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Abstract 

Foreign exchange (Forex) trading is a high-liquidity, high-volatility global market that requires rapid decision-making. Manual 

trading often suffers from human limitations, including emotional biases and inconsistent decision-making. This paper presents 

the design and implementation of an automated Forex trading bot developed using MetaQuotes Language 4 (MQL4) and 

reinforcement learning (RL) strategies. The system integrates real-time market data analysis, technical indicators (MACD, RSI, 

Bollinger Bands), and dynamic risk management. Leveraging a custom RL environment, the bot adapts to changing market 

conditions, learns optimal strategies, and executes trades with reduced human intervention. Simulation results show improved 

trading performance, higher Sharpe ratios, and reduced drawdown compared to manual strategies. The bot architecture 

consisted of distinct layers, including the market data input layer, decision engine, order execution module, and risk 

management system. The bot was tested in a demo trading environment over a one-week period. Results demonstrated a win 

rate of 62%, a profit factor of 1.45, and a maximum drawdown of 4.2%. These outcomes validate the bot's ability to achieve 

stable performance under simulated market conditions. This study underscores the potential of AI-driven automation for 

enhancing algorithmic trading efficacy. 
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1. Introduction 

Forex trading is an important part of the global financial 

system. It involves buying and selling currencies from 

around the world, allowing individuals and businesses to 

convert money from one currency to another, which 

facilitates international trade and investment [1]. The Forex 

market is one of the largest and most liquid markets in the 

world, with a daily trading volume exceeding $6 trillion [2]. 

This high volume presents numerous profit opportunities but 

also introduces significant volatility, requiring traders to 

make rapid and accurate decisions [3]. Since currency prices 

can fluctuate within seconds, traders must remain alert and 

continuously analyze market conditions. However, human 

traders often struggle with emotional influences such as fear, 

greed, and anxiety, which can lead to poor decision-making 

and financial losses [4]. Emotional attachment to trades may 

cause hesitation in executing necessary decisions, negatively 

impacting trading outcomes [5]. 

In observing the experiences of many retail forex traders 
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especially within trading communities and personal practice 

it is clear that consistent profitability remains a major 

challenge. A key issue identified is the difficulty of making 

timely and accurate trading decisions in a market 

characterized by high volatility and rapid price movement. 

Emotional reactions such as fear and greed often override 

rational analysis, causing traders to make impulsive 

decisions that result in losses. This pattern of emotional 

trading continues to be a primary contributor to poor 

outcomes among traders. Furthermore, maintaining round-

the-clock market engagement is a major burden. The forex 

market runs 24 hours a day, five days a week, and human 

traders often struggle to stay alert and respond to fast-

moving conditions without experiencing fatigue or missing 

critical opportunities. This continuous monitoring 

requirement makes manual trading not only inefficient but 

also unsustainable in the long term. Additionally, many 

traders still rely on limited or outdated analysis tools, which 

hinders their ability to process large volumes of data quickly or 

make objective decisions under pressure. The aim of this study 

is to develop an automated Forex trading bot that can analyze 

market data in real-time and make trading decisions without 

human intervention. The specific objectives are: 

1.  To gather a dataset on Forex trading from Kaggle and 

preprocess it. 

2.  To build, train, and develop a Transformer-RL Bot 

model for predicting the Forex market. 

3.  To test and evaluate the performance of the 

Transformer-RL Bot model. 

2. Literature Review 

The foreign exchange (forex) market, as we know it today, 

has undergone significant transformation since its inception. 

Initially, currency trading was limited to physical exchanges 

between countries to facilitate international trade. During the 

Bretton Woods Agreement of 1944, currencies were pegged 

to the U.S. dollar, which was, in turn, tied to gold reserves 

[6]. However, the collapse of the Bretton Woods system in 

1971 marked the transition to the modern floating exchange 

rate system. This pivotal moment created opportunities for 

speculative trading as currencies began fluctuating freely 

based on market dynamics. In the late 20th century, the 

introduction of electronic trading platforms revolutionized 

the forex market. These platforms enabled real-time access 

to market data, bridging the gap between institutional and 

retail traders [7]. The proliferation of internet technologies in 

the 1990s further accelerated this trend, with platforms like 

MetaTrader democratizing trading for individuals. By 2022, 

the global forex market recorded an average daily turnover 

of $7.5 trillion, underscoring its exponential growth and 

significance in the global economy [2]. 

Review of Related Works 

Rundo et al. (2019) [8] focuses on an automated trading 

bot for the Forex market, specifically employing a grid 

trading strategy integrated with machine learning techniques. 

