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Facing the rapidly changing domestic and foreign futures markets, how to accurately and
immediately predict the price trend of crude oil futures in order to avoid the risks caused by
price fluctuations is very important for all participants in the crude oil futures market. Based
on the 5-min high-frequency trading data of China’s crude oil futures market in recent
3 years, this paper uses the EMD-MFDFA model combined with multifractal detrended
fluctuation analysis (MF-DFA) and empirical mode decomposition unsupervised K-means
clustering and Gaussian mixture model (GMM) to identify the risk status of each trading
day. Further, Support vector machine (SVM), extreme gradient lifting (XGBoost) and their
improved algorithms are used to predict the risk state of China’s crude oil futures market.
The empirical results are as follows: first, There are obvious multifractal features in the
return rate series of China’s crude oil futures market and its single trading day; Second,
compared with the traditional SVM model, the improved Twin Support Vector Machine
(TWSVM) based on solving the sample imbalance issue has better prediction ability for
China’s crude oil futures risk.; Third, The XGBoost has a great impact on the prediction of
China’s crude oil risk, and the Focal-XGBoost with focal loss function performs the best in
predicting the risk of China’s crude oil futures market.
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INTRODUCTION

With the rapid development of economy, energy issues have become the focus of the world. Energy is
indispensable to the world economic development, and crude oil plays an important role in the
energymarket. According to the 2019–2020 Blue Book of China’s Oil and Gas Industry Development
Analysis and Prospect Report, China ranks among the top in both crude oil imports and
consumption. Specifically, China’s crude oil imports reached 506 million tons in 2019, with a
year-on-year growth of 9.5%, and its external dependence reached 70.8%. In terms of crude oil
consumption, China consumed 696 million tons in 2019, with a year-on-year growth of 6.8%. The
data indicate that the crude oil market has a huge impact on China’s energy economic market, and its
price fluctuation often brings huge consequences.

With the rapid development of economy, energy issues have become the focus of the world.
Energy is indispensable to the world economic development, and crude oil plays an important role in
the energy market. According to the 2019–2020 Blue Book of China’s Oil and Gas Industry
Development Analysis and Prospect Report, China ranks among the top in both crude oil imports
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and consumption. Specifically, China’s crude oil imports reached
506 million tons in 2019, with a year-on-year growth of 9.5%, and
its external dependence reached 70.8%. In terms of crude oil
consumption, China consumed 696 million tons in 2019, with a
year-on-year growth of 6.8%. With the sustained and rapid
growth of China’s economy, the demand for crude oil import
and consumption is increasing, the fluctuation of crude oil price
has an increasing impact on China.

After years of development, the crude oil market, which is closely
related to the economic development of each country, has formed a
relatively authoritative price system, and its supply and demand as
well as trade are carried out in the global scope. Before the official
launch of Chinese crude futures, West Texas Intermediate (WTI) of
the United States and Brent of the United Kingdom dominated the
pricing system for global oil prices. After 17 years of careful planning,
China’s crude oil futures market was officially listed on the Shanghai
International Energy Exchange on 26 March 2018, denominated in
RMB, and filled the gap of domestic crude oil futures market. Less
than half a year after listing, China’s crude oil futures trading volume
has reached 17 million contracts, accounting for 12% of the global
crude oil futures market volume, and its accumulated trading
volume reached 8.57 trillion yuan, ranking among the top three
in the world. As can be seen from the data, China’s crude oil futures
market is developing rapidly. Up to now, China’s crude oil futures
market has exceeded 6% of the international market share, and the
market activity has been continuously improved, becoming the third
largest crude oil futures variety in the world after WTI and Brent.

China’s oil futures is of great significance to the global oil futures
market. It sets a benchmark for Asian oil futures markets and
provides a channel for Chinese companies to hedge their oil
consumption and avoid risks. At the same time, the
establishment of a crude oil price benchmark level that reflects
the relationship between demand and supply in China and the Asia-
Pacificmarket has filled the gap in the existing international crude oil
pricing system and increased China’s participation in the
international market. However, compared with the mature crude
oil futures market, China’s crude oil futures market, which has been
established for a short time, has many aspects to be improved and
the demand for risk aversion has become increasingly urgent.
Therefore, it is necessary to study the risk status of China’s crude
oil futures market from the perspective of market price fluctuation.

However, traditional risk research models, such as VaR (Value
at Risk), are mainly based on the efficient market hypothesis
(EMH) proposed by Fama. EMH believes that investors can
respond to information rationally and linearly, so market
prices can timely and fully reflect information changes in the
system, that is, prices in the financial market have no long-term
memory, and price fluctuations are unpredictable. However, a lot
of research found that financial market usually shows nonlinear
structural characteristics, and its complex operation mechanism,
which cannot reflect the actual situation of the market, is contrary
to the efficient market hypothesis. Therefore (Altman, 1967),
proposed the nonlinear fractal theory for measuring financial
investment risk. Further (Peters, 1994a), proposed the Fractal
Market Hypothesis (FMH) on the basis of Mandelbrot’s theory.
From the practical point of view, he regarded the capital market as
a complex nonlinear dynamic system with the characteristics of

interaction and self-adaptability. Therefore, FMH, with the
characteristics of interaction and self-adaptability, can better
describe the complexity of the market, analyze the nonlinear
dynamic characteristics of market price fluctuations, measure the
impact of information on prices, and explore the predictability of
the market. A large number of studies also show that fractal
features are indeed universal in financial markets.

Furthermore, with the development of computer technology,
machine learning algorithms, such as Decision Tree, Support
Vector Machine (SVM) and Artificial Neural Network (ANN)
came into being. With the further development of technology, the
integration algorithm, which combines several weak learners into
strong learners, has received more and more attention. The main
ways to synthesize weak learners are bagging, boosting and
stacking. For example, Random Forest is the representative of
bagging algorithm, and Extreme Gradient Boosting (XGBoost) is
a boosting algorithm. Machine learning models have been widely
used in the research of risk prediction due to their outstanding
advantages in dealing with nonlinear complex systems.

