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CHAPTER-3 

3.1. Introduction:  

This research followed that methodology of measurement of integration which is popular, 

simple and widely used in the finance literature. In empirical analysis, the degree of 

integration is largely addressed and measured by co-integration, that is, co variation or co 

movement of the variables (Maddala and Kim 2004, Chen 2012, Ray and Sarkar 2014). The 

literature of integration of domestic markets is in infancy. Hence, for the methodology to 

measure integration, the study consulted heavily the literature on financial integration, more 

specifically, international integration of the asset markets. Till date, in the empirical literature 

on financial integration, the most popular and widely used methodology to measure the 

degree of integration is co-integration. In the past, considerable gap existed between the 

economic theorists who had much to say about equilibrium but relatively less to say about 

dynamic relation and econometrician whose models more concentrated on the short run 

dynamics disregarding the long run equilibrium has been bridged by the concept of 

cointegration. In addition to allowing the data to determine the short run dynamics, 

cointegration suggests that models can be significantly improved by including long run 

equilibrium conditions guided by finance or economic theory. Subsequently, the generic 

existence of the long run relationship should be tested using the appropriate techniques to 

eliminate the risk of spurious inferences. The literature on cointegration has improved a lot 

by the inclusion of methods of dynamic econometric modelling of economic and financial 

time series and nowadays cointegration is considered as a very important and valuable 

methodology in empirical studies in finance and economics (Dolado et. al, 2003).  

It is observed that, almost always non stationary and trending variables are involved in the 

empirical studies under finance and macroeconomics (Nelson and Plosser 1982, Phylaktis 
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and Ravazzolos 2002, Greene,2003). To avoid spurious and non-standard conclusions, 

scholars suggest that the best way to handle such series is to use differencing and other 

transformation like seasonal adjustments etc, and reduce the variables to stationary processes 

and then analyse the resulting series as VARs ( suggested 1
st
 by Sims, 1980) or the 

methodology recommended by Box- Jenkins (1970)( see Maddala and Kim, 2004).  

3.2. Demerits of VAR and Box-Jenkins (1970) Methodology: 

VAR methodology is very popular for some of its merits but a good number of scholars 

heavily criticized and pointed to several pre-conditions (which cannot be fulfilled in the real 

world condition) and disadvantages of VAR methodology like , (i) a very high number of 

parameters to be estimated , e.g., if any researcher considers k- variables and q- lags for each 

variable then k+qk
2 

parameters, which might be a huge number, is to be estimated by the 

researcher ( Schlegel 1985, Brooks 2014), (ii) a good command over the economic or 

financial theory and proper institutional knowledge is required to solve the identification 

problem which cannot be solved by VAR (Stock and Watson, 2001), (iii) the results are 

mostly sensitive to the choice of the optimum lag order and the ordering of the variables in 

estimation ( Mida, 2013), (iv) the problems of multicolinearity often arise due to the fact that 

a lot of economic time series are correlated with their own past values, hence, increasing the 

number of variables and lags which might cause multicollinearity and in practice, the 

unrestricted VAR model gives very erratic estimates because of the multicolinarity of the 

explanatory variables (Maddala and Kim 2004, Schegel 1985,) (v)VARs are a-theoretical 

(Brooks,2014),(vi) only stationary variables are estimated in VAR, and (vii) a measurement 

errors or misspecification of the model will induce unexplained information left in the 

disturbance term turning interpretation more difficult ( Hendry 1995). 
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Again, Box–Jenkins (1970) methodology is one of the most popular methodologies for 

analysis of time- series data. It is widely used by the scholars as they can estimate any type of 

series, stationary or non- stationary, with or without seasonality. Furthermore, it is very 

popular as it has well documented computer programmes (Maddala and Kim 2004). Despite 

its popularity, it has some limitations also. Differencing and transformations of the data at 

level force to the analyst to lose some important signals or information in forecasting. 

Autocorrelation of residuals can produce common factors, especially, in over fitted models, 

which makes estimation difficult and the statistical tests ill behaved ( Pelgrin, 2011). Scholars 

also point to several other limitations of the methodology for using in financial economics 

like, i) it requires a long- series, ii) is useful for short – run but not long-run analysis, iii) 

usually financial time series data contains asymmetries, sudden breaks at irregular intervals 

and periods of high and low volatility which cannot be captured adequately by the ARMA 

process as that violates the assumption of constant variance of the ARMA methodology ( 

Petrica et al 2016) , and (v) in general, financial time series reveals more complex structures 

than those by ARMA process, hence, against more complex approaches, it, at the best, can be 

considered as a starting point ( Rachev et al 2007, Bellgard and Goldsmith 1999, Kon 1984, 

Maddala and Kim 2004). 

The recent research and growing literature in macro econometrics has shown that there are 

more interesting and appropriate ways, to analyse financial time series and trending variables 

(Green, 2003). Cointegration and its related technique – error correction is now widely 

researched and used as they are concerned with methods of estimation that preserve the 

information about both form of covariation (see Green 2003, Engels and Granger,1987, 

Hamilton 1994, Watson 1994). 
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3.3.1. Cointegration: 

Cointegration is a concept whereby time series have a fixed relationship in the long-run 

(Brooks,2014).It was introduced by Granger(1981). In simple language, let us consider two 

variables yt and xt which are integrated at order one or I(1). Then, yt and xt are said to be 

cointegrated if there exists a β such that yt – β1 xt is stationary or I (0). That is, estimation of 

the regression equation yt= βxt + ut or ut= yt - βxt, where u t is the error term, will not produce 

spurious results. Because, an important property of non- stationary variables, integrated of 

order one is that, there can be linear combination of these variables which are stationary or 

(I(0)). And, yt and xt do not drift too far apart from each other in the long-run or can drift 

together at roughly the same rate and might be stable around a fixed mean over time (Greene 

, 2003). This implies that those time serieses are moving stochastically together towards some 

long-run relationship, and the vector [1 - β] or any multiple of it is a cointegrating vector , 

that is, the set of parameters that describe the relationship between two or more time series [ 

Engle and Granger 1987, Greene,2003, Brooks, 2014]. Scholars suggest, in such a case, one 

can clearly distinguish between a long – run equilibrium relationship among the variables yt 

and xt, that is, the manner in which the two variables drift upward together and the short run 

dynamics depicting the relationship between deviations of yt from its long – run trend and 

deviation of xt from its long – run trend. In this situation, obviously differencing the data is 

not required to avoid spurious inferences; rather, it would be counterproductive as it would 

obscure the long-run relationship between the time series (Greene, 2003). 

3.3.2. CRDW Test: 

There are several methodologies to test co- integration. The most simple and quick test of 

cointegration is the Cointegrating Regression Durbin-Watson test (CRDW- Test, Gujarati, 
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2004). Under this method, in a bi-variate setting, one has to estimate the assumed 

cointegrating equation like: 

 yt= β1 + β2 xt+ ut. .................................................................. Eq (1) 

and estimate the Durbin-Watson test statistics (1950,1951) for the first order auto- 

correlation. Under the null hypothesis that yt is a random walk and β2 = 0, so there is no co- 

integration and ût becomes a random walk with theoretical first order autocorrealtion equal to 

unity. If the computed value of ‗d‘ is more than the critical value, then the equation (1) is 

identified as cointegrating equation. The critical value of ‗d‘ is provided by Sargan and 

Bhargava (1983). Although, the method is very simple, but it suffers from two major 

problems – (i) it is very sensitive to the assumption of dependant variable be a true random 

walk and (ii) the critical values of the test statistic are not consistent if the number of 

regressors increases over the sample size (Sjo,2019, ). The use of the test in empirical studies 

is, therefore, extremely limited ( Sjo,2019). 