Algorithmic trading, which uses computational algorithms to 

automate trading decisions based on predefined rules, forms 

the foundation of this study. By leveraging high-frequency 

trading (HFT) strategies, the bot capitalizes on short-term 

market movements with remarkable efficiency. The 

integration of machine learning models allows the system to 

predict market trends, reducing reliance on human 

intervention and improving the speed and accuracy of trading 

operations. A significant aspect of the study is the 

development of a price prediction model, which is critical in 

determining buy and sells signals. Rundo et al. (2019) [8] 

employ a regression network based on the scaled conjugate 

gradient (SCG) algorithm to forecast currency prices. The 

model uses historical data, including open, close, high, and 

low prices, as well as market volume, to predict short-term 

price movements. A trend classification block within the 

system further refines these predictions by analyzing the first 

and second derivatives of the time series data to estimate 

market trends. This approach ensures that the bot generates 

reliable trading signals, aligning with the high-frequency 

nature of the Forex market. The system’s design includes 

several key components: data collection, signal generation, 

trade execution, and risk management. Real-time market data 

is processed to generate signals, which are executed through 

APIs connected to trading platforms. Risk management 

strategies are integral to the system, including the use of 

take-profit and drawdown thresholds to safeguard against 

excessive losses. The grid trading strategy itself operates by 

placing buy and sell orders at predefined intervals, allowing 

the bot to mediate losses and capitalize on market volatility. 

Back testing the system on historical data demonstrated its 

robustness and profitability, with reduced drawdowns and 

high return on investment (ROI) compared to traditional 

methods. The authors also highlight several challenges in 

developing such a system. The unpredictability of the Forex 

market, susceptibility to over fitting, and the need for robust 

models that can adapt to changing market conditions are 

significant hurdles. To address these issues, the system 

incorporates dynamic grid management and continuous 

monitoring of trading performance using financial metrics 

such as ROI and maximum drawdown (MD). The use of 

historical data with 99.9% accuracy ensures the reliability of 

the back testing process, although the authors acknowledge 

that further improvements in model adaptability and risk 

management are needed to enhance real-world performance. 

The integration of machine learning into grid trading 

strategies, as demonstrated by [8] represents a significant 

advancement in automated trading. By combining the high 

liquidity of the Forex market with the financial sustainability 

of grid trading and the predictive power of machine learning, 

the GTSbot achieves a balance between profitability and risk 

management. This approach provides a framework for future 

research, which could explore the use of advanced machine 

learning architectures, such as Long Short-Term Memory 
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(LSTM) networks, and adaptive mechanisms to further 

optimize trading performance. Overall, the study underscores 

the potential of algorithmic trading systems to revolutionize 

financial markets by providing efficient, data-driven 

solutions to complex trading scenarios. 

Kantoutsis et al., (2024) [9] explore the implementation of 

Transformer models in high-frequency trading, specifically 

focusing on the EURUSD and GBPUSD forex instruments. 

Their work emphasizes the Encoder section of the 

Transformer architecture, excluding the Decoder, to predict 

trends based on time-series data. By doing so, they leverage 

the attention mechanism, which enables the model to focus 

on the most relevant parts of the input data while filtering out 

less significant details. This design is particularly suited for 

high-frequency trading, where rapid decision-making is 

essential to capitalize on market fluctuations. To preprocess 

the data, they employ an Exponential Moving Average 

(EMA) model with multiple smoothing factors, ensuring that 

their inputs reflect market trends across different time scales. 

Their dataset consists of one-minute tick data for July 2023, 

broken down into 22-element input vectors that include both 

high bid and low ask values with EMA variations. This 

structured representation allows the model to identify 

support and resistance levels effectively. The outputs are 

binary vectors representing potential gains or losses for 

various pip levels, offering clear trading signals for buy and 

sell decisions. The results of their experiments show a 

promising reduction in cross-entropy training loss to below 

0.2, indicating the model's ability to generate reliable 

predictions. Compared to a naive random investment strategy, 

their Transformer-based model consistently outperforms, 

achieving higher success rates across various take-profit and 

stop-loss levels. This demonstrates the potential of attention 

mechanisms in creating lucrative and robust trading 

strategies. Their findings pave the way for further research 

into embedding historical data more effectively and refining 

Transformer architectures for financial applications. 

Dave, (2024) [10] presents an innovative approach to 

forex price prediction by integrating sentiment analysis with 

technical and fundamental indicators. The study leverages 

advanced machine learning (ML) and deep learning (DL) 

techniques, including Long Short-Term Memory (LSTM) 

networks, Extreme Gradient Boosting (XGBoost), ensemble 

models, and Transformer architectures. By incorporating 

data such as historical forex rates, economic indicators, and 

sentiment extracted from financial news using Large 

Language Models (LLMs) like GPT-4 and GEMINI 

Advanced, the research demonstrates a holistic approach to 

understanding market dynamics. This comprehensive data 

integration allows for improved predictive accuracy, 

especially in shorter time frames, such as four-hour intervals. 