Taking China’s crude oil futures market as the research object,
this paper introduces the multifractal feature parameters into the
machine learning model, and carries out risk status recognition
and prediction of China’s crude oil futures market. In the
turbulent economic situation, futures with its unique hedging
function is favored by more and more investors, and has become
a crisis management means to deal with the economic recession.
By predicting the risk of China’s crude oil futures market, relevant
investors can find the potential risk in advance and formulate
preventive and control measures in time, so as to avoid the risk
reasonably and reduce the loss to a large extent.

LITERATURE REVIEW

Existing relevant literaturemainly focuses on four aspects, namely, the
characteristics of crude oil futures, multifractal method, multifractal
spectrum parameters and financial market risk prediction.

The first is to study the risk features of crude oil futures. At
present, more and more scholars study China’s crude oil futures,
China’s crude oil market environment and oil policy. Sun et al.
(2018) used GARCH and TARCH models to study the fluctuation
characteristics of China’s crude oil futures returns rate based on
high-frequency data, and they found that the changes of China’s
crude oil futures returns rate in the current as well as the lag period
were mainly influenced by itself, and the influence coefficient of one
period lag was larger and the influence time was longer. Ji and Zhang
(2019) analyzed the initial characteristics of China’s crude oil futures
market, laying a good foundation for subsequent studies. Li et al.
(2019) proposes a new, novel crude oil price forecasting method
based on online media text mining, with the aim of capturing the
more immediate market antecedents of price fluctuations, the
empirical results suggest that the proposed topic-sentiment
synthesis forecasting models perform better than the older
benchmark models. Liu et al. (2019a) constructed Copula-POT-
CoVaR model to study the Risk Spillover Effect of crude oil market
on BRIC stock markets, and found that there was significant risk
spillover. Özdurak (2021) constructed DCC-GARCH model to
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study the spillover effect of crude oil price on clean energy
investment, and found that with the rise of oil price, renewable
energy investment will also tend to decrease. Weng et al. (2021)
proposed a modeling framework, genetic algorithm regularization
online extreme learning machine with forgetting factor (GA-RFOS-
ELM), to estimate the effects of news during the COVID-19
pandemic on the volatility of crude oil futures which could be
effective and efficient in volatility forecasting of crude oil futures.

The second is to study the multifractal method. Since the
traditional efficient market theory does not conform to the
objective facts, Mandelbrot (Altman, 1967) first proposed the
concept of fractal in the 1970s. On this basis, Peters (1994a)
proposed the fractal market hypothesis (FMH). R/S method was
first proposed byHurst in hydrological analysis in 1951, andwas first
used in the analysis of financial time series by Mandelbrot
(Mandelbrot and Wheeler, 1983) in 1983. However, the research
of Lo (1989) and Peters (1994b), Peters (1996) found that the length
of sample interval and the short-term correlation of samples will
affect the analysis results of R/s method. In order to solve this defect,
Peng et al. (1994) proposed detrended fluctuation analysis (DFA)
when studying the chimeric tissue of DNA, which distinguishes local
correlation from long-term correlation, so as to remove the pseudo
correlation phenomenon, and can effectively analyze the long-term
power-law correlation of unstable time series, which is widely used in
financial time series analysis. On this basis (Kantelhardt et al., 2002),
generalized the DFA method and obtained the multifractal
detrended fluctuation analysis (MF-DFA) method. In 2008,
podobnik and Stanley (Podobnik and Stanley, 2008; Podobnik
et al., 2009) formed detrended cross correlation analysis (DCCA)
on DFAmethod, which expanded it into a method that canmeasure
the long-term correlation of two non-stationary time series. Jiang
and Zhou (2011) and others further improved the MF-DCCA
method and proposed multifractal detrended moving average
correlation analysis (MF-X-DMA) (Wang et al., 2012). Combined
statistical moment with multifractal cross-correlation analysis to test
the cross multifractality between the two sequences. Ruan et al.
(2016) used the price and trading volume data of gold spot and
futures to study the cross-correlation and time-varying
characteristics of price and trading volume. Zhang et al. (2019)
and others studied the multifractal characteristics of bitcoin market
with MF-DCCA, and further analyzed the multifractal correlation
between bitcoin price and other financial market prices. Feng and
Cao (2022) used multifractal detrended cross-correlation analysis
(MF-X-DFA) and multifractal detrended partial cross-correlation
analysis (MF-DPXA) to explore the fluctuation characteristics of
cross-correlation between China and the United States agricultural
futures market before and after canceling the price of West Texas
medium crude oil futures, as well as the impact and cross-correlation
on the market.

The third is to study the multifractal spectrum parameters. In the
field of engineering, multifractals are mostly used to extract the
characteristics of signals, and then the extracted parameters are used
in the research of signal recognition and classification. Li and Xie
(2013) identified the multifractal spectrum characteristics of radar
signals and discussed the identification mechanism of multifractal
spectrum parameters. The empirical study shows that the feature
parameters are effective to recognize signals. Li et al. (2020a) verified

the validity of multifractal spectral parameters by analyzing the
multifractal features of friction signals and quantitatively describing
the friction vibration characteristics under different friction states
through the calculated spectral parameters. In the field of finance,
multifractal parameters have also been widely used. Sun et al. (2001)
found that the main parameter Δf(α) of the multifractal spectrum
was directly related to the daily return rate of Hang Seng Index. In
order to make better use of the statistical information in the
multifractal spectrum (Wei and Huang, 2005), constructed a new
market risk measurement method, which contains the
comprehensive information of the multifractal spectrum
parameters Δα and Δf(α). After theoretical and empirical
research, they believe that the multifractal parameter method is a
powerful tool for studying price fluctuations in financial markets,
from which a large amount of statistical information can be
obtained, which is helpful for us to understand the complexity of
financial markets. Yuan et al. (2009) used the MF-DFA to study the
multifractal features of daily returns of Shanghai Composite Index,
and they also used the range (Δh) and standard deviation (σh) of the
generalized Hurst index to measure the risk of the securities market.
They believe that the greater Δh and σh are, the greater the
multifractal intensity is, and the greater the market risk is. The
empirical results show that this risk measurement index is
reasonable to the Chinese stock market risk measurement. Zhu
and Zhang (2018) analyzed the multifractal structure of China’s
stock market by using the MF-DFA, and they found that the shape
and width of the multifractal spectrum were related to the order.
Through further study, they found that the multifractal parameters
played an important role in risk prediction.

