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With the emergence of social media in the past few years, the generation and propagation of public opinion
takes a format that begs for efficient tools to measure and understand these types of ‘sentiment trends”’ as these
take place. This article presents a new NLP framework with multilingual, multimodal, and real-time
capabilities for analyzing sentiment across diverse social media networks. Unlike previous methods, this
enables models to incorporate both textual information and emojis, hashtags and/or images in their predictions
to better understand the context of the sentiment, especially in informal or sarcastic texts. By utilising
transformer-based architectures and explainability methodologies, the proposed approach not only provides
accurate prediction but also explains to some extent. Furthermore, it characterizes the dynamic of public
opinion, and recognises the key opinion changes occurring during events like election, social movement and
crisis. The model is trained and validated with cross-talk, diversity large-scale indicating multi-
language/cross-culture across platforms, which is robust and general. This all-in-one solution solves existing
problems and establishes the new state-of-the-art for live sentiment analytics and public trend predictions with

NLP.

1 INTRODUCTION

The rise of social media has completely changed
people’s mindset and ideas with the rapid
development of digital information. Whether it's user
content of political discussions, product reviews,
social uprisings, health awareness campaign, user
generated content represents an amazing mirror for
public opinions. Real-time capturing and
comprehension of this sentiment is now more
important than ever for governments, businesses, and
researchers. Nevertheless, the informal, dynamic and
multi-modal nature of social media content presents
great challenges to conventional natural language
processing (NLP) approaches.

Current sentiment analysis approaches rely too much
on static, language-centric data and are limited in
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textual only processing without consideration of
abundant, contextualized, emoji, slang, image,
hashtag-containing  or  mixed  information.
Furthermore, many of these frameworks are unable to
track public sentiment as it changes over time, and
fail to reflect the temporal and situational changes in
opinion that are faithfully to observed in better
grounded analyses. Furthermore, the emergence of
varying multilingual communities with a unique
linguistic, thus cultural, expression warrant models
capable of generalizing across them.

This paper attempts to fill these gaps by proposing
a comprehensive NLP-based sentiment analysis
framework that is multimodal, multilingual, and can
track the public opinion dynamically across different
social media. With the use of modern deep learning
models, interpretability tools and real-world large-
scale datasets, the task makes an attempt to establish
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a new benchmark to address the challenges
associated with sentiment analysis in the era of digital
communication.

2 PROBLEM STATEMENT

Sentiment Analysis Despite notable progress in the
field of NLP, existing sentiment analysis tools find it
difficult to capture and model the changing public
opinion on social media sites in the wild. There are a
number of limitations to this work due to some of the
following challenges: heavy dependence on domain-
specific or language-specific data, lack of aggregation
of multi-mode components like emoji, image and
slang, incapability to appreciate sarcasm, cultural
aspects, and trending sentiment changes. Moreover,
there are modeling methods for specific platforms
and have yet to be applied for general purposes

against the large wvariety of social media
environments.
Conventional methods frequently give

preference to a textual sentiment alone, ignoring the
rich, informal, and dynamic online interaction. They
provide scant support for multilingual conversation,
making them unsuitable for global or cross-cultural
studies. Importantly, few systems are built to run in
real time and are thus inadequate for timely
monitoring of public opinion during high-stakes
events such as elections, crises or viral campaigns.

We need an unified, scalable, interpretable NLP
framework, capable of handling sentiment in multiple
languages, modalities and platforms with the ability
to monitor the changing public opinion in realtime.
This study aims to contribute to these limitations by
constructing a real-time, multimodal and multilingual
sentiment analysis model that can provide enhanced
insight into the decreasing social media trends and
their multi-dimensional consequences.

3 LITERATURE SURVEY

Sentiment analysis using natural language processing
(NLP) has made significant progress in recent years
owing to the explosion of social media which serves
as a rich reservoir of public opinion. Conventional
sentiment analysis largely depended on rule based or
lexicon-based techniques and was found to be too
inflexible and even context insensitive (Radha &
Chandrashekhar, 2025). The transition to machine
learning and deep learning has brought greater
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accuracy at the cost of challenges about how well the
algorithms generalize and how to explain them.

Camacho-Collados et al. (2022) introduced the
TweetNLP, a enrich toolkit for processing sentiment
in social media texts and have highlighted the
importance of domain specific models for NLP.
However, the faceplate system also has its
shortcomings in general applicability to social
ecosystems, as it is specific to the platform. Similarly,
Singh and Kaur (2021) identified the promise of
transformer models such as BERT for absa, but
highlighted the problem that such models tend to be
less interpretable in high-stakes settings.

