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Resumo

Esta tese consiste em três capítulos. Os dois primeiros contribui à literatura
sobre definição de preços, enquanto o terceiro examina o impacto das surpresas da
inflação nos retornos de ativos.

O primeiro capítulo propõe um método para estimativar diretamente o paramê-
tro de complementaridade estratégica, paramêtro que mensura o quanto variações de
preços de uma firma afetam a probabilidade de outros firmas também reajustarem
seus preços. Se a complementaridade estratégica for relevante, tanto os preços quanto
o momento dos concorrentes mais próximos de uma empresa devem influenciar suas
decisões. Os resultados indicam uma complementaridade mais fraca do que previa-
mente apontado pela literatura: a probabilidade de uma empresa mudar os preços se
correlaciona positivamente com a mudança média de preço de todas as empresas,
mas negativamente com a mudança de preço de seu concorrente mais próximo.

O segundo capítulo estende essa análise inicial propondo um modelo teórico
baseado em Woodford (2005), incorporando a visão das empresas sobre os preços de
seus concorrentes mais próximos. Assumindo choques comuns e complementaridade
estratégica local, o modelo deriva uma relação direta entre o preço de uma empresa
e o de seu concorrente. O parâmetro de complementaridade estratégica estimado
é negativo e significativo, indicando que as empresas adotem uma estratégia de
substituição em vez de complementaridade local.

O terceiro capítulo explora como as surpresas da inflação afetam os retornos
intradiários das ações no Brasil ao abordar três questões: (1) Os anúncios não
antecipados do IPC influenciam os retornos das ações? (2) Por quanto tempo o
impacto persiste? (3) A interpretação do mercado depende das condições econômicas?
Os resultados mostram que as respostas do mercado a choques positivos não têm efeito
significativo. O estado da economia, por sua vez, é importante: durante expansões,
os choques negativos levam a uma resposta positiva do mercado de ações em dez
minutos, enquanto os choques positivos não têm impacto. Em recessões, choques
positivos apresentam resultados positivos por 10 a 15 minutos, enquanto choques
negativos geram uma resposta positiva em dez minutos. Esses resultados oferecem
novos insights sobre como as surpresas inflacionárias moldam o comportamento do
mercado de ações.
Palavras-chave: Rigidez de preços; Complementaridade estratégica ; Surpresa de
inflação.



Abstract

This thesis consists of three chapters. The first two contribute to the literature
on price-setting, while the third examines the impact of inflation surprises on asset
returns.

The first chapter proposes a direct estimation method for strategic complemen-
tarity, where a firm’s desired price depends on others’ prices. If strategic comple-
mentarity is significant, both the prices and timing of a firm’s closest competitors
should influence its decisions. The results indicate weaker complementarity than
previously suggested: a firm’s probability of changing prices correlates positively with
the average price change of all firms but negatively with its nearest competitor’s price
change. These findings challenge established views on strategic complementarity.

The second chapter extends this analysis with a theoretical model based on
Woodford (2005), incorporating firms’ consideration of their nearest competitors’
prices. Assuming common shocks and localized complementarity, the model derives
a direct relationship between a firm’s price and its competitor’s. The estimated
strategic complementarity parameter is negative and significant, indicating firms
follow a substitution strategy rather than local complementarity.

The third chapter explores how inflation surprises affect intraday stock returns
in Brazil. It addresses three questions: (1) Do unanticipated CPI announcements
influence stock returns? (2) How long does the impact persist? (3) Does market
interpretation depend on economic conditions? Results show that market reactions
to pooled inflation shocks are negative within the first ten minutes, while positive
shocks have no significant effect. Economic conditions matter: during expansions,
negative shocks lead to a positive stock market response within ten minutes, while
positive shocks have no impact. In stable conditions, positive shocks affect returns
for 5–10 minutes, while negative shocks have no effect. During slowdowns, positive
shocks negatively affect returns for 10–15 minutes, while negative shocks generate
a positive response within ten minutes. These findings offer new insights into how
inflation surprises shape stock market behavior.

Keywords: Price rigidity; strategic complementarity; Inflation surprise.
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Abstract

This paper aims to �ll the gap in the literature by proposing a direct esti-

mation method for the degree of strategic complementarity based on microdata

for São Paulo. It is well established in literature that �strategic complementar-

ity� de�ned as an agent's desired price depends positively on others' prices

is an important feature in price setting models. Strategic complementarity

is vital in price setting, the prices and the timing of change of the closest

competitor should also a�ect a �rm's decision. Accordingly, a direct way of

estimating the strategic complementarity e�ects is to assess the price change

of one �rm against other �rms' adjustments. However, the results imply that

the degree of complementarity is weaker than previously suggested in the

literature. I initially show that the price is signi�cantly correlated with the

price of the same brand and product of the nearest competitor, even controlled

by the average price of all the �rms. The �rm's decision to change prices is

positively correlated with the average price change of all �rms in a given time,

as expected. However, the nearest competitor's price change negatively a�ects

the decision of a �rm to change its prices. All results are robust when we

estimated them by probit. The results show that �rms tend to sustain their

prices next to their principal competitors, which can result from input price

shocks or rent prices. Nevertheless, I do not �nd enough evidence that the

timing of price change is correlated between the closest �rms. The �rst results

challenge the degree of complementarity stated by the literature.
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1 Introduction

Over the past decade, a signi�cant amount of empirical literature in monetary

economics has focused on examining the impact of price rigidity on macroeconomic

variables through microdata. When prices display price rigidity, monetary policy has

real economic e�ects. Ball and Romer (1990) proposed a degree of stickiness known

as strategic complementarity in prices, i.e., the �rms consider the prices of their

competitors when setting prices. Since then, it has become well-established in the

literature that the e�ects of monetary policy are ampli�ed when there are strategic

complementarities in prices.

The degree of strategic complementarity in prices is a critical parameter in

many macroeconomic models, as it a�ects the transmission mechanism of monetary

policy and can have signi�cant implications for the economy's behavior. Therefore,

accurately estimating this parameter is crucial for understanding in�ation and

output dynamics. Some empirical papers based on simulations shed light on the

magnitude of complementarity, such as Klenow and Willis (2006), Burstein and

Hellwig (2007) and Klenow and Kryvtsov (2008). These works found indirect evidence

that complementarity is weaker than previously thought. Some papers proposed to

estimate the complementarity parameter, such as Midrigan (2008) and Bonomo et al.

(2011), in which the authors consider the complementarity measure to be the average

prices of all �rms for a given time.

In this chapter, my aim is to �ll the literature gap by proposing a direct

estimation method for the degree of strategic complementarity based on microdata

for So Paulo. As stated by models proposed by Ball and Romer (1990), Klenow and

Kryvtsov (2008), Nakamura and Steinsson (2008), Barros (2009), an important feature

is �strategic complementarity� in the price setting, de�ned as an agent's desired

price depends positively on others' prices. Then, whether strategic complementarity

is vital in price setting, the prices and the timing of change of the closest competitor

should also a�ect a �rm's decision. Therefore, a direct way of estimating the strategic

complementarity e�ects could be to assess the price change of one �rm against other

�rms' adjustments. By adding the average price of all �rms in the database as a

measure of input shocks or other shocks that a�ect price makers, such as expectation

shocks, the coe�cient of other �rms' prices should be signi�cant and positive.

The price microdata used is provided byFundação Instituto de Pesquisa

Econômica - FIPE, originally used to build the Consumer Price Index (IPC-FIPE).
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This data set contains weekly price information for a diverse range of products and

services at the establishment level in São Paulo1. The data focus on �Food, Cleaning

Materials, and Personal Care�. I initially estimate the degree of complementarity

using OLS and further Probit models to validate the new proposed model.

The results imply that the degree of complementarity is weaker than previously

suggested in the literature. Initially, I show that the price is signi�cantly correlated

with the price of the same brand and product of the nearest competitor, even

controlled by the average price of all the �rms. The decision to change the prices of a

�rm is positively correlated with the average price change of all �rms in a given time,

as expected. However, the nearest competitor's price change coe�cient is negative

and signi�cant. All coe�cients are robust when we estimate them by probit. The

results show that �rms tend to sustain their prices next to their principal competitors,

which can result from input price shocks or rent prices. Nevertheless, I did not �nd

enough evidence that the timing of price change is correlated between the closest

�rms. Then, the �rst results challenge the degree of complementarity stated in the

literature.

1Although the data used contemplating only São Paulo, the correlation of the aggregate in�ation
index measured by the IPC-FIPE and the IPCA in�ation, which encompasses capitals throughout
the country, is high. This fact is already well documented by Gouvea (2007) and Araujo (2018).
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2 Related Literature

Given the recent trend in microdata-based macroeconomic research, the price-

setting literature has bene�ted from the new sources of microdata. Especially during

the 1990s decade, many price-setting models incorporated di�erent sources of rigidity

to make the models' output match the microdata evidence. This article directly

relates to the literature on strategic complementarity, also referred to as real rigidities

in articles such as Ball and Romer (1990).

Despite the new approach proposed in this study to directly measure strategic

complementarity, other studies have already proposed models that include spatial

heterogeneity in price-setting models, such as Woodford (2005) and Gertler and

Leahy (2008). I add to this strand of literature by expanding the spatial analysis

and proposing a direct measure of complementarity based on microdata instead of

calibration.

Ball and Romer (1990) state that small costs of adjusting nominal prices are

also insu�cient to explain important nonneutralities in price and wage setting. The

authors show that only the combination of substantial real rigidity and small costs

of nominal �exibility can lead to signi�cant real e�ects of money. In their proposed

model, the real rigidity is introduced as �strategic complementarity� in the price

setting, de�ned as an agent's desired price depending positively on others' prices.

Then, adjustment by others raises the incentive for a �rm to adjust its prices, and

their desired nominal prices are closely tied to others' prices.

Studies, such as Gertler and Leahy (2008), show that strategic complementarity

is an important feature, especially in state-dependent models, generating more

stickiness than in time-dependent models. The authors introduce complementarity,

also called real rigidities, by assuming a segmented labor market as in Woodford

(2005). They assume a continuum of �islands�, and there is a continuum of households

of mass unity on each island. Households can only supply labor on the island where

they live. The rest of their model includes an analytically tractable Phillips curve

relation based on state-dependent pricing. The model can match the micro evidence

on the frequency and magnitude of price adjustments.

In your turn, Woodford (2005) proposes a structural model to better develop

the concept of strategic complementarity. The author states that pricing decisions

are strategic complements whether a rise in the prices charged for other producers

increases the optimal price of a producer. On the other side, strategic substitutes
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occur when an increase in the price of other producers reduces the optimal price of

one �rm. Usually, in standard RBC models, especially those developed in the 1990s,

the complementarity or substitutability was given by the slope of the in�ation-output

trade-o� in the New Classical model, represented by the coe�cient� , or the elasticity

of the notional short-run aggregate-supply (SRSA) curve.� greater than one implies

strategic substitutes, while� lower than one means that pricing decisions should

be strategic complements. The author argues that strategic complementarities in

prices could also be increased by the dependence of output on intermediate goods, as

proposed by Basu (1994), or by relaxing the constant-elasticity between di�erentiated

goods, as seen by Kimball (1995).

Woodford (2005) explore the sources of strategic complementarity between

di�erent models commonly seen in the literature. In the early 1990s, many authors

proposed RBC models with sticky prices, and the calibration of those models pointed

to strategic substitutability. However, Woodford (2005) states that many of the

models proposed at the time assumed factor markets in the common economy,

implying the same marginal cost of supply for all goods as in Chari et al. (2000)'s

model. The calibration of these models implies a high value of� , values around 2.25

as in Chari et al. (2000), indicating a signi�cant degree of strategic substitutability.

Even with the linear utility of consumption, as these models assumed, the degree of

diminishing returns to labor in the production function and the degree of increasing

marginal disutility of work, � would still be 1.25. On the other hand, assuming

speci�c factor markets, the value of� would drop to 0.17, indicating a high degree of

strategic complementarity. Thus, Woodford (2005) concludes that the assumption

of common factor markets is a crucial hypothesis to �nd that pricing decisions are

strategic substitutes.

According to Burstein and Hellwig (2007), pricing complementarities can result

from microeconomic or macroeconomic features, such as decreasing returns to scale,

local or �rm-speci�c input markets, or variable mark-ups at the �rm level. The

authors measure the relative signi�cance of certain pricing complementarities based

on a standard menu cost model proposed by Golosov and Lucas (2007). In the model,

the parameters re�ecting the pricing complementarity determine how a �rm's optimal

pricing decisions is based on how �rms interact with idiosyncratic shocks. Their

calibration suggests that �rm-level pricing complementarities that amplify the e�ects

from nominal rigidities are inconsistent with microdata evidence. The results come

from two reasons: stronger �rm-level pricing complementarity raises �rms' incentive

to change prices much more frequently than observed in microdata; so to match the
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microdata evidence, the menu costs must be larger than accepted. Second, a model

with stronger pricing complementarities generates much more asymmetry than that

observed in the data. Price increases become more frequent than real evidence, but

smaller in size than price decreases.

Enhancing the weak evidence of strategic complementarity, Bils et al. (2009)

simulate DSGE models featuring time-dependent pricing and state-dependent pricing,

with and without strategic complementarities, to compare the output of each model.

