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Abstract.  With the introduction on 1 January 1999 of the European single currency, the Euro has become the second most widely used currency at the international level, behind the US dollar and ahead of the Japanese yen. However the scenario for a strong Euro has yet to eventuate. 

Over the test period January 1999 to October 2000 the Euro’s weakness confounded earlier general expectations that it would trend upwards relative to the US dollar [see ECB(2000)]. Money supply in the Euro area is measured by the standard stock of money (M3). Since the average annual growth rate of M3 – 5.1% for three-month average over April to June 1999 – is higher than the reference value of 4.5% set by the Governing Council of the European Central Bank [see ECB(1999)], and so M3 exceeds the ECB benchmark for that period. 

In this paper the zero-non-zero (ZNZ) patterned vector autoregressive (VAR) modelling, using the pre-windowed approach, has been utilised to investigate direct Granger causal relations between M3 and the Euro exchange rate with the US dollar. The Granger causality testing was undertaken for periods commencing in January 1999. The five consecutive tests were carried out for periods ending in July 2000 through to October 2000. It is found that M3 directly influences the Euro. Further, movements in the way the Euro exchange rate with the US dollar influences M3 are detected at T=20 and 21, suggesting a structural change which corresponds to the September-October period is identified. It is interesting to note that the European Central Bank announced its first intervention in the Euro exchange markets on 22 September 2000 [see ECB(2000)]. This intervention is consistent with the outcome of the structural change identified in this analysis. 

This paper also utilises the ZNZ patterned VAR modelling to investigate the Euro’s impact on the Hong Kong stock market during 1999. The Granger causality testing was conducted in a vector system comprising economic and financial variables from the relevant markets. The results show that the Euro exchange rate provides leading information for the other components in the system in the Hong Kong stock market.
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1.
Introduction

The introduction of the Euro has been a significant event in the globalisation of financial markets. It is intended to create broader, deeper and more liquid financial markets in Europe, and thus its main purpose is to improve the European economy. Rather than experiencing constant fluctuations in the member exchange rates there will be a more consistent and predictable environment for international trade. Another reason why the European Central Bank favours the Euro is to ensure low inflation, thus protecting the value of personal savings and making it easier for both businesses and individuals to plan and invest for the long-term.

It is interesting to note that the Euro has also already established itself as a credible and important currency in the world. Its status has been confirmed by market forces and future market developments. To date the Euro/Dollar trading has been very active  in the world’s foreign exchange markets, through a wide range of instruments and offering significant hedging possibilities. 

However, since the introduction of the Euro the scenario for a strong European single currency has not yet eventuated. There is no doubt that the Euro will increase the efficiency of the European single market and encourage corporate restructuring. Therefore the long-term prospects for the Euro are more promising. For the short-term the European Central Bank needs to establish the Euro’s credibility. Since labour costs are higher, purchasing power per person is lower, and unemployment is worse in the European Monetary Union (EMU) than in the US or Japan, it is most likely that interest rates will remain low, and thus reduce the value of the Euro.

Over the period January 1999 to October 2000 the weakness of the Euro has been one salient feature in international foreign exchange markets. The Euro’s weakness throughout the period confounded earlier general expectations that it would trend upwards relative to the US dollar [see ECB(2000)]. Money supply in the Euro area is measured by the standard stock of money (M3). It consists of sight deposits, shorter deposits of up to 2 years, and marketable instruments (Source: DataStream). Since the average annual growth rate of M3 – 5.1% for three-month average over April to June 1999  – is higher than the reference value of 4.5% set by the Governing Council of the European Central Bank [see ECB(1999)], and so M3 exceeds the ECB benchmark for that period. Thus, the first major area of interest in this paper is to investigate whether there is a direct causal relationships between the movements of the Euro’s exchange rate and the money supply.

