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Abstract 

Food prices are excluded from core measures of inflation in many countries assuming food prices are transitory. 
Exclusion of food prices may lead to information loss, leading to higher inflationary expectations, a downward 
bias to forecasts of future inflation and lags in policy responses. Assumption that log food price series behave by 
way of I(1) and differenced log food price series linger in the manner of I(0) process leads to model 
misspecification. Correct identification of the memory in the food price series is vital for the correct model 
specification and is important for policy makers. This study aims to examine whether food price inflation is 
transitory in Sri Lanka by estimating the memory properties of food price series using non-parametric, 
semi-parametric and parametric tests. The study covers the period from January, 2003 to December, 2013. 
Results show that food price inflation, nonfood price inflation and headline inflation, and global food price 
inflation series are fractionally integrated. Food price series in Sri Lanka commoves with global food prices. 
Research findings show that food price inflation is not transitory, long memory series. The outcomes of this 
attempt have consequential implications towards food policy, trade policy and monetary policy makers. These 
findings suggest that neglecting food prices may render the core inflation measure a biased measure of long run 
inflation.  
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1. Introduction 

In today’s globalized world, food price dynamics have a noticeable influence on the world’s economic and 
political stableness as well as on the wellbeing of every single country. High and increasing food prices pose a 
significant policy challenge to macroeconomic stability in developing countries where the food expenditure 
share in household expenditure is relatively high (Mishra & Roy, 2012). Extreme volatility and increasing trend 
of food prices has energized the necessity of perceiving the behavior and the characteristics of food prices. 
According to Deaton (1999), a better understanding of commodity prices is necessary to construct good policy. 
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Figure 1. Domestic and global food price dynamics: Sri Lanka 2003-2013 
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Figure 1 exhibits the mean and variance of global and domestic food prices have been increasing. Relatively oil 
price has more volatility which determine food price. Global food price volatility appears to have increased in 
recent years. 

Food expenditure accounts to about one third of total expenditure in the world. However, countries in South Asia 
expend more than 50 percent on food and those in West Europe and North America the least (16%) (Wu, 2004). 
Sri Lanka is a small an import dependent and open economy. It is a net food importer. Food and beverages 
components in Colombo Consumer Price Index (CCPI) consists mainly rice, sugar, wheat, dairy products, lentils. 
According to Household Income and Expenditure Survey (HIES) in 2012, 80 percent of households spend more 
than 41 percent of their income on food and 50 percent of households spend more than 50 percent of their 
income on food and drink in Sri Lanka. 

The food expenditure ratio is one of the primary indicators used to gauge the living standards of a population. 
The proportion of expenditure on food and drink to total expenditure is called the food expenditure ratio and it is 
generally given as a percentage. According to the HIES-2012/13, household population in Sri Lanka was 20.2 
million. The urban population consists 3.6 million while rural population 15.7 million and estate population 0.9 
million. These statistics show that majority of the Sri Lankan’s population lives in rural area. The composition of 
population who live in rural and estate area is more than 80 percent from the total population in Sri Lanka. Table 
1 shows the food ratio in Sri Lanka according to area of population.  

 
Table 1. The proportion of food expenditure to total expenditure (in percentage) 2012/13  

Sectors 2009/10 2012 
ALL 42 37.6 

Urban 36 31.4 
Rural 44 39.1 
Estate 51 49.6 

Source: HIES-2009/10, 2012/13 

 
The food ratio distribution among area of population in 2012/13 shows that those who live in rural and estate 
area have higher food ratio compared to those in urban. Cereals (rice, wheat flour etc.), and prepared food (bread, 
buns, hoppers etc.) are known as the two major branches, on which the foremost proportions of the total 
expenditure on food are expended. The urban sector expend mostly on prepared food over the cereals whilst the 
estate sector expends slightly on prepared food (Table 2). 

 
Table 2. Average monthly household expenditure (%) by major food category and sector in Sri Lanka-2012 

Major Food Category Sri Lanka Urban Rural Estate 
Cereals 16.3 12.1 16.9 27.4 

Prepared foods 11.8 17.4 10.6 5.9 
Pulses 3.4 2.7 3.5 5 

Vegetables 7.9 6.8 8.2 8 
Meat 4.4 6 4 4.2 
Fish 9.2 11.2 9 3.9 

Dried Fish 4 2.9 4.3 2.6 
Coconuts 5.2 4.4 5.4 4.9 

Condiments 8.8 7.5 9.1 9.2 
Milk &Milk foods 9.4 10.6 9 9.8 

Fats and Oil 2.3 1.7 2.4 3.2 
Sugar , Juggery, Treacle 3.1 2.6 3.2 3.2 

Fruits 3.3 3.6 3.3 1.9 
Other food items 10.7 10.4 10.8 10.8 

All 100 100 100 100 

Source: HIES-2012/13, Sri Lanka 

 
Table 3 shows the contribution of food and non-alcoholic beverages to annual average inflation in Sri Lanka 
from 2009 to 2013. The contribution has increased continuously except 2012. 
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Table 3. Contribution of food and non- alcoholic beverages to annual average inflation 

Year Contribution (%) 
2009 41.3 
2010 50.8 
2011 59.9 
2012 29.3 
2013 52 

Source: Department of Census and Statistics, Central Bank of Sri Lanka-2013 

 
Being an open and dependent economy, Sri Lanka is highly vulnerable to shocks in the international food prices 
since the food consumption basket has a large food imported component. The share of food and beverages 
imports expenditure of total consumer goods imports expenditure is around 50 percent for the period of 
2009-2012 (Central Bank of Sri Lanka, 2013). This indicates that food items plays important role even in total 
import expenditure in Sri Lanka. The main food items of imports are sugar, milk and milk products, red-dhal, 
wheat and maize, big onions, potato and Maldives fish. Food and beverages and wheat and maize accounts 
approximately in the range of 9-12 percent of total imports expenditure.  

