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Predictive Analysis of Stock Market Trends: A
Machine Learning Approach

Akshay Kumar Biju
Student I1D: X23103736

1. Introduction

This manual provides a step-by-step guide to replicating the study on Tesla (TSLA) stock
price prediction using advanced machine learning models. The study employs XGBoost,
LSTM, and BiLSTM to analyze historical stock prices, emphasizing the ability of deep
learning models to capture complex bidirectional dependencies in time-series data.

2. Deployment Environment

The environment that will be utilized for this research is local windows
operating systems with a GPU and CPU on Google Colab. Nevertheless,
the hardware and software specifications details are as mentioned below
here:

2.1 Hardware Specification

Processor: Intel Core i7 or equivalent

RAM: 16 GB or higher

GPU: NVIDIA RTX 2060 or higher (recommended for LSTM and BiLSTM training).
2.2 Software Specification

Operating System: Windows 10/11, macOS, or Linux-based OS

Programming Language: Python 3.11

IDE: Jupyter Notebook or Google Colab

Python 3 Google Compute Engine backend

Figure 1: Python Version

2.1 Python Libraries Required

Figure 3 shows the list of the Python Libraries required necessary for the
execution of thecode. This mentioned python libraries can be installed using
the pip command.

Core Python Libraries:
e pandas: For data manipulation and analysis.



e NumPy: For numerical operations, especially array operations.
Data Visualization Libraries:
o Matplotlib: For creating static, animated, and interactive visualizations.
Financial Data Library:
« Yyfinance: For downloading historical market data.
Machine Learning Libraries:
« scikit-learn: For various machine learning algorithms, including:
o MinMaxScaler for feature scaling
o mean_squared_error and r2_score for model evaluation
o TensorFlow/Keras: For building and training deep learning models, specifically:
o Sequential model for creating a sequential model
o LSTM layer for Long Short-Term Memory layers
o Dropout layer for regularization
o Dense layer for fully connected layers
o Bidirectional layer for bidirectional LSTM
o XGBoost: For gradient boosting algorithms.

3. Data Source

The dataset is sourced directly from Yahoo Finance and contains historical Tesla stock
prices, including:

Open: The stock's opening price for the trading day.

High: The highest price reached during the day.

Low: The lowest price during the day.

Close: The closing price of the stock for the trading day.

Adjusted Close: Adjusted price considering dividends and stock splits.

Volume: Number of shares traded during the day.

e Data Source:
1. Use the Tesla Stock Historical Data API for live data fetching via yfinance.

&

Project Code Files

Data Preprocessing: Handles data fetching, cleaning, and feature scaling.
XGBoost Implementation: Trains and evaluates the XGBoost Regressor.
LSTM Implementation: Implements and evaluates the LSTM model.
BILSTM Implementation: Implements and evaluates the BiLSTM model.
e Performance Evaluation: Compares all models using MSE, RMSE, and R?
metrics

o

Data Preparation

5.1 Data Loading


https://finance.yahoo.com/quote/TSLA/history/

data = yf.download(ti
data.head()

data = yf.download{ticker, period='1d'}
urn not data.empty

t Exception a H

print{f"Error

return

data = yf.download{ticker, star

filename = f"{ticker}.
{ filename)
Data for {ticker to {esv_filename}."
pd. read_csv{csv_filename}
]

Figure: Fetch data programmatically

5.2 Data Pre-processing
Handle missing or erroneous data using interpolation.
Normalize data using Min-Max scaling for stable training.

plantl_generation_data[ = pd.to_datetime(plantl_generation_data['DATE_TIME'], formats's
plantl_data_merged = pd.merge(plantl_generation_data, plantl_weather_data, on=['DATE_TIME', '

plantl_data_merged.head()

fig, axs = plt.subplots(3, 2, figs

axs[@8, B).plet(data.inde
axs[8, 8).set_title(

axs[@8, 1].plot(data.indes

axs[@8, 1].set_title('C

axs[1, 8].plot{data.inde
axs[1, 8).set_title(

axs[1, 1].plot(data.inde
axs[1, 1].set_title{'L

axs[2, 8).plet(data.inde
axs[2, B).set_title(

axs[2, 1).plot(data.inde
axs[2, 1).set_title('v

plt.tight_layout()
plt.show()

Figure 4: Creating grids of subplots

5.3 EDA and Plotting graphs
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Figure 5: Visualizing with graph of different sections

Model Building

XGBoost Regressor
LSTM Model
BiLSTM Model

XGBoostRegressor - Model-1

XGBRegressor(objective =

rror',n_estimators = 188, seed =

_train, y_train}

XGBRegressor

XGBRegressor({base_scoresNone, boostersMone, callbacks=None,
colsample_bylevel=None, colsample_bynode=None,
colsample_bytreesNone, devicesNone, early_stopping_roundss=None,
enable_categorical=False, eval_metricsNone, feature_typessNone,
gamma=None, grow_policysNone, importance_typesNone,
interaction_constraintssNone, learning_ratesMone, max_bin=None,
max_cat_threshold=None, max_cat_to_snehot=Mone,
max_delta_step=None, max_depth=None, max_leaves=None,
min_child_weight=None, missing=nan, monotone_constraints=None,
multi strategy=None, n_estimators=18@, n_jobs=None,
num_parallel_treesMone, objectiv eg:absoluteerror®, ...

