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Abstract 

 
Many economic time series, specifically inflation, are inherently subject to seasonal 
fluctuations which obscure the real changes of the series. In this respect, seasonal adjustment 
is a powerful tool when removing such fluctuations. On the other hand, seasonal adjustment 
may provide highly volatile series, making it still difficult to interpret the movements of the 
series. The reason is that seasonal adjustment deals with certain type of movements that are 
completed on specific seasonal frequencies. However, it is possible that there may be other 
short term fluctuations occurring at non seasonal frequencies. From this observation and in 
the context of inflation, an improved methodology aiming to deal with all short term 
fluctuations that are completed within a year is proposed in this study. The two-step approach 
combines wavelet filters and band pass filters. This method yields much smoother time series 
than seasonal adjustment does. Moreover, the filtered series capture the dynamics of the 
inflation in sub groups well. Hence, this two-step procedure provides a useful tool for 
improved short term inflation analysis. 
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1. Introduction 

Economic time series, especially inflation, are subject to short term fluctuations. Presence 

of such fluctuations obscures the so called “real” movements in the series, which are of 

significant importance to the policy makers. When inflation is considered, it is important to 

disentangle what the monthly figure actually reveals. In other words, what the real change is, 

being free of any short-term fluctuations. Inflation is also a target policy variable in countries 

where inflation targeting policy is in order. Although formulating policies with a medium-

term perspective of keeping inflation at a desired level, a central bank is still held responsible 

for the deviations of inflation from the target with a rather shorter-term perspective, mostly at 

year-ends. This alone justifies the importance of and the need for good short term analysis 

both for revealing the real changes and for communication purposes. Hence, for better 

understanding the short-term inflation trends, it is necessary to efficiently eliminate short term 

fluctuations.  

In the context of the study, a short term fluctuation is described as a transitory price change 

which is reversed shortly and the cycle is completed within a year. These transitory 

fluctuations are generally referred to as being noise which masks the underlying inflation 

trend. The fact that any fluctuation within 12-month-period is considered is especially 

important policy wise, as the target is set for year-on-year inflation which provokes thinking 

in terms of 12-month cycles. In terms of monthly observations, seasonality in price changes is 

the main source of short-term fluctuations. Removing seasonality through conventional 

adjustment methods is an important task in order to make good use of monthly figures, since a 

central bank avoids responding to seasonal price changes, as they are purely transitory.  

From such a perspective, seasonal adjustment is a powerful tool in cleaning the time series 

from transitory seasonal factors. It is also widely exercised by statistical offices and central 

banks in their analysis. However, seasonality itself is not the only source of short term 

fluctuations. Cecchetti (1997) reports that short term fluctuations may come from changing 

seasonal patterns, broad-based resource shocks, exchange rate changes and changes in indirect 

taxes among others. Baqaee (2010) in addition, argues that what matters is in fact the duration 

of the noise, rather than its cause. In fact, shortly lived shocks or fluctuations should affect 

neither the underlying inflation, nor the inflation expectations. Hence, a central bank is also 

most likely to be reluctant in terms of responding to short term fluctuations, including 

seasonal ones.  
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In this context, seasonal adjustment methods deal with deterministic and stochastic 

seasonal movements which are repeated at specific frequencies within a year. However, in the 

course of the year there may be short-lived movements which are completed at non-generic 

frequencies and not removed by seasonal adjustment methods. In other words, as stated by 

Roger (1998), seasonal adjustment is not robust to a range of transitory shocks with irregular 

timing and/or magnitude. Having annual inflation in mind, the aim of the study is to eliminate 

all short-term fluctuations within a year, not only those occurring at generic seasonal 

frequencies. Therefore, we propose an improved methodology which claims to remove most, 

if not all, short term fluctuations. This methodology is a two-step approach combining 

wavelet filters with Christiano-Fitzgerald (CF) filter.  

Working with Turkish Consumer Price Index (CPI) and its major sub-components, our 

analysis shows that this two-step methodology yields much smoother series than seasonal 

adjustment; better disentangles short term fluctuations up to a year and the resulting series 

contain the information structure implied by seasonally adjusted series. The movement, scale 

and turning points of the new series are economically justifiable. Hence, this method presents 

a tool which efficiently removes the short term noise from the series making it attractive for 

the policy makers in assessing the course of inflation. Finally, this method gives a fairly good 

indication of the underlying inflation when applied to a popular special CPI aggregate.  

The study is organized as follows. In section 2 we present an outline and a critique of the 

seasonal adjustment focusing on its major drawbacks. Section 3 introduces the proposed 

methodology along with the technical aspects of wavelet and Christiano-Fitzgerald filters. 

The empirical analysis for the use of the methodology on the Turkish inflation data is 

presented in section 4. A further use of the methodology through an application to core 

inflation is discussed in section 5 and section 6 concludes the study.  

