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Abstract—Natural Language Processing has become a 

critical component of modern financial analysis as 

markets increasingly respond to the tone, intent, and 

sentiment expressed across news, earnings calls, social 

media, and regulatory disclosures. By transforming 

unstructured text into measurable signals, advanced 

NLP models, ranging from lexicon-based systems to 

transformer architectures like FinBERT, offer richer 

insights into market expectations, investor behaviour, 

and early indicators of volatility. This review examines 

how sentiment intelligence enhances forecasting 

accuracy, strengthens risk interpretation, and supports 

data-driven portfolio decisions when integrated with 

traditional financial metrics. It also highlights emerging 

gaps, including the need for dynamic sentiment–

volatility frameworks, explainable NLP methods for 

investment decisions, and domain-specific lexicons for 

non-Western markets, positioning NLP as a foundational 

analytical layer in future financial ecosystems. 

 

I. INTRODUCTION 

 

Financial markets now move on information that 

arrives faster and in far greater volume than traditional 

models can absorb. News articles, analyst 

commentary, earnings calls, and social  media posts 

constantly shape investor expectations, yet most 

forecasting systems still depend mainly on numerical 

time-series data. This creates a gap between how 

markets behave and how models interpret them. 

Natural Language Processing bridges this gap by 

converting unstructured text into measurable 

sentiment signals that capture tone, intent, and shifts 

in market psychology.  

Modern transformer-based models, trained 

specifically on financial language, allow analysts to 

detect subtle cues that influence volatility, risk 

perception, and price movements well before 

quantitative indicators respond. As the reliance on 

real-time data grows, understanding narrative 

sentiment becomes increasingly important for 

anticipating market reactions and managing risk 

exposures.  

However, challenges remain in handling ambiguous 

financial language, adapting models to different 

market contexts, and ensuring transparency in 

sentiment-driven decisions. This review examines 

how NLP strengthens financial forecasting and risk 

assessment and outlines emerging research questions 

that can push the field toward more adaptive, context-

aware, and explainable financial intelligence. 

 

II. METHODOLOGY 

 

The methodology for this review is designed to 

systematically evaluate how Natural Language 

Processing and sentiment analysis contribute to 

financial forecasting, risk assessment, and decision 

support in contemporary markets. To ensure a 

comprehensive and reliable synthesis, the review 

follows a structured approach that combines targeted 

literature searches, selection criteria based on financial 

relevance, and thematic classification of modelling 
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techniques. This framework enables a clear 

comparison of traditional text-analysis methods with 

modern transformer-based architectures while 

highlighting research gaps and emerging trends that 

influence the predictive strength of sentiment in 

finance. 

1. The review begins with a targeted search of 

publications from 2018 to 2025 across 

ScienceDirect, IEEE Xplore, SSRN, MDPI, and 

arXiv using keywords related to financial NLP, 

sentiment analysis, transformer models, and 

earnings-call interpretation, ensuring that the 

most relevant and up-to-date studies are included. 

2. Inclusion criteria prioritize studies that apply NLP 

techniques to financial forecasting, volatility 

measurement, credit-risk assessment, or market 

sentiment extraction. Papers lacking empirical 

analysis, financial applications, or clear 

methodological contributions are excluded to 

maintain focus and consistency. 

3. Selected studies are grouped according to 

methodological approach, including lexicon-

based scoring, classical machine-learning 

methods, deep learning architectures, 

transformer-based models, and aspect-based 

sentiment frameworks. This classification 

supports clear comparison across modelling 

techniques. 

4. Each model category is assessed for 

preprocessing methods, dataset characteristics, 

domain adaptation techniques, and evaluation 

metrics. The aim is to understand how effectively 

sentiment features derived from text contribute to 

predicting price movements, volatility shifts, or 

risk signals. 

5. Insights from all categories are synthesized to 

identify common limitations such as lack of 

explainability, sensitivity to financial language 

nuances, and limited applicability across diverse 

market environments. This synthesis guides the 

identification of future research directions and 

areas where NLP can offer stronger predictive and 

analytical value. 

Recommendations: 

Based on the structured methodology adopted in this 

review, it is recommended that future research in 

financial NLP prioritizes the development of models 

that combine the contextual strengths of transformer-

based architectures with domain-specific financial 

knowledge. The comparative evaluation of existing 

methods shows that sentiment features become more 

reliable when models are trained on financial corpora 

rather than generic text. Therefore, researchers should 

focus on expanding high-quality, finance-labelled 

datasets and improving domain adaptation techniques 

to enhance predictive accuracy. Additionally, given 

the limitations identified in explainability and model 

stability across different market conditions, 

integrating interpretable sentiment frameworks and 

robust stress-testing procedures is essential. These 

directions will support the creation of NLP systems 

that are more responsive to real-time financial 

narratives and more useful for forecasting, risk 

assessment, and strategic decision-making. 