The study highlights the advantages of sentiment analysis, 

showing its impact on improving model performance, 

particularly in volatile markets. XGBoost, when combined 

with technical, fundamental, and sentiment data, achieved 

the lowest Root Mean Square Error (RMSE) across the 

tested forex pairs, outperforming other models. Additionally, 

the research identifies the optimal use of technical indicators 

for one-day predictions, showcasing their robustness in 

capturing long-term trends. These findings underscore the 

importance of integrating diverse data sources to enhance 

forecasting precision and reliability, with potential 

applications for traders, analysts, and policymakers. By 

evaluating different model architectures and combining data 

types, [10] not only emphasizes the limitations of traditional 

models but also proposes solutions for tackling challenges 

such as high volatility and overfitting in financial markets. 

The study’s results provide valuable insights for future 

research, particularly in refining predictive models and 

exploring additional data sources to further enhance the 

accuracy and applicability of forex price prediction systems. 

Hernes et al. (2024) [11] explore the early developments 

in automated Forex trading systems, focusing on traditional 

algorithmic and statistical methods for predicting market 

trends. Their research demonstrates the potential of machine 

learning techniques such as decision trees and neural 

networks to adapt to real-time market fluctuations, 

improving trading performance. However, these early 

methods, which were primarily rule-based and relied on 

predefined parameters, faced challenges in the highly volatile 

Forex market. Hernes et al.,(2024) [11] acknowledge the 

limitations of static systems and emphasize the need for 

more dynamic, adaptive models that can respond to the ever-

changing nature of financial markets. In response to these 

limitations, the study introduces the concept of multi-agent 

systems (MAS), a decentralized framework for decision-

making in complex environments like Forex markets. Their 

paper highlights the effectiveness of MAS, where 

autonomous agents with specialized functions (e.g., market 

analysis, risk assessment, and trade execution) work together 

to optimize trading strategies. The flexibility of MAS allows 

these systems to adapt to changing market conditions, 

improving their resilience and performance compared to 

traditional systems. The study demonstrate that multi-agent 

platforms enable more intelligent decision-making, 

outperforming static algorithms in uncertain financial 

landscapes. Building upon this, the study also integrates 

investment strategies and evaluation functions within their 

multi-agent approach to further enhance trading performance. 

By automating the selection of the most suitable strategy in 

near-real-time, their model aims to tackle the risks and 

complexities associated with Forex trading. The evaluation 

functions continuously assess market conditions and adjust 

trading strategies accordingly, ensuring optimal decision-

making at every step. This approach represents the cutting 

edge of automated Forex trading, offering a robust solution 

to the challenges of risk management and performance 

optimization in a volatile market. 

Boulescu (2022) [12] presents a comprehensive 

exploration of the development of an automated trading 
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robot utilizing UiPath, a leading robotic process automation 

(RPA) tool. The thesis delves into the increasing need for 

automation in financial trading, emphasizing the role of 

automation in enhancing trading efficiency and accuracy 

while minimizing human errors. As financial markets 

become more complex and data-driven, automated systems 

have emerged as an essential solution to handle large 

volumes of transactions, market analysis, and decision-

making processes in real-time. In the study, 12] focuses on 

how UiPath, known for its ease of use and flexibility, can be 

leveraged to automate the often tedious and time-sensitive 

aspects of trading, such as trade execution, data monitoring, 

and market analysis. In the context of trading systems, the 

advantages of automation, including improved speed in 

executing trades, 24/7 operation, and the ability to respond to 

market conditions without the need for constant human 

supervision. The thesis provides insights into how UiPath's 

RPA capabilities can be applied to create a trading robot that 

interacts with financial markets autonomously, making 

decisions based on predefined criteria and real-time data 

analysis. These systems are particularly beneficial for high-

frequency trading (HFT) environments where rapid 

execution is critical to capturing market opportunities. The 

study discusses the integration of various financial APIs and 

data feeds into the UiPath workflow, enabling the robot to 

analyze market trends, identify patterns, and place trades 

according to the strategies implemented. Additionally, the 

challenges associated with developing an automated trading 

system, including the need for robust error-handling 

mechanisms, real-time data synchronization, and the 

validation of trading strategies through back testing. The 

thesis underscores the importance of ensuring that the trading 

bot can operate autonomously and safely, with fail-safes to 

handle unexpected market conditions or system failures. The 

study also explores the ethical implications of automation in 

trading, particularly in the context of market manipulation, 

regulatory compliance, and ensuring transparency in 

automated decision-making processes. The thesis concludes 

by suggesting potential improvements in the current 

automation practices, including the integration of more 

advanced machine learning models and AI algorithms to 

further enhance the bot's decision-making capabilities. 

