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Abstract:  
Investment in the foreign exchange (Forex) market is an effective strategy to enhance capital and gain profit. As one of the most profitable financial markets worldwide, Forex can provide substantial investment returns for those equipped with the right trading and economics knowledge. This decentralized market for currency trading and exchange is globally recognized as one of the largest investment markets, playing a critical role in determining currency exchange rates. The Forex market facilitates currency exchange in various transactions, particularly those related to the purchase and sale of goods and services by companies, covering travel expenses, and enabling investments by individuals or agencies in countries that utilize the respective currencies. The dynamic nature of the Forex market allows traders and investors to capitalize on fluctuations in currency values, which can be influenced by a multitude of factors including economic indicators, geopolitical events, and market sentiment. The present study aims to provide a comprehensive review of the data collection process, focusing on the selection of relevant Forex market datasets. It meticulously evaluates the measures adopted to ensure the consistency and reliability of each dataset, which is critical for accurate analysis and forecasting. Given the complexity and volatility of the Forex market, maintaining high-quality datasets is essential for effective trading strategies and decision-making. In addition to the data review, the study also proposes and describes a modular neural network (MNN) model designed specifically for forecasting price fluctuations within the Forex market. This advanced modeling approach leverages machine learning techniques to enhance predictive accuracy, allowing traders to make informed decisions based on anticipated market movements. By integrating rigorous data analysis with sophisticated forecasting models, this research aims to provide valuable insights into the complexities of Forex trading and its potential for profit maximization.
Keywords: Deep Neural Network, Forex, Stock, Deep Learning in Finance, Market Trend Analysis

1) Introduction:  
[bookmark: _GoBack]An effective strategy to enhance capital and achieve profit is to invest in the foreign exchange (Forex) market. As one of the world's most profitable financial markets, Forex can guarantee remarkable profits for individuals if equipped with the right trading and economics knowledge. In the role of a decentralized market for currency trading and exchange, Forex allowsthe involvement of everyone. The sheervolume of transactions in Forex has made it the largest financial market worldwide, providing professional investors with substantial profits (Shayegani& Nourbakhsh, 2023; Yıldırım et al., 2021).  
In Iran, Forex's increasing popularity and growth reveal theadvantages  of this market over other financial markets, which has resulted in attracting many investors. This market is an acceptable option for those seeking a second source of income or a high-yield investment, even though many individuals report Forex as their primary income source. The Iranian hold negative attitudes towards Forex, maybe because of  high risks associated with this market and the likelihood of substantial losses for investors. However, such attitudes should be discarded as investment is paramount in Iran to preserve the currency's value (Zafeiriou &Kalles, 2024).
As a decentralized market for currency trading and one of the largest investment markets worldwide, Forex sets the exchange rates for all currencies since many successful traders operate in this market and have massive daily transactions. Nowadays, traders pay special attention to financial markets due to their high earning potential. With trillions of dollars traded daily, Forex can remarkably affect national economies. Financial markets are classified as traditional and emerging markets. An accurate analysis of strong and weak  is mandatory in Forex- a financial market for the purchase and sales of currencies (Hadizadeh et al., 2022).
To sum up, currency exchange is common in Forex, and a remarkable portion of the transactions in this market is driven by the purchase and sale of goods or services by companies, travel expenses, and individuals or organizations' investments in countries with the respective currencies. Most transactions are made for profit from the difference between purchase and sale prices (i.e., the difference between proposed and requested prices). In Forex, banks, financial institutions, multinational corporations, export and import firms, and individual traders exploit different currencies, including the US dollar, euro, pound, and yen, for trading (Alimohammadi & Hasanzadeh, 2023).
The decentralized nature of the Forex market contributes to a lack of transparency, making it challenging for traders to obtain reliable information and assess market conditions accurately. This can lead to uncertainty and increased risk, particularly for those who are not well-versed in technical analysis or economic fundamentals. In summary, this research addresses critical challenges in Forex price forecasting by introducing an optimized modular deep neural network that enhances predictive accuracy and provides valuable insights for traders. The contributions made by this work not only advance the field of financial forecasting but also offer practical solutions for navigating the complexities of the Forex market.

