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Abstract

We use a rich and unique data set with seven years of monthly in�ation expectation

of Uruguayan �rms to analyze stylized facts about the expectation formation process.

Our �ndings are as follows: i) the forecasters fail to incorporate all of the available in-

formation and therefore the forecaster errors are predictable, ii) there is disagreement

between forecasters at the short run but also at the long run, iii) the disagreement can

be partially explained by variables available to consumers at the time of the forecast,

and iv) the disagreement is higher for forecasters that revise than for forecasters who do

not revise. All of these �ndings suggest that there must be some noise or friction that

prevent agents that change prices to get access to perfect information.

Keywords: in�ation expectation, inattention, rationallity, expectation disagreement

JEL: D84, E31, E58

�Work in progess. Please do not cite. The views expressed herein are those of the authors and do not
necessarily re¤ect the position of the Banco Central del Uruguay. All error are ours.

yBanco Central del Uruguay y Departamento de Economía de la Facultad de Ciencias Sociales de la
Universidad de la República. E-mail: fborraz@bcu.gub.uy



1 Introduction

Understanding the process of private expectation formation is a key issue in the mod-

ern macroeconomic, particularly in monetary and business cycle topics. From a practical

point of view, the in�ation expectations are a key in the process of wage bargaining

and in investment decisions in �nancial assets. Nevertheless, it is not an easy task to

produce such forecasts. We require precise quantitative models both for the conditional

equation and for the marginal fundamental equations. We also need technical capacity

to articulate a consistent vision with respect to future shocks. Also and more impor-

tantly in�ation expectations allow monetary policy to have real e¤ects on dynamic new

Keneysian models.

Economic expectations, and forecast in�ation in particular, are inherently unobserv-

ables. The methodological approach to measurement them involves extracting informa-

tion from �nancial asset prices or asking directly to a certain set of economics agents.

Both methods have advantages and disadvantages. The measures considering �nancial

assets (swaps or spreads) have the advantage of the strong commitment to the vision

by agents who are risking capital losses. However, in shallow and segmented �nancial

markets as in emerging markets there are premiums (as risk) that introduce noise into

the measurement.

The measures that explicitly consider the opinion of a subset of agents, have the virtue

of explicitly referring to the variable of interest, however, they are sensitive about the

selection of the set of agents, which, as pointed out by Keane and Runkle (1990) who

may not have su¢ cient incentives to invest in the formation of expectations. In turn,

the agents may strategically decide not to reveal their opinions when they di¤er from the

average of analysts. The implied loss function for each analyst may not be symmetrical,

in that sense, Thomas (1999) suggests that the type I error for an analyst would be

depart from the market average being wrong because of the associated reputational cost.

Dovern and Weisser (2009) add that analysts may have other objectives than to make

the best prediction, such as: promote policy measures through its forecasts. Under a

legal framework that protects statistical con�dentiality, this behavior is most e¤ective

the smallest the number of participants in the survey.

There is an extensive literature on the empirical analysis the in�ation expectations.

The most in�uential works that analyze the rational in�ation expectation hypothesis in

this context are Keane and Runkle (1990), Bonham and Cohen (1995), Johnson (1998)

and Mankiw and Reis (2002). Most studies of in�ation expectations are based on a

measure of central tendency from a survey of economic experts or on household fore-

casts. Additionally, there is a di¢ culty to get a higher level of disaggregation because
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expectations surveys are usually covered by statistical secret and therefore the individual

responses are not available to researchers. Also, few surveys ask in�ation expectations

directly to the �rms who are the agents that set prices.

Therefore, very little is known about expectations formation of �rms and their atten-

tion to in�ation and monetary policy. We use a rich an unique panel dataset of monthly

in�ation expectations of Uruguayan �rms between October 2009 and October 2016. We

use data at the micro level that has the advantage of avoiding average bias (Keane and

Runkle (1990)). Also, by focusing in the relevant unit (the �rm) it is possible to test the

level of attention.

