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ABSTRACT

The objective of this research is to examine how sentiment analysis can be employed to generate trading
signals for the Foreign Exchange (Forex) market. The author assessed sentiment in social media posts and
news articles pertaining to the United States Dollar (USD) using a combination of methods: lexicon-based
analysis and the Naive Bayes machine learning algorithm. The findings indicate that sentiment analysis
proves valuable in forecasting market movements and devising trading signals. Notably, its effectiveness is
consistent across different market conditions. The author concludes that by analyzing sentiment expressed
in news and social media, traders can glean insights into prevailing market sentiments towards the USD and
other pertinent countries, thereby aiding trading decision-making. This study underscores the importance of
weaving sentiment analysis into trading strategies as a pivotal tool for predicting market dynamics.
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OPUTMHAJIbHASA CTATbA

[MpuMeHeHMne aHaIM3a TOHANIbHOCTU HACTPOECHUM
B CpeAcTBax MaccoBon MHdpopmaumu

U COLMANIbHDbIX CETAX ANA reHepaumu TOproebixX
CUrHanoB Ha pbiHKe Dopekc

0.®. Onaiiano
YHuepcutet dMopu, AtnanTa, CLLA
AHHOTAUMA
LUenb faHHOro MCCnenoBaHWsa — U3YyUUTb BOSMOXHOCTb aHaIM3a HAaCTPOEHWIA AN reHepaLMm TOProBbiX CUrHa-
NOB Ha BaNOTHOM pbiHKe (Forex). ABTOp oLeHMBan TOHaNbHOCTb HACTPOEHUM B COOBLLEHMSX COLLMANbHBIX CETEN
M CTaTbsIX CPeACTB MAacCOBOM MHPOPMaLMK, kacatowmxca gonnapa CLUA, ucnonbsys koMbMHaLMIO METOAOB:
aHanM3a Ha OCHOBE NEKCMKM M anropuTMa HaMBHOro HamecoBCKoro knaccudmkaTopa. lNonyyeHHble pesynbra-
Tbl CBUETENbCTBYIOT O TOM, YTO aHANIM3 HACTPOEHUI SBNISETCS LEeHHbIM MHCTPYMEHTOM A5 NPOrHO3MPOBaHMS
LBWXEHUS pblHKA U pa3paboTKu TOprosbix curHanos. OTMeyvaeTcs, YTo ero 3pGeKTMBHOCTb HEM3MEHHA B pas-
JIMYHBIX PbIHOYHbIX YCNOBMSAX. ABTOP A€NaeT BbIBOA, YTO, aHAIM3MPYs HACTPOEHMUS, BbIPAXKEHHbIE B HOBOCTSIX
M COLMANbHbIX CETAX, TPEHAEpbl MOTYT NOAYYUTb NpefcTaBieHMe 0 Npeobnafatomx Ha pbiIHKE OTHOLEHUSX
k ponnapy CLUA v BantoTaM gpyrux cTpaH, TeM CaMblM CNOCOBCTBYS NPUHATUIO TOProBbiX pewweHui. JaHHoe
nccnenoBaHMe NogyYepkMBaET BaXXHOCTb BKIKOYEHNS aHANM3a HACTPOEHWI B TOProBble CTpaTerMm B Ka4yecTse
K/JIt0YEBOr0 MHCTPYMEHTA A5 MPOrHO3MPOBAHUS AMHAMUKM PbIHKA.
Kntoyeswie cnosa: pbiHOK DoOpeKC; HACTPOEHMS; TOProBble CUIHAsbI; PbIHOK MHOCTPAHHbIX BANKOT; BANKOTA; CO-
LManbHble CETU; HaUBHbIA BaNeCcoBCKMIA KNAcCUDUKATOP; MalMHHOE 0ByyYeHue
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Applying News and Media Sentiment Analysis for Generating Forex Trading Signals

1. Introduction

The Forex market, also known as the Foreign
Exchange market, is a marketplace where cur-
rencies are traded in pairs [1]. Traders engage in
buying and selling currencies, aiming to profit
from changes in their exchange rates. This mar-
ket is highly dynamic and volatile, influenced
by factors such as news, social media posts and
political events. To stay ahead of the game, trad-
ers need to stay updated on the news and events
that can impact currency exchange rates [2].
Having the ability to accurately predict when to
buy or sell prices is a tool for traders and inves-
tors.

