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Abstract

In this paper we analyze the use of Markov regime switching models for the conditional variance. These
models can estimate easily and intelligently variance conditional observed on the previous variance and the
regime. Use the Bovespa series index between January 2003 and April 2012 and adjusted the GARCH (1,1)
model with regime switching following a chain of first order Markov considering two regimes.
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1. Introduction

Time series exhibit behavioral switching over time that are characterized by various regimes. An example
is when the market is in two possible regimes: recession and expansion. These regimes are not directly
measured variable and therefore are random variables. The main motivation of this work is to propose a
volatility model with switching of Markov regime, an arrangement associated to the model parameters.

We adopted the MRS- GARCH model introduced by Klaassen (2002) using the normal distribution, Stu-
dent’s t and the generalized error distribution (GED). Moreover, the parameter ν (degrees of freedom) is
allowed to vary between different regimes to capture the kurtosis. The greatest interest is to analyze the use
of these models for application in finance, i.e; use them in construction market rules.

2. Methodology

Recently, Klaassen (2002 ) suggests the use of the conditional mean and the conditional variance of past
regimes, taking into account also the current. Klaassen (2002 ) adopts the following expression for the
conditional variance
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and the conditional probabilities are given by

p̃ij,t = Pr (st = j|st+1 = i, ζt−1) =
pijPr (st = j|ζt−1)

Pr (st+1 = i|ζt−1)
=
pjipj,t
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,

where i, j = 1, 2, and ζt−1 denotes the information until the instant t− 1.

3. Application

We present an application to real data of the previously presented model. The set data analyzed in this work
is the market stock index of So Paulo Ibovespa, the data were obtained from yahoo finance site. The software



used for fitting the model with regime switching was the Matlab and other analyzes were performed with R
-project. The period considered is of 2 January 2003 to April 9, 2012 for a total of 2294 observations. The
studied quote was the daily closing price of the index.

First, we show in Figures 1 and 2, the Ibovespa series, the series returns graphic quantile and the histogram
of returns.

Figure 1: The Bovespa series index graph and log-returns.

Figure 2: Quantile plot and histogram of log-returns of the Bovespa series index.

Table 1: Descriptive measures of return-Ibovespa

Mean Median S.Deviation Kurtosis Minimum Maximum Asymmetry

0.0007 0.0014 0.0187 8.2081 -0.1210 0.13680 -0.1130

Table 1 shows some descriptive statistics of the Bovespa index log-returns. Note the mean of the data is close
to zero and the standard deviation is small, but the log-returns ranging from -0.12 to 0.13. The mean is close
to zero and, with the small standard deviation, we can conclude that the data is clustered around zero, which
can be confirmed by the histogram of the daily returns of IBOVESPA. Looking at the graph of the daily
series of IBOVESPA, we can see that the series is not stationary, as it has no constant trend and variability
uncontrolled. But the graph of the daily returns of the Ibovespa, at level, apparently controlled constant



variability, which leads us to think that this series may be stationary. The skewness and kurtosis indicates
that the data does not follow a normal distribution. Based on these summary measures of the daily returns of
the Ibovespa, we can see: a distribution of returns have left a slight asymmetry since the skewness coefficient
is negative, the distribution of the measured kurtosis indicates that a return curve is flatter than the normal
distribution curve, meaning there a larger amount of data in the tails of the distribution of returns than a
normal distribution. The skewness and kurtosis can be viewed in quantile plot and histogram in Figure 2.

Table 2: Maximum Likelihood Estimates and standard errors of Model MRS - GARCH - Ibovespa

MRS-GARCH-N MRS-GARCH-t2 MRS-GARCH-t MRS-GARCH-GED

µ(1) 0.2605 -1.2336 -1.2622 0.0332
(0.0468) (0.4775) (0.5895) (0.0285)

µ(2) -0.3768 0.2425 0.2300 0.0419
(0.1302) (0.0652) (0.0651) (0.0137)

σ(1) 0.1033 < 0.0001 0.0851 0.1332
(0.0531) (0.4204) (0.6107) (0.0381)

