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Abstract: In the financial market, extreme events (such as financial crisis, market crash,
black swan events, etc.) often trigger sharp fluctuations in the market, resulting in
abnormal changes in asset prices and a sharp decline in market liquidity. The randomness
and high impact of these events make the traditional trend prediction model based on
historical data and statistical analysis ineffective and unable to accurately predict the future
trend of the market. Effective trend prediction when extreme events occur in financial
markets has become an important topic in the financial field. Traditional forecasting
methods are faced with severe challenges due to the high nonlinearity, volatility and
complexity of the market under extreme events. We address the challenge of trend
prediction under extreme events in financial markets by adopting a machine learning
approach. We found that machine learning model has obvious advantages in market trend
prediction during extreme events, especially the application potential of machine learning
method in forecasting accuracy and risk management ability, which can provide effective
solutions for the prediction and response to extreme events in financial markets, and can
more effectively deal with the complex non-linear relationship of the market during
extreme events.

1. Introduction

In financial markets, predicting future price trends has always been a central concern of investors
and researchers. The complexity and nonlinear characteristics of the market, coupled with sudden
extreme events, make the traditional forecasting methods face great challenges. Extreme events
(such as financial crises, market crashes, black swan events, etc.) lead to dramatic increases in
market volatility, disrupting the stability of historical data and market rules. Traditional forecasting
methods have uncertainty. In this case, the prediction ability of traditional time series analysis
methods and models based on fundamental analysis declines under extreme conditions. Therefore,
under the impact of extreme events, effectively forecasting market trends has become an important
challenge in the field of financial research.!

With the development of science and technology and computing power, machine learning
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methods are increasingly widely used in the financial field. Machine learning can handle
high-dimensional data and capture complex nonlinear relationships, and has the advantages of
strong adaptability and good scalability. Especially when dealing with extreme events, machine
learning models can automatically learn and discover non-linear patterns and complex relationships
in the market from massive historical data, providing more accurate predictions than traditional
methods. Under extreme events, the market will exhibit extraordinary volatile behavior, and
investor sentiment and market liquidity will change significantly. The time series model of deep
learning and the strategy model of reinforcement learning can dynamically adapt to the changes of
the market and capture the non-linear characteristics of the market under extreme conditions.
Through the research of this paper, we hope to provide a new perspective and method for the
prediction and risk management of the financial market, and provide a more effective solution for
dealing with the extreme events that may occur in the future.?!

2. Characteristics and forecasting challenges of extreme events in financial markets
2.1 Definition and classification of extreme events

Extreme Events usually refer to those events that surprise market expectations, cause significant
fluctuations in asset prices, and trigger a chain reaction in the market. Extreme events are highly
uncertain and disruptive, and their effects can quickly spread to global markets, with significant
impacts on investor psychology, market liquidity, risk management, and more. Extreme events can
be divided into the following categories, economic extreme events: These events are usually
associated with major changes in the macroeconomic environment, such as economic crises, sharp
rises in inflation, and sharp fluctuations in interest rates. Internal financial market events: These
events stem from structural problems within the market or misconduct by financial institutions.
Natural disasters and public health events: This category includes natural disasters such as
earthquakes, hurricanes, epidemics and public health emergencies. Political extremes: Political
factors have a profound impact on financial markets, especially during periods of geopolitical
conflict, major policy changes, or political instability.

2.2 The impact of extreme events on financial markets

Extreme events can have a significant impact on market dynamics and investor behavior in
financial markets. The suddenness and high impact of extreme events break the equilibrium state of
the market, and asset prices and market liquidity will fluctuate sharply.

Extreme events lead to an increase in irrational behavior in the market. In the face of sudden
market shocks, investors often show overreaction or herd effect, which amplifies market
fluctuations. During the financial crisis, investors panicked into selling assets, causing market
liquidity to decline and prices to fall sharply. This behavior deviates from the normal volatility
pattern of market fundamentals and increases volatility and uncertainty in financial asset prices.
Extreme events can also lead to increased systemic risk in financial markets. Systemic risk is a risk
that affects the entire financial system and is usually related to the interconnectedness and
interdependence of financial institutions. Extreme events (such as the 2008 global financial crisis)
will be transmitted through various channels (such as credit market freezing, liquidity crisis, etc.),
resulting in the price decline of various financial assets, further triggering market panic and
confidence crisis. The spread of such systemic risks can bring the entire financial system into
trouble, or even lead to the collapse of the financial system. Extreme events can also disrupt the
market's price discovery mechanism. Normally, market prices reflect supply and demand as well as
market expectations for the future. When extreme events occur, market uncertainty rises sharply
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and information asymmetry intensifies. Investors' expectations of the market have become more
confused, resulting in distorted prices.

