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Abstract 

In recent years, social media platforms have emerged 
as critical sources of data, providing rich and diverse in 
formation about public opinions, behaviors, and 
emotions. Sentiment analysis and emotion detection in 
social media text have gained considerable attention, 
serving as essential tools for understanding user 
sentiments and emotional responses. This survey explores 
the advancements and methodologies employed in 
sentiment analysis and emotion detection, focusing on 
various techniques including rule based, machine 
learning, and deep learning approaches. It highlights 
the challenges in here not in analyzing informal and 
context-rich social media language, such as slang, emojis, 
and multi lingual content. Additionally, the survey 
discusses the role of pre-processing strategies, feature 
extraction methods, and the effectiveness of different 
models like LSTM, BERT, and Transformer based 
architectures in capturing complex emotional nuances. 
The paper also examines the applications of these 
techniques in diverse domains such as brand monitoring, 
crisis management, and mental health analysis. By 
providing a comprehensive overview of the existing 
literature and emerging trends, this survey aims to guide 
future research directions and improvements in 
sentiment analysis and emotion detection in the dynamic 
context of social media text. 

 

1 Introduction 

Sentiment analysis and emotion detection are closely re- 
lated fields, but they differ in their scope and objectives 
when analyzing text. Sentiment analysis focuses on deter- 
mining the overall attitude or sentiment expressed in a 
piece of text. Typically, it classifies the text as positive, 
negative, or neutral. The goal is to understand the 
general polarity of opinions expressed by users. For 
example, it would identify whether a social media post is 

expressing a favorable or unfavorable attitude toward a 
topic. Emotion detection, on the other hand, is more 
granular and aims to identify specific emotions expressed 
in the text. It goes beyond polarity and seeks to detect 
feelings such as happiness, sadness, anger, fear, surprise, 
or disgust. This requires a deeper understanding of the 
nuances in language to classify text into specific 
emotional categories. 

Emotion detection and sentiment analysis are key tasks 
within the field of natural language processing (NLP), 
where the goal is to interpret and classify the emotional 
tone or opinion expressed in textual data. With the 
proliferation of text-based communication on social 
media, product reviews, customer feedback, and blogs, 
the ability to automatically extract meaningful emotions 
and sentiments from text has become essential for a wide 
range of applications, such as opinion mining, 
recommendation systems, and even healthcare-related 
mental state monitoring.“Emotion detection,” “affective 
computing,” “emotion analysis,” and “emotion 
identification” are all phrases that are sometimes used 
interchangeably[1].People are using social media to 
communicate their feelings since Internet services have 
improved. On social media, people freely express their 
feelings, arguments, opinions on wide range of topics. In 
addition, many users give feedback and reviews various 
products and services on various e-commerce sites. 
User’s ratings and reviews on multiple platforms 
encourage vendors and service providers to enhance 
their current systems, goods, or services. Today almost 
every industry or company is undergoing some digital 
transition, resulting in vast amounts of structured and 
unstructured increase data. The enormous task for 
companies is to transform unstructured data into 
meaningful insights that can help them in decision-
making 

Sentiment and emotion analysis has a wide range of 
applications and can be done using various methodologies. 
There are three types of sentiment and emotion analysis 
techniques: lexicon based, machine learning based, and deep  
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Posted by: John Smith 

(1) I bought a Canon G12 camera six months ago. 
(2) I simply love it. 
(3) The picture quality is amazing. 
(4) The battery life is also long. 
(5) However, my wife thinks it is too heavy for 
her. 

learning based. Each has its own set of benefits and draw 
backs. Despite different sentiment and emotion recognition 
techniques, researchers face significant challenges, including 
dealing with context, ridicule, statements conveying several 
emotions, spreading Web slang, and lexical and syntactical 
ambiguity. Furthermore, because there are no standard rules 
for communicating feelings across multiple platforms, some 
express them with incredible effect, some stifle their feelings, 
and some structure their message logically. Therefore, it is a 
great challenge for researchers to develop a technique that can 
efficiently work in all domains. 

