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In this paper, we concentrate on the problem of stock market risk measurement, which is of great importance
for the healthy development of the stock market. The main innovations of this paper lie in that 1) we introduce
the GARCH model in stock market risk measuring, and 2) we utilize the Value-at-Risk (VaR) as the stock
market risk measure. In order to solve the volatility prediction problem, GARCH model is developed to allow
for a great more flexible lag structure and VaR is defined as the loss associated with the low percentile of the
return distribution. As the performance of the GARCH model highly depends on the parameter selection, we
propose an improved genetic algorithm to estimate optimal parameters for the GARCH model. Finally, to test
the effectiveness of the proposed GA-GARCH algorithm, we choose Shanghai composite index and
Shenzhen Compositional Index to make performance evaluation. Experimental results demonstrate that
proposed GA-GARCH model can effectively cover the stock market risk.

1. Introduction

In recent years, the volatility of financial market is increasing, which greatly influences national economic and
financial situation and affects the healthy development of financial markets (Xu et al., 2016). Particularly, with
the China going to the WTO organization, China market has gradually developed toward internationalization
(Hua et al., 2016). On the other hand, the international contact brings opportunities to the development of
financial market, and also brings many risks and uncertainties (Jiang et al., 2016). The stock market risk is the
main risk in the process of investment, and it is also the main issue which is focused by securities regulatory
authorities and governments. Stock market is an emerging market, in which information disclosure,
macroeconomic policy and regulatory system is not normalized (Zhou et al., 2016; Qiu et al., 2016).
Furthermore, with a large margin of frequent fluctuations in the price of securities, there are many market
risks.

From a macro perspective, stock market risk has a great negative impact on the stability of the securities
market and the healthy development of the national economy. From a micro angle analysis, stock market risk
may cause investors to escape from stock market (Hsu et al., 2016; Gencer et al., 2016). Therefore, it is very
important to study the risk of stock market. Therefore, governments and scholars have realized the importance
and necessity of financial risk research. Meanwhile, they have also gradually concentrated on the problem of
stock market risk measuring (Shim et al., 2016; Lehkonen et al., 2015; Mensi et al., 2015).

Therefore, it is necessary to study on how to effectively measure stock market risk on the basis of the theory
in economics and finance. In this paper, we proposed a novel method to measure the stock market risk by the
GARCH model, and then optimize parameters of is calculated by the improved genetic algorithm. The
performance of our proposed stock market risk measurement method is highly depends on the parameters
selection. Therefore, how to obtain optimal parameters is a key problem in this paper.

In recent years, as a powerful computing tool, Genetic algorithm has been widely used in many fields, such as
Correlating Thermal Models (Shusser et al., 2016), Decolourization of real textile dye effluent (Prabhu et al.,
2016), Topology and sizing optimization (Zhong et al., 2016), Adaptive neuro-fuzzy inference system
(Khoshbin et al., 2016), Bi-objective stochastic model (Ardjmand et al., 2016), Generalized minimum spanning
tree (Contreras-Bolton et al., 2016), Broadband vibration suppression (Abdeljaber et al., 2016), Assembly line
balancing problem (Triki et al., 2016), Strip steel defect image with non-uniform illumination (Liu et al., 2016).
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2. Measuring the stock market risk by the GARCH model

The main innovations of this paper lie in two aspects, that is, 1) utilizing the GARCH model in stock market
risk measuring, and 2) exploiting the Value-at-Risk (VaR) as the stock market risk measure. As is well known
that volatility plays a key role in many time series based problems. Particularly, ARCH process allows the
conditional variance to vary over time and prevents the errors by assuming the conditional variance constant.
In general, heteroscedasticity can be regarded as time-varying variance, such as volatility.

To solve the volatility prediction problem, GARCH model is proposed to allow for a great more flexible lag
structure. VaR is defined as the loss associated with the low percentile of the return distribution, and VaR
refers to a portfolio’s worst outcome which is expected to occur over a predetermined period and at a specific
confidence level.

The standard GARCH(1,1) model is described as follows.
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Where £=0 and o refers to a constant. Furthermore, to guarantee the variance process o7 is just positive and
stationary, we suppose that 00>0, 0120, £>0 and on+/:<1 are satisfied.

A time series {y;} follows the GARCH(p,q) model when E{y}=0 is satisfied, and then the following equation can
be obtained:
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where op>0, >0, £>0 are satisfied, and {&} denotes a sequence of independent distributed random variables.
In particularly, GARCH model is described by the mean and variance equations. The univariate GARCH
model is described as follows.

R=0,+a¢ ,+¢ (6)
Var (&) =07 (7)

where R; refers to the realized returned at time t. R; can also be estimated by In(P/P.1), where P; denotes the
closing price of the time t. In particular, 1-« is the confidence level, and the following equation should be
satisfied.

Pr(R <VaR(1-a))=c ®)

Based on the above definitions, o is computed by the GARCH model, and Value-at-Risk (VaR) is calculated
as follows.

VaR(1-a)=R-o0,z, 9)
Where R means the mean return, and Z, refers to the critical value of the distribution with the tail area .

