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ABSTRACT: Predicting stock price movements has been
challenging yet crucial for investors and financial ana-
lysts. Fluctuations in stock prices are valuable economic
indicators, providing insights into overall economic well-
being, consumer confidence, and market sentiment. In
this study, we evaluate the efficacy of three different ma-
chine and deep learning algorithms in anticipating stock
price trends. We assess the performance of Logistic Re-
gression, Random Forest Regression, and Long Short-
Term Memory (LSTM) algorithms in forecasting whether a
stock’s price will rise or fall in the upcoming period, utilising
historical stock price data as input features. Our findings
demonstrate that while each algorithm exhibits varying
degrees of predictive accuracy, LSTM networks stand out
as they generally outperform Logistic Regression and
Random Forest Regression in capturing the complex tem-
poral dependencies inherent in stock price data. This
suggests that LSTM networks, with their superior perfor-
mance, hold significant promise as effective tools for stock
price trend prediction, particularly in volatile and non-lin-
ear financial markets. This could be a game-changer in
stock price prediction, instilling optimism about the fu-
ture of stock market analysis.

Subject Categories and Descriptors: [J. Computer Applica-
tions]: Financial; [H.S INFORMATION INTERFACES AND
PRESENTATION]: Artificial, augmented, and virtual realities;
[L.2.11 Distributed Artificial Intelligence]: Intelligent agents

General Terms: Stock Price Prediction, Logistic Regression,
Random Forest Regression, Long Short-Term Memory

Received: 14 March 2024, Revised 3 May 2024, Accepted 28
May 2024, Published online 27 July 2024

Keywords: Stock Price Prediction, Logistic Regression, Ran-
dom Forest Regression, Long Short-Term Memory

Review Metrics: Review Scale: 0/6, Review Score: 5.12, Inter-
reviewer consistency: 87.2%

DOI: https://10.6025/jdim/2024/22/3/83-90
1. Introduction

Stock Price prediction is pivotal for stakeholders across
the financial ecosystem, including individual investors,
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institutional traders, policymakers, and researchers. The
role of researchers in this ecosystem is not just crucial
but integral to the success of our research. Stock Price
prediction supports informed decision-making, enhances
market efficiency, and fosters economic growth by align-
ing capital allocation with market expectations. Stock
Price forecasts play a crucial role across various domains
for several reasons: Investors rely on predictions to
optimise their investment decisions, whether buying, hold-
ing, or selling stocks, aiming to maximise returns and
manage risks effectively. Our research, and by extension,
the researchers, provide accurate predictions and can
directly impact investment strategies and outcomes.
Moreover, accurate predictions contribute to market effi-
ciency by ensuring stock prices reflect all available infor-
mation, thereby promoting fair valuation grounded in fun-
damental and technical factors. The significance of mar-
ket efficiency underscores the importance of our work in
stock price prediction.

Corporations utilise stock price predictions to gauge
market sentiment and investor expectations, guiding stra-
tegic decisions related to financing, acquisitions, and
capital investments. Additionally, stock price movements
serve as economic indicators, offering insights into broader
economic health, consumer confidence, and market sen-
timent trends.

In algorithmic trading, predictive models are essential for
executing trades efficiently, allowing automated systems
to capitalise on fleeting market opportunities. Academic
research in stock price prediction drives advancements
in machine learning, statistical modelling, and financial
theory, continually shaping investment strategies and
enhancing market understanding.

In financial markets, machine learning and deep learning
algorithms are extensively employed for prediction tasks
because they can learn patterns from historical data and
subsequently make predictions based on those patterns.
Our previous study analysed the correlation between news
headlines mentioning DJIA and stock price trends using
five machine learning algorithms: Linear SVC, Logistic
Regression, Multinomial Naive Bayes, Bernoulli Naive
Bayes, and Random Forest. Our findings showed that
Logistic Regression and Random Forest Classifier
achieved higher accuracy in predicting stock price trends.

This study assesses the effectiveness of machine learn-
ing algorithms (Logistic Regression and Random Forest
Regression) that demonstrated higher accuracy in our
previous research alongside a deep learning algorithm
(LSTM) to identify the most accurate approach.

2. Early Related Work

Stock Price prediction is pivotal for stakeholders across
the financial ecosystem, including individual investors,
institutional traders, policymakers, and researchers. The
researchers’ role in this ecosystem is crucial as well as

integral to the success of our research. Stock price pre-
diction supports informed decision-making and enhances
market stock market price prediction, which is a signifi-
cant area of research among business, machine learn-
ing, and database researchers. Many studies have re-
cently applied deep learning and machine algorithms to
predict stock prices. Understanding these studies is ben-
eficial before we undertake another work.

