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ABSTRACT
The rapid growth of social networking platforms has created a vast digital landscape rich with

consumer opinions, preferences, and behaviors. This thesis presents a hybrid approach to
social media sentiment analysis, aiming to enhance marketing intelligence by integrating
textual, contextual, and behavioral data mining techniques. Traditional sentiment
classification methods, often based solely on text, fail to account for the dynamic nature of
social platforms. In response, this research proposes a model that combines rule-based
ensemble sentiment scoring with supervised machine learning and probabilistic models, such
as conditional random fields (CRFs) and Monte Carlo Markov Chains (MCMC). The
framework also incorporates distributed computing to handle large-scale datasets, ensuring
scalability and efficiency. Experimental validation using Facebook and Twitter datasets
demonstrates improved accuracy in identifying sentiment polarity, ranking social entities, and
targeting specific audience segments. The results affirm that integrating syntactic and
semantic cues with user behavioral data offers a deeper understanding of online discourse.
This approach enables marketers to deploy more precise and adaptive strategies, thus
transforming raw social data into actionable business intelligence. The work contributes to
the growing field of big social data analytics by offering a scalable, intelligent, and context-
aware sentiment analysis framework for targeted digital marketing.

Keywords: Sentiment Analysis, Social Media Analytics, Data Mining, Machine Learning,
Marketing Intelligence, Probabilistic Modeling, Big Data Analytics.

I INTRODUCTION reviews, and experiences in real-time.
Platforms  like  Twitter,  Facebook,
Instagram, and Reddit serve as vast
repositories of public sentiment, creating a

In the digital era, social media has become
a dominant communication medium where
billions of users actively share opinions,
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dynamic landscape that is continuously
evolving. For businesses and marketers,
this
opportunity to gain insights into consumer
behavior, brand perception, and market

represents an  unprecedented

trends. The extraction and interpretation of
such unstructured, high-volume data are
accomplished through the process known

as sentiment analysis. At its core,
sentiment analysis involves the
identification and categorization of

opinions expressed in text to determine
whether the writer's attitude toward a
particular topic, product, or service is
positive, negative, or neutral. Traditional
sentiment analysis approaches have
primarily relied on lexicon-based or rule-
based models, which, although effective in
controlled environments, often struggle
with the nuanced and informal language
typically found on social media. Slang,
sarcasm, abbreviations, emojis, and
multilingual content introduce additional
complexity that these models are not
equipped to handle
Moreover, the dynamic nature of social

media—where sentiment can shift rapidly

comprehensively.

in response to events, trends, or influencer
opinions—requires systems that can adapt
in real time and interpret sentiments in
context. These limitations have paved the
way for hybrid sentiment analysis models
that combine multiple data mining and
machine learning techniques to achieve
higher accuracy, contextual awareness, and
scalability.

The rise of machine learning, particularly
supervised and unsupervised techniques,
has significantly advanced the field of
sentiment analysis. Algorithms such as
Naive Bayes, Support Vector Machines
(SVM), and deep learning architectures
like Long Short-Term Memory (LSTM)

networks and transformers have been
employed to analyze vast datasets with
varying degrees of success. However, a
purely statistical or machine learning-
based approach may lack interpretability
or fail to incorporate domain-specific
knowledge, which is essential in marketing
contexts. To address these gaps, hybrid
models that integrate rule-based methods
with machine learning and probabilistic
modeling have gained traction. These
models leverage the strengths of different
techniques, offering both interpretability
and predictive accuracy. This research
builds wupon the need for such
hybridization by proposing a sentiment
analysis framework that integrates textual
features (e.g., polarity, subjectivity, n-
grams), (e.g.,
timelines, user metadata), and behavioral

contextual cues event
data (e.g., user engagement, sentiment
history). The framework employs a rule-
based ensemble for initial sentiment
scoring, followed by supervised machine
learning models to refine classification.
Additionally, it incorporates probabilistic
graphical models such as Conditional
Random Fields (CRFs) to capture
sequential dependencies in language and
Monte Carlo Markov Chains (MCMC) to
model uncertainty and variance in
sentiment trends over time. By doing so,
the system not only classifies sentiment
with higher accuracy but also models how
sentiment across and

evolves users

communities.

