International Journal of Economics and Financial
Issues

ISSN: 2146-4138

. |
.

Eauny ol

available at http: www.econjournals.com /<

International Journal of Economics and Financial Issues, 2017, 7(5), 561-564.

Risk Minimization of Financial Assets Portfolio

Mostafa El Hachloufi'*, Mohammed El Haddad?, Faris Hamza®, Meriem Aboulethar*

'Faculty of Legal, Economic and Social Sciences-Agdal, University of Mohamed V, Rabat, Morocco, *Tetouan Polydisciplinary
Faculty, University Abdelmalek Essaddi, Morocco, *Faculty of Legal, Economic and Social Sciences-Agdal, University of
Mohamed V, Rabat, Morocco, “Faculty of Legal, Economic and Social Sciences Ain Sebaa, University of Hassan II, Casablanca,

Morocco. *E-mail: elhachloufi@yahoo.fr

ABSTRACT

The minimization of the portfolio of financial assets has a particular interest in the field of finance. In this context, several approaches
have been proposed to contribute to the solution of this problem which Markowitz approach is the most popular. In this paper, we propose
a new approach to minimize the risk of portfolio that measured by a value at risk (VaR) using neural networks. The assets of this portfolio
are invested in a market which the fluctuations follow a normal distribution. The minimization procedure is done after the calculation of
mathematical explicit formula of VaR using the Black-Scholes stochastic process for these portfolios, which its structure remains constant

over the considered time horizon.

Keywords: Value at Risk, Neural Networks, Portfolio Risk, Black-Scholes, Stochastic Process, Normal Distribution

JEL Classifications: C61, C63, C15

1. INTRODUCTION

The minimization of portfolio risk of financial assets is a subject
that occupies a particular interest in the field of market risk.

Markowitz was the first that introduce a variance as a measure of
portfolio risk of financial assets. But several criticisms were added
to this measure because it requires the character of the quadratic
objective function and the calculation of the variance-covariance
witch making this approach little used in practice.

To remedy this problem several models have been proposed using
new risk measures.

In this context, a new risk measure called value at risk (VaR) has
been implemented to quantify the maximum loss that might occur
with a certain probability, over a given period.

This risk measure is easy to interpret and to compare.

In this article we develop an explicit formula for calculating the
VaR for a shares portfolio, then we use this formula to minimize the
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VaR of this portfolio using the neural network (NN) (Elhachloufi
et al., 2012; Elhachloufi et al., 2012).

This work is organized as follows: Section 1 deals with the
portfolio risk. In Section 2, we present the VaR of shares portfolio
of normal distribution using Black-Scholes stochastic process.
NN are presented in Section 3. Finally, we propose the portfolio
minimization procedure.

2. RISK PORTFOLIO

The risk of a financial asset is the uncertainty about the value of
this asset in an upcoming date. Variance, the average absolute
deviation, the semi-variance, VaR and conditional VaR are means
of measuring this risk. The portfolio risk is measured by one of
the measuring elements mentioned above. It depends on three
factors namely:

*  The risk of each action included in the portfolio

*  The degree of independence of changes in equity together

e The number of shares in the portfolio.
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The VaR is defined as the maximum potential loss in value of a portfolio

of financial instruments with a given probability over a certain horizon.

In simple words, it is a number that indicates how much a financial

institution can lose with some probability over a given time. It depends

on three elements (Rudd and Rosenbeg 1979; Szergd 2002):

»  Distribution of profits and losses of the portfolio that are valid
for the period of detention

* Level of confidence

*  The holding period of assets.

Analytically, the VaR in time horizon ¢ and the probability
threshold o is a number VaR(¢,0) such that:

P [X < VaR(t,0)] = a (1

With:

* X represents the loss (“loss™), is a random variable which
might be positive or negative

» tis associated with the VaR horizon which is 1 day for risk
metrics or more than a day

* o the probability level is typically 95%, 98% or 99%.

If the distribution of the value of this portfolio is a multivariate
normal, then:

VaR,, (x) =—xu+ zg N x Qx 2)
Where,

*  AWV(x) is the value variation

* u=E(AV(x)) is mean of values

*  Q=o0(AV(x)) is standard deviation

*  z,is the quantile of order of confidence a.

