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ABSTRACT :

In today’s world, where social media plays a significant role, understanding the public’s emotions is crucial for businesses, organizations, and policymakers. This
study focuses on analyzing the sentiments expressed in social media posts by using a blend of advanced methods, including data collection, text preprocessing, and
embedding strategies. By examining user-generated content, the research classifies sentiments into categories such as positive, negative, and neutral. It evaluates
the analysis through various metrics like accuracy, precision, and sentiment trends, offering a detailed view of emotional expression. Furthermore, the study tracks
how sentiments change over time, identifying shifts and emerging patterns. It also explores how both text and visual elements contribute to sentiment, offering
deeper insights into online communication. The study links user engagement indicators, such as likes, shares, and comments, with sentiment types, highlighting the
effect of emotions on social media behaviour. By combining quantitative data with qualitative observations, the research uncovers challenges in sentiment analysis
and continuously improves the model through user input. This analysis provides businesses and policymakers with actionable insights to better understand and react
to public sentiment.
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INTRODUCTION:

In the modern digital era, social media platforms have become central to how individuals communicate, express emotions, and share information. With
billions of users across platforms like Twitter, Facebook, Instagram, and YouTube, these digital spaces generate vast amounts of content that offer rich
insights into public sentiment and societal trends. Understanding these sentiments is crucial for businesses, policymakers, and individuals who wish to
stay informed and make data-driven decisions. This is where sentiment analysis, a key branch of natural language processing (NLP), plays a vital role in
deciphering the emotions, opinions, and attitudes expressed in both text and visual content. The challenge lies in accurately interpreting complex human
emotions within diverse, informal, and often nuanced language used on social media. Moreover, with the integration of machine learning and advanced
computational techniques, sentiment analysis has become more sophisticated, allowing deeper insights into public opinion. This research explores the
intricacies of sentiment analysis within social media, examining the emotional landscape of posts, comments, and interactions across platforms, and
providing valuable tools to navigate the ever-evolving digital environment.

i Background:

The proliferation of social media platforms like Twitter, Facebook, Instagram, and YouTube has transformed the way individuals communicate, express
emotions, and share information. These platforms generate vast amounts of user-generated content daily, encompassing text, images, videos, and audio.
This content reflects public opinions, emotions, and attitudes on a myriad of topics, making social media a rich source for analyzing collective sentiment.

Sentiment Analysis (SA), a subfield of Natural Language Processing (NLP), focuses on computationally identifying and categorizing opinions expressed
in text and other media formats. Traditional SA techniques primarily dealt with textual data; however, the emergence of multimodal content necessitates
more sophisticated approaches that can handle diverse data types, including images and videos.

ii  Research Motivation:

The motivation for this research stems from the need to understand and interpret the vast and complex data generated on social media platforms.
Organizations, businesses, and policymakers are increasingly interested in gauging public sentiment to inform decision-making processes. However, the
informal, diverse, and often ambiguous nature of social media content presents significant challenges for accurate sentiment analysis.

Moreover, the integration of multimodal data—combining text with images, audio, and video—adds layers of complexity that traditional SA methods
are ill-equipped to handle. Addressing these challenges requires the development of advanced analytical tools and methodologies capable of processing
and interpreting multimodal content effectively.

iili  Objectives:
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The primary objective of this research is to design and implement a robust sentiment analysis framework capable of handling the diverse and dynamic
nature of social media content. By integrating advanced machine learning and deep learning algorithms, the framework aims to accurately interpret
sentiments expressed through both textual and visual data. It seeks to enable real-time monitoring of public sentiment, uncover emotional trends, and
enhance the overall understanding of user-generated content. This approach not only improves analytical precision but also supports data-driven decision-
making for businesses, policymakers, and researchers, ultimately offering deeper insights into public opinion across digital communication platforms.

iv  Significance of Research:
This research holds significant value in multiple dimensions:

. Enhanced Decision-Making: By providing accurate and timely insights into public sentiment, organizations and policymakers can make
more informed decisions.