An essential aspect of this approach is the
use of distributed computing to manage
and process large-scale datasets. Social
media generates vast amounts of data
the
traditional
distributed

continuously,  often
processing

systems.

exceeding
of
employing

capabilities
By
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frameworks like Apache Hadoop and
Spark, the system ensures scalability,
allowing real-time or near real-time
sentiment analysis. This capability is
critical for applications such as brand
monitoring, crisis management, campaign
tracking, and competitive intelligence. In
particular, marketers can detect sudden
shifts in public opinion, identify viral
trends, and respond proactively to negative
sentiment,

reputation

thereby protecting brand
and enhancing

Another
feature of this study is the emphasis on
combining  syntactic and  semantic
While syntactic analysis
focuses on the grammatical structure of a

customer

engagement. distinguishing

information.
sentence (e.g., part-of-speech tagging,
dependency parsing), semantic analysis
interprets the meaning behind the words
and phrases. By integrating both, the
system can more effectively detect
complex sentiment expressions, including
irony, and ambivalence—

common in online discourse. For instance,

sarcasm,

the phrase “I just love waiting in traffic!”
may be syntactically positive but
semantically negative, requiring a deeper

contextual understanding that simple
models often miss.
This  framework also  incorporates

sentiment trend analysis and social entity
ranking. By tracking sentiment changes
over time and analyzing the influence of
specific users or topics, the system ranks
social media entities (such as hashtags,
users, or brands) based on their sentiment
impact. This function is particularly useful
for marketing professionals seeking to
identify brand advocates, influencers, or

sentiment drivers within online
communities.  Probabilistic = modeling
ensures that rankings are statistically

This article can be downloaded from https://ijerst.org/index.php/ijerst

robust and account for noise and
variability in social data. To evaluate the
effectiveness of the proposed system,
experimental validation is conducted using
datasets extracted from platforms like
Facebook and Twitter. Metrics such as
accuracy, precision, recall, F1 score, and
Area Under the Curve (AUC) are used to

assess performance. Comparisons with

baseline models—such as traditional
lexicon-based systems and standalone
machine learning classifiers—demonstrate
significant ~ improvements in  both

sentiment classification and entity ranking
accuracy. Furthermore, the system’s ability
to process high-volume datasets with low
latency showcases its potential for
deployment in real-world marketing

environments.

The research presented in this thesis
contributes to the growing field of big
social data analytics by offering a holistic,
scalable, and context-aware framework for
sentiment analysis. While most existing
solutions focus narrowly on text
classification, this model accounts for the
media,
network

broader ecosystem of social
integrating  user  behavior,

interactions, and temporal dynamics. Such
a comprehensive view is vital for modern
marketing intelligence, where data-driven
decision-making relies on accurate, timely,
and actionable insights. In summary, the
study addresses several key challenges in
sentiment analysis, including scalability,
accuracy, contextual understanding, and
adaptability. By blending rule-based,
machine learning, and probabilistic
methods, the proposed system offers a
robust solution for extracting meaningful
insights from noisy, unstructured social

media data. It not only empowers
marketers with real-time  sentiment
20
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intelligence but also contributes
methodologically to the fields of data
mining and computational linguistics.
Future work can expand the framework by
incorporating multimodal data (e.g.,
images and videos), extending language
support, and integrating reinforcement
learning for adaptive sentiment modeling

in dynamic environments.
II LITERATURE SURVEY

The rapid growth of online user-generated

content, particularly on social media
platforms, has

organizations monitor and respond to

revolutionized  how
public sentiment. Sentiment analysis, a
subset of natural language processing
(NLP), plays a crucial role in extracting
opinions from textual content and
determining users' emotional responses
toward entities, brands, events, or services.
The proliferation of data has led to the
development of numerous approaches and
models, each with its advantages and
limitations. This literature survey reviews
significant works in the domain of
sentiment analysis, with an emphasis on
hybrid data that
incorporate rule-based, machine learning,

and probabilistic methods to enhance

mining techniques

marketing intelligence. Early sentiment
analysis techniques primarily relied on
lexicon-based approaches, where
predefined dictionaries of sentiment words
(positive, negative, or neutral) were used
to classify text. One of the earliest lexicons
SentiWordNet, which assigned
polarity scores to synsets in WordNet.
Taboada et al. (2011) demonstrated how

sentiment scoring using such lexicons

was

could yield reasonable results, particularly
in structured domains such as product
reviews. However, these approaches often

failed to
negations,

capture
and

context, sarcasm,

domain-specific
vocabulary, making them unsuitable for
the informal and dynamic language used in
social media platforms.

