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With the development of science and technology, the application of big data is becoming more and more widespread, and it has
gradually expanded to various fields such as economy and commerce. Since the 2008 international financial crisis, the mainstream
economics has shown deficiencies to a certain extent. On the one hand, the expressions pursued by mainstream economic theories
are too strict, restricting its processing capabilities. On the other hand, the linearization method ignores the diversity, complexity,
and variability of changes in the economic system, which may ignore the emergence of some serious crises. Due to the increasing
distance between theoretical models and practice, theoretical models cannot guide the practice and sometimes even mislead the
latter. In this paper, we propose a method of dynamic feedback early warning based on big data, which uses the LPPL model to fit
parameters. Finally, we used this method to analyze the case of the A-share disaster. 0e research results show that the method
makes the early warning coefficients of dynamic and complex systems more scientific and accurate.

1. Introduction

A complex system is an organic entity that interacts with
various parts, not a simple addition and mechanical com-
bination of parts [1]. 0erefore, people’s understanding of
locality cannot be pieced together to understand the overall
laws of complex systems.

In the face of complex systems, another method com-
monly used by humans is to decompose complex problems
layer by layer, cut them into tiny fragments, analyze the
fragments in depth, and infer the overall situation. However,
the close connection and interaction between the various
parts of the system were also destroyed during the cutting
process.

Human society is a typical complex system. 0e study of
this system, especially the economic aspects, is more a partial
analysis and decomposition study. Various traditional

economic theories are mostly concentrated in a certain field,
such as demand, supply, and currency. In addition, due to
the complexity of economic systems, many analyses cannot
be simply proved by data nor can they be summarized by
simple causality because in complex systems, many factors
are both causes and results. In this way, the interpretation of
economic phenomena by various economic theories is not
convincing. For example, it has been more than 80 years
since the Great Depression of 1929, and economists still do
not have a satisfactory explanation of the root cause of the
Great Depression and are still arguing. 0e financial crisis of
2008 allowed this debate to continue to heat up, with each
side holding its own word and giving up, and this debate will
continue in the future [2, 3].

Economists are immersed in economic phenomena,
data, models, and theories. 0ey seem to be the most au-
thoritative people who study and solve economic problems.
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But what would happen if we looked at economic issues
from a completely unrelated perspective? What would come
to a conclusion if someone who was familiar with cyber-
netics but not familiar with economics observed the eco-
nomic crisis? First of all, the noneconomic professional may
not only study a certain part nor study the system de-
composition. First, he considers the system as a “black box”
and observes the entire system by observing input and
output features. Second, he may study the internal structure
and connections of the system.

From the perspective of system control, a periodic
economic crisis is a periodic shock. If a system enters a
periodic oscillation without external input disturbance, this
system is likely to have positive feedback [4]. 0e shock
comes from the internal structure of the system, not the
changes in input and output. It is wrong to emphasize that
changes in certain parameters of the system cause the entire
system to oscillate, such as insufficient demand, excessive
supply, insufficient investment, credit expansion, credit
contraction, and so on. In order to study the periodic os-
cillation of the system, the structure of the system must be
studied to find the positive feedback mechanism inside the
system.

2. Related Work

Risks arise from imbalances in supply and demand, both
purely quantitative and quality-effective. 0e traditional risk
determination model [5, 6] is based on the assumptions of
rational expectations, price equilibrium, and market com-
petition, but these factors cause the theory to be inconsistent
with the real economy. 0e economic system is a complex
adaptive system; for example, in Keynes’s demand theory,
residents must have complex self-adaptation in order to
adjust their decisions, including demand and investment,
according to the changing environment. Similarly, in
Schumpeter’s innovation theory, only if a company has
complex self-adaptability can it discover and create non-
equilibrium and continuously pursue technological inno-
vation and capital accumulation in pursuit of high profits.

