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Abstract
Purpose – The purpose of this study is to attempt to analyze Granger causality in the frequency
domain framework between producers’ prices measured by wholesale price index (WPI) and
consumers’ prices measured by consumer price index (CPI) in the context of India.
Design/methodology/approach – Analysis was carried out in the framework of time series and for
analysis Johansen and Juselius’s maximum likelihood approach for cointegration was applied after
confirming that variables are integrated of order one, i.e. I(1) through the Lee and Strazicich unit root
test. Finally, Granger causality was tested in the frequency domain by utilizing a recently developed
approach of Lemmens et al. over the period January 1957-February 2009.
Findings – The paper finds that CPI Granger cause WPI at a lower, intermediate as well as higher
levels of frequency, reflecting very long-run, intermediate as well as short-run cycles. By contrast WPI
Granger cause CPI at 5 percent level of significance was found at intermediate frequencies, reflecting
significant intermediate cycles.
Research limitations/implications – The study reveals that CPI is a leading indicator of
producers’ prices and inflation (i.e. WPI). This gives an indication that Indian policy analysts ought to
control for factors affecting CPI in order to have control on WPI since WPI is used for making various
macroeconomic indicators in real terms.
Originality/value – The main contribution of the paper is to show the evidence of bidirectional
causality between WPI and CPI. Furthermore, use of a recent approach developed by Lemmens et al. for
Granger causality in the frequency domain in this study is also relatively new. To the best of the author’s
knowledge there is no such study in this area either for developed or developing economy to date.
Keywords Consumer price index, Wholesale price index, Granger causality, Cointegration,
Frequency domain, Structural change, Retail price index, Wholesaling
Paper type Research paper

1. Introduction
There have been a number of studies to identify the causal direction between
consumers’ prices and producers’ prices. This is particularly because these prices are
used for various purposes, for example, these indices help in constructing national
income and product account measures (Cecchetti et al., 2009). Producers’ prices
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The author is thankful to the two anonymous referees and the co-editor for useful comments
and suggestions on an earlier draft of the paper. He is, however, solely responsible for any
remaining errors.

Indian Growth and Development
Review
Vol. 5 No. 2, 2012
pp. 151-172
q Emerald Group Publishing Limited
1753-8254
DOI 10.1108/17538251211268071

IGDR
5,2

152

(particularly the wholesale price index (WPI)) are used to convert nominal data series
into real terms in order to examine real performance of macroeconomic indicators.
These real data series are used in various research works either by the independent
researchers, or some agency- or project-based research. Finally, policy implications
derived from the research are adopted by the government or monetary authority of a
nation in some way or other that ultimately affects the development process of an
economy and welfare of society. For example, the central bank of a country tries to
stabilize inflation through its monetary policy because a hike in inflation will reduce
the purchasing power of the general population, especially the middle income and poor
segments, and hence influence its economic wellbeing (Rao and Bukhari, 2011). This
will ultimately reduce the welfare of society and harm the development process of the
nation. Hence, in such a situation the question of the direction of Granger causality
(GC) between consumers’ prices and producers’ prices should be answered. Not only
that, but there may also be a situation where one-shot measure of GC (either developed
in a linear and/or nonlinear framework) might be unable to give a possibly true answer
as, for different frequency bands, the direction of GC may vary. It is also important to
note that the traditional GC test only measures precedence and information content,
but does not indicate causality in its conventional sense (Tiwari, 2012). Hence, in the
present study we employed a frequency domain GC test to obtain a more reasonable
answer to the critical question faced by policy makers.
As Goyal and Tripathi (2010) argued:
[because] consumer prices are a weighted average of the prices of domestic and of imported
consumption goods, and producer prices feed into final consumer prices, wholesale price
inflation should cause consumer price inflation.

They further added that there should also be a long-term relationship among between
consumer and wholesale price inflation and the exchange rate. According to the
traditional view, the WPI leads the consumer price index (CPI) and this transmission
mechanism has been discussed in Shahbaz et al. (2010). To explain the causal
relationship running from wholesale price to consumers’ prices Cushing and McGarvey
(1990)[1] have developed theoretical basis. They argued that since primary goods are
used as input with a lag period in the production process of consumption goods
wholesale prices will lead consumer prices independently. Hence, from the above
arguments it is proved that WPI may Granger cause CPI. These kinds of dynamics
appear particularly when the transmission mechanism moves from the supply side or
production processes to the demand side or consumption behavior. There are several
reasons to support this argument. For example, since the retail sector adds value with a
lag to existing production and uses existing domestic or imported materials as
production input, the price of final consumer goods will depend on the price at which raw
materials, or what is called production inputs, are purchased. Further, the price of
production inputs depends on domestic demand and supply of the production inputs in
the one hand and imported inputs on the other. Hence price of production inputs in turn
depends on the prices of the imported goods, the nominal exchange rate, the level of
indirect taxes, the marginal cost of retail production and interest rates.
However, in contrast to this wisdom Colclough and Lange (1982) claimed that the
causal relationship from CPI to WPI did not receive much attention in the literature.
They developed a building block from the theory of derived demand to demonstrate