Given the structure of the Sri Lankan economy, food prices have a significant inter linkages between global food 
prices and headline underlying inflation. Food price inflation is a serious issue faced by many countries including 
Sri Lanka. In many countries, food inflation is higher than headline inflation. One can see that food prices have 
become increasingly stable recently. In Europe and Central Asia, overall inflation averaged 10 percentage 
whereas food inflation was at 15 percentage in 2007 (Bhatt & Kishor, 2011).  

Accurate measurement of inflation is essential for the policy makers in order to effectively monitor prices in the 
economy. Two measures of inflation are typically identified in any macroeconomics text books, namely the 
headline inflation and core inflation. The headline inflation in most countries is measured as a percentage change 
in the Consumer Price Index (CPI). The core inflation is computed by removing food and energy prices from 
CPI. In the recent years, rising global food prices and energy prices are contributing to high inflation in an 
economy (Al-Eyd, Amaglobeli, Shukurov, & Sumlinski, 2012). 

Food prices are generally discarded from measures of inflation assuming food prices are transitory in nature. 
Core inflation excludes food and energy prices. Core inflation measures are designed to solve the problem of 
transitory noise. But, the core inflation systematically under estimates headline inflation when food inflation is 
persistent. Exclusion of food prices may lead to loose valuable information about inflation and lead to inaccurate 
measurement of the underlying long run trend in inflation. Cecchetti, Hooper, Kasman, Schoenholtz and Watson, 
(2007) argued that ignoring food and energy prices particularly in recent times when they have consistently been 
rising faster than other prices, could lead to biased estimates of medium-term inflation. Core inflation that 
excludes food prices can misspecify general inflation, leads to higher inflationary expectations, a downward bias 
of future inflation and lags in policy responses.  

In most advanced economies, food and energy is excluded in core inflation. The characteristics of food and 
non-food prices in emerging economies are not same as developed countries. Policy makers discount food price 
component from CPI stating the argument that food price shocks are not persistent in assessing the level of 
inflation. In line with the international practice adopted by many countries, the core inflation in Sri Lanka, first, 
is introduced in 2007 by removing food and energy items in CPI index. If shocks dissipate quickly, then their 
effect on headline inflation will not be significant beyond the short run. The shock is said to be transitory if the 
effect of the shock dies out over time and if the effect of a shock does not die out over time, the shock is said to 
be persistent (permanent). In the case of high persistence, food inflation spikes up from a shock will take longer 
to adjust downwards relative to the case of low persistence. Persistent food price shocks are much more likely to 
feed into inflationary expectations, (Walsh, 2011). Thus, the memory characteristics of food price series are 
necessary to be investigated.  

Correct identification of the memory in the food price series is vital for the correct model specification and is 
important for policy analysts. It is practically impossible to determine whether food price dynamics are transitory 
or permanent in nature. The primary objective of this study is to investigate the long memory properties of the 
food price inflation series in Sri Lanka. The specific objectives are: (i) to estimate the fractional integration 
parameter and explore the persistence of food price dynamics in Sri Lanka and (ii) to estimate persistence of 
volatility of food price dynamics. 
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The structure of the paper is as follows. Section 2 briefly reviews the literature. Section 3 describes data and 
methodology of the study. Section 4 discusses the empirical results obtained from various econometric 
techniques applied for food prices and the final section concludes, and gives some recommendations from the 
results obtained.  

2. Literature Review 

Several studies such as Klein (1976), Ball & Cecchetti (1990), Barsky (1987) have examined the characteristics 
of aggregate inflation for developed countries namely Brazil, Canada, France, Germany, Israel, Italy, Japan, 
United kingdom (UK) and United States (U.S). They found empirical evidence of two unit roots in prices, so that 
any shock has a permanent impact on inflation. Virtually all contemporary studies speculate integer degrees of 
differentiation, testing stationarity/ nonstationarity with unit root tests and cointegration techniques.  

The fractional integration or I(d) models have been used extensively in the case of developed countries. For 
instance, Backus and Zin (1993) found a fractional degree of integration in the U.S. monthly data regarding 
inflation persistence. Hassler (1993) and Delgado and Robinson (1994) found strong evidence of long memory 
or I(d) behavior in the Swiss and Spanish inflation rates respectively. De Boef & Granato (1997) reviewed that 
some data are long memory processes but do not have unit roots, especially in the range 0<d<1. Even though it 
does not contain a unit root, it does have long memory, whereby shocks to the series persist for at least 12 
months. Hassler & Wolters (1995) have examined inflation rates of five developed countries for the period of 
1969 to 1992 and found that inflation series are having long memory. They found that the order of integration of 
the series are significantly different from 1 (one) as well as 0 (zero). Hassler (1993), Baillie, Bollerslev & 
Mikkelsen (1996) studied monthly post-World War II CPI inflation in ten countries and found evidence of long 
memory with mean-reverting demeanour in all the countries excluding Japan. In particularly the same evidence 
was found by Hassler & Wolters (1995) and Baum, Barkoulas & Caglayan, (1999). Bos, Franses & Ooms, (1999) 
examined inflation in the G7 countries, found that the evidence of long memory. 

