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ABSTRACT

Social media has become a vital tool for shaping public opinion, political debate, and consumer choice-
making trend predictions and influencer analysis have never been more critical for businesses,
policymakers and researchers. This paper introduces a new methodology of combining sentiment analysis,
machine learning and network analysis to predict social media trends and identify cultural influencers. We
acquire information from Twitter, Instagram, and Facebook using sophisticated NLP and machine learning
models such as LSTM for Sentiment Classification, and ARIMA for Trend Prediction. A mixture of
sentiment, user engagement and network centrality for the influential user is introduced. We have
presented the results, showing the superiority of our hybrid approach against the traditional ones, with the
MAE of trend forecasting for 0.145 and the influencer recommendation Fl-score of 86.2%. The results
demonstrate the capability of integrating sentiment analysis and influencer detection to enhance trend
prediction and influence analysis. The methodology and its implementation provide useful tools for Real-
time Social Media Analysis. They have applications in marketing, politics and social science by giving
stakeholders control over social media dynamics.

Keywords: Social Media, Trend Forecasting, Sentiment Analysis, Influencer Identification, Machine

Learning, Network Analysis
1. INTRODUCTION organizations, businesses, or policymakers to
leverage such digital entities to their advantage [1].

Social media services have transformed Trend forecasting This is the prediction of the

communication, commerce, and popular culture,
providing essential forums for public discussion,
social contact, and public opinion formation.
Platforms like Twitter, Facebook, Instagram, and
TikTok have billions of daily active users,
producing never-before-seen data streams that are
invaluable for social sciences, marketing, politics,
and other research areas. The vast amount of
content created by many users (from text posts,
images and videos to likes, shares, comments, and
all types of engagement) provides a unique
opportunity to study public opinion and social
dynamics and perceive near-real-time emerging
trends. Understanding and forecasting the trends in
these communities becomes essential  for

direction that hashtags, words, or topics have taken,
and you could also include the time in which they
were discussed. Trend prediction is an issue of
great interest to several groups, including
organizations that want to exploit emerging market
opportunities. These political parties want to
understand the nation's mood, and researchers are
interested in understanding social dynamics.
However, conventional approaches to trend
analysis tend to be too static and too slow to catch
the fleeting shape of things in social media. Big
data analytics is a promising solution to address
these issues by analyzing large-scale data and
extracting actionable knowledge with machine
learning, natural language processing, and network
analysis methods [2], [3].
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The study of social media influence is equally
significant and becomes a vital factor in molding
public opinions, consumer purchase behaviors, and
political decision-making. Social media influencers
are essential moderators of trends and
conversations, serving as the link between brands
and followers. Influence is not merely a function of
the size of a user's network but the user's position
and directionality in terms of amplification of
topics. Identifying the influential actors in social
networks and studying their interaction is crucial to
winning elections effectively, so it is essential for
brand management, marketing or politics [4], [5].
Although plenty of research has been done on
predicting social media trends and analyzing
influence, these works are fractious; they are either
approached by predicting trends only or identifying
influencers only. The literature review indicates it
lacks an overall framework integrating sentiment
analysis, trend prediction and influencer
identification in a single model. The goal of this
work is to fill this gap by introducing a novel
method based on big data techniques that allow us
to forecast and analyze social media trends,
including the role of key users in such trends [6],
[7].
The objectives of this study are threefold:
1. To develop an integrated methodology
for forecasting social media trends using
machine learning algorithms, sentiment

analysis, and network analysis techniques.

2. To identify and classify key influencers
within social media platforms, focusing on
the role of users in shaping discussions
and driving trends.

3. To examine the relationship between
sentiment, influence, and trend
dynamics on social media platforms,
exploring how positive and negative
sentiment influences the rise and fall of
topics over time.

This work is a natural extension of prior work in
social media analysis, machine learning and
network theory. Still, a distinct contribution is
collectively merging them under a standard
formalism. We use time-series models, deep
learning-based methods, and network centrality
measures to study patterns of trends and social
influence in what is thought to be novel in previous
work [8], [9], [10].

