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Keywords: New Keynesian Phillips curve; Identification-robust methods; Weak instruments;  

Brazil. 
 

JEL Classification: E31; C13; C3 

 

1 Introduction 

 

In recent years, the New Keynesian model has been regularly used as theoretical 

framework to assess the relationship between aggregate variables and the effects of 

economic policies. In this model, inflation dynamics has been modeled through the use 

of the New Keynesian Phillips curve (NKPC).1 Built upon the assumption of overlapping 

price adjustments by forward-looking firms, the basic specification of the NKPC 

demonstrates current inflation is determined by (rational) inflation expectations for the 

subsequent period and by a measure of real marginal cost, such as unit labor cost and 

output gap.  

 Even though it represents an important theoretical breakthrough when compared 

with the conventional reduced-form Phillips curve, the basic NKPC does not capture the 

characteristic persistence of the inflationary process. To overcome this problem, several 

studies have made important contributions to this model. For instance, Galí and Gertler 

(1999) propose a hybrid model in which NKPC has a backward-looking component, i.e., 

current inflation depends on past inflation. Mankiw and Reis (2002) introduce the concept 

of information rigidity and show that this leads to inflationary inertia. Woodford (2003) 

and Christiano et al. (2005) derive a hybrid NKPC from the assumption that non-

optimizing firms partially index their prices to past inflation.  
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 Another way of reconciling NKPC with the inflationary inertia detected in the data 

is related to the treatment of inflation expectations. Roberts (1997) shows that, in several 

situations, models based on the assumption of imperfectly rational expectations for 

inflation are observationally equivalent to models with inflation rigidity and rational 

expectations. That being said, this author estimates NKPC using direct survey-based 

measures of inflation expectations and he finds the model can capture the persistence of 

U.S. inflation. Since then, several studies have abandoned the assumption of rational 

expectations and estimated NKPC using survey-based measures of inflation expectations 

(e.g., Rudebusch, 2002; Paloviita and Mayes, 2005; Paloviita, 2006, 2008; Henzel and 

Wollmershauser, 2008; Brissimis and Magginas, 2008; Zhang et al., 2008, 2009; Nunes, 

2010; Koop and Onorante, 2012; Fuhrer, 2012).  

 Empirically, NKPC has been commonly estimated by instrumental variables (IV) 

or by the generalized method of moments (GMM). The use of these methods is motivated 

by the presence of rational expectations for inflation, errors in the variables, and potential 

endogeneity of survey-based inflation expectations and of real marginal cost. However, 

it should be underscored that IV and GMM can have serious problems in the presence of 

weak instruments or weak identification, i.e., instruments that have a poor correlation 

with endogenous regressors. When instruments are weak, i) the point estimates of IV and 

GMM, the hypothesis tests, and confidence intervals are not reliable; ii) the asymptotic 

distribution of several test statistics (such as likelihood ratio and Wald test) rely on 

nuisance parameters; iii) t tests show significance levels that could differ arbitrarily from 

their nominal values; iv) Wald-type confidence intervals have a poor coverage because 

they overlook possible unlimited outcomes observed in cases where parameters are not 

identified; and v) the two-stage least squares (2SLS) estimator is biased and its 

distribution is non-normal.2 

 Therefore, this paper seeks to assess inflation dynamics in Brazil by estimating 

NKPC with identification-robust methods. Specifically, we utilize a procedure based on 

the generalized Anderson-Rubin (AR) statistic, proposed by Dufour et al. (2010a, 

2010b).3 In addition to allowing the use of unbounded confidence intervals for 

unidentified parameters, the AR procedure is robust to weak instruments, to relevant 

omitted instruments, and to more general formulations for endogenous regressors 

(Dufour, 2003; Dufour et al., 2006; Dufour and Taamouti, 2005, 2007). We apply this 

procedure to obtain confidence intervals and estimates of structural parameters from two 

NKPC specifications. As benchmark, we use the hybrid NKPC with rational expectations 

proposed by Galí and Gertler (1999). Moreover, we estimate the hybrid NKPC using a 

direct measure of inflation expectations obtained from surveys carried out by the Central 

Bank of Brazil (CBB) at banks, consulting firms, and real sector firms.  

The identification problem with NKPC is not novel. Ma (2002) uses the methods 

proposed by Stock and Wright (2000) to obtain confidence intervals that are robust to 

weak instruments for NKPC parameters. Mavroeidis (2004) relates the weak 

identification problem with NKPC to exogenous variables properties. Mavroedis (2005) 

performs Monte Carlo experiments and demonstrates that the GMM estimator for NKPC 

parameters does not yield reliable outcomes. Dufour et al. (2006, 2010a, 2010b) and 

Nason and Smith (2008) use procedures based on Anderson and Rubin (1949) and obtain 

identification-robust estimates for NKPC parameters for the USA and Canada. 

Kleinbergen and Mavroeidis (2009) employ tests that are robust to weak instruments to 

reassess the evidence of NKPC in the U.S. economy. Magnusson and Mavroeidis (2010) 

                                                 
2 For the effects of weak instruments on IV and GMM estimation, see Dufour (1997, 2003), Staiger and 

Stock (1997), Wang and Zivot (1998), Zivot et al. (1998), Stock and Wright (2000), and Stock et al. (2002). 
3 The AR statistic was initially proposed by Anderson and Rubin (1949). 
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propose an identification-robust minimum distance method and apply it to estimate the 

NKPC. Mavroeidis et al. (2014) obtain identification-robust confidence intervals for 

NKPC parameters based on the S test proposed by Stock and Wright (2000).      

In this paper, results show that, in general, NKPC is compatible with Brazilian 

economic data. Nevertheless, the estimates for the structural parameters exhibit 

remarkable differences between the analyzed specifications. For NKPC with rational 

expectations, we found a large rate of firms that keep their prices constant in a given 

month. Furthermore, we noted the forward-looking component was statistically higher 

than the backward-looking one in this specification. Conversely, the specification 

containing the market-based inflation expectations yields point estimates for the Calvo 

parameter and for the average duration of prices compatible with the microdata-based 

evidence. In both models, we observe the effect of labor on current inflation is not 

statistically significant. 

In Brazil, there are a large number of studies on the Phillips curve,4 but little 

attention has been given to NKPC. Alves and Areosa (2005) and Areosa and Medeiros 

(2007) estimate the standard NKPC for an open economy and highlight the importance 

of exchange rate for the inflation dynamics. Based on the estimation of NKPC with 

unobservable components, Machado and Portugal (2014) found that the inflation-

targeting regime reduced inflation level and seasonality. Mazali and Divino (2010), 

Mendonça et al. (2012) and Medeiros et al. (2017) estimate the NKPC version proposed 

by Blanchard and Galí (2007) to assess the relationship between rate of unemployment 

and current inflation. It should be noted that all these studies use econometric procedures 

that are not identification-robust. 

Aside from this introduction, this paper is organized into another five sections. 

Section 2 briefly introduces the model that theoretically underpins this study and 

reassesses the identification problem. Section 3 describes the empirical methods used to 

obtain identification-robust estimates for the NKPC parameters. Section 4 shows the data 

used in the estimations and describes the results. Section 5 concludes.  

 

2 Galí and Gertler (1999)’s NKPC and the identification problem  

 

In the past 20 years, inflation dynamics has been modeled by NKPC. In this section, we 

reassess the hybrid NKPC specification proposed by Galí and Gertler (1999) and discuss 

the identification problem with this model.  

