
© January 2026 | IJIRT | Volume 12 Issue 8 | ISSN: 2349-6002 

IJIRT 190637 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 1420 

A Comprehensive Review of the Evolution of Natural 

Language Processing Techniques for Sentiment Analysis 
 

 

Srinivas Pasupuleti1, Chintalapati Hariharan2, M.D.N Akash3, S. Venu Gopal4 
1Dept. of Computer Science and Engineering (Data Science), Vardhaman College of  

Engineering, Hyderabad 
2Dept. of Information Technology and Engineering, Vardhaman College of Engineering, Hyderabad 

3Dept. of Computer Science and Engineering, Aurora University, Hyderabad 
4Dept. of Computer Science and Engineering, Vardhaman College of Engineering, Hyderabad 

 

 

Abstract—Sentiment analysis has become a 

cornerstone task in natural language processing (NLP), 

fueled by the exponen- tial growth of user-generated 

content and its immense value for business, political, 

and social applications. Over the last two decades, the 

field has progressed through several dis- tinct 

paradigms, evolving from rule-based lexicon systems to 

feature-engineered machine learning models, and 

subsequently to representation-learning-based deep 

learning and large-scale transformer architectures. This 

paper provides an in-depth, comprehensive review of 

this technical evolution. We present a detailed analysis of 

the seminal contributions and methodologies within 

each paradigm, offering a structured comparison of 

their advantages, disadvantages, and underlying 

assumptions. We survey key benchmark datasets that 

have driven progress and the evaluation metrics used 

to measure it. Furthermore, we conduct a thorough 

examination of persistent challenges, including sarcasm, 

domain adaptation, multilingual analysis, and critical 

ethical considerations. Finally, we synthesize these 

findings to propose promising future research directions, 

aiming to provide a valuable roadmap for both new and 

experienced researchers and practitioners in the field of 

sentiment analysis. 

 

Index Terms—Natural Language Processing, Sentiment 

Analy- sis, Opinion Mining, Machine Learning, Deep 

Learning, Trans- formers, Literature Review. 

 

I. INTRODUCTION 

 

A. Motivation and Impact 

Sentiment analysis, or opinion mining, is a field of 

com- putational linguistics dedicated to the automated 

extraction, identification, and quantification of 

affective states and sub- jective information from text 

[1]. The rise of Web 2.0 and social media platforms 

has created an unprecedented deluge of opinionated 

data in the form of product reviews, tweets, blog posts, 

and forum discussions. This data represents a vast and 

invaluable resource for understanding public opinion, 

customer feedback, and social trends. Consequently, 

sentiment analysis has emerged as a critical enabling 

technology in numerous domains, from market 

research and brand management to po- litical 

campaign analysis and public health monitoring [1]. 

The socio-economic impact is profound; companies 

have shifted significant resources from traditional 

methods like surveys and 

focus groups to large-scale, real-time sentiment 

analysis of customer feedback to guide product 

development. In finance, algorithmic trading models 

incorporate sentiment signals from news and social 

media to predict market fluctuations. 

 

B. The Evolutionary Trajectory 

The history of sentiment analysis is a story of 

increasing abstraction and automation, with each new 

paradigm emerging to solve the critical ”bottleneck” 

of the previous one. The earliest approaches in the 

early 2000s, exemplified by the work of Turney [2], 

were largely unsupervised and relied on handcrafted 

lexicons. The key bottleneck here was context; these 

systems struggled to interpret words whose sentiment 

depended on surrounding text. A significant paradigm 

shift occurred with the application of traditional 

supervised machine learning techniques, as 

systematically demonstrated by Pang and Lee [3]. 

These methods learned context from data but 

introduced a new bottleneck: feature engineering. The 
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2010s heralded the deep learning revolution, where 

models like CNNs [6] and RNNs learned features 

automatically. However, they faced their own 

bottleneck related to long-range depen- dencies and 

the need for massive labeled datasets. The current 

state-of-the-art is dominated by large-scale 

transformer-based models like BERT [9], which 

solved the long-range depen- dency problem but 

introduced a new bottleneck of massive computational 

cost and ethical concerns. 

