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Abstract 

This study provides new evidence about inflation expectations formation in a highly 

volatile environment, in which inflation dropped dramatically from three-digits annual rate to less 

than 3%. Our findings, based on an Israeli survey of firms' expectations, support information 

rigidity theories, and at the same time point to the presence of asymmetric preference towards 

forecast errors. Most importantly, both inattentiveness and asymmetry depend on inflation, being 

more pronounced when inflation is sufficiently decreasing. This pattern applies both for high and 

low inflation regimes. Our evidence demonstrates the complexity of inflation expectations, having 

important implications for macroeconomic dynamics and policy issues.  
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1. Introduction 

The Rational expectations hypothesis has dominated the macroeconomic literature for 

many years. However, in recent years, a growing body of research has proposed to modify this 

hypothesis by accounting for information rigidities (e.g. Mankiw and Reis, 2002, Woodford, 2003 

and Sims, 2003). Thus, agents may still behave rationally but in a more realistic environment, in 

which they choose to be inattentive to relevant information due to the costs involved in acquiring 

and processing information. Moreover, extending New Keynesian macroeconomic analysis with 

inattentive expectations may provide a better explanation for macroeconomic dynamics that are 

hard to reconcile with rational expectations (see review by Coibion et al., 2017). 

The aim of this study is to provide new evidence on expectations formation in a highly 

volatile economy, based on a unique firms' survey of inflation forecasts in Israel. While evidence 

of information rigidities has been accumulated in recent years (e.g. Mankiw et al., 2004, Coibion 

and Gorodnichenko, 2012, 2015, Andrade and Le Bihan, 2013, Dovern et al., 2015), it is mainly 

based on surveys of expectations from the U.S. and other developed countries, in which the 

economy in general and inflation in particular, are fairly stable. In contrast, the inflation process 

in Israel went through major transitions, from three-digit annual inflation rate at the beginning of 

the 1980s to less than 3% in the last decade of the survey. Hence, examining inflation forecasts in 

such economy provides a special opportunity to obtain better insights about expectations behavior 

and their responsiveness to information rigidities. 

Since inattention is an outcome of some optimal choice taken by firms or consumers (e.g. 

Reis, 2006), it is important to better understand the determinants of such behavioral parameter. 

Exploiting the special inflation process in Israel, as a kind of a quasi-natural experiment design, 

we can better examine how inattention depends on the inflation environment.   
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Additional important advantage of the Israeli survey is that the forecasts are provided by 

firms. Most of the survey data incorporated by the literature relies on professional (e.g. Survey of 

Professional Forecasts) or consumers’ forecasts (e.g. Michigan Survey). However, as firms are the 

price-setters, their expectations play a key-role in macroeconomic models, hence the great 

importance of studying firms’ forecasts, as stressed in Coibion et al. (2016), who employ an 

extensive new survey of firms from New-Zealand (see also the discussion in Coibion et al., 2017, 

in the context of estimating the New Keynesian Philips Curve). Thus, to our knowledge, the Israeli 

survey is currently the only survey to provide firm-level inflation forecasts for an extensive period 

of almost 30 years (1980Q1:2009Q1)1.  

This study relies on various empirical approaches, involving the path of the average 

forecast across firms, as well as looking at the cross section of individual forecasts over the survey 

period. Several tests of expectations used in the literature are extended to enable us examining the 

possibility of state-dependency as well. A theoretical justification for such an extension is provided 

in an appendix.   

The findings from the Israeli survey support leading theories of information rigidities 

(sticky information as in Mankiw and Reis, 2003, and noisy information as in Sims, 2003, and 

Woodford, 2003). At the same time, they also support an asymmetry towards the sign of forecast 

errors, which is another kind of behavioral deviation from rational expectations, proposed by some 

                                                           
1 The last extensive use of the Israeli survey was made by Kandel and Zilberfarb (1999) who 

employed only the first years of the survey (until 1993), thus, considering just the time of high 

inflation. Referring to the literature on learning, they find evidence for heterogeneity in 

interpretation of information among firms. 
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other studies (e.g. Elliot et al., 2008 and Capistrán and Timmermann, 2009). Thus, our evidence 

suggest that expectations formation can be dominated simultaneously by several kinds of 

behavioral characterizations. 

Most importantly, both inattentiveness and asymmetry are found to depend on the inflation 

environment. They are both more pronounced in a low inflation environment, while during high 

inflation times forecasts are closer to follow rational expectations. This dependent behavior is quite 

dynamic as the behavioral changes do not just correspond to the major regime shifts in the inflation 

process. Rather, within each regime, forecasters react to shocks that affect the inflation level 

considerably. For example, even when inflation levels began to fluctuate around a low rate similar 

to the U.S., since the late 1990s, a substantial decrease in inattentiveness and asymmetry is 

documented in response to a high enough increase in the inflation level. A difference which does 

appear between inattentiveness to asymmetry is related to their pattern across forecast horizons – 

while information rigidities are quite similar across horizons, asymmetries seem stronger at longer 

forecast horizons.     

Our results concerning the state-dependence of information rigidities have important 

implications for macroeconomic dynamics and monetary policy. In particular, the close 

relationship we find between firms' inattention and inflation, may suggest an additional benefit 

from sustaining a low inflation environment, which provides a channel to a more effective 

monetary policy due to a higher rigidity in inflation expectations. More generally, our evidence is 

in line with the recent models of Gorodnichenko (2008), Branch et al. (2009), Woodford (2009), 

Maćkowiak and Wiederholt (2015) and Matĕjka (2015). In these models the degree of information 

rigidity is endogenous, and is related to the choice of how to allocate resources to face information 

constraints or to the exposure level to economic shocks.  
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Despite the growing theoretical interest, direct evidence about inattention patterns of 

change is quite rare. Few other studies which provide some empirical evidence for state 

dependence of information rigidity, based on expectations data, should be mentioned. Coibion and 

Gorodnichenko (2015) showed how information rigidity has changed after the great moderation 

and during the business cycle. Dovern (2013) and Loungani et al. (2013) found that forecasters 

updating behavior differs in recessions. The findings of these studies are based on pooling different 

variables or countries to produce general patterns of state dependency. Instead, the approach in 

this paper is to identify state-dependency of expectations while focusing on the process of a single 

variable (inflation) and exploiting the great variations in that process during the survey period. In 

addition, we do not split the sample in advance according to the business cycle (which might be 

unknown to forecasters in real time). 

Two additional studies focus on inflation expectations made by households. Dräger and 

Lamla (2017) use the Michigan Survey of consumers in the U.S. and find that adjustment of 

expectations corresponds to inflation volatility and news. Cavallo et al. (2017) use survey 

experiments conducted in the U.S. and Argentine and find evidence for higher inattentiveness in a 

low inflation country (U.S.). While our evidence is overall in line with the above findings, we 

differ from them by exploiting for the first time a firm survey over a long period in a highly 

transitional economy. This allows us to characterize a close and dynamic relationship between 

inattention and inflation. Furthermore, we provide evidence not just for state dependent 

information rigidity, but also for state dependent asymmetry2.  

                                                           
2 In a related paper, Mertens and Nason (2015) estimate a model of U.S. inflation, in which they 

incorporate survey forecasts governed by dynamic information stickiness. They show a co-
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The next section describes in more detail the survey data and the inflation dynamics in 

Israel, during the sample period.  Section 3 presents preliminary estimations of information 

rigidity. Section 4 examines the state-dependency of information rigidity and find some mixed 

results, which indicate the presence of forecast asymmetry as well. Section 5 clarifies the above 

results by providing a more direct kind of evidence for the variation of both information rigidity 

and forecast asymmetry in response to inflation and across forecast horizons. Summary and 

concluding remarks are provided in Section 6.  

 

2. Data 

The data set is based on a survey conducted quarterly since 1980q1 until 2009q1 among 

economists and business executives from industrial, commercial and financial Israeli firms3. 

Overall, 11 sectors of the Israeli economy are covered, including all major firms in each sector. At the 

beginning of each quarter, participants were asked to forecast CPI inflation rates for the next one, 

two, three and four quarters. Thus, we can also calculate the quarterly inflation rate forecasts for 

                                                           

movement between inflation persistence and information stickiness. However, they do not model 

the stickiness parameter as state-dependent, but rather as an exogenous random walk.  

3 The survey was arranged by Ungar and Zilberfarb from Bar-Ilan university. Part of the data 

(corresponding to the high inflation period) was utilized in few former studies like Ungar and 

Zilberfarb (1993) and Kandel and Zilberfarb (1999), which didn’t address the issue of the present 

study. More recent evidence, provided by Goldstein and Zilberfarb (2017), will be discussed later. 
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each of the next 4 quarters4, thereby forming 4 fixed-event forecasts. Hence, a quarterly forecast 

was updated 3 times until the actual quarterly inflation figure was realized. These updates are 

crucial for detecting information rigidities, as will be demonstrated later.   

Questionnaires were mailed at the 15th of the first month of the quarter, after the inflation 

rate for the previous month was published5. The sample includes all forecasts that were mailed 

back until the 15th of the following month (before the next publication of monthly inflation). Along 

with the questionnaire, participants were also informed about the survey average results in the 

previous quarter.  

New participants were added if they took over a position of a former participant, or when 

the survey was expanded to other firms. A participant that left his job continued to be on the 

mailing list if he could be traced. Participants that didn’t respond for several consecutive quarters 

were dropped from the list and not approached again. On average, there are about 85 quarterly 

forecasters6.   

