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Abstract: The announcements of declaring tariffs and other trade policies are some of the most significant economic data whose 

impacts are massive on the financial markets. The effects of such announcements will be an immediate investment response anchored 

in the perceived economic shock triggered by collective public sentiment and media coverage. The current trends in profound 

sentiment categorization of policy events relating to tariffs, i.e., the combination of natural language processing, machine learning 

models, and time series forecasting, are taken into account in this literature review. The generalization of the paper is the results of 

different datasets, structures, and financial conditions, which demonstrate the benefits of sentiment analysis to transform the market 

into a more predictive and less risky environment. It also concerns the macroeconomic consequences of tariffs in the perspective of 

the shift in sentiment, and attributes of working and ethical features of sentiment-based forecasting instruments. The description of 

emotion where the interlocutor between financial economics and artificial intelligence creates the general picture of how the existing 

computational tools are used to inform the behavior of the investors and in the price and policy consideration of the assets in the 

paper. 
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INTRODUCTION 
The announcement of policy, especially the 

announcement of tariffs, is one such phenomenon 

in the contemporary world of the global financial 

markets and world politics that leads to the 

emotion of the investor, trading, and market 

responses. This capability to anticipate and foresee 

the reaction of the financial markets towards such 

incidents in a proper way has led to an interest in 

the field of deep sentiment classification. As the 

realm of natural language processing (NLP) and 

machine learning has reached a high stage, 

nowadays researchers of financial analysis and 

policy-making are concerned with the issue of 

public and media sentiment as the automated 

reaction to the change in trade policy with the 

newest technical tools. 
 

A key observation is that the high-frequency flow 

of information that provides the basis for market-

moving announcements is increasing, making 

sentiment identification in financial contexts 

increasingly urgent. The tariff announcements are 

viewed as one of the most unforeseeable policy 

instruments that can result in the sudden alteration 

of the mood of the investors. These returns 

observed and measured in the sentiment analysis 

prism show prognosticative signals of the asset 

prices. Sequentially, sentiment classification is not 

merely an instrument of analysis, but a tactical 

frame of reference of behavioral economics on 

which the financial markets are set up. 
 

It is a literature review of the existing literature, 

which focuses on the relationship between the 

interest of tariff announcements and market 

sentiment and financial performance. The primary 

emphasis in the review is the rising technologies of 

sentiment analysis, the theoretical premise that 

defines investor behavior, and data-driven 

practices, which are performed by the deep 

sentiment classification role. Machine learning that 

is considered annotated data sets and cross-market 

analysis are considered factors of influence that led 

to credibility and completeness of sentiment 

forecasting in the financial markets. It is against 

this backdrop of this review that the paper uses 

sentiment-based financial prediction in the 

economic implication of tariff practices. 
 

Financial Market Sensitivity to Tariff 

Announcements 
Introduction of tariffs in financial markets is a 

serious information shock announcement. This is 

witnessed in high-frequency trading structures, 

whereby they dictate asset values and significantly 

influence investor behavior in real time. The 

empirical data indicate that tariff pronouncements 

have impacts on the S&P 500 and other high 

indexes based on the alteration of the angst of the 

investors with regard to the possibility of the 

expected effect of the trade policy. It coincides that 

the reaction to the feeling is larger in the case of a 

sudden and startling tariff and of the sectors which 

are reliant on trade specifically (Zafar, M. B., & 

Ali, H. 2025).. 
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These announcements are not received equally 

based on the fact that they are being channeled to 

surplus and lackluster economies. The countries 

most likely to respond positively to the market are 

the countries that have a surplus of trade, as they 

will be viewed as poorer in case the tariffs are 

imposed. Instead, this relatively peaceful or even 

favorable investor response represents an 

unexpected reaction in trade-deficit countries, 

contrary to expectations regarding the 

repercussions of tariffs aimed at restoring trade 

equilibrium. Media reports should be considered as 

critical of these utterances in the two cases. The 

power and degree of levels of media sentiments 

are the mediation of the policy event and financial 

market response (Rao, A. et al., 2025). 
 

The sentimental element will be more conclusive 

even when the element of uncertainty is taken into 

consideration. The other option is that the price 

levels can also be changed, but the declaration of 

tariffs also introduces uncertainty in the regulatory 

and economic landscape. Based on written 

messages in news articles, press releases, and 

social media posts, investors are able to infer 

implicit economic signals. At that point, it should 

be noted that these signals can be converted into 

quantifiable sentiment measures, which help to 

predict price movements and trading strategies. 
 