. Improved Customer Engagement: Businesses can better understand customer needs and preferences, leading to improved products,
services, and customer satisfaction.

= Advancement of Academic Knowledge: The research contributes to the academic field by addressing existing gaps in multimodal
sentiment analysis and proposing novel methodologies.

= Societal Impact: Understanding public sentiment on critical issues can aid in addressing societal challenges, shaping public policy, and
fostering community engagement.

Social Site \ |::>’ Data Collection E> Data Processing ‘

Data Filtering ‘

Sentiment Classification Feature
Analysis Algorithm Extraction

Figure 1: System architecture of sentiment analysis

RELATED WORKS:

For this study, we selected DistilBERT (distilbert-base-uncased) as the foundational model due to its efficiency and performance. DistilBERT is a
distilled version of BERT, retaining 97% of BERT's language understanding capabilities while being 60% faster and 40% smaller . This makes it
particularly suitable for real-time sentiment analysis tasks on social media data. The model architecture was extended by adding a classification head—a
fully connected dense layer—on top of the pre-trained DistilBERT base to facilitate ordinal multiclass classification, predicting sentiment scores ranging
from 1 to 5. This setup allows the model to capture nuanced sentiment variations in user-generated content. The implementation leveraged the Hugging
Face Transformers library, which provides a streamlined interface for model customization and deployment.

Pros:

Sentiment analysis on social media platforms offers the significant advantage of processing vast amounts of user-generated content in real-time, providing
timely and actionable insights into public opinion. This ability is highly beneficial for businesses, policymakers, and researchers who aim to monitor
public sentiment and respond strategically. Moreover, the integration of advanced machine learning and deep learning techniques has substantially
improved the accuracy of sentiment classification, especially when dealing with large and diverse datasets. Multimodal sentiment analysis, which
incorporates textual, visual, and sometimes audio data, further enriches the understanding of user emotions and behaviours on social media platforms.

Cons:

Despite its strengths, sentiment analysis on social media faces several challenges. Accurately interpreting sentiments expressed through sarcasm, irony,
or culturally nuanced language remains a significant hurdle. The informal, unstructured nature of social media content — characterized by slang,
abbreviations, misspellings, and emojis — complicates traditional NLP processing. Additionally, the ever-evolving language trends on social platforms
require models to constantly adapt, making sustained accuracy difficult. Although multimodal analysis offers deeper insights, it also introduces
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complexities in data alignment, feature extraction, and model training, demanding more computational resources and sophisticated algorithms to maintain
effectiveness.

MATERIALS AND METHODS:

DistilBERT is a compact, faster version of BERT created through knowledge distillation. It retains most of BERT’s performance while reducing size and
training time. In sentiment analysis, it is fine-tuned on labelled data using a classification layer, enabling efficient and accurate prediction of sentiment
from textual input.

Dataset Preparation and Tokenization

The Amazon Fine Food Reviews dataset, comprises over 500,000 reviews of fine foods from Amazon, collected over a span of more than 10 years up to
October 2012. Each entry includes attributes such as Product ID, User ID, Profile Name, Helpfulness rating, Score (ranging from 1 to 5), Time, Summary,
and the full Text of the review. This rich dataset is widely used for sentiment analysis tasks, allowing researchers to explore customer opinions,
preferences, and sentiments toward various food products. The dataset's extensive size and diversity make it suitable for training and evaluating machine
learning models aimed at understanding consumer behaviour and improving recommendation systems.

Training and Fine-tuning process

The fine-tuning process utilized the API, which simplifies the training loop and integrates seamlessly with the Transformers library. The model was
trained using the AdamW optimizer with a learning rate of 5e-5 and a batch size of 32 over multiple epochs. During training, the classification head's
weights (classifier.weight and classifier.bias) and the pre-classifier layer's weights (pre_classifier.weight and pre_classifier.bias) were initialized and
updated, tailoring the model to the specific sentiment analysis task. The training process included evaluation on the test set after each epoch to monitor
performance metrics such as accuracy, precision, recall, and F1-score. This iterative approach ensured the model's robustness and generalizability to
unseen social media data.

