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Abstract: We present an intraday volatility model for equally spaced data
and apply it for the WIG Index- a broad market index of the Warsaw Stock
Exchange. The current study is an application and extension of the model
proposed by Engle and Sokalska [2010]. We decompose the conditional
variance of intraday returns into components that have a natural interpretation
and can be easily estimated.
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INTRODUCTION

As recent developments on world’s stocks markets have shown, intraday
asset price movements can be very dramatic. During the crisis of 2008-2009, it
was not unusual to observe spectacular stock market rallies and sudden plunges of
Dow Jones Industrial Index worth several hundred of points on a single day.
Therefore there is great value in being able to forecast volatility on intraday basis.
A paper by Andersen and Bollerslev [1997] documents that an application of
standard ARCH-type volatility models [Engle, 1982] to intraday data gives
unsatisfactory results. This is because there are pronounced periodic patterns in
volatility throughout a day.

A number of papers have presented work on intraday returns related the
current study. Andersen and Bollerslev [1997, 1998] propose models for 5-minute
returns on Deutschemark-dollar exchange rate and the S&P500 index. They build
a multiplicative model of daily and diurnal volatility. Andersen and Bollerslev
[1998] add an additional component which takes account of the influence of
macro-economic announcements on the foreign exchange volatility. For most of
their models, the intra-daily volatility components are deterministic. The model
applied in this paper contains stochastic intraday variance component.
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THE MODEL

Our paper uses the volatility model for high frequency intraday financial
returns proposed by Engle and Sokalska [2010]. We employ the following
notation. Days in the sample are indexed by ¢ (¢ =1,..., 7). Each day is divided into
10 minute intervals referred to as bins and indexed by i (i =1,..., N). The current
period is {zi}. Price of an asset at day ¢ and bin i is denoted by P,. The
continuously compounded return Iij 1S modeled as:

r =1n(P% j for i>2, Whereas the return for the first bin of the day /=1 is
t,i-1

-
, =1n(P/ ) . In our model, the conditional variance is a multiplicative product
o B*l.N

of daily, diurnal and stochastic intraday variance components. Intraday equity
returns are described by the following process:

Ti = htsi%,f Ei and &~ N(O,1) O

where:

hy is the daily variance component,

s; is the diurnal (periodic) variance pattern,

¢.; 1s the intraday volatility component, and

&, 1s an error term.

The model is estimated in several steps. Similarly to Andersen and
Bollerslev [1997, 1998], daily variance component will be estimated from a daily
ARCH —type specification for a longer sample, going back a number of years.

Empirical analysis indicates that GARCH (1,1) process [Bollerslev, 1986]
proved to be the most successful daily volatility model.

n=\Jh< £ ~NQOD
h,=w, + ad’/ﬁl + ﬁdhtz—l

Where { . is an error term for daily returns r;,, whereas wy, ¢, and f3; are

2

parameters of the variance equation.
The diurnal component is calculated as the variance of returns in each bin
after deflating by the daily variance component.
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Then we model the residual volatility as a GARCH(1,1) process **:
Gy =0+a(r,, , /\Jhs,, ) +0 9y i, “

Engle and Sokalska [2010] show that this multistep estimator is consistent
and asymptotically normal.

EMPIRICAL ANALYSIS

Our data consists of 10 minute logarithmic returns on the WIG index for the
period 4 January 2010 — 31 May 2010. We estimated daily variance component
using daily data on the WIG index between October 1994 and May 2010. Both
intraday and daily series come from the Bloomberg database.

We exclude overnight returns from our analysis. Figure 1 and 2 depict
intraday logarithmic returns of WIG including and excluding overnight returns,
respectively. As can be seen from Figure 1 intraday returns are dominated by
substantially negative and positive overnight changes; all of the returns that exceed
+/- 1% are in fact overnight. Although the inclusion of overnight returns could
yield a more complete analysis, it would require a far more complex model. Such
a complete model would need to concentrate more on economic or global factors
and this approach was not followed in this paper.