 

 

2 Background 

Sentiment Analysis 

Many people worldwide are now using blogs, forums, and social 
media sites such as Twitter and Face book to share their opinions 
with the rest of the globe. The terms of sentiment analysis and 
opinion mining are usually used inter changeably in research 
papers of data mining, machine learning, etc., although these 
concepts are not equivalent. The meaning of sentiment it self is 
still ambiguous. We will distinguish them when needed. To 
simplify the presentation, we will use the term of sentiment to 
denote corresponding opinion, sentiment, appraisal, evaluation, 
attitude, and emotion[3]. Social media has become one of the 
most effective communication media available. As a result, an 
ample amount of data is generated, called big data, and 
sentiment analysis was introduced to analyze this big data 
effectively and efficiently. As sentiment analysis was proposed to 
deal with product or service review, the corresponding definition 
was based on this kind of reviews as shown below [2]. 

 

From the observation, an opinion consists of some key 
components: 

1. Opinion holder: For sentences (1), (2), (3), and (4), the 
opinion holder is John Smith; while for sentence (5),the 
holder of the opinion is the wife of John Smith. 

2. The date of the review: September 10, 2011. 

3. Target: Canon G12 camera. 

4. Aspects or features of the target: The picture 
quality and the battery life are different aspects 
of the same target. 

5. Sentiment on the target: This review has both 
positive and negative opinions about the Canon G12 
camera. A positive opinion about the Canon camera 
is expressed by sentence (2); a positive opinion 
about its picture quality is expressed by sentence 
(3); a positive opinion about its battery life is 

expressed by sentence (4); a negative opinion about the 
weight of the camera is expressed by sentence (5). 

 

3  In[2], the above five components are considered 
as essential. Researcher defines opinion as a 
quintuple (ei, aij, sijkl, hk, tl), where ei is the name 
of an entity, aij is an aspect of ei, sijkl is the 
sentiment on aspect aij of entity ei, hk is the 
opinion holder, and tl is the time when the 
opinion is expressed by hk. The sentiment sijkl is 
positive, negative, or neutral, or expressed with 
different strength/intensitylevels,e.g.,1–5starsas 
used by most review online. Actually, current 
sentiment analysis collects all relevant data, 
public thoughts, opinions and feelings, from all 
sorts of publicly accessible sources. Besides, it 
automatically predicts out comes or trends on 
different aspects of the information collected 
worldwide in real time. As therefore mentioned 
examples illustrate, coordinating a series of 
sociopolitical events such as the London riots and 
Arab Spring, or election prediction, to a large 
extent, are based on spatial information. We have 
achieved some statistical results as shown in 
Table 2; Dataset 1 and Dataset 2 are separately 
crawled from Twitter posted around Brisbane Australia 
from March17 to March 25, 2012 (219, 933 messages) 
and the messages posted around USA from June 
21 to June 27, 2012 (196, 834 messages), in which 
spatial information could appearing eo-tag, user 
profile, IP address, and even tweet content. [3] 

 

    Emotion Detection 

Emotions are an inseparable component of human life. These 
emotions influence human decision making and help us 
communicate to the world in a better way. Emotion 
detection, also known as emotion recognition, is the process 
of identifying a person’s various feelings or emotions (for 
example, joy, sadness, or fury). Researchers have been 
working hard to automate emotion recognition for the past 
few years. However, some physical activities such as heart 
rate, shivering of hands, sweating, and voice pitch also 
convey a person’s emotional state but emotion detection 
from text is quite hard. In addition, various ambiguities and 
new slang or terminologies being introduced with each 
passing day make emotion detection from text more 
challenging. Furthermore, emotion detection is not just 
restricted to identifying the primary psychological 
conditions (happy, sad, anger); instead, it tends to reach 
up to 6-scale or 8-scale depending on the emotion model. 