Development of Stock Sentiment Metrics 
The translation of qualitative textual data into 

quantifiable sentiment estimates by the application 

of statistical and machine learning tools is a 

complicated process. The lexicon-based models 

are not the only traditional models that are 

currently evolved to hybrid models including 

supervised learning, natural language inference, 

and context-sensitive embedding models. One of 

the most significant problems of this science is the 

necessity to give validity to feelings in various 

sources of writing the appropriate and reliable 

meaning. 
 

The availability of a statistic of stock sentiment 

rank, as this has been found out recently, is 

significant in the way it will assist the forecasters 

to rank the sentiment signals based on the strength 

of the statistic. Such measures are typically based 

on regression, support vector machines (SVM), or 

deep neural networks that are trained to give 

sentiment distributions on large volumes of 

financial text. These models increase the level of 

granularity of the prediction and minimize the 

possibility of misinterpretation based on low-

quality and weak sentiment leads by the sentiment 

intensity (Sable, R. et al., 2025). 
 

In the prediction models, the sentiment measures 

are also used, making the models easier to explain. 

This would mean that the forecast models would 

be better understood and the stakeholders would be 

aware of the cause of some predictive results. This 

is due to the fact that investors and analysts need 

clear descriptions of the predictive outputs, and 

this is highly demanded in high-stakes situations 

such as the trading of stocks. With these models, it 

is possible to justify the emotional and cognitive 

bias that sets the behaviors of the investors by 

comparing the measures of the emotion of 

observed stock behavior with the measures of 

perception. The weights of the feature importances 

and the decision images are also another factor that 

increases the interpretability of the sentiment 

forecasting models. 
 

Annotated Datasets and Language Diversity 
It is the basic condition of annotated datasets, the 

quality and granularity of which determine the 

accuracy of deep sentiment classification. This 

form of data can be fed into machine learning 

programs as the fields of training that will 

subsequently be utilized to determine classes of 

sentiments. This has seen tremendous evolution in 

the form of patterns of language certain to the 

specific discourse of the financial region. Based on 

the Arabic examples, the annotated datasets are 

trainable to be knowledgeable of regional investor 

behavior and sentiment towards an open market to 

Middle East politics. 
 

When trained on such annotated corpora (on fine-

tuned transformers with a zero-shot classifier), the 

resulting trained quality models are rather handy in 

cross-linguistic and low-resource sentiment 

classification. These systems make use of trained 

language models that can establish semantic 

delicacy as far as language, dialect, and syntax are 

concerned. With the increasing amount of data 

concerning language-heterogeneous sentiments, 

financial sentiment analysis can be subjected to a 

non-Anglophone world, and hence can be 

subjected to the globe (Jannani, A. et al., 2025). 
 

Zero-shot learning applications with multilingual 

embeddings can also be performed, and domain 

adaptation can also be acquired in such a manner 

that sentiment prediction in a different region can 

reasonably be performed using models trained on 

news data in a particular area. This approach is 

particularly advantageous in international markets, 
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where tariff announcements in one economy are 

felt across others. The latter type of model is more 

suitable for modeling international responses to 

central trade announcements by the United States, 

as it is more generalizable. 
 

Time Series Forecasting and Sentiment 

Modeling 
It is also necessary to model time dynamics of the 

stock, to forecast activity of financial markets, and 

to categorize sentiment. The analysis of time series 

gives the researchers the opportunity to plot the 

movement of the sentiment, so, as the time moves 

forward, thus, identifying the lagging and leading 

variables of the price variations. The currently 

used classic time series models such as ARIMA 

(AutoRegressive Integrated Moving Average) and 

GARCH (Generalized Autoregressive Conditional 

Heteroskedasticity), though applicable in some 

cases, cannot always be used to explain the non-

linear relationship that sentiment data exhibit. To 

overcome this, time series forecasting machine 

learning models, including recurrent neural 

networks (RNNs), long short-term memory 

(LSTM) networks, and others, have been proposed 

(Seshan, V., & Vivek, S). 
 

The models have worked especially in establishing 

sentiment patterns that determine the patterns of 

future prices. They and deep sentiment 

classification may be used in multi-dimensional 

prediction based on historic prices and the present 

flow of sentiment. This is one of the syntheses that 

should be at the heart of learning the complex 

effects of frequent or cyclic announcements of 

tariffs. Among such cases is that the 

announcement of tariffs will be done in a manner 

that would be conducive to election cycles or 

geopolitics, and that sensitive time series models 

will predict the market reaction of the 

announcement even before the announcement. 
 

