INTERNATIONAL JOURNAL OF ELECTRONICS AND
COMPUTER APPLICATIONS

Modern College of Engineering

—r PUNE - 5 e—

ORIGINAL ARTICLE

& OPEN ACCESS

Received: 29-07-2025
Accepted: 28-11-2025
Published: 12-12-2025

Citation: Ladhane P, Talole S,
Gadsing S, Pund N, Shahaji B.
Enhancing Social Media Analytics
with NLP Pipeline for Trend
Detection and Sentiment. 2025;
2(2):74-80.
https://doi.org/10.70968/ijeaca.v2i2
ML117

* Corresponding author.
payal.ladhane@gmail.com

Funding: None
Competing Interests: None

Copyright: © 2025 Ladhane, et al.
This is an open access article
distributed under the terms of the
Creative Commons  Attribution
License, which permits unrestricted
use, distribution, and reproduction
in any medium, provided the
original author and source are
credited.

ISSN
Electronic: 3048-8257

Introduction

Enhancing Social Media Analytics with NLP
Pipeline for Trend Detection and
Sentiment

Payal Ladhane, Shivani Talole', Shraddha Gadsing’, Nirjala Pund’, Barkha
Shahaji?

1 Student, Computer Engineering Department, Vidya Prathishthan's Kamalnayan Bajaj
Institute of Engineering and Technology, Baramati, Maharashtra, India.

2 Assistant Professor, Computer Engineering Department, Vidya Prathishthan's
Kamalnayan Bajaj Institute of Engineering and Technology, Baramati, Maharashtra,
India.

Abstract

Due to the rising popularity of social media, the necessity of automated systems
that can monitor, detect harmful content, find sentiment, and detect emerging
trends is becoming more wurgent [1,2]. A unified Natural Language
processing(NLP)[6] pipeline performing sentiment analysis and trend extraction
using deep learning methods is proposed in this work. Through public APIs, live
textual data is gathered and passed through preprocessing steps after which TF-
IDF based feature extraction and initial polarity checking [6,7]. For a better
understanding of sentiment patterns, an adapted RoBERTa model is used, and its
performance is evaluated compared to widely used Machine Learning methods.
According to the experimental observations, ROBERTa shows more robustness
and deals with informal social media language better than others. The
framework not only entails the sentiment classification of user tweets but also
detecting trending topics by the trend in the frequency of keywords and
temporal topic model[5,10]. This combination allows to keep a record of the
discussions and its time patterns. In general, the suggested method provides a
scalable and efficient solution for social media analytics as well as automated
content monitoring[12,16].

Keywords: Natural Language Processing (NLP), Sentiment Analysis, Trend Detection, Deep
Learning, RoBERTa, Text Classification, Machine Learning, RealTime Data Analytics

improved social media analytics framework designed to not
only analyze sentiment but also identify emerging trends,

The advent of social media sites including Twitter, Reddit,
Instagram, and YouTube has dramatically increased their
importance as key sources of publicly shared opinion, realtime
knowledge exchange, as well as social engagement. User
generated content in the form of millions of posts every day
embodies the emotions, opinions, and responses of the masses
regarding various aspects of business, politics, medicine, and
governance. Such mass amounts of dynamic, unstructured,
and constantly changing text data hold immense prospects of
analysis of the public sentiment and the developing trends,
although the challenges of analysis lie in their unstructured,
dynamic, and velocity nature. This study introduces an

providing a more complete understanding of online
discussions. The system gathers real-time textual data through
APIs, cleans and preprocesses it, and applies TF-IDF
techniques along with polarity scoring to extract meaningful
features. A finetuned ROBERTa model is used for more accurate
sentiment classification. The model is evaluated against
popular machine learning techniques, including Na "1ve Bayes,
Support Vector Machines (SVM), Logistic Regression, Random
Forest, k-Nearest Neighbors (k-NN), Artificial Neural

Networks, as well as the transformer- based BERT model® 7

14)_ The findings suggest that the RoBERTa model is able to

https://ijeaca.com/

74


https://doi.org/10.70968/ijeaca.v2i2.ML117
https://doi.org/10.70968/ijeaca.v2i2.ML117
mailto:payal.ladhane@gmail.com
https://ijeaca.com/

Ladhane, et al. / International Journal of Electronics and Computer Applications 2025;2(2):74-80

better understand context and achieve better classification
accuracy compared to the other models especially for informal
and rapidly evolving social media Ianguage(14’ 15). Recent
studies suggest that NLP systems should not only concentrate

on sentiment identification but also monitor how discussions

and opinions shift over time® 16), Considering this idea, the

Table 1: Literature Review Summary

framework uses keyword frequency, time, and topic clustering

to capture an event on a real-time basis as it breaks out® 10),
The system provides a practical and flexible solution for
monitoring social media by linking a deep learning-based

sentiment analysis(3’ 4) with real-time trend identification.