 

C. Scope and Contributions of This Review 

The objective of this review is to provide a 

comprehensive and structured narrative of this 

evolution. Unlike a brief survey, this paper aims to 

deliver an in-depth analysis of the technical 

underpinnings, strengths, and weaknesses of each 

major approach. We focus specifically on text-based 

sentiment analysis, excluding multimodal approaches 

(e.g., analyzing video or audio). The primary 

contributions of this work are: (1) a deep, pedagogical 

exploration of the four major paradigms of sentiment 

analysis; (2) a structured comparative analysis of these 

paradigms across multiple axes, including 

performance and interpretability; and (3) a thorough 

discussion of open challenges and ethical 

considerations that will shape the future of the field. 

 

II. FOUNDATIONAL CONCEPTS IN 

SENTIMENT ANALYSIS 

 

A. Levels of Analysis Granularity 

The specific goal of a sentiment analysis task dictates 

the level of granularity required. The three primary 

levels are: 

preferred on imbalanced datasets by calculating the 

harmonic mean of Precision (P ) and Recall (R). Using 

the standard equation editor format: 

P · R 

• Document-Level: At this coarsest level, the entire 

docu- 

F 1 = 2 · 

 

 
P + R 

(1) 

ment is assigned a single sentiment label. This is pred- 

icated on the assumption that the document expresses 

a monolithic opinion on a single topic. It is well-suited 

for applications like classifying movie or product 

reviews. 

• Sentence-Level: This level refines the analysis by 

deter- mining the sentiment of each individual 

sentence. It is useful for texts that discuss multiple 

topics or express differing opinions. 

• Aspect-Based Sentiment Analysis (ABSA): 

Representing the most fine-grained analysis, ABSA 

seeks to identify the sentiment towards specific 

attributes (aspects) of an entity. The foundational 

work by Hu and Liu [4] outlined the key sub-tasks: 

(1) extracting the aspects or features of the entity 

being discussed (e.g., ”screen” or ”battery”), and (2) 

determining the sentiment polarity of the opinion 

expressed towards each aspect. For example, in 

”The camera is brilliant, but the battery life is poor,” 

ABSA identifies a positive sentiment for ‘camera‘ 

and a negative sentiment for ‘battery life‘. Key 

challenges in ABSA include handling implicit 

aspects, where the target is not explicitly mentioned 

(e.g., ”This phone is too expensive,” where the 

aspect is ‘price‘), and co-reference resolution, 

where pronouns refer to previously mentioned 

aspects (e.g., ”The camera is great. It takes amazing 

photos.”). 

 

B. Major Datasets and their Characteristics 

• IMDB Movie Reviews: A large-scale corpus of 

50,000 highly polarized movie reviews (25,000 for 

training, 25,000 for testing), evenly split between 

positive and negative classes. It has become the de 

facto standard for benchmarking document-level 

binary sentiment classifi- cation. 

• Stanford Sentiment Treebank (SST): Introduced by 

Socher et al. [5], this dataset is crucial for models 

that aim to understand linguistic compositionality. 

It consists of 11,855 sentences from movie reviews 

and provides fine- grained (5-class: very negative to 

very positive) sentiment labels for over 215,000 

unique phrases within their parse trees, enabling 

evaluation at a sub-sentence level. The SST-2 

variant simplifies this to a binary sentence-level 

task. 

• SemEval Twitter Datasets: The SemEval workshop 

series has provided numerous datasets for 

sentiment analysis in Twitter [11]. These are 

invaluable for testing model robustness on short, 

noisy, informal text containing slang, emojis, 

hashtags, and misspellings, which are common in 
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real-world social media data. 

C. Evaluation Metrics and Challenges 

Performance is typically measured using standard 

classifica- tion metrics. While accuracy is intuitive, 

the F1 Score is often 

When dealing with multiple classes, it is common to 

report the Macro-F1 (unweighted average of F1 

scores for each class) and Micro-F1 (F1 score 

calculated from the sum of individual true positives, 

false positives, and false negatives). A significant 

challenge in evaluation is the inherent subjectivity of 

sentiment. The level of inter-annotator agreement 

(IAA) on sentiment datasets is often lower than on 

more objective tasks, reflecting the fact that humans 

themselves can disagree on the sentiment of a given 

text, especially when sarcasm or complex context is 

involved. 