Further, Hong Kong is an important Asian banking and financial centre and generally allows unrestricted flows of international funds. It has been suggested that international agencies often park their funds in Hong Kong stocks while waiting for other investment opportunities. The Euro is expected to play a significant role in Asian financial development, challenging the existing role of the US Dollar. Hence movements in both the US Dollar and the Euro have potential implications for the Hong Kong stock market.

Before seeking the answer to the question of whether the Euro can contribute to the movements in the Hong Kong market returns, we hypothesise that the Euro exchange rate is a variable which produces leading information for the Hong Kong market returns. Therefore the second major area of interest is to test this hypothesis by examining the causal relationship between the Hong Kong stock market and foreign exchange markets.

The common approach used to study these two areas includes the use of real data to identify the mechanisms associated with market movements. Model building is an essential task and new techniques for vector time series modelling are used in interpreting and explaining the behaviour of the Euro exchange rate with the US dollar. In contrast to conventional techniques this paper explicitly explores the situation of the presence of subset structures and zero coefficients (or entries) in zero-non-zero (ZNZ) patterned vector autoregressive (VAR) modelling to detect Granger causality. We refer to a VAR model, with allowance for possible zero entries in all coefficient matrices as a ZNZ patterned VAR, while commonly employed full-order VARs assume nonzero entries in all their coefficient matrices.

The use of vector autoregressive (VAR) models for investigating the causal relationship, or simply the causality, which exists among economic and financial variables has become more relevant in the finance literature. Granger (1969) introduced a definition of causality which is based entirely on the predictability of the objective variables, such that they make no explicit use of economic and financial laws to provide a priori restrictions on the structure. Granger then proposed to fit a VAR for empirical model building to detect Granger causality and Granger non-causality. Sims (1972, 1977) suggested that we should treat all variables as jointly dependent, and then fit a vector autoregression to avoid imposing on the model spurious or false restrictions for causality testing. Both Granger and Sims ignored important constraints on the coefficient matrices, because they wished to avoid possible misspecification. After this, Hsiao (1982) suggested a step-wise procedure based on Granger’s definition of causality together with Akaike’s (1969) FPE criterion and classical large-sample hypothesis test to identify univariate equations in a multivariate framework. Geweke (1982) recommended a means of measuring two-way linear causality and instantaneous linear causality in VAR modelling. 

Subsequently Lee (1992) used a VAR approach to investigate causal relations and dynamic interactions among asset returns, real activity, and inflation in postwar United States. Bernanke and Blinder (1992) employed a VAR in which the federal funds rate is used to measure monetary policy. Bekaert and Hodrick (1992) examined the predictability of excess returns on equity and foreign exchange markets using a six-variable VAR model. Whitelaw (1994) investigated a VAR for assessing the time series properties of the expectation and volatility of stock market returns. Thorbecke (1997) used impulse-response functions from a VAR to analyse the relationship between monetary policy and stock returns. Bhattacharya et al (2000) utilised a sequential hypothesis testing procedure using standard likelihood ratio tests to analyse the causal direction of volatility transmission between two different classes of shares in the framework of a VAR. 

Although full-order VAR models assume all nonzero entries in all their coefficient matrices, the number of entries to be estimated in these potentially over-parameterised models grows with the square of the number of variables, the degrees of freedom will be heavily reduced. Also, as indicated in Terrell (1988), heavy parametrisation of these models has resulted in poor out of sample forecasting performance. Therefore, overcoming the problem of over-parameterisation needs to be carefully considered when assessing the value of the proposed VAR modeling system. Avoiding over-parameterisation has the benefits of improved efficiency with a reduced computational burden and greater numerical reliability.

To overcome over-parameterisation  Penm and Terrell (1984) and Penm et al (1999) proposed algorithms in conjunction with model selection criteria to investigate the ZNZ patterned VAR models. The selected optimal ZNZ patterned VAR model was then used as a basis for detecting Granger causality, Granger non-causality and indirect causality.