3. Parameters estimating for the GARCH model by the improved genetic algorithm

Genetic algorithm is a kind of global optimization algorithm, which does not need to carry out sensitivity
analysis. Using the genetic algorithm, the optimal solution is obtained after several generations of evolution: 1)
selection, 2) crossover, 3) mutation and 4) survival of the fittest. However, the main problem of the genetic
algorithm is the slow convergence speed.
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Therefore, we modify the genetic algorithm to balance the universality and effectiveness, and then to obtain a
better comprehensive performance. In this paper, the improvement of genetic algorithm mainly includes the
following aspects:

(1) Coding

Coding of the genetic algorithm uses real numbers, and n-dimensional vector is represented as individual.
Individual is expressed as:

X=(X1, X2,..., Xn)', in which xie [a;,bi], i€ [1,n]

(2) Individual evaluation
At this stage, the individual fitness function is established as follows:

F(X,t)=[S(6,t)+&]™" (10)

where ¢is a small enough positive number.

Then, the F value of each individual in the population is calculated, and the best and worst individuals are
selected.

(3) Selection

To avoid the premature convergence and stagnation, the selection strategy of genetic algorithm is improved.
Assume that the members of the population are arranged in accordance with the size of the F value (X1, Xa,...,
Xn). Afterwards, the probability of choice is calculated as follows.

(4) Crossover

In order to maintain the diversity of population and prevent the convergence speed too fast, we modify the
crossover process of the genetic algorithm. Suppose that P(X)>Pc, and P, refers to crossover probability. We
choose two parent individuals Pa[1] and Pa[2], and their child individual are represented as Ch[1] and Ch[2]
respectively. Random numbers a1, a,..., a, are generated in advance, and the following conditions should be
satisfied:

Ch[1]-chron j] = a, - Pa[1] - chront j] + (1-a;) - Pa[2] - chrond j] (11)
Ch[2]-chrond j] = &, - Pa[2] - chron j]+ (1—-4a;) - Pa[1] - chrond j] (12)

Where je[1,n].

(5) Mutation

For individual Pa[j] which are less than the probability of mutation, we randomly select one of the genes for
mutation:

CHi]- chron j] = Pd[i]- chron j]+7 (13)

Where T=%-N(O,1). N(0,1) follows the standard normal distribution, where A is a constant and n is the number

of iterations.

(6) End condition of the algorithm

When the evolutionary algebra reaches the maximum limit or satisfies the following conditions, the algorithm
ends:

|S(6,t)—8(9,t+m)|s;1 (14)

where y is the threshold and it is positive, moreover, m refers to the evolution times.
In particular, in this paper, we utilize the above improved genetic algorithm to estimate parameters of the
GARCH model.

4. Experiment

To test the performance of our proposed algorithm, we choose 1) Shanghai composite index (denoted as SSE
index), and 2) Shenzhen Compositional Index (denoted as SZSE index) to make performance evaluation. The
SSE Composite Index refers to a stock market index of all stocks (including A shares and B shares) that are
traded at the Shanghai Stock Exchange. SSE Indices are all computed utilizing a Paasche weighted
composite price index formula. That is to say the index is designed based on a base period on a given base
day for its computation. On the other hand, the SZSE Component Index means an index of 40 stocks which
are traded at the Shenzhen Stock Exchange. We collect the data of SSE index and SZSE index in the past
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one years to construct two datasets (named as Dataset | and Dataset Il respectively), and the experimental
results are given as follows.
(1) Dataset |

By multiple experimental tests, we set the number of population number as 100, the crossover probability P
is set to 0.6147, mutation probability is set to be 0.0115, and the value of individual is belonged to[0,0.07] .
Exploiting the genetic algorithm, parameters are estimated as follows.

r,=-0.00015+¢,

ol =(1.32E-05)+0.1884¢?, + 0.75840;, (15)
(2) Dataset Il

For Dataset Il, we set the number of population number as 90, the crossover probability PC is set to 0.6874,
mutation probability is set to be 0.011725, and the value of individual is belonged to[o. 0-08]. Using the
genetic algorithm, parameters are estimated as follows.

r, =—0.00028+ ¢,

o2 = (5.8746E —06) +0.10853¢7, +0.8658207, (16)
As is well known that only the negative volatility may bring trading risks to investors. Integrating Figure1 and

Figure 2 together, it can be observed that our proposed GA-GARCH model can effectively cover the stock
market risk using the VaR value as risk measurement metric.

0.1
005 1* |
o |
= 0 T A _
(40
z |
Lz |
L2 '005 (l M- ‘F ! : _
[a'ed | ‘ ‘
| | m | ‘u“ | ‘” A
-01 | h VKH H “ \ \\u'\“\\) "M U J\/ y Mmm\( S M{\ﬁi\i U\‘\JHL [‘UJ{ /JPJH -
| | Real volatiity
i i — GA-GARCH model
-0.15 : \ \ :
0 50 250 300 350 400

Figure 1: Stock market risk measurement results for SSE Component Index
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Figure 2: Stock market risk measurement results for SZSE Component Index

5. Conclusion

This paper aims to effectively measure stock market risk to maintain the healthy development of the stock
market. We introduce the GARCH model in stock market risk measuring, and then use the Value-at-Risk
(VaR) as the stock market risk measure. To promote the quality of parameter selection for the GARCH model,
we propose an improved genetic algorithm to estimate optimal parameters. Experimental results proved that
our proposed GA-GARCH model is able to measure stock market risk with high accuracy.
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