To derive the NKPC, Galí and Gertler (1999) assume there is a continuum of firms 

acting in monopolistic competition, each one of them producing a differentiated good. 

Following Calvo (1983), the authors admit to overlapping price adjustments where, in 

any time period, each firm has probability 1 − 𝜃 to adjust the price of its product. This 

implies that a fraction 𝜃 of the firms does not adjust their prices in each period. In 

addition, Galí and Gertler deviate from Calvo (1983)’s model and assume forward-

looking and backward-looking firms coexist at proportions (1 − 𝜔) and 𝜔, respectively. 

So, the aggregate price level is given by: 
 

 𝑝𝑡 = 𝜃𝑝𝑡−1 + (1 − 𝜃)𝑝𝑡
∗ (1) 

 

where 𝑝𝑡
∗ is the index for recently established prices in period 𝑡. Let 𝑝𝑡

𝑓
 denote the price 

adjusted by forward-looking firms and 𝑝𝑡
𝑏 be the price adjusted by backward-looking 

firms, 𝑝𝑡
∗ can be expressed as: 

                                                 
4 See, for instance, Minella et al. (2003), Lima (2003), Muinhos (2004), Fasolo and Portugal (2004), 

Tombini and Alves (2006), Schwartzman (2006), Correa and Minella (2010), Areosa et al. (2011), Arruda 

et al. (2011), and Tristão and Torrent (2015).  
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 𝑝𝑡
∗ = (1 − 𝜔)𝑝𝑡

𝑓 +𝜔𝑝𝑡
𝑏 (2) 

 

Forward-looking firms behave like in Calvo (1983)’s model and adjust their prices 

according to the following equation: 
 

 
𝑝𝑡
𝑓 = (1 − 𝜃𝛽)∑(𝜃𝛽)𝑘

∞

𝑘=0

𝐸𝑡{𝑚𝑐𝑡+𝑘
𝑛 } 

 

(3) 

 

where 𝑚𝑐𝑡
𝑛 is the percentage deviation (from the steady-state value) of the firm’s nominal 

marginal cost at 𝑡. This shows that a forward-looking firm that adjusts its price at t takes 

into account the future expected path of nominal marginal cost, based on the probability 

of its price being constant for several periods.  

In turn, backward-looking firms adjust their prices as follows: 
 

 𝑝𝑡
𝑏 = 𝑝𝑡−1

∗ + 𝜋𝑡−1. (4) 
 

Thus, a backward-looking firm uses a rule of thumb to determine that the price of its 

product at t be equal to the average price adjusted in the most recent period, 𝑝𝑡−1
∗ , with a 

correction made by the forecast of current inflation. In this case, the firm’s forecast of 

current inflation is equal to inflation at 𝑡 − 1. 

 By combining Eqs. (1)-(4), Galí and Gertler (1999) express the hybrid NKPC as:  
 

 𝜋𝑡 = 𝛾𝑓𝐸𝑡(𝜋𝑡+1) + 𝛾𝑏𝜋𝑡−1 + 𝜆𝑚𝑐𝑡 (5) 
 

where 𝑚𝑐𝑡 is the real marginal cost, 𝛾𝑓 ≡ 𝜃𝛽𝜙
−1, 𝛾𝑏 ≡ 𝜔𝜙

−1, 𝜆 ≡ (1 − 𝜔)(1 − 𝜃)(1 −

𝜃𝛽)𝜙−1 and 𝜙 ≡ 𝜃 + 𝜔(1 − 𝜃 + 𝜃𝛽).  
 Without loss of generality, it is possible to add an inflation shock 휀𝑡 to Eq. (5). 

Suppose this shock is an innovation in terms of the information set available at 𝑡 (i.e., 

𝐸𝑡−1(휀𝑡) = 0) and has a variance equal to 𝜎𝜀
2. In addition, as the rational expectations for 

inflation at 𝑡 + 1, 𝐸𝑡(𝜋𝑡+1), is a latent variable, this variable can be replaced with 𝜋𝑡+1 +
𝜂𝑡+1, where 𝜂𝑡+1 ≡ 𝐸𝑡(𝜋𝑡+1) − 𝜋𝑡+1 is the one-period ahead inflation forecast error. 

After making these changes, the hybrid NKPC can be expressed by: 
 

 𝜋𝑡 = 𝛾𝑓𝜋𝑡+1 + 𝛾𝑏𝜋𝑡−1 + 𝜆𝑚𝑐𝑡 + 𝑒𝑡 (6) 
 

where 𝑒𝑡 = 휀𝑡 + 𝛾𝑓𝜂𝑡+1. This equation can be estimated by GMM considering a vector 

of instruments denoted by 𝑋𝑡. In this case, the moment conditions are given by 

𝐸[𝑋𝑡(𝜋𝑡 − 𝛾𝑓𝜋𝑡+1 − 𝛾𝑏𝜋𝑡−1 − 𝜆𝑚𝑐𝑡)] = 0.  

 Eq. (6) contains two endogenous regressors, 𝜋𝑡+1 and 𝑚𝑐𝑡, and one exogenous 

regressor, 𝜋𝑡−1. Therefore, the model can be expressed as: 
 

 𝑦 = 𝑌δ + 𝑋1𝛾𝑏 + 𝑒 (7) 

 𝑌 = 𝑋1Π1 + 𝑋2Π2 + 𝑉 (8) 
 

where 𝑦 is a 𝑇 × 1 vector of inflation observations 𝜋𝑡, 𝑌 is a 𝑇 × 2 matrix of observations 

for 𝜋𝑡+1 and 𝑚𝑐𝑡, 𝑋1 is a 𝑇 × 1 vector of observations for 𝜋𝑡−1, 𝑋2 is a 𝑇 × 𝑘 matrix of 

the available instruments, 𝛿 = (𝛾𝑓, 𝜆)
′, Π1 and Π2 are 1 × 2 and 𝑘 × 2 matrices of 

unknown coefficients, and 𝑉 is a 𝑇 × 2 matrix of reduced-form disturbances associated 

with endogenous regressors. Substituting (8) into (7), the reduced form for the inflation 

can be expressed as: 
 

 𝑦 = 𝑋1𝑝1 + 𝑋2𝑝2 + 𝜐  (9) 
 

where 𝜐 = 𝑒 + 𝑉𝛿, 𝑝1 = Π1𝛿 + 𝛾𝑏 and 
   

 𝑝2 = Π2𝛿 (10) 
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Eq. (10) shows 𝛿 can be obtained from the coefficients 𝑝2 and Π2. Thus, the necessary 

and sufficient condition for the identification of 𝛿, known as rank condition, is 

𝑟𝑎𝑛𝑘(Π2) = 2. The problem with weak instruments arises when 𝑟𝑎𝑛𝑘(Π2) < 2, 

indicating, in this case, that the model is not identified.  