A number of studies have examined the long memory hypothesis using data from agricultural commodity prices. 
Kohzadi & Boyd (1995), Barkoulas, Labys & Onochie (1997), Jin & Frechette (2004), Kovacs, Huszsvai & 
Balogh (2014) are few examples of them. Stigler & Prakash (2011) have examined time series properties of 
commodity prices using 24 commodities for developed countries. There is a lack of evidence of I(d) behaviour 
for food inflation rates for developing countries (Kallon, 1994; Moriyama & Naseer, 2009). Studies such as 
Gilbert (2010), Cooke (2009), Leoning, Durevall, & Birru (2009), Walsh (2011), Sumlinski, Al-Eyd, Amaglobeli, 
& Shukurov (2012) focused food price dynamics in African countries. Rangasamy (2009) found that food 
inflation is highly persistent in South Africa. 

Many studies such as Diebold and Nerlove, (1989), Hsieh (1988), Baillie & Myers (1991) investigate volatility 
patterns in various asset return data, including stock returns, exchange rates, but there are very few studies such 
as Von Braun & Tadesse (2012), and Gilbert & Morgan (2010), examine volatility of agricultural commodity 
and food prices. Vega & Wynne (2003), Cecchetti (1997), Culter (2001), Bilke & Stracca (2007) found that food 
prices are relatively persistent in Euro area. There is a large–scale project of the Eurosystem entitled Inflation 
Persistence Network (EIPN) implemented during the period of 2003-2005 to analyse inflation persistence for the 
euro area. There are common concern about the impacts of high food prices on poor people and social, political 
stability in all countries. 

However, there are no studies investigating the memory properties of food price series in Asia, Sri Lanka in 
particular using fractional integration technique. So, this study intends to fill the gap in the literature. Further, 
this study will be a more comprehensive study about food price and food price volatility dynamics based on 
recent econometric time series analysis in Sri Lanka. A comprehensive understanding of time series and 
statistical properties of food prices in Sri Lanka might provide useful implications for the direction of future 
research and effective food and monetary, agricultural and trade policies. Therefore, this study would contribute 
significantly to the existing knowledge.  

3. Methods 

3.1 Data and Variables  

Data used in this study are monthly data spanning from January 2003 to December 2013. The starting time 
period, 2003 was selected as food prices started to move upward exponentially in Sri Lanka. Variables used in 
this study include;  

i) Colombo Consumer Price Indices for all items (CCPIt) 

ii) Colombo Consumer Price Indices for Food and non-alcoholic beverages, (CCPIf,t) 
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iii) Colombo Consumer Price Indices for non-food (CCPInf,t ) 

iv) Whole Sale Price Index (WPIt) 

v) Whole Sale Food Price Index (WPIf,t) 

vi) Global Food Price Index (GFPIt).  

Consumer price indices were collected from Department of Census and Statistics, Sri Lanka. Wholesale price 
indices were collected from Central Bank Annual report 2013. Global food price indices were collected from 
FAO website. All the series are transformed into natural logarithm and seasonally adjusted. Inflation is defined 
as log difference series. The Hodrick-Prescott (HP) filter is used in this study to separate the trend component 
and cycle component of a series. Inflation definition and variables are listed in the Table 4. 

 
Table 4. Definition of variables used in the study 

Price Index Log transformation Inflation 

CCPI LCCPI=ln(CCPI) 100*)LCCPILCCPI( 1ttc,t −−=π  

CCPIf LCCPIf=ln(CCPIf) 100*)LCCPLCCPI( 1t,ft,ftf −−=π  

CCPInf LCCPInf=ln(CCPInf) 100*)LCCPLCCPI( 1t,nft,nftnf −−=π  

 WPI LWPI=ln(WPI) 100*)LWPILWPI( 1t,t,wp,t −−=π
WPIf LWPIf=ln(WPIf) 100*)LWPILWPI( 1t,ft,fwf,t −−=π  

GFPIt LGFPI=ln(GFPI) 100*)LGFPILGFPI( 1t,ft,fGf,t −−=π  
Note: Food category consists of bread and cereals, meat, fish and sea food, milk, cheese and eggs, oil and fats, 
fruits, vegetables, sugar, jam, honey, chocolate and confectionary food products. Non-Alcoholic beverages 
consist of coffee, tea, cocoa, mineral water, soft drinks fruit and vegetable juice. 

Nonfood group consist clothing and foot wear, housing, water, electricity, gas and other fuels, furnishing 
household equipment and routine household maintenance, health, transport, communication, recreation and 
culture, education and miscellaneous goods and services. 

 
3.2 Analytical Methods 

This study uses various econometric techniques to achieve the objectives of this study. Exploratory Data 
Analysis (EDA) and parametric, semi parametric and non-parametric approaches are used. Various time series 
econometrics tools are used to estimate memory properties of food price distribution. These techniques are based 
for first four “moments” of food price distribution: its mean, volatility, asymmetry, and kurtosis that describe the 
food price distributions. This paper investigates time series dynamics of these moments which are time 
dependent. Special emphasis is given to the time persistence of the first two moments, namely the hypothesis of 
mean–reversion and volatility clustering.  