It is appropriate to note that recent cointegration work suggests that, if cointegrating relations exist between the variables, then the use of the vector error-correction model, which is equivalent to the VAR model with unit roots, may be more effective for testing Granger-causality.  Interested readers are referred to Brailsford et al (2001) for details.

The remainder of this paper is organised as follows. In Section 2 we show the procedures for selecting the optimal ZNZ patterned VAR model by using the pre-windowed case. In Section 3 we review causality detection in VAR modelling.  In Section 4 we investigate the causal relationships between the movements of the Euro’s exchange rate and the money supply. In Section 5, we provide an application concerning the Euro’s impact on the Hong Kong stock market. Some concluding remarks are provided in Section 6.

2. Estimation for ZNZ Patterned VAR Modelling
In VAR modelling, let u(t) = 
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 be a zero mean, wide-sense stationary time series of dimension m. We consider the VAR(p) model of the form
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where A0=I, Ak, k=1,...,p, are the mxm parameter matrices and 
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Time-series model designers often use the assumption that if a coefficient matrix in the model is nonzero, then all the lower-order ones will be nonzero too. For example, in a bivariate VAR model when p = 5, then the coefficients, A1, A2, up to and including A5 are assumed nonzero. That is they neglect all possible models with zero coefficient elements. However there are 220 = 65536 possible models in this example. More important, if the underlying true VAR process has a ZNZ patterned structure, the sub-optimal model design (for instance, a full-order structure) can produce misleading inferences and inferior projections. Of course it is hard to find the optimal model without an effective approach. To overcome this difficulty, Penm and Terrell (1984) suggested a tree pruning algorithm to select the optimal AR model. For short data records, Kay and Marple (1981) showed that the AR model design using the pre-windowed case produces more statistical accuracy in the parameter estimation. Thus, in this paper the pre-windowed approach to estimate a ZNZ patterned VAR is proposed to utilise the tree pruning algorithm in conjunction with model selection criteria for the selection of the optimal VAR.

Three model selection criteria are employed to select the optimal ZNZ patterned VAR. They are
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where S is the number of functionally independent parameters estimated.

The procedures to select the optimal ZNZ patterned VAR with the smallest value of each selection criterion are summarised in the following steps.

Step 1: To assign a maximum lag K
 Clearly we must choose a maximum lag K, so we are confident that the order of the true model is less than this maximum lag. One suggestion is to use the classical sequential way as proposed in Penm et al (1999) to determine K. This means choosing M >> K and using each criterion to select the best full-order model among all full-order models with p=0,1, ..., M. The order of this best full-order model is assigned as the value of K for each criterion.

(
Fitting of the full-order VAR models

To fit a full order VAR(p) model of (2.1) for a given set of observations {u(t), t = 1,
[image: image9.wmf]K

, N}, the estimated V using the pre-windowed approach method is as follows:
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 where 
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Since  the sample lag covariance matrices are
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we can re-write (2.3) as:
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where u(t)=0 as t <=0. 

Also, the associated linear regression model can be expressed as
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 The usual least squares estimate of 
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Analogously, to fit a VAR (p-1) model, we have



[image: image23.wmf])

1

p

(

R

-

 = 
[image: image24.wmf]ú

ú

ú

ú

ú

û

ù

ê

ê

ê

ê

ê

ë

é

-

¢

¢

-

å

å

å

å

-

=

-

=

-

=

-

=

p

N

1

i

2

1

N

1

i

1

N

1

i

1

N

1

i

2

)

i

(

u

)

p

i

(

u

)

i

(

u

)

i

(

u

)

p

i

(

u

)

i

(

u

L

M

M

M

L

,

which indicates 
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Since R(p) is a block symmetric matrix, we can conduct the inverse of R(p) by applying the block Choleski decomposition method, which provides an iterative improvement on reducing numerical error generation and propagation. Thus, we can have
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and    
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where
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 is a lower block triangular matrix, and 
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Step 2: To select the optimal subset VAR for each criterion.