 An alternative way to assess the rank condition for identification is by expressing 

matrix Π2 in terms of NKPC parameters. For an analytical derivation of the relationship, 

we follow Kleibergen and Mavroeidis (2009) and consider NKPC to be purely forward-

looking (i.e., 𝛾𝑏 = 0). Additionally, let us suppose that 𝑚𝑐𝑡 is stationary and follows an 

autoregressive process of order 2. In this case, the model is given by: 
 

 𝜋𝑡 = 𝛾𝑓𝐸𝑡(𝜋𝑡+1) + 𝜆𝑚𝑐𝑡 + 휀𝑡 (11) 

 𝑚𝑐𝑡 = 𝜌1𝑚𝑐𝑡−1 + 𝜌2𝑚𝑐𝑡−2 + 𝜈𝑡
𝑚𝑐 (12) 

 

The forward solution to (11) is given by: 
 

 
𝜋𝑡 = 𝜆∑𝛾𝑓

𝑖

∞

𝑖=0

𝐸𝑡(𝑚𝑐𝑡+𝑖) + 휀𝑡 = 𝛼0𝑚𝑐𝑡 + 𝛼1𝑚𝑐𝑡−1 + 휀𝑡 
 

(13) 

 

where 𝛼0 = 𝜆 [1 − 𝛾𝑓(𝜌1 + 𝛾𝑓𝜌2)]⁄  and 𝛼1 = 𝜆𝛾𝑓𝜌2 [1 − 𝛾𝑓(𝜌1 + 𝛾𝑓𝜌2)]⁄ . Moving (13) 

one period ahead and using (12) in the resulting expression, we can express system (8) as 

follows: 
 

 
 

 

 
(
𝜋𝑡+1
𝑚𝑐𝑡

) =
⏟      

𝑌𝑡

(
𝛼0[𝜌1(𝜌1 + 𝜌2𝛾𝑓)𝜌2] 𝛼0(𝜌1 + 𝜌2𝛾𝑓)𝜌2

𝜌1 𝜌2
)

⏟                          
Π2

(
𝑚𝑐𝑡−1
𝑚𝑐𝑡−2

)
⏟    

𝑋2,𝑡

+ (
𝜈𝑡
𝜋

𝜈𝑡
𝑚𝑐)

⏟  
𝑉𝑡

 
 

(14) 

 

As the determinant of Π2 is proportional to 𝛼0𝜌2, the rank condition for identification is 

verified if and only if 𝜆 ≠ 0 and 𝜌2 ≠ 0. This shows that, for identification of the model, 

the slope of the NKPC must be positive and the marginal cost must have a second-order 

dynamics (Kleibergen and Mavroeidis, 2009). 

 However, it should be noted that the rejection of the underidentification 

hypothesis (𝜆 = 0 or 𝜌2 = 0) does not imply that the model is empirically identified and 

can be estimated by standard GMM. According to Kleibergen and Mavroeidis (2009), the 

instruments can be weak for a relevant set of coefficient values even if the rank condition 

is met. Mavroeidis (2005) assesses the empirical identification of the NKPC using the 

concentration parameter, 𝜇2.5,6 The author finds that: i) in general, the value of 𝜇2 is low, 

indicating weak identification of the NKPC; ii) a value of 𝜌2 considerably different from 

zero does not eliminate weak identification problem; and iii) a higher inflation shock 

volatility (𝜎𝜀
2) reduces 𝜇2, suggesting a possible weak identification problem.  

 

3 Empirical strategy 

 

This section presents the NKPC specifications to be estimated, as well as the econometric 

procedures used to estimate the coefficients that are robust to the weak identification 

problem.  

 

 

                                                 
5 For an analytical expression of 𝜇2, the author considers an NKPC with 𝛾𝑏 = 0 and assumes 𝑚𝑐𝑡 is an 

exogenous variable. In this case, 𝜇2 = 0 indicates the model is underidentified. Moreover, the larger the 

value of 𝜇2, the larger the assumption that the model is identified.  
6 For the definition of and further information about the concentration parameter, see Stock et al. (2002). 
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3.1 Empirical models 

 

We consider two econometric specifications of the hybrid NKPC proposed by Galí and 

Gertler (1999). The first one is given by Eq. (6) and reproduced here for the sake of 

convenience: 
 

 𝜋𝑡 = 𝛾𝑓𝜋𝑡+1 + 𝛾𝑏𝜋𝑡−1 + 𝜆𝑚𝑐𝑡 + 𝑒𝑡 (15) 
 

The second specification is given by: 
 

 𝜋𝑡 = 𝛾𝑓𝑆𝑡(𝜋𝑡+1) + 𝛾𝑏𝜋𝑡−1 + 𝜆𝑚𝑐𝑡 + 𝑒𝑡. (16) 
 

In this model, inflation expectation 𝐸𝑡(𝜋𝑡+1) is replaced with a direct measure of expected 

inflation for 𝑡 + 1 , 𝑆𝑡(𝜋𝑡+1), obtained from the survey on inflation expectations 

conducted by the CBB.  

In Eq. (5), one can observe the coefficients 𝛾𝑓, 𝛾𝑏 and 𝜆 are nonlinear 

transformations of the structural parameters (or deep parameters) 𝛽, 𝜃 and 𝜔. In this 

paper, we calibrate the discount factor of firms (𝛽) and use identification-robust methods 

to estimate the share of firms that do not adjust their prices (𝜃) as well as the share of 

backward-looking firms (𝜔). Note that the calibration of 𝛽 can aid in the identification of 

other NKPC parameters (Nason and Smith, 2008).7 

 

3.2 Identification-robust inference  

 

NKPC specifications (15)-(16) can be estimated by limited information methods, such as 

IV and GMM. However, as these models are subject to the weak identification problem, 

the use of IV or GMM can yield unreliable tests and confidence intervals. That being said, 

we follow Dufour et al. (2006, 2010a, 2010b) and use an inference method in which test 

size and confidence level can be controlled according to identification problems, 

endogeneity of regressors, and restrictions on nonlinear parameters. In addition, when 

parameters are not identified, the identification-robust method allows constructing 

confidence intervals that enable unlimited results.  

 For a brief explanation of the identification-robust inference method, consider, for 

example, the NKPC shown in Eq. (7). Given the calibrated discount factor 𝛽, we are 

interested in building confidence intervals and obtaining point estimates for parameters 𝜃 

and 𝜔. From that equation, we can express NKPC as follows:  
 

 𝑦∗(𝜃,𝜔|𝛽) =  𝑒  (17) 
 

where 𝑦∗(𝜃, 𝜔|𝛽) = 𝑦 − 𝑌𝛿(𝜃, 𝜔|𝛽) − 𝑋1𝛾𝑏(𝜃, 𝜔|𝛽), 𝛾𝑏(𝜃,𝜔|𝛽) = 𝜔[𝜃 +𝜔(1 − 𝜃 +
𝜃𝛽)]−1 e 
 

 
𝛿(𝜃,𝜔|𝛽) = [

𝜃𝛽(𝜃+ 𝜔(1 − 𝜃 + 𝜃𝛽))
−1

(1 − 𝜔)(1 − 𝜃)(1 − 𝜃𝛽)(𝜃+ 𝜔(1 − 𝜃 + 𝜃𝛽))
−1] 

 

 

The econometric procedure used in this paper seeks to invert a robust test for 

identification of the hypothesis  
 

 𝐻0: 𝜃 = 𝜃0 e 𝜔 = 𝜔0  (18) 
 

in order to obtain a set of values 𝜃0 and 𝜔0 that are not rejected by this test, i.e., that yield 

p-values larger than a significance level 𝛼. This allows building a confidence interval at 

                                                 
7 Magnusson and Mavroeidis (2010) and Dufour et al (2010a, 2010b) also calibrate the subjective discount 

factor.  
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1 − 𝛼 for (𝜃, 𝜔). On this interval, the point estimates are obtained as the coefficient 

values with the largest p-value. These estimates are known as Hodges-Lehmann point 

estimates (Hodges and Lehmann, 1963, 1983). 