  

2. Seasonal Adjustment 

Many economic time series are inherently subject to seasonal movements. A movement 

can be called as seasonal if it is repeated periodically, possibly at the same time on an annual 

basis. In other words, well-known definition of seasonality is interested in the movements on 

the fundamental frequencies in a time series. Seasonal adjustment techniques are designed to 

eliminate these seasonal fluctuations in order to reveal the real movements in the time series.  
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In a seminal paper, Bell and Hillmer (1984) state that seasonal adjustment is basically done 

for three purposes. These are, to aid in short term forecasting, to relate a time series to other 

series or policy variables and to achieve comparability in the series values month-on-month. 

In this perspective, they also argue that seasonal adjustment is done to simplify data so that 

statistically unsophisticated users may more easily interpret them without a significant loss of 

information. Hannan, Terrell and Tuckwell (1970) point to another purpose for seasonal 

adjustment stating that policy makers do not want to make a mistake of attributing a seasonal 

movement on longer or medium term change in the level of economic indicators.  

2.1. Methodology 

Seasonality refers to the movements on the fundamental frequencies in a time series as 

shown in Kaiser and Maravall (2000). Let x� denote a monthly observed series. If x� has a 

deterministic linear trend, as in x� � a � bt, then 

�x� � b;                          (1) 

 �
x� � 0;                          (2) 

where ��	is the difference operator (d is the degree of difference) and �
x� � ���x��. In 

general, it can be easily seen that ��
 will reduce a polynomial of degree 12 to a constant1. 

This differencing operator will cancel not only to a constant (or reduce the linear trend to a 

constant) but also to other deterministic periodic functions, such as one that repeats itself 

every 12 months. The set of functions in (4) is the general solution of homogenous difference 

equation (3): 

��
x� � 0;                              (3) 

 r� � A� cos�ωt � B�              (4) 

where A denotes the amplitude, B denotes the phase (the angle at t=0) and ω is the angular 

frequency (the number of full circles that are completed in one unit of time). The period of 

function, to be denoted τ, is the number of units of time it takes for a full circle to be 

completed, and is related to the frequency ω by the expression (5) 

τ �

�

�
                 (5) 

As shown by Goldberg (1967), general solution of equation (1.3) will be associated with a 

period of τ � 6	months (since the spectrum area has property of symmetry between [0,π]  

                                                
1 These explanations can also be generalized for quarterly time series. 
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and [π,2π]). Thus, (3) represents , a monthly series having six seasonal components with 

frequencies ranging from once a year (π⁄6) to 2 months (π). Specifically,  

• ω=π represents  2-month cycle 

• ω=5π⁄6 represents  2.4-month cycle 

• ω=2π⁄3  represents  3-month cycle 

• ω=π⁄2 represents  4-month cycle 

• ω=π⁄3  represents 6-month cycle 

• ω=π⁄6 represents  12-month cycle 

The spectrum in Figure 1 displays the existing cycles of the Consumer Price Index (CPI) 

inflation. From right to left, grey bars represent seasonal frequencies, i.e. ω= {π, 5π/6, 2π/3, 

π/2, π/3, π/6}. It is seen that CPI inflation has peaks on three seasonal frequencies 

corresponding to 3, 4 and 6-month cycles. Figure 1 also shows that there are peaks at non-

seasonal frequencies. Figure 2, on the other hand, shows the spectrum graph of the seasonally 

adjusted CPI inflation series2. It is clear that movements on seasonal frequencies are 

successfully removed from the series since no peaks remain on the grey bars in Figure 2. 

From this aspect, seasonal adjustment does a good job in removing seasonal movements. 

 
Figure 1: Spectrum Representation of CPI  

(Monthly % change) 

Figure 2: Spectrum Representation of Seasonally 
Adjusted CPI (Monthly % change) 

  

Notes: Grey bars refer to seasonal frequencies.   

 
 

                                                
2 The seasonal adjustment is executed with Tramo&Seats (Gomez and Maravall, 1996). 

1 2 
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2.2. Drawbacks of seasonal adjustment 

Seasonal adjustment, although being a powerful tool, has its own drawbacks. First of all, 

seasonally adjusted series can still be volatile, mainly due to changing seasonal patterns. Any 

change in seasonal pattern not only affects the month-on-month rates, but also the annual 

rates through base effects. This further increases the volatility of the series. This is an 

important source of concern for central banks, as for instance mentioned by European Central 

Bank (ECB, Monthly Bulletin 2004/6), shifting seasonal patterns require caution when year-

on-year and seasonally adjusted changes are being analyzed, in particular around the period 

when seasonal pattern shifts. Hence, it is reported that volatility increased in Euro area HICP 

inflation after 2000, stemming also from changes in seasonal patterns. Cecchetti (1997) also 

shows that seasonal adjustment does very little to reduce short run –monthly- variation in 

inflation data.  

A key in the seasonal adjustment of economic time series is the detection of the seasonal 

component correctly, before eliminating it from the original series. This is not an easy task as 

discussed by Diewert, Alterman and Feenstra (2009). They also argue that there are 

methodological difficulties with time series methods for seasonal adjustment of prices, 

particularly when some seasonal commodities are not present in the marketplace in all 

seasons, claiming that seasonally adjusted data can only represent trends in the movement of 

prices rather than an accurate measure of the change in prices under these circumstances. 