2.3 Forecasting challenge

The market typically experiences sharp volatility and rapid non-linear changes during extreme
financial market events, which creates challenges for trend forecasting.

The occurrence of extreme events is characterized by low frequency and high influence. This
results in a sparse sample of extreme events in traditional financial market data. Data sparsity makes
statistical and econometric models built on historical data difficult to train and validate effectively,
because these models rely on large amounts of data that represent the normal state of the market.
Market behavior shows strong nonlinearity and complexity when extreme events occur. Traditional
linear models are difficult to capture this complex dynamic change. The market not only shows a
sharp decline, but also the cross-market impact caused by systemic risk transmission, this
multi-level dynamic interaction is beyond the ability of linear models to handle. Market data is also
full of outliers and high volatility, which are difficult to handle with standard time series analysis
methods. Extreme events can trigger sudden market crashes or sharp rallies, and such unusual
volatility can skew or even invalidate conventional trend-forecasting models. Markets are volatile
under extreme events. This means that the statistical characteristics of the market change over time,
and traditional forecasting models with static parameters cannot adapt to this change. Traditional
models assume that market time series are stationary, or at least within a certain time window, but
this assumption is difficult to hold under extreme events. The behavior of market participants can
also cause panic or overreaction due to extreme events. This change in behavior not only affects
market prices, but also further amplifies market volatility through various feedback mechanisms.
Algorithmic trading and high-frequency trading increase market volatility through automated
decision-making systems. This feedback loop requires the predictive model to take into account
complex market behavior and dynamic changes, which requires more model design and
computational power.

3. Predictive strategies for machine learning under extreme events
3.1 Advantages of machine learning

Traditional models often assume the linear nature of market data and the stationarity of time
series, but these assumptions are often broken when extreme events occur. Machine learning
methods, especially deep learning and reinforcement learning techniques, can flexibly adapt to these
uncertainties and nonlinear changes, providing more accurate and reliable predictions.

Machine learning algorithms have a powerful ability to deal with nonlinear relationships.
Extreme events in financial markets often lead to nonlinear reactions of price fluctuations, which is
difficult to capture by traditional linear regression models. Deep learning models, such as Long
short-term memory networks (LSTMS) and convolutional neural networks (CNNS), capture
complex patterns and long-term dependencies in time series data through multiple non-linear
transformation layers. Nonlinear classifiers such as support vector machines (SVM) can effectively
identify nonlinear boundaries in market fluctuations, and help to improve the accuracy and
robustness of prediction.!

Machine learning methods have unique advantages in high-dimensional data processing.
Extreme events are accompanied by dramatic changes in the multidimensional characteristics of the
market, including macroeconomic indicators, corporate earnings data, market sentiment, and news
events. Faced with such complex and multi-dimensional data, traditional statistical methods are
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prone to fall into the Curse of Dimensionality, that is, with the increase of feature dimensions, the
generalization ability of the model rapidly declines. Machine learning algorithms can learn effective
feature representations in high-dimensional space through automatic feature extraction and
dimensionality reduction techniques, thus improving the prediction effect.

The machine learning model has strong adaptive ability. The speed and pattern of changes in the
market environment during extreme events are unpredictable, and traditional models require a long
period of retraining and adjustment to adapt to the new market state. Machine learning that can
quickly adjust model parameters when extreme events occur, enabling real-time responses to
market changes.*!

The machine learning model has strong robustness in dealing with noise and outliers. During
extreme events, market data is accompanied by a lot of noise and abnormal fluctuations, which have
a significant negative impact on the predictive performance of traditional models. Machine learning
models can leverage ensemble learning methods (such as random forests and gradient-lifted
decision trees) to reduce the impact of noise, while anomaly detection algorithms (such as isolated
forests and support vector data descriptions) to identify and process outliers and ensure the stability
and reliability of prediction results.

3.2 Model optimization and strategy adjustment

Financial markets exhibit high uncertainty and nonlinear characteristics under extreme events,
which can not be accurately predicted by traditional forecasting models. Machine learning
technology provides a variety of model optimization and strategy adjustment methods to build new
predictive models.

