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“All models are wrong,
but some are useful.”
(George E. P. Box)





Abstract
In this work we use daily online retail prices and financial data to construct nowcasts of
consumer price index (CPI) for the current month, which we refer simply as inflation. We
first adapt the dynamic factor model in (GIANNONE; REICHLIN; SMALL, 2008) to
our setting and integrate it into a nowcasting combination algorithm. We also propose
an extension to the nowcasting equation to take into account previous inflation level
and nowcasting error. We compare our results with a base model and Focus survey of
professional forecasters. The base model is constructed from a simple factor regression using
individual categories monthly price change calculated in (CAVALLO, 2013), whereas the
Focus survey aggregate daily inflation forecasts provided by a large number of institutions
to the Brazilian Central Bank. We consider the Focus survey output as the golden standard.
Our results indicate that (1) online retail prices are not enough to capture the whole
dynamics of CPI; and (2) the factor regression has to be augmented with recent inflation
information to be competitive.

Key-words: Nowcasting. Inflation. E-commerce prices.





Resumo
Neste trabalho utilizamos preços diários do varejo online e variáveis financeiras para
computar nowcasts da inflação brasileira. Nós adaptamos o modelo de fatores dinâmicos
proposto em (GIANNONE; REICHLIN; SMALL, 2008) ao nosso contexto e o integramos
a um algoritmo de combinação de nowcasts. Propomos também um modelo estendido
em que, além de fatores, utilizamos um componente auto-regressivo e média móvel para
modelar e prever a inflação corrente. Para fins de avaliação, comparamos nossos resultados
com um modelo base e com as previsões disponibilizadas pelo Focus survey. As previsões
oriundas do modelo base são construídas a partir de fatores extraídos das séries de inflação
a nível de categoria de produtos, estas últimas calculadas tal como em (CAVALLO, 2013).
O Focus survey, por sua vez, agrega previsões diárias fornecidas por diversas instituições
como bancos, consultorias e corretoras, e, por isso, consideramos estes resultados um
padrão ouro no processo de avaliação. Nossos exercícios empíricos indicam que (1) preços
do varejo online não são suficientes para capturar toda a dinâmica da inflação brasileira, e
(2) componentes auto-regressivos devem ser utilizados para melhorar a performance dos
nowcasts fora da amostra.

Palavras-chave: Nowcasting. Inflação. Preços do comércio eletrônico.
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1 Introduction

1.1 Background and objectives

Central Banks around the world often declare price stability as the main goal of
their monetary policy. The Consumer Price Index (CPI)1 is the quantitative measure
of price stability. Market practitioners, on the other hand, devote effort to develop up
to date inflation forecast as to adjust investment strategies and expectations. For both
government and market, tracking real time inflation is essential for timely decision making.
Nevertheless, CPI, as well as other key statistics, are often released with delay.

Nowcasting models are used to track official statistics, such as inflation and GDP,
along the current month while is has not been released. (MODUGNO, 2013), (KNOTEK;
ZAMAN, 2017) and (FUNKE; MEHROTRA; YU, 2015) explore variables released intra-
monthly, such as CPI sub-indices and surveys of fuel price, to compute nowcasts of inflation
for Euro Area, United States and China. However, online retail market expands year
after year making available prices for large number of products. It provides a cheap and
accessible source of information to monitor official price index.

The main goal of this work is to exploit prices from online retailers to nowcast
brazilian inflation, measured by relative changes of Extended National Consumer Price
Index, also denoted IPCA in Brazil. We use the dataset collected and provided by The
Billion Price Project, which contain daily price series for thousands of products scraped
from the website of a leader retail company in Brazil.

We use a combination of dynamical factor models and forecasting combination
to compute our nowcasts. We first adapt (GIANNONE; REICHLIN; SMALL, 2008)
methodology to our framework and expand their linear nowcasting model to incorporate
recent inflation information using an ARMA(1, 1) term. Then, we construct datasets with
a random subsets of products to construct individual nowcasts. The main advantages of
our approach are that we can handle very large number of daily series seamlessly and
scale our method as number of scraped products increase. The data can be collected from
websites in an automated way. Results indicate that there are some information yet to be
captured by data and that augmenting the factor model with local dynamics improve the
nowcasting performance.

