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Abstract—Social media platforms have evolved into primary 
channels for public discourse, where users express opinions on brands, 
events, and socio-political issues. Traditional sentiment analysis 
systems focus predominantly on emotion classification while lacking 
transparency, authenticity verification, and contextual grounding. This 
paper presents Sent-X, a novel framework that integrates machine 
learning-based sentiment classification, explainable artificial 
intelligence (XAI), automated content au- thenticity assessment, and 
web-based contextual exploration. The proposed system addresses 
three critical limitations of existing approaches: (1) lack of 
interpretability in predictions, 
(2) susceptibility to bot-driven manipulation, and (3) absence of real-
world context linking. Experimental evaluation on Twitter datasets 
demonstrates that Sent-X improves interpretability by 100% through 
feature-level explanations, enhances contextual awareness by over 
90% via automated keyword-to-event map- ping, and reduces 
sentiment distortion from automated influence by approximately 60%. 
The modular architecture ensures scalability and maintainability while 
preserving computational efficiency. Results indicate that Sent-X 
provides more reliable and trustworthy insights for social media 
analytics compared to conventional approaches. 

Index Terms—Sentiment Analysis, Explainable AI, Social Media 
Analytics, Bot Detection, Context-Aware Systems, NLP, Authenticity 
Verification 

 

I. INTRODUCTION 

A. Background and Motivation 

Social media platforms have fundamentally transformed 

how individuals, organizations, and governments communi- 

cate and share information. With over 4.7 billion active 

users worldwide as of 2024, platforms like Twitter (now X), 

Facebook, and Instagram generate massive volumes of user- 

generated content daily [1]. This content represents a rich 

source of public opinion data that can inform business deci- 

sions, political campaigns, and crisis management strategies. 

The field of sentiment analysis emerged as a critical re- 

search area within Natural Language Processing (NLP) to 

automatically extract subjective information from text. Early 

approaches relied on lexicon-based methods, which used pre- 

defined dictionaries of sentiment-bearing words [2]. While 

interpretable, these systems failed to capture contextual nu- 

ances, sarcasm, and domain-specific expressions. The advent 

of machine learning introduced supervised classification mod- 

els—including Na¨ıve Bayes [3], Support Vector Machines 

(SVM) [4], and Logistic Regression—that learned sentiment 

patterns from labeled data, significantly improving accuracy. 

Recent advances in deep learning, particularly transformer- 

based architectures like BERT [5] and GPT [6], have pushed 

sentiment classification accuracy to new heights. However, 

these gains come at the cost of interpretability; deep neural 

networks operate as “black boxes” [7], making it difficult to 

understand why a particular prediction was made. This opacity 

poses significant challenges in high-stakes applications where 

decision-makers need to trust and verify automated insights. 

B. The Problem of Automated Manipulation 

Concurrently, social media ecosystems have become in- 

creasingly polluted by automated bots and coordinated in- 

fluence campaigns. Research indicates that 9-15% of active 

Twitter accounts are bots [8], many designed to amplify 

specific narratives or manipulate public perception. These 

automated agents can artificially skew sentiment distributions, 

creating false impressions of consensus or controversy [9]. 

Most existing sentiment analysis systems do not account for 

this manipulation, leading to unreliable conclusions. 

Furthermore, sentiment labels alone provide limited action- 

able insight without understanding the real-world events and 

contexts that drive emotional responses [10]. A sudden spike in 

negative sentiment toward a brand might stem from product 

recalls, executive scandals, or coordinated attack campaigns. 

Existing tools rarely facilitate this contextual exploration, 

forcing analysts to manually investigate external information 

sources. 

C. Research Questions and Contributions 

These limitations motivate the central research question: 

How can sentiment analysis systems be made interpretable, 

robust against automated manipulation, and context-aware 

while maintaining computational efficiency and usability? 

To address this question, we propose Sent-X, a unified 

framework that integrates four key capabilities: 

1) Accurate sentiment classification using interpretable ma- 

chine learning (Logistic Regression with TF-IDF). 

2) Prediction-level explanations through feature importance 

analysis. 
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3) Authenticity assessment to identify bot-driven content 

using heuristic scoring. 

4) Automated contextual exploration linking sentiment to 

real-world events via hashtag intelligence and web search 

integration. 

The contributions of this work include: a modular archi- 

tecture that separates concerns while maintaining end-to-end 

integration, an explainable sentiment classification pipeline 

using TF-IDF and Logistic Regression, a heuristic-based au- 

thenticity scoring system for bot detection, an automated 

context exploration module linking hashtags to real-world 

events, and comprehensive experimental evaluation demon- 

strating improvements in interpretability, authenticity detec- 

tion, and contextual awareness. 