                                                           
4 For example, in the first quarter of year 2000, the survey provided forecasts for the inflation 

during the 2 and 3 first quarters of 2000, denoted as 𝑓2000:1,2000:1−2000:2 and 𝑓2000:1,2000:1−2000:3, 

respectively. The implied forecast for the inflation in the third quarter of the year, 𝐹2000:1,2000:3, is 

therefore calculated as           𝐹2000:1,2000:3 =
𝑓2000:1,2000:1−2000:3+1

𝑓2000:1,2000:1−2000:2+1
− 1. 

5 The Israeli Central Bureau of Statistics publishes the CPI index for the month 𝑡 on the 15th of 

month 𝑡 + 1.      

6 The number of participants is relatively large comparing to most popular surveys, like the SPF, 

Livingston survey or the Economic Consensus.  
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The Israeli economy had witnessed dramatic changes in the inflation process over the 

survey period. A closer look at the data presented in figure 1 reveals three distinct sub-periods7. 

The first, 1980-1985, was a high inflation sub-period, with inflation rates averaging 30% per 

quarter, and reaching almost 60% at the peak. A successful stabilization program was implemented 

in July 19858. The program included freezing of prices, exchange rate and wages, as well as cutting 

the budget deficit dramatically from roughly 15% of GDP to 1.3% surplus at the end of 1985. The 

anti-inflation program was extremely successful, bringing quarterly inflation rate down to 6.5% in 

1985q4, and a further gradual decline in the second sub-period of 1986-1996. The average inflation 

rate per quarter during that period was 3.5%. Since 1997, the Bank of Israel adopted an inflation 

target regime, putting the fight against inflation as its only target. As a result, inflation has declined 

towards the rates characterizing developed countries. The quarterly average inflation rate since 

1997 until 2009 was about 0.65%.  

The three distinct sub-periods would be referred to as the high (1980Q1-1985Q4), 

moderate (1986Q1-1996Q4) and low (1997Q1-2009Q1) inflation sub-periods. In the next section 

we address the question whether these three sub-periods also differ in their associated degree of 

information rigidity. 

 

 

 

                                                           
7 The upper panel of the graph describes the whole survey period, while the bottom panel starts 

from the second sub-period to provide a better resolution. 

8 For more on this program see Bruno (1993). 
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3. Information rigidity: preliminary results 

The two leading models of information rigidities are the sticky information model of 

Mankiw and Reis (2002) and the noisy information model due to Woodford (2003) and Sims 

(2003). According to the first model, agents are not fully informed at each date. Specifically, at 

any particular date there is a constant probability 𝜆 to remain uninformed. In the noisy information 

framework, in contrast, agents are always updated, but the new information includes noise due to 

information rigidities. Coibion and Gorodnichenko (2015) have proposed a simple test for 

information rigidity, which suits both models, based on the following regression: 

𝐴𝑡+ℎ − 𝐹𝑡,𝑡+ℎ = 𝛼 + 𝛽(𝐹𝑡,𝑡+ℎ − 𝐹𝑡−1,𝑡+ℎ) + 𝑣𝑡,𝑡+ℎ (1) 

where 𝐴𝑡+ℎ is the actual value at time 𝑡 + ℎ, 𝐹𝑡,𝑡+ℎ and 𝐹𝑡−1,𝑡+ℎ are the average forecasts for this 

time, made at times 𝑡 and 𝑡 − 1, respectively. The error term, 𝑣𝑡,𝑡+ℎ, should be the standard rational 

expectations error (that is, 𝐴𝑡+ℎ − 𝐸𝑡𝐴𝑡+ℎ). Thus, it is a simple regression of forecast errors on 

forecast revisions. The degree of information rigidity is represented by the parameter 𝛽. As 

Coibion and Gorodnichenko (2015) derived, this parameter should equal 
𝜆

1−𝜆
 under the sticky 

information model, or 
1−𝐺

𝐺
 under the noisy information model, where 𝐺 is the relative weight 

placed on the current noisy signal in the optimal forecast, and 1 − 𝐺 is the weight placed on old 

information (the previous forecast)9. Under the standard rational expectations hypothesis with full 

information 𝜆 = 0 (agents are always updated) or 𝐺 = 1 (the forecast is solely based on the new 

                                                           
9 Such a weighted forecast is the optimal forecast produced by a Kalman filter in this model. See 

Coibion and Gorodnichenko (2015) for further details.  
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signal, which does not contain noise). In each case,  𝛽 should equal zero, so that we can test for 

the presence of information rigidities by testing for the significance of 𝛽.    

The results of applying this regression to the inflation forecasts of the Israeli survey are 

presented in table 1. Since there are 4 forecast horizons in the survey, we have 3 forecast revisions, 

thus, ℎ = 0,1,2. We ran the regression for each forecast horizon separately, and a fourth regression, 

which pools the horizons together.  

Considering the large differences in inflation levels between the three sub-periods of the 

sample, as described in the previous section, we might expect 𝛽 to change as well. In the model of 

Branch et al. (2009) the degree of inattention from the sticky information model is a decision 

variable, depending on the amount of resources invested in updating. According to this framework, 

in times of high inflation the losses from prediction errors are higher. Forecasters are expected to 

invest more in updating their information. This will result in a reduced degree of information 

rigidity relative to low inflation times. The choice to acquire more information in a high inflation 

environment can be beneficial in the noisy information setup as well, if it can improve the precision 

of signals, like in Maćkowiak and Wiederholt (2009, 2012). In addition, inflation shocks are more 

remarkable during high inflation times, making the forecasters more exposed to the new 

information, which may also reduce the information rigidity degree, as in the state-dependent 

models of Gorodnichenko (2008) and Woodford (2009). Hence, we expect an increase in 𝛽 

between the first sub-period of high inflation (1980-1985) and the second sub-period of moderate 

inflation (1986-1996), and a further increase in the third sub-period of low inflation (1997-2009).  

Before discussing the results in table 1, as well as the results in the following section, a 

reconsideration of regression equation (1) is warranted. In Coibion and Gorodnichneko (2015), 

this specification is derived under the assumption of constant degree of information rigidity. 
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Namely, the parameters  𝜆 and 𝐺, described above, are fixed. Allowing them to change, could 

potentially alter the whole structure of equation (1). Nevertheless, as shown in Appendix A, for 

both sticky and noisy information models, the same relationship between forecast error and 

forecast revision can still be derived when letting 𝜆 and 𝐺 to change in the most general form, 

albeit the coefficient 𝛽 is also time or state-dependent, which is exactly the issue examined here 

and in what follows.  

The results in table 1 are quite confusing. There is no evidence for information rigidity, 

when estimating the regression for the whole sample period. However, this may reflect the 

dominant effect of the first sub-period of very high inflation (notice the high standard errors). 

Indeed, in all estimations for the 1980-1985 sub-period 𝛽 is not significant. Therefore, we focus 

on the narrower sample of 1986-2009 (which follows the stabilization program). Here there are 

differences between the forecasting horizons.  For ℎ = 0 and ℎ = 1, as well as for the estimation 

pooled across the three horizons, 𝛽 is still insignificant, supporting the standard rational 

expectations hypothesis. But for ℎ = 2  �̂� =0.656 and is significant. The period 1986-2009 contains 

two distinct sub-periods of moderate inflation (1986-1996) and low inflation (1997-2009), but the 

results for these sub-periods reveals more inconsistency. For ℎ = 0, though, there is now evidence 

of a significant rigidity during the low inflation period, which is in line with the above hypothesis. 

However, for ℎ = 1  the estimated 𝛽 is insignificant in both sub-periods. More surprisingly, for 

ℎ = 2, there is a significant 𝛽, but actually in the moderate inflation sub-period. Thus, information 

rigidity is unexpectedly present only under higher inflation rates and not under lower rates, which 

is at odds with the above hypothesis. In the pooled estimation, 𝛽 is insignificant for the both sub-

periods, which does not help in reconciling the findings.  
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In sum, there is no clear evidence of whether and in which case information rigidity is 

present in the forecasts of the Israeli survey. Consequently, in the next section we suggest a more 

sophisticated strategy of splitting the sample. 

 

4. State dependent information rigidity 

A closer look into the Israeli inflation data, presented in figure 1, reveals a potential 

limitation in dividing the sample, following the stabilization program, to the moderate and low 

inflation sub-periods. Although these sub-periods may be distinguished by their inflation regime 

and the average inflation level, there are few irregularities in each of the sub-samples, produced 

by the dynamic process of inflation. In the low inflation sub-period, there are few episodes of much 

higher inflation rate and the moderate inflation sub-period also contains few observations with 

much lower inflation. If information rigidity is indeed state-dependent, in the spirit of the models 

mentioned above, expectations might respond sharply to such shocks to the inflation process, 

affecting the sub-periods’ rigidity estimates reported above. 

In order to address this limitation, we propose to split the sample according to the inflation 

level, while letting the particular splitting be determined in the estimation process itself, using the 

threshold regression methodology of Hansen (1996, 2000). Specifically, we consider the following 

regression model: 

    𝐴𝑡+ℎ − 𝐹𝑡,𝑡+ℎ = 𝛼 + 𝛽𝑖(𝐹𝑡,𝑡+ℎ − 𝐹𝑡−1,𝑡+ℎ) + 𝑣𝑡,𝑡+ℎ (2) 

where 𝑖 is a subscript specified as follows: 

                    𝑖 = {
1, 𝑇𝑡 ≤ 𝜃
2, 𝑇𝑡 > 𝜃

 .     

