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Configuration Manual

Hamza Pasking Akhtar
Student ID: x23115033

Introduction
Forex is the largest financial market in the world and being able to identify the trend
effectively is crucial to gain insight and benefit from it. This configuration manual provides a

detailed step-by-step guide to the configuration and the implementation of the research
project.

1 Environment

This section provides details about the environment setup and the system requirements
necessary for implementing the project, in this case, the code is executed using Jupyter
Notebook which is provided by Anaconda Navigator

1.1 System Configuration

Table 1. Software Configuration Specifications

Requirement | Specification

Programming Language Used | Python 3

Tools Anaconda Navigator, Jupyter Notebook, Word
Yahoo Finance API Access Yahoo Finance API to get dataset
Operating System Windows 11

Table 2. Hardware Configuration Specifications

Requirement | Specification

Processor 8" Gen Intel i7-8665U @ 1.90 GHz
RAM 16 GB Ram

Storage 256 GB SSD




1.2 Dataset
The dataset was taken from Yahoo Finance APl which consist of 5188 entries.

yahoo/finance Search for news, symbols or companies ° News Finance Sports More Ja} £ Mail Sign in
MyPortfolic  News  Markets  Research  Personal Finance  Videos  Streaming Now
Summary CCY - Delayed Quote . USD 0‘ Q te Look @
ucte Lookup
Nows
o EUR/USD (EURUSD=X) (% Folon
a

U5, markots closed
Conversations @

—— 1.0505 +0.0008 (+0.0800%)

istorical Dat - »
As of 2:13:06 AM GMT. Market Open. us Europe Asia Rates Commodities

5 S&P Futures Dow Futures Nasdag Fu...
Dec 12,2023 - Dec 12,2024 ~ Historical Prices Daily ~ 6,08475 44,140.00 2175775
Currency in USD -8.00 -82.00 3575
(-013%) (-019%) (-0.18%)
Date Open High Low Close @ Adj Close @ Volume
Russoll 20.. Crudo Ol Gold
Dec 12,2024 1.0500 10511 1.0439 1.0506 1.0506 - 2,39750 7024 2750.50
.
Dec 11,2024 10533 1.0541 10482 10533 10533 - N L il i
220 0.0 820
Dec 10,2024 10555 10867 10500 10855 10555 R (-0.09%) (0.0T%) (0.27%)
Dec 9, 2024 10865 1.0593 1.0533 1.0565 1.0566 - ’
Dec 6, 2024 1.0586 1.0626 1.0546 1.0586 10586 - RECENTLY VIEWED
Dec 5, 2024 10514 10588 10509 1.0514 1.0614 - OPOOOIRSILF 4.5892
Monument Guida... -0.0010 (-0.02%)
Dec 4, 2024 1.0511 1.0540 1.0474 1,061 1,051
Dec 3, 2024 1.0501 1.0530 1.0482 1.0501 1.0601 - MY PORTFOLIOS
Dec 2,2024 1.0546 10546 1.0462 10545 10545 - Sign in to access your portfolio

Figure 1 Data Source

1.3 Anaconda Navigator

The models utilized in this research was implemented using the Python programming
language. The programming code portion of the script is completed using Jupyter Notebook,
which has been configured by Anaconda Navigator.

) Anaconda Navigator - =] X
{2) ANACONDA NAVIGATOR o Comectedto
L Al apobications “lon oot v G ¢

W ovconments

Anaconda Al Navigator

N8 Learning

CMD.exe Prom

A Community

Jupyter
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Notebook
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X
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1BM wiatsonx anaconda_prompt console_shortcut_miniconda

Figure 2 Anaconda Navigator



1.4 Importing Libraries

Different libraries required for the execution, evaluation and visualization of the models used
in this research has been imported and installed.