3.2.1 Exploratory Data Analysis (EDA) 

First, EDA and non-parametric techniques (numerical descriptive statistics and graphical displays; line graphs, 
histograms, and autocorrelation function, correlograms, kernel density estimate, confidence ellipse,) are used to 
find novel and useful information that might otherwise remain unknown. These techniques may uncover the 
underlying structure of dynamic behaviour of the food price series. The purpose of using various techniques is in 
order to get robust results as each estimation techniques may have limitations.   

3.2.2 Unit Root Test  

To investigate the random walk nature (issue of unit roots) and long memory process in empirical food price 
behaviour in Sri Lanka, standard unit root tests; the Augmented Dickey- Fuller (ADF), the Phillips and Perron 
(PP) test and the Kwiatkowski–Phillips–Schmidt–Shin (KPSS) tests are implemented on all food price series. 
The ADF and PP tests are used to test the null hypothesis of the series are non-stationary (I(1), against the 
alternative hypothesis that they are stationary I(0). The KPSS test is implemented in another way: null 
hypothesis: series is stationary against series are non- stationary. These tests can only identify whether series are 
I(0) or I(1). These tests fail to separate a highly persistent stationary process from non-stationary process. A 
stationary process will not drift too far away from its mean value because of the finite variance. By contrast, a 
non-stationary time series, I(1), will have time varying mean or variance or both. They only identify the series 
are I(0) or I(1). So we use other recent developed model to estimate long memory parameter.  
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3.2.3 The Rescaled Range Statistic (Hurst Exponent): Nonparametric Approach 

Among various methods that measure long memory, the “rescaled range” is the most extensively used. 
Mandelbrot (1975) has suggested the R/S statistic which was developed by Hurst (1951) in the study of river 
discharges. The “range over standard deviation statistic” or (R/S) to detect long range dependence of a series has 
the form  
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R(n) is the range of the first n values, and S(n) is their standard deviation. The R/S statistic is the range of partial 
sums of deviations of a time series from its mean, rescaled by its standard deviation. The Hurst exponent, H, is 
defined in terms of the asymptotic behaviour of the rescaled range as a function of the time span of a time series 
as follows:  
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Where R(n) is the range of the first n values, and S(n) is their standard deviation, (.)E  is the expected value, n 
is the time span of the observation (number of data points in a time series) and C is a constant. The Hurst 
exponent is estimated by fitting the power law to the data. The rate of decay is estimated by the R/S method 
(Beran, 1994). If 0.5<H<1, the series indicates persistent behavior/long memory. If 5.00.0 << H , then the 
series is called anti-persistent.  

3.2.4 Geweke and Porter Hudak (GPH ) Estimate-Semi-Parametric Approach 

Semi parametric approaches avoid the misspecification issue emerging in fully specific parsimonious parametric 
models and permit to explore the I(d) structure of the series constraining the long run behavior to be an I(0) 
process. Geweke & Porter Hudak, (1983) propose a log periodogram estimate of fractional “d” having the form  
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3.2.5 Long Memory and ARFIMA Model 

It is widely believed that the logs of macroeconomic time series variables are containing a unit root (Granger & 
Joyeux, 1980; Hosking, 1981). However, some series evidently do not possess a unit root, while they show signs 
of dependence and possess long memory (Wang & Tomek, 2007). The most commonly used ARMA(p,q) model 
is not well suited to model the long run behaviour of time series. ARIMA model examine the temporal dynamics 
of an economic variable as integer integration under which time series are presumed to be integrated order zero 
or one. This is highly restrictive, restricted to the integer domain. ARFIMA(p,d,q) model is introduced to 
describe fractional integrated variables.  

A time series, y={y1, y2, ….yT}, follows an ARFIMA(p,d,q) process if  

    )()1)(( tt
d LyLL εΘ=−Φ                               (5) 
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(.)Γ is the gamma function, yt is both stationary and invertible if the roots )L(Φ  and )L(Θ are outside the unit 
circle and 5.0<d . The parameter d is allowed to assume any real value. Long-memory processes are 
stationary processes whose autocorrelation functions decay more slowly than short-memory processes. Hosking 
(1981) showed that the autocorrelation, (.)ρ , of an ARFIMA processes is proportional of 12 −dk  as ∞→k , 
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[ 12    )( −∝ dkkρ ]. It implies that the autocorrelations of the ARFIMA processes decay hyperbolically to zero as 
∞→k  ARFIMA(p, d, q) processes are known to be capable of modeling long run persistence.  