For the past twenty years, many studies have frequently
employed the random forest (RF) algorithm for regression
and classification (1). Since its initial applications, stud-
ies have been organised to compare the performance of
Random Forests with three versions of logistic regres-
sion, particularly for predicting imbalanced datasets (2).

Random Forest regression has enormous scope in appli-
cation areas. This is reinforced in application work for pre-
dicting the bearing capacity of strips (3). A loan default
prediction model is framed using the Random Forest al-
gorithm, where the RF algorithm performs better than other
machine learning algorithms. (4) In another work, neural
Networks, Support Vector Machines, and Decision Trees
are used to forecast Corporate Credit Ratings, where the
decision tree-based models performed well. (5). ALong
Short-Term Memory (LSTM) neural network-based model
is more effective than other neural models during the test-
ing in Oil production forecasting [6].

Many studies favoured the LSTM models in many appli-
cations; however, Convolutional neural network models and
LSTM equally yielded convincing results (7). The logistic
regression models obtained by stepwise selection out-
perform the other models in financial distress prediction.

(8).

In a study to predict the most portable sectors in stocks,
DAORI et al. (9) used many machine learning algorithms
and recorded higher accuracy in the random forest algo-
rithm. Integrating random forest framework and long short-
term memory yielded better results. The multi-tasking
model has been proven to predict stock returns and move-
ments together. (10).

Kummari Vikas (11) et al. compared various machine learn-
ing algorithms and documented the better performance of
Recurrent Neural Networks (RNN) and Long-Short-Term
Memory (LSTM). Chung et al. (12) created a new approach
to metric analysis, improving the traditional moving aver-
age by adding a deep-learning training model and docu-
menting enhanced performance. Using multiple feature
engineering techniques combined with a customised deep
learning-based system yields more acceptable results.
(13) Deep learning applications in stock market predic-
tion have increased due to their better accuracy in finan-
cial prediction. (14, 15). Deep learning models have re-
placed linear and Machine learning models in the last few
years because of their elegance and effective outcomes.
(16). Recent studies on stock forecasting using enhanced
deep learning features reinforce the promise of early re-
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searchon it. (17,18,19, 20)

The research in the above directions offers insights into
selecting particular or combined deep learning and ma-
chine learning models to predict the stock market trend.
These studies further proved that more research is re-
quired to find the best and optimum model, which involves
not just the model selection but also improving the fea-
tures and refining training models.

3. Methodology

3.1. Dataset

Stock market prediction studies use heterogeneous
datasets, and the parameters, mainly using two or more
models, are complex. The primary dataset used in the
studies is the stock exchange. Some research considers
a particular or a few stocks, but the use of variables and
models varies. We gain deeper insights into complex stock
data using multi-model patterns.

The dataset for this work is the historical stock price for
Apple Inc. (AAPL) spanning 2015 to 2020, accessed
through Tiingo API. This dataset includes several critical
components for each trading day within the specified pe-
riod:

* Date: The date of each trading day.

* Open: The initial price of AAPL stock at the beginning
of the trading day.

* High: The highest price reached by AAPL stock during
the trading day.

* Low: The lowest price reached by AAPL stock during
the trading day.

* Close: The price of AAPL stock at the end of the trading
day.

The AAPL dataset from 2015 to 2020 is a rich and com-
prehensive source of information. It is an ideal resource
for training and evaluating Machine Learning models such
as Logistic Regression, Random Forest Regression, and
LSTM networks.

3.2. Feature Selection

Data cleaning is crucial to guarantee that the dataset is
consistent, accurate, and prepared for analysis. Conse-
quently, missing values are addressed using statistical

v [16] df.head(2)

5 .
Unnamedé symbol date close high

2015-05-27
b CRNACEL 00:00:00+00:00
2015-05-28

. L RAFL 00:00:00+00:00

low open

techniques such as mean, median, and mode, while any
duplicate rows are removed to facilitate further study.

Feature selection entails identifying and selecting the
most pertinent features that substantially contribute to
the prediction or analysis. The features that impact stock
prices (open, close, high, low, adjClose, volume) are con-
sidered independent variables, with 'close’ as the depen-
dent variable.

3.3. Train-Test Split

The dataset is partitioned into training (80%) and testing
(20%) sets to assess the model's performance on un-
seen data. Since the stock price data is time-series, the
dataset is split sequentially to preserve temporal order.

