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Abstract:
In the financial world, it is always difficult to predict stock 
prices due to the high volatility of stock prices and the 
noise inherent in market data. And because of some of the 
benefits of machine learning techniques, researchers and 
practitioners are increasingly adopting these techniques to 
increase the accuracy of predictions and support investment 
decisions. Therefore, this paper provides classification 
model (random forest, logical regression), linear regression 
model (linear regression, XGBoost regression), time series 
model (LSTM, Prophet) and other complex machine 
learning models. It explains the theoretical basis, key 
functions, and practical applications in finance and stock 
markets. Furthermore, it also explores the deployment 
of these models in specific contexts such as short-term 
trading guidance, portfolio rebalancing, and quantitative 
trading strategy development. It also addresses critical 
challenges associated with ML-based prediction, including 
data quality, model overfitting, and the need for robust 
risk management frameworks. Finally, this paper critically 
examins the essential advantages and limitations of ML 
in this sphere and suggests a positive outlook for future 
research, including the integration of unstructured data and 
the development of hybrid models that combine statistical 
and deep learning approaches.

Keywords: machine learning; stock market; classifica-
tion model; linear regression model; time series model

1. Introduction
Stock markets are a key barometer of economic 
health and a fundamental platform for global capital 
allocations. Accurate prediction of stock prices is 
constantly challenged by the complex, non-linear and 
often chaotic nature of market dynamics. However, 
traditional methods such as technical and fundamen-

tal analysis have limitations in capturing the depen-
dencies of complex nonlinear stock market models 
and large financial data sets.
The advent of machine learning has introduced pow-
erful computer tools that can autonomously learn 
from past data sets, identify potential patterns, and 
generate data-driven predictions.
The purpose of this paper is to systematically sum-
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marize the application of machine learning models in 
stock price forecasting and explain a series of algorithms 
including regression models, classification models and 
time series models. This paper introduces them by check-
ing the effectiveness of each transaction and investment 
scene. The purpose of this study is to provide a structured 
understanding for researchers and practitioners, and to ex-
plore the potential applications of machine learning tech-
niques and the limitations of financial forecasting.
The following part of this paper is organized as follows: 
Chapter 2 illustrates the main machine learning models 
will use in the stock price prediction, discussing their the-
oretical underpinnings. Chapter 3 examines the practical 
applications of these models in short-term trading, port-
folio adjustment, and quantitative strategy development. 
Chapter 4 presents a discursive analysis of the advantages 
and disadvantages identified. Finally, Chapter 5 concludes 
the paper and outlines avenues for future research.

2. Main Models of Machine Learning

2.1 Regression Models
This section mainly illustrates some regression models 
used in the analysis of stock price prediction. The main 
role and core formula will be illustrated.
2.1.1 Linear Regression

Establishes a linear relationship between features and the 
target. It is simple, interpretable, and coefficients indicate 
feature influence. However, it is sensitive to outliers and 
assumes normally distributed residuals.
Main Function:
	 y x x xˆ = + + +…+β β β β0 1 1 2 2 n n � (1)

ŷ: Predicted value;  β0 ​: Intercept  βi :Regression coeffi-

cients xi : Input features
The model‘s primary value lies in the economic interpret-
ability of its coefficients: the coefficient  βi  quantifies the 

marginal effect of feature xi  on the target variable ŷ . A 

positive  βi  indicates that the factor is positively correlat-
ed with the expected price movement, and vice versa. The 
magnitude of its absolute value reflects the strength of the 
influence. This allows researchers to clearly identify and 
evaluate the driving effects of different risk factors on as-
set prices.
2.1.2 EXtreme Gradient Boosting Regressor

XGBoost is an efficient implementation of Gradient 
Boosting Decision Trees (GBDT), iteratively training 
weak learners and minimizing an additive objective func-

tion comprising loss and regularization terms. This design 
effectively controls model complexity and enhances gen-
eralization.
Main function:
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In financial applications, XGBoost is particularly useful 
for credit risk assessment, stock trend classification, fraud 
detection, etc., but the structure of financial data enables 
tree-based methods.
This model is highly efficient because it is resistant to 
missing values and supports parallel computation. It’s a 
bit complicated and easy to predict, so users will adjust 
the parameters.