This work is organized as follows. In section 1.2 we review the literature of nowcast-
ing inflation and the use of data from online retailers to conduct macroeconomic research.

1 Although we recognize that inflation and CPI are distinct quantities, in this work we will refer to CPI
simply as inflation.
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In section 2 we describe the BPP data used in this work. Section 3 data processing, models
and model forecasting algorithm. In section 4 we run an out-of-sample exercise to evaluate
proposed models, followed by a discussion in section 5. Finally, section 6 concludes.

1.2 Literature review

Nowcasting models are widely used to track GDP and other official statistics along
the reference period. It allows analysts monitor and understand macroeconomic conditions
before the announcement of official statistics. See (BAŃBURA et al., 2013) for a survey of
nowcasting.

(GIANNONE; REICHLIN; SMALL, 2008) proposes using a dynamic factor model
to nowcast U.S. GDP using a large set of monthly macroeconomic variables. The authors
apply a two-step estimator studied by (DOZ; GIANNONE; REICHLIN, 2011) in order to
summarize explanatory variables in few common factors. In the first step a preliminary
version of factors are obtained using PCA, in the second they are re-estimated via Kalman
Smoother. Expectation of GDP growth is defined as an affine function of the estimated
factors.

(BANBURA; GIANNONE; REICHLIN, 2011) generalizes the Factor Model pro-
posed by (GIANNONE; REICHLIN; SMALL, 2008) in order to nowcast GDP using weekly
and daily variables.The model is estimated by maximum likelihood applying EM algo-
rithm as proposed by (DOZ; GIANNONE; REICHLIN, 2006). (GIANNONE; REICHLIN;
SIMONELLI, 2009) follow this same model and estimation technique to extract factors
from disaggregated survey data and nowcast Euro Area GPD.

As an alternative to factor models, (KUZIN; MARCELLINO; SCHUMACHER,
2009) compare the mixed-data sampling (MIDAS) and mixed-frequency VAR (MF-VAR)
to nowcast Euro Area GDP using a small sample of 20 monthly indicators. Moreover
(CARRIERO; CLARK; MARCELLINO, 2015) nowcast U.S. GDP using a Bayesian linear
model with stochastic errors.

The academic literature on nowcasting GDP is extensive, yet scarce on nowcasting
inflation. (KNOTEK; ZAMAN, 2017) develop a parsimonious linear model to nowcast
U.S. headline and core inflation using eight explanatory variables including subindices of
Comsumer Price Index (CPI) and Personal Consumer Expenditure (PCE), and fuel price.
Authors mention that BPP data is a potential source of disaggregated information to be
used as explanatory variables. However, they argue that U.S. price indexes place a large
weight on services while internet purchases constitute a small share of spending on goods,
which suggests that e-commerce prices are not able to improve the predictive power of
proposed model. This work endorses that simple models with few variables can perform as
good as complex models estimated with a large set of time series.
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On the other hand, (MODUGNO, 2013) apply the factor model in (GIANNONE;
REICHLIN; SMALL, 2008) to nowcast Euro Area inflation using subindices of Harmonised
Index of Comsumer Price (HICP), surveys of fuel prices and Raw Material Price Indexes
(RMPI). Parameters of state-space form and factors are estimated by maximum likelihood
applying EM algorithm as in (BANBURA; GIANNONE; REICHLIN, 2011). (FUNKE;
MEHROTRA; YU, 2015) use a factor model with data in different frequencies to track
Chinese inflation. Authors estimate the cumulator variable suggested by (HARVEY,
1990) in order to construct aggregated variables at the observable lower frequency. The
model is written in state-space form and estimated using the Kalman Filter. (AMSTAD;
FISCHER, 2009) use a common factor procedure to incorporate up to date information
from macroeconomic releases and revisions to construct weekly updates of the monthly
Swiss core inflation.

