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Abstract

This study examines the accuracy of forecasters in the Focus Survey led by the Brazilian

Central Bank. The survey respondents are stimulated to participate by the Top Five contest.

We divide the participants into groups of updaters and non updaters, being the updaters

the ones who place their forecasts at the contest day. The forecast combination method

Extended BCAF is used to evaluate the groups forecasting accuracy. It is found that the

updaters are considerably more accurate in the MSE sense than the non updaters. In order

to not discard information, some correction rules are proposed so that we can rectify the

non updaters forecasts. The corrected forecasts of non updaters are then united with the

updaters forecasts and we apply again the Extended BCAF. When comparing to the group

of only updaters though, the groups with the corrected forecasts still perform worse. Hence,

the evidence shows that the group of updaters is the most accurate.

Keywords: Forecast Combination, Brazilian Inflation, Rational Inattention.
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1 Introduction

This work is related to the forecast combination and to the rational inattention literatures.

Here, motivated by the empirical findings in Gaglianone et al. (2019), we run a forecast

combination method using the Focus Survey database. In order to enable a better under-

standing of this work, we must go through the meaning of the empirical results found. With

this purpose, in the following paragraphs, there are in order a more detailed explanation of:

the rational inattention literature; the empirical results motivating this work; the objectives

we have; a little explanation of the forecast combination literature and the method employed;

and, finally, the observed results.

The rational inattention literature is deemed to begin with Sims (2003). Its main idea

is a critique of the rational expectation hypothesis. It defends that people have limited

information-processing capacity, which means agents can not process all the available in-

formation in order to make decisions. Agents, therefore, choose how much attention they

allocate in each decision making process given their limited attention budget.

There are two principal branches in the rational inattention literature. First, the sticky

information branch initiated by Mankiw and Reis (2002) e Reis (2006a, 2006b) proposes

models where agents do not to have continuous access to information. But, information

is assumed to be perfect when obtained by agents. For instance, Mankiw and Reis (2002)

assumes that the process of obtaining information follows a Poisson distribution. Every pe-

riod, agents have probability λ1 of obtaining new information. If in a given period an agent

is awarded with new information, he updates rationally his expectations. Second, the noisy

information branch assumes imperfect and continuous information. Agents are supposed to

continuously monitor the macroeconomic variables and update in every period their infor-

mation sets. However, it is assumed that what they observe is a noisy signal of the real state

in which the economy is. Woodford (2002), Sims (2003) e Maćkowiak e Wiederholt (2009)

are some of the principal papers of this branch.2

In Gaglianone et al. (2019), the authors following the literature propose a cost-benefit

model of rational inattention in a context of noisy information. Their objective is to es-

timate cost and benefit parameters using the Focus Survey Database from the Brazilian

Central Bank (BCB). This database displays the expectations of financial institutions for

1The parameter λ is the attention degree and 1− λ is the information rigidity.
2Which set of models presents a better fit to the data is still an open empirical question. Coibion and

Gorodnichenko (2015) e Coibion, Gorodnichenko and Kamdar (2018) are some example of empirical works.
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economic indexes, like IGP-DI, IGP-M, SELIC (Brazilian interest rate), the exchange rate

and the IPCA (official Brazilian inflation rate). In this work they are mainly interested in

the inflation rate. The data allows them to observe when institutions decide to update and

by how much. Another feature of this database is that the objective function, which agents

must optimize - the forecast accuracy - is observable.

In order to estimate the model, they use the Simulated Method of Moments to match the

joint dynamic found in the data of updating frequency and aggregated forecast accuracy.

Below, the graph with those information is shown. To understand the graph, one must know

that the BCB stimulates the survey respondents to participate and to update their forecasts

regularly in the survey through the Focus Top Five contest. This contest exists for some

economic indexes, such as the ones quoted above. It ranks the forecasts by accuracy and an-

nounces the five best institutions to provide the forecast for the target variable every month.

The establishments ranked below the fifth position remain anonymous. The competition has

different timetables for different indicators.

In their work, though, they are interested in studying only the inflation rate. Specifically,

the contest for the IPCA begins with the release of last month’s IPCA and it goes on until

the day before the release of the IPCA-15 - the inflation rate from the 15th of the last month

until the 15th of the current month. The day before the release of the IPCA-15 is called the

Contest Day (CD). The forecasters provide not only their previsions for this month, but also

for the following months. To be more precise, the forecast horizon begins with 18 months

and diminishes every day going until one day. Since the projection revisions happen more

often and in bigger magnitude when the horizons are shorter, they look only to the nowcasts

in their work. This means that they are only interested in forecasts with horizons going from

10 to 15 days, i.e., forecasts for the current month’s inflation rate.
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Source: Gaglianone et al. (2019), Pg. 3.

Figure 1: Empirical Findings from the Literature

As we can see in the graph, on the contest day the share of updaters increases from little

more than 10% to little more than 40%. On the same day, the mean squared forecast error

(MSFE) falls considerably more than what was projected. Another interesting fact is that on

the day after the contest we have the IPCA-15 information release, which seems to not have

an extra effect in accuracy other than the usual fall in MSFE. One possible interpretation

for this stylized fact is that the institutions, who update their forecasts on the contest day

employ more attention than the institutions who update before and after, being this the

reason why they are more accurate. Indeed, in Gaglianone and Issler (2019), it is found that

30% of the improvement in MSFE is explained by agents paying more attention and 70%

due to a more agents updating.