Ref Year Concept Parameter Dataset Findings Limitation
(1) 2023 Trend Detection + NLP  Accuracy, Classification Twitter Dataset Detects manipulation trends No deep sentiment
analysis

(2) 2024 NLP Topic Detection Accuracy, Semantic News Dataset Identifies emerging topics Weak on noisy text
Similarity

(3) 2024 Sentiment Analysis Accuracy, Interpretability Social Media Improves implicit sentiment High computation cost

Dataset

(4) 2023 NLP + Mobility Analysis  prediction Accuracy, Social Media Data  Extracts mobility patterns Needs location data
Efficiency

(5) 2023 Word2Vec + Text Mining Accuracy, Similarity Big Text Data Detects semantic trends Requires large dataset

(6) 2023 CNN + Autoencoder

(7) 2022 BERT-CNN Accuracy, Recall

(8) 2023 Deep Learning Trend Accuracy, Popularity Score
Pre-

diction

(9) 2024 Emoji + ML Precision, Recall, F1-score

(10) 2024 BERT + Emoji Embed- Accuracy, Precision

ding
(1) 2024 BiLSTM + GRU Accuracy, F1-score
(12) 2024 Hybrid Sentiment Model  Accuracy, ROC-AUC, F1-

score
(13) 2025 BERT + GCN Accuracy, Classification

(14) 2024 Pretrained Models

Accuracy, Temporal Analysis Social Media
Dataset

Twitter Dataset

Weibo Dataset

Twitter Dataset

Urdu Tweets
Dataset

Twitter Dataset

Review Dataset

Twitter Dataset

Accuracy, Model Comparison Multiple Datasets

Tracks opinion trends Complex model

Improves sentiment detection Poor short text handling

Predicts opinion spread Depends on interaction

Enhances sentiment
detection

Limited dataset diversity

Better contextual sentiment  High resource usage

Captures emotional context  High complexity

Improves minority sentiment Data dependent

Improves classification High complexity

High performance High computation cost

(15) 2024 Deep NN + LLM Accuracy, Analysis Depth Aspect Dataset Better opinion analysis Needs large data
(16) 2021 BERT-LDA Accuracy, Topic Coherence  Social Media Combines topic + sentiment  Large data needed
Dataset

(17) 2024 LSTM Model
(18) 2023 Aspect-Based SA

Accuracy, Precision, Recall
Accuracy, Aspect Precision
(19) 2024 Lexicon-Based SA Accuracy, Processing Time

(20) 2023 D-RNN Accuracy, Classification

Twitter Dataset
Review Dataset
Multiple Datasets

Twitter Dataset

Detects hate speech Limited scope

Provides aspect insights Complex features
Fast processing Low consistency

Improves sentiment accuracy High computation

Related Work

The rapid increase in the user-generated posts on sites like
Twitter, YouTube, and Reddit has led to increasing research on
social media analytics to understand public opinion sentiment
and developing trends(™ 2. The large volume, unstructured
nature, and diverse languages used in the information can
generate noise, contextual ambiguity, and linguistically varied
issues that cause the need for automatic analysis frameworks.
The initial research work on sentiment analysis made use of

dictionary-based approach and statistical techniques, in which
pre-defined sentiment word lists were in turn used to identify
the polarity of text®).  The straightforwardness and
interpretability of these methodologies made it difficult for
them to capture context, sarcasm, or the informal language
often used in social media discourse®). To surmount earlier
limitations, research works attempted to combine machine
learning methods with the natural language processing to

build a proper pipeline for sentiment classification®). These
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pipelines usually start with preprocessing steps like cleaning
the text, tokenization, removing stop words, and normalizing

the content to improve data quality(6). Methods like Bag of
Words, n-grams, and Term Frequency - Inverse Document
Frequency are employed to transform textual data into
numerical representations, which are then used by categorizer
like Na "1ve Bayes.

As representation learning progressed, semantic embedding
methods were introduced to better capture word meaning in

context(®). Techniques such as Word2Vec helped model
relationships between words, which improved the quality of

sentiment prediction(s). Newly , transformer based models
like BERT are used to produce contextual embeddings, leading
to stronger performance on sentiment analysis tasks across
varied and noisy social media data® 19,

Beyond sentiment classification, identifying trends has

become a key focus in social media analytics(s). Topic
modeling techniques, including Latent Dirichlet Allocation

(LDA) and Non-negative Matrix Factorization (NMF)(IO) are
mostly used to identify underlying topics and evolving
patterns within large-scale text data. When supported by
frequency analysis and clustering, these approaches help
detect popular hashtags, keywords, and discussion themes as

they emerge in real time®).

