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ABSTRACT

The Chatbot Song Recommender System aspires to create a unique mix of emotion-aware
technology and music recommendation in an era where individualized digital experiences are
important. The project comprises creating a chatbot that can comprehend and respond to human
emotions conveyed through natural language. The system deciphers the emotional context
inside user input using a sophisticated combination of natural language processing and
sentiment analysis, allowing the detection of moods such as joy, sadness, enthusiasm, or

relaxation.

A sophisticated music selection system complements this emotionally intelligent chatbot. The
algorithm proposes music tracks that correspond nicely with the user's indicated emotions by
combining the findings of sentiment analysis with a large collection of songs. The initiative
intends to push the frontiers of music recommendation by incorporating a human-like

knowledge of emotions into the decision-making process.

The abstract highlights the project's goal of developing a dynamic and responsive chatbot that
not only understands user emotions but also transforms that understanding into meaningful and
contextually relevant music suggestions. The following parts provide a full knowledge of the
revolutionary Chatbot Song Recommender System as they dig into the system's design,

methodology, implementation, and assessment.
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CHAPTER 01: INTRODUCTION

1.1 INTRODUCTION

The "Chatbot Song Recommender System using Emotion Analysis" emerges as a trailblazing
solution at the convergence of artificial intelligence and music recommendation in an era
dominated by digital breakthroughs and individualized user experiences. As people' reliance
on digital platforms for music consumption grows, so does the desire for individualized
suggestions that resonate with their emotional states. This project tackles this requirement
by combining natural language processing and sentiment analysis, with the goal of

developing a chatbot that not only understands textual input but also detects the user's

emotional overtones.

The system ensures a more personalized and emotionally resonant music recommendation
experience by bridging the gap between user emotions and music preferences. The
introduction sets the stage for a dive into the project's complexities, revealing the potential

to reimagine how users interact with and discover music in a digitally enhanced landscape.

As users express themselves via text, the chatbot's comprehension goes beyond words; it
delves into the emotional context, identifying emotions such as happiness, melancholy, or
excitement. This introduction captures the essence of a project poised to transform the
landscape of music recommendation, highlighting the symbiotic relationship between

technology and human emotion in the realm of digital music consumption.



1.2 PROBLEM STATEMENT

The project's problem statement is that emotion analysis is not well integrated into music
recommendation systems, which hinders their capacity to offer really individualized and
emotionally relevant song recommendations. Generic suggestions that don't fit the user's
emotional demands or mood are the outcome of a weak mechanism for interpreting and
integrating user emotions into the recommendation process. To increase user pleasure and
engagement in the dynamic world of digital music consumption, this gap must be filled. By
developing a chatbot song recommender system that can recognize and react to user
emotions, the project seeks to bridge this gap and provide a more satisfying music discovery

experience.

1.3 OBJECTIVES

The project chatbot song recommendation system has various objectives and some of
them are listed below:

e Creating an emotionally aware chatbot

e Integrate Music Recommendation System

e Enhance User Interaction

e Evaluate System Performance

e Explore Hybrid Recommendation Approaches
e Ensure Scalability and Efficiency

e Conduct Comprehensive User Testing

These objectives work together to fulfill our goal by developing an innovative chatbot
song recommendation system which not only understands users’ emotion but also gives a

better experience .



1.4 SIGNIFICANCE AND MOTIVATION OF THE PROJECT WORK

The project Chatbot Song Recommender System is very important in the field of digital
music recommendation systems . Its important aspects from addressing important issues and

introducing capabilities that contribute to a better user experience.

By integrating emotion analysis into the music recommendation process, this project
introduces a fundamental change . This results in a better user experience, with song
suggestions which are similar to not only the preference of the user but also their present

emotional state.

Previous recommendation systems often fail to consider the emotional aspect of the user .
This project connects the critical relationship between music and emotions. The ability of
this system to detect and reply to emotions makes sure of a better understanding of user

preference.

At last, the project Chatbot Song Recommender System is noteworthy for its better approach
to song recommendation, which takes care of user needs at emotional level. This project
contributes to a better user experience and the new technology application based on artificial

intelligence.
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2.1 OVERVIEW OF LITERATURE SURVEY

The "ChatbotSong Recommender System Using Emotion Analysis™ project's literature
review entails a thorough examination of existing research and technologies in the fields of
chatbots, emotion analysis, and music recommendation systems. The overview provides a
foundation for understanding the current state of the field and identifies gaps and

opportunities that the project intends to fill. Here's a quick rundown:

Text Analysis of Emotions:

Techniques for assessing the emotional content of text, such as sentiment analysis, emotion
recognition, and opinion mining, are the main emphasis of this field of study.

Studies look at how to classify attitudes and emotions portrayed in textual material using

language analysis and machine learning methods.

Personalized Music Recommendation:

A variety of approaches to personalized music recommendation are examined in the
literature review, such as content-based filtering, hybrid methods, collaborative filtering, and
context-aware recommendation strategies. Research in this field shows how crucial it is to
use user preferences, past listening habits, and contextual data to provide interesting and

pertinent song recommendations based on personal likes and tastes.

Chatbot:
The review of literature begins with an examination of the evolution of chatbot technologies
and their applications in various domains. This includes a look at natural language

processing (NLP) techniques, dialog systems, and chatbot advancements.

Emotion Analysis:
A good portion of the literature review is about emotion analysis, which finds the techniques
for detecting human emotions and interpreting human emotions from text data. This leads

to finding of sentiment analysis methods and emotion recognition models, and advances in
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natural language understanding in order to correctly find emotional states. The survey finds

the efficacy of different approaches in finding the emotions expressed in text.

Music Recommendation Systems:

This covers different filtering techniques like collaborative filtering and content-based
filtering in the field of song recommendation systems. It finds the strengths and limitations
of current algorithms used by famous song streaming platforms. The literature finds how
current song recommendation algorithms use the behavior and preferences and

contextual informationof the user .

Integration of Emotion Analysis in Recommendation Systems:

A critical aspect of the literature review is the investigation of studies that investigate the
integration of emotion analysis into recommendation systems. This includes investigating
how emotions influence user preferences and looking into approaches that use emotional
context to improve the relevance and personalization of recommendations. The survey
identifies gaps in current systems regarding the incorporation of emotional factors in the

recommendation process.

