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Resumo
No geral, podemos prever a taxa de inflação de maneira ótima usando modelos simples de
séries de tempo ou um modelo de Curva de Phillips. Todavia, à medida que as pessoas
passam a consumir mais online, a “inflação online” acaba se tornando um bom preditor
da inflação oficial. Preços online podem ser coletados em frequências mais altas do que
a frequência em que a inflação oficial é divulgada, então podemos usar a inflação online
contemporânea para prever a variação dos preços offline. Neste trabalho, utilizamos uma
abordagem de frequências mistas (modelos MIDAS) para prever a inflação brasileira,
divulgada mensalmente, a partir da variação de preços coletados diariamente via web
scrapping. Ao não agregar a inflação online para a frequência da inflação oficial, obtemos
previsões superiores àquelas produzidas pelos benchmarks de frequência única (ARIMA,
VAR e Bridge Equation), pelo menos para o curto prazo. Os resultados são melhores em
períodos de inflação estável e robustos à mudanças no tamanho da amostra, no horizonte
de previsão, na origem dos dados, nos benchmarks e na avaliação das previsões.

Palavras-chave: inflação. previsão. MIDAS. preços online.



Abstract
Usually, inflation is optimally forecasted using simple time series models or a Phillips’
curve process. However, as more people become online shoppers, “online inflation” turns
out to be a good predictor of official inflation too. Online prices can be obtained at a higher
frequency than inflation is released, so we can use contemporaneous online inflation to
forecast offline price variation. In this work, we propose forecasting Brazilian inflation rate,
released at monthly basis, using web-scrapped daily prices in a mixed-frequency approach
(MIDAS models). By not aggregating online inflation to match official inflation frequency,
we obtain better forecasts than the single frequency benchmarks (ARIMA, VAR, and
Bridge Equation), at least for the short term. The results are improved in periods of stable
inflation and robust to changes in the sample size, in the forecast horizon, in the data
origin, in the benchmarks, and in the forecasts evaluation.

Keywords: inflation. forecasting. MIDAS. online prices.
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Introduction

When modelling economic relationships it is not rare to encounter data sampled at
different frequencies, so that we cannot apply the usual econometric models. The naive
approach simply averages high frequency observations to obtain an aggregated predictor of
the dependent variable, but this might entail a loss of information. Besides that, temporal
aggregation modifies the data generating process, implying that the dynamics of the
aggregate model can be rather different from that in high frequency. Instead of aggregating
high frequency data to match low frequency one, Ghysels et al. (2004) suggest a convenient
and elegant parametric approach to deal with the problem of mixed frequency data
sampling, they call it MIDAS (MIxed DAta Sampling) regression.

Briefly, MIDAS regression models involve processes in which the dependent variable
is observed at a lower frequency than the explanatory ones. Most of the empirical studies on
mixed-frequency data sampling use MIDAS regressions in the context of GDP forecasting,
with quarterly and monthly frequencies. MIDAS models using daily information are usually
related to volatility forecasting. This dissertation applies the methodology introduced by
Ghysels et al. (2004) to forecast Brazilian annual inflation rate, sampled at monthly basis,
using online daily prices as inputs.

Due to its strong persistence and usual structural instability, inflation is overall
a hard-to-forecast economic variable, but knowing the future behavior of it is crucial for
countries that had hyperinflation experiences, such as Brazil. There is extensive research
on the components and determinants of Brazilian inflation, in particular on the Philips
curve, but not so many studies exploiting online information. Using data from October,
2008 to July, 2015, this dissertation employs different specifications of MIDAS regressions
to assess whether online prices sampled at daily basis are an effective tool for improving
the accuracy of inflation forecasts comparative to naive models, such as ARIMA, VAR,
and Bridge Equations.

The results suggest that the MIDAS model including an autorregressive term, the
online prices annual variation, and the annual return of a stock index can produce better
forecasts than the naive benchmarks, at least in the short run. These results go against
the previous findings on the inflation forecasting literature, which suggest that simple time
series models show better predictive performance than any complex dynamic model (see
Stock and Watson (2006a)).

The rest of this dissertation is organised as follows. Chapter 1 presents a brief review
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on the use of mixed frequency data sampling and inflation forecasting in Brazil. Chapter 2
describes the evolution of Brazilian annual inflation rate after the hyperinflation period.
Chapter 3 analyzes the development of online shopping in Brazil and enumerates the
advantages of using online prices. Chapter 4 lays out the empirical strategy by presenting
the main equations of each model used in this dissertation. Chapter 5 describes data and
methodology used in the empirical analysis. Chapter 6 presents and discusses the results.
Chapter 7 checks results’ robustness. Chapter 8 concludes.
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1 Literature Review and Contribution of this
Dissertation

Forecasting time series has always been an important research focus due to its
applicability in many different areas such as stock markets, business, and weather, for
example. More recently, “nowcasting” (instead of “forecasting”) has become particularly
relevant for the macroeconomic variables that are overall collected at a low frequency
and released with substantial lag. In this case, to obtain “early estimates” of such key
indicators, researchers use information from some other data related to the target variable
but collected at a higher frequency and released in a more timely manner (Banbura et al.
(2010)).

The first simple model used to deal with mixed frequency data sampling is the
so-called “Bridge Equations” in which the lower frequency (say quarterly) variable is
regressed against higher frequency (say monthly) indicators preliminarily aggregated at
the lower frequency (see Baffigi et al. (2004), Barhoumi et al. (2011), Hahn and Skudelny
(2008), and Diron (2008)). These very simple models are still widely used because (i) a
small set of indicators appropriately chosen guarantees a good forecasting performance,
(ii) forecasts based on linear equations are simple to explain to decision makers, and (iii)
evaluating forecast errors is easy in a linear context. On the other hand, bridge models rely
on a very parsimonious information set, which might lead to omitted relevant variables
and may produce misleading results.

The increased accessibility of high frequency data resulted in greater attempts to
employ variables observed at different sampling for economic forecasting. Ghysels et al.
(2004) propose a more convenient and elegant solution to forecast a low frequency variable
using high frequency predictors. The MIxed DAta Sampling (MIDAS) regressions are a
parametric approach that uses one single equation (just like bridge models), but does not
require any frequency conversion since it involves parsimonious distributed lag polynomials
for the high frequency variable, implying that more distant lags can be included with
no needs of auxiliary equations. The parameters, in this case, depend on the forecast
horizon and on the pattern of data availability. The first MIDAS models involved stationary
processes, but nowadays there are extended versions to non-stationary series (see Hecq
et al. (2012)).

The MIDAS approach has some advantages over the “Bridge” approach. Schumacher
(2016) compares MIDAS regressions with Bridge Equations and identify three main
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differences between the two approaches: (i) MIDAS is a direct multi-step nowcasting tool,
whereas Bridge Equations rely on iterated forecasts, (ii) the weighting of high-frequency
observations in MIDAS is based on lag polynomials, whereas the Bridge Equation weights
partly depend on time aggregation, and (iii) MIDAS regressions consider observations of
the explanatory variables in the current low-frequency period, whereas Bridge Equations
typically do not. There have been important empirical applications of MIDAS regressions,
such as Ghysels et al. (2005, 2006, 2007) and Alper et al. (2008). Overall, MIDAS regressions
are used to forecast quarterly output using monthly leading indicators, daily volatility
using intraday prices, and, less often, monthly inflation using daily prices.

In the output forecasting literature, Clements and Galvão (2008) and Clements and
Galvão (2009) use MIDAS regressions to forecast real output growth in the United States
and observe a significant improvement in predictive power, compared to other approaches.
Kuzin et al. (2011), in turn, forecast euro-area quarterly GDP using monthly series. They
compare the performance of an AR-MIDAS to a mixed-frequency VAR (MF-VAR) and
find that the AR-MIDAS tends to perform better near one-quarter horizons, whereas the
VAR model performs better near to three-quarter horizons. The main advantage of using a
MIDAS model instead of a VAR model is that the first restrict the number of parameters,
whereas the second suffer from the curse of dimensionality.

Alternatively, Ghysels et al. (2006) forecast stock market volatility using daily
and intra-daily data and observe that MIDAS models outperform linear forecast models
involving daily realized volatility, in- and out-of-sample. Alper et al. (2012), in turn, use
daily stock returns to forecast weekly volatility and find that univariate MIDAS model
presents a statistically better forecasting precision for volatility during 2008’s financial
crisis, but cannot produce superior forecasts during more tranquil periods. Other examples
on the use of MIDAS regression for volatility forecasting include Forsberg and Ghysels
(2007) and Leon et al. (2007).

Finally, Breitung and Roling (2015) forecast German monthly inflation rates using
daily data in a nonparametric MIDAS framework and find that the commodity price index
is a useful predictor of inflation 20 to 30 days ahead. More recently, Libonatti (2018)
evaluates the predictive potential of a daily price index based on online prices, using
data for Argentina. He observes that different classes of MIDAS models produce a slight
boost in out-of-sample predictive performance at immediate horizons when compared to
benchmark naive models and estimators, but does not present any robustness analysis.

Inflation forecasting plays a crucial role in the formulation of monetary policy and
it is a key task for either the monetary authority and private agents trying to understand
Central Bank’s behaviour. Most forecasters use methods such as the Phillips curve and
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vector autoregressions with few predictors to forecast inflation rate (see Stock and Watson
(1999), Atkeson and Ohanian (2001), and Fisher et al. (2002)). There are also studies using
data-driven methods instead, which exploit large datasets and refined computational tools
to predict inflation. Many authors have been looking for an individual variable that would
be able to provide consistent forecasts of inflation, but most of them have been unsuccessful.
In fact, the literature on inflation forecasting is very extensive and there is considerable
evidence that good univariate benchmark models have a better predictive performance
than any complex inflation forecasting model (see Stock and Watson (2006b)). However,
there are not many studies using online information as models’ inputs, in particular for
emerging markets.