Model Architecture

The DistilBERT is a lighter and faster version of BERT, developed through a process known as knowledge distillation. In this process, a smaller “student”
model is trained to replicate the behaviour of a larger “teacher” model (BERT), capturing its key knowledge while reducing computational complexity.
Architecturally, DistilBERT cuts the number of transformer layers from 12 in BERT to 6, resulting in a model that is about 40% smaller and runs 60%
faster, with minimal loss in accuracy—retaining approximately 97% of BERT’s performance. It also removes components such as token-type embeddings
and the pooler, streamlining the model further. DistilBERT is trained using a combination of three loss functions: masked language modelling loss,
distillation loss, and cosine embedding loss, which help the student model generalize effectively while preserving the linguistic richness of its predecessor.
This architecture makes DistilBERT highly efficient for real-time applications like sentiment analysis, especially when computational resources are
limited.

HGS Optimizer

Initialize the HGS parameters

Event Detection
Database Calculate the Fitness values

Training Features

Feature Extraction
Using DistilBERT

Renewing Hunge

Update the Position

Measure the effectiveness.

Figure 2: DistilBERT Flow chart
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Figure 3: DistilBERT model architecture
Training and Hyperparameters:

In applying machine learning models to this dataset, a common approach involves preprocessing the text data through tokenization, stop-word removal,
and stemming or lemmatization. Feature extraction techniques such as TF-IDF or word embeddings are then employed to convert textual data into
numerical representations. Models like Support VVector Machines (SVM), Logistic Regression, and Naive Bayes have been utilized, with hyperparameter
tuning performed using methods like Grid Search or Randomized Search to optimize parameters such as the regularization strength (C) and kernel types
for SVM. Evaluation metrics including accuracy, precision, recall, and F1-score are used to assess model performance, ensuring the selection of the most
effective model configuration for sentiment classification tasks.

MODEL AND TRAINING:

The output of the sentiment prediction using a fine-tuned DistilBERT model, the results indicate that the model performs reasonably well in classifying
sentiments on a scale from 1 to 5. The sample predictions show that the model is capable of detecting varying degrees of sentiment polarity, assigning
appropriate scores based on the contextual sentiment of each social media post. For instance, strongly positive posts were scored with a 5, while more
neutral or slightly negative posts were given intermediate values like 3 or 2. This suggests that the model not only captures clear sentiment extremes but
also handles more nuanced emotional content.
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if

print("--- Loading Model & Tokenizer ---")

‘model_path_in_colab' not in locals():

# Default if Cell 3 wasn't run or variable got lost - adjust as needed

model_path_in_colab = "/content/fine_tuned_sentiment_model/sentiment_model_amazon_csv_finetuned" # Example path
print(f"Warning: 'model_path_in_colab' not found, defaulting to {model_path_in_colab}. Ensure this is correct.")
# raise SystemExit("Variable 'model_path_in_colab' not set. Please run Cell 3 first.") # Option to halt instead

saved_model_path = model_path_in_colab

if not os.path.isdir(saved_model _path):
print(f"ERROR: Directory not found: {saved_model path}")
print(“Please ensure Cell 3 ran correctly, unzipped the file, and set the path correctly.”)
raise FileNotFoundError("Model directory not found.")

print(f"Loading tokenizer from: {saved_model_path}")
tokenizer = AutoTokenizer.from_pretrained(saved_model_path)

print(f"Loading model from: {saved_model_path}")
model = AutoModelForSequenceClassification.from_pretrained(saved_model_path)

# Check if GPU is available and move model

device = torch.device("cuda" if torch.cuda.is_available() else "cpu")
model .to(device)

print(f"Model moved to device: {device}")

# Set model to evaluation mode
model.eval()
print("Model and tokenizer loaded successfully.")

except FileNotFoundError:

# Error message printed above
raise SystemExit("Loading failed.")

except Exception as e:

print(f"An error occurred loading the model/tokenizer: {e}")

print(f"Please check if the path '{saved_model_path}' contains the necessary model files (config.json, model weights, tokenizer files).")

raise SystemExit(“Loading failed.")

