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Abstract 

 

We estimate the degree of persistence of the Brazilian Consumer Price Index, 

IPCA, at different levels of aggregation. Using several methods, we address 

the relationship between aggregate persistence and persistence of aggregation 

and we measure the degree of persistence over time using monthly IPCA from 

August 1999 to July 2017. Overall, our results point to significant aggregation 

bias and a decline in inflation persistence in recent years, consistent with the 

maturity of inflation targeting. Additionally, the persistence estimates allow 

us to construct a novel and competitive measure of core inflation for Brazil.  
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1. Introduction 

 

Nowadays it is well recognized that an appropriate modelling of monetary policy 

depends crucially on assessing inflation persistence1. Using the definition set out by 

Fuhrer (2010), inflation persistence represents the tendency of the rate of change of price 

levels to remain constant in the absence of economic forces to move it from its current 

level.  

Debates both on the level of persistence and whether persistence has changed over 

time have not reached consensus2. While the great majority of papers considers country 

aggregate inflation measures, using disaggregate information on inflation persistence 

helps us to clarify these issues and at the same time allows us to better understand the 

price setting process. There is evidence in the literature that the persistence of aggregate 

inflation is greater than the average persistence of disaggregate inflation3, a phenomenon 

also called aggregation bias. Besides, estimates of disaggregate inflation persistence are 

inputs for computing core inflation measures4. There is also some evidence that inflation 

persistence tend to be higher in emerging economies, see Oliveira and Petrassi (2014). 

The main objective of this paper is to estimate the degree of persistence at different 

levels of aggregation of the Brazilian Consumer Price Index, IPCA, using monthly IPCA 

comprising the inflation targeting period from August 1999 to July 2017 and combining 

several reduced-form approaches. We address the relationship between aggregate 

persistence and persistence of aggregation (aggregation bias) and we measure the degree 

of persistence over time. We also verify how temporal aggregation affect measures of 

persistence.  

A second objective is to provide estimates of persistence in a real-time context to 

be used in measures of core inflation. Although a few papers have assessed disaggregate 

                                                 
1 In the Euro Area, for example, the efforts for better understanding the persistence of inflation, its causes, 

as well as the effects of aggregation culminated in the creation of the Inflation Persistence Network (IPN) 

by the ECB (see Altissimo et al., 2006). 
2 Most prominently, Cogley and Sargent (2005) found that the persistence of inflation in U.S. has declined 

since the 70’s, while Pivetta and Reis (2007) argue that it has not declined considerably in the U.S and Euro 

area. 
3 See, for example, Clark (2006) for United States, Elmer and Maag (2009) for Switzerland. 
4 Important examples include Cutler (2001), Bilke and Stracca (2007), Rangasamy (2009) and da Silva 

Filho and Figueiredo (2014). 



 

 

persistence in Brazil, to our knowledge this is the first paper that applies it to measures of 

core inflation.  

We find significant aggregation bias, which is in line with a number of country 

studies. Moreover, even considering different levels of disaggregation, we find evidence 

of a decline in inflation persistence since the adoption of inflation targeting in Brazil. 

Finally, our estimates for core inflation using information from disaggregate persistence 

are promising, given the results from usual error methods. 

The paper is structured as follows. Section 2 reviews the literature, section 3 

describes the methodology, while section 4 defines the disaggregate IPCA data we 

employ. Section 5 presents the estimate results of aggregate and disaggregate inflation 

persistence using different methods, section 6 shows an application of our results to core 

inflation measures and section 7 then concludes. 

 

2. Brief literature review 

 

The inflation persistence literature either considers conditional or unconditional 

persistence measures, referring to whether we are conditioning inflation on other 

economic variables or not5.  

In the first case, some papers have mainly considered changes in the driving 

process of inflation, as well as those induced by monetary policy actions and expectations. 

Examples include Dossche and Everaert (2005) for the Euro Area and the US and 

Machado and Portugal (2014) for Brazil.  

Concerning unconditional measures, it is generally argued that autocorrelation 

functions summarize much of the information in a time series, so they may appear as the 

best overall measure of persistence. However, as researchers often desire a single number 

that captures the overall persistence, most of the usual measures are scalars derived from 

the autocorrelation function. Fuhrer (2010), for example, listed the following measures: 

conventional unit root tests; the first autocorrelation of the inflation series; the dominant 

root of the univariate autoregressive inflation process, the sum of the autoregressive 

coefficients for inflation; and the unobserved components decompositions of inflation. 

Some of these approaches are also pursued in the present paper, as we detail in the next 

section. 

                                                 
5 Benati and Kapetanios (2003), Fuhrer (2010) and Levin and Piger (2004) provide important reviews of 

the empirical literature on inflation persistence. 



 

 

Disaggregated analysis generally uncovers smaller inflation persistence across the 

individual/sectoral price indexes compared to aggregate inflation. This suggests that 

inflation persistence observed at the aggregate level may arise due to aggregation bias 

(see Granger, 1980, and Zaffaroni, 2004) and due to the fact that idiosyncratic shocks will 

tend to disappear when a substantial number of series are aggregated (Altissimo, Mojon, 

and Zaffaroni, 2007).  

For the U.S. economy, the results presented by Clark (2006) suggest that the 

persistence of aggregate CPI lies above the persistence estimates of its subcomponents. 

His findings suggest that short-lived idiosyncratic shocks predominate at disaggregate 

levels, whereas at more aggregate levels, a persistent common macroeconomic 

component determines the dynamics of inflation.  

Altissimo, Mojon and Zaffaroni (2007) use a large data set of components of the 

French CPI to show that aggregation can explain the discrepancy between micro evidence 

suggesting a low level of inflation persistence and macro evidence consistent with a 

highly persistent inflation process.  

Empirical evidence for other countries also suggests that there may be a positive 

aggregation effect in the sense that aggregate inflation displays a higher degree of 

persistence than the weighted average of the individual commodity series6. 

