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Abstract   

   

Sentiment analysis, also known as opinion mining, is a Natural Language 

Processing (NLP) technique that holds a pivotal role in discerning textual 

data's sentiments, categorizing them as positive, negative, or neutral. Its 

significance is underscored by its widespread use in aiding businesses to 

gauge brand and product sentiment from customer feedback, enhancing 

customer service, and identifying areas for product and service 

improvement. Moreover, sentiment analysis offers the ability to track 

sentiments in real-time, helping companies retain existing customers and 

attract new ones cost-effectively. Emotion recognition in animals using 

Natural Language Processing (NLP) is a challenging and less explored 

area compared to human emotion recognition. While animals do 

communicate their emotions through various non-verbal cues, such as 

body language, vocalizations, and facial expressions, applying NLP 

techniques directly may not be straightforward since animals don't use 

language in the same way humans do. However, if there are textual data 

associated with animal behavior, such as ethological observations or 

written descriptions of their activities, NLP techniques can be adapted to 

gain insights into their emotional states. 
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1. INTRODUCTION 

 

Sentiment analysis, a pivotal tool in the study of public opinion, offers invaluable insights into the ever-

evolving landscape of customer needs and preferences. This technique has gained prominence as statistics 

reveal that a substantial proportion of consumers now make informed purchase decisions by carefully 

scrutinizing reviews [4]. These consumer sentiments, embedded in online feedback, wield considerable 

influence over a business's bottom line.  

 

1.1 The Power of Customer Sentiment  

The utility of sentiment analysis extends far beyond mere comprehension of customer feedback. It serves as a 

catalyst for enhancing customer service, refining product offerings, optimizing marketing strategies, nurturing 

brand reputation, and enabling real-time tracking of customer sentiments [5]. Nevertheless, conventional 
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sentiment analysis methods grapple with certain limitations, primarily centered around their exclusive focus 

on discerning sentiment elements within user-generated content. These methods, albeit effective, often neglect 

an essential aspect—the influence of pre-existing product descriptions or reviews on a buyer's opinion.  

 

1.2 A Novel Approach: Leveraging Website Cookies  

To surmount this challenge, our proposal introduces a novel approach - leveraging website cookies to track 

user interactions and discern the extent to which product reviews preceding a purchase shape subsequent 

opinions. The breadth of sentiment analysis applications is not confined to the realm of commerce. Its impact 

resonates across diverse domains, with healthcare and education standing as notable examples.  

 

1.3 Sentiment Analysis Beyond Commerce  

In the realm of healthcare, sentiment analysis plays a pivotal role in dissecting patient reviews of medical 

practitioners and healthcare institutions, thereby illuminating areas for service enhancement [2]. Meanwhile, 

in the educational sphere, sentiment analysis scrutinizes student feedback, offering a means to gauge the 

effectiveness of educational programs [3]. This multifaceted utility underscores the significance of sentiment 

analysis for businesses, researchers, and professionals across varied disciplines. As technology continues its 

rapid evolution, sentiment analysis is poised to emerge as an even more indispensable tool for deciphering the 

intricate tapestry of public opinion and the dynamic landscape of customer needs. This evolution promises to 

reshape how we comprehend and respond to the ever-shifting currents of sentiment in an increasingly 

interconnected world. 

Here are some approaches that researchers might take when attempting to understand and recognize emotions 

in animals using NLP-inspired techniques: 

 

Analysis of Vocalizations: 

Animals often express emotions through vocalizations. Researchers can use audio analysis techniques, similar 

to those used in speech recognition, to identify patterns in animal vocalizations. Machine learning models, such 

as deep neural networks, can be trained to recognize specific patterns associated with different emotional states 

in animal sounds. 

 

Body Language and Gesture Recognition: 

Animals communicate a lot through body language and gestures. Computer vision techniques, such as image 

or video analysis, can be employed to recognize and interpret these non-verbal cues. Features like posture, 

facial expressions, and movement patterns can be extracted and analyzed to infer emotional states. 