In this paper, we aim to explore the potential
of sentiment analysis for generating trading sig-
nals. While studies have been conducted on us-
ing news data to predict stock prices, there has
been limited research on applying sentiment
analysis to trading.

Sentiment analysis has emerged as a tool for
understanding market sentiments and forecast-
ing currency pair movements within the market.
Our main objective is to utilize sentiment analy-
sis techniques on both news data and social me-
dia information to generate trading signals.

2. Literature review

The prediction of currency exchange rates has
been a puzzle and an area of interest for re-
searchers, economists and financial policy-
makers. Sentiment analysis, which has histori-
cally played a role in fields like media analysis,
product reviews and financial markets, has now
gained prominence as a tool. In the realm of
trading, sentiment analysis has become an ele-
ment for predicting market movements. This lit-
erature review thoroughly explores research that
utilizes sentiment analysis in trading.

One pioneering study conducted in 2011 took
an approach by combining Google Trends data
with sentiment analysis of news articles to fore-
cast stock market movements. Their methodolo-
gy showed an impact on predicting stock market
trends, laying the groundwork for researchers [3].

Digging deeper into the practicality of senti-
ment analysis, the research conducted by Chen
et al. (2014) deserves attention [4]. Focusing on
analyzing sentiments in news articles, they em-
ployed a support vector machine (SVM) classi-
fier to identify whether sentiments were neutral,

positive or negative. Notably, their findings em-
phasized the superiority of their approach com-
pared to baseline methods in predicting stock
returns.

Combining long short-term memory (LSTM)
and convolutional neural network (CNN), for So-
cial Media Sentiment. Shifting towards methods
and datasets, the work carried out by Zhang and
colleagues in 2019 [5] stands out. They decided
to explore the sea of Twitter"2 data using a com-
bination of advanced LSTM and CNN architec-
tures. Their main goal was to classify the senti-
ments expressed in Twitter posts into negative
categories. The results they obtained were quite
compelling, indicating that sentiment analysis
on real time platforms, such as Twitter, has an
impact when it comes to predicting forex ex-
change rates.

Most studies adopt a perspective by focusing
on well-known currency pairs without exploring
the intricacies and potential trading opportuni-
ties offered by lesser-known pairs. There is also
a lack of research on the impact of sentiment
analysis on different currency pairs. There is
a need for more research on the integration of
sentiment analysis with other technical indica-
tors to improve Forex trading strategies.

3. Problem formulation and research
questions

This paper aims to utilize sentiment analysis
to generate Forex trading signals by using both
news articles and social media data. Trading fo-
rex involves buying and selling currencies with
the aim of making profit based on exchange rate
fluctuations; it also involves buying and selling
currency pairs based on their relative value. Trad-
ers employ tools and strategies to analyze mar-
ket trends and make informed trading decisions.
A crucial factor influencing market trends is the
impact of news and events on the economies of
countries whose currencies are being traded.

Sentiment analysis plays a role in examin-
ing text data from news articles and social me-
dia posts to uncover sentiments [6—8]. It entails
identifying and categorizing the polarity of ex-
pressed sentiment in text as positive, negative
or neutral.

! Twitter — social network. Current name X.
2 Twitter is blocked in Russia.
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Table 1
Research Questions and Objectives

Research Question

Objective

Can sentiment analysis of news data be used to
generate Forex trading signals?

What are the most effective sentiment analysis
techniques for generating Forex trading signals?

How accurate are the Forex trading signals
generated through sentiment analysis?

