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Blue Chip Italian Bank Stocks: Chain Graph
models for VAR and MARCH parameters
shrinking

Andrea Pierini

Abstract In this paper Chain Graph models are applied to a multivariate time series
of blue chip Italian bank stock returns, in order to construct graphs with minimum
BIC among decomposable graphs.

Firstly a chain graph is built for present and past values of the time series in order to
reduce the parameters of a VAR(1) model estimation, setting to zero the parameters
related to non-edges in the graphs.

Then another chain graph is built for present and past values of the squared residuals
of the previous estimated model.

An MARCH(1) model is so constructed by restricting to zero the parameters which
are not indicated by these graphs. In this way a great reduction of parameters is put
in place, using the opportune multidimensionality only if it is necessary.

The parameter shrinking doesnt affect the return and standard deviation forecasts
while improving the efficiency of the estimations. .
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1 Introduction

For an investor holding multiple stocks, the dynamic relationships between returns
of his/her portfolio play an important role in its decision making (selling or holding
stocks).

To this end treating his/her stocks jointly can be an advantage with respect to treat
them separately, and the multivariate time series is the natural framework to do it.
Even if is not universally agreed (Ding and Engle, 2001), the multiple financial time
series are treated in literature with heteroskedastic models (MARCH) , (Bollerslev,
Engle and Nelson, 1994), and vector autoregressive models (VAR) which rests on
the predictability of the average return on stocks, (Campbell, Chan and Viceira,
2003).

There are various interesting approach to model VAR trough the use of directed
acyclic graph, (Awokuse and Bessler, 2003), (Babula ,Bessler, Reeder and Somwaru,
2004 ),(Moneta, 2008), (Oxley, Reale and Wilson, 2004), (Oxley, Reale and Wilson,
2009), (Reale and Wilson, 2001) or undirected graph, (Songsiri, 2010), or to model
in a bayesian framework a dynamic heteroskedastic linear model trough the use of
undirected, (Carvalho and West, 2007).

However the use of chain graph is not exploited to tackle the problem of the het-
eroskedastic dynamic description of the data so that the time causality is not speci-
fied or it requires a specific graph redefinition.

In other approaches a specific graphical model is defined to solve the problem of
time series, (Eichler, 2000), (Gao and Tian, 2010). In this paper the use of chain
graph is adopted in order to relay on the long theoretical history of it.

The VAR — MARCH type models suffer of computational burden as the num-
ber of parameters to be estimated are large with respect to univariate models. This
paper suggests the use of Chain Graphs to identify only the significant parameters
to be estimated for the VAR — MARCH models whenever a subset of the variables
are considered connected. The Chain Graphs are able to exploit the time ordering
of the variables, that is some variables are prior in time to others. So the variables
are divided into blocks and the modelling respects this ordering between this blocks
without assuming any ordering within the blocks (time contemporaneity). Firstly a
chain graph is built based on the returns and its immediate past.In case of connected
variables, Restricted VAR(1) model is estimated taking into account only the con-
nections identified before.

Then a full VAR(1) model is also estimated and the number of parameters are
matched with the restricted case. Moreover the log-Likelihood, AIC, MSE of the
return forecasts are also matched.

As the residuals exhibit heteroskedasticity, MARCH (1) models are then applied to
them in order to take this particular aspect into due consideration. A second chain
graph is built based on the residuals and its immediate past.In case of connected
residuals, Restricted MARCH (1) models are estimated using only the connections
previously identified. For the subset of variables which are not connected at all, uni-
variate AR(1) —ARCH (1) are estimated.
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Again a full MARCH (1) model is also estimated and the number of parameters are
matched with the restricted case. Moreover the log-Likelihood, AIC, MSE of the
standard deviation forecasts are also matched.

As the residuals exhibit heteroskedasticity, MARCH (1) models are then applied to
them in order to take this particular aspect into due consideration.