Another drawback reported by Matas-Mir, Osborn and Lombardi (2008) is that seasonal 

adjustment by traditional methods reduces the average depth of recessions and marginally 

decreases average growth rates during expansions, making the detection of business cycle 

turning points more difficult. Roger (1998) points out that, as seasonal adjustment methods 

are equipped to deal with transitory movements displaying regular seasonality; they are not 

robust when other transitory shocks of irregular timing occur.  

In the context of this study, as we are interested in removing all short-lived fluctuations 

within a year, the major drawback of seasonal adjustment is that it only removes fluctuations 

occurring at specific frequencies. Following the discussion in previous section, from Figure 1, 

it can be seen that there are peaks also on non-seasonal frequencies, i.e. the peaks to the right 

of the 
�

�
 frequency, away from grey bars. These are important for short term analysis. For 

example, the first peak in Figure 1 (numbered as 1) represents 2.6-month cycle in CPI 

inflation. As mentioned above, this cycle is not taken into account in seasonal adjustment. 
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Another example is the second peak (numbered as 2) in the Figure 1. That peak is called 

stochastic seasonality as it is very near to a seasonal frequency3.  

When seasonally adjusted data is considered, in Figure 2, it is seen that 2.6-month cycle 

still remains. Furthermore, a lot of near-seasonal peaks are observed after seasonal 

adjustment. In addition, seasonal adjustment made the cycles having low amplitude more 

visible (i.e. 2.1-month cycle). Remaining cycles in this series make the interpretations more 

difficult in terms of short-term analysis. For example, seasonal adjustment removes the 

fluctuations at the fundamental seasonal frequencies of 2.4 and 3 months. Therefore, the peak 

at 2.6 months cycle in Figure 1 is not eliminated and it remains in seasonally adjusted series 

in Figure 2. In other words, this specific cycle will, misleadingly, be attributed to medium or 

long term movement. In general, any short-lived movement will not be adjusted if it is not on 

a fundamental frequency and therefore seasonal adjusted series will still contain short term 

fluctuations4.  

 

3. Proposed Methodology 

In what follows, we will outline a new methodology which deals with short term 

fluctuations that are completed within a year. In other words, we will try to eliminate 

movements not only at fundamental seasonal frequencies, but also at non-fundamental 

seasonal frequencies. As we are interested in short-term inflation analysis, our attention is 

focused on fluctuations within a year, i.e. 12-month-period. Eliminating fluctuations longer 

than a year will also eliminate the cycles which are important for short term analysis, leaving 

us with the trend inflation. Following the trend inflation is also useful, yet it is beyond the 

purpose of the study. Limiting the short term analysis to a 12-month-window is also 

meaningful as the inflation target is usually set on annual inflation, which is in fact an 

accumulation of 12-month movements, and thus it is also informative for the course of the 

annual inflation.  

To eliminate short-lived fluctuations within a year, the strategy we propose is a two-step 

one, combining the use of wavelet filters and band pass filter (CF filter) tools. Why we 

propose a combined strategy rather than selecting one tool is related to the nature of the 

wavelet methodology, which is superior to other filtering techniques. Wavelet filters can 

                                                
3 Though some seasonal adjustment methods have an option i.e. "ε" in Tramo&Seats (Gomez and Maravall, 
1996) to incorporate near-seasonal peaks in seasonal component, our application shows us that these peaks can 
still remain on the series after seasonal adjustment. 
4 The technical details are presented in Appendix.1.  
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decompose a series into various components referring to fluctuations at different frequencies. 

First level contains fluctuations at 2 to 4 months; second level contains 4 to 8 month 

fluctuations; while third level contains 8 to 16 month fluctuations and so on. Going to the 

third level is beyond our scope as it eliminates fluctuations longer than a year as well. Yet, 

going for the second level does not remove fluctuations between 8 to 12 month frequencies. 

So our proposition is to use the wavelet methodology to effectively remove fluctuations up to 

8 months, and later use traditional band-pass filters to remove the fluctuations at 8 to 12 

month frequencies. Among the band-pass filters available, we use CF filters as it is 

documented to be optimal.   

This section will technically introduce the two methods and the next section will present an 

application of the proposed new methodology on inflation.  

3.1. Wavelet filter 

Filters are used in most of the sciences to extract the desired and appropriate information 

within data. The idea of filtering developed after the introduction of Fourier series. The main 

idea behind the Fourier series is that every periodic series can be written as the sum of 

trigonometric sine and cosine functions. The general formulation for Fourier series 

representation is: 

x�t� � a!/2 � $ �an cos�nt� � bn sin	� nt	�
%

&'�
�                                                                 (6) 

where an and bn are the coefficients that corresponds to size of cos(nt) and sin(nt) which 

depends on x(t). The frequency of sine and cosine increases with n. Higher frequency cycles, 

sines or cosines with large n, may be interpreted as the instantaneous fluctuations in a series 

whereas low frequency cycles are generally interpreted as trend or long-term.         