a situation wherein WPI may Granger cause CPI. The authors argued that, since
demand for inputs are determined by demand for final goods and services between
competing utility items, this indicates that opportunity cost of resources and
intermediate materials is reflected by the production cost that influences the demand for
final goods and services. This argument implies that CPI should determine or affect
WPI. Further, Cushing and McGarvey (1990) assumed that demand for primary goods
depends on expected future prices of consumer goods. This assumption implies that
current demand and past expectations of current demand determine consumer price, and
expected future demand determines producer price. Changes in the demand for final
goods have an impact on input prices; therefore CPI leads to WPI. Furthermore,
development was made by Caporale et al. (2002) in this direction. They documented that
CPI may Granger cause WPI through the labor supply channel, which may also reflect
through supply shocks in the labor market provided that wage earners in the wholesale
sector want to preserve the purchasing power of their incomes. This effect occurs with
a lagged period, and it probably depends on the nature of wage-setting process along
with expectations of machinery formation. Hence Cushing and McGarvey (1990)
developed a generalized approach that explains the bidirectional causal relationship.
That is due to a lag period in the production process of consumption goods wholesale
prices leading consumer prices and a change in the current demand having an impact on
input prices and therefore providing evidence that CPI leads WPI.
Hence, we find that, theoretically, CPI may Granger cause WPI or WPI may Granger
cause CPI or both (CPI and WPI) may Granger cause each other. However, empirical
evidence has been inconclusive in regard to this. Further, for example, when the
transmission mechanism moves from the supply side to the demand side with various
frequencies (which are the real world case) the empirical evidence and policy
recommendations based on one-shot measure of GC are truly misleading. Further, GC
measures precedence and information content, but does not indicate causality in its
conventional sense (Tiwari, 2012). Importantly, the extent and direction of causality
differs between frequency bands (Granger and Lin, 1995). Hence, in this study, by
utilizing frequency domain approach of GC we are trying to obtain a more reasonable
answer to this real world problem. Therefore, this study has made an attempt to
investigate whether in India CPI Granger causes WPI or WPI Granger causes CPI or
both causes one another at different frequencies.
The rest of the paper is organized as follows. Section 2 presents a brief review of
literature followed by methodology adopted in this paper for analysis and a data
source in Section 3. Section 4 presents data analysis and Section 5 concludes.
2. A brief review of literature
The studies analyzing the relation between CPI and WPI using time series techniques
have found some kind of stable relationship between the two series because of
inter-linkages between the wholesale market and the retail market. Guthrie (1981) used
percentage monthly change for the US economy in the WPI and the CPI from January
1947 to December 1975 for analysis. Guthrie also divided the entire period into two equal
five-year periods, 1966-1970 and 1971-1975. The author found that there is a relationship
between changes in WPI and changes in CPI, and that this relationship can be described
by a Pascal distributed lag model. Additionally, the author also documented that WPI
changes take longer to work themselves into CPI changes than they did 25 years ago
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and that a longer mean response time is associated with higher rates of inflation.
Further, the author argued that the amount of effect of the WPI changes translated into
CPI changes has also increased over the years, although this rate is not studied
universally for all the time periods. Jones (1986), by using Wald test of GC for the
US economy for the period January 1947-December 1983 and also for two sub periods
( January 1947-June 1971 and May 1974-December 1983), found evidence of bidirectional
causality between WPI and CPI. Further, Jones recommended that for a bivariate model
consisting of CPI and WPI simultaneous equation approach is the appropriate way to
estimation. Cushing and McGarvey (1990) indicated that feedback from WPI to CPI is
greater than that from CPI to WPI for the period from January 1952 through
December 1987 in the USA by using the Engle-GC test. The authors concluded that the
magnitude of feedback from producer to consumer prices is greater than that from
consumer to producer prices, to the extent that a one-sided Granger causal pattern can be
assumed, as consumer prices have very little incremental power. They also argued that
the addition of the money supply does not produce significant changes, the feedback
from producer to consumer prices still dominates, and that such a causal ordering is
perfectly consistent with a flexible price model with strong demand effects. Clark (1995)
examined relationships between PPI and CPI by using VAR forecasting models over the
period 1959:Q2-1994:Q4 in the USA. His analysis revealed that changes in PPI did not
systematically help to predict CPI changes. In other words pass-through effect between
PPI and CPI is weak. Caporale et al. (2002) investigated the causality issue using
Toda and Yamamoto (1995) for G7 countries for the period January 1976-April 1999.
The authors found that PPI led CPI in France and Germany and that in the USA it was
other way around, i.e. CPI led PPI. Further, for cases of Italy, Japan and the UK feedback
relations were found and for Canada the direction of causality was not recognized.
Further, Caporale et al. (2002) claimed that bidirectional causality only exists when the
causality links reflecting the monetary transmission mechanism are ignored. Akdi et al.
(2006) investigate the long- and the short-run relationships between the CPI and the WPI
using Turkish data for the period January 1987-August 2004. Their findings suggest
that the conventional tests of Engle and Granger (1987) and Johansen (1988) give mixed
results. They also employed the periodogram method to test whether there is a
cointegrating relationship between two indices. Results of the periodogram method
suggest that there is no cointegration between PPI and CPI in Turkey. Moreover, they
found a short-run relationship between WPI and CPI in Turkey. Ghazali et al. (2008)
examined the Granger causal relationship between CPI and producer price index (PPI) in
Malaysia by using monthly data from January 1986 to April 2007. The authors utilized
Johansen’s cointegration method to test for cointegration and both Engle Granger and
Toda-Yamamoto causality tests were used to find the Granger causal relationship.
The author found that there is long-run equilibrium relationship between these two
variables and there is unidirectional causality running from PPI to CPI. Shahbaz et al.
(2009) investigated the relationship between PPI and CPI using monthly data
(1992M1-2007M6) for Pakistan. The authors employed autoregressive distributed lag
(ARDL) bounds testing and the Johanson cointegration approach to determine the
long-run relationship between PPI and CPI. The authors also used Toda and
Yamamoto’s (1995) approach to determine causality between PPI and CPI. Their results
have verified the existence of a long-run relationship between producer and consumer
prices. They also found that there is bidirectional causality, but it is stronger from

producer to consumer prices. Sidaoui et al. (2009) examined the causal relationship
between producer prices and consumer prices for Mexico for the period February
1994-June 2009. The authors utilized the methodology proposed by Engle and Granger
(1987) to test for cointegration and vector error correction for testing the causality
direction and finally they utilized out-of-sample GC test for forecasting purpose. Their
study shows cointegration between the variables. The authors concluded (based on
in-sample and out-of-sample tests of GC, using an error correction model) that, in the case
of Mexico, information on the PPI seems to be useful to improve forecasts of CPI
inflation. In particular, CPI inflation responds significantly to dis-equilibrium errors
with respect to the long-run relationship between consumer and producer prices.
Shahbaz et al. (2010) used ARDL bounds testing and Johansen’s approach to test for the
existence of a long-run relationship for Pakistani economy during the period 1992-2007
with monthly frequencies. The causality was detected by utilizing Toda and
Yamamoto’s (1995) approach between WPI and CPI. The authors found evidence of
cointegration between WPI and CPI based on the ARDL bounds testing and Johansen’s
framework. Furthermore, the causality test based on Toda and Yamamoto (1995) clearly
showed that there prevails a bidirectional causal relationship between WPI and CPI, and
that its behavior running from WPI to CPI is comparably stronger. Akçay (2011)
examined the causal relationship between PPI and CPI for the five selected European
countries, using seasonally adjusted monthly data from August 1995 to December 2007.
The author employed Toda and Yamamoto’s (1995) causality test approach to investigate
causality and found a unidirectional causality running from PPI to CPI in Finland and
France, bidirectional causality between two indices in Germany and no significant
causality in the case of The Netherlands and Sweden. Rao and Bukhari (2011) also
examined the causal relation between WPI and CPI by using monthly data for the period
1978-2010. Their empirical exercise confirmed the presence of long-run relation between
both variables. Furthermore, they document that short-run changes are temporary
and both series converge to long-run stable equilibrium with CPI as an appropriate
indicator of inflation.
In the case of the Indian economy, Samanta and Mitra (1998) applied cointegration and
GC tests for two sub periods: April 1991-April 1995 and May 1995-May 1998. A stable
long-run relationship between CPI and WPI existed during 1991-1995, but not thereafter.
On the other hand Shunmugam (2009) examined the time lag with which CPI responds to a
change in WPI, the causal relationship between the two series, and if they are cointegrated
in the long run, over 1982-2009, and for pre- and post-liberalization periods for India.
Shunmugam (2009) found evidence of cointegration over the entire period of study but in
the pre- and post-liberalization period evidence of cointegration was not found. Goyal and
Tripathi (2010) extended these two literatures available for the Indian economy, including
other important variables (such as exchange rate) affecting WPI and CPI and found
evidence of both long- and short-run relationships. They also evaluated the existence of
structural breaks and utilized a variety of indices. The authors found that: WPI inflation
(primary articles) Granger causes CPI (all commodities) inflation; CPI (all commodities)
inflation Granger causes WPI (general) inflation; CPI inflation (food) Granger causes WPI
(general) inflation; CPI (all commodities) inflation Granger causes WPI (manufactured
goods) at 10 percent significance level; CPI inflation (food) Granger causes WPI
(manufactured goods) inflation; WPI (fuel) inflation Granger causes WPI (manufactured
goods) inflation; and exchange rate change Granger causes CPI food inflation.