In this way a great reduction of calculation is obtained and a more efficient es-
timation is reached with respect to multidimensional full models.The orders m, M
of VAR(m),ARCH (M) can be augmented leaving the approach unchanged. In that
case m+ 1 blocks, containing the present and lag i,i = 1,...,m past values ,should
be built, with the minimum BIC chain graphs edging the nodes.

Moreover the application of multidimensional models for the residuals in the case
of detected connection, can be prohibitive due to the dimension of the problem if
it is done without simplification. The time series considered regard the Blue Chip
Bank sector Stock weekly figures from 3 January 2000 to 9 March 2015 taken by
Yahoo finance.

The resulting VAR — MARCH models were stable. As proved in (Ding and Engle,
2001), there is failure to converge on a solution if there are more than five series .
So the dimension is chosen to be 5. However, the Chain Graph can be applied to a
bigger dimension set in order to find possible subsets of stocks that can be treated
altogether with VAR-MARCH multivariate methods.

2 Chain Graph Description

This paper exploits the fact that the set of variables under study partitions into two
groups, (X,Y), where the variables in Y can be considered response and the vari-
ables in X explanatory.

Indeed the variables in ¥ are time successive to the variables in X and are referred to
the same stocks but in two different times, say # and  — 1. Here the data are monthly
figure so the time ¢ is a month of observation.

This asymmetry has to be incorporated into the model, see (Whittaker, 1990).

The additional structure is part of the initial graphical model specification . Gen-
erally speaking the graphical models are based on a partition of the variables into
a chain of ordered block, (X, ,...,Xp, ), see (Whittaker, 1990). In the special case
m = 2, past and present blocks.

A graphical model with response variables Y and explanatory variables X is a spec-
ification of a density function fyx that incorporates a specified subset of intra-
response pairwise conditional independence statements:

Y LY[(Y_(i ), X)

and response-explanatory pairwise conditional independence statements:
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Y, LX)|(Y-0.X )

The conditional independence graph for fy|x is identical to the graph for f(y x) the
in which the subgraph corresponding to X is complete.

Thus the chain graph is built by combining separate graphs models for each block of
the response variables given the explanatory. Specifically, in the case of two blocks,
the first step is to find an undirected graph for the explanatory variables. Then, given
all the edges among the explanatory variables (saturated model), a graph is found for
the response-explanatory variables. Lastly the chain graph is found by combining in
a single graph, the two precedent graphs with directed edges from the explanatory
block to the response one.

So the chain graph model and the joint graph model, see (Pierini, 2013) for an ana-
logue application, are distinct with neither model a subset of the other .

If the normality of the conditional density is assumed, like the present case, then
the hypothesis that the i-th regression coefficient is zero is equivalent, in the case
of a single response Y, to the hypothesis the Y and X; are conditionally independent
given the remaining variables.

Thus if we consider the multiple time series model equation by equation there seems
to be an equivalence with the chain graph,, see (Whittaker, 1990), (Lutkepohl, 2006).