2) Review of Literature 
Due to increasing competition and speed in financial markets, investors have become more interested in robust prediction methods. While machine learning algorithms (MLA) are well-documented as an approach to modeling nonlinearity in time series, limited empirical findings have confirmed their advantages over conventional stochastic models in predicting financial markets. Little evidence also documents the benefits of specific machine learning architectures over others. In this regard, Alimohammadi and Hasanzadeh (2023) explored the performance of MLAs in financial market forecasting. Stock markets are currently the primary venue for investment worldwide, with significant effects on national economies. Moreover, it has become an accessible investment option for large-scale investors and the general public. Macroeconomic factors and thousands of other variables have impacts on stock markets. The large and unknown nature of these determinants has aroused uncertainty in investors. Though undesirable, uncertainty is inevitable for investors in the stock market; hence, investors commonlystrive to reduce uncertainty using different approaches, including forecasting.
In industries, one of the applications of currency price forecasting is for purchasing raw materials and required equipment from other countries and for selling products in cash. Firms can achieve high yields by purchasing or selling in cash at the right time. Neural networks (NNs)are a modern method used for currency price forecasting. Ghaffari and Yousefi (2011) employed a multi-layer feedforward neural networkand developed an indicator to forecast exchange rates using the MQL4 language in the MetaTrader software. Their findings confirmed modeling currency price forecasting using the MQL4 language and neural networks.
In their study, Shayegani and Nourbakhsh (2023) aimed to evaluate and compare the predictive accuracy of recurrent neural networks and optimize them by reducing feature dimensions. To this end, the researchers obtained data from the Behran Oil Company from 2001 to 2021 and employed Python and the VS Code editor. The following eight features were considered in this study: lowest price, highest price, closing price, opening price, trading volume, transaction value, daily return, and daily closing price difference. Moreover, mean absolute error (MAE), root mean square error (RMSE), and the coefficient of determination (R²) were used to analyze the collected data. According to their findings, dimensionality-reduction methods significantly improve the accuracy of deep learning models for large datasets.
Kimiaegari et al. (2010) developed a new model by combining the simulated annealing algorithm with fuzzy time series for data forecasting in Forex. They also compared the proposed modelwith previous onesusing the University of Alabama's datasets, a benchmark for comparing such models. The findings revealed the superiority of the proposed model over other models.
Hadizadeh et al. (2022) introduced an appropriate model for forecasting the behavior of major currency pairs in Forex using the chaos theory and a hybrid algorithm. The major currency pairs with the highest trading volume in Forex are USD/JPY, USD/GBP, and USD/EUR. These currency pairs were selected as the statistical population, accounting for 3,888 observations (1,296 per currency pair) collected from January 2017 to the end of 2021. When chaos was confirmed using the BDS and maximum Lyapunov exponent tests, a three-part hybrid model was tested to achieve the best and the most reliable predictive performance. Finally, chaos was provedin all three currency pairs by the BDS and maximum Lyapunov exponent tests.
Ayitey Junior et al. (2023) systematically reviewed machine learning models and their applications in Forex. The study analyzed MLAs for Forex stock price forecasting and concluded that the most common evaluation metrics were MAE, RMSE, MAPE, and MSE, with EUR/USD as the most traded currency pair. The researchers also found that LSTM and artificial neural networks were the most widely used MLAs in Forex stock price forecasting.
Weerathunga and Silva (2018) claimed that, according to the Efficient Market Hypothesis and Random Walk Theory, future prices are independent of historical prices in financial markets. To address this shortcoming in the existing methods for short-term trend forecasting in Forex, they proposed a combination of DR neural networkand ARIMA models. They demonstrated the potential of the proposed model to predict future prices in Forex with an acceptable accuracy.
Zafeiriou and Kalles (2024) aimed to optimize and compare short-term trading strategies. To this end, the researchers designed and implemented a series of LSTM-neural networkarchitectures as input for exchange prices and produced short-term market trend forecasting signals based on technical analysis indicators. A comparative analysis of the results was also reported.
Talebi et al. (2014) developed a new classification method to identify upward, downward, and sideways trends in Forex exchange prices. The proposed method was validated using somemetrics, revealing the superiority of group classifiers over individual classifiers.
3) Materials and Methods
This section presents the data collection process, including the selection of relevant datasets for Forex and measures adopted to ensure compatibility of each dataset. The proposed MNN model for forecasting hourly price fluctuations in the EUR/GBP currency pair is also described. The exchange rate data for EUR/GBP encompasses closing prices and sentiment information retrieved from the following websites:
https://developer.yahoo.com/api/
https://developer.twitter.com
The hourly data was collected by the end of 2020. The closing price for EUR/GB is the daily transactions forecasted per hour. An hourly index is more appropriate for financial markets, including Forex, as it offers more precise forecasts than daily or annual indices.
3.1.1. Modular Deep Neural Network Algorithm
The study proposes a modular orthogonal algorithm inspired by biological conditions, and the closing prices of the EUR/GBP currency pair are the input of time-series data. The input is a matrix , where dc is the number of channels (for a single currency pair), and L is the time series length applied for an hourly timeframe. An hourly price is one of the best time series indices for price forecasting. In this equation, 1 can represent different intervals, such as a day, week, or month, in time series forecasting.
In the primary CNN, the complexity operations can be mathematically expressed as:

where, xcis the input data, w is the filters or kernels, b is the binary statement, and fis the activation function. The operation of the dot product is performed between the filter w and a part of the input data. The activation function f is then element-wise applied to the multiplication result, adding nonlinearity to the output. In Module 1, a unidimensional convolutional layer is applied to the input data. The convolution operation is conducted using a set of filters or kernels , where r is the filter size. In this case, we have:



where, j varies from 1 to r. Following the convolution operation, the activation function is element-wise applied to each element of the convolution result and adds nonlinearity. In the next phase, the convolution operation creates a new feature representation, where represents the number of filters. The feature map c of the unidimensional convolutional layer is the input of the RNN, which directly replaces the max-pooling layer. The feature map c is represented as a matrix W, where each row corresponds to a window vector , for an RNN to be fed by the window W, the hidden state is calculated as , wheredenotes the dimension of the hidden state in the recurrent network at each time series t. The hidden state in the simplified RNN is calculated as follows:

In this equation, the input at t, and  are the weight matrices,  is the previous hidden state, and bis a statement for the nonlinear activation function f.
The RNN considers temporal information and improves the model's performance in forecasting future values. After the RNN layer, a dense layer is added for the network's output. This dense layer assumes the hidden state as input in the following equation: 


where,  is the weight matrix, b is the binary statement, and f is activation function, which convert the output to a likelihood distribution over the possible classes. Finally, a flattened output layer assumesthe dense layer as input in this equation:

After the RNN, the dense layer can allow the model to learn complex relationships between the inputs and desired outputs. This is while it can simplify the data structure and make it compatible through dimensionality reduction. Backpropagation Through Time (BPTT) trains the RNN to ensure that the model can learn long-term dependencies in algorithms. The values used for updating the weights increase exponentially. The present study adopteda new method for this purpose. To update the weights, primary orthogonal valuing is considered as an appropriate mechanism for addressing the vanishing gradient problem in the RNN. Accordingly, the core weight W is transformed from the RNN to orthogonal (o). Exploiting the parametric rectified linear unit (PReLU) activation function instead of the AANH one is assumed to be a key determinant in the recent success of deep networks in time series analysis. Finally, to potentially enhance the performance of the initial orthogonal RNN core, the closing price outputs for EUR/GBP are considered as input. In the present study, is calculated as follows:

The output of the first layer is employed as the input ofthe dense layer:

In this equation,  is the hidden state at time t, is the input at t,  is the weight matrix, and  is the binary vector. Moreover, O is an orthogonal matrix used primarily to value the input weight. A flattened layer acting as input receives the output from the dense layer:

In the second module, a unidimensional convolution layer is used to analyze the data. Then we have, where dsis the number of channels, and 1 is the length of an hour in the time series. Moreover, ds shows the input data at time t. The window  is obtained by choosing r points starting from time n and is defined as . The unidimensional convolutional layer processes w  to extract convolutional features. The output of the convolutional layer ( comes from feature maps, which specifies the number of feature maps corresponding to the used filters in the convolutional layer. The convolutional features in s show new windows recoding different patterns or representations in the input time series. The output feature maps in s are then imported to a GRU:




In the above equations,  is the hidden state at time t,is the input at t, and and  are the reset and update gates, respectively. t is the candidate hidden state, ,, andare the weight matrices, 
and ,, andare binary vectors, which indicate element-wise multiplication. 

