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 A B S T R A C T

This systematic review investigates sentiment analysis of news headlines in the banking sector, a field 
susceptible to public sentiment, as demonstrated by phenomena like bank runs leading to rapid deposit 
withdrawals. We trace the evolution of analytic methods from traditional machine learning to advanced deep 
learning models, notably Bidirectional Encoder Representations from Transformer (BERT) and Generative Pre-
trained Transformer (GPT). Our study highlights their applications including headline generation, sentiment 
measurement, fake news detection, and analysis of political bias. Despite significant advancements, we uncover 
research gaps, such as the ineffective use of these methodologies in banking analysis, the underuse of GPT, and 
a focus on performance rather than practical application. Looking ahead, we note the increasing significance 
of Large Language Model (LLM), the untapped potential of headline analysis in banking, and the growing 
interest in this area spurred by rapid technological advancements. Our findings emphasise the pivotal role of 
sentiment analysis in deciphering market trends and improving decision making in finance, underscoring its 
strategic importance in the banking industry.
. Introduction

Sentiment analysis, the process of gauging and interpreting sen-
iment, emotions, and opinions from text data, plays a pivotal role 
n numerous domains, offering valuable insights and aiding decision-
aking processes. For example, Zuniga-Morales et al. [1] created a 
achine learning framework to use tweets and news headlines to 
dentify how Mexico is perceived based on a country image analysis 
sing Bidirectional Encoder Representations from Transformer (BERT), 
oting that the model performed better without data enhancements. 
ithin the field of banking and finance, its importance is paramount. 
anking institutions and financial markets are intricately tied to public 
erception and sentiment. This is evidenced by multiple research pa-
ers utilising the news to inform pricing of investments. Evidence for 
his, Das et al. [2] looked at how Graph Neural Network (GNN) can 
e used to predict stock market trends using financial news sentiment 
ata.
News headlines play a crucial role as indicators of prevailing collec-

ive sentiment. They mirror the perceptions of individuals and investors 
bout financial institutions, economic environments, and emerging 
arket trends. The ability to effectively capture and analyse the senti-
ent embedded in these headlines is instrumental in guiding crucial 
ecisions, reducing potential risks, and offering preliminary insights 
nto future market fluctuations. Current events can both indirectly 
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and directly impact banking decisions. For example, a bank might 
be indirectly affected by governmental policies, such as alterations in 
tariffs or changes in the central bank’s cash rate. Karzanov [3], for 
example, examines headlines as a potential lever for low-risk stock 
prediction. A bank could be directly impacted as in the example of 
Australia and the Royal Commission into Misconduct in the Banking, 
Superannuation and Financial Services Industry. This event led to 
headlines about the poor performance of particular banks in which 
findings were identified. Thus, sentiment analysis within the banking 
industry is not just an academic exercise, but a practical necessity, with 
far-reaching implications for macroeconomic performance, investment 
strategies, and regulatory compliance.

This systematic review aims to provide a structured assessment of 
the existing literature on sentiment analysis in the context of banking 
and finance. The financial sector is progressively relying on nontradi-
tional data sources to make informed decisions, and news headlines 
play a pivotal role in this information ecosystem. An example of this 
interrelationship is shown by Agarwal [4] who examine financial senti-
ment analysis and how it might be used to detect trends of a company’s 
stock price, noticing that domain-specific words improve performance 
based on Twitter and news headlines datasets. By systematically ex-
amining the methodologies, applications, and outcomes of sentiment 
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Fig. 1. Flowchart representing related works approach.
analysis in financial news, this review seeks to provide a comprehensive 
overview of the state of research in this domain.

The financial landscape is characterised by its complexity, volatility, 
and sensitivity to news and events. Understanding the role of sentiment 
in shaping financial markets has far-reaching implications, ranging 
from predicting stock market movements to assessing the impact of 
news sentiment on financial stability. However, rapid growth in this 
field has led to a diverse array of research approaches, making it 
essential to discern emerging trends and identify avenues for further 
investigation.

In subsequent sections, this article embarks on a systematic explo-
ration of sentiment analysis within banking. By critically evaluating 
the methodologies used, the applications explored, and the outcomes 
observed, our goal is to provide a clear and nuanced understanding of 
the landscape. Our objective is not only to summarise existing research, 
but also to identify gaps in the literature, potential areas for refinement, 
and the broader implications of sentiment analysis in financial decision 
making.

2. Previous works

Previous systematic reviews in sentiment analysis have focused 
primarily on topics not related to news headlines and the banking 
sector. To ensure that this research is novel, the research process 
highlighted in Fig.  1 was applied. In particular, the process leads to 
three articles deemed relevant. To begin with a comprehensive Scopus 
search with the query [‘‘News Headlines’’ AND ‘‘Sentiment Analysis’’ 
AND ‘‘Systematic Review’’] yielded no results.

To broaden our scope, we conducted an additional search using the 
query [‘‘NLP’’ AND ‘‘Sentiment Analysis’’ AND ‘‘Systematic Review’’], 
resulting in the identification of seventeen articles and reviews per Fig. 
1. These works encompassed diverse applications, including sentiment 
2

analysis in the context of application of Natural Language Process-
ing (NLP) to health fields [5], virtual consumerism [6], and housing 
safety [7]. Among these, Sharma et al. [8] systematic review was most 
relevant in that it considered big data in financial institutions. Their 
study looks generally at the concept of NLP, big data and finance. They 
suggest that researchers tend to use social media for research purposes 
as it is more available than confidential financial data. Large Language 
Model (LLM) is touched as a possibility to improve thematic analysis. 
However, Sharma et al. [8] did not specifically consider headlines or 
banking strategy beyond data. Rather, it focused on papers that discuss 
the usage of NLP techniques within finance with regard to big data.

Furthermore, our searches using the terms [‘‘Sentiment Analysis’’ 
AND ‘‘Systematic Review’’ AND ‘‘Banking’’] and [‘‘NLP’’ AND ‘‘Sys-
tematic Review’’ AND ‘‘Banking’’] yielded zero articles. Expanding 
the search term to [‘‘Sentiment Analysis’’ AND ‘‘Systematic Review’’ 
AND ‘‘Finance’’] produced eight articles. Among these, Warin and 
Stojkov [9] examined the application of machine learning in finance, 
focussing on the technical analysis of financial market trends, indi-
cating the potential value of such techniques for policymakers and 
the scientific community. However, this paper primarily emphasised 
metadata analysis rather than article content. The second relevant 
article, Ferreira et al. [10], explored the application of artificial in-
telligence to stock market trading and indirectly referenced financial 
sentiment analysis. The search term [‘‘NLP’’ AND ‘‘Systematic Review’’ 
AND ‘‘Finance’’] yielded three articles; two were within prior searches 
and the additional article was not directly related.

