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Series Analysis

RAMBABU KARICHETI
22244239
DATA ANALYTICS
NATIONAL COLLEGE OF IRELAND

1. Introduction

This research focuses on enhancing the prediction accuracy of cryptocurrency prices using
Transformer-based models, which are well-suited for time-series analysis. The goal is to
apply advanced machine learning techniques to predict future cryptocurrency prices by
analyzing historical data, integrating Transformer models with traditional algorithms for
baseline comparisons. This manual outlines the steps and configuration needed for the study,
from data acquisition to model evaluation.

2. Prerequisites

Software Requirements

e Python (>= 3.6): Python is the primary programming language used for this study.

e TensorFlow: For building and training the Transformer model and other deep learning
algorithms.

e Keras: A high-level neural network library for easy model building.

e scikit-learn: For traditional machine learning models (e.g., SVM, Random Forest,
Gradient Boosting).

e pandas: For data handling and preprocessing.

e NumPy: For numerical computations.

e matplotlib & seaborn: For data visualization.

e plotly: For interactive visualizations.

e Jupyter Notebook/IDE: Recommended for running and managing the code.

To install the required libraries, use the following command:

pip install tensorflow pandas scikit-learn matplotlib seaborn plotly

3. Data Preparation and Preprocessing



3.1 Data Acquisition

The cryptocurrency data must be loaded from a CSV file containing historical price data
which is sourced from the kaggle. Each row should represent a specific timestamp, including
columns such as the Timestamp, Open, High, Low, Close, Volume BTC, and Volume USD.

Table 1: Description of Dataset

Column Description 1[_)3;2
Timestam A numerical representation of the date and time when the data int6A
P point was recorded (Unix format).
Date The date of the data entry in a human-readable format (likely obiect
"YYYY-MM-DD"). J
The ticker symbol of the asset being traded (e.g., cryptocurrency .
Symbol or financial asset). object
Open ggﬁoodpenmg price of the asset at the beginning of the given time floatba
High ggﬁohdlghest price reached by the asset during the given time floatba
Low ;’:ﬁ()lgwest price reached by the asset during the given time floatba
Close The closing price of the asset at the end of the given time period. | float64
Volume The total amount of the asset traded, measured in Bitcoin (BTC) floatba
BTC during the given time period.
Volume The total value of the asset traded, measured in US Dollars (USD) floatbd
uUsD during the given time period.

3.2 Data Exploration
Use Pandas to explore the dataset. This includes viewing the first and last rows, checking for
basic information, and reviewing basic statistics about the data.



https://www.kaggle.com/datasets/swaptr/bitcoin-historical-data

#view the first 18 values of the
crypto_data.head(1@)

Timestamp
0 1676939580000
1 1676939520000
2 1676939460000
1676939400000

5]

4 1676939340000

[

1676939280000

[=a]

1676939220000
1676939160000

~

=]

1676939100000

w

1676939040000

Date
2023-02-21 00:33:00
2023-02-21 00:32:00
2023-02-21 00:31:00
2023-02-21 00:30:00
2023-02-21 00:2%:00
2023-02-21 00:28:00
2023-02-21 00:27:00
2023-02-21 00:26:00
2023-02-21 00:25:00
2023-02-21 00:24:00

attributes

Symbol
BTC/USD

Open
24859.34
BTC/USD 24821.96
BTC/USD 24818.09
BTC/USD 24812.25
BTC/USD  24809.27
BTC/USD  24809.28
BTC/USD  24809.28
BTC/USD  24809.28
BTC/USD  24821.31

BTC/USD 24817.20

High
24859.34
24359.34
24321.96
24518.09
24312.25
24309.28
24309.28
24509.28
24321.31
24821.31

Low
24859.34
24821.96
2481547
24812.25
24809.27
24809.27
24809.28
24809.28
24809.28
24811.49

Close
24859.34
24859.34
24821.96
24818.09
24812.25
24809.27
24809.28
24809.28
24809.28
24821.31

Volume ETC
0.000000
0.103099
0.090640
0.002203
0.090675
0.003961
0.000000
0.000000
0.001361
0.212014

Python

Volume USD
0.000000
2562.977818
2249.866178
54.681450
2249.862431
98.279938
0.000000
0.000000
33.758732
5262474899

#view the last 18 values of the attributes
crypto_data.tail(1e)