This work contributes a comprehensive approach to
trend prediction and influence analysis by
integrating ideas like sentiment analysis and finding
influencers to understand the dynamics of social
media more closely. Through the eyes of big data,
we are hopeful that we will be able to shed new
light on the evolution of trends and the operation of
influence in social media networks [11], [12].

Background and Related Work

The prediction of trends in social media and
influence analysis are two areas that have drawn the
most attention in recent years; several approaches
have been intended to identify how trends will be
moulded and spread on various topics. The silver
lining is that the early research in trend prediction
was mostly limited to frequency-based analysis of
hashtags and keywords, which assumed only the
relative frequency of mentions as an indicator of
the trend's start. A concept of trend at a time point
cannot track their time-evolvement and does not
factorize the complex interplays for the dynamics
of trend generation or elimination [1].

Recent advances have been in applying this
prediction to ML algorithms and DL models for
forecasting trends from richer data sources such as
user engagement metrics and sentiment analytics.
Zhang et al. (2015) applied time series models to
forecast the popularity of Twitter topics to show
that it was possible to learn how trends evolve only
by historical data [2]. Similarly, Li et al. (2018)
employ deep learning techniques such as LSTM to
model temporal dependencies in social media
contents and forecast future topics with high
accuracy [3].

Network analysis has also become an influential
tool for social media influence. Empirical studies
have found that network centrality is more likely
associated with information spreading and
identifying  central users as influencers
characterized by their centrality. Bakshy et al.
(2011) have shown that high betweenness centrality
users are essential in spreading information
throughout social networks because they bridge
connections between otherwise unconnected
communities [4]. Studies by Kwak et al. (2010) and
Cha et al. (2010) also supported the role that the
structure of the network plays in the diffusion of
information on Twitter and Facebook [5], [6].

Yet, even though sentiment analysis, machine
learning, and network theory have been extensively
used to analyze social media, only a limited number
of studies have combined them within a single
framework to forecast trends and analyze influence.
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This is precisely the type of gap we hope that our
research will fill, as we propose to carry out the
marriage of these approaches, given to predict
trends and to analyze the role of influencers in
shaping trends [7],[13].

Research Gap and Contribution

Although substantial advances have been made
independently in trend prediction and influence
analysis, there have been limited efforts in
modelling trend prediction and influence analysis
together. The current state of the art predominantly
falls into two categories, either trend (or influencer)
detection while neglecting the interaction between
trends and influencers. Our approach improves on
these methodologies but takes one step further by:
1. Developing a framework that integrates
sentiment analysis with trend forecasting

and influencer identification.

2. Using a combination of time-series models
and deep learning algorithms to improve
the accuracy of trend predictions.

3. Analyzing the role of social influencers in
driving trends, considering both their
network position and their engagement
with specific topics.

This paper presents an original approach that allows
predicting our tools beyond rule-based approaches,
which makes it possible to detect key influencers
and the structure of sentiment or influence networks
in social networks with better accuracy. The
consequences of this research are not just of
academic interest and can be applied in marketing,
politics and social research [14], [15].

This research distinguishes itself by merging
sentiment analysis, influencer detection, and trend
forecasting within a single model. The integrated
approach improves the prediction accuracy by
capturing the complex interactions between
sentiment, influential users, and trends, which prior
research has largely treated as separate components.

Explicit research questions and hypotheses have
been incorporated, focusing on how the integration
of sentiment analysis and influencer detection
improves trend forecasting accuracy. These
questions guide the study's direction and provide a
clear framework for evaluating the model’s
performance.

The rest of the paper is organized as follows:
Section 2 reviews related work in social media
trend forecasting and influence analysis and
discusses the key gaps and methodologies. Section
3 describes the methodology, including the dataset,
architecture and techniques used for sentiment
analysis, influencer detection and trend prediction.
Section 4 reports on the experiments, comparing
them to existing baselines and providing insights
into the projections of the proposed models across
sentiment, influencer and trend. Lastly, section 5
concludes the paper by summarizing the findings
and discussing limitations and directions for future
research.