Wholesale price
and CPIs

155

IGDR
5,2

156

It is worth noting that most previous studies are limited in scope to the applications
of linear models. However, economic events and regime changes such as changes in
economic environment, changes in monetary and/or fiscal policy can cause structure
changes in the pattern of inflation (i.e. WPI and/or CPI) for a given time period under
study. This creates a room for a nonlinear rather than linear relationship between WPI
and CPI. Therefore, in the present study we made an attempt to analyze the issue in the
nonlinear framework by using a recently developed nonparametric approach of
Lemmens et al. (2008). Use of this approach allows us to decompose the GC in the
frequency domain. In frequency domain, the key idea is that a stationary process can
be described as a weighted sum of sinusoidal components with a certain frequency v.
As a result, one can analyze these frequency components separately. This analysis will
make it possible to determine whether the predictive power is concentrated at the
quickly fluctuating components or at the slowly fluctuating components. As such,
instead of computing a single GC measure for the entire relationship, the GC is
calculated for each individual frequency component separately. Thus, the strength
and/or direction of the GC can be different for each frequency. To the best of our
knowledge, the analysis of GC between CPI and WPI has not yet been explored in the
frequency domain either for the developing, or the developed country context.
3. Data source and methodology
For the analysis we obtained data of WPI and CPI from the IMF (2010) CD ROM with
monthly observations covering the period January 1957-February 2009.
3.1 Linear cointegration analysis
Prior to testing for a long-run cointegration relationship between the time series, it is
necessary to test for their order of integration and establish that they are integrated in
the same order. The unit root test performed here is that of Phillips and Perron (1988)[2]
and robustness is checked through Lee and Strazicich’s (2003, 2004) unit root test,
which incorporates endogenously determined structural breaks in the data. The most
popular approach to linear cointegration analysis is Johansen’s framework (Johansen
and Juselius, 1990). In this study, consider a two-dimensional VAR ( p) time series xt
with possible time trend and the model is defined by:
xt ¼ ht þ f 1 xt21 þ · · · þ fp xt2p þ jt

ð1Þ

where the error term, jt is assumed to be Gaussian, ht is a two-dimensional vector of
constants and xt is an integrated process of order 1, i.e. I(1). Since xt is nonstationary, an
error-correction model (ECM) for the VAR ( p) process is:
Y
Dxt ¼ ht þ xt21 þ f*1 Dxt21 þ · · · þ fp21 xt2pþ1 þ jt
ð2Þ
P
Q
where f*j ¼ 2 pi¼iþ1 fi ; j ¼ 1; . . . ; p 2 1 and
¼ fp þ fp21 þ · · · þ f1 2 I ¼
Q
2fð1Þ. The termQ xt2 1 in equation (2) is referred as the error-correction term, where
the coefficient,
contains information about long-run relationships between the
variables.
Three
cases
are of interest in considering the ECM in equation (2). If rank
Q
Q
The ECM model is
( ) ¼ 2, the matrix
has full rank and xt is stationary.
Q
not informative
and xt can be studied directly. If rank ( ) ¼ 0, this implies that the
Q
matrix
is a null matrix and xt is not cointegrated. Then equation (2) corresponds

Q
to a traditional differenced vector time series
Finally, if rank ( ) ¼ 1, there
Q model.
exists one cointegrating vector; in this case, ¼ ab 0 , where a and b are 2 £ 1 matrices.
This means that xt is cointegrated with one linearly independent cointegrating vector
and equation (2) can be interpreted as an ECM.
The likelihood ratio (LR) test for the hypothesis of r cointegrating vectors is proposed
by Johansen (1988). The cointegrating rank, r, can be tested with two statistics, namely
trace and maximal eigenvalue. However, Cheung and Lai (1993) suggested that the trace
test shows more robustness to both skewness and excess kurtosis in the residuals than
the maximal eigenvalue test. Hence, we are guided by the trace statistic.
The limiting distributions of cointegration tests depend on the deterministic function
mt in the dynamic model. The choice of the appropriate specification was based on the
Pantula principle (Johansen, 1992, 1995). The Pantula principle[3] chooses both the
correct rank order and the deterministic component. This principle can be summarized
as follows. Three models are estimated and the results are presented from the most
restrictive to the least restrictive alternative. The models employed are Model 2, which
includes intercept in the cointegration relation, Model 3, which allows deterministic
trends in level, and Model 4, which allows for trend in the cointegration space. The test
procedure then is to move through from the most restrictive model to the least and at
each stage compares the trace test statistic to its critical value. The selection process only
stops at the first instance where the null hypothesis is not rejected.
3.2 Motivation and approach of causality analysis in the frequency domain
Analysing time series in frequency domain, i.e. spectral analysis could be helpful in
supplementing the information obtained by time-domain analysis (Granger, 1969;
Priestley, 1981). Spectral analysis highlights the cyclical properties of data. In our study,
we follow the bivariate GC test over the spectrum proposed by Lemmens et al. (2008).
They have reconsidered the original framework proposed by Pierce (1979) and proposed
a testing procedure for Pierce’s spectral GC measure. This GC test in the frequency
domain relies on a modified version of the coefficient of coherence, which they estimate
in a nonparametric fashion, and for which they derive the distributional properties.
It is noteworthy that the Granger (1969) approach to the question of whether variable
X causes variable Y is to determine how much of the current variable Y can be explained
by past values of variable Y, and then to see whether adding lagged values of variable
X can improve the explanation. In other words, variable Y is said to Granger cause
variable X if variable X helps in the prediction of variable Y, or if the coefficients on
the lagged values of variable X are statistically significant[4]. However, Tiwari (2012)
documented that one-shot GC test only measures precedence and information content,
but does not indicate causality in its conventional sense. Further, Granger and Lin (1995)
documented that the extent and direction of causality differs between frequency bands.
Lemmens et al. (2008) argued that a stationary series is effectively the sum of
uncorrelated components, each of which is associated with a single frequency ordinate,
and allows the full causal relationship to be decomposed by frequency. The traditional
approach to GC tacitly ignores the possibility that the strength and/or direction of the GC
(if any) can vary over different frequencies (Lemmens et al., 2008). Granger (1969)
suggested that a spectral-density approach would give a better and more complete
picture than a one-shot GC measure that is supposed to apply across all periodicities (for
example, in the short run, over the business-cycle frequencies, and in the long run).
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Therefore, in the study we have adopted the Lemmens et al. (2008) approach to GC to use
in the frequency domain[5]. Their work is based on spectral-density approach, which is
slightly different from the other approaches such as the partial directed coherence (PDC)
measure. The approach provides an elegant interpretation of the frequency domain GC
as a decomposition of the total spectral interdependence between two series (based on
the bivariate spectral density matrix, and directly related to the coherence) into a sum of
“instantaneous”, “feedforward” and “feedback” causality terms. The innovativeness of
this measure of GC is that it can be applied across all periodicities (for example, in the
short run, over the business-cycle frequencies, and in the long run) and hence, one can get
to know exactly for which periodicity one variable can Granger cause the other, which the
popular one-shot measure of GC test (developed either in linear or nonlinear framework)
fails to measure (Tiwari, 2012). This approach is important in our application because of
few concerns. For example, if we follow theoretical basis of Cushing and McGarvey (1990),
which says that primary goods are used as input with lag period in production process of
consumption goods and hence wholesale prices leads consumer prices. However, in this
case what is the lag period is not defined. Of course, this lag will not be same in each
production cycle and it will create a non-linear lead-lag relationship between WPI and CPI.
Apart from that, as consumer prices are a weighted average of the prices of domestic and
imported consumption goods, which of course will not be constant or growing with some
constant rate and hence, create a nonlinear feed-back relationship. Hence, we hope use of
Lemmens et al.’s (2008) approach might be able to handle these inconsistencies in the
lead-lag relationship between WPI and CPI and give reasonably fair results.
Lemmens et al.’s (2008) approach can be defined as follows.
Let Xt and Yt be two stationary time series of length T. The goal is to test whether
Xt Granger cause Yt at a given frequency l. Pierce’s (1979) measure for GC in the
frequency domain is performed on the univariate innovations series, ut and vt, derived
from filtering the Xt and Yt as univariate ARMA processes, i.e.:
Qx ðLÞX t ¼ C x þ F x ðLÞut

