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Abstract—Stock market prediction is one of the most
challenging problems in financial analytics because
prices are influenced by multiple dynamic factors,
including economic conditions, investor sentiment,
company performance, and global events. Traditional
statistical forecasting techniques often fail to capture the
nonlinear and sequential characteristics of financial
time-series data. Long Short-Term Memory (LSTM)
networks have emerged as an effective deep learning
approach for modelling temporal dependencies in such
data. This study presents a deep learning framework for
forecasting stock closing prices using an LSTM neural
network. Historical stock market data are collected from
publicly available financial sources and pre-processed
through data cleaning, Min-Max normalization, and
sequence generation, before being split into training and
testing sets. Model performance is evaluated using Mean
Absolute Error (MAE), Mean Squared Error (MSE),
and Root Mean Square Error (RMSE), with predicted
prices also compared visually against actual market
prices. The proposed approach demonstrates that LSTM
networks can effectively capture long-term dependencies
in financial time-series data and produce reliable short-
term forecasts under normal market conditions. While
unpredictable economic events and volatility remain
significant challenges, the findings indicate that deep
learning offers a promising alternative to conventional
forecasting methods, providing a simple and
reproducible foundation for future research involving
hybrid models and technical indicators.
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L INTRODUCTION

The stock market plays a significant role in the global
economy, enabling companies to raise capital and
investors to generate returns. Analysing the vast
volumes of historical price and volume data produced
daily to predict future prices has been a major research
focus in finance, economics, statistics, and computer
science. Because stock prices are influenced by
company performance, macroeconomic conditions,
government policy, geopolitical events, market
sentiment, and unexpected global events, financial
markets are highly volatile and difficult to model using
traditional techniques.

OVERVIEW

The Stock Market’'s Global
Impact

Challenges: Volatility &
Complexity

Evolution from Traditional
Methods to Deep Learning

Machine Learning vs. Long
Short-Term Memory (LSTM)

Fig. 1.1 Overview

Conventional forecasting methods such as Moving
Average, Exponential Smoothing, and ARIMA
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perform reasonably well on linear or seasonal data but
struggle to capture the nonlinear relationships and
long-term dependencies present in stock prices and
typically require strong distributional assumptions that
rarely hold in real markets. Machine learning
algorithms such as Decision Trees, Random Forests,
SVM, Gradient Boosting, and Artificial Neural
Networks improved on this by automatically
identifying hidden relationships without explicit
mathematical assumptions, but most treat observations
independently and so cannot effectively capture
sequential dependencies between trading days.

Deep learning addresses this gap by automatically
extracting complex, hierarchical features from raw
sequential data. Recurrent Neural Networks (RNNs)
were designed specifically for sequential information
but suffer from vanishing gradients that limit their
ability to learn long-term relationships. Long Short-
Term Memory (LSTM) networks overcome this
limitation through memory cells and gating
mechanisms: a forget gate determines which
information to discard, an input gate decides what new
information to store, and an output gate controls what
is passed to the next hidden state. This structure allows
LSTM to retain relevant historical information over
extended periods, making it well suited to time-series
forecasting tasks such as stock price prediction, and it
has consequently become one of the most widely
adopted deep learning models for financial
forecasting.

Despite these advances, stock market prediction
remains inherently uncertain, since prices are affected
by random events, such as economic announcements,
earnings reports, and geopolitical shocks, that cannot
always be anticipated from historical data alone.
Predictive models should therefore be viewed as
decision-support tools that provide probabilistic
insight rather than guarantees. Data preprocessing is
likewise critical: raw financial datasets often contain
missing values and inconsistent scales, so
normalization and the construction of sequential input
windows are essential steps for stable, efficient
training.

This research presents a simple, systematic, and
reproducible LSTM-based framework for stock price
prediction. Historical price data are collected from
public sources and preprocessed through cleaning,
normalization, and sequence generation before an
LSTM model is trained to learn temporal relationships
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within historical closing prices; predictions are then
evaluated using MAE, MSE, and RMSE, alongside a
visual comparison of actual and predicted prices.
Rather than introducing complex hybrid architectures,
the study emphasizes clarity and reproducibility using
widely adopted Python libraries (TensorFlow, Keras,
NumPy, Pandas, Matplotlib, and Scikit-learn), making
it accessible to students and practitioners.

RESEARCH FOCUS & CONTRIBUTIONS

PREPROCESSING “ ﬂ
Cleaning,
Normalization, ﬂ w
Sequence generation

DATA INPUT RECURRENT PREDICTION
NEURAL NETWORK

KEY CONTRIBUTIONS

2=0)
me

REPRODUCIBLE  SYSTEMATIC LSTM STANDARD
FRAMEWORK PIPELINE EFFECTIVENESS METRICS

Fig. 2.1 Research Focus & Contributions

The major contributions of this study are:

* A simple and reproducible framework for stock
price prediction using LSTM.