Integration of External Data Sources and APIs:

The review of the literature looks at how to include third-party APIs and data sources into
chatbots, especially when it comes to using music databases or streaming services.
Research focuses on issues with data retrieval from heterogeneous sources, API integration,

authentication, and interoperability.

Interdisciplinary Investigations:

In order to create conversational music recommendation systems, cross-disciplinary research
examines the junction of affective computing, natural language processing, and music
information retrieval.

Research endeavors to augment the efficacy of music recommendation systems through the
exploration of deep learning methodologies, convolutional neural networks, and emotion-

based recommendation models.

User Experience and Engagement:

12



The review looks at studies on interaction tactics and user experience (UX) design principles
used in interactive music recommendation systems. Researchers investigate elements
including usability, personalisation, innovation, serendipity, and social interaction that affect
user happiness, adoption, and retention. The design and execution of user-centric, intuitive
features and interfaces are guided by insights gleaned from user experience research, with

the goal of optimizing user satisfaction and engagement.

Emotion Analysis and Sentiment Detection:

The review of the literature dives into sentiment detection and emotion analysis techniques
used in music-related fields. Research looks at the identification and categorization of
emotions expressed through user-generated content, audio characteristics, song lyrics, and
deep learning models in conjunction with lexical resources, affective computing
methodologies, and machine learning algorithms. The focus is on comprehending how music
affects listeners emotionally and using this information to improve music recommendation

algorithms.

2.2 KEY GAPS IN THE LITERATURE :

The literature review for the "Chatbot Song Recommender System Using Emotion Analysis"
project reveals several key gaps in existing research that justify the need for the current

project:

Integration of Emotion Analysis in Music Recommendations is Limited:

Many existing music recommendation systems rely solely on user behavior and content-
based filtering, with no consideration given to emotion analysis. Comprehensive studies on
how incorporating emotional context can significantly improve the relevance and

personalization of music recommendations are lacking in the literature.

Inadequate Emotion Recognition in Chatbots:

While chatbots have grown in popularity, there is a significant gap in research focusing on
their ability to effectively understand and respond to user emotions. The literature is lacking
in depth in terms of investigating how chatbots can be outfitted with emotion-aware

capabilities, particularly in the context of recommending music based on user sentiments.

13



Text-Based Emotion Recognition:

Existing emotion analysis techniques frequently fall short of capturing nuanced emotional
expressions within textual data. More advanced natural language processing models are
required to accurately detect subtle emotional cues in user input, such as sarcasm, irony, or

implicit sentiments.

Inadequate User-Centric Approaches:

While user-centric design is critical for recommendation system success, there is a paucity
of literature focusing on the user's perspective on emotionally aware music
recommendations. There have been few studies that look at user preferences, expectations,

and experiences in the context of emotion-driven recommendations.

Analysis of Emotion in Multimodal Data:

Previous studies have mostly ignored other modalities including audio, video, and graphics
in favor of textual data emotion analysis.

Studies that investigate multimodal techniques to emotion analysis are scarce, despite the
possibility of offering more thorough insights into user preferences and feelings, particularly

when it comes to music suggestion.

Recommendations for Cross-Cultural Sensitivity in Music:

Although there has been some research on the subject of cultural variations in musical tastes,
little attention has been paid to addressing cross-cultural sensitivity in  music
recommendation systems.

More research is required to determine how cultural background affects how people feel
about music and how to take cultural considerations into account when making personalized

music recommendations.

Considerations for Security and Privacy when Integrating APIs:
A thorough examination of privacy and security issues when integrating external APIs and
data sources is lacking in the literature review, especially when it comes to user data

protection.

14



To guarantee the security and privacy of user information, future research should focus on

privacy-preserving methods, data anonymization, and adherence to data protection laws.

Extended User Modeling and Adjustment:

Research on long-term user modeling and adaptation in chatbot song recommender systems
is scarce, with most existing studies concentrating on short-term user interactions and
preferences.

To develop strong user profiles, model user preferences over time, and modify suggestions

in response to changing user behavior and preferences, more research is required.

Adaptive User Context and Integration of Feedback:

The majority of research on chatbot design and user interaction ignores the dynamic context
and feedback loop in favor of static user input.

Research on adaptive chatbot systems is needed because they can improve user engagement
and satisfaction by dynamically modifying responses in response to changing user context
and input.

Explainability and Openness in Suggestions:

Transparency and explainability are lacking in the recommendations made by a large number
of current music recommendation systems, including those included into chatbots.

Research is required to determine the best ways to increase user trust and comprehension of
the system's choices by giving consumers explanations or reasons for the songs that are

recommended.

Clarity of Intent and Contextual Data:

There has been little investigation of implicit feedback signals and contextual data, despite
the fact that some research concentrates on explicit user feedback (such as ratings or explicit
mood inputs).

To improve the precision and applicability of music recommendations, further study is
required to fully utilize implicit feedback, which includes user listening history, social

interactions, and contextual factors.

Real-Time Sensitivity Assessment and Reaction:

15



Current methods for analyzing emotions frequently depend on static inputs and are not
capable of detecting emotions in real time.

In order to enable more dynamic and context-aware answers in chatbot encounters, future
research should investigate real-time emotion recognition approaches, such as analyzing

speech prosody, facial expressions, or physiological data.

Metrics for Evaluation and Benchmarks:

Although assessment criteria for music recommendation systems are well-established, there
are no standardized benchmarks or evaluation methodologies designed with chatbot song
recommender systems in mind.

Creating standardized assessment metrics and datasets would make it easier to benchmark
various methodologies and conduct comparative research, which would promote innovation

and advancement in the sector.

Context-Aware Music Recommendation:

According to the literature review, there is growing interest in context-aware music
recommendation, which makes song recommendations based on contextual information
including time, place, activity, and social context. Subsequent investigations may
concentrate on crafting adaptive recommendation systems that dynamically modify music

suggestions according to customers' evolving circumstances and requirements.

Ethical and Cultural Considerations:

The literature review emphasizes how crucial it is to take cultural and ethical factors into
account when developing and implementing chatbot music recommendation systems.
Ensuring that the system respects users' rights, values, and cultural sensitivities requires
careful consideration of issues pertaining to privacy, data security, algorithmic bias,

diversity, and inclusivity.
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CHAPTER 03: SYSTEM DEVELOPMENT

3.1 REQUIREMENT AND ANALYSIS:

Processing of User Input:
The system should be able to process natural language user input and
to guarantee effective comprehension, use tokenization, part-of-speech tagging, and entity

recognition.