Fourier Transform, based on the mentioned idea, is developed for transition between time 

domain and frequency domain. The formula for the Fourier Transform of x(t) is:   

X�f� � * x�t�e,-
�.�dt
0%
,%               (7) 

where 	e,-
�.� � cos�2πft� � isin�2πft� and f corresponds to frequency. x(t) is formed by the 

values in time axis and contains no information about frequency. X(f) is the function of 

frequency and |X(f)|2  is defined as spectrum which shows the contribution of each frequency, 

f,  to variance of x(t).   

An ideal filter can be implemented in frequency domain by passing the desired frequencies 

and removing the unwanted ones. However, an ideal filter cannot be designed in time domain 
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i.e. by using the series in time domain, where one can only approximate to ideal filter. In fact, 

most commonly used filters in economics are approximations to ideal filters. For example, 

Hodrick-Prescott filter is an approximation to ideal high pass filter and Baxter-King and 

Christiano-Fitzgerald filters are approximations to ideal band-pass filters. The main reasons 

behind the use of approximate filters are the finite length of data and difficulty of 

transforming a signal into frequency domain.    

The filters implemented in frequency domain have some drawbacks whether it is ideal or 

not. The source of the drawbacks is the above mentioned assumption: A series is a 

composition of sinusoidals which are effective during the whole sample. This assumption 

inhibits problems like: 

- detection of transitory shocks  

- identifying structural changes  

- detection of effective time periods of frequencies  

However, wavelets filters overcome these problems since they are designed on the 

assumption that each series are composed of wavelets, instead of sines and cosines, which are 

special functions that can shrink or expand. The adaptation property of wavelets, shrinking 

and expanding ability, provides a fair platform for analysis of non-stationary data and 

overcomes the mentioned problems above. Gençay et al. (2002) state: “The wavelet transform 

intelligently adapts itself to capture features across a wide range of frequencies and thus has 

the ability to capture events that are local in time.” Also Ramsey (2002) argues: “A corollary 

facility that wavelets possess is that of being able to locate precisely time regime shifts, 

discontinuities and isolated shocks to dynamical systems”. These properties lead wavelets to 

be used in economic analysis as a practical tool.5 

Wavelet Transform decomposes series x(t) into different frequency, or scale, components 

by using scaled versions of father (θ�t�)  and mother  �φ�t�� wavelets.  The scaled versions  

θ5,7�t� and 89,:�t� are defined as: 

θ5,7�t� � 2,
;
<θ�

�,
;7


; �   and 	φ5,7�t� � 2,
;
<φ�

�,
;7


; �                     (8) 

Wavelet decomposition of x(t) is given as: 

x�t� � S5 � D5 � D5,� �⋯� D�                  (9) 

                                                
5 Ramsey and Zhang (1997) use wavelet methods to overcome problem of nonstationarity in exchange rate 
analysis. Ramsey and Lampart (1998) eleminate disorders in permanent income hypothesis by using wavelet 
decomposition.  
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where . Sj is named as approximate component and Di, 

for i=1,…,j, are called detail components which are orthogonal to each other. D1 is the 

highest frequency component that includes the cycles with periods between 2 to 22=4 units. 

Similarly, Di corresponds to cycles with periods 2i to 2i+1 units.  

Following examples will illustrate the advantages mentioned above: 

Example 1: This example visualizes the shock detecting ability of wavelets. A signal with 

length of 256 data points is generated. The first 128 points is formed by a shock, which is 

diminishing by time and is random noise. The second part is dummy part designed to show no 

fluctuation. Figure 3 (a) shows the Fourier transform of the signal. There is a peak around 

0.04 which corresponds to a sinusoidal function with infinite duration i.e. the effect of shock 

will be observed throughout the sample. This shows that frequency-domain based filters 

generate spurious cycles and cannot catch transitory effect properly. Figure 3 (b) shows the 

discrete wavelet decomposition of series. Third and fourth sub-graphs, which correspond to 

D2 and D1, capture the noise and second sub-graph captures the transitory shock precisely 

without generating spurious cycles.  

Figure 3: Signal, Spectrum and Wavelet Decomposition of Example 1  

   (a) Signal and Spectrum  (b) Signal and Wavelet Decomposition 

 

 

Notes: Top figure is the signal, bottom one is the spectrum.  Notes: From top to bottom: Signal, approximate 
component, D2 and D1.  
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Example 2: This example displays that wavelet method both can detect structural changes 

and can deal with nonstationary signals. A signal with length of 768 data points is generated. 

The signal mainly consists of three equal-length parts. Each part includes linear trend 

increasing with time. The parts contain lowest, medium and highest frequency sinusoidals, 

respectively. The Fourier transform of the signal captures the existing frequencies but cannot 

assign the effective time period for each frequency i.e. it cannot catch timing of structural 

changes. On the contrary, Wavelet decomposition illustrates the time periods for each 

frequency where it is effective. The lowest frequency component is captured by D5 and D4, 

while D3 and D2 capture medium frequency and D1 captures the high frequency. This 

example shows the ability of wavelets in capturing structural changes and illustrating the 

effective time interval for different frequencies.  