3.4. Normalisation

Normalisation ensures all features are brought to a com-
parable scale, preventing any single feature from domi-
nating the model simply because of its larger numerical
values.

* Min-Max Scaling: Scale numerical features (e.g., open,
high, low, volume, adjClose) to a range typically [0, 1]
using:

X X - min(X)
el ™ max(X) — min(X) (1)

Where Xis the original feature value.

3.5. Description of Methods

Logistic Regression

Logistic regression is a commonly employed statistical
model designed for binary classification tasks. When pre-
dicting stock prices, the objective usually involves fore-
casting whether a stock's price will rise or fall using his-
torical data and pertinent features

Logistic Regression can be adapted for stock price direc-
tion prediction. In this binary classification task, the model
predicts whether the stock price will go up or down based
on historical data and relevant features.

Logistic regression models probability P (y = 1| x). X
represents the input features (open, high, low, volume,
adjClose), and Yy is the binary outcome (price increase or
decrease). The logistic regression algorithm employs the
logistic function, also known as the sigmoid function, to
model and predict probabilities.

volume  adjClose adjHigh adjLow adjOpen adjVolume divCash splitFactor

132.045 132.26 130.05 130.34 45833246 121.682568 121.880685 119.844118 120.111360 45833246 0.0 1.0

131.780 131.95 131.10 131.86 30733309 1214383564 121.505013 120.811718 121.512076 30733309 0.0 1.0

Table 1. AAPL dataset
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A I E
y=—> fi(x) (2)
N3
v [20] df.head(1)
2 close high low open adjClose volume
date
2015-05-27 00:00:00+00:00 132.045 132.26 130.05 130.34 121.682558 45833246
Table 2. Independent Variables
¥ [24] print(features)
—Zv [*high', 'low', 'open', 'adjClose', 'volume']
¥ [25] print(target)
3% close
Table 3. Dependent Variable

© print{X_train)
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ll’l_'.'.-"l';]r‘[-’[H B.53137805 O0.5312903% &8.54534225 ||.]Hr|i!l"|:-t$”|
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Table 4

Random forest Regression

Random Forest Regression is an ensemble learning tech-
nique that builds multiple decision trees during training
and derives predictions by averaging the outputs of these
individual trees. In contrast to classification problems
where each tree in the forest votes for a class, regres-
sion problems like stock price prediction predict a con-
tinuous value, and the final prediction is the average (or
sometimes median) of these values.

Random Forest Regression forecasts future stock prices
using historical data and a specified set of input features.
It combines predictions from numerous decision trees,
each trained on random subsets of features and data
samples. By averaging the predictions of these trees, it
provides a robust estimate of the stock price. The pre-
dicted stock price v is the average prediction across all
trees.

5= %gfi(x) @)

where f(v) is the prediction of the i tree.

Random Forests determine feature importance by evalu-
ating how significantly each feature reduces impurity

across all trees within the forest. This helps in under-
standing which features are most influential in predicting
stock prices.

LSTM (Long Short-Term Memory)

LSTM, a variant of recurrent neural networks (RNNs),
excels in capturing temporal dependencies and long-term
patterns within sequential data, which is ideal for tasks
like forecasting time series data such as stock prices.
LSTM cells maintain an internal state (cell state) to re-
member important information over long sequences. The

model predicts the next stock price V.1 based on the
previous prices and other relevant features.

)A’m = frsm (X3,) “)

where X ,: represents the sequence of historical prices
up to time t.

LSTMs have memory cells that maintain a cell state to
retain information over long sequences.

They selectively update and forget information through a
series of gates, allowing them to learn and remember
patterns over time.

86 Journal of Digital Information Management

0 Volume 22 Number 3 O September 2024



LSTMs have three gates
Forget Gate: Determines which information to remove
from the cell state.

Input Gate: Integrates new information into the cell state.

Output Gate: Generates the output based on the up-
dated cell state.

LSTM networks are trained using backpropagation through
time (BPTT) to optimise the network parameters (weights
and biases). The loss function (for example, mean squared
error) measures minimised to improve the model's ability
to predict future stock prices accurately.

4. Results and Discussion

The dependent variable (Open, High, Low, adjClose,

Volume) and independent variable (Close) in the AAPL
company's historical stock price are extracted from the
Yahoo finance website through Tiingo and split into train-
ing and testing datasets. The split dataset is trained and
tested to compare the performance of Random Forest,
Logistic Regression, and LSTM algorithms. Accuracy in
predicting the stock price trend with these algorithms is
evaluated using a confusion matrix and evaluation metrics.
A confusion matrix allows visualisation of the performance
of the algorithms in predicting stock price trends. For stock
price predictions, if we consider a binary classification
problem where:

* Positive class (P): Indicates a prediction that the price
will increase (or a buy signal).