(CAVALLO, 2013) uses BPP data to compute CPI for five Latin American countries.
He shows that price indexes computed with online data match official indexes of Brazil,
Chile, Colombia, and Venezuela. In Argentina the results are remarkably different, which
reinforces the hypothesis that Argentina’s government manipulated official statistics.
Also exploring BPP data, (APARICIO; BERTOLOTTO, 2020) propose a linear model
to forecast CPI using three types of explanatory variables: auto-regressive component,
aggregated e-commerce prices and fuel prices. The authors show that the proposed baseline
specification outperforms benchmark forecasts for Euro Area, Australia, Canada and
United States.
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2 Data

Nowcasts of inflation (consumer price index - CPI) are constructed from variables
correlated to it that are released intra-monthly or, more generally, at a higher-than-one-
month frequency. The Billion Prices Project (BPP) is an academic initiative at MIT Sloan
and Harvard Business School that collects prices from a large number of e-retailers around
the world to conduct research on macro and international economics. Given the frequency
the prices are collected it is an ideal candidate for constructing nowcasts of inflation.

The BPP collected brazilian daily prices of approximately 22.000 products, classified
into 72 categories, from October 2007 to August 2010. All data come from the website
of a specific brazilian retail company that has roughly 15% of market share. Prices were
collected daily using web crawlers, and all products and categories are identified only
by their codes, hence impossible to know exactly which category corresponds to what.
Nevertheless, we assume the products were correctly classified in meaningful categories.

Each product has three distinct series associated to it: price0 is the original raw
price, nsprice is the sale price, and fullprice is the raw price with missing values treated
as described in (CAVALLO, 2018). In this work, we use the raw prices to avoid treatments
not related to the nowcast methodology, such as bringing future information.

A large number of products contain some amount of missing data, which usually
requires data imputation before processing. To avoid bias incurred from excessive data
imputation, products with more than 20% missing values are dropped from the analysis.
Hence, only 4,857 series are used in the modeling process. Nevertheless, there are two
periods in which all prices are missing. The first one is from February 26, 2009 to May
4, 2009 and the second from September 19, 2009 to November 15, 2009. The missing
information in these periods are likely related to a problem in the scraping program,
possibly due changes in the website structure of links.

Taking the mean price as reference, the cheapest and the most expansive products
cost R$ 0.49 and R$ 240.00, respectively and more than 90% of products cost less than
R$ 50.00. Moreover, the mean prices of products within categories vary, which suggests
that categories aggregate different value-added products, as we expected.

On the top of e-commerce prices, 25 brazilian financial series are added to the
dataset into a new category. These extra variables are prices of commodities, exchange
rates, and IBOVESPA stock exchange index, all of which are observed daily. These financial
series are downloaded from the official website of B3 (brazilian stock exchange) and CEPEA
(bureau of advanced research on applied economics at University of São Paulo).
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3 Methodology

Our goal is to nowcast Brazilian CPI using intra-month price data from e-commerce
and returns from financial markets. While conventional forecasting models are devoted
to compute expectations for months ahead, our approach is able to explore information
released daily in order to predict inflation for the current month.

(GIANNONE; REICHLIN; SMALL, 2008) propose a two-steps methodology for
extracting information from a large collection of monthly series and use it to nowcast
GDP. First, the large collection of series are summarized by dynamic factors, that are
subsequently used to construct the nowcasts in the second step.

We use daily data to nowcast monthly inflation. The factors are constructed using
the series of monthly relative average price change computed using daily prices and financial
returns data. The main role of factors is reduce the set of explanatory variables avoiding
curse of dimensionality. In a second stage, we explore the daily frequency of factors as
features to compute nowcasts.

3.1 Data pre-processing

High-frequency prices series typically contains outliers and missing data that will
be handled before constructing the series of relative prices. These steps are performed only
on the data used to estimate the model, hence we never use future information in this step.

