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Abstract 

 

In this paper, an attempt is made to examine the relationship between inflation and stock returns 

in India using spectral and time-frequency methods. Scale specific relation between inflation and stock 

returns is unraveled, allowing us to capture the relationship at varying investment horizons. The results 

based on monthly data from 1994:5 to 2014:11, obtained using spectral and wavelet techniques, reveal 

that there exist no significant pro-cyclical interdependencies between inflation and stock returns, 

implying that stock returns are no longer an adequate hedge against inflation. 
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1. INTRODUCTION: 

 

The relationship between stock returns and inflation has been the prime focus 

of researchers for many years. According to the Classical economists, real returns are 

independent of nominal variables such as money supply and inflation, where real 

returns are determined by real factors and independent of nominal magnitudes such as 

nominal money supply and inflation. This means that inflation should not affect real 

stock returns, implying that stock returns act as a hedge against inflation. Any increase 

in the inflation rate will lead to an increase in nominal returns without affecting the real 

return. Hence investors are fully compensated by this corresponding increase in 

nominal returns for any increase in the inflation rate. Thus, the classical tradition 

formulates a positive relationship between nominal stock return and inflation, also 

known as the Fisher’s hypothesis. There are several studies which have validated this 

positive relation (Bodie,1976, Firth,1979, Gultekin,1983and Shanmugam and 

Misra,2008). 

 

In the literature however, there are several studies which do not support the 

positive relationship between stock returns and inflation rate (Fama and Schwert,1977, 

Lintner, 1975, Fama ,1982; Geske and Roll, 1983).  According to Fama (1981), real 

economic activity and demand for money are negatively influenced by rising inflation 

rates which in turn negatively influence economic activity, affecting future corporate 

profits, leading to a fall in stock prices. Here the transmission mechanism is through 

the impact on real economic activity caused by a rising rate of inflation. Recent studies 

concerning the relationship between stock returns and inflation seem to provide mixed 

evidences with regard to the hedging effectiveness of stock returns on inflation (Kim 

and Ryoo,2011, Oxman,2012, Rushdi et al.,2012). 

 

It may be noted that, the relationship between stock returns and inflation is 

found to be dependent on time horizons with Fama’s hypothesis holding for studies 

based on shorter time horizons and some evidence of Fisher effect at long time horizons 

(Firth, 1979, Gultekin, 1983, Anari and Kolari, 2001). However, most of the studies 

concerning inflation stock returns nexus focus only on short time horizons. This limited 

analysis concerning only short time-period leaves out the low frequency traders whose 

decisions concern long time horizons-. It is at odds with the heterogeneous market 
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hypotheses where market consists of a diverse group of participants who trade at 

different frequencies based on their time horizon of interest. A complete study of the 

dynamics of inflation-stock return nexus therefore entails an analysis over both short 

and long term time periods. Moreover, an analysis which encompasses both time and 

frequency dynamics, thereby enabling one to capture information from both short and 

long time horizons- is pertinent, and made possible by the use of time-frequency 

methods and wavelets. The motivation behind this paper is to highlight the dynamic 

nexus between stock returns and inflation using time-frequency framework which gives 

both time and frequency information simultaneously. The present paper positions itself 

in this context and seeks to examine the inflation – stock returns nexus using time-

frequency based wavelet methods. 

Though there are quite a few studies on inflation–stock returns relationship 

which validated the Fisherian hypothesis over long time horizons (Schotman and 

Schweitzer,2000, Engsted and Tanggaard,2002), analysis of inflation-stock returns 

nexus across time and frequencies, using wavelet based methods, is only of recent 

phenomenon. Kim and in (2005) finds positive relationship at both shortest and longest 

time-scale and a negative relation at the intermediate time –scale. Wavelet methods 

used by Durai and Bhaduri (2009) detect a negative relationship between inflation and 

stock returns of India, only at a long time-scale. However, both the above mentioned 

wavelet analyses, carried out using the maximal overlap discrete wavelet transform 

(MODWT), fail to capture the overall dynamic evolution of the relationship between 

the two magnitudes. An analysis of the relationship between inflation and stock return 

of India, using continuous wavelet methods, is attempted in Bhanja et al. (2012). The 

study has come out with evidences in support of the Fisher effect, only for a limited 

time horizon of sixteen months.  