Module for Emotion Analysis:
Create a sentiment analysis module that can accurately identify and categorize user emotions
expressed through textual input.

Recognize a range of emotions such as happiness, sadness, excitement, and calmness.

System for Recommending Music:

Include a music recommendation system that takes into account both user preferences and
detected emotions.

For diverse and accurate song suggestions, use collaborative filtering, content-based

filtering, or a hybrid approach.

Chatbot Responses That Are Dynamic:
Allow the chatbot to respond to user emotions in a human-like manner.

Respond in accordance with the emotional context of the conversation.

User Feedback System:
Implement a user feedback mechanism to collect data on the usefulness and satisfaction of
song recommendations.

Use feedback to improve the system iteratively.

17



Models of Machine Learning:
For emotion analysis, use cutting-edge machine learning models.
To capture a wide range of emotional expressions, train and fine-tune models with diverse

datasets.

Approach to Hybrid Recommendation:
Investigate and evaluate the viability of hybrid recommendation approaches.
For best results, combine collaborative filtering, content-based filtering, and emotion

analysis.

User Communication:
Users ought to be able to have natural language discussions with the chatbot.
It should be able to comprehend user inquiries about their musical tastes and feelings.

Depending on the user's emotional condition, it ought to recommend songs.

Analysis of Emotions:

It should be possible for the system to discern the emotional nature of human input.
Emotions should be categorized into appropriate groups, such as joyful, depressed,
enthusiastic, etc.

Techniques like sentiment analysis and natural language processing (NLP) should be used

for emotion analysis.

Recommended Music:

The system ought to suggest music that is appropriate for the user's mood based on the
detected emotion.

In order to offer pertinent recommendations, it should take into account elements like artist,
tempo, lyrics, and genre.

Over time, the user's preferences should be reflected in the personalized recommendations.
Combination:

To retrieve song recommendations, the chatbot needs to be linked with a music database or

streaming service API.

18



Its interaction with external systems for retrieving and delivering music recommendations

should be smooth.

Accuracy:
From the user's input, the emotion analysis should accurately determine the user's emotional
state.

To improve user happiness, song selections should closely match the user's mood.

Risk and Challenges:

The subtleties of human emotion may not always be fully captured by emotion analysis from
text input, which could result in recommendations that are off.

Technical difficulties, such as data consistency problems and API restrictions, may arise

when integrating with third-party music databases or streaming services.

3.2 PROJECT DESIGN AND ARCHITECTURE:

User Interface (Chatbot):

The user interface, represented by the chatbot, serves as the primary interaction point
between the system and users. It employs a conversational interface, allowing users to
communicate with the system via text input. This chatbot facilitates seamless communication
and engagement by understanding and responding to user queries, requests, or inputs related
to their mood or emotional state. Users interact with the chatbot by expressing their feelings
or mood, and the chatbot, in turn, selects appropriate songs or provides relevant
recommendations based on the user's emotional cues.

Emotion Analysis Module:

The Emotion Analysis Module plays a crucial role in understanding the emotional context
of user input. It employs advanced text analysis techniques, such as sentiment analysis and
natural language processing (NLP), to decipher the emotional content conveyed through user

messages. By analyzing the linguistic patterns, tone, and sentiment expressed in the text, this
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module identifies and categorizes the user's emotional state into relevant groups or
categories. This analysis forms the foundation for generating personalized song
recommendations that align with the user's mood or emotional preferences.

External Music Database/Streaming Service API:

The system relies on external music databases or streaming service APIs to access a vast
repository of songs, artists, albums, and related metadata. These APIs provide a rich source
of music-related information, including song titles, artist names, album details, genres, and
streaming URLs. By interfacing with these external services, the system can retrieve
comprehensive song recommendations and additional song details to enhance the user
experience. This integration enables seamless access to a diverse range of music content,
ensuring that users receive relevant and up-to-date recommendations tailored to their
preferences.

Data Flow:

User Input:

Users interact with the system by inputting their mood or emotional state via the chat
interface. They express their feelings, emotions, or mood through textual messages,
providing the chatbot with valuable input to personalize their music recommendations.

Emotion Analysis:

Upon receiving user input, the Emotion Analysis Module processes the text using
sophisticated algorithms to extract emotional insights. By analyzing the linguistic features,
sentiment, and context of the user's messages, this module identifies and categorizes the
predominant emotions conveyed in the text. This analysis serves as a basis for generating
tailored song recommendations that resonate with the user's emotional state.

Music Recommendation:

The system leverages the detected emotions to query the Music Recommendation Engine, a
component responsible for generating personalized song recommendations. Based on the
identified emotional cues, the recommendation engine selects songs from a vast music

catalog that are most likely to match the user's current mood or emotional preferences. These
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recommendations are tailored to suit the user's emotional state, providing a curated selection
of songs that evoke similar feelings or sentiments.

External API Integration:

To enrich the song recommendations with additional details, such as artist information,
album details, and streaming URLS, the system integrates with external music databases or
streaming service APIs. By communicating with these external services, the system retrieves
comprehensive song metadata and supplementary information to enhance the user
experience. This integration ensures that users have access to relevant song details and
streaming options, allowing them to explore and enjoy their recommended music seamlessly.
Output:

Upon processing the user input and generating personalized song recommendations, the
chatbot delivers the results to the user via the chat interface. Users receive a curated list of
song recommendations that align with their current mood or emotional state, along with
supplementary song details and streaming options. This output is presented in a user-friendly
format within the chat interface, enabling users to explore and engage with the recommended

music effortlessly.
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The flow diagram in Figure 1 depicts a chatbot system designed to suggest songs similar to
a user-provided song. Here’s a breakdown of the process:

1.

2.

User Input: The user interacts with the chatbot server, presumably through a text
interface.

Extracting Song ID: The chatbot extracts a song ID from the user’s request. How
this is done exactly depends on the design of the chatbot interface, but it likely
involves the user providing the song title or artist, and the chatbot then using an
internal database or external music service to look up the corresponding ID.
Identifying Emotion: The chatbot sends the song ID to a backend server. This
server likely uses an API, such as the IBM Emotional API, to analyze the emotional
content of the song based on its audio properties.

Song Recommendation: The backend server uses a recommender model to
identify song names that share a similar emotional profile to the user-specified
song. This recommender model is likely trained on a dataset of songs that have
been tagged with emotional categories.