3. THE VAR OF SHARES PORTFOLIO OF
NORMAL DISTRIBUTION USING BLACK-
SCHOLES STOCHASTIC PROCESS

We consider that the price of a share S, at time ¢ is modeled by
a stochastic process of Black-Scholes defined by the following
stochastic differential equation:

dS = uSdt+c.5dz (3)
Where,

* nis the constant drift that indicates the expected return of the
share price per unit time;
* oisaconstant indicating the annual volatility of the share price.

In discrete case we have

AS, = u.S,At+0.S, Jate = r, = % = wAr+oJAre
t

So foralli=1,...n we have:
r,.(t)zui.AHO'i.\/Esi

As e N(01)= (1) N(w.Au0,:ar).

The VaR of a portfolio for a horizon ¢ is noted VaR such as the
loss on this portfolio during the /0,¢/ not fall below VaR with a
fixed probability a, i.e.,:

P[~AV(H)<VaR] = o 4)
Where,
ANt) = V)-10) (5)

V(0) and V(f) are respectively the values of portfolio at the
beginning and end of the period. More rigorously, the VaR can
be defined as:

VaR = max {B/P[~AV(t) <B] < a} (6)
When the random variable AV(T) = V(T)—V(0) is distributed
according to a normal distribution N(E/AV(t)], ¢ [AV(Z)]), the
VaR of probability level a is defined as follows:
AV (t)-E(-AV (1)) _VaR, ~E(-AV (1))

o (a7 (1) o (a7 (1)
VaR,-E(-AV (1))

“ o(ar(r))

(0,1), we obtain;

Ifr is the quantile of the distribution N

VaR, = —E(AV(0)) +1,0(4V(0)) (7)

Let V(¢) the value of the portfolio of n shares invested in a given
market at time ¢.

We denote by x, the number of shares in the portfolio. Let S(#) the
price of stock 7 at time ¢. It follows that:

V(t)= ixisi( t) (3)

The portfolio value to the horizon T is characterized by the
following equations:

n n

V(T)= %8 (T)=> x[5(0)+As,(T)] )

i=1 i=1
By the definition of return r, of i (i = 1,...,n),

Si(T)_Si(O) ASi(T)
=S50 s

The relation (9) becomes:

V(T)=:zlx,»[si<o>+ri<r>si<o>1

(10)

=2x,.si (0)[1+1(7)]

The disadvantage of the equation (6) is that both parameters require
knowledge of the univariate parameters £(AS) and var(AS)) for
each title i ( = 1...,n) and the bivariat% P'allr_glil)eters cov (AS,, AS)
for each pair of tracks, either in total parameters.

Hence the suggestion of the use of Black-Scholes stochastic
process which the simplest and most widely used.
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We have:

r(t) = w.Ar+ 0, At (11)
Foralli=1...n;

So,

n n n

leS, (O) + Zx,-rl— (T) = V(O) + lerl (T)
i=1 i=1 i=1

It comes,

V(T)-7(0)= 2 (T) = av(T)= ﬁx,.r,-(r)

N
N

Var[AV(T)J = Va{zn:xiri (1)} =

i=1

var[ixi (,uiT+cri\/F£i)} = T[ix?o-f}

i=1 i=1

Or
VaR = —E(AV(t)) + 1,0 (AV(2))

Then,

VaR, :—in,uiT-i-Ta\/?[inzo-in
i=l

i=1

4. NN

The NN are mathematical models inspired by the structure
and behavior of biological neurons. They are composed
of interconnected units called artificial neurons capable of
performing specific and precise functions. Figure 1 illustrates
this situation (Lepage and Solaiman 2003).

For a NN, each neuron is interconnected with other neurons to

form layers in order to solve a specific problem concerning the
input data on the network.

Figure 1: Black box of neural networks

¢ -
X " Y
Input vector NN Output vector

The input layer is responsible for entering data for the network.
The role of neurons in this layer is to transmit the data to be
processed on the network. The output layer can present the
results calculated by the network on the input vector supplied
to the network. Between network input and output, intermediate
layers may occur; they are called hidden layers. The role of these
layers is to transform input data to extract its features which will
subsequently be more easily classified by the output layer.