Let’s now deal with the specific case at hand. A multivariate time series of the
log return for the stock index i at time tisr;; i=1,....kand t = 1,...,T , that’s to
say riy = log(pit/pitr—1) , piy is the index value at time 7. We can then define the
time series of the past rll-‘;gl =riy—1,i=1,...kandt=1,..,T where r;p = NA . A
graph is defined as a couple G = (V,E) where V is a set of vertices or nodes and
E is a set of edges, (Hojsgaard, Edwards and Lauritzen, 2012). Two vertices ¢ and
B of G are said adjacent, oc ~ 3, if there is an edge between them. A cycle is a se-
quence of nodes vi,vs..,v,_1,v] of length n where v; ~ v;1 . If a cycle has adjacent
elements v; ~ v; and j & {i —1,i+ 1} then it is said to have a chord. If it has no
cords it is said chordless. A graph with no cordless cycles of length > 4 is called #ri-
angulated. A generalization of DAGs and undirected graphs are the chain graphs.
Chain Graphs are graphs that have undirected edges or directed edges associated
with their pair of nodes, subject to the constraint that no cycle containing directed
edge(s) is permissible (Whittaker, 1990). It can be seen that such graphs have a
block representation which separates vertices into blocks such that inter-block edges
are arrows, intra-block edges are undirected and the blocks are completely ordered.
Let A,B,C be subset of V and f a joint density function of (X, )yey then A_LB|C
if f(xa,xplxc) = f(xa|xc)f(xplxc) for each possible value x4 of Xy,xp of Xp,x¢c of
Xc. In the hypothesis of multivariate gaussian variables , f = N(u,X),K = X7,
if V represents the set of this variables, it is possible to define a dependence graph
Gk = (V,Ek) with k,, = 0 whenever there is no edge between a pair of vertices
u,v €V So if two vertices u,v € V are not adjacent, that’s to say there’s no edge,
it holds that ulv|V\{u,v}, u and v are conditionally independent given the oth-
ers . Firstly V contains the set of variables Y given by r;,i = 1, ...,k followed by
rl.agl,i =1,..,kwithry=(ri1,....,r7), rfag] = (rlla‘f],...,rllflil), f=N(u,X). The

L
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method used to select a chain graph, that can deal with high dimension, is to search
among the decomposable graph. Decomposable models are graphs that are trian-
gulated. For this type of graphs a closed-form for the maximum likelihood es-
timates are available allowing computational simplification. The starting graph is
the minimal AIC or BIC forest. A forest is an acyclic undirected graph, that is, an
undirected graph with no cycle. Then search the edge giving the maximal AIC or
BIC reduction is added until further reduction are not possible. Here the criterion
is —2logL + kdim(G), where dim(G) is the number of edges of G, L is the likeli-
hood, k =2 (AIC), k = log(n) (BIC). Then it is possible to split the set of variables
Q, ={r;,i=1,...,k} in two parts. A subset of m < k variables C = {r;,i =iy, ...,in}
which are connected to some element of ;| = {rf“g Li= 1,...,k}, with the excep-

tion of their own past. A subset of k —m variables C = {rj, j = ji,..., jx—m} Which

are not connected to any element of €2;_| = {rf.ag ! ,i=1,...,k}, with the exception

of their own past. For the variables in C we impose the link with their own past, to
treat them all together with the variables in C in a multiple restricted regression and
compare with the full counterpart. That is called an adjustment.

As the concurrent correlations cannot be used in the forecast (Tsay, 2010), only the
past to present information is adjusted and used.

However information among the present (contemporaneous) values are given in the
chain graphs and could be used to restrict a SVAR model. In this case it doesn’t
seem possible to describe the time dependency of the variance-covariance matrix as
it would be already estimated in a constant-time way in the SVAR model.

3 R-VAR and R-MARCH Description

Having said that, the equation of each variable in the model RVAR is a multiple
normal regression, so the following result, which links regression and graph theory,
can be used: the i-th regression coefficient is O if only if the dependent variable
is conditional independent from the i-th regression variable given the remaining
variables,(Lutkepohl, 2006). Therefore the following model is estimated:

rig Po.1 O Oim rii—1 ary
= |+] : : + (1)

Fm.t 00,1 Om1 - Omm Tmit—1 .t

where a;; are gaussian errors, ¢; ; are parameters. The elements ¢; ; are restricted to
0 whenever no connection was founded between pair of variables and the past with
the chain graph approach. Briefly it can be written as

=00+ Pir_1 +a ()
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wherer, = (ri4,....rms) s = (aiy,...,am;)' is a gaussian error, ¢ is a m-dimensional
vector, @ is a m X m matrix. This estimate has smaller asymptotic variance than the
unrestricted estimator. This model is then used to find the return forecast at time ¢
for the future # + 1: A .