3.3.3 Engle-Granger Test: 

In the literature of finance and economics, till date, two methods gained popularity and are 

widely used in the empirical studies (Chen,2012) and one of them is suggested by Engle and 

Granger (1987). It is a two-step procedure to test cointegration. In the first step, they 

suggested to estimate the so called cointegrating regression, basically in bi- variate nature but 

can be extended to multivariate one:  

 yt= β1 + β2 xt+ ut ................................................................... Eq(2 ) 

where, yt and xt are the variables and in the regression, the assumption is that, all variables are 

integrated at order one, i.e. I(1) at level and might cointegrate to form a stationary 

relationship so that the residual term ût= yt– β1 – β2 xt is stationary or I (0). 
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an ADF test ( Said and Dicky,1984) in the second step, all the limitations of ADF test is valid 

in this cointegration test also, especially, the selection of lag order for the augmentation is a 

very critical factor, (iv) the test is based on the assumption of one cointegrating vector and, as 

such, very useful in the model with two variables. Even so, if two variables cointegrate then 

adding a third integrated variable will not change the results of the test, because, if the third 

variable do not belong to the cointegrating vector, ordinary least square (OLS) estimation will 

simply put its parameters to zero leaving error process unchanged (Sjo, 2019) and (v) the test 

assumes a common factor in the dynamics of the system but the common factor restriction is 

a severe restriction since all the short – run dynamics is forced to the residual process( Sjo, 

2019). Counting the limitations, Maddala and Kim (2004 ) strongly opposes to use the test 

procedure in empirical analysis. 

This study, in assessing the integration of domestic markets, involves more than two 

variables; hence, there is a possibility of having more than one cointegrating vector. In simple 

language, the variables in the model might form several equilibrium relationships governing 

the joint evolution of all the variables as, in general, for n number of variables one can have 

up to (n-1) cointegrating vectors. So, a test procedure is required which captures more than 

one cointegrating relationship in the model. The widely used, popular and superior test for 

cointegration is the test suggested by Johansen and Juselius (1990) and Johansen (1991, 

1995).  

3.3.4. Johansen and Juselius Methodology: 

Johansen and Juselius (1990), Johansen (1991,1995) procedure is essentially a process to 

estimate cointegrating vector based on the maximum likelihood ratio (LR) statistics λmax and 

λtrace( Johansen 1991, 1995). The method is based on the VAR model estimation 
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(Kozhan,2010). Accordingly, one has to start with a simple VAR representation (See 

Maddala and Kim, 2004) : 

 Ak(L)yt= μ0 + εt. ..................................................................  Eq.(3 ) 

and, following Engle and Ganger (1987),under some regulatory conditions and using 

difference operator ∆ ( i.e. ∆ = 1-L or L = 1-∆), he can write the cointegrating process, yt , in 

VECM ,below: 
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. .............................................. Eq.( 4) 

where, 0 is unrestricted constant component, Dt may include deterministic regressors like, 

trend and (seasonal) dummy variables, k equals to number of lags, ty is a p×1 vector and p is 

the number of variables. The variables are integrated of order ‗d‘ i.e.   )(~ dIyt ,  and   

are the coefficient-matrices representing short and long term impacts, respectively and t  is 

residual vector assumed to be independent and identically distributed as multi-normal 

distribution with mean zero and variance Ω. Johansen (1991, 1995) decomposed   in two 

matrices α and β, where, α represents the effect of each cointegrating vector on the tpy ,

variables, that is, the loading vector and β,the cointegrating vector. Both α and β are p×r 

matrices where, pr  such that
/ . 

It is worthy to note here that, the numbers of conintegrating vectors are equal to the number 

of stationary relationship in the matrix. Again, the rank of   matrix determines the 

number of independent rows in   matrix which further identifies the number of 

cointegrating vectors. The rank ‗r‘ of the matrix is identified by the number of significant 

eigenvalues found in the estimated of the equation (4). Each significant eigenvalue depicts 

a stationary relation and reduced rank in matrix, i.e., 0<r< p indicates that there exists 
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cointegrating relation amongst the variables under the study. Here, rank equal to zero 

indicates that all the variables are non-stationary and rank equals to ‗p‘ indicates that all the 

variables are stationary (Sjo, 2019). Hence, for the presence of cointrgration, the rank ‗r‘ 

must lie between zero and number of variables p. 

Johansen and Jusellius (1990) suggested two methods or two test statistics to identify the 

cointegrating equation. The first one is the maximum eigenvalue statistics  max  which 

consists of ordering the largest eigenvalue is descending order and testify whether they are 

significantly different from zero (Abbas, et.al., 2017). The ‗ max test‘ tests the null hypothesis 

of ‗r‘ cointegrating vector against the hypothesis that there are r+1cointegrating vectors 

(Maddala and Kim, 2004). The likelihood ratio (LR) test stastistic is: 

 max = )ˆ1ln( 1 rT   .............................................................. Eq.(5 ) 

The second one, named ‗trace test‘, tests the hypothesis that there at most ‗r‘ conintegrating 

vector and the LR test statistic is: 

 trace =  i

p

ri
T ̂1ln

1
 

  ............................................................. 
Eq. (6 ) 

It has been found that the trace test performs better that the max test as (i) the trace statistic 

takes into account all (p-r) of the smallest eigenvalues, (ii) it can be adjusted for degrees of 

freedom, and (iii) it tends to have more power than max statistic. Hence, in empirical analysis 

and if there be any contradiction in results between max and trace  tests, scholars including 

Johansen and Jusellius (1990) advocate to use trace  statistic ( see, Kasa, 1992, Serletis and 

King, 1997, Lutkepohl et.al., 2001, Sjo, 2019). We, throughout our thesis, used the ‗trace 

test‘ statistic to identify cointegrating rank over and above the max  statistic. 
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The tests for determining the number of cointegrating vectors are nested. Hence, the tests are 

performed by starting from the hypothesis of zero cointegrating vectors. In simple words, 

H0,1: 0, i.e., zero conintegrating vector is tested against the alternative Ha,1: 1 i.e., at most one 

cointegrating vector. If H0,1 is rejected, then the next test is H0,2 : 1, i.e, one cointegrating 

vector against Ha,2 : 2, i.e., at most two cointegrating vectors, and so on. 

The LR test statistic for identifying cointegration varies according to the assumptions made 

on the deterministic trends, i.e., of constants and trends in the model. Five deterministic trend 

assumptions are suggested by Johansen (1995) and the models to estimate are below (see Sjo, 

2019): 

1. Assumption I (Model 1): Here, the assumption is- ‗there is no deterministic trend in the 

data and no intercept or trend in the cointegrating equation.‘ That is, the constant is assumed 

to be zero )0( 0   for both the first differenced equations and cointegrating vectors. The 

estimated model for the p - dimensional vector of variables ty  is: 
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2. Assumption II (Model 2): Here, the assumption is- ‗there is no deterministic trend in the 

data at level and an intercept but no trend present in the cointegrating space of the variables.‘ 

That is, 0 is assumed to be zero but allows for constant in cointegrating vector. The model to 

estimate is : 

    tttit

k

i
it Dyyy   




 1,, 10

1

1  .......................................... 
Eq. ( 8 ) 

3. Assumption III (Model 3): Here, the assumption is- ‗there is a linear trend in the data at 

level and intercept with no trend is present in the cointegrating space of the variables.‘ In 
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other words, 0  is left unrestricted which actually lead to the inclusion of both deterministic 

trend in the 'ty s and constant in the cointegrating vector. The model to estimate is : 
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Eq. (9 ) 

4. Assumption IV (Model 4): Here, the assumption is- ‗there is a linear trend in the data at 

level and both intercept and trend is present in the cointegrating space of the variables.‘ That 

is, it is assumed to allow for constants and deterministic trends in the cointegrating vectors. 