4.1. Back-propagation Algorithm

The objective of this algorithm is to approximate a function y = f{.X)
where X is an input vector of returns (risk respectively) presented
the input layer assigning each component of X to a neuron. These
inputs are then propagated through the network until they reach
the output layer. For each neuron, an activation a, is calculated
using the formula:

a; =F{Zoiwi]} (12)
J
Where,

* o is the output of neuron j of the preceding layer,

. wijis the weight connecting neuron j to neuron i,

e Fis the transfer function (or activation function) of the
neuron i.

The output vector that the network is compared with the product
of expected output.

An error E is calculated as follows:

E=Y(o,-1,) (13)

* o, is the value neuron output of i in the output layer
* t is the i " output target value.

If the error value is not close to 0, the connection weights
should be changed to reduce this error. Each weight is either
increased or reduced by propagating the error back-calculated.
The mathematical formula used by this algorithm is known as
the Delta rule:

Aw,=ndo, (14)
Where,
© Aw, is the variation weight w,

¢ 1 is the learning rate (set by user)
0.is the error on the output of the neuron i of a layer.

The calculation depends on the type of neuron. If the neuron is a
neuron output, then the error is:

8,=F(a)t—o) (15)
else (hidden neuron)
65 =F ,(ai)s kakwk (16)

Where, k neurons belonging to the next layer of the neuron i.

International Journal of Economics and Financial Issues | Vol 7 « Issue 5 « 2017




Hachloufi, et al.: Risk Minimization of Financial Assets Portfolio

Figure 2: Neural network architecture

Figure 3: Portfolio minimization risk

Output Layer

Input Layer Output Hidden

Backward propagation of etror correction

The algorithm is repeated for each pair of input/output and
more passes are performed until the error has dropped below an
acceptable threshold or a maximum number of passes is reached.

In our case, the NN architecture used is an architecture containing
asingle input layer, one hidden layer composed of # neurons where
n is the number of x, where i = 1...,n and a layer of containing a
single output neuron representing the value of VaR , NN.

The learning algorithm used is the gradient back-propagation
supervised. The error between the current output (obtained by
NNss) and the desired output (observed) spreads, while adjusting
the weights with the aim to correct the weights of the network to
reduce the global error expressed by the following formula:

X 2
E=)(f-VaRy yy) (17)
i=1
Where:
. /; represents the estimated value of f in i iteration,
. E is the overall error.

The operation of the network illustrated as follows by the Figure 2:
Each neuron i (i = 1,...n) in the input layer receives a value
of the B, to be weighted by the proportions of x; and the result
transmitted to the output layer. In this case, the output fis given
by the following formula:

n n

f(X)=—in#iT+Taﬁ zx?aiz =Bx+y(x) (18)

1
i=1 i=1

Where,

o x=(x,x,., xn)
* B=Tu=(u,u,.1)and W is transposed vector of .
. y(x):TaﬁXZGZ where X:(xlz,xf,...,x,f),

2 t

o’ = (612,0'5,...,0',, ) and /' is transposed vector of /.
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Initialization: k=2 and VaR \, = VaR] = f(x,) ]
19
While & =2 Do
bl

If VaR: <VaR, Then |
VaR, \x < VaR, x% // we minimizetherisk VaR{

1 VaR, v = NN(f3) // we research the proportions x which the outputis VaR,__\-_\.ﬂ

k < k+1Such x, 20 andix, =19

Endq
q1

Var: «VaR, « |

4.2. The Procedure of Portfolio Minimization Risk
The minimization procedure is based on NNs as shown in the
Figure 3 (Janssen 2009).

5. CONCLUSION

In this paper we presented a new approach to minimize the VaR
of a stock portfolio using NNs. This stock portfolio is investing in
a market whose fluctuations follow a normal stochastic process.

The price of the stock of portfolio follow the Black-Scholes
stochastic process that developed in discrete time assuming that
the portfolio structure remains constant over the time horizon.
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