
AI Innovations in Education: Transforming Teaching & Learning..... ISBN: 978-93-49468-94-8 
 

 

 

15 
Explainable and Trustworthy AI for Sentiment 
Analysis: A Review of Modern Approaches 

 

Mr. Ajay Kumar Mehta* 
Assistant Professor, JECRC University, Jaipur, Rajasthan. 

  

*Corresponding Author: ajaymehta7684@gmail.com 
 
 

 

 
 

Abstract 

Sentiment analysis has become a foundational technique in natural language 

processing for extracting subjective information from large-scale textual data across 

domains such as social media analytics, healthcare feedback systems, financial 

forecasting, and political opinion mining. Recent advances in artificial intelligence, 

particularly deep learning and transformer-based architectures, have significantly 

improved sentiment classification accuracy. However, these gains have been 

accompanied by growing concerns related to model opacity, bias, fairness, and 

accountability, especially in high-stakes decision-making environments. This review 

paper presents a comprehensive examination of explainable and trustworthy artificial 

intelligence approaches applied to sentiment analysis. It systematically explores the 

evolution of sentiment analysis techniques, ranging from traditional lexicon-based 

methods to modern deep neural and attention-based models, highlighting the 

interpretability challenges inherent in complex architectures. The paper further analyzes 

state-of-the-art explainability techniques, including intrinsic interpretable models, post-

hoc explanation frameworks, gradient-based attribution methods, and counterfactual 

reasoning. In addition, key dimensions of trustworthy AI—such as fairness, robustness, 

privacy preservation, and accountability—are critically reviewed in the context of 

sentiment analysis systems. By synthesizing recent research and ethical frameworks, 

this review underscores the necessity of integrating explainability and trustworthiness 

into AI-driven sentiment analysis pipelines. Finally, it identifies open research 

challenges and future directions aimed at developing transparent, fair, and reliable 

sentiment analysis models that can be responsibly deployed in real-world applications. 

Keywords: Explainable Artificial Intelligence, Trustworthy AI, Sentiment Analysis, 

Opinion Mining, Interpretability, Fairness, Deep Learning, Transformer 

Models. 
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Introduction 

Explainable and Trustworthy AI in Sentiment Analysis 

 Sentiment analysis, also referred to as opinion mining, is a subfield of natural 

language processing (NLP) that aims to identify, extract, and classify subjective 

information from textual data. Over the past two decades, sentiment analysis has 

evolved from rule-based systems and lexicon-driven approaches to advanced 

machine learning (ML) and deep learning (DL) architectures such as convolutional 

neural networks (CNNs), recurrent neural networks (RNNs), and transformer-based 

models like BERT and GPT (Pang and Lee, 2008; Devlin et al., 2019). While these 

developments have significantly improved predictive accuracy, they have also 

introduced concerns regarding transparency, fairness, and accountability. 

 Artificial intelligence systems used for sentiment classification are increasingly 

deployed in high-stakes domains such as finance, healthcare, political opinion 

monitoring, and customer relationship management. In such contexts, model 

predictions directly influence decision-making processes. However, modern deep 

learning models are often described as “black-box” systems because their internal 

decision-making mechanisms are not easily interpretable by humans (Rudin, 2019). 

This opacity raises issues of trust, especially when biased or incorrect predictions may 

have significant consequences. 

 Explainable Artificial Intelligence (XAI) has emerged as a response to these 

concerns. XAI refers to techniques and methodologies that make AI system outputs 

understandable to human users (Gunning and Aha, 2019). In the context of sentiment 

analysis, explainability involves clarifying which words, phrases, or contextual features 

contributed to a classification outcome. For example, attention-based models provide 

token-level importance weights, while post-hoc explanation methods such as LIME 

(Local Interpretable Model-Agnostic Explanations) and SHAP (SHapley Additive 

exPlanations) approximate local model behavior (Ribeiro et al., 2016; Lundberg and 

Lee, 2017). 

 Trustworthy AI extends beyond explainability to include fairness, robustness, 

accountability, privacy preservation, and transparency (European Commission, 2019). 

A trustworthy sentiment analysis system must not only provide interpretable outputs 

but also ensure unbiased predictions across demographic groups and resist 

adversarial manipulation. For instance, studies have shown that sentiment classifiers 

may exhibit gender or racial bias due to imbalanced training data (Bender et al., 

2021). 

 The increasing regulatory landscape, including frameworks such as the 

General Data Protection Regulation (GDPR), emphasizes the “right to explanation” in 

automated decision-making systems (Goodman and Flaxman, 2017). Consequently, 
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integrating explainability into sentiment analysis is no longer optional but essential for 

ethical and legal compliance. 