Some papers have dealt with measuring aggregate inflation persistence for Brazil. 

For example, da Silva and Leme (2011), Figueiredo and Marques (2009) and Rebelo et 

al (2009) study inflation persistence by using long memory (ARFIMA) models. Oliveira 

and Petrassi (2014) employ both univariate and structural Phillips Curve models and find 

evidence that Brazil, as well as most emerging economies, has larger inflation persistence 

than a group of industrial economies. Using a multivariate framework, Machado and 

Portugal (2014) conclude that expectations have been an important source of inflation 

persistence in Brazil. Roache (2014) identifies an increase in inflation persistence using 

recent Brazilian data, in contrast to many other inflation targeting countries. Differently 

from those papers, here we present an assessment of disaggregate inflation persistence in 

Brazil. As far as we know just a couple of papers seek to analyze inflation persistence 

using disaggregate data for Brazil. Matos (2010) estimates persistence on the 468 sub-

indices of the Brazilian Consumer Price Index (CPI) computed by IBRE/FGV. Looking 

                                                 
6 Country studies of disaggregate inflation persistence include Babecký et al. (2009) for the Czech Republic, 

Elmer and Maag (2009) for Switzerland, Romero-Ávila and Usabiaga for Spain (2012), Apergis (2013) for 

Greece and Lünnemann and Mathä (2004) for several European countries. 



 

 

at reduced form measures of inflation persistence, she found that sectoral inflation series 

are very heterogeneous and exhibit much less persistence than aggregate inflation. 

Differently from Matos (2010), we analyze disaggregate persistence directly from the 

IPCA, which is the benchmark inflation index for monetary policy in Brazil. Dos Santos 

and Holland (2011) assess disaggregate persistence at the item level of the IPCA and also 

conclude that it is generally lower than aggregate persistence. In a different way from 

both papers, we focus not only on persistence levels, but also on their application to core 

inflation measures. Moreover, we extend the sample to the post-2009 crisis and we use a 

broader selection of methods to measure persistence.  

 

3. Methodology 

 

 

This paper deals with reduced-form persistence, an empirical property of an 

observed inflation measure, without economic interpretation. As showed in the previous 

section, there is no single definitive measure of reduced-form persistence. Indeed, a 

variety of measures has been employed in order to capture the idea that inflation responds 

gradually to shocks, or remains close to its recent history. In this section, we describe the 

measures of inflation persistence employed in the paper.  

A simple approach, popular in many papers, as for example in Pivetta and Reis 

(2007), restricts the persistence measure to the first autoregressive coefficient (𝛽1) in a 

univariate equation such as: 

𝜋𝑡 = 𝛼 + 𝛽1𝜋𝑡−1 + 휀𝑡         (1) 

 

However, the most common method is the sum of the autoregressive coefficients 

in a univariate inflation equation, which regards persistence as the cumulative long run 

effect of a shock to inflation. Assuming that the inflation rate follows an AR(p) process 

given by: 

 

𝜋𝑡 = 𝛼 + ∑ 𝛽𝑗𝜋𝑡−𝑗 + 휀𝑡
𝑝
𝑗=1           (2) 

 

where 휀𝑡 is a uncorrelated random term and with intercept 𝛼 and AR-coefficients 𝛽𝑗 (j= 

1 to p). The cumulative long-run effect of a one-time shock to inflation is given by the 

cumulative impulse response function (CIR): 



 

 

 

𝐶𝐼𝑅 = ∑
𝜕𝜋𝑡+ℎ

𝜕𝜀𝑡

∞
ℎ=0                   (3) 

for AR(p) given by (2), we have that: 

 

𝐶𝐼𝑅 =
1

1−∑ 𝛽𝑖
𝑝
𝑖=1

              (4) 

 

Therefore, a measure of persistence is given by the sum of autoregressive 

coefficients (SARC): 

 

∑ 𝛽𝑗𝜋𝑡−𝑗휀𝑡
𝑝
𝑗=1              (5) 

 

Equation (2) can then be rewritten as: 

 

𝜋𝑡 = 𝛼 + 𝜌∆𝜋𝑡−1 + ∑ 𝛾𝑗∆𝜋𝑡−𝑗 + 휀𝑡
𝑝−1
𝑗=1           (6) 

 

where clearly if 𝜌 = 1, the inflation process contains a unit root and if | 𝜌 | < 1, the process 

is stationary. 

The SARC can be directly obtained by the estimation of the augmented-Dickey-

Fuller version of (2) in terms of ∆𝜋𝑡 as given below:  

 

∆𝜋𝑡 = 𝛼 + ∑ 𝛿𝑗∆𝜋𝑡−𝑗 + (𝜌 − 1)𝜋𝑡−1 + 휀𝑡
𝑝−1
𝑗=1           (7) 

where 𝜌 = ∑ 𝛽𝑗
𝑝
𝑗=1  e  𝛿𝑗 = −∑ 𝛽𝑖

𝑝
𝑖=1+𝑗  

In this framework, inflation will be more or less persistent depending on how fast 

it converges to its mean after a shock. The path of the shock absorption is defined by the 

impulse response function (IRF). In an AR model with finite p, the IRF is defined based 

on the autocorrelation coefficients.  

The SARC is a reasonable measure of persistence for a stationary process only. 

To check if 𝜋𝑡 is stationary, we assessed whether the largest eigenvalue of the process is 

smaller than 1 in modulus. Andrews and Chen (1994) states that the SARC measure is 

the best scalar measure of persistence obtained from the dynamic equation for inflation 

provided that there is a monotonic relationship between 𝜌 and the cumulative impulse 

response (CIRF) of 𝜋𝑖,𝑡+𝑗 and 휀𝑖,𝑡. A drawback of these measures is that two series that 



 

 

are equally persistent could exhibit mean reverting patterns completely different from one 

another. This may happen, for example, if one of the series absorbs most of the shocks in 

the initial periods whereas the other absorbs them in subsequent periods.  