An important method for studying complex adaptive
systems in cybernetics is to use a two-way feedback mecha-
nism. 0erefore, we propose to use a two-way feedback
mechanism in cybernetics to warn of risks in economic
systems. We propose that the risk originates from the mi-
gration of the internal mechanism of the system (from
negative feedback to positive feedback). 0e construction of
dynamic feedback models and early risk warning simulation
based on big data platforms is the focus of this study. As
shown in Figure 1, we divide the system operation cycle into
nonrisk cycle and risk cycle according to the dynamic feed-
back mechanism [7, 8]. We take a semaphore-based dynamic
feedback model as an example; when the model is negative
feedback, the dynamic feedback model we propose is the
traditional equilibrium model. At this time, the system is in a
nonrisk cycle. When the model is positive feedback, it is a self-
organizing collaborative model that shows strong reflexive
characteristics, at which time the system is in a risk cycle.

Our research shows that the negative feedback system
conforms to the traditional model of supply and demand
and the positive feedback system conforms to the reflexivity
theory proposed by Soros [9, 10].

In addition, the financial bubble [11, 12] refers to an
economic phenomenon in which the price of a financial asset
(or a series of financial assets) undergoes a wave of rise and
the market price reflects greater than the upward movement
of its actual value. 0e phenomenon that prices follow a
power law and grow faster than exponential growth is called
a bubble. Bubble price momentum has gradually increased
over time. According to the direction and intensity of price
momentum, we divide bubbles into four categories:

Bubble: the price trend rises, and the price momentum
gradually increases, as shown in Figure 2
Negative bubble: the price trend declines, and the price
momentum gradually weakens, as shown in Figure 3
Reversing bubble: the price trend drops, and the price
momentum gradually increases, as shown in Figure 4
Reverse negative bubble: the price trend rises, and the
price momentum gradually weakens, as shown in
Figure 5

After the bubble, the self-organization of participants in
the market through the consensus of the market will form a
positive feedback effect and enter the bubble mode. 0e
bubble is not only self-sufficient but also continuously en-
larged (the negative bubble is continuously shrinking, that is,
the process of debubbling). When the financial bubble trend
reached a critical level, although the main participants
agreed, the market could no longer withstand the pertur-
bation of a small number of participants, leading to a col-
lapse. In fact, participating in a bubble and trading in a trend
is a rational behavior because the risk of a crash will be
compensated by the positive returns brought by the financial
bubble. At the same time, once a bubble is formed, it will last
for a long time, and the burst of the bubble is just a point at
the end of this cycle.

In summary, in recent years, with the emergence of
complex systems science, the impact of risk interaction
behavior has been gradually discovered. However, the main
reason for the difficulty of accurate prediction and early
warning of economic risks is that traditional risk prediction
relies mainly on traditional mathematical modeling tools
and lacks the support of effective theoretical models and data
algorithms for the interaction and evolution of complex
risks. 0e development and widespread application of big
data technology has made various economic systems ac-
cumulate huge amounts of data resources. It also makes
multidomain and cross-modal data collection and fusion
analysis possible [13]. 0is provides valuable data resources
and technical support for comprehensive perception of
complex systems, fusion analysis of risk elements, accurate
prediction of risk evolution, and timely warning of risks [14].
At the same time, how to effectively extract the character-
istics of risk emergence, mutation, evolution, and outbreak
from these economic big data so as to realize the intelligent
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prediction and early warning of complex economic risks has
increasingly become a new technical challenge.

3. Logarithmic Periodic Power Law Model

Didier Sornette is engaged in the research of geophysics [15].
However, he found that the formation and bursting of fi-
nancial market bubbles have many similarities with earth-
quakes and are self-organizing behaviors of complex
systems. Professor Sornette then proposed to use the LPPL
(log-periodic power law) model (logarithmic periodic power
law model) commonly used in the study of geophysics and
critical phenomena to study the bubbles in the financial field.