The fourth aspect is the financial market risk prediction
research. At present, the risk prediction models of financial
market can be divided into two categories: one is the statistical
approach, which mainly includes linear models such as
univariate, multivariate and logistic regression. The idea of
multivariate linear early warning model was first proposed by
(Altman, 1967), whose Z-score model is the most classic and
representative linear risk prediction model at present. Dong et al.
(2019) use the CAViaR method to forecast the oil return risks,
and further depict the dynamic and heterogeneous features
during the crisis (or non-crisis) period, as well as in different
markets via DCC-GARCH models. Latunde et al. (2020) uses the
CAPM and some statistical tools (variance, covariance andmean)
to study risks on the expected return of investing in four common
Deutsche Bank (DB) crude oil assets, the result reveals that DTO-
DB Crude oil Double Short has the highest beta risk and highest
expected return. And the higher the risk, the higher the expected
return, and vice versa, that is, the risk is directly proportional to
the expected return. Liu et al. (2019b) extend the Copula-CoVaR
models by introducing the Peak-over-Threshold and construct
the Copula-POT-CoVaR model to investigate the risk spillover
effect from crude oil market to BRICS stock markets. By using the
crude oil market and BRICS stock market data from 2006 to 2016
as the sample, the empirical study results show that: there is a
significant risk spillover from crude oil market to BRICS stock
markets, and the risk of crude oil market explains more than 50
percent of BRICS stock markets’ risk. Li et al. (2021) use the
Conditional Autoregressive Value at Risk models (CAViaR)
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approach to forecast the risk of Bitcoin’s returns, the results show
that Bitcoin’s volatility is significantly related to the volatility of
the crypto-asset’s return and the main determinants of volatility
are speculation, investor attention, market interoperability and
the interaction between speculation and market interoperability.
Li et al. (2020b) measure the return risks of the cryptocurrencies
by using the CAViaR model, the results show that they have
similar risk tendencies, the risk spillover directions are highly
correlative with the market capitalizations of the
cryptocurrencies. However, the statistical approach, which
mainly includes linear models, is difficult to describe the
nonlinear relationship in the financial market. The second
category is the machine learning approach. With the rapid
development of machine learning algorithms, many scholars
begin to combine computer technology with relevant
knowledge of financial markets to do interdisciplinary research
on the risk prediction of financial markets, with algorithms such
as Support Vector Machine (SVM) and Extreme Gradient Boost
(XGBoost). Tam and Kiang (1990) compared the neural network
model and the traditional statistical model in predicting the risks
of banks, and he found that the prediction accuracy of the BP
(back propagation) neural network was higher. Later, in order to
make the results more reliable (Tam, 1991), compared the
prediction results of the BP neural network with those of
other algorithms (such as logistic regression, decision tree and
feed-forward artificial neural network), and he found that the
prediction effect of the BP neural network was the best.
Uthayakumar et al. (2020) proposed a cluster-based
classification model, including improved K-means clustering
and fitness-scaling chaotic genetic ant colony algorithm
(FSCGACA) classification model to predict financial crises.
Zhao et al. (2018) used least squares support vector machine
(LSSVM) to predict systemic financial risks, and Particle Swarm
Optimization (PSO) was used to optimize the parameters of the
model, and the results show that LSSVM is better at accurate
prediction and generalization. Ma and Lv (2019) took the
objective function of machine learning algorithms such as
support vector machine and neural network as the basis
function to carry out the weighted average, and used the
constructed Multi-Lingual Information Access (MLIA) model
to predict the credit risk of Internet finance. The empirical results
show that this model has a higher prediction accuracy compared
with logistic regression. Li and Quan (2019) used BP neural
network to predict the financial risks of manufacturing
enterprises, optimized the model parameters by using
improved particle swarm optimization (IPSO), and established
a financial risk prediction model based on the IPSOBP model.

Throughout the above literature, although the existing literature
has carried out a large number of studies on the multifractal theory
and analysis methods, multifractal spectrum parameters and risk
prediction models, there is still room for further research. ① Since
China’s crude oil futuresmarket is an emergingmarket, there are few
studies on it at present. Most of the existing research focus on price
fluctuations of China’s crude oil futures, or comparison with other
markets through econometric models by studying the co-integration
relationship, Granger causality relationship or linkage effect between
markets. Although (Wang et al., 2011) introduced the multifractal

method into the research of China’s crude oil futures market, they
did not study the risk of this market from the perspective of
multifractal spectrum parameters. ② A large number of existing
studies focus on the confirmation and generation mechanism of
multifractal features of financial markets, but the achievements of
fractal theories applied to financial markets are relatively scattered.
Although some scholars have substituted the fractal indirect index
(fractal spectral parameter) for variance to measure the financial
market risk, there are few studies that combine the multi-fractal
parameters with clustering algorithm to carry out pattern
recognition of market risk. ③ Although the machine learning
method has been introduced into the research of financial market
risk prediction, it mainly focuses on the analysis andmeasurement of
the overall risk of the market, instead of using the multi-fractal
parameters to predict the risk status of the financial market from the
perspective of the multifractal features. In this paper, therefore, with
China’s crude oil futures as the research object, we employ the
multifractal theory framework and introduce multifractal feature
parameters into the machine learning model to identify and predict
China’s oil futures market risk, so as to provide relevant investors a
more effective reference for risk management by helping them
identify potential risks in advance and promptly formulate
prevention and control measures.