Timestamp

Date

Symbol Open

3766753
3766754
3766755
3766756
3766757
3766758
3766759
3766760
3766761
3766762

1444312740
1444312080
1444312020
1444311960
1444311900
1444311840
1444311780
1444311720
1444311660
1444311600

2015-10-08 13:49:00
2015-10-08 13:48:00
2015-10-08 13:47:00
2015-10-08 13:46:00
2015-10-08 13:45:00
2015-10-08 13:44:00
2015-10-08 13:43:00
2015-10-08 13:42:00
2015-10-08 13:41:00
2015-10-08 13:40:00

BTC/USD
BTC/USD
BTC/USD
BTC/USD
BTC/USD
BTC/USD
BTC/USD
BTC/USD
BTC/USD
BTC/USD

242.96
242.96
242.96
242.96
242.96
242.96
242,95
242.95
242.50

0.00

High
243.00
242.96
242.96
242.96
242.96
242.96
242.96
24295
24295
242,50

242.96
242.96
242.96
242.96
242.96
242.96
242,95
242.95
242.50

0.00

243.00
242.96
242.96
242.96
242.96
242.96
242.96
242.95
242.95
242.50

0.100000
0.000000
0.000000
0.004000
0.000000
0.033491
0.010000
0.000000
0.001000
0.050000

Python

Close Volume BTC Volume USD

24.300000
0.000000
0.000000
0.971840
0.000000
8.137003
2.429600
0.000000
0.242950

12.125000

#basic information about the dataset

crypto_data.info()

<class 'pandas.core.frame.DataFrame’>
RangeIndex: 3766763 entries, @ to 3766762
Data columns (total 9 columns):

#  Column Dtype

@ Timestamp  intéd

1 Dats object
2  Symbol object
3 Open floate4d
4 High floate4d
5 Low floated
6 Close float6d
7  Volume BTC float64

8 Volume USD floatéd
dtypes: floatb4(6), int64(1), object(2)
memory usage: 258.6+ MB




count
mean
std
min
25%
50%
5%

max

Timestamp
3.766763e+06
9.633091e+11
7.879469e+11
1.444312e+09
1.500813e+09
1.560047e+12
1.620006e+12
1.676940e+12

Open
3.766763e+06
1.497170e+04
1.658607e+04
0.000000e+00
2.750000e+03
8.493230e+03
2.038378e+04
6.8998872+04

#description about the dataset attributes
crypto_data.describe()

High
3.7667632+06
1.497938e+04
1,659550e+04
2.425000e+02
2.7506502+03
8.4978402+03
2.039286e+04
6.9000002+04

Low
3.766763e+06
1.496394e+04
1.657636e+04
0.000000e+00
2.749840e+03
8.489520e+03
2.037482e+04
6.878700e+04

Close
3.7667632+06
1497171e+04
1.658607e+04
2.360000e+02
2.750000e+03
8.493240e+03
2.03837%e+04
6.8998872+04

Volume BTC
3.766763e+06
2.082630e+00
1.6817972+01
0.000000e+00
0.000000e+00
7.482203e-02
9.309989e-01
8.2644632+03

Volume USD
J66763e+06
2.390526e+04
1.135481e+05
0.000000e+00
0.000000e+00
8.237107e+02
1.142039e+04
3.749580e+07

Python

3.3 Data Processing

e Convert the Timestmp column to a datetime format:

# Convert timestamp to datetime format

crypto _data[ 'Timestamp'] = pd.to datetime(crypto_data[ 'Timestamp'], unit="ms")
e Sort data by Timestamp and set as index:

# Reset the index of the DataFrame

crypto_data = crypto_data.reset_index{drop=True)

# Set 'Timestamp' column as index

crypto_data.set_index('Timestamp', inplace=True)

e Drop the irrelevant columns:

crypto_data
crypto_data

# drop the irrevelant column Date
crypto_data.drop(columns=["Date","Symbol"])
crypto _data[ 2286068 : ]

e Handle missing values by forward filling:

# Handle missing walues by forward filling
crypto_data.fillna(method="fill", inplace=True)

e Calculate moving averages and relative strength index (RSI):




# Calculate RSI (Relative Strength Index)
delta = crypto_data[ 'Close’].diff()

gain = delta.where(delta » @, 8)

loss = -delta.where(delta < 8, 8)

gain.rolling(window=14).mean()
loss.rolling(window=14) .mean()

avg_gain
avg_loss

rs = avg_gain / avg_loss
crypto data['RSI'] = 18@ - (188 / (1 + rs))

e Preprocessed Dataset:

# have a look to the processed dataframe attributes
crypto_data

Open High Low Close Volume BTC Voelume USD MA_S MA_30 Price_return RSI
Timestamp

2021-11-27 20:02:00 54984.80 55039.19 54984.80 55039.19 0.03667 2018.571650 54991.284 54980.239333 0.000989 65.096672
2021-11-27 20:03:00 55039.19 557100.00 55038.98 55100.00 1.791091 98689.138895 55016.408 54984.605333 0.001105 70.098338
2021-11-27 20:04:00 55100.00 55104.01 5507130 55104.00 7.893659 434572.180577 55039.176 54989.104667 0.000073 68.575868
2021-11-27 20:05:00 55104.00 55104.00 55046.29 55092.18 1.231642  67853.822926 55064.034 54994.072000 -0.000215 64.683101
2021-11-27 20:06:00 55092.18 55100.47 55040.86 55040.86 0.470982  25923.262581 55075.246 54997.943333 -0.000932 54.657792
2023-02-21 00:29:00 24809.27 24812.25 24809.27 24812.25 0.09067 2249.862431 24809.872 24816.564667 0.000120 44.770528
2023-02-21 00:30:00 24812.25 24818.09 2481225 24818.09 0.002203 54681450 24811.634 24815.658333 0.000235 68.127097
2023-02-21 00:31:00 24818.09 24821.96 2481547 2482196 0.090640 2249.866178 24814170 24814.881000 0.000156  73.954922
2023-02-21 00:32:00 24821.96 24859.34 2482196 24859.34 0.103099 2562977818 24824.182 24815.692000 0.001506 85.644851
2023-02-21 00:33:00 24859.34 24859.34 24859.34 24859.34 0.000000 0.000000 24834.196 24816.600333 0.000000 B6.288578

4. Exploratory Data Analysis
4.1. Visualizing Data

Bitcoin Price Over Time
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Bitcoin Price and Moving Averages
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Histogram of Bitcoin Closing Prices
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5. Feature Engineering and Selection



Correlation Heatmap of Cryptocurrency Data
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5.1. Feature Scaling
Normalize the data using MinMaxScaler for the machine learning models.

# Normalize the data for machine transformer model
scaler_baseline = MinMaxScaler(feature_range=(8, 1))
prices_scaled_baselines = scaler_baseline.fit transform(prices_baselines)

5.2. Data Splitting

Split the data into training and testing sets. The split should be 80% for training and 20% for
testing.

# Split the data into training and testing sets for machine learning model
baseline_train_size = int(len(prices_scaled baselines) * 8.8)
baseline_train, baseline_test = prices_scaled_baselines[B:baseline_train_size, :], prices_scaled baselines[H
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6. Model Implementation
6.1. Baseline Models

6.1.1. Support Vector Machine (SVM)

# Define a parameter grid for simple tuning
param_grid = {
'C': [@.91, 8.1], # Regularization parameter
‘kernel’: ['linear’] # Kernel type

# Set up GridSearchCV to perform simple tuning
svm_model = SVR(max_iter=68)

GridSearchCV(svm_model, param_grid, cv=5, n_jobs=-1)
it(baseline_trainX.reshape(baseline_trainX.shape[@], -1), baseline_trainY)

grid_search
grid_search.

-+ 0

# Get the best model
best_svm_model = grid_search.best_estimator_

# Predict with the tuned SWM model
svm_predictions = best_svm_model.predict(baseline_testX.reshape(baseline_testX.shape[@], -1))

# Inverse transform the predictions for SVM Model
svm_predictions_inv = scaler_baseline.inverse_transform(svm_predictions.reshape(-1, 1))
baseline_testY_rescaled = scaler_baseline.inverse_transform(baseline_testY.reshape(-1, 1))

6.1.2. Random Forest



# Define a parameter grid for hyperparameter tuning
param_grid = {

‘n_estimators’': [38, 78], # Number of trees in the forest
‘max_depth': [1, 3] # Maximum depth of each tree

# Set up GridSearchCV to perform tuning
rf_model = RandomForestRegressor(random_state=42)

grid_search = GridSearchCV(rf_model, param_grid, cv=5, n_jobs=-1)
grid_search.fit(baseline_trainX.reshape(baseline_trainX.shape[8], -1), baseline_trainY)