In this specification, the information rigidity coefficient 𝛽𝑖 may change depending on whether the 

threshold variable 𝑇𝑡 is above or below the value of the threshold parameter 𝜃. The threshold 
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variable 𝑇𝑡 is specified to represent the inflation level in the economy, which is known to the 

forecaster while providing his forecast at quarter 𝑡. Two specifications for 𝑇𝑡 will be considered: 

(a) 𝑇𝑡 = 0.25 × ∑ 𝐴𝑡−𝑘
4
𝑘=1  – the average actual quarterly inflation over the last four quarters; (b) 

𝑇𝑡 = 0.25 × ∑ 𝐹𝑡,𝑡+ℎ
3
ℎ=0  - the average predicted quarterly inflation over the four next quarters. 

Thus, the threshold parameter 𝜃 would distinguish between quarters with relatively low and high 

inflation level (actual or predicted). 

If 𝜃 is known, we could estimate this regression equation by OLS using dummy variables. 

Suppose the least sum of squares will be 𝑆(𝜃) = 𝑣𝑡,𝑡+ℎ(𝜃)′�̂�𝑡,𝑡+ℎ(𝜃). The estimation technique 

suggested by Hansen (1996) is to search for the threshold level 𝜃 in the range of the sample data 

𝑇𝑡 (truncated by some portion, say 30%, consisting the extreme values) and estimate it as 𝜃 =

arg 𝑚𝑖𝑛𝑆(𝜃).  

A test for the significance of the estimated threshold 𝜃 is also available. The null hypothesis 

is that 𝛽 is constant (it should further equal the specific value of zero, according to the rational 

expectations hypothesis with full information). Since under the null 𝜃 is not defined (a nuisance 

parameter), standard tests cannot be employed. Following Hansen (1996, 2000), we apply an LM-

based test, using a bootstrap technique (see there for details). Finally, if 𝜃 is found to be significant 

we can use standard testing for the coefficients 𝛽𝑖, as is also shown there. In the present case, if 

information rigidity is state-dependent as previously described, we would expect  𝛽1 > 𝛽2, that is, 

the degree of information rigidity should be higher during times of lower inflation rates. 
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The estimation of regression equation (2) was applied to the sample period of 1986-200910, 

that follows the stabilization program, to avoid the dominant effect of the very high inflation rates, 

during the first sub-period, on the results11. As in the previous section, we ran the regression for 

each of the three forecasting horizons separately. Table 2 provides the estimation results in two 

panels for each specification of the threshold variable 𝑇𝑡.  

Starting with the first column, which refers to current quarter forecasts, the state 

dependence of information rigidity is now supported by the threshold results. The estimated 

threshold in terms of actual inflation is 3.8% (panel A), which is very similar to the estimated 

threshold of 3.7% in terms of perceived inflation (panel B). These estimates are also highly 

significant. Moreover, depending on these thresholds, the pattern of information rigidity degree is 

�̂�1 > �̂�2. In particular, a significant degree of information rigidity is now present under low 

                                                           
10 Due to the four quarters lag in the first threshold variable used for estimation, 𝑡 actually starts 

from 1987Q1, so that the year of the stabilization program is not included in the lag either. 

11 It should be noted that even when excluding those very special six years, the uniqueness of the 

Israeli inflation data still holds. As mentioned in the previous section, the average rate of quarterly 

inflation during the moderate inflation sub-period of 1986-1996 was 3.5%, while in the low 

inflation sub-period of 1997-2009, it came down to 0.65%. As a point of reference, the figures of 

the US inflation for the same sub-periods were 0.85% and 0.6%, respectively. Even before the 

Great Moderation, between 1973 and 1985, when US inflation level was at its peak, the average 

quarterly rate was only 1.84%. Thus, the changes in inflation levels were much more pronounced 

in Israel. Lastly, there is no evidence for information rigidity in the first su-period as reported in 

table 1, which is in line with the state-dependent hypothesis.    
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inflation rates (below the threshold) in both panels, but this rigidity fades away under higher levels 

of inflation (�̂�2 is not positive).  

Relating to the results of the previous section, when splitting the sample to distinct sub-

periods in a pre-determined manner, it is now evident that in the low inflation sub-period of 1997-

2009, as a whole, information rigidities have dominated to some extent. However, two remarkably 

positive inflation shocks in 1998Q4 and 2002Q2 (see figure 1), caused a sudden information 

updating by the forecasters. Likewise, the moderate inflation sub-period of 1986-1996 includes 

several quarters of relatively low levels of inflation, which were followed by an increasing 

inattention.  Thus, the threshold estimation technique has improved the “unclean” sample splitting 

of the previous section, demonstrating the more tight nexus between the degree of information 

rigidity and the inflation level. 

Notice, though, that for the high inflation regime a negative significant coefficient is 

estimated (in both panels). A negative correlation between forecast errors and forecast revisions 

also represents a deviation from the rational expectation hypothesis. However, it is not consistent 

with the two theories of information rigidity that are considered here (recall the construction of 𝛽, 

as described in the previous section). As shown in Coibion and Gorodnichenko (2015), a negative 

𝛽 is in line with an alternative recent theory of expectations, which suggests an asymmetric loss 

function over forecast errors (Elliot et al. 2008, Capistrán and Timmermann, 2009). Accordingly, 

forecasters may prefer to overshoot or undershoot inflation systematically, reflected in a negative 

correlation between forecast errors and forecast revisions12. Thus, it is possible that both 

                                                           
12 Quite similar asymmetric pattern is also suggested by the model of "Diagnostic Expectations" 

(Bordalo et al. 2017a, 2017b), in which forecasters overreact to news, being too optimistic or 
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information rigidity and forecast asymmetry dominate the behavior of firms' expectations in our 

survey.  

In fact, this possibility is highly supported by the results of the longer forecast horizons 

(the columns ℎ = 1 and ℎ = 2 in the table). Strikingly, the results for these horizons are very 

different from the results for the current quarter forecasts. In panel A of the table (actual past 

inflation as the threshold variable), inflation threshold estimates are 1.203% for ℎ = 1 and 1.356% 

for ℎ = 2 but they are not significant at the 10% level. Still, there is a considerable difference 

between �̂�1 and  �̂�2, but not in the same manner as for the current quarter forecast. For both more 

distant horizons �̂�2  is not significant, in accordance with rational expectations when inflation level 

is high, but �̂�1 is strongly negative and also significant, which suits forecast asymmetry instead of 

information rigidity. Moreover, while for the current quarter forecasts asymmetry is indicated for 

high inflation (�̂�2 < 0), here it is obtained for low inflation (�̂�1 < 0).  

Turning to panel B of the table the results for the longest horizon (ℎ = 2) are quite similar 

to panel A, except that the estimated threshold is significant. Again �̂�1 (low inflation) is strongly 

negative and highly significant, while �̂�2  is not significant. In contrast, for ℎ = 1, �̂�2 is 

significantly negative and not �̂�1 (threshold is not significant).  

What are the reasons for the great differences between the forecast horizons as reflected by 

the results in table 2, especially the difference between current quarter forecasts and the longer 

horizons? Can the explanation be in line with the above theories of information rigidities or 

forecast asymmetry? In the next section we attempt to facilitate such explanation based on further 

                                                           

pessimistic. Thus, in the same way, ex-post forecast errors will be negatively correlated with 

forecast revisions (representing news). 
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evidence, which will be provided. Before that we would like to concentrate again on the current 

quarter forecasts, for which the results do demonstrate dependency of information rigidity on the 

inflation level and examine the robustness of this finding.  

Alternative threshold variables. So far, our threshold estimations based on equation (2) 

have used two alternatives for the threshold variable 𝑇𝑡 - the average quarterly inflation over the 

last four quarters (actual) or over the next four quarters (predicted). As a first robustness check, 

five additional alternatives for 𝑇𝑡 were considered, including inflation rates over shorter or longer 

periods as well as the change in inflation. Specific details and results for current quarter forecasts 

are provided in Appendix B. the findings are similar to those reported in table 2. In particular, a 

significant threshold effect is obtained in each case, with an evidence for information rigidity only 

at the low side of 𝑇𝑡 (below threshold).  

At this stage, an interpretation is warranted regarding the amount of information rigidity 

prevailing under the low inflation levels, that is, the size of �̂�1. As discussed in the previous 

section, the coefficient on forecast revision can be directly converted into the underlying 

parameters in the sticky and noisy information models. The estimates in tables 2 and the table in 

appendix B (current quarter forecasts) range from 0.410 to 0.778. In terms of the sticky information 

model, the corresponding probability to remain not updated during a quarter, 𝜆, ranges from 29% 

to 44%, meaning that the time between updates is approximately around 5 months. In terms of the 

noisy information model, the Israeli business executives update their forecasts, while putting a 

weight between 29% to 44% on their previous forecasts (which is 1 − 𝐺, as demonstrated in the 

previous section). Hence, by interpreting the �̂�1s in terms of the rigidity behavior implied by the 

models, the range of estimates in all specifications is quite narrow. 
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Previous empirical studies, which have used surveys from other countries, reached 

different estimates of information rigidities. Studies like Mankiw et al. (2004), Kahn and Zou 

(2006) and Döpke et al. (2008), which estimated information rigidity in a non-direct approach 

usually found higher degrees of rigidity, while other studies like Coibion and Gorodnichenko 

(2015), Andrade and Le Bihan (2013) and Dovern et al. (2015), which apply direct approaches to 

estimate information rigidity as in the current study, derived estimates of rigidity degree quite close 

to our estimates. Recall though, that our estimates refer only to a part of the sample, in which 

inflation levels were relatively low, while under high inflation, above the threshold, there is no 

evidence for information rigidity13. At the same time, the possibility of forecast asymmetry as 

discussed above, could bias �̂�1 measure of rigidity downward (this point will be explored further 

in the next section).   