Conclusion: 

This review highlights the growing importance of 

Natural Language Processing and sentiment analysis 

in financial forecasting and risk interpretation, 

especially as markets respond more rapidly to 

narrative-driven information. The methodology 

adopted in this study shows that while lexicon-based 

and classical machine-learning approaches offer 

foundational insights, transformer-based models 

provide stronger contextual understanding and more 

reliable sentiment extraction from financial text. 

However, the findings also indicate persistent 

challenges related to domain adaptation, limited 

labelled datasets, and the need for greater model 

transparency. As the financial sector increasingly 

depends on real-time decision-making, the integration 

of NLP-driven sentiment features with traditional 

quantitative indicators can create more adaptive 

forecasting models and enhance risk assessment 

frameworks. Continued research focusing on 

explainability, dynamic market conditions, and 

emerging-market language structures will be essential 

for building sentiment systems that are both 

technically robust and practically relevant to modern 

financial analysis. 

 

III. LITERATURE REVIEW 

 

The existing literature on Natural Language 

Processing in finance highlights a steady evolution 

from simple sentiment dictionaries to advanced deep-

learning architectures capable of interpreting complex 

financial language. Researchers have increasingly 

focused on how textual sentiment extracted from 
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news, earnings calls, and social media can be 

integrated into predictive models for pricing, 

volatility, and risk assessment. The following section 

summarizes major themes within current research and 

identifies the methodological strengths and limitations 

of each stream. 

1. Lexicon-Based Financial Sentiment Approaches 

Early financial sentiment studies relied heavily on 

lexicon-based approaches such as the Loughran–

McDonald dictionary and general sentiment lists 

adapted for finance. These methods offered 

interpretability but struggled to capture contextual 

cues, sarcasm, and complex linguistic structures 

present in financial news and disclosures (Loughran & 

McDonald, 2011; Malo et al., 2014). As a result, their 

predictive performance declined in volatile or 

ambiguous market conditions (Kearney & Liu, 2014). 

2. Machine-Learning Methods for Financial Text 

Classification 

With the availability of labeled datasets such as the 

Financial PhraseBank, machine-learning models like 

SVMs, random forests, and logistic regression became 

common for sentiment classification. These models 

improved accuracy through TF-IDF and n-gram 

features but remained limited by their dependence on 

hand-engineered features and inability to capture long-

term semantic dependencies (Xu et al., 2022; Hagenau 

et al., 2013). Their performance tends to fall short 

when processing long financial documents such as 

earnings-call transcripts. 

3. Deep Learning and Transformer-Based Approaches 

Recent research emphasizes the effectiveness of deep 

learning and transformer-based architectures such as 

BERT and FinBERT in extracting nuanced sentiment 

from financial narratives. FinBERT, in particular, 

outperforms classical models due to its domain-

specific fine-tuning on financial corpora, improving 

sentiment accuracy in tasks like stock prediction and 

earnings-call interpretation (Araci, 2019; Yang et al., 

2020). These models capture context, tone shifts, and 

hidden cues that traditional models fail to identify (Li 

et al., 2022). 

4. Hybrid and Multi-Modal Sentiment Models 

Hybrid models combine textual sentiment with 

numerical indicators such as price movements, 

volatility indices, and trading volume to enhance 

predictive robustness. Studies show that integrating 

sentiment with time-series models or candlestick 

features yields stronger forecasting performance than 

single-modality models (Akita et al., 2016; Chen et al., 

2023). This approach is especially effective during 

macroeconomic uncertainty, when market behavior is 

driven by both narrative tone and quantitative trends. 

 

IV. TRANSFORMER-BASED SENTIMENT 

MODELLING IN FINANCIAL 

FORECASTING 

 

Transformer-based NLP models are redefining 

financial forecasting by capturing contextual cues, 

executive tone, and forward-looking statements that 

traditional techniques miss. Models like FinBERT 

provide deeper sentiment representation, improving 

the predictive accuracy of market signals derived from 

financial text. 

Domain-Specific Pretraining in Financial Texts 

1. Transformer models fine-tuned on earnings calls, 

analyst reports, and regulatory filings demonstrate 

significantly higher sentiment-classification 

accuracy compared to generic language models 

(Araci, 2019). 

2. This improves early detection of shifts in 

management tone, uncertainty, and confidence 

signals reflected in corporate communication. 

Contextual Interpretation and Price Movements 

1. Studies show that transformer-derived sentiment 

often precedes short-term stock returns and 

volatility changes, allowing analysts to anticipate 

market reactions with higher precision (Yang et 

al., 2020). 

2. Context-sensitive embeddings capture subtle 

cues, like cautious language or optimistic 

framing, that influence investor behaviour. 