 Note that, if hypothesis (18) holds, then 𝑦∗(𝜃0, 𝜔0|𝛽) = 𝑒. In this case, if 𝑋 =
(𝑋1, 𝑋2) is the 𝑇 × (𝑘 + 1) matrix of the instruments (including 𝜋𝑡−1), then the 

coefficients 𝜛 = (𝜛1, … , 𝜛𝑘+1)
′ in the auxiliary regression 

 

 𝑦∗(𝜃0, 𝜔0|𝛽) = 𝑋𝜛 + 𝑢 (19) 
 

should not be statistically different from zero. Thus, the null hypothesis (18) can be tested 

by assessing the following hypothesis: 
 

 𝐻0
′ : 𝜛 = 0. (20) 

 

According to Dufour (1997, 2003), Staiger and Stock (1997), and Dufour et al. 

(2006), hypothesis (18) can be tested by the 𝐹  statistic – Anderson and Rubin (1949) 

statistic – for null hypothesis 𝐻0
′ . This statistic is given by: 

 

 
𝐴𝑅(𝜃0, 𝜔0|𝛽) =

𝑦∗(𝜃0, 𝜔0|𝛽)
′(𝐼 − 𝑀)𝑦∗(𝜃0, 𝜔0|𝛽) (𝑘 + 1)⁄

𝑦∗(𝜃0, 𝜔0|𝛽)
′𝑀𝑦∗(𝜃0, 𝜔0|𝛽) (𝑇 − 𝑘 − 1)⁄

 

 

(21) 

 

where 1( )M I X X X X   . If 𝑋 and nuisances 𝑢1, … , 𝑢𝑇 in Eq. (19) are independent, 

matrix 𝑋 has full rank-column and 𝑢1, … , 𝑢𝑇 are independent and identically distributed 

(i.i.d) following a normal distribution, then  𝐴𝑅(𝜃0, 𝜔0|𝛽) follows a Fisher’s distribution 

with degrees of freedom 𝑘 + 1 and 𝑇 − 𝑘 − 1. 
Note that, by testing hypothesis (19) through the estimation of auxiliary regression 

(19) and of the test on 𝐻0
′ , we change the test problem in an IV or GMM context into a 

classic linear regression structure that does not require an identification restriction. This 

shows the test procedure is robust to identification. Moreover, Dufour (2003) underscores 

that the 𝐴𝑅 test is robust to instruments excluded from matrix 𝑋, and that the properties 

of this statistic in finite samples are robust to the quality of the instruments. 

 To allow for deviations of the hypothesis of i.i.d errors in regression (19), we 

follow Dufour et al. (2010a, 2010b) and use a test based on the Wald-type statistic with 

covariance matrix robust to heteroskedasticity and to the autocorrelation proposed by 

Newey and West (1987). This statistic is given by: 
 

    𝐴𝑅𝐻𝐴𝐶(𝜃0, 𝜔0|𝛽) = 𝑦
∗(𝜃0, 𝜔0|𝛽)

′𝑋(𝑋′𝑋)−1�̂�(𝜃0, 𝜔0|𝛽)
−1(𝑋′𝑋)−1𝑋′𝑦∗(𝜃0, 𝜔0|𝛽)      (22) 

�̂�(𝜃0, 𝜔0|𝛽) =
1

𝑇
∑�̂�𝑡

2(𝜃0, 𝜔0|𝛽)𝑋𝑡𝑋𝑡
′

𝑇

𝑡=1

+
1

𝑇
∑∑𝑤𝑙�̂�𝑡(𝜃0, 𝜔0|𝛽)�̂�𝑡−1(𝜃0, 𝜔0|𝛽)

𝑇

𝑡=1

𝐿

𝑙=1

(𝑋𝑡𝑋𝑡−1
′ + 𝑋𝑡−1𝑋𝑡

′) 

 

where 𝑤𝑙 = 1 − (𝑙 (𝐿 + 1)⁄ ), �̂�𝑡(𝜃0, 𝜔0|𝛽) is the ordinary least squares (OLS) residual 

associated with auxiliary regression (19) and 𝐿 is the number of lags allowed. The p-value 

for 𝐴𝑅𝐻𝐴𝐶(𝜃0, 𝜔0|𝛽) is obtained from a chi-square distribution with 𝑘 + 1 degrees of 

freedom. 

 In this paper, the inversion of test (22) is performed based on a survey on the set 

of values (𝜃0, 𝜔0), given calibrated parameter 𝛽. The idea is to make a grid search for 

economically relevant values of 𝜃0 and 𝜔0. For each (𝜃0, 𝜔0), we estimate regression 

(19) using OLS, we calculate statistic 𝐴𝑅𝐻𝐴𝐶(𝜃0, 𝜔0|𝛽) and obtain the associated p-value, 

denoted by 𝑝𝐻𝐴𝐶(𝜃0, 𝜔0|𝛽). The coefficients whose p-values are larger than the level of 

significance 𝛼 make up the confidence interval 1 − 𝛼. The point estimates are given by: 
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 (𝜃𝐴𝑅, �̂�𝐴𝑅) = arg max
𝜃0,𝜔0

{𝑝𝐻𝐴𝐶(𝜃0, 𝜔0|𝛽)} (23) 

 

The individual confidence intervals are built using the lowest and highest value for each 

parameter on the confidence interval. Since every choice of 𝜃0 and 𝜔0 (given 𝛽) results 

in a choice of 𝜆, 𝛾𝑓 and 𝛾𝑏, the procedure above also yields a confidence interval for the 

latter parameters. Finally, it should be noted that, if every (𝜃0, 𝜔0) is rejected at 𝛼, then 

the confidence interval is empty and, consequently, the econometric model is rejected. 

On the other hand, if a given parameter is not identified, then all values obtained for this 

parameter should be within the confidence interval. 

 
4 Results  
 

4.1 Data description 

 

Specifications (15) and (16) of the NKPC are estimated using monthly data for the period 

between March 2002 and December 2015.8 Although quarterly data are commonly used 

in the literature, we decided for the monthly frequency for two reasons.9 First, monthly 

data can better describe the set of information available to consumers, firms, and 

policymakers.10 Christiano and Eichenbaum (1987) highlight the differences between the 

agents’ true decision-making interval and the frequency of data could lead to important 

misspecifications. Therefore, the use of monthly data could minimize those 

misspecifications. Second, estimation with monthly data may reduce the temporal 

aggregation bias of the Calvo parameter (𝜃) from the estimation of the New Keynesian 

model with quarterly data (Kim, 2010).  

Inflation rate (𝜋𝑡) is the monthly inflation measured by the broad consumer price 

index (IPCA). For direct measurement of expected inflation, 𝑆𝑡(𝜋𝑡+1), we used the 

monthly average of daily expectations for the inflation of the subsequent month collected 

by the CBB from financial market institutions. As for real marginal cost (𝑚𝑐𝑡), we 

considered the percentage deviation of the wage mass in nominal GDP from the sample 

mean. The share of wages in output corresponds to the total amount of employed 

(remunerated) individuals multiplied by the average nominal earnings from the major 

work activity usually received divided by the monthly nominal GDP estimated by the 

CBB. The variables were adjusted seasonally using X12-ARIMA and expressed as 

deviation from the mean before the estimations.  