When d=0, the series is stationary and showing short memory and mean reversion with finite variance. In this 
case, the effects of a shock in a variable are transitory, If 5.00 << d , the series behave like fractionally 
integrated indicating strong dependence between past observations, long memory, mean reversion, and 
covariance stationary. The effects of a shock in real output lasts in the long run decaying at a slower, hyperbolic 
rate. When 10 << d  the series is no more covariance stationary but mean reverting. Effect of a shock in the 
series is long lasting and decays at an even slower rate. When d=1, series is integrated order one, having unit 
root, nonstationary, with infinite memory, and non-mean reverting. In this case, effect of a shock in the series is 
permanent, having a long run effect, forever persistent. If d >1, the series is non-stationary, non-mean reverting 
with infinite memory. In this case, effect of a shock is diverging forever. For d <1, the series is mean-reverting, 
stationary. For 05.0 <<− d ,the series is stationary, intermediate memory (Antipersistent). The process is 
non-stationary for 5.0≥d , because it possesses infinite variance (Granger & Joyeux, 1980), however, long 
range dependence is associated all non zero, d>0. Thus, the memory property of a process depends on 
significantly on the value of d. ARFIMA model can be used to estimate the parameter d which describes long 
run memory of the series and if the parameter d is significant it gives evidence of long memory. Using the 
theoretical knowledge given above, we test food price series whether has it long memory. 

4. Results 

4.1 Basic Features of Food Price Dynamics in Sri Lanka 

The basic features of these price series are examined by visual inspection using various graphs. Visual inspection 
indicates that the series includes non-periodical cycles. They are non-stationary. The average food price change 
during the sample period is higher than that of the non-food price changes. Food inflation average exceeds the 
headline inflation average. Food inflation is having high volatility than nonfood inflation, headline inflation, 
(SDfinf=1.7, SDnonfinf=1.04, SDinf=0.84). Mean and variance of the food inflation distribution change over time. 
Variability of food inflation series vary over time and appears in clusters. There is a positive strong correlation, 
r=0.78 (0.00), between movements in head line and food inflation. Figure 1 exhibits a time series plot of monthly 
food price, nonfood price, overall CPI and world oil price, and global food price indices. All price series are 
moving upward with volatile.  

Two characteristics are emerged from the Figure 1. (i) There is a strong correlation among GFPI , CCPI, and 
CCPIf. WPIf and WPI (Table 5) (ii) The long term trend in CPI has followed a pattern similar to CPIf, GFPI 
behaviours.  

 
Table 5. Correlation coefficients between price indices 

 CCPI CCPIf  GFPI OILSPI WPIf WPI 
CCPI  1.000      
CCPIf  0.996 (0.000) 1.000     
GFPI  0.910(0.000) 0.919(0.000) 1.000000    
OILSPI  0.698(0.000) 0.723(0.000) 0.906(0.000) 1.000000   
WPI f  0.982(0.000) 0.989(0.000) 0.937(0.000) 0.766(0.000) 1.000  
WPI  0.990(0.000) 0.991(0.000) 0.944(0.000) 0.764(0.000) 0.995(0.000) 1.000 
*P values are in parenthesis 

 
(a)                                         (b) 

Figure 2. Divergence of food prices in Sri Lanka, 2003-2013 
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This evidence shows that food prices may be an important source of inflationary pressures in Sri Lanka. Figure 2 
(a) shows the divergence between CPI for food items and CPI for nonfood items has increased since 2007 while 
figure 2(b) indicates global food price and local food price are with upward trend and co-moved. The gap 
between these two price trends was increasing along with time. Domestic and international food price inflation 
rates have been positively and significantly correlated. 

4.2 Empirical Behaviour of Autocorrelation Function Structure of Food Price 

The lagged scater plot shows the simplest graphical summary of autocorrelation in a time series. The lagged 
scatter plot with confidence ellipse, nearest neighbour fit show that food price series highly depend on its lag 
value. Time plots in food inflation series shows that variance in the food inflation changes over time. The Figure 
3 exhibits three lagged scatter plots with 95 percent confidence ellipse (i) scatter plots of log of CPI for food 
price (LCPIf) of month t against log of CPI for food price of month t-1 (LCPIf, t-1 ) and (ii) scatter plots of food 
inflation1 (INFf) of moth t against food inflation1 (INFft-1 ) of month t-1. (iii) Food inflation2 of month t against 
food inflation2 of month t-1. (i) and (ii) the scatters are dense around the centre line which suggests that food 
inflation has the properties associated with random walk. This indicates that the value at time t depends on the 
value at t-1.  
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Figure 3. Autocorrelation nature of food price, food price inflation, Sri Lanka 2003-2013 

(Note: 1: food inflation is calculated from log food price index. 2: food inflation is calculated from HP filtered 
log food price trend.). LFOOD1, INFFOOD1 refers one lag of food price index, food price inflation with lag one 

respectively. 

 
These scatter plot with confidence ellipse shows the dependence nature of the food price dynamics in level as 
well as in rate of changes. All scatter plots show these variables are highly positively auto-correlated. Hence, 
food price or food price inflation is highly persistent.  

The autocorrelation function (ACF) can be used as a preliminary diagnostic tool of long memory. ACF 
represents the degree of persistence over respective lags of a variable. A slow decay of the ACF is an indicator of 
long memory. Sample ACFs for CPI for food and CCPI for all items decay slowly to zero at a polynomial rate as 
the lag increases. This type of process is referred to as long–memory time series. The autocorrelation coefficient 
of CCPIf starts at a very high value (0.977) close to 1 and declines very slowly toward zero as the lag lengthens 
(Figure 4). Autocorrelations for the first 36 lags range between approximately 0.973 and 0.02, providing strong 
evidence of the presence of serial correlation. Results indicate that CCPIf series has a very long memory and is 
largely persistent with lagged coefficients that are clearly statistically significant. The impact of a shock tε on 
CCPIf does not diminish over time. Therefore, the shocks on food price are persistent.  