To collate Forex-related news data

To perform sentiment analysis on news data using
two techniques which are lexicon-based analysis and
Naive Bayes algorithm

To evaluate the accuracy of the signals generated
using sentiment analysis

Source: Developed by the author.

To develop a system that generates trad-
ing signals based on sentiment analysis results,
we will utilize both lexicon based and machine
learning based approaches. The lexicon-based
approach involves employing the VADER (Va-
lence Aware Dictionary and Sentiment Reason-
er) tool to determine the polarity of news arti-
cles. On the other hand, the machine learning
approach utilizes the Naive Bayes algorithm for
sentiment classification of these news articles
[9]. Additionally, incorporating indicators as
confirmation signals to enhance the accuracy of
trading signals will be explored.

To accomplish this objective, a dataset com-
prising news articles pertaining to USD and oth-
er major currencies, in the market will be uti-
lized. The dataset contains text data, as well as
metadata such as the publication date and the
source of the news article. The dataset was col-
lected from reputable news sources such as Reu-
ters, Bloomberg, and Twitter posts.

The main research questions to address in
this paper are presented in Table 1.

By answering these research questions, this
paper aims to provide insights into the potential
of sentiment analysis in Forex trading and its
impact on market trends.

4. Technical design
The technical design of this sentiment analysis
based on a forex trading system involves differ-
ent components, which include data pre-pro-

cessing, sentiment analysis, and trading signal
generation. In this section, a detailed descrip-
tion of the methodology and the techniques
used for the components is provided.

4.1. Data pre-processing

News articles were collected from financial news
websites and social media platforms that are re-
lated to the United States Dollar (USD). The USD
is one of the major currencies used in the Fo-
rex market, and it is considered the world’s most
dominant reserve currency. It is widely accepted
in international transactions. The data were
preprocessed to remove noise and irrelevant in-
formation, such as stop words and punctuation.
Text normalization was also performed; this in-
volves converting all text to lowercase and re-
moving any special characters and symbols [10,
11].

4.2. Sentiment analysis techniques
Two main techniques used include Lexicon-
based analysis and Naive Bayes.

4.2.1. Lexicon-based analysis

After the words were pre-processed, the VAD-
ER (Valence Aware Dictionary and Sentiment
Reasoner) tool was utilized. VADER uses a pre-
defined sentiment lexicon to assign a polarity
score to each text document in the dataset. This
contains a list of words and their associated
neutral, positive, and negative scores. VADER
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assigns a score between —1 and +1 to each text
document, where -1 indicates highly negative
sentiment, and +1 indicates highly positive sen-
timent, and 0 indicates neutral sentiment.

To obtain an overall sentiment score for each
currency pair, the polarity scores of all the news
articles related to that currency pair were aggre-
gated. The aggregation was done using a weight-
ed average, where the weight of each polarity
score was determined based on the relevance of
the news article to the currency pair.

> (Polarizy Score x Weight)

Sentiment Score =
Y. (Weight)

, ()

where Polarity score is the sentiment polarity
score assigned by VADER to the news article or
social media post, and Weight is the relevance
weight assigned to the news article.

n
. 1Valencel.
i=
n 2 )
E _ lValencel. +0
i=

The above is used by VADER, where valence
scores are the set of values assigned to each
word in the sentiment lexicon, indicating its
positivity or negativity. Alpha, in this case, is a
smoothing factor to normalize the score. This
algorithm was selected because, unlike other
algorithms, it doesn’t solely focus on words;
it also considers the context in which they are
used. This distinction enables it to effectively
discern the sentiment behind nuanced state-
ments commonly found on social media plat-
forms. Furthermore, it is adeptly tuned to grasp
the sentiment conveyed by slang, acronyms, and
prevalent internet terms. When juxtaposed with
models like deep learning approaches, VADER
achieves a harmonious balance between compu-
tational efficiency and accuracy.