To overcome the limitations of lexicon-
based  models, began
employing supervised machine learning
techniques. Pang et al. (2002) pioneered
the use of algorithms such as Naive Bayes,
Support Vector Machines (SVM), and
Maximum

researchers

Entropy  for  sentiment
classification. These models learned from
labeled data and improved classification
accuracy significantly. Further
advancements included ensemble methods
that combined multiple classifiers to
improve robustness. However, these
models required large volumes of labeled
data, and their performance degraded in
cross-domain settings. They also lacked
transparency and interpretability, which
limited their adoption in marketing
contexts where explainability is crucial.
The advent of deep learning further
enhanced sentiment analysis capabilities.
Recurrent Neural Networks (RNNs),
particularly Long Short-Term Memory
(LSTM) networks, were used to capture
sequential dependencies in text, as
demonstrated by Tang et al. (2015).
Convolutional Neural Networks (CNNs)
were also employed for feature extraction
from sentences, capturing local syntactic
patterns. More recently, transformer-based
like BERT (Bidirectional
Encoder Representations from

Transformers) and RoBERTa have set new

architectures

in sentiment classification
their
these

benchmarks
tasks. Despite impressive

performance, models are
computationally intensive and often

function as “black boxes,” offering limited
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interpretability and requiring fine-tuning
on domain-specific corpora.

Parallel to advances in machine learning,
rule-based and hybrid approaches gained
popularity due to their balance of accuracy
and explainability. A hybrid model

integrates rule-based sentiment scoring

with  machine learning techniques,
combining domain knowledge with
statistical learning. This combination

enables better handling of nuances such as
negation, intensifiers, and context. For
Boiy and Moens (2009)
proposed a hybrid framework using
linguistic rules and machine learning,

example,

demonstrating improved performance over
pure rule-based or statistical methods.
Hybrid approaches have been particularly
effective in marketing, where
understanding customer sentiment patterns
in real time is crucial. A significant
innovation in sentiment analysis was the
introduction of context-aware and event-
driven analysis. Social media
conversations are often influenced by
current events, making temporal context a
critical factor. Cambria et al. (2014)
emphasized the importance of semantic
analysis and  contextual  affective
computing to improve sentiment detection
accuracy. Event-based sentiment analysis
models track sentiment evolution over
time and link spikes in polarity to specific
real-world events. This technique is highly
beneficial for campaign tracking, crisis
management, and trend detection in

marketing analytics.

Moreover, researchers have recognized the
role of probabilistic modeling in sentiment
analysis. Conditional Random Fields
(CRFs) and Hidden Markov Models
(HMMs) have been used to capture

sequential sentiment dependencies and
model transitions between emotional states
in text. These models provide more
nuanced sentiment predictions and can
incorporate  uncertainty, = which s
especially relevant 1in user-generated
content. Monte Carlo Markov Chains
(MCMC), another probabilistic approach,
have been used for sampling from large,
probability  distributions in
sentiment inference tasks. Blei et al.'s
(2003) work on Latent Dirichlet Allocation

(LDA) for topic modeling also provided a

complex

foundation for probabilistic analysis of text
that supports sentiment classification at a
thematic level. The rise of big data
technologies has further transformed
sentiment analysis capabilities. Social
media generates data at high volume,
velocity, and variety, posing significant
challenges for storage, processing, and
real-time analysis. Distributed computing
frameworks such as Hadoop and Apache
Spark have been adopted to handle large-
scale sentiment analysis tasks. For
instance, Pak and Paroubek (2010) used
Twitter as a corpus and employed
MapReduce-based techniques to classify
tweets in real time. This shift toward
scalable architecture is critical for
businesses looking to derive actionable

insights from live social streams.