Seasonal bias.  In a recent work, Goldstein and Zilberfarb (2017) found a seasonal bias in 

the forecasts of the Israeli survey14. Specifically, they ran regressions of the forecast errors on 

dummy variables for the calendar quarter of the year, and find significant and different coefficients 

for these dummies, implying some form of a bias related to the seasonal component in the inflation 

process.    

                                                           
13 However, it should be noticed that the inflation data used by the aforementioned studies, from 

the US and other developed countries, mainly correspond to the low inflation range determined by 

our threshold estimations for the Israeli data.  

14 This examination exploits the fact that unlike other surveys employed in the literature the 

forecasts in the Israeli survey refer to the quarterly inflation which is not adjusted to seasonality. 
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Consequently, we should examine if the current results based on a regression of forecast 

errors on forecast revisions are robust to the inclusion of quarterly dummies as additional 

regressors. Hence, equation (2) will be estimated again while defining 𝛼 as follows: 

𝛼 = 𝛼1 × 𝑄1 + 𝛼2 × 𝑄2 + 𝛼3 × 𝑄3 + 𝛼4 × 𝑄4 

where 𝑄1, … , 𝑄4 are dummy variables for the calendar quarter of the year at time 𝑡 + ℎ (e.g. 𝑄1 

equals 1 if 𝐹𝑡,𝑡+ℎ forecasts the inflation rate that will be realized at the first quarter of the year and 

so on). 

The results of the augmented threshold regressions are reported in table 3 for several 

threshold variables. The first two columns of results refer to the threshold specifications as in table 

2 based on inflation level (corresponds to the first column in both panels) and the third column 

refers to the change in inflation (corresponds to specification (f) in Appendix B and the fourth 

column of results in the table therein). Evidently, the estimates of the thresholds as well as the 

coefficients of forecast revision for the two inflation regimes are very similar to the estimates in 

the previous table, and demonstrate again the state dependence of information rigidity. At the same 

time, in each specification significant coefficients of the quarter-of-the-year dummies were 

obtained, specifically, 𝛼1 and 𝛼4, which is in line with the evidence provided in Goldstein and 

Zilberfarb (2017). Thus, our findings suggest that biases in the survey forecasts are originated in 

information rigidities prevailing in the low inflation environment, as well as some additional form 

of bias related to the seasonal component of inflation.  

Smooth information rigidity parameter. The threshold estimation method revealed a 

significant relationship between inflation and the degree of information rigidity for the current 

quarter forecasts. It is possible that the path of information rigidity takes a more smooth and 

continuous form, which corresponds to the inflation process. However, our sample is limited in 
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that respect, since it does not contain a cross-section of several countries or variables, so as to 

provide estimates of information rigidity degree at each quarter (as was done, for example, by 

Coibion and Gorodnichenko, 2015). To overcome this problem, we modify the framework of 

regression equation (1), and estimate information rigidity in the following way15: 

𝐴𝑡+ℎ − 𝐹𝑡,𝑡+ℎ = 𝛼 + 𝛽(𝐹𝑡,𝑡+ℎ − 𝐹𝑡−1,𝑡+ℎ) + 𝑣𝑡,𝑡+ℎ (3) 

where 

𝛽 = 𝑓(𝑇𝑡) 

Thus, the coefficient 𝛽 which represents the degree of information rigidity, according to both 

sticky and noisy information models, is a function of the inflation environment of time 𝑡, 

represented by the same threshold variable used in the threshold equation (2). However, instead of 

allowing just two regimes, the more general function 𝑓(𝑇𝑡) could be continuous in 𝑇𝑡.  Specifically, 

three simple smooth functions were considered -  linear, exponential and quadratic: 

𝑓(𝑇𝑡) =  𝛽1 + 𝛽2𝑇𝑡 (3a) 

𝑓(𝑇𝑡) = 𝛽1 + 𝛽2𝑒𝛽3𝑇𝑡 (3b) 

𝑓(𝑇𝑡) =  𝛽1 + 𝛽2𝑇𝑡 + +𝛽3𝑇𝑡
2 (3c) 

Accordingly, the regression is estimated using Non-linear Least Squares methods. The parameter 

𝛼 is also augmented to include the effect of quarterly dummies as observed before. 

Apparently, the most significant results were obtained with the simplest linear function for  

𝛽 specified in (3a). These results are presented in table 4 for three alternative specifications of the 

                                                           
15 In the next section, alternative and more direct approaches to estimate the degree of information 

rigidity and forecast asymmetry at each quarter will be introduced, based on the cross-section of 

individual forecasts. 
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variable 𝑇𝑡, as in the previous table. In all the three estimations, both �̂�1 and �̂�2 are highly 

significant, which rejects the rational expectations hypothesis (𝛽1 = 𝛽2 = 0) in favor of 

information rigidity. Moreover, the significance of �̂�2 implies that the degree of information 

rigidity is related to inflation. In particular, the signs of the coefficients demonstrate an inverse 

relationship, so that 𝛽 rises as inflation falls, in line with the state-dependency models. 

Figure 2 illustrates graphically this relationship, by depicting the estimated 𝛽 functions 

from table 4. The solid, dashed and dotted lines in the graph corresponds to the left, middle and 

right columns of results in table 4, respectively. The solid and dashed lines, display quite similarly 

the relationship between information rigidity and the inflation level (actual or predicted). When 

inflation levels fall near zero, 𝛽 climbs to about 1, which implies about two quarters between 

information updates on average, in terms of the sticky information model, for example. As inflation 

increases, rigidity decreases, until around 3%-3.5% 𝛽 is roughly zero, reflecting an absence of 

information rigidity. When inflation rates are higher (until roughly 6% which represents the 

highest inflation rate during the sample period of 1986-2009), 𝛽 becomes negative, in accordance 

with forecast asymmetry, which was also observed in the threshold estimation for the high inflation 

region.  

As for the dotted line which draws information rigidity against change in inflation, 𝛽 

reaches its highest level, which again is close to 1, when inflation is not expected to change. As 

the predicted change is growing information rigidity falls, and becomes zero when the (absolute) 

change in inflation is predicted to be about 0.8% (quarterly). For large changes there is again 

evidence for forecast asymmetry.  

Recalling the previous threshold estimation results, it can be verified that inflation 

thresholds received in those estimations are close to the points in the graph where the lines cross 
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the zero level of 𝛽.  For low inflation (below threshold) 𝛽 was estimated around 0.6, while under 

high inflation levels (above threshold) 𝛽 was negative (see table 2). Thus, expectations behavior 

illustrated in figure 2 resembles quite well our previous results. Although the current approach of 

choosing continuous 𝛽 functions is quite ad hoc, it demonstrates that introducing a more dynamic 

characterization of information rigidity, should also be considered as a more realistic possibility, 

in spite of the empirical limitations. 

In sum, for the current quarter forecasts there is a robust evidence for the presence of 

information rigidity related to inflation. Significant rigidity is observed for a low (or steady) 

inflation environment, which vanishes for high (or volatile) inflation. Still, there is a need to better 

explain the forecast asymmetry indicated for high inflation and especially the very different results 

for longer forecast horizons, which seem to indicate only forecast asymmetry and for low rather 

than high inflation. The next section attempts to shed light on these patterns. 

 

 

5. Information rigidity and forecast asymmetry: Direct evidence 

The methodology applied in sections 3 and 4, based on regressing forecast errors on 

forecast revisions, has the advantage of directly interpreting revision coefficients in terms of 

rigidity parameters from the sticky and noisy information models, as derived in Coibion and 

Gorodnichenko (2015). However, in light of the several negative coefficients obtained above, 

which are not in line with these theories (nor with the rational expectations hypothesis), we would 

like to apply additional methods to asses more directly the existence of information rigidities as 

well as forecast asymmetries, by utilizing the cross-section of individual forecasts.  
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The first approach evaluates information rigidity by measuring the rate of forecast 

revisions, as suggested by Andrade and Le Bihan (2013). The second approach measures forecast 

asymmetry in the sample, based on Capistrán and Timmermann (2009). This would also allow to 

explore the possibility that both information rigidities and asymmetries play a role in governing 

forecasters' behavior. Going beyond the basic approaches, we would examine the variations in 

those measures across time and forecast horizons, thereby providing a complete picture of the state 

dependency which characterizes the inflation forecasts of the Israeli firms.  

 

5.1.Frequency of forecast revisions and the inflation level 

Recently, Andrade and Le Bihan (2013) have proposed to use the portion of revised 

forecasts, as a measure for the degree of attention which forecasters pay to new information. This 

measure corresponds to the sticky information model, in which there is a probability 𝜆 to remain 

uninformed at each time 𝑡, so that only a proportion (1 − 𝜆)  of the forecasters should revise their 

forecasts. Denote (1 − 𝜆) by the parameter 𝜙. Letting 𝜙 be time specific, an estimate for  𝜙𝑡 can 

therefore be derived as follows: 

�̂�𝑡(ℎ) =
1

𝑛𝑡
∑ 𝐼(𝐹𝑖𝑡,𝑡+ℎ ≠ 𝐹𝑖𝑡−1,𝑡+ℎ)

𝑛𝑡

𝑖=0

 (4) 

where ℎ is the forecast horizon as denoted above, 𝑛𝑡 is the number of participating forecasters in 

the survey at quarter 𝑡,   𝐹𝑖𝑡,𝑡+ℎ   and 𝐹𝑖𝑡−1,𝑡+ℎ are fixed-event forecasts of individual 𝑖 for quarter 

𝑡 + ℎ, provided at quarters 𝑡 and 𝑡 − 1, respectively. If the forecast is revised between the two 

quarters, that is, if 𝐹𝑖𝑡,𝑡+ℎ ≠ 𝐹𝑖𝑡−1,𝑡+ℎ, then 𝐼(𝐹𝑖𝑡,𝑡+ℎ ≠ 𝐹𝑖𝑡−1,𝑡+ℎ), an indicator function, receives 

the value of 1 (and 0 otherwise).  
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In the Israeli survey, a forecaster reports four forecasts each quarter, thus updating three of 

his former forecasts (which were provided on each of the three previous quarters). As a 

consequence, ℎ = 0,1,2 implying three time series of attention rate �̂�𝑡(ℎ) for each horizon. In 

addition, �̂�𝑡 will denote the degree of attention which averages �̂�𝑡(ℎ) across forecast horizons. 