Limitations and Future Potential 

1. Key challenges include limited labeled financial 

datasets and weaker performance in emerging 

markets. 

2. Future research aims to create multilingual 

financial transformers and domain-adaptive 

sentiment frameworks tailored to regional market 

dynamics. 

 

V. MULTI-MODAL APPROACHES FOR 

ENHANCED MARKET PREDICTION 

 

Multi-modal sentiment modelling integrates textual 

signals with numerical market indicators, creating 

stronger, more stable forecasting systems. This 
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approach helps capture the interplay between market 

narratives and quantitative market movements. 

Sentiment + Time-Series Fusion Models 

1. Hybrid models combining NLP sentiment with 

price, volume, and volatility features outperform 

single-source models, especially during economic 

shocks (Chen et al., 2023). 

2. Integrating narrative tone with technical 

indicators strengthens direction prediction and 

reduces noise sensitivity. 

Real-Time Sentiment Integration 

1. Financial institutions use real-time news streams 

and social media sentiment to enhance intraday 

trading models. 

2. Aligning sentiment timestamps with high-

frequency market data supports better prediction 

of rapid market swings triggered by information 

events. 

 

Applications in Stress and Crisis Regimes 

1. During events such as geopolitical 

announcements or unexpected earnings 

deviations, hybrid systems capture both emotional 

and numerical reactions. 

2. These models consistently demonstrate 

robustness when markets become sentiment-

driven and volatile. 

 

VI. EXPLAINABILITY AND ETHICAL 

TRANSPARENCY IN FINANCIAL NLP 

 

As NLP systems increasingly influence trading, credit 

assessment, and risk analytics, explainability and 

ethical transparency have become central concerns in 

financial AI adoption. 

Aspect-Based Sentiment for Interpretability 

1. Aspect-based models break financial documents 

into components—such as liquidity outlook, risk 

commentary, or earnings guidance—allowing 

analysts to see which specific themes contribute 

to sentiment scores (Ong et al., 2023). 

2. This improves model trustworthiness and aligns 

with regulatory expectations for auditable 

decision systems. 

Attention Mechanisms and Explainable Transformers 

1. Attention visualizations highlight impactful 

phrases in earnings calls and news, revealing why 

a model assigns positive or negative sentiment. 

2. Such transparency is essential in regulated 

domains like credit scoring and capital planning. 

Ethical Challenges: Bias, Misclassification, and 

Overreliance 

1. Deep models may amplify bias if trained on 

skewed financial datasets or sensational market 

news. 

2. Explainable AI frameworks and human oversight 

remain necessary to mitigate unintended 

consequences in automated financial decisions. 

 

VII. SENTIMENT–VOLATILITY 

INTERACTION AND PREDICTIVE RISK 

ANALYTICS 

 

A growing research area focuses on how sentiment 

dynamics interact with market volatility, providing 

early warnings for risk-sensitive environments. 

Sentiment as a Volatility Predictor 

1. Studies using sentiment-enhanced GARCH 

models show that negative or uncertainty-heavy 

sentiment often precedes volatility spikes 

(Rönnqvist & Sarlin, 2021). 

2. These signals offer early detection of risk build-

up before price fluctuations materialize. 

Causality and Lag Analysis in Market Reactions 

1. Granger-causality tests reveal that sentiment 

extracted from news or earnings calls frequently 

leads short-term volatility movements. 

2. This relationship helps risk managers anticipate 

market instability around key events. 

Stress-Regime Sensitivity 

1. Sentiment–volatility coupling models are 

particularly effective during crises, where 

emotional reactions amplify market swings. 

2. Integrating narrative sentiment into risk models 

enhances the detection of stress regimes and 

supports more adaptive risk-mitigation strategies. 

 

VIII. CONCLUSION 

 

This review shows that Natural Language Processing 

has become a central force in modern financial 

analysis, enabling markets to be interpreted not only 

through numerical data but through the sentiment and 

tone embedded in news, earnings calls, and corporate 

communication. Transformer-based models, 

especially domain-adapted architectures like 

FinBERT, offer deeper contextual understanding and 
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significantly enhance the accuracy of sentiment-driven 

forecasting. When combined with numerical 

indicators in multi-modal frameworks, these models 

provide stronger prediction signals and early warnings 

of volatility shifts, particularly during market stress. 

 

At the same time, the growing influence of NLP in 

finance heightens the need for transparency and ethical 

accountability. Explainable and aspect-based 

sentiment approaches offer a path toward more 

interpretable and regulator-aligned decision systems. 

Despite remaining challenges such as limited datasets 

and variable model performance across market 

regimes, the research trajectory is clear: NLP is 

evolving into a foundational component of 

forecasting, risk assessment, and strategic financial 

decision-making. Its continued advancement will 

shape more adaptive, narrative-aware financial models 

in the years ahead. 
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