Wang and Wang (2022) conducted sentiment
analysis of Chinese review-based on LSTM. Their
model was effective in that language, but it did not
work as well in other languages.” This highlights the
general limitation that is also evident in numerous
studies—Ilanguage dependency (Nguyen et al., 2024;
Tolebay, 2025). Multilingual methods have been
considered but may face challenges in terms of
quality for low-resource languages and dialects
(Hasan, 2025).

As for real-time sentimental analysis, the majority
of the current work processes data in batches and
cannot capture live sentiment changes (Garcia-Diaz
& Martin-Valdivia, 2021). This has limited their
applicability in time-critical applications, such as
public health responses or political debates. Derrick
(2024) has tried to solve this problem by developing
human-Al comparsion models for ESG sentiment
analysis but did not work with real-time pipelines.

The multistructured content of contemporary
social media—images, emojis, video clips—has yet
to be exploited. Dutta et al. (2021) and Veluswamy et
al. (2025) recognized the lack of integration of emoji
sentiment and textual information and text visual
fusion that is essential in the current informal digital
communication. It is also noteworthy that it is
challenging to model sarcasm detection due to
context dependency and absence of labeled data
(Mustofa and Saptomo 2025).

Results of the 6 studies which are equally or better
than the Model 3 and Model 4 In many studies for
example, including those by Chen and Li (2022) and
Zhang and Liu (2023), high model accuracy is
reported but often tends to face the overfitting
challenge and without the cross-platform validation.
These problems point to the significance of the
design of powerful and generalizable models, pre-
trained on large-scale and diverse data, which is a
goal yet unreached in many of the current approaches.

Moreover, few studies have engaged in modeling
processes of public opinion formation over time.
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Jungherr (2025) argued for the necessity of
longitudinal sentiment modelling in political science

research but also recognized its computational and
methodological difficulty.

Overall, from the reviewed literature, it is clear
that there is a demand for a real-time, multimodal,
multilingual, interpretable sentiment analysis system
that can detect the trends of movements across
platforms. These deficiencies are the base lines for
the current suggested research. Table 1 show the
Multilingual of Dataset.

4 METHODOLOGY

The adopted methodology consists of a pipeline
composed by a set of structured steps including data
collection, data preprocessing, model construction,
multimodal fusion, real-time "sentiment"
identification and opinion trend analysis. Every stage
is intended to target weak points observed in prior art
and to be as general as possible regarding language,
platform and data format.

4.1 Data Collection and Curation
The first step consists in curating a large and

multilingual dataset from a range of social media
sources such as Twitter, Reddit, Instagram, and

YouTube comments. Public APIs and web scraping
tools will be employed to collect heterogeneous
content from various types of events -- political
debates, product launches, social movements, health
crises. Along with the text, emojis, hashtags, image
captions as well as metadata will be provided for
multimodal sentiment analysis. There will be a
collection of parallel corpus for English, Hindi,
Spanish, and Arabic language -based upon this multi
lingual parallel corpus, adaptability across the
languages will be performed. Figure 1 shows the
Distribution of Multilingual Dataset.

Distribution of Multilingual Dataset
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Figure 1: Distribution of Multilingual Dataset.

Table 1: Multilingual Dataset Distribution.

Dataset Name Language(s) Query Count Sentiment Labels Source
. Positive, Neutral,
CustomerChatQA English 10,000 Negative Kaggle
MultilingualSupport- Spanish, Frustrated,
100 French, Hindi 8,500 Satisfied Open Source
Retail Assist-NLP English, Tamil 7,200 Confused, Angry, Proprietary
Happy

CallCenterLogs English 5,000 Neutral, Angry Web-scraped
SyntheticMixGen Multilingual 6,000 All above Augmented

4.2 Data Preprocessing and Annotation

The preprocessing of the messages involves several
stop-word removal, tokenization, emoji
normalization, slang translation, and language
detection. Emojis and hashtags are linked to
sentiment scores through the use of hand-crafted
dictionaries and sentiment lexicons. For images, Alt-
Text or OCR (Optical Character Recognition) will be
used where there are no captions. The dataset will
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subsequently be annotated based on a hybrid
annotation methodology (i.e., manual tagging,
sentiment scoring tools (e.g., VADER, TextBlob),
and crowd-sourced validation) to avoid bias and
guaranteeing high quality annotations.
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4.3 Feature Extraction and Multimodal
Fusion

We will then take out text features using transformer-
based language models such as BERT, RoBERTa and
XLM-R for multilingual input. Emoji and Hashtag
Features In this work, Emoji and Hashtag features
will be included in the model using the custom word-
vector mapping trained on social media corpora. For
sentiment from images, we will use a pre-trained
CNN (ResNet50) on emotion-labeled datasets. These
representations are followed by a cross-modal
attention layer to provide the robot or the agent with
possibility to learn correlations between text and non-
text. We plan to experiment with fusion models such
as Multimodal Transformers (MMT) or LXMERT to
determine best integration.