The model to estimate is : 
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Eq. (10 ) 

5.Assumption V (Model 5): Here, it is assumed to allow for a quadratic trend in data ( 'ty s) 

and both an intercept and trend in the cointegrating equation.‘ That is, least restricted 

situation and the model to estimate is : 
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Selection of the appropriate deterministic trend from all the five alternative models ,Model 1 

is the most restrictive one and carries a very little or no sense from the viewpoint of 

economics and finance. Because, in social issues, it is very impractical to assume that all the 

variables in the cointegrating space have the same mean. Similarly, in the case of Model 5, 

the assumption of the presence of quadratic trends in levels of the variables is also almost 

unrealistic in economics and finance. It may provide a good fit but will produce dubious out-

of sample forecasts ( Lada, 2007 and Sjo, 2019). Model 2, 3 and 4 are most relevant in 

empirical studies and out of the five models, Model 3 is advocated as the basic model and is 

widely chosen and used in empirical studies (Lada, 2007, Sjo, 2019, Sharma and 
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Wangbangpo, 2002). Johansen (1995) suggested to estimate all the models and to perform 

reduced rank test across the models to determine the most appropriate one. In this study only 

the Models 2, 3 and 4 are estimated . The search procedure starts from the most restricted to 

least restricted model and the deterministic component is then determined where the null 

hypothesis is not rejected for the first time. The technique of the search procedure is 

explained below, considering number variables is three (p=3) and models under search are 

only 2, 3 and 4. 

Table-3.1 

Testing Deterministic Trends 

Null 

Hypothesis 

rH :0  

No. of common 

trends (unit roots) 
rp   

Model 2 Model 3 Model 4 

0 3 
0,2trace   0,3trace   0,4trace  

1 2 
1,2trace   1,3trace   1,4trace  

2 1 
2,2trace   2,3trace   2,4trace  

3 0 
3,2trace   3,3trace   3,4trace  

 

Note: 1.r = number of cointegrating vector 

 2.p = number of variables 

 3.p-r = number of common trends (unit roots) 

 4. 
jtracei,

 = estimated trace statistics where i represents Model (i=2,3 and 4) 

  and j represents the number of the significant eigenvalues (j=1,2,...,p) 

 5. = direction of the search procedure 

The search procedure starts from row one of the Table 1,i.e., testing Model 2 for 

cointegrating rank ‗r‘ equals to zero. If the 0,2trace is rejected, then scholars have to test r= 0 

for Model 3, and so on. Now, in the event that all three models reject the assumptions of zero 

cointegrating vector in favour of at least one cointegrating vector, the scholar has to move to 

the second row where the null hypothesis is r= 1, and so on. When for the first time the 
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estimated eigenvalue cannot reject the null hypothesis, then, the researchers have to end the 

search procedure because looking at the test statistics beyond this point might be misleading 

(Sjo, 2019). Let, 3,3trace cannot reject the null, then it points to the fact that there exists three 

cointegrating vectors and the Model 3 is the better model for describing the system under 

study. Although, at the top of the issue, it is the logic of economics or finance and the 

objective of the researcher which finally guides the scholar to select the best model (Maddala 

and Kim, 2004). 

Johansen and Jesulius (1990) observed that the first cointegrating vector corresponding to the 

highest eigenvalue in most related with the stationary part of the model and are very useful in 

explaining the empirical results. Moreover, the coefficients of the first cointegrating vector 

seem to possess the signs consistent with the a priori hypothesis of the researchers ( Sharma, 

and Wangbangpo 2002). Accordingly, after normalising the target variable to ‗one‘, the long-

run relationship amongst the variables corresponding to the highest eigenvalue at optimum 

lag order with the estimated cointegrating rank is reported in our thesis.  

3.4. Error Correction Model (ECM): 

Error Correction Model (ECM) sometimes considered as the model to assess the speed of 

adjustment towards equilibrium and preserves the information about the short-run form of 

covariance (Green, 2003). In essence, the short-run dynamics or speed of adjustment towards 

equilibrium depicts the relationship between deviation of ty  from its long-run trend and tx  

from its own long-run trend. They are expressed by the error correction term of the model 

below (Green, 2003,Johansen, 1991): 
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where,   is the first difference operator, ty and tx  are the variables, k is the number of 

variables, 1  is the error correction coefficient and t , as usual, are stationary random 

process with mean zero and constant variance. Along with the long-term relationship, this 

analysis also reported the ‗adjustment coefficients‘ with short-run dynamics also. 

It is observed that Johansen and Jesulius (1990) procedure only identifies the number of 

stationary vectors amongst the variables under the study and the cointegrating vectors are not 

unique save the cointegrating space (Sjo, 2019 and Neusser, 2016). Despite some suitable 

transformations of the cointegrating vectors on some basis, it is often very difficult to 

interpret the vectors on the line of economic and financial theories. Empirical researchers are 

interested to relate the state and direction of variables with theories, willing to know which 

variables are affected by the vectors and the significance of  ‘s in the cointegrating relation. 

In simple words, researchers are interested to know which variables are in the cointegrating 

space and which are not in the long-run equilibrium relationship/relationships. The 

significance of  ‘s in the cointegrating relation is estimated by the likelihood ratio test 

statistic below (Neusser, 2016, Boswijk and Doornik, 2003): 
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  ....................................................... Eq(13) 

where, j ‘s are the eigenvalues ( j
~

= estimate of the eigenvalues for the restricted estimator, 

ĵ = unrestricted estimates of eigenvalues), r is the cointegrating rank, n‘s are the number of 

variables, j‘s are cointegrating ranks such that j = 1,2,...,r, s denotes sub-space in the 

cointegrating vectors such that nsr  . The test statistic is asymptotically distributed as a 

Chi-square distribution with r(n– s) degrees of freedom (Neusser, 2016). Similarly, it is 

possible to test the hypothesis on  ‘s ; and the joint hypothesis on  ‘s and  ‘s with s(n– 
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r) degrees of freedom (Neusser, 2016). We, in our thesis, tested the  ‘s with the null as ‗do 

not belong to the cointegrating relationship‘ by excluding variables one by one from the long-

run relationship (Wangbangpo and Sharma, 2002, Morin,2006). 

The popular and widely used tests like, portmanteau (Box and Pierce, 1970, Ljung-Box, 

1978) or LM tests are performed on the residuals to assess the presence of serial correlation 

in residuals considering ‗no serial correlation‘ up to the lag order ‗h‘ in the residuals as null. 

3.5. Stationary process: 

In empirical analysis, application of the Johansen and Juselius (1990) and Johansen 

(1991,1995) methodology requires pre-testing of (i) stationarity/ non- stationarity of the 

series including the order of integration, and (ii) the optimum lag order of the VAR process 

on which it is modelled. 

Determining a time series whether stationary or not is very crucial as the stationarity or 

otherwise of a series can strongly influence its behaviour and properties (Brooks,2014). If the 

mean and variance of a time series change over time, then it is impossible to generate results 

from regression model for a specific time period to a different or future time period. Hence , 

for any meaningful statistical inferences, pre-testing the stationarity of the time series is 

necessary (Balarezo 2010). 