The complementarities are introduced through intermediate goods, following Basu

(1994). According to the authors, in state-dependent models, strategic complemen-

tarities should dampen the volatility of reset price in�ation, de�ned as the weighted

average change of reset prices considering only price changes, and at the same time,

boost its persistence. The results show that time-dependent models, with or without

strategic complementarities, and state-dependent models, with strategic comple-

mentarities, create high persistence and low volatility in in�ation. However, the

state-dependent model without any complementarity feature matches the empirical

patterns observed in microdata, volatility, and in�ation persistence after a nominal

shock. The authors state that other complementarities, such as sticky wages or sticky

information rather than sticky intermediates, can generate similar predictions for

the persistence of reset price in�ation.

In your turn, Barros (2009) check whether strategic complementarity is consis-

tent with microdata by directly estimating this feature in a state-dependent pricing

model. According to the authors, studying how individual price variation depends

on macroeconomic variables can not be the best way to address strategic comple-

mentary, given that price changes can re�ect frictionless optimal price changes and

the frequency of price adjustments. Then, the authors propose an sS pricing rule, in

which non-observable idiosyncratic and aggregate shocks allow the model to relate

the probability of adjustments and the conditional mean of changes in the frictionless

optimal price context since the last adjustment. From various structural models, the

authors �nd the �rm's frictionless optimal price, and assuming the sS pricing rule,

the authors directly �nd the probability of adjustments of each �rm as a function

of frictionless optimal price since the last adjustment. The microdata used are the

CPI-FGV in Brazil for the 1996-2006 period. Although previous studies have found

weak strategic complementarity, the results of Barros (2009) show a substantial

degree of strategic complementarity, as its range is from 0.03 to 0.10 for the economy

as a whole - similar to the evidence found by Gertler and Leahy (2008), which shows

a parameter of 0.08.
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However, as Barros (2009) cited, a limitation of their study is on the demand

side, which does not incorporate any time dependency due to information friction.

The model proposed in the following chapter includes this discussion by estimating

the complementarity strategy parameter in more than one period of time, a dynamic

model. While the standard model considers adjustment prices in the same period, I

also run a dynamic model in which the decision to change the price of a �rm depends

on the lagged adjustment price of the island where the �rm is settled.
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3 Data

The main database used in this study is the price microdata fromFundação

Instituto de Pesquisa Econômica - FIPE, which is used to build the Consumer Price

Index (IPC-FIPE), an important price index in Brazil. The database contains weekly

price information for a wide range of products and services at the establishment level

in the city of São Paulo2. The treated sample covers the period 1995 to 2023. In

this section, I present the dataset used in our estimation, some important statistics

about the data, such as the number of products and brands, and statistics about

price, such as frequency and average price changes.

3.1 Data set description

The initial database started in January 1990 and ended in December 2023. The

data focus on the �Food, Cleaning Materials, and Personal Care� category, covering

100% of the in�ation in this sector, and all prices are identi�ed by their store and the

location of the store, more speci�cally the ZIP. The database contains detailed price

quotes and store-level information. Following Araujo (2018) and Barros (2009), we

refer to the most disaggregated level of the data as an item, de�ned as a product of

a determinate brand and a story over time. Each item in the data set is surveyed at

least once a month. However, some items in the category �Food, Cleaning Materials,

and Personal Care� have been observed with intervals of 10 days.

As noted above, the data do not contain a �price �ag�. Following Bils and

Klenow (2004) and Nakamura and Steinsson (2008), the identi�cation of promotions

is made applying �sale �lter�. The sale �lter approach identi�es V-shaped price

patterns and classi�es them as �sales�. Despite its use, two main drawbacks have

already been established in the literature. As noted in Nakamura and Steinsson

(2008), the �rst issue is related to a monthly data set because the �lter cannot

identify sales followed by a regular price change within the same month. Second,

some products with more volatile prices will rarely be identi�ed as prices, as the

probability of the price returning to the same price before the sale is near zero.

This last dilemma can be mitigated by considering asymmetric V-shapes, that is,

whenever a change follows a sale in the regular price. Even recognizing these issues,

2Although the data used contemplating only São Paulo, the correlation of the aggregate in�ation
index measured by the IPC-FIPE and the IPCA in�ation, which encompasses capitals throughout
the country, is high. This fact is already well documented by Gouvea (2007) and Araujo (2018) and
Rodrigues and Oliveira (2023)
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we apply the sale �lter to have more robust results when comparing the results with

all observations to the sample, excluding all sales recognized by the �lter.

3.2 Treatment of sample and some statistics

The original sample available by FIPE contains 33,233,021 observations dis-

tributed in 356 distinct establishments and 20,958 brands over 20 years, from 1990,

when in�ation was not yet controlled, to 2023. However, these numbers include sales

and administered prices; only some establishments are located. Then, the database

must be previously treated, and we must merge the establishments with their re-

spective ZIP code. The primary �lters applied were the delimitation of the period

analyzed in this work and the exclusion of prices administered by contracts and mon-

itored, whether regulated by the Federal, State, Municipal Government or regulatory

agencies. The analyzed period comprises January 1995, after the implementation

of �Real Plan� to December 2023. Administered prices are established by contract

or public agency and, therefore, are less sensitive to supply and demand conditions.

In short, contracts provide for readjustments according to past in�ation, so this

indexation makes these prices �dependent on the past� less sensitive to economic

cycles. The administered prices include medicines, fuel, and tari�s associated with

public service. In general, these prices represent 2.7% of the initial sample. Finally,

we have to merge the markets to their location, and unfortunately, we have only

224 markets located in the complete sample and 222 in the period analyzed. Table 1

summarizes the numbers of original and treated samples. The �nal data set represents

around 43. 2% of the original.

Table 1: Initial descriptive statistics

Original Treated

Observations 33,233,021 14,369,443
Establishments 356 222
Brands 20958 12639

3.3 De�nitions

The de�nitions described in this section are used to calculate the frequencies

and sizes of price variations and are similar to those used by Araujo (2018) and
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Barros (2009)Let pi;t be the logarithm of the price of itemi in period t, where

t = 1; : : : ; T: I it is an indicator variable given by:

I it =

8
<

:
1 if p it 6= pit � 1

0 if p it = pit � 1;
(1)

the variable I it is de�ned only if both observationst and t � 1 are observed (not

missing).

Each item i belongs to a product categoryy, wherey = 1; :::; Y. The frequency

of price changes for a given producty in a given periodt is given by:

f yt =
X

i 2 Syt

I it

Nyt
; (2)

where:

Syt = f i 2 y; I it 2 f 0; 1gg; (3)

Syt is the set of di�erent missingprices of itemi belonging to sectory and Nyt � # Syt

denotes the number of elements in the setSyt , therefore, it is a cardinal number. The

frequency of price changes for a producty is de�ned as the fraction of all observations

whose prices changed in relation to the total number of observations of producty.

In turn, each category of producty belongs to a sectorj , where j = 1; :::; J .

The frequency of price changes for a given sectorj , f j , is the average frequency

of all products belonging to the sector weighted by their respective weights in the

POF-FIPE, ! yt :

f jt =
X

y2 j

! yt f yt : (4)
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Table 2: Weights

Weights (%)
Sectors POF98=99 POF 09=10 POF 11=13
Period 2000� 2010 07=2011� 06=2015 07=2015� 2023
Housing 32.79 30.94 31.12
Food 22.73 22.92 24.55
Transportation 16.03 17.58 14.72
Person expenditures 12.30 11.91 13.64
Healthcare 7.08 7.71 6.09
Apparel 5.29 5.25 6.62
Education 3.78 3.68 3.25

The vector of product weights,! yt , varies over time according to the variations

in the POF-FIPE, as summarized in Table 2. The weights are recalculated so that
P Y

y=1 ! yt = 1 for every periodt. Furthermore, the de�nitions of the frequencies of

positive and negative adjustments for a given sectorj are given, respectively, by:

f +
jt =

X

y2 j

0

@! yt

Nyt

X

i 2 Syt

I +
it

1

A ; (5)

f �
jt =

X

y2 j

0

@! yt

Nyt

X

i 2 Syt

I �
it

1

A ; (6)

whereI +
it = 1 if pit > p it � 1 and, analogously,I �

it = 1 if pit < p it � 1.

Finally, the total frequency of price changes, considering all products in the

sample, in a given periodt is given by:

f t =
YX

y
! yt f yt ; (7)

thus, the frequencies of positive and negative adjustments, considering the entire

sample, are given by:

f +
t =

YX

y=1

0

@! yt

Nyt

X

i 2 Syt

I +
it

1

A ; (8)
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f �
t =

YX

y=1

0

@! yt

Nyt

X

i 2 Syt

I �
it

1

A ; (9)

by de�nition, f t = f +
t + f �

t .

The following de�nitions refer to the size of price changes. The average size of

price adjustments for a given producty in a period t is given by:

� pyt =
X

i 2 S�
yt

j� pit j
N �

yt
; (10)

whereS�
yt is de�ned as:

S�
yt = f i 2 y; I it = 1g; (11)

S�
yt is the set of observations in which itemi , belonging to sectory, changes in price

and, similarly, N �
yt � # S�

yt . Whereas,j� pit j = j pit
pit � 1

� 1j.

The average size of price adjustments for a given industryj in a period t is

given by:

� pjt =
X

y2 j

! yt j� pyt j =
X

y2 j

0

@! yt

N �
yt

X

i 2 S�
yt

j� pit j

1

A ; (12)

the mean absolute sizes of positive and negative price changes for an industryj are

given, respectively, by:

� p+
jt =

X

y2 j

! yt j� p+
yt j =

X

y2 j

0

B
@

! yt

N � +
yt

X

i 2 S� +
yt

j� p+
it j

1

C
A ; (13)

� p�
jt =

X

y2 j

! yt j� p�
yt j =

X

y2 j

0

B
@

! yt

N ��
yt

X

i 2 S��
yt

j� p�
it j

1

C
A ; (14)

where the sets are de�ned asS� +
yt = f i 2 y; pit > p it � 1g and S��

yt = f i 2 y; pit < p it � 1g,

and the number of elements in each of these sets is given byN � +
yt � # S� +

yt and

N ��
yt � # S��

jt .

For the size of price variations considering the entire sample, the following

de�nitions apply, analogous to those presented above:
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� pt =
YX

y=1

! yt j� pyt j; (15)

� p+
t =

YX

y=1

! yt j� p+
yt j; (16)

� p�
t =

YX

y=1

! yt j� p�
yt j; (17)

from the de�nitions, it follows the identity � pt = f +
t

f t
� p+

t + f �
t
f t

� p�
t .

3.4 Descriptive statistics

Table 3 presents the average frequency of price changes and the average size

over the entire analyzed period. On average, 43.10% vary monthly, and, conditional

on price changes, the average magnitude of the variation is 12.90%. Among prices that

vary, price increases are more frequent (54.7% of adjustments) and larger (13.79%

versus 11.79%) on average than price decreases. The results found are in line with

those reported in the literature. When analyzing the period after Plano Real, 1995 to

2007, Araujo (2018) shows that 36.8% of prices vary monthly, and these increase, on

average, 11.4% and reduce by 9.9%. The frequency observed is higher than observed

in the literature since our sample is focused on the food category. In Rodrigues and

Oliveira (2023), the authors show speci�c statistics for this category, whose frequency

of price change is 42.7% and the average size of the shift is 14%, considering the

period of 2000 to 2020. Gouvea (2007) analyzes IPE-FGV microdata from 1996 to

2006, in which the average price increase is greater than the size of the fall, 16%

compared to 12.6%. Figure 1 presents all frequencies along the time to complete the

analysis.

Table 3: Frequency of price changes

Total Increase Decrease

Frequency of price changes 43.10% 23.57% 19.52%
Absolute size of price changes 12.90% 13.79% 11.79%
Absolute median of price changes 9.09% 8.96% 9.10%
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Figure 1: Frequency price change
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Table 4: Distribution of the size of price changes (%)

Price changes <2.5 % <5% <10% <20%

Total 13.44 28.69 53.66 80.76
Increases 13.27 28.82 53.69 79.51
Decreases 13.65 28.52 53.63 82.34

Table 4 illustrates the low skewness of price adjustment. Considering both

increases and decreases in prices, 13.44% of price variation is minor than 2.5% of its

original price, while 28.69% of price changes vary less than 5%. Most of the prices

change, 53.66%, change less than 10%. When we observe only price increases, we

see that considering an upward change in prices, 53. 69% are smaller than 10%, and

considering price decreases, this number is 53.63%. When we compare small price

changes, by 2.5% of variation, price decreases are more frequent, 13.65% against

13.27% of price increases, implying that, on average, price decreases are minor than

price increases.

On the other hand, when considering price adjustments up to 5%, we observe

that price increases are more frequent than decreases, 28.82% versus 28.52%. Figure

2 plots the histogram of price change, considering increase and decrease in price. As

already pointed out by the statistics above, there is a higher density of smaller price

changes, especially in variations minor than 10%. Moreover, some pronounced peaks

in variations are 10%, 20%, and 25%, which are related to sales in the case of price

drops.

In Appendix A, I present the same descriptive statistics after applying the

�Sales �lter�. In this statistics, three di�erent windows to the sale price returned to

the initial price were used: 1, 2, or 3 months. The descriptive statistics cleaned of

sales prices align with the statistics presented in Barros (2009) and Gouvea (2007).
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Figure 2: In�ation density
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3.5 Descriptive analysis by districts

This section provides descriptive statistics by district, enhancing the hetero-

geneity among them and supporting the importance of understanding the motivation

of �rms when setting their prices. Figure 3 illustrates the number of di�erent brands

in each district observed in the data set (a) and the number of unique products

(b). The smallest number of distinct brands is observed in �Barra Funda�, with 421

distinct brands, while the maximum is observed in �Santo Amaro�, with 9948 brands.