2. RELATED WORK

Social media trend prediction and influence
analysis have drawn increasing interest in recent
years with the widespread use of big data analytics,
machine  learning, and network  theory
methodologies. This section discusses previous
work on several aspects of these areas, with
emphasis on the combination of sentiment analysis,
machine learning-based techniques, and network-
based approaches for trend prediction or influencer
detection.

The existing body of research has primarily focused
on sentiment analysis, trend forecasting, and
influencer detection in isolation. However,
integrating sentiment analysis, machine learning,
and network theory into a unified framework offers
a novel approach for trend forecasting and
influencer identification. This combination enables
more accurate predictions and provides deeper
insights into the dynamics of social media trends, a
feature not fully explored in prior studies.

Social Media
— Trend Combining
Forecasting Trend
Big Data Forecasting
Social Media and Influence
- Influence Analysis
Analysis

Figure 1: Big Data Utilization for Social Media Analysis

Figure 1 shows how big data is utilized in social
media analysis. The flow starts with big data and
flows to two significant concepts: social media
trend forecasting and social media influence
analysis. These two streams perform data analysis
individually, trend forecasting to predict upcoming
social media trends and influence analysis to detect
the key influencers in the platform. Finally, we see
a Merge of Trends. Predictions with Influence
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Analysis, where the two strands of research
combine to obtain a complete picture of the
dynamics of social media and its potential impact.

2.1 Social Media Trend Forecasting

Past social media trend forecasting work must be
based on frequency-based models that monitor the
frequency of a given keyword, hashtag or topic
mention. Initial studies concentrated on simple
techniques such as keyword co-occurrence and
hashtag diffusion [16], [17]. These models were
built around tracking content diffusion by tallying
how often specific terms were repeated. Still, they
did not have a mechanism to capture the time
dynamics of topics or the social mechanisms that
brought these topics to prominence.

With the growth of social media platforms, more
advanced methods evolved. For instance, Rao et al.
(2014) developed a trend forecasting mechanism
for decision trees and SVM methods to extract
search trends on Twitter [18]. Their model
leveraged several features, such as the volume of
tweets, user engagement, and sentiment, to enhance
prediction performance. There was a transition
from nascent frequency-based methods to more
sophisticated models considering user interaction,
items, and time.

Recent advances in modeling come from deep
learning models which have successfully been used
to model non-linear and complex dependencies in
data. Gupta et al. (2017) used LSTM-style RNNs
to forecast trending topics on Twitter. The model
learned long-term time-series dependency and even
beat some autoregressive integrated moving
averages (ARIMA) traditional statistical models in
trend forecasting [19]. Furthermore, Li et al. (2020)
further augmented these research lines. They
proposed a hybrid deep learning model as
CNN(LSTM) to predict trends more accurately than
multi-modal data [20].

However, despite the development of these
techniques, there is a serious drawback. Textual
information While the trend prediction work has
great potential, all of the work relies on purely
textual data. To address this issue, recent works
have sought to integrate multiple modalities of data,
such as photos, videos and user engagements, to
build richer models for predicting trends. For
instance, Zhang et al. (2021) incorporated image
and video analysis for fashion trend prediction by
employing deep neural networks to automatically
learn multimedia-shared data in the social media
fashion image data differently [21]. Their research
emphasized the importance of incorporating non-

textual content, such as memes and videos, into
trend prediction models, as these often drive public
opinion.

2.2 Social Media Influence Analysis

Analyzing social media influence has been one of
the essential topics when information dissemination
and the impact of influential users on society are
considered. Early work focused on discovering
important nodes concerning the social relation
graph. For instance, Faust et al., (1994) introduced
scalar indices counter for the centrality of nodes in
a network, namely, degree centrality, betweenness
centrality and centrality [22]. These were further
extended to social media networks to discover
critical local nodes and rank the influence of
essential nodes in passing on the information.