3. Methodology 

 
Figure 1. Process Flow Diagram. 
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The methodology adopted for every study is key to the 

efficiency, correctness, and reliability of research findings. In 

the context of designing and implementing an automated 

Forex trading bot, adopting a methodology that addresses the 

challenges of real-time data processing, decision-making, 

and execution is crucial. To achieve this, a three-level 

methodology is proposed. The first level begins with reading 

the live field data containing historical Forex trading data 

and carrying out data pre-processing to remove noisy or 

irrelevant data. The pre-processed data is then transformed 

into categorical form and subsequently normalized to 

numerical values between zero and one. Feature selection is 

performed to identify the most relevant features for 

predicting currency pair movements. The second level 

involves splitting the dataset into training and test sets. The 

pre-processed dataset is fed into the proposed Reinforcement 

Learning, for training. At the third level, the trained models 

are tested, to assess their performance. Figure 1 depicts the 

research methodology as aforementioned. 

3.1. Model Tool and Design Materials 

To implement the proposed Automated Forex Trading Bot, 

this study proposed the utilization of the below: MQL4 

(MetaQuotes Language 4) and MQL5 (MetaQuotes 

Language 5). MQL4 (MetaQuotes Language 4) and MQL5 

(MetaQuotes Language 5) are specialized programming 

languages developed by MetaQuotes Software for creating 

automated trading systems, indicators, and scripts within the 

MetaTrader 4 (MT4) and MetaTrader 5 (MT5) platforms. 

These languages are integral to the development of 

automated Forex trading bots, which are designed to execute 

trades based on predefined rules and strategies without 

human intervention. MQL4/MQL5 and their role in 

automated Forex trading bots: Overview of MQL4 and 

MQL5. 

(1) MQL4: This language was introduced alongside MT4 

and is primarily used for developing Expert Advisors 

(EAs), custom indicators, and scripts for automated 

trading. It is simpler and more focused on Forex 

trading. 

(2) MQL5: This is the successor to MQL4 and was 

introduced with MT5. It is more advanced, offering 

enhanced features such as object-oriented 

programming (OOP), better performance, and support 

for multiple asset classes (e.g., stocks, futures, and 

commodities). 

3.2. Dataset Description 

(1) Data Sources: The dataset is collected from multiple 

reliable financial data providers to ensure accuracy and 

comprehensiveness. Primary sources include Forex 

market APIs such as MetaTrader 4/5 (MT4/MT5) and 

OANDA, which provide real-time and historical 

OHLC (Open, High, Low, Close) data for major and 

minor currency pairs. Additional data is sourced from 

Alpha Vantage and Dukascopy (JForex), offering tick-

level historical data for back testing. Public 

repositories like Kaggle and Quandl supplement the 

dataset with aggregated Forex data from central banks 

and brokers. Optional alternative data, such as news 

sentiment from Reuters or Bloomberg and 

macroeconomic events from economic calendars, can 

also be integrated to enhance the model's predictive 

power. 

 
Figure 2. Dataset Description. 

(2) Dataset Attributes: The dataset is structured to include 

core price data (OHLCV), technical indicators, and 

optional fundamental data. The core price data 

comprises timestamps and OHLC prices for each time 

interval, along with trading volume. Technical 

indicators, derived from the core data, include trend 

indicators (e.g., Moving Averages, MACD), 

momentum indicators (e.g., RSI, Stochastic Oscillator), 

and volatility indicators (e.g., Bollinger Bands, ATR). 

For supervised learning, the dataset includes labeled 
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data, such as binary classification labels (e.g., "Buy" or 

"Sell") or regression targets (e.g., future price changes).  

 
Figure 3. Dataset Attributes. 

(3) Data Granularity: The dataset is available at multiple 

timeframes to support diverse trading strategies. Tick 

data is used for ultra-high-frequency trading (e.g., 

scalping), while 1-minute to 1-hour data suits high-

frequency day trading. Daily or weekly data is 

employed for low-frequency strategies like swing or 

position trading. Each timeframe requires specific 

preprocessing to ensure consistency and relevance for 

the trading bot. 

(4) Data Preprocessing for ML/RL: Preprocessing is 

critical to prepare the raw data for machine learning 

and reinforcement learning models. Missing data is 

addressed through interpolation or forward-filling, 

depending on the context. Normalization or scaling 

(e.g., Min-Max or Z-score) is applied to ensure 

numerical stability. Feature engineering enhances the 

dataset with lag features, rolling statistics, and 

candlestick patterns. The data is split into training 

(70%), validation (15%), and test (15%) sets, with a 

strict time-series split to prevent look-ahead bias. 

 
Figure 4. Dataset Schema. 

(5) Feature selection: Feature selection is a fundamental 

step in enhancing the efficiency and performance of 

the Forex trading bot. By carefully selecting relevant 

features, the bot can focus on the most informative 

indicators, reducing computational complexity and 

avoiding redundant or misleading data. This study 

employs correlation analysis and feature importance 

ranking to identify the key technical indicators that 

contribute to the bot’s decision-making process. 

3.3. Techniques Used for Feature Selection 

(1) Correlation Analysis: Correlation analysis is used to 

determine the relationship between various technical 

indicators and the target variable, such as price 

movement. Features with a strong correlation to the 

target are prioritized, while those that are highly 

correlated with each other are filtered out to prevent 

redundancy and overfitting. By selecting indicators 

that provide unique and meaningful information, the 

bot can make more accurate trading decisions. 