* Negative class (N): Indicates a prediction that the price
will decrease (or a sell signal).

Algorithm TP TN FP KN
Logistic Regression 7 131 4 110
Random Forest Regression 61 75 60 56

Long Short-Term Memory 0 141 0 110

Further, leveraging the confusion matrix enables the calculation of critical quantitative evaluation metrics such as
Accuracy, Precision, Recall, and F1-Score, which are determined to predict stock price trends.

TP +IN
Accuracy = (5)
TP+FP+ FN+TN
Pr ecision = P
TP +FN ©)

10 W Accuracy

. Precision
Recall

W F1 Score

08

0.6 1

Scores

04

0.2 4

0.0
Logistic Regression

Random Forest LSTM

Figure 1. Comparison of Evaluation Metrics
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Recall =

F1=2

y Precisionx Recall

TP
TP+FN

7

Precision+ Recall

Following the ROC Curve of Logistic Regression, Random Forest Regression, and LSTM algorithms help assess how
well the model can distinguish between price movements and determine the optimal threshold for making buy/sell

decisions.
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Figure 2. ROC Curve for Logistic Regression, Random Forest Regression and LSTM

Logistic Regression shows a relatively balanced distribu-
tion between correctly predicted positive and negative in-
stances, with seven true positives and 131 true negatives.
However, it also predicts four false positives and 110 false
negatives. This indicates that while it correctly identifies
many non-events (true negatives), it struggles with identi-
fying actual events (true positives) and has many false
negatives, which are events incorrectly classified as non-
events.

The Random Forest Regression performs better than Lo-
gistic Regression regarding true positives (61) and

negatives (75), indicating it effectively predicts positive
and negative instances. However, it also has more false
positives (60) and false negatives (56) than Logistic Re-
gression. This suggests that while Random Forests cap-
ture more true positives, they also make more errors in
classification, leading to a trade-off between sensitivity
and specificity.

LSTM shows many true negatives (141), indicating it cor-
rectly identifies non-events. However, it fails to predict
any true positives (TP = 0), resulting in many false nega-
tives (FN = 110). This suggests that while LSTM is highly
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specific in identifying non-events, it struggles significantly
with sensitivity to detect actual events, resulting in poor
performance for positive predictions.

5. Performance Comparison

Current deep and machine learning technology surpasses
humans in predicting stock trends and prices. Still, it falls
short of understanding and perceiving socio-political
changes that impact the financial markets at any time.
The success of prediction models based on deep or ma-
chine learning depends on how elegantly the proposed
models capture insights and translate them to forecasts.
To assess this kind of model, we can diagnose the inclu-
sion of features in the models. Infusing multimodal and
human synthesis features will take it to more volume of
success. Secondly, the accuracy and success rate de-
termine the efficiency of the models.

Our work used logistic regression, random forest regres-
sion, and LSTM to predict stock and assess performance
using variables such as evaluation metrics and ROC
curves. The outcome documents the accuracy and suc-
cess rates leading to acceptance of the proposed model.

6. Conclusion

In our previous work [21], top news headlines with DJIA
stock price shifts were taken, and five machine learning
algorithms were used to analyse which algorithms pre-
dicted the stock price fluctuation more accurately. Among
the five, Logistic Regression and Random Forest Classi-
fiers predict better than others, with little difference in
accuracy. As an extension, the best-performing top two
algorithms in that work and the deep learning algorithm
(LSTM) are implemented in this paper for Continuous data.

In evaluating these algorithms for predicting stock price
trends, Logistic Regression demonstrates reasonable
specificity (TN) but lacks sensitivity (TP), resulting in many
false negatives. Random Forest Regression offers a bet-
ter balance between sensitivity and specificity than Lo-
gistic Regression, yet it still shows notable errors in clas-
sification (FP and FN). On the other hand, LSTM excels
in specificity (TN) but fails to predict positive outcomes
(TP = 0), revealing substantial shortcomings in sensitiv-

ity.

Logistic Regression might be preferred for its simplicity
and interpretability, while Random Forests could be cho-
sen for their balance between sensitivity and specificity.
LSTM, despite its shortcomings in this scenario, remains
powerful for tasks requiring sequence modelling and long-
term dependencies but may require additional tuning and
data preprocessing to improve performance in predicting
positive events.

Further, this work can be extended by including technical
indicators and an improved LSTM model to achieve higher
accuracy in predicting stock price trends.
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