 

III. THE CHRONOLOGICAL EVOLUTION OF 

TECHNIQUES 

 

A. Era 1: Lexicon-Based Approaches 

The first attempts at automated sentiment analysis 

were dominated by methods relying on sentiment 

lexicons. An influential early method was the PMI-IR 

algorithm proposed by Turney [2]. This approach was 

corpus-based, using the vast corpus of the World Wide 

Web to derive sentiment scores. It calculated the 

Pointwise Mutual Information (PMI) between a 

candidate phrase and two paradigmatic words, 

”excellent” and ”poor”. 

 

1) Critical Analysis: The primary advantage of 

lexicon- based methods is their simplicity and lack of 

need for la- beled training data. They are highly 

interpretable, as the final score can be traced directly 

back to the individual word scores that contributed to 

it. This makes them easy to debug and explain. 

However, their limitations are severe. They are 

context-agnostic, meaning they fail to handle negation 

properly (e.g., ”not a bad film” would likely be scored 

as negative), struggle with sarcasm (e.g., ”I love being 

stuck in traffic”), and cannot disambiguate sentiment 

based on context. Furthermore, lexicons are often 

domain-specific; a word like ”unpredictable” may be 

positive for a movie plot but negative for a car’s 

handling. This brittleness and low accuracy ceiling 

prompted the search for more robust, data-driven 

methods. 

B. Era 2: Traditional Machine Learning 

The early 2000s marked a paradigm shift towards 

treating sentiment analysis as a supervised machine 

learning problem. The work of Pang and Lee [3] 

was seminal in demonstrat- ing that ML models 

systematically outperform lexicon-based heuristics. 

1) Feature Engineering in Detail: The critical 

step in this paradigm is feature engineering, the 

process of converting raw text into numerical feature 

vectors that algorithms like SVMs or Na¨ıve Bayes can 

process. This was a manual, often arduous process that 

required significant domain expertise. Common 

features included: 

• Bag-of-Words (BoW) and N-grams: Text was 

represented as a high-dimensional vector where 

each dimension cor- responded to a word (unigram) 

or a sequence of words (n- gram) from the 

vocabulary. While n-grams capture some local word 

order (e.g., ”not good”), they cause the feature space 

to explode in size, leading to extreme sparsity. 

• TF-IDF Weighting: To refine BoW features, TF-

IDF was widely used. It increases the weight for 

terms that are frequent in a document but rare across 

the entire cor- pus, giving more importance to 

distinctive, topic-specific terms. 

 

2) Strengths and Critical Limitations: The main 

advantage of ML models was their ability to learn 

domain-specific senti- ment cues from data, leading to 

significantly higher accuracy. However, this came at 

the cost of requiring large, manually annotated 

datasets. The most significant limitation was the 

reliance on manual feature engineering. The 

performance of the model was critically dependent on 

the quality of the designed features. This ”feature 

engineering bottleneck” meant that NLP experts were 

needed to create effective models, and the features for 

one domain often did not transfer to another. 

 

C. Era 3: Deep Learning Approaches 

Starting around 2013, deep learning models began 

to dom- inate sentiment analysis. Their key innovation 

was the ability to learn powerful features 

automatically through hierarchical representation 

learning, thus overcoming the feature engineer- ing 

bottleneck [12]. 

1) From Sparse Features to Dense Embeddings: 

A prereq- uisite for this era was the development of 

word embeddings (e.g., Word2Vec, GloVe). Unlike 
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high-dimensional, sparse TF- IDF vectors, 

embeddings represent words as low-dimensional, 

dense vectors where semantic relationships are 

captured geo- metrically. 

 

2) Key Architectures: 

• CNNs for Text: Kim [6] showed that a simple CNN 

could achieve strong results on sentence 

classification. The model uses convolutional filters 

of varying sizes that slide across the sentence’s 

embedding matrix. Each filter learns to detect a 

specific type of local pattern (akin to an n-gram 

feature), and a max-over-time pooling layer then 

selects the most salient feature from each filter map, 

making the model robust to the position of the key 

phrase. 