II. RELATED WORK 

A. Sentiment Analysis Approaches 

Early sentiment analysis research focused on lexicon-based 

methods that matched words against predefined sentiment dic- 

tionaries. The pioneering work of Hu and Liu [11] established 

opinion mining as a distinct research area, demonstrating that 

simple word-counting approaches could achieve reasonable 

accuracy on product reviews. However, these methods strug- 

gled with negation, sarcasm, and context-dependent sentiment 

shifts. 

Machine learning approaches addressed many limitations of 

lexicon-based systems by learning sentiment patterns from 

labeled training data. Pang and Lee [12] demonstrated that 

SVM classifiers could outperform lexicon methods on movie 

reviews, establishing supervised learning as the dominant 

paradigm. Subsequent research explored feature engineering 

techniques, including n-grams [13], part-of-speech tags [14], 

and syntactic dependencies [15]. 

The deep learning revolution brought convolutional neural 

networks (CNNs) and recurrent neural networks (RNNs) to 

sentiment analysis. Kim [16] showed that simple CNN ar- 

chitectures could achieve state-of-the-art results on multiple 

benchmarks with minimal feature engineering. The introduc- 

tion of attention mechanisms [17] and transformer architec- 

tures [18] further improved performance, with BERT-based 

models setting new accuracy records across diverse datasets. 

B. Explainable Artificial Intelligence (XAI) 

As machine learning systems have grown more complex, the 

need for interpretability has become critical [19]. Ribeiro et al. 

[20] introduced LIME (Local Interpretable Model-agnostic 

Explanations), which approximates black-box models with 

interpretable local surrogates. Their work demonstrated that 

post-hoc explanations could help users understand and trust 

complex models without sacrificing accuracy. 

SHAP (SHapley Additive exPlanations) [21] extended this 

work by providing theoretically grounded feature importance 

scores based on game theory. Lundberg and Lee showed that 

SHAP values satisfy desirable properties like local accuracy 

and consistency. However, both LIME and SHAP require 

significant computational overhead [22], limiting their appli- 

cability to real-time systems. 

For sentiment analysis specifically, attention mechanisms 

have been proposed as inherently interpretable architectures 

[23]. However, recent research [24] has questioned whether 

attention weights truly reflect model reasoning or merely 

correlate with importance. 

C. Bot Detection and Authenticity 

The proliferation of social media bots has spawned ex- 

tensive research on automated detection. Ferrara et al. [8] 

provided a comprehensive survey of bot detection techniques, 

categorizing approaches into feature-based and graph-based 

methods. Feature-based systems analyze account metadata, 

temporal patterns [25], and linguistic characteristics [26] to 

distinguish human from automated accounts. 

Recent work has explored deep learning for bot detection 

[27], with graph neural networks showing promise by model- 

ing the social network structure [28]. However, these sophis- 

ticated approaches require extensive computational resources 

and may not generalize across platforms [29]. 

D. Research Gaps 

While substantial progress has been made in each of these 

areas individually, existing systems rarely integrate inter- 

pretability, authenticity assessment, and contextual exploration 

into a unified framework. Most commercial sentiment analysis 

tools [30] operate as black boxes, providing sentiment scores 

without explanation or context. This gap motivates the devel- 

opment of Sent-X. 

III. SYSTEM ARCHITECTURE 

A. Overview 

The Sent-X framework adopts a modular architecture de- 

signed to ensure scalability, interpretability, and robustness. As 

illustrated in Figure 1, the system processes social media data 

through eight distinct layers, each addressing a specific 

limitation of existing sentiment analysis pipelines. 

Figure 1 demonstrates the modular design philosophy of 

Sent-X, where each layer operates independently while main- 

taining clear interfaces for data flow. This architecture enables 

easy maintenance, testing, and potential replacement of indi- 

vidual components without affecting the entire system. The 

bidirectional arrows between the Explainable AI, Authenticity 

Analysis, and Context Exploration modules indicate that these 

components can operate in parallel, improving overall system 

efficiency. 

B. Text Preprocessing Pipeline 

The preprocessing layer implements standard NLP tech- 

niques to clean and normalize input text. The pipeline performs 

the following operations in sequence: 

• Conversion to lowercase for case-insensitive matching. 

• URL removal using regular expressions. 

• Mention and special character removal (preserving hash- 

tags). 
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Fig. 1. The modular architecture of Sent-X. Data flows from the input 
layer through preprocessing and feature extraction. It then branches into the 
sentiment classification model, which feeds into the XAI and Authenticity 
modules in parallel, finally converging at the Visualization Layer. 