This example also shows that wavelet filters can handle series with linear trend. This 

property eases the use of levels without need of any detrending process which may result in 

loss of information or in generation of spurious cycles.6   

Figure 4: Signal, Spectrum and Wavelet Decomposition of Example 2  

   (a) Signal and Spectrum  (b) Signal and Wavelet Decomposition 

 
 

Notes: Top figure is the signal, bottom one is the spectrum.  Notes: From top to bottom: Signal, approximate 
component, D5, D4, D3, D2 and D1.  

                                                
6 Cogley and Nason (1995) state that de-trending with HP filter result in deterioration of information in actual 
series. 
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3.2. Christiano-Fitzgerald filter 

Economists have long been interested in the theory of the spectral analysis, according to 

which any time series within a broad class can be decomposed into different frequency 

components. This theory supplies a tool, the ideal band pass filter, for extracting those 

components as discussed in Christiano and Fitzgerald (2003).  

Application of the ideal band pass filter requires an infinite amount of data and therefore 

an approximation is required in practice. In the literature, Baxter and King (hereafter BK) 

(1999) and Christiano and Fitzgerald (hereafter CF) (2003) suggest different approximations 

to solve the data length problem. CF is a generalization of the BK filter and it can be 

compared with BK in three dimensions: Firstly, approximation of the band pass filter is 

different from each other since they use different optimization criteria. Secondly, CF 

considers a broader class of time series representations such as covariance stationary, trend 

stationary and random walk; while BK is suitable for cases when the series is near 

independent and identically distributed. Thirdly, BK is a symmetric, fixed lag filter; on the 

other hand, CF is an asymmetric and time-varying filter. 

A further important difference between the BK and CF filters, as discussed in Haug and 

Dewald (2004), is the relation between sample size and the approximation error to the ideal 

filter. The weights of the BK filter are fixed regardless of the sample size. On the other hand, 

the CF filter weights depend on the sample size and the approximation error vanishes in the 

limit. Therefore, it is claimed that CF is consistent, whereas BK is not. That is why we 

employ CF band-pass filter in our study.  

The CF filter is an asymmetric filter that converges in the long run to the optimal filter as 

stated by Nilsson and Gyomai (2011). Let y� denote the ideal filtered series. Applying the CF 

to the raw data, x�, approximates y� by 	yA�. CF uses mean square error criterion to minimize 

(10): 

EC��y� D	yE��
|x�G			,			x � Cx�, … , xIG                     (10) 

where the expectation operator is evaluated using the time series properties of x�. Thus, 	yA � is 

the linear projection of y� onto each point in the data set, x�. Implementation of the solution of 

minimization problem is outlined in Christiano and Fitzgerald (2003) as follows: To isolate 

the component of x� with period of oscillation between JK and JL , where 2 M JK M JL N ∞, 

CF suggests the following approximation: 
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yE� � B!x� � B�x�0� � ⋯� BI,�,�xI,� � BOI,�yI � B�x�,� � ⋯� B�,
x
 � BO�,�x�   (11) 

        t � 3,4, … , T D 2  

where B5 �
S-&�5T�,S-&�5U�

�5
, j W 1  and B! �

T,U

�
,			a �


�

JY
, b �


�

JZ
	 and BO7 � D

�



B! D∑ B5

7,�
5'� . 

The parameters JL and JK are the upper and lower cut-off cycle lengths in month. The cycles 

longer than JK and shorter than JL are preserved in the cyclical term yE�. 

4. Empirical Analysis  

In the empirical analysis, we will combine these two filters to form a two-step 

methodology to analyze the short term movements of inflation.  

4.1. Data and CPI by subgroups 

In this study, disaggregated CPI data with 2003 base year is used. Time period is from 

January 2003 to April 2011. The data is chain-linked where weights and coverage are updated 

annually. CPI is composed of subgroups which are heterogeneous in nature, where the prices 

of each subgroup vary due to different characteristics and each subgroup is subject to different 

pricing behavior as well7. For instance, the food group itself is composed of two 

heterogeneous subgroups, namely, unprocessed and processed food groups. Unprocessed food 

is the most volatile component in the whole CPI mainly due to the effect of weather 

conditions on production, high number of intermediaries in the supply chain and the variable 

weighting calculation methodology in the compilation of group prices8. Therefore, to analyze 

the food group as a whole, ignoring different seasonal, structural and computational 

characteristics of unprocessed and processed food subgroups would be misleading in 

determining the underlying food inflation.  

It should be stressed that the significantly differing response of each sub group to various 

types of supply side shocks is another fundamental drawback of using aggregate group data in 

analyzing short term inflation outlook. Working with aggregate CPI series to analyze the 

underlying movements in the general consumer price data, could be misleading in the sense 

that the co-movements of different subgroups can mask the movements in the general 

inflation outlook. For this reason, in this study, the CPI is analyzed under five subgroups, 

namely, unprocessed food, processed food, services, core goods and energy subgroups.  