ð3Þ

Qy ðLÞY t ¼ C y þ F y ðLÞvt
x

y

ð4Þ
x

y

where Q ðLÞ and Q ðLÞ are autoregressive polynomials, F ðLÞ and F ðLÞ are moving
average polynomials and C x and C y potential deterministic components. The obtained
innovation series ut and vt, which are white noise processes with zero mean, possibly
correlated with each other at different leads and lags. The innovation series ut and vt,
are the series of importance in the GC test proposed by Lemmens et al. (2008).
Let Su(l) and Sv(l) be the spectral density functions, or spectra, of ut and vt at
frequency l [ [0,p ], defined by:
1
1 X
S u ðlÞ ¼
gu ðkÞe 2ilk
ð5Þ
2p k¼21
S v ðlÞ ¼

1
1 X
gv ðkÞe 2ilk
2p k¼21

ð6Þ

where gu ðkÞ ¼ Covðut ; ut2k Þ and gv ðkÞ ¼ Covðvt ; vt2k Þ represent the autocovariances of
ut and vt at lag k. The idea of the spectral representation is that each time series may
be decomposed into a sum of uncorrelated components, each related to a particular

frequency l[6]. The spectrum can be interpreted as a decomposition of the series
variance by frequency. The portion of variance of the series occurring between any two
frequencies is given by area under the spectrum between those two frequencies.
In other words, the area under Su(l) and Sv(l), between any two frequencies l and
l þ dl, gives the portion of variance of ut and vt, respectively, due to cyclical
components in the frequency band (l,l þ dl).
The cross spectrum represents the cross covariogram of two series in frequency
domain. It allows determining the relationship between two time series as a function of
frequency. Let Suv(l) be the cross spectrum between ut and vt series. The cross spectrum
is a complex number, defined as:
1
1 X
guv ðkÞe 2ilk
ð7Þ
S uv ðlÞ ¼ C uv ðlÞ þ iQuv ðlÞ ¼
2p k¼21
where Cuv(l) is called cospectrum and Quv(l) is called quadrature spectrum andpﬃﬃﬃﬃﬃﬃ
are,ﬃ
respectively, the real and imaginary parts of the cross-spectrum and i ¼ 21.
Here guv ðkÞ ¼ Covðut ; vt2k Þ represents the cross-covariance of ut and vt at lag k. The
cospectrum Quv(l) between two series ut and vt at frequency l can be interpreted as the
covariance between two series ut and vt which is attributable to cycles with frequency l.
The quadrature spectrum looks for evidence of out-of-phase cycles (Hamilton, 1994, p. 274).
The cross-spectrum can be estimated non-parametrically by:
(
)
M
X
2ilk
^Suv ðlÞ ¼ 1
wk g^uv ðkÞe
ð8Þ
2p k¼2M
d ðut ; vt2k Þ the empirical cross-covariances, and with window weights
with g^uv ðkÞ ¼ COV
wk, for k ¼ 2M, . . . , M. Equation (8) is called the weighted covariance estimator, and the
weights wk are selected as, the Bartlett weighting scheme, i.e. 1 2 jkj/M. The constant M
determines the maximum lag order considered. The spectra of equations (5) and (6) are
estimated in a similar way. This cross-spectrum allows us to compute the coefficient of
coherence huv(l) defined as:
jS uv ðlÞj
huv ðlÞ ¼ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
S u ðlÞS v ðlÞ

ð9Þ

Coherence can be interpreted as the absolute value of a frequency specific correlation
coefficient. The squared coefficient of coherence has an interpretation similar to the R 2 in a
regression context. Coherence thus takes values between 0 and 1. Lemmens et al. (2008)
have shown that under the null hypothesis huv(l) ¼ 0, the estimated squared coefficient of
coherence at frequency l, with 0 , l , p when appropriately rescaled, converges to a
x 2-distribution with two degrees of freedom[7], denoted by x 22:
2
d
2ðn 2 1Þh^ uv ðlÞ!x22
d

where ! stands for convergence in distribution, with:
n ¼ P

T

M
k¼2M

w2k



ð10Þ
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The null hypothesis huv(l) ¼ 0 versus huv(l) . 0 is then rejected if:
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2
x 2;12
a
h^ uv ðlÞ .
2ðn 2 1Þ

ð11Þ

2
2
with x 2;12
a being the 1 2 a quantile of the x -distribution with two degrees of freedom.
The coefficient of coherence in equation (9) gives a measure of the strength of the linear
association between two time series, frequency by frequency, but does not provide any
information on the direction of the relationship between two processes. Lemmens et al.
(2008) have decomposed the cross-spectrum (equation (5)) into three parts: S u,v , the
instantaneous relationship between ut and vt; S u)v , the directional relationship between vt
and lagged values of ut; and S v)u , the directional relationship between ut and lagged
values of vt, i.e.:

S uv ðlÞ ¼ ½S u,v þ S u)v þ S v)u 
"
#
21
1
X
X
1
2ilk
2ilk
guv ð0Þ þ
guv ðkÞe
þ
guv ðkÞe
¼
2p
k¼21
k¼1

ð12Þ

The proposed spectral measure of GC is based on the key property that ut does not
Granger cause vt if and only if guv ðkÞ ¼ 0 for all k , 0. The goal is to test the predictive
content of ut relative vt to which is given by the second part of equation (12), i.e.:
"
#
21
X
1
2ilk
S u)v ðlÞ ¼
guv ðkÞe
ð13Þ
2p k¼21
The Granger coefficient of coherence is then given by:
jS u)v ðlÞj
hu)v ðlÞ ¼ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
S u ðlÞS v ðlÞ

ð14Þ

Therefore, in the absence of GC, hu)v ðlÞ ¼ 0 for every l in [0,p ]. The Granger coefficient
of coherence takes values between zero and one, Pierce (1979). Granger coefficient of
coherence at frequency l is estimated by:


^

Su)v ðlÞ
^hu)v ðlÞ ¼ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ ;
ð15Þ
S^ u ðlÞS^ v ðlÞ
with S^ u)v ðlÞ as in equation (8), but with all weights wk ¼ 0 for k $ 0. The distribution of
the estimator of the Granger coefficient of coherence is derived from the distribution of the
coefficient of coherence equation (10). Under the null hypothesis h^ u)v ðlÞ ¼ 0, the
distribution of the squared estimated Granger coefficient of coherence at frequency l,
with 0 , l , p is given by:
2

d

2ðn0 2 1Þh^ uv ðlÞ!x22
where n is now replaced by:

ð16Þ

n0 ¼ P

T
21
k¼2M

wk2
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Since the wks’, with a positive index k are set equal to zero when computing S^ u)v ðlÞ in
effect only the wk with negative indices are taken into account. The null hypothesis
h^ u)v ðlÞ ¼ 0 versus h^ u)v ðlÞ . 0 is then rejected if:
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
x 22;12a
ð17Þ
h^ u)v ðlÞ .
2ðn0 2 1Þ
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Afterward, we compute the Granger coefficient of coherence given in equation (15) and
test the significance of causality by making use of equation (17).
4. Data analysis and empirical findings
First of all, descriptive statistics of variables[8] have been analyzed to see the sample
property, and Pearson’s correlation analysis is conducted to see whether there is any
evidence for co-movement of both series[9]. We found that correlation is very high and
its value is 0.99. In the next step, stationary property of the data series of all test
variables was tested through PP test and results are reported in Table I.
Table I reports that both variables have unit root at their level form while they are
stationary at their first differenced form. Further, we analyzed the stationarity
property of both the variables by using a powerful unit root test proposed by
Lee and Strazicich (2003, 2004) of two breaks and one break, respectively. Results of the
Lee and Strazicich (2003, 2004) unit root test are reported in Table II.
It is evident from Table II that either we incorporate one or two breaks in
the crash model or trend break model of Lee and Strazicich (2003, 2004) specification.
We found evidence of two structural breaks in both the test series and both series are
non-stationary in the level form but stationary in first difference form. Hence, there is
strong evidence of the unique order of integration which allows us to proceed with
cointegration analysis. Results of cointegration analysis are presented in Table III.
With application of the Pantula principle (and using different lag selection
creation) we found that both series do not have a cointegration relationship, which is a
surprising finding[10]. However, standard cointegration techniques are biased
towards accepting the null of no cointegration and if there is a structural break in the
relationship, as Kunitomo (1996) mentioned, these tests may produce