Motivated by the empirical findings in Gaglianone et al. (2019) and again observing only the

nowcasting of inflation, the objectives of this work are: first, to observe if the institutions

who update on the contest day are statistically better in forecasting inflation than the ones

who do it before; second, after obtaining a positive answer to the first question, we propose

forecast correction rules for the institutions who update before the contest, uniting these

corrected forecasts with the forecasts given on the contest day, so that we observe if we can

improve our inflation prediction. To evaluate the different groups mean squared forecasting

errors are calculated and Diebold-Mariano tests are run.
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In order to do this, we employ a forecast combination method. The principal idea of forecast

combination is to use a wide sample of forecasts and an appropriate combination of them in

order to reduce individual forecast errors. In Bates and Granger (1969) seminal work, this

point is shown. The authors use two different sets of forecasts given by different methods.

They show that one method is better than the other and make a remark that usually the

worst forecast method was discarded. In this sense, they argue that keeping the results of

the worst forecast method can bring benefits. It is found that combining forecasts of both

methods produces an even better result than both separated methods. Other theoretical

and empirical works such as Stock and Watson (2002a,b, 2006), Timmermann (2006), Issler

and Lima (2009) also assure that combining forecasts provides a series of benefits.

In Gaglianone and Issler (2019) one such method is proposed. In this paper they make

an extension of Issler and Lima (2009) Biased Corrected Average Forecast (BCAF) and pro-

pose the Extended BCAF. This method, like its predecessor, is appropriate to work with data

surveys, where the target variable yt is an ergodic, stationary and univariate process. Both

econometric models present two layers of estimation, being the first where the bias terms for

individual forecasts are estimated and the second where the conditional expectation of the

target variable is consistently estimated. The expectation is conditioned on the information

available until period t − h, where h is the forecast horizon. The extension arises from the

fact that the Extended BCAF is microfounded and filters out two bias terms, whereas the

BCAF is not microfounded and presents only one bias term. The microfounding means that

the individual forecast is the solution given for the individual loss function minimization

problem. In section 3, the Extended BCAF is presented in more detail.

In this paper, the Extended BCAF will be applied to the Focus Survey database main-

tained by the BCB. The data of this survey is displayed in a three dimensional unbalanced

panel. The three dimensions are the day when the forecast was given, the horizon to which

it refers and the index of the institutions that take part in it. The panel is unbalanced,

because new participants can join and old can leave. We have data going from January,

2004 to December, 2018.

The results found confirm that the group of institutions updating their forecasts on con-

test day is indeed more accurate in forecasting inflation than the group who does it before

the contest day. To answer the second question, forecast correction rules are applied to the

latter group and we join the corrected forecasts with the forecasts of the group updating

on contest day. However, the results are not improved when compared to the group which

4



considers only contest day updates.

This work will be divided in four sections. The second section gives a more detailed ex-

planation about the Top Five Contest run by the BCB. In section 3 the methods of forecast

combination will be shown in more detail. An empirical application will be put forth in

section 4, where we will discuss the data and the results achieved. Section 5 concludes.

2 The Focus Top Five Contest

The biggest incentive to participate in the Focus Survey is the Top Five contest organized

by the BCB. This competition ranks the Focus Survey participant institutions according to

their forecast accuracy. The five most accurate institutions in the ranking are rewarded with

the publication of their names in the BCB website. The figure below has an example of the

annual ranking published by the BCB. This ranking is elaborated by the forecast accuracy

evaluation for each month of the year. The best forecaster in one month is credited with 10

points, while the worst is credited with 0. The remaining participants receive a linear combi-

nation of these values. The institutions final score is their average in the twelve prior months.

Besides the annual ranking, there are also three other contest categories: the short-term,

the medium-term and the long-term rankings. The short and medium-term competition are

published monthly, while the other two are issued only in January. The short-term contest

considers the forecasts of the current month for the last 6 months, evaluating the accuracy

of the predictions. The medium-term competition ranks the forecast accuracy for three con-

secutive and overlapping block of 4 months. For example, the June ranking will take into

consideration the three averages of forecasts given by the average from March until June,

February until May and January until April. The long-term tournament is published every

January. It classifies the forecast accuracy for the annual value of the target variable using

the forecasts made in each month, from January to December, of the last year.
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Source: Brazilian Central Bank

Figure 2: Top Five contest ranking example

The participants of the contest are financial institutions such as asset management firms,

commercial banks and consulting groups. Also, there are some non financial institutions

taking part in the competition. In order to collect the forecasts, the Central Bank provides

the participants with the Market Expectation System software. The survey members may log

in the system and update their forecasts any time they choose. The update can change the

last registered prediction or confirm it. Another important information is that institutions

that remain inactive for a period longer than thirty days are removed from the system.

Finally, the most important information for this work is the contest timeline3. Every month

the forecast contest conducted by the Brazilian Central Bank starts when the IPCA for the

previous month is released. Henceforth, the institutions may provide their inflation forecasts

3Our database goes until december 2018, because in January 2019 the critical date, which here is called
the contest day, was changed. Now, it is the friday before the COPOM - Monetary Policy Committee
-meeting or the second last Friday for months in which there is no COPOM meeting.
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for the current and forthcoming months. The contest of the current month considers the

forecasts updated until the day before the IPCA-15 release, which is here called the contest

day. The table below is an example of the contest timetable. The contest begins when the

last month’s IPCA is released, which in this case is November 7th. The institution in order to

take part in November’s contest must update their prediction until the 22nd November, the

day before the IPCA-15 is released. On December 6th, the IPCA for November is released

and its value is used to calculate the forecast error and evaluate the institutions accuracy.