 Most commonly used emotion states in different models 
include anger, fear, joy, surprise, and disgust, as depicted in 
the figure above. It can be seen from the figure that 
emotions on two sides of the axis will not always be 
opposite of each other. For example, sadness and joy are 
opposites, but anger is not the opposite of fear. 
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Figure1: Different emotions in human nature 

 
All types of emotion can be treated as multiple 

factors together for affecting sentiment. Most of the 
sentiment analysis researches are based on natural 
language processing so far. These traditional works 
focus on textual content, while we are increasingly 
making use of audios, images, and videos to air our 
opinions on social media platforms. Thus, it is highly 
crucial to analyze opinions and identify sentiments 
from multiple modalities, which is called emotion 
analysis. While the field of multimodal sentiment 
analysis (MSA) has not received much attention, the 
scatter of multimodal sentiment expressions re- quires 
a higher demand for more analysis to derive useful 
data [3] Lack of facial expressions and voice 
modulations make detecting emotions from text a 
challenging problem. However, as humans are moving 
towards a dig ital era, with increasing mobile 
communication systems, it is essential that these 
digital agents are emotion aware, and respond 
accordingly.[5] 

Process for sentiment analysis 

and emotion detection 
Process of sentiment analysis and emotion 

detection comes across various stages like 

collecting dataset, preprocessing, feature 

extraction, model development, and evaluation, 

as shown in Figure. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2: Basic steps to perform sentiment analysis and 
emotion detection 
 

Datasets for sentiment analysis and 
emotion detection 

Several datasets have been instrumental in advancing 
sentiment analysis and emotion detection research. The 
IMDB Reviews Dataset, for example, is commonly used 
for sentiment classification tasks, containing movie re- 
views labeled as positive or negative. This dataset has 
been widely applied in binary classification experiments. 
Another significant resource is the SemEval Task4 
Dataset, which consists of tweets annotated with 
sentiment polarity (positive, negative, neutral), making it 
a crucial dataset for multi-class sentiment analysis in 
social media. For emotion detection, the Go Emotions 
Dataset, released by Google, offers a comprehensive set 
of Red d it comments annotated with 27 emotion 
categories, enabling fine-grained emotion detection. 
Additionally, the Crowd- Flower Emotion Dataset includes 
data annotated with emotions like anger, fear, joy, and 
sadness, supporting various emotion recognition tasks. 
These datasets serve as critical benchmarks, helping to 
develop machine learning models that understand and 
predict human emotions and sentiments across different 
textual contexts. These datasets provide a robust 
foundation for building models aimed at sentiment 
analysis and emotion detection. 

 Text Pre-processing 

Text preprocessing is an essential step in natural language 
processing (NLP) tasks, as it prepares raw text data for 
further analysis. Some of the most common 
preprocessing techniques include tokenization, where 
text is split into individual words or tokens, and stop word 
removal, which eliminates commonly used words that do 
not contribute significantly to the overall meaning, such 
as ”the” or ”is. 
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Dataset Type of Data Description Languages 

IMDB Reviews Sentiment Analysis Movie reviews labeled as positive or 
negative. Commonly used for binary 
sentiment classification. 

English 

SemEvalTask4 Sentiment Analysis Tweets annotated for sentiment polarity 
(positive, negative, neutral), often used 
in social media sentiment analysis. 

Multiple 
languages 

Go Emotions Emotion Detection Redd  it comments annotated with 
27 emotion categories, allowing fine 
Grained emotion detection. 

English 

Crowd Flower Emotion 
Dataset 

Emotion Detection Sentences annotated with emotions 
Such as anger, joy, sadness, fear, and 
others. 

English 

Sentiment140 Sentiment Analysis Tweets annotated for sentiment 
(positive, negative), used in social media 
sentiment analysis. 

English 

WASSA-2017 Emotion Detection Text annotated with emotions and 
intended for shared task on emotion 
analysis in multilingual settings. 