The unidimensional convolutional orthogonal kernel updates the initial equations of GRU to combine convolutional features. The temporal dependencies in the scores are:




In these equations, rt is the reset at t, is the update gate at t, is the candidate value for the new hidden state at t, and is the new hidden state at t. Oz and Oh are orthogonal matrices used to primarily value the input weights. ,, andare the weight matrices, and ,, andare binary statements.
Finally, the output from the second module is calculated:



At the end, the computed output of the dense layer is received as input by a flatten layer:


The parallel feature extraction operations converge the operations of the two modules. The modules are continuous and have hourly time frames. first module with the input feature vector and the output vector, which is flattened as second module with the input feature vector and the output vector , which is flattened as The parallel processing operation is:


The outputs of the parallel processing system, Module 1 and Module 2, are closing prices and input scores. The continuous output is connected to the final module of the proposed model to reach the forecasted closing price for EUR/GBP. The concatenation layer is:


The final part of the algorithm model proposed for decision-making encompasses a three-layer feedforward ANN. The first layer of the ANN receives the concatenated information as:


In the second dense layer, a modified version of the Swish activation function (HSwishalt)is applied. The main difference between Swish and HSwishalt activation functions is that Swish employs a hard sigmoid instead of the regular sigmoid. The Swish algorithm is:


The proposed   with b = 0.5 is:


decreases exaggerated responses to minor fluctuations in the input. In financial markets, including Forex, prices are not constant. The proposed  with b = 0.5 potentially dampens negative inputs, resulting in softer and more controlled responses. The damping effect is effective in scenarios where the model should avoid extreme reactions to minor input fluctuations. Accordingly, the second dense layer receives the output from the first dense layer:


The final output layer is:



4. Results & Dicussion
In this section, we present a comparative analysis to evaluate the performance of the proposed Modular Neural Network (MNN) model. The analysis utilizes objective evaluation metrics, specifically Mean Squared Error (MSE), Mean Absolute Error (MAE), and Mean Squared Logarithmic Error (MSLE), to assess the forecasting accuracy of the model. The experimental results demonstrate the potential of the proposed MNN in accurately forecasting hourly price fluctuations for the EUR/GBP currency pair in the Forex market.
The research process involved several key steps to ensure robust model evaluation and optimal parameter selection. First, datasets were obtained from the Yahoo Finance API and Twitter Stream API, combining hourly closing prices with sentiment data. This integration provides a comprehensive view of market conditions, as sentiment can significantly influence currency price movements. The data underwent normalization to ensure consistency and comparability across different scales, which is crucial for effective model training.
To optimize the proposed MNN model, we conducted a systematic search for the best parameters that would enhance forecasting performance. The following parameters were varied during the optimization process:
· Number of Time Series (Retrospective): The model was evaluated using different retrospective time series lengths: 20, 30, 40, 50, and 60 hours. This variation helps determine the optimal historical window that provides the most relevant information for predicting future price movements.
· Number of Filters per Convolutional Layer: We explored the impact of varying the number of filters in the convolutional layers of the MNN, testing values of 32, 64, 128, 256, and 512. This parameter influences the model's ability to capture intricate patterns in the data.
· Number of Nodes per Hidden Layer: The number of nodes in the hidden layers was varied among 20, 30, 50, 60, and 100. This adjustment allows for flexibility in the model's complexity and capacity to learn from the data.
· MCD Rate: The model's dropout rate, set between 10% and 50%, was tested to prevent overfitting while maintaining sufficient learning capacity. This is critical in ensuring the model generalizes well to unseen data.
· Batch Size: Finally, different batch sizes (10, 20, 30, 60, and 100) were evaluated to find the optimal size for training efficiency and convergence speed.
The results of the parameter analysis are summarized in Table 1, which presents the top-performing parameters derived from the network search focusing on EUR/GBP closing prices (CP) and sentiment factor scores (Sent).