In the Brazilian literature, Arruda et al. (2011) compare the forecasts of Brazilian
monthly inflation rate produced by different linear and nonlinear time series and a Phillips’
curve process, and observe that the VAR model including inflation and interest rates had
the best predictive performance among linear models, but in general nonlinear models
produced better forecasts. Carlo and Marçal (2016) compare the forecast performance
of different methodologies applied to Brazilian consumer inflation over 12 months ahead
and observe that the disaggregated analysis of price indices can generate more accurate
forecasts, in particular for shorter forecast horizons. That is, instead of forecasting the
main variable, each of its subcompenents is forecasted individually and lately reaggregated.
Finally, Figueiredo (2010) uses a large dataset from the Central Bank of Brazil to forecast
the Brazilian Inflation through factor models and obtain some good results.

The relevance of this dissertation to the existent literature is on the use of an online
daily price index to forecast Brazilian annual inflation in the framework of mixed-frequency
data sampling models. Following a recent global movement, Brazilian supermarkets have
been expanding their online sales and setting online prices very similar to the offline ones
(Cavallo (2017)). Therefore, online prices might be a good predictor of official inflation.
Using the mixed-frequency approach proposed by Ghysels et al. (2004) we can fully
exploit daily prices’ variation and possibly improve the forecasting performance upon
single-frequency models.
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2 Brazilian Inflation

Inflation is one of the most relevant macroeconomic indicators for Brazilian policy
makers, specially due to country’s hyperinflation experience during 80s and 90s. In 1994,
with the implementation of the Plano Real, the period of hyperinflation was finally over,
and in 1999 the Brazilian government started pursuing low inflation through an inflation-
targeting regime. As we can observe in Figure 1, from 2000 to 2009 the Brazilian annual
inflation was an heterogeneous process. In the early 2000s it experienced a slight decrease
and remained around 7% until the third quarter of 2002, when it started to rise again.
On May, 2003, annual inflation reached 17% and then started a sharp decreasing process.
From 2005 to the beginning of 2007, there was another accelerated decrease. After that,
Brazilian annual inflation returned to the 4%-5% level and oscillated around it until 2015,
when there was another rising moment. From 2016 onwards, the country faced an economic
and political crisis, leading inflation to very low levels.

Figure 1 – Brazilian Annual Inflation - IPCA

There are multiple price indexes in Brazil and each of them is used for a particular
purpose. The Extended National Consumer Price Index (portuguese: Índice de Preços ao
Consumidor Amplo, IPCA) is the reference for the Brazilian inflation-targeting system,
it is released at monthly basis by the Brazilian Institute of Geography and Statistics
(portuguese: Instituto Brasileiro de Geografia e Estatística, IBGE). IPCA considers families
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with household income ranging from 1 to 40 minimum wages, which represents 90% coverage
of families living in the largest geographic zones. Its basket items include: food and
beverages, housing, household articles wearing apparel, transportation, health and personal
care, personal expenses, education and communication. IPCA is the most important price
index in Brazil, but there are other relevant indexes such as INPC1, IPC-Fipe2, and IGP3.

Each financial institution calculates its own inflation forecasts using some dynamic
model. The Central Bank of Brazil releases every Monday a report, known as Focus
Bulletin (portuguese: Boletim Focus), containing the average forecasts produced by the
market players, such as banks and other financial institutions, for the main macroeconomic
indicators. These forecasts indicate market’s expectations towards future inflation (and
other macroeconomic factors).

1 INPC is also released by IBGE and it “aims at the correction of the purchasing power of salaries by
means of the measurement of price changes in the basket of the lowest-income salaried population”
(source: Central Bank of Brazil).

2 IPC-Fipe is released by the Institute of Economic Research Foundation and it is encompass the families
living in the city of Sao Paulo with an income range between 1 and 10 minimum wages.

3 IGP is released by the Brazilian Institute of Economics of the Getulio Vargas Foundation (FGV/IBRE)
and it is the arithmetic weighted average of three different price indexes: Wholesale Price Index (IPA),
Consumer Price Index (IPC), and National Construction Cost Index (INCC).
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3 Why Using Online Prices?

This chapter outlines the evolution of online shopping in Brazil, the main advan-
tages of using online information to measure inflation and how online prices might be
representative of the true offline prices.

3.0.1 Online Shopping in Brazil

Initially, e-commerce in Brazil was restricted to imported goods, but with the
advances in legislation and the development of electronic payment, national retailers
started selling online too. Consumers’ habits have also changed drastically in the last
years. Overall, people search for convenience, speed and ease when shopping online, and,
as consequence of that, retailers have been improving their online operations, developing
apps and investing in integrated online and offline sales systems. In 2019, supermarkets
represented around 50% of the biggest retailers in Brazil, but only 18 of them had online
operations. That is, even though the supermarket sector is the one of most importance
among Brazilian retailers, it is also the one where e-commerce is still little relevant.

Figure 2 – Google Trends - Relative Interest in Online Supermarkets
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According to the Tetra Pak Index 20181, online sales represented 0.2% of supermar-
kets’ sales revenues in Brazil. In the United States (U.S), this share is around 2%. In fact,
Brazil is classified as a country still resistant to the online supermarket, specially because
great part of consumers find it difficult to buy perishable products online, such as food
and beverages. However, this scenario has been changing fast since the beginning of 2020,
due to the COVID-19 pandemic. The new coronavirus has changed the way consumers use
online services, and these new consuming patterns might be present in the “world after
the pandemic” as well. Figure 2 shows the sharp increase in Google searches2 for “online
supermarket” (portuguese: supermercado online), by Brazilian users, when quarantine was
established in March, 2020.

Indeed, according to the MasterCard Spending Pulse 20203, in Brazil online sales
increased on average 48% from March to May 2020 in comparison to the same period in
2019. In particular, in May online sales increased 75%. This phenomenon is closely related
to the government recommendations of social distancing in most of Brazilian cities that
forced people to stay at home and find shopping alternatives.

Following this new tendency, Brazilian retailers have been focusing on selling
“recurrent goods” online (rather than durable goods), that is, products that people have
to purchase on a more frequent basis, say monthly, such as food and hygiene products.
In fact, these kind of goods are responsible for a great amount of Brazilian inflation’s
variation. So, once these products can be easily found online, their online prices become
an accurate source of information on official inflation.

3.0.2 Advantages of Using Online Prices

As supermarkets improve their online operations, online prices become a more
reliable source of data to measure inflation. In fact, there are many advantages from using
web scraping to measure inflation. First, the low cost per observation. Even though it
is not costless, it is cheaper to use robots to collect prices online than to hire people to
visit physical stores and register offline prices. Second, online prices are available at a high
frequency, daily collected for example, avoiding the use time averages and thus reducing

1 The Tetra Pak Index is an annual report, identifying consumer trends driving new growth opportunities
for our customers around the world. The data is collected from a variety of Tetra Pak and external
sources and analysed by Tetra Pak market experts for the report.

2 “The numbers represent the search interest relative to the highest point on the chart for the selected
region and time. A value of 100 is the peak popularity of the term, whilst a value of 50 means that the
term is half as popular.” (source: Google Trends)

3 “The Mastercard Spending Pulse is a macroeconomic indicator that reports on national retail spending
and performance” (source: MasterCard’s official website)
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errors in the data. Third, online data can be collected remotely. This is particular useful in
situations like the one experience during the COVID-19 pandemic when IBGE’s physical
collection was limited. Fourth, while physical collection accounts only for the products in
the current basket of goods, web scrapping collects data for all products, so we can have
the whole history of individual goods.

Another important characteristic of online datasets is that it is easily comparable
across countries since prices can be collected with similar methods on matching categories
and time periods. Besides that, online data are available in almost real time, which is
particularly useful for policymakers and in research applications. Overall, online prices
tend to become a more robust measure for inflation than offline prices as people go more
online to buy basic supplies. Also, online prices seem to react faster to shocks and then
anticipate them in official inflation. This can be explained by the lower costs of adjustment,
the more intense competition among online sellers and the fact that that online consumers
seem to be less sensitive to price changes.

Cavallo (2017) conducts a large-scale comparison of prices simultaneously collected
from websites and physical stores of large multi-channel retailers in different countries
and observes that online and offline prices are identical in most of cases. So, using online
prices is not only cheaper and efficient, but also reliable and representative of real price
movements. On the other hand, online prices currently cover a small and limited set of
retailers when compared to the official offline survey, and they do not account for the
prices of most services.

In response to the new evidence on the advantages of using online prices, in 2017
the FGV’s Brazilian Institute of Economics (IBRE) proposed an alternative price index
based on online prices, the so-called IPC-W. The methodology of IPC-W is the following.
A list of websites is previously approved by the team, and once a day all the available prices
in these websites are collected. The calculated inflation would represent the percentage
monthly variation of prices. However, IPC-W has not been fully implemented yet since it
requires heavy computational investment and depends on the reliability of online data as
good measures of official inflation, which is shown in this dissertation to be the case.
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4 Empirical Strategy

This chapter details the models used in the empirical analysis. First, we describe
the main equations of MIDAS models and possible extensions, then we present the relevant
equations of four single-frequency models used as benchmarks - AR(1), ARIMA(1,1,0),
VAR(1) and the Bridge Equation - also called “naive models”.