Polarity Score=

2)

4.2.2. Naive Bayes

Naive Bayes is a machine learning algorithm
that can be used for classification. It is also a
probabilistic algorithm that works on the as-
sumption that each feature is independent of all
other features. To use this for sentiment analysis,
the model needs to be trained using a dataset of

news articles and social media posts. In this case,
they were labeled as either neutral, positive, or
negative.

After training the model, it was used to clas-
sify the sentiment of the news articles and social
media posts that are related to USD. The model
then computed the probability that a given text
in the news article or social media post belonged
to each sentiment class (positive, negative, or
neutral) based on the frequency of words in the
text that appeared in each class of the training
data.

The application of Naive Bayes theorem to a
class y with three possible outcome (neutral,
positive, or negative) and a dependent vector

X=(Xppeeenne ,X, ) is expressed as:
P(x|y) P(y)
P e ————— 3
(y|x) P(x) ’ )
where:

» P(ylx): The probability that a given piece of
text falls under sentiment class y based on the
word frequencies represented by vector x.

» P(xly): Likelihood of encountering the word
frequencies in vector x in texts classified under
sentiment class y.

» P(y): Base probability of a text being cat-
egorized under sentiment class y, without con-
sidering its word frequencies.

» P(x): Likelihood of the word frequencies
denoted by a vector appearing across a senti-
ment classification.

If one assumes that all features are independ-
ent, this relationship can be further simplified
to:

PO |9, X; ooy Xicty Xy, X,)=P(x,]y). (4)

e P(x;|y): Likelihood of a specific word i
appearing in texts of sentiment class y, given the
assumption that words appear independently.

Using the above equation, we deduce:

P(y|x)=P(y)[TP(xly). (5)
i=1

* J]P(x 1y): This term sums up the likeli
i=1
hood of all words in vector x showing up in texts
under sentiment class y.
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Given a constant P(x) for the input, classifica-
tion is determined by:
y=ammax, PO [PD). @
i=1
* argmax, : This function pinpoints the senti-
ment class y which has the highest overall prob-
ability when considering the words in vector x.
For estimating P(y) and P(x;|y),a Gaussian

assumption is leverage on the dependent varia-
ble through the Maximum A Posteriori (MAP):

(7

P(x;|y)=
DI

A rejection model variant for classification
is used here; for a classification to be accepted,
the probability needs to be greater than a spe-
cific threshold, or projection. If this threshold is
not met, the mode will reject classifying a given
sample. The Naive Bayes classifier is useful for
sentiment analysis because its computational
complexity is light weight, making it resilient to
over-fitting and suitable for use with large data-
sets from news articles and social media posts
[5].

To further illustrate the Naive Bayes pro-
cedure. Here is an example of how this model
works. Suppose a news article is titled “Federal
Reserve announces interest rate hike, boost-
ing dollar”. After the noise is removed from
this news article. The probability is calculated
that the words in the news data appear in each
sentiment class, which is neutral, positive, or
negative based on the training data. The word

“boosting”, for example, appears to be in positive
texts rather than in negative or neutral texts.

The probability that the text belongs to one
of the sentiment classes based on the probabili-
ties of the individual words is then calculated
[8]. By using this procedure on a large dataset of
news articles and social media posts, the trading
signals were generated based on the prevailing
sentiment towards USD.

This approach was chosen because of its sim-
plicity and rapid performance, making it ideally
suited for generating real-time Forex trading
signals. While other machine learning meth-
ods, such as support vector machines (SVM) or
decision trees, offer nuanced decision bounda-

ries, the probabilistic nature of Naive Bayes fa-
cilitates sentiment estimation based on the pro-
vided features. Its inherent capability to manage
feature spaces, which are common in text data,
grants it a distinct advantage.

4.3. Trading signal generation process

After the sentiment analysis scores for the news
articles and social media data are obtained, the
next step is to use the scores to generate Forex
trading signals based on the sentiment analy-
sis results. Forex trading signals are indications
that tell Forex traders when to buy, sell or hold a
particular currency pair based on market analy-
sis.