Figure 1. Intraday WIG 10-min logarithmic returns
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3 Higher order GARCH models were fitted as part of the specification search for scaled
intraday returns but GARCH(1,1) performed best.
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Figure 2. Intraday WIG 10-min logarithmic returns excluding the overnight period
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Table 1 presents estimation results of the daily GARCH (1,1) model (2).
Attempts to fit higher order models yielded statistically insignificant coefficients
for the respective parameters. The sum of coefficients oty (0.9896) is close to
but smaller than one. This is indicates high persistence (high degree of volatility
clustering).

Table 1. GARCH Results for Daily Data

GARCH Results for Daily WIG Index

Coefficient Std. Error t-Statistic
0y 3.52E-06 5.09E-07 6.925
Oy 0.0845 0.00498 16.984
Bq 0.9051 0.00479 188.941

Notes: This table presents estimation results for GARCH(1,1) model for the WIG index.
Sample period for daily data: October 1994 -May 2010. Symbols oy , By and wq
denote GARCH parameters from the variance equation (2).

Source: own calculation

Figure 3 depicts the estimates of diurnal variance component (3). We may
observe a typical U-shaped pattern in volatility - an increased variability at the
beginning of the day followed by a calm period in the middle and then a rise in
variation at the close of the session. A small spike around 14.30 coincides with the
time of macroeconomic announcements in the US. The volatility of the overnight
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period, which is excluded from our analysis, would actually much exceed the
volatility at the close.

Figure 3. Diurnal Variance Component Throughout a Day (Excluding Overnight Period)
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Finally Table 2 presents results of estimation of the parameters of the
stochastic intraday variance component (4). The persistence measure, o+f3, equals
to 0.8884 and is smaller than o+B4 (0.9896) obtained for the daily component.
The degree of volatility clustering for the intraday component is smaller than for
the daily component because we estimated the intraday GARCH on scaled returns
(compare equation (4)). In other words we have already taken account of some of
the volatility persistence present in the data by scaling squared returns by the daily
and diurnal variance components.

Table 2. GARCH Results for Intraday Data

GARCH Results for Intraday Daily WIG Index

Coefficient Std. Error t-Statistic
() 1.61E-07 9.16E-09 17.555
o 0.1984 0.0108 18.354
B 0.6900 0.0136 50.886

Notes: This table presents estimation results for GARCH(1,1) model for WIG returns that
have been previously scaled by the squared root of the daily and diurnal variance
components. Sample period January-May 2010. Symbols o , § and @ denote
GARCH parameters from the variance equation (4).

Source: own calculation
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CONCLUSION

We have estimated an intraday volatility model for equally spaced
logarithmic returns on the WIG index. In our specification, the conditional
variance is a multiplicative product of daily, diurnal and stochastic intraday
variance components. As the next step of our analysis, we plan to conduct forecasts
comparison between our model and a selection of alternative benchmarks.
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Abstract: This study extends earlier analysis, in which behavior of daily
exchange rates during the global crisis was compared to that before crisis.
We repeat similar comparison for data set extended until the end of April
2010, use ARMA/ARMAX and GARCH models with stock indices as
additional regressors, for volatility and returns of EURPLN, EURUSD,
USDPLN exchange rates. Marked increase in volatility during crisis,
negatively affected quality of models. After crisis volatility and returns seem
to stabilize, hence exchange rate risk seems to decline gradually. There is
a slight improvement in quality of models after the crisis.

Key words: Exchange rates, stock indices, crisis, risk, autoregressive and
conditional heteroskedasticity models, Granger causality.

INTRODUCTION

The aim of research presented is to study the effects of the current crisis on
exchange rate behavior, and on quality of exchange rate models. We use daily data
of exchange rates USDPLN, EURPLN and EURUSD, and stock indices S&P500
and WIG20, since 4™ January 2000 until 30™ April 2010. We note stabilization of
exchange rate behavior since spring 2009 in comparison to previous period (2007-
2008), and assume that this may ease exchange rate modeling and improve quality
of models.