In addition to the variables described above, we used the lags of the following 

variables as instruments: i) output gap (ℎ), obtained from the estimation of the linear trend 

model for the natural log of the seasonally adjusted industrial production index; ii) 

percentage variation of the Brazil Commodities index (deflated by IPCA) between 𝑡 and 

𝑡 − 1, denoted by 𝑝𝑐𝑜𝑚; and iii) wage inflation (𝑤𝑖), measured by the percentage 

variation of nominal earnings usually received from major work activity. To check the 

robustness of results, five sets of instruments, described in Table 1, were used. 

                                                 
8 All series were obtained from the Brazilian Institute of Geography and Statistics (IBGE), Applied 

Economics Research Institute (IPEA), and Central Bank of Brazil (CBB) websites. Note that the analysis 

begins in 2002 because of methodological changes made by IBGE in the calculation of labor market 

variables (e.g., number of employed individuals and nominal labor earnings) and of the industrial 

production index.  
9 Minella et al. (2003), Areosa and Medeiros (2007), Areosa et al. (2011), Mendonça et al. (2012) and 

Machado and Portugal (2014) also estimated the Phillips curve for Brazil using monthly data. 
10 Bils and Klenow (2004), Nakamuda and Steinsson (2008) and Kehoe and Midrigan (2015) used monthly 

data to estimate the frequency of price adjustments of different sorts of goods in the USA. For Brazil, 

Gouvea (2007) and Barros and Matos (2009) use monthly data to assess price rigidity.  
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Table 1 Sets of instruments 
Instruments Description 

𝑋1 𝜋𝑡−1, 𝑚𝑐𝑡−1, 𝑚𝑐𝑡−2 , 𝑚𝑐𝑡−3 

𝑋2 𝜋𝑡−1, 𝑚𝑐𝑡−1, 𝑚𝑐𝑡−2 , 𝑚𝑐𝑡−3 , ℎ𝑡−1, ℎ𝑡−2 
𝑋3 𝜋𝑡−1, 𝑚𝑐𝑡−1, 𝑚𝑐𝑡−2 , 𝑚𝑐𝑡−3 , 𝑝𝑐𝑡−1, 𝑝𝑐𝑡−2 
𝑋4 𝜋𝑡−1, 𝑚𝑐𝑡−1, 𝑚𝑐𝑡−2 , 𝑚𝑐𝑡−3 , 𝑤𝑖𝑡−1, 𝑤𝑖𝑡−2 
𝑋5 𝜋𝑡−1, … , 𝜋𝑡−4,𝑚𝑐𝑡−1, … ,𝑚𝑐𝑡−4, ℎ𝑡−1, … , ℎ𝑡−4, 𝑝𝑐𝑡−1, … , 𝑝𝑐𝑡−3, 𝑤𝑖𝑡−1, …, 𝑤𝑖𝑡−3 

 

4.2 NKPC estimation results 

 

This section shows the results for specifications (15) and (16) of hybrid NKPC in Tables 

2 and 3. For each model, we report the point estimates of structural parameters 𝜃 and 𝜔, 

and of reduced-form parameters 𝛾𝑓, 𝛾𝑏 and 𝜆, as well as the confidence intervals (in 

brackets). In addition, the mean frequency of price adjustment (Freq.), given by 

1 (1 − 𝜃)⁄ , and the p-value associated with the vector of point estimates [i.e., the largest 

p-value given by (23)] are presented. Note that all 𝐴𝑅𝐻𝐴𝐶(𝜃0, 𝜔0|𝛽) tests were performed 

for a 5% significance level. 

 The estimations were made after calibrating the subjective discount factor (𝛽) at 

0.996. This is consistent with the value used by Vasconcelos and Divino (2012), Moura 

(2015), Castro et al. (2015), and Carvalho and Vilela (2015) in the estimation of dynamic 

stochastic general equilibrium (DSGE) models for the Brazilian economy with quarterly 

data. As for parameters 𝜃 and 𝜔, we used an interval (0.01; 0.99) with increments of 0.03.  
  

Table 2 NKPC estimations by Galí-Gertler (1999) using rational expectations 
Inst.  Estimates  Implicit estimates  𝐴𝑅 − 𝐻𝐴𝐶: 

Max p-value   𝜔 𝜃  𝛾𝑓  𝛾𝑏  100 × 𝜆 Freq.  
           

𝑋1  0.60 

(0.39; 0.90) 

0.93 

(0.87;0.99) 

 0.61 

(0.52;0.70) 

0.39 

(0.30;0.48) 

0.14 

(0.00;0.67) 

14.3 

(7.69;100) 

 0.0934 

𝑋2  0.63 

(0.36; 0.99) 

0.93 

(0.84;0.99) 

 0.59 

(0.47;0.72) 

0.40 

(0.28;0.53) 

0.12 

(0.00;0.73) 

14.3 

(6.25;100) 

 0.2383 

𝑋3  0.66 

(0.54; 0.87) 

0.90 

(0.87;0.99) 

 0.58 

(0.53;0.62) 

0.42 

(0.38;0.47) 

0.23 

(0.00;0.57) 

10 

(7.69;100) 

 0.0705 

𝑋4  0.63 

(0.27; 0.99) 

0.93 

(0.81;0.99) 

 0.59 

(0.46;0.77) 

0.40 

(0.23;0.54) 

0.12 

(0.00;1.04) 

14.3 

(5.26;100) 

 0.2366 

𝑋5  0.69 

(0.45; 0.93) 

0.99 

(0.87;0.99) 

 0.59 

(0.51;0.67) 

0.41 

(0.33;0.49) 

0.00 

(0.00;0.39) 

100 

(7.69;100) 

 0.1509 

Note: Eq. (15) contains the estimated specification. Hodges-Lehmann point estimates are reported with the 
largest p-value (Max p-value) found for 𝐴𝑅𝐻𝐴𝐶(𝜃0,𝜔0|𝛽). The confidence interval is in brackets. Four lags were 

used in the covariance matrix robust to autocorrelation and to Newey-West heteroskedasticity. The discount 

factor (𝛽) was calibrated at 0.996. Freq. is the average frequency (in months) of price adjustment given by 

1 (1 − 𝜃)⁄ . 
  

Table 2 shows the NKPC estimates with rational expectations and different sets 

of instruments. In general, we note that the results support this model. The point estimates 

for 𝜃 range from 0.90 to 0.99, indicating a high rate of firms that keep their prices constant 

in a given month. Consequently, the average frequency of price adjustment (Freq.) is 

estimated, in general, between 10 and 15 months. This is consistent with some studies 

that use DSGE models. For instance, Castro et al. (2015) and Carvalho and Vilela (2015) 

estimate that the prices are adjusted every 12-17 months. Conversely, Gouvea (2007), 

Barros and Matos (2009), and Correa et al. (2016) use microdata and find that the mean 

duration of prices in Brazil ranges from 1.3 to 3.8 months. Note also that the upper bound 

of the confidence interval for 𝜃 was 0.99 for all sets of instruments. This implies an 

impractical average duration of prices of 100 months for the Brazilian economy. 

Regarding coefficient 𝜔, Hodges-Lehmann estimates reveal that 60% to 69% of 

the firms use a rule of thumb and adjust their prices based on past inflation. This allows 
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rejecting the hypothesis of a purely forward-looking specification for the NKPC. 

Additionally, the range of confidence intervals suggests high uncertainty in the estimation 

of 𝜔. This is particularly observed when we consider the set of instruments 𝑋4 that 

includes wage inflation lags. In this case, the confidence interval is limited to 0.27 in its 

lower bound and reaches the largest allowed value within the parametric space of this 

coefficient. 