The representation of products in the dataset is similar. The districts with the fewest

products are �Jaguara�, with 145 unique products, and �Barra Funda�, with 128. In

contrast, �Santo Amaro� and �Mooca� have the highest numbers, comprising 359

and 367 products, respectively.

Figure 5 illustrates the average frequency of price changes over the analyzed

period for Food (a) and Personal expenses (b) by district3. The heterogeneity among

the districts is clearly depicted in these maps, highlighting how price-setting policies

can vary even within the same city, suggesting that local shocks may play a signi�cant

role in a structural model. In examining map (a), we observe a wide range of changes

in average prices across districts, with a minimum of 35.4% and a maximum of 75.6%.

This indicates that in one district, approximately one third of prices change each

month, while in another, nearly three-quarters of prices are adjusted monthly. The

standard deviation for these districts is 9. 7%. In contrast, map (b) represents price

changes for personal expenses, where the average between districts is 43. 4% with a

standard deviation of 10.3%. In particular, districts such as �República� experience

less than 25% of prices changing each month, whereas more than 60% of prices are

adjusted monthly in districts such as �Cidade Ademar� or �Carrão�.

Table 5 enhances the analysis of local heterogeneity in price-setting. It presents

statistics on the average price changes by sector, as well as the averages of positive and

negative price changes separately. A comparison of positive and negative adjustments

reveals that the mean and standard deviation of positive adjustments are signi�cantly

higher than those of price decreases. This indicates that, in districts, price increases

are more variable than price reductions.

At the bottom of the table, we �nd statistics on the size of these positive and

negative variations. When focusing solely on price increases, the average adjustment

size varies between districts, ranging from 11.3% in Education to 18.5% in Food

3Maps for the other �ve categories can be found in the Appendix B.
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and Healthcare. The Apparel category demonstrates the highest level of dispersion,

with an 8.3% standard deviation; for instance, prices for the same items �uctuated

by 4.7% in one district, while in another district they surged by 44.1%. In contrast,

price reductions are less frequent and the dispersion in all sectors is lower compared

to price increases. The Apparel category again shows the greatest variation, with

a standard deviation of 5.4%. Here, the district with the most signi�cant negative

change experienced a price cut of 30%, while the district with the smallest reduction

saw an average cut of just 0.04%.
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(a) (b)

Figure 3: Number of brands and products by districts
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Figure 4: Number of stores by district
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(a) (b)

Figure 5: Average frequency of price changes by category and district
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Change
Sectors mean sd Change median min max
Food 0.564 0.097 0.565 0.354 0.755
Personal expenses 0.434 0.103 0.420 0.207 0.631
Education 0.313 0.181 0.270 0.000 0.841
Housing 0.483 0.095 0.501 0.180 0.648
Healthcare 0.044 0.022 0.042 0.000 0.128
Transportation 0.202 0.183 0.138 0.033 0.933
Apparel 0.691 0.144 0.727 0.209 0.906

Change positive
Sectors mean sd median min max

Food 0.324 0.052 0.324 0.194 0.419
Personal expenses 0.261 0.057 0.259 0.135 0.386
Education 0.185 0.093 0.163 0.000 0.420
Housing 0.283 0.053 0.284 0.109 0.392
Healthcare 0.039 0.019 0.040 0.000 0.114
Transportation 0.114 0.086 0.085 0.016 0.495
Apparel 0.346 0.080 0.363 0.099 0.486

Change negative
Sectors mean sd median min max

Food 0.241 0.049 0.243 0.146 0.369
Personal expenses 0.173 0.050 0.172 0.072 0.274
Education 0.128 0.092 0.103 0.000 0.451
Housing 0.200 0.048 0.210 0.070 0.297
Healthcare 0.005 0.005 0.004 0.000 0.024
Transportation 0.088 0.108 0.048 0.005 0.508
Apparel 0.345 0.083 0.362 0.110 0.505

Size positive
Sectors mean sd median min max

Food 0.185 0.028 0.185 0.101 0.262
Personal expenses 0.155 0.029 0.154 0.091 0.249
Education 0.113 0.031 0.107 0.066 0.215
Housing 0.149 0.031 0.147 0.088 0.313
Healthcare 0.185 0.056 0.177 0.096 0.328
Transportation 0.134 0.057 0.126 0.016 0.382
Apparel 0.148 0.083 0.123 0.047 0.441

Size negative
Sectors mean sd median min max

Food -0.140 0.016 -0.138 -0.185 -0.094
Personal expenses -0.124 0.018 -0.121 -0.198 -0.083
Education -0.092 0.024 -0.089 -0.167 -0.025
Housing -0.118 0.016 -0.116 -0.167 -0.083
Healthcare -0.152 0.061 -0.152 -0.301 0.000
Transportation -0.111 0.049 -0.101 -0.325 -0.013
Apparel -0.123 0.054 -0.111 -0.299 -0.004

Table 5: Average frequency of price changes and the average size by category
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4 Empirical Results

The results provide compelling evidence that challenges the degree of comple-

mentarity observed in the recent literature models. Before delving into the analysis

of price change as the dependent variable, an OLS model was performed to con�rm

whether prices correlate with competitors. I treated the price as the dependent

variable and examined whether the price of a �rm is associated with the price of the

nearest �rm, controlled by the city's mean. Table 6 presents this initial result, which

reveals a positive correlation between prices and the price of the closest competitor

and a strong correlation with the average price of the city. The average price can

represent aggregate shocks or input price shocks that a�ect all prices, a critical

insight from our research.

Table 6: Price competition

Dependent Variable Price
OLS

Intercept -0.01���

(0.00)
PriceCompetitor 0.09���

(0.00)
AveragePrice 0.91���

(0.00)
R2 0.98
Adj. R 2 0.98
Num. obs. 1,116,264

The standard deviations are in parenthesis.

��� p < 0:001; �� p < 0:01; � p < 0:05

Next, I proceed to run a probit model to support our statement. I considered

the dummy variable of price change as the dependent variable and the dummy of

the price change of the closest competitor as the independent variable. As a control

variable, the average price of that item in the city. The �rst column of Table 7

presents this �rst result, which is the most important to recover the parameters

of the structural model proposed in the previous chapter. The result shows that

the price setting of the closest competitor does not positively a�ect the decision

to change a �rm's price, i.e., the complementarity can be weaker than what the

literature has been stating. In column 2, a dynamic price-setting component is added
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to the regression. Instead of analyzing the independent variables in the same period

as the dependent variable, the model considers the 1-period lagged variables. In

other words, when �rms set their prices, they look back at other �rms' prices in the

previous period. However, analyzing the results, there is no substantial di�erence

between the regression with all variables in the same period and with the variables

in the previous period.

Table 7: Dynamic regressions

Dependent Variable Price Change
Probit

Time of dependent variables t t-1

Intercept -1.68��� -0.67���

(0.00) (0.00)
ChangeCompetitor -0.21��� -0.11���

(0.00) (0.00)
AverageChange 3.27��� 1.72���

(0.01) (0.01)
Num. obs. 1,116,264 470,147
Log Likelihood -590,358.25 -289,856.31
Deviance 1,180,716.50 579,712.62

The standard deviations are in parenthesis.

��� p < 0:001; �� p < 0:01; � p < 0:05

Table 8 presents only regressions for price change but segmented in total price

change, i.e., negative and positive adjustment of prices, only positive price change,

and only negative price change. The models were estimated using OLS and probit

models. The results show that positive price changes (columns 3 and 4) are negatively

correlated with the decision of the closest �rm to adjust its price positively; in other

words, the decision to raise the price is not correlated to the rising price of the closest

�rm. In a coordination model, it would be expected that when a �rm changes its

price, the closest �rm would also be more prone to alter its price. The results of probit

and OLS estimations are consistent. Columns 5 and 6 show the same regression but

with a price decrease. The estimations also state that a price reduction is less likely

if the closest competitor changes its price.

Table 9 shows the exact probit models estimated in Table 8 but adds the

dynamic regression of these models (columns 2, 4, and 6). There is no signi�cant
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di�erence when we consider the competitor's variables at the same time or lagged,

enhancing the robustness of the results.
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Table 8: Decision of changing prices

Dependent Variable Price Change Price Change Price Change
Total Positive Negative

OLS Probit OLS Probit OLS Probit

Intercept -0.02��� -1.68��� -0.00��� -1.70��� -0.00��� -1.76���

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
ChangeCompetitor -0.07��� -0.21���

(0.00) (0.00)
AverageChange 1.03��� 3.27���

(0.00) (0.01)
ChangeCompetitorPositive -0.11��� -0.38���

(0.00) (0.00)
AverageChangePositive 1.05��� 3.60���

(0.00) (0.01)
ChangeCompetitorNegative -0.10��� -0.38���

(0.00) (0.00)
AverageChangeNegative 1.03��� 3.77���

(0.00) (0.01)
R2 0.29 0.25 0.25
Adj. R 2 0.29 0.25 0.25
Num. obs. 1,116,264 1,116,264 1,116,264 1,116,264 1,116,264 1,116,264
Log Likelihood -590,358.25 -512006.10 -461,204.75
Deviance 1,180,716.50 1024012.19 922,409.49

The standard deviations are in parenthesis.

��� p < 0:001; �� p < 0:01; � p < 0:05
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Table 9: Decision of price change - Dynamical regressions

Dependent Variable Price Change Price Change Price Change
Total Positive Negative

Probit Probit Probit Probit Probit Probit
Time of dependent variables t t-1 t t-1 t t-1

Intercept -1.68��� -0.67��� -1.70��� -0.93��� -1.76��� -1.01���

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
ChangeCompetitor -0.21��� -0.11���

(0.00) (0.00)
AverageChange 3.27��� 1.72���

(0.01) (0.01)
ChangeCompetitorPositive -0.38��� -0.05���

(0.00) (0.00)
AverageChangePositive 3.60��� 1.49���

(0.01) (0.01)
ChangeCompetitorNegative -0.38��� -0.04���

(0.00) (0.01)
AverageChangeNegative 3.77��� 1.38���

(0.01) (0.01)
Log Likelihood -590,358.25 -289,856.31 -512,006.10 -278,851.50 -461,204.75 -257,233.31
Deviance 1,180,716.50 579,712.62 1,024,012.19 557,703.00 922,409.49 514,466.63
Num. obs. 1,116,264 470,147 1,116,264 470,147 1,116,264 470,147

The standard deviations are in parenthesis.

��� p < 0:001; �� p < 0:01; � p < 0:05
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In addition, I analyze how the size of price changes is correlated between

two competitor �rms. We consider the size of the price change of the �rms as

the dependent variable, explained by the size of the price change of their closest

competitors, controlled by the average price change of �rms around the city. Table

10 presents this result. As expected, the city's average frequency of price change is

positively correlated with the decision to change a price, as shown in the second

column. The third column presents the same regression but with the dynamic

component, i.e., the competitor size of price change is included in one period lagged.

However, the signal of the competitor variable changes and becomes negative; in

other words, when a �rm sets its prices, the higher the size change of its closest

competitor, the lower the adjustment size of its price change. This last result indicates

competition between �rms.

Table 10: Size of price change - dynamic regressions

Dependent Variable Size of price change
OLS

Time of dependent variables t t-1
Intercept -0.02��� 0.03���

(0.00) (0.00)
SizeCompetitor 0.58��� -0.16���

(0.00) (0.00)
AverageCompetitor 1.09��� 0.53���

(0.00) (0.00)
R2 0.93 0.10
Adj. R 2 0.93 0.10
Num. obs. 357,242 189,822

The standard deviations are in parenthesis.

��� p < 0:001; �� p < 0:01; � p < 0:05

To sum up, Table 11 summarizes the main results presented in the tables above

and includes �xed e�ects. The results enhance the robustness of the e�ects estimated.



C
hapter

1.
A

n
em

piricaltest
of

com
plem

entarity
in

price
setting

42

Table 11: Results including �xed e�ects

Dependent Variable Price Price Change Size
OLS OLS OLS OLS Probit OLS OLS

Intercept -0.0138��� -0.0474��� -0.0094��� -0.1039��� -2.0415��� -0.0179��� -0.0277��

(0.0003) (0.0024) (0.0013) (0.0070) (0.0252) (0.0008) (0.0113)
PriceCompetitor -0.0231��� -0.0303���

(0.0015) (0.0015)
AveragePrice 1.0194��� 1.0266���

(0.0015) (0.0015)
ChangeCompetitor -0.1132��� -0.1380��� -0.4599���

(0.0015) (0.0015) (0.0053)
AverageChange 1.0734��� 1.0861��� 3.6575���

(0.0025) (0.0025) (0.0108)
SizeCompetitor 0.5551��� 0.5492���

(0.0022) (0.0022)
AverageSize 1.2181��� 1.2350���

(0.0061) (0.0061)
Time �xed e�ects No Yes No Yes Yes No Yes
R2 0.9838 0.9839 0.3355 0.3575 0.9535 0.9537
Adj. R 2 0.9838 0.9839 0.3355 0.3572 0.9535 0.9536
Num. obs. 446,785 446,785 446,785 446,785 446,785 150,374 150,374

Sample: 2000 - 2010

The standard deviations are in parenthesis.

��� p < 0:001; �� p < 0:01; � p < 0:05
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5 Robustness Check

There are two main robustness checks for the results presented. The �rst

involves excluding sales identi�ed by Nakamura's Sales Filter from the sample, as

shown in Appendix C. The second robustness check adds a lagged component to

the main regressions. Including an AR(1) term helps capture dynamics not directly

accounted for in the baseline speci�cation presented in the previous section. For

instance, including the lagged dependent variable can help control for how far a �rm

is from its optimal price.4 If a �rm adjusted its price in the previous period, it is

likely closer to its optimal price compared to a �rm that did not.

