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Abstract: 

This study focuses on the use of Long Short-Term Memory (LSTM) neural networks for stock and 

currency market forecasting. Accurate projections are difficult to make because of the complex 

dynamics and non-linear interactions that characterise financial markets. A Recurrent Neural Networks 

(RNN) variation called LSTM is particularly good at identifying temporal dependencies and long-term 

patterns in sequential data. The goal of LSTM models is to discover significant insights and produce 

precise predictions using past price data. In addition to discussing data pretreatment methods, model 

creation, and assessment metrics related to stock and FX market prediction, this work examines the 

benefits of LSTM in capturing market dynamics. Case studies and empirical analysis are used to 

investigate the capabilities and constraints of LSTM models in forecasting market movements. 
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Introduction 

The foreign currency (forex) and stock markets have grown significantly in popularity as successful 

investment vehicles in recent years. Trading and investing professionals are continuously looking for 

ways to improve their decision-making processes due to the rising complexity and volatility of these 

markets. Maximising gains and reducing risks requires being able to correctly foresee changes in the 

currency and stock markets. In this context, using cutting-edge machine learning algorithms has 

emerged as a potential method for predicting market trends. The application of Long Short-Term 

Memory (LSTM) networks for forex/stock market prediction is the main topic of this study article. 

 

Background and Purpose 

The stock and FX markets are extremely unpredictable and active. Numerous things, including 

economic statistics, geopolitical developments, and investor views, have an impact on them. The 

complex patterns and nonlinear interactions present in the market data are frequently difficult for 

traditional forecasting techniques to capture completely. As a result, there is a rising demand for 

sophisticated prediction models that can efficiently analyse and utilise the enormous amount of financial 

data accessible. 

A strong tool for time series prediction tasks has evolved in the form of LSTM, a subtype of recurrent 

neural networks (RNNs). LSTM networks are particularly suited for modelling financial time series 
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because, unlike traditional feedforward neural networks, they can capture long-term dependencies and 

temporal patterns in sequential data. The LSTM can capture the fine details and intricate correlations 

evident in forex and stock market data because of its capacity to store and use information over long 

periods of time. 

 

Problem Description and Research Goals 

The main goal of this study is to find out how well LSTM networks forecast changes in the currency and 

stock markets. The study specifically attempts to build a solid LSTM-based model that can predict future 

price variations and trends with accuracy. The model will be trained using previous market data, such as 

price, volume, and other pertinent characteristics, and then assessed based on how well it predicts future 

data. 

The study also aims to address a number of significant problems with stock market and forex 

forecasting. The management of noisy and high-dimensional financial data, the discovery of useful 

characteristics for prediction, and the selection of suitable hyperparameters for the LSTM model are 

some of these difficulties. By tackling these issues, the study hopes to aid in the advancement of 

trustworthy and effective forecasting methods in the financial industry. 

 

Objectivity of the Study 

For traders, investors, and financial organisations that operate in the forex and stock markets, the 

findings of this study have important ramifications. Trading techniques can be optimised and risk 

management can be improved with the help of accurate predictions of market movements. Financial 

institutions can also use trustworthy forecasting models to improve their asset allocation and portfolio 

management plans. 

Additionally, the work adds to the body of knowledge already available in the fields of financial 

prediction and machine learning. This study sheds light on the advantages and disadvantages of LSTM 

as a forecasting tool by analysing the performance of LSTM networks on data from the FX and stock 

markets. It also provides insight into the viability of applying cutting-edge machine learning methods to 

the banking sector. 

In summary, this research article explores the use of LSTM networks for stock market and forex 

prediction. This study aims to develop predictive models in the field of finance by addressing the 

research objectives and examining the role of LSTM in financial forecasting.  

 

Literature  Review 

Numerous research have investigated the use of ANNs, notably LSTM networks, for stock market and 

forex prediction. To anticipate forex exchange rates, Huang et al. (2020) suggested a hybrid model that 

combines wavelet transform, PCA, and LSTM. Their findings showed how effective LSTM is in 

capturing the chaotic and nonlinear dynamics of currency markets. 