(2) Feature Importance Ranking: To further refine feature 

selection, feature importance ranking is applied using 

machine learning techniques such as Random Forest, 

Gradient Boosting, or SHAP (SHapley Additive 

exPlanations). These methods assign importance 

scores to each feature based on their contribution to 

model predictions. Features with consistently high 

importance scores are retained, ensuring that the bot 

relies on the most influential indicators for decision-

making. 

Features Selected 

After performing correlation analysis and feature 

importance ranking, the following key technical indicators 

were selected for their strong influence on market trends and 

trading opportunities: 

1. Moving Average Convergence Divergence (MACD): 

MACD is a widely used momentum indicator that helps 

identify trend direction and potential reversals. It is derived 

from the difference between a short-term and a long-term 

moving average, with a signal line used to confirm trade 

signals. The MACD helps traders determine bullish or 

bearish momentum in the market. 

2. Relative Strength Index (RSI): RSI is a momentum 

oscillator that measures the speed and magnitude of recent 

price changes. It ranges from 0 to 100, with values above 70 

indicating overbought conditions and values below 30 

suggesting oversold conditions. RSI helps the bot identify 
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potential reversal points and confirm trend strength. 

3. Bollinger Bands: Bollinger Bands consist of a moving 

average and two standard deviation-based bands that expand 

and contract based on market volatility. When prices move 

close to the upper or lower band, it indicates potential 

overbought or oversold conditions. This indicator helps the 

bot assess price volatility and recognize possible trend 

reversals. 

4. Stochastic Oscillator: The Stochastic Oscillator 

compares a security’s closing price to its price range over a 

specific period. It provides insight into momentum by 

showing whether the asset is trading near its high or low. The 

indicator is particularly useful for identifying trend strength 

and potential turning points in the market. 

5. Candlestick Patterns: Candlestick patterns represent the 

price movements of an asset over a given timeframe. These 

patterns provide insights into market sentiment, potential 

reversals, and trend continuations. The bot uses candlestick 

formations such as Doji, Engulfing, and Hammer to 

recognize key trading opportunities. 

3.4. Machine Learning Approaches 

(1) Reinforcement Learning (RL) for Forex Trading 

The Reinforcement Learning (RL) approach for our Forex 

trading bot creates a dynamic system that learns optimal 

trading strategies through continuous interaction with market 

environments. By framing trading as a Markov Decision 

Process, the RL agent learns to maximize cumulative 

rewards while navigating the complex, non-stationary nature 

of currency markets. This methodology offers significant 

advantages over traditional algorithmic trading by enabling 

real-time adaptation to changing market conditions without 

explicit reprogramming. 

(2) Custom Trading Environment Design 

We developed a sophisticated Forex trading environment 

using OpenAI Gym's framework that accurately simulates 

real market conditions. The state space incorporates multiple 

data dimensions including current OHLCV prices, a suite of 

technical indicators (RSI, MACD, Bollinger Bands), and 

portfolio status (current positions, available margin). The 

action space is implemented in both discrete and continuous 

variants - discrete for simple buy/hold/sell decisions and 

continuous for precise position sizing. The environment 

realistically models trading friction including bid-ask spreads 

(1-3 pips for major pairs), variable slippage, and order 

execution delays (100-500ms). Market data is fed at multiple 

time resolutions (1m, 5m, 1H candles) to capture both short-

term price action and longer-term trends. 

(3) Advanced Reward Engineering 

The reward function is carefully engineered to align with 

trader objectives, combining multiple components: 

immediate P&L normalized by position size, risk-adjusted 

returns using a rolling Sharpe ratio, and penalties for 

excessive drawdowns. We implemented progressive reward 

shaping where the agent initially receives dense rewards for 

basic competency (successful order execution) before 

graduating to sparse rewards for profitable trading strategies. 

The function includes dynamic scaling that adjusts reward 

magnitudes based on market volatility, preventing the agent 

from overfitting to specific market conditions. Additional 

reward components discourage undesirable behaviors like 

excessive trading frequency or holding losing positions for 

too long. 

(4) Algorithm Implementation and Training 

 
Figure 5. Pseudo code for RL-Based Trading Bot. 

 

Our implementation compares three state-of-the-art 

Reinforcement Learning (RL) algorithms: Proximal Policy 

Optimization (PPO) for its stability and sample efficiency, 

Rainbow Deep Q-Network (DQN) for discrete action spaces, 

and Soft Actor-Critic (SAC) for continuous control. The 

PPO agent uses an actor-critic architecture with Generalized 

Advantage Estimation (GAE) advantage estimation and a 3-

layer neural network (256-128-64 units) with Swish 

activations. We employ several advanced training techniques 

including prioritized experience replay, which focuses 

learning on significant market events, and hindsight 

experience replay, which helps the agent learn from 

suboptimal trades. The training process begins with 

supervised pre-training on historical trading data, followed 

by curriculum learning that gradually increases market 

complexity, and concludes with fine-tuning on recent market 
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data. 