We also use the statistics of unit root tests as measures of persistence for the IPCA 

components. Following the Dickey-Fuller GLS (DFGLS) test of Elliott, Rothenberg and 

Stock (1996), one measure is given by the regression coefficients of the DFGLS 

individual tests, the second is given by the probability of rejecting the null hypothesis of 

unit root. Elliott, Rothenberg and Stock (1996) (ERS) proposed an efficient test, 

modifying the Dickey-Fuller test statistic using a generalized least squares (GLS) 

rationale. The authors demonstrate that this modified test has the best overall performance 

in terms of small-sample size and power, conclusively dominating the ordinary Dickey-

Fuller test. In particular, they find that the test has substantially improved power when an 

unknown mean or trend is present. Another common procedure we use is derived from 

the KPSS t-statistics. Considering as the null hypothesis the series being stationary, higher 

t values represents higher persistence coefficients.  

Finally, we use the absence of mean reversion (γ) proposed by Marques (2004) 

and Dias and Marques (2010) which is defined as the unconditional probability of a 

process not crossing its mean in period t, or equivalently, as one minus the probability of 

average reversion. Here, the frequency of mean reversion is a direct indicator of 

persistence. For a white noise process, E [γ] = 0.5. Values significantly above 0.5 indicate 

significant persistence. Under the null hypothesis of a symmetric white noise process, we 

have the following result: 

 

�̂�−0,5

0,5/√𝑇
≈ 𝑁(0,1)           (8) 

 

This approach has two main advantages: First, it does not require the specification 

and estimation of a model and thus it is expected to be robust against potential model 

misspecifications. Second, given its non-parametric nature it is also expected to be less 

sensitive to the presence of outliers in the data than for example the univariate estimates 

based on OLS. An additional property is that the persistence of the whole sample period 

is approximately equivalent to a weighted average of persistence of two consecutive sub-

periods.  



 

 

To summarize, we measure persistence using the following approaches, in order 

to address the robustness of our results: 

i. AR(1) coefficient; 

ii. SARC from the AR(p) model using the ADF specification given by (2) 

where p is defined using Schwarz information criteria from a maximum 

lag of 6 for monthly models and 4 for quarterly models; 

iii. SARC from the DFGLS test of Elliott, Rothenberg and Stock (2006)7 

using the same information as above; 

iv. The p-values of the DFGLS test mentioned above; 

v. The t-statistics of the Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test for 

stationarity; 

vi. Absence of mean reversion (𝛾) as measured by Marques (2004) e Dias & 

Marques (2010). 

 

4. Data 

 

We use disaggregate historical IPCA data from August/1999 to July/2017.  The 

IPCA basket comprises 9 main groups. Those groups are further broken into 19 

subgroups, 52 items and 373 sub-items.8 Table 1 summarizes the hierarchical structure of 

the data. In our analysis the most disaggregate level we used is the item level.  

Inflation is defined as the monthly percent change in the price index given by 

𝜋𝑖,𝑡 = (
𝑃𝑖,𝑡

𝑃𝑖,𝑡−1
− 1) 𝑥100, where 𝑃𝑖,𝑡 denotes the level of index series i in month t. The 

number of IPCA components (mainly subitems) is often revised over time. For 

consistency reasons, we only consider item series that cover the entire sample period. 

                                                 
7 Elliott, Rothenberg and Stock (1996) proposed an efficient test, modifying the Dickey-Fuller test statistic 

using a generalized least squares (GLS) rationale. The authors demonstrate that this modified test has the 

best overall performance in terms of small-sample size and power, conclusively dominating the ordinary 

Dickey-Fuller test. In particular, they find that test has substantially improved power when an unknown 

mean or trend is present.  
8 The IPCA is subject to regular weights and items revisions. Our sample comprise three periods with a 

different weight structure. 



 

 

 

Note that part of our analysis relies on aggregating estimation results that are 

obtained at disaggregate levels. Unless otherwise indicated, all aggregates are weighted 

using monthly weights based on the consumption expenditure shares. 

 

At all aggregation levels, the index series have been seasonally adjusted using the 

X-12-ARIMA method.  

Groups Subgroups Items Weights*

Food and beverages Food and beverages at home 16 16.1%

Food and beverages away from home 1 6.9%

Housing Household operations and furnishings 3 10.0%

Fuels and energy 2 5.0%

Household goods Furniture and utensils 3 2.2%

Electronics 2 2.2%

Maintenance and repair services 1 0.4%

Clothing Apparel 3 3.9%

Footwear 1 1.7%

Jewelry 1 0.3%

Textiles 1 0.1%

Transportation Transportation 3 20.2%

Health and personal care Pharmaceutical and optical products 2 3.8%

Health services 3 4.8%

Personal care 1 2.3%

Personal expenses Personal services 1 5.5%

Recreation, tobbaco products and photograph 3 4.4%

Education Courses, reading materials and supplies 4 5.5%

Communication Communication 1 4.5%

52 100%

* Average w eights for the sample.