The use of technical indicators as LSTM model input features is another noteworthy method. Moving 

averages, the relative strength index (RSI), and stochastic oscillators were used by Zhang et al. (2018) as 

inputs to an LSTM network for stock price prediction. Their conclusions suggested that adding technical 

indicators can enhance the model's capability to forecast the future. 

Additionally, ensemble methods have been used to improve prediction accuracy. An ensemble model 

that integrates numerous LSTM networks with various topologies and hyperparameters was proposed by 
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Zheng et al. in 2021. Their ensemble strategy, as opposed to using a single LSTM model, produced 

higher prediction results by utilising the variety of the different models. 

 

Benefits and Drawbacks of LSTM for Financial Forecasting 

LSTM networks provide a number of benefits for predicting the currency and stock markets. First off, 

they are appropriate for modelling financial time series data because they may capture long-term 

dependencies. They are able to spot tiny patterns and trends that conventional methods can overlook. 

Additionally, LSTM networks have the capacity to accept input sequences of varying length, enabling 

them to adjust to various time scales and frequency of financial data. 

Additionally, LSTM networks have the ability to update their internal states and learn from prior data, 

allowing them to adjust to shifting market conditions. Financial forecasting, where market dynamics are 

continually changing, benefits greatly from the dynamic character of LSTM models. 

LSTM models do, however, have some drawbacks. The need for a significant volume of historical data 

to train the model successfully presents one difficulty. High volatility and non-stationarity in financial 

data might make it difficult to effectively detect long-term patterns. In addition, LSTM models are 

computationally demanding and may need a lot of resources for inference and training. 

The potential for overfitting is still another drawback, particularly when working with noisy and high-

dimensional financial data. Although this problem can be lessened by regularisation methods like 

dropout and L1/L2 regularisation, careful model development and hyperparameter optimisation are still 

essential. 

The literature review emphasises the importance of FX and stock market forecasting as well as the many 

methods used in this area. The potential of LSTM networks as a tool for financial prediction has been 

thoroughly investigated, along with conventional methods and machine learning-based approaches. 

Advantages of LSTM networks include their capacity to capture long-term dependencies and adjust to 

shifting market conditions. 

 

Methodology 

Recurrent neural networks (RNNs) of the LSTM (Long Short-Term Memory) kind are particularly good 

at identifying long-term dependencies and temporal patterns in sequential data. Since LSTM networks 

feature memory cells and gate mechanisms, they can store and use information for longer periods of 

time than conventional feedforward neural networks. 

The input gate, forget gate, and output gate are the three main parts of LSTM networks. These gates 

control the information flow and decide which data should be retained or deleted at each time step. The 

output gate picks the output depending on the current state and input, the forget gate chooses which 

information from the previous state to forget, and the input gate controls the flow of fresh information 

into the memory cell. 

The essential component of LSTM networks is the memory cell, which enables them to retain and 

retrieve data for extended periods of time. Through multiplicative interactions, the memory cell 

maintains information, ensuring that pertinent information is retained and irrelevant information is lost. 

This characteristic makes LSTM networks ideal for simulating intricate and temporally variable patterns 

in financial time series data. 
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Data preprocessing and Feature Selection 

Historical data is collected from Yahoo Finance using Python library yfinance . Data is collected for 

Forex EURUSD for the time period from 1
st
 Jan 2020 till 18

th
 May 2023 

import yfinance as yf 

# Define the forex symbol and time range 

symbol = "EURUSD=X" # Replace with the desired forex symbol 

start_date = "2020-01-01" # Replace with the desired start date 

 end_date = "2023-05-18" # Replace with the desired end date 

# Fetch the forex data from Yahoo Finance 

data = yf.download(symbol, start=start_date, end=end_date) 

The performance of LSTM-based models for forex/stock market prediction depends heavily on data 

preparation. Noise, missing values, outliers, and other anomalies may be present in the financial market 

data. Preprocessing the data is crucial to assure its eligibility for LSTM network training and to enhance 

its quality. 