Due to the low frequency of extreme events, real data for training models is very limited. Data
enhancement techniques can be used to generate more training samples to solve the problem of data
sparsity. Generative adversarial network (GANS) is an effective generative model. By training the
adversarial relationship between Generator and Discriminator, GANs can generate realistic
synthetic data. GANs can be used to simulate the characteristics of price trend and trading volume
fluctuation under extreme market conditions, and these synthetic data can be used to supplement the
actual data and enhance the learning ability of the model. Transfer learning is a method of applying
knowledge learned in the source domain to the target domain. Due to the small amount of extreme
event data, direct training in the target domain can lead to overfitting or poor performance of the
model. Transfer learning can be used to train models on larger datasets to transfer learning
capabilities to extreme market prediction tasks. This method can not only reduce the training time,
but also effectively improve the prediction accuracy of the model under extreme events. Ensemble
learning can improve the predictive performance and stability of a model by combining multiple
base learners. A single model cannot capture all market signals when market conditions are volatile
in extreme events. Through integrated learning, the advantages of multiple models are integrated to
improve the ability to adapt to different market states.®! Online learning as a technique for
progressively updating models lends itself to real-time responsive financial market forecasts. The
traditional static model can not reflect the new market information in time because the market
environment changes rapidly when extreme events occur. The model can be updated to adapt to
new market conditions while acquiring new data. This capability allows the model parameters to be
updated in real time without having to retrain the entire model. Combining online learning with
reinforcement learning methods allows models to dynamically adjust their strategies in response to
market changes and become more adaptive, resulting in more robust predictions under extreme
events.
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3.3 Machine learning model selection

Machine learning models serve as a highly flexible and adaptable solution when extreme events
occur in financial markets and traditional forecasting methods fail. They also include a range of
different models such as deep learning models, reinforcement learning models, and ensemble
learning methods.[®!

Deep Learning Models are suitable for dealing with the nonlinear and high-dimensional
characteristics of financial markets. Common deep learning models include long short-term
memory networks (LSTM) and convolutional neural networks (CNN). LSTM is a special type of
recurrent neural network (RNN) designed to solve the limitations of traditional RNNS in dealing
with long-term dependence problems. The memory unit of the LSTM is able to hold important
information in long time series data. CNNS are commonly used for image processing, but the
structure of local connections and weight sharing is also suitable for the analysis of time series data.
Reinforcement learning models do not rely on labeled data sets, but gradually optimize
decision-making strategies through continuous interaction with the market environment. Deep
Reinforcement Learning (DRL) uses deep neural networks to estimate value functions or policy
functions to deal with complex problems in high-dimensional continuous Spaces. Reinforcement
learning constantly adjusts its strategy to adapt to drastic changes in the market environment by
simulating multiple possible market scenarios when extreme events occur. Ensemble Learning
Methods have also shown robustness in dealing with extreme events in financial markets. Ensemble
learning combines the prediction results of multiple weak learners to form a stronger model,
reduces the overfitting risk of a single model, and improves the stability and generalization ability
of the overall model. By introducing randomness to generate multiple decision trees and carry out
majority voting, random forest can effectively reduce the model deviation caused by training data
noise. By optimizing the loss function, GBT gradually adjusts the structure of each tree, and finally
forms an efficient prediction model. These integrated methods better deal with data noise and
outliers in the face of extreme events.!’]

4. Conclusion

This paper explores the challenge of trend prediction under extreme events in financial markets
and argues that the challenge can be met through machine learning. By analyzing the characteristics
of extreme events and their impact on financial markets, and the limitations of traditional financial
models in dealing with extreme market conditions. These are mainly reflected in the lack of
capturing nonlinear relations and the weak ability to deal with data sparsity and anomaly. And
machine learning methods show clear advantages in addressing these challenges. Deep learning
models are capable of capturing long-term dependencies in time series data, while convolutional
neural networks (CNNS) are good at identifying local features and patterns. Through continuous
interaction with the market environment, reinforcement learning models can continuously optimize
strategies to adapt to high volatility and uncertainty under extreme conditions. Despite the
advantages of machine learning, its application still faces multiple challenges.

We believe that the future research direction should also include multi-source heterogeneous
data fusion. While most current financial market forecasts are based on structured data (e.g., prices,
trading volumes, etc.), unstructured data (e.g., news texts, social media sentiment, economic policy
changes, etc.) can also play an important role in market reactions to extreme events. Combined with
natural language processing technology, future research can explore how to effectively integrate
these heterogeneous data and improve the predictive power of models in complex market
environments. In the future, we can also focus on the development of data enhancement techniques,
which can simulate extreme event scenarios in the case of sparse data, provide a more diverse
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sample space for model training, and thus improve the generalization ability and robustness of the
model under extreme conditions.
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