Overall

Table1 - IPCA data coverage

Headline 0.53 0.48 -0.23 3.02 0.39 2.25

Groups

Food and beverages 0.63 0.61 -0.90 5.85 0.82 1.62

Housing 0.56 0.49 -2.38 5.29 0.64 1.92

Household goods 0.29 0.28 -0.87 2.88 0.51 1.19

Clothing 0.49 0.57 -1.44 1.91 0.55 -0.32

Transportation 0.47 0.33 -1.50 4.68 0.84 1.53

Health and personal care 0.54 0.45 -0.64 2.74 0.39 2.09

Personal expenses 0.61 0.54 -0.25 3.55 0.46 2.16

Education 0.61 0.16 -0.37 6.70 1.36 3.10

Communication 0.37 0.06 -1.65 9.31 1.22 4.92

Subgroups

Food and beverages at home 0.60 0.53 -1.71 6.68 1.05 1.25

Food and beverages away from home 0.69 0.68 -0.26 2.85 0.40 1.25

Household operations and furnishings 0.52 0.50 -0.20 1.94 0.29 0.95

Fuels and energy 0.66 0.32 -10.89 16.37 2.01 1.85

Furniture and utensils 0.47 0.47 -0.92 2.83 0.53 0.80

Electronics 0.09 0.07 -2.41 3.04 0.80 0.38

Maintenance and repair services 0.40 0.39 -3.84 2.50 0.70 -0.85

Apparel 0.47 0.52 -1.93 2.37 0.67 -0.26

Footwear 0.53 0.54 -1.38 2.70 0.57 -0.08

Jewelry 0.60 0.56 -1.49 2.95 0.86 0.38

Textiles 0.42 0.38 -1.05 2.65 0.60 0.56

Transportation 0.47 0.33 -1.50 4.68 0.84 1.53

Pharmaceutical and optical products 0.46 0.20 -2.06 5.82 0.92 2.78

Health services 0.63 0.64 -0.20 2.15 0.25 0.44

Personal care 0.47 0.41 -1.47 3.91 0.60 1.27

Personal services 0.65 0.62 -0.79 6.62 0.59 4.98

Recreation, tobbaco products and photograph 0.57 0.40 -1.27 3.41 0.77 1.60

Courses, reading materials and supplies 0.61 0.16 -0.37 6.70 1.36 3.10

Communication 0.37 0.06 -1.65 9.31 1.22 4.92

Table 2 -  Descriptive statistics for IPCA groups and subgroups - monthly series 

Mean Median Minimum Maximum
Standard 

Deviation
Skewness



 

 

The descriptive statistics for monthly series of the headline IPCA as well as its 

groups and subgroups is displayed in Table 2 whereas Table A.1 in the Appendix shows 

the statistics for the IPCA items.    

 

 

5. Results 

 

5.1  Estimates of persistence for the IPCA components 

 

In order to compute persistence as the sum of AR coefficients, the appropriate AR 

lag length for each model was selected according to the Akaike information criterion 

(AIC) with a maximum lag length of 6 months. 

Table 3 shows the persistence estimates at the disaggregate level for the IPCA 

groups and subgroups9, considering the six different approaches we outlined in the 

methodology section. 

 

                                                 
9 The persistence estimates for the 52 IPCA items is displayed on Table A.2 in the Appendix.   

KPSS

Headline 0.70 0.70 0.74 0.00 0.76 0.69

Groups

Food and beverages 0.69 0.62 0.70 0.00 0.43 0.70

Housing 0.25 0.59 0.75 0.02 0.47 0.54

Household goods 0.70 0.80 0.83 0.00 0.30 0.61

Clothing 0.38 0.69 0.90 0.24 0.79 0.65

Transportation 0.39 0.39 0.91 0.36 0.30 0.62

Health and personal care 0.53 0.68 0.75 0.00 0.85 0.69

Personal expenses 0.12 0.12 0.95 1.00 0.74 0.53

Education -0.03 -0.03 0.13 0.00 0.72 0.80

Communication 0.32 0.78 0.79 0.11 0.26 0.63

Subgroups

Food and beverages at home 0.67 0.59 0.63 0.00 0.25 0.68

Food and beverages away from home 0.44 0.61 0.91 0.04 0.71 0.59

Household operations and furnishings 0.54 0.77 0.86 0.02 0.74 0.63

Fuels and energy 0.25 0.40 0.83 0.02 0.14 0.52

Furniture and utensils 0.47 0.78 0.94 0.14 0.35 0.56

Electronics 0.56 0.74 0.74 0.00 0.04 0.60

Maintenance and repair services 0.08 0.24 0.69 0.00 0.23 0.50

Apparel 0.29 0.59 0.60 0.00 0.47 0.60

Footwear 0.18 0.50 0.96 0.32 0.51 0.57

Jewelry 0.35 0.67 0.67 0.00 0.29 0.53

Textiles 0.25 0.66 0.78 0.02 0.28 0.51

Transportation 0.39 0.39 0.91 0.10 0.23 0.62

Pharmaceutical and optical products 0.33 0.44 0.94 0.12 0.26 0.75

Health services 0.44 0.85 1.00 1.00 1.00 0.56

Personal care 0.50 0.69 0.71 0.00 0.32 0.61

Personal services 0.04 -0.09 0.93 0.27 0.48 0.60

Recreation, tobbaco products and photograph 0.12 0.12 0.86 0.06 0.33 0.62

Courses, reading materials and supplies -0.03 -0.03 0.13 0.00 0.56 0.80

Communication 0.32 0.78 0.79 0.03 0.20 0.63

Table 3 -  Measures of persistence for IPCA groups and subgroups - monthly series 

AR(1) AR(p)
DFGLS

AR(p) p-Value* t-statistic* HP filter

 



 

 

We find considerable heterogeneity of persistence both across different methods 

and in the groups/subgroups levels. Nevertheless, certain patterns observed in other 

studies also appear in our sample. First, some groups related to the services sector seem 

to display lower persistence, for example, communication, transportation and education 

(with average persistence of 0.48, 0.50 and 0.26, respectively). Among subgroups, with 

the exception of health services, that show relatively high inflation persistence, the same 

pattern applies to courses, maintenance and repair services and personal services, which 

have the lowest average levels of persistence (0.24, 0.29 and 0.37, respectively). This 

result is opposite to the general belief that services persistence should be higher than 

goods persistence, for example because the former is relatively more labor-intensive, or 

because it is not subject to international competition. Nevertheless, several authors find 

similar results in other country studies10, pointing to the so-called “service inflation 

persistence puzzle”, as Babecký et al (2009) argues. 