3.1. Related Research. In 1996, Sornette proved through
empirical studies that the bubble showed a log-periodic os-
cillation during the trend towards collapse. In 2001, he further
proposed that the stock market bubble can be found in the
logarithmic periodic power law model and confirmed this
conclusion through empirical research on emerging stock
market bubbles.0e concept of antibubbles was first proposed
by a paper published by Johansen and Sornette in 1999. In this
paper, they used a third-order Landau model to predict the
trend of the Nikkei [16] in 1999 and successfully predicted it.
0is reflects the rebound of the Nikkei and its decline again in
early 2000, and their predicted rebound is in line with the
actual range. Later, Wei-Xing Zhou and Didier Sornette
studied the trend of the S & P index after the burst of the new
economic bubble at the end of 2002 and found that the U.S.
stock market has entered an antibubble stage and further
found that there is a global antibubble mechanism in de-
veloped western countries. Domestically, Zhang Wei and
Huang Xing conducted an empirical analysis of the Shanghai
and Shenzhen stock markets through R/S [17], revealing the
nonlinear characteristics of China’s stock market volatility.
Zhou and Professor Sornette observed the “super index”
family bubble characteristic of Chinese housing prices [2]. At
that time, they predicted based on data up to 20 years, China
house prices will rise until 2008, after which the bubble burst.
0e log-periodic power law model has two common features:
one is the logarithmic periodic oscillation. On a linear scale,
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Figure 1: 0e full risk cycle formed by the feedback mechanism.
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the closer to the critical time, the faster the oscillation fre-
quency. 0e second is power law growth (bubbles) or decay
(antibubbles) or superexponential growth or decay, that is, the
growth rate of prices is not constant but monotonically in-
creases (bubbles) or decreases (antibubbles). So, it can be
considered that the LPPL model gives a quantitative method
for judging the bubble and antibubble.

3.2. LPPLModel. Due to the mutual imitation of traders and
the formation of the herd effect through positive feedback,
the price has a nonlinear vibration, which is similar to a
logarithmic periodic vibration so that the final collapse of the
bubble risk is explained by market dynamics.

Log periodicity is a significant signal law for discrete
scale invariance (DSI) of complex systems.0eoretically, the
law of scale invariance often appears near the critical point of
a system. Although this phenomenon is not a necessary
characteristic for the critical point of the system, the be-
havior of the critical point of the system can still be observed
through the analysis of the law of invariance of the scale. For
a variable O(x), its discrete scale invariance characteristic is
reflected when the independent variable x becomes the
original double. 0e form of O(x) remains the same, which
is O(x) � μ(λ)O(λx). 0e invariance actually comes from
the power law form of O(x). 0is is consistent with the laws
of fractals and multifractals. In order to reflect the peri-
odicity of λ, O(x) can be of the form:

O(x) � x
α
, (1)

where P(. . .) is any function with periodicity.0erefore, this
periodic function can be expanded with a Fourier series; the
series form is as follows:
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Substituting the series expansion into the O(x) formula,
the first-order form is

I(t) � A + Bτα + Cτα cos[ω ln τ + ϕ], (3)

where I(t) is the price time series of the financial market,
which can be the original price series or the logarithmic price
series, I(t) � P(t) or I(t) � lnP(t); the final fitting results
obtained by the two are almost the same, but generally the
logarithmic price series is used. τ is the time interval from
the critical point, τ � tc − t is a bubble curve, τ � t − tc is a
reverse bubble curve, and tc is the tipping point. In order to
diverge the risk of a bubble burst at a tipping point and to
limit prices, 0< α< 1. Sometimes in order to fit more finely, a
second-order term is added:

I(t) � A + Bτα + Cτα cos[ω ln τ + ϕ]

+ Dτα cos 2ω ln τ + ϕ2 ,
(4)

where A � ln[ω(t)]> 0means that if the bubble continues to
a critical time tc, the value of lnP(tc) will be reached; B refers
to the increase in lnP(tc) per unit time when C is close to 0
before the crash; C is a measure of the fluctuation amplitude
around the exponential growth; tc > 0 is the time when the
bubble bursts and the critical time t> tc is any time before
the bubble bursts; m is the exponential of power growth; ω is
the angular frequency of the bubble phase oscillation; and
0<ϕ< 2π is the initial phase of the shock.

0e logarithmic periodic power law model is a relatively
successful model developed by economic physicists from the
observation of the economic bubble phenomenon [18, 19]
and has been adopted by many financial institutions. It is
inherently difficult to analyze and make predictions about
the bubble trend in financial markets. Economists often
make predictions just when the bubble is about to burst.
Sornette made an analogy from the earthquake research and
analyzed the formation of bubbles in the financial market in
depth. He proposed the LPPL model and was able to predict
the critical time point. However, as a complex system, fi-
nancial markets have scale invariability near the critical
point, but in the actual development process, how to use
models to avoid risks and minimize the losses caused by the
burst of the bubble still requires many people to seriously
consider things.