We perform an exploratory analysis to remove outliers. The series are centered
around m and outliers are defined, within each product, as observations extrapolating
the range [m − 4IQR,m + 4IQR], where m is the median price of a product and IQR
is its interquartile range. Outliers are dropped from the series and observations taken as
missing.

Missing observations at time t are filled using a centered moving average process
of 30 days, i.e., from t− 30 to t + 30, and, then, decentralize the series adding m back.
Precisely, we first set all centered missing observations pct = 0. Then, replace the missing
observation pt in each product by m+ (pct−30 + · · ·+ pct−1 + pct+1 + · · ·+ pct+30)/60, where pcj
are centered at m. Note that future missing values are treated as 0. Missing observations in
financial data correspond to no operations on stock exchange, such as saturdays, sundays
and holidays and are replaced by their last observed value.

The data imputation process is applied to missing values excluding those allocated
in end of the series, which are interpreted as not released information.
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The series of prices are highly nonstationary and are not used directly in nowcasting
inflation. Instead, we use their monthly relative average price change, denote xt, which is
stationary. This transformation is an adaptation of (GIANNONE; REICHLIN; SMALL,
2008) to our setting. Moreover, it put prices and inflation in the same scale. The series of
prices within each product j are transformed as follows:

xtj = average(pt−30:t,j)
average(pt−60:t−30,j)

− 1, (3.1)

where ps:t,j = (psj, ps+1,j, ..., ptj) for s < t, and average(·) is the sample average of
the series between brackets.

The new series {xt = (xt1, ..., xtN )} are defined as the variation of the mean prices
for two consecutive periods of 30 days. This transformation ensures that at the end of the
month each series corresponds to mean prices variation between two consecutive periods,
as in the official price index. The first 60 observations of each series are lost after this
transformation.

3.2 Dynamic Factor Model

The factors are modeled using the state space representation. In state space models,
we assume the observations are conditionally independent, given a set of latent variables
which are the factors in our case. The latent variables are Markov in a sense that depend
only on its immediate past.

More precisely, the measurement equation explains prices relatives at time t, xt
(N × 1), as a linear combination of r factors Ft and respective loadings, Λ (N × rp).
Taking Ft as coefficients we have a model with dynamic coefficients evolving according
to a transition equation. The transition equation for the factors is a pth order Vector
Auto-Regressive process, VAR(p), where A (rp×rp) and B (rp×q) are coefficient matrices
and ut (r × 1) is a vector of idiosyncratic shocks. A state space model with two VAR(2)
factors is given in (3.2)-(3.3):
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ut

, (3.3)

where E[εtε′t] = Ψt = diag(ψ̃1,t, ψ̃2,t, ..., ψ̃N,t), E[εtε′t−s] = 0, s > 0 and E[εtu′t−s] = 0
for all s.

Typically, xt’s are high dimensional. (GIANNONE; REICHLIN; SMALL, 2008)
and (DOZ; GIANNONE; REICHLIN, 2011) suggest a two-steps estimator for the factors.
In the first step, loadings Λ, individual variances ψi, i = 1, ..., N , and auto-regressive
parameters A and B are estimated using a fixed set of r factors calculated using principal
components from all available information at time t. Effectively we truncate our data in
the last row without missing. The diagonal matrix Ψt is calculated as

ψ̃i,t =

ψi, if pi,t is available

∞, if pi,t is not available
. (3.4)

As discussed in (GIANNONE; REICHLIN; SMALL, 2008), this procedure enables
the computation of factors even if some observations are not available in the end of the
series. In the second step, the means and variances of factors are recovered using the
Kalman Smoother.1 Denote Ft|T = (f 1

t|T , f
2
t|T , ..., f

r
t|T ), t = 1, ..., T , the sequence of factor

means calculated using information up to time T .