4.4 Model Architecture and Training

We will design a modality attention based multimodal
sentiment classification framework, which includes
several encoder branches for different modality and
a common classifier layer. Supervised modeling
using a categorical cross-entropy loss will be used.
Approaches like dropout, batch normalization or
early stopping will be used to mitigate the overfitting.
Get the "final" preprocessed df then we will see the
other preprocessing transformations')"
hyperparameter tuning will be done by grid search
and then bayesian optimization across fl, precision,
recall. Table 2 shows the Model Architecture
Configuration.

Table 2: Model Architecture Configuration.

Model Intent | Sentim | Avg. Escala
Accur | ent F1- | Respo | tion
acy score nse Rate
(%) (%) Time (%)

(s)

Rule-Based 81.5 64.2 289 13.9
Chatbot
Transformer 88.9 78.4 22.1 9.7
(no
emotion/multi
lingual)
Proposed 94.2 91.3 13.7 5.2
Framework

4.5 Real-Time Sentiment Stream
Analysis

There will be a sentiment dashboard which live-
streams using Apache Kafka, and backend services
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with Flask or FastAPI. Social media posts will be
consumed live and input into a pre-trained model for
live sentiment scoring. A layer to visualize the result
either via Plotly or D3. js and showing evolving
sentiment trends with geo-tagged or topic filters.

4.6 Public Opinion Dynamics Modeling

Various time-series analysis approaches e.g. DTM
and TGNN to capture sentiment evolution across
days, weeks, and significant social events.
Trajectories of sentiment in response to individual
keywords or hashtags will be plotted to investigate
changes in sentiment, topic relevance and influential
user contributions.

4.7 Explainability and Evaluation

To facilitate model interpretability, SHAP (SHapley
Additive exPlanations) as well as attention heatmaps
will be employed to visualise the importance of a
feature across modalities. We will test the model on
held-out test sets from different platforms and
languages to verify generalization. Comparison will
be performed against baseline models using common
metrics.

S RESULTS AND DISCUSSION

The research credibility of the proposed NLP-based
sentiment analysis framework is verified from diverse
aspects, such as the analytic effect, promptitude,
cross-language  adaptability, and multimodal
sentiment understanding. The results show that the
integrated architecture substantially benefits over
traditional single modality or language driven models
in static and dynamic scenarios.

6 MULTILINGUAL
PERFORMANCE
COMPARISON

Experiments were performed on multilingual datasets
across English, Hindi, Spanish, and Arabic. The
proposed model successfully obtained average
accuracy rates of over 90% for all languages,
maintaining a small performance decline in low-
resource languages. It demonstrated up to 12%
improvement in Fl-score compared to baseline
models (BERT, TextBlob) especially where posts
involved code-mixing or heavy in dialects. This
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demonstrates robust generalisation to linguistic data
from various linguistic contexts

7 EFFECTIVENESS OF
MULTIMODAL FUSION

With the use of emojis, hashtags, and image features,
the sentiment prediction also greatly improved,
especially for informal and sarcastic content, which
is very likely to be misclassified using textonly
models. A controlled experiment showed that
multimodal models achieved a 15-18% accuracy
improvement for sentiment prediction over the text-
only form. The fusion transformer layers best
captured associate with the textual cues and the
visual/emotion components, which enhanced the
interpretability over the social-media
communication. Table 3 shows the Accuracy. Figure
2 shows Sentiment Accuracy Across Modalities.

Table 3: Sentiment Classification Accuracy (Per Modality).

Languag Precision Recall F1-score
e (%0) (%) (%)
English 92.5 90.7 91.6
Hindi 89.2 88.0 88.6
Spanish 91.0 89.5 90.2
Tamil 88.7 87.9 88.3
French 90.3 89.0 89.6

0 Sentiment Accuracy Across Modalities

975
95.0
925

90.0

Accuracy (%)

87.5

8.0

825

80.0 : — :
W of 0 ol
i O Al i !
® o ! pl o

Figure 2: Sentiment Accuracy Across Modalities.
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8 REAL-TIME SENTIMENT
TRACKING

The real-time sentiment stream engine was evaluated
using live Twitter and Reddit streams, realted to a
number of ongoing events including political debates,
global protests and product launches. The lag
between ingestion and visualization was below 2
seconds consistently, which kept the system within
real-time analytics. Sentiment dashboards exhibited
live polarity scores, emotion frequency graphs, and
user influence maps over time, for real-time
visualization of public opinion. At a political event,
we demonstrated the ability to identify the sudden
sentiment shift with a 15-minute advance notice of
the arrival of a trending hashtag missed using batch-
processing models. The Table 4 shows Real-Time
Latency and Throughput Benchmarks. The Figure 4
shows Latency of Real-Time Pipeline Components.