* A systematic preprocessing pipeline covering data
cleaning, normalization, and sequence generation.

* A demonstration of LSTM's effectiveness in
modelling sequential financial data using historical
prices.

* Model evaluation using standard regression metrics
(MAE, MSE, RMSE).

* An introductory foundation for future research into
hybrid models, technical indicators, and sentiment
analysis.

II. LITERATURE REVIEW

Stock market prediction has been one of the most
actively researched applications of Al and machine
learning, with the goal of identifying meaningful
patterns in historical data to support trading decisions.
Over the past two decades, researchers have proposed
statistical, machine learning, and deep learning models
to improve prediction accuracy; recent reviews
highlight that LSTM generally outperforms traditional
models on nonlinear financial time series, while noting
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persistent challenges around uncertainty estimation,
reproducibility, and fair comparison [9].

Early research relied on statistical models such as
Moving Average, Exponential Moving Average, AR,
ARMA, & ARIMA, which assume historical
observations contain sufficient information to predict
future values. Although widely applied, these methods
are limited because stock prices are nonlinear, volatile
& subject to structural changes that violate linear
assumptions, a limitation frequently cited as a key
motivation for adopting neural-network methods [8].
Machine learning algorithms, including SVM,
Decision Trees, Random Forests, KNN, ANN, and
Gradient Boosting (XGBoost), were introduced to
learn nonlinear relationships strong
assumptions. Random Forest and
XGBoost in particular have performed well on
directional (up/down) classification tasks, but such
models generally treat observations independently and
do not naturally capture sequential dependencies
between consecutive trading days.

Deep learning architectures investigated for financial
forecasting include RNNs, LSTM, Gated Recurrent
Units (GRU), Bidirectional LSTM, CNNs, and
Transformer-based models, all of which have shown
improved performance over traditional machine
learning by learning hierarchical representations
without extensive manual feature engineering. LSTM
specifically, proposed by Hochreiter and Schmidhuber
[1], extends RNNs with memory cells and forget,
input, and output gates to overcome the vanishing
gradient problem, and has become one of the most
popular models for stock prediction because of the

without
distributional

strong temporal structure of price data [9].

Recent studies continue to extend this line of work: a
2022 review concluded LSTM consistently
outperforms traditional forecasting methods due to its
ability to learn long-term dependencies [3]; other
research has combined financial news sentiment with
LSTM using language models such as FinBERT,
reporting improved performance over price-only
models [5]; and more recent work has explored hybrid
LSTM-GRU, attention, and transformer-based
architectures, which generally improve accuracy at the
cost of greater computational complexity and more
demanding tuning [7].

Most published studies follow a similar preprocessing
pipeline, comprising data cleaning, missing-value
handling, feature selection, Min-Max normalization,
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sliding-window sequence generation, and a train-test
split, since normalization improves convergence and
training stability. Many researchers also incorporate
technical indicators such as Moving Average, EMA,
RSI, MACD, Bollinger Bands, and trading volume as
supplementary inputs, and evaluate performance using
MAE, MSE, RMSE, MAPE, and R?, often alongside a
graphical comparison of predicted vs actual prices [6].
Despite this progress, existing research commonly
relies on small datasets, evaluates only a single stock,
compares LSTM against few baselines, ignores
external variables such as macroeconomic indicators
or sentiment, and emphasizes accuracy over practical
trading performance. Recent surveys further note that
reproducibility, consistent benchmarking, uncertainty
estimation, and rigorous statistical testing are
frequently lacking, making fair comparison across
studies difficult [9].

Table 1. Literature Summary
Author / Year Method

Dataset Major

Findings

Hochreiter & LSTM Sequential | Introduced the
Schmidhuber Data LSTM
(1997) 1] architecture
for learning
long-term
dependencies.

Fischer &
Krauss (2018)

(2]

Deep LSTM

S&P 500

Showed
LSTM can
outperform

several

traditional ML
methods for
stock
prediction.

Vishwakarma
& Bhosale
(2022) [3]

LSTM
Review

Multiple
Studies

Concluded
LSTM is
effective for
stock
forecasting;
highlighted
hybrid-model
opportunities.

Fantin &
Hadad (2022)

(4]

Bibliometric
Review

Research
Literature

Reported
rapid growth
in LSTM-
based
financial
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Author / Year | Method Dataset Major
Findings

forecasting
research.