Another trend in literature 1is the
integration of behavioral data with
sentiment analysis. Traditional models
analyze only textual features, while newer
approaches consider user behavior—Ilikes,
shares, retweets, engagement history—to
improve prediction accuracy. Behavioral
mining helps identify opinion leaders,
influencers, and communities,
improving the targeting precision of

marketing strategies. Cha et al. (2010)

thereby
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demonstrated how wuser influence on

could be
count,

Twitter quantified beyond
the
importance of engagement in interpreting

sentiment impact. Behavioral data thus

follower emphasizing

enhances not only sentiment classification
but also its application in strategic
decision-making. Further, multi-modal
sentiment analysis is gaining momentum.
This approach combines text, images,
audio, and video data for comprehensive
sentiment understanding. While still an
emerging field, works such as You et al.
(2016) showed how integrating image
sentiment with caption analysis improves
classification performance. For marketers,
this means a deeper understanding of
advertisements,

customer reactions to

products, and services diverse

media formats.

acCross

From a marketing intelligence perspective,
the literature strongly supports the use of
sentiment analysis for brand monitoring,
competitor analysis, customer feedback
evaluation, and campaign effectiveness
(2012)
highlights how sentiment polarity can be
used to measure customer satisfaction and

tracking. Research by Liu

predict buying behavior. Moreover,
sentiment trend analysis helps identify
market shifts, emerging demands, and
potential PR crises. Combining sentiment
data with geolocation and demographic
further

and

refines audience
personalization

information
segmentation
strategies. Despite these advancements,
several challenges remain. Sarcasm
detection, domain adaptation, low-resource
languages, and real-time processing
continue to be areas requiring further
research. Additionally, ethical concerns
surrounding user data privacy, bias in

models, and transparency of Al systems

must be addressed,

commercial applications.

particularly in

In conclusion, the literature indicates a
clear trajectory from simple lexicon-based
models to complex hybrid systems that
integrate machine learning, probabilistic
reasoning, and behavioral analytics. The
shift toward hybrid and scalable sentiment
analysis models is driven by the need for
real-time, accurate, and context-sensitive
insights in dynamic environments like
social media. For marketers, such systems
offer a powerful toolkit for interpreting
customer sentiment, guiding strategic
decisions, and gaining competitive
advantage. The proposed thesis builds on
this foundation by developing a hybrid,
distributed, and behavior-aware sentiment
analysis framework tailored for enhanced

marketing intelligence.

III METHODOLOGY
This research employs a hybrid
methodology  integrating  rule-based,

machine learning, and probabilistic data
mining techniques to optimize sentiment
analysis for social media-driven marketing
intelligence. The methodology is designed
to handle
unstructured data typical of social media
platforms, and focuses on extracting,

large-scale, dynamic, and

classifying, and interpreting sentiments to
provide actionable insights for marketers.
The approach consists of several key
stages: data collection, preprocessing,
feature extraction, hybrid model design,
implementation of machine learning
classifiers, probabilistic modeling, and
performance evaluation using distributed
computing techniques. The first phase
involves acquiring social media data from
popular platforms such as Twitter,
Facebook, and Instagram. Twitter’s API
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and web scraping tools are used to collect
related to selected keywords,
hashtags, or brands. Similarly, Facebook

tweets

pages and Instagram posts are mined for
user comments, reviews, and reactions.
The dataset textual content,
timestamps, user metadata, engagement
(likes,
contextual variables such as hashtags and
mentions. Data is collected over a defined

includes

metrics shares, retweets), and

period to capture evolving sentiments

during events, product launches, or
marketing campaigns. Ethical
considerations and  platform-specific

guidelines are strictly followed to ensure
data privacy and compliance.

Raw social media data is noisy and
unstructured. Hence, preprocessing is
improve the quality and
usability of the dataset. The preprocessing

essential to

pipeline  includes steps such as
tokenization, stop-word removal,
stemming or  lemmatization, and

normalization (e.g., converting text to
lowercase). Special attention is given to
social-specific content including emojis,
hashtags, mentions, URLs, and repeated
characters. Emojis and hashtags are
retained and mapped to sentiment scores
using custom lexicons and emoji
dictionaries to preserve sentiment-carrying
elements. Abbreviations and internet slang
are standardized wusing crowdsourced
dictionaries. Additionally, language
detection and filtering are performed to
retain only English text for this study.
Once the data is cleaned, it undergoes
feature extraction to convert textual input
into structured representations suitable for
machine learning. Both syntactic and
semantic features are extracted. Syntactic
features include unigrams, bigrams, and