The estimates of coefficients 𝛾𝑓, 𝛾𝑏 and 𝜆 are obtained from the structural 

parameter values, showing important characteristics of inflation dynamics in Brazil. The 

effects of expected and past inflations are initially positive and significant. The results 

also show the forward-looking component has a larger effect on current inflation than 

does past inflation. This is in line with Areosa and Medeiros (2007), Areosa et al. (2011), 

Mendonça et al. (2012), Tristão and Torrent (2015), and Medeiros et al. (2017).  

As for parameter 𝜆, the estimates show an NKPC with a slight slope. This result 

has important implications for the conduct of monetary policy. On the one hand, it 

indicates an expansionary monetary policy can have a larger output (or lower 

unemployment) with less pressure on inflation. On the other hand, once inflation has been 

established, the low slope of the Phillips curve indicates the reduction in inflation is 

costlier. The confidence intervals do not allow us to affirm the coefficient 𝜆 is different 

from zero, suggesting the share of labor is not a relevant determinant of inflation. This 

result is also obtained by Areosa and Medeiros (2007) for Brazil, and by Rudd and 

Whelan (2006), Nason and Smith (2008), and Kleibergen and Mavroeidis (2009) for the 

USA. An explanation for that could be the omission of persistences in shock costs that 

bias the estimates of 𝜆 downward (Kuester et al., 2009). 
 

Table 3 NKPC estimates by Galí-Gertler (1999) with market-based inflation expectations 
Inst.  Estimates  Implicit estimates 

 

𝐴𝑅 − 𝐻𝐴𝐶: 

Max p-value   𝜔 𝜃  𝛾𝑓  𝛾𝑏  100 × 𝜆 Freq. 
 

𝑋1  0.93 
(0.57; 0.99) 

0.75 
(0.48;0.99) 

 0.45 
(0.33;0.59) 

0.55 
(0.41;0.67) 

0.26 
(0.00;2.17) 

4.00 
(1.92;100) 

 0.4338 

𝑋2  0.96 

(0.51; 0.99) 

0.75 

(0.42;0.99) 

 0.44 

(0.30;0.60) 

0.56 

(0.40;0.70) 

0.15 

(0.00;2.45) 

4.00 

(1.72;100) 

 0.6168 

𝑋3  0.99 
(0.84; 0.99) 

0.93 
(0.84;0.99) 

 0.48 
(0.46;0.51) 

0.52 
(0.49;0.54) 

0.00 
(0.00;0.25) 

14.3 
(6.25;100) 

 0.0574 

𝑋4  0.96 

(0.51; 0.99) 

0.75 

(0.42;0.99) 

 0.44 

(0.30;0.61) 

0.56 

(0.39;0.70) 

0.15 

(0.00;2.45) 

4.00 

(1.72;100) 

 0.6617 

𝑋5  - 
 

-  - - - -  0.0000 

𝑋6  0.84 

(0.48; 0.49) 

0.75 

(0.48;0.99) 

 0.47 

(0.33;0.63) 

0.53 

(0.37;0.67) 

0.64 

(0.00;2.45) 

4.00 

(1.92;100) 

 0.5396 

Note: Eq. (16) contains the estimated specification. The Hodges-Lehmann point estimates are reported with the 

largest p-value (Max p-value) obtained for statistic 𝐴𝑅𝐻𝐴𝐶(𝜃0, 𝜔0|𝛽). The confidence interval is in brackets. Four 

lags were used in the covariance matrix robust to autocorrelation and to Newey-West heteroskedasticity. The 

discount factor (𝛽) was calibrated at 0.996. Freq. is the mean frequency (in months) of price adjustments given 

by 1 (1 − 𝜃)⁄ . The set of instruments 𝑋6 is given by 
{𝜋𝑡−1, … , 𝜋𝑡−4, 𝑚𝑐𝑡−1, … ,𝑚𝑐𝑡−4, ℎ𝑡−1, … , ℎ𝑡−4, 𝑤𝑖𝑡−1, … , 𝑤𝑖𝑡−3} . 

 

When the NKPC is estimated using the market-based inflation expectations as 

proxy for inflation expectations, it is possible to observe in Table 3 that lower p-values 

are obtained in estimations where inflation on commodity prices is included as 

instrument. For the set with the largest number of instruments (𝑋5), this is particularly 

problematic because the confidence interval for 𝜃 and 𝜔 is empty at 95%, suggesting 

incompatibility of the model with the data.11 Doko and Dufour (2008) highlight that 

                                                 
11 This result was the same when we used the quarterly and half-yearly percentage variation of the Brazil 

Commodities index. The results may be obtained from the authors upon request.  
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identification-robust methods could lead to the rejection of the null hypothesis if the 

instruments are correlated with the errors. Therefore, we estimated the NKPC using an 

additional set of instruments, 𝑋6, which excludes the lags of inflation on commodity 

prices.   

 The results for specification (16) of the NKPC reveal important differences from 

the rational expectations model. For instance, the value obtained for the Calvo parameter 

indicates firms that keep their prices constant in a given month account for 0.75, implying 

a mean duration of prices of 4 months. This is consistent with the evidence based on 

microdata presented by Gouvea (2007) and Correa et al. (2016). Nevertheless, the wide 

confidence intervals indicate high uncertainty over the estimation of 𝜃. On the other hand, 

the point estimates for the rate of firms that adjust their prices based on a rule of thumb 

are higher than those shown in Table 2. This increases the effect of past inflation on 

current inflation.  

The confidence intervals obtained for 𝛾𝑓 and 𝛾𝑏 suggest the impact of a rise in 

market-based inflation expectations is not statistically different from an increase in 

inflation at 𝑡 − 1. Additionally, we note the estimates for the NKPC slope are higher than 

those obtained for the rational expectations model, but the confidence interval is still in 

the zero range. Finally, the p-values of the models shown in Table 3 indicate the NKPC 

with market-based inflation expectations yields less rejected estimates (i.e., more 

compatible with the data) than the specification with rational expectations.  

 

4.3 Robustness check 

 

To check the robustness of the results above, we estimated specifications (15)-(16) with 

real marginal cost gaps (𝑚𝑐𝑡) and output gap (ℎ𝑡) obtained in two ways, namely: i) 

estimation of a linear trend model; and ii) use of the Holdrick-Prescott (HP) filter. The 

estimates and tests are presented in Tables 4 and 5. In general, the results are similar to 

those described in section 4.2. Specifically, the estimates of 𝜃 and of the mean duration 

of prices are higher for the NKPC with rational expectations, whereas the values obtained 

for 𝜔 are higher for the NKPC with market-based inflation expectations. Moreover, 

uncertainty over the estimation of structural parameters seems to rely on the assumption 

about inflation expectations. For example, the range of the confidence interval for the 

Calvo parameter is smaller in the rational expectations model. Conversely, uncertainty 

over 𝜔 is, in general, lower in specification (16). 
 

Table 4 NKPC estimates proposed by Galí-Gertler (1999) with real marginal cost gaps and 

output gap obtained from a linear trend model  
Inst

. 

 Estimates  Implicit estimates  𝐴𝑅 − 𝐻𝐴𝐶: 

Max p-value 

  𝜔 𝜃  𝛾𝑓  𝛾𝑏  100 × 𝜆 Freq.   