(5) Integrated Risk Management 

The RL system incorporates multiple risk control layers. 

Hard constraints enforce maximum position sizes (1-5% of 

capital) and daily loss limits (2-5% drawdown). Soft 

constraints implemented through the reward function 

encourage volatility-adjusted position sizing and correlation-

aware portfolio allocation. The system includes emergency 

protocols that trigger when detecting abnormal market 

conditions (flash crashes, liquidity droughts), automatically 

switching to a conservative fallback strategy. We also 

implemented an ensemble safety mechanism where multiple 

policy instances vote on actions, reducing the impact of any 

single faulty decision. 

3.5. Performance Evaluation Framework 

The evaluation system employs rigorous walk-forward 

testing across 10 years of EUR/USD data (2013-2023) with 

20 rolling 6-month test windows. Performance metrics 

include not just profitability (annualized return, Sharpe ratio) 

but also robustness measures (maximum drawdown, win rate 

consistency). These metrics help in assessing the bot’s risk 

management, accuracy, and overall efficiency. 

1. Profitability 

Profitability is the primary measure of the trading bot’s 

success. It calculates the total profit or loss generated over a 

specific period. A consistently profitable bot indicates 

effective strategy implementation, while negative returns 

may suggest the need for adjustments in trading rules or risk 

management techniques. 

2. Sharpe Ratio 

The Sharpe Ratio is a widely used metric to evaluate the 

risk-adjusted return of the trading bot. It is calculated as: 

𝑆ℎ𝑎𝑟𝑝𝑒𝑅𝑎𝑡𝑖𝑜 =  
𝑅𝑒𝑡𝑢𝑟𝑛−𝑅𝑖𝑠𝑘−𝑓𝑟𝑒𝑒𝑅𝑎𝑡𝑒

𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑜𝑓𝑅𝑒𝑡𝑢𝑟𝑛𝑠
            (1) 

A higher Sharpe Ratio indicates that the bot is generating 

better returns per unit of risk taken. This metric helps 

determine whether the bot's profitability is sustainable under 

various market conditions. 

3. Win Rate 

The Win Rate is the percentage of successful trades 

relative to the total trades executed. It is calculated as: 

𝑊𝑖𝑛𝑅𝑎𝑡𝑒 =  
𝑁𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑊𝑖𝑛𝑛𝑖𝑛𝑔𝑇𝑟𝑎𝑑𝑒𝑠 

𝑇𝑜𝑡𝑎𝑙𝑁𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑇𝑟𝑎𝑑𝑒𝑠
𝑥 100            (2) 

While a high win rate is desirable, it should be analyzed 

alongside other metrics like risk-reward ratio, as some 

profitable strategies may have a lower win rate but higher 

overall returns. 

4. Results and Discussion 

The Foreign Exchange (Forex) market is the largest 

financial market globally, with trillions of dollars traded 

daily. Its decentralized nature, high liquidity, and 24/5 

operation make it an attractive platform for traders. However, 

the complexity and volatility of the Forex market necessitate 

advanced tools to assist traders in making informed decisions. 

One such tool is an automated Forex trading bot, which uses 

algorithms to execute trades based on predefined strategies 

without human intervention. 

4.1. Parameter Settings 

Table 1. Parameter Settings for Forex Trading Bot Development. 

Category Parameter Description 

Market Watch & Trading Instrument 

Currency Pair Specifies the forex pairs to trade (e.g., EUR/USD, GBP/JPY). 

Timeframe Defines the chart timeframe (e.g., 1-minute, 15-minute, 1-hour). 

Spread Limit Maximum acceptable spread to avoid high volatility trades. 

Trade Entry & Exit Conditions 

Entry Conditions 
Uses indicators like Moving Averages, RSI, MACD, or price action 

patterns. 

Exit Conditions 
Defines when to close trades (e.g., take-profit, stop-loss, or trailing 

stop). 

Order Management & Execution 

Lot Size Sets the trade volume (fixed or dynamic based on balance). 

Trade Type 
Specifies market orders (instant execution) or pending orders 

(limit/stop orders). 

Max Open Trades Limits the number of active trades at a time to manage risk. 
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Category Parameter Description 

Risk Management 

Stop-Loss (SL) Maximum allowable loss per trade (e.g., 30 pips or 2% of balance). 

Take-Profit (TP) Target profit level (e.g., 50 pips or 3:1 reward-to-risk ratio). 

Risk per Trade Percentage of account balance to risk per trade (e.g., 1-2%). 

Drawdown Limit 
Stops trading if losses exceed a certain threshold (e.g., 10% of 

balance). 