Besides this, time models result in the risk 

management process, as financial institutions are 

able to model the volatility expectations. So long 

as a certain type of tariff is historically correlated 

with turbulence in one or more of these spheres, 

time-varying sentiment models can provide a 

caution to the investor, which will in turn allow 

him to make the next trade-off, which is a superior 

portfolio. It is an offensive approach, which 

enhances the use of sentiment groupings in the 

decision aid systems, which are utilized in the 

financial services segment. 
 

Below is a simplified diagram illustrating the deep 

sentiment classification pipeline used in tariff-

related financial forecasting. 
 

 
Figure 1: Deep Sentiment Classification Pipeline in Financial Forecasting 

 

Diagram Source: Synthesized based on concepts 

from (Zafar, M. B., & Ali, H. 2025; Sable, R. et 

al., 2025; Seshan, V., & Vivek, S) 
 

It is the stratified form of a pipeline according to 

the classification of moods of the masses and 

making predictions depending on its impact on the 

financial assets. It lays stress on the interrelation of 

the policy events, textual analysis, and use of 

predictive models in financial decisions. 

 

Table 1: Comparative Performance of Sentiment Classification Techniques in Financial Applications 

Technique Dataset Type Language 

Support 

Accuracy 

(%) 

Adaptability 

Lexicon-Based Financial News English Only 72 Low 

Supervised Machine 

Learning 

Annotated News 

Headlines 

English 82 Moderate 
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Fine-Tuned Transformer 

Models 

Multilingual Financial 

Data 

Multilingual 91 High 

Zero-Shot Learning 

Classifiers 

Low-Resource Texts Global 88 Very High 

Table Source: Based on analysis presented in (Sable, R. et al., 2025; Jannani, A. et al., 2025; Seshan, V., & 

Vivek, S) 
 

The table illustrates how modern sentiment 

classification models outperform traditional 

approaches in both accuracy and adaptability. 

These models have become increasingly crucial in 

real-time policy monitoring, allowing for dynamic 

re-evaluation of investment strategies. 
 

 
Figure 2: Sentiment Polarity of News Headlines Following Tariff Announcements 

 

The Graph depicts the spike in negative sentiment 

after major tariff announcements over time, 

derived from historical sentiment scores. 
 

Figure Source: Compiled from sentiment data 

discussed in (Zafar, M. B., & Ali, H. 2025; Rao, 

A. et al., 2025) 
 

Text Mining and NLP in Financial Sentiment 

Analysis 

Social media-generated unstructured text 

information is huge in nature and thus necessitates 

a powerful text mining process in an endeavor to 

convert realizable information. It is for this reason 

that sentiment analysis has been extended to the 

sphere of finance, and attempts are being made to 

convert raw textual information into meaningful 

sentiment information. The quality of the extracted 

sentiment of financial texts can be considerably 

improved by using pre-processing technologies 

like tokenization, part-of-speech tagging, and 

entity detection. This is particularly true when 

discussing financial terms, as they are complicated 

idiomatic phrases or context-particular keys which 

vary in natural language (Sanjay, N. 2025). 
 

The bag-of-words model is among the big models 

which are used in typing financial sentiment, yet 

the simplicity of the model has provided a 

platform on which the frequency-based sentiment 

score has been anchored. Nonetheless, more 

advanced ones such as Word2Vec or GloVe word 

representation models, or Term Frequency–Inverse 

Document Frequency (TF-IDF), have enabled one 

to access the text information at a more semantic 

level. These models can be used to record the 

contextual relationship between words to ensure 

that the classifiers have the capability of 

distinguishing such phrases as tariff burden and 

tariff relief, which may contain the same words, 

but in a financial layout the words are combined to 

indicate different feelings (Sanjay, N. 2025). 
 

New transformer-based language models have 

fundamentally transformed the way in which 

financial sentiment classification is performed. 

BERT and domain models (e.g., FinBERT) are 

trained on large data sets and fine-tuned on a 

financial dataset; thus, they can acquire knowledge 

of the specifics of sentiment at an unmatched level. 

Such architectures are even better than the 
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outdated designs since they comprehend both 

sentence structure and context of certain financial 

writing and sarcasm. Their capability to categorize 

sentiments based on a small set of labeled 

information, on which they can produce an 

extrapolation of the learning, has provided market 

analysts with an early preview of the meaning of 

tariff statements on demand (Sanjay, N. 2025). 
 