Multiple 
languages 

Table1: Popular Datasets for Sentiment Analysis and Emotion Detection 

 

Stemming and lemmatization are also widely used; 
stemming reduces words to their root form by chopping 
off suffixes (e.g., ”running” to ”run”), while 
lemmatization returns the base or dictionary form of a 
word (e.g., ”better” to ”good”). Additionally, converting 
text to lower- case and removing punctuation helps 
standardize the text data. Other techniques include spell 
correction, which fixes common typos, and the removal 
of special characters, such as hash tags or HTML tags, to 
ensure cleaner input for models. Together, these pre 
processing steps improve the performance and accuracy 
of machine learning models by reducing noise and 
normalizing textual data. 

Text preprocessing involves key techniques to prepare 
unstructured text data for analysis. tokenization is per- 
formed to break the text into individual words or tokens, 
facilitating further analysis. Normalization follows, where 
text is converted into a standard form, including 
correcting spelling errors. Stop word removal is essential 
to eliminate common words that do not contribute to 
the sentiment or emotion being analyzed. Part-of-speech 
(POS) tagging is applied to identify the grammatical 
components of sentences, aiding in understanding the 
context.[7] 

 Techniques for sentiment analysis and 
emotion detection 

The field of sentiment analysis has been extensively 
studied. However, limited research exists in classifying 
textual conversations based on emotions. In a bid to 
gather annotated data on a large scale, some researchers 
have use emoticons, sentiment analysis and hash tags to 
label the data [12–14] Emotion-detection algorithms can 
broadly be categorized into 3 classes. 

A) Rule-based algorithms in[9] an innovative extension of 
the Rule-Based Emission Model (RBEM) algorithm 
specifically designed for emotion detection in social media 
texts. While the original RBEM focused on polarity 
detection—classifying messages as positive, neutral, or 
negative—RBEM-E mo advances this framework by 
incorporating Plutchik’s wheel of emotions, which defines 
eight fundamental emotions: joy, sadness, trust, disgust, 
fear, anger, surprise, and anticipation. This algorithm 
utilizes distinct pattern groups and rules analogous to 
those in the original RBEM but expands the approach to 
handle four emotional axes instead of a single polarity 
axis. 
B) Machine learning algorithms with Support Vector Ma- 
chine (SVM) and Na¨ıve Bayes being particularly popular 
algorithms. In [11][12] The study also notes an increasing 
interest in deep learning techniques, although traditional 
ML algorithms still show promising results. Text-based 
analysis, especially in English, is the most prevalent form 
of data input. The authors discuss different ML categories 
including supervised, unsupervised, and semi-supervised 
learning, as well as deep learning approaches. They also 
mention the use of various data sources or modalities for 
emotion detection, including text, speech, body gestures, 
and physiological signals. The paper emphasizes the 
importance of choosing appropriate evaluation metrics, 
with accuracy being the most commonly used, though it 

suggests considering other metrics like precision, 
recall, and F1-score for a more comprehensive 
evaluation.
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Figure3:All the approaches for sentiment analysis and emotion detection. 

 

C) Deep learning approaches Deep learning 
approaches in sentiment analysis and emotion 
detection has very vast range of models. Inclusing 
CNN, LSTM, GCN, GNN and other pretraind models 
like BERT, ROBERT, ALBERT, XLNET. In [19] 
auther provides study in hybrid model combined 
with CNN-LSTM for sentiment analysis. the 
proposed BERT-based Convolution Bi-directional 
Recur- rent Neural Network(CBRNN)model offers 
significant advancements in processing and 
understanding social media data. The model 
employs a zero-shot classification method for data 
annotation, allowing for the effective identification 
of sentiment intensities without the need for 
extensive labeled datasets. Utilizing the BERT 
model facilitates the extraction of rich semantic and 
contextual embeddings from textual data, 
enhancing the model’s ability to capture nuanced 
emotional expressions. Furthermore, the 
integration of dilated convolutional layers enables 
the extraction of both local and global contextual 
features, which is crucial for understanding the 
intricacies of social media language. The Bi-
directional Long Short- Term Memory (Bi-LSTM) 
component of the model effectively captures long 
term dependencies in sentence structure, ensuring 
that the sequential nature of language is preserved. 
Overall, the combination of these techniques 
positions the CBRNN model as a robust solution for 

sentiment analysis, capable of addressing the challenges 
posed by noisy data and out of vocabulary words 

commonly found in social media contexts.[18] 