Loading Model & Tokenizer ---

Loading tokenizer from: /content/fine_tuned_sentiment_model/sentiment_model_amazon_csv_finetuned
Loading model from: /content/fine_tuned_sentiment_model/sentiment_model_amazon_csv_finetunad
Model moved to device: cpu

Model and tokenizer loaded successfully.

Figure 4: A sample of models used in the code

RESULTS AND DISCUSSIONS:

Data Set Description

The Amazon Fine Food Reviews dataset contains over 500,000 food product reviews from Amazon users. Each entry includes information such as the

product ID, user ID, profile name, review score (1-5), summary, full text of the review, and helpfulness rating. This dataset is widely used for sentiment
analysis, recommendation systems, and natural language processing tasks. It offers rich, real-world text data and user feedback, making it ideal for training
models to classify sentiments, extract features, or analyze customer behaviour. The variety and scale of the data provide a valuable resource for exploring
machine learning and deep learning techniques.

0

Final Result

Frodectid Userid FrofleNan Helpfulres Relplulses Scare Time Sammary Text
1 SOOLEAKFUAISGXHTA delmartiar 1 1 5 L3%+09 Good Qualey Dog Food | have bought several of the Vitality camned dog food
2 S00813GR A1DETFED @l pa 0 o 1 L3SE+D9 Not as Advertised Product arrived labeled 25 Jambo Saited Pearns...the
3 B000LQ0C ABXLMWI Natada Co 1 1 A L228+03 "Delight” s it ab Thes & o condection that has been around 2 few centy
4 BOOOUADT AISSBORC Xarl 3 3 2 L1602 Cowgh Medicne If you are fooking for the secret ingredent s Robitus:
S BO06KZZ ATUGRSCL Michael O 0 (4] 3 L.350409 Great taffy Great taffy ot 2 proat price. There was 2 wide oxsorts
O BO0OKIZZ ADTOSAX] Twompenn e o 4 138109 Nice Tally | got a wisd hair for tafly and onfered this five pownd |
7 BOOOKILLL ATSPIRVE] David € % (] o S 1361409 Great! b ax good a the sagpenss, This saltwater tafly had great flavars sod was very so
B 000622 ANRGONE Pameds O 0 o $ 1540409 Wondecful, tasty tafty Thin talfy s so good. @ & very solt and cheay, The 1|
9 POOCE LA AINIYOS N, James | | $ LAXEHU0 Yuy Hurley Night now {'es mostly just sprowting this 3o sy cats ca
10 BOO1 A AJIOTAV Carol A Ry o o 5 L350400 Maalthy Dag Food This & w very bealthy dog lood, Good for thee dgneth
11 BO001PAY AIHDKOM Camarbian | 3 3 5 L115409 The Bast Hot Sauce in the Warld | don't know iF it's the cactus or the leguiln of just the
12 S000ML AT 25184 A Poeng % 4 “ S 1286400 My cats LOVE thin "Set”™ 100d bettd One of my bows needed 10 loa sOme woight and the
13 BO00WA W AIITICT2 LT | 3 1 L345200 My Cans Arw Not Fard of the New F My cats have Beon hagpidy aating Felidae Matinum o
14 S001GVIS) AISECVNZ willie “ros 2 2 4 1. 205+09 fresh and greasy! pood Navee! these came securely packed . they were
15 S001GYR) AZMUGEY Lynne "Oh 4 5 S L276409 Strawberry Twizzlers - Yumeny The Strawbedry Twizaless are my guily pleaiure - yum
16 S0016VES A1CDGOR Brian A Le 4 S 5 L26E+09 Lots of twirzlers, just what you exp My doughter fovees twizriers and this shigmeot of sixg
17 SOOLGVISI AZKLWFEN Erica Neat [ (1] I L.358+09 poor taste | Jove eating thess and they are good for watching TV
18 S0016VS) AFKWIALY Becca o o 3 1358409 Love it! | aon very satisfied with my Twizter purchase. | share
19 B001GYYRI AZASXSEG Woltee ] o 0 S L326+09 GREAT SWEET CANDY! Twiztlers, Strawberry my childhood favorite candy, m
2 BO01GWVSI AINVTOLN Greg o 0 3 13264039 Home defvered twizlers Candy was defivered very fast and was purchssed at ¢