The subset VAR models include the VAR models with intermediate lags constrained to zero matrices. The subset VAR with the deleted lags i1,i2, 
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where Is represent an integer set with elements i1,i2, 
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We then use a leaps and bounds algorithm proposed in Penm and Terrell (1984) to search for the ‘best’ VAR model of size k, where k is the number of lags with non-zero coefficient matrices, k=1, 2, 
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Fitting of the subset VAR model

In fitting the subset VAR model of (2.7), the coefficient elements can be estimated by the following relationship:
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Step 3:  To select the optimal ZNZ patterned VAR for each criterion
(
Fitting of the ZNZ patterned VAR models

In fitting of vector autoregressive models of (2.1) with zero-non-zero patterned coefficient matrices, the coefficient estimates obey the following relationship:
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From (2.3) we have the estimate of V as
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Thus, similar to the above two steps, only the coefficient elements of 
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We note that consideration of the contemporaneous correlation in 
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 cannot be ignored. A ZNZ patterned VAR model can be viewed as a system of ‘seemingly unrelated regressions’ as originally proposed by Zeller (1962). As the regressors in each equation of the VAR model are no longer necessarily the same, the GLS estimator is more efficient than the estimator using Equation (2.8a). Since 
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3. Causality Patterns in VAR Modelling

In VAR modelling of (1.1), if we consider a bivariate system where y(t) = 
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The above causality patterns can be detected from the optimal selected ZNZ patterned VAR proposed in Penm and Terrell (1984), and no further test is needed to conduct in this optimal ZNZ patterned VAR.

More general causal patterns can be treated using definitions suggested by Hsiao (1982). Consider the following trivariate system:
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 the more complicated are the causal patterns that may be detected. For more detail we again refer to Penm and Terrell (1984), and Hsiao (1982). 

4. The Causal Relationships between the Movements of the Euro’s Exchange Rate and the Money Supply 

For the first application the proposed algorithms in Sections 2 and 3 were used to detect the causal relations between the movements of the Euro’s exchange rate and the money supply.

With the introduction on 1 January 1999 of the European single currency, the Euro has become the second most widely used currency at the international level, behind the US dollar and ahead of the Japanese yen [see ECB(1999)]. However the scenario for a strong Euro has not yet eventuated. Over the period January 1999 to October 2000 the weakness of the Euro has been one salient feature in international foreign exchange markets. During this period the Euro, in general, has fallen significantly below parity with the US dollar. The Euro’s weakness throughout the period confounded earlier general expectations that it would trend upwards relative to the US dollar [see ECB(2000)].

Money supply in the Euro area is measured by the standard stock of money (M3). It consists of sight deposits, shorter deposits of up to 2 years, and marketable instruments (source: Datastream™). There is already a considerable literature examining the causal relationships between the money supply and economic activity in the Euro area [see BIS (2000)]. However the investigation into the direct causal relationships between the money supply and the Euro’s weak exchange rate is weak. 

In this paper monthly data on the Euro’s exchange rate (Ee) and M3 were collected from DataStream™ over the period January 1999 to October 2000. To examine stationarity for each series we used Microfit 4.0 to carry out the augmented Dickey-Fuller (ADF) unit root test3. The results indicate that both log Ee and log M3 are I(1). In further investigation we followed Penm and Terrell (1984) to use Forsythe’s (1957) method for generating orthogonal polynomials for suitable detrending to produce stationarity. The results showed that detrending using a first-order polynomial was required before fitting the VAR models. We therefore mean-corrected and detrended both log Ee and log M3. To demonstrate the usefulness of the proposed algorithms for selecting the optimal ZNZ patterned VAR in a small sample environment we selected a maximum order of 6, i.e. K=6, to cope with this small sample environment. The algorithms proposed in Section 2 were then utilised to select the optimal subset VAR models at T=18, 19, 20 and 21. A VAR model specification with lags 1 and 4 was selected by the MHQC at all times. 