Trading Session & Time Control 
Trading Hours Limits trading to specific market sessions (London, New York, etc.). 

News Filter Avoids trading during high-impact news events. 

Backtesting & Optimization 

Historical Data Range Defines past data range for strategy testing. 

Optimization Parameters Adjusts settings to find the best-performing values. 

Performance Metrics Measures win rate, profit factor, and drawdown. 

Connectivity & Execution Speed 

Broker API Settings Configures API keys for live or demo trading. 

Latency Control Uses VPS to minimize execution delays. 

Slippage Tolerance Defines maximum price deviation allowed during execution. 

Logging & Monitoring 

Trade Logs Records trade execution details for analysis. 

Error Handling Defines rules for handling failed orders or API connection issues. 

Alerts & Notifications Sends email or mobile alerts for trade execution and risk warnings. 

 

Developing a FOREX trading bot requires configuring 

essential parameters for optimal performance. The Market 

Watch settings define the currency pairs, timeframes, and 

spread limits to ensure trades occur in favorable conditions. 

Trade Entry & Exit Conditions use technical indicators and 

price action strategies to determine when to enter and exit 

trades. Order Management controls lot size, trade type, and 

maximum open trades to prevent excessive exposure. Risk 

Management settings, including stop-loss, take-profit, and 

drawdown limits, help protect capital. Trading Session & 

Time Control ensures trading happens only during active 

market hours and avoids high-impact news events. 

Backtesting & Optimization analyze historical data to refine 

strategies and improve performance. Connectivity & 

Execution Speed settings use broker APIs, VPS, and slippage 

tolerance to ensure smooth trade execution. Logging & 

Monitoring keeps track of trade history, handles errors, and 

sends alerts for trade activities. These settings collectively 

enable the bot to execute trades efficiently while managing 

risks effectively. 

Market Watch 

Before developing a FOREX trading bot, it is essential to 

understand the Market Watch of currency pairs. Market 

Watch provides real-time insights into various currency pairs 

and their price movements, helping traders and bots make 

informed decisions as depicted in figure 6. 

 

 
Figure 6. Market Watch. 

The attributes to consider in Market Watch include: 

1.  Symbol: This represents the currency pair being 

monitored, such as EUR/USD, GBP/JPY, or USD/CHF. 

Each symbol corresponds to a specific forex pair that 

the bot will trade. 

2.  Bid Price: The bid price is the highest price that buyers 
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are willing to pay for a currency pair. It represents the 

selling price for traders who want to execute a market 

sell order. 

3.  Ask Price: The asking price is the lowest price at which 

sellers are willing to sell a currency pair. It is the 

buying price for traders who wish to place a market buy 

order. 

The difference between the bid and ask price is known as 

the spread, which is a crucial factor in trading as it represents 

the transaction cost. A smaller spread indicates high liquidity, 

whereas a wider spread may signal lower market activity or 

high volatility. 

When monitoring Market Watch, a trading bot assess 

market conditions, determine when to enter or exit trades and 

adjust strategies based on price movements. The bot 

continuously scans these parameters, ensuring it places 

trades under optimal conditions. As depicted in Figure 7, 

Market Watch serves as the foundation for understanding 

market flow, allowing developers to fine-tune trading 

algorithms accordingly. 

4.2. Access to Meta Trader 4 

Before a FOREX trading bot can execute trades, it must 

first gain access to the trading account through a secure 

authorization process. This process ensures that only 

authenticated users can interact with the broker’s trading 

servers. Figures 7 illustrate how authorization is performed 

using parameters such as: 

1.  Login (Account ID): A unique identifier assigned by 

the broker to access the trading account. This is usually 

a numerical ID provided upon registration. 

2.  Password: A secure credential that verifies the trader’s 

identity and grants access to account functions. Strong 

passwords help protect against unauthorized access. 

3.  Server Selection: Brokers operate multiple trading 

servers, such as demo and live servers. The correct 

server must be chosen during authentication to ensure 

the bot is connected to the intended environment. 

 
Figure 7. Authorization access to trade account. 

Upon successful login with the correct credentials, the server will read green and blue before directing users to the main 

dashboard else with the wrong information it will read red and indicate an invalid account as depicted below: 
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Figure 8. Login Indicators. 

 
Figure 9. Main Trade Dashboard. 

4.3. Deploying the Trading Bot in Metatrader 4 

(MT4) 

Once the FOREX trading bot is developed, it must be 

deployed within MetaTrader 4 (MT4) to enable live or demo 

trading. In MT4, the bot is installed under the Navigator 

Menu, where different sections like Accounts, Indicators, 

and Scripts can be found. The bot, commonly referred to as 

an Expert Advisor (EA) in MT4, is placed under the Expert 

Advisors category, allowing it to interact with the trading 

platform and execute trades automatically based on 

predefined strategies. To activate the bot, it is attached to the 

chart, enabling real-time market analysis and trade execution. 