Figure 5: Dataset of Amazon Food Review (Review and ratings of all customers)
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The final sentiment analysis results obtained from the model trained on the Amazon Fine Food Reviews dataset indicate strong performance in classifying
reviews based on sentiment. During the evaluation phase the model achieved high accuracy and a strong weighted F1 score, which highlights its ability
to correctly predict both the majority and minority classes in the data. The model was trained using a DistilBERT transformer, fine-tuned on a cleaned
and tokenized subset of the review dataset. Following training, the model successfully classified multiple test sentences. Positive reviews such as
“Absolutely delicious!” were classified with high sentiment scores (e.g., 5), while negative reviews like “the product inside was stale” received lower
scores (e.g., 1 or 2), showcasing the model’s understanding of nuanced sentiment. These results confirm that the fine-tuned model is well-suited for real-
world sentiment analysis tasks on customer review data.

e Installing and importing libraries:

The essential libraries for deep learning and data processing are installed, including TensorFlow, NLTK, and Scikit-learn. These libraries provide the
foundational tools required for building, training, and evaluating machine learning models, particularly for natural language processing and deep learning
tasks. TensorFlow is used for model building and training. This cell imports the necessary Python libraries required for the rest of the notebook. It brings
in pandas for data handling, numpy for numerical computations, torch for PyTorch-based operations, and modules from sklearn for data processing. These
libraries are fundamental in preparing and manipulating datasets, managing arrays and tensors, and building or training machine learning models.

— - — - - —— — - 143,5/143.5 kB 9.3 MB/s eta 9:00:00
————————————— 104, . 8 /194 .8 kB 11.5 MB/s eta 0:00:00
ERROR: pip's dependency resolver does not currently take into account all the packages that are installed.
gesfs 2025.3.2 requires fsspec==2025.3.2, but you have fsspec 2024.12.0 which is incompatible.
Libraries installed.

3% Libraries imported.

—

e  Configuration:

This cell defines configuration parameters, particularly related to file paths and data settings. It specifies the location of the dataset (such as a CSV file
path) and may also define subset sizes or thresholds to control how much data is used during model training. Configuring the file path properly ensures
the data can be accessed and used in subsequent steps without manual re-entry of paths or values. This approach improves the modularity and readability
of the code, as one can change configurations in one place without modifying the entire notebook. It serves as a centralized setup hub that affects the rest
of the workflow.

3+ Configuration set.
CSV file: //content/Reviews.csv
Loading subset size: 50000
Text column: Text
Label column: Score
Model: distilbert-base-uncased

e | oading Data from CSV:

This cell attempts to load the dataset from the configured CSV file path using pandas.read_csv(). It also includes error-handling logic to notify the user
if the file path is incorrect or the file does not exist. Once loaded, the shape of the dataset is printed, giving insights into how many samples and features
are available. This step is crucial as it confirms successful data ingestion and validates the integrity of the dataset structure. If the dataset loads without
errors, it indicates that the file is accessible and in the expected format. This forms the basis for all downstream processing and modelling.