Forecast Beginning Contest Day IPCA-15 Released IPCA Released

Nov 7th, 2007 Nov 22nd, 2007 Nov 23rd, 2007 Dec 6th, 2007

Table 1: Contest timeline example

3 Econometric Methodology

3.1 Extended BCAF

This subsection presents in detail the forecast combination method proposed by Gaglianone

and Issler (2019), which combines survey expectations in a panel data context with the ob-

jective of finding optimal forecasts. This technique is appropriate to forecast an ergodic,

weakly stationary and univariate process {yt} using a large number of forecasts.

In order to handle expectation data of a survey, the decision process is divided into two

layers of decision making. In the first layer, it is asked what is the optimal survey response

of a given respondent. This optimal response is the solution of the individual’s loss function

minimization problem. The data generating process (DGP) is supposed unknown by the

respondent. The authors show in a general case that the best answer is an affine function

of the conditional expectation of yt, computed using information of period t− h. Following

their notation, the equation would be:

fh
i,t = khi + βh

i Et−h(yt) + εhi,t (1)

where fh
i,t denotes the individual forecast made in period t − h for the target variable in

period t, yt. khi and βh
i are respectively the forecast intercept bias and the forecast slope

bias for individual i and forecast horizon h. The latent variable Et−h(yt) is the target vari-

able expectation for period t in period t− h. Finally, εhi,t is the idiosyncratic error term for

7



individual forecast i in period t with horizon h. Notice that this equation implies a three

dimensional panel, with h = 1, . . . , H being the forecast horizon, i = 1, . . . , N the number

of forecasters and t = 1, . . . , T the number of periods.

In the second layer of decision making, an econometrician is considered - usually some insti-

tution like the Central Bank or the government. He receives the survey data of individual

forecasts fh
i,t and of the target variable yt. It is assumed that he works under a MSE risk

function and therefore his optimal forecast is Et−h(yt). His challenge is then to uncover this

expectation. It is also assumed that he does not know the DGP and the individual loss

functions. However, we know from the first layer of decision making that in a general case,

the optimal forecast will be given by (1). Therefore, the econometrician uses the solution to

the individuals loss function minimization problem.

Following Gaglianone and Issler (2019), this framework has two interesting cases. The first

is T →∞, with small N and H. This is the situation of most surveys and the one in which

we are interested, since it can be applied to the Focus Survey of the Brazilian Central Bank.

The second case is T → ∞, N → ∞ and small H. It would be appropriate to apply this

case to large surveys. The authors name this case as the big data setup.

To estimate the parameters khi and βh
i directly from equation (1) is impossible because the

econometrician does not observe Et−h(yt). To solve this problem it is possible to follow Lima

and Issler (2009). They state that we can decompose yt into Et−h(yt) and an unpredictable

error term ηt with Et−h(ηt) = 0. Then, we have:

yt = Et−h(yt)− ηt (2)

which gives us

Et−h(yt) = yt + ηt (3)

and substituting this in (1)

fh
i,t = khi + βh

i (yt + ηt) + εhi,t (4)

rewriting

fh
i,t = khi + βh

i yt + νhi,t (5)

where νhi,t = ηt+ε
h
i,t and by construction Et−h(νt) = 0, considering we assumed Et−h(εhi,t) = 0.

Notice that we now have moment conditions.
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Therefore, we are able to apply the general method of moments (GMM). Using Et−h(νt) = 0

and the law of iterated expectations, we have:

E[(fh
i,t − khi − βh

i yt)⊗ zt−s] = 0 (6)

where zt−s ∈ Ft−h is a vector of instruments, dated t− s or older and s ≥ h. This equation

is valid for all i = 1, . . . , N , t = 1, . . . , T and h = 1, . . . , H. It is possible to see that the

system in (6) has 2NH parameters and in order to estimate them, there must be at least

2NH moment conditions, which obliges dim(zt−s) ≥ 2.

If N → ∞, then the number of parameters to be estimated diverges and it is impossi-

ble to estimate them. However, even when N does not diverge, it can still be big enough to

cause the curse of dimensionality. This problem impedes us to identify the individual bias

parameters khi and βh
i . The good news is that we do not need the individual parameters to

identify Et−h(yt). The curse of dimensionality can be overcome by using the cross-sectional

average of khi and βh
i . Indeed, using the result found in Gaglianone et al. (2019), which

assumes 1
N

∑N
i=1 ε

h
i,t

p→ 0, we have:

Et−h(yt) = p lim
N→∞

1
N

∑N
i=1 f

h
i,t − 1

N

∑N
i=1 k

h
i

1
N

∑N
i=1 β

h
i

(7)

It is then clear that, in order to estimate Et−h(yt), we only need to estimate the averages in

i of khi and βh
i , given by kh = 1

N

∑N
i=1 k

h
i and βh = 1

N

∑N
i=1 β

h
i respectively. Also, we will

name fh
t and εht as 1

N

∑N
i=1 f

h
i,t and 1

N

∑N
i=1 ε

h
i,t respectively.

If we sum over i and divide by N in equation (1), we have:

fh
t = kh + βhyt + εht (8)

Applying the conditional expectation to εht , we have Et−h(εht ) = Et−h
1
N

∑N
i=1 ε

h
i,t =

1
N

∑N
i=1 Et−h(εhi,t) = 0, given our assumption Et−h(εhi,t) = 0 for all i and for all t.