                                                
7 In a recent study, Özmen and Sevinç (2011) provide evidence for this heterogeneity using micro level 
consumer price data. The heterogeneity is not only in terms of the type of shocks received, but also in terms of 
the frequency, synchronization and distribution of the price changes.   
8 Atuk and Sevinç (2011) focus on the calculation schemes, while Orman et al. (2011) discuss structural reasons 
of high volatility.   



13 
 

4.2. Filtering process 

The first step in filtering process is to choose what sort of wavelet function to employ. 

There are various types of wavelets to deal with different type of series or signals. Most 

common wavelets are Haar wavelet, Daubachies, Symmlet, Coiflet, Biorthogonal wavelets 

and Mexican hot wave. In analysis, we use Symmlets which are symmetric functions 

preventing phase shifts and producing interpretable results for economic data. After the 

decomposition of series by wavelets, D1 and D2 components are filtered out in order to 

remove short term fluctuations and shocks with periodicities between 2 to 8 months. In the 

second step, as discussed in Section 3, we apply CF filter on the series coming from wavelet 

filtering in order to remove the fluctuations between 8 and 12 months. 9   

The monthly rate of change of the resulting time series for five subgroups, namely, 

unprocessed food, processed food, services, core goods and energy are presented in figures 

below in comparison with seasonally adjusted series:  

  

                                                
9 The removed components are not presented here since it is out of scope of this study. The fluctuations in these 
series, however, match with sector specific shocks and common shocks like changes in exchange rates.     
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Figure 5: Seasonally Adjusted Series vs. Filtered Series 
(Monthly % Change) 

Unprocessed Food 

 

Processed Food 

 

Services 

 

Notes: Blue series are seasonally adjusted series. Red series are 
from the proposed filtering process. 
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Figure 5 (cont.): Seasonally Adjusted Series vs. Filtered Series 
(Monthly % Change) 

Core Goods 

 

Energy 

 

CPI 

 

Notes: Blue series are seasonally adjusted series. Red series are 
from the proposed filtering process. Filtered aggregate CPI series 
is also plotted for comparison purposes. 
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At this stage, from Figure 5, we may analyze the outcome of the proposed filtering process 

in comparison with traditional seasonally adjusted series. First, we see that the filtered series 

are much smoother than seasonally adjusted ones. Filtering process removes more noise in the 

data that are disregarded by seasonal adjustment. In other words, the figures point to the fact 

that indeed there are short term fluctuations in inflation series which occur at non-

fundamental seasonal frequencies.  

At a first glance, it seems that the filtered series look like moving averages of the 

seasonally adjusted series. Yet, filtered series overcome the disadvantages of moving 

averaging, specifically not accurate detection of turning points and the loss of data.  

Filtered series contain the information content of the seasonal adjusted series in terms of 

the direction of the movements in a smoother manner. Moreover, the outlook provided by 

filtering is also economically significant as it captures heterogeneous shocks experienced by 

sub groups. For instance, the effect of rising international food prices on processed food 

prices, effects of oil price shocks on energy prices or the effects of exchange rate depreciation 

on core goods are well captured in the series. This information is also useful in terms of 

modeling purposes. Moreover, the annual inflation of the filtered price indices perfectly 

matches the annual inflation of the regular series, indicating that the method is removing only 

the irrelevant noise occurring within a year. 

5. An Application to Core Inflation  

In this part of the study, we present an application of the methodology on a popular core 

price indicator (Special CPI Aggregate I), which is composed of services and core goods. As 

it is made of two heterogeneous groups, instead of filtering the series by itself and keeping in 

mind the discussion for disaggregation in Section 4, we use separately filtered services and 

core goods series to construct the filtered I index.  

The purpose of this exercise is first to see whether the filtered series performs better than 

the seasonally adjusted series based on criteria commonly used for evaluating the 

performance of core inflation indicators. Second, if it performs better, then to compare the 

performance of filtered series with available core inflation indicators for Turkey. The 

comparison criteria for performance evaluation are described in detail and used in Atuk and 

Özmen (2009a) and recently in Atuk et al. (2011) for Turkey. Series are evaluated based on 

their volatility, trend tracking and predictive ability. The results of the comparison are 

reported in Table 1:   
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Table 1: Performance Evaluation 