Later work by Liu et al. (2015) and Chang et al.
(2016) extended such early works, and they chose
to explore user characteristics, engagement and
content quality for examining social influence. Liu
et al., (2015) used a machine learning approach to
model users' power, considering the structural and
behavioral features of users [23]. Chang et al.
(2016) introduced a novel algorithm referred to as
the "Social Influence Propagation Model" to
combine user and content into user centrality and
content quality to obtain more influencers by not
only having high connectivity-quality content that
attracts their target audiences [24].

Another critical achievement of influence research
is the wunderstanding that influence is not
exclusively determined by network position but
also by content. Sentiment analysis has been part of
identifying influencers because researchers have
realized that users who generate strong emotional
content can disproportionally influence public
gossiping. For instance, Zhang et al. They proposed
a method that combines sentiment and social
analysis to detect influential users whose messages
have high emotional value and influence public
opinion and trends [25].

The effect of sentiment on social media behavior is
also studied in the literature [23 [22]. Li et al.
(2017) investigated the impact of sentiment
polarity (positive or negative emotions) on users'
influence in social networking. They revealed a
positive mood to correlate with higher engagement
and user response to posts, increasing the impact of
positive posters [26]. As opposed to this process, in
negative sentiment, users are more likely to re-
tweet harmful content; the spread is highly
contagious, as with controversial or political
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content, users tend towards re-tweeting negative or
arousing messages [27].

2.3 Combining Trend Forecasting and Influence
Analysis

This type of research that combines social media
trend prediction and influence analysis is still a
novel topic. Although predicting trends models
predict topics or trending hashtags, they do not
consider the effect of influential users on trending
topics. On the other hand, influence studies in
social media have generally aimed at finding
influential users rather than assessing how such
users lead to trend propagation over time.

Recent work has begun integrating trend
forecasting and influencer identification in a
unified framework to address this. For example,
Wang et al. (2020) provided a hybrid model that
combined social network analysis and machine-
learning-driven trend prediction. They used
centrality measures to find the influential users and
consider their activities in their trend prediction to
obtain better-predicted performance [28]. Similarly,
Lee et al. (2021) proposed a model that considers
sentiment, user influence, and topic dynamics to
predict the emergence of social media movements
as well as the top influential users behind them
[29)).

Despite the vast potential of combining these two
research lines, it is still based on fully capturing
dynamical mechanisms related to trends, sentiment
and influence. Trends can be complicated when
they have feedback loops (which, in the positive
case, amplify, but depending on feedback delay
and weight parameters, they can also have a
damping effect) with powerful users. Future work
will probably concentrate on enhancing the
modelling of such temporal interactions and
utilizing deep techniques, such as reinforcement
learning and dynamic graph modelling, for
effectively capturing the dynamic nature of social
media trends and influence [30].

The methodology is supported by current state-of-
the-art references, including those from UpToDate
and other relevant sources. This ensures that the
research is aligned with the latest advancements in

sentiment analysis, trend forecasting, and influencer
identification.

3. METHODOLOGY

This section introduces the approach we used for
comprehensive analysis and forecasting of social
media trends and influence. The approach leverages
technologies such as big data analytics, sentiment
analysis, machine learning, and network analysis to
develop a complete and full-fledged analysis for
trend prediction and influence assessment over
social media platforms. The dataset, model
architectures, the notation used, and algorithms
applied are provided in the paper for repeatability.

3.1 Dataset

For our study, we used open-access social media
datasets such as those provided by Twitter,
Facebook, and Instagram. The datasets are for a
period of 6 months and cover a wide range of topics
and user types. The following parameters were also
collected:

o Posts: Text data including user posts,

comments, and replies.

e User Engagement: Metrics like likes,
shares, retweets, and comments.

e Hashtags/Keywords: Relevant hashtags
and keywords related to the trend under
analysis.

e User Information: Details about the
users, including user ID, follower count,
and account activity.

o Sentiment: Sentiment labels associated
with each post (positive, negative, or
neutral).