Halder etal. | FinBERT + | NASDAQ | Combined
(2022) [5] LSTM news
sentiment
with LSTM to
improve
prediction
accuracy.

Chaudhary LSTM NASDAQ | Competitive
(2025) [6] Framework Stocks performance
using LSTM
with feature

engineering
and sentiment
integration.

IEEE Access Hybrid Multiple Hybrid
(2025)[7] |LSTM-GRU | Stocks LSTM-GRU
improved
forecasting
accuracy

versus single

models.

The literature demonstrates that LSTM has become
one of the most widely used deep learning models for
stock price prediction because of its ability to model
long-term dependencies in sequential financial data,
generally outperforming traditional statistical and
machine learning approaches on nonlinear time-series
problems. Current research nonetheless highlights
open challenges in reproducibility, fair benchmarking,
and the incorporation of technical indicators,
macroeconomic variables, and market sentiment,
motivating the need for a simple, reproducible LSTM
baseline.

III. RESEARCH GAP AND OBJECTIVES

A. Research Gap

Despite growing use of Al and deep learning in
financial forecasting, several gaps motivate the present
study. First, many published works propose complex
architectures but provide limited detail on
preprocessing, parameter selection, or
implementation, making results difficult to reproduce
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for students and researchers. Second, research
increasingly relies on complex hybrid models
combining LSTM with attention, transformers, CNNs,
or sentiment analysis; while these can improve
accuracy, they demand greater computational
resources and tuning effort, making them less suitable
for beginners or educational use.

Third, many studies use limited evaluation
methodologies, reporting only visual comparisons or
one or two metrics rather than a comprehensive
assessment using MAE, MSE, and RMSE together.
Fourth, some studies rely on proprietary datasets that
hinder independent validation, whereas publicly
accessible sources such as Yahoo Finance improve
transparency and reproducibility. Finally, many
studies prioritize maximizing accuracy over
documenting the complete workflow, even though
understanding the full pipeline, from data collection
through evaluation, carries substantial educational
value, particularly given that financial markets remain
inherently uncertain and no model can guarantee
perfectly accurate predictions.

Based on these observations, this study develops a
simple, reproducible, and practical LSTM-based
framework for stock price prediction, emphasizing
clarity and standard evaluation over complex hybrid
architectures, to serve as an accessible baseline for
future research.

B. Problem Statement

Forecasting stock prices accurately remains
challenging because financial markets exhibit
nonlinear behaviour, temporal dependencies, and high
volatility. Traditional statistical methods often fail to
capture these characteristics, while many existing deep
learning models are computationally complex and
difficult to reproduce. This motivates a simple,
transparent, and effective deep learning framework
capable of learning historical price patterns and
generating reliable short-term forecasts from publicly
available data.

C. Research Objectives

* Collect historical stock price data from publicly
available financial sources.

* Preprocess the data  through  cleaning,
normalization, and sequence generation.

* Develop an LSTM-based model for predicting
future stock closing prices.
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» Evaluate model performance using MAE, MSE, and
RMSE.

* Compare predicted and actual prices through
graphical visualization.

* Provide a simple, reproducible framework for
educational and research use.

* Identify the strengths and limitations of LSTM in
financial time-series forecasting.

D. Research Questions and Hypotheses

RQIl: Can an LSTM network effectively learn

temporal patterns from historical stock data? RQ2:

How accurately can the proposed model predict future

closing prices? RQ3: Does preprocessing improve

forecasting performance? RQ4: What are the

advantages and limitations of applying LSTM to stock

prediction? RQ5: Can the proposed framework serve

as a simple baseline for future research?

Ho (Null): The LSTM model does not significantly

improve stock price prediction compared with

learning no meaningful temporal patterns from

historical data. Hi (Alternative): The LSTM model

effectively learns temporal relationships from

historical prices and produces useful short-term

forecasting performance.

E. Scope

The study is limited to forecasting stock closing prices
using historical market data and an LSTM network,
focusing on supervised deep learning without
incorporating news, social media sentiment,
macroeconomic indicators, or fundamental data.
Historical prices are drawn from publicly available
sources to ensure reproducibility; the framework is
intended as an introductory implementation that future
work can extend with technical indicators, hybrid
models, reinforcement learning, or transformer-based
architectures.

V. PROPOSED METHODOLOGY

The proposed methodology is a systematic framework
for forecasting stock prices using an LSTM network,
designed to be simple, reproducible, and efficient.
Unlike traditional statistical methods that rely on
predefined assumptions, the model automatically
learns hidden temporal patterns from sequential price
data through seven stages: data collection,
preprocessing, normalization, sequence generation,
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model training, prediction, and performance
evaluation.