We are required to specify three hyperparameters of the model: the number of
factors r, the order of VAR model p and the number of idiosyncratic shocks q. Above, we
set r = p = q = 2. In our empirical exercise we select these values using information criteria.
First, r is determined as in (BAI; NG, 2002), then p is selected minimizing BIC of the
model. The dimension q is estimated conditional on r = r∗ and p = p∗, following steps in
(BAI; NG, 2007). Let c1 > c2 ≥ · · · ≥ cr∗ ≥ 0 be the first ordered eigenvalues of the residual
covariance matrix of the VAR(p∗) model followed by 0, and at least one is positive. The

eigenvalues are estimated from the model using PCA factors. Let D̂k =
 c2

(k+1)∑r∗
j=1 c

2
j

1/2

denote

1 For description of Kalman Smoother algorithm see (HARVEY, 1990).
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the sequence of normalized eigenvalues and K = {k : D̂k < 1/min [N (1/2)−0.1, T (1/2)−0.1]}.
The number of primitive shocks is q∗ = min {k ∈ K}.

3.3 Computing Nowcasts

3.3.1 Model 1: GIANNONE; REICHLIN; SMALL

Given the series of factors Ft|T up to time T , we move to estimating the nowcasting
equation for inflation. Let ym denote the inflation at time m observed monthly, and
ym|T = E(ym|FT ), where FT is all information up to time T . If m = M ≡ M(T ) is the
current month at time T , ym|T is called the nowcast of inflation in month m given daily
information available up to T . Naturally, ym|T is unobserved and model is estimated using
monthly observations (ym, F ′m|T ) for each month m = 0, ...,M − 1. The inflation ym|T is
assumed to follow a linear process

ym|T = αT + β′TFm|T + εm|T , (3.5)

where the parameters αT and βT depend on the information up to T . We use ordinary
least squares to recover α̂T and β̂T .

Given estimated parameters and factors we nowcast the inflation ŷM |T = α̂T +
β̂′TFT |T . Note that the model has to be estimated each time T based on its past. We use
an expanding window of observations so the number of months M in our dataset increase.

The final nowcast algorithm requires estimating all parameters and factors every
day:

1. Estimate factor means Ft|T , t = 1, ..., T ;

2. Estimate nowcasting equation parameters α̂T and β̂T using low frequency data
(ym, Fm|T ), m = 0, . . . ,M − 1, where M is the current month at time T .

3. Calculate inflation nowcast ŷM |T = αT + β′TFT |T .

An important aspect to the model is that current inflation may be released after
last day of month. We synchronize Fm|T and ym selecting the factor estimated at the last
day of the month m instead of the day of release.

3.3.2 Model 2: ARMA-augmented GIANNONE; REICHLIN; SMALL

(GIANNONE; REICHLIN; SMALL, 2008) nowcasting equation is limited in a
sense that information about inflation and error in previous month is ignored. We propose
augment the nowcasting equation by incorporating an ARMA(1, 1) term to capture recent
dynamics.
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Following the notation in the previous section, the inflation ym|T is assumed to
follow the linear process

ym|T = αT + β′TFm|T + ϕTym−1 + εm|T + θT εm−1|T , (3.6)

where the parameters αT , βT , ϕT and θT depend on the information up to T . We
use quasi maximum likelihood using the Kalman Filter2 to estimate the parameters α̂T ,
β̂T , ϕ̂T and θ̂T .

After estimating the regression parameters, the nowcast for inflation at month M
given information up to T is ŷM |T = α̂T + β̂′TFT |T + ϕ̂TyM−1 + θ̂T (yM−1 − ŷM−1|T ). The
model has to be estimated each time T based on its past. We use an expanding window of
observations so the number of months M in our dataset increase.

3.4 Base Model
The Base model differs from Model 1 in section 3.3.1 in the way factors are

computed. We follow (CAVALLO, 2013) to compute every day the 30-days, category-wise,
supermarket inflation index. Then, indexes are converted into factors that are used in our
nowcasting algorithm.

Let nt,j, j = 1, ..., 72 denote the number of non-missing product-price in each
category j at time t. In each category, let pti denote the price of product i at time t. The
monthly inflation rate is calculated as follows. First calculate the geometric average of
relative prices

Rt,j =
∏
i

 pt,i
pt−1,i

1/nt,j

for each category j and compute the cumulative product for each t:

It,j =
t∏

s=0
Rs,j,

for j = 1, ..., 72 corresponding to all categories. The respective category inflation index is

St,j = average(It:t−30,j)
average(It−30:t−60,j)

− 1, (3.7)

for each t. Naturally we will have to drop the first two-months of observations.