P =00+ Piry 3)

As ARCH tests on the residuals indicate that data exhibit volatility cluster, that
is, variance may be high for certain time periods and low for other periods, and
variance jump are rare, for d;, a MARCH (1) model is needed, see (Tsay, 2010):

2 2
ai, Vo,1 Vit Vi ai,—i b1,
O e N (e ol T I N N “)
2
a%'l’[ Yo,1 Yl = Yam Ani—1 bm,t

where ; ; are parameters, b;, is consider an error such that £ (biy) =0,
cov(bis,bis— J-) =0, j > 1 (martingale difference series), but it is generally not an
i.i.d sequence.

The elements y; ; are restricted to 0 whenever no connection was founded between
pair of squared residuals and their past using a second chain graph approach as
before. Even now it can be briefly written as

2
a, =yo+WMa | +b, ®)
where a? = (a%t,...,afn‘,)’ , Yo is a m-dimensional vector, ¥} is a m x m matrix,
b; = (b1, ...,bm,) is consider an error.

This estrmate has smaller asymptotic variance than the unrestricted estimator. As
the squared residuals al- are unbiased estimate of the variance o7, »i=1,..m, the
preceding model is used to find the standard deviation forecasts at time ¢ for the
future t + 1:

at+1 WO + '}’1 az (6)

The estimates @y, P of the RVAR(1) model and o, ¥; of the RMARCH (1)
model are obtained in two steps.
Firstly the EGLS (Estimated Generalized Least Squares) estimates ¢, ®| are found
and the residuals of the RVAR(1) model are calculated. Then the EGLS estimates
W, ¥, are found by considering the residuals calculated before.
This two steps estimation procedure is asymptotically equivalent to the procedure
where all the parameters (j)o, <151 W, ‘Pl are estimated at once.
This is due to the fact that the asymptotic information matrix of the VAR and
MARCH is block diagonal so that the estimators of the former are asymptotically
independent of the latter estimators, (Lutkepohl, 2006).
To restrict the VAR model (1), it is necessary to rewrite and re-parametrize it. It can
be rewritten as follow:

Y=BZ+U 7
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where ? = (r],...,rT), ry = (rl’t’..wrnl’[)/, Z = (Zo,...,ZT,I), Zt = (l,yt)/, B =

(¢0a¢1)’ U= (u17~'~7uT)’ Ur = (al.la "'7am,t>l-
The linear constraint for ¢; can be given in the form

B =vec(B) =Ry+F (8)

for an opportune R fixed matrix of dimension m(m+ 1) x M, with M the number
of restrictions, 7 = 0 a vector of dimension m(m+ 1), ¥ a M vector of unknown
unrestricted parameters.
The vec operator transforms a matrix B into a vector 3 by stacking its columns.
Sometimes an equivalent way to represent constraint for 3 is C = ¢ for opportune
matrix C and vector c.
Through (8) it is possible to impose the constraints for 3, by re parametrizing (7) as
follow

J=vec(Y) = (Z' @1I)vec(B) +vec(U) =

=(Z'@)(Ry+7)+u=
=(Z®DRy+u ©)
Thus it possible to minimize the generalized sum of squared errors S(y) = u(I ®

X1/, obtaining a generalized estimator )A?and S0 [;’ which has smaller asymptotic
variance than the unrestricted estimator 3.
The EGLS estimator 7 of y is

Y=[R(zZ @2 YR 'R(Zze X "):

where £ = 0U'/T.
So the EGLS estimator f3 of f is

p=Ry+F

Now the asymptotic covariance matrix of the unrestricted estimator B is EB =

(Fr'®X) with I' = lim}_, _ ,ZZ' /T whereas the asymptotic covariance matrix of

the restricted estimator B can be written as

Iy =1 —r'ex)crter)dlcrter) (10)
that is a positive semi-definite matrix is subtracted from X5 to obtain the asymptotic
covariance matrix of the restricted estimator. Thus the latter can be smaller or equal
to the former. Imposing restrictions is an advantageous in terms of asymptotic effi-
ciency.