3.3. Fitting Process. Essentially,

yi � A + B tc − ti( 
β

+ C tc − ti( 
β cos ω ln tc − ti(  + ϕ .

(5)

0is is a highly nonlinear equation with 7 parameters to
be evaluated. We generally use curve fitting to get the pa-
rameters of the model. Faced with as many as 7 parameters
to be estimated in the model, we need to fit these parameters,
and highly nonlinear functions need to be carefully con-
sidered, and what is considered is to ensure that the best
fitting results are obtained (underprepared fit or overfit is
not good).

We know that the so-called parameter fitting [20] is
nothing more than an objective function minimization
problem. Here, our objective function is the sum of the
squares of the errors between the calculated value Yi of the
LPPL model and the actual observed value (price):
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β 1 + C cos ω log tc − t(  +∅( (  

2
.

(6)

When there are too many parameters to be estimated, the
objective function will have multiple local minima. In ad-
dition, because of the noisiness of the fitting sample, we
directly fit the 7 parameters, and we will fall into the mis-
understanding of local solution. In previous studies, many
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scholars suggested using 1stopt [21, 22] in China to perform
7-parameter fitting. However, research shows that even a
general global algorithm such as 1stopt, which does not need
to set an initial value, cannot guarantee that the result ob-
tained is the global minimum. After many experiments, one
of the alternative ideas is to use the variant 1stop solution:

yi − A(  tc − yi( 
− β

� B + C cos ω ln tc − ti(  +∅ . (7)

In fact, we used the default LM+UGO algorithm to
perform 10 fittings, and the parameters obtained obviously
converge to 3 different intervals because if there is no range
constraint, there will be multiple sets of solutions in theory.

0erefore, trying to reduce the number of parameters to
be estimated becomes the first task of LPPL fitting. To reduce
the number of fitted free parameters, the three linear pa-
rameters (A, B, andC) in the LPPL are compressed to the
remaining four nonlinear parameters (tc, β,ϕ, and σ).
According to the objective function, after the partial de-
rivatives of three linear parameters (A, B, andC) are ob-
tained, the derived derivative formula should be 0 when the
minimum value is obtained, and we can get simultaneous
equations.

Specifically, first rewrite the LPPL equation as follows:

yi � A + Bfi + Cgi,

fi � tc − ti( 
β
,

gi � tc − ti( 
β cos ω ln tc − ti(  + ϕ .

(8)

0en, the equations can be obtained as follows:
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0e above equations can be solved by standard LU
decomposition [23] to obtainA, B, and C. In this way, we can
use 4 nonlinear parameters to represent 3 linear parameters.
After the operation of the aforementioned slave parameters,
we reduced the number of parameters to be estimated from 7
to 4.

After that, we generally use the taboo + LM algorithm to
perform the fitting to get the final result.

4. Case Study of A-Share Disaster

China’s A-share market has ushered in a long-lost bull
market after a 7-year bear market. Due to the typical leverage
characteristics of this round of bull market, in less than a year,
the transaction volume of the two markets has exceeded 1
trillion to 20,000. 0e index also raised a double within one
year. Fanatic funds have blown up a huge bubble in the
A-share market. 0e stock market bubble is often caused by
the herd effect of investors [24, 25].0erefore, we can observe
China’s A-share market by describing indicators related to

investor behavior in the stock market to see the bubble sit-
uation of the stock market.

4.1. Bubble Burst. 0e Chinese economy has shifted from
being largely closed to being a major player in the world,
mainly through large-scale investment in real estate and
infrastructure over the past three decades. From 2000 to
2008, China’s average annual GDP growth rate was 13%, but
it has slowed to 7.8% in 2009 and around 7% after 2015.With
this rapid growth, fromMay 2005 to October 2007 and from
November 2008 to August 2009, the Chinese stock market
experienced dynamic changes in the roller coaster. 0e latest
bubble started around mid-2014 and recently began to
collapse in mid-June 2015, commonly known as the stock
market disaster.

0e last bubble reached almost 150% growth in just one
year. As China’s real estate market cools down sharply as a
whole, China’s stock market has grown even more dra-
matically. 0is bubble can be seen as the result of powerful
leverage that is disconnected from the reality of economic
activity and corporate returns. About 7% of China’s pop-
ulation has been active in the stock market frenzy, from easy
access to credit to investing in the stock market.