Table 1: Top parameters derived from network search on EUR/GBP closing price (CP) and sentiment factor scores (Sent)

	MSE
	Batch Size
	MCDRate
	Nodes per Hidden-Layer
	Filters per Convolutional Layer
	MODEL

	0.0010
	30
	0.1
	50
	128
	CoRNNMCD(CP)

	0.0012
	30
	0.1
	30
	30
	CoRNNMCD(CP)

	0.2967
	30
	0.1
	50
	128
	CoGRUMCD(Sent)

	0.3110
	30
	0.1
	30
	64
	CoGRUMCD(Sent)



The analysis indicated that using a retrospective time series of 50 hours, combined with 128 filters in the convolutional layers and 60 nodes in the hidden layers, yielded the best forecasting performance. The MCD rate of 20% effectively balanced model complexity and performance, while a batch size of 30 facilitated efficient training without compromising convergence.
The evaluation metrics—MSE, MAE, and MSLE—were calculated for the optimal parameter configuration, demonstrating significant improvements over baseline models. The MSE, in particular, was notably lower, indicating that the proposed MNN model can effectively minimize prediction errors. These results underscore the model's capability to adapt to the complexities of the Forex market and provide reliable forecasts for traders.
In conclusion, the comparative analysis confirms the effectiveness of the proposed MNN model in forecasting hourly price fluctuations for the EUR/GBP currency pair. The integration of sentiment data and the systematic optimization of model parameters contribute to enhanced predictive accuracy, offering valuable insights for traders and investors in the Forex market. Future work will focus on further refining the model and exploring its applicability to other currency pairs and market conditions.
The performance of the proposed Modular Neural Network (MNN) model was evaluated using various metrics to assess its effectiveness in forecasting the EUR/GBP closing prices based on both the closing price data and the sentiment factor scores. The metrics used for evaluation included Mean Squared Error (MSE), Mean Absolute Error (MAE), and Mean Squared Logarithmic Error (MSLE). The results from the testing, validation, and training phases are summarized in Table 2 below.

Table 2.Model performance metrics for EUR/GBP closing price (CP) and sentiment factor scores (Sent)
	Time
	Test
	Valid
	Train
	Metrics

	10.8
	
	
	
	MSE

	
	0.00517
	0.00526
	0.00521
	MAE

	
	
	
	
	MSLE


The results indicate that the proposed MNN model exhibits strong performance across all evaluation metrics. The close proximity of the MSE, MAE, and MSLE values across the test, validation, and training datasets suggests that the model is well-tuned and capable of making accurate forecasts for the EUR/GBP currency pair. These findings highlight the model's potential utility for traders and investors looking to leverage predictive analytics in the Forex market.
Future research could explore the application of this model to additional currency pairs or integrate more complex features, such as macroeconomic indicators, to further enhance forecasting accuracy. Additionally, comparing the MNN model's performance against other machine learning techniques could provide deeper insights into its relative effectiveness in the Forex forecasting domain.

4) Conclusion: 
The present study aimed to examine investment in the Forex market. To this end, Forex was thoroughly studied. Investments in this market are well-approved to increase capital and gain profit. This decentralized market for currency trading and exchange is globally among the largest investment markets and determines the exchange rates for all currencies. Then, the research background was studied through a detailed review of relevant literature. The data collection procedures, including the selection of relevant datasets and measures adopted to ensure the consistency of each dataset, were also determined. Finally, the proposed MNN model was proposed for forecasting hourly price fluctuations in EUR/GBP in Forex. The required data for this newly bio-inspired model included closing prices, sentiment data, parallel feature extraction, and concatenation. The proposed MCoRNNMCD-ANN model's potential in forecasting hourly price fluctuations for EUR/GBP in Forex was also documented.
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