To generate this Forex trading signal, the
sentiment analysis results were combined with
technical analysis indicators. Technical analy-
sis is a forex market evaluation process that as-
sists traders in predicting the next direction of
currency pair values based on past price move-
ments and chart patterns. According to techni-
cal traders, markets usually move in predictable
patterns that may be observed and identified on
trading charts.

There are numerous technical analysis indi-
cators that are used in Forex trading that can
be analyzed using data mining techniques to
generate trading signals. These indicators are
used to confirm the signals generated by the
sentiment analysis. Some of the technical in-
dicators include moving average convergence
divergence (MACD), which helps Forex traders
identify emerging price trends, upward or down-
ward. Bollinger Bands, which is used to lay out
trend lines two standard deviations away from
the simple moving average price of a financial
instrument. Stochastic Oscillator helps to com-
pare a currency pair’s closing price to its price
range over a specific period.

The moving average (MA), which is the av-
erage price of a currency pair over a set period,
was used. The relative strength index (RSI),
which measures the strength and weakness of
a currency pair’s price action, was also used. It
ranges from zero to 100, and it identifies when
a currency is overbought or oversold in market
conditions. The selection of MSI and MA indi-
cators stems from their established efficacy in
pinpointing price momentum and trends. These
indicators enhance clarity and furnish decisive
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signals when evaluating sentiment within Forex
trading.

When a sentiment analysis score and these
two technical analysis indicators align, then a
trading signal is generated. For example, if the
sentiment analysis indicates a positive score and
the technical analysis indicator also confirms
and indicates a bullish trend, then a “buy” trade
signal is generated.

The sentiment analysis result was positive,
and the currency price was above its 50-day
moving average (MA) and the relative strength
index (RSI) was above 50, we generated a strong-
er buy signal than if only the sentiment analy-
sis result was positive. On the other hand, if the
sentiment analysis indicates a negative score
and the technical analysis indicators also indi-
cate a bearish trend, then a “sell” trade signal is
generated.

If the sentiment analysis and the technical
indicators do not align, then no signal will be
generated, and traders would have to wait and
exercise caution. Forex trading involves risk, so
traders should always exercise caution when the
sentiment analysis and the technical indicators
do not align.

5. Experimental analysis
This section shows the experimental setup and
methodology used in this research, followed by
a presentation of the results and an analysis of
the findings.

5.1. Experimental setup and methodology
The models used for the sentiment analysis were
implemented in the Python programming lan-
guage using the scikit-learn library. The dataset
consists of news articles from financial news
websites and social media posts that are related
to the USD. After the dataset was pre-processed,
i.e., removing noise such as irrelevant informa-
tion as mentions, links, and hashtags. The train-
ing set was used to train the sentiment analysis
models and the testing set was used to evaluate
the performance of the models.

Two models of sentiment analysis were used
for this research, which include lexicon-based
analysis and Naive Bayes. The lexicon-based
models classify news articles and social media
posts using pre-built sentiment. While the Na-
ive Bayes model was trained using Gaussian as-

sumption on the dependent variable to estimate
P(y) and P(x |y).

The scores generated by the sentiment analy-
sis models were used to generate Forex trading
signals. To confirm the accuracy of the generat-
ed signals, we use two technical indicators: the
moving average (MA) and the relative strength
index (RSI). The RSI indicator measures the con-
vergence and divergence of two moving averages
and identifies potential trend changes. The MA
identifies trends and support, and resistance lev-
els.

5.2. Detailed experimental specifics

5.2.1. Duration and long-term trends

The experiment was based on historical data
from April 1st, 2023, to July 26th, 2023. During
this timeframe, there was notable market vola-
tility. The US dollar witnessed a strengthening
trend against various currencies due to several
factors. These included the Federal Reserve’s
decision to aggressively raise interest rates to
tackle inflation, the ongoing conflict in Ukraine
and its impact on the global economy, as well
as China’s economic slowdown. Among the cur-
rencies that were hit the hardest were the euro
(EUR) and pound sterling (GBP), experiencing
declines of 10% and 15% against the US dollar
during this timeframe, respectively. Additionally,
the Japanese yen (JPY) also experienced a depre-
ciation of around 17% compared to the USD.