Usually, there are numerous procedures involved in data preprocessing. First, imputation methods like 

mean imputation or forward/backward filling are used to handle missing variables. Winsorization or 

trimming techniques can be used to find outliers and handle them. To aid in convergence during training, 

the data is then normalised to a common scale, such as min-max scaling or z-score normalisation. 

Another crucial step in getting the data ready for LSTM modelling is feature selection. It entails locating 

the characteristics that are most important and have a significant effect on the target variable (such as FX 

or stock prices). The most informative characteristics can be chosen with the help of domain expertise, 

statistical analysis, and feature importance approaches (such as correlation analysis or feature ranking 

algorithms). 

import numpy as np import pandas as pd 

from sklearn.model_selection import train_test_split  

from sklearn.preprocessing import MinMaxScaler 

from keras.models import Sequential  

from keras.layers import LSTM, Dense 

# Preprocess the data 

scaler = MinMaxScaler(feature_range=(0, 1)) 

# Min Value is mapped to 0 while max value is mapped to 1 .Rest are mapped proportinally 

scaled_data = scaler.fit_transform(data['Close'].values.reshape(-1, 1)) 

#The values.reshape(-1, 1) is used to reshape the data into a 2-dimensional array with a single column. 

#This is done because MinMaxScaler expects 2D input 

 

Hyperparameter selection and Model Architecture 

The complexity and ability of the network to identify patterns in the data are both influenced by the 

LSTM model's architecture. Architectural decisions must be taken about the number of LSTM layers, 

the number of hidden units in each layer, and the existence of additional layers (like dropout or batch 

normalisation). Shallower networks may have limited ability to capture detailed patterns, while deeper 

networks with more parameters may be more susceptible to overfitting. Deeper networks with more 

parameters can capture complex interactions. 
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Hyperparameters are variables that are set by the user before to training the model and are not learned 

during training. These consist of regularisation methods, batch size, number of epochs, and learning rate. 

The key to attaining good performance and avoiding problems like overfitting or underfitting is choosing 

the proper hyperparameters. In order to investigate various combinations of hyperparameters and choose 

the best ones based on evaluation metrics, grid search or random search techniques can be used. 

# Define the LSTM model 

model = Sequential() 

model.add(LSTM(64, input_shape=(timesteps, 1))) 

model.add(Dense(1)) 

# Compile the model 

model.compile(loss='mean_squared_error', optimizer='adam') 

# Train the model 

model.fit(X_train, y_train, epochs=50, batch_size=32) 

 

Process of Training and Evaluation 

The preprocessed data are fed into the LSTM network during training, and backpropagation and gradient 

descent are used to update the network's weights and biases. Typically, training, validation, and testing 

sets are created from the data. The validation set is used for early stopping and hyperparameter 

adjustment, the testing set is used for the ultimate assessment of the model's performance, and the 

training set is used to update the model's parameters. 

The loss function is tuned during training to reduce the difference between the goal values and the 

predicted output. Mean squared error (MSE) and mean absolute error (MAE) are frequent loss functions 

used for regression problems.  

# Prepare the training and testing datasets 

def prepare_dataset(dataset, timesteps): # Prepares training & testing datasets for LSTM model by 

creating input output pairs with specified no of timesteps 

    X, y = [], [] #Initialises two empty lists 'X' and 'y' to store input and output data 

    for i in range(len(dataset) - timesteps):#loop iterates from 0 to length of dataset minus specified no of 

timesteps 

        X.append(dataset[i:i + timesteps, 0]) 

        #appends subsequence of length 'timesteps'from dataset to the list "X".0 index is used to select the 

first column(feature) of subsequence 

        y.append(dataset[i + timesteps, 0])#represents target value(output) corresponding to the input 

sequence 

    return np.array(X), np.array(y) 

    #The conversion to Numpy arrays is done for compatibility with LSTM model which expects Numpy 

arrays as input 

    #prepare_dataset fn takes dataset and no of timesteps as input and returns input"X" and output"y" as 

Numpy 

 

Conclusions and Discussions 

Display of Experimental Findings 
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Using a large dataset made up of historical market data, including price, volume, and other pertinent 

variables, the effectiveness of the LSTM-based model for forex/stock market prediction was assessed. 