Chatbot Response: The chatbot retrieves the list of similar songs from the backend
server and provides them to the user through the chat interface.

3.3 IMPLEMENTATION:

[ ] from google.colab import drive
drive.mount("/content/drive")

Show hidden output

Ipip install anvil-uplink
Show hidden output

import anvil.server

anvil.server.connect("

Show hidden output

Figure 2 : Uplinking Anvil with google colab
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In Figure 2, the code snippet mounts your Google Drive to Google Colab, allowing you
to access files stored in your Google Drive from within the Colab environment. Here's
what it does:

Importing the drive Module:

This line imports the drive module, which provides functions for mounting and

accessing Google Drive in Colab.

Mounting Google Drive:

The drive.mount(‘/content/drive’) command mounts your Google Drive at the specified
path (/content/drive) in the Colab environment.

When you run this command, Colab will display a link and ask you to authorize access
to your Google Drive. Follow the provided link, select your Google account, and grant
the necessary permissions.

After authorization, a verification code will be provided. Copy this code and paste it into
the input box in the Colab notebook.

Once the authentication process is complete, your Google Drive will be mounted, and

you'll be able to access its contents using the specified path (/content/drive).

Linking Anvil with Google Colab in this project streamlines the development process,
enhances collaboration, facilitates data processing and analysis, accelerates machine
learning model training, supports experimentation and prototyping, and ensures

scalability and reliability in deploying the chatbot song recommender system.
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from google.colab import drive

import numpy as np

from keras.models import Sequential

from keras.layers import Dense, Activation, Dropout
from tensorflow.keras.optimizers import SGD

import random

import nltk

from nltk.stem import WordNetlemmatizer

lemmatizer = WordNetLemmatizer()

import json

import pickle

intents file = open('/co ents.json').read()
intents = json.loads(intents fil

Figure 3: Required Libraries

These are the following libraries in Figure 3 and their explanation.

NLTK (Natural Language Toolkit):

NLTK is used for natural language processing tasks such as tokenization, part-of-speech
tagging, and sentiment analysis.

It provides tools and resources for text processing and analysis, which are essential for

emotion analysis in user input.

TensorFlow :

TensorFlow is used for building and training deep learning models, particularly neural
networks for emotion analysis and music recommendation.

This library provides high-level APIs and tools for constructing and training neural

networks, as well as pre-trained models for text and audio processing tasks.
NumPy:

NumPy is used for data manipulation, analysis, and preprocessing.

They provide data structures and functions for handling structured data, numerical
computations, and data cleaning tasks.

NumPy is essential for preparing input data for machine learning models and performing

feature engineering.
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import nltk
nltk.download( 'wordnet")

training = []
output empty = [0] * len(classes)
for doc in documents:

bag = []
word patterns = doc[@]
word patterns = [lemmatizer.lemmatize(word.lower()) for word in word patter
for word in words:
bag.append(1) if word in word patterns else bag.append(®)
output row = list(output empty)
output row[classes.index(doc[1])] =
training.append([bag, output row])
random. shuffle(training)
training = np.array(training)
train x = list(training[:,0]
train y = list(training[:,
print("Training data is created")

)
)

Figure 4: Creating training data

Here’s the breakdown of how to create training data for your model as shown in Figure 4.,
Importing NLTK and Downloading Resources:

The first two lines import the NLTK library and download the WordNet dataset, which is a
lexical database for the English language.

Creating Training Data:

The code snippet initializes an empty list named training to store the training data.

It also initializes a list named output_empty with zeros, which will be used for creating output
vectors for each training sample.

It appears that documents is a list of tuples where each tuple contains a list of words

(presumably representing a document or input text) and a corresponding class label.

Bag-of-Words Representation:
The code iterates over each document in documents and creates a bag-of-words
representation for it.

For each document, it initializes an empty list named bag to represent the bag-of-words.
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It lemmatizes each word in the document using the WordNetLemmatizer from NLTK and
converts them to lowercase.

Then, it iterates over a list of words (which seems to be missing from the provided code
snippet, likely defined elsewhere) and checks if each word is present in the lemmatized word
patterns of the document. If the word is present, it appends 1 to the bag; otherwise, it appends
0.

One-Hot Encoding of Output Labels:

For each document, it initializes an output row (output_row) with zeros, then sets the element
at the index corresponding to the class label of the document to 1. This is a form of one-hot
encoding for the class labels.

Shuffling and Conversion to Numpy Arrays:

The code shuffles the training data to randomize the order of samples.

It converts the training list to a numpy array and separates the input features (train_x) and
output labels (train_y) into separate lists.

Printing Confirmation:

Finally, it prints a message confirming that the training data is created.
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S
(sentence):
sentence words = nltk.word tokenize(sentence)
sentence words = [lemmatizer.lemmatize(word.lower()) for word in sentence words]
return sentence words
def (sentence, words, show details=True):
sentence words = clean up sentence(sentence)
bag = [0]*1en(words)
for s in sentence words:
for i,word in enumerate(words):
if word == s:
bag[i] =
if show details:
print ("found in bag: %s" % word)
return(np.array(bag))
def (sentence):
p = bag of words(sentence, words,show details=
res = model.predict(np.array([p]))[9]
ERROR THRESHOLD =
results = [[1,r] for 1,r in enumerate(res) if r>ERROR THRESHOLD]
results.sort(key=lambda x: x[1], reverse=True)
return list = []
for r in results:
return 1ist.append({"intent": classes[r[0]], "pro
return return list
def (ints, intents json):
tag = ints[0][ 'intent’]
list of intents = intents json[ intents’]
for 1 in list of intents:
1f(i[ 'tag']== tag):
result = random.choice(i[ resp
break
return result

Figure 5: Important Functions
These are the important function shown in Figure 5 and what they does.
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clean_up_sentence(sentence):

This function tokenizes the input sentence using NLTK's word_tokenize() function and then
lemmatizer each word to its base form.

The lemmatized words are converted to lowercase.

It returns a list of cleaned-up words from the input sentence.

bag_of words(sentence, words, show_details=True):

This function converts the cleaned-up sentence into a bag-of-words representation.

It initializes a bag-of-words vector with zeros for each word in the words list.

For each word in the cleaned-up sentence, it checks if the word is present in the words list.
If it is, it sets the corresponding element in the bag-of-words vector to 1.

The show_details parameter controls whether debug information about words found in the
bag is printed.

It returns the bag-of-words vector as a numpy array.

predict_class(sentence):

This function predicts the intent of the input sentence using the trained model.