Table  1 summarises the three articles referenced in Fig.  1 in the 
context of why it was considered relevant, what the reviews themselves 
focused on, and why it does not cover the area of study proposed by 
this paper.

As seen in Table  1, these papers highlight the interest in the use of 
techniques such as NLP, machine learning, and sentiment analysis in 
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Fig. 2. Flowchart representing systematic review approach.
Table 1
Overview of Relevant Previous Works.
 Paper Relevance Focus Limitations relative to the area of study  
 Sharma et al. 
[8]

Financial 
institutions

NLP, Big Data, Finance Not headline-specific; primarily focused on big 
data. Limited relevance to banking strategy 
beyond data analysis.

 

 Warin and 
Stojkov [9]

Financial 
markets

Machine Learning, 
Technical Analysis

Emphasis on meta data analysis rather than 
article content; not directly related to 
sentiment analysis or headlines.

 

 Ferreira et al. 
[10]

Stock market 
trading

Artificial Intelligence 
Sentiment Analysis

Indirectly references financial sentiment 
analysis; lacks a direct focus on banking 
headlines or practical applications within 
banking.

 

the finance field. However, the general exploration of these articles, 
combined with the limited search results, underscores the scarcity 
of research dedicated to applying sentiment analysis methodologies 
to the banking industry and leveraging headline data. Additionally, 
it becomes evident that recent advancements in this field, such as 
Bidirectional Encoder Representations from Transformer (BERT) and 
Generative Pre-trained Transformer (GPT), have not been comprehen-
sively integrated into existing systematic reviews within the scope of 
papers considered. Hence, a detailed and focused review in this area is 
essential to provide insight into the methodologies currently employed 
and their relevance to the banking sector and to address the research 
gap made evident in Fig.  1 and Table  1.

This paper aims to bridge this research gap by assessing the ap-
plicability of existing sentiment analysis techniques to the banking 
industry. The significance of this inquiry lies in the role of confidence 
within the financial sector in macroeconomic performance. Headlines 
are often considered a reflection of the sentiments prevailing among 
financial sector participants, rendering them potential indicators of 
confidence. For example, the collapse of a bank would likely result 
3

in negative headlines, influencing perceptions of both the affected 
institution and the banking industry as a whole. In contrast, responsible 
rate management or initiatives promoting Environmental, Social, and 
Corporate Governance (ESG) may generate more positive sentiments.

In summary, this review intends to evaluate whether the sentiment 
analysis techniques investigated in previous research are relevant and 
effective within the context of the banking industry, using the unique 
characteristics of headline data.

3. Review methodology

To conduct a comprehensive systematic review of sentiment analy-
sis in the banking industry, with a focus on the analysis of headlines, we 
implemented a structured methodology. This methodology enabled us 
to identify relevant research articles, categorise them by their subject 
matter and methodology, and draw meaningful insights from the liter-
ature. A summary of the approach can be seen in Fig.  2. A breakdown 
of the articles considered is given in Section 4.
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Fig. 3. Frequency of subject area by articles considered.
3.1. Search strategy and exclusion criteria

As seen in Fig.  2, our search strategy primarily involved accessing 
the Scopus database, a reliable source of academic publications. We 
designed a specific search query to capture articles related to sentiment 
analysis and banking, with an emphasis on headlines. Our search query 
considered keywords and phrases such as ‘‘sentiment analysis’’, ‘‘bank-
ing’’, ‘‘headlines’’, and their synonyms. To ensure a broad foundation, 
the final search criteria considered [‘‘Large Language Models’’ and 
‘‘Headlines’’] or [‘‘NLP’’ and ‘‘Headlines’’].

In particular, it is not possible to limit the search to banking itself, 
given the limited research in the area. The applicability to banking is 
determined on the basis of the nature of the topic. Implicit in the search 
is the importance of capturing headlines and methods to explain the 
content of the headlines in a quantitative and automated fashion.

We limited the publication date to articles published from 2008 
onwards to ensure the relevance of the research in contemporary 
contexts. Furthermore, we focus on articles published in English, as it 
is a widely accessible language for academic literature.

In the process of our search, we established the additional exclusion 
criteria of articles that are not related to text analysis, sentiment 
analysis, or banking.

3.2. Data collection and screening

Following the execution of our search query, we obtained a list 
of potentially relevant articles from the Scopus database. We then 
performed a preliminary screening of these articles to assess their 
relevance based on the criteria and research goals. Articles that met 
the criteria were retained for further analysis, while those that did not 
meet the criteria were excluded.

3.3. Categorisation of articles and analysis and insights

To provide a comprehensive overview of the literature, we cate-
gorised the included articles into several groups based on their topic 
matter and methodologies. For example, we identified articles related 
to headline analysis in banking, articles applying sentiment analysis to 
banking without direct focus on headlines, and articles that focused on 
NLP techniques in the broader context of finance or economics.

We systematically reviewed the selected articles and extracted rel-
evant insights and findings. These insights were categorised into the 
following areas:

• Purpose and objectives of the studies.
• Methodologies and techniques used, including specific NLP mod-
els and algorithms.
4

• Outcomes and results, with a focus on the performance and 
applicability of the methods.

• Trends in the field of sentiment analysis in banking, including 
popular models and emerging approaches.

To facilitate a clear understanding of trends and patterns in the re-
viewed literature, we used visual representations, including charts 
and graphs. These visuals helped highlight the frequency of certain 
methodologies, the evolution of research over time, and the distribution 
of articles across subject areas.

Our systematic review methodology allowed us to provide a com-
prehensive overview of sentiment analysis in the banking industry, with 
a specific emphasis on headline analysis. It allowed us to identify gaps 
in the literature, emerging trends, and areas with untapped research 
potential.