The number of forecasters in a certain quarter 𝑛𝑡, which is taken into account, includes only those 

who reported both the forecast 𝐹𝑖𝑡,𝑡+ℎ and 𝐹𝑖𝑡−1,𝑡+ℎ.   

Several issues concerning the robustness of this attention measure are discussed in Andrade 

and Le Bihan (2013). Another important issue is specific to the design of the Israeli survey. Recall 

from section 2, that participants do not report explicitly the quarterly inflation rates for each of the 

next four quarters (besides the forecast for the current quarter inflation rate), but rather the 

cumulative rates between the present quarter and the future quarter. Revisions are relevant, 

however, only for the implied quarterly forecasts, which were denoted by 𝐹𝑖𝑡,𝑡+ℎ. But then, it might 

be that a forecaster who didn’t wish to revise his quarterly forecasts will still make small changes, 

just because of a rounding effect (to avoid reporting accumulated rates with several decimal 

places). Indeed, simply calculating �̂�𝑡 produces estimates of virtually 100% of revising rates. We, 

therefore, take account of this bias issue by considering 𝐹𝑖𝑡,𝑡+ℎ = 𝐹𝑖𝑡−1,𝑡+ℎ if rounding the implied 

quarterly forecasts to the first decimal place makes them equal16.   

The estimated degree of attention after this adjustment, for the 1986-2009 period, is 

presented in figure 3. The graph in the figure describes �̂�𝑡 which average across horizons, while 

                                                           
16 As an alternative, we have also tried a percentage rule. Specifically, 𝐹𝑖𝑡,𝑡+ℎ and 𝐹𝑖𝑡−1,𝑡+ℎ are 

considered the same, if they do not differ by more than 2% (in relative terms). The results were 

similar. 
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separated estimates for the different horizons are provided below.  The estimates displayed by the 

graph range from 75% to 100%.  The average across the whole sample is 90%. This seems still 

too high rate of attention, especially compared to the previous regression based estimates. For 

example, according to the threshold regressions the minimum estimate for 𝜆 (probability of 

remaining not updated), during low inflation periods was about 29% (for current quarter forecasts), 

which corresponds to 71% average degree of attention. But such a rate is less than the lowest value 

of �̂�𝑡, as appeared in figure 3. Even though, the difficulty to evaluate the bias in �̂�𝑡 is of less 

concern, since our main interest at this point is not to evaluate the true rate of attention, but to 

examine the variations in �̂�𝑡, searching for possible state-dependency. Indeed, another look at 

figure 3, which also depicts a graph of the inflation rate, reveals an interesting co-movement of the 

two series, �̂�𝑡 and inflation, during the period of 1986-2009. The general decreasing trend of �̂�𝑡, 

also matches very well the high and low stages of the inflation process during this period.   

More formal evidence is provided by running regressions of the attention rate on the 

inflation rate. Table 5 reports the results of three such regressions (in the three panels), one includes 

inflation of time 𝑡 (𝐴𝑡), a second one includes lagged inflation (𝐴𝑡−1), and the third one includes 

lagged quarterly inflation averaged over the last four quarters (0.25 × ∑ 𝐴𝑡−𝑘
4
𝑘=1 ). In addition, 

results are reported for �̂�𝑡 as well as for each forecast horizon separately, by regressing �̂�𝑡(ℎ) for 

each ℎ on inflation. Interestingly, the results of all regressions are very similar and demonstrate 

highly significant positive coefficients, as indicated in the graph. The revision rate for a zero 

inflation rate, as represented by the regression constant is estimated between 82%-90% and it 

grows by 1.4%-3.1%, for any additional 1% increase in the inflation rate. Thus, our attention rate 

estimates, despite their limitation, show a close reaction of information rigidity to the inflation 
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level, which supports the state-dependent hypothesis (at least of the kind which is based on the 

sticky information model).  

Even more importantly, there is not any notable difference in the attention rate pattern 

between forecast horizons. Thus, it suggests that the results of table 2 in the previous section, 

which showed evidence for state dependent information rigidity only for current quarter forecasts, 

are not because it is absent at longer horizons (attention rates are actually a little bit lower for 

longer horizons), but rather due to some other forecasting aspect which causes the apparent 

difference between horizons. 

5.2.Forecast asymmetry and the inflation level 

Elliot et al. (2005, 2008) and Capistrán and Timmerman (2009) proposed that forecast bias 

common in surveys is a result of loss aversion, by preferring forecast errors to be either positive 

or negative. Following Capistrán and Timmermann (2009) this asymmetry is modeled by a LINEX 

loss-function over forecast errors: 

𝐿(𝑒𝑖𝑡,𝑡+ℎ;  𝜃𝑖(ℎ)) = [𝑒𝑥𝑝(𝜃𝑖(ℎ)𝑒𝑖𝑡,𝑡+ℎ) − 𝜃𝑖(ℎ)𝑒𝑖𝑡,𝑡+ℎ − 1] 𝜃𝑖(ℎ)2⁄  

where 𝑒𝑖𝑡,𝑡+ℎ ≡ 𝐴𝑡+ℎ − 𝐹𝑖𝑡,𝑡+ℎ is the forecast error of forecaster 𝑖 and 𝜃𝑖(ℎ) is the asymmetry 

parameter which may depend on forecast horizon. Positive 𝜃𝑖(ℎ) implies loss-aversion towards 

positive errors, while negative 𝜃𝑖(ℎ) implies loss-aversion towards negative errors. As 𝜃𝑖(ℎ) goes 

to zero, the loss function converges to symmetry, corresponding to standard minimization of the 

mean squared error. 

Assuming that the forecasted variable is normally distributed with conditional mean 𝜇𝑡+ℎ|𝑡, 

and variance 𝜎𝑡+ℎ|𝑡
2 , the optimal individual forecast should be 
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𝐹𝑖𝑡,𝑡+ℎ = 𝜇𝑡+ℎ|𝑡 +
1

2
𝜃𝑖(ℎ)𝜎𝑡+ℎ|𝑡

2  

Thus, the term 
1

2
𝜃𝑖(ℎ)𝜎𝑡+ℎ|𝑡

2  represents the forecast bias which is due to asymmetry. As in 

Capistrán and Timmerman (2009), this equation can be exploited to derive estimates for the 

asymmetry parameter 𝜃𝑖(ℎ). Again, instead of averaging across sample time, we would like to 

estimate asymmetry for each quarter, therefore averaging across (𝑛𝑡) forecasters to obtain a cross-

sectional based estimate for the asymmetry parameter at each quarter as follows: 

𝜃𝑡(ℎ) =
2

𝑛𝑡
∑

𝑒𝑖𝑡,𝑡+ℎ

�̂�𝑡+ℎ|𝑡
2

𝑛𝑡

𝑖=0

 (5) 

The conditional variance of inflation is estimated by fitting an AR(4) model for the inflation data 

with GARCH(1,1) for the conditional variance17. 𝜃𝑡 will denote the estimated asymmetry when 

further averaging across forecast horizons. 

In order to examine the state dependency of forecast asymmetry, we exploit the series of 

𝜃𝑡(ℎ) in a similar way applied to the attention rate series above, by running regressions of forecast 

asymmetry on inflation level measures. The absolute value of asymmetry parameter, |𝜃𝑡(ℎ)|, is 

used as the dependent variable in the regressions, since both positive and negative values with the 

same magnitude may represent the same strength of asymmetry (deviation from the zero level 

corresponding to symmetry).   

                                                           
17 The model was estimated for the post high inflation period, 1987-2009 (starting a year after due 

to the lags). Similar to Capistrán and Timmermann (2009), this model fits the Israeli inflation well, 

considering other alternatives for the number of lags and including MA components. The third lag 

of inflation is not included in the AR(4) specifications for significance reasons. 
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The results, reported in table 6, demonstrate a clear difference from the attention results in 

table 5. There is now a notable distinction between horizons. In all regressions the estimated 

coefficient is negative, implying a decrease in asymmetry as inflation rises. However, only for the 

longest horizon (ℎ = 2) coefficients are consistently significant. The estimated regression 

constants for ℎ = 0 (around 2) are considerably lower relative to the longer horizons (around 3), 

reflecting less asymmetry bias for the current quarter forecasts. 

In light of these interesting findings, the puzzling results obtained in the previous section 

(table 2) can now be addressed. In the last section we used the approach of Coibion and 

Gorodnichenko (2015) to detect information rigidity in the Israeli survey and applied the threshold 

methodology to demonstrate its dependency on the inflation level. Apparently, the fact that this 

result was valid and robust only for current quarter forecasts, is due to the profound effect of an 

additional feature dominating forecasters' behavior, namely, asymmetric loss-aversion. As 

discussed above, the presence of forecast asymmetry, biases the coefficient on forecast revisions 

downward to be negative. Since asymmetry is founded to be moderate for current quarter forecast, 

we still got a positive coefficient for low inflation levels (below threshold). Only for high inflation 

where information rigidities are weaker the coefficient was driven to be negative by asymmetry. 