Table 12 presents the results of adding the lagged component, estimated using

both OLS and Probit methods. The probability of having changed prices in the

previous period positively in�uences the probability of changing prices again. This

result is robust to the inclusion of time �xed e�ects (second column) and to estimation

via the Probit model (last column). This �nding suggests that a price change in the

previous period increases the likelihood of a subsequent price change, which supports

the idea of weaker strategic complementarity and indicates a pricing strategy driven

more by substitution motives. However, this e�ect may also re�ect the role of sales,

which could have a stronger substitutability component.

To further investigate this, Table 13 separately analyzes price increases and

decreases, including lagged indicators for price changes. The second and third columns

examine the probability of a price increase: the second column includes the lagged

dependent variable, while the third adds the lagged dummy for a prior price decrease.

The results indicate that a price increase in the previous period raises the probability

of another increase, while the fourth column shows that a prior price decrease also

signi�cantly raises the likelihood of a price increase. In both cases, the coe�cient

on the closest competitor's price is negative and larger in absolute value when the

positive lagged variable is included. This suggests that, even in a context potentially

in�uenced by sales, �rms exhibit substitution-based pricing strategies.

Considering price decreases, we again observe mean reversion: an increase in

the previous period raises the likelihood of a price decrease in the current period

more than a previous price decrease does. Once more, the coe�cient on the closest

competitor's price remains negative in both regressions, further supporting the idea

that sales follow a substitution strategy.

4I thank Carlos Viana for raising this point and encouraging me to explore this speci�cation.



Chapter 1. An empirical test of complementarity in price setting 44

Finally, Table 14 examines how the magnitude of a price change in one period

a�ects price variation in the subsequent period. Here, the signs of coe�cients change

from the previous section, and turn negative, enhancing the argument of substitution

strategy. The negative sign means that �rms inversely adjust their prices compared

to their closest competitor.
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Table 12: OLS and Probit of price change including AR(1)

OLS OLS OLS - AR(1) Prob Prob - AR(1)
ChangeCompetitor -0.2197��� -0.2447��� -0.2063��� -0.8522��� -0.8330���

(0.0017) (0.0017) (0.0017) (0.0067) (0.0076)
AverageChange 1.2058��� 1.2212��� 0.9667��� 1.4400��� 1.0550���

(0.0028) (0.0028) (0.0029) (0.0140) (0.0160)
LagChange 0.8723��� 1.1820���

(0.0024) (0.0060)
Fixed e�ects No Yes Yes Yes Yes
R2 0.3894 0.4105 0.5005
Adj. R2 0.3894 0.4092 0.4993
Num. obs. 335,814 335,814 348,464 335,814 348,464
AIC 298,997.3382 236,909.7511
BIC 361,048.2920 228,259.2659
Log Likelihood -148,478.6691 -114,457.3756
Deviance 296,953.3382 229,154.7511
��� p < 0:001; �� p < 0:01; � p < 0:05
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Table 13: Probit of price change including AR(1)

Independent variable Change Change Pos Change Neg

Dependent variable LagChange LagChangePos LagChangeNeg LagChangeNeg LagChangePos
ChangeCompetitor -0.7710���

(0.0078)
AverageChange 3.9620���

(0.0159)
LagChange 0.9081���

(0.0063)
ChangeCompetitorPos -0.8696��� -0.8651���

(0.0082) (0.0083)
AverageChangePos 4.5545��� 4.5514���

(0.174) (0.177)
LagChangePositive 0.0993��� 0.3927���

(0.0068) (0.0071)
ChangeCompetitorNeg -0.9318��� -0.9277���

(0.0093) (0.0092)
AverageChangeNeg 4.8675��� 4.8750���

(0.0197) (0.0196)
LagChangeNegative 0.6355��� 0.1570���

(0.0072) (0.0078)
Fixed e�ects No No No No No
AIC 210,857.3368 205,662.9102 177,590.6128 174961.4124 284037.5586
BIC 210,899.1424 205,704.7158 177,632.4184 175003.2180 284079.3642
Log Likelihood -105,424.6684 -102,827.4551 -88,791.3064 -87,476.7062 -142,014.7793
Deviance 210,848.3368 205,654.9102 177,582.6128 174,953.4124 284,029.5586
Num. obs. 255,608 255,608 255,608 255,608 255,608

The standard deviations are in parenthesis.

��� p < 0:001; �� p < 0:01; � p < 0:05
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Table 14: Size of price change including AR(1)

Independent variable Size Neg Size Pos

Dependent variable LagSizeNeg LagSizePos LagSizePos LagSizeNeg
Intercept -0.0002 0.0005��� 0.0002 -0.0074��� -0.0110��� -0.0148���

(0.0001) (0.0001) (0.0001) (0.0004) (0.0004) (0.0004)
AverageSizeNeg 1.2155��� 1.2053��� 1.2072���

(0.0030) (0.0032) (0.0032)
SizeNegConc -0.2420��� -0.2393��� -0.2387���

(0.0018) (0.0019) (0.0019)
LagSizeNeg 0.0314��� -0.3655���

(0.0016) (0.0053)
AverageSizePos 1.4229��� 1.2870��� 1.3273���

(0.0032) (0.0034) (0.0034)
SizePosConc -0.2644��� -0.2212��� -0.2189���

(0.0018) (0.0019) (0.0019)
LagSizePos -0.0113��� 0.1694���

(0.0005) (0.0016)
Fixed e�ects No No No No No No
R2 0.3909 0.3883 0.3887 0.4500 0.4699 0.4575
Adj. R2 0.3908 0.3883 0.3887 0.4500 0.4699 0.4575
Num. obs. 286,550 255,608 255,608 286,550 255,608 255,608

The standard deviations are in parenthesis.

��� p < 0:001; �� p < 0:01; � p < 0:05
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6 Conclusion

The degree of strategic complementarity in prices is a critical parameter in

many macroeconomic models, as it a�ects the transmission mechanism of monetary

policy and can have signi�cant implications for the economy's behavior. Therefore,

accurately estimating this parameter is crucial for understanding in�ation and

output dynamics. Some empirical papers based on simulations shed light on the

magnitude of complementarity, such as Klenow and Willis (2006), Burstein and

Hellwig (2007) and Klenow and Kryvtsov (2008). These works found indirect evidence

that complementarity is weaker than previously thought. A few papers proposed to

estimate the parameter of complementarity, such as Bonomo et al. (2011). In this

work, the authors consider the measure of complementarity to be the average prices

of all �rms for a given time.

In this paper, I aim to �ll the gap in the literature by proposing a direct

estimation method for the degree of strategic complementarity based on microdata

for São Paulo.

I initially estimate the degree of complementarity using OLS and further Probit

models to validate the new proposed measure. The results imply the degree of

complementarity is weaker than previously suggested in the literature. Initially, I

show that the price is signi�cantly correlated with the price of the same brand and

product of the nearest competitor, even controlled by the average price of all the

�rms. The decision to change the prices of a �rm is positively correlated with the

average price change of all �rms in a given time, as expected. However, the nearest

competitor's price change coe�cient is negative and signi�cant. All coe�cients are

robust when we estimated them by probit. The preliminary results show that �rms

tend to sustain their prices next to their principal competitors, which can result from

input price shocks or rent prices. Nevertheless, we did not �nd enough evidence that

the timing of price change is correlated between the closest �rms. Then, the �rst

results challenge the degree of complementarity stated by the literature.
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A Appendix Sales �lter

Table 15 shows the statistics descriptive of sales, according to the �Sales �lter�,

considering three di�erent windows to the sale price come back to the initial price, 1, 2,

or 3 months. Initially, the 1-month sale �ag represents 1.19% of the total observations,

with average and median price drops of 4% and 3%, respectively. Considering only

price drops of at least 5%, the mean of sales is 10% and represents only 0.31% of

observations. Price decreases of 10% represent only 0.11% of the total sample. In

your turn, the sales �lter of 2-month, i.e. two months to the price returns to the

initial price after the sale, generates a 4.12% frequency of sales. The mean of price

decrease is 10.85% and the median is 8.55%. The sales �lter of 3-month generates

statistics similar to the 2-month, average price drop of 10.98 and a median of 8.69%,

the di�erences are decimals. There is a high correlation between statistics generated

by 2-month and 3-month window �lters.

Table 15: Frequency in di�erent windows of sales �lter

V-shaped windows 1-month 2-month 3-month
Frequency (total) 1.19% 4.12% 4.70%
Mean size -4% -10.85% -10.98%
Median size -3% -8.55% -8.69%
Sales of at least 5%
Frequency 0.31% 2.96% 3.40%
Mean size -10% -14.07% -14.15%
Median size -7% -11.48% -11.55%
Sales of at least 10%
Frequency 0.11% 1.77% 2.04%
Mean size -18% -18.63% -18.69%
Median size -16% -16.13% -16.21%
Observations 6,845,491 6,845,491 6,845,491

Table 16 presents the frequency of price change considering total, increasing

prices, and decreasing prices, after applying the �Sales �lter�. Three di�erent windows

were applied to our data. Since our data does not contain a sale �ag, we have to

compare the frequency of sales with other Brazilian papers that used the FGV

database or compare it to the frequency of sales generated by those �lters in the

USA, because it is already well documented in the literature. The exclusion of sales

prices according to the 1-month window generates a total frequency of 49.97%, while

2-month, 50.03%, and �nally, 50% considering the 3-month window.
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Table 16: Frequency - Overall and with "Sales �lter"

Frequency of price change Abs. Size of price
Total Increase Decrease change

All prices 52.38% 28.68% 23.70% 12.39%
Regular prices

Window
1-month 49.97% 30.14% 19.83% 12.48%
2-month 50.33% 29.92% 20.41% 12.52%
3-month 50.00% 30.10% 19.92% 12.53%

The distributions of sales according to the three �lters are represented in

Figures
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Figure 6: Distribution of sales

(a) 1-month �lter

(b) 2-month �lter

(c) 3-month �lter
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B Appendix Maps
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(a) (b)

Figure 7: Average price change - Apparel and Education
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(a) (b)

Figure 8: Average price change - Health and Housing
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Figure 9: Average price change - Transportation
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C Appendix Results - Sales Filter
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Dependent Variable Price Change Price Change Price Change
Total Positive Negative

Model OLS Probit OLS Probit OLS Probit

Intercept -0.03��� -1.71��� -0.01��� -1.69��� -0.00��� -1.85���

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
ChangeCompetitor -0.07��� -0.21���

(0.00) (0.00)
AverageChange 1.03��� 3.32���

(0.00) (0.01)
ChangeCompetitorPositive -0.11��� -0.38���

(0.00) (0.00)
AverageChangePositive 1.05��� 3.59���

(0.00) (0.01)
ChangeCompetitorNegative -0.10��� -0.41���

(0.00) (0.00)
AverageChangeNegative 1.02��� 3.99���

(0.00) (0.01)
R2 0.30 0.26 0.25
Adj. R 2 0.30 0.26 0.25
Num. obs. 1,013,127 1,013,127 1,013,127 1,013,127 1,013,127 1,013,127
Log Likelihood -524,236.23 -473,276.59 -365,508.70
Deviance 1,048,472.46 946,553.18 731,017.39

The standard deviations are in parenthesis.

��� p < 0:001;�� p < 0:01;� p < 0:05
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Dependent Variable Price Change Price Change Price Change
Total Positive Negative

Model Probit Probit Probit Probit Probit Probit
Time of competitor variable t t-1 t t-1 t t-1
Intercept -1.71��� -0.71��� -1.69��� -0.90��� -1.85��� -1.11���

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
ChangeCompetitor -0.21��� -0.12���

(0.00) (0.01)
AverageChange 3.32��� 1.76���

(0.01) (0.01)
ChangeCompetitorPositive -0.38��� -0.06���

(0.00) (0.01)
AverageChangePositive 3.59��� 1.47���

(0.01) (0.01)
ChangeCompetitorNegative -0.41��� -0.04���

(0.00) (0.01)
AverageChangeNegative 3.99��� 1.48���

(0.01) (0.01)
Log Likelihood -524,236.23 -262,492.07 -473,276.59 -257,583.52 -365,508.70 -213,490.15
Deviance 1,048,472.46 524,984.13 946,553.18 515,167.04 731,017.39 426,980.31
Num. obs. 1,013,127 425,951 1,013,127 425,951 1,013,127 425,951

The standard deviations are in parenthesis.

��� p < 0:001;�� p < 0:01;� p < 0:05
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Abstract

This paper aims to �ll the gap in the literature by proposing a model to

directly measure the strategic complementarity. In the model, we consider

common shocks a�ecting all �rms' prices. However, the complementarity

should come from the nearest competitor. I propose a model where �rms

look at the price of their closest competitor to set their prices, a model

that we believe is signi�cant in understanding price dynamics in competitive

markets. Then, whether strategic complementarity is vital in price setting, the

prices and the timing of change of the nearest competitor should also a�ect

a �rm's decision. Therefore, the parameter we propose to estimate should

be signi�cant. From this model, a direct relation between the price of a �rm

and its competitors will arise, and the second contribution of this work will

be to estimate this model and recover a direct estimation of the strategic

complementarity parameter. Although one of the model assumption is the

strategic complementarity, recovering the parameters of the model with the

empirical results, we show that the parameter of strategic complementarity

is consistently negative and statistically signi�cant, suggesting that �rms

adopt a substitution strategy rather than engaging in localized strategic

complementarity. Further analysis reveals a relationship between the elasticity

of substitution among varieties and among islands. These �ndings challenge

the hypothesis of local strategic complementarity and o�er new insights into

the role of substitution in �rm-level pricing decisions.
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1 Introduction

In the previous chapter, I found no evidence that �rms' timing of price changes

is systematically correlated with that of their principal competitors. If strategic

complementarity played a central role in price-setting, both the price level and the

timing of adjustments by a �rm's nearest competitor should signi�cantly in�uence

its own pricing decisions. However, the �ndings from the �rst chapter reject this

hypothesis and instead suggest that �rms may follow a pricing strategy based more

on substitution than on strategic complementarity.