4.0.1 Mi(xed) Da(ta) S(ampling) Regression

4.0.1.1 Estimation

MIDAS regression models propose a data-driven approach to link the high-frequency
variables into lower-frequency predictors. It is closely related to the Autoregressive Dis-
tributed Lag (ADL) Model, but in this case the dependent variable is sampled at a given
frequency and regressed on a distributed lag of variables sampled at a higher frequency.
Initially, consider the following stylized distributed lag model for inflation πt:

ApLqπt “ c` ZpLqxt ` εt (4.1)

where ApLq “
řpmax

p“0 αpL
p is the autoregressive polynomial operator of length pmax,

ZpLq “
řlmax

l“0 ζlL
l is the lag polynomial operator of length lmax on some regressor x, and

εt is the error term. Suppose tπt, t P Zu is sampled at some frequency and let txpmqt , t P Zu
be sampled m times faster. That is, if the πt refers to a monthly series and xpmqt is sampled
daily, then m P t28, 29, 30, 31u. Using this notation, the simplest MIDAS regression can be
written as

ApLqπt “ c`BpL1{m
qx
pmq
t ` εt (4.2)

where BpL1{mq “
řjmax

j“0 βjL
j{m is a polynomial of length jmax (assumed to be finite) in

the L1{m operator, and Lj{mxpmqt “ x
pmq
t´j{m, That is, Lj{m produces the value of xpmqt lagged

by j{m periods. The monthly/daily example would imply that the above equation is a
projection of monthly πt onto daily xpmqt using up to jmax daily lags.

Equation 4.2 can be estimated in the usual time series regression approach or using
a Bayesian methodology. To provide a clearer perspective, it is useful to introduce matrix
notation. Fix m “ 28, pmax “ 1, jmax “ 10, and t “ 1, ..., n. In this case, we can rewrite
Equation 4.2 using matrix notation as
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»

—

—

–

π2
...
πn

fi

ffi

ffi

fl

“ c`

»

—

—

–

π1
...

πn´1

fi

ffi

ffi

fl

α1 `

»

—

—

–

x56 . . . x46
... . . .

...
x28n . . . x28n´10

fi

ffi

ffi

fl

»

—

—

–

β0
...
β10

fi

ffi

ffi

fl

`

»

—

—

–

ε2
...
εn

fi

ffi

ffi

fl

(4.3)

By writing Equation 4.2 in matrix notation we are able to transform the high
frequency variable xτ into a low-frequency vector px28t, ..., x28t´10q

T . This transformation
is called frequency alignment and, in this case, it requires that the number of observations
of xτ is equal to 28n. Observe that, we can also include another daily independent variable,
say zτ , as in Equation 4.4, but the frequency alignment procedure does not require z to be
of the same frequency as x.

»

—

—

–

π2
...
πn

fi

ffi

ffi

fl

“ c`

»

—

—

–

π1
...

πn´1

fi

ffi

ffi

fl

α1 `

»

—

—

–

x56 . . . x46
... . . .

...
x28n . . . x28n´10

fi

ffi

ffi

fl

»

—

—

–

β0
...
β10

fi

ffi

ffi

fl

`

»

—

—

–

z56 . . . z46
... . . .

...
z28n . . . z28n´10

fi

ffi

ffi

fl

»

—

—

–

θ0
...
θ10

fi

ffi

ffi

fl

`

»

—

—

–

ε2
...
εn

fi

ffi

ffi

fl

(4.4)

Since the unrestricted MIDAS regression does not require any constraint on the
parameters, it can be easily (and consistently) estimated via ordinary least squares (OLS).
However, a problem arises when the number of parameters d “ pmax ` jmax is too large
relative to the sample size n, which is often the case in MIDAS models. For most economic
time series, the successive lags are highly correlated (in particular for integrated series
of order 1), so the parameter proliferation might lead to multicolinearity problems and
then OLS induces poor estimates. To overcome this issue, Ghysels et al. (2004) propose a
restriction on the parameters of the high-frequency lag polynomial such that each βj is
written as a function of q hyperparameters and its subindex j. That is,

βj “ fpγ, jq, j “ 0, ..., jmax, γ “ pγ1, ..., γqq, q P N (4.5)

where the constraint function f is chosen by the researcher. This approach reduces the
number of parameters from d to q, which is assumed to be always considerably less than
the number of observations available at the lowest frequency. While Equation 4.2 is a
linear model in terms of variables, any non-linear function f will result in non-linearities
with respect to the parameters γ, in which case the model would have to be estimated
using Non-Linear Least Squares (NLS).

The constraint function determines a weighting scheme. Let fp.q “ λwppδp, sq,
where wpp.q is the weight function and λ is an impact parameter. δp is the parameter
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vector and can vary with the low-frequency the lag order p P t1, ..., pmaxu, and s P N is an
index. The aggregation weights are assumed to be non-negative and must sum up to one.

Most of MIDAS application use the exponential Almon lag (see Almon (1965))
given by Equation 4.6 as the weight function since it depends on few parameters and allows
for different shapes. Applying the Weierstrass’s Approximation Theory, we know that
any continuous function defined on a closed interval can be uniformly approximated by a
polynomial function of finite degree, K. The literature on MIDAS models usually chooses
K “ 2 and then estimates the restricted model. Observe that, since we are interested just
in models’ forecasting performance, there is no need to separately estimate the slope and
weighting scheme parameters.

ψrpδr; sq “ exp

˜

K
ÿ

j“1
δr,js

j

¸

, K P N (4.6)

Although the introduction of constrained coefficients solves the problem of pa-
rameter proliferation, it has some other implications. First, as mentioned before, the
model becomes non-linear and lacks a closed form solution, so that NLS must be used
and the solution has to be approximated by numerical optimization routines. Second, the
constraints might introduce a bias in coefficients. Luckily, due to the increase in degrees of
freedom, the parameter estimation precision and the out-of-sample prediction accuracy
offset the effects of the bias caused by misspecified constraints, when the sample size is
small relative to the number of parameters (see Ghysels et al. (2016)).

Finally, one can also use the nonparametric MIDAS approach introduced by
Breitung and Roling (2015), which may provide more reliable and flexible approximations to
the true lag distribution, in comparison to the conventional parametric MIDAS regressions.
The nonparametric approach minimizes a penalized least squares cost function and thus
imposes some degree of smoothness to the lag distribution. Breitung and Roling (2015)
forecast German monthly inflation rates using daily price indexes and approximate the
model by cubic splines.

4.0.1.2 Forecasting

MIDAS is a data-driven model mostly used as a forecasting tool. Supposing an
autorregressive polynomial of first order, the one-step ahead conditional forecasting of
πt`1, denoted by πt`1|t, is given by

πt`1|t “ c` α1πt `BpL
1{m
qxt`1 (4.7)
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This representation requires that the information on the explanatory variables
is available at t ` 1, otherwise we have to forecast xt`1,0. Assuming that xt is weakly
exogenous to πt, we can model xt as an univariate time-series process, say ARIMA. Given
an information set available up to a moment t, we can write the h-step ahead conditional
forecast as

πt`h|t “ c` α1πt`h´1|t `BpL
1{m
qxt`h (4.8)

By Equation 4.8 it is clear that the MIDAS model is a direct nowcasting tool as
long as there is available information on x up to the forecast horizon.

4.0.2 Naive Models

Rather than the MIDAS approach, the common solution in the presence of a
mixed-frequency sample is to pre-filter data so that all variables are sampled at the same
frequency. However, this process might entail a loss of useful information and result in
mis-specification. The filtering method depends on the nature of the variables, flow or
stock. Typically, it is the sum of the high-frequency variable over one low-frequency period
for flows, and the average for stocks. Another option used to aggregate data is to take the
latest available value of the high-frequency variable. In this case, one assumes that the the
information on the previous high-frequency periods is reflected in the latest value, which
is representative of the entire low-frequency period. Interpolation of the low-frequency
variable is rarely used.

In this study, we consider three single-frequency approaches as benchmarks of
MIDAS models: ARIMA, VAR, and Bridge Equation. These “naive models” are estimated
at monthly basis, using aggregated daily data when necessary.

4.0.2.1 ARIMA and VAR

Simple statistic models like ARIMA are commonly used to forecast macroeconomic
variables. Although they ignore economic theory and are poor in predicting turning points,
ARIMA models may be more helpful and accurate than a model based on theoretical
relationships. In fact, ARIMA models are relatively robust in generating short term
forecasts. In the context of inflation forecasting, the ARIMA(p,d,q) model to be estimated
is given by

φpLq∆dπt “ ψpLqνt (4.9)

where πt is the inflation for month t P 1, 2, ..., T , ∆d “ p1 ´ Lqd, φpLq and ψpLq are
polynomials in the lag operator of order p and q, respectively. Inflation πt is assumed
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to be I(d)1, and νt is a white noise. Let h P 1, 2, ... be the forecast horizon, then the
optimal forecast π̂T`h is such that π̂T`h “ EpπT`h|πT , πT´1, ..., π1q. Following Ghysels and
Marcellino (2018), define ∆dπt “ wt, so that wt is an ARMA(p,q). That is,

ωT “ φ1ωT´1 ` ...` φpωT´p ` νT ` ψ1νT´1 ´ ...´ ψqνT´q

Thus, for d “ 1, we have

π̂T`h “ ĉ` πT ` ŵT`1 ` ...` ŵT`h (4.10)

and for d “ q “ 0 we have
π̂T`h “ ĉ` φ̂πT (4.11)

Although univariate models are commonly used, most of the empirical analysis
on forecasting focus on VAR models due to its natural basis for testing conditional
predictability. In the VAR modeling technique, we consider several endogenous variables
together, and each of them is explained by its lagged values and the lagged values of the
other endogenous variables in the model. The VAR(p), with n variables, to be estimated
is the following

yt “ c` α1yt´1 ` α2yt´2 ` ...` αpyt´p ` νt (4.12)

where c is a nˆ 1 vector with all intercepts, yt is a nˆ 1 vector that includes all variables
in the model, tαi, i “ 1, 2, .., pu is a nˆ n coefficients matrix, and νt is a nˆ 1 vector of
serially uncorrelated random errors.