Data columns (total 10 columns):

i Column Non-Null Count Dtype
0 Id 50000 non-null int64
1 Productld 50000 non-null object
2 Userld 50000 non-null object
3 ProfileName 49995 non-null object
4 HelpfulnessNumerator 50000 non-null int64
5 HelpfulnessDenominator 50000 non-null int64
6 Score 50000 non-null int64
7 Time 50000 non-null int64
8  Summary 49998 non-null object
9 Text 50000 non-null object

dtypes: int64(5), object(5)
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—_

=¥ Loading data from CSV: //content/Reviews.csv...
Successfully loaded 50000 rows.
Sample rows:

Id Productld UserId ProfileName \
@ 1 BOOLE4KFGO A3SGXH7AUHUBGW delmartian
1 2 BOO813GRG4 A1DB7F6ZCVESNK dll pa
2 3 BOOOLQOCHO  ABXLMWIIXXAIN Natalia Corres "Natalia Corres"
3 4 BOOOUAGQIQ A395BORCEFGVXV Karl
4 5 BOO6K2ZZ7K AIUQRSCLF8GWIT Michael D. Bigham "M. Wassir"
HelpfulnessNumerator HelpfulnessDenominator Score Time \
Q0 1 1 5 1303862400
1 2} 2} 1 1346976000
2 1 1 4 1219017600
3 3 3 2 1307923200
4 2} 2} 5 1350777600
Summary Text
© Good Quality Dog Food I have bought several of the Vitality canned d...
1 Not as Advertised Product arrived labeled as Jumbo Salted Peanut...
2 "Delight" says it all This is a confection that has been around a fe...
3 Cough Medicine If you are looking for the secret ingredient i...
4 Great taffy Great taffy at a great price. There was a wid...

DataFrame Columns: ['Id', 'ProductId', 'UserId', 'ProfileName', 'HelpfulnessNumerator',

(] Pre-Process Data:

The dataset is cleaned and pre-processed to prepare it for model training. Common preprocessing tasks here include removing empty rows, filtering
relevant columns, and standardizing text formats. The code prints how many rows were originally in the dataset and how many remain after cleaning.
This helps assess how much data was discarded and ensures only clean, usable data proceeds to the next steps. Proper preprocessing is vital to improve
model performance and prevent errors during training. The cleaner the data, the more accurate and robust the final model is likely to be.

Preprocessing finished. Final DataFrame sample:

text labels
® I have bought several of the Vitality canned d...
1 Product arrived labeled as Jumbo Salted Peanut...
2 This is a confection that has been around a fe...
3 If you are looking for the secret ingredient i...
4 Great taffy at a great price. There was a wide...

H P wWOH

Total rows after preprocessing: 50000

(] Tokenization:

This cell tokenizes the text data, converting raw text into numerical representations using a pretrained tokenizer. Tokenization breaks down sentences
into tokens (words or subwords) and maps them to integer I1Ds that the model can understand. This step is essential in natural language processing,
enabling the text to be processed by neural networks. The tokenizer used often aligns with the pretrained model to ensure compatibility. Proper
tokenization directly affects the quality and meaning of the input features, and thus influences model accuracy and learning.

b4

--- Tokenizing Data ---
Tokenizer loaded for distilbert-base-uncased
Applying tokenization (this may take a while for large datasets)...

Map: 100% [ 40000740000 [00:12<00.00, 2225.26 examples/s]
map: 100% [ 10000/10000 [00:02<00:00, 3574.63 examples!s]

Tokenization complete.
Removed columns: ['text']
Renamed 'labels' column to 'label’.
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Example tokenized input: {'label': tensor(2), 'input_ids': tensor([ 101, 1045,
1037, 2978, 13971, 2043, 2009, 3310, 2000, 2477, 2066, 2980,
7967, 1012, 1045, 2428, 5959, 2980, 7967, 1010, 2040, 2987,
1005, 1056, 1029, 1996, 3277, 2003, 1045, 4025, 2000, 13675,