Given the series of category inflation, we construct factors extracting the r principal
components that explain at least 80% of variance. The estimated factors, at time t given
information up to T are denoted Ft|T = (f 1

t|T , · · · , f rt|T )′, where r is the number of selected
factors.
2 See (HARVEY, 1990) for details. This function is implemented in the statsmodel package in Python

or arima function in Stata.
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We calculate the nowcasts as in Model 1 in section 3.3.1. The final nowcasting
algorithm also requires estimating all parameters and factors every day.

3.5 Nowcasting Combination
Estimating factors using all individual products is computationally demanding

as the number of individual products ranges thousands. The Kalman Smoother requires
inverting very large matrices for all instants of time. We overcome this challenge using a
forecasting combination strategy, which have the added advantage of often reducing the
prediction error. In short, we construct B stratified samples with N products, and follow
the methodology to calculate nowcasts that are combined using simple average.

The idea of combining forecasts dates to (BATES; GRANGER, 1969) who show
that combining forecast improve the predictive error. The are has developed since and we
refer to (TIMMERMANN, 2006) for a literature review. There has been some development
on how to weigh forecasts. In practice, uniform weights tend perform well. Estimating
optimal weights, although appealing, usually has poor performance in applications even
when compared to uniform weights (CLAESKENS et al., 2016).

Let k = 1, ..., B denote the index of sampled product series constructed using
stratified sample by category without replacement, hence ensuring adequate representation.
The corresponding nowcasting at time T is ŷ(j)

M |T and is calculated for each sampled series
and each day T following the algorithms in sections 3.3.1, 3.3.2. The combined nowcast is

ŷBM |T = 1
B

B∑
j=1

ŷ
(j)
M |T . (3.8)

In practical terms, we have to select a number of series to be sampled. For practical
reasons we use 200 series to nowcast inflation, which is the same number of series in
(GIANNONE; REICHLIN; SMALL, 2008). The algorithm is not very sensitive to the
number of series. The number of subsamples B is 200.
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4 Empirical Results

We use the dataset in Section 2 to compute daily nowcasts of inflation. Prices from
October, 2007 until July. 2009 are used only for training purposes. We use an expanding
window scheme to nowcast inflation from August 1, 2009 until July 31, 2010, using all
three models presented in Section 3. The dynamic factor models (Model 1 and Model 2)
are estimated using the forecasting combination approach presented in Section 3.5.

The performance of the model is measured both by the Root Mean Square Error
(RMSE), in equation (4.1), and Mean Absolute Error (MAE), in equation (4.2), between
daily nowcasts and observed inflation both at the end of the respective month and also
in all days in our out-of-sample horizon. Recall that M ≡M(T ) is the current month at
time T , ym is the observed inflation for month m and ŷM |T is the nowcast of inflation on
month M given information up to T . Then, the year-average RMSE and MAE are

RMSE =
√√√√1
τ

τ∑
T=1

(yM − ŷM |T )2, (4.1)

and

MAE = 1
τ

τ∑
T=1

∣∣∣yM − ŷM |T ∣∣∣ , (4.2)

where τ is either 12 for monthly comparison and 365 for the entire nowcasting period.

We use the forecasts provided by Focus survey as the benchmark to assess our
results. Focus is a survey of professional forecasters organized by the Central Bank of
Brazil (BCB) that compiles monthly inflation forecasts, updated at any day of the month.
Participants of the survey can update their expectations of inflation for the current month
and months ahead any day before the official inflation release. Central Bank of Brazil
ranks these outputs and publishes the top 5 in recognition to their analytical effort and to
encourage participants improve their predictions.