3.4. Insights from high-level overview

In this section, we present high-level insights derived from our 
analysis of the reviewed articles. These insights cover various aspects, 
including the distribution of the topics covered, the growth in the num-
ber of articles and citations over the years, and the geographical origin 
of the reviewed literature. These findings provide a comprehensive 
view of sentiment analysis in the banking and finance sector, setting the 
stage for a more detailed exploration of methodologies, applications, 
and outcomes in subsequent sections.

• Fig.  3 presents a breakdown of the topic areas covered in the 
reviewed articles. In particular, most papers fall within Computer 
Science (31.1%) and Engineering (16.5%), suggesting a poten-
tial focus on methodological advancements rather than practical 
applications.

• Fig.  4 illustrates the number of articles and citations related to 
those examined. Notably, the articles considered are all post 2021 
highlighting the novelty of this area. Dale [11] is the most cited 
paper in 2021 with a total count of 119. Of the sample considered, 
it is one of the earliest papers to talk to trust associated with 
Generative Pre-trained Transformer (GPT)-3.

• Fig.  5 displays the geographical distribution of the origin of 
the reviewed articles. Most of the papers originate from India, 
the United States, and China, which may reflect the population 
sizes of these countries. However, there is potential to foster 
global interest in this research area, especially given its universal 
relevance in the banking sector.

• Fig.  6 uses the author keywords from Scopus to segment the 
articles reviewed into clusters. In particular, there are four clus-
ters. The yellow cluster directly relates to headlines and financial 
sentiment analysis linking to this article’s purpose directly. In 
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Fig. 4. Citation frequency of articles considered.
Fig. 5. Country of origin of articles considered for countries with at least 3 documents.
blue, it implies a use of machine learning and deep learning 
for the purpose of clickbait analysis. Purple indicates the link 
between Large Language Model (LLM) and AI. For Green, the 
techniques involving the techniques of Bidirectional Encoder Rep-
resentations from Transformer (BERT), word2Vec and Glove to 
sarcasm detection. Generative AI and ChatGPT are directly linked 
as expected for red, but interestingly it connects to the concept 
of bias, suggesting either a measure for bias through this or an 
inherent bias based on calibration.

Our systematic review methodology enables us to offer a compre-
hensive overview of sentiment analysis in the banking industry, with 
a specific focus on headline analysis. It also facilitates the identifi-
cation of research gaps, emerging trends, and areas ripe for further 
investigation.

4. Analysis of trends in reviewed articles

This section presents a comprehensive analysis of the trends ob-
served in the literature pertaining to sentiment analysis in the bank-
ing sector, with a specific focus on news headlines. The objective 
of this review is to systematically examine the evolution of research 
methodologies, thematic concentrations, and the application of various 
techniques within this domain. By analysing trends in the accumu-
lated literature, we aim to identify the prevailing research directions, 
highlight the methods and tools most frequently used, and uncover 
potential gaps in the current body of research. This analysis provides 
valuable information on the state of sentiment analysis in banking, 
particularly in how it has adapted and responded to the challenges and 
opportunities presented by advances in methodologies. In addition, we 
explore the extent to which these developments have been incorporated 
into practical applications within the banking industry. Through this 
5

evaluation, we seek to understand the implications of these trends for 
future research and the potential impact on banking practice.

We classify the articles reviewed in our systematic analysis into 
four distinct categories based on their relevance to headlines and 
the banking sector. A high-level reasoning is provided for why it is 
allocated to headlines or banking, or if it is not. This is covered in Fig. 
7. The details of links to headlines and banking, such as what is meant 
to be headline generation, are discussed in greater detail in Section 4.2.

Per Fig.  7 each category is defined into four groups based on 
whether the link to the headlines or the link to banking is ‘‘Not related’’ 
or not:

1. Headline but not banking related: Articles in this category 
are related to headlines but not specifically focused on the 
banking domain. They may provide valuable information on the 
sentiment analysis methods used in short-form data. Szczepanski 
et al. [12] for example looked at how to measure fake news de-
tection using Bidirectional Encoder Representations from Trans-
former (BERT)-based models. Although banking was not specif-
ically referenced, the techniques used for fake news detection 
referenced are usable in a banking context. Similarly, Awais 
and Muhammad Adeel Nawab [13] considered how text sum-
marisation could be used in the Urdu language. This form of 
summarisation involves looking at headlines and articles, which 
allows for applicability of the techniques to a wider context. 
Shao et al. [14] considered how energy vehicle sales could 
be forecasted using news headlines as an explanatory variable. 
This link allows for a better understanding of market demand 
through headlines, which is a concept of interest from a strategic 
perspective for business management. In particular, the three 
examples provided highlight valuable insights into headline data 
modelling, while not being specifically applied to the banking 
industry.
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Fig. 6. Map of index keywords.
Fig. 7. Article relevance to headlines and banking split by categorisation.
2. Headline and banking related: Articles in this category di-
rectly relate to both headlines and the banking sector. They 
are highly pertinent to the objective of the systematic review. 
Anamika and Subramaniam [15] examined determining the in-
vestor sentiment for cryptocurrency-specific news headlines us-
ing NLP techniques and then applying this to determine the 
influence it has on cryptocurrency returns. Zhang et al. [16] 
considered how to improve financial sentiment analysis to better 
understand the sentimental orientation of financial texts (ie 
bullish or bearish), highlighting the value of mining financial 
industry stock-related opinions. Ma et al. [17] observe that the 
use of ChatGPT provides better performance to predict Chinese 
equity premiums compared to more traditional Bag-of-Words 
(BoW) methods. Overall, these are directly related to headlines 
and indirectly related to banking. The indirect nature is demon-
strated through the relationship with financial markets, and it 
is required to apply an indirect lens given limited research on 
specifically banking behaviour.

