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The rapid growth of financial data and artificial intelligence has increased the use
of machine learning in quantitative finance. Machine learning provides new ways to identify
complex patterns in financial data and support financial prediction and decision-making.
This paper provides an introductory review of machine learning methods and their
applications in quantitative finance. It first introduces the basic machine learning process
and then focuses on three main applications: stock price prediction, portfolio management
and credit risk assessment. Support Vector Machine, Neural Network and Random Forest
are discussed for stock prediction; Genetic Algorithm, Reinforcement Learning and Deep
Reinforcement Learning are reviewed for portfolio management; and Logistic Regression,
Random Forest and XGBoost are examined for credit risk assessment. The paper also
discusses three major challenges, including limited model interpretability, insufficient
incorporation of external information and limited adaptability to changing market
conditions. Corresponding future directions include explainable artificial intelligence, the
integration of alternative and multimodal data, and adaptive learning methods. Overall, this
review provides a structured overview of current machine learning applications in
quantitative finance and may help readers better understand existing developments, major
challenges and possible future directions in this field.

Machine Learning, Quantitative Finance, Stock Price Prediction, Portfolio
Management, Credit Risk Assessment

Quantitative finance applies mathematical, statistical, and computational methods to analyse
financial markets and support financial decision-making. Compared with traditional financial
approaches, quantitative finance relies more heavily on numerical data and mathematical models.
This allows financial risks and market patterns to be analysed in a more systematic way. Modern
financial markets generate large amounts of complex and high-dimensional data. This has increased
the importance of data analysis and data mining in quantitative finance [1]. Artificial Intelligence
(AI) algorithms can further identify complex and nonlinear patterns that may be difficult to capture
using conventional models [2].

With the rapid development of artificial intelligence, machine learning has been used in more and
more fields, such as healthcare, transportation and manufacturing [3]. Quantitative finance is one of
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these important areas because it strongly depends on data, mathematical models and computational
methods. In recent years, different machine learning techniques have been studied for many
financial problems, including asset pricing, market prediction, volatility forecasting, portfolio
management and risk analysis [2]. For example, trees and neural networks were found to capture
complex relationships between financial variables and improve prediction performance in asset
pricing [4]. Machine learning has also been studied for volatility forecasting. Several machine
learning models provided more accurate forecasts than traditional linear models [5]. In portfolio
management, deep neural networks and LSTM models were used to predict stock returns. The
results showed better portfolio performance compared with traditional linear models [6].

The applications of Al are not limited to these areas. K-nearest neighbours, support vector
machines and random forests have been applied to credit risk assessment and performed better than
the traditional logistic model [7]. For option pricing, an LSTM model achieved better pricing
accuracy than the Black—Scholes and Heston models [8]. Al has also been used to analyse financial
text. FinBERT, a language model designed for financial sentiment analysis, performed better than
previous methods on financial sentiment datasets [9]. Another important development is the use of
reinforcement learning. Deep reinforcement learning has been applied to derivative hedging and can
consider transaction costs, liquidity constraints and risk limits [10].

Based on these developments, this paper aims to provide an introductory overview of the
applications of machine learning in quantitative finance. The rest of this paper is organised into three
main sections. The Methods section introduces different Al and machine learning techniques and
explains how they can be applied to different problems in quantitative finance. The Discussion
section considers the current limitations and challenges in this field, as well as possible future
developments. Finally, the Conclusion summarises the main points of the paper.

Machine learning is a part of Al that learns from examples in data. The model is not given a separate
rule for every possible case. Instead, it uses the available data to work out how the inputs are related
to the output [11]. In quantitative finance, the inputs may be prices, trading volume, financial
indicators or other market information [12].

In a basic machine learning task, the data first need to be collected and prepared. They are then
usually split into a training set and a testing set. The training set is used to fit the model, while the
testing set gives an indication of how the model works on data it has not seen before [11]. If several
models are considered, their results can be compared and the model settings can be changed when
needed.