4 Datasets and Benchmarks 

The evaluation of emotion detection and sentiment 
analysis models heavily relies on the quality and diversity 
of datasets used for training and testing. Various publicly 
available datasets have been utilized in the research 
community to benchmark the performance of different 
architectures. This section discusses some of the most 
commonly used datasets and benchmarks in the field. 

 Popular Datasets 

• IMDb Reviews: This dataset contains 50,000 movie 
reviews labeled as positive or negative. It is widely used 
for sentiment classification tasks due to its balance and 
diversity in content. 

• Twitter Sentiment Analysis Dataset: This dataset 
includes tweets labeled with positive, negative, or 
neutral sentiments. It is particularly useful for analyzing 
sentiments in social media contexts. 

• Stanford Sentiment Treebank: The Stanford Sentiment 
Treebank offers fine-grained sentiment an- notations for 
11,855 sentences from movie reviews, allowing for multi-
class sentiment classification. 
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Table3:Criticalanalysisofwordembeddingmodels 
Models Syntactical Semantics Contextual Out 

Of 
vocabul
ary 

1-Hotencoding × × × × 
BOW × × × × 

TF–IDF × × × × 

Word2vec ✓ ✓ × × 

GloVe ✓ ✓ × × 

Fast Text ✓ × × ✓ 

BERT ✓ ✓ ✓ ✓ 

 
F1-score, precision, and recall across different tasks. 
Common benchmarks for sentiment analysis include: 

• **Binary Classification Accuracy**: Measures the 
proportion of correctly classified instances in binary 
sentiment classification tasks (e.g., positive vs. neg- 
ative). 

• **F1-Score**: The harmonic mean of precisionand 
recall, providing a single metric that balances both 
aspects, especially useful for imbalanced datasets. 

• **Micro and Macro Averaging**:Micro averaging 
calculates metrics globally by counting the total true 
positives, false negatives, and false positives, while 
macro averaging computes metrics for each class in- 
dependently and then takes the average. 

 

5 Evaluation Metrics 
 

 
Table2:Common Text Preprocessing Techniques 

 
• SemEval Datasets: The SemEval (International 

Workshop on Semantic Evaluation) datasets provide 
challenges for sentiment analysis and emotion detection 
tasks. These datasets often include annotations for various 
emotions, such as joy, anger, sadness, and fear. 

• Emotion Intensity Dataset: This dataset focuses on the 
intensity of emotions in text, providing labels for 
different levels of emotions. It is suitable for tasks 
requiring more nuanced emotion detection. 

 

 Benchmarks 

To evaluate the performance of various models on 
these datasets, several benchmarks have been 
established. These benchmarks typically involve 
reporting accuracy, 

Evaluation metrics are crucial for assessing the 
performance of emotion detection and sentiment analysis 
models. The choice of metrics can significantly impact the 
interpretation of a model’s effectiveness. The following are 
the commonly used evaluation metrics in this domain: 

• Accuracy: The ratio of correctly predicted in-stances to 
the total instances. It provides a quick overview of a 
model’s performance. 

• Precision: The ratio of true positive predictions to the 
total predicted positives. It indicates how many of the 
predicted positive instances are actually positive. 

• Recall: The ratio of true positive predictions to the actual 
positives. It measures how well the model identifies 
positive instances. 

• F1-Score: The harmonic mean of precision and recall, 
providing a balance between the two metrics, particularly 
useful for imbalanced datasets. 

Preprocessing 
Techniques 

Description 

Tokenization Splitting text into 
individual words, phrases, 
or symbols. 

