the set of N number of users who are the most like user u and who 

have previously rated item i. N can range from one (1) to the number of all users. 

Depicted below are some examples of the aggregation function: 

𝑟𝑢,𝑖 =
1

𝑁
∑ 𝑟𝑢,𝑖́

𝑢∈𝑈́

 
(2.11) 

  

𝑟𝑢,𝑖 = 𝑘 ∑ 𝑠𝑖𝑚(𝑢, �́�)

𝑢∈𝑈́

× 𝑟𝑢,𝑖́  
(2.12) 
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where k is a normalizing factor and defined as 𝑘 =
1

∑ |𝑠𝑖𝑚(𝑢,�́�)|
𝑢∈�̂�́́

 , and 

𝑟𝑢,𝑖 = �̅�𝑢 + 𝑘 ∑ 𝑠𝑖𝑚(𝑢, �́�) × (𝑟𝑢,𝑖́ − �̅��́�)

𝑢∈𝑈

 
(2.13) 

 

where �̅�𝑢 is the average rating of user u for all the items Iu rated by u. 

where the average rating of user u, �̅�𝑢 in Equation (2.14) computes as follows: 

�̅�𝑢 = (
1

|𝐼𝑢|
) ∑ 𝑟𝑢,𝑖

𝑖∈𝐼𝑢

 
where 𝐼𝑢 = {𝑖 ∈ 𝐼 | 𝑟𝑢,𝑖 ≠ −0} (2.14) 

 

The 𝑟𝑢,𝑖 = −0 term represents item i has yet rated by user u. The notation “−0” 

represents an undefined value. In the context of Recommender Systems, it represents an 

unrated value. 

 UBCF, which is also known as k-NN Collaborative Filtering (kNN CF), is one of 

the two well-known Memory-Based Collaborative Filtering algorithms, illustrated in the 

article by Ekstrand et al. [108]. The algorithm works on the core premise of Collaborative 

Filtering. That is finding other users' past rating history on items matching those of the 

active user and leverage on other items' ratings, which have yet rated by the active user to 

predict how is the active user will like these unobserved items. Besides the rating matrix 

R, UBCF requires a similarity function 𝜓:𝑈 × 𝑈 → 𝑅 to compute the similarity between 

two users and utilize the similarities and ratings for predictions. 
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2.2.12.2.1.1.1 User-User: Pearson Correlation 

The Pearson Correlation Coefficient measures the statistical correlation (Pearson's 

r) between two users, u and v monotonous ratings, to determine their similarity. 

GroupLens [123] and BellCore [124] used the Pearson Correlation approach in their 

Recommender Systems. Listed below is the equation to compute the Pearson Correlation 

Coefficient: 

𝜓(𝑢, 𝑣) =
∑ (𝑟𝑢,𝑖 − �̅�𝑢)(𝑟𝑣,𝑖 − �̅�𝑣)𝑖∈𝐼𝑢∩𝐼𝑣

√∑ (𝑟𝑢,𝑖 − �̅�𝑢)
2

𝑖∈𝐼𝑢∩𝐼𝑣
√∑ (𝑟𝑣,𝑖 − �̅�𝑣)

2
𝑖∈𝐼𝑢∩𝐼𝑣

 
(2.15) 

 

 

2.2.12.2.1.1.2 User-User: Constrained Pearson Correlation  

On an odd-point rating scale such as 5-stars as in MovieLens or Ringo's 7-point 

scale, a rating guide fixes 3 as in MovieLens or 4 as in Ringo as a neutral value rz 

denoting neither like nor dislike. With rz acts as the absolute reference, it is possible to 

correlate like or dislike rather than relative deviation as the standard Pearson r does. 

Shardanand and Maes [125] proposed the formulation of the Constrained Pearson 

Correlation as follows: 

𝜓(𝑢, 𝑣) =
∑ (𝑟𝑢,𝑖 − �̅�𝑧)(𝑟𝑣,𝑖 − �̅�𝑧)𝑖∈𝐼𝑢∩𝐼𝑣

√∑ (𝑟𝑢,𝑖 − �̅�𝑧)
2

𝑖∈𝐼𝑢∩𝐼𝑣
√∑ (𝑟𝑣,𝑖 − �̅�𝑧)

2
𝑖∈𝐼𝑢∩𝐼𝑣

 
(2.16) 
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2.2.12.2.1.1.2.1 User-User Similarities and Predictions: Cosine Similarity 

Let user A be u and user B be v, the following Cosine Similarity equation defines 

the User-User Similarities: 

𝜓(𝑢, 𝑣) = 𝑐𝑜𝑠(�⃗� , 𝑣 ) =
�⃗� ⊙ 𝑣 

||�⃗� ||2 × ||𝑣 ||2
=

∑ 𝑟𝑢,𝑖𝑟𝑣,𝑖𝑖∈𝐼𝑢,𝑣

√∑ 𝑟𝑢,𝑖
2

𝑖∈𝐼𝑢,𝑣 √∑ 𝑟𝑣,𝑖
2

𝑖∈𝐼𝑢,𝑣

 
(2.17) 

 

 

2.2.12.2.1.1.3  User-User Similarities and Predictions: Predictions 

Let A be user u and B be user �́�. The following equations define the User-User 

Predictions: 

 

𝑝𝑢,𝑖 = �̅�𝑢 +
∑ 𝜓(𝑢, �́�)(𝑟𝑢,𝑖́ − �̅��́�)𝑢∈𝑁́

∑ |�́�∈𝑁 𝜓(𝑢, �́�)|
 

(2.18) 

  

  

𝑝𝑢,𝑖 = �̅�𝑢 + 𝜎𝑢

∑ 𝜓(𝑢, �́�)(𝑟𝑢,𝑖́ − �̅��́�)𝑢∈𝑁́

�́�𝑢

∑ |�́�∈𝑁 𝜓(𝑢, �́�)|
 

(2.19) 

 

 

2.2.12.2.1.2 Item-based Collaborative Filtering (IBCF) 

User-User Collaborative Filtering, also known as User-based Collaborative 

Filtering (UBCF), causes scalability problems as users’ number increases. Looking for 

the neighbors of a user is an O(|U|) operation. The situation can worsen when computing 

the most similar functions against all other users is linear in the total number of ratings. A 

scalable filtering algorithm such as Item-Item Collaborative Filtering can better alleviate 
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the scalability problems of a large user base and facilitate the deployment of UBCF in an 

e-commerce site. The Item-Item Collaborative Filtering is also known as Item-Based 

Collaborative Filtering (IBCF),  which has become the most widely deployed 

Collaborative Filtering technique today. 

IBCF uses the user's ratings for other items combined with those items' 

similarities to the target item, rather than other users' ratings and user similarities as in 

UBCF. The IBCF Recommender System requires a similarity function; instead of 

matching users’ similarities to the rating matrix, the IBCF similarity function, 𝜓: 𝐼 × 𝐼 →

𝑅, and generating predictions from ratings and similarities. 

 

2.2.12.2.1.2.1 Item-Item Similarities and Predictions  

The Item-Item prediction requires an Item-Item similarity matrix S, a standard 

sparse matrix with missing values being zero (0) stands for no similarity; thus, unlike the 

rating matrix R where missing values are unknown. A few methods for computing item 

similarities are as depicted in the following subsections. 

 

2.2.12.2.1.2.2 Item-Item Cosine Similarity 

Cosine similarity between item rating vectors is the most popular similarity metric 

for producing the right prediction. 

𝜓(𝑖, 𝑗) =
𝑟 𝑖 ⊙ 𝑟 𝑗

||𝑟 𝑖||2||𝑟 𝑗||2
 

(2.20) 
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2.2.12.2.1.2.3 Item-Item Pearson Correlation 

Sarwar et al. found that the Pearson Correlation does not seem to work as well as 

cosine similarity [126]; thus, excluded from the study. 

 

2.2.12.2.1.2.4 Item-Item Predictions 

If item ratings are of a real value type, one can use a weighted average to derive 

items' predictions from items' similarity scores. The highest items' predictions become the 

candidates for recommendations. Firstly, collect a set of 𝜓 of items similar to i. one 

typically select a set 𝜓 of k items almost identical to j that user u has rated for some 

neighborhood size k. Sarwar et al. [126] reported that k=30 produced good results for 

item predictions on the MovieLens dataset. 

𝑝𝑢,𝑖 =
∑ 𝜓(𝑖, 𝑗)𝑟𝑢,𝑗𝑗∈𝜓

∑ |𝑗∈𝜓 𝜓(𝑖, 𝑗)|
 

(2.21) 

  

  

𝑝𝑢,𝑖 =
∑ 𝜓(𝑖, 𝑗)(𝑟𝑢,𝑗 − 𝑏𝑢,𝑖)𝑗∈𝜓

∑ |𝑗∈𝜓 𝜓(𝑖, 𝑗)|
 

(2.22) 

 

Equation (2.21) suffers from two deficiencies. Firstly, the equation allows 

negative similarity scores while constraining ratings as non-negative. The negative 

similarity causes bias in an item's predicted value, which no longer maps back to the user 

rating domain. To correct the deficiencies, one would only consider items with non-

negative similarities, as indicated in Equation (2.22). 
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 Model-based Collaborative Filtering 

This technique employs the previous ratings to learn a model to improve the 

Collaborative Filtering technique’s performance. The model building process achieved 

using machine learning or data mining techniques. These techniques can quickly 

recommend a set of items because they use a pre-computed model and have proved to 

produce recommendation results like neighborhood-based recommender techniques. 

Examples of these techniques include the Dimensionality Reduction technique such as 

Matrix Factorization technique, Singular Value Decomposition (SVD), Matrix 

Completion Technique, Latent Semantic methods, and Regression Clustering. Model-

based approaches analyze the user-item matrix to identify relations between items; they 

use these relations to compare the list of top-N recommendations. Model-based 

techniques resolve the sparsity problems associated with recommendation systems. 

 

2.2.12.3 Pros and Cons of Collaborative Filtering 

Collaborative Filtering has some significant advantages over Content-based 

Filtering. It can work in domains where the absence of or limited content is associated 

with items and where content is difficult for a computer system to analyze. The CF 

technique can also provide serendipitous recommendations, which means that it can 

recommend items relevant to the user even without the content being in the user’s profile 

[84]. The benefits of employing CF techniques are: 

• CF requires no domain knowledge; hence the embedding learns naturally. 

• CF requires a rating matrix to get started, not a problem in collecting data. 
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• CF model helps users to discover new interests. 

In contrast, the known issues of deploying a CF Recommender are 

• CF is not a desirable technique to handle large-scale real-world recommendation 

making in real-time. However, the CF still works when one can preprocess the 

rating matrix before recommending known users and items. That means it will 

exclude newcomers of users and items, a known cold start problem. 

• Inherit in CF is the cold start problem when data is flash when the model relies on 

guessing for the missing feedback or rating value. 

Despite the CF techniques’ success, their widespread use has revealed potential 

problems, such as data sparsity, cold start, scalability, and synonymy. 

 

 Reduce Data Sparsity in User-Item Rating Matrix 

Users do not require to give any rating to an item that they have consumed. For 

example, users do not have to rate a movie after they watched it. Rating data as a form of 

explicit feedback data is tough to get. As a result, a User-Item Rating Matrix, R, is 

usually very sparse, with very few items contained rating scores rated by users. For those 

unrated items, they bear a -0 symbol in place of the rating value in R. These "no rating" 

values present a problem for Recommender filtering algorithms to generate satisfactory 

predictions and make sound recommendations of yet-to-be-consumed items to users. 

When deployed, a few conventional methods would reduce R’s sparsity to improve the 

results of the recommendation process. The following algorithms are commonly found in 
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many works of literature illustrating the remedy for the absence of rating value in R 

[127]: 

• Assign a proper default voting value in place of an empty value in R 

• Assign a proper average rating value in place of empty value in R 

▪ One can apply a user’s past rating average as the user’s rating value for a 

new item. Compute the average user rating, �̅�𝑖, for each user, ui, from the 

corresponding row in the user-item rating matrix, R. The computed user 

average is then assigned to any missing ri.j value. 

𝑟𝑖,𝑗 = {
�̅�𝒊,       𝑖𝑓 𝑢𝑠𝑒𝑟 𝑢𝑖  ℎ𝑎𝑠 𝑛𝑜𝑡 𝑟𝑎𝑡𝑒𝑑 𝑖𝑡𝑒𝑚 𝑖𝑗
𝑟,        𝑖𝑓 𝑢𝑠𝑒𝑟 𝑢𝑖  𝑟𝑎𝑡𝑒𝑑 𝑖𝑡𝑒𝑚 𝑖𝑗  𝑤𝑖𝑡ℎ 𝑟   

 
(2.23) 

 

▪ Similarly, an item's average ratings, �̅�𝑗, can predict a user's rating on that 

exact item. To find the average item value, �̅�𝑗, of each item, ij, compute the 

column average of each column in the user-item rating matrix, R. With the 

computed column average value to replace all the missing ri,j value. Please 

note that Equation (2.24) looks identical to Equation (2.23) except where 

the replacement value is different if user ui has yet rated item ij. 

𝑟𝑖,𝑗 = {
�̅�𝒋,       𝑖𝑓 𝑢𝑠𝑒𝑟 𝑢𝑖  ℎ𝑎𝑠 𝑛𝑜𝑡 𝑟𝑎𝑡𝑒𝑑 𝑖𝑡𝑒𝑚 𝑖𝑗
𝑟,        𝑖𝑓 𝑢𝑠𝑒𝑟 𝑢𝑖 𝑟𝑎𝑡𝑒𝑑 𝑖𝑡𝑒𝑚 𝑖𝑗  𝑤𝑖𝑡ℎ 𝑟   

 
(2.24) 

  

 

 Cold start problem 

Cold start refers to a situation when a recommender fails to make relevant 

predictions because it does not have adequate information about a user or an item  [128]. 
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Cold start is one of the significant problems that reduce the performance of the 

recommendation system. Such a new user or item profile will be empty since the user has 

not rated any item; hence, the user's taste is unknown to the system.  

 

 Scalability 

One of the common problems associated with the Recommendation algorithm is 

scalability. Computation grows typically linearly with the number of users and items 

[129]. When data is scared, an efficient recommendation algorithm may generate good 

recommendations. It is imperative to apply a recommendation algorithm capable of 

scaling up proportionally as the number of datasets in the database increases. Methods 

used for solving the scalability problem and speeding up recommendation generation 

depend on the dimensionality reduction algorithms such as the Singular Value 

Decomposition (SVD) method, which can produce reliable and efficient 

recommendations.  

 

 Synonymy 

Synonymy refers to the tendency of very similar items having different names or 

entries. Most Recommender Systems find it challenging to distinguish between closely 

related items such as the difference between, e.g., babywear and baby cloth. 

Collaborative Filtering systems usually cannot match two synonymy terms for their 

similarity computing. To alleviate the difficulty in synonymy terms similarity computing, 

Recommender Systems will apply the automatic term expansion method to expand the 
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vocabulary with a thesaurus. Singular Value Decomposition (SVD), mostly Latent 

Semantic Indexing, can also solve the synonymy problem. However, the deficiency of 

these methods is that some added terms may have different meanings from their intended, 

which sometimes leads to rapid degradation of recommendation performance. 

 

2.2.12.4 Content-based Recommender 

Content-based Filtering (CBF) Recommender Systems requires some ways to 

formulate the user profiles encoded with individual tastes and preferences and item 

profiles containing features and characteristics. CBF also needs some strategies to 

determine the closeness or similarity between the user and item pairs. CBF goes through 

the following four processes for recommendation making. 

• The content evaluation process concerns analyzing item descriptions from the 

source domain and outputs the structured item data store has evaluated. 

• The feedback collection process refers to the active user offering feedback after 

examining the top-N recommendation list. The user feedback will store in the 

feedback repository. 

• Profile modeling refers to a modeling process that takes training examples from 

the item data store and user feedback from the feedback repository and applies 

machine learning techniques to generate user profile information and store the 

profile database. 
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• Recommendation making process refers to the filtering of items from the item 

data store and user preferences stored in the profile database to yield a top-N 

recommendations list for the active user. 

 

 Pros and Cons of content-based filtering 

Content-based filtering (CBF) techniques overcome the challenges of 

Collaborative Filtering. CBF can recommend new items even in the absence of user 

ratings, or the database does not contain user preferences, recommendation accuracy is 

not affected. Also, if the user preferences change, it adjusts accordingly to make 

recommendations. They can manage situations where different users do not share the 

same items but only identical items according to their intrinsic features. Users can get 

offers without sharing their profiles, ensuring privacy  [130]. CBF technique can also 

provide explanations for the reason for making the recommendations to users. However, 

the methods suffer from various problems, as discussed in the literature [92]. CBF 

techniques are dependent on items' metadata. They require a detailed description of items 

and a very well-organized user profile before making a recommendation to users. Such a 

technique is known as limited content analysis. So, the effectiveness of CBF depends on 

the availability of descriptive data. Content overspecialization [131] is another severe 

problem of the CBF technique that prohibits users from getting recommendations like 

items already defined in their profiles. Such restriction is a significant drawback of the 

CBF algorithm, leading to recommend items of the same type. CBF will not recommend 

items with which the user has never consumed or interacted in the past. If a user has 
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indicated to enjoy watching only horror movies in the past, the CB Recommender will 

recommend only horror movies to the user and no other genres. Such restriction is a very 

narrow-minded way for a Recommender to make a recommendation. 

 

2.2.12.5 Context Aware Recommender 

I have illustrated in the paper [11] the benefit of incorporating user emotion 

vectors (UVEC) and item emotion vectors (IVEC) to improve the Recommender top-N 

recommendation-making process. The paper's aim [8] is to employ UVEC and MVEC as 

emotional components while making the top-N recommendations and developing an end-

to-end Emotion Aware Recommender (EAR). In the article [8], the MVEC embeddings 

represent a movie's emotional features derived from the movie overview. In [8] illustrate 

the development of a Tweets Affective Classifier (TAC) cable of classifying six primary 

human emotions and added a neutral mood to TAC for affective computing convenience. 

The movie's emotion profile, MVEC, obtains by using TAC to classify movie overviews. 

UVEC computes by taking the average values of all the movies' MVEC a user has 

watched. In [8] expands the MVEC embeddings' coverage to include other movies' 

textual metadata, such as genres. The expanded MVEC embeddings become item vectors 

(IVEC). In the same token, the extended coverage of UVEC becomes WVEC.  

Demonstrated in [8] is the affective movie recommendation making through an 

SVD-CF Recommender. In this study, one builds a comparative Recommender platform, 

making movie recommendations through Recommender algorithms of Content-based 

(CB) and Collaborative Filtering (CF). In CB Recommender's case, one develops a movie 



99 

 

genre CB Recommender as illustrated in [26] denotes as Genres Aware Recommender 

(GAR). One can transform MVEC embeddings of movie overviews into a multi-label 

emotion classification in One-Hot Encoded (OHE) embeddings and name the 

embeddings as IVEC. One builds an IVEC embeddings CB Recommender and denotes it 

as Emotion Aware Recommender (EAR). One then combines the emotion and genres 

into an expanded IVEC for developing a Multi-channel Aware Recommender (MAR). 

One also constructs an Item-based Collaborative Filtering (IBCF) and a User-based 

Collaborative Filtering (UBCF) Recommender Systems from scratch. One compares the 

differences between the five recommender algorithms' comparative performance through 

the recommendations-making process.  

[8] proposed to apply the Cosine Similarity depicted in Equation (2.17) to build a 

comparative platform for studying different affective aware Recommender algorithms' 

performance. The top-N list contains similar movie genres that the active user has 

watched and rated favorably for movie recommendations. The Cosine Similarity 

algorithm can determine the recommended movies' closeness and the film that the active 

user has viewed liked. Similarly, Cosine Similarity can reveal the likeness of a movie's 

emotion profile in a top-N list and a movie's emotion profile of an active user who has 

watched and loved.  

Moreover, to recommend movies to an active user, UBCF uses a rating matrix, R, 

for Collaborative Filtering computing. Each row of UBCF in R contains the rating value 

of films a user has rated. Each column in R contains the rating score of a movie given by 

users who rated the movie. Comparing the Cosine Similarity of the active user and a user 
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in the corresponding rows, it compares the two rows in R, revealing the two users' 

closeness. Through Collaborative Filtering, one makes the top-N movie 

recommendations to the active user. Lastly, evaluating the performance of Recommender 

Systems in the comparative platform compares each top-N recommendation list 

generated by the five Recommender Systems’ algorithms. The Emotion Aware 

Recommender (EAR) top-N recommendation list shows the most intriguing findings. 

In the advent of the Web era, all large conglomerates corporations, and small and 

medium enterprises (SMB) have deployed Recommender Systems in their business 

operations. They rely on the Recommender Systems technology to gain a competitive 

advantage in providing customers a personalized, helpful business transaction experience 

while understanding customers' tastes and decision-making habits. For customers who 

left feedback regarding their experiences of the goods and services they received, 

Recommender Systems can mine customers' opinions through sentiment analysis (SA) to 

better understand what, why, and how customers' likes and dislikes the goods and 

services consumed. Also, suppose customers have rated the goods and services. In that 

case, Recommender Systems can use the rating information and the sentiment analysis on 

opinion feedback to make a future personalized recommendation of products and services 

to customers that meet their tastes and expectations. For example, such a Recommender 

System is known as Hybrid Recommender System using Collaborative Filtering with 

Sentiment Analysis (CF-SA) [132]. CF-SA Recommender System is also known to 

outperform the baseline Collaborate Filtering Recommender System in personalized 

recommendation making [133] and [134]. 
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Nevertheless, no Recommender System is built with a provision to explicitly 

collect human emotions data [135] and [136]. Also, no publicly available dataset contains 

explicit affective features for implementing a Recommender System. The alternative for 

Recommender Systems researchers is to build an affective aware Recommender by 

deriving the needed emotional features from some datasets implicitly [137], [138], and 

[139]. Movies and music datasets are the two most popular datasets with metadata, such 

as genres and reviews for affective features mining [140].  

 

2.2.12.6 Hybrid Recommender Systems 

The Hybrid Filtering technique combines different recommendation techniques to 

better system optimization to avoid some limitations and problems of pure Recommender 

Systems [140] and [141]. The idea behind Hybrid techniques is that a combination of 

algorithms will provide more accurate and valuable recommendations than a single 

algorithm as the disadvantages of one algorithm can be overcome by another algorithm 

[84]. Using multiple recommendation techniques can suppress the weaknesses of a 

method in a combined model. The Hybrid approaches can achieve by combining different 

filtering algorithms in any of the following ways: separate algorithms and combining the 

result, utilizing some Content-based Filtering in a collaborative process, utilizing some 

Collaborative Filtering in a Content-based Filtering approach, creating a unified 

Recommender System that brings together both methods. 
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 Weighted hybridization  

Weighted Hybridization combines different Recommender Systems' results to 

generate a recommendation list or prediction by integrating each technique's scores 

formulate linearly. [142] offered the P-tango system as an example of a Weighted 

Hybridized Recommender System. The system consists of a hybrid of Content-based and 

Collaborative Filtering Recommender Systems. They are given equal weights at 

initialization. The weights attributes are adjusted as predictions and confirmed or 

otherwise. A Weighted Hybrid Recommender System has an advantage over all other 

Recommender Systems utilizes its strengths straightforwardly during the 

recommendation-making process.  

 

 Switching hybridization  

According to a heuristic, the system swaps to one recommendation technique 

reflecting the Recommender System's ability to produce a good rating. The Switching 

Hybrid can avoid problems specific to one method, e.g., the Content-based recommender 

system's new user problem, by switching to a Collaborative Filtering Recommender 

System. This strategy's benefit is that it is sensitive to its constituent Recommender 

Systems' strengths and weaknesses. Switching Hybrids' main disadvantage is that it 

usually introduces more complexity to the recommendation process because of the 

switching criterion, which generally increases the number of parameters to the 

Recommender Systems processing [143]. An example of a Switching Hybrid 

Recommender System is the DailyLearner [144]. It uses both Content-based and 
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Collaborative Filtering to implement the Switching Hybrid Recommender System. 

Content-based Filtering is employed to make the first stage of recommendation before 

applying Collaborative Filtering on the second stage of making the final recommendation 

when there is not enough evidence for the Content-based Filtering to make the 

recommendations. 

 

 Cascade hybridization  

The Cascade Hybridization applies an iterative refinement process in constructing 

an order of preference among different items. Another recommendation technique refines 

the recommendations of the first technique. The first recommendation technique outputs 

a coarse list of recommendations, which is, in turn, refined by the following 

recommendation technique. The Cascade Hybridization technique is very efficient and 

tolerant of noise due to the coarse-to-fine nature. EntreeC [143] is an example of Cascade 

Hybridization method that used a Cascade Knowledge-based and Collaborative Filtering 

methods.  

 

 Mixed hybridization  

Mixed Hybrid Recommender Systems combine recommendation results of 

different recommendation methods simultaneously instead of having just one 

recommendation per category. Each category has multiple recommendations associated 

with it generated from other recommendation methods. In Mixed Hybridization, the 

individual performances do not always affect the general performance of a local region. 
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An example of a Mixed Hybrid Recommender System is the PTV system [145]. PTV 

recommends a TV viewing schedule for a user by combining recommendations generated 

from Content-based Recommender Systems and Collaborative Filtering Recommender 

Systems to form the hybrid TV schedule. Profinder [146] and PickAFlick [147] are also 

examples of Mixed Hybrid Systems.  

 

 Feature-combination  

The features generated by a specific recommendation technique act as the input of 

another recommendation algorithm. For instance, Collaborative Filtering assigns users 

with a similar rating as a feature made use by a Case-based Reasoning recommendation 

technique as one of the features to determine the similarity between items. Pipper is an 

example of a Feature Combination technique that used the Collaborative Filter's ratings 

in a Content-based Filtering system as a feature for recommending movies [148]. The 

method yields the benefit of no need to rely on cooperative data exclusively. 

 

 Feature-augmentation 

 The Feature Augmentation technique uses the ratings and other information 

produced by the Feature Combination Recommender System. It also requires additional 

functionality from the Recommender Systems. For example, the Libra system [69] makes 

Content-based Filtering recommendations of books on data found in Amazon.com by 

employing a naïve Bayes text classifier. Feature Augmentation Hybrids are superior to 
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Feature Combination methods in that they add a small number of features to the primary 

Recommender System.  

 

 Meta-level  

In Meta-level Hybrid Recommender System, the internal model's output 

generated by one recommendation technique in the first level becomes the next level 

recommendation technique's input. The model generated at a subsequent level is always 

richer in information than a single rating. Meta-level [149] Hybrids can solve 

Collaborative Filtering techniques' sparsity problem using the entire model learned by the 

first technique as input for the second technique. An example of a Meta-level Hybrid 

method is LaboUr [150], which uses instant-based learning to create a Content-based 

Filtering user profile for subsequent content comparison in a collaborative manner. 

 

2.3 Emotion Detection and Recognition 

 

2.3.1 Emotion Detection and Recognition through Human Facial Expressions 

Many believed the study of primary human emotions was dated back to the dawn 

of human civilization. The general thought that the ancient Greeks theorized the primary 

human emotions attributes of love, fear, anger, envy, and shame held constant regardless 

of time changes. However, David Konstan reckoned that the basic human emotions 

advocated by the ancient Greeks were in some significant respects different from what 

people mean today [151]. For example, Greeks terms such as orge, philia, and phthonos 
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do not translate neatly to today's parley's emotional vocabulary, anger, love, or envy. The 

modern emotion detection and recognition (EDR) of today is an active field in research. 

Even after Darwin in 1872, one and a half-century ago, he reckoned that human emotions 

were universal and had an evolutionary history that could trace across cultures and 

species. However, Paul Ekman reported in his work that not all expressions are the result 

of culture. Instead, these facial express universal emotions and are therefore biological 

[152]. His study further found that many of the apparent differences in facial expressions 

across cultures were due to context. Ekman concluded with convincing evidence for the 

universal facial expressions as depicted in Figure 2.1 of seven emotions: happiness, 

sadness, fear, anger, disgust, surprise, and contempt, as depicted in [153] and [154].  
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Figure 2.1 The seven basic emotions and their universal expressions  (c) Humintell.com 

20201 

 

2.3.2 Emotion Detection and Recognition through Contextual Natural Language 

Processing 

Detecting primary human emotional expression in text is a relatively new research 

area in Natural Language Processing (NLP). A conventional technique in identifying the 

general feeling, sense, or thought express in the text is to classify whether the text 

contextual polarity orientation is neutral, positive, and negative via the polarity Sentiment 

Analysis (SA) [155] and [156]. Fink et al. advocate that by deploying fine-grained 

 
1 With reproduction permission from Humintell.com 
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Sentiment Analysis, researchers can detect the polarity intensity level as a multi-class 

single-label classification problem (e.g., very positive, optimistic, neutral, negative, and 

very negative) [157], [158]. However, to determine the emotional state or composure 

(i.e., mood) in subjective writing, Emotional Analysis (EA) can better suit the task [159]. 

The researcher wants to know the writing feeling under examination is one of the 

following primary human emotions or moods.  