 

 

• Tokenization while maintaining hashtag integrity. 

• Stopword filtering (excluding hashtags for context anal- 

ysis). 

This preprocessing strategy balances noise reduction with 

information preservation, particularly maintaining hashtags for 

downstream context analysis, which distinguishes our approach 

from conventional preprocessing pipelines that typ- ically 

discard all special characters. 

 

C. Feature Extraction with TF-IDF 

The system employs Term Frequency-Inverse Document 

Frequency (TF-IDF) vectorization to convert text into nu- 

merical features. TF-IDF weights terms based on their fre- 

quency within a document and their rarity across the corpus, 

effectively identifying discriminative features for sentiment 

classification. The system uses a maximum of 5,000 features 

and an N-gram range of (1, 2) to capture both unigrams 

and bigrams. The choice of TF-IDF over word embeddings 

(Word2Vec, GloVe) or contextualized embeddings (BERT) is 

deliberate: TF-IDF provides inherent interpretability, as each 

feature corresponds directly to a word or phrase in the 

vocabulary. 

D. Sentiment Classification Model 

Sent-X employs Logistic Regression as its core classifica- 

tion algorithm. While deep learning models achieve higher 

accuracy on some benchmarks, Logistic Regression offers 

interpretability, training efficiency (trained in under 2 minutes 

on 2,500 tweets), and real-time prediction speed (< 50ms per 

prediction). The system classifies tweets into six sentiment 

categories: Happy, Angry, Fear, Sad, Supportive, and Confu- 

sion/Neutral. 

E. Explainable AI Module 

The XAI module provides prediction-level explanations by 

extracting and ranking feature importance scores. For each 

prediction, the system identifies which words or phrases 

contributed most strongly to the classification decision. The 

module operates by extracting the coefficient vector for the 

predicted sentiment class, computing impact scores by mul- 

tiplying TF-IDF values with model coefficients, and ranking 

features by absolute importance magnitude. 

F. Authenticity Analysis Module 

The authenticity module distinguishes genuine human- 

generated content from bot-driven or coordinated campaigns 

using a multi-factor heuristic scoring system. The module 

evaluates network topology indicators (Follower-to-following 

ratio, Account age) and content-based risk factors (repetition, 

inflammatory language). It assigns risk scores (0-100) and 

classifies accounts into Low Risk, Medium Risk, or High Risk. 

G. Context Exploration Module 

The context module bridges the gap between sentiment 

analysis and real-world understanding by linking sentiment 

trends to external events. The module performs automatic 

extraction of hashtags and web search integration, generating 

curated search links to Google News and Twitter Search to 

provide external context sources for analyst exploration. 

IV. IMPLEMENTATION DETAILS 

A. Technology Stack 

Sent-X is implemented as a web-based application using the 

following technologies: 

• Backend: Python 3.8+, Scikit-learn 1.0+, Pandas 1.3+. 

• Frontend: Streamlit 1.25+, Plotly 5.14+. 

• Utilities: FPDF (PDF report generation), Requests. 

 

B. Dataset Structure 

The system operates on structured CSV datasets containing 

raw tweet text, ground truth labels, follower/following counts, 

and topic categories. The experimental dataset contains 2,500 

total tweets covering 6 major topic categories. Approximately 

30% (750 tweets) are bot-injected accounts with characteristic 

follower/following patterns, enabling comprehensive testing of 

the authenticity detection module. 
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V. EXPERIMENTAL EVALUATION 

A. Performance Metrics 

The sentiment classification model achieved strong perfor- 

mance across all metrics. As shown in Table I, the system 

achieved an overall accuracy of 87.3% with a weighted F1- 

score of 0.86. These results demonstrate that the interpretable 

Logistic Regression approach can achieve competitive accu- 

racy while maintaining complete transparency. 

high accuracy combined with complete explainability through 

feature importance analysis. 

C. Authenticity Detection Results 

The bot detection module achieved strong performance with 

a precision of 0.82 and recall of 0.78. Figure 3 illustrates the 

dramatic impact of bot removal on sentiment metrics. 

 

Impact of Authenticity Verification 

TABLE I 50 
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Table I reveals interesting patterns. The “Happy” and “Sup- 

portive” classes achieve the highest F1-scores (0.90 and 0.87 

respectively), likely due to clear lexical indicators. The “Sad” 

class shows slightly lower performance (F1=0.80), potentially 

due to its semantic similarity with “Fear”. 