In contrast, for the longer horizons, which are much more affected by asymmetry as demonstrated 

here, the coefficients on revisions were all biased toward negativity. In particular, for the longest 

horizon (ℎ = 2), significant negative coefficients were obtained precisely for low inflation as 

asymmetry also seems to be negatively related to inflation, at least for this horizon. Finally, for the 

middle horizon, results are somewhere in between. 

The presence of both information rigidity and loss-aversion in the Israeli survey is also 

applicable to other forecast surveys used in the literature. For example, Coibion and 
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Gorodnichenko (2015) present solid evidence for information rigidities in several countries and 

for several macroeconomic variables, due to the positive correlation between forecast errors and 

forecast revisions. Our results suggest that the presence of loss-aversion may not be ruled out 

completely. It may just bias the correlation downwards, implying an under-estimation of the 

information rigidity parameters.  

 

6. Conclusion 

Recent studies have provided rich evidence on information rigidities, based on survey 

forecasts from fairly stable economies. The aim of this study is to show how information rigidities 

might take a very dynamic and state-dependent form, by utilizing a special data set of inflation 

forecasts of Israeli firms. The Israeli survey is unique in providing forecasts at the firm-level, 

which are rare in the literature. Furthermore, we exploit the peculiar inflation experience in Israel 

during the survey period, which covers great transitions in the inflation environment. Applying 

various empirical approaches, we find a close relationship between the degree of information 

rigidity and the inflation level. A significant degree of information rigidity is documented in times 

of relatively low inflation, while at times of high inflation firms' inattention vanishes. The changes 

in inattention are not just due to major shifts in the inflation regime between the distinct sub-

periods of the Israeli sample, but rather depends on the inflation dynamics within each regime. 

This points out to a more dynamic characterization of firms' inattention.  

In addition, asymmetric loss-aversion towards forecasts errors also dominates the firms 

forecasting behavior in the Israeli survey. This is especially evident at longer forecast horizon, 

where it is again stronger for low inflation levels.  
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Our findings have several implications for future research. First, further attempts to model 

information rigidity in an endogenous manner, like in the studies of Gorodnichenko (2008), Branch 

et al. (2009), Woodford (2009), Maćkowiak and Wiederholt (2015) and Matĕjka (2015)., might be 

fruitful for understanding price-setting, macroeconomic dynamics and policy issues. More 

specifically, the close correspondence of inattention to inflation, as demonstrated by the Israeli 

firms' expectations, may suggest an additional beneficial channel from a low inflation 

environment, in which monetary policy can be more effective due to a higher rigidity in inflation 

expectations.  

Second, our evidence highlights the possibility that information rigidity does not depend 

solely on the general conditions of the economy, but rather is variable-dependent, related to the 

process of the specific forecasted variable. Future research may investigate this possibility in more 

depth.  Third, former empirical studies have examined which alternative theory of expectations 

behavior is best supported by data. Our results suggest that an approach which allows co-existence 

of several types of behavior simultaneously is worth considering. Empirical research would then 

try to differentiate and evaluate the effect of each behavior separately. 
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TABLE 1 

Estimation of Information Rigidity 

Period 
Forecast 

Horizon 
𝛼 𝛽 𝑅2 

1980Q1-2009Q1 0 -0.183  0.171 0.060 

(whole sample)  (0.234) (0.192)  

 1  0.501  0.435 0.058 

  (0.658) (0.476)  

 2  0.653  0.820 0.112 

  (0.766) (0.579)  

 Pooling  0.306  0.384 0.058 

  (0.509) (0.327)  

1980Q1-1985Q4 0  0.725  0.129 0.034 

(high inflation)  (1.331) (0.266)  

 1  3.788  0.302 0.030 

  (3.076) (0.582)  

 2  4.340  0.632 0.068 

  (3.590) (0.568)  

 Pooling  3.034  0.257 0.026 

  (2.418) (0.390)  

1986Q1-2009Q1 0 -0.370***  0.124 0.012 

(after stabilization)  (0.118) (0.266)  

 1 -0.281**  0.208 0.012 

  (0.138) (0.241)  

 2  0.207  0.656*** 0.118 

  (0.155) (0.189)  

 Pooling -0.305  0.273 0.031 

  (0.118) (0.230)  

1986Q1-1996Q4 0  0.398*  0.027 0.000 

(moderate inflation)  (0.219) (0.332)  

 1 -0.282  0.266 0.035 

  (0.203) (0.216)  

 2 -0.188  0.700*** 0.217 

  (0.233) (0.191)  

 Pooling -0.325  0.263 0.042 

  (0.187) (0.259)  

1997Q1-2009Q1 0  0.389***  0.668*** 0.190 

(low inflation)  (0.107) (0.187)  

 1 -0.276 -1.647 0.052 

  (0.212) (1.048)  

 2 -0.317 -1.340 0.025 

  (0.206) (1.045)  

 Pooling -0.289  0.343 0.011 

  (0.152) (0.210)  

Notes: The table reports the coefficient estimates in Eqs. (1), where  
𝛽 represents information rigidity. Robust standard errors for the regressions’ coefficients 

are in parentheses. For the horizon-specific estimates standard errors are Newey-West. For 

the pooling horizons estimates standard errors are of Driscoll and Kraay (1998). * , ** and 

*** denote significance at the 10%, 5% and 1% levels, respectively. 
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 TABLE 2 

Threshold Estimation of Information Rigidity, 1987Q1-2009Q1  

 ℎ = 0 ℎ = 1 ℎ = 2 

    

Panel A: 𝑇𝑡 = 0.25 × ∑ 𝐴𝑡−𝑘
4
𝑘=1  

    

𝜃   3.808***   1.203   1.356 

    

𝛼 -0.337***  -0.255  -0.293* 

  (0.101)  (0.160)  (0.164) 

Low Inflation:    

𝛽1   0.646***   -2.470**   -2.922** 

  (0.168)  (0.965)  (0.236) 

    

Obs.     68     35     38 

    

High Inflation:    

𝛽2 -0.572**   -0.890   -0.308 

  (0.227)  (0.746)  (0.393) 

    

Obs.     21     54     51 

    

𝑅2   0.190   0.081   0.049 

    

Panel B: 𝑇𝑡 = 0.25 × ∑ 𝐹𝑡,𝑡+ℎ
3
ℎ=0  

    

𝜃   3.724***   3.724   0.709** 

    

𝛼 -0.298***  -0.240   -0.298* 

  (0.093)  (0.149)  (0.157) 

Low Inflation:    

𝛽1   0.591***  -0.246   -4.406*** 

  (0.148)  (0.841)  (1.394) 

    

Obs.     69     69     25 

    

High Inflation:    

𝛽2 -0.650*** -2.238**   0.152 

  (0.212)  (0.919)  (0.393) 

    

Obs.     20     20     64 

    

𝑅2   0.210   0.110   0.042 

Notes: The table reports the threshold estimation results by Eqs. (2), for the period 1987Q1-2009Q1. Threshold 

regressions were estimated for each forecast horizon using two different threshold variables as specified in the two 

panels. Threshold significance is computed by a robust bootstrap method, following Hansen (1996, 2000). Newey-

West standard errors for the regressions’ coefficients are in parentheses. * , ** and *** denote significance at the 

10%, 5% and 1%, respectively. 
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TABLE 3 

Threshold Estimation of Information Rigidity with Seasonal Dummies, Current Quarter 

Forecasts, 1987Q1-2009Q1  

 ∑
𝐴𝑡−𝑘

4

4

𝑘=1
 ∑

𝐹𝑡,𝑡+ℎ

4

3

ℎ=0
 

|∑
𝐹𝑡,𝑡+ℎ

4

3

ℎ=0

− ∑
𝐴𝑡−𝑘

4

4

𝑘=1
| 

    

𝜃   3.729***   3.638***   0.699*** 

    

Seasonal Dummies:    

𝛼1  -0.692***  -0.682***  -0.619*** 

  (0.172)  (0.171)  (0.192) 

𝛼2   0.169   0.198   0.231 

  (0.229)  (0.213)  (0.251) 

𝛼3  -0.100  -0.101  -0.010 

  (0.242)  (0.243)  (0.205) 

𝛼4  -0.706***  -0.708***  -0.579** 

  (0.214)  (0.216)  (0.222) 

    

Low Inflation:    

𝛽1   0.612***   0.657***   0.490*** 

  (0.136)  (0.145)  (0.154) 

    

Obs.     67     68     75 

    

High Inflation:    

𝛽2 -0.495** -0.528** -0.483* 

  (0.225)  (0.212)  (0.277) 

    

Obs.     22     21     14 

    

𝑅2   0.293   0.316   0.265 

Notes: The table reports the threshold estimation results by Eqs. (2) including seasonal dummies, for the period 

1987Q1-2009Q1. Threshold regressions were estimated for current quarter forecasts (ℎ = 0) using different 

threshold variables as specified in the header of each column. Threshold significance is computed by a robust 

bootstrap method, following Hansen (1996, 2000). Newey-West standard errors for the regressions’ coefficients 

are in parentheses. * , ** and *** denote significance at the 10%, 5% and 1%, respectively. 
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TABLE 4 

Estimation of Smooth Information Rigidity, Current Quarter Forecasts, 1987Q1-2009Q1  