An interesting feature of the Chinese stock market is that
insurance companies and pension funds have traditionally
stabilized investors through buying and holding strategies,
which basically do not exist in the field of Chinese invest-
ment. As a result, about 90 million small- and medium-sized
investors have become the main driving force of the stock
market and are more vulnerable to rumors, imitations,
speculation, and crowds. In fact, there are many signs that
the Chinese government has encouraged small retail in-
vestors to invest in the stock market, driving it for some
time, but also catalyzing its vulnerability.

4.2. Early Warning and Analysis of Bubble Burst. Since the
high point on June 12, 2015, the SSEC has fallen by 32% since
reaching the bottom on July 8, 2015, and has fluctuated
significantly since then. 0e smaller Shenzhen stock market
has fallen 41% over the same period. 0e Chinese govern-
ment has taken unprecedented measures to stop the decline.
In particular, the People’s Bank of China has repeatedly
lowered the benchmark loan and deposit interest which was
at an all-time low point. In addition, more measures have
been taken like relaxing funding rules, announcing a
moratorium on suspension of new IPO, investigating
malicious short selling and so on. Before the stock index
began to fall sharply in mid-June, there were obvious signs in
the A-share market, especially the daily volatility, turnover
rate, and unprecedented trading volume.

Taking the last trading day in May as an example, the
amplitude throughout the day is as high as 300 points, which
is more than 7%. 0en, entering the middle of June, the
market began a plunge pattern. SSE Composite Index fell
from a maximum of 5178 to 3507, a drop of 31%. 0e GEM
index and the SME index were also spared. 0e SME index
fell 33%, and the GEM index plummeted 40%. During the
stock market disaster, the total market value of A shares lost
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a total of 25 trillion yuan, so that the surge in A shares from
early 2015 to mid-June was brought to naught.

When the fuse was lit after the SEC cracked down on
OTC allocations, the market entered a plunge mode. First, a
large number of funding accounts were forcibly closed.
Because of the leverage of 1 : 5 or even 1 :10, a slight breeze in
the market is also unacceptable for such accounts. When a
large number of funded accounts reach the warning line, in
order for the funded company to protect its own funds, the
computer will automatically sell a large number of stocks,
leading to the emergence of a limit tide. Under the slump,
the Chinese government has adopted several rounds of
rescue measures, including interest rate cuts and transaction
costs, but these measures failed because they did not touch
the essence of the crisis.

0e failed bailout triggered a frontal collapse of con-
fidence and a second round of plunge, which led to the
collapse of the two financial accounts of major securities
firms and a large number of liquidation lines. A large
number of liquidation positions were sold on the daily limit
board, which eventually formed a vicious circle. On the
other hand, the net values of major private equity com-
panies like Qingshuiyuan, continued to fall during the
crash. Some of them reaching the liquidation line 0.7, were
forced to liquidate. Larger public offering funds are facing a
severe tide of redemption, and the sharp sell-off of assets in
an inherently illiquid market is undoubtedly fueling the
fire.

As the stock market continued to plummet in mid-June,
the Chinese government began to implement a number of
market rescue policies in order to stabilize the market and
prevent the occurrence of local financial crises [26–28]:

(1) On June 26, the Shanghai Composite Index
recorded a 74% drop. 0e next day, the People’s
Bank of China announced that starting from June
28, financial institutions would cut interest rates by
0.25%, while targeting downwards by 0.256.

(2) Two days later, due to the market’s downward
trend, the two major exchanges announced at the
same time that they would reduce the transaction
costs of the stock market.

(3) After the plunge, the CSRC announced that it would
relax the restrictions on margin financing and se-
curities lending. 0e discount rate and the liqui-
dation line can be determined by the securities
firms.

(4) On July 3, the CSRC issued an announcement that it
was necessary to reduce the number of new shares
issued under the current situation.

(5) On July 3, the China Securities Regulatory Com-
mission issued an announcement saying that
Central Huijin Investment Co., Ltd. has invested
funds to rescue the market.

(6) After one day, a number of securities companies
jointly expressed their confidence in the market
and actively used their own funds to support the
market.