The marginal contribution of this paper is mainly reflected in the
following two aspects. First, this paper studies the multifractal
features of China’s crude oil futures market from the perspective
of high frequency. This paper calculates the intra-day multifractal
spectrum parameters through the improved EMD-MFDFAmethod,
and combines it with the unsupervised clustering algorithm to
identify as well as define the risk status of the market in each
trading day. Second, this paper adopts SVM and XGBoost as well as
their improved algorithms based on sample imbalance issue to
predict the risk status of China’s crude oil futures market, so that
relevant investors can identify potential risks in advance and
formulate prevention and control measures in time.

The overall framework of this paper is as follows: Section 3
analyzes the risk characteristics of China’s crude oil futures
market, providing sample data for the risk prediction of
energy futures market; Section 4 identifies and measures the
risk of China’s crude oil futures market; Section 5 is about the risk
prediction of China’s crude oil futures market. The main
conclusions of this paper are in Section 6.

RISK FEATURES OF CHINA’S CRUDE OIL
FUTURES MARKET
Data Sources and Basic Analysis of China’s
Crude Oil Futures Market
This paper selects China’s crude oil futures issued in March 2018
as the research object, and the sample data time span is from 26
March 2018 to 1 March 2021, with a total of 73,575 5-min high-
frequency trading records of 712 trading days (excluding
weekends and holidays; data are from Shanghai Futures
Exchange). Data collection starts at 21:00 p.m. on the day
before trading and ends at 15:00 p.m. on the day of trading,
recording once every 5 min, then 111 pieces of data can be
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collected on each trading day (Note: the trading time of each
trading day is 21:00-02:30, 09:00-11:30, 13:30-15:00).

This paper defines the logarithmic return rate as:
Return � lnP(t + 1) − lnP(t), where P(t) represents the
closing price of China’s crude oil futures market at time t.
Figure 1 shows the fluctuation situation of the closing price of
China’s crude oil futures and the corresponding return rate. As
can be seen from the figure, the price of China’s crude oil futures
dropped significantly at the end of 2018, even erasing all the
gains since the beginning of the year. The possible reason for
this situation is that the growth of international crude oil
demand is weak, but the supply is greatly increased, leading
to the imbalance between supply and demand. Secondly, the
rapid rise of oil price at the early stage has a negative impact on
economy and society (high oil price leads to economic recession,
which in turn leads to a series of social unrest), thus leading to
the continuous decline of oil price. Similarly, from the end of
2019 to the beginning of 2020, affected by the global COVID-19
epidemic, the export and storage of crude oil were blocked,
leading to a continuous and significant decline in the oil price,
and the corresponding returns fluctuation increased
significantly compared with other periods, and there was an
obvious fluctuation aggregation phenomenon.

In addition, Table 1 displays the descriptive statistics of
sample data. The series skewness and kurtosis shown in the
table are obviously not zero, indicating obvious non-normality of
both the price series and the return rate series. Specifically, the
skewness values of price and returns are both less than 0, and the
kurtosis values are greater than 0. According to the skewness
value, the distribution of the return rate series is slightly to the left.
The kurtosis value indicates that the return rate series presents the
characteristic of sharp peak and thick tail. What’s more, the
Jarque-Bena (JB) statistic is used to test the normality of the
sequence, and it is found that the JB statistic is relatively large,
which indicates that the hypothesis of the sequence obeying
normal distribution is rejected at the 1% confidence level.

Multifractal Features of China’s Crude Oil
Futures Market
Although the MF-DFA method can effectively analyze the
multifractal features of non-stationary time series, there are
still some shortcomings in this method. Firstly, the MF-DFA
method requires the time series to be detrended. Specifically, it
is found that when the MF-DFA method is used to segment the
whole sequence, the segmented interval length is not always an
integral multiple of the original sequence length, so the
segmented interval is not always continuous. This
uncertainty will lead to the discontinuity of the fitting
polynomials of adjacent segmented intervals, which may
produce new pseudo-random fluctuation error, and then
make the fluctuation function produce a certain deviation,
resulting in the distortion of the scale index. Therefore, in this
paper, the sliding-window method is adopted to improve the
discontinuity problem of the segmented interval, so that the
segmentation of the non-overlapping interval is optimized into
continuous overlapping interval, and the error caused by the
discontinuity of the segmented interval is avoided. Secondly, in
the MF-DFA method, the polynomial fitting method is used to
estimate the local trend of the sequence, and each interval
should be de-trended. But the polynomial fitting needs to
determine the order of polynomial artificially in advance,
and there is no certain standard for the choice of order, so
it is subject to great random interference. Therefore, this paper
combines the empirical mode decomposition (EMD) with
multifractal detrended fluctuation analysis to improve the
shortcomings of MF-DFA. The improved EMD-MFDFA
method eliminates the trend term extracted by empirical
mode decomposition from the original series, so as to
eliminate the trend in the time series and avoid the error
caused by the unfixed order of polynomial fitting.

To sum up, this paper combines the advantages of the sliding-
window technology and the EMDmethod to improve the original

FIGURE 1 | Time series of China’s crude oil futures market price and return rate.
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MF-DFA method, and uses the improved EMD-MFDFA method
to analyze the multifractal features of the return rate series of
China’s crude oil futures market, which are shown in Figure 2.

The following conclusions can be drawn from Figure 2:

① Figure2A shows the double logarithm relationship between
the scale s and the fluctuation function Fq(s) (q-order wave
function) at different values of q. It is obvious that when s
increases to a certain extent, the fluctuation function Fq(s)
increases roughly linearly, which indicates that the return rate
series of China’s crude oil futures market has obvious power-
law correlation and long-term correlation. It should be noted

that the above linear relationship changes when s = 23, and
that 23 corresponds to about 1 month, which is consistent with
the results of most financial markets.
② As is known to all, when the value of h(q) (Generalized
Hurst index) changes with the value of q, the sequence will
show a multifractal feature, otherwise, it will show a single
fractal feature. As can be seen from Figure 2B, when the value
of q changes from -10 to 10, the return rate series h(q)
decreases from 0.7932 to 0.2748, indicating that the return
rate series of China’s crude oil futures market has obvious
multifractal features. Specifically, when the order q is a large
positive number, it reflects the behavioral information of large

TABLE 1 | Descriptive statistics of data.