The study of basic human emotional expressions started in the era of Aristotle 

around the 4th century BC [151]. Not until Charles Darwin (1872 – 1998) in the 19th 

century re-examined the topic of human emotional expression, which propelled the field 

to its present stage of modern psychology research [152]. Paul Ekman et al. in the 1970s 

developed a Facial Action Coding System (FACS) to perform a series of facial 

expressions research that have identified the following six primary universal human 

emotions: happiness, sadness, disgust, fear, surprise, and anger [160]. Ekman later added 

contempt as the seventh primary human emotion to his list [161]. Robert Plutchik 

invented the Wheel of Emotions, advocated eight primary emotions: anger, anticipation, 

happiness, trust, fear, surprise, sadness, and disgust. Adding to the human basic eight 

emotions are secondary and complementary emotions for 32 emotions depicted on 

Emotions’ initial Wheel of Emotions [138]. More recent research by Glasgow University 

in 2014 amended that a couple of pairs of emotions such as fear and surprise elicited 

similar facial muscles response, so are disgust and anger. The study broke the basic 

human emotions down into four fundamental emotions: happiness, sadness, fear/surprise, 

and disgust/anger [162], [163].  
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Many researchers have based their work on Ekman’s six primary human emotions 

[164], thus focusing the emotion detection and recognition (EDR) on Ekman’s six 

primary human emotions. Using the WordNet-Affect, a linguistic resource for a lexical 

representation of affective knowledge, enhances affective computing on human 

interaction such as attention, emotions, motivation, pleasure, and entertainment [165]. 

Emotional expression research usually detects and recognizes emotion types from human 

facial expression and vocal intonation [166]. However, the EDR study focuses on the 

mood of text expression instead. Nevertheless, the question remains how much of an 

emotion one can convey through writing. 

 

2.4 Emotion Aware Recommender 

Emotion Aware Recommender Systems (EARS) are under active research. A few 

samples of recent works are showing below. Orellana-Rodriguez [137] advocated that 

instead of detecting the affective polarity features (i.e., positive/negative) of a given short 

video on YouTube, they notice the paired eight primary human emotions advocated by 

Plutchik [138] into four opposing pairs of basic moods: happiness–sadness, anger–fear, 

trust–disgust, and anticipation–surprise. Orellana-Rodriguez [137] also leveraged the auto 

extraction of film metadata's moods context for making emotion-aware movie 

recommendations. Qian et al. [139] advocated a hybrid information fusion-based EARS 

that employed explicit user rating, user implicit social networking, and sentiment from 

user reviews as the source of emotional information. They [139] also claimed the 

proposed method achieved higher prediction ratings and significantly enhanced the 
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recommendation accuracy. Narducci et al. [167] described a general architecture for 

building an EARS and demonstrated it through a music Recommender System with 

promising results. 

Moreover, Mizgajski and Morzy [168] advocated that EARS based on an 

innovative multi-dimensional model for making top-N recommendations on a large scale 

news Recommender System service. The news repository contains over 13 million news 

pages with 2.7 million unique user's self-assessed emotional sentiments, resulting in over 

160,000 emotional reactions collected against 85,000 news articles. Katarya and Verma 

[134] wrote a critique report of research publications from 2003 to February 2016 in the 

Affective Recommender Systems (ARS). The report gives an in-depth review of ARS 

development and technology.  

The study of human primary Emotion Detection and Recognition (EDR) using 

artificial intelligence methods is in active research [169], [170], [171], and [172]. In 

image-oriented data, Facial Detection and Recognition (FDR) is the main thrust in 

research [166] to study basic human emotions through facial expression. Sentiment 

Analysis (SA) takes the lead [173] to detect fine-grained sentiment text emotions.  The 

goal is to uncover the affective features from texts or images and classify the emotional 

features. This paper adopts Paul Ekman's classification of six primary human emotions: 

happiness, sadness, disgust, fear, surprise, and anger for modeling the IVEC embeddings 

while adding "neutral" as the seventh emotion feature for convenience in affective 

computing. 
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FDR on facial expression has a drawback - it fails to classify an image's 

emotional features with the absence of a human face on the image. In using FDR to 

classify movie poster images, the poster may often contain a faceless portrait. Thus, this 

author proposes to indirectly classify a poster image's affective features through textual-

based emotion detection and recognition (EDR) using a movie overview rather than 

facial-based FDR directly on the poster image. 

 

2.5 Group Recommender Systems 

The following Table 2-3 is a list of the top 15 most popular websites for May 2018 

published by eBiz MBA, an e-business guide site (www.ebixmba.com) [174]. All the above 15 

top sites depicted in Table 2-3 implemented a mixture of Search and Recommendation 

Engines. All these sites deployed Personalized Recommender Systems for making 

recommendations to an individual user. Social networking sites such as Twitter, Yahoo! 

Travel, and Facebook are ideal for groups. Events like going to see a movie, dining out, 

sites visiting, vacationing, chatting, and other socializing are naturally for two or more 

people to participate in it. These activities encourage people to establish social ties and 

share content. However, none of the mentioned favorite sites have yet fully addressed 

group recommendations.  

Moreover, two or more persons can regularly form a group—for example, friends 

who meet every weekend for dinner. A group can temporarily include random people to 

honor a March of Dimes walk for some worthy causes. Regardless of forming a group is 

either a recurring basis or an ephemeral basis, making recommendations to a group face 

http://www.ebixmba.com/
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two significant challenges: the semantics of group recommendations and the efficient 

way to compute group recommendations  [175]. To solve problems related to a cold start, 

data sparsity, and scalability, many commercial websites that deployed Personalized 

Recommender Systems incorporated methods of grouping users with similar preferences 

together. All users share the same list of recommendations in that group [176] and [177].  

Alternatively, in making recommendations for groups, conventional approaches in 

information retrieval and filtering extend Personalized Recommender Systems into 

Group Recommender Systems [178]. However, this approach gives the impression that 

group recommendations are retrofits of their personalized counterparts. Although some 

researchers argue that recommendations for groups using the extension approach perform 

well, such Group Recommender Systems do not design with the proper algorithms for 

solving problems specific for a group setting ([179]. A quick search in Google’s Scholar 

database using “Recommender Systems” and “Group Recommender Systems” as 

keywords, as of April 26, 2018, returned 75,500 and 1,150 relevant results, respectively 

[180]. The percentage of Group Recommender Systems results against Recommender 

Systems is about 1.5%. This anecdotal evidence suggests that research in Group 

Recommender Systems has yet to gain traction, and the subject needs analysis 

methodically, and there is more room for improvement and refinement. 

 

2.5.1 State of Group Recommender Systems 

Group Recommender Systems (GRS) have yet achieved notoriety in the field of 

Recommender Systems. However, GRS systems have been around for their glamorous 
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sibling, the Personalized Recommender Systems (PRS). PRS systems were introduced in 

the mid-1990s to expedite personalized information retrieval on the Web, based on users’ 

preferences [181]. Later, when smartphones become prevalent, Mobile Recommender 

Systems research becomes a significant thrust [182]. Recommender Systems use different 

information sources to provide users with predictions and recommendations of items 

while balancing factors like accuracy, novelty, dispersity, and stability in the process. 

Collaborative Filtering is the most favorite choice method in the recommendations-

making process, which often couples with other information filtering techniques to form 

a Hybrid Recommender System to achieve higher performance and better user 

experience[181], and [183]. For example, other popular types of information filtering 

methods include Content-Based, Knowledge-Based, Demographic-Based, and Social 

Networking Based Kompan et al. [184], Adomavicius et al. [181], Kywe et al. [185], De 

et al. [186], Bobadilla et al. [187], and Burke et al. [183]. Nonetheless, many of the 

personalized recommended items are often (or mostly) used by groups rather than by 

individuals. For example, FlyTrap for music [188], Pocket RestaurantFinder for 

restaurants [189], e-Tourism for tourism [190], PolyLens for movies [191], LET’S 

BROWSE for group web surfing [192], and YuTV for TV shows [193] are all Group 

Recommender Systems.  

In recent years, various Group Recommender Systems have emerged. Besides 

building from scratch, these Group Recommender Systems most augment a Personalized 

Recommender to become a Group Recommender System through one of the two 

recommendation strategies. The first group recommendation strategy is “aggregating 
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recommendations” of personalized recommendations into recommendations for the 

whole group [194]. It is similar to the concept, "aggregated predictions," as denoted by 

Senot et al. [195] and De et al. [196], are the results of aggregating predictions from an 

individual user into a group prediction. The second group recommendation strategy is 

“aggregating preferences” of the users’ preference model into a group’s preference model 

[197]. Similarly, "aggregated models" as described by Cantador et al. [198] and Jameson 

et al. [199] refer to aggregate individual user data into group data.  

From a user perspective, when a Group Recommender System allows users to 

create and manage groups, we denote this grouping behavior as the explicit grouping 

[200]. In contrast to a system perspective that a Group Recommender System derives 

groups through aggregating recommendations or aggregating preferences or aggregated 

predictions or aggregated models, we denote these grouping behaviors as the implicit 

grouping [201]. One of the benefits of grouping users into groups is eradicating the cold 

start problem that all Recommender Systems must face [202]. 

 

2.5.2 Examples of Group Recommender Systems 

Most Recommender Systems are Personalized Recommender Systems. However, 

Group Recommender Systems are more appropriate and valuable for a group of users to 

participate in the same activity. For example, a group of people is going to a movie or 

dining out in a restaurant. Very often, researchers extend Personalized Recommender 

Systems capabilities to make group recommendations. Although recommendations from 

the extension of Personalized Recommender Systems are found usable, there is much 
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room for improvement and refinement. Four of the best-known Group Recommender 

Systems developed in the early days as reported by Jameson et al. [199] are:  

1) [203] describes a fitness center musical broadcasting system, MUSICFX, that 

plays a particular music channel on a predefined schedule to work out people who 

share the musical preferences. To ensure various musical choices, MUSICFX 

offers 91 possible music channels with some randomness built-in designed.   

2) As Vivacqua et al. [192] described, LET'S BROWSE web pages to two or more 

persons who want to browse the Web together. 

3) As documented by O'Connor et al. [191], POLY LENS is a generalization of the 

MOVIELENS system http://www.movielens.umn.edu/  [204] that recommends 

movies to groups of users. The system was recently modified to yield BUDDY 

SEARCH, which makes it easier to form ephemeral groups.  

4) INTRIGUE explained in Ardissono et al. [205], recommends tourist attractions 

for heterogeneous groups of tourists that include relatively homogeneous 

subgroups (e.g., "children"). 

 

2.5.3 Suitable Domains for Group Recommender Systems 

Applicable Personalized Recommender Systems domains are also relevant to 

Group Recommender Systems. Portugal et al. [206] observed that some domains are 

more applicable for Group Recommender Systems than Personalized Recommender 

Systems. As mentioned before, group activities such as watching a movie, going to a 

restaurant, taking a tour together, specific group sporting and gaming activities, social 
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networking, and others. While most research studies focus on movie recommendations, 

an enormous volume of publications for Recommender Systems and Group 

Recommender Systems on different subject domains depicted in Table 2-4 [207] and 

[208]. 

 

2.5.4 Desiderata in Group Formation 

Before carrying on the examination of Group Recommender Systems, we need to 

examine what a group is in the context of Group Recommender. Boratto et al. [208] 

reckoned that a group would form when any one of the following contexts exists: 

• Two or more people are sharing common interests and participating in the same 

activity. 

• A heterogeneous group of people aiming for a specific purpose on occasion 

sharing common resources to achieve a goal. 

• People who are strangers to each other or do not have anything in common but 

finding themselves sharing a shared resource such as background music in a 

confirmed environment like in a department store. 

• Group people with similar preferences is a way to mitigate resource scarcity. 

 

2.5.5 Group Types 

Since different types of groups exist, group recommender systems should be 

capable of managing heterogeneous groups. Boratto et al. [208] speculated that groups' 

formation would affect its model and thus the predictive capability of a Recommender 
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System. Building on the work of Jameson et al. [209], which described the four tasks of a 

recommender system in detail, Boratto et al. [208] further extended these four tasks to 

four different variants of a group: 

• Established group: people who share common interests and explicitly choose to 

join a group. 

• Occasional group: people who occasionally meet over some activities. 

• Random group: people share a resource on occasion without their explicit 

consent. 

• Auto group: People with shared preferences and automatically identified and 

grouped to share some scared resources. 

The following Table 2-4 listed the four group types and examples of 

Recommender Systems, which operate in the associated domains, applications, and 

publications that detailed the respective technology. 
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Table 2-4 Group Type, System, Domain, Publication in Group Recommender Systems. 

Group Type System Description Domain Publication 
Established Group NA Group personality Movies [210] 

 NA Document review Documents [211] 

 PartyVote Group event Music [212] 

 GRrc OC Communities Books [213], [214], [215], 

[216] 

Occasional Group PolyLens Group fun Movie [217], [218] 

 Happy Movie   [213], [219] 

 gRecs   [220], [221] 

 Addaptive 

correlation-based 

RS 

  [222], [223], [224], 

[225], [226], [227] 

 FIT-Family Group fun Television [228], [229] 

 Avatar   [230], [231] 

 HbbTV   [232], [233] 

 Groupfun Group fun Music [234] 

 Intrigue Touristry Tourism [235], [236] 

 Travel Decision 

Forum 

  [237] 

 CATS   [238] 

 Tapestry Critique Documents [239], [240], [241], 

[242], [243],  [244], 

[245], [246] 

Random Group MusicFX Entertainment Music [218], [220] 

 FlyTrap   [247], [248] 

 Adaptive radio   [249], [250] 

 In-vehicle 

Multimedia 

Recommender 

  [251], [252], [253] 

 NA Education e-Learning [254], [255] 

 NA Business e-Commerce [256], [257], [258] 

 IntelliReq System Applications [259], [260] 

 NA Routing Navigation [261] 

 NA Information Web Search [262], [263] 

 NA Control Safety [264] 

 NA Business Product Review [228], [229], [265], 

[266] 

 NA Entertainment Jokes [218], [221] 

 NA Education Academic [267] 

 NA Government Elections [268] 

 NA Messaging e-Mail [269] 

 NA Finance Stocks [270] 

 NA Communication Telecom [264] 

 NA Routing Traffic [271] 

Auto Group NA Organization Social Networking [272], [273], [274], 

[275] 
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2.5.5.1 Established Group 

O’Connor et al. [223] described the established groups observed in PolyLens, a 

Group Recommender System for movies, which have a persistent property that users who 

joined a group not only shared common interests in watching movies; but also actively 

participated in group activities in rating watched movies. Once a user joined an 

established group, the user tends to stay with the group for a long time. Many Group 

Recommender Systems, such as PolyLens applies the Collaborative Filtering method to 

construct a user profile for an individual member in the group and then build the group 

profile by merging individual profiles from the group members [216]. To produce 

recommendations for each group member, PolyLens uses a Collaborative Filtering 

algorithm to compute the rating score for each movie that meets the user’s preferences. 

Movies with the highest rating scores become the Top-N candidates for 

recommendations. PolyLens uses a “least misery” selection strategy for making group 

recommendations [223], i.e., to ensure every member is satisfied, it will pick the lowest 

predicted rating of a movie as the recommended movie’s rating for the group.  

However, some Group Recommender Systems such as Jukola [276] and 

PartyVote [212] are two music Group Recommender Systems capable of making music 

recommendations for an established social group attending a social event. These two 

music Recommender Systems work without requiring any user profiles. Instead, these 

Recommender Systems allow any event attendees to express their preferences by 

selecting a song, album, artist, or genre from a digital music collection. The rest of the 
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group votes to play songs from the selected list. The Recommender System computes the 

probability of the voted songs and plays the highest probability song. 

 

2.5.5.2 Auto Group 

Let vi be the vector of user i for rating the items and vj be the vector of user j for 

rating the items. Cosine similarity measures the similarity of sij between users i and j, as 

expressed in Boratto et al. [208] proposed a group recommendation algorithm that works 

in four steps: 

1) Step 1. Cosine similarity between users’ ratings matrix measures users’ similarity. 

The evaluation procedure [277] illustrates Equation (2.25) via the Cosine 

Similarity function. 

𝑠𝑖𝑗 = cos(𝑣𝑖 , 𝑣𝑗) =
𝑣𝑖⨀𝑣𝑗

∥ 𝑣𝑖 ∥×∥ 𝑣𝑗 ∥
 

(2.25) 

where “⨀ ” denotes the dot product operator and “×” denotes the multiplication 

operator. 

2) Step 2. Communities detection algorithm proposed by [278] can apply to the 

user’s similarity network and generate different granularities. 

3) Rating prediction for items rated by enough users of a group by aggregating the 

arithmetic mean of users involved for the group. So, for each item i, its rating ri is 

expressed as: 

𝑟𝑖 =
1

𝑛
∑ 𝑟𝑢

𝑛

𝑢=0

 
(2.26) 
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4) Step 4. Rating prediction for the remaining unrated items by considering both the 

rating and the similarity (tij ) of its top similar items: 

�̅�𝑖 =
∑ 𝑟𝑗⨀𝑡𝑖𝑗

𝑛
𝑗=0

∑ 𝑡𝑖𝑗
𝑛
𝑗=0

 
(2.27) 

where “⨀” denotes the dot product operator. 

 

2.5.5.3 Tag-Aware Grouping 

One choice of grouping strategy is using the tag information [279] and [280]. For 

example, the Tag field in MovieLens datasets is a good candidate for grouping users into 

different groups. MovieLens maintains a tag field in the datasets. Tag is a unique word-

phrases obtained from users’ tagging of movies that they have watched. MovieLens 

associates each word-phrase with a tag identifier. After watching a movie, besides rating 

the film, a user can designate a tag phrase to the movie, i.e., tag the movie. A different 

user can also assign a different tag phrase to the movie in a similar way, i.e., tag the 

movie differently. Movie tags capture the emotional reaction of users after viewing the 

movies. One can group users into groups by movie tags. Hence in MovieLens ml-latest-

small dataset, there are 1,128 tags; each can represent a group. One can group all those 

users who designated those movies they watched having the same movie tag. In this way, 

a user can belong to many groups. Arias et al. [281] remarked that more work is required 

to understand better the new complexities and emerging perspectives for Recommender 

Systems oriented to groups of users of very different nature and size as the social web 

expands. 
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Grouping strategies can affect Group Recommender System performance, as 

observed by De Pessemier et al.  [282]. Various developed grouping strategies have been 

deployed in various Recommender Systems to solve specific problems in various 

domains. The following grouping strategies will examine in turn in the following 

subsection: by dissimilarity, grouping by randomizing, pseudo grouping, combining 

systems and users’ grouping, and combining similar groups to form a supergroup. 

 

2.5.5.4 Grouping by Dissimilarity 

Researchers had conducted several studies in leveraging dissimilarity as a positive 

actor in grouping strategy. These studies included but were not limited to the work of 

Krebs et al. [283], Jackson et al. [284], Ludford et al. [285]. However, most conducted 

research related to group dissimilarity was not in the context of Recommender Systems. 

Thus, more grouping by dissimilarity studies must carryout to better understand the 

grouping strategies. 

 

2.5.5.5 Grouping by Randomizing 

The absence of the randomization technique is common in Recommender 

Systems. For example, randomly select an individual user and user’s variables for a 

supervised learning process or randomly pick a particular user’s profile to resolve a cold 

start issue. However, the grouping strategy seldom employs the randomization technique. 

Thus, further investigation is required. 
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2.5.6 Group Recommendation Making Strategies 

There are several ways of extending a Personalized Recommender System to a 

Group Recommender System as described by Baskin et al. [211], Berkovsky et al. [286], 

and De et al. [282]. Merging strategy and Virtual User or Superuser strategy are two 

conventional approaches for grouping. According to Kagita et al. [287] and [288], there 

are three ways to implement the Merged strategy: merged profiles, merging 

recommendations, and merging scores. Incidentally, Kagita et al. [288] also illuminated 

the Virtual User strategy. The aspect of grouping strategies for a system is different from 

that of a user. This dissertation research intends to examine the differences between the 

merging strategy and the Virtual User or Superuser strategy. Specifically, this study will 

examine the nature of ephemeral group versus persistence group from a user perspective 

and the following grouping strategies from a system perspective: 

1) Making group recommendations for a clustered of users, 

2) Making group recommendations by considering transitive precedence relation 

through a virtual user model, 

3) Adapting personalized recommendation for a group through aggregation 

strategies, 

4) Automatic identification groups of users with similar interests, and 

5) Making group recommendations through group behavior modeling. 
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2.5.7 Making Group Recommendations for a Clustered of Users 

To avoid an exhaustive search through the entire user preference database to match a 

particular user’s preferences, Ntoutsi et al. [227] advocated a group recommendation 

system that enhances recommendations partitioning users into clusters based on similar 

preferences. Aggregated preferences of clustered members drive the decision-making of 

recommendations for users. Popescu et al. also had studied the aggregated user 

preference [289], Baskin et al. [211], Quijano et al. [290], and Masthoff et al. [291]. The 

algorithms to estimate the relevance of an item for a user deployed by Ntoutsi et al. [227] 

for the group recommendations framework come in two flavors: 

1) Amer et al. (Amer-Yahia et al., 2009b) and Konstan et al. (J. A. Konstan et al., 

1997) illustrated a personalized recommendations production technique from the 

evaluation of relevance scores for unrated items of an unusually active user. 

However, users typically rate only a few items against the vast amount of the 

available items. Thus, to minimize the rating matrix's skewness, it introduces the 

notion of support that measures the percentage of friends of the active user who 

have expressed preferences for the item. The relevance and support scores are 

then combined to estimate a recommendation worthiness score of an item for a 

user.  

2) In addition to personalized recommendations, group recommendations deploy a 

model built on context information of users in the group as illustrated in Amer et 

al. [292] by combining all individual users’ preferences the group as preferences 

for the group. Moreover, Ntoutsi et al.  [227] further refined these group 
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preferences by three aggregation design methods that carry different semantics. 

Firstly, the Least Misery design will capture cases where strong user preferences 

act as a veto. Next, the Fair design will capture more common cases where most 

of the group members are satisfied. Lastly, the Most Optimistic design will 

capture cases where the most satisfied member of the group acts as the most 

influential member. After applying these three design methods appropriately, a 

Top-K list then uses in making recommendations to users in the group. 

 

2.5.8 Making Group Recommendations by Considering Transitive Precedence 

Relation through a Virtual User Model 

Extending the precedence mining model as outlined in [293] with the provision of 

taking transitive precedence relation into account through a virtual user model, Kagita et 

al. [288] have demonstrated this novel approach can extend to a group setting. The 

framework supports two methods known as Virtual User by Weight and Virtual User by 

Thresholding. The first method, the Virtual User by Weight strategy, takes care of the 

transitive precedence relationship among. On the other hand, Virtual User by 

Thresholding takes care of the usually ignored items by the traditional virtual-user-model. 

The Fixed-I model and Variable-I model are employed to efficiently calculate the items’ 

score to recommend the item with the highest score for a target group. 
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2.5.9 Adapting Personalized Recommendation for Group through Aggregation 

Strategies 

This section shall examine group recommendation’s main problem from adopting 

personalized recommendation based on individual user preference for group 

recommendation. Recommender Systems must learn users’ preferences from user rating 

records. After learning individual user preferences, the Recommender System then 

aggregates user rating information to provide group recommendations. Aggregation 

strategies research is ongoing. Researchers such as Mastho et al. [291] and Berkovsky et 

al. [286] developed various aggregation strategies that later research built on. Highlight 

below is a few of their aggregation strategies. They are merging individual user profiles 

as the group’s preferences are the superior strategy. 

The Utilitarian strategy considers utility values for group recommendation. The 

utility values are of two types, i.e., additive, or multiplicative. In an example of a movie 

recommender system, it first adds/multiply all the movie ratings separately for a user 

group. Then it lists movies with the highest aggregate utility value as recommended 

items.  

Most pleasure strategy generates a group rating list based on the maximum of 

individual ratings. For example, movies with the highest universal rating values will add 

to the recommended list.  

The Least misery strategy generates a group rating list based on the minimum of 

individual ratings. Then the item with a high minimum individual rating will be 
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recommended. The idea behind this strategy is that a group is as happy as its least happy 

member.  

Padmanabhan et al. [294] implemented a rule-based aggregation strategy called 

RTL strategy to group recommender systems by combining all of the above three 

strategies. This algorithm performs better regarding accuracy in group recommendation 

as compared to the preceding three grouping strategies. However, RTL has no provision 

for creating a better group (regrouping). Pujahari et al. [25] solved the regrouping 

deficiency by applying Predictive Rule Mining algorithms [295], which featured learning 

rules to first learn individual user’s preferences before applying a new algorithm for 

making group recommendations. 

 

2.6 Chapter Summary 

This chapter walks readers through a comprehensive literature review of research 

works in the Recommender Systems field. It begins with an overview of the advancement 

of research work in Recommender Systems in general. It then describes research works in 

two emotion detection and recognition methods through human facial expressions and 

contextual Natural Language Processing. It next illustrates the research works in Emotion 

Aware Recommender Systems before elaborating the Group Recommender Systems 

research works. It gives special attention to Group Recommender Systems' state and 

offers some examples of Group Recommender Systems, including Group Recommender 

Systems' suitable domains. Next, it continues to describe the research works of desiderata 

in group formation. It highlights the research works of different group types, including 
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established group, auto group, tag-aware grouping, and contrast between grouping by 

dissimilarity and grouping by randomizing. It then discusses the research works in group 

decision-making strategies and group recommendations, particularly about making group 

recommendations for a clustered of users and transitive precedence relation through a 

virtual user model. Lastly, it examines research works in adapting personalized 

recommendations for a group through aggregation strategies. Now, proceed to turn the 

page to the next chapter to prepare to walk readers through a comprehensive overview of 

Recommender Systems. 
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3 INNOVATIVE METHODOLOGY OF TEXT-BASED EMOTION AWARE 

RECOMMENDER SYSTEMS 

In this dissertation research, I have developed an innovative methodology and 

concepts that consisted of nine methods as depicted in Table 3-1 listed with each method 

prefixed with “M” to support the finding of raised research questions and hypotheses as 

well as for conceptual paper prototyping in the study of the text-based Emotion Aware 

Recommender Systems. 

Table 3-1 The innovative methodology and concepts consisted of nine methods to 

support the finding of raised research questions and hypotheses and paper prototyping for 

the text-based Emotion Aware Recommender Systems research and development. 

Index Methods 

M1 Basic Human Emotions (BHE) 

M2 Data Preparation 

M3 Tweets Affective Classifier (TAC) 

M4 Movie Emotion Profile Vector Embeddings (MVEC / IVEC) 

M5 User Emotion Profile Vector Embeddings (UVEC / WVEC) 

M6 Affective Aware Pseudo Association Method (AAPAM) 

M7 Affective Index Indicator (AII) 

M8 Pseudo Associate Connect (PAC) 

M9 Hit Rate 

 

 

The Table 3-2 below depicted the applicable methods to alleviate the known 

deficiencies in Recommender Systems in this dissertation research. The order of the 

named method in Table 3-2 starting from the left most column M1 method to the last 
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right column M9 method represent the process flow of enable a non-affective aware 

object affective aware. The method begins with M1 defining the concept of the Basic 

Human Emotion adopted in this dissertation research that formed the basis for all the 

development of methods and processes. M2 illustrates all datasets and processes involved 

in the data preparation. In order to enable textual non-affective aware object affective 

aware, I have developed in M3 a Tweets Affective Classifier (TAC) which can classify 

six Basic Human Emotions and a neutral emotion on any subjective writing. This 

dissertation research demonstrates text-based Emotion Detection and Recognition using 

metadata of movie overviews and Amazon product descriptions. When feeding movie 

overviews or product descriptions to TAC, it classifies the seven emotion vector 

embeddings in M4 probabilistic distribution denoted MVEC (movie vector embeddings) 

or IVEC (item vector embeddings). When taking the average of all movies or items 

MVEC / IVEC that a user has consumed, it yields M5 the user emotion vector 

embeddings UVEC. Starting from M6 to M9 are methods relating to the concept of 

joining disjoint users reside in different datasets within the same or different domain. 
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Table 3-2 The applicable methods to alleviate the known deficiencies in Recommender 

Systems. 

 M1:  

BHE 

M2: 

Data 

Prep 

M3: 

TAC 

M4: 

MVEC 

M5: 

UVEC 

M6: 

AAPAM 

M7: 

AII 

M8: 

PAC 

M9: 

Hit 

Rate 

D1: not adapting 

ever-changing users’ 

tastes & preferences 

 

X 

 

X 

 

X 

 

X 

 

X 

 

X 

   

X 

D2: domain bounded X X X X X X X X  

D3: no emotion 

labeled dataset for 

R&D 

 

X 

 

X 

 

X 

 

X 

     

D4: no standard on 

collecting, labeling, 

modeling profiles 

 

X 

 

X 

 

X 

 

X 

 

X 

    

D5: cannot FDR a 

faceless image 

X X X X      

D6: no guarantee to 

replicate emotion 

labeled dataset for 

peer review 

X X X X      

 

 

Table 3-3 depicted the applicable methods that support prototyping solutions for 

research questions. I will illustrate the application of these methods in the section 4 

Prototyping the Key Components of Text-Based Emotion Aware RecommeNder Systems 

on page 168 and in the section 5 Finding for Research Questions and Hypotheses  on 

page 215. 
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Table 3-3 The applicable methods for research questions prototyping. 