The way performance is measured depends on the problem. For a regression task, common
measures are mean absolute error (MAE), mean squared error (MSE) and root mean squared error
(RMSE). For classification, accuracy, precision, recall and F1-score are often used [13]. Figure 1
gives a simple summary of this process, from preparing the data to obtaining a prediction or
decision.
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Figure 1. The main steps of the machine learning process (picture credit: original)
2.2. Stock price prediction

Stock prediction usually starts from information that is already available in the market. Historical
prices, trading volume and technical indicators can be given to a machine learning model so that it
can look for patterns related to later price changes [14]. The output may be a numerical price or
simply the direction of the next movement.

2.2.1. Support Vector Machine

Support Vector Machine (SVM) shown in Figure 2 is a supervised learning method that can handle
both classification and regression. For classification, it tries to place a boundary between groups of
observations. This boundary is usually described as a hyperplane [15].
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Figure 2. Basic structure of a Support Vector Machine (picture credit: original)

When the data cannot be separated well by a straight boundary, SVM can use a kernel function to
deal with a more complicated relationship. In a stock market problem, the inputs may include earlier
prices, trading activity and technical indicators. The model can then classify a movement as up or
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down. Support Vector Regression uses the same general idea for a numerical output, such as a future
price. SVM methods appear regularly in the stock forecasting literature [14].

Kim tested SVM on the daily direction of the Korea Composite Stock Price Index (KOSPI).
Twelve technical indicators were used to describe the market before the next movement was
classified as upward or downward [16]. The same problem was also tested with a back-propagation
neural network and case-based reasoning. Kim's work mainly examined whether an existing SVM
method was useful for this forecasting task rather than creating a new SVM algorithm. In that
comparison, SVM gave promising results [16].

2.2.2. Neural network

A neural network shown in Figure 3 is built from connected artificial neurons. A simple network
normally has an input layer, one or more hidden layers and an output layer [17].
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Figure 3. Basic structure of a neural network (picture credit: original)

The connections in the network are changed during training as the model learns from the data.
For stock prediction, market variables can enter through the input layer and the output can represent
a price, return or movement direction. Neural networks are common in this area. In the review by
Kumbure et al., they were one of the methods that appeared most often in the studies considered
[14].

Qiu et al. studied the Nikkei 225 and used an artificial neural network to predict market returns.
Their dataset ran from November 1993 to July 2013 and included selected financial and
macroeconomic variables [18]. These variables were fed into the network so that it could learn their
relationship with later returns. The paper also changed the training procedure: Genetic Algorithm
and Simulated Annealing were added instead of relying only on standard back-propagation. In the
reported experiment, the modified training methods produced better prediction results [18].

2.2.3. Random Forest

Random Forest shown in Figure 4 combines many decision trees rather than making the final
prediction from only one tree [19]. Different trees are built from different parts of the data, and their
outputs are combined at the end. The method can be used for either classification or regression. In
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stock forecasting, variables such as earlier prices, trading volume and technical indicators can be
used to predict a later price or the direction of movement.
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Figure 4. Basic structure of a Random Forest model (picture credit: original)

Patel et al. considered two Indian stocks and two market indices: Reliance Industries, Infosys,
CNX Nifty and BSE Sensex. Their data covered 2003 to 2012 [20]. Ten technical indicators were
calculated from the historical prices and used to predict whether the next movement would be up or
down. An important part of the paper was the way these indicators were prepared. The authors
converted them into trend deterministic data before running Random Forest and the other models.
This preparation step improved the reported prediction accuracy, including the result for Random
Forest [20].

2.3. Portfolio management

Portfolio management is concerned with which assets to hold and how much money to place in each
one. Return is important, but the level of risk also has to be considered. Al methods can help with
this problem by searching through possible allocations or by changing investment decisions when
new market information is received [21].