Mean Maximum Minimum Standard Deviation Skewness Kurtosis JB statistics

Price 408.02 597.60 209.70 87.88 −0.46 1.99 5785.73
Returns rate −6.99E-07 0.09 −0.09 0.00 −0.11 302.11 2.74E+08

FIGURE 2 | Multifractal features analysis of China’s crude oil futures market with the EMD-MFDFA.

Frontiers in Energy Research | www.frontiersin.org July 2022 | Volume 10 | Article 7410186

Guo et al. Crude Oil Risk Prediction

https://www.frontiersin.org/journals/energy-research
www.frontiersin.org
https://www.frontiersin.org/journals/energy-research#articles


fluctuation components of the price series. In this case,
h(q)< 0.5, which indicates that the large fluctuation
presents anti-persistence characteristics and is more prone
to trend changes. However, when the order number q is small
or negative, the small fluctuation component of the price series
is amplified, and at this point, h(q)> 0.5, indicating that the
small fluctuation shows a certain degree of persistence. In
addition, when q � 2, h(q) at this time is the traditional Hurst
index. According to the experimental results, h(2) � 0.5320,
which is greater than 0.5, indicating that the market has long-
term memory characteristics. Therefore, China’s crude oil
futures market has relatively obvious long-term memory
characteristics.
③ It can also be seen from Figure 2C that there is an obvious
nonlinear relationship between the Renyi index τ(q)
(Multifractal scaling index) and q of the return rate series
of China’s crude oil futures market; the image is presented as
an increasing convex function, which further verifies the
multifractal features of the series.
④ Figure 2D shows the multifractal spectrum of the sequence.
It can be seen from the figure that the multifractal spectrum
changes with α, showing an obvious arch shape, and the values
of α are between −0.8134 and −0.1142, indicating the existence
of multifractal features in this sequence.

The above analysis of the generalized Hurst index and
multifractal spectrum is only a direct and qualitative
analysis on multifractal features. On this basis, we also need
to carry out quantitative analysis to accurately describe the
multifractal degree. Because the multifractal parameters Δh
and Δα can reveal the fluctuating state of the series, and
measure the intensity of the multifractal features of the
series, we use these two indicators to quantify the
multifractal degree of the trading rate series of China’s
crude oil futures market. The calculation formulas of Δh
and Δα are as follows:

Δh � max[h(q)] −min[h(q)] (1)
Δα � max[α] −min[α] (2)

Since Δh can be used to reflect the fluctuation mode and
relative amplitude of the series, and Δα represents the dispersion
degree of the trend distribution of the financial time series, they
can be used to measure the absolute range of the series
fluctuation. As can be seen from Table 2, the values of the
multifractal parameters Δh and Δα are 0.5184 and 0.6993,
respectively, indicating that the relative as well as the absolute
amplitude of the fluctuation change of this series is large, that is,
the multifractal degree of the series is large.

RISK IDENTIFICATION AND
MEASUREMENT OF CHINA’S CRUDE OIL
FUTURES MARKET

Risk Identification of China’s Crude Oil
Futures Market Based on Fractal
Characteristics
The price fluctuation of China’s crude oil futures market has
obvious multifractal characteristics. On this basis, this paper
divides the whole sample data into daily trading data and
calculates the daily multifractal spectrum parameters, so as to
effectively identify the daily risk pattern of the market. In order to
make the research more rigorous, this paper first analyzes the
multifractal features of each trading-day series with the EMD-
MFDFA by selecting a trading day at random, and the results are
shown in Figure 3.

Taking the 5-min high-frequency trading data on 24May 2018
as an example, the double logarithm graph and multifractal
spectrum are drawn. It can be seen from Figure 3A that the
daily return rate series of China’s crude oil futures market has
obvious power-law relationship under different q values, that is, it
has multifractal features. In addition, the multifractal spectrum,
Figure 3B, also shows an obvious arch shape, which is consistent
with the overall multifractal results. It should be noted that other
trading days have similar performance. Therefore, we find that
the daily price fluctuation of China’s crude oil futures also has
multifractal features. It is worth mentioning that the multifractal
parameters are calculated based on the 5-min high-frequency
data of the day’s trading, so they can cover most of the trading
information of the day. Compared with the return rate
corresponding to the daily closing price, the risk state defined
by the multifractal parameters is more real and reliable.
Therefore, this paper further analyzes the daily multifractal
spectrum parameters.

The definition of Δα, the width of the fractal spectrum, has
been given above, and the corresponding parameter Δf is also
defined. According to the partition function method, αmin and
αmax represent the minimum probability measure and the
maximum probability measure respectively. The larger Δα is,
the wider the multifractal spectrum is, indicating that the price
distribution of the day is more uneven and the absolute range of
fluctuation is greater. Due to the same probability measure of
αmin and αmax, there exist corresponding parameters f(αmin)
and f(αmax). f(αmin) represents the possibility that the
sequence trend is above the average, and f(αmax) represents
the possibility that the sequence trend is below the average, so
Δf � f(αmin) − f(αmax) can be used to measure the uniformity
and complexity of the sequence in a certain period of time. Since
Δf has its own sign, when Δf> 0, it indicates that the price stays
above the average for a long time, and investors believe that the
price trend is good; otherwise, when Δf< 0, prices are below the
average, investors perceive the market as weak. Generally
speaking, the larger the absolute value of Δf is, the more
uneven the time series distribution is and the more complex
the fluctuation state is.

TABLE 2 | Multifractal parameters Δh and Δα.