3. Not headline or banking related: Articles that were not re-
lated to headlines, banking, or sentiment analysis. These did not 
satisfy the exclusion criteria and were included in the analysis 
due to the methodologies applied considered relevant. Scola 
and Segura-Bedmar [18] consider how BERT can be used to 
detect sarcasm for social media-type data. While social media 
6

data does not directly relate to headlines, for example, it can be 
considered a short-form text data and therefore techniques can 
be broadly applicable. Wahlster [19] is a systematic review that 
considers the development of Large Language Model literature, 
concluding that there are benefits in human trainers combining 
with interactive machine learning. In general, these topics do 
not have any relation to banking or headlines, but there are 
techniques and considerations that are applicable to text data 
analysis and could be seen as useful in approaching headline 
studies.
Cobb [20] suggest how Large Language Model (LLM) might 
be beneficial in an alternative area of archaeological work, 
concluding on the potential value it could have in the process 
highlighting the development of the space. Similarly, Rathje 
et al. [21] showcased the value of BERT in multilingual psycho-
logical text analysis, detecting psychological constructs such as 
sentiment, discrete emotions, offensiveness and moral founda-
tion. This broad applicability suggests that it could be used for 
banking purposes.

4. Banking but not related to headlines: Articles that focus on 
banking but do not address headlines or sentiment analysis 
were included due to the subject matter. There are two ar-
ticles within this category. One is a critical review by Kute 
et al. [22] that examines the implementation of techniques such 
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as Machine Learning and Deep Learning in the realm of Anti-
Money Laundering (AML). Although AML is indirectly linked 
to banking, since banks must address money laundering issues, 
the article centres on the application to AML detection rather 
than focussing on headline data. The second article, authored by 
Mathebula et al. [23], investigates sentiment classification using 
real-time reviews, drawing on feedback about South African 
banks as a data source. This article addresses banking directly 
by analysing review data instead of using headlines.

4.1. Purpose

The analysis of headlines in the literature reveals several predomi-
nant themes and applications. These themes provide valuable insight 
into the multifaceted nature of headline analysis within the field of 
sentiment analysis and natural language processing.

Fig.  7 provides a visual breakdown of articles related to headlines 
and the banking sector. The links to the headlines are discussed in more 
detail in the following.

1. Headline Generation: This theme includes articles focused on 
the conversion of full articles into concise headlines. These 
studies aim to effectively summarise the core content in a sum-
marised form. Gorenz and Schwarz [24] tested the humour 
production abilities of ChatGPT compared to professional com-
edy writers in producing satirical headlines similar to The Onion, 
and based on a survey findings suggested the jokes were at least 
equally funny for ChatGPT regardless of comedic task and ex-
pertise of human comedy writer. Fatima et al. [25] utilised part-
of-speech tagging to support headline text generation approach 
using Generative Pre-trained Transformer (GPT) suggested the 
generated headlines had a significant improvement in perfor-
mance. Singh et al. [26] suggest an approach to summarisation 
and headline generation. Using deep learning they suggest this 
approach leads to effective headlines.
Although the overarching theme is headline generation, this in-
cludes general summarisation techniques. For example,
Benedetto et al. [27] uses a variety of language models, in-
cluding LLM, to summarise Italian legal news documents. They 
concluded that the latest LLM type models outperform models 
like Bidirectional and Auto-Regressive Transformers (BART) in 
terms of informativeness. They do note, however, that nuances 
of legal reasoning were not captured, potentially driven by not 
having models specialised to the legal domain. In addition, 
they raise concerns about privacy concerns, high computational 
demands, and potential bias in output. This concept of bias 
in AI-generated output in relation to summarisation was also 
captured by Fang et al. [28]. They used seven representative 
LLM, such as ChatGPT and Large Language Model Meta AI 
(Llama), to generate headlines using news articles and conclude 
the potential for racial and gender bias in the output. A recurring 
theme in the literature review, this was also discussed by Breazu 
and Katsos [29] who questioned the perspective that ChatGPT 
is reproducing. They used the context of the UK referendum 
of 2016 and compared the generated headlines with actual 
headlines on eastern European Roma migrants and identified 
that ChatGPT was less biased and less sensationalised compared 
to the right-wing media. Most of these articles highlight methods 
in which headlines could be generated with higher quality.

2. Explanatory Headlines: Under this theme, headlines are used 
as explanatory factors in various models. These studies explore 
the use of headline sentiment to predict market movements or 
other outcomes. Chandola et al. [30] look at the prediction of 
the directional movement of stock prices using deep learning, 
leveraging headline data as an explanatory factor, and finding its 
inclusion beneficial. Liu and Huang [31] consider the prediction 
7

of crude oil price forecasting, noting that prior studies tend to 
focus on it as a time series or econometric variable prediction 
problem. Although some do consider raw news headlines or 
topic models, they do not consider event information in detail. 
They suggest a framework for extracting underlying related 
events and a text sentiment analysis algorithm to extract sen-
timent, leading to better performance compared to benchmark 
methods.
An alternative perspective is suggested by Glasserman and Lin
[32] who reference the look-ahead bias in stock price pre-
dictions where it is informed specifically by GPT sentiment 
analysis. There are look-ahead bias limits backtesting capabili-
ties, as the LLM is trained on many years of data. In addition, 
there is distraction bias, since it has general knowledge on the 
companies that could influence the results. To overcome this, 
they anonymised the headlines, noting that surprisingly, this 
improved in-sample performance suggests that distraction bias 
might be larger than look-ahead bias. Overall, this showcases 
an application of headline data as input into other analysis and 
highlights that it has the potential to be a significant contributor, 
particularly to prices in existing literature.

3. Sentiment Measurement: This category comprises studies that 
focus on measuring the sentiment expressed in headlines. The 
goal is to gauge public perception, or the emotional tone con-
veyed. Zhou et al. [33] suggests a model based on BERT targeted 
at short text classification. They experiment with a number 
of datasets, including a headline news corpus, and determine 
that this proposed approach offers a better performance than 
standard BERT models by looking at accuracy and F1 value 
performance metrics. Jannani et al. [34] analyse perception 
and discourse by categorising headlines into themes such as 
politics, business, and education and obtaining the sentiment. 
They use techniques such as Latent Dirichlet Allocation (LDA) 
and BERT to derive an index representing well-being. Dangi 
et al. [35] proposes the value of using the artificial rabbits 
optimised robust random vector functional link network to im-
prove sentiment analysis accuracy, suggesting a limitation of 
existing sentiment analysis work being a lack of consideration 
of randomisation-based neural networks.
There are papers in this area focused on broader language ap-
plicability of sentiment measurement. Pan et al. [36] evaluated 
transformer models for financial-targeted sentiment analysis in 
Spanish. They compiled a corpus of financial tweets and news 
headlines in Spanish and identified which Spanish-specific LLM. 
Benitez et al. [37] considered if data augmentation techniques 
using machine learning and deep learning can improve classi-
fication for Spanish data, noting that Spanish large label data 
are scarce. They do cite concerns with augmentation techniques 
impacting semantic integrity, however, despite this, the aug-
mentation techniques were suggested to have the capability to 
enhance sentiment and emotion analysis. Overall, this show-
cases application of sentiment analysis for predictions and the 
potential to help further refine analysis in this area.