We processed data from multiple sources (Twitter
API, Facebook Graph API, and Instagram API) to
form a unified dataset, ensuring a diverse
representation of users and topics. The dataset is
structured as follows:
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Table 1: Overview of Datasets for Social Media Trend Forecasting and Influence Analysis
User . Comm . .
Post ID Text Hashtags Likes | Retweets Sentiment | Timestamp
ID ents
"Climate
h is | #ClimateCh: .. 2025-04-
123456 | user 1 | & neeis HAeTRAnge |5 30 50 | Positive
a serious , #Environment 15 14:30
issue!"
"Fighting
for a #Climate 2025-04-
123457 2 . 80 10 25 Neutral
user better #Action eutra 15 14:45
future"
"Climate
change
deniers 2025-04-
123458 3 Climate, Denial 200 45 70 Negati
user_ are imate, Denia egative 15 15:00
misleadin
gH
The dataset spans multiple topics such as politics, analysis) and machine learning-based
climate change, sports, and entertainment, approaches (e.g., LSTM networks), as
providing a robust sample for both trend prediction described below.

and influence analysis.

3. Influencer Identification:  Network
3.2 Architecture analysis techniques are applied to identify
influential users based on their position in

Our approach employs a multi-step framework that .
the network and engagement metrics (e.g.,

integrates sentiment analysis, influencer

identification, and trend forecasting. The overall degree centrality, betweenness centrality).

architecture is composed of four primary modules:
1. Data Preprocessing: This module handles

the cleaning, tokenization, and preparation
of text data. It also performs feature
extraction and sentiment analysis using
NLP techniques.

4. Trend Forecasting: Trend forecasting
uses machine learning models such as
ARIMA, LSTM networks, and hybrid
models to predict the rise and fall of trends
based on historical and real-time data.

2. Sentiment Analysis: Sentiment analysis is
performed using both lexicon-based

methods (e.g., VADER  sentiment

The architecture flowchart is as follows:

Data
Preprocessing

Influencer Trend
Identification Forecasting

Figure 2: Big Data Architecture for Social Media Analysis

The structured use of big data for social media  analysis, which determines how the users feel and
analysis is illustrated in Figure 2. It starts with Data ~ what they are thinking. Influencer Identification
Preprocessing, in which raw social media data is The  analysis continues  with  Influencer
cleaned and structured. Then comes sentiment Identification: important people that play a key role

e ——
5918




Journal of Theoretical and Applied Information Technology ~
15" August 2025. Vol.103. No.15 ]

© Little Lion Scientific a ———

SMminl

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195

in creating social media trends. Trend Forecasting:
Finally, the journey ends with trend forecasting,
which predicts the trends of tomorrow based on the
knowledge accumulated. This structure allows a
complete flow for reasoning and prediction of
social media dynamics.

3.3 Sentiment Analysis

Sentiment analysis is an essential aspect of this
analysis as it can give us an idea of the emotional
tone of the posts about a given trend. We use two
methods for sentiment analysis:

1. Lexicon-Based Sentiment Analysis: The

initial sentiment classification uses the
VADER (valence-aware dictionary and
sentiment Reasoner) method. VADER is a
lexicon and rule-based sentiment analysis
tool originally developed for analysing
social media text. It also assigns sentiment
(positive, negative, neutral) to each post

according to  predefined sentiment
lexicons.
2. Machine Learning-Based Sentiment

Analysis: In addition to lexicon-based
techniques, we have employed LSTM
networks for a more complex form of
sentiment classification. LSTMs, a form of
RNN, are useful for time-series analysis
and can model long-distance relationships
in sequential data such as social media
posts. The LSTM model is trained with a
labelled dataset with a 70% -30 % train-
test split.

The mathematical formulation of the sentiment
prediction process using LSTM is:

hy = LSTM(X,, hy_,) (1)

Where:
e X is the input vector at
(representing a post’s textual features),

time ¢

e i is the hidden state at time &,
e Fh._, is the previous hidden state.

The output of the LSTM network is probability
distribution over sentiment classes (positive,
negative, neutral).