Variables
ln CPIt
Dln CPIt
ln WPIt
Dln WPIt

PP test: constant model
T-calculated
Prob.-value
0.100834(6)
2 14.00179(21)
2 0.475588(5)
2 15.98997(13)

0.9656
0.0000
0.8931
0.0000

PP test: constant and trend model
T-calculated
Prob.-value
2 2.416046(5)
2 13.91194(22)
2 1.848101(5)
2 15.97889(13)

0.3707
0.0000
0.6800
0.0000

Note: The figures in parentheses are the bandwidth for the PP unit root test determined by the
Schwert (1989) formula
Source: Author’s calculation

Table I.
Estimation of unit
root tests

Table II.
Results of Lee and
Strazicich unit root test
with one and two
structural breaks

TB1

23.6281
25.4107 * *
23.2734
25.5962 * *
24.7200
29.1790 * *
25.6388
28.7213 * *

August 1996
January 1998
October 1998
July 1980

21.9613
25.2706 * *
21.8252
24.9864

December 1999
November 1996
June 1976
December 1996
–
–
–
–

21.8442
25.0223 *
21.7439
24.7324 *

St2 1

–
–
–
–

TB2

24
23
24
23

24
23
24
23

24
23
24
23

24
23
24
23

k

–
–
–
–

20.0114 (21.3866)
0.0520 * * (6.1552)
20.0167 (21.7348)
0.0643 * * (6.1613)

20.0038 (20.4785)
20.0200 * (22.4706)
0.0038 (0.3899)
0.0189 (1.8679)

20.0033 (20.4150)
20.0400 * * (24.8276)
20.0046 (20.4904)
20.0261 * (22.6208)

–
–
–
–

(0.9495)
(0.3541)
(1.7977)
(21.0878)

Bt2

20.0115 (21.4266)
0.0079
0.0137 (1.6917)
0.0028
20.0205 (22.0477)
0.0176
20.0046 (20.4698)
20.0105
Model 2: trend break model

20.0115 (21.4215)
0.0027 (0.3413)
20.0203 (22.0211)
0.0143 (1.4577)

Model 1: crash model

Bt1

(2.5396)
(4.4916)
(1.5315)
(24.6769)
(3.6145)
(28.5707)
(5.4946)
(28.7307)

0.0034 *
0.0074 * *
0.0023
20.0070 * *
0.0029 * *
20.0192 * *
0.0100 * *
20.0258 * *

–
–
–
–

–
–
–
–

Dt1

–
–
–
–

–
–
–
–

–
–
–
–

Dt2

0.0001 (0.0559)
0.0169 * * (8.6137)
20.0047 * * (24.4737)
0.0206 * * (8.5646)
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Notes: Statistical significance at: *5 percent and * *1 percent levels; Model 1 presents results for univariate LM unit root test with one structural break in intercept/
constant only and Model 2 presents results for univariate LM unit root test with one structural break in intercept/constant and trend; TB1 and TB2 – dates of the
structural breaks; k – lag length; St2 1 – LM test statistic; Bt1 and Bt2 – dummy variables for the structural breaks in the intercept; Dt1 and Dt2 – dummy variables
for the structural breaks in the slope; figures in parentheses are t-values; critical values of St2 1 of both test (that is when breaks occur intercept and intercept and
trend jointly are reported in Lee and Strazicich (2003, 2004)) two-break and one-break cases, respectively
Source: Author’s calculation

One break case
LnCPI
October 1992
D(LnCPI)
October 1964
lnWPI
July 1992
D(lnWPI)
August 1967
Two break case
LnCPI
December 1975
D(LnCPI) December 1967
lnWPI
August 1973
D(lnWPI) December 1973

One break case
LnCPI
July 1973
D(LnCPI) November 1996
lnWPI
June 1969
D(lnWPI)
May 1964
Two break case
LnCPI
July 1973
D(LnCPI)
July 1974
lnWPI
June 1969
D(lnWPI) November 1982

Series
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“spurious cointegration results”. As we have seen from the unit root results, both
variables have been the subject of structural changes, and the cointegration test must be
based on structural breaks. It is noteworthy that the cointegration test based on
exogenously determined structural breaks may also therefore not provide fruitful
results; we apply the Gregory and Hansen (1996) cointegration procedure that allows for
an endogenously determined structural break in a single equation framework.
It is evident from Table IV that, with the exception of one case, null hypothesis
of cointegration is not rejected, hence leading us to conclude that there is an absence
of cointegration between WPI and CPI similar to the findings of Goyal and Tripathi
(2010). This allows us to adopt Lemmens et al.’s (2008) approach to test for GC in the
frequency domain as an appropriate method[11]. Therefore, in the next step to analyzng
GC between CPI and WPI in the frequency domain framework the entire three log
differenced variables have been filtered using auto regressive moving average (ARMA)
p
models to obtain the innovation series. We have used lag length[12] M ¼ T.
The frequency (l) on the horizontal axis can be translated into a cycle or periodicity of T
months by T ¼ 2p/l; where T is the period[13]. In order to interpret the results
of causality in frequency domain we need to model the entire frequency band that
Hypothesized (no. of CE(s))
Case 1: Ln(WPI) and Ln(CPI)
R¼0
R¼1
Case 2: Ln(WPI) and Ln(CPI)
R¼0
R¼1

Model 2

Model 3
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Model 4

VAR lag order selection criteria: SIC (Lag 2)
58.19867 (20.26184)
7.952754 (15.49471)
14.40836 (25.87211)
4.021226 (9.164546)
1.015050 (3.841466)
5.643295 (12.51798)
VAR lag order selection criteria: AIC, HQIC, FPE (Lag 8)
46.75625 (20.26184)
9.448932 (15.49471)
15.74664 (25.87211)
4.555962 (9.164546)
1.392756 (3.841466)
5.537604 (12.51798)

Note: Figures in parentheses are the 5 percent critical values of the respective test statistics
Source: Author’s calculation

Table III.
Cointegration rank and
model selection:
trace statistic

Cointegration test: Gregory-Hansen cointegration tests
Case 1: Ln(WPI) and Ln(CPI)
Case 2: Ln(WPI) and Ln(CPI)
Break in intercept: no trend
(October 1971)
Yes
Break in intercept: trend
included (August 1973)
Yes
Full structural break (October
1979)
Yes

Test
statistics (k)
23.858 (1)

Break in intercept: no trend
(October 1971)
Yes
Break in intercept: trend included
(October 1971)
23.970 (1)
Yes
25.059 * * (1) Full structural break (October 1979)
Yes

Test
statistics (k)
23.777 (1)
23.685 (1)
24.803 (1)

Notes: “k” – lag length; critical values are 25.13 and 24.61 at 1 percent and 5 percent, respectively,
for break in intercept and the no trend model; critical values are 2 5.45 and 2 4.99 at 1 percent and
5 percent, respectively, for break in intercept when the trend is included in the model and critical
values are 25.47 and 2 4.95 at 1 percent and 5 percent, respectively, for the full structural break
model; Mi (where i ¼ 1, 2, . . ., 12) denotes number of months
Source: Author’s calculation