# Get the best model
best_rf_model = grid_search.best_estimator_

# Predict with the tuned Random Forest model
rf_predictions = best_rf_model.predict(baseline_testX.reshape(baseline testX.shaps[8], -1))

# Inverse transform the predictions for Random Forest
rf_predictions_inv = scaler_baseline.inverse_transform{rf_predictions.reshape(-1, 1)
(-

)
baseline_testY rescaled = scaler_baseline.inverse_transform(baseline_testY.reshapa(-1, 1))

6.1.3. Gradient Boosting

# Define a simple parameter grid for tuning

param_grid = {
'n_estimators': [18, 28], # Number of boosting stages
‘max_depth': [5, 18], # Maximum depth of individual trees

# Set up GridSearchCV to perform hyperparameter tuning
gbm_model = GradientBoostingRegressor(random_state=42)

grid_search = GridSearchCV({gbm_model, param_grid, cv=5, n_jobs=-1)
grid_search.fit(baseline_trainX.reshape(baseline_trainX.shape[&], -1), baseline_trainy)

# Get the best model
best_gbm_model = grid_search.best_estimator_

# Predict with the tuned Gradient Boosting model
gbm_predictions = best_gbm _model.predict(baseline_testX.reshape(baseline_testX.shape[8], -1))

# Inverse transform the predictions for Gradient Boosting
gbm_predictions_inv = scaler_baseline.inverse_transform(gbm_predictions.reshape(-1, 1))
baseline_testY_rescaled = scaler_baseline.inverse_transform(baseline_testY.reshape(-1, 1))

6.1.4. Recurrent Neural Network (RNN)
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# Recurrent Neural Network Model

rnn_model = Sequential()

ran_model . add{SimpleRNN(units=18, return_sequences=False, input_shape=(baseline trainX.shaps[1], 1)))
rnn_model.add({Dense(units=1)) # Output layer for regression

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

# Train the RNN model
ran_model.fit{baseline trainX, baseline trainY, epochs=1, batch_size=128)

IARNING: All log messages before absl::Initializeleg() is called are written to STDERR

8280 B80:00:1734884868.579244 568 service.cc:145] XLA service @x5d51586e281b8 initialized for platform
8280 90:00:1734884868.579291 568 service.cc:153]  StreamExecutor device (B): Tesla T4, Compute Capab
0280 ©0:00:1734884868.579285 568 service.cc:153]  StreamExecutor device (1): Tesla T4, Compute Capab
3/161 7s 47ms/step - loss: 8.8379

fE80 ©6:080:1734884869. 3143860 568 device_compiler.h:188] Compiled cluster using XLA! This line is log

161/161 6s 28ms/step - loss: B.08886

keras.src.callbacks.history.History at ex79@8fcha8doe:>

# Predict with RHN
rnn_predictions = rnn_model.predict(baseline_testX)

# Inverse transform the RNMN predictions
rnn_predictions_inv = scaler_baseline.inverse_transform{rnn_predictions)

6.1.4. Long Short Term Memory (LSTM)

# LSTM Model

1stm_model = Sequential()

lstm_model.add(LSTM{units=18, return_sequences=False, input_shape=(baseline_trainX.shape[1], 1)})
1stm_model.add(Dense(units=1)) # Output layer for regression
1stm_model.compile(optimizer="adam"', loss='mean_squared_error')

# Train the LSTM model
lstm_model.fit(baseline_ trainX, baseline train¥, epochs=1, batch_size=128)

161/161 4s 12ms/step - loss: 8.8976

<keras.src.callbacks. history.History at 8x7988f3fofl13e>

# Predict with LSTM
lstm_predictions = lstm_model.predict(baseline_testX)

# Inverse transform the LSTM predictions
lstm_predictions_inv = scaler_baseline.inverse transform{lstm_predictions)

6.2. Transformer Model
Implement a Transformer-based architecture using the MultiHeadAttention layer.

11



# Transformer Encoder Model using MultiHeadAttention (Time-Series Forecasting Transformer)
def transformer_encoder{inputs, head_size, num_heads, ff_dim, dropout=@):
x = LayerNormalization(epsilon=1e-6)(inputs)
X = MultiHeadAttention(key_dim=head_size, num_heads=num_heads, dropout=dropout)(x, x)
X = Dropout(dropout)(x)
res = Add()([x, inputs])