σ(2) 0.4053 < 0.0001 < 0.0001 0.0029
(0.1047) (0.0572) (0.0656) (0.0012)

a
(1)
1 < 0.0001 0.1768 0.1546 0.1002

(0.0273) (0.1275) (0.1276) (0.0220)

a
(2)
1 0.0645 0.0528 0.0520 0.0142

(0.0262) (0.0184) (0.0184) (0.0052)

b
(1)
1 0.8457 0.8111 0.8332 0.8278

(0.0318) (0.1712) (0.1701) (0.0330)

b
(2)
1 0.9315 0.8797 0.8805 0.9785

(0.0361) (0.0272) (0.0277) (0.0060)
p11 0.9107 0.3817 0.3799 0.9987

(0.0285) (0.1943) (0.1988) (0.0011)
p22 0.8197 0.9243 0.9304 0.9989

(0.0476) (0.0456) (0.0466) (< 0.0001)

ν(1) —— 10.2401 12.1334 1.2667
(2.2062) (3.3496) (0.0309)

ν(2) —— 81.3425 —— ——
(< 0.0001)

1000 ∗ Log(L) −4.3928 −4.3861 −4.3867 −4.3877

π1 0.6687 0.1091 0.1009 0.4583
π2 0.3313 0.8909 0.8991 0.5417
ρ1 0.8457 0.9879 0.9878 0.9280
ρ2 0.9960 0.9325 0.9325 0.9927



Estimates of the parameters of MRS- GARCH model are shown in Table 2. There were adjusted models with
Normal distribution, Student’s t and the widespread distribution of the error. For the model with Student
t-distribution the model was considered that the degree of freedom is the same for the two regime (t) and
degrees of freedom that may be different (t2). Note that estimates and standard errors are very similar to
models with Student t-distribution.

For models Student t test, the mean parameters seem negative to the regime 1 and positive for regime 2.
This seems to be the opposite to normal model and the GED model, it appears that the mean is zero for
the regime 1 and positive for the regime 2. The parameter a1, which measures the effect of the previous
error variance does not seem significant in Normal and Student models. To the regime 1, the estimate is
almost zero for the normal model and is around 0.16 for the models Student t test. However, the values for
the parameters b1 are minor in the regime 1, this means we have more weight to each error yesterday and
lower inertia to the previous variance σ2

t−1. The probability of staying in the regime 1, p11 is lower (38% for
the t-distribution), the likely to remain in the regime 2, the same goes for the Student’s t-distribution with
different degrees of freedom.

4. MRS-GARCH

The smoothed probabilities of the regime 1 with t Student error with different degrees of freedom and the
log-returns are shown in Figure 3:

Figure 3: The smoothed probabilities of the regime 1 - Ibovespa - t2.

If the process is in the regime 1, the observation will be removed from a Student’s t-distribution with mean
-1.2336 and standard deviation < 0.0001 and if the second regime with mean 0.2425 and standard deviation
< 0.0001. The transition matrix is given by

P =

(
0.3817 0.0757
0.6183 0.9243

)
.

We then the unconditional probability of being in the k-th regime , in this case our model with two regimes
is given by π1 = 0.1091 and π2 = 0.8909. The mean duration of being in regime 1 is 1 day and regime 2 is
13 days.

5. Residual Analysis

The residual analysis are intended to verify the validity of the assumptions of the model general. So choosing
the best model depends on this residue analysis using the residual of regime 1 and 2. The models assume
that errors are uncorrelated and follow the specified distribution.



Figure 4: Autocorrelation function and autocorrelation function of the squared standardized resid-
uals of model t2 - Ibovespa.

Figure 5: Quantile plot of standardized residual of model t2 - Ibovespa.



The quantile graphs indicate that only models with Student’s t-distribution with different degrees of freedom
are adequate and so these models were chosen for the log Ibovespa returns. The partial autocorrelation
function of the standardized residuals indicate no white noise behavior of breaks in the residuals.

5. Conclusions

In this work we present the GARCH model with regime switching to model the volatility financial series.
The volatility model with regime switching presented two unobserved time series, the series of conditional
volatility and regimes.

The aim of this study was to investigate the efficacy of models with switching of Markov regime to apply
them to financial series. It is worth mentioning the fact that this series, Ibovespa, was influenced by the
financial subprime crisis in 2008, which greatly changed the dynamics of this series immediately after such
crisis. The models analyzed in this work were able to detect a regime with greater effect last error and other
more inertia to the previous variance.
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