To the best of our our knowledge, the only evidence on �rms�expectations formation

is i) that of New Zealand analyzed in Coibon, Gorodnichenko, and Kumar (2015) ii)

that of Uruguay studied in Licandro and Mello (2014), Borraz and Orlik (2016) and iii)

evidence from Federal Reserve Bank of Atlanta�s Business In�ation Expectations Survey

summarized in Bryan, Meyer, and Parker (2015), and iv) a very recent evidence from

Canadian Business Outlook Survey discussed in Richards and Verstraete (2016).

Economic theory has widely discussed how agents formulate their expectations. The

general behavioral assumptions are key to the results of the theoretical models. Since the

pioneering work of Muth (1961) and Lucas (1972) the rational expectations approach has

dominated the academic environment for its elegance and internal coherence. According

to this theory, agents formulate their forecasts considering the complete set of information

available and their knowledge of the economic model. In the empirical work, rational

expectations are associated with unbiased and uncorrelated forecast errors. Any piece

of information available at the time of forecasting should as well be serially uncorrelated

with the residual.

The main alternative hypothesis is adaptive expectations. Under this approach, agents

use only historical data to infer the future value of the relevant variables. This framework

implies that agents corrected for errors in their earlier projections. The main limitation

of this assumption comes from the inability of the analyst to infer the complete structure

of the model and anticipate policy responses. Under these assumptions agents can be

systematically deceived.

More sophisticated versions of expectations formation incorporate hybrid concepts

as quasi-rationality (Roberts (1998)) where, under frequent changes of regime or a non-

stationary process, agents are subject to a gradual learning process. This mechanism,

weights past information and the best projection to derive future instances of monetary

policy, which is conditional to the performance itself. The rational expectation hyphotesis

were extended with the incorporation of frictions due to the costs of updating information
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continuosly that generate agent inattention. Two relevants models of rational inattention

are noisy information (Mankiw and Reis (2002)) and sticky information (Sims, 2003).

Mankiw and Reis (2002) postulate the hypothesis of rigid or sticky information than

unable agents to change prices in each period. Under this scheme, the set of information

is infrequently updated based on a cost-bene�t calculation. This hypothesis explains

some under-utilization of information and correlated forecast errors during the period in

which agents are not optimally updating their information set. Alternatively, a di¤erent

source of inattention is Sims (2003) that developed noisy information models where agents

can update price continnuosly but they have access only to imperfect information. The

agents do not know the true state of the economy in each period. They only have a noisy

measure of the shock hitting the economy.

Coibon, Gorodnochenko and Kumar (2015) based on a survey of �rms in New Zealand

�nd that the degree to attention is low. However, for the case of Uruguay, Borraz and

Orlik (2016) �nd that �rms exhibit a very high degree to attention to current in�ation

in conditions in constrant with New Zealand. They link this result to the countries�

historical in�ationary experience. Also, they �nd that �rms forecasts are more accurate

than those of professional forecasters. Interestingly, Borraz and Gianelli (2010) �nd that

Uruguayan professional forecaster have a low predictive power at the 12-month horizon

and that they do not use all available information in their forecats.

In this study, we assess the importante of di¤erent modes of attention in in�ation

expectations. In particular, we use the monthly in�ation expectation Uruguayan survey

to disentangle the relevance of sticky information and noisy information models based on

calendar year, rolling horizon and revised in�ation forecasts.

Our works, is also related to Andrade and Le Bihan (2013) and de Almedia, Piazza and

Issler (2015) that also disentangle the importance of sticky and noisy informaton models

but based on pro¤esional forecasters. One corcern with these work is how the strategic

interactions among forecasters can in�uence the results. Borraz and Gianelli (2010)

show that these interactions can be very relevant. Because in our case the (anonymous)

forecasts are made by �rm this concern is less relevant.

The Uruguayan in�ation expectation survey was also used by Licandro and Mello

(2014) to quantify the impact of monetary policy on in�ation expectations at the micro

level. They �nd a a negative and statistically signi�cant relationship between in�ation

expectations and monetary policy and a high degree of inertial in in�ation expectations.
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2 Data: survey of �rms�expectations

Our study is based on a monthly survey that is conducted by the National Statistical

O¢ ice of Uruguay (Instituto Nacional de Estadística, or INE) in agreement with the

Central Bank of Uruguay (Banco Central del Uruguay, BCU) since October 2009 on

the basis of a sample covering all economic sectors with the exception of agriculture

and the public sector. The �rms were selected using strati�ed random sampling. The

strati�cation was made according to the number of employees (from 50 to 99; 100 to 199;

200 or more) and the sector of the �rm. Therefore, only �rms with 50 or more employees

are included in the sample. The survey is sent out monthly to 600 �rms by email. A

reminder is sent to those �rms that would not respond.