To further investigate this issue, I propose a model based on the canonical

framework of Woodford (2005), in which �rms explicitly take into account the prices

of their nearest competitors when setting their own prices. This model assumes that

�rms respond not only to localized competitive dynamics but also to broader market-

wide shocks. Speci�cally, the average price level across all �rms in the database is

assumed to capture aggregate cost shocks�such as �uctuations in input prices or

shifts in in�ation expectations�that in�uence price-setting behavior. Within this

framework, a direct relationship emerges between a �rm's price, the price of its

closest competitor, and the broader market price level.

The model incorporates a geographic component into the supply side by struc-

turing �rms into distinct "islands," where each island consists of a set of closely

located �rms. In the primary empirical speci�cation, an island is de�ned as the

two closest �rms in the dataset.1 Since the number of �rms in the dataset varies

over time, the composition of these islands evolves accordingly to maintain the

de�nition of an island as the closest �rm(s). Each �rm operates in a monopolistically

competitive environment, producing di�erentiated goods using a single input�labor.

The representative household follows the standard framework outlined in Woodford

(2005).

Deriving the model's key equation reveals that a �rm's optimal price is deter-

mined by several factors: the average price within its island, the overall price level at

time t, local and aggregate productivity shocks, and the aggregate level of output.

Using the empirical results from the previous chapter, I show that the parameter

capturing strategic complementarity�measured by the price change of the nearest

competitor�is consistently negative and statistically signi�cant at any conventional

1The results remain robust when the number of �rms in an island is increased. Additional
robustness tests are discussed in the empirical results chapter.
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signi�cance level. This result holds across di�erent estimation methods, including

OLS and Probit.

A key insight from the model is the relationship between the elasticity of

substitution among varieties (� ) and the elasticity of substitution across islands (� 0).

Theoretically, if � > � 0 , consumers should �nd it easier to substitute between brands

or stores within the same island than to switch to �rms in di�erent locations. In

this case, a �rm's optimal price should be positively in�uenced by the prices set

by its nearest competitor (pk;t ). However, if � < � 0, implying that substitution is

easier across islands than within them, then a �rm's price is negatively a�ected by

its competitor's price, weakening strategic complementarity.

It is feasible to assume that� > � 0, which means that the elasticity of substi-

tution among varieties is higher than among islands. From a consumer's point of

view, consumers easily substitute items between brands or even stores inside the

same island instead of dislocating to another item to buy an item. On the supply

side, the optimal price the �rm would like to charge depends positively on the prices

set by its competitors (represented bypk;t ) displaced at the same island. On the

other hand, whether� < � 0, the elasticity of substitution among varieties is less than

the elasticity of substitution among islands, and the �rm optimal price is negatively

a�ected by its nearest competitor's price. In other words, the degree of strategic

complementarity is weak.

The empirical �ndings strongly suggest that the latter case holds: the estimated

parameter of strategic complementarity (
 1) is negative and statistically signi�cant,

contradicting the assumption that � > � 0. This implies that �rms do not primarily

rely on the prices of their closest competitors when making pricing decisions. Instead,

broader city-wide price trends play a more dominant role than localized pricing

interactions.

Furthermore, I show that for � > � 0 to hold, and for both parameters to be

positive and greater than one (a common assumption in the literature),
 1 would

need to fall within the range of 0 to 0.7. Values of
 1 close to zero, although, generate

values of� 0 extremely high and unfeasible, on the other hand, values around 0.6

generate estimative more feasible of� 0, around 1. Since all estimated values of
 1 are

close to zero, the empirical results indicate that �rms adopt a pricing strategy based

more on substitution than on strategic complementarity.
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2 Literature Review

This article relates to at least two strands of existing literature. Despite the

new approach proposed in this study to directly measure strategic complementarity,

other studies have already proposed models that include spatial heterogeneity in

price-setting models, such as Woodford (2005) and Gertler and Leahy (2008). I add

to this strand of literature by expanding the spatial analysis, which has been limited

so far to the demand side.

About the �rst literature line this work �ts, Gertler and Leahy (2008) proposes a

standard New Keynesian model including three features: real rigidities, idiosyncratic

productivity shocks, and state-dependent pricing. On the side of households, the

authors assume a segmented labor market to generate strategic complementarities in

price setting, as already proposed by Woodford (2005). They assume a continuum of

�islands� of mass unity, and on each island there is also a continuum of households

of mass unity, which can only supply labor on their island but can consume on all

�island�. Although the present study also uses the term �island� to de�ne a geographic

delimitation, the de�nitions are entirely di�erent. We apply the term on both the

supply and demand side. Taking into account the supply side, each �rm will be set

at �island�, and a set of �rms de�nes an island. An island is a set of the two closest

�rms in the database in the main empirical results. When setting their prices, a �rm

mainly compares its prices with those of �rms that settle on the same island. The

main idea is whether strategic complementarity is vital in price-setting models; the

prices and the timing of change of the closest competitor should also a�ect a �rm's

decision. On the demand side, households can supply labor and consume around all

islands. However, households are more willing to substitute consumption inside the

island they are settling in instead of dislocating to consume on a di�erent island2.

The second strand of the literature that this article �ts in is relating to studies

using geolocated microdata in price-setting models. Mitsukuni and Remer (2018)

states that a vital determinant of a �rm's pricing strategy is the distribution of

consumers' search costs, so studying how search costs vary across markets is essential

to understanding how �rms set their prices. The authors then measured the search cost

in retail gasoline markets and its underlying determinants. The authors assume that

2In terms of model, the composite goodCt for a given time is de�ned �rst in terms of a
Dixit-Stiglitz aggregator over composite good of islands,Ckt , with the elasticity of substitution � 0

(� 0 > 1). The composite good of an islandk, Ckt , is an aggregation of the elements of an island,
and � is the substitution elasticity between varieties (� > 1)
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demographic factors are potential shifters of search cost distributions across markets

and �nd that the opportunity cost of time is one of the main factors in determining

this cost. Based on microdata, the authors estimate search cost distributions for

retail gasoline markets and then analyze to what extent demographics explain the

shape of the distributions. The structural model assumes that �rms use mixed pricing

strategies and maps the observed price dispersion to the distribution of consumer

search costs.

In the �rst part of the article, Mitsukuni and Remer (2018) documents the

heterogeneity of search cost distributions. Given that competition between retail

gasoline stations is highly localized, the authors identify geographically isolated local

markets and estimate the search cost distribution for each market, �nding a high

level of heterogeneity across markets. In the second part, the authors explore the

underlying source of consumer search costs; they analyze how observable consumer

and market characteristics can explain the heterogeneity in the distribution of search

costs across markets. Their main discovery is that both the mean and variance of the

search cost distribution in a region are highly related to the same moments of the

household income distribution, which suggests that opportunity costs partly drive

consumers' search costs.

In your turn, Araujo (2018) brings the same question to the Brazilian context

and expands the analysis to 15 brands. Mitsukuni and Remer (2018) estimate a

non-sequential search model for all goods in Brazilian CPI to retrieve consumer

search costs. The author uses the same spatial data as used in the present work.

However, she restricted the analysis to some of the stores in my sample, observing only

stores within a 6-km radius circle in the downtown SP. Araujo (2018) compare the

cumulative distribution function of search costs between two di�erent periods, during

hyperin�ation, from January 1993 to June 1994, and after the implementation of

Plano Real - a successful economic plan which put an end to 30 years of hyperin�ation

in Brazil, August 1994 to December 1995. In the in�ationary scenario, Brazilian

consumers exhibit high search costs, as expected, so most consumers search only

once or twice before buying an item (84% of all consumers). However, after Plano

Real, a smaller percentage of consumers are willing to quote prices in one or two

stores before buying an item (79%).

Compared to other studies, the search cost in Brazil is relatively higher. González

and Miles-Touya (2018) identify patterns of price dispersion in the Spanish online

grocery retail market and evaluate search costs among consumers. Their results show
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that more than two thirds of consumers do not compare prices among supermarkets.

Moraga-González and Wildenbeest (2008) estimate the search cost to the European

market and �nd that for around 13% of the population, this cost is meager, searching

in at least three stores before buying, while for the majority of the population,

between 60% and 90%, this cost is very high, they search in one or two stores. In

your turn, De los Santos (2018) also suggests that consumers visit relatively few

�rms before purchasing books and exhibit a strong search preference for prominent

sellers.
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3 Model

This paper's main contribution is on the model's supply side, given that the

model will incorporate a geographic component. Each �rm will be set at an �island�

k to add this new trait to the model. A set of �rms de�nes an island. In the main

empirical results, an island is a set of the two closest �rms in the database3. Although

this term is not entirely new in the stickiness price models, the de�nition used in the

present study di�ers from before. Gertler and Leahy (2008) use the term to de�ne

the space where the households live and can only supply their labor. In this study,

agents can supply labor in all islands. As the number of �rms in the dataset varies

over the time studied, the islands also change to hold the de�nition of an island as

the closest �rm. Each �rm is monopolistically competitive, producing di�erentiated

goods from one input, labor.

The representative household is based on the canonical model of Woodford

(2005) and given by:

E0

8
<

:

X
� t

2

4 C1� � � 1

t

1 � � � 1
� � t

L1+ �
t

1 + �

3

5

9
=

;
; (18)

in the utility function, the representative agent chooses each period his consumption

of a composite good at periodt, Ct , and supplies an amount of labor given byL t . �

is the subjective discount factor(0 < � < 1), and � t is a labor shock speci�c for each

period t. The composite good is given by Equation 19:

Ct =

" Z
C

� 0� 1
� 0

k;t dk

# � 0

� 0� 1

; (19)

in other words, the composite goodCt for a given household is de�ned �rst in terms

of a Dixit-Stiglitz aggregator over composite good of islands,Ck;t , with the elasticity

of substitution � 0 (� 0 > 1). The composite good of an islandk, Ck;t , is given by

Equation 20, whereCj;k;t is the consumption of varietyj at island k at a period t,

and � is the elasticity of substitution among varieties (� > 1).

3The results remain robust whether we increase the number of �rms in an island. The chapter
on empirical results will discuss more robustness tests.
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Ckt =
� Z

c
� � 1

�
jk;t dj

� �
� � 1

; (20)

then, the composite good,Ct , can also be directly written as a nested-CES, which

a �rst aggregation over variety with elasticity of substitution � and the second one

over the islands with elasticity of substitution� 0:

Ct =

2

4
Z � Z

C
� � 1

@
j;k;t dj

� �
� � 1

� 0� 1
� 0

dk
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� 0

� 0� 1

; (21)

the aggregate price indexes are given by Equations 22 and 23.Pj;k;t is the price

of variety j in an establishment at islandk at period t, while the price Pk;t is a

Dixit-Stiglitz aggregator over the establishments at islandk, and Pt is the price of a

period t given by a Dixit-Stiglitz aggregation over the islandsk.

Pkt =
� Z

P1� �
jk;t dj

� 1
1� �

; (22)

Pt =

2

4
Z � Z

P1� �
j;k;t dj

� 1� � 0

1� �

dk

3

5

1
1� � 0

; (23)

given this setting, for anyi and j 2 k, the demand takes a well-known form:

Pjk;t = Pik;t

 
Cj;k;t

Ci;k;t

! � 1
�

; (24)

the price of a �rm j is a direct function of the price of the closest �rm (given by

Pi;k;t ) and an inverse function of the ratio of consumption of �rmi and j at period t.

Conditional on the optimal behavior and using Equation 24, we also can show

that the relation between prices of a �rmj (j 2 k) and its island k is given by4:

Pik;t = Pk;t

 
Ci;k;t

Ck;t

! � 1
�

; (25)

4More details in Appendix A.
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the optimal labor supply and consumption decisions are thus similar to the ones seen

in the literature:

C � � � 1

t

� tL �
t

=
Pt

Wt
: (26)

3.1 Firms

Continuum of �rms indexed by j 2 [0; 1]. Each �rm produces a di�erentiated

good using an identical technology, represented by:

Yj;k;t = AkL �
j;k;t ; (27)

where Ak is a productivity factor speci�c to the island k. � represents the Cobb-

Douglas parameter of labor in the production function. The marginal (	 ) and real

marginal costs real ( ) of a �rm j are respectively given by5:

 (! t ; Yj;k;t ; A t ) =
! t

�A k

� Yj;k;t

Ak

� 1� �
�

; (28)

where! t is the real wage at periodt 6.