Second, some groups associated with the tradable goods sector, such as foods and 

beverages, household goods and clothing, have a relatively higher persistence. Being in 

more competitive sectors, one would expect lower inflation persistence for these groups. 

A plausible explanation for this apparently odd relationship between the degree of 

competition and inflation persistence is given by Calvo (2000). He argues that, in highly 

competitive markets, it is more likely that individual prices will stay close to the market 

average, to avoid the firm from being pushed out of the market. 

In order to check the existence of aggregation bias we compared the persistence 

estimates of different aggregation schemes. Table 4 shows that persistence generally 

decreases as the sample becomes more disaggregated. In fact, for AR(1) and KPSS I-

statistics, we found that 94 per cent of the items have a persistence level which is lower 

than that of aggregate inflation. Similar figures were found for the Gamma HP and ADF 

AR(p) methods. 

 

 

                                                 
10 This applies to Clark (2006), Babecký et al (2009), Lünnemann and Mathä (2004), among others. 

KPSS

Headline inflation

Aggregate 0.70 0.70 0.74 0.00 0.76 0.69

Groups 0.41 0.51 0.77 0.20 0.51 0.64

Subgroups 0.39 0.49 0.79 0.11 0.40 0.63

Items 0.31 0.44 0.74 0.07 0.37 0.63

Table 4 -  Persistence estimates by level of aggregation

AR(1) AR(p)
DFGLS

AR(p) p-Value* t-statistic* HP filter

 



 

 

We also construct confidence intervals for the persistence estimates of the 

autoregressive models, following Hansen’s (1999) grid bootstrap method. Here we avoid 

conventional bootstrap methods, which fail to provide asymptotic coverage when an 

autoregressive root is close to unity.  

The results for the 52 items, considering the AR(1) and AR(p) methods are shown 

in Figure 1, which displays on the horizontal axis each item by ascending order of 

persistence. On average, the 95% confidence bands involve 0.24 and 0.35 “persistence 

basis points”, respectively. While the bands might seem relatively large, most of the items 

have persistence levels well below aggregate persistence. Altogether, these findings 

provide additional evidence of aggregation bias for IPCA inflation. 

 

 

Figure 1: Persistence estimates for the 52 items and 95% confidence interval 

 

5.2 Inflation persistence over time 

 

Overall, the literature is not conclusive about the recent persistence trend, and this 

is not only a privilege of Brazil. In order to check how stable are the measures of 

persistence for the components of IPCA throughout our entire sample, we break our 

sample into three subsamples – which cover periods with different weight structure – and 

then compute the measures of inflation persistence for each subsample.11 

Table 5 shows a decrease of persistence over time since the adoption of the 

inflation-targeting regime. The persistence of headline inflation measured by the ADF 

test moved from 0.71 in the first period to 0.54 in the most recent period. The results using 

the DF-GLS test are similar. Also when aggregated by items, there is a reduction of 

persistence from 0.37 (0.57) to 0.14 (0.32) using the ADF test (DF-GLS test). In order to 

                                                 
11 A rolling regression exercise also showed the same pattern, both considering the historical weight 

structure and the more recent weights for the whole sample. The resulting dynamics is available in Figure 

A.1 in the Appendix. 



 

 

check how much the results are due to changes in the weights across subsamples, we also 

computed back persistence using the more recent set of item weights for the whole 

sample, and the qualitative results maintain, as seen on the third line of the table. 

 

 

This reduction in persistence is in line with the increasingly higher weight of 

services in aggregate inflation. As showed in Section 5.1, groups related to services 

generally had a smaller persistence. 

 

 

6. Application to core inflation 

 

Despite the importance of the persistence dimension in measuring the inflation 

trend, only recently the core inflation literature has begun to pay attention to it. Indeed, 

Cutler (2001) seems to have been the first one to do so, inspired by the comments of 

Blinder (1997) who identified core inflation as the durable or persistent component of 

Headline 0.71 0.57 0.54 0.71 0.67 0.58

Aggregate by items 0.38 0.27 0.14 0.52 0.44 0.33

Aggregate by items (Jan/12 - Jul/17 weights) 0.37 0.29 0.14 0.57 0.50 0.32

Groups

Food and beverages 0.67 0.41 0.69 0.70 0.57 0.72

Housing 0.71 0.55 0.35 0.74 0.55 0.35

Household goods 0.81 0.65 0.80 0.84 0.72 0.91

Clothing 0.40 0.40 0.36 0.87 0.60 0.71

Transportation 0.36 0.29 0.43 0.47 0.34 0.44

Health and personal care 0.62 0.35 0.75 0.64 0.42 0.76

Personal expenses 0.15 0.04 -0.02 0.79 0.30 -0.01

Education -0.16 0.27 -0.04 -0.16 0.27 0.09

Communication 0.07 0.08 -0.13 0.31 0.09 -0.13

Subgroups

Food and beverages at home 0.67 0.36 0.65 0.68 0.50 0.67

Food and beverages away from home 0.60 0.58 0.89 0.81 0.64 0.99

Household operations and furnishings 0.81 0.70 0.24 0.83 0.80 0.25

Fuels and energy 0.59 0.38 0.39 0.79 0.85 0.39

Furniture and utensils 0.73 0.66 0.75 0.89 0.67 0.88

Electronics 0.76 0.12 0.65 0.77 0.22 0.66

Maintenance and repair services -0.08 0.68 -0.05 0.44 0.85 0.60

Apparel 0.56 0.34 -0.10 0.59 0.37 0.54

Footwear 0.20 0.05 0.29 0.90 0.41 0.60

Jewelry 0.70 0.55 0.31 0.70 0.55 0.33

Textiles 0.72 0.08 0.41 0.76 0.51 0.53

Transportation 0.36 0.29 0.43 0.47 0.34 0.44

Pharmaceutical and optical products 0.45 0.23 0.36 0.79 0.43 0.36

Health services 0.79 0.63 0.86 1.00 0.93 0.89

Personal care 0.64 0.52 0.64 0.64 0.67 0.66

Personal services 0.00 -0.13 0.01 0.44 0.22 0.46

Recreation, tobbaco products and photograph 0.56 0.22 -0.18 0.84 0.24 0.08

Courses, reading materials and supplies -0.16 0.27 -0.04 -0.16 0.27 0.09

Communication 0.07 0.08 -0.13 0.31 0.09 -0.13

Table 5 -  Measures of persistence for different periods

ADF AR(p) ADF DF-GLS AR(p)