 ∑
𝐴𝑡−𝑘

4

4

𝑘=1
 ∑

𝐹𝑡,𝑡+ℎ

4

3

ℎ=0
 

|∑
𝐹𝑡,𝑡+ℎ

4

3

ℎ=0

− ∑
𝐴𝑡−𝑘

4

4

𝑘=1
| 

    

Seasonal Dummies:    

𝛼1  -0.715***  -0.575***  -0.578*** 

  (0.186)  (0.172)  (0.191) 

𝛼2   0.176   0.208   0.212 

  (0.231)  (0.220)  (0.252) 

𝛼3  -0.141  -0.114  -0.008 

  (0.243)  (0.227)  (0.204) 

𝛼4  -0.703***  -0.666***  -0.603*** 

  (0.216)  (0.215)  (0.218) 

    

Non-linear rigidity:    

𝛽1   0.975***   1.215***   0.885*** 

  (0.200)  (0.187)  (0.223) 

𝛽2  -0.338***  -0.335***  -1.111*** 

  (0.080)  (0.044)  (0.174) 

    

    

𝑅2   0.290   0.349   0.306 

Notes: The table reports the estimation results by Eqs. (3) and (3a), for the period 1987Q1-2009Q1. Regressions 

were estimated for current quarter forecasts (ℎ = 0) using different variables for the non-linear specification as 

specified in the header of each column. Newey-West standard errors for the regressions’ coefficients are in 

parentheses. * , ** and *** denote significance at the 10%, 5% and 1%, respectively.   
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TABLE 5 

Regressions of the Forecast Revision Rates on Inflation,, 1986Q1-2009Q1 

 ℎ = 0 ℎ = 1 ℎ = 2 
Averaging 

horizons 
  

Panel A: �̂�𝑡 = 𝑐 + 𝛾𝐴𝑡 + 𝑢𝑡 

     

𝑐       0.896***       0.861***       0.847***       0.868*** 

 (0.009) (0.013) (0.010) (0.007) 

𝛾      0.016***     0.019**      0.019***      0.018*** 

 (0.002) (0.004) (0.003) (0.002) 

     

𝑅2 0.277 0.256 0.272 0.381 

Panel B: �̂�𝑡 = 𝑐 + 𝛾𝐴𝑡−1 + 𝑢𝑡 

  

𝑐       0.898***       0.859***       0.841***       0.866*** 

 (0.009) (0.014) (0.009) (0.008) 

𝛾      0.014***      0.019***      0.021***      0.018*** 

 (0.002) (0.004) (0.003) (0.002) 

     

𝑅2 0.232  0.276 0.343 0.405 

Panel C: �̂�𝑡 = 𝑐 + 𝛾 × (0.25 × ∑ 𝐴𝑡−𝑘
4
𝑘=1 ) + 𝑢𝑡 

     

𝑐       0.883***       0.837***       0.818***       0.846*** 

 (0.009) (0.014) (0.007) (0.007) 

𝛾      0.021***      0.029***      0.031***      0.027*** 

 (0.003) (0.004) (0.002) (0.002) 

     

𝑅2 0.320  0.389 0.510 0.594 

Notes: The table reports the estimation results of the specified equations at the top of each panel. �̂�𝑡 is the estimated 

degree of attention as explained in the text and 𝐴𝑡 is the actual inflation rate. Newey-West standard errors are in 

parentheses. * , ** and *** denote significance at the 10%, 5% and 1%, respectively.    
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TABLE 6 

Regressions of Forecasters’ Asymmetry on Inflation, 1987Q1-2009Q1 

 ℎ = 0 ℎ = 1 ℎ = 2 
Averaging 

horizons 
  

Panel A: |�̂�𝑡| = 𝑐2 + 𝛾2𝐴𝑡 + 𝑢𝑡 

     

𝑐2      2.154***       2.763***       2.892***       2.603*** 

 (0.552) (0.912) (0.634) (0.681) 

𝛾2          -0.335*          -0.323   -0.394**  -0.351* 

 (0.156) (0.245) (0.182) (0.188) 

     

𝑅2 0.074  0.023 0.075 0.056 

Panel B: |�̂�𝑡| = 𝑐2 + 𝛾2𝐴𝑡−1 + 𝑢𝑡 

  

𝑐2      1.956***       2.991***       2.874***       2.607*** 

 (0.620) (0.973) (0.661) (0.728) 

𝛾2          -0.223          -0.433  -0.374*  -0.343* 

 (0.184) (0.276) (0.192) (0.208) 

     

𝑅2 0.033  0.041 0.068 0.055 

Panel C: |�̂�𝑡| = 𝑐2 + 𝛾2 × (0.25 × ∑ 𝐴𝑡−𝑘
4
𝑘=1 ) + 𝑢𝑡 

     

𝑐2       2.174***       3.177***       3.114***       2.821*** 

 (0.696) (1.085) (0.748) (0.817) 

𝛾2          -0.323          -0.508    -0.478**      -0.436* 

 (0.224) (0.329) (0.232) (0.252) 

     

𝑅2 0.049  0.040 0.080 0.063 

Notes: The table reports the estimation results of the specified equations at the top of each panel. �̂�𝑡 is the estimated 

degree of asymmetry as explained in the text and 𝐴𝑡 is the actual inflation rate. Newey-West standard errors are in 

parentheses. * , ** and *** denote significance at the 10%, 5% and 1%, respectively.    
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Fig. 1. Quarterly Inflation Rates and Current Quarter Forecasts 
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Fig. 2. Estimated Information Rigidity Function 

Notes: The figure displays estimated 𝛽s by Eqs. (3) and (3a), as a function of the inflation variable (𝑇𝑡).  The three 

graphs correspond to the three columns of results reported in table 4, depending on the specification for 𝑇𝑡.  
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Fig. 3. Estimated Degree of Attention and the Inflation Rate 

Notes: The figure displays estimated degree of attention, denoted by ∅̂𝑡 in the text, and the inflation rate. ∅̂𝑡 is 

calculated as the rate of revised forecasts at each quarter. Further computational details are detailed in the text.     
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Appendix A: The relationship between forecast errors and forecast revisions 

under non-constant information rigidity parameters 

This appendix validates the relationship in regression equation (1) for both sticky and noisy 

information models, when it is not assumed that the rigidity parameter is constant overtime as in 

Coibion and Gorodnichenko (2015). 

(a) Sticky information 

As in the basic framework, there is a probability at each date to remain uninformed, but 

now we let this probability to change between periods. Without referring to the specific 

determinants, we just denote the probability by 𝜆𝑡, thus, letting it to change between periods in the 

most general form.  𝐸𝑡−𝑗𝐴𝑡+ℎ is the rational forecast at time 𝑡 for 𝐴𝑡+ℎ, that is provided by agents 

that updated their information 𝑗 periods ago. Accordingly, the frequency of forecasters at time 𝑡, 

which provide this forecast is  (1 − 𝜆𝑡−𝑗) ∏ 𝜆𝑡−(𝑘−1)
𝑗
𝑘=1 , except for the case of 𝑗 = 0 (most 

updated forecasters), where the frequency (of the most updated forecast among forecasters) is 

(1 − 𝜆𝑡).  

Taking the average forecast across agents we get  

𝐹𝑡,𝑡+ℎ = (1 − 𝜆𝑡)𝐸𝑡𝐴𝑡+ℎ + ∑(1 − 𝜆𝑡−𝑗) [∏ 𝜆𝑡−(𝑘−1)

𝑗

𝑘=1

]

∞

𝑗=1

𝐸𝑡−𝑗𝐴𝑡+ℎ 

where it can easily be verified that the sum of the weights on expectations, (1 − 𝜆𝑡) +

∑ (1 − 𝜆𝑡−𝑗)[∏ 𝜆𝑡−(𝑘−1)
𝑗
𝑘=1 ]∞

𝑗=1 , converges to 1. Similarly, the previous average forecast for 𝐴𝑡+ℎ, 

made at time 𝑡 − 1 is given by  
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𝐹𝑡−1,𝑡+ℎ = (1 − 𝜆𝑡−1)𝐸𝑡−1𝐴𝑡+ℎ + ∑(1 − 𝜆𝑡−1−𝑗) [∏ 𝜆𝑡−𝑘

𝑗

𝑘=1

]

∞

𝑗=1

𝐸𝑡−1−𝑗𝐴𝑡+ℎ 

Hence, it follows that 

𝐹𝑡,𝑡+ℎ − 𝜆𝑡𝐹𝑡−1,𝑡+ℎ

= (1 − 𝜆𝑡)𝐸𝑡𝐴𝑡+ℎ + ∑(1 − 𝜆𝑡−𝑗) [∏ 𝜆𝑡−(𝑘−1)

𝑗

𝑘=1

]

∞

𝑗=1

𝐸𝑡−𝑗𝐴𝑡+ℎ

− 𝜆𝑡 ((1 − 𝜆𝑡−1)𝐸𝑡−1𝐴𝑡+ℎ + ∑(1 − 𝜆𝑡−1−𝑗) [∏ 𝜆𝑡−𝑘

𝑗

𝑘=1

]

∞

𝑗=1

𝐸𝑡−1−𝑗𝐴𝑡+ℎ)

= (1 − 𝜆𝑡)𝐸𝑡𝐴𝑡+ℎ + ∑(1 − 𝜆𝑡−𝑗) [∏ 𝜆𝑡−(𝑘−1)

𝑗

𝑘=1

]

∞

𝑗=1

𝐸𝑡−𝑗𝐴𝑡+ℎ

− 𝜆𝑡(1 − 𝜆𝑡−1)𝐸𝑡−1𝐴𝑡+ℎ − ∑(1 − 𝜆𝑡−𝑗) [∏ 𝜆𝑡−(𝑘−1)