trigrams (n-grams), part-of-speech (POS)

tags, and punctuation patterns. Semantic
features include sentiment lexicon scores
from SentiWordNet, VADER, or TextBlob,
as well as word embeddings using
Word2Vec and GloVe. Sentiment-bearing
elements such as negations, intensifiers,
and modifiers are also captured through
linguistic rules. Contextual metadata such
as the time of posting, user engagement
statistics, and location (if available) are
the
understanding of sentiments.

extracted to enhance contextual

Before applying machine learning models,
a rule-based ensemble is implemented to
assign preliminary sentiment scores to
each text entry. This stage relies on
sentiment dictionaries (e.g., AFINN, NRC)
and manually defined rules for handling
negations, indicators, and

intensifiers. For instance, if a negative

sarcasm

word follows a positive adjective ("not
good"), the rule overrides the lexicon
score. Emojis, emoticons, and hashtags are
given specific weights based on their
sentiment orientation. This rule-based
scoring acts as an interpretive layer and
helps initialize probabilistic models with
prior sentiment distributions. It also
contributes to the hybrid architecture’s
transparency, enabling users to trace
decisions to specific rules. The second
stage involves supervised machine
learning to refine sentiment classification.
The dataset is labeled using distant
supervision—using emoticons, hashtags,
or manual annotations—as ground truth.
Various classifiers such as Naive Bayes,
Support Vector Machines (SVM), Random
Forests, and Logistic Regression are
trained on the extracted features. Feature
selection methods like Chi-Square and
Mutual Information are applied to identify
the most relevant attributes. Cross-
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validation techniques such as k-fold cross-
validation are used to prevent overfitting
and

improve generalizability.

Hyperparameters for each model

optimized using grid search. The classifier

are

outputs are integrated with rule-based
scores using a weighted fusion method to
form a final sentiment label.

To capture the uncertainty and sequential
dependency in sentiments over time,
probabilistic models are incorporated.
Conditional Random Fields (CRFs) are
used to model dependencies between
sequential words and phrases, especially
useful in handling complex sentence
structures and sarcasm. CRFs allow for the
integration of multiple overlapping
features without violating independence
assumptions. Additionally, Monte Carlo
Markov Chain (MCMC) methods are used
to simulate sentiment evolution over time.
These methods help estimate posterior
distributions for sentiment scores and
provide confidence intervals, which are
essential in applications such as crisis
detection or campaign performance
monitoring. The probabilistic models also
contribute to ranking users and entities
based on sentiment influence. Due to the
high social data, the

implementation is designed for scalability

volume of

using distributed computing frameworks
like Apache Spark. Spark’s in-memory
processing enables faster computation for
real-time sentiment analysis. Data is stored
in distributed file systems like HDFS
(Hadoop Distributed File System), and
tasks such as feature extraction, model
training, and inference are parallelized
across nodes. This architecture ensures that
the system can handle large datasets
efficiently  and  support  real-time
applications such as brand monitoring and

live campaign analysis. Spark’s MLIib
library is also utilized for distributed
machine learning.

Beyond sentiment classification, the
methodology includes a mechanism to
entities—users,
hashtags, their

sentiment influence. This is achieved by

social media
brands—based on

rank

aggregating  sentiment  scores,

engagement metrics, and social graph

user
features. PageRank-like algorithms are
adapted to assign influence scores that
account for both volume and polarity of
sentiment. Influencers and key opinion
leaders (KOLs) are identified based on
their capacity to generate positive or
negative reactions, which is useful for
targeted marketing. Bayesian networks are
used to infer latent variables such as user
positivity, brand affinity,
intent. Model performance is evaluated

or purchase

using standard classification metrics—
accuracy, precision, recall, Fl-score, and
AUC (Area Under the Curve). Confusion
matrices are plotted to understand
misclassification patterns. Additionally,
qualitative validation is performed by
visualizing sentiment trends over time and
comparing them to known events or brand
actions. Real-world datasets from Twitter
and Facebook are used to benchmark the
model against existing baselines such as
lexicon-only systems and standalone
classifiers. The hybrid approach is shown
to outperform individual components in
terms of both accuracy and interpretability.
the

sentiment analysis are visualized using

Finally, insights  derived from
interactive dashboards. Tools like Tableau
and Power BI are integrated with the
backend to display sentiment trends,
geographic distributions, influencer

rankings, and keyword clouds. Marketers
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can filter data by time, topic, sentiment
polarity, or demographic attributes to tailor
their The dashboard

supports alerts for sentiment spikes or

strategies. also
unusual activity, providing a decision-
support system for brand managers and
marketing analysts.