Applications of continuous wavelet methods in analyzing economic and 

financial problems have gained popularity in recent times, where most of these studies 

(Vacha and Barunik,2012, Andries et al.,2014, Albulescu et al., 2015, Tiwari et al., 

2015) reveal much more information than those based on discrete wavelet approaches. 

The dynamics of co-movements between interest rates, stock price and exchange rate 

in India, analyzed by Andries et al (2014) within the framework of continuous wavelets, 

reveals the existence of time-scale dependent lead-lag relationship between the three 

variables. Inflation co-movements of G7 countries were found to be of multi-scale in 
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nature by Tiwari et al. (2015). This multi-scale information on co-movement of 

inflation rates was made much clearer using continuous wavelet coherence analysis.  

Methods based on continuous wavelet transform (CWT) reveal much more 

information than what can be captured by discrete wavelet transform based approaches. 

Further, use of CWT based techniques enables one to detect regions of co-movement 

between two variables, with areas of high and low correlation, from a colour-coded two 

dimensional box plots spanning both time and frequencies. Such an analysis would not 

be possible with DWT based techniques as it cannot generate outputs encompassing a 

continuous range of time and frequencies. In view of the above, the present study 

employs continuous time wavelet techniques for analyzing the inflation-stock returns 

relationship.  

 

With the exception of the study by Bhanja et al., (2012) there are no studies 

which have highlighted the dynamics of stock returns-inflation nexus in India using 

time-frequency based CWT methods. The present paper is different from the earlier 

papers in one important respect namely, both spectral and wavelet methods are applied 

in the present study. The justification for this arises from the fact that diagnostics based 

on spectral analysis should ideally precede wavelet analysis.  

 

2. METHODOLOGY: 

 

Wavelet analysis begins with the consideration of a function known as the mother 

wavelet, which is given by, 

𝜓𝑎,𝑏(𝑡) =
1

√𝑎
𝜓 (

𝑡−𝑏

𝑎
)                      ………………..  (1) 

Where a≠ 0 and b are real constants. The parameter a is known as the scaling 

parameter which determines window widths, whereas the parameter b known as the 

translation parameter determine the position of the window. Unlike Fourier analysis, a 

number of mother wavelets can be chosen depending upon the problem at hand. Just 

like in Fourier analysis, where a function is expressed as a combination of sines and 

cosines to transform the function into the spectral domain, wavelets can be used to 

project a function onto the time-frequency domain.  
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The scaling parameter a is typically taken to be a power of two so that 2 ja 

for some integer j. The compressed wavelet captures the finer scale resolution (high 

frequency components are captured and well localized in time) of a given signal while 

the dilated wavelet (broad time window widths) captures low-frequency components of 

a signal by having a broad range in time. Thus scaling and translation, which allow 

adjustment of time window widths and their locations, are the most fundamental 

operations which enable go for higher and higher refinements in terms of time and 

frequency resolutions. Thus, the scaling and translation operations facilitate a given 

signal or function to be represented as a basis function which in turn allow for higher a 

refinement in the time resolution of a signal. 

 

Since the large scale structures of a given signal in time are captured with broad 

time-domain wavelets, in which case the window width is broad (spread out in the time 

axis), the time resolution of the signal is very poor and captures only the low frequency 

components. However, finer and finer time resolution of the signal along with its high 

frequency components can be obtained by successive rescaling of the dilation parameter 

in time. The information at low and high scales is all preserved so that a complete 

picture of the time-frequency domain can be constructed. Ultimately, the only limit in 

this process is the number of scaling levels to be considered. 

 

In the case of spectral analysis, a signal is taken and projected into the space of 

sines and cosines. Similarly, a function can be represented in terms of the wavelet basis. 