3.2 Market clearing

Using the solution of the representative consumer problem, Equation 26, and

assuming the economy is in equilibrium, we can rewrite the real marginal cost of a

�rm j as:

 (Yj;k;t ; A t ; � tL t ; Ct ) =
� tL �

t

C � � � 1
t

1
�A k

� Yj;k;t

Ak

� 1� �
�

; (29)

5The real cost can be simple written as! t

�
Yi;k;t

A k

� 1
�

6! t = w t
P t
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from Equation 20 and assuming the equilibrium, we can write the following relations:

Ckt =
� Z

C
� � 1

�
jk;t dj

� �
� � 1

; (30)

Cj;k;t = Yj;k;t = AkL �
jkt ; (31)

Yk;t =

" Z h
AkL �
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# �
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; (32)

Yk;t = Ak

� Z
L

� ( � � 1)
�
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; (33)

Yk;t = AkL �
k;t (34)

where :

L k;t =
� Z

L
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�
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� �
( � � 1) �

; (35)

also, from Equations 19, 20 and 27:
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back to the Real Marginal Cost equation, we can demonstrate that:

 (Ak ; A; Yt ; Yj;k;t ; � t ) =
� t

�A
�
� Ak

Y
�
� + � � 1

t

� Yj;k;t

Ak

� 1� �
�

: (37)

3.3 Equilibrium with Flexible Prices

If �rms adjustment frictions were absent, a producerj would choose an optimal

price P �
j;k;t that follows a markup rule given by:

P �
j;k;t

Pk;t
= � (Ak ; A; Yt ; Yj;k;t ; � t ); (38)

(39)
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where (�) is the real marginal cost and� is the producers desired markup, such that

� = �=(� � 1). Then, substituting Equation 25 in the equation above, we have that:

P �
j;k;t = �P

1+ � (1 � � )
�

k;t
� t

�A
�
� A

1
�
k

Y
�
� + � � 1

t

h
Yk;t (Pj;k;t )� �

i 1� �
� : (40)

Finally, the direct relation betweenPk;t and Pt comes from the Dixit-Stiglitz

aggregator over product. It is easy to check that if the Equations above hold, for any

k; w 2 K , we have:

PtYt =
Pwt

Y
� 1

� 0
wt

 

Y
� 0� 1

� 0
t

!

; (41)

then, for a given islandw at a period t, its production can be written as a function

of the aggregate price and consumption at periodt and the price of the own island,

as written below:

Pwt =
� Ywt

Yt

� � 1
� 0

Pt ; (42)

Ywt =
� Pwt

Pt

� � � 0

Yt ; (43)

the optimal price P �
j;k;t can be written as a function of the price of the island where

the �rm settles in, Pk;t , the average price at periodt, Pt , the productivity shock

at island k, Ak , and the aggregate productivity of all island,A, and the aggregate

product at period t, Yt .

P �
j;k;t = �P

� � (1 � � )
�

j;k;t P
1+ ( � � � 0)(1 � � )

�
k;t P

� 0(1 � � )
�

t
� t

�A
�
� Ak

Y
� +(1 � � )

� + � � 1

t : (44)

Finally, in the equilibrium with �exible prices, the desired price of a �rm j ,

Pj;k;t � , is equal to its price,Pj;k;t . So Equation 44 is rewritten as:



Chapter 2. A model of complementarity in price setting 71

P �
j;k;t = ( �� t )

�
� + � (1 � � )

1

�A
�

� + � (1 � � ) A
�

� + � (1 � � )
k

P
� +(1 � � )( � � � 0)
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k;t Y

� + � � 1+1 � �
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t : (45)

Applying the logarithm of the resulting expression yields the frictionless optimal

price equation given by:

p�
j;k;t = � + 
 1pk;t + 
 2pt + 
 3yt + � 0� t + � 1Ak ; (46)

where lowercase variables represent the log of the corresponding uppercase variables.

The parameters of Equation 46 can be written as the combinations of the structural

parameters:

� =
�

� + � (1 � � )
� � � �

�
� + � (1 � � )

A; (47)


 1 =
� + (1 � � )( � � � 0)

� + � (1 � � )
; (48)


 2 =
� 0(1 � � )

� + � (1 � � )
; (49)


 3 =
� + � � 1 + 1 � �

� + � (1 � � )
; (50)

� 0 =
�

� + � (1 � � )
; (51)

� 1 = �
�

� + � (1 � � )
; (52)

the complementarity parameters of the model are denoted by
 1, which can also be

written as:


 1 =
� + (1 � � )( � � � 0)

� + � (1 � � )
; (53)

=
� [1 � (� + � 0)]
� + � (1 � � )

+
� � � 0

� + � (1 � � )
; (54)

both � (the elasticity of substitution among varieties) and� 0 (the elasticity of

substitution among islands) are positive by de�nition. However, the sign of the

degree of strategic complementarity,
 1, depends on their di�erence.
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In the �rst hypothesis, whether � > � 0, the optimal price the �rm would like

to charge depends positively on the prices set by its competitors (represented by

pk;t ), a condition we refer to as strategic complementarities in price setting. On the

other hand, whether� < � 0, the elasticity of substitution among varieties is less than

the elasticity of substitution among islands, and the �rm optimal price is negatively

a�ected by its nearest competitor's price. In other words, the degree of strategic

complementarity is weak.

Equation 46 gives us the frictionless optimal price equation. However,p�
j;k;t

would be observable only in a frictionless world, but given that �rms do not adjust

their prices in all periods, the charged price can be di�erent from the actual observable

price, pj;k;t . In the Appendix D, we present a model assuming that the price follows

an sS pricing policy.
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3.4 Parameters recovering

From Table 8, we infer that the parameter of strategic complementarity, given

by the price's change of the nearest competitor, is negative and signi�cant at any

signi�cance level. The parameter is negative considering both estimation forms,

OLS and Probit. From Equation 54, we can explicitly write a relation between the

elasticity of substitution among varieties (� ) and the elasticity of substitution among

islands (� 0):


 1 =
� + (1 � � )( � � � 0)

� + � (1 � � )
; (55)

� = �
�

(1 � � )
+

� 0

(1 � 
 1)
; (56)

� 0 = � (1 � 
 1) +
� (1 � 
 1)
(1 � � )

; (57)

both terms of Equation 57 are positive, given that
 1 < 1. Also, � , the elasticity of

substitution among varieties, and� 0, the elasticity of substitution among islands, are

both positive by de�nition.

It is feasible to assume that� > � 0, which means that the elasticity of substitu-

tion among varieties is bigger than among islands. In a consumer view, consumers

easily substitute items between brands or even stores inside the same island instead

of dislocating to another item to buy an item. On the supply side, the optimal price

the �rm would like to charge depends positively on the prices set by its competitors

(represented bypk;t ) displaced at the same island. On the other hand, whether

� < � 0, the elasticity of substitution among varieties is less than the elasticity of

substitution among islands, and the �rm optimal price is negatively a�ected by its

nearest competitor's price. In other words, the degree of strategic complementarity is

weak and shocks that a�ect all prices along the city are more important than local

shocks.

Table 17 shows the parameters needed to calculate the relation of� 0 and � ,

given by Equation 57. Based on this equation, Figure 12 plots� 0 as a function of

� and 
 1, � 0(�; 
 1), while Figure 10 plots� 0 as a function of� , � 0(� ), assuming the

complementarity parameter given by Table 17.
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Table 17: Parameters

Parameters based on literature
Elasticity of output with respect to labor � = 0:7
Parameters estimated - Baseline model
Complementarity parameter 
 1 = � 0:07

Considering the value estimated to
 1, the assumption of � > � 0 is never

satis�ed, as shown by Figure 10. We, then, can conclude that the model proposed

refutes the local strategic complementarity, where �rms look at the prices of their

nearest neighbors, and actually, the results indicate that �rms adopt the substitution

strategy when pricing their products.

Figure 10: Function � 0(� ) - Assuming
 1 = � 0:07
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As shown by Figure 11, to observe� > � 0, bigger elasticity of substitution among

varieties compared to islands, and both parameters be positive and bigger than one,

assumption usually accepted in this literature, we should observe
 1 in the interval
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of 0 and 0.7. All proofs are in Appendix B. Values of
 1 close to zero, although,

generate values of� 0 extremely high and unfeasible, on the other hand, values around

0.6 generate estimative of� 0 around 2. However, as estimated in the chapter below,

all values of 
 1 are negative and near zero. The elasticity of substitution among

varieties is less than that among islands, showing that the city average price is more

important than the local price in the �rm's price-setting policies. Additional graphs

can be seen in Appendix C.

Figure 11: Function � 0(
 1) - Assuming� > � 0
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4 Conclusion

In this chapter, I aim to �ll the gap in the literature by proposing a new

model that analyzes competition more straightforwardly to illustrate the results

presented in the previous chapter. This chapter advances the understanding of price-

setting behavior by introducing a model incorporating geographic and strategic

dimensions, challenging the conventional notion of strategic complementarity. Firms

are modeled as operating within dynamically de�ned "islands," representing their

closest competitors, and their pricing decisions are in�uenced by both local and

aggregate economic conditions. This article relates to at least two strands of existing

literature. Despite the new approach proposed in this study to directly measure

strategic complementarity, other studies have already proposed models that include

spatial heterogeneity in price-setting models, such as Woodford (2005) and Gertler

and Leahy (2008). I add to this strand of literature by expanding the spatial analysis,

which has been limited so far to the demand side.

It is feasible to assume that� > � 0, which means that the elasticity of substi-

tution among varieties is higher than among islands. From a consumer's point of

view, consumers easily substitute items between brands or even stores inside the

same island instead of dislocating to another island to buy an item. On the supply

side, the optimal price the �rm would like to charge depends positively on the prices

set by its competitors (represented bypk;t ) displaced at the same island. On the

other hand, whether� < � 0, the elasticity of substitution among varieties is less than

the elasticity of substitution among islands, and the �rm optimal price is negatively

a�ected by its nearest competitor's price. In other words, the degree of strategic

complementarity is weak.

The �ndings estimated in the previous chapter consistently reject the hypothesis

of strong local strategic complementarity, as the parameter representing the in�uence

of the nearest competitor's price change (
 1) is negative and signi�cant across all

estimations. This indicates that �rms do not align their pricing strategies directly

with their nearest competitors but instead adopt a substitution strategy. Moreover,

the results highlight that shocks that in�uence city-wide average prices play a more

signi�cant role in �rms' pricing decisions than localized shocks within an island.

We also show that to observe� > � 0, higher elasticity of substitution among

varieties compared to islands, and both parameters be positive and higher than one,

assumption usually accepted in this literature, we should observe
 1 in the interval
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of 0 and 0.7. Values of
 1 close to zero, although, generate values of� 0 extremely

high and unfeasible, on the other hand, values around 0.6 generate estimative more

feasible of� 0, around 2.

Overall, this chapter provides robust evidence that �rms prioritize broader

market trends and city-wide shocks over localized strategic interactions when setting

prices, challenging traditional models, and o�ering new insights into competitive

behavior in monopolistically competitive markets.
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A Appendix Model

A.1 Households

Given the Equations 22 and 23, we can demonstrate that:

L =

2

4
Z � Z

C
� � 1

@
jkt dj

� �
� � 1

� 0� 1
�

dk

3

5

� 0

� 0� 1

� �
Z

Pjkt Cjkt dj; (58)

c
1
� 0
t c

� 1
� 0

kt C
� 1

�
jkt = �P jkt : (59)

Steps to derived the Equation 25:

� Z
Pjkt Cjkt dj

�

= Pkt Ckt ; (60)
2

4
Z

Pikt

� Cjkt

Cikt

� � 1
�

Cjkt dj

3

5 = Pkt Ckt ; (61)

Pikt

C
� 1

�
ikt

� Z
C

� � � 1
�

jkt dj
�

= Pkt Ckt ; (62)

Pikt = Pkt

� Cikt

Ckt

� � 1
�

: (63)

The equations of optimal labor supply and consumption decisions are given by:

[Ct ] � tC � � � 1

t = �P t ; (64)

[L t ] � � t � tL �
t = � �W t : (65)

The equations above are the base to Equation 26.

A.2 Market Clearing

The intermediate steps to equation 29 are given by:
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! t =
� tL �

t

C � � � 1
t

; (66)

 (! t ; Yjkt ; A t ) =
! t

�A k

� Yjkt

Ak

� 1� �
�

: (67)

(68)

To �nd Equation 36, we need to follow the next steps:

Ct =

" Z
C

� 0� 1
� 0

kt dj

# � 0

� 0� 1

; (69)

Yt =

2

4
Z � Z

Y
� � 1

�
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� �
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� 0� 1
� 0

dk

3
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� 0

� 0� 1

; (70)
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# � 0
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� 0
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To demonstrate Equation 37:

 (Ak ; L t ; Ct ; Yjkt ; � t ) =
� tL �

t

C � � � 1
t

1
�A k

� Yikt

Ak

� 1� �
�

; (74)

 (Ak ; A; Yt ; Yjkt ; � t ) =
� t

Y � � � 1
t

� Yt

A

� �
� 1

�A k

� Yjkt

Ak

� 1� �
�

; (75)

 (Ak ; A; Yt ; Yjkt ; � t ) =
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�A
�
� Ak

Y
�
� + � � 1

t

� Yjkt

Ak

� 1� �
�

: (76)
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The back steps of Equation 41 are:

PtYt =
Z

Pkt Ykt dk; (77)

=
Z

Pwt Ykt

� Ykt

Ywt

� � 1
� 0

dk; (78)

=
Pwt

Y
� 1

� 0
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" Z
Y

� 0� 1
� 0

kt dk

#

; (79)
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� 0
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Y
� 0� 1

� 0
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!