import numpy as np

import pandas as pd

import matplotlib. pyplot as plt
import seaborn as sns

from statsmodels.tsa.stattools import adfuller

from statsmodels.tsa.seasonal import seasonal_decompose

from statsmodels.graphics.tsaplots import plot_acf, plot_pacf

from statsmodels.tsa.arima.model import ARIMA

from statsmodels.tsa.statespace.sarimax import SARIMAX

from sklearn.metrics import mean_squared error,mean_absclute_error

from sklearn.preprocessing import MinMaxScaler

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Dense, L5TM, Dropout, Bidirectional
from tensorflow.keras.callbacks import EarlyStopping, ModelCheckpoint

Figure 3 Libraries

2 Data Preprocessing

2.1 Data Loading

The dataset used in this research is taken from Yahoo Finance which is then saved as a CSV
and read from there for further analysis.



import yfinance as yf

# Defining the ticker symbol for the Yahoo API and the date range I want
ticker = "EURUSD=X"

start_date = "2004-061-01"

end_date = "2823-12-31"

# Downloading the daily interval
data = yf.download(ticker, start=start_date, end=end_date, interval="1d")

data.to_csv("EURUSD Daily 2e04-2823.csv")
print("Data saved to 'EURUSD_Daily_2@e4-2823.csv'")

[*********************lae%***********************] 1 of 1 completed

Data saved to 'EURUSD_Daily_ 2004-2023.csv'’

Figure 4 Getting and saving data as CSV

import pandas as pd

# Loading the data
eurusd_data = pd.read_csv("EURUSD_Daily 2e04-2823.csv")

Figure 5 Reading the data

2.2 Exploratory Data Analysis (EDA)

Before any processing is done the data is explored to have a better understanding of what the
dataset contains.

# Checking the first few rows to understand the data structure
eurusd_data.head()

Date Open High Low Close AdjClose Volume
0 2004-01-01 1.259002 1.260796 1.247396 1.258194 1.258194 0
1 2004-01-02 1.258194 1.262802 1.252693 1.258194 1.258194 0
2 2004-01-05 1.263903 1.269406 1.263695 1.268698 1.268698 0
3 2004-01-06 1.268907 1.280803 1.267202 1.272103 1.272103 0
4 2004-01-07 1.272394 1.273999 1.262499 1.264095 1.264095 0

Figure 6 Initial 5 rows



[12]: # Correlation Matrix to understand correlation
plt.figure(figsize=(1@, 6))

sns.heatmap(eurusd_data[['Open’, 'High', 'Low’, 'Close’']].corr(), annot=True, cmap='Blues', linewidths=8.5)
plt.title('Correlation Matrix')
plt.show()

Correlation Matrix
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0.996
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Open High Low Close

Figure 7 Correlation matrix of the columns

Checking the seasonal decomposition of the data.

decomposition = seasonal_decompose(eurusd_data[ 'Close’], model="additive', period=365)

# Plotting the decomposition components

plt.figure(figsize=(12, 8))

plt.subplot(411)

plt.plot(eurusd_data[ "'Date'], decomposition.observed, label='Observed', color="blue')
plt.legend(loc="upper left')

plt.subplot(412)
plt.plot{eurusd_data[ 'Date'], decomposition.trend, label='Trend', color="orange')
plt.legend(loc="upper left')

plt.subplot(413)
plt.plot({eurusd_data[ 'Date'], decomposition.seasonal, label='Seasonal', color='green')
plt.legend(loc="upper left"’)

plt.subplot(414)
plt.plot{eurusd_data[ 'Date'], decomposition.resid, label='Residual', color="red")

plt.legend(loc="upper left')

plt.tight layout()
plt.show()

Figure 8 Seasonal decomposition
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Figure 9 Seasonal decomposition
Train and Test Split
[11]: | impert seaborn as sns + rL s PR

# Creating a split for train and test
train_data = eurusd_data[eurusd_data[ 'Date’] < '2022-01-01"]
test_data = eurusd_data[eurusd_data['Date'] »>= '2022-91-01']

# Visualization of the Train and Test Data Closing Price

plt.figure(figsize=(12, 6))|

plt.plot(train_data[ 'Date’], train_data[ 'Close'], label='Train Data (Close Price)', color='blue')
plt.plot(test_data['Date'], test_data['Close'], label='Test Data (Close Price)', color='red')
plt.title('Train and Test Split (EUR/USD Closing Price)')

plt.xlabel( 'Date’)

plt.ylabel('Closing Price')

plt.legend()

plt.grid(True)

plt.show()