Recent studies highlight the benefit of combining sentiment
analysis with trend identification to better understand

patterns in social media activity(lz). Linking sentiment
polarity with emerging topics allows such integrated systems
to reveal clearer insights into public perception and emotional
reactions, supporting modern NLP pipelines used for real-time

monitoring and analysis(s’ 16),

Ease of Use

Activities like data collection and cleaning, feature extraction,
sentiment analysis, trend detection, and visualization, all
perform their function independently but work well together
in harmony. Due to this arrangement users can change or add
to one part of the system, without disrupting the rest of the
workflow. The implementation is based on the widely used
open-source tools like Python, NLTK, Scikitlearn,
TensorFlow/Keras, and Tweepy, therefore, anyone with
rudimentary knowledge of ML and NLP can use or adapt it.
Once set up, the system operates with minimal manual
intervention. It can automatically take in live social media data
and deliver useful analytical results. So, it becomes easier to
interpret the analytical outcomes with the inclusion of visual
elements such as sentiment charts, word clouds, and trend
graphs. These dashboards convey complicated information in
an uncomplicated manner thus making it easy for an analyst
or decision-maker to comprehend how public opinion has
shifted without the need for advanced technical skills. The

simplicity of the setup, automation of function and the easy to
read outputs of the system render the system practical, flexible
and apt for doing real-world social media analytics tasks.

Proposed Work

The proposed work of study including the proposed
framework, and algorithmic detail:

A. Dataset

For preparing the dataset, live Twitter posts were collected
using the Tweepy APl The retrieved raw data was then
organized into Pandas Data Frames in Python, making it easier
to clean, transform, and remove unwanted noise before
analysis.

B. Data Acquisition

The process begins by collecting live posts through public APIs,
such as the Twitter API, using specific keywords, hashtags, or
topics as search filters. This allows the system to continuously
receive fresh content that reflects ongoing public
conversations. The fetched data, usually available in JSON or
text form, includes the actual post, time details, and other
useful metadata, which are then arranged into a structured
format to make further analysis easier and more organized.

C. Data Preprocessing

Social media data is highly noisy and unstructured, containing
emojis, URLs, special characters, slang, and redundant

content® ¥). To address these issues, preprocessing techniques

are applied(6’ 7). Text normalization ensures consistency across
linguistic variations, while language filtering
irrelevant or unsupported content. This stage significantly

improves data quality and prepares the text for feature

removes

extraction and model training.
D. Feature Extraction

At this stage, unprocessed text data transformed into
numerical representations that can be utilized by machine

learning algorithms(6) . Methods like TF-IDF and n-gram
modeling are applied to measure the significance of words and

phrases within the text® 7). For richer semantic
understanding, embedding techniques such as Word2Vec and
contextual representations from transformer models like BERT

are used® 19,

These embeddings preserve contextual
relationships between terms, improving the quality of
sentiment detection and trend analysis(s’ 16),
E. Trend Detection

The trend detection component tracks rising topics, popular
hashtags, and influential keywords through topic modeling
and clustering approach such as Latent Dirichlet Allocation
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and Non-negative Matrix Factorization. Through these
techniques presumably concealed themes and shifts in public
attention are revealed. Analyzing these subject patterns along
with sentiment polarity the system gives even a clearer idea
about how people respond to and make sense of social ills.

F. Sentiment Analysis

The sentiment analysis module automatically assigns each

social media post a positive, negative or neutral class(). Deep
learning models in the form of LSTM networks are leveraged in

conjunction with transformer architectures such as BERT(4 1)
and RoBERTa which are inherently suited to sequence and
contextual understanding in text. This method helps the
system interpret user sentiments, feelings, and attitudes

toward various topics at different times(216),

G. Visualization and Insight Generation

Makes Complex Analysis simpler and clearer. Graphs such as
bar charts, word clouds and time series graphs illustrate things
like sentiment distribution, most common hashtags discussed
and changes in sentiment over time. Take the outputs of the
analysis and produce insights from these which people can
interpret without understanding the technique. Consequently,
the evolving sentiments enable companies, officials, analysts,
researchers and many more to quickly comprehend the
changing public opinion, track the social conversation in real-
time and make informed, data-led decision-making.

Algorithms Used
A. Sentiment Analysis Algorithms

1. Logistic Regression:

It is a supervised learning technique mainly used for tasks like
classification. Unlike linear regression, which estimates
continuous numerical outputs, logistic regression calculates
the likelihood that a given input belongs to a particular class.

It is commonly applied to problems such as binary
classification, where outcome has only two possible
categories, such as Yes/No, True/False, or O/1. This method
uses sigmoid function for transform input values into
probabilities ranging between 0 and 1.