To restrict the MARCH model (4), the same procedure as above is applied to the
squared residuals a? instead of the returns ;.
To verify the null hypothesis of no ARCH effects in a,, the equivalent formulation
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of the null hypothesis of no serial correlation in v, = vech(a,a}) is used, where vech
is the operator that transforms a matrix square A into a vector a by stacking its
elements on and below the main diagonal.

So the multivariate Ljung-Box test is applied to v;:

Hozplz...:ph:O
Hy:3j:p;#0
2 4 1 A =1 -1
On(i) =72 Y gm—tr(1 1) an

where tr(A) is the trace of A, that is the sum of its diagonal elements, IAJ is estimate
of the cross-covariance matrix I} = E[(v; — W) (Vi—j — ty)'] of v,

1

&NJ >

T
Y (=9 =)
=j+1

N

whereas p; is the lag-j cross-correlation matrix of v; defined as
—_n-! —1
pj=D"I;D

with D = diag(\/Iy(1,1),...,4/Io(m,m)). The asymptotic distribution Q,,(h) is
x%(m?(h—1)) so that is possible to calculate the theoretical quantile of the statistic.
Moreover the inverse of the roots of the reverse characteristic polynomial, that is the
eigenvalues Agp of P andAy of ¥, are found in order to ascertain the stability of
the (R)VAR and (R)MARCH models:

1
det(y — dj—) =0
Ao
1
det(ly — % —) =0 (12)

Ay

Whenever |ﬁ| > 1 or |Ae| < 1 the (R)VAR is stable and whenever |ﬁ\ > 1 or
|Aw| < 1 the (R)MARCH is stable.

An important need for a precise estimation of the variance-covariance matrix X, of
a, is that the MSE (Mean Squared Error) X, (h) of the forecast 7, at the time ¢ for
the future time ¢ + & is a function of X,:

hooo .
Z(h) =Y oz, (D))
j=0
Thus the confidence intervals for r;, will be affect by ,at least, its diagonal estima-
tion 6k,t (/’l) = (Zr(h))kykl

[Priin = 2a/26ks (h)s Frrin + 2026k (W) 1 -
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The RMARCH model takes care of the variance-covariance matrix estimation X,
in a time dependent way, more efficiently than its full version MARCH, taking into
consideration the ARCH effects which are typical of the financial dataset case. How-
ever it may be that the shrinking of the parameters could worsen the ARCH effects
modelling. Thus it is checked by matching the Ljung-Box test results in both cases.
The model equation (5) generalizes many univariate volatility models to the mul-
tivariate case, being one of the multivariate GARCH models, (Tsay, 2010). In this
case, in order to keep the number of volatility equations low, as in (Bollerslev, 1990)
it is considered the special case in which the correlation coefficient is time-invariant.

4 Results

The time series considered regard the Blue Chip (that is the best capitalized) Bank
Stock returns weekly figures from 3 January 2000 to 9 March 2015 taken by Yahoo
finance.

Specifically those stocks are the 5 bank stock as follows:

UNICREDIT, BANCAPOPOLAREDIMILANO, CREDITOEMILIANO,
INTESASANPAOLO, MEDIOBANCA.

In fig. 1 the time series are depicted. It suggests that some periods have a greater
volatility (high peaks) than others (low peaks). So the MARCH approach seems
necessary to tackle the time-varying volatility.

Firstly a chain graph is built for the returns r; = (ry, ..., 7m,)’, by minimizing the
BIC criteria, in two steps.
The Schwarz’s Bayesian criterion BIC = —2logLikelihood + log(T) p, where p is
the number of parameters. This criteria gives a bonus for a parsimonious description
of the data with respect to other criteria such the AIC or FPE.
The first step for a chain graph to be used in the RVAR model, is to build a graph for
the past values of the returns r;_; = (rl,,,l yeees Fmg—1 )', which play the role of the
explanatory block.
The fig. 2 represents thus the explanatory variables minimum BIC graph.

