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utilizes a content-based filtering algorithm to suggest top-rated books in real-
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1. INTRODUCTION

In this digital age, where a plethora of information is easily available, the difficulty is not just finding
recommendations, but also finding ones that align with our emotional and mental states at the moment.
Conventional methods for recommending books frequently depend on elements like author, genre, or user
preferences, but they could miss the vital component of mood. Mood-based book recommendation systems
provide readers with a customized strategy that takes into account their emotional requirements and
preferences, improving their reading experience in general.[1]

Emotion is an element of the contextual factors that many studies on recommendation systems use. This sets
off the recommendation process's emotional intelligence. In this paper we propose a recommendation system
in this study that leverages the user's current emotion during the suggestion process.[2] Most human emotions
can be grouped into fear, scorn, fury, surprise, sadness, happiness, and neutrality. Moreover, there exist
numerous other emotions that fit into these categories, like cheerfulness, that embodies happiness, and
disdain, that represents disgust. These emotions are highly intricate.[3]

The majority of recommendation systems in use today rely on user ratings. These systems only let you have
a static user experience because they provide suggestions based solely on past ratings, disregarding other
factors like user behaviour, reaction, feeling, or emotion that could affect the prediction. However,
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incorporating emotional and behavioural characteristics into machine learning models could unlock a more
dynamic, personalized, and customized experience for users. This integration provides the possibility of
significant improvement in user satisfaction and engagement.[3], [4]

This paper seeks to build a personalized mood-centric book recommendation system. It will analyse the user's
current mood and suggest books based on the predominant mood identified.

2. LITERATURE REVIEW

This comprehensive examination of similar existing research provides context, theoretical frameworks, and
insights that guide the formulation of research questions and procedures, and it is the cornerstone around
which this research is constructed.

Lately, some academics have made advancements in mood-based recommendation systems. Idrissi proposed
a novel method called the "Mood-Genre Fusion Framework™ that combines the expressive undertones of
moods with the structural characteristics of genres. And performed analysis of extensive user interactions and
the application of modern data analytics techniques using book database, web platform feedback and
storygraph. Books and metadata were vectorized using TF-IDF (Term Frequency-Inverse Document
Frequency) weighting. Next, the closest matches to a user's reading history and declared preferences were
found using cosine similarity. [5] One drawback of this system is its inability to capture real-time data, thus
potentially failing to accurately reflect the current mood or sentiments of the user.

Borgaonkar et al., proposed a system called Personalized Video Recommendation (PVR) to help users find
entertainment. Employing the Local Binary Patterns Histogram (LBPH) and Haar cascade algorithms for
emotion, feature extraction, and face identification. The built model will recommend videos based on the
emotion it detects. [6] Another drawback is that some individuals may be unwilling to grant permission to
access their camera for capturing user emotions, citing concerns related to privacy issues.

Tegetmeier et al., explored artificial intelligence methods for collaborative book recommender systems, with
an emphasis on matrix factorization a method utilizing a stochastic gradient descent algorithm and book-
based k-nearest-neighbor approach. The writers carry out a thorough case study using the Book-Crossing
benchmark dataset. They investigate several iterations of these Al algorithms to forecast unidentified book
ratings and recommend highly regarded books to specific consumers. The objective of this research is to
assess the efficacy of different approaches when recommending books by applying particular evaluation
measures designed for Al systems. [7]A limitation is that Al algorithms in recommendation systems tend to
inundate users with suggestions, even if they simply browsed an item without any intent to purchase.

Guo et al., presented a collaborative filtering recommendation system that was based on emotion and trust.
To address sparsity issues, the authors utilized a technique founded on explicit and implicit satisfaction.
Additionally, both subjective and objective trust were incorporated to establish trust connections among users,
where objective trust was determined by the similarity of conviction, including rating and preference
similarity, and subjective trust was based on the six degrees of separation familiarity among users.
Furthermore, a target user was provided with a group of trustworthy neighbours derived from the trust
connection. To further eliminate malevolent users or attackers from the neighbourhood, the set was
subsequently filtered based on user emotional consistency, extracted from implicit user behaviour data,
suggested a list of recommendations that was generated for the target user based on evaluations of items by
the screened trusted neighbours and the trust ties between the target user and these neighbours. [8] However,
this method deals with hurdles when dealing with new users or items with limited interaction data, resulting
in the cold start issue.