Therefore, we have again moments conditions and can apply the GMM, but now we need to

estimate only 2H parameters. Hence, we can write:

E[(fh
t − kh − βhyt)⊗ zt−s] = 0 (9)
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t = 1, . . . , T and h = 1, . . . , H. Notice that, in order to identify our parameters, we still need

dim(zt−s) ≥ 2.

It is also possible for us to write the moments conditions in (9) stacking all the restric-

tions across h:

E



f 1
t −k1− β1yt

f 2
t −k2− β2yt

...

fH
t −kH− βHyt

⊗ zt−s
 (10)

It is easy to see that our problem has H × dim(zt−s) restrictions and 2H parameters to be

estimated. Following Gaglianone, Issler and Matos (2016), given a horizon H, the GMM

estimation of the system above is efficient. Due to computational reasons, one should also

consider a less efficient alternative, which is the isolated estimation for each h = 1, . . . , H of

equation (9). If the model is overidentified - dim(zt−s) ≥ 2 - then we can perform a J-test

proposed by Hansen (1982) to test the specification of the model.

After obtaining the estimates
ˆ
kh and

ˆ
βh for the unknown parameters kh and βh, we can

calculate the estimated ˆEt−h(yt), which is given by:

ˆEt−h(yt) =
1

N

N∑
i=1

fh
i,t −

ˆ
kh

ˆ
βh

(11)

The consistency of this estimator was proved by Gaglianone and Issler (2019), where they

show for two cases that it converges almost surely, which implies convergence in probability.

The first setup is (N, T → ∞)seq, which means that N diverges first followed by T . The

second setup, which is the one we need, is (T,N → ∞)seq or T → ∞ with fixed N . This

result is given by proposition 4. So, we have:

ˆEt−h(yt) =
1

N

N∑
i=1

fh
i,t −

ˆ
kh

ˆ
βh

p→ Et−h(yt) (12)

in a variety of setups.

The equation (12) is the answer to the problem of the econometrician, since it establishes a

consistent estimator for the optimal answer of the econometrician under a MSE risk function.

In order to run an out of sample forecast exercise, we follow the steps placed by Lima and

10



Issler (2009). They divide the sample into three different time sub-periods, t = 1, . . . , T1, . . . ,

T2, . . . , T . The first time sub-period, E, is the estimation sample. It is used to estimate the

parameters of the individual forecasts, so that one may fit the model to forecast the target

variable yt. This sub-period goes from t = 1, . . . , T1, which, differently stated, means that

E = T1 = k1T . Notice that there is no need to do this step in this work, since we already

have the values of the individual forecasts. The remaining two sub-periods follow the West

(1996) notation and they are the regression sample, labeled R and the prediction sample,

labeled P . The regression sample is the training model and it is where the parameters of

the forecast combination model are estimated. In our setup, it would be where kh and βh

would be estimated. Furthermore, the number of observations in this period is given by

R = T2 − T1 = k2T . The last sub-period is the prediction sample, P . It is where the out

of sample forecast takes place. It comprises t = T2 + 1, . . . , T and has P = T − T2 = k3T

observations in it. Notice that k1, k2, k3 keep a fixed proportion towards T. Furthermore, we

have the following properties 0 < k1, k2, k3 < 1 and k1 + k2 + k3 = 1.

4 Empirical Application

4.1 Data

Our database is produced by the institutions market expectations system from the Brazilian

Central Bank (BCB), which may also be called The Focus Survey of forecasts. Different

financial institutions take part in this survey, such as commercial banks, consulting firms,

asset management firms and non-financial institutions. These institutions provide daily fore-

casts for different economic indexes, such as the economy’s interest rate, the exchange rate

and the inflation rate. The supplied forecasts have different horizons, going up to 18 months

ahead. Another important feature of this survey is that its participants are allowed to leave

and new participants may join, which implies our database is an unbalanced panel.

The focus of this work is on Brazilian inflation - the IPCA, which is the official index for

Brazilian inflation. Hence, we have to check if this variable presents the properties, which

the EBCAF model demands. Below, there is a graph for inflation, going from January, 2004

to December, 2018. Running the usual unit roots tests4, we reject for all of them the null

hypothesis that the target variable presents a unit root. Then, we can say that it is weakly

stationary, so that the EBCAF may be applied.

4The tests we make are the Dickey Fuller, the Augmented Dickey Fuller and the Phillips Perron tests.
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Figure 3: Brazilian Inflation

Our sample of the Focus Survey for IPCA covers daily inflation forecasts collected from

January 2nd, 2004 until December 28th, 2018. Every day the participants, i = 1, . . . , N ,

might inform their inflation forecasts for the current and following months. Indeed, almost

daily, there are institutions updating their predictions for different horizons. This is made

evident by the fact that for this time period (2004 − 2018), we have 3, 712 daily entrances

in our database and around 3, 760 working days.

As stated in the introduction, one of this paper objectives is to provide evidence of dif-

ferences in forecast accuracy between participant groups. Hence, we classify the participants

as updaters and non updaters. The updaters are those who provide updates in their forecasts

at the contest day, while non updaters are those who provided their forecasts before the con-

test day. Furthermore, we are concerned in differentiating these groups only in the shortest

of forecast horizons. This means that we will be considering only the inflation forecasting

for the current months. For example, the observations in June of 2010 we will take into

consideration are only the predictions for June inflation. Thus, we drop the observations

with forecast horizons longer than the current month.