Eventually, approximately 332 questionnaires are received (a response rate of 55%)

each month. If a �rm did not respond, it was not substituted in order to avoid skewing

of results. Instead the weights were reestablished. In order to have more information

about the �rms we merge this survey with the yearly Economic Activity Survey, EAS

(Encuesta de Actividad Económica) conducted by INE. The EAS contains information

about sales, investments, and labor force and cost structure for Uruguayan �rms. The

survey is conducted among all private and state-owned �rms which operate in Uruguay

with 5 or more employees.

At each month, the �rm must respond its in�ation expectation for the calendar year,

the 12-month, the long run expectation (18-month to July 2013 and 24-month since July

2013). This change in the long run de�nition can be explained by the fact that the

monetary policy horizon was shifted from 18-months to 24-months in July 2013. Table

1 shows summary statitics for this survey. For the 12-month in�ation expectation the
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total number of observations is 28,254 ranging from October 2009 to October 2016. In

that period, the expected mean and median are very similar and to 9% and the realized

mean in�ation was 8.3%.

Figure 1 shows the 12-month (median) expected in�ation and the correspoding in�a-

tion rate for the forecast. Therefore, their diference is the forecast error. At the begining

of the sample the expected in�ation was sistematically lower than true in�ation. Also,

between mid-2013 and the end of 2015 the expected in�ation was almost �at and in�ation

decrease until the end of 2014 to started ti increase after that period. These behaviours

of in�ation expectations can not be explained in the framework of rational expectations.

3 Empirical results

3.1 Forecast errors

As mentioned above (see Figure 2) the 12-month �rms�in�ation forecast errors do

not seem unpredictible. A visual inspection of Figure 2 indicates that errors are positive

correlated. Again this results cast doubts regarding the hyphotesis of rational expectation

with perfect information.
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To formalize this, in Table 2 we regress the average error against its lag and a set

of variables available to the �rm at the time of the forecast. In order to control for the

possible existence of autocorrelation up to order 12 and heteroscedasticity we used the

variance-covariance estimator proposed by Newey-West (1987). In Table 2 column 1 we

reject at the 10% level the null hypothesis of errors with mean zero. This results is also

found in Borraz and Orlik (2016).

The forecast error are highly correlated with an AR(1) coe¢ cient of 0.786 signi�cantly

di¤erent from 0 at the 1% level (Table 2 Column 2). Thefore, forecast errors are not

unpredictable or a white process. Also, lagged in�ation and lagged exchange growth

are correlated with the forecast errors. This mean that forecast errors can be (partially)

explained for variables observed by the �rms at the time of their forecasts (Table 2

columns 3 to 5).
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3.2 Disagreement

In the literature the disagreement among forecasters is estimated at each time as

the standard deviation of individual forecasts. Figure 3 shows this measuarement of

disagreement and because of the sensibility to outliers we included a robust indicador

of volatility as the interquartile range. We �nd a high level of disagreement among 12-

month in�ation forecasters based on these two measures. Therefore, in�ation expectation

disagreement is an important characteristic in our sample of Uruguayan �rms.

The same pattern of disagreement among forecasters is found in the 18-month and

the 24-month long run in�lation expectation (see Figure 4).

Next, we ask if the disagreement is related to the size of the shock in the economy.

For example, the higher the in�ation the higher the �rms�disagreement. Table 3 shows

that the disagreement is positive and signi�cantly corelated to past in�ation and with the

previous forecast errors. Therefore, the shocks that a¤ect the economy also impact on the
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variability of in�ation forecasts. This evidence indicates that the expectation process can

be explained by sticky information or noisy information models. The following sections

disentangle the relevance of these two models with estimation of the inattention based

on calendar year, rolling horizons and revisions of forecasts.