It first converts the sentence into a bag-of-words representation using the bag_of words()
function.

Then, it passes the bag-of-words vector to the trained model to obtain the prediction
probabilities for each class.

It filters out predictions with probabilities below a certain threshold
(ERROR_THRESHOLD).

It sorts the filtered results by probability in descending order.

Finally, it returns a list of dictionaries containing the predicted intent and its probability.

getResponse(ints, intents_json):

This function retrieves a response based on the predicted intent.

It takes the predicted intents and a JSON object containing the intents and their
corresponding responses.

It selects a random response from the list of responses associated with the predicted intent.
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response = nlu.analyze(
text=user input,
features=Features(emotion=EmotionOptions())
).get result()

1f ‘emotion’ in response:

emotions = response| emotion’

print("Emotions Detectec

for emotion, score in emotions.items():
user_emotions|emotion] = score
print(f"{emotion.capitalize()}: {score}")

else:
print("No emotions detected in the text.

Figure 6: Emotion Detection
As shown in Figure 6 below is the breakdown of how to detect emotions.
Extracting Emotions:
The code checks if the response from the NLU service contains information about
emotions by looking for the ‘emotion’ key in the response dictionary.
If emotions are detected in the text, the code retrieves the emotion scores from the
response and prints them out.
Each emotion and its corresponding score are printed, indicating the strength or

intensity of each emotion expressed in the text.

Storing Emotion Scores:

The emotion scores are stored in a dictionary named user_emotions, where each
emotion is a key, and its corresponding score is the value.

This allows for further processing or use of the emotion scores in subsequent parts of

the code.



import nltk
nltk.download(( "pu:
words=/[ ]

classes =

documents = [ ]

ignore_letters = [ ",

for intent in intents|[ "inte
for pattern in intent[ "p=

word = nltk.word tokenize(pattern)
words . extend (word)

documents.append((word, intent
if intent[ "tag’®] not in classes:

classes.aﬁpend(intent['%ag'j)
print(documents)

Figure 7: Tokenization

Training data and tokenizes words for a chatbot or NLU system using NLTK as shown
in Figure 7. It goes over intentions and the patterns that go with them, tokenizes each
pattern into a word, and saves the words with the intent tags connected with them.
Documents, the resultant data structure, is a list of tuples with tokenized words and the
intent tags that go with them. The purpose of this preprocessing phase is to get the data
ready for subsequent processing, like creating a representation of a bag of words or

training a machine learning model for intent categorization.

import Sequential
1 import Dense, Dropout
import numpy as np

= Sequential()

.add(Dense( » input_shape=(len(train x[©]),), activation='relu")
.add(Dropout( ))

.add(Dense(64, activation="relu’))

.add(Dropout ( ))

.add(Dense(len(train_y[0]), activation='softmax")

SGD(learning rate=0.01, momentum=0.9, nesterov= )

.compile(loss="categorical y ', optimizer=sgd, metrics=['accuracy’])

hist = model.fit(np.array(train x), np.array(train_y), epochs=200, batch size=5, verbose=1)

model.save( 'chat
print(“Mode

Figure 8: Model creation
In Figure 8, the code creates a neural network model using TensorFlow's Keras API for

a chatbot or NLU system:
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The model consists of dense layers with ReL.U activation and dropout layers to prevent
overfitting.

It's compiled using a stochastic gradient descent (SGD) optimizer with categorical
cross-entropy loss.

Trains on input-output data for a specified number of epochs and batch size.

Finally, saves the trained model to a file named 'chatbot_model.h5'".

wiia L

user _info

for 1, question in enumerate(conversation flow):
print(f"Chatbot: {question.format(**user info)}")
if 1 == 0:
user_info[ ‘name’] = input(“User
else:
user input = input(“User:

while len(user_lnput) <5
print("Please provic
user 1nput input(

Figure 9: Chatbot Conversation

In Figure 9 we have a snap of how the conversation flow goes and how we take inputs

from the user and below is the explanation how its work.

Welcome Message:

The chatbot welcomes the user.

Conversation Loop:

The chatbot iterates through a predefined conversation flow (conversation_flow)

which likely contains a series of questions or prompts to engage the user.
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User Interaction:

For each question in the conversation flow, the chatbot prompts the user for input.
If it's the first interaction (i.e., the first question), the chatbot expects the user to
provide their name.

For subsequent interactions, the chatbot expects the user to provide meaningful input.

Emotion Analysis:

After receiving the user's input, the chatbot analyzes the text input for emotions using
IBM Watson's Natural Language Understanding (NLU) service.

If emotions are detected in the text, the chatbot prints the detected emotions along with
their corresponding scores.

The detected emotions are stored in the user_emotions dictionary for further

processing.

End of Conversation:
Once the conversation loop is completed, the chatbot prints a message indicating that

it's analyzing the user's emotions.

response = requests.get(lastfm url)
if response.status_code == 200:
song_recommendations = response.json()
if "tracks’ in song recommendations and 't
tracks = song_recommendations[ ‘tracks
if tracks:
print(f"ct

for track in tracks:
print(f"Song: {

Figure 10: Song Recommendation
In Figure 10, the code snippet shows how the song recommendation part works and
below is the process..
Building the APl URL:
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The URL is constructed dynamically using f-strings, incorporating the detected emotion
(emotion_max) as a tag parameter and the Last.fm API key (lastfm_api_key).
Sending the HTTP Request:

The requests.get() function sends a GET request to the constructed Last.fm APl URL.
Handling the Response:

If the response status code is 200 (indicating success), the response content is extracted
as JSON.

If the JSON response contains 'tracks' and 'track' keys, the track information is extracted
from the response.

If tracks are found, the chatbot prints the recommended songs along with their respective
artists.

If no tracks are found or an error occurs, appropriate messages are printed.

3.4 KEY CHALLENGES:

Accuracy of Emotion Recognition:
The task of accurately recognizing and interpreting user emotions is difficult. Because
emotions are subjective and can be expressed in a variety of ways, developing a robust

emotion analysis system is difficult.

Taking on the Challenge: Constantly improve the emotion analysis algorithm by
incorporating machine learning techniques, leveraging larger and more diverse emotion
datasets, and refining the model based on user feedback. Update the model on a regular

basis to improve its accuracy over time.
Natural Language Processing:

Natural language comprehension, including slang, colloquialisms, and context, is

critical for effective communication and accurate emotion analysis.
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Taking on the Challenge: Train and update the natural language processing (NLP) model
on a regular basis to better understand the nuances of user input. Incorporate user

feedback to gradually improve the chatbot's language understanding.