Our sample has T = 180 months. Every month, we create a window of eight working

days, which contains the contest day and the seven working days before it. The updaters

are those who place a forecast in the contest day. Notice, however, that we do not have 180

observations for each horizon, because the forecast horizon of each month is the number of
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working days between the date of the forecast and the release of the official IPCA for the

month in question. Below there is a graph and a table showing us the number of institutions

participating in the survey and its average, respectively. The blue line depicts all the institu-

tions in the database, of which the Updaters and the participants in the eight days window

make part. The orange line displays the number of participants in the eight days window.

Notice that the updaters are included in this group. Last, the Updaters are depicted by the

green line. It is possible to notice an increase in the number of participants from 2004 to

2018. Around 50% of the institutions are updaters and 85% place their forecasts in the 8

days window.

(a) Number of participants by category and month

(b) Group average

Figure 4: Institutions participating per month by group

To implement the out of sample forecasting exercise, we do not need to estimate the

parameters for the individual prediction models. We only need to estimate the values for

kh and βh for every h. For this reason, we divide our sample into two time sub-periods, the

regression and the prediction sample. Then, we have t = 1, . . . , T2, . . . , T
5, where R = T2

and P = T − T2. We choose T2 = 96 and P = 84, which means that we estimate our

econometric parameters using only the observations going from 2004 to 2011 and to run our

out of sample forecasting exercise, we use the observations from 2012 to 2018.

The estimated parameters
ˆ
kh and

ˆ
βh are generated by equation (9). Notice that, the equa-

tion requires a set of instruments, which consists of lagged values of inflation, πt, and of

5To be consistent with the notation introduced in section 3, we make T1 = 0, since we do not need the
estimation sample. So, we divide our sample into two groups given by 1, . . . , T2 and T2 + 1, . . . , 180.
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interest rates, it (IPCA and SELIC lagged values, respectively). The interest rates instru-

ments are transformed by the first differences of logs. More specifically, the instruments

set considered by Gaglianone and Issler (2019) is given by zt−s = [1, πt−s, πt−s−1, πt−s−4,

∆ ln it−s−1,∆ ln it−s−4,∆ ln it−s−10]
′ with s going up to 14 months so that it can cover all the

horizons. In our case, however, we are interested only in the nowcasting, so we set s = 0. As

said before, we estimated the parameters for each horizon separately through GMM, using

equation (9) instead of its stacked version given by (10). The estimation procedure was done

using the GMM package with the ”twostep approach” in Stata software, version 16.0.

In order to evaluate different groups of forecasters in each horizon, we must calculate the

Mean Squared Error (MSE). If we had 84 observations for each horizon, the MSE would be

given by the simple formula MSEh = 1
P

∑T
t=T2+1(yt − f̂h

t )2. However, as exposed above, we

do not have 84 observations for each horizon. Taking the updaters group as example, we

only have 180 contest days from the beginning of 2004 until the end of 2018 and the dates

of the contest may vary as well as the day of IPCA release. The horizon distribution we

have for this period is given by the table below. In our estimation procedures, we discard

the 8, 9, 16 and 19 horizons, which sum up to little more than 10 observations. We also

discard the horizon h = 10, because there are no observations after 2011, which means we

are not able to calculate the MSE for this horizon. The horizon h = 15 is discarded as well,

because we only have three observations before 2012, which is far too little to estimate our

parameters.

Figure 5: Updaters Daily Horizons

The non-updaters group, however, has more observations for each horizon. This happens,

because there are non-updaters placing their forecasts in almost all the seven days before

the contest days and their horizons appear more constantly. We will describe the data for
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Non-Updaters in more detail in their specific subsection.

There is also the possibility to not observe the specific horizons, using all the observations.

Results for this scenario are also displayed in this section.

4.2 Updaters

In this section, we are going to show the estimation results for the group of forecasters that

update their prediction at the contest day. This group is called Updaters, which is the name

of this subsection. Below there is a table of the estimated parameters,
ˆ
kh and

ˆ
βh, for this

group of forecasters.

Horizon (days) kh βh P-value kh P-value βh Observations OIR P-value

11 0.1142 0.7023 0.000 0.000 25 0.3815

12 0.1025 0.7508 0.000 0.000 17 0.1384

13 0.0601 0.8627 0.002 0.000 16 0.5408

14 0.1305 0.7447 0.000 0.000 15 0.3451

All 0.0742 0.8044 0.000 0.000 96 0.7721

Table 2: Updaters Parameters

We can see from the table that all parameters are statistically significant at all the usual

levels. The column Observations shows the number of observations used to estimate the

parameters. It depicts how many times the horizon h occurs from 2004 until 2011. Also, the

J-test results presented in the last column do not reject the null hypothesis of orthogonality

between errors and instruments at any horizon h. However, for the case where the horizons

are left aside represented by the row named All, we had to take out the instrument of

one-period lagged inflation. Afterwards, we found a new OIR P-value of 0.7721.

4.3 Correcting the Non-Updaters Forecasts

In this section we are going to establish three different correction rules to update the non

updaters forecasts. Afterwards we will add the corrected forecasts to the database. Then,

we will apply again the Extended BCAF method to the group given by the union of updaters

and the corrected forecasts of the non updaters. Notice that we will have three of groups

of the union of updaters forecasts and the corrected forecasts. Each correction rule creates

one group. Finally, we observe if this sample of updaters plus corrected forecasts presents a

better result than the group of updaters alone, which mainly means observing if we find a
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MSE reduction.