Max min Δ

h 0.7932 0.2748 0.5184
α −0.1142 −0.8134 0.6993
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To sum up, Δα can be used to measure the absolute amplitude
of price fluctuation in a day, and Δf can be used to measure the
relative trend height and complexity of price fluctuation.
Therefore, this paper will further analyze the daily multifractal
characteristics of the return rate series of China’s crude oil
futures, so as to provide data support for accurately defining
the normal state and risk state of the market. After calculating the
multifractal spectrum parameters of each trading day, the scatter
diagram is drawn, as shown in Figure 4.

Obviously, the data distribution in the lower left corner of the
figure is relatively concentrated. In combination with the above
theoretical analysis, it can be seen that the larger the values of Δα
and Δf are, the greater the fluctuation of the sequence is and the
higher the complexity of the fluctuation is, and vice versa.
Therefore, the sample points in the lower left corner of
Figure 4 indicate that the market is in a normal state on the
trading day. In order to make the identification of market daily
risk status more accurate, this paper introduces the unsupervised
clustering algorithm, without setting the threshold value for Δα

and Δf, the impact of artificial random interference on risk
identification is avoided.

In this paper, the K-means clustering and the Gaussian
Mixture Model (GMM) are used to cluster the parameters Δα
and Δf calculated above.

In short, the GaussianMixture Model (GMM) can be regarded
as an optimization of the K-means algorithm. It is not only a kind
of technical means commonly used in industry, but also belongs
to a generation model. The GMM is to mix the probability
distribution of multi-dimensional Gaussian model, so as to fit
different sample data sets, so it has strong generalization ability
and good fitting effect. In the K-means algorithm, the probability
that the sample belongs to each cluster is qualitative, only “yes” or
“no,” and the corresponding probability value cannot be output.
The GMM method, on the other hand, gives the probability of
these sample data points being assigned to each cluster, and it can
assign samples to different clusters according to artificial
threshold values. Therefore, the information obtained by the
GMM method is more. Figure 5 shows the risk pattern
recognition results with K-means clustering and GMM
clustering algorithms for China’s crude oil futures market. It is
also obvious from the clustering results in the figure that the
results gathered by the GMM are more accurate and more in line
with the actual situation of the market. Therefore, this paper uses
the GMM algorithm to identify the risks of China’s crude oil
futures market and defines the market risk status into two
categories: the normal status and the risk status, providing a
label basis for subsequent risk prediction model.

Selection of Risk Feature Indicators
After obtaining the risk status indicator variables of China’s crude
oil futures market, it is also necessary to select appropriate feature
indicator variables for the market risk prediction model. Since
there are many factors that affect market volatility, in order to get
as much information as possible, this paper selects the risk feature

FIGURE 3 | Multifractal analysis of the return rate of China’s crude oil futures market under day granularity (taking 2018/05/24 as an example).

FIGURE 4 | Scatter diagram of Δα ~ Δf .
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indicators from two aspects: basic indicators and technical
indicators.

To be specific, This paper selects eight basic indicators (open,
high, low, close, volume, settle, pre_settle, return) and 16
technical indicators (MA5, MA10, MACD, SAR, BOP, ATR,
MFI, MOM, K, D, J, ROCP, CCI, RSI, OBV, WILLR) as the
eigenvectors of the prediction model. Among them, most of the
technical indicators in this paper are calculated from the
quantified transaction package Ta-Lib in Python. The basic
meanings of indicators are shown in Table 3.

Data Processing
Through the above analysis, this paper transforms and processes
eight basic indicators to calculate 17 technical indicators,
obtaining the feature indicator variables of China’s crude oil
futures market in each trading day from 26 March 2018 to 1
March 2021; then, this paper combines the variables with the risk
pattern recognition results (label index) in Section 4.2 to form a

sample data set of risk prediction model. The feature indicators
and the label indicators can be expressed as x(i)

t and yt

respectively. Specifically, x(i)
t is the i-th feature indicator

corresponding to trading day t; yt indicates the risk status
indicator corresponding to the t-th trading day, and its value
is 0 or 1 (where 0 indicates that the market is in a normal state and
1 indicates that the market is in a risk state). Therefore, the feature
indicator variables and the status indicator variables constitute
the sample point (x(i)

t , yt) of this paper. And because this paper is
to predict the risk of China’s crude oil futures market, that is, to
predict the status indicator variables of the next moment through
the feature indicator variables of the current moment, then the
sample data set used in the prediction model is (x(i)t , yt+1).

Because the selected feature indicators have different orders
of magnitude, if they are not processed, the information
extraction of the data will be incomplete, and the effect of
the model will also be greatly affected. In order to narrow the
magnitude gap among feature data and improve the accuracy
of model prediction, this paper adopts the Min-Max method to
normalize the sample feature data, that is, to make linear
changes to the original feature data so that the processed
data results can be mapped to a unified interval. The
specific formula is as follows:

x(i)′ � x(i) −min(x(i))
max(x(i)) −min(x(i)) (3)

After data normalization, the prediction accuracy and
convergence speed of the model can be improved.

Screening of Risk Feature Indicators
The prediction model is a complex model with multiple
indicators. Only by accurately extracting the feature vectors
that affect market risks can we make the risk prediction more
accurate. It is worth noting that many technical indicators are
calculated based on the basic indicators, so the feature indicators
we select may have obvious correlation between each other, and
the information contained in one indicator may be relatively
similar with another. Therefore, choosing more indicators will
not make the model better, but will reduce the learning efficiency
and increase the time cost of the model. At the same time, there
may be some unclassifiable feature indicators in the initial ones.
Thus, in order to simplify the complexity of the model and

FIGURE 5 | Risk identification of China’s crude oil futures market by K-means clustering (left) and GMM clustering (right).

TABLE 3 | Risk feature indicators.