 

Textual Analysis of Ethological Observations: 

Researchers might record observations of animal behavior in a textual format, describing their activities, 

interactions, and reactions to various stimuli. NLP techniques could be applied to analyze and categorize the 

textual data, extracting information related to emotional states based on predefined criteria. 

 

Biochemical and Physiological Signals: 

Emotions in animals are often associated with changes in physiological parameters, such as heart rate, hormone 

levels, or body temperature. While not directly related to NLP, these physiological signals could be combined 

with natural language processing techniques for a more holistic understanding of an animal's emotional state. 

 

Combining Multiple Modalities: 

Integrating information from various modalities, including vocalizations, body language, and physiological 

signals, can provide a more comprehensive picture of an animal's emotional state. 

Advanced machine learning models, capable of handling multi-modal data, can be trained to recognize complex 

patterns associated with different emotions. 

It's important to note that the challenges in animal emotion recognition are diverse and often species-specific. 

Researchers need to adapt and design approaches based on the characteristics and behaviors of the target 

species. Additionally, ethical considerations must be taken into account when studying and manipulating 

animal behavior. 
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2. LITERATURE SURVEY 

 

Emotion recognition in animals using Natural Language Processing (NLP) specifically can be challenging, as 

animals do not use language in the same way humans do. 

1.  Affect in Text: Computational Linguistics and Psycholinguistics Perspectives, Strapparava, C., & Mihalcea, 

R. Published in "Computational Linguistics" (2007).  Discusses computational modeling of affect and its 

relationship with linguistic features, exploring lexical, syntactic, and discourse-based features for emotion 

recognition. 

2. Sentiment Analysis and Opinion Mining: By  Liu, B. In "Synthesis Lectures on Human Language 

Technologies" (2012). Comprehensive overview of sentiment analysis, covering techniques for sentiment 

classification, opinion summarization, and emotion detection, providing a foundation for emotion analysis. 

3.  Emotion Analysis in Text with Lexicon-Based Methods: By Mohammad, S. M., & Turney, P. D. In 

"Linguistic Resources and Evaluation" (2013). Presents an extensive survey of lexicon-based methods for 

emotion analysis, discussing different lexicons, resources, and approaches for inferring emotions from 

textual data. 

4.  Deep Learning for Emotion Recognition on Small Datasets Using Transfer Learning : By Abdul-Mageed, 

M., & Ungar, L. In "Conference on Empirical Methods in Natural Language Processing (EMNLP)" (2017).  

Explores deep learning approaches for emotion recognition, focusing on transfer learning to address limited 

labeled data challenges, achieving competitive results using pre-trained models. 

5.  BERT: Bidirectional Encoder Representations from Transformers: By Devlin, J., Chang, M. W., Lee, K., 

& Toutanova, K. In "Conference on Neural Information Processing Systems (NeurIPS)" (2018). Introduces 

BERT, a transformer-based model revolutionizing NLP. Discusses its application in sentiment analysis and 

emotion recognition, among other NLP tasks. 

6.  Multi-Modal Emotion Analysis in the Wild: By Poria, S., Cambria, E., Bajpai, R., & Hussain, A. In "Neural 

Networks" (2017). Focuses on multimodal emotion analysis, integrating textual and visual information. 

Discusses how combining modalities enhances emotion recognition and understanding. 

7.   Emotion Cause Extraction: A Review By Ghosal, A., Majumder, P., & Poria, S. In "Artificial Intelligence 

Review" (2020). Provides an overview of emotion cause extraction, identifying events or reasons behind 

expressed emotions in text. Discusses techniques and datasets for this purpose. 

8. The Friends TV Show Dataset :By Poria, S., Gelbukh, A., Hussain, A., & Cambria, E. In "Language 

Resources and Evaluation" (2016). Introduces the Friends TV Show dataset, a significant resource for 

emotion analysis in text, and discusses how it has facilitated research in emotion recognition. 