Another important point of this section is that we drop the non updaters observations,

which are not their last entrance6. We do this because the last entrance of the institution

is its final prediction for the month’s IPCA. In the appendix, we run a counter-factual to

check what happens if we do not drop the outdated forecasts.

After dropping the outdated values, we correct the remaining forecasts of the non updaters

with the proposed rules. The first is to only regress the non updaters average of the month

on the updaters average. The second is to regress the forecast of every non updater on the

average of the updaters. The third and last rule is similar to the second, but here the updat-

ing parameters will be individualised, so that every firm has its own updating parameters.

The parameters are given by α and β. Below, we have in order the first, second and third

correction rules proposed:

fn
t = α + βfu

t + εt (13)

fn
i,t = α + βfu

t + εt (14)

fn
i,t = αi + βifu

t + εt (15)

where fn
i,t is the last forecast given by the i − th non updater institution in month t and

fn
t is the average forecast of the non updaters in month t. Analogously, fu

t is the average

forecast of the updaters in month t. The parameters α and β will be estimated to produce

the updated values of the forecasts presented by non updaters. Finally, εt is the error term.

The correction of non updaters forecasts is done month by month after 2011. First, we

calculate the initial α and β of the updating device using the observations from 2004 until

2011. To calculate the remaining 84 doubles of α and β, we increase the sample used to

estimate them every month by one month. For example, in January of 2012, we estimate the

new α and β using all the observations going from January, 2004 until January, 2012. For

the next month α and β, we use the observations from January, 2004 until February, 2012.

This process goes on until the last α and β to be estimated using the whole sample7. The

three correction rules follow this process.

6There are institutions updating their forecasts more than one time in the window we consider to run
our analysis.

7Using all the observation going from January, 2004 until December, 2018.
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Since we have more than 100 institutions, not updating always on the Contest Day, we

do not display the values for αi and βi. For the first two cases, however, the estimated α

and β are, respectively:

Figure 6: Values of the correction parameters

The left panel refers to the regression with only the averages, therefore the number of

observations is smaller, being of 96 until December, 2011 and of 180 in December, 2018. The

panel on the right shows the values of α and β found when using the second correction rule.

Here, the number of observations goes from 1, 394 in December, 2011 to 3, 372 in December,

2018. All the estimated α and β are significant at all the usual levels.

Using the values for α and β displayed on the left panel, we obtain the results displayed

below for the Extended BCAF parameters. This group is denoted Corrected 1.

Horizon (days) kh βh P-value kh P-value βh Observations OIR P-value

11 0.1519 0.6058 0.000 0.000 25 0.3726

12 0.1267 0.6880 0.000 0.000 17 0.1217

13 0.0940 0.7721 0.000 0.000 16 0.5565

14 0.1472 0.6940 0.000 0.000 15 0.3009

All 0.1121 0.7224 0.000 0.000 96 0.7682

Table 3: Corrected 1 Parameters

Using α and β estimated by the second correction rule, we create the group corrected 2. The

results for the Extended BCAF parameters of this group are shown on the table below.
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Horizon (days) kh βh P-value kh P-value βh Observations OIR P-value

11 0.1513 0.6063 0.000 0.000 25 0.3723

12 0.1262 0.6885 0.000 0.000 17 0.1225

13 0.0933 0.7728 0.000 0.000 16 0.5559

14 0.1468 0.6943 0.000 0.000 15 0.3005

All 0.1115 0.7230 0.000 0.000 96 0.7682

Table 4: Corrected 2 Parameters

Finally, the group corrected 3 generated by correction rule number three. The one proposing

individual values for α and β. The parameters values of the Extended BCAF estimated for

this group are exhibited on the following table.

Horizon (days) kh βh P-value kh P-value βh Observations OIR P-value

11 0.1456 0.6152 0.000 0.000 25 0.3782

12 0.1184 0.6967 0.000 0.000 17 0.1600

13 0.0810 0.7890 0.000 0.000 16 0.5584

14 0.1361 0.7047 0.000 0.000 15 0.3007

All 0.1029 0.7340 0.000 0.000 96 0.8065

Table 5: Corrected 3 Parameters

Notice that for every group, the Extended BCAF parameters are all significant at all the

usual significance levels for every horizon. The Hansen (1982) overidentifying test does not

reject the null hypothesis of orthogonality between errors and instruments for every horizon

h = 11, 12, 13, 14. When we discard the horizon h, however, we had to drop the instrument

πt−1, because otherwise the J-test was rejecting the null hypothesis for every significance

level.

4.4 Non-Updaters

In this section, we estimate the parameters
ˆ
kh and

ˆ
βh for the horizons h = 11, 12, 13, 14

using only the non updater institutions in the sample. Notice, however, that there will be

more observations for every horizon of the non updaters, being h = 11 the only exception.

Here, we will also differentiate the non updaters in two groups, the first being the one with

only the last entrances and the second the one with every entrance we have in our seven-days

window before the contest day.
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The observations for the non updaters first group for each horizon are shown in the fig-

ure below, whereas the estimated parameters, with its p-values are on the following table.

Figure 7: Non Updaters 1 Daily Horizons

Horizon (days) kh βh P-value kh P-value βh Observations OIR P-value

11 0.0435 0.8384 0.061 0.000 17 0.2181

12 0.1107 0.6933 0.000 0.000 40 0.3175

13 0.1146 0.7049 0.000 0.000 57 0.4388

14 0.1499 0.6329 0.000 0.000 71 0.7257

All 0.1326 0.6701 0.000 0.000 540 0.3083

Table 6: Non Updaters 1 Parameters

We can observe that the only parameter that is not significant in all levels is k11. The J-test

also does not reject the null hypothesis in every case. Here, we also did not use the πt−1

instrument in the case where the daily horizons are not taken into consideration.