Sample autocorrelations of inflation are generally very small and statistically insignificant at a 5 percent level. 
Whereas the sample autocorrelations for food price inflation, the absolute and squared food price inflation are 
significantly different from zero even for large lags. Figure 5 shows the ACF of absolute price changes decays 
slowly as a function of time lag according to a power law. This behaviour suggests that there is some kind of 
long-range dependence in the food inflation series. This series has a very long memory. It shows the serial 
dependence for the absolute and squared price changes are positive, significant and decays very slowly as lag 
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length increases. This indicating food price inflation series values are dependent to own past distant values. In 
addition, the ACF for absolute food inflation series is higher than the ACF for squared food inflation series.  

 

 
Figure 4. ACF of Food Price Series, Sri Lanka 

 
 

 

 

 

 

 

 
Figure 5. ACF of absolute and squared food price inflation 

 
These sample ACFs show that the impact of a shock tε on food inflation does not diminish over time. The past 
shocks continue to play a significant role in determining the future food price path. Therefore, the shocks on 
food price are persistent.  

The p value for (Ljung-Box test statistic) the joint significance of the correlation coefficients, indicates that they 
are significantly different from zero even for large lags. This implies the autocorrelation exist for longer time. If 
data are I(d), sample ACF are consistent with the following convergence rates (Brockwell & Davis (1995) and 
Baillie (1996): 

 
Table 6. Type of Convergence of ACF 

D Rate of Convergence of ACF 

25.05.0 <<− d  50.T  

250 .d =  ( ) 5.0)Tln(/T  

250250 .d. <<  
d.T −50

 
 
In this respect, identification of long memory by use of sample ACF is well bounded.  

4.3 Visual Inspection of Spectral Density Function 

In addition, spectral methods are useful to uncover key characteristics of economic time series for model 
building. Granger (1966) describes how the spectral shape of an economic variable concentrates spectral mass at 
low frequencies, declining smoothly as frequencies increases. The series yt displays long memory if its spectral 
density, fY increases without limit as angular frequency tends to zero. ∞=

→
)(flim Y λ

λ 0
. The periodogram 

measures the amplitude of a time series for all possible frequencies and wavelengths. In a spectral graph, 
periodogram, density is rapidly declining when frequencies increases for white noise variable. Long run 
dependence can be seen by the relatively flat spectral density over higher frequencies. 
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Figure 6. Spectral density function for food price series (CPIf, WPIf) 

   

Figure 7. Spectral Density Functions for Food Price Inflation 
 
Figure 6 and Figure 7 both point to the possibility that food price series, food price inflation series exhibit long 
memory.  

4.4 Unit Root Test Results 
 
Table 7. Unit Root Tests (KPSS) for Inflation Series from HP filtered Prices 

Variables  KPSS Test Statistic (LM) 

CPI Food Price –inf (
*f

t,d
π ) 0.6235 

CPI Food price –inf First difference (d *f

t,d
π )  0.338 

Global food price-inf (
*f

t,G
π )  0.959 

Global food price-inf First difference (d *
,

f
tGπ )  0.137 

Non-food price –inf(
*Nf

t,d
π )  1.046 

Non-food price-inf first difference (d 
*Nf

t,d
π )  0.166 

Whole sale food price-inf (
*f

t,WPI
π ) 0.639 

Whole sale food price inf-first difference (d 
*f

t,WPI
π )  0.255 

Whole sale price -inf (
*

t,WPI
π )  0.932 

Whole sale price inf–first difference(d 
*

t,WPI
π ) 0.203 

CPI-inf (
*

t,CPI
π )  0.852 

CPI-first difference(d *

t,CPI
π )  0.246 

(Note:* indicates inflation is calculated from HP filtered trend data),    critical value= 0.463 
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The results of standard unit root tests ADF, PP, and KPSS show the food price series are non-stationary, I(1) and 
Food inflation series is stationary, I(0). All these tests only count the integer order of integration of the series. I(1) 
or I(0). (Results can be obtained from first author). It has not identified the fractional integration. It is interesting 
to note that food inflation calculated from the HP filtered food price trend is non-stationary. KPSS test results 
show that food price inflation derived from HP filtered trend food price is non-stationary (Table 7). This 
indicates that there is some contradictions from standard unit root tests ADF and PP test.  

This limitation indicates that there is a need for a more general class of ARFIMA models to investigate the 
stochastic properties of food price inflation series. 

4.5 The Rescaled Range Statistic (R/S) Plot and Hurst Estimator (H) 

The results of the rescaled range analysis (Table 8) show that all H estimates are greater than 0.5. It implies that 
all price changes, all inflation series are persistent. 

 
Table 8. Hurst Estimates 

Price Series H1 H2 

CPI food inflation 0.7427 1≈  
CPI headline inflation 0.8159 1≈  
WPI food inflation 0.6246 0.987 
WPI inflation  0.6337 1≈  
Global food inflation  0.6364 0.959 
Non-food inflation  0.7174 1≈  
Note 1: denotes inflation with cycle component, 2: inflation without cycle component (using Hodrick-Prescott 
filter), 500 .H << :Anti-persistent, 50.H = : Random walk, 150 << H. : Persistence 

 
Hurst exponent (HE) can be obtained by plotting graph the range of the data on X axis (as measured by the 
highest and lowest values in the time period), and the standard deviation of the data in Y axis. A derivative of 
this statistical graph (slope of the regression) is known as a HE. The Figure 8 shows the relationship between 
logarithm of data length versus logarithm of rescale range (R/S) for cases. It shows approximately a positive 
straight line relationship between these variables, higher data length the higher the average computed rescale 
range value. This suggests the spectral density s(f) scales with frequency f as a power law HffS −~)( . H is the 
slope of the fitted trend line that shows the relationship between log(R/S) and log of time. For food inflation, the 
values of H statistic in Table 8 ( 15.0 << H ) provide strong evidence for long memory in all inflation series.  