Diverse User Preferences:
Users' music tastes vary, and a one-size-fits-all recommendation system may not

effectively cater to individual tastes and moods.

Taking on the Challenge: Implement a personalized recommendation system that takes
user history, feedback, and behavior into account. To provide more tailored song

suggestions, use collaborative filtering and content-based recommendation techniques.

Cross-Cultural Awareness:
Emotions and music preferences differ across cultures, and an insensitive approach may

lead to misunderstandings.

Taking on the Challenge: Implement a culturally aware system by incorporating diverse
datasets, taking cultural nuances into account in emotion analysis, and allowing users to

tailor their experience based on cultural preferences.

The Chatbot Song Recommender System can improve its effectiveness and provide a
more satisfying experience for users over time by addressing these challenges through a

combination of technical solutions, continuous improvement, and user-centric design.

Understanding Emotions:

It can be difficult to decipher human emotions from literature because of the ambiguity
and complexity of language. The same emotion can be expressed differently by different
people, which makes it challenging to decipher.

Advanced natural language processing (NLP) methods, such as sentiment analysis,

emotion recognition, and context understanding, are needed to meet this issue.

Diversity and Quality of Data:
The caliber and variety of the data at hand have a major impact on how well emotion

analysis and music selection work.
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The accuracy of emotion analysis algorithms can be impacted by biased training data
and a lack of labeled emotion datasets.

Similar to this, in order for music recommendation algorithms to produce appropriate
recommendations across a range of genres, moods, and cultural preferences, they need

access to extensive and varied music databases.

User Context and Personalisation:

In order to make individualized song recommendations, it is necessary to comprehend
the user's listening history, musical tastes, and situation in addition to their present
emotional state.

It might be difficult to integrate user-specific data while maintaining data security and

privacy, particularly when handling sensitive data.

Combining External APIs for Integration:

There are issues with data consistency, API rate restrictions, authentication, and data
retrieval when integrating with external music streaming service APIs.

The performance and dependability of the system might be impacted by changes in API
standards, inconsistent metadata, and different data formats used by separate APIs.

Performance & Scalability:

The system must manage more concurrent requests as the user base expands while
keeping low latency and excellent performance.

Large data volumes, real-time processing of user interactions, and smooth connection

with external systems can all present scalability problems.

Assessment and Feedback Cycle:

Performance metrics and feedback methods are needed to assess how well the chatbot
performs in recommending songs depending on user emotions.

One problem is to set up a feedback loop so that user feedback can be used to

continuously enhance the emotion analysis models and recommendation algorithms.

Cultural Cross-Sensitivity:
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Different cultures and demographic groups might have very different emotions and
musical tastes. It is critical to make sure the system avoids prejudice and takes into
consideration cultural variations.

For the system to offer inclusive and pertinent recommendations, it must be flexible and

responsive to the varied backgrounds and tastes of its users.

37



CHAPTER 4: TESTING

4.1 TESTING STRATEGY

A thorough testing approach was used to guarantee the Modify project's correctness and
resilience. Validating the behavior and functionality of the generated codebase—
particularly the parts in charge of mood recognition and song recommendations—was

the main goal.
Emotion Detection Unit Testing:

The aim is to verify the precision of emotion recognition algorithms by utilizing
simulated inputs and anticipated results.
Method: In order to determine whether the emotion detection model correctly identifies

and classifies emotions, simulate a variety of text inputs with known emotional content.
Tests for Handling API Responses:

Goal: Verify that responses from external APls, such as IBM Watson and Last.fm, are

processed and used by the application correctly.

Method: Simulate various scenarios (such as an error or successful response) by
mocking the API responses, then confirm how the application behaves when handling
these scenarios. For example, observe how the app reacts when it receives song

recommendations from the Last.fm API based on emotions that have been identified.

Integrity Checking:

Goal: Integrate several modules and confirm how they work together to validate the
system's end-to-end functioning.

Method: Evaluate every aspect of the chatbot's operation, including user interaction,
emotion detection, and song recommendations. Assure accurate processing of user input

and seamless module transitions.
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Evaluation of Performance:

Goal: Assess how well the system performs under various loads and locate any possible
bottlenecks or areas that could use improvement.

Method: To evaluate the application's responsiveness and resource usage, subject it to

a high volume of requests during a stress test.

Testing for user acceptance (UAT):

Goal: Get end-user feedback to make sure the application satisfies their needs and
expectations.

Method: Use real users in usability tests to learn more about how well the chatbot

recommends music based on emotions it detects.

Functional Testing:

Input Validation: Verify that the chatbot correctly handles various types of user inputs,
including different moods, emotions, and textual messages.

Emotion Detection: Test the accuracy of the emotion analysis module by providing
input texts with known emotional content and verifying that the detected emotions align
with expectations.

Recommendation Accuracy: Evaluate the accuracy of song recommendations by
providing input texts with different emotions and assessing whether the recommended

songs match the expected emotional tone.

Performance Testing:

Response Time: Measure the response time of the chatbot system under various loads
and scenarios to ensure that it meets performance requirements.

Scalability: Test the system's ability to handle a large number of concurrent users and
requests without degradation in performance or reliability.

Feature Regression: Perform regression testing to ensure that new changes or updates
to the system do not introduce regressions in existing functionality, including emotion
analysis and song recommendations.

Compatibility Testing: Verify that the system remains compatible with different

chatbot platforms, web browsers, and operating systems after updates or changes.
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Exploratory Testing:

Edge Cases: Explore edge cases and corner scenarios, such as extreme emotions or
ambiguous user inputs, to uncover potential issues or vulnerabilities in the system's
behavior.

Failure Scenarios: Simulate failure scenarios, such as network interruptions or service

outages, to assess the system's resilience and ability to gracefully handle errors.
4.2 TEST CASES AND OUTCOMES:

As we can see from Figure 11 we gave a text as input from our model whose answer we
already know and our model has given us the correct output same goes for the Figure
12.