The second step is to build a minimum BIC graph for the past to present val-
ues of the returns r; = (rl_’l,...,rmJ)’ which play the role of the response vari-
ables , having a saturated model (that is all the edges) for the explanatory variables
t = (Fg—tseees mi—1)-

The fig. 3 represents thus the explanatory-response variables minimum BIC graph.

Finally, the chain graph for the past to present values of the returns r; =
(Fis,...,rmz) with the explanatory variables r;—; = (ri;—1,...,7m;—1)  is built by
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combining the first preceding graphs with the second preceding graph without its
saturated part.
The fig. 4 represents thus the chain graph for the returns r;.

The directed edges in figure 3 are used to constraint the VAR(1) model for the
returns r;.

In the same way as above, the fig. 5,6,7 represent respectively the explanatory
variables minimum BIC graph, explanatory-response variables minimum BIC graph
and the chain graph for the a?

Please note that for the figures lagl is attached at the end of the variables’ names.
The parameters estimates, standard errors, ¢ values, p-values for the full VAR(1)

model, tab.1, and restricted RVAR(1) model, tab.2, are represented equation by
equation :
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Names Estimates Standard Errors ¢ values p-values
UNICREDIT

UNICREDIT.11 -0.229 0.055 -4.165 0
BANCAPOPOLAREDIMILANO.I1 -0.035 0.059 -0.594 0.553

CREDITOEMILIANO.11 0.298 0.072 4.146 0
INTESASANPAOLO.11 -0.155 0.079 -1.963  0.05
MEDIOBANCAL.I1 0.156 0.084 1.853 0.064

BANCAPOPOLAREDIMILANO

UNICREDIT.11 -0.031 0.048 -0.642  0.521
BANCAPOPOLAREDIMILANO.I1 -0.121 0.052 -2.347 0.019

CREDITOEMILIANO.11 0.235 0.063 3.757 0
INTESASANPAOLO.11 -0.097 0.069 -1.41  0.159
MEDIOBANCAL.I1 0.123 0.073 1.681 0.093

CREDITOEMILIANO
UNICREDIT.11 -0.022 0.041 -0.542  0.588
BANCAPOPOLAREDIMILANO.I1 -0.064 0.044 -1.452  0.147
CREDITOEMILIANO.11 0.003 0.054 0.057 0.954
INTESASANPAOLO.11 -0.086 0.059 -1.454 0.147
MEDIOBANCA.I1 0.187 0.063 2972  0.003
INTESASANPAOLO
UNICREDIT.11 -0.048 0.045 -1.061 0.289
BANCAPOPOLAREDIMILANO.I1 -0.029 0.048 -0.609 0.543
CREDITOEMILIANO.11 0.094 0.059 1.6 0.11
INTESASANPAOLO.11 -0.192 0.064 -2.992  0.003
MEDIOBANCA.I1 0.161 0.069 2.346  0.019
MEDIOBANCA

UNICREDIT.I1 -0.072 0.037 -1.962  0.05
BANCAPOPOLAREDIMILANO.I1 -0.011 0.039 -0.286 0.775
CREDITOEMILIANO.11 0.129 0.048 2.702  0.007
INTESASANPAOLO.11 -0.089 0.053 -1.688  0.092
MEDIOBANCAL.I1 0.073 0.056 1.309 0.191

Tab. 1: Estimates, standard errors, 7 values, p-values for VAR(1)
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Names Estimates Standard Errors ¢ values p-values
UNICREDIT
UNICREDIT.11 -0.17 0.044 -3.856 0
BANCAPOPOLAREDIMILANO.I1  0.055 0.051 1.071 0.285
BANCAPOPOLAREDIMILANO
BANCAPOPOLAREDIMILANO.I1 -0.025 0.037 -0.667 0.505
CREDITOEMILIANO
CREDITOEMILIANO.11 -0.025 0.037 -0.657 0.512
INTESASANPAOLO
INTESASANPAOLO.11 -0.107 0.037 -2.886  0.004
MEDIOBANCA
UNICREDIT.11 -0.078 0.032 -2.432  0.015
MEDIOBANCA.11 0.082 0.049 1.675 0.094

Tab. 2: Estimates, standard errors, ¢ values, p-values for RVAR(1)

From the preceding tables 1,2 it can be seen that the chain model are not equiv-
alent to the ¢ test shrinking usual approach in that it can find different significant
relationships.