The real-time monitoring systems are also 

simplified by text mining and deep learning. These 

systems scrape APIs from financial news feeds 

into sentiment models which are pre-trained, 

giving sentiment indices to fund managers and 

investors. These indices are directly introduced 

into algorithmic trading systems, and this 

demonstrates the progression that the study of 

sentiment classification has made and is no longer 

a scholar issue of study but an instrument on its 

own in the field of portfolio management and 

financial risk gauging. 
 

Machine Learning Models for Sentiment-

Driven Forecasting 

Application of machine learning (ML) in financial 

sentiment analysis has generated an infinitely wide 

range of applications compared to binary 

sentiment classification. Multi-class sentiment 

analysis and sentiment intensity scoring are done 

by using better MLs such as those based on 

ensemble models (e.g., Random Forests or 

gradient boosting machines (e.g., XGBoost)). The 

models can obtain structured numeric and 

unstructured text to provide detailed predictive 

models to fit financial forecasting objectives 

(Davidovic, M., & McCleary, J. 2025). 
 

The features of sentiment of financial news were 

also used as inputs in supervised machine learning 

models that forecasted changes in volatility and 

direction of the market. As indicated in the 

research papers, the accuracy of financial models 

can be further improved in cases where policy-

related news exists, like announcements of tariffs, 

by the sentiment variables. A case study on 

Random Forest classifiers that were also 

concurrently running with sentiment polarity 

predictors showed a higher degree of accuracy of 

forecasting the movement of stock prices in 

contrast to those which utilized simple technical 

indicators (Davidovic, M., & McCleary, J. 2025). 
 

The other frontier of sentiment-based modeling 

has also transformed into reinforcement learning 

and has already started to establish itself. The 

systems also educate the representatives on the 

premise of reward systems-based trading policies 

that are founded on sentiment changes and market 

reactions. They are dynamic models that adapt to 

the market environment where they are 

appropriately trained and re-educate themselves 

using dynamic sentiment information; hence, they 

can be useful in environments that are changing 

with changes of policy like tariffs (Davidovic, M., 

& McCleary, J. 2025). 
 

Also, unsupervised learning has been applied to 

learn emerging stories in the financial media using 

a topic modeling approach that uses Latent 

Dirichlet Allocation (LDA). The themes and worth 

of the sentiment scores can assist analysts to have 

an idea about the underlying themes that develop 

perception in the market. It is a multidimensional 

framework that will be useful both in making 

predictions and describing the models that will be 

required in institutional decision-making and 

reporting about regulation. 
 

Macroeconomic Implications of Tariff 

Sentiment 

Despite the fact that the majority of the literature 

focuses on short-term financial responses, long-

term macroeconomic implications of tariff 

announcements can also be researched in the 

context of sentiment analysis. A review of the 

implications of tariffs in the multi-sector indicates 

that the tariff effect of distribution of investment 

mood in different sectors is likewise taking its toll 

on manufacturing other than exports, and on local 

consumption and employment. Bad attitudes 

towards the topic of tariffs, which in most 

occasions mean loss of consumer confidence, 

especially when such a policy is seen to be 

increasing production costs or reducing the degree 

of international competitiveness (Burgert, M. 

2025). 
 

The tariffs also affect central banking and 

monetary policy sentimentally. The forward-

looking indicators also include part of the 

indicators that policymakers consider when 

making their decisions with regard to interest rates 

and fiscal stimulus; for example, sentiment indexes 

are involved. Bad publicity after trade barriers can 

be referred to as the fall of aggregate demand, and 

expansionary monetary policy is implemented. In 

this way, deep sentiment classification is not only 

a prediction of the market, but also an indicator of 

economic fluctuation of macro-policy changes 

(Burgert, M. 2025). 
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The world is also at the frontline in terms of tariff 

sentiments in the movement of cross-border capital 

flows and re-alignment of investment. It is also the 

redistribution of funds by the investors themselves, 

depending on the perceived safety of the policies 

and the way it balances with other countries; 

countries known to be protectionist will not be the 

ones that will be tempted to invest long-term. The 

sentiment data that has been incorporated into the 

risk models, therefore, allows asset managers to be 

aware of more geopolitical risk. This is largely 

because economies are interdependent, and tariff 

disputes involving dominant economies such as 

the United States and China can affect the rest of 

the world. 
 