We study the behavior of variance and volatility of models, test Granger-
causality from stock indices towards exchange rate variances and returns. Next we
estimate ARMA and ARMAX models for exchange rate volatility, and ARMA and
GARCH models for logarithmic returns. We use S&P500 and WIG20 volatility or
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returns as additional variables in models describing respectively volatility or
returns of the exchange rates.**

In [Syczewska 2010] we compared behavior of rates and quality of modeling
for two subperiods: before (up to September 2008) and during crisis (up to end of
July 2009). We have shown that”

e Volatility of returns, hence errors of forecasts from the ARMA and
GARCH models of returns, hugely increased during the crisis.

e Introduction of corresponding stock indices returns led to a slight
improvement of models and forecast performance.

There are several symptoms showing improvement of economic
performance in current period. The Polish economy in particular during the crisis
did well in comparison to other European economies. Whether the crisis ended can
of course be argued, but let us treat the year (Spring 2009 — Spring 2010) as period
“after crisis” and check if behavior of series modeled had stabilized enough to
improve the quality of models.

QUALITATIVE DESCRIPTION OF THE DATA

We use daily data from 4th January 2000 until 30th April 2010 for the
indices and exchange rates.*® The typical measure of returns is:
(1) z,=100*(Iny, =Iny, )
where y, — closing values of an instrument; we use also logarithm of proportion
of daily maximum and minimum
(2) o-tz = ln(ymax,t /ymin,t)
as a measure of variance/volatility (see [Brooks 2008]). Fig. 1 shows a typical
behavior of stock index returns, an increase of volatility during both 2001 dotcom
crisis and even higher increase during the last crisis. Fig. 2 shows a similar picture
for exchange rate returns. Fig. 3 shows volatility defined by equation (2) for the
corresponding exchange rate.

We compare both the whole sample and two equal subsamples: 16.10.2007

—23.01.2009 as “crisis period” and 27.01.2009 — 30.04.2010 as “post-crisis period”
(each consists of 312 observations). Choice of “crisis” period is to some extent

arbitrary, but we follow [Reinhart and Rogoff 2008] as to characteristic symptoms
of crisis.

* This was suggested by specification of models for daily returns of Norwegian krona
[Bauwens, Rime and Succarat 2008].

» [Syczewska 2010] paper was presented at the International Conference “Zagadnienia
aktuarialne — teoria i praktyka” in Warsaw, 2"%-4™ September 2009.

28 http://stooq.pl database, opening, closing, minimum and maximum daily quotes. We use
only the dates, for which all quotes (Polish and American) were available.
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Table 1. Comparison of variance in the two samples
Mean Variance Proportion
Variable | Quote | Ist sample | 2nd sample | 1st sample | 2nd sample | of lerianfe
2"to 1°

S&P500 | open 1244.6 1000.8 45552.4 17524.5 | 38.5%

max 1257.7 1145.5 43986.7 16848.0 | 38.3%

min 1227.3 1117.7 47624.3 18068.7 | 37.9%

close 1242.2 1131.6 45817.4 17540.4 | 38.3%
WIG20 open 2695.8 2413.1 | 396358.4 117889.2 | 29.7%

max 2723.8 2440.6 | 394610.1 115613.6 | 29.3%

min 2657.3 23783 | 395741.6 119639.9 | 30.2%

close 2690.0 2409.0 | 393756.3 117703.9 | 29.9%
USDPLN | open 24547 2.7100 0.09736 0.07607 | 78.1%

max 2.4786 2.7390 0.10827 0.08185 | 75.6%

min 2.4370 2.6860 0.09174 0.06955 | 75.8%

close 24582 2.7120 0.10051 0.07587 | 75.5%
EURUSD | open 1.4608 1.4270 0.00953 0.00435 | 45.7%

max 1.4697 1.4360 0.00909 0.00421 | 46.3%

min 1.4519 1.4180 0.00999 0.00444 | 44.4%

close 1.2970 1.4270 0.00959 0.00435 | 45.3%

Source: stooq.pl

Table 1 shows decreases in variances of the indices (between 3040
percent) and exchange rates (between 75-80 percent for USD, approximately 45%
for EURO); in contrast to comparison of “crisis” and ‘“pre-crisis period”
[Syczewska 2010] when it increased 2.6 times for S&P500, 2 times for WIG20, 2.8
times for USDPLN exchange rate, 1.7 times for EURUSD.