The wavelet basis can be accessed via the integral transform of the form  

∫ 𝐾
𝑡

(𝑡, 𝜔)𝑓(𝑡)𝑑𝑡                            ………………..  (2) 

Where ( , )K t  is the kernel of the transform and 𝑓(𝑡)is a time domain signal. 

The above equation represents any generic transform where a modification in the kernel 

gives the required transform. In the case of Fourier transform the kernel

( , ) exp( )K t i t   represents the periodic oscillations. The key idea now is to 

define a transform which incorporates the mother wavelet as the kernel. Thus we define 

the continuous wavelet transform (CWT) as: 

𝑊𝜓[𝑓](𝑎, 𝑏) = (𝑓, 𝜓𝑎,𝑏) = ∫ 𝑓
∞

−∞
(𝑡) 𝜓(𝑡) 𝑑𝑡   ………………..  (3) 
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Where Wψ[f](a,b) is the CWT which is a function of the dilation parameter a 

and the translation parameter b,  f and 𝜓𝑎,𝑏are as defined in equations (1) and (2). The 

CWT given in equation (3) should satisfy the following admissibility condition: 

𝐶𝜓 = ∫
|𝜓(𝜔̂)|

|𝜔|

∞

−∞
𝑑𝜔 < ∞                             …………… …..  (4) 

Where𝜓̂(𝜔), the Fourier transform of the wavelet is defined as: 

𝜓̂ =
1

√|𝑎|
∫ 𝑒−𝑖𝜔𝑡𝜓 (

𝑡−𝑏

𝑎
)

∞

−∞

𝑑𝑡 =
1

√|𝑎|
𝑒−𝑖𝑏𝜔 𝜓̂(𝑎𝜔)          ….………….  (5) 

The wavelet transform given in equation (3) is well defined subject to satisfying 

the admissibility condition given in equation (4). An important property of the wavelet 

transform is its ability to construct new wavelet bases. 

 

The working principle of wavelet transform is quite simple. A bunch of smaller 

signals are extracted from the main signal by translating (shifting time window 

location) the wavelet with parameter b over the entire time domain of the signal. 

Further, the scaling process is carried out where the same signal is processed at different 

frequency bands, or resolution, by scaling the wavelet window with the parameter a. 

This combination of translation and scaling allows for processing of signals at different 

times and frequencies which in turn allows to read the signal at different scales of time 

and frequency resolutions. The above process of analyzing a given signal or function at 

different scales of resolution is termed as multi resolution analysis. 

 

Following Grinsted et al. (2004), the cross wavelet transform (XWT) of two 

time series say, nx  and ny  denoted by 
XYW  is defined as 

*XY X YW W W  , where * 

denotes complex conjugation. The absolute value of 
XYW  , is then defined as the cross 

wavelet power and the phase angle between nx  and ny  in the time frequency space is 

given by the complex argument arg( )XYW . The paper uses Morlet wavelet as the 

mother wavelet for analysis3.  

 

                                                           
3Torrence and Compo (1998) presents a detailed summary of bivariate wavelet analysis dealing with wavelet 

cross-spectrum and wavelet coherence.  
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However, results based on cross wavelet transform might lead to spurious 

correlations due to the leakage of power between the two individual continuous wavelet 

transforms. Wavelet coherency, which gives the measure of local correlation over both 

frequencies and time, does not possess this limitation as it is a normalized version of 

the cross wavelet transform. Wavelet coherency is defined as, 

𝑅𝑚(𝑠) =
|𝑆(𝑠−1𝑊𝑚

𝑋𝑌(𝑠))|

𝑆(𝑠−1|𝑊𝑚
𝑋|

1
2𝑆(𝑠−1|𝑊𝑚

𝑌|
1
2

              ….………….  (6) 

Where S represents the smoothing operator, scale is represented by s and time by m, 

𝑊𝑚
𝑋𝑌denotes the cross wavelet transform of X and Y, and, 𝑊𝑚

𝑋 and 𝑊𝑚
𝑌denotes the 

CWT of X and Y respectively.  