 M1:  

BHE 

M2: 

Data 

Prep 

M3: 

TAC 

M4: 

MVEC 

M5: 

UVEC 

M6: 

AAPAM 

M7: 

AII 

M8: 

PAC 

M9: 

Hit 

Rate 

Q1: Is EAR adapting 

to ever-changing 

users’ tastes & 

preferences? 

 

X 

 

X 

 

X 

 

X 

 

X 

 

 

   

 

Q2: Can affective 

aware enhance 

Recommenders’ top-

N? 

 

X 

 

X 

 

X 

 

X 

 

X 

    

X 

Q3: Can disjoint 

users in different 

domains be 

associated in one 

Recommender? 

 

 

X 

 

 

X 

 

 

X 

 

 

X 

 

 

X 

 

 

X 

 

 

X 

 

 

X 

 

Q4: Can PRS span 

across multiple 

domains? 

 

X 

 

X 

 

X 

 

X 

 

X 

 

X 

 

X 

 

X 

 

Q5: Can affective 

features be applied 

SSG to improve GRS 

throughput? 

 

X 

 

X 

 

X 

 

X 

 

X 

  

X 

  

Q6: Can emotion be 

applied to user group 

decision support? 

 

X 

 

X 

 

X 

 

X 

 

X 

  

X 

  

 

 

3.1 Chapter Introduction 

This chapter aims to study the modeling of Recommender capable of making 

emotion-aware recommendations. One of the design decisions described in chapter one, 

the introductory chapter, is that this dissertation research will focus on the text-based 

emotion detection and recognition (EDR)of movie metadata to enhance the lack of 

explicit emotion label movie by composing aware affective features to augment the 

datasets. The primary human emotion research mainly focuses on detecting primary 
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human emotion through facial EDR on micro-expression to recognize four to eight or 

more primary human emotions [153]. Nevertheless, the facial micro-expression EDR 

technique will fail when confronting a faceless situation. Besides choosing the applicable 

EDR technique for the dissertation research,  the study follows many other EDR 

researchers’ strategies in selecting the number of primary human emotions [296]. The 

study will employ primary human emotions classification as defined by Ekman’s six 

human primary emotions: happiness, sadness, hate, anger, disgust, and surprise [160]. 

The more categories of emotion classes one wants to include in a study, the harder it is to 

find the appropriate label dataset for the corresponding set of emotions with significant 

data points applicable for machine learning. This dissertation research adds a neutral 

emotion to the human primary emotion study for affective computation convenience.  

In [8], I described a text-based EDR method employed a combined bi-directional 

Long Short-term Memory and Convolutional Neural Network 1 Dimension (LSTM - 

Conv1D) architecture configured in an Asymmetric Double Decker Butterfly Wing Bi-

directional LSTM - Conv1D model for EDR of six primary human emotions plus the 

neutral emotion from tweets, Twitter’s short messages. This chapter will detail the 

techniques, synonymous emotion word sense datasets, language embeddings model, and 

emotion tags datasets in developing the EDR model. The model applies for EDR training, 

testing, and validating emotion-labeled tweets in the tweet datasets and applying the 

trained EDR model by learning transfer to categorize emotions on movie overviews 

metadata MovieLens, TMDb, and IMDb datasets. 
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3.1.1 Emotion Detection and Recognition 

In the absence of a publicly available explicit emotion-labeled movie metadata 

dataset, I developed a subjective text affective aware classifier illustrated in [8] to EDR 

from readily available affective tagged tweets stored in the Twitter database. Tweets 

allow tweeters to tag messages. So, users can treat tweeter’s message tag as the label of 

the message. Users can define a dictionary containing affective words, including their 

synonymous for the primary human emotions. Table 3-8 depicted the six primary human 

emotions and synonymous associated with each mood. For each affective word in the 

defined vocabulary, one can collect all tweets’ messages with their associated tags that 

match vocabulary words forming the affective labeled dataset for subsequent emotion 

modeling. 

Using the affective labeled tweets datasets, users can develop a Tweet Affective 

Classifier (TAC) model by any proven machine learning supervised learning method. 

Illustrated in [8], TAC can classify any tweet text into an affective vector embedding 

containing seven primary human emotions in probabilistic values. With the TAC model 

built, users can feed the movie text metadata, such as overviews, to TAC to classify the 

movie’s MVEC affective values. 

 

3.2 Provision Non-Emotion Labeled Datasets with Emotion-labeled 
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3.2.1 Data Preparation of Movie Datasets 

One of the challenges in this study is to obtain a large enough movie metadata set 

that comes with emotion labels to conduct meaningful development of emotion EDR 

modeling and classification of text-based metadata through machine learning methods. 

However, no such emotion-labeled dataset is readily available. The alternative is to 

obtain the needed emotion-labeled dataset by deriving it from the following sources: 

1. Get the movie rating datasets from the MovieLens datasets stored in the GroupLens 

repository [9]. 

2. Scrape The Movie Database (TMDb) [297] for movie overviews and other 

metadata.  

3. Derive the emotional word sense set as contextual emotion word synonyms with 

WordNet [298].  

4. Query the Twitter database for tweets with keyword tags that matched the 

contextual emotion word synonymous [299].  

5. Download various product datasets from Amazon.com, with a few Amazon 

datasets that are video product-related [300]. 

 

3.2.1.1 IMDb Database 

Internet Movie Database (IMDb) is a massive online web media directory 

company, a wholly-owned subsidiary by Amazon.com since 1998 [301]. The database 

hosts global entertainment content and box office revenue of over six million titles, ten 

plus million names related to films, TV, music, video games, internet streams, celebrities, 
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casts, video clips, images, and productions-related metadata. More importantly, the 

database contains ratings, fan sentiments, and reviews mainly collected through and 

generated by IMDb’s worldwide extensive entertainment community [302]. IMDb no 

longer offers a publicly accessible web API [303]. However, users can download IMDb 

published selected metadata fields datasets from the site at the following 

URL: https://datasets.imdbws.com/ with a description of datasets found at the following 

URL: https://www.imdb.com/interfaces/. However, these datasets do not contain movie 

metadata regarding storyline, description, plot, summary, nor overview. If users need any 

non-published metadata, users must scrape the website for the raw data. 

Table 3-4 shows seven downloadable datasets with fields and data type 

specifications published by IMDb for personal and non-commercial use. Each dataset is 

in gzipped (GZ), tab-separated-values (TSV), UTF-8 character set encoded formatted 

file.  

  

https://www.imdb.com/interfaces/
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Table 3-4 IMDb datasets. 

gzipped data file Fields 

title.akas.tsv.gz titleId (string), ordering (integer), title (string),  region 

(string), language (string),  types (array), attributes (array), 

isOriginalTitle (boolean) 

title.basics.tsv.gz tconst (string), titleType (string), primaryTitle (string), 

originalTitle (string), isAdult (boolean), startYear 

(YYYY), endYear (YYYY), runtimeMinutes, genres 

(string array) 

title.crew.tsv.gz tconst (string),  directors (array of nconsts), writers (array 

of nconsts) 

title.episode.tsv.gz tconst (string),  parentTconst (string),  seasonNumber 

(integer), episodeNumber (integer) 

title.principals.tsv.gz tconst (string), ordering (integer),  nconst (string),  

category (string),  job (string), characters (string) 

title.ratings.tsv.gz tconst (string), averageRating,  numVotes 

name.basics.tsv.gz nconst (string),  primaryName (string), birthyear,  

deathYear, primaryProfession (array of strings), 

knownForTitles (array of tconsts) 

 

 

3.2.1.2 TMDb Database 

IMDb, a subsidiary of the for-profit conglomerate Amazon.com owns all its 

contents. TMDb, an open-source organization that does not own its contents. TMDb 

users own and contribute the contents to the database. The materials’ usage is for self and 

non-profit purposes. Users are less concerned about the unintentional violation of 

copyrights and licensing legal issues, nor need to ask for permission to use the materials 

on a case by case-based explicitly. 

TMDb provides a Web-API, currently in its version 3 TMDb API, for users to interact 

with the database [304]. Using a brute force method, one can scrape the TMDb database 
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for movie metadata, particularly for movie overview, containing subjective writings of 

movie descriptions, which is applicable for classifying the text’s moods. 

Using TMDb ID, a unique movie identifier assigned to a movie, the user can 

query the TMDb database for needed metadata. The TMDb ID begins from 1 and 

increments upwardly. However, TMDb ID numbering may show gaps between 

consecutive ids. I illustrated a brute method [26] that scraped the TMDb database to 

obtain 452,102 movie overview records after cleansing from the raw data—applying the 

Tweets Affective Classifier (TAC), the text-based emotion classifier developed in [8] to 

classify emotion for 452,102 overviews to obtain the needed movie emotion label dataset. 

 

3.2.1.3 MovieLens Datasets 

MovieLens datasets come in different sizes. The name of a dataset in MovieLens 

coveys the number of ratings it has. Depicted in Table 3-5 is a list of MovieLens datasets 

employed in the study.  The table shows the number of users, ratings, movies, and 

overviews of each MovieLens dataset. In each MovieLens dataset, there is a link data file 

contains link information for cross-domain datasets references via movie ID, IMDb ID, 

and TMDb ID between MovieLens and two other movie databases, IMDb and TMDb [9], 

[297], and [16]. 
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Table 3-5 MovieLens dataset statistics merged with number of overviews from TMDb. 

Dataset Users Ratings Movies Overviews 

mlsm 610 100836 9742 9625 

ml20m 138493 20000263 27278 26603 

ml25m 162641 25000095 62423 60494 

ml27m 283228 27753444 58098 56314 

 

 

I developed a text-based emotion classifier, TAC, that can EDR seven primary 

human emotions from tweets. One can feed all 452,102 overviews scraped from the 

TMDb database to TAC to classify each movie overview’s emotion profile. Depicted in 

Table 3-6 is the first few rows of the cleansed TMDb movie mood dataset where tid, mid, 

and iid represent TMDb ID, movie ID, IMDb ID, respectively. The dataset mood shows 

the movie’s dominant mood, followed by the seven individual emotional features’ 

probability distribution values summing up to one (1). The dataset depicted in Table 3-6 

has omitted the overview column for display clarity. 

Table 3-6 First few rows of cleansed TMDb movie mood dataset. 

Index tid mid iid mood neutral happy sad hate anger disgust surprise 

1 2 4470 94675 disgust 0.157 0.086 0.156 0.075 0.085 0.266 0.175 

2 5 18 113101 disgust 0.121 0.060 0.098 0.128 0.133 0.244 0.216 

3 6 479 107286 hate 0.075 0.114 0.054 0.433 0.095 0.128 0.100 

4 11 260 76759 neutral 0.299 0.262 0.079 0.030 0.017 0.083 0.230 

5 12 6377 266543 surprise 0.150 0.080 0.055 0.083 0.103 0.153 0.376 

 

 

Using the TMDb movie mood dataset to act as a movie mood reference dataset, 

one can merge the TMDb movie mood dataset with the four Movielens datasets: ml-



140 

 

latest-small (a.k.a. MLSM hereafter), ml20m, ml25m, and ml-latest (a.k.a. ml27m 

hereafter), to get the number of merged overviews. Not all movies listed in the 

MovieLens datasets have a corresponding movie extracted from TMDb. Although 

452,102 movie overviews have scraped from TMDb, when merging with MovieLens, 

only one-eighth of the number of overviews are joinable. Table 3-5 depicted the statistics 

of merging the MovieLens dataset with the TMDb movie mood dataset, where the 

overview column indicates the number of merged records from different datasets between 

the two domains. For example, MovieLens’ MLSM dataset contains 9742 raw movie 

rows. After cleansing, MLSM yields 9625 cleansed movie rows. When merging MLSM 

cleansed movie rows with the TMDb movie mood dataset, only 9613 movie rows are 

joinable. It is common knowledge that MovieLens datasets have gone through pre-

processing and data cleansing. However, when going through the necessary data 

preparation steps, a data loss of 1.32% from the original dataset is still experienced. 

 

3.2.1.4 Amazon Product Datasets 

In the recent release of the updated version Amazon Review Data (2018) 

repository [305], [300], and [306], the repository maintains product reviews and product 

metadata on 29 categories stored in two data groups: Complete-review-data and Small-

subsets-for-experimentation. This study uses the following two data files in the Small-

subsets-for-experiment group of 5-core: the reviews_Toys_and_Games_5.json, a.k.a. 

Toys_and_Games hereafter, and the Digital_Music_5.json, a.k.a. Digital Music hereafter. 

The data size of Amazon Review Data (2018) contains 233.1 million reviews in the 
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Complete-review-data group spanning 29 product categories from May 1996 to October 

2018. Some categories have fewer than 90,000 to 900,000 reviews, while many have over 

one million to more than 51 million reviews. Also available for experimentation are 

subsets of smaller datasets with reviews ranging from a few thousand to a few million, as 

depicted in Table 3-7 in JSON format [307]. 

Amazon Review Dataset contains reviewerID and reviewerName, which can be 

combined to form a unique user id. The ASIN code stands for Amazon Standard 

Identification Number, represents a unique product code to use as an item id. The vote 

field contains a reviewer rating score on a 1 (lowest) scale to 5 (highest). The reviewText 

contains subjective writing of the reviewer’s sentiment, a TAC source to classify the item 

emotion profile, IVEC. In the case of the Amazon Review Dataset, a user’s emotion 

profile, UVEC represents the average value of all items’ IVECs the user has reviewed. 

Note that IVEC in Amazon Review Dataset is equivalent to MVEC in MovieLens. 

  



142 

 

Table 3-7 A Sample Review Extracted from Amazon Review Dataset. 

{ 

  “reviewerID”: “A2SUAM1J3GNN3B”, 

  “asin”: “0000013714”, 

  “reviewerName”: “J. McDonald”, 

  “vote”: 5, 

  “style”: { 

    “Format:”: “Hardcover” 

  }, 

  “reviewText”: “I bought this for my husband who plays the piano.  He is having a 

wonderful time playing these old hymns.  The music  is at times hard to read 

because we think the book was published for singing from more than playing from.  

Great purchase though!”, 

  “overall”: 5.0, 

  “summary”: “Heavenly Highway Hymns”, 

  “unixReviewTime”: 1252800000, 

  “reviewTime”: “09 13, 2009” 

} 

 

 

 

3.2.2 Gathering of Emotion Synonymous from WordNetAffectEmotionLists  

WordNet hosts a WordNet-Affect for lexical representation, which is an affective 

knowledge linguistic resource [308]. It contains a selection of tags, a subset of synsets 

that convey the emotional meaning in WordNet-Affect. WordNet-Affect emotion lists 

contain six synsets extracted from WordNet-Affect. The six emotion synsets are 

happiness, sadness, hate, anger, disgust, and surprise stored in a compressed file: 

“WordNetAffectEmotionLists.tar.gz” [309]. Users can download the “.gz” file and 

uncompressed it into six emotional text files. Each emotion synset file contains two 

columns of information: a synset’s column and the synonymous column. The synset’s 

synonymous set corresponds to an emotion class and store in the corresponding emotion 
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text file. Users can extract the synonymous column from each emotion text file. After 

removing duplicate synonymous, sorted, and cleansed synonymously and stored cleansed 

lists in the corresponding comma-separated values (CSV) format, emotion is 

synonymous.  Table 3-8 contains the statistic of the cleansed six emotion synonymous 

files. 

Table 3-8 Synonymous statistics of six basic human emotions. 

Mood Count Synonymous List 

Happiness 400 “admirable”,..., “zestfulness” 

Sadness 202 “aggrieve”,..., “wretched” 

Hate 147 “affright”,..., “unsure” 

Anger 255 “abhor”,..., “wrothful” 

Disgust 53 “abhorrent”,..., “yucky” 

Surprise 71 “admiration”,..., “wondrously” 

 

 

3.2.3 Selecting Emotion Tags from Tweets in Twitter database  

This study works with the 140 characters or less regular tweet short messages, 

which posts on Twitter message service. Twitter offers a popular social network 

messaging service on a microblogging platform.  Most, if not all, user’s tweets are 

extractable and available to the public. Each tweet is searchable and extractable by 

keyword through Twitter’s API [310].  

Users can treat each emotion synonymous from the WordNetAffectEmotionLists 

as a tweet’s keyword tag. By looping through all the emotion synonymous in Twitter’s 

search-by-keyword API, one can extract all the tweets that match the keyword and store 
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the result in a comma-separated value (CSV) or a JavaScript Object Notation (JSON) file. 

For example, if the emotion synonymous belongs to the anger concept, one will store the 

retrieved tweet in the anger raw.csv file. As depicted in Table 3-8, the anger emotion 

corresponding file, the anger syn.txt, has 255 synonymous. All tweets retrieved from the 

corresponding anger keywords stored in anger raw.csv. 

After performing text cleansing steps, it yields the following affective feature 

records depicted in Table 3-9. The affective dataset extracted from Twitter shows an 

unbalanced dataset. To get a balance of the affective dataset, the user can subsample each 

affective attribute dataset size to 15,000. Users can further split each affective dataset into 

a training dataset with 80% of the samples (12,000) and 20% of the test dataset (3,000) 

for subsequent machine learning modeling. 
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Table 3-9 Moods records gathered from Twitter. 

Mood Class Size 

Neutral 19180 

Happiness 138019 

Sadness 60381 

Hate 38651 

Anger 17830 

Disgust 19887 

Surprise 15002 

No. of unbalance 7 mood classes 308878 

No. of each balanced mood 15000 

No. of each balanced mood train 12000 

No. of each balanced mood test 3000 

 

 

3.3 Develop Core Affective Aware Functionality 

The term core affective aware functionality in this section refers to describing a 

system component under study. An abstraction that will help the reader to understand the 

subject matter better. This section will start the foremost critical study of emotion 

modeling because the entire dissertation research aims at making the Recommender 

emotionally aware. By presenting the emotion modeling concisely, the reader can better 

appreciate Emotion Aware Recommender (EAR). 

The introduction section has illustrated a design decision that this dissertation 

research will focus on studying EAR machination. In the field of text-based emotion 

detection and recognition (EDR), utilizing long short-term memory (LSTM), an artificial 

recurrent neural network (RNN) architecture, and the convolutional neural network 

(CNN) 1-dimension (Conv1D) are two favorite choices of artificial neural network 
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(ANN) in deep learning (DL) architectures applicable for contextual nature language 

modeling; thus, particularly suitable for text-based EDR processing. This dissertation 

text-based EDR modeling study combines both RNN’s LSTM and CNN’s Conv1D 

architectures to form an Asymmetric Double Decker Butterfly Wing Bi-directional 

LSTM - CNN Conv1D text-based EDR model architecture to guide the development of 

the contextual text-based EDR classifier. 

Once the contextual text-based EDR classifier is completed successfully,  it can 

be deployed to classify any contextual subjective writing for emotion classification. 

Applying the emotion classifier to a non-emotion labeled movie overview classifies the 

movie’s overview’s emotion features and makes the non-emotion labeled dataset become 

an emotion-labeled dataset. 

An interesting issue arises when applying the contextual text-based EDR classifier 

to classify disjoint objects in different non-emotion labeled datasets across different 

information domains to make these datasets become emotion labeled datasets. It is an 

issue about associating disjoint objects for cross-referencing in different datasets within 

and across different information domains. In other words, how to associate similar 

disjoint objects in different datasets regardless of information domains where they 

resided. This section explores an Affective Aware Pseudo Association Method 

(AAPAM) to virtually connect disjoint objects of different datasets in the same or across 

different information domains. 
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3.3.1 Tweets Affective Classifier 

Tweets Affective Classifier (TAC), an emotion classifier that I developed in [8], 

can classify six basic human emotions plus the neutral mood as affective features tweet 

text. Applying TAC to TMDb’s movie overview classifies the mood of the overview, 

which becomes the movie’s emotion profile, MVEC, as depicted in Table 4-13. After 

joining the movie emotion profile in the TMDb data file with the rating data file in 

MovieLens, users’ emotion profiles, UVECs can be computed by taking the average of 

MVECs from all the movies they have watched. Similarly, TAC can be applied to users’ 

reviews in any rating data file of Amazon Review Dataset to obtain users’ emotion 

profiles, UVECs, as depicted in Table 4-14. 

TAC architecture is an Asymmetric Butterfly Wing Double-Decker Bidirectional 

LSTM - CNN Conv1D architecture [8], [311], and [312]. The following block diagrams 

depict the tweets’ text messages classifier in Figure 3.1, Figure 3.2, and Figure 3.3 A 

preprocessed seven emotional word embeddings were applied as input to train TAC 

through pre-trained GloVe embeddings using the glove.twitter.27B.200d.txt dataset 

[313]. There are two types of input word embeddings: trainable emotion words 

embeddings and frozen emotion words embeddings, i.e., the weights in the embeddings 

are frozen and do not allow for modification during TAC’s training session.  
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Figure 3.1 First half of Asymmetric Butterfly Wing Double-decker Bidirectional LSTM-

CNN Conv1D architecture block diagram of Tweets Affective Classifier. 

The training process begins with training the first half of the butterfly wing as 

depicted in Figure 3.1 by feeding preprocessed TAC input emotional word embeddings to 

the double-decker bidirectional LSTM neural nets. The frozen emotional word 

embeddings are fed to the top bidirectional LSTM, while the trainable emotional word 

embeddings feed to the bottom bidirectional LSTM. Please note, it makes no difference 

whether frozen on top of trainable or the verse vasa. Next, concatenate both the top and 

bottom bidirectional LSTM of the double-decker neural net. The double-decker 

bidirectional LSTM is fed in parallel to seven sets of CNN Conv1D neural nets. The 

dropout regularization unit with a parameter set at 0.5 to prevent overfitting. All the 



149 

 

Conv1Ds outputs then concatenate to form the first half of the overall production’s 

butterfly wing neural nets. 

Depicted in Figure 3.2 the second half of the butterfly wing neural nets 

architecture is different from the first. The training process of the second half wing 

begins by setting up two groups of Conv1D neural nets. Each group contains seven CNN 

Conv1D neural nets. The preprocessed TAC’s frozen emotional word embeddings are fed 

as input in parallel to group one of the Conv1D neural net while feeding in parallel to the 

other group’s trainable emotional word embeddings. The dropout regularization 

parameter is set at 0.5 for all seven pairs of conv1Ds to prevent overfitting. The 

concatenation of all seven pairs of Conv1D outputs becomes a single output and then 

feeds to a single bidirectional LSTM with the dropout regularization parameter set at 0.5 

to prevent overfitting. 
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Figure 3.2 Second half of Asymmetric Butterfly Wing Double-decker Bidirectional 

LSTM-CNN Conv1D architecture block diagram of Tweets Affective Classifier. 
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Figure 3.3 Concatenate two half-butterfly wing architecture block diagrams of Tweets 

Affective Classifier. 

Next, depicted in Figure 3.3 the first half of the butterfly wing output is 

concatenated with the second half to form the overall production output. The output then 

feeds to a CNN MaxPooling1D with the dropout regularization value set at 0.5. Then the 

flow goes through a CNN Flatten neural net before flowing through a CNN Dense neural 

net. Finally, the process flows through another CNN Dense neural net using sigmoid as 

an activation function to classify the emotion probabilistic distribution values. TAC 

output the emotion classification in the form of the probabilistic distribution of seven 

values that sum to one (1). Each value indicates the amount in the percentage of the 

emotion class. Thus, the seven-emotion probabilistic distribution value forms an emotion 

vector, IVEC, an object's emotion profile.  
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3.3.2 Text based Emotion Aware Recommender 

I proposed in [26] an innovative idea of developing an end-to-end Multi-channel 

Emotion Aware Recommender (McEAR), which based on the following sources: 

• explicit rating information of items 

• implicit affective data embeddings for items 

• the embedding of the user’s emotion profile  

Over the years, researchers have noticed that emotions playing an essential role in 

the human decision-making process [314] [315] [316] [317] [318] [319]. Psychologists 

and social science researchers know that the state of mind or moods of an individual 

affects his decision-making processes [320] [321] [322] [323]. I illustrated in [8] a 

method to derive an emotion classifier from tweets’ affective tags and use the affective 

model to predict a movie’s emotion profile through the movie overview. The movie 

emotion profile embeddings denote as MVEC. The movie embedding values MVEC stay 

constant throughout its lifespan. Also, UVEC represents the average value of all MVEC 

of the movies a user has watched. The value of UVEC will change each time the user 

watches a movie. The coverage of the MVEC is extensible to cover other metadata of the 

movie, such as genres. The paper in [26] denoted the expanded MVEC as item 

embeddings (IVEC). For example, IVEC can hold the combined emotion embeddings for 

movie overview and genres. Similarly, UVEC expands its embedding coverage as the 

average value of all IVEC items a user has consumed. The expanded UVEC denotes 

WVEC. Please note that UVEC / WVEC and MVEC / IVEC reference interchangeably. 
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3.3.3 Comparative Platform for Recommender Systems 

One of the benefits of building the comparative platform for Recommender 

Systems from scratch is to make the study and observation of recommendations making 

under different context situations with less restriction. The goal is not to develop the best 

practice Recommender algorithms of high performance but to provide a more adaptable 

way to modify the Recommender Systems to handle different information contexts when 

the situation arrives. A Recommender is known to build with a specific domain in mind. 

Nevertheless, with the Recommender Systems comparative platform in place, it is easy to 

transfer the learning experience, for example,  from the movie-oriented EARs to other 

Recommender Systems reside in other information domains.  

For example, in building a movie context-aware Recommender, it is adequate for 

making movie recommendations by a Genres Aware Recommender (GAR) using movie 

genres. Still, a movie GAR may not handle well when feeding music’s genres to it 

without processing logic modification. Of course, movie GAR will fail to make 

recommendations if metadata containing no genre information. Hence, Context-aware 

Recommender is a subclass of Content-based Filtering Recommender; it follows the CBF 

limitation to only process metadata when it is visible to it. If there is no genre field in the 

metadata, CBF will fail to make recommendations that require genre information.  

Thus, in Emotion Aware Recommender, humans express primary human 

emotions universally regardless of the differences in races and cultural backgrounds. 

Once a user’s emotion profile has been established in an information domain, the same 
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user’s emotion profile is applicable in other information domains. The caveat is that other 

domains must contain the same set of emotion features in the metadata. 

To better understand the different aspects of making emotion aware of top-N 

recommendations, this study developed a comparative platform of five Recommender 

algorithms to facilitate the evaluation process. 

• Depicted in Equation (2.17) is an Item-based Collaborative Filtering (IBCF) 

movie Recommender, which applies Cosine Similarity to compute pairwise items 

for identifying similar items’ closeness. The rating matrix, R, represents movie 

titles by rows and users by columns. 

• Also depicted in Equation (2.17) is a User-based Collaborative Filtering (UBCF) 

movie Recommender, which applies Cosine Similarity to compute pairwise users 

to identify similar users’ closeness. The rating matrix, R, represents users by rows 

and movie titles by columns. 

• Also depicted in Equation (2.17) is a Content-based Genre Aware Recommender 

(GAR) using Cosine Similarity to compute the pairwise similarity between the 

two movies’ genres. 

• Also depicted in Equation (2.17) is a Content-based Emotion Aware 

Recommender (EAR) using Cosine Similarity to compute the pairwise similarity 

between two emotion-aware movies. 

• Also depicted in Equation (2.17)  is a Content-based Emotion and Genre Aware 

Multimodal Affective Recommender (MAR) using Cosine Similarity to compute 
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the pairwise similarity between two items with affective awareness genre 

embeddings. 

MovieLens ml-latest-small dataset deploys as the training dataset. An active user 

such as user ID 400 picks randomly as the test user. By taking the average of all IVEC of 

the movies a user has watched, it yields the user’s WVEC. Table 3-10 depicts the WVEC 

of the active test user ID 400 representing the overall average of 43 movies’ IVEC the 

user ID 400 has watched. 

Table 3-10 The average mood value WVEC of user ID 400 user. 

Neutral Happiness Sadness Hate Anger Disgust Surprise 

0.163529

93 

0.088735

25 

0.127089

98 

0.203318

40 

0.119338

19 

0.158812

87 

0.139175

38  

 

3.3.4 Affective Aware Pseudo Association Method  

Researchers often encounter situations in working with multiple datasets in the 

same or different domains that unique identifiers (ids) of a data file in a dataset are 

disjoint when making cross-references across different datasets. In this dissertation 

research, I was intrigued by [11] to examine a similar situation about disjoint ids of a data 

file when making cross-references across different datasets within the domain. In that 

paper, a method known as an Affective Aware Pseudo Association Method (AAPAM) 

was used to correctly connect disjoint users across different datasets within the same 

domain. 
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A disjoint user refers to a user with assigned ID x in dataset p but assigned with 

ID y in dataset q—users with ID x and y in dataset p and q are the same user who resides 

in different datasets.  Whereas a pseudo-user refers to a user with assigned ID z in dataset 

r whose features vector is closely like a user with assigned ID x in dataset p. User with ID 

x and z in dataset p and r are not the same user but consider as virtually the same user in a 

sense that they have closely similar feature values. This dissertation research denotes two 

pseudo disjoint users form a Pseudo Association Connection (PAC) relationship if they 

have closely similar features that meet a predefine Affective Index Indicator (AII) 

threshold. This paper wants to expand the study to determine whether the same AAPAM 

method can connect disjoint users across different datasets in different domains.  