: (80)

A.3 Equilibrium with �exible prices

Step by step to derive the Equation 40:

P �
jkt

Pkt
= � (Ak ; A; Yt ; Yjkt ; � t ); (81)
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; (82)
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To arrive at Equation 43:
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P �
jkt = �P

� � (1 � � )
�

jkt P
1+ ( � � � 0)(1 � � )

�
kt P

� 0(1 � � )
�

t
� t

�A
�
� Ak

Y
� +(1 � � )

� + � � 1

t : (86)



Chapter 2. A model of complementarity in price setting 81

B Appendix Proofs

To �nd the values of 
 1 which make the� > � 0, we use Equation 57:

� = �
�

(1 � � )
+

� 0

(1 � 
 1)
> � 0; (87)

where we can easily �nd:

� 0 >
� (1 � 
 1)

 1(1 � � )

: (88)

To assume that� 0 > 1, we need to satisfy:

� = �
�

(1 � � )
+

� 0

(1 � 
 1)
> 1; (89)

� 0 = � (1 � 
 1) +
� (1 � 
 1)
(1 � � )

> 1; (90)

as all equations depend on more than one parameter, we can make a stronger

assumption and assume that:

� 0 >
� (1 � 
 1)

 1(1 � � )

> 1; (91)

which gives us

�
(1 � � )

> 
 1: (92)
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C Appendix Model

Figure 12: Function � 0(�; 
 1)

0 0:5 1 1:5 2 2:5 3 3:5 4 � 1
� 0:5

0
0:5

1

0

2

4

6

8

10

12

�

 1

Fu
nc

tio
n

�0 (
�;



1
)

Figure 12 shows a 3D graph of the parameter� 0, represented in axis z, as a

function of � and 
 . Analyzing the �gure, it is possible to check there is an area in

which the hypothesis of elasticity of substitution among varieties being bigger than

substitution among islands is satis�ed. The values of
 1, however, should be positive

and close to zero.
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D Appendix Model Price Rigidity
The Equation 46 gives us the frictionless optimal price equation. However,

p�
j;k;t would be observable only in a frictionless world, but given that �rms do not

adjust their prices in all periods, the charged price can be di�erent from the actual

observable price,pj;k;t . To link these two prices, the pricing rule assumed is that

the price follows ansS pricing policy. The di�erence between the actual and the

frictionless optimal price isr j;k;t � .

r �
j;k;t � pj;k;t � p�

j;k;t : (93)

While the price discrepancyr �
j;k;t is inside the range(s; S), the �rm maintains

its price �xed. When the di�erence is below the minor thresholds, the desired price

p�
j;k;t is su�ciently above the actual price, and the �rm wants to increase its price.

On the other hand, when the price discrepancy reaches the upper threshold ofS,

the �rm's price is too high compared to the optimal price. Then, the pricing rule

can be summarized as:

8
>>><

>>>:

r �
j;k;t < s �! pj;k;t +1 = p�

j;k;t > p j;k;t ;

S < r �
j;k;t < s �! pj;k;t +1 = pj;k;t ;

S < r �
j;k;t �! pj;k;t +1 = pj;k;t � < p j;k;t :

(94)

r j;k;t � is also not observable and represents the di�erence between a �rm's current

and ideal price. However, we do observe when �rms change their prices, i.e.,r j;k;t �

reaches one of the thresholds(s; S) and assuming thatpj;k;t � was the optimal price

in the last moment that �rm adjusted their price. Inputting Equation 46 in Equation

93 and assuming that the last time �rm j changed its prices was in period� :

r �
j;k;t = pj;k;t � p�

j;k;t ;

r �
j;k;t = p�

jk� j
� p�

j;k;t ;

r �
j;k;t =

�
� + 
 1pk;� j + 
 2p� j + 
 3y� j + � 0� � j + � 1Ak

�
�

(� + 
 1pk;t + 
 2pt + 
 3yt + � 0� t + � 1Ak) ;

r �
j;k;t = 
 1

�
pk;� j � pk;t

�
+ 
 2

�
p� j � pt

�
+ 
 3

�
y� j � yt

�
+ � 0

�
� � j � � t

�
; (95)

where � j is �rm's j last adjustment date prior to period t. � needs to be indexed

by the �rm once each �rm has its own last adjusted period. Then,pk;� j � pk;t is
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the di�erence between the average price of islandk in period � j and period t, while

p� j � pt and y� j � yt are, respectively, the di�erence between the average price and

production in period � j compared with periodt. These terms represent the variables'

cumulative variation and di�er across �rms for each time.

Finally, it is necessary to specify the labor shock processes. To make it tractable,

I assume that the aggregate shock� t follows a random walk, an assumption usually

used in this literature:

~� t = ~� t � 1 + vt ; vt � N
�
0; � 2

v

�
; (96)

this assumption could be motivated by the highly persistent common component

of in�ation found in the recent literature (e.g., Boivin, Giannoni, and Mihov 2009).

Replacing the labor shock processes in Equation 95.

r �
j;k;t = 
 1

�
pk;� j � pk;t

�
+ 
 2

�
p� j � pt

�
+ 
 3

�
y� j � yt

�
+ � 0

tX

t � � j +1

vi : (97)

The idea behind the sum ofvi is that all �rms will face the same aggregate shock.

However, the e�ect will accumulate over time since their last adjustment, i.e., �rms

that have not incorporated the shock in their current prices. As Bonomo et al. (2011)

stated, this assumption also aids in minimizing the endogeneity problem in the

estimation, given that the inclusion of aggregate shocks partly controls for possible

endogeneity of the macro regressors due to their correlation with other sources of

aggregate variation. A more useful way to write Equation 97 is:

r �
j;k;t = 
 1

�
pk;� j � pk;t

�
+ 
 2

�
p� j � pt

�
+ 
 3

�
y� j � yt

�
+ uj;k;t ; (98)

uj;k;t =
tX

t � � j +1

vi � N
�
0; � 0� 2

v

�
: (99)

While the price discrepancyr �
j;k;t is not observable, we observe the variable

r j;k;t , when �rms change their price. The variable assumes values 0 if there was no

adjustment at period t, 1 if the price increased, or -1 if the price decreased.
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r j;k;t =

8
>>><

>>>:

� 1 �! pj;k;t > p j;k;t � 1;

0 �! pj;k;t = pj;k;t � 1;

1 �! pj;k;t = pj;k;t � 1:

(100)

De�ning x j;k;t =
�
pk;� j � pk;t ; p� j � pt ; y� j � yt ; uj;k;t
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Probit model for price changes:
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Abstract

This study examines the impact of in�ation surprises on intraday stock

returns in Brazil, an area that remains underexplored. Speci�cally, it addresses

three key questions: (1) Do unanticipated Consumer Price Index (CPI) an-

nouncements a�ect Brazilian stock returns? (2) How long do these e�ects

persist? and (3) How does the market interpret in�ation news under di�erent

economic conditions? The �ndings reveal that market reactions are statisti-

cally signi�cant for negative and pooled in�ation shocks within the �rst ten

minutes after the announcement, while positive shocks have no measurable

e�ect on stock returns. Furthermore, the economic state plays a crucial role in

shaping market responses. During periods of economic growth, negative shocks

elicit positive stock returns, whereas positive shocks have no impact. In stable

economic conditions, positive shocks in�uence stock returns only between

�ve and ten minutes after the announcement, while negative shocks have no

e�ect. During economic slowdowns, positive shocks negatively and signi�cantly

a�ect stock returns within a 10- to 15-minute window, while negative shocks

generate positive responses for up to ten minutes. These results contribute to

the broader literature on macroeconomic news and asset pricing, o�ering new

insights into the dynamics of in�ation surprises in emerging markets.
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1 Introduction

The movement of stock prices directly impacts investor wealth. While many

theories highlight the in�uence of macroeconomic surprises on the stock market,

few empirical studies have consistently linked macroeconomic news to stock price

movements. For instance, studies such as Jain (1988) and Schwert (1981) found

little to no e�ect of in�ation on daily stock returns. However, other studies, such

as Adams et al. (2004), have shown a signi�cant impact when analyzing intraday

stock returns, while Knif et al. (2008) found varying e�ects across di�erent economic

states. Despite the importance of this topic, few studies have empirically tested this

relationship in developing countries. Notable exceptions include Gupta and Reid

(2012), Díaz and Jareño (2013), Pal and Garg (2019), and Singh and Padmakumari

(2020). Furthermore, most of these studies have focused on daily returns, which can

introduce greater noise in stock price movements.

This paper examines how in�ation surprises�de�ned as the di�erence between

announced and expected changes in the Consumer Price Index (CPI)�a�ect intraday

stock returns in Brazil. Speci�cally, it addresses three main questions: First, does

unanticipated CPI news in�uence Brazilian stock returns? Previous literature from

other countries has produced mixed results, and to the best of my knowledge, this

is the �rst study to explore this question for Brazil. Second, how long does the

impact of an in�ation surprise1 persist in stock returns? Many studies have relied

on daily returns, which can obscure the direct impact of in�ation news. Intraday

windows provide a more precise measure of in�ation surprises' e�ects, as their impact

is typically short-lived. For instance, Jain (1988) found a signi�cant e�ect within

the �rst hour after an in�ation announcement, while Adams et al. (2004) observed

notable results within the �rst 10-20 minutes. In Brazil, multiple CPIs are reported

by di�erent statistical institutions. Using a daily window would increase the number

of CPI measures considered in this study, but not all of them are forecasted in the

weekly FOCUS report.

Third, this paper investigates how market reactions to in�ation news vary

by economic state. Speci�cally, it examines whether positive and negative in�ation

surprises a�ect stock returns di�erently depending on economic conditions. Knif et al.

(2008) analyzed how good and bad in�ation news in�uenced stock returns in various

economic states. The central hypothesis is that, depending on economic conditions,

1In this paper, the terms "surprise," "shock," and "innovation" are used interchangeably.
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the market may interpret positive and negative in�ation shocks as either favorable

or unfavorable news. Thus, this paper aims to provide evidence on whether the

economic state in Brazil in�uences the market's interpretation of in�ation surprises.

The study employs the well-established event study methodology to assess how

surprises in the IPCA (used as the CPI measure) a�ect Ibovespa (IBOV) returns.

Economic states are classi�ed based on the Economic Uncertainty Indicator (EUI)

provided by the Instituto Brasileiro de Economia (IBRE-FGV), ensuring a robust

and comprehensive analysis. The analysis period spans from April 2015, the �rst

year of the Focus report, to October 2022, providing a thorough examination of the

data.

The results indicate that the market reacts signi�cantly to in�ation surprises,

with e�ects statistically di�erent from zero for up to ten minutes after the in�ation

announcement, considering abnormal marginal returns. However, this reaction is

observed only for negative and pooled shocks; positive shocks do not a�ect stock

market returns. Addressing the �nal research question, economic states play a crucial

role in shaping market reactions. During periods of economic growth, positive shocks

have no e�ect on stock returns, while negative shocks lead to positive responses in

stock returns for up to ten minutes after the surprise. However, cumulative abnormal

returns show an impact lasting up to one hour. In stable economic conditions, positive

shocks a�ect stock returns only within the 5- to 10-minute interval after the surprise,

while negative shocks have no impact. Finally, during an economic slowdown, positive

shocks negatively and signi�cantly impact stock returns between 10 and 15 minutes

after the announcement. In contrast, negative shocks positively in�uence stock returns

for up to 10 minutes after the announcement. When considering cumulative e�ects,

the results indicate that in�ation shocks signi�cantly impact stock returns across all

time periods following the announcement. The robustness checks include changes in

the placebo sample and the stock index. Both tests con�rm that the results remain

consistent, both in aggregate and across di�erent states of the economy.
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2 Related Literature

The e�ects of macroeconomic variables on stock market returns has been

extensively studied in the literature. Castanias (1979) examines how the S&P 500

index �uctuates around CPI announcement days. Using daily returns, the author

�nds no signi�cant e�ects. In your turn, Fama and Schwert (1977) shows that stock

returns, measured by the monthly returns of New York Stock Exchange (NYSE)

stocks and a value-weighted portfolio of NYSE stocks, are negatively related to both

expected and unexpected in�ation rates, as well as to changes in expected in�ation.

Pearce and Roley (1983) investigates the short-run e�ect of unanticipated

changes in the money supply on common stock prices using weekly data from 1979 to

1982. The authors measure unexpected variations in the money stock as the di�erence

between the median forecast of approximately 60 money market participants and

the actual change in the money supply. Their results indicate that an unanticipated

$1 billion increase in the money supply is followed by a 0.7 point decline in the Dow

Jones Industrial Average.

Introducing an analysis across di�erent economic states, McQueen and Roley

(1993) examines how the stock market responds to macroeconomic news depending

on the phase of the business cycle. To de�ne economic states, the author constructs

bounds based on the monthly industrial production index, creating upper and lower

thresholds around the trend. Their �ndings suggest that positive macroeconomic

news�de�ned as actual economic activity exceeding expectations�negatively im-

pacts stock prices during economic expansions but has a strong positive e�ect during

downturns. The authors attribute this to changes in expected cash �ows.

More recently, researchers have extended these studies to di�erent countries.

Gunasekarage et al. (2004), Díaz and Jareño (2009), Grigaliuniene et al. (2020),

and Singh and Padmakumari (2020) provide initial evidence on how macroeconomic

variables in�uence stock market valuations in Sri Lanka. They examine the impact of

money supply, treasury bill rates, CPI, and exchange rates on stock market indices

using methods such as cointegration analysis, vector error correction models (VECM),

and variance decomposition (VDC). Their �ndings indicate that the lagged values

of CPI, money supply, and treasury bill rates signi�cantly in�uence stock market

behavior. However, VDC and impulse response functions suggest that these shocks

explain only a small portion of short-term �uctuations in market indices.