Volatility 

I_SA I_WAVE I_WAVE+CF TRIM WM SATRIM FCORE 

Standard dev. 0.36 0.36 0.30 0.30 0.27 0.25 0.36 

Coefficient of var. 0.63 0.63 0.52 0.61 0.63 0.46 0.58 

Trend tracking ability / Deviations from trend inflation 

I_SA I_WAVE I_WAVE+CF TRIM WM SATRIM FCORE 

RMSE 0.37 0.37 0.30 0.41 0.43 0.31 0.38 

MAD 0.30 0.30 0.25 0.34 0.37 0.25 0.31 

Predictive ability / R2 form prediction regression  

I_SA I_WAVE I_WAVE+CF TRIM WM SATRIM FCORE 

R2 0.28 0.29 0.37 0.31 0.34 0.38 0.24 

Notes: The indicators used are defined as follows:  
   I_SA: Seasonally adjusted I index.  
   I_WAVE: I index filtered only with Wavelet (from the first step of two-step procedure) 
   I_WAVE+CF: I index filtered with Wavelet and CF (our proposed two-step procedure) 
   TRIM: 36 percent trimmed mean inflation a  
   WM: Weighted median inflation a 
   SATRIM: Trimmed mean inflation with seasonally adjusted series b 
   FCORE: Factor model core inflation c 
   (a, from Atuk and Özmen (2009a); b, from Atuk and Özmen (2009b); c, from Tekatlı (2010)) 
      Month-on-month changes are used in evaluation. Volatility is the standard deviation or the coefficient of 
variation of the monthly inflation rates.  
      Trend tracking ability is measured as the deviations from trend inflation. Here, trend inflation is the 36-
month moving average of the headline CPI inflation. RMSE and MAD refer to root mean squared error and 
mean absolute deviation, respectively.  
      Predictive regression is, \]0^

_`a D \]
_`a � b � c�\]

_`a D \]
_def� � g], where CPI refers to seasonally 

adjusted monthly headline inflation whereas “core” refers to monthly inflation of core indicators. “h” is the 
time period ranging from 1 to 24. Reported R2 values are the 24-period averages.  

 
A core indicator is deemed better when it has lower volatility, lower deviations from trend 

and higher predictive ability. With this in mind, from the results we see that our filtered I -

labeled as I_WAVE+CF- performs much better than seasonally adjusted I -I_SA-. This 

confirms the superiority of our proposed methodology on standard seasonal adjustment.  

Further, we see that the performance of our proposed series, I_WAVE+CF, is also 

comparable to existing well-performing core measures. However, it should be noted that the 

improvement comes from the combination of wavelet filter and the CF filter. When only the 

first step is executed, i.e. only the wavelet filter is used (D1 and D2 are excluded, I_WAVE), 

there is no improved performance over the seasonally adjusted series, I_SA.10  

                                                
10 In previous studies, Baqaee (2010) for instance, inflation series excluding D1 and D2 components of wavelet 
filters are called as good measures of core inflation. As far as Turkish CPI data concerned, our proposed 
methodology yields a much better performing core measure than simply excluding D1 and D2 components. 
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6. Concluding Remarks 

Short run inflation analysis is important not only for the central bankers, but also for policy 

makers in general. Two main challenges arise for the analysis of short term inflation. First, 

inflation is subject to various short term intra-year fluctuations. Second, headline inflation 

itself is composed of heterogeneous subgroups whose pricing behavior or the shocks they are 

subject to can differ substantially. Therefore, a good short term inflation analysis should 

incorporate these two issues. One traditional way is to seasonally adjust the inflation series at 

subgroup level. This is a powerful tool which is easily understood and accepted by the policy 

makers and the general public. However, as discussed, short term fluctuations occur not only 

at fundamental seasonal frequencies, but also at non-fundamental seasonal frequencies. 

Therefore, an efficient way to remove all short term fluctuations up to a year should be 

considered.  

In this study, we propose a new two-step methodology for short run analysis. First step 

applies wavelet filters to inflation series and removes fluctuations from 2 to 8 months. The 

second step filters the incoming series with Christiano-Fitzgerald filter in order to remove 

fluctuations occurring between 8 to 12 month frequencies. Our results indicate that the series 

which this methodology yields are much smoother than seasonally adjusted series. Moreover, 

a popular core inflation measure, special CPI aggregate I, performs much better when filtered 

with our methodology, and becomes comparable with the best performing core measures. 

Hence, this methodology introduces a new tool for, hopefully, improved short term inflation 

analysis.  

 

  



19 
 

References 

Atuk, O. & Özmen, M. U. (2009a). Design and evaluation of core inflation measures for 

Turkey. BIS-IFC Working Paper, 3. 

Atuk, O. & Özmen, M. U. (2009b). A New Approach to Measuring Core Inflation for Turkey: 

SATRIM. Đktisat Đşletme ve Finans, Cilt 24, Sayı 285, 73-88. 

Atuk, O. & Sevinç, O. (2010). TÜFE’de sabit ve değişken ağırlık sistemi yaklaşımları: 

Türkiye taze meyve-sebze fiyatları üzerine bir uygulama. Central Bank of Turkey 

Economic Policy Notes, 10/15.  

Atuk, O., Özmen, M. U. & Tekatlı, N. (2011). Çekirdek enflasyon göstergelerinin kullanımı 

üzerine bir değerlendirme. Central Bank of Turkey Economic Policy Notes, 11/01. 

Baqaee, D. (2010). Using wavelets to measure core inflation: The case of New Zealand. North 

American Journal of Economics and Finance, 21, 241-255.  

Baxter, M. & King, R. (1999). Measuring business cycles: Approximate band-pass filters for 

economic time series. The Review of Economics and Statistics, 81(4), 575–593. 