2.2 Classification Models
This section is about classification models. This is a mod-
el that needs to be tagged like a known input and the cor-
rect class corresponding to it. The output is a classification 
model.
2.2.1 Random Forest

Random forest is a holistic learning method based on a 
bagging strategy. Its basic idea is to use boot sampling and 
functional subspace selection to form several independent 
decision trees and aggregate those predictions by a large 
number of votes.
Main function:

	 y h xˆ =
T
1∑

t

T

=1
t ( ) � (3)

T is the total number of decision trees and h xt ( )  is pre-
diction of the t-th decision tree.
The main advantage of this generic mechanism is 
overadaptive tolerance, which improves the model‘s ro-
bustness and generalization ability. In the stock market, 
random forests are used for credit risk prediction, fraud 
detection, and stock market trend classification. For ex-
ample, by predicting stock price movements, structural 
features such as historical prices and trading volumes can 
be exploited.
Overall, random forest is important in sampling and fea-
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ture selection of data, even noisy or unbalanced data sets 
that are common in financial markets, and can enhance the 
performance of generalization. Can produce stable fore-
casts.
2.2.2 Logistic Regression

It is a widely used classification algorithm, applicable in 
binary decision-making contexts. This method performs 
well when there exists a linear relationship between the 
features and the class label and is characterized by excel-
lent interpretability and computational efficiency.
Main function:

	 P y x( 1| )= =
1+ e− + + +…+( )β β β β0 1 1 2 2x x x

1
n n

� (4)

Here, P y x( 1| )=  denotes the probability of a positive 

outcome, while βi ​ represents the coefficients learned 
from the data. This function maps any real numeric input 
to sections (0,1)(0,1) (0,1) allowing probabilistic interpre-
tation. The LR algorithm, used in finance, is frequently 
used to classify market direction. This algorithm predicts 
whether stock prices will rise or fall based on technical 
indicators and macroeconomic characteristics. Its low 
computational costs and compatibility with large data sets 
make it widely used in the stock market.

2.3 Time Series Model
Time series is a series of data points arranged in time se-
ries over a specific period of time and can be analyzed and 
processed as discrete time.
2.3.1 LSTM model(Long-Short Time Model)

LSTM is an advanced RNN architecture that can efficient-
ly capture long-term dependencies. This concept is partic-
ularly well-suited for solving the zero-slope problem and 
modeling the complex temporal dependencies inherent in 
stock price sequences. Recent studies have confirmed its 
effectiveness.
Bathla demonstrated that LSTM supports vector regres-
sion and provides high accuracy in stock price prediction 
[1]. Ashtagi et al. also conducted a comparative study 
of several machine learning models and confirmed that 
LSTM outperforms traditional regression methods in dy-
namic financial environments [2].
Main function:
	 h f x h ct t t t= ( , ,− −1 1 ) � (5)

ht ​ is the hidden state. xt ​ is the current input. ct ​ represents 
the memory cell that stores long-term information.
This mechanism allows the model to retain relevant in-
formation over time, making it particularly effective for 
forecasting financial time series.

2.3.2 Prophet Model

Prophet is a time series model developed by Facebook 
that decomposes data into trends, seasonality, and holiday 
effects. It provides a flexible framework that handles miss-
ing data and outliers, and is widely used in business fore-
casting tasks such as stock price and demand forecasting. 
Pant et al. highlighted Prophet‘s interpretability, particu-
larly in decomposing complex seasonality in financial data 
[3]. Similarly, Susindran et al. demonstrated a practical 
application of Prophet in a stock market prediction web 
application, combining it with LSTMs to achieve robust 
real-time predictions [4].
Main functions:
	 y t g t s t h t( ) = + + +( ) ( ) ( ) t � (6)
g(t) is the long-term trend, s(t) is seasonality, h(t) is the 
holiday or event effects, and t  captures the random error.
This decomposition makes the model interpretable and 
practical in financial forecasting.