Specification with rational expectations: Eq. (15) 
           

𝑋1  0.60 

(0.39; 0.87) 

0.93 

(0.87;0.99) 

 0.61 

(0.53;0.70) 

0.39 

(0.30;0.47) 

0.14 

(0.00;0.78) 

14.3 

(7.69;100) 

 0.1017 

𝑋2  0.66 

(0.36; 0.99) 

0.96 

(0.81;0.99) 

 0.59 

(0.47;0.73) 

0.41 

(0.27;0.53) 

0.04 

(0.00;0.73) 

25 

(5.26;100) 

 0.2412 

𝑋3  0.66 

(0.54; 0.84) 

0.90 

(0.87;0.99) 

 0.58 

(0.53;0.62) 

0.42 

(0.38;0.47) 

0.23 

(0.00;0.57) 

10 

(7.69;100) 

 0.0719 

𝑋4  0.60 

(0.33; 0.99) 

0.90 

(0.81;0.99) 

 0.60 

(0.48;0.75) 

0.41 

(0.25;0.52) 

0.28 

(0.00;1.30) 

10 

(5.26;100) 

 0.2534 

𝑋5  0.63 

(0.45; 0.87) 

0.93 

(0.84;0.99) 

 0.59 

(0.52;0.68) 

0.40 

(0.32;0.48) 

0.12 

(0.00;0.66) 

14.3 

(6.25;100) 

 0.1413 

Specification with market-based inflation expectations: Eq. (16) 
           

𝑋1  0.72 0.75  0.51 0.49 1.21 4.00  0.4535 
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(0.45; 0.99) (0.60;0.99) (0.38;0.63) (0.37;0.62) (0.00;3.44) (2.50;100) 

𝑋2  0.84 

(0.54; 0.99) 

0.75 

(0.51;0.99) 

 0.47 

(0.35;0.61) 

0.53 

(0.39;0.65) 

0.64 

(0.00;2.45) 

4.00 

(2.04;100) 

 0.4579 

𝑋3  0.66 

(0.57; 0.75) 

0.81 

(0.78;0.84) 

 0.55 

(0.51;0.59) 

0.45 

(0.41;0.49) 

0.85 

(0.41;1.16) 

5.26 

(4.55;6.25) 

 0.0704 

𝑋4  0.72 

(0.39; 0.99) 

0.75 

(0.54;0.99) 

 0.51 

(0.36;0.66) 

0.49 

(0.33;0.64) 

1.21 

(0.00;3.96) 

4.00 

(2.17;100) 

 0.6860 

𝑋5  - 

 

-  - - - -  0.0000 

𝑋6  0.78 

(0.45; 0.99) 

0.75 

(0.51;0.99) 

 0.49 

(0.35;0.64) 

0.51 

(0.36;0.65) 

0.91 

(0.00;2.72) 

4.00 

(2.04;100) 

 0.5797 

Note: Hodges-Lehmann point estimates are reported with the largest p-value (Max p-value) obtained for statistic 

𝐴𝑅𝐻𝐴𝐶(𝜃0, 𝜔0|𝛽). The confidence interval is in brackets. Four lags were used in the covariance matrix robust to 

autocorrelation and to Newey-West heteroskedasticity. The discount factor (𝛽) was calibrated at 0.996. Freq. is 

the mean frequency (in months) of price adjustments given by 1 (1 − 𝜃)⁄ . The set of instruments 𝑋6 is given by 
{𝜋𝑡−1, … , 𝜋𝑡−4, 𝑚𝑐𝑡−1, … ,𝑚𝑐𝑡−4, ℎ𝑡−1, … , ℎ𝑡−4, 𝑤𝑖𝑡−1, … ,𝑤𝑖𝑡−3}. 

 
Table 5 NKPC estimation proposed by Galí-Gertler (1999) with real marginal cost gaps and 

output gap obtained from the HP filter 
Inst

. 

 Estimates  Implicit estimates  𝐴𝑅 − 𝐻𝐴𝐶: 

Max p-value 

  𝜔 𝜃  𝛾𝑓  𝛾𝑏  100 × 𝜆 Freq.  

Specification with rational expectations: Eq. (15) 
           

𝑋1  0.57 

(0.39; 0.90) 

0.87 

(0.78; 0.99) 

 0.60 

(0.51; 0.69) 

0.40 

(0.31; 0.49) 

0.52 

(0.00;1.71) 

7.69 

(4.55;100) 

 0.1079 

𝑋2  0.63 

(0.33; 0.99) 

0.90 

(0.72; 0.99) 

 0.59 

(0.45; 0.74) 

0.41 

(0.26; 0.55) 

0.25 

(0.00;1.88) 

10 

(3.57;100) 

 0.2527 

𝑋3  0.63 

(0.51; 0.87) 

0.84 

(0.78; 0.99) 

 0.57 

(0.52; 0.62) 

0.43 

(0.38; 0.48) 

0.66 

(0.00;1.25) 

6.25 

(4.55;100) 

 0.0808 

𝑋4  0.60 

(0.33; 0.99) 

0.87 

(0.69; 0.99) 

 0.59 

(0.45; 0.74) 

0.41 

(0.26; 0.55) 

0.47 

(0.00;2.46) 

7.69 

(3.23;100) 

 0.2630 

𝑋5  0.60 

(0.42; 0.87) 

0.90 

(0.78; 0.99) 

 0.60 

(0.52; 0.68) 

0.40 

(0.32; 0.48) 

0.28 

(0.00;1.15) 

10 

(4.55;100) 

 0.1594 

Specification with market-based inflation expectations: Eq. (16) 
           

𝑋1  0.81 

(0.45; 0.99) 

0.66 

(0.39; 0.99) 

 0.45 

(0.29; 0.61) 

0.55 

(0.39; 0.71) 

1.51 

(0.00;7.76) 

2.94 

(1.64;100) 

 0.4255 

𝑋2  0.93 
(0.60; 0.99) 

0.72 
(0.36; 0.99) 

 0.44 
(0.27; 0.60) 

0.56 
(0.40; 0.73) 

0.34 
(0.00;4.13) 

3.57 
(1.56;100) 

 0.5011 

𝑋3  - 

 

-  - - - -  0.0420 

𝑋4  0.81 
(0.36; 0.99) 

0.66 
(0.36; 0.99) 

 0.45 
(0.24; 0.65) 

0.55 
(0.35; 0.73) 

1.51 
(0.00;9.22) 

2.94 
(1.56;100) 

 0.6808 

𝑋5  - 

 

-  - - - -  0.0000 

𝑋6  0.99 
(0.60; 0.99) 

0.75 
(0.36; 0.99) 

 0.43 
(0.27; 0.59) 

0.57 
(0.40; 0.73) 

0.04 
(0.00;2.68) 

4.00 
(1.56;100) 

 0.6926 

Note: Hodges-Lehmann point estimates are reported with the largest p-value (Max p-value) obtained for statistic 
𝐴𝑅𝐻𝐴𝐶(𝜃0, 𝜔0|𝛽). The confidence interval is in brackets. Four lags were used in the covariance matrix robust to 

autocorrelation and to Newey-West heteroskedasticity. The discount factor (𝛽) was calibrated at 0.996. Freq. is 

the mean frequency (in months) of price adjustments given by 1 (1 − 𝜃)⁄ . The set of instruments 𝑋6 is given by 
{𝜋𝑡−1, … , 𝜋𝑡−4, 𝑚𝑐𝑡−1, … ,𝑚𝑐𝑡−4, ℎ𝑡−1, … , ℎ𝑡−4, 𝑤𝑖𝑡−1, … ,𝑤𝑖𝑡−3}. 