The same type of tables can be represented for the MARCH (1) and RMARCH (1)
models.

Thus it can be seen from the figures the parameters saving: p,, = 25 parameters
are needed with respect to a full VAR(1), whereas p,,, = 7 parameters are needed
for a RVAR(1) model. The parameters saving s, = (Pyar — Prvar)/ Pvar = 72%.
AlSO parcn = 25 parameters are needed with respect to a full MARCH (1), whereas
Drmarch = 6 parameters are needed for a MARCH (1) model. The parameters saving

S22 = (pmarch - prmarch)/pmarch =T76%.

All the models are stable. Indeed the following tab. 3 contains the eigenvalues
Ao, Ay and they result less than 1 in module (see equations (12) above):

model [Aa(1) Ao (2) Ao (3) Aa(4) Ao (5)

VAR | 023 0.12 0.11 0.11 0.03
RVAR | 0.17 0.11 0.08 0.02 0.02
model Ay (1) Ay (2) Ap(3) Ap(4) Ap(5)
ARCH | 0.51 0.16 0.16 0.08 0.08
RARCH| 0.39 0.35 035 0.30 0.26

Tab. 3: Eigenvalues Ag, Ay for VAR(1),RVAR(1),MARCH (1),RMARCH (1)

The AIC for the full VAR(1) is —12356.26 where for the RVAR(1) is —12332.62.
So there is a slightly improvement by using the unrestricted model, even if they are
very much near one another.

The AIC for the full MARCH (1) is —25205.81 where for the Restricted March is
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—25038.35. So there is a slightly worsening by using the restricted model, even if
they are very much near one another.

It can be seen that the VAR back forecasts are near the RVAR back forecasts and
with some exceptions near to the actual values, see fig. 8 for the UNICREDIT re-
turn case. The back forecasts, intended as in-sample fitted values, are the forecasts
obtained by the models with the parameters estimated using the entire dataset. Then
for each time index ¢, t = 1,...,T the back-forecast ¥, is obtained using the actual
values until time ¢ — 1.

As far as the standard deviation is concerned, the actual values is not observable,
(Tsay, 2010), so, a rolling mean with a windows of size 69 is considered as if it
were the actual values, (Tsay, 2010), instead of other possible proxy for it. The fig.
9 depicts the UNICREDIT standard deviation forecast case.

The predictive ability of the models is seen in terms of mean squared error, [4],
where MSE?@* yses the back forecasts and and MSE®* uses the out-of-sample fore-
casts which are obtained with a reduced dataset of 7 = 20 observations

_ Zie{l,...,m} Zte{l,...,T}(Si,t - 6[,[)2
B m-T

MSEs (13)
As the focus is on weekly data, the investor has in mind a short horizon . So 20

weeks (5 months) of out-of- sample data are chosen.
It results MSERf, = 0.0033, MSEQ, = 0.0082 , MSE}", = 0.0033, MSES:, , =

ull,r full,r rest,r rest,r —
0.0081 with 0;; = r;, in the equation (13). So there is an equivalence of the restricted
and the restricted model.
To statistically prove this MSE, equivalence a Giacomini-White for testing the null
hypothesis Hél) equal predictive ability test is used, (Giacomini and White, 2006).

The GW p-value is 0.2785 , — H(gl) is not rejected.

The equation (13) with §;; = o;, gives MSE’;Z;‘;fG =0.001, MSE%, 5 =0.0082,
MSE%?{‘G =0.001, MSE; 5 = 0.0082. The rolling o; are considered as the actual
values. So there is an equivalence of the restricted and the restricted model.