Collaborative Filtering works on the premise that CFRS will recommend user x 

on items consumed and rated highly by user y, but user x has not yet consumed, who 

share the same tastes and preference as user y. CFRS usually works with users who reside 

in the same information domain dataset. CFRS fails to make top-N recommendations to 

an active user if users are disjointed and reside in different datasets within or across 

different information domains. When applying the AAPAM concept to CFRS, CFRS can 

make top-N recommendations to any pseudo disjointed active user by reassociated 

pseudo disjointed users through PAC. 

In [11], it works with four MovieLens datasets [324], namely, ml-latest-small 

(hence a.k.a. mlsm), ml-20m (a.k.a. ml20m), ml-25m (a.k.a. ml25m), and ml-latest (a.k.a. 

ml27m hereafter) datasets. Table 3-5 illustrates the statistics of each mentioned 
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MovieLens dataset. The name of a MovieLens dataset reflects the number of ratings it 

contains. 

In each of the four MovieLens datasets, there are two data files named ratings, 

and tags contain user ids as a unique identifier. MovieLens stated that user ids found in 

ratings and tags data files are consistent within the same dataset but are not uniform 

across different datasets [325]. For example, in [11], user ID 400 is only compatible with 

the same MovieLens MLSM dataset and is not across ml20m, ml25m, ml27m datasets. In 

other words, user ID 400 in other MovieLens datasets is not the same user ID 400 as in 

the MLSM dataset. However, [11] has demonstrated by using the AAPAM method, the 

disjoint user ID 400 in MLSM can correctly connect to the proper user ID in MovieLens 

datasets as depicted in Table 3-11. 
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Table 3-11 Pseudo Association Connect of MLSM user  ID 400 to other disjoint users in 

different MovieLens datasets through Affective Index Indicator. 

Dataset mlsm ml20m ml25m ml27m 

User1 

ID 

PAC 

400 66274 95459 89195 

User1 

Movie 

Count 

43 22 43 43 

User1 

Watched 

List 

movie ID 

6 

 47 

 50 

260 

…,  

122886  

134130  

164179  

168252 

47 

260 

300 

307 

...,  

2628 

2797 

3418 

3481 

6 

47 

50 

260 

 …,  

122886 

134130 

164179 

168252 

6 

47 

50 

260 

…,  

122886 

134130 

164179 

168252 

User1 

UVEC 

    

Neutral 

Happiness 

Sadness 

Hate 

Anger 

Disgust 

Surprise 

0.16353 

0.08874 

0.12709 

0.20332 

0.11934 

0.15881 

0.13918 

0.16250 

0.08609 

0.12654 

0.20701 

0.11776 

0.16005 

0.14005 

0.16353 

0.08874 

0.12709 

0.20332 

0.11934 

0.15881 

0.13918 

0.16353 

0.08874 

0.12709 

0.20332 

0.11934 

0.15881 

0.13918 

User1 

Affective 

Index 

Indicator 

1.0 0.99992 0.99999 0.99999 

 

 

The Affective Aware Pseudo Association Method (AAPAM) computes the 

Affective Index Indicator (AII) using the Cosine Similarity algorithm [82], as depicted in 
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Equation (2.17), to express the closeness of the emotion profiles between two users or 

items. When using AAPAM to compare pairwise between User ID 400 of MLSM against 

users in other MovieLens datasets, AII reveals, as depicted in Table 3-11, the closest 

other users’ emotion profiles that match the candidate user. User ID 400 in MLSM can 

make a pseudo associate connection (PAC) to user ID 66274 with AII 0.999916 in 

ml20m or user ID 95449 with AII 0.999999 ml25m, or user ID 89195 with AII 0.999999 

in ml27m, respectively. 

AAPAM also worked with The Movie Database (TMDb) [297], where the movie 

metadata was obtained by scraping from TMDb for movie overviews, poster images, and 

other metadata. AAPAM applied the Tweets Affective Classifier (TAC), a method 

developed in  [8], to classify a movie emotion profile. A movie emotion profile is also 

known as a movie vector, MVEC, which represents a multi-dimensional embedding of a 

probability distribution of seven primary human emotions: neutral, happiness, sadness, 

hate, anger, disgust, and surprise. Each user in [8] also has a user emotion profile, UVEC, 

where it contains the average value of all movies MVECs the user has watched. 

As illustrated in Table 3-11, user ID 400 in the rating data file of the MLSM 

dataset has watched 43 movies; taking the average of all the 43 movies’ MVECs yields 

the UVEC for user ID 400. As mentioned in [8], a movie’s MVEC is static and stays 

unchanged throughout the film’s life; whereas, a user’s UVEC changes its value each 

time the user watches a movie. The user’s UVEC reflects the up-to-date movie taste and 

preference of the user. A movie MVEC is unique, while a UVEC may not be unique 

when two users watched the same movie set. 
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Figure 3.4 Movie emotion profile of “The Godfather (1972)” classified by Tweets 

Affective Classifier. 

In the paper [8], I advocated that every movie can obtain an emotion profile 

through TAC by classifying the movie’s moods over the corresponding movie overview. 

Figure 3.4 shows an example of the movie, “The Godfather (1972)”, which rated by the 

Internet Database (IMDb) portal as the top movie of all time [10], has its emotion profile, 

MVEC, classified by TAC using the movie’s overview as input. As shown in Figure 3.4, 

the movie’s overview feeds as input to TAC yields the movie emotion profile, MVEC. 

By ranking the probability distribution values of MVEC in the descending order, it yields 

“hate,” a.k.a. “fear” in other literature, as the dominant mood for the example movie, 

follows by “anger,” “disgust,” “surprise,” “sadness,” “neutral,” and “happiness.” One can 

perform the affective analysis for the film by describing the movie in the following way. 

The film “The Godfather (1972)” is a movie with plots full of hate. The film is an angry 

movie. It is a disgusting film due to its violent content. The movie’s plots are full of 

surprises, but overall a sad film. No viewer would say, “The Godfather (1972)” is a joyful 

film. By merely reciting the ranking of moods in MVEC, one explains the movie. 

Similarly, one can look at a user’s UVEC who has watched the film feel how well the 

user liked it. 
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Besides, the AAPAM method can PAC connect disjoint users from different 

datasets within the same domain; this study believes the same technique can PAC 

connect disjoint users and items among different datasets across different domains. 

Unlike MovieLens datasets, some other movie datasets such as TMDb highlight the 

average voting score, the sentiment rating value on a scale of 1 (lowest) to 10 (highest) of 

a movie by a group of users who have watched and rated the movie through the voting 

count attribute in the data file instead of individual user’s sentiment. TMDb does not 

maintain user information, and neither contains a user-id field in the dataset. When 

applying the AAPAM to connect MovieLens and TMDb domains, the PAC connection 

applies to movie items between MovieLens and TMDb. Here, the PAC connection 

between movie A in MovieLens to movie B in TMDb indicates how similar the two 

movies’ emotion profiles, MVECs, form a one-to-one relationship. However, when 

applying the PAC to connect a user in MovieLens and a movie item in TMDb, the movie 

item MVEC in TMDb must first be normalized with the respective voting count. The 

normalized MVEC represents the average UVEC of the group of users who have rated it. 

Thus, the PAC connection between user A in MovieLens to the normalized MVEC of 

movie B in TMDb indicates how similar user A to a group of users B is in the form of a 

one-to-many relationship. 

This study intends to show it is possible to make Collaborative Filtering [126] and 

[93] recommendation of items to an active user once the AAPAM method has proved to 

work for PAC connecting disjoint users and items in MovieLens’s MLSM dataset to 

Toys_and_Games, and Digital_Music data files in Amazon Review Dataset. In [11], [8], 
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and [26], these papers had examined issues related to recommendations making by 

affective aware Recommender Systems. The Recommender Systems involved in making 

recommendations were all within the same domain confined by the MovieLens datasets. 

This paper aims to demonstrate any Recommender Systems; besides making 

recommendations, the usual way within the confined domain also can make cross-domain 

recommendations by embracing the AAPAM technique. For example, a cross-domain 

recommendation may appear in the following situations: “People who enjoyed movie T in 

MovieLens may choose to play V in Toys_and_Games and listen to W in Digital Music.” 

Another example of cross-domain recommendation between a user in MovieLens and a 

group of users in TMDb may appear as follow: “People who enjoyed movie X in 

MovieLens may also enjoy movie Y of the similar taste of group users Z in TMDb.” 

Using the AAPAM method to make cross-domain recommendations for disjoint users 

and items in different datasets across different domains is the contribution this paper 

makes, and this investigator team may be the first to perform such a study. 

 

3.3.5 Affective Index Indicator Applications 

To be developed for PAC disjoint users, compare closeness between user-user, 

user-item, item-item, system simulcast grouping of closely similar users, multi-user 

group decision-making support dominant member strategy, average member strategy, and 

least-misery member strategy. 
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3.4 System Formation of System Simulcast Group 

This dissertation research advocates a method for the system to group users in a 

system simulcast group (SSG) according to the similarity in users’ emotion profiles, 

UVEC so that all SSG users share the same top-N recommendations list. However, to 

simulate the personalized recommendation functionality before pushing the SSG top-N 

list to an active user in the SSG, the system reranked the top-N list’s MVEC against the 

active user’s UVEC, thereby ensuring all users in the SSG receives personalized 

individual top-N recommendations list. The benefit of grouping users in SSG is 

improving the system’s throughput while performing fewer top-N recommendations 

made by the Recommender System. For example, a system hosts n million users. The 

system must run a top-N recommendation process per-user or n million top-N 

recommendations operations to make Ο(𝑛) personalized recommendations. By grouping 

users into m users per SSG, the system only needs to make 
𝑛

𝑚
 top-N or Ο(

𝑛

𝑚
). It is an m 

fold decrease in top-N recommendations making. Thus, by grouping users in SSG, the 

system can expand the handling of ≈ 𝑚 more users without upsizing the system. 

This paper has devised the following scheme to demonstrate an SSG’s working in 

an Emotion Aware Recommender System. MovieLens ml-latest-small (MLSM) ratings 

data file contains 100,836 ratings of 9743 movies by 610 users. Some users rated 20 

movies, the minimum number of movies a user must have rated in MovieLens sampled 

datasets, while some users have rated thousands of movies. By sorting the MLSM rating 

data file in descending order with users rated most movies at the top, draw out the top ten 

users to act as the dominant user in one of the ten SSG groups. Table 5-23 depicts ten 



164 

 

dominant users to act as the anchor user for each of the ten SSG groups. Table 5-23 also 

shows the sample list of SSG group members. With each SSG’s dominant user’s UVEC, 

it computed against all undraw users through pairwise Cosine Similarity of UVEC. It 

ranked the result in descending order. In effect, the result shows the Affective Index 

Indicator (AII) of each member’s UVEC relative to the UVEC of the dominant user. 

Draw out the top 60 users who have the most similar emotion profile of the dominant 

user to join the SSG. Continue the same step to draw out members for the other nine 

SSG. The grouping scheme forming ten SSG each has a dominant user who rated most 

movies and 60 members with closely matched emotion profiles against the dominant 

user’s UVEC. 

IMDb periodically publishes a list containing the “IMDb 100 Greatest Movies of 

All Time.” Using the list as top-N recommendations, one can feed to all ten SSG. Doing 

so, one simulates the system broadcast group (SBG) broadcast message function. Before 

sending the top-N recommendations to an SSG member, the system reranked the user’s 

UVEC against all movie emotion profiles, MVEC, on the list through the pairwise Cosine 

Similarity. This paper picks three users from one of the SSG to demonstrate the reranking 

process. Hence the SSG is organized by ranking all members’ UVEC by computing their 

Affective Index Indicator (AII). The dominant member occupies the top of the AII list. 

The least-misery member occupies the bottom of the AII list, and the 30th member in the 

AII list is the average member of the SSG. 

Table 1-4 shows the reranked top 10 of the “IMDb 100 Greatest Movies of All 

Time” for MovieLens ml-latest-small user ID 414 using UVEC of 20% 100% movie 
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watching history to compute the pairwise AII of Cosine Similarity. The two reranked lists 

of user ID 414 show a separate rank order from the movie ranking of IMDb and the more 

movies the user has watched. Users with different UVEC affect the reranked result. 

 

3.5 User Formation of Multi-Group 

One significant difference between a Group Recommender System and 

Personalized Recommender System is that Group Recommender System supports users 

with functions to initiate group formation, and Personalized Recommender System 

cannot. A Group Recommender System allows the system and users to create a multi-

group (MG) and explicitly join it. The system provides functions for the user to self 

manages group administration and group maintenance. An MG's joining can be by 

invitation only known as private multi-group (PMG) or open to public multi-group 

(OMG). When the system makes a top-N recommendation to an MG, all MG members 

share the top-N list, and no need to reranked the top-N is necessary for individual users in 

the MG. However, the Group Recommender System may apply a decision-making 

support strategy in top-N recommendations to assist the group decision-making in 

selecting a top-N list recommendation. This study focuses on applying affective 

awareness recommendations to support group decision-making by the most dominant 

member strategy, average members’ mood strategy, and the Least-misery member 

strategy. The most dominant member in an MG has the most significant number of 

movies a member has watched among the group. The least-misery member is the member 

whose emotion profile is most dissimilar to the MG’s most dominant member. The least-
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misery member of the group determines by the pairwise Affective Index Indicator (AII) 

of all members’ emotion profiles in the MG against the most dominant member emotion 

profile, then rank the AII list in the descending order, the least-misery member occupies 

the lowest rank. Depicts in Table 8 is user MG of size 5.User ID 195 is the dominant 

member of the group, and user ID 463 is the least-misery member. 

 

3.6 Chapter Summary 

This capture covered the methodology description of emotion detection and 

recognition (EDR). It highlighted a text-based EDR by detecting emotion labels from 

tweets messages. It detailed the steps involved in collecting contextual emotion keywords 

and synonyms from the WordNetAffectEmotionLists files and used these keywords to 

extract the matching emotion tags from tweets stored in the Twitter database and sorted 

the emotion-labeled tweets in seven basic human emotions data files. It illustrated the 

steps involved in developing the Tweets Affective Classifier using the pre-trained GloVe 

contextual language model for affective language modeling. It built the Tweet Affective 

Classifier (TAC) using an Asymmetric Double Decker Butterfly Wing Bidirectional 

LSTM – CNN Conv1D deep learning architecture. Subsequently, it applied TAC to 

classify movies’ emotion labels for movie overviews and used the movie emotion-labeled 

data files to build the text-based Emotion Aware Recommender. It also developed a 

comparative platform applying five different Recommender Systems filtering algorithms 

for performance evaluation on top-N recommendations. It also developed the Affective 

Aware Pseudo Association Method (AAPAM) to Pseudo Associate Connect (PAC) two 
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or more disjoint users and items reside in different datasets in the same or across different 

information domains. Before closing the chapter, it demonstrated top-N 

recommendations of Amazon products to PAC-connected users in MovieLens. Let 

examine the evaluation results of this dissertation in the next chapter. 
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4 PROTOTYPING THE KEY COMPONENTS OF TEXT-BASED EMOTION 

AWARE RECOMMENDER SYSTEMS 

4.1 Chapter Introduction 

This chapter details the implementation of various system components and 

filtering algorithms with functionality demonstration of Emotion Aware Recommender 

through prototyping. This chapter describes the baseline algorithm of Recommender 

Systems, follows by a step-by-step illustration of deriving the explicit and implicit 

Alternating Least Square filtering algorithms with bias parameters and regularization. 

This chapter also highlights recommendation score and similarity score algorithms and 

the derivation of UVEC and MVEC. This chapter describes the Tweets Affective 

Classifier's implementation, the comparative platform for Recommender Systems, the 

enabling steps for datasets with affective labels, and the Pseudo Associate Connect 

method to connect disjoint users and items resided in different datasets in the same or 

across other information domains. Moreover, this chapter also demonstrates cross-

domain recommendation-making processes, system simulcast group formation, and 

multi-user group decision-making support. 

 

4.2 Recommender System Baseline 

Recommender Systems categorize feedback data as implicit feedback [85] versus 

explicit feedback data [326]. Implicit feedback data refers to the user’s behavioral data 

captured by the Recommender Systems during the interaction between users and items. 
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Data include but are not limited to domestic data, personal privacy information, purchase 

history, movie watching frequency, and website activities logging. However, implicit 

feedback data does not require to contain sentiment rating information. To determine a 

user’s likes or dislikes on an item, a Recommender System depends on the history of the 

user’s interactions with the item. The Recommender System also relies on the confidence 

it has in predicting how much the user likes an item. For instance, if a user watched the 

movie “Forrest Gump” a few times more than “The Sting,” the Recommender System 

can deduce with a high level of confidence that the user likes the movie “Forrest Gump” 

more.  

On the other hand, explicit feedback data  [87] refers to an item’s rating score 

rated by a user who has interacted with the item expressing exactly how pleasurable the 

user has on a specific item. For example, a movie rated with a 5-star score indicating the 

user likes the movie very much. However, unlike implicit feedback data, explicit 

feedback rating data is challenging and often costly to obtain. 

This section begins the illustration by defining a baseline for reference using the 

Matrix Factorization (MF) method for modeling [327]. The technique applies to making 

movie rating predictions similar to the BellKor Solution, which won the Netflix one 

million dollars Grand Prize in 2009 [15]. The baseline will use Singular Value 

Decomposition Collaborative Filtering (SVD-CF), an MF filtering algorithm for later 

comparison against the Emotion Aware Recommender (EAR). In the development of the 

solution, it makes use of MovieLens datasets, ml-latest-small [324] and [328] for 

prototyping various aspects of the solution, while ml-latest [329] for the final solution 
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development, testing, verification, and evaluation. For content analysis, it extracts 

movies’ metadata from IMDb [16], TMDb [297], and OMDb [330] as needed. 

 

4.3 Explicit Alternating Least Square (explicit-ALS) Method 

Recommender Systems have a property that giving enough synergy on user-to-

item explicit feedback such as ratings, or implicit feedback of the number of clicks-to-

views, purchase history, and other user interactions, making a trustworthy 

recommendation possible without involving additional information  [327]. In contrast to 

different prediction algorithms such as regression and classification, one must implicitly 

explore users’ data stored in profiles or characteristics of items’ features to boost a 

model’s prediction accuracy [110]. Machine Learning is the core technology in building 

Recommender Systems. When working with Machine Learning algorithms, one often 

needs to optimize some cost functions to achieve a better outcome [331] and [332]. For 

example, in Linear Regression, the goal is to minimize the cost function through the 

mean squared distance between predictions and the actual values [333] and [334]. In 

other words, solving Logistic regression through Machine Learning aims to maximize the 

likelihood instead [335] and [336]. However, in building a rating matrix through User-

Item Based Collaborative Filtering, the rating matrix latent factors’ hyperparameters 

values are randomized initially. The rating matrix model fitting continues the error 

minimization by adjusting the parameters’ values until reaching a desirable outcome. The 

tuning of hyperparameters values resembling a trial-and-error approach. It likes turning 

some system’s control knots in a clockwise or counterclockwise direction to a level that 
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would produce the best results. That does not conform to the traditional Machine 

Learning approach relying on measuring the Mean Square Error approach.   

In Machine Learning, the function one wants to optimize is called the objective 

function, which is the most general form of the optimization expression. When 

optimizing an objective function, the function may refer to the cost function, loss 

function, or error function, all synonymous terms. However, the term cost function is 

usually more general than the loss function and less general than the objective function. 

The cost function frequently finds its usage in optimization problems, whereas the loss 

function defines a data point, a prediction, a label, or the penalty level. The loss function 

uses mainly in parameter estimation problems. The term error function appears mostly in 

gradient descent optimization problems to adjust the neurons’ weight by calculating the 

loss function [337]. 

The data size issue is a common problem confronted by Machine Learning 

researchers. From IMDb statistics [338], there are approximately 467,523 (or about 5 × 

105 ) movies in existence. Facebook has 2.19 billion actives users worldwide in the first 

quarter of 2018 [339]. One can safely assume that a famous movie website could have 

one billion (109 ) users. The possible number of user-movie ratings is the total number of 

users and movies as expresses in the following formula: 109 × 5 × 105  = 5 × 1014. Many 

Machine Learning algorithms require load input data such as the movie rating matrix in 

the system’s random-access memory (RAM) for data processing. With this size of the 

movie rating matrix, it can hardly fit any computer system’s random-access memory 

(RAM). 
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When working with movie data, the number of movies and the percentage of 

films that one has ever rated most likely is minuscule. Most users have not rated most 

movies. That is why the movie rating matrix is sparse. To put some formal rigor to the 

Collaborative Filtering rating matrix modeling, one can deploy Matrix Factorization to 

solve the sparsity problem in the movie rating matrix [327], [340], [341], [342], and 

[343]. Matrix Factorization solves the problems by reducing the number of free 

parameters, i.e., the total count of parameters in the reduced matrix is much smaller than 

the original number of users’ times the number of movies.  

In working with explicit feedback datasets, ru,i represents a specific rating r of a 

user u who rated an item i. For implicit feedback datasets, ru,i represents a specific user’s 

interaction, such as the frequency count of user’s items purchased or movie watching 

history. Let associate each user u with a user-factor column vector xu and each item with 

an item-factor column vector yi. These user and item column vectors are often known as 

latent vectors or low-dimensional embeddings in the literature. We define 𝒙𝑢, 𝑢 =

1, … ,𝑚 𝑎𝑛𝑑 𝒚𝑖 , 𝑖 = 1,… , 𝑛 as k-dimensional vectors of user and item attributes. Matrix 

factorization takes a potentially large matrix such as the movie’s rating matrix, R, of size 

𝑚 × 𝑛 and factors it into two, X and Y, lower-dimensional matrices, where the symbol × 

represents the arithmetic multiplication operator. The first lower dimensional matrix, X, 

is composed of users and hidden features of size 𝑚 × 𝑘, and the second matrix, Y, with 

items and hidden features of size 𝑘 × 𝑛. The k attributes are often known as latent factors. 

The product of the user matrix, X, and the item matrix, Y, equals the original movie rating 

matrix expresses in the following formula: R ≈ XY [344]. In m users and n ratings, the 
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model’s total number is mk + nk. If k = 10, the total number of parameters for user-movie 

ratings problem is computed by the following formula: 109 × 101 + 5 × 105 × 101 = 1010 

+ 5 × 106 ≈ 1010, a factor of 104 smaller than 1014 as before.  

Listed below are the underlying assumptions made by Matrix Factorization [345].  

1 Each user has a k set of features describing the user. For example, feature A 

indicates the intensity level the user likes action movies.  

2 Each item has a k set of features describing the item. Item’s feature A represents 

how authentic the item, such as a movie’s genre, is the category’s action genre. 

3 Summing up all the products from multiply each feature set of the user by the 

corresponding feature set of the movie, the result represents a good estimation for 

the user’s rating. 

No one knows the number of k features which involved and relevant. No one knows what 

these features are. Let randomly pick a number for k, then learn the appropriate values for 

all the features for all the users and items through minimizing a loss function. The 

following equation depicts the Matrix Factorization approximation of a k-attribute user. 

Let a user u take the form of k-dimensional column vector xu.  

Similarly, an item i can take k-dimensional column vector yi. The predicted rating 

for item i by user u is the dot product of symbol ⨀ of their two respective column 

vectors, which is defined by the following equation: �̂�𝑢,𝑖 = 𝒙𝑢 ⊙ 𝒚𝑖 = 𝒙𝑢
𝑇𝒚𝑖 =

 ∑ 𝒙𝑢,𝑘𝒚𝑘,𝑖𝑘  where �̂�𝑢,𝑖 represents the prediction of the actual rating 𝑟𝑢,𝑖, and 𝒙𝑢, 𝒚𝑖 the 

respective user-factor column vector and item-factor column vector. The k attributes are 

also known as latent vectors or describe in the literature as low-dimensional embeddings. 



174 

 

The task is to minimize the mean square error (MSE) of all ratings 𝑟𝑢,𝑖 in the source 

dataset (S) and the predictions �̂�𝑢,𝑖.  

If 𝒙𝑢 and 𝒚𝑖 are both row vectors and not column vectors, the expression of the 

equation for �̂�𝑢,𝑖 =  𝒙𝑢 ⊙ 𝒚𝑖 becomes �̂�𝑢,𝑖 = 𝒙𝑢𝒚𝑖
𝑇 = ∑ 𝒙𝑢,𝑘𝒚𝑘,𝑖𝑘 . Although the dot 

product terms 𝒙𝑢
𝑇𝒚𝑖 and 𝒙𝑢𝒚𝑖

𝑇 looks different, both follow their vector orientation, and 

evaluate the same ∑ 𝒙𝑢,𝑘𝒚𝑘,𝑖𝑘  solution. This study adopts column vector orientation 

unless explicitly stated otherwise. 

Alternating Least Squares is a subclass of Matrix Factorization method whose 

goal is to find an 𝑚 × 𝑘 matrix X and an 𝑘 × 𝑛 matrix Y such that R ≈ XY for a given 

𝑚 × 𝑛 input rating matrix R resulted from the minimization operation of a specified loss 

function ℒ(𝑹, 𝑿𝒀) computed over N training points. The standard model of Alternating 

Least Squares illustrated in [346] is expressed in Table 4-1 below: 

  



175 

 

Table 4-1 Stand form of Alternating Least Squares model. 

The stand form of Alternating Least Squares: 

𝓛 =  ∑(𝑹𝒖𝒊 − [𝑿𝒀]𝒖𝒊)
𝟐

𝒖,𝒊

 

The method operates by alternating between finding the best value for 𝑿 given 𝒀, and 

finding the best value of 𝒀 given 𝑿 by the following systems of linear equations: 

𝑹𝒖∗ − 𝑿𝒖∗𝒀𝒏 = 𝟎 

𝑹∗𝒊 − 𝑿𝒏+𝟏𝒀∗𝒊 = 𝟎 

where updating each row of 𝑿 is done through the corresponding row in matrix 𝑹, 

while updating each column in 𝒀 is done through corresponding column in matrix 𝑹. 

Thus, the updating algorithm is inherently parallel in nature as expressed in the 

following methods of choice. 

The following expression shows the unregularized loss yields the following: 

𝑿𝒏+𝟏
𝚻 ← (𝒀𝒏𝒀𝒏

𝚻)−𝟏𝒀𝒏𝑹
𝚻 

𝒀𝒏+𝟏 ← (𝑿𝒏+𝟏
𝚻 𝑿𝒏+𝟏)

−𝟏
𝑿𝚻𝑹 

When adding 𝑳𝟐 regularization term of 𝝀(‖𝑿‖𝟐 + ‖𝒀‖𝟐), the regularized loss yields 

the following: 

𝑿𝒏+𝟏
𝚻 ← (𝒀𝒏𝒀𝒏

𝚻 + 𝝀𝑰)−𝟏𝒀𝒏𝑹
𝚻 

𝒀𝒏+𝟏 ← (𝑿𝒏+𝟏
𝚻 𝑿𝒏+𝟏 + 𝝀𝑰)

−𝟏
𝑿𝚻𝑹 

The update term of 𝒀𝒏+𝟏 depends on 𝑿𝒏+𝟏
𝚻 , the input matrix requires to process twice 

to update both 𝑿 and 𝒀 matrices. 

In general, Alternating Least Squares is the method of choice when the loss function is 

quadratic in both 𝑿 and 𝒀 matrices. 

 

 

The following step-by-step demonstration of using the Alternating Least Square 

method evaluates the Matrix Factorization objective function top-down and carries 

through the solution results. The analytical rally starts with the most general form of the 

Matrix Factorization objective function as depicted in Formula (4.1) below: 

∑ (𝑟𝑢.𝑖 −  𝜇 − 𝑏𝑢 − 𝑏𝑖 − 𝒙𝑢
𝑇𝒚𝑖)

2

𝑢,𝑖∈𝑆

+ 𝜆𝑥 ∑||𝒙𝑢||
2 + 𝑏𝑢 + 𝜆𝑦 ∑||𝒚𝑖||

2  +

𝑖𝑢

 𝑏𝑖 

(4.1) 
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where 𝑟𝑢.𝑖 is a scalar represents the true rating value, 𝜇 is the global or overall average 

bias,  𝑏𝑢 is the bias of users, 𝑏𝑖 is the bias of items, 𝒙𝑢
𝑇𝒚𝑖 will evaluate to a scalar 

represents the predicted rating value, ||𝒙𝑢||
2 and ||𝒚𝑖||

2 are the 𝐿2 Ridge regularization 

terms of users and items respective, 𝜆𝑥 and 𝜆𝑦 are weights of regularization parameters 

for users and items respectively.  

When one minimizes an objective function, one minimizes the lesser general form 

of the objective function by minimizing the cost function. The cost function is expressed 

in the formula here without the regularization terms min
𝑋,𝑌

∑ (𝑟𝑢.𝑖 −  𝜇 − 𝑏𝑢 − 𝑏𝑖 −𝑢,𝑖∈𝑆

 𝒙𝑢
𝑇𝒚𝑖)

2 where 𝑟𝑢,𝑖 is the true rating, and 𝒙𝑢
𝑇𝒚𝑖 term is the rating prediction. The 𝜇 bias 

term is the global mean, i.e., the average of all known ratings. The 𝑏𝑢 is the bias of a user. 