The optimal forecast in the Mean Square Forecasting Error (MSFE) sense for a
VAR(p) is recursively obtained as

ŷT`h “ ĉ` α1ŷT`h´1...` αpŷT`h´p (4.13)

where ŷT`h´j “ πT`h´1 for h´ j ď 0.

4.0.2.2 Bridge Equations

The use of bridge equations was one of the early econometric solutions to the
problem of mixed-frequency data (e.g. Baffigi et al. (2004)). Bridge equations are linear
regressions that link high frequency variables to low frequency ones. They are not standard
macroeconomic models because they do not rely on causal relations, instead they are
based on the statistical fact that the high-frequency indicators contain timely updated

1 In this case, πt is at most I(1). In fact, the Brazilian inflation is a I(0) process with some structural
breaks.
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information (see Ghysels and Marcellino (2018)). Recall that, in this dissertation, my goal
is to forecast annual inflation using daily prices. So the bridge model to be estimated is:

πt “ c` ωt` απt´1 ` βpLqx
L
t ` νt (4.14)

where πt is the inflation for month t P 1, 2, ..., T , c is a constant term, t is the trend
term, βpLq is the lag polynomial operator, xLt is the low-frequency regressor, that is,
online inflation daily index averaged to the monthly basis, and νt is an random error. For
simplicity, we omit any control variable here2. The parameters can be easily estimated via
OLS.

Usually, we do not have the aggregated high frequency variable xLT`1, instead
we have xHT`1´s{m, where H stands for the high-frequency variable, s is the number of
missing high-frequency observations and m is the number of high-frequency periods in one
low-frequency period. For example, we may have daily online prices only for the first half
of the 28-day month T ` 1, that is, txHT`1´1{28, ..., x

H
T`1´14{28u. We can use a univariate

time series model applied to xHt and obtain the one-step prediction formula to the high
frequency observations:

x̂HT`1|T`1´1{28 “ φ̂pL1{28
qxHT`1´1{28 (4.15)

where φ̂p.q is a polynomial lag operator. Observe that, in this case, we have to predict
the high frequency variable over the whole second half of month T ` 1, using a sample of
size TH “ T ˚ 28` 14. Now suppose we have s P 1, ..., 27 missing observations of the high
frequency variable for the month T ` 1, and m “ 28. Considering the model in Equation
4.14 the h-step ahead prediction for inflation, at monthly basis, is

π̂T`h|T`h´p28´sq{28 “ ĉ` ω̂pT ` hq ` α̂πT ´ β̂pLq
s
ÿ

r“1
a28´rx

H
T`1´p28´rq{28` (4.16)

β̂pLq
s´28
ÿ

g“1
a28´ps´gqφ̂pL

1{28
qxHT`1´p28´ps´gqq{28

where at is some weight from the averaging scheme. Since the forecasted values are based
on a horizon-specific model, all parameters are reestimated for each forecast horizon h.

2 If the control is sampled at the same frequency as πt, it is easily included in the equation. If not, the
procedure is analogous to the one specified for online inflation daily index.
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5 Data and Methodology

The dataset includes a daily inflation index based on online prices, initially compiled
by the MIT’s Billion Prices Project1 and continued by PriceStats (PS henceforth) in
cooperation with the financial research corporation State Street Global Markets. Online
prices are collected using web scrapping and then weighted accordingly to the official CPI
(Consumer Price Index) weights. The PS inflation index for Brazil includes online prices
from 5 large retailers2 that sell both online and offline in the country. It covers around 22
thousand products in 72 categories. Prices that cannot be collected online are not in the
index (e.g. some services). Data for Brazil is available from September 30, 2008 to August
1, 2015. Figure 3 shows daily online inflation within the available months of each year.

Figure 3 – PS Inflation

Official prices are measured by IPCA, monthly released by IBGE. IPCA data
are collected from day 1 to the last day of the reference month and they measure prices
variation to the final consumer, reflecting changes in the purchasing power. IPCA is the
main index used by macroeconomists and policy-makers to monitor inflation in Brazil since
it covers a relevant percentage of population. During the sample period, due to structural
breaks, IPCA annual inflation does not seem to be stationary and mean-reverting. However,
inflation can be taken as stationary, since this is true for longer periods of time and widely

1 The Billion Prices Project is an “academic initiative that uses prices collected from hundreds of online
retailers around the world on a daily basis to conduct research in macro and international economics”.
The database is available online and includes data from different countries. After 2010, data continued
to be collected and processed by PriceStats.

2 Droga Raia, Extra, Magazine Luiza, Pao de Açúcar, Renner
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assumed in previous literature.

Following Cavallo and Rigobon (2016), this dissertation focuses on annual inflation
rates, computed as the percentage change in the average of the previous 30 days compared
to the same average 365 days before. Both price indexes are nonseasonally adjusted. The
selected sample period is from 2008-10-01 to 2015-07-31, which corresponds to 2497 daily
observations and 82 monthly observations. Daily inflation rates were computed using the
full dataset and then, in order to harmonize data, only last 28 days of each month are consid-
ered, reducing the number of daily observations to 2296. The control variable is the Bovespa
index (also known as Ibovespa) evaluated in terms of annual return rate, at monthly
basis. Ibovespa is the main performance indicator for shares trades on Brazilian stock
market and partly reflects economic activity. The Ibovespa annual return is stationary in
the sample period and its correlation with the PS inflation index is ´0.12 (see Appendix C).

Table 1 – Descriptive Statistics: IPCA Inflation and PS Inflation

IPCA Inflation PS Inflation
Min. 4.17 2.84
1st Qu. 5.22 5.09
Median 5.91 6.14
Mean 5.99 6.23
3rd Qu. 6.51 7.98
Max. 9.56 8.72

As a preliminary analysis, PS annual inflation is aggregated to the monthly fre-
quency (by averaging inflation within each 28-day month) and compared to the official
annual inflation. Table 1 shows that the two inflation measures have comparable descriptive
statistics, except for the minimum value. Indeed, in the first half of the sample (from 2009
to 2012), the online inflation reaches very low levels in comparison to the official inflation
(see Figure 5), which is associated to the fact that at this time Brazilian people did not buy
online as much as they did in the second half of the sample. In Figure 4, we see that there is a
positive association between the two indexes. In fact, the correlation between the PS annual
inflation and the IPCA annual inflation is around 51%, if we consider the full sample period.

The training sample includes approximately 75% of data, from October, 2008 to
November, 2013, and the forecasts are calculated for two testing samples: one including
the last 20 monthly observations, spanning from December 2013 to July 2015, and the
other including 10 monthly observations from December 2013 to September 2014 (period
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Figure 4 – IPCA Inflation vs PS Inflation Aggregated to the Monthly Frequency

with a more stable inflation rate). Figure 5 shows daily official inflation vs daily online
inflation. The dashed line indicates the starting date of both testing samples. In this plot,
official monthly inflation was resampled to the daily frequency by repeating the monthly
value at each day of the month.

Figure 5 – Daily IPCA Inflation vs Daily PS Inflation

Forecasts are obtained using an expanding window, that is, all models are reesti-
mated at daily basis to include updated information and produce daily forecasts. This
forecasting scheme continues until the penultimate low-frequency period in the testing
sample is reached and inflation is forecasted for the last period (in case of 1-step ahead
forecasts). Daily forecasts are averaged within each 28-day month and then compared
to the observed values. Since some models include contemporaneous observations of PS
and IPCA inflation, an ARIMA(1,1,0) is used to predict the missing observations of PS
inflation in the testing sample. By doing this, PS inflation is assumed to be explained only
by its own past and there is no reverse causality (this is proved in the next chapter).
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6 Results

This chapter presents the results of the empirical analysis and a discusses the
findings. In sample, the unrestricted MIDAS-ADL model shows the best predictive perfor-
mance. Out of sample, there is at least one MIDAS specification that outperforms the naive
models 1- and 2-step ahead, considering the 20-observation testing sample. Additionally,
unrestricted MIDAS-ADL is the best model in periods of inflation stability, regardless the
forecast horizon.

6.0.1 Granger Causality and Cointegration

Before estimating each model, we evaluate the behavior of the inflation variables in
the training sample. Testing for the presence of unit roots, we observe that both variables,
official inflation and online inflation are not stationary, at least not in the training sample.
Since this dissertation proposes using online inflation as predictor of official inflation, the
first must be at least weak exogenous1 relative to the second. We can test it by estimating
a VEC model including the official inflation and the aggregated online inflation, and then
employing the Johansen procedure. Following these steps, we observe that the two inflation
variables do not cointegrate, so the test of weak exogeneity has no power (see the details
in Appendix D). The small number of observations in the training sample also weakens
the test.

Indeed, by the graphical analysis of Figure 5 we see that, in the period under
analysis, IPCA inflation and PS inflation do not seem weakly stationary and do not
cointegrate. Recall that here we are using the aggregated version of online inflation, so this
result does not necessarily invalidate our claim that online inflation is a good predictor of
offline information.

Besides that, performing a two-way Granger causality test on official inflation and
aggregated online inflation, at 5% of significance, we get that neither online inflation
Granger-causes official inflation (p-value “ 0.5721) nor the other way around (p-value
“ 0.9252). So we can at least exclude the possibility of reverse Granger causality. We
did not find that online inflation Granger-causes official inflation, but again this is not a

1 The concept of weak exogeneity is crucial for conducting valid inference. Intuitively, weak exogeneity
means that no useful information is lost when we condition the model on the explanatory variables
without specifying their generating process, that is, these variables can be treated as “fixed” for
inference on the parameters.
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problem since we are using monthly aggregated online information to test it.