The second group of non updaters presents more observations, since it counts every en-

trance of each institution. The following figure shows us this feature.
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Figure 8: Non Updaters 2 Daily Horizons

Horizon (days) kh βh P-value kh P-value βh Observations OIR P-value

11 0.0274 0.8691 0.321 0.000 17 0.4858

12 0.1114 0.7138 0.000 0.000 42 0.2609

13 0.1044 0.7273 0.000 0.000 59 0.7578

14 0.1193 0.7087 0.000 0.000 75 0.6317

All 0.129 0.6871 0.000 0.000 96 0.2012

Table 7: Non Updaters 2 Parameters

It is possible to observe then, that the only parameter to be statistically insignificant is

k11. Again, the overidentification J-test does not reject the null hypothesis of orthogonality

between errors and instruments. However, we also had to remove the instrument πt−1 for

the case without horizon distinction.

4.5 MSE Comparison and Diebold-Mariano Tests

In this section, we use the estimated Extended BCAF parameters of each group to calculate

their out of sample mean squared errors. Then, we compare the MSEs of different forecast-

ing groups and run Diebold-Mariano8 tests to rule out the null hypothesis of no statistical

difference between groups of forecasters. More specifically, we test the updaters group errors

against the corrected9 groups errors for each correction method. Notice that the technique

demands the same number of errors and the same horizon, so that we can not test against

8Notice also that we do not have a nested model, since by definition a model is nested in another if
the second presents all parameters from the first and an additional one. Here the same model is used with
different samples.

9The corrected groups are given by the union of the updaters forecasts and the corrected forecast using
the specific correction rule.
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the non updaters.

In the next page, we display two panels side by side showing the MSEs of each group.

On the right panel, we can see that the updaters group beat the others in almost every

horizon, being h = 14 the only exception. In this horizon the group denoted corrected 3,

which is given by the union of the updaters forecasts and the corrected forecasts using the

correction rule 3, beats the updaters improving the result in 4%. Also, we can see that the

corrected groups forecasts do better than the non updaters10 for every horizon too. On the

graph we can not observe a difference between the groups with the correction methods 1 and

2. As should be expected since the values of α and β estimated by both methods are almost

equal. The third correction method improved a little the result in the MSE sense. Another

interesting result is that when we use all non updaters forecasts for inflation instead of only

the last entrance, the result is considerably better.

On the left panel a comparison for the case in which we do not consider the horizons is

made. The graph shows the liquid difference in the MSE sense between the group ”x” and

the updaters. Since all the values are positive, we have that the updaters group beats all the

other groups. The one that looses by the fewest is the corrected 3, given by the union of the

updaters forecasts and the corrected forecast using the third rule. Again, we find that the

corrected groups do better than the non updaters and that the corrected 1 and corrected 2

groups have almost the same result. We also find that the group of non updaters which uses

all the entrances does better than the one with only the last entrance.

10There is no MSE of the non updaters for h = 11, because there are not enough observations to calculate
their MSEs.
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Figure 9: MSE Comparison

(a) With daily horizons

(b) Without daily horizons

The difference between the non updaters groups raises a question. Since the non updaters

with all the observations, given by non updaters 2, do better than the non updaters with

only their last forecast, the other groups results may also be improved if all the forecast were

used. We find, however, that the results do not improve. Instead, they deteriorate. In the

appendix, the graphs for this scenario are displayed.

Horizon (days) Updaters Corrected 1 Corrected 2 Corrected 3

11 0.0248 0.03541**11 0.03538** 0.03372**

12 0.0178 0.01983 0.01983 0.01925

13 0.01224 0.01419 0.0142 0.01311

14 0.01645 0.01679 0.01677 0.0158

All 0.01378 0.01649***12 0.0165*** 0.01562***

Table 8: Diebold Mariano tests results

Now, on the table above the results for the Diebold Mariano tests are presented. Since the

tests are taken two by two, here we only present the comparison between the updaters against

the corrected ”x”, where x = 1, 2, 3, group. The MSE values with the asterisk indicate that

the null hypothesis of equal accuracy was rejected.

12H0 rejected at significance levels 0.05 and 0.1.
12H0 rejected at all significance levels.
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We are able to observe that the updaters group is statistically better at forecasting inflation

for the horizon h = 11. In this case, the null hypothesis was rejected at significance levels

0.1 and 0.05. For the other horizons, h = 12, 13, 14, though, H0 was not rejected for any

significance level. We can also observe that when we take no regard for the horizon and use

all observations, the group of updaters does statistically better than the corrected groups.

The null hypothesis is rejected for all the usual significance levels. It is worth noticing that

the Diebold Mariano test tends to reject the null hypothesis when we have small samples as

is the case of the horizon h = 1113. However, when we do not discriminate by horizon, our

out of sample forecasting error goes to 84, what is a reasonable amount of observations.

4.6 Discussion

As stated above the Focus Survey database is an unbalanced panel, since participants of

the survey may come and go. The changing composition of the survey may create problems

when aggregating. In Engelberg et al. (2011), the authors study participants variation in the

Survey of Professional Forecasters (SPF) run by the Federal Reserve Bank of Philadelphia.