4. Fake News, Clickbait Detection and Click Rate: This area of 
research deals with the detection of fake news through analysis 
of headlines, leveraging technology to discern the authenticity 
of news content. This category also considers clickbait head-
lines, which while might not necessarily be entirely false, are 
sensationalist. Supriya et al. [38] use the dissimilarity between 
headlines and articles to determine if clickbait. They measure 
this through a Sentence-BERT (SBERT) method suggesting this 
provides better performance than current state-of-the-art mod-
els. Farokhian et al. [39] uses two parallel BERT networks, 
one based on headline data and the other checking for impor-
tant text in an article’s newsbody to detect fake news, noting 
that this approach leads to a higher performance. Devarajan 
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et al. [40] proposes a framework for fake news detection using 
deep Natural Language Processing (NLP) model based on four 
layers: publisher layer, social media network layer, edge layer 
embedded and cloud layer. They suggest a better performance as 
a result of this. García-Ferrero and Altuna [41] propose a dataset 
called NoticIA which consists of Spanish news articles with 
clickbait headlines, each paired with a single-sentence summary 
written by humans. They suggest its value in task-specific models 
for clickbait summarisation.
As a different view, DeVerna et al. [42] suggests that ChatGPT 
can be used for fact checking to determine false headlines. 
However, using ChatGPT specifically, while accurate 90%, has 
the potential harm of decreasing belief in true headlines and 
increasing belief in false headlines. In a similar vein, another 
perspective was provided by Bajaj and Vishwakarma [43] which 
suggested that it is possible to bypass deep learning clickbait 
detection mechanisms by adversarial modifications of headline 
data. By highlighting this weakness, they suggest that improve-
ments would be beneficial to overcome this weakness. Notably 
the majority of papers were focused on how to better distinguish 
fake news or clickbait using more complex methodologies.
An alternative angle are studies focused on how to increase 
click rate. This is something that is useful for a business trying 
to sell a product, for example, in this scenario, the headline 
could be the title of an email. Nguyen et al. [44] propose an 
approach to build an email open rate predictor for marketing 
purposes. The improvement in approach is based on using head-
line characteristics as predictors, similar to a computer science 
view, but also appending this with additional marketing-based 
variables. This was identified to provide better performance. 
Qiu and Golman [45] use NLP to identify headlines with a 
salient question, convey importance, and appear surprising, with 
negative valence, have higher click rates, but not necessarily 
long-term reader engagement.

5. Measuring Specific Elements: These studies investigate specific 
elements of headlines, such as political bias, humour, or sarcasm, 
in order to quantify and identify unique headline attributes. 
Shatnawi et al. [46] examine headlines, but in the context of 
detecting humour. They propose a variation of the BERT model 
which is an ensemble of different state-of-the-art pretrained 
models suggesting good performance as a result.
Goel et al. [47] apply a number of different neural techniques, 
such as Long Short-Term Memory (LSTM), Gated Recurrent Unit 
(GRU) and Convolutional Neural Network (CNN) in an ensemble 
model to detect sarcasm for a news headline and a Reddit 
dataset. They identified that using an ensemble model with word 
embedding outperformed other state-of-the-art models. Sharma 
et al. [48] consider sarcasm detection for headlines, Reddit and 
Twitter. They suggested the use of an ensemble approach that 
considers text embedding and also includes fuzzy evolution-
ary logic before making the final classification. This approach 
was suggested to be more accurate than earlier state-of-the-art 
models.
Swati et al. [49] create a framework for predicting political 
bias in headlines, suggesting that existing methodologies do not 
recognise the potential of common-sense reasoning. They over-
come this, they introduce a neural network framework which 
leverages inferential commonsense knowledge. They concluded 
that this leads to better performance. Swati et al. [50] also look 
at political bias in headlines, but in how to determine it for 
low-resource languages. The framework leverages commonsense 
knowledge as well and notes that the proposed framework is 
the best performing. These articles focused on how extending 
existing techniques could lead to a better fit of performance for 
purpose.
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Despite the diverse and valuable contributions of these various 
approaches, their direct application to the field of banking has been 
notably limited. Although none of the reviewed literature directly ad-
dresses banking-related sentiments, indirect connections are observed 
in the examination of stock prices, energy markets, and financial head-
lines. In particular, researchers commonly employ financial headlines 
to gain insight into potential price movements within financial markets. 
Furthermore, some studies consider the degree of political bias in head-
lines related to the banking sector and explore topics like antimoney 
laundering, which is associated with financial services.

However, there remains a significant research gap in comprehen-
sive understanding how headline analysis can be leveraged to gain 
insight into banking behaviour and decision-making processes. This gap 
presents an intriguing research opportunity for future research in the 
field.

4.2. Methodologies employed in literature

Fig.  8 provides a summary of the prevalence of different method-
ologies utilised in articles considered within the systematic review. In 
instances where GPT and BERT are mentioned, they have been dis-
tinctly categorised apart from LLM, due to their respective widespread 
adoption.

A summary of the methodologies represented in our review is 
discussed in this section (see Fig.  8). Firstly, the Neural Networks 
& Deep Learning category encompasses approaches based on artifi-
cial neural networks designed to identify complex patterns through 
deep hierarchical structures. These methods excel in learning from 
large volumes of data and capture subtle relationships that are not 
easily identified by traditional methods. Specific methodologies include
Neural Networks, computational models inspired by biological neurons 
effective in pattern recognition and predictive analytics; Deep Learning, 
involving advanced multi-layered neural networks designed to learn in-
tricate data representations used in domains such as image and speech 
recognition; GRU, LSTM, and Recurrent Neural Network (RNN), types 
of recurrent neural networks specialising in sequential data analysis 
ideal for language processing and time-series forecasting; CNN, neural 
networks tailored specifically for spatial data like images and videos;
Artificial Rabbits Optimization, a biologically inspired algorithm used 
to solve complex optimisation tasks efficiently; and Ensemble methods 
that combine predictions from multiple neural networks to enhance 
accuracy and reliability.