Aug/99 to 

Jun/06

Jul/06 to 

Dec/11

Jan/12 to 

Jul/17

Aug/99 to 

Jun/06

Jul/06 to 

Dec/11

Jan/12 to 

Jul/17



 

 

aggregate inflation. The author tests the prediction ability of several measures of core 

inflation to predict future inflation and concludes that the persistence-weighted core 

outperforms most of other measures.  

Examples of country references include Demarco (2004), for Malta, Babecký et 

al (2009), for Czech Republic, Bilke and Stracca (2008), for the Euro area, and 

Rangasamy (2009), for South Africa. 

The estimates of persistence at the disaggregate level shown in the last section 

allow for an estimation of a persistence weighted core measure of inflation for Brazil. 

Headline IPCA inflation is computed as follows12 

 

𝜋𝑡 = ∑ 𝑤𝑗,𝑡𝜋𝑗,𝑡
𝐽
𝑗=1             (9) 

 

where 𝑤𝑗,𝑡 is the original expenditure weight in time period t for item j, subject to the 

following  restriction: ∑ 𝑤𝑗,𝑡 = 1𝐽
𝑗=1 . 

A given core inflation measure k can be generally described by:13 

 

𝜋𝑡
𝑐(𝑘)

= ∑ �̃�𝑗,𝑡
𝑘 𝜋𝑗,𝑡

𝐽
𝑗=1           (10) 

 

where 𝜋𝑡
𝑐(𝑘)

 is the core inflation k at period t, where k indicates the methodology used to 

obtain the new set of  normalized weights  �̃�𝑗,𝑡
𝑘   such that  ∑ �̃�𝑗,𝑡

𝑘𝐽
𝑗=1 = 1 for each t. In this 

paper, we calculate a double-weighted (dw) core measure, based on both persistence and 

expenditure weights of each component. Thus, core inflation is built using the following 

weight for each item j:  

 

�̃�𝑗,𝑡
𝑑𝑤(𝑝𝑒)

= �̃�𝑗,𝑡
𝑝 𝑤𝑗,𝑡          (11) 

 

  �̃�𝑗,𝑡
𝑝 =

𝜌𝑗,𝑡
∗

∑ 𝜌𝑗,𝑡
∗𝐽

𝑗=1

         (12) 

 

                                                 
12 The notation of this part of the paper is based on da Silva Filho & Figueiredo (2014). 
13  This general expression fits basically most core inflation approaches, since they are essentially methods 

that reweigh the prices included in the headline index. For a summary of alternative ways to build core 

inflation measures, see Silver (2007) and Wynne (2008). 



 

 

where 𝜌𝑗,𝑡
∗  is the degree of persistence of item j at time t. 

In order to construct the core inflation measures, persistence estimates for the 

IPCA items are obtained by recursively estimating the persistence measures described in 

the previous section.   

The descriptive statistics of all computed measures and of the exclusion based 

core inflation calculated by Banco Central do Brasil (BCB) are displayed in Table 6.  In 

terms of bias, all measures behave relatively well except for the one computed by the 

DFGLS p-value. A desired property for core inflation measure is to present a lower 

volatility than that of headline inflation. From the results below, only the persistence 

measure computed by KPSS t-statistic and the BCB exclusion core presented this 

property.  

 

In order to check the ability of each core inflation measure to track the trend of 

headline inflation, the root mean squared error (RMSE) and the mean absolute deviation 

(MAD) were calculated (in relation to centered moving averages of 13, 25 and 37 

months). Then the relative performance (i.e. compared to headline inflation’s RMSE or 

MAD) of each core was calculated.  

Table 7 shows that the core inflation measures built by either using AR(1) 

estimates of persistence or gamma estimates are always outperformed by even headline 

Standard

Deviation

Headline IPCA 0.49 0.48 1.32 -0.19 0.26 0.35 3.46

AR(1) 0.48 0.48 2.48 -0.60 0.55 0.74 4.20

AR(p) 0.47 0.42 2.08 -0.28 0.42 0.89 4.43

AR(p) - DFGLS 0.50 0.51 1.87 -0.38 0.41 0.29 3.18

P-value - DFGLS 0.58 0.54 3.74 -1.57 0.60 1.27 9.31

t-stat - KPSS 0.52 0.52 1.29 0.03 0.23 0.30 3.19

   (HP) 0.49 0.49 1.24 -0.21 0.26 0.20 3.07

BCB Exclusion 0.48 0.45 1.23 -0.16 0.22 0.33 3.69

Table 6 - Descriptive Statistics for IPCA Core Inflation Measures

KurtosisMedian Maximum Minimum  SkewnessMean

 

AR(1) 1.13 1.16 1.17 1.16 1.18 1.19

AR(p) 0.87 0.89 0.91 0.86 0.90 0.92

AR(p) - DFGLS 0.91 0.89 0.90 0.89 0.89 0.90

P-value - DFGLS 1.53 1.56 1.57 0.95 0.94 0.92

t-stat - KPSS 0.79 0.78 0.78 0.79 0.79 0.80

   (HP) 1.04 1.04 1.05 1.05 1.05 1.05

BCB Exclusion 0.93 0.99 0.74 0.91 0.91 0.93

Table 7  - Deviations from Trend IPCA Inflation

RMSE* MAD**

Measures of core inflation 13-month 25-month 37-month 13-month 25-month 37-month

 



 

 

inflation. The other measures performed better than headline inflation and the measure 

based on the t-statistic from the KPSS test displayed the best results. 