A negative bias means this user dislikes movies more than the average person. A positive 

bias means the opposite. Similarly, 𝑏𝑖 is the bias of an item such as a movie. Positive bias 

value means this item or movie is excellent and suitable for everyone to enjoy, while 

negative bias means the movie is not good.  

When a cost function evaluates a data point, it refers to evaluating a loss function 

instead. Here, the loss function is the lesser general form of the cost function without the 

summation  𝛴 sign as expressed in the following formula: (𝑟𝑢.𝑖 −  𝜇 − 𝑏𝑢 − 𝑏𝑖 −

 𝒙𝑢
𝑇𝒚𝑖)

2. For simplification purposes, no Ridge regularization terms (𝐿2 ) are included in 

the above loss function formula.  

Depicted in the Formula (4.2) below is the cost function expresses with all the 

bias terms (𝜇, 𝑏𝑢, 𝑏𝑖) and Ridge regularization terms (𝐿2 ).  
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argmin
𝑋,𝑌

∑ (𝑟𝑢.𝑖 −  𝜇 − 𝑏𝑢 − 𝑏𝑖 − 𝒙𝑢
𝑇𝒚𝑖)

2

𝑢,𝑖∈𝑆

+ 𝜆𝑥 ∑||𝒙𝑢||
2 + 𝑏𝑢 + 𝜆𝑦 ∑||𝒚𝑖||

2  +

𝑖𝑢

 𝑏𝑖 

(4.2) 

 

where 𝜆 is a hyperparameter for determining the severity of penalty applies to the 

regularization term. In some literatures, the cost function of Formula (4.2) may express in 

a form of optimal model by the following equation: (𝑿∗, 𝒀∗) =  argmin
𝑿,𝒀

∑ (𝑟𝑢.𝑖 −𝑢,𝑖∈𝑆

 𝜇 − 𝑏𝑢 − 𝑏𝑖 − 𝒙𝑢
𝑇𝒚𝑖)

2 + 𝜆𝑥 ∑ ||𝒙𝑢||
2 + 𝑏𝑢 + 𝜆𝑦 ∑ ||𝒚𝑖||

2  +𝑖𝑢  𝑏𝑖. For simplicity 

reason, this study adopts the cost function form as depicted in Formula (4.2) hereafter. 

When assuming all regularization parameters 𝐿2 has the same 𝜆 value, the cost function 

of Formula (4.2) becomes Formula (4.3) below: 

argmin
𝑋,𝑌

∑ (𝑟𝑢.𝑖 −  𝜇 − 𝑏𝑢 − 𝑏𝑖 − 𝒙𝑢
𝑇𝒚𝑖)

2

𝑢,𝑖∈𝑆

+  𝜆∑||𝒙𝑢||
2 + 𝑏𝑢 +  𝜆 ∑||𝒚𝑖||

2  +

𝑖𝑢

 𝑏𝑖 

(4.3) 

 

Simplifies the cost function by excluding all bias terms of Formula (4.3) yields: 

argmin
𝑋,𝑌

∑ (𝑟𝑢.𝑖 − 𝒙𝑢
𝑇𝒚𝑖)

2

𝑢,𝑖∈𝑆

+  𝜆 (∑||𝒙𝑢||
2 + ∑||𝒚𝑖||

2

𝑖𝑢

) 
(4.4) 

 

Formula (4.4) is the simplified form of the cost function after removing all the 

bias terms in Formula (4.3) but retaining the two 𝐿2 regularization terms of the cost 

function to minimize overfitting of the user-factor and item-factor vectors. The cost 

function's first term is the Mean Square Error (MSE) distance measure between the rating 
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matrix R and the approximator X ⨀ Y or the dot product between the user matrix and the 

item matrix. The stated cost function contains the 𝒙𝑢
𝑇𝒚𝑖 term that makes the objective a 

non-convex function; instead, it is NP-hard to optimize. Gradient descent is not the right 

choice of an optimization function because of the underperform and takes too many 

iterations. However, by treating one set of X variables as constant, the objective becomes 

a convex function of Y and vice versa. So, fix Y and optimize X, then switch to fix X and 

optimize Y [347], and repeat in an alternating fashion until convergence. The Method is 

known as Alternating Least Squares (ALS) [347], a popular derivative-based method to 

minimize a cost function. 

The Alternating Least Squares (ALS) minimization works by firstly holding one 

set of latent vectors constant, such as selecting the item-factor vectors, then take the 

partial derivative of the cost function concerning the non-constant user-factor vectors. 

Next, set the derivative to zero to search for a minimum and solve non-constant user-

factor vectors. Then comes the alternating part by switching to hold the newly resolved 

user-factor vectors as constant before taking the partial derivative of the cost function 

concerning the non-constant item-factor vectors. The aim is solving for a minimum for 

the non-constant item-factor vectors by setting the derivative to zero. The process 

alternates back and forth until convergence. Depicts in Formula (4.5) is the partial 

derivation of ALS by holding the item-factor vector (yi) constant and take the partial 

derivative concerning the non-constant user-factor vectors (xu) of the cost function. All 

vectors express in column vectors below: 
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𝜕

𝜕𝒙𝑢
(∑(𝑟𝑢.𝑖 − 𝒙𝑢

𝑇𝒚𝑖)
2

𝑖

+ 𝜆 ∑||𝒙𝑢||
2 +  𝜆∑||𝒚𝑖||

2 

𝑖𝑢

) 
(4.5) 

 

Apply partial derivative to all terms in Formula (4.5) yields Formula (4.6): 

𝜕

𝜕𝒙𝑢
(∑(𝑟𝑢.𝑖 − 𝒙𝑢

𝑇𝒚𝑖)
2

𝑖

) + 
𝜕

𝜕𝒙𝑢
(𝜆 ∑||𝒙𝑢||

2

𝑢

) +
𝜕

𝜕𝒙𝑢
(𝜆 ∑||𝒚𝑖||

2 

𝑖

) 
(4.6) 

 

By applying chain rule to take the partial derivative with respective to 
𝜕

𝜕𝒙𝑢
 of Formula 

(4.6) yields Formula (4.7) where result expresses in row vector. 

2∑(𝑟𝑢.𝑖 − 𝒙𝑢
𝑇𝒚𝑖) (

𝜕

𝜕𝒙𝑢
𝑟𝑢,𝑖 − 

𝜕

𝜕𝒙𝑢
𝒙𝑢

𝑇𝒚𝑖 )

𝑖

+ 2𝜆𝒙𝑢
𝑇 + 0  

(4.7) 

 

=  2∑(𝑟𝑢.𝑖 − 𝒙𝑢
𝑇𝒚𝑖)(0 − 𝒚𝑖

𝑇) + 2𝜆𝒙𝑢
𝑇

𝑖

 
(4.8) 

 

= −2∑(𝑟𝑢.𝑖 − 𝒙𝑢
𝑇𝒚𝑖)𝒚𝑖

𝑇+2𝜆𝒙𝑢
𝑇

𝑖

 
(4.9) 

 

= −2(𝑟𝑢 − 𝒙𝑢
𝑇𝒀𝑇)𝒀 +  2𝜆𝒙𝑢

𝑇 (4.10) 

 

Formula (4.10) has a few new symbols introduced. Let assume that the formula works 

with m users and n items. The rating matrix is 𝑚 × 𝑛 dimension. The symbol Y 

represents all item row vectors stacked vertically and has a dimension 𝑛 × 𝑘. The symbol 

𝑟𝑢 is a row vector with dimension 1 × 𝑛 represents user u’s row from the ratings matrix 
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holding all ratings of all items that user u rated. To minimize the loss function, one sets 

the derivative Formula (4.10) to 0 to find the minimum for xu and yield Equation (4.11): 

−2(𝑟𝑢 − 𝒙𝑢
𝑇𝒀𝑇)𝒀 +  2𝜆𝒙𝑢

𝑇 = 0 (4.11) 

 

Simplify the above equation yields Equation (4.12):  

−𝑟𝑢𝒀 + 𝒙𝑢
𝑇𝒀𝑇𝒀 + 𝜆𝒙𝑢

𝑇 = 0 (4.12) 

 

Rearrange terms in Equation (4.12) yields Equation (4.13): 

𝒙𝑢
𝑇(𝒀𝑇𝒀 + 𝜆𝑰) = 𝑟𝑢𝒀 (4.13) 

 

In Equation (4.13) a new symbol 𝐼 introduced to represent the identity matrix which has 

dimension 𝑘 × 𝑘. Finally, 𝒙𝑢
𝑇 is determined by Equation (4.14) below: 

𝒙𝑢
𝑇 = 𝑟𝑢𝒀(𝒀𝑇𝒀 + 𝜆𝑰)−𝟏 (4.14) 

 

It is the turn to fix X and optimize Y. The solution of the derivation for the cost 

function of item-factor vectors is similar of the user-factor vectors in Formula (4.5) which 

yields Formula (4.15). All vectors express in row vectors below: 

𝜕

𝜕𝒚𝑖
(∑(𝑟𝑢.𝑖 − 𝒚𝑖

𝑇𝒙𝑢)
2

𝑢

+ 𝜆∑||𝒙𝑢||
2 +  𝜆∑||𝒚𝑖||

2 

𝑖𝑢

) 
(4.15) 

 

Apply partial derivative to all terms of the Formula (4.15) cost function yields Formula 

(4.16): 

𝜕

𝜕𝒚𝑖
(∑(𝑟𝑢.𝑖 − 𝒚𝑖

𝑇𝒙𝑢)
2

𝑢

) + 
𝜕

𝜕𝒚𝑖
(𝜆∑||𝒙𝑢||

2

𝑢

) +
𝜕

𝜕𝒚𝑖
(𝜆∑||𝒚𝑖||

2 

𝑖

) 
(4.16) 
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By applying chain rule to take the partial derivative with respective to 
𝜕

𝜕𝒚𝑖
 of Formula 

(4.16) yields Formula (4.17): 

2∑(𝑟𝑢.𝑖 − 𝒚𝑖
𝑇𝒙𝑢) (

𝜕

𝜕𝒚𝑖
𝑟𝑢,𝑖 − 

𝜕

𝜕𝒚𝑖
𝒙𝑢

𝑇   𝒚𝑖)

𝑢

+ 2𝜆𝒚𝑖
𝑇 + 0   

(4.17) 

 

= 2∑(𝑟𝑢.𝑖 − 𝒚𝑖
𝑇𝒙𝑢)(0 − 𝒙𝑢

𝑇) + 2𝜆𝒚𝑖
𝑇

𝑢

 
(4.18) 

 

= −2∑(𝑟𝑢.𝑖 − 𝒚𝑖
𝑇𝒙𝑢)𝒙𝑢

𝑇+2𝜆𝒚𝑖
𝑇

𝑢

 
(4.19) 

 

= −2(𝑟𝑖 − 𝒚𝑖
𝑇𝑿𝑇)𝑿 + 2𝜆𝒚𝑖

𝑇 (4.20) 

 

Formula (4.20) introduces a few new symbols introduced. Let assume that the formula 

works with m users and n items. The rating matrix is 𝑚 × 𝑛 dimension. The symbol X 

represents all user row vectors stacked vertically and has a dimension 𝑚 × 𝑘. The symbol 

𝑟𝑖 is a row vector with dimension 1 × 𝑚 represents item i’s row from the ratings matrix 

holding all ratings rated by all users for that item i. Set the derivative Formula (4.20) to 0 

to find the minimum for 𝒚𝑖 yields Equation (4.21) below: 

−2(𝑟𝑖 − 𝒚𝑖
𝑇𝑿𝑇)𝑿 +  2𝜆𝒚𝑖

𝑇 = 0 (4.21) 

 

Simplify Equation (4.21) yields: 

−𝑟𝑖𝑿 + 𝒚𝑖
𝑇𝑿𝑇𝑿 + 𝜆𝒚𝑖

𝑇 = 0 (4.22) 

 

Rearrange terms in Equation (4.22) yields: 
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𝒚𝑖
𝑇(𝑿𝑇𝑿 + 𝜆𝑰) =  𝑟𝑖𝑿 (4.23) 

 

In Equation (4.23) a new symbol 𝑰 introduced to represent the identity matrix which has 

dimension 𝑘 × 𝑘. Finally, 𝒚𝑖
𝑇 is determine by Equation (4.24) below: 

𝒚𝑖
𝑇 = 𝑟𝑖𝑿(𝑿𝑇𝑿 + 𝜆𝑰)−𝟏 (4.24) 

 

One may continue alternating back and forth and carry out the two-step ALS 

processing to solve one set of vectors while holding the other set vectors constant until 

convergence. One can summarize the ALS processing steps as following: 

1 Initialize user latent vectors X and item latent vectors Y with random values 

2 Hold Y as constant while solving for X 

3 Hold X as constant while solving for Y 

4 Repeat step 2 and 3 until convergence 

For this dissertation research, the author has implemented an Explicit ALS model 

in Python using MovieLens ml-latest-small dataset as input. The setting configures 

randomly with 20 factors and a regularization value of 0.01. It also trains the model for 

200 iterations to compute the Mean Square Error on the train and test set for accessing 

the model. 

 

4.3.1 Demonstration of Explicit-ALS Method 

Depicted in Table 4-2 is the process flow of making top-N recommendations 

through the Explicit-ALS method.  
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Table 4-2 PDL for process flow of making affective aware top-N recommendations using 

the Explicit-ALS algorithm. 

 Process flow of making top-N recommendations through the Explicit-ALS 

1 Load spark library module 

2 Load MovieLens ml-latest-small as input dataset to spark 

3 Split data into 60% training, 20% validation, and 20% testing sets 

4 Define a train_ALS function with train_data, validation_data, iteration, 

regularization, ranks as parameters 

5 Set final_model to train_ALS with iteration=10, regularization=[0.001, 0.01, 

0.05, 0.1, 0.20, ranks=[8, 10, 12, 14 ,16, 18, 20] as setting for training session 

6 Save final_model as the best model to file 

7 Test model using out-of-sample data of testing set 

8 Make top-20 movie recommendation for user ID 400 using "Indiana Jones and 

the Last Crusade (1989)" as last watched movie as input to Recommender 

System 

9  Load preprocessed movie_emotion_labeled dataset 

10 Merge top-20 list with movie_emotion_labeled dataset yielding 

affective_aware_top20 list 

11 In case of any entry in the affective_aware_top20 list detects a NAN value for 

emotion attributes, drop the entry, and replace it with a valid affective aware 

recommendation 

12 Compute UVEC for test user ID 400 

13 Reranking affect_aware_top-20 with user ID 400 UVEC yielding the 

reranked_affective_aware_top20 movie recommendations for test user ID 400 

 

 

Table 4-3 below lists the top-20 recommendations list generated by the Explicit-

ALS algorithm for test user ID 400 of MovieLens’s ml-latest-small dataset. The Explicit-

ALS algorithm assumes the last watched movie of user ID 400 is "Donnie Darko (2001)" 

to generate the regular non-affective aware recommendations list. 
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Table 4-3 An ALS top-20 recommendations list for MovieLens MLSM test user ID 400 

using "Donnie Darko (2001)" the 43th last watched movie as input. 

Top-20 Movie ID Title 

1 101 Bottle Rocket (1996) 

2 296 Pulp Fiction (1994) 

3 441 Dazed and Confused (1993) 

4 1201 Good, the Bad and the Ugly, The (Buono, il brutto, il cattivo, Il) 

(1966) 

5 1223 Grand Day Out with Wallace and Gromit, A (1989) 

6 1258 Shining, The (1980) 

7 2360 Celebration, The (Festen) (1998) 

8 2959 Fight Club (1999) 

9 3000 Princess Mononoke (Mononoke-hime) (1997) 

10 3481 High Fidelity (2000) 

11 3949 Requiem for a Dream (2000) 

12 4226 Memento (2000) 

13 4973 Amelie (Fabuleux destin d'Amélie Poulain, Le) (2001) 

14 5294 Frailty (2001)  

15 5690 Grave of the Fireflies (Hotaru no haka) (1988) 

16 6461 Unforgiven, The (1960) 

17 6711 Lost in Translation (2003) 

18 6874 Kill Bill: Vol. 1 (2003) 

19 7361 Eternal Sunshine of the Spotless Mind (2004) 

20 7438 Kill Bill: Vol. 2 (2004) 

 

 

Table 3-10 depicts the UVEC of the test user ID 400 representing the overall 

average of 43 movies’ MVEC logged in the MovieLens ml-latest-small dataset the user 

ID 400 has watched. To obtain affective aware top-20 recommendations reranked list, 

one can apply user ID 400 UVEC to find the pairwise similarity between the user ID 

UVEC against the Table 4-3 top-20 recommendation list and sorted the pairwise 
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similarity list in the descending order to yield the following reranked top-20 list as 

depicts in Table 4-4. 

Table 4-4 Reranked ALS top-20 recommendations list using MovieLens MLSM test user 

ID 400 UVEC with 43 movies watched count. 

Top-20 Movie ID Title 

1 6874 Kill Bill: Vol. 1 (2003) 

2 3949 Requiem for a Dream (2000) 

3 101 Bottle Rocket (1996) 

4 2360 Celebration, The (Festen) (1998) 

5 3000 Princess Mononoke (Mononoke-hime) (1997) 

6 2959 Fight Club (1999) 

7 441 Dazed and Confused (1993) 

8 6711 Lost in Translation (2003) 

9 5690 Grave of the Fireflies (Hotaru no haka) (1988) 

10 296 Pulp Fiction (1994) 

11 7438 Kill Bill: Vol. 2 (2004) 

12 6461 Unforgiven, The (1960) 

13 5294 Frailty (2001) 

14 3481 High Fidelity (2000) 

15 1258 Shining, The (1980) 

16 4973 Amelie (Fabuleux destin d'Amélie Poulain, Le) (2001) 

17 1201 Good, the Bad and the Ugly, The (Buono, il brutto, il cattivo, Il) 

(1966) 

18 7361 Eternal Sunshine of the Spotless Mind (2004) 

19 1223 Grand Day Out with Wallace and Gromit, A (1989) 

20 4226 Memento (2000) 

 

 

4.4 Implicit Alternating Least Square (Implicit-ALS) Method 

In the case of no rating information is available in the input dataset, i.e., no 

explicit data available, one can build a User-Item Preference Matrix using the implicit 
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feedback data approach [348]. Implicit feedback data is data referring to the frequency of 

interactions of users with items 𝑓𝑢,𝑖. The 𝑝𝑢,𝑖 may define as a set of binary variables in the 

following Equation (4.25): 

𝑝𝑢,𝑖 = {
1, 𝑖𝑓 𝑓𝑢,𝑖 > 0

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

(4.25) 

 

𝑝𝑢,𝑖 may define with different level of confidence. 𝑓𝑢,𝑖 ≈ 0  means low 

confidence. However, if 𝑓𝑢,𝑖 = 0, it cannot interpret any user preference on the item. It 

simply does not know whether the user likes or dislikes the item because 𝑓𝑢,𝑖 = 0 means 

the user is not aware of that item or the item is unavailable at the time. When 𝑓𝑢,𝑖 value is 

immense, however, it means the confidence is higher than a smaller value 𝑓𝑢,𝑖. The 

equation of confidence, 𝑐𝑢,𝑖, depicts as following: 

𝑐𝑢,𝑖 = 1 + 𝛼𝑓𝑢,𝑖 (4.26) 

 

Note that there is always some confidence level in 𝑐𝑢,𝑖 because its value is always 

greater than zero, even when 𝑓𝑢,𝑖 is zero. The parameter 𝛼 is a tunable parameter through 

cross-validation. [348] reported good results when setting 𝛼 = 40. The cost function for 

the implicit feedback data excluding bias consideration is depicted in the following 

formula: 

argmin
𝑋,𝑌

∑𝑐𝑢,𝑖(𝑝𝑢,𝑖 − 𝒙𝑢
𝑇𝒚𝑖)

2

𝑢,𝑖

+ 𝜆(∑||𝒙𝑢||
2

𝑢

+ ∑||𝒚𝑖||
2

𝑖

) 
(4.27) 
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By adding the penalty term expresses through the Ridge Regularization 

𝜆(∑ ||𝒙𝑢||
2

𝑢 + ∑ ||𝒚𝑖||
2

𝑖 ), it prevents the model overfitting training data. The 𝜆 

parameter is data-dependent, and its exact value is determined through cross-validation. 

Unlike the ∑𝑢,𝑖∈𝑆 in the explicit-ALS model which sums (∑) over only those ratings 

that are present in the rating matrix, i.e., 𝑟𝑢,𝑖 > 0. The ∑𝑢,𝑖 in the implicit-ALS model 

sums (∑) over the entire preference matrix, i.e., 𝑝𝑢,𝑖. Such summing property allows an 

implicit-ALS programmer to exploit the inherent embarrassingly parallel nature of the 

algorithm. 

The cost function contains m number of users and n number of items. For a 

typical production dataset, such as Amazon.com, the product of 𝑚 × 𝑛 can easily in 

billion count. Optimization methods such as Stochastic Gradient Descent would not work 

well in such voluminous data size. However, Alternating Least Squares method works 

well because neither the user-factors or the item-factors are fixed and lead the cost 

function becomes quadratic. That makes the computation of the global minimum readily 

obtainable. By alternating computing user-factors and item-factors using the Alternating 

Least Squares method, each iterative step lowers the value of the cost function. 

By taking the partial derivative of  
𝜕

𝜕𝒙𝑢
∑ 𝑐𝑢,𝑖(𝑝𝑢,𝑖 − 𝒙𝑢

𝑇𝒚𝑖)
2

𝑢,𝑖 + 𝜆∑ ||𝒙𝑢||
2

𝑢 +

𝜆∑ ||𝒚𝑖||
2

𝑖  of the cost function depicted in Formula (4.27), it eventually yields the 

expression depicted in Formula (4.28). All vectors are column vectors. 

−2∑𝑐𝑢,𝑖

𝑖

(𝑝𝑢,𝑖 − 𝒙𝑢
𝑇𝒚𝑖)𝒚𝑖 + 2𝜆𝒙𝑢 

(4.28) 
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As user-factor vector 𝒙𝑢 and item-factor vector 𝒚𝑖 are real vectors; their scalar product is 

commutative, i.e., 𝒙𝑢
𝑇𝒚𝑖 the same 𝒚𝑖

𝑇𝒙𝑢. Rewrite Formula (4.28) as follows: 

−2∑𝑐𝑢,𝑖

𝑖

(𝑝𝑢,𝑖 − 𝒚𝑖
𝑇𝒙𝑢)𝒚𝑖 + 2𝜆𝒙𝑢 

(4.29) 

 

Simplifying terms 

−2𝑌𝑇𝑪𝑢(𝑝(𝑢) − 𝒀𝒙𝑢) + 2𝜆𝒙𝑢 (4.30) 

 

where 𝐶𝑢 = 𝐷𝑖𝑎𝑔(𝑐𝑢,𝑖)𝑖=1

𝑛
. 

Grouping terms 

−2𝒀𝑇𝑪𝑢𝑝(𝑢) + 2𝒀𝑇𝑪𝑢𝒀𝒙𝑢 + 2𝜆𝒙𝑢 (4.31) 

 

Set the derivative in formula (4.31) to zero (0) for finding the optimal 𝒙𝑢 would leads to 

the following Equation (4.32) below. 

−2𝒀𝑇𝑪𝑢𝑝(𝑢) + 2𝒀𝑇𝑪𝑢𝒀𝒙𝑢 + 2𝜆𝒙𝑢 = 0 (4.32) 

 

Simplifying terms 

(𝒀𝑇𝑪𝑢𝒀 + 𝜆𝑰)𝒙𝑢 = 𝒀𝑇𝑪𝑢𝑝(𝑢) (4.33) 

 

Simplifying terms 

𝒙𝑢 = (𝒀𝑇𝑪𝑢𝒀 + 𝜆𝑰)−1𝒀𝑇𝑪𝑢𝑝(𝑢) (4.34) 

 

The equation for minimizing the loss function for item-factor vector 𝒚𝑖: 

𝒚𝑖 = (𝑿𝑇𝑪𝑖𝑿 + 𝜆𝑰)
−1

𝑿𝑇𝑪𝑖𝑝(𝑖) (4.35) 
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where 𝐶𝑖 = 𝐷𝑖𝑎𝑔(𝑐𝑢,𝑖)𝑢=1

𝑚
. 

By knowing that 𝑿𝑇𝑪𝑖𝑿 = 𝑿𝑻𝑿 + 𝑿𝑻(𝑪𝒊 − 𝑰)𝑿 [348], one can speed up the 

overall computation by pre-compute 𝑿𝑻𝑿 at each step and 𝑪𝒊 − 𝑰 has non-zero entries 

when 𝑟𝑢,𝑖 is non-zero. Similarly, the same procedure works for the case of 𝒀𝑇𝑪𝑢𝒀 =

𝒀𝑇𝒀 + 𝒀𝑇(𝑪𝑢 − 𝑰)𝒀 . Expand the equations for minimizing the loss ℒ of user-factor 

vector 𝒙𝑢 and item-fector vector 𝒚𝑖: 

𝒙𝑢 = (𝒀𝑇𝒀 + 𝒀𝑇(𝑪𝑢 − 𝑰)𝒀 + 𝜆𝑰)−1𝒀𝑇𝑪𝑢𝑝(𝑢) (4.36) 

 

𝒚𝑖 = (𝑿𝑇𝑿 + 𝑿𝑇(𝑪𝑖 − 𝑰)𝑿 + 𝜆𝑰)
−1

𝑿𝑇𝑪𝑖𝑝(𝑖) (4.37) 

 

where X and Y are randomly initialized users, and item matrices are updating 

alternatively. 𝐶𝑢 and 𝐶𝑖 are confidence values for users and items. 𝜆 = 0.1 the 

regularization parameter to reduce overfitting. 𝑝𝑢 and 𝑝𝑖 preference binary indicator for 

an item. When one (1), it means the preference is known and zero (0) otherwise. I (eye) 

the identity matrix, a square matrix with ones on the diagonal and zero everywhere else. 

 

4.5 Bias Parameters 

To improve accuracy, one can add bias parameters to the Rating Matrix model as 

depicted in the rating prediction function of Equation (4.38) below: 

�̂�𝑢,𝑖 = 𝑥𝑢
𝑇𝒚𝑖 + 𝑏𝑢 + 𝑏𝑖 + 𝜇 (4.38) 

 

where µ is the global mean representing the average of all known ratings. bu and bi are 

the biases for a specific user u with a specific item I, respectively. 
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By taking the partial derivatives on the cost function as illustrated in Equation 

(4.3) with biases consideration and setting the resultant derivative equations to zero, one 

can compute the optimal setting for each bias parameter illustrated as follow: 

𝒙𝑢 = (∑ 𝒚𝑖𝒚𝑖
𝑇

𝑖∈𝑆𝑢

)

−1

∑(𝑟𝑢,𝑖 − 𝑏𝑢 − 𝑏𝑖 − 𝜇)𝒚𝑖

𝑖∈𝑆𝑢

 

(4.39) 

  

𝒚𝑖 = (∑ 𝒙𝑢𝒙𝑢
𝑇

𝑢∈𝑆𝑖

)

−1

∑(𝑟𝑢,𝑖 − 𝑏𝑢 − 𝑏𝑖 − 𝜇)𝒙𝑢

𝑢∈𝑆𝑖

 

(4.40) 

  

𝑏𝑢 =
1

|𝑺𝑢|
∑ 𝑟𝑢,𝑖 − 𝒙𝑢

𝑇𝒚𝑖 − 𝑏𝑖 − 𝜇

𝑖∈𝑆𝑢

 
(4.41) 

  

𝑏𝑖 =
1

|𝑺𝑖|
∑ 𝑟𝑢,𝑖 − 𝒙𝑢

𝑇𝒚𝑖 − 𝑏𝑢 − 𝜇

𝑢∈𝑆𝑖

 
(4.42) 

  

 

 

4.6 Regularization 𝑳𝟐 

Possibility of “singular covariance” problem may encounter in different error 

equation of the cost function expresses as ∑ (ℛ𝑢,𝑖 − ℛ̂𝑢,𝑖)
2

𝑢,𝑖∈𝑆  when that cannot invert 

the matrix during updates for xu and yi . The remedy to the singular covariance problem is 

to add a weight λ regularization parameter to the squared error term in the cost function 

𝒥 that keeps the parameters small, as illustrated in Equation (4.3). To obtain the optimal 

values for each parameter, set the partial derivative to zero for that parameter and solve 

for the optimal value depicted as follows: 
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𝒙𝑢 = (∑ 𝒚𝑖𝒚𝑖
𝑇

𝑖∈𝑆𝑢

+ 𝜆𝜤)

−1

∑(𝑟𝑢,𝑖 − 𝑏𝑢 − 𝑏𝑖 − 𝜇)𝒚𝑖

𝑖∈𝑆𝑢

 

(4.43) 

 

𝒚𝑖 = (∑ 𝒙𝑢𝒙𝑢
𝑇

𝑢∈𝑆𝑖

+ 𝜆𝜤)

−1

∑(𝑟𝑢,𝑖 − 𝑏𝑢 − 𝑏𝑖 − 𝜇)𝒙𝑢

𝑢∈𝑆𝑖

 

(4.44) 

 

𝑏𝑢 =
1

1 + 𝜆

1

|𝑺𝑢|
∑ 𝑟𝑢,𝑖 − 𝒙𝑢

𝑇𝒚𝑖 − 𝑏𝑖 − 𝜇

𝑖∈𝑆𝑢

 
(4.45) 

 

𝑏𝑖 =
1

1 + 𝜆

1

|𝑺𝑖|
∑ 𝑟𝑢,𝑖 − 𝑥𝑢

𝑇𝑦𝑖 − 𝑏𝑢 − 𝜇

𝑢∈𝑆𝑖

 
(4.46) 

 

 

4.7 Recommendation Scores and Similarity Scores 

Through a process known as coordinate descent, one alternates between the 

computation of the loss Equations (4.36) and (4.37) for users and items, respectively, 

resulting in two matrices. One matrix contains a user-factor vector, and another contains 

an item-factor vector that one can use to make recommendations or find similarities for a 

specific active user by computing the product between the active user-factor vector 𝑿𝑎 

and the transpose of the item-factor vector 𝒀𝑇 yielding the recommendation scores for a 

specific active user on each item. One can make recommendations for a specific active 

user with the equation. 
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𝑅𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑎𝑡𝑖𝑜𝑛𝑆𝑐𝑜𝑟𝑒𝑠 =  𝑿𝑎 × 𝒀𝑇 (4.47) 

 

Similarly, to compute the similarity between items, one calculates the product 

between the item-factor vector and the transpose of the item-factor vector. For example, 

to find movies like action genre movies, one computes the product between all movie 

item-factor vectors 𝒀 and the transpose of the action genre movie item-factor vector 𝒀𝑔
𝑇 

where 𝒀𝑔 represents the movies item-factor vector in action genre. 

𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑆𝑐𝑜𝑟𝑒𝑠 =  𝒀 × 𝒀𝑔
𝑇 (4.48) 

 

 

4.8 UVEC and MVEC Demonstration 

Let select all users in the MovieLens ml-latest-small dataset as test users. Split the 

number of movies watched by each user into the user training set and validation set. 

Table 4-5 illustrates the computation results of UVECs from a 20-80% split of train and 

validation sets. Table 5-11 depicts an example of user ID 400 UVEC statistics showing 

the test user’s last movie watched. Let sort user ID 400 by the timestamp attribute in the 

ml-latest-small ratings data file to simulate the movie watching order. Let take the 20% 

split train set to compute the UVEC for the test user. Let us use the test user’s last 

watched movie, “Lucky Number Slevin (2006),” as input to the SVD-CFRS 

Recommender System to generate a top-20 recommendations list. Let us apply the five-

distance metrics against the top-20 recommendation list to obtain five corresponding re-

ranked top-20 recommendation lists, as depicted in Table 5-12. Finally, let compare the 
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number of movies matched in each recommendation list against the movies in the 

validation set of the to-be-watched list to report as the hit percentage. 

Table 4-5 MLSM dataset 610 test users’ UVEC split by users’ movie watched count in 

20% training and 80% testing and validation. 

User ID 1 2 … 610 

Movie watched 2698 1864 … 2108 

UVEC     

Neutral 0.16635188 0.17283309  0.16885831 

Happiness 0.09730581 0.09685813  0.09974659 

Sadness 0.1180924 0.11604573  0.1187206 

Hate 0.1641951 0.16120733  0.16087716 

Anger 0.11517799 0.11227607  0.11261272 

Disgust 0.17250315 0.17098578  0.17191968 

Surprise 0.16637367 0.16979389  0.16726495 

 

 

4.9 Implementation of Tweets Affective Classifier 

Intrigue by the recent publication in Natural Language Processing (NLP) for text 

classification described by [312], one can develop a text-based EDR model by 

concatenating Long Short-Term Memory (LSTM) architecture and Conv-1D of 

Convolutional Neural Network (CNN) architecture. One can follow a similar method 

[349] to build a text-based EDR model. This dissertation research defines such text-based 

EDR model architecture consists of two halves. As described in [312], the first half 

consists of a double-decker with an RNN LSTM architecture occupies the first deck and a 

CNN Conv-1D architecture in the second deck. In the first step, one uses two identical bi-

directional LSTM for the RNN LSTM architecture and follow by seven pairs of CNN 
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Conv1D architecture.  In other words, for the bi-directional LSTM part, follow the idea 

illustrated in [350], one prepares two identical input LSTM layers of embedding matrix 

constructed from a pre-trained GloVe embedding matric similar to [313]. I have 

illustrated in [8] the steps it takes to preprocess the seven emotion word embeddings as 

input to train TAC using the pre-trained glove.twitter.27B.200d.txt dataset as a language 

reference model. One builds the two input LSTM layers of the embedding matrix with 

one of the input LSTM embedding layers set to “trainable,” while the other is not, i.e., 

“frozen.” By frozen the embeddings, it means the weights in the embeddings are frozen 

and cannot modify during TAC’s training session. 

During the processing of the first half of the model, the RNN LSTM-CNN Conv-

1D phase, the “trainable” input layer occupies one of the bi-directional LSTM 

architectures. At the same time, the “frozen” input LSTM layer fills the other. The text 

input processing occurs in an LSTM using a dropout parameter set at 0.5 as 

regularization for preventing overfitting before continuing the processing by a CNN 

Conv-1D architecture. In contrast, text processing in the second half of the model 

architecture is in reverse. The text processing order is first going through a double-

decker, each with seven pairs of CNN Conv1D neural nets with a dropout parameter set 

at 0.5 in each set of the Conv1D as regularization to prevent the neural net from 

overfitting.  The output then passes to a single RNN LSTM architecture with a dropout 

parameter set at 0.5 as regularization for preventing overfitting. Next, the processing 

combines the results of the two halves of the architecture then feeds the combined 

processing result to a max-pooling layer of a CNN for a pooling operation. The aim is to 
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select the dominant feature in the filter’s regional feature map. Next, data passes into a 

CNN flattening layer to convert data into a one-dimensional array before feeding the 

result to a fully connected CNN dense layer. The output from the dense layers will feed 

to a Sigmoid activation function with the resulting feed to a set of nodes with the number 

of the nodes equals the number of classifying classes. Each of these output nodes holds 

the value of the output class distribution value. Optionally, the distribution values’ output 

can feed a SoftMax activation function for producing the dominant class value. Depicted 

in Table 4-6 is the listing of the implementation of the computational model. 
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Table 4-6 A TAC Double Decker Butterfly Wing Bidirectional RNN LSTM - CNN 

Conv1D architecture model. 

Model: “model” 

_________________________________________________________________________________________ 

Layer (type)                                    Output Shape                  Param #                Connected to             

=============================================================================== 

input_1 (InputLayer)                      [(None, 30)]                    0                                    

_________________________________________________________________________________________ 

embedding (Embedding)                (None, 30, 200)              34292400             input_1[0][0]            

_________________________________________________________________________________________ 

embedding_1 (Embedding)            (None, 30, 200)              34292400             input_1[0][0]            

_________________________________________________________________________________________ 

bidirectional (Bidirectional)           (None, 30, 16)                13376                    embedding[0][0]          

_________________________________________________________________________________________ 

bidirectional_1 (Bidirectional)       (None, 30, 16)                13376                    embedding_1[0][0]        

_________________________________________________________________________________________ 

concatenate (Concatenate)              (None, 60, 16)                0                           bidirectional[0][0]      

                                                                                                                             bidirectional_1[0][0]    

_________________________________________________________________________________________ 

conv1d_5 (Conv1D)                       (None, 27, 16)                12816                   embedding[0][0]          

_________________________________________________________________________________________ 

conv1d_6 (Conv1D)                       (None, 27, 16)                12816                   embedding_1[0][0]        

_________________________________________________________________________________________ 

conv1d_7 (Conv1D)                       (None, 28, 16)                9616                     embedding[0][0]          

_________________________________________________________________________________________ 

conv1d_8 (Conv1D)                       (None, 28, 16)                9616                     embedding_1[0][0]        

_________________________________________________________________________________________ 

conv1d_9 (Conv1D)                       (None, 29, 16)                6416                     embedding[0][0]          

_________________________________________________________________________________________ 

conv1d_10 (Conv1D)                     (None, 29, 16)                6416                     embedding_1[0][0]        

_________________________________________________________________________________________ 

conv1d_3 (Conv1D)                       (None, 55, 32)                3104                     concatenate[0][0]        

_________________________________________________________________________________________ 

conv1d_2 (Conv1D)                       (None, 56, 32)                2592                     concatenate[0][0]        

_________________________________________________________________________________________ 

conv1d_4 (Conv1D)                       (None, 53, 32)                4128                     concatenate[0][0]        

_________________________________________________________________________________________ 

conv1d (Conv1D)                           (None, 59, 32)                1056                     concatenate[0][0]        

_________________________________________________________________________________________ 

conv1d_1 (Conv1D)                       (None, 58, 32)                1568                     concatenate[0][0]        

_________________________________________________________________________________________ 

dropout_5 (Dropout)                       (None, 27, 16)                0                           conv1d_5[0][0]           

_________________________________________________________________________________________ 

dropout_6 (Dropout)                       (None, 27, 16)                0                           conv1d_6[0][0]           

_________________________________________________________________________________________ 

dropout_7 (Dropout)                       (None, 28, 16)                0                           conv1d_7[0][0]           

_________________________________________________________________________________________ 

dropout_8 (Dropout)                       (None, 28, 16)                0                           conv1d_8[0][0]           

_________________________________________________________________________________________ 

dropout_9 (Dropout)                       (None, 29, 16)                0                           conv1d_9[0][0]           
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_________________________________________________________________________________________ 

dropout_10 (Dropout)                     (None, 29, 16)                0                           conv1d_10[0][0]          

_________________________________________________________________________________________ 

dropout_3 (Dropout)                       (None, 55, 32)                0                           conv1d_3[0][0]           

_________________________________________________________________________________________ 

dropout_2 (Dropout)                       (None, 56, 32)                0                           conv1d_2[0][0]           

_________________________________________________________________________________________ 

dropout_4 (Dropout)                       (None, 53, 32)                0                           conv1d_4[0][0]           

_________________________________________________________________________________________ 

dropout (Dropout)                           (None, 59, 32)                0                           conv1d[0][0]             

_________________________________________________________________________________________ 

dropout_1 (Dropout)                       (None, 58, 32)                0                           conv1d_1[0][0]           

_________________________________________________________________________________________ 

concatenate_2 (Concatenate)          (None, 168, 16)              0                           dropout_5[0][0]          

                                                                                                                             dropout_6[0][0]          

                                                                                                                             dropout_7[0][0]          

                                                                                                                             dropout_8[0][0]          

                                                                                                                             dropout_9[0][0]          

                                                                                                                             dropout_10[0][0]         

_________________________________________________________________________________________ 

concatenate_1 (Concatenate)          (None, 281, 32)              0                           dropout_3[0][0]          

                                                                                                                             dropout_2[0][0]          

                                                                                                                             dropout_4[0][0]          

                                                                                                                             dropout[0][0]            

                                                                                                                             dropout_1[0][0]          

_________________________________________________________________________________________ 

bidirectional_2 (Bidirectional)        (None, 168, 32)             4224                      concatenate_2[0][0]      

_________________________________________________________________________________________ 

concatenate_3 (Concatenate)          (None, 449, 32)              0                           concatenate_1[0][0]      

                                                                                                                             bidirectional_2[0][0]    

_________________________________________________________________________________________ 

max_pooling1d (MaxPooling1D)   (None, 64, 32)                0                           concatenate_3[0][0]      

_________________________________________________________________________________________ 

dropout_11 (Dropout)                     (None, 64, 32)                0                           max_pooling1d[0][0]      

_________________________________________________________________________________________ 

flatten (Flatten)                               (None, 2048)                  0                           dropout_11[0][0]         

_________________________________________________________________________________________ 

dense (Dense)                                  (None, 26)                     53274                    flatten[0][0]            

_________________________________________________________________________________________ 

dense_1 (Dense)                              (None, 7)                       189                        dense[0][0]              

=============================================================================== 

Total params: 68,739,383 

Trainable params: 34,446,983 

Non-trainable params: 34,292,400 

_________________________________________________________________________________________ 

Model: “model” 

_________________________________________________________________________________________ 

Layer (type)                                    Output Shape                  Param #                Connected to             

=============================================================================== 

input_1 (InputLayer)                      [(None, 30)]                    0                                    

_________________________________________________________________________________________ 
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embedding (Embedding)                (None, 30, 200)              34292400             input_1[0][0]            

_________________________________________________________________________________________ 

embedding_1 (Embedding)            (None, 30, 200)              34292400             input_1[0][0]            

_________________________________________________________________________________________ 

bidirectional (Bidirectional)            (None, 30, 16)               13376                    embedding[0][0]          

_________________________________________________________________________________________ 

bidirectional_1 (Bidirectional)        (None, 30, 16)               13376                    embedding_1[0][0]        

_________________________________________________________________________________________ 

concatenate (Concatenate)              (None, 60, 16)                0                           bidirectional[0][0]      

                                                                                                                             bidirectional_1[0][0]    

_________________________________________________________________________________________ 

conv1d_5 (Conv1D)                       (None, 27, 16)                12816                   embedding[0][0]          

_________________________________________________________________________________________ 

conv1d_6 (Conv1D)                       (None, 27, 16)                12816                   embedding_1[0][0]        

_________________________________________________________________________________________ 

conv1d_7 (Conv1D)                       (None, 28, 16)                9616                     embedding[0][0]          

_________________________________________________________________________________________ 

conv1d_8 (Conv1D)                       (None, 28, 16)                9616                     embedding_1[0][0]        

_________________________________________________________________________________________ 

conv1d_9 (Conv1D)                       (None, 29, 16)                6416                     embedding[0][0]          

_________________________________________________________________________________________ 

conv1d_10 (Conv1D)                     (None, 29, 16)                6416                     embedding_1[0][0]        

_________________________________________________________________________________________ 

conv1d_3 (Conv1D)                       (None, 55, 32)                3104                     concatenate[0][0]        

_________________________________________________________________________________________ 

conv1d_2 (Conv1D)                       (None, 56, 32)                2592                     concatenate[0][0]        

_________________________________________________________________________________________ 

conv1d_4 (Conv1D)                       (None, 53, 32)                4128                     concatenate[0][0]        

_________________________________________________________________________________________ 

conv1d (Conv1D)                           (None, 59, 32)                1056                     concatenate[0][0]        

_________________________________________________________________________________________ 

conv1d_1 (Conv1D)                       (None, 58, 32)                1568                     concatenate[0][0]        

_________________________________________________________________________________________ 

dropout_5 (Dropout)                       (None, 27, 16)                0                           conv1d_5[0][0]           

_________________________________________________________________________________________ 

dropout_6 (Dropout)                       (None, 27, 16)                0                           conv1d_6[0][0]           

_________________________________________________________________________________________ 

dropout_7 (Dropout)                       (None, 28, 16)                0                           conv1d_7[0][0]           

_________________________________________________________________________________________ 

dropout_8 (Dropout)                       (None, 28, 16)                0                           conv1d_8[0][0]           

_________________________________________________________________________________________ 

dropout_9 (Dropout)                       (None, 29, 16)                0                           conv1d_9[0][0]           

_________________________________________________________________________________________ 

dropout_10 (Dropout)                     (None, 29, 16)                0                           conv1d_10[0][0]          

_________________________________________________________________________________________ 

dropout_3 (Dropout)                       (None, 55, 32)                0                           conv1d_3[0][0]           

_________________________________________________________________________________________ 

dropout_2 (Dropout)                       (None, 56, 32)                0                           conv1d_2[0][0]           

_________________________________________________________________________________________ 

dropout_4 (Dropout)                       (None, 53, 32)                0                           conv1d_4[0][0]           

_________________________________________________________________________________________ 
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dropout (Dropout)                           (None, 59, 32)                0                           conv1d[0][0]             

_________________________________________________________________________________________ 

dropout_1 (Dropout)                       (None, 58, 32)                0                           conv1d_1[0][0]           

_________________________________________________________________________________________ 

concatenate_2 (Concatenate)          (None, 168, 16)              0                           dropout_5[0][0]          

                                                                                                                             dropout_6[0][0]          

                                                                                                                             dropout_7[0][0]          

                                                                                                                             dropout_8[0][0]          

                                                                                                                             dropout_9[0][0]          

                                                                                                                             dropout_10[0][0]         

_________________________________________________________________________________________ 

concatenate_1 (Concatenate)          (None, 281, 32)              0                           dropout_3[0][0]          

                                                                                                                             dropout_2[0][0]          

                                                                                                                             dropout_4[0][0]          

                                                                                                                             dropout[0][0]            

                                                                                                                             dropout_1[0][0]          

_________________________________________________________________________________________ 

bidirectional_2 (Bidirectional)       (None, 168, 32)              4224                      concatenate_2[0][0]      

_________________________________________________________________________________________ 

concatenate_3 (Concatenate)          (None, 449, 32)              0                           concatenate_1[0][0]      

                                                                                                                             bidirectional_2[0][0]    

_________________________________________________________________________________________ 

max_pooling1d (MaxPooling1D)   (None, 64, 32)                0                           concatenate_3[0][0]      

_________________________________________________________________________________________ 

dropout_11 (Dropout)                     (None, 64, 32)                0                           max_pooling1d[0][0]      

_________________________________________________________________________________________ 

flatten (Flatten)                               (None, 2048)                  0                           dropout_11[0][0]         

_________________________________________________________________________________________ 

dense (Dense)                                  (None, 26)                     53274                    flatten[0][0]            

_________________________________________________________________________________________ 

dense_1 (Dense)                              (None, 7)                       189                        dense[0][0]              

=============================================================================== 

Total params: 68,739,383 

Trainable params: 34,446,983 

Non-trainable params: 34,292,400 

__________________________________________________________________________________ 

 

 

This section describes the processing of the second half of the Asymmetric 

Double Decker Butterfly Wing RNN LSTM - CNN Conv1D architecture.  The input data 

first feeds through the double-decker of two identical data flow. Each data flow 

configures seven pairs of CNN Conv1D neural nets with a dropout parameter set at 0.5 as 

regularization for preventing overfitting before feeding – RNN LSTM architecture with 
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dropout parameter set at 0.5 regularizations for preventing overfitting. For each CNN 

Conv1D architecture, one input layer configures “trainable,” while the other input layer 

configures “frozen.” One obtains 55.6% accuracy in classifying the emotion class of the 

tweets’ balanced dataset, as depicted in Table 4-7, and the confusion matrix in Figure 4.1 

depicts the performance of the seven-emotion classifier.  

Table 4-7 Emotion Detection Recognition performance on balanced moods tweets data 

files. 

 Precision Recall F1-score Support 

Neutral 0.47 0.77 0.59 2992 

Happiness 0.63 0.53 0.58 3030 

Sadness 0.64 0.44 0.52 3034 

Hate 0.64 0.51 0.57 2933 

Anger 0.62 0.68 0.65 2984 

Disgust 0.44 0.45 0.44 2987 

Surprise 0.55 0.51 0.53 3040 

Accuracy   0.56 21000 

Macro avg 0.57 0.56 0.55 21000 

Weighted avg 0.57 0.56 0.55 21000 
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Figure 4.1 Confusion matrix of 7 balanced emotions dataset. 

 

For comparison purposes, one includes the EDR performance result on 

unbalanced mood tweets data listed in Table 4-9. One also depicted the confusion matrix 

of the seven emotion unbalanced tweets dataset in Figure 4.2. Although the unbalanced 

dataset result showed much better performance metrics when compared with the balanced 

dataset, this dissertation research decides not to use the ERD model trained by the 

unbalanced dataset because the dataset is heavily favoring “happiness,” “sadness,” and 

“hate.” After all, these three emotion data files contain more data points than the rest of 

the emotion data files. The training result showed F1-score for ``happiness'' 78%, 
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``sadness'' 61%, and ``hate'' 58% respectively. The other four moods' F1-score except for 

``anger'' 56% indicated that ``disgust'' 30%, ``surprise'' 36%, and ``neutral'' 41% 

respectively. Hence, the macro-average F1-score is a more suitable metric to use when 

evaluating unbalanced data performance. The macro-average F1-score for balanced and 

unbalanced datasets is 55% versus 0.51%, respectively. Thus, this dissertation will 

embrace the balanced dataset for its study. 

The example illustrated in section 3.3.4 about the mood analysis of the most top 

movie of all time rated by IMDb, “The Godfather (1972)”. Using the unbalanced mood 

dataset, one can build another version of the EDR classifier model. The classifier 

classified “hate” is the most dominant mood feature for the movie. The MVEC for the 

film with the model built from the unbalanced dataset depicts in Table 4-9 and depicts 

under the “Unbalanced Moods Dataset” column where the ranking of the MVEC mood 

attributes in the descending order of the movie is “hate,” “anger,” “happiness,” “sadness,” 

“disgust, “neutral,” and “surprise.”  

Table 4-8 The affect values MVEC of movie “The Godfather (1972)" derived from the 

balanced and unbalanced moods data files. 

Moods Balanced Moods Dataset Rank Unbalanced Moods Dataset Rank 

Neutral 0.0840931 6 0.04276474 6 

Happiness 0.059261046 7 0.16501102 3 

Sadness 0.08991193 5 0.076094896 4 

Hate 0.23262443 1 0.4305178 1 

Anger 0.20177138 2 0.1993026 2 

Disgust 0.19720455 3 0.053966276 5 

Surprise 0.13513364 4 0.03234269 7 
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Comparing to the “Balanced Moods Dataset” column with the “Unbalanced 

Moods Dataset” column of Table 4-8, which shows the mood attributes descending order 

as “hate,” “anger,” “disgust,” “surprise,” “sadness,” “neutral,” and “happiness.” Any 

person who has watched “The Godfather (1972)” movie would probably favor the mood 

analysis result done by the emotion detection classifier model using the balanced mood 

dataset. Table 4-9 depicts the  EDR performance of unbalanced mood tweets. Whereas 

Figure 4.2 depicts the confusion matrix of the seven emotions of unbalanced mood 

tweets. 

Table 4-9  Emotion Detection Recognition performance on unbalanced mood tweets data 

files. 

 Precision Recall F1-score Support 

Neutral 0.34 0.50 0.41 3758 

Happiness 0.73 0.83 0.78 27719 

Sadness 0.57 0.66 0.61 12126 

Hate 0.68 0.51 0.58 7710 

Anger 0.74 0.46 0.56 3518 

Disgust 0.49 0.22 0.30 3972 

Surprise 0.70 0.24 0.36 2972 

Accuracy   0.65 61775 

Macro avg 0.61 0.49 0.51 61775 

Weighted avg 0.65 0.65 0.64 61775 
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Figure 4.2 Confusion Matrix of 7 emotion unbalanced dataset. 

  

4.10 Comparative Platforms 

This section describes a movie Recommender System's development based on an 

SVD Collaborative Filtering algorithm (SVD-CF). The Recommender System  will 

evaluate the performance of user emotion profile, UVEC, and movie emotion profile, 

MVEC. UVEC and MVEC play a role in the tail end process of making movie top-N 

Recommendations. Any movie Recommender Systems can refit to support UVEC and 

MVEC processes. One can add functions on the existing Recommender System  to 
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support UVEC and MVEC operations to make movie recommendations. The five-

distance metrics employed in the Comparative Platform are Euclidean distance, 

Manhattan distance, Minkowski distance, Cosine similarity, and Pearson correlation with 

their formula illustrated in Equation  (4.49) through Equation (4.53).  

𝐸𝑢𝑐𝑙𝑖𝑑𝑒(𝑥, 𝑦) = √∑(𝒙𝑖 − 𝒚𝑖)2

𝑛

𝑖=1

 

(4.49) 

 

𝑀𝑎𝑛ℎ𝑎𝑡𝑡𝑎𝑛(𝑥, 𝑦) = ∑|𝒙𝑖 − 𝒚𝑖|

𝑛

𝑖=1

 
(4.50) 

 

𝐼𝑛𝑛𝑒𝑟(𝑥, 𝑦) =  ∑𝒙𝑖𝒚𝑖

𝑖

= 〈𝑥, 𝑦〉 (4.51) 

 

𝐶𝑜𝑠𝑆𝑖𝑚(𝑥, 𝑦)  =  
< 𝑥, 𝑦 >

||𝑥||||𝑦||
 =  

∑ 𝒙𝑖𝒚𝑖𝑖

√∑ 𝒙𝑖
2

𝑖 √∑ 𝒚𝑖
2

𝑖

 

=  
∑ (𝑟𝑥,𝑖 − �̅�𝑥

𝑛
𝑖=1 )(𝑟𝑦,𝑖 − �̅�𝑦)

√∑ (𝑛
𝑖=1 𝑟𝑥,𝑖 − �̅�𝑥)2√∑ (𝑛

𝑖=1 𝑟𝑦,𝑖 − �̅�𝑦)2
 

(4.52) 

 

𝑃𝑒𝑎𝑟𝐶𝑜𝑟𝑟(𝑥, 𝑦) = 𝐶𝑜𝑠𝑆𝑖𝑚(𝑥 − 𝑥, 𝑦 − 𝑦) (4.53) 

 

where (𝑥, 𝑦) are vectors 𝑥 =  (𝑥1, … , 𝑥𝑛) and   y = (y1, …, yn). 

 

4.11 Comparison of Emotion Analyzers 

 Depicted in Table 4-11 is the accuracy performance result of the LiveJournal 

Emotion Analyzer (LEA) developed in the article [167], which is capable of predicting 
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six basic human emotions advocated by Paul Ekman [160], namely, happiness, sadness, 

fear, anger, disgust, surprise. LiveJournal, a free online community with 10 million 

members, actively maintains member-published journals and blogs daily [351] and [352]. 

LiveJournal provides a downloadable data file named soc-LiveJournal1.txt.gz [353], 

which contains information on the directed LiveJournal friendship social network as 

depicted in Table 4-10. A comparison of performance on emotion prediction performance 

between LiveJournal Emotion Analyzer (LEA) and our home-grown Tweets Affective 

Classifier (TAC) is depicted in Table 4-12. 

Table 4-10 Training dataset compositions of LiveJournal Emotion Analyzer. 

Emotion LiveJournal Aman 

Happiness 16315 536 

Sadness 6077 173 

Fear 2148 115 

Anger 3130 179 

Disgust 192 172 

Surprise 1269 115 

 

 

Table 4-11 LiveJournal Emotion Analyzer accuracy performance. 

Emotion Precision Recall F1 

Happiness 0.84 0.74 0.79 

Sadness 0.67 0.61 0.64 

Fear 0.43 0.43 0.43 

Anger 0.25 0.50 0.33 

Disgust 1.00 0.50 0.67 

Surprise 1.00 0.50 0.67 
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Table 4-12 Emotion prediction performance comparison between LEA and TAC models. 

 Precision  Recall  F1  Support  

Emotion LEA TAC LEA TAC LEA TAC LEA TAC 

Neutral  0.34  0.50  0.41  3758 

Happiness 0.84 0.73 0.74 0.83 0.79 0.78 35 27719 

Sadness 0.67 0.57 0.61 0.66 0.64 0.61 23 12126 

Fear 0.43 0.68 0.43 0.51 0.43 0.58 7 7710 

Anger 0.25 0.74 0.50 0.46 0.33 0.56 8 3518 

Disgust 1.00 0.49 0.50 0.22 0.67 0.30 2 3972 

Surprise 1.00 0.70 0.50 0.24 0.67 0.36 2 2972 

         

Accuracy      0.65  61775 

Macro 

Average 

 0.61  0.49  0.51  61775 

Weighted 

Average 

 0.65  0.65  0.64  61775 

 

 

4.12 Provision Datasets with Affective Features  

This study applies affective features to three data sources that it uses: users’ 

emotion profiles, UVECs, and items’ emotion profiles, IVECs, or MVECs equivalent. No 

disjoint users and items can interconnect without adding affective features across data 

sources of MovieLens, TMDb, and Amazon Review Dataset. Affective aware features 

are added to the data sources through Tweets Affective Classifier (TAC) as developed in 

[8]. Table 4-13 and Table 4-14 depict samples after added affective features UVEC and 

MVEC in this study’s data sources. 
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Table 4-13 A TMDb movie emotion profile showing two movies’ MVEC statistics. 

TMDb ID 2 525662 

movie ID 4470 189111 

Mood Disgust Hate 

Neutral 0.15705037 0.11876434 

Happiness 0.08608995 0.05086204 

Sadness 0.15583897 0.12669845 

Hate 0.07506061 0.3391073 

Anger 0.08469571 0.13069303 

Disgust 0.26612538 0.13746719 

Surprise 0.17513901 0.096407644 

 

 

Table 4-14 An Amazon Review Dataset of Digital Music from Small Subsets for 

Experimentation Group. 

User ID 8129 13878 

Neutral 0.1976067315 0.1826606686 

Happiness 0.137053136 0.1766339161 

Sadness 0.1214098371 0.1509535014 

Hate 0.0877815959 0.0599035051 

Anger 0.0799363965 0.0571205363 

Disgust 0.1656119045 0.1604166086 

Surprise 0.2106004065 0.2123112464 

 

 

4.13 PAC Disjoint Users within Same and Across Different Domains 

A word of caution is on user ID that appears across different MovieLens datasets. 