Díaz and Jareño (2009) apply an event study to measure the short-run impact
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of in�ation news on stock returns in Spain, de�ning �bad news� as the total in�ation

rate higher than expected one and �good news� as the opposite. Applying an event

study methodology to daily data, the authors �nd a positive and signi�cant response

of the stock returns in case of �bad news� in recession and also in�good news� in the

rising economic state.

Alagidede and Panagiotidis (2010) enjoyed the economic restructuring in the

1980s and the �nancial reforms in most African countries to validate the Fisher

hypothesis concerning stock markets in these countries. During the 1990s, in�ation in

African countries assumed a general upward trend, with an average annual in�ation of

10.8%2. Then, the authors explore whether stock markets in these countries provide

a haven for investors during periods of upward in�ation and how stocks perform

under these conditions. The authors show that the e�ects are heterogeneous by

applying OLS estimations, cointegration techniques, and impulse response functions.

The elasticities of stock prices and CPI are long and signi�cant in countries such as

Tunisia and South Africa. Also, the response of stock prices to in�ation surprises

is negative and transitory for Egypt and South Africa. Still, it becomes positive

over longer horizons, which, according to the authors, is a vital signal that the stock

market tends to provide a hedge in periods of high CPI in African markets.

Abbas and Wang (2020) apply a GARCH and a VAR model to measure

the interaction between macroeconomic uncertainty and stock market return for

China and USA. The GARCH model initially captures the stock market's time-

varying volatility and macroeconomic risk factors using monthly data. In the second

stage, these volatility series are used in a multivariate VAR model to analyze both

countries' contemporaneous and lagged interaction between the stock market and

macroeconomic variables. The initial results of GARCH models show volatility

persistence in the stock markets and the macroeconomic variables of both countries.

However, the vector model shows a weak and inconsistent unidirectional causality

for China and a signi�cantly contemporary relationship between the stock market

and macroeconomic variables for the USA.

Singh and Padmakumari (2020) applied an event study methodology to analyze

the impacts of in�ation news on stock prices in India. The authors use nine in�ation

news events between 2012 and 2018. The analyzed window allows the authors to

explore the in�ation regime switch during this period: three events occurred during

2They consider Egypt, Kenya, Morocco, Nigeria, South Africa, and Tunisia between 1990 and
2004
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the Wholesale Price Index (WPI) regime, three during the Consumer Price Index

(CPI) regime, and the remaining when the country adopted the in�ation targeting

regime. Using a sector-level analysis, the authors study the impacts on �ve sectors:

Banking, Energy, Realty, FMCG, and Services. The authors �nd that the market

reaction di�ers across industries and in�ation-switching regimes. The WPI regime

had a more substantial e�ect than the CPI regime, and the e�ects were null when

India adopted I.T. The central hypothesis is that the market has better insights into

the RBI monetary policy decisions in an in�ation target regime, leading to fewer

surprises and somewhat predictable interest rates.

The in�ation-switching regime in India was also the target of another study.

Singh and G (2022) investigate the reaction of stock returns to in�ation announce-

ments during the regime change between 2012 and 2018. The authors use the broader

market index NIFTY 500 vs. the narrower market index NIFTY 50, considering the

closing price against the opening price after the news about the switching regime.

The results show considerable abnormal returns after the news; according to the

authors, the market became more e�cient during the in�ation target regime reacting

faster to the news.

Grigaliuniene et al. (2020) applied an event study to measure how the process

of entrance of new members in the Euro Area (E.A.) a�ects the stock market of

E.U. members. The events analyzed include the new member's o�cial announcement

as news about joining new countries in the union. Although adopting the euro is a

crucial turning point for the country joining the E.A., the impacts in countries that

have already adopted the euro still need to be clari�ed. New members can be seen as

a potential threat to the union's stability or a way to expand the club of like-minded

countries. Then, Grigaliuniene et al. (2020) look at the e�ects of these events on the

stock returns of nineteen euro area countries. The results show that markets reacted

positively to new members joining the euro area. Also, the expansion of countries

adopting the euro reduces market volatility in old members during the post-�nancial

crisis (2009).

In your turn, Gil de Rubio Cruz et al. (November 21, 2023) contribute to this

literature by studying the response of equity prices to in�ation surprises around

in�ation announcement windows considering a panel of publicly traded non�nancial

U.S. corporations. Considering a sample from 1993 to 2023, the authors �nd that

the average stock price response to in�ation surprises is negative. In their study, the

impacts of surprises in headline in�ation are null when controlled by core in�ation.
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The signi�cant impacts are only observed at the market opening, and no signi�cant

residual response is detected in the rest of the trading day. Finally, the study also

points out that the impact of stocks is weaker in industries in which price adjustments

are more frequent.

On a �rm-level study, Bonelli et al. (2024) study the in�ation sensitivity of

corporate credit spreads and equity returns using daily data but using intraday data

for robustness tests. According to the authors, �good in�ation�, when in�ation news

is positively correlated with real economic growth, shocks to expected in�ation can

reduce spreads and raise equity valuations. Otherwise, �bad in�ation�, in�ation news

negatively correlated with real economic growth, and these e�ects can be harmful.
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3 Data

4 Does unanticipated news a�ect stock returns?

4.1 Data

The index used for in�ation is the IPCA - Índice Nacional de Preços ao

Consumidor Amplo, and its predictions used were the market expectation published

by Focus. The report resumes the statistics of the main Brazilian economic index

according to the market's expectations collected until the previous Friday of the

publication3. The report is weekly and available every Monday at the Central Bank's

site. The document presents the expectation of the current month for in�ation,

exchange rate, and other variables beyond the short-run expectation for the same

variables. To calculate the CPI Surprises, I considered the expectation for the current

month of the report. Moreover, as the Focus is weekly, I only consider the last report

before the publication of the actual in�ation, and the shock is computed on the same

day that the actual in�ation is available to the market at 10 a.m. The announcements

are made at 9 a.m.; however, the stock market opens at 10 a.m., so I consider the

�rst impact of the news at the opening hour.

Figure 13 shows the actual and predicted monthly in�ation, while Figure 14

presents the in�ation surprises dispersion, de�ned as the di�erence between the

actual and the expected in�ation. The �gure shows that the in�ation forecast by

the market di�ers and hits the actual number in only �ve months. The incidence

of negative and positive surprises is almost the same, with 42 positives against 47

adverse shocks. However, the shocks' sizes di�er, with positive shocks' modulus

higher than adverse shocks. In other words, the market is usually surprised by a

more considerable in�ation than expected. Table 18 presents the main descriptive

statistics of in�ation shocks.

3Focus publishes the forecast for IPCA and IGP-M. However, IGPM is an aggregate index
that considers three other indexes,Índice de Preços no Atacado � IPA (60%), Índice de Preços ao
Consumidor � IPC (30%) and Índice Nacional de Custo da Construção � INCC (10%). IPCA was
used over IGPM since it represents more of the consumer price than IGP-M, which is more than
half composed by a measure of producer price.
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Figure 13: Actual x Predicted In�ation

Table 18: Monthly Descriptive Statistics for the Whole Sample Period

Monthly
IBOV

Monthly CPI changes
CPI Surprises

Actual Predicted

Panel A. Overall Sample (number of observations = 91)
Mean (%) 0.633 0.472 0.469 0.002
Standard deviation (%) 7.025 0.332 0.311 0.071
Minimum (%) -35.61 -0.68 -0.64 -0.16
Maximum (%) 15.67 1.62 1.39 0.27
Kurtosis (%) 5.947 1 1.024 0.542
Skewness (%) -1.353 0.226 0.159 0.368

I measure the returns of the stock market considering the Ibovespa (IBOV)

returns in each 5-minute horizon. The market opens at 10 a.m., and the announce-

ment happens at 9 a.m.; the �rst return considering the impact of news in�ation is

at 10:00 a.m. The placebo sample is the returns on the last hour of the day before

the news, considering 5-minute returns. Figure 15 illustrates the main idea.
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Figure 14: CPI Surprises Dispersion

Figure 15: Diagram
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To address the �rst main question, the following event study regression is

proposed:

Rt = � +
10X

� = � 10


 p
� up

t (� ) +
10X

� = � 10


 n
� un

t (� ) +
pX

j =1

� j X j;t + " t ; (103)

where Rt = 100 � (ln I t � ln I t � 1) ; I t is the IBOV value on day t. Also, up
t (� ) =

max
�
� CP I actual

t+ � � � CP I pred
t+ � ; 0

�
is the positive in�ation shock and

un
t (� ) = � min

�
� CP I actual

t+ � � � CP I pred
t+ � ; 0

�
is the negative in�ation shock. X j;t

includes control variables. The only control is a dummy for COVID-19 pandemic

shock for a while.

The 
 � regression coe�cients measure the marginal e�ect of an in�ation shock

under the speci�c economic condition, as in Knif et al. (2008).
 0s can also be

interpreted to measure AMRs (abnormal marginal returns), and summing AMR, we

have cumulative abnormal marginal returns (CAMRs) measuring the cumulative

return e�ect for a 1% in�ation shock.

The results are shown in Table 19. It table presents Abnormal Marginal

Return (AMR) and Cumulative Marginal Returns (CAMR) for the three types of

unanticipated surprises: positive, negative, and pooled (negative and positive news),

respectively. As expected, the results show no signi�cant e�ects in intervals before the

shock. After the announcement, the market reacts, and the results are statistically

substantial until ten minutes after the in�ation is disclosed, considering the abnormal

marginal returns, but only for adverse shocks and pooled. In your turn, positive

shocks do not a�ect the stock market's return. Figure 16 presents the cumulative

abnormal e�ects for the three shocks.
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Table 19: Abnormal Marginal Returns (AMRs) and Cumulative Abnormal Marginal
Returns (CAMRs) in Response to CPI Shocks

Positive shocks Negative shocks Pooled shocks

Interval AMR CAMR AMR CAMR AMR CAMR

-50 min -0.04 -0.04 -0.12 -0.12 -0.07 -0.07
-45 min 0.024 -0.02 0.074 -0.04 0.049 -0.02
-40 min 0.004 -0.01 -0.05 -0.10 -0.01 -0.03
-35 min 0.017 -0.00 -0.79 -0.90 -0.31 -0.35
-30 min -0.18 -0.18 0.184 -0.71 -0.02 -0.38
-25 min 0.179 -0.00 0.287 -0.42 0.227 -0.15
-20 min 0.205 0.199 -0.16 -0.59 0.055 -0.09
-15 min -0.21 -0.01 0.378 -0.21 0.035 -0.06
-10 min 0.182 0.166 -0.27 -0.48 -0.00 -0.06
-5 min 0.205 0.372 0.162 -0.32 0.190 0.122
0 min 0.155 0.528 0.381 0.055 0.250 0.373
+5 min -0.34 0.186 2.462*** 2.517** 0.801* 1.174
+10 min -0.79 -0.60 2.824*** 5.342*** 0.681 1.855
+15 min -0.66 -1.27 0.368 5.710*** -0.24 1.611
+20 min 0.220 -1.05 -0.03 5.676*** 0.121 1.733
+25 min 0.377 -0.67 -0.46 5.214*** 0.041 1.774
+30 min -0.19 -0.86 -0.04 5.173*** -0.12 1.648
+35 min -0.13 -1.00 0.011 5.185*** -0.07 1.576
+40 min -0.24 -1.24 0.093 5.279*** -0.10 1.474
+45 min -0.25 -1.49 -0.03 5.240*** -0.15 1.314
+50 min -0.72 -2.22 -0.00 5.233*** -0.42 0.886

��� p < 0:001; �� p < 0:01; � p < 0:05
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Figure 16: Cumulative Abnormal Marginal Returns concerning CPI Surprises
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5 How does the market interpret news about in-

�ation depending on the economic state?

5.1 Economic States

To classify the economic states and address the third question, I adapted the

measure suggested initially by McQueen and Roley (1993) and Knif et al. (2008), but

using a di�erent index for Brazil. McQueen and Roley (1993) initially proposed to

classify economic states in terms of quartile bands around the (log) level of industrial

production or the manufacturing capacity utilization to delineate low, medium, and

high periods of economic activity. In your turn, Knif et al. (2008) use only the U.S.

manufacturing capacity utilization (MCU) to de�ne economic states, and instead

of using the index in the level, they use the change of it. Then, using the index

change, the authors classify the economy as rising, stable, or slowing. Stable economic

activity is classi�ed when the change in MCU is between high and low quartile bands,

increasing activity is above the upper quartile, and slowing when the change in MCU

is lower than the �rst quartile. 4 I am going to follow the Knif et al. (2008) idea, but

using the Economic Uncertainty Indicator - Brazil (EUI-Br) and only considering

the divisions of economic activity based on variation and not level.

The EUI seeks to measure the uncertainty of the Brazilian economy based on

information collected from the country's leading newspapers and �nancial market

expectations regarding macroeconomic variables. The index moves according to the

market, which can better express how investors interpret and react to unexpected

changes in the economy, or 'market feeling surprises '. Figure 17 shows changes in

index with the highlight areas following the Knif et al. (2008)'s concept of recession

based on the variation.

4According to Knif et al. (2008), this measure can capture the economy's direction and discern
between an economy that is entering versus exiting a prosperous period or a recession, for example.
In the end, Knif et al. (2008) also see whether there are many di�erences between using the index
in the level or change, but the results are robust in both classi�cations. According to the authors,
the rationale for using both approaches is that investors may be worried about the current level of
the economy and changes in economic conditions.
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