 

 

7. Conclusions 

 

In this paper, we analyzed the persistence of the components of IPCA for Brazil 

using a variety of approaches available in the literature. Our paper contributes to a better 

understanding of inflation dynamics in Brazil at a disaggregate level, a feature that has 

been scarcely explored. 

Particularly we find evidence of aggregation bias, when comparing the weighted 

average persistence of the disaggregated components with the IPCA persistence. This 

finding is in line with several other country studies. Considering the evolution of 

persistence over time, the results show that both headline inflation and disaggregate 

inflation experienced a downward trend in the inflation targeting period. This result is 

robust to whether we consider historical weights or the most recent set of weights for the 

whole series. Our findings also point to the presence of the so-called “service inflation 

persistence puzzle”, in the sense that service-related prices have tended to display lower 

persistence. 

Finally, we present an application of disaggregate inflation persistence to core 

inflation measures, which, to our knowledge, is original for Brazilian data. The main 

finding is that, apart from the AR(1) and gamma estimates of persistence, the approaches 

generally manage to outperform headline inflation in tracking trend inflation with the best 

result being the one based on the KPSS test.  

Our paper does not explore measures of persistence such as the half-life or the 

largest autoregressive root. We also do not analyze persistence at the sub-item level. 

These topics along with treatment of possible structural breaks in individual series could 

be addressed in future research. Furthermore, we intend to explore the ability of the 

persistence weighted core inflation measures to predict headline inflation. 
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Appendix 

 

 

  