Ishanka, employed user emotion, behaviour, and personality as contextual parameters for context-aware
recommendation in tourist destination suggestion. They utilized a lexicon-based semantic classification
method to define emotion tags for each location based on TripAdvisor reviews. Results from tensor
factorization showed improved efficacy in destination selection compared to other techniques. Additionally,
the study examined how users' emotions influence decision-making processes using Twitter profiles. The
focus was on suggesting tourist destinations, highlighting the relevance of considering user behaviour and
emotion as contextual criteria in recommendation systems.[2]The possible lack of context sensitivity and a
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subtle grasp of lexicon-based semantic classification methods for emotion tag definition can lead to inaccurate
or oversimplified definitions of the intricacy of human emotions.

3. PROPOSED SYSTEM

Likert Scale Input Anal: User
& i it Dominant Mood
Response Current Mood

Machine Learning

Top Rated Books

For Current Mood

Books Data with
Emotions

Recommendation

Figure 1: Recommendation System Architecture

This recommendation system is mood-based and operates in real-time as shown in Fig.1. This system
functions as the user's own assistant. Since the system is crafted to obtain current mood and make
recommendations in real-time, we utilize a mood meter to extract the users' present mood.[6] A Likert scale
is used to compute the dominant mood, which aids in identifying the user's dominant emotion. This system
distinguishes itself from existing recommendation systems by its emphasis on categorizing recommendations
as per individual user's current and predominant mood.[9], [10]

This innovative recommendation system is distinguished by its ability to dynamically adjust book
recommendations in accordance with user's prevailing mood. When a user expresses a melancholic mood,
characterized by feelings of sadness, our system responds by recommending books known for their
inspirational, motivational, and uplifting themes. These recommendations aim to uplift the user's spirits and
provide solace during times of emotional distress. Conversely, when a user indicates a joyful disposition, our
system employs a unique approach. It curates recommendations by blending books that evoke both happiness
and sadness, utilizing randomization techniques to introduce variety and intrigue. This eclectic mix caters to
the dynamic nature of human emaotions, providing users with wide array of reading preferences that resonate
with their current emotional state.[11], [12]

In instances where a user's mood registers as neutral, our system recommends books with themes and
narratives that maintain a balanced and impartial tone. These recommendations are carefully curated to align
with the user's neutral emotional state, offering content that is neither overly uplifting nor melancholic, but
rather conducive to a state of emotional equilibrium.[5], [13] By tailoring recommendations to match the
user's emotional context, our recommendation system aims to enrich the reading experience by fostering
emotional resonance and connection. This approach emphasizes the commitment in delivering personalized
and impactful recommendations that cater to the diverse emotional demands of users.[11]

4. METHODOLOGY

Data Collection Data . Emot_pn Con_tet I_3ased Mood Meter
Preprocessing Classifier Filtering

Figure 2: A Step-by-Step Overview of an Inclusive Methodological Flow
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4.1 DATA COLLECTION

In Fig.2, this research flow, undertook the task of data collection from the prominent online bookseller,
Amazon Books Online, employing web scraped data. The dataset comprises 30,000 meticulously curated
entries, each delineated across 12 distinct attributes. These attributes include an identifier (Unnamed: 0),
ISBN (International Standard Book Number), rating, book title, author, year of publication, publisher, and
image URLSs in various sizes (img_s, img_m, img_I) of the book cover. Furthermore, dataset encapsulates a
summary of each book's content, denoted by the 'Summary' attribute, alongside language specifications and
a novel dimension of emotional classification ('Emotions’) pertinent to the books. Each entry is meticulously
categorized, enabling comprehensive analysis and exploration of the expansive literary landscape
encapsulated within the domain of Amazon Books.

4.2 DATA PREPROCESSING

In preprocessing the data several steps were undertaken to ensure its quality and validity for this research.
Firstly, removal of HTML tags from the Summary attribute, which contained textual information as it is web
scraped data and is crucial for our analysis. This step aimed to clean the text and eliminate any extraneous
markup that might interfere with subsequent processing with the NeatText Python library. Additionally,
unwanted columns, identified by the 'Unnamed’ attribute, in addition the 'img_s url' and 'img_|I url' columns,
were dropped from the dataset. These columns were deemed irrelevant to our research objectives and thus
were excluded to streamline the dataset and focus our analysis on the most pertinent information. Through
these preprocessing steps, we aimed to prepare the data for further exploration and analysis, ensuring its
integrity and suitability for our research endeavors.