They point out that it was normal for participants to drop out. Another important feature

they indicate is that individual forecasts where biased and presented persistence, in the sense

of panel members who expected high inflation in one survey would tend to expect high in-

flation in other surveys. That is, the heterogeneity they observe in the SPF forecasts would

be caused by permanent differences between participant institutions. Thus, it is argued that

to use the consensus of forecasts in a missing data context would not be advisable.

Capistrán and Timmermann (2009) also consider the missing data problem. They seek

to recursively select or combine survey forecasts in order to overcome this adversity. They

also suggest using the Expectation Maximization (EM) method (Watson and Engle, 1983) to

backfill the missing observations. Monte Carlo experiments are run in an unbalanced panel

context showing us that the EM algorithm achieves an improvement in results, as well as the

Bias Adjusted Method and the Model Selection Method (SIC). The former method arises

from the evidence that individual forecasts are biased, what makes probable that the equal

weighted average of forecasts, Y t+h|t
14, is also biased. They propose a simple bias correction

device given by Ỹ t+h|t = α + βY t+h|t. The SIC method follows Swanson and Zeng (2001)

and uses the Schwarz Information Criterion, Schwarz (1978), to select between the simple

average weighted and biased adjusted equal-weighted average forecasting methods.

13We have only 15 observations of the out of sample forecasting errors.
14The same notation from Capistrán and Timmermann (2009) is used here.
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The same methods also achieve the best performances in the empirical exercise displayed

in Capistrán and Timmermann (2009). Notice that our econometric setup also provides a

bias adjustment method and that the SIC chooses between the simple average and the bias

adjusted forecast. Therefore, an interesting extension of this work would be to deal with the

unbalanced panel problem, seeking to apply the EM method to backfill the missing data of

the individual forecasters.

5 Conclusion

This paper proposes two objectives. First, to observe if the forecasters of the Focus Survey

classified as updaters can achieve a better performance in forecasting the Brazilian infla-

tion rate than the forecasters classified as non updaters. Second, to implement correction

rules in order to update the forecasts of the non updaters. Three such rules are proposed.

With the purpose of answering such questions we apply the Extended BCAF method sug-

gested by Gaglianone et al. (2019) on the Focus Survey of Forecasters managed by the

BCB database. To evaluate the different forecasting groups, we calculate their MSE and run

Diebold-Mariano tests.

To calculate the Extended BCAF parameters and the MSEs, we divided our sample of

T = 180 months, going from January, 2004 until December, 2018, in two. The first part,

t = 1, . . . , T2, with T2 = 9615 was used to calculate the parameters. The second part,

t = T2 + 1, . . . , 18016, was used to calculate the MSEs. Even though we have 96 and 84

observations to calculate the parameters and the MSEs, respectively, when we consider daily

horizons, we have considerably less observations for each horizon.

The answer to the first question was positive. Indeed, the updaters are considerably better

in forecasting inflation than the non updaters in all horizons and also in the case where the

horizons are disregarded. We find that their MSE is around 50% less than the non updaters

1 group and around 30% less than the non updaters 2 group.

The correction of those forecasts when united to the original updaters forecasts represents

the group denoted corrected ”x”. X shows the correction rule used. The corrected groups

15This means the paramenters are estimated using only the observations from January, 2004 until Decem-
ber, 2011.

16The MSEs are calculated using the observations from January, 2012 until December, 2018.
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do not present a better result in forecasting inflation than the group of updaters alone in

almost all cases. The only exception is the corrected group 3 with the horizon h = 14. The

Diebold Mariano tests results find that the only horizon for which the null hypothesis is

rejected is h = 11. The errors are also found to be statistically different for the case without

daily horizons discrimination.

This work has answered two questions in an unbalanced panel context. The bias correction

method here proposed is a good approach to the missing data problem. Another interesting

approach would be the application of the EM algorithm. An extension of this work should

go on in this direction.
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7 Appendix

Here we show the results when we consider all entrances of each institution observed in the

seven days window, instead of only the last. Below there is the graph showing how using

all observations changed the results. We can see that the new groups of corrected forecasts

do worse than the original groups of corrected forecasts. On the left panel, there is the

comparison of the corrected 1 and 2, the original corrected groups, versus corrected 2.1 and

2.2, which are the new corrected groups. It is possible to observe that the original groups

do better in all horizons. In figure (b), the same result is found for corrected group 3.

(a) New Corrected Group 1,2 Vs. Original 1,2 (b) New Corrected Group 3 Vs. Original 3

(c) Updaters Vs. New Corrected Groups (d) ∆ MSE = MSE Group ”x” - MSE Upd

In figure (c), it is shown that the updaters are still the best group to forecast inflation.

They lose again at h = 14 horizon against the new corrected group 2.3, but now it is by a

smaller difference. In graph (d), it is shown that not considering daily horizons, the original

corrected groups are still better independent of the correction rule.
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We also run the Diebold-Mariano Tests for these horizons and we see that for the horizon

h = 12, 13, 14, the updaters are again not statistically better in forecasting than the cor-

rected groups. For the horizon h = 11, we reject the null st the significance levels 0.05 and

0.1. When we do not discriminate by the daily horizons, we reject the null at all significance

levels.

Horizon (days) Updaters Corrected 2.1 Corrected 2.2 Corrected 2.3

11 0.0248 0.0378** 0.0379** 0.0367**

12 0.0178 0.0218 0.0218 0.0214

13 0.0122 0.0148 0.0148 0.0139

14 0.0164 0.0172 0.0172 0.0163

All 0.0138 0.0173* 0.0174* 0.0166*
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