MovieLens collects datasets anonymously. Thus, there is no guarantee that a user ID that 

appears in one dataset is the same person who bears the same user ID in a different 

dataset. Using user ID to make cross-reference metadata across different MovieLens 
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dataset may not produce a consistent result. In this study, the MLSM dataset designates 

as the training dataset. The other datasets: ml20m, ml25m, and ml27m, are concatenated 

into a large dataset uses for testing. 

To overcome the disjoint user’s deficiency across different MovieLens datasets, 

an affective aware pseudo association method (AAPAM) deploys to associate disjoint 

user across different datasets. The pseudo associate connection (PAC) connects disjoint 

users across various datasets  method works as follow: 

• For each user ID in a MovieLens dataset, computes the user’s UVEC. 

• Concatenate ml20m, ml25m, and ml27m datasets together as a large dataset uses 

for testing. Note that all user ID in the testing dataset should have their UVEC 

computed. 

• For each user ID in the training dataset, computes the pairwise Cosine Similarity 

for the training user ID against each user ID in the testing dataset. 

• The Cosine Similarity pairwise user ID result goes through a ranking and sorting 

in descending order. The top pairwise user ID on the sorted list, indicated by the 

AII value, has the closest match of emotion profile between the training user ID 

and the testing user id. PAC connects the most similar pair of training user ID and 

testing user id. 

• Table 3-11 depicts user ID 400 of MLSM PAC connects to other user ids across 

Movielens datasets. 

A careful examination of  Table 3-11 regarding user ID 400 in the MLSM dataset, 

making PAC connection to three other MovieLens datasets, may notice the following. 
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The user ID 400 in MLSM PAC to user ID 66274 in ml20, user ID 95459 in ml25m, and 

user ID 89185 in ml27m. The Cosine Similarity between user ID 400 in MLSM or its AII 

value and other PAC users is virtually identical. Except for PAC users in ml20m, the 

other PAC users’ AII values in ml25m and ml27m are identical. Both PAC users in 

ml25m and ml27m have the same history of movie watched list as user ID 400 in mlsm. 

Thus, their UVECs are correctly aligned. Therefore, one can deduce that all said three 

users are the same in the MovieLens dataset.  

The AAPAM scheme works. The method provides a means to associate disjoint 

users across different datasets within the same domain. However, reconnecting the 

disjoint users for user ID 400 in MLSM to other PAC users does not offer any additional 

values. Those PAC disjoint users do not contain any value-added information to user ID 

400. The method failed to enlarge the extra data point for user ID 400 in mlsm. 

Instead of selecting a low movie watched count user as a test user, such as user ID 

400 in MLSM who only has watched 43 films, a high film viewing count user is 

favorable for the test user. Depicted in Table 4-15 a few test users UVEC and Table 5-23 

contains the most movies watched users of the MLSM dataset with movies watched 

count in the range of 1,300 to 2,700.  

Table 4-15 A sample of users' emotion profiles UVEC derived from taking the average of 

all the movies’ MVEC the user has watched. 

mlsm 

id 

neutral joy sadness hate anger disgust surprise 
400 0.16352

993 

0.08873

525 

0.127089

98 

0.20331

840 

0.11933

819 

0.15881

287 

0.139175

38 414 

 

0.16635

188 

0.09730

581 

0.118092

4   

0.16419

51   

0.11517

799 

0.17250

315 

0.166373

67 474 0.16885

831 

0.09974

659 

0.118720

6   

0.16087

716 

0.11261

272 

0.17191

968 

0.167264

95 448 0.17283

309 

0.09685

813 

0.116045

73 

0.16120

733 

0.11227

607 

0.17098

578 

0.169793

89 
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Depicted in Table 5-16 are selected test users with respective PAC information. 

Table 5-16 contains seven columns. The first column represents the identity of user 1 to 

user 3. The role they play for the specific row information. For example, after the label 

row, row 1 shows user 1 who user ID is 414 in the MLSM dataset, can PAC to user ID 

125022 in the ml20m dataset. Alternatively, user ID 414 can PAC from MLSM to user 

ID 131662 in the ml25m dataset.  

Moreover, the same user can PAC from MLSM to user ID 236165 in the ml27m 

dataset. The above PAC actions are all involving disjoint users in the same MovieLens 

domain. However, columns 6 and 7 of Table 5-16 show user ID 414 has a choice to PAC 

from MLSM dataset in MovieLens to user ID 10354 of Digital Music dataset or user ID 

93437 of Toys and Games dataset in Amazon. Indeed, besides connecting disjoint users 

from different datasets within the same domain, PAV can also connect disjoint users from 

different datasets across different domains. There are rows in Table 5-16 that contain 

rated movies counts for each user in its respective dataset. Also, rows holding movies 

watched list, UVECs, and the AII values indicate individual users’ Cosine Similarity. 

 

4.14 Demonstration of Recommender Systems Comparative Platform 

The following methods use to evaluate the performance of the recommendations 

list generated by the SVD-CF Recommender System and the reranking of the 

recommendations list by the five-distance metrics algorithms. By joining the ml-latest-

small dataset’s ratings and emotion-labeled movie data files built from the TMDb dataset 

to obtain the needed movie dataset with emotion labels. Table 4-16 illustrated the pseudo-
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code of grouping users and sorted their activity by timestamp to simulate their movie 

watching order. The pseudo-code also shows splitting each user’s activity into a test and 

validation set and compute UVEC. It also shows the top-20, top-10, and top5 

recommendations lists in the pseudo-code lists and the recommendations list’s reranking 

by the five-distance metrics. Lastly, the pseudo-code computes the hit rate in percent for 

top-20, top-10, and top-5 recommendations.  

Table 4-16 Pseudocode of computing users’ UVECs, top-N, and hit rates. 

1 Group user by User ID 

2 For each user do 

3     Sort user row by timestamp 

4     Split user into test and validation set 20/80 

5     Get UVEC for test user 

6     Get top20/10/5 by test user’s last watched film 

7     Reranked top20 by 5 distance metrics, get top10/5 

8     Get hit% by validation set for top20/10/5 

9     Get hit% by validation set for 5-dist top20/10/5 

 

 

4.14.1 Evaluation of User ID 414 on Comparative Platform 

The paper in [26] illustrated a strategy of making recommendations through a 

Comparative Platform implemented with various affective aware Recommender Systems 

within the MovieLens domain. Table 4-17 depicts the five top-20 recommendations list 

generated by the five respective Recommender Systems in the Comparative Platform. 

The five Recommender Systems’  algorithms deployed in [26] are Item-based 

Collaborative Filtering Recommender System, User-based Collaborative Filtering 
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Recommender System, Genres Aware Recommender System, Emotion Aware 

Recommender System, and Multi-channel Affective Recommender System. Moreover, in 

the article [26],  a follow-up paper [11] illustrated the validation method’s development 

for the Comparative Platform Recommender Systems’ recommendations. As an example, 

Table 4-17 depicts the top-20 recommendations for the user ID 414 made by the five 

Recommender Systems in the Comparative Platform Recommender Systems.  

Table 4-17 A top-20 recommendations list generated by Recommender Systems in the 

Comparative Platform for test user ID 414 user. 

U414 IBCF UBCF GAR EAR MAR 

1 1291 1258 73499 858 131714 

2 1196 8368 3030 53519 129229 

3 260 2424 4565 363 704 

4 1270 1230 3389 3109 112911 

5 1210 1982 1049 3330 1606 

6 2115 3176 2153 6981 3389 

7 2571 1219 809 3211 2421 

8 1240 48385 7925 5569 3704 

9 1197 34542 131714 5853 442 

10 1036 1449 112897 4224 4367 

11 1136 6879 27837 4608 87430 

12 1200 42418 1867 135133 2826 

13 1214 520 1606 109673 1049 

14 2716 1183 704 2009 122922 

15 4993 2788 56775 110655 64695 

16 1265 1693 91485 29 2683 

17 2028 40732 115727 4433 3702 

18 7153 2324 32511 2256 131739 

19 3578 1333 6664 3028 76743 

20 858 2728 761 2450 57326 

Hit % 90% 65% 20% 35% 30% 
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4.15 Chapter Summary 

In this chapter, it detailed the popular filtering algorithms used in the deployment 

of the Recommender Systems. Hence Matrix Factorization (MF) techniques are known 

for their effectiveness in Recommender Systems, and this chapter illustrated one of the 

variants of MF knows as Alternating Least Square (ALS) and detailed the algorithm by 

deriving it step-by-step for both the explicit-ALS version and the implicit-ALS. It also 

demonstrated the explicit-ALS algorithm by reranking the top 100 most popular movies 

of all-time list. It highlighted the recommendation score and similarity score computation 

methods. It showed the steps of deriving UVEC and MVEC. It detailed the 

implementation of the Tweets Affective Classifier. It described the deployment of a 

comparative platform for evaluating top-N recommendations. It illustrated the steps to 

provision non-affective labeled datasets with affective labels. It implemented the Pseudo 

Associate Connect method to PAC to connect disjoint users and items in datasets in the 

same or across different information domains. It also demonstrated making of cross-

domain recommendations between disjoint users and items. In the next chapter, this 

dissertation research will examine all the pertaining findings. 
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5 FINDING FOR RESEARCH QUESTIONS AND HYPOTHESES  

5.1 Chapter Introduction 

This chapter evaluates the resolution for research questions and hypotheses using 

the developed nine methods in paper prototyping. The following section gives a brief 

description of evaluation metrics applicable to Recommender Systems’ algorithms. The 

evaluation metrics include Mean Absolute Error (MAE) [142] and [354], Root Mean 

Square Error (RMSE) [355]. The decision support accuracy metrics include Reversal 

rate, Weighted errors, Receiver Operating Characteristics (ROC), Precision-Recall Curve 

(PRC), Precision, Recall, F1 measure, Micro Average Precision, Macro Average 

Precision, and Coverage [356]. Follows the evaluation metrics description section is the 

discussion of resolution for each research question and hypothesis. The paper prototyping 

involved evaluation of top-N and the application of the Affective Aware Pseudo 

Association Method’s Pseudo Associate Connect disjoint users and items cross-domains 

between Amazon and MovieLens. 

 

5.2 Evaluation Metrics for Recommender Systems 

Using accuracy or coverage metrics, one can assess the performance of a 

Recommender System algorithm. Accuracy refers to the percentage of correct 

recommendations over the overall total possible recommendations, whereas coverage 

refers to the rate of items in the sample space the Recommender System can observe. 

Accuracy metrics are further divided into statistical and decision support accuracy 
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metrics [357]. Statistical accuracy metrics include Mean Absolute Error (MAE) [354], 

Root Mean Square Error (RMSE), and Correlation are commonly used to measure the 

deviation of a recommendation from the known value of the test user. Equation (5.1) and 

Equation (5.2) depict below are the formula to compute Pu,i statistical accuracy refers to 

the predicted rating for useru an itemi. In contrast, ru,i refers to the actual rating value 

useru gives on itemi, and N is the total number of ratings on the item set. The lower the 

MAE, the better accuracy of the Recommender Systems predicts the user rating [142]. 

𝑀𝐴𝐸 =   
1

𝑁
∑|𝑝𝑢,𝑖 − 𝑟𝑢,𝑖|

𝑢,𝑖

 
(5.1) 

  

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑝𝑢,𝑖 − 𝑟𝑢,𝑖)2

𝑢,𝑖

 
(5.2) 

 

Root Mean Square Error (RMSE) places more critical on more massive absolute error. 

The lower the RMSE, the more accuracy for the recommendation [355]. 

Coverage is another popular performance metric uses in Recommender System 

evaluation. It refers to the percentage of items and users that a Recommender System can 

provide predictions [356]. However, rating prediction may not be possible for an item if 

no user or very few users rated it. In such a case, to make the cluster size smaller, one can 

reduce the coverage size [356]. 

𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒 =  
∑ 𝑛𝑝𝑖

𝑚
𝑖=1

∑ 𝑛𝑖
𝑚
𝑖=1

 
(5.3) 
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The famous formula uses for the computation of decision support and accuracy 

metrics include Precision, Recall, F-measure, Receiver Operating Characteristics (ROC), 

Precision-Recall Curve (PRC), Weighted errors, and Reversal rate. These metrics treat 

the outcome of prediction as a binary operation that distinguishes results into four 

classes: true-positive (TP), true-negative (TN), false-positive (FP), and false-negative 

(FN) as depicted in the following Confusion Matrix Table 5-1. 

Table 5-1 Confusion Matrix of recommendation results. 

 Recommended Not Recommended 

Preferred True-Positive (TP) False-Negative (FN) 

Not Preferred False-Positive (FP) True-Negative (TN) 

 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
#𝑇𝑃 + #𝑇𝑁

#𝑇𝑃 + #𝐹𝑃 + #𝐹𝑁 + #𝑇𝑁
 

(5.4) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
#𝑇𝑃

#𝑇𝑃 + #𝐹𝑃
 

(5.5) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 (𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒) =  
#𝑇𝑃

#𝑇𝑃 + #𝐹𝑁
 

(5.6) 

 

𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 =  (1 − 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦) =  
#𝐹𝑃

#𝐹𝑃 + #𝑇𝑁
 

(5.7) 
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𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑜𝑛 𝑡𝑜𝑝𝑁 = 
𝑠𝑖𝑧𝑒 𝑜𝑓 ℎ𝑖𝑡 𝑠𝑒𝑡

𝑠𝑖𝑧𝑒 𝑜𝑓 𝑡𝑜𝑝𝑁 𝑠𝑒𝑡
=  

| 𝑡𝑒𝑠𝑡 ⋂ 𝑡𝑜𝑝𝑁 |

𝑁
 

(5.8) 

 

𝑟𝑒𝑐𝑎𝑙𝑙 𝑜𝑛 𝑡𝑜𝑝𝑁 =  
𝑠𝑖𝑧𝑒 𝑜𝑓 ℎ𝑖𝑡 𝑠𝑒𝑡

𝑠𝑖𝑧𝑒 𝑜𝑓 𝑡𝑒𝑠𝑡 𝑠𝑒𝑡
=  

| 𝑡𝑒𝑠𝑡 ∩ 𝑡𝑜𝑝𝑁 |

𝑡𝑒𝑠𝑡
 

(5.9) 

 

𝐹1𝑠𝑐𝑜𝑟𝑒 =  
2 × 𝑟𝑒𝑐𝑎𝑙𝑙 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑟𝑒𝑐𝑎𝑙𝑙 + 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
 

(5.10) 

 

𝑀𝑖𝑐𝑟𝑜 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃1 + 𝑇𝑃2 +∙∙∙ +𝑇𝑃𝑘

𝑇𝑃1 +∙∙∙ +𝑇𝑃𝑘 + 𝐹𝑃1 +∙∙∙ +𝐹𝑃𝑘
 

(5.11) 

 

𝑀𝑎𝑐𝑟𝑜 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛1 +∙∙∙ +𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑘

𝑘
 

(5.12) 

 

 

5.3 Resolution for Research Question and Hypothesis No. 1 

Table 5-2 is taken from Table 1-6 to focus on methods applicable to research 

question number 1. In Table 5-2, colored in orange are the names of the methods. 

Colored in blue is the pertaining research question and colored in yellow are the 

applicable methods for resolution of research question and hypothesis. 

Suppose a Recommender cannot track users’ most up-to-date tastes and 

preferences and consider that information when making the top-N recommendations. In 

that case, it cannot accurately make the top-N recommendations. Thus, the top-N may 

contain mismatched items that may not meet users’ expectations. Both current non-

affective aware Collaborative Filtering and Content-based Filtering cannot track users’ 
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mood swings in users’ tastes and preferences. I track users’ tastes and preferences 

through users’ UVEC.  

Table 5-2 Applicable methods to support the resolution of research question and 

hypothesis number 1. 

 

 

 

Table 5-3 recap research question and hypothesis number 1. Before illustrating 

the steps involved in resolving the research hypothesis, let examine the setup need for the 

prototyping. 

Table 5-3 Research question and hypothesis number 2. 

Research Questions Research Hypotheses 

RQ1: Is an Emotion Aware Recommender 

System capable of adapting to the ever-

changing users’ tastes and preferences? 

RH1: If an Emotion Aware Recommender 

meets the following conditions: 

1) modeled the users’ and items’ affective 

features consistently 

2) users’ profiles always reflect the moods 

up-to-date 

then the top-N makes by the Emotion 

Aware Recommender will always reflect 

the active user’s moods up-to-date; thus, it 

adapts to the ever-changing user’s tastes 

and preferences. 
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5.3.1 Baseline Dataset for Tracking Users’ Moods Changes  

I downloaded the “Top-100 Greatest Movies of All Time” from IMDb depicted in 

Table 1-2 and use the list as a baseline for the resolution prototyping. Depicted in Table 

5-4 is the top 10 of the IMDb “Top 100 Greatest Movies of All Time”, and Table 5-5 

listed the bottom 10 of the IMDb movie list. The movie list acts as the baseline dataset 

for the prototyping. 

Table 5-4 Top 10 of IMDb Top 100 Greatest Movies of All Time. 

Rank Title Movie ID 

1 The Godfather (1972) 858 

2 The Godfather: Part II (1974) 1221 

3 Seven Samurai (1954) 2019 

4 Pulp Fiction (1994) 296 

5 12 Angry Men (1957) 1203 

6 Spirited Away (2001) 5618 

7 Schindler’s List (1993) 527 

8 Casablanca (1942) 912 

9 Psycho (1960) 1219 

10 Goodfellas (1990) 1213 

 

Table 5-5 Bottom 10 of IMDb Top 100 Greatest Movies of All Time. 

Rank Title Movie ID 

91 Wild Strawberries (1957) 5147 

92 Paris, Texas (1984) 1305 

93 A Clockwork Orange (1971) 1206 

94 La Grande Illusion (1937) 3134 

95 There Will Be Blood (2007) 56782 

96 Amadeus (1984) 1225 

97 Annie Hall (1977) 1230 

98 Whiplash (2014) 112552 

99 Pather Panchali (1955) 668 

100 Cinema Paradiso (1988) 1172 
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5.3.2 Simulate Users’ Moods Changes and Prototyping 

I picked the three most movies watched users from the MLSM dataset as test 

users depicted in Table 5-6 colored in red. I took a snapshot at the time (t) of each test 

user at 20% movie watched colored in grey and computed their UVECs colored in blue. 

Another snapshot at the time (t+1) of each test user at 100% movie watched colored in 

yellow and computed their UVECs colored in green. Now we have two sets of UVECs 

showing the mood changes of these test users. 

Table 5-6 Test users UVEC at time (t) and (t+1). 

 

 

 

“The 100 greatest movies of all time” depicted here as baseline of top-10 in grey. 

I reranked the baseline with test users 414, 448, and 474 UVEC at time (t) colored in 

green by means of the Affective Index Indicator scores colored in red. Depicted in Table 

5-7 is the prototyping results of UVEC at time (t). 
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Table 5-7 Reranking top-10 of IMDb top 100 Greatest Movies of All Time for test User 

ID 414, 448, and 474 with each test user UVEC at time (t) compute by using user’s 20% 

watched movies. 

 

 

 

I also reranked the baseline with test users 414, 448, and 474 UVEC at the time 

(t+1) colored in green using the Affective Index Indicator scores colored in red. Depicted 

in Table 5-8 are the prototyping results of UVEC at the time (t+1). 

The reranked results are slightly different at these two-time steps. That shows the 

system is reacting to users’ mood changes at these two-time steps. Thus, the resolution is 

that research hypothesis 1 supports research question 1. 

The significance of this finding is that the emotion-aware recommender can track 

the user’s mood and mood swings. It can make a personalized recommendation to the 

user that meets the user’s taste and preference better than the recommender’s lack of 

tracking the user’s mood and mood swing. 



223 

 

Table 5-8 Reranking Top-10 of IMDb top 100 Greatest Movies of All Time for test User 

ID 414, 448, and 474 with each test user UVEC at time (t+1) compute by using user’s 

100% watched movies. 

 

 

 

5.4 Resolution for Research Question and Hypothesis No. 2 

Table 5-9 is taken from Table 1-6 to focus on methods applicable to research 

question number 2. In Table 5-9, colored in orange are the names of the methods. 

Colored in blue is the pertaining research question and colored in yellow are the 

applicable methods for resolution of research question and hypothesis. The simplest way 

to determine the effectiveness of affective aware top-N recommendations is by 

comparing the reranked of different distance metrics measures of the baseline top-N 

enabled with affective features against the affective aware user's UVEC. 
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Table 5-9 Applicable methods to support the resolution of research question and 

hypothesis number 2. 

 

 

 

Table 5-10 recap research question and hypothesis number 2. Before illustrating 

the steps involved in resolving the research hypothesis, let examine the reranked top-N 

baseline using test user UVEC on five-distance metrics measures. 

Table 5-10 Research question and hypothesis number 2. 

Research Questions Research Hypotheses 

RQ2: Can the effectiveness of top-N 

recommendations generated by a 

Recommender enabled with emotional 

features be measured? 

RH2: If emotion features are enabled in 

users’ and items’, by comparing the active 

user’s emotion profile against the top-N 

through a distance metric and reranked the 

top-N, then one can assess the level of 

enhancement between the two top-N lists. 
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5.4.1 Reranked Top-N Baseline Using Test User UVEC on Five-Distance Metrics 

Measures 

Table 5-11 shows an example of a test user ID 400 watched list split by 20/80. 

The depicted UVEC came from a 20% watched list. The last watched movie title “Lucky 

Number Slevin 2006”. 

Table 5-11 The statistics of test user ID 400 last watched movie’s MVEC. 

User ID 400 TMDb ID 186 

movie ID 44665 rating 4.0 

title Lucky Number 

Slevin (2006) 

genres Crime, Drama, 

Mystery 

timestamp 1498870148 m_neutral 0.204775 

m_happy 0.075458 m_sad 0.127180 

m_hate 0.171851 m_anger 0.112534 

m_disgust 0.166984 m_surprise 0.141217 

 

 

Table 5-12 depicts a 20-80 split sampling result of the test user ID 400. I fed the 

last watched movie of user id 400 to an SVD-CF recommender that generated the top-20 

recommendations depicted as a baseline in the table on the right under Mid column 

colored in grey. The table on the right also showed five distance metrics measures: 

Euclidean, Manhattan, Minkowski, Cosine Similarity, Pearson Correlation Coefficient. I 

reranked by sorting results in descending order computed from the baseline of using 

movie ID MVEC in the top-20 against user ID 400 UVEC through each distance metric 
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measure. The reranked results are depicted in green. The bottom row reported the % hit 

rate of top-5, top-10, and top-20. 

Table 5-12 A sampling on 20-80 split of 43 watched movies of ml-latest-small user ID 

400 into eight watched movies for UVEC computation and 35 to-be-watched movies for 

testing and validation on the top20 and top5 recommendations list which generated by 

SVD-CFRS as baseline and reranked by five distance metrics. 

400 Mid Euc Mht Mki Cos Pear 

1 296 58559 58559 58559 2959 2959 

2 50 7153 7153 7153 2329 58559 

3 858 356 5952 356 527 2028 

4 2959 5952 356 5952 2858 2329 

5 593 593 1089 593 1213 527 

6 4993 1089 593 1089 858 858 

7 58559 1221 1221 608 79132 1089 

8 7153 608 50 1221 2028 2858 

9 608 4993 4993 4993 47 1213 

10 1221 2028 2028 2028 50 47 

11 527 296 608 296 296 79132 

12 79132 50 296 47 4993 4993 

13 1213 47 47 79132 608 1221 

14 5952 858 858 50 1089 7153 

15 2858 79132 79132 858 1221 296 

16 356 1213 2858 1213 593 608 

17 47 2858 527 2858 5952 593 

18 2329 527 2329 527 356 5952 

19 1089 2329 1213 2329 58559 50 

20 2028 2959 2959 2959 7153 356 

T20% 70 70 70 70 70 70 

T5% 100 80 60 80 40 40 

T10% 100 70 70 70 60 50 
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5.4.2 Find the winner of Top-N ranked by distance metrics  

Table 5-13 shows the average categorical hit rate of all test users. The first 

column, “Mid,” shows the average hit rate obtained through various split sizes of top-20, 

top-10, and top-5 for the non-affective aware recommendations lists. The other five 

columns show the affective aware hit rate results. By choosing the implementation 

algorithm of the best performer of the five-distance metric, one can retrofit a regular non-

affective aware Recommender System to become an exceptional, effective aware 

Recommender System. Cosine Similarity hit rate, as shown in the “Cos” column, yields 

the best result across the top-20, top-10, and top-5 when comparing among the others.  

Instead of working with one test user id 400, I loop the reranked procedure 

through all 610 users in the MLSM dataset of Movielens. Instead of splitting 20/80, I 

split each user has watched set from 10/90 to 90/10 and ran through the reranked 

procedure of 5-distance metric measures. I reported an overall average % hit rate of top-

5, top-10, and top-20. Two observation I can make with this experiment:  

1) The higher items consumption, the higher the hit rate obtained.  

2) Smaller the top-N, the higher the hit rate shows. 

Thus, the resolution is research hypothesis 2 supports the research question 2. 

The significant of developing % hit rate method to measure the top-N 

performance is that we can quantify the all top-N metrics measurement. Without it, we 

only can rely on our own intuition and judgement to determine how good a top-N is. That 

is not a good way to measure any performance in computational science. 
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Table 5-13 A sampling on various split sizes for each test user to obtain the respective 

recommendations list and reranked the recommendations lists by five-distance metrics 

with hit rates on each user’s category and report the average result. 

Top20 

Split 

Mid 

Hit% 

Euc 

Hit% 

Mht 

Hit% 

Mki 

Hit% 

Cos 

Hit% 

Pear 

Hit% 

10-90 69.34 69.34 69.34 69.34 69.34 69.34 

20-80 64.98 64.98 64.98 64.98 64.98 64.98 

30-70 59.86 59.86 59.86 59.86 59.86 59.86 

40-60 54.24 54.24 54.24 54.24 54.24 54.24 

50-50 48.42 48.42 48.42 48.42 48.42 48.42 

60-40 41.53 41.53 41.53 41.53 41.53 41.53 

70-30 34.37 34.37 34.37 34.37 34.37 34.37 

80-20 25.75 25.75 25.75 25.75 25.75 25.75 

90-10 16.42 16.42 16.42 16.42 16.42 16.42 

Top5 

Split 

Mid 

Hit% 

Euc 

Hit% 

Mht 

Hit% 

Mki 

Hit% 

Cos 

Hit% 

Pear 

Hit% 

10-90 82.26 69.41 69.41 69.67 69.80 69.80 

20-80 78.20 64.30 64.13 64.00 65.87 65.57 

30-70 72.46 59.57 59.67 59.51 60.23 60.23 

40-60 67.11 54.10 55.02 54.33 54.33 54.03 

50-50 60.98 49.84 49.51 49.38 48.10 47.87 

60-40 53.34 42.13 42.03 41.87 40.82 40.79 

70-30 44.03 34.46 34.69 34.59 34.69 34.13 

80-20 34.56 25.48 25.54 25.28 25.41 26.07 

90-10 21.80 17.11 16.67 17.18 15.41 16.00 

Top10 

Split 

Mid 

Hit% 

Euc 

Hit% 

Mht 

Hit% 

Mki 

Hit% 

Cos 

Hit% 

Pear 

Hit% 

10-90 76.89 68.82 68.97 68.93 69.89 69.54 

20-80 72.49 64.26 64.23 64.05 65.66 65.08 

30-70 67.31 59.33 59.41 59.44 60.41 60.00 

40-60 61.59 53.90 54.08 54.03 54.54 54.43 

50-50 55.13 48.57 48.74 48.59 48.18 48.30 

60-40 47.77 41.92 42.02 41.93 41.13 41.39 

70-30 39.66 34.64 34.66 34.52 34.13 34.00 

80-20 29.93 25.54 25.85 25.60 25.90 25.75 

90-10 19.28 16.54 16.66 16.54 16.25 16.08 
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5.5 Resolution for Research Question and Hypothesis No. 3 

Table 5-14 is taken from Table 1-6 to focus on methods applicable to research 

question number 3. In Table 5-14, colored in orange are the names of the methods. 

Colored in blue is the pertaining research question and colored in yellow are the 

applicable methods for resolution of research question and hypothesis. 

In my dissertation research, I refer to disjoint users who reside in different 

datasets in the same or different domains that share similar users’ emotion profiles. I 

developed the Affective Aware Pseudo Association Method, which identifies disjoint 

users through the Affective Index Indicator. Disjoint users can be Pseudo Associate 

Connect in a virtual domain because disjoint users share a similar emotion profile or 

UVEC.  

Table 5-14 Applicable methods to support the resolution of research question and 

hypothesis number 3. 

 

 

Table 5-15 recap research question and hypothesis number 3. Before illustrating 

the steps involved in resolving the research hypothesis, let examine the concept of Pseudo 

Associate Connect disjoint users using the computed Affective Index Indicator. 
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Table 5-15 Research question and hypothesis number 3. 

Research Questions Research Hypotheses 

RQ3: Can disjoint users in different 

information domains be joined as a single 

domain? 

 

Presuming all users’ and items’ profiles 

are consistently enabled and modeled with 

the same emotion profile vector 

embeddings regardless of domains they 

are resided, each active user can find the 

most similar user in different dataset in 

same or different domain through a 

distance metric for association.  

RH3: If the emotion profile of user Q on 

dataset X is closely similar to user R in 

dataset Y regardless of the domain Q and 

R reside, then by the association rule of 

the disjoint users, these disjoint users can 

be joined as if they have resided in the 

same dataset of the same domain. 