3. The Application of Machine Learn-
ing in Stock Market

3.1 Short-Term Trading Guidance
Short-Term trading is a kind of trading that continue a 
few days or weeks, which means investors need to pre-
dict the stock market in these a few days, so invenstors 
need to use some linear regression models to illustrate the 
stock market fluctuation [5][6]. As mentioned in part 2, 
XGBoost and Simple Linear Regression Model can help 
to predict the trend with a little noise point. XGBoost is 
a kind of model that can capture non-linear relationships 
and improve prediction accuracy. And investors can also 
use Time Series model LSTM. LSTM is particularly ef-
fective in modeling sequential dependencies in intraday 
time-series data, enabling traders to capture sudden mar-
ket fluctuations, the guidance is also combined with SVM 
[7]. In 2019, Ramos-Pérez et al proposed “a model based 
on a set of Machine Learning approaches namely Gradient 
Descent Boosting (GDB), Random Forest (RF), Support 
Vector Machine (SVM) and Artificial Neural Network 
(ANN)  to forecast S&P500 volatility. The model relied 
solely on market data and used predictions from these al-
gorithms as inputs for a final artificial neural network [7].

3.2 Portfolio Adjustment
Portfolio adjustment is a kind of method that considers 
different kinds of situations, then combine them together 
and conduct a comprehensive financial analysis of the 
stock market. According to this , Random Forest can 
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classify different situations into outperforming, neutral, 
or underperforming categories, then help investors in re-
balancing their portfolios [8]. Also Logistic Regression 
is employed to estimate the probability of price increase 

or decline, supporting binary investment decisions [7]. 
Different models can also be used for comprehensive con-
sideration of Portfolio Adjustment, such as stock market 
analysis based on neural networks [9].

Table 1. Results for different algorithms

Models RMS R2 MAE
Moving Average 65.19206217 -2.036683033 58.03018002
Linear Regression\[ {R}^{2}\] 249.4082088 -43.43054073 247.0054433
KNN
Auto Arima
Facebook prophet
LSTM

212.50602332
143.9723997
131.428607
9.424258267

-31.28301299
-13.81057611
-11.34212199
0.8194021263

170.4863214
121.9446558
109.8763046
8.625745379

In Table 1, the rows represent different techniques used 
like Moving Average, Linear Regression etc. and columns 
represent different evaluating parameters including RMS, 
R2, and MAE [9].

3.3 Quantitative Trading Strategy Development
Quantitative trading strategies rely on rule-based signals 
derived from predictive models. LSTM is a special type 
of repetitive neural network that learns long-term depen-
dencies of data. In addition, Prophet is a predictive tool 
based on a decomposable addition model. This model is 
particularly suitable for corporate time series data, which 
is highly seasonal and affected by holidays, spanning mul-
tiple periods. It is also suitable for datasets covering mul-
tiple historical periods and effectively handles outliers and 
missing values [1]. Therefore, this time series model can 
reflect a variety of situations that can occur in the stock 
market.

3.4 Risk Management And Market Anomaly 
Detection
Risk management and market anomaly detection are im-
portant aspects of stock market applications. Traditional 
models fail to recognize sudden fluctuations and increas-
ing exposure to financial risk. Recent researches have 
shown that machine learning offers a more adaptive and 
robust approach in this field. As Lumoring et al. noted, a 
holistic approach is effective in detecting short-term vola-
tility peaks and identifying anomalies in financial data sets 
[10]. Patil et al. have developed a real-time forecasting 
system that dynamically adjusts portfolio strategies in re-
sponse to new risk signals [11]. Kumar et al. noted that a 
hybrid framework combining deep learning and tradition-

al methods improves noise tolerance and responsibility 
for anomaly detection results at the same time [12]. It is 
important to note that machine learning plays a key role 
in providing early warning mechanisms, mitigating risk 
for investors and ensuring more sustainable investment 
results.