• RNNs and LSTMs: Recurrent architectures like 

LSTMs process text sequentially, maintaining a 

hidden state that acts as a memory. The internal 

gates (input, forget, output) of an LSTM cell allow 

it to selectively remember or forget information, 

enabling it to capture long-range dependencies in 

text far more effectively than simple RNNs [13]. 

The final hidden state is used as a summary of the 

sentence’s sentiment. 

• Recursive Neural Networks: The RNTN model by 

Socher et al. [5] processed text according to its 

syntactic struc- ture. It used a constituency parse 

tree to recursively combine word vectors into phrase 

vectors, using a ten- sor operation to better model 

the complex interactions 

between words. This allowed it to excel at capturing 

compositional sentiment, as demonstrated on the SST 

dataset [14]. 

 

D. Era 4: Transformer-Based Models 

The introduction of the Transformer architecture by 

Vaswani et al. [8] in 2017 was a watershed moment 

for NLP. 

1) The Self-Attention Mechanism: Its core 

innovation, the self-attention mechanism, allowed 

models to weigh the influ- ence of all words in an input 

when processing any single word. For each word, the 

model generates a Query (Q), Key (K), and Value (V) 

vector. The attention score between two words is 

calculated based on the dot product of the Query of the 

current word and the Key of the other word. This 

allows the model to create deeply context-aware word 

representations, effectively modeling the entire 

sentence’s context at once and parallelizing 

computation in a way RNNs could not [15]. 

2) The Pre-train and Fine-tune Paradigm: This 

architecture enabled the paradigm epitomized by 

BERT [9]. BERT is pre- trained on a massive 

unlabeled text corpus using two self- supervised 

objectives: Masked Language Modeling (MLM) and 

Next Sentence Prediction (NSP). After this 

computation- ally massive pre-training, the model can 

be quickly fine-tuned for a specific task like sentiment 

analysis by adding a simple classification layer and 

training on a much smaller labeled dataset [16]. 

Variants like RoBERTa [10] further improved 

performance by optimizing the pre-training process. 

3) The ”Zoo” of Transformer Models: The 

success of BERT spawned a wide variety of 

transformer-based models. DistilBERT uses 

knowledge distillation to create a smaller, faster 

version of BERT with minimal performance loss, 

mak- ing it suitable for deployment on edge devices. 

ALBERT introduced parameter-sharing techniques to 

drastically reduce the model’s size while maintaining 

high performance. These efficient variants address the 

significant computational cost that is a major 

limitation of large models like BERT. 

 

IV. CRITICAL ANALYSIS AND PERSISTENT 

CHALLENGES 

 

A. Paradigm-by-Paradigm Comparison 

The evolution from lexicons to transformers 

illustrates a clear trade-off. As we move through the 

paradigms, models’ ability to understand context 

increases dramatically, leading to higher accuracy. 

This performance, however, is achieved at the cost of 

significantly increased computational complexity, 

reduced interpretability, and a greater dependency on 

vast quantities of data for pre-training. 

 

B. Deep Dive into Open Problems 

Despite remarkable progress, several key challenges 

remain as active areas of research [18]. 

• Sarcasm and Irony: These are among the hardest 

prob- lems, as they involve a reversal of literal 

meaning. Detect- ing sarcasm often requires deep 

contextual understanding and commonsense world 

knowledge that current models lack. 
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TABLE I 

DETAILED COMPARISON OF SENTIMENT 

ANALYSIS PARADIGMS 

Paradigm Detailed Characteristics 

Lexicon-

Based 

Interpretability: High. Score is a direct 

sum of word 

scores. 

Data Needs: None for training. Cost: Very 

low. 

Context Handling: Poor. Fails on negation, 

sarcasm, and domain-specific meanings. 

ML Interpretability: Moderate. Feature weights 

can be in- 

spected. 

Data Needs: Requires labeled data. Cost: 

Moderate training cost. 

Context Handling: Limited to patterns 

captured by engineered features (e.g., n-

grams). 

Deep 

Learning 

Interpretability: Low. ”Black box” nature. 

Data Needs: Requires large labeled datasets. 