In the literature of time series analysis and econometrics, the concept of weakly stationary or 

the covariance stationary process is widely discussed and used in empirical finance and 

economics. The strict form of stationarity which is defined by all the four moments of 

distribution practically indicates that the distribution of the realised values of the time points 

in a time series {Yt ,t=0, ±1,….} remains the same as time progresses. It indicates that the 

probability that a value of the series falls within a particular interval is same now as at any 
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time in the past and future also ( Brooks 2014, Brockwell and Davis,2016). Simply , if all the 

moments, namely mean, variance, skewness and kurtosis, of a time series are time invariant, 

then the series is said to be a strictly stationary process( Balarezo,2010, Brockwell and 

Davis,2016, Commandeur and Koopman, 2007). Some scholars argue that the strict form of 

statioarity has very little practical application and are rarely observed in practice (Tong 1990, 

Greene, 2003,Balarezo,2010, Brooks,2014,Herranz, 2017). Moreover, according to 

Brockwell and Davis(2016), it is easy to check if a time series { Yt ,t=0, ±1,….} is strictly 

stationary and EY
2
< ∞ for all t, then{ Yt ,t=0, ±1,….} is also weakly stationary. Again, if a 

distribution is normal, then weakly stationary also implies strictly stationary because a 

normal distribution is fully explained by its first two moments (Balarezo,2010). Thus this 

study used the concept of weakly stationary or covariance stationary process to mean 

‗stationarity‘. 

A stochastic process { Yt } is said to be weakly stationary if its mean and variance are 

constant over time and the value of the covariance between two time periods depends only on 

the distance or gap or lag between two time periods and not the actual time at which the 

covariance is computed (Gujarati, 2003, Greene, 2003). That is, 

 Mean : E (Yt ) = µ ................................................................. Eq(14) 

 Variance : var (Yt )= E(Yt - µ)
2 
= σ

2
< α ................................................ Eq(15) 

 Covariance : cov (Yt1, Yt2) = E[(Yt1-µ)( Yt2-µ)]= ɣt1-t2,∀t1, t2 ............................................... Eq(16) 

Weakly or covariance stationary will tend to return to its mean and fluctuations around this 

mean, measured by its variance, will have a broadly constant amplitude ( Cuthbertson, Hall 

and Taylor,1995, Gujarati2003, Brooks,2014, Balarezo,2010). In other words, for a 

autoregressive process of order one (AR(1)) like: 
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 Yt= α+ρYt-1 +ut .................................................................................................... Eq(17) 

is said to be stationary only if the following three conditions are satisfied, 

Condition 1: Constant and finite mean: This can be expressed as: 

 E( Yt) = 
α

 1−ρ 
  .................................................................... Eq(18) 

Condition 2: Constant and finite variance : This condition can be expressed as, 

 var ( Yt)= = 
σ2

 1−ρ2 
  ................................................................ Eq(19) 

Condition 3: Constant and finite covariance: The covariance of the time series, 

Eg (17), for its own lead and lag values, i.e., autocovariance, is constant over time and can be 

expressed as, 

 Cov (Yt , Yt-s) = = 
ρs .σ2

 1−ρ2  ............................................................ Eq(20) 

where, s is the distance between the periods. 

The above three conditions that defines stationarity are satisfied only if |ρ |<1. In the case 

where |ρ |>1, which is, although , a rarity in the economic or finance series, implies that the 

series is explosive. That is, the future values of the series will not return back to mean values 

but will, instead, diverge at a faster pace. If |ρ |=1, then it is the case that the mean reverting 

level is undefined as all the denominations in the above three conditions will turn to zero. In 

this particular case, i.e., |ρ |=1, the time series is not covariance stationary and exhibits what 

is called a ‗unit root‘ (Maddala and Kim 2004, Brooks 2014, Balarezo,2010). 

It is worthy to note that, autocovariances are not a particularly useful measure of the 

relationship between Yt and its previous values. Scholars suggest to use a more convenient 
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measure by transforming or standardizing, that is, normalizing the autocovariance. The 

normalization by variance i.e., dividing the autocovariance by variance, researchers get 

autocorrelation which is more convenient to use ( Maddala and Kim,2004, Brook 2014). 

3.6. Non-stationary process: 

The opposite of stationary time series process is non–stationary process. The time series 

process which does not satisfy the stationarity conditions stated in the equations14, 15, and 

16, that is, which has a structure of time varying mean or time varying variance or both is 

coined in the literature of econometrics as non – stationary time series process. In applied 

finance and economics, scholars mostly encounter with the non – stationary time series 

process and the simple example of which is the random walk model (RWM) (Gujarati, 2003, 

Greene, 2003). A vital feature of these types of series is the persistence of random shock, that 

is, the impact of a particular shock does not die away and hence have an infinite memory 

(Patterson, 2000). Random walk model (RWM) also falls under the unit root process 

(Gujarati, 2003). A series follows a unit root process if it is non – stationary and becomes 

stationary by taking first difference (Brooks, 2014). RWM is a specific case of a more 

general class of stochastic process known in the literature as integrated process. Series with 

random walk components are called integrated because they are the integrals of weakly 

stationary components in the series (Aoki, 1990). If a non – stationary time series becomes 

stationary after its first difference, then that time series is termed as integrated of order one, 

and denoted by I (1). In general, if a non – stationary time series has to be differentiated ‗d‘ 

times to make it stationary, then the time series is said to be integrated of order ‗ d‘ and 

denoted by I (d). Thus, if a time series is stationary at level, that is, the series does not require 

any differencing, it is said to be integrated of order zero, and denoted by I (0) ( Gujarati, 

2003, Greene, 2003). 
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Scholars observed that an I (1) series at level form will grow constantly and wander about 

with no tendency to revert back to a fixed mean. Macroeconomic and financial flows and 

stocks which relate to population size are mostly I(1) process (Patterson 2000, Greene, 2003, 

Gujarati, 2003). 

Correct identification of the process of a time series whether stationary or non – stationary is 

heavily researched and debated by the scholars and the issue is so challenging that it seems to 

never die out. The basic literature on the issue dates back to the works of Mann and Wald 

(1943) and Rubin (1950) (Greene , 2003). But the huge attention of a large number of 

scholars is drawn after the seminal paper of Nelson and Plosser (1982) who observed that 

almost all the macro economic variables in US are I(1). Interestingly, hundreds of studies, 

both theoretical and empirical on unit roots in finance and economics appeared only in 1980s 

(Greene, 2003). 

3.7. Estimation of the Stationary or Non-stationary Process:  

3.7.1 (Unit-root Test): 

There are basically, three approaches to identify stationarity or non – stationarity i.e. the 

order of integration of a time series process: (i) graphical inspection or analysis, (ii) 

observation of the sample autocorrelation and partial autocorrelation functions (Box and 

Jenkins,1976) and (iii) formal statistical tests. The eye ball estimation of the sample time 

series is the simplest method. It compares the plot of the time series under study with the time 

series of first and second differences and concludes. It may be an effective procedure for an 

efficient and experienced scholar but is very subjective one. Under the second method, if the 

plot of the autocorrelation function (ACF) is slowly decreasing, roughly at a linear rate, and 

the first value of the partial autocorrelation function (PACF) is very high, then the series 

under consideration is identified as non – stationary one. The differencing value, i.e., the 
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value of ‗ d‘ then identify the series as I(1) or I(2), etc. This approach is also widely used but 

suffers from the risk of over – differencing (Gujarati, 2003). Hence, scholars suggest that it is 

better to approach the identification problem formally using appropriate statistical tests 

(Maddala and Kim, 2004, Altrova and Fedorova, 2016). 