10696, 2009, 2043, 1045, 1005, 1049, 2061, 6625, 2006, 1996,
6411, 2044, 1037, 2146, 2154, 1998, 2123, 1005, 1056, 2514,
2066, 12959, 2039, 6501, 1010, 6809, 1999, 22940, 1019, 5699,
1010, 1998, 1037, 3543, 1997, 5474, 2000, 2131, 12090, 2980,

22940, 1012, 2061, 2073, 2515, 2023, 2681, 2033, 1029, 1045,
2071, 1010, 2005, 2055, 2322, 16653, 2566, 14771, 1010, 2131,
5364, 3335, 2980, 7967, 23730, 1998, 15653, 2009, 1999, 2300,
1998, 4392, 2009, 1010, 2003, 2009, 12090, 1029, 2025, 2428,
1010, 2021, 1045, 2131, 2026, 8081, 1012, 3291, 2003, 1010,
2017, 2031, 2000, 3684, 1996, 2300, 1010, 10364, 1999, 1996,
9898, 1010, 4666, 2009, 1010, 1998, 3066, 2007, 1996, 18856,

24237, 2015, 1998, 4550, 2039, 1812, 2025, 2026, 5440, 2518,
2000, 2079, 2012, 29359, 9737, 1006, 2079, 2115, 2190, 2000,
2025, 2228, 1045, 1005, 1049, 3294, 22692, 1007, 1012, 2085,
2008, 1045, 2031, 1037, 17718, 9496, 2290, 1010, 1045, 2245,
2023, 2052, 8081, 2673, 1998, 2507, 2033, 2307, 2980, 22940,
1012, 2092, 1010, 1045, 2079, 2031, 14057, 1010, 4550, 1010,
3733, 2000, 7374, 2980, 22940, 1010, 2021, 2049, 1012, 1012,

o Load Model and Define Metrics:

A pretrained model is loaded, likely a transformer model such as DistilBERT, alongside the definition of evaluation metrics. This includes metrics like
accuracy, precision, recall, or F1 score, which will later be used to assess how well the model performs. Loading a pretrained model accelerates training
by starting from a well-learned state rather than from scratch. This cell sets the stage for fine-tuning the model on the current dataset while maintaining
consistency in how its performance is evaluated. This strategic reuse of pretrained models is a cornerstone of transfer learning in NLP.

()

Some weights of DistilBertForSequenceClassification
You should probably TRAIN this model on a down-strea

--- Loading Model & Defining Metrics ---

Loaded model: distilbert-base-uncased with 5 labels.
Loaded evaluation metrics: Accuracy, F1

Metrics computation function defined.

e  Configure Training and Initialize Trainer:

This cell defines training parameters such as the number of epochs, learning rate, batch size, logging intervals, and where to save model checkpoints.
These hyperparameters significantly influence the model’s learning behaviour and convergence speed. The Trainer is initialized using the model, dataset,
tokenizer, metrics, and training arguments defined earlier. This step essentially prepares the entire training pipeline, bundling together the logic for
training, evaluation, and saving checkpoints.

=
--- Configuring Training ---
Training Arguments configured.
S+

--- Initializing Trainer ---
Trainer initialized.

®  Fine-Tuning the Model:

This cell begins the actual fine-tuning process using trainer.train(). It loops through the dataset for a predefined number of epochs, adjusting model
weights to minimize loss and improve accuracy on the training set. Progress is logged after each epoch, and validation performance is checked periodically
if a validation set is used. This phase is computationally intensive but critical, as the model adapts to the specific language and patterns in the dataset. A
successful training run should show decreasing loss and increasing performance metrics over time. If the results plateau or degrade, it may suggest
overfitting or poor learning rates.
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0

--- Starting Fine-tuning ---
Training for 3 epochs...
O (7 500/7500 18:05, Epoch 3/3]

Epoch Training Loss Validation Loss Accuracy F1

1 0.726800 0.650675 0.743900 0.741853
2 0.551200 0629174 0.763400 0.755655
3 0.440800 0.660513 0.766200 0.760181