 

By comparing NKPC specifications with different measures of real marginal cost 

gap, some differences arise. For instance, when the HP filter is used to extract the trend 

from variables, both models estimated with rational expectations and market-based 

inflation expectations yield lower values for the rate of firms that maintain their prices 

unchanged and, consequently, for the mean duration of prices in the economy. In addition, 

the lower values for 𝜃 imply, in general, stronger reactions of current inflation to changes 

in the marginal cost gap. However, the uncertainty observed on confidence intervals does 

not allow rejecting the zero value for 𝜆. 
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 When estimating specification (16), we noted the inclusion of commodity price 

inflation as an instrument produced low p-values and/or rejection of the model. Therefore, 

we checked the robustness of the results shown in Table 3 to other two proxies for supply 

shocks, namely: a) percentage variation of the commodity price index measured by the 

Commodity Research Bureau (CRB index); and b) percentage variation of international 

oil price.12 We estimated the NKPC with the sets of instruments 𝑋3 and 𝑋6, and monthly, 

quarterly, and half-yearly fluctuations in commodity prices. Thus, the set of instruments 

𝑋𝑖;𝑗 denotes the vector 𝑋𝑖 with the percentage variation of commodity prices between 𝑡 
and 𝑡 − 𝑗. The results of this robustness check, displayed in Table 6, reveal that the model 

is rejected in four of the six specifications with commodity price inflation measured by 

the CRB index. On the other hand, use of oil price inflation often indicates the NKPC is 

supported by the data and set of instruments. Regarding parameter estimations, we 

observed the results are similar to those described above. However, the confidence 

intervals of the Calvo parameter, of the mean duration of prices and of coefficient 𝜆 are 

clearly defined in half of the specifications not rejected by the data. This suggests the use 

of different proxies for the supply shocks can aid in the identification of parameters in the 

model.  

 
Table 6 Estimates of specification (16) for the NKPC with different proxies for commodity 

price inflation  
Inst

. 

 Estimates  Implicit estimates  𝐴𝑅 − 𝐻𝐴𝐶: 

Max p-value 

  𝜔 𝜃  𝛾𝑓  𝛾𝑏  100 × 𝜆 Freq.  

Specification with commodity price inflation – CRB index 
           

𝑋3;1  - 

 

-  - - - -  0.0358 

𝑋3;3  0.93 

(0.60; 0.99) 

0.69 

(0.42; 0.99) 

 0.42 

(0.30; 0.56) 

0.58 

(0.44; 0.70) 

0.42 

(0.00;2.18) 

3.23 

(1.72;100) 

 0.3401 

𝑋3;6  0.99 

(0.96; 0.99) 

0.72 

(0.60; 0.81) 

 0.42 

(0.38; 0.45) 

0.58 

(0.55; 0.62) 

0.05 

(0.02;0.19) 

3.57 

(2.50;5.26) 

 0.0641 

𝑋5;1  - 

 

-  - - - -  0.0048 

𝑋5;3  - 

 

-  - - - -  0.0227 

𝑋5;6  - 

 

-  - - - -  0.0005 

Specification with oil price inflation  
           

𝑋3;1  0.99 
(0.87; 0.99) 

0.66 
(0.54; 0.84) 

 0.40 
(0.35; 0.47) 

0.60 
(0.53; 0.65) 

0.07 
(0.01;0.75) 

2.94 
(2.17;6.25) 

 0.0892 

𝑋3;3  - 

 

-  - - - -  0.0321 

𝑋3;6  0.96 
(0.54; 0.99) 

0.72 
(0.42; 0.99) 

 0.43 
(0.30; 0.59) 

0.57 
(0.41; 0.70) 

0.19 
(0.00;2.45) 

3.57 
(1.72;100) 

 0.6753 

𝑋5;1  - 

 

-  - - - -  0.0071 

𝑋5;3  0.81 
(0.66; 0.96) 

0.72 
(0.60; 0.78) 

 0.47 
(0.38; 0.53) 

0.53 
(0.47; 0.72) 

0.99 
(0.19;1.74) 

3.57 
(2.50;4.55) 

 0.0883 

𝑋5;6  0.87 

(0.48; 0.99) 

0.75 

(0.45; 0.99) 

 0.46 

(0.31; 0.63) 

0.54 

(0.37; 0.69) 

0.51 

(0.00;2.26) 

4.00 

(1.82;100) 

 0.5617 

Note: Hodges-Lehmann point estimates are reported with the largest p-value (Max p-value) obtained for statistic 

𝐴𝑅𝐻𝐴𝐶(𝜃0, 𝜔0|𝛽). The confidence interval is in brackets. Four lags were used in the covariance matrix robust to 

autocorrelation and to Newey-West heteroskedasticity. The discount factor (𝛽) was calibrated at 0.996. Freq. is 

the mean frequency (in months) of price adjustment given by 1 (1 − 𝜃)⁄ . The vector 𝑋𝑖,𝑗 is the set of instruments 

𝑋𝑖 with percentage variation in commodity price between 𝑡 and 𝑡 − 𝑗. 

 

                                                 
12 The use of commodity price inflation for identification of supply shocks is amenable to criticisms as an 

increase in the prices of these commodities could affect both supply and aggregate demand. 
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5 Conclusions 

 

In this paper, we estimated the hybrid NKPC in order to assess the determinants of 

inflation in Brazil after 2002. Since the NKPC is prone to identification problems, we 

used a procedure based on the generalized Anderson-Rubin statistic. This procedure is 

robust to weak instruments and to relevant omitted instruments, as well as to more general 

formulations of the model for endogenous regressors. We applied this procedure to obtain 

confidence intervals and estimates of structural parameters for two NKPC specifications 

proposed by Galí and Gertler (1999): one based on the assumption of rational expectations 

and one with direct measures of inflation expectations obtained from surveys conducted 

by the CBB.  

We found striking differences in the parameter estimates of the analyzed 

specifications. For the NKPC with rational expectations, we observed a large rate of firms 

that do not adjust their prices in a given month. In addition, we also observed the forward-

looking component was statistically higher than the backward-looking one. For the NKPC 

with inflation expectations, we had point estimates for the Calvo parameter and for the 

mean duration of prices compatible with the evidence provided by microdata. Finally, we 

found the effect of the share of labor on current inflation is not statistically significant. In 

general, These results were robust to different sets of instruments and different measures 

of real marginal cost gap. 

While this study sought to introduce new estimations for the NKPC parameters, 

there are major limitations that could be overcome in future research. For instance, the 

NKPC can be extended and include a trend inflation as, since 1999, the government has 

set up positive targets for the inflation rate. Ascari (2004) and Cogley and Sbordone 

(2008) show a trend inflation implies the inclusion of additional terms on the right-hand 

side of the NKPC. Moreover, the parameters of this equation are trend inflation functions. 

Following Blanchard and Galí (2007), the model can also be extended to include real 

wage rigidity and obtain an NKPC version that allows assessing the tradeoff between 

inflation and unemployment. The identification-robust procedures can be applied to this 

NKPC specification. Note that the NKPC estimated in this study does not take into 

account the effects of exchange rate depreciation and foreign inflation on consumer price 

inflation dynamics. Thus, a suggestion for further research would be to apply 

identification-robust methods to estimate the structural parameters of the NKPC proposed 

by Areosa and Medeiros (2007) for an open economy. 
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