4.3 EMOTION CLASSIFIER

In an amelioration of personalized mood-based book recommendation system, we incorporated the
"michellejieli/emotion_text_classifier" model sourced from the Hugging Face platform. Hugging Face is well
known for a wide range of natural language processing (NLP) models and applications, which include
translation services and chatbots. It is particularly well-known for its conversational Al capabilities, which
let people converse with Al systems in a meaningful and organic way.

The "michellejieli/femotion_text_classifier" model is based on DistilRoBERTa-base transformer architecture,
tailored specifically for sentiment analysis tasks. It has been fine-tuned by Michelle Jieli using transcripts
from the popular television series "Friends” to classify emotions from textual dialogue, particularly from
Netflix shows or movies. This model accurately captures a broad range of emotional states by predicting six
main Ekman emotions: surprise, anger, disgust, fear, joy, sadness, and sadness, in addition to a neutral class.

In this recommendation system, we leverage the "emotion_text classifier" to analyze the summaries of books
and extract the predominant emotion conveyed within them. This process involves inputting the textual
summary of a book into the model, which then predicts the primary emotion evoked by the content. By
associating each book with its predominant emotional tone, our recommendation system can personalize book
suggestions based on the emotional preferences of the user.

In our recommendation system, we leverage the "emotion_text classifier" to analyze the summaries of books
and extract the predominant emotion conveyed within them. This process involves inputting the textual
summary of a book into the model, which then predicts the primary emotion evoked by the content. By
associating each book with its predominant emotional tone, our recommendation system can personalize book
suggestions based on the emotional preferences of the user.

Tow o=
¥ ) emotion_classifier('A happy couple who broke up months ago make a pact to pretend to still be together for their annual weeklong vacation with their best friend:

[Z [{'label': 'sadness', 'scores': 8.7598185}]

v o emotion_classifier('Happy Stories!: Real-Life Inspirational Stories from Arcund the World That wWill Raise Your Happiness Level')

[{"label": 'joy', "scores': ©.9613327}]
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¥ o emotion_classifier('A new thriller by the best-selling author combines suspense with the latest in scientific knowledge')

[{'label’: ‘'neutral’, 'scores’': ©.79883216}]

Figure 2.1: Emotions Predicted for Few Summaries of Books'

Figure 2.1 shows the emotions predicted for some of the book's summaries, and here the term "scores” likely
refers to the numerical values or probabilities assigned to every emotional category forecasted by the model
for a given input text. These ratings represent the model's confidence or belief in the presence of each emotion
in the text. For example, if the model predicts emotions such as happiness, sadness, anger, anxiety, repulsion,
surprise, and neutrality, it would assign a rating for each of these categories a score indicating the prospect
that the text contains that particular emotion. [4] The scores provide valuable insights for the emotional
content of the input text, helping users understand the model's predictions and enabling downstream
applications such as sentiment analysis, emotion recognition, or personalized recommendation systems.

4.4 CONTENT BASED FILTERING

) ) ) R
Sort the
. Filtered Data
Load the FlltgarstehdeoDnata Based on the Recommend
Dataset Ratings in Top 5 Books
Mood .
Descending
Order
— — —

Figure 2.3: A Content Based Filtering workflow

Content-based filtering is an algorithm used for recommending items, such as books, by analyzing their
inherent attributes and matching them with the user's preferences. Unlike collaborative filtering, which relies
on historical user data, content-based filtering doesn't require past interactions or ratings. Instead, it focuses
on the characteristics of the items themselves.[13] Overfitting can sometimes occur in hybrid systems
incorporating various recommendation strategies, causing the system to become overly tailored to the training
data and perform poorly on new or untested data.

The principle of content-based filtering involves several steps as shown in Fig.2.3. Initially, each book is
represented by a set of features extracted from its content. These features encompass various textual elements
such as the book's summary, genre, author, language, and keywords. Additionally, in our approach, we
incorporated the emotional tone of the book's summary using the "michellejieli/emotion_text_classifier"
model.[14], [15] Once the features are extracted, our system computes a similarity score between each book
and the user's current dominant mood. This score gauges the likeness between the attributes of the book and
the user's emotional preferences. To achieve this, we compare the emotional profile predicted by the
"emotion_text_classifier" for each book's summary with the user's dominant mood, derived from real-time
data.

Books with the similarity scores that are higher are then recommended to the user, as they are deemed most
aligned with the user's current emotional state and preferences. We further tailored our recommendation
system to cater to three primary moods: happy, sad, and neutral. By categorizing users' emotional states into
these distinct categories, this research aim is to simplify the user experience, ensuring that every user can
easily comprehend and engage with the system.