Table IV.
Cointegration analysis
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is frequencies in the interval (0,p). In others words, the data generating process for CPI
and WPI can be divided into three time horizons, that is: short-run (range l [ (0.0,1.0)),
medium-run (range l [ (1.0,2.0)); and long-run (range l [ (2.0,3.2))[14]. These three
frequency bands/horizons correspond to cycles of six months and beyond, three months
to six months, and two months to three months, respectively. We reported results of GC
between WPI and CPI in Figures 1 and 2. These figures report the test statistics, along
with their 5 percent critical values (a line parallel to x-axis) for all frequencies (l) (which
are expressed as fraction of p) in the interval (0,p).
Figure 1, which shows the result of Granger coefficient of coherence for causality
running from CPI to WPI after filtering the variables, shows that at 5 percent level of
significance, CPI Granger cause WPI in the range l [ (0.0,0.5), l [ (1.3,1.5) as well as
1.0
Frequency (λ) = 2π/cycle length (T)
0.8
0.6
0.4
0.2
0.0
0.0

Figure 1.
GC from CPI to WPI

0.5

1.0

1.5
2.0
frequency

2.5

3.0

Note: The line parallel to the frequency axis represents the critical value for
the null hypothesis, at the 5 percent level of signifiance

Granger Coefficient of Coherence

1.0
Frequency (λ) = 2π/cycle length (T)
0.8
0.6
0.4
0.2
0.0
0.0

Figure 2.
GC from WPI to CPI

0.5

1.0

1.5
2.0
frequency

2.5

3.0

Note: The line parallel to the frequency axis represents the critical value for
the null hypothesis, at the 5 percent level of signifiance

l [ (3.0,3.2) reflecting very long-run (corresponds to 12 months and beyond),
intermediate (corresponds to five and four months), as well as short-run (corresponds to
2 months and less) cycles. Although business cycles in CPI of other different periods
corresponding to different ranges of frequencies were also evident, those were unable to
give significant evidence for prediction of WPI.
Similarly, Figure 2, which shows the result of Granger coefficient of coherence for
causality running from WPI to CPI after filtering the variables, provides evidence of GC
from WPI to CPI at 5 percent level of significance, in the range l [ (1.3,1.5) a reflecting a
significant intermediate (corresponds to five and four months) cycle. Similar to Figure 1,
in this case cycles in WPI of different periodicity corresponding to different frequency
range were also evident, but those were unable to give significant evidence to predict CPI.
5. Conclusions and policy implications
In the present study we analyzed GC between CPI and WPI for the India by using
monthly data covering the period of January 1957-February 2009. We found that both
variables are nonstationary in log level form and stationary in log first difference form,
however, application of Johansen and Juselius (1990) maximum likelihood approach and
Gregory and Hansen (1996) cointegration procedure which allows for an endogenously
determined structural break in single equation framework shows that both variables are
not cointegrated in the long run.
The finding of stationarity and cointegration between WPI and CPI is very similar to
the results of Goyal and Tripathi (2010). Our results show, for the Indian economy, that
causal and reverse causal relations between CPI and WPI vary across frequencies. We
found that CPI Granger cause WPI at a lower level of frequencies (corresponding to
business cycle of 12 months and beyond), intermediate (corresponding to business cycle
of five and four months) as well as higher frequencies (corresponding to business cycle of
two or less months). By contrast, we found WPI Granger cause CPI at 5 percent level of
significance, at intermediate frequencies reflecting significant intermediate cycles
(corresponding to a business cycle of five and four months). These findings are partially
in contrast to those of Goyal and Tripathi (2010) where the authors found that CPI (all
commodities) inflation Granger causes WPI (general) inflation. One can think of three
reasons for such a difference in the findings. First, our study is based on a large data set
vis-á-vis Goyal and Tripathi (2010). Second, use of the approach – whereas Goyal and
Tripathi (2010) used simple one-shot GC test, we used a test developed on the frequency
domain. Third, our model on the one hand suffers from the omitted variables problem
(like exchange rate), but we argue, on the other, if nonlinearity in the data was due to such
omitted variables we are able to take these into account in the approach we used.
The unique contribution of the present study lies in decomposing causality on the
basis of time horizons and demonstrating this at lower, intermediate as well as
long-run cycles from CPI to WPI and intermediate cycles from WPI to CPI. To sum up,
our findings provide evidence of unidirectional causality running from CPI to WPI for
the business cycle of 12 months and beyond and for business cycles of two
and less months. This implies that for planning purposes the Indian Government
and/or monetary authority of India (that is the Reserve Bank of India) should consider
CPI to predict WPI for one year or more or two months or less. Further, our evidence
gives support for the bidirectional causal relationship between WPI and CPI for
the business cycle of five and four months. Hence, this implies that for intermediate
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projections any of the two inflation indices can be used. These findings are very much
helpful in inflation targeting policies of RBI and CPI-based wage-indexing policies of
the government of India. Further, these results have important implications for the
India for planning of inflation related and other policies to be achieved by setting
short-term, intermediate and long-term monetary and/or fiscal policy targets. It also
suggests that by looking at this link policy makers maybe better prepared to avoid, or
at least mitigate, the negative consequences of producers’ inflation, i.e. WPI.
Theoretically our results support the supply side view of economics for the India case.
That is, we found support for the Caporale et al. (2002) argument in India which
documented that CPI may Granger cause WPI through the labor supply channel, and
which may also reflect through supply shocks in labor market provided wage earners
in the wholesale sector want to preserve the purchasing power of their incomes. This is
because of strong labor unions as well as insufficient flexibility of the Indian labor
market (for details on the labor market, see Tiwari (2010, 2011)).
Notes
1. Cushing and McGarvey (1990) concluded that the magnitude of feedback from WPI to CPI is
greater than that from CPI to WPI and, therefore, a one-sided Granger causal pattern
running from WPI to CPI can be assumed as CPI has very little incremental power. They
added that these results are robust to inclusion of the money supply, i.e. the feedback from
WPI to CPI was still higher and, therefore, such a causal ordering is perfectly consistent with
a flexible price model with strong demand effects.
2. Since PP test has advancements over DF/ADF test in the sense that whereas DF/ADF test
use a parametric autoregression to approximate the ARMA structure of the errors in the test
regression, PP test correct for any serial correlation and heteroskedasticity in the errors.
Therefore, this test is used.
3. In testing ELG hypothesis, among others who employed the Pantula principle in selecting
appropriate specification in cointegration test are Love and Chandra (2005) and
Dawson (2006).
4. Putting it differently, a process X is said to Granger cause another process Y, when the
variance of the error in forecasting future values of Y, using an (optimal) forecast based
on the observed values of both X and Y, is strictly smaller than the variance of the
prediction error, using an (optimal) forecast based only on the observed values of Y.
5. In statistics, frequency domain describes the domain for analysis of mathematical functions or
signals with respect to frequency, rather than time. A very similar definition holds for the GC,
as in the time domain. Speaking non-technically, a time-domain graph shows how a signal
changes over time, whereas a frequency-domain graph shows how much of the signal lies
within each given frequency band over a range of frequencies.
6. The frequencies l1,l2, . . . , lN are specified as follows:
2p
T
4p
l2 ¼
T
The highest frequency considered is lN ¼ 2Np/T; where N ; T/2, if T is an even number
and N ; (T 2 1)/2, if T is an odd number (Hamilton, 1994, 159 pp.).

l1 ¼

7. For the endpoints l ¼ 0 and l ¼ p, one only has one degree of freedom since the imaginary
part of the spectral density estimates cancels out.