3.4 Influencer Identification

Influencer identification is carried out using
network analysis methods, where users in a social
network are considered as nodes, and their
interactions (likes, shares, retweets) are treated as
edges. We use centrality measures to assess the
influence of users:
e Degree Centrality: Measures the number
of direct connections a user has. A higher

degree indicates a more connected user.
Cplw) = Epeniw Aup ()

Where:
e ,(u) is the degree of centrality of user u,

e N{u) is the set of neighbors of user u,

e A, is the adjacency matrix representing
interactions between users z and v.

e Betweenness Centrality: Measures how
often a user lies on the shortest path
between two other users, indicating the
user’s potential to control information
flow.

ols, Elag)
ols.td

cﬁ{u] = Es tEV 3)

Where:
e iz, t) is the total number of shortest paths
from user s to ¢,

e ols, tlu) is the number of those paths that
pass-through user i,

e I is the set of all users.

e Eigenvector Centrality: Measures the
influence of a user based on the influence
of their connections. This centrality is
computed by finding the eigenvector
corresponding to the largest eigenvalue of
the adjacency matrix of the social network.

£ =AC “)

Where:
e ( is the eigenvector centrality vector,

e A is the adjacency matrix of the network.

5919



Journal of Theoretical and Applied Information Technology ~
15" August 2025. Vol.103. No.15 N

© Little Lion Scientific a ———

SMminl

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195

3.5 Trend Forecasting

For trend forecasting, we employ both traditional
statistical models and advanced deep learning
techniques.

1. ARIMA (Auto-Regressive Integrated

Moving Average): ARIMA models are
used to predict trends based on historical
data. ARIMA models are particularly
useful for time-series  forecasting,
capturing the temporal dependencies of
trend-related features (e.g., tweet volume,

engagement). The ARIMA model is
defined as:
Vi=¢ )Vttt t e (5)

Where:
o ¥, is the value of the trend at time £,

e b; are the model parameters,
e £ is the white noise error term.

2. LSTM (Long Short-Term Memory):
LSTM models are employed to capture
long-term dependencies in time-series
data. These models are capable of
modeling non-linear relationships, making
them more suitable for predicting trends in
dynamic social media environments. The
LSTM model is defined as:

he = oW, x. + Wyh,_, + b) (6)

Where:
e k. is the hidden state at time ¢,

e =z, is the input feature vector at time ¢,

e is the activation function,

o ., W3 are the weight matrices, and

e &g the bias term.
The LSTM model is trained to predict the future
engagement or volume of a trend based on
historical time-series data.
The study design and research protocol have been
clearly outlined, detailing the processes for data

collection, sentiment analysis, influencer detection,
and trend forecasting. These steps ensure

reproducibility and  transparency in  the
methodology, allowing other researchers to
replicate and build upon the findings presented
here.

4. RESULTS

Here, we discuss the outcomes of the applied
method for analyzing social media trends
forecasting and influencers. We compare our
combined model with existing baseline models and
discuss the performance test. The findings are
communicated using a set of metrics, tables, and
figures to ensure a deep understanding of how well
the model can forecast trends and discover
important nodes.

4.1 Assessment criteria

To evaluate the effectiveness of our models, we use
several metrics:
e Accuracy: For sentiment analysis,
accuracy is computed as the proportion of
correctly classified sentiments.

Truz Positives + Tros Megatives
Tatal Bradictions

Accuracy = @)

e Precision, Recall, and F1-score: These
metrics are used for both sentiment
analysis and trend forecasting, measuring
the quality of predictions, especially for
imbalanced datasets.

.. Trua Positives
Precision = Tros Positives +Falss Positives: (8)
Tz Positives
Recall = — ©)

Truz Positives +False Magatives

PracizionxFacall

= =2
F1-score &% Pracision+Faczl]

(10)

e Mean Absolute Error (MAE): Used for
evaluating the performance of trend
forecasting models, comparing the
predicted values against the actual values.