IV PROPOSED SYSTEM

The proposed system is a comprehensive,
hybrid analysis
designed to interpret social media data for

sentiment framework

improved marketing intelligence. Its

architecture integrates rule-based
processing, machine learning models, and
probabilistic reasoning to extract sentiment
insights from user-generated content on
platforms such as Twitter, Facebook, and
Instagram. The primary aim is to classify
textual sentiments into positive, negative,
or neutral categories while also identifying
influential entities, trends, and behavioral
patterns that affect brand perception. The
system is modular and comprises multiple
components including data acquisition,
preprocessing, feature extraction,
classification, probabilistic modeling, and
entity ranking. It begins with the collection
of raw data using APIs and scraping tools,
capturing not only posts and comments but
also metadata like timestamps, user details,
and engagement metrics. This data is
essential for building a contextual and

behavior-aware sentiment analysis engine.

Once data is collected, a robust
preprocessing engine is employed to clean
and normalize the text. This involves
removing noise such as URLs, HTML
tags, and stop words, as well as processing
emojis, hashtags, and slang which are
typical in language.
Preprocessing also includes tokenization,
lemmatization, and abbreviation expansion

social media

to enhance semantic clarity. The cleaned
data is then transformed through a feature
extraction unit that captures both syntactic
and semantic features. These include n-
tags,
lexicon scores, and word embeddings
using models like Word2Vec or GloVe.
Contextual metadata, such as post timing

grams, part-of-speech sentiment

and engagement levels, is also included to
improve sentiment prediction accuracy.
These enriched features serve as input for
the hybrid sentiment classification
pipeline, which fuses rule-based scoring
with machine learning predictions.

At the heart of the classification system is
a rule-based engine that uses predefined
linguistic rules and sentiment dictionaries
to assign initial polarity scores to posts. It
considers linguistic nuances like negations
("not good"), sarcasm indicators, and
intensifiers. This
followed by a machine learning module
that applies supervised algorithms such as

interpretive layer is

Support  Vector Machines, Logistic
Regression, or Random Forests. These
models are trained on labeled datasets
generated using distant  supervision
techniques (e.g., emoji- or hashtag-based
labeling). Feature selection is carried out
to remove irrelevant variables, and
hyperparameters are fine-tuned for optimal
performance. The outputs of the rule-based
and machine learning models are fused
using a weighted voting mechanism,
enhancing the reliability and
interpretability of the final
classification. This hybrid approach
ensures the system balances accuracy with

sentiment

transparency—a  key for

marketing professionals.

requirement

the
probabilistic modeling to

Beyond  classification, system

incorporates
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understand how sentiments evolve over
time and across wusers. Conditional
Random Fields (CRFs) are employed to
analyze word sequences and contextual
transitions in sentiment, particularly useful
in identifying sarcasm and emotionally
ambiguous text. Additionally, Monte Carlo
Markov Chain (MCMC) techniques are
used to estimate dynamic sentiment
distributions and detect shifts in public
mood. These probabilistic tools provide
valuable insights into sentiment variability
and confidence levels, enabling the system
to support high-level strategic decisions. A
dedicated module performs sentiment-
based entity ranking using engagement
statistics, network influence, and content
polarity. Influential users, brands, and
hashtags ranked based on their

sentiment impact using algorithms inspired

arc

by PageRank and Bayesian inference. This
function 1s vital for identifying brand
advocates, emerging trends, and potential
risks in online communities.