8. Time series plot and descriptive statistics of the variables are shown in Figure A1 and
Table AI, respectively, in the Appendix. Table AI indicates that all the two variables do not
have log normal distribution and therefore, provides scope for our nonlinear analysis.
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9. Results are reported in Table AI.
10. Following Pantula principle, we move with rank ¼ 0 starting from most restrictive model to
least restrictive (that is from Model 2 to Model 4) unless null hypothesis for the first time is
not rejected. In our case, with rank ¼ 0, for the first time, the null hypothesis is not rejected
for Model 3 that implies no cointegration between the two variables.
11. It is interesting to consider the frequency domain GC test within a cointegrating framework.
However, unfortunately to the best of our knowledge there is only one test developed by
Breitung and Candelon (2006) to this end.
12. Following Diebold (2001, p. 136) we take M equal to the square root of number of
observations T.
13. The frequency (l), of a cycle is related to its period, T, measured in number of observations,
by the formula T ¼ 2p/l; p takes its usual value, i.e. p ¼ 22/7. Thus, a frequency of p/4
corresponds to a period of eight observations, or two years given the quarterly observations
and eight months for monthly observation.
14. One may consider four bands or time horizons also like very short-run (range l [ (0,0.5)),
short-run (range l [ (0.5,1.5)), medium-run (range l [ (1.5,2.5)), and long-run (range
l [ (2.5,3.2)). But in our case we prefer to consider three time horizons only. This is because
it will allow sufficient time in the production process for lag to occur and productivity shocks
to have a measurable impact so that cycles can be recognized.
15. The “t-sig” approach has been shown to produce test statistics which have better properties
in terms of size and power than information-based methods such as the Akaike Information
Criterion or Schwartz Bayesian Criterion (Hall, 1994; Ng and Perron, 1995).
16. We used conventional level of significance that is 10 percent level of significance as a
benchmark and fixed kmax ¼ 12.
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Akçay, S. (2011), “The causal relationship between producer price index and consumer price
index: empirical evidence from selected European countries”, International Journal of
Economics and Finance, Vol. 3 No. 6, pp. 227-32.
Akdi, Y., Berument, H. and Cilasun, S.M. (2006), “The relationship between different price
indices: evidence from Turkey”, Physics A, Vol. 360, pp. 483-92.
Breitung, J. and Candelon, B. (2006), “Testing for short and long-run causality: a frequency
domain approach”, Journal of Econometrics, Vol. 132, pp. 363-78.
Caporale, G.M., Katsimi, M. and Pittis, N. (2002), “Causality links between consumer and
producer prices: some empirical evidences”, Southern Economic Journal, Vol. 68, pp. 703-11.
Cecchetti, S.G., Kohler, M. and Upper, C. (2009), “Financial crises and economic
activity”, NBER Working Papers 15379, National Bureau of Economic Research,
Cambridge, MA.
Cheung, Y.W. and Lai, K.S. (1993), “Finite sample sizes of Johansen’s likelihood ratio tests for
cointegration”, Oxford Bulletin of Economics and Statistics, Vol. 55, pp. 313-28.
Clark, T. (1995), “Do producer prices lead consumer prices?”, Federal Reserve Bank of Kansas
City Economic Review, Vol. 80, pp. 25-39.

167

IGDR
5,2

168

Colclough, W.G. and Lange, M.D. (1982), “Empirical evidence of causality from consumer to
wholesale prices”, Journal of Econometrics, Vol. 19, pp. 379-84.
Cushing, M.J. and McGarvey, M.G. (1990), “Feedback between wholesale and consumer
price inflation: a reexamination of the evidence”, Southern Economic Journal, Vol. 56,
pp. 1059-72.
Dawson, P.J. (2006), “The export-income relationship and trade liberalisation in Bangladesh”,
Journal of Policy Modeling, Vol. 28, pp. 889-96.
Diebold, F.X. (2001), Elements of Forecasting, 2nd ed., South-Western College, Cincinnati, OH.
Engle, R.F. and Granger, C.W.J. (1987), “Cointegration and error correction: representation,
estimation and testing”, Econometrica, Vol. 55, pp. 251-76.
Ghazali, M.F., Yee, O.A. and Muhammad, M.Z. (2008), “Do producer prices cause consumer
prices? Some empirical evidence”, International Journal of Business and Management,
Vol. 3 No. 11, pp. 78-82.
Goyal, A. and Tripathi, S. (2010), “Extracting information on inflation from consumer and
wholesale prices and the NKE aggregate supply curve”, Indira Gandhi Institute of
Development Research (IGIDR), Working Paper No. 012.
Granger, C.W.J. (1969), “Investigation causal relations by econometric models and cross-spectral
methods”, Econometrica, Vol. 37, pp. 424-38.
Granger, C.W.J. and Lin, J.L. (1995), “Causality in the long run”, Econometric Theory, Vol. 11,
pp. 530-6.
Gregory, A. and Hansen, B. (1996), “Residual-based tests for cointegration in models with regime
shifts”, Journal of Econometrics, Vol. 70, pp. 99-126.
Guthrie, R.S. (1981), “The relationship between wholesale and consumer prices”,
Southern Economic Journal, Vol. 47, pp. 1046-55.
Hall, A.D. (1994), “Testing for a unit root in time series with pre-test data based model selection”,
Journal of Business and Economic Statistics, Vol. 12, pp. 461-70.
Hamilton, J.D. (1994), Time Series Analysis, Princeton University Press, Princeton, NJ.
Herzer, D. and Felicitas, N.-L.D. (2006), “Is there a long-run relationship between exports and
imports in Chile?”, Applied Economics Letters, Vol. 13, pp. 981-6.
Johansen, S. (1988), “Statistical analysis of cointegration vectors”, Journal of Economic Dynamics
and Control, Vol. 12, pp. 231-54.
Johansen, S. (1992), “Determination of cointegration rank in the presence of a linear trend”,
Oxford Bulletin of Economics and Statistics, Vol. 54, pp. 383-97.
Johansen, S. (1995), Likelihood-Based Inference in Cointegrated Autoregressive Models,
Oxford University Press, Oxford.
Johansen, S. and Juselius, K. (1990), “Maximum likelihood estimation and inference on
cointegration with applications to money demand”, Oxford Bulletin of Economics and
Statistics, Vol. 52, pp. 169-210.
Jones, J.D. (1986), “Consumer prices, wholesale prices, and causality”, Empirical Economics,
Vol. 11, pp. 41-55.
Kunitomo, N. (1996), “Tests of unit roots and cointegration hypotheses in econometric models”,
Japanese Economic Review, Vol. 47, pp. 79-109.
Lee, J. and Strazicich, M.C. (2003), “Minimum Lagrange multiplier unit root test with two
structural breaks”, Review of Economics and Statistics, Vol. 85 No. 4, pp. 1082-9.
Lee, J. and Strazicich, M.C. (2004), “Minimum lm unit root test with one structural break”,
working paper, Department of Economics, Appalachian State University.