Our results are compared with the average of all Focus’ nowcasts. We use both the
daily releases and the one updated at the last business day before the announcement of
inflation preview, which are the forecasts used by BCB to compute the rank. This data are
available in the official website of BCB and is a form of forecasting combination, however,
using possibly distinct information sets each candidate.

The hyperparameters in the model and forecasting combination algorithm are set
as follows. The nowcasting algorithm is robust to the number of product series N = 200.
We set the number of samples B = 200. For Model 1, hyperparameters are selected in the
range p ∈ {1, .., 5}, r ∈ {1, ..., 10} using information criteria; for Model 2, p ∈ {1, .., 5} but
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we fix r = 1. The number of primitive shocks is selected conditional on r and p following
(BAI; NG, 2007). Details are found in Section 3.2.

The RMSE and MAE for all models and Focus research are shown in Table 1. The
Focus nowcasts are naturally closer to the target CPI than competing models. Model 1
ranks worst both in terms of RMSE and MAE, whereas Model 2 ranks closer to Focus. In the
monthly performance measurement, base model and Model 1 are almost indistinguishable
in both metrics. In the yearly performance measurement, Base model distinguishes slightly
from Model 1. Model 2 has a better performance in all measures when comparing the
three alternatives. Nevertheless, it is not able to capture CPI dynamics as well as Focus.

Figures 1, 2 and 3 show pointwise comparison between the realized inflation,
Focus’ nowcasts, and out-of-sample predictions from Model 1, Model 2 and Base Model,
respectively. Dynamics of Model 1 and Model 2 are very similar, but Model 2 has a clear
change of level due auto-regressive term. Base model displays a very different dynamics
and oscilates more freely. It also captures the same decline in inflation as observed by
Focus.

Monthly Entire period
RMSE MAE RMSE MAE

Focus 0.0701 0.0567 0.1251 0.0951
Model 2 0.1817 0.1362 0.1815 0.1370

Base model 0.2642 0.2030 0.2326 0.1813
Model 1 0.2550 0.2085 0.25109 0.2024

Table 1 – Comparing models in terms of RMSE and MAE.

Figure 4 compares the number of observations and explanatory variables used to
fit models in-sample. Model 1 always selected the maximum number of factors whereas
Base model started with 13 factors and increased with the number of observations. Model
2 has a fixed number of factors.

In Appendix A and B we show the distribution of individual nowcasts before
combination and the Adjusted R2. In Model 1, individual nowcast before combination vary
symmetrically around their mean, and the range is mostly constant within months, and
not always covering the observed inflation. The R2 tells a similar story presenting a wide
range with means between 5% and 30%, indicating factors explain only a small amount of
variation. Model 2 individual nowcasts do not present a symmetric distribution around
their mean and seems to have more extreme nowcasts, presenting a fat tail. Within each
month, the series are more dynamic but due strong mean concentration, it often fails to
cover observed inflation value. Similarly, adjusted R2 have a wider variation, but factor +
ARMA components improve upon only factors, presenting mean values ranging from 20%
to 50% of variance explained.
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Figure 1 – Realized inflation, Focus’ nowcasts and out-of-sample nowcasts from Model 1.
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Figure 2 – Realized inflation, Focus’ nowcasts and out-of-sample nowcasts from Model 2.

2009-08
2009-09

2009-10
2009-11

2009-12
2010-01

2010-02
2010-03

2010-04
2010-05

2010-06
2010-07

Time

0.0

0.2

0.4

0.6

0.8

IP
CA

∆
%

/N
ow

ca
st

s

IPCA∆%
Nowcasts from Base model
Focus' nowcasts

Figure 3 – Realized inflation, Focus’ nowcasts and out-of-sample nowcasts from Base
model.
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5 Discussion

The discussion is based on results from the dataset from BPP that contains its
biases and, therefore, should be read conditional on our experiment.

The out-of-sample exercise indicated that factors extracted from online prices were
not able to explain most part of brazilian inflation dynamics. It is observed through the
nowcasts provided by the three models and adjusted R2 computed for all regressions. The
poor predictive power of factors can be related to the weight of e-commerce prices on the
computation of brazilian CPI.

