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Predicting Stock Prices with LSTM
Models

« In the ever-evolving world of finance, accurately predicting
stock prices remains one of the most challenging yet
rewarding tasks.

« With the rapid advancements in machine learning, Long
Short-Term Memory (LSTM) models have emerged as
powerful tools for analyzing sequential data such as
historical stock market prices.

« This article explores how LSTM models work and how they
can be used to train and deploy a stock price prediction
system.
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Understanding LSTM Models

« LSTM is a type of recurrent neural network (RNN)
specifically designed to capture long-term dependencies in
sequential data.

« Unlike traditional RNNs, LSTMs solve the vanishing gradient
problem by introducing a unique structure: the memory cell
and three gates (input, output, and forget gates).

« These gates allow LSTMs to selectively retain or discard
information, making them particularly suited for time-series
data like stock prices.
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Why Use LSTMs for Stock Price Prediction?

« Stock prices are inherently influenced by historical trends,
making time-series analysis critical for prediction.

« Traditional statistical models, such as ARIMA, often fail to
capture the complex, non-linear patterns present in
financial data.

« LSTM models, on the other hand, excel at learning these
patterns due to their ability to model long-term
dependencies and handle noisy data.
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Steps to Build an LSTM Model for Stock Prediction

Data Collection and Preprocessing
« Gather historical stock price data, including features like
open, high, low, close prices, and trading volume.
« Clean the data by handling missing values and outliers.
« Normalize the data to scale features between O and 1,
which helps the model converge faster.
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Steps to Build an LSTM Model for Stock Prediction

Feature Selection
« |dentify key features that influence stock prices. These could

include technical indicators (e.g., moving averages, RSI) and
external factors (e.g., economic data, news sentiment).

Model Architecture
e Design an LSTM network with an appropriate number of
layers and neurons.
« Add dropout layers to prevent overfitting.
« Use activation functions like RelLU or tanh for hidden layers
and linear activation for the output layer.
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Steps to Build an LSTM Model for Stock Prediction

Training the Model
« Split the data into training and testing sets.
« Choose a loss function such as Mean Squared Error (MSE)
and an optimizer like Adam.
« Train the model on a sliding window of time-series data to
capture trends.

Evaluation
o Test the model on unseen data and evaluate performance
using metrics like RMSE (Root Mean Squared Error) or MAE
(Mean Absolute Error).
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Steps to Build an LSTM Model for Stock Prediction

Deployment
« Deploy the trained model as an API or integrate it into a
trading platform.
« Regularly retrain the model with updated data to maintain
accuracy.




POST 32
DATA SCIENCE FOR ALL

Use Case: Predicting Tesla (TSLA) Stock Prices

Let's consider a use case of predicting Tesla (TSLA) stock prices
using an LSTM model. Below is a Python implementation:

IMPORT NUMPY AS NP

IMPORT PANDAS AS PD

IMPORT MATPLOTLIB.PYPLOT AS PLT

FROM SKLEARN.PREPROCESSING IMPORT MINMAXSCALER

FROM TENSORFLOW.KERAS.MODELS IMPORT SEQUENTIAL

FROM TENSORFLOW.KERAS.LAYERS IMPORT LSTM, DENSE, DROPOUT

# LOAD THE DATASET
DATA = PD.READ_CSV('TSLA.CSV") # REPLACE WITH THE PATH TO YOUR DATASET
DATA = DATAII'CLOSE']] # USING 'CLOSE' PRICES FOR SIMPLICITY

# PREPROCESS THE DATA
SCALER = MINMAXSCALER(FEATURE_RANGE=(0, 1))
DATA_SCALED = SCALER.FIT_-TRANSFORM(DATA)

# CREATE TRAINING AND TESTING DATASETS
TRAIN_SIZE = INT(LEN(DATA) * 0.8)
TRAIN_DATA = DATA_SCALEDL:TRAIN_SIZE]
TEST_DATA = DATA_SCALEDITRAIN_SIZE:]
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Use Case: Predicting Tesla (TSLA) Stock Prices

Let's consider a use case of predicting Tesla (TSLA) stock prices
using an LSTM model. Below is a Python implementation:

# PREPARE THE DATA FOR LSTM
DEF CREATE_DATASET(DATA, TIME_STEP=60):
X Y=I[1l
FOR | IN RANGE(LEN(DATA) - TIME_STEP - 1)
X.APPEND(DATAIL(I + TIME_STEP), 01
Y.APPEND(DATAII + TIME_STEP, 01
RETURN NP.ARRAY(X), NP.ARRAY(Y)

TIME_STEP = 60
X_TRAIN, Y_TRAIN = CREATE_DATASET(TRAIN_DATA, TIME_STEP)
X_TEST, Y_TEST = CREATE_DATASET(TEST-DATA, TIME_STEP)

# RESHAPE INPUT TO [SAMPLES, TIME_STEPS, FEATURES]
X_TRAIN = X_TRAIN.RESHAPE((X_TRAIN.SHAPEI[0], X_TRAIN.SHAPEI1], 1)
X_TEST = X_TEST.RESHAPE((X_TEST.SHAPEI[0], X_TEST.SHAPEI1], 1))
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Use Case: Predicting Tesla (TSLA) Stock Prices

Let's consider a use case of predicting Tesla (TSLA) stock prices
using an LSTM model. Below is a Python implementation:

# BUILD THE LSTM MODEL

MODEL = SEQUENTIAL()

MODEL.ADD(LSTM(UNITS=50, RETURN_SEQUENCES=TRUE,
INPUT_SHAPE=(X_TRAIN.SHAPEI1], 1))
MODEL.ADD(DROPOUT(0.2))

MODEL.ADD(LSTM(UNITS=50, RETURN_SEQUENCES=FALSE))
MODEL.ADD(DROPOUT(0.2))

MODEL.ADD(DENSE(UNITS=1))

# COMPILE AND TRAIN THE MODEL

MODEL.COMPILE(OPTIMIZER='ADAM', LOSS="MEAN_SQUARED_ERROR’)
MODEL.FIT(X_TRAIN, Y_TRAIN, EPOCHS=20, BATCH_SIZE=32, VALIDATION_DATA=(X_TEST,
Y_TEST), VERBOSE=1)

# MAKE PREDICTIONS
PREDICTIONS = MODEL.PREDICT(X_TEST)
PREDICTIONS = SCALER.INVERSE_TRANSFORM(PREDICTIONS)
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Use Case: Predicting Tesla (TSLA) Stock Prices

Let's consider a use case of predicting Tesla (TSLA) stock prices
using an LSTM model. Below is a Python implementation:

# VISUALIZE THE RESULTS

PLT.FIGURE(FIGSIZE=(10, 6))

PLT.PLOT(DATA.INDEXITRAIN_SIZE + TIME_STEP + 1:],
SCALER.INVERSE_TRANSFORM(TEST_DATAILTIME_STEP + 1:]), LABEL='ACTUAL PRICES’)
PLT.PLOT(DATA.INDEXLTRAIN_SIZE + TIME_STEP + 1:], PREDICTIONS, LABEL='"PREDICTED
PRICES")

PLT.XLABEL(DATE')

PLT.YLABEL(PRICE"

PLT.LEGEND()

PLT.TITLE('TESLA STOCK PRICE PREDICTION")

PLT.SHOW()
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Challenges and Limitations

While LSTM models are powerful, they are not without
limitations:
« Data Quality: Poor-quality or insufficient historical data can
adversely affect predictions.
 Overfitting: LSTMs can overfit to training data if not
carefully regularized.
 Market Volatility: Sudden market events or anomalies may
not be captured by historical patterns, limiting the model’s
predictive power.
« Computational Cost: Training LSTM models can be
computationally expensive and time-consuming.
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Summary

« LSTM models offer a promising approach for predicting
stock prices by leveraging historical data and uncovering
hidden patterns.

« By following a systematic approach—from data
preprocessing to deployment—traders and analysts can
build robust systems to support investment decisions.

« However, it's essential to recognize the inherent
uncertainties of the stock market and use these models as
part of a broader strategy rather than a standalone

solution.
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