Lemmens, A., Croux, C. and Dekimpe, M.G. (2008), “Measuring and testing Granger-causality
over the spectrum: an application to European production expectation surveys”,
International Journal of Forecasting, Vol. 24, pp. 414-31.
Love, J. and Chandran, R. (2005), “Testing export-led growth in Bangladesh in a multivariate
VAR framework”, Journal of Asian Economics, Vol. 15, pp. 1155-68.
Ng, S. and Perron, P. (1995), “Unit root tests in ARMA models with data dependent methods for
the selection of the truncation lag”, Journal of the American Statistical Association, Vol. 90,
pp. 268-81.
Phillips, P.C.B. and Perron, P. (1988), “Testing for a unit root in time series regression”,
Biometrica, Vol. 75, pp. 335-446.
Pierce, D.A. (1979), “R-squared measures for time series”, Journal of the American Statistical
Association, Vol. 74, p. 901 2 910.
Priestley, M.B. (1981), Spectral Analysis and Time Series, London Academic Press, London.
Rao, N.M. and Bukhari, S.K.H. (2011), “Asymmetric shocks and co-movement of price indices”,
SBP Working Paper No. 38.
Samanta, G. and Mitra, S. (1998), “Recent divergence between wholesale and consumer prices
in India – a statistical exploration”, RBI Occasional Papers, Vol. 19.
Schwert, G.W. (1989), “Tests for unit roots: a Monte Carlo investigation”, Journal of Business and
Economic Statistics, Vol. 7, pp. 147-60.
Shahbaz, M., Awan, U.R. and Nasir, M.N. (2009), “Producer and consumer prices nexus: ARDL
bounds testing approach”, International Journal of Marketing Studies, Vol. 1 No. 2, pp. 78-86.
Shahbaz, M., Wahid, A.N.M. and Haider, A. (2010), “Empirical psychology between wholesale
price and consumer price indices: the case of Pakistan”, The Singapore Economic Review,
Vol. 55 No. 3, pp. 537-51.
Shunmugam, V. (2009), “Causality links between CPI and WPI – an econometric exploration”,
mimeo.
Sidaoui, J., Capistran, C., Chiquiar, D. and Ramos-Francia, M. (2009), “A note on the predictive
content of WPI over CPI inflation: the case of Mexico”, Working Paper 2009-14, Banco de
Mexico.
Tiwari, A.K. (2010), “Liberalization and wage inequality: evidence from Indian manufacturing
industry – a critical review of literature”, The Asian Economic Review, Vol. 52 No. 3, pp. 565-92.
Tiwari, A.K. (2011), Liberalization and Wage Inequality: Evidence from Indian Manufacturing
Industry, LAP LAMBERT Academic Publishing, Saarbrücken.
Tiwari, A.K. (2012), “Tax burden and GDP: evidence from frequency domain approach for the
USA”, Economics Bulletin, Vol. 32 No. 1, pp. 147-59.
Toda, H.Y. and Yamamoto, T. (1995), “Statistical inference in vector autoregressions with
possibly integrated processes”, Journal of Econometrics, Vol. 66, pp. 225-50.
About the author
Aviral Kumar Tiwari is a Research Scholar of the Management Department in ICFAI University
Tripura, India.
(The Appendices follow overleaf.)

To purchase reprints of this article please e-mail: reprints@emeraldinsight.com
Or visit our web site for further details: www.emeraldinsight.com/reprints

Wholesale price
and CPIs

169

3.0637
2.9914

ln WPIt
ln CPIt

Table AI.
Descriptive statistics and
correlation matrix

Mean

3.109
2.941

Median
4.824466
4.847253

Maximum
1.261298
1.199965

Minimum
1.113387
1.144322

SD
2 0.078478
0.032623

Skewness

1.656891
1.645467

Kurtosis

47.695
47.967

Jarque-Bera

0.998329945
1

ln CPIt

1
0.99832994583

ln WPIt
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Appendix 2
1. Lee and Strazicich (2003, 2004) LM unit root tests
Let us consider the following data generating process (DGP) in the application of Lagrange
Multiplier (LM) unit root tests, Lee and Strazicich (2004) LM tests with one break, and Lee and
Strazicich (2004) LM test with two structural breaks:
y ¼ dZ t þ et ; et ¼ bet21 þ 1t

ðA1Þ

where Zt is a vector of exogenous variables, d is a vector of parameters and 1t is a white noise
process, such that 1 t ~ NIIDð0; s 2 Þ. First, we will consider the case where there is evidence of one
structural break. The crash model that allows shift in level only is described by Z t ¼ ½1; t; Dt 0 ,
and the break model that allows for changes in both level and trend is described as
Z t ¼ ½1; t; Dt ; DT t 0 , where Dt and DTt are two dummies defined as:
Dt ¼ 1; if t $ T B þ 1 ¼ 0; otherwise
and:
DT t ¼ t 2 T B ; if t $ T B þ 1 ¼ 0; otherwise
where TB is the time period of the break date.
Next, let us consider the framework that allows for two structural breaks. The crash model that
considers two shifts in level only is described by Z t ¼ ½1; t; D1t ; D2t 0 , and the break model that
allows for two changes in both level and trend is described as Z t ¼ ½1; t; D1t ; DT 1t ; D2t ; DT 2t 0 ,
where Djt and DTjt for j ¼ 1, 2 are appropriate dummies defined as above, namely:
Djt ¼ 1; if t $ T Bj þ 1 ¼ 0; otherwise
and:
DT tj ¼ t 2 T Bj ; if t $ T Bj þ 1 ¼ 0; otherwise
where TBj is the jth break date.
The main advantage of Lee and Strazicich’s (2003, 2004) approach to unit root test is that it
allows for breaks under the null (b ¼ 1) and alternative (b , 1) in the DGP given in equation (1).
This method uses the following regression to obtain the LM unit root test statistics:
Dyt ¼ d0 DZ t þ fS~ t21 þ

k
X

gi DS~ t2j þ ut

Wholesale price
and CPIs

ðA2Þ

i¼1

~ t 2 Z t d~; t ¼ 2; . . . ; T; d~ denotes the regression coefficient of Dyt on DZt and
where S~ t ¼ yt 2 C
~ t ¼ yt 2 Z 1 d~; y1 and Z1 are first observations of yt and Zt respectively. The lagged term DS~ t2j
C
is included to correct for likely serial correlation in errors. Using the above equation, the null
hypothesis of unit root test (f ¼ 0) is tested by the LM t-statistics. The location of the structural
break or structural breaks is determined by selecting all possible breaks for the minimum
t-statistic as follows:
ln f t~ðli Þ ¼ lnl f t~ðlÞ; where l ¼ T B =T:
The search is carried out over the trimming region (0.15T, 0.85T), where T is sample size and TB
denotes date of structural break. We determined the breaks where the endogenous two-break LM
t-test statistic is at a minimum. The critical values are tabulated in Lee and Strazicich (2003, 2004)
for the two-break and one-break cases respectively. To select the lag length (k) we use the “t-sig”
approach[15] proposed by Hall (1994). This involves starting with a predetermined upper bound k.
If the last included lag is significant, k is chosen. However, if k is insignificant[16], it is reduced by
one lag until the last lag becomes significant. If no lags are significant k is set equal to zero.
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2. Gregory and Hansen (1996) cointegration test
The Gregory and Hansen (1996) cointegration procedure allows for an endogenously determined
structural break in single equation framework. The test presents three models, whereby the
shifts can be:
In either intercept alone (C):
y1t ¼ m1 þ m2 wtt þ a T y2t þ et

172

ðA3Þ

where t ¼ 1, . . . , n.
In both trend and level shift (C/T):
y1t ¼ m1 þ m2 wtt þ bt þ a T y2t þ et

ðA4Þ

And a full shift of the regime shift model (C/S):
y1t ¼ m1 þ m2 wtt þ aT1 y2t þ aT2 y2t wtt þ et

ðA5Þ

where t ¼ 1, . . . , n and m1, b1 and a1 are the intercept, trend and slope coefficients respectively
before the regime shift and m2, b2 and a2 are the corresponding changes after the break. The
dummy variable wtt is defined as:
(

wt t ¼

0; if t # {ht}
1; if t . {ht}

where unknown parameter t [ (0,1) denotes the (relative) timing of the change point, and { }
denotes integer part.
Following the procedure suggested by Herzer and Felicitas (2006), we estimated all the
models for each possible break date in the data set (for each t). Then we perform a unit root test
on the estimated residuals e^ tt and the smallest value of the unit root test statistics was used for
testing the null hypothesis of no cointegration between exports and imports, against the
alternative hypothesis of cointegration in the presence of an endogenous structural break. The
asymptotic critical values are tabulated in Gregory and Hansen (1996) Lag-length in
cointegration equation is based on SIC and AIC (in our case AIC).
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