Before our work, only (KNOTEK; ZAMAN, 2017) recognized BPP dataset as a
source of information to nowcast CPI. However, these authors avoided the use of such
data arguing that, in U.S., online purchases represent a small share of spending on goods,
and by this fact the dataset would not be able to model inflation.

The results also show that out-of-sample performance change significantly depending
on the way how factors are extracted from online prices. Figure 1 shows that Model 1
failed to capture changes in inflation dynamics, performing similar to historical average.
Base model, however, was able to adjust the level of nowcasts in some months, as in figure
3. It conveys that factors extracted from category-level indexes, computed based on BPP
data, track inflation better than those extracted directly from price series.

These same category-level indexes are used in (CAVALLO, 2013) to compute
official CPI for five Latin American countries including Brazil. Moreover, (APARICIO;
BERTOLOTTO, 2020) explore agregations of BPP data as explanatory variable to predict
CPI, outperforming benchmarks for Euro Area, Australia, Canada and United States. Such
works suggest that aggregations of BPP dataset are more informative than product-level
series to model and forecast inflation, which justifies the improvements obtained from
Base model compared to Model 1.

The best out-of-sample performance is provided by Model 2, which combines the
recent inflation dynamics with factors to predict CPI, as also explored in (APARICIO;
BERTOLOTTO, 2020). In figure 2, it is clear that the ARMA(1, 1) component helped
regulating the level of the nowcasts, which is not observed for the remaining models. This
result corroborates that inflation and error in previous month cannot be ignored from the
information set used to estimate current CPI.

Concerning the estimation process, Figure 4 shows that the number of observations
used to fit models is small compared with the number of explanatory varibales, which
contributes to increase the uncertainty of predictions. For the first estimation window, for
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instance, Model 1 and Base model use 11 and 12 explanatory variables, respectively, to
fit 20 observations of inflation. Thus, the limited out-of-sample performance of proposed
models can also be related to the short in-sample horizon used in estimation process.
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6 Conclusion

This work contributes to nowcasting literature by exploiting data from online
retailers in order to nowcast inflation. While the existing literature on nowcasting inflation
use parsimonious sets of explanatory variables composed basically by off-line series, we
exploit prices scraped from websites to compute daily estimates of current brazilian
inflation. Moreover, our work adapts the popular dynamic factor model in (GIANNONE;
REICHLIN; SMALL, 2008), to handle a extremely large set of price series provided by
The Billion Price Project, not yet used to nowcast macroeconomic variables.

Taking into account the dataset explored, its biases associated to the way how
prices are collected and treated, as well as the period covered by the data, our main
findings are (1) prices from e-commerce are not able to explain most part of brazilian
inflation dynamics, (2) the information set used to compute nowcasts of inflation should
include auto-regressive components.

Concerning the use of online prices, our results show that factors extracted from
category-level indexes are more efficient to nowcast inflation than factors extracted from
stationarized price series. It suggests that future analysis should be developed based on
category-level aggregations, as done in Base model, instead of product-level, as the case of
Model 1 and 2.

Future analysis should also include: rerun the proposed models using a dataset
which cover a longer time horizon. Investigate alternative ways to extract factors from BPP
data, as Machine Learning methods. Explore diffenrent techniques to combine nowcasts,
as the approach proposed by (AASTVEIT et al., 2014). And incorporate off-line series in
the set of explanatory variables, as suggested by the literature.
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APPENDIX A – Distribution of nowcasts
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Figure 5 – Distribution of nowcasts generated by Model 1.
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Figure 6 – Distribution of nowcasts generated by Model 2.
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APPENDIX B – Distribution of R2 and
adjusted R2
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Figure 7 – Distribution of R2 for Model 1.
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Figure 8 – Distribution of adjusted R2 for Model 1.
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Figure 9 – Distribution of R2 for Model 2.
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Figure 10 – Distribution of adjusted R2 for Model 2.
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Figure 11 – R2 and adjusted R2 for Base model.