Volatility defined as in (2), i.e., log difference between maximum and
minimum daily quotes for both stock indices has decreased to 70-90% of previous
value, for USD exchange rate increased by 14 percent, for EURUSD — decreased to
89% of “crisis” volatility. For USDPLN, EURUSD exchange rates and for both
stock indices difference in means is significant.

Table 2. Comparison of volatility during and after the crisis

USDPLN | EURUSD | EURPLN | SP500 | WIG20
Mean during crisis .01598 .01248 .02846 | .02674 | .0264597
Mean after crisis .01815 01114 .02929 | .01799 | .0235659
Proportion 1.14 0.89 1.03 0.67 0.89
t statistic for difference in the means -2.63 2.74 -0.67 6.66 2.53
Median during crisis .01086 .01016 .02101 | .01955 .02265
Median after crisis .01630 .01038 0.02716 | .01514 .02051
Proportion 1.50 1.02 1.29 0.77 0.91

Source: computations based on stooq.pl data.
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GRANGER CAUSALITY TESTS

Variable x is defined as Granger-cause for another variable y, if lagged
values of x used as additional regressors in a model describing y can improve
quality of modeling/forecasting. There are several tests of this property. The
Granger test of Granger causality is performed in the following way: we estimate
VAR — type equation and check joint significance of lagged x parameters:

(3) Ve=ayyotetayy by X +byx , ++byx, €,

The null Hy: b,, =b,, =...=b,, =0 means that the x does not Granger-
cause the y variable. This test is reported to work well for stationary variables, for
non-stationary series, it should be used with caution. The Augmented Dickey-
Fuller (in short, ADF) and Kwiatkowski-Phillips-Schmidt-Shin (KPSS) tests show
stationarity of logarithmic returns for the whole sample. Results for subsamples

99 ¢

“crisis”, “after crisis”) are slightly different (see Table 3).

Table 3. The ADF test results for returns and volatility of variables

ADF S&P500 WIG20 USDPLN EURUSD

Returns -12.22 (.00) | -21.11 (.00) -9.89 (.00) -10.72 (.00)
Volatility

whole sample | -4.48 (.0001) | -3.4889 (.008) | -4.9505 (.00) | -3.4384 (.0097)

- crisis -3.1005 (.03) | -2.6481 (.08) | -0.8928 (.79) | -1.3654 (.60)

- after crisis | -2.4920 (.12) | -2.5312 (.11) | -2.0222 (.28) | -3.0360 (.03)

Source: own computations; bold denotes insignificant values.

To check whether stock indices volatility/returns Granger-cause respective
measures for the exchange rates, we estimate VAR(5) models.”” For bilateral
USDPLN exchange rate we check whether stock indices of respective economies,
i.e. American and Polish indices, Granger-cause the exchange rate. Joint
significance test statistic for lagged values of S&P500 index volatility F(5,2508) =
3.8661 with p-value 0.0017. Hence we reject the null of lack of causality: the US
stock index Granger-causes volatility in USDPLN exchange rate, as expected.
There is no causality from the exchange rate towards volatility of index. Full
results of the Granger test of Granger causality are given in Table 4.

" Number of lags chosen by reduction of insignificant lags.
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Table 4. Granger-causality tests from stock indices towards exchange rates

Causal relationship

Whole sample

Crisis

After crisis

WIG20->USDPLN

2.3771 [.0367]

2.1216 [.0628]

1.5200 [.1833]

SP500>USDPLN

3.8661 [.0017]

1.8947 [.0951]

1.8937 [.0952]

WIG20->EURUSD

303.41 [.0000]

2.0457 [.0722]

1.0351 [.3970]

SP500>EURUSD

7.1983 [.0000]

40.887 [.0000]

4.4195 [.0007]

Source: own computations; p-values in brackets, greater than 0.05 marked in bold.

FRACTIONAL INTEGRATION, PERSISTENCY AND LONG MEMORY
MEASURES

As shown by the ADF test for the whole sample, log returns of exchange
rates are stationary. Fractional integration parameter is perhaps more accurate
indicator of time series behavior, either stationary or nonstationary. It generalizes
the Engle and Granger [1987] definition of integrated series (Hosking [1981],
Granger and Joyeux [1980]), it can take any real values (not only integer, as in the
ADF test), and is defined with use of binomial series expansion or the Gamma
function. The fractional integration parameter is often estimated with periodogram
regression (one of the variants was introduced by [Geweke and Porter-Hudak
1983]). Another, semiparametric, method is the Whittle local estimator, introduced
by [Kiinsch 1987] and [Robinson 1995] (see e.g. [Phillips and Shimotsu 2000]).