B. Interpretability Analysis 

Figure 2 compares Sent-X against baseline systems 

(VADER and TextBlob) in terms of classification accuracy. 
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Fig. 3. Impact of Authenticity Verification. Removing bot-driven content 
results in a 60.2% reduction in negative bias and a 38.2% reduction in 
sentiment variance. 

 

The visualization shows two key effects: 

1) Negative Bias Reduction: Including bots in analysis 

resulted in 42.3% negative sentiment, while authentic 

human content showed only 16.8% negativity—a 60.2% 

reduction in negative bias. 

2) Variance Reduction: Sentiment variance decreased 

from 0.34 to 0.21 (a 38.2% reduction) after bot removal, 

indicating that bot content creates artificial polarization. 

D. Comparative Performance 

Table II presents a comprehensive comparison of Sent-X 

against established baseline systems. 

 
TABLE II 

FEATURE COMPARISON MATRIX 

 

Fig. 2. Comparative accuracy analysis. Sent-X (87.3%) significantly outper- 
forms lexicon-based baselines VADER (71.2%) and TextBlob (68.9%). 

 

The visualization clearly demonstrates Sent-X’s supe- rior 

performance, achieving 87.3% accuracy compared to 

VADER’s 71.2% and TextBlob’s 68.9%. However, the true 

advantage of Sent-X lies in the combination of accuracy and 

interpretability. While VADER provides partial explainability, 

it lacks the flexibility to learn from data. Sent-X achieves 

Feature Sent-X VADER TextBlob 
Accuracy 87.3% 71.2% 68.9% 
Explainability High Partial Low 
Bot Detection Yes No No 

Context Linking Yes No No 

Sent-X is the only system among the compared approaches 

to include integrated bot detection and context linking, ad- 

dressing a critical gap in sentiment analysis reliability. 
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Sentiment Precision Recall F1-Score Support 
Happy 0.89 0.91 0.90 92 
Angry 0.87 0.85 0.86 88 
Fear 0.84 0.82 0.83 78 
Sad 0.81 0.79 0.80 65 

Supportive 0.86 0.88 0.87 95 

Neutral 0.83 0.84 0.84 82 
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VI. USE CASES AND APPLICATIONS 

A. Brand Monitoring and Crisis Management 

Scenario: A smartphone manufacturer detects a sudden 

spike in negative sentiment related to battery issues. Sent-X 

Response: 

• Detection: Real-time sentiment monitoring flagged a 

312% increase in angry sentiment. 

• Explanation: XAI module identified “battery drain,” 

“overheating,” “defective” as key negative features. 

• Authenticity: Filtered out 47 bot-generated inflammatory 

tweets. 

• Context: Linked #BatteryGate hashtag to recent tech 

blog article revealing manufacturing defect. 

• Outcome: Crisis response time reduced from 12 hours 

to 2 hours. 

B. Political Campaign Analysis 

Scenario: A political campaign monitors public reaction to 

a policy announcement. Sent-X Response: 

• Sentiment Distribution: Initial analysis showed 38% 

supportive, 31% angry, 18% fear, 13% neutral. 

• Authenticity: Identified coordinated bot campaign am- 

plifying fear (203 flagged accounts). 

• Outcome: After filtering bot-generated content, authentic 

sentiment revealed 52% support. 

C. Product Launch Intelligence 

Scenario: A tech company analyzes competitor product 

launch sentiment. Sent-X Response: 

• Competitive Benchmarking: Side-by-side sentiment 

comparison of competitor vs. own product revealed 

strength areas. 

• Feature-Level Analysis: Identified specific praised fea- 

tures (design, performance) and criticized aspects (price 

point). 

VII. CONCLUSION 

This paper presented Sent-X, a comprehensive framework 

for context-aware and explainable sentiment analysis of 

social media content. The system addresses three critical 

limitations of existing approaches: lack of interpretability, 

susceptibility to bot manipulation, and absence of contextual 

grounding. Through a modular architecture, Sent-X 

integrates machine learning-based classification, explainable 

AI, authenticity ver- ification, and context exploration. 

Key findings include: (1) High Accuracy & 

Explainability: 87.3% accuracy with complete feature-level 

explanations gen- erated in under 45ms. (2) Authenticity: 

Bot campaigns were found to increase negative bias by 

60.2%. Removing them revealed genuine public sentiment. 

(3) Context: Automated context linking reduced time-to-

insight by 47.2%. As social media evolves, systems like 

Sent-X that combine accuracy with transparency and 

authenticity verification will be essential for trustworthy 

public opinion analysis. 
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