The area of research of the ‗unit-root test‘ is vast and one can find several formal statistical 

tests are recommended and are in use in empirical studies to identify the correct order of 

integration. Amongst the battery of tests, the most popular and widely used tests are Dickey 

Fuller‘s test (DF tests) (Dickey and Fuller,1979), Augmented Dickey Fuller test (ADF – test) 

(Said and Dickey,1984), Phillips –Perron test (PP –test) (Phillips and Perron 1988), KPSS 

test (Kwiatkowski, Phillips, Schmidt and Sin, 1992) and a bit less frequently used but 

strongly recommended ADF – GLS test ( Elliot, Rothenberg and Stock,1996) and NGP test 

(Ng and Perron,1995,2001). It is worthy to note here that, almost all the tests suffer from ‗low 

power‘ and virtually a uniformly powerful test does not exist. The choice of an appropriate 

one largely depends upon the intuition of the analyst which certainly is a subjective 

judgement ( Schwert,1989, Dufour and King,1991, Altrova and Fedorova, 2016). Some 

scholars strongly argue to reject the use of DF, ADF, PP and KPSS tests and recommended 

the modified tests like ADF – GLS and NGP tests (Dufour and King 1991, Maddala and Kim, 

2004). Altrova and Fedorova (2016), for a time series of long length (i.e. at least of 500 

observations) and positive values of the autoregressive parameter AR(1), recommended to 

use ADF, ADF – GLS and NGP tests. Moreover, Greene (2003), strongly suggests the 

practioners to use ADF-test. 

In this thesis, to avoid the risk of identifying incorrect order of integration of the time series 

under the study and also keeping in mind the recommendations of the eminent scholars like, 

Maddala and Kim,2004, Altrova and Fedorova, 2016 and many others, used ADF test, ADF – 

GLS test and NGP test. 
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3.7. 2. Augmented Dickey Fuller Test (ADF-test): 

The augmented Dickey Fuller test is the modified test procedure of the original Dickey – 

Fuller test (Dickey and Fuller, 1979). It is observed that many financial time series have more 

complicated dynamic structure than the simple AR (1) model. Hence, Said and Dickey, 1984, 

introduced augmented components to the basic DF test ( Dickey and Fuller, 1979) to 

accommodate general autoregressive moving average i.e., ARMA (p,q) models with 

unknown orders. The augmented components are incorporated to soak the disturbances and 

make the residuals free from autocorrelation. The new or modified test is based on estimating 

the test regression: 

 yt = Dt + υyt-1 +  𝛾𝑝
𝑖=1 i Δyt- i+εt  .................................................... Eq (21) 

where, Dt is a vector of deterministic terms, may be constant, trend, etc, and p is the lagged 

difference terms or optimum lag order. Δyt- i are used to approximate the ARMA structure of 

the errors and the value of p is set in such a way that error εt is serially uncorrelated. Here, the 

null hypothesis is Yt is I(1) against the alternative hypothesis I(0). 

An alternative formulation of the test is: 

 Δyt = Dt + 𝜋yt-1 +  𝛾𝑝
𝑖=1 i Δyt- i + εt ........................................................................... Eq (22) 

Where, 𝜋 = υ – 1. Under the null hypothesis Δyt is I(0) which means to test 𝜋 = 0. This 

equation (22 ) is used in practice for testing the significance of the coefficient Yt – 1. 

 The ADF t-statistics and normalised bias statistics are based on the least square estimate of 

equation ( 21) and are: 

 ADFt = tυ = 1 = 
∅ −1

𝑆𝐸 ∅ 
 ............................................................... Eq (23) 
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 ADFn = 
T(∅ −1)

1 –𝛾1−⋯−𝛾𝑝
  ............................................................... Eq(24) 

The limiting distribution of the test statistic is identical with the distribution of DF test 

(Dickey and Fuller, 1979) and for T → ∞is tabulated by Dickey (1976) and MacKinnon 

(1991). 

3.7.3. Augmented Dickey Fuller–Generalised Least Square (ADF–GLS) test: 

This test is also known as ERS-test (Elliot, Rothenberg and Stock, 1996) and is recommended 

by modifying the ADF test. Before the unit root test, ERS test uses the de-trending 

transformation that primarily removes trend from time series. The constant in the model: 

 yt = β0 + ∅yt-1 + εt ................................................................................................ Eq(25) 

is estimated by using generalised least square method with the transformation ( Altrova and 

Feorova, 2016): 

𝑦 = y1 ,𝑦 = yt – ρyt-1, t=2,……., T 

x1 = 1, xt = 1 –ρ , t = 2, ……………,T .......................................................................... Eq (26) 

where, ρ = 1+ 𝐶  / T and 𝐶  = (-)7. The constant is estimated based on the equation: 

 𝑦  = β0xt + et  .................................................................... Eq (27) 

The parameter is estimated with the help of least square method and is used to remove 

constant from the time series yt. The trend, especially the linear trend, is estimated by 

generalised least square method by transforming the equation ( 27) by : 

Z1 = 1, Zt = t- ρ (t – 1), 

where, ρ = 1+𝐶  / T and𝐶   = (-)13.5. The estimates of the parameters are computed by: 
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 𝑦 = β0xt + β1zt + εt ................................................................................................ Eq(28) 

and the estimated parameters β͂0 and β͂1 are then used to remove constant and a trend from the 

series yt : 

 yt
*
= yt – (β̂0 + β̂t ) ...............................................................  Eq (29) 

After transformation, ADF test is applied on the transformed time series y
*
t and the test 

statistic is obtained by the equation: 

                                   Δyt
*
 = β0 + ∅y

*
t-1 +  𝛾𝑖𝑝

𝑖=1  Δy
*
t-I + εt…………………………..Eq (30 ) 

The critical values are provided by Elliot, Rothenberg and Stock, (1996). It is worthwhile to 

note here that, the value of C̄  for constant = (-)7 and for linear trend (-) 13.5 was deduced for 

∝= 0.05 by Elliot, Rothenberg and Stock (1996) based on power envelop, and for given T, 

the tests are optimal at the 50% power. 

3.7.4. Ng – Perron test (NGP test): 

 Ng and Perron (1995,2001) recommended the test by modifying Phillips – Perron test 

(Phillips and Perron, 1988) with the detrended data y
*
t , ( equation ,29 ), obtained from the 

ADF – GLS test. Their basic equation is ( Maddala and Kim, 2004):  

  yt = Dt + ∅yt-1 +  𝛾𝑖𝑝
𝑖=1 Δyt-I + εt .............................................................................. Eq(31) 

and the test statistic z of the P P–test (Phillip and Perron, 1988) are modified to the form 

below (Altrova and Fedorova, 2016): 

 M̅Z̅∅ = ( T
-1

y
*
t – S

2
AR ) ( 2T

-2  𝑇
𝑡=1 y

*
t-1)

-1  ................................................................. 
Eq (32 ) 

 M̅S̅B̅ = ( T 
-2   𝑇

1=1
y∗t−I

SAR
2  )

1/2
  ....................................................... Eq(33 ) 
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Here , MSB is the modified Sargan – Bhargava test (Sargan and Bhargava, 1983) and for I(0) 

series, MSB is related to the P P- test by ( Maddala and Kim, 2004): 

 M̅Z̅T = M̅Z̅∅ . M̅S̅B̅ ............................................................... Eq (34) 

Here, S
2

AR = (  𝑇
𝑡=𝑝+1 εt

2
) ((T – K)( 1-   𝑃

𝑖=1  βî )
2
)
-1

, ∅ = auto regressive parameter, y
*
t is the 

transformed time series and p is the optimum lag order. 

3.8. Optimum lag-order: 

The unit-root tests discussed above are, for their power, very sensitive to the lag orders. 