In logistic regression, the output of a linear equation is passed
through the sigmoid function to convert continuous values
into discrete class predictions. The sigmoid (logistic) function
maps any real-valued input into a probability value between 0
and 1, enabling classification.

z=wlx+b o

The probability estimation in logistic regression is given as
follows:

1
Py=11x)= P ey

10) = =S [y log () + (1= y)log 1= )]

In context of sentiment classification, Logistic Regression
maps high-dimensional TF-IDF vectors to sentiment labels by
determining an optimal decision boundary between classes.
Its advantages include computational efficiency,
interpretability, and effectiveness in handling sparse and high-

dimensional text data(® 7). As a linear classifier, it has limited
ability to represent intricate contextual patterns when
compared with deep learning techniques. Still, because it is
straightforward to implement and consistently dependable,
Logistic Regression is often used as a baseline for assessing the
performance of more sophisticated machine learning and
transformer-based models in social media sentiment

analysis(l4).
2. RoBERTa:

ROBERTa is a deep learning model based on Transformer
architecture, developed for high-performance natural
language understanding tasks. It builds using original BERT
model by introducing improved training techniques and
utilizing larger and more diverse datasets.

The model relies entirely on the Transformer encoder and uses
self-attention to understand relationships between words
within a sentence. Compared to BERT, RoOBERTa eliminates the
Next Sentence Prediction (NSP) task and instead applies
dynamic masking during training. These changes help the
model learn more detailed and effective language
representations.

Mathematically, RoBERTa is trained using the Masked
Language Modeling (MLM) objective, where randomly
selected tokens in a sentence are masked and predicted based
on surrounding context.

e Masked Language Modeling Loss

LMLM = —Xlog P(xi | x \ M)
iEM

where Ly, denotes the masked language modeling loss.
Here, M denotes the set of masked token indices, x; represents
the original token at position i, and x), indicates the input

sequence in which the masked tokens been
replaced, P(-) represents the probability function, log denotes

have
the natural logarithm, and | represents conditional probability.
o Classification Layer Formula

y" = softmax(Whcg) + b)
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where y" represents the predicted probability distribution,
softmax(-) is the activation function that converts logits into
probabilities, W denotes the weight matrix of the classification
layer, hjcg) represents the contextual embedding of the
special classification token [CLS], and b denotes the bias

Vector(14).

Sentiment analysis and text classification tasks, RoBERTa is
fine-tuned by adding task-specific classification layer on top of
the pretrained model. During fine-tuning, the model adjusts
its weights based on labeled data, enabling accurate prediction
of sentiment polarity(ls). Compared to traditional machine
learning models and earlier transformer architectures,
RoBERTa demonstrates superior contextual understanding,
robustness to informal language, and higher classification
accuracy. Due to these advantages, it is widely adopted in
research applications involving sentiment analysis, trend
detection, question answering, and other NLP tasks.

B. Trend Detection Algorithms
1. Normalized Frequency Formula

A statistical approach that identifies trending keywords and
hashtags based on their occurrence frequency within defined
time windows.

Ni (4)

where F, ; represents the normalized frequency of term ¢ within
time window i is represented using f; ;, which denotes the raw
count of term ¢ observed in that specific time interval.

and N; represents total number of documents in time

window i(%10),
2. Average Growth Rate (AAGR) Formula

Using the Word2Vec are applied to uncover latent semantic
structures and cluster tweets into coherent topics, enabling
effective detection of emerging discussion trends.

T
- T
I r R Ei Fig

Ef: 1 Fei (5)

where AAGR, denotes the average growth rate of term ¢,
T represents the total number of time windows, and F, ; is the

normalized frequency of term ¢ at time window i9),

Results And Discussion

The developed system provides an interactive dashboard for
real-time sentiment analysis and trend detection. (Fig. 1)
illustrates the user interface of the application where users can
select trending topics such as Renewable Energy, Artificial
Intelligence, and Climate Change. The system fetches realtime

news data and performs sentiment analysis using the
RoBERTa model.

Trending Topics & News

Incha Budget 2025 Astificial Intelligence Climate Change

Global Economy Space Exploration Electric Vehicles

Healthcare Innovation Renewable Energy

Education Technology Social Media Sports News

Fetch News

Fetch News

Fig. 1: Trending Topics Selection Dashboard

(Fig. 2) shows the fetched news articles related to the selected
topic. The system allows users to select a specific news item for
detailed sentiment evaluation.

Fetch News

Fetch News.

News Items (46 found)

Fig. 2: News Fetching Module

(Fig. 3) illustrates the sentiment analysis outcomes, showing
how positive, negative, and neutral sentiments are distributed.
In the selected example, the majority of the sentiment is
neutral (63.38%), followed by positive (30.94%) and negative
(5.68%).

The system also provides an explanation of the predicted
sentiment along with confidence
interpretability and user understanding.

scores, enhancing
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Sentiment Chart

Neutral (%)

Fig. 3: Sentiment Analysis Results

Analysis Explanation

Fig. 4: Detailed Sentiment Explanation
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