2.3.1. Genetic Algorithm

Genetic Algorithm (GA) is an optimisation method based on the idea of natural selection. It begins
with a number of candidate solutions and changes them through selection, crossover and mutation
[22]. In a portfolio problem, one candidate can represent one way of dividing money across several
assets. The algorithm compares these candidates and continues searching for allocations with a
better return-risk trade-off. GA is useful here because portfolio problems can contain practical
constraints as well as many possible combinations [22].
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Lin and Liu used Genetic Algorithms to select portfolios from Taiwanese mutual funds between
1997 and 2000. Monthly returns were used to estimate expected fund returns and the relationships
between them [23]. The algorithms searched across different choices of funds and investment
amounts. The paper also included minimum transaction lots, which meant that the portfolios did not
assume that any small amount could be traded. This made the setting closer to actual investment
practice. The portfolios obtained in the study were close to the efficient frontier [23].

2.3.2. Reinforcement Learning

Reinforcement Learning (RL) shown in Figure 5 learns through repeated interaction. An agent
chooses an action, sees what happens and receives a reward or penalty. By repeating this process, it
can gradually learn which actions are better for a longer-term objective [24]. In portfolio
management, the market can be treated as the environment and the action can be a change in
portfolio allocation. The reward can be linked to portfolio return, risk or both.

Action

(e.g., adjust portfolio allocation)

-
»~
Agent Environment

(Investor) (Financial Market)

State, Reward
(e.g., new market data, portfolio return)

Figure 5. Basic framework of Reinforcement Learning in portfolio management (picture credit:
original)

Hambly et al. explain how portfolio optimisation can be written as an RL problem. A state can
contain prices, earlier returns and the current holdings, while an action changes the amount invested
in the available assets [24]. A measure such as portfolio return or the Sharpe ratio can be used as the
reward. The important point is that the agent is making a sequence of allocation decisions. It is
therefore learning an investment policy rather than only trying to forecast the next market price [24].

2.3.3. Deep Reinforcement Learning

Deep Reinforcement Learning (DRL) adds deep neural networks to the reinforcement learning
framework. The neural network allows the agent to work with more complicated market information
and to connect that information with later decisions [21]. For a portfolio, this means that the model
can change portfolio weights as market conditions change rather than keeping one allocation for the
whole period.

Rezaei and Nezamabadi-Pour tested five DRL algorithms on daily data for 30 DJIA stocks: A2C,
DDPG, PPO, SAC and TD3 [21]. The models received historical price and trading-volume
information, and portfolio-value changes were used in the reward. The paper was mainly a
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comparison of these existing algorithms, not a proposal for a new DRL method. Their results were
compared with the DJIA and with traditional portfolio strategies. In the experiments, the DRL
methods achieved higher returns and Sharpe ratios [21].

Credit risk is the risk that a borrower will not repay a loan as agreed. In practice, lenders therefore
need to estimate which applicants are more likely to default. Machine learning can use borrower
information, including income, credit history and loan characteristics, to look for patterns associated
with default [7].

Logistic Regression (LR) is commonly used when the outcome has two classes. Rather than
predicting any numerical value, it estimates the probability that an observation belongs to one of
those classes [25]. For credit risk, the classes can be default and non-default. Borrower information
becomes the model input and the estimated default probability can then be used for risk
classification.

Lessmann et al. included Logistic Regression in a comparison of credit-scoring methods based on
eight real-world datasets [26]. The model used borrower characteristics to estimate credit outcomes.
Logistic Regression was included as a traditional benchmark, so the aim was not to design a new
version of the model. Several of the newer classification methods performed better in the
experiments, which allowed the authors to compare them against this established baseline [26].

Random Forest can be used for the same credit-risk task. As described in Section 2.2.3, it combines
a group of decision trees instead of depending on one tree. In this setting, each tree can use borrower
and credit variables to make a classification, and the separate results are combined to give the final
prediction. This also allows the model to represent relationships that are not simply linear.

In the same study, Lessmann et al. also evaluated Random Forest on the eight credit-scoring
datasets [26]. The trees were trained with borrower characteristics and then combined to classify the
observed credit outcomes. The method was not presented as a new Random Forest algorithm; it was
one of the models in the benchmark comparison. Across the datasets, Random Forest was among the
methods with strong predictive performance [26].

XGBoost is based on gradient-boosted decision trees. Its trees are added one after another, with a
new tree trying to correct part of the error left by the earlier trees [27]. This is different from
Random Forest, where many trees are built more independently. For credit scoring, XGBoost can
take borrower and loan variables as input and use the boosted trees to estimate default risk.