5.2.2. Timeframe

For the purpose of this research, the H4 time-
frame was chosen for analysis. This timeframe
strikes a balance between the short-term fluc-
tuations observed in M15 (15-minute) or H1 (1-
hour) timeframes and the longer-term trends
seen in weekly timeframes. Since news articles
and social media posts used for sentiment analy-
sis may not capture immediate market reactions,
analyzing the H4 timeframe provides a broader
window to observe how sentiment translates
into price action.

5.2.3. Volatility and slippage

Between April 1st and July 26th, 2023, the Fo-
rex market experienced significant volatility.
Due to this heightened volatility, a discrepancy
was observed between the price at which orders
were placed and the price at which they were ex-
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Table 2
Precision, recall and F1 score

Model Accuracy Precision Recall F1 Score
Naive Bayes 85% 0.87 0.85 0.86
Lexicon-based 70% 0.72 0.70 0.71
Source: Developed by the author.
Table 3
EUR/USD historical data
Date Price Open High Low Vol. Change, %
04/01/2023 1.0987 1.0847 1.1076 1.0789 +1.37%
03/01/2023 1.0839 1.0576 1.0931 1.0516 +2.49%
02/01/2023 1.0576 1.0864 1.1034 1.0532 -2.63%
01/01/2023 1.0862 1.0702 1.0930 1.0483 +1.50%
12/01/2022 1.0702 1.0407 1.0737 1.0393 +2.85%
11/01/2022 1.0405 0.9882 1.0497 0.9729 +5.28%
10/01/2022 0.9883 0.9800 1.0094 0.9632 +0.86%
09/01/2022 0.9799 1.0055 1.0199 0.9535 -2.57%
08/01/2022 1.0057 1.0218 1.0369 0.9900 -1.58%
07/01/2022 1.0218 1.0481 1.0487 0.9952 -2.52%
06/01/2022 1.0482 1.0734 1.0775 1.0359 -2.34%
05/01/2022 1.0733 1.0550 1.0788 1.0350 +1.82%
04/01/2022 1.0541 1.1065 1.1077 1.0471 -4.74%
03/01/2022 1.1065 1.1218 1.1234 1.0805 -1.37%
02/01/2022 1.1219 1.1234 1.1496 1.1106 -0.12%
01/01/2022 1.1233 1.1365 1.1484 1.1121 -1.19%
12/01/2021 1.1368 1.1339 1.1387 1.1221 +0.28%
11/01/2021 1.1336 1.1559 1.1617 1.1185 -1.95%
10/01/2021 1.1561 1.1582 1.1693 1.1524 -0.17%
09/01/2021 1.1581 1.1810 1.1910 1.1562 -1.91%
08/01/2021 1.1807 1.1864 1.1901 1.1664 -0.53%
07/01/2021 1.1870 1.1859 1.1910 1.1752 +0.13%
06/01/2021 1.1855 1.2227 1.2255 1.1845 -3.03%
05/01/2021 1.225 1.2031 1.2267 1.1985 +1.72%
Note: Highest: 1.2267; Lowest 0.9535; Difference: 0.2731; Average: 1.0967; Change, %: -8.5788.
Source: Adopted by the author from Investing.com
90 rbes.fa.ru
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Table 4
USD/CAD historical data
Date Price Open High Low Vol. Change, %
04/23/2023 1.3541 1.3542 1.3546 1.3534 3.20K +0.01%
04/21/2023 1.3539 1.3475, 1.3564 1.3471 55.83K +0.48%
04/20/2023 1.3474 1.3460 1.3491 1.3448 57.85K +0.10%
04/19/2023 1.3460 1.3389 1.3469 1.3384 57.74K 0.55%
04/18/2023 1.3387 1.3395, 1.3400 1.3359 57.14K -0.04%
04/17/2023 1.3392 1.3362 1.3421 1.3341 55.30K +0.23%
04/14/2023 1.3361 1.3338 1.3397 1.3302 63.92K +0.20%
04/13/2023 1.3334 1.3441 1.3449 1.3333 58.92K -0.77%
04/12/2023 1.3438 1.3468 1.3491 1.3427 57.14K -0.21%
04/11/2023 1.3466 1.3510 1.3518 1.3462 54.91K -0.30%
04/10/2023 1.3506 1.3523 1.3555 1.3484 53.44K -0.01%
04/07/2023 1.3507 1.3492 1.3532 1.3483 42.11K +0.11%
04/06/2023 1.3492 1.3457 1.3507 1.3447 55.31K +0.25%
04/05/2023 1.3458, 1.3442 1.3484 1.3426 55.04K +0.14%
04/04/2023 1.3439 1.3438 1.3469 1.3406 57.97K +0.03%
04/03/2023 1.3435, 1.3518 1.3537, 1.3411 60.62K -0.59%
03/31/2023 1.3515 1.3523 1.3566 1.3507 59.61K -0.04%
03/30/2023 1.3520 1.3558 1.3583 1.3515 57.38K -0.26%
03/29/2023 1.3555 1.3602 1.3618 1.3556 56.09K -0.32%
03/28/2023 1.3598 1.3663 1.3697 1.3591 59.52K -0.45%
03/27/2023 1.3660 1.3741 1.3747 1.3649 63.27K -0.61%
03/24/2023 1.3744 1.3717 1.3806 1.3707 70.30K +0.23%
03/23/2023 1.3713 1.3728 1.3726 1.3630 68.81K -0.10%