Figure 10 Data split to train and test
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Figure 11 Split visualization

Now moving towards the implementation of the model

3 ARIMA

Checking how ARIMA does with the dataset. After checking if stationary or not by dickey
fuller test we can use the PACF and ACF plot. Based on the stationarity situation we apply
differencing as well.



from statsmodels.graphics.tsaplots import plot_scf, plot_pacf B M4y

# Using the differenced series to achieve stationarity
train_data_diff = train_data["close’].diff().dropna()

# Plotting ACF and PACF
plt. figure(figsize={14, &)}

# ACF PLOt

plt.subplot({121}

plot_acf(train_data diff, ax=plt.gca(), lags=48)
plt.title( auvtocorrelation Function (acF)')

# PACF Plot

plt.subplot(122)

plot_pacf(train_dats_diff, ax=plt.gzca{), lags=28)
plt.title( 'Partial Autocorrelaticn Function (PACF)"}

plt.tight_layout()
plt.show()

Autocorrelation Function (ACF) Partial Autocorrelation Function {PACF)
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Figure 12 ACF and PACF Plot

Applying ARIMA Model

[21]: | from statsmodels.tsa.arima.model import ARIMA
from sklearn.metrics import mean_sqguared_srror,mean_absolute error

import warnings

# Ignoring warnings for better readability of output
warnings.filterwarnings( 'ignore’)

# Applying ARIMA Model

# We'll use first-order differenced data for ARIMA model trainind
train_data_diff = train_data[ 'Close’].diff().dropna()
test_data_diff = test_data[ Close’'].diff().dropna()

# Fit ARIMA model on training data

arima_order = (1, 1, 1)

arima_model = ARIMA(train_data_diff, order=arima_order)
arima_model_ fit = arima_model.fit()

Forecasting using ARIMA

# Forecasting using ARIMA

forecast_steps = len(test_data_diff) # Number of steps to forecast
forecast = arima_model_fit.forecast(steps=forecast_steps)
forecast

4667 8.e88711
4668 -8.8868221

Figure 13 Applying and forecasting using ARIMA




4  SARIMA

from statsmodels.tsa.statespace.sarimax import SARIMAX

from sklearn.metrics import mean_squared_error, mean_absolute_error
# Applying SARIMA Model

sarima_order = (1, 1, 1)
seasonal_order = (1, 1, 1, 12)

# Fitting SARIMA model on the entire training data
sarima_model = SARIMAX(train_data[ 'Close'], order=sarima_order, seasonal_order=seasonal_order)
sarima_model fit = sarima_model.fit(disp=False)

Forecasting using SARIMA

sarima_forecast = sarima_model fit.forecast(steps=len(test_data))

Visualizing SARIMA Forecast

plt.figure(figsize=(12, 6))

plt.plot(train_data[ 'Date'], train_data[ 'Close’'], label='Training Data’, color='skyblue')
plt.plot(test data[ 'Date’'], test data[ 'Close’'], label='Test Data’, color="blue’)

plt.plot(test_data[ 'Date’], sarima_forecast, label='SARIMA Forecast', color='orange’, linestyle="'--")

plt.title( EUR/USD Forex Price Prediction using SARIMA")
plt.xlabel( 'Date")

plt.ylabel( Closing Price’)

plt.legend()

plt.grid(True)

plt.show()

Figure 14 SARIMA Forecasting and Visualization

5 LSTM

Tensorflow is installed as it is required for LSTM by doing “pip install tensorflow”.
We then proceed to preprocess by doing a split and scaling using MinMaxScaler

# Using MinMaxScaler to scale the data between @ and 1
scaler = MinMaxScaler(feature range=(8, 1))
scaled_data = scaler.fit_transform{closing_prices[[ 'Close’]])