Scholars recommend several ways to select the optimum lag order but most of them are 

inappropriate save some modified information criteria (Maddala and Kim, 2003). 

The optimum lag order used in this study is derived by ‗information criteria‘ like:  

3.8.1. Akaike Information Criterion which is defined as (Akaike1974) : 

 AIC = e
2k/n 

(Σ ûi
2 
)/n  .............................................................. Eq(35) 

 where ûi is the estimated error terms from the regression equation involving the time series. 

The minimum of the criterion serves as the guide to select the optimum lag range. 

3.8.2. Schwartz Information Criterion which is defined as (Schwarz 1978) : 

 SIC = n
k/n 

(Σ ûi
2 

)/n  .............................................................. Eq(36 ) 

where ûi is the estimated error terms from the regression equation involving two 

macrovariables. Like the AIC, here also, the minimum of the criterion serves as the guide to 

select the optimum lag range. 

3.8.3.Final Prediction Error Criterion (FPE) which is generally described in a Error 

Correction Model as (Hsiao, 1979, 1981): 
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 FPE Δyt (n, m) = (N+n+m+1) Σ (Δyt - Δŷt )
2
. ............................................ Eq(37) 

                                                       (N-n-m-1)/N 

where, n and m are the number of lags in the dependent (explained ) and independent 

(unexplained) variables respectively; N is the number of observations. To obtain the optimum 

lag, one has to determine the minimum FPE Δyt by running the regression equations 

involving the dependent and independent variables under question (Wong, et al, 2004). 

3.8.4. Hannan-Quinn Information Criterion (HQC) which is defined as (Hannan-

Quinn,1979): 

                     HQC = -2 l(ậ) +2k log log n ......................................................... Eq(38) 

where, l(ậ) represents the minimum log likelihood as a function of the vector of parameter 

estimates (ậ), and k denotes the number of independently adjusted parameters within the 

model. 

 It is noteworthy here that, none of these criteria is necessarily statistically superior to others 

(Gujarati, 2003, Maddala and Kim, 2003). Scholars like, Diebold (2001), Stock (1994), 

however, recommend SIC to be applied. But cautionary approach guided the analysis to 

explore all the criteria stated above for selecting the optimum lag order. 

3.9. Structural Stability: 

Literature on structural instability or structural break in time series is vast, expanding and full 

of contesting but not converging recommendations on issues like known break point, 

unknown break point, single and multiple break points, gradualism, priors and pre-testing 

bias, application on linear or nonlinear, finite and infinite time series process, etc. According 

to Maddala and Kim (2004), more research works needs to be done to compare the methods 
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suggested by scholars to determine the structural instability. Some of the recommendations of 

the researches summarised by him are: (i) it is more important to determine the number and 

location of the break point(s) than only identifying that there is structural change, (ii) problem 

of consistent estimation still exists, although, the matter is examined nicely by Bai and 

Perron( 1998), (iii) there is no need to search over the entire time period of observations, 

because, there are always some prior information about the major break dates, like , war, 

mammoth changes in economic policies etc, (iv) despite several good works, consensus is not 

arrived on the use of Bayesian or Classical approach to search the break points and (v) more 

attention of the scholars is required to the ‗gradual structural changes‘ as the shift from one 

regime to the another one is never sudden. Interestingly, may be due to gradualism, Agarwal 

and Ghosh (2015), found no break in Indian economy during the period 1960 to 2013, 

especially in per capita GDP, agriculture and manufacturing sector save the service sector in 

2003. Some scholars argue that the breaks for small magnitude have no impact in forecasting. 

Ignoring rather than modelling small breaks may lead to more accurate forecasts (Stock and 

Watson 1996, Pesran and Timmermann 2005, Boot and Pick,2017). Against this backdrop, 

we, in this thesis, used two popular and widely used methodology(i) CUSUM test suggested 

by Brown,Durbin and Evans,(1975) and (ii) Quandt-Andrews breakpoint test suggested by 

Quandt(1958,1960), Andrews (1993) and (iii) Andrews and Ploberger (1994). 

3.9. 1. CUSUM- test: 

Brown, Durbin and Evans (1975) suggested a test of structural break, popularly known as 

CUSUM- test, based primarily on the model‘s ability to predict correctly the observation or 

observations actually outside the range of the observations used to estimate it. According to 

Greene,2003, the test is in the right direction to detect the timing of the change which is 

unknown. It is based on the cumulated sum of the recursive residuals and the test statistic 

recommended is: 
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 Wt =  𝑤𝑡
𝑟=𝐾+1 r/ σˆ .............................................................. Eq( 39 ) 

where, 

 σˆ
2
 = (T-K-1)

-1 
=  (𝑤𝑟 − 𝑤𝑇

𝑟=𝐾+1 )
2
, and 

 w = (T – K)
-1  𝑤𝑇

𝑟=𝐾+1 r 

or, σˆ is the standard deviation of the recursive residuals wt. Under the null hypothesis, wt has 

mean zero and variance approximately equal to the number of residuals being summed, 

because each term has variance 1 and they are independent (Greene, 2003). 

Assessment of the divergence from the ‗ zero line‘, one has to study the behaviour of wt by 

plotting wt against t. Confidence bounds of the cumulated sum are obtained by plotting the 

two lines that connect the points [K, ± a (T – K )
1/2 

] and [ T, ±3a( T-K)
1/2

], where ‗a‘ is the 

parameter whose value depends on the value of significance level α. The null hypothesis of 

there is no structural change is rejected if wt goes outside the area bounded by two critical 

lines. 

3.9.2. Quandt-Andrews Breakpoint test: 

Quandt‘s log- likelihood ratio technique (Quandt 1958,1960), is appropriate when the 

regression relationship changes suddenly from one constant relationship to another constant 

relationship (see Brown, Durbin and Evans,1975). The idea behind Quandt-Andrews 

Breakpoint test is that a single Chow break point test(1960,1983) is performed at every 

observation between two dates T1 and T2.The k statistics from those Chow tests (1960,1983) 

are then summarised to one test statistic for a test against the null hypothesis of no break 

points (Diebold and Chen, 1996, Brooks, 2014). 
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Let ,the unknown break point be , t=r, the first constant regression relationship be specified 

by β
(1) 

, σ1
2 

and the second one by β
(2) 

and σ2
2
 , then for each r from r=K+1 to  

r = T – (K+1), the plot is 

λr = log10 ( 
max 𝑙𝑖𝑘𝑒𝑙𝑖 𝑜𝑜𝑑𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠𝑔𝑖𝑣𝑒𝑛𝑏𝑦𝐻 0

max 𝑙𝑖𝑘𝑒𝑙𝑖 𝑜𝑜𝑑𝑜𝑏𝑠𝑒 𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠𝑔𝑖𝑣𝑒𝑛𝑏𝑦𝐻 1
) 

where, H1 is the alternative hypothesis, i.e. the observations in the time segment (1, …, r) and 

the segment (r+1,……..,T) come from two different regressions. This form is the standard 

likelihood ratio statistics for taking decision on the null and alternative hypothesis. However, 

 λr= ½ r log σ1ˆ 
2
+½ (T – r ) log σˆ2

2
 – ½ T log σˆ 

2
 ...................................... Eq (40) 

 where, σ1ˆ 
2
, σˆ2

2
, and σ

2
 are the ratios of the residual sums of squares to number of 

observations when the regression is fitted to first r observations, the remaining (T – r) 

observations and the whole set of observations , respectively. When the value of r at which λr 

achieve minimum, at that point shift from one constant relationship to another occurs. The 

test for the distribution on the minimum of λr is given by Andrews (1993). 