Our previous experience with choosing subset VAR models where there are zero constraints shows that the procedures for identifying the optimal subset VAR model first, and then testing for zero constraints within the selected subset structure, is more efficient than other procedures. Thus, after selecting the optimal subset VAR model at each time instant, we further selected the optimal subset VAR model with zero coefficients, using both HQC and SC. The optimal models selected are shown in Table 1. It is found that M3 governs the movements of the Euro’s exchange rate during the test period. This outcome confirms that over-supplied M3 directly causes the weakness of the Euro. Further, the movements of the Euro’s exchange rate only cause M3 at T=20 and 21. Therefore a structural change which corresponds to the September-October period is identified. It is interesting to note that the European Central Bank announced its first intervention in the Euro exchange markets on 22 September 2000 [see ECB(2000)]. This intervention is consistent with the outcome of the structural change identified in this analysis.

5. Impact of the Euro on the Hong Kong Stock Market

In this section, we tested the hypothesis that the Euro exchange rate was the major variable which produces leading information having an impact on the Hong Kong market returns. The hypothesis was tested by examining the causal relationship between the Hong Kong stock market and foreign exchange markets using the ZNZ patterned VAR modelling. 

The Hong Kong stock market is the second largest in Asia after Tokyo. The monetary authority of Hong Kong still maintains a currency linked to the US dollar to encourage stability and investor confidence during and after the unification of Hong Kong with China. The Hang Seng Index is the main stock market indicator in Hong Kong. This index comprises 33 constituent stocks which are the largest in the market. The aggregate market capitalisation of these stocks accounts for about 70% of the total market capitalisation on Hong Kong’s stock exchange. At the beginning of 1999 the HSI was 9,000. However it climbed to 17,000 by the end of 1999, closing with a 90% gain over the year. This abnormal growth is characteristic of emerging markets (Price 1994) although we note that making such a classification involves many considerations (see Goetzmann and Jorion 1999).

As noted in Section 1 Hong Kong generally allows unrestricted flows of international funds and it has been suggested that international agencies often park their funds in Hong Kong stocks while waiting for other investment opportunities. Also the Euro is expected to improve the competitiveness of EU members, playing a significant role in Asian financial development. Therefore in this paper we utilised the ZNZ patterned VAR modeling to detect Granger-causality in the proposed vector system comprising variables from the Hong Kong stock market and foreign exchange markets.

Of course we are aware that flows of capital are related to exchange rate movements and such flows have been shown to be related to equity returns
 (eg. Froot  et al 1998). Also the relationship between exchange rates and stock prices is more complex than implied here and involves consideration of parity conditions and inflationary expectations. Nevertheless while exchange rate risk should not be separately priced if purchasing power parity holds, in the short-to-medium term, deviations from PPP have been reported [Adler and Lehman (1983); Frenkel (1981)]. Under these conditions deviations from purchasing power parity will be priced to the extent that they represent exchange rate risk that must be borne by investors [Jorion (1991); Dumas and Solnik (1995)]. In any event our purpose here is mainly empirical and illustrates how this analysis can provide insights into Granger-causal relationships among financial variables.
Within this context, the following three variables were studied contemporaneously in a stochastic vector system using the ZNZ patterned vector AR modelling proposed above:

(i) 
Euro dollar to US dollar - exchange rate (EUFX)

(ii) Hong Kong’s Hang Seng - stock price index (HSI)

(iii)Hong Kong dollar to US dollar - exchange rate (HKFX).

The causality study concerning the Hong Kong stock market and the foreign exchange market is reported. All data were sampled daily between 1 January and 31 December 1999. The variables were log transformed such that y1(t)=log(EUFX), y2(t)=log(HSI) and y3(t)=log(HKFX). We also used Forsythe’s (1957) method for generating orthogonal polynomials to assess the data for suitable detrending to produce stationarity. The results show that detrending using a first-order polynomial is required before fitting the VAR models. 