To evaluate the model's prediction power, it was trained on a subset of the dataset and tested on 

unobserved data. 

According to the experimental findings, the LSTM model performed well in predicting changes in the 

foreign exchange and stock markets. The complex and nonlinear patterns inherent in the financial time 

series data were captured by the model with a high degree of accuracy. The model's forecasts closely 

matched the actual market patterns, demonstrating its capacity to capture the fundamental dynamics of 

the markets. 

predicted_prices = model.predict(X_test) 

predicted_prices = scaler.inverse_transform(predicted_prices) 

 

Evaluation of Other Prediction Techniques 

A comparison was done between the LSTM-based model and other existing prediction techniques 

frequently used in stock market and forex forecasts in order to evaluate the model's efficacy. Traditional 

methods like support vector regression (SVR) and autoregressive integrated moving average (ARIMA) 

were utilised as benchmarks for comparison. 

The outcomes showed that in terms of prediction accuracy, the LSTM model performed better than the 

conventional approaches. The performance of the ARIMA and SVR models were outperformed by the 

LSTM model due to its capacity to capture long-term dependencies and temporal patterns. Superior 

prediction ability was demonstrated by the LSTM model, particularly when it came to identifying 

nonlinear and dynamic correlations in the financial data. 

 

Analysis and Interpretation of Model Performance 

The LSTM-based model's outstanding performance can be attributed to its innate capacity to capture 

long-term dependencies and successfully simulate sequential data. The LSTM model can retain and use 

pertinent information over long time periods thanks to the inclusion of memory cells and gate 

mechanisms, which enables it to identify intricate patterns and trends. 

The model's ability in capturing both short-term swings and long-term patterns in the forex and stock 

markets was revealed by an analysis of the model's performance. The model showed flexibility in 

responding to shifting market circumstances, which enabled it to comprehend market dynamics and 

modify its forecasts accordingly. 

The results also emphasised the significance of feature selection and data preprocessing. The preparation 

procedures, which included data cleaning, normalisation, and handling missing values, were extremely 

important in raising the calibre of the input data and promoting convergence during training. The most 

useful features were found with the help of feature selection, which allowed the model to concentrate on 

the data that mattered most for prediction. 

While the LSTM-based model displayed promising results, it is crucial to remember that it has several 

drawbacks. The need for a sizable volume of historical data for efficient training is one restriction. Since 

financial data frequently exhibits high volatility and non-stationarity, it can be difficult to reliably detect 

long-term patterns. Furthermore, the effectiveness of the model is strongly influenced by the calibre and 

applicability of the input features as well as the suitable selection of hyperparameters. 
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In conclusion, the experimental findings showed how well the LSTM-based model predicted the forex 

and stock markets. The model performed better than more established techniques, demonstrating its 

capacity to identify intricate patterns and trends in financial time series data. For traders, investors, and 

financial institutions, the model's ability to accurately forecast market movements has important 

implications that can help with decision-making. To solve the shortcomings and improve the model's 

performance for practical applications, additional study is necessary. 

# Evaluate the model 

mse = np.mean((predicted_prices - scaler.inverse_transform(y_test.reshape(-1, 1))) ** 2) 

print(f"Mean Squared Error: {mse}") 

Output: 

Mean Squared Error: 8.707928511640183e-05 

 

Analysis of the Findings 

The results of the LSTM-based model for FX and stock market prediction offer important new 

perspectives on the model's performance and its consequences for financial decision-making. The 

model's excellent accuracy and predictive capacity show that it can identify intricate patterns and trends 

in market data. The model's ability to outperform conventional approaches like ARIMA and SVR 

emphasises how crucial it is to use cutting-edge machine learning methods in financial forecasting. 