# Splitting the data into training and test sets

train_size = len(closing prices[closing prices['Date’] < '2022-81-81"])
train_data_scaled = scaled data|:train_size]

test data scaled = scaled dataltrain size:]]

Figure 15 LSTM Preprocessing



# Defining the sequence length
# e.g., using previous 68 days to predict the next value
sequence_length = 68

# Function to create input-output sequences
def create sequences(data, seq length):

Koy = [1, []

for i in range(seq_length, len(data)):
X.append(datali-seq_length:i, @])
y.append(datali, 8])

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

# Create training and test sequences
X_train, y_train = create_sequences(train_data scaled, sequence length)
X _test, y _test = create sequences(test data scaled, sequence_ length)

# Reshape input data as required for LS5TM
X_train = X_train.reshape((X_train.shape[8], X train.shape[1], 1))
X _test = X test.reshape({X test.shape[@], X test.shape[l1l], 1))

Figure 16 LSTM Sequence

After creating the LSTM Sequence we build the LSTM model

# Initializing the LS5TM model

model = Sequential()}

model .add(LSTM(units=58, return_sequences=True, input_shape=(¥_train.shape[1l], 1)))
model.add(LSTM(units=58, return_sequences=False))

model.add(Dense(units=1))

# Compiling the model
model . compile{optimizer="adam’, loss='mean_squared_error')

# Training the model
model .fit(X train, y train, epochs=28, batch size=32, validation_data=(X_test, y test), verbose=1)

Epoch 1/28

144,/144 Bs 29ms/step - loss: ©.8382 - val_loss: 6.9099%e-94
Epoch 2/20

144/144 4s 27ms/step - loss: 9.1388e-84 - val loss: 4.83936e-84
Epoch 3/20

144/144 4s 27ms/step - loss: 7.9786e-84 - val loss: 4.1945e-g4
Epoch 4/20

144,/144 4s 28ms/step - loss: 6.8666e-84 - val_loss: 3.6874e-84
Epoch 5/20

144,/144 55 32ms/step - loss: 6.1625e-84 - val_loss: 3.7282e-94
Epoch &/20

144/144 5s 38ms/step - loss: 6.4642e-84 - val loss: 3.1760e-04
Epoch 7/20

144/144 55 30ms/step - loss: 5.888%e-84 - val loss: 3.2408e-04
Epoch 8/20

Figure 17 LSTM Model Building

10



After building we do our prediction and visualization
Predictions

# Predicting on test data
predictions = model.predict(X_test)

# Inverse transform the predictions and test data to original scale
predictions_unscaled = scaler.inverse_transform{predictions.reshape(-1, 1))
y_test unscaled = scaler.inverse_transform(y_test.reshape(-1, 1))

15/15 ———————— 1s 49ms/step

Visualization
plt.figure(figsize=(12, 6))

# Plotting actual test data
plt.plot(closing_prices| 'Date’ |[-len(y_test_unscaled):], y_test_unscaled, label="Actual Test Data', coleor='blue')

# Plotting LSTM predicted values
plt.plot(closing prices|'Date’][-len(predictions unscaled):], predictions_unscaled, label="LSTM Forecast’', color='orange’, linestyle='--")

# Customizing the plot

plt.title( EUR/USD Forex Price Prediction using LSTM")
plt.xlabel( 'Date”)

plt.ylabel( 'Closing Price”)

plt.legend()

plt.grid(True)

plt.show()

Figure 18 LSTM prediction and visualization

6 Fine Tuned LSTM

LSTM is then fine tuned using hyperparameter tuning to improve its performance

11



Preparing LSTM Sequence

# Define sequence Length
# Using previous 68 days to predict the next value
sequence_length = 6@

def create_sequences(data, seq_length):
%y =101, [l
for i in range(seq_length, len(data}):
X.append(data[i-seq length:i, @])
y.append(data[i, @])
return np.array(X), np.array(y)

# Create training and test sequences
X_train, y_train = create_sequences(train_data_scaled, sequence_length)
X_test, y_test = create_sequences(test data_scaled, sequence_length)