Basic indicators Indicators explanation

open Opening price
high Highest price
low Lowest price
close Closing price
volume Trading volume
settle Settlement price
pre_settle Pre settlement price
return Logarithmic rate of return

Technical indicators Indicators explanation

MA Moving average
MACD Moving average convergence divergence
SAR Stop and reverse indicator
BOP Balance of power indicator
ATR Average true range indicator
MFI Money flow index
MOM Momentum index
KDJ Stochastic oscillator indicators
ROCP Return of capital indicator
CCI Commodity Channel Index
RSI Relative strength index
OBV On balance volume
WILLR Williams %R
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improve its prediction efficiency and accuracy, we need to further
screen the selected initial feature indicators, so that the selected
ones can contain the information of the majority of features, and
achieve the effect of dimensionality reduction and denoising.
Therefore, in order to extract the representative risk
measurement indicators of China’s crude oil futures market
from the initial indicators, this paper adopts the decision tree
algorithm and calls the feature_importances interface in the
decision tree model to obtain the importance of the features.
This method mainly measures whether a feature is important or
not from two aspects: first, the total number of features split;
Second, the total (average) information gain from features. The
more the total number of feature splits or the greater the total
(average) information gain, the higher the importance of the
feature is, and vice versa. In this paper, information gain will be
used to calculate the importance of each feature, and the results
are shown as follows:

In the decision tree construction, the larger the information
gain of a feature, the stronger the ability of classification, that is,
the higher the importance of the feature. Therefore, we need to
select features with large information gain from the original
features as the feature indicator variables. As can be seen from
Figure 6, the top 10 variables of information gain are ATR, RSI,
OBV, J, return, CCI, MACD, vol, MA_10 and MFI, so this paper
takes them as the feature indicators in the risk prediction model
of China’s crude oil futures market.

RISK PREDICTION OF CHINA’S CRUDE OIL
FUTURES MARKET

Risk Prediction Evaluation Criteria
After the above data processing, this paper obtained a complete
data set for risk prediction, including 10 characteristic indicators
and label indicators obtained by multi-fractal spectral parameter

clustering. According to the statistics, among the 691 trading days
included in the sample, 550 trading days are in the normal state
and 141 trading days are in the risk status. The proportion of risk
samples and normal samples is close to 1:4, so the samples are
unbalanced. Therefore, the accuracy of classification can not be
used as an evaluation criterion of the quality of the model, and
some other evaluation criteria are necessary to measure the
training ability and generalization ability of the classification
model. Based on the confusion matrix, this paper calculates
two comprehensive evaluation indexes as model evaluation
criteria to solve the problem of sample imbalance in this
paper. The specific meaning of confusion matrix is shown in
Table 4:

According to the results of the confusion matrix, the accuracy,
precision, recall rate and specificity of the risk prediction model
can be calculated. The specific meanings and formulas are as
follows:

Accuracy: The proportion of all correctly predicted samples to
the total number of samples.

Accuracy � TP + TN
TP + FP + TN + FN

(4)
Precision: the proportion of true minorities in all samples
predicted to be minorities.

precision � TP
TP + FP

(5)
Recall rate: The percentage of a sample that is actually a minority
category that is predicted to be a minority category.

FIGURE 6 | The importance ranking of feature indicator variables based on information gain.

TABLE 4 | The confusion matrix table.

Actual minority class Actual majority class

Actual minority class True Positive (TP) False Negative (FN)
Actual majority class False Positive (FP) True Negative (TN)
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Recall � TP
TP + FN

(6)
Specificity: a measure of how many samples that are actually in
the majority class are correctly predicted to be majority.

Specificity � TN
TN + FP

(7)

To sum up, there is a trade-off between accuracy and recall
rate, and the balance between the two means that we should
try not to miss the majority class while capturing the
minority. Therefore, in order to meet the above
requirements, the harmonic mean of the two is calculated
as a comprehensive index and expressed by F1. According to
the characteristics of the harmonic mean which tends to favor
the index with a smaller value, when the accuracy and recall
rate are both large, the closer the value of F1 is to 1, the better
the classification effect of the model. The specific formula of
F1 is as follows:

F1 � 2
1

Precision + 1
Recall

� 2pPrecisionpRecall
Precision + Recall

(8)

In addition, according to the calculation formulas of recall
rate and specificity, recall rate can be used to measure the
classification accuracy of the minority class, while specificity
can represent the classification accuracy of most classes.
Similarly, in order to take both recall rate and specificity
into account, the geometric mean of both are constructed as
a comprehensive evaluation index G, that is, only when both
recall rate and specificity are high, the corresponding G value
will be relatively ideal.

G �
���������������
RecallpSpecificity

√
(9)

To sum up, F1 and G, the two comprehensive evaluation
indexes, can be used to measure the prediction ability of the
model for samples of the minority class and the comprehensive
prediction ability for two classes of samples, respectively. The
larger the F1 is, the better the prediction ability of the model is in
predicting the minority class samples, and vice versa. If G is large,
it indicates that the model has high accuracy in predicting both
classes of samples. Therefore, this paper measures the effect of the
classification model of unbalanced samples by using two
comprehensive evaluation indexes, F1 and G, which are
calculated from the confusion matrix.

Selection of Risk Prediction Methods and
Comparison of Prediction Results
Based on the sample data set constructed by the feature indicator
variables and the label indicator variables constructed above, and
considering the advantages of the support vector machine (SVM)
model in dealing with such problems, this paper firstly uses the
SVM model to forecast the risks of China’s crude oil futures
market. The empirical process is completed in Python, mainly
using Numpy, Pandas, Sklearn and other libraries. At the same

time, in order to make the experimental prediction results more
accurate, this paper also uses the five-fold cross validation
method, and adopts the StratifiedKFold sampling method
when dividing the training set and the test set to ensure that
the proportion of normal samples and risk samples in the training
set and the test set is consistent with the original data set. In the
empirical study, the function SVC in Sklearn library, which is
used to classify support vectors, is used to process the sample data
in this paper. Considering the imbalance of samples in this paper,
the class_weight parameter in the SVC function is set to balanced
to make the results of the model more accurate.