 

Figure 8. The rescaled range statistic plot for food price inflation 

 
4.6 Semi-Parametric GPH Estimate “ d̂ ” 

We compute the fractional integration parameter using algorithms built in GRETL. There are two methods we 
use here to estimate fractional parameter “d” (i) proposed by Geweke and Porter-Hudak method (dGPH,) (ii) Local 
Whittle estimator (dLW): These both methods estimate “d” using a frequency domain maximum likelihood 
estimation to check long memory properties of food price series. The results are given in Table 9.  

Periodogram graphs (Figure 6 and 7) and GPH “d” estimates (Table 9) show the food price series is fractionally 
integrated and has long memory. Evidence of long memory is found in all of the price series studied, as the 
estimated “d “ values close to one ( ~1 ) for food price series and estimated values of GPH d range from 0.27 to 
0.43 except for nonfood price inflation which has d=0.712 which is not statistically significant. GPH estimates 
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for food price inflation series are statistically significant at the 5 percent level and indicate all variables are 
persistent. Hence, food price inflation series are not transitory and have long memory.  

 
Table 9. Geweke and Porter-Hudak Estimates and Local Whittle Estimates 

a) Food Prices                    b) Food Price Inflation 

Price GPH "d̂"   LWE d̂   Inflation GPH "d̂"  LWE d̂  

CPI 1.04 (0.000) 1,01(0.000)  INFH 0.43(0.00.3) 0.287(0.000) 

CPIF 1.05(0.000) 1.04(0.000)  INFF 0.43(0.018) 1.06(0.000) 

GFPI 1.19(0.000) 1.14(0.000)  INFGFPI 0.41(0.004) 0.54(0.000) 

WPIF 1,04(0.000) 1.05(0.000)  INFWPIF 0.28(0.073) 0.29(0.000) 

WPI 1,03(0.000) 1.04(0.000)  INFWP 0.44(0.003) 0.49(0.000) 

CPINF 1.02(0.000) 0.98(0.000)  INFNF 0.117(0.452) 0.12(0.169) 

 
4.7 ARFIMA Model  

a) Long Memory Estimates (d) for Mean of Food Price Series  

ARFIMA model is used to estimate long memory parameter using maximum likelihood estimation method. The 
selected ARFIMA model, for all price series and inflation series, is ARFIMA (1,d,0). Table 10 shows Long 
memory parameter estimates for the selected ARFIMA models.  

 
Table 10. Results from ARFIMA (1,d,0) Models for Price series 

ITEMS Constant AR D LL Wald-Chi2 
CCPI Ns 0.997(0.000) 0.355(0.000) -257.049 161662.03 
CCPIf Ns 0.991(0.000) 0.379(0.000) -334.76 24646.82 
CCPINf Ns 0.999(0.000) 0.196(0.000) -285.41 1429024.57 
GFPI Ns 0.929(0.000) 0.487(0.000) -384.67 3060.56 
WPI Ns 0.996(0.000) 0.239(0.001) -768.45 79086.17 
WPIF Ns 0.992(0.000) 0.281(0.002) -284.96 24249.05 

Note: This table shows the results of selected ARFIMA(1,d,0) models. AR indicates the autoregressive 
parameter; LL indicates the log likelihood, d indicates the long memory, parameter, p values are in parentheses; 
ns denotes not significance, d=fractional difference parameter 

 
In all cases, estimates of long memory parameter d which are highly significant at the 5 percent level and lie in 
the interval (0, 0.5), implying that the series are stationary but exhibit long memory. Global food price has 
relatively higher long memory. Positive values of the fractional differencing parameter indicate long memory. 
Long memory indicates that shocks to these prices may persist over a long period of time. These evidences imply 
predictability of future food prices based on historical prices. The significant d parameter estimates for each 
series ranges from 0.196 to 0.489. The ARFIMA model estimation results indicate that food inflation is 
persistent and having long memory behavior. Non-stationary of the series does not necessarily imply long run 
divergence of the series from its mean value. It is well known that a series with 150 << d. , is mean-reverting 
even though it is non-stationary.  

b. Food Inflation Series and Persistence  

 
Table 11. ARFIMA (0,d,0)–Long Memory Parameter Estimates ( d̂ ) of Inflation series 

ITEMS d̂  LL Wald-Chi2 
INFF 0.203(0.019) 362.17 39.19 
INFH 0.326(0.000) 439.77 33.95 
INFNF 0.292(0.000) 622.18 34.52 
INFWFP 0.230(0.002) 272.33 9.15 
INFWP 0.189(0.002) 298.68 9.97 
INFGF 0.438(0.000) 297.49 49.81 
  (P values are in parenthesis H0: d=0) 
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Long memory parameter is estimated for all inflation series. Long memory parameter estimates in conditional 
mean are (Table 11): d=0.326 (0.00) for headline inflation, d=0.203 (0.00) for food inflation, d=0.292 for 
nonfood inflation. These results indicate that food inflation series is said to be long memory, stationary, positive 
autocorrelations that decay hyperbolically. The evidence of long memory parameter in food inflation indicates 
the predictability of food inflation behaviour.  