Classification of d values shows whether series in question is stationary or
not, but more accurately, if it is persistent or antipersistent, whether results of
external shocks diminish in time etc.

e For d =1 aseries is nonstationary, with infinite variance.

e For 1<d variance is infinite, moreover results of a shock increase with
time;

e If 0.5<d <1, the process is nonstationary, but in a long-term reverts to
its mean [Hosking 1981];

e For 0<d <0.5, the process is stationary, with finite variance, and is mean
reverting;

e For d =0 it is mean-reverting in the short term, has finite variance and
effects of shocks diminishes quickly;

e For —0.5<d <0 itis stationary, but mean-averting (antipersistent).

Quite similar classification can be done with use of the Hurst exponent
[Hurst 1951]: if H=0.5 we have a random walk, if H is in (0; 0.5) — a mean-
reverting process; for H in (0.5; 1) — mean-averting process with a trend.
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Table 5. Hurst exponents for logarithmic returns

Hurst exponent

Logarithmic SP500 WIG20 USDPLN EURUSD EURPLN
returns of:

Whole 0,553 [3,10] | 0,578 [4,84] | 0,574 [10,89] | 0,567 [9,24] | 0,547 [3,77]
sample

First 0,513[0,75] | 0,547[1,69] | 0,636 [2,93] | 0,608 [4,69] | 0,544 [0,62]
subsample

Second 0,578 [5,15] | 0,520 [1,99] | 0,511[0,28] | 0,609 [3,06] | 0,459 [-3,22]
subsample

Source: own computations; t statistics in brackets

The Hurst exponent value of 0.5 corresponds to a white noise process, values
greater than 0.5 but less than 1 suggest persistency and stationarity of a series.
Table 5 shows computed values of the Hurst exponent for logarithmic returns of
stock indices and exchange rates, computed for the whole sample and for two
subsamples — during crisis and after crisis. Critical value of the Student t statistics
is 2.44 for the whole sample, 2.22 for both shorter subsamples. We test the null of
H = 0.5. Computed values of the t statistics show that the null cannot be rejected
for stock indices and the log returns of EURPLN exchange rate in the first sample,
and for WIG20 and USDPLN in the second sample. In other cases H is slightly
greater than 0.5. Hence the Hurst exponents suggest stationarity and persistency of
all logarithmic returns.

Table 6. Estimates of fractional integration parameter for logarithmic returns

Subsample
Returns of: | Method: 5\211?1?)112 '
First Second

SP500 GPH 0,0013 [0,98] | -0,0374[0,76] | 0,1222 [0,69]

Whittle | -0,0118 [0,81] | -0,0603 [0,51] | 0,0913 [0,94]
WIG20 GPH 0,1208 [0,07] | 0,0976[0,49] | 0,1393 [0,48]

Whittle | 0,0499 [0,30] | -0,0871 [0,34] | 0,0913 [0,08]
USDPLN | GPH 0,0636 [0,32] | 0,0396[0,80] | 0,1557 [0,79]

Whittle | 0,0861 [0,07] | 0,0014 [0,99] | 0,0913 [0,40]
EURUSD | GPH 0,0493[0,42] | 0,2026[0,16] | 0,1390 [0,73]

Whittle 0,0560 [0,24] | 0,0886[0,33] | 0,0913 [0,51]
EURPLN | GPH 0,0754 [0,23] | -0,2265 [0,06] | 0,1170 [0,25]

Whittle | 0,0611[0,20] | -0,0398 [0,66] | 0,0913 [0,05]

Source: own computations

% In brackets there are p-values of t statistics in case of Geweke and Porter-Hudak method,

z statistics in case of the Whittle estimator, both for a null of insignificance.
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More accurate are results of the GPH and Whittle methods, allowing for tests
of significance of the fractional integration parameter. Results presented in table 6,
with p-values of statistics for null of d =0 in brackets, show that all returns series
are stationary. Estimates of the fractional integration parameter are in most cases
insignificant, as shown by the t or z-statistics p-values. Only in few cases the null
of insignificance is rejected — note in particular difference between results for
EURPLN, with positive insignificant values for the whole sample, negative
significant value for the first subsample, suggesting stationary antipersistent
behavior, and positive significant value for the second subsample, suggesting
persistent stationary behavior. For stationary series and ARMA model with finite
number of parameters can be estimated.