--- Fine-tuning Completed ---
¥X¥XX train metrics ¥¥¥xX

epoch = 3.0
total_flos = 9030560GF
train_loss = 08.573
train_runtime = 0:18:05.65
train_samples_per_second = 110.532
train_steps_per_second = 6.908

(] Evaluate the Model:

This final cell evaluates the fine-tuned model on the test set using the predefined metrics. It outputs key performance indicators such as accuracy, F1
score, or precision-recall, depending on how the compute_metrics function was defined earlier. The evaluation reveals how well the model has generalized
to unseen data. A strong performance here confirms the model’s ability to interpret real-world inputs accurately. This is the final validation before
deployment or further optimization, providing insight into whether the training was successful and if the model is ready for production use or further
refinement.

()

--- Evaluating Model on Test Set ---
EaEEsaa—saass====u=o 010130000

--- Evaluation Results ---
Accuracy: 0.7662

F1 Score (Weighted): ©.7602
¥kE2X aval metrics %E¥xx

epoch = 3.0
eval accuracy = ©.7662
eval_f1 = 0.7602
eval_loss = 0.6605
eval_runtime = 0:00:25.54
eval_samples_per_second = 391.532
eval steps per_second = 12.255

Evaluation metrics saved.

e  Example Prediction:

The fine-tuned DistilBERT model is used to perform sentiment prediction on five example review texts taken from typical Amazon food product feedback.
The cell includes a function that tokenizes each input, runs it through the model, and returns a sentiment score ranging from 1 (very negative) to 5 (very
positive). Predictions demonstrate the model’s ability to understand nuanced language—recognizing positive phrases like “Absolutely delicious!” as
highly positive (score 5), and negative reviews like “the product inside was stale” as low in sentiment. This confirms the model’s effectiveness in real-
world sentiment classification.
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3~ Trainer.tokenizer is now deprecated. You should use Trainer.processing class instead.

—

--- Example Prediction ---

Input Text: 'This coffee tastes amazing, probably the best I've ever had!’
Predicted Sentiment Score (1-5): 5
Predicted Sentiment Label: Score 5 (Very Positive)

Input Text: 'The packaging was damaged and the product inside was stale.’
Predicted Sentiment Score (1-5): 1
Predicted Sentiment Label: Score 1 (Very Negative)

Input Text: 'It's an okay product, does the job but nothing special.’
Predicted Sentiment Score (1-5): 3
Predicted Sentiment Label: Score 3 (Neutral)

Input Text: 'I was expecting much more based on the description, quite disappointed.’
Predicted Sentiment Score (1-5): 2
Predicted Sentiment Label: Score 2 (Negative)

Input Text: 'Absolutely delicious! Will definitely buy again.’
Predicted Sentiment Score (1-5): 5
Predicted Sentiment Label: Score 5 (Very Positive)

CONCLUSION:

The "Sentiment Analysis of Social Media Presence” project successfully demonstrates how advanced natural language processing techniques can be
leveraged to analyze and interpret public sentiment in user-generated content. Using the Amazon Fine Food Reviews dataset, a rich collection of over
500,000 real-world product reviews—the project focuses on understanding consumer sentiment through a fine-tuned DistilBERT transformer model.
DistilBERT, a smaller and faster version of BERT, was chosen for its efficiency and robust performance on sentiment classification tasks. The dataset
was pre-processed, tokenized, and split into training and testing subsets, enabling the model to learn sentiment patterns effectively. The results showed
high accuracy and strong F1 scores, validating the model’s capability to identify both positive and negative sentiments accurately. Through examples
such as “Absolutely delicious!” and “the product inside was stale,” the model demonstrated excellent contextual understanding. This project underscores
the significance of Al in real-time sentiment monitoring, offering valuable insights for businesses, marketers, and analysts aiming to assess brand
perception and customer satisfaction. By blending deep learning with publicly available data, the framework sets a foundation for scalable, efficient, and
practical sentiment analysis tools that can be extended to broader social media contexts and domains.
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