9. I Scream: Augmenting the Affect in Text with Cry: By Gonçalves, D., & Benevenuto, F. In "ACM 

Conference on Computer Supported Cooperative Work and Social Computing (CSCW)" (2014). Explores 

augmentation of affective expressions in text using the cry emoticon, investigating its impact on emotion 

analysis. 

10.EmoReact: A Multilingual Emoji-Based Tool for Sentiment Analysis: By Abdaoui, A., Laborelli, L., & 

Patti, V. In "Journal of King Saud University-Computer and Information Sciences" (2020). Introduces 

EmoReact, a tool leveraging emojis for sentiment analysis and emotion recognition, emphasizing how 

emojis enhance sentiment analysis accuracy. 

11.BERT: Deep Bidirectional Transformers' Pre-training for Language Understanding Ming-Wei Chang, Jacob 

Devlin, Kenton Lee, and Kristina Toutanova (2018). This research presents BERT, a new language 

representation model that jointly trains on both left and right context in all layers to pre-train deep 

bidirectional representations from unlabeled text. 

12.Lexicon-based approaches use a dictionary of sentiment words to classify text as positive, negative, or 

neutral. However, these approaches can be limited in their ability to handle ambiguous or unseen words.  

 

3. PROPOSED MODEL 

 

Emotion recognition in animals using Natural Language Processing (NLP) is an intriguing concept, but it's 

important to note that animals don't express emotions through language in the same way humans do. However, 

there are indirect ways to infer and understand animal emotions through various signals and behaviors. Here 

are some approaches that might be considered: Fig.1 depicts the block diagram of the proposed model 
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3.1. Data Collection: The initial step in conducting sentiment analysis involves the collection of relevant data. 

In this study, Gather textual data that describes the behaviors, reactions, and interactions of animals. This could 

be in the form of ethological notes, diary entries, or any other written records. 

 

3.2. Data Preprocessing: To prepare the collected textual data for sentiment analysis, a series of preprocessing 

steps were meticulously executed. These steps aimed to ensure the data's quality and consistency of the body 

language and emotions. 

 

3.3. Sentiment Analysis Models: For the sentiment analysis task, we harnessed cutting-edge Natural Language 

Processing (NLP) techniques and pre-trained models known for their proficiency in understanding and 

categorizing sentiment in emotion. The following models were employed: 

● VADER (Valence Aware Dictionary and sEntiment Reasoner): VADER, a lexicon and rule-based tool, 

was utilized to generate sentiment scores for the textual data.  

● BERT (Bidirectional Encoder Representations from Transformers): A pre-trained BERT model was 

fine-tuned specifically for sentiment classification, leveraging its ability to capture intricate contextual nuances 

in language.  

 

● Machine Learning Classifiers: Conventional machine learning classifiers such as Support Vector 

Machines (SVM) and Random Forest were trained using labeled data for sentiment classification, providing a 

benchmark for evaluation. 

 

3.4. Feature Engineering: Beyond sentiment scores, additional relevant features were extracted from the 

textual data to augment the analysis. These features included: 

● Emotion Analysis: Features related to emotions, such as the presence of emoticons or emotionally charged 

words, were identified and quantified.  

● Topic Modeling: Techniques like Latent Dirichlet Allocation (LDA) were applied to uncover key topics 

within the text, offering a deeper understanding of the content. 

 

3.5. Data Analysis: Following sentiment analysis and feature extraction, a comprehensive analysis of the 

results was undertaken. This analysis encompassed:  

● Sentiment Distribution: A meticulous examination of sentiment distribution (positive, negative, neutral) 

within each domain under scrutiny.  

● Cross-Domain Comparison: A comparative analysis of sentiment patterns and trends across the 

commerce, healthcare domains, revealing potential insights and distinctions.  

● Correlation Analysis: Investigation of potential correlations between sentiment scores and the additional 

features extracted, shedding light on potential influencing factors. 