Xia et al. tested an XGBoost credit-scoring approach on five real datasets: German, Australian,
Taiwan and two P2P lending datasets [28]. The borrower and credit variables were processed before
the model was fitted. The paper also used Bayesian optimisation to select model parameters and
feature importance to remove variables that contributed less. These steps meant that the study went
beyond using XGBoost with default settings. In their experiments, the proposed approach performed
better overall than several benchmark methods [28].
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3. Discussion
3.1. Challenges
3.1.1. Limited interpretability

Interpretability is one problem that becomes more noticeable as models become more complex. A
simple model can often be explained by looking directly at its variables, but this is much harder for
deep neural networks and other large models. In finance, knowing the final prediction may not be
enough because the reason behind a risky decision can also matter. Cernevi¢iené and Kabaginskas
discuss this difficulty in their review of explainable Al in finance and note the tension between
model complexity and understandable results [29].

3.1.2. Limited incorporation of external information

A second problem is the type of information used by the model. Price histories, trading volume and
financial ratios are useful, but they do not describe everything that is happening in the market.
News, policy announcements, public attention and sentiment can all affect prices. Sun et al. discuss
these alternative data sources and show that they can add information that is not contained in
traditional financial datasets [30]. A model based only on numerical market history may therefore
miss part of the current market situation

3.1.3. Limited model adaptability

A further difficulty is that financial relationships are not fixed. A pattern found in one period may
weaken or disappear later when the economy, market structure or investor behaviour changes. This
type of change is often described as concept drift. Wang et al. study concept drift in financial
reinforcement learning and consider both gradual changes and more sudden shifts [31]. Because of
this, good backtesting results do not necessarily mean that a model will remain equally reliable
under a new market regime.

3.2. Future prospects
3.2.1. Explainable Artificial Intelligence

Explainable Artificial Intelligence (XAI) is one way to deal with the first problem. The aim is to add
information about how a complex model reached its output rather than giving only the final
prediction. For example, an explanation may show which variables had the greatest influence on a
decision. Cernevitiené and KabaSinskas review several uses of XAI in finance and link
explainability with risk assessment, trust and practical adoption [29]. Future work therefore needs to
consider both prediction quality and whether the model's reasoning can be understood.

3.2.2. Integration of alternative and multimodal data

The information given to financial models can also be expanded. Besides prices and other numerical
variables, researchers can use news, social media activity and other alternative data. Sun et al.
review this area and describe how these sources can provide additional and sometimes more timely
information about firms and markets [30]. Multimodal methods go one step further by combining
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different kinds of data in the same model. This may be useful when an event is visible in text or
other sources before it is fully reflected in market prices.

3.2.3. Adaptive and dynamic learning

Another direction is to make models update more effectively when the market changes. A model
trained once may become less useful if the relationships in new data are different from those in the
training period. Wang et al. address this issue in a financial reinforcement-learning setting and
propose a method for dealing with concept drift [31]. More adaptive approaches could therefore
update what the model has learned when new evidence appears instead of assuming that old patterns
will remain stable.

4. Conclusion

This review looked at how machine learning is used in three parts of quantitative finance: stock
prediction, portfolio management and credit risk assessment. The methods are different, but they all
use data to support a prediction or a financial decision. SVM, Neural Network and Random Forest
were considered for stock forecasting. Genetic Algorithm, RL and DRL were discussed for portfolio
decisions, while Logistic Regression, Random Forest and XGBoost were examined for credit risk.

The studies also show that the same algorithm can be used in quite different ways. Some papers
mainly test an existing method, while others change the data preparation, training procedure or
parameter selection. At the same time, model performance is only one part of the problem. Complex
models may be difficult to explain, important external information may be missing from the data,
and patterns learned from past markets may not continue in the future. XAlI, alternative and
multimodal data, and more adaptive learning methods are possible responses to these issues. They
do not remove the difficulties, but they provide useful directions for further work in quantitative
finance.
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