# Reshagpe input date as required for LSTM
X_train = X_train.reshape( (X train.shape[@], X_train.shape[1], 1))
X_test = X test.reshape((X_test.shape[@], X test.shape[1], 1))

Building and Optimizing Model

# Initializing the LSTM model

model = Sequential()

model.add(LSTM(units=188, return_sequences=True, input_shape=(X_train.shape[1], 1}))
model. add (Dropout{@.3))

model.add(LSTM({units=188, return_sequences=True))

model. add (Dropout{@.3))

model.add(LSTM(units=5@, return_sequences=False))

model. add (Dropout{@.3))

model.add(Dense(units=1))

# Compiling the model
model. compile(optimizer="adam', loss='mean_squared_error')

# Early Stopping and Model Checkpoint Callbacks
early stopping = EarlyStopping(monitor="val loss', patience=1@, restore_best weights=True)
model_checkpoint = ModelCheckpoint('best lstm model.keras', save_best_only=True, monitor='val loss', mode="min")

# Training the model
model. fit(X_train, y_train, epochs=5@, batch_size=32, validation_data=(X_test, y_test), verbose=1, callbacks=[early_stopping, model_checkpoint]}

Epoch 1/5@
144/144 —————————— 165 72ms/step - loss: 0.08223 - val_loss: 6.6821e-84
Figure 19 LSTM Model building and optimization
Prediction

# Predict on test data
predictions = model.predict{X_test)

# Inverse transform the predictions and test data to original scale
predictions_unscaled = scaler.inverse_transform(predictions.reshape(-1, 1))
y_test_unscaled = scaler.inverse_transform(y_test.reshape(-1, 1))

15/15 ————— 1s &@ms/step

Visualization

plt.figure(figsize=({12, 6)) + B ™MV a&s PR

# Plotting actual test data
plt.plot(closing_prices[ Date’ ][ -len(y_test_unscaled):], y_test_unscaled, label='Actual Test Data', color="blue")

# Plotting LSTM predicted values
plt.plot(closing_prices['Date’][-len(predictions_unscaled):], predictions_unscaled, lsbel="Optimized LSTM Forecast', color='orange', linestyle="--')

# Customizing the plof]

plt.title({ EUR/USD Forex Price Prediction using Optimized LSTM')
plt.xlabel( Date")

plt.ylabel('Closing Price")

plt.legend()

plt.grid(True)

plt.show()

Figure 20 Prediction and Visualization
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7 Bidirectional LSTM

# Define sequence Length
# using previous 68 days to predict the next value
sequence_length = 6@

# Function to create input-output sequences
def create_sequences(data, seq_length):
Xy = [1, [1]
for i in range(seq length, len(data)):
X.append(data[i-seq length:i, @])
y.append(data[i, @])
return np.array(X), np.array(y)

# Create training and test sequences
X_train, y_train = create sequences(train_data_ scaled, sequence_length)

¥_test, y_test = create_sequences(test_data_scaled, sequence_length)

# Reshape input data for LSTM
¥_train = X _train.reshape((X_train.shape[@], X _train.shape[1], 1))
¥_test = X_test.reshape((X_test.shape[@], X_test.shape[l], 1))

# Initiaglizing the Bi-Directional LSTM model

model = Sequential()

model.add(Bidirectional (LSTM(units=100, return_sequences=True, input_shape=(X_train.shape[1], 1))))
model . add({Dropout(@.3))

model . add(Bidirectional (LSTM(units=1@8, return_sequences=False)))

model . add({Dropout(@.3))

model . add(Dense(units=1))

# Compiling the model

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

# Training the model
model.fit(X train, y_train, epochs=38, batch_size=32, wvalidation_data=(X_test, y test), verbose=1)

Epoch 1/3@
144/144 21s 83ms/step - loss: @.0198 - val_loss: 6.2898e-84
Figure 21 Bidirectional LSTM model building
# Pregicting on test dota + B ™MV s FNE

predictions = model.predict(Xx_test)

# Inverse transform the predictions and test dota te original scatd
predictions_unscaled = scaler.inverse_transform(predictions.reshape(-1, 1))
y_test_unscaled = scaler.inverse_transform{y_test.reshape{-1, 1})