In addition, tariff mood also has an impact on 

company long-run strategies, and companies are 

questioning their supply chains, company pricing, 

and even off-shoring. This rigid policy stance is 

capable of affecting share valuations and the 

security of business interests and plans, 

particularly when the imposition of tariffs affects 

firms that depend on international trade as a 

primary source of income. 
 

NLP and Risk Management in Financial 

Systems 

The other area of NLP application in the financial 

sector is risk management. NLP can be used to 

automate financial communications in order to 

unveil emerging risks, regulatory issues, and 

market anomalies. NLP has been applied in one of 

its applications as deep sentiment classification 

that allows red flags by evaluating the sentiment 

change of some of the most significant definite 

policy announcements like tariffs (Ranjan, R. et 

al., 2025). 
 

The presence of some latent risk, which would not 

have been evident in the case of traditional 

financial ratios, has been demonstrated in central 

bank speech- and economic report-conditioned 

sentiment models, and regulatory filings-

conditioned sentiment models. An example of such 

a thing is the negative movement in earnings call 

transcripts, which may be an indicator that there 

are some problems that are being experienced in 

the operations yet are not reflected in the balance 

sheets. In the same vein, the perception change of 

macroeconomic announcements may equally be 

the expectation of credit spreads, interest rates, or 

a change of expectation of inflation (Ranjan, R. et 

al., 2025). 
 

In addition, compliance and control are also 

increased by NLP practices. The sentiment 

analysis software enables regulators to know 

whether it includes some misleading releases, 

insider trading, or market manipulation. These 

tools are the keys to predicting financial crises by 

incorporating emotion in sectors and companies 

that elicit signs of systemic risks. It needs to be 

applied along with other risk assessment tools to 

allow the creation of superior financial systems 

with the involvement of sentiment analytics. 
 

Alternatively, financial institutions and even banks 

are also customers of NLP-based sentiment 

solutions as a model of customer service 

automation, reputational risk surveillance, and 

optimization of products as well. For example, 

customer feedback sentiment analysis can be used 

to detect customer dissatisfaction or emerging 

preferences, enabling product teams to enter the 

competitive environment more easily. 
 

Ethical Considerations and Limitations 

Regardless of all the above presented, the very 

concept of categorization of emotions in the 

financial markets indicates some issues related to 

ethics and methodology. The greatest issue is the 

problem of algorithmic bias. The model being used 

may be subjected to old language or lack of new 

fashion and result in misclassification that 

introduces risk into investment decisions. An 

instance of the case is that words that may have 

varying meanings in other cultures, or at another 

period, will be interpreted erroneously, and this 

makes the model irrelevant in other markets 

(Ranjan, R. et al., 2025). 
 

Over-reliance in high-stakes financial decision-

making is also an issue of excessive reliance on 

AI-based systems. Sentiment models would come 

in handy in giving a reasonable impression but not 

necessarily eliminate human judgment. The lack of 

supervision or models that were not well-verified 

will lead to the threat of false positives, 

inappropriate valuation of risk, or herd effects in 

trading systems, particularly during turbulent 

periods following a policy announcement 

(Chaudhary, A. 2025). 
 

Outside of this, the question of data privacy, which 

is becoming an even more concerning notion, may 

arise in case sentiment analysis is conducted with 

the help of personal or confidential information. A 

source of concern of consent, possession, and 

compliance with the rules will be the acquired 

financial gains of social media data usage. 
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Institutions will make sure that the outlines of 

sentiment analysis are structured with both ethics 

and sensibility to the legal implication. 
 

CONCLUSION 
The observed emotionality in a high level of 

grouping with the financial model has changed the 

manner in which the markets perceive and respond 

to announcements by trade policies, especially 

tariffs. Researchers and financial institutions 

lacked the opportunity to crack the affect of news, 

social media, and economic reports to the fullest 

extent with the help of complex tools of NLP and 

machine learning. Such lessons are applied to real-

world trading in macroeconomic predictions. 
 

The typology of announcements of tariffs are the 

ideal conditions concerning the sentiment model 

regarding the direct effect on psychology and stock 

prices. The model and data to be applied in this 

case, as observed in this review, become more 

technically complex and expose more to sentiment, 

which is a legitimate financial variable. Although 

sentiment analysis in finance has a promising 

future that can be highly demanded, there is still a 

possibility that some biases, false use, and 

overfitting might be observed. 
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