3.2.1 Disagreement: calendar year estimation

In each month, the �rms are asked to report their estimation for the next 12-months

and also for the calendar year. For example, in February 2015, the �rm reports the expec-

tation for the 12-month period from February 2015 to January 2016 and the expectation

from January 2015 to December 2015. Therefore, for each calendar year we have twelve

month forescast for the whole year. Following Andrade and Le Bihan (2013) we measure

the degree of attention as the proportion of forecast changes in the calendar year being

forescasted. Formally:

�cT =
1

NT

NTX
i=1

12X
m=2

1

11
I
�
�eim;T 6= �eim�1;T

�
(1)

�cT is the degree of attention for calendar year ending in T ,NT is the numbers of �rms,

m is month from 2 (February) to 12 (December) and I is an indicator function such that

I(A)=1 if A is true and 0 otherwise. Figure 5 shows that the degree of attention is not

complete with yearly values between 0.37 to 0.53. There is a level shift in the probability

of revising after 2014 that could be correlated with the increase in in�ation (see Figure

1).
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Figure 6 shows that the disagreement among �rms is higher with high degree of

attention de�ned as the probability of updating greater than 0.5 than with low levels

of attention (probability of revising less or equal than 0.5). In Figure 6, 70% of the

observations are above the 45% degree line. Therefore,

This evidence is in favor of noisy information model that postulates frictions of noise

that unable the �rms to access full information when updating expectations.

3.2.2 Disagreement: rolling horizon estimation

A second measure of attention is based on the rolling horizons of in�ation expec-

tations. For each �rm we have the 12-month and the 24-month (or 18-month) forecast.

Therefore, we can calculate the probability of updating after a year of new information.

We can compare �et;t�11with �
e
t;t�23. For example we can compare the 12-month fore-

cast made in January 2015 (for the period January 2015 to December 2015) with the

24-month forecast made one year ago, in January 2014 (for the period January 2015
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to December 2016). We measure the degree of attention as the proportion of forecast

updates considering rolling horizon forecasts. Formally:

�RT =
1

NT

NTX
i=1

12X
m=1

1

12
I
�
�eim;T 6= �eim�23;T

�
(2)

�RT is the degree of attention based on rolling horizon forecasts for calendar year T

,NT is the numbers of �rms, m is month from 1 (January) to 12 (December) and I is an

indicator function. Figure 7 indicates that there is an increase in the degree of attention

at the end of the sample.

3.2.3 Disagreement: forecast revisions

Our last measure of attention is based on the frequency that a �rm update its forecast.

We measure the degree of attention as the proportion of forecast updates. Formally:

�FR =
1

N

NX
i=1

Oct:2016X
t=Nov:2009

1

Ni
I
�
�eit 6= �eit�1

�
(3)

�FRT is the degree of attention based on one month 12-month forecast revisions ,N is

the numbers of �rms, Ni is the number of observations for the �rm i;t is the time period

that ranges from November 2009 to October 2016 and I is an indicator function. Because

the sticky information model implies that when �rms revise forecast they incorporate all

available information we expect a decrease in disagremment when we include only the

updating �rms. Again, Figure 8 shows that the disagreement is higher for �rms that

update their forecasts than for �ms that not udpate, because 70% of the observations
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are above the 45% degree line. This evidence is in favor of noisy information model

that postulates fricitions of noise that unable the �rms to access full information when

updating prices.

4 Conclusions

This papers uses a rich and unique data set with seven years of short run and long run

monthly in�ation expectation of Uruguayan �rms to analyze stylized facts about the

expectation formation process. We estimate the degree of attention based on calendar

year, rolling horizon and revision in�ation forecast. Our �ndings are as follows: i) the

forecasters fail to incorporate all of the available information and therefore the forecaster

errors are predictable, ii) there is disagreemente betweeen forecasters at the short run but

also at the long run, iii) the disagreement can be partially explained by variables available

to �rms at the time of the forecast, and iv) the disagremeent is higher for forecasters that

revise than for forecasters who do not revise. All of these �nding suggest that there must

be some noise or friction that prevent agents that changes prices to get access to perfect

information. Further research is required to better characterize this noise.
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