1515 m— )5 R1MS S Step
plt.figure(figsize=(12, 6))

# Plotting actual test data
plt.plet(closing_prices[ 'Date’][-len{y_test_unscaled}:], y_test_unscaled, label="actual Test Data', color="blue')

# Plotting Bi-Directional LSTM predicted values
plt.plot(closing_prices[ 'Date’][-len{predictions_unscaled):], predictions_unscaled, label='Bi-Directicnal LSTM Forecast', coler="orange', linestyle="--*

# Customizing the plot

plt.title("EUR/uUsD Forex Price Prediction using Bi-pirectional LSTM')
plt.xlabel('Date")

plt.ylabel("Closing Price')

plt.legend(}

plt.grid(True)}

plt.show()

Figure 22 Bidirectional LSTM prediction and visualization

13



8 Technical Indicators LSTM

# Indicator 1

# Moving Average Convergence Divergence (MACD)

eurusd_data[ "EMA_12"] = eurusd_data[ 'Close’].ewm(span=12, adjust=False).mean() # 12-day EMA
eurusd data[ "EMA_26"] = eurusd data[ 'Close’].ewm(span=26, adjust=False).mean() # 26-day EMA
eurusd_data[ "MACD'] = eurusd_data[ 'EMA_12"] - eurusd_data['EMA_26'] # MACD Line

eurusd_data[ "Signal Line'] = eurusd_data[ "MACD'].ewm({span=9, adjust=False).mean() # Signal Line

# MACD Histogram which is difference between MACD and Signal Line
eurusd_data[ "MACD Hist'] = eurusd_data[ "MACD'] - eurusd_data[ 'Signal_Line']

# Indicator 2

# Moving Average (58-day and 288-day)

eurusd_data[ '"MA_58"] = eurusd_data[ 'Close’].rolling(window=58).mean() # 58-day moving average
eurusd_data[ 'MA_288°] = eurusd data[ 'Close’].rolling(window=228).mean() # 200-day moving average

# Indicator 3

# Relative Strength Index (R5I)

delta = eurusd_data[ Close’].diff (1)

gain = delta.where({delta > @, @)

loss = -delta.where(delta < @8, @)
average_gain = gain.rolling(window=14).mean()
average_loss = loss.rolling(window=14).mean()
rs = average_gain / average_loss

eurusd data[ 'RSI"] = 180 - (1@e / (1 + rs))

# Drop rows with NaN values resulting from moving average and RSI calculations
eurusd_data = eurusd_data.dropna()

# Features to be used in the model are Close, MACD, Sigmal_Line, MA 58, MA 288, RSI
features = eurusd data[[ 'Close”, '"MACD', "Signal_Line®, 'MA 58°, "MA_28@', "RSI']]

# Using MinMaxScaler to scale the data between @ and 1
scaler = MinMaxScaler(feature_range=(@, 1))
scaled features = scaler.fit_transform(features)

# Splitting the data into training and test sets
train_size = len(eurusd_data[eurusd_data[ 'Date’] < "2822-81-@1"])

train_data_scaled = scaled_features[:train_size]
test _data_scaled = scaled_features[train_size:]

Figure 23 LSTM with Technical Indicators

14



# Define sequence Length
sequence_length = &8

# Function to create input-ocutput sequences
def create_sequences(data, seq length):
X,y = [1, 11
for i in range(seq_length, len(data)):
X.append(data[i-seq length:i]) # Input sequence of length “seg length”
y-append(data[i, @]) # Predict the closing price (first column)
return np.array(X), np.array(y)

# Creagting training and test sequences
X_train, y_train = create_sequences(train_data_scaled, sequence_length)
X_test, y _test = create_sequences(test data scaled, sequence_length)

# Reshaping input data for LSTM
# The input shape should be [samples, time steps, features]

X_train = X_train.reshape( (X _train.shape[@], X_train.shape[1l], X _train.shape[2]))
X_test = X_test.reshape((X_test.shape[@], X _test.shape[1l], X_test.shape[2]))