Bell, W. R. & Hillmer, S. C. (1984). Issues involved with the seasonal adjustment of 

economic time series. Journal of Business & Economic Statistics, 2, 291-320.  

Cecchetti, S. G. (1997). Measuring short-run inflation for central bankers. Federal Reserve 

Bank of St. Louis Rewiev, 143-155. 

Christiano, J., & Fitzgerald, T. (2003). The band pass filter. International Economic Review, 

Vol. 44, No. 2. 

Cogley, T., &  Nason, J. (1995). Effects of the Hodrick-Prescott filter on trend and difference 

stationary time series Implications for business cycle research. Journal of Economic 

Dynamics and Control, 19, 253-278. 

Diewert, W. E., Alterman, W. F & Feenstra, R. C. (2009). Time series versus index number 

methods of seasonal adjustment. Chapter 3, 29-52, in W.E. Diewert, B.M. Balk, D. Fixler, 

K.J. Fox and A.O. Nakamura (2009), Price and Productivity Measurement: Volume 2: 

Seasonality, Trafford Press. 

ECB Monthly Bulletin, June 2004, European Central Bank, Frankfurt am Main, Germany.   

Gençay R., Selçuk F., & Whitcher B. (2002). An introduction to wavelets and other filtering 

methods in finance and economics. Academic Press. 



20 
 

Goldberg, S. (1967). Introduction to difference equations. New York: Wiley & Sons. 

Gómez, V. & Maravall, A. (1996). Programs TRAMO and SEATS, instruction for user (Beta 

Version: September 1996), Banco de España Working Papers, 9628. 

Hannan E. J., Terrell, R. D. & Tuckwell, N. E. (1970). The seasonal adjustment of economic 

time series. International Economic Review, 11, 24-52. 

Haug, A. A. & Dewald, W. G. (2004). Longer-term effects of monetary growth on real and 

nominal variables, major industrial countries, 1880-2001, European Central Bank Working 

Paper Series, 382. 

Kaiser R., and Maravall A. (2000). Measuring business cycles in economic time series, 

Springer-Verlag New York, ISBN 0-387-95112-1. 

Matas-Mir, A., Osborn, D. R. & Lombardi, M. J. (2008). The effect of seasonal adjustment on 

the proporties of business cycle regimes. Journal of Applied Econometrics. 23, 257-278.  

Nilsson, R. & Gyomai, G. (2011). Cycle Extraction. OECD Statistics Directorate Working 

Paper, 39. 

Orman, C., Öğünç, F., Saygılı, Ş. & Yılmaz, G. (2010). Đşlenmemiş gıda fiyatlarında 

oynaklığa yol açan yapısal faktörler. Central Bank of Turkey Economic Policy Notes, 

10/16. 

Özmen, M. U. & Sevinç, O. (2011). Price rigidity in Turkey: Evidence from micro data. 

Central Bank of Turkey Working Paper, forthcoming.  

Ramsey, J. (2002). The contribution of wavelets to the analysis of economic and financial 

data. Studies in Nonlinear Dynamics & Econometrics, 6(3), Article 1. 

Ramsey J., & Lampart C. (1998). The decomposition of economic relationships by time scale 

using wavelets: Expenditure and income. Studies in Nonlinear Dynamics & Econometrics, 

3(1). 

Ramsey, J., & Zhang, Z. (1997). The analysis of foreign exchange data using waveform 

dictionaries. Journal of Empirical Finance, 4, 341-372. 

Roger, S. (1998). Core inflation: concepts, uses and measurement. Reserve Bank of New 

Zealand Discussion Papers, 98/9.  

Tekatlı, N. (2010). A new core inflation indicator for Turkey. Central Bank Review, 10 (2), 9-

22. 



21 
 

Appendix.1 

In this Appendix, we show how seasonally adjusted series still contain movements which 

are at non-fundamental frequencies under-one-year. 

The monthly seasonal ARIMA model for tx is:  

 ( ) ( ) tt aBxB θ=∇∇− 12
1275.01  

where B is the lag operator, ta  is a white noise error term and ( )Bθ  is MA polynomial. 12∇∇  

can be rewritten as ( ) ( )1122 ...11 BBBB ++++−  and hence the first factor, ( )21 B− , goes to 

AR part of the trend, and the second factor goes to the seasonal component (peaks for 

ππππππω ,
6

5
,

3

2
,

2
,

3
,

6
= ).   

The real positive root of seasonal AR(1), denoted by φ , is calculated as 9763.0  using  

( ) 12175.0=iφ . The AR root ( )Bφ−1  is assigned to the trend since k≥φ , which is threshold 

value assumed in SEATS11. The number of periods corresponding to the seasonal AR factor 

(goes to trend) can be found by using the argument of the root and the full circle degree i.e.

( )φArg
Period

360= . Note that Arg function is used in degrees. Then, it is found that the 

corresponding period is 2.6. So, it shows that the series has a cycle completing in 2.6 month. 

                                                
11 SEATS: Signal Extraction of Time Series. (Gomez and Maravall, 1996). 
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