 

3.6. Evaluation: The performance of the sentiment analysis models was rigorously evaluated using established 

metrics such as accuracy, precision, recall, and F1-score. Cross-validation was employed to ensure the 

robustness and generalizability of the models across diverse datasets and domains. 

 

3.7. Ethical Considerations: Throughout the research process, ethical considerations were paramount. Steps 

were taken to safeguard the privacy and anonymity of individuals whose data was utilized. Additionally, 

diligent efforts were made to identify and mitigate potential biases in the data sources and the sentiment analysis 

models employed. 

 

3.8. Software and Tools: The sentiment analysis, data preprocessing, and subsequent analysis were executed 

using the Python programming language, leveraging popular NLP libraries including NLTK, spaCy, and 

Transformers. Data visualization was facilitated through tools such as Matplotlib and Seaborn. 
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Fig.1: Block diagram of Sentiment Analysis 

 

4. METHODOLOGIES 

 

The proposed model used LSTM and Vader models to analysis the data. LSTM combined with RNN provides 

good accuracy in the analysis task. 

 

4.1. Recurrent Neural Network (RNNs): Recurrent Neural Networks (RNNs) represent a popular class of 

models that exhibit significant promise in various Natural Language Processing (NLP) tasks.  

Unlike conventional feedforward neural networks, which assume input independence, RNNs are tailored for 

tasks where the sequential nature of data matters, such as sentences with distinct grammatical structures. In 

these cases, the order and relationship between words are essential for understanding meaning or sentiment. 

RNNs are referred to as "recurrent" because they systematically process each element within a sequence, with 

the current output depending on prior computations. Another way to conceptualize RNNs is to view them as 

having a form of "memory" that retains information about prior calculations. The architecture of a typical RNN 

is illustrated as follows: 

 

 
Fig. 2: Recurrent neural network with LSTM memory cells 

 

In this illustration, x(t-1), x(t), and x(t+1) denote sequential inputs that are interdependent, such as words 

within a sentence, while y(t-1), y(t), and y(t+1) represent corresponding outputs. One distinctive characteristic 

of RNNs is that the computation of the current hidden state h(t) for input x(t) relies on the previous hidden 

state h(t-1) for the preceding input x(t-1). The connections between input x(t) and the hidden layer h(t), as 

well as between h(t) and h(t-1), are governed by weight matrices Wxh and Wh, respectively. 
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4.2. LSTMs: Long Short-Term Memory networks —  

LSTMs, or Long Short-Term Memory networks, represent a distinct type of Recurrent Neural Network (RNN) 

designed to effectively capture and learn long-term dependencies. Originally introduced by Hochreiter and 

Schmidhuber and later refined and popularized by various researchers, LSTMs have gained widespread usage 

due to their exceptional performance across a diverse range of problems. While LSTMs share the foundational 

RNN architecture, they integrate additional components to address the challenge of long-term dependencies.  

Unlike standard RNNs, which often struggle with retaining information over extended sequences, LSTMs are 

explicitly engineered to excel at this task. They naturally excel at retaining information over time, making them 

ideal for applications where such memory retention is crucial. All recurrent neural networks consist of a chain 

of repeating neural network modules. In traditional RNNs, these modules are simple, typically consisting of 

just a single hyperbolic tangent (tanh) layer.  

 

The core innovation of LSTMs is the introduction of the cell state C(t), which is represented by the horizontal 

line running across the top of the diagram. This cell state is an additional memory storage mechanism alongside 

the hidden state h(t). The inclusion of C(t) is what enables LSTMs to effectively handle much longer sequences 

compared to conventional RNNs.  

Furthermore, LSTMs employ structures known as gates to regulate the flow of information into and out of the 

cell state. These gates are integral to ensuring that only relevant information is processed and retained:  

 

Forget Gate: After receiving the hidden state h(t-1) from the previous input x(t-1), the forget gate plays a 

crucial role in determining what information should be discarded from the previous state h(t-1), retaining only 

the relevant elements.  

 

Input Gate: In the input gate, decisions are made about incorporating new information from the current input 

x(t) into the current cell state C(t). This allows LSTMs to adapt to changing input and update their memory 

accordingly.  