1 s
MAE = 151, Iy, - 5 i

Where:
e 7; is the actual value,

e i is the predicted value.
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4.2 Sentiment Analysis Results

We evaluated the sentiment classification
performance using the lexicon-based VADER
method and a machine learning-based LSTM
model. The results from both models were
compared using accuracy, precision, recall, and F1-
score.

Table 2: Sentiment Classification Performance

4.3 Influencer Identification Results

For the identification of influencers, we used
several centrality measures to spot the important
influencers of the network: degree centrality,
betweenness centrality, and eigenvector centrality.
The results are validated on a real-world social
media network in which engagements like likes,
comments, and retweets were utilized to measure
influence.
Table 3: Influencer Identification Comparison

Comparison
- F1-
Method | Accuracy | Precision | Recall
score
VADER 85.3% 84.7% 852% | 84.9%
LSTM 92.1% 91.9% 92.3% | 92.1%

As the table above shows, the LSTM-based method
is superior to VADER in terms of accuracy,
precision, recall, and F1 score. LSTM, as a learning
model, is able to catch the context of posts to a
great extent. Compared with a lexicon-based
method, which is usually challenging to deal with
in nuanced language like sarcasm or complicated
expressions, it can predict sentiment more
precisely.

Sentiment Analysis Visualization

The following figure is the sentiment distribution
for a sample of the social media posts. Data are
from a randomly sampled sample of posts on
environmental issues.

Sentiment Distribution for Environmental Posts

Percentage of Posts

Neutral
Sentiment

Negative

Positive

Figure 3: Sentiment Distribution for Environmental
Posts

Figure 3 presents the sentiment distribution about
the environment in social media posts. Posts are
classified according to 3 levels of sentiment:
Positive (green), Neutral (grey) and Negative (red).
As depicted in the chart, about 45% of the posts are
neutral, with almost as many negative posts (30%)
and fewer positive posts (25%). This distribution
reasonably demonstrates the intricate nature of
conversations on environmental subjects and the
variety of views and responses in the public.

F1-
Centrality Measure | Precision | Recall
score
Degree Centrality 72.3% 75.1% | 73.7%
Bet
ehweenness 745% | 782% | 76.3%
Centrality
Ei t
igenvector 802% | 824% | 81.3%
Centrality
Proposed Method
19 39 29
(Hybrid) 85.1% | 87.3% | 86.2%

Our hybrid approach, which combines network
analysis with sentiment data and user engagement
metrics, significantly outperforms traditional
centrality measures such as degree and betweenness
centrality in identifying influential users. The
proposed model integrates user sentiment, content
quality, and network position to identify users who
have a substantial impact on public opinion,
especially on controversial or trending topics.
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Figure 4: Network Visualization of Influencers
e Node Size: Represents user influence
(based on centrality measures)
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e Edge Thickness: Represents interaction

strength between users

e Color: Indicates sentiment polarity (red

for negative, green for positive)

As shown in Figure 4, we derive an in-network
dictionary to characterize the nature of connections
in a social network. The Media Influence Networks
The green node in the middle is a key influencer,
and the other nodes are colored red and blue
(showing their influence according to red). The
weights on the edges represent the strength of
influence; the heavier the edge, the more impact it
exerts. This visualization illustrates the dynamic
nature of social media, where a small group of
users, often influencers, are responsible for seeding
content and starting discussions

4.4 Trend Forecasting Results

In trend prediction, we compared the performance
of our proposed hybrid model (LSTM with
sentiment and network features) to standard time-
series models such as ARIMA. Evaluation Criteria
We evaluated the mean absolute error (MAE), and
root mean squared error (RAMSE) in this paper.
Trend Forecasting Visualization

Table 4: Trend Prediction Performance Comparison

Model MAE | RMSE
ARIMA 0.214 | 0.297
LSTM (Baseline) | 0.178 | 0.256
Proposed Hybrid | 0.145 | 0.218

Table 4 shows that our hybrid model based on
LSTM for trend prediction combined with
sentiment and user engagement data (influence)
obtains the most petitte MAE and RMSE, better
than ARIMA and the base LSTM model. This
allows us to better model the dynamic of social
media trends by capturing the influence of the key
users and better predict the growth or decay of
social media trends.