FRACTIONAL INTEGRATION PARAMETERS FOR VOLATILITY

We estimate in a similar way fractional integration parameters for volatility
defined as in (2). The results are as follows (see table 7); estimates of the fractional
integration parameter are in interval (0.5; 1), suggesting nonstationarity of a series.
The Hurst exponents, H, are close to 1. These may pose problems with the choice
of number of lags for the ARMA model. Fig. 4 and 5 show periodogram for log
returns and for volatility (2) for the USDPLN exchange rate. The first is similar to
spectrum of a stationary series, the second has relatively high values for lower
frequencies, which is closer to a behavior for nonstationary series.

We test whether H =1 and whether the fractional integration parameter, d is
equal first, to 0.5 and second, to 1. The null hypothesis # = 1 is rejected for
WIG20 and USDPLN. The null hypothesis d=0.5 cannot be rejected for WIG20
and EURUSD in case of the GPH estimation, and for WIG20, USDPLN and
EURUSD in case of the Whittle method. The null hypothesis d=1 is rejected in all
cases. Hence volatility is in all cases at least mean-reverting in long term,
nonstationary if d >0.5, stationary if d = 0.5.

Table 7. Hurst exponents, the Geweke-Porter-Hudak and Whittle estimators of fractional
integration parameter for volatility

SP500 WIG20 USDPLN EURUSD EURPLN
Hurst exponent | .9702 (.020) | .8845 (.015) | .9405 (.025) | .9741 (.038) | .9702(.031)
GPH estimator | .7031 (.058) | .4904 (.066) | .6248 (.050) | .5809 (.059) | .6894 (.055)
Whittle estimator | .6548 (.048) | .5240 (.048) | .5867 (.048) | .5878 (.048) | .6333(.048)

Source: own computations; standard errors in parentheses

% The Hurst exponent was estimated with use of R/S regression with 9 degrees of freedom,
hence critical value t* = 2.26. The GPH and Whittle estimators are based on regressions
with 109 degrees of freedom, hence critical value t* = 1.98.
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ARMA/ARMAX MODEL

We expect that stock indices can improve quality of ARMA models for
volatility (2). We apply ARMA formulation, with 4 lags as starting point, then try
and reduce the model on the basis of significance tests and Schwarz Bayesian
Information Criterion (procedure of reduction if similar, e.g., to [Matuszewska,
Witkowska 2007], albeit their starting point is an autoregressive distributed lags
model).

Model estimated for pre-crisis period has been reduced to ARMA(1,1)
[Syczewska 2010]. For USDPLN exchange rate volatility 3™ lags are significant.
We use S&P500 and WIG20 volatility (2) as additional regressors; both are
significant. Similar results are obtained for other exchange rates. The roots of AR
and MA polynomials have absolute values greater than 1, hence all
ARMA/ARMAX models estimated are stable. For all exchange rates models with
the stock indices variables have lower values of Akaike, Schwartz and Hannan-
Quinn information criteria.

GARCH MODELS FOR LOGARITHMIC RETURNS

We estimate next the ARMA and ARMAX models for the logarithmic
returns of exchange rates, starting first with an ARMA(4,4,) model, and then
adding logarithmic returns of both indices. The added variable parameters prove to
be significant. For both models we could not reject the ARCH effect:

The Engle test of the ARCH effect is based on the regression

el =ao,tae  tae , +..tae , +u,
where e are error terms of the model in question. We check whether lagged error
squares are jointly significant: the null H,: ¢, =&, =...= a, =0 corresponds to
lack of the ARCH effect. Under the null, the test statistic is asymptotically
distributed as (k).