To manage the vast volume of social
media data, the system is deployed on a
distributed computing infrastructure using
Apache Spark and Hadoop. These
technologies support real-time processing
and scalability, allowing the system to
process of posts
Spark’s in-memory analytics capabilities
are used to parallelize feature extraction,

millions efficiently.

classification, and sentiment scoring tasks.
The final output is presented through an
interactive marketing dashboard built with
visualization tools such as Tableau or
custom web interfaces. Marketers can
monitor sentiment trends, track campaign
effectiveness, identify top influencers, and
receive real-time alerts on sentiment
anomalies. In summary, the proposed

system offers a scalable, interpretable, and

context-sensitive framework for sentiment
with
actionable

analysis, providing businesses

powerful tools to extract
insights from complex and dynamic social

media data.

V RESULTS AND ANALYSIS

The performance evaluation of the
proposed hybrid sentiment analysis system
was conducted through a series of

experiments using real-world social media
datasets. The aim was to assess the
accuracy, efficiency, scalability, and
practical marketing applicability of the
system. The datasets were collected from
Twitter and Facebook using specific
brand-related hashtags, keywords, and user
mentions over a three-month period.
Approximately 500,000 data points were
extracted, comprising tweets, comments,
reactions, and metadata, providing a
diverse sample set that covered different
behavior
patterns, and engagement levels. The
collected dataset included both labeled and
unlabeled content. Labeled data for

training the machine learning models was

sentiment expressions, user

generated using distant  supervision,
relying on emoticons, hashtags (e.g.,
#happy, #fail), and keyword-based manual
annotation. This provided a corpus with
60% positive, 25% negative, and 15%
neutral sentiment entries, allowing for a
balanced model evaluation. For testing and
validation, a separate manually annotated
dataset of 10,000 posts was used. The
machine learning classifiers employed
included Support Vector Machines (SVM),
Random Forests, and Logistic Regression,
while the rule-based module utilized
sentiment lexicons such as AFINN,
VADER, and SentiWordNet. Conditional

Random Fields (CRFs) and MCMC
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simulations were implemented using the
CRFsuite PyMC3 libraries
respectively. The system was deployed on
a distributed
Apache Spark for real-time processing,
and Python was used for preprocessing,

and
computing cluster with
feature engineering, and modeling. The

overall goal was to test the hybrid model's
performance in terms of classification

sentiment shift detection, and
computational efficiency under real-world

conditions.

The  hybrid
performance was evaluated using standard

model’s  classification
metrics: accuracy, precision, recall, and
Fl-score. Results were compared with
baseline methods—namely lexicon-based

. scoring only, and individual machine
accuracy,  contextual  understanding, . : . .
learning models without rule integration.
Model Accuracy | Precision | Recall | F1-
Score
Lexicon- | 71.2% 70.1% 68.9% | 69.5%
Based
(VADER)
SVM 81.5% 80.8% 80.2% | 80.5%
Random 82.7% 82.0% 81.3% | 81.6%
Forest
Logistic 80.2% 79.9% 79.1% | 79.4%
Regression
Proposed | 88.9% 89.2% 88.4% | 88.8%
Hybrid
Model

The results clearly demonstrate that the
proposed hybrid model outperforms both
lexicon-only and traditional machine
learning classifiers. The combination of
rule-based preprocessing and statistical
learning significantly enhances sentiment
detection by correcting for linguistic
complexities such as sarcasm, negations,
and slang. The use of ensemble fusion
between the rule-based and ML outputs
helps refine misclassified instances,
especially in edge cases with mixed
addition to standard
classification, the system’s capability to
detect nuanced sentiment shifts and
contextual dependencies was tested using
Conditional Random Fields (CRFs). CRFs

were particularly effective in identifying

sentiments. In

sentence-level sentiment transitions, which
are common in longer posts and replies.

This article can be downloaded from https://ijerst.org/index.php/ijerst

For instance, a tweet that started positively
(“I loved the product”) but ended
negatively (“...but the delivery was
awful”) was correctly identified as mixed
or negative overall, which simpler models
often failed to detect.