 This review examines modern approaches to explainable and trustworthy AI in 

sentiment analysis. It explores methodological developments, interpretability 

techniques, fairness considerations, and emerging research directions. By 

synthesizing contemporary literature, this paper aims to provide a comprehensive 

understanding of how transparency and reliability can be embedded within AI-driven 

sentiment analysis systems. 

Evolution of Sentiment Analysis and the Need for Explainability 

 Early sentiment analysis systems relied heavily on lexicon-based and rule-

based techniques. These methods used predefined dictionaries of positive and 

negative words to compute sentiment polarity (Taboada et al., 2011). While 

interpretable, such approaches were limited in handling contextual nuances, sarcasm, 

and domain-specific variations. 

 The introduction of machine learning methods, including Support Vector 

Machines (SVMs) and Naïve Bayes classifiers, marked a shift toward data-driven 

sentiment classification (Pang and Lee, 2008). These models improved predictive 

performance but reduced interpretability, as their decision boundaries were 

mathematically derived rather than explicitly rule-based. 

 Deep learning further transformed the field. CNNs captured local n-gram 

features, while RNNs and Long Short-Term Memory (LSTM) networks modeled 

sequential dependencies (Kim, 2014; Hochreiter and Schmidhuber, 1997). 

Transformer-based architectures such as BERT leveraged self-attention mechanisms 

to model contextual relationships more effectively (Devlin et al., 2019). Although these 

models achieved state-of-the-art results, they significantly increased complexity and 

opacity. 

 The need for explainability arises from three main challenges: complexity, 

bias, and accountability. First, transformer models contain millions or even billions of 

parameters, making their internal operations difficult to interpret. Second, models 

trained on large-scale internet corpora may inherit societal biases present in the data 

(Bender et al., 2021). Third, organizations deploying AI-driven sentiment analysis 

must justify automated decisions to stakeholders and regulators. 

 Attention mechanisms were initially believed to provide inherent interpretability 

by highlighting influential words in a sentence (Vaswani et al., 2017). However, 

research suggests that attention weights do not always correlate with actual feature 

importance (Jain and Wallace, 2019). Therefore, relying solely on attention as an 

explanation mechanism may be misleading. 
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 This realization has driven the development of post-hoc interpretability tools. 

LIME approximates a complex model locally using interpretable surrogate models, 

while SHAP leverages cooperative game theory to attribute prediction contributions 

(Ribeiro et al., 2016; Lundberg and Lee, 2017). These techniques allow users to 

visualize word-level contributions to sentiment predictions. 

 Despite their usefulness, post-hoc methods have limitations. They may 

generate inconsistent explanations or fail to capture global model behavior (Rudin, 

2019). Consequently, researchers are exploring inherently interpretable architectures 

that integrate transparency directly into the model design. 

 Overall, the evolution of sentiment analysis highlights a trade-off between 

predictive performance and interpretability. Modern research aims to bridge this gap 

by developing explainable deep learning models that maintain high accuracy while 

enhancing transparency and trust. 

Techniques for Explainable Sentiment Analysis 

 Explainability techniques in sentiment analysis can be broadly categorized into 

intrinsic interpretability and post-hoc interpretability. 

• Intrinsic Interpretability 

 Intrinsic methods design models that are inherently interpretable. Examples 

include attention-based networks and hierarchical attention models that visualize word 

and sentence importance (Yang et al., 2016). In hierarchical models, attention weights 

can indicate which sentences within a document contributed most to the overall 

sentiment classification. 

 Another intrinsic approach involves using interpretable neural architectures 

that incorporate sentiment lexicons as constraints within deep learning frameworks. 

Hybrid models combining rule-based systems with neural networks allow partial 

transparency while maintaining performance (Zhang et al., 2018). 

 Prototype and case-based reasoning models also enhance interpretability. 

These systems classify new text instances by comparing them to representative 

examples from the training dataset, enabling explanation through similarity matching 

(Li et al., 2018). 

• Post-Hoc Interpretability 

 Post-hoc explanation methods operate independently of the model 

architecture. LIME generates local explanations by perturbing input text and observing 

prediction changes (Ribeiro et al., 2016). SHAP calculates feature contributions based 

on Shapley values from cooperative game theory (Lundberg and Lee, 2017). These 

techniques provide visualizations that highlight influential tokens in sentiment 

predictions. 
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 Gradient-based methods, such as saliency maps and integrated gradients, 

compute the importance of input features based on model gradients (Sundararajan et 

al., 2017). These approaches are particularly useful for transformer-based 

architectures. 

• Counterfactual Explanations 

 Counterfactual explanations provide insights by showing how minimal changes 

in input text could alter the predicted sentiment (Wachter et al., 2017). For example, 

replacing “excellent” with “average” may shift a prediction from positive to neutral. 

Counterfactual reasoning enhances user understanding and aligns with regulatory 

requirements for transparency. 