For USDPLN, computed values of the test statistics in case of ARMA and
ARMAX models estimated for the whole sample, are equal respectively to 7. R* =
396.238 and 322.041, respectively. Hence the null hypothesis of no ARCH effect is
rejected.

As a result we estimate GARCH model for logarithmic returns of exchange
rates, with and without log returns of stock indices as additional variables: starting
with the GARCH model with 10 lags in autoregressive equation of mean value of

the USDPLN log returns, and reducing insignificant lags, we reduce this model to
one with AR(6) equation for expected value and GARCH(1,1) for variance.*

3% GARCH(1,1) is in most cases well suited for stock indices and exchange rates modeling,
see e.g. [Brzeszczynski, Kelm 2002].
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Starting with the GARCH model, 10 lags in autoregressive equation for the
mean and log returns of the S&P500 and the WIG20 indices as additional
variables, we reduce the model to only AR(1) with SP500 and WIG20 as additional
variables, and GARCH(1,1) for conditional variance.

To compare results of forecasting exercise for both versions (with and
without additional variables), we decide to use one lag for expected value equation.
We reestimate the models for shorter sample, up to 2009/01/26, and compute
forecasts for end of the whole sample (up to the end of April 2010). Forecasts
quality is still not impressive, according to mean absolute error MAE, mean
squared error MSE, mean absolute percentage error MAPE, and the Theil U
indicator, given by

\/ Z =y
\/ Yo+ \/ Zt P

(where y;, y}v denote observation of the series and value of forecast in period ¢,

and m denotes forecast horizon).”' Models with additional regressors perform
slightly better.

CONCLUSIONS

We perform analysis for logarithmic returns and for volatility (defined as log
difference between maximum and minimum of daily quotes) for daily values of
exchange rates. We compare their behavior in period 2007-2010 (during crisis) and
since January 2009 until April 2010. We note that the series have slightly
stabilized, although volatility is still quite high in comparison to the period before
the crisis.

Long memory of the series and values of the fractional integration parameter
indicating nonstationarity for the crisis period result in greater number of lags in
the ARMA model in comparison to the earlier period (where the ARMA model
specification has been chosen using significance tests and information criteria).

Granger-causality tests show that the corresponding measures of stock
indices Granger-cause returns or volatility of exchange rates. The Engle test shows
presence of ARCH effect.

Indeed, results of estimation and of in-sample forecasting exercise, show that
S&P500 and WIG20 stock indices measures used as additional regressors in mean
equation, improve slightly the quality of ARMAX and GARCH models for either

31 See M. Gruszezynski and M. Podgoérska (eds.), ,,Ekonometria”, Warsaw School of
Economics, Warsaw 2004, p. 117.
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returns or volatility of the exchange rates. The volatility of exchange rates until the
end of April 2010 is quite high, hence to improve quality of modeling we should
wait for hopefully further stabilization of the series and work towards improvement
of specification of the estimated econometric models.

REFERENCES

Bauwens, L., Pohlmeier, W., Veredas, D. (2008) High Frequency Financial Econometrics.
Recent Developments, Physica-Verlag A Springer Company, Heidelberg.

Bauwens, L., Rime, D., Succarat, G. (2008) Exchange Rate Volatility and the Mixture of
Distribution Hypothesis, [in:] Bauwens et al., 7-29.

Brooks, Ch. (2008) Introductory Econometrics for Finance, 2nd ed., Cambridge University
Press, New York.

Brzeszczynski, J., R. Kelm (2002) Ekonometryczne modele rynkow finansowych. Modele
kursow gietdowych i kursow walutowych, WIG Press, Warsaw 2002.

DiMartino, D., J.V. Duca, The Rise and Fall of Subprime Mortgages, Federal Reserves
Bank of Dallas, Economic Letter, 2(11), November 2007.

Engle, R.F., Granger, C.W.J. (1987), Cointegration and error correction: representation,
estimation and testing, Econometrica, 55, 251-276.

Geweke, J., Porter-Hudak, S. (1983), The estimation and application of long-memory time
series models, Journal of Time Series Analysis, 4, 221-228; reprinted in: Robinson
(2003).

Granger, C.W.J., Joyeux R. (1980), An introduction to long memory time series models and
fractional differencing, Journal of Time Series Analysis, 1, 15-29.