After detrending, we assigned a maximum order of 36 and undertook the search procedures proposed in Penm and Terrell (1984) to obtain the optimal ZNZ patterned VAR model. The three order selection criteria - Akaike, Schwarz and Hannan - were used to determine the best specification. The ability of these three order selection criteria to determine the true specification of a stationary VAR was examined using a simulation approach suggested by Penm et al (1999). Their results indicate that the SC is superior in order-identification for a medium sample environment to the other two alternatives in ZNZ patterned VAR modelling for causality studies. Therefore we chose the specification determined by SC in the current medium sample environment and used it as the benchmark model for analysing lead-lag relations. 

The coefficient estimates of the specification using the proposed pre-windowed method are conducted. After this, the procedures outlined in Section 2 to obtain the GLS estimator were then carried out. These results are also reported in Table 2. Table 3 presents the associated causal pattern and causal relationships.

The relationships identified by the three selection criteria are markedly similar. All the determined specifications consistently indicate that the Euro exchange rate is the major variable which provides leading information for other components of the system. The lagged Euro exchange rate enters not only its own equation but also those for HSI and HKFX. In all the determined specifications, the lagged level of HSI does not enter any of the exchange rate equations, indicating that variations in the Hong Kong stock market index provide little leading information for the exchange rate markets, as we expected. Also no lagged HKFX components enter the equation of the HSI and EUFX, indicating that this variable contains little leading information for either the stock market or Euro exchange rate movements. Given that the HKFX is essentially pegged, this result is not surprising. Hence the identified causal relationships are consistent with economic intuition.

A more complete analysis would include other economic and financial variables such as net capital flows, interest rates and money supply, which could all play a significant role in these markets. Indeed, our model could be extended to incorporate the recent work of Bekaert  et al (1999) who propose a larger system. The importance of this application is that it shows the procedures which can be applied to any set of variables. In the context of emerging markets where traditional models and theories have met with little success, such exercises are likely to provide valuable insights into the relationships and causality between financial variables.

6
Summary
The use of VAR modeling in financial economics has become common. However the models are typically constrained through problems of over-parameterisation. In this paper we have presented an algorithm for selecting the optimal ZNZ patterned VAR using the pre-windowed approach. Since there are a huge number of candidate VAR models to be considered, the proposed algorithm has the advantages of computational efficiency and substantial applicability 

For illustrative purposes two applications have been presented. The first detects a causality between the movements of the Euro exchange rate and the money supply, and this outcome is generally consistent with both theory and prior evidence. The second applies the proposed algorithm to the Hong Kong stock market, focusing on the Euro’s impact on this market. The results of this exercise are helpful in understanding linkages between various markets and/or financial variables. These two applications have demonstrated that M3 is the major factor influencing the Euro, and the Euro has produced leading information for the Hong Kong stock market returns during the test period.
Table 1

The VARs selected by both HQC and SC for detecting the causal relationship between Ee to M3

	Sample size

(T)
	Non-zero lag coefficient structure

 for y(t)= [log Ee, log M3]’

	Pattern of Granger causality
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Table 2

The optimal ZNZ patterned VAR selected by SCa,b
u(t) = 
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aSC is also applied to the residual vector. The results support that the residual vector is a white noise process.

 bThe values in parentheses are standard errors of the non-zero coefficient estimates.

Table 3

Lead-lag relations in the three variable system selected by SC

Panel A Causal pattern:

	
EUFX

                                                                HSI          (             HKFX




a x ( y denotes that x Granger-causes y only and not instantaneously ;

  x -(- y denotes that no causal relation between x and y.

Panel B Causal relations:


	Caused by the following variables
	EUFX
	HSI
	HKFX

	EUFX
	-
	one-day causal effect
	one-day causal effect

	HSI
	nil
	-
	nil

	HKFX
	nil
	nil
	-
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