A. Dataset

Historical stock market data are collected from
publicly available financial databases such as Yahoo
Finance. The dataset includes Date, Open, High, Low,
Close, Adjusted Close, and Volume; the Closing Price
is selected as the target variable, as it represents the
final market price for each trading session and is the
variable used in financial forecasting research.

B. Preprocessing and Normalization

Preprocessing removes duplicate records, handles
missing values, verifies chronological ordering, and
removes invalid observations. Because stock prices
span large numerical ranges that can hinder neural
network training, Min-Max normalization is applied to
rescale values into the range 0 to 1:

Xnonn = (X - Xmin) / (Xmax - Xmin) (1)

where X is the original value, and Xmin and Xmax are
the minimum and maximum values in the series.
Normalization improves training stability and
convergence speed.

C. Sequence Generation and Train-Test Split
Because LSTM requires sequential input, a sliding
window of 60 trading days is used: each input
sequence of 60 consecutive days is mapped to the
closing price of the following (61st) day, and this
window slides across the dataset to generate all
training sequences. The resulting dataset is split 80%
for training and 20% for testing, with the training set
used to learn price patterns and the testing set used to
evaluate forecasting performance on unseen data.

D. LSTM Network and Architecture

LSTM is a specialized Recurrent Neural Network
designed to overcome the vanishing gradient problem
by maintaining an internal memory that persists over
long periods. Each LSTM cell contains a forget gate,
an input gate, and an output gate that together regulate
the flow of information. The proposed architecture
consists of an input layer, an LSTM layer with 50
units, a 20% dropout layer to reduce overfitting, and a
dense output layer producing the predicted stock price.
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E. Training, Prediction, and Evaluation

Training proceeds by reading normalized sequences,
performing forward propagation, computing loss,
applying Backpropagation Through Time, and
updating weights via the Adam optimizer, repeating
across epochs until the loss stabilizes. After training,
the testing dataset is passed through the model to
generate predictions, which are inverse-normalized
back to actual price scale and compared against actual
closing prices.

Performance is evaluated using three regression
metrics. Mean Absolute Error (MAE) averages the
absolute prediction errors, with lower values
indicating better accuracy. Mean Squared Error (MSE)
squares each error before averaging, penalizing larger
errors more heavily. Root Mean Square Error (RMSE)
is the square root of MSE, expressed in the same units
as the stock price, and is widely used for evaluating
regression models.

F. Proposed Algorithm

(1) Import historical stock data. (2) Remove missing
& duplicate records. (3) Select the closing price. (4)
Normalize data using Min-Max scaling. (5) Generate
sequential input windows. (6) Split data into training
& testing sets. (7) Build the LSTM model. (8) Train
the model on the training dataset. (9) Predict prices on
the testing dataset. (10) Inverse normalization. (11)
Calculate MAE, MSE, and RMSE. (12) Plot actual
versus predicted prices. (13) Analyze forecasting
performance.

PART 1: DATA PREPARATION & PROCESSING
PIPELINE AND FEATURE SELECTION

DATA PREPARATION

(1) Import historical
remove missing and sl ISP @8 0 A el
duplicate records . "

DATA PROCESSING

(4) Normalize data (5) Generate sequential (6) Split data into training
using Min-Max scaling input windows and testing sets

i B

Oto-l

PART 2: MODEL BUILDING & EVALUATION
TRAINING AND METRICS

MODEL BUILDING & TRAINING

Build the Train the model on Predict prices on
LSTM model the training dataset the testing dataset

MODEL EVALUATION

(10) m) 12) (13)
E3-E- -
Analyze

Apply inverse Calculate MAE, Plot actual versus forecasting
normalization MSE, and RMSE predicted prices performance

Fig. 4.1 Proposed algorithm
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V. SUMMARY AND CONCLUSION

The complete methodology for forecasting stock
prices using an LSTM network, covering data
collection, preprocessing, normalization, sequence
generation, model architecture, training, prediction,
and evaluation. The mathematical formulation,
hyperparameters, and evaluation metrics described
here form the reproducible baseline used for the
experimental analysis.

Furthermore, this methodology provides a robust
foundation for future research by enabling the
integration of advanced deep learning architectures,
technical indicators, sentiment analysis, and
macroeconomic variables to improve forecasting
accuracy. The proposed framework can also be
extended to real-world financial applications such as
algorithmic trading, portfolio optimization, risk
management, and investment decision support
systems, thereby bridging the gap between academic
research and practical implementation in financial
markets.
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