The Large Language Models group comprises extensive neural 
architectures trained on vast textual datasets to produce coherent, 
contextually relevant language, uniquely addressing tasks related to 
language generation and comprehension. Key methodologies include
GPT, known for generating humanlike text useful in automated con-
tent creation, summarisation, and conversational AI; BERT, notable 
for its deep contextual understanding essential for search optimisation 
and text classification; Llama, Meta’s large language model optimised 
for efficient training and fine-tuning; and general LLM architectures 
instrumental in complex comprehension and generative tasks.
Traditional Machine Learning methods involve conventional statisti-
cal and algorithmic approaches for predictive modelling and classifica-
tion, valued for their interpretability and computational efficiency com-
pared to deep learning models. Included in this category are Machine 
Learning algorithms that learn patterns to predict outcomes effectively,
Support Vector Machine (SVM) noted for powerful classification capa-
bilities, especially in high-dimensional spaces, and Regression methods 
useful in forecasting continuous outcomes and exploring relationships 
within datasets.

Natural Language Processing (NLP) techniques focus specifically 
on analysing, interpreting, and generating human language, facili-
tating automated textual analysis and sentiment identification. Spe-
cific methodologies include general NLP approaches foundational for 
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Fig. 8. Methodologies observed in articles reviewed by year.
language-based tasks; Lexiconbased methods employing curated word 
lists for basic language processing; Sentiment Analysis, designed to 
systematically evaluate emotions and opinions prevalent in social net-
works and market research; and Event Ontology, which provides struc-
tured semantic frameworks to categorise textual descriptions of events.
Systematic Reviews represent a distinct category that does not focus 
on developing or applying machine learning models directly. Instead, 
these studies take a meta-analytical approach to synthesise findings in a 
body of literature, comparing methodologies, summarising results, and 
identifying overarching patterns and gaps in the field. Their inclusion 
provides a valuable foundation for understanding the methodological 
landscape and guiding future research directions.

Noting the above definitions, Fig.  8 highlights the consistency of 
more traditional techniques such as NLP, machine learning and neural 
networks, and deep learning in general. Interestingly, LLM have gained 
prominence from 2023, and dominated the research articles considered 
for 2024 and for the beginning of 2025. Most notably BERT made a 
large portion of these articles in 2023, and this was then succeeded by 
GPT in 2024. Fig.  9 compliments this analysis by presenting the head-
line categories discussed in Section 4.2 to the different methodologies 
represented in Fig.  8.

The network diagram in Fig.  9 shows the most popular technique for 
given purposes. For example, sentiment measurement broadly benefits 
from machine learning, neural networks, and BERT. BERT is more 
often used for sentiment measurement and measuring specific ele-
ments such as bias. Meanwhile, GPT is more popular in relation to 
creating explanatory factors using headline and headline generation. 
This suggests that the reduced frequency of BERT from 2023 to 2024, 
could be driven by a different outcome of research being prioritised 
for headlines in addition to GPT becoming more popular. Fake news, 
clickbait detection, and click rate appear to benefit from a broad range 
of techniques. Instead, headline generation is most benefited by the 
neural network class, with the exception of BERT.

Fig.  10 illustrates the popularity of methodologies in the reviewed 
articles, distinguishing between those within the banking sector and 
those from other fields. As shown in Fig.  10, there are more articles 
from outside the banking sector than within it, but the important ob-
servation lies in their relative proportions. Specifically, banking articles 
more frequently employ traditional methods such as NLP and machine 
learning. Where GPT has been applied in banking, it typically serves 
to generate explanatory variables from prompts based on financial 
headlines, while neural networks have been utilised to analyse financial 
domain-specific vocabulary and political biases. This suggests consider-
able potential for broader applications of advanced techniques such as 
GPT, and particularly BERT, within the banking context. In conclusion, 
the systematic review reveals a dynamic landscape of methodologies, 
with certain approaches gaining prominence in recent years, reflecting 
the evolving trends in the field.
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4.3. Outcomes

The results of the articles reviewed reveal the various objectives pur-
sued by the researchers, as depicted in Fig.  11. This links the outcome 
to how it relates to banking or headlines. There are three outcomes, 
better performance, analysis, and systematic review. Better perfor-
mance relates to the researcher aiming for a higher goodness-of-fit 
or better out-of-sample performance. Analysis is where the researcher 
predominantly concludes on how the use of methods helped to better 
understand a particular problem. The systematic review refers to a 
synthesis of research with the intention of informing the public about a 
particular topic. Note that the allocation of the outcome was simplified, 
so while for example the outcome could technically be defined as 
applicability to a different language, if the goal is to improve the 
performance of the model, then the allocated outcome would be better 
performance.

Fig.  11 showcases the predominance of papers that focus on better 
performance, specifically to be able to measure elements of the text 
such as sentiment or bias, as well as the potential to create explanatory 
variables through headlines and headline generation. In contrast, the 
analysis focused on fake news, clickbait detection, and click rate and 
headline generation categories. Most systematic reviews focused on 
exploring broad techniques with potential applications. However, in 
the context of banking, only one such article focused specifically on 
anti-money laundering (AML). The research potential is in firstly more 
articles in the analysis and systematic review style in the area to take 
advantage of the better performance available to the underlying models 
such as GPT and BERT. Secondly, more research papers are required 
in the banking area; currently the focus is relatively limited, the most 
popular use case being financial headlines to improve the performance 
of prediction.