In this refinement, users are prompted to indicate their current mood from among these three options: happy,
sad, or neutral. Based on their selection, the system dynamically adjusts its recommendations to align with
the corresponding emotional profile.[2], [4], [11] This categorization enables users to effortlessly understand
how their mood influences the book recommendations provided by the system. Furthermore, to refine the
recommendations, we employ a rating filtering process. This entails selecting only the top-rated books from
the subset that matches the user's dominant mood. By prioritizing highly rated books, this paper aims to
enhance the quality of the recommendations.
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4.5 MOOD METER

Likert Scale Input Determine Recommend Top
Response Dominant Mood Books

Figure 2.4: The operation flow of a mood meter

In this system we utilize a Likert scale to gauge the user's emotional state. The Likert scale is a widely used
psychometric tool that measures attitudes or opinions by asking individuals to indicate their level of
agreement or disagreement with a set of statements. It typically consists of several items or questions, each
accompanied by a range of response options, typically ranging from strongly disagree to strongly agree. We
employ the Likert scale to prompt users to input numeric values corresponding to their responses to lineup of
questions aimed at capturing their emotional state dynamically as shown in Fig.2.4. These questions are
carefully crafted to elicit meaningful insights into the user's mood, enabling us to discern their dominant
emotional disposition.[6], [9]

Once the user provides answers to the Likert scale questions, our system analyzes the aggregated data to
identify the prevailing sentiment. This is determined by selecting the emotional category with the highest
numerical rating of all responses. Based on the identified prevailing mood, our system then recommends the
five books that best match that particular emotional state.

By this we facilitate a structured and standardized approach to capturing user emotions. This enables us to
provide personalized book recommendations tailored to the user's prevailing mood, enhancing the
meaningfulness and effectiveness of this recommendation system.

5. RESULTS AND DISCUSSION

[3 Mood Assessment:
I'm feeling positively elated, like I just found a pot of gold at the end of a rainbow (Enter a rating from 1 to 5, where 1 is strongly disagree and 5 is strongly agree): 2
I'm as emotionally flat as a pancake. (Enter a rating from 1 to 5, where 1 is strongly disagree and 5 is strongly a
I'mas sad as a lost puppy in the rain (Enter a rating from 1 to 5, where 1 is strongly disagree and 5 is strongly agree): 4

Your dominant mood is: Sad

Recommended Books for Sad mood:
- book_title \
12 The Skeptic's Dictionary: A Collection of S

364 poultry (The Good Cook

Ve
673 Mondo Car
742 One Wish
811 Golf for Dummies
837 Cold Sassy Tree

img_m

837 http://images.amazon.com/images/P/0440212723.9...

Figure 3: Integrated Mood Assessment and Book Recommendation System: Final Output

The aforementioned figure 3 displays the customized personalized mood-based book recommendation
system's final result. With the use of a Likert scale input, where users rate different emotional states, this
system ascertains the dominant mood of the user. The user's predominant mood is then determined by the
system's analysis of these ratings. Using Content based filtering the system suggests the best-rated books that
suit the user's emotional tastes based on this prevailing mood. Users' reading experiences are improved by
this recommendation system, which guarantees that they will receive customized book recommendations
based on their present mood.
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6. CONCLUSION

In conclusion, our development of the Personalized Mood-Centric Book Recommendation System represents
a significant contribution to enhancing Subjective Well-being (SWB) by offering tailored book
recommendations to users based on their emotional state. By leveraging a Content-based filtering algorithm,
we ensure that users experiencing low moods are provided with uplifting, inspirational, and happy book
selections, catering to their emotional needs. Furthermore, our integration of an Emotion Classifier algorithm
enables the system to detect and analyze users' emotions accurately. This capability ensures that book
recommendations are aligned with the user's current emotional state, thereby maximizing the potential for
positive impact on mental health.

Through this innovative approach, our system serves as an effective assistant to users, offering personalized
recommendations that not only entertain but also uplift and inspire. By focusing on the user's emotional well-
being, this system strives to create a more enriching and fulfilling reading experience, ultimately contributing
to overall subjective well-being.

Future research efforts may focus on discerning various user emotions while considering age as a crucial
factor. This entails investigating how age influences individuals' emotional responses and perceptions across
different contexts. By delving into this aspect, researchers can gain deeper insights into how sentiment
analysis can be tailored to cater to diverse age groups, thereby enhancing user experiences and engagement.
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