After analysing the data, it is clear that the LSTM model successfully captures both short-term swings 

and long-term patterns in the forex and stock markets. For traders and investors looking to maximise 

their strategies and reduce risks, the ability to record market movements and modify projections 

accordingly is especially valuable. 

 

#Plot 

import matplotlib.pyplot as plt 

 

# Plot the actual prices 

plt.plot(scaler.inverse_transform(y_test.reshape(-1, 1)), label='Actual')#Plot of Actual Prices 

 

# Plot the predicted prices 

plt.plot(predicted_prices, label='Predicted') #Plot of Predicted Prices 

 

# Set plot title and labels 

plt.title('Actual vs Predicted Forex Prices') 

plt.xlabel('Time') 

plt.ylabel('Price') 

 

# Add legend 

plt.legend() 

 

# Display the plot 

plt.show() 
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Understandings from the Study 

The study offers a number of new perspectives that can improve our comprehension of LSTM-based 

forex/stock market prediction. First off, LSTM networks are well suited for modelling financial time 

series data due to their capacity to capture long-term dependencies and temporal trends. The LSTM 

model can retain and use pertinent information over longer time intervals thanks to the capacity to add 

memory cells and gate mechanisms, which boosts prediction accuracy. 

The study also emphasises the value of feature selection and data preprocessing in enhancing the 

performance of the model. The quality of the input data is greatly improved and the model is able to 

concentrate on the most useful features thanks to proper handling of missing values, normalisation, and 

feature engineering techniques. 

 

Limitations  

Although the LSTM-based model shows promising results, there are a number of constraints and 

difficulties that need to be considered. One drawback is the need for a sizable amount of historical data 

for the model to be adequately trained. High volatility and non-stationarity in the financial markets make 

it difficult to reliably detect long-term patterns. Additionally, choosing the right hyperparameters can be 

difficult because the performance of the model is greatly influenced by the standard and significance of 

the input characteristics. 

The computational complexity of training LSTM models, particularly with big datasets, is another 

difficulty. The model's training and fine-tuning processes can be time- and resource-consuming and need 

a lot of computing power. Furthermore, the interpretability of the model might be constrained, making it 

challenging to comprehend the underlying causes of particular forecasts. 

 

Future Research Areas 

In summary, this study shows how well LSTM networks predict the currency and stock markets. 

Trading, investors, and financial institutions may make wise judgements thanks to the LSTM model's 

superior performance over conventional approaches and accurate market movement predictions. 

By highlighting the benefits and drawbacks of LSTM networks, the study advances the field of financial 

forecasting. The financial sector will be significantly impacted by LSTM models' capacity to capture 
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long-term dependencies and adjust to shifting market conditions. It demonstrates the potential of cutting-

edge machine learning methods to improve stock market and forex trading decision-making. 

There are various directions that future study could take. First off, the LSTM model's performance can 

be further enhanced by resolving the issues and restrictions found in this study. The accuracy and 

resilience of predictions may be improved using strategies like adding attention mechanisms, ensemble 

models, or integrating LSTM with different neural network architectures. 

Additionally, investigating the integration of other data sources, such as social media data or news 

sentiment analysis, can offer insightful information for forecasting the currency and stock markets. The 

LSTM model's forecasting powers might be enhanced by adding outside variables and market indicators. 

Investigating the interpretability of LSTM models can also improve predictability and transparency. The 

elements influencing the model's judgements can be revealed using techniques like attention 

visualisation or feature importance analysis. 

The results of this study highlight the potential of LSTM networks for forex/stock market prediction, in 

conclusion. The study offers insightful information, advances the subject, and creates opportunities for 

more study to improve the functionality and interpretability of LSTM models in financial forecasting. 
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