Enter text to analyze emotions: 1 am happy
Emot1ons Detected:
Sadness: 0.014091

Joy: 0.99188
Fear: 0.00375
Disgust: 0.000411
Anger: 0.004308

Figure 11: Testcasel
As we can see in Figure 11 and Figure 12 the user gave chatbot inputs “I am happy”
and “I am felling down today” and our chatbot gave joy and sadness respectively as

the emotion with highest probability.
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Enter text to analyze enotions: 1 am felling down today
Emotions Detected:
Sadness: 0.738047

Joy: 0.160757
Fear: 0,049644
Disgust: 0.00698
Anger: 0.014144

Figure 12: Testcase2
In Figure 13 and Figure 14 we have tested our recommender system by giving specific
emotions as inputs to the recommender system and recommending us songs with the

respective emotions.

Enter emotion to get song recommendations: angry
Recommended songs for angry emotion:

Song: Kill Bill - Artist: SZA

Song: Break Stuff - Artist: Limp Bizkit

Song: Bodies - Artist: Drowning Pool
Song: brutal - Artist: Olivia Rodrigo
Song: The Way I Am - Artist: Eminem

Figure 13: testcase 1 recommender system
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CHAPTER 5: RESULTS AND FINDINGS:

5.1 RESULTS:

In our chatbot song recommendation, we integrated IBM's Emotion detection API and
Last.fm's music recommendation service to create a better music experience for users.
By passing input from the chatbot to IBM's API, we can search for the best ideas based
on users' comments. When we identify a trend with the highest confidence, we push th
at trend to Last.fm. Armed with this information, Last.fm can recommend songs and pl
aylists that suit the user's current mood. This partnership helps us deliver music recom
mendations that connect with users' emotions, making music discoveries more meanin

gful and enjoyable.

We can see the results or outputs we obtained in the following Figures.

Outputs:

> 3ms/step SS: .57 accuracy:
Epoch 193/200
20/20 [ 5 2ms/step ERHS accuracy:
Epoch 194/200
20/20 [ > 2ms/step 1 9.43 accuracy:
Epoch 195/200
20/20 [ 5 2ms/step 1 0.45 accuracy:
Epoch :
20/20 | 5 2ms/step : 0. accuracy:
Epoch 197/200
20/20 [ 5 3ms/step 3 (s accuracy:
Epoch :
20/20 [ 5 2ms/step 1 0. accuracy:
Epoch 199/200
20/20 [= 5 3ms/step : 0. accuracy:
Epoch 200/200
20/20 [ 5 3ms/step : 0. accuracy:
Model is created and saved.

Figure 15: model creation output
The output generate during our model creation can be seen in Figure 15 with a total of
200 epoch.
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Chatbot: Welcome!

Chatbot: Hi there! What's your name?

User: rohit

Chatbot: Nice to meet you, rohit! How can I help you today?
User: recommend me some songs

Emotions Detected:

Sadness: 0.156049

Joy: 0.9136807
Fear: 0.025242
Disgust: 0.034242

Anger: 9.012509

Chatbot: what are your interests or hobbies?
User: sports and music

Emotions Detected:

Sadness: 0.077597

Joy: 0.786311

Fear: 0.072219

Dispust: 0.006333

Anger: 0.09927

Chatbot: That sounds interesting! Is there anything else you'd like to share?
User: felling refereshed today

Figure 16: chatbot conversation
We can see in Figure 16 how the conversation with the chatbot goes and how it detect
emotion with every user input and gave probabilities of different emotions.
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Chatbot: Analyzing user's emotions...

Chatbot: Detected emotion with the highest score: Joy
Chatbot: Recommended songs for joy emotion:

Song: praise you - radio edit - Artist: Fatboy Slim
Song: You And Your Heart - Artist: Jack Johnson

Song: Yoshimi Battles The Pink Robots Part 1 - Artist: The Flaming Lips
Song: Come on! Fee] the Illinoise! - Artist: Sufjan Stevens

Song: Lake Shore Drive - Artist: Aliotta Haynes Jeremiah

Chatbot: Conversation completed.

Figure 17: Emotion detection

In Figure 17, the code snippet demonstrates a conversation between a user and a

chatbot equipped with emotion analysis capabilities:

Chatbot Introduction:
The chatbot welcomes the user and initiates the conversation by asking for the user's

name.

User Interaction:
The user responds by introducing themselves as "Rohit" and mentions feeling down

today.

Emotion Analysis:
The chatbot detects the user's emotions, identifying a high level of sadness along with
some joy, fear, disgust, and anger.

Each emotion is assigned a score indicating its intensity or likelihood.
Chatbot Response:

Based on the detected emotions, the chatbot engages the user by asking about their

interests or hobbies.
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User Interaction:

The user responds, mentioning their interests in playing games and going outing.
Emotion Analysis:
The chatbot detects emotions again, this time with less sadness but higher joy, along

with some fear, disgust, and anger.

Chatbot Response:

The chatbot acknowledges the user's interests and prompts them if there's anything else

they'd like to share.

User Interaction:

The user indicates that they have nothing else to share.

Emotion Analysis:
The chatbot detects emotions once more, noting a moderate level of sadness along

with some joy, fear, disgust, and anger.

Chatbot Farewell:
The chatbot concludes the conversation, bidding farewell to the user and expressing

appreciation for the interaction.

Emotion Analysis Summary:
The chatbot announces that it's analyzing the user's emotions one last time.

It identifies sadness as the dominant emotion with the highest score.

Playlist Recommendation:
Based on the detected sadness, the chatbot recommends songs suited for the user's
mood, providing a personalized playlist tailored to their emotional state.

Conversation Completion:

The chatbot informs the user that the conversation is completed, marking the end of

the interaction.
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Chatbot: Analyzing user's emotions...

Chatbot: Detected emotion with the highest score: Sadness
Chatbot: Recommended songs for sadness emotion:

Song: changes - Artist: xxxtentacion

Song: Small Bump - Artist: Ed Sheeran

Song: Tears in the Typing Pool - Artist: Broadcast
Song: One More Light - Artist: Linkin Park

Song: Sadness Is a Blessing - Artist: Lykke Li
Chatbot: Conversation completed.

Figure 18: song Recommendation

The songs recommended by the chatbot can be seen in Figure 18, it recommended us

the songs that are connected with the song emotions
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CHAPTER 6: CONCLUSIONS AND FUTURE
SCOPE

6.1 CONCLUSION:

The "Chatbot Song Recommender System Using Emotion Analysis” project is a
significant step forward in the fields of artificial intelligence, natural language
processing, and music recommendation systems. By introducing an emotion-aware
chatbot capable of recommending songs tailored to users' emotional states, the project
aimed to improve the user experience in digital music consumption.It will be crucial to
continuously optimize and improve the system going forward. This entails boosting the
variety and caliber of music recommendations, refining the emotion analysis models'
accuracy, increasing system scalability and performance, and building strong feedback

systems to take user preferences and input into account.