This step ensures that the bot is properly linked to a specific 

currency pair and time frame. Once attached, the user needs 

to load a SET FILE, which is a pre-configured template 

containing all necessary parameters for the trading strategy. 

The SET FILE includes details such as lot size, stop-loss, 

take-profit, trailing stop, and indicator settings. It helps 

ensure that the bot operates with the optimal settings for 

different market conditions. 

After loading the SET FILE, the bot is ready for instant 

execution of trades based on its programmed algorithm. The 

figures below illustrate how the bot is placed under Expert 

Advisors, attached to the chart, and configured with the SET 

FILE for seamless trading operations. 
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Figure 10. Deploying Trading Bot. 

 
Figure 11. Loading SET FILE. 

4.4. Trading Execution and Results 

Once the FOREX trading bot is deployed and activated, it 

autonomously executes trades based on the predefined 

strategy. The bot continuously scans market conditions, 

analyzes price movements, and places buy or sell orders 

when its programmed criteria are met. This ensures timely 

trade execution without human intervention, optimizing 

efficiency and reducing emotional trading biases. As 

depicted in Figure 11, the bot’s trading activity is visible 

within the trading platform. It shows executed trades, 

including entry and exit points, order types (market or 

pending orders), lot sizes, stop-loss and take-profit 

placements, and real-time profit or loss tracking. The trading 

results reflect how well the bot adapts to market fluctuations, 

with logs and reports providing insights into performance 

metrics such as win rate, drawdown, and overall profitability. 
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Figure 12. Activities of the Trading bot after taking trades. 

The monitoring execution and results, traders assess the 

bot's effectiveness and fine-tune its parameters for better 

performance. The bot’s ability to make instant trade 

decisions, manage risks, and execute predefined strategies 

ensures a structured and disciplined approach to trading. 

4.5. Performance Testing and Evaluation 

The table below presents the experimental results obtained 

from testing the deployed trading bot. The bot executed 

trades on different currency pairs and was evaluated based 

on profit percentage and risk exposure. 

Table 2. Performance Testing and Evaluation. 

Trade Currency Pair Profit (%) 

Trade 1 EUR/USD 2.5% 

Trade 2 GBP/USD 1.8% 

Trade 3 USD/JPY 3.2% 

Trade 4 AUD/USD 2.0% 

These results indicate the bot's effectiveness in analyzing 

market data and making profitable trading decisions. The 

consistent profitability of the bot highlights its potential for 

deployment in live trading scenarios. 

5. Conclusion 

This research focused on an automated Forex trading bot 

utilizing High-Frequency Trading (HFT) strategies. The 

study identified inefficiencies in manual trading approaches, 

including human errors and emotional biases. To address 

these challenges, an automated trading system was 

developed, integrating algorithmic techniques and rapid 

order execution through a broker’s API. The research 

methodology for trade execution, and various libraries such 

as NumPy and Pandas for data processing. The bot 

architecture consisted of distinct layers, including the market 

data input layer, decision engine, order execution module, 

and risk management system. The bot was tested in a demo 

trading environment over a one-week period. Results 

demonstrated a win rate of 62%, a profit factor of 1.45, and a 

maximum drawdown of 4.2%. These outcomes validate the 

bot's ability to achieve stable performance under simulated 

market conditions. 

The implementation of an automated Forex trading bot 

based on HFT strategies proved effective in minimizing 

manual intervention and enhancing trading efficiency. By 

leveraging algorithmic trading principles, the bot 

consistently adhered to predefined trading rules, eliminated 

emotional decision-making, and applied strict risk 

management protocols. The bot’s modular architecture enabled 

scalability, while its integration with the broker’s API facilitated 

real-time market interaction. However, it was observed that 

latency issues and potential overfitting to demo environments 

could limit the bot’s performance in live trading scenarios. 

Overall, the study contributes to the growing body of research in 

automated trading systems and demonstrates the practical 

viability of deploying HFT-based bots in Forex markets. 

6. Recommendations 

Based on the findings from this study, the following 

recommendations are proposed: 

1. Future implementations should consider deploying the 

bot in a live trading environment under close 

supervision to evaluate real-world performance. 

2. Additional risk management measures, such as adaptive 

stop-loss strategies and diversification across currency 

pairs, can further enhance system robustness. 
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3. Machine learning techniques, such as reinforcement 

learning and deep learning models, should be integrated 

into the decision engine to improve adaptability to 

changing market conditions. 

4. Continuous monitoring and regular updates to the bot’s 

strategy parameters are necessary to prevent 

degradation in performance due to market evolution. 

5. Ethical considerations, including compliance with 

regulatory frameworks and avoiding market 

manipulation practices, must be maintained during bot 

deployment. 

Abbreviations 

MACD Moving Average Convergence Divergence 

RSI Relative Strength Index 

MQL4 MetaQuotes Language 4 

ML Machine Learning 

RL Reinforcement Learning 
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