 

 

5.5.1 Pseudo Associate Connect 

Table 5-16 depicted three rows U1, U2, and U3, of disjoint user’s IDs. For 

example, in U1, user ID 414 from the mlsm MovieLens dataset is a disjoint user of its 

peer in the same row. U2 shows 448 disjoint user's peers, and U3 shows 474 disjoint 

user's peers. These disjoint users reside in MovieLens mlsm, ml20m, ml25m, ml27m, 

Amazon's Digital Music, and Toys and Games datasets. They are disjoint users because 

they have similar Affective Index Indicator values and evidence by similar UVEC values. 

Disjoint users can pseudo-connect in a virtual dataset as if they all resided in the same 

dataset.  

Table 5-16 shows the Amazon user ID in a numeric format resulting from the 

programming assignment for computational convenience. The actual Amazon user ID is 

alphanumeric. To map the user ID in numeric back to the actual user ID requires a 

mapping function. For example, in Table 5-16, the U1 user with ID 414 in the MLSM 
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dataset PAC connects to disjoint user ID 10354 in the Amazon Digital Music dataset. The 

actual user ID 10354 in the Amazon Digital Music dataset is "A3CBNR1SZJJJDE". 
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Table 5-16 PAC connect disjoint users  from MovieLens to disjoint users in Amazon. 

Dataset mlsm ml20m ml25m ml27m MUS T&G 

U1 414 125022 131662 236165 10354 97437 

U2 448 63555 134534 182133 15262 206109 

U3 474 96370 107581 54271 6559 180146 

U1icnt 2698 694 694 2698 5 20 

U2icnt 1864 290 1842 1863 6 7 

U3icnt 2108 2108 434 2108 5 6 

U1UVEC 

neutral 

happy 

sad 

hate 

anger 

disgust 

surprise 

 

0.16635 

0.09731 

0.11809 

0.16420 

0.11518 

0.17250 

0.16637 

 

0.16651 

0.09717 

0.11856 

0.16368 

0.11425 

0.17262 

0.16720 

 

0.16651 

0.09717 

0.11856 

0.16368 

0.11425 

0.17262 

0.16720 

 

0.16635 

0.09731 

0.11809 

0.16420 

0.11518 

0.17250 

0.16637 

 

0.13140 

0.07738 

0.14019 

0.17097 

0.12458 

0.19243 

0.16304 

 

0.15147 

0.09371 

0.11820 

0.17993 

0.13003 

0.17438 

0.15228 

U2UVEC 

neutral 

happy 

sad 

hate 

anger 

disgust 

surprise 

 

0.17283 

0.09686 

0.11605 

0.16121 

0.11228 

0.17099 

0.16979 

 

0.17278 

0.09763 

0.11663 

0.16128 

0.11215 

0.17031 

0.16922 

 

0.17312 

0.09671 

0.11601 

0.16130 

0.11237 

0.17084 

0.16966 

 

0.17284 

0.09688 

0.11605 

0.16113 

0.11227 

0.17099 

0.16984 

 

0.17307 

0.07707 

0.12110 

0.15901 

0.12302 

0.19971 

0.14702 

 

0.14432 

0.08709 

0.12285 

0.18886 

0.12316 

0.18004 

0.15369 

U3UVEC 

neutral 

happy 

sad 

hate 

anger 

disgust 

surprise 

 

0.16886 

0.09975 

0.11872 

0.16088 

0.11261 

0.17192 

0.16726 

 

0.16886 

0.09975 

0.11872 

0.16088 

0.11261 

0.17192 

0.16726 

 

0.16933 

0.09930 

0.11947 

0.16035 

0.11282 

0.17220 

0.16653 

 

0.16886 

0.09975 

0.11872 

0.16088 

0.11261 

0.17192 

0.16726 

 

0.13541 

0.09764 

0.15502 

0.18060   

0.09618 

0.17441 

0.16074 

 

0.15547 

0.08779 

0.12221 

0.20552 

0.11536  

0.17048 

0.14316 

U1AII 1.0 0.99999 0.99999 1.0 0.99485 0.99961 

U2AII 1,0 0.99999 0.99999 0.99999 0.99380 0.99935 

U3AII 1,0 0.99999 0.99999 1,0 0.98890 0.99922 
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The users' IDs 414, 125022, 131662, and 236165 resided in different MovieLens 

datasets. Users ID 10354 and 97437 are from the Amazon Digital Music dataset and 

Amazon Toys and Games dataset. All these disjoint users can Pseudo Associate Connect 

in a virtual dataset. Thus, the resolution is that research hypothesis 3 supports research 

question 3. 

The significance of developing the disjoint user's concept is that we can virtually 

join different independent disjoint users in different datasets within the same or different 

domain as if these disjoint users reside in a single domain.  

Since these disjoint users shared a similar emotion profile, and their tastes and 

preferences are alike, a Recommender can recommend consumed items from one disjoint 

user to the peer disjoint users who have yet consumed these items even in the absence of 

rating scores which required by the Collaborative Filtering or other content information 

as required by Content-based Filtering. 

 

5.6 Resolution for Research Question and Hypothesis No. 4 

The Table 5-17 is taken from Table 1-6 to focus on methods applicable to 

research question number 4. In Table 5-17, colored in orange are the names of the 

methods. Colored in blue is the pertaining research question and colored in yellow are the 

applicable methods for resolution of research question and hypothesis. 
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Table 5-17 Applicable methods to support the resolution of research question and 

hypothesis number 4. 

 

 

 

Table 5-18 recap research question and hypothesis number 4. Before illustrating 

the steps involved in resolving the research hypothesis, let examine what a system group 

in a Group Recommender System entailed. 

Table 5-18 Research question and hypothesis number 4. 

Research Questions Research Hypotheses 

RQ4: Can affective enabled Personalized 

Recommender Systems span across 

multiple information domains? 

RH4: If all users’ and items’ profiles are 

consistently enabled and modeled with the 

same emotion profile embeddings 

regardless of the domains they resided, 

then any Personalized Recommender 

System can work with any of these 

datasets can span across multiple 

domains. 

 

 

5.6.1 Making Recommendations using Products in Amazon to Disjoint Users in 

MovieLens 

As shown in Table 5-19, each user also shows the respective dataset consumed 

items count. For example, U1 user ID 414 in MovieLens MLSM dataset has watched 
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2698 movies, whereas U1 PAC user ID 10354 in the Amazon Digital Music dataset has 

reviewed five music, and U1 PAC user ID 97437 in Amazon Toys and Games dataset has 

inspected 20 items. The following table depicts a sample of Amazon user ID 10354 and 

97437 have reviewed. The attribute names in Table 5-20 are as follow: 

• Rid: reviewer id 

• ASIN: Amazon Standard Identification Number. Except for books, the ASIN is 

the same as the ISBN. Almost all products on Amazon have their ASIN. It is a 

unique code Amazon assigns to a product that carries in the inventory. 

• unixTime: Timestamp in Unix Julian time. 

• Overall: rating score with scale 1 (lowest) to 5 (highest). 

• Summary: short sentiment statement of a product review. 

Table 5-19 Pseudo connect disjoint users resided in different datasets of same or different 

domains by Affective Index Indicator. 

Dataset mlsm ml20m ml25m ml27m MUS T&G 

Disjoint  414 125022 131662 236165 10354 97437 

Watched 2698 694 694 2698 5 20 

UVEC 

neutral 

happy 

sad 

hate 

anger 

disgust 

surprise 

  

0.16635 

0.09731 

0.11809 

0.16420 

0.11518 

0.17250 

0.16637 

  

0.16651 

0.09717 

0.11856 

0.16368 

0.11425 

0.17262 

0.16720 

  

0.16651 

0.09717 

0.11856 

0.16368 

0.11425 

0.17262 

0.16720 

  

0.16635 

0.09731 

0.11809 

0.16420 

0.11518 

0.17250 

0.16637 

  

0.13140 

0.07738 

0.14019 

0.17097 

0.12458 

0.19243  

0.16304 

  

0.15147 

0.09371 

0.11820 

0.17993 

0.13003 

0.17438  

0.15228 

AII 1.0 0.99999 0.99999 1.0 0.99485 0.99961 
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The two amazon users depicted in Table 5-19 that colored in red, and orange 

respectively are disjoint users of each other and span across MovieLens domain with 

other four disjoint users in different MovieLens datasets that colored in green. They are 

disjoint users because they shared the similar emotion profile UVECs as indicated by the 

Affective Index Indicator scores colored in yellow. 

Table 5-20 A sample of product reviews by Amazon users. 

Rid ASIN unixTime Overall Summary 

10354 9714721180 1023408000 5 Has it really been 18 years 

10354 B001237HCI 1078358400 1 Why, Oh Why 

10354 B001237HCI 1078358400 1 Why, Oh Why 

10354 B001UEYM5E 1194134400 2 Politically correct metal 

10354 B0057PSUZA 1061769600 2 Flat 

97437 6301935063 1389312000 5 a fairy tale 

97437 6303605672 1408752000 4 a philosophical assassin 

97437 6305538972 1401753600 5 eat or be eaten 

97437 B00005ASOS 1408752000 5 an eternal test for believers 

97437 B00005JPA6 1401408000 1 black humor 

 

 

Table 5-20 listed both Amazon users have rated some consumed items with high 

score 5. A Recommender can use these Amazon products that rated with high score as 

candidates when making top-N recommendations to disjoint users in MovieLens. Doing 

so, the Recommender demonstrated it can make top-N recommendations to disjoint user 

span across multiple domains. Thus, the resolution is research hypothesis 4 supports 

research question 4. 
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The significance of showing the possibility for Recommender Systems can span 

across multiple information domains is alleviate the current siloed deployment of 

Recommenders to widen their reach to recommend products and services to disjoint users 

reside in other domains. 

 

5.7 Resolution for Research Question and Hypothesis No. 5 

The Table 5-21 is taken from Table 1-6 to focus on methods applicable to 

research question number 5. In Table 5-21, colored in orange are the names of the 

methods. Colored in blue is the pertaining research question and colored in yellow are the 

applicable methods for resolution of research question and hypothesis. 

Table 5-21 Applicable methods to support the resolution of research question and 

hypothesis number 5. 

 

 

 

Table 5-22 recap research question and hypothesis number 5. Before illustrating 

the steps involved in resolving the research hypothesis, let examine what a system group 

in a Group Recommender System entailed. When the users' growth outpaces the system 

capacity, system operations may risk grinding to a halt in any system operation. In the 
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context of Recommenders, the fewer the top-N recommendation to a large user 

population, the higher the throughput the system can achieve without new investment in 

improving system capacity.  

In any social group, there is an alpha member who leads the group. When the 

Group Recommender System is making a top-N, it favors the alpha member's preference. 

Based on the "follows the leader" psychology, all group members most likely will 

accommodate the group leader's choice. 

Table 5-22 Research question and hypothesis number 5. 

Research Questions Research Hypotheses 

RQ5: Can Group RS improve system 

throughput through system group 

formulation using affective features? 

 

Let assume a Group Recommender 

System picks the most dominant user in 

an emotion-labeled dataset as the anchor 

member when forming a system group. It 

finds and ranks other users in the dataset 

and picking the top-M most similar 

emotion profile users to be members of 

the system group. All members in the 

system group share the same top-N 

recommendations. 

RH5: If system group formation is done 

through the prescribed group 

formation, then the system can leverage 

top-N sharing within each system group 

as evidence of throughput improvement. 

 

 

5.7.1 System Group Formation 

The first step in forming a System Simulcast Group (SSG) is to make a rank list 

on users' interaction and sorted it in descending order. In the MovieLens dataset, the 
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system computes the number of movies watched by the user as the system interaction 

criteria. If the system wanted to form a g number of SSG, each SSG would anchor with a 

member pick from the top of the interaction rank list. The anchor user is known as the 

dominant user because the user consumed most of the interaction resources. The g 

number of anchor members will remove from the dataset before computing the pairwise 

Cosine Similarity between the SSG anchor member against the ungrouped users. After 

ranking the pairwise list, the system will move m number of users from the top of the 

ranked list to be the members in the SSG. These m number of users will be removed from 

the dataset before the system move on to form the next SSG. Depicted in Table 5-23 is 10 

SSG on the MovieLens MLSM dataset where it contains 610 users. Each SSG anchors is 

a dominant user for watching most movies. Each SSG contains 61 members, including 

the anchor member. The system picks members by the Affective Index Indicator (AII) 

values highly like the anchor member. 
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Table 5-23 Ten Dominant Users in ten System Simulcast Groups each has 61 members 

with similar emotion profile. 

Rank Dominant 

User ID 

Movie 

Count 

System Simulcast Group Member User ID Member 

Count 

1 414 2698 (1) 414, (2) 232, …, (31) 212, …, (61) 167 61 

2 599  2478 (1) 599, (2) 477, …, (31) 198, …, (61) 474 61 

3 474 2108 (1) 474, (2) 560, …, (31) 260, …, (61) 350 61 

4 448  1864 (1) 448, (2) 226, …, (31) 453, …, (61) 389 61 

5 274 1346 (1) 274, (2) 330, …, (31) 424, …, (61) 477 61 

6 610  1302 (1) 610, (2) 160, …, (31) 405, …, (61) 218 61 

7 68  1259 (1) 68,   (2) 414, …, (31) 212, …, (61) 593 61 

8 380 1218 (1) 380, (2) 160, …, (31) 218, …, (61) 318 61 

9 606  1115 (1) 606, (2) 177, …, (31) 6,     …, (61) 66 61 

10 288  1055 (1) 288, (2) 483, …, (31) 555, …, (61) 167 61 

 

 

All members in a SSG shared the same top-N recommendations. Here, instead of 

having the Recommender make 610 individual top-N recommendations to users, under 

the SSG group formation, the Recommender only needs to make 10 top-N. Thus, 

increases the system throughput by 61 folds. Thus, the resolution is research hypothesis 5 

supports research question 5. 

The significant of the computation benefit of grouping affective compatible users 

together in a group is conserving system resources to serve the alike users in the group to 

allow system to use the excess capacity to recruit more users. 

 

5.8 Resolution for Research Question and Hypothesis No. 6 

The Table 5-24 is taken from Table 1-6 to focus on methods applicable to 

research question number 6. In Table 5-24, colored in orange are the names of the 
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methods. Colored in blue is the pertaining research question 6 and colored in yellow are 

the applicable methods for resolution of research question and hypothesis number 6. 

Table 5-24 Applicable methods to support the resolution of research question and 

hypothesis number 6. 

 

 

Table 5-25 recap research question and hypothesis number 6. Before illustrating 

the steps involved in resolving the research hypothesis, let examine what a Multi-User 

Group in a Group Recommender System entailed. 

Table 5-25 Research question and hypothesis number 6. 

Research Questions Research Hypotheses 

RQ6: Can Group Recommender Systems 

apply affective features to support 

decision-making in user groups? 

RH6: If a Group Recommender System 

destinates the most items consumed 

member in a user group as the dominant 

user, and least items consumed member as 

the least-misery user,  

then the Group Recommender System 

can provide decision-making support to 

the dominant user by favoring the 

dominant user’s choice of top-N 

recommendations while providing 

decision-making support to the least-

misery user by favoring least-misery 

user’s choice of top-N recommendations 

list. 
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A group composes of multiple individuals each has he/her preference in making a 

decision. In any group setting, there will be a strong-minded person in a group that I 

denote as a dominant member who always wants to get things done in his/her way. Also, 

there will be a weaker-mind person I refer to as the least-misery member whose preferred 

choice may at odd to the rest of the group. Suppose every member in the group needs to 

compromise to accommodate each other. In that case, an excellent way to go by that is to 

go with the average group preference, most like the average preference choice would be 

acceptable to every member. 

 

5.8.1 Multi-User Group Formation 

Once a Group Recommender System provides users with group formation 

functionality, users can use the group formation to create and maintain a multi-users 

group (MG). In the following illustration, all members subsampled randomly from the 

derived emotion-labeled movie dataset MLSM. Depicted in Table 5-26 below is a five-

member multi-user group. The group average UVEC derived from the mean of five 

members’ UVEC. User ID 195 watched most movies, thus the dominant member, 

whereas user ID 463 is the least-misery member. 
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Table 5-26 A five-member Multi-User Group with a Dominant Member who has watched 

most movies and a Least-Misery Member who has watched fewer movies and all 

members’ UVEC are independent of each other. 

Rank User 

ID 

Watched UVEC 

1 195 187 0.1639455, 0.0902557, 0.1176815,  0.1726736, 

0.1185870, 0.1777129, 0.1591437 

2 602 135 0.1639545, 0.0869860, 0.1168919, 0.16947266, 

0.1156349, 0.1817310, 0.1653290  

3 190 66 0.1603803, 0.0849701, 0.1254172, 0.17182250, 

0.1135154, 0.1797844, 0.1641099 

4 521 40 0.1574143, 0.0944750, 0.1240710, 0.14589457, 

0.1083259, 0.1795868, 0.1902323 

5 463 33 0.1558253, 0.0968441, 0.1140474, 0.19975860, 

0.1226243, 0.1571110, 0.1537890 

Average Group  UVEC 0.1603040, 0.0907061, 0.1196220, 0.17192440, 

0.1157376, 0.1751852, 0.1665208 

 

 

5.8.2 Group Decision-Making Strategy 

A reasonable way to handle group decision-making using the dominant member 

strategy is to generate the top-N recommendations based on the dominant user’s 

preference. Similarly, to support the group decision-making using the least-misery 

member strategy, the top-N recommendations are generated based on the least-misery 

member’s preference. Instead of using a movie database to generate a disparate top-N list 

based on different decision-making strategies, this paper limits the overall movie 

selection range to generate top-N listed from the “IMDb 100 Greatest Movies of All 

Time”. Each of the movies in the IMDb list has computed an emotion profile MVEC. By 

computing the Affective Index Indicator (AII) pairwise between the UVEC of the 
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preferred user group decision-making strategy and the IMDb MVEC and reranked the 

result in descending order will yield the desire top-N list. Depicted in Table 5-27 listed 

the top-10 of dominant user ID 195, least-misery user ID 463, and using the five-member 

MG average UVEC. Table 5-27 shows the top-10 recommendations list generated to 

support MG users’ decision-making strategies of the dominant member, least-misery 

member, and average group user profile. 
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Table 5-27. A top-10 generated by Dominant Member, Least-misery Member and 

Average Group User Profile decision-making strategies from the “Top 100 Films of All 

Times”. 

Top 

100 

Films 

of All 

Times 

Top-

10 

User ID 

195 

Dominant 

User 

Strategy 

Top-10 

User ID 195 

Dominant 

user Top-10 

Movie Title 

User ID 

463 

Least-

misery 

User 

Strategy 

Top-10 

User ID 463 

Least-misery 

User Top-10 

Movie Title 

Average 

Group 

User 

Strategy 

Top-10 

Average 

Group User 

Top-10 

Movie Title 

858 1252 Chinatown 

(1974) 

318 The 

Shawshank 

Redemption 

(1994) 

318 The 

Shawshank 

Redemption 

(1994) 

1221 318 The 

Shawshank 

Redemption 

(1994) 

899 Singin' in the 

Rain (1952) 

899 Singin' in the 

Rain (1952) 

2019 899 Singin' in the 

Rain (1952) 

3462 Modern 

Times 

(1936) 

3022 The General 

(1926) 

296 89752 A Separation 

(2011) 

3022 The General 

(1926) 

3462 Modern 

Times (1936) 

1203 1213 Goodfellas 

(1990) 

1252 Chinatown 

(1974) 

89759 A Separation 

(2011) 

5618 1237 The Seventh 

Seal (1957) 

89759 A Separation 

(2011) 

1203 12 Angry 

Men (1957) 

527 8125 Sunrise 

(1927) 

1203 12 Angry 

Men (1957) 

1252 Chinatown 

(1974) 

912 3462 Modern 

Times (1936) 

7327 Persona 

(1966) 

7327 Persona 

(1966) 

1219 912 Casablanca 

(1942) 

306 Three 

Colors: Red 

(1994) 

1237 The Seventh 

Seal (1957) 

1213 26150 Andrei 

Rublev 

(1966) 

1237 The Seventh 

Seal (1957) 

306 Three 

Colors: Red 

(1994) 
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Listed in Table 5-27 the first column is the baseline of top-10 movies from the 

IMDb greatest 100 movies of all times. The second column depicted the top-10 reranked 

from the greatest 100 movies list by computing the Affective Index Indicator using the 

dominant user’s UVEC against the MVECs of the greatest 100 movies list and then 

reranked the list in descending order before taking the top-10 to demonstrate the support 

of dominant user decision making strategy. The fourth column depicted the top-10 

reranked from the greatest 100 movies list demonstrating the support of least misery user 

decision making strategy. The sixth column depicted the top-10 reranked from the 

greatest 100 movies list demonstrating the support of average group user decision making 

strategy. Thus, the resolution is research hypothesis 6 supports research question 6. 

The significant finding of research question 6 is that using UVEC of dominant 

user, least-misery user, and average group users’ UVEC to reranked top-N by MVEC of 

recommended movie list for multi-user group decision making strategies support is 

straightforward and computational efficient. Moreover, the method can be retrofitted to 

existing Recommender Systems. 

 

5.9 Chapter Summary 

This chapter walked readers through the evaluation of results pertained to the 

study of the subject related to the affective aware Recommender Systems. The chapter 

started by examining the evaluation metrics related to Recommender Systems in general. 

It described the following evaluation metrics formulas: Mean Absolute Error, Root Mean 

Square Error, coverage calculation, Precision-Recall, calculation of the false positive rate, 
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computation of the precision on top-N, and recall on top-N, F1-score, Micro Average 

Precision, and Macro Average Precision. There is a subsection of findings on the 

performance of the SVD-CF Recommender System. The result of users' UVECs, top-N, 

and hit rates.  Next, it illustrated the works related to Pseudo Associate Connect through 

the recommendation making of disjoint users and items between Amazon and Movielens 

domains. 
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6 LIMITATION OF TEXT-BASED EMOTION AWARE RECOMMENDER, 

FUTURE WORK PLAN, AND CONCLUSION FOR DISSERTATION STUDY 

6.1 Limitation of Text-based Emotion Aware Recommender 

Due to the lack of emotion-labeled in a movie dataset, movie emotion profile is 

obtained indirectly through Tweets Affection Classifier. TAC did a fair job in classifying 

films’ emotion labels using the movie overview attribute. This approach leaves room for 

improvement in finding a better TAC algorithm and other methods to classifier the target 

domain’s object’s emotion features. Better TAC performance may yield better top-N 

recommendations making performance, and better accuracy of Affective Index Indicator 

for Pseudo Associate Connect disjoint users and items and improve System Simulcast 

Group formation. 

This study adopted seven basic human emotions. The more classes of emotion 

added to the collection, the harder it is to find adequate labeled data. For this study, seven 

emotions seem to be stretching the limit. 

The top-N list generates by each Recommender System in the comparative 

platform is unique. It presents a problem in finding adequate evaluation metrics for 

benchmarking. The five top-20 recommendations lists made by each Recommender 

System in the comparative platform are so different that observers seem to compare these 

top-N as comparing apples and oranges. They are all fruits but taste differently. Thus, this 

study relies on the author’s intuition in judging how good these top-20 and top-5 lists are. 
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6.2 Future Work Plan of Emotion Aware Recommender 

If there is a crystal ball that one can peer into the future or a magic mirror on the 

wall that one can ask what challenges Recommender Systems may face in the future, the 

prediction for such curiosity would most likely be anything but full of excitement. There 

will be new perspectives and methodologies waiting for discovery, paradigm-shifting 

technologies waiting for development, and game-changer inventions pending to advance 

the field to a new height. 

Internet brings information integration, technology diffusion, and social 

networking boundaryless together that has been thrust the world into the digital web-

based age of Web 1.0. Emerging from Internet Web 1.0 to Internet Web 2.0 for mobile 

coverage to the present Web 3.0 that drives the Internet of Things (IoT) on cloud and 5G, 

Recommender Systems technology must keep pace in unison. Wearable devices have 

become pervasive as in mobile phones’ deployment in the post Web 2.0 era. Biometrics 

monitoring and other social, environmental, household, and personal monitoring devices 

become ubiquitous and omnipresent that gather and log all sorts of multi-modal signals 

from human activities. Once connected to the Internet, Amazon Alexa and Google 

Assistant are eavesdropping on human activity throughout the day, even when these 

devices are power off. Outdoor video camera monitors constantly steaming video footage 

to the cloud 24 × 7 × 365. 

Moreover, as the computing paradigm shifts to quantum computing, 

Recommender Systems’ opportunities to work with such emerging technology are 

bountiful. It is no longer enough for Recommender Systems to work with only text-based 
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or image-based metadata but all modal data sources. Emotion Aware Recommender 

(EAR) must be capable of sensing, analyzing, and logging human emotion in real time as 

events occur to anticipate human recommendations making needs, or making 

recommendations even before a user asks for it. 

This author plans to elaborate on his future work in employing MVEC / IVEC and 

UVEC / WVEC to enable an Emotion Aware Recommender to make top-N 

recommendations from a bottom-up approach to a top-down approach. The task may 

involve building an EAR portal to directly collect users’ emotional profiles through 

traditional means and provision to collect users’ emotional profiles in real time through 

IoTs and users’ activities on the cloud, such as tapping into Amazon Alexa’s data 

collection ability. The future work plan also includes using affective features in users’ 

emotion profiles to enhance group formation, group dynamics, and group decision-

making in Group Recommender Systems. 

  

6.3 Conclusion of Dissertation Study 

I have raised six research questions and hypotheses in this dissertation research. I 

have applied the innovative methodologies and concepts that I have developed to paper 

prototyping the possible solutions for each research question. The following table depicts 

in Table 6-1 the summary of the conclusion of each hypothesis support or not support of 

the respective research question. 



251 

 

Table 6-1 Summary of conclusion of research hypotheses support or not support of the 

respective research question. 

Question / Hypothesis Support Not Support 

RQ1 / RH1 ✓   

RQ2 / RH2 ✓   

RQ3 / RH3 ✓   

RQ4 / RH4 ✓   

RQ5 / RH5 ✓   

RQ6 / RH6 ✓   

 

 

This dissertation research illustrates a strategy to transform a non-affective aware 

Recommender System to become affective aware. One started by developing an Emotion 

Detection and Recognition (EDR) model to classify seven emotional features in tweets 

through emotion tags stored in the Twitter database. One can then transfer the EDR 

model’s learning from classifying tweets’ affective features to classify a movie’s emotion 

through the movie overview. One could generate emotional features, MVEC, for each 

collected movie from TMDb and joined it with the rating dataset found in the MovieLens 

repository. One may use the emotion-labeled rating dataset to make the top-N 

recommendations list through an SVD-CF Recommender System while adding functions 

to support UVEC and MVEC for affective computing and analysis. One can reranked all 

test users’ top-N recommendations lists through five-distance metrics. One can 

systematically evaluate the recommendations lists’ performance and the reranked 

recommendation lists and found Cosine Similarity distance metrics performed the best. 

One may conclude that the Cosine Similarity algorithm is the most suitable distance 

metric to make a nonaffective aware SVD-CF Recommender System affective aware. 
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Leverage on the prior work in affective computing [8] that makes use of the 

Tweets Affective Classifier (TAC) to generate the needed movie emotion-labeled dataset; 

the paper illustrated a method to build an Emotion Aware Recommender (EAR) with 

intriguing results. One may develop a Recommender System platform using the 

following Recommender System algorithms: Item-based Collaborative Filtering (IBCF), 

User-based Collaborative Filtering (UBCF), Content-based movie Genres Aware 

Recommender (GAR), Content-based Emotion Aware Recommender (EAR), and 

Content-based Multi-channel Emotion Aware Recommender (MAR). With each 

Recommender System algorithm, one generates a top-20 recommendation list. By 

randomly selected user ID 400 as an active test user, one can compute the emotion 

profile, WVEC, for the test user. Using the test user’s WVEC and the list of IVEC from 

each of the top-20 list, one can compute the top-5 for each top-20 list generated by the 

Recommender Systems. The top-N list made by each Recommender System is unique, 

with few overlaps among the plans. The total combined top-20 lists contain 100 movies. 

There are 35 duplicated films among the joint top-20 recommendation lists. The top-N 

list made by each Recommender System met its design focus. For example, GAR 

correctly recommended movies that meet the active test user’s genre taste. EAR, on the 

other hand, shows intriguing results. With further investigation, said the approach of 

making recommendations could enhance the EAR to make serendipity recommendations.  

In this study, the concept of Affective Index Indicator (AII) advocates by the 

Affect Aware Pseudo Association Method (AAPAM) is used to make Pseudo Associate 

Connect (PAC) of two or more disjoint users and items in different datasets across 



253 

 

different information domains. Often, subjective writing such as product descriptions and 

sentiment reviews of products are found in a product database can be considered sources 

for emotion classification for product emotion profiles. Similarly, when users interact 

with products, it will leave a trail of interaction history embedded with users’ preferences 

and choices to become the source for user emotion profile formulation. This study 

demonstrates cross-domain recommendations making is possible using the AAPAM to 

PAC disjoint users across different domains. This study shows two disparate domain 

datasets are joined to make recommendations with minimum modification to the existing 

processing logic. 
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