Note: Highest: 1.3806; Lowest: 1.3302; Difference: 0.0504; Average: 1.3501; Change %: -1.3550.

Source: Adopted by the author from Investing.com

ecuted — a phenomenon commonly referred to
as slippage.

This slippage was especially pronounced in
timeframes like M1 and M5, where algorithmic
trading systems respond instantly to informa-
tion. However, in the H4 timeframe these algo-
rithms react with a cushion against news events
and sentiment scores, helping to mitigate the
impact of slippage.

6. Results and analysis
The generated forex trading signals were evalu-
ated using historical forex data. With confirma-

tion from the MA and RSI, the signals generated
by the Naive Bayes model showed that a profit
of over 12% was gained over the testing period.
While the lexicon-based models using confirma-
tion from the RSI and MA indicators generated a
profit of 5% over the testing period.

Naive Bayes is the most effective in analyz-
ing sentiment in this research project based
on the evaluation metrics. The accuracy of the
Naive Bayes model indicates that it correctly
classified 85% of the news articles and social
media posts as either neutral, negative, or
positive sentiments. The lexicon-based model
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Table 5
GBP/USD historical data

Date Price Open High Low Vol. Change, %
04/01/2023 1.2445 1.2332 1.2547 1.2275 +0.91%
03/01/2023 1.2333 1.2021 1.2424 1.1803 +2.60%
02/01/2023 1.2020 1.2319 1.2401 1.1914 -2.44%
01/01/2023 1.2320 1.2098 1.2450 1.1840 +1.84%
12/01/2022 1.2097 1.2056 1.2448 1.1992 +0.34%
11/01/2022 1.2056 1.1471 1.2155 1.1148 +5.12%
10/01/2022 1.1469 1.1161 1.1647 1.0924 +2.77%
09/01/2022 1.1160 1.1623 1.1740 1.0384 -3.98%
08/01/2022 1.1622 1.2165 1.2294 1.1598 -4.47%
07/01/2022 1.2166 1.2177 1.2247 1.1759 -0.07%
06/01/2022 1.2175 1.2604 1.2618 1.1933 -3.37%
05/01/2022 1.2600 1.2587 1.2667 1.2155 +0.23%
04/01/2022 1.2571 1.3136 1.3168 1.2410 -4.28%
03/01/2022 1.3133 1.3421 1.3439 1.2999 -2.13%
02/01/2022 1.3419 1.3447 1.3645 1.3271 -0.19%
01/01/2022 1.3445 1.3531 1.3750 1.3357 -0.62%
12/01/2021 1.3529 1.3299 1.3551 1.3367 +1.76%
11/01/2021 1.3295 1.3683 1.3699 1.3195 -2.89%
10/01/2021 1.3691 1.3472 1.3836 1.3434 +1.63%
09/01/2021 1.3472 1.3753 1.3914 1.3412 -2.05%
08/01/2021 1.3754 1.3901 1.3958 1.3601 -1.06%
07/01/2021 1.3901 1.3829 1.3985 1.3571 +0.54%
06/01/2021 1.3827 1.4213 1.4250 1.3786 -2.69%
05/01/2021 1.4209 1.3827 14234 1.3800 +2.86%

Note: Highest: 1.4250; Lowest: 1.0384; Difference: 0.3865; Average: 1.2780; Change %: -9.9102.

Source: Adopted by the author from Investing.com
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has lower accuracy, which suggests that it may
not be as effective as Naive Bayes in identi-
fying the correct sentiment in Forex trading
(Table 2).

The lexicon-based model has a precision
score of 0.72, a recall of 0.70 and an F1 score
of 0.71. The Naive Bayes model has a preci-