Andrews (1993) modified the Quandt‘s test and suggested three supremum tests. 

 Let , the null of the structural stability of AR(1) process be: 

 yt=ρyt-i + et, t=1,…….,T  .......................................................... Eq (41) 

(no break or restricted model ) 

The H1, one – time break, be: 

 Model 1: yt = ρ1yt-1+ ∈t, t= 1,………r ............................................... Eq ( 42 ) 

 Model 2: yt = ρ1yt-1+∈t, t=( r+1,………,T) .............................................. Eq (43) 

(sub–sample or unrestricted model)  
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Then, the tests are: 

𝑆𝑢𝑝 𝑊 = 𝑚𝑎𝑥𝜋𝑇  
𝜖 ′𝑡𝜖𝑡

̂ − 𝜖 ′1𝜖1
̂ − 𝜖 ′2𝜖2

̂

𝜖 ′1𝜖1
̂ + 𝜖 ′2𝜖2

̂
  

𝑆𝑢𝑝 𝐿𝑀 = 𝑚𝑎𝑥𝜋𝑇  
𝜖 ′𝜖 ̂ − 𝜖 ′1𝜖1

̂ − 𝜖 ′2𝜖2
̂

𝜖 ′𝜖 ̂
  

𝑆𝑢𝑝 𝐿𝑅 = 𝑚𝑎𝑥𝜋𝑇  
𝜖 ′𝜖 ̂

𝜖 ′1𝜖1
̂ + 𝜖 ′2𝜖2

̂
  

where , ϵˆ is the T x 1 vector of OLS residuals from the restricted model, ϵˆ1 is the r x 1 

vector of OLS residuals from the sub-sample 1 model, ϵˆ2 is the (T - r)*1 vector of OLS 

residuals from the sub-sample 2 model, and Π= r/T. The standard procedure suggested by 

Andrews (1993) is to impose Πϵ(0.15,0.85); although , it may vary according to the need of 

the analyst (Diebold and Chen, 1996). Break date estimate obtained by the OLS for all time 

series does not depend upon the variation of trimming ( Jouini and Boutahar, 2005). 

Andrews and Ploberger (1994) developed tests with stronger optimality properties than those 

of Andrews (1993) (Maddala and Kim, 2004). Using the notations used by Maddala and Kim 

(2004), let, T1<m<T2 be the range within which structural break occurs. Let , W
* 

be the Wald 

statistics for a break at t=m, then, 

 Sup W=  ,T1<𝑚<T2

max  W∗  ................................................................. Eq(44) 

The test statistics suggested by Andrews and Ploberger (1994) are: 

 ExpW = ln [ 
1

𝑇2−𝑇1+1
 𝑒𝑥𝑝(𝑤

∗1

2
)

𝑇2
𝑚=𝑇1

]  ............................................... Eq( 45) 

 AveW=
1

𝑇2−𝑇1+1
 𝑊∗𝑇2
𝑚=𝑇1

  .......................................................... Eq(46)  
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They showed that, under some regulatory conditions, the asymptotic distribution of the test 

statistics are given by the functions of the Wiener process, i.e. like a continuous random walk 

defined on interval (0,1), and are the same for LM and LR statistics: 

 Sup W =  ,π1<𝑚<π2

max  Q(τ)
 ................................................................. Eq(47) 

 ExpW= ln [
1

𝜋2−𝜋1
 exp(𝑄(τ)/2
𝜋2

𝜋1
) d τ… ............................................... Eq(48) 

 Ave W = 
1

𝜋2−𝜋1
 𝑄(τ)
𝜋2

𝜋1
 d τ… ....................................................... Eq(49) 

where, Π1= T1/T, Π2= T2/T , andQ (τ) = 
 𝑤 τ −τ𝑊 1  

′
(𝑊 τ −τ𝑊 1 )

τ(1−τ)
 

and W is a vector of K independent Wiener process. If τ is known, then this is a Chi – square 

(K) ( see Maddala and Kim,2004). Hansen (1997) provided the table to consult and compare 

the probability values. 

3.10. Seasonality Test 

Recent philosophy in the time series analysis is to allow the data to speak for themselves, 

hence, in empirical analysis it is suggested to avoid maximum modifications of the raw data 

(see Maddala and Kim,2004. Neuesser, 2016, Brockwell and Davis, 2016) . 

Removal of the trend and seasonal components are required to get stationary residuals. 

According to Brockwell and Davis (2016), to achieve this goal it may sometimes be 

necessary to apply a preliminary transformation to the data. There are several ways in which 

trend and seasonality can be removed , some involving estimating the components and 

subtracting them from the data, and others depending on differencing the data, i.e., replacing 

the original series {X} by {Y, := X, – X-d} for some positive integer d. Whichever method is 

used, the aim is to produce a stationary series, whose values in general referred to as 



96 

residuals. Again, if the magnitude of the fluctuations appears to grow roughly linearly with 

the level of the series, then the transformed series {In X1, ..., In Xn} will have fluctuations of 

more constant magnitude.  

The magnitude of the fluctuations in the time series under this study appeared to go roughly 

linearly with the level of the series. Thus, following Brockwell and Davis, 2016, this analysis 

has taken log of the original series at level to transform the series to eliminate the trend and 

seasonality. 

3.11. Causalty Test: 

This study used Granger (1969, 1981, 1988) causality test to assess which of the markets 

under our study have statistically significant influence on the future values of each of the 

markets in the system. Considering only two variables eg, Yt and Xt, the test involves 

estimating the equations below:  

 Δ Yt = α0 +aECt-1 +  𝛼𝑘
𝑖=1 1i Δ Yt-i +  𝛼𝑘

𝑖=1 2i Δ Xt-i+𝜖t
y
  ................................... Eq(50) 

 Δ Xt = β0 +bECt-1 +  β𝑘
𝑖=1 1i Δ Xt-i +  β𝑘

𝑖=1 2i Δ Yt-i+𝜖t
X
  .................................... Eq(51) 

where, ECt-1 is the error correction term obtained from the co- integrating vector and 𝛼i , βi 

(i=1, ……,k), a and b are parameters to be estimated, k is the optimum lag order in the 

system, ϵ
x 

, ϵ
y 

are stationary random process with mean zero and constant variance 

(Wangbangpo, and Sharma, 2002). 

According to Granger (1998), a VECM provides two ways to detect causality: (i) the 

significance of the lagged error term coefficients which are tested by t- statistics, and (ii) the 

joint significance of the lags of each variable tested by F–statistics. Simply, Xt Granger cause 

Ytif ‗a‘ is significant or 𝛼2i are jointly significant i.e. H0 : 𝛼21= 𝛼22 = ………………= 𝛼2k = 0 
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is rejected. In other words, if Yt Granger cause Xt, then lags of Yt should be significant in the 

equation for Xt. If this is the only outcome not the vice versa, then it is said that there is 

unidirectional causality running from Yt to Xt. If the case is vice versa, i.e. both sets of lags 

and both ECt-1 coefficients are significant, then it is said that there exists a bi-directional 

causality between Yt and Xt . If Yt cause Xt and not vice versa, then it is said that the variable 

Yt is strongly exogenous. If neither set of lags are statistically significant in the equation of 

the other variable, it is said that Yt and Xt are independent ( Brooks, 2014). 

3.12. Impulse Response Analysis: 

In a VAR model, all variables depend on each other and on the reaction of the system to a 

shock, only limited information can be obtained by the estimates of individual coefficients. 