(7) On July 4, more than 20 large securities firms an-
nounced joint funding to purchase not less than 120
billion yuan of financial real estate index constit-
uents in the secondary market.

(8) On the evening of July 4, under the influence of the
State Council, 28 companies that had planned to be
listed on the Shanghai and Shenzhen stock ex-
changes were suspended from IPO, and all investors
were returned with frozen subscription funds.

(9) On July 5, 2015, the People’s Bank of China an-
nounced that it will provide adequate liquidity
support on the balance sheet of China Securities
Finance Corporation, and on the same day, the
China Securities Regulatory Commission con-
firmed that China Securities Finance Corporation
would buy ETF.

(10) On July 5, 2015, the China Financial Futures Ex-
change imposed restrictions on opening futures
markets, especially short positions, and imposed
penalties on naked short positions.

From the stock disaster to the rescue of the market, in
2015, A shares staged a war that is hard to see in Hollywood.
Among those strategies, the sweeping of stocks by 'the State
Team' is the most noticeable. 0e “Equilibrium Fund” swept
A shares in the process of saving themarket and gave birth to
rebounding demonic stocks such as Meibang Clothing and
Luoyang Glass. According to Wande data, as of the end of
September, among the top ten circulating shareholders of
China’s A-share companies, China Securities Finance Co.,
Ltd. and Central Huijin Investment Co., Ltd. appeared in
more than 1,300 of them, accounting for about 49% (560
from the Shanghai Stock Exchange, 232 from the Shenzhen
Stock Exchange, 353 from the SME Board, and 217 from the
GEM). 0e amount of funds used to purchase A shares
accounted for about 8% of the total A shares outstanding.

4.3. Descriptive Statistical Characteristics of A-Share Market
Returns. From the statistics of returns of Table 1, it can be
seen that the yield index of the Shanghai Composite Index
has the characteristics of spikes and fat tails, that is, the
probability of extreme returns is large.

4.4. Significance of Liquidity. Market liquidity can be defined
from two aspects: one is the liquidity of assets and the other
is the liquidity of liabilities. In short, the liquidity of assets is
the time cost and money cost of turning it into money. Time
cost refers to the time it takes to realize. If investors who
urgently need currency need to obtain it after one-month
liquidity, then this asset is obviously not a liquid asset. At the
same time, the high cost of money for realizing money also
means low liquidity, and the liquidity of liabilities is the
difficulty and cost of financing. In case of the A-share
market, as long as the stock is not at the limit, the time and
cost of liquidation can be ignored. However, due to the
design of the T+ 1 trading system, the liquidity of the
A-share market is naturally lower than the mature T+ 0

6 Complexity



market because the stocks bought on that day can only be
sold the next day, whichmeans that the overall time cost of A
shares is higher than that in other markets.

4.5.Analysis. 0e occurrence of this round of stock disasters
was a series of liquidity crises caused by leveraged funds
entering the stock market, financing, and other account
bursts [29–31].

Looking back at the policies implemented by the gov-
ernment at the time of the stock market crash, most of them
did not touch on the substance of the problem, but instead,
the collapse of confidence caused by the ineffectiveness of
the policy led to a second decline. For example, the entry of
pensions into the market is a long-term process. It is im-
possible to require pensions to pick up the market for the
country, resulting in deeper lock-in and causing greater
problems. 0erefore, the entry of pensions into the market
has no effect on the settlement of short-term liquidity.
Reducing transaction settlement costs is even more irrele-
vant. 0e suspension of the IPO has eased the thawing of
some financing funds, but it has not had a great effect on the
problems on the market. More than 20 brokerage companies
invested 120 billion yuan to buy blue-chip ETFs and to lift
PetroChina by the end of the year, and other measures could
not solve the SME board and the ChiNext board in the hard-
hit areas of liquidity, as well as various small- and medium-
sized market value stocks. In addition, increasing the QFII
quota has not shown good results because foreign capital
comes in time, and it does not come to play a role in un-
winding the financing disk. Even for a small interest rate cut
and RRR cut, the effect is not significant because the release
of the interest rate cut effect takes time, and the market’s
expectations of most interest rate cuts have been reflected in
the stock price. At this time, interest rate cuts cannot drive
the stock market out of liquidity crisis.