Cost: High training cost (GPU needed). 

Context Handling: Good. Models sequential 

informa- tion and local patterns effectively. 

Transformers Interpretability: Very low. 

Data Needs: Massive for pre-training, small 

for fine- tuning. 

Cost: Extremely high pre-training cost. 

Context Handling: Excellent. Self-attention 

captures deep, long-range context. 

 

TABLE II 

ILLUSTRATIVE  PERFORMANCE  GAINS  ON  

THE  SST-2 BENCHMARK 

Model Type / Paper Accuracy (%) 

Na¨ıve Bayes (from Socher et al. 2013 [5]) 81.8 

SVM (from Socher et al. 2013 [5]) 79.4 

Recursive Neural Tensor Network [5] 85.4 

CNN (Kim 2014 [6]) 88.1 

BERT-Large (Devlin et al. 2019 [9]) 94.9 

RoBERTa-Large (Liu et al. 2019 [10]) 96.4 

 

• Domain Adaptation: The ”domain shift” problem is 

a major hurdle. A model trained on movie reviews 

will perform poorly on legal texts because the 

vocabulary and sentiment expressions differ. 

• Multilingual Analysis: While progress in English 

NLP has been rapid, most of the world’s over 7,000 

languages are extremely low-resource, lacking the 

large datasets needed for training. 

• Ethical Considerations: Large language models 

trained on web data have been shown to learn and 

perpetuate harm- ful societal biases related to 

gender, race, and religion. Their use raises concerns 

about fairness, accountability, and transparency 

[18]. 

 

V. APPLICATIONS AND FUTURE SCOPE 

 

A. Real-World Applications 

The applications of sentiment analysis are 

widespread and impactful [17]. 

• Business Intelligence: Companies like Amazon and 

Best Buy use sentiment analysis on customer 

reviews to gen- erate summary ratings for product 

aspects (e.g., ”95% of users liked the camera”). This 

allows customers to make 

informed decisions and provides actionable feedback 

to product teams. 

• Finance: Algorithmic trading firms and hedge funds 

an- alyze sentiment from financial news, SEC 

filings, and social media in real-time. A sudden 

spike in negative sentiment around a company can 

be a powerful signal to sell a stock. 

• Politics and Public Policy: During election cycles, 

cam- paign teams continuously monitor social 

media sentiment towards their candidates and key 

policy issues. This allows for rapid response to 

public concerns and helps tailor campaign 

messaging to specific demographics. 

 

B. Future Research Directions 

Future work will likely focus on overcoming the 

aforemen- tioned challenges [19]. 

• Robustness and Generalization: Developing models 

that are more robust to domain shifts and adversarial 

attacks. Techniques like few-shot, zero-shot, and 

unsupervised domain adaptation are promising. 

• Multilingual and Cross-Lingual Models: Building 

unified models that can perform sentiment analysis 

across many languages, leveraging knowledge 

transfer from high- resource languages to low-

resource ones. 

• Knowledge-Infused NLP: Integrating external 

knowledge from knowledge graphs or 

commonsense databases to help models better 

understand the context needed for complex tasks 

like sarcasm detection. 

• Ethical AI: A critical direction is research into 

model debiasing, fairness auditing, and developing 

interpretable (”Explainable AI”) models whose 



© January 2026 | IJIRT | Volume 12 Issue 8 | ISSN: 2349-6002 

IJIRT 190637 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 1425 

reasoning processes can be understood and trusted 

by humans. 

VI. CONCLUSION 

 

The trajectory of sentiment analysis research reflects 

the broader evolution of NLP: a steady march away 

from hand- crafted rules towards end-to-end learning 

with increasingly large and powerful models. From the 

simple heuristics of lexicon-based methods to the deep 

contextual representations of transformers, each 

paradigm has expanded the capabilities of machines to 

understand human opinion [20]. While trans- formers 

represent the current pinnacle of performance, they 

also bring to the forefront challenges of computational 

cost, interpretability, and ethical responsibility [21]. 

The future of the field will not only be about pushing 

accuracy metrics higher but also about creating models 

that are more efficient, robust, equitable, and 

trustworthy for deployment in real-world applications 

[22]. 
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