Additionally, it will be essential to guarantee inclusivity and cross-cultural sensitivity in
the suggestion process in order to accommodate a range of user demographics and
preferences. We can develop a chatbot song recommender system that not only meets
but surpasses user expectations, offering a pleasurable and customized music discovery
experience to people all over the world, by adopting user-centric design principles and

giving user input first priority.
The following summarizes the project's key findings, limitations, and contributions:
KEY FINDINGS:
e Emotionally Conscious Recommendations:
The project successfully implemented an emotion analysis module, allowing the chatbot

to recognize and respond to users' expressed emotional states in natural language.

e Approach to Hybrid Recommendation:
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A hybrid recommendation system combining collaborative filtering, content-based
filtering, and emotion-aware algorithms improved song suggestion accuracy and

relevance.

e User Interaction that is Dynamic:
The chatbot's dynamic responses, which were tailored to the user's emotions, resulted in
more engaging and personalized interactions, fostering a stronger bond between the user

and the recommendation system.

e Iterative Improvement via Feedback:
The addition of a user feedback mechanism facilitated iterative improvements, allowing
the system to adapt and refine its recommendations in response to user satisfaction and

preferences.

LIMITATIONS:

e Accuracy of Emotion Recognition:
The complexity and variability of human emotions expressed in natural language may
influence the accuracy of emotion recognition from text, resulting in occasional

misinterpretations.

e Training Data Scarcity:
The diversity and size of the training dataset heavily influence the effectiveness of the
sentiment analysis model. The dataset's limitations may limit the model's ability to

generalize to a wide range of user expressions.

e Recommendations Based on the User:
The performance of the system is dependent on the availability of sufficient historical
user data. New or infrequent users may receive less accurate recommendations until an

adequate user profile is established.
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CONTRIBUTIONS TO THE FIELD:

e Recommendations for Emotion-Aware Music:
The project adds a new dimension to the evolving landscape of music recommendation
systems: emotion awareness. This method improves user experiences by matching

music recommendations to users' emotional states.

e Models of Hybrid Recommendation:
The combination of collaborative filtering, content-based filtering, and emotion-aware
algorithms creates a hybrid recommendation model that capitalizes on the advantages of

each approach, resulting in more comprehensive and diverse song recommendations.

e Methodology of Iterative Development:

The approach of iterative testing and optimization guided by user feedback establishes
a precedent for continuous improvement. This methodology takes into account the
dynamic nature of user preferences and ensures that the system remains adaptive and

responsive.

In conclusion, while the project had some limitations, it unquestionably contributes to
the fields of artificial intelligence and music recommendation. The developed system
opens up new avenues for research and development, inviting further investigation into
more nuanced emotion recognition techniques and the incorporation of advanced

machine learning models to improve recommendation accuracy and personalization.

6.2 FUTURE SCOPE :

The project "Chatbot Song Recommender System Using Emotion Analysis" lays the
groundwork for future enhancements and expansions, paving the way for continued
innovation at the intersection of artificial intelligence, natural language processing, and

music recommendation. This project's future scope will include:
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ADVANCED EMOTION ANALYSIS:
Investigate and put advanced natural language processing and machine learning
techniques for emotion analysis into practice. This may entail incorporating deep

learning models to capture more nuanced emotional expressions in user input.

MULTIMODAL EMOTION RECOGNITION:
Extend the system to include multimodal inputs like images, voice, and facial
expressions for a more complete understanding of user emotions. This would improve

the system's ability to interpret emotions in addition to textual data.

CONTEXTUAL UNDERSTANDING:

Improve the chatbot's contextual understanding by taking into account broader user
context, such as location, time of day, and social context. This would allow for more
contextually important recommendations that are aligned with the diverse situations

of users.

PERSONALIZED PLAYLISTS:
Extend the system to create_dynamic and personalized playlists based on users'
current emotions and_historical preferences. This may entail_incorporating_features

for collaborative playlist_creation and sharing.

CROSS-PLATFORM INTEGRATION:
Investigate integration with various music streaming platforms, allowing users to
seamlessly transition between platforms while still receiving emotion-aware music

recommendations.

EXPLANATORY CAPABILITIES:
Create features that allow the chatbot to explain the reasoning behind specific
recommendations, providing users with transparency and increasing trust in the

system's decision-making process.
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SOURCES OF RECOMMENDATION VARIETY:
Extend music recommendation sources beyond the existing database to include
emerging and independent artists, ensuring a more diverse and inclusive range of song

suggestions.

ONGOING USER EDUCATION:
Implement strategies within the chatbot to educate users on its capabilities on an ongoing
basis, encouraging them to provide more explicit emotional cues and preferences for

even more accurate recommendations.

ADAPTABILITY ACROSS CULTURES:
Improve the system's adaptability to different cultural emotional expressions by
ensuring that the emotion analysis module can recognize and respond to a wide range of

cultural nuances in user input.

INTEGRATION WITH WEARABLE DEVICES:
Investigate the system's integration with wearable devices that monitor physiological
indicators of emotion, such as heart rate or skin conductance, to improve emotion

recognition accuracy.

LONG-TERM USER ENGAGEMENT EVALUATION:
Conduct longitudinal studies to assess the system's long-term impact on user

engagement, satisfaction, and the evolution of user preferences over time.

The project's future focus will be on pushing the boundaries of emotion-aware music
recommendation systems, exploring cutting-edge technologies, and constantly refining
the system to align with users' evolving expectations and preferences in the dynamic

landscape of digital music consumption.

ENHANCED EMOTION ANALYSIS:

Further research and development efforts can focus on enhancing the accuracy and
granularity of emotion analysis techniques. Advanced sentiment analysis algorithms,
deep learning models, and multimodal approaches (combining text, audio, and visual

cues) can be explored to better capture and interpret users' emotions.
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ACCESSIBILITY AND INCLUSIVITY:

Ensuring that the chatbot song recommendation system is accessible to users with
diverse abilities and preferences is essential. Incorporating features such as voice-based
interaction, text-to-speech synthesis, and support for multiple languages can enhance
inclusivity and reach a broader audience of music enthusiasts.
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