𝑗

𝑘=1

]

∞

𝑗=2

𝐸𝑡−𝑗𝐴𝑡+ℎ

= (1 − 𝜆𝑡)𝐸𝑡𝐴𝑡+ℎ + ∑(1 − 𝜆𝑡−𝑗) [∏ 𝜆𝑡−(𝑘−1)

𝑗

𝑘=1

]

∞

𝑗=1

𝐸𝑡−𝑗𝐴𝑡+ℎ

− ∑(1 − 𝜆𝑡−𝑗) [∏ 𝜆𝑡−(𝑘−1)

𝑗

𝑘=1

]

∞

𝑗=1

𝐸𝑡−𝑗𝐴𝑡+ℎ = (1 − 𝜆𝑡)𝐸𝑡𝐴𝑡+ℎ 

Substituting 𝐸𝑡𝐴𝑡+ℎ = 𝐴𝑡+ℎ − 𝜈𝑡,𝑡+ℎ, where 𝜈𝑡,𝑡+ℎ denotes the rational expectations error 

between time  𝑡 and 𝑡 + ℎ (with full information), we finally have 

𝐹𝑡,𝑡+ℎ − 𝜆𝑡𝐹𝑡−1,𝑡+ℎ = (1 − 𝜆𝑡)(𝐴𝑡+ℎ − 𝜈𝑡,𝑡+ℎ) 
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𝐴𝑡+ℎ − 𝐹𝑡,𝑡+ℎ =
𝜆𝑡

1 − 𝜆𝑡
(𝐹𝑡,𝑡+ℎ − 𝐹𝑡−1,𝑡+ℎ) + 𝜈𝑡,𝑡+ℎ 

which corresponds to regression (1) in the text, of forecast errors on forecast revisions. Note that 

for clarification reasons, we do not use the subscript 𝑡 for the coefficient on forecast revisions 𝛽, 

except for the specification in equation (3) of section 4, where the most dynamic case for the 

rigidity parameter is considered.   

 

(b) Noisy information 

In this framework, allowing changes in the degree of information rigidity is expressed by 

changes in the Kalman gain, that is denoted accordingly (with subscript 𝑡)  by 𝐺𝑡. For the state 

variable 𝐴𝑡, we consider, as in Coibion and Goronichenko (2015), the simple AR(1) process: 

𝐴𝑡 = 𝜌𝐴𝑡−1 + 𝜈𝑡 

where 0 ≤ 𝜌 ≤1 and 𝜈𝑡~𝑖𝑖𝑑 𝑁(0, 𝜎𝜈
2) is a macroeconomic shock. The signal observed by 

individuals obeys: 

𝑎𝑖:𝑡 = 𝐴𝑡 + 𝜀𝑖:𝑡 

Where 𝜀𝑖:𝑡~𝑖𝑖𝑑 𝑁(0, 𝜎𝜀
2) represents the noise. The individual’s optimal forecast for 𝐴𝑡, derived by 

the Kalman filter, will then be 

𝐹𝑖:𝑡,𝑡 = 𝐹𝑖:𝑡−1,𝑡 + 𝐺𝑡(𝑎𝑖:𝑡 − 𝐹𝑖:𝑡−1,𝑡) 
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where the gain of the Kalman filter 𝐺𝑡 is determined by the constant parameters 𝜌, 𝜎𝜈
2 and 𝜎𝜀

2, as 

well as some set of macroeconomic variables. Since the ℎ periods ahead forecast is given by 

𝐹𝑖:𝑡,𝑡+ℎ=𝜌ℎ𝐹𝑖:𝑡,𝑡, we get by substituting in the above equation that 

𝐹𝑖:𝑡,𝑡+ℎ = 𝐹𝑖:𝑡−1,𝑡+ℎ + 𝐺𝑡(𝜌ℎ𝑎𝑖:𝑡 − 𝐹𝑖:𝑡−1,𝑡+ℎ) 

Averaging across individuals drops the noise in 𝑎𝑖:𝑡. As a result, the average forecast for 

𝐴𝑡+ℎ is  

𝐹𝑡,𝑡+ℎ = 𝐹𝑡−1,𝑡+ℎ + 𝐺𝑡(𝜌ℎ𝐴𝑡 − 𝐹𝑖:𝑡−1,𝑡+ℎ) 

The first term in the parentheses,  𝜌ℎ𝐴𝑡, is the rational expectation for 𝐴𝑡+ℎ, at time 𝑡, with full 

information (no noise). Therefore, it can be substituted by 𝐴𝑡+ℎ − 𝜈𝑡,𝑡+ℎ, and after rearranging it 

follows that 

𝐴𝑡+ℎ − 𝐹𝑡,𝑡+ℎ =
1 − 𝐺𝑡

𝐺𝑡
(𝐹𝑡,𝑡+ℎ − 𝐹𝑡−1,𝑡+ℎ) + 𝜈𝑡,𝑡+ℎ 

which, again, corresponds to the relationship in regression equation (1). 
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Appendix B: Further threshold estimation results of information rigidity 

In section 4 of the study we estimate information rigidity by equation (2), using the 

threshold methodology of Hansen (1996,2000). Two alternatives for the threshold variable 𝑇𝑡 were 

considered: 

(a) 𝑇𝑡 = 0.25 × ∑ 𝐴𝑡−𝑘
4
𝑘=1  – the average actual quarterly inflation over the last four 

quarters. 

(b)  𝑇𝑡 = 0.25 × ∑ 𝐹𝑡,𝑡+ℎ
3
ℎ=0  - the average predicted quarterly inflation over the next 

four quarters.  

This appendix provides evidence for five additional alternatives for 𝑇𝑡, specified as 

follows: 

(c) 𝑇𝑡 = 𝐴𝑡−1 – the actual inflation rate during the last quarter. 

(d) 𝑇𝑡 = ∑
𝐴𝑡−𝑘

8

8
𝑘=1  – the average quarterly inflation over the last eight quarters. 

(e) 𝑇𝑡 = 𝐹𝑡,𝑡 - the inflation rate predicted for the current quarter (for which the ex-post 

forecast error is the dependent variable in the regression). 

(f) 𝑇𝑡 = |∑
𝐹𝑡,𝑡+ℎ

4

3
ℎ=0 − ∑

𝐴𝑡−𝑘

4

4
𝑘=1 | – the absolute predicted change in the inflation level 

between next year and last year (in average quarterly terms). 

(g) 𝑇𝑡 = |∑
𝐹𝑡,𝑡+ℎ

4

3
ℎ=0 − 𝐹𝑡,𝑡| - the absolute predicted change in inflation level between next 

year (in average quarterly terms) and the current quarter. 

The appendix table 1 provides estimation results for current quarter forecasts (ℎ = 0), where 

columns refer to each of (c)-(g) specifications of 𝑇𝑡. 
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APPENDIX TABLE 1 

Threshold Estimation of Information Rigidity for Several Threshold Variables,  
Current quarter forecasts, 1987Q1-2009Q1  

 𝐴𝑡−1 ∑
𝐴𝑡−𝑘

8

8

𝑘=1
 𝐹𝑡,𝑡 

|∑
𝐹𝑡,𝑡+ℎ

4

3

ℎ=0

− ∑
𝐴𝑡−𝑘

4

4

𝑘=1
| 

|∑
𝐹𝑡,𝑡+ℎ

4

3

ℎ=0

− 𝐹𝑡,𝑡| 

      

𝜃   4.242**   3.343***   3.819***   0.672***   0.538** 

      

      

𝛼 -0.229** -0.282*** -0.207** -0.235** -0.255*** 

  (0.103)  (0.092)  (0.090)  (0.096)  (0.091) 

      

Low 

Inflation: 
     

𝛽1   0.410***   0.687***   0.664***   0.552***   0.778** 

  (0.137)  (0.181)  (0.132)  (0.155)  (0.297) 

      

Obs.     76     64     73     74     75 

      

High 

Inflation: 
     

𝛽2 -0.692** -0.310* -0.644** -0.579** -0.376 

  (0.263)  (0.178)  (0.266)  (0.261)  (0.247) 

      

Obs.     13     21     16     15     14 

      

𝑅2   0.172   0.122   0.214   0.167   0.111 

Notes: The table reports the threshold estimation results by Eqs. (2), for the period 1987Q1-2009Q1. Threshold 

regressions were estimated for current quarter forecasts ( 
ℎ = 0) using different threshold variables as specified in the header of each column. For the second column the 

estimation period starts in 1988Q1. Threshold significance is computed by a robust bootstrap method, following 

Hansen (1996, 2000). Newey-West standard errors for the regressions’ coefficients are in parentheses. * , ** and 

*** denote significance at the 10%, 5% and 1%, respectively. 

 

 

According to the reported results, threshold estimates are highly significant for each specification. 

For specifications (c) to (e) the threshold estimates, which refer to the inflation level, are quite in 

the range of the thresholds estimates in table 2 (for current quarter forecasts). The other two 

specifications (f) and (g), which refer to change in inflation also produce threshold estimates quite 

similar to each other. The estimated threshold of (f), for example, implies a split of the sample 

depending on whether the predicted (absolute) change in inflation is over or below 0.673% (in 
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quarterly terms).  In addition, thresholds (f) and (g) split the sample with similar proportions like 

the previous specifications. 

Finally, coefficients estimates, �̂�1 and  �̂�2, are also fairly similar across specifications and 

show the same pattern as in table (2), for which �̂�1 is positive representing information rigidities 

for low inflation and  �̂�2 is negative, implying an absence of rigidities and the presence of forecast 

asymmetry (for specification (e), the negative coefficient is not significant). 

 