5. Discussion

In this section, we examine the essential aspects and findings de-
rived from our comprehensive review of sentiment analysis. From 
the standpoint of identified research gaps, we observe that: (i) bank-
ingspecific analyses remain limited in their engagement with recent ad-
vancements in textual or Natural Language Processing (NLP) analysis; 
(ii) there exists significant potential for methodologies incorporating 
recent advancements in Large Language Model (LLM) such as those in 
Generative Pre-trained Transformer (GPT) and Bidirectional Encoder 
Representations from Transformer (BERT); and (iii) existing research 
in text analysis has predominantly prioritised performance improve-
ments (e.g. accuracy) over considerations of practical applicability 
and decision-making utility as shown in Section 4.3, which discussed 
research outcomes. These gaps are examined in this section and point 
to the need for more research in the banking domain that applies 
these tools in a practical, decision-focused context. This application is 
explored in more detail in the following section.
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Fig. 9. Network diagram between headline category and methodology.
Fig. 10. Methodology popularity over time.
Fig. 11. Network diagram between banking relationship, headline relationship and research outcome.
5.1. Limited banking analysis

Our review revealed a notable lack of existing literature on the use 
of sentiment analysis within the banking industry, specifically related 
to headlines. Although sentiment analysis has been thoroughly inves-
tigated in multiple fields, including social networks and healthcare, its 
implementation in the banking sector remains limited. This shortcom-
ing highlights the opportunity for additional research in this domain, 
as understanding public sentiment towards the banking industry is vital 
for informed decision making and ensuring financial stability.
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This is evident in thirteen articles related either directly or indirectly 
to banking for the search terms considered. Of these articles, five 
focused on the use of textual data to create an explanatory variable to 
improve model performance, and four of these articles considered sen-
timent measurement. A wordcloud is presented in Fig.  12 to highlight 
the areas of interest based on the summary of purpose of the articles 
performed during the systematic review, it excludes headlines, analysis 
and reviews, among others, to ensure that the diagram is informative.

The stock prediction, politics, money laundering and cryptocurrency 
as key words showcases the relation to banking and financial services. 
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Fig. 12. Word cloud for themes relating banking related papers.

There is not as much focus on concepts such as strategy, marketing, or 
pricing which papers outside banking have considered. Furthermore, 
analysis has focused on the sentiment most prominently. With the 
advent of textual data analysis, it would be expected that more decision 
support software would be developed with the intention of leveraging 
this information. Despite the current limitations in academic research 
in this regard, there are notable areas of opportunity that can benefit 
from headline analysis.

5.2. GPT, new and emerging

Our review, particularly as reflected in the methodologies described 
in Fig.  8, demonstrates the increasing relevance of GPT in 2024 com-
pared to 2023. This trend showcases that either GPT will continue to be 
more popular in 2025, or it could also suggest that it could be surpassed 
by an alternative LLM method such as Large Language Model Meta 
AI (Llama). This suggests that this is an evolving area and that it is 
important to note the available techniques.

Furthermore, some of these papers on GPT instead focused on some 
of the shortcomings. For example using GPT to derive explanatory 
variables from headlines has a risk of the GPT being based on the data 
after the event itself occurred. Therefore, providing it with a future 
view is not valuable for back-testing. Additionally, GPT might use 
information it knows in general to fill in the gaps, and not consider the 
information at face value, encouraging the researcher to ignore known 
organisations for example. Others talk about the potential copyright 
issues of GPT in how the model itself is trained.

Despite this, the shortcomings of the method will have increasingly 
better solutions, as is evident from the results of the researchers focused 
on better performance in Fig.  11. It is important that a researcher for 
this space uses these methodologies while recognising weaknesses. The 
refined GPT language modelling capabilities could be instrumental in 
deciphering often ambiguous and jargon-laden financial news, which 
is crucial for banks in assessing market sentiments and consumer 
confidence.

5.3. BERT is a complementary versatile approach

BERT and GPT are both transformer-based language models, but 
they differ fundamentally in architecture and usage. BERT is a bidi-
rectional encoder model, trained to understand the context of both 
directions in a sentence simultaneously, making it well suited for classi-
fication, extraction, and sentencelevel understanding tasks. In contrast, 
GPT is a unidirectional decoder model, trained in a left-to-right manner 
to predict the next word in a sequence, enabling it to excel in text 
generation, completion, and creative language tasks.
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Fig.  9 showcased this, as BERT has not been used as much to 
create explanatory headlines or to generate headlines for the sample 
considered as the main technique. A future research area of interest 
might be an ensemble that leverages the advantages of BERT and GPT, 
for example a system that uses BERT for the classification of review or 
headline data and GPT to provide decision support through proposed 
actions to improve sentiment.

The prevalence and versatility of BERT, especially in the analysis 
of small text formats such as headlines, is evident from the findings 
in Section 4.2. In the banking context, this means leveraging BERT’s 
robust contextual understanding of BERT to analyse headlines that 
often carry significant weight in influencing market movements and 
shaping public opinion. However, as shown in Fig.  10, the application 
in banking is limited compared to other techniques.

The ability of BERT to discern nuanced sentiments in financial news 
can be a crucial tool for banks to predict market trends and under-
stand public perception towards financial products and policies. This 
is particularly relevant in today’s fast-paced information age, where 
headlines can dramatically sway investor behaviour and customer trust.

5.4. Research less focused on application

The results of the reviewed articles indicate a predominant focus 
on showcasing the superiority of proposed methods over previous 
approaches through metrics such as accuracy and F1 value performance 
metrics. This is highlighted in Fig.  11. The purpose of the researchers 
has been to demonstrate that their chosen methods perform better 
in varied textual tasks, thereby contributing to the development of 
more accurate models. However, there is room for further research 
that goes beyond performance improvement and explores the broader 
application of sentiment analysis, such as in the banking industry.

6. Future perspective

This section builds on the identified research gaps by examining 
how recent advancements in Large Language Model (LLM) and Nat-
ural Language Processing (NLP) can be applied to banking-specific 
sentiment analysis. Our findings indicate that headlines, as concise 
encapsulations of critical information, hold untapped potential for 
banking analysis. Without limiting the view to banking, the general 
area of text analysis is growing as captured in Fig.  4 and discussed in 
Section 3.4. The succinct nature of headlines makes them ideal for rapid 
sentiment analysis, providing immediate insight into market trends and 
public opinion. Using sentiment analysis for headlines can aid banks 
in real-time decision making, risk assessment, and trend forecasting. 
Future research should explore how banks can integrate headline anal-
ysis into their data analytics frameworks to enhance responsiveness and 
strategic planning.