The phase angle, which helps to understand the lead

− lag relationship between  the two time series 𝑋 𝑎𝑛𝑑 𝑌, is given by 

 

𝜑𝑋,𝑌=ta𝑛−1 {𝑊𝑚
𝑋𝑌}

{𝑊𝑚
𝑋𝑌}

, where 𝜑𝑋,𝑌 ∈[-𝜋, 𝜋]                  ..….………….  (7) 

 

3. DATA SOURCE: 

 

The data set consists of inflation rate calculated from the WPI series and stock 

returns calculated from the monthly closing price series of BSE SENSEX. The period 

of study ranges from May 1994 to November 2014. WPI series is considered for 

calculating the inflation rate as CPI based inflation rate does not include new 

consumption basket for agricultural and rural laborers as its base year is still 1986-87. 

The data for WPI is taken from the webpage of the Office of the Economic Adviser, 

Government of India, Ministry of Commerce and Industry, whereas the data for stock 

prices is taken from BSE webpage. 

 

4. RESULTS: 

 

The spectral density function4 of stock returns and inflation rate calculated using 

the periodogram method with Daniell smoothing kernel is given in figure 1. We notice 

                                                           
4 Methods based on Priestley (1981) are used for the computation of periodogram estimates.  
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common peaks at ω=1∆=1/12, or one cycle per year (~12 months), and ω=0.5 ∆, or one 

cycle every two years (~24 months), where ∆=1/12 is inverse of the time period. 

 

Figure 1: Power Spectral Density of Stock returns and Inflation rate 

 

Figure.1. Periodogram of stock returns and inflation rate, n =246, where the frequency 

axis is labeled in multiples of ∆=1/12. 

A quarterly cycle (of around 4.8 months) is also detected for stock returns where 

the spectrum peaks at frequency 3.82. The common peaks of the spectrum of stock 

prices and inflation rate seems more important as the frequencies around 1∆ and 0.5∆ 

contribute significantly to the overall variance. Hence we detect an annual cycle and a 

two-year cycle for both stock returns and inflation rate. However, we do not get the 

time domain information from the spectral density function as the time variable is 

integrated out when taking the Fourier transform, which makes it impossible to detect 

the time-point corresponding to the obtained frequency of significance. 
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Figure 2: Coherence between Stock returns and Inflation rate 

 

The relationship between stock returns and inflation is investigated using the 

coherency spectrum. Figure 2 gives the result of squared coherency and phase angle 

between the two series. The highest peak in the coherency spectrum occurs at frequency 

0.5, i.e. ω=0.5 ∆, which corresponds to a period of about 24 months. The phase plot 

reveals that inflation leads stock returns around this low-frequency interval. However, 

the time interval where this phenomenon of inflation leading stock returns is not 

captured as spectral domain approaches loses time localization. Therefore, in order to 

capture simultaneous localization of information both in time and frequency, wavelet 

methods are implemented.  

 

The stock returns and inflation series are decomposed using continuous wavelet 

transform (CWT) with Morlet wavelet as the mother wavelet.  The wavelet power 

spectrum of stock returns (upper panel) and inflation (lower panel) are plotted in figure 

3. The wavelet power is determined by the color codes where the power varies from 

deep blue (lowest) to deep red (highest). The significance of power is determined by 

the area inside the thick black lines. At higher frequencies, which capture the short run 

fluctuations, we observe some significant power at 0-4 month time scale for the BSE 
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returns. This power occurs during the time period of 2008-2009 where stock returns 

experienced high volatility.  

 

A significant power is detected for inflation at 4-8 month time scale during the 

time period of 1999-2000. The area with significant power increases as we move 

towards the higher time scale of 8-32 months, which captures the annual and two year 

cycle. This is also supported by the power spectral density of inflation in figure 1 where 

the peaks in the spectrum correspond to an annual and a 24 month cyclical behavior. 

However, we can see from the CWT plot that this cyclical activity, which is shown by 

the area within the significant confidence band, manifests only during the crisis period 

of 2007 to2010. This time localization was not captured by the periodogram based 

power spectral density estimates. We notice that the distribution of power for the 

inflation series is homogenous and stable across frequencies and time period, except 

for the period 2007 to 2010 where there is an increase in power. 