After empirical adjustment, the values of F1 and G are 0.1356
and 0.1387, respectively, both of which are relatively small,
indicating that the prediction ability of the model is poor.
Although the class_weight parameter has been processed, the
decision hyperplane of SVM will still automatically bias to the
minority class when processing asymmetric data sets, which will
result in weak prediction ability of the model and failure to
accurately identify the risk samples in this paper. Therefore, twin
support vector machine (TWSVM) is introduced in this paper on
the basis of SVM. One decision hyperplane in SVM is extended
into two decision hyperplanes, making each hyperplane close to
the sample points of this class and far away from the sample
points of the other class, so as to overcome the defect of SVM
when dealing with the problem of sample imbalance.

The Twin Support Vector Machine (TWSVM) method was
first proposed by Khemchandani and Chandra (2007) Its basic
idea is similar to the traditional SVM algorithm. It transforms a
large classification problem into two small classification
problems, so that the constraints of each quadratic
programming problem become half of the original.
Specifically, two non-parallel decision hyperplanes are
determined by solving two related SVM classification
problems, and samples are classified according to the closest
decision hyperplane of a given sample point. This improvement
not only solves the error caused by the sample imbalance to some
extent, but also improves the generalization ability and iteration
speed of the model.

In order to make the prediction results of the two models
comparable, the same training set and test set are also adopted in
TWSVM, and the prediction results of SVM and TWSVM are
compared, as shown in Table 5:

It can be found from the results in Table 5 that the F1 and G
values of the TWSVM in the test set are significantly higher than
those of traditional SVM model, that is, the prediction ability of
the TWSVMmodel for samples of theminority class as well as the
comprehensive class are better than that of SVM, indicating that
TWSVM can effectively solve the problem of sample imbalance to
some extent, and has high prediction accuracy.

TABLE 5 | Comparison of prediction results of SVM and TWSVM.

Model F1 G

SVM (RBF) 0.1356 0.1387
TWSVM (RBF) 0.3860 0.6425
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Risk Prediction Algorithm Selection and
Prediction Results Comparison
For the problemof sample imbalance,most existing studies start from
the data set level and solve the sample imbalance by over-sampling
and under-sampling. However, over-sampling will lead to the
problem of over-fitting, and under-sampling will lose important
information in the data, so they are not advisable. At the
algorithm level, in addition to changing the decision-making ideas
of the algorithm (such as the TWSVMmethodmentioned above), we
can start from the loss function of the algorithm. Lin et al. (2017)
introduced the Focal loss function and weighted loss functions on the
basis of XGBoost, an extreme gradient lifting algorithm proposed by
Chen Tianqi, and proposed an algorithm of Imbalance- XGBOOST
for unbalanced samples. On this basis, Wang et al. (2020) derived the
theory in detail, and verified that the method could effectively solve
the problem of sample imbalance through practical application, and
expanded the use scenarios of XGBoost. For the convenience of
understanding, two loss functions used in the improved algorithm are
listed. It should be noted that since this paper is aimed at classification
problems, the activation functions are all sigmoid functions.

For the focal loss function:

Lfocal � −∑m
i�1
[yi(1 − ŷi)γlog(ŷi) + ŷγi (1 − yi)log(1 − ŷi)] (10)

For the weighted loss function:

Lweighted � −∑m
i�1
[αyi log(ŷi) + (1 − yi)log(1 − ŷi)] (11)

Where yi is the actual label; ŷi � 1
1+exp(−zi), α, γ are parameters.

In the empirical study of this section, this paper mainly calls the
integrated libraries such as Sklearn and Imbalance-XGboost in
Python to predict the risks of China’s crude oil futures market.
Similarly, the samples used in this section are the same as those in the
previous section, and the training set and the test set are also the
same. When adjusting the parameters of the model, GridSearch is
used to optimize the parameters of the above loss functionwithin the
range of (Altman, 1967; Li et al., 2019), and the optimal parameters
(α � 3, γ � 1.5) are returned through the best_estimator_ interface.
Further, we compared the values of F1 and G of XGBoost and its
improved models under the optimal parameters, and the results are
shown in Table 6.

According to the empirical results, both F1 and G values of the
original XGBoost are low, indicating that the non-equilibrium
samples have a great impact on the prediction effect of the
XGBoost algorithm. After the improvement of its loss function,
the values of F1 andG are significantly improved, andwhen the focal
loss function is used, the F1 and G of Focal-XGBoost are the best,
indicating that Focal-XGBoost could effectively solve the problem of

sample imbalance existing in this paper and improve the prediction
accuracy of the model.

CONCLUSION

This paper takes the return rate series of China’s crude oil futures
market as the research object, and uses the EMD-MFDFAmethod to
study the multifractal characteristics based on 5-min high-frequency
trading data. At the same time, themultifractal analysis is carried out
on 111 trading data generated in each trading day, and the calculated
daily multifractal spectral parameters are used to analyze the risk
status of each trading day. The unsupervised clustering algorithms
K-means and Gaussian Mixture Model (GMM) are further used to
cluster the obtained spectral parameters. Each trading day is
identified as the risk status or the normal status, and the
identified risk status is used as the label data and combined with
the corresponding technical indicators. SVM, XGBoost and their
improved algorithms are used to predict the risks of China’s crude oil
futures market, Based on the calculation results of confusion matrix,
the prediction effects of each model are compared, and the optimal
model is selected to predict the risks of China’s crude oil futures
market, so that relevant investors can identify potential risks in
advance and formulate prevention and control measures in time.
The following conclusions are drawn:

① There are obvious multifractal characteristics in the return
rate series of both China’s crude oil futures market and its
single trading day, and the calculated daily multifractal
parameters can effectively show the fluctuation of the series.
② Due to the imbalance of sample data, twin support vector
machine (TWSVM) model has better prediction ability than
the traditional support vector machine (SVM) model for the
risk prediction of China’s crude oil futures market.
③ The XGBoost algorithm has a great impact on the risk
prediction, and the Focal-XGBoost is better for China’s crude
oil market risk prediction.
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TABLE 6 | Comparison of prediction results of XGBoost series models.

Model F1 G

XGBoost 0.2752 0.2766
Weighted-XGBoost 0.4173 0.5935
Focal-XGBoost 0.4362 0.6473
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