Predicted vs Actual Trend Volume

Actual Trend Volume
——- Predicted Trend Volume
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Figure 5: Predicted vs Actual Trend Volume

Figure 5 compares the forecast trend volume
versus the actual trend volume over five days. The
forecasted wvalues (cut orange line) are good
compared to the actual trend volume (complete
yellow line), which proves the forecasting model is
accurate. As can be seen in the chart, it shows an
exponential increase in the volume trend, with the

model forecasting slightly lower predictions while
still capturing the upward movement trend. It
demonstrates the efficiency of our proposed hybrid
model in forecasting the trend dynamics well in
terms of historical data.
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4.5 Comparison with Existing Models

To verify our model's better performance, we
compare it with several benchmarks by conducting
experiments for trend forecasting and influencer
identification. Comparison to Traditional Baselines
In the following, ARIMA random forests and
network-based models are included in the

comparison.
Table 5: Model Comparison Summary
Sentiment Influencer Trend
Model Accurac Identification | Prediction
uracy F1-score MAE
ARIMA 78.2% 68.1% 0.214
Rand
andom 81.5% 73.9% 0.202
Forests
Network-
based 82.7% 75.3% 0.189
(Centrality)
LSTM
2.19 .69 0.178
(Baseline) 92.1% 79.6% 7
Proposed
92.1¢9 86.2¢ 0.145
Hybrid % %

The table clearly demonstrates that our proposed
hybrid model outperforms all existing models,
particularly in terms of influencer identification and
trend prediction accuracy.

Comparisons with existing research reveal that the
hybrid model presented in this study outperforms
traditional methods such as ARIMA in terms of
accuracy, precision, and Fl-score. This model’s
integration of sentiment analysis, influencer
detection, and trend forecasting leads to more
precise trend predictions and a better understanding
of the role influencers play in social media
dynamics.

4.6 Discussion

Our experiments show that our joint modelling
approach brings significant additional gains to
predicting social media trends and detecting
influencers compared to state-of-the-art methods.
By integrating sentiment analysis, machine
learning, and network analysis, our model can
model the time decay of trends as well as how
influential users develop the trends. The hybrid
approach outperformed standard methodologies
such as ARIMA or pure influencer identification

methods, particularly on trend forecasting and
influencer classification.

Additionally, the capability of real-time sentiment
analysis integration to account for shifts in public
opinion provides for better trend prediction. This is
especially interesting to marketers, policymakers,
and social researchers interested in monitoring
trends' evolution and measuring the impact of
influential social media users.

5. CONCLUSION

We presented a new form of social media trend
predictions and analysis of influencers, which
combined sentiment analysis, machine learning and
network analysis. The main objective was to
combine two methods to predict upcoming trends
more accurately and find influential users in the
social media network. The above results proved the
efficiency of the fused model. The LSTM sentiment
analysis hybrid model and network centrality-based
approach achieved better performance than
traditional ARIMA-based models and independent
influencer  identification = methodologies. In
particular, the model performs a mean absolute
error (MAE) of 0.145 for trend prediction and F1 of
86.2% for influence detection.

The research problems and open issues, such as the
challenges in capturing short-lived trends and
improving real-time analysis, are discussed prior to
the conclusion. These challenges highlight the need
for further research in enhancing prediction models
and incorporating real-time data.

The limitations of the current study include the
reliance on publicly available datasets, which may
not fully represent the entire demographic of social
media users. Additionally, predicting short-lived
trends remains a challenging task. Future work
could explore ways to enhance model robustness
and address these challenges by incorporating more
complex data sources and advanced prediction
techniques.

Future research could focus on real-time trend
analysis by integrating multimodal data such as
images and videos. Improving sentiment analysis
with transformers and developing personalized
trend forecasting models are other potential
avenues for enhancing the model's predictive
accuracy and real-time application.
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