0e bull market marked by the behavior of risk-free
interest rates has experienced a surge in interest rates, and
the logic of being long has collapsed. At the same time,
leveraged funds have grown and cannot be ignored. Sensitive
speculators will lose their way with a bit of wind. For highly
leveraged accounts, one or two daily stops will lead to an
automatic liquidation. So far, a model of a liquidity spiral has
been formed as shown in Figure 6.

In contrast, after the market closed on July 8th, the
securities company injected 200 billion yuan into five public
funds, immediately welcoming the positive response of the
Hong Kong stock market at night. Moreover, the stock

market rose sharply for two consecutive days since then, and
the panic was relieved. 0is is a result of the policy responds
positively to the liquility issues. 0ese 200 billion yuan can
help ease the huge redemption tide facing the fund and cut
off the spread of the liquidity crisis. Moreover, compared
with government officials, public fund practitioners know
the market better and know what stocks to buy, which is
more reasonable than Huijin’s direct purchase of large
corporate stocks.

In view of this, in the future, if a liquidity crisis occurs
again, this article proposes the following short-term emer-
gency measures:

(1) 0e People’s Bank of China publicly promises to
provide sufficient liquidity to major commercial and
securities companies.

(2) 0e People’s Bank of China shall lead the estab-
lishment of the leveling fund, which must be large in
scale and fast in timing.

(3) Prohibit malicious suspension of trading to prevent
secondary depletion of liquidity. 0e above has
analyzed the bad consequences caused by the
malicious suspension of trading during the 2015
A-share stock disaster.

0e entire stock disaster went from brewing to occur-
rence to deterioration to mitigation. It can be said that
various policy errors have occurred. To avoid the recurrence
of future tragedies, various systems need to be established
and perfected. 0erefore, this article proposes the following
three policy recommendations for discussion:

(1) It can also be seen in the analysis of the entire stock
market disaster that in the beginning of June before
the stock market disaster, the market was already in
an extremely bubbling state. At this time, the interest
rate of the money market rose sharply due to factors
such as seasonal bank deposits. 0e central bank has
tightened liquidity through targeted measures, but
the CSRC chose to strictly check the funding at this
time instead of choosing a time when these funds
were not tight in March and April. It can be said that
because the supervision system of the three parties

Table 1: Descriptive statistics of A-share returns.
Mean 0.097819
Median 0.37415
Maximum value 5.7635
Minimum value −8.4909
Standard deviation 2.636989
Skewness −0.792691
Kurtosis 4.196858

Fund
check

Capital
loss

Stock
selling

Price
avalanche

Financing
difficulty

Position
loss

Figure 6: Liquidity spiral.
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and the three associations also has greater respon-
sibility for this stock disaster, it is urgent to establish
a comprehensive financial supervision institution.

(2) Improve the existing arbitrage system [32, 33] to
avoid loopholes in the trading system.

(3) Leveraged funds played an important role in this
round of the stock disaster. We must learn from
domestic and foreign experiences to improve the
supervision of leveraged funds.0eUnited States has
many years of history of funding, but they have strict
restrictions on the subject of funding. Many penny
stocks and too high-risk stocks cannot be bought in
leveraged accounts [34]. At the same time, the source
of leveraged funds is not only securities firms, but
also banks, trusts, private loans, etc., so compre-
hensive financial regulators are required to supervise
cross-border funds.

5. Conclusive Remarks

In this paper, we propose a method of dynamic feedback
early warning based on big data, which uses the LPPL
model to fit parameters. We evaluate the performance of
real-time diagnostics, economic theory bubbles based on
rational expectations, imitation of behavioral mechanisms,
and the mathematical expressions. Finally, we used this
method to analyze the case of the A-share disaster. 0e
research results show that the method makes the early
warning coefficients of dynamic and complex systems more
scientific and accurate to meet the needs of China’s fi-
nancial sector at this stage.

In the future, more big data technologies will be con-
sidered for dynamic complex system early warning. For
example, a unified open source platform for distributed
online machine learning will be built to collect and analyze
data in the economic field; more prediction models will be
integrated into the platform as an analysis lib tool; more real-
time suggestions will be given to use big data analysis and
comprehensive decision-making methods. 0ese works will
bring new dividends to the early warning of complex
systems.
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