6.0.2 Estimation and Forecasting

As described before, we compute 4 single-frequency benchmarks: AR(1), ARIMA(1,1,0),
VAR(1), and Bridge Equation; and 4 mixed-data-sampling regressions: MIDAS-DL, un-
restricted MIDAS-ADL, restricted MIDAS-ADL, and non-parametric MIDAS-DL. The
AR(1) model is the standard benchmark in the inflation forecasting literature. The orders
of both ARIMA(1,1,0) and VAR(1) were obtained from the training sample applying
the principle of parsimony on the information criteria. The chosen lags of both Bridge
Equation and MIDAS models are also data-driven and based on the in-sample predictive
performance, which means that they are optimized for Brazilian data. In the restricted
version of MIDAS-ADL, the weight function is the usual exponential Almon lag polynomial
and the parameters’ starting values are all equal to zero. The non-parametric MIDAS-DL
follows the methodology proposed by Breitung and Roling (2015). The regressions were
kept as simple as possible in the interest of clarity and conciseness and we assume that
both IPCA inflation and PS inflation are stationary, so that the proposed models are valid.
Models’ specifications are described in Appendix B.

First, we evaluate the performance of each model over the training sample. We
allow for three lag-specifications of online inflation in the MIDAS models: 1 week, 2 weeks
and 1 month (l “ 6 days, l “ 13 days, and l “ 27 days, respectively). Models’ in-sample
predictive performance is evaluated according to the Root Mean Square Error (RMSE)
defined as

RMSE “

g

f

f

e

1
n

Te
ÿ

t“1
pπt ´ π̂tq2 (6.1)

where n is the number of observations in the training sample (in this case, n “ 62), Te is
time index of the last low-frequency observation in the training sample (November, 2013),
and π̂t is the predicted value of inflation at time t P t1, ..., Teu. The results presented in
Table 2 suggest that unrestricted 1-month-lag MIDAS-ADL is the best model in sample.

The in-sample estimation of the Bridge Equation and the restricted MIDAS-ADL
implies “explosive” autorregressive relationships (see Appendix E), that is, the coefficient
of the autorregressive term is statistically greater than one, suggesting an “explosive”
long-run behavior. We can test whether the long-run elasticities are well defined by using
the null hypothesis in 6.2.
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Table 2 – In-sample Predictive Performance, RMSE

l “ 6 l “ 13 l “ 27

AR(1) 0.243 0.243 0.243
ARIMA(1,1,0) 0.198 0.198 0.198
VAR(1) 0.235 0.235 0.235
Bridge Equation 0.232 0.232 0.232

MIDAS-DL 0.563 0.548 0.464
MIDAS-ADL 0.220 0.194 0.180

Exp. Almon
MIDAS-ADL 0.232 0.231 0.232

Non-parametric
MIDAS-DL 0.743 0.743 0.742

H0 “

$

’

&

’

%

1´ α “ 0
β0 ` β1 ` ...` βjmax “ 0
θ0 ` θ1 ` ...` θkmax “ 0

(6.2)

where α is the coefficient of the autoregressive term, β is the coefficient of each lagged term of
online inflation, and θ is the coefficient of each lagged term of the control variable, Ibovespa.
Recall that the long-run elasticities are defined as ePS “

řjmax
j“0 βj

1´α and eIBOV “
řjmax

j“0 θj

1´α for
PS Inflation and Ibovespa, respectively. The p-values for each relevant model are described
in Table 3.

As we can see, the null hypothesis is always rejected at the 10% significance level.
However, looking at the estimated coefficients in the Appendix E we deduce that this result
is driven by Ibovespa’s coefficient and the long-run elasticity of PS Inflation is actually not
well defined (i.e. ePS “ 0

0). Indeed, we should have observed absolute coefficients smaller
than one for the autorregressive terms, but the differences in the scale of explanatory
variables distorts the parameters. Still, the residuals analysis guarantees models’ adequacy
(in-sample residuals are robust).

Now, we proceed to the out-of-sample analysis. We want to show that the unre-
stricted MIDAS-ADL model outperforms the naive benchmarks out of sample as well. The
forecasts are computed over three horizons (1, 2, and 3 steps ahead), and using the three
lag-specifications of MIDAS models previously mentioned. Since forecasts are computed
at daily basis and official inflation is released at monthly basis, we calculate the average
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Table 3 – In-sample Long-Run Elasticities, p-value

l “ 6 l “ 13 l “ 27

Bridge Equation 0.085 0.085 0.085

MIDAS-DL 0.000 0.000 0.000
MIDAS-ADL 0.096 0.003 0.072

Exp. Almon
MIDAS-ADL 0.080 0.076 0.089

Non-parametric
MIDAS-DL 0.000 0.000 0.000

monthly forecast. The results for the 20-observation testing sample are presented in Table
4. Models’ out-of-sample predictive performance is examined in terms of the Root Mean
Square Forecasting Error (RMSFE), defined as

RMSFE “

g

f

f

e

1
nf

Te`nf
ÿ

t“Te`1
pπt`h ´ π̂t`h|tq (6.3)

where nf is the number of forecasts and π̂t`h|t is the forecasted annual inflation.

Table 4 – Out-of-Sample Predictive Performance, RMSFE - Average Forecast

20 Monthly Observations

h “ 1 h “ 2 h “ 3
l “ 6 l “ 13 l “ 27 l “ 6 l “ 13 l “ 27 l “ 6 l “ 13 l “ 27

AR(1) 0.315 0.315 0.315 0.540 0.540 0.540 0.725 0.725 0.725
ARIMA(1,1,0) 0.276 0.276 0.276 0.484 0.484 0.484 0.644 0.644 0.644
VAR(1) 0.268 0.268 0.268 0.445 0.445 0.445 0.591 0.591 0.591
Bridge Equation 0.263 0.263 0.263 0.546 0.546 0.546 0.928 0.928 0.928

MIDAS-DL 2.279 2.315 1.986 2.434 2.443 1.998 2.446 2.433 1.946
MIDAS-ADL 0.258 0.251 0.279 0.476 0.436 0.567 0.636 0.630 0.769

Exp. Almon
MIDAS-ADL 0.258 0.259 0.260 0.483 0.484 0.486 0.745 0.747 0.761

Non-parametric
MIDAS-DL 1.692 1.686 1.663 1.711 1.704 1.678 1.731 1.724 1.699

The results suggest that the unrestricted 2-week-lag MIDAS-ADL shows the best
predictive performance for h “ 1 and h “ 2. For h “ 3, VAR(1) outperforms the other
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models. Applying the Model Confidence Set (MCS) methodology,2 introduced by Hansen
et al. (2011), to the previous models we get that the unrestricted 1-week-lag MIDAS-ADL
is slightly better to forecast annual inflation 1 step ahead, but it is not alone in the final
set (see Table 5). Restricted MIDAS-ADL(l “ 27) and Restricted MIDAS-ADL(l “ 6) are
the best models 2 and 3 steps ahead, respectively.

Table 5 – Model Confidence Set (MCS) Results

h “ 1 h “ 2 h “ 3
RankR MCSR RankR MCSR RankR MCSR

AR(1) 3 0.9990 9 0.0020 2 1.000
ARIMA(1,1,0) 4 0.9680 4 0.9678 3 0.9874
VAR(1) 8 0.4242 7 0.3254 8 0.2966
Bridge Equation 2 1.0000 2 1.0000 5 0.8288

MIDAS-DL (l “ 6) - - - - - -
MIDAS-DL (l “ 13) - - - - - -
MIDAS-DL (l “ 27) - - - - - -

MIDAS-ADL (l “ 6) 1 1.0000 3 0.9946 7 0.6546
MIDAS-ADL (l “ 13) 9 0.0458 5 0.9376 9 0.1018
MIDAS-ADL (l “ 27) - - - - - .
-
Exp. Almon
MIDAS-ADL (l “ 6) 7 0.4890 8 0.3080 1 1.0000
MIDAS-ADL (l “ 13) 6 0.7102 6 0.6682 6 0.8152
MIDAS-ADL (l “ 27) 5 0.7846 1 1.0000 4 0.9720

Non-parametric
MIDAS-DL (l “ 6) - - - - - -
MIDAS-DL (l “ 13) - - - - - -
MIDAS-DL (l “ 27) - - - - 10 0.0378

Note: Number of bootstrapped samples: 500, Confidence level of the tests: 0.15

Then, we evaluate daily predictive performance of the three best models so far -
unrestricted MIDAS-ADL (l=13), restricted MIDAS-ADL (l=6), and VAR(1) - within the
20-observation testing sample. To do so, we use the daily series of IPCA annual inflation,
in which we repeat the monthly value at each day of the month. RMSFE is computed
over the 20-monthly-observation testing sample using an expanding window. Figure 6

2 “A MCS is a set of models that is constructed such that it will contain the best model with a given
level of confidence. The MCS is in this sense analogous to a confidence interval for a parameter.” (see
Hansen et al. (2011))
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shows RMSFE’s daily evolution, considering the three forecast horizons. As we can see,
the forecasting error is overall smaller at the beginning of the testing sample and increases
sharply at the end.

Figure 6 – Daily Evolution of the RMSFE, 20-Observation Testing Sample

Since models’ performances worsen at the end of the sample, we discard the last
10 observations of the testing sample and repeat the previous forecasting exercise to a
10-observation sample, from December 2013 to September 2014, period in which inflation
is more stable. The results are described in Table 6. Observe that, when inflation is
more stable (i.e. stationary) models’ accuracy improves considerably and the unrestricted
1-week-lag MIDAS-ADL becomes the best model to forecast annual inflation 1, 2 and 3
steps ahead. In comparison to the 20-observation sample, the predictive performance of
the best MIDAS model in each testing sample improves around 27% for h “ 1, 39% for
h “ 2, and 50% for h “ 3.