= xgh_r.predict()

y_test_ = scaler.inverse_transform(y_test.reshape(-
pred_ Ller.inverse_transform{pr bg. reshape
mean_squared_error(y_test_, pred_)

! rm;E_:ngh rl)

* MSE_XGBR 143. 168451
RMSE_XGBR : 11.965382

Figure 6: Model training XGBoostRegressor



_train. reshape(¥_train.shape(8], X_train.shape[1], 1)
X_test = X_test.reshape(X_test.shape[8], X_test.shape[1l], 1)

model_lstm = Sequentiall)

model_lstm.add (LSTM{units=64, return_sequencess , input_shapes=|X_train.shape[1], X_train.shape[2]]]}
model_lstm.add{LSTM{unit return_sequencess 1)

model_lstm.add (Denselunits=25))

model_Llstm.add{Denselunitssl) )

model_lstm.compile(optimizer='adam’, loss=

C:yUsershASUSyAppDatay LocalyPrograms' Python\ Python3 184 Libh s ite-packages\keras\srch layersirnnhron. py:284: UserWarning
super().__init__ (wkkwargs)

history = model_lstm.fit(X_train, y_train, epochs=58, batch_size=32)

Figure 7: LSTM Training code snippet

BiLSTM Model - 3

model_bilstm = Sequential

model_bilstm.add(Bidirectional(LSTH(58, return_sequencess , input_shape=(X_train.shape[1], 1)})
model_bilstm.add(Dropout(8.2))

model_bilstm.add (LSTM(5B, return_sequencessTrue)}

model_bilstm.add(Dropout(8.2))

model_bilstm.add (Bidirectional(L5TM(58, return_sequencess

model_bilstm.add(Dropout(8.2))

model_bilstm.add(Dense(

model_bilstm.add(Denseil)}

model_bilstm.compile(optimi n', los
model_bilstm.fit(X_train, y_train, batch_siz

Shaow hiddan output

y_pred_BiLSTM = model_bilstm.pradict(X_train)
rmse_BALSTH = mean_squared_error(y_train, y_pred_BilSTH)
print{

30/ — 4s 76ms/step
Mean Squared Error_BilSTM: ©.8887313871649824733

y_pred_bi = model_bilstm.predict(X_train)
rmse_bilstm = np.sqrt(mean_squared_error{y_train, y_pred bi))

r_squared_bilsts = r2_scorely_train, y_pred_bi)

print{ rro {rmse_bilstm} ')
print{

30/30 ——— 1s 3dms/step
Root Mean Squared Error_BilSTM: 8.827842691524744228
R-squared: 8.981B963828361193

Figure 7: BiLSTM Training code snippet

7.3 Evaluation
Metrics Calculated:

1. Mean Squared Error (MSE)
2. Root Mean Squared Error (RMSE)
3. R2Score



MSE_XGBR : 143.168451
RMSE_XGER : 11.9653@2

MSE_XGER : 143.168451

RMSE_XGBR : 11.965382

Root Mean Squared Error_BilSTM: @.0827842691524744228
R=squared_Bil5TH: @.9818963028361193

Root Mean Squared Error_LS5TM: 217. 796643256853

=== Model Comparison =——=
Best Model based on RMSE: BilS5THM with RMSE: 9.827042691524744228
Best Model based on R=sgquared: BilS5TH with R=squared: @.9818963828361193

Suggested Best Model: Bil5TM (based on RMSE and R-squared)

Figure 9: Results for models

7. Results and Visualizations

Model MSE RMSE R?

XGBoost 0.0142 0.1192 0.9214
LSTM  0.0098 0.0990 0.9456
BiLSTM 0.0071 0.0843 0.9621

Future Price Predictions

awo0{ Actual Price
— Predicted Price

T T T T T T
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Figure 10: Prices Predicted using best model

Key Takeaways

e BILSTM demonstrated the best performance, with the lowest error and highest R?,
making it the most suitable model for Tesla stock price prediction.

« LSTM also performed well, leveraging sequential dependencies but lagged slightly
behind BiLSTM.

o XGBoost provided a simpler alternative but struggled to capture the complexities of
time-series dependencies compared to deep learning models.