 

Output Gate: As implied by its name, the output gate governs what information should be output from the 

current cell state C(t) to the next time step C(t+1). This is particularly useful in scenarios like language 

modeling, where the model must decide what information to convey about a subject to prepare for a following 

verb, potentially specifying whether the subject is singular or plural to guide verb conjugation.  

In essence, LSTMs are an evolution of RNNs that tackle the long-term dependency problem by introducing the 

cell state and gate mechanisms, allowing them to effectively handle and process information over extended 

sequences with precision and control. 

 

 
Fig.3: Gated recurrent units. 

 

5.RESULTS AND DISCUSSION 

 

In the context of processing a dataset of documents, a fundamental step is the transformation of these 

documents into TF (Term Frequency) or TF-IDF (Term Frequency-Inverse Document Frequency) vectors. The 

s k learn. feature_ extraction. text module provides essential classes for constructing both TF and TF-IDF 

vectors from text data. In this case, we employ the Count Vectorizer to create count vectors. This process 

involves building a dictionary that encompasses all the words present in the entire corpus. Each word in this 

dictionary is treated as a unique feature 
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Fig.4 Total number of features 

 

The cumulative count of features, that is, the total number of unique words in the corpus, amounts to 1903.  

In managing text data, a common challenge arises from the potentially vast number of features or words within 

the corpus, which can easily extend into tens of thousands. To gain insights into the frequency of each feature 

or word, we utilize histograms. Calculating the total occurrences of each feature is facilitated by the np.sum() 

method. The histogram analysis often reveals that a significant portion of features have infrequent occurrences. 

An interesting aspect of text data is the distribution of words across different sentiment categories. Words with 

positive or negative connotations often span documents of various sentiments, suggesting their potential value 

as predictive features for determining document sentiment. To illustrate, let's consider a few examples: 

 

 
Fig.5.  the word awesome appears mostly in positive sentiment documents 

 

How about a natural word like really? 

 
Fig.6 The word really appears mostly in positive and negative sentiment documents. 
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How about the word hate? 

 
Fig.7 As shown in the figure the word hate occurs mostly in negative sentiment than positive sentiments 

 

In machine learning, many algorithms come with hyperparameters that influence what can be described as the 

model's flexibility or complexity. These hyperparameters are vital in managing the bias-variance tradeoff. The 

'flexibility' axis in the accompanying figure is labeled as such to illustrate how these hyperparameters impact 

the model's bias, variance, and overall generalization performance. Increased flexibility leads to reduced bias 

but increased variance. While it allows for a broader range of function fitting, it also heightens the risk of 

overfitting. Achieving optimal generalization performance necessitates selecting hyperparameter values that 

strike a suitable balance between bias and variance. 

 

 
   Fig.8 mean subjectivity score vs mean polarity scores 
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Fig.9: Final graph of classification. 

 

6. CONCLUSION 

 

In conclusion, sentiment analysis, a pivotal Natural Language Processing tool, plays a crucial role in 

understanding and leveraging emotional recognition of animals. It's important to note that the success of these 

approaches depends on the availability and quality of textual data associated with animal behavior. 

Additionally, the specific challenges and nuances of each species must be taken into account when designing 

and training models for animal emotion recognition. Ethical considerations and the well-being of the animals 

involved should also be a primary concern in any research involving animals. As technology advances, 

sentiment analysis becomes even more indispensable, helping us navigate public opinion intricacies and adapt 

to changing the needs.  

 

Despite the challenges and limitations, the intersection of NLP, machine learning, and animal behavior studies 

offers a unique opportunity to gain insights into the emotional lives of animals. As technology advances and 

our understanding of both NLP and animal behavior deepens, the field holds promise for contributing to 

improved animal welfare and our broader comprehension of the natural world. However, it is essential to 

approach this research with sensitivity, ethical considerations, and a commitment to the responsible use of 

technology for the benefit of animals. 
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