# Initiaglizing the LSTM model

model = Sequential()

model.add(LSTM(units=188, return_sequences=True, input_shape=(X_train.shape[1], X _train.shape[2])))
model.add(Dropout(@.3)) # Dropout to reduce overfitting

model.add(LSTM(units=188, return_sequences=False))

model . add (Dropout(@.3))

model.add(Dense(units=1)) # Output Layer to predict the closing price

# Compiling the model
model.compile(optimizer="adam", loss='mean_squared_error')

# Training the model
model.fit(X_train, y_train, epochs=38, batch_size=32, wvalidation_data=(X_test, y_test), verbose=1)

Figure 24 LSTM Indicators initialization
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# Predicting on test dota
predictions = model.predict(X_test)

# Inversing transform the predictions and test data to original scale
predictions_unscaled = scaler.inverse_transform(np.hstack((predictions, np.zeros((predictions.shape[@], X_test.shape[2] - 1)))))[..., @]
y_test_unscaled = scaler.inverse_transform(np.hstack((y_test.reshape(-1, 1), np.zeros((y_test.shape[@], X test.shape[2] - 1)))))[..., @]

15/15 ——————— 15 4&ms/step
fig, (ax1, ax2, ax3) = plt.subplots(3, 1, figsize=(14, 16), gridspec_kw={'height_ratios": [3, 1, 1]})

# Plotting actual test data and LSTM forecast on the first subplot

axl.plot(eurusd_data[ "Date’ ][ -len(y_test_unscaled):], y_test_unscaled, label="Actual Test Data’, color="blue')
ax1.plot(eurusd data[ 'Date’][-len{predictions_unscaled):], predictions_unscaled, label="LSTM with Technical Indicators Forecast', color='orange', linest
axl.plot(eurusd_data[ "Date’ ][ -len(y_test_unscaled):], eurusd_data[’MA_5@'][-len(y_test_unscaled):], label='58-Day MA', color="red', linestyle='-.")
ax1.plot(eurusd data[ 'Date’][-len(y_test unscaled):], eurusd data['Ma_2@8@'][-len(y_test unscaled):], label="286-Day MA', color='purple’, linestyle='-.")
axl.set_title('EUR/USD Forex Price Prediction with LSTM and Moving Averages')

axl.set_xlabel('Date’)

axl.set_ylabel('Closing Price"’)

axl.legend()

ax1.grid(True)

# Plotting MACD Lines and histogram on the second subplot

ax2.plot(eurusd data[ 'Date’][-len(y_test unscaled):], eurusd data[ "MACD'][-len({y_test unscaled):], label="MACD Line', color='blue')
ax2.plot(eurusd_data[ "Date’ ][ -len(y_test_unscaled):], eurusd_data[ Signal_ Line"][-len(y_test_unscaled):], label="Signal Line', color="red")
ax2.bar(eurusd_data[ 'Date’][-len(y test unscaled):], eurusd_data[ MACD Hist'][-len(y_test unscaled):], color=['green’ if val »>= @ else ‘red’ for val in
ax2.axhline(@, color='black', linewidth=@.5, linestyle='--') # Zero Line for MACD

ax2.set_title('MACD Indicater')

ax2.set_xlabel('Date”)

ax2.set_ylabel('MACD Value')

ax2.legend()

ax2.grid(True)

# Plotting RSI on the third subplot

ax3.plot(eurusd data[ 'Date’][-len{y_test_unscaled):], eurusd_data['RSI'][-len{y_test_unscaled):], label='RSI', color="green')
ax3.axhline(7@, color="red', linestyle="--', linewidth=0.5, label="Overbought (7@)')

ax3.axhline(3@, color="blue’, linestyle="--', linewidth=08.5, label="Oversold (38)")

ax3.set_title('RSI Indicator')

ax3.set_xlabel('Date’)

ax3.set_ylabel('RSI Value')

ax3.legend()

ax3.grid(True)

plt.tight_layout()
plt.show()

Figure 25 Prediction and Visualization of LSTM with Technical indicators
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