• Explainability Evaluation 

 Evaluating explanations remains challenging. Metrics such as faithfulness, 

consistency, and comprehensibility are used to assess explanation quality (Doshi-

Velez and Kim, 2017). Human-centered evaluation, involving user studies, is essential 

to determine whether explanations improve trust and usability. 

 In summary, explainable sentiment analysis involves a combination of model 

design strategies and interpretability tools. Integrating multiple approaches can 

enhance transparency without significantly sacrificing performance. 

Trustworthy AI: Fairness, Robustness, and Privacy in Sentiment Analysis 

 Trustworthiness encompasses fairness, robustness, privacy, and 

accountability. Sentiment analysis models may exhibit bias due to skewed datasets. 

For example, language associated with certain demographic groups may be 

misclassified as negative (Bender et al., 2021). Bias mitigation strategies include data 

balancing, adversarial debiasing, and fairness-aware training objectives. 

 Robustness refers to a model’s resilience against adversarial attacks or noisy 

inputs. Textual adversarial examples—such as synonym substitutions—can 

significantly alter predictions (Goodfellow et al., 2015). Defensive strategies include 

adversarial training and robust optimization techniques. 

 Privacy preservation is critical when analyzing user-generated content. 

Federated learning enables decentralized model training without sharing raw data, 

enhancing privacy protection (McMahan et al., 2017). Differential privacy techniques 

add controlled noise to model updates, preventing sensitive information leakage. 

 Accountability requires traceability of decisions. Logging model outputs, 

maintaining audit trails, and documenting data sources contribute to transparent 

deployment (European Commission, 2019). Model documentation frameworks such 

as “Model Cards” improve transparency regarding dataset composition and limitations 

(Mitchell et al., 2019). 
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 Combining explainability with fairness and privacy mechanisms strengthens 

user confidence in sentiment analysis systems. Trustworthy AI frameworks emphasize 

holistic governance rather than isolated technical solutions. 

Future Directions and Research Challenges 

 Despite significant progress, challenges remain in achieving fully explainable 

and trustworthy sentiment analysis systems. 

 First, there is a need for standardized evaluation benchmarks for explanation 

quality. Current assessment methods lack uniform metrics, making comparisons 

across studies difficult (Doshi-Velez and Kim, 2017). Developing shared datasets and 

evaluation protocols would enhance research consistency. 

 Second, multimodal sentiment analysis—integrating text, audio, and visual 

data—introduces additional complexity (Baltrusaitis et al., 2018). Explaining 

multimodal predictions requires cross-modal interpretability frameworks. 

 Third, large language models (LLMs) present new challenges in transparency 

due to their scale and generative capabilities. Research is needed to develop scalable 

explanation methods tailored to transformer-based architectures. 

 Fourth, aligning AI systems with human values requires interdisciplinary 

collaboration among computer scientists, ethicists, and policymakers. Embedding 

ethical guidelines into system design will be critical for long-term adoption. 

 Finally, real-world deployment requires balancing accuracy, interpretability, 

and computational efficiency. Lightweight explainable models suitable for edge 

devices and real-time applications represent an important future direction. 

 In conclusion, explainable and trustworthy AI in sentiment analysis is an 

evolving research area that integrates technical innovation with ethical responsibility. 

By combining interpretable modeling, fairness-aware training, robustness 

mechanisms, and privacy-preserving strategies, researchers can build AI systems that 

are not only accurate but also transparent and reliable. 

Conclusion 

 This review has examined the critical role of explainable and trustworthy 

artificial intelligence in the development and deployment of modern sentiment analysis 

systems. While advances in deep learning and transformer-based models have 

dramatically enhanced sentiment classification performance, their black-box nature 

has raised significant concerns regarding transparency, bias, and accountability. The 

growing reliance on AI-driven sentiment analysis in sensitive application domains 

necessitates models that are not only accurate but also interpretable, fair, and 

reliable. 

 The paper highlighted how explainability techniques, including intrinsic 

interpretable architectures, attention mechanisms, post-hoc explanation methods such 
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as LIME and SHAP, gradient-based attribution, and counterfactual explanations, 

contribute to improving human understanding of model predictions. At the same time, 

it emphasized that explainability alone is insufficient without broader trustworthiness 

considerations. Fairness-aware learning, robustness against adversarial manipulation, 

privacy-preserving training paradigms, and systematic documentation practices are 

essential to ensure responsible AI deployment. 

 Despite notable progress, several challenges remain unresolved, including the 

lack of standardized evaluation metrics for explanations, scalability issues in 

explaining large language models, and the complexity introduced by multimodal 

sentiment analysis. Addressing these challenges will require interdisciplinary 

collaboration, combining technical innovation with ethical and regulatory perspectives. 

Ultimately, the future of sentiment analysis lies in the development of holistic AI 

systems that balance performance with transparency and trust, thereby enabling 

wider societal acceptance and sustainable real-world adoption. 
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