Gruszczynski, M., Podgoérska M. (eds.) (2004) FEkonometria, VIith ed., Oficyna
Wydawnicza SGH, Warsaw 2004.

Hosking, J.R.M. (1981), Fractional differencing, Biometrika, 68(1), 165-176.

Hurst, H. (1951), Long term storage capacity of reservoirs, Transactions of the American
Society of Civil Engineers, 116, 770-799.

Kiinsch, H. (1987), Statistical aspects of self-similar processes, In: Proceedings of the First
World Congress of the Bernoulli Society (Yu. Prokhorov and V. V. Sazanov, eds.) 1 67-
74. VNU Science Press, Utrecht.

Kuszewski, P., Podgorski J. (2008) Statystyka. Wzory i tablice, Warsaw School of
Economics, Warsaw 2008.

Kwiatkowski, D., Phillips P.C.B., Schmidt P., Shin Y. (1992) Testing the null hypothesis of
stationarity against the alternative of a unit root: How sure are we that economic time
series have a unit root?, Journal of Econometrics, 54, 159—178.

Matuszewska, A., Witkowska, D. (2007), Wybrane aspekty analizy kursu euro/dolar:
Modele autoregresyjne z rozkladami opoznien i sztuczne sieci neuronowe, Metody
ilosciowe w badaniach ekonomicznych VIII, Modele ekonometryczne, 203-212.

Phillips, P.C.B., K. Shimotsu (2000), Local Whittle estimation in nonstationary and unit
root cases, Cowles Foundation Discussion Paper No. 1266, New Haven,
http://cowles.econ.yale.edu/P/cd/d12b/d1266.pdf

Reinhart, C.M, Rogoff K.S.(2008) Is the 2007 US Sub-prime Financial Crisis So Different?
An International Historical Comparison, American Economic Review, American
Economic Association, 98(2), 339-44, May 2008.



Change of exchange rate behavior after crisis 155

Reinhart, C.M., Rogoff, K.S. (2009) The Aftermath of Financial Crises, American
Economic Review, American Economic Association, 99(2), 466-472, May 2009.

Robinson, P. M. (1995). Gaussian semiparametric estimation of long range dependence.
Ann. Statist., 23, 1630-1661.

Robinson, Peter M. (ed.) (2003), Time series with long memory, Oxford University Press,
Oxford.

Schwert, G.W.(1989) Tests for unit roots: A Monte Carlo investigation, Journal of Business
and Economic Statistics, 2, 147—159.

Syczewska, E.M. (2010) Increase of exchange rate risk during current crisis, Roczniki
Kolegium Analiz Ekonomicznych, Warsaw School of Economics, [in print].

Figure 1. Logarithmic daily returns of S&P500 index for Jan. 2000—April 2010
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Figure 2. Logarithmic daily returns of USDPLN exchange rate for Jan. 2000—April 2010
6

G &N b N O Mo
—

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010

Source: http://stooq.pl



156 Ewa M. Syczewska

Figure 3. Same day max-min volatility of USDPLN exchange rate for Jan. 2000—April 2010
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Figure 4. Periodogram for logarithmic returns of USDPLN exchange rate for Jan. 2000—
April 2010
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Figure 5. Periodogram for volatility of USDPLN exchange rate for Jan. 2000—April 2010
Spectrum of USDPLNmaxmin

periods

2524.0 12.0 6.0 4.0 3.0 2.4 2.0

0.014 1

0.012 1

0.01 ]

0.008 | 1

0.006 1

0.004 ]

0.002 1

0 Labut el st st deinal ah ol " el " an L e 1

0 200 400 600 800 1000 1200

scaled frequency

Source: own computations



	0001-2-tyt_red.pdf
	0003-4-contents.pdf
	001-164-tekst.pdf
	165-166.pdf
	167-188-Balbus.pdf
	189-198-Kaminski.pdf
	199-211-Knauff.pdf
	212-222-Landmesser_nowy.pdf
	223-253-Lewandowski.pdf
	254-275-Wiszniewska-Matyszkiel.pdf


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /SyntheticBoldness 1.000000
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002000d>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002000d>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /GRE <>
    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002000d>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e000d>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