 

Figure 3: CWT of stock returns and inflation 

 

 

 

The cross wavelet transform, which gives the measure of co-movement between 

two variables, is used to analyze the relationship between stock returns and inflation. It 
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is evident from figure 4 that the relationship between stock returns and inflation varies 

with different wavelet scale and time period. A significant relationship between stock 

returns and inflation is observed at frequencies corresponding to the time scale of 4-8 

months, during the time period between 1999 and 2002.  

  

The direction of the phase arrows under the significant area leads us to conclude 

that the two series are out of phase with inflation leading stock returns. However, at this 

time-scale, we do not find any significant relationship during other time periods, where 

the two series seems to be independent of each other. As we move towards the higher 

time-scale of 8-16 and 16-32 months, we detect some significant relationship during 

the time period between 2007 to 2011 with inflation leading stock returns at 8-16 month 

time scale and stock returns leading inflation at 16-32 month time scale. Nevertheless, 

this relationship breaks down at other time periods where both series seems to be 

independent of each other. The sudden jump in power during 2007 to2011 can be 

attributed to the global financial crisis. The wavelet cross spectrum5, however, does not 

provide a clear description of the relationship between these two series. 

 

Figure 4: Cross-Wavelet spectrum of Stock returns and Inflation 

 

 

                                                           
5Wavelet cross spectrum is the non-normalized spectrum of the two series and therefore it might be contaminated 

by the leakages between the two individual power spectrum, which leaves a possibility for spurious correlation. 
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Wavelet coherence between stock returns and inflation, which’s a normalized 

version of the wavelet cross spectrum, is given in figure 5. We observe significant 

coherence between the two series at frequencies corresponding to the time-scale of 4-8 

month over the time period of 1997-2001, where stock returns and inflation are out of 

phase. Similar anti-cyclical behavior is observed at 16-32 month time scale over 1997-

2002. There’s a significant increase in power at 16-32 month time scale between 2004 

and 2011. Some cyclical behavior is observed between 2004 and 2008 at the time scale 

of 32 to48 month where both the series are in phase with each other with inflation 

leading stock returns. 

 

Figure 5: Wavelet Coherence between stock returns and inflation  

 

 

However, this cyclical behavior is not observed at any other time periods and 

frequencies. Moreover, the overall relationship between the two series, barring the time 

period 2004-2007 corresponding to 32-48 month cycle, seem to be in anti-phase 

(counter-cyclic) with each other. This counter cyclical behavior can also be seen at 

lower time –scales with phase arrows in most of the significant areas pointing towards 

the anti-phase direction. Thus stock returns fail to serve as an inflation hedge in the 

Indian case except for the time period of 2004 to 2007 with around 48 month time-
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scale. The observed dynamic evolution of relationship between stock prices and 

inflation is well captured by wavelet based decomposition techniques where both time 

and frequency information is captured simultaneously. This simultaneous localization 

of information would not have been possible had we used any other traditional spectral 

and time-domain approaches.  

 

5. CONCLUSIONS: 

 

The main purpose of this paper is to study the inflation-stock returns nexus in 

India using the framework of continuous wavelet transforms. The study also highlights 

the superiority of wavelet based decomposition over the traditional Fourier based 

transformation techniques. The decomposition of stock returns and inflation across time 

and frequencies and the subsequent analysis using bivariate wavelet techniques could 

not reveal any significant cyclical relationship between the two series for most of the 

time-scale and periods. However, some cyclical relationship between stock returns and 

inflation for the limited period of 2004 to2007 over frequencies corresponding to the 

time-scale of 48 months has been detected. The overall behavior of the two series 

captured inside the significant bands, across most of the time periods and frequency, 

seems to be anti-cyclical in nature, suggesting that stock returns have not played the 

role of a hedge against inflation except for a brief period corresponding to the time-

scale of forty-eight months.  
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