4. Discussion

4.1 Advantages
LSTM and Prophet models make it easy to predict long-
term or short-term stock market movements. LSTM 
automatically provides short-term trading predictions, 
while the Prophet model helps analyze and predict future 
stock returns and the appropriate volatility range. Using 
Machine Learning to predict stock markets, it is possible 
to distinguish between types of stocks as well. And it can 
work fully automatically, using very little human resourc-
es to achieve stock market trading and trading.

4.2 Disadvantages
The stock market is inherently volatile, characterized by 
substantial risks and fluctuations—an aspect that poses 
significant challenges to stock market prediction using 
machine learning. Owing to such volatility, traders are 
compelled to take a broader range of factors into account. 
When employing predictive models, corresponding noise 
points should also be incorporated; yet, even with this 
adjustment, non-negligible errors persist. Consequently, 
large-scale application of machine learning for stock mar-
ket prediction remains unstable. These models often only 
identify relevant linear relationships, thereby overlooking 
errors that exist in real-world scenarios.
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5. Conclusion

5.1 Summary in Findings
All above, this paper has provided a systematic investi-
gation into application of machine learning techniques 
for stock price prediction, with particular emphasis on 
Regression, Classification, Time-Series based approaches. 
The comparative analysis of representative models such 
as Linear Regression and XGBoost in regression tasks, 
Random Forest and Logistic Regression in classification, 
and advanced temporal architectures such as LSTM and 
Prophet, they illustrate that machine learning offers prom-
ising alternatives to traditional forecasting methodologies 
by capturing hidden structures and nonlinear dependen-
cies within financial data.

5.2 Practical Implications
The analysis indicates that machine learning models can 
effectively capture both linear and non-linear relation-
ships within financial data, providing valuable insights 
for short-term trading signals, portfolio management 
strategies, and the development of automated quantitative 
trading systems. Nevertheless, the results also underscore 
that stock markets remain highly complex and inherently 
volatile systems, where external shocks, market sentiment, 
and macroeconomic factors often generate unpredictable 
noise that cannot be fully explained by data-driven mod-
els. So, issues such as model interpretability, robustness 
under distributional shifts, and overfitting risks limit their 
widespread adoption in real-world financial environments.

5.3 Future Work
And for future research, they should prioritize the devel-
opment of more robust and interpretable model archi-
tectures. First, researchers can hybrid frameworks that 
combine machine learning algorithms with traditional 
econometric or domain-specific knowledge may enhance 
both predictive accuracy and explanatory power. Second, 
the integration of alternative data sources, such as tex-
tual sentiment, macroeconomic indicators, and real-time 
transaction-level data may further enrich model inputs and 
provide a more holistic representation of market dynam-
ics. Finally, based on the real-time situation of the market, 
establish and improve a sound risk assessment mecha-
nism and allocate the most suitable models for market 
types, and robust evaluation frameworks that incorporate 
risk-adjusted performance metrics and stress-testing meth-
odologies are essential for ensuring practical applicability 
in financial decision-making.

5.4 Future direction
In conclusion, while machine learning provides a potent 
and increasingly sophisticated toolkit for stock price pre-
diction, its application necessitates prudence, because 
machine learning is not a panacea for financial forecasting 
but represents a transformative tool when carefully inte-
grated with financial theory and domain expertise. The 
future development direction should focus on building 
models that are precise, interpretable, robust and adapt-
able, so as to better cope with the rapidly evolving market 
environment. Moreover, through a collaborative approach 
that combines these data-driven technologies with solid 
financial theories, a sound risk management framework 
and indispensable human expertise, It can better apply 
machine learning to the financial market.
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