Finally, instead of averaging the forecasts within each month, we also evaluated
the predictive performance of each model considering the most recent forecast. This
approach takes into consideration that the forecasts should be more accurate as more
daily observations are included in model estimation and used as inputs in forecasting. In
general, the results are quite similar to the ones obtained with averaged forecasts (see
Appendix F).

6.0.3 Discussion of the Results

There are two main results in this empirical analysis. First, using online prices
does improve the forecasts of Brazilian annual inflation, since the ARIMA models are
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Table 6 – Out-of-Sample Predictive Performance, RMSFE - Average Forecast

10 Monthly Observations

h “ 1 h “ 2 h “ 3
l “ 6 l “ 13 l “ 27 l “ 6 l “ 13 l “ 27 l “ 6 l “ 13 l “ 27

AR(1) 0.215 0.215 0.215 0.326 0.326 0.326 0.415 0.415 0.415
ARIMA(1,1,0) 0.223 0.223 0.223 0.374 0.374 0.374 0.445 0.445 0.445
VAR(1) 0.198 0.198 0.198 0.307 0.307 0.307 0.377 0.377 0.377
Bridge Equation 0.188 0.188 0.188 0.307 0.307 0.307 0.523 0.523 0.523

MIDAS-DL 1.370 1.360 1.027 1.481 1.488 1.036 1.482 1.487 0.959
MIDAS-ADL 0.184 0.208 0.273 0.266 0.280 0.639 0.313 0.327 0.850

Exp. Almon
MIDAS-ADL 0.190 0.190 0.189 0.276 0.274 0.274 0.341 0.341 0.342

Non-parametric
MIDAS-DL 0.743 0.736 0.709 0.762 0.755 0.729 0.775 0.768 0.741

consistently outperformed (out of sample) by either the VAR model or the MIDAS models,
regardless the forecast horizon and in both testing samples. This result provides new
evidence on the use of online data to measure inflation. Second, unrestricted MIDAS-ADL
is the best model for forecasting Brazilian inflation 1 and 2 steps ahead, and it offers the
best predictive performance in a context of stable inflation rates, supporting the use of
mixed-frequency data to model inflation. On the other hand, we are aware that once other
inflation indexes are released, before IPCA is released (which is the case of IPCA-153, for
example), then it becomes unnecessary to try to predict IPCA using neither of the models
presented in this study. This is easily observed in market polls.

Even though the literature on MIDAS models says that unrestricted models only
work for small m (here m “ 28), since the specification of the best MIDAS-ADL includes
just 1-week lag of the PS inflation index, there are not many parameters to be estimated,
so the unrestricted approach performs better than the restricted one. In fact, as we consider
more high-frequency lags, say l “ 27 the restricted MIDAS-ADL shows a better predictive
performance relative to the unrestricted one, for all forecast horizons in both samples. The
results are considerably improved by removing the last 10 observations from the original
testing sample. This outcome is in accordance with the fact that MIDAS models requires
stationarity and Brazilian inflation is more stable over the first half of the testing sample.

The findings described in this study could be improved if we had updated data on

3 The IPCA-15 index is analogous to the IPCA index, but the former collects prices during the period
before the latter starts collecting.
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daily prices. In fact, since more retailers have gone online in the recent years, offline and
online prices may be more related today than they were in 2008.
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7 Robustness

In this chapter, we propose alternative frameworks to evaluate the predictive
performance of both naive benchmarks and MIDAS models and test the robustness of
previous results. Indeed, we find at least one MIDAS specification that outperforms the
benchmarks for (i) longer forecast horizons, (ii) a different training sample period, (iii)
U.S. price data, (iv) a different benchmark, and (v) a different forecast evaluation. So we
conclude that the results described in Chapter 6 are robust.

7.0.1 Forecast Horizon

First, we use the 10-observation sample previously described to evaluate models’
predictive performance over longer forecast horizons: 4-step, 5-step, and 6-step ahead. The
results are presented in Table 7. As we can see, for h “ 4, h “ 5, and h “ 6 there is at
least one MIDAS-ADL specification that outperforms the naive benchmarks. Since we are
considering longer forecast horizons over a small testing sample, the results can be rather
weak and unstable in this case, but they are still in accordance with previous findings.

Table 7 – Out-of-Sample Predictive Performance, RMSFE - Average Forecast

10 Monthly Observations

h “ 4 h “ 5 h “ 6
l “ 6 l “ 13 l “ 27 l “ 6 l “ 13 l “ 27 l “ 6 l “ 13 l “ 27

AR(1) 0.512 0.512 0.512 0.610 0.610 0.610 0.688 0.688 0.688
ARIMA(1,1,0) 0.578 0.578 0.578 0.716 0.716 0.716 0.824 0.824 0.824
VAR(1) 0.454 0.454 0.454 0.508 0.508 0.508 0.550 0.550 0.550
Bridge Equation 0.787 0.787 0.787 1.110 1.110 1.110 1.409 1.409 1.409

MIDAS-DL 1.433 1.462 0.971 1.345 1.368 0.860 1.281 1.487 1.165
MIDAS-ADL 0.400 0.391 0.812 0.240 0.230 0.566 0.346 0.670 0.356

Exp. Almon
MIDAS-ADL 0.293 0.293 0.293 0.235 0.235 0.232 0.479 0.427 0.462

Non-parametric
MIDAS-DL 0.806 0.799 0.769 0.845 0.837 0.806 0.865 0.857 0.825
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7.0.2 Sample Period

In this section, the training/testing sample ratio is modified so that the in-sample
estimation includes 52 monthly observations from October, 2008 to January, 2013; and
the out-of-sample estimation includes 30 observations from February, 2013 to July, 2015.
The objective of this approach is to test whether the results remain the same even using a
smaller training sample. The results are presented in Table 8.

Table 8 – Out-of-Sample Predictive Performance, RMSFE - Average Forecast

30 Monthly Observations

h “ 1 h “ 2 h “ 3
l “ 6 l “ 13 l “ 27 l “ 6 l “ 13 l “ 27 l “ 6 l “ 13 l “ 27

AR(1) 0.288 0.288 0.288 0.478 0.478 0.478 0.633 0.633 0.633
ARIMA(1,1,0) 0.260 0.260 0.260 0.435 0.435 0.435 0.574 0.574 0.574
VAR(1) 0.260 0.260 0.260 0.429 0.429 0.429 0.581 0.581 0.581
Bridge Equation 0.252 0.252 0.252 0.477 0.477 0.477 0.782 0.782 0.782

MIDAS-DL 2.011 2.029 1.654 2.154 2.157 1.671 2.154 2.139 1.620
MIDAS-ADL 0.249 0.254 0.307 0.434 0.425 0.649 0.635 0.648 0.999

Exp. Almon
MIDAS-ADL 0.250 0.250 0.250 0.435 0.435 0.436 0.655 0.656 0.666

Non-parametric
MIDAS-DL 1.471 1.464 1.441 1.469 1.463 1.438 1.467 1.460 1.436

Notes: These results do not exclude the last 10 observations of the full sample

The estimation results suggest that, in terms of RMSFE, (i) the unrestricted
MIDAS-ADL (l “ 6) produces the best nowcasts; (ii) unrestricted MIDAS-ADL (l “ 13)
outperforms the naive benchmarks for h “ 2; and (iii) the ARIMA(1,1,0) produces the
best 3-step ahead forecasts. Observe that the findings presented in Table 8 are similar to
the ones in Table 4 (except for h “ 3) since the the testing sample does not exclude the
inflation acceleration period.

7.0.3 Foreign Economy

Now, the previous methodology is employed using data from the United States.
The official price index is the Consumer Price Index (CPI), released by the U.S. Bureau
of Labor Statistics, from 2008 to 2015. The market index is the Standard and Poor’s
500 (S&P 500) spot index, and the estimated models are the same as before, that is, the
ones tailored for Brazilian data. Again, the training sample is selected to include 75% of
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monthly observations and the testing sample includes the remaining ones. The in-sample
and out-of-sample results are described in Tables 9 and 10, respectively.

Table 9 – In-sample Predictive Performance, RMSE, U.S.

l “ 6 l “ 13 l “ 27

AR(1) 0.467 0.467 0.467
ARIMA(1,1,0) 0.417 0.417 0.417
VAR(1) 0.406 0.406 0.406
Bridge Equation 0.369 0.369 0.369

MIDAS-DL 0.610 0.531 0.343
MIDAS-ADL 0.337 0.307 0.200

Exp. Almon
MIDAS-ADL 0.391 0.395 0.400
Non-parametric
MIDAS-DL 0.666 0.640 0.640

Table 10 – Out-of-Sample Predictive Performance, RMSFE - Average Forecast, U.S.

h “ 1 h “ 2 h “ 3
l “ 6 l “ 13 l “ 27 l “ 6 l “ 13 l “ 27 l “ 6 l “ 13 l “ 27

AR(1) 0.323 0.323 0.323 0.540 0.540 0.540 0.708 0.780 0.780
ARIMA(1,1,0) 0.312 0.312 0.312 0.569 0.569 0.569 0.756 0.756 0.756
VAR(1) 0.300 0.300 0.300 0.480 0.480 0.480 0.606 0.606 0.606
Bridge Equation 0.352 0.352 0.352 0.665 0.665 0.665 0.908 0.908 0.908

MIDAS-DL 0.444 0.487 0.584 0.468 0.504 0.462 0.522 0.619 0.532
MIDAS-ADL 0.318 0.359 0.291 0.569 0.613 0.462 0.605 0.689 0.552

Exp. Almon
MIDAS-ADL 0.314 0.314 0.314 0.454 0.456 0.454 0.490 0.494 0.512

Non-parametric
MIDAS-DL 0.429 0.436 0.428 0.388 0.405 0.412 0.510 0.524 0.535

In sample, the unrestricted 1-month-lag MIDAS-ADL presents the best predictive
performance. It is followed by its other lag-specifications. So there is evidence that MIDAS
models might forecast U.S. inflation better than the naive benchmarks. In fact, the out-of-
sample results suggest that MIDAS-ADL with l “ 27 produces the best nowcasts for U.S.
official inflation and the restricted MIDAS-ADL the best 2- and 3-step ahead forecasts.
Recall that the lag specification of each model (even the benchmarks) was optimized for
Brazilian data, and we still find that (i) online prices improve forecasting performance and
(ii) that MIDAS can produce good inflation forecasts.
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7.0.4 Naive Benchmark

According to Clements and Hendry (2001) and Clements and Hendry (2003),
changes in model’s deterministic terms are the main source of error in forecasts. So, in
this section we propose using the Double Difference single-frequency model as benchmark
described in Equation 7.1, which is the first difference of the Bridge Equation previously
estimated plus a constant term.