Moreover, it is very difficult to directly understand and interpret the dynamic interactions 

between variables as VAR is composed of many coefficients. Impulse response function can 

be used here to trace out the responses of the dependent variable to the structural shocks of 

each of the variables, even, related to economic or financial model over time (Neusser, 2016). 

In response analysis, if the responses subside quickly towards zero, then it is said that 

transmission between the variables in VAR are relatively efficient (Roca and Tularam,2011). 

In Granger causality (1987,1988) one can find the reaction qualitatively but it fails to give 

any quantitative idea about the effects for the periods in future or the sign of the relationship 

or how long the effects require to take place. In impulse response function (IRF), the dynamic 

relationships between variables are captured(Brooks, 2014). Let us consider the VAR model 

below (Lutkepohl, 2007): 

 Yt = µ + ∅𝑝
𝑖=1 i Yt-i +∈t , t= 1,2,3……………..,T  ........................................ Eq(52) 

where, yt = (SXˊ,FX´,CRˊ)´is a three block vector (m x 1) in our study, where SX is a vector 

of stock market indices, FX is a vector of foreign exchange rate (Rs/$), and CR is a vector of 
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money market variable, ∅i are fixed m x m coefficient matrices, ∈t =( ∈lt ,……….., ∈mt)ˊ is a 

Ganssian white noise process with E (∈t) = 0, E(∈t ∈´t)=Ʃϵ , E(∈t∈s) = 0, for t≠ s and Ʃϵ is the 

covariance matrix of the error terms. 

The infinite moving average process ( MA) of the model (Eq,52 ) under the stability 

condition is: 

 yt = C+ 𝐴∝
𝑖=0 i ∈t-i  ............................................................................................... Eq(53) 

The coefficient matrices can be obtained from the recursive formula: 

 Ai =  𝐴𝑖
𝑗=1 i-j υj, i= 1,2,3, .......................................................... Eq(54 ) 

where A0 = Im and υj =0 for j>p. The constant term e= (Im –A1 - …………..- Ap )
-1 

µ, and the µ 

is the mean of the process. 

Impulse response function of a ‗ one standard deviation‘ shock to the i th variable in yt , on jth 

variable in yt+m is given by: 

 Ѱji (n) = eˊj An Pei , n= 0,1,2, ........................................................ Eq( 55) 

where, ei is a column selection vector with unity as the ith element and zeroes otherwise, P is 

lower triangular matrix obtained by decomposing the covariance matrix Ʃϵ using the 

Cholesky method so that PP´ = Ʃϵ (Serwa and Wdowinski, 2016). 

Impulse response analysis and its outcome depend on the ordering of the variables under 

study. Impulse response function (IRF) computed using Cholesky decomposition is highly 

sensitive to the ordering of the variables and on the covariance matrix Ʃϵ , too. Pesaran and 

Shin (1998) and Koop, Pesaran and Potter (1996) suggested a method of estimation known as 

Generalised Impulse Response Function which, authors claimed, can avoid the problems of 

ordering of the variables. But, according to Kim (2012), Generalised Impulse Response 
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Function (GIRF) treats all the shock of the variables as if they were ordered first in a VAR. 

Moreover, GIRF generates responses that are larger and more frequently statistically 

significant than ordinary IRF. Hence, using generalised impulse response function may result 

in misleading inferences caused by their extreme identification schemes (Kim, 2012). We, in 

this study, used ordinary impulse response function using Cholesky (see Lutkepohl,2007 ) 

decomposition. 

3.13. Variance decomposition Analysis: 

In examining the dynamics of VAR system, Variance Decompositions give the proportion of 

the movements in the dependent variables that are due to their ‗own shocks‘ and against 

shocks to other variables in the system. A shock to the i th variable not only affect the 

variable, it also transmits the shock to all other variable through the dynamic structure of 

VAR. Variance decomposition computes how much of the h-step ahead forecast error 

variance of a given variable is explained by shocks to each explanatory variable for h = 

1,2,3……, the horizon (h) chosen by the analyst. 

According to Sims (2011), the forecast error of a variable at time t is the change in the 

variable that could not have been forecast between t-1 and t. This is primarily because of the 

realisation of the structural shocks in the system, εt . Using the notations of Sims (2011), for a 

n variable system, the total forecast error variance of a variable i at horizon h is: 

 Ωi (h) = Ʃ
h

k=0 Ʃ 
n
j=1 Ci,j (k)

2 .................................................................................... 
Eq(56 ) 

where, C(L) = A (L)
-1

B to be the matrix polynomial of structural moving average 

coefficients, A (L)
-1

 is the inverted AR process, K = 0,1,2,……..h, h = horizon of the study 

for shocks and A (L) is a matrix of lag polynomial. 
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Quantification of the shock in explaining the variation in each variable in the system amounts 

to the fraction or proportion of the forecast error variance of each variable due to each shock 

at each horizon (Sims, 2011). The forecast error variance of variable i due to shock j at 

horizon h is: 

 ωij (h) =  𝐶
𝑘=0 i,j (k)

2
… ........................................................... Eq (57) 

Then the fraction of the forecast error variance of variable i due to shock j at horizon h is the 

above equation (57 ) divided by the total error variance in equation ( 56), is: 

Φi,j (h) = 
𝜔𝑖 ,𝑗  ()

𝛺𝑖()
 =

 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑒𝑟𝑟𝑜𝑟𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒𝑜𝑓𝑖𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒

𝑡𝑜𝑡𝑎𝑙𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑒𝑟𝑟𝑜𝑟𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒
 

 = 
𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 57

𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 56
 = 

 𝐶
𝑘=0 𝑖 ,j (k)2

  𝐶𝑖 ,𝑗
𝑛
𝑗=1


𝑘=0 (k)2

  ....................................................... Eq(58) 

here, it is assumed that the shocks have unit variance and are uncorrelated. 

3.14. Summary: 

In sum, in measuring the integration of domestic financial markets and to test the hypothesis 

under this study, this research used the mythology, step by step, recommended by the 

eminent scholars of econometrics and statistics below: 

Step 1: This study transformed the series by taking natural logarithm at level data to eliminate 

the seasonality, if any, of the time series data used in the study (Brockwell and Davis, 2016, 

Gopinathan and Durai,2019)  

Step 2: To identify the order of integration of the time series, ADF (Said and Dickey, 1984,), 

ADF-GLS (Elliot, Rothenberg and Stock, 1996 ) and Ng-Perron tests (Ng and Perron, 1995, 

2001) tests are used. 
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Step 3: The optimum leg order of the VAR process is identified by the information criteria, 

namely, AIC (Akaike1974), BIC (Schwarz 1978 ), HQC (Hannan, and Quinn 1979 ) and FPE 

(Hsiao 1979, 1981). 

Step 4: To test the first null hypothesis of this study i.e., Indian domestic markets namely 

stock, money and foreign exchange market are not integrated, the study used the process 

recommended by Johansen and Juselius (1990) and Johansen (1991,1995) . In this process 

this study also attempted to identify the number of cointegrating rank, if any, deterministic 

trend ,long-run equilibrium relationship, short-run dynamics and also attempted to identify 

the markets which are in the co integrating space , the structural stability of the model etc., 

with the methodologies suggested by the scholars. 

Step 5: To test the second null hypothesis, that is, past values of none of the Indian domestic 

markets, under the study , influence the future values of other markets , this study attempted 

to apply the test suggested by Granger(1969,1981,1988) . 

Step 6: The 3
rd

 null hypothesis ,that is, all the sample domestic markets would remain rigid 

over the future periods of time, is tested with the help of impulse response analysis and 

forecast error variance decomposition analysis. 

The time series literature is growing very fast hence the recommended mythologies used in 

this thesis are obviously not free from limitations. 
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