= LayerNormalization(epsilon=1e-6)(res)
= Densea(ff_dim, activation="relu")(x)
Dropout (dropout ) (x)

= Densa(inputs.shape[-1])(x)

return Add()([x, res])

womoH oM
n

# Input shape based on the time-series data (look-back period)
input_shape = baseline trainX.shape[1l:] # Time steps and features

# Create the input layer
inputs = Input(shape=input_shape)

# Apply transformer encoder to the inputs
x = transformer_encoder{inputs, head_size=256, num_heads=4, ff_dim=4, dropout=8.1)

£

Use GlobalAveragePoolinglD to pool the sequence’s features into a fixed-size vector
= GlobalAveragePoolinglD()(x)

<

Add Dense layers
= Dropout(@.1)(x)
= Dense(128, activation="relu")(x)
= Dropout(®.1)(x)

® X o®K

# Output layer for regression task (predicting the Bitcoin price)
outputs = Dense(1)(x)

# Build the model

model_transformer = Sequential()

model transformer.add(LSTM(units=58, input_shape=(1, look_back))))
model transformer.add(Dense(units=1))

# Compile the model
model transformer.compile(optimizer=Adam(learning rate=8.8801), loss='mean_squared_error’)

# Early stopping for model training
early_stopping = EarlyStopping(monitor="val_loss', patience=18, restore_best_weights=True)

Loss

Model Loss Over Epochs

—e— Training Loss

Validation Loss
0.08

0.06

0.04

0.02

0.00

Epochs
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7. Model Evaluation
Evaluate the models using metrics like Mean Squared Error (MSE), Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE), and R2 score.

Model Evaluation Metrics DataFrame:

Model MSE MAE RMSE R2
0 Support Vector Machine  2.221814e+06 1359489556 14590575193  0.643735
1 Random Forest 2.610944e+06 1424.142772 1615841482 0.581338
2 Gradient Boosting 2.577986e+06 1545.664618 1605610937 0.586623
3 RNM  1.238452e+06 1045977701 1112857633 0.801416
4 L5TM  1.020238e+06  957.303268 1010.068098 0.836406

LR

Proposed Transformer Model 1.237096e+05 295126108  351.723755 0.980163

8. Model Comparison

After evaluating all the models, we want to compare their performance on the various metrics
(MSE, MAE, RMSE, R?). This step helps identify which model performs best for the
cryptocurrency price prediction task.

8.1 Visualization of Model Comparison
This will generate a comparison chart for the MSE, MAE, RMSE, and R2 scores across the
different models:
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MSE Comparison of Models MAE Comparison of Models

Proposed Transformer Model 295.13

123709.60 Proposed Transformer Model

LSTM 1020237.56 LSTM 57.30

RNN 238452.11 RNN 1045.98

Gradient Boosting 577986.48 Gradient Boosting 1549.66

Random Forest 610943.70 Random Forest 1424.14

Support Vector Machine 221814.40 Support Vector Machine 1389.49

0.0 0.5 1.0 15 2.0 25 0 250 500 750 1000 1250 1500
Mean Squared Error (MSE) le6 Mean Absolute Error (MAE)
RMSE Comparison of Models R? Score Comparison of Models

Proposed Transformer Model 51.72 Proposed Transformer Model 0.98

LST™ 1010.07 LsT™ 0.84

RNN 1112.86 RNN 0.80

Gradient Boosting

1605.61 Gradient Boosting 0.59

Random Forest 615.84 Random Forest 0.58

Support Vector Machine 1490.58 Support Vector Machine 0.64

=]

250 500 750 1000 1250 1500 0.0 0.2 0.4 0.6 0.8 1.0
Root Mean Squared Error (RMSE) R? Score

Conclusion

This manual provides a detailed framework for predicting cryptocurrency prices using
various machine learning models, from traditional algorithms like Support Vector Machines
and Random Forests to advanced models like RNNs, LSTMs, and Transformer-based
architectures. The Transformer model, due to its ability to capture long-term dependencies,
demonstrated superior performance in predicting cryptocurrency prices compared to other
models. While traditional models not much performed well, they struggled to effectively
model the time-series nature of the data. This approach offers a solid foundation for building
advanced systems in cryptocurrency prediction, with potential applications in automated
trading and risk management.
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