All the long memory parameters are statistically significant at the 5 percent level, and the estimates indicate a 
high degree of dependence in the series. Further, in ARFIMA framework, we experimented inflation series after 
filtering the series by the HP method. Long memory parameter is estimated for the filtered series now. The 
results are given in Table 12.  

 
Table 12. ARFIMA–Long memory parameter estimates of inflation series 

ITEMS d* LL Wald-Chi2 
INFCFPI 0.4992(0.000) 139.29 227164.13 
INFCPI 0.4991(0.000) 205.64 608241.55 
INFCPINF 0.4997 (0.000) 256.06 1674967.00 
INFWFPI 0.4992(0.000) 131.85 214012.35 
INFWPI 0.4994(0.000) 162.39 383659.78 
INFGF 0.4988(0.000) 112.11 101885.49 
Note: * Estimated from the filtered the series by the HP method 

 
The evidence from Tables 11 and 12 indicate that food inflation possess long memory. In general, price series 
may have long memory not only in first moment of the series but also in second moments of the series. Now, we 
will investigate the characteristics of the second moment of the series (volatility). The following section 
describes the persistence of food inflation volatility in Sri Lanka.  

c. Long Memory in Volatility of Food Inflation  

The volatility series (conditional variance) for food price inflation is generated using GARCH model. Results 
show that variance of the food inflation series depends on the past. The coefficients GARCH terms in the 
conditional variance equation are highly significant. The GARCH effect is 0.87 which implies that shocks to the 
conditional variance will be highly persistent (Brooks, 2005, p 465). This indicates that shocks push variance 
away from its long-run average (Christoffersen, 2012). For each volatility series, Hurst exponent and ARFIMA 
“d” were estimated. The results are given in Table 13 below.  

 
Table 13. Long memory parameter estimates 

(a) Hurst Exponent      (b) ARFIMA 

Volatility Series Ĥ  Items d̂  LL Wald-Chi2

Volatility of CPI food inflation 0.965 Vol_INFF 0.494(0.000) 1183.71 5842.78 

Volatility of CPI headline inflation 9.582 Vol_INFH 0.495(0.000) 1367.46 14366.22 

Volatility of WPI food inflation 0.819 Vol_INFWPF 0.274(0.000) 800.97 79711.16 

Volatility of WPI inflation 0.917 Vol_INFWP 0.002(0.000) 1094.09 382912.28

Volatility of Global food inflation 0.916 Vol_INFGFPI 0.028(0.722) 1052.69 16451.81 

Volatility of CPI non-food inflation 0.863 Vol_INFNF 0.448(.000) 917.16 737.74 

(probability value in parenthesis) 

 
According to the Table 13, Hurst exponent and ARFIMA “d” estimates show that all volatility series of inflation 
are highly persistent (as H>0.5, 0<d<0.5). Volatility of food price inflation is also indicates that food inflation is 
long memory not in transitory nature.  

The ACF of volatility series given in Figure 9 also proves that food inflation is a long memory processes as ACF 
of these series decay hyperbolically, and the evidence of long memory in volatility reveals uncertainty (risk) in 
the behaviour of food prices. 
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Figure 9. ACF of Volatility Series 

 
Food price inflation cycles were extracted by filtering the series with the HP method. GARCH model was fitted 
for this cycle and estimated ARCH and GARCH coefficients. The sum of the coefficients on the lagged squared 
error and lagged conditional variance is very close to unity. This implies that shocks to the conditional variance 
will be highly persistent. This will lead to future forecasts of the variance to be high for a extended period. These 
estimated results also suggest that food inflation series exhibits evidence of long memory.  

Thus, the assumption that food (and energy) prices do not contribute to underlying inflationary pressures in the 
economy is incorrect. A common measure of inflation is headline inflation minus food and energy (Silver, 2007). 
The assumption is valid when the excluded items, food and energy are volatile elements that of a temporary 
nature with short memory. If they are persistent nature (long memory) those elements should be added in the 
core inflation measure. As food inflation play important role in inflation dynamics and food price inflation is 
long memory series, it is not appropriate to remove from inflation calculation. 

5. Conclusions and Recommendations 

In this study, we estimated order of integration of various food price and food price inflation series in Sri Lanka 
using fractional integration methods. A battery of nonparametric, semi-parametric and parametric tests was used 
to investigate long memory of food price series. All these tests show that food price series have long memory 
and they are fractionally integrated. Results suggest that food price series are not transitory in nature and have 
significant permanent components which imply strong evidence of persistence in food inflation in Sri Lanka. 
This result contradicts with other studies results for food prices as I(1) or I(0) for food price inflation. Policy 
makers may include food prices in the computation of any measure long run inflation where this inclusion could 
provide a clear picture of underlying inflation trends. The empirical results of this study have important policy 
implications for food, trade and monetary policy makers. Results suggest that neglecting food prices may render 
the core inflation a biased measure of long run inflation and the appropriate policy may focus is on headline 
inflation. 
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