Table 4: Real-Time Latency and Throughput Benchmarks.

Feedback Type Count Percentage (%)
Very Satisfied 1,420 473
Satisfied 1,010 33.6
Neutral 370 12.3
Unsatisfied 130 43
Very Unsatisfied 70 2.5

Latency of Real-Time Pipeline Components

Visualization

Prediction

Preprocessing

Ingestion

0 100 200 300 400 500
Latency (ms)

Figure 3: Latency of Real-Time Pipeline Components.
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9 PUBLIC OPINION EVOLUTION
ANALYSIS

Time series plots demonstrated the evolution of
public sentiment at hourly and daily scales by
capturing not only the magnitude of sentiment but
also the emotional themes in sentiment. During an
event where people were rolling out a vaccine, the
fear and skepticism led way to positive feelings after
stories of success and endorsement began trending.
Dynamic Topic Modeling (DTM) showed topics
related to trust, safety, and responsibility increased in
prominence, indicating that the model has potential
for interpreting more complex socio-emotional
changes over time. Table 5 shows the Sentiment
Shift.

Table 5: Sentiment Shift During Political Event (Example Use Case).

Concurr Avg. Max Throughput
ent Response Memory (queries/sec
Users Time (s) | Usage (MB) )

100 0.8 650 70
1,000 1.1 1,420 640
5,000 1.3 2,900 2,500

10,000 1.5 3,800 4,800

Sentiment Shift During Political Event

Fusiive
5o = tewtra
—— Negative

Before Debate During Debate Alter Debiate Hext Day

Figure 4: Sentiment Shift During Political Event.

10 SARCASM AND
INFORMALITY HANDLING

Our fine-tuned sarcasm detection module, based on
transformer attention weight and emoji pattern,
demonstrated good results in classifying such posts
with weak emotional mixture. For instance, sarcastic
tweets such as “Great, another Monday morning

disaster (2” were correctly identified as negative,

Media Platforms

despite the positively worded phrasing. Emoji
interpretation modules boosted confidence of
classification for cases when the context was
ambiguous by tracing emojis such as &, @, or &

in context.

Explainability and User Trust. By means of
SHAP and attention visualization tools, the most
impactful tokens, emojis, and regions of images that
contributed to a classification decision were shown
explicitly. This served to establish user trust and to
give researchers an inside look into the model’s
decision making. For example, in a tweet where
sentiment was “anger,” and then the attention map
localized both capitalized negative words and angry-
face emojis, so that the decision is reasonable and
explainable. Figure 5 shows the SHAP-Based Token
Contribution and Figure 3 shows the Sentiment.

SHAP-Based Token Contribution for Sentiment Prediction

"great”

“disaster"

"Monday"

emoji[]

0.0 0.1 0.2 03 0.4
SHAP Importance Score

Figure 5: Shap-Based Token Contribution.

11 CROSS-PLATFORM
GENERALIZATION

When evaluating on previously unseen platform data,
such as Instagram comments and YouTube threads,
the accuracy margin remains high and the
performance loss is less than 5%. This demonstrates
the generalisation and versatility of the model
architecture that enables its use within different
digital environments.
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12 CONCLUSIONS

At a time when social media is both a megaphone
and mirror for public opinion, the handling of social
media discourse in real time has become increasingly
important. This work first proposed a new NLP
architecture, which can address the restrictions of the
conventional sentiment analysis methods by adding
the multilingual, multimodal and real time support for
one system. Notably, unlike prior works that are
limited to monolingual text or batch processes, our
proposed method makes use of transformer-based
models, multimodal fusion, and time-series modeling
techniques to capture deep, dynamic insights from
such diverse and informal social media content.

The multilingual, cross-platform capacity of the
system, combined with the ability to handle emoji,
slang, and context, has led to substantial gains in
performance, scalability, and user confidence.
Further, its tracking of real-time sentiment and
modelling of trend evolution provide actionable
findings for different stakeholders including
policymakers and marketers, public health authorities
and sociologists, amongst others.

By tackling problems including cross-lingual
variation in language, sarcasm detection and
explainability, the framework not only enables the
current state of sentiment analysis to be advanced,
but suggests more ethical and inclusive Al systems
can emerge which more accurately express the voice
of the digital public. With online communication
becoming more and more sophisticated, the research
methods and the lessons drawn from what online
discussions can tell us offers a foundation for research
on new opinion mining, behavioral prediction, and
human-centered NLP technology.
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