Monte Carlo Markov Chain (MCMC)

simulations added another layer of
robustness by  modeling  sentiment
uncertainty. By generating posterior
distributions of sentiment scores, the

system was able to quantify confidence in
its predictions. This feature proved useful

for  decision-making in  marketing
dashboards. For example, sentiment
predictions with high variance were

flagged as “uncertain,” prompting human
review or a  confidence-weighted
marketing response. Moreover, sentiment

trend analysis over time revealed patterns
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linked to marketing events, product
launches, or customer service responses.
The model captured real-time sentiment
spikes and dips with minimal latency,
making it suitable for crisis monitoring or
campaign impact analysis. One case study
involved tracking public sentiment around
launch. The
accurately detected sentiment polarity
shifts during pre-launch hype (positive),

a tech product system

post-launch excitement (very positive),
and later technical complaint periods
(negative), offering timely insights for the
company’s customer relations team. The
proposed system’s entity ranking module
proved highly effective in identifying
influential users and sentiment-driving
topics. Using a modified PageRank
algorithm based on sentiment-weighted
engagement (likes, retweets, mentions),
the system ranked users, hashtags, and
brand pages by their emotional impact on
the network. In a marketing simulation, the
top 5% of users identified by the system
(i.e., influencers with strong positive or
negative sentiment propagation) generated
over 40% of the total sentiment reach in
the network. This data allows marketers to
allocate resources more effectively,
targeting either high-value brand advocates
for promotions or addressing critics with
strategic communication. Sentiment-based
topic clustering revealed that product
quality, customer service, and pricing were
the most discussed aspects across the
analyzed brands. The system was able to
separate these clusters and calculate
sentiment intensity and frequency per
topic. This allowed marketing teams to
prioritize action areas e.g., focusing on
service quality issues in regions where
negative sentiment clusters were dense.

Given the need for real-time analysis in

marketing environments, the system’s
scalability and speed were critical
performance indicators. Using Apache

Spark and distributed storage (HDFS), the
system handled over 500,000 records with
a processing time of under 10 minutes for
full classification, entity scoring, and trend
detection. When
records, the system maintained an average

scaled to 2 million

processing speed of 3,500 records/second
using 4 worker nodes. This demonstrates
the practicality of deploying the system in
high-throughput environments, such as for
multinational campaigns, where millions
of interactions occur daily. Furthermore,
batch and streaming modes allow for both
historical trend analysis and real-time
alerting—an  essential  feature  for
responsive brand management and crisis
The
the

superiority of the proposed hybrid system

mitigation. results

demonstrate

and analysis
effectiveness  and

in performing sentiment analysis on large-
scale social media data. By integrating
rule-based logic, machine learning
algorithms, probabilistic modeling, and
distributed computing infrastructure, the
system delivers accurate, context-sensitive,
and timely sentiment insights. It not only
outperforms baseline methods in terms of
precision and recall but also offers
extended functionalities like sentiment
trend tracking, influencer ranking, and
behavioral analysis. These features make
the system highly applicable for digital
marketers, brand managers, and social
media analysts

aiming to optimize

campaigns, improve customer
engagement, and mitigate brand risks. The
system proves to be a valuable asset in
transforming raw social data into strategic

marketing intelligence.
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CONCLUSION

This research presents a robust, hybrid
framework for social media sentiment
analysis tailored to the evolving needs of
marketing intelligence. By integrating
rule-based sentiment scoring with machine
learning classifiers and probabilistic
models like CRFs and MCMC, the
proposed system effectively captures the
syntactic, semantic, and contextual
nuances in social media discourse.
Additionally, the inclusion of distributed
computing  ensures  scalability  for
processing large-scale data from platforms
like Twitter and Facebook, supporting both
real-time and historical trend analysis.
Experimental evaluations confirm that the
hybrid model outperforms traditional
sentiment analysis techniques in terms of
accuracy, contextual sensitivity, and entity
influence ranking. The system’s ability to
model sentiment uncertainty and temporal
dynamics makes it highly relevant for
tracking public opinion, campaign impact,
and emerging crises. Moreover, its
influence-ranking and behavioral analysis
capabilities enable marketers to identify
brand advocates and sentiment influencers
effectively. By transforming unstructured
social data into actionable insights, this
work contributes meaningfully to the
domains of big data analytics, digital
marketing, and social intelligence. Future
work may focus on extending the model to
multimodal data (images/videos),
improving multilingual sentiment
handling, and integrating reinforcement
learning for adaptive sentiment
interpretation in dynamic environments.
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