sion score of 0.87, recall of 0.85 and an F1
score of 0.86. These results suggest that 87%
of the positive classifications made by the Na-
ive Bayes model were indeed correct when it
classified news articles or social media posts
as either neutral, positive, or negative. When
the model encounters a neutral, positive, or
negative sentiment, 85% of the time the re-
call score correctly identified it. The F1 score
shows that the Naive Bayes model has a good
balance between precision and recall.

In terms of using technical analysis indi-
cators for confirmation, the analysis showed
that the moving average (MA) and relative
strength index (RSI) are effective in con-
firming the trading signal models generated
by the sentiment analysis model. The senti-
ment analysis can generate a positive score,
and then the MA and RSI confirm the buy
signal, resulting in a profitable trade. Simi-
larly, the models can also generate a nega-
tive score, and the MA and RSI confirm the
sell signal, which results in a profitable trade
(Tables 3-5).

Limitations and potential improvements

Sentiment analysis can sometimes be biased,
and this system relies on it. One potential im-
provement would be to use more advanced
sentiment analysis, such as deep learning ap-

proaches, which can be more effective in captur-
ing nuances in language.

This paper also shows that sentiment analysis
is good for signal generation in the Forex market
and can improve traders’ performance.

7. Conclusion and future work

The significance of this research lies in its po-
tential to enhance the quality of generating
profitable Forex trading signals and helping Fo-
rex traders in making decisions. This research
project has investigated the potential of senti-
ment analysis to generate Forex trading sig-
nals. This project proposed and implemented a
methodology based on lexicon-based analysis
and Naive Bayes to assign a neutral, positive, or
negative score to the sentiment of news articles
and social media posts related to United States
Dollars (USD), and then combine technical anal-
ysis indicators to generate a signal.

As for future work, there are several areas
where further research and investigation can
be conducted. Since there are different factors
that affect the Forex market other than financial
news articles or social media posts, advanced
sentiment analysis techniques such as deep
learning and neural networks can be used on
various factors, which include political events,
economic data releases, natural disaster news,
among others, to further provide traders with
useful insights to generate profitable Forex trad-
ing signals.

Also, exploring the application of sentiment
analysis in other financial markets beyond Fo-
rex, such as stocks or commodities and crypto
trading, could also be an interesting avenue for
future research.
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