Code Items

1101 Rice, beans and corn 0.68 0.39 -7.21 18.02 3.57 1.12

1102 Flour and prepared flour mixes 0.64 0.34 -2.13 9.58 1.42 2.13

1103 Tubers, roots and legumes 1.23 0.48 -20.78 26.09 7.11 0.54

1104 Sugar and sweets 0.78 0.42 -6.10 25.32 2.66 3.92

1105 Green vegetables 0.81 0.64 -8.00 11.66 3.18 0.26

1106 Fruits 0.85 0.83 -6.27 9.29 2.07 0.25

1107 Meats 0.76 0.44 -2.28 9.12 1.57 2.08

1108 Fish 0.69 0.66 -3.24 4.88 1.21 -0.21

1109 Processed meat and fish 0.62 0.47 -2.03 4.25 0.95 0.83

1110 Poultry and eggs 0.67 0.56 -9.88 12.18 2.13 0.77

1111 Dairy products 0.60 0.45 -5.26 10.69 1.93 1.19

1112 Bakery products 0.60 0.44 -2.22 6.62 1.07 2.26

1113 Fats and oils 0.51 0.26 -4.08 11.53 2.15 1.46

1114 Beverages 0.57 0.51 -1.12 3.85 0.61 1.76

1115 Canned food 0.52 0.51 -2.25 4.19 0.79 0.74

1116 Spices, seasoning and sauces 0.57 0.47 -2.62 3.77 0.90 0.36

1201 Food away from home 0.69 0.69 -0.15 2.73 0.37 1.13

2101 Shelter and taxes 0.52 0.51 -0.65 2.43 0.31 1.07

2103 Maintainance and repair commodities 0.65 0.59 -0.40 2.63 0.47 1.14

2104 Household cleaning products 0.54 0.46 -0.66 3.52 0.64 1.23

2201 Household fuel 0.76 0.39 -5.95 15.91 2.01 3.75

2202 Electricity 0.64 0.65 -14.47 20.40 2.27 1.72

3101 Furniture 0.42 0.38 -1.09 3.38 0.67 0.74

3102 Decorator items and furnishings 0.61 0.62 -0.96 1.83 0.45 -0.13

3103 Bedding and bath clothes 0.39 0.34 -2.27 2.79 0.82 -0.03

3201 Household appliances 0.33 0.22 -2.82 2.77 0.84 -0.12

3202 Video, audio and information technology -0.25 -0.33 -2.52 2.66 0.90 0.46

3301 Maintainance and repair services 0.39 0.43 -3.52 2.35 0.65 -0.93

4101 Men's apparel 0.49 0.48 -1.08 1.82 0.42 -0.16

4102 Women's apparel 0.47 0.45 -1.76 1.80 0.49 -0.35

4103 Children's apparel 0.45 0.46 -1.60 2.33 0.47 -0.17

4201 Footwear 0.54 0.55 -0.85 2.37 0.40 0.40

4301 Jewelry 0.60 0.54 -1.54 3.41 0.77 0.42

4401 Fabric, sewing materials and supplies 0.42 0.39 -1.05 2.83 0.56 0.64

5101 Public transportation 0.67 0.55 -3.65 4.58 0.97 0.58

5102 Motor vehicles 0.27 0.24 -2.32 5.31 0.55 3.07

5104 Motor fuel 0.60 0.24 -8.65 11.38 2.29 1.35

6101 Drugs 0.45 0.41 -1.34 5.45 0.70 2.88

6102 Eyeglasses and contact lenses 0.53 0.48 -0.98 2.87 0.56 0.73

6201 Medical and dental care services 0.55 0.53 -0.53 1.50 0.33 0.09

6202 Hospital and related services 0.43 0.41 -0.55 1.78 0.35 0.23

6203 Health insurance 0.70 0.69 -0.23 3.48 0.34 2.45

6301 Personal care services 0.47 0.39 -1.35 3.56 0.54 1.30

7101 Domestic services 0.65 0.64 -0.82 5.99 0.51 5.28

7201 Recreation 0.51 0.48 -1.67 4.30 0.58 2.66

7202 Tobacco and smoking products 0.81 0.35 -4.14 14.48 2.13 3.44

7203 Photograph and film 0.34 0.21 -3.45 3.38 0.87 0.26

8101 Tuition, other school fees and childcare 0.62 0.65 -3.79 3.40 0.52 -3.40

8102 Reading materials 0.47 0.39 -3.03 4.20 0.58 0.64

8103 Educational supplies 0.56 0.58 -1.04 3.17 0.66 0.32

8104 Other courses 0.69 0.68 -4.06 5.33 0.64 0.62

9101 Communication 0.38 0.20 -2.11 4.95 0.73 2.79

Table A.1 -  Descriptive statistics for IPCA items - monthly series

Mean Median Minimum Maximum
Standard 

Deviation
Skewness



 

 

 

 

 

  

KPSS

Code Items

1101 Rice, beans and corn 0.60 0.60 0.67 0.000 0.01 0.73

1102 Flour and prepared flour mixes 0.75 0.77 0.86 0.001 0.15 0.75

1103 Tubers, roots and legumes 0.32 0.00 0.64 0.000 0.00 0.64

1104 Sugar and sweets 0.54 0.54 0.76 0.00 0.06 0.73

1105 Green vegetables 0.05 -0.22 0.28 0.00 0.04 0.68

1106 Fruits 0.10 0.08 0.25 0.00 0.12 0.57

1107 Meats 0.37 0.30 0.42 0.00 0.16 0.72

1108 Fish -0.07 -0.07 0.75 0.01 0.21 0.62

1109 Processed meat and fish 0.55 0.61 0.71 0.00 0.25 0.64

1110 Poultry and eggs 0.50 0.39 0.40 0.00 0.07 0.64

1111 Dairy products 0.65 0.45 0.48 0.00 0.07 0.74

1112 Bakery products 0.64 0.61 0.92 0.03 0.20 0.67

1113 Fats and oils 0.71 0.67 0.87 0.00 0.03 0.78

1114 Beverages 0.51 0.51 0.61 0.00 0.40 0.64

1115 Canned food 0.49 0.66 0.89 0.01 0.25 0.55

1116 Spices, seasoning and sauces 0.54 0.54 0.89 0.02 0.24 0.67

1201 Food away from home 0.44 0.61 0.91 0.04 0.89 0.60

2101 Shelter and taxes 0.41 0.71 0.81 0.01 0.78 0.58

2103 Maintainance and repair commodities 0.59 0.70 0.71 0.00 0.63 0.65

2104 Household cleaning products 0.74 0.76 0.86 0.00 0.35 0.73

2201 Household fuel 0.05 0.37 0.85 0.03 0.11 0.67

2202 Electricity 0.19 0.37 0.70 0.00 0.06 0.48

3101 Furniture 0.38 0.71 0.88 0.03 0.24 0.53

3102 Decorator items and furnishings 0.24 0.52 0.97 0.26 0.62 0.49

3103 Bedding and bath clothes 0.16 0.44 0.55 0.00 0.16 0.54

3201 Household appliances 0.43 0.66 0.67 0.00 0.11 0.55

3202 Video, audio and information technology 0.70 0.81 0.86 0.00 0.06 0.69

3301 Maintainance and repair services 0.08 0.24 0.76 0.01 0.23 0.50

4101 Men's apparel 0.11 0.31 0.31 0.00 0.51 0.59

4102 Women's apparel 0.24 0.50 0.53 0.00 0.41 0.59

4103 Children's apparel 0.12 0.41 0.86 0.04 0.40 0.59

4201 Footwear 0.18 0.50 0.96 0.29 0.62 0.57

4301 Jewelry 0.35 0.67 0.67 0.00 0.32 0.54

4401 Fabric, sewing materials and supplies 0.25 0.66 0.78 0.02 0.30 0.50

5101 Public transportation 0.18 0.29 0.80 0.02 0.27 0.61

5102 Motor vehicles 0.34 0.43 0.74 0.00 0.16 0.61

5104 Motor fuel 0.33 0.33 0.72 0.00 0.05 0.63

6101 Drugs 0.32 0.44 0.94 0.12 0.24 0.76

6102 Eyeglasses and contact lenses 0.17 0.61 0.89 0.08 0.40 0.50

6201 Medical and dental care services 0.29 0.69 0.96 0.41 0.76 0.59

6202 Hospital and related services 0.30 0.74 0.85 0.04 0.55 0.53

6203 Health insurance 0.39 0.81 1.00 1.00 1.00 0.85

6301 Personal care services 0.50 0.69 0.71 0.00 0.36 0.60

7101 Domestic services 0.04 -0.09 0.93 0.24 0.58 0.57

7201 Recreation 0.04 0.04 0.05 0.00 0.37 0.51

7202 Tobacco and smoking products 0.20 0.20 0.82 0.02 0.11 0.79

7203 Photograph and film 0.32 0.47 0.50 0.00 0.11 0.55

8101 Tuition, other school fees and childcare -0.12 -0.12 0.70 0.00 0.52 0.78

8102 Reading materials 0.33 0.62 0.90 0.09 0.33 0.59

8103 Educational supplies -0.13 0.48 0.48 0.00 0.35 0.44

8104 Other courses -0.15 -0.15 -0.11 0.00 0.47 0.75

9101 Communication 0.32 0.78 0.79 0.03 0.18 0.63

Weighted avg. of aggregate persistence 0.311 0.439 0.737 0.069 0.375 0.629

Headline persistence 0.702 0.702 0.744 0.000 0.764 0.685

Table A.2 - Measures of persistence for IPCA items - monthly series

AR(1) AR(p)

DFGLS

AR(p) p-Value* t-statistic* HP filter

 