Through a synthesis of current literature, this chapter highlights 
the evolving methodological landscape of sentiment analysis and its 
relevance to the specific needs of the banking sector. It emphasises the 
importance of adapting recent innovations, particularly large language 
models, to suit domain-specific applications. The analysis provides a 
foundation for future academic inquiry, especially in the addressing of 
persistent challenges such as sentiment detection. It also identifies a 
notable gap in the use of headline data within financial services and 
highlights the limited focus on explainable artificial intelligence (Ex-
plainable Artificial Intelligence (XAI)) in existing research, suggesting 
a clear area for further exploration. From a managerial perspective, 
the findings offer practical information by illustrating how headline 
data have been used in related fields and how similar approaches 
could support more informed data-driven decision making in dynamic 
financial environments. To achieve this, this section is divided into 
(i) the underutilisation of LLM within banking; (ii) the opportunities 
presented by headline-based sentiment analysis; and (iii) the growing 
relevance of these tools for real-time decision-making and strategic 
forecasting.
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Fig. 13. Network diagram between LLM methodology and paper purpose.
6.1. LLM has large potential

The systematic review, particularly in Sections 3 and 4.2, under-
scores the potential of LLM in sentiment analysis, despite their current 
underutilisation in banking. This is further established in Section 5.3 
which highlights the popularity of Bidirectional Encoder Representa-
tions from Transformer (BERT) in recent years. The advanced capabil-
ities of LLM, especially in capturing and generating nuanced language, 
open new frontiers for the analysis of the banking sector. Future 
research could focus on harnessing models like Generative Pre-trained 
Transformer (GPT) for more in-depth understanding of market sen-
timents, customer opinions, and economic trends. In particular, GPT 
is currently underused in the literature as discussed in Section 5.2, 
suggesting further potential even outside of banking.

The research establishes different LLM used for different purposes 
in the context of headlines. To help visualise which LLM has been used 
for different areas, Fig.  13 is provided.

Within Fig.  13, it is possible to note that sentiment analysis, hu-
mour detection, and sarcasm detection leverage BERT, while fake news 
identification could utilise either BERT or GPT. In the case of bias, 
broader methods are used, as is evident from the links to LLM not 
specific to GPT or BERT. This breakdown can help guide to know 
what has been considered so it might be used for business purposes, 
or alternatively, what has not been considered so that it might define 
a potential research opportunity.

The adaptation of LLM to banking-specific needs could revolutionise 
the way financial institutions interact with and understand their market 
environment. This potential, coupled with the increasing availability of 
sophisticated NLP tools, sets the stage for significant advances in this 
field over the next decade.

6.2. Headlines complement banking analysis

The headlines offer a unique advantage for sentiment analysis in 
the banking industry. As shown in Section 5.2, there are several papers 
that have used headline data for financial headlines, where these papers 
tended to focus on cryptocurrency or stock markets predominantly. 
However, where headlines were used for explanatory purpose per 
Section 4.2, six articles directly leveraged this, with five considered 
directly related to banking.

This is a research opportunity, as headlines provide a concise sum-
mary of news and events, making them a valuable source of information 
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for financial institutions. Banks can leverage headline sentiment anal-
ysis to gain insight into public perception, predict market trends, 
and inform strategic decisionmaking. This advantage highlights the 
potential for further research and practical applications in utilising 
headlines for banking analysis. To provide a parallel scenario, consider 
Khalil et al. [51] who look at optimising the hybrid process of the 
AI-assisted Letter of Credit exam to improve trade finance. They are 
able to leverage artificial intelligence to, among other purposes, reduce 
operational risks. If headline data could be used similarly, this could 
benefit other areas and could be practically integrated into business as 
usual in banking decision making.

Despite this, one of the challenges in sentiment analysis is one, 
especially when applied to headlines, is the limited amount of text 
available for analysis as headlines are inherently concise. Therefore, ex-
tracting meaningful sentiment from such a brevity can be challenging. 
Researchers need to develop innovative techniques to overcome this 
limitation and ensure the precision of sentiment analysis in short text 
formats. Noting this, with the advancement of techniques such as BERT 
discussed in Section 5.3 and the potential driven by GPT as discussed 
in Section 5.2, the tools for doing so are becoming more advanced, and 
therefore this limitation is becoming less prevalent.

6.3. Dynamic research area

The dynamic and ever-changing nature of NLP and sentiment anal-
ysis in banking, highlighted throughout this review, underscores the 
need for continuous adaptation and innovation in this field. Rapid ad-
vancements after 2018 have revolutionised sentiment analysis, making 
it more accessible and relevant for banking applications. As the field 
continues to evolve, it will be crucial for both academia and industry 
to stay abreast of the latest developments, ensuring that methodologies 
and applications remain cutting-edge and relevant to the changing 
landscape of banking and finance. Fig.  10 showcases this change as 
some methods fade out of use or see limited use while new methods 
such as BERT and GPT gain popularity.

Given the context of financial services, it is expected that in the 
future as LLM are adopted for decision making, there will also be a 
desire for greater XAI which will allow a greater understanding of the 
rationale behind the output behind LLM. A paper that highlights the 
trends in XAI is Saranya and Subhashini [52], which highlights exam-
ples of how this could be used in social media that have similarities 
to headline data. Although the systematic review did not explicitly 
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identify articles focused on this topic, the concept of XAI is, from our 
perspective, closely aligned with the rising studies on LLM and the 
ability to trust its results.

7. Conclusion

In summary, this systematic review has thoroughly examined the 
application of sentiment analysis in the context of news headlines, 
particularly its relevance in the banking and finance sector. Our anal-
ysis reveals the evolution of sentiment analysis methodologies over 
time, ranging from traditional machine learning approaches to ad-
vanced deep learning models such as Bidirectional Encoder Representa-
tions from Transformer (BERT) and Generative Pre-trained Transformer 
(GPT).

Furthermore, we have highlighted the diverse applications of sen-
timent analysis within banking, including headline generation, senti-
ment measurement, fake news detection, political bias analysis, and 
classification tasks. These applications underscore the adaptability of 
sentiment analysis techniques for informing decision making in the 
financial industry.

However, despite progress in sentiment analysis methodologies and 
their deployment in related fields, their direct integration into bank-
ing and finance remains limited. This research gap presents an ex-
citing opportunity for future investigations to explore the practical 
implementation of sentiment analysis within financial institutions.

In conclusion, this systematic review contributes to our understand-
ing of sentiment analysis within the banking and finance domain. 
It emphasises the importance of further research to bridge the gap 
between sentiment analysis and banking practices. As the financial 
landscape continues to evolve, sentiment analysis remains a valuable 
tool to gain insight into market trends and risk assessment.
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