Stop word Removal Removing commonly used 
words(e.g., ”the”, ”and”, 
”in”) that carry little 
Meaningful information. 

Stemming Reducing words to their 
Root form by chopping off 
suffixes(e.g., ”running” 
becomes” run”). 

Lemmatization Similar to stemming but 
returns the base or 
dictionary form of a word 
(e.g., ”better” becomes 
”good”). 

Lowercasing Converting all characters 
In the text to lower case to 
Ensure uniformity. 

Punctuation Removal Removing punctuation 
marks such as periods, 
commas, and question 
marks to focus only on 
the textual content. 

Spell Correction Automatically correcting 
Misspelled words in the 
text. 

Removing Special Characters Eliminating non 
alphabetic or numeric 
characters such as hash 
tags, at signs, or HTML 
tags. 
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• Area Under the ROC Curve (AUCROC): 
Measures the ability of the model to distinguish 
between classes. AUC-ROC values range from 0 
to1, with a value closer to 1 indicating better 
performance. 

• Confusion Matrix: A table used to describe the 
performance of a classification model. It provides 
insights into the number of true positives, true 
negatives, false positives, and false negatives. 

 
Evaluating models using the semetrics helps 

researchers identify strengths and weaknesses, guiding 
further improvements. 

 

6 Challenges 

In the Internet era, people are generating a lot of data in 
the form of informal text. Social networking sites present 
various challenges, such as spelling mistakes, slang, and 
grammatical errors, which hinder sentiment and emotion 
analysis, as shown in Fig.5.For example, in the sentence 
“Y have u been soooo late?”, several informal elements 
like misspelled words and exaggerated letters complicate 
the task of sentiment detection [21]. Moreover, some 
sentences may lack clear emotional expression, making it 
difficult for machines to interpret the true sentiment. 

Another challenge is the lack of annotated resources, 
which statistical algorithms often require for accurate 
analysis. Manual labeling is time-consuming and error- 
prone, and most resources are only available in English, 
presenting difficulties for other languages [22]. Addition- 
ally, the rise of web slang, such as ’LOL’ for laughing out 
loud and ’FOMO’ for fear of missing out, poses obstacles 
for current lexicons and models. Sarcasm and irony, such 
as in the sentence “This story is excellent to put you in 
sleep,” further complicate the detection of true 
sentiment, as sarcasm can mask the true emotion being 
expressed [23]. 

Multiple emotions within a single sentence and the 
detection of polarity in comparative sentences also 
remain unresolved challenges. For instance, the sentence 
“view at this site is so serene and calm, but this place 
stinks” expresses both disgust and soothing emotions. 
Furthermore, comparative sentences like” Phone A is 
worse than phone B” and ”Phone B is worse than Phone 
A” share the word ’worse’ but convey opposing 
sentiments [24]. 

 

7 Conclusion 

In this paper, a review of the existing techniques for both 
emotion and sentiment detection is presented. As per 

the paper’s review, it has been analyzed that the lexicon- based 
technique performs well in both sentiment and emotion analysis. 
However, the dictionary-based approach is quit e adaptable 
and straight forward to apply, where as the corpus based 
method is built on rules that function effectively in a certain 
domain. As a result, corpus-based approaches are more 
accurate but lack generalization. The performance of machine 
learning algorithms and deep learning algorithms depends on 
the pre-processing and size of the dataset. None the less, in 
some cases, machine learning models fail to extract some 
implicit features or aspects of the text. In situations where the 
dataset is vast, the deep learning approach performs better 
than machine learning. Recurrent neural networks, especially 
the LSTM model, are prevalent in sentiment and emotion 
analysis, as they can cover long-term dependencies and extract 
features very well. But RNN with attention networks performs 
very well. At the same time, it is important to keep in mind that 
the lexicon-based approach and machine learning approach 
(traditional approaches) are also evolving and have obtained 
better outcomes. Also, pre processing and feature extraction 
techniques have a significant impact on the performance of 
various approaches of sentiment and emotion analysis 
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