∆πt “ a0 ` a1∆πt´h ` b1∆PSat ` b2∆IBOVt´h ` ut (7.1)

Estimating the Double Difference model over the original training samples and
computing the “undifferenced” fitted series, we get the in-sample RMSE is equal to 0.191.
The in-sample coefficients are presented in Table 11. As we can see, the coefficient of PS
inflation first difference is statistically significant at the 5% level.

Table 11 – In-Sample Estimation: Double Difference Model

Dependent variable:
∆ IPCA Inflation

∆ IPCA Inflation [-1] 0.578˚˚˚

∆ Ibovespa [-1] ´0.002

∆ PS Inflation 0.094˚˚

Constant ´0.007

Observations 60
˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

(standard were errors conveniently omitted)

We then evaluate the Double Difference model out of sample. The RMSFEs on the
20-observation sample are 0.283, 0.482, and 0.667 for 1, 2 and 3 steps ahead, respectively.
Comparing these results to the ones in Table 4 we still conclude that MIDAS-ADL is
the best model to forecast Brazilian inflation 1, and 2 steps ahead. Indeed, the Double
Difference model does not outperform the other naive benchmarks in most of the cases.
The conclusions are quite the same for the 10-observation testing sample1. The main
drawback of using differenced inflation to estimate the model is that we might loose some
information at the level, even though we can still produce forecasts of inflation itself by
summing the forecasts to the last observed value.

1 The RMSFEs in this case are 0.228, 0.309, and 0.437 for 1, 2 and 3 steps ahead, respectively.
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7.0.5 Forecasts Evaluation

Following Ericsson and Martinez (2019), we consider an alternative forecast evalua-
tion approach: the Forecast Encompassing. This approach considers both the forecasts
and the forecast errors in three different regression models. Its objective is to test whether
one model’s forecasts can be improved by using other models’ forecasts. We use the
monthly-averaged forecasts in this analysis.

First, we estimate the unrestricted model described by Equation 7.2 and than we
test for each model whether the estimated coefficient relative to its forecasts is equal to 1
and the other coefficients are equal to zero, jointly. That is, the null hypothesis is that
just the chosen forecast, say Model 0, is adequate to forecast official inflation (β0 “ 1) and
the others are redundant (β1 “ β2 “ ... “ 0).

πt “
F
ÿ

f

βf π̂f,t ` et (7.2)

where f indexes the forecasting model – naive benchmarks and MIDAS models. Subtracting
Model 0’s forecasts from both sides and forcing β0 “ 0, the dependent variable becomes
Model 0’s residuals and we can test whether other models’ forecasts are informative about
the Model 0’s forecast errors. That is,

pπt ´ π̂f0,tq “

F
ÿ

f‰f0

βf π̂f,t ` et (7.3)

In this case, we evaluate the standard F-statistic resulting from the estimation
of Equation 7.3 for each relevant model. Finally, we can also test whether additional
information in other models’ forecasts can help to explain the Models 0’s forecast error by
using the “forecast differential”. This approach is described in Equation 7.4.

pπt ´ π̂f0,tq “

F
ÿ

f‰f0

βf pπ̂f,t ´ π̂f0,tq ` et (7.4)

Again, we just have to evaluate the standard F-statistic of each regression. The
results over the 20-observation testing sample, for the three forecast horizons (h “ 1,
h “ 2, and h “ 3) and each lag-specification (l “ 6, l “ 13, and l “ 27) are presented
in Table 7.0.5. The F-statistic and its p-value refer to the null hypothesis of forecast
encompassing by the model listed at the first column. Recall that the best models in Table
4 were unrestricted MIDAS-ADL (l “ 13) for h “ 1 and h “ 2, and VAR(1) for h “ 3.
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The results described in Table 7.0.5 suggest that (i) the forecasts produced by
MIDAS-ADL (l “ 13) cannot be improved by other models’ forecasts for h “ 1 and h “ 2,
and (ii) VAR(1)’s forecasting performance cannot be improved by other models’ forecasts
for h “ 3. That is, the null hypothesis cannot be reject at the 5% significance level in both
cases and in all approaches (Unrestricted Regression, Residual Diagnostic, and Forecast
Differential).

Besides that, we observe that MIDAS-DL and non-parametric MIDAS-DL fore-
casts can be improved by using other models’ forecasts for any forecast horizon, lag
specification and testing approach, as their p-values are virtually zero in all cases. This
result is in accordance with the fact that models with autorregressive terms are more
adequate to forecast inflation, since it is a series with an important inertial component.
Recall that MIDAS-DL models, both parametric and non-parametric, do not include any
autorregressive component.
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8 Conclusion

Previous literature shows that inflation is optimally forecasted using simple time
series models or a Phillips’ curve process. We argue that online daily prices can be
used to improve inflation forecasts, in particular in a context of mixed-frequency models.
Using Brazilian data from 2008 to 2015 and the MIDAS models introduced by Ghysels
et al. (2004), we show that (i) online daily prices do improve inflation forecasting as
ARIMA models are consistently outperformed by the dynamic approaches; (ii) unrestricted
autorregressive MIDAS produces the best 1- and 2-step ahead inflation forecasts; and
(iii) the superior predictive performance of MIDAS models is robust to longer forecast
horizons, a different training sample period, foreign price data, a superior benchmark, and
a different forecast evaluation methodology.

The results presented in this dissertation provide new evidence on the use of
online prices to forecast official inflation and suggest that mixed-frequency approaches
are better in exploiting daily price information than single-frequency ones. In fact, the
MIDAS models previously described could be used by market practitioners and policy
makers to obtain better short-run inflation forecasts. Future research should focus on (i)
estimating optimized single-frequency benchmarks using some selection procedure such
as AutometricsTM , and (ii) improving the performance of mixed-frequency models during
periods of inflation instability.
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APPENDIX A – Web Scrapping

The PS inflation index follows the methodology described in Cavallo and Rigobon
(2016). Briefly, online prices are collected using web from retailers that sell both offline
and online. Products are selecting according to the categories that are part of traditional
Consumer Price Index baskets. Most of prices are collected directly from each retailer,
rather than third parities such as price aggregators and price comparison websites, for
example. Once data are collected, it is cleaned, standardized, and classified using Consumer
Price Index categories.

Before including a retailer in a price index, it is monitored for over a year so that
special characteristics can be identified and evaluated. Most multi-channel retailers have a
single online price for all shoppers in all locations within the country (so shipping costs
may change). Brazilian data covers more than 70 % of the weights in IPCA basket. The
technology to collect online prices is called “web scrapping”. Robots are used to extract the
relevant pieces of information (product identification number, the name, description, brand,
package size, category information, and the price) from webpages and store is in a database.
Online prices are recorded from the first day a product is offered to consumers until the
day it is discontinued from the store. Finally, daily online indexes are the combination of
online prices using updated weights from official consumer expenditure surveys (the same
as in official indexes).

In Brazil, the Brazilian Consumer Expenditure Survey (portuguese: Pesquisa de
Orçamentos Familiares - POF) serves as input for the construction of consumption baskets
used to estimate IPCA. This survey is conducted every six or seven years and it covers
the entire national territory. From 2008 to 2015, period under analysis in this dissertation,
there was only one change in the weighting scheme, in 2012.
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APPENDIX B – Models’ Specification

In section 4, we described the empirical approach but multivariate models were
not specified in the detail, considering data used in this study. Define h as the forecasting
horizon, the estimated multivariate models were the following:

• VAR(1):
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• Bridge Equation:

πt “ c` α0t` α1πt´h ` β1PS
a
t ` β2IBOVt´h ` νt

• MIDAS-DL:

πt “ c` α0t`
l
ÿ

j“0
βjPS28t´j ` β2IBOVt´h ` εt

• MIDAS-ADL:

πt “ c` α0t` α1πt´h `
l
ÿ

j“0
βjPS28t´j ` β2IBOVt´h ` εt

πt is the official annual inflation at month t, PSat is the PS annual inflation aggregated
at monthly basis, IBOVt is Ibovespa annual return, and PSt is the PS annual inflation
at daily basis. h is the forecast horizon. MIDAS estimation was conducted using the R
package midasr developed by Ghysels et al. (2016).
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APPENDIX C – Correlation Matrix

Table 13 – Correlation Matrix
IPCA Inflation PS Inflation Ibovespa

IPCA Inflation 1 0.51 ´0.40
PS Inflation 0.51 1 ´0.12

Ibovespa ´0.40 ´0.12 1
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APPENDIX D – Johansen-Procedure

VECM: estimating a VECM using IPCA inflation and PS aggregated inflation

• Test type: maximal eigenvalue statistic (lambda max), with linear trend

• Eigenvalues (lambda): [0.1210, 0.0412]

• Values of test statistic and critical values of test:

test 10pct 5pct 1pct
r <= 1 2.53 6.50 8.18 11.65
r = 0 7.74 12.91 14.90 19.19

• Eigenvectors, normalised to first column (these are the cointegration relations):

IPCA Inflation [-1] PS Inflation [-1]
IPCA Inflation [-1] 1.0000 1.0000
PS Inflation [-1] -0.2751 3.6801

• Weights (this is the loading matrix):

IPCA Inflation [-1] PS Inflation [-1]
∆ IPCA Inflation -0.0815 -0.0033
∆ PS Inflation 0.0364 -0.0219

Exogeneity Test: estimation and testing under linear restrictions on α

• The VECM has been estimated subject to: α “ A ˆ ψ where A “ r1, 0s (the null
hypothesis is that PS inflation is weakly exogenous)

• Eigenvalues of restricted VAR (lambda): [0.1196, 0.0000]

• The value of the likelihood ratio test statistic: 0.1 distributed as χ2 with 1 df.