To statistically prove this MSEs equivalence a Giacomini-White for testing the null
hypothesis Hél) equal predictive ability test is used, (Giacomini and White, 2006).
The GW p-value is 0.07944 , — Hél) is not rejected.

The multivariate Ljung-Box test (11) is applied to the standardized residuals
a,/6; to check for adequacy of the VAR and the RVAR with respect to the ARCH
effect up to lag 1 gives the following statistics:

for the VAR ,Q,,(h) = Q5(1) =2.9430, p-value of 1, — Hél) is not rejected

for the RVAR ,Q,,(h) = Qs5(1) = 59.7890 , p-value of 0.00011 , — H(gl) is rejected .
Thus the VAR model seems to have a better behaviour with respect to lag correlation
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effects in this case.

However if monthly returns are considered instead of weekly returns, the models
have the same behaviour and no correlation effects in the standardize residuals:

for the VAR ,Q,,(h) = Qs5(1) = 3.0473 , p-value of 1, — Hél) is not rejected

for the RVAR ,Q,(h) = Qs(1) = 33.0783 , p-value of 0.1291 , — H") is not re-
jected.

The multivariate Ljung-Box test (11) is applied to the standardized residuals 42 /67
to check for adequacy of the MARCH and the RMARCH with respect to the ARCH
effect up to lag 1 gives the following statistics:

for the VAR ,Qyn(h) = Os(1) = 161.9274 , p-value of 0, — H}' is rejected

for the RVAR ,Q,(h) = Qs(1) = 185.6905 , p-value of 0, — H_") is rejected .
Thus the models seem to have the same behaviour with respect to the arch effects in
this case.

However if monthly returns are considered instead of weekly returns, the models
have the same behaviour and no arch effects in the standardized residuals:

for the VAR .0y (h) = Qs(1) = 24.0866 , p-value of 0.514 , — H\" is not rejected

for the RVAR ,Q(h) = Qs(1) = 32.8796 , p-value of 0.1341 , — H") is not re-
jected.

Thus the Chain Graph-VAR-MARCH model has the same behavior of the existing
VAR-MARCH model in terms of ARCH effects (with less parameters) and solve
the problem with monthly data.

5 Concluding remarks

The great reduction in parameters seems not to affect the predictive power of the
VAR and MARCH models neither the goodness of fit as the MSE'sg are similar and
AICs are similar too.

The Giacomini-White test confirms the equivalence of the two models in terms of
forecasts. To the other hand the great shrinking of the parameters’ number implies
that the so restricted models are more efficient so that they are to be preferred.
Even if conditional normal distributions are chosen for «,, their unconditional dis-
tributions result non normal in both cases thanks to the MARCH. Moreover, the
models seem to have the same behaviour with respect to ARCH effects in this case.
So it seems that for large problem and forecast use the restricted model has to be
chosen to improve the efficiency of the estimation.

Lastly the high frequency of the weekly data can require a larger lag order to de-
scribe the the process, even if the unrestricted and the restricted approaches have the
same adaptation. However, the use of lower frequency data such as monthly data is
sufficient to get the two approaches appropriate to describe the process.



Chain Graph for VAR and MARCH parameters shrinking

Fig. 1 Weekly 5 bank stock Time Series
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Fig. 3 Minimum BIC graph for the explanatory-response variables, RVAR(1)
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WARD mMmerged present and past chain graph
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Fig. 4 Chain Graph for the returns r;, RVAR(1)
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nNMAaRCH: merged present and past chain graph
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Fig. 7 Chain Graph for the returns a?, RMARCH (1)
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Fig. 8 Returns one period head back-forecasts of r; with VAR and CG — RVAR, UNICREDIT
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Fig. 9 Standard Deviations one period head back-forecasts of o; with MARCH and CG —
RMARCH, UNICREDIT
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