• The p-value of the test statistic is: 0.76

• Eigenvectors, normalised to first column of the restricted VAR: [1.000, -0.2329]

• Weights W of the restricted VAR: [-0.0863, 0.0000]
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APPENDIX E – In-Sample Results

Table 14 – In-Sample Estimation: Naive Benchmarks

Dependent variable:
IPCA Inflation

AR(1) ARIMA(1,1,0) VAR(1) Bridge Equation

trend 0.001 ´0.0002

IPCA Inflation [-1] 0.945˚˚˚ 0.579˚˚˚ 0.993˚˚˚ 1.002˚˚˚

Ibovespa [-1] 0.003 0.003˚

PS Inflation 0.034

PS Inflation [-1] 0.006

Constant 5.803˚˚˚ ´0.003 ´0.029 ´0.195

Observations 61 61 61 61
˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01

(standard errors were conveniently omitted)
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Table 15 – In-Sample Estimation: MIDAS Models (l=6)

Dependent variable:
IPCA Inflation

MIDAS-DL MIDAS-ADL MIDAS-ADLr MIDAS-DLnp
trend 0.021˚˚˚ ´0.001 0.000 0.013
IPCA Inflation [-1] 0.992˚˚˚ 1.005˚˚˚
Ibovespa [-1] ´0.018˚˚˚ 0.003˚ 0.003˚
PS Inflation 1.840 1.159 0.000 ´0.146
PS Inflation [-1] 8.793 7.317 0.000 ´0.093
PS Inflation [-2] ´28.754 ´15.839 0.000 ´0.040
PS Inflation [-3] 24.670 4.424 0.000 0.0129
PS Inflation [-4] ´3.929 5.671 0.000 0.066
PS Inflation [-5] ´11.797 ´6.003 0.000 0.119
PS Inflation [-6] 9.125 3.308 0.036 0.172
Constant 5.252˚˚˚ ´0.126 ´0.218 4.754
Observations 61 61 61 61

˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01
(standard errors were conveniently omitted)
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Table 16 – In-Sample Estimation: MIDAS Models (l=13)

Dependent variable:
IPCA Inflation

MIDAS-DL MIDAS-ADL MIDAS-ADLr MIDAS-DLnp
trend 0.020˚˚˚ ´0.002 0.000 0.013
IPCA Inflation [-1] 1.013˚˚˚ 1.004˚˚˚
Ibovespa [-1] ´0.017˚˚˚ 0.004˚˚ 0.003˚˚
PS Inflation ´0.090 ´3.060 0.000 ´0.033
PS Inflation [-1] 9.698 15.978˚ 0.000 ´0.027
PS Inflation [-2] ´31.507 ´16.902˚ 0.000 ´0.021
PS Inflation [-3] 34.265 ´2.416 0.000 ´0.015
PS Inflation [-4] ´13.795 9.119 0.000 ´0.009
PS Inflation [-5] 6.114 ´2.492 0.000 ´0.003
PS Inflation [-6] ´17.632 ´12.881 0.000 ´0.003
PS Inflation [-7] 17.328 22.254˚˚˚ 0.000 0.010
PS Inflation [-8] ´1.893 ´15.125 0.000 0.016
PS Inflation [-9] ´1.428 6.439 0.001 0.022
PS Inflation [-10] 1.533 2.793 0.002 0.028
PS Inflation [-11] ´14.141 ´2.129 0.004 0.034
PS Inflation [-12] 10.732 ´1.360 0.009 0.040
PS Inflation [-13] 0.770 ´0.175 0.020 0.047
Constant 5.251˚˚˚ ´0.243 ´0.217 4.750
Observations 61 61 61 61

˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01
(standard errors were conveniently omitted)
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Table 17 – In-Sample Estimation: MIDAS Models (l=27)

Dependent variable:
IPCA Inflation

MIDAS-DL MIDAS-ADL MIDAS-ADLr MIDAS-DLnp
trend 0.009 ´0.003 0.000 0.013
IPCA Inflation [-1] 1.013˚˚˚ 1.006˚˚˚
Ibovespa [-1] ´0.023˚˚˚ 0.004 0.003˚
PS Inflation ´25.826 ´6.006 0.024 ´0.010
PS Inflation [-1] 53.165 22.744 0.007 ´0.009
PS Inflation [-2] ´68.234 ´22.783 0.002 ´0.008
PS Inflation [-3] 57.150 ´3.509 0.000 ´0.007
PS Inflation [-4] ´36.060 16.049 0.000 ´0.006
PS Inflation [-5] 63.543 ´3.486 0.000 ´0.005
PS Inflation [-6] ´59.577 ´18.235 0.000 ´0.004
PS Inflation [-7] 22.713 31.642˚˚ 0.000 ´0.003
PS Inflation [-8] ´5.671 ´28.956˚ 0.000 ´0.002
PS Inflation [-9] 43.613 23.293 0.000 ´0.002
PS Inflation [-10] ´96.061˚ ´17.197 0.000 ´0.001
PS Inflation [-11] 46.660 8.259 0.000 0.000
PS Inflation [-12] ´29.721 ´10.783 0.000 0.001
PS Inflation [-13] 83.480 18.316 0.000 0.002
PS Inflation [-14] ´99.189˚ ´13.825 0.000 0.003
PS Inflation [-15] 113.484˚ 22.120 0.000 0.004
PS Inflation [-16] ´101.659˚ ´35.697 0.000 0.005
PS Inflation [-17] 104.650˚˚ 26.021 0.000 0.006
PS Inflation [-18] ´141.805˚˚ ´14.062 0.000 0.007
PS Inflation [-19] 104.340˚˚ 11.730 0.000 0.009
PS Inflation [-20] ´64.567˚˚ ´6.251 0.000 0.010
PS Inflation [-21] 97.237˚˚ 2.903 0.000 0.011
PS Inflation [-22] ´104.639 ´11.164 0.000 0.013
PS Inflation [-23] 66.781 16.195 0.000 0.014
PS Inflation [-24] ´55.755 ´4.737 0.000 0.016
PS Inflation [-25] 52.101 ´4.425 0.000 0.017
PS Inflation [-26] ´27.553 0.395 0.000 0.019
PS Inflation [-27] 7.373 1.501 0.000 0.020
Constant 5.721˚˚˚ ´0.220 ´0.209 4.716
Observations 61 61 61 61

˚pă0.1; ˚˚pă0.05; ˚˚˚pă0.01
(standard errors conveniently omitted)
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APPENDIX F – Out-of-Sample Results

Table 18 – Out-of-Sample Predictive Performance, RMSFE - Most Recent Forecast

20 Monthly Observations
h “ 1 h “ 2 h “ 3

l “ 6 l “ 13 l “ 27 l “ 6 l “ 13 l “ 27 l “ 6 l “ 13 l “ 27

AR(1) 0.315 0.315 0.315 0.540 0.540 0.540 0.725 0.725 0.725
ARIMA(1,1,0) 0.276 0.276 0.276 0.484 0.484 0.484 0.644 0.644 0.644
VAR(1) 0.268 0.268 0.268 0.445 0.445 0.445 0.591 0.591 0.591
Bridge Equation 0.263 0.263 0.263 0.546 0.546 0.546 0.927 0.927 0.927

MIDAS-DL 2.277 2.321 2.000 2.434 2.444 2.002 2.446 2.432 1.946
MIDAS-ADL 0.263 0.252 0.300 0.473 0.431 0.575 0.632 0.626 0.763

Exp. Almon
MIDAS-ADL 0.258 0.260 0.259 0.480 0.481 0.483 0.743 0.745 0.759

Non-parametric
MIDAS-DL 1.694 1.687 1.665 1.710 1.703 1.677 1.731 1.724 1.699

10 Monthly Observations
h “ 1 h “ 2 h “ 3

l “ 6 l “ 13 l “ 27 l “ 6 l “ 13 l “ 27 l “ 6 l “ 13 l “ 27

AR(1) 0.204 0.204 0.204 0.320 0.320 0.320 0.411 0.411 0.411
ARIMA(1,1,0) 0.223 0.223 0.223 0.374 0.374 0.374 0.445 0.445 0.445
VAR(1) 0.198 0.198 0.198 0.307 0.307 0.307 0.377 0.377 0.377
Bridge Equation 0.235 0.235 0.235 0.362 0.362 0.362 0.431 0.431 0.431

MIDAS-DL 1.372 1.360 1.026 1.480 1.487 1.030 1.479 1.483 0.957
MIDAS-ADL 0.183 0.203 0.288 0.269 0.285 0.635 0.317 0.332 0.851

Exp. Almon
MIDAS-ADL 0.191 0.190 0.190 0.279 0.277 0.277 0.345 0.345 0.346

Non-parametric
MIDAS-DL 0.741 0.734 0.710 0.763 0.756 0.729 0.778 0.770 0.744
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